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Abstract

Detecting speech deepfakes is critical for pro-
tecting society against fraud, identity theft, and
the misuse of modern speech synthesis tech-
nologies. Despite recent progress, existing
countermeasures often exhibit limited gener-
alization to unseen spoofing attacks, particu-
larly in out-of-domain evaluation settings, even
when achieving strong in-domain performance.
Transformer architectures have become ubiq-
uitous in anti-spoofing, serving both as feature
extractors (e.g., wav2vec 2.0) and as classifiers.
However, deep transformer stacks exhibit sub-
stantial representational redundancy across ad-
jacent layers, with similarity increasing toward
deeper layers. As a result, task-specific spe-
cialization is largely concentrated in the final
layers, while shallow layers remain underuti-
lized during fine-tuning. In this work, we an-
alyze the layer-wise behavior of transformer-
based classifiers for speech deepfake detec-
tion and propose a training strategy that explic-
itly aligns shallow and intermediate representa-
tions with those of the final transformer layer.
By encouraging all layers to mimic the task-
specialized representation learned at depth, the
model more effectively exploits early-layer fea-
tures while preserving discriminative capacity
in deeper layers. This design improves robust-
ness to unseen spoofing attacks and enhances
out-of-domain generalization. Extensive ex-
periments across multiple benchmark datasets
demonstrate consistent performance gains over
strong baselines.

1 Introduction

Recent advances in speech generation technologies,
particularly text-to-speech (TTS) and voice conver-
sion (VC), have enabled the synthesis of highly nat-
ural and realistic speech (Tan et al., 2021). These
technologies support beneficial applications such as
virtual assistants and assistive communication for
individuals who have lost their voices (Medeiros,
2015). However, as the quality of synthetic speech

improves, so does the risk of misuse. Speech
deepfakes can be exploited to impersonate real in-
dividuals, deceiving both humans and automatic
speaker verification (ASV) systems, thereby facil-
itating fraud and identity theft (Folorunsho and
Boamah, 2025). This growing threat has moti-
vated the development of anti-spoofing countermea-
sures (CMs) to distinguish bona fide from synthetic
speech (Todisco et al., 2019; Yamagishi et al., 2021;
Wang et al., 2024).

State-of-the-art CMs typically rely on self-
supervised learning (SSL) speech foundation mod-
els (SFMs) as feature extractors, followed by a
classifier that maps high-dimensional representa-
tions to a binary real/fake decision. Many widely
used SFMs are based on the wav2vec 2.0 architec-
ture (Baevski et al., 2020), including English-only
models such as WavLM (Chen et al., 2022) and
multilingual variants such as XLS-R (Babu et al.,
2022). These models have demonstrated strong
performance in speech deepfake detection. Never-
theless, transformer-based SFMs exhibit substan-
tial representational redundancy across layers, with
adjacent hidden states often encoding highly simi-
lar information (Pasad et al., 2021, 2023; Ashihara
et al., 2024; Dorszewski et al., 2025).

The design of the classifier plays a critical
role in effectively leveraging SSL representations.
Transformer-based classifiers have achieved SOTA
performance on several in-domain spoofing bench-
marks (Rosello et al., 2023; Truong et al., 2024;
Li et al., 2024; Hao et al., 2025; Dat and Dat,
2025; Kim et al., 2025; Phuong et al., 2025; Tran
et al., 2025a). However, their generalization to
unseen, out-of-domain spoofing attacks remains
limited (Reimao and Tzerpos, 2019; Müller et al.,
2022, 2024; Jung et al., 2025; Wang et al., 2026).
While increasing model depth can improve in-
domain discrimination, it often exacerbates overfit-
ting and complicates interpretation due to limited
understanding of layer-wise feature evolution (Gro-
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mov et al., 2025; Jiang et al., 2025). Moreover,
the quadratic computational complexity of multi-
head attention (MHA) (Vaswani et al., 2017) with
respect to sequence length poses significant effi-
ciency challenges. Recent work has explored alter-
natives such as state-space models (SSMs) (Gu and
Dao, 2024) to reduce inference cost, but these ap-
proaches have not yet resolved the generalization
gap in deepfake detection (Xiao and Das, 2025;
Tran et al., 2025b; Xuan et al., 2025).

From a theoretical perspective, recent studies
have linked deep neural networks to the phe-
nomenon of neural collapse (NC) (Papyan et al.,
2020), in which class-conditional representations
converge toward a symmetric equiangular tight
frame. For deep transformers, increasing depth
enforces a progressively tighter approximation to
this optimal geometry through layer-wise satura-
tion events (Súkeník et al., 2025; Jiang et al., 2025).
While such saturation can enhance class separation
and improve in-domain performance, it may also
amplify representational redundancy and reduce ro-
bustness to distribution shifts (Gromov et al., 2025).
In the context of deepfake detection, this suggests
that excessive depth may underutilize shallow lay-
ers while over-specializing deeper representations.

In this work, we revisit transformer-based clas-
sifiers for speech deepfake detection from a layer-
wise perspective. We focus on the intrinsic re-
dundancy induced by identical transformer blocks,
residual connections, and fixed-dimensional repre-
sentations. To improve computational efficiency,
we adopt multi-head temporal latent attention
(MTLA) as a low-cost alternative to standard MTA.
More importantly, we introduce a novel regulariza-
tion strategy that aligns shallow and intermediate
transformer layer representations with those of the
final layer. This alignment mitigates early-layer
underutilization while preserving task-specific spe-
cialization at depth, leading to improved robustness
against unseen spoofing attacks.

Our contributions are summarized as follows:

1. We systematically analyze the impact of trans-
former depth in spoofing classifiers, show-
ing that deeper models do not reliably im-
prove out-of-domain generalization and may
increase overfitting.

2. We propose an angular-distance regulariza-
tion that aligns shallow and intermediate layer
representations with those of the final layer,
improving feature utilization across depth.

3. Extensive experiments across multiple bench-
mark datasets demonstrate competitive in-
domain performance and consistent improve-
ments in out-of-domain robustness over prior
approaches.

2 Related works

2.1 Speech deepfake synthesis

Recent years have witnessed rapid advances in
speech generation technologies, particularly TTS
and VC. Modern TTS systems typically follow a
multi-stage pipeline in which input text is first con-
verted into linguistic representations, mapped to
acoustic features such as mel-spectrograms, and fi-
nally synthesized into speech waveforms using neu-
ral vocoders. VC systems, in contrast, aim to pre-
serve linguistic content while modifying speaker-
specific characteristics using reference speech from
a target speaker (Tan et al., 2021). With large-scale
training data and powerful neural architectures,
both TTS and VC models can now generate highly
natural speech that is often perceptually indistin-
guishable from genuine human speech (Eskimez
et al., 2024; Ju et al., 2024; Chen et al., 2025), en-
abling increasingly convincing speech deepfakes.

2.2 Anti-spoofing countermeasures

To counter the risks posed by speech deepfakes,
anti-spoofing CMs have evolved from systems
based on handcrafted acoustic features, such as
MFCCs, LFCCs (Lei and Lopez, 2009), and
CQCCs (Todisco et al., 2017), toward deep learning
approaches leveraging SSL. Pretrained SFMs such
as WavLM (Chen et al., 2022) and XLS-R (Babu
et al., 2022) are widely used as front-end feature
extractors, followed by trainable classifiers. A vari-
ety of classifier architectures have been explored,
including LSTMs (Guan et al., 2025), graph-based
models (Tak et al., 2022b; Yang et al., 2025b,a), and
transformer-based designs, which currently domi-
nate the field due to their strong modeling capac-
ity (Rosello et al., 2023; Truong et al., 2024; Li
et al., 2024; Hao et al., 2025; Dat and Dat, 2025;
Kim et al., 2025; Phuong et al., 2025; Tran et al.,
2025a; Truong et al., 2025b,a). To reduce the high
computational cost of self-attention, recent works
have explored alternatives such as SSMs (Tran
et al., 2025b; Xiao and Das, 2025; Xuan et al.,
2025) and gated MLPs (Tran et al., 2025c), report-
ing improvements in performance.
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Figure 1: Overview of the proposed model architecture.

2.3 Similarity and representation learning

Pretrained SFMs exhibit strong representational
similarity across adjacent transformer layers, result-
ing in redundant learned features (Dorszewski et al.,
2025). From a theoretical standpoint, this phe-
nomenon can be linked to NC (Papyan et al., 2020),
in which class-conditional representations con-
verge toward a symmetric equiangular tight frame.
For deep transformers, increasing depth enforces a
progressively tighter approximation to this geome-
try through layer-wise saturation events (Súkeník
et al., 2025; Jiang et al., 2025). While such satu-
ration improves class separability and in-domain
performance, it can amplify redundancy and reduce
robustness to distribution shifts (Gromov et al.,
2025). Although prior work has attempted to miti-
gate representational similarity to promote diversity
and generalization (Tran et al., 2025c), effectively
exploiting or regularizing layer-wise similarity in
transformer-based classifiers for speech deepfake
detection remains underexplored.

3 Preliminaries

This section introduces the core components of our
transformer-based anti-spoofing framework: a pre-
trained SFM, an efficient attention mechanism, and
a metric for analyzing representational similarity
across transformer layers.

3.1 Pretrained speech foundation model

We adopt XLS-R (Babu et al., 2022), a large-
scale multilingual self-supervised SFM pretrained
on approximately 436,000 hours of unlabeled au-
dio spanning 128 languages. XLS-R extends the
wav2vec 2.0 architecture (Baevski et al., 2020) and
consists of a convolutional feature extractor fol-

lowed by a deep transformer encoder.
Given a raw speech waveform X sampled at

16 kHz, the convolutional feature extractor f :
X → Z maps X to a sequence of latent speech rep-
resentations Z = {z1, z2, . . . , zT }, zt ∈ Rdz ,
where T denotes the number of latent time steps
and dz = 512. Due to the convolutional strides,
each latent vector corresponds to an effective tem-
poral resolution of approximately 20 ms.

During pretraining, a subset of latent vectors
is randomly masked, and the model is optimized
using a contrastive masked prediction objective
inspired by BERT (Devlin et al., 2019). The
masked latent sequence is then processed by a
stack of 24 transformer layers, g : Z → C,
producing contextualized representations C =
{c1, c2, . . . , cT }, ct ∈ Rdc , with hidden dimen-
sion dc = 1024. These representations encode
long-range temporal dependencies and serve as
high-level speech features for downstream tasks,
including speech deepfake detection.

3.2 Multi-head temporal latent attention

Given an input sequence X ∈ RT×d, standard
MHA computes queries, keys, and values as

Q = XWQ ∈ RT×(nhdh),

K = XWK ∈ RT×(nhdh),

V = XWV ∈ RT×(nhdh),

(1)

where WQ,WK ,WV ∈ Rd×(nhdh) are learnable
parameters and dh = d/nh with nh heads. The
attention output is given by

Attn(X ) = softmax

(
QK⊤
√
dh

)
V, (2)
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resulting in a space complexity of O(T 2) and a
key-value (KV) cache that grows linearly with T .

Latent-space compression. MTLA (Deng and
Woodland, 2025) adopts the low-rank projection
logic of MLA (Liu et al., 2024) to compress the
feature dimension. The input X is projected into a
latent representation c′t for each token:

c′t = XWr, Wr ∈ Rr×d, r ≪ d (3)

where r is the latent rank.

Temporal latent compression. MTLA further
compresses C′ = {c′1, c′2, . . . , cT } along the tem-
poral dimension using learnable weighted aggrega-
tion with stride s. Adjacent latent vectors within
each temporal group are merged using dynami-
cally generated gating weights computed via a
hyper-network, producing a compressed sequence
Ĉ ∈ R⌈T/s⌉×r. This reduces the KV cache size
by a factor of s, decreasing memory usage and
inference cost while maintaining performance.

3.3 Angular distance between transformer
layers

To quantify representational similarity across trans-
former layers, we adopt the angular distance met-
ric (Gromov et al., 2025). Let T(ℓ) denote the ℓ-th
transformer layer, and let

H(ℓ) = {h(ℓ)
1 , . . . ,h

(ℓ)
T } (4)

be its sequence of hidden representations. We ob-
tain a sequence-level representation by temporal
pooling:

h̄(ℓ) =
1

T

T∑

t=1

h
(ℓ)
t . (5)

Given two layers ℓ and ℓ+n, the cosine similarity
between their pooled representations is defined as

cos θ =
h̄(ℓ) · h̄(ℓ+n)

∥h̄(ℓ)∥2 ∥h̄(ℓ+n)∥2
. (6)

The normalized angular distance is then given by

dAng

(
h̄(ℓ), h̄(ℓ+n)

)
=

1

π
arccos(cos θ), (7)

which lies in the interval [0, 1]. Smaller values in-
dicate stronger alignment between representations.

Consistently small angular distances across ad-
jacent layers indicate limited representational evo-
lution, revealing redundancy across depth. In this
work, we leverage this observation to motivate ex-
plicit alignment between shallow and deep trans-
former representations.

4 Method

4.1 Overall architecture

As described in Figure 1, given a raw speech wave-
form X ∈ R, sampled at 16 kHz, we first extract
contextualized frame-level representations using a
pretrained XLS-R encoder:

H = XLS-R(X ) ∈ RT×D, (8)

where D = 1024 is the hidden dimension.
To adapt these representations to the classifier,

we apply a linear projection p followed by a SiLU
nonlinearity:

H0 ← SiLU(HWp + bp), (9)

where Wp ∈ RD×d, bp ∈ Rd, and d = 128.
The projected features are processed by a stack

of L transformer blocks equipped with MTLA. Let
H(ℓ) ∈ RT×d denote the output of the ℓ-th block.
The stack is defined recursively as

H(ℓ) = Tℓ
(
H(ℓ−1)

)
, ℓ = 1, . . . , L, (10)

with H(0) as the projected XLS-R output.
Each transformer block Tℓ(·) follows a pre-layer

normalization (LN) with residual connections:

H̃(ℓ) = H(ℓ−1) +MTLA
(
LN(H(ℓ−1))

)
, (11)

H(ℓ) = H̃(ℓ) + FFN
(
LN(H̃(ℓ))

)
, (12)

where FFN denotes a two-layer feed-forward net-
work with SiLU activation. We set L ∈ {1, . . . , 4}
to not increase the classifier module parameters.

To obtain a fixed-dimensional utterance-level
embedding, we apply global average pooling over
time:

z(ℓ) =
1

T

T∑

t=1

H
(ℓ)
t ∈ Rd. (13)

The final-layer representation z(L) is passed to a
linear classifier ĉ to produce logits:

ŷ = Wĉz
(L) + bĉ, (14)

where Wĉ ∈ Rd×2 and bĉ ∈ R2 and ŷ correspond
to the bona fide and spoof classes.
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4.2 Layer-wise representation alignment
To mitigate the underutilization of shallow lay-
ers and reduced generalization, we explicitly en-
courage intermediate layers to align with the task-
specialized final representation. For each interme-
diate layer ℓ ∈ {1, . . . , L}, we compute the angu-
lar distance between its representation z(ℓ) and the
final-layer representation z(L):

aℓ = dAng(z
(ℓ), z(L)). (15)

The layer-wise alignment loss is defined as

LAng =
1

L

L∑

k=1

aℓ. (16)

Minimizing this term encourages shallow and inter-
mediate layers to produce representations that are
geometrically aligned with the final task-optimized
embedding, thereby improving feature consistency
across depth.

The model is trained end-to-end using a com-
posite loss combining standard cross-entropy LCE

and the proposed alignment regularization. For a bi-
nary classification task with C = 2 classes, let the
ground-truth label be y ∈ {0, 1}, the classification
loss is:

LCE = − 1

N

N∑

n=1

C∑

c=1

yn,c log(ŷn,c) (17)

with N samples. The final training objective is:

L = LCE + αLAng, (18)

where α > 0 controls the strength of the alignment
regularization.

5 Experiments

5.1 Datasets and evaluation metric
Training and development. All models are
trained on the ASVspoof 2019 logical access

Figure 2: In-domain dataset statistics for training, devel-
opment and evaluation.

(19LA) training set. Model selection is performed
on the 19LA development set, which includes a dis-
joint set of speakers. The 19LA dataset comprises
spoofed speech generated using TTS and VC tech-
niques. Figure 2 sums up the in-domain statistics
of training, development and evaluation.

In-domain evaluation. In-domain performance
is evaluated on the 19LA evaluation set, as well as
the ASVspoof 2021 logical access (21LA) and deep-
fake (21DF) partitions. The 21LA dataset extends
19LA by incorporating codec and transmission ef-
fects, while 21DF further introduces diverse lossy
compression artifacts. These datasets provide in-
creasingly realistic test conditions while remaining
within the ASVspoof benchmark framework.

Out-of-domain evaluation. To assess robustness
and generalization beyond the training distribu-
tion, we evaluate our models on a diverse suite
of out-of-domain datasets spanning in-the-wild
recordings, diffusion- and vocoder-based synthesis,
cross-lingual scenarios, and large-scale multilin-
gual benchmarks. Detailed dataset descriptions
and statistics are provided in Appendix A.

Performance metric. Following prior work, we
evaluate system performance using the equal er-
ror rate (EER). The EER provides a threshold-
independent summary of detection performance,
where lower values indicate better discrimination
between bona fide and spoofed speech. Detailed
definitions are provided in Appendix B.

5.2 Implementation details

We employ the pretrained XLS-R1 and fine-tune it
during training. Audio inputs within each batch
are dynamically padded to match the length of the
longest utterance. To address the class imbalance
in the 19LA (Figure 2), we adopt a weighted LCE,
assigning a higher weight to the bona fide class and
a lower weight to the spoofed class.

To further improve robustness, we apply data
augmentation (Tak et al., 2022a)2, including linear
and nonlinear convolutive noise, impulsive signal-
dependent additive noise, stationary additive noise,
and randomly colored noise. All hyperparameter
settings are summarized in Table 3.

1https://huggingface.co/facebook/wav2vec2-xls-r-300m
2https://github.com/TakHemlata/RawBoost-antispoofing
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Table 1: Overall performance (EER %). Bold indicates
best results, the second-best are underlined. Angular-
aligned layers are shaded gray and denoted by ⟨·⟩.

#Blocks Layer In-domain Out-of-domain

19LA 21LA 21DF FOR ITW M-EN

1 T1 0.10 2.49 1.42 0.97 3.91 10.65

2

T1 0.12 2.15 1.81 7.73 4.00 8.82
T2 0.12 1.44 1.88 6.62 3.86 7.34

⟨T1⟩ 0.08 2.23 1.85 0.50 3.36 9.97
⟨T2⟩ 0.09 1.62 1.84 0.13 3.85 8.54

3

T1 0.15 1.02 2.52 1.81 4.75 9.00
T2 0.22 0.64 2.44 1.02 4.47 5.32
T3 0.22 0.63 2.77 1.94 4.46 4.98

⟨T1⟩ 0.16 2.72 1.80 0.63 4.20 9.71
⟨T2⟩ 0.15 1.84 1.86 0.58 4.18 8.00
⟨T3⟩ 0.16 1.20 2.13 0.93 4.35 7.38

4

T1 9.75 6.59 3.48 16.83 4.12 31.82
T2 0.15 1.34 2.74 7.64 4.42 11.71
T3 0.16 1.40 2.79 7.64 4.10 10.89
T4 0.19 1.31 2.80 5.44 4.15 10.32

⟨T1⟩ 2.80 5.23 2.86 1.68 3.83 15.67
⟨T2⟩ 0.14 3.58 2.76 1.64 3.72 13.69
⟨T3⟩ 0.13 2.27 2.72 1.55 3.71 11.79
⟨T4⟩ 0.14 3.24 2.75 1.64 3.72 13.18

5.3 Experimental results

Representational redundancy across layers and
domains. To investigate representational redun-
dancy, the trained ĉ on the output of z(L) is ap-
plied without retraining to all intermediate layers
across both in-domain (19LA, 21LA, 21DF) and out-
of-domain (FOR, ITW, M-EN) datasets (Table 1). In
the 2- and 3-block models, all T layers consis-
tently achieve closely aligned EERs, with adjacent
layers differing by less than 0.6 to 1 pp across
both in- and out-of-domain datasets, indicating that
task-relevant information becomes linearly sepa-
rable early and remains largely preserved across
depth. For example, in the three-block model, lay-
ers T2 and T3 exhibit nearly identical performance
on 21LA (0.64% vs 0.63%) and on M-EN (5.32% vs
4.98%), demonstrating that redundancy emerges
rapidly and is robust to domain shift. In contrast,
the four-block model reveals a notable outlier in T1,
which performs substantially worse than deeper lay-
ers (e.g., M-EN: 31.82% vs 11.71–10.32%), suggest-
ing that very early layers are insufficiently aligned
with the final decision boundary under both in- and
out-of-domain conditions. Overall, these results
indicate that redundancy emerges early in smaller
models and persists across deeper layers, while ex-
treme depth can introduce initial layers that are less
domain-general, emphasizing the value of analyz-
ing shallower configurations to reveal the intrinsic
representational alignment of the transformer stack.

Impact of angular alignment on shallow layers.
Table 1 also reports EERs for models trained us-
ing the LAng objective, which encourages inter-
nal representations to become more geometrically
aligned with the final task-optimized embedding
z(L). Compared to the unaligned layers, shallow
layers, particularly ⟨T1⟩ in the 2-, 3-, and 4-block
models show substantially improved performance
across both in-domain and out-of-domain datasets.
For instance, in the 2-block model, ⟨T1⟩ decreases
from 0.12% to 0.08% on 19LA, while in the 3-block
model, ⟨T1⟩ improves from 2.52% to 1.80% on
21DF, showing increased consistency with deeper
layers. Similarly, out-of-domain improvements
are notable: in the 4-block model, ⟨T1⟩ drops on
most datasets (FOR, ITW) and achieves better results
across all layers, illustrating that dAng adjustment
brings shallow layer representations much closer to
z(L). Overall, aligning shallow layers with the final
block via dAng reduces discrepancies between lay-
ers, strengthens representational redundancy, and
enables early layers to capture discriminative fea-
tures that were previously only in deeper layers.

Ablation on angular alignment strength. Fol-
lowing the results in Table 1, we perform an abla-
tion study on the 2-block model as it performs well
and requires less parameters to evaluate the effect
of angular alignment strength α ∈ {0.1, 0.3, 0.5}
on layer-wise representations (Figure 4). For in-
domain datasets, all α values maintain consistently
low EERs across both layers (⟨T1⟩, ⟨T2⟩). For out-
of-domain performance, at α = 0.1, EERs drop
on FOR (⟨T1⟩: 0.50%, ⟨T2⟩: 0.13%). Increasing
α to 0.3 provides smaller gains (e.g., M-EN: 7.08–
7.02%), while α = 0.5 slightly degrades out-of-
domain performance (12.36–12.29%), indicating
that excessive alignment can over-constrain rep-
resentations. Overall, these results highlight that
moderate angular alignment suffices to unify shal-

Figure 3: Performance (EER %) and inference compu-
tational cost of Mamba, Conformer, and Transformer
⟨T1⟩ and ⟨T2⟩ on out-of-domain datasets in terms of
wall-clock time.
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Figure 4: Effect of alignment strength α ∈ {0.1, 0.3, 0.5} on overall performance (EER %) of the 2-block
Transformer across multiple datasets.

low and deep representations, enhancing redun-
dancy and out-of-domain generalization.

Detection performance and efficiency gains.
We compare the 2-block model with angular
alignment α = 0.1 against existing SOTA ap-
proaches with Conformer (Truong et al., 2024) and
Mamba (Xiao and Das, 2025) on out-of-domain
datasets (ITW, FOR, DFADD, DIFFSSD). As shown
in Figure 3, our aligned shallow transformer lay-
ers (⟨T1⟩ and ⟨T2⟩) achieve competitive or supe-
rior EERs compared to strong baselines. For in-
stance, on ITW, ⟨T1⟩ and ⟨T2⟩ obtain 3.36% and
3.85% EER, outperforming Mamba (5.70%) and
Conformer (8.24%). On FOR, ⟨T2⟩ achieves 0.13%
EER, a substantial improvement over all baselines.
On diffusion-based datasets (DFADD and DIFFSSD),
our models achieved 13.52% and 12.38%, respec-
tively for ⟨T1⟩ and ⟨T2⟩, demonstrating the effec-
tive approach while detecting better diffusion- and
flow-based artifacts.

In terms of efficiency, our 2-block model is
significantly faster than deeper or more complex
approaches. Comparing to Mamba and Con-
former, ⟨T1⟩ and ⟨T2⟩ are faster across all evaluated
datasets, while still maintaining better performance.
This highlights that aligned shallow transformers
provide a highly favorable trade-off between per-
formance and inference efficiency.

Multilingual generalization. We further evalu-
ate the robustness of our approach on the multi-

lingual MLAAD benchmark, covering eight lan-
guages (M-EN, M-FR, M-IT, M-ES, M-PL, M-RU, M-UK,
M-DE). As shown in Figure 5, the proposed shallow
transformer (⟨T1⟩) demonstrates competitive per-
formance against strong SOTA approaches across
most languages, despite its substantially lower ar-
chitectural depth with only 479.11K parameters. In
particular, ⟨T1⟩ outperforms both Conformer and
Mamba on M-IT (5.69%), M-PL (8.38%), and M-RU
(7.18%), indicating strong robustness to linguis-
tic variability. On M-ES and M-FR, ⟨T1⟩ remains
competitive, achieving EERs close to the best-
performing approach, while on M-EN it significantly
improves over Conformer (9.97% vs. 14.35%). In
contrast, ⟨T1⟩ underperforms on M-DE. Overall,
these results highlight that shallow, well-aligned
transformer representations can generalize effec-
tively across diverse languages, supporting their
suitability for multilingual scenarios.

Overall comparison with state-of-the-art. Ta-
ble 2 presents a comprehensive classifier mod-
ule comparison between the proposed approach
and representative SOTA anti-spoofing systems
across both in-domain and out-of-domain bench-
marks. Despite using substantially fewer param-
eters (479K), our method achieves performance
that is competitive with or superior to significantly
larger models. On in-domain datasets, our ap-
proach matches the best reported result on 19LA
and remains competitive on 21LA and 21DF, demon-
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Table 2: Overall performance (EER %). Bold indicates best results, the second-best are underlined. Angular-aligned
layers are denoted by ⟨·⟩. † denotes results reported from (Dowerah et al., 2025). ⋄ denotes results computed by
using official released checkpoints. Reported parameter counts exclude the XLS-R (315M) backbone.

Model #Params. In-domain Out-of-domain Average
19LA 21LA 21DF 25DF ITW DFADD LSV SC

SLS (Zhang et al., 2024)†⋄ 23.40M 0.23 2.87 1.91 18.76 7.46 7.54 1.97 24.51 8.16
Conformer (Truong et al., 2024)†⋄ 3.82M 0.19 1.03 2.06 18.85 7.79 8.89 2.35 38.15 9.91
MultiConv (Tran et al., 2025c)⋄ 2.64M 0.08 2.77 1.43 15.19 4.44 6.60 1.70 18.71 6.37
KAN (Tran et al., 2025a)⋄ 2.11M 0.11 2.29 1.49 14.10 5.31 15.63 1.52 22.06 7.81
Mamba (Tran et al., 2025b)⋄ 2.08M 0.11 1.78 1.51 13.58 5.12 8.62 1.82 17.87 6.30
Mamba (Xiao and Das, 2025)†⋄ 1.94M 0.42 0.93 1.88 14.40 6.71 10.70 2.23 27.58 8.10
Nes2NetX (Liu et al., 2025)†⋄ 512.04K 0.12 1.88 1.49 22.06 5.52 11.15 2.88 54.28 12.42
AASIST (Tak et al., 2022b)†⋄ 447.24K 0.22 0.82 2.85 16.25 11.20 11.93 11.21 26.72 10.15
RASA (Yang et al., 2025b) – 0.09 0.89 1.24 – 4.74 – – – –
Poin-HierNet (Yang et al., 2025a) – 0.11 0.94 1.40 – 4.91 – – – –

Transformer T1 (Ours) 479.11K 0.10 2.49 1.42 13.97 3.91 7.14 1.10 19.09 6.15
Transformer ⟨T1⟩ (Ours) 479.11K 0.08 2.23 1.85 13.90 3.36 6.99 1.62 15.54 5.70

strating that shallow, aligned representations are
sufficient to capture discriminative spoofing cues.

More notably, our method consistently excels
in out-of-domain scenarios, where robustness to
distribution shift is critical. On ITW, our approach
achieves the lowest EER (3.36%), outperforming
all compared methods, including larger architec-
tures such as Mamba (Xiao and Das, 2025) and
Conformer (Truong et al., 2024). Similarly, strong
generalization is observed on SC (15.54%), DFADD
(6.99%), and LSV (1.62%), where our model ranks
among the top-performing approaches despite its
compact size. Compared to recent parameter-
efficient methods (e.g., Nes2NetX (Liu et al., 2025),
AASIST (Tak et al., 2022b)), our approach con-
sistently yields lower EERs across most datasets,
highlighting the effectiveness of angular alignment

Figure 5: Performance (EER %) Mamba, Conformer,
and Transformer ⟨T1⟩ on MLAAD dataset.

in improving cross-domain robustness.
Overall, these results indicate that carefully

aligned shallow transformer representations can
rival or surpass deeper and more complex mod-
els, offering a favorable trade-off between robust-
ness and model efficiency. This supports the cen-
tral claim that representational redundancy across
transformer layers can be exploited to design
lightweight yet highly effective anti-spoofing CMs.

6 Conclusion

We presented a systematic analysis of represen-
tational redundancy in transformer-based anti-
spoofing models and demonstrated that discrim-
inative information for deepfake detection emerges
early and is largely preserved across depth. By
training a linear classifier on the final transformer
block and reusing it across intermediate layers
in classifier module, we showed that adjacent
layers, particularly in shallow configurations ex-
hibit highly aligned representations under both in-
domain and out-of-domain conditions. Building on
this observation, we introduced an angular align-
ment strategy that explicitly reduces representa-
tional misalignment between shallow layers and
the final transformer representation. Extensive ex-
periments across diverse benchmarks, including
multilingual and real-world datasets, demonstrate
that our approach achieves competitive or superior
performance compared to state-of-the-art systems
while using substantially fewer parameters. These
results highlight that depth alone is not the primary
driver of robustness in anti-spoofing, and that ex-
ploiting representational redundancy enables the
design of efficient and effective detection models.
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Limitations

Despite promising results, our study has several
limitations. First, the analysis is restricted to
transformer-based architectures in classifier mod-
ule and not the pretrained speech foundation model.
Second, model families such as state-space model
can be explored. Third, although we evaluate
across a wide range of datasets, real-world spoof-
ing attacks continue to evolve, and performance
on unseen future attacks cannot be guaranteed. Fi-
nally, angular alignment is controlled by a fixed
hyperparameter, which may require tuning when
transferring to new domains or datasets.

Ethical considerations

Deepfake detection technologies have important
societal implications, including protecting individ-
uals from fraud, misinformation, and identity mis-
use. Our work aims to improve the robustness and
efficiency of such systems, facilitating broader de-
ployment in real-world scenarios. However, like
all detection methods, our approach may be im-
perfect and could produce false positives or false
negatives, potentially leading to unintended con-
sequences if used in high-stakes decision-making
without human oversight. Moreover, publishing
detailed analyses of model behavior may indirectly
inform adversaries; we therefore emphasize that
our contributions are intended to strengthen defen-
sive capabilities rather than enable misuse. We
encourage responsible deployment, transparency
in system limitations, and continued evaluation to
ensure fair and ethical use.
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A Dataset details

In this section, we provide the information about
different datasets used in this study.

A.1 ASVspoof 2019
The ASVspoof 2019 logical access (19LA3) sce-
nario (Wang et al., 2020) is a benchmark dataset
designed to evaluate CMs against spoofing attacks
on ASV systems. The 19LA focuses specifically on
LA attacks, where spoofed speech is generated us-
ing advanced TTS and VC techniques. It includes
bona fide speech from the VCTK corpus (Yamag-
ishi et al., 2019) alongside spoofed utterances cre-
ated with 17 different attack methods (6 known
in training/development sets and 13 unknown in
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evaluation), promoting research into robust detec-
tion of synthesized and converted speech that can
deceive ASV systems. The dataset has become
a standard for assessing generalization to unseen
spoofing conditions in controlled environments.

A.2 ASVspoof 2021

ASVspoof 2021 (Liu et al., 2023) logical access
(21LA4) scenario builds upon the 19LA task to eval-
uate CMs against spoofing attacks in more real-
istic scenarios. It includes evaluation data with
various codec encodings, transmission effects, and
channel variability to simulate communication over
telephony and VoIP networks. ASVspoof 2021
deepfake (21DF5) scenario shifts focus toward gen-
eral audio deepfake detection beyond ASV-specific
vulnerabilities. The dataset comprises bona fide
speech and spoofed utterances processed through
a variety of lossy codecs with different configura-
tions to introduce compression artifacts.

A.3 ASVspoof 5

ASVspoof 5 (Wang et al., 2026) (25DF6) is the fifth
edition of the ASVspoof challenge series, introduc-
ing a significantly more challenging and realistic
database for evaluating spoofing CMs and deep-
fake detection in the context of ASV systems. Un-
like previous editions that relied on studio-quality
recordings from limited speakers, ASVspoof 5 uti-
lizes crowdsourced bona fide speech from approx-
imately 2,000 speakers in diverse acoustic condi-
tions, primarily derived from the Multilingual Lib-
rispeech (MLS) English dataset (Pratap et al., 2020).
Spoofed utterances incorporate advanced TTS/VC
methods and novel adversarial attacks, with evalua-
tion data including unseen codecs and compression
artifacts to promote generalization to in-the-wild
conditions.

A.4 SpoofCeleb

The SpoofCeleb (SC7) dataset (Jung et al., 2025) is
a large-scale benchmark for speech deepfake de-
tection, featuring real-world, in-the-wild bona fide
speech from 1,251 unique celebrities sourced from
the processed VoxCeleb1 corpus through an au-
tomated pipeline involving transcription, segmen-
tation, noise reduction, and quality filtering. It
includes over 2.5 million utterances, with spoofed

4https://doi.org/10.5281/zenodo.4817650
5https://doi.org/10.5281/zenodo.4835107
6https://doi.org/10.5281/zenodo.14498691
7https://huggingface.co/datasets/jungjee/spoofceleb

samples generated using 23 TTS systems, creating
diverse synthetic attacks. The evaluation set com-
prises 40 speakers, 9 attacks emphasizing noisy,
reverberant conditions and high speaker diversity
to better simulate real-world deepfakes, addressing
generalization challenges and supporting advanced
CMs against sophisticated TTS-generated spoofs.

A.5 In-the-wild
The In-the-wild (ITW8) dataset (Müller et al., 2022)
comprises approximately 37.9 hours of short au-
dio clips from 58 English-speaking celebrities and
politicians. It includes 20.7 hours of bona fide
speech sourced from public podcasts and speeches,
paired with 17.2 hours of spoofed speech derived
from 219 publicly available audio files. Clips are
carefully matched for style, emotion, background
noise, and duration to reflect realistic conditions.
This ITW dataset captures diverse, unseen TTS al-
gorithms, social media artifacts, compression, and
environmental variability, serving as a challenging
out-of-domain benchmark for evaluating the gen-
eralization of spoofing CMs and audio deepfake
detectors, where ASVspoof-trained models often
exhibit severe performance degradation.

A.6 Fake-or-Real
The Fake-or-Real (FoR9) dataset (Reimao and Tzer-
pos, 2019) comprises over 195,000 English utter-
ances with approximately 87,000 synthetic and
111,000 bona fide, generated using advanced com-
mercial and research TTS systems. Bona fide
speech is sourced from diverse open datasets and
real-world recordings, incorporating variability in
speakers, genders, accents, ages, microphones,
and acoustic conditions. The dataset offers mul-
tiple versions, including FOR-original (raw full ut-
terances), FOR-norm (normalized and balanced),
FOR-2seconds (truncated to 2 seconds), and FOR-
rerecorded (re-recorded to simulate real-world play-
back attacks with noise and channel effects). In this
study, we evaluate the generalizability of our mod-
els on the original version.

A.7 Multi-language audio anti-spoofing
dataset

The multi-language audio anti-spoofing
dataset (Müller et al., 2024) (MLAAD10) is a
large-scale multilingual benchmark for audio

8https://deepfake-total.com/in_the_wild
9https://bil.eecs.yorku.ca/datasets

10https://deepfake-total.com/mlaad
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deepfake detection and spoofing CMs, designed to
mitigate language bias prevalent in prior datasets
and enhance model generalization across diverse
linguistic and synthesis conditions. It comprises
over 570 hours of synthesized spoofed speech with
approximately 243,000 utterances, generated using
119 diverse TTS models, applied to bona fide
speech sourced from the M-AILABS dataset in 8
original languages (English (M-EN), French (M-FR),
German (M-DU), Italian (M-IT), Polish M-PL,
Russian (M-RU), Spanish (M-ES), Ukrainian (M-UK))
and extended to 40 languages via translation.
Audio is provided at 22,050 Hz, with evaluation
augmentations incorporating noise, music, and
various codecs to simulate real-world variability.
In contrast to predominantly English-focused
datasets, MLAAD’s extensive multilingual scope and
modern TTS diversity enable superior cross-dataset
performance, promoting robust detectors resilient
to unseen languages, synthesis methods, and
in-the-wild deepfakes.

A.8 Deepfake cross-lingual evaluation
The deepfake cross-lingual evaluation (DC11)
dataset (Ba et al., 2023) is a bilingual benchmark
specifically designed to assess the cross-lingual
generalization of audio deepfake detection systems
by evaluating the impact of language differences
on detector performance. It consists of two sub-
sets: DC-E in English and DC-C in Chinese. Bona
fide speech in the Chinese subset is sourced from
the FMFCC-A dataset (Zhang et al., 2021), while
corresponding English utterances are synthesized
via online TTS APIs. Spoofed samples are gen-
erated using a variety of modern TTS and VC
systems, including commercial ones. DC empha-
sizes cross-lingual transfer, typically training on
English and evaluating on Chinese, to highlight
language-specific vulnerabilities and promote ro-
bust detectors capable of handling unseen linguistic
variations in real-world deepfake scenarios.

A.9 SpeechFake
The SpeechFake (SF12) dataset (Huang et al., 2025)
comprises over 3 million deepfake utterances total-
ing more than 3,000 hours of audio, divided into a
bilingual dataset focusing on English (SF-EN) and
Chinese (SF-CH) and a multilingual dataset span-
ning 46 languages. Spoofed samples are generated
using 40 diverse tools including 30 open-source

11https://doi.org/10.5281/zenodo.7601506
12https://github.com/YMLLG/SpeechFake

and 10 commercial APIs, covering TTS, VC, and
neural vocoders. SpeechFake incorporates cutting-
edge generation methods, extensive multilingual
coverage, and speaker variability to better simu-
late real-world deepfakes and address cross-lingual
generalization challenges.

A.10 Librisevoc

The LibriSeVoc (LSV13) dataset (Sun et al., 2023),
introduced in 2023, is a specialized benchmark
for audio deepfake and synthesized speech de-
tection, with a primary focus on identifying arti-
facts introduced by modern neural vocoders rather
than full TTS or VC pipelines. Derived from the
clean, multi-speaker LibriTTS corpus (Zen et al.,
2019), it comprises 92,407 utterances totaling ap-
proximately 244 hours at 24 kHz sampling rate,
including 13,201 bona fide samples and 79,206
spoofed samples generated via self-vocoding-re-
synthesizing the original waveforms using six di-
verse neural vocoders representing major architec-
tures: autoregressive, diffusion-based, and GAN-
based.

A.11 Diffusion and flow-matching based
audio deepfake dataset

The diffusion and flow-matching based audio deep-
fake dataset (Du et al., 2024) (DFADD14) is a spe-
cialized benchmark focusing on highly natural
synthetic speech generated by diffusion and flow-
matching TTS models that pose significant chal-
lenges to existing CMs. Built upon the VCTK, it
comprises approximately 180 hours of audio, in-
cluding 44,455 bona fide utterances and 163,500
spoofed audios.

A.12 Diffusion-based synthetic speech dataset

The diffusion-based synthetic speech dataset
(DIFFSSD15) (Bhagtani et al., 2025) is a bench-
mark addressing the generalization failures of CMs
trained on controlled datasets when faced with
highly natural speech from modern diffusion-based
TTS systems. It comprises approximately 200
hours of audio, including bona fide utterances
sourced from the LJ Speech (Ito and Johnson,
2017) and LibriSpeech (Panayotov et al., 2015)
corpora across 74 speakers, paired with 70,000
spoofed utterances generated using 10 advanced

13https://github.com/csun22/Synthetic-Voice-Detection-
Vocoder-Artifacts

14https://github.com/isjwdu/DFADD
15https://huggingface.co/datasets/purdueviperlab/diffssd
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TTS systems with 8 open-source diffusion-based
and 2 commercial.

A.13 Audio Deepfake Detection 2023

The audio deepfake detection (ADD16) (Yi et al.,
2023) track 1.2 dataset, serves as the evaluation
benchmark for the detection sub-task in an adver-
sarial "fake game" setting, where systems must
identify spoofed utterances, including those crafted
to evade detectors. The evaluation features two
rounds: Round 1 (ADD-R1) with 111,976 test ut-
terances (80,000 bona fide and 31,976 spoofed via
TTS/VC and partial Track 1.1 submissions); Round
2 (ADD-R2) with 118,477 test utterances (87,500
bona fide, 30,977 spoofed, incorporating more ad-
versarial generations). In contrast to ASVspoof
datasets (focused on controlled English spoofing
with known/unknown attacks), ADD Track 1.2 em-
phasizes large-scale Mandarin speech, real-world
diversity in test sets, and adversarial robustness
through integration of participant-generated fakes,
better simulating in-the-wild deepfake threats.

A.14 Latin American Spanish accents
datasets

The HABLA17 dataset (Tamayo Flórez et al., 2023),
is the first dedicated voice anti-spoofing benchmark
in Spanish, emphasizing Latin American accents
(Argentinian, Chilean, Colombian, Peruvian, and
Venezuelan) from 162 speakers (male and female).
It comprises 22,816 bona fide utterances and ap-
proximately 58,000 spoofed utterances generated
using six modern methods including voice conver-
sion systems with cross-accent. In contrast to pre-
dominantly English-centric datasets like ASVspoof,
HABLA highlights accent diversity and contem-
porary VC/TTS methods to better evaluate cross-
lingual generalization and robustness of spoofing
CMs against regional variations in real-world deep-
fakes.

B Evaluation metric

The EER corresponds to the operating point at
which the false acceptance (FA) rate equals the
false rejection (FR) rate. In the context of spoofing
CMs, both error rates are defined as functions of
a decision threshold τCM applied to the detection
score.

16http://addchallenge.cn/databases2023
17https://doi.org/10.5281/zenodo.7370804

The false acceptance rate is defined as

PCM
fa (τCM) =

#{spoofed with scores > τCM}
#{spoofed trials} ,

(19)
while the false rejection (miss) rate is given by

PCM
miss(τCM) =

#bona fide with scores ≤ τCM

#{bona fide trials} .

(20)
A false acceptance occurs when a spoofed utter-

ance is incorrectly classified as bona fide, whereas
a false rejection occurs when a bona fide utterance
is incorrectly rejected. The EER is obtained by
sweeping the threshold τCM and identifying the
operating point at which

PCM
fa (τCM) = PCM

miss(τCM). (21)

Lower EER values indicate stronger spoofing de-
tection performance.

In our detection framework, the model outputs
confidence scores for the bona fide and spoofed
hypotheses. We compute the final detection score
as a log-likelihood ratio (LLR):

LLRt = log p(Xt | H0)− log p(Xt | H1), (22)

where Xt denotes the input utterance of trial t. The
null hypothesisH0 corresponds to bona fide speech,
while the alternative hypothesisH1 corresponds to
spoofed speech. The LLR score is used to sweep
the decision threshold τCM for EER computation.

C Additional ablation study results

C.1 English datasets
Diffusion-based speech synthesis. Diffusion-
and flow-matching–dominated datasets (DFADD,
DIFFSSD) consistently reveal the limitations of
deeper architectures. On DFADD, shallow configura-
tions perform best, with the 2-block model achiev-
ing the lowest EER (3.84–3.95%). In contrast,
increasing depth degrades performance: 4-block
models exhibit substantially higher EERs (10–13%
on DFADD and 17–18% on DIFFSSD). Notably, inter-
mediate layers (T2, T3) outperform the final layer
(T4), indicating that the deepest transformer block
tends to overfit and generalizes poorly.

These results suggest that additional depth does
not enhance sensitivity to diffusion-induced arti-
facts, which are typically subtle, globally coherent,
and weakly correlated with localized temporal cues.
Instead, deeper stacks appear to dilute discrimina-
tive information through redundant transformations.
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While angular alignment slightly degrades perfor-
mance across all configurations, the proposed mod-
els remain competitive with SOTA approaches.

Vocoder artifact detection. On vocoder-based
datasets such as LSV, shallow architectures exhibit
strong robustness, achieving EERs of 1.10% with
a 1-block model and 1.29% with a 2-block model.
In contrast, the 3-block configuration shows clear
overfitting on training dataset and correspondingly
degraded performance. Angular-aligned variants
yield comparable but slightly less stable results,
with EERs ranging between 1.0% and 2.0%. Over-
all, these findings indicate that vocoder artifacts are
predominantly captured by early-to-mid-level rep-
resentations, while additional depth provides lim-
ited marginal benefit for detecting vocoder-specific
inconsistencies.

Cross-domain performance. We evaluate ro-
bustness on cross-domain datasets (25DF, M-EN,
D-EN, SF-EN). Across configurations, D-EN exhibits
low EERs (<5%), with performance generally im-
proving as depth increases, except for the 3-block
model. Angular-aligned variants further reduce
EERs under stronger alignment. On 25DF, all con-
figurations achieve EERs below 15%, despite the
presence of adversarially generated samples un-
seen during training. In contrast, SF-EN, which
combines domain mismatch with advanced, unseen
TTS, VC, and neural vocoder samples, remains
challenging, with EERs exceeding 20% across all
models. For M-EN, the 3-block model attains the
best in-domain performance (4.98–5.32%) but fails
to generalize to other datasets, whereas angular-
aligned variants exhibit slightly worse on M-EN but
improved other cross-dataset generalization.

C.2 Analysis on cross-lingual benchmarks.
Table 5 summarizes performance across a diverse
set of non-English and cross-lingual benchmarks,
including Mandarin adversarial data (ADD-R1/R2,
SF-CH, D-CH), multilingual European languages
(MLAAD), and accent- and language-specific datasets
(HABLA). Several consistent trends emerge. First,
shallow architectures exhibit markedly stronger ro-
bustness: models with two or three transformer
blocks substantially outperform deeper configura-
tions on average, with the 2-block model achiev-
ing the lowest pooled EER (23.35%) among non-
angular variants. In contrast, increasing depth to
four blocks leads to a pronounced degradation, par-
ticularly in MLAAD languages (e.g., M-DE, M-FR)

and accent-rich HABLA, indicating that excessive
depth amplifies language- and accent-specific bi-
ases rather than improving generalization. Second,
intermediate layers (T2 and T3) consistently outper-
form the first block and closely match or exceed
the final block, reinforcing the observation that
task-relevant, language-agnostic cues are encoded
at intermediate depths rather than progressively re-
fined at later stages. Third, angular supervision
(α = 0.1) systematically improves cross-lingual
robustness for shallow and mid-depth models, re-
ducing average EERs by up to 1.0–1.5 absolute
points for 2- and 3-block configurations, while si-
multaneously narrowing performance gaps across
languages. Notably, angular constraints mitigate
but do not fully eliminate the degradation observed
in deeper models, suggesting that representational
over-specialization rather than classifier misalign-
ment is the primary failure mode at larger depths.
Overall, these results indicate that compact trans-
former stacks with moderate depth and angular reg-
ularization provide a more favorable bias–variance
trade-off for non-English and cross-lingual audio
deepfake detection, yielding representations that
are both discriminative and resilient to linguistic,
phonetic, and accentual variation.

Configurations Setting

Batch size 5
Epochs 10
GPUs 1 NVIDIA GeForce RTX 4090
Optimizer Adam
Learning rate 2.5× 10−6

Weight decay 1e−4

Weighted cross-entropy loss 0.9 for real, 0.1 for fake
Early-stop patience 3
Data augmentation RawBoost

Model architecture Parameters

XLS-R feature extractor 315.44M
Feature projection 131.20K
Transformer

1 block 479.11K
2 blocks 826.75K
3 blocks 1.17M
4 blocks 1.52M

Classification head 258

Table 3: Hyperparameters and architecture details of the
models.
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Table 4: Performance (EER %) comparison on English datasets. Reported parameter counts exclude the XLS-R
(315M) backbone.

Layer #Params

Dataset

Average PooledIn-domain Out-of-domain

19LA 21LA 21DF 25DF SC ITW FOR M-EN D-EN SF-EN LSV DFADD DIFFSSD

1 block

T1 479.11K 0.10 2.49 1.42 13.97 19.09 3.91 0.97 10.65 2.37 22.25 1.10 7.14 10.83 7.41 13.92

2 blocks

T1 479.11K 0.12 2.15 1.81 12.47 16.95 4.00 7.73 8.82 2.41 21.58 1.29 3.84 13.38 7.43 13.95
T2 826.75K 0.12 1.44 1.88 13.39 16.76 3.86 6.62 7.34 1.74 23.31 1.29 3.95 12.91 7.28 13.84

2 Blocks + Angular α = 0.1

⟨T1⟩ 479.11K 0.08 2.23 1.85 13.90 15.54 3.36 0.50 9.97 3.83 24.10 1.62 6.99 13.52 7.50 13.94
⟨T2⟩ 826.75K 0.09 1.62 1.84 14.48 17.49 3.85 0.13 8.54 3.32 24.37 1.78 6.64 12.38 7.42 14.43

2 Blocks + Angular α = 0.3

⟨T1⟩ 479.11K 0.10 1.46 2.04 13.08 15.84 3.74 2.03 7.08 3.00 30.54 1.75 9.27 15.60 8.12 14.24
⟨T2⟩ 826.75K 0.10 1.47 2.04 13.09 15.80 3.75 1.81 7.02 2.95 30.45 1.77 9.02 15.57 8.07 14.24

2 Blocks + Angular α = 0.5

⟨T1⟩ 479.11K 0.07 2.16 1.92 13.51 16.96 3.53 0.71 12.36 1.58 22.44 2.01 5.70 13.93 7.45 13.75
⟨T2⟩ 826.75K 0.07 2.16 1.92 13.46 16.85 3.56 0.71 12.29 1.56 22.47 2.01 5.71 13.93 7.44 13.76

3 blocks

T1 479.11K 0.15 1.02 2.52 13.16 18.47 4.75 1.81 9.00 3.72 26.10 2.20 11.89 18.58 8.72 15.43
T2 826.75K 0.22 0.64 2.44 13.01 19.37 4.47 1.02 5.32 4.37 29.23 2.23 12.69 18.12 8.70 15.21
T3 1.17M 0.22 0.63 2.77 13.28 19.30 4.46 1.94 4.98 3.83 29.74 3.07 13.41 18.39 8.92 14.92

3 Blocks + Angular α = 0.1

⟨T1⟩ 479.11K 0.16 2.72 1.80 12.78 15.55 4.20 0.63 9.71 2.68 20.67 1.70 7.97 15.41 7.38 13.84
⟨T2⟩ 826.75K 0.15 1.84 1.86 12.88 15.54 4.18 0.58 8.00 2.53 22.09 2.00 6.76 15.79 7.25 13.73
⟨T3⟩ 1.17M 0.16 1.20 2.13 12.92 16.33 4.35 0.93 7.38 2.48 23.04 2.23 6.74 16.64 7.43 13.38

3 Blocks + Angular α = 0.3

⟨T1⟩ 479.11K 9.68 4.10 3.02 14.01 17.52 5.14 3.17 13.90 18.98 31.33 2.04 4.63 17.26 11.14 18.65
⟨T2⟩ 826.75K 0.19 3.82 2.14 13.70 17.18 4.41 3.26 12.08 1.50 24.63 1.51 5.70 17.19 8.25 14.46
⟨T3⟩ 1.17M 0.17 3.58 2.18 13.45 17.29 4.53 3.26 11.72 1.53 25.95 1.58 5.98 17.25 8.34 15.09

4 blocks

T1 479.11K 9.75 6.59 3.48 13.19 19.10 4.12 16.83 31.82 35.02 25.22 2.05 40.13 28.73 18.16 14.66
T2 826.75K 0.15 1.34 2.74 13.25 18.18 4.42 7.64 11.71 2.44 22.52 1.30 8.34 17.72 8.60 14.57
T3 1.17M 0.16 1.40 2.79 13.16 18.02 4.10 7.64 10.89 2.16 22.69 1.25 8.34 17.12 8.44 14.62
T4 1.52M 0.19 1.31 2.80 13.49 18.14 4.15 5.44 10.32 2.18 23.17 1.33 13.67 17.44 8.74 14.46

4 Blocks + Angular α = 0.1

⟨T1⟩ 479.11K 2.80 5.23 2.86 12.94 15.99 3.83 1.68 15.67 7.95 23.80 1.51 37.34 13.90 11.19 14.11
⟨T2⟩ 826.75K 0.14 3.58 2.76 13.14 16.01 3.72 1.64 13.69 1.97 22.92 1.97 11.93 12.91 8.15 13.99
⟨T3⟩ 1.17M 0.14 3.24 2.75 13.26 16.01 3.72 1.64 13.18 1.91 22.90 1.51 11.25 12.91 8.03 13.98
⟨T4⟩ 1.52M 0.13 2.27 2.72 13.38 16.03 3.71 1.55 11.79 1.95 23.07 1.51 10.30 13.26 7.82 13.98
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Table 5: Performance comparison on non-English datasets. Reported parameter counts exclude the XLS-R (315M)
backbone.

Layer #Params
Dataset

Average PooledADD-R1 ADD-R2 D-CH HABLA M-DE M-ES M-FR M-IT M-PL M-RU M-UK SF-CH

1 Block

T1 479.11K 22.98 20.83 14.67 2.00 16.51 8.07 6.62 4.89 6.60 6.10 10.12 30.78 12.52 22.75

2 Blocks

T1 479.11K 20.60 21.95 13.36 2.55 17.50 9.14 6.57 6.56 8.69 7.80 11.94 32.71 13.28 23.87
T2 826.75K 19.57 19.79 13.11 2.21 17.48 8.55 6.70 6.21 8.29 7.84 10.50 28.34 12.38 23.35

2 Blocks + Angular α = 0.1

⟨T1⟩ 479.11K 23.49 22.43 13.61 2.75 25.39 10.79 9.49 5.69 8.38 7.18 13.04 27.58 14.15 22.90
⟨T2⟩ 826.75K 21.67 19.86 13.37 2.43 23.21 9.51 8.21 5.64 7.90 6.72 11.06 25.50 12.92 22.19

3 Blocks

T1 479.11K 28.89 28.53 17.89 3.20 28.22 13.00 11.31 6.59 12.95 8.20 15.68 38.86 17.78 28.64
T2 826.75K 26.45 25.92 16.71 3.50 21.93 8.97 8.38 5.68 8.87 6.92 9.72 33.05 14.67 27.18
T3 1.17M 25.96 24.75 17.09 3.18 20.41 7.74 7.31 5.71 8.45 6.08 9.22 33.11 14.08 27.00

3 Blocks + Angular α = 0.1

⟨T1⟩ 479.11K 22.46 20.47 15.22 1.65 19.29 10.17 6.66 7.15 8.23 7.52 12.28 31.38 13.54 22.81
⟨T2⟩ 826.75K 22.55 19.57 15.19 1.84 18.22 9.07 6.14 6.45 7.73 7.08 10.58 30.35 12.90 23.13
⟨T3⟩ 1.17M 22.70 18.32 15.22 1.78 18.43 8.87 6.08 6.05 7.65 7.10 9.64 27.62 12.45 24.19

4 Blocks

T1 479.11K 26.45 26.80 16.58 9.48 36.35 23.24 32.25 14.09 17.13 20.90 20.38 33.58 23.10 25.99
T2 826.75K 26.03 23.73 14.50 3.20 20.58 10.14 8.33 7.39 9.33 8.54 13.16 30.93 14.65 25.90
T3 1.17M 24.71 22.88 14.34 2.95 19.70 9.00 7.35 6.87 9.00 8.18 12.58 31.42 14.08 25.09
T4 1.52M 23.92 22.57 14.01 2.93 19.41 8.71 7.57 6.64 9.05 8.18 11.68 29.90 13.71 24.87

4 Blocks + Angular α = 0.1

⟨T1⟩ 479.11K 20.51 20.90 13.49 1.84 18.86 10.23 9.45 8.12 11.80 8.78 17.66 30.09 14.31 21.43
⟨T2⟩ 826.75K 20.65 20.59 13.11 2.16 17.48 9.17 8.22 7.73 10.93 8.40 16.04 29.46 13.66 21.62
⟨T3⟩ 1.17M 20.66 20.57 13.16 2.22 17.35 9.00 7.94 7.58 10.65 8.14 15.82 29.47 13.55 21.65
⟨T4⟩ 1.52M 20.51 20.55 13.26 2.31 17.13 8.20 7.24 7.05 9.80 7.44 14.76 29.12 13.12 21.57
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