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Abstract

In this study, TurkSV-Bench is introduced as
a novel benchmark dataset to evaluate the
zero-shot cross-lingual performance and de-
mographic biases of Turkish speaker verifica-
tion (SV) systems. Created via an automated
pipeline from YouTube data, this dataset com-
prises 1,844 audio recordings from 461 speak-
ers representing diverse age groups, genders,
and regional dialects. Evaluation of existing
models identifies ResNet34-LM as the most
successful baseline architecture. Subgroup
analyses demonstrate the models’ generaliza-
tion capabilities across different gender and
age demographics, while revealing distinct per-
formance variations among regional dialects.
Comprehensive evaluations of various prepro-
cessing techniques highlight the baseline ar-
chitecture’s structural robustness, identifying
specific configurations that maintain or refine
verification performance without requiring ag-
gressive signal filtering.

1 Introduction

Speaker verification (SV) is a biometric task that
verifies whether a given voice recording belongs
to a claimed identity by comparing it with a previ-
ously recorded reference sample. Unlike speaker
identification, SV does not aim to recognize a spe-
cific speaker, but rather determines whether two
voice samples belong to the same person. Today,
SV systems are widely used in applications such as
telephone banking, call center identity verification,
smart assistants, mobile devices, access control,
and digital forensics.

With the development of deep learning methods,
embedding-based architectures have become the
standard, transforming speaker-specific discrimina-
tive features into low-dimensional representation
vectors and achieving high success on benchmark
datasets such as VoxCeleb (Nagrani et al., 2017)
and CN-Celeb (Fan et al., 2020).
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However, the vast majority of existing speaker
verification models are trained on English or multi-
lingual datasets, making their application to Turk-
ish speech inherently a cross-lingual transfer prob-
lem. Turkish differs significantly from these train-
ing languages in terms of phonetic structure, ag-
glutinative characteristics, speech rhythm, and rich
regional dialect diversity. Despite this, compre-
hensive studies systematically examining the per-
formance of state-of-the-art speaker verification
models on Turkish remain quite limited, making
the evaluation of existing models’ generalizability
to Turkish speech an important research problem.

Another significant shortcoming in Turkish
speaker verification research is the lack of a com-
prehensive and reliable benchmark dataset, as ex-
isting datasets are limited in terms of age, gender,
regional dialects, and demographic diversity, mak-
ing it difficult to systematically evaluate model per-
formance across different user groups.

In this study, we develop an end-to-end au-
tomated data collection and processing pipeline
for Turkish speaker verification and use it to cre-
ate a new benchmark dataset, named as TurkSV-
Bench. The system automatically collects au-
dio recordings from publicly available YouTube
videos and playlists, performing voice activity de-
tection, speaker diarization, removal of overlap-
ping speech, quality control, and data management.
The dataset accounts for varying age groups, gen-
ders, and regional dialect diversity across Turkey,
yielding a traceable benchmark for analyzing both
speaker verification performance and potential de-
mographic biases.

Rather than proposing a new speaker verifica-
tion model, this study aims to systematically evalu-
ate state-of-the-art models by establishing a com-
prehensive benchmark for Turkish. Widely used
speaker verification models from the literature are
compared on the Turkish dataset under a common
experimental protocol to identify the most success-
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ful base model, thereby analyzing the zero-shot
cross-lingual performance of models trained on
different languages when applied to Turkish.

In the second stage, a comprehensive preprocess-
ing analysis is conducted on the identified base
model, evaluating methods such as normalization,
pre-emphasis, windowing, noise reduction, and
voice activity detection, both individually and in
combination. The primary objective is to identify
preprocessing strategies that reduce the False Ac-
cept (FA) rate while increasing similarity between
reference and test audios, as well as to system-
atically examine how multi-stage filtering chains
strengthen or weaken speaker-specific discrimina-
tive features.

2 Related Work

Speaker verification systems have made significant
progress in text-independent tasks with the adop-
tion of deep learning approaches. In particular, the
transition from traditional vector-based methods
to CNN and Transformer-based architectures has
greatly increased the robustness of models under
different acoustic conditions (Sang et al., 2023).

The difference between the language on which
models are trained and the language on which they
are tested brings about cross-lingual transfer prob-
lems. Recent studies in the literature systemati-
cally examining the cross-lingual transfer capabili-
ties of different SV architectures show that model
design plays a critical role in obtaining language-
independent speaker representations (Buitrago and
Hernando, 2026).

Besides model architectures, preprocessing tech-
niques applied to speech signals also have a signifi-
cant role on system performance. Various studies
emphasize that steps such as voice activity detec-
tion (VAD), silence removal, noise reduction, and
loudness normalization can positively affect the
quality of the obtained embeddings and thus the
verification performance (Labied et al., 2022).

The equal and fair performance of speaker veri-
fication systems across all demographic groups is
one of the most critical issues that speech research
has focused on in recent years. It reveals that sys-
tem performance can show significant variations
according to demographic characteristics such as
age, gender, and dialect, and that this situation can
lead to bias in models (Hutiri and Ding, 2022).

Large-scale benchmark datasets such as Vox-
Celeb play a central role in the advancement of
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speaker verification research and the standardized
comparison of different methods. These datasets
offer consistent evaluation protocols to the com-
munity to measure the robustness of models un-
der different recording conditions and populations
(Nagrani et al., 2017). In the literature, a study fo-
cused on the effect of language mismatch in Turk-
ish speaker verification using a dataset of 73 speak-
ers (47 male, 26 female), showing that language
mismatch between training and test data signifi-
cantly degrades performance (Hanilgi, 2017).

3 Methodology
3.1 Dataset

In this study, a novel benchmark dataset was cre-
ated for use in Turkish speaker verification research.
The dataset was designed to offer a more compre-
hensive and distinct structure compared to exist-
ing speaker verification datasets in the literature in
terms of demographic diversity and regional dialect
coverage. Thus, it provides not only a benchmark
for measuring the general verification performance
of models but also enables the investigation of po-
tential biases associated with performance varia-
tions across different demographic structures.

%
100

Speakers
461

Recordings

1,844

Category
Total
Gender

Male
Female

310
151

67
33

1,240
604

Age
Adult (< 50)
Elder (> 50)

293
168

1,172
672

63.6

Regional Dialect
Istanbul
Black Sea
Central Anatolia
Eastern
Thrace
Aegean

381

oo

SRS R

21
19

Table 1: Dataset statistics.

TurkSV-Bench consists of a total of 1,844 dis-
tinct voice recordings belonging to 461 different
speakers. Each speaker is represented by four
fixed-length voice samples extracted from different
and non-overlapping time intervals of the YouTube
video from which the audio was sourced. Maintain-
ing four recordings per speaker allows for the cre-
ation of multiple genuine verification pairs among
different samples belonging to the same speaker
and enables a more reliable measurement of intra-
speaker variability.

In the construction of the dataset, gender, age,
and regional dialect distributions were considered
jointly to support subgroup-based evaluation and
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Figure 1: Pipeline for building the speaker verification benchmark dataset.

increase representational diversity. The dataset in-
cludes female and male speakers; adult, and el-
der age groups; and speakers representing Istanbul,
Black Sea, Central Anatolia, Eastern, Thrace, and
Aegean regional dialect categories. The resulting
demographic and regional distribution is summa-
rized in Table 1.

Field

person_id
data_id

url
start/end
person_number
gender
age_group
region

Description

Speaker identity (P1, P2, ...)
Recording identity (P1_D1, ..., P1_D4)
Source video link

Start and end times in the video
Number of detected speakers

Gender label

Age group (adult/elder)

Regional dialect label

Table 2: Metadatas stored for each audio recording.

Each recording is stored together with the meta-
data fields defined in Table 2.

The end-to-end pipeline followed in creating the
benchmark dataset is shown in Figure 1. The pre-
processing and quality control steps applied to the
created dataset include the following:

Only the audio stream was extracted from the
source videos; the recordings were converted to 16
kHz, mono, and WAV format. To increase the prob-
ability of excluding credits, music, advertisements,
and promotional sections frequently found at the
beginning of the videos, the first 60 seconds were
not processed. The processing interval was lim-
ited to the 1000th second to ensure obtaining data
of sufficient length from each person, considering
the possibility of multiple people in a single video.
Voice activity detection (VAD) was performed us-
ing Silero VAD (Silero Team, 2021), silent sections
were removed, and only speech-containing regions
were preserved. Speaker diarization was carried
out with the pyannote.audio 3.1 pipeline (Plaquet
and Bredin, 2023; Bredin, 2023) to determine the
time intervals of the speakers, overlapping speech
was cleaned, and each speaker was recorded with
a separate identity. A 14-second segment was ex-
tracted from each recording; to eliminate overlaps
caused by speaker transitions and clipped words
concentrated at the edges, one second was further
trimmed from each end, resulting in the final 12-
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second recording.

To identify duplicate speakers semi-
automatically, speaker embeddings extracted
using an off-the-shelf ECAPA-TDNN model
(Desplanques et al., 2020) trained on VoxCeleb
were compared pairwise, and identities showing
high similarity were manually examined and
removed from the dataset. The age group and
gender labels of the speakers were predicted using
a wav2vec 2.0-based age and gender estimation
model (Burkhardt et al., 2023). Following the
automated processing stages, a manual quality-
control procedure was applied to all recordings.
Each speaker in TurkSV-Bench is represented by
four 12-second recordings, and all four recordings
associated with every speaker identity were
listened to individually. This review was used to
verify consistency among the recordings assigned
to the same speaker and to identify residual errors
that could remain after speaker diarization, overlap
removal, and automatic metadata estimation. The
automatically predicted age-group and gender
labels were also subjected to human verification.

3.2 Models

The fundamental architectural features of current
deep learning-based models, which are examined
within the scope of the study and stand out in the
literature for the speaker verification task, are sum-
marized.

WeSpeaker ResNet34-LM is a ResNet34-based
speaker verification model that extracts speaker-
specific discriminative features from the audio sig-
nal. The model learns local patterns in the time
and frequency axes by processing log-Mel filter-
bank features with two-dimensional convolutional
layers. The model, which has approximately 6.63
million parameters, is trained on the VoxCeleb2-
dev dataset, and large-margin fine-tuning is applied
to the model to better separate different speakers in
the embedding space (Wang et al., 2023a).

ECAPA-TDNN is a speaker verification model
that improves the x-vector architecture with chan-



nel attention mechanisms and multi-scale feature
aggregation. The model combines layer outputs
at different depths using Res2Net-based blocks;
it generates fixed-dimensional embeddings from
variable-length audios through attentive statistics
pooling. The model, with approximately 20.8 mil-
lion parameters, is trained on the VoxCelebl and
VoxCeleb2 datasets (Desplanques et al., 2020).

CAM++ is a densely connected TDNN (D-
TDNN) based speaker verification model devel-
oped to extract speaker-specific information. The
model processes time-frequency details with a two-
dimensional convolutional front-end and aims to
highlight speaker-related features and reduce the
effect of noise through a context-aware masking
mechanism. The model, which has a multi-scale
pooling structure, contains approximately 7.18 mil-
lion parameters (Wang et al., 2023b).

The ERes2Net family consists of speaker veri-
fication models that enhance the multi-scale struc-
ture of Res2Net with attention-based feature fu-
sion mechanisms. The base ERes2Net aims to
produce more discriminative speaker embeddings
by combining local details within residual blocks
and information from different network stages.
ERes2NetV2 is a model with 17.8 million parame-
ters that increases computational efficiency with fu-
sion components that simplify the structure (Chen
et al., 2024). ERes2Net-large is the higher-capacity
version of the base structure with 22.46 million
parameters (Chen et al., 2023).

TitaNet-Large is a ContextNet-based model de-
veloped for speaker verification. The model learns
local and global speaker-specific features by com-
bining one-dimensional depthwise separable con-
volutions with Squeeze-and-Excitation layers; it
transforms variable-length recordings into 192-
dimensional t-vector embeddings using channel-
attentive statistical pooling. It is a model with ap-
proximately 23 million parameters (Koluguri et al.,
2022).

ESPnet ECAPA-WavLM combines the self-
supervised speech representations of WavLM-
Large with an ECAPA-TDNN speaker encoder:
the WavLM front-end extracts contextual and
speaker-specific information from raw audio,
which ECAPA-TDNN transforms into discrimina-
tive speaker embeddings. The model is trained on
the VoxCelebl and VoxCeleb2 development sets
(Jung et al., 2024).

WavLM-MHFA combines the self-supervised
speech representations of WavLM-Base+ with a
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ROCCH-

ROCCH- FAR@ TO-HTER  EER
Model TO-HTER EER minDCF FRR=0 FA|FR E[FA]|E[FR]
ResNet34-LM 00055  0.0107 0.0091 00110 1860  181.3]0.30
ERes2NetV2 00598  0.0635 00122 0.1812 801]2  1077.5|1.76
ECAPA-TDNN 00631  0.0652 00146 0.1676 9152  1105.5/1.80
ERes2Net 00732 00612 00117 1.1476 1256]2 1037.9]1.69
TitaNet-Large ~ 0.0812  0.0591 00100 02045 15292  1002.2|1.63
ERes2Net-Large  0.1802  0.1659  0.0226 0.8196 3048|5  2814.6|4.59
WavLM-MHFA ~ 0.1803  0.1714 00153 13176 3052|5 2908.54.74
ECAPA-WavLM 02227  0.2137 00193 15746 3876]6  3625.65.91
CAM++ 02807 02470 0.0213 3.4263 4618]8  4190.0/6.83

Table 3: Benchmark results for speaker verification models on
TurkSV-Bench.

Multi-Head Factorized Attentive Pooling (MHFA)
layer, which fuses information from different Trans-
former layers via multiple attention heads to en-
hance speaker discrimination. With its 64-head
structure, the model contains 96.2 million parame-
ters (Peng et al., 2023).

3.3 Preprocessing Methods

Prior to the embedding extraction stage, various
preprocessing steps described below are performed
in order to reduce systemic or environmental dis-
torting effects in the speech signals and to make
the recordings optimally suited for the network ar-
chitecture.

Peak Normalization: All samples are scaled to
a specific range by taking the absolute highest am-
plitude value of the signal as a reference. This
fundamental operation aims to balance the general
volume differences among different audio record-
ings.

RMS Normalization: The root mean square en-
ergy of the signal is calculated and adjusted to a
target level. Since it is based on the average en-
ergy rather than peak values, it provides a more
robust and consistent normalization against sudden
amplitude spikes in the speech signal.

Amplitude Scaling: Preserving the original mor-
phological features of the signal, the amplitude val-
ues are multiplied linearly by a constant coefficient.
It is a fundamental operation that only adjusts the
magnitude of the signal and does not cause struc-
tural distortion.

Loudness Normalization (LUFS): In this method,
the signal is brought to a perceptual target loudness
level (—23 LUFS in this study) by taking the fre-
quency sensitivity of the human auditory system
into account. Unlike energy-based approaches, it
aims to increase perceptual consistency.

DC Offset Removal: By bringing the arithmetic
mean of the signal to zero, DC offsets that may
originate from recording devices or the audio chain
are cleaned. Thus, low-frequency artifact compo-



nents are prevented from negatively affecting the
feature extraction stage.

Pre-emphasis: A first-order high-pass filter is
applied to balance the natural spectral tilt of the
speech signal. This operation makes speaker-
specific formant information in higher frequency
bands more prominent. In the study, the values
0.95, 0.97, and 0.99 are examined comparatively
to analyze the effect of the « coefficient on perfor-
mance.

Cepstral Mean Normalization (CMN): Used to
suppress static spectral distortions from the chan-
nel and recording environment. Since models use
end-to-end feature extraction, a waveform-level
equivalent is designed by resynthesizing the sig-
nal after subtracting the band-based logarithmic
amplitude mean in the STFT domain.

Windowing: Hamming, Hanning, and Blackman
window functions are tested to minimize spectral
leakage and smooth discontinuities at frame bound-
aries. The signal is windowed by dividing it into
frames of 25 ms length with a 10 ms shift, and then
the waveform is reconstructed using the overlap-
add method.

Spectral Subtraction: The noise spectrum esti-
mated from the silent (low-energy) sections of the
recording is subtracted from the overall amplitude
spectrum of the signal. In this way, stationary back-
ground noise is suppressed, ensuring that speaker
features are obtained more clearly.

Wiener Filtering: An adaptive filtering is per-
formed with the Minimum Mean Square Error
(MMSE) criterion, based on the statistical prop-
erties of the signal and noise. This method aims
to directly improve the speaker verification per-
formance by increasing the Signal-to-Noise Ratio
(SNR).

4 [Experiments

The experimental studies were conducted on the
TurkSV-Bench dataset detailed in Section 3.1, com-
prising 1,844 speech recordings from 461 speakers.
A total of 1,699,246 evaluation trials were con-
structed, consisting of 2,766 genuine and 1,696,480
impostor trials.

System performance was evaluated using
Threshold-Optimized Half Total Error Rate (TO-
HTER), ROC Convex Hull Equal Error Rate
(ROCCH-EER), the minimum Detection Cost
Function (minDCF), and FAR @FRR=0. False Ac-
cept (FA) and False Reject (FR) counts were ad-
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ditionally reported at the corresponding operating
points.

Cosine similarity between the speaker embed-
ding vectors extracted from each pair of speech
samples was used as the verification score. For a
decision threshold 6, a pair was accepted as belong-
ing to the same speaker when its cosine similarity
score was greater than or equal to 6, and rejected
otherwise. Accordingly, a false accept (FA) oc-
curs when an impostor pair is incorrectly accepted,
whereas a false reject (FR) occurs when a genuine
pair is incorrectly rejected. FAR and FRR were
calculated as the percentages of FA and FR relative
to the total number of impostor and genuine pairs,
respectively, at each decision threshold. We addi-
tionally report FAR @FRR=0, defined as the false
acceptance rate at the strictest empirically attain-
able decision threshold for which no genuine trial
is falsely rejected.

At a decision threshold 6, HTER is computed
as the arithmetic mean of FAR(#) and FRR(0)
(Bengio and Mariéthoz, 2004). The empirical TO-
HTER operating point is selected by minimizing
|[FAR(0) — FRR(0)| over the available evaluation
thresholds.

Equal-error performance is additionally charac-
terized using ROCCH-EER, obtained from the in-
tersection of the ROC convex hull with the FAR =
FRR diagonal (Briimmer and de Villiers, 2013).
This formulation provides an equal-error estimate
when the discrete empirical operating points do not
contain an exact equality between FAR and FRR,
which is particularly relevant in low-error operating
regions.

The minDCEF is additionally reported as the min-
imum application-weighted detection cost over the
evaluated decision thresholds.

Observed errors at TO-HTER are denoted

as FAQTO-HTER and FRQTO-HTER.
Expected errors at ROCCH-EER are re-
ported as  E[FAJQROCCH-EER  and

E[FR|J@QROCCH-EER, which can be non-
integers since this operating point may lie between
empirically attainable points.

The evaluation consists of two stages. In the
first stage, the speaker verification models intro-
duced in Section 3.2 were compared to identify the
architecture yielding the most discriminative rep-
resentation, establishing it as the baseline. For this
stage, overall results computed across the entire
dataset are presented in Table 3, while performance
broken down by gender, age, and regional dialect



is reported in Table 4.

In the second stage, using this baseline model,
we analyzed the impact of the signal preprocessing
techniques described in Section 3.3 on verification
performance. Similarly, overall results computed
across the entire dataset are presented in Table 5,
while the corresponding breakdown by gender, age,
and regional dialect is reported in Table 6.

As part of the preprocessing analysis, all possible
pairwise and triple-wise chain filter combinations
of the individual filters examined in this study were
tested. Due to space constraints and readability, the
results of all combinations could not be presented
in detail; only the most successful filter chains are
reported in this paper.

5 Results

The evaluated pretrained speaker verification sys-
tems demonstrated varying levels of zero-shot gen-
eralization to Turkish speech. Among the models
reported in Table 3, ResNet34-LM achieved the
strongest overall performance, with a TO-HTER
of 0.0055%, a ROCCH-EER of 0.0107%, and a
minDCEF of 0.0091. ResNet34-LLM was therefore
used as the baseline architecture for the subsequent
preprocessing analyses.

The demographic subgroup results in Table 4
show relatively small differences between the male
and female subsets for ResNet34-LM. The model
yielded TO-HTER values of 0.0100% for male
speakers and 0.0080% for female speakers, with
corresponding ROCCH-EER values of 0.0187%
and 0.0152%, respectively. For the Adult and EI-
der age groups reported in the subgroup compari-
son, TO-HTER values were 0.0076% and 0.0116%,
while ROCCH-EER values were 0.0148% and
0.0217%, respectively. A larger separation was
observed across regional-dialect groups. The Is-
tanbul subset yielded a TO-HTER of 0.0057% and
a ROCCH-EER of 0.0112%, whereas the Other
Dialects subset yielded 0.0356% and 0.0656%, re-
spectively.

Table 5 summarizes the overall preprocessing
results obtained with ResNet34-LM. Among the in-
dividual preprocessing methods, pre-emphasis with
a = 0.97 yielded a TO-HTER of 0.0051% and a
ROCCH-EER of 0.0096%, while CMN yielded
0.0052% and 0.0098%, respectively. The selected
pairwise and triple-filter configurations remained
within a similarly narrow low-error range. In con-
trast, spectral subtraction and Wiener filtering pro-

duced substantially higher error rates across the
reported evaluation metrics.

The subgroup preprocessing results in Table 6
further show that the effect of preprocessing de-
pends on both subgroup and evaluation metric. For
male speakers, the baseline TO-HTER of 0.0100%
changed to 0.0078% with pre-emphasis at @ =
0.99, while for female speakers the baseline value
of 0.0080% changed to 0.0077% with pre-emphasis
at a = 0.97. For Adult speakers, the baseline TO-
HTER of 0.0076% and ROCCH-EER of 0.0148%
decreased to 0.0075% and 0.0142%, respectively,
with either CMN or pre-emphasis at o = 0.97.
Pre-emphasis at o = 0.99 reduced Adult minDCF
from 0.0129 to 0.0117, but increased TO-HTER
to 0.0080%. For Elder speakers, the baseline TO-
HTER of 0.0116% changed to 0.0082% with either
CMN or pre-emphasis at o = 0.99. For the Other
Dialects subset, the baseline TO-HTER of 0.0356%
changed to 0.0297% with CMN and to 0.0287% for
the reported Blackman+CMN-based pairwise and
triple-filter configurations. These changes reflect
the effects observed at the corresponding operating
points, which varied across the evaluated prepro-
cessing configurations. Spectral subtraction and
Wiener filtering, in contrast, consistently produced
substantially higher error rates across the demo-
graphic and regional-dialect subsets.

6 Discussion and Conclusion

In this study, we present an end-to-end data gen-
eration pipeline that automates the process from
data collection to quality control. Using this infras-
tructure, we benchmark a diverse set of pretrained
speaker-verification models, evaluating their zero-
shot generalization to Turkish speech as well as the
effects of several speech preprocessing methods.

The model comparison shows that performance
on Turkish speech varies substantially across ar-
chitectures. ResNet34-LM achieved the strongest
overall results despite having considerably fewer
parameters than several competing systems. This
suggests that model capacity alone does not de-
termine cross-lingual speaker-verification perfor-
mance and that architectural design and training
strategy may play an important role in generaliza-
tion to Turkish speech.

From a demographic perspective, gender- and
age-related differences were relatively limited and
varied across models. In contrast, more noticeable
differences were observed between the Istanbul
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and Other Dialects subsets, with the Istanbul sub-
set generally yielding lower error rates across the
evaluated systems.

The preprocessing experiments show that most
methods produced only small changes in overall
verification performance. The observed improve-
ments were limited to specific preprocessing meth-
ods and evaluation metrics, while the results var-
ied across demographic subgroups. Pre-emphasis,
CMN, and several filter combinations produced

small improvements in some evaluation metrics.
These findings indicate that the effect of preprocess-
ing was dependent on the evaluation setting, with
some configurations providing modest improve-
ments for certain demographic subgroups. In con-
trast, spectral subtraction and Wiener filtering re-
sulted in consistently higher error rates, indicating
that these more intensive noise-suppression meth-
ods were less suitable for the speaker-recognition
conditions considered in this study.

(a) Gender

Male

Female

TO-HTER ROCCH-EER

TO-HTER ROCCH-EER

Model TO-HTER ROCCH-EER minDCF FAR@FRR=0 FA|FR E[FA]|E[FR] TO-HTER ROCCH-EER minDCF FAR@FRR=0 FA|FR E[FA]|E[FR]
ResNet34-LM 0.0100 0.0187 0.0166 0.0200 153]0 143.59/0.35 0.0080 0.0152 0.0066 0.0160 2910 27.55(0.14
ERes2NetV2 0.0628 0.0402 0.0153 0.0718 550(1 308.30/0.75 0.2707 0.1727 0.0110 0.5359 5812 312.97|1.56
ECAPA-TDNN 0.0550 0.0463 0.0200 0.0826 4311 354.82|0.86 0.2889 0.1641 0.0154 0.5033 647|2 297.31(1.49
ERes2Net 0.0579 0.0591 0.0170 0.1254 475|1 452.81|1.10 0.1209 0.1218 0.0110 2.9249 2381 220.77|1.10
TitaNet-Large 0.0838 0.0875 0.0158 0.3003 460|2 670.21|1.63 0.0952 0.0511 0.0110 0.0800 145(1 92.65|0.46
ERes2Net-Large  0.2183 0.2025 0.0273 0.5280 1698|4 1551.48|3.77 0.3237 0.2581 0.0270 1.4134 5733 467.71|2.34
‘WavLM-MHFA 0.1615 0.1327 0.0200 1.0041 1239(3 1016.78(2.47 0.4821 0.3966 0.0225 4.0121 947|4 718.63|3.59
ECAPA-WavLM  0.2190 0.2014 0.0225 2.2620 1709|4 1543.65(3.75 0.4818 0.3710 0.0368 4.5817 9464 672.31|3.36
CAM++ 0.3747 0.3132 0.0253 5.7355 2859|7 2400.19(5.83 0.4418 0.3469 0.0199 1.0822 8014 628.64|3.14
(b) Age
Adult (< 50) Elder (> 50)

TO-HTER ROCCH-EER TO-HTER ROCCH-EER
Model TO-HTER ROCCH-EER minDCF FAR@FRR=0 FA|FR E[FA]|E[FR] TO-HTER ROCCH-EER minDCF FAR@FRR=0 FA|FR E[FA]|E[FR]
ResNet34-LM 0.0076 0.0148 0.0129 0.0152 104]0 101.02]0.26 0.0116 0.0217 0.0148 0.0232 5210 48.7210.22
ERes2NetV2 0.1146 0.0785 0.0106 0.1921 790|2 537.32|1.38 0.1026 0.0689 0.0277 0.1060 238|1 154.6510.69
ECAPA-TDNN 0.1268 0.0895 0.0191 0.1893 957|2 612.47|1.57 0.0172 0.0320 0.0180 0.0343 7710 71.84/|0.32
ERes2Net 0.0666 0.0699 0.0113 1.0359 523|1 478.39|1.23 0.0964 0.0668 0.0280 0.0936 210|1 150.0310.67
TitaNet-Large 0.1239 0.0854 0.0150 0.2376 9182 584.74|1.50 0.0080 0.0158 0.0146 0.0160 36|0 35.52|0.16
ERes2Net-Large  0.1188 0.1206 0.0214 0.2444 8472 825.64(2.12 0.2767 0.2858 0.0362 1.6717 574|3 641.46|2.88
‘WavLM-MHFA 0.2908 0.2579 0.0227 1.6542 2034|5 1765.10(4.53 0.0207 0.0354 0.0200 0.0414 9310 79.44|0.36
ECAPA-WavLM  0.3395 0.3241 0.0285 1.9150 2311|6 2218.11[5.70 0.0187 0.0354 0.0235 0.0374 84|0 79.37(0.36
CAM++ 0.1856 0.1353 0.0188 0.5103 1373|3 926.01]2.38 0.5939 0.5119 0.0333 6.5663 1330(6 1149.06/5.16

(¢) Regional Dialect
Istanbul Other Dialects

TO-HTER ROCCH-EER TO-HTER ROCCH-EER
Model TO-HTER ROCCH-EER minDCF FAR@FRR=0 FA|FR E[FA]|E[FR] TO-HTER ROCCH-EER minDCF FAR@FRR=0 FA|FR E[FA]|E[FR]
ResNet34-LM 0.0057 0.0112 0.0098 0.0114 13210 129.28]0.26 0.0356 0.0656 0.0397 0.0712 36|0 33.17]0.31
ERes2NetV2 0.0486 0.0312 0.0068 0.0534 6181 361.71]0.71 0.5149 0.2908 0.0703 0.6290 310[2 147.02|1.40
ECAPA-TDNN 0.0411 0.0400 0.0110 0.1874 4451 463.41[0.91 0.3923 0.2926 0.0592 0.6052 186(2 147.96|1.40
ERes2Net 0.0055 0.0107 0.0065 0.0111 128]0 123.84(0.24 0.4170 0.3423 0.0731 4.4086 2112 173.06|1.64
TitaNet-Large 0.0934 0.0690 0.0109 0.2261 1150(2 799.39|1.58 0.2031 0.1175 0.0361 0.1978 100(1 59.40(0.56
ERes2Net-Large  0.0912 0.0869 0.0170 0.2314 1100[2  1007.04|1.99  0.6566 0.6148 0.0779 1.7880 348|3 310.84]2.95
WavLM-MHFA  0.1237 0.1216 0.0159 0.4029 1345|3  1408.25[2.78  0.7812 0.4998 0.0460 1.7820 474(3 252.69(2.40
ECAPA-WavLM  0.1317 0.0996 0.0194 0.2471 153113  1153.30[2.28  1.0005 0.7736 0.0522 1.8097 485|5 391.11{3.71
CAM++ 0.1996 0.1561 0.0132 3.7873 2596|4  1807.83|3.57  0.8785 0.8067 0.0758 1.6594 467(4 407.89|3.87

Table 4: Benchmark results of models across (a) gender, (b) age, and (c) regional dialect subgroups on TurkSV-Bench.

TO-HTER ROCCH-EER
Preprocessing Method TO-HTER ROCCH-EER minDCF FAR@FRR=0 FA|FR E[FA]|E[FR]
Baseline 0.0055 0.0107 0.0091 0.0110 186]0 181.27]0.30
Pre-emphasis (o« = 0.99) 0.0053 0.0098 0.0079 0.0106 180[0 166.43|0.27
CMN 0.0052 0.0098 0.0084 0.0104 176]0 167.01|0.27
Pre-emphasis (o« = 0.97) 0.0051 0.0096 0.0084 0.0102 173]0 163.41|0.27
Amplitude scaling 0.0055 0.0107 0.0091 0.0110 186]0 181.27|0.30
RMS normalization 0.0055 0.0107 0.0091 0.0110 186]0 181.27|0.30
DC offset removal 0.0055 0.0107 0.0091 0.0110 186/0 181.27/|0.30
Peak normalization 0.0055 0.0107 0.0091 0.0110 186/0 181.27/|0.30
Loudness normalization (—23 LUFS) 0.0055 0.0107 0.0091 0.0110 1860 181.27]0.30
Hamming windowing 0.0055 0.0107 0.0091 0.0110 186/0 181.27/|0.30
Hann windowing 0.0055 0.0107 0.0091 0.0110 186/0 181.37|0.30
Blackman windowing 0.0055 0.0107 0.0091 0.0110 186/0 181.37(0.30
Spectral subtraction 1.0113 0.9782 0.1617 11.0728 17140(28 16594.97|27.06
Wiener filtering 2.0258 2.0219 0.1856 31.1352 34388|56 34301.13|55.93
Pairwise filter combinations
Blackman + CMN 0.0051 0.0098 0.0083 0.0102 17310 165.45(0.27
Hann + Pre-emphasis (« = 0.97) 0.0051 0.0096 0.0084 0.0101 172]0 162.71]0.27
Triple filter combinations
Blackman + Hann + CMN 0.0051 0.0098 0.0083 0.0102 17310 165.45]0.27
RMS normalization + Hann + CMN 0.0051 0.0098 0.0083 0.0102 173]0 165.45]0.27

Table 5: Benchmark results of preprocessing methods applied with the ResNet34-LM model.
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(a) Age

Adult (< 50)

Elder (> 50)

TO- ROCCH- TO- ROCCH-
TO- ROCCH- FAR@ HTER EER TO- ROCCH- FAR@ HTER EER
Preprocessing Method HTER minDCF EER FRR=0 FA|FR E[FA]JIE[FR] HTER minDCF EER FRR=0 FA|FR E[FA]E[FR]
Baseline 0.0076  0.0129 0.0148 0.0152 10410 101.0210.26  0.0116  0.0148 0.0217 0.0232 5210 48.72|0.22
Peak normalization 0.0076  0.0129 0.0148 0.0152 104|0 101.02|/0.26 ~ 0.0116  0.0148 0.0217 0.0232 52(0 48.72|0.22
RMS normalization 0.0076  0.0129 0.0148 0.0152 104]0 101.0210.26  0.0116  0.0148 0.0217 0.0232 52|10 48.72|0.22
Amplitude scaling 0.0076  0.0129 0.0148 0.0152 104]0 101.02/0.26  0.0116  0.0148 0.0217 0.0232 5210 48.72|0.22
CMN 0.0075  0.0121 0.0142 0.0150 103|0 97.25|0.25 0.0082  0.0136 0.0160 0.0165 3710 35.87/0.16
Loudness normalization 0.0076  0.0129 0.0148 0.0152 1040 101.0210.26 ~ 0.0116  0.0148 0.0217 0.0232 52|10 48.72|0.22
DC offset removal 0.0076  0.0129 0.0148 0.0152 104]0 101.02|0.26  0.0116  0.0148 0.0217 0.0232 52(0 48.72|0.22
Pre-emphasis (« = 0.97) 0.0075  0.0120 0.0142 0.0150 103]0 97.25|0.25 0.0085  0.0135 0.0163 0.0169 38(0 36.68/0.16
Pre-emphasis (a = 0.99) 0.0080  0.0117 0.0147 0.0159 109]0 100.7210.26  0.0082  0.0135 0.0160 0.0165 37(0 35.87/0.16
Hamming windowing 0.0076  0.0129 0.0148 0.0152 104]0 101.02|/0.26 ~ 0.0116  0.0148 0.0217 0.0232 52(0 48.72|0.22
Hann windowing 0.0076  0.0129 0.0148 0.0152 104|0 101.02[0.26  0.0116  0.0148 0.0217 0.0232 52|10 48.72|0.22
Blackman windowing 0.0076  0.0129 0.0148 0.0152 104|0 101.02(0.26  0.0116  0.0148 0.0217 0.0232 52|10 48.72|0.22
Spectral subtraction 0.8581  0.1792 0.8424 4.5529  5907|15  5765.66|14.81 1.1903  0.1503 1.1303  10.5579 2671|112 2536.86|11.39
Wiener filtering 22054  0.2042 2.1762  29.4458 15005|39 14894.92|38.26 2.0893  0.1902 1.9439  14.0215 4703|21 4363.13|19.59
Pairwise filter combinations
Blackman + CMN 0.0073  0.0121 0.0139 0.0146 100(0 95.11]0.24 0.0082  0.0140 0.0161 0.0165 3710 36.03]0.16
Hann + Pre-emphasis
(a = 0.97) 0.0075  0.0120 0.0142 0.0150 10310 97.25|0.25 0.0085  0.0135 0.0163 0.0169 38/0 36.68/0.16
Triple filter combinations
Blackman + Hann + CMN  0.0073  0.0121 0.0139 0.0146 100(0 95.11]0.24 0.0082  0.0140 0.0161 0.0165 3710 36.03/0.16
RMS + Hann + CMN 0.0073  0.0121 0.0139 0.0146 100[0 95.11]0.24 0.0082  0.0140 0.0161 0.0165 370 36.03]0.16
(b) Gender
Male Female
TO- ROCCH- TO- ROCCH-
TO- ROCCH- FAR@ HTER EER TO- ROCCH- FAR@ HTER EER
Preprocessing Method HTER minDCF EER FRR=0 FA|FR E[FA]JIE[FR] HTER minDCF EER FRR=0 FA|FR E[FA]|E[FR]
Baseline 0.0100  0.0166 0.0187 0.0200 15310 143.5910.35 0.0080  0.0066 0.0152 0.0160 29(0 27.55|0.14
Peak normalization 0.0100  0.0166 0.0187 0.0200 153|0 143.59]0.35 0.0080  0.0066 0.0152 0.0160 29|10 27.55|0.14
RMS normalization 0.0100  0.0166 0.0187 0.0200 153(0 143.59(0.35 0.0080  0.0066 0.0152 0.0160 29|10 27.55|0.14
Amplitude scaling 0.0100  0.0166 0.0187 0.0200 1530 143.59(0.35 0.0080  0.0066 0.0152 0.0160 29|10 27.55|0.14
CMN 0.0083  0.0159 0.0163 0.0166 127]0 124.58|0.30  0.0086  0.0071 0.0156 0.0171 31[0 28.18]0.14
Loudness normalization 0.0100  0.0166 0.0187 0.0200 153]0 143.59]0.35 0.0080  0.0066 0.0152 0.0160 29(0 27.55|0.14
DC offset removal 0.0100  0.0166 0.0187 0.0200 153]0 143.59|0.35 0.0080  0.0066 0.0152 0.0160 29(0 27.55|0.14
Pre-emphasis (o = 0.97) 0.0082  0.0158 0.0161 0.0163 125]0 123.35|0.30  0.0077  0.0055 0.0142 0.0155 28|10 25.69|0.13
Pre-emphasis (« = 0.99) 0.0078  0.0155 0.0155 0.0157 120(0 118.94[0.29  0.0088  0.0055 0.0159 0.0177 32|0 28.83|0.14
Hamming windowing 0.0100  0.0166 0.0187 0.0200 153]0 143.59(0.35 0.0080  0.0066 0.0152 0.0160 29|10 27.55|0.14
Hann windowing 0.0100  0.0166 0.0188 0.0200 1530 143.92|0.35 0.0080  0.0066 0.0152 0.0160 29|10 27.55|0.14
Blackman windowing 0.0100  0.0166 0.0188 0.0200 153]0 143.92|0.35 0.0080  0.0066 0.0152 0.0160 29|10 27.55|0.14
Spectral subtraction 1.2311  0.1897 1.1736  13.6497 9392|23  8993.42|21.83 1.5494 0.2173 1.5007  27.2853 281514 2719.30|13.60
Wiener filtering 1.7192  0.1648 1.7046  47.2108 13165|32 13063.00|31.71 3.5055 0.2611 3.4075  47.1181 6304]32 6174.39|30.87
Pairwise filter combinations
Blackman + CMN 0.0084  0.0157 0.0163 0.0167 12810 124.67|10.30  0.0077  0.0071 0.0142 0.0155 28/0 25.8110.13
Hann + Pre-emphasis
(a = 0.97) 0.0082  0.0157 0.0161 0.0163 12510 123.35]0.30  0.0077  0.0055 0.0142 0.0155 28/0 25.69|0.13
Triple filter combinations
Blackman + Hann + CMN  0.0084  0.0157 0.0163 0.0167 12810 124.67|10.30  0.0077  0.0071 0.0142 0.0155 28(0 25.8110.13
RMS + Hann + CMN 0.0084  0.0157 0.0163 0.0167 128]0 124.67/0.30  0.0077  0.0071 0.0142 0.0155 28(0 25.81]0.13
(c) Regional Dialect
Istanbul Other Dialects
TO- ROCCH- TO- ROCCH-
TO- ROCCH- FAR@ HTER EER TO- ROCCH- FAR@ HTER EER
Preprocessing Method HTER minDCF EER FRR=0 FA|FR E[FA]|E[FR] HTER minDCF EER FRR=0 FA|FR E[FA]|E[FR]
Baseline 0.0057  0.0098 0.0112 0.0114 13210 129.28]0.26 0.0356  0.0397 0.0656 0.0712 3610 33.17]0.31
Peak normalization 0.0057  0.0098 0.0112 0.0114 132]0 129.28]0.26 0.0356  0.0397 0.0656 0.0712 360 33.17|0.31
RMS normalization 0.0057  0.0098 0.0112 0.0114 132]0 129.28|0.26 0.0356  0.0397 0.0656 0.0712 360 33.17|0.31
Amplitude scaling 0.0057  0.0098 0.0112 0.0114 13210 129.28(0.26 0.0356  0.0397 0.0656 0.0712 36/0 33.17|0.31
CMN 0.0057  0.0093 0.0108 0.0113 131]0 125.31]0.25 0.0297  0.0441 0.0566 0.0593 30(0 28.64(0.27
Loudness normalization 0.0057  0.0098 0.0112 0.0114 132]0 129.28(0.26 0.0356  0.0397 0.0656 0.0712 36/0 33.17|0.31
DC offset removal 0.0057  0.0098 0.0112 0.0114 132]0 129.28]0.26 0.0356  0.0397 0.0656 0.0712 36/0 33.17|0.31
Pre-emphasis (« = 0.97) 0.0056  0.0089 0.0105 0.0111 129]0 122.02(0.24  0.0356  0.0402 0.0668 0.0712 360 33.76/0.32
Pre-emphasis (o« = 0.99) 0.0058  0.0086 0.0108 0.0117 135]0 125.12]0.25 0.0346  0.0402 0.0655 0.0692 35|0 33.11|0.31
Hamming windowing 0.0057  0.0098 0.0112 0.0114 1320 129.28|0.26 0.0356  0.0397 0.0656 0.0712 36|0 33.17|0.31
Hann windowing 0.0057  0.0098 0.0112 0.0114 13210 129.28(0.26 0.0346  0.0397 0.0643 0.0692 35]0 32.53]0.31
Blackman windowing 0.0057  0.0098 0.0112 0.0114 132]0 9.28|0.26 0.0346  0.0397 0.0643 0.0692 35]0 32.53]0.31
Spectral subtraction 09129  0.1611 0.8918  11.1952 10508|21 10329.61]20.39 0.6141  0.1217 0.5698 4.4165 30513 288.09(2.74
Wiener filtering 22315  0.1940 2.1633  30.9427 25853|51 25056.17|49.45 2.0405 0.2101 1.9488  20.6112 1010|/10  985.32|9.35
Pairwise filter combinations
Blackman + CMN 0.0055  0.0093 0.0107 0.0111 12810 123.6110.24  0.0287  0.0420 0.0553 0.0574 2910 27.9410.27
Hann + Pre-emphasis
(a = 0.97) 0.0055  0.0089 0.0105 0.0111 12810 121.30/0.24  0.0356  0.0402 0.0668 0.0712 36/0 33.76/0.32
Triple filter combinations
Blackman + Hann + CMN  0.0055  0.0093 0.0107 0.0111 12810 123.6110.24  0.0287  0.0420 0.0553 0.0574 2910 27.9410.27
RMS + Hann + CMN 0.0055  0.0093 0.0107 0.0111 128]0 123.61/0.24  0.0287  0.0420 0.0553 0.0574 2910 27.94|0.27

Table 6: Preprocessing results across (a) age, (b) gender, and (c) regional dialect subgroups.

Limitations

Due to the nature of the data collection platform,
TurkSV-Bench exhibits partial imbalances in the
distribution of age, gender, and regional dialects.
Future work can extend the benchmark with larger
and more balanced subgroup distributions, and ad-
ditional acoustic conditions to provide more robust
estimates of real-world speaker-verification perfor-

mance. Additionally, as both reference and test
recordings are extracted from the same source, the
resulting performance metrics may be somewhat
optimistic compared to true cross-session condi-
tions.

Ethics Statement

The audio recordings collected within the scope
of TurkSV-Bench have been anonymized and uti-
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lized solely for research purposes. Due to per-
sonal data usage policies, raw audio files cannot be
shared. However, the data collection methodology
and metadata are provided in detail to researchers.
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