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Abstract

The rise of Omni-modality Large Language
Models (OLLMs) capable of jointly process-
ing text, audio, and visual inputs marks a ma-
jor step toward general intelligence. Ensur-
ing their alignment with human preferences
requires effective Omni-modality Reward Mod-
els (ORMs), which serve as surrogates for
human judgment to guide OLLMs behavior.
However, ORMs evaluation remains under-
developed in the previous literature. Exist-
ing benchmarks are largely text-centric or lim-
ited to bimodal tasks, restricting comprehen-
sive assessment for ORMs. To bridge this
gap, we introduce Omni-RewardBench, the first
benchmark for comprehensive evaluation of
ORMs across modalities. In short, our contri-
butions are threefold: (1) a hybrid automatic-
annotation and human-verification pipeline to
construct high-quality evaluation data; (2) ex-
tensive experiments on 20+ models, including
inherently omni-modal and modality-bridged
systems. Our experimental results demonstrate
that current OLLMs fall short as reward mod-
els, revealing several common failure modes
such as perception failure, modality domi-
nance failure, and cross-modal fusion fail-
ure. and (3) strong correlations between Omni-
RewardBench scores and downstream perfor-
mance (IID r = 0.94, OOD r = 0.72), validating
its reliability as a predictor of real-world capa-
bility and alignment quality.

1 Introduction

The rapid evolution of artificial intelligence has
led to the emergence of multimodal large language
models (MLLMs) capable of processing heteroge-
neous data modalities, including text, audio, and
image/videos (Hurst et al., 2024; Team et al., 2023;
Anthropic, 2025). This advancement reflects the
multimodal nature of human perception, where

* Equal contribution.
¥ Corresponding authors.

textual, auditory, and visual cues jointly support
richer understanding (Turk, 2014; Jaimes and Sebe,
2007). Building upon the transformative success of
large language models (LLMs) (Jaech et al., 2024;
Grattafiori et al., 2024; Guo et al., 2025; Li et al.,
2024a), recent research extends these capabilities
to multimodal reasoning, emphasizing cross-modal
alignment and joint representation learning (Bai
et al., 2025; Xu et al., 2025a; Wu et al., 2024).
Although significant progress has been achieved
in bi-modal systems such as vision-language and
audio-language models, the unified integration of
omni-modalities (textual, audio and visual) remains
a promising yet insufficiently explored frontier.

Advancing OLLMs requires not only architec-
tural innovation but also robust evaluation method-
ologies that comprehensively assess model re-
sponses (Bommasani et al., 2021). Rigorous eval-
uation is essential for ensuring deployment re-
liability and guiding iterative optimization (Wu,
2025). Reinforcement learning from human feed-
back (RLHF) (Ouyang et al., 2022) exemplifies this
principle by aligning model outputs with human in-
tentions. The growing need for reliable evaluation
has driven the development of specialized bench-
marks to assess reward models’ ability to distin-
guish response quality (Lambert et al., 2024; Wang
et al., 2024d; Li et al., 2025a; Yasunaga et al., 2025;
Ji et al., 2025). However, current benchmarks re-
main constrained to unimodal or bimodal domains,
underscoring the necessity for a comprehensive
omni-modal reward model benchmark that can ef-
fectively evaluate and advance the next generation
of ORMs.

To address this gap, we propose Omni-
RewardBench, a comprehensive benchmark specif-
ically designed to evaluate reward models within
omni-modal contexts. Adopting the standard triplet
(question, chosen response, rejected response) for-
mat (Lambert et al., 2024; Li et al., 2025a; Ya-
sunaga et al., 2025), our benchmark requires re-
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Figure 1: Pipeline for constructing Omni-RewardBench.

ward models to correctly rank responses by assign-
ing higher rewards to chosen response and lower
rewards to rejected response, thereby identifying
their preference ordering. In order to acquire high-
quality omni-modal triplet, we propose a novel data
annotation pipeline that combines scalable auto-
mated annotation with rigorous human verification,
as detailed in Section 3.2 and curate 1,375 triplets
in total. These samples enable comprehensive eval-
uation of ORMSs’ discriminative capabilities across
diverse categories (8 categories and 22 subcate-
gories), thereby establishing a foundational bench-
mark to guide the development of future ORMs.
Due to the current scarcity of models capable
of inherently processing omni-modal inputs, our
evaluation further incorporates a modality bridging
framework as a practical interim solution. Specifi-
cally, this framework addresses unsupported modal-
ities by converting them into textual descriptions
through specialized models—such as transcribing
audio using audio-language models (ALMs) or cap-
tioning visual inputs using vision-language models
(VLMs). This enables bi-modal models to effec-
tively participate in omni-modal evaluations.
Empirically, we conduct extensive experiments
across 20+ cutting-edge proprietary and open-
source models including Gemini (Comanici et al.,
2025), GPT-40 (Hurst et al., 2024), Qwen (Xu et al.,
2025a), InternVL (Chen et al., 2024b), Kimi (Ding
et al., 2025a) and Deepseek series (Wu et al., 2024).
Through both quantitatively and qualitatively anal-
ysis, our work makes following key contributions:

1. First omni-modal reward model bench-
mark: A curated collection of 1,375 high-
quality triplets spanning 8 categories and 22

subcategories, enabling fine-grained evalua-
tion for ORMs.

2. Modality bridging annotation pipeline:
Combines automated processing with human
verification to overcome data scarcity chal-
lenges caused by limited OLLMs availability.

3. Comprehensive performance analysis: We
reveal that current OLLMSs fall short as re-
ward models, while demonstrating the effec-
tiveness of a modality-bridging framework as
a viable interim solution. Moreover, we iden-
tify several common failure modes of ORMs,
providing insights and guidance for further
optimization of ORMs.

4. High correlation with downstream tasks:
Demonstrates that performance on Ommni-
RewardBench strongly correlates with down-
stream tasks performance under inference-
time scaling paradigm, validating its reliabil-
ity as a predictor of real-world capability and
alignment quality.

2 Related Works

2.1 Multi-Modal Models Evaluation
Benchmarks

With the rapid advancement of multimodal mod-
els, the community now demands more challeng-
ing benchmarks to rigorously evaluate the progress
of existing multimodal systems. Vision-language
benchmarks have seen particularly notable devel-
opment, covering key areas such as (1) spatial per-
ception (Liu et al., 2024; Yu et al., 2023; Li et al.,
2024b; Yakun et al., 2025), (2) reasoning skills (Lu
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Figure 3: Illustrative taxonomy of Omni-RewardBench.
Full list shown in Appendix B.2.

et al., 2023; Zhang et al., 2024; Wang et al., 2024b;
Yue et al., 2024; Yakun et al., 2026) and (3) in-
struction following (Bitton et al., 2023; Qian et al.,
2024; Ding et al., 2025b). Similarly, benchmarks
for audio-language models assess capabilities like
(1) speech recognition (Gong et al., 2022; Bu
et al., 2017), (2) audio question answering (Pe-
namakuri et al., 2025; Lipping et al., 2022; Wang
et al., 2024a) and (3) music understanding (Yang
et al., 2024; Weck et al., 2024; Agostinelli et al.,
2023). Although these efforts have significantly
advanced multimodal benchmarking, most focus
on dual-modal interactions (e.g., vision-language
or audio-language). With the rise of advanced
OLLMs (Chen et al., 2025; Xie and Wu, 2024,
Luo et al., 2025b; Fu et al., 2025; Zhang et al.,
2025), the development of comprehensive, omni-
modality benchmarks has become crucial. Recent
initiatives like (Ji et al., 2024; Li et al., 2024c;
Chen et al., 2024a) evaluate OLLMs’ cross-modal
reasoning abilities, primarily focusing on their
problem-solving performance. In contrast, Omni-
RewardBench provides a systematic framework to
quantify the reliability of ORMs to provide reward
signals, a critical component for training and align-

ing omni-modal Al systems.

2.2 Reward Models Evaluation Benchmarks

Reward models are critical components in
RLHF (Bai et al., 2022); their evaluation serves
as a fundamental aspect in validating system per-
formance. Existing literature on benchmarking re-
ward models has predominantly focused on uni-
modal (text-only) or bi-modal (vision-language)
settings (Lambert et al., 2024; Li et al., 2025a),
with current approaches bifurcating into scalar-
based reward models (Bradley and Terry, 1952)
and generative reward models (Mahan et al., 2024).
Scalar-based methods further divide into outcome-
oriented models (Lambert et al., 2024; Wang et al.,
2024d; Tu et al., 2025; Yasunaga et al., 2025) that
assess overall response quality through preference
ranking, and process-oriented variants (Luo et al.,
2025a; Zheng et al., 2024; Song et al., 2025; Xu
et al., 2025b; Chan et al., 2025b; Zhou et al., 2026)
that evaluate stepwise reasoning fidelity. Concur-
rently, generative reward models employ LLM-as-
a-judge frameworks (Pu et al., 2025; Tan et al.,
2024; Ruan et al., 2025; Li et al., 2025a; Chan et al.,
2025a) to produce either scalar assessments or
pairwise comparisons through carefully designed
prompting strategies. While these benchmarks
have established robust evaluation methodologies,
they remain fundamentally limited by their uni
or bi-modal nature, failing to address the critical
challenges of omni-modal preference learning that
emerge in complex, real-world Al systems.

3 Omni-RewardBench

Our design philosophy for Omni-RewardBench is
to construct a benchmark that can evaluate ORMs’
capabilities to distinguish good responses from
omni-modal inputs, where we define omni-modal
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Algorithm 1 Variance-Controlled Borda Count
Ranking

Require: R = {r1,r2,...,rn}: set of responses;
Require: E = {e1,e2,...,em}: setof evaluators;
Require: {57 (r;)}: scores by evaluator e for response r;;
Require: oyyesn: variance threshold; Kiop, Kbotom: Number of
top/bottom responses to select
Ensure: Ri,: selected top responses; Ruowom: selected bot-
tom responses
1: Step 1: Calculate Borda Count for each response
2: for each response r; € R do
3 BC (’I“»L) ~—0
4:  for each evaluator e; € E do
5 rank;; + GETRANK(r;, S)) {rank of r; in eval-
uator j’s ranking}

6: BC(ri) < BC(r;) + (n — rank;;) {Borda count
increment }

7 end for

8: end for

9: Step 2: Calculate score variance for each response
10: for each response r; € R do
11:  scores; < [SP(r:), SP(rs), ..., 8™ (r))]
12:  o?(ri) < VARIANCE(scores;)
13: end for
14: Step 3: Filter responses by variance threshold
15: Riiterea < {ri € R: 0%(ri) < Othresn }
16: Step 4: Sort filtered responses by Borda Count
17: Rsored < SORTBYBORDACOUNT( Riitered, descending =
True)
18: Step 5: Select top and bottom responses
19: if |Rsorted| < klop ~+ Kbottom then
20:  return "Insufficient low-variance responses”
21: end if
22: R[op — quﬂed[l : ktop}
23: Rpottom +— Rsoned[*kbottom 5]
24: return Rmp, Rbo[[om

26: Supporting Functions:

28: Function GETRANK(response, evaluator_scores):

29:  sorted_responses —
SORTBYSCORE(evaluator_scores, descending =
True)

30:  return POSITION(response, sorted_responses) {1-
based ranking}

31:

32: Function VARIANCE(scores):

33: <+ MEAN(scores)

. 1 _
34: return |scores| Z:scoreEscores (SCOTG ,LL)
35:

2

36: Function SORTBYBORDA-
COUNT(responses, descending):
37: return SORT(responses,key = BC,reverse =

descending)

inputs that contain three modalities (textual, audi-
tory, visual (image or video)) simultaneously. We
achieve this by meticulously accumulating open
source omni-modal inputs from the community and
propose a carefully designed response generation
and preference annotation pipeline as detailed in
Section 3.2.

3.1 Task Definition

We evaluate reward models based on their abil-
ity to correctly predict preferences for response
pairs given omni-modal inputs. Specifically, our
evaluation adopts the LL.M-as-a-judge paradigm,
where the model is prompted to compare pairs of
responses or directly rate a single response and
finally determine the preferable one.

Given a response triplet
(question, rehosen, Trejected)> the pair-wise evalua-
tion prompts the model to compare both responses
simultaneously and determine the preferred one:

T'pair-wise = ORMp(question, T'chosen Trejected)- (1)

In contrast, the direct evaluation method inde-
pendently assesses each response in isolation, as-
signing scores separately as follows:

T'direct = ORMd(question, TchosenHrejected) (2

Then, the accuracy for each pair is calculated as:

1, if Tpair-wise = Tchosen ™ Trejected s

Accuracy = ¢ 1, or Tdirect[chosen] 7~ Tdirect[rejected]

0, otherwise.

3

3.2 Benchmark Curation Pipeline

In this section, we introduce the pipeline for con-
structing Omni-RewardBench, a meticulously cu-
rated omni-modal preference benchmark. Our
methodology consists of four key stages designed
to ensure both scalability and reliability in prefer-
ence annotation across multiple modalities.

Stage 1: Omni-Modal Data Collection We sys-
tematically collect omni-modal questions from
prominent open-source communities, focusing
on prompts that simultaneously incorporate tex-
tual, auditory and visual inputs. Our data col-
lection encompasses four major datasets: Om-
niBench (Li et al., 2024c), AV-Odyssey (Gong
et al., 2024), WorldSense (Hong et al., 2025), and
AVHBench (Sung-Bin et al., 2024). These datasets
are selected to ensure comprehensive coverage of
real-world multi-modal scenarios.

As shown in Figure 3, the collected data span 8
major categories and 22 subcategories, providing
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Model Configuration

Pairwise Accuracy (%)

Direct Accuracy

Original Shuffle Avg IBiasl Score (%) Rank Diff
Omni Model
Ola-7B 74.76 74.18 7447 0.78 75.78 +1
Video-Llama2 68.65 69.16 6891 0.74 62.83 +3
Vita-1.5 65.16 67.05 66.10 2.86 68.43 +5
Uio2-Large 42.03 4225 42.14 0.52 14.83 0
Qwen-Omni-7B 74.62 7345 7403 1.58 54.76 -3
Qwen-Omni-3B 69.31 72.14  70.72  4.00 42.47 -3
Baichuan-Omni 69.16 70.61  69.88 2.07 54.76 -1
MiniCPM-2.6-O 70.34 71.63 7098 1.82 61.53 -1
Gemini-2.5-Flash 86.18 81.45 83.81 5.64 71.92 -1

Table 1: Performance of omni-modal models.

a broad domain coverage across different types of
reasoning tasks. The categories encompass mul-
timodal understanding, content analysis, art and
culture, technology and science, among others.

Stage 2: Response Generation via Modality
Bridging For each question, we generate di-
verse responses using a carefully designed modal-
ity bridging approach as introduced in Section 1.
Given that only a limited number of current mod-
els support processing three modalities simultane-
ously, we leveraged powerful bi-modal models by
employing a modality bridging strategy, which con-
verts unsupported modalities into textual captions,
thereby effectively enabling tri-modal processing.
This approach allows us to utilize the strongest
available models for each modality combination,
thereby generating more diverse and higher-quality
responses than would be possible with limited tri-
modal systems alone.

Specifically, we employ text as a unified medium
to bridge modality gaps. For example, we convert
audio inputs to textual captions for vision-language
models and convert images/videos to descriptive
captions for audio-language models. This strategy
enable us to harness the capabilities of state-of-the-
art bi-modal models while maintaining the omni-
modal nature of our evaluation.

In this stage, we utilized the following eight
different models to generate candidate responses:
two Omni models (Qwen-Omni-3B, Qwen-Omni-
7B); two Audio Language models (Qwen2-Audio-
7B-Instruct, Qwen-Audio-Chat); and four Vision

Language models (Qwen2.5-VL-3B, Qwen2.5-VL-
72B, InternVL2.5-4B, InternVL2.5-78B).

Stage 3: Automated Preference Annotation
with Variance-Controlled Borda Count Ranking
Following response generation, we implement an
automated preference annotation system designed
to collect reliable preference scores. For each ques-
tion and its corresponding responses, we gener-
ate multiple preference annotations using the same
modality bridging methodology described above.

In this stage, we employed a different set of
eight distinct evaluators to mitigate model specific
biases. These include two Omni models (Qwen-
Omni-7B, MiniCPM-0-2.6); two Audio Language
models (Qwen2-Audio-7B-Instruct, Kimi-Audio-
7B); and four Vision Language models (InternVL3-
78B, Qwen2.5-72B, LLaVA-OneVision-Qwen2-
72B-0V, Gemma-3-27B)

Therefore, the above two stages resultin 8 * 8 =
64 total preference scores per response.

Recognizing that annotation variance is a key
indicator of reliability, we developed a variance-
controlled Borda count ranking algorithm. The
intuition behind this approach is that high variance
in annotations reflects disagreement among anno-
tators, signaling unreliable scoring. Additionally,
simple averaging of absolute scores may be inad-
equate due to differing scoring scales across mod-
els. To address this, we propose a score-insensitive
ranking aggregation method based on the Borda
count. The full process is detailed in Algorithm 1
and Figure 2.
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Model Configuration

Pairwise Accuracy (%)

Direct Accuracy

Policy Model Caption Model Original Shuffle Avg. IBiasl Score (%) Rank Diff
Modality Bridging (AL Caption for VL Model)
InternVL-3-2B Qwen2-Audio-Instruct ~ 42.32 4472 4352 551 66.76 +10
InternVL-3-8B Qwen2-Audio-Instruct 76.14 75.05 75,59 144 73.13 +7
InternVL-3-14B Qwen2-Audio-Instruct 77.45 7752 7748 0.09 68.87 +1
InternVL-3-38B Qwen2-Audio-Instruct ~ 78.90 77.53 7822 1.75 70.18 -1
InternVL-3-78B Qwen2-Audio-Instruct 79.12 78.54 78.83 0.74 75.93 +5
Qwen-2.5-VL-3B Qwen2-Audio-Instruct ~ 64.29 65.81 65.05 234 37.52 2
Qwen-2.5-VL-7B Qwen2-Audio-Instruct 66.61 68.14 67.38 227 61.09 +1
Qwen-2.5-VL-32B Qwen2-Audio-Instruct ~ 75.85 7520 75.53 0.86 63.34 -3
Qwen-2.5-VL-72B Qwen2-Audio-Instruct 76.54 75.56  76.05 1.29 67.27 -1
DeepSeek-VL2 Qwen2-Audio-Instruct 74.25 74.54 7440 0.39 62.18 -2
DeepSeek-VL2-Small Qwen2-Audio-Instruct ~ 69.74 70.54 70.14 1.14 54.98 -2
DeepSeek-VL2-Tiny  Qwen2-Audio-Instruct 39.85 40.07 3996 0.55 0.65 0
GPT-40 Qwen2-Audio-Instruct 82.54 81.16 81.85 1.69 75.34 0
Modality Bridging (VL Caption for AL Model)
Qwen2-Audio-7B QwenVL-2-2B 64.94 66.83 65.88 2.87 25.74 -1
Qwen-Audio-Chat QwenVL-2-2B 61.81 61.81 61.81 0.00 22.47 -3
Kimi-Audio QwenVL-2-2B 56.29 54.69 5549 2.88 70.83 +4

Table 2: Performance of bi-modal models utilizing modality-bridging method. We provide more results on using

different caption models in Appendix C.1.

Our approach aggregates preference annotations
while accounting for variance by filtering out
responses with variance exceeding a predefined
threshold. For each triplet, the highest-scoring re-
sponse is selected as the chosen response, and the
lowest-scoring response as the rejected response.

Stage 4: Quality Assurance with Human Verifi-
cation The next stage employs a rigorous human
verification process to ensure annotation quality
and to mitigate potential biases from automated
scoring, such as model self-preference or length
bias. During this stage, we recruit graduate re-
searchers specializing in Computer Science who
are highly proficient in the protocols of omni-modal
evaluation.

Expert annotators are required to independently
review each triplet and are instructed nof to assume
that the highest-scoring response is the “chosen”
one. They evaluate all responses and their prefer-
ence scores for correctness and reasoning quality,
revising or discarding any ranking that conflicts
with human judgment. Only samples that exhibit
clear human agreement on the rankings and contain
no obvious errors are retained. This verification
stage provides a critical safeguard against noisy
cases, ensuring that Omni-RewardBench remains a
reliable and robust benchmark.

4 Experiments

We conduct extensive experiments to evaluate the
performance of various models on the proposed
Omni-RewardBench. As is also mentioned in Sec-
tion 1, considering that only a limited number of
current models support processing three modali-
ties, our evaluation strategy encompasses not only
omni-modal models but also bi-modal models by
utilizing “modality bridging” method.

Since the LLM-as-a-judge paradigm may exhibit
position bias (Zheng et al., 2023), where the order-
ing of responses influences the model’s preference
decision, we evaluate each model under two dis-
tinct conditions: Original and Shuffled. Specifi-
cally, in the original condition, responses are pre-
sented in one order, whereas in the shuffled condi-
tion, the order is reversed. By measuring perfor-
mance under these two presentation orders, we aim
to gauge the robustness and consistency of ORM’s
judgments. To quantify the potential position bias,
we also calculate the bias magnitude as follows:

|Original — Shuffled|

Bias| =
1Bias| = riginal + Shuffied) /2

x 100.

4

Moreover, to provide a comprehensive assess-
ment beyond pairwise comparisons, we also per-
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Figure 4: Best-of-N experiments on two downstream tasks: OmniBench (IID) and DailyOmni (OOD).

form direct evaluations, where models explicitly
rate a single responses and we use this score to
determine which solution is chosen. Additionally,
within each evaluation group, we calculate the rank
difference (Rank Diff) which quantifies the dif-
ference in a model’s rank obtained from direct
evaluation compared to its rank from the pairwise
evaluation to measure how model rankings vary
under different evaluation conditions, offering fur-
ther insights into model stability across evaluation
metrics.

4.1 Performance of Omni-Modal Models

Table 1 summarizes the performance of omni-
modal models. Among these models, Gemini-2.5-
Flash achieved the highest average pairwise ac-
curacy (83.8%), substantially outperforming other
omni-modal systems. Open-source models, such as
Qwen-Omni-7B and MiniCPM-2.6-0, displayed
moderate performance with average accuracy of
around 74.0% and 71.0%, respectively, indicat-
ing room for improvement in current open-source
omni-modal reward modeling capabilities. Notably,
Gemini-2.5-Flash also exhibited a relatively higher
sensitivity to response ordering (bias magnitude of
5.64), suggesting potential instability in preference
prediction depending on the input sequence order.

4.2 Performance of Bi-Modal Models via
Modality Bridging

We further examine model performance using our
proposed modality bridging approach. Table 2
presents these results. Remarkably, GPT-40 com-
bined with Qwen2-Audio-Instruct as the captioning
model achieves superior performance, attaining an
average accuracy of 82.5%. Moreover, InternVL-3
models (particularly InternVL-3-78B) consistently
demonstrate strong results, achieving average accu-
racies around 79.1%. Smaller-sized VL models like
InternVL-3-2B and Qwen-2.5-VL-3B show com-
paratively lower performance, highlighting clear
scaling benefits of larger model sizes for robust
omni-modal reasoning.

In the modality-bridging configuration employ-
ing VL captioning for AL models, models show
moderate results, with Kimi-Audio achieving the
highest accuracy (around 56.3%) when combined
with QwenVL-2-2B captions, suggesting poten-
tial limitations or complexities in effectively dis-
tinguishing high-quality solutions using an audio-
language model.

Additionally, when pairing the same policy mod-
els with stronger captioning models, such as replac-
ing Qwen2-Audio-Instruct with the more powerful
Gemini-2.5-Pro (See Appendix C.1), we observe
consistent improvements in accuracy. This high-
lights the critical role of caption quality in the ef-
fectiveness of modality bridging.
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Figure 5: Correlation between leaderboard performance
and downstream task performance (Best-of-16). Dashed
lines represent linear regression fits.
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Figure 6: Correlation between leaderboard and down-
stream task performance (OmniBench) across different
scaling factors (Best-of-N). Left: Scatter plot with re-
gression line; color denotes scaling factor. Right: Pear-
son’s correlation () under different scaling factors.

4.3 Position Bias & Rank Diff Analysis

Beyond overall model accuracy, the stability and
robustness of model performance are also critical
considerations. We quantify this sensitivity through
the metric |Bias| and Rank Diff.

A smaller bias magnitude (|Bias|) indicates that
the model’s preference judgments are less influ-
enced by response ordering, demonstrating higher
decision consistency. For instance, among the
omni-modal models, Gemini-2.5-Flash, despite
achieving the highest overall performance (83.81%
average accuracy), exhibited the largest position
bias (5.64), indicating potential susceptibility to
response ordering. In contrast, Qwen-Omni-7B
maintained a relatively lower position bias (1.58),
highlighting a more stable decision-making behav-
ior across different input orders.

Furthermore, to comprehensively assess model
consistency beyond pairwise comparisons, we cal-

culate the Rank Difference (Rank Diff) between
rankings obtained through direct evaluation and
pairwise evaluation. Positive Rank Diff values in-
dicate that models perform relatively better under
direct evaluation, while negative values suggest the
opposite. For example, in modality bridging group,
InternVL-3-2B exhibited a notably large positive
Rank Diff (+10 with Qwen2-Audio-Instruct and
+12 with Gemini-2.5-Pro), demonstrating substan-
tially improved relative performance under direct
evaluation conditions. Conversely, larger vision-
language models, such as Qwen-2.5-VL-32B, dis-
plays negative rank differences (-3 and -8 for
Qwen2-Audio-Instruct and Gemini-2.5-Pro cap-
tioning, respectively), implying these models’ di-
rect evaluation accuracy are less competitive com-
pared to their performance on pairwise scenarios.
In general, this analysis of position bias and rank
differences provides critical insights into model
reliability, robustness, and evaluation consistency,
highlighting that achieving high overall accuracy
does not necessarily imply robustness to positional
effects or consistency across evaluation paradigms.

4.4 Scaling Performance with Best-of-N &
Correlation Analysis

To validate the practical utility of reward models be-
yond static evaluation, we investigate their integra-
tion into inference-time scaling via the Best-of-N
sampling paradigm. In this setting, a policy model
generates multiple candidate responses, and a re-
ward model selects the one with the highest score.
This framework directly assesses how reward mod-
els enhance downstream task performance. In our
experiments, we employ MiniCPM-2.6-O as the
policy model and representative reward models
from different Omni-RewardBench performance
tiers, evaluating scaling factors n € {2,4,8,16}.

We conduct experiments on two evaluation
sets: OmniBench (IID) and DailyOmni (OOD). As
shown in Figure 4, inference-time scaling consis-
tently improves performance across most reward
models, with gains increasing alongside larger scal-
ing factors. This indicates that sampling more can-
didates raises the likelihood of optimal generation,
and that effective reward models are crucial for
accurate selection.

To examine whether Omni-RewardBench leader-
board scores reliably predict downstream utility, we
compute the Pearson correlation between leader-
board performance and actual task outcomes (Fig-
ure 5). Strong correlations are observed for both
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Question: Which of these instruments illustrated in images matches audio [audio1] best?

Options: [imgi] [img2] [img3] [img4].

) 0:00/0:10
(4 short, repeating audio clip of a clean and energetic drum beat)

C:[img3]

Choice A:

[Skip...] Considering the description of the audio as a
continuous musical piece, the French horn (option A)
is the most likely choice because it is a brass
instrument capable of producing sustained notes and
melodies.\n\nAnswer: A

Choice B:
The audio is a drum beat, and the second image
shows a set of drums. Answer: B.

Question: Is the water making sound in the audio?

) 0:00/0:10

(The audi ds of it
throughout its duration)

Choice A

[Skip...] To analyze the video content:\n- The video
shows a woman standing on a rock in the water.
There are no visible water splashes or waves in the ...
Answer: No.

Choice B
The water is making sound in the audio. Answer:
Yes.

Question: Are the contexts of audio and visual content matching?

o)) 0:00/0:10
(The audio contains sounds of ocean waves, and awoman
speaking in English)

Choice A

[Skip...] The audio contains the sound of waves and a
woman's voice, while the video shows a man and a
puppy playing in the water at the beach. ... Answer: Yes.

Perception Failure

Reasoning from Qwen-Omni-7B:
Assistant As analysis is more detailed and considers the
characteristics of each instrument. Assistant B's response

Choice B

... Answer: No.

[Skip...] Since the audio does not relate to the video
and the video depicts a completely different scene.

is incorrect because it misinterprets the audio as a drum
beat and incorrectly identifies the second image as the
best match. ...Answer A is Better.

‘The ORM does not handle the audio modality correctly. ‘

Modality Dominance Failure
Reasoning from Qwen-Omni-7B:
. [Skip...] Answer B does not mention the visual content
of the video or the context of the scene, ... Answer A is
Better.
The ORM focuses solely on assessing the visual modality
and overlooks useful information from audio modality,
resulting in an incorrect final decision.
Cross-Modal Fusion Failure
Reasoning from Gemini-2.5-Flash:

[Skip...] The video contains ..., but the audio contains
the sound of a woman's voice. Thus the contexts are
not matching. Answer B is Better.

The ORM is correct for each modality, but it does not

take into account that the video is framed from a

] third-person perspective; therefore, it is reasonable.

Figure 7: Failure mode of ORMs on Omni-RewardBench.

IID (r = 0.94) and OOD (r = 0.72) settings,
confirming the benchmark’s predictive reliability.
Furthermore, Figure 6 shows that higher-scoring
reward models exhibit superior discriminative capa-
bility and that this correlation remains stable across
scaling factors. Overall, these findings validate
the robustness, generalization, and practical util-
ity of Omni-RewardBench as a reliable guide for
inference-time scaling.

5 Case Study on Failure Mode of ORMs

To provide a more granular understanding of model
weaknesses, we conducted a qualitative analysis
of common failure modes that ORMs adjudicate.
This investigation reveals several recurring error
archetypes, as illustrated in Figure 7. Specifically,
Perception Failure highlight fundamental failures
in correctly interpreting sensory input, such as
when a model mischaracterizes a continuous musi-
cal piece from a brass instrument as a "drum beat,"
leading to an incorrect preference judgment based
on flawed perceptual grounding. A second cate-
gory, Modality Dominance Failure, arises when
a model assigns undue weight to information from
one modality while neglecting salient, contradic-
tory evidence from another, such as relying on a
textual audio caption that asserts the absence of wa-
ter sounds despite clear visual evidence of splash-

ing. Finally, a more subtle but critical issue is
Cross-Modal Fusion Failure, where the model
may accurately perceive and describe the content
of individual modalities but subsequently fails to
logically synthesize this information, resulting in
a final judgment that contradicts its own step-by-
step analysis. By identifying and categorizing these
distinct failure modes, our work provides crucial
insights to the community and advocates for future
optimization efforts to target these specific chal-
lenges in integrated perception and reasoning.

6 Conclusion

This work presents Omni-RewardBench, the first
comprehensive benchmark for evaluating reward
models across omni-modal contexts that integrate
text, audio, and visual inputs. Experiments on over
20 state-of-the-art models highlight persistent lim-
itations in omni-modal reasoning, while demon-
strating the modality-bridging strategy as a practi-
cal interim solution. Strong correlations between
Omni-RewardBench scores and downstream per-
formance confirm its reliability as a predictor of
real-world capability and a valuable foundation for
advancing future omni-modality reward modeling
research.
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7 Ethical considerations

This study involved human annotators for the ver-
ification of automatically generated annotations.
Annotators were recruited from a pool of qualified
experts with backgrounds in multimodal reason-
ing and were compensated at fair rates consistent
with academic research standards. The full an-
notation workflow, including detailed instructions
and quality-control procedures, is described in Sec-
tion 3.2. All annotators provided informed consent
after being briefed on the task objectives, expected
workload, and data usage policies. The dataset con-
struction relied exclusively on publicly available
or appropriately licensed resources, ensuring full
compliance with licensing requirements. The data
collection and human verification protocol were
reviewed and approved by the institutional Ethics
Review Board (ERB). No personally identifiable
or sensitive data were collected during the study.

8 Limitations

Although Omni-RewardBench provides the first
large-scale benchmark for evaluating omni-
modality reward models (ORMs), it still faces sev-
eral limitations.

First, the current benchmark scale, while diverse
across eight categories and twenty-two subcate-
gories, remains relatively small compared with ex-
isting unimodal or bimodal benchmarks. Expand-
ing both the dataset size and coverage of real-world
omni-modal interactions will further enhance sta-
tistical robustness and generalization.

Second, while this work introduces a comprehen-
sive evaluation framework and detailed case studies
that identify representative ORM failure patterns, it
does not propose a training or optimization method
to mitigate these issues. This choice is primarily
due to the current lack of large-scale, high-quality
omni-modal preference data required for effective
reward model training, and because such algorith-
mic design lies beyond the intended scope of this
benchmark-oriented study.

Finally, the annotator pool involved in the hu-
man verification stage is relatively narrow in terms
of demographics. Our verification team primar-
ily consisted of graduate researchers specializing
in Computer Science who are highly proficient in
omni-modal evaluation protocols. While this ex-
pertise ensures high technical rigor in assessing
complex reasoning traces, it may inadvertently in-
troduce a demographic or professional bias into

the preference judgments. Consequently, expand-
ing the annotator pool to include a more diverse,
cross-disciplinary, and globally representative de-
mographic remains an important direction for fu-
ture work.
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A Models Evaluated in
Omni-RewardBench

To provide a comprehensive evaluation of various
models on Omni-RewardBench, we select a diverse
set of models. As mentioned in Section 1, due to
the lack of omni-models that natively support full
multimodal processing, we also introduce modality
bridging to evaluate bi-modal models.

Specifically, for omni-models, we evaluate both
proprietary and open-source models, including Ola-
7B (Liu et al., 2025), Video-LlamA?2 (Cheng et al.,
2024), Vita-1.5 (Fu et al., 2025), Uio2-Large (Lu
et al., 2024), Gemini-2.5 Flash (Comanici et al.,
2025), Qwen-Omni (Xu et al., 2025a), Baichuan-
Omni (Li et al., 2025b), and MiniCPM-2.6-O (Yao
et al., 2024). For modality-bridging evaluation,
we assess vision-language models such as In-
ternVL (Chen et al., 2024b), Qwen-2.5-VL (Bai
et al., 2025), DeepSeek-VL (Wu et al., 2024), and
GPT-40 (Hurst et al., 2024), while using Qwen2-
Audio-Instruct (Chu et al., 2024) and Gemini-1.5
Pro (Team et al., 2023) as audio caption mod-
els. For audio-language models, we evaluate
Qwen2-Audio-7B (Chu et al., 2024), Qwen-Audio-
Chat (Chu et al., 2023), and Kimi-Audio (Ding
et al., 2025a), similarly employing Qwen-VL-2-
2B (Wang et al., 2024c) and GPT-40 (Hurst et al.,
2024) as visual caption models. By default, we use
temperature = 0.0 during evaluation. All experi-
ments are run on a NVIDIA H800 cluster.

What's happening?
A. Pulling the door. e
B. Blowing out the fire e
C. Pulling the window. Sound of sliding ra

Rejected
‘The audio is of a door sliding open and then closing.
‘Therefore, the answer is A. Pulling the door.

Rejected

‘The video does not provide information about what happens after
the the correct answer cannot be

deter

Figure 8: Two examples in Omni-RewardBench.

B Details of Curating Omni-RewardBench

B.1 Description of Source Dataset

Our benchmark primarily sources the dataset from
the following benchmark. We introduce the details
of each dataset as follows.

OmniBench (Li et al., 2024c) is a benchmark de-
signed to evaluate OLMs capable of reasoning and
solving across visual, audio, and textual inputs si-
multaneously. It addresses a critical gap in existing
benchmarks by requiring integrated understanding
of all three modalities through 1,142 rigorously an-
notated question-answer pairs. These samples span
diverse task types, from low-level perception (e.g.,
object identification) to high-level reasoning (e.g.,
plot inference), and include three audio categories:
speech, sound events, and music.

AV-Odyssey (Gong et al., 2024) is a compre-
hensive dataset of 4,555 carefully curated multi-
modal questions (combining text, images/videos,
and audio) spanning 26 tasks across diverse do-
mains (e.g., music, daily life). The benchmark
employs a multiple-choice format to ensure objec-
tive evaluation, eliminating reliance on human or
LLM-assisted scoring. Key findings reveal that
even state-of-the-art models perform near-random
accuracy in integrating audio-visual cues, with er-
rors rooted in flawed audio perception rather than
reasoning complexity.

AVHBench (Sung-Bin et al., 2024) is a com-
prehensive benchmark designed to evaluate cross-
modal hallucinations in audio-visual LLMs, ad-
dressing a critical gap in multimodal Al research.
It introduces 5,816 question-answer pairs and 1,238
audio-visual captions across four tasks (Audio-
driven Video Hallucination, Video-driven Au-
dio Hallucination, Audio-visual Matching, and
Audio-visual Captioning) to systematically as-
sess models’ ability to integrate and reason about
combined audio-visual inputs without fabricating
non-existent sensory information (e.g., “hearing”
sounds in silent videos).

WorldSense (Hong et al., 2025) features 1,662
synchronized audio-visual videos spanning 8 do-
mains (e.g., driving, music) and 3,172 high-quality
multiple-choice QA pairs requiring synergistic per-
ception of all modalities for correct answers. The
benchmark emphasizes omni-modality collabora-
tion, where models must jointly analyze audio-
visual-textual cues to solve tasks ranging from ba-
sic recognition to complex reasoning (e.g., infer-
ring causal relationships).

B.2 Full Taxonomy

Table 4 presents the detailed data composition of
Omni-RewardBench, which comprises 1,395 sam-
ples across five major categories. The dataset is
dominated by multimodal understanding tasks (603
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Model Model Size Vision Encoder Audio Encoder Base LLM
GPT-40 - i _ _
Gemini-2.5-flash - - - -
Qwen-0Omni-3B 3B ViT Whisper-large-v3 Qwen2.5 LLM
Qwen-0Omni-7B 7B ViT Whisper-large-v3 Qwen2.5 LLM
Baichuan-Omni 7B NaViT Whisper-Large Qwen2.5 LLM
MiniCPM-2.6-0 7B SigLip-400M Whisper-medium-300M Qwen2.5 LLM
O0la-7B 7B OryxViT Whisper-large-v3 Qwen2.5 LLM
Video-Llama2 7B ViT-L/14 BEATSs Qwen2 LLM
Vita-1.5 7B InternViT-300M-448px Transformer-based Encoder Qwen2 LLM
Uio2-Large 1.1B ViT AST BPE
Qwen2.5-VL-3B-Instruct 3B ViT-bigG - Qwen2.5 LLM
Qwen2.5-VL-7B-Instruct 7B ViT-bigG - Qwen2.5 LLM
Qwen2.5-VL-32B-Instruct 32B ViT-H/14 - Qwen2.5 LLM
Qwen2.5-VL-72B-Instruct 72B ViT-H/14 - Qwen2.5 LLM
DeepSeek-VL2 27B SigLIP-SO400M - DeepSeekMOE LLM
DeepSeek-VL2-Small 7B SigLIP-SO400M - DeepSeekMOE LLM
DeepSeek-VL2-Tiny 3B SigLIP-SO400M - DeepSeekMOE LLM
InternVL3-2B 2B InternViT-300M-448px-V2_5 - Qwen2.5-1.5B
InternVL3-8B 8B InternViT-300M-448px-V2_5 - Qwen2.5-7B
InternVL3-14B 14B InternViT-300M-448px-V2_5 - Qwen2.5-14B
InternVL3-38B 38B InternViT-6B-448px-V2_5 - Qwen2.5-32B
InternVL3-78B 78B InternViT-6B-448px-V2_5 - Qwen2.5-72B
Qwen2-Audio-7B 7B - Whisper-large-v3 Qwen2 LLM
Qwen-Audio-Chat 8B - Whisper-large-v2 Qwen LLM
Kimi-Audio 7B - Whisper Transformer Decoder

Table 3: Evaluated models in Omni-RewardBench.

samples, 43.2%), with Cross-Modal Hallucination
being the largest sub-category at 350 samples, fol-
lowed by Audio-Visual Correspondence with 209
samples. Content Analysis represents the second
largest category with 326 samples (23.4%), en-
compassing diverse analytical tasks ranging from
narrative analysis to spatial analysis. The Arts &
Culture category contributes 349 samples (25.0%),
with Audio Arts being particularly prominent at
321 samples. Entertainment & Media and Others
categories provide smaller but important contri-
butions, ensuring comprehensive coverage across
different domains. Figure 9 illustrates the distri-
bution of samples across source datasets, showing
that AVHBench contributes the largest portion at
557 samples (40.51%), followed by AV-Odyssey
with 417 samples (30.33%) and OmniBench with
281 samples (20.43%). WorldSense provides the

AV-Odyssey
417 (30.33%)

WorldSense
120 (8.73%)

AVHBench
557 (40.51%)

OmniBench
281(20.43%)

Figure 9: Distribution of samples across source datasets.

remaining 120 samples (8.73%), demonstrating a
well-balanced integration from multiple established
benchmarks to create a comprehensive evaluation
framework.

B.3 Statistics of Omni-RewardBench

This figure 10 presents three key statistical analyses
of Omni-RewardBench that validate the dataset’s
quality and balance. The Distribution of Question
Lengths (left panel) demonstrates the diversity of
questions in the benchmark, with lengths ranging
from short queries around 10 tokens to more com-
plex questions extending beyond 80 tokens, ensur-
ing comprehensive evaluation across various ques-
tion complexities. The Distribution of Response
Lengths (middle panel) reveals that chosen and
rejected responses exhibit similar length distribu-
tions, with both categories spanning from concise
answers around 25 tokens to detailed responses ex-
ceeding 300 tokens. Importantly, the overlapping
distributions with nearly identical kernel density
estimation (KDE) curves indicate that response se-
lection is not biased toward length, ensuring that
quality judgments are based on content rather than
verbosity. The Distribution of Scores (right panel)
provides compelling evidence of the dataset’s dis-
criminative power, showing a clear separation be-
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Category Sub-Category Number
Cross-Modal Hallucination 350
Multimodal Understanding  Audio-Visual Correspondence 209
Multimodal Description 14
Complexity Analysis 30
Spatial Analysis 5
Temporal Analysis 45
Action R iti 1
Content Analysis ctlon' ecognltlfxn 7
Narrative Analysis 114
Object Recognition 52
Scene Understanding 32
Text Recognition 3
Quantitative Analysis 4
Performance Arts 13
Arts & Culture Audio Arts 321
Visual Arts 15
Entertainment & Media N,IUSIC 15
Film & TV 12
Sports 14
Gaming 10
Others Home & Living 24
Biology & Medicine 17
Human Interaction 5
Total 1,395

Table 4: Data Statistics of Omni-RewardBench

tween chosen and rejected responses. Chosen re-
sponses cluster around higher scores (4-5 range)
with a sharp, concentrated distribution, while re-
jected responses predominantly fall in the lower
score range (1-2), with minimal overlap between
the two distributions. This distinct pattern confirms
that the chosen responses are genuinely of higher
quality than their rejected counterparts, validating
the effectiveness of the annotation process and the
benchmark’s ability to distinguish between differ-
ent response qualities.

B.4 Existing Assets Licenses

Omni-RewardBench is released under the CC BY-
NC 4.0 License.

The incorporated benchmarks operate under
different licensing terms: OmniBench (Li et al.,
2024c) is distributed under the CC BY-NC 4.0 Li-
cense. AV-Odyssey (Gong et al., 2024) uses a pro-
prietary license and requires contacting the authors
for usage permissions. WorldSense (Hong et al.,
2025) is available under the CC BY 4.0 License.
AVHBench (Sung-Bin et al., 2024) does not spec-
ify explicit licensing terms. Users should ensure
compliance with the applicable license terms for
their intended use case.

C More Experimental Results

C.1 Ablation on Using Different Caption
Model

To further examine the impact of caption quality
on the modality-bridging framework, we conduct
an ablation study by replacing the original cap-
tion model (Qwen2-Audio-Instruct) with a stronger
model (Gemini-2.5-Pro). As shown in Table 9, this
substitution leads to consistent improvements in
both pairwise and direct accuracy across VL and
AL models. These results underscore the critical
role of caption quality in bridging heterogeneous
modalities effectively. High-quality captions pro-
vide more faithful and semantically rich intermedi-
ate representations, allowing the policy model to
better align multimodal information and mitigate
information loss during modality transfer.

C.2 Modality Absence Ablation Study

To validate the necessity of omni-modal capabili-
ties in our benchmark, we conduct an ablation study
by systematically removing individual modalities
from the models and evaluating their performance
on vision-only and audio-only tasks, as shown in
Table 10.

Vision-Only Performance Degradation: When
models are restricted to visual inputs only (au-
dio modality disabled), we observe significant per-
formance drops across all model categories. For
instance, Qwen-Omni-7B experiences a decrease
from 70.72% to 69.42% in pairwise accuracy, while
Gemini-2.5-Flash shows a more substantial drop
from 83.18% to 80.69%.

Audio-Only Performance Analysis: The audio-
only evaluation reveals even more pronounced
limitations. Omni models, which are designed
to handle multiple modalities, show substantial
performance drops when restricted to audio in-
puts alone. Qwen-Omni-3B’s pairwise accuracy
falls from 70.72% to 60.13%, and Qwen-Omni-7B
drops from 74.03% to 66.33%. Notably, vision-
language models cannot process audio-only inputs,
just as audio-language models are incompatible
with vision-only scenarios, so the corresponding
results are not shown in the table.

Counterintuitive Bias Reduction Under
Modal Constraints: Interestingly, we observe that
position bias often decreases when modalities are
removed. For example, Qwen-Omni-3B shows re-
duced bias in vision-only mode (2.84% vs. 4.00%
in the full omni-modal setting), and Gemini-2.5-
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Figure 10: Statistics of Omni-RewardBench.

Question:{question}
Options:{options}

from the given choices.

Please answer the following question based on the provided

Please provide your step-by-step reasoning and answer with the option's letter

image and audio.

Table 5: Prompt for response generation.

Flash exhibits dramatically lower bias (1.08% vs.
5.64%). This counterintuitive pattern suggests that
while multimodal information enhances overall per-
formance, it may also introduce complexities in the
evaluation process that can manifest as increased
positional sensitivity.

This bias pattern reveals a fascinating paradox:
models become more positionally sensitive when
provided with richer multimodal information, yet
their overall performance improves substantially.
This suggests that multimodal processing intro-
duces sophisticated reasoning processes that, while
beneficial for task performance, create more nu-
anced dependencies on presentation order and con-
text. The reduced bias under modal constraints
may reflect simpler, more deterministic decision-
making processes when information is limited.

Direct Evaluation Consistency Patterns: The
direct evaluation scores show varied patterns under
modal constraints, with some models maintaining
consistency while others show degradation. This
heterogeneous response indicates that different ar-
chitectures handle modal information integration
differently, with some being more robust to infor-
mation loss than others.

Multimodal Necessity Validation: These re-
sults provide compelling evidence for the impor-

tance of our omni-modal benchmark design. The
consistent performance degradation when any sin-
gle modality is removed demonstrates that optimal
performance requires the integration of both tex-
tual, audio and visual information.

To sum up, the ablation study conclusively
shows that no single modality is sufficient for
achieving peak performance, thereby justifying the
omni-modal nature of our benchmark and high-
lighting the critical importance of developing truly
omni-modal Al systems.
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Please act as an impartial judge and evaluate the quality of the responses
provided by two AI assistants to the user question displayed below. You
should choose the assistant that follows the user's instructions and
answers the user's question better. Begin your evaluation by comparing the

two responses and provide a short explanation. Avoid any position biases
and ensure that the order in which the responses were presented does not
influence your decision. Do not allow the length of the responses to
influence your evaluation. Do not favor certain names of the assistants.
Be as objective as possible. Please first analysis both of the answer step
by step, directly point out the position of error and output why it is an
error in detail when finding error in analysis. If the question is open-
ended, directly point out why the rejected answer is worse than the chosen
one. After providing your explanation, output your final verdict by
strictly following this format: '[[A]]' if assistant A is better, '[[B]]'
if assistant B is better.

[User Questionl]

{question}

Here is the audio content: {caption} / Here is the visual content: {caption}{
{options_text}

{{The Start of Assistant A's Answer}}

{first_answer}

{{The End of Assistant A's Answer}}

{{The Start of Assistant B's Answer}}

{second_answer?}

{{The End of Assistant B's Answer}}

Table 6: Prompt for pair-wise evaluation.
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r

Please evaluate the following answer to the question based on the provided omni
information and ground truth answer.

Question: {question}

Here is the audio content: {audio content} / Here is the visual content: {visual
content}

Ground Truth Answer: {ground_truth}
Answer: {answer}

Evaluation Process:

1. First, compare the answer with the ground truth answer. Identify:
- Key similarities and alignments
- Important differences or omissions
- Any incorrect information in the answer

2. Then evaluate the answer on the following criteria (score each on a scale of
1-5):

Integration: Effectiveness in combining information from all input modalities
- 1: Ignores multiple modal inputs
2: Acknowledges but poorly integrates different modalities
3: Adequately combines information across modalities
- 4: Effectively synthesizes information from all modalities
5: Masterfully weaves together all modal information with perfect balance

Relevance: Directness in addressing the question

- 1: Significantly deviates from the question

Tangentially related to the question

Addresses the question but includes irrelevant content
Directly addresses the question with minimal deviation
Precisely focused on all aspects of the question

|
g~ wN

Completeness: Coverage of all question aspects considering multimodal inputs
- 1: Misses most critical elements

Covers only basic elements while missing important details

Addresses main points with some gaps

Covers most aspects thoroughly

Comprehensively addresses all aspects of the question

I
g w N

Clarity: Structure and understandability of the answer
- 1: Difficult to follow or understand

2: Somewhat unclear with confusing elements

3: Generally clear but could be better organized
- 4: Well-structured and easy to understand

5: Exceptionally clear, concise, and well-organized

Consistency: Logical coherence and absence of contradictions
- 1: Contains multiple contradictions

Has noticeable inconsistencies

Generally consistent with minor issues

Maintains consistency throughout with rare exceptions
Perfectly consistent across all points

|
g w N

3. Provide an overall score (1-5) that considers:
- How well the answer matches the ground truth
- Performance across all five evaluation criteria
- Overall quality and usefulness of the response

Please format your response as follows:
Integration: [scorel

Relevance: [score]

Completeness: [scorel]

Clarity: [scorel

Consistency: [scorel]

Overall Score: [scorel

Table 7: Prompt folr%%gi]erence annotation.
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Please evaluate the following answer to the question based on the provided

multimodal information.

Question: {question}

Here is the audio content: {audio content} / Here is the visual content: {visual

content}

Answer: {answer}

Evaluation Process:

1.

First, analyze the answer in relation to the question. Consider:
- Accuracy and correctness of the information provided

- Completeness of the response

- Relevance to the specific question asked

Then evaluate the answer on the following criteria (score each on a scale of

1-5):

Integration: Effectiveness in combining information from all input modalities

- 1: Ignores multiple modal inputs

Acknowledges but poorly integrates different modalities
Adequately combines information across modalities
Effectively synthesizes information from all modalities

1
g w N

Relevance: Directness in addressing the question

- 1: Significantly deviates from the question

Tangentially related to the question

Addresses the question but includes irrelevant content
Directly addresses the question with minimal deviation
Precisely focused on all aspects of the question

|
g~ w N

Completeness: Coverage of all question aspects considering multimodal inputs

- 1: Misses most critical elements

Covers only basic elements while missing important details
Addresses main points with some gaps

Covers most aspects thoroughly

Comprehensively addresses all aspects of the question

|
g w N

Clarity: Structure and understandability of the answer
- 1: Difficult to follow or understand

2: Somewhat unclear with confusing elements

3: Generally clear but could be better organized
- 4: Well-structured and easy to understand

5: Exceptionally clear, concise, and well-organized

Consistency: Logical coherence and absence of contradictions
- 1: Contains multiple contradictions

Has noticeable inconsistencies

Generally consistent with minor issues

Maintains consistency throughout with rare exceptions
Perfectly consistent across all points

|
g w N

Provide an overall score (1-5) that considers:

- Performance across all five evaluation criteria
- Overall quality and usefulness of the response
- How well the answer addresses the question

Please must format your response as follows:
Integration: [scorel

Relevance: [score]

Completeness: [scorel]

Clarity: [scorel

Consistency: [score]

Overall Score: [scorel

Please must give your overall score in the end.

Table 8: Promptlﬁ)?%%rect evaluation.

Masterfully weaves together all modal information with perfect balance




Model Configuration Pairwise Accuracy (%) Direct Accuracy

Policy Model Caption Model Original Shuffle Avg. IBiasl Score (%) Rank Diff
Modality Bridging (AL Caption for VL Model)
InternVL-3-2B Gemini-2.5-Pro 45.23 48.58 4691 17.14 68.65 +12
InternVL-3-8B Gemini-2.5-Pro 77.38 7847 77.92 1.40 74.03 +5
InternVL-3-14B Gemini-2.5-Pro 77.38 77.60 7749 0.28 65.38 -6
InternVL-3-38B Gemini-2.5-Pro 78.11 78.83 7847 092 71.05 -1
InternVL-3-78B Gemini-2.5-Pro 80.44 79.71  80.07 0.91 73.96 -2
Qwen-2.5-VL-3B Gemini-2.5-Pro 64.00 63.71 63.86 045 35.27 2
Qwen-2.5-VL-7B Gemini-2.5-Pro 70.47 72.87 71.67 3.35 66.40 +3
Qwen-2.5-VL-32B Gemini-2.5-Pro 79.27 7898  79.12  0.37 68.51 -8
Qwen-2.5-VL-72B Gemini-2.5-Pro 80.15 77.52 78.84 3.34 71.56 -2
DeepSeek-VL2 Gemini-2.5-Pro 74.47 76.51 7549 2.0 60.07 -5
DeepSeek-VL2-Small Gemini-2.5-Pro 72.72 7330 73.01 0.79 50.91 -5
DeepSeek-VL2-Tiny  Gemini-2.5-Pro 38.03 40.15 39.09 5.42 0.65 0
GPT-40 Gemini-2.5-Pro 83.13 83.05 83.09 0.10 75.34 2
Modality Bridging (VL Caption for AL Model)
Qwen2-Audio-7B GPT-40 66.11 68.00 67.06 2.82 25.24 -3
Qwen-Audio-Chat GPT-40 62.25 60.22 6123 3.32 25.09 -1
Kimi-Audio GPT-40 57.09 56.65 56.87 0.77 73.74 +4

Table 9: Ablation results of using different caption model on the performance of bi-modal models.
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Vision-Only Performance Audio-Only Performance

Model Pairwise Accuracy (%) IBiasl Direct Pairwise Accuracy (%) IBiasl Direct
Original Shuffled Avg. (%) (%) Original Shuffled Avg. (%) (%)
Omni Models (Both Video and Audio Capabilities)
Qwen-Omni-3B 68.43 7040 6942 2.84 4282 60.87 60.13 60.50 1.22 41.71
Qwen-Omni-7B 71.70 71.41 71.56 041 50.39 65.23 6742 6633 330 50.83
Baichuan-Omni 66.90 67.63 67.27 1.09 5131 67.63 65.89 66.76  2.61 50.79
MiniCPM-2.6-O 70.03 69.74 69.88 041 59.36 65.16 69.16 67.16 596 56.72
Gemini-2.5-Flash 81.13 80.26 80.69 1.08 70.12 78.75 78.44 7859 039 69.41
Vision-Language Models
InternVL-3-2B 56.80 51.12 5396 10.53 65.09 - - - - -
InternVL-3-8B 65.38 60.43 6291 7.87 73.81 - - - - -
InternVL-3-14B 73.23 74.61 73.92 1.87 70.24 - - - - -
InternVL-3-38B 73.14 75.16  74.15 272 70.58 - - - - -
InternVL-3-78B 74.45 78.25 76.35 498 7322 - - - - -
Qwen-2.5-VL-3B 55.37 5489 55.13 087 32.36 - - - - -
Qwen-2.5-VL-7B 57.81 60.21 59.01 4.07 46.18 - - - - -
Qwen-2.5-VL-32B 66.03 69.16 6759 463 61.74 - - - - -
Qwen-2.5-VL-72B 74.32 74.33 7432 0.01 67.85 - - - - -
DeepSeek-VL2 68.23 6589 67.06 349 63.56 - - - - -

DeepSeek-VL2-Small ~ 67.78 65.05 6641 4.11 57.60 - - - - -
DeepSeek-VL2-Tiny 39.01 41.52 40.27 6.23 0.13 - - - - -
GPT-40 79.16 7949 7932 042 7233 - - - - -

Audio-Language Models

Qwen2-Audio-7B - - - - - 54.61 5425 5443 0.66 2494
Qwen-Audio-Chat - - - - - 61.04 61.09 61.06 0.08 20.17
Kimi-Audio - - - - - 50.34 4923 4978 223 57.18

Table 10: Ablation Study; Vision-Only: The model receives only visual inputs (audio modality is disabled).Audio-
Only: The model processes solely audio inputs (visual modality is disabled).
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