VAUQ: Vision-Aware Uncertainty Quantification for LVLM Self-Evaluation
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Abstract

Large Vision-Language Models (LVLMs) fre-
quently hallucinate, limiting their safe deploy-
ment in real-world applications. Existing LLM
self-evaluation methods rely on a model’s abil-
ity to estimate the correctness of its own out-
puts, which can improve deployment reliability;
however, they depend heavily on language pri-
ors and are therefore ill-suited for evaluating
vision-conditioned predictions. We propose
VAUQ, a vision-aware uncertainty quantifica-
tion framework for LVLM self-evaluation that
explicitly measures how strongly a model’s out-
put depends on visual evidence. VAUQ intro-
duces the Image-Information Score (IS), which
captures the reduction in predictive uncertainty
attributable to visual input, and an unsupervised
core-region masking strategy that amplifies the
influence of salient regions. Combining pre-
dictive entropy with this core-masked IS yields
a training-free scoring function that reliably
reflects answer correctness. Comprehensive ex-
periments show that VAUQ consistently outper-
forms existing self-evaluation methods across
multiple datasets'.

1 Introduction

LVLMs have demonstrated remarkable progress
across a wide range of multimodal tasks, exhibiting
strong visual understanding capabilities. However,
LVLMs remain prone to hallucinations, posing sig-
nificant risks in high-stakes domains (Liu et al.,
2024b). To assess model outputs, many existing
works rely on external evaluators and judges (Liu
et al., 2024a; Lee et al., 2024). Nevertheless, this
approach is both costly and susceptible to halluci-
nations from the evaluator itself (Xu et al., 2024).
A promising direction for improving deployment
reliability is self-evaluation, in which a model esti-
mates the correctness of its own outputs using in-
ternal signals, without relying on external supervi-
sion or auxiliary models. In language-only settings,
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Figure 1: Failure of LLM-based self-evaluation under
language prior dominance. Methods include: Entropy
(Ent), Verbalized Confidence (Verb), Semantic Entropy
(Sem), and EigenScore (Eigen). Performance compar-
ison on the ViLP dataset using LLaVA-1.5-7B, which
contains paired factual and counterfactual images asso-
ciated with the same prompt. Common self-evaluation
methods often fail in counterfactual samples.

prior work has shown that uncertainty quantifica-
tion, consistency checks, and latent-state analysis
can enable large language models to identify unreli-
able generations of themselves (Malinin and Gales,
2021; Manakul et al., 2023; Kuhn et al., 2023;
Du et al., 2024; Orgad et al., 2025; Wang et al.,
2025b). However, extending these self-evaluation
techniques to LVLMs is non-trivial. Unlike text-
only models, LVLMs operate over heterogeneous
modalities, and their uncertainty arises from both
linguistic and visual sources.

In practice, LVLMs can exhibit a strong
language-prior dominance, relying heavily on sta-
tistical regularities learned during large-scale lan-
guage pretraining while under-utilizing visual ev-
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idence (Liu et al., 2024c; Leng et al., 2024; Lee
et al., 2025; Long et al., 2025). As a result, exist-
ing LLM-based self-evaluation methods can assign
low uncertainty to hallucinated responses when the
image contradicts common linguistic expectations
(see Figure 1). In such cases, confidence reflects
fluency rather than grounding. This fundamental
mismatch highlights the need for an approach that
explicitly accounts for how much visual informa-
tion contributes to a model’s prediction.

To this end, we introduce Vision-Aware
Uncertainty Quantification (VAUQ), a training-free
framework for LVLM self-evaluation that measures
whether a model’s confidence is justified by visual
grounding. Our central insight is that informative
and correctly utilized visual evidence should reduce
predictive uncertainty on LVLM’s output. VAUQ
operationalizes this insight through two key com-
ponents. First, we propose the Image-Information
Score (IS), which quantifies the reduction in pre-
dictive uncertainty attributable to the image by
comparing model behavior with and without vi-
sual input. Moreover, to ensure that IS reflects
semantically meaningful visual information rather
than spurious background correlations, we intro-
duce an unsupervised core-region masking strategy.
By selectively masking the salient regions, VAUQ
penalizes predictions that remain confident even
after core visual evidence is removed.

We evaluate VAUQ across diverse benchmark
datasets and widely used LVLMs, including
LLaVA (Liu et al., 2023), Qwen2.5-VL (Bai et al.,
2025), and InternVL3.5 (Wang et al., 2025a).
Across all settings, VAUQ consistently outperforms
existing LLLM- and LVLM-based self-evaluation
methods. In the challenging counterfactual sce-
narios where visual grounding is essential, our ap-
proach achieves a significant +13.3% improvement
in self-evaluation AUROC compared to state-of-
the-art methods. We conduct comprehensive abla-
tion studies that systematically analyze each com-
ponent of VAUQ, demonstrating the necessity and
robustness of each design choice. Our key contri-
butions are summarized as follows:

1. We propose VAUQ, a novel vision-aware
uncertainty quantification framework that
enables LVLMs to perform reliable self-
evaluation without relying on external models.

2. We introduce an information-theoretic score
together with a core-region masking strategy

to effectively capture visual utilization in a
label-free and training-free manner.

3. We conduct extensive experiments across mul-
tiple LVLMs and benchmark datasets, achiev-
ing state-of-the-art performance and providing
a rigorous analysis of the contributions of the
proposed components.

2 Related Works

LLM self-evaluation aims to assess the correct-
ness of a model’s own outputs using only its in-
ternal knowledge, without relying on external su-
pervision. This is closely related to uncertainty
quantification and hallucination detection, which
can be broadly categorized as follows: (1) logit-
based methods, which use token-level probabilities
as uncertainty scores (Malinin and Gales, 2021;
Orgad et al., 2025); (2) prompting-based methods,
which instruct models to explicitly express their
uncertainty in natural language (Kadavath et al.,
2022; Lin et al., 2022, 2024); (3) consistency-based
methods, which evaluate uncertainty by measur-
ing the agreement across multiple generated re-
sponses (Manakul et al., 2023; Kuhn et al., 2023;
Chen et al., 2024; Li et al., 2025); and (4) internal-
state-based methods, which leverage latent repre-
sentations to assess hallucination (Ren et al., 2022;
Azaria and Mitchell, 2023; Burns et al., 2023; Du
et al., 2024; Park et al., 2025; Wang et al., 2025b).

LVLM self-evaluation remains largely under-
explored, as it is further complicated by the un-
certainty introduced through the integration of the
image information. Prior studies have examined
token-level probabilities (Zhou et al., 2024), visual
attention weights (Jiang et al., 2025), or latent rep-
resentation (Phukan et al., 2025; Yang et al., 2025;
Park and Li, 2025; Duan et al., 2025) to detect
hallucinations at the object level. However, these
methods are limited to object tokens and cannot ef-
fectively assess response-level hallucination, which
is more generally applicable across diverse vision-
language tasks. A few recent works attempt to
detect response-level hallucination through linear
probing (Li et al., 2024) or semantic-invariant per-
turbation (Khan and Fu, 2024; Zhang et al., 2025),
but they rely on large labeled datasets, require com-
putationally expensive multiple sampling, or exter-
nal natural language inference modules.

In this paper, we propose an efficient framework
for LVLM self-evaluation that identifies hallucina-
tions based on the Image-information Score, en-
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abling scalable and generalizable response-level
assessment in a training-free manner, without rely-
ing on external supervision.

3 Problem Setup

Notation. Given an input image, the vision en-
coder processes it into a set of patch-level visual
tokens. These tokens are then projected into the lan-
guage model’s embedding space through the multi-
modal fusion module, resulting in a sequence of N
visual embeddings: v = {v1,...,on} € RV*9
where each v; corresponds to a transformed vi-
sual token of dimension d. On the language
side, the input text prompt is tokenized and em-
bedded into a sequence of language embeddings:
t = {t1,...,tr} € RL*? where L is the prompt
length. The projected visual tokens v and the tex-
tual embeddings t are concatenated and passed as
the input sequence to the language model. The lan-
guage model then generates a sequence of output
tokens: y = {y1,...,yn}, where each y; € V is
drawn from a vocabulary space and M is the output
length.

In real-world deployment, LVLMs are often re-
quired not only to generate answers, but also to
assess the reliability of answers in the absence of
external supervision. Self-evaluation is thus cru-
cial for selective prediction, hallucination detec-
tion, and downstream decision-making under un-
certainty. We provide the formal definition below.

Definition 3.1 (LVLM Self-Evaluator). Lerx =
(v, t) denote the multimodal input to an LVLM. The
goal of self-evaluation is to design a scoring func-
tions: X xY — [0,1], where s(x,y) measures
the likelihood that the generated response y is hal-
lucinated for the input x. Based on this score, we
define the binary self-evaluator:

ifs(x,y) > 7
otherwise,

L

1
0, M

G(x,y) = {
where T € [0, 1] is a decision threshold. A value
of G(x,y) 1 indicates that the response is
classified as hallucinated (i.e., incorrect), while
G(x,y) = 0 denotes a correct response.

4 Our Approach

In this section, we introduce Vision-Aware Uncer-
tainty Quantification (VAUQ), a training-free self-
evaluation framework that explicitly measures an
LVLM’s reliance on visual evidence when gener-
ating responses. We first present our motivation in

Section 4.1, followed by a detailed walkthrough of
the proposed method in Section 4.2.

4.1 Motivation: LLM-based Self-evaluation
Methods Suffer from Language Prior

Recent works on uncertainty quantification or hallu-
cination detection methods for LLMs demonstrate
that models can self-evaluate the correctness of
their responses through internal signals (Lin et al.,
2022; Wang et al., 2025b). However, these methods
are developed for text-only settings, and it remains
unclear whether they can capture uncertainty that
arises specifically from incorporating image infor-
mation in vision-language tasks. To investigate the
effectiveness of LLM-based self-evaluation metrics
in vision-language multimodal setups, we conduct
a pilot study (Figure 1) on the ViLP dataset (Luo
et al., 2025), which contains pairs of factual images
aligned with common knowledge and counterfac-
tual images paired with identical prompts. Dataset
details are provided in Appendix C.

We consider four representative LLM-based self-
evaluation approaches: (1) Length-normalized En-
tropy (Ent) (Malinin and Gales, 2021), which
measures the length-normalized entropy of the
next-token distribution; (2) Verbalized Confidence
(Verb) (Lin et al., 2022), obtained by parsing the
model’s self-reported numerical confidence; (3)
Semantic Entropy (Sem) (Kuhn et al., 2023), de-
fined as the entropy over semantic clusters formed
from multiple sampled responses; and (4) Eigen-
Score (Eigen) (Chen et al., 2024), which quantifies
representation-level variability via dominant eigen-
values of the hidden-state covariance matrix. All
the formulations are provided in Appendix E.1.

We observe that all four metrics show substan-
tial performance degradation on counterfactual im-
ages, e.g., Entropy decreases by -40.9% and Eigen-
Score by -26.0%, suggesting that these methods
are strongly driven by language priors and fail to re-
liably incorporate visual evidence when measuring
uncertainty. In particular, low predictive uncer-
tainty does not necessarily indicate correct visual
grounding, as an LVLM may remain confident even
when its response is weakly supported, or contra-
dicted, by the given image. These findings motivate
the need for new metrics that explicitly capture the
use of visual evidence in LVLM self-evaluation. Ac-
cordingly, our research question is:

How can we effectively quantify an LVLM’s
reliance on visual evidence for self-evaluation?
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Figure 2: Overall VAUQ Framework. Given an input image-text pair (v, t), the LVLM generates a response
y. Based on the attention map Attn(v;), we perform unsupervised core region masking by covering the top-K %
image patches, resulting in a core-masked set Vp,ged- Using this masked input, we compute the core-masked
Image-Information Score IS.q.. Finally, predictive entropy H(y | v,t) and IS.,. are combined to produce the

VAUQ score syauq for self-evaluation.

4.2 Vision-Aware Uncertainty Quantification

To address the research question, we propose a
vision-aware uncertainty quantification framework
that explicitly measures how much visual infor-
mation contributes to a model’s prediction. Our
approach builds on the idea that visual evidence
should reduce predictive uncertainty when it is in-
formative and correctly utilized. Accordingly, we
propose the Image-Information Score (1S), captur-
ing the degree to which the image influences the
model’s predictive uncertainty.

Definition 4.1 (Image-Information Score (IS)).
Let H(y | v,t)? denote the length-normalized con-
ditional entropy of the model’s predictive distri-
bution given visual features v and text t, and let
H(y | 9,t) denote the entropy when visual to-
kens are removed. The Image-Information Score is
defined as:

ISblank:H(y|®7t)_H(y‘V7t)u (2)

where a larger IS indicates that visual information
substantially reduces predictive uncertainty, reflect-
ing stronger visual grounding during the models’
answer generation.

M
2H(y | V,t) = 7%21':123,61;17(% = Yy ‘
y<i,v,t)logp(yi =y | y<i, v, t)

Unsupervised Core Region Masking. While
ISpiank serves as an effective proxy for measuring
image utilization, one limitation is that it can be
sensitive to spurious correlations in the input (e.g.,
background artifacts) (Yang et al., 2023), which in-
troduce noise unrelated to the core visual evidence
(See Table 3 for the details).

To mitigate this challenge, we introduce an un-
supervised core-region masking strategy that fo-
cuses on the most task-relevant visual regions for
score computation. Intuitively, if a model truly
relies on the visual evidence needed to answer a
query, removing that evidence should significantly
increase predictive uncertainty. Since ground-truth
evidence annotations are unavailable at inference
time, we estimate these regions using the model’s
visual attention weights. Prior analyses indicate
that middle to later transformer layers provide the
most informative alignment between visual tokens
and semantic reasoning (Jiang et al., 2025; Park
and Li, 2025). We therefore aggregate attention
from a contiguous range of layers, and empirically
verify the optimality of this design choice in Sec-
tion 5.3 (Figure 3).

Specifically, we define the interaction between a
generated token y; and visual information by sum-
ming the attention weights assigned to image to-
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kens within an attention head h and layer ¢:

le H M

Attn(v;) 23N AEM (g0, (3)

=l h=1 j=1

where A" (y; v;) denotes the attention weight
from generated token y; to image token v; at the
h-th attention head of the ¢-th layer, M is the num-
ber of generated tokens, H is the total number of
attention heads, and [/, and [, indicate the start and
end indices of the transformer layers used for ag-
gregation, respectively.

We then select the top K% of image patches
with the highest attention scores as viop:

i € TopK% ({Aun(w) b1 )}, @

JAN
Vtop = {vi

and define the remaining set of visual tokens,
Vmasked> Which is then used as input for core-
masked IS computation:

IScore = H(y | Vmasked7t) - H(y | V,t), (5)
where Viased = {vi | v; ¢ Viop}. By masking
the most attended regions, we intentionally remove
the visual evidence the model is most likely to rely
on, enabling a more precise assessment of whether
its predictions are genuinely grounded.

Vision-Aware Uncertainty Quantification. Fi-
nally, we define the vision-aware uncertainty quan-
tification score, syauQ, as a linear combination of
the predictive entropy and the IS score with the
core region masking:

=H(y |v,t) — o IScoe
+ O() H(y ‘ V,t) — aH(y ‘ Vmaskedat)y 6)

predictive uncertainty

svaue(x,y)
~-(1

penalize weak use of
core visual information

where « is a weighting hyperparameter. This for-
mulation can be interpreted as measuring predic-
tive uncertainty while explicitly discounting confi-
dence that is not supported by core visual evidence.
When a model relies on visual information, mask-
ing the core regions leads to a significant increase
in entropy, resulting in a lower syauq score and
signaling a more reliable, well-grounded predic-
tion. In contrast, when a model’s prediction is
dominated by language priors, the IS score remains
low—reflecting limited uncertainty reduction from
visual input—which results in a relatively higher
syauq value and indicates an increased risk of hal-
lucination.

S Experiments

5.1 Experimental Setup

Datasets and Models. We evaluate our method
on three free-form visual question answering
datasets: ViLP (Luo et al., 2025), MM Vet (Yu
etal., 2024), and VisualCoT (Shao et al., 2024), and
one multiple-choice benchmark: CVBench (Tong
et al., 2024). These datasets broadly cover the
core challenges faced by deployed LVLMs, span-
ning language-prior dominance, multi-capability
reasoning, evidence localization, and vision-centric
perceptual reasoning.

We conduct experiments on three representa-
tive LVLMs: LLaVA-1.5-{7B, 13B} (Liu et al,,
2023), Qwen-2.5-VL-7B (Bai et al., 2025), and
InternVL3.5-8B (Wang et al., 2025a). Implementa-
tion details are provided in Appendix A.

Baselines. We compare our method against eight
representative self-evaluation baselines spanning
both LLM- and LVLM-based approaches. The
LLM-based methods include Perplexity (Ren et al.,
2022), Verbalized Confidence (Kadavath et al.,
2022), Chain-of-Embeddings (Wang et al., 2025b),
EigenScore (Chen et al., 2024), and Semantic En-
tropy (Kuhn et al., 2023). LVLM-based meth-
ods include SVAR (Jiang et al., 2025), Con-
textual Lens (Phukan et al., 2025), and VL-
Uncertainty (Zhang et al., 2025).

Evaluation Metrics. Following prior work (Du
et al., 2024; Park et al., 2025), we evaluate perfor-
mance using the area under the receiver operating
characteristic curve (AUROC). Ground-truth cor-
rectness labels for model responses are annotated
using GPT-5 (OpenAl, 2025).

5.2 Main Experiments

VAUQ achieves state-of-the-art performance.
In Tables 1 and 2, we compare VAUQ with
competitive self-evaluation approaches from prior
work. VAUQ achieves state-of-the-art performance,
substantially outperforming existing methods on
LLaVA, Qwen, and InternVL models. We ob-
serve that both LLM-based scoring approaches and
object-level hallucination detectors (e.g., SVAR
and Contextual Lens) often exhibit inconsistent
performance across architectures and data distribu-
tions. In contrast, VAUQ more consistently deliv-
ers strong results across model families, scales, and
four benchmark datasets.
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LLaVA-1.5-7B

LLaVA-1.5-13B

Method ViILP MMVet VisualCoT CVBench | VILP MMVet VisualCoT CVBench
Perplexity 54.6 79.3 56.2 60.3 54.2 81.3 63.7 64.6
Verbalized 56.3 71.7 49.9 57.6 52.4 67.2 54.4 55.4
SVAR 50.6 29.3 44.5 48.7 48.3 342 44.5 49.2
Contextual Lens 56.7 70.8 58.3 51.1 60.4 61.4 52.5 58.6
Chain-of-Embeddings ~ 52.0 60.8 55.7 50.6 60.5 44 .4 46.5 53.3
EigenScore 63.2 78.2 74.7 65.8 61.1 85.1 75.5 58.1
Semantic Entropy 63.7 81.3 75.1 70.2 63.5 86.4 75.7 66.2
VL-Uncertainty 55.6 82.3 65.2 71.1 58.6 85.9 77.7 67.9
VAUQ (Ours) 77.0 81.5 77.8 73.2 69.5 88.6 80.2 68.3

Table 1: Main results with LLaVA. Comparison with competitive self-evaluation methods across datasets. All
values are AUROC (%). Best results are in bold, and second-best results are underlined.

Qwen-2.5-VL-7B

InternVL3.5-8B

Method ViLP MMVet VisualCoT CVBench [ ViLP MMVet VisualCoT CVBench
Perplexity 55.0 76.6 56.0 64.8 55.3 67.5 62.3 66.4
Verbalized 55.3 51.9 54.7 56.3 48.7 59.4 54.7 60.1
SVAR 49.6 54.6 46.7 61.6 51.6 49.7 56.7 50.5
Contextual Lens 61.3 65.5 65.0 54.4 51.3 59.6 55.1 48.2
Chain-of-Embeddings  47.4 59.8 443 49.7 50.1 52.8 614 53.6
EigenScore 53.0 60.8 51.1 50.9 59.3 64.1 74.5 61.0
Semantic Entropy 52.0 60.1 533 50.9 64.2 70.4 66.3 73.7
VL-Uncertainty 57.9 69.7 62.3 69.7 67.4 75.7 65.8 72.0
VAUQ (Ours) 64.1 78.3 68.0 69.8 65.2 75.8 77.2 74.7

Table 2: Main results using QwenVL-2.5-7B and InternVL-3.5-8B.

in bold, and second-best results are underlined.

Notably, VAUQ improves over a representative
LLM-based method Semantic Entropy by +13.4%
on ViLP with LLaVA-1.5-7B. This highlights the
importance of explicitly modeling visual evidence
for uncertainty quantification for LVLMs. By
jointly capturing predictive uncertainty and image-
information utilization, VAUQ offers a more reli-
able and interpretable self-evaluation signal than
prior text-centric methods. Moreover, VAUQ out-
performs the previous state-of-the-art LVLM self-
evaluation method, VL-Uncertainty, by +21.4%
on ViLP and +12.6% on VisualCoT. While VL-
Uncertainty estimates uncertainty by measuring
semantic consistency across multiple sampled out-
puts and relies on external modules, VAUQ instead
leverages internal model signals, requiring neither
multiple sampling nor external components.

5.3 Ablation Studies

How effective is core-region masking? To inves-
tigate how masking strategies affect performance,
we use the VisualCoT dataset (Shao et al., 2024),
which provides ground-truth bounding boxes for
the visual evidence required to answer each query.
We consider three variants of masking: (1) Blank,
which replaces the entire image with a blank input;
(2) Random, which applies a random mask to the

All values are AUROC (%). Best results are

Method | LLaVA-1.5 QwenVL-2.5 InternVL3.5
W. ISplank 75.2 66.9 75.9
W. IS;and 73.3 65.1 74.0
w. ISgr 78.6 69.2 77.7
w. IScore 77.8 68.0 77.2

Table 3: AUROC (%) of VAUQ score under different
masking strategies on the VisualCoT dataset.

image; and (3) GT (Oracle), which masks out the
pixels inside the ground-truth evidence region.

The results in Table 3 show that masking the
ground-truth evidence region (ISgt) yields higher
AUROC than the blank-image baseline (ISpjank), in-
dicating that fine-grained and semantically relevant
visual content is crucial for VAUQ score compu-
tation. In contrast, random masking (IS;anq) leads
to degraded performance relative to the blank base-
line, suggesting that indiscriminate perturbations
disrupt the model’s ability to extract meaningful
visual cues. These findings highlight the impor-
tance of carefully selecting which visual regions
to mask when estimating image-information uti-
lization. Our method (IScqre) achieves performance
comparable to the GT (Oracle) setting, demonstrat-
ing that our approximated masking region effec-
tively captures the core visual evidence.
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Figure 3: Visual attention ratios over evidence and irrel-
evant regions on the VisualCoT dataset.

Original Image v Masked Image vy asked
Y

Q: What is the food in the
bowl?

A: Cereal

Q: What is the animal in
front of the road called?

A: Cow

Figure 4: Qualitative examples of core region masking
using LLaVA-1.5-7B.

Can visual attention weight capture the correct
region? We investigate whether visual attention
weights can capture the correct evidence region
in the input image. Using the ground-truth evi-
dence regions provided in the VisualCoT dataset,
we compute the summed visual attention weight
within the evidence region and within the irrelevant
region, and then normalize each by the number of
patches in the corresponding region. In Figure 3,
we visualize the normalized attention weights for
LLaVA-1.5-7B and Qwen2.5-VL-7B on VisualCoT.
For both models, the early layers (0-10) struggle
to focus on the correct region, while middle to later
layers capture the evidence region more reliably.
This observation is consistent with prior findings
that intermediate layers of LVLMs are primarily
responsible for processing visual information, and
it further supports our design choice to use inter-
mediate layers in our approach.

Visualization results of core region masking.
We visualize masked images produced by the core
region masking strategy using visual attention ag-
gregated from the 10th-25th layers of LLaVA-1.5-
7B, with K = 60. As shown in Figure 4, the
masking strategy defined in Equation (4) effec-
tively masks out semantically important regions
required for reasoning, such as the cereal or the
cow in the original image. These examples demon-

Factual Counterfactual
Method LLaVA QwenVL | LLaVA QwenVL
Entropy 83.2 68.4 48.4 44.5
IScore 60.9 56.5 75.2 63.0
Entropy — aIScore 83.6 68.1 70.4 60.1

Table 4: Component analysis of VAUQ on the ViLP
dataset across factual and counterfactual splits.

LLaVA-1.5-7B Qwen2.5-VL-7B
Method Time (s) AUC (%) | Time (s) AUC (%)
SVAR 0.39 50.6 1.59 49.6
Verbalized 0.58 56.3 1.82 55.3
EigenScore 5.86 63.2 8.77 53.0
Semantic Entropy 7.05 63.7 12.4 52.0
VL-Uncertainty 13.6 55.6 20.2 57.9
Ours 0.73 77.0 2.16 64.1

Table 5: Average per-sample inference time on the ViLP
dataset.

strate that leveraging intermediate-layer visual at-
tention can reliably identify meaningful visual re-
gions. Additional qualitative results are provided
in Appendix B.

Complementary roles of entropy and image in-
formation score. In Table 4, we conduct a com-
ponent analysis of VAUQ on the ViLP dataset using
LLaVA-1.5-7B and Qwen2.5-VL-7B. Entropy per-
forms well on the factual split but degrades substan-
tially on the counterfactual split due to its reliance
on language priors. In contrast, [Scoe achieves
moderate performance on factual samples while ex-
hibiting strong performance on the counterfactual
split, where visual evidence is essential. By com-
bining these two signals, VAUQ achieves robust
and balanced performance across both factual and
counterfactual settings. These results demonstrate
that predictive entropy and image-information uti-
lization capture complementary aspects of uncer-
tainty, making VAUQ well-suited for mixed real-
world distributions.

Inference efficiency of VAUQ. In Table 5, we
evaluate the inference efficiency of VAUQ on the
ViLP dataset. Generating a response of length M
requires M forward passes under standard autore-
gressive decoding. VAUQ introduces only a con-
stant number of additional forward passes for un-
certainty estimation (e.g., computing scores with
masked visual inputs), without requiring any ad-
ditional autoregressive generation. Consequently,
the overall inference complexity of VAUQ remains
linear in the output length, O(M ), with a small
constant overhead. In contrast, multi-sampling—
based approaches require generating A indepen-
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Figure 5: (a) Effect of the weighting parameter « in Equation (6); (b) effect of the proportion of masked image
patches K in Equation (4); (c) generalization performance across datasets.

dent responses, resulting in O(A - M) forward
passes, where A is the number of samples and of-
ten exceeds five in practice (Zhang et al., 2025).
Consequently, VAUQ achieves a 94.6% reduction
in per-sample inference time compared to VL-
Uncertainty, while delivering a +21.4% AUROC
improvement in self-evaluation performance on the
LLaVA-1.5-7B model. Overall, VAUQ maintains
comparable per-sample inference time while pro-
viding stronger self-evaluation accuracy, demon-
strating a favorable efficiency-performance trade-
off across models.

How does the weighting parameter « affect per-
formance? In Figure Sa, we present the perfor-
mance across different values of the weighting pa-
rameter . We search o over the range [0, 5] with
intervals of 0.1. Larger values of « place greater
emphasis on the IS score relative to predictive en-
tropy. In practice, moderate values of o between
0.5 and 1.5 yield the best performance, suggest-
ing that predictive entropy and IS provide comple-
mentary and balanced contributions. Tasks that
rely more heavily on visual evidence tend to prefer
larger « values (e.g., CVBench), while datasets re-
quiring less visual grounding benefit from smaller
values.

How does the proportion of the masked image
patches K affect performance? We examine
how the proportion of selected image patches K%
used for masking influences model performance
(see Figure 5b). We search K over the range [0,
100] with intervals of 10. We vary K from 0 to 100
in increments of 10. Overall, moderate values of K
yield stable performance across datasets, with opti-
mal performance achieved at K = 30 on CVBench
and K = 40 on MM Vet. In contrast, small mask-
ing regions tend to degrade performance, since they
concentrate on overly specific areas or introduce
noisy masks.

Parameter generalization across data distribu-
tions. While VAUQ demonstrates strong over-
all performance, we further investigate its ability
to generalize across different data distributions.
As shown in Figure 5c, we evaluate the gener-
alization capability of VAUQ using the LLaVA-
1.5-7B model by transferring hyperparameters—
including the weighting parameter «, the propor-
tion of masked image patches K—from a source
in-distribution (ID) dataset to various target out-
of-distribution (OOD) datasets, and computing
their corresponding VAUQ scores. The results
show that VAUQ transfers robustly across diverse
datasets. Notably, it achieves an AUROC of 72.3%
on CVBench even when the hyperparameters are
selected from MM Vet, closely matching the perfor-
mance obtained when tuned directly on CVBench
(73.2%). This transferability underscores VAUQ’s
practical potential for real-world LVLM applica-
tions, enabling effective self-evaluation even under
significant domain shifts.

6 Conclusion

We introduced VAUQ, a vision-aware uncer-
tainty quantification framework for LVLM self-
evaluation that explicitly accounts for how much
a model relies on visual evidence when assess-
ing the reliability of its own outputs. Central
to our approach is the Image-Information Score
(IS), which measures the reduction in predictive
uncertainty attributable to the image, and a core-
region masking strategy that suppresses the influ-
ence of visually irrelevant regions during IS com-
putation. Extensive experiments across multiple
LVLM architectures and benchmark datasets show
that VAUQ consistently outperforms existing LLM-
and LVLM-based self-evaluation methods. We
hope our work will encourage future research on
reliable and vision-aware self-evaluation in multi-
modal models.
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Limitations

Although VAUQ demonstrates robust performance
across multiple LVLMs and benchmark datasets,
it relies on a small set of global hyperparameters.
While we show that VAUQ is relatively stable un-
der moderate variations of these values, the optimal
configuration can still vary across datasets and even
individual examples, depending on how strongly
a task relies on visual versus linguistic informa-
tion. Hence, designing adaptive or sample-specific
strategies for tuning these hyperparameters remains
an interesting direction for future work.

Ethical Considerations

VAUQ aims to support more reliable use of vi-
sion—language models by providing a lightweight,
training-free self-evaluation signal. Such a signal
may be useful for identifying potentially unreliable
outputs and for supporting selective prediction or
human review in practical deployments. At the
same time, VAUQ is not a comprehensive safety
mechanism and should not be treated as a definitive
measure of correctness. We view it as a comple-
mentary tool that is best used alongside existing
safeguards and human oversight, particularly in
sensitive or high-stakes settings.
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A Implementation Details

We implement our method using greedy decoding
with a maximum generation length of 128 tokens.
For implementation efficiency, rather than modify-
ing the raw image inputs corresponding t0 Viaskeds
we mask the attention weights associated with vi-
sual tokens in v, when computing IScore, follow-
ing the attention knockout strategy (Geva et al.,
2023; Kaduri et al., 2025). The weighting parame-
ter o and the proportion of masked image patches
K used to compute the VAUQ score are selected
based on a held-out validation set, as described
in Appendix F. The layer index range (Is,[.) is
chosen heuristically based on empirical observa-
tions, as illustrated in Figure 3. For all experi-
ments, we report results averaged over three ran-
dom seeds. All experiments are conducted using
Python 3.11.11 and PyTorch 2.6.0 (Paszke et al.,
2019) on a single NVIDIA A100 GPU with 80GB
of memory.

Ground-truth labeling. For free-form visual
question answering datasets—MMVet, Visual-
CoT, and ViLP—we employ GPT-5 (OpenAl,
2025) as an evaluator under the LLM-as-a-judge
paradigm (Zheng et al., 2023) to annotate model
outputs. Specifically, we assess the correctness of
LVLM-generated responses by determining their
semantic equivalence to the corresponding gold-
standard answers. We use the following evaluation
prompt:

Input prompt for GPT-5-based labeling

Prompt:

Ground truth: {ground_truth}.

Model answer: {model_answer}.

Please verify whether the model answer
matches the ground truth. Respond with
either Correct or Wrong only.

A response is labeled as correct if the judge out-
puts Correct, and as a hallucination otherwise. To
improve label consistency, we sample three inde-
pendent judgments and assign the final label via
majority voting. For the multiple-choice dataset
CVBench, we use exact answer matching for label-
ing.

4\User Input

Q: What
color is the
banana?

#~ Method ™ score
3.591>17
/ Hallucination! Q
G LVLM
' Response
2021 <1
[A’ veltow Correct! Q

Figure 6: Qualitative example comparing our method
with the entropy baseline.

B Qualitative Analysis

B.1 Qualitative Example

In Figure 6, we show a qualitative example compar-
ing our method with the entropy baseline. The
entropy baseline produces a lower uncertainty
score than the threshold (7), predicting the gen-
erated response as correct, which illustrates the lan-
guage prior problem inherent in LLM-based self-
evaluation. In contrast, VAUQ explicitly accounts
for visual information and produces a higher uncer-
tainty score, accurately identifying the hallucinated
output.

B.2 Case Studies of Core Region Masking

Q: What's in the water?”
A: Buoy

GT: Buoy

v
. Q: What's the jewelry on?
BN A: Table

j GT: Blanket

Original Image v

Masked Image Vimasked

gl Q: What is the name of the
animal to the left of the
bookcase?

A: Lion

¥ GT: Lion

Original Image v

Masked Image Vi asked

Figure 7: Qualitative case studies of core-region mask-
ing using LLaVA-1.5-7B, illustrating (a) correct re-
sponse, (b) incorrect response, and (c) failure mode.

We conduct a qualitative analysis of core re-
gion masking under three scenarios: (a) correct
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response, (b) incorrect response, and (c) failure
mode analysis, as shown in Figure 7. We visualize
the masked images using visual attention from the
10th-25th layers of LLaVA-1.5-7B, with K = 60.
For (a), when the response is correct, the model
successfully identifies and masks out semantically
meaningful regions. For (b), although the model
correctly captures meaningful regions of the image,
it fails to reason about the output, indicating that
accurate region identification alone is insufficient
for correct reasoning. In this case, VAUQ captures
information more effectively, as reflected by its
performance compared to SVAR and our method
in Tables 1 and 2. For (c), we observe a failure case
in which multiple dominant objects are present in
the image, causing visual attention to miss some
relevant information.

C Dataset Details

ViLP (Luo et al., 2025) is a free-form vision—
language evaluation dataset designed to probe lan-
guage priors in LVLMs. It contains 300 carefully
constructed questions, each paired with three dis-
tinct image—answer sets: one factual answer that
can be inferred from language context alone, and
two counterfactual answers that require grounded
visual reasoning to answer correctly, yielding 900
Question-Image—Answer (QIA) triplets in total. In
our work, we use the paired factual-counterfactual
subset comprising 600 QIA triplets.

MMVet (Yu et al., 2024) is a vision—language
evaluation benchmark designed to assess the in-
tegrated vision—language capabilities of LVLMs.
It defines six core vision—language capabili-
ties—recognition, OCR, knowledge, spatial aware-
ness, language generation, and math—and evalu-
ates 16 capability integrations derived from their
combinations. MM-Vet consists of 218 open-ended
questions paired with images, where each question
requires one or more capabilities to answer cor-
rectly.

VisualCoT (Shao et al., 2024) is a free-form
vision—language dataset designed to support and
evaluate visual chain-of-thought reasoning in mul-
timodal large language models. Each example is
annotated with a question, answer, and an interme-
diate bounding box that highlights the key evidence
image region required for reasoning. The dataset
spans multiple domains, including text/document
understanding, charts, general VQA, fine-grained

recognition, and relational reasoning. In our ex-
periments, we sample 1.5K examples from the full
VisualCoT dataset for evaluation.

CVBench (Tong et al., 2024) is a multiple-
choice, vision-centric evaluation benchmark de-
signed to assess fundamental visual understanding
in LVLMs. It repurposes classic vision benchmarks
into vision—language questions that probe core 2D
and 3D perception abilities, including spatial rela-
tionships, object counting, depth order, and relative
distance. CVBench consists of 2,638 manually
inspected examples.

D Additional Analysis

D.1 Evaluation on HallusionBench

To further validate our method, we evaluate on Hal-
lusionBench (Guan et al., 2024) using LLaVA-1.5-
7B and Qwen-2.5-VL-7B with the same baselines
as in the main experiments. As shown in Table 6,
our method outperforms multi-sampling baselines,
surpassing VL-Uncertainty by +1.9% AUROC on
LLaVA-1.5-7B and Semantic Entropy by +0.3%
on Qwen-2.5-VL-7B, and consistently outperforms
all baselines across both models.

Method LLaVA | Qwen
Perplexity 56.4 69.4
Verbalized 49.1 57.9
SVAR 60.2 63.3
Contextual Lens 54.9 58.3
Chain-of-Embeddings 52.1 61.0
Semantic Entropy 64.3 74.0
VL-Uncertainty 65.1 73.5
QOurs 67.0 74.3

Table 6: Experiment results on HallusionBench.

D.2 Comparison with Other Masking
Strategies

We compare our attention-based core-region
masking against two alternative strategies: an
embedding-based baseline (Contextual Lens) and a
Grad-CAM-based (Selvaraju et al., 2020) masking
variant.

Localization Quality. To quantify localization
quality, we measure the overlap between attention-
derived core regions and ground-truth object masks
on ImageNet-S (Gao et al., 2022), which provides
pixel-level annotations. As shown in Table 7,
our attention-based masking achieves consistently
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stronger alignment with ground-truth object re-
gions than the embedding baseline across all met-
rics.

Method | Pixel Acc.t | mIoUt | mAPt
Embedding (Contextual Lens) ‘ 50.4 36.1 539
Attention (Ours) 69.3 46.4 77.1

Table 7: Localization quality on ImageNet-S.

We further report category-wise IoU across 10
sampled object categories spanning varied object
sizes in Table 8.

Category Embedding | Attention (Ours)
Monkey 47.62 50.79
Hamster 31.36 38.52
Car 36.35 43.46
Tron 41.47 41.89
Pasta 67.52 70.10
Sign 15.35 20.95
Sandals 29.19 35.53
Pen 12.93 14.87
Ship 20.96 24.70
Water tower 16.60 23.84

Table 8: Category-wise IoU on ImageNet-S.

Uncertainty Quantification Performance.
Since applying CAM-style methods (Zhou et al.,
2016) directly to autoregressive LVLMs is non-
trivial due to their multi-token generative outputs,
we implement a Grad-CAM-based (Selvaraju
et al,, 2020) masking variant by aggregating
gradients over the generated answer tokens to
obtain a saliency map over image patches. Table 9
compares this gradient-based masking with our
attention-derived masking on LLaVA-1.5-7B.

Method ViLP | VisualCoT
Grad-CAM 76.0 76.6
Attention (Ours) | 77.0 77.8

Table 9: AUROC comparison of masking strategies on
ViLP and VisualCoT.

D.3 Evaluation with AUPRC

AUROC alone may not fully capture performance
under class-imbalanced conditions. To address this,
we additionally report AUPRC, which is more sen-
sitive to class distribution. Table 10 presents results
on ViLP with LLaVA-1.5-7B, where the ratio of
correct to incorrect samples is approximately 2:3.
Our method achieves a +8.0% AUPRC improve-
ment over Semantic Entropy and outperforms all
baselines on both metrics, demonstrating robust-
ness under class-imbalanced settings.

Method AUROC (%)1 | AUPRC (%)t
Perplexity 54.6 50.5
Verbalized 56.3 47.8
SVAR 50.6 474
Contextual Lens 56.7 52.1
Chain-of-Embeddings 52.0 459
EigenScore 63.2 59.7
Semantic Entropy 63.7 60.2
VL-Uncertainty 55.6 54.9
Ours 77.0 68.2

Table 10: AUROC and AUPRC comparison on ViLP
with LLaVA-1.5-7B.

E Related Works

E.1 Baselines

Perplexity (Ren et al., 2022) measures the un-
certainty of a model over a generated sequence and
is defined as the exponentiated average negative
log-likelihood:

) )]

1
Sppl = €XP (—M > logp(y; | y<s,v,t)
j=1
Verbalized Confidence (Kadavath et al., 2022)
estimates model uncertainty by prompting a large

language model to explicitly report its confidence
in a given answer:

Input prompt for verbalized confidence

Prompt:

Question: {question}.

Model answer: {model_answer}.

On a scale of 0 to 100, how confident are
you about the correctness of this answer?
Respond with only a single number.

M

Summed Visual Attention Ratio (Jiang et al.,
2025). The Visual Attention Ratio (VAR) quanti-
fies the extent to which a generated token y; attends
to visual information by summing the attention
weights assigned to image tokens within a specific
attention head A and layer /:

N
VAR () 23 " AN (5, 0),  (8)
=1

where A(“")(y;,v;) denotes the attention weight
from the generated token y; to the i-th image token
v; at the h-th attention head of the ¢-th layer, and
N is the number of image tokens.

Building on this definition, the Summed Visual
Attention Ratio (SVAR) aggregates visual attention
by averaging VAR across all attention heads and
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summing over a selected range of layers. Specifi-
cally, for token y;, SVAR is computed over layers
¢ =>5to18 as

18 H

1
ssvar (¥5) = o DD VAR (y), )

(=5 h=1

where H denotes the total number of attention
heads. The final SVAR score ssyar 1S obtained
by averaging ssvar(y;) over all generated tokens.
To align this metric with other uncertainty scores,
we negate the score when reporting results.

Contextual Lens (Phukan et al., 2025) mea-
sures the alignment between textual and visual rep-
resentations by computing the maximum cosine
similarity between the averaged hidden represen-
tation of the generated description at layer /7 and
each image token representation at layer /;:

1 M
a7 h T(y')7 h I(Ui)> . (10

To align this metric with other uncertainty scores,
we negate the similarity value when reporting re-
sults.

SC[. = max sim
CL = max

Chain-of-Embeddings (Wang et al., 2025b) es-
timates response correctness by analyzing the la-
tent trajectory of hidden states produced during
inference. Specifically, it treats the sequence-level
hidden representations across layers as a latent
thinking path and measures its geometric variation,
which differs systematically between correct and
incorrect responses. A representative CoE score is
defined by aggregating layer-wise changes between
adjacent hidden states:

L—1

SCoE = > (Hhtzﬂ — hell2 — arccos
£=0

T
h[+1he
Thep 1 TR

). an

where hy denotes the hidden embedding at layer £,
averaged over all generated tokens.

EigenScore (Chen et al., 2024) measures uncer-
tainty by quantifying the divergence among multi-
ple generated responses in the model’s internal em-
bedding space. Given K sampled responses, hid-
den embeddings are extracted from internal states
and used to form a covariance matrix, whose eigen-
values capture semantic diversity. The EigenScore
is defined as the average log-determinant of the
covariance matrix:

K
1
SEigen — ? § IOg()‘z)a (12)
=1

where {\;} XX, are the eigenvalues of the regular-
ized covariance matrix of sentence embeddings.
Higher scores indicate greater semantic divergence
and higher uncertainty.

Semantic Entropy (Kuhn et al., 2023) mea-
sures uncertainty over meanings rather than sur-
face forms by accounting for semantic equivalence
among generated responses. Given a set of sam-
pled generations clustered into semantic equiva-
lence classes C, semantic entropy is defined as the
entropy of the induced distribution over meanings:

sse = — Y _p(c|z) logp(c| z),

ceC

(13)

where p(c | ) = > .. p(s | =) aggregates the
probabilities of all sequences s that share the same
semantic meaning.

VL-Uncertainty (Zhang et al., 2025) estimates
uncertainty in LVLMs by measuring the variabil-
ity of model responses to semantically equivalent
perturbations of both visual and textual prompts.
Specifically, multiple perturbed image—text pairs
are constructed, the corresponding responses are
clustered by semantic meaning, and uncertainty is
quantified as the entropy of the resulting cluster
distribution:

SVL-U = — ZP(C) log p(c),

ceC

(14)

where C denotes the set of semantic answer clusters
and p(c) is the proportion of responses in cluster c.
Higher entropy indicates greater uncertainty and a
higher likelihood of hallucination.

E.2 Comparison with Prior Work

Novelty and positioning relative to VCD.
While both VCD and our method involve contrast-
ing distributions, their goals and mechanisms dif-
fer fundamentally. VCD is a decoding-time hal-
lucination mitigation method that modifies token
generation by contrasting logits from original vs.
distorted images to reduce hallucinations during
generation. In contrast, VAUQ is a post-hoc self-
evaluation and hallucination detection framework
that produces an uncertainty score estimating an-
swer correctness by measuring how predictive un-
certainty (e.g., entropy) changes when core visual
evidence is masked.

Beyond simple contrastive comparison, we in-
troduce a core-region masking strategy derived
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from intermediate attention maps, requiring no ad-
ditional training or labels. We show that masking
only the core visual regions is more effective than
masking the entire image, as in VCD, which applies
global visual noise, and that combining mid-layer
visual signals with output-level entropy provides a
robust uncertainty signal for LVLM self-evaluation.

Distinction from attention-guided erasing meth-
ods. Our method is training-free and operates on
top of a pre-trained autoregressive LVLM by lever-
aging its own self-attention signals to identify core
regions. In contrast, prior approaches (Liu et al.,
2019; Shi et al., 2022) learn a masking module
or introduce additional components during train-
ing. We further show that intermediate layers yield
more reliable signals for unsupervised localization
than final-layer features, which directly informs
our masking design.

Unlike methods that aim to improve grounding
performance (Liu et al., 2019) or learned repre-
sentations (Shi et al., 2022), VAUQ is primarily a
self-evaluation framework. Core-region masking
serves only as a mechanism to measure how model
confidence changes when key visual evidence is
removed, rather than to modify training dynamics.

Finally, combining intermediate-layer attention-
based masking with output-level predictive en-
tropy yields a unified uncertainty score tailored for
response-level hallucination detection in LVLM
self-evaluation. The contribution thus lies not only
in the masking mechanism itself, but in its inte-
gration into a principled uncertainty quantification
framework for reliability assessment.

E.3 Extended Literature Review

Large Vision-Language Models (LVLMs) have
demonstrated remarkable capabilities in under-
standing the visual world by modeling interactions
between visual and textual modalities (Dai et al.,
2023; Tong et al., 2024; Wang et al., 2025a; Hong
et al., 2025; Kimi Team, 2025). These models
integrate a vision encoder (Radford et al., 2021)
with a language model (Grattafiori et al., 2024) via
various multimodal fusion modules (e.g., MLPs).
Through visual instruction tuning, LVLMs perform
complex image understanding and reasoning tasks,
laying the foundation for a wide range of applica-
tions, including agentic (Durante et al., 2024) and
embodied systems (Kim et al., 2024). Despite these
advances, LVLMs remain prone to hallucinations,
posing significant risks for real-world deployment.

Object Hallucinations in LVLMs refer to cases
where the model generates plausible-sounding men-
tions of objects that are not present in the image.
In contrast to higher-level response hallucinations,
detecting and mitigating such object-level errors
has been an active area of research (Liu et al.,
2024b). Existing approaches can be broadly cate-
gorized into training-based and training-free ap-
proaches. Training-based methods typically in-
volve additional supervision or model updates to
strengthen vision—language alignment, such as fine-
tuning with hallucination-aware objectives (Sun
et al., 2024; Lu et al., 2025). On the other hand,
training-free methods seek to mitigate hallucina-
tions at inference time, for example, by modify-
ing decoding strategies using contrastive decod-
ing (Leng et al., 2024; Favero et al., 2024; Liu
et al., 2024c) or latent space steering (Liu et al.,
2025; Duan et al., 2025; Yang et al., 2025; An
et al., 2025).

In contrast to these object-level hallucina-
tions, our method focuses on response-level self-
evaluation (i.e., hallucination detection), aiming to
capture broader forms of implausible generation
beyond individual object errors.

F Hyperparameter settings

Dataset ‘ Hyperparameters

‘ (19 ’ le) (0% K
ViLP 0.6 60
MM Vet 0.6 40
VisualCoT (10,25) 03 60
CVBench 1.2 30

Table 11: Hyperparameter setting for LLaVA-1.5-7B.

Dataset ‘ Hyperparameters

‘ (lsv le) « K
ViLP 1.5 20
VisualCoT (10,35) 0.2 60
CVBench 1.2 40

Table 12: Hyperparameter setting for LLaVA-1.5-13B.

G

Our experiments focus on a subset of widely
used, instruction-tuned LVLMs and on image-
based benchmarks. This focus is important because

Additional Future Works
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‘ Hyperparameters

Dataset

| (ssle) a K
ViLP 0.8 80
MM Vet 0.1 60
VisualCoT (12,26) 0.1 50
CVBench 20 60

Table 13: Hyperparameter setting for Qwen2.5-VL-7B.

Dataset ‘ Hyperparameters

| (ul) a K
ViLP 0.5 70
MM Vet 0.1 50
VisualCoT (10,25) 0.1 50
CVBench 02 60

Table 14: Hyperparameter setting for InternVL3.5-8B.

instruction-tuned LVLMs and image-based bench-
marks constitute the dominant setting in which cur-
rent multimodal systems are deployed and evalu-
ated, and thus provide a realistic and high-impact
testbed for studying practical self-evaluation under
visual grounding constraints. At the same time,
we acknowledge the recent and rapidly emerging
trend toward more advanced reasoning-oriented
LVLMs, including models designed for long chain-
of-thought reasoning, complex multi-step visual
inference, and video understanding. While we do
not explicitly evaluate VAUQ in these settings, the
core principles of vision-aware uncertainty quan-
tification remain applicable, though extending the
framework may require modeling how visual infor-
mation contributes across multiple reasoning steps
rather than only at the final response level. We hope
our framework can serve as a strong baseline and
foundation for future research in these directions.
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