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Abstract
We present a comprehensive analysis of the embedding ex-

tractors (frontends) developed by the ABC team for the audio
track of NIST SRE 2024. We follow the two scenarios im-
posed by NIST: using only a provided set of telephone record-
ings for training (fixed) or adding publicly available data (open
condition). Under these constraints, we develop the best possi-
ble speaker embedding extractors for the pre-dominant conver-
sational telephone speech (CTS) domain. We explored archi-
tectures based on ResNet with different pooling mechanisms,
recently introduced ReDimNet architecture, as well as a sys-
tem based on the XLS-R model, which represents the family
of large pre-trained self-supervised models. In open condi-
tion, we train on VoxBlink2 dataset, containing 110 thousand
speakers across multiple languages. We observed a good per-
formance and robustness of VoxBlink-trained models, and our
experiments show practical recipes for developing state-of-the-
art frontends for speaker recognition.
Index Terms: speaker recognition, NIST-SRE, embedding ex-
tractors, VoxBlink

1. Introduction
The major body of speaker verification (SV) research focuses
on 16 kHz datasets with audio excerpts extracted from (e.g.,
YouTube) video clips. The VoxCeleb datasets [1, 2] represented
a great milestone in pushing the verification performance for-
ward by providing training data comprising thousands of speak-
ers. This initiative has been recently followed by other works,
releasing large-scale corpora comprising tens of thousands of
speakers [3] and fostering research in the aforementioned do-
main.

On the other hand, speaker verification in telephony (char-
acterized by various codecs and 8 kHz sampling rate), which
is crucial in many real-world applications, seems to be some-
what overlooked in the community. Fortunately, NIST Speaker
Recognition Evaluations have consistently pushed the bound-
aries of speaker recognition technology for decades, focusing
especially on challenges related to detecting speakers in noisy
conversational telephone speech (CTS) (but also audio from
video, AfV, and multi-modal data). The latest edition (SRE24)
was no exception. It included a mandatory audio-only track, as
well as optional visual-only and audio-visual tracks that require
the integration of speech, image, and video data for speaker
identification. The main audio track deals with cross-source
(CTS vs. AfV) and cross-lingual target and non-target trials.
They were drawn from a new multilingual corpus, TELVID-
Tunis. As the name suggests, it focuses on non-mainstream lan-
guages: Tunisian Arabic, North African French, and accented
English. On top of non-standard languages, this latest edition

included some novelties such as enrollment duration variabil-
ity (10, 30, or 60 seconds), shorter test segments (ranging ap-
proximately from 5 seconds to 60 seconds), and multi-speaker
enrollment data with diarization annotations.

The evaluation proposes two training paradigms: fixed
and open. The fixed condition constrains participants to use
only organizer-provided datasets, including a CTS superset [4],
NIST SRE 2016 [5] and 2021 Evaluation [6], and Janus Mul-
timedia set [7]. Such a constraint poses challenges as most of
the data comprises CTS only (while the evaluation data con-
tains both CTS and AfV). Moreover, the majority of recordings
of the main training data, CTS Superset, are spoken in English
(despite containing more than 50 languages), overweighting one
of the evaluation languages. In contrast, the open condition al-
lows participants to explore how unlimited additional training
data affects system performance.

In this paper, our goal is to build strong frontends for
speaker verification following the NIST SRE24 rules. We strive
to achieve this by the following means:

• Variability of frontends: As per empirical evidence detailed
in [8], diverse frontends tend to be complementary, which
provides benefits in fusion. Therefore, we intend to explore
ResNet architectures [9] that have proven strong for speaker
embedding extraction in numerous evaluations [10, 11] and
challenge the recent model, ReDimNet [12], that was shown
to provide state-of-the-art results on the VoxCeleb trial lists
and promised strong generalizability.

• Alternative pooling method: Inspired by consistent im-
provements in results on the previous NIST evaluation data
provided by considering the uncertainty of estimates, we use
the xi-vector pooling style within embedding extractors [13].

• Large-scale out-of-domain dataset: As noted before, ad-
vances in speaker verification on audio data from videos lead
to collecting large-scale datasets. We aim to explore and
exploit one of them, VoxBlink2 [3], in the non-constrained
track. Moreover, we will focus on how such out-of-domain
datasets can be beneficially used in the context of various ap-
plications.

• SSL model: Foundational models trained in a self-
supervised way also attracted attention in speaker verification
by providing strong results while requiring a shorter time to
fine-tune (compared to training embedding extractors from
scratch) [14]. Therefore, we aim to explore them in the chal-
lenging data.
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2. Proposed method
2.1. Training data and augmentations

For the fixed condition, we used the NIST CTS Superset [4]
to train the embedding extractors. To enhance the robustness
of the model, we implemented acoustic data enhancement us-
ing the Kaldi toolkit [15], incorporating noise from the MU-
SAN database [16] and room impulse responses from the RIR
database [17]. However, we specifically excluded MUSAN’s
Babble noise and Music components to comply with fixed track
regulations. Prior to model training, non-speech segments were
removed through a Kaldi-style energy-based VAD Voice Activ-
ity Detection (VAD) system.

The open condition, free from data restrictions, presents
an opportunity to leverage large out-of-domain datasets. The
largest publicly available speaker verification dataset to date is
VoxBlink2 [3], which consists of audios from YouTube videos
belonging to 111,284 speakers, significantly surpassing the
widely used VoxCeleb [2]. However, since this data does not
inherently match the CTS domain, we experimented with down-
sampling the audio to 8kHz while applying GSM codec to 50%
of the data via Sox1 aiming to simulate the telephone channel.

2.2. Frontend systems

In this section, we present the different embedding extractors
explored for facing both fixed and open conditions. For repro-
ducibility, we also describe the training setup, implemented us-
ing the WeSpeaker toolkit [18, 19]. Most of our embedding
extractors follow the VoxCeleb recipe, employing all the sug-
gested hyperparameters for the training, which consists of two
stages, both aimed at minimizing the AAM-Softmax loss [20].
The first stage involves training for 150 epochs with a 2-second
segment length and employing a scale of 32 for the AAM loss.
Initially, no margin is applied, but between epochs 20 and 40,
the margin is gradually increased from 0 to 0.2, and this value is
maintained for the remainder of the training. The learning rate
scheduler uses a 6-epoch warm-up, linearly increasing the rate
from 0 to its highest value (0.1), followed by an exponential de-
crease to 5e-5 for the rest of the training. The second stage, so-
called large-margin fine-tuning, involves further training for 10
more epochs, employing a larger segment length (10 seconds)
and also a larger margin value of 0.5, that remains fixed.

XI-ResNet: For the fixed condition, we explored a set of
ResNet models [9], which have shown a strong performance
in speaker recognition under challenging conditions. Specif-
ically, we explored ResNet34, ResNet152 and ResNet221 ar-
chitectures. Our key innovation lies in replacing the standard
temporal statistic pooling (TSTP) layer with the xi-vector ap-
proach [13]. This method integrates uncertainty estimation by
incorporating the Bayesian formulation of the linear Gaussian
model (i-vector) directly into the pooling layer of the speaker-
embedding neural network.

For the XI-ResNet152, we experimented with different
modifications on the aforementioned setup including longer
training segments of 3 seconds, speed perturbation was turned
off for this experiment, and instead of running the training for
150 epochs followed by 10 additional epochs with 10s train-
ing examples, the first stage this time lasted 130 epochs and the
second one 5 epochs.

ReDimNet-B3: As an alternative to ResNet models, we
explore the recently-proposed Reshape Dimensions Network

1https://sourceforge.net/projects/sox/

(ReDimNet) [12] architecture under fixed conditions. Although
ReDimNet has achieved state-of-the-art results in the VoxCeleb
benchmark, it has not yet been applied to the NIST domain.
ReDimNet integrates 1D and 2D convolutional blocks by re-
shaping dimensionality between feature map representations in
a single model. We hypothesize that by combining these two
blocks, it could better capture the complex temporal and spec-
tral variations present in telephone speech, including those in-
troduced by limited bandwidth and channel noise, compared to
ResNets, which predominantly use 2D convolutions. Specifi-
cally, we selected the B3 version based on our empirical experi-
ence, as it will be shown in Section 4. During the large-margin
fine-tuning, we trained for 5 epochs employing six-second seg-
ments.

ResNet-152-VB: To leverage the unconstrained data
paradigm of the open condition, we explored the VoxBlink2
dataset by training a ResNet152 model. While the xi-approach
demonstrated notable efficacy in the fixed condition, we em-
ployed the conventional temporal statistic pooling for this
model to systematically isolate and evaluate the impact of in-
corporating the VoxBlink2 data corpus. For feature extrac-
tion, we computed 80-dimensional log Mel-filterbank energy
features. Following the initial training on VoxBlink2, we per-
formed large-margin fine-tuning on the CTS Superset. As de-
tailed in Section 4, during this stage, we explored varying seg-
ment durations to assess their influence on performance across
the enrollment and test conditions introduced in SRE24.

XLS-R: In the open condition, we also made use of a foun-
dation model pre-trained in a self-supervised way, trying to con-
firm/contradict the benefits shown in the context of the Vox-
Celeb data [14]. Specifically, we opted for XLS-R [21] as it
was pre-trained on 436K hours of multilingual data comprising
(at least dialects of) languages in the evaluation set. A notable
advantage of this model is that a subset of pre-training examples
is sampled at 8 kHz and contains telephone speech. In the fine-
tuning stage, we appended a multi-head factorized attention
(MHFA) backend [14] to the pre-trained XLS-R 300M and fine-
tuned both components on upsampled CTS Superset recordings,
optimizing an AAM Softmax loss (with a scale of 32 and a
margin of 0.2). MHFA is a lightweight attention-based embed-
ding extractor compatible with various backbones comprising
transformer encoder blocks since it employs per-frame repre-
sentations at various levels of models (arguably rich in different
information, e.g., phonetic or speaker-related). MHFA com-
prised 64 heads and produced 256-dimensional embeddings.
The learning rate decreased exponentially from 1e-2 to 4.4e-3
over the course of 30 epochs. The pre-trained weights of XLS-
R were updated using a learning rate scaled down by a factor of
0.08 compared to MHFA.

3. Experimental Results
Focusing on comparing and analyzing the effects of different
embedding extractors, we employed cosine scoring as our clas-
sifier, a natural choice given our optimization of the AAM loss.
To isolate the effects of different frontend systems, we ap-
plied a consistent preprocessing pipeline consisting of center-
ing, dimensionality reduction using Linear Discriminant Anal-
ysis (LDA) and length normalization of embeddings. Specif-
ically, we intentionally omit additional pre-processing or cali-
bration techniques to focus on the embedding extractor itself.
However, for models trained on the VoxBlink2 dataset, we
found it beneficial to exclude the LDA step. Performance is
evaluated using Equal Error Rate (EER) and minCprimary ,
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Table 1: Comparison of single frontend systems employing cosine scoring on the SRE 2024 development and evaluation sets for both
fixed and open train conditions.

SRE24 dev SRE24 eval
Condition Frontend minCprimary EER (%) minCprimary EER (%) FLOPs (G)

Fixed

XI-ResNet-34 0.688 13.91 0.747 14.40 551
XI-ResNet-152 0.615 10.16 0.695 10.41 176
XI-ResNet-221 0.597 10.26 0.683 10.18 254
ReDimNet-B3 0.728 14.70 0.784 14.33 71

Open ResNet-152-VB 0.522 9.31 0.562 7.59 219
XLS-R 0.666 12.02 0.681 11.69 270

as defined by the SRE24 evaluation plan [22]. Computational
complexity is assessed using Floating Point Operations per sec-
ond (FLOPs).

3.1. Fixed systems

In Table 1, we show the results for the different frontends ex-
plored for the fixed condition. While ReDimNet has achieved
state-of-the-art results on the VoxCeleb benchmark, ResNet-
based backbones consistently outperformed it across both the
development and evaluation sets of the SRE24 challenge. This
performance advantage of ResNet was observed despite ReD-
imNet’s lower computational complexity, achieving the lowest
FLOP value. As expected, among the ResNet models, the larger
XI-ResNet-221 achieves the best performance. However, its
gains over the mid-sized XI-ResNet-152 are not drastic, indicat-
ing that the benefits of scaling up the model size may be limited
beyond a certain point.

The development of the ReDimNet frontend involved ex-
ploring different model sizes, as detailed in Table 2. Specifi-
cally, we evaluated configurations B0, B2, B3, and B6, on the
development set to identify the optimal model size. The B3 con-
figuration yielded the best performance, suggesting that further
increases in model complexity yielded minimal gains in our do-
main. Given that even this optimized ReDimNet configuration
did not surpass the performance of even the smallest ResNet
model, only the B3 configuration was included in our final sub-
mission.

3.2. Open systems

Results for the open condition system are also shown in Ta-
ble 1. The use of VoxBlink2 dataset during the first stage of the
training has an enormous positive impact on the results, con-
siderably improving performance metrics. This improvement is
primarily attributed to the dataset’s extensive speaker diversity,
which strengthens the model’s generalization capabilities and
results in a notably lower EER on the evaluation set.

In contrast, our attempt to develop a robust cross-lingual
system using the pre-trained multi-lingual XLS-R model did
not yield the expected improvements, obtaining a performance
degradation compared to the fixed condition systems. Given
this model was trained with a set of 8 kHz data and contained
telephone speech, results suggest that further fine-tuning strate-
gies should be studied.

3.3. Effects of resampling Voxblink2 dataset

When training our ResNet152 over the VoxBlink2 dataset, we
initially downsampled the audio to 8 kHz to align with the
characteristics of our fine-tuning domain, the CTS Superset.

Table 2: Ablation study of different ReDimNet configurations
over the SRE development set.

Frontend minCprimary EER (%)

ReDimNet-B0 0.943 27.47
ReDimNet-B2 0.783 15.48
ReDimNet-B3 0.728 14.70
ReDimNet-B6 0.777 18.76

Pre-training on this substantial corpus of domain-adapted data
yielded our best-performing system, demonstrating strong gen-
eralization on the SRE24 evaluation set. However, this 8 kHz
pre-trained model exhibited limited generalization to other do-
mains, as evidenced by the VoxCeleb1 results presented in Ta-
ble 3.

To further analyze the impact of resampling data in the dif-
ferent domains, we explored training with a combined dataset
comprising both the original 16 kHz audio and the resampled
8 kHz data. The previously downsampled 8 kHz audio, which
also had the GSM codec applied randomly to 50% of segments,
was upsampled back to 16 kHz. This approach exposed the
model to both original and simulated telephone speech. We
trained ResNet152 with exactly the same parameters as detailed
in Section 2.2. However, due to the doubled dataset size and
that each epoch iterates over the whole dataset, we trained for
80 epochs to approximate the total number of training itera-
tions used previously. As shown in Table 3, this combined-data
model achieved comparable performance to the 8 kHz version
on the SRE24 setup, even outperforming it in terms of EER. Ad-
ditionally, incorporating the original 16 kHz data significantly
improved generalization to other real domains, resulting in a
performance gain on the VoxCeleb dataset.

For a comprehensive comparison, we also included avail-
able pre-trained VoxBlink2 models from WeSpeaker in Table 3.
While these models are also ResNet-based, they are not directly
comparable due to architectural differences: they incorporate
Simple Attention Modules (SimAM) [23] within the ResNet
blocks and utilize Attentive Statistics Pooling (AST) [24] as ag-
gregation function. While these 16kHz systems demonstrated
strong performance, they did not outperform our ResNet152-
VB models on the SRE24 evaluation set. Nevertheless, us-
ing state-of-the-art pre-trained embedding extractors such as
SimAM-ResNet100-ASP and its fine-tuned version on the CTS
Superset is a very good alternative to our training approaches
with 8kHz or 16kHz hybrid data. These systems are very com-
pelling when we aim for a universal system capable of operating
both in the telephone and wideband domains.
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Table 3: Effect of Voxblink2 sampling rate on SRE24 and VoxCeleb1 datasets. VoxCeleb1 results are only shown for models trained
during the first stage, employing no margin-finetuning on a different dataset. The impact of fine-tuning ResNet152-VB on different
segment lengths is also shown.

SRE24 dev SRE24 eval VoxCeleb1
Data Frontend FT length minCp. EER (%) minCp. EER (%) O E H

16 kHz SimAM-ResNet34-ASP2 10s 0.536 9.11 0.611 8.10 1.11 1.17 2.24
16 kHz SimAM-ResNet100-ASP2 10s 0.590 9.75 0.634 8.06 0.76 0.89 1.76

16 kHz + 8 KHz ↑ ResNet152-VB3 10s 0.541 8.99 0.582 7.53 1.65 1.37 2.73
8 kHz ResNet152-VB4 10s 0.522 9.31 0.562 7.59 2.42 2.15 4.32

8kHz ResNet152-VB
6s 0.544 10.06 0.641 8.51 - - -

20s 0.519 8.81 0.534 7.25 - - -
40s 0.482 7.93 0.491 6.47 - - -

2 https://github.com/wenet-e2e/wespeaker/blob/master/docs/pretrained.md.
3 https://huggingface.co/sarabarahona/voxblink2-ResNet152-16k
4 https://huggingface.co/sarabarahona/voxblink2-ResNet152-8k
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Figure 1: DCF plots for ResNet152-VB fine-tuned on segments
of different lengths.

3.4. Impact of segment length in the fine-tuning process

Given that one of the key challenges introduced in SRE24 was
the presence of shorter test segments and variability in enroll-
ment durations, we investigated the impact of different segment
lengths during the fine-tuning stage on the CTS Superset us-
ing our ResNet152-VB model. We systematically increased
the segment length up to 40 seconds, observing a consistent
improvement in performance. While both the development
and evaluation sets exhibited gains, the evaluation set benefited
the most, achieving a 23.98% reduction in EER. In terms of
minCprimary , the extension of the segment length also con-
tributed to a better generalization, closing the gap between the
evaluation and development results.

The aforementioned minCprimary results depend on the
operating points chosen by the organizers. They correspond to a
specific application of the verification systems. In order to pro-
vide insight into the expected performance in various applica-
tions, we show DCF plots in Figure 1. Not only do we observe
improvement stemming from longer training segments for both
operating points of interest (marked by vertical dashed lines),
but it is consistent across a wide range of operating points. We
note that we did not partition scores in any way when computing

minDCF metric here.

4. Conclusion
This paper targeted speaker verification in a challenging mix-
ture of telephony and audio-from-video speech. With the aim of
building a strong frontend, we explored various architectures,
pooling methods, and models pre-trained in a self-supervised
way.

What we consider the most prominent contribution is
the analysis of using large-scale (not necessarily in-domain)
datasets to obtain noteworthy performance and generalizabil-
ity. First, we showed substantial improvements from models
pre-trained on (potentially downsampled and GSM-augmented)
VoxBlink2 and fine-tuned on CTS Superset. Bearing in mind
the length of enrollment and test recordings, we gradually in-
creased the duration of fine-tuning segments while consistently
improving performance across a wide range of operating points.
Finally, our ResNet152-VB model targeted the domain of the
NIST SRE24 evaluation data. However, it lacks strong gener-
alization ability, which was tested on the VoxCeleb data. We
showed that a comparable performance on the evaluation data
and considerable generalization ability can be achieved when
pre-training the model on a mixture of original 16 kHz data and
its copy, which was subject to downsampling with the optional
application of GSM codec and followed by upsampling back to
16kHz.

Our pre-trained models on VoxBlink2 have been released
on HuggingFace, and we plan to release them also on WeS-
peaker website to complement already available models. Using
such pre-trained models can save the research community valu-
able computing resources.
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