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Abstract

Interpretability methods have recently gained significant at-
tention, particularly in the context of large language models,
enabling insights into linguistic representations, error detec-
tion, and model behaviors such as hallucinations and repe-
titions. However, these techniques remain underexplored in
automatic speech recognition (ASR), despite their potential
to advance both the performance and interpretability of ASR
systems. In this work, we adapt and systematically apply es-
tablished interpretability methods such as logit lens, linear
probing, and activation patching, to examine how acoustic
and semantic information evolves across layers in ASR sys-
tems. Our experiments reveal previously unknown internal
dynamics, including specific encoder-decoder interactions re-
sponsible for repetition hallucinations and semantic biases
encoded deep within acoustic representations. These insights
demonstrate the benefits of extending and applying inter-
pretability techniques to speech recognition, opening promis-
ing directions for future research on improving model trans-
parency and robustness.

1 Introduction

Automatic Speech Recognition has advanced significantly
in recent years, largely driven by powerful neural architec-
tures trained on extensive speech datasets (Radford et al.
2023; Chu et al. 2023). Modern ASR systems commonly
utilize encoder-decoder transformer architectures, facilitat-
ing robust recognition across diverse languages, accents,
and acoustic conditions (Radford et al. 2023; Chu et al.
2024; Abouelenin et al. 2025). Recently, architectural ap-
proaches have diverged, with some models adopting Large
Audio-Language Models (LALMs) that integrate pretrained
language models (Tang et al. 2023; Das et al. 2024; Gong
et al. 2023b; Abouelenin et al. 2025), such as Qwen2-Audio
(Chu et al. 2023, 2024), while others continue to rely on
transformers specifically trained for speech, such as Whis-
per (Radford et al. 2023).

In parallel, interpretability has become a central research
focus in large language model (LLMs) (Brown et al. 2020;
Touvron et al. 2023; Team 2024), with growing efforts to un-
derstand how these models represent information and pro-
duce decisions (Luo and Specia 2024). Techniques linear
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probing (Belinkov 2022; McKenzie et al. 2025), logit lens
(Gevaet al. 2022; nostalgebraist 2020), and activation patch-
ing (Meng et al. 2022; Wang et al. 2022; Vig et al. 2020;
Geiger et al. 2021; Chan et al. 2022) allow researchers
to reverse-engineer internal model behavior, revealing the
structure of linguistic representations and tracing the origins
of specific outputs. These tools have proven crucial in di-
agnosing failure modes like hallucinations (Sun et al. 2024)
and reasoning errors (), and have contributed to improving
model safety and reliability (Bereska and Gavves 2024; Or-
gad et al. 2024).

In this work, we take a first step toward bridging the in-
terpertability gap in ASR. We examine the internal behavior
and dynamics of modern ASR and Large Audio-Language
Models to understand the mechanisms behind key error phe-
nomena such as hallucinations, repetition loops, and con-
textually biased outputs (Frieske and Shi 2024). In addi-
tion, we trace how predictions evolve across layers, iden-
tify which components drive specific decoding behaviors,
and reveal how contextual expectations compete with acous-
tic evidence. Beyond error analysis, we investigate the rich
representations these models encode, from quality predic-
tion signals embedded in decoder states to localized atten-
tion mechanisms that control model failures.

To better understand these phenomena, we systematically
adapt interpretability techniques to reveal the internal mech-
anisms of these models. We find that acoustic and seman-
tic attributes are linearly decoded in the encoder layers,
with clearer separation in upper layers. We discover that
hallucination-related signals are strongly expressed in the
decoder’s residual stream, enabling an accurate real-time
quality prediction. Furthermore, we identify the specific
mechanisms responsible for repetitions, revealing which
components control these failure modes. Additionally, we
show that contextual bias emerges within the encoder itself
and can override acoustic evidence, challenging assump-
tions about encoder-decoder role separation.

This work takes a step toward systematically understand-
ing of the internal dynamics and decision-making processes
of speech recognition models, opening new directions for
improving their reliability and performance.



2 Related Work

Interpretability in LLMs A substantial amount of re-
search has focused on understanding how LLMs process and
represent information (Rduker et al. 2023), ranging from
identifying specific circuits responsible for particular tasks
(Hanna, Liu, and Variengien 2023; Goldowsky-Dill et al.
2023) to exploring how the model “thinks” (Schut, Gal, and
Farquhar 2025) and which components responsible for repe-
titions (Yona et al. 2025; Barbero et al. 2024). The methods
used to understand the model are varied. For example, the
logit lens and its improved variant Tuned Lens track how
token predictions evolve across layers, providing a layer-
wise view of model behavior (nostalgebraist 2020; Geva
et al. 2022; Belrose et al. 2023). Complementary approaches
such as linear probing test whether models encode features
like syntax or factual knowledge in directions recoverable
by simple classifiers (Belinkov 2022; McKenzie et al. 2025;
Hernandez et al. 2023).

Building on this, activation patching and causal tracing
explore the causal role of specific hidden states by swap-
ping or ablating them to observe changes in outputs (Meng
et al. 2022; Heimersheim and Nanda 2024). More recently,
attribution patching has extended these ideas to finer-grained
structures by using gradients to pinpoint influential neu-
rons (Syed, Rager, and Conmy 2023; Nanda 2023; Kramar
et al. 2024). Collectively, these methods represent diverse
attempts to interpret how LLMs operate internally.

Internal representations in ASR  Several studies have ex-
amined the internal representations learned by the Whisper
model. These studies show that the Whisper encoder cap-
tures noise-related features, speaker identity, and emotional
content (Gong et al. 2023a; Upadhyay, Busso, and Lee 2024;
Zhao et al. 2024), while the decoder also encodes speaker
traits and reacts to language shifts (Berns, Vaessen, and van
Leeuwen 2023).

However, these works did not target model interpretabil-
ity. A blog post by Reid (2023) offers the first large-scale in-
terpretability analysis, revealing that encoder neurons align
with human-interpretable phoneme patterns, and that the de-
coder mainly acts as a weak language model. Other works
extend this line of inquiry in different directions: Liouba-
shevski et al. (2024) show that decoder based LLM includ-
ing Whisper first stabilize on the top-ranking token, then
successively the next highest-ranked tokens; Ballier et al.
(2024) apply probing methods to analyze calibration curves
across multiple languages; and Barariski et al. (2025) inves-
tigate hallucinations over non-speech segments, aiming to
catalog frequently occurring hallucinations rather than lo-
calizing them within model components. Yang, Huang, and
Lee (2024) explores the influence of text prompts on Whis-
per’s outputs.

3 Method

In this section, we present the interpretability techniques em-
ployed in our study. Since these methods were originally de-
veloped for LLMs or vision models, we describe the adapta-
tions required to apply them effectively in the ASR setting.
We begin by introducing the notation used throughout.
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3.1 Preliminaries and Notation

We consider encoder—decoder ASR models that generate a
sequence of tokens y = (y1,...,yr) from input audio x,
using a Transformer encoder and decoder (Vaswani et al.
2017). Let L. and L, denote the number of encoder and
decoder layers, respectively, and d the hidden dimension.

The encoder processes audio into a sequence of hidden
vectors. We denote by hlc € RI*? the encoder repre-
sentation at layer I, € {1,..., L.}, where F' is the num-
ber of audio frame representations after feature extraction.
We use hlc € R? to refer to the representation at position
7€ {1,...,F} and by hl* € R? the decoder hidden state
at layer [; and token position ¢. The decoder output is pro-
jected to vocabulary logits using the unembedding matrix
E € RVIXd ysing

zit = E.rle ¢ RIVI

Here rid € R% is the residual stream, which captures the de-
coder’s intermediate representation after layer normalization
but before output projection.

3.2 Interpretability Methods

Logit Lens. The logit lens (Geva et al. 2022) provides a
layer-by-layer view of how the model’s predictions evolve
during decoding. At each decoding step ¢, we take the resid-
ual stream rid from each decoder layer [;, and project it to
the vocabulary space using the unembedding matrix F, to
produce the logits vector zi”’. We extract the top-k tokens
from each zid to analyze how predictions develop across lay-
ers. To quantify this process, we follow Geva et al. (2022);
Lioubashevski et al. (2024), and define the saturation layer
of a token ¢ as the earliest decoder layer whose top-1 predic-
tion matches the final output and remains stable:

[} = min {ld s argmaxz? = arg max th‘l} .

This provides insight into when the model effectively com-
mits to a prediction.

Activation Probing. Probing tests whether specific at-
tributes are encoded in a model’s hidden representa-
tions (Belinkov 2022). We use linear probes: simple classi-
fiers trained on frozen activations h € R¢ to predict a label,

P(h) = Wh+b,

where W € RF*4 b ¢ RF are trained using cross-entropy or
regression loss. High accuracy suggests that the attribute is
linearly decodable from the representation (Hernandez et al.
2023).

For decoder, we probe token-level hidden states (typi-
cally at the final position). In the encoder, where representa-
tions are aligned with audio frames, we average across time
to produce a fixed-length vector. Probes may be reused at
inference to monitor internal structure with minimal over-
head (McKenzie et al. 2025).



Intervention-Based Analysis. Causal intervention meth-
ods study why a model produces a particular output by mod-
ifying its internal activations and observing the effect on pre-
dictions. If modifying a component changes the output, that
component is said to play a causal role in the behavior. This
idea underlies recent work on factual editing and mechanism
tracing in LLMs and vision models (Meng et al. 2022; Wang
etal. 2022; Ben Melech Stan et al. 2024; Haklay et al. 2025).
We adapt two standard interventions, component patching
and ablation, to analyze Whisper and Qwen2-Audio.

Component patching. In this technique, we run the model
on two inputs: a target input and a reference input. During
the forward pass on the target input, we replace the activa-
tion of a selected component with the one recorded from the
reference input. Formally, let ag,* be the activation at com-
ponent C' when running the original input X, and let argf
be the corresponding activation from a reference input Xey.
We compute a patched activation as:

ori

ac=(1-a)ai®+aaf, acR,.

In our experiments, we use white noise as the reference
input, which serves to disrupt the natural computation. This
helps reveal components that are critical for maintaining
acoustic fidelity or contextual bias.

Ablation. Ablation tests whether a component is neces-
sary for a model behavior by removing its contribution dur-
ing inference (Vig et al. 2020). This is done by zeroing out
the activation at component C, ac = 0, and observing the
change in output. If the prediction is degraded or altered, we
interpret this as evidence that C' is important for producing
the original behavior.

Intervention Scope. We apply interventions on both en-
coder and decoder layers, targeting sub-modules such as
cross attention, self-attention and feed-forward blocks. In at-
tention layers, we also intervene at the head level.

Encoder Lens. We introduce Encoder Lens, a method
for analyzing intermediate encoder representations in ASR
models. Inspired by the Diffusion Lens framework for inter-
preting text encoders in text-to-image models (Toker et al.
2024), our goal is to examine how representations evolve
across encoder layers in encoder—decoder ASR systems.

Given an input audio signal x, the encoder produces a
sequence of hidden vectors hlc € R? at each layer I, €
{1,..., L }. For each layer, we extract the full representa-
tion h'e € R¥*9_ apply the model’s final encoder layer nor-
malization, and pass it directly into the decoder. As in Toker
et al. (2024), we find that applying the final layer normaliza-
tion is crucial. Without it, the decoder struggles to produce
coherent or grammatical output. This process constructs a
textual representation for each encoder layer, which we fur-
ther analyze in Section3.2.

4 Experiments

Our experiments focus on two state-of-the-art ASR systems
with distinct architectural designs:

Whisper. We use whisper-large-v3 (Radford et al. 2023),
an encoder—decoder model designed for multilingual
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speech-to-text and speech translation tasks. It features a 32-
layer audio encoder and a 32-layer text decoder, trained
jointly on large-scale paired audio—text datasets. The model
has ~ 1.5B parameters in total.

Qwen2-Audio. We use Qwen2-Audio-7B-Instruct (Chu
et al. 2024), a Large Audio Language Model with ~ 8.2B
parameters. It combines a frozen whisper-large-v3 encoder
with a Qwen2.5-7B decoder, trained for multimodal instruc-
tion following including audio transcription. The encoder
output is prepended to the decoder input as a prefix, enabling
the model to handle both spoken and textual instructions.

4.1 Probing for Transcription Enrichment

While ASR models are trained to produce transcriptions,
both their encoder and decoder layers capture a broad range
of information beyond the spoken words. By training simple
probes on internal activations (Section 3.2), we can reveal
that specific layers encode various attributes despite these
properties not being part of the model’s supervision.

Once such attributes are encoded, they remain accessi-
ble throughout the forward pass. This means that a single
transcription run implicitly generates a much richer repre-
sentation, capturing both acoustic and contextual informa-
tion. The examples shown here demonstrate just a few of
the many properties that can be extracted from intermediate
layers across the model. Full layerwise results and training
details appear in the Appendix (Glazer et al. 2025).

Speaker Gender. We examine whether speaker gender is
encoded in the shared Whisper-large-v3 encoder used by
both Whisper and Qwen2-Audio. We train linear probes on
2,000 labeled examples from LibriSpeech (Panayotov et al.
2015), and evaluate on 500 samples from the test-clean split.
We apply probes to each encoder layer individually. The
best performance is observed at layer 25, achieving 94.6%
accuracy, indicating strong linear decodability of gender
features in deeper layers. For comparison, asking Qwen2-
Audio to determine speaker gender based on its textual out-
puts yields only 87.8% accuracy. This demonstrates that the
model knows more than it explicitly shows in its outputs, a
phenomenon that was also reported in LLMs (Orgad et al.
2024), and highlights the advantage of probing internal rep-
resentations.

Clean vs. Noisy Environment. Next, we investigate
whether noisy environment is reflected in the Whisper en-
coder hidden representation. We train linear probes using
examples from the dev—-clean (speech recorded in clean
conditions) and dev-other (noisy or challenging condi-
tions) splits of LibriSpeech, and test on the corresponding
test-cleanand test-other splits. Probes are applied
to individual encoder layers. The best performance is ob-
served at layer 27, reaching 90.0% accuracy, indicating that
the encoder effectively separates clean from noisy speech.

Accents. Finally, we assess whether speaker accent is re-
flected in the Whisper encoder representations by perform-
ing multi-class classification over accent categories. Using
the English Accent Dataset (Wang 2024), we select four ac-
cent groups: New Zealand, Welsh Valleys, South African,



and Indian. We train linear probes on 2,400 samples (600
per class), and evaluate on 337 test samples. The best perfor-
mance is observed at encoder layer 22, reaching 97.0% aver-
age accuracy. Class-wise accuracies are also high: 95.7% for
Indian, 95.8% for New Zealand, 96.1% for South African,
and 99.2% for Welsh Valleys. This result suggests that ac-
cent information is linearly decodable from intermediate au-
dio representations.

4.2 Probing for Hallucination Monitoring

In this section, we investigate whether model hallucinations
can be predicted from internal decoder representations. First,
we examine whether hallucinations can be predicted from
the residual stream. Second, we probe the hidden represen-
tations to identify non-speech content, with a focus on hal-
Iucinations caused by misinterpreting silence or background
noise inputs.

Hallucination Prediction from Decoder Residual Stream.
Here, we ask whether hallucinations can be predicted in ad-
vance by examining the model’s internal state. Inspired by
findings in the LLM literature (O’Neill et al. 2025), we test
this hypothesis by linearly probing the ASR decoder’s resid-
ual stream at the final token position (<eos> token) across
all layers.

To that end, we pose a binary classification task to dif-
ferentiate between samples with zero and high word er-
ror rate (WER). We transcribe the test-clean subset of Lib-
riSpeech (Panayotov et al. 2015) and CommonVoice 16.1
(Ardila et al. 2020) datasets using each target model, then
select 150 samples with zero WER and the 200 samples
with highest WER values, creating a 400-sample dataset
split 70%-30% into training and test sets. This creates a chal-
lenging task where each model must distinguish between its
own high-quality and severely degraded transcriptions.

We verified that the text length distributions are identi-
cal between the low and high WER groups, ensuring that
classification performance reflects transcription quality dif-
ferences rather than length biases.

We train linear probes on the final token’s residual stream
representation to distinguish between high-quality transcrip-
tions and hallucinations. Surprisingly, the results show that
hallucinations can be accurately identified by linear probing
the decoder’s residual stream, with maximum accuracy of
93.4% at layer 22 (Table 1). This suggests that Whisper en-
codes quality-related signals deep in the decoder at the com-
pletion of text generation, enabling lightweight hallucina-
tion prediction directly from internal activations. We repeat
the experiment on the Common Voice dataset and achieve
88.1% accuracy at layer 22, confirming that hallucination-
related signals are consistently embedded in the residual
stream across domains.

Next, we conduct the same linear probing experiments
with Qwen2-Audio. On the LibriSpeech dataset, the peak
accuracy achieved by the linear probe was 70.2% at layer
22. For the Common Voice dataset, the probe reached an
accuracy of 83.6%, also at layer 22, suggesting consistent
architectural patterns for quality encoding across different
ASR models. Detailed results across all layers and additional

37410

experimental details are provided in the Appendix (Glazer
et al. 2025).

Speech vs. Non-Speech for Non-Speech Hallucinations.
Recent studies show that ASR models, such as Whisper,
may hallucinate by generating grammatically correct tran-
scriptions for non-speech audio inputs (Barariski et al. 2025;
Frieske and Shi 2024).

In this section, we investigate whether internal activa-
tions alone can reliably distinguish speech from non-speech
inputs, enabling enriched transcript metadata during infer-
ence. Such capability would allow systems to flag poten-
tially hallucinated outputs when processing ambiguous au-
dio streams.

To evaluate this, we construct a balanced binary classi-
fication dataset of 800 samples: 400 speech samples from
LibriSpeech (Panayotov et al. 2015), Common Voice (Ardila
et al. 2020), and MLS (Pratap et al. 2020), and 400 non-
speech samples from MUSAN (Snyder, Chen, and Povey
2015), FSD50K (Fonseca et al. 2021), AudioCaps (Kim
et al. 2019), and generated white noise, encompassing di-
verse acoustic environments and sound events. We focus
specifically on the more challenging cases where non-speech
audios are transcribed into coherent words.

We probe the decoder’s hidden states using linear classi-
fiers trained on the final token representation at each layer.
The results reveal perfect classification performance (100%
accuracy) from layers 10-28, and near-perfect accuracy
(99.17%) at layer 31. This demonstrates that Whisper en-
codes speech versus non-speech as a fundamental, linearly
separable distinction in its decoder residual stream, despite
generating confident transcriptions for both input types.

These findings suggest that trained linear probes could
provide real-time speech detection metadata alongside tran-
scriptions, enabling systems to identify and flag poten-
tially hallucinated outputs during inference. See Appendix
(Glazer et al. 2025) for detailed dataset construction and full
probing results.

Layer Test Acc Train Acc F1
L5 0.622 0.571 0.726
L10 0.900 0.838 0.892
L15 0.889 1.000 0.891
L20 0.878 1.000 0.882
L22 0.934 1.000 0.933
L25 0.900 0.995 0.901
L31 0.932 1.000 0.932

Table 1: Hallucination Prediction from Decoder Residual
Stream

4.3 Analyzing Acoustic, Contextual, and
Semantic Mechanisms

It is well established that the Whisper decoder functions
as a weak language model (Peng et al. 2023; Reid 2023),
primarily responsible for generating transcriptions based on
semantic context rather than purely acoustic cues (Radford



Metric Whisper

153/700 (21.8%)
136/153 (88.9%)
130/153 (85.0%)
126/153 (82.4%)

Qwen2-Audio

251/700 (35.8%)
176/251 (70.1%)
171/251 (68.1%)
147/251 (58.6%)

Error Cases
Restored Acc.
Via Encoder
Via Decoder

Table 2: Acoustic-contextual patching results using white
noise disruption.

et al. 2023). The encoder, in contrast, is tasked with captur-
ing the acoustic properties of the input audio (Liu, Yang, and
Qu 2024). This apparent division of roles is widely assumed
in encoder—decoder ASR systems, yet the extent to which
the encoder influences the final transcription output remains
largely unexplored.

Acoustic and Contextual Mechanism. In the follow-
ing experiment, we examine whether the model favors the
acoustically spoken word, or a more contextually plausible
alternative. To investigate the acoustic—contextual mecha-
nism tradeoff, we construct a dataset of synthetic audio sam-
ples generated using a text to speech model.

Each sentence is designed to trigger contextual errors in
the model, containing an acoustically ambiguous word: the
true spoken word is atypical or contextually unexpected,
while a more plausible word with similar phonetics fits
the surrounding context. For example, a speaker may say
“white lice” (acoustic truth) in a context where “white rice”
would be expected. The constructed dataset consists of 700
such examples in total. The Whisper model made contex-
tual errors on 153 examples, which we analyze to under-
stand the underlying mechanism. Qwen2-Audio produced
errors on 251 instances, indicating a stronger tendency to-
ward contextual predictions compared to Whisper. In both
cases, the model’s output differs from the ground truth by
a single target word, enabling precise analysis of the acous-
tic—contextual tradeoff.

Next, we perform component patching across all encoder
and decoder subcomponents on the 251 Qwen2-Audio cases
and 153 Whisper cases. Motivated by established interven-
tion methods 3.2, we select a white noise audio as the dis-
ruptive audio, x4 (see Section 3).

Surprisingly, applying patching interventions to encoder
components using disruptive audio improves acoustic accu-
racy, despite the common assumption that encoders oper-
ate purely on acoustic input, without encoding contextual or
semantic information (Table 2). Both encoder and decoder
components contributed to restoring acoustic accuracy, with
encoders showing particularly strong effectiveness across
both models.

These findings indicate that the encoder is not limited to
acoustic processing, it also encodes contextual and seman-
tic expectations that can bias the model toward more likely
completions. In fact, intervening on the encoder improves
transcription accuracy in many cases, providing direct evi-
dence that semantic influence originates in the encoder and
that not all contextual decisions are made in the decoder.
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Whisper Encoder Understands Semantics. Following
our findings that disrupting encoder components paradox-
ically improves acoustic transcription, here, we aim at in-
vestigating whether ASR encoders encode semantic infor-
mation. To that end, we design and construct a dedicated
synthetic audio dataset. The dataset consists of carefully se-
lected terms from distinct semantic groups, e.g., fruits and
clothing. Next, we train linear probes to discriminate be-
tween pairs of these semantic categories based solely on en-
coder activations. We also show that the encoder achieves
strong performance across diverse semantic category pairs;
complete results are reported in the Appendix (Glazer et al.
2025).

Figure 1 reveals that semantic understanding emerges as
early as the middle encoder layers (18-21), with several
category pairs already achieving substantial performance
well before the final layers. This early semantic emergence
demonstrates a gradual build-up of semantic representations
throughout the encoder hierarchy.

In the last encoder layer, probes reached their peak seman-
tic understanding, with average accuracy of 85.6%. Several
category pairs achieving 96.7% accuracy (e.g., distinguish-
ing countries from weather or clothing), while maintaining
strong performance across most semantic distinctions. The
progression from early semantic signals to sophisticated cat-
egorical distinctions suggests that the encoder develops hier-
archical semantic representations alongside its acoustic pro-
cessing capabilities. Full evaluation details in the Appendix
(Glazer et al. 2025).
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Figure 1: Semantic classification progression across encoder
layers for selected category pairs.

4.4 Token Selection Mechanism

In this section, we explore the internal mechanism that un-
derlies token selection within the decoder. Our aim is to un-
derstand when the model determines which tokens to out-
put. To this end, we apply the logit lens technique to ana-



Whisper
0.8 1 = Qwen2-Audio 161
Whisper stabilization Layer o
B\ Qwen2-Audio stabilization Layer Jr_uJ
= 061 & 141
a3 =
© e
=
° w 1.24
a 04 [}
- :
3 5™
=02 <
o g
0.0 A 0.6

=4 =4 o I
= = N N
o wn o %}

Semantic Cosine Similarity

o
=]
[l

15 20 25 30 1 s

Layer

10

(a) Selected Token Probabilities

10

1I5

Layer

(b) Selected Token PER

15 20 25 30

Layer

20 25 30 1 5 10

(c) Selected Token Cos-Sim

Figure 2: Token Selection Mechanism: (a) Probability of the final selected token across decoder layers, with indication to the
average saturation layer; (b) Phoneme error rate (PER) by layer. Lower PER indicates higher acoustic similarity; (c) Tokens
semantic cosine similarity by layer. Higher similarity indicates greater semantic similarity between top-5 tokens.

lyze model’s behavior. Specifically, we evaluate both Whis-
per and Qwen2-Audio in six languages: English, French,
Spanish, German, Chinese and Italian. For each language,
we randomly sample 100 utterances from the Common Voice
(Ardila et al. 2020) test set, resulting in a balanced multilin-
gual evaluation set.

Token Selection Dynamics. We start by examining how
the probability assigned to the final selected token changes
across different layers. Figure 2a presents the mean proba-
bility averaged across examples from all the six languages
and token positions. For both Whisper and Qwen2-Audio,
the probability remains low until around layer 20, after
which it increases sharply, with the final three layers show-
ing high confidence in the selected token.

We also analyze the saturation layer (Lioubashevski et al.
2024), defined in Section 3. Interestingly, although the mean
probability of the selected token is generally higher in
Qwen2-Audio, the saturation layer tends to appear earlier
in Whisper. We provide additional results of the token selec-
tion by language in the Appendix (Glazer et al. 2025).

Acoustic and Semantic Token Similarity. Both Whisper
and Qwen2-Audio generate transcripts as sequences of sub-
word tokens, in contrast to models such as (Baevski et al.
2020) that operate at the grapheme level. Given that tokens
can differ in phonetic and acoustic content, we extend our
analysis by comparing the acoustic distance and semantic
similarity between the final selected token and the top five
candidate tokens produced by the model at each layer. For
acoustic distance, we use a modified version of the Phoneme
Error Rate (PER) metric. As with the standard PER, lower
values indicate higher acoustic similarity. For semantic sim-
ilarity, we compute cosine similarity between token embed-
dings. Details on how these metrics are calculated appear in
the Appendix (Glazer et al. 2025).

Figure 2b shows that across all layers, Whisper consis-
tently achieves lower PER scores than Qwen2-Audio, sug-
gesting higher acoustic similarity to the final selected token.
Both models also display a notable PER drop around layer
25, aligning with the saturation point where predictions sta-
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bilize. This suggests that from layer 25 onward, not only
does the model converge on the final prediction, but the other
top-5 candidate tokens also share closer acoustic character-
istics with it.

While one might expect Qwen2-Audio to outperform in
semantic similarity given its large language modeling capac-
ity, Figure 2c reveals that Whisper actually maintains higher
semantic similarity scores across most layers, indicating its
top candidate tokens remain more semantically aligned with
the final output.

Next-Token Prediction Capabilities. Finally, we exam-
ine the model’s ability to anticipate future tokens, i.e., tokens
of future timestamps, beyond the current selection in step s.
We observe that Qwen2-Audio begins ranking the immedi-
ate next token (s + 1) among its top candidates around layer
21 and retains some predictive ability for the token at posi-
tion s+ 2. In contrast, Whisper shows a later but sharper im-
provement, with notable gains starting around layer 29. Ad-
ditional details are provided in the Appendix (Glazer et al.
2025).

4.5 Decoder Repetition Mechanisms

Repetition hallucinations, where decoder-based models pro-
duce excessively repetitive output, are a well-documented
failure mode across both language and speech domains
(Baranski et al. 2025; Yona et al. 2025).

Whisper occasionally produces repetitive outputs
(Baranski et al. 2025). Based on our observations, these
phenomena occur in several specific scenarios: when the
input audio itself contains repetitive content (e.g., saying
“hey” ten times results in Whisper generating hundreds of
repetitions), during code-switching between languages, and
when processing fragmented, heavily noised, or completely
unclear audio inputs (see examples in Appendix (Glazer
et al. 2025)). We hypothesized that such hallucinations stem
from specific components within the decoder’s attention
mechanisms, rather than being the result of a distributed
failure across the model.

To test this, we apply both causal patching and ablation



interventions (See section 3.2) on the Whisper model. For
each of the decoder’s 32 layers, we modified the outputs of
three core components: cross-attention, self-attention, and
feed-forward layers. Patching involved replacing internal ac-
tivations with those from clean, non-repetitive reference au-
dio, while ablation zeroed out the original activations. For
evaluation, we construct a multilingual dataset of 102 ut-
terances prone to repetition hallucinations, sampled from
the Japanese and English portions of CommonVoice 16.1.
(Ardila et al. 2020).

Our results show that intervening on cross-attention sub-
stantially reduced repetitions. Patching in layer 23 resolved
76% of cases, and layer 18 covered an additional 13%. Self-
attention and fully-connected interventions had no measur-
able effect. Moreover, a head-level analysis revealed that
head 13 in layer 18 was especially influential, suppressing
repetition by 78.1% when targeted alone.

This single-head effectiveness represents a remarkably fo-
cused intervention: out of 640 total attention heads in the
model (32 layers x 20 heads), one specific head in the cross-
attention mechanism appears to play a disproportionately
critical role in repetition control. Combined, layer 23 and
head 13 in layer 18 accounted for 89% of the corrected ex-
amples. The concentration of repetition control in specific
cross-attention components reveals these hallucinations are
highly localized. The remarkable effectiveness of a single at-
tention head demonstrates significant progress toward mech-
anistic understanding and enables targeted interventions -
these components can be monitored, steered, or fine-tuned
to suppress errors without degrading core performance.

4.6 Encoder Lens

In this experiment, we aim to gain a deeper understand-
ing of how representations evolve across the encoder layers.
To this end, we use the encoder lens technique described
in Section 3.2, which involves omitting the top layers of
the encoder and directly passing intermediate representa-
tions to the decoder. We analyzed 400 audio samples for
both Whisper and Qwen2-Audio, drawn from English (Lib-
riSpeech, Panayotov et al. (2015)), Spanish (Multilingual
LibriSpeech, Pratap et al. (2020)), and Chinese (AISHELL,
Bu et al. (2017)). These samples were randomly selected to
ensure typological and phonetic diversity across languages
and datasets.

The results show that Whisper exhibits a highly struc-
tured representational hierarchy. Layers O to 22 mainly pro-
duce empty strings or isolated punctuations. At the later lay-
ers, the model sometimes produces short, often incomplete,
words or monosyllabic tokens, that sometimes match the be-
ginning of the actual utterance. We observe a recurring phe-
nomenon at the 20th layer and up to the 27th: the model
occasionally outputs syntactically well-formed phrases. The
start of the phrases resemble to the start of the audio content,
followed with unrelated text. This text, however, is gram-
matically correct. For example, in one of the samples, the
full correct phrase is:

Yes, I need repose. Many things have
agitated me today, both in mind and
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body. When you return tomorrow, I shall
no longer be the same man.

While the output of the 26 layer is:

Yes, I need to go to the bathroom.

Which is grammatically coherent but does not match the
content in the original audio.

This suggests that in this mid-layer zone, Whisper may
begin to behave like a loosely grounded language model,
producing fluent but unanchored completions (Chen et al.
2024). Another interesting pattern we observed begins at
the 27th encoder layer, where the model starts to fall into
repetition loops. This phenomenon is consistent across all
languages. This behavior intensifies through the 30th layer,
which appears to be the most consistently affected. In our
Whisper analysis, around 60% of the samples showed this
repetition pattern. Only in the final layers (31st and 32nd)
these repetitions resolve into fluent, grammatically correct
transcriptions.

Qwen2-Audio, in contrast, reveals different failure pat-
terns. While the last five layers reliably generate accu-
rate transcriptions, earlier layers show severe degradation.
We perform a frequency analysis of the Qwen2-Audio re-
sults, which reveals a surprising phenomenon: the phrase
Kids are talking by the door (potentially from
the RAVDESS (Livingstone and Russo 2018) dataset for
emotion detection) appears at least once in 390 out of 400
files, regardless of the input language. This phenomenon
is signaling a strongly memorized training data in the
model. Alongside it, several high-frequency Chinese expres-
sions which roughly translates to Aren’t you bored
being alone?)dominate the output in the earlier layers.
We provide additional examples in the Appendix (Glazer
et al. 2025). These patterns suggest that the model reverts to
memorized sequences when uncertain, possibly due to train-
ing data imbalance.

5 Discussion

This work provides a first comprehensive exploration of in-
terpretability in modern ASR models. We show that a range
of acoustic, semantic, and contextual factors are internally
represented and can be analyzed using adapted techniques
from LLM interpretability. Our experiments uncover local-
ized mechanisms behind hallucinations, repetition loops,
and context-driven errors, and offer new tools for inspect-
ing how predictions evolve across layers.

We demonstrate the potential of interpretability for ad-
vancing diverse future research in ASR. These include build-
ing internal monitors for hallucination or saturation, devel-
oping fine-grained editing and debugging tools for ASR, and
informing architectural choices that better balance ground-
ing and fluency. The ability to trace errors back to individual
components may also enable targeted interventions or model
compression strategies.
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