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Recent advancements in text-to-speech technologies enable generating high-fidelity synthetic speech nearly
indistinguishable from real human voices. While recent studies show the efficacy of self-supervised learning-
based speech encoders for deepfake detection, these models struggle to generalize across unseen speakers. Our
quantitative analysis suggests these encoder representations are substantially influenced by speaker informa-
tion, causing detectors to exploit speaker-specific correlations rather than artifact-related cues. We call this
phenomenon speaker entanglement. To mitigate this reliance, we introduce SNAP, a speaker-nulling framework.
We estimate a speaker subspace and apply orthogonal projection to suppress speaker-dependent components,
isolating synthesis artifacts within the residual features. By reducing speaker entanglement, SNAP encourages
detectors to focus on artifact-related patterns, leading to state-of-the-art performance.
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1 Introduction

Advancements in speech generation now produce high-fidelity audio that is virtually indistinguishable from authentic
recordings, enhancing digital media accessibility through applications such as voice assistants and automated content
creation (Chen et al., 2024; Du et al., 2024, 2025; Lee et al., 2025; Kim et al., 2024). However, the rising quality and
availability of these models also increase the potential for misuse, facilitating the dissemination of misinformation (Rah-
man et al., 2022; Zhang et al., 2024; Chesney and Citron, 2019) and the execution of sophisticated fraud, such as voice
phishing and social engineering attacks (Stupp, 2019). This dual nature of speech generation underscores the critical
need for robust, generalized detection systems (Koutsianos et al., 2025; Firc et al., 2025; Negroni et al., 2025; Stan et al.,
2025; Klein et al., 2025) capable of adapting to constantly evolving generative architectures (Doan et al., 2025; Klein
et al., 2024; Liu et al., 2024; Wang et al., 2024; Baser et al., 2024).

To address these challenges, initiatives such as the ASVspoof (Yamagishi et al., 2021) have been established. Building
upon advancements like AASIST (Jung et al., 2022) and WavLM-ECAPA-TDNN (Desplanques et al., 2020), recent stud-
ies report that self-supervised learning (SSL)-based speech encoder models excel in speech deepfake detection (Combei
et al., 2024; Tran et al., 2025). Among these, WavLM is well-known for its exceptional speaker identification capabilities,
which stem from a pre-training objective that employs a denoising strategy to actively remove both background noise
and overlapping voices from the target speech (Chen et al., 2021). However, we hypothesize that this strong sensitivity to
speaker identity inadvertently hinders the effectiveness of the model when repurposed for deepfake detection. Through
our experiments, we confirm this hypothesis, examining that a significant hurdle in current SSL-based deepfake detection
is the phenomenon of speaker entanglement.

Our analysis reveals that in SSL representations from models such as WavLM (Chen et al., 2021), the embedding
space is dominated by speaker identity rather than the synthesis artifacts essential for detection. Consequently, models
often overfit to specific speakers encountered during training, which hinders their ability to capture intrinsic deepfake
characteristics (Lin et al., 2024). This entanglement creates a decision boundary that is heavily influenced by speaker
clusters, thereby limiting cross-speaker generalization.

To overcome this limitation, we propose a lightweight, speaker-agnostic detection framework. We demonstrate that
the feature space can be mathematically decomposed into a speaker-dependent subspace, a context subspace, and a
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synthesis-artifact subspace (Harsanyi and Chang, 1994; Wang et al., 2023). By defining the speaker subspace and
employing orthogonal projection (Harsanyi and Chang, 1994), we explicitly nullify speaker-related information within
the embeddings. This process yields residual features that further isolate synthesis artifacts, allowing us to bypass the
need for complex deep learning detectors. Remarkably, by simply training a linear classifier on these refined residuals,
we achieve state-of-the-art performance, demonstrating robust generalization even against unseen speakers and novel
TTS architectures. Our main contributions are summarized as follows:

• We quantitatively analyze the speaker entanglement phenomenon, demonstrating that SSL representations are
pre-dominated by speaker identity.

• We propose a framework that mathematically defines the speaker subspace and nullifies speaker information via
orthogonal subspace projection.

• We demonstrate that our method achieves state-of-the-art detection performance and robust generalization to
unseen speakers and TTS models, utilizing a simple logistic regression with only 2,049 parameters.

2 Speaker Entanglement Phenomenon

In this section, we analyze the variance-related properties of audio representations extracted from an SSL model (Chen
et al., 2021) to justify our proposed methodology.

2.1 Discriminative Capacity of WavLM Representations for Speaker Identity

WavLM (Chen et al., 2021) employs an utterance mixing strategy to explicitly preserve speaker characteristics, achieving
SOTA performance in speaker verification. However, this strong embedding of speaker identity can hinder tasks requiring
content or artifact analysis (Ruggiero et al., 2025). Our investigation into utilizing WavLM-Large for distinguishing
synthetic from real speech reveals a critical limitation. As illustrated in Figure 1, t-SNE visualizations demonstrate that
feature clustering is driven primarily by speaker identity rather than the real-synthetic distinction. Because the high
variance associated with speaker identity overshadows the subtle variance caused by synthetic artifacts, the decision
boundary becomes increasingly fragmented in multi-speaker environments, thereby complicating the classification task.
We identify this phenomenon as speaker entanglement. To mitigate this issue, we designed our proposed method to
explicitly disentangle these features, ensuring that the artifact information necessary for distinguishing between real and
synthetic speech becomes the dominant variance factor. Furthermore, we demonstrate that removing speaker identity via
our approach yields robust speaker-agnostic generalization (Section 4.4). These findings confirm that resolving speaker
entanglement fundamentally enhances deepfake detection performance.

2.2 Subspace Decomposition

Based on our observations regarding speaker entanglement, we propose the following hypothesis: The high-dimensional
WavLM feature space, denoted as H, can be decomposed into a speaker-dependent subspace S , a speaker-independent
artifact subspace A, and a residual context subspace C:

H = S +A+ C (1)

To enhance deepfake detection performance, specifically to make the artifact features A more prominent, we devised a
method that nulls the information contained within S.

3 Methodology

To achieve speaker-agnostic synthetic speech detection, we propose the Speaker Nulling for Artifact Projection
(SNAP) framework. SNAP explicitly removes speaker-dependent information from acoustic embeddings via orthogonal
projection (Harsanyi and Chang, 1994), forcing the classifier to focus on synthesis artifacts.
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Figure 1 t-SNE visualization of WavLM-Large feature embeddings for real and synthetic speech samples. (a) Each color represents a
distinct speaker identity. (b) The same embedding space as in (a), colored by audio type (real vs. synthetic).

3.1 Feature Extraction and Normalization

Given an input audio waveform x, we employ a pre-trained WavLM Large (Chen et al., 2021) encoder as our backbone.
To capture complementary information ranging from low-level acoustic details to high-level semantic content, we
extract hidden states from two specific transformer layers: the 8th layer (l = 8) and the 22nd layer (l = 22). This
dual-layer selection aligns with previous analyses demonstrating that shallow layers in self-supervised models primarily
capture low-level acoustic and phonetic properties, whereas deeper layers encode high-level linguistic and semantic
representations (Pasad et al., 2022, 2023). These layers were selected based on empirical validation, as this combination
yielded the most discriminative representations for synthetic speech detection in our preliminary experiments.

Let H(l) ∈ RT×D denote the sequence of hidden states extracted from the l-th layer, where T is the sequence length
and D is the hidden dimension. We concatenate these representations along the feature dimension to form a feature
matrix H:

H =
[
H(8) ; H(22)

]
∈ RT×2D (2)

where [· ; ·] denotes the concatenation operation. To obtain a fixed-size utterance-level representation, we apply mean
pooling along the temporal axis:

f =
1

T

T∑
t=1

Ht ∈ R2D (3)

Finally, we apply L2 normalization to project the feature vector onto a hypersphere, ensuring numerical stability and
facilitating the subsequent subspace projection:

z =
f

|f |2
(4)

3.2 Speaker Subspace Nulling

A challenge in deepfake detection is that the dominant variance in the learned representations often stems from speaker
identity rather than synthesis artifacts. To address this, we hypothesize that the feature space RD can be decomposed
into a speaker-dependent subspace S and the other S⊥ (Harsanyi and Chang, 1994; Wang et al., 2023).

We estimate the speaker subspace from inter-speaker differences. For each unique speaker u ∈ S, we compute the
centroid of their normalized embeddings:

µu =
1

|Iu|
∑
j∈Iu

zj (5)

where Iu = {j : sj = u} denotes the set of sample indices belonging to speaker u. These centroids are stacked to form
a centroid matrix C ∈ R|S|×D.
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Model ITW ASV19 LA ASV21LA ASV21 DF

EER (↓) EER (↓) EER (↓) EER (↓)

RawNet2 40.61 12.14 29.71 22.69
AASIST 43.52 0.82 34.22 16.94
WavLM 22.22 2.62 20.02 8.38
WavLM ECAPA 34.64 0.80 6.67 15.94
Wav2Vec 2.0 ECAPA 30.69 29.69 26.60 22.43

SNAP 15.39 0.35 9.46 5.42

Table 1 Main performance comparison in terms of EER (%). Best results are highlighted in bold and second best results are highlighted
in underscore.

We apply PCA (Pomerantsev, 2014) on the centered centroid matrix C̄ to identify the principal directions of speaker
variation. The covariance matrix is computed as:

Σ =
1

|S| − 1
C̄⊤C̄ (6)

Through eigendecomposition Σ = VΛV⊤, we obtain eigenvectors sorted by descending eigenvalues. The top-K
eigenvectors form the speaker subspace basis:

UK = [v1,v2, . . . ,vK ] ∈ R2D×K (7)

where K is a hyperparameter controlling the dimensionality of the speaker subspace.

Subsequently, we construct a projection matrix to map the embeddings onto the orthogonal complement of the speaker
subspace. Assuming that UK represents the orthonormal basis vectors spanning S, the projection matrix onto the
speaker subspace is defined as Pspk = UKU⊤

K . The orthogonal projection matrix is then defined as:

P⊥ = ID −UKU⊤
K (8)

where ID is the D-dimensional identity matrix. Consequently, the speaker-agnostic residual feature is computed as:

z̃ = P⊥z (9)

This nulling operation (Harsanyi and Chang, 1994) ensures that z̃ retains minimal speaker identity information while
preserving synthesis artifacts and linguistic content.

3.3 Classification

Since speaker variations have been mitigated through orthogonal projection, a simple classifier suffices to discriminate
between real and synthetic speech. We employ logistic regression:

ŷ = σ(w⊤z̃+ b) (10)

where σ(·) denotes the sigmoid function, and w ∈ RD, b ∈ R are learnable parameters. The model is optimized using
Binary Cross-Entropy loss:

LBCE = − 1

N

N∑
i=1

[yi log(ŷi) + (1− yi) log(1− ŷi)] (11)

The simplicity of the classifier validates that the projected features z̃ effectively capture discriminative artifact information
independent of speaker characteristics.

3.4 Inference

During inference, we utilize the orthogonal projection matrix P⊥ and the classification parameters w and b learned
from the training phase. Given a test input, we first extract the feature embedding z following Eq. 2–4. Subsequently, the
embedding is projected onto the subspace as in Eq. 9, and the final classification is performed using Eq. 10.
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Figure 2 Silhouette score comparison of baseline and SNAP features clustered by (a) speaker identity, (b) natural versus synthetic
speech. Shaded areas represent silhouette coefficients of each data sample and dashed lines denote mean scores of all samples. The
mean speaker clustering score drops from 0.026 to -0.002. The natural versus synthetic clustering mean increases from 0.118 to 0.181.
SNAP effectively suppresses speaker identity, isolating synthesis artifacts.

4 Experiments and Results

4.1 Experimental Setup

In our experiments, we employ WavLM-Large to extract features from 16 kHz resampled audio and project them
onto a speaker-nullified subspace (P⊥ with k = 5) to preserve artifact cues while removing speaker information,
subsequently training a logistic regression classifier. For training, we partition the ASVspoof 2019 LA (Todisco et al.,
2019) dataset into an 8 : 2 stratified train-validation split. Notably, due to the inherent nature of the dataset, there is no
speaker overlap between the training and evaluation sets. We evaluate the model on the ASVspoof 2019/2021 LA/DF
and In-the-Wild (Müller et al., 2022) benchmarks using the equal error rate (EER). We compare SNAP against both
end-to-end and SSL-based baselines. End-to-end models include RawNet2 (weon Jung et al., 2020) and AASIST (Jung
et al., 2022). SSL-based systems comprise Wav2vec2-ECAPA-TDNN (Desplanques et al., 2020; Kulkarni et al., 2024),
WavLM-ECAPA-TDNN (Desplanques et al., 2020; Kulkarni et al., 2024), and a standard WavLM baseline utilizing a
logistic regression classifier on the last hidden state of WavLM-Large.

4.2 Main Results

The experimental results are summarized in Table 1. On the ASV19LA dataset, our proposed model achieves an EER
of 0.35%, marking a 56.25% improvement over WavLM-ECAPA-TDNN (Desplanques et al., 2020). Furthermore,
our method achieves an EER of 5.42% on the challenging ASV21 DF partition, significantly outperforming the
AASIST (Jung et al., 2022). Most notably, on the In-The-Wild (Müller et al., 2022), which consists of real-world data
with unpredictable noise and channel variations, our model achieves an EER of 15.39%. This represents a substantial
improvement over the WavLM baseline, which recorded an EER of 22.22%, thereby demonstrating the effectiveness of
our speaker nulling method.

Notably, we achieve this significant performance boost by applying a simple classifier with just 2,049 parameters, once
speaker information was neutralized in the features. This highlights the efficiency of the SNAP method. Our results
illustrate that effective solutions often come from mathematical or algorithmic refinement, rather than relying exclusively
on complex neural architectures. Overall, the results suggest that our model generalizes better to unseen attacks and
diverse channel conditions compared to existing SSL-based and end-to-end methods.
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Train Test Method EER (%) Acc. Prec. Rec. F1

CV2 CV2 AASIST 61.50 0.385 0.385 0.385 0.385
WavLM-ECAPA 5.50 0.945 0.945 0.945 0.945
SNAP 0.00 1.000 1.000 1.000 1.000

F5 AASIST 46.50 0.535 0.535 0.535 0.535
WavLM-ECAPA 23.75 0.763 0.761 0.765 0.763
SNAP 10.50 0.905 1.000 0.810 0.895

F5 F5 AASIST 46.50 0.535 0.535 0.535 0.535
WavLM-ECAPA 0.50 0.995 0.990 1.000 0.995
SNAP 0.00 1.000 1.000 1.000 1.000

CV2 AASIST 61.50 0.385 0.385 0.385 0.385
WavLM-ECAPA 29.75 0.703 0.701 0.705 0.703
SNAP 9.25 0.535 1.000 0.070 0.131

Mixed CV2 AASIST 61.50 0.385 0.385 0.385 0.385
WavLM-ECAPA 7.50 0.925 0.925 0.925 0.925
SNAP 0.00 1.000 1.000 1.000 1.000

F5 AASIST 46.50 0.535 0.535 0.535 0.535
WavLM-ECAPA 2.50 0.975 0.975 0.975 0.975
SNAP 0.00 1.000 1.000 1.000 1.000

Table 2 In-domain and cross-domain evaluation results on CosyVoice2 (CV2) and F5-TTS (F5) generated datasets. Our method
(SNAP) shows robust performance and outperforms strong baselines, especially in cross-domain settings.

4.3 Quantification of Speaker Entanglement

To quantitatively evaluate the speaker entanglement phenomenon, we analyze the clustering structure of embeddings
based on two criteria: (i) speaker identity and (ii) the distinction between real and synthetic speech. We perform balanced
sampling from the ASVspoof 2019 LA training dataset, selecting an equal number of bona fide and spoof utterances for
each combination of attack type and speaker. The silhouette coefficient, based on cosine distance, is then calculated for
each sample.

For comparison, the baseline utilizes the last hidden state of WavLM-Large as input features. In contrast, as described in
Section 3, our method projects the features onto the complement of the speaker subspace. A higher silhouette score
indicates that clusters are well-separated and cohesive.

Figure 2(a) presents the silhouette scores calculated based on speaker identity using the unseen five speakers. Here, the
silhouette scores for our method (blue) decreased compared to the baseline (gray), dropping from 0.026 to −0.002. This
reduction in speaker clustering, combined with the improvement in class separation, confirms that our method effectively
mitigates speaker entanglement. By suppressing speaker-specific information, the model amplifies the artifacts necessary
for distinguishing between bona fide and spoofed speech.

Figure 2(b) illustrates the silhouette scores based on the clustering of bona fide versus spoof classes. SNAP demonstrates
a significant increase in silhouette scores compared to the baseline, with the mean score rising from 0.118 to 0.181. This
suggests that the speaker nulling approach enhances the discriminability between natural and synthetic speech.

4.4 Robustness in Unseen TTS Scenarios

In this section, we focus on examining synthetic speech generated by TTS models, emphasizing robustness against
out-domain scenarios. Unlike standard ASVspoof datasets, we construct a custom dataset by partitioning the Lib-
riSpeech (Panayotov et al., 2015) test set based on speaker identities. Specifically, we allocate 16 distinct speakers
for training (800 samples) and another 16 unseen speakers for testing (200 samples), strictly maintaining a balanced
label distribution across all sets. By using original audio as prompts and identical transcripts for CosyVoice2 (Du et al.,
2024) and F5-TTS (Chen et al., 2024), we generate synthetic data preserving speaker and linguistic content. This strictly
controlled setup enables a rigorous cross-evaluation of speaker invariance and generalization.

Table 2 summarizes the generalization performance of SNAP against strong baselines. In in-domain settings with unseen
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Figure 3 Comparison of Deepfake speech detection error rate between the Baseline (WavLM-Large) and SNAP as the number of
training speakers increases.

speakers, SNAP achieves flawless detection. This perfect performance demonstrates that SNAP successfully extracts
discriminative, speaker-invariant artifacts without simply overfitting to speaker identities. More importantly, cross-
domain evaluations highlight the exceptional generalization capabilities of SNAP to completely unseen TTS models.
Regardless of the training-testing direction between CosyVoice2 and F5-TTS, SNAP maintains a consistently low
EER, significantly outperforming all baselines. Although threshold-dependent metrics, such as accuracy and F1 score,
may exhibit slight fluctuations due to misalignments with the default classification threshold in certain cross-domain
scenarios, the persistently low EER proves that SNAP effectively preserves its inherent discriminative power against
unseen synthetic artifacts. This cross-domain robustness is particularly notable given the fundamental differences in
their vocoder architectures (Yan et al., 2022): CosyVoice2 utilizes a HiFi-GAN vocoder predicting 1D waveforms from
mel-spectrograms, whereas F5-TTS employs a Vocos vocoder predicting complex spectrograms. Therefore, the ability
of SNAP to maintain its discriminative capability across such distinct synthesis fingerprints strongly validates its robust
generalization to entirely unknown TTS algorithms.

Finally, in the mixed-domain environment, SNAP completely mitigates cross-domain vulnerabilities, achieving zero
errors. This confirms that exposing SNAP to diverse synthesis artifacts allows it to seamlessly expand its detection
boundaries. Consequently, these results validate that SNAP learns universally generalizable representations, making it a
highly practical solution against unknown synthetic speech attacks.

4.5 Impact of Nulling Speaker Information

To analyze the impact of nulling speaker information on deepfake speech detection, we incrementally increase the
number of training speakers and compare SNAP against a WavLM baseline, following the identical setup detailed in
Section 4.3. As illustrated in Figure 3, the baseline exhibits EER fluctuations or even degradation despite the increased
number of training speakers. This performance drop is attributed to speaker entanglement, where the model prioritizes
learning speaker identities rather than distinguishing synthesis artifacts. In contrast, SNAP consistently reduces the EER
across diverse datasets as the speaker scale expands. Consequently, nulling speaker information effectively promotes
data generalization and is crucial for constructing a speaker-robust deepfake detection system.

5 Conclusion

In this work, we addressed the phenomenon of speaker entanglement in SSL-based deepfake detection by proposing a
speaker-nulling method via orthogonal projection. By isolating synthetic artifacts from speaker identities, our approach
achieves state-of-the-art performance while generalizing well to unseen speakers. Also, it demonstrates robust general-
ization to unseen TTS models and stable convergence as the training speaker population increases. Future work will
explore applying this speaker-disentanglement framework to other paralinguistic tasks, such as emotion recognition,
enabling models to focus on relevant features unencumbered by speaker-specific variations.
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6 Generative AI Use Disclosure

To facilitate the writing process, the authors utilized generative AI tools solely for the purpose of linguistic editing,
proofreading, and refining the clarity of the manuscript. The authors reviewed all AI-generated suggestions to ensure
accuracy and take full responsibility for the content of the paper.
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