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ABSTRACT

We present a structured reasoning framework for the DCASE 2026
Audio-Dependent Question Answering task. Qwen3-Omni-30B-
A3B-Instruct is used as an offline teacher to generate structured rea-
soning targets containing audio evidence, option-level judgments,
and final answers for training MOSS-Audio-8B-Thinking. The stu-
dent model is optimized through full-response SFT and GRPO-style
post-training, followed by choice-permuted eight-sample voting at
inference time. Our complete system improves the original MOSS-
Audio baseline by 10.58 absolute percentage points. Under eight-
sample inference, the resulting 8B student achieves 62.79% accu-
racy on the development set, numerically comparable to the 62.48%
official Qwen3-Omni baseline.

Index Terms— audio-dependent question answering, audio-
language models, structured reasoning, supervised fine-tuning,
group-relative optimization

1. INTRODUCTION

Audio-dependent question answering [1, 2, 3] requires a model to
jointly understand an audio recording, a natural-language question,
and a set of candidate answers. Unlike text-only multiple-choice
reasoning, the correct answer must be grounded in acoustic events,
spoken content, or other properties of the input audio. In practice,
audio-language models may still rely on textual priors, produce rea-
soning that is weakly connected to the audio, or exhibit sensitivity
to the ordering of candidate choices. These issues make both reli-
able audio grounding and robust answer selection important for the
DCASE 2026 audio-dependent question answering task [4].

We address these challenges through structured reasoning dis-
tillation and group-relative post-training [5]. We first use Qwen3-
Omni-30B-A3B-Instruct [6] as an offline teacher to transform
the provided Gemini-generated chain-of-thought (CoT) annotations
into a unified format containing audio evidence, option-level judg-
ments, and the final answer. The teacher generation process is in-
dependently repeated three times with different random seeds, pro-
viding multiple reasoning annotations for the same question. After
automatic validation, the resulting structured data are used to fine-
tune MOSS-Audio-8B-Thinking [7] with full-response supervision.

Starting from the supervised model, we apply a GRPO-style
group-relative objective that jointly rewards answer correctness,
option-level judgment quality, answer–judgment consistency, and
output format validity. Candidate choices are randomly permuted

Figure 1: The overview of the AQA pipeline.

during post-training to reduce dependence on their original posi-
tions. At inference time, we generate eight stochastic predictions
under different choice orders, map every prediction back to the orig-
inal option order, and obtain the final answer through majority vot-
ing.

On the official development set, the complete system achieves
an accuracy of 62.79%, compared with 52.21% for the original
MOSS-Audio baseline. The results show that structured reason-
ing supervision substantially improves audio-dependent question
answering, while choice-order randomized multi-sample aggrega-
tion further increases the robustness of the final prediction.

2. METHOD

2.1. System Overview

As Figure 1 shows, Our system consists of four components: multi-
sample structured annotation generation, full-response SFT, group-
relative post-training, and choice-order randomized vote aggrega-
tion. The first three stages produce the final student model, while
the last stage is applied only during inference.

2.2. Structured Reasoning Distillation

The original training data contain an audio recording, a question,
multiple candidate answers, a ground-truth answer, and a Gemini
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CoT annotation. Instead of directly using the free-form CoT as the
SFT target, we employ Qwen3-Omni-30B-A3B-Instruct to trans-
form it into a unified structured representation.

Given the audio, question, candidate options, ground-truth an-
swer, and the original Gemini reasoning, the teacher model pro-
duces three fields:

• audio evidence: a concise description of the audio content
that is directly relevant to the question;

• option judgment: an explicit assessment of every candi-
date as supported, contradicted, or unsupported, together with
a short justification;

• answer: the text of the selected candidate option.

We independently run the teacher generation process three
times using different random seeds. Therefore, the same question
may be associated with multiple valid reasoning paths rather than a
single deterministic annotation. These independently sampled an-
notations increase the linguistic and reasoning diversity of the SFT
data while preserving the same ground-truth answer.

Teacher generations are automatically validated before training.
We discard an annotation if any required field is missing, if the gen-
erated answer does not match the ground-truth answer, if the option-
level judgments do not cover all candidates, or if the audio-evidence
field falls outside the predefined length range. Starting from 58,440
candidate annotations, 58,020 valid structured targets are retained.
Consequently, each original question contributes up to three SFT
examples.

2.3. Structured Reasoning Supervised Fine-Tuning

We use MOSS-Audio-8B-Thinking as the student model. Each
training input contains the audio recording, the question, and the
candidate options. The target response is organized as

y = ⟨think⟩ [e, j] ⟨/think⟩⟨answer⟩a⟨/answer⟩, (1)

where e denotes the audio evidence, j denotes the option-level judg-
ments, and a denotes the final answer.

The explicit think block aligns the structured reasoning target
with the native generation format of the student model. The final
answer remains outside the reasoning block so that it can be reliably
parsed during evaluation.

We perform parameter-efficient fine-tuning using LoRA [8]
with rank 16 and scaling factor 32. The language-model projec-
tion layers are adapted, while the audio encoder and audio projector
remain frozen. The language modeling loss is computed over the
complete assistant response, including the structured reasoning and
final answer:

LSFT = −
∑
t∈Y

log pθ (yt | x, y<t) , (2)

where x contains the audio and textual prompt, and Y denotes
the assistant-response tokens. Prompt and audio-input tokens are
masked from the loss.

2.4. Group-Relative Post-Training

Although SFT teaches the desired reasoning format, it assigns equal
token-level importance to both correct and imperfect generated rea-
soning patterns. We therefore continue training the SFT model us-
ing a GRPO-style group-relative objective that directly evaluates
sampled responses.

For each training question, we randomly permute the candidate
choices and sample a group of G = 4 responses. The order of
the choices is updated consistently in the prompt and in the answer
mapping. For a sampled response yi, the total reward is

Ri = 0.65Rans
i + 0.20Ropt

i + 0.10Rcon
i + 0.05Rfmt

i . (3)

The four reward terms are defined as follows:

• Rans evaluates whether the generated final answer matches the
ground-truth candidate;

• Ropt evaluates the agreement between the generated option-
level judgments and the teacher-derived structured reference;

• Rcon evaluates whether the selected answer is consistent with
the model’s own option judgments, e.g., whether the selected
candidate is labeled as supported;

• Rfmt evaluates structural validity, including the presence of the
required fields, coverage of all candidate options, and success-
ful answer parsing.

Answer correctness receives the largest weight so that improve-
ments in reasoning structure cannot compensate for an incorrect fi-
nal answer. The remaining terms encourage interpretable and inter-
nally consistent reasoning.

The rewards are standardized within each response group:

Ai =
Ri − µR

σR + ϵ
, (4)

where µR and σR are the mean and standard deviation of the four
rewards in the same group. The group-relative training loss is

LGRPO = − 1

G

G∑
i=1

Ai

 1

|yi|

|yi|∑
t=1

log pθ (yi,t | xi, yi,<t)

 . (5)

This objective increases the likelihood of responses whose re-
wards are above the group average and decreases the likelihood of
below-average responses. Averaging token log-probabilities within
each response reduces the direct influence of response length.

2.5. Choice-Order Randomized Multi-Sample Inference

Multiple-choice audio models may be sensitive to the positions of
the candidate options, while stochastic decoding can produce dif-
ferent answers for the same input. We address both issues through
choice-order randomized self-consistency.

For each evaluation question, we generate eight stochastic re-
sponses. The candidate choices are randomly reordered for every
vote, using distinct permutations whenever possible. After genera-
tion, the predicted answer is matched to an option under the current
permutation and then mapped back to its index in the original candi-
date ordering. The final prediction is obtained by voting over these
original option indices:

â = argmax
k

8∑
v=1

I
[
π−1
v

(
â(v)

)
= k

]
, (6)

where πv denotes the choice permutation used for the v-th genera-
tion and â(v) is the corresponding predicted option.

Mapping every prediction back to the original ordering ensures
that votes refer to option semantics rather than temporary option
positions. This procedure combines stochastic self-consistency with
choice-order augmentation and produces the final submitted answer.
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Table 1: Development-set results of the main system variants. The preliminary experiments validate the effectiveness of structured reasoning
supervision, while the final-system block shows the progressive construction of our submitted system. All results use single-sample decoding
except the last row.

System variant Student backbone #T Struct. SFT <think> GRPO Permuted 8-vote Acc. (%)

Preliminary validation of structured reasoning supervision
Base model MOSS-Audio 0 – – – – 52.21

Single-teacher structured SFT MOSS-Audio 1 ✓ – – – 56.94

Progressive construction of the final system
Three-run teacher annotation SFT MOSS-Audio-8B-Thinking 3 ✓ – – – 58.55

+ native thinking format MOSS-Audio-8B-Thinking 3 ✓ ✓ – – 58.62

+ group-relative post-training MOSS-Audio-8B-Thinking 3 ✓ ✓ ✓ – 58.99

+ choice-order self-consistency MOSS-Audio-8B-Thinking 3 ✓ ✓ ✓ ✓ 62.79
Note: #T denotes the maximum number of valid teacher annotations per question. The single-teacher system uses MOSS-Audio, whereas the remaining

systems use MOSS-Audio-8B-Thinking. The final row applies choice-permuted eight-sample voting.

Table 2: Comparison with the official baseline systems on the de-
velopment set.

System Accuracy (%)

Official baselines
Fun-Audio-Chat [9] 56.81
Kimi-Audio [10] 46.36
MiMo-Audio [11] 54.57
Qwen3-Omni [6] 62.48
Step-Audio 2 Mini [12] 50.53
Overall weighted average 54.15

Our system
MOSS-Audio baseline [7] 52.21
Final system 62.79

Note: The random-guess accuracy is 25.46%. The underlined value denotes
the strongest official baseline.

3. EXPERIMENTS

3.1. Datasets and models

We use the AudioMCQ-StrongAC-GeminiCoT [4, 1, 2, 3] train-
ing set provided for the challenge. Each training instance contains
an audio recording, a multiple-choice question, its candidate an-
swers, the ground-truth answer, and a Gemini-generated CoT an-
notation. As described in Section 2.2, Qwen3-Omni-30B-A3B-
Instruct is employed only as a teacher model to transform the origi-
nal free-form reasoning into structured audio evidence, option-level
judgments, and final answers. We run the teacher generation pro-
cess three times with different random seeds, resulting in 58,440
candidate annotations. After automatic validation, 58,020 annota-
tions are retained for supervised fine-tuning.

The final student model is MOSS-Audio-8B-Thinking. It is first
adapted with structured reasoning SFT and subsequently optimized
using our GRPO-style group-relative objective. Qwen3-Omni is
used only during offline annotation generation and is not required
during either development-set evaluation or competition inference.
For the preliminary experiment reported in Table 1, we additionally
use the original MOSS-Audio model to verify the effectiveness of
structured reasoning supervision. All reported accuracies are eval-
uated on the official DCASE 2026 Task 5 development set using
top-1 accuracy.

3.2. Implementation details

For clarity, we summarize only the most important hyperparame-
ters here; the complete configuration for teacher generation, SFT,
GRPO-style post-training, and inference is provided in Table 3 near
the end of the report. All stages use BF16 precision. Teacher anno-
tations are generated in three independent runs with a temperature
of 0.3 and top-p of 0.9. For structured SFT, we train MOSS-Audio-
8B-Thinking for one epoch using LoRA with rank 16 and α = 32, a
learning rate of 5×10−5, and a maximum sequence length of 6144.
LoRA is applied only to the language-model layers, while the audio
encoder and audio projector remain frozen.

The GRPO-style stage is initialized from the SFT model and
uses groups of four sampled responses, a learning rate of 2 ×
10−6, and online random permutation of the candidate choices.
The reward weights for answer correctness, option-level judgment,
answer–judgment consistency, and format validity are 0.65, 0.20,
0.10, and 0.05, respectively. During final inference, we generate
eight stochastic predictions per question with temperature 0.7 and
top-p 0.9, map the predictions back to the original choice order, and
aggregate them by majority voting.

3.3. Experimental Results

Table 2 compares our final system with the official development-set
baselines. Among the official systems, Qwen3-Omni achieves the
highest accuracy of 62.48%. Our final MOSS-Audio-8B-Thinking
system reaches 62.79%, exceeding the strongest official baseline
by 0.31 absolute percentage points. It also outperforms the offi-
cial weighted-average baseline by 8.64 percentage points. Notably,
Qwen3-Omni is used only for offline structured annotation gener-
ation in our pipeline; the submitted inference model is based on
MOSS-Audio-8B-Thinking.

Table 1 summarizes the development-set results of the main
system variants. The original MOSS-Audio model achieves an ac-
curacy of 52.21%. Fine-tuning it with one structured teacher an-
notation per question improves the accuracy to 56.94%. This result
provides an early validation that supervising the model with explicit
audio evidence, option-level judgments, and final answers is more
effective than directly using the pretrained model for answer pre-
diction.

For the final system, we replace the student backbone with
MOSS-Audio-8B-Thinking and use up to three independently sam-
pled Qwen3-Omni annotations per question. This configuration
reaches 58.55% with single-sample decoding. Since both the stu-
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Table 3: Main configurations for teacher annotation, structured SFT, GRPO-style post-training, and final inference.
Configuration Teacher SFT GRPO Inference

Model and data

Model Qwen3-Omni
30B-A3B-Instruct

MOSS-Audio
8B-Thinking

SFT-initialized
student

GRPO-trained
student

Data / runs AudioMCQ-StrongAC-
GeminiCoT; 3 runs

58,020 structured
annotations Structured references Official evaluation set

Optimization
Precision / epochs BF16 / – BF16 / 1 BF16 / 1 BF16 / –
Learning rate – 5× 10−5 2× 10−6 –
LoRA (r, α) – (16, 32) Continued training –
Batch / accumulation 32 / – 1 / 8 1 / 8 8 / –
Sampling and sequence settings
Samples per question 1 per run – 4 8
Temperature / top-p 0.3 / 0.9 – 0.7 / 0.9 0.7 / 0.9
Choice permutation – – Online Per vote
Maximum length
(prompt / completion / total) – / 1024 / – – / – / 6144 2048 / 768 / 6144 – / 768 / –

Reward weights
(Ans./Opt./Cons./Fmt.) – – 0.65 / 0.20

0.10 / 0.05 –

Note: LoRA is applied only to the language-model layers; the audio encoder and projector remain frozen. Final predictions are obtained by
voting over eight choice-permuted generations.

dent backbone and the amount of teacher supervision are changed,
this result should be interpreted as a system-level improvement
rather than a strictly controlled ablation. Wrapping the structured
rationale in the native <think> format results in 58.62%, indi-
cating that the format alignment preserves the model’s predictive
performance while matching its original reasoning interface.

Starting from this SFT model, GRPO-style group-relative post-
training further increases the single-sample accuracy to 58.99%. Fi-
nally, choice-order randomized eight-sample voting improves the
result to 62.79%, yielding a gain of 3.80 absolute percentage points
over single-sample decoding. The complete system therefore out-
performs the original MOSS-Audio baseline by 10.58 absolute per-
centage points. These results suggest that structured reasoning
supervision provides the main training-stage improvement, while
multi-sample aggregation substantially improves prediction robust-
ness at inference time.

4. CONCLUSION

We proposed a structured reasoning and post-training framework
for MOSS-Audio-8B-Thinking, combining multi-sample teacher
distillation, full-response SFT, GRPO-style optimization, and
choice-order randomized voting. The complete system achieves
62.79% accuracy, improving the original MOSS-Audio baseline by
10.58 absolute percentage points. Notably, the resulting 8B infer-
ence model reaches performance comparable to, and slightly higher
than, the official Qwen3-Omni-30B baseline, demonstrating that
structured teacher supervision and robust decoding enable an 8B
student backbone to approach the development-set performance of
the official Qwen3-Omni baseline.
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