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Abstract

As speech deepfake detection increasingly relies on foun-
dation models and self-supervised speech representations, such
as wav2vec 2.0 [1] and HuBERT [2], explaining why an ut-
terance is classified as bona fide or deepfake remains an open
challenge. In pursuit of more trustworthy and interpretable ar-
tificial intelligence, we focus on phonetic cues that deviate in
synthetic speech, since phonemes and pauses provide a natu-
ral representation of speech structure that humans can under-
stand. However, it is still unclear which phonetic features are
exploited by these systems, whether certain phoneme classes
are more informative than others for detecting synthetic speech,
and whether the resulting evidence generalizes across speak-
ers or instead depends on speaker-specific traits. We introduce
a phoneme-level analysis framework that connects model de-
cisions to interpretable phonetic units. By applying our ex-
plainability technique, we identify which phonemes, including
pauses, contribute most strongly to deepfake detection within a
particular utterance. Although further refinement is needed to
disentangle the saliency of identified phonemes from causality
and to account for global artifacts such as unnatural prosody,
this research provides a novel approach to phonetically-driven
explainability, while maintaining performance on par with sim-
ilar approaches on the ASVspoof 5 dataset [3].

Our phoneme-level explanatory framework provides post-
hoc interpretability for deepfake detection systems based on
convolutional neural networks by linking model activations to
linguistically meaningful units. As illustrated in Figure 1, our
pipeline consists of three components: a front-end feature ex-
tractor, a back-end binary classifier, and a phoneme-level ex-
planatory module. Frame-level features are extracted using a
frozen WavLM Base+ model [4], although the proposed ex-
plainability method is compatible with other front-end encoders
as well. These acoustic representations are then passed to a
temporal convolutional classifier with masked temporal aver-
age pooling, which produces two logits corresponding to the
bona fide and spoof classes. The classifier is trained on the
ASVspoof 5 training set using a cross-entropy loss and evalu-
ated in terms of pooled and per-attack Equal Error Rate (EER).
For explainability, Gradient-weighted Class Activation Map-
ping (Grad-CAM) [5] is applied to the final convolutional layer
to generate class-specific temporal activation maps that sep-
arately highlight the regions contributing most to bona fide
and spoof predictions. These saliency maps are overlaid on a
mel spectrogram aligned with the phonemes of the input ut-
terance using the Whisper Turbo model [6] for ASR and the
Bournemouth Forced Aligner English model [7]. As shown
in Figure 2, computing activations separately for the bona fide
and spoof logits enables direct comparison of model responses
across phonemes and pauses, thereby facilitating analysis of

how latent acoustic cues relate to higher-level linguistic struc-
ture.

Experiments on the ASVspoof 5 evaluation set yield a
pooled EER in line with prior work on this architecture, yet
reveal substantial variability across both speakers and attack
conditions. While some cases achieve low EERs (e.g., below
4%), others exceed 20-40%, highlighting heterogeneous spoof-
ing characteristics and pronounced speaker-dependent effects
that motivate both attack- and speaker-specific analysis.

Phoneme-level attribution analysis reveals strong statistical
differences in classifier attention across the ASVspoof 5 spoof-
ing attacks. Kruskal-Wallis statistical tests [8] show that mul-
tiple phonemes (e.g., /1/, /s/, 1/, l&/, v/, /fl, /z/) exhibit signif-
icantly different importance distributions across attacks. Sim-
ilarly, phonetic category-level analysis indicates that vowels,
fricatives, nasals, and stops all vary significantly across attacks,
with a strong association between attack type and dominant
phonetic category (x test, p < 10™%). Silence or pause regions
also display strong attack-dependent behavior, with significant
differences observed across numerous attacks, notably between
text-to-speech and voice conversion-based attacks. Further-
more, there is a substantial spread in per-speaker vulnerability,
with strong speaker effects on decision confidence and mean-
ingful variation in where Grad-CAM activates, suggesting that
model reliance is driven by phonetic content and how it is
shaped by speaker identity.

It is important to note here that Grad-CAM provides
saliency rather than causal attribution and depends on inter-
mediate convolutional representations. As such, the resulting
explanations may reflect correlated features, such as segment
durations or pitch contours, and can be sensitive to model ar-
chitecture [9], misleading in certain settings [10] and suscepti-
ble to adversarial manipulation [11]. Additionally, the reliance
on ASR and forced alignment introduces potential transcrip-
tion errors, particularly in degraded or highly synthetic speech,
that could propagate through the pipeline. Nevertheless, aggre-
gating attribution across phoneme-aligned segments in a large
dataset reveals consistent, statistically significant attack- and
speaker-dependent patterns in model behavior.

Overall, this work demonstrates that a phoneme-level
framework can transform low-level saliency into interpretable
insights, which enable systematic analysis of how deepfake de-
tectors behave across speakers and spoofing conditions. Future
work could investigate causal attribution methods, incorporate
prosodic features such as duration, pitch, and intensity, and ex-
tend this framework to model-agnostic, multilingual, and cross-
architecture comparisons.

Index Terms: speech deepfake detection, explainable Al,
phoneme-level analysis, phonetic features.
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Figure 1: Phoneme-level explainable speech deepfake detection pipeline: audio is encoded using WavLM Base+ (in green box) and
classified by a temporal CNN into bona fide or spoof (in blue box). Grad-CAM produces class-specific saliency maps aligned to
phoneme boundaries via ASR and forced alignment (in purple box), enabling analysis of model activations over phonetic units.
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Figure 2: Phoneme-aligned Grad-CAM attributions for bona
fide (top) and spoof (bottom) overlaid on a mel spectrogram
representing the utterance "so as to give a last helping hand”
from a bona fide sample. Differences in activation highlight
phoneme-level regions that contribute to model decisions.
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