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Abstract

Recent advancements in large language models, multimodal
large language models, and large audio language models
(LALMs) have significantly improved their reasoning capa-
bilities through reinforcement learning utilizing rule-based
rewards. However, the explicit reasoning process has yet
to yield substantial benefits for audio question answering,
and effectively leveraging deep reasoning remains an open
challenge, with LALMs still falling short of human-level
auditory-language reasoning. To address these limitations, we
propose Audio-Thinker, a reinforcement learning framework
designed to enhance the reasoning capabilities of LALMs
through improved adaptability, consistency, and effective-
ness. Our approach introduces an adaptive think accuracy re-
ward, enabling the model to adjust its reasoning strategies
based on task complexity. Furthermore, we incorporate an ex-
ternal reward model to evaluate the overall consistency and
quality of the reasoning process, complemented by think-
based rewards that assist the model in distinguishing between
valid and flawed reasoning paths during training. Experi-
mental results demonstrate that Audio-Thinker models out-
perform existing reasoning-oriented LALMs across various
benchmark tasks, exhibiting superior reasoning and general-
ization capabilities.

Extended version — https://arxiv.org/abs/2508.08039

Introduction
Recent advances in LLMs show that reasoning can be en-
hanced through chain-of-thought (CoT) prompting, cogni-
tive frameworks, and reinforcement learning (RL) (Guo
et al. 2025). RL-tuned models excel in complex tasks, such
as math and coding, with methods like Group Relative Pol-
icy Optimization (GRPO) (Shao et al. 2024) outperform-
ing traditional supervised learning. Smaller models benefit
from structured reasoning, while larger models prefer un-
structured approaches.

Recent studies (Huang et al. 2025b; Liu et al. 2025b; Pan
et al. 2025; Zhou et al. 2025) extend RL to Multimodal
Large Language Models (MLLMs) across domains like ob-
ject recognition (Liu et al. 2025b), semantic segmentation
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(Liu et al. 2025a), and video analysis (Sun et al. 2025).
These methods enhance MLLM capabilities in data-scarce
scenarios, matching supervised fine-tuning (SFT) perfor-
mance on in-domain tasks while outperforming supervised
models in out-of-distribution evaluations.

The domain of audio-language reasoning and RL-based
fine-tuning (RLF) remains relatively unexplored. Prominent
Large Audio Language Models (LALMs) such as Audio
Flamingo (Kong et al. 2024), SALMONN (Tang et al. 2023),
and Qwen2-Audio (Yang et al. 2024a) significantly advance
audio comprehension across various benchmarks. However,
these models primarily concentrate on perception and ba-
sic question-answering tasks without incorporating explicit
reasoning processes. Subsequently, Audio-Reasoner (Xie
et al. 2025b) employs a structured reasoning methodology
on Qwen2-Audio, while R1-AQA (Li et al. 2025a) applies
the GRPO algorithm, finding that the simple addition of a
reasoning chain is insufficient to yield substantial improve-
ments. SARI (Wen et al. 2025) fine-tunes Qwen2.5-Omni
using a combination of RL and both structured and unstruc-
tured reasoning. However, its performance does not match
that of Omni-R1 (Rouditchenko et al. 2025), which is trained
exclusively with RL. These findings underscore the ongoing
challenge of effectively leveraging RL to enhance reasoning
capabilities in audio question-answering tasks.

In this study, we address these challenges by introducing
Audio-Thinker, a RL-based framework designed to enhance
the adaptive, consistent, and effective reasoning capabili-
ties of LALMs. As illustrated in Figure 1, Audio-Thinker
employs an adaptive thinking mode policy that determines
when the model should engage in “thinking”, based on the
query complexity. Moreover, it integrates an external LLM-
based expert to provide thought-based supervision, thereby
guiding the model in generating coherent and effective rea-
soning processes. The main contributions of this work are as
follows.
• Audio-Thinker Framework : We present Audio-

Thinker, a universal RL-based framework that empow-
ers LALMs to explore effective reasoning policies while
simultaneously enhancing reasoning quality.

• When to Think: We introduce an adaptive thinking ac-
curacy reward that trains LALMs to modulate their rea-
soning strategies according to task complexity, directing
the model to find optimal reasoning approaches.
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thinking in <think> </think> and 
answer in <answer> </answer>. If 
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answer in <answer> </answer>
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1.AdaptiveThink Format 
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2.AdaptiveThink Accuracy  
Reward
3.Consistency Reward
4.Think Reward

Easy Questions 

Hard Questions

<answer>Bird.</answer>

<think>Continuous car noises 
and screams indicate a lively 
outdoor setting,making a 
playground the most likely 
scenario...</think> <answer> 
playground </answer>

Figure 1: Overview of the Audio-Thinker framework. As illustrated in the block Inference, the LALMs trained using the Audio-
Thinker framework are capable of achieving adaptive reasoning capabilities that scale according to the complexity and difficulty
of the given task.

• How to Think: We integrate think-based rewards that
evaluate the consistency and quality of reasoning, allow-
ing the model to distinguish between sound and flawed
reasoning processes during training.

• State-of-the-Art Performance: In the experiments, with
only 40k post-training samples, Audio-Thinker mod-
els consistently outperform existing LALMs on diverse
benchmarks, including MMAU (Sakshi et al. 2024),
MMAR (Ma et al. 2025b), and AIR (Yang et al. 2024b),
demonstrating strong reasoning and generalization capa-
bilities.

Relate Works
Large Audio Language Models
The rapid advancement of LLMs catalyzes the evolution of
MLLMs, which possess the capacity to comprehend and rea-
son across a diverse array of data modalities, including au-
ditory information. Exemplary instances of LALMs, such as
GAMA (Ghosh et al. 2024), SALMONN (Tang et al. 2023),
Qwen2-Audio (Yang et al. 2024a), Audio Flamingo (Kong
et al. 2024), Audio Flamingo 2 (Ghosh et al. 2025), and Au-
dio Flamingo 3 (Goel et al. 2025), exhibit remarkable capa-
bilities in audio understanding.

Language and Multimodal Reasoning
Recently, models such as OpenAI-o1 (Jaech et al. 2024),
Kimi K1.5 (Team et al. 2025), and DeepSeekR1 (Guo et al.
2025) draw attention for enhancing reasoning performance
through RL (Jin et al. 2025; Peng et al. 2025; Face 2025).
This progress spurs follow-up research, including successful
method replications (Xie et al. 2025a) and efforts to improve
algorithmic efficiency (Yu et al. 2025). RL is increasingly
applied to vision-language models (Yang et al. 2025b; Feng
et al. 2025; Huang et al. 2025a).

Audio Models with Reasoning
Recent efforts concentrate on enhancing reasoning capabil-
ities in audio-language models. A notable example is Mel-
low (Deshmukh et al. 2025), a lightweight audio-language

model that demonstrates exceptional reasoning abilities. De-
spite having only 167 million parameters and being trained
on 1.24 million examples, Mellow outperforms larger State-
of-the-Art (SOTA) models across various domains. Audio-
CoT (Ma et al. 2025a) is the first model to explore CoT
reasoning in audio-language models; however, it does not
incorporate model updates and offers limited advancements
for tackling complex issues. Additionally, Audio-Reasoner
(Xie et al. 2025b) introduces a structured reasoning pro-
cess that utilizes a large-scale dataset (CoTA) and employs
a multi-phase “thinking” architecture comprising planning,
captioning, reasoning, and summarization before generating
its final response. Furthermore, R1-AQA (Li et al. 2025a)
utilizes the GRPO algorithm to fine-tune the Qwen2-Audio
model for audio question-answering tasks, enhancing rea-
soning accuracy with less data through reward-driven op-
timization. Concurrently, SARI (Wen et al. 2025) fine-
tunes Qwen2.5-Omni (Xu et al. 2025) using RL, present-
ing a study focused on improving the reasoning capabil-
ities of audio multimodal models by leveraging explicit
CoT training and curriculum-guided RL. Finally, Omni-R1
(Rouditchenko et al. 2025) fine-tunes Qwen2.5-Omni with
GRPO, employing a straightforward yet effective prompt
that streamlines training and testing, ultimately achieving a
new SOTA performance.

Observations and Motivations
O1: Explicit Thinking Does Not Always Yield
Effective Results
Prior studies on large language models (LLMs) and multi-
modal large language models (MLLMs) commonly suggest
that explicit reasoning mechanisms can enhance reasoning
performance. However, recent works such as R1-AQA and
Omni-R1 demonstrate that explicitly modeling the reason-
ing process does not lead to substantial improvements in
automated question answering (AQA) tasks. These results
suggest that the effectiveness of explicit reasoning is task-
dependent and may not generalize across settings. Conse-
quently, how to effectively leverage what we refer to as deep
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Figure 2: No-Think Rate by Difficulty on MMAU-test-mini.
Prompt-forcing models show a flat distribution, indicating
no sensitivity to problem complexity, while Audio-Thinker
models exhibit a clear trend, demonstrating difficulty-aware
reasoning.

thinking remains an open research question.

O2: Prompting Alone Does Not Enable Adaptive
Thinking
One possible solution to the issue identified in O1 is the im-
plementation of adaptive thinking (Zhang et al. 2025a; Li
et al. 2025b), whereby the model dynamically determines
the necessity of reasoning based on input characteristics.
This can be achieved through a prompting strategy that en-
ables context-aware adaptation to question complexity.

To evaluate performance, we use a prompt strategy (see
Appendix A.1 in the extended version) and evaluate the re-
sults on the MMAU-test-mini dataset across three complex-
ity levels. As shown in Figure 2, we analyze the no-think rate
across these levels. Notably, prompt-forced models show no
clear trend, indicating their reasoning activation is largely in-
sensitive to problem difficulty. This observation underscores
the limited adaptability of prompt-forced models in deter-
mining when deep thinking is necessary.

Guiding LALMs When and How to Think
Based on current observations, existing LALMs lack adap-
tive thinking and sufficient supervision over their reason-
ing processes during training, which may hinder generaliza-
tion. To address this, we propose Audio-Thinker, an audio-
language RL-based framework that promotes difficulty-
aware, consistent, and effective reasoning. As shown in Fig-
ure 2, the models trained with Audio-Thinker demonstrate
clear difficulty-aware reasoning.

Audio Thinker
As depicted in Figure 1, Audio-Thinker consists of two pri-
mary components:

• Adaptive Thinking Prompt Design: A prompting strat-
egy that facilitates stochastic transitions between think-
ing and non-thinking modes in LALMs.

• RL-based Training Framework: As shown in Figure 3,
our approach employs a progressively refined reward
function, enabling LALMs to discern the necessity of
reasoning and to follow the most effective reasoning tra-
jectory toward the solution.

Below, we provide a detailed explanation of the implemen-
tation of each module.

Prompt Design
We prompt the model to first assess whether a query requires
reasoning, and then either generate a reasoning process if
needed or provide a direct answer otherwise. Details of the
prompt are provided in Appendix A.1.

Progressively Refined Reward Designs
Reward 1: Adaptive Think Format Reward We prompt
LALMs to decide whether reasoning is needed and then gen-
erate either a reasoned response or a direct answer accord-
ingly. Both formats receive a format reward of 1.

Reward 2: Adaptive Think Accuracy Reward As
shown in Figure 2, the prompt-only control approach
presents a key limitation: without feedback, the model can-
not determine when reflective thinking is necessary. Inspired
by AutoThink (Tu et al. 2025), we introduce the Adaptive
Think Accuracy Reward (ATAR) to guide the model in de-
ciding whether to engage in deep reasoning based on prob-
lem complexity, as illustrated in Figure 3, Block “Adaptive
Think Accuracy Reward”. Specifically, we assign higher re-
wards for correct answers that do not require reflection and
impose stricter penalties for incorrect responses. We de-
fine four cases: Case 1: think and correct, Case 2: think
and incorrect, Case 3: no-think and correct, Case 4: no-
think and incorrect. Each sample i receives an initial reward
Ra,i ∈ {+1, 0,+2,−1} for Case 1, 2, 3, and 4, respectively.

This reward structure encourages difficulty-aware behav-
ior; however, it may cause instability in the early stages of
training. The model might converge on a degenerate policy,
consistently choosing either to think or to skip, depending on
which option appears to yield a higher short-term expected
reward. This tendency limits exploration and hampers fur-
ther optimization. To mitigate this issue, we integrate the
implementation of batch-level reward balancing.

Let λ ∈ [0, 1] denote the proportion of think trajectories
in a training batch, with 1−λ representing the proportion of
no-think samples. For both think and no-think samples, we
calculate soft penalty factors as follows:

γthink = e−λ, (1)

γno-think = e−(1−λ). (2)
The introduction of soft penalty factors assists the model

in maintaining behavioral stability between thinking and
non-thinking modes during the initial phases of training.
However, this mechanism also constrains the model’s abil-
ity to evolve freely within each mode. To address this limita-
tion, we propose a strategy that gradually reduces the impact
of soft penalty factors as training progresses. This approach
encourages the reasoning model to increasingly rely on the
original accurate rule-based rewards in later stages, with the
soft penalty factor gradually converging towards a value of
1. The final soft penalty factors are defined as follows:

γthink = e−λ·(1− steps
T ), (3)
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Figure 3: An illustration of Audio-Thinker RL-based training pipeline. The upper portion of the figure depicts the overall RL-
based training framework, while the lower section presents a detailed breakdown of the progressively refined reward design
components.

γno-think = e−(1−λ)·(1− steps
T ), (4)

where steps denotes the current global training step, and T
represents the total training steps, thereby allowing for ad-
justment of the soft penalty factor’s influence. Accordingly,
the final reward can be defined as follows:

Ra,i =


γthink Case 1,
−
(
1− γthink

)
Case 2,

2γno-think Case 3,
−γno-think − 2

(
1− γno-think

)
Case 4.

(5)

When thinking processes dominate, the rewards for cogni-
tive responses, especially incorrect ones, are subtly dimin-
ished. Similarly, when no-think responses are overly repre-
sented, their rewards also decline. In both cases, the model is
encouraged to restore balance by favoring the less frequent
behavior.

Reward 3: Consistency Reward Ideally, a model’s rea-
soning should directly support its final answer. However,
with accuracy-based training methods such as GRPO, in-
consistencies may emerge. Specifically, while the model
often produces correct answers, its CoT reasoning fre-
quently lacks coherence. This indicates that the model
has learned to generate correct outputs without develop-
ing strong reasoning skills. As demonstrated in Figure 3,
the model might classify response 1 as preferable yet pro-
duce output 2 (e.g., <think>...the final answer
is 1</think><answer>2</answer>).

This gap stems from supervising only the final answer
while ignoring the reasoning trajectory. Consequently, the
model fortifies faulty yet fortuitously correct chains, rel-
egating reasoning to noise and yielding repetitive or ran-
dom outputs. Although accuracy may persist, transparency
and interpretability are sacrificed. Inspired by R1-Reward
(Zhang et al. 2025b), we employ Qwen3-8B-Base (Yang
et al. 2025a) as a supervisory model to evaluate reason-
ing–output alignment. This ensures alignment between the
reasoning process and output, leading to the following re-
ward function:

Rc,i =

{
1, Think is consistent with the answer,
0, Think is inconsistent with the answer.

(6)

For responses in the no-think mode, the consistency reward
function is set to 1.

Reward 4: Think Reward Consistency rewards have the
potential to enhance the alignment between a model’s rea-
soning process and its final answer. However, a significant
challenge remains: models may produce correct answers
through flawed reasoning rather than systematic deduction.
Our observations indicate that when this reward is applied
in isolation, GRPO training can yield scenarios in which
the reasoning conclusion, although aligned with the final an-
swer, emerges from erroneous logic or inaccurate informa-
tion. SophiaVL-R1 (Fan et al. 2025) is among the first to ap-
ply a think reward in MLLMs reasoning, achieving promis-
ing results. This naturally raises the hypothesis: Can a think
reward that emphasizes the thinking process guide LALMs
to improve their reasoning?
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To investigate this concept, we propose a model-generated
think reward. This approach enables us to evaluate the nu-
anced reasoning quality of LALMs and examine their effects
on final inference outcomes. We incorporate the Qwen3-8B-
Base model as the think reward model, which assigns a score
ranging from 0 to 1 increments solely based on the quality
of intermediate reasoning, independent of the correctness of
the final answer. In cases where responses are generated in a
no-think mode, the think reward is computed as the average
of the think rewards within the batch.

Overall Reward Integrating the consistency reward sepa-
rately with previous reward functions may lead to high over-
all rewards even for incorrect answers due to the consistency
component. Therefore, we apply this reward only when the
final answer is correct to avoid over-emphasizing consis-
tency. The think reward, in contrast, targets improvements
in reasoning quality by evaluating intermediate steps, irre-
spective of the final answer’s correctness. The final reward
structure is defined as follows.

R = Ra × (1 + 0.5×Rc) + 0.5×Rf +Rt. (7)

Reinforcement Learning
Following DeepSeek-R1 (Shao et al. 2024), given an in-
put question q, GRPO samples a group of responses
{o1, o2, · · · , oG} , and their corresponding rewards corre-
sponding rewards {R1, R2, · · · , RG} are computed using
the reward model. The advantage is subsequently computed
as:

Âi,t = R̃i =
Ri −mean(R)

std(R)
(8)

The policy model is subsequently optimized by maximizing
the Kullback-Leibler objective:

JGRPO(θ) = ED

[
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

{
min

[
ρi,tÂi,t,

clip (ρi,t, 1− ϵ, 1 + ϵ) Âi,t

]
− βDKL [πθ||πref ]

}]
(9)

where ρi,t =
πθ(oi,t|q,oi,<t)

πθold
(oi,t|q,oi,<t)

is the probability ratio be-
tween the current policy πθ and the policy πθold , and ϵ and
β are hyper-parameters introduced in Proximal Policy Opti-
mization (PPO) (Schulman et al. 2017).

Experiment
Experiment Setup
Dataset The training data is drawn from the AVQA dataset
(Yang et al. 2022), designed for audio-visual question an-
swering. Following R1-AQA, we extract audio from videos
and construct audio-text pairs by replacing “video” with
“audio” in questions, resulting in 40,176 training sam-
ples. For SFT with CoT, we first generate audio cap-
tions using Qwen2-Audio-7B-Instruct on AVQA, then em-
ploy Qwen2.5-72B-Instruct (Yang et al. 2024a) to generate
CoT rationales from the caption, question, and answer. The
prompt for CoT generation is provided in Appendix A.2.

Implementation Details We use Qwen2-Audio-7B-
Instruct and Qwen2.5-Omni as the foundational models
for our experiments. Training is conducted on the SWIFT
(Zhao et al. 2025) framework. To train our models, we use a
node with 8 H20 GPUs (96GB). The batch size per GPU is
1 with gradient accumulation steps of 2 for a total effective
batch size of 16. The models are trained for 1000 steps on
AVQA with a learning rate of 1e-6, a temperature of 1.0,
8 responses per GRPO step, and a Kullback–Leibler β of
0.04.

Evaluation Metrics
We evaluate model performance primarily by accuracy on
multiple-choice questions using three main evaluation sets:

• MMAU Benchmark (Sakshi et al. 2024): We evaluate
the model using the MMAU benchmark’s test-mini and
test sets, featuring complex audio-based question-answer
pairs requiring expert-level reasoning. Accuracy is mea-
sured as the percentage of correctly answered multiple-
choice questions. Recently, an updated version named
MMAU-v05.15.25 was proposed. To maintain research
continuity, we use the previous MMAU version for ab-
lation studies and comparisons with prior work. Results
for MMAU-v05.15.25 are detailed in Appendix B.1.

• MMAR Benchmark (Ma et al. 2025b): This benchmark
assesses deep reasoning across a range of real-world au-
dio scenarios, incorporating mixed sounds, music, and
speech, with questions specifically designed to challenge
reasoning abilities.

• AIR Benchmark (Yang et al. 2024b): We evaluate the
model’s audio comprehension using the foundational
sections of AIR-Bench, which encompasses a variety of
audio modalities, including sound, speech, and music.

Results
Ablation Study
To systematically analyze the impact of different reason-
ing strategies and training methodologies, we conduct abla-
tion studies using Qwen2-Audio-7B-Instruct and Qwen2.5-
Omni as baselines. Detailed experimental results are pre-
sented in Table 1. The best-performing models in each cate-
gory are highlighted in bold, and the second-best scores are
underlined.

Impact of GRPO Explicit reasoning alone provides insuf-
ficient guidance for model improvement without effective
supervision. We apply SFT and GRPO to Qwen2-Audio-
7B-Instruct and Qwen2.5-Omni, resulting in model variants:
SFT (sft-a, sft-b, sft-c, sft-d) and GRPO (grpo-a, grpo-b,
grpo-c, grpo-d). GRPO models achieve significant improve-
ments on MMAU-test-mini, AIR Foundation, and MMAR
benchmarks. However, explicit reasoning variants (grpo-b,
grpo-d) do not outperform implicit counterparts (grpo-a,
grpo-c), suggesting explicit reasoning alone is insufficient
without effective supervision. These findings highlight the
importance of proper supervision mechanisms for leverag-
ing explicit reasoning in model enhancement.
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Model Method
MMAU Test-mini MMAR AIR

Sound↑ Music↑ Speech↑ Average↑ Sound↑ Music↑ Speech↑ Average↑ Average↑
Qwen2-Audio-7B-Instruct (reproduce) - 62.16 53.59 48.59 54.90 33.33 24.27 32.31 30.00 61.3

sft-a SFT 63.66 56.59 54.35 58.20 52.73 37.86 49.32 48.90 63.8
sft-b SFT+CoT 63.36 56.29 54.41 57.80 56.36 41.75 48.30 49.80 62.6

grpo-a GRPO 68.47 62.87 60.06 63.80 56.36 39.81 48.98 50.20 64.5
grpo-b GRPO+CoT 70.27 63.17 61.56 65.00 58.18 35.44 52.04 50.00 64.1

model-a GRPO+ATAR 74.47 63.47 62.76 66.90 57.58 54.55 54.17 50.70 66.4
model-b GRPO +ATAR+ CR 74.77 66.17 62.16 67.70 58.18 45.45 62.50 50.90 66.5
model-c GRPO +ATAR+ CR + TR 76.88 62.87 64.26 68.00 56.97 45.45 57.50 52.00 66.8

Qwen2.5-Omni (reproduce) - 69.67 67.37 61.86 66.30 61.21 49.51 57.14 58.20 64.9

sft-c SFT 77.18 62.57 63.96 67.90 63.03 50.00 57.82 60.90 65.8
sft-d SFT+CoT 75.98 63.47 63.06 67.50 61.21 48.06 54.08 59.80 65.2

grpo-c GRPO 75.38 70.06 66.67 69.70 66.06 51.94 62.24 62.50 66.2
grpo-d GRPO+CoT 76.28 69.76 66.37 69.80 64.24 53.40 59.52 61.80 65.9

model-d GRPO+ATAR 75.08 67.66 71.77 71.50 63.64 54.85 62.93 64.20 66.8
model-e GRPO +ATAR+ CR 76.58 68.87 72.07 72.50 66.67 55.83 61.22 64.40 67.0
model-f GRPO+ATAR + CR + TR 77.48 70.36 73.37 73.70 67.27 53.88 64.29 65.30 67.1

Table 1: Ablation Study Employing Qwen2-Audio-7B-Instruct and Qwen2.5-Omini as the Base Model. ATAR stands for Adap-
tive Think Accuracy Reward, CR stands for Consistency Reward, and TR stands for Think Reward.

Effectiveness of Adaptive Think Accuracy Reward The
adaptive thinking accuracy reward mechanism improves
model reasoning performance. We compare models em-
ploying the adaptive thinking accuracy reward (model-a/d)
with those trained using standard GRPO (grpo-a/c and grpo-
b/d). The Qwen2-Audio-based model outperforms grpo-a by
3.10, 0.50, and 1.9 points on the MMAU-test-mini Avg, AIR
Foundation Avg, and MMAR Avg metrics, respectively, and
exceeds grpo-b by 1.90, 0.70, and 2.3 points on the same
metrics. Similarly, the Qwen2.5-Omni-based model-d sur-
passes grpo-c by 1.80, 1.70, and 0.6 points, and outperforms
grpo-d by 1.70, 2.40, and 0.9 points across the correspond-
ing metrics. These results confirm that the adaptive thinking
accuracy reward enhances reasoning performance.

Necessity of Consistency Reward Introducing a consis-
tency reward further improves model performance. Mod-
els that incorporate the consistency reward (model-b/e) out-
perform those without it (model-a/d). Specifically, model-b
achieves gains of 0.80, 0.20, and 0.10 over model-a on the
MMAU-test-mini Avg, AIR Foundation Avg, and MMAR
Avg metrics, respectively. Likewise, model-e demonstrates
improvements of 1.00, 0.20, and 0.20 over model-d across
the same metrics. This mechanism effectively mitigates in-
consistencies in the reasoning process.

Impact of Think Reward The integration of think re-
ward during RL yields further performance improvements.
Models incorporating thinking rewards (model-c/f) con-
sistently outperform their counterparts lacking the expert
LLM judging mechanism (model-b/e). Specifically, model-
c outperforms model-b by 0.30, 1.10, and 0.3 points on
the MMAU-test-mini Avg, MMAR Avg, and AIR Founda-
tion Avg metrics, respectively. Similarly, model-f exceeds
model-e by 1.20, 0.90, and 0.1 points, respectively. These

results demonstrate the effectiveness of incorporating think
reward to guide model learning.

Comparison with SOTA
MMAU Audio-Thinker achieves substantial improve-
ments over existing baselines on the MMAU benchmark.
Table 2 summarizes the key results from the MMAU bench-
mark. Compared to the Qwen2.5-Omni baseline, Audio-
Thinker (Qwen2.5-Omni) improves Test-mini performance
from 66.30 to 73.70 and Test-full from 68.03 to 72.83.
Compared to the Qwen2-Audio baseline, Audio-Thinker
(Qwen2-Audio) also shows substantial improvements, with
Test-mini performance increasing from 54.90 to 68.00, and
Test-full performance rising from 52.50 to 67.90. Notably,
Audio-Thinker (Qwen2.5-Omni) outperforms all previously
reported models by achieving absolute improvements of
2.40 and 1.63 over Omni-R1 on Test-mini and Test-full av-
erages, respectively, thereby establishing Audio-Thinker as
the new SOTA on the MMAU benchmark.

AIR Audio-Thinker demonstrates state-of-the-art perfor-
mance on the AIR-Bench foundation benchmark, particu-
larly in sound and speech reasoning. As shown in Table 3,
the benchmark evaluates audio understanding across three
main categories: sound, music, and speech, where the latter
includes Speech Emotion Recognition (SER), Vocal Sound
Classification (VSC), and Speech Number Variation (SNV).
Audio-Thinker (Qwen2.5-Omni) achieves an overall AIR
Avg score of 67.1, surpassing all existing open-source mod-
els and several closed-source systems, including GPT-4o
Audio (Jaech et al. 2024). It sets a new benchmark in the
sound category with 75.8, and excels in speech subtasks,
scoring 56.2 in SER, 94.5 in VSC (the highest reported), and
67.5 in SNV (second-best). These results highlight its robust
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Model
Sound Music Speech Avg

Test-mini Test Test-mini Test Test-mini Test Test-mini Test

Random Guess 26.72 25.73 24.55 26.53 26.72 25.50 26.00 25.92
Most Frequent Choice 27.02 25.73 20.35 23.73 29.12 30.33 25.50 26.50
Human (Test-Mini) 86.31 - 78.22 - 82.17 - 82.23 -

GPT-4o Audio (Jaech et al. 2024) 61.56 56.27 56.29 55.27 66.37 67.20 61.40 59.58
Gemini 2.0 Flash (Narzary et al. 2025) 66.37 63.87 59.58 62.73 60.66 63.13 62.20 63.24
Gemini 2.5 Flash (Comanici et al. 2025) 67.96 65.43 62.28 65.30 62.76 63.30 64.30 64.68

GAMA 7B (Ghosh et al. 2024) 41.44 45.40 32.33 30.83 18.91 19.21 30.90 31.81
Qwen2-Audio-Instruct (Chu et al. 2023) 55.25 56.73 44.00 40.90 30.03 27.95 43.10 41.86
Qwen2 Audio (Yang et al. 2024a) 62.16 45.90 53.59 53.26 48.59 45.90 54.90 52.50
Mellow (Deshmukh et al. 2025) 61.26 64.90 54.19 52.67 29.73 38.77 48.40 52.11
Audio Flamingo 2 (Ghosh et al. 2025) 61.56 65.10 73.95 72.90 30.93 40.26 55.48 59.42
Kimi-Audio (Team et al. 2025) 61.68 - 73.27 - 60.66 - 65.00 -

SARI (Qwen2.5-Omni) (Wen et al. 2025) 72.75 - 67.22 - 61.26 - 67.08 -
Audio-Reasoner (Xie et al. 2025b) 60.06 - 64.30 - 60.70 - 61.71 -
Audio-CoT (Ma et al. 2025a) 61.86 - 56.29 - 55.26 - 57.80 -
R1-AQA (Li et al. 2025a) 68.77 69.76 64.37 61.40 63.66 62.70 65.60 64.36
Qwen2.5-Omni-7B (Xu et al. 2025) 69.67 70.63 67.37 66.93 61.86 66.57 66.30 68.03
Omni-R1 (VGGS-GPT) (Rouditchenko et al. 2025) 73.6 74.1 74.3 70.8 66.1 68.7 71.3 71.2

AUDIO-THINKER QWEN2-AUDIO (ours) 76.88 75.13 62.87 61.83 64.26 67.03 68.00 67.90
AUDIO-THINKER QWEN2.5-OMNI (ours) 77.48 76.30 70.36 66.63 73.37 73.27 73.70 72.83

Table 2: Accuracy (%) comparison on MMAU. For baselines, we evaluate GPT-4o Audio, Gemini 2.0 Flash, and Gemini 2.5
Flash. The results of other previous work are sourced from the original papers or the MMAU Leaderboard (old version).

Model
AIR-Sound AIR-Music AIR-Speech AIR-Avg MMAR

SoundAQA MusicAQA SER VSC SNV Sound Music Speech Avg

GPT-4o Audio (Jaech et al. 2024) 68.3 67.7 51.2 90.0 61.6 62.3 53.94 50.97 70.41 63.50
Gemini 2.0 Flash (Narzary et al. 2025) 69.9 68.2 56.2 93.5 64.8 66.1 61.21 50.97 72.11 65.60
Gemini 2.5 Flash (Comanici et al. 2025) 74.8 73.7 56.4 94.1 68.5 67.4 55.28 53.40 77.21 66.80

SALMONN (Yang et al. 2024a) 28.4 54.6 29.9 45.3 34.3 36.8 30.91 29.61 24.35 32.80
Minmo (Chen et al. 2025) 50.3 - 64.5 93.0 - - - - - -
Qwen2-Audio-Instruct (Yang et al. 2024a) 67.2 64.6 50.5 87.9 60.5 61.3 33.33 24.27 32.31 30.00
Qwen2.5-Omni-7B (Xu et al. 2025) 75.3 70.6 56.4 92.9 63.9 64.9 58.79 40.78 59.86 56.70
Audio-Reasoner (Xie et al. 2025b) 65.7 55.2 60.5 - 56.3 65.2 43.64 33.50 32.99 36.80
Omni-R1 (VGGS-GPT) (Rouditchenko et al. 2025) - - - - - - 67.3 51.5 64.3 63.4

AUDIO-THINKER QWEN2-AUDIO (ours) 75.5 68.7 55.7 94.4 64.5 66.8 56.97 45.63 57.50 52.00
AUDIO-THINKER QWEN2.5-OMNI (ours) 75.8 69.5 56.2 94.5 67.5 67.1 68.48 53.88 64.29 65.30

Table 3: Accuracy (%) comparison on AIR foundation and MMAR. For baselines, we evaluate GPT-4o Audio, Gemini 2.0
Flash, and Gemini 2.5 Flash on the AIR-Bench foundation, and evaluate Gemini 2.5 Flash on MMAR.

audio understanding capabilities across diverse domains.

MMAR Audio-Thinker substantially enhances deep au-
dio reasoning capabilities on the MMAR evaluation set. Ta-
ble 3 summarizes the results from the MMAR evaluation
set. Audio-Thinker (Qwen2.5-Omni) outperforms all exist-
ing open-source models, including Omni-R1, which is based
on Qwen2.5-Omni but utilizes a larger training dataset. The
performance of Audio-Thinker models is comparable to cur-
rent SOTA closed-source systems such as Gemini 2.5 Flash
and GPT-4o Audio. These findings provide compelling evi-
dence that Audio-Thinker establishes its superiority in tack-
ling complex audio reasoning tasks.

Conclusion

We propose Audio-Thinker, an audio-language RL frame-
work that integrates model-generated think-based re-
wards with adaptive outcome rewards to enable difficulty-
aware, consistent, and effective reasoning. An adaptive
think–accuracy reward is introduced to dynamically adjust
reasoning strategies to task complexity, while think-based
supervision mitigates reward hacking by assessing reason-
ing quality. Experiments on multiple benchmarks show
that Audio-Thinker consistently surpasses existing LALMs,
highlighting the importance of adaptive reasoning and su-
pervision of the thinking process beyond final correctness.
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