Perception Is the Bottleneck for Large Audio Reasoning Models
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Abstract

While Chain-of-Thought (CoT) reasoning has
revolutionized text-based LLMs, its applica-
tion to the audio modality reveals a counter-
intuitive thinking paradox: forcing models to
“think” via prompting or post-training often
degrades performance compared to direct an-
swering. In this work, we investigate the bot-
tleneck of audio reasoning and reveal a criti-
cal insight: the primary constraint is not the
model’s logical deduction capability, but its in-
ability to accurately perceive acoustic details.
We demonstrate that keeping perceptual cues
effectively activates the LALM’s internal rea-
soning potential. Building on this finding, we
propose Audio-ReaPer, a post-training frame-
work and corresponding model designed to un-
lock Reasoning potential by explicitly fortify-
ing Perception. Our approach reforms the post-
training paradigm through three key strategies:
(1) utilizing agentic data generation pipeline to
synthesize perception-enhanced data for SFT;
(2) curating perception-focused data for RLVR;
and (3) introducing a novel perceptual den-
sity reward during RL to stabilize the learning
process and balance observation with deduc-
tion. Extensive experiments show that Audio-
ReaPer establishes a new state-of-the-art on
benchmarks such as MMAU, MMAU-Pro, and
MMAR. Notably, our 7B model outperforms
previous open-source models by significant
margins and surpasses proprietary models like
GPT-40 Audio and Gemini 2.5 Flash. The
model and code will be open-source to facili-
tate further research for audio reasoning.

1 Introduction

Multimodal reasoning serves as a cornerstone for
Al systems to solve complex real-world problems.
With the rapid evolution of Large Audio Lan-
guage Models (LALMs) (Chu et al., 2023; Tang
et al., 2024; Kong et al., 2024), capabilities in ba-
sic auditory tasks such as speech recognition and
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sound event detection have been achieved. The
field is now pivoting towards a more ambitious
goal: training Large Audio Reasoning Models
(LARMs) with complex reasoning capabilities to
tackle complicated acoustic scenarios, such as ana-
lyzing mixtures of speech, music, and environmen-
tal sounds (Ma et al., 2025b), where simple pattern
matching falls short.

Significant research efforts have been dedi-
cated to this pursuit, ranging from in-context
prompting (Ma et al., 2025a) to supervised fine-
tuning (Xie et al., 2025) with Chain-of-Thought
(CoT) data. Inspired by the breakthrough of reason-
ing models like DeepSeek-R1 (Guo et al., 2025) in
the text domain, recent works have begun applying
Reinforcement Learning with Verifiable Rewards
(RLVR) to the audio modality (Li et al., 2025; Rou-
ditchenko et al., 2025). The prevailing assump-
tion is that by scaling CoT data or applying Group
Relative Policy Optimization (GRPO) directly to
audio question answering, reasoning capabilities
will spontaneously emerge in LALMs. However,
empirical observations contradict this expectation.
Recent studies (Li et al., 2025) reveal a counter-
intuitive phenomenon: models forced to employ
a “thinking” process during RL post-training often
underperform their direct-answering counterparts.
While some work attempt to mitigate this via it-
erative distillation (Tian et al., 2025) or adaptive
computation (Wu et al., 2025), they often treat the
symptom rather than the root cause. A fundamental
question remains unanswered:

What exactly is the bottleneck for audio rea-
soning?

In this work, we address this question through a
rigorous bottleneck analysis comprising error pat-
tern analysis and oracle injection study. Our er-
ror analysis reveals that even for state-of-the-art
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LALM, the most abundant part of reasoning fail-
ures stems from perception errors rather than log-
ical fallacies. Furthermore, our oracle injection
study uncovers a pivotal finding: when a model
is forced to think but provided with ground-truth
perceptual cues, its performance improves dramat-
ically. This leads to a critical insight: the capac-
ity for audio reasoning is largely intrinsic to
the LLM backbone; the true bottleneck lies in
the LARM’s inability to establish perception-
reasoning alignment, in the lack of precise evi-
dence upon which to reason.

Driven by this insight, we propose Audio-
ReaPer, a novel framework that fundamentally
reforms the post-training paradigm for audio
Reasoning via enhancing Perception. We hypothe-
size that a robust reasoning chain cannot be forged
in isolation but must be built upon a foundation of
high-fidelity perception. To realize this, we intro-
duce three synergistic contributions:

1. Perception-Enhanced SFT: We depart from
the standard cold-start method, which often
suffers from sparse supervision. Instead, we
utilize an agentic data generation pipeline to
synthesize detailed, high-density descriptive
data. This initializes the model with a “strong
ear,” ensuring it can exhaustively describe
acoustic events before attempting to solve
complex tasks.

2. Perception-Focused RLVR: We construct a
specialized RL environment designed to trig-
ger audio reasoning. By generating multi-
cue dependency questions that require distinct
acoustic events, we force the model to engage
in perception processing rather than relying
on shallow shortcuts or language priors.

3. Perception Density Reward: To stabilize
the RL process, we introduce a novel percep-
tion density reward. This mechanism dynami-
cally monitors the ratio of perception tokens
in the generated CoT. It penalizes both under-
perception and over-perception, thereby guid-
ing the model toward a balanced reasoning
trajectory.

Extensive experiments on MMAU, MMAU-Pro,
and MMAR demonstrate that Audio-ReaPer sets
a new state-of-the-art for audio reasoning. On the
challenging MMAR benchmark, our 7B model
achieves 68.5%, significantly outperforming the

previous best open-source model, and surpassing
proprietary models like GPT-40 Audio and Gemini
2.5 Flash. Moreover, Audio-ReaPer matches the
performance of sophisticated, high-latency agentic
pipelines in an efficient end-to-end format. These
results confirm that explicit perceptual grounding
is the key to unlocking the internal reasoning po-
tential of audio reasoning models.

2 Preliminaries: Common Practice for
Reasoning Post-Training

Current state-of-the-art approaches for training lan-
guage or multimodal reasoning models typically
follow a two-stage paradigm: SFT for cold-starting
the reasoning capabilities, followed by RLVR to
further refine the policy.

SFT with CoT Data. To elicit the initial rea-
soning capabilities with longer outputs, the cold-
start phase fine-tune the pre-trained model 7y
on human-annotated or synthetic question-answer
pairs. Given an multimodal input x and a target
reasoning chain y = (y1, ..., yr,), The objective is
a negative log-likelihood loss:

L
LSFT(G) = 7E($,y)NDSFT [Z log ﬂ-a(yt|x7 y<t)

t=1

ey
GRPO with Verifiable Rewards. For the RL
stage, GRPO (Guo et al., 2025) is widely adopted
due to its efficiency in eliminating the value net-
work. For each query ¢, a group of outputs {0;}5
is sampled from the old policy mg,_,,. In the context
of reasoning tasks, the optimization is driven by
a strictly verifiable reward function R(o;), which
ensures both the exactness of the solution and com-

pliance with the structural requirements:

R(Oz) = aracc(%) + Brfmt(oi) 2)

where 7, 1s a binary reward indicating whether
the final answer matches the ground truth, and rgy
verifies adherence to the specific reasoning format,
such as pre-defined “think” and “answer” tags. «
and [ are hyper-parameters to compute the reward.
The optimization relies on normalizing the rewards
within the group to compute the advantage. Specif-
ically, the advantage is computed as:

o R(o;) — mean(R(Oj)le)
Ai = std(R(0;)%_,) + € )

Jj=1
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The policy is then updated using the clipped surro-
gate objective:

[o;]
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pling ratio for the ¢-th token in the ¢-th rollout, and
|o;| denotes the length of the rollout. This standard
formulation serves as the baseline for our experi-
ments in Section 6.2 under the condition of com-
parable data. We also introduced the related Large
Audio Language Models (LALM) and Large Audio
Reasoning Models (LARM) in the Appendix A.

where p; ; =

3 Bottleneck Analysis

3.1 Error Pattern Analysis

Repeating Error 2.1%
|

Instruction-Following Error 3.2%
b —

-

Reasoning Error 36.7%

Perception Error 58.0%

Figure 1: Qwen2.5-Omni reasoning error analysis of
failure modes on the MMAR benchmark.

To understand the shortcomings of existing mod-
els, we adopt the error taxonomy proposed in
MMAR (Ma et al., 2025b). Previous LARMs
such as Audio-Reasoner (Xie et al., 2025), pri-
marily based on Qwen2-Audio (Chu et al., 2024),
indicated that perception errors accounted for the
largest portion of failures. However, it remains
an open question whether this bottleneck persists
in stronger, state-of-the-art models. We apply the
same taxonomic analysis to Qwen2.5-Omni (Xu
et al., 2025a), a significantly more powerful model.
As illustrated in Figure 1, despite the overall per-
formance improvements, the error distribution ex-
hibits a persistent pattern: perception errors remain
the dominant failure mode. This suggests that train-
ing with a better language backbone does not auto-
matically resolve the misalignment between audi-

tory features and semantic understanding required
for complex reasoning tasks.

3.2 Oracle Injection Study

=@~ Direct Inference
-~ Forcing Thinking

Accuracy (%)

5617% ,
Force Thinking Leads

s Only Add Reasoning Cues e
[(o Performance Drop

P 47.4%

a0

Figure 2: Oracle study with different cues to inject into
Qwen2.5-Omni during reasoning.

The dominance of perception errors leads to a
critical hypothesis:

Does the model lack the logical capacity
to solve complex audio tasks, or is its rea-
soning engine simply hindered by flawed
perception?

To answer this, we design an oracle injection
study using the MMAR benchmark. We manually
annotate the CoT for each sample and employ an
LLM to decompose these thoughts into distinct
Perception Cues (factual descriptions of acoustic
events) and Reasoning Cues (logical steps required
to derive the answer). We then inject these ground-
truth cues into the prompt during inference to mea-
sure the performance upper bound when specific
bottlenecks are removed. We evaluate Qwen2.5-
Omni in two modes:

Direct Inference: The model directly predicts
the answer without generating intermediate reason-
ing steps.

Forcing Thinking: The model is explicitly
prompted to generate a reasoning path before out-
putting the final answer.

Figure 2 illustrates the results, revealing two
pivotal insights regarding the interplay between
perception and reasoning.

Insight 1: Perception cues are more critical
than reasoning cues for improving audio
reasoning.
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In the Direct Inference mode, providing percep-
tion cues yields a significantly larger gain (+8.3%)
compared to reasoning cues (+3.0%). This con-
firms that if the model is grounded with correct
auditory information, it can often derive the correct
answer using its internal knowledge, whereas cor-
rect reasoning logic is useless if applied to incorrect
observations.

Insight 2: LALM has a intrinsic reasoning
ability, but this potential need the coopera-
tion of accurate perception to active.

Simply forcing the model to think degrades per-
formance significantly (Instruct 56.70% — Think-
ing 47.40%). Analysis reveals that the reason-
ing mechanism acts as an “amplifier” for percep-
tual imperfections, turning sensory gaps into un-
grounded hallucinations. Surprisingly, under the
“Forcing Thinking” mode, the injection of percep-
tion cues not only recovers the performance drop
but achieves the highest overall accuracy of 68.3%,
outperforming the “Direct Inference + Perception
Cues” setting (65.0%). This result is pivotal: it
demonstrates that the model possesses strong rea-
soning capabilities unlocked by the CoT process,
but this potential can only be realized when the
perception bottleneck is resolved. In other words,
accurate perception is the prerequisite that enables
the intrinsic reasoning power of large audio lan-
guage models.

This analysis demonstrates that the logical rea-
soning capability is largely intrinsic to the LLM
backbone and is not the primary bottleneck. Once
the perception bottleneck is resolved, the model’s
internal reasoning power is effectively activated,
transforming the “Thinking Paradox” into a signifi-
cant performance advantage.

4 Audio-ReaPer

4.1 Training Paradigm

Agentic Data Generation. The scarcity of high-
density perceptual data presents a primary obstacle
for training LARMs. Existing audio captioning
datasets typically feature brief, high-level descrip-
tions (e.g., “a dog barking”), while standard Audio
QA datasets often rely on simple pattern matching
without requiring multi-hop perceptual synthesis.
To overcome this, we utilize an agentic data gen-
eration pipeline (Ma et al., 2026) that synthesizes
perception-dense data for both the cold-start and

reinforcement learning stages. As illustrated in
Figure 3, the agent leverages an iterative “Query-
Observation” mechanism to extract and refine fine-
grained details. Instead of a single-pass description,
the agent iteratively probes the observers to verify
specific acoustic events (e.g., “Is the crashing sound
caused by rain or a waterfall?”’) and integrates the
multi-turn evidence into a minimally hallucinatory,
detailed caption. Appendix B shows the details of
the data agent configuration.

Cross-Modal Consistency Filter. To ensure
data reliability, we address the inherent ambiguity
of audio perception, where, for example, the sound
of heavy rain might be misidentified as a water-
fall, or a dolphin’s call as a synthesized bird’s call.
We employ a cross-modal verification strategy: we
run the agentic data generation pipeline indepen-
dently with both audio tools and video tools. By
calculating the semantic consistency between the
audio-derived and video-derived descriptions, we
filter out instances with high perceptual discrep-
ancy, retaining only the data where the auditory
features are visually grounded and verifiable.

Perception-Enhanced SFT. In multimodal rea-
soning research, the cold-start phase typically fol-
lows the paradigm of DeepSeek-R1 (Guo et al.,
2025), utilizing QA-based CoT data to standardize
output style and encourage output length. However,
we argue that this approach is suboptimal for the
audio domain. Pure QA-based CoT data often suf-
fers from sparse perception signals, and fine-tuning
on such data can lead to perception degradation,
where the model loses its ability to capture fine-
grained acoustic details. Instead, we propose using
Perception-Enhanced Descriptive Data for the
cold start. Unlike standard QA samples, our data
forces the model to maximize the likelihood of a
dense perceptual description sequence before at-
tending to any task. The SFT data contains rich,
multi-perspective detailed captions (e.g., timbre,
temporal relations, background events) generated
by our agentic pipeline.

Perception-Focused RLVR. Building upon the
strong perceptual foundation established by SFT,
we construct data for RLVR. We employ an LLM
to analyze the data agent trajectory and synthesize
Perception-Focused QA Data. We enforce two
criteria for these questions: (1) Multi-Cue Depen-
dency: The answer must require synthesizing mul-
tiple correlated perceptual clues; and (2) Reasoning
Depth: The question must involve logical deduc-
tion based on these observations. These strictly for-
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Figure 3: Illustration of the Audio-ReaPer. The framework includes Agentic Data Generation, Perception-Enhanced
SFT, Perception-Focused RLVR, and Perception Density Reward to enhance perception of the model during

reasoning post-training.

matted MCQs serve as the training ground for our
subsequent RL stage. Building upon the capabili-
ties established by the Perception-Enhanced SFT,
we further conduct Perception-Focused RLVR to
bridge the gap between perception and reasoning.

4.2 Perception Density Reward

During the reinforcement learning exploration
phase, we observe that the model tends to collapse
into two distinct degenerate modes when optimized
solely on answer correctness:

e Verbosity (Under-Perception): The model
engages in “self-talk,” generating plausible-
sounding reasoning paths that are entirely dis-
connected from the actual audio input, effec-
tively ignoring perceptual evidence.

» Stenography (Over-Perception): The model
degenerates into length-exhausting descrip-
tions, listing minute auditory cues without syn-
thesizing them into a coherent logical chain.

To mitigate these issues, we propose the Percep-
tion Density Reward, a mechanism designed to
constrain the reasoning trajectory within a balanced
bound.

For a given audio query z, let o; = (w1, ..., wr)
be a generated reasoning chain consisting of 7" to-
kens. To quantify the information flow, we employ
an evaluator £ to dissect the sequence. The eval-
uator classifies each subsequence of o; as either
a perception unit (factual descriptions of acoustic
events) or a reasoning unit (logical inferences and
functional steps). Details of the evaluator design
are provided in Appendix C. Let Ip(w;) be an in-
dicator function that equals 1 if token w; belongs

to a perception unit and 0 otherwise. We define the
Perception Density Ratio p(0;) as:

1 T
= Tz;np(wg
-

We posit that a valid reasoning chain must main-
tain this density within a specific range [« 3] to
ensure sufficient grounding without sacrificing rea-
soning capacity. The Perception Density Reward
Tpd 18 defined as a gating function:

&)

L,
0,

ifa<plo) <p
otherwise

(6)

Tpd(0i) =

Our preliminary experiments and token-level
micro-dynamics analysis suggest that a strict gat-
ing mechanism provides a stronger regularization
signal. Finally, the total reward R(o;) combines the
verifiable task rewards 7y, (including correctness
and format) with this perception density constraint:

R(0i) = ravi(0i) + )‘Tpd(oi) (7

S Experiment Setup

5.1 Training Dataset Construction

Our training data is derived from the AVQA
dataset (Yang et al., 2022), a large-scale bench-
mark containing 57,015 unconstrained videos of
daily activities. While AVQA provides a broad
coverage of real-life scenarios, its original labels
are insufficient for training deep reasoning capa-
bilities due to sparse perceptual details. To ad-
dress this, we implement a rigorous data refinement
process using the agentic data generation pipeline
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and a strict cross-modal verification protocol men-
tioned in Section 4.1. This filtering dramatically
reduces the dataset from 57,015 to 17,923 samples,
ensuring that every remaining instance possesses
groundable, high-certainty acoustic signals. We
then leverage this high-quality subset to generate
task-specific training data: detailed captions for
perception-enhanced SFT and multiple choice QA
for perception-focused RLVR.

5.2 Training Setting

We employ Qwen2.5-Omni-7B as our backbone
model. For both the Perception-Enhanced SFT and
the Perception-Focused RLVR stages, we perform
full-parameter fine-tuning. The specific hyperpa-
rameters are summarized in Appendix D.

5.3 Benchmarks

To ensure a rigorous evaluation audio reasoning
capabilities, we select three representative bench-
marks: MMAU (Sakshi et al., 2025), MMAU-
Pro (Kumar et al., 2025), and MMAR (Ma et al.,
2025b). Each benchmark targets a different level
of cognitive processing, ranging from fundamental
audio understanding to complex, multi-hop reason-
ing. Detailed dataset description are provided in
Appendix E.

5.4 Baselines

To comprehensively evaluate the performance of
Audio-ReaPer, we compare it against a wide range
of state-of-the-art models, categorized into four
groups: (1) Proprietary Non-Thinking Models;
(2) Proprietary Thinking Models; (3) Open-
Source Non-Thinking Models; and (4) Open-
Source Thinking Models. Additionally, we in-
clude agent-based systems, as their multi-step exe-
cution naturally leverages external tools to provide
strong perceptual grounding, offering a competi-
tive reference for our end-to-end method. Specific
model list is deferred to Appendix F. Furthermore,
to simulate the current common practice in reason-
ing alignment, we construct a strong baseline. This
baseline is trained using a standard pipeline: we uti-
lize the high-quality information from our agentic
data pipeline to prompt an LLM to generate Au-
dio QA with CoT, followed by standard SFT and
GRPO. This allows for a direct ablation study of
our proposed perception-enhanced method against
the standard “R1-style” reasoning training recipe
in Section 6.2.

6 Experiment Results
6.1 Opverall Performance Comparison

Table 1 presents a comprehensive evaluation of
Audio-ReaPer against state-of-the-art proprietary
and open-source models. The results demonstrate
the effectiveness of our approach for training end-
to-end audio reasoning models. We also show the
data and training efficiency of our approach in Ap-
pendix G, and provide more comprehensive results
in Appendix H.1.

Comparison with Backbone. Compared to our
backbone model Qwen2.5-Omni, Audio-ReaPer
achieves substantial improvements across all bench-
marks. This confirms that our methods successfully
prevent the “alignment tax” often observed in rea-
soning post-training, where specialized reasoning
training degrades general capabilities.

Comparison with Open-Source Thinking
Models. Audio-ReaPer significantly outperforms
existing open-source reasoning models. When com-
pared to R1-AQA, a pioneer implementation of
the standard DeepSeek-R1 recipe without percep-
tion enhancement, the performance gap is evident
(MMAU: 65.6% vs 76.4%) Furthermore, when
compared to the previous SOTA model Audio-
Flamingo 3 Thinking, our model leads by +8.4%
on MMAR (60.1% — 68.5%). This empirical ev-
idence strongly validates our core hypothesis that
explicitly grounding the reasoning chain via percep-
tion density is essential for unlocking audio CoT
reasoning.

Comparison with Agentic Methods. Remark-
ably, our end-to-end model achieves performance
parity with sophisticated agent-based systems such
as AudioGenie-Reasoner and AudioToolAgent. It
suggests that a properly trained end-to-end model
can internalize the “multimodal tool-use” process
including detecting, analyzing, and reasoning as
latent cognitive steps, eliminating the latency and
complexity overhead of external tool calls.

Closing the Gap with Proprietary Models. No-
tably, on the challenging MMAU-Pro, our model
(60.7%) outperforms the proprietary GPT-40 Audio
(58.3%) and Gemini 2.0 Flash (57.3%). Similarly,
on MMAR, it surpasses GPT-40 Audio (63.5%)
and approaches the performance of the thinking-
enabled Qwen3-Omni Flash Thinking (68.1%).

6.2 Training Stability

A common criticism of reinforcement learning in
reasoning tasks is its training instability, particu-
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Table 1: Performance comparison of LALMs (Non-Thinking) and LARMs (Thinking) on MMAU, MMAU-Pro, and
MMAR, reported by category (Sound/Music/Speech) and overall average. The average scores “Avg” also include
mixed modalities (Sound-Music, Sound-Speech, Music-Speech, Sound-Music-Speech) for MMAU-Pro and MMAR
benchmarks. The best-performing models in each category are highlighted in bold, and the second-best ones are
underlined. All numbers are taken from original papers or official benchmarks. Models are listed in chronological

order of release.

MMAU (%) MMAU-Pro (%) MMAR (%)

Models Size ; " -

Sound Music Speech Avg Sound Music Speech Avg Sound Music Speech Avg
Random Guess - 26.7 24.6 26.7 26.0 283 26.1 294 276 294 259 31.5 29.3

Proprietary Non-Thinking Models
GPT-40 mini Audio - 50.8 39.2 69.1 53.0 40.2 59.7 66.1 549 38.8 35.9 58.8 50.6
GPT-40 Audio - 64.6 56.3 66.7 62.5 44.7 63.1 68.2 583 539 51.0 70.4 63.5
Gemini 2.0 Flash - 71.2 65.3 75.1 70.5 484 56.9 69.5 573 61.2 51.0 72.1 65.6
Qwen3-Omni Flash Instruct - 79.6 75.8 77.5 776 - - - - 66.7 58.3 74.2 69.8
Proprietary Thinking Models
Gemini 2.5 Flash - 73.3 65.6 76.6 71.8 51.9 64.9 73.4 62.7 60.0 53.4 77.2 68.4
Audio-Thinker - 77.5 70.4 73.4 73.7 - - - - 673 53.9 64.3 65.3
Qwen3-Omni Flash Thinking - 78.1 71.3 80.2 76.5 - - - - 655 51.9 75.5 68.1
AudioGenie-Reasoner Agent 75.1 66.2 76.6 72.6 - - - - 49.7 43.3 69.2 58.9
AudioToolAgent Agent 73.6 69.2 79.6 74.1 33.1 63.5 73.7 56.2 61.8 51.9 77.6 68.8
SAR-LM Agent 733 65.0 82.3 73.5 52.7 56.3 81.0 69.3
Open-Source Non-Thinking Models
Qwen2-Audio-Instruct 7B 55.0 51.0 420 492 - - - - 333 24.3 323 30.0
SALMONN B - - - - 322 44.9 383 388 309 29.6 344 328
SALMONN 13B 41.0 34.8 255 337 43.6 47.2 37.3 434 303 31.1 347 332
Qwen2.5-Omni 7B 78.1 65.9 706 715 47.6 61.5 574 557 588 40.8 59.9  56.7
Audio-Flamingo 3 7B 79.6 74.0 664 733 559 61.7 588 583 - - - 58.5
Open-Source Thinking Models
Audio-CoT 7B 619 56.3 553 578 - - - - 358 25.2 340 313
Audio-Reasoner 7B 679 69.2 66.1 67.7 342 50.1 44.0 429 436 335 33.0 368
RI1-AQA 7B 68.8 64.4 63.7 656 479 31.9 337 378 - - - -
AudSemThinker 7B 69.7 69.2 61.3 667 - - - - - - - -
Audio-Flamingo 3 Thinking 7B 799 76.6 664 743 - - - - - - - 60.1
AudioToolAgent-Open Agent 78.1 69.7 75.1 74.2 42.8 64.4 67.9 58.0 594 45.6 67.3 61.7
" Audio-ReaPer (ours) 7B 784 716 793 764 526 661 643 607 661 573 725 685

larly when reward signals are sparse. We compare
Audio-ReaPer against the baseline mentioned in
Section 5.4, which utilizes the same base model
and data source but employs standard CoT train-
ing followed by standard GRPO. We analyze the
validation accuracy curves across different training
steps to verify the robustness of our approach. As
visualized in Figure 4, Audio-ReaPer demonstrates
a stabilized, monotonic ascent, and offers a more
data-efficient and robust training paradigm than
standard reasoning alignment.

6.3 Ablation Experiments

To verify the individual contributions of each com-
ponent in Audio-ReaPer, we conduct ablation stud-
ies by removing key modules from the full pipeline,
summarized in Table 2.

Impact of Perception-Enhanced SFT (Row
a). Replacing our descriptive cold-start data with
standard QA-based CoT data derived from the

same source leads to a degradation, particularly
on MMAR (68.5% — 65.2%). This suggests that
without first establishing a dense perceptual map-
ping via detailed captioning, the model’s reason-
ing chain lacks a solid foundation, leading to un-
grounded reasoning steps that are less effective for
complex deduction.

Impact of Perception-Focused RLVR (Row b).
Substituting our agentically generated multi-cue
MCQs with the original, simpler AVQA questions
results in the most significant performance drop
(68.5% — 62.6% on MMAR). The original AVQA
questions often rely on single-step pattern matching
(e.g., "Is the dog barking?"). Training on such
shallow tasks fails to cooperate with the exploration
of RL, confirming that reasoning depth in the RL
data is one of the drivers for unlocking the model’s
potential.

Impact of Perception Density Reward (Row
¢). Removing the perception density constraint (op-
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(a) MMAU accuracy curves across training steps.

MMAR

Accuracy (%)
(=)
B

! Audio-ReaPer (Raw)

Baseline (Raw)

1 = Audio-ReaPer (Smoothed)
= = Baseline (Smoothed)

0 250 500 750 1000 1250 1500 1750 2000
Gradient Steps

(b) MMAR accuracy curves across training steps.

Figure 4: Training dynamics on the MMAU and MMAR benchmarks. Raw points are shown in light color and

Savitzky—Golay smoothed curves in dark color.

timizing solely on 7,cc + Tfmt) causes the MMAR
score to decline to 67.0%. While the model still
learns from the high-quality data, the absence of the
density constraint makes it susceptible to the modes
described in Section 6.2. The density reward effec-
tively squeezes out the last mile of performance by
regularizing the reasoning trajectory.

Table 2: Ablation study for different methods we pro-
pose to enhance perception on the MMAU and MMAR
benchmarks.

Method Variant MMAU (%) MMAR (%)
Audio-ReaPer 76.4 68.5
(a) w/o Perception-Enhanced SFT 74.5 65.2
(b) w/o Perception-Focused RLVR 74.1 62.6
(c) w/o Perception Density Reward 75.0 67.0

We also verify our pipeline’s robustness by sub-
stituting the closed-source evaluator with open-
source models. Comprehensive experimental re-
sults and analysis are provided in Appendix H.2.

6.4 The Goldilocks Zone for Perception
Density Interval

To determine the optimal boundaries [, /3] for the
Perception Density Reward, we conduct a grid
search over the density interval parameters. Fig-
ure 5 visualizes the MMAR accuracy as a func-
tion of the Interval Midpoint (O‘—JQFB) and Interval
Length (8 — «). As shown in the heatmap, the
performance forms a clear bell curve distribution.
The global optimum is achieved at a midpoint of
0.4 and a length of 0.4, corresponding to the in-
terval [« = 0.2, 5 = 0.6]. This setting yields the
peak MMAR accuracy of 68.5%. This confirms
that the Perception Density Reward is effective to
enforce a balanced information flow, avoiding the
extremes of ungrounded speculation and vacuous
description.

0.7

66.5
69
0.5 65.8 66 68

. .6
- 67
66.6 66.9

0.3

0.1 | 66.5

Interval Midpoint ((a + B8)/2)
Accuracy (%

- 66
=65

0.2 0.4 0.6 0.8
Interval Length (8 — @)

Figure 5: Impact of Perception Density Interval settings
on MMAR accuracy. The heatmap axes represent the
Interval Midpoint (vertical) and Interval Length (hori-
zontal).

7 Conclusion

In this work, we identified that the primary bot-
tleneck impeding the reasoning capabilities of
LALMs is not logical deduction, but perceptual
precision. Through rigorous error analysis and ora-
cle studies, we demonstrated that "thinking" with-
out accurate "hearing" leads to hallucinated reason-
ing chains. To address this, we introduced Audio-
ReaPer, a comprehensive post-training framework
that explicitly fortifies perception in the design of
SFT data, RL data, and RLVR reward. Our ap-
proach achieves state-of-the-art performance across
diverse benchmarks, including MMAU, MMAU-
Pro, and MMAR. The success of our method high-
lights a critical insight for the multimodal reasoning
community: the optimization of abstract reasoning
objectives often induces perceptual degradation.
By enforcing a perception constraint during post-
training, we effectively prevent this alignment tax.
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Limitations

While our post-training framework, Audio-ReaPer,
successfully prevents the alignment tax by enforc-
ing a perception constraint, its current implementa-
tion is confined to the post-training stage, treating
high-fidelity perception as a post-hoc alignment
target rather than an innate capability. Looking
forward, we posit that the principle of ‘“Perception
Density” should extend beyond post-training. In-
tegrating large-scale detailed multimodal captions
into the pre-training or mid-training stages repre-
sents a promising direction. This would allow fu-
ture models to internalize high-fidelity perception
as an innate capability, paving the way for truly
general-purpose, native audio reasoning models.

Potential Risks

This paper presents work whose goal is to advance
the field of multimodal learning, specifically fo-
cusing on improving the reliability and reasoning
depth of Large Audio Language Models (LALMs).
On the positive side, our proposed method, Audio-
ReaPer, explicitly mitigates the "hallucination"
problem in audio reasoning by grounding genera-
tion with perception. This contributes to the devel-
opment of safer and more trustworthy Al systems,
which are crucial for applications such as assistive
technologies for the hearing impaired, automated
safety monitoring, and complex acoustic environ-
ment analysis. However, we acknowledge that ad-
vanced capabilities in fine-grained audio perception
and reasoning could potentially be repurposed for
enhanced surveillance or unauthorized audio anal-
ysis. We emphasize the importance of deploying
such technologies with robust privacy safeguards.
Furthermore, our research relies on publicly avail-
able datasets, and we do not foresee specific data
privacy issues within the scope of this work.
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A Related Moels

A.1 Large Audio Language Models (LALM)

Recent years have witnessed a paradigm shift in audio processing, moving from specialized task-specific
models to general-purpose LALMs. The standard architecture typically connects a pre-trained audio
encoder (e.g., Whisper (Radford et al., 2023), BEATs (Chen et al., 2023)) with an LLM via a light-weight
projector. Early pioneers like LTU (Gong et al., 2023) and SALMONN (Tang et al., 2024) demonstrated
that aligning audio features with text instructions enables models to perform general audio captioning
and question answering. Subsequently, Qwen-Audio series (Chu et al., 2023, 2024) and Audio-Flamingo
series (Kong et al., 2024; Ghosh et al., 2025) scaled up this paradigm, enabling multi-task handling across
speech, sound, and music through massive multi-task fine-tuning. Despite their success in short-form
understanding tasks such as speech recognition and audio event detection, these models fundamentally
lack the capability to perform complex, multi-step logical deduction. They often struggle with queries
requiring the synthesis of multiple acoustic clues, limiting their utility in rigorous reasoning scenarios.

A.2 Large Audio Reasoning Models (LARM)

To address the reasoning limitations of LALMs, the community has begun exploring LARMs that
incorporate explicit CoT methodologies. Audio-CoT (Ma et al., 2025a) pioneered this direction by
introducing CoT to LALMs via in-context prompting, though it found that gains were often limited to
difficult tasks. Subsequently, Audio-Reasoner (Xie et al., 2025) and Audio-Flamingo 3 (Goel et al., 2025)
scaled this approach by fine-tuning LALMs on large-scale synthetic CoT datasets, such as CoTA (Xie
et al., 2025) and AF-Think (Goel et al., 2025), enabling the models to generate structured reasoning paths.
More recently, inspired by DeepSeek-R1 (Guo et al., 2025), there is a growing interest in applying RLVR
to enhance reasoning. R1-AQA (Li et al., 2025) and Omni-R1 (Rouditchenko et al., 2025) attempted to
directly apply GRPO to audio question answering; however, they observed that the explicit “thinking’
mode often failed to outperform non-thinking baselines. To overcome this, AudSemThinker (Wijngaard
et al., 2025b), Qwen3-Omni Thinking (Xu et al., 2025b), and Step-Audio-R1 (Tian et al., 2025) utilize
high-quality cot-start data followed by modified GRPO algorithms. Other models, such as Audio-
Thinker (Wu et al., 2025) and Omni-AutoThink (Yang et al., 2025) apply adaptive thinking to improve
the intelligence of reasoning during RL post-training. These approaches successfully enable models
to generate valid, modality-grounded reasoning chains, achieving state-of-the-art performance across
complex audio benchmarks.

>

B Agentic Data Pipeline Details

The agentic data generation pipeline acts as a sophisticated multi-model ensemble designed to synthesize,
verify, and refine fine-grained multimodal captions. By integrating the complementary strengths of
proprietary and open-weight models, the pipeline ensures both semantic depth and temporal precision.
We employ GPT-40 as the central controller. Its advanced text ability is responsible for formulating
investigative queries, synthesizing evidence, and performing final hallucinations checks. To process
raw multimodal inputs, we utilize Gemini 2.5 Flash and GPT-40 Audio. These models serve as the
sensory front-end, providing direct audio understanding and visual context interpretation. To enhance
data production throughput, we leverage Qwen3-Omni Flash and Qwen3-Omni-Captioner. These models
specialize in rapid caption generation and multimodal grounding, ensuring the scalability of our pipeline.
Precise transcription and temporal localization are handled by GPT-40 Transcribe for speech recognition
and Qwen3-ASR Flash, which is specifically utilized to provide accurate timestamp annotations. The
generation process is modeled as a multi-turn dialogue between the “Detective” and the “Observer”.
We set the maximum number of interaction steps to 10. To ensure efficiency, the agent is configured
with an early-stopping mechanism, allowing the investigative process to conclude immediately once the
information converges and a comprehensive description is constructed.
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C Evaluator Design for Perception Density

To compute the Perception Density Reward rpq, we require a robust mechanism to classify whether each
segment of the generated CoT is a perception unit. Given the complexity of natural language, rule-based
keyword matching is insufficient. Therefore, we implement an LLM-based Evaluator utilizing GPT-40 to
perform semantic classification.

Evaluator System Prompt

You are an expert in multimodal data analysis, specialized in deconstructing complex Chains of Thought (CoT) into raw
perceptual information and logical reasoning processes.

Evaluator Prompt

Task
Analyze the provided Chain of Thought (CoT) text and extract all words and phrases related to perception.

* Output the result in a JSON format with a single key: perception_words.

* The list must follow the sequential order of the original text.

* Duplicates are required: If a perceptual word or fact appears multiple times in the text, it must be listed every
time it appears.

Definition of Perception
perception_words include:

* Direct sensory inputs (audio, visual, tactile, etc.).

 Physical characteristics or literal observations (e.g., "high-pitched", "stone", "well", "300 meters").
 Literal quotes of what was heard or seen (e.g., specific spoken sentences).

* Physical actions described in the scene (e.g., "thrown", "decays", "bouncing").

Constraints

¢ Exhaustive Extraction: Do not omit any sensory or physical detail.

* Sequence-wise: Maintain the exact order as they appear in the input.

¢ No Summarization: Do not merge multiple mentions into one; keep them as individual entries in the list.

¢ Exclude Reasoning: Do not include logical connectors (e.g., "therefore"), inferences (e.g., "this suggests"), or
structural markers (e.g., "Step 1").

Example
Input
Let’s break down the reasoning step by step:

1. The audio clip begins with a male voice speaking in Mandarin Chinese, instructing the listener to "Please calculate
the depth of this well based on the echo." This sets the context for a scientific or educational demonstration.

2. Immediately after the instruction, a stone is thrown into the well. The sound of the stone is a sharp, high-pitched
"tink," which quickly decays into a long, complex echo. The echo is not a single, short sound but a layered,
reverberant decay that persists for several seconds.

3. The echo’s decay is long and complex, with multiple overlapping reflections.

Output
{{ "perception_words": [ "audio clip", "male voice", "Mandarin Chinese", "Please calculate the depth of this well based

"non "o "non non non

on the echo", "stone", "thrown", "into the well", "sound of the stone", "sharp", "high-pitched", "tink", "long", "complex
echo", "echo", "single, short sound", "layered", "reverberant decay", "persists for several seconds", "echo’s decay",

"long", "complex", "multiple overlapping reflections" ] }}
New Input {cot}

D Training Details

Table 3 lists the training hyperparameters for Perception-Enhanced SFT, and Table 4 lists the training
hyperparameters for Perception-Focused RLVR. For the RL stage, to accommodate the sparsity of our
binary perception density reward, we adopt a simplified advantage estimation strategy that removes the
variance normalization term, following recent findings (Liu et al., 2025). To ensure fine-grained control
over the generation trajectory and handle varying sequence lengths, we also adopt the token-level policy
gradient objective (Yu et al., 2025).
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Table 3: Hyperparameters for Perception-Enhanced SFT.

Parameter Value
GPU Usage 8 x A100 80GB
Batch Size per GPU 2
Gradient Accumulation 4

Peak Learning Rate Se-6

LR Scheduler Linear
Optimizer AdamW
Training Epochs 2
Training Time 8 hours

Table 4: Hyperparameters for Perception-Focused RLVR.

Parameter | Value

General Optimization

GPU Usage 8 x A100 80GB
Batch Size per GPU 1
Gradient Accumulation 8
Peak Learning Rate le-6
LR Scheduler Cosine
Optimizer AdamW
Training Steps 2000
Training Time 22 hours
GRPO Specifics
Group Size (G) 8
Updates per Rollout (ftepochs) 1
Clip Coefficient (€) [0.2, 0.28]
KL Coefficient (Bx 1) 0
Generation & Rollout
Sampling Temperature 1
Top-p 0.9
Perception Density Reward Settings
Density Lower Bound () 0.2
Density Upper Bound (3) 0.6
Regularization Weight () 1

E Benchmark Details

MMAU MMAU (Massive Multi-Task Audio Understanding) (Sakshi et al., 2025) serves as our testbed
for evaluating the model’s fundamental perception and basic reasoning capabilities. It comprises approxi-
mately 10k audio clips paired with human-annotated question-answer pairs. The benchmark covers 27
distinct audio understanding skills distributed across sound, music and speech domains. As the Test set is
not open-sourced, we used the Test-mini set with 1k MCQ for our experiments. The Test-mini set remains
a reliable evaluation set as it keeps the same task distribution as the full Test set.

MMAU-Pro MMAU-Pro (Kumar et al., 2025) represents a significant scaling up in difficulty and scope,
designed to evaluate “Audio General Intelligence”. It features longer audio contexts (up to 10 minutes),
open-ended generation tasks, and a wider array of skills including spatial awareness and conversational
agents. Since MMAU-Pro contains specific tasks (e.g., spatial audio, conversational voice) that diverge
from the scope of audio reasoning, we evaluate on a rigorously selected subset aligned with the MMAR
taxonomy, including sound, music and speech for single modality, and sound-music, sound-speech,
music-speech, and sound-music-speech for mixed-modalities, resulting in 3,548 test samples in total.

MMAR MMAR (Massive Multi-disciplinary Audio Reasoning) (Ma et al., 2025b) is a benchmark
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specifically designed to assess the “System 2” reasoning capabilities of LALMs. Unlike MMAU, which
focuses on information retrieval, MMAR requires the model to perform multi-step logical deductions
based on acoustic evidence. It consists of 1,000 expert-annotated audio and QA samples. MMAR
evaluates models across four hierarchical levels of abstraction: signal level, perception level, semantic
level, and cultural level. Crucially, MMAR introduces mixed-modality tasks (e.g., sound-music, sound-
music-speech), requiring the model to disentangle and reason over overlapping audio streams.

F Baseline Details

This section provides a detailed model list of the comprehensive baselines introduced in Section 5.4:

* Proprietary Non-Thinking Models: GPT-40 mini Audio (Hurst et al., 2024), GPT-40 Audio (Hurst
et al., 2024), Gemini 2.0 Flash (Google, 2025), and Qwen3-Omni Flash Instruct (Xu et al., 2025b).

¢ Proprietary Thinking Models: Gemini 2.5 Flash (Comanici et al., 2025), Audio-Thinker (Wu et al.,
2025), and Qwen3-Omni Flash Thinking (Xu et al., 2025b).

¢ Open-Source Non-Thinking Models: Qwen2-Audio-Instruct (Chu et al., 2024), SALMONN (Tang
et al., 2024), Qwen2.5-Omni (Xu et al., 2025a), and Audio-Flamingo 3 (Goel et al., 2025).

¢ Open-Source Thinking Models: Audio-CoT (Ma et al., 2025a), Audio-Reasoner (Xie et al.,
2025), R1-AQA (Li et al., 2025), AudSemThinker (Wijngaard et al., 2025b), and Audio-Flamingo 3
Thinking (Goel et al., 2025).

* Agent-Based Systems: AudioGenie-Reasoner (Rong et al., 2025), AudioToolAgent (Wijngaard
et al., 2025a), and SAR-LM (Taheri et al., 2025) (which rely on proprietary LLMs/LALMs), as
well as AudioToolAgent-Open (Wijngaard et al., 2025a) (which uses open-source tools). These
are included because their sequential tool-use pipelines explicitly enhance multi-step perceptual
grounding.

G Connecting Perception and Reasoning via Efficient Training.

Table 5 highlights the data and training efficiency of our approach. Other approaches rely on massive
amounts of QA-based SFT data to implicitly learn audio reasoning. However, this often results in
suboptimal performance because the model attempts to jump directly to logical deduction without a
solid perceptual foundation. In contrast, Audio-ReaPer explicitly bridges this gap through Perception-
Enhanced SFT and Perception-Focused RLVR. This perception-first strategy allows Audio-ReaPer to
achieve state-of-the-art performance with roughly 10% of the data volume required by previous baselines,
demonstrating that explicitly connecting perception to reasoning is far more effective than brute-force
scaling of QA pairs.

Table 5: Comparison of base models, post-training paradigms, data efficiency, and performance on the MMAR
audio reasoning benchmark among Large Audio Reasoning Models. “Org.” represents “Original” while “Mod.”
represents “Modified”.

Model Base Model Post-Training Paradigm SFT Data RL Data MMAR (%)
Audio-CoT Qwen2-Audio-Instruct ~ Prompt Engineering - - 31.3
Audio-Reasoner Qwen2-Audio-Instruct ~ SFT 1.2M - 36.8
RI-AQA Qwen2.5-Omni Org. GRPO - 38K -
AudSemThinker Qwen2.5-Omni SFT + Org. GRPO 797K 140K -
Audio-Flamingo 3 Thinking Audio-Flamingo 3 Base SFT 250K - 60.1
Audio-ReaPer (Ours) Qwen2.5-Omni SFT + Mod. GRPO 18K 18K 68.5
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H More Results
H.1 Full Results

Table 6 and Table 7 report the full results including sound, music and speech for single modality, and
sound-music, sound-speech, music-speech, and sound-music-speech for mixed-modalities.

Table 6: Performance comparison of LALMs (Non-Thinking) and LARMs (Thinking) on MMAU-Pro, reported
by category (Sound/Music/Speech/Sound-Music/Sound-Speech/Music-Speech/Sound-Music-Speech) and overall
average. All numbers are taken from original papers or official benchmarks. Models are listed in chronological
order of release.

Single Modality (%) Mixed Modalities (%)
Models Size Avg (%)
Sound Music Speech Sound-Music Sound-Speech Music-Speech Sound-Music-Speech
Random Guess - 28.3 26.1 29.4 24.2 30.5 25.2 14.8 27.6

Proprietary Non-Thinking Models

GPT-40 mini Audio - 40.2 59.7 66.1 353 55.9 422 42.8 54.9
GPT-40 Audio - 44.7 63.1 68.2 40.4 62.5 435 57.1 58.3
Gemini 2.0 Flash - 48.4 56.9 69.5 39.6 55.9 57.6 42.8 57.3

Proprietary Thinking Models

Gemini 2.5 Flash - 51.9 64.9 73.4 42.8 61.3 58.7 42.8 62.7
AudioToolAgent Agent  33.1 63.5 73.7 26.0 54.6 50.0 57.1 56.2

Open-Source Non-Thinking Models

SALMONN 7B 322 449 38.3 22.0 28.4 34.8 28.6 38.8
SALMONN 13B 43.6 47.2 373 28.0 38.4 47.8 42.8 43.4
Qwen2.5-Omni 7B 47.6 61.5 57.4 40.0 60.2 532 28.5 55.7
Audio-Flamingo 3 7B 559 61.7 58.8 40.0 47.7 413 57.1 58.3

Open-Source Thinking Models

Audio-Reasoner 7B 342 50.1 44.0 26.0 43.2 36.9 28.6 429
RI1-AQA 7B 479 31.9 33.7 32.0 20.4 36.9 28.5 37.8
AudioToolAgent-Open Agent  42.8 64.4 67.9 36.0 54.6 45.7 57.1 58.0

" Audio-ReaPer (ours) 7B 526 661 643 400 568 ¢ 435 570 60.7

H.2 Evaluator Robustness

To address potential concerns regarding the pipeline’s reliance on closed-source models for the RLVR
Evaluator, we conducted additional scaling experiments by substituting the default GPT-4o0 judge with
open-source alternatives, specifically Qwen3-235B-A22B and Qwen3-8B, while keeping all other training
and environment configurations strictly constant.

As illustrated in Table 8, the massive open-source Qwen3-235B-A22B achieves highly comparable
performance to GPT-40, even slightly outperforming it on MMAU. This demonstrates that our reinforce-
ment learning pipeline does not suffer from proprietary lock-in and can be effectively deployed within
a fully open-source ecosystem. On the other hand, the smaller Qwen3-8B model exhibits a noticeable
performance degradation across all evaluation sets. We attribute this bottleneck to the extensive length
and logical complexity of our evaluator prompt, which mandates rigorous structured output compliance
and strict multi-criteria instruction following—capabilities that smaller parameter-scale models inher-
ently struggle to stabilize during continuous evaluation loops. These scaling behaviors underscore that
while high-capacity models are required for precise evaluation, our framework successfully scales to
open-weights architectures.

I Statement For The Use of Large Language Models

Al-assisted tools were used exclusively for linguistic editing and proofreading of this manuscript. The
original ideas and content were developed entirely by the authors.
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Table 7: Performance comparison of LALMs (Non-Thinking) and LARMSs (Thinking) on MMAR, reported
by category (Sound/Music/Speech/Sound-Music/Sound-Speech/Music-Speech/Sound-Music-Speech) and overall
average. All numbers are taken from original papers or official benchmarks. Models are listed in chronological
order of release.

Single Modality (%) Mixed Modalities (%)
Models Size Avg (%)
Sound Music Speech Sound-Music Sound-Speech Music-Speech Sound-Music-Speech
Random Guess - 29.39 2588 3148 25.00 29.30 31.10 28.13 29.32

Proprietary Non-Thinking Models

GPT-40 mini Audio - 38.8 359 58.8 455 60.1 57.3 50.0 50.6
GPT-40 Audio - 53.9 51.0 70.4 63.6 72.5 62.2 75.0 63.5
Gemini 2.0 Flash - 61.2 51.0 72.1 82.8 72.5 65.9 70.8 65.6
Qwen3-Omni Flash Instruct - 66.7 58.3 74.2 81.8 78.4 64.6 70.8 69.8

Proprietary Thinking Models

Gemini 2.5 Flash - 60.0 534 77.2 63.6 76.2 69.5 75.0 68.4
Audio-Thinker - 67.3 53.9 64.3 72.7 71.6 73.2 66.7 65.3
Qwen3-Omni Flash Thinking - 65.5 51.9 75.5 63.6 76.2 65.9 70.8 68.1
AudioGenie-Reasoner Agent  49.7 433 69.2 45.5 64.5 65.3 59.1 58.9
AudioToolAgent Agent  61.8 51.9 77.6 727 76.6 72.0 70.8 68.8
SAR-LM Agent 527 56.3 81.0 - - - - 69.3

Open-Source Non-Thinking Models

Qwen2-Audio-Instruct 7B 333 24.3 323 9.1 31.2 30.5 25.0 30.0
SALMONN 7B 30.9 29.6 34.4 9.1 37.6 28.1 375 32.8
SALMONN 13B 30.3 31.1 34.7 9.1 349 354 41.7 332
Qwen2.5-Omni 7B 58.8 40.8 59.9 54.5 61.9 67.1 67.1 56.7
Audio-Flamingo 3 7B - - - - - - - 58.5

Open-Source Thinking Models

Audio-CoT 7B 35.8 25.2 34.0 9.1 30.7 30.5 375 31.3
Audio-Reasoner 7B 43.6 335 33.0 455 42.7 31.7 25.0 36.8
RI-AQA 7B 55.8 37.4 49.0 9.1 50.0 50.0 50.0 47.6
Audio-Flamingo 3 Thinking 7B - - - - - - - 60.1
AudioToolAgent-Open Agent 594 45.6 67.3 54.6 70.6 59.8 70.8 61.7

" Audio-ReaPer (ours) 7B 661 573 725 818 7 7527683 667 685

Table 8: Performance comparison on downstream benchmarks when training with proprietary versus open-source
models as the RLVR evaluator.

Evaluator Model MMAU (%) MMAU-Pro (%) MMAR (%)

GPT-40 76.4 60.7 68.5
Qwen3-235B-A22B 76.7 60.7 68.1
Qwen3-8B 75.0 56.2 66.6
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