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Abstract

Automatic evaluation of speech translation has
so far relied on text-only automated metrics that
ignore speech phenomena. One would expect that
incorporating the source audio modality would
improve the performance of automatic metrics.
We implement two standard metric paradigms:
a COMET-audio regression model using audio
and text encoders, and one based on prompting a
speech large language model. Surprisingly, both
audio-infused models fail to reliably surpass text-
only baselines. We attribute this failure to the
noise pollution and audio-transcript mismatches
present in the audio signal, which makes the
modality unreliable from the metric’s perspective.
Furthermore, we argue that current human-anno-
tated evaluation datasets for automated metrics
predominantly feature technical content or short
texts where paralinguistic features like prosody
lack importance, rendering the extra audio infor-
mation unhelpful for quality estimation (QE).

1 Introduction

Speech-to-text translation, due to its complexity,
has often stayed behind text-to-text translation. In
order to be able to continue improving speech
translation models, we need to be able to evaluate
them. The goal of automatic metrics (both refer-
ence-based and reference-free) is to predict an
assessment of a translation, such as on a scale
from 0% to 100% (Lavie et al., 2025). Evaluation
of speech-to-text translations usually falls back to
textual automated metrics, which miss the mark by
omitting speech-only phenomena, such as prosody
or hesitations (Abdulmumin et al., 2025).
Surprisingly, we find that common approaches
to automatic metrics that infuse audio inputs
(LLM-based and COMET+audio, illustrated in
Figure 1) do not surpass text-only automated met-
rics. We attribute this to the lack of importance
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Figure 1: Example of a reference-free automated met-
ric. The input is the translation text and either the source
text, source audio, or both.

of the extra information that resides in the audio
(e.g. intonation, prosody, emphasis, tempo, emo-
tion etc.) in the case of the evaluation dataset, the
samples mostly containing technical information
or short sentences. Moreover, the noise pollution
and unrelated words in the audio along with
mismatches between the audio and transcripts
contribute to underperformance of adding the au-
dio modality.

We focus on reference-free automated metrics,
also known as quality estimation, since the pri-
mary concern is with the input audio modality.

This work is split between two parts: Section 3
outlines our two approaches for automated metrics
and evaluates them on IWSLT 2026 metrics shared
task (Adelani et al., 2026) development set, for
which we describe our submission. Section 4 pre-
sents evidence suggesting why extra audio input
does not improve performance of automated met-
rics.

2 Related Work

Learned metrics. COMET (Rei et al., 2020) is
a neural framework for machine translation eval-
uation that trains regression models on top of
cross-lingual pretrained language models. Given
the source text, the machine translation output,
and optionally a human reference, COMET pro-
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duces a scalar quality score trained to correlate
with human judgments. Its reference-free variant,
CometKiwi (Rei et al., 2022), operates in a quality
estimation setting by removing the dependency
on a human reference, using InfoXLM (Chi et
al., 2021) as its backbone encoder. Our approach
“COMET+audio” draws direct inspiration from
this architecture, extending it to incorporate the
audio modality.

Another approach is to make use of instruction-
following abilities of LLMs. GEMBA (Kocmi and
Federmann, 2023) is simply a zeroshot prompted
LLM used directly for translation quality assess-
ment, which achieves state-of-the-art performance
as an automated metric (Lavie et al., 2025). A
key finding of the GEMBA’s authors was that the
approach only works reliably with GPT-3.5 and
larger models, with smaller models failing to pro-
duce valid scores. Our second approach “Speech
LLM” follows a similar philosophy but adapts
it to a multimodal speech-instruction-tuned LLM
and uses few-shot examples instead of zero-shot
prompting.

In contrast, all prior metrics, COMET and
GEMBA, operate exclusively on textual inputs and
translations. Closest to our work, Han et al. (2024)
formulate quality estimation for speech translation
and propose an end-to-end system that injects au-
dio into a translation-tuned text LLM via a learned
modality adapter. They report that this end-to-end
approach outperforms cascaded baselines built
on state-of-the-art ASR, arguing that SpeechQE
should be studied separately from text-QE.

Methodologically, our approaches do not rely
on training a dedicated speech-LLM adapter.
COMET+audio extends the COMET framework
with a lightweight cross-modal fusion over pre-
trained encoders, while Speech LLM uses few-
shot prompting of an open-source multimodal
LLM without any task-specific tuning. Moreover,
we find that incorporating audio yields only mar-
ginal gains over text-only baselines.

Speech translation. Speech translation systems
have traditionally operated as cascaded pipelines,
where an automatic speech recognition module
first transcribes the source audio, followed by
a machine translation model processing the text
(Ney, 1999; Sperber and Paulik, 2020; Etchegoy-
hen et al., 2022). However, these methods are
increasingly shifting toward end-to-end architec-
tures (Seamless et al., 2023) that directly map
audio to the target language. These end-to-end

approaches circumvent errors of automatic speech
recognition and can, in theory, leverage acoustic
cues, such as prosody and intonation, which are
not contained in the text. However, the field of
speech translation still lags behind text-to-text
translation in both data availability and bench-
mark maturity, and the evaluations remaining
overwhelmingly text-centric (Abdulmumin et al.,
2025; Radford et al., 2023; Seamless et al., 2023).

While incorporating source audio into auto-
mated metrics is expected to improve the quality
estimation due to the extra paralinguistic features,
the reality is different. Extracting a reliable signal
from raw audio introduces multiple hurdles and we
show that background noise, acoustic artifacts, and
mismatches between audio and transcripts often
counteract the theoretical benefits of the audio
modality. However, these observations might be
strongly influenced by the used dataset, while the
general translation quality estimation task could be
having slightly different properties.

3 Methods & Results

To determine the usefulness of the audio input
for the speech translation quality estimation task,
we experiment with both speech instruction-tuned
LLM prompting and a COMET+audio approach.

3.1 Method: Speech LLM

Throughout our evaluations, we use the open-
source Phi-4-multimodal-instruct (Abouelenin et
al., 2025) model, instructed to output a single
score for a given sample. The prompt (see Appen-
dix A.1) includes the task description, guidelines,
and few-shot examples sampled from the training
data split. To simulate Chain-of-Thought reason-
ing (Wei et al., 2022) and improve the model’s
reasoning capabilities, it is also asked to provide
an explanation for its assigned score beforehand.

To align the model with the dataset’s grading
scale, we include few-shot examples in the prompt
(Brown et al., 2020), each containing the source
and target texts along with the corresponding
quality score. They are organized into five bins
according to their ground-truth scores, spanning
from the lowest range (15%—-25%) to the highest
(95%—-100%). At inference time, few-shot exam-
ples are randomly drawn from a per-bin pool of ten
examples. The final quality score for each transla-
tion is obtained by prompting the model five times
and averaging the resulting scores.
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Figure 2: Overview of the COMET+audio architecture. Either the source audio or text can are optional for the
input, experiments for which we adapt and train separate architectures.

The few-shot approach proved essential for cal-
ibrating the model’s output. Without it, the LLM
exhibited a strong bias toward extreme scores and
failed to predict middle-range values (e.g. 43).

3.2 Method: COMET+audio

We adopt an architecture inspired by COMET
and extend it to accommodate the audio modality
alongside source and target text. An overview of
the architecture is presented in Figure 2. We em-
ploy the base variant of InfoXLLM as a shared text
encoder for both the source transcript and the tar-
get translation, and the medium variant of Whisper
(Radford et al., 2023) as the audio encoder. To
efficiently adapt both pretrained encoders to the
quality estimation task, we apply LoRA (Hu et al.,
2022) adapters of rank 8 with an alpha scaling
factor of 32 to the query and value projection ma-
trices across all attention layers. Additionally, to
provide lightweight language conditioning, each
transcript is prepended with a language tag (e.g.
Len] for English, [de] for German).

Audio and text representations. For the text
modality, we obtain a fixed-length representation
by extracting the hidden state at the [CLS] token
position from the InfoXLLM encoder. For the au-
dio modality, since Whisper’s encoder produces
a variable-length sequence of hidden states, we
apply an attention pooling mechanism to derive
a fixed-length vector. This mechanism consists of
a two-layer network (with a Tanh activation) that
computes a scalar attention score for each time
step, followed by a softmax normalization. The
resulting attention weights are used to compute a

weighted sum over the encoder outputs, yielding a
single audio representation.

Cross-modal fusion. Each modality-specific rep-
resentation is then projected into a shared 256-
dimensional space through separate linear projec-
tions. To capture cross-modal interactions, we
apply two bilinear layers: one modeling the in-
teraction between the source audio and target
representations, and another between the source
transcript and target representations. Each bilinear
layer produces a 128-dimensional output, and the
two interaction vectors are further concatenated
into a single fused vector.

Regression head. The fused representation is then
passed through a regression head consisting of
layer normalization, a linear layer with Tanh acti-
vation and ends with the final linear layer that
outputs the predicted quality score. In between
these layers dropout is applied to avoid overfitting.

Other approaches and negative results. Beyond
the strategies in Table 1, we explored several
other approaches to improve the “Speech LLM”
method.

The simplest variant replaces dynamically sam-
pled few-shots with a fixed set of five examples
shared across all samples. Another simple alter-
native uses ten more fine-grained bins to sample
few-shot examples from, which also doubles their
number. Furthermore, after observing that the
model struggled to produce mid-range scores (e.g.,
64), we reduced the scoring range and prompted
the model to give “star’-based scores, for both
the 5 and 10 star ranges. We further explored
language-specific few-shots in place of general

307



Speech LLM COMET+audio
Segment %  System % MAE Segment %  System % MAE
Text and audio 18.4 88.0 21.29 18.3 83.6 18.20 *
Audio-only 17.3 85.5 23.81 16.4 68.7 18.49
Text-only 27.4 \x 82.0 21.07 18.2 80.3 18.21
Text and wrong audio 17.7 90.1 * 22.11 16.4 81.0 18.53
Translation-only 14.8 81.2 23.72 13.9 51.9 18.66

Table 1: Performance evaluation of the explored strategies. The LLM prompting results are obtained with constant
sampling with dynamic few-shots as this combination led to highest values. For COMET+audio, we adapt and train

» o«

separate architectures for the “Audio-only”,

ones, hypothesizing that this can help the model
accommodate scale differences in ground-truth
scores across languages. Additionally, to help the
model assess each translation relative to its alter-
natives, we included all “sibling” translations of
the same source sentence in the context, without
their ground-truth scores.

Moreover, the high standard deviation of pre-
dicted scores for a single translation suggested
limited model confidence, motivating a confi-
dence-sampling approach: we resample scores
until either the standard deviation falls below a
threshold or a maximum number of generations is
reached.

Hypothesizing that low performance stemmed
from limited context, we prompted an LLM to
generate plausible continuations of each sample,
which we then appended to the prompt alongside
the source, target, and few-shots. Finally, we apply
UniPrompt (Juneja et al., 2025) to automatically
optimize the prompt to fit the data.

However, none of them showed better results on
average than the strategy using constant sampling
with dynamic few-shots. More details on these
explored strategies and their results can be found
in Appendix A.2.

3.3 Experimental Setup

For all our experiments we used the IWSLT 2026
shared task dataset that contains, for each sample,
the source language, transcript and audio, the
target text translation and the ground truth score.
For our COMET-audio training we used the train
split, while for all our evaluations for the results
within this paper we took the development split
into consideration. However, while the train data
contains multiple source — target language pairs,
the development one contains only the English —
German and English — Chinese pairs.

Text-only” and “Translation” strategies as the input differs.

3.4 Experimental Results

To evaluate performance, we employed IWSLT’s

segment- and system-level meta-metrics alongside

Mean Absolute Error (MAE). The results for both

strategies are presented in Table 1.

For the “Text and wrong audio” strategy, we
paired each sample’s correct source transcript with
an audio of a different and randomly drawn exam-
ple from the evaluation set. In the “Translation-
only” condition, the model received only the target
translation, with no access to the original source
data. Table 1 indicates that:

1. The audio modality is not as effective as the
text one and does not add a lot of value when
combined with the transcript.

2. Both methods (especially Speech LLM) obtain
unreasonably high results even when the source
is not present in the input, hinting at a slight
preference for the fluency of the translation
over its adequacy in the evaluation data.

4 Audio does not add a lot of value

Surprised by the low performance of audio-based
automated metrics, we investigate why the addi-
tion of recordings into the input does not increase
the performance. This section covers three poten-
tial hypotheses and evidence, based on manual
annotations of data:

¢ Jlow additional information in audio,

* mismatched audio samples, and

* model preference for text

Moreover, as previously stated, these might only
be particular properties of the dataset we’ve been
given rather than a characteristic of the task itself.

4.1 Low extra information in the audio

We manually inspect 100 audios from the IWSLT
2026 metrics shared task dataset and classify each
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based on its topic such as “technical”. Table 2
contains the distribution of these topics, the
technical one dominating with 76% and mainly
focusing on machine learning content such as
[* technical audio]. Combined with “information
sharing”, these two categories make 96% of data.
At the same time, these kinds of audios do not
contain rich additional signals, such as intonation
or prosody. Furthermore, the informative share
contains a consistent portion of very short (up to
4 words) like a [ ¢ hello message] and plain texts
such as an [ * enumeration of names] that further
reduces the benefits of the audio compared to text-
only approaches. The absence of additional signal
could explain why adding audio does not improve
the performance of the automated metrics.

Audio cuts off mid-phrase 27%
Audio-text information mismatch 34%
Transcript punctuation issue 3%
Typos in transcript 1%

Audio aligned with transcript 61.0

Table 3: Distribution of content annotation for 100
random samples from the development data split.

4.2 Mismatched text + audio

The audio samples are not always perfectly aligned
with the transcripts and, by extension, with the
translations. We annotate these audios across mul-
tiple dimensions based on the occurred problem,
the results being showcased in Table 3. Out of
these data issues, we distinguish two of them that
directly impact the effectiveness of the audio: (1)
unintentional audio cuts, and (2) mismatches with
the textual content, a superset of the former.

Unintentional audio cuts refers to audio not
fully delivering the entire message and stops be-
fore finishing a sentence. In this [ example], the
audio cuts off with three words before finishing the
sentence that is captured in the transcript.

Other mismatches not caused by audio cuts
include samples where the audio has more infor-
mation than the transcript. Here, we distinguish

Technical 76%
Information sharing 20%
Advertising 3%

Citation 1%

Table 2: Topic distribution of inspected samples from
the development split.

between the recording containing extra informa-
tion either before or after the text content. As an
example, for [# this data point], the audio starts
with an additional explanation and only afterwards
continues with the content of the text. The audio
in this example also happens to miss the last four
words.

When audio and transcript disagree, the metric
receives conflicting signals about the source: a
translation faithful to the transcript may diverge
from the audio, so the assigned score is condi-
tioned on an inconsistent reference. Rather than
providing complementary evidence, the audio
modality adds noise, encouraging the model to
rely on text alone and reducing the expected gains
of multimodal systems.

4.3 Maetrics rely solely on text

By closely looking at the results presented in
Table 1 for the “Text and wrong audio” strategy
and comparing them to the other strategies that in-
clude the text modality, the results are comparable
or even higher, surprisingly.

Inspired by Hua et al., 2024, to rule out the
possibility of modality collapse caused by train-
ing of the COMET+audio approach, we consider
replacing the joint optimization with Alternating
Gradient Descent (Akbari et al., 2023) (see Ap-
pendix B.2).

Furthermore, the “Audio-only” strategy yields
one of the lowest scores across all strategies that
provide the source of the translation. We consider
this as a strong evidence that both the Speech LLM
and our trained COMET+audio metric simply
drop the audio modality when combined with text
for the source input. This behavior can be also at-
tributed to the misalignments with the transcripts
and low-variance prosody of the audio samples.

5 Conclusion

We explored the effects of the source audio in the
context of speech translation quality estimation.
The study implied the use of two methodologies
(LLM prompting and regression model training)
for assessing the impact of this modality on the
performance for this problem. Surprisingly, we
found that incorporating audio yields only mar-
ginal gains over text-only baselines. We attribute
this to audio-transcript misalignments and lack of
rich acoustic signals (such as prosody and intona-
tion) due to the technical nature of the content
within the data. However, these results might only
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show a particular peculiarity of the dataset we’ve
been given rather than an innate property of the
task.
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A Speech LLM

This section covers implementation details of
Speech LLM along with the other explored strate-
gies for this approach.

A.1 Prompt

For the “Text and audio” prompting strategy,
we use the prompt shown in Prompt 1, which
combines a system-level task description with a
user prompt containing few-shot examples and
the translation to be evaluated. Since the model
tends to reproduce the dummy explanations from
the few-shot examples, we include an explicit in-
struction discouraging this behavior to encourage
independent reasoning. The prompts for the other
strategies are very similar, differing only in the
inputs provided for each sample (e.g. removing
the audio) and the corresponding introductory line
that references them.

A.2 Other explored strategies

This section includes technical details for various
strategies that we explored for the “Text and au-
dio” strategy.

Confidence sampling Motivated by the high
standard deviation of the sampled scores, we im-
plement confidence sampling as follows: sample
3 scores and keep sampling until a number of 15
is reached or the standard deviation falls under a
value of 5. Figure 3 reports the average number of
samples drawn across bins defined by the ground-
truth scores, showing that the model is more

System Instruction:
You are a translation quality evaluator.

confident on good translations than on bad or
mediocre ones.

10

Figure 3: Average number of samples drawn per in-
stance across ground-truth score bins.

Generating continuations for increased context
For creating extra context to be used by the model
in translation quality assessment, we prompt the
same Phi-4-multimodal-instruct using Prompt 2.
At inference, we inject this continuations into
the context and extend the instructions list from
Prompt 1 with an extra rule, steering the model
into using this extra context “to better understand
the nuances, intent, and direction of the source”.

UniPrompt To automatically optimize the prompt
for our task, we apply the UniPrompt algorithm
and adapt the official implementation. We use
Phi-4-multimodal-instruct in both the Solver and
Expert roles, the audio being passed just to the
Solver, the Expert operating fully on text. Opti-
mization is performed on 1,500 samples drawn
from the train split, with a 90/10 train/validation
partition. To ensure balanced coverage across the
full 0-100 quality range, we apply stratified sam-

Your task is to estimate the quality of the

translation from en to de based on the source audio and transcript and the translated text.

Instructions:

1. Analyze meaning preservation and grammar using the provided transcript as ground truth.

2. Provide a detailed explanation inside <explanation> tags. You must justify your score by
referencing words or phrases from the source and translation and explain the mistakes or
good practices. Do not just copy the generic explanations from the examples.

3. Provide a final score from O (terrible) to 100 (perfect) inside <score> tags.

Evaluation Content:

Here are some examples for scoring translations using just the transcripts.

FEW_SHOTS

Now evaluate this: <|audio_1[|>

Transcript of the audio in en language: “The first one is generating these personas.”
Translation in de language: “Der erste Teil ist die Erzeugung dieser Personen.”

Prompt 1: Prompt used for the “Text and audio” strategy
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System Instruction:

You are a helpful monolingual assistant fluent in en.

Your task is to read the provided

transcript and listen to the audio, then generate a natural, plausible continuation of the
text in en. Do not provide a translation. Do not provide commentary. Just write the next few

sentences that logically follow the transcript.

User Message:
<|laudio_11]>

Transcript (en): “In watermark injection, we first define a target embedding.”

Continuation:

Prompt 2: Prompt used for generating plausible continuations as additional context.

pling over 10 score bins of width 10, and restrict
the data to English — German and English —
Chinese pairs.

Results Table 4 presents the results of the explored
alternatives to the Speech LLM “Text and audio”
strategy.

Segment % System %  MAE

Static few-shots | 247 79.2 21.07

10 few-shots | 15.0 77.3 2291

5 star rating | 21.2 81.4 22.60

10 star rating | 19:2 82.6 22.23
Siblings | 16.5 84.0 20.31

Confidence sampling | 21.3 71.5 21.36
Continuations | 18.4 81.2 21.16
UniPrompt | 18.0 71.7 21.71

Table 4: Results of the alternative explored strategies
for the Speech LLM method using both the source text
and audio.

Audio impact across languages. While audio
brings no overall gain, Table 6 reveals an asym-
metric effect across language pairs. Compared
to the Text-only baseline, adding audio to text
improves both methods for English — Chinese,
but degrades their performance for the English —
German translation pair.

B COMET+audio

This section covers implementation details and
analysis of the COMET+audio method.

B.1 Optimization details

We optimized the model using the AdamW algo-
rithm (Loshchilov and Hutter, 2019) with a Mean
Squared Error (MSE) loss objective. The training
configuration included a learning rate of 5 x 1075

and a weight decay coefficient of 0.03. To stabi-
lize training, we employed a warmup period for
the initial 10% of steps, succeeded by an inverse
square root decay schedule and gradient clipping
at a maximum norm of 1.0.

B.2 Alternating Gradient Descent

To verify whether modality collapse occurs dur-
ing the joint optimization of COMET+audio, we
re-train the metric using Alternating Gradient
Descent in place of standard joint optimization.
Concretely, we partition the parameters into three
disjoint groups (audio-specific, text-specific, and
the shared regression head) and alternate updates
between the audio and text groups at each batch,
while the shared head is updated at every step. By
decoupling the parameter updates across modal-
ities, each modality is guaranteed an unbiased
optimization step, mitigating the risk that one
modality dominates the gradient signal during
training.

The results, reported in Table 5, show that sub-
stituting the correct audio with a mismatched sam-
ple leads to only a marginal drop in performance.
This finding reinforces our earlier observation that
the metric largely disregards the audio modality,
even under an optimization strategy explicitly de-
signed to prevent such collapse.

Segment % System %  MAE
Text and audio | 17.3 82.2 18.93
Text and wrong audio | 14.6 79.9 19.71

Table 5: Results for the COMET+audio method when
optimized using Alternating Gradient Descent.
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English - German Speech LLM COMET+audio
Segment %  System % MAE Segment %  System % MAE

Text and audio
Audio-only
Text-only

Text and wrong audio

Translation-only

English — Chinese Speech LLM COMET+audio
Segment %  System % MAE Segment %  System % MAE

Text and audio
Audio-only
Text-only

Text and wrong audio

Translation-only

Table 6: Detailed results broken down by language pair for each method and main strategy.

C Experimental setup

For running the experiments, we used GeForce
RTX 4090 GPUs with 24GB of VRAM for both
the Speech LLM inference and COMET+audio
training.
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