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Abstract
The growing sophistication of speech generated by Artificial Intelligence (Al) has introduced new challenges in audio
deepfake detection. Text-to-speech (TTS) and voice conversion (VC) technologies can create highly convincing
synthetic speech with naturalness and intelligibility. This poses serious threats to voice biometric security and
to systems designed to combat the spread of spoken misinformation, where synthetic voices may be used to
disseminate false or malicious content. While interest in Al-generated speech has increased, resources for evaluating
naturalness at the phoneme level remain limited. In this work, we address this gap by presenting the Phoneme-Level
DeepFake dataset (PhonemeDF), comprising parallel real and synthetic speech segmented at the phoneme level.
Real speech samples are derived from a subset of LibriSpeech, while synthetic samples are generated using four
TTS and three VC systems. For each system, phoneme-aligned TextGrid files are obtained using the Montreal Forced
Aligner (MFA). We compute the Kullback—Leibler divergence (KLD) between real and synthetic phoneme distributions
to quantify fidelity and establish a ranking based on similarity to natural speech. Our findings show a clear correlation
between the KLD of real and synthetic phoneme distributions and the performance of classifiers trained to distin-
guish them, suggesting that KLD can serve as an indicator of the most discriminative phonemes for deepfake detection.

Keywords: Deepfake detection, Phoneme alignment, LibriSpeech

1. Introduction

Early synthesizers generated speech signals that
sounded unnatural and robotic, making them eas-
ily recognizable (Nusbaum et al., 1997). This re-
mained the case until recent advancements in
generative artificial intelligence (Ren et al., 2019;
Prenger et al., 2019), which led to improvements in
the quality of synthetic speech. In fact, the growing
sophistication of Text-to-Speech (TTS) and Voice
Conversion (VC) systems can benefit society in
multiple ways. Besides their impact on customer
experience, high-quality synthetic speech can help
expand accessibility to many people (Naayini et al.,
2025). TTS, specifically, enables individuals with
visual impairments or reading disabilities to access
written content, such as e-books, websites, and
documents. VC, on the other hand, improves per-
sonalization and communication by adapting voices
for specific characters, accents, or age groups in
the entertainment domain.

Despite its benefits, the generation of high-
quality synthetic speech has introduced new chal-
lenges in spoofing detection. Deepfakes, in partic-
ular, pose significant challenges not only for voice
biometric security applications but also for systems
designed to combat the spread of spoken misin-
formation, where false content is deliberately gen-
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erated using the voice of a targeted individual for
malicious purposes (Yamagishi et al., 2021). In
such a context, the ASVspoof challenge has been
the main force providing the research community
with guidelines and resources to promote the ro-
bustness of ASV systems (Wu et al., 2015). More
recently, the organizers, realizing the rapid devel-
opment of deep learning techniques used for voice
conversion and speech synthesis, added the au-
dio deepfake detection task to the ASVspoof 2021
challenge. In the following year, the Audio Deep
Synthesis Detection (ADD) challenge was created
by another group to cover attacks performed in
more realistic scenarios, such as those involving
background noise, fake clips in real speech signals,
and new speech synthesis and voice conversion
algorithms (Yi et al., 2022).

The main objective of the participants in such
challenges is to develop solutions that can sur-
pass the performance of baseline systems, cre-
ating new benchmarks for the task at hand. The
focus is placed on developing new approaches for
front-end and back-end systems. Besides the nu-
merous contributions throughout the years, such
approaches often lack a deep investigation of the
phenomenon. In this work, we aim to fill this gap
by studying the main acoustic differences between
real and synthetic speech. We focus our analy-
sis at the phoneme level to minimize the effects
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of linguistic variability. Our main objective is to
investigate speech parameters associated with nat-
uralness (e.g., speech rate, intensity range, ar-
ticulation rate, average syllable duration) at the
phoneme level and to compare the presence of
these parameters in real and synthetic speech.
Once these parameters are well understood, a
model with an internal extractor of these param-
eters can be developed to compute a new natu-
ralness score. In this work, we propose a com-
prehensive analysis framework to assess speech
naturalness through phoneme-level alignment. We
construct a parallel dataset comprising real speech
from the LibriSpeech corpus and synthetic speech
generated using four text-to-speech (TTS) models:
MeloTTS (Zhao et al., 2023), XTTS v2 (Casanova
et al., 2024), Chatterbox TTS (Resemble Al, 2025),
and VITS TTS (Kim et al., 2021), and three voice
conversion (VC) models: Chatterbox VC (Resem-
ble Al, 2025), FreeVC (Li et al., 2023), and StarGAN
VC (Li et al., 2021). Our findings highlight specific
phonemes and acoustic patterns that contribute
most to perceived unnaturalness. Aligned with that,
recent phoneme-aware studies (Suthokumar et al.,
2019; Dhamyal et al., 2021; Sivaraman et al., 2025)
highlight that certain phoneme categories exhibit
stronger separability between real and fake speech.
Yet, existing datasets offer only utterance- or frame-
level labels, lacking aligned phoneme boundaries
or timestamps, which makes phoneme-based anal-
ysis and reproducibility challenging. To address
this gap, we present a new PhonemeDF dataset.
In particular, in this paper, the following contribu-
tions are made:

1. We introduce PhonemeDF, a new dataset
containing synthetic audio and time-aligned
phoneme boundaries extracted from TextGrids
for both real and synthetic recordings.

2. We develop a phoneme-level detection frame-
work that evaluates discriminability across
phonemes using Kullback—Leibler divergence
(KLD), and ML-based classifiers such as Lo-
gistic Regression (LR) and Support Vector Ma-
chine (SVM).

3. Lastly, we conduct a comparative study across
handcrafted features and self-supervised
learning (SSL) embeddings to assess their ro-
bustness and generalization in phoneme-level
deepfake detection.

2. Related Work
2.1. Naturalness Assessment Based on
Phonemes

The concept of naturalness is not clearly defined
in the literature (Nussbaum et al., 2025). Our abil-

ity to perceive robotic characteristics in synthetic
speech can be quite subjective (Nusbaum et al.,
1997), and has decreased in recent years, given
the advances in generative Al, which is now ca-
pable of generating high-quality speech. Studies
addressing speech naturalness date back to the
early nineties. In (Nusbaum et al., 1997), for in-
stance, the authors proposed a new methodology
for measuring the naturalness of specific aspects
of synthesized speech, independent of its intelligi-
bility. While naturalness is a multidimensional and
subjective quality of speech, this methodology en-
ables the assessment of the distinct contributions
of prosodic, segmental, and source characteristics
within an utterance. They conducted experiments
showing that glottal source features and prosodic
cues (like pitch and rhythm) help listeners distin-
guish real from synthetic speech. This provides a
foundation for more focused evaluations of speech
quality. Although a handful of studies have explored
speech naturalness (Dall et al., 2014; Sellam et al.,
2023; Vojtech et al., 2019), to the best of our knowl-
edge, most of them are not focused on phoneme
analysis, which is addressed in our study.

2.2. Deepfake detection datasets

While large-scale deepfake detection datasets such
as ASVspoof (Todisco et al., 2019) and MLAAD (Li
et al., 2024) provide extensive collections of real
and synthetic speech, they lack phoneme-level an-
notations. Recent efforts have begun to address
this limitation. Baser et al. (Baser et al., 2025)
introduced PhonemeFake, a dataset focused on
segmental deepfake manipulations, and proposed
an adaptive bilevel detection model that achieved
lower equal error rates (EERs) with 90% faster
inference compared to prior baselines. Temmar
et al. (Temmar et al., 2025) created a phoneme-
annotated dataset. They developed a phoneme-
to-word HUBERT-based framework to classify real
vs. synthetic speech. Their analysis showed that
diphthongs and fricatives exhibit the strongest de-
viations and provide interpretable phoneme-level
cues for detection. Yang et al. (Yang et al., 2025)
compared phonetic features with global audio-level
representations to evaluate which feature types
best discriminate genuine from synthetic speech.
Beyond dataset creation, several studies have
explored phoneme-driven detection strategies. For
example, Salvi et al. (Salvi et al., 2025) investi-
gated speaker-specific phoneme profiles and eval-
uated test audio against these profiles to accu-
rately identify synthetic artifacts. For replay at-
tack detection, Suthokumar et al. (Suthokumar
et al., 2019) demonstrated that phoneme-based
models improve detection accuracy by capturing
phoneme-dependent acoustic patterns. Dhamyal
et al. (Dhamyal et al., 2021) in turn employed self-
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Figure 1: Overview of the dataset creation pipeline.

attention mechanisms to identify which phoneme-
level spectral features most effectively distinguish
real from synthetic speech. Sivaraman et al.
(Sivaraman et al., 2025) adapted the AASIST de-
tector (Jung et al., 2022) by partitioning speech
into voiced and unvoiced segments, finding that
voiced segments provide stronger discriminative
cues. Zhang et al. (Zhang et al., 2025) proposed
a phoneme-based detector. They utilized adaptive
phoneme pooling and graph attention networks to
capture inter-phoneme inconsistencies introduced
during synthesis.

Research on discriminative acoustic cues has
identified specific phonetic categories and features
that reveal synthesis artifacts. The work in (Temmar
et al., 2025; Sivaraman et al., 2025), for example,
found that some phonemes, such as fricatives, diph-
thongs, and voiced segments, show more distinct
cues from synthetic speech. Furthermore, work
in (Zhu et al., 2024) showed that mismatches be-
tween linguistic text and speaking style can pro-
vide complementary cues for detecting synthetic
speech. These results suggest that phoneme-level
analysis could enhance detection accuracy and in-
terpretability by providing greater granularity than
utterance-level approaches.

3. PhonemeDF Dataset

The goal of PhonemeDF is to provide phoneme
segmentation of parallel real and synthetic speech,
enabling the investigation of differences between
real and Al-generated signals at the phoneme level.
We hypothesize that generative models are optimal
at generating certain phonemes and less efficient
at producing others. This can be used to leverage
the optimization of audio deepfake classifiers. The
procedure to construct the dataset is divided into
two stages. The first stage consists of generating

synthetic utterances from seven distinct synthesiz-
ers, followed by the segmentation of the speech into
phoneme-level segments. These two stages are
detailed in the next two sections and an overview
of our data construction is shown in Figure 1.

3.1.

We adopted four TTS systems, namely
MeloTTS (Zhao et al., 2023), XTTS v2 (Casanova
et al., 2024), Chatterbox TTS (Resemble Al, 2025),
VITS TTS (Kim et al., 2021), and three VC models,
referred to as Chatterbox VC (Resemble Al, 2025),
FreeVC (Li et al., 2023), and StarGAN VC (Li
et al., 2021) to generate synthetic speech. These
speech generation systems were selected based
on their open availability, coverage of modern
paradigms, and diversity of synthesis mechanisms.
LibriSpeech (Panayotov et al., 2015) was used as
a reference corpus to generate parallel synthetic
data.

All LibriSpeech files within the 100-hour subset
were converted to WAV format, and their associated
text transcripts were separated to ensure consistent
filename alignment between text and audio. The
TTS models synthesized speech directly from the
transcripts, whereas the VC models used the orig-
inal real audio as input and generated converted
versions, as illustrated in Figure 1. When built-in
reference speakers were available in a model, we
utilized reference speakers directly. Ten speakers
(five males and five females) from the VCTK cor-
pus (Veaux et al., 2017) were selected as reference
speakers to ensure consistent speaker identity and
acoustic diversity across the generated data. As
MeloTTS and VITS systems provide built-in voices,
all available voices were used directly. For systems
without built-in voices, the selected VCTK reference
speaker recordings were used to condition the gen-
erated speech. We did not attempt to clone the

Synthetic Speech Generation
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Figure 2: Per-phoneme evaluation pipeline for real vs. synthetic discrimination.

original LibriSpeech speakers. All synthesized files
were resampled to 16 kHz to maintain a uniform
sampling rate across the systems.

3.2. Phoneme-level Segmentation

We relied on the Montreal Forced Aligner (MFA)
(McAuliffe et al., 2017) to generate phoneme bound-
aries aligned with transcripts. Alignment was per-
formed using the pretrained American English
ARPAbet acoustic model (english_us_arpa) and
its pronunciation dictionary. ARPAbet was chosen
as it is the representation adopted for LibriSpeech
and MFA. Thus, it ensures compatibility with align-
ment boundaries and the CMU pronunciation lexi-
con, while avoiding additional phoneme mapping
or Grapheme-to-Phoneme (G2P) inference. To re-
duce sparsity and focus on phoneme-level acous-
tic characteristics, stress markers were removed
(AAO/AA1/AA2 — AA). MFA then applies Viterbi
forced alignment to produce TextGrid files contain-
ing phoneme labels and precise temporal bound-
aries. Table 1 summarizes the overall statistics
of the PhonemeDF dataset. In total, it comprises
approximately 730 hours of speech, equivalent to
199,773 synthetic speech samples, along with their
respective TextGrid files, derived from 28,539 (100
hours) real utterances from the LibriSpeech corpus.
Selected reference audios and their synthetic coun-
terparts are available at the following link'. Note
that a handful of TextGrids were inspected to verify
alignment quality across both real and synthetic
recordings.

4. Experimental Setup

In our experiments, we assess the capability of dis-
tinct synthesizers to generate synthetic phonemes.
Our hypothesis is that certain phonemes are more
challenging to generate, and therefore, classifying

'https://github.com/Vamshi-
Nallaguntla/PhonemeDF

Dataset # Files Avg. (s) Total (h)
LibriSpeech 28,539 12.69 100
MeloTTS 28,539 10.15 80
XTTS v2 28,539 10.47 82
Chatterbox TTS 28,539 10.15 80
VITSTTS 28,539 10.77 85
Chatterbox VC 28,539 12.70 100
FreeVC 28,539 12.68 100
StarGAN VC 28,539 12.68 100
PhonemeDF 199,773 11.37 ~ 730

Table 1: Statistics showing number of files, aver-
age duration of an audio file (in seconds), and total
duration (in hours) for real and synthetic datasets.

those phonemes will lead to higher accuracies com-
pared to phonemes that are easier to generate and
therefore more similar to their real counterparts.
In the following section, we describe how we use
PhonemeDF for the purpose of this study.

4.1. Phoneme-Level Evaluation Setup

As shown in Figure 2, we conduct our evaluation
using parallel samples comprising real and syn-
thetic speech. PhonemeDF includes the full 100
hours of real speech from the LibriSpeech subset
together with their corresponding TextGrid align-
ments. Synthetic versions of these recordings are
generated for each synthesis system to form par-
allel real-synthetic pairs. For computational effi-
ciency, the experiments were conducted on a con-
trolled subset of the dataset. Specifically, we se-
lected 1000 real utterances from the LibriSpeech
portion of the corpus and used their correspond-
ing synthetic counterparts from each system. The
subset was constructed in a balanced manner to
ensure that all 251 speakers from the LibriSpeech
subset are represented. Using phoneme bound-
aries extracted from the TextGrid files, speech
signals are segmented into phoneme-level audio
units. Figure 3 shows a sample TextGrid with
phoneme and word boundaries. Each phoneme
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Figure 3: TextGrid showing phoneme boundaries
aligned using Montreal Forced Aligner (MFA).

segment is processed separately and undergoes
speech parametrization. We adopt both hand-
crafted and deep learning speech representations
with the aim of assessing how synthetic phonemes
behave within these categories. Thus, for hand-
crafted features, we rely on log-Mel Spectrograms
(LogSpec) and Linear-Frequency Cepstral Coeffi-
cients (LFCC), and for SSL embeddings we con-
sidered WavLM (Chen et al., 2022) and wav2vec
2.0 (Baevski et al., 2020).

For the handcrafted features, LogSpec was com-
puted using 80 Mel bins, a 512-point Fast Fourier
Transform (FFT), and a 10 ms hop size, while
LFCCs used 20 coefficients with identical parame-
ters. Frame-level features were then mean-pooled
across each phoneme segment using the boundary
timestamps from MFA TextGrids. Similarly, for the
SSL representations, phoneme-level embeddings
were extracted based on frame-level hidden states,
and mean pooling was applied to each phoneme
segment. Both models process audio at a 16 kHz
sampling rate with a 25 ms window size, with a
20 ms hop length, producing 1024-dimensional em-
beddings per frame.

4.2. Similarity of Synthetic and Real
Phonemes

To measure the similarity between real and syn-
thetic phoneme representations, we compute
the KLD between their distributions. For each
phoneme in PhonemeDF, the embeddings ex-
tracted from real and synthetic speech are modeled
as multivariate Gaussian distributions. Let the distri-
butions of real and synthetic phoneme embeddings
be denoted as Nz (g, Xr) and Ns(us, Xs), where
1 represents the mean vector and ¥ the covariance
matrix.

The KLD between two multivariate Gaussian dis-
tributions is defined as

Dx1(NR|INs) (1)

Since KLD is asymmetric, we compute the sym-

metric KLD between real and synthetic phoneme
distributions:

Daym = 3 Dkt WallNs) + Dt (W IV (2)

Higher D, values indicate larger distributional
differences between real and synthetic phoneme
embeddings, while lower values suggest higher
similarity between the two distributions. We hy-
pothesize that phonemes with higher divergence
values will be easier to distinguish from their syn-
thetic counterparts and, therefore, will yield higher
classification accuracies.

4.3. Classification Model

Two binary classifiers are adopted to evaluate the
impact of phonemes on deepfake detection. We
rely on LR (Hosmer et al., 2013) and SVM (Cortes
and Vapnik, 1995). This yields 78 independent
classifiers per feature type and synthesis system
(39 phonemes x 2 classifiers). Classification ac-
curacy quantifies the practical detectability of each
phoneme type, complementing the statistical sepa-
rability measured by KLD.

As evaluation metrics, we adopted KLD, accu-
racy, and Pearson correlation. Pearson correla-
tion is used to assess the relationship between
phoneme-level KLD values and classification ac-
curacy across phonemes. The null hypothesis as-
sumes no linear relationship between the two vari-
ables, Hy : r = 0, where r denotes the Pearson
correlation coefficient.

5. Results and Discussion

5.1.

Figure 4 and Figure 5 show the KLD scores av-
eraged across vowels and consonants for hand-
crafted features and SSL embeddings. The re-
sults are presented for each synthesizer. For hand-
crafted representations, the divergence patterns
are mostly influenced by the spectral envelope and
energy differences. LFCC and LogSpec represen-
tations rank voice-conversion systems as providing
the highest mismatch between synthetic and real
phonemes. In particular, SG-VC produces large
divergences for both vowels and consonants in
LFCC, reaching KLD values of 14.4 and 32.9, re-
spectively, while FreeVC also shows a large con-
sonant divergence of 29.6. Similarly, LogSpec re-
veals substantial mismatches for MeloTTS vowels,
31.6, and SG-VC vowels, 28.2, with consonant
divergence remaining high for SG-VC, 21.5, and
MeloTTS, 20.3. In contrast, VITS TTS produces
synthetic phonemes that are very close to real ones
in the handcrafted feature space, with very low KLD

KLD for Vowels and Consonants
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values, i.e., 1.1 and 1.8 in LFCC, and 4.0 and 4.1
for LogSpec, respectively, for vowels and conso-
nants. Overall, consonants tend to diverge more
than vowels for the VC systems (e.g., FreeVC and
SG-VQ), reflecting the sensitivity of spectral fea-
tures to transient and fricative energy patterns. For
TTS systems, the behavior is more mixed. XTTS
v2 and MeloTTS show larger vowel mismatches,
whereas VITS exhibits slightly higher divergence
for consonants. In general, LogSpec produces
higher KLD scores than LFCC, suggesting that the
handcrafted feature representation adopted has a
significant impact on the way real and synthetic
phonemes are represented. The TTS and VC sys-
tems play an equally important role.

For the SSL representations, the average KLD
scores decrease considerably compared to hand-
crafted features. Wav2Vec2 produces moderate
divergences, with MeloTTS reaching the highest
values, 6.7 for vowels and 5.9 for consonants, while
VITS remains closest to real speech, i.e., 2.5 for
both vowels and consonants. Compared to hand-
crafted features, WavLM representations produce
lower KLD values overall, with most systems falling
between 3 and 11. In this representation, Ch-VC
and FreeVC produce relatively small vowel diver-

gences, 3.7 and 4.0, but slightly larger consonant
divergences, around 6.1. These results suggest
that SSL embeddings capture higher-level phonetic
structures and are less sensitive to raw spectral ar-
tifacts compared to handcrafted features.

Figure 6 presents examples of individual
phonemes illustrating the lowest and highest diver-
gences observed in the WavLM representation. For
vowels, the monophthong AH consistently shows
very small divergence across all systems, with val-
ues between 0.92 and 3.75, whereas the diphthong
QY exhibits substantially larger divergence, reach-
ing 46.17 for MeloTTS and remaining above 15
for all systems. This indicates that dynamic vow-
els with complex articulatory transitions are more
difficult for synthesis models to reproduce accu-
rately. A similar pattern is observed for consonants.
The stop consonant /T/ shows relatively small diver-
gence across systems, ranging from 1.46 to 6.19,
indicating that simple closure—release patterns are
reproduced reliably. In contrast, the fricative /ZH/
exhibits very large divergence, reaching 83.08 for
MeloTTS and remaining above 39 for all systems,
suggesting that high-frequency fricative noise is
difficult for both TTS and VC models to replicate.
Overall, these results highlight phoneme-level vari-
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ability in synthetic speech. While phonemes such
as /AH/ and /T/ are reproduced with high fidelity,
others such as /OY/ and /ZH/ show substantial diver-
gence, revealing limitations of current synthesizers.

5.2. Correlation Between KLD and ACC

In this experiment, we present the correlations be-
tween KLD scores and the accuracies for audio
deepfake detection under different configurations.
Within each table, results are presented by synthe-
sizer system, type of classifier, speech represen-
tation, and the category of phonemes: vowels or
consonants. In Table 2, we present performance
for vowels with LFCC based on the LR classifier,
providing moderate results for all systems, includ-
ing Ch-VC, SG-VC, and Ch-TTS, where correla-
tions range from 0.68, 0.74, and 0.79, respectively.
Higher correlations are attained for consonants, as
shown in Table 3, suggesting that for the LFCC
representation, classifiers should rely more on con-
sonants to distinguish between real and synthetic
audio. LogSpec features show a similar pattern,
with lower correlations for specific synthesizers. Ta-
ble 6 provides the performance for vowels, with the
highest correlations ranging from 0.84, 0.87, and
0.89, respectively, for Free VC, Melo TTS, and SG-
VC. These results are based on LR, but a similar
trend is found for the SVM. Low performance, how-
ever, was observed with the VITS synthesizer, with
correlations as low as 0.07 and 0.04 for LR and
SVM for the experiment with vowels, and a similar
trend was found for consonants. These results sug-
gest that for handcrafted features, larger KLD leads
to higher classification accuracies and, therefore,
phonemes that deviate more from real speech yield
better detection rates.

For SSL representations, correlations are gener-
ally lower and more inconsistent across systems.
Tables 4 and 5 present the results using Wav2Vec2
representations. In contrast to the handcrafted fea-
tures, correlations vary substantially across syn-
thesizers and phoneme categories. For vowels,

in Table 4, several systems exhibit weak or even
negative correlations, such as XTTS v2 and Ch-
TTS, while VITS TTS shows a relatively high pos-
itive correlation (i.e., 0.75 for both LR and SVM).
Other systems, including Ch-VC and Free VC, dis-
play moderate negative correlations, indicating that
larger KLD does not necessarily translate into bet-
ter classification performance when using this rep-
resentation. For consonants, in Table 5, correla-
tions tend to be negative for most systems, partic-
ularly for Melo TTS, VITS TTS, and SG-VC, sug-
gesting that higher divergence is often associated
with lower detection accuracy. A similar pattern is
observed with WavLM representations, as shown
in Tables 8 and 9. For vowels (see Table 8), correla-
tions are generally weak and fluctuate around zero
for most synthesizers, with only Ch-VC and Free
VC showing moderate negative correlations. For
consonants (Table 9), however, consistently strong
negative correlations are observed across nearly all
systems, with coefficients reaching as low as -0.83
for SG-VC and -0.79 for Melo TTS using LR. This
indicates that, unlike handcrafted features, larger
KLD in SSL representations often corresponds to
lower classification accuracy. Overall, these results
suggest that the relationship between phoneme-
level divergence and detection performance differs
substantially between handcrafted and SSL rep-
resentations, with the latter exhibiting weaker and
frequently inverse correlations.

5.3. Phoneme Rankings Across Systems

We identify the most discriminative phoneme cat-
egories by analyzing per-phoneme KLD, LR ac-
curacy, and SVM accuracy across all feature rep-
resentations. Across systems and features, con-
sonants generally exhibit stronger discriminability
than vowels. Handcrafted spectral representations
highlight this difference clearly: LogSpec produces
the highest divergence values (average KLD of 31.6
for vowels and 20.3 for consonants), followed by
LFCC (13.1 for vowels and 13.6 for consonants),
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LR SVM LR SVM

System r p-value r p-value System r p-value r p-value

Melo TTS 0.68 4.99E-03 0.63 1.16E-02 Melo TTS 0.87 2.48E-05 0.81 2.41E-04
XTTSv2 0.67 6.11E-03 0.69 4.07E-03 XTTSv2 0.70 3.55E-03 0.76 9.30E-04
Ch-TTS 0.79 4.94E-04 0.80 3.89E-04 Ch-TTS 0.65 9.37E-03 0.74 1.59E-03
VITSTTS 0.49 0.065569 0.51 0.054600 VITSTTS 0.07 0.803638 0.04 0.898342
Ch-vC 0.68 5.38E-03 0.69 4.05E-03 Ch-VC 0.52 0.046131 0.61 0.014760
Free VC  0.71 3.06E-03 0.71 2.89E-03 Free VC  0.84 7.92E-05 0.88 1.69E-05
SG-VC 0.74 1.73E-03 0.73 1.97E-03 SG-VC 0.89 8.82E-06 0.91 3.19E-06

Table 2: Results for vowels based on LFCC repre- Table 6: Results for vowels based on LogSpec

sentation. representation.
LR SVM LR SVM

System r p-value r p-value System r p-value r p-value

Melo TTS 0.79 4.28E-06 0.78 5.99E-06 Melo TTS 0.41 0.046255 0.56 4.82E-03
XTTSv2 0.76 1.47E-05 0.76 1.69E-05 XTTSv2 0.62 1.29E-03 0.55 4.94E-03
Ch-TTS 0.85 1.11E-07 0.85 1.38E-07 Ch-TTS 0.57 3.70E-03 0.54 6.44E-03
VITSTTS 0.65 5.79E-04 0.66 5.08E-04 VITSTTS 0.00 0.997485 -0.17 0.428621
Ch-VC 0.88 1.22E-08 0.84 2.92E-07 Ch-VC 0.74 3.57E-05 0.69 1.86E-04
Free VC 0.65 6.37E-04 0.66 5.12E-04 Free VC 0.61 1.72E-03 0.63 9.98E-04
SG-VC 0.82 1.16E-06 0.82 1.21E-06 SG-VC 0.63 8.65E-04 0.71 1.04E-04

Table 3: Results for consonants based on LFCC  Table 7: Results for consonants based on LogSpec

representation. representation.
LR SVM LR SVM

System r p-value r p-value System r p-value r p-value

Melo TTS 0.29 0.298568 0.27 0.338104 Melo TTS -0.41 0.132823 -0.31 0.264627
XTTSv2 -0.43 0.109768 -0.39 0.155521 XTTSv2 0.18 0.527040 0.17 0.537221
Ch-TTS -0.36 0.187258 -0.50 0.059611 Ch-TTS -0.04 0.882777 0.01 0.965355
VITSTTS 0.75 1.30E-03 0.75 1.39E-03 VITSTTS 0.40 0.145025 0.47 0.080362
Ch-vVC -0.60 0.017691 -0.61 0.016767 Ch-vC -0.65 8.13E-03 -0.67 6.15E-03
Free VC -0.73 2.13E-03 -0.79 5.05E-04 Free VC -0.78 6.69E-04 -0.78 6.43E-04
SG-VC 0.33 0.227209 0.21 0.456768 SG-VC -0.10 0.718714 -0.21 0.453530

Table 4: Results for vowels based on Wav2vec 2.0  Table 8: Results for vowels based on WavLM rep-

representation. resentation.
LR SVM LR SVM

System r p-value r p-value System r p-value r p-value

Melo TTS -0.50 0.013894 -0.59 2.19E-03 Melo TTS -0.79 4.18E-06 -0.74 3.43E-05
XTTS v2 0.31 0.134920 0.02 0.908695 XTTSv2 -0.60 1.93E-03 -0.60 1.89E-03
Ch-TTS -0.43 0.036489 -0.25 0.232014 Ch-TTS -0.56 4.76E-03 -0.61 1.44E-03
VITSTTS -0.56 4.25E-03 -0.16 0.443928 VITSTTS -0.78 7.42E-06 -0.73 5.40E-05
Ch-VC -0.38 0.069623 -0.35 0.090622 Ch-VC -0.58 3.19E-03 -0.53 8.13E-03
Free VC -0.29 0.173695 -0.01 0.963936 Free VC -0.33 0.115046 -0.44 0.032071
SG-VC -0.59 2.61E-03 -0.43 0.038125 SG-VC -0.80 2.82E-06 -0.75 2.55E-05

Table 5: Results for consonants based on Wav2vec  Table 9: Results for consonants based on WavLM
2.0 representation. representation.
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while SSL embeddings yield lower divergence (e.g.,
WavLM averages of 10.5 for vowels and 11.5 for
consonants). These results indicate that hand-
crafted spectral features emphasize acoustic mis-
matches between real and synthetic speech more
strongly, whereas SSL embeddings capture more
subtle phonetic variations. Among vowels, diph-
thongs consistently appear as the most discrimi-
native category across feature types. In particular,
/QY/ and /EY/ frequently exhibit the highest diver-
gence values across synthesis systems, followed
by /AW/ and /AY/. These phonemes involve dy-
namic formant trajectories that are difficult for gen-
erative models to reproduce accurately. In contrast,
simpler monophthongs such as /AH/ and /UH/ con-
sistently show lower divergence values, indicating
that they are easier for synthesis systems to ap-
proximate. For consonants, fricatives and plosives
dominate the top ranks. Fricatives such as /SH/, /S/,
and /ZH/ exhibit large divergence values in spec-
tral features due to their broadband noise charac-
teristics, while plosives including /P/, /B/, and /T/
frequently appear among the most discriminative
phonemes in SSL embeddings, reflecting the impor-
tance of transient temporal cues captured by these
models. When considering vowels and consonants
jointly, three phoneme groups consistently emerge
as discriminative across systems and feature types:
diphthongs (e.g., /QY/), fricatives (e.g., /SH/ and
/S/), and plosives (e.g., /P/ and /B/). These cate-
gories capture different synthesis artifacts, includ-
ing complex formant transitions, sustained spectral
turbulence, and rapid articulatory bursts.

Our findings align with and extend recent
phoneme-level deepfake analyses. Temmar et
al. (Temmar et al., 2025) also showed that diph-
thongs and fricatives are highly discriminative, con-
sistent with our observation that /OY/, /SH/, and
/F/ frequently appear among the most informative
phonemes. However, we extend prior work by
evaluating 39 phoneme categories across seven
synthesis systems and four feature representa-
tions. Different feature types reveal complementary
phonetic sensitivities. SSL embeddings (WavLM
and wav2vec 2.0) emphasize transient consonants
such as plosives, while handcrafted spectral fea-
tures (LogSpec and LFCC) highlight fricatives and
diphthongs that manifest as spectral irregularities.
At the system level, StarGAN-VC and MeloTTS
consistently exhibit the largest divergence from
real speech, while VITS remains closest to nat-
ural speech. Overall, handcrafted features high-
light broader spectral mismatches, whereas SSL
embeddings reveal finer phonetic inconsistencies,
providing complementary insights into synthesis
realism and phoneme-level variability.

6. Conclusion

This work introduced PhonemeDF, a dataset for
audio deepfake detection with phoneme-level an-
notations. It comprises nearly 200k synthetic utter-
ances and about two million aligned phoneme seg-
ments generated using seven TTS and VC systems.
We used the data to analyze the discriminability of
phonemes through KLD and supervised classifica-
tion using both handcrafted spectral features and
SSL speech representations. Our results show
that certain phoneme categories—particularly diph-
thongs, fricatives, and plosives—consistently pro-
vide strong cues for distinguishing synthetic from
real speech. Handcrafted spectral representations
emphasize large acoustic mismatches between
real and synthetic speech, while SSL embeddings
capture more subtle phonetic inconsistencies. Addi-
tionally, we observe systematic differences across
synthesis models, with voice conversion systems
generally producing larger phoneme-level devia-
tions from natural speech than modern TTS models.
Overall, our findings highlight the value of phoneme-
level analysis for understanding synthesis artifacts
and suggest that combining complementary fea-
ture representations may improve the robustness
of future deepfake detection systems.

7. Ethics Statement and Limitations

While this work aims to improve the detection of syn-
thetic speech, the dataset and analysis may also in-
directly facilitate the study of synthesis artifacts that
could be exploited to improve generation systems.
The dataset is restricted to English speech and a
limited set of synthesis models, which may limit the
generalization of the findings to other languages
or emerging speech generation technologies. Fur-
thermore, the reference speech is derived from a
specific corpus and recording condition, which may
introduce biases in speaker characteristics, record-
ing environments, and speaking styles. In addition,
phoneme boundaries are obtained using forced
alignment, which may introduce small segmenta-
tion errors that affect phoneme-level analysis. Our
experiments rely on a limited set of feature rep-
resentations and relatively simple classifiers, and
the evaluation focuses primarily on statistical diver-
gence and classification accuracy without exten-
sive perceptual validation. Future work will expand
the dataset to additional languages and synthe-
sis systems and incorporate perceptual studies to
better relate phoneme-level differences to human
judgments. We will also investigate phoneme tran-
sitions, as artifacts at phoneme boundaries may
help detect partially manipulated synthetic speech.
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