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Abstract

Can Multimodal Large Language Models (MLLMs) dis-
cern confused objects that are visually present but audio-
absent? To study this, we introduce a new benchmark, AV-
ConfuseBench, which simulates an “Audio-Visual Confu-
sion” scene by modifying the corresponding sound of an
object in the video, e.g., mute the sounding object and ask
MLLMs “Is there a/an {muted-object} sound”. Experimen-
tal results reveal that MLLMs, such as Qwen2.5-Omni and
Gemini 2.5, struggle to discriminate non-existent audio due to
visually dominated reasoning. Motivated by this observation,
we introduce RL-CoMM, a Reinforcement Learning-based
Collaborative Multi-MLLM that is built upon the Qwen2.5-
Omni foundation. RL-CoMM includes two stages: 1) To al-
leviate visually dominated ambiguities, we introduce an ex-
ternal model, a Large Audio Language Model (LALM), as
the reference model to generate audio-only reasoning. Then,
we design a Step-wise Reasoning Reward function that en-
ables MLLMs to self-improve audio-visual reasoning with
the audio-only reference. 2) To ensure an accurate answer
prediction, we introduce Answer-centered Confidence Opti-
mization to reduce the uncertainty of potential heterogeneous
reasoning differences. Extensive experiments on audio-visual
question answering and audio-visual hallucination show that
RL-CoMM improves the accuracy by 10∼30% over the base-
line model with limited training data.

Code — https://github.com/rikeilong/AVConfusion

Introduction
We perceive things by gathering visual information from
our eyes while constantly acquiring knowledge through our
hearing. Recent advancements in Multimodal Large Lan-
guage Models (MLLMs1) (Ye et al. 2024; Cheng et al. 2024;
Zhang, Li, and Bing 2023) show a remarkable ability to
understand real-world human language and generate con-
tinuum contexts. Furthermore, the wide range of complex
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1In this paper, MLLMs refer to models that can process inputs
containing both video and audio.

Baichuan

Modify to bird sounds

Query: Describe what you hear?

Qwen2.5-Omni: I hear two men playing music together. One is playing an 
acoustic guitar, and the other is playing a keyboard. There is also a fireplace in 
the background, and the music is 
accompanied by the sound of

birds chirping.

Muting the cello sound

Yes, there is a cello sound.

Yes, there is a cello sound.

Yes, there is a cello sound.

Gemini

Qwen

Is there a cello sound?

(a) Error cases in audio-muted scenarios.

(b) Uncertainty of different layers in audio-

modified scenarios.
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Figure 1: Examples of MLLMs confronting audio-visual
confusion.

visual and audio signals has facilitated the development of
MLLMs such as Qwen2.5-Omni (Xu et al. 2025) and Gem-
ini 2.5 Pro (Reid et al. 2024). After fine-tuning with an
extensive synchronized video and sound corpus, MLLMs
develop a cognitive capacity for audio-visual understand-
ing in areas including automatic speech recognition (Ope-
nAI 2023), audio-visual captioning (Zhan et al. 2024), and
general audio-visual processing (Han et al. 2023). Despite
the excellent generative capabilities of MLLMs for generic
scenarios, studies on Audio-Visual Hallucinations (AVH)
(Gong et al. 2024) have revealed that MLLMs are unable
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to distinguish between the volume and pitch of two pieces
of audio. Furthermore, MLLMs are susceptible to hearing
fictitious sounds or perceiving imaginary visual objects in
cross-modal understanding scenarios (Sung-Bin et al. 2025).

In this paper, we further explore: if the given audio-
visual information is asymmetric, ♢ Can MLLMs dis-
cern confused objects that are visually present but audio-
absent? We call this phenomenon “Audio-Visual Confu-
sion”, which refers to the given audio-visual information
being inherently asymmetric. As illustrated in Fig. 1, we
primarily focus on two settings: (a) Test whether MLLMs
can recognize that a certain muted object is not making
a sound. In normal cognition, vision and audio are bound,
i.e., the presence of some object necessitates the presence
of sound feedback. But what if given a damaged video that
is visually intact but acoustically crippled, would MLLMs
recognize it? For example, we input a “cello-muted” video
and ask Baichuan-Omni-7B (Li et al. 2024), Gemini 2.5 Pro
(Reid et al. 2024), and Qwen2.5-Omni-7B (Xu et al. 2025)
if there is a cello sound. All models fail to notice the missing
audio but blindly believe in the visual information. Further,
we explore (b) Test whether MLLMs can balance audio-
visual information for reasoning. For example, we input
an extremely unbalanced video (tampering with the music as
bird sounds) to Qwen2.5-Omni. Then, we follow an entropy-
based metric (Farquhar et al. 2024; Zou et al. 2024) to quan-
tify the uncertainty of the next token in each layer. As shown
on the right of Fig. 1, although Qwen2.5-Omni is able to dis-
tinguish bird sounds, its uncertainty scores remain relatively
high in the latter layers, which means the model is still being
biased towards hearing acoustic guitar and keyboard sounds
when generating responses.

To further investigate this phenomenon, we propose a
mini-benchmark, AV-ConfuseBench, to assess the ability of
MLLMs to distinguish audio-visual confusions. It consists
of two settings: audio-muted (i.e., muting one of the multiple
instruments all the time) and audio-modified (i.e., tampering
with the soundtrack of the entire video to be completely out
of sync with the theme). Audio-muted setting is tested by
giving a query: “Is there a/an {muted-object} sound?” and
models reply yes/no; audio-modified setting aims at evaluat-
ing the consistency of the generated content with the audio-
visual ground truth.

As shown in Table 1, we find that: 1) None of the MLLMs,
especially open-source models, yield the expected results
in the audio-muted scenario, which means they struggle to
discriminate non-existent audio tokens due to visual influ-
ences. 2) While Gemini 2.5 Pro with thinking mode achieves
higher performance over the baseline, it remains difficult to
think outside of the inherent internal knowledge in multi-
modal tasks containing video and audio (About 38.36% of
the responses remain affected by visually guided thinking
and output errors). 3) MLLMs appear to be insensitive to
audio content, and the reasoning is dominated by the pre-
sented visual in the audio-modified scenario. This means the
generated contexts mostly elaborate visual information.

Motivated by this observation, we introduce RL-CoMM,
a Reinforcement Learning-based Collaborative Multi-
MLLMs system that is built upon the Qwen2.5-Omni-3B

Model
Audio-muted Audio-modified

Acc. (↑)Yes (%)A-Acc. (↑)V-Acc. (↑)
Open-source omni-models

Video-LLaMA2-7B 2.73 97.27 0.88 3.88
Baichuan-Omni-7B 5.47 94.53 1.12 4.07
Qwen2.5-Omni-7B 9.59 90.41 1.02 4.32

Close-source omni-models
Gemini 2.5 Flash 28.76 71.24 2.24 4.78
Gemini 2.5 Pro 68.50 31.50 2.83 4.66

Random Choice 50.00 50.00 - -

Table 1: Results of different MLLMs on AV-ConfuseBench.
We evaluate various open/closed-source in two settings,
where “Yes” is the proportion of answer yes among total
responses, “A-Acc.”, “V-Acc.” refer to scoring audio and vi-
sual response accuracy on a 0-5 scale using GPT-4.

foundation. RL-CoMM consists of two different stages: 1)
Step-wise Reasoning Reward function (Step-RR) and 2)
Answer-centered Confidence Optimization (Ans-CO). For
the first stage, RL-CoMM introduces an external model, i.e.,
Large Audio Language Models (LALMs), as the reference
model to supplement audio evidence. Then, we design Step-
RR based on Group Relative Policy Optimization (GRPO),
which uses the extra audio knowledge to incentivize the pol-
icy model for audio context reasoning and audio-visual cor-
relation reasoning. For the second stage, Ans-CO can re-
duces the policy model’s uncertainty over its answer predic-
tions to resolve uncertainties arising from potentially het-
erogeneous reasoning differences. Through extensive exper-
iments on Audio-visual Question Answering (AVQA) tasks
and AVH benchmarks, our proposed RL-CoMM improves
accuracy by 10∼30% over the base-LLM only with around
20% of total training samples.

Related Work
Large Audio-Visual Language Models. Drawing inspi-
ration from the remarkable ability of Large Language Mod-
els (LLMs) (Yang et al. 2024a,b; Touvron et al. 2023) to
generate coherent language, studies have extended LLMs
to other multimodal tasks, e.g., Audio-visual Question An-
swering (AVQA) (Yun et al. 2021), and human-centric un-
derstanding tasks (Nan et al. 2024; Ye and Yu 2024). Pri-
marily, visual LLMs (Ye et al. 2025; Xie et al. 2024; Liu
et al. 2018a,b; Lin et al. 2025) emphasize the design of el-
egant bridging methods. In this work, we focus on Omni-
LLMs (Ye et al. 2024; Xu et al. 2025; Cheng et al. 2024),
it refers to models that understand both video and audio in-
puts, which possess multisensory properties that mimic hu-
man perception. However, we find that these models trained
from synchronized audio-visual data are highly susceptible
to complementary modalities.

Audio-visual Defects in MLLMs. Hallucination (Li et al.
2023; ?; Gong et al. 2024; Gunjal, Yin, and Bas 2024; Liu
et al. 2024; Shu et al. 2025) refers to the generation of imagi-
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native textual responses by the model that do not correspond
to the input signal. Studies (Sung-Bin et al. 2025) have re-
vealed that such phenomenon is caused by favoring the inter-
nal knowledge of the LLM and disregarding the input signal.
In this paper, we present another shortage of MLLMs that is
similar to hallucinations: “Audio-Visual Confusion”. Specif-
ically, we test the ability of MLLMs to cope with asymmet-
ric audio-visual information.

MLLMs with Reinforcement Learning. Reinforcement
Learning (RL) from human feedback (Ouyang et al. 2022;
MacGlashan et al. 2017), as an early optimization of
language models requires significant human annotation
and computational resources. Then, on-policy optimization
methods such as DPO (Rafailov et al. 2023), and PPO
(Schulman et al. 2017), which reward fine-tuned models via
computing advantages have achieved excellent outcomes.
GRPO (Shao et al. 2024), as the core optimization algorithm
of Deepseek-R1, has advanced the intermediate thinking tra-
jectories in response via KL-penalty and reward model. Re-
cent studies (Liu et al. 2025) have focused on unifying Su-
pervised Fine-Tuning (SFT) (Zhang et al. 2023) and RL
to effectively improve the sensitivity of LLMs to the fi-
nal output. This paradigm utilizes high quality offline data
and online-optimization to interleave the training of mod-
els. Unlike prior methods, we improve GRPO by including
a heterogeneous reference model, audio-LLMs (Chu et al.
2024), to complement Omni-LLMs (Xu et al. 2025) think-
ing knowledge. Such a paradigm significantly improves the
performance of base-LLMs on AVQA with limited data.

AV-ConfuseBench
We believe that analyzing the reliability of existing MLLMs
under audio-visual confusion can develop more robust mod-
els. We provide detailed descriptions and construction of two
different settings in AV-ConfuseBench below:
Audio-muted Confusion. This task is set on masking a par-
ticular sound source in a scene where multiple instruments
are performing, and it assesses whether visual objects af-
fect the audio understanding of MLLMs. All questions are
present in the form of: “This is a video of audio corruption
where some instrument sound is muted. question: Is there
a/an {muted-object} sound?” and the ground truth is “No”.
We mute the sound sources of the collected 39 videos and
yield a total of 73 Q&A pairs. The evaluation metrics are
accuracy and model response “Yes” coverage.
Audio-modified Confusion. This task is designed to modify
background sounds to assess whether audio-generated false
information affects the discriminative ability of MLLMs. All
questions are present in the form of “Describe what you see
and what you hear”. We collected 5 different environmen-
tal sounds, including sounds of wind, bird, rain, electric drill,
and thunder sounds, to tamper with the background sound of
20 videos and yield a total of 100 Q&A pairs. To ensure the
quality of the assessment, all ground truths are manually la-
beled. The evaluation metrics are AI-assisted (DeepSeek-AI
et al. 2025) assessment of the accuracy of generated visual
and audio contents to ground truths.

Algorithm 1: The process of RL-CoMM.

Require: Policy model πθ after warm-up; Reference model
πref

Ensure: Optimized policy model πθ

for each i ∈ [1, N ] do
if Stage == Step-RR
Generate audio reference reasoning paths oref∼ πref

Generate G audio-visual reasoning paths oi∼ πθ

Compute rewards riformat, r
i
arr, riavc via Eqs. 2-4

Optimize policy model πθ with group advantages Ai

else if Stage == Ans-CO
Clip the answer token o<t

i in oi

Optimize policy model πθ wih Ans-CO via Eqs. 6
end for
return Policy model πθ

Methodology
Preliminary: RL with Verifiable Rewards
The verifiable reward function, e.g., GRPO (Shao et al.
2024), is a direct optimization strategy designed to en-
hance the reasoning capability of the policy model πθ(·|·).
It simplifies the post-training cost by removing the value
model, while generating multiple responses {o} for the in-
put prompt q to measure correctness. Specifically, the GRPO
objective is defined as:

LGRPO = E[(q,o)∼D][R(θ)− βKL[πθ(o|q) ∥ πref (o|q)],
(1)

where πref is the reference model, R(θ) denotes the reward
function: min[ πθ(o|q)

πref (o|q)A
i, clip( πθ(o|q)

πref (o|q) ; 1−1−ϵ, 1+ϵ)Ai),
Ai denotes the advantage of the i-th response, and the policy
model is optimized via updating the parameter θ with gradi-
ent ascent. Notably, we have removed the KL loss during the
training period.

RL-CoMM
The framework and process of RL-CoMM are shown in
Fig. 2 and Algorithm 1, respectively. We treat the LALM
as the reference model πref and the Omni-LLM as the pol-
icy model πθ, respectively. RL-CoMM consists of two opti-
mization stages. After warm-up, Step-RR is used to optimize
reasoning, Ans-CO is used to optimize answers. The multi-
modal input data consists of video, audio, and two prompts
in the specified format.

Warm-up for Policy Model. To ensure a stable reason-
ing of the foundation model, we introduce supervised fine-
tuning of a small number of datasets before online RL opti-
mization. During the warm-up phase, the policy model is
trained on a given multimodal dataset, which consists of
questions, videos, audios, and long responses constructed
with audio-visual context. This phase primarily specifies
that the output content of the policy model can include step-
by-step visual reasoning and audio reasoning.

Data Preparation. Following the recent GRPO-style
training paradigm (Zhong et al. 2025), we define two multi-
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Figure 2: Framework of RL-CoMM, where LALMs serve as the reference model and Omni-LLMs serve as the policy model.
Given audio-visual inputs, we first let the LALM generate the reference reasoning for the audio. The policy model is verified
by the reviewer (Qwen3 Embedding) to compute group advantages via the Step-wise Reasoning Reward function. Notably, we
remove the KL penalty during the policy gradient optimization due to heterogeneous model structure differences. Furthermore,
we introduce an Answer-centered Confidence Optimization to reduce uncertainty in the predicted answer of the policy model.

modal training data formats. We define three tags <a-
think><v-think><answer>, which serve to sample the au-
dio thinking content, visual thinking content, and predicted
answers of the policy models. Notably, we let the reference
model generate question-oriented thinking content based on
the ground truth. In this way, we avoid the audio-visual cor-
relation thinking inherent to Omni-LLMs and instead reason
the question from a specific perspectives. To restrict the out-
put format of the policy model, we use the format reward
during the training process as follows:

riformat =

{
1, if format is correct;
0, otherwise (2)

Step-wise Reasoning Reward Function. A crucial step
in RL is to design effective reward models, also known as
reward functions. It updates the policy model at each step
through generalized advantage while aligning the prefer-
ence algorithms to prevent model changes from differing too
much from the reference model. Traditional RL reward de-
signs for Omni-LLMs primarily focus on answer accuracy
and format consistency (Xing et al. 2025), lacking incentives
for multimodal reasoning content.

For the multiple-choice AVQA tasks, the model should
first deduce the audio-visual content, then choose the cor-
rect option. We design Step-RR mainly for correcting the
potential visual bias and blending audio-visual perception in
the reasoning content of Omni-LLMs. Step-RR includes two
types of rule-based rewards, i.e., Audio Reasoning Rational-
ity reward (ARR) rarr and Audio-Visual Correlation (AVC)
reward ravc. Furthermore, to ensure efficient and accurate
reward allocation, we use an off-the-shelf lightweight and
powerful text embedding model, i.e., Qwen3 Embedding-
0.6B (Zhang et al. 2025), for semantic alignment. Specifi-
cally, we define the audio reasoning path to the question q
from the reference model πref as oref , the policy model πθ

generates a group of G reasoning trajectories for each ques-
tion q in one rollout {o}i = (oi1, o

i
2, o

i
3) containing the audio

thinking content, visual thinking content, and predicted an-
swers.

(1) ARR is used to assess the validity of the policy model for
auditory perception oi1 by including extra audio knowledge
oref that contributes to the solution. ARR is defined as:

riarr =

{
1 if S(oi1|oref ) > ω, oi3 = y
0 otherwise, (3)

where S(oi1|oref ) denotes function that uses Qwen3
Embedding-0.6B to retrieve semantic similarity score be-
tween oi1 and oref . We define ω = 0.8 and the task defined
for Qwen3 Embedding-0.6B is “Judge whether the given
query oi1 is semantically consistent with the provided con-
tent oref”.
(2) AVC is used to assess the correlation between auditory
perception oi1 and visual perception oi2 to allow for a logical
structure to reason about the answer. AVC is defined as:

riavc =

 1 + I(oi1|oi2) if oi3 = y,
I(oi1|oi2) if oi3 ̸= null, ̸= y,
0 otherwise,

(4)

where I(oi1|oi2) denotes function that uses Qwen3
Embedding-0.6B to retrieve coherent score between oi1
and oi2. We include a soft-matching mechanism to ensure a
rational reasoning process based on predicted answers. The
task defined for Qwen3 Embedding-0.6B is “Given a query
oi1, retrieve semantically coherent content oi2”.

Group Advantage Computation. The overall reward
consists of format rewards rformat, audio reasoning ratio-
nality reward rarr, and audio-visual correlation reward ravc.
Each reasoning path in a generated group can be computed
as ri = rformat + rarr + ravc, i.e., to yield the group ad-
vantages {r1, r2, ..., rG}. Then, we follow the normalization
formula (Shao et al. 2024) and define as:

Ai =
ri − mean({r1, r2, ..., rG})

std({r1, r2, ..., rG})
. (5)

Answer-centered Confidence Optimization. Inspired by
Entropy Minimization (Gao et al. 2025), we incorporate the
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Method Music-AVQA (Audio-visual) AVQA
Exist Localis Count Comp Temp Avg. Avg.

Specialized models
PSTP-Net 76.18 73.23 71.80 71.79 69.00 72.57 90.20
CAD 83.42 73.97 76.37 74.88 76.16 76.96 92.20
LLM-based models
Video-LLaMA 62.16 41.86 42.23 44.98 24.76 47.93 71.69
One-LLM 68.71 50.83 67.57 50.76 41.02 57.86 88.75

Qwen2.5-Omni-3B 60.02 53.84 61.29 58.16 46.57 54.95 83.78
+ SFT 73.67 74.09 75.43 68.47 60.44 70.41 90.41
+ GRPO 77.69 71.10 67.33 64.23 70.14 70.05 85.31
+ RL-CoMM (ours) 85.61 76.68 84.08 70.74 76.30 79.46 95.87
∆ (↑ 25.59) (↑ 22.84) (↑ 22.79) (↑ 12.58) (↑ 29.73) (↑ 24.51) (↑ 12.09)

Table 2: Results on the Music-AVQA and AVQA. Exist, Localis, etc. represent the accuracy in the subtasks of this benchmark.

Answer-centered Confidence Optimization (Ans-CO) to ad-
dress the uncertainty associated with potentially heteroge-
neous reasoning differences. Notably, to ensure fitting the
labeled data, we introduce Negative Log-Likelihood (NLL)
loss to smooth the objective learning. Specifically, we de-
fine N = {t|t > Tprompt+think} for cropping the answer
portion to avoid computation on the prompt and the think,
where Tprompt+think denotes the token length of the prompt
and generated think content. Then we define Ans-CO as:

LOP = − 1

T

T∑
t=1

log πθ(ot|o<t, x)︸ ︷︷ ︸
Lneg

+λ · ( 1

|N |
∑
t∈N

Ht︸ ︷︷ ︸
Entropy M

), (6)

where Lneg means Negative Log Likelihood
Loss, Entropy M means Entropy Minimization,
Ht = −

∑
v∈V πθ(v|y<t, x) log πθ(v|y<t, x), x de-

notes the input, V is the vocabulary of model πθ. λ is the
hyperparameter used to avoid overconfidence. Notably, we
follow the entropy-based metric (Farquhar et al. 2024; Zou
et al. 2024) to quantify the uncertainty u of the predicted
answer, and set λ = 0 when u > 0.75.

Experiments
Implementation Details and Datasets
RL-CoMM is built upon the Qwen2.5-Omni-3B founda-
tion and consists of three training phases: warm-up via
fine-tuning, GRPO-style policy optimization, and Ans-CO.
All experiments are conducted on 8 NVIDIA A800 GPUs.
Warm-up training is performed on our customized dataset
containing 100 high-quality Q&A pairs with LLaMA-
Factory2. All data used in the warm-up phase strictly adheres
to the rules for preventing data leakage. Then, we employ a
few-shot learning approach for Step-RR and Ans-CO with
limited training samples drawn from the Music-AVQA and
AVQA datasets. The hyperparameters λ = 0.5 and ω = 0.8
are set by default.

2https://github.com/hiyouga/LLaMA-Factory/tree/main

To demonstrate the superiority of RL-CoMM in generic
audio-visual scenarios, we conducted experiments on two
types of tasks: AVQA (Music-AVQA (Li et al. 2022), Music-
AVQA-R (Ma et al. 2024), and AVQA (Yang et al. 2022))
and AVH (AVHBench (Sung-Bin et al. 2025)).

Results in AVQA
Music-AVQA and AVQA contain 9129 and 57,300 test
Q&A pairs, respectively. Table 2 shows that specialized
models such as PSTP-Net (Li, Hou, and Hu 2023) and
CAD (Nadeem et al. 2023) both outperform LLM-based
approaches. However, while such models have extremely
strong in-domain performance, the shortcoming of a lack of
prior knowledge still restricts them from extending to unseen
scenarios. For the LLM-based models, we first test the multi-
modal comprehension methods, i.e, Video-LLaMA (Zhang,
Li, and Bing 2023) and One-LLM (Han et al. 2023). Both
models are unable to achieve superior results, which proves
the necessity of strong audio-visual correlation in the AVQA
tasks. On the other hand, Qwen2.5-Omni-3B still falls short
of the results achieved by specialized models, despite the
overall improvement in performance with SFT. In contrast,
RL-CoMM achieves significant improvements in all sub-
tasks compared to the base model. It clearly demonstrates
that the proposed reward optimization gives a boost to the
reasoning ability of Omni-LLMs.
Music-AVQA-R is expanded based on Music-AVQA,
which includes 211,572 test QA pairs, and RL-CoMM is
tested directly without additional training data. The result in
Table 3 shows that: Specialized models LAVisH (Lin et al.
2023), MCCD (Ma et al. 2024) fail to demonstrate strong
generalization. In contrast, RL-CoMM unleashes the audio-
visual reasoning capabilities of Qwen2.5 Omni and achieves
significant improvements in cross-task performance.

Results in AVH
We mainly explore the improvements that RL-CoMM brings
to the base model in three tasks, which are Audio-driven
Video Hallucination, Video-driven Audio Hallucination, and
Audio-visual Matching tasks. Common open-source models
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Method Exist Localis Count Comp Temp Avg.
H T H T H T H T H T

Specialized models
LAVisH 63.17 66.68 30.11 43.80 63.77 26.51 56.31 63.46 50.79 42.85 59.25
MCCD 77.22 67.58 55.15 82.23 70.12 39.83 61.26 58.17 43.67 58.33 66.95
LLM-based models
Qwen2.5-Omni-3B 61.42 64.58 60.21 68.21 64.91 61.32 49.37 64.76 55.34 68.02 69.43
+ GRPO 79.43 80.21 73.21 71.72 71.02 76.94 58.44 70.50 58.49 70.78 71.43
+ RL-CoMM (ours) 85.98 88.67 81.63 74.28 79.58 83.48 66.89 75.25 63.41 76.08 79.95

Table 3: Results on the Music-AVQA-R test split. H and T denote the head and tail accuracy.

Method Audio-driven Video Hallucination Video-driven Audio Hallucination Audio-visual Matching

Acc. (↑) Precision (↑) F1 (↑) Acc. (↑) Precision (↑) F1 (↑) Acc. (↑) Precision (↑) F1 (↑)
Video-LLaMA 50.1 50.1 66.7 50.2 50.2 66.9 50.0 50.0 66.7
ChatBridge 52.9 70.9 48.9 32.8 60.0 39.8 29.9 48.3 33.9
PandaGPT 58.5 55.3 68.8 61.3 57.4 69.1 51.2 53.6 27.0
OneLLM 53.7 58.6 49.8 44.3 50.2 49.8 60.1 67.7 64.6

Qwen2.5-Omni-3B 65.85 78.82 79.41 59.65 64.56 74.73 48.77 50.69 65.57
+ GRPO 72.98 80.49 81.04 62.84 65.74 75.70 49.73 51.18 66.01
+ RL-CoMM (ours) 78.96 88.20 88.24 65.63 68.54 79.25 51.85 53.42 68.42

Table 4: Evaluation results on AVHBench. Acc. denotes the accuracy, and Yes (%) is the proportion of “Yes” answers among
total responses. Notably, the tests are performed without introducing the officially provided caption inputs.

Figure 3: Training dynamics of RL-CoMM with Step-wise
Reasoning Optimization. The graph shows the variation of
the AVC reward over global steps.

that understand audiovisual content, such as Video-LLaMA
(Zhang, Li, and Bing 2023), ChatBridge (Zhao et al. 2023),
PandaGPT (Su et al. 2023), and OneLLM (Han et al. 2023),
perform poorly and are overconfident in hallucinatory ob-
jects. In contrast, Qwen2.5-Omni outperforms the appeal
model, whether in audio or visually guided hallucinations,
demonstrating strong audio-visual correlation. Moreover,
with the reasoning reward optimization, RL-CoMM brings
the model up to 13.11% improvement in accuracy, substan-

Model
Audio-muted Audio-modified

Acc. (↑)Yes (%)A-Acc. (↑)V-Acc. (↑)

Qwen2.5-Omni-3B 8.22 91.78 1.14 4.10

+ SFT 5.48 94.52 - -
+ GRPO 15.07 84.93 1.84 4.47
+ RL-CoMM (ours) 27.40 72.60 2.36 4.54

Table 5: Results of different training strategies based on
Qwen2.5-Omni-3B in AV-ConfuseBench.

tially outperforming models such as OneLLM by 20 to 25%.
Unfortunately, we noticed that performance on the audio-
visual matching task failed to optimal. However, online pol-
icy optimization indeed reduces the impact of cross-modal
hallucinations, motivating us to improve the reward model
for audio-visual combinations.

Analysis in AV-ConfuseBench
As shown in Table 5, using SFT to train the model reduces
2.74%, while the training strategy by stimulating the model
to think brings different levels of improvement to the model
(6.85% and 0.7 for GRPO, and 19.18% and 1.22 for RL-
CoMM, respectively). We believe that forcing models to re-
flect and trial-and-error in training can mimic human think-
ing to solve difficult audio-visual tasks such as hallucina-
tions and confusions. Regarding the comparison with other
methods, while RL-CoMM lags behind the baseline by a rel-
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w/ RL-

CoMM

Qwen2.5 

Omni

<think> The video shows a man playing a drum in 
front of a black background. The man is sitting 
and playing the drum, creating beautiful and 
moving music. </think>\n
<answer>yes</answer>'

<a-think> Based on the audio, the drum is not 
constantly playing. There are intervals where no 
sound is detected from the drum, indicating that 
the drum is not always playing. </a-think> <v-
think> Based on the video, there is a man playing a 
drum in front of a black background. </v-think>\n
<answer>no</answer>'

General Audio-visual Case

playing not playingplaying

<think>There are two men playing string 
instruments in the video. One is playing the violin, 
the other is playing the guitar. </think>\n
<answer> yes </answer>'

Audio-visual Confusion Case

original video muted video
Is there a violin sound?Is the drum in the video always playing?

<a-think> Based on the audio, there is no 
information indicating that the violin is playing at 
any point. Therefore, it can't be inferred that there 
is  a violin sound. </a-think> <v-think> Based on 
the video, there are two men playing instruments in 
the video. </v-think>\n
<answer> no </answer>

w/ RL-

CoMM

Qwen2.5 

Omni

Figure 4: Examples of general audio-visual scenes and our designed audio-visual confusion scenes. Questions are answered in
the form of yes or no, where the audio information may be intermittent or blocked out.

Method Avg.

Qwen2.5-Omni-3B 54.95
w/ Format + Accuracy 70.05
w/ Format + Step-wise Reasoning 74.49
w/ Format + Step-wise Reasoning + Ans-CO 79.46

Table 6: Effectiveness of the step-wise reasoning rewards
and Ans-CO on the Mean Accuracy of Music-AVQA.

atively large margin, it achieves a twofold improvement over
smaller-scale Qwen models, and even approaches the perfor-
mance of Gemini 2.5 Flash.

Training Curves of Reward Optimization
As shown in Fig. 3, the AVC reward shows a smooth up-
ward trend, indicating that the proposed reward model con-
tinuously motivates the model to obtain stronger audio-
visual associations through groupwise feedback. We argue
that Omni-LLMs such as Qwen2.5-Omni, while learning
bi-directional audio-visual generation during the warm-up
phase, still struggle to make visually unaffected reasoning
about audio content.

Effects of Step-RR and Ans-CO
We conduct tests for Step-RR, and Ans-CO on Qwen2.5-
Omni-3B over the Music-AVQA benchmark. As shown in
Table 6, the base GRPO pattern includes rewards and accu-
racy rewards that provide a slight boost to the model, yet are
still not comparable to specialized models. When involving
rewards for audio-visual reasoning, it improves the baseline
model by 19.54%, resulting in a 4.44% increase compared to
GRPO. In addition, with the optimization of the confidence
in the predicted answers, there is a substantial improvement

of 26.51% over the baseline. We believe that combining two
optimization objectives can further enhance the robustness
of the model for multimodal understanding.

Qualitative Examples

As shown in Fig. 4, we compare the case of Qwen2.5-
Omni-3B before and after using RL-CoMM in two audio-
visual scenarios. While Qwen2.5 Omni can generate an-
swers through a prescribed format, the reasoning process
is visually biased and ignores audio context. Even in the
common audio-visual task (shown on the left), the model
does not pay attention to the intermittent sound of the drums
on the audio but relies directly on the visual and answers
“yes”. In contrast, RL-CoMM can bring a more harmonized
audio-visual reasoning to Qwen2.5-Omni. For example, RL-
CoMM facilitates model reasoning on audio and visual, re-
spectively, and leans on the audio reasoning based on the
question type to answer “no”. In the audio-visual confusion
scene, RL-CoMM simulates the human senses to perceive
visual and audio information independently and integrate
them, thus being able to avoid false prediction.

Conclusion
The proposed AV-ConfuseBench reveals that most open-
source or closed-source models fail to recognize information
asymmetry in both vision and audio. Motivated by this ob-
servation, we propose RL-CoMM, which includes two novel
optimization strategies. As a result, RL-CoMM significantly
improves the performance of Qwen2.5-Omni-3B on both
AVQA and AVH, under limited training data. We believe
that exploring such Audio-visual Confusion phenomenon is
a need for assessing the robustness of MLLMs under the
complexity of multimodal signals and their correlations.
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