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Abstract

Hallucinations in Speech Large Language Mod-
els (SpeechLLMs) pose significant risks, yet ex-
isting detection methods typically rely on gold-
standard outputs that are costly or impractical
to obtain. Moreover, hallucination detection
methods developed for text-based LLMs do
not directly capture audio-specific signals. We
investigate four attention-derived metrics: AU-
DIORATIO, AUDIOCONSISTENCY, AUDIOEN-
TROPY, and TEXTENTROPY, designed to cap-
ture pathological attention patterns associated
with hallucination, and train lightweight logis-
tic regression classifiers on these features for
efficient inference-time detection.

Across automatic speech recognition and
speech-to-text translation tasks, evaluations on
Qwen-2-Audio and Voxtral-3B show that our
approach outperforms uncertainty-based and
prior attention-based baselines on in-domain
data, achieving improvements of up to +0.23
PR-AUC, and generalises to out-of-domain
ASR settings. We further find that strong
performance can be achieved with approxi-
mately 100 attention heads, improving out-of-
domain generalisation compared to using all
heads. While effectiveness is model-dependent
and task-specific training is required, our re-
sults demonstrate that attention patterns pro-
vide a valuable tool for hallucination detection
in SpeechLLMs.

1 Introduction

Speech is a vital modality for many modern tech-
nologies, including personal voice assistants (Hoy,
2018), automatic transcription services (Radford
et al., 2023), and audio translation systems (Bar-
rault et al., 2023). Despite recent advances, speech
recognition and translation models can produce hal-
lucinated content, fluent and plausible outputs that
are not grounded in the input audio. While typical
transcription errors often preserve semantic mean-
ing and may still be interpretable by downstream

users, hallucinations can introduce fabricated or
misleading information, leading to critical failures.
Consequently, identifying hallucinations and mod-
els that are predisposed to hallucinate remains an
important area of research.

Hallucinations are pathological generations that
are not grounded in the input and instead rely on
distributional patterns learned from training data.
Such outputs are often fluent, yet contain fabri-
cations that alter the semantic content relative to
the source audio (Koudounas et al., 2025; Atwany
et al., 2025). Hallucination detection has been
extensively studied in the text modality, for ex-
ample, in retrieval-augmented generation (Shuster
et al., 2021) and machine translation (Guerreiro
et al., 2023a). In contrast, existing approaches for
SpeechLLMs primarily compare model hypotheses
against gold-standard outputs to identify halluci-
nations (Frieske and Shi, 2024; Koudounas et al.,
2025). While effective, such supervised methods
require costly data annotation and often depend on
external models to perform the comparison.

Lightweight detection methods that leverage the
internal representations of SpeechLLMs offer sev-
eral advantages. First, they can be deployed at
inference time for online filtering, preventing harm-
ful outputs at the source, for example, by rerout-
ing problematic inputs. Second, they enable low-
cost flagging of pathological generations for offline
analysis. Third, they can be combined with com-
plementary signals such as uncertainty estimation
(UE) metrics to capture a broader range of errors.
Motivated by these benefits, we propose training
lightweight classifiers on internal SpeechLLM rep-
resentations to detect hallucinations at inference
time.

Our approach exploits patterns in attention heads
as signals for hallucination detection. The underly-
ing intuition is that when models generate outputs
that are not grounded in the input, their attention
exhibits distinctive patterns that can be detected



automatically. Recent work has demonstrated the
effectiveness of attention-based signals for halluci-
nation detection in text LLMs (Chuang et al., 2024;
Vazhentsev et al., 2025; Sriramanan et al., 2024a).
However, these methods have not been adapted to
SpeechLLMs, where the input modality introduces
fundamentally different attention dynamics. Audio
representations are substantially longer than text,
and the alignment between input frames and output
tokens differs from text-to-text generation.

We address this gap by analysing attention pat-
terns in two SpeechLLMs, Qwen-2-Audio (Chu
et al., 2024) and Voxtral-3B (Liu et al., 2025),
and training logistic regression classifiers on audio-
specific attention features for hallucination detec-
tion.

Contributions

• We propose four audio-focused attention met-
rics, AUDIORATIO, AUDIOCONSISTENCY,
AUDIOENTROPY, and TEXTENTROPY, de-
signed to capture hallucination-related atten-
tion patterns in SpeechLLMs.

• We develop lightweight logistic regression
classifiers trained on these attention-derived
features. Our models outperform uncertainty
estimation methods and existing attention-
based baselines for hallucination detection,
achieving improvements of up to +0.23 PR-
AUC on in-domain ASR data.

• We show that strong detection performance
can be achieved using approximately 100 at-
tention heads. This improves out-of-domain
generalisation compared to using all heads,
and we further demonstrate that effectiveness
varies across models and tasks.

2 Related Work

Uncertainty Estimation. A common approach
to hallucination detection relies on UE metrics.
Metrics derived from the LLM logits provide a
low-cost and effective signal for identifying when
a model is uncertain in its generation, which in
turn correlates strongly with hallucinated con-
tent (Huang et al., 2024; Vashurin et al., 2025;
Vazhentsev et al., 2025). Metrics such as SEQ-
LOGPROB (the log probability of the entire output
sequence), PERPLEXITY, and MEAN ENTROPY (de-
fined as the average token-level entropy) have all

been shown to be effective for hallucination de-
tection (Malinin and Gales, 2021; Guerreiro et al.,
2023b).

Hallucination Detection via Attention. Several
approaches exploit attention patterns to detect hal-
lucinations in text LLMs. Vazhentsev et al. (2025)
analyse causal attention to the previous token,
while Sriramanan et al. (2024b) average attention
maps across layers. LOOKBACK-LENS (Chuang
et al., 2024) train a classifier on the ratio of atten-
tion allocated to the input versus the auto-regressive
prefix. We build on this line of work by adapting
attention-based detection to SpeechLLMs using
four audio-focused attention metrics.

Related work in machine translation has shown
that hallucinations correlate with reduced diagonal
entropy in attention maps (Voita et al., 2021; Rau-
nak et al., 2021). We incorporate entropy-based
features in our approach, but compute them specifi-
cally over audio attention, reflecting the substantial
length disparity between audio frame sequences
and output tokens.

Reference-Based Methods. An alternative class
of approaches relies on gold-standard outputs to
detect hallucinations. Frieske and Shi (2024) study
hallucinations in ASR systems and identify them
using a combination of semantic similarity between
hypotheses and references, together with output
fluency under a language model. Koudounas et al.
(2025) introduce SHALLOW, a benchmark that
categorises hallucinations into four types: lexical
fabrications, phonetic fabrications, morphological
hallucinations, and semantic hallucinations. While
such reference-based methods enable fine-grained
analysis, they require access to reference transcrip-
tions that are often unavailable in deployment set-
tings. This limitation motivates our reference-free
detection approach.

3 Methodology

Attention to Input in SpeechLLMs. Based on
recent findings (Vazhentsev et al., 2025; Wang
et al., 2025), we hypothesise that certain attention
heads exhibit distinctive patterns whilst generating
hallucinated content, which can be exploited for
detection at inference time. We focus on two such
patterns. The first consists of diagonal attention
structures that encode a temporal relationship be-
tween the audio input and the generated text. These
patterns often degrade when the model is uncertain,
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Figure 1: Attention to audio tokens for Layer 25, Head 30 in Voxtral-3B. (a) Hallucination: attention collapses
to early audio frames, losing temporal alignment. (b) Correct transcription: diagonal pattern reflects alignment
between audio input and generated text.

with attention falling back to the early portion of
the audio input. The second pattern involves heads
that balance attention between the audio input and
the auto-regressive text prefix.

Figure 1 shows two attention maps from
Layer 25, Head 30 of Voxtral-3B, comparing a
hallucinated transcription with a correct one. The
figure illustrates two effects. First, the diagonal
attention pattern, which captures the alignment be-
tween the audio input and the generated text, de-
grades during hallucination. Second, attention falls
back to the beginning of the audio input rather
than shifting toward the text prompt or the auto-
regressive prefix.

3.1 Metrics

We experiment with four metrics designed to cap-
ture characteristic features of attention heads. Con-
sider a SpeechLLM with L layers and H heads, an
input sequence

X = {xa,1, xa,2, . . . , xa,N | xt,1, xt,2, . . . , xt,M}

where xa,i denotes an audio input token and xt,j
denotes a text input token, and an output sequence

Y = {y1, y2, . . . , yt−1}

We define each metric at a given decoding step t
and then describe a shared aggregation strategy.

AUDIORATIO: The ratio of attention allocated to
audio input tokens versus auto-regressive text to-
kens.

For AUDIORATIO at decoding step t and head
(l, h), where ART denotes the auto-regressive text

prefix, we compute

Al,h
t (Audio) =

N∑
i=1

al,ht,i , (1)

Al,h
t (ART) =

N+M+t−1∑
j=N+M+1

al,ht,j . (2)

The audio ratio is then defined as

ARl,h
t =

Al,h
t (Audio)

Al,h
t (Audio) +Al,h

t (ART)
. (3)

This metric builds on LOOKBACK-LENS by com-
puting the ratio of attention allocated to input and
output tokens, but restricts the input side to audio
tokens only, since the text prompt in our tasks con-
tains only instructions.

AUDIOCONSISTENCY: The Pearson correlation
coefficient between audio attention vectors at con-
secutive decoding steps. This metric is defined only
after the first generation step and is computed as

AC l,h
t = r

(
al,h,t1:N , al,h,t−1

1:N

)
(4)

As illustrated in Figure 1, this metric aims to cap-
ture attention fallback behaviour. When halluci-
nating, the model often focuses attention at the
beginning of the audio input, thereby increasing
the similarity between consecutive attention distri-
butions. An important limitation of AUDIOCON-
SISTENCY is that it explicitly targets heads with
diagonal attention patterns. Some heads may at-
tend strongly to early audio positions even during
correct generations.



Both entropy-based metrics are computed by se-
lecting the relevant attention weights at decoding
step t, re-normalising them, and computing entropy
as

AEl,h
t = H

(
al,h,t1:N∑N
i=1 a

l,h,t
i

)
. (5)

AUDIOENTROPY: The entropy of re-normalised
attention weights over audio input tokens. AU-
DIOENTROPY aims to capture uncertainty in the
audio input and provides a useful signal even for
heads that do not exhibit clear diagonal attention
patterns.

TEXTENTROPY: The entropy of re-normalised at-
tention weights over text input tokens. The goal of
this metric is to capture uncertainty in text-focused
attention heads.

For each metric, values are computed at every
decoding step and then averaged across all time
steps to obtain a single value per layer and head.
These values are concatenated into a feature vector
of dimension L × H for each metric. We then
use these vectors as input features to train logistic
regression models as hallucination detectors.

4 Experimental Setup

We evaluate our models across two speech-related
tasks: ASR (automatic speech recognition) and
S2TT (speech-to-text translation).

4.1 Evaluation Datasets

For ASR, we evaluate on two datasets: VOXPOP-
ULI1 Wang et al. (2021) and CALLHOME2 Cana-
van et al. (1997). For VOXPOPULI, we experiment
with the English, German, French, and Spanish
language splits. When evaluating hallucination de-
tection, we combine all VOXPOPULI test sets for
a total of 7,080 sentences. We pre-process CALL-
HOME by removing sentences shorter than two
words (tokenising on whitespace), leaving 3,916
examples.

For S2TT, we evaluate on the English, German,
French, and Spanish subsets of the FLEURS3 Con-
neau et al. (2022) multilingual speech translation
dataset, totalling 4,613 examples.

1https://huggingface.co/datasets/facebook/
voxpopuli

2https://catalog.ldc.upenn.edu/LDC97S42
3https://huggingface.co/datasets/google/fleurs

4.2 Labelling Hallucinations

Training and evaluating hallucination detection
models requires binary labels. Since manual anno-
tation is expensive, we first collect a small set of
human annotations to calibrate automatic labelling
thresholds, and then apply these thresholds to label
the remaining data automatically.

Human Annotation. We manually annotated
1,950 examples sampled from the English and Ger-
man VOXPOPULI development sets, identifying
142 hallucinated outputs. An output was labelled
as a hallucination if it contained fluent but fabri-
cated content that was not grounded in the input
audio.

Dataset Language WER SHS Hal.%

VOXPOPULI De 13.09 11.47 5.7
En 7.01 8.29 1.1
Es 9.47 11.61 2.6
Fr 10.98 10.73 3.6

CALLHOME En 20.90 19.03 20.6

Table 1: WER, SHS, and hallucination percentage for
Qwen-2-Audio on VOXPOPULI and CALLHOME test
sets.

Automatic Labelling. To label hallucinations au-
tomatically, we threshold on a combination of lex-
ical and semantic information. This approach fol-
lows prior findings that semantic content is critical
for identifying ASR hallucinations Frieske and Shi
(2024). We use WER (word error rate) to capture
surface-level errors and the SEMANTIC HALLUCI-
NATION SCORE (SHS) from the SHALLOW bench-
mark (Koudounas et al., 2025) to capture semantic
divergence (Appendix C):

Hallucination = I[WER + SHS > 0.7], (6)

where I[·] denotes the indicator function.

Threshold Selection. The threshold was tuned
using stratified five-fold cross-validation on the
human-annotated subset. We prioritised high pre-
cision (0.979) in order to obtain a clean training
signal, accepting lower recall (0.443) as a trade-off.

Tables 1 and 2 report hallucination rates for both
models across evaluation datasets. Hallucination
rates are consistently low on VOXPOPULI test sets,
but increase substantially, up to 20%, on the noisier

https://huggingface.co/datasets/facebook/voxpopuli
https://huggingface.co/datasets/facebook/voxpopuli
https://catalog.ldc.upenn.edu/LDC97S42
https://huggingface.co/datasets/google/fleurs


Dataset Language WER SHS Hal.%

VOXPOPULI De 11.66 11.59 6.3
En 7.16 8.76 1.1
Es 8.59 11.27 2.5
Fr 10.46 10.60 3.3

CALLHOME En 18.72 16.52 15.8

Table 2: WER, SHS, and hallucination percentage for
Voxtral-3B on VOXPOPULI and CALLHOME test
sets.

CALLHOME dataset. Both models exhibit similar
trends, although Voxtral-3B generally achieves
lower error rates, with the exception of German.

4.3 Training Data

We train all logistic regression models on 40,000 ex-
amples from the VOXPOPULI training data: 10,000
each for English, German, Spanish, and French.
This language mix exposes the model to vary-
ing hallucination rates across languages (Tables 1
and 2), improving robustness to distribution shifts.
Under this setup, Qwen-2-Audio produces 1,537
hallucinations (3.8%), while Voxtral-3B produces
1,178 hallucinations (2.9%).

For the S2TT task, we train on the FLEURS train-
ing set (16,776 examples), using hallucination la-
bels derived from COMET scores, and evaluate on
the held-out test set.

4.4 Logistic Regression Model Training

Using the attention-derived features described
above, we train logistic regression models for hal-
lucination detection. Model hyperparameters are
reported in the Appendix (Table 9). We apply Min-
Max scaling to AUDIOENTROPY and TEXTEN-
TROPY to ensure that all feature values lie within
the range [0, 1].

We employ two feature selection strategies. First,
we train an L2-regularised model and rank atten-
tion heads by the magnitude of their coefficients,
scaled by the original feature standard deviation.
Second, we train an L1-regularised model to per-
form feature pruning. Specifically, we run five-fold
cross-validation and retain heads with non-zero co-
efficients in at least four of the five folds. We then
retrain an L2-regularised model using only these re-
tained heads. We refer to this variant as the Stable
Features model.

4.5 Evaluation Metrics
ASR Evaluation. For ASR, we report F1-score,
precision, recall, and PR-AUC, computed using the
predicted probabilities from the logistic regression
models.

In addition, we report the Prediction Rejection
Ratio (PRR) (Malinin et al., 2017; Malinin and
Gales, 2021), which measures the effectiveness
of predicted probabilities in rejecting low-quality
samples. Intuitively, PRR quantifies how closely
probability-based rejection approaches oracle per-
formance, where PRR = 1 corresponds to a perfect
ordering with respect to a quality metric. We report
PRR at 10% rejection for VOXPOPULI and at 30%
rejection for CALLHOME, using SHS as the qual-
ity metric. These rejection rates reflect the approxi-
mate prevalence of hallucinations in each dataset.
Further details are provided in Appendix D.

S2TT Evaluation. For S2TT, we use XCOMET-
XL4 (Guerreiro et al., 2024), which has been shown
to correlate strongly with hallucinations in machine
translation. Based on the empirical distribution of
COMET scores, we label the bottom 5% of exam-
ples as hallucinations. We report F1-score, pre-
cision, recall, and PR-AUC, following the same
protocol as for ASR. We also report PRR@10%,
using COMET as the quality metric.

4.6 Baselines
As baselines, we consider simple UE metrics,
namely MEAN ENTROPY (the mean token-level en-
tropy) and PERPLEXITY, which have been shown
to correlate with hallucinations in text summari-
sation and machine translation. In addition, we
include two attention-based baselines, RAUQ
(ENTROPY) and ATTENTIONSCORE, as attention-
based methods for hallucination detection.

5 Results

5.1 ASR Results
Tables 3 and 4 report hallucination detection per-
formance for Qwen-2-Audio and Voxtral-3B, re-
spectively, on the VOXPOPULI and CALLHOME
test sets. We present results for logistic regression
models trained using the following feature configu-
rations.

Combined concatenates all four attention met-
rics across all layers and heads, yielding L×H fea-
tures per metric. AUDIORATIO Only uses only the

4https://huggingface.co/Unbabel/XCOMET-XL

https://huggingface.co/Unbabel/XCOMET-XL


AUDIORATIO metric across all layers and heads,
which was the best-performing single metric on the
VOXPOPULI validation set. Top N selects the top
N layer–head pairs per metric based on coefficient
magnitude, with N tuned separately for each model
on the validation set.

Dataset Method Hal.% Acc F1 Prec Rec PR-AUC PRR@k

BASELINES

VOXPOPULI

Mean Entropy 3.33 0.97 0.50 0.50 0.50 0.49 0.43
Perplexity 3.18 0.97 0.50 0.51 0.49 0.49 0.43
RAUQ Entropy 3.42 0.96 0.46 0.45 0.47 0.47 0.46
Attention Score 1.23 0.96 0.08 0.15 0.06 0.04 0.30
Random 50.27 0.50 0.06 0.03 0.50 – –

CALLHOME
Mean Entropy 38.23 0.76 0.58 0.45 0.83 0.67 0.59
Perplexity 37.89 0.76 0.58 0.45 0.83 0.69 0.61
RAUQ Entropy 24.40 0.80 0.56 0.52 0.61 0.61 0.54
Attention Score 0.00 0.79 0.00 0.00 0.00 0.14 -0.13
Random 50.03 0.50 0.29 0.20 0.49 – –

LOGISTIC REGRESSION

Combined (4096 features)
VOXPOPULI LR 3.62 0.97 0.55 0.52 0.57 0.58 0.51
CALLHOME LR 75.99 0.43 0.41 0.26 0.96 0.61 0.53

AUDIORATIO (1024 features)
VOXPOPULI LR 3.57 0.97 0.56 0.54 0.58 0.56 0.49
CALLHOME LR 66.97 0.52 0.45 0.29 0.95 0.60 0.53

Top 75 (300 features)
VOXPOPULI LR 3.87 0.97 0.52 0.49 0.57 0.58 0.49
CALLHOME LR 79.05 0.40 0.40 0.25 0.97 0.59 0.50

Table 3: Hallucination detection performance (F1, Preci-
sion, Recall, PR-AUC, and PRR@k) for Qwen-2-Audio
on VOXPOPULI and CALLHOME test sets, with
k=10% and k=30% respectively.

Attention-based features outperform baselines
on in-domain data. On the VOXPOPULI test set,
logistic regression models consistently outperform
uncertainty-based baselines for both SpeechLLMs.
For Qwen-2-Audio, the strongest baseline, MEAN

ENTROPY, achieves an F1-score of 0.50 and a PR-
AUC of 0.49, whereas logistic regression attains
up to 0.56 F1 and 0.58 PR-AUC. The improve-
ment is substantially larger for Voxtral-3B. Here,
MEAN ENTROPY reaches 0.42 F1 and 0.44 PR-
AUC, while AUDIORATIO achieves 0.64 F1 and
0.67 PR-AUC, corresponding to a gain of 0.23 PR-
AUC.

Label-free evaluation supports these results.
PRR@k improves by 0.05 for Qwen-2-Audio and
by 0.13 for Voxtral-3B relative to the strongest
baseline that does not use attention. Together, these
findings demonstrate that attention-based features
provide a strong discriminative signal for halluci-
nation detection on in-domain data. Qualitative
examples are provided in Appendix E.

Uncertainty baselines excel on noisy speech.
Baseline performance is notably stronger on
CALLHOME than on VOXPOPULI for both mod-

Dataset Method Hal.% Acc F1 Prec Rec PR-AUC PRR@k

BASELINES

VOXPOPULI

Mean Entropy 2.10 0.97 0.42 0.55 0.34 0.44 0.43
Perplexity 3.12 0.96 0.40 0.42 0.39 0.41 0.40
RAUQ Entropy 2.03 0.96 0.35 0.47 0.28 0.32 0.43
Attention Score 7.12 0.91 0.17 0.12 0.26 0.09 0.10
Random 50.27 0.50 0.06 0.03 0.49 – –

CALLHOME
Mean Entropy 15.83 0.86 0.55 0.55 0.55 0.59 0.57
Perplexity 25.18 0.79 0.50 0.40 0.64 0.56 0.54
RAUQ Entropy 11.56 0.86 0.51 0.60 0.44 0.52 0.53
Attention Score 53.92 0.46 0.23 0.15 0.51 0.15 -0.01
Random 50.03 0.49 0.22 0.15 0.46 – –

LOGISTIC REGRESSION

Combined (3840 features)
VOXPOPULI LR 3.23 0.98 0.64 0.65 0.62 0.69 0.56
CALLHOME LR 32.80 0.76 0.50 0.37 0.77 0.55 0.52

AUDIORATIO (960 features)
VOXPOPULI LR 3.04 0.98 0.64 0.68 0.61 0.67 0.54
CALLHOME LR 29.13 0.79 0.52 0.40 0.74 0.58 0.55

Top 75 (300 features)
VOXPOPULI LR 2.99 0.98 0.62 0.66 0.58 0.68 0.55
CALLHOME LR 27.26 0.80 0.55 0.43 0.74 0.61 0.57

Table 4: Hallucination detection performance (F1, Pre-
cision, Recall, PR-AUC, and PRR@k) for Voxtral-3B
on VOXPOPULI and CALLHOME test sets, with
k=10% and k=30% respectively.

els. For Qwen-2-Audio, PERPLEXITY achieves
a PR-AUC of 0.69 on CALLHOME compared
to 0.49 on VOXPOPULI, while for Voxtral-3B,
MEAN ENTROPY achieves 0.59 versus 0.44. We
attribute this effect to the inherently noisy nature of
CALLHOME. Conversational speech with over-
lapping speakers and frequent disfluencies induces
higher model uncertainty, making uncertainty-
based metrics more effective. This interpreta-
tion is supported by the average MEAN ENTROPY

values, which are approximately 0.10 for VOX-
POPULI and 0.30 for CALLHOME. We observe
a consistent pattern across models: Voxtral-3B
achieves stronger overall ASR performance, while
uncertainty-based methods are comparatively more
effective for Qwen-2-Audio. In contrast, our
attention-based approach performs best for stronger
models, cleaner data, and settings in which halluci-
nations are relatively rare.

Out-of-domain generalization is model-
dependent. Logistic regression performance on
CALLHOME differs markedly between the two
models. For Qwen-2-Audio, logistic regression
predicts a large number of false positives, with
predicted hallucination rates ranging from 66.97%
to 79.05%, compared to an actual rate of 20.90%.
As a result, the best logistic regression model
achieves an F1-score of only 0.45 using AUDIO-
RATIO, compared to 0.58 for both PERPLEXITY

and MEAN ENTROPY. PRR@k similarly drops by
0.11 relative to the strongest baseline for the Top



75 configuration.
In contrast, Voxtral-3B maintains competitive

out-of-domain performance. The Top 75 model
achieves an F1-score of 0.55 and a PR-AUC of 0.61
on CALLHOME, matching or exceeding MEAN

ENTROPY. Notably, PRR@k is higher on CALL-
HOME than on VOXPOPULI for Voxtral-3B in
all configurations except the Combined model.
This suggests that, for Voxtral-3B, attention-
based features generalise well despite the absence
of comparable training data. Overall, these results
indicate that out-of-domain performance benefits
from combining multiple attention head metrics,
but remains strongly model-dependent.
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Figure 2: PR-AUC as a function of feature count for
Voxtral-3B on VOXPOPULI. Each curve represents
a different attention metric, with heads ranked inde-
pendently by coefficient magnitude using L2 logistic
regression.

Qwen-2-Audio performance gaps reflect thresh-
old sensitivity. Despite Qwen-2-Audio ’s low F1-
scores on CALLHOME, PR-AUC remains compa-
rable to VOXPOPULI, ranging from 0.61 to 0.62 on
CALLHOME versus 0.56 to 0.58 on VOXPOPULI.
This indicates that the underlying attention features
still contain discriminative information. The ele-
vated false positive rate appears to be driven primar-
ily by threshold miscalibration under distribution
shift, rather than by fundamentally different atten-
tion behaviour. PRR@k results also support that
the gap between datasets is substantially smaller
than that suggested by the F1-scores. The label-
free metric confirms that the proposed approach
can still prioritise semantically problematic outputs
even when binary decision thresholds are poorly
calibrated.

Fewer features improve out-of-domain gener-
alization. Figure 2 plots PR-AUC as a function
of feature count for Voxtral-3B for VOXPOPULI.
Performance improvements plateau after approxi-
mately 100 attention heads per metric. With as few
as five features, all metrics perform similarly to, or
worse than, the PERPLEXITY baseline, indicating
that while individual heads may carry signal, com-
bining multiple heads is necessary for robust perfor-
mance. AUDIOCONSISTENCY performs well with
relatively few heads but saturates earlier, which
is expected given that it targets specific diagonal
attention patterns. In contrast, AUDIOENTROPY

requires aggregating signals from approximately
30 or more heads to reach comparable PR-AUC,
after which performance scales more smoothly.

Table 5 further shows that reducing the number
of features trades a small amount of in-domain per-
formance for improved generalisation. The Stable
Features model (see Appendix: Table 10), which
uses 99 features, shows a reduction of 0.02 PR-
AUC on VOXPOPULI compared to Top 75, which
uses 300 features, but achieves the highest PR-AUC
of any logistic regression model on CALLHOME
at 0.64. Using only AUDIORATIO features with an
equivalent feature budget identifies fewer hallucina-
tions, suggesting that combining metrics becomes
increasingly important as the feature count is re-
duced. Analysis of the selected features shows that
the L1-regularised model prioritises AUDIORATIO

and AUDIOCONSISTENCY heads, as reported in
Appendix 10. This observation is consistent with
the scaling trends shown in Figure 2.

Dataset Method Hal.% Acc F1 Prec Rec PR-AUC PRR@k

Top 25 (100 features)
VOXPOPULI LR 2.98 0.97 0.60 0.64 0.56 0.65 0.53
CALLHOME LR 25.08 0.81 0.54 0.44 0.70 0.61 0.56

AUDIORATIO Only (100 features)
VOXPOPULI LR 2.78 0.98 0.60 0.67 0.55 0.64 0.49
CALLHOME LR 21.44 0.83 0.55 0.47 0.64 0.58 0.58

Stable Features (99 features, threshold=0.8)
VOXPOPULI LR 2.80 0.98 0.60 0.66 0.55 0.66 0.52
CALLHOME LR 29.96 0.79 0.53 0.41 0.77 0.64 0.58

Table 5: Hallucination detection performance (F1, Pre-
cision, Recall, PR-AUC, and PRR@k) for Voxtral-3B
with reduced feature sets on VOXPOPULI and CALL-
HOME test sets, with k=10% and k=30% respectively.

5.2 S2TT Results

Training on ASR data does not generalise to
S2TT. We first evaluate whether logistic regres-
sion models trained on ASR data can transfer to
the S2TT task. Using the best-performing ASR



configurations, namely Top 75 logistic regression
for both Qwen-2-Audio and Voxtral-3B, we ob-
serve PR-AUC scores of only 0.15 and 0.08, re-
spectively, which is only marginally above ran-
dom performance. PRR@k metrics corroborate
this result, with values of 0.30 for Qwen-2-Audio
and 0.16 for Voxtral-3B, compared to baseline
PRR@k scores of 0.46 and 0.44, confirming that
attention-based hallucination detectors trained on
ASR data do not generalise to S2TT. This raises
the question of whether attention patterns differ
fundamentally between tasks, or whether the use
of different labelling schemes, WER and SHS for
ASR versus COMET for S2TT, necessitates task-
specific classifiers.

Method Hal.% Acc F1 Prec Rec PR-AUC PRR@k

TRAINED ON S2TT DATA

Baselines
Mean Entropy 0.21 0.95 0.08 1.00 0.04 0.25 0.45
Perplexity 0.23 0.95 0.08 0.90 0.04 0.23 0.39
RAUQ Entropy 0.18 0.95 0.07 1.00 0.04 0.25 0.46
Attention Score 14.06 0.84 0.14 0.10 0.27 0.08 0.15
Random 50.99 0.49 0.09 0.05 0.50 – –

Combined (4096 features)
LR 1.32 0.96 0.29 0.69 0.18 0.43 0.67

AUDIORATIO (1024 features)
LR 1.30 0.95 0.23 0.56 0.15 0.39 0.64

Top 150 (600 features)
LR 1.51 0.95 0.28 0.61 0.18 0.44 0.67

TRAINED ON ASR DATA

Top 75 (300 features)
LR 89.66 0.14 0.09 0.05 0.86 0.15 0.30

Table 6: Hallucination detection performance (F1, Preci-
sion, Recall, PR-AUC, and PRR@k) for Qwen-2-Audio
on the FLEURS S2TT test set, with k=10%.

Baselines struggle on S2TT. Baseline perfor-
mance on S2TT is substantially weaker than on
ASR. The strongest baseline achieves a PR-AUC
of only 0.25 for Qwen-2-Audio and 0.17 for
Voxtral-3B, compared to 0.49 and 0.44, respec-
tively, on the VOXPOPULI ASR test set. This sug-
gests that uncertainty-based metrics, while effec-
tive for ASR, are less suited to detecting hallucina-
tions in the speech-to-text translation setting. This
finding is notable, given that such metrics are often
strong baselines in text-based machine translation.

In-domain training yields substantial improve-
ments over baselines. Training logistic regres-
sion models directly on S2TT data yields sub-
stantial performance gains over all baselines. For
Qwen-2-Audio, the Top 150 configuration achieves
a PR-AUC of 0.44 and an F1-score of 0.28, corre-

sponding to improvements of 0.19 PR-AUC and
0.20 F1 over RAUQ Entropy. For Voxtral-3B,
Top 300 reaches a PR-AUC of 0.44 and an F1-
score of 0.37, improving on MEAN ENTROPY by
0.27 and 0.26, respectively. Label-free evaluation
further supports these results. PRR@k scores reach
0.67 for Qwen-2-Audio and 0.68 for Voxtral-3B,
indicating that logistic regression effectively priori-
tises low-quality translations. However, for both
models, recall remains low, suggesting that while
attention-based features reliably identify severe hal-
lucinations, they are less sensitive to more subtle
S2TT errors.

Method Hal.% Acc F1 Prec Rec PR-AUC PRR@k

TRAINED ON S2TT DATA

Baselines
Mean Entropy 1.13 0.95 0.11 0.31 0.07 0.17 0.32
Perplexity 0.17 0.95 0.05 0.75 0.03 0.15 0.27
RAUQ Entropy 1.15 0.95 0.13 0.34 0.08 0.16 0.35
Attention Score 83.57 0.20 0.10 0.05 0.90 0.06 0.02
Random 49.04 0.51 0.09 0.05 0.51 – –

Combined (3840 features)
LR 2.25 0.95 0.37 0.60 0.27 0.43 0.66

AUDIORATIO (960 features)
LR 1.80 0.97 0.35 0.45 0.29 0.38 0.66

Top 150 (600 features)
LR 2.51 0.95 0.37 0.55 0.28 0.44 0.68

TRAINED ON ASR DATA

Top 75 (300 features)
LR 83.92 0.20 0.10 0.05 0.92 0.08 0.16

Table 7: Hallucination detection performance (F1, Pre-
cision, Recall, PR-AUC, and PRR@k) for Voxtral-3B
on the FLEURS S2TT test set, with k=10%.

Feature combination is important for S2TT.
S2TT performance benefits from combining mul-
tiple attention-based metrics. For Voxtral-3B, us-
ing only AUDIORATIO features reduces the F1-
score from 0.37 to 0.35 and the PR-AUC from 0.44
to 0.38, compared to the Top 300 configuration.
Qwen-2-Audio exhibits a similar trend, with drops
of 0.05 in both F1-score and PR-AUC when com-
paring AUDIORATIO to Top 150. These results
support that the S2TT task relies on complemen-
tary signals captured by different attention metrics.
Combining features is therefore particularly impor-
tant for translation.

5.3 Task-specific attention heads dominate.
The observed lack of cross-task generalisation
raises a fundamental question: does the logistic
regression model rely on a universal set of atten-
tion heads, or is head selection inherently task-
dependent? To investigate this, we compute the



intersection of the Top 50 most informative atten-
tion heads for each metric across ASR and S2TT,
as reported in Table 8. We select the Top 50 heads
because they capture most of the discriminative sig-
nal, as shown by the scaling behaviour in Figure 2.

Across all metrics and both models, we observe
limited overlap between selected heads. Combined
with poor cross-task transfer, this suggests that
hallucination-related attention features are largely
task-specific. However, the low overlap may also
reflect feature collinearity, in which redundant
heads lead the model to select different yet func-
tionally similar features across tasks.

Common Heads

Metric Qwen-2-Audio Voxtral-3B

AUDIORATIO 22% 18%
AUDIOCONSISTENCY 32% 26%
AUDIOENTROPY 10% 8%
TEXTENTROPY 14% 14%

Table 8: Intersection of the top-50 most important atten-
tion heads for each metric for the ASR and S2TT tasks.

Among the four metrics, AUDIOCONSISTENCY

shows the highest cross-task stability, followed
by AUDIORATIO, consistent with earlier results
showing strong performance even with few heads.
In contrast, both entropy-based metrics exhibit
substantially lower consistency. This may be be-
cause entropy-based regressors assign high weights
to heads with weak alignment to their nominal
input modality. For example, AUDIOENTROPY

may select heads that primarily attend to the auto-
regressive text prefix rather than audio, making the
resulting features more sensitive to task-specific
noise.

6 Conclusions

We presented an attention-based approach to hal-
lucination detection in SpeechLLMs. We intro-
duced four audio-focused attention metrics, AU-
DIORATIO, AUDIOCONSISTENCY, AUDIOEN-
TROPY, and TEXTENTROPY, and used them to
train lightweight logistic regression classifiers. We
evaluated the approach on two SpeechLLMs across
automatic speech recognition and speech-to-text
translation tasks.

Our method outperforms all baselines on in-
domain ASR, achieving improvements of up to
+0.23 PR-AUC on VOXPOPULI with Voxtral-3B,
with particularly strong gains on cleaner data. Re-
ducing the feature set from over 1,000 attention

heads to approximately 100 yields comparable
in-domain performance while improving out-of-
domain generalisation, indicating that larger fea-
ture sets are prone to overfitting. Effectiveness
varies across models: Voxtral-3B generalises
well across settings, whereas Qwen-2-Audio ex-
hibits weaker transfer to the noisier CALLHOME
dataset.

Models trained on ASR data do not generalise to
S2TT, highlighting that hallucination patterns and
their associated attention signals are task-specific.
However, training on S2TT data yields comparable
improvements over baselines, demonstrating that
the approach is effective when task-appropriate su-
pervision is available. Future work could combine
attention-based features with uncertainty estima-
tion metrics to capture complementary signals, ex-
plore cross-model transfer, and extend the method
to additional speech tasks such as speech summari-
sation or spoken dialogue systems.

7 Limitations.

Our automatic labelling strategy achieves high pre-
cision (0.979) but low recall (0.443), which means
that many true hallucinations are excluded from
training. Beyond threshold calibration, we do not
perform direct human evaluation of the automat-
ically labelled data. In addition, we focus exclu-
sively on binary detection of severe hallucinations,
rather than modelling finer-grained distinctions in
hallucination type or severity.

Our approach does not generalise across tasks.
Classifiers trained on ASR data do not gener-
alise to S2TT, necessitating task-specific training
data. Effectiveness is also model-dependent, with
Voxtral-3B exhibiting more robust cross-domain
generalisation than Qwen-2-Audio. Moreover, our
evaluation is limited to two SpeechLLMs and four
languages, which constrains the scope of our con-
clusions.

Finally, although the proposed method is
lightweight compared to alternatives such as re-
sampling or ensemble-based approaches, extracting
attention patterns introduces additional inference-
time computation and memory overhead. While
this overhead remains modest relative to full
SpeechLLM inference, it may still be relevant in
latency-sensitive deployment settings.
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A Logistic Regression

All logistic regression models are trained using
scikit-learn5 (Pedregosa et al., 2011).

Hyperparameter L2 L1

Penalty L2 L1
Max iterations 5000 5000
Class weights 1:2 (positive) 1:5 (positive)
C 1 0.005
Solver lbfgs liblinear

Table 9: Hyperparameters for L2 logistic regression
and L1 logistic regression, the latter used for stable
feature selection. These parameters were selected on
the VOXPOPULI validation set.

Table 9 lists the hyperparameters used to train
our hallucination detection models, selected on
the VOXPOPULI validation set. Unless otherwise
stated, these parameters are used for all logistic
regression models.

Metric Features

AUDIORATIO 39
AUDIOCONSISTENCY 36
AUDIOENTROPY 20
TEXTENTROPY 4

Total 99

Table 10: Distribution of stable features (threshold ≥
0.8, selected in 4 out of 5 folds).

Table 10 summarises the stable features selected
using L1 regularisation. These are the heads
present in 4 out of 5 folds after training on the
VOXPOPULI training data. The distribution shows
that features are selected across all heads, with
TEXTENTROPY being a clear outlier, contributing
only 4 features.

B S2TT Results

Tables 11 and 12 report chrF (Popović, 2015) and
COMET scores, computed using XCOMET-XL.

The results mirror those in Tables 3 and 4, with
Voxtral-3B outperforming Qwen-2-Audio across
both metrics and all datasets.

C Semantic Hallucination Score

A defining property of hallucinations is substan-
tial semantic divergence between the gold standard

5https://scikit-learn.org/stable/index.html

Language Direction chrF COMET

En→De 54.19 87.06
En→Es 47.42 82.26
En→Fr 49.72 76.74
De→En 60.29 90.33
Es→En 54.43 87.20
Fr→En 60.17 86.37

Table 11: S2TT performance for Qwen-2-Audio on
FLEURS.

Language Direction chrF COMET

En→De 57.73 90.65
En→Es 51.09 88.69
En→Fr 59.23 84.13
De→En 64.90 94.42
Es→En 59.11 92.07
Fr→En 63.25 90.82

Table 12: S2TT performance for Voxtral-3B on
FLEURS.

transcription and the hypothesis. To capture this se-
mantic change, we adopt the semantic hallucination
score (SHS) from the SHALLOW ASR hallucina-
tion benchmark (Koudounas et al., 2025). SHS
combines local and global semantic error metrics
to capture both fine-grained and utterance-level
inconsistencies between hypothesis and reference
transcriptions.

Local semantic errors are computed using a
multi-scale sliding window approach. Each hy-
pothesis window is matched to reference win-
dows via maximum cosine similarity of contex-
tual embeddings, with higher weights assigned to
smaller windows. This emphasises token-level dis-
tortions while remaining sensitive to phrase-level
mismatches. Global semantic errors comprise two
components. The first is semantic distance, com-
puted as the inverse cosine similarity of sentence
embeddings. The second is semantic coherence,
which combines BERTScore with an entailment
probability derived from a natural language infer-
ence model.

As our data spans multiple languages, we replace
the original monolingual models with multilingual
alternatives. We use xlm-roberta-base (Con-
neau et al., 2020) for local embeddings,
paraphrase-multilingual-MiniLM (Reimers
and Gurevych, 2019) for sentence embeddings, and

https://scikit-learn.org/stable/index.html


Legend: Substitution (ref) Substitution (hyp) Deletion Insertion

TP - True Positive

Prob: 0.98  |  Mean Entropy: 0.17  |  SHS: 0.36  |  WER: 0.60  |  Label: 1  |  Pred: 1

REF: merci le sud de la france a été ∅ touché durement par les inondations pour la 15e année consécutive en

15 ans 15 catastrophes majeures ∅

HYP: monsieur le président chers collègues le sud de la france a été durement touché ∅ par les inondations

pour la quinzième année consécutive en quinze ans quinze catastrophes majeures ont engendré la mort de

quatre vingt personnes et occasionné plus de cinq cents millions d euros

TP - True Positive

Prob: 0.64  |  Mean Entropy: 0.09  |  SHS: 0.50  |  WER: 0.89  |  Label: 1  |  Pred: 1

REF: dankeschön herr kommissar im namen des rates herr minister löger

HYP: frau präsidentin herr kommissar liebe mitglieder des europäischen parlaments

FP - False Positive

Prob: 0.88  |  Mean Entropy: 0.11  |  SHS: 0.39  |  WER: 0.27  |  Label: 0  |  Pred: 1

REF: merci m le président je suis obligé comme toutes les années de faire une ∅

HYP: monsieur le président je suis obligé comme toutes les années de faire une déclaration technique

FN - False Negative

Prob: 0.02  |  Mean Entropy: 0.15  |  SHS: 0.33  |  WER: 0.41  |  Label: 1  |  Pred: 0

REF: ∅ it does mean we need a more common political interest all over the european union to be stronger

HYP: from my point of view it means we need a more common political interest all over the european union in

being stronger

12/22/25, 9:36 AM Selected Examples
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Figure 3: Examples of classifications using Top 75 with Voxtral-3B outputs on the VOXPOPULI test set.

mDeBERTa-v3-base-xnli (Laurer et al., 2022) for
natural language inference.

D PRR Metric

Equation 7 defines the predicted rejection ratio
(PRR). For a corpus D = {(xj , yj)}, let pj =
P (xj , y

∗
j ) denote the logistic regression model’s

predicted probability that hypothesis y∗j is a hal-
lucination. The rejection curve plots the average
quality Q(yj , y

∗
j ) of the remaining samples after

rejecting those with pj < α.

PRR =
AUCprob − AUCrandom

AUCoracle − AUCrandom
(7)

PRR measures how much average quality im-

proves when rejecting samples based on predicted
probability, relative to oracle rejection. A PRR of 1
indicates rejection in exact oracle order. We report
PRR over the first 10% of the rejection curve for
VOXPOPULI and the first 30% for CALLHOME,
reflecting the proportion of hallucinations in each
dataset.

E VOXPOPULI Examples

Figure 3 presents four examples of Voxtral-3B
outputs classified using Top 75 on the VOXPOPULI

test set. The first two are true positives that MEAN

ENTROPY misclassifies as non-hallucinations. The
first contains both substitutions and insertions,
while the second exhibits hallucination through



substitution alone. We also include one false posi-
tive and one false negative to illustrate typical fail-
ure modes. Both cases lie close to the decision
boundary of our automatic labelling pipeline, high-
lighting the inherent difficulty of the task. Notably,
MEAN ENTROPY also misclassifies both examples.

F GPU Usage and AI Statement

Inference and labelling are performed on eight
A100-40GB GPUs, processing approximately 4.5
samples per second. A single experimental run
covers approximately 57,000 ASR sentences and
21,000 S2TT sentences, requiring around 38.5
GPU hours. Over development and evaluation,
we conducted approximately six complete itera-
tions, totalling around 230 GPU hours. Including
XCOMET scoring and SHS computation, we esti-
mate an upper bound of approximately 300 GPU
hours.

Code for this project was partially written with
the assistance of an internal coding assistant. In-
ternal AI tools were also used to assist with the
language and presentation of the paper.
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