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ABSTRACT

This technical report describes our submission to DCASE 2026
Task 5: Audio-Dependent Question Answering. Our system is
based on Fun-Audio-Chat-8B and focuses on curriculum learning
during supervised fine-tuning. Motivated by the observation that
the training set is generally easier than the evaluation set, we inves-
tigate how to maximize knowledge acquisition from limited training
data through an appropriate training order. To construct the cur-
riculum, we estimate question difficulty using the length of Chain-
of-Thought (CoT) reasoning annotations and sort training samples
from easy to hard. The resulting curriculum is used to fine-tune
the model with LoRA adaptation. Experimental results on the de-
velopment set demonstrate that easy-to-hard curriculum learning
achieves the best performance, reaching 64.84% accuracy and out-
performing both random ordering and reverse curriculum training.
These findings suggest that difficulty-based sample ordering is an
effective strategy for improving audio reasoning performance in
Audio Question Answering (AQA).

Index Terms— Audio Multiple-Choice Question Answering,
Curriculum Learning, Auditory Large Language Models, Audio
Reasoning

1. INTRODUCTION

Audio Question Answering (AQA) aims to answer questions whose
solutions depend on information contained in audio recordings.
Compared with traditional audio classification tasks, AQA requires
models not only to recognize acoustic events and sound attributes,
but also to perform higher-level reasoning over temporal relation-
ships, contextual information, and complex auditory scenes. As a
result, AQA has become an important benchmark for evaluating the
audio understanding and reasoning capabilities of Auditory Large
Language Models (ALLMs) [1, 2].

Recent advances in ALLMs, such as Qwen2-Audio [3], Audio
Flamingo [4], Kimi-Audio [5], and Step-Audio 2 [6], have signif-
icantly improved performance on a variety of audio understanding
tasks. Nevertheless, AQA remains challenging due to the diver-
sity of question types and reasoning requirements, spanning sound
event recognition, temporal reasoning, counting, causal inference,
commonsense reasoning, and combinations thereof. Consequently,
the difficulty of training samples can vary substantially across the
dataset.

Improving performance commonly involves scaling model size,
introducing additional training data, or employing more sophisti-
cated training objectives. However, such approaches are often com-
putationally expensive and may not always be feasible. In our pre-
liminary analysis, as shown in Table 1, we observe that the training
set is generally easier than the evaluation set, suggesting a difficulty
mismatch between training and inference. Under this setting, an
important question arises: how can a model acquire as much knowl-
edge as possible from the available training data and better prepare
for more challenging evaluation samples?

Curriculum learning [10], first introduced by Bengio et al., pro-
poses organizing training samples from easy to hard, inspired by
how humans typically learn simpler concepts before tackling more
complex ones. This strategy improves optimization stability and
generalization, and has since gained renewed attention in the era
of large foundation models [11]. In natural language processing,
curriculum-based training has been shown to improve reasoning
performance through difficulty-based sample scheduling [12]. Sim-
ilar benefits have been demonstrated in vision-language models,
where progressive training helps models acquire multimodal rea-
soning capabilities [13]. However, its effectiveness for AQA re-
mains largely unexplored.

In this technical report, we investigate curriculum learning for
DCASE 2026 Task 5: Audio-Dependent Question Answering. We
estimate sample difficulty using the length of CoT [14] reason-
ing annotations, where longer reasoning chains are assumed to
reflect more complex reasoning processes. Training samples are
sorted from easy to hard and used to fine-tune a Fun-Audio-Chat-
8B model. We further compare the proposed curriculum with ran-
dom ordering and reverse curriculum training to analyze the impact
of training order on performance.

The main contributions of this work are as follows:

• We investigate the effect of training order on Audio-Dependent
Question Answering.

• We demonstrate that easy-to-hard curriculum learning consis-
tently outperforms both random ordering and reverse curricu-
lum training on the DCASE 2026 Task 5 development set.

2. DATASET

We conduct all experiments using the official training and devel-
opment sets provided by DCASE 2026 Task 5: Audio-Dependent
Question Answering. The task is closely related to recent au-
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Table 1: Performance (%) of representative ALLMs on the DCASE 2026 Task 5 training set without task-specific fine-tuning across different
question categories.

Model Size Music (%) Sound (%) Speech (%) Temporal (%) Overall (%)
Kimi-Audio [5] 7B 34.05 35.28 44.67 30.02 39.92
Step-Audio 2 mini [6] 7B 83.17 84.99 83.82 55.66 82.46
MiMo-Audio [7] 7B 88.40 83.80 86.16 47.26 83.81
Qwen3-Omni [8] 30B – – – – –
Fun-Audio-Chat [9] 8B 66.42 65.54 83.34 62.86 75.06

dio understanding and reasoning benchmarks such as MMAU [1],
MMAR [2], and shares the motivation of recent work on quantify-
ing and improving the actual contribution of audio to model predic-
tions in ALLMs [15].

3. PROPOSED METHOD

3.1. Overview

Our proposed framework aims to improve Audio-Dependent Ques-
tion Answering through curriculum learning. Given a training set
consisting of audio recordings, questions, candidate choices, cor-
rect answer, and CoT annotations, we first estimate the difficulty
of each training sample. The samples are then sorted according to
their estimated difficulty and presented to the model from easy to
hard during supervised fine-tuning.

3.2. Difficulty Estimation

A key component of curriculum learning is the estimation of sample
difficulty. Since the official training set provides CoT reasoning
annotations, we use the length of the reasoning process as a proxy
for question difficulty.

Specifically, given the i-th training sample xi with correspond-
ing CoT annotation ri, the difficulty score is defined as

D(xi) = |ri|, (1)

where |ri| denotes the number of tokens in the CoT.
The intuition behind this design is that questions requiring

longer reasoning chains generally involve more complex reasoning
processes and therefore represent more challenging training exam-
ples.

3.3. Curriculum Learning

After estimating the difficulty score of each training sample, we first
group all samples according to their question types. Let

G = {G1, G2, . . . , GK}, (2)

where K denotes the number of question categories and Gk repre-
sents the set of samples belonging to the k-th question type.

For each group Gk, samples are sorted according to their diffi-
culty scores in ascending order:

D(x
(k)
1 ) ≤ D(x

(k)
2 ) ≤ · · · ≤ D(x

(k)
Nk

), (3)

where Nk denotes the number of samples in group Gk.
After sorting, samples from different groups are merged while

preserving the easy-to-hard ordering within each question type. The

resulting sequence forms a type-based curriculum for supervised
fine-tuning.

The motivation behind this design is that different question
types often exhibit distinct reasoning patterns and CoT length dis-
tributions. Directly applying a global difficulty ranking may cause
certain question categories to dominate specific stages of training.
By performing curriculum learning within each question type, the
model can progressively learn more complex reasoning patterns
while maintaining balanced exposure to diverse question categories.

4. EXPERIMENT SETUP

We adopt Fun-Audio-Chat-8B as the backbone model and perform
Supervised Fine-Tuning (SFT) using the LLaMA-Factory frame-
work [16]. The model is loaded in 4-bit quantization and trained
using LoRA adaptation. The LoRA rank and alpha are set to 16
and 32, respectively. Training is conducted for one epoch with a
per-device batch size of 4 and a gradient accumulation step of 4,
resulting in an effective batch size of 16. We use the AdamW op-
timizer with a learning rate of 2 × 10−4. All experiments, includ-
ing random ordering, reverse curriculum, and the proposed easy-
to-hard curriculum, are trained under identical settings to ensure
a fair comparison, all experiments are conducted using a single
training epoch. The implementation code and experimental scripts
are publicly available at: https://github.com/OrgHuang/
DCASE_2026_Task5_Huang_JAIST.git.

5. RESULTS

5.1. Main Results

Table 2 presents the performance of different audio-language mod-
els on the DCASE 2026 Task 5 development set. Compared with the
original Fun-Audio-Chat-8B baseline (56.81%), supervised fine-
tuning improves the performance to 62.87%, demonstrating the ef-
fectiveness of task-specific adaptation.

Applying the proposed curriculum learning strategy further im-
proves the accuracy to 64.84%, achieving the best overall perfor-
mance among all evaluated systems. Compared with randomly or-
dered training samples, the proposed curriculum provides an abso-
lute improvement of 1.97%.

5.2. Effect of Curriculum Learning

Table 3 investigates the influence of training sample ordering. To
reduce the effect of randomness, we evaluate four different random
seeds and report their average performance.

The average accuracy of random ordering is 62.87%, while the
proposed easy-to-hard curriculum achieves 64.84%. Notably, the
curriculum outperforms all random ordering runs, indicating that
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Table 2: Performance (%) on the DCASE 2026 Task 5 development
set.

Method Model Accuracy (%)
Baseline Step-Audio 2 mini 50.53
SFT (Random Ordering) Step-Audio 2 mini 51.65
Baseline MiMo-Audio-7B 54.57
SFT (Random Ordering) MiMo-Audio-7B 55.07
Baseline Fun-Audio-Chat-8B 56.81
SFT (Random Ordering) Fun-Audio-Chat-8B 62.87
CoT Curriculum (Easy → Hard) Fun-Audio-Chat-8B 64.84
CoT Curriculum (Hard → Easy) Fun-Audio-Chat-8B 62.85

Table 3: Effect of curriculum learning compared with random sam-
ple ordering.

Training Strategy Accuracy (%)
Random Ordering (Seed 42) 63.47
Random Ordering (Seed 123) 63.53
Random Ordering (Seed 456) 61.73
Random Ordering (Seed 789) 62.73
Random Ordering (Average) 62.87
CoT Curriculum (Easy → Hard) 64.84

the observed improvement is unlikely to be caused by random fluc-
tuations during training. These results suggest that organizing train-
ing samples according to difficulty allows the model to gradually
acquire more complex reasoning capabilities and improves knowl-
edge acquisition from the available training data.

6. CONCLUSION

This technical report presented our submission to DCASE 2026
Task 5: Audio-Dependent Question Answering. We proposed a
curriculum learning strategy that organizes training samples from
easy to hard based on CoT annotation length, and demonstrated its
consistent improvement over both random ordering and reverse cur-
riculum training. While the absolute gain may appear modest, it
is worth noting that the backbone model already achieves 75.06%
zero-shot accuracy on the training set, leaving limited room for
improvement under the current data regime. We hypothesize that
difficulty-based curriculum learning may yield more pronounced
benefits when applied to larger-scale and more balanced datasets,
where the difficulty gap between training samples is more pro-
nounced.
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