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Abstract
Comparing two types of speech – read and spontaneous –

poses a significant challenge for speaker verification models.
This study examines the impact of these differences on the per-
formance of advanced biometric systems. We conducted tests
using two baseline speaker verification models and two spoof-
aware approaches to assess their ability to handle variations be-
tween read and spontaneous speech. Additionally, we gener-
ated synthetic speech using two state-of-the-art Text-to-Speech
methods, training the models either on spontaneous or read
speech. The results indicate that mixing spontaneous and read
speech compared with a uniform type of speech yields higher
error rates in biometric verification. The situation is similar
in both testing scenarios, comparing genuines with impostors
and genuines with synthetic speech, regardless of the type of
speaker recognition model — base or spoof-aware.
Index Terms: speaker recognition, spoof aware speaker verifi-
cation, text-to-speech, spontaneous speech, read speech

1. Introduction
Voice biometrics and voice cloning technologies have become
increasingly prominent in applications ranging from secure au-
thentication to personalized speech synthesis. Speaker verifi-
cation systems aim to authenticate individuals based on their
voice, while voice cloning systems utilize models to synthesize
speech resembling a specific speaker.

Spontaneous speech is characterized by greater variability
in intonation, tempo, and phonetic structure, as well as the pres-
ence of disfluencies and emotional expressions [1]. In contrast,
read speech is typically more structured, consistent, and pre-
dictable [2]. These differences can impact the robustness and
accuracy of voice biometric systems, as well as the quality and
realism of synthetic speech generated by TTS models. System-
atic comparisons of these effects remain underexplored, particu-
larly when both types of speech are evaluated under comparable
environmental conditions.

The primary objective of this study is to compare the impact
of spontaneous and read speech on the performance of speaker
verification systems. Specifically, we evaluate two commonly
used speaker verification models: Resemblyzer [3] and Speech-
Brain [4]. Furthermore, we analyze synthetic speech samples
generated by two TTS models ElevenLabs TTS (11labs) [5]
and Coqui XTTS-V2 (Coqui) [6] using both spontaneous and
read speech inputs. We assess the generated samples impact
on speaker verification systems and spoof-aware models de-
signed to detect synthetic speech: MFA-Conformer [7] and
SKA-TDNN [8].

To the best of our knowledge, this is the first study to sys-
tematically compare spontaneous and read speech in the context

of voice cloning. Our findings contribute to understanding the
challenges posed by comparing read and spontaneous speech,
paving the way for the development of more robust and adap-
tive biometric systems and voice synthesis technologies.

2. Related work
2.1. Forging voices

The field of synthetic voice generation has made remarkable
progress in recent years, largely due to advances in Text-to-
Speech (TTS) and Speech-to-Speech (STS) technologies. TTS
models, such as Tacotron 2 [9] and FastSpeech [10], utilizing
neural network architectures like sequence-to-sequence models
and transformer-based frameworks. Several researchers pro-
posed end-to-end solutions or reduced the length of reference
audio needed to achieve realistic outputs. Lina-Speech [11] ex-
tends the work on the attention mechanism. The introduction
of Gated Linear Attention allows the generation of benchmark-
quality samples without fine-tuning. EmoKnob [12] or ParaE-
VITS [13] allow to control emotional load of synthetic audio
clips.

2.2. Speaker verification and spoof aware systems

Speaker recognition, encompassing both identification and ver-
ification, is a biometric technique that automatically identifies
individuals based on their speech signal [14]. Common fea-
ture extraction methods include Mel-Frequency Cepstral Co-
efficients (MFCC), Linear Predictive Coding (LPC), and Per-
ceptual Linear Prediction (PLP) [15]. Recent advancements
in speaker recognition employ deep learning models such as
Convolutional Neural Networks (CNN) with Long Short-Term
Memory (LSTM) for improved performance [16]. Speaker ver-
ification architectures such as ECAPA-TDNN [17] and ResNet-
based x-vectors [18] have demonstrated robust performance in
conventional settings. Beyond model architectures, research
has also focused on developing open-source toolkits to advance
speaker verification. Ravanelli et al. [19] introduced Speech-
Brain, a flexible framework achieving competitive results across
multiple benchmarks. Resemblyzer [20, ?] is another open-
source speaker encoder that has gained widespread recognition
in recent literature for its robust speaker verification and identi-
fication capabilities.

Recent research has focused on developing spoofing-aware
speaker verification (SASV) systems that integrate speaker ver-
ification and anti-spoofing mechanisms to combat synthetic
speech attacks. The SASV 2022 challenge [21] demonstated
significant advancements, with systems achieving SASV-EER
as low as 0.13% on ASVSpoof 2019 dataset [22]. SASV sys-
tems have introduced models like ECAPA-TDNN [17], MFA-

Interspeech 2025
17-21 August 2025, Rotterdam, The Netherlands

3643 10.21437/Interspeech.2025-2629



Conformer [7] and SKA-TDNN [8], which incorporate counter-
measures against synthetic speech attacks. Various techniques
have been explored, including probabilistic fusion frameworks
[23], compositional data analysis for score fusion [24], and
jointly optimized embeddings [25].

Research on read and spontaneous speech has primarily
focused on classification and speech pattern analysis. Stud-
ies have explored the differences between read and sponta-
neous speech in various contexts, such as prosodic variation,
fluency, and phonetic structure. Kopparapu [26] introduced
a DeepSpeech-based approach to distinguish between these
two speech styles, which is particularly relevant for applica-
tions like remote interviews and automated speech profiling.
There is a growing body of evidence that speaking style di-
rectly affects speaker verification performance [27, 28], spoof-
ing risk [29], and voice anonymization robustness [30]. For
instance, phoneme durations can leak speaker identity even in
anonymized speech [30], and verification accuracy drops signif-
icantly when mismatched styles are used [27]. However, there
is still little know about how different speech types affect mod-
ern biometric performance, including speaker verification and
spoof detection. Furthermore, the impact of synthetic speech
quality, when generated from read vs spontaneous speech, re-
mains underexplored, despite its significance for spoof-aware
speaker verification systems.

3. Methodology
The experiment was designed to evaluate the impact of dif-
ferent speech flows on the capabilities of speaker recognition
systems, namely spontaneous, free speech (Free) and reading
(Read). Biometric voice verification systems can use both types
of speech for the registration of audio samples. Mixing dif-
ferent types of speech flow in the registration and verification
phase can carry a potential risk of miss-classification. The main
goal of this study is to examine whether speech expression and
delivery style contain significant information for speaker recog-
nition systems. In addition, the influence of synthetically gener-
ated voices created with respect to flow of speech was measured
on common speaker recognition systems.

3.1. Dataset

To evaluate the impact of spontaneous and read speech on
speaker verification and spoof detection, we utilize a proprietary
dataset collected specifically for this research purposes and a
publicly available dataset.

Our dataset Read-and-Tell (RaT)1 comprises 100 speakers
balanced across gender and age groups (50 female, 50 male)
with a total of audio, recorded under controlled conditions to
ensure comparability between speech styles. Each speaker con-
tributed: 12 read speech samples (60 seconds each) covering
diverse text types, including fiction, phonetically rich sentences,
and scientific content, and spontaneous speech recordings of
12 minutes per speaker, ensuring natural variability in prosody,
tempo, and articulation.

Unlike existing datasets, which typically focus on either
read or spontaneous speech, our dataset provides a balanced
representation of both, making it uniquely suited for this inves-
tigation. Publicly available datasets often mix recordings from
different sources, making direct comparisons unreliable due to
variations in recording conditions and speaker demographics.

1A standardized subset of RaT available upon request at: https:
//nask-biometria.github.io/RaT/

For external validation, we include the ALLSSTAR Cor-
pus [31], a publicly available dataset containing both scripted
and spontaneous speech. While useful for broader generaliza-
tion, its acquisition conditions differ from our controlled envi-
ronment, making direct comparisons limited.

This dataset was limited to native english speakers, who
took part in two types of recording sessions: read speech -
including reading passages of Declaration of Human Rights
(DHR), Little Prince (LPP) or NWS task, and spontaneous
speech - containing Q&A session delivered by 26 speakers. The
collection contains 134 audio files with spontaneous speech and
208 recordings with read speech.

Speakers in this dataset are not diverse in terms of age,
which ranges between 18 and 26 with the average of 19.88.
Gender-wise, the group of 26 talkers has 14 females and 12
males.

3.2. Synthetic audio

To evaluate speaker recognition systems, we tested them with
synthetic voices. As Text-to-Speech methods capture the flow
of speech present in the training data, they were used to further
extend the study. Speech-to-Speech methods often copy the de-
livery style of the attacker rather than the victim and hence were
not used in this study.

Analysis of openly available TTS algorithms with the ad-
dition of user-friendly commercial methods facilitated the se-
lection of the group of TTS generators used in the experiments.
ElevenLabs TTS, (Multilingual v2 with default hyperparame-
ters: Stability: 50%, Similarity: 75%, Style Exaggeration: 0,
Speaker boost: True) [5], Coqui XTTS-V2 [6]. Despite Eleven-
Labs being paid, it offers interfaces for generations as well as
API access designed for large-scale, dump creations of audio
files. These properties reflect the needs of potential scammers
who are not necessarily technically-proficient and can value the
availability of user interface, instead of digging through multi-
ple GitHub repositories. On the other hand, accessibility via
API and the possibility of automation are valuable for more
tech-aware fraudsters. The selection of accessible languages
within these algorithms is also a crucial factor, as the RaT
database consists of Polish language, which can be considered
an under-studied language in terms of TTS algorithms.

These two methods were further used to generate synthetic
speech based on two reference datasets. As the main contribu-
tion of this study revolves around flow of speech, the input text
for TTS methods was chosen in a way that carries both qualities
of free and read speech in a casual description answering the
question ”How was your day?”. It was generated in languages
included in the used datasets. The text was designed to take
around 30 seconds to read.

3.3. Comparisons explained

To systematically analyze the impact of read and spontaneous
speech on speaker verification and spoof detection, we de-
fine comparisons based on intra-class and inter-class scenar-
ios. These comparisons evaluate both natural speech (authentic)
and synthetically generated speech (synthetic), allowing for a
structured assessment of speaker variability and spoofing risks.
We further categorize the comparisons into three main types to
examine systems’ behaviors under different modes: only free
speech, focuses on robustness of purely spontaneous signals,
read speech, and mix to assess the impact of cross-style vari-
ability by comparing read and spontaneous samples.
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Read-and-Tell AALSSTAR
Comparison SpeechBrain Resemblyzer SKA-TDNN MFA-Conformer SpeechBrain Resemblyzer SKA-TDNN MFA-Conformer

free: intra vs inter 0.00 0.46 1.52 4.19 0.00 0.00 0.79 3.09
read: intra vs inter 0.04 0.32 1.01 3.39 0.00 0.31 0.31 10.31

auth-mix (intra vs inter) 0.17 11.57 23.28 32.92 0.24 2.62 2.88 18.75

free: auth vs synth (11labs) 1.6 0.00 0.23 1.98 1.49 7.46 0.00 0.00
read: auth vs synth (11labs) 1.72 0.00 0.63 2.71 5.77 18.27 0.00 0.00

all combinations 13.23 10.89 13.93 20.67 10.92 26.47 0.00 5.04

free: auth vs synth (Coqui) 1.37 0.15 0.00 0.08 0.75 0.00 0.00 6.72
read: auth vs synth (Coqui) 1.36 0.36 0.00 0.00 0.00 4.81 0.96 17.31

all combinations 12.86 16.97 0.12 5.13 5.25 6.30 0.42 18.28

global 9.92 13.84 16.98 22.82 3.68 15.99 2.86 13.78

Table 1: Equal Error Rate results for different models across Read-and-Tell and AALSSTAR datasets. The lowest values are highlighted
in bold, and the highest errors are in red.

Additionally, we introduced comparisons between syn-
thetic speech generated from different speech types and their
corresponding authentic samples, allowing us to investigate
how spoofing risks vary with read versus spontaneous inputs.
All combinations refer to the comparison of all combinations
of genuine with synthetic samples from a given TTS method.

3.4. Speaker verification systems

To evaluate the impact of spontaneous and read speech on
speaker verification and spoof detection, we employed two
speaker verification systems SpeechBrain [19] and Resem-
blyzer, along with two spoof-aware models, MFA-Conformer
[7] and SKA-TDNN [8, 32]. These models were selected due
to their strong performance in prior evaluations and the avail-
ability of open-source implementations.

SpeechBrain was chosen for its modular design and state-
of-the art performance in verification tasks. It utilizes X-vectors
and ECAPA-TDNN, containing in total 22.150M parameters,
producing 192-dimensional speaker embeddings.

Resamblyzer was selected for its robust speaker embed-
ding space, specifically designed for speaker similarity. The
model uses a lightweight deep neural network architecture
(1.4M parameters) with generalized end-to-end loss [33], but
its exact number of parameters and training details remain un-
documented in the official release. Resemblyzer generates
256-dimensional embeddings optimized for speaker verification
tasks.

For detecting synthetic speech, we employed two leading
spoof-aware speaker verification models. MFA-Conformer in-
corporates multi-scale feature aggregation with self-attentionn
to enhance robustness against spoofing attacks while maintain-
ing high speaker verification accuracy, consisting of 21.9M pa-
rameters. SKA-TDNN (30.8M params) employees Selective
Kernel Attention (SKA) mechanism, allowing the model to dy-
namically emphasize both local and global speaker-relevant in-
formation. To ensure consistency, all models were initialized
with pre-trained weights and tested on the same set of authen-
tic and synthetic speech samples. To assess the performance of
the speaker verification and spoof detection models, we utilized
two key evaluation metrics: Equal Error Rate (EER) and False
Rejection Rate (FRR) at fixed False Acceptance Rate (FAR)
thresholds: 5%, 1%, 0.1%, 0.01%, and 0.001%.

4. Experimental setup and results
4.1. Speech-type impact on speaker verification

In this experiment, we investigate how different speech types:
read, spontaneous (free), and mixed speech affect speaker

verification systems. The goal is to analyze how well
speech-dependent verification systems perform when process-
ing speech samples of varying structures and spontaneity.

First three rows in Table 1 present results across all ana-
lyzed models, showing EER for intra- (same speaker) and inter-
class (different speakers) comparisons. Lower score indicates
better speaker verification performance. The results for the
Read-and-Tell dataset show that traditional speaker verification
models maintain low EERs close to 0.00 across all speech types.
However, for mixed speech, the performance decreases (0.17%
- 11.57%), suggesting a higher degree of variability when cross-
ing speech styles. Spoof-aware models show moderate robust-
ness for uniform speech styles comparison, with errors in the
range of 1.01-4.19%, while they struggle the most in mixed-
speech scenarios, reaching an EER in the range of 23.28% -
32.92%.

The results for the AALSSTAR dataset are quite similar.
Basic speaker verification systems achieve an EER close to
zero for uniform types of speech, except for mixed speech. In
this case, the EER increases slightly, reaching up to 2.62% for
Resemblyzer. The SKA-TDNN model classifies spontaneous
and read speech almost flawlessly. However, when comparing
mixed speech, the EER rises to 2.88%. Unlike the other models,
the MFA Conformer makes the most errors, not only when com-
paring mixed speech (18.75%) but also read speech (10.31%).

4.2. Evaluating speaker verification with synthetic voices

This experiment evaluates how speaker verification systems
handle synthetic speech compared to authentic speech. The
analysis includes synthetic samples generated from both read
and spontaneous speech, allowing us to assess whether training
on different speech styles influences system performance.

The authentic vs synthetic speech comparisons in Table 1
highlight key differences in speaker verification performance
depending on the training speech style of TTS. Analyzing
the results for the RaT dataset, comparisons of homogeneous
speech styles yield EER values ranging from 0.0% to 2.71%
for both TTS methods. However, when all possible combina-
tions of genuine and synthetic speech are compared regardless
of speech style, the EER increases significantly, reaching up to
20.67% for the MFA-Conformer. The best result in this cat-
egory is achieved by SKA-TDNN for synthetic samples gen-
erated using the Coqui model, with an EER of 0.12%. This is
most likely due to the poor quality of the generated samples and
the robustness of the spoof-aware model against deepfakes.

In the case of the AALSSTAR dataset, the situation is
different. Baseline speaker verification models analyzing the
11Labs samples achieve higher EER values, especially for read
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speech comparisons and all combinations comparisons (rang-
ing from 5.77% to 26.47%). The worst-performing model is
Resemblyzer, with the EER from 7.46% to 26.47%. For spoof-
aware models, the results differ notably. SKA-TDNN achieves
an EER of 0.0% across all types of comparisons. Similarly,
MFA Conformer maintains low EER values, except in the case
of all-combination comparisons, where the EER increases to
5.04%. Analyzing the results for the Coqui samples, all mod-
els perform well, with the exception of the MFA Conformer,
which shows EERs ranging from 6.72% to 18.28%.. The SKA-
TDNN model achieves the best classification performance, with
a maximum EER of only 0.96%. In the case of typical speaker
verification models, the EER ranges from 0.0% to 6.30%.

Crucially, these results emphasize the importance of thresh-
old selection, as EER values vary based on speech type. In
a global analysis, considering all authentic intra-class compar-
isons and impostors, including inter-class comparisons and syn-
thetic samples, the EER increases from 9.92% to 22.82% for
RaT dataset, and 2.86% - 15.99% for AALSSTAR.

To better illustrate these variations, Figures 1 and 2
present the score distributions for selected base and spoof-aware
speaker verification systems on the RaT dataset, visualizing
how read, spontaneous, and mixed speech types influence sys-
tem behavior.

Figure 1: Speechbrain score distributions for RaT dataset.

Figure 2: SKA-TDNN score distributions for RaT dataset.

Additionally, Figure 3 presents the FRR measured at vari-
ous FAR thresholds, providing an estimate of system security
across different speaker verification models and speech types.
This evaluation helps assess the trade-off between strict au-
thentication and user convenience, emphasizing the impact of
speech variability on system robustness

5. Conclusion
Our findings highlight that comparing two different speech
styles presents unique challenges for biometric systems,

Figure 3: False Rejection Rate at differet False Acceptance Rate
threshold for system security evaluation, across different speech
types and speaker verification models

whether dealing with genuine and impostors or genuine and
generated samples comparison. Addressing this issue is criti-
cal to ensuring fairness and inclusivity in voice biometrics.

Analyzing the baseline models, SpeechBrain delivers the
best performance on both datasets. Among the spoof-aware
models, SKA-TDNN stands out, achieving an EER close to
0.0% in nearly all cases—except for the 11labs all-combination
comparisons in the RaT dataset, where the EER reaches
13.93%. The MFA-Conformer model exhibits the largest per-
formance degradation, particularly in read and mixed speech
conditions, highlighting its difficulty in adapting to different
speech styles.

Future research should focus on training models on diverse
speech styles, including both read and spontaneous speech, to
improve resilience.

Ensuring robust and fair speaker verification across differ-
ent speech styles is crucial for societal adopting of voice bio-
metrics, particularly in authentication, and forensic analysis.
The observed biases in mixed speech conditions raise concerns
about unequal performance across different user groups, po-
tentially disadvantaging individuals with more natural, unstruc-
tured speaking patterns. Addressing these issues is essential to
ensure that voice-based security systems remain reliable, inclu-
sive and resistant to adversarial attacks in real-world applica-
tions.

6. Limitations
The work presented in this study has several limitations. As ev-
ery experiment is framed within the boundaries of the data, our
research was conducted on constrained number of languages.
However, selection of English, as the most studied language,
having wide assortment of algorithms allows placing the re-
search on the international area and makes it more relatable.
On the other hand, Polish language and its unique in size and
nature RaT database allows to conclude in statistically signif-
icant way. Polish remains underrepresented in biometric re-
search despite being morphologically rich and phonetically di-
verse, which makes it particularly relevant.

Both datasets used in the experimentation, RaT and
ALLSSTAR Corpus, operate on limited number of speakers.
Another limitation lies in the number of speaker recognition
systems tested.

Despite the aforementioned limitations, the experimental
setup was carefully selected in a manner that facilitates good
research practices and makes conclusions meaningful, relevant
to everyone, and support generalization.
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