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Abstract

Recently, Omni-modal large language models (OLLMs) have
sparked a new wave of research, achieving impressive re-
sults in tasks such as audio-video understanding and real-
time environment perception. However, hallucination issues
still persist. Similar to the bimodal setting, the priors from
the text modality tend to dominate, leading OLLMs to rely
more heavily on textual cues while neglecting visual and
audio information. In addition, fully multimodal scenarios
introduce new challenges. Most existing models align vi-
sual or auditory modalities with text independently during
training, while ignoring the intrinsic correlations between
video and its corresponding audio. This oversight results in
hallucinations when reasoning requires interpreting hidden
audio cues embedded in video content. To address these
challenges, we propose OMNIDPO, a preference-alignment
framework designed to mitigate hallucinations in OLLMs.
Specifically, OMNIDPO incorporates two strategies: (1) con-
structing text-preference sample pairs to enhance the model’s
understanding of audio-video interactions; and (2) construct-
ing multimodal-preference sample pairs to strengthen the
model’s attention to visual and auditory information. By
tackling both challenges, OMNIDPO effectively improves
multimodal grounding and reduces hallucination. Experi-
ments conducted on two OLLMs demonstrate that OmniDPO
not only effectively mitigates multimodal hallucinations but
also significantly enhances the models’ reasoning capabilities
across modalities.

Introduction

Omni-modal large language models (OLLMs) have rapidly
advanced in their ability to understand and generate content
from combined inputs such as images, audio, and text. By
leveraging information from multiple modalities, these mod-
els can perform complex tasks ranging from video question
answering to audio-visual scene description. However, de-
spite these advancements, hallucination remains a critical is-
sue: models often produce outputs that do not accurately re-
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flect the given visual or auditory input (Nishimura, Nakada,
and Kondo 2024; Sahoo et al. 2024). This phenomenon of
generating inconsistent or fabricated omni-modal content is
broadly referred to as omni-modal hallucination. It poses
serious risks in high-stakes applications (e.g. autonomous
driving (Wang 2024)), where factual precision is paramount.

Previous studies in the bimodal (text-image) setting have
shown that the significantly stronger capability of the text
model compared to the visual model results in dominant
textual priors (Bai et al. 2025b; Huang et al. 2024b). Con-
sequently, models tend to rely heavily on input text while
overlooking visual information—a primary cause of multi-
modal hallucinations (Favero et al. 2024). Similarly, OLLMs
exhibit comparable issues: they are inclined to depend on
textual inputs while neglecting other modalities (Gao et al.
2025). Furthermore, omni-modal scenarios introduce new
challenges. Existing OLLMs typically align vision or audio
with text separately during training, while failing to account
for the intrinsic interactions between video and its associ-
ated audio (Guo et al. 2025). This limitation leads to hallu-
cinations, especially in tasks that require reasoning based on
subtle audio cues embedded within video content. While the
issue of dominant textual priors has been extensively stud-
ied in bimodal settings, its manifestation in omni-modal sce-
narios remains under-explored. To bridge this gap, we con-
duct a targeted analysis using Qwen2.5-Omni-7B on exam-
ples involving both audio and video cues (see Figure 1).
Our case study reveals that even in omni-modal contexts,
the model frequently ignores audio signals—such as human
voices or environmental sounds—when generating answers,
instead relying on hallucinated textual priors. This suggests
that the problem of textual dominance persists beyond the
bimodal setting and must be explicitly addressed in omni-
modal learning frameworks.

Research on mitigating multimodal hallucinations gen-
erally falls into two categories. 1) Training-free methods,
which do not modify the model’s parameters. Representative
examples include contrastive decoding (e.g., VCD (Leng
et al. 2024b)), which mitigates hallucinations by introduc-
ing blurred or ambiguous images during decoding to ex-



Audio: Bus' engine making sound and there's also sound of a car horn.

‘ User: Are the people making

Qwen-2.5-Omni: Well, there are
sounds in the audio?

people talking in the video.

Figure 1: An example where Qwen2.5-Omni-7B halluci-
nates human speech from visual cues despite audio contain-
ing only mechanical noise.

pose and counteract biased language priors; and inference-
time intervention (e.g., ICT (Chen et al. 2024b)), which
enhances model reliability by injecting intervention vec-
tors into activation layers during the forward pass. How-
ever, these methods may inadvertently eliminate all lan-
guage priors, including those beneficial for reasoning, which
can negatively affect performance on reasoning-intensive
tasks. Moreover, decoding-based approaches typically re-
quire multiple passes during inference, often resulting in sig-
nificantly increased latency. 2) Training Approaches, which
fine-tune models using either synthetic or manually anno-
tated high-quality data to guide the model toward paying
more attention to visual information and thus reducing hallu-
cinations. However, manually annotating such data is often
prohibitively expensive, while existing synthetic datasets ei-
ther focus solely on the text modality or fail to capture the
intricate relationships between video and its associated au-
dio in omni-modal scenarios.

To address the challenges of overly dominant textual pri-
ors and insufficient audio—visual alignment in omni-modal
scenarios, we propose OMNIDPO, a preference-based align-
ment framework that extends DPO to mitigate hallucina-
tions across video, audio, and text modalities. We construct a
new omni-modal preference dataset, OMNIDPO-10k, where
each sample contains a question with paired textual and au-
dio/video modality preferences (Figure 2). Based on MSR-
VTT (Xu et al. 2016) for positive textual preferences, we
first use Qwen2-Audio-7B (Chu et al. 2024) to extract au-
dio descriptions, which are then combined with video in-
puts and fed into Qwen2.5-VL-7B (Bai et al. 2025a) to gen-
erate audio-aware answers. Negative samples are produced
by inputting the same videos without audio into Qwen2.5-
VL-7B, resulting in answers that ignore audio cues. These
textual preference pairs explicitly target audio—visual mis-
alignment. To further reduce reliance on textual priors, we
introduce noisy video and audio inputs to form modality
preference pairs, encouraging attention to visual and audi-
tory signals. Built on OMNIDPO-10k, OMNIDPO extends
DPO to omni-modal settings via conditional modality-wise
preference learning and incorporates modality-aware losses
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to explicitly promote grounding in visual and auditory evi-
dence.

Our experimental results demonstrate that applying OM-
NIDPO to both Qwen2.5-Omni-7B (Xu et al. 2025) and
MiniCPM-0-2.6 (Yao et al. 2024) leads to an average per-
formance improvement of 3.48% on the CMM benchmark
(Leng et al. 2024a) and 4.23% on AVHBench (Sung-Bin
et al. 2025). Notably, beyond effectively reducing omni-
modal hallucinations, OMNIDPO also enhances the model’s
reasoning and QA capabilities in single-modality scenarios.
Our contributions can be summarized as:

* We propose OMNIDPO, a direct preference optimiza-
tion framework tailored for video-audio-text alignment,
which addresses the challenge of hallucinations in omni-
modal settings by introducing modality-specific conditional
preference learning.

* We construct a 10k-sample omni-modal preference
dataset OMNIDPO-10k covering diverse real-world scenar-
ios, designed to expose and counteract modality-specific and
cross-modal hallucinations. To our best knowledge, OM-
NIDPO and OMNIDPO-10k are the first hallucination mit-
igation method and corresponding preference optimization
dataset specifically designed for omni-modal scenarios.

e Extensive experiments on Qwen2.5-Omni-7B and
MiniCPM-0-2.6 demonstrate that OMNIDPO significantly
mitigates hallucinations in omni-modal settings while also
enhancing the models’ unimodal reasoning capabilities.

Related Work
Omni-Modal Large Language Models

Studies on OLLMs aim to provide comprehensive sensory
capabilities to large language models(LLMs). These models
are designed to process a variety of inputs, such as text, im-
ages, videos, and audio, while producing outputs in text or
possibly audio formats as well (Yao et al. 2024; Xu et al.
2025; Zhong et al. 2024). OLLMs usually utilize LLMs
as their core language models, enhanced with modality-
specific tokenizers and encoders to map multimodal inputs
into a shared representation space. The powerful language
backbones then process these representations to generate
outputs based on multimodal inputs and textual instructions
(Yin et al. 2024). A significant challenge in this area is align-
ing the embeddings from different modalities into a unified
representation space. Many methods employ text-based or
joint text—image embedding spaces, while others anchor em-
beddings directly in the image space (Girdhar et al. 2023)
or treat all modalities equally (Wang et al. 2024d). Progres-
sive alignment strategies have also been proposed to prevent
forgetting and enhance cross-modal interactions (Han et al.
2025; Zhang et al. 2024b; Wang et al. 2024c).

Hallucination in OLLMs

While hallucinations in vision—language models are well
studied, omni-modal models remain underexplored. Com-
mon causes include modality gaps (Liang et al. 2022; Liu
et al. 2024), language priors (Huang et al. 2024a), and sta-
tistical biases (Agarwal et al. 2020). Mitigation strategies in-
volve enhanced training with new datasets (Liu et al. 2023;
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Figure 2: Overview of OMNIDPO.

Gunasekar et al. 2023; Chen et al. 2025; Gunjal, Yin, and
Bas 2024; Sun et al. 2023), refined objectives (Chen et al.
2024a; Zhou et al. 2024; Zhao et al. 2024b) and modal-
inequality remedies (Wang et al. 2024a; Xie et al. 2024;
Xiao et al. 2024; Wu et al. 2024). The second approach ad-
dresses inference-time mitigation, including contrastive de-
coding with logits from perturbed inputs (Chen et al. 2024c;
Leng et al. 2023), self-generated intermediate representa-
tions (Chuang et al. 2024; Woo et al. 2024; Huo et al. 2025;
Li et al. 2025a), and other contrast terms (W. et al. 2024; S.
etal. 2024; Y. et al. 2024); on-the-fly hallucination detection
and correction (Kuhn, Gal, and Farquhar 2023; Farquhar
et al. 2024; Nikitin et al. 2024); image-attention weight ma-
nipulation (Zhu et al. 2024; Zhang et al. 2024a; Huo et al.
2024; An et al. 2024; Liu, Zheng, and Chen 2024); prompt-
based interventions (Xu et al. 2024; Z. et al. 2024; Wang
et al. 2024b); external tool integration (Yin et al. 2023; Zhao
et al. 2024a); inference-time steering (Chen et al. 2024b; Li
et al. 2025b); and other tactics (Zou et al. 2024).

However, hallucinations in omni-modal LLMs remain an
underexplored area, with a few notable exceptions. Research
by (Leng et al. 2024a) and (Sung-Bin et al. 2025) has identi-
fied modality imbalance as a contributing factor to hallucina-
tions in omni-modal models. Both works developed bench-
marks to address this issue, but have not yet provided effec-
tive mitigation strategies.

Dataset Construction

Multimodal hallucinations often arise because text priors
dominate other modalities: even when a model receives vi-
sual and auditory inputs, it may ignore those signals in favor

of familiar textual patterns. Moreover, existing omni-modal
training aligns each modality with text independently, over-
looking the critical interaction between video and its native
audio track. As a result, when understanding hinges on sub-
tle sound cues embedded in the footage, the model can con-
fidently produce incorrect “hallucinated” answers.

To address these issues, we construct two types of prefer-
ence pairs that explicitly reward audio—visual reasoning:

Audio-video alignment preferences To ensure our
model truly leverages both audio and video, we first filter
out any clip without an audio track, retaining only Dy =
{(Vi,4) | A # 0} from MSR-VTT. Each remaining
sample is represented as X = {V, A, T}, where V is the
video frames, A the raw audio waveform, and 7" any ac-
companying text prompt or question. We then call Qwen2-
Audio-7B, denoted ¢, = Faudio(4), which produces
a concise textual summary of audio information. Feeding
{V, to} into Qwen2.5-VL-7B (denoted Fy1,) yields a mul-
timodal answer Y = Fyr(V, t,), whereas masking out
the audio text gives Y~ = Fyr,(V, @). The resulting pair
{(X, Y1), (X,Y ™)} teaches the model that genuine audio
cues in X should be preferred over video-only reasoning.

Modality-robustness preferences Even with aligned au-
dio—video pairs, OLLMs tend to fall back on strong text pri-
ors. To resolve this, we create two degraded versions of X:

Xy-={V7, AT}, X, ={V, A", T},
where

Vo=V +e,,

AT =A+e,,

Ep N(O’USI)7
ga ~ N(0,021).

(D
2
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Audio-driven Video Hallucination

Video-driven Audio Hallucination

Model Acc. (1) Prec. (1) Rec. (1) F1 (1) Yes (%) Acc. (1) Prec. (1) Rec. (1) F1 (1) Yes (%)
Qwen2.5-Omni
Qwen25-Omni  74.12 6872 8856 7738 6444 6760 6084 98.78 7530 SI.IS
+VCD 7740 7594 8020 77.52 60.02 6811 6140 9752 7738 79.90
+ICT 7670 7312 8445 78.58 6128 6880 6210 9650 77.80 78.95
+DPO 7174 6773  83.04 7461 58.19 6870 6241 9404 7503 71.72
OMNIDPO 84.42 8887 7870 8347 4428 7751 7040 9493 80.85 67.42
MiniCPM-0-2.6
MiniCPM-0-2.6 74.65 7278 7875 7571 5379 7280 7042 7863 7441 5555
+VCD 7397 7294 7620 7455 5321 7396 7215 7805 7504 55.05
+ICT 75.92 7483 78.12 7646 5332 7225 69.88 7820 7392 55.18
+DPO 76.07 7466 7892 7676 52.55 7473 7281 7893 7581 54.54
OMNIDPO 7685 7472 8116 77.81 5431 76.68 7470 80.70 77.58 54.02

Table 1: AVHBench results for Qwen2.5-Omni and MiniCPM-0-2.6 on the two subsets—Audio-driven Video Hallucination
and Video-driven Audio Hallucination. Metrics include Accuracy (Acc.), Precision (Prec.), Recall (Rec.), F1-score, and the

proportion of “Yes” responses (Yes %).

Combined dataset Putting both strategies together, our fi-
nal dataset is

D={(X, Y, (X, Y")}U{(X,Y),(Xy-,YT)}
U{(X, Y1), (X4-, Y )

Providing both audio-video alignment pairs and modality-
robustness pairs to drive preference optimization.

To mitigate potential hallucinations from Qwen2-Audio-
7B and Qwen2.5-VL-7B, each synthesized sample was inde-
pendently reviewed by two annotators in a cross-validation
procedure, yielding a Fleiss’ Kappa of 0.82. Any samples
flagged as erroneous or of low quality were subsequently
excluded, ensuring the reliability of the final dataset.

In total, we collected 9141 pairs of samples on 1076 dis-
tinct videos spanning 20 common categories featuring an
open-vocabulary caption task. More information about our
dataset found in Appendix C.

Method

In this section, we detail the OMNIDPO framework for
omni-modal hallucination mitigation. We first formalize the
problem and recap the DPO objective. We then introduce our
conditional multi-modal preference optimization, describing
how we generate modality-conditioned preference pairs and
incorporate them into the training loss.

Task Formulation

We consider a general omni-modal input X = {V, A, T},
where V is visual input (a sequence of video frames, which
can degenerate to a single image), A is auditory input (e.g.
an audio track or spoken question), and 7' is textual input
(such as a text prompt or question). The OLLM is tasked
with generating a textual output Y (an answer or descrip-
tion). Hallucination occurs when Y contains information not
supported by V or A. We assume access to a dataset of pref-
erence comparisons {(X,Y ™, Y ™)}, where for each input
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X two candidate outputs are given: YT (the preferred/cor-
rect output) and Y~ (the less preferred, possibly halluci-
nated output). These could be obtained via human annota-
tion or automated generation, plus human verification.

DPO provides a way to train the model Py (Y| X) to align
with preferences without explicit reinforcement learning.
Given a preference tuple (X,Y ™, Y ™), the standard DPO
objective encourages the model to increase the probability
of YT and decrease that of Y ~. The DPO loss is:

Py(YH|X)

Loro(6) = ~Bgxs.v [logo (1os( 5 7755

el

3

where o is the sigmoid function and 3 is temperature for
the preference difference.

OMNIDPO

As described in the previous section, in addition to the orig-
inal human preference comparisons between output pairs
(Y, Y ™) given the full input X, we introduce new compar-
isons using modified inputs Xy - and X 4-, which are con-
structed by masking visual or audio modalities, respectively.
We denote the model’s output probabilities as Py(Y|X)
when full input is given, and Py(Y | Xy - ), Pp(Y|X 4-) for
the degraded cases.

Visual Preference Objective: We create a comparison be-
tween the same output under full vs. degraded visual input.
Ideally, the model should assign a higher likelihood to the
correct output Y™ when it has the full video V' than when it
only has V. To enforce this, we treat (X,Y ™) as the pre-
ferred scenario and (Xy -, Y ™) as the dispreferred scenario.
We do not alter the output in this pair — only the input dif-



fers. The visual preference loss Lyjs can be written as:

P@(Y+ | VvAyT)
Lus(®) = ~Eoxx, v [loso (8log 52 e 557

Py(YT |V, AT) ])]‘
“)

Pes (YT | V-, AT)

This term pushes the model to increase Py(Y 1|V, A, T) rel-
ative to Py(YT|V~, A, T). Intuitively, the model is penal-
ized if it would be just as confident in Y even with a miss-
ing/blurred video. The only way for the model to satisfy
this objective is to genuinely utilize the visual input V' when
available (since with V' it should produce higher confidence
in the correct answer). Notably, we do not include Y ~ in this
comparison; we are not directly contrasting Y+ vs Y ~ here,
but rather Y+ with vs. without vision.

— log

Auditory Preference Objective: Analogously, we define
an audio preference loss L,,q. We compare the model’s con-
fidence in Y with full input vs. with muted audio. The au-
dio preference loss is:

PG(Y+ | ‘/7A7T)
Pror (Y |V, A,T)
Py(Y ™ | V,A™,T)
)
5

Pes(Y*+ |V, A=, T

This term encourages the model to rely on auditory informa-
tion A when it is present. For example, consider a question
T such as “Is the person in the video speaking?”, with the
correct answer Y ' being “Yes, you can hear them speak.”
When audio is present, the model should assign high prob-
ability to Y *; however, when the audio is removed, its con-
fidence in the same answer should decrease . The loss L,uq
enforces this behavior by penalizing overly confident predic-
tions when the relevant auditory evidence is absent. Without
such training, a model may answer “Yes” based solely on
prior knowledge (e.g., that people in videos often speak),
leading to hallucinations when the audio is silent. By explic-
itly discouraging high-confidence predictions under missing
evidence, OMNIDPO mitigates this failure mode. Impor-
tantly, degraded-input comparisons are always performed
with respect to the preferred output Y *. We assume Y T is
a human-verified answer that is correct given the full input.
Training on (Xy,—,Y ™) and (X 4—, Y") does not assert that
YT is incorrect for the degraded input; rather, it enforces
lower confidence under reduced information. In practice, if
Y™ depends on a removed modality (e.g., the question is
unanswerable without video or audio), the optimization im-
plicitly encourages the model to assign lower probability to
YT, aligning with the principle that the model should not
respond confidently without sufficient perceptual evidence.

Laua(0) = — Eoxx, ,Y+)[10ga(f6 [log

— log

Combining Objectives: The full OMNIDPO loss com-
bines the standard preference loss with the new modality-
specific terms, where Ay and A\ 4 are hyperparameters:

Lowmni(0) = Lopo(8) + Av Lyis(0) + AaLawa(#).  (6)
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Experiments

Experiments Setup

Datasets and Metrics. AVHBench (Sung-Bin et al. 2025)
is specifically designed to assess the perception, reasoning,
and hallucination robustness of OLLMs. It comprises four
evaluation subsets: Audio-Visual Matching, Audio-Visual
Captioning, Audio-Driven Video Hallucination, and Video-
Driven Audio Hallucination. In our evaluation, we focus
on the two hallucination-focused subsets, which specifically
measure a model’s tendency to hallucinate visual content
based solely on audio priors, or vice versa. To quantify per-
formance in hallucination mitigation, the benchmark em-
ploys standard classification metrics: Accuracy, Precision,
Recall, and F1 Score.

CMM (Curse of Multi-Modalities) (Leng et al. 2024a)is a
benchmark specifically designed to evaluate hallucination
behavior in OLLMs across text, vision, and audio modali-
ties. It focuses on measuring a model’s tendency to generate
modality-inconsistent outputs by presenting it with inputs
where one or more modalities contradict the others. CMM
uses two core metrics: Perception Accuracy (PA) and Hallu-
cination Resistance (HR), defined as follows:

# correctly predicted “yes”
# ground-truth “yes”

__ # correctly predicted “no”

4 ground-truth “no”

PA =

)
HR

)

where PA measures the model’s ability to correctly detect
real elements, while HR quantifies its robustness in rejecting
non-existent ones.

Baselines and Models. We conduct experiments us-
ing two recently released and widely adopted OLLMs:
Qwen2.5-Omni and MiniCPM-0-2.6. As baselines, we in-
clude both training-free methods, such as VCD and ICT, as
well as a training-based method, DPO (text only), which per-
forms preference optimization solely on textual responses.

Implementation Details. For both models, we adopt full-
parameter fine-tuning using fpl6 precision. The learning
rate scheduler is set to cosine, with a warmup ratio of 0.1.
The DPO loss coefficient () is fixed at 0.1 throughout all
training runs. For Qwen2.5-Omni, we use a learning rate of
le-6, while for MiniCPM-0-2.6, the learning rate is set to le-
5. We set Ay = Ay = 1. All experiments were conducted
on a system equipped with 8 x H100 GPUs.

Main Results

AVHBench Table 1 presents the results of Qwen2.5-Omni
and MiniCPM-0-2.6 on the two domains of AVHBench:
Audio-Driven Video Hallucination and Video-Driven Au-
dio Hallucination. From the results, we draw the follow-
ing conclusions: 1) Applying OMNIDPO leads to signifi-
cant improvements in F1-score, with average gains of 5.82%
for Qwen2.5-Omni and 2.64% for MiniCPM-0-2.6. This
demonstrates that OMNIDPO, by leveraging both textual
preference optimization and omni-modal preference align-
ment, effectively mitigates hallucination in multimodal set-
tings. 2) Existing methods such as VCD and ICT, which



Spurious Inter-modality Correlation Uni-modality Overreliance Overall
Model VL AL VAL Visual Dom | Audio Dom | Lang Dom at hrt
pat hrt|pat hrt|pat hrt|pat hrt |pat hrt |pat et |P

Qwen2.5-Omni

Qwen2.5-Omni | 92.0 86.5[92.0 78.0|93.0 90.5
+VCD 93.5 89.0 190.0 77.5|93.5 90.0
+ICT 94.5 90.0 | 89.0 78.0|94.0 91.5
+DPO 925 87.0(92.0 79.5|95.0 93.5
+OMNIDPO 94.0 89.5|91.5 83.5|95.5 94.5

95.0 56.5 (925 395|855 74.0|91.7 702
945 56.5 [93.0 400 {875 75.0|92.0 71.3
93,5 57.0 {935 395 [88.0 75.0|92.1 71.8
955 66.0 (945 375 |87.0 76.0 [92.8 73.3
955 635 (95.0 41.5 |88.0 75.5 (933 74.7

MiniCPM-0-2.6

MiniCPM-0-2.6 | 85.0 91.0 {95.0 53.0]92.0 76.5

+VCD 88.0 91.5|95.0 52.0|91.0 76.5
+ICT 89.0 935|945 54.5|93.0 76.5
+DPO 87.0 93.0(955 575|945 785

OMNIDPO 90.0 94.0 | 96.5 59.5|93.0 81.5

91.0 56.5 [89.0 345 765 72.0|88.1 63.9
89.5 55.0 |89.0 33.0 |785 74.5|88.5 63.8
88.5 56.0 |90.5 35.0 |78.0 75.5|88.9 65.1
90.5 585 [91.5 325 |81.5 77.0 |90.1 66.2
940 635 (91.5 325 |81.0 82.0 |91.0 68.8

Table 2: Performance of Qwen2.5-Omni and MiniCPM-0-2.6 on the CMM benchmark after applying different hallucination-
mitigation strategies. The benchmark consists of six sub-domains: VL (Visual-Language), AL (Audio-Language), VAL
(Visual-Audio-Language), Visual Dom (Visual-dominance), Audio Dom (Audio-dominance), and Lang Dom (Language-

dominance). The best results are highlighted in bold.

were originally proposed for vision-language hallucination
mitigation, provide only marginal improvements—and in
some cases even degrade performance. While these meth-
ods reduce the influence of biased language priors and en-
courage visual grounding, they fail to model the subtle in-
teractions between audio and visual modalities. Moreover,
intervention-based approaches like ICT rely on activation
shifts observed in visual tasks, which do not generalize well
to omni-modal contexts. 3) For Qwen2.5-Omni, the base
model exhibits a strong bias toward answering “yes,” of-
ten relying on a single modality without properly integrat-
ing cross-modal information. This results in hallucinations
when critical multimodal cues are absent. OMNIDPO ad-
dresses this by constructing multimodal preference pairs that
teach the model to be cautious in its affirmations. As a re-
sult, the “yes” response rate drops by 16.96%, indicating
improved resistance to hallucination in omni-modal scenar-
ios. 4) While text-only DPO helps the model better under-
stand fine-grained audio-video relationships, it fails to suffi-
ciently shift the model’s attention toward non-textual modal-
ities. The dominance of the language modality remains un-
balanced, limiting its effectiveness and resulting in no sig-
nificant performance gains.

CMM Table 2 reports the performance of Qwen2.5-
Omni and MiniCPM-0-2.6 on the CMM benchmark, which
measures hallucination robustness across Spurious Inter-
modality Correlation and Uni-modality Overreliance. We
draw three key observations. 1) OMNIDPO consistently im-
proves PA and HR across all sub-domains. Qwen2.5-Omni
achieves average gains of +1.6% (pa) and +4.5% (hr), while
MiniCPM-0-2.6 improves by +1.9% (pa) and +4.9% (hr).
The larger hr gains indicate that OMNIDPO effectively sup-
presses false affirmations of missing multimodal evidence,

consistent with its modality-aware preference training that
reduces overconfident hallucinations under insufficient vi-
sual or auditory inputs. 2) Vision-centric methods such as
VCD and ICT improve VL performance but degrade other
domains, particularly Visual Dominance, suggesting over-
correction toward visual features and weakened cross-modal
balance. Moreover, as they do not explicitly model audio-
visual interactions, they fail to improve VAL, highlighting
their limitations in omni-modal settings. 3) Standard DPO
yields slight VAL improvements from textual preferences
but shows minimal gains or regressions elsewhere, notably
in Audio and Visual Dominance. In contrast, OMNIDPO im-
proves all sub-domains by explicitly encouraging discrimi-
nation between complete and degraded modality inputs.

Analysis
Ablation Study

To investigate how preference optimization for different
modalities affects a model’s resistance to hallucination, we
conduct an ablation study on Qwen2.5-Omni-7B. The re-
sults are presented in Table 3. From the table, we observe
that applying either video-only or audio-only preference op-
timization individually yields positive effects on the model’s
performance. When both modalities are optimized simul-
taneously, the model’s robustness against hallucination is
further enhanced. Interestingly, on the CMM benchmark,
we notice a modality interference effect: optimizing prefer-
ences for only one modality can negatively impact the per-
formance related to the other modality. In contrast, jointly
optimizing both audio and video preferences leads to con-
sistent and overall improvements across modalities.
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Question: Did you see
tree in the video?

BASE: Yes,there's a tree
in the video.

" . OmniDPO: No, I didn't see
tree in the video.

Question: Did you see
water in the video?

BASE: Yes,I saw water
flowing in the river.

OmniDPO: Yes, there are
two rivers in the video.

Figure 3: Case Study and Error Analysis of OMNIDPO.

Experiments on Non-hallucination Benchmarks
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Figure 4: Performance comparison on reasoning bench-
marks (MMAU (Sakshi et al. 2024) and MMMU (Yue et al.
2024)) after applying different alignment methods. All eval-
uations are performed in a zero-shot setting.

To investigate whether applying OMNIDPO affects a
model’s general reasoning capabilities, we evaluate perfor-
mance on two widely used benchmarks: MMAU (Massive
Multi-Task Audio Understanding) (Sakshi et al. 2024) and
MMMU (Massive Multi-discipline Multimodal Understand-
ing) (Yue et al. 2024). We also compare our results with
those of VCD and ICT. The outcomes are shown in Figure
4. Experimental results show that after applying OMNIDPO,
Qwen2.5-Omni-7b achieves an average performance gain of
2.4%, while MiniCPM-0-2.6 improves by 3.6%. This indi-
cates that OMNIDPO not only mitigates hallucinations but
also enhances the model’s reasoning and understanding ca-
pabilities by encouraging better attention to audio and visual
inputs through multimodal preference optimization. In con-
trast, VCD reduces performance on reasoning tasks, likely
because it removes language priors, including those bene-
ficial for reasoning. ICT, while improving performance on
MMMU by reinforcing visual grounding, does not account
for audio modality and thus fails to improve the model’s un-
derstanding of auditory information.

Case Study and Error Analysis

In Figure 3, we present a case study from the CMM bench-
mark to evaluate the performance of our model, OMNIDPO.
As illustrated on the left side of the figure, while the base
model, Qwen2.5-Omni-7B, failed to distinguish between
maps with trees, our OMNIDPO completed the task. In
this instance, OMNIDPO overcame the tendency to answer
”Yes” due to language priors and instead derived the correct
response from the visual information.
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CMM AVHBench
Model VL AL \ VAL A-V Hal. \ V-A Hal.
pat hrtT pat hrt pat hrt|Acc.t F11 Acc.T F11
Qwen2.5-Omni [ 92.0 86.5 92.0 78.0 93.0 90.5| 74.1 774 67.6 753
+ Audio 93.5 825 93.0 825 925 935| 809 8l.1 767 804
+ Video 95.5 88.5 90.5 63.0 94.0 66.0| 824 814 663 74.6
+OMNIDPO | 94.0 89.5 91.5 83.5 955 94.5| 844 835 775 809

Table 3: Ablation Study. “+ Audio” denotes applying only
the audio loss L, while “+ Video” uses only the visual
loss L. “A-V Hal.” refers to the Audio-driven Video Hal-
lucination setting, and “V-A Hal.” to the Video-driven Audio
Hallucination setting.

On the right side of the figure, however, both the base
model and OMNIDPO produced incorrect answers. We hy-
pothesize that this is due to limitations in the base model’s
visual understanding. Although OMNIDPO mitigates the is-
sue of over-reliance on textual modality, it does not funda-
mentally enhance the visual capabilities inherited from the
base model. Consequently, when faced with ambiguous vi-
sual content, such as in the right part of Figure 3, where
roads closely resemble rivers, the model still struggles to
provide an accurate response.

Conclusion and Limitations

We presented OMNIDPO, the first dedicated framework for
mitigating omni-modal hallucinations in OLLMs. By ex-
tending DPO with modality-specific objectives, OMNIDPO
compels models to ground outputs in both visual and au-
ditory inputs, rather than over-relying on textual priors or
spurious correlations. To support training, we constructed
OmniDPO-10k, the first preference-alignment dataset de-
signed to expose and counteract hallucinations from mis-
aligned or over-relied modalities (text, video, audio). Each
sample includes paired modality-based preferences, en-
abling fine-grained supervision of model behavior. Through
experiments on state-of-the-art benchmarks and models of
different scales, we demonstrated that OMNIDPO substan-
tially reduces hallucinations across video, audio, and text
scenarios, outperforming existing alignment methods.

Limitations Due to limitations in the base models, our
work currently supports only textual, visual, and audio
modalities. Future research may explore the incorporation
of more diverse input forms.
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