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Abstract

Recent advances in neural speech synthesis have produced
highly natural waveforms, making audio deepfake detection in-
creasingly challenging as spoofing artifacts become less percep-
tible. Although pre-trained speech models provide robust rep-
resentations, they may overlook low-level physical cues, partic-
ularly magnitude and phase information. To address this limi-
tation, we propose a detection framework that combines a fre-
quency audio encoder (FAE) with spectral parameter-efficient
fine-tuning. The FAE explicitly models magnitude and phase
cues, while the proposed Mixture of Spectral Experts (MoSE)
efficiently adapts the pre-trained speech model to generation-
dependent distribution shifts. By applying low-rank updates in
the singular value decomposition (SVD) domain while keep-
ing the singular bases frozen, MoSE facilitates task-specific
adaptation to spoofing-related spectral artifacts. Evaluations on
ASVspoof 2019 LA, ASVspoof 2021 LA/DF, and In-the-Wild
benchmarks demonstrate the effectiveness of our approach and
its strong generalization to unseen channel variations and real-
world spoofing attacks.

Index Terms: Audio Deepfake Detection, Self-Supervised
Learning, Frequency Awareness, WavLM, Spectral Adaptation

1. Introduction

Self-supervised learning (SSL) pre-trained models (PTMs) have
shown strong effectiveness in audio deepfake detection by
providing robust speech representations. Recent SSL-based
detectors adapt wav2vec 2.0-XLS-R, WavLM, and wav2vec
2.0 through fine-tuning, feature fusion, or mixture-of-experts
(MoE) mechanisms [1, 2, 3, 4]. However, the contextual rep-
resentations learned from SSL pre-training may underrepresent
low-level physical artifacts, such as magnitude irregularities and
phase-related distortions, that are crucial for distinguishing syn-
thetic from genuine speech.

To complement PTM-based detectors with explicit low-
level information, previous work has attempted to incorporate
frequency-domain features, such as linear frequency cepstral
coefficients (LFCC) [5] and constant-Q transform (CQT) fea-
tures [6] to capture frequency-domain artifacts. More recent
studies explore the fusion of raw waveform encoders such as
RawNet2 [7] with PTMs. Despite their effectiveness, these
methods still face two limitations. First, phase information is
often insufficiently modeled, despite its potential to reveal ar-
tifacts introduced during waveform generation. Second, a rep-
resentation gap may exist between explicit frequency-domain
cues and the high-level contextual embeddings of PTMs, limit-
ing the effective integration of low-level physical information.
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Figure 1: Comparison of real (left) and fake (right) audio.
The fake sample shows blurred harmonic structures in the Mel-
spectrogram (top) and irregular instantaneous-frequency pat-
terns (bottom).

The importance of explicit phase modeling is closely tied
to the characteristics of speech generation pipelines. In many
speech synthesis and voice conversion systems, waveform gen-
eration or vocoding from intermediate acoustic representa-
tions can introduce phase-related inconsistencies, since accu-
rate phase reconstruction remains challenging [8]. As shown
in Fig. 1, although synthetic speech may sound natural, it can
exhibit blurred harmonic structures and irregular instantaneous-
frequency patterns that differ from bonafide speech [9, 10].
These observations suggest that magnitude and phase cues pro-
vide complementary evidence for detecting synthetic speech ar-
tifacts. Accordingly, we introduce a frequency audio encoder
(FAE) that explicitly decomposes speech signals into magnitude
and phase components, providing low-level physical cues that
complement the high-level contextual representations of PTMs.

While the FAE enhances the input representation with ex-
plicit spectral cues, effectively exploiting such cues also re-
quires adapting the PTMs. Direct full fine-tuning is compu-
tationally expensive and may disturb the acoustic priors learned
from PTMs. Existing parameter-efficient fine-tuning (PEFT)
methods, such as adapter- or low-rank adaptation (LoRA)-style
updates [11, 12, 13, 14], typically adapt models through addi-
tive updates in the original weight space, without explicitly con-
trolling the contribution of pre-trained singular directions. To
this end, we propose the Mixture of Spectral Experts (MoSE),
a spectral-domain PEFT mechanism that adapts frozen weight
matrices by applying expert-specific low-rank updates to their
SVD middle matrices. As shown in Fig. 2, by combining the
FAE with MoSE, our framework models magnitude-phase ar-
tifacts and efficiently aligns the PTM with spoofing-relevant
cues. Extensive experiments on ASVspoof 2019 LA, ASVspoof
2021 LA/DF, and In-the-Wild benchmarks demonstrate com-
petitive performance and strong cross-dataset generalization.
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Figure 2: Overall architecture of the proposed audio deepfake detection framework. The frequency audio encoder extracts magnitude
and phase cues, the PTM is adapted by MoSE through low-rank updates to the SVD middle matrix of feed-forward network (FFN)
weights, and one MoSE instance is shared within each layer group of size G. The fusion module integrates the FAE representation (P)

with the backbone representation ( Zana1) via cross-attention.

2. Methodology
2.1. Frequency Audio Encoder

To capture low-level physical cues that may be underrepre-
sented in PTMs, we design an FAE that explicitly models both
magnitude and phase information. Let X € CF=*7s denote
the Short-Time Fourier Transform (STFT) of the input wave-
form z(t), where X, is the complex coefficient at frequency
bin f and time frame ¢. The magnitude feature is computed as

My =log(|Xs,e| + €), €]

where € is a small constant for numerical stability.

In addition to magnitude information, phase cues are impor-
tant for detecting artifacts introduced during waveform genera-
tion. Directly using the phase angle may lead to discontinuities
due to phase wrapping. Therefore, we represent the phase using
sine and cosine components:

O = sin(LX sy + 0p),

2
DG} = cos(L Xyt + 05¢), @

where Z X, denotes the phase angle, and Jy,; is an element-
wise stochastic phase perturbation applied during training to
improve robustness. Applying these definitions to all time-
frequency bins yields M, ®gin, and Poos.

The magnitude and phase representations are then concate-
nated along the channel dimension to form a joint magnitude-
phase representation:

R,.w = Concaten (M, Psin, Peos)- 3)

To reduce computational cost while preserving informative low-
level cues, we project R,y into a compact latent representation
through a convolution:

H,; = ConvlD(Rraw)- “4)

A depthwise separable convolution block is then employed
to capture local contextual patterns:

Hopx = PW(DW(Hiat)), )

Global Average Pooling

t

[ o]
I (" Spectral Expert ] ... [ Spectral Expert ] E(EH )

hy

Figure 3: Architecture of the MoSE module. Spectral experts
adapt the SVD middle matrix with low-rank updates while keep-
ing the singular bases (U, V" ) frozen. A router dynamically
combines the expert outputs.

where DW(-) and PW (+) denote depthwise and pointwise con-
volutions, respectively. The depthwise convolution captures
channel-wise local patterns, while the pointwise convolution
performs cross-channel fusion. Finally, the encoded representa-
tion is projected to match the hidden dimension d of the PTM:

P = Linear(Transpose(Hcx)), P eR™*4 (6)

In this way, the FAE provides a compact representation of mag-
nitude and phase cues for subsequent fusion with backbone rep-
resentations.

2.2. MoSE Fine-tuning

As illustrated in Fig. 3, we introduce MoSE to adapt the PTM
in a parameter-efficient manner. MoSE is applied to the FFN
weight matrices of Transformer layers, where most of the layer-
wise nonlinear transformation capacity is located. Given an
FEN weight matrix W, € R%n»*dout from layer [, where W,
can correspond to either the intermediate expansion matrix or
the output projection matrix, we use the full singular value de-
composition (SVD):

W, =UxV,', @)

where U, € RdinXdin’ > c Rdinxdout, and V; € Réout X dout
During fine-tuning, the singular bases U; and V] are frozen,



while the SVD middle matrix 3; is adapted through lightweight
expert-specific updates.

For the k-th spectral expert in layer I, let (1) = [I/G]
denote the group index. To further reduce the number of train-
able parameters, layers with the same group index ¢(1) share the
trainable low-rank modulation matrices and gating parameters,
while each layer keeps its own frozen SVD bases. We define
a group-shared low-rank modulation of the SVD middle matrix
as

Stk =31 (I+ ByuykAq)k) > (®)

where §l,k € RinXdout J ¢ Rout Xdout jg the jdentity matrix,
Ay, € Riuxdont and B gy 4, € R%u X L are trainable low-
rank matrices, and 71, is the low-rank bottleneck dimension.
Given a hidden representation sequence h; € R7=*%n the
transformation of the k-th spectral expert is formulated as

Expert, ,(hi) = thzgz,le-r

©
= U (I + By Aguyr) Vi

During training, only the matrices A, » and By, are up-
dated, while the pre-trained singular bases remain fixed. This
allows each expert to learn task-specific interactions among sin-
gular directions without disrupting the pre-trained bases.

To dynamically combine the K spectral experts, we employ
an input-dependent gating mechanism. The sequence-level vec-
tor h; € R%= is obtained by temporal average pooling h;. The
gating function then computes the selection weight for the k-th
expert as

exp ((wg(l%k)-rﬁl/T)
3 exp ((wg(lm)TBl/T)
where w?

a0k € R is a learnable gating vector for the k-th
expert and 7 > 0 is the temperature parameter. For an adapted
FEN linear transformation in layer [, the MoSE-adapted output
is obtained by dynamically combining the outputs of all spectral
experts:

gre(hi) = , (10

K
hi = guk(hi) - Expert, , (hi). an
k=1
MoSE combines MoE routing and spectral fine-tuning, where
experts learn distinct low-rank modulations of the SVD middle
matrix 3; and the gate adaptively weights their outputs.

2.3. Feature Fusion

For the [-th Transformer layer, we denote its output hidden state
as 2 € R™=*?, The final PTM representation is obtained by
learnable weight aggregation over all L layers:

L
Ziinal = »_ Wiz, (12)
=1

where wy is a learnable weight for layer [.

After obtaining the layer-aggregated PTM representation
Ztinal € RT=*? and the FAE representation P € R7»*4, we
employ a cross-attention mechanism to integrate contextual in-
formation with magnitude-phase cues. The fused representation
is computed by cross-attention as

bq(Zsina1) P (P)
Vi,

where ¢4(-), ¢r(-), and ¢, (-) are learnable projection func-
tions, and dj, is the projection dimension.

Ztused = softmax ( ) oo (P), (13)

Table 1: Performance comparison with other anti-spoofing sys-
tems on the ASVspoof 2019 LA evaluation set.

Model EER (%) min t-DCF
Wav+Spec-Res-TSSDNet [19] 3.39 -
LPS(FO0) [20] 1.21 0.0358
AASIST [21] 0.83 0.0275
LFCC+ResNext [22] 0.61 0.0170
SE-Rawformer [23] 0.59 0.0184
DFSincNet [24] 0.52 0.0176
BiCrossMamba-ST [25] 1.08 0.0281
" HuRawNet2[26] 196 01393

wav2vec 2.0+LoRA [27] 1.30 -
wav2vec 2.0+MoE [4] 0.74 -
10L-WavLM-LSTM [28] 0.54 -
WavLM+MFA [3] 0.42 0.0126
wav2vec 2.0+VIB [29] 0.40 0.0107
XLSR-53+ASP [30] 0.31 -
AMFF+SSL+TDNN [31] 0.42 0.0190
OuI'S(MOSE,WavijprE) 0.29 0.0081

3. Experiment and Results
3.1. Datasets and Metrics

We train on the ASVspoof 2019 Logical Access (LA) train-
ing set [15]. Performance on the in-domain setting is re-
ported on the ASVspoof 2019 LA evaluation set. To evaluate
cross-dataset generalization without further fine-tuning, we test
on three challenging benchmarks: ASVspoof 2021 LA [16],
ASVspoof 2021 Deepfake (DF), and In-the-Wild [17]. These
datasets cover channel variability, lossy compression, and real-
world social media deepfakes. Performance is reported using
Equal Error Rate (EER) and minimum tandem detection cost
function (min t-DCF) [18].

3.2. Implementation Details

Audio samples are fixed to 4 seconds via truncation or padding.
The frequency audio encoder computes STFT features with a
25ms window, 10ms hop length, and 512 FFT points. We em-
ploy a frozen pre-trained WavLM-Large model. The MoSE
module is applied to the FFN weight matrices of the WavLM
Transformer layers, with K = 4 spectral experts and a group
size of G = 2, meaning that every two adjacent Transformer
layers share one MoSE instance. The low-rank bottleneck is
configured so that the full model contains approximately 4.8M
trainable parameters. Training lasts 50 epochs with a batch
size of 32, using the AdamW optimizer (learning rate 10~%,
weight decay 10™*) and a cosine annealing schedule. To ad-
dress class imbalance, a weighted cross-entropy 10ss (Aponafide =
0.9, Aspoof = 0.1) is applied.

3.3. Performance on ASVspoof 2019 LA

Table 1 compares MoSE-WavLM-FAE against established sys-
tems on ASVspoof 2019 LA. With an EER of 0.29% and min t-
DCEF of 0.0081, our framework achieves the best reported scores
among the compared systems in Table 1. In terms of EER,
it outperforms strong SSL-based baselines including XLSR-
53+ASP and WavLM+MFA; among baselines with reported
min t-DCF values, it also obtains the lowest min t-DCF. These
results indicate that MoSE and the frequency audio encoder are
effective for detecting fine-grained phase and magnitude arti-



Table 2: Generalization performance (EER%) on ASVspoof
2021 LA, ASVspoof 2021 DF, and In-the-Wild (ITW) datasets.

EER (%)

Model

21LA 21DF ITW
BiCrossMamba-ST [25] 3.39 14.77 -
10L-WavLM-LSTM [28] 4.52 4.37 -
wav2vec 2.0-AASIST [32] 5.84 5.29 14.03
wav2vec 2.0-MoE-LoRA [32] 3.70 4.01 15.59
MoLEx [33] 4.31 3.32 9.60
WavLM-+Ecapa [34] 6.68 1594 34.64
WavLM+Ecapa+Glow [34] 8.54 26.26  32.07
Ours 2.68 3.89 9.25

Table 3: Ablation study on ASVspoof 2019 LA evaluation set.
Full Model denotes MoSE-WavLM-FAE. Base Model denotes
the vanilla WavLM-based detector with the same classifier. The
other rows remove the specified components from the full frame-
work.

Configuration EER (%) min t-DCF
Base Model 1.46 0.0377
w/o MoSE & FAE 0.72 0.0238
w/o FAE 0.51 0.0144
w/o MoSE 0.45 0.0140
Full Model 0.29 0.0081

facts.

3.4. Cross-Dataset Generalization

To assess robustness against unseen channel variations and real-
world attacks, we evaluate on the ASVspoof 2021 LA, 2021
DF, and In-the-Wild datasets (Table 2). Our model shows
strong cross-dataset generalization, achieving the lowest EER
on ASVspoof 2021 LA and In-the-Wild among the compared
systems, while remaining competitive on ASVspoof 2021 DFE.
Specifically, it obtains 2.68% EER on ASVspoof 2021 LA and
9.25% EER on In-the-Wild. On ASVspoof 2021 DF, its EER of
3.89% is slightly higher than MoLEx but lower than most other
compared systems. These results suggest that explicit magni-
tude and phase cues are beneficial for detecting synthetic arti-
facts across diverse transmission conditions.

3.5. Ablation Study

We conduct an ablation study on ASVspoof 2019 LA to validate
individual components. As shown in Table 3, the Full Model
obtains 0.29% EER and 0.0081 min t-DCF. Removing the FAE
increases EER to 0.51% and min t-DCF to 0.0144, indicating
that explicit magnitude-phase cues contribute to detection per-
formance. Removing MoSE while keeping the FAE and frozen
‘WavLM backbone increases EER to 0.45%, showing that MoSE
helps adapt the frozen PTM to spoofing-related cues. Removing
both MoSE and FAE further increases EER to 0.72%, while the
separate vanilla WavLM Base Model yields 1.46% EER. These
results support the complementary roles of the FAE and MoSE.

3.6. Analysis of MoSE Configuration and Sharing Strategy

Table 4 analyzes the effects of the number of spectral experts K
and the layer-group size GG. Increasing K from 1 to 4 consis-

Table 4: Impact of the number of spectral experts K and group
size G on EER (%).

Experts K Group Size G L(%)
19 LA 21 LA
1 2 0.48 4.17
2 2 0.35 3.21
4 2 0.29 2.68
82031 289
4 4 0.32 3.24
4 6 0.38 3.47
3.4
—@- Fixed Temperature
33 Y Learnable (t~0.9831)
3.2
3.1
. po1%
309 &~o 2.93%
E 2.9 s\\~~\~ __-—".
2.8 \\\\2'77% ——————
.-
2.7
26 Best: 2.68%

01 10 5.0
Routing Temperature (T)

Figure 4: Impact of routing temperature T on ASVspoof 21 LA.

tently improves performance on both ASVspoof 2019 LA and
2021 LA, whereas further increasing K to 8 slightly degrades
performance. This suggests that K = 4 provides a better trade-
off in our setting. For the sharing strategy, increasing G' from
2 to 4 or 6 degrades EER from 0.29% to 0.32% and 0.38% on
ASVspoof 2019 LA, and from 2.68% to 3.24% and 3.47% on
ASVspoof 2021 LA. This indicates a trade-off between param-
eter sharing and adaptation capacity.

3.7. Analysis of Routing Temperature 7

We evaluate the effect of the routing temperature 7 in Eq. 10
by comparing fixed values 7 € {0.1,1.0,5.0} with a learnable
7 on ASVspoof 2021 LA. As shown in Fig. 4, fixed settings
exhibit a U-shaped performance trend, with EERs of 3.01%,
2.77%, and 2.93%, respectively. The learnable setting con-
verges to 7 ~ (0.9831 and achieves the best EER of 2.68%.
This suggests that learning the routing temperature can better
balance expert contributions than the tested fixed temperature
values.

4. Conclusion

We proposed an audio deepfake detection framework that com-
bines a frequency audio encoder with MoSE-based parameter-
efficient adaptation of a pre-trained WavLM. The frequency au-
dio encoder captures explicit magnitude and phase cues, while
MOoSE adapts FFN weight matrices through expert-specific low-
rank updates in the SVD domain. Experiments on ASVspoof
2019 LA, ASVspoof 2021 LA/DF, and In-the-Wild datasets
demonstrate competitive performance and strong cross-dataset
generalization, with the best EER on ASVspoof 2021 LA and
In-the-Wild among the compared systems and competitive per-
formance on ASVspoof 2021 DF.
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