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Abstract
Advances in deep learning-based Text-to-Speech (TTS) and
Voice Conversion (VC) have enabled highly realistic speech
deepfakes, posing serious threats such as fraud and misin-
formation. Although end-to-end deepfake detection models
like RawNet2, RawGAT-ST, and AASIST have been proposed,
they often overfit to dataset-specific artifacts under empirical
risk minimization. To improve generalization, we propose
an orthogonality-based feature decorrelation method for SSL-
AASIST, which learns domain-invariant common features that
capture consistent authenticity cues and attack-specific special-
ized features, together with an orthogonality regularization that
minimizes their correlation. This encourages the model to rely
on consistent authenticity cues rather than domain-dependent
shortcuts. Experimental results demonstrate that our method
achieves lower EERs than the baseline across unseen corpora
such as 21DF, ASV5, and ITW, confirming improved robust-
ness to unseen domains and spoofing attacks.
Index Terms: speech deepfake detection, anti-spoofing, do-
main generalization, feature decorrelation

1. Introduction
With the rapid advancement of deep learning-based speech syn-
thesis technologies such as Text-to-Speech (TTS) and Voice
Conversion (VC), it has become increasingly easy to generate
high-quality deepfake speech that is perceptually indistinguish-
able from genuine speech. Although these technologies have
driven remarkable innovation in applications such as voice as-
sistants and digital media production, they also raise serious se-
curity and societal concerns, including voice phishing, financial
fraud, and the dissemination of misinformation.

In response, extensive research has been devoted to detect-
ing synthetic speech, with the ASVspoof Challenge [1, 2, 3]
serving as a major international benchmark that has contin-
uously advanced detection performance. Early approaches
[4, 5, 6] relied on hand-crafted acoustic features or spectrogram-
based representations, while recent studies have shifted toward
end-to-end architectures that operate directly on raw waveforms
[7, 8, 9]. A notable example is RawNet2 [7], which employs a
sinc-convolutional front-end to extract meaningful features di-
rectly from raw waveforms for deepfake detection. Building
on this, RawGAT-ST [8] incorporated a Graph Attention Net-
work [10] to explicitly model intricate temporal–spectral rela-
tionships within the feature space, effectively capturing depen-
dencies among local nodes. This line of work culminated in
AASIST [9], which integrates an advanced graph-based module
to jointly exploit temporal and spectral cues and is now widely
used as a strong benchmark model in speech deepfake detection.

Despite impressive in-domain performance with exception-
ally low Equal Error Rates (EERs), these models are typically
trained under the empirical risk minimization (ERM) paradigm,
causing them to overfit to dataset-specific artifacts and biases
[11, 12]. Consequently, their detection capabilities significantly
degrade when faced with distributional shifts—such as unseen
attack algorithms, environmental noise, or codec-induced dis-
tortions—that occur in real-world conditions. For instance, [13]
reported that detectors trained on the ASVspoof 2019 LA cor-
pus can experience up to a tenfold increase in EER when eval-
uated on in-the-wild deepfake recordings. This drastic perfor-
mance drop indicates an overreliance on superficial artifacts or
dataset-specific patterns rather than on intrinsic cues of authen-
ticity, contradicting the essential goal of reliable deepfake de-
tection across diverse conditions.

To address this issue, we approach the problem from a
domain generalization perspective and propose a method that
minimizes correlations between domain-invariant and domain-
specific representations through an orthogonality constraint
[14, 15]. Orthogonality-based approaches in domain general-
ization encourage the separation of task-relevant and domain-
related information by enforcing low correlation between fea-
ture subspaces used for main task prediction and for domain
alignment. By regularizing these two representations to be
orthogonal, the model learns disentangled features that cap-
ture independent sources of variation. This prevents the de-
tector from relying on spurious, domain-specific shortcuts and
instead promotes learning of more fundamental cues for au-
thenticity. Specifically, we design a framework that explicitly
formulates domain-common (authenticity-related) and domain-
specific (attack-type-related) features and enforces orthogonal-
ity between them, thereby facilitating domain-agnostic repre-
sentation learning for robust speech deepfake detection.

2. Related Work

2.1. Baseline system

For our baseline, we adopt SSL-AASIST [16], which com-
bines self-supervised speech representations [17] with an AA-
SIST back-end for speech deepfake detection. Raw waveforms
are encoded into time–frequency feature maps and then trans-
formed by a graph module into spectral and temporal graphs,
Gs and Gt. These graphs are fused by a heterogeneous stacking
graph attention layer and subsequent pooling to produce the fi-
nal bonafide/spoof prediction. Further architectural details can
be found in [16].
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Figure 1: Overall architecture of the proposed method. The waveform is encoded by a wav2vec 2.0 front-end and RawNet2 into
spectral–temporal features, which are aggregated and transformed into spectral and temporal graphs Gs and Gt. The resulting graph
representations are projected into common and specific features, with the common branch used for the main spoof detection task and
the specific branch for the auxiliary attack-type classification task.

2.2. Orthogonality constraint

Domain generalization aims to train on multiple source domains
with diverse styles and conditions (e.g., PACS[18], VLCS[19])
and to obtain a classifier that maintains performance on unseen
target domains, i.e., achieves out-of-distribution (OOD) gener-
alization. A common approach decomposes the feature space
into domain-invariant common features and domain-specific
features, and improves generalization by enforcing orthogonal-
ity between them. The key assumption is that common fea-
tures are consistently correlated with labels across domains,
whereas domain-specific features have domain-dependent cor-
relations and may cause performance drops under domain shifts
if the classifier overrelies on them. Minimizing the correla-
tion between common and specific components promotes their
independence and encourages the model to focus on intrinsic,
domain-invariant evidence.

Motivated by this, we incorporate an orthogonality-based
common/specific feature formulation into the SSL-AASIST
backbone. We introduce a common branch to capture authen-
ticity cues and a specific branch to model attack-type-dependent
variations, and impose an orthogonality regularization between
them to enhance generalization to unseen domains and novel
spoofing attacks.

3. Proposed Method
3.1. Definition of common-specific feature

The overall architecture of the proposed method is illustrated
in Fig. 1. Our method is built upon the SSL-AASIST model
described in Section 2.1. From the self-attentive aggregation
module, SSL-AASIST derives spectral and temporal features s
and t, which are then converted into graph representations by
graph modules. Formally, let

Gs = GraphModules(s) ∈ RNs×d, (1)

Gt = GraphModulet(t) ∈ RNt×d, (2)

denote the spectral and temporal graph representations, respec-
tively, where Ns and Nt are the numbers of nodes in the spec-
tral and temporal graphs and d is the feature dimension. Al-
though Gs and Gt already encode rich time–frequency informa-
tion, when trained under standard empirical risk minimization
(ERM) they tend to entangle bonafide/spoof-related cues with
domain-specific factors. To address this, we branch these rep-
resentations into two separate feature streams and design each
branch to learn a distinct type of representation.

The first branch models the common features. Using a lin-
ear projection matrix Wcom ∈ Rd×dcom and a SeLU activation
function, we map Gs and Gt into common representations as
follows:

Gscom = SeLU(Gs ·Wcom) ∈ RNs×dcom , (3)

Gtcom = SeLU(Gt ·Wcom) ∈ RNt×dcom . (4)

We follow the SSL-AASIST backbone in using SeLU and share
Wcom between the spectral and temporal graphs so that both
are mapped into the same common feature space. These com-
mon features are used for the bonafide/spoof decision and are
trained to capture generic cues that indicate whether an utter-
ance is a genuine or spoofed speech signal, so we refer to them
as common features. The final bonafide/spoof classifier makes
its decisions based on this common representation.

The second branch models the specific features. Using an-
other linear projection matrix Wspec ∈ Rd×dspec and the same
SeLU activation, we map the graph module outputs Gs and Gt

into specific representations as

Gsspec = SeLU(Gs ·Wspec) ∈ RNs×dspec , (5)

Gtspec = SeLU(Gt ·Wspec) ∈ RNt×dspec . (6)

Here, Wspec is similarly shared between the spectral and
temporal graphs. This branch is designed to primarily en-
code domain- and attack-specific factors, such as attack type
and algorithm, dataset characteristics, and channel condi-
tions. We introduce an auxiliary attack-type classification task
(bonafide/TTS/VC) that is applied only to the specific represen-
tations, so that the specific features are naturally encouraged to
capture variations across different attack types.

The choice of bonafide/TTS/VC as the auxiliary labels is
motivated by the analysis in [2], which reports that, in the LA
source data, bonafide utterances often contain long silence seg-
ments at the beginning and end, whereas many TTS attacks are
generated without such non-speech regions. In this case, the
duration of silence can become a strong, dataset-specific cue
for distinguishing bonafide from spoofed speech and even TTS
from VC. A detector that overly relies on such corpus-specific
artifacts may fail to provide reliable detection in real-world sce-
narios. Therefore, we jointly perform the main bonafide/spoof
detection and the auxiliary bonafide/TTS/VC classification to
guide the specific branch toward modeling attack-related varia-
tions, while the common branch focuses on authenticity cues.

Each feature branch is then processed as illustrated in
Fig. 1: the common features (Gscom , Gtcom ) are fed into the



AASIST back end, while the specific features (Gsspec , Gtspec )
are passed to an MLP classifier. With this role separation, the
encoder is encouraged to encode shared cues about “whether the
speech is bonafide or spoofed” into the common features, and
attack-type-specific cues about “what kind of attack it is” into
the specific features, even though both branches originate from
the same input. This contrasts with the original architecture,
where both kinds of information are entangled within a single
feature space.

3.2. Orthogonality between common and specific features

Simply introducing two feature branches does not guarantee
that the common and specific features encode different infor-
mation; they may still redundantly capture similar cues. To
avoid this, we introduce an orthogonality loss that suppresses
the correlation between the two feature types. Given the input
graph features Gs and Gt, we obtain the common representa-
tions (Gscom , Gtcom ) and the specific representations (Gsspec ,
Gtspec ), and then compute a cosine-similarity-based penalty be-
tween each pair of common and specific features.

Formally, the orthogonality loss is defined as
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1
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and is minimized during training. This loss reduces the cor-
relation between the common and specific representations, en-
couraging them to become more independent and thereby min-
imizing the overlap between domain-invariant information and
attack-specific information.

3.3. Overall training objective

The proposed model is trained with a combination of three loss
terms.

First, the main loss (green region in Fig. 1, Lmain) is a
cross-entropy loss for binary bonafide/spoof classification com-
puted from the common representations (Gscom , Gtcom ), which
directly optimizes the speech deepfake detection performance
of interest.

Second, the auxiliary loss (purple region in Fig. 1, Laux)
is a cross-entropy loss for three-way bonafide/TTS/VC classifi-
cation applied to the specific representations (Gsspec , Gtspec ).
This auxiliary task encourages the specific branch to encode
richer attack- and domain-dependent information.

Third, the decorrelation regularizer term (red region in
Fig. 1) corresponds to the orthogonality loss (Lortho) defined
in Section 3.2, which reduces the cosine similarity between the
common and specific features so that the two branches capture
complementary and more independent information. The final
training objective is defined as the sum of these three losses as
follows:

L = Lmain + Laux + Lortho (8)

This allows both branches to retain their representational capac-
ity while becoming more independent. In the next section, we
evaluate the impact of the proposed method on generalization
by reporting EERs on multiple evaluation datasets.

4. Experiments and Results
4.1. Databases

To evaluate the generalization capability of the proposed
method, we use five databases with diverse characteristics.
ASVspoof 2019 LA is used for both training and evaluation
following its official partitions, while ASVspoof 2021 LA,
ASVspoof 2021 DF, ASVspoof 5, and In-the-Wild (ITW) are
used only for evaluation. ASVspoof 2019 LA and ASVspoof
2021 LA are based on VCTK [22], whereas the remaining
datasets either include additional source corpora or are built
from entirely different data.

ASVspoof 2019 LA (19LA) [1] is a large-scale corpus of
bonafide and spoofed speech generated by various TTS and
VC systems in controlled studio conditions, released with offi-
cial training and evaluation sets; the training set contains 2,580
bonafide and 22,800 spoofed utterances from six spoofing al-
gorithms, and the evaluation set has 7,355 bonafide and 63,882
spoofed utterances from 13 algorithms. ASVspoof 2021 LA
(21LA) [2] extends the 19LA scenario by introducing a wider
range of codecs and transmission conditions, while ASVspoof
2021 DF (21DF) [2] is constructed partly from the 19LA eval-
uation set along with additional speech data from VCC 2018
and 2020, and applies various lossy codecs to both bonafide
and spoofed signals to emulate real-world media compression
conditions. ASVspoof 5 (ASV5) [3] is a recent dataset that
covers more diverse recording environments and devices than
19LA and includes not only deepfakes but also adversarial at-
tacks in its evaluation set. The In-the-Wild (ITW) [13] database
contains bonafide and deepfake speech from 58 politicians and
other public figures collected from social media and online plat-
forms, reflecting real-world dissemination scenarios.

4.2. Experimental Setup

For all experiments, we feed single utterances of approximately
4 s (64,600 samples) to a Wav2Vec 2.0 XLS-R 300M front-end,
which outputs 1024-dimensional representations and is fine-
tuned jointly with the SSL-AASIST back end. All hyperparam-
eters, including the batch size (14) and learning rate (10−6), are
kept identical to those used in SSL-AASIST [16]. The graph
module outputs have dimension d = 64, and the projection ma-
trices Wcom and Wspec map them to 32-dimensional common
and specific spaces (dcom = dspec = 32). We assign equal
weights to the main, auxiliary, and orthogonality losses.

We further employ RawBoost [23], a waveform-level aug-
mentation technique designed to mimic nuisance variability
such as encoding, transmission, microphone, and channel dis-
tortions common in logical access scenarios. We adopt the best-
performing configuration reported in the original paper, namely
the combination of linear and non-linear convolutive noise
(LnL) and impulsive signal-dependent additive noise (ISD).

4.3. Performance evaluation

Table 1 reports an ablation study on different loss combinations
under the RawBoost setting. Using only the auxiliary loss with
an AASIST back-end degrades performance on all evaluation
datasets, confirming that the auxiliary task alone is not sufficient
for reliable detection. Adding the auxiliary loss to the main loss
slightly improves in-domain performance but provides limited
gains on cross-corpus sets. In contrast, introducing the orthog-
onality loss on top of the main and auxiliary losses consistently
reduces EERs on 21DF, ASV5, and ITW, demonstrating that
explicitly decorrelating common and specific features plays an



Table 1: EER (%) of ablation systems using different loss combinations on each evaluation dataset with RawBoost (LnL & ISD)
augmentation. A check mark indicates which loss terms are used.

Loss Evaluation Dataset

System Lmain Laux Lortho 19LA 21LA 21DF ASV5 ITW

Baseline (main) [16] ✓ 0.22% 0.82% 6.64% 16.25% 11.22%
Baseline (aux) ✓ 0.24% 1.28% 13.65% 42.32% 14.70%
Baseline (main+aux) ✓ ✓ 0.17% 1.11% 6.46% 16.90% 12.69%

Proposed (main+aux+ortho) ✓ ✓ ✓ 0.32% 0.92% 3.67% 14.39% 8.84%

Table 2: EER (%) of the baseline and proposed system on each
evaluation dataset without data augmentation.

System 19LA 21LA 21DF ASV5 ITW

Baseline 0.29% 4.78% 9.89% 26.81% 22.40%
Proposed 0.37% 5.66% 8.10% 23.15% 15.72%

Table 3: EER (%) on each dataset with RawBoost augmentation
for the baseline and proposed systems, together with reported
results of other methods.

System 19LA 21LA 21DF ASV5 ITW

Baseline [16] 0.22% 0.82% 6.64% 16.25% 11.22%
ProtoMAML [20] 1.35% 6.39% 6.05% – 16.29%
SLIM [21] 0.20% – 4.40% – 12.50%
Proposed 0.32% 0.92% 3.67% 14.39% 8.84%

important role in out-of-distribution generalization.
Table 2 and Table 3 compare the baseline and proposed

systems without and with RawBoost augmentation. Without
augmentation, the proposed method yields slightly higher EERs
than the baseline on the VCTK-based corpora 19LA and 21LA,
but achieves clear improvements on the more challenging cross-
corpus evaluation sets 21DF, ASV5, and ITW, reducing the av-
erage EER from 12.83% to 10.60%. With RawBoost (LnL &
ISD) augmentation, the proposed system maintains almost the
same EER as the baseline on 19LA and 21LA, while further
reducing EERs on 21DF (6.64% to 3.67%), ASV5 (16.25%
to 14.39%), and ITW (11.22% to 8.84%), indicating improved
robustness to unseen attacks and out-of-distribution domains.
For comparison with other approaches designed to improve ro-
bustness to unseen attacks and cross-corpus conditions, Table 3
also includes ProtoMAML [20], which keeps the wav2vec 2.0
encoder frozen and uses meta-learning for few-shot adapta-
tion on each corpus with a small support set, and SLIM [21],
which exploits SSL-based speech representations with a style-
linguistics mismatch framework using a two-stage pipeline and
additional external real-speech corpora. In contrast, our ap-
proach keeps the SSL-AASIST backbone and training setup
largely unchanged and adds only a lightweight orthogonality
regularization, yet still reduces EERs compared to SLIM and
ProtoMAML, indicating that our proposed method is a compet-
itive strategy for out-of-distribution robustness.

Fig. 2 presents t-SNE [24] visualizations of the common
and specific embeddings extracted from the spectral and tempo-
ral graphs, Gs and Gt, on the 21DF, ASV5, and ITW evaluation
sets (19LA and 21LA are omitted due to page limitation). For
21DF and ASV5, up to 300 utterances per spoofing algorithm,
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Figure 2: t-SNE visualization of common (blue) and specific
(red) embeddings from the spectral graph Gs (top) and temporal
graph Gt (bottom) on 21DF, ASV5, and ITW. Similar separation
patterns are also observed on 19LA and 21LA.

together with bonafide samples, are randomly selected, while
for ITW we randomly sample up to 300 bonafide and 300 spoof
utterances since attack-type labels are not available. Blue mark-
ers indicate common embeddings and red markers indicate spe-
cific embeddings. Although both embeddings are derived from
the same input utterances, they form clearly separated clusters
in the two-dimensional space. This observation indicates that
the orthogonality constraint effectively drives the two represen-
tations toward different directions in the feature space, resulting
in distinct regions.

5. Conclusions
In this work, we improved the robustness of speech deep-
fake detection to unseen attacks and domain shifts by integrat-
ing an orthogonality-based domain generalization scheme into
the SSL-AASIST backbone, where a common branch encodes
domain-invariant authenticity cues and a specific branch cap-
tures attack-type information under a cosine-similarity-based
loss. Beyond a simple architectural modification, our contri-
bution lies in systematically validating that incorporating do-
main generalization into a representative SSL-AASIST frame-
work effectively enhances cross-corpus robustness while pre-
serving the original model structure. Experiments on ASVspoof
2019 LA, 2021 LA, 2021 DF, ASVspoof 5, and In-the-Wild
showed consistent EER reductions on cross-corpus evaluation
sets (21DF, ASV5, ITW) compared to the baseline. This
improvement can be attributed to orthogonality-based feature
decorrelation, which promotes domain-invariant authenticity
representations and suppresses domain-dependent shortcuts,
leading to more reliable decisions under unseen conditions.
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