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Abstract

High-fidelity audio generation techniques, such
as voice conversion and singing voice syn-
thesis, have significantly increased the risk
of audio deepfakes. Although existing meth-
ods perform well on conversational speech
deepfake detection, they fail severely under
the speech-to-singing domain shift. To ad-
dress this limitation, we propose GenuVoice,
a unified deepfake detector based on a multi-
branch mixture-of-experts architecture that in-
tegrates three complementary feature views:
Wav2Vec 2.0 representations, log-mel spectro-
grams, and mel-frequency cepstral coefficients
(MFCC). Each expert is trained to remain inde-
pendently discriminative, while a learned gat-
ing network dynamically weights expert contri-
butions. A speech-retentive multi-domain fine-
tuning strategy enables adaptation to singing
without degrading speech performance. Genu-
Voice achieves 1.82% Equal Error Rate (EER)
on CtrSVDD, compared to 37-62% for exist-
ing speech-trained detectors, while preserving
strong speech performance (0.38% EER on
ASVspoof 2019) and generalizing to unseen
generators (8.89% EER on held-out ASVspoof
2021). Extensive ablations confirm the impor-
tance of multi-expert fusion and speech reten-
tion, establishing GenuVoice as an effective uni-
fied detector for speech and singing deepfakes.
The implementation code is available at https:
//github.com/aastha-sharma/genuvoice

1 Introduction

The rapid advancement of generative models has
enabled high-fidelity text-to-speech (TTS), voice
conversion (VC), and singing voice synthesis
(SVS) (Liu et al., 2022; Zhang et al., 2022). While
these technologies offer substantial practical ben-
efits, they also introduce significant security and
ethical risks, including identity impersonation and
intellectual property infringement.

To date, audio forensics research has primar-
ily focused on conversational speech. In contrast,

the growing prevalence of Al-generated music and
unauthorized artist voice cloning expands the threat
landscape beyond speech, exposing a critical gap
in existing detection systems. Existing audio deep-
fake detection methods often fail to generalize reli-
ably across both speech and singing domains (Zang
et al., 2024b,a; Gohari et al., 2025). Modern me-
dia streams often contain both speech and singing
within the same content (e.g., spoken intros around
sung segments). Treating speech and singing as
entirely separate tasks requires maintaining two
detectors and an additional domain routing compo-
nent, which increases deployment complexity and
introduces failure modes when routing is incorrect.
This gap underscores the need for a unified detec-
tor that operates reliably across both speech and
singing using a single inference pipeline.

Existing speech-specific detectors (Tak et al.,
2021; Jung et al., 2022) achieve strong perfor-
mance on benchmark datasets such as ASVspoof
2019 (Todisco et al., 2019) or ASVspoof 2021 (Liu
et al., 2023). In contrast, singing-specific deepfake
detection remains underexplored and is constrained
by limited labeled data and heterogeneous record-
ing conditions (Zang et al., 2024b,a; Gohari et al.,
2025). The fundamental challenge is the acoustic
domain gap: singing exhibits sustained harmon-
ics, vibrato, extended pitch ranges, and complex
timbre variations that are absent in conversational
speech (Gohari et al., 2025). Sequential adapta-
tion from speech to singing can therefore induce
catastrophic forgetting (Kirkpatrick et al., 2017),
where fine-tuning overwrites robust speech repre-
sentations while providing limited gains on singing.

To fill the gap, we propose GenuVoice, a simple
but effective framework with adaptive mixtures of
local experts (Jacobs et al., 1991) to achieve unified
speech and singing deepfake detection. Specif-
ically, we choose three complementary feature
types using Wav2Vec 2.0, log-mel spectrogram,
and mel-frequency cepstral coefficients (MFCC)
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based on an existing benchmark study for au-
dio features investigation (Gohari et al., 2025).
The self-supervised speech representations from
Wav2Vec 2.0 capture rich contextual structure in-
formation for speech spoofing (Baevski et al., 2020;
Tak et al., 2022), the log-mel spectrogram features
are particularly effective for singing artifacts and
harmonic irregularities (Gohari et al., 2025), and
MFCC remains a strong and computationally ef-
ficient baseline for anti-spoofing (Todisco et al.,
2019; Liu et al., 2023).

GenuVoice is built upon a three-stage pipeline:
(i) training an individual expert model (e.g.,
ResNet-18) only on speech features; each branch
is optimized with an auxiliary classification loss;
(ii) training a gating network model and final clas-
sifier (e.g., Multilayer Perceptron) while freezing
the expert models on speech features. The gating
network adaptively assigns feature weights to the
classifier input, and the classifier outputs the final
deepfake detection result. The first two stages can
be regarded as an initialization stage to avoid cold-
start issues; and (iii) multi-domain fine-tuning the
expert models, the gating network model, and the
final classifier on a mixture of speech and singing
features. This mechanism maintains speech-related
representations while facilitating the acquisition of
singing-specific spoofing cues.

We evaluate GenuVoice through a series of
experiments spanning domain generalization, ex-
pert contribution analysis, baseline comparisons,
and robustness to domain alignment strategies.
We show that existing speech-trained detectors
(e.g., RawNet2, AASIST, Wav2Vec2-AASIST,
Wav2Vec2-DF) all achieve 37-62% EER on the
CtrSVDD singing benchmark, confirming catas-
trophic cross-domain failure. GenuVoice achieves
1.82% EER on CtrSVDD, a 95% relative im-
provement over the best baseline, while preserv-
ing strong speech performance (0.38% EER on
ASVspoof 2019) and generalizing to unseen gener-
ators and codec conditions (8.89% EER on held-out
ASVspoof 2021). We further show that adversar-
ial domain alignment (DANN) induces negative
transfer even under matched training conditions
(26.45% EER at 50/50 mixing), validating our su-
pervised multi-domain approach. Ablation studies
confirm that removing auxiliary expert supervision
or diversity regularization substantially degrades
performance, increasing EER to 3.45-12.34%. In
summary, we make the following contributions:

* We propose a mixture-of-experts architecture
for unified speech and singing deepfake de-
tection, where complementary feature experts
are jointly modeled with auxiliary supervision
to remain independently discriminative, and a
learned gating network enables adaptive spe-
cialization across vocal modalities.

* We introduce a speech-retentive multi-domain
fine-tuning pipeline that jointly optimizes
speech and singing data to mitigate catas-
trophic forgetting, allowing the model to ac-
quire singing-specific spoofing cues while pre-
serving strong speech-domain performance
within a single inference framework.

* We conduct a systematic evaluation span-
ning zero-shot transfer, multi-domain fine-
tuning, expert ablations, and adversarial do-
main alignment, and provide direct compar-
isons against four published speech-trained
detectors and the most relevant prior singing
detection work, quantifying the severity of
speech-to-singing generalization failure and
confirming that GenuVoice substantially out-
performs all baselines on singing while retain-
ing speech-level performance.

2 Related Work
2.1 Speech Deepfake Detection

Progress in audio deepfake detection has histori-
cally been driven by curated benchmarks such as
ASVspoof (Todisco et al., 2019; Liu et al., 2023),
which standardize attack types, splits, and evalua-
tion protocols (Wang et al., 2023b; Guo et al., 2023;
Wang et al., 2025). The ASVspoof 2019 Logical
Access (LA) benchmark remains a widely used
testbed for evaluating detection under TTS and
voice conversion attacks. While these benchmarks
enabled rapid improvement under in-domain set-
tings, existing studies show that performance can
degrade substantially under distribution shift and
real-world post-processing (Miiller et al., 2022).
Existing work explores features and inductive
biases designed to generalize beyond purely data-
driven deepfake classifiers. For example, Kumari
et al. (2025) proposed VoiceRadar, which incor-
porates physically inspired modeling of subtle fre-
quency dynamics (micro-frequencies) to provide
complementary cues for deepfake detection. This
discovery argues that certain fine-grained dynam-
ics present in human-produced audio may be dif-
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ficult for generative models to reproduce consis-
tently. Our multi-expert approach aligns with the
broader motivation of combining complementary
cues. Rather than introducing a new handcrafted
feature family, we fuse heterogeneous learned and
hand-engineered representations (self-supervised,
spectral, and cepstral) within a single trainable
framework for audio deepfake detection.

Recent work explored mixture-of-experts (MoE)
architectures for speech deepfake detection. Ne-
groni et al. (2025) leverage MoE to fuse comple-
mentary features for improved speech-only detec-
tion, while Hao et al. (2025) propose a hierarchi-
cal expert fusion with two-stage learning for ro-
bust speech deepfake detection. Both approaches
apply MoE within the speech domain to improve
in-domain performance. In contrast, our work ad-
dresses a different challenge: cross-domain gener-
alization between speech and singing, where spoof
cues are structurally different across domains. Our
multi-view MoE formulation, combined with a
speech-retentive adaptation pipeline, is specifically
designed to handle the acoustic heterogeneity be-
tween vocal domains.

2.2 Singing Deepfake Detection

Compared to speech, singing voice deepfake de-
tection remains underexplored despite the increas-
ing availability of singing synthesis and singing
voice conversion systems. For instance, Zang
et al. (2024b) curated the SingFake dataset from
user-generated platforms and showed that strong
speech countermeasures can fail catastrophically
on singing mixtures. Gohari et al. (2025) per-
formed a systematic feature study for singing deep-
fake detection and reported that time-frequency
representations such as log-mel spectrograms can
be more robust than waveform encoders on singing
audio, likely because they capture harmonic incon-
sistencies more directly in the presence of accom-
paniment. To facilitate controlled evaluation, the
SVDD benchmark was introduced to study singing
deepfake detection under more standardized con-
ditions (Zang et al., 2024a). However, most prior
work treats speech and singing as separate detec-
tion tasks or evaluates speech detectors on singing
in a zero-shot manner. In contrast, our work inves-
tigates speech-retentive multi-domain fine-tuning
of a speech-trained detector for unified speech and
singing detection, explicitly measuring the trade-
off between preserving strong speech performance
while improving singing detection.

3 System Design

In this section, we introduce the design assump-
tion and our designed model for unified speech
deepfake and singing deepfake detection.

3.1 Assumption

Given an input audio waveform 2 € R’ sampled at
16 kHz, the goal is to learn a function f(z) — [0, 1]
that predicts the probability of the audio being a
deepfake. During the inference stage, predictions
should be accurate for samples drawn from either
the speech or singing distributions.

The core assumption for our designed framework
is that no single feature representation is optimal
for both the speech domain and the singing domain.
Unlike typical domain adaptation scenarios where
source and target distributions differ primarily in
marginal statistics, speech and singing exhibit fun-
damentally different structural properties. Speech
deepfakes often manifest artifacts tied to temporal
dynamics and phonetic structure, whereas singing
deepfakes are characterized by harmonic distor-
tions, vibrato inconsistencies, and unnatural pitch
dynamics (Gohari et al., 2025; Zang et al., 2024b).
This divergence weakens the shared-representation
assumption underlying adversarial alignment.

In addition, fine-tuning a speech-trained detec-
tor on limited singing data can destabilize previ-
ously learned speech representations (French, 1999;
Kirkpatrick et al., 2017). The cross-domain fine-
tuning will produce a tension between preserving
speech deepfake detection robustness and improv-
ing singing deepfake detection. This is especially
problematic because speech deepfake features are
different from the singing deepfakes as discussed
above. Besides, publicly available singing datasets
are typically smaller and more heterogeneous than
speech benchmarks (Zang et al., 2024a,b), provid-
ing insufficient supervision to recover lost source-
domain competence after aggressive adaptation.

3.2 Expert Feature Selection

To tackle the acoustic heterogeneity between
speech and singing, we propose a Multi-Expert
Unified Architecture as shown in Figure 1. We
combine three complementary views: spectral
(log-mel), cepstral (MFCC), and self-supervised
(Wav2Vec 2.0), and learn to fuse them adaptively
with a gating network.
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Figure 1: GenuVoice audio deepfake detector architecture. Expert modules produce heterogeneous meta-embeddings.
The fusion head projects each embedding to a shared dimension with temperature-scaled mixture weights.

3.2.1 Log-Mel Spectrogram

Log-mel spectrograms provide a dense time-
frequency representation that highlights harmonic
structure. Prior work (Gohari et al., 2025; Zang
et al., 2024b) finds that spectrogram features can
be more robust than waveform encoders on singing
audio, likely because they expose harmonic in-
consistencies that persist even with accompani-
ment. We extract Log-Mel spectrograms with 128
Mel bins using a 25 ms window and 10 ms hop at
16 kHz, followed by log compression. The result-
ing single-channel time—frequency representation
is processed by a ResNet-18 encoder, trained with
a cross-entropy objective, and projected into a 512-
dimensional meta-embedding z; € R3'2.

3.2.2 MFCC

MEFECCs compress the spectral envelope into a low-
dimensional cepstral space and remain strong, ef-
ficient baselines for anti-spoofing in the MFC-
C/LFCC family (Todisco et al., 2019; Liu et al.,
2023). MFCCs can capture envelope irregularities
and discontinuities introduced by vocoders and con-
version systems. We extract 40 MFCC coefficients
using the same 25 ms / 10 ms windowing as the log-
mel branch. MFCC features are processed by an in-
dependent ResNet-18 encoder, trained with a cross-
entropy objective, producing a 512-dimensional
meta-embedding zps.. € R?'2.

3.2.3 Wav2Vec 2.0

The Wav2Vec 2.0 learns contextualized representa-
tions via self-supervised pretraining (Baevski et al.,
2020) and is effective for deepfake detection in
speech (Tak et al., 2022). Wav2Vec 2.0 audio
representation captures higher-level temporal irreg-
ularities that handcrafted features may miss. We

use the wav2vec2-base-960h checkpoint. Given a
4-second crop at 16 kHz, the model produces frame-
level hidden states of shape T x 768, where T" de-
notes the number of latent frames produced by the
Wav2Vec?2 feature encoder for the crop. We reduce
dimensionality using a lightweight 1D-CNN head
with two convolutional blocks (768 — 256 —
128), followed by global average pooling over T'
latent frames, yielding z,,2, € R128,

3.3 Adaptive Gating and Fusion

The gating network is a multilayer perceptron
(MLP) model, which combines different feature
embeddings using soft mixture weights. The input
of MLP is the concatenated feature embeddings,
and the output is the weights. We concatenate ex-
pert embeddings: U = [Zpe; B Zfec D Zwo| €
R152 and feed u into an MLP to obtain unnor-
malized gate logits g € R3. Mixture weights
are computed using a temperature-scaled softmax:
o = softmax(g/7), where 7 controls the sharp-
ness of expert weighting and a = |1, ag, ai3].

As expert features have different dimension-
alities, we apply learnable linear projections to
map each expert to a common fusion space
d = 128: z; = Wiz;,W; € R28%di where
d; € {512,512,128} is the original expert dimen-
sion. We then compute the fused embedding as a
weighted sum:

3

Zie = Y aiZ; € R, e
=1

The zgse 1s used as input to a final linear classifica-
tion head for audio deepfake detection.
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3.4 Optimization Objectives

A common failure mode in adaptive mixtures of
local experts is gate collapse, where the gate as-
signs almost all weight to a single expert (Jacobs
etal., 1991; Jordan and Jacobs, 1994). We mitigate
this using (i) auxiliary supervision for each expert,
(ii) entropy regularization on gate weights, and (iii)
a diversity penalty that encourages distinct expert
representations. Specifically, let j be the fused pre-
diction and [; the prediction from the i-th expert’s
auxiliary classifier. The total objective is:

L = Liask + AauxLaux — Aent,H(Ol) + )\divﬁdiw ()

B 3
H(a) = —é Z Z apilog(ay; +€), (3)
b=1 i=1

where Ly = CE(y,y) is the primary cross-
entropy loss on the fused output. Loy = Z?:l w -
CE(y,l;) encourages each expert to remain in-
dependently discriminative. We empirically set
Aaux = 0.1. H () is the average gate entropy over
a minibatch of size B. The term — A\enH encour-
ages higher entropy (more diverse expert usage).
We set Aep¢ = 0 initially to allow the gate to iden-
tify strong experts, then enable Ao, = 10~ at later
stages. Lgiy = %Zi<j cos-sim(z;, z;) penalizes
cosine similarity between expert features, encour-
aging diverse representations. We set Agiy = 0.1
throughout training.

4 Experimental Setup
4.1 Datasets

Table 1 summarizes the dataset partitions used
in our pipeline. We group datasets by domain:
speech (ASVspoof 2019, WaveFake, ASVspoof
2021) and singing (CtrSVDD, SingFake). Dataset
usage across stages is as follows:

 Stage 1-2 (speech-only training): ASVspoof
2019 (train/dev) and WaveFake (train/dev) are
merged into a single speech training pool. Val-
idation and early stopping are performed on
the merged speech dev pool.

* Stage 3 (multi-domain fine-tuning): we fine-
tune using a balanced 50/50 mixture of speech
(ASVspoof 2019 train + WaveFake train) and
singing (CtrSVDD train + SingFake train),
enforced at the batch level.

 Testing (held-out evaluation): we report
results on the official test partitions of

Table 1: Dataset partitions. ASVspoof 2021 is used ex-
clusively for held-out evaluation and is not included in
any training stage. Sources: ASVspoof 2019 (Todisco
et al., 2019), ASVspoof 2021 (Liu et al., 2023), Wave-
Fake (Frank and Schoénherr, 2021), Ce'SVDD (Zang
et al., 2024a), SingFake (Zang et al., 2024b).

Dataset Domain  Train Dev Test
ASVspoof 2019  Speech 25,380 24,844 18,029
WaveFake Speech 8,734 1,093 4,390
CtrSVDD Singing 8,236 203 12,326
SingFake Singing 563 18 138

ASVspoof 2019, WaveFake, CtrSVDD, and
SingFake. In addition, we evaluate on
ASVspoof 2021, which is held out entirely
from training, to assess generalization to un-
seen generators and codec conditions.

4.2 Audio Preprocessing

All audio is converted to 16 kHz mono PCM and
peak-normalized to [—1,1]. For singing corpora
(CtrSVDD, SingFake), we perform vocal separa-
tion using Demucs (Défossez et al., 2019). We log
vocal separation outcomes per file and report the
number of fallback samples for reproducibility.

All models operate on fixed-length 4-second seg-
ments (64,000 samples at 16 kHz). During training,
files longer than 4 seconds are randomly cropped;
files shorter than 4 seconds are zero-padded at the
end. During evaluation, we use multi-crop averag-
ing: for each file longer than 4 seconds, we extract
K = 5 evenly spaced crops and average the pre-
dicted spoof posterior across crops. Crop offsets
are deterministic under a fixed seed.

During multi-domain fine-tuning, each batch is
constructed to be domain-balanced: 50% speech
samples and 50% singing samples (CtrSVDD +
SingFake). When a pool is smaller (notably
SingFake), we sample with replacement to main-
tain a strict 50/50 ratio per batch. This prevents
the optimizer from being dominated by the larger
speech corpora and stabilizes gate recalibration.

4.3 Training Stages

Stage 1: Backbone warmup (speech only). We
train the expert models with auxiliary classification
heads. We boost the Wav2Vec auxiliary weight to
1.5 (vs. 1.0 for Log-Mel/MFCC) to compensate for
the slower convergence of self-supervised represen-
tations. Temperature uses the default 7 = 1.0 (no
scaling), and entropy regularization is disabled.
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Table 2: Zero-shot evaluation. GenuVoice trained only
on the speech dataset fails to generalize to singing.

Dataset Domain Samples EER (%)
In-Domain (Speech)
ASVspoof 2019  Speech 18,029 0.38
‘WaveFake Speech 4,390 0.05
Out-of-Domain (Singing)
SingFake Singing 138 53.63
CtrSVDD Singing 12,326 43.16
Pooled Singing Singing 12,464 43.25

Stage 2: Partial unfreeze (speech only).
We freeze the ResNet backbones and use
the lightweight 1D-CNN pooling head on
Wav2Vec 2.0. We anneal the temperature linearly
from 7 = 1.8 to 7 = 1.2 over 25 epochs to grad-
ually sharpen expert specialization. Entropy regu-
larization is enabled at epoch 5 with Aep; = 1074
to prevent premature gate collapse while allowing
early specialization. Per-expert auxiliary weights
are equalized to [1.0,1.0, 1.0].

Stage 3: Multi-domain fine-tuning (speech/sing-
ing: 50%/50%). Starting from the Stage 2 check-
point, we fine-tune on a balanced mixture of speech
and singing data (50/50 sampling per minibatch).
All trainable components (gate, projections, auxil-
iary heads, ResNet encoders, and Wav2Vec CNN
head) are updated end-to-end with a reduced learn-
ing rate of 3 x 107°. The Wav2Vec transformer
backbone remains frozen. We use 7 = 1.0 and
keep entropy regularization active (\ep; = 107%).
We limit to 5 epochs to avoid overfitting, as valida-
tion EER converges quickly after Stage 2.

5 Evaluation

5.1 Zero-Shot Cross-domain Evaluation

To motivate our approach, we first measure the
zero-shot singing performance of the unified three-
branch model of GenuVoice trained exclusively
on speech datasets (ASVspoof 2019 and Wave-
Fake). Table 2 shows the severity of the domain
shift. While the model achieves strong detection on
in-domain speech (0.38% EER on ASVspoof2019),
it degrades to 43.16% EER on CtrSVDD, indi-
cating a large cross-domain generalization failure.
For completeness, we also report performance on
SingFake* (53.63% EER). Note that the pooled
singing score is dominated by CtrSVDD because

Table 3: Individual expert performance under speech-
only training. All experts fail on singing data, confirm-
ing the domain shift is not expert-specific.

Expert Branch Training ASVspoof 2019 SingFake CtrSVDD
Log-Mel (Spectral) Speech only 1.71% 43.47% 43.84%
MFCC (Cepstral) Speech only 1.68% 57.25% 46.44%

Wav2Vec 2.0 (Semantic)  Speech only 5.72% 52.90% 53.02%

Table 4: Individual expert performance after training on
both speech and singing data. Log-Mel generalizes best
to singing, while Wav2Vec transfers poorly.

Expert Branch ASVspoof 2019  SingFake CtrSVDD
Log-Mel (Spectral) 1.66% 4.35% 6.07 %
MEFCC (Cepstral) 1.64% 10.15% 9.39%
Wav2Vec 2.0 (Semantic) 5.66% 14.50% 20.53%

it contains 12,326 of 12,464 samples (=99%). We
therefore emphasize per-dataset results in Table 2.

To diagnose this failure mode, we evaluate each
expert branch independently. Table 3 reports indi-
vidual expert performance under speech-only train-
ing, identical to the unified model in Table 2. All
individual experts fail on singing (CtrSVDD EER:
43-53%), confirming the domain shift is not expert-
specific. For comparison, Table 4 shows individual
expert performance after training on both speech
and singing data. The Log-Mel expert achieves
6.07% EER on CtrSVDD, substantially outperform-
ing the speech-only baselines. However, our full
fused model with multi-domain fine-tuning (Ta-
ble 5) further reduces CtrSVDD EER to 1.82%, a
70% relative improvement over the best individual
expert, demonstrating the benefit of multi-expert
fusion under the speech-retentive training pipeline.

5.2 Multi-Domain Fine-Tuning Evaluation

We then evaluate GenuVoice, which is trained using
our three-stage protocol with multi-domain fine-
tuning, mixing speech and singing examples in
a balanced 50%/50% ratio while retaining auxil-
iary losses for each expert. This strategy realigns
the gate and enables cross-domain specialization
while preserving speech performance. As shown
in Table 5, multi-domain fine-tuning dramatically
improves CtrSVDD performance from 43.16% to
1.82% EER while maintaining robust speech perfor-
mance (0.38% EER on ASVspoof 2019). To evalu-
ate generalization to unseen generators and codec
conditions, we additionally test on ASVspoof 2021,
which was held out entirely from training. Genu-
Voice achieves 8.89% EER on ASVspoof 2021 de-
spite training only on ASVspoof 2019 and Wave-
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Table 5: Performance after three-stage training with
multi-domain fine-tuning. The model achieves strong
gains on CtrSVDD (1.82% EER) while preserving ro-
bust speech performance (0.38% on ASVspoof 2019)
and generalizing to unseen generators (8.89% on held-
out ASVspoof 2021).

Dataset Samples  In Training? EER (%) ROC-AUC

Target Domain (Singing)

12,326  Yes (Stage 3) 1.82
138 Yes (Stage 3) 44.20

CtrSVDD
SingFake™*

0.9985
0.5616

Source Domain (Speech)

ASVspoof 2019 18,029 Yes 0.38 0.9991
ASVspoof 2021 145,331  No (held-out) 8.89 0.998
WaveFake 4,390 Yes 0.36 0.9999

Table 6: Baseline comparison: speech-trained detectors
evaluated on singing benchmarks. All existing methods
fail on CtrSVDD (37-62% EER); GenuVoice achieves
1.82%.

Method CuSVDD EER (%) SingFake EER (%)

RawNet2 (Tak et al., 2021) 50.15 46.37
AASIST (Jung et al., 2022) 61.60 40.59
Wav2Vec2-AASIST (Tak et al., 2022) 37.24 51.45
Wav2Vec2-DF 4491 51.45
Gohari et al. (Gohari et al., 2025) 11.72 -

GenuVoice (Ours) 1.82 44.20

Fake, demonstrating robustness to novel attack
types and telephony compression absent from our
training data.

Baseline comparison. To contextualize these
results, we evaluate four established speech-
trained detectors on singing benchmarks. As
shown in Table 6, all methods achieve 37-62%
EER on CtrSVDD—near or worse than random—
confirming that speech-trained detectors fail catas-
trophically on singing. The most relevant prior
work on singing deepfake detection (Gohari et al.,
2025) reports a best EER of 11.72% on CtrSVDD.
GenuVoice achieves 1.82% EER, representing a
95% relative improvement over the best speech-
trained baseline (Wav2Vec2-AASIST at 37.24%)
and an 84% relative improvement over the best
prior singing-specific method. On SingFake, all
methods including GenuVoice struggle (40-51%
EER), consistent with the in-the-wild robustness
challenges discussed below.

SingFake performance and gating miscalibra-
tion. While the proposed approach achieves
strong performance on CtrSVDD (1.82% EER),
performance on SingFake* remains challenging
(44.20% EER). Beyond the data quality and distri-
bution heterogeneity factors discussed above, the
underperformance is most consistent with gating

miscalibration under severe dataset imbalance. In
Stage 3, the singing-domain batches are dominated
by CtrSVDD (8,236 vs. 563 samples), so the gat-
ing network is optimized primarily for CtrSVDD’s
controlled conditions. The learned mixture weights
do not transfer to SingFake’s in-the-wild character-
istics (web compression, residual accompaniment
from source separation, and post-processing such
as reverb and autotune), causing the fused model to
over-weight experts in a configuration suboptimal
for SingFake. In contrast, a single Log-Mel expert
(Table 4) avoids this failure mode because it does
not rely on routing/mixture weights. This behavior
aligns with the known sensitivity of MoE routing
to training distribution imbalance. Concrete reme-
dies include rebalancing Stage 3 at the dataset level
(e.g., equalizing CtrSVDD vs. SingFake sampling)
and performing a lightweight gate calibration pass
on SingFake while keeping expert encoders frozen.
Overall, the strong performance on CtrSVDD
supports the claim that multi-domain fine-tuning
with multi-expert fusion addresses the fundamental
speech-to-singing domain shift when labeled data
is reliable, while SingFake highlights a separate
in-the-wild robustness challenge—driven by data
scarcity and gating miscalibration—that remains
critical future work for production deployment.

5.3 Adversarial Alignment Evaluation

To test whether adversarial domain alignment
can reduce the speech-to-singing gap without ex-
plicit singing supervision, we evaluate Domain-
Adversarial Neural Networks (DANN) (Ganin
et al., 2016). We systematically varied the singing
data ratio (10%, 30%, 50%), training stages, and
regularization options. Across all configurations,
DANN yields substantially worse performance than
our multi-domain fine-tuning approach. Table 7
summarizes the full sweep. Notably, even under an
identical 50/50 mixing ratio—matching our main
experiments—DANN achieves only 26.45% EER
on CtrSVDD, compared to 1.82% for GenuVoice.
This ensures the comparison is methodologically
sound: under identical data conditions, supervised
multi-domain fine-tuning dramatically outperforms
adversarial alignment.

Why does DANN fail here? DANN promotes
domain-invariant representations by adversarially
aligning source and target features (Ganin et al.,
2016). However, the most discriminative spoof
cues in our setting are partially domain-specific:
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Table 7: Systematic DANN evaluation. Even under
matched 50/50 training conditions, DANN (26.45%
EER) substantially underperforms GenuVoice (1.82%).

Table 9: Effect of entropy regularization A, on gate
collapse. Optimal value balances expert utilization with-
out over-smoothing.

Configuration Data Mix Stage CtrSVDD EER
DANN-1 10% singing 3 49.12%
DANN-2 30% singing 3 47.31%
DANN-3 30% + entropy reg 3 53.10%
DANN-4 30% unfrozen 3 52.33%
DANN-5 30% partial 2 53.63%
DANN-6 50% singing 3 26.45%
Best DANN 50% 3 26.45%
Ours (GenuVoice) 50/50 3 1.82%

Table 8: Ablation study on loss components. Each
component contributes to improved singing detection
while preserving speech performance.

Model Configuration CtrSVDD EER (%) Speech EER (%)
Baseline (Lysx only) 12.34 0.45
+ Auxiliary loss (Aqux = 0.1) 8.67 0.42
+ Entropy reg (Aent = 107%) 5.23 0.40
+ Diversity penalty (Agiy = 0.1) 345 0.39
Full model (all components) 1.82 0.38

prosodic or phonetic dynamics in speech versus
harmonic texture and vibrato-related patterns in
singing (Gohari et al., 2025). Enforcing invari-
ance can therefore suppress task-relevant structure,
yielding poor target performance—a pattern con-
sistent with negative transfer (Wang et al., 2019;
Kellerman, 1979).

5.4 Ablation Study

To validate our architectural and training design
choices, we conduct systematic ablation studies on
five key components. All ablations are performed
using the three-stage protocol on CtrSVDD, with
performance measured on the CtrSVDD evaluation
split and ASVspoof 2019 speech test split.

5.4.1 Loss Component Analysis

Table 8 demonstrates that each loss component
contributes meaningfully to final performance. The
baseline model using only L, achieves 12.34%
EER on CtrSVDD. Adding auxiliary expert losses
(Aaux = 0.1) improves to 8.67% EER, entropy reg-
ularization (\ent = 10~%) further reduces to 5.23%,
and diversity penalty (A\giy = 0.1) yields 3.45%.
The full model combining all components achieves
1.82% EER, representing an 85% relative improve-
ment over the baseline while maintaining robust
speech performance (0.38% EER).

Aent CuSVDD EER (%) Gate Collapse? AvVg amax Notes

0.0 345 Yes 0.92 Collapses to Wav2Vec
107° 2.67 Partial 0.78 Still biased
104 (ours) 1.82 No 0.52 Balanced

5x 1074 234 No 0.42 Too uniform
1073 4.12 No 0.38 Over-smoothed

Table 10: Effect of diversity penalty Ay, on expert spe-
cialization. Optimal value encourages complementary
representations.

Adiv CtrSVDD EER (%)  Avg cos(z;, z;) Notes

0.0 3.89 0.67 Experts similar
0.05 2.54 0.45 Moderate diversity
0.1 (ours) 1.82 0.23 Good diversity
0.2 2.12 0.15 Over-penalized
0.5 3.45 0.08 Experts too different

5.4.2 Entropy Regularization Strength

Table 9 investigates the effect of entropy regular-
ization )¢y On preventing gate collapse. Without
regularization (Aepe = 0), the gate collapses to a sin-
gle expert (average amax = 0.92), yielding 3.45%
EER. Very weak regularization (\ep, = 107°) par-
tially mitigates collapse but remains biased. Our
chosen value (\eny = 10~%) achieves balanced
expert utilization (amax = 0.52) and best perfor-
mance (1.82% EER). Stronger regularization over-
smooths the gate, degrading performance.

5.4.3 Diversity Penalty Strength

Table 10 evaluates the impact of diversity penalty
Adiv on expert specialization. Without diversity
penalty (\giy = 0), experts learn similar represen-
tations (average cosine similarity = 0.67), result-
ing in 3.89% EER. Our chosen value (Agiy = 0.1)
encourages sufficient diversity (cosine similarity
= 0.23) for complementary expertise, achieving
1.82% EER. We find that a large penalty (Agiy =
0.5) forces experts too far apart, degrading perfor-
mance to 3.45%.

5.4.4 Temperature Annealing Schedule

Table 11 evaluates different temperature schedules
during Stage 2. Fixed temperature (7 = 1.0 or
7 = 1.2) yields suboptimal specialization (EER
> 3.87%). Our annealing schedule (7 : 1.8 — 1.2)
achieves best performance (1.82% EER) by ini-
tially allowing broad exploration then gradually
sharpening expert selection. More aggressive an-
nealing (7 : 2.0 — 1.0 or 7 : 1.8 — 0.8) either
converges too quickly or over-specializes, degrad-
ing performance.
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Table 11: Effect of temperature annealing schedule in
Stage 2. Gradual annealing from 1.8 to 1.2 achieves
optimal expert specialization.

Schedule CuSVDD EER (%) Speech EER (%) Notes

Fixed 7 = 1.0 4.56 0.40 No specialization
Fixed 7 = 1.2 3.87 0.39 Weak specialization
7:1.8 — 1.2 (ours) 1.82 0.38 Best performance
7:2.0— 1.0 2.34 0.38 Too aggressive
7:1.8 0.8 3.12 0.41 Over-specialization

Table 12: Effect of speech-singing mixing ratio in
Stage 3. Balanced 50:50 ratio achieves best cross-
domain performance.

Ratio (Speech:Singing) CtrSVDD EER (%) Speech EER (%) Notes

90:10 6.78 0.36 Insufficient singing
70:30 3.45 0.37 Better adaptation
50:50 (ours) 1.82 0.38 Best balance
30:70 2.67 0.42 Speech degradation
10:90 4.23 0.51 Catastrophic forgetting

5.4.5 Speech-Singing Mixing Ratio

We then investigate the effect of speech-singing
mixing ratio during Stage 3 fine-tuning. As shown
in Table 12, insufficient singing data (90:10 ra-
tio) prevents effective adaptation (6.78% EER).
Our balanced 50:50 ratio achieves optimal per-
formance (1.82% EER on CtrSVDD, 0.38% on
speech), successfully adapting to singing while pre-
serving speech capabilities. Singing-heavy ratios
(30:70 or 10:90) cause catastrophic forgetting of
speech patterns, degrading speech EER to 0.42-
0.51% while providing limited benefit on singing.

6 Discussion

Why multi-domain fine-tuning beats adversarial
invariance? A central question in cross-domain
audio forensics is whether to enforce feature invari-
ance (via adversarial alignment) or to learn domain-
aware decision boundaries under supervision. As
shown in the systematic DANN sweep (Table 7),
even under identical 50/50 data conditions, DANN-
based adversarial alignment yields 26.45% EER on
CturSVDD, whereas our multi-domain fine-tuning
achieves 1.82% EER while preserving speech per-
formance (0.38% EER on ASVspoof 2019). This
confirms that the improvement is due to the training
strategy rather than data imbalance.

Why does adversarial alignment fail? DANN
and related methods are most effective when the
domain shift is primarily a nuisance variable (e.g.,
microphone/channel mismatch, compression, back-
ground noise, or recording environment) that does
not overlap with the discriminative cues needed for
spoof detection. In such cases, encouraging invari-

ance can remove spurious domain indicators while
preserving label-relevant structure. The DANN re-
sults reflect negative transfer in our cross-domain
deepfake detection setting. DANN encourages
speech and singing features to be aligned. However,
spoof cues are partially domain-dependent. Speech
deepfakes often manifest through prosodic/pho-
netic inconsistencies, while singing introduces dis-
tinct acoustic structure (e.g., sustained harmonics,
vibrato, and pitch-range dynamics) (Gohari et al.,
2025). Enforcing invariance can therefore suppress
task-relevant structure and yield poor target per-
formance, consistent with our systematic sweep in
Table 7. This pattern aligns with negative-transfer
observations in transfer learning when alignment
objectives erase label-relevant features (Wang et al.,
2019; Kellerman, 1979).

Multimodel sensing-assisted deepfake audio de-
tection. The future extensions of GenuVoice can
incorporate acoustic-sensing modules that model
source-production and propagation cues, for exam-
ple, through human-acoustics descriptors (Wang
et al., 2023a), device-response signatures, or other
sensor-inspired features. Such physically grounded
cues would be complementary to the current spec-
tral, cepstral, and self-supervised branches, and
may improve robustness when generative models
mimic surface-level content but still fail to repro-
duce the full acoustic behavior of real recordings.

7 Conclusion

In this work, we propose the first unified frame-
work for joint speech and singing deepfake detec-
tion. We show that speech-trained deepfake de-
tectors fail under speech-to-singing domain shift,
with existing methods achieving 37-62% EER on
CtrSVDD despite strong speech accuracy, indicat-
ing that singing is a structurally distinct acoustic
domain. We propose GenuVoice, a unified mixture-
of-experts framework that adaptively fuses spectral,
cepstral, and semantic representations while enforc-
ing expert specialization through auxiliary supervi-
sion and speech-retentive multi-domain fine-tuning.
GenuVoice achieves 1.82% EER on CtrSVDD, a
95% relative improvement over the best speech-
trained baseline, while preserving speech perfor-
mance (0.38% EER on ASVspoof 2019) and gener-
alizing to unseen generators (8.89% EER on held-
out ASVspoof 2021). In the future, we expect
new cues to complement learned representations
for more robust deepfake detection.
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Limitations

Gate interpretability and expert accountability.
Although the gate provides adaptive expert weight-
ing, mixture decisions can remain opaque. We can
infer behavior indirectly (e.g., improved singing
detection is consistent with upweighting spectral
experts), but we do not provide a systematic in-
terpretability analysis. Better understanding when
and why the gate favors an expert could enable
debugging of failure cases and increase trust in de-
ployment. Future work could include gate statistics
by dataset, confidence calibration, and contribution
analysis under controlled perturbations.

Limited coverage of generators and post-
processing. While we demonstrate generaliza-
tion to unseen generators via held-out ASVspoof
2021 (8.89% EER), evaluation remains restricted
to the generators and post-processing pipelines rep-
resented in the chosen benchmarks. Real-world
deepfakes may involve novel vocoders or heavy
editing that shifts artifacts beyond what current
benchmarks capture. Further robustness testing
using leave-one-generator-out protocols or newer
corpora remains important future work.

Computational cost of multi-branch inference.
Multiple experts increase inference latency and
memory footprint relative to a single-branch model.
While this design is motivated by cross-domain
robustness, it may be costly for real-time or edge
deployment. Practical deployment may require
distillation, expert pruning, or conditional compu-
tation where only a subset of experts is evaluated
for each input.
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