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Abstract—As the accuracy of speech deepfake detection im-
proves with the use of self-supervised representations such as
wav2vec 2.0 and HuBERT, understanding why the speech is
classified as bona fide or deepfake remains an open chal-
lenge. In pursuit of more trustworthy and interpretable AI,
we introduce a phoneme-level analysis framework that connects
model predictions to phonetic units. Our post-hoc explainability
method is generally applicable to a variety of speech deep-
fake detection systems based on convolutional neural networks
since it leverages Gradient-weighted Class Activation Mapping
in conjunction with speech recognition to generate saliency
maps aligned with phonemes and pauses. This pipeline reveals
statistically significant attack- and speaker-dependent phonetic
cues associated with spoofed speech in terms that humans can
understand. Experiments using ASVspoof 5 show comparable
detection performance to similar architectures while providing
linguistic interpretations across speakers and spoofing conditions.

Index Terms—deepfake detection, speech processing, explain-
able artificial intelligence

I. INTRODUCTION

As progress in the field of generative speech technology
has pushed the deceptive capabilities of voice conversion
and text-to-speech to greater levels, it is consequently ever
more important to distinguish between bona fide and spoofed
speech. Modern speech deepfake detection systems manage
to achieve strong performance by leveraging self-supervised
(SSL) speech representations extracted using large founda-
tion models such as wav2vec 2.0 [1], HuBERT [2], and
WavLM [3]. Despite these advances, the predictions of such
systems remain largely difficult to understand with human-
like reasoning [4] and they lack human-perceptible cues that
would provide natural explanations for bona fide or spoof clas-
sifications. Even though a deepfake detector may successfully
classify an utterance, it is often unclear which characteristics
of the speech signal contributed to that prediction.

This lack of interpretability presents a challenge for the
trustworthiness and transparency of speech deepfake detec-
tion systems. In applications where security and fairness are
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critical, understanding why a system reached a particular
classification is crucial not only for faith in the decision
itself, but also for future adjustment of the system. However,
explanations based solely on low-level acoustic representations
are often difficult to interpret, particularly for speech signals
where the structure is more naturally described in linguistic
terms, such as phonemes.

Phonemes provide a useful intermediate representation be-
tween raw acoustics and human interpretation of spoken
language. In accordance with the International Phonetic As-
sociation and leading scholars, the definition of a phoneme is
strictly limited to the assigned categorical representation of an
uttered sound in a given language which does not incorporate
its acoustic realization or varied pronunciation across dialects
and spontaneous speech [5]. Accordingly, we use ’phoneme’
only when referring to the language-specific categorical label
and ’phone’ when referring to measurable acoustic properties
or realizations.

Prior research has shown that spoofed speech exhibits
deviations in a range of phonetic and prosodic characteris-
tics, including segment durations [6], non-speech regions [7],
and timing structure [8]. Nevertheless, it remains unclear
to what extent a modern deepfake detector relies on these
cues and whether particular phonemes (e.g. /o/, /s/, etc.) or
phonetic categories (e.g. vowels, fricatives, etc.) contribute
more strongly than others to model predictions. Furthermore,
the contributions of such patterns across different spoofing
attacks or different speakers could be better elucidated.

We introduce a phoneme-level framework for explainable
speech deepfake detection alongside analysis of trends exposed
by application of our framework to spoof/deepfake utterances
in the ASVspoof 5 database [9]. We combine a self-supervised
front-end, a convolutional neural network (CNN) classifier,
and a post-hoc explanatory module based on Gradient-
weighted Class Activation Mapping (Grad-CAM) [10]. By
aligning saliency maps with phoneme labels obtained through
automatic speech recognition and forced alignment, model
activations can be analyzed with respect to linguistically
meaningful units. Through the aggregation of phoneme-level
attributions across a large evaluation corpus, we investigate



how detector behavior varies across spoofing attacks, speakers,
and phonetic features and categories.

Experiments are conducted using the ASVspoof 5 corpus
and a WavLM-based [3] detector that achieves a competitive
pooled equal error rate for the evaluation set [9]. Statisti-
cal analysis reveals significant attack-dependent and speaker-
dependent differences in phoneme-level activation patterns,
with particularly strong effects observed for several vowels,
fricatives, and silence or non-speech regions. These findings
suggest that phoneme-level explanations can provide insight
into the linguistic cues exploited by the analyzed deepfake
detector.

The main contributions of this work are threefold:

• we introduce a phoneme-level explainability framework
that links speech deepfake detector predictions to linguis-
tically interpretable units;

• we provide a large-scale statistical analysis of phoneme-
level attributions across spoofing attacks and speakers;

• we demonstrate that meaningful phonetic patterns can be
extracted from a self-supervised speech deepfake detec-
tion system without sacrificing detection performance.

II. RELATED WORK

We review related work in three areas relevant to the
proposed framework: speech deepfake detection, explainability
methods for speech processing, and phonetic analyses of
deepfake speech. Together, these areas motivate the need for
explanations that connect detector behavior to linguistically
meaningful speech units.

A. Speech Deepfake Detection

The danger posed by neural speech synthesis and voice
conversion systems has led to growing interest in and re-
liance on speech deepfake detection. Early approaches utilized
hand-crafted acoustic features designed to capture artifacts
introduced by synthesis and conversion algorithms [11], [12].
More recently, deep learning systems based on CNNs and
transformer architectures have become dominant [12], particu-
larly when paired with self-supervised speech representations
learned from large quantities of unlabeled speech data [9],
[13]–[15].

Among these approaches, representations extracted from
models such as wav2vec 2.0 [1], HuBERT [2], and WavLM [3]
have demonstrated strong performance across a range of
spoof/deepfake detection benchmarks [15], [16]. These rep-
resentations capture rich acoustic and linguistic information
and often outperform systems trained using hand-crafted
features [9], [12]. While detection accuracy has improved
substantially, understanding what information these systems
exploit remains an open challenge. In many cases, modern
detectors achieve strong performance but provide little insight
into which aspects of speech distinguish bona fide from
spoofed utterances.

B. Explainability in Speech Processing

Explainable artificial intelligence aims to make model pre-
dictions more transparent by identifying characteristics or
regions of an input that contribute to the output, i.e. a bona
fide vs spoof prediction. In computer vision, saliency-based
techniques [17] such as Grad-CAM [10] have become widely
used for interpreting CNNs [18]. Similar approaches have been
applied to text [19] and speech processing tasks including
speech recognition [20], speaker verification [21], emotion
recognition [22], and deepfake detection [23].

Despite their popularity, saliency methods present several
challenges [18]. Highlighted regions indicate where a model
is sensitive but cannot directly explain what linguistic evidence
supports a model’s prediction in meaningful terms that humans
naturally use to interpret speech. Furthermore, Grad-CAM
depends on intermediate convolutional representations. As
such, the resulting explanations may reflect correlated features,
such as segment durations or pitch contours, and can be
sensitive to model architecture [24], misleading in certain
settings [25], and susceptible to adversarial manipulation [26].
While existing work focuses on visualizing important time-
frequency regions, relatively little effort has been devoted to
translating these activations into linguistic units that can be
readily understood by human analysts [27], [28].

C. Phonetic Analysis of Deepfake Speech

Generative speech technologies have long been known to
exhibit phonetic and prosodic deviations relative to natural
speech. Prior studies have reported differences in segment
duration, coarticulation, speaking rate, pause structure, and
articulatory consistency [29]–[31]. Although many of these
artifacts have become less pronounced as synthesis quality
has improved [32], they continue to provide valuable infor-
mation for both forensic analysis and automatic detection
systems [31].

Several studies have investigated phoneme-level character-
istics of spoofed speech, often focusing on acoustic measures
such as phone duration or spectral properties [27], [33]–
[36]. However, relatively little work has examined whether
modern deepfake detectors rely on these phonetic cues to
help distinguish bona fide from spoofed speech. Consequently,
there remains a gap between phonetic analyses of spoofed
speech and explainability methods for deepfake detection.
With the framework proposed in this work, we seek to bridge
this gap by linking detector activations to phoneme-aligned
segments and analyze them at scale.

III. PHONEME-LEVEL EXPLAINABILITY FRAMEWORK

Our framework comprises three components: an SSL-based
front-end, a back-end deepfake detection classifier, and a
phoneme-level explanatory module. Detection components
produce scores for both bona fide and spoof classes, while
the explanatory module aligns class-specific attribution signals
with phonemes, enabling the analysis of detector behavior in
linguistically interpretable terms.



A. Deepfake Detection System

Input speech is first processed using an SSL-based front-end
feature extractor, which produces frame-level representations
encoding acoustic and linguistic information. These represen-
tations are then passed to a temporal CNN, which acts as
the back-end classifier. The temporal frame-level outputs are
aggregated using masked temporal average pooling, which av-
erages the representations over speech frames while excluding
padded frames introduced for batching. This produces a fixed-
dimension, utterance-level representation. A final classification
layer produces two logits corresponding to the bona fide and
spoof classes.

While the detection architecture itself is not the primary
contribution of this work, it provides a suitable deepfake de-
tection system whose internal representations can be analyzed
through the proposed explanatory framework. This allows
us to investigate which characteristics of the speech signal
contribute to the bona fide/spoof class scores and how these
attribution patterns vary across speakers and spoofing attacks.

B. Grad-CAM-Based Attribution

To identify which components of an utterance provide
support for each class hypothesis (’bona fide’ or ’spoof’),
Grad-CAM [10] is applied to the final convolutional layer
of the classifier. Grad-CAM weights the activation maps of
a convolutional layer by the gradients of a target output logit,
thereby highlighting temporal regions of the input represen-
tation that are most associated with that target prediction. In
this work, we compute separate Grad-CAM maps for the bona
fide and spoof logits and refer to these class-specific attribution
maps as bona fide-CAM and spoof-CAM, respectively.

The resulting attribution maps provide temporal evidence
in support of each class hypothesis; both bona fide-CAM and
spoof-CAM can exhibit non-zero attribution values for the
same utterance, regardless of its ground-truth label. Rather
than treating these maps as the final explanation, we use
them as intermediate attribution signals that are subsequently
mapped onto phoneme-labeled time spans.

C. Phoneme Alignment and Attribution Aggregation

To associate class-specific attribution scores with speech
units, each utterance is first transcribed using Whisper [37]
Turbo1. The resulting transcript is then aligned to the acoustic
signal using the Bournemouth Forced Aligner [38], [39]2

English model, which provides phoneme-level labels and
corresponding phone boundaries.

Figure 1 shows an example of the output bona fide-CAM
and spoof-CAM aligned with phonemes. The figure illustrates
how the two class-specific attribution signals can highlight
different temporal regions of the same utterance and how these
regions can be associated with phoneme-labeled segments.

Given a phone or non-speech segment spanning frames t1
through t2, an importance score is computed by averaging

1https://github.com/openai/whisper
2https://huggingface.co/Tabahi/CUPE-2i

Fig. 1. Example of phoneme-aligned Grad-CAM attribution maps for the
bona fide and spoof class hypotheses. The mel spectrogram is shown in
the background, while the overlaid curves indicate the temporal Grad-CAM
attribution scores for the bona fide logit (top) and spoof logit (bottom).
Phoneme labels obtained from forced alignment are shown above each
spectrogram. The two maps provide class-specific attribution signals and are
therefore not mutually exclusive.

the corresponding Grad-CAM attribution values within the
segment. This produces one bona fide-CAM and one spoof-
CAM importance score for each phone or non-speech segment
in the utterance. By aggregating these scores across the corpus,
we can examine how support for bona fide or spoof predictions
varies across phoneme identities, phonetic categories, speak-
ers, and spoofing attacks.

D. Statistical Analysis

Statistical analyses are performed on the aggregated
phoneme-level attribution scores, which correspond to the av-
erage bona fide-CAM or spoof-CAM value within the aligned
segment. We then analyze how the resulting score distributions
vary across spoofing attacks, speakers, and phonetic categories.

For each phoneme, Kruskal-Wallis tests [40] are used to
assess whether the corresponding attribution scores differ sig-
nificantly between spoofing attacks. This non-parametric test is
used because the attribution scores are not assumed to follow
a normal distribution. When a significant effect is observed,
post-hoc pairwise comparisons are performed between attack
pairs, with Benjamini-Hochberg correction applied to control
for multiple comparisons [41].

In addition to statistical significance, we report epsilon-
squared effect sizes, which range from 0 to 1 where ε2 ≥ 0.01
is small in magnitude, ε2 ≥ 0.06 is medium, and ε2 ≥ 0.14
is large [42]. This is important because the large number of
phoneme instances in the evaluation set can make even very
small differences statistically significant. Effect sizes therefore
help distinguish differences that are merely detectable due
to sample size from differences that explain a meaningful
proportion of the variation in attribution scores.

Additional analyses are performed at the phonetic-category
level by grouping phonemes into vowels, fricatives, stops,
nasals, affricates, approximants, and non-speech regions. For
each utterance or attack condition, we identify which phonetic



categories receive the largest attribution scores and use chi-
square tests to examine whether the dominant categories
are associated with the spoofing attack. This allows us to
determine whether different attacks tend to concentrate class-
specific support on different types of speech units.

IV. EXPERIMENTAL SETUP

Here, we describe the experimental protocol used to eval-
uate the proposed framework. We first outline our use of
the ASVspoof 5 dataset and the partitions used for training
and evaluation. We then detail our implementation, which is
available as open-source for reproducibility under the same
GPU environment3, followed by the metrics used to assess
detection performance and phoneme-level explainability.

A. Dataset

Experiments are conducted using the ASVspoof 5 [9] cor-
pus, which contains bona fide speech and spoofed speech
generated using a diverse collection of text-to-speech (TTS)
and voice conversion (VC) systems. The dataset includes
substantial variability in speaker characteristics, recording
conditions, and spoofing attacks, making it suitable for both
detection evaluation and interpretability analysis.

The official training partition is used for model optimization,
while the ASVspoof 5 evaluation set is used for inference and
statistical analysis. The training partition contains utterances
collected from 400 speakers, spoofed utterances generated
using 8 different attack algorithms, and a total of 18,797
bona fide and 163,560 spoofed utterances. The speaker-disjoint
evaluation set contains data collected from 737 previously un-
seen speakers, spoofed utterances generated using 16 different
attack algorithms, and a total of 680,774 utterances, of which
138,688 are bona fide and 542,086 are spoofed.

B. Implementation Details

In our experimental implementation, the SSL-based front-
end is instantiated using WavLM [3] Base+4, which is kept
frozen during training. The temporal convolutional back-end
consists of a single one-dimensional convolutional block with
512 channels, followed by masked temporal average pooling
and a linear classification layer. The detector is trained us-
ing cross-entropy loss on the ASVspoof 5 training partition.
Optimization is performed using the Adam optimizer [43] for
200 epochs with a cosine annealing learning-rate schedule and
warmup. The trained model is then applied to the ASVspoof 5
evaluation set, where both detection scores and intermediate
activations are extracted for the subsequent explainability
analysis.

C. Evaluation Metrics

Detection performance is measured using the Equal Error
Rate (EER). Results are reported both as pooled EER and on
a per-attack basis in order to characterize variability across
spoofing conditions.

3https://github.com/eurecom-asp/PhonemeXAI
4https://huggingface.co/microsoft/wavlm-base-plus

For explainability analysis, we evaluate the phoneme-level
attribution scores by testing whether they vary systematically
across spoofing attacks, speakers, and phonetic categories.
Statistical significance tests are used to determine whether
observed differences in attribution scores are unlikely to arise
by chance, while effect-size measures are used to quantify
the magnitude of these differences. This allows us to identify
which phonemes and phonetic categories receive consistently
different levels of class-specific support across attacks and
speakers.

V. RESULTS AND ANALYSIS

In this section, we report the detection performance of
the proposed system and analyze class-specific phoneme-level
attribution scores obtained from bona fide-CAM and spoof-
CAM. We examine variation across spoofing attacks, temporal
locations, non-speech regions, and speakers.

A. Detection Performance

Our detector achieves a pooled EER of 8.52% for the
ASVspoof 5 evaluation set. Rather than proposing a new
detection architecture and comparing with other systems,
this work instead focuses on explaining model predictions
through our phoneme-level interpretability framework. While
pooled performance is competitive [9], substantial variability
is observed across spoofing attacks. Most attacks yield EERs
below 8%, with some EERs even below 4%; however, attacks
A24 (in-house ASR-based VC [9]) and A28 (pre-trained
YourTTS [44]) remain considerably more challenging, with
EERs exceeding 20%. This variability suggests that different
generative speech systems introduce distinct artifacts and
motivates the attack specific phoneme-level analysis presented
in the following sections.

B. Attack-Dependent Phoneme Importance

To investigate whether the detection of different spoof-
ing attacks relies on distinct phonetic cues, we analyze
frequency-normalized, phoneme-level spoof-CAM attribution
scores across attacks. Frequency normalization was applied to
remove the confounding effect of phoneme occurrence rates
in the English language, which naturally follow the frequency
distribution of function words in English regardless of whether
the calculations come from spoken or written language [45].
Therefore, we ensure that attribution differences reflect the
relative importance of a phoneme to the detector rather than
its frequency in the corpus.

For each phoneme, we performed a Kruskal-Wallis [40]
test across attack conditions, followed by Benjamini-
Hochberg [46] correction for multiple comparisons. Effect
sizes were quantified using epsilon-squared (ε2) [42], which
estimates the proportion of attribution variance explained by
attack identity.

Of the top 25 phonemes with the highest spoof-CAM scores
after frequency normalization (including non-speech repre-
sented by the SIL token), all exhibit statistically significant
differences across attacks (pBH < 0.001), indicating that



TABLE I
PHONEMES EXHIBITING THE STRONGEST ATTACK-DEPENDENT VARIATION

IN FREQUENCY-NORMALIZED GRAD-CAM ATTRIBUTION SCORES FOR
BOTH SPOOF AND BONA FIDE PREDICTIONS, RANKED BY

KRUSKAL–WALLIS EFFECT SIZE (ε2).

Spoof-CAM Bona fide-CAM
Phoneme ε2 Phoneme ε2

/oU/ 0.135 /2/ 0.113
/E/ 0.115 /E/ 0.110
/AI/ 0.113 /ô/ 0.108
/s/ 0.101 /oU/ 0.107
/f/ 0.098 /i:/ 0.102
/z/ 0.092 /I/ 0.099
/eI/ 0.091 /h/ 0.097
/i:/ 0.088 /v/ 0.097
/h/ 0.086 /eI/ 0.096
/w/ 0.072 /AI/ 0.091

the importance assigned to a phoneme by the spoof detector
depends on the spoof generation method. However, effect sizes
varied substantially between individual phonemes.

The strongest attack-dependent effects were observed for
/oU/ (ε2 = 0.135), /E/ (ε2 = 0.115), /AI/ (ε2 = 0.113), /s/ (ε2 =
0.101), and /f/ (ε2 = 0.099) with the top 10 phonemes ranked
by attack-dependent variation shown in Table I. For /oU/
as much as 13.5% of the variation in frequency-normalized
importance is explained by the spoofing attack used to generate
the speech. Rather than concentrating on a single universal
artifact, statistically significant attack-dependent variation
is distributed across multiple phonemes and phonetic
categories in the evaluated detector.

Interestingly, the largest effects were concentrated among
vowels such as /oU/, /E/, and /AI/, as well as fricatives, partic-
ularly /s/, /f/, and /h/. Here the evidence suggests that attack-
specific artifacts arise most strongly in acoustically complex
speech regions, which are known to be challenging for TTS
and VC systems [31].

Furthermore, analysis of bona fide-CAM activations re-
vealed that many phonemes show substantial attack-dependent
variation in their bona fide importance scores. In particular,
/2/ (ε2 = 0.113), /E/ (ε2 = 0.110), /ô/ (ε2 = 0.108), and
/oU/ (ε2 = 0.107) emerged as especially attack-dependent;
more results are shown in Table I. Considering the prominence
of vowels here, the detector is likely sensitive to speaker-
dependent articulatory variability arising more strongly in
vowels and lightly constricted sounds like approximants when
attempting to identify natural speech. Moreover, the large
attack effects indicate that different spoofing systems distort
these phonetic cues in distinct ways, resulting in attack-specific
attribution patterns.

C. Temporal Localization

Beyond identifying which phonemes contribute to detector
predictions, we also investigated the exact location within a
phone and within the entire utterance where the highest Grad-
CAM activations occur for both spoof and bona fide predic-
tions. For each activation peak, we computed the temporal
distance to the nearest phone boundary designated by the

Fig. 2. Grad-CAM activation peaks differ in their relative location within the
phone depending on the model’s prediction as spoof or bona fide, representing
over 2% of the CAM peaks.

Bournemouth Forced Aligner and to the first and last 20%
of the utterance duration, and we find significant differences
between human speech and the various spoofing attacks only
for phone boundary distance.

Across all attacks, bona fide activation peaks were consis-
tently concentrated near phone boundaries, representing the
first or last 20% of the duration, while the spoof activations
concentrated within the phones, as seen in Figure 2. Median
boundary distances ranged from approximately 10-15 ms,
whereas median distances within phone interiors ranged from
approximately 37-56 ms. This finding indicates that the eval-
uated detector relies on acoustic transitions between phonetic
units for determining natural human speech and on steady-state
phonetic realizations for detecting spoofed speech.

Attack-dependent differences were also substantial. Pairwise
comparisons revealed significant differences for 124 of 136 at-
tack pairs (16 spoofing attacks plus bona fide) after Benjamini–
Hochberg correction (p < 0.05), indicating that spoofing
attacks differ not only in the phonemes that attract model
attention but also in the temporal location of the salient
evidence.

D. Non-Speech and Pause Regions

Non-speech and pause regions are consistently found to
be informative for spoof predictions, and even more so for
bona fide. On average, between 7% and 25% of total Grad-
CAM spoof and bona fide attribution mass was assigned
to non-speech segments with significant differences across
ASVspoof 5 attacks. Attack identity had a particularly strong
effect on bona fide-CAM non-speech attribution (ε2 = 0.102),
substantially exceeding the corresponding spoof-CAM effect
(ε2 = 0.043). This is in line with other findings [47]–[49]
that have focused specifically on non-speech regions to detect
natural human speech phonation and pause patterns which
generative speech technologies struggle to accurately replicate.

The most extreme differences can be seen between attacks
A20 (in-house unit-select TTS [9] and Malafide adversarial



attack [50]) and A21 (ToucanTTS [51] and BigVGAN [52]).
Despite both systems using TTS with similar detection perfor-
mance (5.5% EER vs 6.5%), the former system has approxi-
mately 25% of the bona fide attribution mass and 21% of the
spoof-CAM concentrated in non-speech regions, whereas, for
the latter, non-speech content represents only 7% of bona fide
attributions and 8% of spoof. This contrast suggests that our
deepfake detector unevenly exploits attack-specific charac-
teristics that may vary widely such as pause duration, pause
placement, turn-taking timing, voicing onset/offset behavior,
and transitions between speech and non-speech segments.

E. Speaker-Dependent Effects

In addition to attack-dependent variation, substantial
speaker-dependent effects are also observed. Detector behavior
varies considerably at the speaker level, both in terms of
decision confidence and the phonetic evidence used to support
spoof predictions. Figure 3 illustrates the highest-ranking dis-
criminative phonemes for a subset of three speakers, revealing
that the phonemes receiving the greatest Grad-CAM attribution
differ markedly across individuals. For example, /l/, /A:/, and
/b/ are among the most discriminative phonemes for speaker
E 3699, whereas /oU/, /S/, and /3:/ dominate for speaker
E 1389, and /f/, /aU/, and /A:ô/ for speaker E 4315. These
differences indicate that the analyzed detector does not rely
on a fixed set of universally informative phonemes but
instead adapts to speaker-specific acoustic characteristics
that reveal substantial variation in per-speaker vulnerabil-
ity.

Speaker characteristics also influence broader phonetic at-
tribution patterns. Significant gender-dependent differences in
spoof probability were observed for 15 of the 16 spoofing
attacks after Benjamini-Hochberg correction, indicating that
the detector’s confidence depends on speaker gender for nearly
all synthesis conditions except MaryTTS [53]. Likewise, the
proportion of spoof-CAM assigned to voiced phones differed
significantly between genders for 12 attacks, while non-speech
and pause regions exhibited significant gender effects for 13
attacks. Bona fide speech also showed significant gender ef-
fects for both voiced and non-speech attribution distributions.
Together, these findings suggest that detector predictions are
affected not only by synthesis artifacts themselves but also
by how those artifacts are shaped by speaker identity. Conse-
quently, attribution patterns vary jointly by spoofing attack
and speaker characteristics, with the phonetic evidence
for a given attack varying systematically across speakers,
although our speaker analysis reflects the evaluation corpus
rather than a balanced speaker population.

VI. DISCUSSION

Our analysis reveals significant variation in class-specific
attribution patterns across spoofing attacks, speakers, and
phonetic information. Vowels, fricatives, approximants, non-
speech regions, voicing, and speaker gender emerge as partic-
ularly informative, while the relative importance of individual

Fig. 3. Example of the most discriminative phonemes for three representative
speakers. Bars show the median difference between spoof-CAM and bona fide-
CAM attribution scores for each phoneme, grouped by phonetic category.
The relative importance of phonemes differs substantially across speakers,
indicating that no single phoneme consistently dominates across all speakers.

phonemes and the temporal location within phones varies
substantially across attacks and speakers.

A. Limitations and Future Work

The proposed framework extends conventional saliency
analysis by transforming Grad-CAM activations into
statistically-validated, phoneme-level interpretations,
providing meaningful insight into the factors influencing
the analyzed detector’s predictions. Notably, Grad-CAM
itself does not establish direct causal attribution, and it is
possible that highlighted phonemes may reflect correlated
acoustic properties. In addition, explanations are conditioned
on the underlying network architecture and may differ across
alternative detector designs.

The framework also depends on automatic transcription and
forced alignment. Errors introduced during either stage may
affect phone boundaries and attribution estimates, particularly
for highly degraded or strongly synthetic speech.

Future work will investigate alternative attribution tech-
niques, incorporate prosodic measures, and extend the analysis
to multilingual settings, cross-architecture validation, human
evaluation, and phoneme-ablation tests. An important direction
will be determining whether the phonemes identified as salient
correspond to measurable acoustic deviations in deepfake
speech, thereby strengthening the connection between model
explanations and phonetic phenomena.

VII. CONCLUSIONS

After applying our framework to ASVspoof 5 data, the
evidence shows significant speaker-dependent effects as well
as attack-dependent patterns across both phonetic features
(voicing, pauses, etc.) and phoneme classes (vowels, fricatives,
etc.). These findings reinforce the claim that the evaluated
detector can be systematically analyzed in linguistically inter-
pretable terms without compromising performance. Overall,
this work demonstrates that a phoneme-level explainability
framework can transform low-level saliency into interpretable
insights for systematic analysis of how a deepfake detector
behaves across speakers and spoofing conditions.
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