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Abstract—In this study, we systematically investigate the
impact of emotional expression and face mask types on the
performance of automatic speaker verification (ASV) systems.
To address the performance degradation caused by these vari-
abilities, we propose a general compensation framework that
separates the speaker identity from emotion- and mask-related
distortions in speaker embeddings. Our approach leverages a
deep neural network architecture that projects embeddings into
distinct variability spaces, using eGeMAPS features for emotion
compensation and Vision Transformer (ViT) representations
from multi-channel spectrograms for mask compensation. This
approach effectively separates speaker-specific characteristics
from task-related nuisance factors. We evaluate the proposed
compensation models on the CREMA-D dataset, demonstrating
their robustness and effectiveness in mitigating the negative
effects of emotional and muffled speech. The proposed models
can be integrated into both end-to-end and stage-wise ASV
systems, enhancing the generalizability of speaker embeddings
in challenging conditions.

Index Terms—Speech Verification, Compensation Technique,
Face Mask, Spectrogram, ViT

I. INTRODUCTION

The rapid advancement of AI and mobile technology has
increased the importance of robust speaker verification. While
smart and mobile devices offer greater convenience, they also
present challenges for speaker verification systems—especially
when there are mismatches between enrollment and test
recording conditions. These systems typically rely on speaker
embeddings to represent individual speakers. However, in real-
world scenarios, it is difficult to ensure that test recordings
match enrollment conditions. Variability may arise from a
range of factors, including internal influences such as emo-
tional state or health conditions, and external influences such
as recording environment, the use of face masks, etc.

In this study, we propose general solutions to verify speakers
whose speech is influenced by emotional expression and / or
muffled by face masks. A key challenge in such scenarios is
the variability mismatch between enrollment and test speech.
Enrollment is typically conducted using clear, neutral speech
without obstructions. In contrast, test speech may contain
emotional cues or acoustic distortions caused by face masks,
affecting the speech signal. These discrepancies lead to mis-
matches with enrollment data, reducing the reliability and
effectiveness of conventional speaker verification systems.

Several recent studies have addressed the impact of face
masks on automatic speaker verification (ASV). For example,
Magee et al. [1] observed that different types of face masks
attenuate frequencies above 3-5 kHz, reducing speech intel-
ligibility and negatively affecting ASV performance. Khan et
al. [2] proposed a peak norm filter to mitigate the effects of
mask-muffled speech under various microphone conditions.
Similarly, Chen et al. [3] developed a ResNet-based sys-
tem with multi-head attention to improve robustness against
masked speech. Beyond external factors such as face masks,
internal factors—particularly the speaker’s emotional state—
can also degrade ASV performance [4]. Earlier work addressed
this mismatch using feature-level conversion and score normal-
ization techniques. More recent approaches have focused on
modeling the relationship between speaker identity and emo-
tional variability through compensation methods [4], [5], [6],
[7]. For instance, Campbell et al. [6] introduced a Nuisance
Attribute Projection (NAP) method for channel compensation
in GMM-SVM-based systems. Sarma et al. [8] later proposed a
DNN-based approach to compensate for emotional variability
in I-vector representations.

In this study, we systematically investigate the effects of
different emotional states and various types of face masks on
automatic speaker verification (ASV). To mitigate the variabil-
ity they introduce, we develop robust ASV systems equipped
with dedicated compensation mechanisms. Specifically, we
propose an advanced DNN-based framework that projects
speaker embeddings into targeted variability subspaces.

For emotion compensation, our objective is to separate
speaker identity from emotion-related variability in raw em-
beddings. To this end, we augment speaker embeddings with
the hand-crafted acoustic feature set eGeMAPS, which serves
as an explicit projection of the emotion subspace and helps
reduce emotion-induced distortion. To compensate for face
mask—induced variability, we introduce a ViT-BiLSTM-based
model. Unlike the emotion compensation approach, which
relies on hand-crafted cues, this model employs a pre-trained
Vision Transformer (ViT) to extract mask-related representa-
tions from multi-channel linear-scale spectrograms of mask-
muffled speech. A BIiLSTM layer then captures temporal
dependencies and produces a learnable projection of mask-
related variability. Our contributions are threefold:

o Impact Analysis: We analyze how emotional and mask-
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muffled speech affect the performance of various speaker
verification systems.

o Proposed Compensation Methods: We introduce two
novel compensation strategies targeting emotional and
face mask-induced variability.

o Integration and Generalizability: The proposed com-
pensation models can be integrated into both end-to-end
and stage-wise ASV pipelines, improving the generaliz-
ability of speaker embeddings across complex real-world
conditions.

II. RELATED WORK

o Vision Transformer (ViT): Dosovitskiy et al. [9] in-
troduced the Vision Transformer (ViT), which adapts
the transformer architecture for image classification. It
divides an image into non-overlapping patches using a
p X p convolutional kernel with stride p, where p is
the patch size. ViT adds 1D positional embeddings to
retain spatial information and includes a class token to
summarize global features.

e RawNet3: RawNet3 is an end-to-end speaker verification
model that merges elements from RawNet2 [10] and
ECAPA-TDNN [11]. It features a Res2Net-based mod-
ule and multi-layer aggregation, achieving strong results
on VoxCelebl [12] and VoxCeleb2 [13]. We adopt the
ESPnet-SLU implementation from [14].

o TitaNet: TitaNet is a scalable speaker verification model
with an encoder-decoder structure [15]. It uses 1D depth-
wise separable convolutions and Squeeze-and-Excitation
(SE) layers to capture utterance-level context. In this
study, we use the TitaNet-L variant with 25.3 million
parameters as a pre-trained embedding model.

III. METHOD

We propose a comprehensive solution for speaker verifica-
tion in the presence of emotional variability and mask-muffled
speech. The proposed compensation model integrates seam-
lessly into both end-to-end and stage-wise speaker verification
frameworks. Figure 1 illustrates the overall architecture of the
model and its integration within these systems.

A. Emotion Compensation Model

Previous studies have shown that speaker-based utterance-
level representations, such as i-vectors and Xx-vectors, can
capture both speaking style and emotional content [4]. In
speaker verification tasks, the presence of emotion-related
variability often degrades system performance. To address this,
Sarma et al. [8] proposed a DNN-based method to extract
emotion-invariant embeddings from compensated i-vectors,
thereby improving performance in speaker identification. Their
model employs a three-layer DNN to transform emotionally
affected i-vectors into their neutral equivalents.

In this study, we propose a more flexible emotion compen-
sation framework. Instead of relying on i-vectors, we use raw
speaker embeddings as input, making the approach compatible
with a wide range of embedding extractors and architectures.

To disentangle speaker identity from emotional variability, we
incorporate the extended Geneva Minimalistic Acoustic Pa-
rameter Set (eGeMAPS)—an 88-dimensional expert-designed
acoustic feature set—as a projection of the emotion subspace.

The model is trained by taking embeddings from emotional
speech as input and embeddings from corresponding neutral
speech as the target. The resulting compensated embeddings
can be seamlessly integrated into downstream ASV systems.
An overview of the proposed architecture is shown in Figure 1.

B. ViT-based Mask Compensation Model

We introduce a versatile solution for face mask compen-
sation in speaker verification by separating speaker-specific
information from mask-induced distortions through a learnable
projection of mask-related variability. Our method begins by
extracting multi-channel linear-scale spectrograms from mask-
muffled speech. Following prior work [16], we generate single-
channel spectrograms using window sizes of 8, 15, and 30
milliseconds and stack them along the channel axis, improving
time—frequency resolution.

To obtain high-level representations, we use a pre-trained
Vision Transformer (ViT) [9], which employs multi-head self-
attention to capture internal structure and long-range depen-
dencies among spectrogram patches. Instead of using the
pooled output, we take the final hidden layer representation to
retain local details relevant to mask variability. This represen-
tation is then fed into a bidirectional LSTM (BiLSTM), which
models temporal structure and produces a learnable projection
of mask-induced variability. The projection is concatenated
with the original speaker embedding and passed through a
three-layer DNN for final compensation. The overall architec-
ture is shown in Figure 1. In this work, we use the ViT-H/14
model pre-trained on ImageNet-21k [17].

C. Stage-wise Speaker Verification System

In this study, we adopt the conventional X-vector/PLDA
pipeline as the baseline model for stage-wise speaker veri-
fication. The overall structure of the baseline framework is
shown in Figure 1. In the front end, Mel-frequency cepstral
coefficients (MFCCs) and voice activity detection (VAD)
features are extracted from each audio file. These features
are used to adapt a pre-trained time-delay neural network
(TDNN) for X-vector extraction following Snyder et al. [18].
Specifically, we use the pre-trained SITW model provided
by the Kaldi toolkit [19], trained on the augmented Vox-
Celebl [12] and VoxCeleb2 [13] datasets. The resulting raw
speaker embeddings are then processed using our proposed
mask compensation model. In the back end, linear discriminant
analysis (LDA) [20] and within-class covariance normalization
(WCCN) [21] are applied for channel compensation. After
length normalization, the compensated X-vectors are used
to train a probabilistic linear discriminant analysis (PLDA)
model [22] for final speaker verification.

D. End-to-End Speaker Verification System

The proposed mask compensation model can also be seam-
lessly integrated into end-to-end architectures by inserting
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Fig. 1: End-to-End and Stagewise speaker verification system with mask compensation.

the compensation block directly after the speaker embedding
layer. As illustrated in Figure 1, the compensated embedding
replaces the original one for scoring and decision-making.
To evaluate the effectiveness of our method in end-to-end
settings, we integrate it with two leading speaker verification
systems—RawNet3 [14] and TitaNet [15]—both pre-trained
on VoxCelebl [12]. These systems achieve state-of-the-art
performance, providing a strong testbed for assessing the
benefits of our compensation approach.

IV. EXPERIMENTS & RESULTS
A. Dataset

In this study, we utilize the CREMA-D dataset [23], an
audiovisual emotion corpus comprising 7,442 video clips
totaling over 10 hours. The clips feature 91 speakers of
diverse ethnic backgrounds, with each speaker delivering 12
distinct sentences across six basic emotions: anger, disgust,
fear, happiness, neutral, and sadness.

ol

(a) NoMask

(b) M_Fabric

(c) M_Surgical

Fig. 2: Example speech waveform and Multichannel Spec-
trogram for original speech without mask (left), re-generated
speech with surgical mask (middle), and fabric mask (right).

For our experiments, we focus exclusively on the audio
modality. To simulate mask-muffled speech, we recreated
audio using two types of face masks—a fabric mask and
a disposable surgical mask [24]. Original audio clips were
played through a Bose SoundLink Micro Bluetooth speaker
covered by each mask, and the resulting muffled signals were

recorded with a digital sound recorder. This process produced
three versions of every utterance: clean speech (No_Mask),
speech with a surgical mask (M_Surgical), and speech with
a fabric mask (M_Fabric). Figure 2 shows example wave-
forms and multichannel spectrograms, highlighting the high-
frequency attenuation caused by the masks.

We evaluate the proposed mask-invariant speaker verifica-
tion models using these datasets. Each speaker contributes 12
utterances (~36 secs) per emotion. As shown in Table I, train-
ing uses 611 utterances (~18-33 secs), while the remaining
1-6 utterances (~3—18 secs) are reserved for testing.

TABLE I: Speaker models trained and tested with various
amount of training and testing data.

[ Speaker Models | Training Data [ Testing Data |

33s 11 utterances (~33 secs) | 1 utterance (~3 secs)
30s 10 utterances (~30 secs) | 2 utterances (~6 secs)
27s 9 utterances (~27 secs) | 3 utterances (~9 secs)
24s 8 utterances (~24 secs) |4 utterances (~12 secs)
21s 7 utterances (~21 secs) |5 utterances (~15 secs)
18s 6 utterances (~18 secs) | 6 utterances (~18 secs)

B. Within-Emotion Speaker Verification on Clean Speech

Table II summarizes the performance of various speaker
verification (SV) systems on clean speech for within-emotion
experiments, where the training and testing utterances share
the same emotional state. All systems perform better on neutral
speech than on emotional speech, indicating that emotional
variability introduces additional challenges for SV. We also
find that the stage-wise X-Vector/PLDA system is highly
sensitive to the amount of training data, as its PLDA backend
is trained from scratch and strongly depends on the size and
characteristics of the training set. A pre-trained PLDA backend
was also examined but did not perform comparably to the
version trained from scratch.

C. Cross-Emotion Speaker Verification on Clean Speech

Table III reports cross-emotion results, where models are
trained on neutral speech and tested on emotional speech. As
expected, all systems show degraded performance compared to
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TABLE II: Equal Error Rate (EER%) results on clean speech
(No_Mask) for multiple speaker verification (SV) systems
trained with varying amounts of within-emotion data.

Amount of Training data
33s | 30s | 27s | 24s | 21s | 18s

EER% on Neutral Speech
X-Vector/PLDA | 4.92 | 7.02 | 7.04 | 10.68 | 25.47 | 33.21
RawNet3  [3.92] 431 | 438 | 425 | 4.02 | 3.76
TitaNet [5.12] 5.14 | 541 | 5.19 | 478 | 4.28
EER% on Emotional Speech
X-Vector/PLDA | 5.52 [ 11.96 | 14.2 | 19.02 | 28.87 | 36.88
RawNet3  |8.18] 8.80 | 9.23 | 9.08 | 8.80 | 8.64
TitaNet [8.79 1 10.39 | 10.32 | 10.38 | 10.01 | 9.38

SV System

the within-emotion results in Table II, reflecting the challenge
posed by emotional mismatch.

For the X-vector/PLDA baseline, the performance gap be-
tween within- and cross-emotion settings narrows as training
data decreases, suggesting that emotion-specific training be-
comes less impactful in low-resource scenarios and that the
model struggles to generalize emotional variability.

We then evaluate the proposed emotion compensation mod-
els. Across all systems, emotion-compensated embeddings
consistently outperform the cross-emotion baseline. Among
them, RawNet3 shows the greatest improvement. Notably,
for both end-to-end systems—RawNet3 and TitaNet—the
compensated embeddings even surpass their within-emotion
performance, indicating that the compensation model not only
mitigates emotional variability but also enhances the overall
robustness of speaker representations.

TABLE III: Equal Error Rate (EER%) results for cross-
emotion experiments across multiple SV systems trained with
varying amounts of clean speech (No_Mask)

Amount of Training data
33s | 30s | 27s | 24s [ 2Is | 18s

Cross Emotion EER%
X-Vector/PLDA | 14.30 | 16.29 | 16.25 | 21.05 | 32.34 | 37.36
RawNet3 | 11.20 | 11.70 | 10.10| 9.81 | 9.50 | 8.93
TitaNet | 11.91 | 13.01 | 10.97 | 11.02 | 10.13 | 10.10

SV System

Emotion Compensation Embedding EER%
X-Vector/PLDA | 8.71 | 15.10 | 13.60 | 15.16 | 27.28 | 33.75
RawNet3 | 5.44 | 8.03 | 7.26 | 6.56 | 6.29 | 6.07
TitaNet | 6.55 |10.20 | 8.66 | 7.53 | 8.03 | 6.96

D. Speaker Verification with Mask-muffled Speech

We now examine speaker verification under mask-muffled
speech. To systematically evaluate the impact of different

TABLE IV: Equal Error Rate (EER%) for Fabric (M_Fabric)
and Surgical mask (M_Surgical) conditions across multiple
SV systems trained with varying amounts of data.

Amount of Training data
33s | 30s | 27s | 24s [ 21Is | 18s

Fabric Face Mask Within Corpus EER%
X-Vector/PLDA | 17.15 | 21.98 | 24.79 | 29.33 | 36.06 | 42.92
RawNet3 | 24.85|27.21 | 26.91 | 26.98 | 26.28 | 25.53
TitaNet |24.21 | 26.11 | 25.36 | 25.84 | 25.83 | 25.25
Fabric Face Mask Cross Corpus EER%
X-Vector/PLDA | 35.35 | 37.42 | 39.53 | 41.66 | 45.44 | 46.85
RawNet3 | 32.63 | 33.10 | 33.94 | 34.24 | 34.07 | 33.64
TitaNet | 34.09 | 34.64 | 35.87 | 35.77 | 35.17 | 34.60
Fabric Face Mask Compensation Embedding EER%
X-Vector/PLDA | 17.61 | 20.44 | 21.22 | 24.57 | 30.64 | 39.77
RawNet3 | 19.46 | 19.78 | 20.20 | 20.61 | 20.26 | 20.20
TitaNet [23.13|23.79 | 24.10 | 23.74 | 23.13 | 23.31

SV System

Surgical Face Mask Within Corpus EER%
X-Vector/PLDA | 33.39 | 36.42 | 38.85 | 40.71 | 44.49 | 46.40
RawNet3 | 32.63 | 35.88 | 35.56 | 35.98 | 35.46 | 34.38
TitaNet | 36.18 | 36.95 | 36.91 | 37.64 | 38.16 | 37.46

Surgical Face Mask Cross Corpus EER%
X-Vector/PLDA | 38.61 | 41.19 | 41.49 | 43.57 | 45.80 | 47.30
RawNet3 | 34.16 | 35.33 | 36.97 | 37.22 | 36.95 | 36.67
TitaNet | 36.73 | 36.76 | 38.32 | 38.34 | 37.57 | 37.53

Surgical Face Mask Compensation Embedding EER%
X-Vector/PLDA | 22.17 | 25.3 |29.76 | 26.08 | 33.05 | 39.52
RawNet3 | 22.07 | 23.33 | 24.69 | 23.90 | 23.98 | 23.27
TitaNet | 26.74 | 27.81 | 28.61 | 27.94 | 27.53 | 27.64

face masks, we conduct two groups of experiments: within-
corpus and cross-corpus. In the within-corpus setting, both
training and testing utterances come from the same corpus
(i.e., recorded under the same mask condition). In the cross-
corpus setting, models are trained on clean speech but tested
on mask-muffled speech. In both cases, the emotional states
of the training and testing utterances are always matched.

Tables IV present the speaker verification (SV) results for
fabric and surgical mask conditions, respectively. Compared
with the clean-speech results in Table II, it is evident that
face masks significantly degrade SV performance in both
within-corpus and cross-corpus settings. All three SV systems
show reduced accuracy, with surgical masks causing the most
pronounced performance decline.

We first evaluate the effectiveness of the compensation
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models on fabric masks. As shown in Table IV, a clear
performance gap exists between within-corpus and cross-
corpus settings: embeddings extracted from clean speech per-
form poorly when tested on fabric mask—muffled speech. In
contrast, the compensated embeddings consistently outperform
the original embeddings from both clean and masked speech.
Among the three systems, RawNet3 performs best in most
cases, though with sufficient training data the X-vector/PLDA
model becomes comparable or even superior. The pre-trained
end-to-end models offer no clear advantage over the stage-wise
baseline, highlighting the effectiveness of our compensation
approach in improving embedding generalizability.

For surgical masks, performance declines further. As illus-
trated in Figure 2, surgical masks (M_Surgical) introduce
stronger high-frequency attenuation, leading to worse SV
performance across all systems. The mismatch between clean-
speech training and surgical mask testing severely impacts
the X-vector/PLDA model. With limited training data, its
EER approaches random guessing. Still, the compensated
embeddings again outperform the original embeddings derived
from either clean or mask-muffled speech. RawNet3 achieves
the best results, although the stage-wise X-vector/PLDA model
remains competitive—and can surpass TitaNet—when 24 sec-
onds or more of training data are available.

TABLE V: Cross-emotion speaker verification results (EER %)
on fabric mask-muffled speech (M_Fabric).

Amount of Training data
33s | 30s | 27s | 24s | 2Is |

Cross-Emotion, Within-Corpus EER%
RawNet3 |29.54 |30.92 | 29.67 | 28.70 | 28.01 | 27.71
TitaNet | 28.65 | 29.70 | 28.31 | 28.24 | 28.10 | 28.11

SV System

18s

Cross-Emotion, Cross-Corpus EER%
RawNet3 | 34.20 | 34.51 | 33.43 | 32.94 | 32.84 | 32.60
TitaNet | 34.38 | 35.61 | 34.75 | 35.06 | 35.29 | 35.13

Cross-Emotion, Fabric Face Mask Compensation EER%
RawNet3 | 21.61 | 22.70 | 20.84 | 20.02 | 19.36 | 19.78
TitaNet | 25.18 | 25.61 | 23.37 | 23.51 | 23.26 | 24.09

Emotional & Fabric Face Mask Compensation EER%
RawNet3 |19.28 | 19.61 | 19.11 | 18.44 | 18.21 | 17.99
TitaNet | 21.73 | 23.39 | 21.74 | 21.07 | 21.56 | 21.45

E. Cross-Emotion Speaker Verification With Mask-muffled
Speech

Finally, we examine the most challenging scenario: cross-
emotion speaker verification with mask-muffled speech. Since
the end-to-end systems consistently outperform the stage-wise
baseline, our analysis of these complex cases focuses only on
the two end-to-end speaker verification models.

TABLE VI: Cross-emotion speaker verification results
(EER%) on surgical mask-muffled speech (M_Surgical).

Amount of Training data
33s | 30s | 27s | 24s | 2Is |

Cross-Emotion, Within-Corpus EER%
RawNet3 | 37.59 | 38.63 | 37.71 | 37.37 | 36.93 | 36.75
TitaNet | 39.48 | 39.59 | 39.54 | 38.78 | 38.61 | 38.47

SV System 135

Cross-Emotion, Cross Corpus EER%
RawNet3 | 35.28 | 37.83 | 37.36 | 37.02 | 36.95 | 36.42
TitaNet | 38.65 | 39.94 | 38.61 | 38.60 | 39.02 | 38.72

Cross-Emotion, Surgical Face Mask Compensation EER%
RawNet3 |24.78 |25.06 | 24.71 | 23.78 | 24.16 | 23.52
TitaNet |29.88 | 29.67 | 28.90 | 28.44 | 27.75 | 27.55

Emotional & Surgical Face Mask Compensation EER%
RawNet3 |22.13 | 23.62 | 23.44 | 21.80 | 21.85 | 22.04
TitaNet | 27.09 | 29.12 | 27.78 | 26.77 | 26.60 | 25.94

The results in Tables V and VI highlight the challenges of
speaker verification under combined cross-emotion and mask-
muffled conditions. Compared with the mask-only results in
Table IV, the added emotional variability further degrades
performance across all settings. As expected, embeddings de-
rived from speech with surgical masks (M_Surgical) perform
worse than those with fabric masks (M_Fabric), likely due to
stronger high-frequency attenuation.

Despite these challenges, all compensation models provide
substantial improvements. The proposed joint emotion—mask
compensation achieves the lowest EERs across all conditions,
demonstrating its effectiveness in mitigating compounded vari-
ability. Among the two end-to-end systems, RawNet3 consis-
tently outperforms TitaNet across all training durations and
compensation settings, showing the most significant gains. Al-
though both models benefit from the compensation strategies,
the improvements are more pronounced for RawNet3. These
results confirm that emotional and mask-induced variabilities
can be jointly modeled and that compensation significantly
enhances the robustness and generalizability of speaker em-
beddings in complex, real-world scenarios.

F. Embedding Visualization

To further validate the effectiveness of our proposed solu-
tion, we visualized the emotional fabric mask—compensated
embeddings extracted from the end-to-end systems using t-
SNE [25]. Figure 3 shows the t-SNE projections of both the
original and compensated embeddings, with eight randomly
selected speakers represented by distinct colors. Comparing
Figure 3a with Figure 3b, and Figure 3c with Figure 3d,
the compensated embeddings form noticeably more compact
and well-separated clusters, indicating improved speaker dis-
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criminability. In contrast, the original embeddings exhibit
greater overlap and less distinct boundaries. This visualization
provides additional evidence that the proposed compensation
framework enhances speaker separability under emotional and
mask-muffled conditions.

V. CONCLUSION

In this study, we investigated how emotional expression and
face mask usage affect speaker verification performance and
proposed compensation techniques to address these sources
of variability. Emotion-related variability was mitigated using
eGeMAPS-based projections, while mask-induced distortions
were handled with a VIT-LSTM model trained on multichan-
nel spectrograms. Evaluations on the CREMA-D dataset un-
der emotional, mask-muffled, and combined conditions show
that our methods improve robustness, yielding 17.4%—40%
relative EER reductions across multiple SV frameworks. The
proposed compensation strategies enhance the generalizability
of speaker embeddings and are effective for both stage-wise
and end-to-end systems.
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