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Abstract

Auditory Large Language Models (LLMs) have
demonstrated strong performance across a wide
range of speech and audio understanding tasks.
Nevertheless, they often struggle when applied
to low-resource or unfamiliar tasks. In case of
labeled in-domain data is scarce or mismatched
to the true test distribution, direct fine-tuning
can be brittle. In-Context Learning (ICL) pro-
vides a training-free, inference-time solution
by adapting auditory LLMs through condition-
ing on a few in-domain demonstrations. In this
work, we first show that Vanilla ICL, improves
zero-shot performance across diverse speech
and audio tasks for selected models which
suggest this ICL adaptation capability can
be generalized to multimodal setting. Build-
ing on this, we propose Speech In-Context
Learning Adaptation Training (SICL-AT),
a post-training recipe utilizes only high re-
source speech data intending to strengthen
model’s in-context learning capability. The
enhancement can generalize to audio under-
standing/reasoning task. Experiments indicate
our proposed method consistently outperforms
direct fine-tuning in low-resource scenario.

1 Introduction

In-domain data is difficult to collect at scale for
low-resource settings such as child’s speech and
audio reasoning tasks, where labels often require
careful curation and expert review. As a result,
target-domain supervision is typically limited and
may be under-representative of the true test distri-
bution, making direct fine-tuning brittle and some-
times harmful under domain shift. However, large-
scale data from out-of-domain sources is often read-
ily available. In the speech domain, for instance,
adult English ASR data is abundant and easy to col-
lect, whereas ASR data for child’s speech remains
scarce. This contrast raises an important question:

Can low-resource tasks benefit from high-
resource but out-of-domain data?

In-Context Learning (ICL) (Brown et al., 2020)
offers a promising paradigm for leveraging large-
scale out-of-domain data. Through ICL, LLMs
can be adapted to new tasks by conditioning on
a small set of labeled in-domain examples, with-
out requiring gradient updates. This approach has
been shown to be effective across a wide range of
modalities (Huang et al., 2023; Kong et al., 2024;
Xiaomi, 2025). Within the speech domain specifi-
cally, ICL has demonstrated notable gains on vari-
ous tasks including automatic speech recognition
(ASR) for children’s speech and unseen languages
or dialects (Wang et al., 2024b,a; Zhou et al., 2025;
Zheng et al., 2025b,a), speech translation (ST) (Pan
et al., 2023; Chen et al., 2024), and speech emotion
recognition (Yang et al., 2024; Thori et al., 2025).
Fundamentally, ICL enables models to explicitly
exploit contextual information to guide generation.
This enables us to improve performance on low-
resource tasks using only a small number of in-
domain examples. In this paper, we first demon-
strate that vanilla ICL consistently improves per-
formance across diverse speech and audio tasks.

Moreover, although high-resource out-of-
domain data often suffers from domain mismatch,
is it possible to perform ICL-style fine-tuning on
such data to teach models how to utilize contextual
cues, rather than merely memorizing domain-
specific knowledge? To this end, we propose
Speech In-Context Learning Adaptation-Tuning
(SICL-AT), a post-training strategy that explicitly
trains models to perform inference conditioned on
audio demonstrations, thereby strengthening the
models’ abilities to utilize contextual information
through ICL. Notably, by applying SICL-AT using
only high resource speech data, we achieve consis-
tent performance gains across low-resource ASR
and AU/AR on two different model backbones.
Furthermore, we run a case study to show our
proposed method is more stable than directly
finetuning in low resource scenario.
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Figure 1: Motivation and overview of SICL-AT for low-resource audio tasks. Left: Direct supervised fine-tuning
(SFT) on limited in-domain data often degrades performance under distribution shift due to domain mismatch
between scarce training samples and the target test distribution. Right: We instead perform SICL-style fine-tuning
on abundant, high-resource speech tasks using an ICL formatted objective, then apply SICL-style inference by
providing task demonstrations at test time to adapt the same LoRA-augmented auditory LLM to low-resource
domains, improving robustness and downstream performance.

2 Methodology

We propose Speech In-Context Learning
Adaptation-Tuning (SICL-AT), a post-training
recipe that explicitly teaches an auditory LLM to
inference conditioned on a small set of in-context
audio demonstrations. Figure 1 illustrates the
motivation and overall framework. Algorithm 1
summarizes the training procedure, and Table 1
lists the data used in each stage.

2.1 Training Instance

SICL-AT uses an episodic training format that

mirrors inference-time in-context learning. For

each task c, a query set ’Dc(lu)

(c)

poo

ery and a demonstra-

tion pool D | are maintained. A query instance

(%querys Yquery) ~ Déﬁ)ery and retrieve k in-context
demonstrations {(x;,y;)}¥_, are sampled from

DI()OZ)I at each step. The prompt is then constructed
using the concatenation of the k demonstrations
followed by the query. Conditioned on this full

context, the model generates the response yquery
according to P(yquery | L1,Ylye s Ty Yk, xquery)-

2.2 Training Data

We include three types of training data: Speech
Recognition (ASR), Speech Translation (ST), and
Speech Question Answering (SQA) (Table 1).

Cfg. Dataset Task / pair #samples
SICL-AT1 Common Voice ASR (en) 16,368
SICL-AT2 CoVoST2 +ST (total) 37,087
en—>zh 15,427
de—en 13,500
zh—en 4,842
pt—en 3,318
SICL-AT3* MMSU +SQA 5,000

Table 1: Training data breakdown.

We utilized the English subset of CommonVoice
(Ardila et al., 2020) and the en—zh, de—en,
zh—en, pt—en subsets of CoVoST2 (Wang et al.,
2021) for the ASR and ST tasks, respectively. For
both tasks, demonstrations are retrieved from the
training split using TICL (Zheng et al., 2025b).
The data is then organized into three configura-
tions. In SICL-AT1, only ASR data is included
while ST sets are further involved in SICL-AT2.
Additionally, SICL-AT3 includes MMSU dataset
(Wang et al., 2025) as SQA task for ablation study.
Since MMSU lacks official splits and is relatively
small, only the query instance is excluded from the
demonstration pool in a “leave-one-out” manner.

2.3 Models

SICL-AT is applied to both Qwen2.5-Omni (Jin
et al., 2025) and MiMo-Audio (Xiaomi, 2025).



Only LoRA adapters with rank of 8 and alpha of
32 are updated to avoid overfitting.

2.4 Evaluation Data & Metrics

Both Child’s ASR and Audio Understand-
ing/Reasoning tasks are utilized to evaluate the
ICL capability under low resource scenarios. Non-
overlap tasks spanning multilingual ASR and
speech translation are further incorporated to vali-
date the generalization of ICL.

Child’s ASR. Performance of child ASR is eval-
uated on two corpora with distinct distributions:
My Science Tutor (MyST) (Pradhan et al., 2024)
and Redmond Sentence Recall (RSR) (Redmond
et al., 2019). MyST contains conversational speech
from Grade 3-5 students, whereas RSR comprises
scripted speech from children aged 5-9. Following
(Zheng et al., 2025c¢), the utterance-level word er-
ror rate (WER) is computed, capped at 1, and then
averaged across utterances to mitigate the impact
of severe hallucinations on the aggregate metric.

Audio Understanding/Reasoning. Performance
of general audio understanding and reasoning is
evaluated on MMAU and MMAR, which encom-
pass speech, ambient sound, and music comprehen-
sion tasks. MMAU includes a diverse set of tasks
covering 27 skills, with a focus on perception and
domain-specific reasoning. MMAR comprises 16
subcategory tasks spanning speaker, environment,
and content reasoning; audio quality and difference
assessment; music and aesthetics; anomaly, spatial,
and temporal analysis; and general reasoning. For
both datasets, accuracy is reported on the public
test split using the official evaluation scripts.

Multilingual ASR & Speech Translation. To
verify that the improvements generalize beyond
the training tasks, multilingual ASR and ST are
additionally evaluated on CommonVoice (Ardila
et al., 2020) and CoVoST2 (Wang et al., 2021),
respectively. Evaluation is conducted on unseen
language pairs and languages (de, fr, zh, en—ja,
and ja—en). Word error rate (WER) is reported for
alphabetic languages, character error rate (CER)
for Chinese, and BLEU with up to 4-gram precision
for ST performance.

3 Experiments

3.1 Vanilla In-Context Learning

Across both models, adding retrieved demonstra-
tions at inference time (Vanilla SICL) improves

performance on most benchmarks, indicating that
auditory LLMs can leverage in-context examples as
a lightweight test-time adaptation signal. Gains are
especially consistent on child’s ASR and AU/AR,
with only a small number of exceptions.

3.2 Effect of SICL Fine-tuning

SICL-AT1 (ASR-only). SICL-AT1 yields the
strongest improvements on child’s ASR, supporting
the idea that SICL-style post-training enhances the
model’s ability to leverage in-domain demonstra-
tions for inference-time adaptation. The fact that
performance also improves on multilingual ASR
suggests the benefit extends beyond English recog-
nition. However, limited gains on speech transla-
tion and inconsistent improvement on AU/AR indi-
cate the enhanced adaptation capability is mainly
concentrated in ASR.

SICL-AT2 (ASR + ST). After incorporating
more training data from speech translation(SICL-
AT?2), model’s ICL adaptation ability for ST in-
crease as expected according to the rise of BLEU
score on non-overlap ST evaluation. We notice
AU/AR performance further increases for both
models which is interesting because neither ASR
nor ST task are overlap task as AU/AR, but we
manage to enhance model’s ICL adaptation capa-
bility on those tasks by training on those relatively
high resource data. Overall, these results suggest
that strengthening a model’s ICL adaptation does
not necessarily require large-scale data from the
exact same downstream task.

SICL-AT3 (ASR + ST + SQA). We further add
SQA to the post-training data (SICL-AT3), whose
prompt—answer structure more closely matches
AU/AR. This yields additional gains on AU/AR,
but comes with slight degradations on ASR/ST.
Together, these results offer a practical hint for
SICL-AT: post-training is most effective when the
training tasks resemble the intended downstream
tasks in supervision and prompt—answer format.
This observation motivates more principled mix-
ture design when targeting specific capabilities.

4 Compared to Direct Fine-tuning

To highlight the advantage of our approach in low-
resource settings, we run a small direct fine-tuning
baseline on a representative target task: child’s
ASR on RSR. Concretely, we fine-tune Qwen2.5-
Omni on the official RSR training split using super-
vised training, while keeping the setup comparable



Table 2: Summary of experiments. The de, zh and fr subset of CommonVoice is used for evaluating Multilingual
ASR. Speech Translation (ST) chooses a corresponding subset from CoVoST2. Detailed breakdown of MMAU and

MMAR is in the Appendix B.
Child’s ASR AU/AR Multilingual ASR
Fewshot JWER TAcc. JWER TBLEU

Tasks MyST RSR  MMAU MMAR de zh fr en—ja  ja—en
MiMo-Audio X 14.25 31.39 66.90% 54.70%  69.74 14.43 90.68 5.25 4.56
+Vanilla SICL v 11.55 16.84  72.60% 58.20%  37.46 11.05 45.88 26.56 13.95
+SICL-AT1 4 11.49 16.59 71.90% 57.70%  34.11 6.59 45.50 1.40 12.43
+SICL-AT2 4 11.51 16.89  72.90% 61.00%  30.49 6.51 39.47 36.92 16.76
+SICL-AT3 v 11.49 1695 73.40% 61.40% 31.22 6.62 40.46 36.84 15.24
QOwen2.5-Omni X 23.05 3565 65.80% 49.20%  5.75 5.15 7.80 41.70 22.84
+Vanilla SICL v 22.72 2786  67.30% 53.80%  5.07 5.39 7.50 42.58 24.27
+SICL-AT1 4 14.76 2096 69.60% 54.20%  4.42 5.12 6.39 43.16 23.58
+SICL-AT2 4 17.03 2195 71.10% 54.40% @ 4.75 4.71 6.51 47.57 26.46
+SICL-AT3 4 17.42 22.16 7210% 54.50%  4.58 4.73 6.57 47.19 26.34
Fine-tuned on CV-en X 19.83 30.61  63.90% 50.50%  8.64 7.37 10.58 31.80 11.07
+Vanilla SICL v 18.05 23.62 64.10% 50.40%  8.16 8.29 10.53 33.28 18.05
Fine-tuned on RSR X 29.47 31.09 6530% 4490%  8.43 7.84 11.42 43.72 16.27

to SICL-AT by updating only LoRA adapters. On
the RSR test split, where the available training data
is scarce and likely under representative, direct fine-
tuning improves over the zero-shot baseline. How-
ever, it does not surpass Vanilla SICL and remains
clearly worse than SICL-AT. More importantly, de-
spite both datasets contain children’s speech, the
degradation on the MyST test split further confirm
the harmfulness of distribution mismatch between
the fine-tuning and evaluation data.

We further examine whether fine-tuning on
high-resource data can help low-resource data
for the same task. Specifically, we fine-tune
Qwen2.5-Omni on the Common Voice English sub-
set. Strengthening general English ASR yields con-
sistent gains on children’s ASR, improving over the
original model in both zero-shot and few-shot set-
tings. Nevertheless, SICL-AT still delivers stronger
adaptation ability, underscoring the necessity of
explicitly training for ICL behavior rather than re-
lying on supervised fine-tuning alone.

Overall, this case study suggests that in low
resource scenario directly fine-tuning on nar-
rowly matched (or domain-shifted) data can over-
specialize and hurt generalization. In contrast,
leveraging limited in-domain data as demonstra-
tions enables more robust adaptation at inference
time. When high-resource data is available, SICL-
AT remains a more reliable strategy than direct fine-
tuning, as it more effectively strengthens gradient-

free, demonstration-conditioned adaptation that
transfers to low-resource scenarios.

5 Conclusion

This work studies speech in-context learning
(SICL) as an inference-time adaptation mechanism
for large auditory LLMs which can be applied to
a broad range of speech and audio tasks by simply
conditioning on a small set of audio demonstra-
tions (Vanilla SICL), including child’s ASR, mul-
tilingual ASR, speech translation, and general au-
dio understanding/reasoning. Building on this, we
propose Speech In-Context Learning Adaptation-
Training (SICL-AT), a post-training recipe that ex-
plicitly trains models in the same demonstration-
conditioned format used at inference. Across two
model families, SICL-AT strengthens and stabilizes
in-context learning behavior, and improvements
transfer beyond the training skill types. Our abla-
tions suggest that aligning post-training episodes
with downstream task format can further boost tar-
geted capabilities. Finally, we use a case study to
show that our proposed method is preferable when
in-domain data is limited but high resource data is
largely available.

Limitations

Our experiments cover two model families and
a fixed set of benchmarks and retrieval choices,
and we do not fully characterize the inference-cost



scaling with longer contexts or perform extensive
qualitative failure analysis. Researchers should
also notice SICL performance depends on retrieval
quality and the availability of representative ex-
amples, which may be limited in truly data-scarce
deployments.

Ethical Statement

This work studies speech in-context learning and
post-training strategies for large multimodal speech
models, with experiments on automatic speech
recognition (including child speech), multilingual
ASR, speech translation, and audio understand-
ing/reasoning.

Data use and privacy. All experiments use
existing datasets released by their respective cre-
ators under their original licenses and access
conditions. Several benchmarks include record-
ings of minors (child speech). We do not col-
lect new human-subject data, and we rely on
the dataset providers’ consent procedures and de-
identification/anonymization practices. In our pro-
cessing and evaluation, we treat audio as sensitive
data: we do not attempt speaker identification, at-
tribute inference, or any linkage to real identities,
and we report only aggregate metrics. If we re-
lease code, we will avoid distributing any audio or
metadata that could re-identify participants.

Potential risks and mitigations. Improved
speech recognition and understanding can be ben-
eficial (e.g., accessibility and education), but also
carries risks, including privacy-invasive surveil-
lance, profiling, or harmful deployment in high-
stakes settings. In addition, ASR errors are not uni-
formly distributed across speakers; child speech,
accented speech, and low-resource languages are
historically more error-prone. To mitigate these
concerns, we (i) explicitly evaluate on diverse set-
tings (children speech and multilingual/translation
tasks) to surface performance gaps, (ii) emphasize
that reported improvements do not imply suitability
for safety-critical or rights-impacting uses, and (iii)
recommend that any deployment include informed
consent, security controls, and continuous monitor-
ing for differential error rates across groups.

Misuse considerations. Our methods could be
used to adapt general models to new domains with
limited data, which might lower the barrier for mis-
use. We therefore focus on research settings, report
limitations under domain shift, and encourage re-
sponsible release practices (e.g., documentation

of training data, intended use, and known failure
modes). We do not claim that the models provide
clinical or diagnostic judgments, and our results
should not be used as a substitute for professional
assessment.

Environmental impact. Training and evalua-
tion require non-trivial compute. We reduce cost
by using parameter-efficient adaptation (LoRA)
and by keeping most experiments comparable and
bounded in scale. Where possible, we will report
key training configurations to support reproducibil-
ity and to help others estimate compute needs.

Al usage statement. Generative Al tools (large
language models) were used in a limited way to
assist with writing and editing (e.g., improving clar-
ity, grammar, and I£IEX formatting). All techni-
cal content—including experimental design, imple-
mentation, results, and claims—was produced and
verified by the authors, who take full responsibility
for the paper. No private, restricted, or unpublished
dataset content was provided to these tools beyond
text intended for the manuscript, and the tools were
not used to generate or manipulate evaluation data,
labels, or reported metrics.

Software and packages. Our experiments
were implemented using standard open-source
toolchains (e.g., PyTorch, Hugging Face Trans-
formers/Datasets, and common evaluation libraries
for ASR/ST), along with publicly available scripts
provided by dataset/benchmark authors when ap-
plicable.

Descriptive statistics. We report corpus-level
WER/BLEU/accuracy on the full evaluation sets.
Unless otherwise noted, each result corresponds to
a single evaluation run of a fixed checkpoint with
fixed decoding/retrieval settings (we do not report
mean/std over multiple random seeds).
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A SICL-AT Algorithm

Algorithm 1: SICL-AT

Input: C training tasks,
each has query set
N Ne,query
Dg,ﬁ)ery = {(xc,yc)(”}j:’f v, and demo

V1 NVe,poo
pool D), = {(we, o) OV}
for step < 1 to Total_Step do

(1) Sample task index ¢ ~ {1,...,C}
(2) Sample («Tquerya yquery) ~ DgﬁLry
(3) Retrieve {(zi,y;)}r_, from D

pool
(4) Update parameters to maximize
P(yquery ‘ T1,Y15-- -5 Tk, Yk, :L'query)

B General Audio Understanding and
Reasoning Performance Breakdowns



Table 3: MMAU accuracy breakdown by group/item for MiMo-Audio.

Group Item n Oshot ICL SICL-AT1 SICL-AT2 SICL-AT3
Task sound 333 7L.77%  75.98% 78.98% 75.98% 78.08%
Task music 334 6527%  66.77% 65.57% 68.86% 68.26%
Task speech 333 63.66%  75.08% 71.17% 73.87% 73.87%
Difficulty easy 224 5580%  66.52% 59.82% 64.29% 65.18%
Difficulty hard 236 64.41%  71.19% 72.88% 71.61% 69.92%
Difficulty medium 540  7259%  75.74% 76.48% 77.04% 78.33%
Sub-category  Acoustic Source Inference 48 72.92%  81.25% 85.42% 70.83% 79.17%
Sub-category Temporal Event Reasoning 48 66.67%  62.50% 75.00% 62.50% 66.67%
Sub-category  Dissonant Emotion Interpretation 35 80.00%  85.71% 74.29% 82.86% 80.00%
Sub-category Event-Based Knowledge Retrieval 33 75.76%  90.91% 81.82% 93.94% 87.88%
Sub-category Counting 29 48.28%  55.17% 55.17% 62.07% 55.17%
Sub-category  Phonemic Stress Pattern Analysis 53 39.62%  62.26% 52.83% 50.94% 60.38%
Sub-category Emotion State summarisation 44 56.82%  56.82% 61.36% 61.36% 63.64%
Sub-category  Conversational Fact Retrieval 22 86.36%  95.45% 95.45% 90.91% 100.00%
Sub-category  Key highlight Extraction 21 80.95%  90.48% 95.24% 90.48% 90.48%
Sub-category Multi Speaker Role Mapping 27 100.00% 100.00%  100.00% 100.00% 100.00%
Sub-category  Phonological Sequence Decoding 49 59.18%  81.63% 69.39% 75.51% 71.43%
Sub-category Emotion Flip Detection 20 35.00%  45.00% 55.00% 55.00% 50.00%
Sub-category Instrumentation 35 60.00%  71.43% 68.57% 77.14% 68.57%
Sub-category Temporal Reasoning 56 41.07%  37.50% 39.29% 41.07% 39.29%
Sub-category Lyrical Reasoning 10 90.00%  90.00% 90.00% 90.00% 90.00%
Sub-category  Socio-cultural Interpretation 20 65.00%  75.00% 70.00% 70.00% 80.00%
Sub-category Rhythm and Tempo Understanding 46 69.57%  63.04% 60.87% 65.22% 71.74%
Sub-category Musical Texture Interpretation 34 73.53%  76.47% 70.59% 76.47% 76.47%
Sub-category Melodic Structure Interpretation 33 66.67%  66.67% 54.55% 63.64% 54.55%
Sub-category Harmony and Chord Progressions 33 63.64%  63.64% 66.67% 69.70% 63.64%
Sub-category Musical Genre Reasoning 34 70.59%  79.41% 88.24% 85.29% 88.24%
Sub-category  Event-Based Sound Reasoning 48 79.17%  83.33% 81.25% 89.58% 81.25%
Sub-category Emotional Tone Interpretation 33 84.85%  84.85% 84.85% 84.85% 87.88%
Sub-category  Eco-Acoustic Knowledge 47 68.09%  72.34% 76.60% 82.98% 78.72%
Sub-category Ambient Sound Interpretation 48 62.50%  72.92% 77.08% 72.92% 75.00%
Sub-category  Acoustic Scene Reasoning 48 70.83%  70.83% 64.58% 64.58% 75.00%
Sub-category  Sound-Based Event Recognition 46 82.61%  89.13% 93.48% 89.13% 91.30%
Overall Total Accuracy 1000  66.90%  72.60% 71.90% 72.90% 73.40%




Table 4: MMAU accuracy breakdown by group/item for Qwen2.5-Omni.

Group Item n Oshot ICL SICL-AT1 SICL-AT2 SICL-AT3
Task sound 333 68.17%  73.87% 77.18% 75.08% 78.08%
Task music 334 62.28%  62.28% 61.98% 65.27% 66.77%
Task speech 333 6697%  65.77% 69.67% 72.97% 71.47%
Difficulty easy 224 63.84%  61.16% 63.39% 68.30% 68.30%
Difficulty hard 236 61.44%  60.17% 64.83% 63.56% 69.07%
Difficulty medium 540  68.52%  72.96% 74.26% 75.56% 75.00%
Sub-category  Acoustic Source Inference 48 81.25%  81.25% 93.75% 89.58% 87.50%
Sub-category Temporal Event Reasoning 48 41.67%  64.58% 52.08% 58.33% 60.42%
Sub-category  Dissonant Emotion Interpretation 35 7143%  88.57% 82.86% 94.29% 82.86%
Sub-category Event-Based Knowledge Retrieval 33 75.76%  75.76% 78.79% 87.88% 78.79%
Sub-category Counting 29 68.97%  58.62% 58.62% 62.07% 55.17%
Sub-category  Phonemic Stress Pattern Analysis 53 43.40%  41.51% 43.40% 49.06% 47.17%
Sub-category Emotion State summarisation 44 50.00%  45.45% 56.82% 45.45% 54.55%
Sub-category  Conversational Fact Retrieval 22 95.45%  86.36% 90.91% 95.45% 90.91%
Sub-category  Key highlight Extraction 21 76.19%  85.71% 80.95% 85.71% 85.71%
Sub-category Multi Speaker Role Mapping 27 100.00% 100.00%  100.00% 100.00% 100.00%
Sub-category  Phonological Sequence Decoding 49 79.59%  77.55% 89.80% 91.84% 89.80%
Sub-category Emotion Flip Detection 20 25.00% 10.00% 20.00% 30.00% 45.00%
Sub-category Instrumentation 35 74.29%  62.86% 74.29% 77.14% 77.14%
Sub-category Temporal Reasoning 56 42.86%  35.71% 35.71% 41.07% 37.50%
Sub-category  Lyrical Reasoning 10 60.00%  90.00% 90.00% 90.00% 100.00%
Sub-category  Socio-cultural Interpretation 20 70.00%  65.00% 70.00% 65.00% 70.00%
Sub-category Rhythm and Tempo Understanding 46 50.00%  54.35% 56.52% 58.70% 45.65%
Sub-category Musical Texture Interpretation 34 70.59%  76.47% 64.71% 73.53% 67.65%
Sub-category Melodic Structure Interpretation 33 57.58%  63.64% 57.58% 57.58% 72.73%
Sub-category Harmony and Chord Progressions 33 51.52%  60.61% 63.64% 63.64% 69.70%
Sub-category Musical Genre Reasoning 34 88.24%  82.35% 70.59% 79.41% 88.24%
Sub-category  Event-Based Sound Reasoning 48 66.67%  77.08% 83.33% 79.17% 81.25%
Sub-category Emotional Tone Interpretation 33 75.76%  72.73% 78.79% 81.82% 90.91%
Sub-category  Eco-Acoustic Knowledge 47 74.47%  78.72% 80.85% 85.11% 82.98%
Sub-category Ambient Sound Interpretation 48 77.08%  70.83% 81.25% 68.75% 79.17%
Sub-category  Acoustic Scene Reasoning 48 5833%  62.50% 66.67% 64.58% 75.00%
Sub-category  Sound-Based Event Recognition 46 78.26%  82.61% 82.61% 80.43% 80.43%
Overall Total Accuracy 1000 65.80%  67.30% 69.60% 71.10% 72.10%




Table 5: MMAR Accuracy breakdown for MiMo-Audio.

Group Item n Oshot  Vanilla SICL SICL-AT1 SICL-AT2 SICL-AT3
Modality sound 165 53.33% 52.73% 55.15% 60.61% 62.42%
Modality music 206  39.32% 43.20% 44.17% 46.60% 46.12%
Modality speech 294 58.84% 63.61% 63.61% 66.33% 66.67%
Modality mix-sound-music 11 4545% 27.27% 27.27% 27.27% 45.45%
Modality mix-sound-speech 218 63.30% 68.35% 65.60% 69.27% 67.43%
Modality mix-music-speech 82  58.54% 57.32% 56.10% 58.54% 60.98%
Modality mix-sound-music-speech 24 58.33% 83.33% 66.67% 70.83% 75.00%
Category Signal Layer 43 53.49% 55.81% 48.84% 62.79% 60.47%
Category Perception Layer 404 52.72% 53.71% 56.19% 57.92% 58.42%
Category Semantic Layer 412 58.98% 65.05% 62.38% 66.50% 66.26%
Category Cultural Layer 141  48.23% 51.77% 51.06% 53.19% 56.03%
Sub-category  Speaker Analysis 48  62.50% 62.50% 54.17% 64.58% 60.42%
Sub-category  Environmental Perception and Reasoning 149  59.06% 61.07% 66.44% 71.14% 73.15%
Sub-category  Content Analysis 304 60.20% 67.76% 64.47% 67.43% 68.42%
Sub-category  Correlation Analysis 50  62.00% 58.00% 60.00% 58.00% 62.00%
Sub-category  Counting and Statistics 99  42.42% 44.44% 40.40% 39.39% 39.39%
Sub-category  Professional Knowledge and Reasoning 71 47.89% 54.93% 53.52% 52.11% 56.34%
Sub-category  Culture of Speaker 52 50.00% 46.15% 48.08% 57.69% 59.62%
Sub-category  Aesthetic Evaluation 8 37.50% 62.50% 37.50% 50.00% 50.00%
Sub-category Emotion and Intention 60  50.00% 53.33% 58.33% 63.33% 60.00%
Sub-category  Anomaly Detection 17 58.82% 52.94% 47.06% 64.71% 64.71%
Sub-category  Spatial Analysis 15 60.00% 53.33% 73.33% 73.33% 66.67%
Sub-category  Temporal Analysis 28 53.57% 57.14% 53.57% 57.14% 57.14%
Sub-category  Acoustic Quality Analysis 18 33.33% 44.44% 33.33% 44.44% 44.44%
Sub-category  Music Theory 63 44.44% 46.03% 50.79% 52.38% 49.21%
Sub-category  Audio Difference Analysis 8 87.50% 87.50% 87.50% 100.00% 87.50%
Sub-category  Imagination 10 50.00% 50.00% 60.00% 40.00% 40.00%
Overall Total Accuracy 1000  54.70% 58.20% 57.710% 61.00% 61.40%

Table 6: MMAR Accuracy breakdown for Qwen2.5-Omni.

Group Item n Oshot  Vanilla SICL SICL-AT1 SICL-AT2 SICL-AT3
Modality sound 165  47.27% 52.12% 55.76% 59.39% 60.00%
Modality music 206  36.89% 39.81% 42.23% 44.66% 41.75%
Modality speech 294 51.70% 56.46% 56.12% 55.44% 57.48%
Modality mix-sound-music 11 2727% 63.64% 45.45% 36.36% 54.55%
Modality mix-sound-speech 218 56.42% 58.72% 57.34% 55.96% 56.42%
Modality mix-music-speech 82  54.88% 63.41% 63.41% 60.98% 58.54%
Modality mix-sound-music-speech 24 62.50% 70.83% 66.67% 62.50% 58.33%
Category Signal Layer 43 25.58% 46.51% 51.16% 51.16% 60.47%
Category Perception Layer 404  46.29% 48.76% 52.23% 52.72% 50.50%
Category Semantic Layer 412 55.10% 59.22% 57.04% 58.74% 60.19%
Category Cultural Layer 141 47.52% 54.61% 52.48% 47.52% 47.52%
Sub-category  Speaker Analysis 48  56.25% 45.83% 52.08% 60.42% 64.58%
Sub-category  Environmental Perception and Reasoning 149 64.43% 64.43% 63.76% 65.77% 66.44%
Sub-category  Content Analysis 304 55.26% 62.17% 57.89% 59.87% 60.53%
Sub-category  Correlation Analysis 50  46.00% 60.00% 54.00% 56.00% 62.00%
Sub-category  Counting and Statistics 99  31.31% 32.32% 36.36% 35.35% 30.30%
Sub-category  Professional Knowledge and Reasoning 71 47.89% 56.34% 50.70% 56.34% 47.89%
Sub-category  Culture of Speaker 52 44.23% 51.92% 53.85% 36.54% 48.08%
Sub-category  Aesthetic Evaluation 8 75.00% 50.00% 37.50% 37.50% 50.00%
Sub-category Emotion and Intention 60  53.33% 55.00% 56.67% 51.67% 55.00%
Sub-category  Anomaly Detection 17 3529% 47.06% 47.06% 47.06% 76.47%
Sub-category  Spatial Analysis 15 53.33% 40.00% 66.67% 53.33% 53.33%
Sub-category  Temporal Analysis 28  28.57% 42.86% 50.00% 46.43% 42.86%
Sub-category  Acoustic Quality Analysis 18 11.11% 44.44% 50.00% 50.00% 55.56%
Sub-category Music Theory 63 33.33% 33.33% 46.03% 49.21% 38.10%
Sub-category  Audio Difference Analysis 8 37.50% 50.00% 62.50% 62.50% 37.50%
Sub-category Imagination 10 40.00% 60.00% 70.00% 50.00% 40.00%
Overall Total Accuracy 1000 49.20% 53.80% 54.20% 54.40% 54.50%

10



	Introduction
	Methodology
	Training Instance
	Training Data
	Models
	Evaluation Data & Metrics

	Experiments
	Vanilla In-Context Learning
	Effect of SICL Fine-tuning

	Compared to Direct Fine-tuning
	Conclusion
	SICL-AT Algorithm
	General Audio Understanding and Reasoning Performance Breakdowns

