
Findings of the Association for Computational Linguistics: EMNLP 2026, pages 2270–2285
October 24-29, 2026 ©2026 Association for Computational Linguistics

Uncertainty-o: One Model-agnostic Framework
for Unveiling Uncertainty in Large Multimodal Models

Ruiyang Zhang1, Junrui Zhang2, Hao Fei3, Zhedong Zheng1,

1FIC, University of Macau, 2CSIRO Data61, 3University of Oxford,
Correspondence: zhedongzheng@um.edu.mo

Abstract

Large Multimodal Models (LMMs), character-
ized by diverse modalities, architectures, and
capabilities, are rapidly emerging. In this pa-
per, we aim to address three key questions:
(1) Can we unveil the uncertainty of LMMs
in a model-agnostic manner, regardless of the
modalities, architectures, and capabilities in-
volved? (2) How to reveal the aleatoric un-
certainty in multimodal prompts, which stems
from inherent observational noise and leads to
confusion in LMMs. (3) LMM inherent epis-
temic uncertainty ultimately reflects in multi-
modal responses, how can we mine and quan-
tify it from these multimodal responses? To an-
swer these questions, we propose Uncertainty-
o: (1) Uncertainty-o is one model-agnostic
framework for unveiling uncertainty in LMMs,
independent of their modalities, architectures,
and capabilities. (2) We empirically explore
multimodal prompt perturbation for revealing
prompt aleatoric uncertainty, providing our
insights and findings. (3) We propose mul-
timodal semantic uncertainty, which quanti-
fies LMM inherent epistemic uncertainty from
multimodal responses. Experiments with 18
benchmarks across various modalities and 10
LMMs (open- and closed-source) validate the
efficacy of Uncertainty-o in reliably estimat-
ing LMM uncertainty, thereby facilitating var-
ious downstream tasks, including hallucina-
tion detection, hallucination mitigation, and
uncertainty-aware Chain-of-Thought (CoT).
The code is released at https://github.com/
Ruiyang-061X/Uncertainty-o.

1 Introduction

Large Multi-Modal Models (LMMs) (Caffagni
et al., 2024; Carolan et al., 2024) significantly ex-
pand the boundaries of human-made intelligence.
(1) Rich modalities are continuously integrated.
Beyond the initial success of the ‘Text-in-Text-
out’ paradigm (Achiam et al., 2023), LMMs now
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Figure 1: Comparison with Previous Works and
Overview of Uncertainty-o. (a,b) Existing studies
focus on single modality or two modalities (Zhang
et al., 2024c); (c) In contrast, our Uncertainty-o cap-
tures uncertainty in large multimodal models in a model-
agnostic manner. It achieves reliable uncertainty es-
timation via multimodal prompt perturbation. (d) In
particular, we harness multimodal semantic uncertainty,
which maps multimodal answer space into a unified text
semantic space. We then estimate the uncertainty ac-
cording to the text consistency.

incorporate images (Liu et al., 2023b; Rombach
et al., 2022), videos (Lin et al., 2023; Luo et al.,
2023), audio (Radford et al., 2023; Kreuk et al.,
2022), point clouds (Xu et al., 2024; Nichol et al.,
2022), IMU (Girdhar et al., 2023), fMRI (Han
et al., 2024), and more (Wu et al., 2024b). (2)
Diverse model architectures are rapidly evolv-
ing. The foundational designs of Large Language
Models (LLMs) (Achiam et al., 2023) and Diffu-
sion Models (DMs) (Rombach et al., 2022) have
been extensively adapted (Liu et al., 2023b) and
integrated (Wu et al., 2024c) to create more ad-
vanced and complex structures. (3) Distinct model
capabilities have significantly improved. LMMs
can now comprehend intricate multimodal contexts
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and instructions (Lyu et al., 2024), while simulta-
neously generating diverse and high-fidelity con-
tent (Wu et al., 2024b).

However, large models (Liu et al., 2023b;
Achiam et al., 2023) still follow a vanilla ‘Prompt-
In-Response-Out’ pipeline, which remains raw
and primitive compared to human thinking pro-
cess (Amayuelas et al., 2023; Pi et al., 2024).
When asked a question or given a task, humans
not only provide an answer or take action, but
also experience internal feelings: confidence or
uncertainty, ease or difficulty (Peterson et al., 2019;
Collins et al., 2023). These feelings guide us in pre-
dicting outcomes and adjusting our plans accord-
ingly (Callaway et al., 2022). To bridge this gap
and explore the psychology of LMMs (Ke et al.,
2024), we focus on one critical property: LMM
uncertainty (Aichberger et al., 2024).

In this paper, we aim to answer 3 key ques-
tions: (1) Can we unveil LMM uncertainty in
a model-agnostic manner? Tailoring specific
design for different LMMs can lead to a com-
plex and inflexible framework, limiting adaptabil-
ity to revolving LMMs (Caffagni et al., 2024). (2)
How to reveal the aleatoric uncertainty in mul-
timodal prompts? Notably, ambiguity and ob-
servational noise in prompt can significantly lead
to confusion of LMM. Moreover, interaction and
relationship between various introduced modali-
ties exacerbate this phenomenon (Lu, 2023). (3)
How to mine uncertainty from multimodal re-
sponses where LMM manifests its epistemic un-
certainty? The cues are hidden in these multi-
modal responses (Rombach et al., 2022; Kreuk
et al., 2022; Nichol et al., 2022; Wu et al., 2024b),
e.g., generated images (Rombach et al., 2022) or
point clouds (Lee and Benes, 2024), requiring ef-
fective methods to extract and quantify LMM epis-
temic uncertainty.

In response to those substantial questions,
we propose Uncertainty-o (see Fig. 1): (1)
Uncertainty-o, in a model-agnostic manner, un-
veils uncertainty in LMMs, regardless of the
modalities involved, inherent architecture, and
capability focus. Notably, Uncertainty-o is also
scalable and can incorporate emerged modalities,
architectures, and capabilities. (2) We empirically
explore multimodal prompt perturbation for re-
vealing prompt aleatoric uncertainty. By causing
variance at the prompt end, we can observe fluctua-
tions in LMM responses. Higher degree of fluctua-
tion indicates higher level of aleatoric uncertainty,

illustrating challenge and complexity of prompt.
We provide a comprehensive empirical analysis of
perturbation for 5 commonly used modalities, in-
cluding text, image, video, audio, and point cloud.
Finally, we offer our findings and insights, which
are modality-agnostic and can serve as a cookbook
when designing perturbation for other potential
modalities. (3) We propose multimodal seman-
tic uncertainty, which can mine LMM inher-
ent epistemic uncertainty from multimodal re-
sponses. Through mapping multimodal responses
from LMM to text semantic space, the observation
of answer semantic distribution becomes address-
able. The answer distribution entropy in the text
semantic space serve as an effective indicator of
epistemic uncertainty. Furthermore, uncertainties
of each modality are merged to reveal overall LMM
uncertainty.

Through extensive experiments with 18 multi-
modal benchmarks (including 5 modalities) and 10
LMMs (both open- and closed-source), we validate
effectiveness of Uncertainty-o in accurately captur-
ing uncertainty of LMMs. Reliable uncertainty es-
timation (see Fig. 2) facilitates various downstream
tasks, including hallucination detection, halluci-
nation mitigation, and uncertainty-aware CoT. In
summary, our contributions are as follows:

• Unified Framework to Unveil LMM Uncer-
tainty. We propose Uncertainty-o, which, in
a model-agnostic manner, reveals one criti-
cal property in LMM psychology: uncertainty.
Uncertainty-o can seamlessly handle LMMs
with various modalities, complex model archi-
tectures, and distinct capacity emphases.

• Cookbook for Multimodal Prompt Pertur-
bation. We propose multimodal prompt per-
turbation and empirically explore how to per-
turb the prompt to maximize its contribution
to revealing prompt aleatoric uncertainty.

• Multimodal Uncertainty in Semantic Space.
We propose multimodal semantic uncertainty,
explicitly enabling the mining of inherent epis-
temic uncertainty from multimodal generated
content via semantic space mapping.

2 Uncertainty-o

2.1 Multimodal Prompt Perturbation

Definition 3.1 (Response Semantic Distance).
The LMM M generate responses for prompts xi
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Figure 2: Reliability of Our Estimated Uncertainty. From comparison with previous methods, we observe that:
(1) Compared to Confidence Elicitation (Xiong et al., 2023), Uncertainty-o effectively avoids the over-confidence
problem, which inaccurately assigns low uncertainty (or high confidence) to hallucinatory responses. (2) Compared
to Semantic Entropy (Farquhar et al., 2024), Uncertainty-o provides more reliable uncertainty estimation, e.g., the
uncertainty is more closely aligned with the error rate in each bin. Results from OneLLM (Han et al., 2024) on
ClothoV2 (Drossos et al., 2020).

and xj (perturbed from original prompt x). For
perturbed prompts, the predictions from LMM is
yi = M(xi), and yj = M(xj), respectively. We fo-
cus on the LMM’s Epistemic Uncertainty, which is
the uncertainty in the model parameters, Var(θ|x).
Define the prediction difference D(x) as:

D(x) = ∥yi − yj∥, (1)

where ∥ · ∥ denotes ℓ2 norm.
Proposition 3.2. Response semantic distance D(x)
from prompt perturbation is proportional to the
square root of the LMM uncertainty:

D(x) ∝
√︁

Var(θ|x). (2)

Therefore, the prediction semantic distance D(x)
can serve as a measure of the LMM uncertainty
under given context. See Appendix.D for detailed
proof.

Based on Proposition 3.2, we propose semantic-
equivalent perturbation for multimodal prompts to
induce variations in LMM responses, enabling the
capture of LMM uncertainty (see Fig. 3). This
approach generates semantic-equivalent variations
of original prompts across multiple modalities and
feeds them into the LMM. The variance in the sam-
pled responses could effectively illustrate LMM
uncertainty. Specifically, we propose multimodal
prompt perturbation across five modalities, includ-
ing text, image, audio, video, and point cloud. No-
tably, we adopt a progressive perturbation strategy,
where each prompt is gradually perturbed from low
to high degrees, introducing increasing levels of
challenge to the LMM. Perturbations across differ-

ent modalities are applied simultaneously to further
enhance uncertainty estimation.

In practice, different perturbation techniques
are applied depending on the modality. For text
prompts, both LLM-based rephrasing and rule-
based methods, such as word swapping, are used.
For image prompts, spatial transformations like ro-
tation and attribute distortions such as blurring or
brightness adjustments are applied. In the case of
audio prompts, key elements like volume, pitch,
and timbre are perturbed, with additional temporal
adjustments such as temporal shifting. For video
prompts, both spatial and temporal perturbations
are applied. Temporal perturbations include tech-
niques like temporal cropping and frame dropping,
while spatial perturbations involve applying image
perturbation techniques to each video frame. For
point cloud prompts, 3D characteristics are per-
turbed with techniques like random sampling and
point cloud jittering.

2.2 Multimodal Semantic Uncertainty

We quantify the variance of these sampled answers
to capture the inherent uncertainty of the LMM.
Instead of simply calculating variance based on for-
mat differences, we focus on variations in answer
semantics. To estimate the variance of sampled an-
swer semantics, the most critical procedure lies in
semantic checking between two generated answers.
Given this challenge, especially for higher-level
modalities, e.g., video, we propose utilizing an off-
the-shelf LMM captioner to extract answer seman-
tics and summarize the key points into text captions.
Consequently, the challenging multimodal seman-
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Figure 3: Pipeline of Our Uncertainty-o. Given a multimodal prompt and large multimodal models, we perform
multimodal prompt perturbation to generate diverse responses. Due to the inherent epistemic uncertainty of
these models under perturbation, varied responses are typically obtained. To quantify this uncertainty, we apply
semantic clustering on the collected responses and compute their entropy. Specifically, responses are grouped into
semantically similar clusters, and the entropy across these clusters is calculated as the final uncertainty measure.
Higher entropy indicates greater variability in responses, suggesting lower confidence, while lower entropy reflects
higher consistency and thus higher confidence. Finally, we could leverage the uncertainty for hallucination detection,
hallucination mitigation and facilitate the chain of thoughts (CoT).

tic checking is converted to the more manageable
text semantic checking (see Fig. 3).

For those text captions, we directly prompt the
LLM to iteratively check pairs of text answers. For
texts with similar semantics, we cluster them into
one group. After obtaining the semantic clusters of
sampled answers, we analyze the discrete distribu-
tion of answer semantics and calculate the distri-
bution entropy. Moreover, we normalize the calcu-
lated entropy compared to the maximum entropy
decided by the sampling time, and obtain estimated
LMM uncertainty, with higher values indicating
greater LMM uncertainty:

um = −
n∑︂

i=1

pi log(pi) where pi =
ci
C
, (3)

where ci is answer count for i-th group, C is the
total answer count, um is the estimated uncertainty
for certain modal m. Finally, uncertainties from all
answer modalities is averaged to obtain final LMM
uncertainty u.

2.3 Uncertainty-Aware Downstream Task

Hallucination Detection. We treat answers with
low uncertainty as non-hallucinatory and those with
high uncertainty as hallucinatory. In practice, we
first infer LMM using the original prompt to obtain
an initial answer. This answer is then compared
with the ground truth to determine whether it con-
tains hallucinations. Next, we apply the proposed
multimodal prompt perturbation and multimodal
semantic uncertainty to estimate LMM uncertainty
for its initial answer. Finally, we evaluate the align-
ment between the estimated uncertainty and actual
hallucination using 3 different metrics: AUROC,
AURAC, and ECE.
Hallucination Mitigation. We formulate hallu-
cination mitigation as an uncertainty-aware, two-
stage revision process. In the first stage, we prompt
the LMM to generate an initial answer, which is
then assigned an uncertainty score estimated by
Uncertainty-o. After constructing an answer pool
with corresponding uncertainties, we select the

2273



Image Comprehension

Method LLaVABench MMVet CoCoCap
AUROC↑ AURAC↑ ECE↓ AUROC↑ AURAC↑ ECE↓ AUROC↑ AURAC↑ ECE↓

Confidence Elicitation 54.0 78.1 11.3 52.3 55.8 13.1 51.2 71.0 23.1
GAVIE 45.3 75.2 23.8 55.4 45.2 9.4 57.7 79.6 28.9
Semantic Entropy 65.8 87.4 14.9 60.6 56.9 8.8 60.1 78.4 6.9
Uncertainty-o (ours) 68.0 91.3 10.1 63.5 66.4 8.2 65.5 82.5 5.9

Video Comprehension

Method MSRVTTQA MSVDQA NextQA
AUROC↑ AURAC↑ ECE↓ AUROC↑ AURAC↑ ECE↓ AUROC↑ AURAC↑ ECE↓

Confidence Elicitation 53.5 32.6 12.2 51.0 32.8 16.1 51.5 65.9 10.9
GAVIE 50.1 33.9 18.2 39.6 30.1 20.5 47.4 60.8 11.4
Semantic Entropy 51.6 35.1 14.7 47.1 32.7 18.6 59.1 62.4 12.6
Uncertainty-o (ours) 55.4 39.2 10.8 52.4 36.3 14.5 67.4 69.0 7.4

Audio Comprehension

Method ClothoV2 ClothoAQA AudioCaps
AUROC↑ AURAC↑ ECE↓ AUROC↑ AURAC↑ ECE↓ AUROC↑ AURAC↑ ECE↓

Confidence Elicitation 51.2 34.1 24.2 49.2 43.5 29.0 50.9 30.2 18.6
GAVIE 51.1 31.9 30.6 53.1 46.7 23.9 47.7 34.8 19.7
Semantic Entropy 62.1 38.5 23.7 56.7 50.2 17.9 50.9 42.4 16.1
Uncertainty-o (ours) 77.7 44.1 21.3 68.1 51.0 17.7 56.7 46.6 12.4

Point Cloud Comprehension

Method ModelNet ShapeNet Objaverse
AUROC↑ AURAC↑ ECE↓ AUROC↑ AURAC↑ ECE↓ AUROC↑ AURAC↑ ECE↓

Confidence Elicitation 47.1 78.0 36.1 46.4 72.1 39.7 49.5 28.0 23.1
GAVIE 46.0 84.5 43.5 51.1 75.4 37.5 49.8 35.1 29.4
Semantic Entropy 52.7 79.2 39.8 54.6 73.6 32.6 50.1 38.5 26.0
Uncertainty-o (ours) 66.5 92.1 31.9 60.6 78.0 31.7 56.9 43.8 18.7

Table 1: Comprehension Hallucination Detection Results. Uncertainty-o consistently outperforms strong
baselines by a clear margin in LMM comprehension hallucination detection. For LMMs, We utilize InternVL (Chen
et al., 2024a), VideoLLaMA (Zhang et al., 2023), OneLLM (Han et al., 2024), PointLLM (Xu et al., 2024) for image,
video, audio, point cloud comprehension. The best results are in bold, and the second-best results are underlined.

Image Comprehension

Method LLaVABench MMVet CoCoCap
AUROC↑ AURAC↑ ECE↓ AUROC↑ AURAC↑ ECE↓ AUROC↑ AURAC↑ ECE↓

Confidence Elicitation 51.8 72.6 15.4 49.5 67.8 11.7 56.2 70.4 9.2
GAVIE 53.7 75.3 13.9 49.0 65.6 10.4 58.7 71.8 10.4
Semantic Entropy 56.8 82.7 13.6 52.8 64.9 11.1 59.2 73.3 8.9
Uncertainty-o (ours) 61.3 87.4 12.8 56.1 75.8 8.6 61.4 76.8 7.8

Video Comprehension

Method MSRVTTQA MSVDQA NextQA
AUROC↑ AURAC↑ ECE↓ AUROC↑ AURAC↑ ECE↓ AUROC↑ AURAC↑ ECE↓

Confidence Elicitation 54.7 39.9 11.5 48.6 29.7 15.4 57.2 63.8 13.7
GAVIE 55.9 40.1 15.6 54.3 36.4 12.8 60.3 65.3 10.4
Semantic Entropy 56.8 41.5 12.8 51.8 35.2 13.7 63.9 67.3 8.9
Uncertainty-o (ours) 60.1 47.5 8.9 57.3 39.2 9.4 72.8 70.3 4.9

Table 2: Hallucination Detection for Closed-Source LMMs. We leverage GPT4o (Hurst et al., 2024) and
QwenVLMax (Bai et al., 2023) for image and video comprehension respectively.

top-K answers with the highest uncertainty scores,
as these are the most likely to contain hallucina-
tions. In the second stage, we refine these high-
uncertainty answers by prompting the LMM with
the original context, initial answer, and uncertainty
score. We explicitly tell the LMM that its initial an-
swer has a high uncertainty score and instruct it to
revise the response due to a potential hallucination.
The revised answer is then used as the LMM final

output:

yfinal = M(x′, yinitial, u), yinitial ∈ Y, (4)

where Y contains selected answers with the high-
est uncertainty scores. x′, yinitial, and u refer to
the updated prompt, initial answer, and estimated
uncertainty, respectively. yfinal is the revised an-
swer. This iterative process helps the LMM refine
its responses and improve accuracy.
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Method Medical Diagnosis
AUROC↑ AURAC↑ ECE↓

Confidence Elicitation 42.1 30.9 24.5
GAVIE 44.2 33.6 31.5
Semantic Entropy 52.4 34.5 24.1
Uncertainty-o (ours) 59.0 40.6 15.3

Method Embodied Robot
AUROC↑ AURAC↑ ECE↓

Confidence Elicitation 40.1 49.6 18.9
GAVIE 45.2 53.6 23.5
Semantic Entropy 56.2 55.9 21.1
Uncertainty-o (ours) 58.2 66.5 12.2

Table 3: Hallucination Detection for Safety-Critic
Tasks. We harness MIMICCXR (Johnson et al., 2019)
for medical image diagnosis and OpenEQA (Majumdar
et al., 2024) for video embodied QA.

Image Generation

Method Flickr
AUROC↑ AURAC↑ ECE↓

GAVIE 52.3 67.9 12.7
Semantic Entropy 50.8 70.1 21.5
Uncertainty-o (ours) 59.5 74.5 8.3

Video Generation

Method MSRVTT
AUROC↑ AURAC↑ ECE↓

GAVIE 51.6 24.1 21.7
Semantic Entropy 54.7 30.9 23.0
Uncertainty-o (ours) 61.1 38.9 15.5

Audio Generation

Method VCTK
AUROC↑ AURAC↑ ECE↓

GAVIE 46.0 74.6 21.5
Semantic Entropy 48.1 72.8 20.6
Uncertainty-o (ours) 53.5 81.4 11.3

Point Cloud Generation

Method Pix3D
AUROC↑ AURAC↑ ECE↓

GAVIE 27.9 34.2 39.5
Semantic Entropy 43.6 38.8 43.5
Uncertainty-o (ours) 51.1 44.2 32.0

Table 4: Generation Hallucination Detection Results.
We utilize StableDiffusion (Rombach et al., 2022), Vide-
oFusion (Luo et al., 2023), AnyGPT (Zhan et al., 2024),
RGB2point (Lee and Benes, 2024) for image, video,
audio, point cloud generation.

Uncertainty-Aware Chain-of-Thought. We lever-
age Uncertainty-o to enhance the vanilla CoT pro-
cess. Self-reflection is crucial for LMMs during
CoT, and our estimated uncertainty serves as a guid-
ing signal to trigger self-reflection. Specifically, at
each reasoning step, in addition to generating re-
sponses, we also estimate answer uncertainty. In
the subsequent step, we incorporate the previous
answer and its uncertainty into the context, explic-
itly prompting LMM to reflect on its reasoning

Video Comprehension

VideoLLaMA MSRVTTQA MSVDQA
Acc. Acc.

Direct Inference 62.9 70.5
+ Uncertainty-o 67.2 72.1

Audio Comprehension

OneLLM ClothoAQA ClothoV2
Acc. Acc.

Direct Inference 57.1 45.5
+ Uncertainty-o 59.2 51.9

Table 5: Hallucination Mitigation Results. Our
uncertainty-guided revision effectively mitigates answer
hallucination.

Image Comprehension

InternVL MMVet LLaVABench
Acc. Acc.

Vanilla CoT 23.8 61.8
Uncertainty-Aware CoT 27.1 63.1

Point Cloud Comprehension

PointLLM ModelNet ShapeNet
Acc. Acc.

Vanilla CoT 48.3 52.6
Uncertainty-Aware CoT 51.8 54.2

Table 6: Uncertainty-Aware Chain-of-Thought Re-
sults. Our estimated uncertainty enriches the reasoning
context and facilitates more thorough thinking process,
leading to improved answer accuracy.

process when it finds uncertainty is high, as:

yt, ut = M(Ct), Ct+1 = Ct ∪ {yt, ut} , (5)

where yt and ut is answer and uncertainty, given
the context Ct at step t. This uncertainty-aware
procedure facilitates a more detailed and cautious
reasoning process.

3 Experiment

3.1 Comparison with State-of-the-Arts

Comprehension Hallucination Detection. We
compare Uncertainty-o with previous state-of-the-
art methods in image, video, audio, and point cloud
comprehension hallucination detection tasks (see
Tab. 1). Uncertainty-o yields significant and consis-
tent performance improvements over strong base-
lines. This validates the general efficacy of the
proposed multimodal prompt perturbation in better
eliciting and capturing uncertainty, thereby facil-
itating reliable hallucination detection. Notably,
Uncertainty-o surpasses baselines by 15.6% (AU-
ROC) on ClothoV2, 9.5% (AURAC) on MMVet,
7.9% (ECE) on ModelNet, and 4.1% (AURAC)
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Text Video Audio Point AUROC↑ AURAC↑ ECE↓
✗ ✗ - - 51.6 35.1 14.7
✓ ✗ - - 53.0 36.1 13.9
✗ ✓ - - 54.1 37.5 12.9
✓ ✓ - - 55.4 39.2 10.8

✗ - ✗ - 50.9 42.4 16.1
✓ - ✗ - 53.0 42.6 15.5
✗ - ✓ - 52.6 44.9 12.9
✓ - ✓ - 56.7 46.6 12.4

✗ - - ✗ 50.1 38.5 26.0
✓ - - ✗ 52.4 40.2 20.9
✗ - - ✓ 54.1 41.6 19.1
✓ - - ✓ 56.9 43.8 18.7

Table 7: Ablation of Perturbation Combination. We
observe that combining perturbations for multimodal
prompts yield better results. Single modal prompt per-
turbation could also yield performance improvements.
Results from comprehension hallucination detection on
MSRVTTQA (Xu et al., 2017), AudioCaps (Kim et al.,
2019), and Objaverse (Deitke et al., 2023). Row with
gray shading is our default setting.

on NextQA. We also observe consistent improve-
ment for closed-source LMMs, which validate the
robustness of our Uncertainty-o (see Tab. 2). We
further present a comparison of detection efficacy
in the Medical Diagnosis and Embodied Robot do-
mains (see Tab. 3). We observe that Uncertainty-o
effectively handles complexity in real-world appli-
cations and outperforms baselines by clear margins.
Generation Hallucination Detection. We also
present results on generation hallucination de-
tection tasks across image, video, audio, and
point cloud modalities (see Tab. 4). We adapt
GAVIE (Liu et al., 2023a) here and extend text-
only semantic entropy in (Farquhar et al., 2024)
with our multimodal semantic uncertainty. We ob-
serve that Uncertainty-o consistently shows clear
improvements over these baselines. For example,
our Uncertainty-o achieves 23.2% higher AUROC,
10% higher AURAC in the point cloud generation
task. These results validate that the interaction be-
tween multimodal prompt perturbation and multi-
modal semantic uncertainty can effectively achieve
more accurate hallucination detection.
Hallucination Mitigation. We report comprehen-
sion hallucination mitigation results on four video
and audio benchmarks (see Tab. 5). With our
uncertainty-guided revision process, we observe
consistent accuracy improvement.
Uncertainty-Aware CoT. We show the compari-
son between Uncertainty-Aware CoT and vanilla
CoT (see Tab. 6). Incorporating uncertainty into
the reasoning context improves answer accuracy

Pairing Order AUROC↑ AURAC↑ ECE↓
Progressive 55.4 39.2 10.8

Random 51.1 37.2 13.9
Shifted 52.4 37.8 12.5

Table 8: Pairing Order for Perturbed Prompts. Pair-
ing prompts with similar degrees of perturbation from
different modalities yields the best results. Results from
comprehension hallucination detection on MSRVTTQA.
Our default setting is in gray .

Sampling Time AUROC↑ AURAC↑ ECE↓
2 50.6 35.1 15.9
3 54.2 36.9 12.4
5 55.4 39.2 10.8
8 55.1 38.9 11.6

10 54.9 39.2 11.2

Table 9: Ablation of Sampling Time. Moderate sam-
pling time enables the most effective uncertainty estima-
tion. We report MSRVTTQA comprehension hallucina-
tion detection results. Our default setting is highlighted
with gray shading .

across different LLMs.

3.2 Ablation Studies and Further Discussions

Empirical Study on Multimodal Prompt Pertur-
bation. We present an empirical comparison of
24 different prompt perturbations for video, audio,
and point cloud (see Fig. 4). For video perturbation,
we find that perturbations that preserve the original
video semantics, e.g., adjust video speed, achieve
superior results. For audio perturbation and point
cloud perturbation, we observe similar pattern.

Cookbook 1: Try to use perturbation that
largely preserves original prompt semantic.

Perturbation Combination. We report the abla-
tion of perturbation combinations in Tab. 7. Con-
currently perturbing multimodal prompts yields the
best results.

Cookbook 2: Apply perturbation to prompt
from different modalities simultaneously.

Pairing Order. We present an ablation of pairing
order in Tab. 8. For multimodal prompts perturbed
to various degrees, pairing them with a similar de-
gree in a progressive manner yields the best results.
This approach creates a prompt set with challenge
levels from low to high, effectively eliciting LMM
uncertainty.
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Figure 4: Empirical Comparison of Different Prompt Perturbations. On average, semantic-preserving perturba-
tions are more effective for eliciting LMM uncertainty than semantic-altering ones. Results from comprehension
hallucination detection for video, audio, point.

LMM Captioner AUROC↑ AURAC↑ ECE↓
OneLLM-7B 59.5 74.5 8.3

Qwen3-VL-30B-A3B-Thinking 59.8 74.6 8.1
GPT-5 60 74.9 7.8

Gemini-3-Flash 59.7 74.6 7.9

Table 10: Sensitivity Analysis of LMM Captioner. We
observe that the hallucination detection performance
of Uncertainty-o shows low sensitivity to the adopted
captioner model. When replacing our adopted OneLLM-
7B with stronger proprietary models, the performance
of Uncertainty-o improves only marginally.

Cookbook 3: Perturb prompts from each
modality to varying degrees and pair them
in the progressive order.

Sampling Time. We illustrate the ablation of sam-
pling time during the uncertainty estimation pro-
cess (see Tab. 9).

Cookbook 4: Try with a moderate pertur-
bation time (sampling time), e.g., 5 times.

Sensitivity Analysis of LMM Captioner. We con-
duct a sensitivity analysis of the captioner utilized
to extract the semantics of multimodal responses
(see Tab. 10). Specifically, we perform analysis on
the image generation hallucination detection task
and conduct experiments on Flickr with StableDif-
fusion.
Qualitative Results. We present successful hallu-
cination detection cases for both comprehension
and generation scenarios in Fig. 5.

4 Related Work

Large Multimodal Model. Large Multimodal
Models (LMMs) (Caffagni et al., 2024) perceive
and generate content across a wide range of modal-

ities (Caffagni et al., 2024; Wu et al., 2023; Zhang
et al., 2024a,b), such as text, image, audio, video,
point cloud, and more. On one hand, various
works (Liu et al., 2023b) focus on enhancing mul-
timodal comprehension ability (Fei et al., 2024),
emphasizing the understanding of complexity (Wu
et al., 2024a) and interaction (Zhang et al., 2024d)
between prompts from various modalities. Another
line of research focuses on generating multimodal
content (Rombach et al., 2022), with an empha-
sis on the fidelity (Song et al., 2024) and diver-
sity (Fang et al., 2024a) of multimodal responses.
Moreover, recent works (Wu et al., 2024b; Zhan
et al., 2024) try to build ‘Any-to-Any’ capability
in large models, where models can simultaneously
comprehend complex contexts and generate high-
fidelity content following those contexts.
Uncertainty in LMM. MAP (Ji et al., 2022)
proposes a probabilistic distribution encoder to
model uncertainty during large model pretraining.
VL-Uncertainty (Zhang et al., 2024c) leverages
semantic-equivalent perturbations of visual and tex-
tual prompts to better capture MLLM uncertainty.
DropoutDecoding (Fang et al., 2024b) treats token
distribution discrepancies from the average token
distribution as uncertainty, dropping tokens with
high uncertainty. Calibration-MLLM (Chen et al.,
2024b) utilizes calibration between different stages
of MLLM, such as before and after visual fine-
tuning, to reveal uncertainty. UAL (Wang et al.,
2024) utilizes uncertainty for large model align-
ment and improves token convergence in feature
space.

5 Conclusion

In this paper, we study LMMs reliability and ex-
plore the intrinsic uncertainty in LMMs. We pro-
pose Uncertainty-o, a model-agnostic framework
that unveils uncertainty in LMMs and simultane-
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(a) Comprehension Hallucination Detection
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Figure 5: Qualitative Results of Successful Hallucination Detection. Uncertainty-o is proficient at accurately
detecting multiple hallucinations, including comprehension (point cloud QA (Deitke et al., 2023)) and generation
tasks (image generation (Plummer et al., 2015)) based on the uncertainty value.

ously processes five different modalities (visual,
auditory, textual, video, and point clouds). Specifi-
cally, we first introduce multimodal prompt pertur-
bation and empirically demonstrate that semantic-
preserving perturbations are more effective for
capturing LMM uncertainty. Then, we introduce
multimodal semantic uncertainty based on the im-
posed perturbations, effectively mining uncertainty
from multimodal generated responses. Extensive
experiments and analysis validate superiority of
Uncertainty-o in accurately estimating LMM un-
certainty and facilitating various downstream tasks.

Limitations

For our experimental design, we focus on 5 com-
monly used modalities: text, image, video, au-
dio, and point cloud. We do not cover the full
spectrum of existing modalities, such as fMRI. In
addition, due to the rapid development of foun-
dation models, we do not include some recently
proposed models, such as GPT-5.2 or Gemini-3.1-
Pro. However, Uncertainty-o is designed as model-
agnostic framework for estimating uncertainty in
Large Multimodal Models and provides compre-
hensive cookbook for more effective uncertainty
estimation process. As a result, it is quite conve-
nient to include other existing modalities. More-
over, because Uncertainty-o is model-agnostic and
does not depend on model internal architecture or
states, it can also directly estimate uncertainty for

recently proposed foundation models.
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A Dicussion

Why is semantic-equivalent perturbation more
effective than inequivalent perturbation? In
semantic-equivalent perturbation, the semantics of
all perturbed prompts remain the same. As a re-
sult, any fluctuation in answers of LMM directly
reflects its uncertainty. On the other hand, semantic-
inequivalent perturbation alters the original seman-
tics, and changes in the answers are inevitable,
making it difficult to accurately reflect the inherent
uncertainty of the LMM.
Why is prompt perturbation superior to vanilla
sampling for capturing LMM uncertainty? Mul-
timodal prompt perturbation challenges the LMM
with prompts that vary at different levels, with
larger variations of answers indicating higher un-
certainty. In contrast, vanilla sampling typically
uses a high temperature during sampling, which
tends to induce high uncertainty across all samples.
For instance, the LMM could be highly confident
in its answer, but the high temperature inevitably
causes answer variation, leading to an artificially
high uncertainty.
Can multimodal semantic uncertainty extend to
more modalities? Yes. Uncertainty-o proposes a
general pipeline for LMM uncertainty estimation.
This pipeline is orthogonal to and can benefit from
iterations of LMM. With a more general LMM,
which is capable of parsing the semantic content
of additional modalities into textual descriptions,
Uncertainty-o can seamlessly estimate uncertainty
for those answers in more modalities.
Why not directly utilize LMM to check whether
two generated multimodal responses are seman-
tically equivalent? Current LMMs still lack pro-
ficient ability for multimodal semantic checking.
We have attempted two methods to utilize LMM
for direct multimodal data semantic checking: (1)
Combine two multimodal answers into one and
prompt the LMM to check whether the answers
are similar. For example, merge two point clouds
into one and conduct shifting so that they do not
overlap. However, current LMMs show unsatisfac-
tory performance. (2) Directly input two answers
into LMM and prompt it to check. We find that
many LMMs still do not support multi-input, such
as understanding two point clouds simultaneously.

B Setting

Benchmark. We conduct experiments with 18
benchmarks. For the comprehension hallucination

task, the benchmarks we adopt are typically QA-
type. For images, we utilize MMVet, LLaVABench,
and CoCoCap. For video benchmarks, we leverage
MSRVTTQA, MSVDQA, and NextQA. For the au-
dio modality, we use ClothV2 and AudioCaps. For
point cloud benchmarks, we utilize PointCap and
ModelNet. For generation hallucination detection,
we use caption-type benchmarks and employ cap-
tions as generation prompts. For image generation,
we utilize Flickr. For video generation, we utilize
MSRVTT. For audio generation, we utilize VCTK.
For point cloud generation, we utilize Pix3D, aim-
ing for image-to-point cloud generation. For the
safety-critical task, we utilize MIMICCXR and
OpenEQA. MIMICCXR is a benchmark of chest
X-ray images annotated with medical diagnoses
by radiologists. OpenEQA is an in-house video
benchmark from an embodied robot’s perspective,
accompanied by text-based questions.
LMM. We experiment with 10 different LMMs
capable of understanding and generating various
modalities of data. For closed-source LMMs, we
utilize GPT-4o and QwenVLMax. For open-source
LMMs, InternVL is a large vision-language model
that takes image-text prompts and answers with
text. VideoLLaMA takes videos as prompts and
generates text answers. OneLLM is proficient
in processing various modal inputs, e.g., audio
and point clouds, and outputs text-only responses.
PointLLM is specifically designed for real-world
point cloud understanding. StableDiffusion serves
as a text-based image generation model. VideoFu-
sion is an efficient video generation model, taking
text as a prompt. AnyGPT is capable of generating
audio and visual data. RGB2point realizes point
cloud generation by taking a single image.
Implementation Details. The hallucination detec-
tion procedure contains 3 key phases: (1) Initial
answer obtaining. The tested LMM is first given
the context to generate an initial output. We keep
the variation hyper-parameter low at this stage, e.g.,
low temperature for LLM-based large models and
high guidance scale for Diffusion models. The ini-
tial answer is compared with the ground truth to
decide whether it contains hallucinations. (2) Un-
certainty estimation. Initial contexts are perturbed
by our proposed multimodal prompt perturbation,
according to the modalities they contain. All modal
prompts are perturbed simultaneously to various
degrees. Different levels of perturbed prompts en-
able the sampling process. For sampled textual
answers, an off-the-shelf LLM, Qwen2.5-7B, clus-
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ters them by semantics and calculates entropy as
uncertainty. For other modalities’ answers, e.g., im-
ages, we use OneLLM-7B as a captioner to convert
those answers into concise captions. Then, the un-
certainty calculation is simplified to vanilla textual
semantic uncertainty. (3) Hallucination detection.
With hallucination labels from (1) and estimated
uncertainties from (2), we utilize AUROC, AU-
RAC, and ECE as hallucination detection metrics.
These three metrics comprehensively evaluate the
calibration degree between uncertainties and hallu-
cinations. For hallucination mitigation, we follow a
two-stage procedure: (1) We first prompt the LMM
with initial context to obtain an initial answer and
calculate its uncertainty using Uncertainty-o. (2)
We then select the top 50% of answers with the
highest uncertainty, as these are most likely to con-
tain hallucinations. For each of these answers, we
utilize the following prompt: ‘Prompt: $X, Initial
Answer: $Y, Your answer has a high uncertainty
score of $U, which ranges from 0 to 1. Could you
improve your answer and revise it to be more ac-
curate? $X, $Y, and $U refer to the actual content
of original prompt, inital answer and estimated un-
certainty. Finally, we use the revised answer as
the final output from the LMM. For uncertainty-
aware CoT, we treat it as a multi-round thinking
process. In the first round, we append the original
prompt with ‘Let’s think step-by-step. Now, pro-
vide your first step of the answer:’ We then estimate
the LMM uncertainty with Uncertainty-o. From
the second step onward, in addition to the original
prompt, we append all previous answers and their
corresponding uncertainty scores. At the end of
the prompt, we add ‘Respond with ‘Finish.’ when
you think you have solved the question.’ We check
answer at every step for the presence of ‘Finish.’
and exit the loop once we find it.

C More Ablations

Text Clustering AUROC↑ AURAC↑ ECE↓
Lexical 48.0 33.2 12.7

Semantic 55.4 39.2 10.8

Table 11: Ablation of Text Clustering. During seman-
tic uncertainty calculation, clustering based on seman-
tics is more effective than clustering based merely on
lexical presentation.

Text Clustering Manner. We report the ablation
of text clustering methods (see Tab. 11). Clustering
text based on its inherent semantics, rather than

Method AUROC↑ AURAC↑ ECE↓
Cycle Consistency 57.7 72.9 9.2

Uncertainty-o 59.5 74.5 8.3

Table 12: Ablation of Cycle Consistency for Genera-
tion Hallucination Detection. Uncertainty-o surpasses
cycle consistency, as cycle consistency is constrained
by the text similarity scoring capability of the LLM. We
experiment on Flickr with StableDiffusion.

Method Avg. Time AUROC↑ AURAC↑ ECE↓
Confidence Elicitation 0.8s 52.3 55.8 13.1

GAVIE 1.7s 55.4 45.2 9.4
Semantic Entropy 7.1s 60.6 56.9 8.8

Uncertainty-o 3.8s 63.5 66.4 8.2

Table 13: Time Cost Analysis of Comprehension Hal-
lucination Detection. We conduct evaluation on MM-
Vet with InternVL2-8B.

Method Avg. Time AUROC↑ AURAC↑ ECE↓
GAVIE 16.2s 51.6 24.1 21.7

Semantic Entropy 124.4s 54.7 30.9 23
Uncertainty-o 69.3s 61.1 38.9 15.5

Table 14: Time Cost Analysis of Generation Hallu-
cination Detection. We evaluate on MSRVTT with
VideoFusion

merely its lexical presentation, yields the best re-
sults.
Cycle Consistency. We also experiment with cy-
cle consistency for detecting hallucinations in im-
age generation settings (see Tab. 12). We observe
that Uncertainty-o surpasses this baseline method,
which is limited by the scoring ability of the LLM
for text pair similarity.
Time Cost Analysis. We conduct time-cost anal-
ysis of Uncertainty-o along with various baseline
methods (see Tab. 13 and Tab. 14). Specifically,
we analyze both comprehension hallucination de-
tection and generation hallucination detection. We
follow the official best setting of Semantic Entropy,
which conducts 10 rounds of sampling. We ob-
serve that for comprehension hallucination detec-
tion, although Uncertainty-o incurs higher time
cost than baselines such as Confidence Elicitation
and GAVIE, hallucination detection performance
of our method surpasses these baselines by clear
margins. Meanwhile, Uncertainty-o incurs lower
time cost than Semantic Entropy while achieving
higher hallucination detection accuracy. Semantic
Entropy relies on vanilla temperature-based sam-
pling, which requires excessive sampling rounds
to ensure accurate uncertainty estimation. In con-
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Video Comprehension

VideoLLaMA MSRVTTQA MSVDQA
Acc. Acc.

Direct Inference 62.9 70.5
Self Refine 64.2 70.9
Uncertainty-o wo. Score 65.8 71.4
Uncertainty-o 67.2 72.1

Audio Comprehension

OneLLM ClothoAQA ClothoV2
Acc. Acc.

Direct Inference 57.1 45.5
Self Refine 57.9 47.3
Uncertainty-o wo. Score 58.7 50.8
Uncertainty-o 59.2 51.9

Table 15: Comparison with Hallucination Mitiga-
tion Baselines. For the hallucination mitigation task,
we further compare with several self-refinement-based
baselines.

trast, our proposed multimodal prompt perturba-
tion facilitates effective mining of model inherent
uncertainty, alleviating the need for excessive sam-
pling and thereby achieving lower time cost. For
generation hallucination detection, Uncertainty-o
incurs higher time cost than GAVIE but achieves
significantly higher hallucination detection accu-
racy. Uncertainty-o achieves lower time cost than
Semantic Entropy due to fewer sampling rounds.
Comparison with Baseline Methods for Halluci-
nation Mitigation. We compare our method with
several self-refinement-based baselines in halluci-
nation mitigation to illustrate the effectiveness of
our method (see Tab. 15). Specifically, for Self
Refine, we strictly follow its official refinement
pipeline to reproduce the results. For Uncertainty-o
w/o Score, when Uncertainty-o estimates high un-
certainty for a given question, we prompt the large
multimodal model to revise its answer without pro-
viding the estimated uncertainty score. Uncertainty-
o refers to our original hallucination mitigation
pipeline. We observe that our hallucination miti-
gation pipeline yields the best performance com-
pared with various baselines. Uncertainty-o sur-
passes Self Refine since our estimated uncertainty
provides an effective signal for triggering the self-
refinement process, whereas Self Refine relies on
the model itself to decide whether refinement is
needed, which can be subjective. Moreover, dur-
ing self-refinement, the estimated uncertainty can
also serve as an effective quantitative guide for
the revision process, while Self Refine simply
prompts the model to revise its answer without any
external guidance. Uncertainty-o also surpasses
Uncertainty-o w/o Score, illustrating that provid-

ing the quantitative uncertainty score to the model
during revision helps it revise its answer more ef-
fectively.

D Detailed Proof for Proportional
Theorem

D.1 Definitions and Assumptions
1. Sampling Process: The large model M

give predictions concurrently for perturbed
prompts xi and xj . For those input prompts,
the predictions from the large model is yi =
M(xi), and yj = M(xj), respectively.

2. Uncertainty: We focus on the large model’s
Epistemic Uncertainty, which is the uncer-
tainty in the large model parameters. As-
sume the large model parameters θ are random
variables with a prior distribution P (θ). We
make this assumption because large models
can be naturally viewed as Bayesian Neural
Networks due to the existence of the tempera-
ture mechanism: although the model param-
eters are fixed, given the same prompt, the
model responses can vary.

3. Prediction Difference: Define the prediction
difference D(x) as:

D(x) = ∥yi − yj∥,

where ∥ · ∥ denotes semantic space distance.

D.2 Mathematical Derivation
Large Model’s Predictive Distribution. Assume
the large model’s output is a probability distribution
P (y|x, θ), where y is the response, x is the prompt,
and θ are the model parameters.
Posterior Predictive Distribution. According to
Bayes’ theorem, the posterior predictive distribu-
tion of the large model can be expressed as:

P (y|x) =
∫︂

P (y|x, θ)P (θ|x)dθ,

where P (θ|x) is the posterior distribution of the
large model parameters.
Epistemic Uncertainty. The uncertainty in the
parameters can be measured by the variance of the
posterior distribution:

Var(θ|x) = Eθ|x[(θ − Eθ|x[θ])
2] =

Eθ|x[θ
2]− (Eθ|x[θ])

2.
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Prediction Difference and Epistemic Uncer-
tainty. To relate the prediction difference D(x)
to parameter uncertainty, we need to consider the
predictions from the perturbed prompts. Assume
the parameters during i-th and j-th prompt pertur-
bation are θi and θj, respectively, and they have the
same prior distribution, i.e., P (θi) = P (θj).
Predictions from Perturbed Prompts. The pre-
dictions from perturbed prompts can be expressed
as:

yi = Eθi|x [P (y|x, θi)] ,

yj = Eθj|x
[︁
P (y|x, θj)

]︁
.

Expression for Prediction Difference. Assume
the difference in predictions can be approximated
by a First-order Taylor Expansion:

yi − yj ≈ Eθ|x
[︁
∇θP (y|x, θ) · (θi − θj)

]︁
,

where ∇θP (y|x, θ) is the gradient of P (y|x, θ)
with respect to θ.

Thus, the prediction difference D(x) can be ex-
pressed as:

D(x) = ∥yi−yj∥ ≈ Eθ|x
[︁
∥∇θP (y|x, θ) · (θi − θj)∥

]︁
.

Relationship Between Prediction Difference
from Prompt Perturbation and Epistemic Un-
certainty. To simplify the analysis, assume θi
and θj are independently and identically distributed
(i.i.d.). Then:

Eθ|x
[︁
∥∇θP (y|x, θ) · (θi − θj)∥2

]︁
≈

Eθ|x
[︁
∥∇θP (y|x, θ)∥2

]︁
· Eθ|x

[︁
(θi − θj)

2
]︁
.

With Eθ|x
[︁
(θi − θj)

2
]︁

=
2
(︁
Eθ|x[θ2]− (Eθ|x[θ])2

)︁
=

2 · Var(θ|x), we have:

Eθ|x
[︁
∥∇θP (y|x, θ) · (θi − θj)∥2

]︁
≈

2 · Eθ|x
[︁
∥∇θP (y|x, θ)∥2

]︁
· Var(θ|x).

Assuming k = Eθ|x
[︁
∥∇θP (y|x, θ)∥2

]︁
, which

is positive, we get:

Eθ|x
[︁
∥∇θP (y|x, θ) · (θi − θj)∥2

]︁
≈ 2k·Var(θ|x).

Thus, the prediction difference D(x) from
prompt perturbation can be expressed as:

D(x) ≈
√
2k ·

√︁
Var(θ|x).

Simplifying further, we obtain:

D(x) ∝
√︁

Var(θ|x).

D.3 Final Theorem
From the above derivation, we have shown that
the prediction difference D(x) from prompt per-
turbation is proportional to the square root of the
model’s epistemic uncertainty

√︁
Var(θ|x). There-

fore, the prediction difference D(x) can serve as a
measure of the model’s epistemic uncertainty for a
given sample.
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