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Abstract

Large Audio Language Models (LALMs) em-
ploying the Chain-of-Thought paradigm have
demonstrated remarkable reasoning capabili-
ties. Though different problems naturally re-
quire varying depths of reasoning, existing
methods often determine whether to perform
reasoning, lacking fine-grained mechanisms to
adapt reasoning length to problem complex-
ity. As a result, LALMs often adopt a one-
size-fits-all reasoning strategy, leading to redun-
dant overthinking for simple tasks and insuffi-
cient reasoning for complex ones. In this pa-
per, we conduct an in-depth analysis of LALM
reasoning behavior and argue that effective
and efficient reasoning should be adaptively
aligned with task difficulty. To this end, we
propose a difficulty-adaptive reasoning method
for LALMs. Specifically, we introduce a re-
ward function that dynamically links reasoning
length to the model’s perceived problem diffi-
culty, encouraging shorter reasoning for easy
tasks and longer reasoning for more complex
ones. Extensive experiments on three datasets
demonstrate that our method consistently im-
proves performance while reducing average rea-
soning length by at least 50%, achieving higher
efficiency without sacrificing accuracy.

1 Introduction

Large Audio Language Models (LALMs) (Tang
et al., 2024; Chu et al., 2024), powered by the
chain-of-thought (CoT) (Xie et al., 2025; Li et al.,
2025; Wu et al., 2025), have advanced rapidly in
recent years, demonstrating strong capabilities in
audio understanding and reasoning. However, such
improvements often rely on increasingly long and
exhaustive reasoning processes. This raises an im-
portant question: how can LALMs reason more
effectively while avoiding unnecessary reasoning?

Prior work by Xie et al. (2025) enables rea-
soning in LALMs through supervised fine-tuning
(SFT) on large-scale datasets with CoT annotations,

demonstrating the effectiveness of explicit reason-
ing for complex audio question answering. Subse-
quently, Li et al. (2025) introduce group relative
policy optimization (GRPO) into LALMs, achiev-
ing better performance than SFT without requiring
CoT-annotated datasets. However, these studies
lack a systematic analysis of how different strate-
gies perform under varying levels of question dif-
ficulty. Motivated by this gap, in this work, we
conduct a comprehensive analysis and observe that
GRPO performs better on harder questions, while
being slightly inferior on easier ones. Moreover,
when comparing GRPO with explicit and implicit
prompts, explicit reasoning shows clear advantages
on difficult questions and achieves comparable per-
formance to the implicit setting on easier ones.
Taken together, these findings suggest that efficient
reasoning in LALMs requires adapting reasoning
length to problem difficulty, rather than applying a
uniform reasoning strategy.

Regarding reasoning length and efficiency, Qu
et al. (2025) identify issues such as redundancy
and overthinking in reasoning. Existing RL-based
studies on LLMs (Arora and Zanette, 2025; Ag-
garwal and Welleck, 2025) adopt length-penalty
rewards, but rely on fixed thresholds without ac-
counting for differences in question difficulty. For
LALMs, Wu et al. (2025) propose a “when to think”
mechanism to decide whether reasoning is needed;
however, it does not regulate reasoning length once
reasoning is required. These limitations indicate
that an effective LALM should adjust reasoning
length according to task complexity, using shorter,
concise reasoning for simple questions and longer,
deeper reasoning for harder ones. Motivated by
this insight, we propose a length based reward that
avoids fixed thresholds and introduce two difficulty-
adaptive reasoning methods for LALMs.

In this work, we evaluate LALMs on the audio
question answering task. As illustrated in Figure 1,
given an audio clip, a corresponding question, and



Question: How does the last statement reflect

sarcasm in the conversation?
@ P 0:08/0:10 co—— ) :

A) boots are very stylish.
B) boots are too expensive.

Choices:

D) complimenting the chicken suit.

<Think>
The last statement is sarcastic

<Answer>

v

Conversation
Sample

... the boots don't
really go with it.

You said that you paid all that
money because those boots
go with skirts, dresses and pants.

What are you planning on wearing?

A chicken suit?

Figure 1: An audio Q&A example from “Tom and Jerry”. The left shows the question, candidate choices, CoTs and

the final answer, the right side presents the dialogue.

four candidate answers as the input, the model is re-
quired to select the correct answer through reason-
ing. Experiments on MMAU (Sakshi et al., 2025),
MMAU-v0515, and MMAR (Ma et al., 2025) show
that the proposed rewards get strong performance
with much shorter reasoning length than direct
GRPO models, demonstrate their effectiveness.
Opverall, the main contributions are as follows:

e We conduct in-depth analyses of LALMs and
show that effective LALMs should reason
smartly, with reasoning length adjusted to
match problem difficulty.

e We propose two difficulty-adaptive, length-
based rewards that reduce overall reasoning
length while enabling shorter reasoning for
simple questions and longer reasoning for
more difficult ones.

e We perform extensive experiments on three
datasets, demonstrating that both proposed
difficulty-adaptive rewards consistently im-
prove performance while reducing reasoning
length by about 50%, thereby achieving simul-
taneous gains in effectiveness and efficiency.

We have also provided an anonymous reposi-
tory at https://anonymous.4open.science/r/
ARR-January-Anonymous-Repo-2958 to further
support the reproduction of this work.

2 Deep Analysis of Different Methods for
LALMs

Recent studies (Xie et al., 2025; Li et al., 2025)
enhance LALMSs’ ability through reasoning but
lack detailed analysis of the sources of these gains.

Task Dataset-Source Num
Audio . .
Grounding AudioGrounding 1,805
Sound VocalSound 15,531
Classification TUT2017 3,744
Sound
Question Clotho-AQA 6,615
Answering AVQA 36,036

Table 1: The data distribution of the FS training set,
including different task types and data sources.

Therefore, we analyze this from two perspectives.
We first compare SFT and GRPO under differ-
ent conditions and then examine whether improve-
ments arise from explicit or implicit prompting.

Data. For training, we use FS and AVQA (Yang
et al., 2022). FS extends AVQA with four addi-
tional datasets covering three tasks, including Au-
dioGrounding (Xu et al., 2021), VocalSound (Gong
et al., 2022), TUT2017 (Mesaros et al., 2017), and
Clotho-AQA (Lipping et al., 2022). Thus, FS is ap-
proximately twice the size of AVQA, with detailed
statistics shown in Table 1.

Setup. We use Qwen2-Audio-7B-Instruct! and
Qwen2.5-Omni-7B? as base models. Experimental
settings are provided in Appendix A.1. Table 2
reports all evaluations using accuracy, including
averages for methods with identical settings.

'https://huggingface.co/Qwen/Qwen2-Audio-7B-Instruct
Zhttps://huggingface.co/Qwen/Qwen2.5-Omni-7B
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Models Airbench-Foundation

MMAU-Test-Mini

Sound Sound Music Speech Easy Medium Hard Avg
SFT On Qwen2-Audio-7B-Instruct
On FS, Full 80.49 59.76 58.38 62.46 57.36 64.31 54.3160.20
On AVQA, Full 67.06 60.36 56.59 59.46 53.10 63.92 53.8858.80
On FS, LoRA 77.74 68.17 65.57 64.86 59.30 74.51 55.6066.20
On AVQA, LoRA 67.38 66.07 60.48 54.65 49.22 69.80 52.1660.40
Average 73.16 63.59 60.25 60.35 54.74 68.13 53.9661.40
GRPO On Qwen2-Audio-7B-Instruct
On FS, Full, Prompt 2 81.10 67.57 64.67 62.76 55.04 73.73 56.9065.00
On AVQA, Full, Prompt 2 70.35 67.87 66.77 60.96 52.33 75.10 57.7665.20
On FS, LoRA, Prompt 2 69.60 69.37 60.48 55.26 49.61 71.76 53.0261.70
On AVQA, LoRA, Prompt 2 69.38 66.97 59.28 56.16 47.29 70.78 53.8860.80
Average 72.61 67.95 62.80 58.79 51.07 72.84 55.3963.18
OnFS, LoRA, Prompt 1 ¢ 69.87 ¢ 67.27 61.98 56.76 50.00 71.57 54.3162.00
On AVQA, LoRA, Prompt 1 68.10 64.86 60.18 53.15 47.29 71.18 50.4360.20
Average 68.99 66.07 61.08 54.96 48.65 71.38 52.3761.10
GRPO On Qwen2.5-Omni-7B

On FS, Full, Prompt 2 83.46 72.37 67.66 68.76 59.30 78.43 61.6369.60
On FS, LoRA, Prompt 2 76.86 73.57 65.56 69.06 59.69 78.23 60.77 69.40
Average 80.16 72.97 66.61 68.91 59.49 78.33 61.2069.50

Table 2: The performance of different models under different training paradigms, fine-tuning strategies, training

datasets, and prompting styles.

2.1 Analysis of GRPO-based Reasoning
versus SFT-based Direct Answering

We mainly compare the “SFT on Qwen2-Audio-
7B-Instruct” and “GRPO on Qwen2-Audio-7B-
Instruct” parts of Table 2. By observing the “Aver-
age” row, we find that SFT performs excellently on
easy questions. In contrast, GRPO demonstrates
superior performance on medium and hard ques-
tions. We believe this occurs because medium and
hard questions require reasoning rather than relying
solely on base knowledge for direct answers. Con-
versely, the weaker performance on easy questions
may stem from redundant reasoning or process er-
rors that propagate to the answer.

We conclude that GRPO is more effective for
complex tasks that models cannot solve directly.
However, its reasoning on simple tasks requires
optimization to minimize redundancy.

2.2 Analysis of Explicit versus Implicit
Prompting Strategies

We compare four LoRA experiments in the “GRPO
on Qwen2-Audio-7B-Instruct” part. First, the two
prompts produce distinct outputs. Unlike explicit

prompts (Prompt 2), models using implicit prompts
(Prompt 1) directly output answers similar to SFT,
without explicit CoTs. Detailed prompt settings are
provided in Appendix A.1.

Within the Prompt 1 experiments, models trained
on FS consistently perform better. This suggests
that implicit prompts induce SFT-like behavior re-
liant on data scale for generalization, whereas ex-
plicit reasoning enables deep understanding. For
the two prompts, Prompt 2 outperforms Prompt 1
by approximately 0.15 on average. Specifically,
Prompt 1 scores about 0.1 higher on easy and
medium questions but lags by 1.1 on hard questions.
These results confirm that reasoning on easier ques-
tions may lead to redundancy or error propagation,
while harder questions require deeper reasoning.

Based on the findings, we conclude that while
GRPO excels at complex tasks, its reasoning on
simple tasks requires optimization to reduce redun-
dancy. Specifically, the model should dynamically
adapt reasoning length to question difficulty. By
shortening reasoning for simple questions and ex-
tending it for complex ones, the model improves
both performance and efficiency.



3 Enhancing LALMs with
Difficulty-Adaptive Reasoning

The analysis above indicates that different ques-
tions require different reasoning lengths. Therefore,
we aim to link question difficulty with reasoning
length. This enables shorter reasoning for simple
questions and deeper reasoning for difficult ones.
Specifically, we define two difficulty-adaptive stan-
dards. The first is outcome-oriented and utilizes
the group accuracy of rollout samples. The second
is process-oriented and relies on the audio atten-
tion entropy of the current sample. We then apply
these standards to a length based reward function
to explicitly link question difficulty with reasoning
length. The following is a detailed description of
these two components.

3.1 Defining Model-perspective Difficulty

Here, we detail the two proposed difficulty-
adaptive standards which we refer to as Group
Ratio Difficulty Reward (GRDR) and Group
Audio Attention Difficulty Reward (GA*DR).
Both reuse variables already produced during train-
ing and therefore do not affect training speed.

GRDR. The first is outcome-oriented, deter-
mined by the proportion of correct samples within
a rollout group. For a group size G = 8, we fol-
low Liu et al. (2025) and classify questions as easy,
medium, or hard based on correct response counts
of at least 6, 3 to 5, and fewer than 3, respectively.
We represent difficulty with v, assigning values
of 0, 0.5, and 1 to these categories. The specific
formula is defined below.

G
C=> c(G=38). (1)
=1
0, C>6,
7=1¢05 3<C<6, 2)
1, C < 3,

Here, ¢; € {0, 1} denotes whether rollout sample
0; is correct, and C represents the total number of
correct answers within the group.

GA’DR. The second is process-oriented and tai-
lored to the audio modality. As demonstrated in
Zhang et al. (2025), more dispersed attention cor-
responds to greater model uncertainty, while lower
entropy reflects lower uncertainty. Accordingly, we
treat high-entropy cases as more difficult questions

and low-entropy cases as relatively simpler ones.
Technically, we define agn) as the attention weights
from the last token in the final hidden layer over
all previous positions. We average these across N
heads to derive p; for the audio tokens. We then
compute the entropy and normalize it across the
batch to [0, 1] to define the difficulty level. The

complete calculation is as follows:
() _ A L~ ()
o = Ay pi=5) 0" 0
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v (5)
Here, A denotes the full attention matrix, 7" is
the token count, and M represents the indices for
audio attention. H denotes the computed entropy
and B is the batch size. The final term v(*) signifies
the difficulty value of the b-th sample in the batch.

3.2 Difficulty-Adaptive Length-Based Reward

After defining question difficulty, we link it to rea-
soning length. Our core idea assigns short rea-
soning to simple questions and long reasoning to
difficult ones using dynamic reward values. We im-
plement a length based reward using a negative ex-
ponential function as shown in Figure 2. This func-
tion adjusts values based on the ratio between the
current and model’s maximum reasoning lengths.
Incorrect samples receive a penalty that decreases
as reasoning extends, which encourages further rea-
soning. Correct samples receive higher rewards as
reasoning shortens, which encourages conciseness.

Specifically, GRDR (Plot a) employs six discrete
difficulty curves while GAZDR (Plot b) allows the
curve exponent to vary continuously. Both methods
follow the same principle where simple questions
correspond to steeper curves and difficult ones to
flatter curves. This implies that easy questions
permit shorter reasoning for a given reward value.
Conversely, difficult questions receive higher re-
wards for the same length. This mechanism effec-
tively promotes concise reasoning for simple tasks
and deeper reasoning for difficult ones. We present
the detailed calculation below.

r; = sign(o;) - e kMo, 6)

k(7) = (1 - V)keasy + ’Ykhard (7)
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Figure 2: Curves of GRDR and GA?DR with normalized length.

Here, the sign function takes values of 1 or —1
to indicate whether a sample is correct. [, repre-
sents the ratio of the sample’s output length to the
model’s maximum completion length and ranges
from [0, 1]. We derive adaptive difficulty factor
k() via linear interpolation to map the defined
difficulty standards onto optimization curves.

4 [Experiments

Data. For training, we use FS , which is approxi-
mately twice the size of AVQA. The detailed data
statistics have been presented in Section 2.

Setup. We conduct experiments using Qwen2-
Audio-7B-Instruct and Qwen2.5-Omni-7B, both
fine-tuned via LoRA with Prompt 2. We perform
the primary evaluations on MMAU-Test-Mini. To
further verify generalization, we also assess per-
formance on MMAU-Test-Mini(v05.15.25) and
MMAR (Ma et al., 2025). The former features
improved Q&A formulations and enhanced audio
quality. The latter serves as a dataset for assessing
deep reasoning capabilities across complex mul-
titask and multilingual scenarios. All the experi-
ments use ACC as the metric and Appendix A.1
provides additional details.

4.1 Main Results

Table 3 presents our main experiments on MMAU-
Test-Mini. It includes results from four audio
or omni models and our GRPO experiments on
Qwen2-Audio-7B-Instruct and Qwen2.5-Omni-7B,
using both the basic Truncation Reward (TR) (Liu
et al., 2025) and our proposed GRDR and GA?DR.
Besides, we extend MMAU-Test-Mini with model-
perspective difficulty labels annotated by the four
audio or omni models. Further results on MMAU-
v0515 and MMAR are provided in Table 4 and Ta-
ble 5. More details including the model-perspective

annotations can be found in Appendix A.3.

Performance across Models. First, we analyze
four audio and omni models. Their overall perfor-
mance reflects different capability levels and can
be seen as the average proficiency of representa-
tive LALMs, but clear differences emerge on hard
questions. In particular, the leading Gemini2.5-
Pro does not consistently outperform others and
is even surpassed by some models. We argue that
easy samples mainly rely on textual understanding,
which is largely determined by LLLM backbones.
In contrast, hard samples require deep audio un-
derstanding, where LALMs can outperform omni
models. This trend is evident between Qwen2.5-
Omni-7B and Kimi-Audio-7B-Instruct. Sharing
the same Qwen2.5 backbone and Whisper encoder,
they perform similarly on easy samples, while the
latter shows clear advantages on hard questions.

Second, we compare our proposed GRDR and
GA’DR with TR. For Qwen2-Audio-7B-Instruct,
the methods show only marginal performance
differences. This may result from the weaker
base model performance with shorter initial out-
put length. However, GRDR still achieves the best
average score and performs relatively better on hard
samples. For Qwen2.5-Omni-7B, both of our meth-
ods deliver gains, especially on medium and hard
samples (p < 0.05). This demonstrates that our
methods effectively utilize difficulty to assign ap-
propriate rewards, and improve performance on
challenging tasks.

Third, we compare GRDR and GA’DR fo-
cusing on the results with Qwen2.5-Omni-7B.
The two methods differ fundamentally as GRDR
is outcome-oriented whereas GA’DR is process-
oriented. GA?DR excels on medium and hard ones
and comparable to GRDR on easy questions. We
attribute this to their differing difficulty definitions.



MMAU-Test-Mini

Models Sound Music Speech Easy Easy’ Medium Medium® Hard Hard! Avg
Compared Models
Qwen2-Audio-7B-Instruct 53.75 48.80 47.74 48.06 62.80 50.58 45.32 51.29 28.18 50.10
Qwen2.5-Omni-7B 67.26 59.88 53.75 54.2690.89 71.96 4439 41.37 11.19 60.30
Kimi-Audio-7B-Instruct  72.37 58.98 61.66 50.3891.84 75.88 52.80 54.74 18.14 64.40
Gemini2.5-Pro-0506* 70.57 65.26 62.16 52.3295.82 77.64 57.47 55.60 12.35 66.00
Based On Qwen2-Audio-7B-Instruct
GRPO 69.37 60.48 55.26 49.6182.82 71.76 47.66 53.02 30.16 61.70
+ TR 68.16 60.77 55.85 48.8383.87 71.56 46.26 53.87 28.95 61.60
+ GRDR 66.96 58.38 60.06 54.26 81.59 69.60 45.32 53.01 35.13 61.80
Based On Qwen2.5-Omni-7B
GRPO 73.57 65.56 69.06 59.6993.92 78.23 59.81 60.77 27.41 69.40
+ TR 72.97 66.46 65.16 58.1493.73 78.43 57.47 57.75 25.86 68.40
+ GRDR 71.47 72.45 66.66 60.0793.16 80.00 58.87 59.91 32.81 70.20
+ GA’DR 71.77 74.25 66.66 59.6993.35 81.37F 61.21% 60.34 33.2070.90

Table 3: Evaluations on MMAU-Test-Mini. Here,  denotes the model-perspective difficulty annotations, * denotes
a leading proprietary model and { denotes the result significance p < 0.05 (compared to directly GRPO).

MMAU-Test-Mini-v0515

MMAR

Models Sound Music Speech Avg Models Sound Music Speech Avg
Compared Models Compared Models
Qwen2-Audio 62.16 62.27 55.55 60.00 Qwen2-Audio 33.33 24.27 3231 30.00
Qwen2.5-Omni  74.17 65.26 61.56 67.00 Qwen2.5-Omni  58.79 40.78 59.86 56.70
Kimi-Audio 78.97 60.47 66.96 68.80 Kimi-Audio 57.57 45.63 63.26 59.00
Gemini2.5-Pro* 76.57 73.95 80.78 77.10 Gemini2.5-Pro* 73.33 64.07 88.77 80.50
Based On Qwen2.5-Omni-7B Based On Qwen2.5-Omni-7B
GRPO 84.08 69.46 74.17 75.90 GRPO 60.00 48.05 62.24 59.90
+ TR 83.78 70.65 74.47 76.30 + TR 64.84 49.51 63.94 61.90
+ GRDR 83.48 7035 75.97 76.60 + GRDR 61.21 51.94 65.30 61.20
+ GA’DR 83.18 71.55 75.67 76.80 + GA’DR 64.84 54.85 6530 62.90

Table 4: Evaluations on MMAU-v0515. Here, x denotes
a leading proprietary model.

GRDR uses only three discrete levels. In con-
trast, GADR applies an unconstrained scale. This
proves particularly beneficial for harder ones.

In summary, both GRDR and GA?DR achieve
clear gains, especially on hard questions, showing
the effectiveness of our proposed methods.

Performance across Datasets. In terms of over-
all performance, our GA?DR still achieves the best
results on MMAU-v0515 and MMAR compared
with all open-source baselines. This verifies the
generalization ability of our methods. However,
the performance of GRDR is weaker on MMAR.

Table 5: Evaluations on MMAR. Here, * denotes a lead-
ing proprietary model.

We attribute this difference to the nature of this
approach. GRDR is outcome-oriented and highly
sensitive to noise in rollout samples. As model
capability improves, rollout accuracy tends to be-
come high in later steps, which reduces the per-
ceived difficulty gap between samples. As a re-
sult, most samples are eventually treated as easy,
leading to overly short optimization and, in turn,
reward hacking. Consequently, it performs reason-
ably well on the relatively simpler MMAU bench-
marks but degrades significantly on the more chal-
lenging MMAR benchmark. In contrast, GA’DR
is not affected by such noise because its difficulty
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Figure 3: The trend of average reasoning length on MMAU-Test-Mini, under both human-perspective and model-
perspective difficulty. Length is measured in tokens.

estimation is based on the audio attention charac- . MMAU

teristics of each question and is normalized within Settings MMAU v0515 MMAR  Avg

each batch. This preserves discrimination among

samples, removes much of the randomness, and GRPO 6940 75.90 59.90  68.36

reduces the risk of reward hacking. As a result, k=2 6940 7640 6140 69.06

it yields more stable performance across datasets k=6 69.20 7640 6180 69.13

and consistently strong results on more challeng- k=10 69.60 7660 6220 69.46
Ours 70.90 76.80 6290 70.20

ing tasks. We also conduct additional experiments
to further verify generalization. More details are
provided in Appendix A .4.

4.2 Analysis Regarding Reasoning Lengths

Here, we compare the output reasoning lengths of
different models on MM AU-Test-Mini from both
difficulty perspectives in Table 3. Due to large dif-
ferences in output length across models, plots (a)
and (b) show log-scaled length curves for all mod-
els, while plots (c) and (d) present the raw length
curves for three Qwen2.5-Omni-7B-based models.
Considering that our methods do not change the
architecture of the model itself, the shorter output
length means higher efficiency. All lengths are mea-
sured using the Qwen?2 tokenizer. Detailed length
statistics are available in Appendix A.5.

First, we compare reasoning length under two
difficulty perspectives and find clear differences.
From the human perspective, reasoning remains
long for easy and hard ones, while from the model
perspective, it grows with difficulty. This mismatch
suggests that human-defined difficulty may conflict
with the model during training. Moreover, mod-
els at different training stages behave differently.
These findings support using model-perspective dif-
ficulty and updating it adaptively during training,
which is exactly what our method provides.

Second, when comparing reasoning lengths of
the two methods, we observe different patterns.
From the human perspective, reasoning lengths are
similar for easy and hard samples, while from the

Table 6: Performance of different k settings across
MMAU, MMAU-v0515 and MMAR.

model perspective, both increase with difficulty.
A clear gap emerges on medium-difficulty sam-
ples under both views, which we attribute to differ-
ences between GRDR and GAZDR. In GA2DR, en-
tropy is normalized within each batch and mapped
through linear interpolation, leading to a more uni-
form difficulty distribution and a smoother length
curve than GRDR. Overall, both methods gener-
ate shorter reasoning across all difficulty levels,
demonstrating their effectiveness.

In summary, our difficulty-adaptive length-based
reward is effective, enabling concise reasoning
for simple questions, deeper reasoning for diffi-
cult ones, and substantially helps LALMs reason
smartly alongside higher performance.

4.3 Ablation Study on Difficulty Factor %

Here, we conduct an ablation study on our pro-
posed difficulty-adaptive length-based reward. We
remove the mechanism in Equation 6 and replace
the adaptive difficulty factor k() in Equation 7
with fixed difficulty factor k. Then we experiment
with various settings of k and Table 6 presents the
average results across all three datasets, while Ap-
pendix A.6 provides more detailed results.
Regarding overall performance, all fixed k-value
settings outperform the direct GRPO baseline,



Attention MMAU

Layer MMAU V0515 MMAR Avg
First 70.40 7640 62.60 69.80
Mid 70.50 7740 62.10 70.00
Last 70.90 76.80 6290 70.20

Table 7: Performance of different attention layers for
GA’DR across MMAU, MMAU-v0515 and MMAR.

demonstrating the effectiveness of the length based
reward itself. Average performance across the three
datasets improves as k increases, since larger k
leads to shorter outputs, indicating a need for length
optimization. However, all fixed settings are infe-
rior to the difficulty-adaptive reward, showing that
adaptive difficulty is necessary. Using a single
reward curve for all questions creates imbalance
and degrades performance. Overall, these results
confirm the effectiveness of the difficulty-adaptive
length-based reward strategy.

4.4 Analysis Regarding Different Attention
Layers for GA’DR

Here we further analyze impact of different atten-
tion layers for GA’DR. Specifically, we evaluate
the first, the mid and the last attention layer across
all three datasets in Table 7 and more detailed re-
sults are provided in Appendix A.6.

The overall performance across three bench-
marks confirms that the last attention layer yields
the best results, which justifies our selection. Ad-
ditionally, performance consistently improves as
layer depth increases. This trend aligns with our as-
sumption that deeper layers contain more semantic
information and better represent the model’s final
state during problem-solving. Therefore, selecting
the last layer is the optimal choice for calculating
the difficulty standards in GA’DR.

5 Related work

Recent advances in LLMs have promoted the de-
velopment of MLLMs. In the audio domain,
LALMs like Qwen2-Audio(Chu et al., 2024), Au-
dioFlamingo (Kong et al., 2024), and SALMONN
(Tang et al., 2024) perform well on basic tasks
but struggle with complex scenarios. More recent
models, including Qwen2.5-Omni (Xu et al., 2025)
and Kimi-Audio (KimiTeam et al., 2025), exhibit
stronger ability but still remain constrained on chal-
lenging tasks. To address this, Audio-Reasoner
(Xie et al., 2025) leverages large-scale CoT data

for SFT, while R1-AQA (Li et al., 2025) and Omni-
R1 (Rouditchenko et al., 2025) adopt reinforcement
learning, to encourage self-driven reasoning with-
out reliance on CoT annotations.

However, prior work primarily focuses on over-
all performance and often overlooks the distinc-
tions between GRPO and SFT. We systematically
analyze these aspects to clarify the mechanisms
of different approaches. Our findings reveal that
the explicit reasoning in GRPO is essential for dif-
ficult questions but often leads to redundancy on
simple ones. Consequently, we propose optimizing
reasoning length based on difficulty, minimizing
redundancy for simple tasks while fostering deeper
reasoning for complex ones.

Reasoning efficiency thus becomes a major chal-
lenge, with studies (Qu et al., 2025) identifying is-
sues like redundancy and overthinking. While RL-
based methods explore reward functions (Arora and
Zanette, 2025; Aggarwal and Welleck, 2025; Shen
et al., 2025), most rely on fixed length thresholds
that ignore problem types and evolving model ca-
pabilities. Liu et al. (2025) introduces a difficulty-
aware dynamic approach but needs an external
dataset split. Similarly, in LALMs, Audio-Thinker
(Wu et al., 2025) distinguishes when to reason but
it does not further optimize the samples that require
reasoning. To tackle these challenges, we propose
two difficulty-adaptive length-based rewards to en-
hance reasoning efficiency in LALMs. By fostering
conciseness for easy ones and depth for hard ones,
and supporting adaptive optimization as the model
evolves, our method reduces overall length while
maintaining superior performance.

6 Conclusion

In this work, we study how LALMs can perform
reasoning more effectively and efficiently. We first
analyze two key questions: under what conditions
SFT or GRPO is more effective, and whether per-
formance gains arise from explicit reasoning. Our
results show that explicit reasoning with GRPO
is more effective, but reasoning length must be
further optimized. Thus, we propose two difficulty-
adaptive length-based rewards that explicitly link
reasoning length to difficulty, encouraging concise
reasoning for simple questions and deeper reason-
ing for more challenging ones. Extensive experi-
ments on three datasets, together with comprehen-
sive ablation studies, demonstrate the improved
overall performance and higher efficiency.



Limitations

In this work, we focus on enabling LALMs to ad-
just reasoning length based on question difficulty
and achieve notable gains in both performance and
efficiency. However, some limitations remain. We
do not explicitly constrain or optimize the quality
of the CoT itself or its consistency with the final
answer through reward design. Therefore, we con-
duct a qualitative analysis of the outputs produced
by our two proposed rewards in Appendix A.9. Be-
yond confirming that our method does not cause
the loss of critical reasoning steps, we also observe
common and reasonable output patterns among
strong reasoning models. In future work, we plan
to introduce reward models that explicitly target
CoT quality and its consistency with the final an-
swer, aiming to produce higher-quality and more
consistent reasoning outputs.

Ethics Statement

This work adheres to established ethical standards.
All datasets are obtained and used in compliance
with relevant usage guidelines, with no violations
of privacy. We make consistent efforts to avoid
bias or discriminatory outcomes throughout the re-
search process. No personally identifiable informa-
tion is involved. Elements in Figure 1 drawn from
selected film or television works are used solely
for academic presentation in the paper, not for any
commercial or non-academic purposes, and strictly
comply with fair use provisions under copyright
law. All large language models are used only for
text or image refinement and do not participate in
the methods, code, experiments, or conclusions.
No experiments raise privacy or security concerns.
We remain committed to transparency and integrity
throughout the research process.
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A Appendix

A.1 Setup

Models. We use Qwen2-Audio-7B-Instruct and
Qwen2.5-Omni-7B as base models, as they are
widely adopted open-source LALMs and enable
fair comparison with prior work. Training is per-
formed with ms-swift (Zhao et al., 2025) on three
A100-40G GPUs, using two for training and one
for vLLM-based inference (Kwon et al., 2023). Ad-
ditional details are provided in Appendix A.2.

Datasets. We use two training datasets, FS and
AVQA (Yang et al., 2022). AVQA is a subset of FS,
which further includes four additional datasets. For
AVQA, we keep only audio—text pairs and replace
“video” with “audio” in the questions. For analysis,
we mainly evaluate on MMAU-Test-Mini (Sakshi
et al., 2025), with AirBench Foundation-Sound
(Yang et al., 2024) as a secondary reference. Main
experiments are conducted on MMAU-Test-Mini,
MMAU-v0515-Test-Mini, and MMAR.

GRPO. GRPO has been widely used in LLMs
and MLLMs and has shown strong performance.
Our implementation follows prior work (DeepSeek-
Al et al., 2025; Li et al., 2025). Its key feature is
computing the policy advantage using the average
reward of grouped samples. Given an input ques-
tion, sampled responses, and their rewards, the
advantage is computed as follows:

i —mean({ri,re, -+ ,rg})
Std({’l"lﬂ“z,"' ,T‘G}) .

Here, A; denotes the advantage used to optimize
the policy model, {ry, 72, - ,7c} represents the
set of reward values corresponding to each sampled
output within the group {01,092, -+ ,05}, and G
indicates the number of samples in the group.

After this, GRPO uses the computed advantage
to optimize the policy model by maximizing the
following objective function:

A ="

®)

G
1
Jarpro(8) = e E (M; — fDkr) (9
i=1

M,; = mm(p,Az, Cllp(pz, 1—e 1+ €)AZ) (10)

_ mo(oi | q) (11
70,,,(0i | q)
7r7‘6f(0i ’ q) ’/Tref(oi ‘ q)
Dy = eV g Zrel X V3 (12
KL= (0 | q) m0(0; | q) (12

Here, € and 3 are hyper-parameters.

11

MMAU-Test-Mini
Sound Music Speech Avg

All based on Qwen2-Audio-7B-Instruct
R1-AQA 68.77 64.37 63.66 65.60
Ours (SFT) 63.06 56.59 57.66 59.10

+ GRPO (AVQA) 67.27 66.17 59.46 64.30
+ GRPO (FS) 70.57 65.57 66.07 67.40

Models

Table 8: Evaluations on MMAU for cold-start methods.

Prompt Templates

Prompt1:Output the most suitable answer (from A, B, C,
and D with its corresponding answer) in <answer>
</answer> tags.

Prompt2:Output your thinking process in <think> </think>
and put the most suitable answer (from A, B, C, and D with
its corresponding answer) in <answer> </answer> tags.

Figure 4: Different prompt templates, where Prompt1 is
the implicit prompt and Prompt?2 is the explicit prompt.

Cold-start GRPO. A common approach for
learning reasoning patterns is Cold-Start, which
distills outputs from strong models and applies
SFT before GRPO. We evaluate this by sampling
data from the FS training set, distilling it with
Gemini2.5-Pro, and using Qwen3-235B-A22B" to
retain samples with correct and consistent reason-
ing and answers. We select 200 samples per task to
form a 1,000-sample dataset for Cold-Start SFT on
Qwen2-Audio-7B-Instruct. The model after two
SFT epochs is then used to initialize GRPO. Re-
sults are shown in Table 8.

Implicit and Explicit Prompt. To test whether
CoT benefits come from explicit outputs or implicit
reasoning, we design two prompts shown in Fig-
ure 4. In both settings, the model outputs answers
within <answer> </answer>. Promptl does not
require CoT, while Prompt2 generates CoT within
<think> </think>. A Format-Reward enforces
this structure in Prompt2, whereas Prompt1 only
constrains the answer format.

Truncation Reward. In addition to our proposed
rewards, we include a simple length-threshold base-
line. This method sets a threshold L and assigns
positive rewards to correct rollouts with length no
greater than Ly, while longer rollouts are penalized

3https://huggingface.co/Qwen/Qwen3-235B-A22B



LoRA Fine-tuning

LoRA_rank 32
LoRA_alpha 32
Torch_dtype bfloat16
Max_length 1024
Num_train_epochs 1
Per_device_train_batch_size 8
Per_device_eval_batch_size 8
Gradient_accumulation_steps 16
Learning_rate 1.5e-6
Num_generations 8
Temperature 1.0
Warmup_ratio 0.03
Beta 0.04
Epsilon 0.2
Deepspeed zero2
Rule-based Reward
Truncation Reward Ly 120/ 400
Truncation Reward o -0.5
GRDR and GA?DR I, 0.1
GRDR and GA?DR Fky,4rq 2
GRDR and GA?DR k. 10

Table 9: Hyper-parameters for SFT and GRPO, includ-
ing different settings under LoRA and Full.

even if correct. The reward is computed as follows:

, if Ly, < Lt and o; is correct, (13)
if L,, > L.

Here, L,, denotes the output length of the CoT
for the corresponding sample, and o is a penalty
hyper-parameter.

A.2 Hyper-parameters

Here, we provide explanations of the hyperparame-
ter settings in Table 9, including the two proposed
rewards and the basic TR hyperparameter settings.

A.3 Model-perspective Difficulty On MMAU

In Sakshi et al. (2025), question difficulty is manu-
ally annotated by experts, yielding high-quality but
costly and fixed labels. Here, we introduce model-
perspective difficulty to reflect average model ca-
pability. We run four models, Qwen2-Audio-
7B-Instruct, Qwen2.5-Omni-7B, Kimi-Audio-7B-
Instruct*, and Gemini2.5-Pro-0506, on MMAU-
Test-Mini with the same random seed, and define

“https://huggingface.co/moonshotai/Kimi-Audio-7B-
Instruct
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Orig  Total-Num  Num New Chg
Diff.  Orig New Un-Chg Chg Diff. Num
Medium 68
Easy 258 527 97 161 Hard 93
. Easy 338
Medium 510 214 91 419 Hard 81
Easy 92
Hard 232 259 85 147 Medium 55

Table 10: Data distribution of difficulty from human
(Orig) and model perspectives, including counts of
changed (Chg) and unchanged (Un-Chg) samples, and
transitions across difficulty categories.

difficulty by the number of models answering each
question correctly. The label distribution is shown
in Table 10.

A.4 Impact of Threshold Ratio on Qur
Proposed Reward

Since the negative exponential approaches 1 as its
exponent tends to 0, it can be viewed as implicit
reasoning, though this may harm readability. To
analyze this effect, we introduce a minimum thresh-
old ratio l,,,;,,. Samples with relative length below
this threshold are set to 1, while longer samples are
further normalized. The parameter ( then applies
this secondary normalization.

’]”i = Slgn(ol) . e_k(v)c(loﬁlmin) (14)

loi - lmin
)

C(loi; lmzn) = max(O, 1—

(15)

lmin

Table 11, Table 12, and Table 13 report the ef-
fects of adding a threshold ratio to our two pro-
posed rewards on three benchmarks. Models with-
out special notation correspond to the case of
lmin = 0, which means that no threshold ratio
is applied. For the cases with l,;,;, = 0.1, this
value is determined based on the average reasoning
length of direct GRPO models.

Models with a length threshold ratio achieve
higher average scores on MMAU-Test-Mini-v0515
and MMAR but show the opposite trend on
MMAU-Test-Mini. We emphasize the former two
benchmarks, as MMAU-Test-Mini contains lower
quality Q&As and audio. Overall, introducing a
length threshold helps counter the reward curve’s
tendency to drive completion length toward zero,
preventing excessive shortening that would weaken
CoT reasoning and reduce performance.



(a) GRDR + Threshold Ratio

(b) GA?DR + Threshold Ratio

Easy (Correct)
—— Medium (Correct)
Hard (Correct)

Upper Bound (Correct)
Lower Bound (Correct)

= =
< <
2 0.0 g
(] (]
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Normalized Length Normalized Length

Figure 5: Curves of GRDR and GA?DR with

normalized length and the threshold ratio /,,,;, .

MMAU-Test-Mini

Models Sound Music Speech Easy Easy! Medium Medium’ Hard Hard’ Avg
Based On Qwen2.5-Omni-7B

GRDR 71.47 7245 66.66 60.07 93.16 80.00 58.87 5991 32.81 70.20

+ lmin = 0.1 72,07 69.76 63.36 55.81 93.92 79.60 55.14 57.75 27.41 68.40

GA’DR 71.77 7425 66.66 59.69 93.35 81.37 61.21 60.34 33.20 70.90

+ lmin = 0.1 71.77 68.86 6426 5542 93.73 79.02 57.00 59.05 25.86 68.20

Table 11: The performance of GRDR, GA2DR, and their variants with added length threshold ratios on MMAU-Test-
Mini. Here, unmarked models correspond to /,,,;, = 0, and { denotes the model-perspective difficulty annotations.

MMAU-Test-Mini-v0515
Sound Music Speech Avg

Based On Qwen2.5-Omni-7B

Models

GRDR 83.48 70.35 75.97 76.60
+ lmin = 0.1 83.18 70.95 76.27 76.80
GA’DR 83.18 71.55 75.67 76.80
+lmin = 0.1 81.08 7215 77.77 77.00

Table 12: The performance of our proposed rewards,
and their variants with length threshold ratios. Here,
unmarked models correspond to [,,;, = 0.

When comparing GRDR and GA”DR, the latter
performs better on two benchmarks. This advan-
tage comes from defining difficulty at the batch
level, which aligns with batch-wise optimization.
Prior work (Peng et al., 2025) shows that rein-
forcement learning can improve pass@1 but hurt
pass @k due to unstable rollouts. GA’DR reduces
this issue by grouping rollouts with the same ques-
tion and audio, thereby lowering variance.

A.5 Detailed length statistics of different
models on MMAU

This section reports raw reasoning-length statis-
tics for all models in our MMAU-Test-Mini exper-

MMAR
Sound Music Speech Avg

Based On Qwen2.5-Omni-7B

Models

GRDR 61.21 51.94 65.30 61.20
+ lmin = 0.1 63.63 5291 65.98 63.00
GA’DR 64.84 54.85 6530 62.90
+ lmin = 0.1 64.84 53.39 63.60 63.00

Table 13: The performance of our proposed rewards,
and their variants with length threshold ratios. Here,
unmarked models correspond to ,,;,, = 0.

iments in Table 14. Lengths are measured with
the Qwen?2 tokenizer. Qwen2-Audio and Qwen?2.5-
Omni share this tokenizer, while it is also used
for Gemini2.5-Pro due to its closed-source tok-
enizer. Although this may introduce minor devia-
tion, Gemini2.5-Pro produces much longer reason-
ing, so relative differences remain clear.

A.6 Detailed Results on three benchmarks for
Section 4.4 and Section 4.3

In Section 4.4 and Section 4.3, we analyze the
choice of attention layers for GA?DR and conduct
ablation studies on the difficulty adaptive rewards.
In this section, we present detailed results for each

13



MMAU-Test-Mini

Models

Easy Easy! Medium Medium! Hard  Hard'
Compared Models
Qwen2-Audio-7B-Instruct  59.79  65.48 67.66 65.26 70.18  68.50
Qwen2.5-Omni-7B 151.80 89.76 80.19 121.90  121.57 134.67
Kimi-Audio-7B-Instruct 9499  21.79 29.69 59.03 25.01  82.38
Gemini2.5-Pro-0506 759.60 525.85 542.17 663.58  628.32 768.81
Based On Qwen2-Audio-7B-Instruct
GRPO 41.76  42.26 42.55 43.29 43.89 4297
+ TR 42.11  43.55 43.77 44.42 46.32 4431
+ GRDR 27.76  30.41 31.59 31.49 32.26  30.88
Based On Qwen2.5-Omni-7B

GRPO 185.38 108.08  99.74 153.90 146.18 164.92
+ TR 183.65 110.20 103.10 153.49 14576 165.46
+ GRDR 5449  51.69 41.70 56.05 68.32  56.73
+ lpin = 0.1 124.62  89.10 85.66 110.00 107.54 116.96

+ GA’DR 54.58 52.84 48.57 53.92 66.48  57.58
+ lyin = 0.1 115.38  88.80 85.34 105.89 10591 109.68

Table 14: The output length statistics on MMAU-test-mini,

reported under both the human-perspective and model-

perspective difficulty annotations. Here, T denotes the model-perspective difficulty annotations.

Model ACC Avg-Length

Advanced Proprietary Model
Gemini2.5-Pro-0506 95 931.8

Based On Qwen2-Audio-7B-Instruct

Audio-Reasoner 75 547.1

GRPO 75 50.7
+ GRDR 70 38.5
+ Cold-Start SFT 55 541.4

Based On Qwen2.5-Omni-7B

GRPO 100 109.5
+ GRDR 95 56.2
+ GRDR (I, = 0.1) 90 94.1
+ GA’DR 100 56.9
+ GA2DR (I,in, = 0.1) 95 94.2

Table 15: Performance and reasoning length of different
models on 20 sarcasm cause detection tasks.

benchmark. Tables 16, 17, and 18 report abla-
tions on the k settings, while Tables 19, 20, and 21
present the analysis of attention layers.

A.7 Reasoning length vs. Accuracy

Here, we examine the relationship between out-
put length and accuracy for GRDR and GA’DR
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on MMAU-Test-Mini. From Figure 6 to Figure 9,
samples are grouped into length intervals of compa-
rable size, and correctly answered samples within
each interval are further separated by difficulty,
shown with progressively darker shades of blue.

A.8 Training Curves

This section presents the training curves of GRDR
and GA?DR on Qwen2.5-Omni, including gradient
norm, KL divergence, and reward trends, shown
in Figures 10 and 11. Both methods converge sta-
bly, without extreme gradients, abnormal KL diver-
gence, or numerical spikes.

A.9 Case Study: Qualitative Analysis of
Output Paradigms across Models

We analyze 20 MMAU-Test-Mini questions on Dis-
sonant Emotion Interpretation with a focus on sar-
casm cause detection, a task well suited for qual-
itative study due to complex multi-speaker audio.
Detailed results are provided in Table 15.

For Qwen2-Audio-7B-Instruct, GRPO and
GRPO with GRDR match the performance of
Audio-Reasoner while producing much shorter out-
puts. In contrast, Cold-Start GRPO yields similar
reasoning length but the worst performance, sug-
gesting that weaker base models tend to mimic
surface structures rather than learn effective rea-



MMAU-Test-Mini

Models Sound Music Speech Easy Easy! Medium Medium! Hard Hard! Avg
GRPO Based On Qwen2.5-Omni-7B (With length based Reward Only)

k=2 73.27 67.06 67.86 59.69 9449 77.84 5841 61.63 27.41 69.40

k=6 72.37 6646 6876 5620 93.92 79.21 57.00 61.63 2895 69.20

k=10 7237 70.06 6636 5891 9392 79.60 56.07 59.48 31.27 69.60

Table 16: The performance of models trained with the single length based reward for different k settings on MMAU.
Here, { denotes the model-perspective difficulty annotations.

Models MMAU-Test-Mini-v0515
Sound Music Speech Avg

GRPO Based On Qwen2.5-Omni-7B

k=2 81.38 73.05 7477 76.40
k=6 82.88 71.55 7477 7640
k=10 81.98 71.25 76.57 76.60

Table 17: The performance of models trained with the
single length based reward for different k settings on
MMAU-v0515.

MMAR
Models Sound Music Speech Avg
GRPO Based On Qwen2.5-Omni-7B
k=2 61.81 5097 63.26 61.40
k=6 60.60 5291 6496 61.80
k=10 61.81 5291 64.62 62.20

Table 18: The performance of models trained with the
single length based reward for different k settings on
MMAR.

MMAU-Test-Mini

L
ayet Sound Music Speech Easy Easy! Medium Medium’ Hard Hard? Avg
GRPO Based On Qwen2.5-Omni-7B (With length based Reward Only)
First  72.07 71.55 67.56 60.85 9430 79.60 57.00 60.77 32.81 70.40
Mid 7297 7125 67.26 58.14 94.87 80.78 60.74  61.63 28.95 70.50
Last 7177 7425 66.66 59.69 9335 81.37 61.21 60.34 33.20 70.90

Table 19: The performance of GA?DR with different attention layer selections on MMAU. Here, 1 denotes the

model-perspective difficulty annotations.

MMAU-Test-Mini-v0515

Layer Sound Music Speech Avg

GRPO Based On Qwen2.5-Omni-7B

First  84.08 7035 7477 76.40
Mid 81.38 7335 7747 7740
Last 83.18 7155 75.67 76.80

Table 20: The performance of GA?DR with different
attention layer selections on MMAU-v0515.

soning, making Cold-Start ineffective or harmful.
For Qwen2.5-Omni-7B, performance differences
are small since the base model already supports
complex reasoning. Even so, our proposed rewards
maintain accuracy while substantially shortening
reasoning, leading to clear efficiency gains.

Qualitative inspection shows that strong mod-
els follow a consistent process of grounding audio
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MMAR

Layer Sound Music Speech

Avg

GRPO Based On Qwen2.5-Omni-7B

First  62.42 5534 6428 62.60
Mid 61.81 5339 6394 62.10
Last 64.84 54.85 6530 6290

Table 21: The performance of GA?DR with different
attention layer selections on MMAR.

cues, conducting step-by-step analysis, and produc-
ing a final answer. Weaker models often fail at early
information extraction, causing errors to propagate.
Figures 12—14 show outputs from six models, in-
cluding Gemini2.5-Pro, Audio-Reasoner, and our
four models. Correct options are highlighted in
green, logical steps in blue, and redundancies in
red.
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Figure 6: The trend of length and accuracy for the

GRDR with human-perspective difficulty.
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Figure 8: The trend of length and accuracy for the

GA’DR with human-perspective difficulty.
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Figure 7: The trend of length and accuracy for the
GRDR with model-perspective difficulty.

Accuracy vs Response Length

—e— Overall Accuracy
80 - I Fasy
o EE Medium
s 70 B Hard

g
£ 60
54
<50
40
'5’(\\ '\’Q’\ > S «f’ﬂ)\ & 60'\
N ¢ & & N &

Response Length (tokens)

Figure 9: The trend of length and accuracy for the
GA’DR with model-perspective difficulty.
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Figure 10: Training curves of gradient norm, KL divergence, and reward on GRDR.

“o

6.5

4 6

35 55
5

3 45

25 4
35

2 3

1. 25
> 2

1 15

1

05 08
0 0

00 0 500 1k 1.5k 2k 2.5k 3k 3.5k 4k 4.

(a) Grad Norm

00 0 500 1k 1.5k 2k 2.5k 3k 3.5k 4k 4.

(b) KL Divergence

1.1 ‘

00 0 500 1k 1.5k 2k 2.5k 3k 35k 4k 4

(c) Reward

Figure 11: Training curves of gradient norm, KL divergence, and reward on GA?DR.

Overall, effective reasoning relies on accurate
grounding, structured analysis, and clear conclu-
sions. Accordingly, weaker models should first fo-
cus on grounding tasks, stronger but less readable
models may benefit from Cold-Start, and models
with established structures can directly apply RL
with our proposed rewards to improve both perfor-
mance and efficiency.
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Example Analysis

| Question: How does the last statement reflect sarcasm in the conversation?

| Choices:  A) boots are very stylish. B) boots are too expensive.
\ C) boots don't match anything. D) complimenting the chicken suit. |

\
| /\/\m\,\ P 0:08/0:10 co—— ) : 1

<Think>
The conversation revolves around ... The woman ... she states that "..." (referring to an outfit she's considering).
The man responds sarcastically, "..." Let's analyze ... 1. The man is highlighting ... She claimed ... 2. The "..." is

an absurd and ridiculous outfit. Suggesting ... 3. The sarcasm is ... Now let's evaluate the choices: A): The ...
doesn't directly comment on ... B): The expense is mentioned ... but ... C): The man's "..." This interpretation
suggests ... So ... D): This is clearly incorrect ... Let's consider ... more deeply. The man is saying, "..." The

sarcasm points to ... If the boots ... suggests ... This could imply that ... Thus, the implication ... The chicken suit ~ Gemini2.5-Pro
serves as ... By suggesting ... If ... then ... Alternatively, if ... then ... The sarcasm plays on this dilemma. Option
C... The answer is C.
<Answer>
C) boots don't match anything.

<Think>
<PLANNING>: The question asks ... I need to analyze ... Then ... I will focus on ...
<CAPTION>: The audio ... The first speaker mentions "..." The second speaker responds "..." The first speaker's
tone ... and the second speaker's tone ...
<REASONING>: The question asks .. Let's ... : (a): ... is unlikely. (b): ... is less likely. (c): ... This option aligns

@

well ... (d): ... is incorrect. Therefore ... (¢). Audio
<SUMMARY>: The second speaker's ... "..." implies that ... This aligns with option (c). Reasoner
<Response>
The last statement ... implying that ... The answer is C.
<Think>

The speaker is sarcastic because they imply that the boots are only meant to be worn with certain outfits, which
contrasts with the previous statement implying they were versatile.

<Answer>
C) boots don't match anything.

&

Qwen2-Audio

<Think>
The audio starts "..." This implies that ... Then ... This reinforces the idea that ... Finally ... This implies that ...
Let's evaluate the choices: A): ... this is not ... B): This is also not necessarily ... C): This aligns well with ... D):
This is clearly ... The last statement is "..." This is ... implying that ... Therefore ... The final answer is C. Qwen2-Audio
<Answer> Cold-Start

C) boots don't match anything.

& £

<Think>
The last statement, "a chicken suit?" is a rhetorical question that implies the boots are not suitable for any outfit,
including a chicken suit. This is a sarcastic remark, as it is unlikely that the boots would be appropriate for a
chicken suit. The other options do not reflect the sarcasm in the statement. Therefore, the most suitable answer is
C.

<Answer>
C) boots don't match anything.

<Think>
The last statement is sarcastic because it implies that the boots are so expensive that they are only suitable for a
chicken suit, which is an absurd and humorous statement.

<Answer> Qwen2.5-Omni
C) boots don't match anything. GRPO-GA’DR

Q
& £
o

Qwen2.5-Omni

Q
& 2
o

Figure 12: Output examples from six different models on a sarcasm cause detection question. The green part in the
question indicates the correct option. The blue parts in the model outputs represent core content, while the red parts
indicate redundancy.
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Example Analysis

“‘ e R
‘ Question: Why can the last line be interpreted as sarcastic? [
| Choices: A) They love assembling furniture together. B) They don't know Joey and Chandler. “

7 | C) They are not coming over. D) Not genuinely excited about assembling.
¢ | W P 0:08/0:10 co——— ) : “
g L"f,r”"ii'f""i 7777 e e —
<Think>

The audio clip presents a conversation.Speaker 1: ... Speaker 2: ... The question asks why the last line ... can ...

Sarcasm is ... It often involves ... with a tone ... Let's analyze Speaker 2's line and tone ... Now let's evaluate the

given choices:A) ... So, A is unlikely.B) ... C) ... So, C is not the most direct reason for the sarcasm.D) ... This

matches option D. Let's consider why the other options are less likely ... Therefore, the most suitable reason ...

Re-listening to the audio ... Therefore, the sarcastic interpretation ... Final Answer seems to be D. The final answer Gemini2.5-Pro
is D.

<Answer>
D) Not genuinely excited about assembling.

<Think>
<PLANNING>: The question asks ... I need to analyze ... Then ... I will focus on ...
<CAPTION>: The audio clip features a conversation where ... The speaker mentions ... The speaker then says ...
The speaker's tone is ... and the phrase .. suggests ...
<REASONING>: Let's ... (a) ... (b) ... (¢) ... (d) ... Therefore, the most ... is not coming over.

@

<SUMMARY>: The speaker's tone ... The most ... Therefore, the answer is C. Audio
<Response> Reasoner
The speaker's tone ... The most ... The answer is C.
<Think>

The speaker might be sarcastic because they don't feel like being alone tonight but is forced to invite others over,
implying their true feelings.
<Answer> Qwen2-Audio

&

C) They are not coming over. GRPO
<Think>

The audio contains the following lines: "..." This statement implies that ... Now let's consider the choices: A) ... B)

... C) ... D) ... Considering the options, "..." seems like the most plausible reason for sarcasm. If the speaker were @

genuinely excited ... they would likely ... Instead, they mention ... The final answer is B. .
NS Qwen2-Audio

B) They don't know Joey and Chandler. Cold-Start

<Think>
The last line ... could be interpreted as sarcastic because it implies that the speaker is not genuinely excited about
the offer to help assemble furniture. The use of ... suggests a dismissive or sarcastic tone, indicating that the
speaker is not really thankful for the offer. Therefore, the most suitable answer is D).

<Answer>
D) Not genuinely excited about assembling.

Q
& ¢
e}

Qwen2.5-Omni

<Think>
The last line is sarcastic because it implies that the speaker is not genuinely excited about assembling furniture.
The speaker is thanking someone sarcastically, which suggests that they are not actually excited about the
situation.

<Answer>
D) Not genuinely excited about assembling.

Q
&
O

Qwen2.5-Omni
GRPO-GA’DR

Figure 13: Output examples from six different models on a sarcasm cause detection question. The green part in the
question indicates the correct option. The blue parts in the model outputs represent core content, while the red parts
indicate redundancy.
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Example Analysis

| Question: What makes the last comment sarcastic in relation to the dialogue? |
“ Choices:  A) She doesn't like birthdays. B) She won't remember anyway.
C) She's too old for parties. D) We can reschedule her birthday.

f /\/\/\/\/\ p 0:08/0:10 co——— @) : ‘

<Think>
The dialogue involves a disagreement about ... One person insists on ... The last speaker makes a sarcastic
comment: ... Let's analyze what makes this comment sarcastic in relation to the dialogue: The speaker ... Instead ...
If Emma were ... and had no idea ... several things would be true:1. She wouldn't ... 2. She wouldn't ... 3. Her ’
memory ... The sarcasm implies that ... By wishing ... The sarcastic implication is that ... Now let's evaluate the
choices:A) ... B) ... C) ... D) ... It's a specific jab ... The sarcasm hinges on the characteristics ... A key Gemini2.5-Pro
characteristic related ... [f Emma were ... The speaker is sarcastically ... This is used to imply ... Therefore, the
fact ... The sarcastic comment ... The most suitable answer is B because ... The final answer is B
<Answer>
B) She won't remember anyway.

<Think>
<PLANNING>: The question asks what ... I need to analyze ... Then, I will evaluate ...
<CAPTION>: The audio ... The person ... The speaker then says ... This is followed by laughter.
<REASONING>: The core of the sarcasm lies in ... The person ... The comment ... is ... implying ... The laughter

@

at the end confirms ... Now, let's evaluate the options:A) ... B) ... C) ... D) ... Therefore, option C s ... Audio
<SUMMARY>: The sarcasm ... arises from ... This is ... Therefore, the answer is C. R
easoner
<Response>

The last comment ... implies that ... The answer is C.

<Think>
The speaker seems to express disbelief or resignation regarding the importance of birthdays, especially when
compared to the ongoing party plans.

<Answer>
B) She won't remember anyway.

&

Qwen2-Audio

<Think>
The audio contains a conversation where one person ... The other person ... This statement implies ... Let's
evaluate the choices: A) ... B) ... C) ... D) ... Given the context, the statement ... is the most likely source ... It
suggests that the person ... The final answer is B.

<Answer>
B) She won't remember anyway.

& §

Qwen2-Audio
Cold-Start
GRPO

<Think>
The last comment is sarcastic because it implies that the person being addressed is too old to be surprised by
the concept of a birthday party. The speaker is suggesting that the person is old enough to know what a birthday
is, which is a form of sarcasm. The other options do not fit the context of the dialogue as well as B does. Qwen2.5-Omni
<Answer>
B) She won't remember anyway.

&

<Think>
The speaker is expressing frustration about the situation. The sarcastic comment implies that the speaker wishes
the child was too young to remember birthdays, which is not true.

<Answer> Qwen2.5-Omni
B) She won't remember anyway. GRPO-GA2DR

&

Figure 14: Output examples from six different models on a sarcasm cause detection question. The green part in the
question indicates the correct option. The blue parts in the model outputs represent core content, while the red parts
indicate redundancy.
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