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Abstract

Supervised speaker verification relies on large labeled
datasets, which are costly and labor-intensive to create. How-
ever, both manual and clustering-based labeling methods intro-
duce label noise, degrading model generalization. To lever-
age unlabeled speech data, we propose a framework that au-
tomatically generates and refines pseudo speaker labels. It
first generates pseudo-labels using a clustering algorithm, then
trains a speaker verification system to boost the quality of
pseudo-labeled data using self-supervised learning and a neu-
ral embedding extractor optimized with refined loss function.
This function integrates a dynamic and adaptive label noise
cleansing method, termed AdaptiveDropSC, which tracks dom-
inant sub-centers via a dictionary table for better label correc-
tion. Experiments on VoxCeleb corpus show that our method
improves pseudo-labeling accuracy across different cluster-
ing techniques, achieving state-of-the-art performance in self-
supervised speaker verification.

Index Terms: speaker verification, label noise robustness,
refined loss function, sub-centers, i-vector, self-supervised
speaker verification

1. Introduction

Speaker verification (SV) as one of the most convenient means
of biometric recognition [1], uses the voiceprint of a speaker to
verify his/her identity. Based on known utterances of a speaker,
the speaker verification (SV) task aims to identify whether a
speaker is a legitimate user or an imposter. However, super-
vised SV approaches rely on large-scale labeled datasets, which
are often expensive and labor-intensive to create. With the ad-
vent of big data, recently researchers in the domain of SV start
to explore more affordable self-supervised learning (SSL) tech-
niques using large noisy datasets. Indeed, since well-annotated
datasets can be expensive to prepare, large-scale datasets are
typically collected from the internet within automatic pipelines
[2, 3]. Both manual and automatic speaker labeling methods,
especially clustering-based approaches, are prone to errors, re-
sulting in potential label noise. This noise can mislead the learn-
ing process and significantly impact the model’s generalization
performance due to the memorization effects of deep models
[4]. Therefore, having a reliable selection of pseudo-labels
(PLs) [5] and an effective mechanism to curate these noisy an-
notations becomes even more crucial.

Many cleansing methods exist in the label noise and data
pruning literature [6, 7, 8, 9]. They rely in general on one or
multiple stages of label noise cleansing followed by a super-
vised training stage that uses the curated training set. Besides,
iterative approaches to mitigate label noise by refining PLs such
as [10, 11] can be intimidating and cumbersome as they require
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more memory and computations. To build robust models, most

of these methods only adopt one of the correction and filtering

modes [12] or alternate between them.

In this work, we introduce a comprehensive framework
for automatically generating pseudo speaker labels and refin-
ing them to mitigate label noise and enhance dataset quality.
To achieve this, the proposed method trains a speaker verifica-
tion system that cleans and improves pseudo-labeled data using
self-supervised learning (SSL) and a neural embedding extrac-
tor optimized with a refined loss function. This loss function
incorporates a dynamic and adaptive label noise cleansing tech-
nique, called AdaptiveDropSC (AdaptiveDrop [13] employing
Sub-Centering mechanism), which tracks dominant sub-centers
via a dictionary table for more accurate label correction. Adap-
tiveDropSC integrates both correction and filtering mechanisms
within a single framework, allowing them to complement each
other throughout training. This synergy enhances robustness
against noisy labels, further improving model performance and
generalization. Our approach is executed in a single-stage,
end-to-end training process, eliminating the need to retrain the
model from scratch on the final cleansed dataset, as required
by most other methods [14, 15]. Since mislabeled samples are
uncertain, an adaptive strategy is crucial. Our method dynam-
ically adjusts filtering throughout training, recovering wrongly
dropped samples in later epochs and removing inaccurate labels
mistakenly included.

Our contributions in this work include:

* We introduce a general framework for the automatic gener-
ation and curation of pseudo speaker labels from unlabeled
datasets to enhance the quality of pseudo-labeled data.

* We propose AdaptiveDropSC, a novel, general-purpose la-
bel noise filtering and correction method with sub-centers.
It functions as a plug-and-play module compatible with any
loss function, producing a refined loss for improved training.

* We conduct an extensive self-supervised SV experiments on
the VoxCeleb dataset to demonstrate the effectiveness and ro-
bustness of our method under various real-world noisy labels
and loss functions.

2. Related Works

A common approach to leveraging large unlabeled datasets for
SV is clustering-based pseudo-labeling [16, 17, 18] or SSL-
based objectives (SimCLR, MoCo) [19], followed by training
the speaker embedding network discriminatively [11, 10]. How-
ever, clustering accuracy remains a bottleneck, limiting SV per-
formance [10, 20]. Iterative clustering-classification methods
[10, 21] aim to refine PLs and improve SV performance but still
risk error propagation.

To address label noise, noise-robust algorithms [22, 23] can
learn from noisy labels, while label-cleansing methods [9, 24]
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remove or correct mislabeled samples. For example, Subcenter-
ArcFace [14] improves robustness by forming dominant sub-
classes of clean samples, reducing intra-class constraints and
mitigating label noise. In self-supervised speaker recognition,
[15] proposed an audio-visual two-step label noise detection
and filtering method by separating data into easy and peculiar
(hard or noisy) categories. Similarly, [10] introduced a two-
stage iterative loss-gated learning strategy, where embeddings
are clustered to generate PLs, and high-loss samples are dis-
carded.

3. Our Proposed Framework

Traditional supervised speaker verification (SV) approaches
rely on large-scale labeled datasets, which are often expensive
and labor-intensive to create. Self-supervised learning (SSL)
has emerged as a powerful paradigm for speaker verification
due to its ability to learn speaker representations from unlabeled
data, eliminating the need for costly and time-consuming man-
ual annotations. Moreover, these datasets, whether annotated
manually or automatically, may contain label noise, which lim-
its the model’s performance on unseen speakers and real-world
scenarios. In this section, we present a framework (Figure 1)
that automatically generates pseudo speaker labels and refines
them to enhance dataset quality. By training a speaker veri-
fication system, this framework cleans and improves pseudo-
labeled data using self-supervised learning (SSL) and a neu-
ral embedding extractor optimized with a refined loss function.
This approach minimizes the need for extensive human annota-
tions while boosting data quality and verification performance.
The proposed framework consists of two main modules: the
pseudo-label generation module, as shown in Figure 1a, and the
speaker embedding extractor module, as illustrated in Figure 1b.

3.1. Pseudo Label Generation Module

To generate pseudo speaker labels, utterance-level representa-
tions are first extracted from the unlabeled dataset using un-
supervised or self-supervised learning techniques. These em-
beddings are then input into a suitable clustering algorithm
[16, 17, 18], which groups similar representations to assign
pseudo speaker labels.

One approach to extracting embeddings is to use an i-vector
extractor [25], an unsupervised method that generates fixed-
dimensional speaker representations (i-vectors) from variable-
length recordings. Alternatively, embeddings can be extracted
by training a deep embedding extractor optimized with a self-
supervised learning (SSL) objective function (e.g., SimCLR,
DINO, MoCo) [19].

In the pseudo-label generation module, we adopt an i-vector
extractor to extract 400-dimensional i-vectors from the unla-
beled dataset. We then apply the CAMSAT algorithm [26] to
generate pseudo-labels, using a predefined number of clusters
from 5000, 5994, 10000. For performance comparison, we
also generate pseudo-labels using other clustering algorithms,
including K-means [27], Gaussian Mixture Model (GMM), Ag-
glomerative Hierarchical Clustering (AHC) [28], CURE [29],
IMSAT [30], and CIMC (Contrastive Information Maximiza-
tion Clustering) [31].

3.2. Speaker Embedding Extractor Module

Given a dataset of pseudo-labeled or true-labeled training
speakers, a conventional speaker embedding extractor aims to
learn compact and discriminative utterance-level representa-
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tions of speaker voices. It does this by minimizing intra-speaker
variability while maximizing inter-speaker separation. Both
manual and automatic speaker labeling methods are prone to er-
rors, leading to potential label noise, particularly in clustering-
based automatic labeling. Label noise arises from human mis-
takes or inaccuracies in automatic annotation, introducing in-
correct labels into the dataset. This noise can degrade model
performance by misleading the learning process and increasing
the risk of overfitting, as the model may learn to memorize in-
correct labels rather than generalizing effectively. Therefore,
measures should be taken to mitigate the impact of label noise
on the performance of speaker verification systems and to en-
hance the quality of the dataset. In our proposed framework,
we incorporate a refined objective function into the speaker em-
bedding extractor module, as depicted in Figure 1b, to enhance
representation learning, improve speaker discrimination, and
mitigate the effects of noisy labels. This refinement helps the
model learn more robust and generalizable embeddings, ulti-
mately boosting the performance of speaker verification in self-
supervised settings. As illustrated in Figure 1b, acoustic fea-
tures are first processed by the Encoder network, which extracts
discriminative frame-level descriptors. The Attentive Statisti-
cal Pooling (ASP) layer then aggregates these frame-level fea-
tures into a fixed-length utterance-level representation, empha-
sizing the most informative frames. Unlike simple averaging,
ASP computes a weighted mean and standard deviation using
learned attention scores, ensuring that speaker-relevant frames
contribute more to the final representation. The weighted statis-
tics are then concatenated to form the utterance-level embed-
ding, which is subsequently projected into low-dimensional
speaker embeddings through fully connected (FC) layers. These
embeddings are then processed by the output layer, which em-
ploys a refined margin-based loss function to mitigate label
noise and enhance the quality of the generated dataset. Except
for the pseudo-label generation step, which relies on an appro-
priate clustering algorithm, the self-supervised speaker verifi-
cation follows a similar experimental setup to the supervised
speaker verification. Hence, the framework presented in Fig-
ure 1b can also be employed for supervised SV task to make
it robust against label noise and to improve the quality of the
manually annotated dataset.

3.2.1. Refined Loss function

In this section, we introduce our refined loss function, which
integrates the AdaptiveDrop framework [13] with sub-center
(denoted here as as AdaptiveDropSC) into a margin-based
loss function to mitigate label noise and correct mislabeled
data, enhancing both training generalization and label accuracy.
While we primarily integrate AdaptiveDrop into the widely
used AAMSoftmax, a.k.a ArcFace [32], and BoundaryFace [33]
loss functions for training, we also evaluate other margin-based
losses, including AdaFace [34], AMSoftmax [35], and CosFace
[36], for performance comparison.

AdaptiveDrop framework [13] utilizes Cosine Similarity
(CS) as a proxy label confidence indicator to detect the mis-
labeled instances and set a constant CS threshold 7 for la-
bel filtering to drop high-confident noisy data. Given each
training sample x and its label y, the weights of currently
trained embedding network are used to extract embedding w
of = on the fly at each training step. Then cosine similarity
CS(z,y) = cos(w,wy) = m between w and the cur-
rent learnt class center/prototype embedding w, corresponding
to class y is computed. If C'S(z,y) >= 7, sample z is retained



Algorithm 1 AdaptiveDropSC algorithm (i.e., AdaptiveDrop
with sub-centers)

Inputs: Training data X, noisy pseudo-labels Y, model M, loss function , co-
sine similarity threshold 7, epoch to start correcting noisy labels (ESC), epoch
to start dropping out noisy labels (ESD), epoch to start tracking dominant sub-
centers (ESTD), dominant sub-centers table DSCT € INC X &,
Output: The best model M.
Initialize: Table DSCT with zeros
for epoch = 1 to max_epochs do

Extract embeddings w for samples of current batch x.

Compute cosine similarities (C'S) between each sample in = and its corre-

sponding class sub-centers w,, ; for j € {1,.., K}.

if epoch > ESTD then

#Update dominant sub-centers table (DSCT)

closest_subcenter = arg max;¢ (1, . x3CS [y, j]
DSCT [y, closest_subcenter] += 1
end if
if epoch > ESC then
Correct pseudo-labels y of batch x.
end if
if epoch > ESD then
#Compute dominant sub-centers
Kominant = arg max;efq,. K}DSCT [y, 74]

Filter samples based on C'S(z, y) = cos(w, Wy, Kyominan )
Set (Zclean, Yelean) = {(2i,y;) forz;, y; € (z,y)if CS > 7}

else
Set Zetean = @ and Yelean = Y
end if
Compute margin-based loss [ (e.g., AAMSoftmax) with filtered Z¢jcan and
Yelean-

Perform gradient descent to update network parameters of model M.
end for

in the training batch, otherwise it is dropped out from the batch.

Algorithm 1 shows the implementation of AdaptiveDropSC
framework (i.e., AdaptiveDrop using sub-centers) that employs
a sub-centers dictionary table DSCT € IN®*¥ (initially all en-
tries are set to zero) to adaptively track the dominant ones per
class from the beginning of training and all samples are recon-
sidered at each epoch. As a rule, the ongoing sub-centers with
the highest value per class are considered dominant (see Al-
gorithm 1). At each training step, the entry corresponding to
the class sub-center assigned to each sample is increased by 1
(except a first short warmup stage of few epochs where the dic-
tionary table is not updated until model’s predictions are reli-
able enough). As training gradually progresses, dominant sub-
centers become clearer and the used cosine similarities become
more reliable to drop out samples that are not close enough to
their dominant class sub-centers.

Indeed, applying filtering after label correction helps im-
prove correction by assuring that the corrected labels also
have a high cosine similarity which is a second constraint to
ensure higher quality of the corrected labels. Finally, Arc-
Face/BoundaryFace loss is computed using the filtered data and
labels. Once training is done, embeddings are extracted from
the fully connected layer closest to the pooling layer. Since co-
sine similarity outperforms PLDA on VoxCeleb test sets when
using a margin-based loss function [37], it is used for verifica-
tion scoring in this work.

4. Experimental setup
4.1. Experimental setup

We conducted a set of experiments based on the VoxCeleb
dataset [3]. To train the embedding networks, we used the
development subset of the VoxCeleb2 dataset, which consists
of 1,092,009 utterances collected from 5,994 speakers. The
evaluation was performed according to the Original VoxCelebl
(Vox1-0) trials lists [2]. We report results in terms of Equal
Error Rates (EER) evaluation metric. We employ ECAPA-
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(b) Speaker embedding extractor with a refined loss function.

Figure 1: Schematic diagram showing different steps for the
self-supervised speaker verification employing a refined loss
Sfunction for label-correction.

TDNN [38] as our speaker embedding network. As acoustic
features for our SV experiments, we used 40-dimensional Mel-
frequency cepstral coefficients (MFCCs) extracted at every 10
ms, using a 25 ms Hamming window via Kaldi toolkit [39].
Moreover, we have used waveform-level data augmentations in-
cluding additive noise and room impulse response (RIR) simu-
lation [40] to follow other SV works. Besides, we have applied
augmentation over the extracted MFCCs features, analogous to
the specaugment scheme [41]. All SV experiments have been
run for 150 epochs using a single A40 GPU (around 2 days
training), with a batch size of 200 MFCC samples. Scale factor
s = 30 and margin m = 0.2 were used across all margin-based
losses. Besides, we do not use score normalization and CS was
used as a backend for verification scoring between enrollment
and test embeddings. We refer to our loss implementation us-
ing label correction with BoundaryFace and refer to sub-centers
combined with label correction with subcenter-BoundaryFace.
Finally, we use a default K = 3 sub-centers when sub-
centers are employed and unless specified otherwise, a default
CS threshold of 7 = 0.423. For AdaptiveDropSC, we use
ESD = 5, ESC = 7, ESTD = 3. Besides, to avoid training un-
stability especially for highly noisy thresholds, we only drop out
a maximum of 50% of samples from each training batch. We
use the CAMSAT clustering algorithm [26] to generate PLs us-
ing predefined numbers of clusters (C') in {5000, 5994, 10000}

4.2. Results and Discussion

Table 1 presents speaker verification results in terms of EER
(%) and Relative Improvement (RI) achieved using various
loss functions, with and without AdaptiveDropSC. The re-
sults show that integrating AdaptiveDropSC consistently re-
duces EER across all loss functions, providing significant rel-
ative improvement compared to systems without it. This im-
provement is attributed to AdaptiveDropSC’s ability to dynam-
ically filter and correct mislabeled samples during training, pre-
venting erroneous labels from degrading model performance.
Additionally, the significant RI achieved across different loss
functions indicates that AdaptiveDropSC is adaptable and com-
plementary to a wide range of objective functions, making it a
versatile plug-and-play module for improving speaker verifica-
tion systems.



Table 2 summarizes the improvements in label accuracy,
where unsupervised clustering accuracy (ACC) measures the
consistency between the ground-truth labels and the initial
clustering-driven pseudo labels (PLs), as well as the final rec-
tified PLs after applying label noise correction with refined
BoundaryFace loss functions—specifically when Boundary-
Face is integrated with AdaptiveDropSC and AdaptiveDrop.
The results show that improvements in label accuracy depend
on the type of PLs used, with CAMSAT consistently achiev-
ing the highest clustering accuracies across all predefined con-
figurations, demonstrating its effectiveness. In most cases,
AdaptiveDropSC provided better final accuracy compared to
AdaptiveDrop. Notably, this demonstrates that label correction
can significantly enhance the performance of clustering-driven
pseudo labels (PLs), highlighting its effectiveness in improving
model accuracy.

Finally, Table 3 presents a comparison of our Adaptive-
DropSC approach, using the best-performing configuration with
Subcenter-ArcFace and CAMSAT-based pseudo labels (PLs)
(refer to Table 1), against recent state-of-the-art self-supervised
speaker verification (SV) methods that employ various SSL ob-
jectives, all utilizing the same ECAPA-TDNN model encoder
on the Vox1-O test set. The results clearly demonstrate that our
proposed adaptive filtering strategy yields significant perfor-
mance improvements over all considered baselines and SOTA
methods.

5. Conclusion

Noisy annotations can impair dramatically the generalization
of deep learning-based speaker verification (SV) models. In
this work, we proposed a comprehensive framework for self-
supervised speaker verification that tackles the challenges as-
sociated with large-scale automatically and manually labeled
datasets as well as label noise. Proposed approach generated
pseudo speaker labels from a large-scale unlabeled dataset us-
ing CAMSAT clustering algorithm. The framework then trained
a SV system to clean and improve pseudo-labeled data using
self-supervised learning and a ECAPA-TDNN neural embed-
ding extractor optimized with a refined loss function. This func-
tion integrates a dynamic and adaptive label noise cleansing
method, denoted as AdaptiveDropSC (i.e., AdaptiveDrop with
Sub-Centers), which tracks dominant sub-centers via a dictio-
nary table for improved label correction. Through extensive
experiments, we showed that our method consistently outper-
forms other loss functions, achieving significant improvements
in self-supervised speaker verification across various clustering-
driven pseudo-labels. Additionally, it complements several la-
bel noise-robust techniques and can be combined with various
loss objectives to further enhance performance. While designed
for self-supervised SV, the framework can also be applied to su-
pervised SV tasks to enhance robustness against label noise and
improve the quality of manually annotated datasets.
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