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Abstract

Automatic speech recognition (ASR) still cov-
ers only a small fraction of the world’s lan-
guages, mainly due to supervised data scarcity.
In-context learning (ICL) with large language
models (LLMs) addresses this problem, but
prior work largely focuses on high-resource
languages covered during training and text-
only settings. This paper investigates whether
speech LLMs can learn unseen languages with
multimodal ICL (MICL), and how this learn-
ing can be used to improve ASR. We conduct
experiments with two speech LLMs, Phi4 and
Qwen3-Omni, on three diverse endangered lan-
guages. Firstly, we find that MICL is effective
for unseen languages, leveraging both speech
and text modalities. We further show that cross-
lingual transfer learning improves MICL ef-
ficiency on target languages without training
on them. Moreover, we analyze attention pat-
terns to interpret MICL mechanisms, and we
observe layer-dependent preferences between
audio and text context, with an overall bias
towards text. Finally, we show that prompt-
based ASR with speech LLMs performs poorly
on unseen languages, motivating a simple ASR
system that combines a stronger acoustic model
with a speech LLM via MICL-based selec-
tion of acoustic hypotheses. Results show that
MICL consistently improves ASR performance,
and that cross-lingual transfer learning matches
or outperforms corpus-trained language models
without using target-language data. Our code
is publicly available'.

1 Introduction

With more than 7,000 languages spoken worldwide,
current Automatic Speech Recognition (ASR) mod-
els support only a small fraction of them, primarily
due to the scarcity of labeled data across languages
(Omnilingual et al., 2025). To mitigate this limi-
tation, recent studies explore approaches such as
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self-supervised learning (Chen et al., 2024; Pratap
et al., 2024; Omnilingual et al., 2025), foundation
model adaptation (Qian et al., 2024; Fong et al.,
2025; Schmidt et al., 2025; Li and Niehues, 2025a),
and synthetic data augmentation (Bamfo Odoom
et al., 2024; Li et al., 2025b). Despite these ad-
vances, ASR performance remains suboptimal and
lacks robustness, as existing methods continue to
rely on limited amounts of high-quality annotated
data that fail to capture sufficient diversity across
domains, speakers, and recording conditions.

Recent advances in speech large language mod-
els (LLMs) offer a promising alternative. By lever-
aging large-scale multilingual and multitask data,
speech LLMs can improve robustness through task
understanding and reasoning (Chu et al., 2024;
Ghosh et al., 2025; Ambilduke et al., 2025). How-
ever, their performance is still largely limited to
high-resource languages, since the majority of
training data is dominated by those languages.

For low-resource languages in particular, in-
context learning (ICL) has attracted attention as
it enables models to adapt using only a small num-
ber of demonstration examples provided in the
prompt. Prior studies show that linguistic descrip-
tions and example samples can effectively teach
languages to LLMs (Zhang et al., 2024b,a; Li and
Niehues, 2025b; Li et al., 2025a; Ma et al., 2025a;
Pei et al., 2025). Nevertheless, most existing ICL
research for low-resource languages focuses on the
text modality and text-based LLMs, leaving speech
largely underexplored. Recent work on multimodal
in-context learning (MICL) shows that paired au-
dio—text demonstrations can improve ASR robust-
ness, including speaker, accent, and domain adap-
tation (Roll et al., 2025; Zheng et al., 2025). How-
ever, they mainly focus on languages already cov-
ered by the target models.

The work most closely related to ours is (Hsu
and yi Lee, 2025). While it studies similar data
and task settings, its focus is primarily on Whisper-
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style speech foundation models rather than speech
LLMs. This distinction matters because speech
LLMs differ from such models in both scope and
capability, particularly in their ability to process
longer audio context and follow broader natural-
language instructions (Radford et al., 2023). There-
fore, the findings of (Hsu and yi Lee, 2025) are
not directly sufficient for understanding our setting,
which motivates the present study.

In this work, we investigate how MICL can ad-
dress data scarcity in building ASR systems for
low-resource languages. We first study whether
MICL enables speech LLMs to learn languages
from provided samples. Using three linguistically
diverse endangered languages, we evaluate two
state-of-the-art open-source speech LLMs, Phi4
(Abouelenin et al., 2025) and Qwen3-Omni (Xu
et al., 2025). We then fine-tune the speech LLMs
with instruction data in other languages and test
whether the cross-lingual transfer learning com-
monly reported for traditional speech foundation
models also appear in instruction-tuned speech
LLMs. (Conneau et al., 2021; Ma et al., 2025b).
We also analyze how MICL is internally realized
within the model to interpret its underlying atten-
tion mechanisms. Finally, we propose a simple
ASR system that integrates an acoustic model with
a speech LLM through hypothesis selection, com-
bining the strong recognition accuracy of acoustic
models with the contextual learning capabilities
of speech LLMs (Chen et al., 2025b; Geng et al.,
2025).

Our findings are summarized as follows:

* MICL enables speech LLMs to learn uncov-

ered languages, benefiting from both speech
and text modalities (§4.1).

* Cross-lingual transfer learning improves lan-
guage learning efficiency (§4.2).

* Speech LLMs exhibit layer-dependent atten-
tion preferences for audio versus text samples,
and overall they allocate more attention to text
than to audio (§4.3).

e MICL enhances ASR performance and that
cross-lingual transfer learning can match or
outperform corpus-trained language models
even without target-language data. (§4.4).

2 Approach

Following the interleaved-modality design of
speech LLMs, we study MICL for speech recog-
nition (Abouelenin et al., 2025; Xu et al., 2025;

Nguyen et al., 2025). We first formalize the MICL
task in Section 2.1. We then introduce different
prompt designs to analyze the impact of modality
composition in MICL, as described in Section 2.2.
To ensure effective in-context demonstrations, we
implement several sample selection strategies, de-
tailed in Section 2.3. In addition, we explore cross-
lingual instruction fine-tuning to enhance MICL
performance using multilingual resources that ex-
clude the target languages in Section 2.4. Finally,
we build an ASR hypothesis selection system that
leverages MICL to improve acoustic-based ASR
models in Section 2.5.

2.1 Task Description

We study in-context learning for ASR, where a
model predicts a target transcription by condition-
ing on a set of in-context demonstrations. Let the
demonstration set be

C={c}y, (1)

where each c¢; denotes one demonstration. The
exact content of each demonstration depends on
the prompt design and is specified in Section 2.2.
Given a demonstration set C and a target audio
input ¢*, the model is asked to predict the corre-
sponding transcription ¢*. The multimodal model
fo, parameterized by 6, defines a conditional prob-
ability distribution over the target transcription as

H po(w
where wZ,; = (wj,...,wj_;) denotes the previ-
ously generated tokens and 7T’ is the length of the
target sequence.

This formulation provides a unified view of all
settings considered in this work. Different prompt
designs instantiate C with different modality combi-
nations and provide either the presence or absence
of the target audio a*, allowing us to isolate how

textual and acoustic context affects ASR perfor-
mance.

o(t* | a*,C) il wkl;,atC), ()

2.2 Prompt Modality Design

To isolate the contribution of each modality, we
consider three in-context learning settings that dif-
fer only in the information included in the demon-
strations®. For reference, we also include a stan-
dard ASR prompt corresponding to the task formu-
lation commonly used for speech LLMs.

“Examples in Appendix D
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T-ICL. Each demonstration contains only text,
i.e., ¢; = t;. This setting measures how much
improvement can be obtained from textual con-
text alone, such as lexical or orthographic patterns,
without acoustic evidence (Hsu and yi Lee, 2025;
Li and Niehues, 2025b).

ICL. Each demonstration also contains only text,
i.e., ¢; = t;, while the model additionally receives
the target audio a*. This setting evaluates whether
text-only demonstrations can guide transcription
of an audio query. Comparing ICL with T-ICL
isolates the contribution of the target audio.

MICL. Each demonstration contains paired au-
dio and text, i.e., ¢; = (a;,t;). Together with the
target audio a*, this setting tests whether paired
multimodal demonstrations provide additional ben-
efit beyond text-only context.

ASR. This baseline does not use in-context
demonstrations. The model directly transcribes the
input audio a*, representing the standard speech
LLM inference setup.

2.3 Sample Selection Strategy

Selecting relevant demonstrations is important for
effective text-based ICL, especially when the target
language is low-resource or unseen (Cahyawijaya
et al., 2024; Li and Niehues, 2025b). We therefore
include a retrieval-based sample selection module
in this MICL work. Following (Li and Niehues,
2025b), we use SONAR (Duquenne et al., 2023),
a multilingual and multimodal embedding model,
to embed the candidate samples and the predicted
transcript of target sample. We rank candidates
samples by calculating cosine similarity to the tar-
get in the SONAR embedding space and select the
top-N samples as the in-context demonstrations.
More details are provided in Appendix H.

2.4 Language-specific and Cross-lingual
Fine-tuning

In addition to fine-tuning on data from the target
language, we explore cross-lingual instruction fine-
tuning to examine whether supervised adaptation
on MICL tasks can improve generalization to un-
seen languages and enhance the model’s ability to
follow MICL prompt formats. Accordingly, we
investigate three fine-tuning strategies in this work:

ASR-FT. Standard ASR fine-tuning, where the
model predicts the transcript from the target audio
without in-context demonstrations.

TFT. Target-language fine-tuning, where the
model is fine-tuned on ASR instances constructed

from the target language. Each training instance
contains a target audio utterance together with in-
context demonstrations from the same language,
and the model predicts the transcript of the target
audio.

XFT. Cross-lingual fine-tuning, where the model
is fine-tuned on ASR instances from multiple lan-
guages other than the evaluation language. In this
setting, the fine-tuning data excludes the evalua-
tion language entirely. Instead, training batches
contain samples from a diverse set of auxiliary lan-
guages, each with its own in-context demonstra-
tions and target audio. This setting is designed to
examine whether multilingual transfer improves
performance on unseen languages.

2.5 ASR Hypothesis Selection System

We further develop an ASR hypothesis selection
system that leverages MICL to re-rank hypothe-
ses generated by an external acoustic-based ASR
model, which is typically more robust than speech
LLMs in low-resource settings (Chen et al., 2025b;
Geng et al., 2025). We also verify this in Ap-
pendix C.

Given an input utterance ai.g, an external ASR
system first produces an N-best list of candidate
transcriptions 7 = {h*)}I_ . We then score each
hypothesis using two signals: (1) the acoustic score
from the external ASR model, and (2) the LM score
from a language model, which measures the con-
textual understanding. The final output is selected
by re-ranking the NV candidates with a combined
score:

h = arg max
h(F) eH

+LM_scoreymict, (h(k) ;a1.5,C)|. 4

[Acoustic_score(h(k); ar.s) (3)

We compute LM_score as the log-likelihood of the
hypothesis tokens under the language model. In
preliminary experiments, using the LM score alone
performs worse than the combined approach; so
we use the combined scoring through experiments.
Implementation details are referred to in the scripts.

3 Experimental setup

3.1 Datasets

Because speech LLMs are often trained on large
and diverse data sources, they may be exposed to
more languages than than are documented during
training. To investigate model performance on un-
seen languages, we conduct experiments on three
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endangered languages that are more likely to be un-
covered during training, as shown in Table 1: Khi-
nalug (ISO 639-3: kjj, Northeast Caucasian ) (Li
et al., 2024), Kichwa (ISO 639-3: que, Quechuan )
(Taguchi et al., 2024), Mboshi (ISO 639-3: mdw,
Bantu ZoneC) (Godard et al., 2018). These three
languages come from different language families
with different source type, ensuring diversity in our
experiments. Following other work, we lowercase
all text and remove the punctuation in preprocess-
ing.

We further investigate whether cross-lingual
instruction fine-tuning improves performance on
these evaluation languages. Specifically, we fine-
tune the model on a multilingual MICL instruction
dataset covering 143 languages derived from ML-
SUPERB 2.0 (Shi et al., 2024). None of these
languages overlap with our three evaluation lan-
guages, allowing us to test whether cross-lingual
instruction fine-tuning improves generalization to
unseen target languages.

Language Audio source Train (h) Dev+Test (h)
Khinalug  Spontaneous 2.14 0.49
Kichwa Radio 3.05 0.77
Mboshi Reading 3.93 0.53

Table 1: Dataset descriptive statistic.

3.2 Models

We experiment with two state-of-the-art open-
source multimodal LLMs, Phi4 and Qwen3-Omni,
which are trained on diverse instruction-following
datasets covering multiple modalities. This makes
them particularly well suited for MICL, where mod-
els must understand the task from provided exam-
ples and generalize to unseen inputs. Details re-
garding model versions and inference settings are
provided in Appendix A.

3.3 Fine-tuning

During fine-tuning, the training loss is computed
only on the target transcription tokens, while the in-
context audio—text demonstration pairs are treated
as conditioning context. This objective encourages
accurate transcription of the target audio while al-
lowing the model to learn how to utilize the mul-
timodal context provided by the MICL prompt
(Abouelenin et al., 2025). Under computational
constraints, and based on our preliminary analysis
of the number of in-context samples (Appendix J),
TFT and XFT experiments use training instances

whose number of in-context samples is randomly
selected from 1 to 10. Detailed hyperparameter
settings are provided in Appendix A.

Based on our preliminary comparison of fine-
tuning strategies (Appendix I), we adopt LoRA on
the decoder for fine-tuning and freeze the remain-
ing model parameters, as this gives comparable
performance to updating additional modules while
being more parameter-efficient.

3.4 Hypotheses Generation

We use the MMS model (Pratap et al., 2024) to
generate recognition hypotheses, as it demonstrates
strong performance in low-resource speech recogni-
tion due to its self-supervised learning architecture
and broad language coverage. Specifically, we fine-
tune the model on each target language and decode
with beam search to obtain 10 hypotheses.

3.5 Evaluation Metrics

We evaluate ICL performance with perplexity. For
each test instance, we construct the prompt input,
append the gold transcription, and run the model
in a teacher-forcing manner. Perplexity is com-
puted only over the gold transcription tokens, with
the prompt treated as conditioning context. Lower
perplexity indicates that the model assigns higher
probability to the correct transcription and thus ex-
hibits greater confidence under the given prompt.

To evaluate ASR performance, we report word
error rate (WER), where lower WER indicates bet-
ter recognition accuracy.

Because evaluating WER for all MICL configu-
rations is computationally expensive, we use per-
plexity to evaluate the full configuration space and
run ASR evaluation with WER only on selected set-
tings. Therefore, we do not assume a direct analyti-
cal mapping between perplexity and WER. Instead,
we use perplexity as a configuration-selection sig-
nal and later provide empirical evidence that lower
perplexity is generally associated with lower WER
in the matched systems evaluated in this work.

4 Results and Analysis

4.1 Speech LLMs perform MICL

Tables 2 and 3 show results of Qwen3-Omni and
Phi4. Because Phi4 and Qwen3-Omni use different
tokenization and vocabulary sizes, absolute per-
plexity values are not directly comparable across
models. We therefore focus on relative perplexity
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Language Task 0 1 2 3 5 10 25 50 100

Khinalug T-ICL 1302 289 146 201 69 57 40 44 43
ICL 54 28 17 14 11 10 9 11 15
MICL 58 30 13 13 9 10 8 8 13
ASR 80

Kichwa T-ICL 4292 417 184 170 101 82 652 153 41
ICL 18 10 8 5 5 4 3 3 3
MICL 17 7 6 5 4 4 3 3 4
ASR 24

Mboshi  T-ICL 2320 172 101 80 59 40 28 23 20
IcL 178 51 37 29 21 16 11 10 9
MICL 189 34 24 17 13 10 7 7 9
ASR 242

Table 2: Perplexity results for in-context learning with Qwen3-Omni. Numeric columns indicate the number of
in-context samples. Task types follow the prompt designs described in Section 2.2.

changes within each model under different prompt-
ing settings.

Scaling behavior: Looking at the results of the
pretrained models, we observe a consistent pattern
across all ICL settings: increasing the number of in-
context samples generally lowers perplexity, even
with long prompts containing up to 100 samples,
demonstrating that in-context learning remains ef-
fective under long-context conditions.. Moreover,
ICL prompts yield lower perplexity than the no-
context ASR setting, indicating that both speech
LLMs can perform ICL by exploiting demonstra-
tions to better predict target transcriptions for lan-
guages not seen during training.

Modality utilization: When comparing T-ICL
and ICL for the pretrained models, we find that
incorporating the target audio consistently leads
to lower perplexity. This suggests that the models
effectively leverage the audio modality and under-
stand the ASR task beyond pure text prompting.

Comparing ICL and MICL for the pre-trained
models, Qwen3-Omni and Phi4 show different be-
haviors. For Qwen3-Omni in Table 2, MICL con-
sistently outperform ICL even with up to 100 sam-
ples, suggesting that Qwen3-Omni benefits from
in-context audio across the full context range we
evaluate. In contrast, for Phi4 in Table 3, MICL
tends to provide larger gains when the number of
in-context samples is small. In particular, MICL
consistently outperforms ICL when the context con-
tains at most three samples.

We hypothesize that these differences stem from
the models’ training strategies, particularly their
audio training scale, multilingual audio coverage,
and long-context audio modeling capacity. Phi4 is

3The abnormally high perplexity for Khinalug with 3 sam-
ples is consistent across different settings (Appendix H), indi-
cating imperfect sample selection .

trained on 2.3M hours of audio data and supports
eight languages, whereas Qwen3-Omni is trained
with 20M hours of audio data. It supports speech
understanding in 19 languages and can process au-
dio recordings of up to 40 minutes per instance
(Abouelenin et al., 2025; Xu et al., 2025). These
design differences may help explain why Qwen3-
Omni more consistently leverages audios under
long-context MICL, while Phi4 shows clearer ben-
efits primarily in shorter-context settings.

4.2 Cross-lingual fine-tuning benefits
uncovered languages

We explore cross-lingual transfer learning to lever-
age multilingual resources while excluding the tar-
get languages, as explained in Section 2.4. Due to
computational limitations, we conduct experiments
with Phi4 only. As shown in Table 3, fine-tuning
consistently improves Phi4 across all evaluated un-
seen languages. Notably, for Kichwa, cross-lingual
fine-tuning achieves performance close to that of
target-language fine-tuning, despite Kichwa being
excluded from the cross-lingual fine-tuning data.
This result indicates that increasing language diver-
sity during model adaptation can enhance the gener-
alization ability of speech LLMs, including transfer
to languages not observed during fine-tuning.

We further analyze how cross-lingual instruc-
tion fine-tuning interacts with MICL. Consistent
with the findings in Section 4.1, Phi4 benefits more
from paired audio—text in-context demonstrations,
particularly in low-shot settings. After instruction
fine-tuning, the model follows the MICL prompt
format more reliably and utilizes contextual infor-
mation more effectively; however, this improve-
ment is observed only with up to ten demonstra-
tions, matching the maximum number of samples
used during fine-tuning. Given that our fine-tuning
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Language  Model Task 0 1 2 3 5 10 25 50 100
Khinalug Phi4 T-ICL 7435 1347 955 779 328 248 193 166 175
ICL 1445 909 606 1778 189 154 143 147 158
MICL 1508 485 318 545 261 230 273 284 241
ASR 2045
Phi4 XFT T-ICL 3282 943 792 661 350 266 197 176 185
ICL 771 235 291 269 73 67 65 70 78
MICL 838 188 193 210 73 68 76 95 98
Phi4 TFT ICL 148 38 19 25 15 15 14 15 16
MICL 231 63 53 70 27 25 38 55 72
Kichwa Phi4 T-ICL 35157 3141 1568 1125 836 424 534 266 253
ICL 132 65 78 70 74 39 30 33 26
MICL 36 64 58 43 48 31 40 58 69
ASR 210
Phi4 XFT T-ICL 8287 1352 795 551 357 236 241 156 156
ICL 69 22 16 13 11 10 8 8 8
MICL 65 22 19 14 13 11 10 10 14
Phi4 TFT ICL 5 5 7 8 7 7 7 7 6
MICL 11 8 8 7 6 5 6 6 12
Mboshi Phi4 TICL 11407 436 240 190 131 84 62 54 52
ICL 1125 232 159 126 97 71 51 42 40
MICL 1192 249 161 116 93 75 63 70 84
ASR 3433
Phi4 XFT T-ICL 4897 367 217 171 126 85 63 58 57
ICL 781 116 71 56 44 33 26 24 25
MICL 609 83 55 43 36 28 26 30 30
Phi4 TFT ICL 7 8 7 7 7 7 6 6 6
MICL 11 12 12 14 16 16 14 13 17

Table 3: Perplexity results for in-context learning with Phi4. Numeric columns indicate the number of in-context
samples. Task types follow the prompt designs described in Section 2.2. Phi4 denotes the pre-trained model,
while XFT indicates cross-lingual fine-tuned models, and TFT indicates target-language fine-tuned models with the
in-context samples using the supervised data of the language.

data is limited in both size and diversity, and that
the model is fine-tuned with a restricted range of
in-context sample counts, we assume that scaling
up instruction fine-tuning—both in data volume
and diversity—could further improve speech con-
text understanding and enhance the effectiveness
of MICL.

4.3 Interpretable MICL

We analyze how speech LLMs utilize multimodal
demonstrations in MICL by examining attention
weights. Our analysis focuses on Phi4 as a repre-
sentative speech LLM, in which a decoder attends
over interleaved text and speech representations
produced by modality-specific encoders. We note
that attention is not a perfect explanation of model
behavior. Speech LLMs can exhibit attention ar-
tifacts, such as attention sinks, and strong head-
level specialization. Therefore, we treat attention
statistics as a diagnostic signal rather than causal
evidence (Chefer et al., 2021; Kang et al., 2025a,b).

We experiment on the Khinalug dataset. For
each example, we compute the attention mass from
generated output tokens to the tokens belonging
to prompt, demonstration audios and texts, target

audio and ASR task. We only report values on
demonstrations for analysis in this section, and
present the entire scores in Table 12 in Appendix F

Imbalanced attention on modalities: We first
quantify how much the model attends to the audio
part versus the text part among all attention goes
into the in-context demonstrations. Here, we av-
erage the attention mass across heads and layers,
and then across the evaluation set. Table 4 that
the model allocates more attention to text tokens
than to audio tokens in the demonstrations, even
though the audio representation is roughly three
times longer than the text representation in the Phi4
setting (Appendix E). Referring to previous work
about vision-based LLMs (Baldassini et al., 2024,
Chen et al., 2025a) showing multimodal LLMs
mainly learn from text context and needs to pay
more attention on visual modality, our finding con-
firms a similar imbalanced attention distribution
for the speech modality. This observation indicates
the potential to improve speech processing perfor-
mance by designing LLMs to pay more attention
to audio.

We further observe that increasing the number of
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in-context samples shifts relatively more attention
toward the audio samples. A possible explanation
is that LLM is capable of understanding the task
by learning the correspondence between audio and
text within each example pair, and thus tends to
increase attention on audios, which are as impor-
tant as texts. We also show this capability of un-
derstanding the correspondence within one pair in
Section 5.2.

# Samples  Audios  Texts
1 30.5%  69.5%
3 31.9% 68.1%
5 329%  67.1%
10 35.0%  65.0%

Table 4: Audio—text attention allocation ratios within
demonstrations for the Khinalug dataset using Phi4,
averaged over all attention heads and layers. The first
column indicates the number of in-context samples.

Layer-dependent modality allocation: Beyond
the global allocation averaged across layers, we
find a clear layer-dependent allocation to audio and
text samples. Figure 1 shows a consistent pattern
across different numbers of ICL samples: the first
and last layers attend more to audio, while other
layers attend more to text. One interpretation is
that early layers emphasize acoustic information
integration, middle layers focus on symbolic or se-
mantic cues from text, and deeper layers re-attend
to audio to support final token prediction (Jawa-
har et al., 2019; de Vries et al., 2020; Pasad et al.,
2021). We note that this is a hypothesis supported
by the observed attention pattern, not a guaranteed
mechanism. Nevertheless, the consistency of the
pattern across different sample sizes suggests that
it is a stable property of the model.

Understanding layer-wise modality preferences
has practical implications for interpretability and
model design (Choi et al., 2024; Lee et al., 2025;
Liu and Niehues, 2025). More broadly, our findings
indicate that a speech LLM can organize its compu-
tation hierarchically in a modality-aware manner,
offering insights for future work on improving mul-
timodal representation learning and robustness in
speech LLMs (Wu et al., 2025; Basile et al., 2025;
Jin et al., 2025).

4.4 MICL enhances ASR hypothesis selection

Direct ASR transcription: Speech LLMs can be
prompted to perform ASR directly. However, prior
work shows that prompting-based ASR is generally
weak for uncovered languages (Hsu and yi Lee,

2025; Zheng et al., 2025). We verify this in our
setting by prompting speech LLLMs to generate tran-
scriptions, with and without in-context demonstra-
tions, on the datasets used in this work. As shown
in Table 5, WER remain consistently high across
models, indicating that MICL prompting alone is
insufficient to achieve usable performance on these
uncovered languages. Although TFT-MICL per-
forms relatively better on Mboshi, which has the
most supervised data among these languages, it
still lags behind the acoustic models.

MICL hypothesis selection: To address that
limitation, we combine an stronger acoustic model
with a speech LLM through hypothesis selection.
We use MMS as the acoustic model, because it
outperforms Phi4 in fine-tuning with ASR tasks(
Appendix C). We select the MICL configurations
for hypothesis selection based on their perplexity
in the ICL evaluation. Although we do not evaluate
WER for every MICL configuration, the matched
results show a consistent trend that configurations
with lower perplexity also yield lower WER. We
therefore interpret perplexity as an empirical selec-
tion criterion rather than a direct substitute for ASR
evaluation.

As the results in Table 6 show, MICL-based
hypothesis selection improves over the acoustic
model baseline, indicating that speech LLMs can
provide useful contextual guidance when used for
re-ranking.

Inspecting the results of Phi4 fine-tuning, we
find that cross-lingual instruction fine-tuning im-
proves not only perplexity but also hypothesis selec-
tion performance. The best results are still achieved
with target-language fine-tuning, highlighting the
value of supervised data in the target language
when available.

Comparing to Qwen3-Omni, we conclude cross-
lingual fine-tuning enables Phi4 to achieve com-
parable performance, even though Qwen3-Omni
benefits from broad multilingual and multimodal
pre-training coverage. Target-language fine-tuned
Phi4 outperforms Qwen3-Omni on Kichwa and
Mboshi, while the gains are smaller on Khinalug,
where the amount of supervised data is the most
limited. This suggests that target-language fine-
tuning is most beneficial when sufficient supervised
data is available.

Text-only LM selection: We further include
several text-only re-ranking baselines to assess
whether text-only models can better capture contex-
tual information. We select off-the-shelf Llama3B
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Figure 1: Layer-wise attention allocation across demonstrations of 5 and 10 samples using Phi4, averaged over all

attention heads on the Khinalug dataset.

Qwen3-Omni

Language | ASR MICL XFTMICL TFTMICL | ASR MICL

Phi4
Khinalug | 138.6 127.6 111.2
Kichwa 143.7 1700 105.2
Mboshi 117.8 1449 106.9

127.6 108.8 5324
86.2 113.7 1650
38.6 1042 1129

Table 5: Experimental results for prompting Phi4 to generate transcriptions. ASR and ICL denote task types refereed

to Section 2.2, XFT indicates cross-lingual fine-tuned mode

Is, and TFT indicates target-language fine-tuned models

with the in-context samples using the supervised data of the language.

Model Khinalug Kichwa Mboshi
Acoustic 42.1 17.3 314
Multimodal LLM

Phi4 ASR-FT 41.5 17.4 29.9
Phi4 XFT 41.0 17.1 29.6
Phi4 TFT 40.8 16.6 28.6
Qwen3-Omni 40.7 17.2 30.0
Text-based LLM

Ngram-LM 39.6 17.7 30.6
Trans-LM 41.6 18.9 30.9
Llama 41.9 17.0 30.2
Oracle 36.5 12.4 22.1

Table 6: Experimental results for hypothesis selection
with MICL. Acoustic indicates the acoustic model out-
put. Oracle indicates selecting the best hypothesis by the
lowest WER against the ground truth. The remaining
methods select the hypothesis with the lowest perplex-
ity under the language model described in Section 4.4.
ASR-FT, XFT and TFT denote hypothesis selection
results with the models developed from standard fine-
tuning, cross-lingual fine-tuning and target-language
fine-tuning, respectively.

as strong text-only LLM. We also train two lan-
guage models (N-gram LM and transformer-based
LM) with target-language text. The re-ranking
systems are consistent with others in combining
acoustic scores and LM scores, as explained in
Section 2.5.

We find multimodal speech LLMs outperform

Llama across all languages in our setup. Although
comparisons across LLMs are not fully controlled
due to differences in architecture and pre-training
data, these results suggest that multimodal con-
ditioning is more effective for hypothesis selec-
tion than using a general-purpose text-only LLM.
Besides, we observe that cross-lingual fine-tuning
yields better or comparable ASR performance than
a language model trained specifically for the tar-
get language but without access to target-language
training data, demonstrating the effectiveness of
MICL.

Hypothesis selection VS Joint decoding: We
compare our approach with the popular joint decod-
ing approach with an n-gram LM ( details in Ap-
pendix B). Overall, joint decoding performs better
than hypothesis selection in our setup. Integrating
MICL in joint decoding might bring the best perfor-
mance, but it is substantially more computationally
expensive because joint decoding combines acous-
tic and language model scores at every decoding
timestep, which limits practicality for large scale
experiments and deployment.

Inference-time cost: To clarify the practical
cost of the proposed approach, we conducted a
preliminary measurement on the Khinalug dataset
using Phi4 with a randomly selected number of
paired in-context samples ranging from 1 to 10.
Loading the Phi4 model requires 11 GB of GPU
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memory, and hypothesis selection incurs an addi-
tional 11 GB, resulting in a total memory usage of
22 GB. The average inference time for hypothesis
selection is 3 seconds per item on a single NVIDIA
RTX 6000 GPU. Hypothesis generation also intro-
duces computational overhead; however, the acous-
tic model used in our experiments is approximately
20 times smaller than the speech LLM. This sug-
gests that the dominant inference cost arises from
the hypothesis-selection stage. Overall, these re-
sults indicate that the proposed approach is feasible
for practical deployment when a sufficiently capa-
ble GPU is available.

5 Ablation study

5.1 Benefits of language coverage

We show that cross-lingual instruction fine-tuning
improves MICL performance on unseen languages.
To better understand the role of multilingual cover-
age, we fine-tune the model using varying numbers
of training languages and evaluate it on the same
set of unseen languages. As shown in Table 7, per-
plexity on unseen languages consistently decreases
as the number of fine-tuning languages increases,
suggesting that broader language coverage leads to
better cross-lingual generalization. We note that
this trend may be influenced by both the language
diversity and the total amount of fine-tuning data.
Nevertheless, the results consistently indicate that
increasing language coverage during fine-tuning is
beneficial for MICL performance on unseen lan-
guages.

None 8 16 32 64 Al

Khinalug 233 156 93 76 68 68
Kichwa 31 33 20 16 15 11
Mboshi 75 49 36 33 27 28

Table 7: Perplexity for cross-lingual fine-tuning with
increasing language coverage. None indicates no fine-
tuning. Numeric values denote the cumulative number
of fine-tuning languages; for example, 16 extends 8 by
adding 8 additional languages. The first eight languages
match those covered by Phi4.

5.2 Attention allocation reflects what model
see in ICL

Although we observe clear layer-dependent atten-
tion allocation patterns, attention weights alone do
not guarantee that the model actually learns from
the attended context. We therefore perform an in-
tervention by replacing one in-context sample with

gold information. Concretely, we replace its tran-
scription with gold text, its audio with gold audio,
or both.

As Table 8 shows, replacing the text of the ran-
domly selected sample 4 substantially reduces per-
plexity, and replacing both audio and text further
improves performance. This aligns with the atten-
tion heatmap in Figure 2 in Appendix G, where
attention shifts more strongly toward sample 4 af-
ter replacement. Together, these results suggest
that attention allocation reflects actual in-context
usage and that the model relies on attended samples
for prediction.

Moreover, Table 8 and Figure 2 shows that re-
placing the text sample increases attention to the
corresponding audio sample, suggesting that the
model understands MICL task by connecting the
paired text and audio. In contrast, replacing only
the audio yields little improvement, possibly be-
cause text is easier for the model to exploit, or
audio-only cues are harder to leverage without
strong textual reference.

Perplexity | Audios  Texts

No change 68 35.0%  65.0%
Replace text 9 433%  56.7%
Replace Audio 67 36.1% 63.9%
Replace pair 2 46.7%  53.3%

Table 8: Evaluation results on perplexity and attention
allocation across audio and text when replacing one
in context example with a gold sample using different
replacement strategies for text audio or both.

6 Conclusion

This work shows that MICL is effective at learn-
ing unseen low-resource languages by leveraging
both speech and text modalities. We demonstrate
that prompt-based ASR performs poorly on un-
seen languages, and we propose a MICL-based
hypothesis selection approach that effectively com-
bines MICL’s contextual understanding with a
strong acoustic model. We further find that cross-
lingual transfer learning without seeing target lan-
guages achieves performance comparable to mod-
els trained with target-language data, indicating
the benefits of broader language coverage during
LLM development. Finally, we reveal that MICL
exhibits layer-dependent attention allocation with
a preference for text samples, offering insights for
developing more interpretable and effective multi-
modal LLMs.
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Limitations

We evaluate MICL on a single ASR task. While
this task is challenging, evaluating MICL on ad-
ditional speech and multimodal tasks would fur-
ther validate its generality. In addition, our experi-
ments are conducted on three languages. Although
the results are consistent across them, the overall
language coverage remains limited. Our evalua-
tion is restricted to two state-of-the-art open-source
speech LLMs, as the proposed hypothesis selection
approach requires access to model parameters. As
a result, we do not assess MICL on closed-source
LLMs, such as Gemini or GPT, and our findings
may not directly generalize to such models.

Ethics Statement

This work relies exclusively on publicly available
datasets and models, and we do not identify direct
ethical concerns associated with the proposed ap-
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for grammar correction of author-written text dur-
ing manuscript preparation.
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A Experimental setups

We experiment with Phi4-multimodal-instruct* and
Qwen3-Omni-30B-A3B-Instruct’ under constraints
of computation resources.

We experiment with NVIDIA RTX 6000 Ada
with 48GB for Phi4 and Nvidia RTX PRO 6000
Blackwell 96 GB for Qwen3-Omni. With hyperpa-
rameter tuning, we implement cross-lingual fine-
tuning with optimizer adamw_torch. The learning
rate is 1e-5 with weight decay of 0.01. The warm-
up step is 500 and the batch size is 8. The details
refer to the scripts.

The hypotheses generation model is mms-300m®.
We use Llama-3-8B-Instruct’ as for text-only LLM
hypothesis selection.

B Join Decoding and Hypothesis Selection

We propose a hypothesis selection approach using
MICL to improve ASR performance with an acous-
tic model in this work. Another way to improve
ASR performance of an acoustic model is to per-
form joint decoding with a language model. We
compare these two approaches and report results in
Table 9. Joint decoding consistently outperforms
hypothesis selection. It also exceeds the oracle re-
sults on Khinalug, which is the language with the
smallest amount of labeled data in our setup. As

4https://huggingface.co/microsoft/
Phi4-multimodal-instruct
5https://huggingface.co/Qwen/
Qwen3-0mni-30B-A3B-Instruct
®https://huggingface.co/facebook/mms-300m
7https://huggingface.co/meta—llama/
Meta-Llama-3-8B-Instruct

the amount of labeled data increases, the perfor-
mance gap between joint decoding and hypothesis
selection narrows. Overall, joint decoding is the
stronger approach in low resource settings, and
the results suggest further gains may be possible
by incorporating large language models into joint
decoding.

Joint decode  Hypo select  Hypo oracle
Khinalig 342 40.8 36.5
Kichwa 15.4 16.6 12.4
Mboshi 27.3 28.6 22.1

Table 9: Comparison between joint decoding with an n-
gram langauge model and hypothesis selection in ASR
evaluted with WER.

C Fine-tune with Target Language on
ASR Task

To support our statement that the acoustic model is
better than speech LLMs in building ASR models
for unseen languages, we fine-tune speech LLMS
following the standard ASR prompt. Comparing
Table 10 and Table 6, we can see the acoustic model
shows clearly better performance than the speech
LLMs, indicating the advantages of self-supervised
learning in low-resource languages.

MMS  Phi4
Khinalug  42.1 77.9
Kichwa 173 403
Mboshi 314 423

Table 10: Results of fine-tuning with target language on
ASR task.

D Prompt Design

Here are the prompt examples for T-ICL, ICL
and MICL with Phi4. The ones for Qwen3-omni
and the implementation details are available in the
github repo.

<|system|>You are an expert at learning the
language from provided samples.
<|user|>Here are sample texts.
Transcription: text_1

Transcription: text_2

Transcription: text_n

<|end|><|assistant|>

<|system|>You are an expert at learning the
language from provided samples. You are
also a helpful and accurate AI model that
transcribes audio clips into written text
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in that language.
<|user|>Here are sample texts.
Transcription: text_1
Transcription: text_2

Transcription: text_n <|audio_n+1>
Transcribe the audio clip into
text and output only the

transcription<|end|><|assistant|>

<|system|>You are an expert at learning the
language from provided samples. You are
also a helpful and accurate AI model that
transcribes audio clips into written text
in that language.

<|user|>Here are sample pairs of audio and
text.

<|audio_1> Transcription: text_1
<laudio_2> Transcription: text_2
<laudio_n> Transcription: text_n
<|audio_n+1> Transcribe the
clip into text and output only
transcription<|end|><|assistant|>

audio
the

E Representation Length Analysis

Experiment with Phi4 and Khinalug dataset, we
count the representation length of audio and text
samples to support attention allocation analysis. As
Table 11 shows, the audio representation lengths
is around three times longer than that of text, on
average of the first 20 test data with 10 in-context
samples

Textdata Audios Texts
1 302 126
2 576 231
3 331 153
4 1794 512
5 857 289
6 1023 329
7 1296 349
8 1664 500
9 711 274
10 412 171
11 459 183
12 298 105
13 1508 431
14 1232 355
15 704 256
16 864 251
17 312 174
18 537 191
19 446 169
20 1915 571

Sum 17241 5620

Table 11: Representation lengths for audio and text
samples

F Attention Allocation Results

As described in Section 4.3, in this section, we
show the full attention allocation results in Table 12.
Overall, most attention goes into prompt, which is
reasonable as the LLM is fine-tuned for instruction
following. The target audio gets more attention
than the demonstrations when the number of sam-
ple is one. However, there is more attention goes
into demonstration samples with the increase of
the number of sample, and we assume this might
because of the increasing representation length of
the samples.

G Attention Allocation for Replacing
with Gold Samples

To study whether attention allocation is actually
related to model learning, we perform intervention
experiments by replacing the fourth sample with
gold information. Figure 2 shows the attention
heatmaps with and without replacement. Unlike
Figure 1, which includes attention only on the in-
context samples, here we also include attention to
the target audio for reference.

Overall, most attention goes into prompt, which
is reasonable as the LLM is fine-tuned for instruc-
tion following. With the increase of the number of
samples, there is more attention goes into demon-
stration, but we assume this might because of the
increasing representation length of the samples.

We also observe that replacing the text or the
text—audio pair with gold information significantly
increases the corresponding attention, supporting
the analysis in Section 4.3 and Section 5.2. Notably,
attention to the gold information is comparable to
or higher than that to the target audio, indicating a
strong correlation between attention weights and
model learning.

H Sample Selection Strategy

We evaluate four sample selection strate-
gies: random, text-based, audio-based, and
text—audio—combined. We use the same acoustic
model of the hypotheses generation to generate the
transcript of the target audio, then search relevant
samples based on the prediction. The implementa-
tion details are available in the scripts. As shown
in Table 13, all selection strategies outperform
random sampling, indicating their effectiveness.
Among them, text-based and text—audio—combined
selection achieve strong overall performance, with
text-based selection performing particularly well
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#samples Prompt Audios  Texts Targetaudio Task
Phi4 1 76.1% 3.3% 5.6% 9.7% 5.3%
3 71.4% 6.3% 9.7% 7.1% 5.6%
5 69.3% 7.7% 11.1% 5.9% 5.9%
10 66.9% 9.3% 12.5% 4.7% 6.6%
Phi4 XFT 1 74.4% 2.8% 6.3% 11.0% 5.6
3 69.9% 4.6% 9.8% 9.9% 5.8%
5 68.2% 5.4% 11.0% 9.3% 6.1%
10 65.9% 6.6%  12.2% 8.7% 6.7%
10 (Replace text 4) 63.9% 9.7% 12.7% 7.0% 6.7%
10 (Replace audio 4)  64.7% 7.5% 13.3% 7.8% 6.7%
10 (Replace pair 4) 63.0% 111% 12.7% 6.5% 6.7%

Table 12: Attention allocation for different samples with Phi4 and cross-lingual FT LoRA settings.

Figure 2: Layer-wise attention allocation under different intervention settings. We show attention allocation with no
modification (left 1), with gold text replacing sample 4 (left 2), with gold audio replacing sample 4 (right 2), and
with both gold text and audio replacing sample 4 (right 1). We include the attentions on target audio for reference
purposes.

under longer context lengths. Based on these
results, we adopt text-based sample selection in
this work.

I Phi4 Fine-tuning Strategies

This work fine-tune Phi4 with the activate param-
eters in audio encoder, projector, and lora adapter
and frozen parameters of all the rest. This sec-
tion quantity the effectiveness and computational
cost of different fine-tuning modules. As Table
14 shows, there is no clear different between fine-
tuning only with LORA modules in decoder or with
additional modules.

J Fine-tuning Number of In-context
Samples

We evaluate cross-lingual fine-tuning under dif-
ferent sample-count settings. As shown in Ta-
ble 15, randomly selecting samples and increas-
ing the number of samples generally lead to better
performance.
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Language Type Task 0 1 2 3 5 10 25 50 100
Khinalug Random T-ICL 7392 1573 1156 967 861 686 438 345 287
ICL 1445 550 445 418 396 449 324 300 298
MICL 1508 580 482 466 532 658 552 534 447
Text-based T-ICL 7435 1347 955 779 328 248 193 166 175
ICL 1445 909 606 1778 189 154 143 147 158
MICL 1508 485 318 545 261 230 273 284 241
Audio-based T-ICL 7392 1578 1013 857 656 525 344 307 25
ICL 1497 880 429 378 342 343 285 288 262
MICL 1580 896 513 443 431 464 476 443 386
Text-Audio-combined T-ICL 7392 1037 663 553 437 281 223 200 189
ICL 1497 326 285 253 215 190 190 188 200
MICL 1580 341 334 298 271 306 304 346 276
Kichwa Random T-ICL 35157 5459 2119 2150 2181 2390 2780 1025 1267
ICL 132 72 56 58 48 42 44 50 55
MICL 136 85 57 60 66 60 67 69 230
Text-based T-ICL 35157 3141 1568 1125 836 424 534 266 253
ICL 132 65 78 70 74 39 30 33 26
MICL 136 64 58 43 48 31 40 58 69
Audio-based TIICL 35157 3157 1260 1018 880 1048 1302 857 1003
ICL 132 64 47 45 42 38 37 38 39
MICL 136 85 58 54 45 57 95 98 191
Text-Audio-combined T-ICL 35157 4297 1353 982 872 482 502 544 532
ICL 132 68 70 61 49 40 39 33 36
MICL 136 91 64 46 38 42 81 69 100

Table 13: Perplexity results of Phi4 with different sample selection strategies.

Module # Params 0 1 2 3 5 10 25 50 100
LORA 461IM 609 83 55 43 36 28 26 30 30
LORA + Projector 487TM 610 83 55 43 36 28 26 31 29

LORA + Projector + Audio Encoder  928M 568 77 51 40 33 25 23 27 26

Table 14: Experimental results with different fine-tuning strategies with Phi4

#Samples 0 1 2 3 5 10 25 50 100

Khinalug 1-5 778 183 231 230 76 72 82 104 112
1-10 838 188 193 210 73 68 76 95 98

Fix 5 1089 213 256 266 70 66 76 96 97

Fix 10 1034 200 218 241 64 59 68 84 87

Kichwa 1-5 63 19 16 14 13 10 9 10 14
1-10 65 22 19 4 13 11 10 10 14
Fix 5 77 23 18 14 12 10 9 9 13

Fix 10 85 25 19 14 12 9 8 8 10

Table 15: Results under different number of samples during cross-lingual fine-tuning for Khinalug and Kchwa. 1-5
indicates the sample number is randomly selected between 1 and 5 for each instance. and fix 5 indicates a fixed
number of 5 samples per instance
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