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ABSTRACT

Spoofing detection systems are typically trained using diverse
recordings from multiple speakers, often assuming that the
resulting embeddings are independent of speaker identity.
However, this assumption remains unverified. In this paper,
we investigate the impact of speaker information on spoof-
ing detection systems. We propose two approaches within
our Speaker-Invariant Multi-Task framework, one that mod-
els speaker identity within the embeddings and another that
removes it. SInMT integrates multi-task learning for joint
speaker recognition and spoofing detection, incorporating a
gradient reversal layer. Evaluated using four datasets, our
speaker-invariant model reduces the average equal error rate
by 17% compared to the baseline, with up to 48% reduction
for the most challenging attacks (e.g., A11).

Index Terms— audio deepfake detection, speaker-aware,
speaker-invariant, SSL model

1. INTRODUCTION

Automatic Speaker Verification (ASV) systems offer secure
biometric recognition based on voice characteristics, but so-
phisticated spoofing techniques mimicking legitimate users
pose significant security challenges. To counter these threats,
spoofing detection systems are increasingly deployed to pro-
tect ASV integrity. Prior work has explored multi-task learn-
ing (MTL) to enhance spoofing detection, with ResNet-based
models demonstrating improved performance for ASVspoof
2019 by incorporating speaker recognition as an auxiliary
task [1]. These results indicate that speaker-related infor-
mation provides complementary cues that help discriminate
between bona fide and spoofed utterances.

MTL approaches combining speaker recognition and
spoofing detection have been more commonly applied in
spoofing-aware speaker verification (SASV) tasks [2], but
attract less attention in standalone spoofing detection. One
reason could be the limited number of speakers in spoofed
datasets like ASVspoof 2019 [3] which, despite providing
speaker labels, lacks sufficient diversity for robust speaker-
related training. Prior work [4] addressed this through multi-
stage training: first pre-training models using large-scale
speaker recognition datasets like VoxCeleb2, followed by
fine-tuning using the ASVspoof 2019 dataset with multi-task

objectives. The recent ASVspoof 5 [5] database, with its ex-
panded set of speaker IDs, supports direct MTL for spoofing
detection, motivating our investigation into unified training
paradigms optimized jointly for both tasks.

Recent self-supervised learning (SSL) models signif-
icantly outperform traditional architectures by leveraging
large-scale pre-training to capture rich speech representa-
tions [6, 7, 8]. Spoofing detection systems are generally
trained on varied recordings from multiple speakers, typi-
cally assuming that generated embeddings are independent
of speaker identity. This hypothesis is questionable and is
dependent on the training data, particularly when the number
of speakers or their diversity is limited.

In this paper, we investigate the role of speaker identity
in spoofing detection systems. Specifically, our goal is to
determine whether explicitly incorporating speaker-related
information enhances performance or, conversely, degrades
it. Additionally, we explore whether suppressing speaker-
specific information could be beneficial. To address these
questions, we propose the Speaker-Invariant Multi-Task
(SInMT) framework, an SSL-based architecture which ex-
ploits SSL-based feature extraction with Multi-Head Factor-
ized Attention (MHFA) classifiers. SInMT supports flexible
switching between two configurations. The first, Speaker-
Invariant (MHFA-IVspk), employs a gradient reversal layer
(GRL) with two classification heads, one for binary spoof de-
tection and one for speaker identification (using speaker IDs),
to adversarially minimize speaker discriminability. By sup-
pressing speaker-specific information, the model focuses on
spoofing indicators. The second, Speaker-Aware (MHFA-
spk), jointly trains spoofing detection and speaker identi-
fication tasks without GRL, leveraging speaker-dependent
cues to improve detection in scenarios where spoofs ex-
hibit mismatched speaker characteristics. The framework
enables seamless switching between configurations by acti-
vating or deactivating the GRL, allowing direct comparisons
of speaker-aware and speaker-invariant strategies within a
unified SSL backbone.

Our main contributions are:

• SInMT framework: We investigate the impact of
speaker information on spoofing detection systems
by proposing a flexible SSL-based framework. The
SInMT unifies speaker-aware and speaker-invariant



approaches for spoofing detection, built using SSL rep-
resentations with dual MHFA classifiers. We will show
that handling speaker information, either by removing
it or integrating it, improves performance.

• Comprehensive empirical evaluation: We demon-
strate that both configurations consistently outperform
the baseline MHFA model, with MHFA-IVspk reduc-
ing the average equal error rate (EER) by 17.2% across
four datasets, and delivering substantial improvements
for the most challenging attack types (e.g., a 48% EER
reduction for attack A11).

2. SSL-BASED SPOOFING DETECTION

Our approach to spoofing detection uses SSL models to ex-
tract representations from raw audio. The model architec-
ture includes two primary components: an SSL-based fea-
ture extractor and a back-end classifier. The feature extraction
module comprises a CNN encoder and a Transformer-based
contextual network. The CNN encoder transforms raw audio
into latent representations z1:T , compressing dimensionality.
These representations are then processed by the Transformer-
based contextual network, yielding context-aware representa-
tions o1:T . The Transformer’s self-attention mechanism ef-
fectively models long-range dependencies critical for inter-
preting speech patterns. We assess and benchmark three back-
end classifiers as baselines: Conformer [7], MHFA [8], and
AASIST [9].

3. SPEAKER-INVARIANT MULTI-TASK
FRAMEWORK FOR SPOOFING DETECTION

We propose the SInMT framework for speech spoofing de-
tection, designed to either leverage or suppress speaker in-
formation through a flexible architecture. SInMT enables
two configurations: a speaker-aware (MHFA-spk) that jointly
optimizes spoofing detection and speaker recognition, and a
speaker-invariant (MHFA-IVspk) that uses a GRL to suppress
speaker-specific patterns.

3.1. Architecture

The SInMT framework uses a SSL backbone and MHFA clas-
sifiers, as depicted in Figure 1. The MHFA classifiers used
in the SInMT framework are identical to those of the MHFA
baseline model. SInMT comprises:

• Feature Extractor: A pre-trained XLSR encoder [10]
that maps raw audio to a sequence of contextualized
frame-level embeddings.

• Spoofing Classifier Head: A MHFA network that uses
the XLSR embeddings to predicts the binary label ŷs ∈
{bonafide, spoof}.

Fig. 1: Our model architecture with dual classifiers and GRL.

• Speaker Classifier Head: A second MHFA network
(structurally identical to the spoofing head) that pre-
dicts the speaker ID ŷd ∈ 1, . . . , D, where D is the
number of speakers used during training.

• Gradient Reversal Layer (GRL): Inserted between
the feature extractor and the speaker classifier head. In
the forward pass, the GRL acts as an identity. During
backpropagation, it multiplies the gradients by a hyper-
parameter −λ to encourage the feature extractor to re-
move speaker-specific patterns.

For MHFA-spk, the spoofing and speaker heads are trained
jointly with a gradient scaling factor λ = −1 to leverage
speaker-specific cues.

3.2. Speaker-Invariant Adversarial Training

To generate embeddings that are invariant to speaker identity,
we employ an adversarial training objective. For an input au-
dio signal x, the feature sequence is denoted as o = f(x). The
spoofing classifier is represented by gs(·), and the speaker
classifier by gd(·). The training process optimizes the fol-
lowing objective:

min
f,gs,gd

Ls(gs(f(x)), ys) + αLd(gd(GRL(f(x))), yd) (1)

Here, the terms are defined as:

• Ls: cross-entropy loss for classifying spoofing at-
tempts.

• Ld: cross-entropy loss for speaker identification.

• α: a hyperparameter that adjusts the balance between
spoofing detection and speaker invariance.

3.3. Parameter Optimization via Backpropagation

Model parameters are updated using stochastic gradient de-
scent to achieve speaker-invariant features for spoofing detec-
tion. Let θf , θgs , and θgd denote the parameters of the XLSR



Table 1: Model performance comparison in term of Equal Error Rate (EER).

EER
Model ITW ASV5 eval ASV21LA ASV21DF Pooled
AASIST 7.03 5.54 13.66 9.60 8.95
Conformer 5.69 3.85 12.49 10.40 8.10
MHFA 4.31 4.64 12.14 8.58 7.41
MHFA-spk 3.76 5.29 8.67 8.41 6.53
MHFA-IVspk 3.58 4.98 8.41 7.57 6.13

Table 2: Model performance (% EER) of different models, evaluated on ASVspoof 2021 LA break down: attack types (A07-
19). The pooled indicates the average performance across all categories.

Model A07 A08 A09 A10 A11 A12 A13 A14 A15 A16 A17 A18 A19 Pooled
MHFA 1.54 1.91 0.76 20.77 17.02 3.45 4.75 3.82 1.49 4.32 7.01 19.67 37.57 12.14
MHFA-spk 1.07 1.14 0.67 14.40 10.30 3.72 6.61 1.94 1.15 3.72 4.93 11.18 28.61 8.67
MHFA-IVspk 0.88 1.15 0.45 12.56 8.76 3.52 3.61 2.36 1.12 3.32 4.76 15.45 24.85 8.41

feature extractor, spoofing classifier, and speaker classifier, re-
spectively. The updates are performed as follows:

θf ← θf − µ

(
∂Li

s

∂θf
− λ

∂Li
d

∂θf

)
(2)

θgs ← θgs − µ
∂Li

s

∂θgs
(3)

θgd ← θgd − µ
∂Li

d

∂θgd
(4)

In Equations (2) to (4), µ represents the learning rate, and
λ is a hyperparameter that controls the weight of the speaker-
invariant loss [11]. The feature extractor update in (2) min-
imizes the spoofing classification loss Li

s while maximizing
the speaker classification loss Li

d through the GRL, which
scales the speaker classifier gradient by −λ during backprop-
agation. This outs to confuse the speaker classifier, thereby
promoting speaker invariance. Equations (3) and (4) update
the spoofing and speaker classifiers, respectively, using stan-
dard gradient descent to optimize gs(·) and gd(·).

4. EXPERIMENTAL SETUP

4.1. Datasets and Metrics

We train models using the ASVspoof 5 training set which
comprises approximately 180,000 utterances collected from
400 speakers. For evaluation, we use four datasets: ASVspoof
5 evaluation set, In-the-Wild (ITW) [12], ASVspoof 2021 LA
and DF hidden subsets [13, 14]. These hidden subsets have
non-speech segments removed, preventing models from ex-
ploiting such shortcuts. Prior work [15] shows the challenges
presented by these hidden subsets, compared to standard eval-
uation subsets, since they demand reliance on core spoofing
cues rather than non-speech-related shortcuts. Performance
is evaluated using the EER.

4.2. Data Augmentation

During training, we employed common data augmentation
strategies using the MUSAN dataset and the real room im-
pulse response (RIR) database [16, 17]. Each training utter-
ance is enhanced with one of four augmentation techniques:
reverberation, speech, music, or noise ([18], Section 3.2). For
consistency, all experiments reported in this paper adopt the
same data augmentation protocol.

4.3. Implementation Details

During training, input utterances are randomly segmented
into 4-second clips. For evaluation, models operate on com-
plete audio clips. We use the Adam optimizer [19] with a
learning rate of 10−6 to minimize a weighted cross-entropy
loss. Training is conducted in batches of 32 samples over 30
epochs using NVIDIA A100 GPUs. The hyperparameter α
is set to 0.1. We train the MHFA-spk model with a gradi-
ent scaling factor λ = −1, leveraging speaker-specific cues.
Subsequently, the MHFA-IVspk model is initialized from
the pre-trained MHFA-spk model, and then trained with the
GRL-enabled adversarial objective using λ = 1 to enforce
speaker invariance.

5. RESULTS

We compare the performance of three baseline models (AA-
SIST, Conformer, and MHFA), then choose the best (MHFA)
for experiments with our SInMT framework.

5.1. Model Performance Comparision

Table 1 presents performance for four datasets. Among the
baseline models, MHFA achieves the best average perfor-
mance, reducing the pooled EER by 17.2% compared to
AASIST. The most significant improvement is observed for



(a) MHFA. (b) MHFA-spk. (c) MHFA-IVspk.

Fig. 2: t-SNE visualization of embeddings from MHFA, MHFA-spk and MHFA-IVspk models, showcasing audio representa-
tions of ten distinct speakers from the ASVspoof 5 dataset, each represented by a unique color.

the ITW dataset, where MHFA reduces the EER from 7.03%
to 4.31% (38.7% relative gain). Consequently, we apply our
SInMT framework to the MHFA classifier to further enhance
performance.

We now compare MHFA-spk and MHFA-IVspk against
the MHFA baseline. MHFA-spk improves the pooled EER
by 11.8% (from 7.41% to 6.53%), with the largest gain for
the ASVspoof 2021 LA dataset, reducing the EER from
12.14% to 8.67%. MHFA-IVspk further improves perfor-
mance, achieving a 17.2% reduction in pooled EER compared
to MHFA (from 7.41% to 6.13%). Notable improvements are
seen for out-of-domain datasets: ASVspoof 2021 LA (30.7%
relative gain, 12.14% to 8.41%) and ITW (17.0% relative
gain, 4.31% to 3.58%). MHFA-IVspk slightly outperforms
MHFA-spk, but their condition-specific advantages are un-
clear. We suspect that MHFA-IVspk excels on spoofing
datasets with unseen speakers due to its speaker-invariant
training, while MHFA-spk may be superior on datasets with
seen speakers. As the evaluation datasets feature disjoint
speakers, future work will evaluate MHFA-spk on closed-set
speaker datasets to confirm these distinctions.

5.2. Visualisation

A visualisation of embeddings using t-SNE is shown in Fig. 2.
Specifically, we apply t-SNE on the embeddings of audio
samples from 10 distinct speakers selected at random from
the ASVspoof 5 training dataset. In the embedding space for
the MHFA model, we observe a partial separation between
speaker IDs, though clusters remain closely packed. This sug-
gests some retention of speaker-specific information. For the
MHFA-spk model, the visualization shows more pronounced
clustering by speaker identity, indicating that this model bet-
ter preserves speaker-specific information. Notably, each
speaker ID forms small sub-clusters, potentially reflecting
individual speaker characteristics. In contrast, MHFA-IVspk,
trained with a GRL to suppress speaker discriminability,
shows no distinct speaker clusters, corresponding to the ob-

jective of minimising speaker-specific information while
focusing on spoofing-related information cues.

5.3. Attack Types Breakdown Analysis

An analysis of model performance across different attack
types in the ASVspoof 2021 LA dataset is presented in Ta-
ble 2. The dataset includes diverse attack types, ranging from
text-to-speech and voice conversion to hybrid approaches.
The attack types exhibit performance variability, reflecting
their distinct synthesis characteristics. Our proposed mod-
els, MHFA-spk and MHFA-IVspk, demonstrate performance
gains across all attack types compared to the MHFA baseline.
The most substantial improvements are observed for A10
and A11, where the high naturalness and speaker similarity
typically pose significant detection challenges. Specifically,
compared to MHFA, MHFA-IVspk achieves a 40% relative
EER reduction for A10 (from 20.7% to 12.5%) and a 48%
relative EER reduction on A11 (from 17.0% to 8.7%).

6. CONCLUSION

This study demonstrates the critical role of speaker-specific
information in enhancing spoofing detection systems. We
found that handling speaker information, either by removing
it or integrating it, is crucial. Our proposed SInMT frame-
work, leveraging the MTL with a GRL, effectively integrates
speaker identification and spoofing detection. The SInMT en-
ables flexible switching between speaker-aware (MHFA-spk)
and speaker-invariant (MHFA-IVspk) configurations. As-
sessed across four datasets, both configurations outperform
the MHFA baseline, with the MHFA-IVspk model reducing
the pooled EER by 17%. Future work will explore a hy-
brid approach that dynamically integrates speaker-aware and
speaker-invariant models.
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