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Abstract

Spurred by the demand for interpretable
models, research on eXplainable AI for
language technologies has experienced sig-
nificant growth, with feature attribution
methods emerging as a cornerstone of this
progress. While prior work in NLP ex-
plored such methods for classification tasks
and textual applications, explainability in-
tersecting generation and speech is lag-
ging, with existing techniques failing to
account for the autoregressive nature of
state-of-the-art models and to provide fine-
grained, phonetically meaningful explana-
tions. We address this gap by introducing
Spectrogram Perturbation for Explainable
Speech-to-text Generation (SPES), a fea-
ture attribution technique applicable to se-
quence generation tasks with autoregres-
sive models. SPES provides explanations
for each predicted token based on both
the input spectrogram and the previously
generated tokens. Extensive evaluation on
speech recognition and translation demon-
strates that SPES generates explanations
that are faithful and plausible to humans.

1 Introduction

The recent advances of Artificial Intelligence (AI)
and the emergence of foundation models (Bom-
masani et al., 2021) have come together with
concerns about their risks and impact (Weidinger
et al., 2021), as well as calls for a better under-
standing of their inner workings (Barredo Arrieta
et al., 2020; Eiras et al., 2024). This need has been
reinforced by the demands for transparency by le-
gal frameworks like the EU AI Act and the US
National AI Initiative Act (Panigutti et al., 2023;
Roberts et al., 2024). In response, the field of eX-
plainable AI (XAI) has emerged prominently, with
the goal of elucidating the reasoning behind sys-
tem predictions (Doshi-Velez and Kim, 2017; Car-

valho et al., 2019; Vilone and Longo, 2021; Prad-
han et al., 2022). Among the various active XAI
approaches (Ferrando et al., 2024), this paper cen-
ters on feature attribution methods, which aim to
identify and quantify the relevance of each input
feature in determining a model’s final output.

Originally developed for image and text clas-
sification (Danilevsky et al., 2020; Kamakshi and
Krishnan, 2023), feature attribution methods have
been extended to other modalities—like speech
(Becker et al., 2024; Pastor et al., 2024)—and to
text generation (Sarti et al., 2023; Zhao et al.,
2024, et al.). Still, XAI in the domain of speech-
to-text (S2T) generative tasks is limited, with only
a few preliminary works focusing on automatic
speech recognition (ASR) (Mandel, 2016; Trinh
et al., 2018; Trinh and Mandel, 2021; Kavaki and
Mandel, 2020; Markert et al., 2021; Wu et al.,
2023, 2024). This contrasts with the pivotal role of
spoken language—arguably the most natural form
of human interaction (Munteanu et al., 2013)—
and consequently with the importance of S2T
technologies, which are now fostered by founda-
tion models that transcribe and translate at an un-
precedented scale (Latif et al., 2023).

Moreveor, most existing feature attribution
methods in S2T (Mandel, 2016; Trinh and Man-
del, 2021; Markert et al., 2021; Wu et al., 2023,
2024) are not applied to autoregressive mod-
els, which predict each token iteratively, rely-
ing on both speech input and previous output to-
kens. Even the only method applied to autoregres-
sive S2T models (Kavaki and Mandel, 2020) as-
sumes conditional independence between predic-
tion steps, disregarding the influence of previously
generated text on each new prediction. Finally,
some feature attribution methods are incompatible
with the spectrogram input format (Markert et al.,
2021; Wu et al., 2023, 2024)—the format widely
used in modern S2T models and enabling the
visualization of patterns corresponding to well-
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understood phonetic phenomena, a property not
afforded by alternatives such as raw waveforms
or mel-frequency cepstral coefficients (MFCCs)
(Fucci et al., 2024). Other methods that can han-
dle spectrograms produce explanations that fail to
highlight fine-grained patterns related to the spec-
tral characteristics of speech, such as fundamen-
tal frequency and formants (Mandel, 2016; Trinh
et al., 2018; Kavaki and Mandel, 2020; Trinh and
Mandel, 2021).

To overcome the above limitations, we pro-
pose Spectrogram Perturbation for Explainable
Speech-to-text Generation (SPES), the first fea-
ture attribution technique that provides token-level
explanations for autoregressive S2T models by
considering both the speech input and previously
generated tokens.1 SPES employs a perturbation-
based approach that adapts image segmentation
techniques to spectrograms, enabling the identi-
fication of fine-grained, meaningful patterns. It
also perturbs previously generated tokens, estimat-
ing the impact of these perturbations on the output
probability distribution. This process is repeated
multiple times, with impact scores aggregated to
produce final heatmaps. Through quantitative as-
sessments and in-depth analyses across two S2T
tasks—ASR and, for the first time, speech transla-
tion (ST)—we show that SPES produces explana-
tions that are both faithful (i.e., reflecting the true
reasoning of the model) and plausible (i.e., aligned
with human understanding of meaningful phonetic
patterns).2

The paper is structured as follows: §2 provides
an overview of feature attribution concepts and ex-
isting approaches across different fields (e.g., vi-
sion and NLP), discussing their strengths and lim-
itations to motivate our design choices. §3 reviews
S2T-specific techniques and their drawbacks. §4
details the SPES methodology, comprising input
perturbation, impact estimation, and score aggre-
gation. §5 outlines our evaluation strategies, while
§6 describes the experimental setup. §7 presents
our findings, followed by analyses of explanation
plausibility in §8. Finally, §9 offers concluding
remarks and the potential applications of SPES.

1The code is available at https://github.com/
hlt-mt/FBK-fairseq under the Apache License 2.0.

2Our definitions of faithfulness and plausibility follow Ja-
covi and Goldberg, 2020 and are further discussed in §5.

2 Background: Overview of Feature
Attribution Methods

Feature attribution methods produce a saliency
map S, where each element si represents the
contribution of input feature xi to the predic-
tion y (Samek and Müller, 2019; Samek et al.,
2021; Madsen et al., 2022). S is typically vi-
sualized as a heatmap that highlights influential
inputs. These methods are being used across
different domains, e.g. NLP and computer vi-
sion, and can be grouped into four categories:
gradient-based, amortized, decomposition-based,
and perturbation-based, each offering distinct
ways to generate S.

Gradient-based methods (Simonyan et al.,
2014; Sundararajan et al., 2017; Selvaraju et al.,
2019) use the model’s gradients with respect to in-
put features to measure feature relevance, where
the gradient reflects the sensitivity of the predic-
tion to small changes in each feature. While these
methods are efficient, as they involve a single or
a few backpropagation steps, they can be unstable
due to gradient instabilities and sensitivity to noise
(Ancona et al., 2018; Samek et al., 2021; Dom-
browski et al., 2022).

Amortized explanation methods (Dabkowski
and Gal, 2017; Yoon et al., 2019; Schwarzenberg
et al., 2021; Chuang et al., 2023b) train a global
explainer to produce saliency maps in a single for-
ward pass. Although efficient at inference time,
this approach requires separate training for each
model and depends on the explainer’s learning ca-
pacity, which can be influenced by biased training
patterns (Chuang et al., 2023a).

Decomposition-based methods (Bach et al.,
2015; Shrikumar et al., 2017) propagate predic-
tions backward through the network, layer by
layer, decomposing the prediction score into con-
tributions from individual neurons according to
predefined rules. This process continues until
the score is distributed across the input features.
While these methods are as efficient as gradient-
based ones, their effectiveness depends on the
choice of propagation rules, which can vary across
models and applications, potentially limiting their
generalizability (Montavon et al., 2019).

Perturbation-based methods (Zeiler and Fer-
gus, 2014; Lundberg and Lee, 2017; Fong and
Vedaldi, 2017) determine feature saliency by sys-
tematically altering or masking parts of the in-
put and observing the impact on the model’s out-
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put. Despite being computationally intensive, par-
ticularly for high-dimensional data, these meth-
ods offer stable and accurate explanations by di-
rectly linking output variations to feature rele-
vance. Moreover, they are independent of model
architecture (Covert et al., 2021).

3 Related Works in S2T

Moving to the S2T domain, feature attribution
has received relatively little attention compared to
other fields, with efforts focused only on ASR,
leaving other tasks like ST unexplored. More-
over, some of the proposed methods do not base
their explanations on spectrograms. Specifically,
Markert et al. (2021) generate explanations based
on MFCCs, while Wu et al. (2023, 2024) gener-
ate them directly on raw waveforms. This repre-
sents a crucial limitation, as spectrograms are the
input representation of many widely used state-
of-the-art S2T models—such as Whisper (Rad-
ford et al., 2023), SeamlessM4T (Communica-
tion et al., 2023), and OWSM (Peng et al., 2023).
Also, unlike waveforms or MFCC, spectrograms
are directly interpretable by humans as they pro-
vide a visual representation of frequency content
over time, making it possible to identify patterns
associated with phonetic and prosodic features
(Stevens, 2000).

Henceforth we focus on those feature attri-
bution techniques that work with spectrograms.
Spectrograms provide a 2D visualization of fre-
quency distributions over time, where darker ar-
eas indicate higher energy at specific frequencies,
capturing the spectral characteristics of speech
(Stevens, 2000). These techniques adopt either
perturbation-based or amortized approaches.

The perturbation-based Bubble Noise technique
introduced by Mandel (2016) and Trinh and Man-
del (2021) obscures time-frequency patterns in
the spectrogram using white noise, except in ran-
domly positioned ellipsoidal bubble regions where
the noise is attenuated, allowing speech charac-
teristics to remain visible. To assess the impact
of perturbations, this technique assigns a binary
label to each predicted word based on whether
the word changes under the perturbed input. Fi-
nal saliency scores are calculated by correlating
these labels with the noise mask, which tracks the
amount of noise added to the spectrogram. Bubble
Noise involves high computational costs to gen-
erate explanations, which escalate with increasing

bubble counts. Additionally, the use of uniformly
sized and shaped bubbles inherently overlooks the
structural patterns within the spectrogram, poten-
tially limiting the method’s effectiveness in cap-
turing fine-grained spectral details.

To reduce explanation time and provide fine-
grained insights, Trinh et al. (2018) and Kavaki
and Mandel (2020) propose an amortized expla-
nation method. A mask estimator is trained to reg-
ulate white noise addition to individual features in
the spectrogram aiming to maximize noise while
preserving ASR accuracy. As a result, regions
of the spectrogram where noise is minimized or
absent are identified as salient for word predic-
tion. However, in addition to the high costs associ-
ated with training separate explainers for different
models, the resulting explanations highlight time-
frequency patterns that only loosely correspond
to meaningful spectral characteristics (Kavaki and
Mandel, 2020).

Besides the above limitations, both techniques
lack adaptation to the autoregressive nature of
modern S2T models, where each token genera-
tion depends on both input speech and prior output
text. Building on the accuracy and architectural
independence of perturbation-based methods, we
address these gaps by introducing a feature attri-
bution technique that i) accounts for the autore-
gressive nature of modern S2T models, making it
applicable to any autoregressive speech encoder-
decoder model regardless of its architecture, and
ii) captures fine-grained time-frequency patterns
in spectrograms. We compare our approach to
other perturbation-based methods that share these
theoretical advantages.

4 SPES

Given an autoregressive S2T model that gener-
ates one token at a time, conditioned on both the
speech input X—represented as a spectrogram—
and the previously generated tokens Y (k−1) =
[y0, y1, . . . , yk−1],3 SPES produces two saliency
maps: SX

yk
, which reveals the relevance of input

features across time and frequency, and SY (k−1)

yk
,

which highlights the relevance of previously gen-
erated tokens. The overall explanation for the pre-
dicted sequence Y , comprising K tokens, is then
formulated as:

SY = {(SX
y1 , S

Y 0

y1 ), . . . , (SX
yK

, SY (K−1)

yK
)} (1)

3Where y0 is the special token start of sentence <s>.
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Preliminary experiments (detailed in Appendix
A.2.2) indicated that separately perturbing the
spectrogram and the previous output tokens yields
more accurate saliency maps compared to joint
perturbation. Therefore, we outline how these two
components are perturbed independently to gener-
ate the corresponding saliency maps. Specifically,
the following sections describe SPES in reference
to the key components of perturbation-based ap-
proaches (Covert et al., 2020), namely i) select-
ing and perturbing features (§4.1), ii) estimating
the impact of these perturbations on model pre-
dictions (§4.2), and iii) aggregating these impact
estimations to derive final saliency scores (§4.3).

4.1 Input Perturbation

Input perturbation is commonly implemented by
masking subsets of input elements. The effect of
these perturbations on the model’s output prob-
abilities is then evaluated to derive the saliency
maps Syk (see §4.2). However, enumerating all
possible subsets is infeasible because the num-
ber of perturbation combinations grows exponen-
tially with input size (Khakzar et al., 2020; Covert
et al., 2021). To approximate the expectation over
this combinatorial space, perturbation-based ap-
proaches typically draw a finite number of ran-
dom perturbations using Monte Carlo sampling
(Castro et al., 2017; Petsiuk et al., 2018; Mark-
ert et al., 2021; Yang et al., 2021; Fel et al., 2023).
Formally, for token yk let Myk denote the set of
all possible M binary masks over the input used
to predict yk. Monte Carlo sampling approxi-
mates the expected value for the saliency maps
EM∼Myk

[
Syk | M

]
by randomly drawing N

binary masks Mn (the higher N , the more ac-
curate and computationally expensive the estima-
tion), and aggregating the impact on the model
output probabilities obtained with each of them
(see §4.3). In our setting, we draw NX and
NY samples for spectrogram features and previ-
ous output tokens, respectively. These hyperpa-
rameters control the variance of the estimator and
hence trade off between computational cost and
saliency map accuracy.

4.1.1 Perturbing Spectrograms
To achieve explanations that highlight fine-grained
spectral characteristics in spectrograms, we design
perturbations that target time-frequency patterns
using techniques from image processing, where
morphological clustering is often employed to de-

Figure 1: A mel-spectrogram (upper figure) and its
segmentation obtained with SLIC (bottom figure).

fine the perturbation units (Seo et al., 2020; Yang
et al., 2021).4 This approach produces explana-
tions that align more naturally with object con-
tours (Ivanovs et al., 2021), in contrast to pertur-
bations with uniformly sized and shaped units. A
particularly effective clustering-based technique is
the Morphological Fragmental Perturbation Pyra-
mid (MFPP; Yang et al. 2021), which gener-
ates detailed saliency maps (Ivanovs et al., 2021).
MFPP employs Simple Linear Iterative Clustering
(SLIC; Achanta et al. 2012), a k-means-based al-
gorithm that groups pixels according to spatial and
color characteristics—representing, in our case,
proxies for spectral patterns. By iteratively ad-
justing the number of clusters (k), the method pro-
duces a hierarchy of patches across varying gran-
ularities, from fine to coarse.

As shown in Fig. 1, our SLIC-based segmen-
tation of the spectrogram clusters nearby features
with similar energy levels into distinct patches that
respect the structure of spectral patterns, such as
formants. Following MFPP, each spectrogram is
segmented at three levels of granularity by vary-
ing k. This multi-scale approach creates patches at
different resolutions, enabling the perturbation of
neighboring features together or separately.

However, unlike images that have fixed dimen-
sions, speech data vary in duration. Consequently,
a fixed value of k would result in larger patches
for longer audio samples, leading to coarser ex-
planations. To address this, SPES scales k propor-

4In images, perturbations are typically applied either at
the pixel level (Wagner et al., 2019) or to groups of pixels
(Zeiler and Fergus, 2014; Ribeiro et al., 2016; Yang et al.,
2021), referred to as patches or superpixels, which serve as
the minimal processing units.
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tionally to input length, ensuring consistent patch
sizes across varying speech sample lengths. How-
ever, this approach has a limitation: as the number
of patch combinations grows exponentially with
k, exhaustive exploration of the search space re-
quires a corresponding increase in the number of
perturbations NX , which becomes computation-
ally intractable for large values of k.5 Insufficient
exploration, on the other hand, eventually lowers
explanation quality (see Appendix A.2.3). To bal-
ance computational cost and effective exploration
of patch combinations, SPES limits the increase of
k by setting a maximum value. Specifically, with
len(X) as the input length in seconds, ϕ as the
number of patches per second, and τ as the thresh-
old length in seconds, k is determined as:

k = min(len(X), τ) · ϕ (2)

Once the patches are defined, we randomly per-
turb them in combination across NX iterations.
The number of patches perturbed at each iter-
ation is controlled by a hyperparameter (pspec),
which specifies the probability of perturbing each
patch—for example, with pspec = 0.5, approxi-
mately half of the patches are perturbed.

Perturbation is implemented by setting the ele-
ments of the patch to 0 in a binary mask MX ∈
{0, 1}T×C , where T represents the time dimen-
sion and C represents the frequency dimension
of X . The perturbed input X ′ is then obtained
by element-wise multiplication of the original in-
put X and MX , which corresponds to setting the
perturbed features to 0, the mean energy value
in the utterance.6 This perturbation method—
the same used at training time by SpecAugment
(Park et al., 2019), a common augmentation tech-
nique in most training settings, including ours—
avoids introducing artifacts that fall outside the
training distribution, helping the model remain
robust to perturbations and aligning with strate-
gies to prevent hallucinations during perturbations
(Holzinger et al., 2022; Brocki and Chung, 2023).

5As shown in Fig. 6 in Appendix B, the relationship be-
tween audio duration and computation time for generating
explanations is quadratic, meaning that longer audio samples
account for most of the computation time. Hence, increas-
ing NX with the audio length would substantially increase
computational costs.

6In line with standard practices in current S2T systems
(Communication et al., 2023, among others), all input spec-
trograms undergo cepstral mean-variance normalization (Vi-
ikki and Laurila, 1998) before being fed into the model.

Although this advantage renders our approach par-
ticularly promising, alternative approaches, such
as replacing masked elements with low-energy
values, could be explored in future work.

4.1.2 Perturbing Previous Output Tokens
Inspired by the effectiveness demonstrated in con-
text mixing by the value zeroing (Mohebbi et al.,
2023) perturbation strategy, which replaces se-
lected token embeddings with zero vectors, SPES
adopts the same approach for the perturbation of
the previous output tokens. Specifically, for each
of the NY iterations, it builds a binary mask
MY (k−1) ∈ {0, 1}(k−1)×1, where each token is
randomly selected for perturbation with probabil-
ity ptok, and the corresponding mask values are set
to 0. The mask MY (k−1)

is then multiplied with
the embedding matrix of the previous output to-
kens to obtain their perturbed version Y (k−1)′ .

4.2 Perturbation Impact Estimation
The relevance of the features perturbed at each
iteration is assessed by estimating how the per-
turbation impacts the model’s ability to predict
the output. In classification tasks, two common
methods are used for this estimation, both based
on the probability assigned by the model to the
target class. One method uses the target class
probability as the saliency score for non-perturbed
features (Zeiler and Fergus, 2014; Petsiuk et al.,
2018; Yang et al., 2021), where a high score in-
dicates that the perturbed features do not include
information relevant to predicting the target class.
Alternatively, the score is computed as the differ-
ence between the original probability (without per-
turbation) and the probability obtained with the
perturbed input (Ancona et al., 2018; Seo et al.,
2020). In this case, the score is assigned to the per-
turbed features, where a high score suggests that
the model’s ability to recognize the target class is
compromised in their absence.

In S2T tasks, assessing single-class probabili-
ties corresponds to using the probability of the to-
ken being explained. We posit that this approach
can be improved for two reasons. First, while clas-
sification tasks typically deal with a limited num-
ber of target classes, S2T tasks involve a BPE vo-
cabulary (Sennrich et al., 2016) with thousands of
tokens (Di Gangi et al., 2020; Fendji et al., 2022).
This results in output probability distributions that
are high-dimensional, dense vectors rather than
sparse, peaked distributions (Zhao et al., 2023).
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Second, the decoding process of S2T models of-
ten employs beam search (Sutskever et al., 2014),
where the tokens with the highest probability are
not always selected, and perturbations can signifi-
cantly affect the predicted sequence by altering the
probabilities of initially-neglected tokens.

Therefore, drawing on mechanistic inter-
pretability research (Conmy et al., 2023; Zhang
and Nanda, 2024), SPES estimates perturbation
impact (rX for spectrograms and rY

(k−1)
for pre-

vious output tokens) by computing the KL diver-
gence (Kullback and Leibler, 1951) between the
probability distribution of an S2T model Ψ fed
with the original inputs (X and Y (k−1)) and that
obtained with their perturbed counterparts (X ′ and
Y (k−1)′). Specifically:

rX = KL
(
Ψ(X,Y (k−1)),Ψ(X ′, Y (k−1))

)
rY

(k−1)
= KL

(
Ψ(X,Y (k−1)),Ψ(X,Y (k−1)′)

)
4.3 Scores Aggregation
According to the Monte Carlo strategy (see §4.1),
the r scores are aggregated across the N perturba-
tion iterations to produce the token-level saliency
maps S:

S =

∑N
n=1 rn(1−Mn)∑N
n=1(1−Mn)

(3)

where S is either SX or SY (k−1)
and, accordingly,

M is either MX or MY (k−1)
, N is either NX or

NY , and r is either rX or rY
(k−1)

. Specifically,
Eq. 3 sums the r scores assigned to the perturbed
features (1 − Mn) in the numerator and weights
them by the number of times each feature is per-
turbed in the denominator.

Lastly, SPES applies two normalization steps,
introduced to improve the effectiveness and sta-
bility of explanations in practice. First, it ap-
plies z-score normalization to each token-level
saliency map (SX

yk
and SY (k−1)

yk
) independently.

This step addresses the varying magnitudes of
saliency scores across different tokens yk in the
same output Y , preventing disproportionate em-
phasis on specific tokens. This is especially ben-
eficial when aggregating token-level explanations
at the sentence level, such as through averaging, to
create a single saliency map that reflects the rele-
vance of each feature to the prediction of the entire
sentence. The effectiveness of this normalization
has been validated, as detailed in Appendix A.2.1.

Second, SPES applies joint min-max normaliza-
tion to SX

yk
and SY (k−1)

yk
for the same token yk,

scaling their scores to the [0, 1] range. This paired
normalization ensures interaction between the two
maps: if one map has higher scores for a token,
the other map will correspondingly receive lower
scores, thereby reflecting the relative relevance of
SX
yk

and SY (k−1)

yk
for predicting yk.

5 Evaluating Explanations in S2T

Evaluating the quality of explanations is a com-
plex task, ideally involving the assessment of
several desirable properties across three dimen-
sions: content, presentation, and user (Nauta et al.,
2023). Within the content dimension, the fore-
most property is correctness, also known as fi-
delity (Tomsett et al., 2020) or faithfulness (Jacovi
and Goldberg, 2020), which refers to “how well
explanations match model reasoning” (Li et al.,
2023). Moving to the presentation dimension,
the quality of an explanation concerns not only
its composition (“how something is explained”)
but also its compactness, adhering to the “less
is more” principle. Accordingly, explanations
should highlight the smallest possible set of fea-
tures and avoid the inclusion of redundant ele-
ments (Sun et al., 2020). Lastly, concerning the
user dimension, a desirable property is plausibil-
ity, defined as “how convincing the explanation is
to humans” (Jacovi and Goldberg, 2020).

In this work, we consider all three dimensions
to evaluate explanations. We inspect the content
dimension by assessing faithfulness with the dele-
tion metric, the most widespread method in clas-
sification tasks (Arras et al., 2017; Samek et al.,
2017; Petsiuk et al., 2018; Tomsett et al., 2020;
Samek et al., 2021; Gevaert et al., 2024) and also
used in ASR (Trinh and Mandel, 2020). On the
presentation axis, we measure compactness using
the size metric. Finally, on the user axis, we assess
plausibility through dedicated analyses in §8.

5.1 Deletion

This metric evaluates how quickly performance
declines as input features, ranked by saliency
scores, are gradually removed. Trinh and Man-
del (2020) applied deletion to ASR explanations,
adding noise to the most relevant features for each
word in the output sentence. Thereby, they test
whether the prediction of the target word changes
under the noisy condition, while predictions for
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Figure 2: Illustrative deletion curves for ASR (left) and ST (right). The curves are fictitious and serve
only to demonstrate how performance degrades as increasingly larger portions of salient features are
removed. A steeper initial drop indicates that the attribution method identified critical features earlier,
with the AUC summarizing this effect.

other words remain unaffected, since the noisy
features are not expected to influence them. The
process is repeated across various subsets of fea-
tures with different saliency levels. However,
this approach assumes conditional independence
in predicting different words, an assumption that
does not hold in state-of-the-art autoregressive
S2T models, where early errors can impact sub-
sequent predictions.

To address this limitation, we extend the dele-
tion metric to the sentence level, allowing us to
evaluate the impact of feature removal in the con-
text of entire utterances rather than individual to-
kens. Specifically, we iteratively remove spec-
trogram features according to their saliency rank-
ing and assess model performance on the com-
plete sentence using standard ASR and ST met-
rics. At each step, the top 5% of features are ze-
roed out, after which model performance is re-
evaluated across the full test set. Performance
is quantified using task-specific extrinsic metrics:
for ASR, we compute WER7 (↓), and for ST, we
report BLEU (↑). These metrics are used to con-
struct evaluation curves, which illustrate how per-
formance degrades as features are removed in de-
creasing order of relevance.

To illustrate this process in detail, Figure 2
presents curves derived from fictitious explana-
tions obtained with two methods (Method 1 and
Method 2) on both ASR and ST. The x-axis shows
the percentage of removed features, while the y-

7WER is computed with editdistance 0.6.1
(https://github.com/roy-ht/editdistance).
Scores are capped at 100 to mitigate instability from
excessively high values due to long hallucinations.

axis shows performance (WER for ASR, BLEU
for ST). In the example, Method 1 causes a sharper
degradation: even at 5% feature removal, WER in-
creases and BLEU decreases, whereas Method 2
initially remains stable. As feature removal pro-
gresses, both methods exhibit performance degra-
dation, but Method 1 alters the curve more sharply
than Method 2, indicating that it more effectively
identifies the features critical to the prediction.
To summarize this behavior with a single metric
capturing the overall effect, we compute the area
under the curve (AUC): for ASR, a higher AUC
(higher WER), and for ST, a lower AUC (lower
BLEU) correspond to faster performance degrada-
tion, reflecting more faithful explanations.

The main limitations of the deletion metric lie
in i) its relatively high computational costs—as it
involves multiple generations on the test set—and
ii) its assumption that the majority of the input rel-
evance is placed on only a few features, which is
typically valid when using a softmax operation,
but it may not be in other cases (Nauta et al.,
2023). However, this assumption holds in our set-
ting as the outputs come from a softmax operation.

5.2 Size

Size measures the compactness of an explanation
as the percentage of input features identified as re-
sponsible for the model’s prediction. In classifica-
tion tasks, this involves incrementally adding the
features with the highest saliency scores until the
model’s prediction matches the original (Sun et al.,
2020). However, applying this approach in S2T
tasks is complex since the output text changes con-
tinuously rather than in discrete steps as in classi-
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fication. Wu et al. (2024) test two criteria to detect
changes: i) WER greater than 0, which consid-
ers any modification—even irrelevant—as a pre-
diction change, and ii) cosine similarity of Sen-
tenceBERT encodings lower than 0.5, which tar-
gets changes in output semantics. Since the choice
of the similarity metric can lead to varying results
and the optimal metric is debatable, we avoid iso-
lating the subset of most salient features; instead,
we assess explanation size across various subsets.

To this aim, we calculate the percentage of fea-
tures with saliency scores above a threshold rang-
ing from 0 to 1 in 5% increments and compute
the AUC of the resulting curve as a comprehen-
sive score. At the beginning of the curve, all fea-
tures have saliency scores above 0. As the thresh-
old increases, the percentage of included features
decreases. A compact explanation will have most
features below low thresholds, with only a few ex-
ceeding higher ones, while a more diffuse explana-
tion will retain more features at higher thresholds.

By analyzing the curve’s shape and its AUC, we
can assess explanation compactness. Lower AUCs
indicate more compact—hence clearer and more
focused—explanations (Nauta et al., 2023). How-
ever, we caution that AUC evaluation for size may
be vulnerable to adversarial artifacts, as an unin-
formative explanation with all saliency scores set
to 0 would still yield a low AUC while providing
no insights. Thus, size must be interpreted along-
side faithfulness metrics for a comprehensive as-
sessment.

6 Experimental Setting

Tasks and Data We test SPES on S2T tasks
with English audio, focusing on ASR and ST
into German (en→de) and Spanish (en→es) to as-
sess its effectiveness across varying monotonicity
in word alignment.8 For evaluation, we use the
MuST-C corpus (Cattoni et al., 2021): the en→de
v2 subset for ASR and en→de ST, and the en→es
v1 subset for en→es ST due to the absence of v2.

Models The ASR and two ST systems share the
same architecture, consisting of a Conformer en-
coder and a Transformer decoder, and are fed with
80-feature mel-spectrograms (see Appendix A.1
for details on hyperparameters, training configu-
rations, and data). We opted not to use widely

8English and Spanish follow the SVO order, while Ger-
man is an SOV language (Östling, 2015).

adopted foundation models like Whisper (Rad-
ford et al., 2023) or SeamlessM4T (Communica-
tion et al., 2023) for several reasons: i) compara-
bility across tasks, as Whisper only supports En-
glish translations; ii) performance, as our mod-
els outperform SeamlessM4T on these tasks (see
comparison in Appendix A.1); and iii) compu-
tational efficiency, since our smaller models are
more suited for extensive experiments while keep-
ing computational costs manageable.

SPES Hyperparameters SPES hyperparame-
ters were estimated through validation (see Ap-
pendix A.2). Spectrograms were clustered into
patches using SLIC with default parameters
from the scikit-image implementation,9 except for
sigma (σ), which was set to 0. We set ϕ to 400,
500, and 600 for the three-level multi-scale clus-
tering, while τ was set to 7.5 for ASR and 5 for
ST. The number of masking iterations, NX , was
set to 20,000 with pspec at 0.5. For previous out-
put tokens, NY was set to 2,000 with ptok at 0.4.

Baselines We compare SPES against two base-
lines. First, a feature-wise method that randomly
perturbs previous output tokens and spectrograms
at the level of single features without morpholog-
ical clustering, and estimates the perturbation im-
pact with KL divergence. For a fair comparison,
we set NX to 20,000 and NY to 2,000, as in
SPES, with pspec = 0.7 and ptok = 0.1, optimized
via validation (see Appendix A.3.1). Second, an
enhanced version of the Bubble Noise technique
that uses KL divergence as a perturbation impact
estimator and is extended to also perturb the pre-
vious output tokens. Since Bubble Noise is signif-
icantly slower than SPES, especially at high bub-
ble counts, we set NX to 1,000. This value cor-
responds to that used by Trinh and Mandel (2020)
and results in a runtime comparable to SPES with
NX set to 20,000. The number of bubbles per
second is set to 10, with each bubble measuring
approximately 0.43 seconds in width and 31 mel
bins in height, as validated in Appendix A.3.2.

7 Results

7.1 Overall Results
The upper rows of Table 1 present Deletion and
Size AUC scores for the two implemented base-
lines (feature-wise and Bubble Noise) and com-

9https://scikit-image.org/docs/dev/
api/skimage.segmentation.html
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ASR (en) ST (en→de) ST (en→es)
Deletion (↑) Size (↓) Deletion (↓) Size (↓) Deletion (↓) Size (↓)

feature-wise 71.39 47.85 8.79 48.53 9.03 46.00
Bubble Noise 65.02 36.92 10.85 43.89 13.01 43.04

SPES 92.54 29.71 2.34 29.28 2.45 29.47
– multi-scale 92.22 29.94 2.49 29.62 2.56 29.78
– clustering 90.73 33.31 2.84 33.09 2.93 32.90
– duration adaptation 92.37 30.45 2.35 31.10 2.46 30.95
– KL 87.44 29.85 4.76 30.98 4.99 30.74

Table 1: Deletion and Size scores for the feature-wise and the Bubble Noise baselines as well as for SPES
and the solutions tested in the ablation study.

pare them with SPES across ASR (en) and ST
(en→de, en→es). Full deletion and size curves
are provided in Fig. 7 and 8 in Appendix B.

Deletion and size scores reveal consistent trends
across the three tasks. Looking at the baselines,
we observe that the feature-wise method outper-
forms Bubble Noise in deletion scores, likely due
to the differing number of perturbation iterations
(NX ) assigned to the two baselines (see §6). How-
ever, despite the significantly lower NX , Bubble
Noise surpasses feature-wise in size scores.

When comparing SPES to the baselines, it
clearly excels. In terms of deletion scores, SPES
outperforms the feature-wise baseline by 21.15
points in ASR and up to 6.58 points in ST
(en→es). The improvements are even more pro-
nounced relative to the Bubble Noise technique
(27.52 points in ASR and 10.56 in ST en→es).
SPES also demonstrates its superiority in the size
metric, with differences of up to 19.25 and 14.61
in ST (en→de) compared to feature-wise and Bub-
ble Noise, respectively. Since the comparison be-
tween SPES and Bubble Noise involves different
NX values, for the sake of fairness we carried out
additional experiments using the same NX value
(1,000) for both SPES and Bubble Noise. The re-
sults, presented in Table 13 in Appendix B, con-
firm SPES’s superior performance under this con-
dition as well. Overall, SPES generates faithful
and compact explanations, accurately highlight-
ing the input elements that are relevant to the S2T
model’s predictions while avoiding the inclusion
of redundant information.

7.2 Ablation Study

To better understand how each design choice im-
pacts the faithfulness and compactness of SPES-
generated explanations, we conduct an ablation

study. Firstly, we vary the granularity of spectro-
gram perturbations by testing: i) single-level seg-
mentation instead of multi-level (– multi-scale),
by using only 500 as ϕ, ii) fixed grid segmen-
tation10 instead of clustering (– clustering), iii)
removal of the duration-based patch adaptation
of Eq. 2 (– duration adaptation), using a fixed
number of patches (2,000, 2,500, and 3,000)11

for all audio samples regardless of their duration.
Lastly, we assess the contribution of KL diver-
gence by replacing it with token-level probability
difference—widely used in text applications (Sarti
et al., 2023; Miglani et al., 2023)—as a method for
estimating perturbation impact (– KL).

Table 1 (lower rows) presents the scores result-
ing from these variations. Looking at deletion,
the largest performance drop across all tasks oc-
curs when KL divergence is replaced with token-
level probability difference (– KL). Ablating KL
divergence reduces performance also in terms of
size, although differences are less evident (ranging
from 0.14 to 1.70 points). We can conclude that
using KL divergence to estimate perturbation
impact is beneficial for producing explanations
that are both more faithful and more compact.
Examining the ablations related to patch definition
in the input spectrogram, we find that considering
morphological aspects has the greatest impact. In-
deed, fixed grid segmentation (– clustering) leads
to decreased faithfulness for both ASR and ST,
along with a 12-13% increase in explanation size
across all tasks. This indicates that accounting for
morphology in spectrograms is crucial for iso-
lating patterns that models exploit for their predic-
tions. Adapting the number of patches to the in-

10Obtained setting the sigma parameter in SLIC, which de-
termines the smoothness of the segmentation contours, to 10.

11Validated on the dev set, as described in Appendix A.2.1.
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Alignment (↑)
feature-wise 51.10
Bubble Noise 72.00

SPES 82.97
– multi-scale 82.52
– clustering 81.09
– duration adaptation 82.96
– KL 82.59

Table 2: Temporal alignment scores between the
top salient element and the segmentation in ASR.

put speech duration also proves beneficial: with
a fixed number of patches (– duration adaptation),
deletion scores are slightly worse but similar, and
the size increases by 2-6%. Lastly, using multiple
segmentation levels improves both faithfulness
and compactness: ablating this option (– multi-
scale) has a slight negative impact across all tasks,
reflected in both deletion and size scores, with a
degradation of approximately 1% in size for ST.

In summary, all the design choices of SPES con-
tribute to providing faithful and compact explana-
tions. Among them, estimating the impact of per-
turbations with KL divergence proves to be partic-
ularly crucial for achieving meaningful outcomes,
followed by employing morphological clustering
to define the units for perturbation.

8 Analyses of Plausibility

We assess the plausibility of SPES explanations
(as defined in §5) by analyzing the saliency maps
for both spectrograms (SX ) and previous tokens
(SY (k−1)

). For SX , we focus on ASR, where the
monotonic audio-text alignment facilitates analy-
sis, and compare SPES with the baselines and ab-
lation variants. For SY (k−1)

, instead, we focus
solely on SPES, as the introduction of SY (k−1)

is
one of its distinctive characteristics, and we exam-
ine both ASR and ST.

8.1 Explanations for Spectrograms

Time Dimension In ASR, manual inspection of
SX examples suggests that saliency moves mono-
tonically along the time axis as generation pro-
gresses from the first to the last token (see Ap-
pendix A.4 for an example of SPES explanations).
This aligns with the expectation that token genera-
tion is guided by the time frames in which they are
uttered, leading to time-localized explanations that
shift from the beginning to the end of the audio.

We quantitatively verify this by comparing
word-level saliency maps along the time axis12

with word alignments from Gentle.13 Specifically,
we extract the top-1 feature’s time position and
check whether it falls within the corresponding
word’s time span. This is computed for each SX

of every correctly predicted word, yielding a tem-
poral alignment score—the percentage of cases
where the top-1 feature falls within the expected
time span. The scores in Table 2 show that SPES
achieves the highest agreement at 82.97%, which
is notable given the strict evaluation setting that
considers only the top-1 feature. Similar to dele-
tion and size metrics, ablation settings perform
closely to SPES, ranging from 81.09% (SPES –
clustering) to 82.59% (SPES – KL). Baselines
show a larger gap, with Bubble Noise achieving
72.00% and the feature-wise setting only 51.10%.
Additionally, for SPES, we compare the mean
saliency scores for time frames inside and outside
Gentle’s boundaries. A Student’s t-test confirms
that the mean score is significantly higher inside
the word’s time span.

These analyses confirm that SPES provides
plausible insights into the time dimension.

Frequency Dimension A manual inspection of
SPES’ explanations reveals that they are also well-
localized in the frequency domain, often aligning
with relevant spectral patterns, as shown in Fig. 10
and 11 (Appendix B). To evaluate whether SPES
provides plausible insights along the frequency
dimension, we extract saliency scores from the
midpoint frame of the time span of individual
phones.14 The time spans are obtained using pho-
netic segmentation from Gentle. We then check
whether the top-1 score in that frame falls within
the typical frequency range for the phoneme un-
der investigation, computing a frequency align-
ment score. Specifically, we analyze three vowels
(/A/, /O/, /E/) and two consonants (/s/, /n/), focusing
on the first and second formants (F1-F2) for vow-
els, the frication range for the voiceless alveolar
sibilant /s/, and the murmur range for the voiced
alveolar nasal /n/, as these are crucial for their
identification (Hillenbrand et al., 1995; Jongman

12We aggregate explanations at the word level by averaging
token saliency maps and then take the maximum value over
the frequency axis for each time frame.

13https://github.com/lowerquality/
gentle.

14At midpoint, phone pronunciation is typically sustained.
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A O E s n Avg.
M F M F M F M F M F

feature-wise 59.10 54.56 56.94 48.43 53.04 39.10 31.11 44.43 41.79 44.78 47.33
Bubble Noise 28.93 16.03 39.70 17.66 49.82 33.24 3.07 1.31 48.60 46.25 28.46

SPES 85.61 84.85 87.16 85.17 74.12 61.08 77.97 85.58 56.24 58.28 75.61
– multi-scale 81.25 82.50 84.18 84.02 70.69 59.66 75.07 83.79 53.53 56.98 73.17
– clustering 80.69 81.32 85.67 79.57 76.94 65.87 78.12 79.53 58.59 59.69 74.60
– duration ad. 85.26 83.97 86.12 86.00 73.27 61.44 74.18 86.25 52.76 53.33 74.26
– KL 84.98 83.97 86.42 84.32 72.56 59.66 77.77 86.88 56.42 59.66 75.26

Table 3: Frequency alignment scores between the top salient element and the F1-F2 ranges for the vowels
/A/, /O/, and /E/, as well as the noise ranges for the consonants /s/ and /n/, across genders (M, F) in ASR.

et al., 2000; Pruthi and Espy-Wilson, 2004).15

The scores in Table 3 show that SPES, including
its ablation conditions, generates the most aligned
explanations, with variations across phonemes.
The lowest alignment occurs for /n/ (best score
at 58.59% for males and 59.69% for females in
the SPES – clustering), while the highest is for
/O/ (best score at 87.16% for males in SPES and
86.00% for females in SPES – duration adapta-
tion). The feature-wise and Bubble Noise base-
lines perform significantly worse, and on average,
SPES provides the highest scores.

Saliency peaks in frequency regions distinctive
for the analyzed phones are also visible in the av-
erage explanation frame values, plotted in Fig. 9
(Appendix B). For vowels, notable peaks occur be-
low 2,000 Hz for /A/ and /O/, where F1 and F2 are
closer, and around 1,000–2,000 Hz for /E/, where
F1 and F2 are more distant. Similarly, saliency
peaks are visible above 4,000 Hz for /s/ and be-
low 500 Hz for /n/. Interestingly, when examin-
ing saliency curves by gender, female speakers’
scores shift toward higher frequencies for vow-
els and /s/, reflecting known gender-based spectral
differences due to shorter vocal tracts and smaller
larynx sizes (Stevens, 2000).

These analyses indicate that SPES can offer

15We define the phoneme frequency ranges (in Hz) based
on prior studies of American English production (Hillen-
brand et al., 1995; Jongman et al., 2000; Maniwa et al., 2009;
Pruthi and Espy-Wilson, 2004). For /A/, F1 ∈ [550, 950],
F2 ∈ [950, 1400] for males and F1 ∈ [650, 1100],
F2 ∈ [1100, 1600] for females; for /O/, F1 ∈ [350, 750],
F2 ∈ [750, 1300] for males and F1 ∈ [450, 900], F2 ∈
[900, 1500] for females; for /E/, F1 ∈ [400, 700], F2 ∈
[1300, 1900] for males and F1 ∈ [450, 700], F2 ∈
[1600, 2300] for females. For /s/, the frication range is
[4000, 7500] for males and [4500, 8000] for females, while
for /n/, the murmur range is [100, 600] for both genders, as
cross-gender differences are inconsistent (Kurowski, 2005).

Figure 3: Top and bottom 5 tokens by kurtosis.

valuable insights into the frequency dimension,
capturing phonetic differences between sounds
and sociophonetic characteristics such as gender.

8.2 Spectrograms vs Previous Output Tokens
Our previous analyses show that SPES-generated
saliency maps generally localize salient areas ef-
fectively in both time and frequency domains.
However, manual inspections revealed that some
spectrogram saliency maps appear “noisy”, with
scattered explanations that lack concentrated
groups of features with higher saliency scores (for
an example, see Appendix A.4). To investigate
this behavior further, we explore whether this scat-
tering is associated with specific token classes.
Specifically, we hypothesize that, for some tokens,
the less compact explanations in terms of speech
features may stem from a higher contribution of
previous output tokens to their prediction.

To quantify scattering, we use kurtosis, a mea-
sure of the “tailedness” of score distributions.
Higher kurtosis indicates more peaked distribu-
tions, reflecting more focused explanations. For
each token occurring over 100 times in the test set,
we average the kurtosis values of all the spectro-
gram saliency maps related to its occurrences. In-
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Token ASR (en) ST (en→de) ST (en→es)
<s> 4.75 11.49 4.82
IT 2.82 9.76 6.00
LT 92.43 78.75 89.18

Table 4: Percentage of instances where the initial
token <s>, any intermediate token IT, or the lat-
est token LT is the most relevant.

terestingly, a trend emerges: tokens with higher
kurtosis generally correspond to full words, while
those with lower kurtosis are punctuation marks
or special tokens. Fig. 3 shows the top and bottom
5 tokens by kurtosis. The bottom tokens include
punctuation marks, the special end-of-sentence to-
ken </s>, and _years. The scattered explana-
tions for these tokens suggests a lack of crucial
audio information for their prediction. This is ex-
pected for punctuation, which often depends on
grammatical rules rather than audio content. Simi-
larly, </s> is always predicted based on a preced-
ing strong punctuation mark, independent of the
audio. In the case of _years, the model often re-
lies on a preceding number in the output tokens,
indicating a pattern-based prediction.

As an additional quantitative validation, we ex-
tract the 100 tokens with the highest and the 100
with lowest kurtosis. Two annotators, both authors
of this paper, then judged whether it was plausible
that the model relied more on the spectrogram for
high-kurtosis tokens (top-100) and less for low-
kurtosis tokens (bottom-100) when making pre-
dictions. Our results indicate that model’s behav-
ior was found plausible in 83% of instances.16

Overall, these findings reveal that explanations
obtained with SPES can be used to determine
whether a token is predicted based on the input
speech or on the textual context, as it highlights
the dependency of a predicted token on previous
ones when plausible. In the next section, we fur-
ther explore the plausibility of the textual relation-
ships unveiled by SPES.

8.3 Explanations for Previous Output Tokens
Positional Saliency A manual inspection of
SY (k−1)

in both ASR and ST revealed that
two types of tokens consistently receive higher

16Inter-annotator percentage agreement was very high
(93.5%). Most disagreements were oversights and thus rec-
onciled, except for three tokens. Given the subjectivity of
judging plausibility, we did not enforce agreement, and these
tokens were excluded from the analysis.

Task Token IT %

ASR en
) ( [47] 40.5
? What [11], what [7] 29.1

ST en→es ? ¿ [35], "¿ [7], 82.2
) ( [148] 33.1

ST en→de
) ( [105] 87.6

zu um [23], zu [11], 29.3
an sich [6], fängt [4] 25.1

Table 5: Tokens for which the highest saliency
score is more often held by an IT. For each to-
ken, we provide the overall percentage of times it
is primarily explained by any IT (%), and the fre-
quency of each individual IT in holding the high-
est saliency in brackets.

saliency scores: the special start-of-sentence token
<s> and the latest token (LT), i.e., the token im-
mediately preceding the one being explained (for
an example, see Appendix A.4). The distribution
of saliency scores across token types aligns with
our qualitative observations: LTs have the high-
est mean (see Fig. 12 in Appendix B), followed
by <s>, whose distribution shifts towards higher
scores compared to intermediate tokens (ITs).
Student’s t-tests confirm significant differences in
mean saliency scores across groups (p < 0.01).
Table 4 reports the percentage of SY (k−1)

instances
where <s>, an IT, or the LT receives the high-
est score. The LT is consistently the most im-
portant across tasks and language directions. No-
tably, this percentage is higher in ASR, where
monotonic alignment reduces the importance of
attending to tokens beyond the immediately pre-
ceding ones. In contrast, it decreases in ST, par-
ticularly in the en→de direction, which exhibits
less monotonicity than en→es and where interde-
pendencies across different positions in the target
context may play a more significant role. The rel-
evance of LTs underscores the critical role of the
closest linguistic context. This finding is line with
prior work that, by analyzing model component
importance, demonstrated the significant focus of
attention heads on LTs (Ferrando and Voita, 2024)
and of final token states in terminal layers for pre-
dicting the subsequent tokens (Meng et al., 2022).
Additionally, the significance of <s> echoes find-
ings from research on “attention sinks” in autore-
gressive language models, which suggest that ini-
tial tokens act as anchors due to their positional
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values (Xiao et al., 2024). In summary, concern-
ing SY (k−1)

, SPES highlights mechanisms that
align with findings from previous research.

Intermediate Tokens Despite the aforemen-
tioned trends in positional saliency, we observed
instances where an IT holds the highest saliency
score for the explanations of certain tokens (see
Appendix A.4). To investigate this phenomenon,
we analyze tokens occurring over 100 times in the
test data for each task. For each unique token, we
calculate the frequency with which an IT received
the highest score in the explanation.

Table 5 presents examples from each language
and task, showing the tokens where an IT held the
highest score in at least 25% of their occurrences,
along with their top two most frequent ITs, if
available. Overall, these explanations appear plau-
sible and linguistically motivated. First, punctua-
tion marks are present across all languages. The
token ) is explained by its complementary (. Sim-
ilarly, ? is explained by What/what in English,
and by ¿ in Spanish, i.e. by ITs that typically
introduce questions. This signals that the preced-
ing context plays a pivotal role in explaining token
pairs that frequently co-occur. Also, it aligns with
our findings on punctuation marks (§8.2): being
characteristic of written text, punctuation does not
have a direct correspondence in speech, reducing
the saliency of the audio signal in the explanation.

By specifically looking at en→de, the token zu
is preceded by the IT um to create infinitive sen-
tences. This German grammatical construction
corresponds to the single token “to” in English
(e.g., “um Menschen aus ihren Stühlen zu holen”
– “to get people out of their chairs.”). Along the
same line, the token an acts as a separable pre-
fix for the verb fängt (e.g. “Es fängt später
an” – “it starts later”). Also, an is part of fixed
expressions like “es fühlt sich so an” (“it feels
like”). These examples further demonstrate how
SPES relies on previous context to accurately
interpret and explain tokens, particularly when
there is no one-to-one mapping between source
sentence and target translation.

9 Conclusion and Final Remarks

In response to the need for feature attribu-
tion methods specifically designed for S2T
autoregressive models, this work introduces
SPES (Spectrogram Perturbation for Explainable
Speech-to-text Generation). By employing a

perturbation-based approach that ensures reliable
explanations while remaining compatible with any
model architecture, SPES produces token-level
explanations across the predicted sentence. Its
saliency maps are the first to effectively high-
light contributions from fine-grained, acoustically
meaningful patterns, such as formants, while also
accounting for the influence of previous output
tokens. We evaluate SPES on ASR and—for
the first time—ST, supported by in-depth analy-
ses. Results show that SPES provides explana-
tions that are faithful, compact, and plausible. Fu-
ture work could evaluate our approach on state-
of-the-art S2T systems, such as Whisper, to verify
whether our insights into model behavior general-
ize to larger models.

Overall, our work advances transparency and
interpretability in S2T technology, with SPES
offering diverse applications. It reveals which
spectral features speech models rely on, poten-
tially addressing long-standing questions about
their alignment with human perception (e.g., Man-
del, 2016; Trinh and Mandel, 2021). It can
also provide insights into model errors, includ-
ing hallucinations—a challenge in both language
and speech models (Frieske and Shi, 2024; Sahoo
et al., 2024; Atwany et al., 2025). For example, it
can help identify whether errors stem from noisy
and misleading input or reliance on incorrect spec-
tral features. Additionally, it aids in bias detection,
such as gender bias, a crucial factor in ASR (e.g.,
Attanasio et al., 2024) and ST (e.g., Bentivogli
et al., 2020). Feature attribution methods for gen-
der bias are well-documented in NLP (Jeyaraj and
Delany, 2024; Chuan et al., 2024; Muntasir and
Noor, 2025), and applying them in speech research
could help determine whether acoustic cues or
specific tokens influence gender assignment. By
shedding light on these factors, SPES can be used
for the development of reliable, robust, and fair
speech models.
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A Experimental Setting

A.1 Model Implementation

In this section, we provide further details on the
implementation of the ASR and ST models (see
§6) used in our experiments.

Models Our models were implemented using
the fairseq-S2T framework (Wang et al., 2020b).
As audio features, we use log-compressed mel-
filterbanks (80 channels), computed over windows
of 25ms with a stride of 10ms using pykaldi.17 We
encode text into BPE (Sennrich et al., 2016) using
SentencePiece (Kudo and Richardson, 2018) with
a vocabulary size of 8,000 for English and 16,000
for Spanish and German. The length of audio fea-
tures is reduced by a factor of 4 using two 1D con-
volutional layers with stride 2. The output of the
convolutions is fed to a 12-layer Conformer (Gu-
lati et al., 2020) encoder, and a 6-layer Trans-
former (Vaswani et al., 2017) decoder. We used
512 embedding features, 2,048 hidden features in
the FFN, and a kernel size of 31 for Conformer
convolutions. In total, the models have 113M pa-
rameters. As an objective, we minimize label-
smoothed cross entropy (Szegedy et al., 2016) on
the output of the decoder (using as a reference
either the textual translation, for ST, or the tran-
scripts, for ASR) with an auxiliary CTC (Graves
et al., 2006) loss with the transcripts as reference,
regardless of the target task, computed on the out-
put of the 8th encoder layer. We optimize the
model weights with the Adam optimizer (Kingma
and Ba, 2015) (β1 = 0.9, β2 = 0.98) and Noam
learning rate scheduler (Vaswani et al., 2017) (in-
verse square-root) starting from 0 and reaching
the 0.002 peak in 25,000 warm-up steps. The in-
put features are normalized with Utterance-level
Cepstral Mean and Variance Normalization and, at
training time, we apply SpecAugment (Park et al.,
2019). We set dropout probability to 0.1. The
ASR model was trained for 250,000 steps while
the ST models, one for each language direction,
were trained for 200,000 steps, as their encoder
was initialized with that of the ASR model. All
trainings were carried out on four NVIDIA A100
GPUs (40GB of RAM) with 40,000 tokens per
mini-batch and 2 as update frequency. All models
were obtained by averaging the last 7 checkpoints.

17https://github.com/pykaldi/pykaldi.

Data Our ASR model is trained on the follow-
ing datasets: CommonVoice (Ardila et al., 2020),
LibriSpeech (Panayotov et al., 2015), TEDLIUM
v3 (Hernandez et al., 2018), and VoxPopuli (Wang
et al., 2021). For ST, instead, as training corpora
we used MuST-C (Cattoni et al., 2021), EuroParl-
ST (Iranzo-Sánchez et al., 2020), and CoVoST v2
(Wang et al., 2020a). Additionally, we translated
the transcripts of the ASR datasets into the two tar-
get languages with the NeMo MT models.18

Table 6 reports the results of our models and
compares them with SeamlessM4T (Communica-
tion et al., 2023).

ASR ST en→de ST en→es
WER (↓) BLEU (↑) BLEU (↑)

Ours 10.8 30.7 34.9
Seamless 15.8 23.0 31.8

Table 6: ASR (WER) and ST (BLEU) results of
our models compared to SeamlessM4T on the
MuST-C tst-COMMON set.

A.2 Validation of SPES Hyperparameters

In this section, we describe the SPES hyperparam-
eter validation process (see §6). Due to the high
number and wide range of possible hyperparame-
ter values, a full systematic evaluation was com-
putationally prohibitive. Thus, we began with a
manual inspection of explanations on a subset of
MuST-C dev set samples, narrowing down value
ranges for each hyperparameter and setting the
perturbation iterations NX and NY at 20,000 and
2,000, respectively, to balance explanation quality
and computational cost.

Next, we conducted a systematic validation to
select the best configuration using the deletion
metric (see §5). We validated spectrogram pertur-
bation hyperparameters, except for the threshold
length τ , in A.2.1 and output token perturbation
hyperparameters in A.2.2. Given the reduced, yet
still numerous, hyperparameter combinations after
initial filtering, this validation used a subsample of
130 utterances, randomly chosen between 5 and
10 seconds to represent typical lengths and avoid
rare length biases. Finally, we validated τ on the
full validation set for both ASR and ST tasks to

18https://docs.nvidia.com/
nemo-framework/user-guide/latest/
nemotoolkit/nlp/machine_translation/
machine_translation.html.
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examine behavior across diverse lengths.

A.2.1 Perturbing Spectrograms
For the perturbation of spectrograms (see §4.1.1),
we validate three parameters: i) the number of
patches per second (ϕ), which determines the
granularity of the perturbation; ii) the sigma value
(σ) in SLIC, which controls the smoothness of
segmentation contours; iii) the perturbation proba-
bility (pspec), which defines the probability of each
patch being perturbed at each iteration. At this
stage, we also validated the effectiveness of ap-
plying standard normalization to the token-level
saliency maps before aggregating them into a
sentence-level explanation. Table 7 presents the
deletion scores for all these aspects.

Number of Patches per Second (ϕ) As de-
scribed in §4, our segmentation of the spectrogram

k σ pspec
Deletion (↑)

w/o norm w/ norm

500
1000
2000

0
0.3 84.90 91.94
0.5 91.95 92.87
0.7 91.75 91.90

1
0.3 85.26 91.94
0.5 92.29 93.32
0.7 91.92 91.88

1000
1500
2000

0
0.3 84.49 92.45
0.5 93.41 94.56
0.7 93.38 93.09

1
0.3 84.82 92.65
0.5 93.71 94.71
0.7 92.93 92.62

2000
2500
3000

0
0.3 83.02 91.88
0.5 94.12 95.37
0.7 93.73 93.28

1
0.3 82.45 91.93
0.5 93.78 95.05
0.7 93.62 93.18

3000
3500
4000

0
0.3 80.01 90.25
0.5 92.39 94.24
0.7 92.99 92.51

1
0.3 78.55 88.70
0.5 91.35 93.94
0.7 92.37 91.75

1000
2500
5000

0
0.3 83.00 91.06
0.5 92.46 93.94
0.7 92.56 92.07

1
0.3 82.87 91.06
0.5 92.29 93.87
0.7 91.61 91.17

Avg. 89.47 92.04

Table 7: Deletion scores to validate k, σ, pspec.

adopts a multi-scale approach, using three levels
of granularity achieved using three ϕ values. As
our validation set is quite homogeneous in terms of
duration (in the [5, 10] seconds range) and the vali-
dation procedure is computationally expensive, we
do not adjust the number of patches based on dura-
tion and optimize three values for the numbers of
clusters k. Then, we derive ϕ by dividing the best
k values by 5 seconds. This choice aims to max-
imize the performance of the approach with fixed
number of patches in our ablation study (- duration
adaptation, see §7.2), ensuring that our method is
not advantaged by more favourable hyperparame-
ters. Among the various configuration tested, the
combination k = [2000, 2500, 3000] consistently
yields better results with the only exception of the
results obtained with pspec = 0.7. Accordingly,
our experiments with SPES use 400, 500, and 600
patches per second as the three clustering scales.

Sigma (σ) The preliminary manual inspection
revealed that increasing σ above 1 results in patch
shapes similar to grids. Therefore, we considered
two values for σ: 0 and 1. The former, the de-
fault value in the SLIC implementation in scikit-
image, provides sharper patch contours, while the
latter smooths them. The best value for σ varies
across the different configurations, with no clear
trend emerging. This indicates that both val-
ues are effective in terms of perturbation. How-
ever, for the selected number of patches (k =
[2000, 2500, 3000]), σ = 0 yields better results.
For this reason, we set σ to 0 in our experiments.

Perturbation Probability (pspec) The initial
manual inspection revealed that high and low pspec
values do not produce good explanations. For this
reason, we tested three pspec values: 0.3, 0.5, and
0.7. In all configurations of the other hyperparam-
eters, the intermediate value provided better re-
sults. This suggests that a pspec of 0.3 may be too
low, as the model remains robust with only a few
perturbed features, while a value of 0.7 may result
in excessive information loss. In light of this, a
pspec of 0.5 proves to be an effective compromise.

Normalization For each parameter combina-
tion, we computed the scores using token-wise
standard normalization. As discussed in §4.2, nor-
malization levels off the differences between the
score distributions of different tokens, which de-
pend on the original probability distributions. In
most combinations (specifically 20 out of the 30

795



pspec ptok
Deletion (↑)

Joint Separate

0.500

0.001 92.40 94.25
0.005 91.29 94.24
0.010 90.76 94.25
0.050 87.80 94.25
0.100 83.72 94.49
0.200 79.77 94.48
0.300 77.48 94.45
0.400 74.36 94.50
0.500 71.02 94.49
0.600 69.79 94.48
0.700 66.57 94.47
0.800 63.31 94.42
0.900 62.71 94.42

Avg. 77.77 94.40

Table 8: Deletion scores to validate ptok in SPES.

considered), including that with the highest score
(k = [2000, 2500, 3000], σ = 0, pspec = 0.5),
normalization turns out to be beneficial, and, on
average, the scores with normalization were 2.57
points higher than those without normalization.
Therefore, when aggregating token-level explana-
tions at the sentence level, we use token-level nor-
malization by default.

In summary, the selected parameters for spec-
trogram perturbation are: ϕ = [400, 500, 600],
σ = 0, and pspec = 0.5. Our validation also
proved that normalizing the token-level saliency
maps leads to better sentence-level explanations.

A.2.2 Perturbing Previous Output Tokens
After determining an effective combination of pa-
rameters for the spectrogram perturbation, we
moved to validate the perturbation of the previous
output tokens (see §4.1.2). Specifically, we ana-
lyzed two aspects: i) whether it is better to jointly
perturb the speech input and previous output to-
kens or not, and ii) determining the optimal value
of the perturbation probability ptok.

Joint vs Separate Perturbation Previous out-
put tokens can be perturbed in two ways: jointly
with the spectrogram or separately. In the joint ap-
proach, both the spectrogram features and the pre-
vious output tokens are perturbed simultaneously,
potentially revealing interdependencies between
them for next-token predictions, and saliency
scores are accordingly assigned to the perturbed
elements of both sides. However, Table 8 consis-
tently shows higher scores for separate perturba-

Figure 4: Variation of Deletion scores across sam-
ples of different lengths.

tions, indicating that joint perturbation degrades
performance. This suggests that the perturbation
of previous output tokens has a huge impact on the
model’s predictions, causing an indirect “blurring”
effect on the explanations of the spectrograms—
even if the ptok is set to values lower than 0.1,
up to two orders of magnitude less than the prob-
ability of the spectrogram (e.g., ptok = 0.001,
ptok = 0.005). Consequently, in our experi-
ments, we compute saliency scores separately for
the speech input and the prior tokens in SPES.

Perturbation Probability (ptok) We considered
ptok values in the range [0.001, 0.900]. In the sep-
arate setting, score differences were slight, fol-
lowing a similar trend to that observed for pspec—
specifically, higher values when approximately
half of the tokens were removed (see Table 8). The
best score was achieved with ptok set to 0.4.

In summary, in all our experiments the previ-
ous output tokens are perturbed separately from
the spectrogram, with ptok equal to 0.4.

A.2.3 Validation of the Dynamic Increase of
Number of Patches and τ

As discussed in §4.1.1, dynamically increasing the
number of patches for long audio samples signif-
icantly raises the number of patch combinations,
potentially reducing explanation quality. Fig. 4
shows deletion scores in ASR across input dura-
tions on the validation set, comparing a dynamic
patch increase based on duration (Dynamic) ver-
sus a fixed number of patches (Static) with k set
to [2,000, 2,500, 3,000]. While Dynamic performs
better for samples up to 20 seconds, its deletion
score declines linearly with duration. In contrast,
Static remains stable scoring 7.49 points higher
than Dynamic for samples over 30 seconds.
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τ
Deletion

en (↑) en→de (↓) en→es (↓)
2.5 93.01 2.47 2.91
5.0 93.91 2.34 2.58
7.5 94.03 2.41 2.62

10.0 93.91 2.49 2.77

Table 9: Deletion scores to validate the duration
threshold τ (in seconds) for stopping the linear in-
crease in the number of patches.

pspec Deletion (↑)
0.5 74.79
0.6 76.63
0.7 79.29
0.8 78.49
0.9 58.67

Table 10: Deletion scores to validate pspec in the
feature-wise configuration.

ptok Deletion (↑)
0.1 77.38
0.2 77.31
0.3 77.29
0.4 77.21
0.5 77.17
0.6 77.18
0.7 77.21
0.8 77.10
0.9 77.06

Table 11: Deletion scores to validate ptok in the
feature-wise configuration.

To mitigate this issue, we introduced the thresh-
old hyperparameter τ (see §4.1.1), which limits
dynamic increases in the number of patches be-
yond certain audio lengths. Table 9 presents the
validation results for τ on the full ASR and ST
validation sets. For ASR, the optimal threshold is
set at 7.5 seconds, while for ST, a lower threshold
of 5.0 seconds is established. In Fig. 4, this Dy-
namic with Threshold approach effectively avoids
the decline in faithfulness observed with Dynamic,
consistently outperforming Static across all sam-
ple lengths, including those exceeding 30 seconds.

In summary, ASR uses k =
[3, 000, 3, 750, 4, 500] for audio longer than 7.5
seconds, while ST uses k = [2, 000, 2, 500, 3, 000]
for audio over 5.0 seconds.

A.3 Validation of Baselines Hyperparameters
To ensure a fair comparison with SPES, we con-
ducted a validation procedure to determine the
optimal hyperparameters for the feature-wise and
Bubble Noise baselines discussed in §6.

A.3.1 Feature-wise Perturbation
Since no segmentation of the spectrogram is in-
volved in feature-wise, the only parameters to be
validated are pspec and ptok. The preliminary
manual inspection revealed that low values for
pspec were not effective in providing high dele-
tion scores. Since the perturbation involves only
sparse single features rather than groups of con-
tiguous features (i.e., the patches), it is reasonable
that the model is robust in recovering information
even when a large percentage of features is per-
turbed. Therefore, we focused on values from 0.5
onward, whose deletion scores are shown in Table
10. The best result was achieved with 0.7.

Table 11 shows the deletion scores for ptok,
with the perturbation of the previous output to-
kens carried out separately, as in SPES. Similar to
ptok in SPES, the differences among the scores are
low, with lower values generally providing higher
scores. However, in this case, ptok set to 0.1
yielded the highest result.

In summary, for the experiments with the
feature-wise baseline reported in §7, we set pspec
to 0.7 and ptok to 0.1.

A.3.2 Bubble Noise Perturbation
We implement the Bubble Noise perturbation
method (Mandel, 2013; Trinh and Mandel, 2020,
2021), enhancing it to also produce explanations
for previous output tokens (see §6). To perturb
the spectrogram, we generate random noise that
matches the intensity range of the speech input.19

This noise replaces the spectrogram everywhere
except within randomly placed ellipsoidal bub-
bles, where it is attenuated and then added back
to the spectrogram.

Regarding bubble size and count, previous
works use various numbers of bubbles per sec-
ond, ranging from 18 to 80, all with a fixed size
of 0.35 seconds and a height of approximately 180
Hz. We explore different configurations within a
range that encompasses the values tested in ear-
lier studies. Specifically, we aim to cover about

19We also tested white noise at various levels of SNR rel-
ative to the input spectrogram. However, noise matching the
intensity range of the input spectrogram performed better.
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Bub/s Width (s) Height (mel) Deletion (↑)
10 ∼0.43 ∼31 69.40
35 ∼0.25 ∼15 59.07
115 ∼0.13 ∼9 56.97

Table 12: Deletion scores to validate bubble size
and count.

half of the spectrogram with noise, aligning with
SPES’s perturbation level (pspec = 0.5). Table 12
presents deletion scores for three levels of bubble
granularity tested with NX = 1,000. The configu-
ration with 10 bubbles per second yielded the best
results, achieving deletion scores that were 10.33
and 12.43 points higher than the configurations
with 35 and 115 bubbles per second, respectively.

In summary, Bubble Noise perturbation was set
to 10 bubbles per second, each covering ∼0.43
seconds in width and ∼31 mel bins in height.

A.4 Examples of Explanations
Fig. 5 shows SX and SY (k−1)

for the transcription
and the translation into German of the utterance
“So what was the next step?”. These visualizations
highlight the following points, also detailed in §8.

1. Comparing ASR and ST SX maps reveals
similar patterns; for example, the German to-
kens war, nächste, and Schritt align
with the English counterparts was, next,
and step, indicating a reliance on similar
phonetic sequences.

2. In ASR SX , salient areas move forward with
each token, showing a monotonic progres-
sion in time (see §8.1). This effect is less
pronounced in ST due to differences in word
order, such as German Was and also (en.
what and so) reversing the English order.

3. Most SX maps are frequency-localized. For
instance, So (ASR) shows high saliency in
the high-frequency range typical of alveolar
sibilants and mid-frequency ranges for vowel
formants (see §8.1 and Fig. 10).

4. Some SX maps lack clear salient areas, such
as those for ? in both ASR and ST (see §8.2).

5. In SY (k−1)
, the first and last tokens generally

exhibit high saliency, with some intermediate
tokens showing similar effects (see §8.3). For
example, in ASR, ? is influenced by what,
and in ST, der (en. the) by war (en. was).

Figure 5: SX (top) and SY (k−1)
(bottom) for ASR

and ST on the utterance “So what was the next
step?”. In SY (k−1)

, rows show the tokens being ex-
plained, and columns the previous output tokens.
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B Complementary Results

Figure 6: SPES explanation generation time across
varying sample lengths and distribution of samples
by length.

ASR (en)
Deletion (↑) Size (↓)

Bubble Noise 65.02 36.92
SPES fine-grained 75.22 39.54
SPES coarse-grained 79.71 26.91

ST (en→de)
Deletion (↓) Size (↓)

Bubble Noise 10.85 43.89
SPES fine-grained 6.84 40.06
SPES coarse-grained 5.14 28.58

ST (en→es)
Deletion (↓) Size (↓)

Bubble Noise 13.01 43.04
SPES fine-grained 7.41 39.66
SPES coarse-grained 6.10 27.17

Table 13: Results comparing Bubble Noise and
SPES with NX = 1, 000. SPES is evaluated in
both a fine-grained setting (ϕ validated in Ap-
pendix A.2.1) and a coarse-grained setting (ϕ =
[20, 40, 60]), maintaining approximately 10 un-
perturbed patches per second—similar to Bubble
Noise, which attenuates noise in 10 bubbles per
second.

(a) ASR (en)

(b) ST (en→de)

(c) ST (en→es)

Figure 7: Deletion curves for the feature-wise strat-
egy, the Bubble Noise technique, and SPES in the
ASR and ST tasks.
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(a) ASR (en)

(b) ST (en→de)

(c) ST (en→es)

Figure 8: Size curves for the feature-wise strategy,
the Bubble Noise technique, and SPES in the ASR
and ST tasks.

Figure 10: Example of saliency map (middle) for
the token so (ASR), along with the correspond-
ing spectrogram (top) and the map overlaid on the
spectrogram (bottom).
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Figure 9: Average saliency scores over frequency for the phones... uttered by men and women.

Figure 11: Example of saliency map (middle) for
the token no (ASR), along with the correspond-
ing spectrogram (top) and the map overlaid on the
spectrogram (bottom).

Figure 12: Distributions of saliency scores ob-
tained in ST (en→de) for three types of tokens:
<s>, intermediate tokens and tokens preceding
the token to be explained (last tokens).
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