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Abstract

Recent advancements in generative Al, particularly in speech syn-
thesis, have enabled the generation of highly natural-sounding
synthetic speech that closely mimics human voices. While these in-
novations hold promise for applications like assistive technologies,
they also pose significant risks, including misuse for fraudulent
activities, identity theft, and security threats. Current research on
spoofing detection countermeasures remains limited by generaliza-
tion to unseen deepfake attacks and languages. To address this, we
propose a gating mechanism extracting relevant feature from the
speech foundation XLS-R model as a front—-end feature extractor.
For downstream back-end classifier, we employ Multi-kernel gated
Convolution (MultiConv) to capture both local and global speech
artifacts. Additionally, we introduce Centered Kernel Alignment
(CKA) as a similarity metric to enforce diversity in learned features
across different MultiConv layers. By integrating CKA with our gat-
ing mechanism, we hypothesize that each component helps improv-
ing the learning of distinct synthetic speech patterns. Experimental
results demonstrate that our approach achieves state—of-the—-art
performance on in-domain benchmarks while generalizing robustly
to out-of-domain datasets, including multilingual speech samples.
This underscores its potential as a versatile solution for detecting
evolving speech deepfake threats.

CCS Concepts

« Security and privacy — Social aspects of security and pri-
vacy; « Information systems — Multimedia content creation;
Computing methodologies — Speech recognition.
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1 Introduction

Text-To-Speech (TTS) and Voice Conversion (VC) have enabled the
synthesis of highly realistic speech through deep neural networks.
However, these technologies are increasingly misused for political
manipulation, social media disinformation, and economic fraud,
necessitating robust defenses for Automatic Speaker Verification
(ASV) systems. To address this, research in anti-spoofing and Syn-
thetic Speech Detection (SSD) has intensified, with the ASVspoof
challenge series [23, 47, 54, 57, 60] emerging as the benchmark for
developing CounterMeasure (CM) systems.

Traditional CM systems rely on a front-end feature extractor
(e.g., MFCC, CQCC) [1, 46], paired with a back-end classifier to
distinguish spoofed from bona fide speech. Recent work has shifted
towards Self-Supervised Learning (SSL) features extracted from
foundation speech models, which combine Convolutional Neural
Network (CNN) layers with Transformer encoders [51] based on
Multi-Layer Perceptron (MLP) backbones. For different downstream
tasks, the Conformer architecture [12] was proposed as an improve-
ment to Transformers, combining CNNs and Transformers to model
both local and global dependencies. This has shown effectiveness
in Automatic Speech Recognition (ASR) as well as in SSD [40, 49].
While Transformers and Conformers leverage self-attention mech-
anisms, alternative architectures like gated MLP (gMLP) [25] use
trainable gating mechanisms to filter selective features, demon-
strating effectiveness in localizing partially spoofed audio [63, 64].
Similarly, MultiConv [36] fuses multiple CNN kernels to capture
both local and global speech patterns. While successful in tasks like
ASR, it has yet to be explored for SSD. Additionally, using feature
gating helps reduce the computation cost [16], and the overfitting
in data with highly redundant features [8].

Speech foundation models with deep architectures enhance pat-
tern discovery through hierarchical representations, where succes-
sive layers encode correlations between acoustic, paralinguistic,
and linguistic features [34, 35]. However, layer-wise analyses reveal
redundancy [33], with adjacent Transformer layers often learning
overlapping correlations, which limits feature diversity. In contrast,
gMLP and MultiConv architectures utilize gating mechanisms to
extract sparse, selective features. While these approaches share
foundational principles in representation learning, their inter-layer
differences remain underexplored. Several studies have used similar-
ity metrics to reduce redundancy, thereby minimizing the number
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of parameters [19], and increasing diversity in feature learning [52].
However, the potential for leveraging dissimilarity across layers to
enhance the detection of diverse spoofed speech artifacts in SSD
has yet to be fully explored.

In this work, we hypothesize that hierarchical gating mecha-
nisms within MultiConv layers can learn complementary discrimi-
native features for SSD. Our main contributions are summarized as
follows:

o We aggregate XLS-R hidden features using Swish-Gated Lin-
ear Unit (SwiGLU) activation [41] for dynamic self-gating,
thereby enhancing artifact-sensitive feature selection.

e We stack gated MultiConv layers to model layer-specific
local and global dependencies, utilizing these to improve
deepfake detection.

e We employ CKA as a loss function to minimize inter-layer
redundancy within MultiConv, promoting the learning of
distinct features.

o We evaluate the performance of our model on diverse datasets,
demonstrating its ability to generalize across different lan-
guage families, including Germanic, Romance, Slavic, and
Sino-Tibetan.

2 Related Work

Recent approaches predominantly adopt a two-stage pipeline com-
prising a front-end feature extractor (e.g., HuBERT, WavLM, Wav2Vec
2.0, XLS-R, and MMS) [4-6, 15, 37] followed by a back-end classi-
fier. These foundation models, pre-trained on large-scale datasets,
extract highly relevant features and significantly improve detection
performance by mitigating the limitations of training data.

Tak et al. [44] pioneered the use of XLS-R features paired with
a graph-based end-to-end classifier (AASIST) [21], demonstrating
robust performance under channel variations in the ASVspoof 2021
Logical Access (21LA) sub-challenge [60]. Subsequently, Rosello et
al. [40] introduced a Conformer-based architecture that leverages
self-attention mechanisms to effectively model artifacts introduced
in spoofed speech. Building upon this, Truong et al. [49] further
improved performance by integrating a Temporal-Channel Model-
ing (TCM) module to capture inconsistencies in synthetic speech.
More recently, Xiao et al. [58] proposed a Mamba-based classifier
[11] that replaces the self-attention mechanism and achieves strong
results on both the 21LA and ASVspoof 2021 DeepFake (21DF)
sub-challenges [60], setting a new State-Of-The-Art (SOTA) on the
out-of-domain In-The-Wild (ITW) dataset [30].

Beyond detector architectures, recent efforts have focused on
effectively exploiting foundation models to extract rich and mean-
ingful features for improving SSD systems [22]. Martin-Dofias et al.
[29] explored contextualized speech representations across different
Transformer layers with learnable weights to capture discrimina-
tive information. Building on this, Zhang et al. [65] proposed a
Sensitive Layer Selection (SLS) classifier to optimize layer selection
for Transformer encoders. Huang et al. [17] enhanced generaliza-
tion via Latent Space Refinement (LSR) and Augmentation (LSA).
Wang et al. [56] introduced a Mixture-Of-Experts (MOE) framework
that dynamically routes frozen Wav2Vec 2.0 features to specialize
detectors. Jin et al. [20] combined cross-modal spectrograms with
SSL aggregation to leverage multi-scale representations. Tran et al.

11767

Hoan My Tran et al.

[48] improved task-specific layer selection by prioritizing WavLM
layers sensitive to speaker-related objectives based on the origi-
nal method from [13], while Pan et al. [32] proposed a method to
attentively merge hidden embeddings from different Transformer
layers.

Gating mechanisms have also shown promising in detecting
partially spoofed speech. For instance, stacking gMLP has demon-
strated the ability to localize spoofed regions within utterances by
learning distinctive features [63, 64]. However, their application to
fully spoofed speech detection remains unexplored. Additionally,
combining multiple convolution kernels within a convolutional
block [36], especially when integrated with gating can improve
the modeling of local dependencies at various granularities. This
approach is also more parameter-efficient and less computationally
intensive than Transformer or Conformer architectures, which rely
heavily on resource consuming self-attention mechanisms.

Prior research has primarily relied on English training data, such
as the ASVspoof 2019 Logical Access (19LA) dataset [55], to train
SSD systems. These systems were typically evaluated on both in-
domain datasets (e.g., 21LA and 21DF) and out-of-domain datasets
(e.g., ITW). More recently, several studies have begun to evaluate
SSD performance on multilingual speech datasets with previously
unseen attack types [7, 28].

3 Proposed Method

In this section, we detail our pipeline for speech deepfake detection
as shown in Figure 1, structured into four core components. First,
we introduce the XLS-R front-end as a feature extractor. Next, we
describe the gating mechanism for aggregating SSL hidden fea-
tures. Building on this, we present the MultiConv architecture as
the back-end classifier. Finally, we integrate Multi-Head Attention
Pooling (MHAP) to aggregate frame-level features, followed by a
MLP classifier trained with a joint loss function combining Cross
Entropy (CE) and CKA.

3.1 XLS-R Front-End Feature Extractor

XLS-R [4] is an extension of Wav2Vec2.0 [5] designed for cross-
lingual speech representation learning using SSL techniques. The
model has been trained on 436,000 hours of publicly available
speech data spanning 128 languages [2, 10, 38, 50, 53], enabling ro-
bust performance in various cross-lingual speech processing tasks.
The architecture of XLS-R comprises a convolutional feature en-
coder followed by Transformer-based context networks. The feature
encoder f : X + Z consists of 7 CNN layers, which process raw
audio waveforms X into latent speech representations z1, ...,z
over T time steps using a sliding window of 25 ms with a stride of
20 ms. Inspired by BERT’s masked language modeling approach,
XLS-R learns contextualized representations by randomly masking
feature vectors before feeding them into the Transformer layers.
The encoded speech representations Z serve as inputs to a stack of
24 Transformer layers g : Z +— C, which generate contextualized

representations cy, ..., cr.
Inspired by [29], which explores the aggregation of hidden rep-
resentations k', ..., hL, we process the audio input through the

SSL feature extractor, obtaining a sequence of frames of length T
across L hidden states with D-dimensional space, including the
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Figure 1: Overview of the proposed model. SSL features are extracted from the input waveform. Hidden states are stacked,
projected to a lower dimension, aggregated, and gated. Refined features pass through stacked MultiConv blocks, pooled, and
classified as bona fide or spoofed. Lcka is used to compute dissimilarity between MultiConv outputs. S denotes the stacking
operation, s represents the split operation, ; indicates the mean, and o denotes the standard deviation.

feature projection layer from the final CNN layer. To construct the
aggregated representation, we stack all hidden representations as:

H=(h',...,hb) e REXTXD, (1)

We then apply a projection to map H into a U-dimensional space.
Inspired by the sensitive layer selection module, which enables dy-
namic channel-wise recalibration of feature maps [65], we employ
the SwiGLU activation function. SwiGLU is a variant of the gated
linear unit that integrates the Swish activation function into its gat-
ing mechanism, enhancing the model’s ability to capture complex
relationships between input features and output representations:

SwiGLU(H) = sigmoid(HW;) © (HW2), (2)

where Wi, W, € RY are learnable weight matrices, and © denotes
element-wise multiplication. The final aggregated output, Hygg €

RTXV is computed as:

L
Hagg (t) = ZH(Z, 1), Vte{l... T} 3)
=1

3.2 Multi-Kernel Gated Convolution Classifier

We employ the MultiConv module as our back-end classifier, in-
spired by [63, 64]. MultiConv [36], a variant of gMLP, leverages
multiple convolutional kernels in conjunction with gating mech-
anisms to effectively model local dependencies at various granu-
larities. The hidden representations are first normalized, followed
by an expansion of the channel dimension from U to djyte; using
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a GELU activation function. The transformed representations are
then processed through the multi-kernel convolutional spatial gat-
ing unit, which integrates convolutional operations with gating
mechanisms to enhance feature selection.

Following [36], we employ the MultiConv module to capture both
local and global dependencies, enhancing the modeling of frame-
level discriminative features. Initially, the aggregated representation
Hagg is projected to a higher-dimensional space dinter as follows:

E = GELU(Proj(Hagg)) € RT*nter, (4)

Next, the transformed representation E is split into two parts,

Z; and Z,, where the dimensionality d’ is defined as dipter/2. A set

of P convolutional operations with kernel sizes {k1, ka, ..., kp} is
then applied to Z, as follows:

Zy=E[,:d'], Zr=LN(E[,d"]),

V= Convkj Zy), j=12,...,P, (5)

Z, = Fusion([V4, Va, . .., Vp]) € RT*¥,
where Z, represents the fused outputs of the convolutional layers,
and LN denotes Layer Normalization.

Finally, a gating mechanism is applied to integrate Z, and Zj,
before projecting the result back to the original dimensionality U:

F = Dropout(Proj(Z, © Z;)) € RTXV. (6)
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To obtain the final output representation r, we employ MHAP
method [18], which divides the hidden states into k heads, each rep-
resenting a sub-vector. Let G = (F,...,FM) € RT*€Q denote the
output of the stacked MultiConv layers where Q = M X U. The hid-
den state at time step ¢ is then represented as G; = [Gy,1, ..., Gl
where Gy j € RQ/k is the j-th sub-vector corresponding to the j-th
head. Each j-th head is computed as follows:

exp(GZjuj)

—_—, j=1,...
ZT GT . /
1=1 &¥P\G ¥

T
rj= 61 )

t=1

The final output representation r is obtained by concatenating

the representations of all k heads, followed by the computation
of the mean p and standard deviation o of the resulting vector.
This is then passed through a MLP classification head to determine
whether the speech is genuine or spoofed:

0 =MLP([p(r),o(r)],2). ®

Before passing the features to the classification stage, we stack
multiple gated MultiConv layers to enhance discriminative feature
learning through gating mechanisms. The processed feature repre-
sentation F is passed through M MultiConv layers to capture both
low and high-level features.

r=1[ry,....rel,

3.3 Multi-level Gating Features

To effectively learn different level of the gating features through
MultiConv layers, we employ CKA as a loss function Lcga to
enhance the dissimilarity between each layer. CKA has been intro-
duced as a robust and reliable metric to measure representational
similarity between features. Originally proposed by [24], CKA quan-
tifies the alignment between two sets of neural activations and is
defined as:

HSIC(K, N)

CKA(K,
VHSIC(K, K)HSIC(N, N)’

N) = ©

where Hilbert-Schmidt Independence Criterion (HSIC) is given
by:

trace(KJmNJm)
(m—1)?

% 117 isthe centering matrix. In linear CKA, the

HSIC(K,N) = s (10)

where J,, = I,—
similarity is computed using Gram matrices K = SST and N = YY,
where S € R™*Pt and Y € R™*P2 represent the activation matrices
of two network layers. Here, m is the number of input samples,
and p1, p2 denote the number of neurons in each layer. Importantly,
CKA is invariant to differences in layer dimensionality, meaning
that layers with different numbers of neurons can still be compared.
To align feature distributions across layers, we compute the Lcga
as follows. For every pair of [-th MultiConv layer (p, q):

M M

2
Loxa = 3o ‘1);;:@“@ 9),

(11)
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where M is the total number of MultiConv layers. We use Lcg loss
which is computed as:

N ¢
Zzy log yl}

i=1 j=1

Lcg =- (12)

ZIH

where C is the number of classes, N represents the number of sam-
ples in a batch, y is the true label and 7 is the predicted as spoofed
or bona fide speech. The final training objective is computed as:

Lrinal = Lcg + Lcka- (13)

4 Experiments

In this section, we experiment different configurations of the system
designed previously. First, the datasets are introduced. Then, we
present the performance metric with experimental settings. Finally,
results are discussed and compared to SOTA systems. The source
code will be made available on Github!.

4.1 Datasets

For training our systems, we used the ASVspoof 2019 Logical Access
(19LA) training set [55]. To assess the model’s generalization to
other datasets, we selected the model that achieved the best perfor-
mance on the 19LA development set [55]. Notably, the training and
development sets feature different speakers. The ASVspoof 2019
dataset comprises spoofed speech generated using TTS and VC
techniques, with all samples originating from the VCTK database
[59]. However, the dataset consists of clean speech recordings, de-
void of noise or channel variations, which may limit its applicability
to real-world scenarios.

For the evaluation phase, we assess our models on the 19LA
evaluation set, as well as the 21LA and 21DF evaluation sets. The
19LA evaluation set contains spoofed speech generated by 13 pre-
viously unseen algorithms that were not present in the training
or development sets. 21LA extends 19LA by incorporating codec
and transmission effects to better simulate real-world conditions.
The dataset includes speech transmitted through real telephone
systems, covering a range of codecs, transmission channels, bitrates,
and sampling rates. The 21DF subset further introduces variability
by applying different lossy compression techniques during audio
transmission. Both bona fide and spoofed speech utterances are
processed with diverse vocoders, including previously unseen ones
from the Voice Conversion Challenge (VCC) 2018 [27] and VCC
2020 [62] challenges.

For out-of-domain evaluation, we assess our models on a di-
verse set of datasets, including the original version of Fake or Real
(FoR) [39], ITW [30], the Diffusion and Flow-matching-based Audio
Deepfake Dataset (DFADD) [9], LibriSeVoc [42], and the DEepfake
CROss-lingual (DECRO) English (D-EN) and Chinese (D-CH) [3]
evaluation sets. We also use Multi-Language Audio Anti-Spoof
(MLAAD) [31] including English (M-EN), French (M-FR), German
(M-DE), Spanish (M-ES), Italian (M-IT), Polish (M-PL), Russian (M-
RU) and Ukrainian (M-UK). Additionally, we evaluate our models
on the Audio Deepfake Detection 2023 [61] dataset across Track
1.2 in both Round 1 (ADD23-R1) and Round 2 (ADD23-R2), as well
as the Spanish HABLA [45] dataset.

!https://github.com/hoanmyTran/dissimilarity_deepfake_detection
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The FoR dataset is an English-language collection containing
both bona fide and spoofed speech, generated by a variety of TTS
algorithms sourced from open datasets, TED Talks, and YouTube
videos. ITW, on the other hand, consists of bona fide audio from
English-speaking celebrities and politicians, collected from publicly
available sources such as social media and video streaming plat-
forms. The DFADD dataset includes deepfake audio created using
advanced diffusion and flow-matching TTS models. The LibriSeVoc
dataset was specifically created to study vocoder artifacts. DECRO
is designed for evaluating SDD systems in a cross-lingual context,
containing fake and real audio clips in both English and Chinese.
The ADD23 Track 1.2 dataset focuses on detecting fake utterances,
specifically those from Track 1.1 of the ADD23 challenge. The evalu-
ation phase is divided into two datasets, ADD23-R1 and ADD23-R2.
The HABLA dataset is a Spanish language anti-spoofing corpus,
representing accents from Argentina, Colombia, Peru, Venezuela,
and Chile. It includes over 22,000 genuine speech samples from
male and female speakers across these countries, along with 58,000
spoofed samples generated using six different speech synthesis
methods. MLAAD is a multilingual speech deepfake dataset created
using 54 TTS models across 23 languages sourced from M-AILABS.
Statistics for all these datasets are provided in Table 1.

Table 1: Statistics of datasets used in the study.

Dataset Language # Bonafide # Spoofed Attack
Training
19LA [55] English 2,580 22,800 TTS, VC
Development
19LA [55] English 2,548 22,296 TTS, VC
Evaluation
19LA [55] English 7,355 63,882 TTS, VC
21 ;’; [26] English i:g;g ;gzgg TTS, VC
FoR [39] English 2,264 2,370 TTS
ITW [30] English 19,963 11,816 Unknown
DFADD [9] English 755 3,000 TTS
Librisevoc [42] English 2,641 15,846  Vocoded
DECKO Cu Bl Chinse  ows  izms TVC
R
HABLA [45] Spanish 9,057 23,270 TTS, VC
EN English 28,233 36,000
FR French 7,686 8,000
DE German 8,696 9,000
wasp il TR0 T
PL Polish 5,489 6,000
UK Ukrainian 4,709 5,000
RU Russian 4,540 5,000
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4.2 Performance Metric

To evaluate the performance of our model, we employ the com-
monly used metric Equal Error Rate (EER). The EER corresponds to
the point where the False Acceptance (FA) rate (PfiM, false alarm
when spoofed trials misclassified as bona fide) and the False Re-
jection (FR) rate (Pgi‘gs, miss when bona fide trials misclassified as
spoofed) are equal. These rates are computed as follows:

# spoofed trials with CM scores > 7o)

. (19)

PEM (ron) =

#spoofed trials
# bona fide trials with CM scores < 7cpm 15

# bona fide trials - 19
A FA occurs when a spoofed trial receives a classification score
greater than the threshold 7cp and is incorrectly accepted as bona
fide. Conversely, a FR happens when a bona fide trial receives a
score less than or equal to rcp and is mistakenly rejected. As for
the metric value, the lower EER indicates a better performance of
the model.

Usually, the detection model outputs two confident scores to
indicate the possibility of one audio being bona fide or spoofed.
The LogLikelihood Ratio (LLR) will be saved as the final score of
this audio, formulated as:

CM
P miss

(rcm) =

LLR; = log p(X;|Ho) — log p(X:|H1), (16)

where X; represents the audio segment corresponding to the
t-th trial. The hypotheses are defined as follows: Hj denotes the
null hypothesis, indicating that X; is a bona fide speech segment,
while H; represents the alternative hypothesis, implying that X; is
a spoofed speech segment.

4.3 Experimental Setup

We utilize the pretrained XLS-R model from Huggingface?. Audio
inputs are dynamically padded to match the length of the longest
sample within a batch of size 5. During training, we set the learning
rate to 3 x 107 and employ the Adam optimizer with a weight
decay of 1 X 104, To address the class imbalance in the dataset,
we apply a weighted Lcg loss, assigning a weight of 0.9 to the
minority class (bona fide) and 0.1 to the majority class (spoofed).
Models are fine-tuned with a patience of 3 epochs, and the model
that performs best on the 19LA development set is selected for
evaluation. We set the embedding of the feature projection to 128
and employed 4 MultiConv layers, inspired by [40, 49]. To assess
our models on multiple evaluation datasets, we use a batch size
of 1 to evaluate the full utterance without padding. All trainings
and evaluations were conducted on a single A100 GPU. We also
incorporate data augmentation techniques, as outlined in RawBoost
[43], to enhance the model’s robustness. These techniques include
linear and nonlinear convolutive noise, impulsive signal-dependent
additive noise, stationary signal-independent additive noise, and
randomly colored noise. To validate our approach, we did experi-
ments by selecting different MultiConv configurations. Next, we
optimized the training objective by adding Lcxa in combination
with Lcg. Finally, we performed an ablation study to assess the
contribution of each component.

Zhttps://huggingface.co/facebook/wav2vec2-xls-r-300m
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Table 2: Overall performance comparison to SOTA systems
across multiple datasets such as 19LA, 21LA, 21DF, and ITW
evaluation sets. Bold font indicates best results. (*) denotes
our average reproduced results obtained from three runs.

19LA 21LA 21DF ITW Params
Systems EER| EER[ EER[ EER | ™)
WavLM+MFA [13] 0.42 5.08 2.56 - -
WavLM+AttM [32] 0.65 350 3.19 - -
XLS-R+MoE [56] 0.74 2.96 2.54 12.48 341
XLS-R+AASIST [44] - 0.82 2.85 - -
XLS-R+AASIST2 [66] 0.15 1.61 2.77 - -
XLS-R+Conformer+TCM [49] - 1.03 2.06 - 319
XLS-R+SLS [65] - 2.87 1.92 7.46 -
XLS-R+LSR+LSA [17] 0.12 1.05 1.86 5.54 -
XLS-R+DuaBiMamba [58] - 0.93 1.88 6.71 319
XLS-R+WavSpec [20] - - 1.90 6.58 -
XLS-R+STCA+LMDC [14] 0.09 0.78 1.87 - -

XLS-R+MultiConv (Proposed) 0.08(0.10)* 2.77(2.76)" 1.43(1.53)" 4.44(4.78)" 318

4.4 Comparison with State-Of-The-Art

As shown in Table 2, our proposed XLS-R+MultiConv model achieves
SOTA performance on multiple in-domain datasets, including 19LA
(0.08%) and 21DF (1.43%), demonstrating the effectiveness of the
proposed method compared to other SOTA systems. However, it
performs worse on 21LA (2.77%). For out-of-domain data, our sys-
tem also sets a new benchmark, achieving a 4.44% EER, which
indicates improved robustness to real-world conditions while main-
taining a compact model size of only 318M parameters. Contrary to
most SOTA models that are trained and evaluated using 4-second
audio segments (64,600 samples), our model, which is trained on full
utterances, achieves lower EER in most datasets. This demonstrates
that using MultiConv as a back-end classifier enables the learning
of fine-grained local and global discriminative features.

Figure 2 shows the performance of the top 5 best models on the
21LA, 21DF, and ITW datasets. The XLS-R+Conformer+TCM, XLS-
R+DuaBiMamba, and XLS-R+LSR+LSA models use the last XLS-R
output’s contextual Transformer layer, with the first employing a
Conformer-based architecture, the second using a Mamba-based
architecture, and the last incorporating a graph-based AASIST ap-
proach. The first two models are based on an averaged checkpoint
of the top 5 validation models, while the third model uses codec
augmentation as an additional data augmentation technique. For
the SLS model, the 24 contextual Transformer layers from XLS-R
are selectively employed.

We observe that leveraging all Transformer layers from XLS-R
achieves better performance compared to the last output following
a Conformer-based classifier on the 21DF and ITW datasets. Since
the Conformer-based, graph-based, and Mamba classifiers were
trained for specific tasks, they performed well on the 21LA, and
21DF task individually. The Mamba-based classifier demonstrated
promising results for both the 21DF and ITW datasets. However,
our model outperformed all these models on both in-domain and
out-of-domain datasets while having a competitive performance
on 21LA with XLS-R+SLS. This demonstrates that by using a single
model and fully exploiting the capabilities of XLS-R’s transformer
layers with the MultiConv classifier and CKA loss, our proposed
system specializes and generalizes well, achieving low EER.
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Model performance in terms of EER (%) evaluating on 21LA, 21DF, and ITW
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Figure 2: Top 5 models’ performance in terms of EER (%) on
21LA (blue), 21DF (green), and ITW (red) datasets.

Table 3 presents a comprehensive comparison of SOTA systems
with released checkpoints evaluated on datasets grouped by lan-
guage family such as Germanic, Romance, Slavic, and Sino-Tibetan.
Among the evaluated systems, the proposed XLS-R+MultiConv
model consistently achieves strong performance across all branches
in most datasets. Within the Germanic group, XLS-R+MultiConv
outperforms all baselines on ITW (4.44%), DFADD (6.60%), Lib-
risevoc (1.70%), and M-DE (14.37%), while achieving competitive
results on FoR (5.66%) and M-EN (13.56%). In the Romance group,
it leads on all datasets, including M-FR (6.24%), IT (4.77%), and ES
(6.97%), showing its robustness across Latin-based languages. In
the Slavic branch, XLS-R+MultiConv again demonstrates superior
performance on M-RU (4.76%) and performs competitively on M-PL
(8.53%) and UK (10.18%). For Sinothe Sino-Tibetanguage family, par-
ticular Chinese datasets, all models remain approximately the same
performance on ADD23-R1, R2, and D-CH evaluation sets. Com-
pared to the strongest alternative, XLS-R+SLS, the proposed method
achieves lower EERs in 14 out of 17 out-of-domain evaluation sets,
while also maintaining a smaller back-end parameter.

5 Result Analysis and Ablation Study

In this section, we first analyze the impact of different MultiConv
kernel configurations. Next, we evaluate the effectiveness of CKA
as a loss function. We then examine the in-domain dataset to better
understand why our system struggles to detect certain attacks. For
the out-of-domain analysis, we group the evaluation by language.
Finally, we conduct an ablation study to further investigate the
contributions of each component.

5.1 Impact of Kernel Configurations

Our analysis of MultiConv architectures with varying kernel config-
urations reveals critical trade-offs between kernel size and perfor-
mance across datasets. While smaller kernels {3, 7} excel in captur-
ing artifacts, achieving very low EER on ITW (4.04% EER) and Lib-
risevoc (1.36% EER), they underperform on other task such as 21LA
(4.38% EER). Conversely, larger kernels {19, 23} demonstrate supe-
rior performance on datasets like 19LA (0.09% EER) and HABLA
(1.77% EER). More multi-kernel configurations {3, 7, 11, 15} achieve
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Table 3: Overall performance comparison with SOTA systems across datasets grouped by language family. Bold font indicates

best results. T are results evaluated using released checkpoint.

Germanic

Romance

Slavic

Sino-Tibetan

Params
Systems ITW FoR D-EN DFADD Librisevoc M-EN M-DE M-FR M-IT M-ES HABLA M-PL M-UK M-RU ADD23-R1 ADD23-R2 D-CH (M)
EER] EER| EER] EER] EER] EER| EER| EER| EER| EER| EER| EER| EER] EER| EER] EER] EER]
Conformer+TCM [49] ¥ 7.79 1215 177 887 2.35 1435 2059 706 745 1175 228 1186 2175  7.62 23.42 2274 1288 319
SLS [65] 746 671 186 753 1.97 1559 1971 644 673 969 162 867 2113 864 19.37 21.09 12.26 340
DuaBiMamba [58] 671 151 453 1587 6.78 9.52 2357 1123 9.7 1583 806 1609 11.89  14.05 27.59 28.69 1732 319
MultiConv (Proposed) ~ 4.44 566 226  6.60 1.70 1356 1437 624 477 697 145 853 1018 476 20.28 17.58 1368 318

the best generalization on Chinese challenges ADD23 in both sce-
narios R1 and R2 (21.75% and 21.98% EER respectively). Notably,
no single configuration universally outperforms others and task-
specific kernel selection is needed. Combinations of larger kernels
{19, 23, 27, 31} excel on FoR (2.44% EER) but underperform on other
datasets. These findings underscore the importance of hierarchical
receptive fields in SSD, where adaptive kernel ensembles mitigate
domain shifts and enhance robustness.

5.2 Efficiency of CKA

Our investigation comparing the use of Lcg with and without
Lcka reveals that incorporating CKA significantly enhances ro-
bustness and cross-domain generalization in SDD. While L¢g alone
achieves strong performance on simpler, clean datasets such as
19LA (0.09% EER using {19,23}-kernels), the combined objective
Lcg+Lcka generalizes better on more complex in-domain datasets
like 21LA and 21DF, achieving 2.55% and 1.75% EER, respectively.
This indicates that the joint loss encourages the model to learn more
diverse and complementary features across layers, reducing redun-
dancy and enhancing robustness to within-domain complexity. On
out-of-domain datasets, the addition of Lcka also consistently im-
proves performance, particularly for English-language data. For
datasets with different linguistic characteristics, the model with {3,
7, 11, 15}-kernels performs well on HABLA (1.45% EER), ADD23-R2
(17.58%), and remains mixed results on D-CH and ADD23-R1.

5.3 In-domain Analysis

For in-domain performance analysis, Figure 3 shows the EER per-
formance across different conditions (C1-C9) using various types of
vocoders, as described in [26]. The results indicate that the model
struggles when faced with neural AutoRegressive (AR) vocoders,
highlighting the need for further refinement to address this type
of attack. However, our model achieves very low EER for most
other vocoder types, including unknown vocoders, demonstrating
its generalizability to unseen attacks with 1.43% of the pooled EER.
Furthermore, Figure 4 presents our model’s performance on 21LA
with different attacks (A07-A19) across various conditions (C1-C9)
[26]. For TTS-based attacks, the model struggles particularly with
A10, which uses the neural vocoder WaveRNN in combination with
Tacotron 2 with the highest EER (7.77%). In contrast, A11, another
neural TTS system similar to A10 but employing the Griffin-Lim
algorithm for waveform generation, is less difficult (4.01% EER).
For VC-based attacks, our model performs well, achieving low EER
across A17-A19, demonstrating that even when the linguistic con-
tent is identical, our model can effectively distinguish between
spoofed and bona fide samples.

EER (%) Heatmap Across Conditions and Vocoder Types
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Figure 3: Heatmap of performance (EER %) of our system
with evaluated on 21DF evaluation set. “Wav.Concat” denotes
waveform concatenation and AR denotes autoregressive.

EER (%) Heatmap Across Conditions and Attack Types

Attack Type

Conditions

Figure 4: Heatmap of performance (EER %) of our system
with evaluated on 21LA evaluation set. A07 to A16 denotes
TTS-based attacks, and A17 to A19 denotes VC-based attacks.

5.4 Out-of-domain Analysis

Despite being trained exclusively on English-language data, the
proposed model demonstrates notable generalization capabilities
across a diverse set of languages, as evidenced by its EER on out-
of-domain datasets. Performance remains good on Germanic lan-
guages (e.g., DECRO EN: 2.26%, Librisevoc: 1.70%), suggesting ro-
bustness to phonetic and acoustic variations within closely related
Indo-European language groups. However, a performance drop is
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Table 4: Ablation study of MultiConv kernel sizes and different components in our proposed method. Dark cells indicate the

same model. Bold font indicates best results.

MultiConv kernel sizes 19LA 21LA 21DF FoR ITW DFADD Librisevoc D-EN D-CH ADD23-R1 ADD23-R2 HABLA

EER| EER| EER| EER| EER]| EER] EER| EER| EER| EER] EER| EER|
Lce
3,7} 0.15 4.38 2.12 7.64 4.04 7.41 1.36 1.19 15.36 24.58 27.41 2.02
{11, 15} 0.95 3.11 2.22 4.14 5.85 13.77 3.30 2.90 15.03 25.06 28.97 2.18
{19, 23} 0.09 3.61 2.08 3.17 6.51 7.28 1.67 1.83 9.83 23.08 23.99 1.77
{27, 31} 0.27 2.02 2.33 8.18 5.29 9.29 2.35 2.72 14.24 22.35 23.50 2.05
{3,7, 11, 15} 0.91 3.61 2.02 2.53 5.51 23.69 4.02 1.93 13.87 21.75 21.98 1.91
{11, 15, 19, 23} 0.30 3.94 2.80 6.54 5.15 13.01 2.20 1.02 6.96 22.33 23.62 2.09
{19, 23, 27, 31} 2.61 4.55 2.39 2.44 5.61 25.57 1.98 4.85 14.23 24.66 26.19 2.94
Lce + Leka
{3, 7} 0.22 4.23 1.79 2.20 4.53 9.25 1.59 1.81 13.59 23.57 24.00 2.25
{11, 15} 0.18 3.24 1.56 3.67 4.44 5.70 1.63 1.04 13.13 22.81 20.58 1.88
{19, 23} 0.20 2.55 1.75 2.87 5.20 8.64 1.40 1.72 14.21 23.35 24.15 1.66
{27, 31} 0.18 3.38 1.86 4.86 4.73 8.74 1.63 1.35 15.27 23.50 25.39 2.14
{3, 7,11, 15} 0.08 2.77 1.43 5.66 4.44 6.60 1.70 2.26 13.68 20.28 17.58 1.45
{11, 15, 19, 23} 0.18 3.05 1.93 8.35 4.90 15.24 1.93 2.79 13.87 23.77 25.85 1.93
{19, 23, 27, 31} 0.16 2.69 1.77 2.96 4.39 10.73 1.02 1.12 12.15 20.78 21.93 1.60
Ablation Study

3 runs 0.09 3.14 1.48 1.81 4.94 5.68 1.77 1.23 13.85 22.48 19.51 1.25
(3,7, 11, 15} 0.08 2.77 143 5.66 4.44 6.60 1.70 2.26 13.68 20.28 17.58 1.45
T 0.12 2.38 1.68 3.80 497 7.96 1.89 2.55 11.44 19.26 18.23 1.54
w/o Lcka 0.91 3.61 2.02 2.53 5.51 23.69 4.02 1.93 13.87 21.75 21.98 1.91
w/o SwiGLU 0.12 3.56 1.94 4.51 5.26 7.13 1.24 2.01 14.55 26.08 26.32 2.13
w/o DA 0.18 8.48 3.71 6.28 5.47 11.68 1.40 1.44 17.50 21.73 26.20 2.67
8 layers 0.09 2.36 2.05 1.81 5.06 11.79 2.04 3.32 12.97 26.70 28.67 1.69
12 layers 0.14 1.61 2.87 442 5.53 14.30 2.07 1.12 15.40 28.54 30.98 1.80

observed when the model is confronted with recent TTS-based at-
tacks from M-EN and diffusion-based attacks from DFADD and the
diversity in the dataset from FoR. Despite their phonetic similarity
to English, German samples (EER: 14.37%) remain particularly chal-
lenging. The model also struggles with languages more distant from
English, especially in the Slavic group (e.g., M-PL: 8.53%, M-UK:
10.18%), where increased EER suggests difficulties in transferring
learned representations for effective spoof detection. Nonetheless,
relatively low EER on Romance-language datasets (e.g., HABLA:
1.45%, M-IT: 4.77%) indicate a degree of cross-family generalization,
suggesting that the model captures some language-independent
spoofing cues. The difference in EER between HABLA and M-ES
may be attributable to differences in attack techniques. For Sino-
Tibetan languages, particularly Chinese, the model consistently
underperforms across all three evaluated datasets (D-CH, ADD23-
R1 and R2), further highlighting the limitations of monolingual
training when facing typologically distant languages. These results
underscore both the potential and the limitations of monolingual
training for building generalized spoofing detection systems.

We conducted an ablation study to assess the contribution of each
component in our proposed architecture. Across three independent
runs, the model consistently achieved stable and comparable results.
Removing the SwiGLU activation function led to a degradation in
performance, although the results remained competitive. Notably,
the exclusion of data augmentation resulted in a substantial drop in
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performance, highlighting the critical role of diverse and complex
training data in promoting generalization. We also experimented
with increasing the number of MultiConv layers. While deeper
models exhibited improved performance on 21LA (e.g., 2.36% EER
with 8 layers and 1.61% EER with 12 layers), they failed to generalize
effectively across other datasets.

6 Conclusion

In this study, we proposed a novel approach to audio deepfake
detection by leveraging the full potential of XLS-R hidden rep-
resentations through a gating mechanism, combined with gated
MultiConv layers as a back-end classifier. We demonstrated that
using Centered Kernel Alignment as a loss function encourages
inter-layer dissimilarity, enabling the learning of diverse and com-
plementary representations. This strategy significantly improves
the model’s robustness across both in-domain and out-of-domain
datasets, spanning multiple language families. Our results further
emphasize the critical role of training data diversity both in acous-
tic conditions and linguistic content for achieving generalization
in real-world scenarios. Models trained exclusively on clean data
exhibit limited performance when confronted with realistic, hetero-
geneous deepfake attacks. Future work will explore multilingual
and noisy training data to further improve cross-domain general-
ization and detection accuracy.
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