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ABSTRACT

This report describes our system for DCASE 2026 Task
5, Audio-Dependent Question Answering (ADQA), which
evaluates whether models answer multiple-choice questions
by grounding their decisions in the input audio rather
than relying on textual priors. Our systems are built
around MOSS-Audio-8B-Thinking and combine prompt cal-
ibration, audio-contrastive hard-example selection, GDPO-
based LoRA adaptation, acoustic tagger-assisted inference,
and permutation-based ensemble voting. We first calibrate
a constrained answer-letter prompt to provide a stable inter-
face for zero-shot inference, likelihood-based diagnostics, and
training data construction. We then compare option-level
scores under the original audio and a silent control signal
to identify shortcut-prone examples, audio-evidence anchors,
and audio-dependent error cases. These examples are used to
construct a hard-example reservoir for GDPO-based LoRA
adaptation. At inference time, we use a lightweight rule-
routed acoustic tagger that selectively injects weak evidence
from specialized analyzers, including VAD /silence features,
ASR and word-level prosody, speaker diarization, speaker
verification, and CLAP-based music/background matching.
We submitted four systems: a training-free MOSS system
with acoustic tagging, an RL-adapted MOSS system with
the same tagger, a ten-permutation MOSS ensemble using
majority voting, and a mixed MOSS-Qwen ensemble us-
ing four MOSS-8B and two Qwen-30B predictions under the
100B system-size limit. For the mixed ensemble, option-level
log probabilities are normalized within each prediction and
combined by a weighted sum. The best single MOSS-based
system achieves 69.695% accuracy on the development set,
while the best MOSS—Qwen ensemble achieves 70.504%.

Index Terms— Audio-dependent question answering,
large audio-language models, hard-example mining, acoustic
tagger
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1. INTRODUCTION

Audio question answering (AQA) requires a model to infer
an answer from both an audio signal and a natural-language
question, making it a query-conditioned audio understand-
ing task [1, 2]. Unlike audio captioning or closed-set au-
dio classification, the relevant evidence is determined by the
question and may involve speech content, speaker attributes,
music characteristics, environmental events, temporal struc-
ture, or their interactions. This query-conditioned nature
makes AQA a useful testbed for Large Audio-Language Mod-
els (LALMSs), but recent studies show that audio reasoning
remains difficult, particularly when the answer requires tem-
poral evidence or when models can exploit text-only short-
cuts [3, 4].

DCASE 2026 Task 5 focuses on this issue through Audio-
Dependent Question Answering (ADQA), which emphasizes
questions whose answers should depend on the provided au-
dio signal [5]. The task is therefore not only about answer-
ing audio-related questions, but about suppressing text-only
shortcuts and encouraging decisions that are grounded in
acoustic evidence. To construct such an evaluation setting,
the task uses Audio-Dependency Filtering (ADF), includ-
ing silent-audio filtering, common-sense checks, soft text-
shortcut filtering, and manual verification [5]. In this set-
ting, a strong system should not merely be a capable lan-
guage reasoner; it should remain sensitive to the presence,
absence, and discriminative content of the audio.

We build our system on MOSS-Audio-8B-Thinking, a
unified audio-language model designed for speech, environ-
mental sound, music understanding, time-aware question an-
swering, and audio-grounded reasoning [6]. Our main idea is
to use the model’s own sensitivity to audio as a training
signal. We first calibrate a compact answer-letter prompt
for stable multiple-choice prediction, and then compare the
model’s option scores under the original audio and a silent
control signal. This audio-contrastive diagnostic pass is used
to mine examples where the model is likely to rely on textual
shortcuts, confuse acoustically plausible distractors, or fail
despite useful audio evidence. We then construct a hard-
example reservoir from these selected examples and adapt
the model with GDPO-based LoRA training. Separately
from the training pipeline, we also explore router-assisted
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You are an expert in audio understanding.

IMPORTANT:

- You MUST listen to the audio carefully before answering.

- You MUST rely on the audio content to answer the question.

- Do NOT answer based only on the text of the question or
choices.

- Answer with ONLY one letter: {valid letters}.
Question: {question}

Choices:

{choice lines}

Answer:

Figure 1: Prompt template used as the shared answer-
letter interface for direct inference, audio-contrastive log-
probability diagnostics, RL rollouts, and choice-permutation
scoring.

acoustic evidence as an inference-time module that can op-
tionally provide weak cues from specialized audio analyzers.

Based on these components, we construct four sub-
mitted systems that progressively combine training-free
MOSS inference, GDPO-adapted MOSS inference, choice-
permutation voting, and mixed MOSS—Qwen log-probability
fusion.  The best single MOSS-based system achieves
69.695% development accuracy, and the mixed ensemble
reaches 70.504%, suggesting that calibrated prompting,
audio-contrastive adaptation, acoustic evidence injection,
and ensemble aggregation provide complementary gains un-
der the ADQA setting.

2. METHOD

2.1. Prompt calibration for answer-letter prediction

Before any training, we calibrated the multiple-choice
prompt used by MOSS-Audio-8B-Thinking. Because large
language models can be sensitive to prompt format and
answer-token biases, we treat this step as a lightweight but
important form of task adaptation [7, 8]. The prompt de-
fines the model’s final-answer interface and determines how
answer choices are represented in the next-token distribu-
tion.

In preliminary comparisons, final answer-letter predic-
tion was more stable than free-form answer-text generation.
We therefore use the compact answer-letter interface shown
in Fig. 1. This design reduces lexical variation and parsing
ambiguity, fixes a common answer cue for option-level log-
probability extraction, and makes choice-permutation aggre-
gation straightforward. At inference time, for routed ex-
amples, auxiliary acoustic evidence is inserted above the
question, but the final-answer interface remains unchanged:
the model must select one valid option letter, which is then
mapped back to the corresponding answer text for submis-
sion.

2.2. Audio-contrastive hard-example selection

Let an example be z; = (ai,qi,Ci,y;), where a; is the
audio, ¢; is the question, C; = {c*,c?,cf, P} is the
choice set, and y; € {A, B,C, D} is the reference answer.
We also define a silent control audio a. For each con-

dition » € {audio,silent}, the model assigns next-token
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Correct/ high GT confidence

Shortcut boundary Audio anchor

ect; low 8, or high silent-control confidence orrect; high &,

Recoverable
Confident wrong

wrong; high &
g high 8preq 2

Incorrect / low GT confidence

low audio gain / shortcut-prone high audio gain / auc

o-grounded

Figure 2: Conceptual boundary space for audio-contrastive
hard sample mining. The horizontal axis represents audio-
vs-silent gain, while the vertical axis represents correctness
and confidence with respect to the ground-truth (GT) an-
swer. Confident wrong examples are incorrect with low GT
confidence, but the model-selected distractor receives high
audio-conditioned support.

scores s; (k) = log Pu(k | ai,q:,Cs) for k € {A,B,C,D}.
For a target answer ¢, we compute the margin mj(¢t) =
3 (t) — maxge i (k) and the audio-conditioned margin gain
gi(t) = m°(t) — m§"*™ (). In addition to these diag-
nostic option scores, we run real-audio generation with the
calibrated answer-letter prompt and parse the final answer
letter as §;. Correctness is defined by z; = 1[§; = ys], and
option confidence by pj (t) = softmax(sj)(¢).

For compact notation, let 5§t = ¢i(y;) denote the audio
gain for the reference answer and 6°"° = g;(¢;) denote the
audio gain for the generated answer. We group examples
using correctness, 65°, 6?"°?, and silent-control confidence.
Figure 2 illustrates the conceptual boundary space. Correct
examples with high (Sft become audio anchors. Correct ex-
amples with low 6% are treated as shortcut-boundary exam-
ples, with high p5'°**(y;) marking a stronger shortcut-prone
subcase. Incorrect examples are divided into recoverable ex-
amples with high 5ft, confident wrong examples with high
6P and ambiguous hard examples that do not fall into ei-
ther of those two more specific failure modes. The remaining
correct examples are retained as coverage examples.

The boundary thresholds are selected using quantiles of
the diagnostic statistics rather than tuned on the develop-
ment set. Low- and high-gain regions are defined from the
empirical distributions of §%° and 6""*!, and confidence-based
gates are defined from the silent- and audio-conditioned op-
tion probabilities.

We convert the mined groups into the RL training
dataset, as described in Table 1. Rather than collect-
ing only incorrect examples, the dataset deliberately mixes
failure-focused groups with coverage-preserving and audio-
anchor examples. Ambiguous hard, confident wrong, and
recoverable examples expose different audio-grounded failure
modes, whereas coverage examples preserve general multiple-
choice behavior and audio anchors retain cases where the
base model already uses audio evidence correctly. This mix-
ture is intended to improve audio-grounded reasoning with-
out overfitting the RL stage to narrow or pathological exam-
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Table 1: Audio-contrastive group composition of AudioMCQ
Strong-AC and the final RL training dataset.

Group AudioMCQ Strong-AC RL rows
Coverage 79,957 4,096 (32%)
Ambiguous hard 34,908 3,200 (25%)
Audio anchor 32,746 1,920 (15%)
Shortcut boundary 11,016 1,024 (8%)
Confident wrong 7,992 1,920 (15%)
Recoverable 922 640 (5%)
Total 167,541 12,800 (100%)

ples.

The final RL training dataset contains 12,800 rows se-
lected from 167,541 AudioMCQ Strong-AC examples. We
apply group-level quotas and sample within each group ap-
proximately in proportion to the square root of each source-
dataset-by-question-type cell size so that large cells do not
dominate the selected data. Group-specific repeat caps
are also used to prevent excessive duplication. The se-
lected dataset remains dominated by speech-related exam-
ples. However, this sampling increases the relative share
of AudioCaps and sound-type questions while preserving
speech-dominated coverage.

2.3. GDPO-based LoRA adaptation

We use the mined groups to construct an RL training
dataset for adapting MOSS-Audio-8B-Thinking. Each train-
ing row contains the audio and the calibrated multiple-choice
prompt, but no assistant gold response. The reference an-
swer letter is retained only as a solution field for external
reward computation. During training, the policy samples
multiple completions for each prompt, and external reward
functions evaluate whether the final answer letter is correct
and whether the output follows a parseable answer format.
The reward is defined as

R= Racc + 0-5Rfmt7 (1)

where Racc. rewards a completion whose final answer letter
matches the gold label, and Ryt rewards a valid final-answer
format. We use a group-relative policy optimization objec-
tive with GDPO-style reward scaling across sampled comple-
tions [9, 10]. The RL stage is therefore driven by two compo-
nents: audio-contrastive data selection and simple rule-based
rewards for answer correctness and output validity.

2.4. Acoustic tagger-assisted inference

We use an inference-time acoustic tagger to provide question-
specific acoustic evidence without modifying the MOSS-
Audio parameters. The tagger consists of a question-aware
router and a set of pretrained auxiliary analyzers. Given the
question and answer choices, the router selects the type of
acoustic cue that may be useful, but it never predicts the an-
swer option itself. If a route is activated, the corresponding
analyzer output is converted into a short textual evidence
snippet and inserted into the prompt.

Challenge

The acoustic router is a lightweight rule-based mod-
ule. It normalizes the question and choices and applies
high-precision lexical and phrase patterns for the cue types
summarized in Table 2, including pause and duration cues,
word-level prosody, speaker turns, same-speaker verifica-
tion, music details, and background scenes. When multi-
ple cues match, a fixed priority order reduces route conflicts,
with more specialized speaker and scene routes taking prece-
dence over broader prosody or voice activity detection (VAD)
routes. The router uses only the surface form of the question
and choices and does not use ground-truth labels or manual
annotations of the evaluation set.

The active routes rely on standard pretrained analyzers
and signal-processing tools for acoustic feature extraction,
speech timing, diarization, speaker verification, and audio—
text matching [11, 12, 13, 14, 15, 16]. Table 2 summarizes
the analyzers used in the submitted tagger. For example,
Whisper is used within the prosody route to obtain word
timing, while CLAP-based routes compare the input au-
dio with choice-specific textual descriptions for music and
background-scene questions.

The analyzer outputs are heterogeneous, but we do not
fuse them as internal model features. Instead, each out-
put is normalized into a short natural-language block, such
as speech and silence statistics, word-level timing and pitch
cues, speaker segments, speaker similarity scores, or CLAP
similarity scores. This block is inserted into the prompt as
weak auxiliary analysis. The prompt explicitly states that
the evidence may be imperfect and instructs MOSS-Audio to
prioritize the audio itself if the auxiliary evidence conflicts
with direct perception. Thus, the tagger acts as a prompt-
level evidence injection mechanism rather than an ensemble
vote or answer replacement.

For no-analyzer cases in the training-free MOSS branch,
we use a no-auxiliary prompt selector that chooses between
the calibrated base prompt and a reasoning-ban variant. The
reasoning-ban prompt is used for structured semantic cases,
whereas audio-perceptual and ambiguous cases keep the base
prompt. This selector is not applied to the RL-adapted
MOSS branch, where the original acoustic router performed
better.

3. EXPERIMENTS

3.1. Experimental setup

All RL variants use the 12,800-row RL training dataset
constructed by the audio-contrastive mining procedure de-
scribed in Sec. 2.2. As summarized in Table 1, the selected
data mixes targeted hard examples with coverage-preserving
and audio-anchor examples rather than using only incorrect
samples.

For RL variants with choice-layout calibration, we ad-
ditionally control the target answer position during data
construction. Because preliminary inference analysis showed
under-production of option D, we sample the target answer
position with weights A/B/C/D = 1.0/1.0/1.0/1.3 and ap-
ply a guardrail that keeps the final D ratio within 28-32%.
We then reorder the answer choices so that the gold answer
appears at the sampled target position. The resulting target
distribution is A/B/C/D = 22.77/23.70/23.00/30.53%.
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Table 2: Pretrained analyzers used by the acoustic tagger-assisted inference module.

Route / acoustic cue Auxiliary analyzer

Injected evidence

VAD / silence / duration
Prosody / stress / intonation
Speaker turn changes
Same-speaker verification
Music detail

Background scene

librosa-based signal features [11]
Whisper with acoustic features [12]
pyannote speaker diarization [13]
ECAPA-TDNN embeddings [14, 15]
CLAP audio—text matching [16]
CLAP audio—text matching [16]

Speech/silence timing and pauses.
Word timing and prosodic cues.
Speaker segments and turn count.
Speaker similarity scores.
Music-choice similarity scores.
Background-scene similarity scores.

Table 3: Final submitted systems. Accuracy is computed
over 1,607 development examples.

ID System Correct Acc. (%)

S1 Pretrained MOSS + tagger + 1119 69.633
no-aux prompt router

S2 RL MOSS + tagger 1120 69.695

S3 S1x5 + S2x5, hard voting 1125 70.006

S4 S1x2 4+ S2x2 + Qwen-30Bx2, 1133  70.504

weighted log-prob fusion

We adapt MOSS-Audio-8B-Thinking with LoRA
adapters [17]. The representative run uses LoRA rank 16,
LoRA alpha 32, dropout 0.0, and all linear modules as target
modules. RL training uses eight generations per prompt,
per-device batch size 4, gradient accumulation 2, four
GPUs, 400 optimization steps, learning rate 7 x 10~7, cosine
scheduling with warmup ratio 0.01, maximum sequence
length 2048, maximum completion length 512, bfloat16
precision, FlashAttention, and DeepSpeed ZeRO-2. Rollout
generation uses temperature 1.0, top-k 50, and top-p 0.9.

3.2. Final submissions

We evaluate the final submitted systems on the 1,607-
example development set using Top-1 accuracy. Since the
calibrated models produce answer letters while the official
output format requires plain answer text, post-processing
maps each predicted letter to the corresponding choice text
and removes residual option prefixes.

We construct the submissions in two stages. First, we
build two lightweight MOSS-only systems: a training-free
system based on the pretrained MOSS weights, and an RL-
adapted system using the GDPO-trained LoRA adapter.
Both systems use the acoustic tagger-assisted inference strat-
egy described in Sec. 2.4, with the no-auxiliary prompt-
routing policy applied only to the training-free branch.

For the non-lightweight submissions, we reuse these two
MOSS branches as ensemble sources. The MOSS-only en-
semble aggregates five choice-permutation views from each
branch by hard voting over the predicted answer letters. The
mixed ensemble further adds Qwen3-Omni-30B [18] as an
inference-only branch. Qwen3-Omni-30B is not addition-
ally trained; instead, it uses the same answer-letter inter-
face, choice permutation, and option-level log-probability
extraction as MOSS. The final mixed system combines

four MOSS views and two Qwen3-Omni-30B views using
weighted option-level log probabilities, resulting in an effec-
tive model-size total of 92B, which remains below the 100B
system-size limit.

For each valid view v, we first map the option log-
probability vector to the original choice order. Let Vas and
Vo denote the valid MOSS and Qwen views, respectively.
We compute branch-level scores by averaging log probabili-
ties within each branch:

M 1 o 1
Sk = T Lok, Sp = —— lo,k.
[Vi| 2 b Vel 2

veEVr veVq

The final answer is selected by

y = arg max (sﬂl + )\st) , A = 0.46.

It should be noted that S1 and S2 are different single-
system configurations rather than a controlled ablation of RL
alone. S1 uses the pretrained MOSS model with acoustic
tagging and a no-auxiliary prompt-routing policy, whereas
S2 uses the GDPO-adapted MOSS model with the acoustic
tagger. Thus, the S1—S2 comparison should be interpreted
as a system-level comparison between the training-free and
RL-adapted branches, not as the isolated contribution of RL.
The contribution of the RL branch is further reflected in the
ensemble submissions, where S2 is used as one of the MOSS
sources.

The best single MOSS-based submission is S2, which uses
the RL-adapted model with acoustic tagger-assisted infer-
ence. The best overall submission is S4, where weighted
log-probability fusion improves the development accuracy to
70.504%.

4. CONCLUSION

We present a compact ADQA system centered on MOSS-
Audio-8B-Thinking. The system combines calibrated
answer-letter prompting, audio-contrastive hard-example se-
lection, GDPO-based LoRA adaptation, acoustic tagger-
assisted inference, and permutation-based aggregation.
Among the submitted systems, the best single MOSS-based
configuration reaches 69.695% development accuracy, and
the mixed MOSS—-Qwen weighted log-probability ensemble
reaches 70.504%.
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