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Abstract

Uncertainty Quantification (UQ) remains a critical chal-
lenge in Large Vision Language Models (LVLMs) for re-
liable predictions and real-world deployment. However,
most existing methods are adapted from the LLM litera-
ture and primarily focus on the language modality, leaving
the contribution of visual information to LVLM uncertainty
largely underexplored. In this paper, we investigate how
LVLMs process visual information and whether this pro-
cess can be used to improve uncertainty estimation. By
analyzing hidden representations after the integration of
visual features during the generation process, we observe
that high-confidence predictions rely more heavily on vi-
sual content than uncertain ones. Building on this insight,
we propose Visual-Grounded Token UQ (VIG-TUQ), a
training-free framework that explicitly incorporates visual
grounding into uncertainty estimation by weighting token-
level language uncertainty with visual grounding scores.
We evaluate VIG-TUQ on multiple datasets and across
diverse LVLM architectures, including early-fusion, late-
fusion, and native-fusion models. Results indicate that our
method often improves upon existing token-level uncertainty
approaches. Code and data will be made available upon
acceptance.

1. Introduction

Large Vision-Language Models (LVLMs) extend Large
Language Models (LLMs) with visual perception and ex-
cel across a wide spectrum of multimodal tasks requiring
visual and language understanding [17, 20, 54-56]. De-
spite their impressive abilities, LVLMs are not yet reliable.
In particular, they remain prone to hallucinations, i.e., they
may generate incorrect, incomplete, fabricated, or mislead-
ing content that appears plausible [26, 29, 47]. Such be-
havior limits their use in safety-critical applications like au-
tonomous driving [16], robotics [22] or medicine [31]. A
promising direction for improving deployment reliability is
uncertainty quantification (UQ) to detect when generated
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content may be unreliable [2, 15, 24]. Prior works show
promising results for UQ methods in the language setting
for LLMs [8, 11, 53]. Although these approaches can be
extended to LVLMs [38, 62], their extension is not straight-
forward. LVLMs operate across multiple modalities and
their uncertainty may stem from both linguistic and visual
sources. Recent studies have highlighted the tendency of
LVLMs to prioritize internal textual knowledge over exter-
nal visual information [14, 41, 48, 49]. For instance, given
an image depicting a blue orange and the question “what
color is the orange?”, an LVLM may confidently answer
“orange”, basing its answer on its parametric knowledge
and language prior rather than on the actual visual input.
This mismatch motivates the importance of developing spe-
cific approaches designed for LVLMs that explicitly cap-
ture and quantify the contribution of visual information to
LVLM predictions.

In this paper, we investigate how LVLM process vi-
sual information during next-token prediction and whether
this process can be leveraged to improve token-level un-
certainty estimation. By analyzing hidden representations
during generation, we observe that high-confidence pre-
dictions rely more heavily on visual content than uncer-
tain ones (Figure 1). Building on this insight, we pro-
pose VIsual-Grounding Token Uncertainty Quantifica-
tion (VIG-TUQ), a training-free uncertainty quantification
framework for LVLMs. VIG-TUQ explicitly incorporates
visual grounding into uncertainty estimation by weight-
ing token-level language uncertainty with visual grounding
scores (Figure 2). Specifically, VIG-TUQ quantifies the
influence of visual content on next-token prediction using
two complementary visual grounding strategies: (1) com-
paring next-token distributions with and without visual in-
put, and (2) leveraging visual attention weights over image
tokens. Our central hypothesis is that token-level uncertain-
ties should not necessarily contribute equally to the uncer-
tainty of the full generated sequence. Visual grounding is
therefore used as a token-importance signal: it determines
how strongly each token-level uncertainty contributes to the
final sequence-level score, rather than acting as an uncer-
tainty measure by itself. Our experimental results support
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Figure 1. Correct / confident predictions depend more strongly on visual information than incorrect / uncertain ones. Radial values
indicate the cosine distance between hidden representations from two forward passes: one with visual input and one without. Results are
averaged on the OKVQA dataset [52]. The cosine distance measures the model reliance on visual information, where larger values indicate

a stronger influence of the image on the internal representation.

this hypothesis and highlight the importance of combining
multiple visual grounding signals, as their effectiveness can
be model-dependent and capture distinct aspects of visual
reasoning. Finally, our approach provides a fine-grained
into which specific spans or entities contribute to the uncer-
tainty, while remaining computationally efficient by avoid-
ing reliance on external models or sampling.

Contributions. This work makes the following key con-
tributions: (1) We observe that LVLMs tend to be more
confident when their predictions rely more strongly on vi-
sual input. (2) We introduce a new training-free uncertainty
quantification framework that combines different comple-
mentary visual grounding scores to weight token-level un-
certainty measures. We evaluate VIG-TUQ on multiple
datasets and across diverse LVLM architectures, including
early-fusion, late-fusion, and native-fusion models. Results
show that our method often improves upon existing token-
level uncertainty approaches and remain computationally
efficient due to the absence of external models or sampling.
(3) We analyze whether uncertainty is uniformly distributed
across generated tokens or concentrated within a subset of
informative tokens. Our findings indicate that visual infor-
mation helps identify the tokens most relevant for uncer-
tainty estimation, enabling more effective token selection
in LVLMs for uncertainty estimation.

2. Related work

Several recent methods have been proposed to enhance reli-
ability by estimating uncertainty in the predictions of LLMs
and LVLMs. These methods are broadly categorized as fol-
lows [34]: (1) logit-based methods, which directly use to-
ken probabilities/logits as uncertainty scores [13, 51]; (2)
semantic-based methods, which quantifies uncertainty by
assessing the semantic consistency of multiple generated
answers [11, 18, 32, 36, 38, 44, 62]; (3) verbalized-based

methods, which estimate uncertainty by directly querying
the LLM about the reliability of its own generations [33,
60, 61]; and (4) internal-state-based methods, which ana-
lyze internal signals from LLMs after a single generation to
estimate uncertainty, such as features at intermediate layers,
attention weights, or other latent representations [5, 35, 58].
Methods listed above may rely on external models (e.g.,
sentence embedding models [1, 18], NLI models [10, 53],
instruction-tuned LLMs [11, 30]) or involve training dedi-
cated models to estimate uncertainty [12, 25, 58]. In this
paper, we propose a training-free hybrid approach to un-
certainty estimation that combines a logit-based component
to capture linguistic uncertainty with an internal-state-based
component to incorporate visual uncertainty. By explicitly
leveraging visual information while maintaining computa-
tional efficiency with a single-pass and token-level estima-
tion, we introduce a multimodal-aware approach designed
for LVLMs. Additional technical details and relevant re-
sults from prior work are discussed throughout the paper.

3. Preliminaries

Notations. Let &, denote the visual input space, X the
linguistic input space, and V the LVLM vocabulary. A
multimodal input is depicted as * = (x,,x;), where the
visual component x,, € &, consists of a sequence of visual
patches and the textual component x; € A consists of a
sequence of textual tokens.

An LVLM defines a parameterized function
fo @ X, x &y — R? to encode the visual-linguistic
context into a latent representation. In practice, fg(-,-)
typically includes a transformer decoder architecture,
potentially combined with separate encoders for each
modality (see Section 3.1). For a given multimodal input
x = (x,,x;), the model then autoregressively generates
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Figure 2. Overview of the VIG-TUQ pipeline. VIG-TUQ weights token-level language uncertainty with visual grounding scores using
two complementary strategies: a distribution-based score obtained from the Jensen—Shannon divergence between predictions with and
without the image, and an attention-based score measuring the attention mass assigned to visual patches.

a token sequence y = [yt]le, where each token y; is
sampled according to:

Po(yi | @, y<r) = softmax ( fi(fo(@u, 2 | y<il)) )
ey
where f, : R* — RIVI denotes the output head that projects
the latent representation to logits over the vocabulary V and
Y<t = [Y1,...,Yt—1] depicts the previously generated to-
kens.

3.1. Modality fusion strategies

Given an input ¢ = (x,,, ; ), an LVLM can be described by
the approach it uses to combine information from the visual
modality x, € &), and the textual modality x; € A} within
the parameterized function fg : X, X A} — R4,

Native fusion. In native fusion, the modalities are directly
combined into a single representation before being pro-
cessed by the transformer decoder architecture. In partic-
ular, the parametric function fg : X, x X} — R% is ex-
pressed as a composition fg = fr o fr_10...0 f1 o fo,
where fy : X, x & — R? is the input function and
{fi : RY — R}E | are L decoder transformer layers. The
input function fy(-, ) processes image patches and text to-
kens independently as:

fO(mva ml) == [Ev(mv) | El(ml)]a (2)
where F,(-) and Fj(-) map visual patches and language
tokens to their embeddings via linear transformations. In
these architectures, the model is trained end-to-end from
scratch to learn multimodal representations natively within
the transformer blocks. LVLM like Qwen models [59]
adopts a native fusion strategy.

Early fusion. In early fusion, features from each modal-
ity are first extracted separately using dedicated encoders,
and then integrated into a shared representation before be-
ing processed by the transformer decoder architecture. In
particular, the parametric function fg : X, x X} — R4 is
defined as a composition fg = fr o f_10...0 f1 0 fo,
where {f; : R? — R?}E | are L decoder transformer lay-
ers and fy : X, X A} — R4 is the input function defined
as:

fo(xy, 1) = mo(Ee, (), Ei(21)); (3)

with mg(+, -) a multimodal fusion module (e.g., concatena-
tion, linear layer, cross-attention layer); Eg, (-) a visual en-
coder with parameters 8, (e.g., ViT, CNNs); and F;(-) a
text embedding function. Unlike native fusion, the visual
encoder Fy, () is a pre-trained model that can be optimized
independently. LVLMs like LLaVA [45] and Qwen-VL [6]
adopt an early fusion approach. Further details on early fu-
sion, fusion modules, and unimodal encoders can be found
in [4, 43].

Late fusion. Late fusion also starts with the extraction of
unimodal features using dedicated encoders. However, un-
like early fusion, the integration between modalities occurs
within the intermediate representations of the transformer
decoder architecture rather than before them. In particular,
the parametric function fg : X, x X; — R? can be defined
recursively over L layers as

fo(xy, ) = fr(hr-1,xy), where
hi = fi(hi—1,@,) = gi(mi(Ego (T0), hi-1))
(1 S ) S L)ho = El(il:l);
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with Ej(-) a text embedding function. For each layer i,
gi : R? — R? depicts a transformer decoder layer, m;(-, -)
denotes a multimodal fusion module (e.g., concatenation,
linear layer, cross-attention layer), and Eegi) (+) is a visual

encoder with parameters 01(,1) (e.g., ViT, CNNs). Note that
the vision modality is not necessarily integrated at every
layer and the fusion module can simply preserve the hid-
den representation, i.e., mi(Ee,(j) (xy),h;) = h;. Simi-
larly to early fusion, visual encoders £ (+) are pre-trained
models that can be optimized independently. LVLMs like
IDEFICS [40] and Flamingo [3] adopt such approach. Fur-
ther details on late fusion, fusion modules, and unimodal
encoders can be found in [4, 43].

3.2. Token-level UQ methods

Given a multimodal input x, token-level UQ methods as-
sign an uncertainty score s; to each generated token y;
(equation 1), with a higher score indicating greater uncer-
tainty. The uncertainty score s(-) for a generated sequence
y = [y]I_, can be derived by aggregating the token-
level scores of each token y;, e.g., by averaging across

1
tokens s(y) = T Zthl s; or by taking their maximum

s(y) = maxy s;.

Negative Log-Likelihood (Log-Perplexity). A straight-
forward token-level uncertainty score is the token negative
log-likelihood [13, 50]:

NLL(y:, x,y<¢) = —logpe(y: | T, y<:)- )

Token Entropy. Another common token-level score is the
token entropy of the autoregressive distribution [13, 50]:

H(y | @, y<) ==Y po(y | @, y<i)logpe(y | =, y<).
yey

(6)

Claim-Conditioned Probability (CCP). CCP [10] esti-

mates token-level uncertainty by measuring how much the

top K token alternatives {y~}X_, contradict the generated
token vy, using a Natural Language Inference (NLI) model:

CCP(yt7$7y<t) =

k
. log Zk:NLI(y<t,yi",yt):email pe(yt | z, y<t)

k y
Zk:NLI(y«,,yf ,y: ) € {entail ,contradict } De (yt | Z, y<t)

)

where NLI(-) determines whether concatenating y¥ with
the preceding generated context y., entails (semantic
equivalence) or contradicts (different meaning) the gener-
ated content y; U y;.

Token-Shifting Attention to more Relevant (Token-
SAR). Token-SAR [9] defines a token-level uncertainty
score by reweighting token likelihood with a semantic rele-
vance factor as:

Token-SAR(y, ¢, y<) = —logpe(y: | T, y<i) R(z,y.y1),

) (8)
where R(:l37 Y, yt) = R(Zl?, Y, yt)/Z?:l R(wv Y, yz) is the
normalized relevance score with

R(z,y,y:) =1 — [g(x Uy, z Uy\{y:})|

the relevance that quantifies how important y; is in reflect-
ing the semantics of y by comparing the semantic change
before and after removing this token and g(-, -) a similarity
between two inputs on a scale of —1 to 1.

4. Method

In this section, we introduce VIsual-Grounding Token Un-
certainty Quantification (VIG-TUQ), a training-free UQ
framework for LVLMs that weights token-level language
uncertainty with visual grounding scores. We first dis-
cuss our motivations (Section 4.1), then describe the visual
grounding score used (Section 4.2), and finally introduce
the proposed method (Section 4.3).

4.1. Motivations

A recent line of works highlights the tendency of LVLMs
to prioritize internal textual knowledge over external vi-
sual information [14, 41, 48, 49]. This suggests that visual
grounding could play a crucial role in identifying unreli-
able responses. To investigate this phenomenon and better
understand the contribution of visual information to token
generations, we conduct a pilot study on how LVLMs pro-
cess visual information. Specifically, we compare hidden
representations (via the cosine distance) obtained from two
independent forward passes: one with visual evidence and
one without it. This analysis is performed on generated
sentences from the OKVQA dataset [52] across different
LVLM architectures [48] using greedy decoding with vi-
sual evidence (further details are provided in Appendix F).
Figure | summarizes our results and highlights that correct
and confident predictions rely more on the visual content
than incorrect and uncertain ones. Furthermore, experi-
ments reported in Appendix C and Appendix F indicate that
the extent to which visual information is processed depends
on both the training setup and the model architecture (see
Section 3). These observations motivate the introduction
of multiple visual grounding scores to capture different as-
pects of visual understanding. Overall, our results suggest
that tokens whose generation strongly depends on visual in-
put are more informative and should therefore be assigned
greater weight in uncertainty estimation. Building on this
insight, we introduce diffrent visual grounding token-level



strategies and our VIG-TUQ approach in the following sec-
tions.

4.2. Visual grounding scores

We propose two scoring strategies to measure how much an
LVLM relies on its visual input when generating a token.

Distribution-based scores. Given a multimodal input
x = (x,,x;), with visual content x, and textual content
x;, this approach quantifies the contribution of the visual in-
put ,, by measuring how much the next-token distribution
changes when the visual information is removed. In partic-
ular, for each generated token y;, we compare the original
LVLM next-token distribution pg(- | @, x;, y<¢) with the
next-token distribution pg (- | &, x;, y<+) when the visual
information «x,, is removed using the Jensen-Shannon di-
vergence:

di(y,x) = JSD (pe(- | Tv, @1, y<t) | po(- | D, 21, Y<t)) -
€))
A larger value of d;(y, ) indicates that removing the vi-
sual input induces a stronger distributional shift when gen-
erating y, and thus a greater reliance on visual information.
To obtain a relative token-level importance score, we nor-
malize the divergence values across all generated tokens:
Sisp(yt, ), where

di(ye, )
-
>im1 de(yis )
This normalized score captures the relative contribution of

the visual input to each generated token y; with respect to
the full sequence.

Sisp (Y, ) = (10

Attention-based Scores. The attention mechanism pro-
vides another way to estimate how much the visual content
contributes to the next-token prediction. For instance, given
a multimodal input @ = (x,,, ;) with a visual content x,
and a textual content x;, we could use the attention weight
vector used for predicting the next token in the {-th layer and
the h-th attention head that interacts with the visual content
Ty

(L.h)_(L,h)

T‘f) e, b

where ¢\"") € RY% is the query vector corresponding to
the last textual token in x;; K" ¢ RN*dr jg the key
matrix featuring the visual content x,, and possibly the tex-
tual content x; (in the case of self-attention); dj, is the di-
mensionality of the key and query vectors; and NV is the
number of visual (and possibly textual) elements in . We

aEl’h) = softmax (

denote by a( ") the subset of attention weights interacting
with visual tokens or patches. For cross-attention heads,

alth = agl’h), while for self-attention heads, aglvh) =

t v
[ Ell )L . §Z|Z)U\]’ where |x,| denotes the number of vi-

sual tokens or patches. We then define the attention-based
visual grounding score for token y; at layer [ as

H |z
a’ (y ZZaiﬁ,” Jin (12)
h: i=1

where H is the number of attention heads that interact
with the visual content. A higher value of agl) (y, x) indi-
cates stronger dependency on the visual modality, whereas
a lower value suggests that visual information contributes
minimally to the next-token prediction at that layer. As for
the distribution-based score, we normalize these raw atten-
tion scores across all generated tokens to obtain a relative

token-level importance score SX) (yt, ), where

at(ytam)
Salys, ) = —tY:2)
AW ®) = S )

This normalized score captures the relative contribution of
token y; to the overall visual attention mass in the generated
answer.

4.3. VIG-TUQ

Our approach leverages visual grounding scores defined in
Section 4.2 and combines them with token-level uncertainty
scores. Our approach assumes that tokens more strongly
grounded in visual content contribute more significantly to
uncertainty estimation, as they are more likely to support
factual claims in the generated output (see Section 5).

13)

Visual-grounding token UQ. We define VIG-TUQ as a
UQ framework for LVLMs that weights token-level un-
certainty scores with visual grounding scores. Specifi-
cally, given a multimodal input « and a generated an-
swer y = [yt]tT: 1» we define a visual-grounded uncertainty
score by combining the distribution-based visual ground-
ing score Sysp(-,-) (equation 10) and the attention-based
visual grounding score SS)(-7 -) (equation 13) with the to-
ken entropy H(y; | ) (equation 6), and summing over all
generated tokens:

VIG-TUQ(z) =
T
Z[QJSDSJSD(ytaw) + aASX)(yt,a:)}H(yt |z), (14)

t=1

where aiysp > 0 and aiq > 0 are weighting hyperparam-
eters, and [ denotes the layer used to compute SX) (+,+). Im-
portantly, the grounding scores do not represent uncertainty
themselves: they determine how strongly each token-level
entropy contributes to the uncertainty of the full generated



sequence. Tokens that are weakly grounded in the visual
input contribute less to the final uncertainty score, while
strongly grounded tokens contribute more through their en-
tropy. The sequence-level uncertainty is therefore obtained
by combining the entropy of all generated tokens according
to their weighted by their degree of visual grounding.

5. Experiments

5.1. Experimental setup

Datasets and models. We evaluate our method across a
range of visual question answering (VQA) tasks, datasets,
and model architectures. Specifically, we conduct ex-
periments on four benchmark datasets: ADVQA [42],
VQARAD [39], OKVQA [52], and VizWiz [21]. Our
evaluation includes several recent LVLM architectures,
namely Qwen2.5-VL-3B and Qwen2.5-VL-7B [7],
Qwen3.5-2B [59], 1llaval.5-7B, llaval.5-
13B [46], idefics—-9B [40] and idefics2-8B [40].
Additional details regarding the datasets, models, and
experimental setup are provided in Appendix A.

Evaluation metrics. Following prior work [11, 27, 37,
38], we evaluate uncertainty estimation methods using the
AUROC metric [23] and ECE [19]. AUROC (Area Under
the Receiver Operating Curve) measures the ability of an
uncertainty score to distinguish between correct and incor-
rect model predictions. Higher values indicate better dis-
crimination, with a perfect uncertainty estimator achieving
a score of 1, while a random uncertainty measure yields an
expected score of 0.5. ECE (Expected Calibration Error)
quantifies how well predicted probabilities align with em-
pirical accuracies, where lower values indicate better cal-
ibration. Additional details on the evaluation metrics are
provided in Appendix A.

Ground truth label. To evaluate the correctness of gen-
erated answers, we adopt an LLM-as-a-Judge approach, fol-
lowing the recommendation of [27]. For each generated
answer, the dataset provides a set of valid ground-truth re-
sponses. We use L1lama—-3.1-8B to determine whether
the generated answer is semantically consistent with any
of the provided ground-truth answers. This setup has been
shown to be reliable and to exhibit strong agreement with
human judgments [28].

Baselines. We compare our method against several
widely used token-level (TL) uncertainty baselines as well
as two sample-diversity approaches, that are semantic-level
(SL). For TL methods, we include Token Entropy (equa-
tion 6), Log-Perplexity (equation 5), Max-Prob [13, 50],
CCP 7, and Token-SAR (equation 8). We also include re-
sults of SL methods like the Semantic Entropy (SE) [37]

and the Kernel Language Entropy (KLE) with a Matern
kernel [53]. Importantly, our primary comparison is with
token-level methods, which estimate uncertainty from a
single generated answer. We also report SE and KLE as
stronger but more expensive reference methods, since they
require multiple generated answers to estimate the uncer-
tainty. Hyperparameter details are provided in Appendix E.

5.2. Results

Overall performance comparison. Tables | and 2 re-
port the performance of the evaluated uncertainty estima-
tion methods. Table | presents AUROC scores aggregated
across LVLM architectures for each dataset, while Table 2
reports results aggregated across datasets for each model
architecture. Across all datasets, VIG-TUQ achieves the
best or tied-best AUROC among token-level methods, im-
proving over Token-Entropy by up to 4.2 AUROC points on
VQARAD. Remarkably, despite using only a single gener-
ated answer, VIG-TUQ also remains competitive with the
more expensive semantic-level methods: it outperforms SE
on VizWiz and VQARAD, nearly matches it on ADVQA,
and even outperforms KLE on VQARAD. Consequently,
they incur a significantly higher inference cost compared
to token-level approaches. Finally, we compute standard
deviations of our AUROCSs in Tab 1, 3 and Tab A.6 that
confirm the statistical significance of our results. Over-
all, these results show that VIG-TUQ improves token-level
UQ consistently while retaining a computational cost close
to lightweight single-answer baselines, and approaches the
performance of more expensive semantic-level methods.

Visual grounding & informative tokens. Our approach
is based on the assumption that visual grounding scores help
identifying the most relevant tokens for uncertainty estima-
tion. We further hypothesize that the effectiveness of these
scores is model-dependent and that they capture distinct as-
pects of visual reasoning. To test this hypothesis, we split
generated tokens into a top half and a bottom half accord-
ing to a given selector, and compute the mean token en-
tropy within each half. Tokens are ranked using either the
distribution-based score (equation 10), the attention-based
score (equation 13), or their weighted combination (equa-
tion 14, as used in VIG-TUQ). Importantly, visual ground-
ing is used only to rank tokens in this experiment and does
not enter the uncertainty score itself. While Token-SAR
estimates token importance from semantic relevance using
an external semantic model, and CCP relies on an external
NLI model to assess semantic consistency among token al-
ternatives, our results show that selecting tokens according
to their visual grounding yields more informative token en-
tropies for sequence-level uncertainty estimation. This in-
dicates that, in LVLMs, visual grounding provides a more
task-relevant and trustworthy notion of token importance



Table 1. VIG-TUQ improves AUROC compared to all token-level (TL) baselines and remains competitive with semantic-level (SL)
baselines. Evaluation metrics for datasets averaged across all LVLM architectures. Values in parentheses are 95% confidence intervals.
Bold values indicates best performance, underline values indicate the second-best among TL.

OKVQA VIZWIZ VQARAD ADVQA Compute

AUROCYT ECE | AUROCT ECE| AUROC?H ECE| AUROCH ECE| | s

Token-Sar 0.591 (0.008)  0.137 (0.007) 0.588 (0.012) 0.126 (0.010) 0.616 (0.027) 0.183 (0.021) 0.564 (0.015) 0.173 (0.013) 1.56

ccp 0.625 (0.008)  0.112(0.007) 0.640 (0.012) 0.101 (0.010) 0.621 (0.027) 0.163 (0.021) 0.631 (0.015) 0.126 (0.013) 335
Max-Prob 0.621 (0.008)  0.125 (0.007) 0.641 (0.012) 0.119 (0.010) 0.626 (0.027) 0.194 (0.021) 0.621 (0.015) 0.180 (0.013) 1.02

2 Token-Entropy 0.627 (0.008)  0.109 (0.007) 0.650 (0.012) 0.093 (0.010) 0.642 (0.027) 0.200 (0.021) 0.612 (0.015) 0.168 (0.013) 1.01
VIG-TUQ-A (ours) | 0.648 (0.008) 0.100 (0.007) 0.676 (0.012) 0.086 (0.010) 0.670 (0.027) 0.194 (0.021) 0.629 (0.015) 0.161 (0.013) 121
VIG-TUQ-ISD (ours) | 0.628 (0.008) 0.078 (0.007) 0.664 (0.012) 0.097 (0.010) 0.638 (0.027) 0.210(0.021) 0.605 (0.015)  0.164 (0.013) 1.32
VIG-TUQ (ours) | 0.653 (0.008) 0.100 (0.007) 0.679 (0.012) 0.088 (0.010) 0.684 (0.027) 0.180 (0.021) 0.631 (0.015) 0.159 (0.013) 1.37

_, SE (Gold) 0.664 (0.008)  0.074 (0.007) 0.649 (0.012) 0.061 (0.010) 0.652 (0.027) 0.174 (0.021) 0.632 (0.015) 0.194 (0.013) 4.69
@ KLE (Gold) 0.690 (0.008)  0.072 (0.007) 0.682(0.012) 0.063 (0.010) 0.656 (0.027) 0.174 (0.021) 0.646 (0.015) 0.192 (0.013) 5.68

Compute is the mean inference time in second for generation + uncertainty quantification.

Table 2. VIG-TUQ improves AUROC compared to all token-level (TL) baselines and remains competitive with semantic-level
(SL) baselines. Evaluation metrics for LVLM architectures averaged across all vision datasets. Bold values indicates best performance.

underline values indicate the second-best among TL.

Qwen2.5-VL-3B Qwen2.5-VL-7B 1llava-1.5-13B 1llava-1.5-7B idefics2-8B idefics-9B Qwen3.5-2B

Method AUROCt ECE| AUROCt ECE| AUROCt ECE| AUROCt ECE| AUROCt ECE| AUROCt ECE, AUROCt ECE|

Token-Sar 0554 0175 0588 0183 0639  0.I36 0609 0136 0599 0153 0550 0170 0587  0.130

cep 0.644 0120 0620 0148 0627  0.37 0624 0120 0627 0137 0659 0118  0.604  0.099

B Max-Prob 0.643 0150 0616 0172 0625 0163 0623 0159 0617 0162 0656 0164 0611  0.112

= Token-Entropy 0.651 0126 0622 0164 0650  0.140 0632 0133 0628 0172 0629 0154 0616  0.109

VIG-TUQ-A (ours) 0.689 0116 0651 0154  0.660  0.147 0640 0139 0659 0139 0660  0.144 0632  0.107

VIG-TUQ-ISD (ours) | 0.652  0.112 0611 0142 0657 0123 0652 0124 0651 0150 0600 0197 0614  0.113

VIG-TUQ (ours) 0.691 0.112 0.653 0.153 0.671 0.135 0.663 0.126 0.661 0.142 0.660 0.144 0.633 0.106

a SE (Gold) 0.662 0114 0651 0148 0668  0.127 0680 0121 0655 0125 0674 0121 0555  0.123

« KLE (Gold) 0673  0.113 0658  0.147 0683  0.127 068 0121 0668 0124 0687 0120 0626  0.127
VIG-TUQ is as described in Eql4, VIG-TUQ-A and VIG-TUQ-JSD are variants using only one of the visual grounding criteria.
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Figure 3. Visual grounding scores help identify the tokens most relevant for uncertainty estimation. AUROC performance reported
for the mean token entropy of the top half vs. bottom half of generated tokens, ranked by a given selector, across different LVLM
architectures. Tokens are ranked according to the distribution-based score (equation 10), the attention-based score (equation 13), or their
weighted combination as used in VIG-TUQ (details in Appendix B). Colored bars correspond to the top half of tokens and gray bars to

the bottom half. All results are averaged across all datasets.

for uncertainty estimation, while avoiding the additional ex-
ternal models required by Token-SAR and CCP. Results
presented in Figure A.4 lead to three main observations.
(1) For all three selectors, the top half consistently yields
higher mean AUROC than the bottom half across models
and datasets, confirming that visual grounding scores iden-
tify tokens carrying more informative uncertainty signal;
(2) The attention-based and distribution-based criteria per-
form better on different models and datasets, which con-

firms their complementary nature and motivates their com-
bination in VIG-TUQ); (3) The weighted combination used
in VIG-TUQ matches or exceeds the top-half performance
of either individual criterion, showing that combining both
signals yields a more robust token selector across models.
Overall, these findings suggest that uncertainty is not uni-
formly distributed across the generated sequence and that
only a subset of tokens carries the most informative sig-
nals for uncertainty quantification. Additional experiments



about the validity of our grounding score are in Appendix B.

Computational cost. We evaluate the efficiency of VIG-
TUQ by comparing its average inference time with exist-
ing token-level UQ methods on OKVQA. Table | and A.5
reports the average runtime for answer generation and un-
certainty estimation under identical backbone models and
hardware settings. Since all token-level methods share the
same decoding procedure, generation time remains con-
stant and any runtime differences arise only from the post-
hoc UQ computation. Unlike CCP and Token-SAR, which
depend on external models and thus introduce additional
computational overhead, VIG-TUQ is more efficient be-
cause it leverages only token probabilities and attention
weights that are computed by the generation model itself.
Although lightweight baselines such as Token-Entropy,
Log-Perplexity, and Max-Prob remain slightly faster, VIG-
TUQ incurs only minimal overhead while being substan-
tially more efficient than other token-level UQ approaches.

5.3. Global Model-Level Hyperparameters

Most UQ methods require some hyperparameter tuning.
In our comparison, only simple baselines such as Token-
Entropy and Max-Prob are parameter-free, while methods
such as CCP, Token-SAR, SE, and KLE also require se-
lecting thresholds, relevance parameters, or other settings.
VIG-TUQ therefore follows the same general setting. In
the main experiments, we tune its hyperparameters for each
model—dataset pair using training data. However, for easier
deployment, it is useful to know whether one configuration
can be shared across datasets. We therefore evaluate a fixed
configuration per model, shared across all four datasets.

Table 3 reports AUROC values as bootstrapped
means (standard deviations) over 1,000 resamples, macro-
averaged across the four datasets (OKVQA, VIZWIZ,
VQARAD, ADVQA). We compare three settings: (i) to-
ken entropy, (ii) VIG-TUQ (model only), using a single hy-
perparameter configuration shared across datasets (model-
level), and (iii) VIG-TUQ (model/data), using per-dataset
tuned hyperparameters.

For every model, the gap between VIG-TUQ (model
only) and Token-Entropy exceeds the standard deviation
of either estimate, indicating that the observed gains are
statistically meaningful rather than noise. Notably, even
when hyperparameters are shared across all four datasets
rather than tuned per dataset, VIG-TUQ still yields a sig-
nificant and consistent improvement over the baseline for
every model. These results indicate that a single, easy-
to-deploy hyperparameter setting per model is sufficient to
achieve strong and statistically robust gains, supporting the
practicality of our approach beyond the per-dataset tuning

Table 3. AUROC (bootstrapped mean, std. dev. over 1,000 re-
samples) macro-averaged across OKVQA, VIZWIZ, VQARAD,
and ADVQA, comparing Token-Entropy, VIG-TUQ with shared
model-level hyperparameters, and VIG-TUQ with per-dataset
tuned hyperparameters.

Model Token-Entropy  VIG-TUQ (model only) VIG-TUQ (model/data)
AUROCT AUROCT AUROCT
Qwen2.5-VL-3B  0.651 (0.015) 0.690 (0.015) 0.691 (0.015)
Qwen2.5-VL-7B  0.622(0.017) 0.642 (0.017) 0.653 (0.016)
llava-1.5-13b  0.650 (0.016) 0.668 (0.015) 0.671 (0.011)
llava-1.5-7b 0.632 (0.016) 0.655 (0.016) 0.663 (0.016)
idefics2-8b 0.627 (0.016) 0.647 (0.016) 0.661 (0.015)
idefics-9b 0.629 (0.016) 0.658 (0.015) 0.660 (0.015)
Qwen3.5-2B 0.616 (0.015) 0.627 (0.015) 0.633 (0.015)

setup used in the main experiments.
6. Conclusion

In this paper, we present a token-level analysis of how
reliance on visual evidence in LVMs affects uncertainty
quantification. Our findings indicate that visual informa-
tion helps identify the most relevant token for uncertainty
quantification and underscore the importance of combin-
ing multiple visual grounding signals, as their effective-
ness can vary across models and capture complementary
aspects of visual reasoning. Building on these insights,
we introduce Visual-Grounded Token UQ (VIG-TUQ), a
training-free and computational efficient framework that ex-
plicitly incorporates visual grounding into uncertainty esti-
mation by weighting token-level language uncertainty with
visual grounding scores. Experiments on multiple datasets
and across diverse LVLM architectures (including early-
fusion, late-fusion, and native-fusion models) indicate that
our method often improves upon existing token-level uncer-
tainty approaches. We hope our work will encourage future
research on vision-aware and fine-grained uncertainty quan-
tification for LVLMs.

Limitations. While our approach improves upon exist-
ing token-level uncertainty methods, semantic uncertainty
methods can still perform better in some cases, but they are
more costly. Combining them with visual grounding could
be explored in future work.
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Leveraging Visual Signals for Robust Token-Level Uncertainty in
Vision-Language Generation

— Supplementary Material —

Overview of the Supplementary Material

The supplementary material provides additional analyses
and complete experimental details supporting the main find-
ings of the paper.

Section B further studies the role of visual grounding in
uncertainty estimation. We show that selecting tokens ac-
cording to their visual grounding scores provides more in-
formative uncertainty estimates than random token selec-
tion (Figure A.4). We also perform an intervention-based
experiment by masking the most visually relevant tokens,
showing a stronger effect than random masking and provid-
ing additional evidence that the proposed attention-based
grounding score identifies visual information that is impor-
tant for the model’s prediction. Section C presents addi-
tional experiments that further analyze the behavior of our
method under different settings. Section D reports the com-
plete quantitative results for all evaluated models, datasets,
and uncertainty estimation methods. Section E provides the
hyperparameters and implementation details used in our ex-
periments to facilitate reproducibility. Finally, Section F an-
alyzes how visual information influences the hidden repre-
sentations of the model across different layers.

Overall, these additional analyses further support our
main finding that visual grounding provides useful infor-
mation for identifying which generated tokens should
contribute most to uncertainty estimation.

A. Experimental protocol

A.1. Datasets

We evaluate VIG-TUQ on several Visual Question An-
swering (VQA) datasets: ADVQA [42], which consists
of a training set of 5,000 samples and a test set of
2,000 samples, both drawn from the original training set;
VQARAD [39], which includes 2,000 samples from the
original training set and 500 samples from the original test
set; OKVQA [52], which contains 5,000 training samples
drawn from the original training set and 2,000 test samples
from the validation set; and VizWiz [21], which contains
5,000 training samples and 2,000 test samples drawn from
the original training set.

A.2. Models

We evaluate VIG-TUQ on widely used Large Vision Lan-
guage Models (LVLMs). In particular, we conduct experi-

ments on Qwen?2.5-VL-3B and Qwen2.5-VL-7B [7],
Qwen3.5-2B [59], LLaval.5-7B, LLaval.5-
13B [46], idefics—9B [40] and idefics2-8B [40].
We include models with different architectures to cover the
range of modality fusion strategies discussed in Section 3.1
and to analyze how these fusion strategies affect the
visual grounding. In particular, 1lava, idefics2 and
Owen-VL models adopt a early fusion approach, while
idefics—9B model rely on an late fusion approach and
Qwen3. 5 on a native fusion one.

A.3. Metrics

AUROC. We assign a probability score to each example
for belonging to the positive class (positive reflects that the
LVLM is certain about its answer). Area Under the ROC
Curve (AUROC) [23] measures how well these scores rank
true positives above true negatives. It is the chance that a
randomly chosen positive example receives a higher score
than a randomly chosen negative one. Higher AUROC
means better class separation.

ECE. Expected Calibration Error (ECE) [19] measures
how well a model’s predicted confidence aligns with its em-
pirical accuracy. A low ECE indicates that the model is well
calibrated, meaning that predictions made with confidence
c are correct approximately c fraction of the time. Con-
versely, a high ECE indicates miscalibration, for example
when the model is systematically overconfident or under-
confident. Since ECE is defined for confidence scores in
[0, 1], we first normalize all UQ scores to this range before
computing ECE.

B. Token selection analysis

In addition to Section 5.2, we conducted additional exper-
iments to evaluate whether visual grounding scores help
identify the tokens most relevant for uncertainty estimation;
we conducted a token selection experiment.

Effect of grounding-based token selection. For each
generated answer y = [y1,...,yr]|, we compute the en-
tropy of each token, H(y; | «) (equation 6). We then
rank the tokens using either the distribution-based ground-
ing score Sjsp(y:, ) (equation 10) or the attention-based
grounding score SX)(yt, x) (equation 13). For each rank-
ing, we keep only the top k% of tokens and compute the



Table A.4. Effect of visual-token masking on the ability of the
mean token probability to predict answer correctness (AUROC)
on VQA-RAD with Qwen2.5-VL-3B. Both interventions remove
the same amount of visual context.

Score AUROC
Mean token probability (unperturbed image) 0.6872
Mean token probability (random masking) 0.6294
Mean token probability (attention-guided masking)  0.5688

final uncertainty score as the sum of the entropies of the
selected tokens. As a baseline, we repeat the same exper-
iment by randomly selecting k% of the generated tokens.
To reduce the effect of randomness, this random selection
is repeated 10 times for each model, dataset, and value of &,
and we report the average AUROC. Figure A.4 shows the
results for different LVLM architectures.

Intervention-based validation of the visual grounding

score. Attention weights do not provide a complete causal

explanation of how much the model relies on the image.

For this reason, in VIG-TUQ, the attention-based ground-

ing score is not used alone as an uncertainty score or as

a saliency map. Instead, it is used only to weight token-

level entropy and is combined with the complementary

distribution-based JSD score.

To further evaluate whether the attention-based score
identifies visual regions that are important for the model
prediction, we perform an intervention experiment on
VQA-RAD with Qwen2.5-VL-3B. For each generated to-
ken, we compare three settings:

1. Original image: the token probability is obtained using
the unchanged input image.

2. Attention-guided masking: we mask the 10% of visual
tokens with the highest attention-based grounding scores
and recompute the token probability.

3. Random masking: we mask the same number of visual
tokens, but select them uniformly at random.

For each generated answer, we average the token-level
probabilities over the whole sequence to obtain a sentence-
level score. These scores are then used to predict whether
the answer is correct, and performance is evaluated using
AUROC.

As reported in Table A .4, masking the visual tokens se-
lected by our grounding score degrades AUROC substan-
tially more than masking an equal number of randomly cho-
sen visual tokens (0.5688 versus 0.6294, against 0.6872
without perturbation). Since both interventions remove the
same quantity of visual context, this gap indicates that the
grounding score identifies visual information that is partic-
ularly influential for the model’s prediction. We stress that
this experiment does not constitute a pixel-level causal ex-

planation, and that masking may itself induce a distribu-
tion shift; it nonetheless provides considerably stronger ev-
idence than a purely correlational analysis.

C. Additional experiments

Impact of LVLM architecture. Figure A.5 aims to an-
alyze how different LVLM architectures use visual infor-
mation across their layers. To do so, we compute the Cen-
tered Kernel Alignment (CKA) similarity between the hid-
den representations of each LVLM (on OKVQA) and the
final-layer features of a reference vision encoder, DINOv2
[57]. We use DINOv?2 as a reference because it is trained
for visual representation learning and captures strong image
features across many vision tasks. As a result, it provides
a useful proxy for purely visual information. We therefore
measure how similar LVLM representations are to these vi-
sual features. For each LVLM, we extract hidden states
across all transformer layers and compare them to the ref-
erence visual features. Because the evaluated models have
different numbers of layers, we normalize layer indices to
a relative depth scale from 0.0, corresponding to the em-
bedding layer, to 1.0, corresponding to the final transformer
layer. This enables a direct comparison of where visual in-
formation is most strongly reflected across architectures.

The resulting plot shows how closely each model’s in-
ternal representations align with the original visual fea-
tures as generation progresses through the network. High
CKA similarity indicates that the model representation
remains strongly related to the visual encoder represen-
tation, whereas lower similarity suggests a shift toward
language- or task-specific representations. We observe
that idefics—-9B, the only late-fusion architecture in this
comparison, exhibits the strongest similarity to the refer-
ence vision encoder. This behavior is consistent with its
architectural design: unlike early-fusion models, which in-
ject visual features mainly before the language-model lay-
ers, late-fusion models continue to integrate visual com-
ponents throughout the network, leading to stronger visual
alignment at intermediate or deeper layers.

C.1. Computational cost

We assess the efficiency of VIG-TUQ by comparing its av-
erage inference time against existing token-level UQ meth-
ods on OKVQA. Table A.5 reports the mean runtime for
answer generation and uncertainty estimation, measured
with the same backbone models and hardware. Because ev-
ery token-level method follows an identical decoding proce-
dure, generation time is fixed across methods, so all runtime
gaps stem solely from the post-hoc UQ computation. CCP
and Token-SAR rely on external models and therefore incur
extra computational cost, whereas VIG-TUQ avoids this by
reusing only the token probabilities and attention weights
already produced by the generation model. Lightweight
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Figure A.4. Visual grounding scores help identify the tokens most relevant for uncertainty estimation. AUROC performance reported
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stronger alignment with the original visual representation. The late-fusion model idefics—-9B exhibits the highest visual alignment
across much of the network, consistent with architectures that continue to inject visual information throughout the transformer layers.

baselines such as Token-Entropy, Log-Perplexity, and Max-
Prob are still marginally faster, but VIG-TUQ adds only
negligible overhead and is considerably more efficient than
the remaining token-level UQ approaches.

D. Complete results

In this section, we present the detailed performance of all
UQ methods across datasets and models described in Ap-
pendix A. Table A.6 reports the AUROC scores achieved

by each method on every dataset and LVLM architecture.

Comparision with token-level UQ methods. VIG-TUQ
consistently outperforms conventional token-level uncer-
tainty metrics, including Log-Perplexity, Max-Prob, Token-
Entropy, CCP, and Token-SAR. For instance, on the
OKVQA dataset, VIG-TUQ achieves the highest AUROC
score. Similar trends are observed for VQARAD and AD-
VQA, where VIG-TUQ ranks among the top-performing



Table A.5. VIG-TUQ is computationally efficient. This table
shows the average inference time for: answer generation and un-
certainty quantification on the OKVQA dataset.

Model ‘ Max-Prob  Token-Entropy CCP Token-SAR VIG-TUQ ‘ KLE
Qwen2.5-3B 1.01s 1.00s 3.26s 1.71s 1.29s 4.78s
Qwen2.5-7B 1.58s 1.60s 5.28s 2.39s 2.00s 8.42s

llava-1.5-7B 0.81s 0.84s 2.81s 1.09s 1.01s 4.83s
llava-1.5-13B 1.39s 1.41s 4.64s 2.10s 1.75s 7.40s
idefics2-8B 0.65s 0.66s 2.18s 0.99s 0.82s 3.47s
idefics-9B 0.72s 0.68s 2.30s 1.06s 1.20s 4.60s
Qwen3.5-2B 0.98s 0.88s 2.98s 1.58s 1.52s 6.26s
Mean | 1L02s 1.01s 335 1.56s 1.37s | 5.68s

methods. These results confirm that integrating multiple
importance scores and visual grounding scores improves the
performance of token-level UQ methods.

Comparison with consistency-based methods. Seman-
tic Entropy (SE) [11] and Kernel Language Entropy
(KLE) [53] achieve slightly higher AUROC on certain
datasets. This behavior is expected as these methods esti-
mate uncertainty by measuring the semantic consistency of
generated responses, which provides a more comprehensive
assessment of uncertainty across the entire generated con-
tent. However, these methods require multiple sampling,
which also makes them significantly more expensive at in-
ference time (see Table A.5). In contrast, our approach re-
quires only a single or two samplings and therefore remains
much more efficient while still maintaining competitive per-
formance.

Effect across datasets. We also observe that the per-
formance of UQ methods varies across datasets. For in-
stance, VIG-TUQ clearly outperforms on OKVQA and
VQARAD, which require stronger reasoning and better ex-
ploitation of the visual content, which makes reliable un-
certainty estimation more challenging. On VizWiz, the im-
provements are still visible but slightly smaller. This dataset
contains real-world images with visual noise, which can
make the visual grounding more difficult for all models.

Effect across model architectures. The benefits of VIG-
TUQ are consistent across different LVLM architectures.
This suggests that VIG-TUQ is not tied to a specific archi-
tecture and can be effectively applied across a wide range
of multimodal architectures.

E. Hyperparameters

The hyperparameters used in VIG-TUQ are reported in
Table A.8. They are selected on a small training split for
each dataset—model combination. To limit the search space
and avoid overfitting to the validation setting, we impose a
strict constraint on the weighting coefficients: both ajsp

and a4 are restricted to integer values in [0, 5]. This delib-
erately coarse search is intended to ensure that the perfor-
mance gains of VIG-TUQ do not rely on extensive hyper-
parameter tuning. The selected hyperparameters show that
some model- and dataset-specific adaptation is beneficial.
This is consistent with the token selection analysis in Fig-
ure A.4, where the attention-based and distribution-based
visual grounding scores do not perform best in the same
settings. For example, for 11ava—-1.5-7B on VQARAD,
VIG-TUQ relies only on the distribution-based score,
whereas for Qwen3.5-2B on OKVQA, it relies only on
the attention-based score. Nevertheless, in most model—
dataset combinations, both scores receive nonzero weights,
suggesting that the two grounding criteria provide comple-
mentary information for uncertainty quantification.

Hyperparameter sensitivity and tuning requirements.
As discussed above, VIG-TUQ requires only a lightweight
hyperparameter search. To avoid relying on extensive tun-
ing, we restrict the weighting coefficients aysp and a4 to
integer valuesin {0, . .., 5}, and tune them together with the
attention layer [ on a small training split. Table A.7 reports
the selected hyperparameters when varying the number of
training examples K. We observe that stable and compet-
itive hyperparameters can already be obtained with as few
as K = 100 examples. In several cases, such as Idefics-
9B on OKVQA and VQARAD, the selected configuration
remains identical across different values of K. Even when
the selected coefficients vary, as for Qwen2 .5-VL-3B on
OKVQA, the resulting AUROC remains nearly unchanged.
These results suggest that VIG-TUQ is not overly sensi-
tive to the exact hyperparameter choice and does not require
large validation sets or fine-grained tuning to achieve strong
performance.

F. Analysis of visual influence on hidden rep-
resentations

In this section, we examine how the internal representa-
tions of an LVLM change when visual input is removed. In
particular, we compare the hidden representations obtained
during normal generation with those obtained when the im-
age is replaced by a blank input.

LVLM. Letx = (x,,2;) be a multimodal input with a
visual content x,, and a textual content x;. As described in
Section 3, an LVLM defines a parameterized function fg :
X, x X; — R?to encode the visual-linguistic context into a
latent representation. In particular, the parametric function
fo: Xy x X — R4 can be defined recursively over L layers



Table A.6. VIG-TUQ outperforms token-level UQ baselines. Evaluation metrics for LVLM architectures across all datasets and models.

‘ Qwen2.5-VL-3B Qwen2.5-VL-3B Qwen2.5-VL-7B Qwen2.5-VL-7B 1llava-1.5-13B 1llava-1.5-13B 1llava-1.5-7B 1llava-1.5-7B idefics2-8B idefics2-8B idefics-9B idefics-9 Qwen3.5-2B Qwen3.5-2B
AUROCT ECE| AUROCT ECE| AUROCT ECE| AUROCT ECE| AUROCH ECE| AUROCT ECE| AUROCH ECE|

OKVQA Log Perplexity 0610 (0.008) 0.110 (0.007) 0595 (0.008) 0.109 (0.007) 0635 (0.008) 0,139 (0.007) 0.634 (0.008) 0.118(0006)  0637(0.008)  0.146(0.006)  0.605(0.008)  0.104(0.007) 0649 (0.008)  0.071 (0.006)

OKVQA Token-Sar 0551 (0.008) 0.159 (0.007) 0.581(0.008) 0.115 (0.007) 0639 (0.008) 0.145 (0.007) 0.637(0.008) 0.114(0007)  0604(0.008)  0.159(0.007)  0524(0.008) 058 (0.007)  0.600(0.008)  0.110(0.007)

OKVQA ccp 0607 (0.008) 0.111(0.007) 0611 (0.008) 0.088 (0.007) 0.614(0.008) 0.168 (0.007) 0.612(0.008) 0.138(0007)  0647(0.008)  0.172(0.006)  0.662(0.008)  0.068 (0.006)  0.625(0.008)  0.043 (0.008)

OKVQA ‘Max-Prob 0.592 (0.008) 0.153 (0.007) 0.608 (0.008) 0.113 (0.007) 0.611(0.008) 0.150 (0.007) 0.609 (0.008) 0.152 (0.007) 0.634 (0.008) 0.139 (0.006) 0.644 (0.008) 0.108 (0.006) 0.649 (0.008) 0.070 (0.006)

OKVQA Token-Entropy 0.610 (0.008) 0.109 (0.007) 0.601 (0.008) 0.102 (0.007) 0.641 (0.008) 0.139 (0.007) 0.638 (0.008) 0.116 (0.006) 0.642 (0.008) 0.145 (0.007) 0.608 (0.008) 0.098 (0.007) 0.651 (0.008) 0.069 (0.006)

OKVQA  VIG-TUQ-A (ours) 0657 (0.008) 0,077 (0.006) 0.620 (0.008) 0,092 (0.007) 0644 (0.008) 0136 (0.007) 0651 (0.008) 0106 (0.006)  0.664(0.008)  0.143(0.006)  0.645(0.008)  0.072(0.007)  0.652(0.008) 0073 (0.006)

OKVQA  VIG-TUQ-ISD (ours) | 0.652 (0.008) 0.019 (0.007) 0.606 (0.008) 0.090 (0.007) 0.649 (0.008) 0.049 (0.006) 0.646 (0.008) 0.065(0.007) 0669 (0.008)  0.061(0.006) 0545 (0.008)  0.140(0.007)  0.633(0.008)  0.121 (0.006)

OKVQA  VIG-TUQ (ours) 0.664 (0.008) 0071 (0.006) 0.620 (0.008) 0,092 (0.007) 0.657 (0.008) 0.137(0.007) 0.657 (0.008) 0.109(0006)  0.674(0.008)  0.144(0.007)  0.645(0.008) 0.072(0.007)  0.652(0.008)  0.073(0.007)

OKVQA SE 0669 (0.008) 0.041 (0.006) 0647 (0.008) 0.080 (0.007) 0690 (0.008) 0.076 (0.007) 0.708 (0.008) 0075(0.006)  0702(0.008)  0.110(0.006)  0.706(0.008) ~ 0.035(0.007)  0.529 (0.008)  0.099 (0.006)

OKVQA KLE 0.682 (0.008) 0.035 (0.007) 0.654 (0.008) 0.078 (0.007) 0700 (0.008) 0,074 (0.006) 0.717 (0.008) 0069 (0.006)  0715(0.008)  0.110(0.007)  0.721(0.008)  0.030(0.006)  0.643 (0.008)  0.112(0.007)

VIZWIZ Log Perplexity 0.690 (0.012) 0.088 (0.010) 0.634 (0.013) 0.131 (0.011) 0.652(0.012) 0.081 (0.009) 0.667 (0.012) 0.076 (0.010) 0.635 (0.012) 0.108 (0.010) 0.612(0.013) 0.121 (0.010) 0.634 (0.012) 0.082 (0.010)

VIZWIZ Token-Sar 0.525 (0.013) 0.185 (0.011) 0.560 (0.013) 0.181 (0.012) 0.636 (0.012) 0.082 (0.010) 0.628 (0.012) 0.075 (0.010) 0.597 (0.013) 0.132(0.010) 0.576 (0.013) 0.126 (0.011) 0.591 (0.013) 0.112 (0.010)

VIZWIZ ccp 0,665 (0.012) 0121 (0.010) 0612(0.013) 0155 0.011) 0639 (0.012) 0.096 (0.010) 0.655 (0.013) 0060 (0.011)  0639(0.012)  0132(0.011)  0.655(0012)  0.063(0.01)  0.615(0.012) 0084 (0.012)

VIZWIZ Masx-Prob 0663 (0.012) 0.108 (0.010) 0614(0.013) 0.132(0.011) 0637 (0.012) 0136 (0.010) 0.660 (0.013) 0130(0.010)  0632(0012)  0121(0.010)  0652(0012)  0.129(0011)  0.631(0.012) 0087 (0.011)

VIZWIZ Token-Entropy 0686 (0.012) 0,088 (0.010) 0637 (0.013) 0,127 (0011) 0662 (0.012) 0080 (0.010) 0.673 (0.012) 0072(0010)  0639(0012)  0.104(0.010) 0618 (0.013)  0.123(0011)  0.632(0012)  0.080(0.010)

VIZWIZ  VIG-TUQ-A (ours) 0722 (0011) 0.085 (0.010) 0680 (0.012) 0.103 (0.011) 0.674(0012) 0.076 (0.010) 0686 (0.012) 0059(0010)  0.664(0.012)  0.09(0011)  0.641(0.013) 0113001 0667 (0.012)  0.066 (0.010)

VIZWIZ  VIG-TUQ-ISD (ours) | 0721 (0.012) 0.086 (0.010) 0680 (0.012) 0,112 (0011) 0645 (0.012) 0,086 (0.010) 0.679 (0.012) 0.058(0.009)  0659(0012)  0.111(0.011)  0603(0.013) 0157001 0660 (0012)  0.071 (0.010)

VIZWIZ  VIG-TUQ (ours) 0727 0011) 0.085 (0.010) 0.685 (0.012) 0105 (0.011) 0673 (0012) 0.076 (0.010) 0.692 (0.012) 0059(0010)  0.668(0.012)  0.110(0011)  0.641(0.013) 0113 (0.011)  0.669 0.012)  0.066 (0.010)

VIZWIZ SE 0.694 (0.012) 0.035 (0.010) 0.675(0.012) 0.118 (0.011) 0.657 (0.012) 0.039 (0.010) 0.676 (0.012) 0.020 (0.010) 0.644 (0.012) 0.067 (0.010) 0.673 (0.012) 0.062 (0.011) 0.521 (0.013) 0.084 (0.010)

VIZWIZ KLE 0716 (0.012) 0.036 (0.010) 0.687(0.012) 0118 0.011) 0689 (0.012) 0042 (0.010) 0.699 (0.012) 0.028(0.010)  0672(0.012)  0.066(0.010) 0699 (0.012)  0.065(0.011)  0.614(0.013)  0.089 (0.010)
VQARAD  Log Perplexity 0666 (0.027) 0.176 (0.021) 0646 (0.030) 0,255 (0.019) 0660 (0.028) 0217 (0.021) 0604 (0.029) 02190021)  0599(0.027)  0.179(0.020) 0687 (0.025)  0.157(0.022) 0612(0026)  0.128 (0.021)
VQARAD Token-Sar 0611 (0.027) 0.180 (0.020) 0637 (0.030) 0254 (0.019) 0656 (0.028) 0216 (0.022) 0.589 (0.030) 0221(0022) 0599 (0.027)  0173(0.022)  0595(0.027)  0.162(0.021)  0.628 (0.026)  0.119 (0.021)
VQARAD ccp 0661 (0.027) 0.148 (0.022) 0.653(0.030) 0233 (0.020) 0.608 (0.030) 0.196 (0.022) 0.595 (0.030) 0.185(0022)  0587(0.027)  0.027(0.020) 0657 (0.026)  0.148(0.020)  0.589(0.027) 0.4 (0.022)
VQARAD Max-Prob 0.674 (0.026) 0164 (0.021) 0649 (0.029) 0.252(0.019) 0618 (0.030) 0,232 (0.020) 0.602 (0.029) 0222(0019)  0568(0.028)  0202(0.022)  0664(0.026)  0.192(0.022)  0611(0026)  0.128(0.022)
VQARAD  Token-Eniropy 0669 (0.027) 0171 (0.021) 0639 (0.031) 0.258 (0.019) 0659 (0.028) 0,225 (0.020) 0.603 (0.030) 0217(0021)  0605(0.027)  0.177(0.021)  0.696(0.025)  0154(0.022)  0.624(0.026)  0.123(0.022)
VQARAD VIG-TUQ-A (ours) 0.712 (0.026) 0.168 (0.021) 0.676 (0.030) 0.256 (0.019) 0.672 (0.028) 0.260 (0.021) 0.598 (0.029) 0.253 (0.021) 0.665 (0.027) 0.147 (0.021) 0.736 (0.024) 0.154 (0.022) 0.634 (0.026) 0.117 (0.021)
VQARAD  VIG-TUQ-ISD (ours) | 0616 (0.027) 0.194 (0.021) 0540 (0.030) 0.205 (0.019) 0689 (0.028) 0.245 (0.021) 0.670 (0.029) 0230(0021)  0.683(0.027)  0246(0.021)  0.636(0.026) 0280(0.022)  0.631 (0.026)  0.069 (0.021)
VQARAD  VIG-TUQ (ours) 0712 (0.026) 0.168 (0.021) 0.676 (0.030) 0.256 (0.019) 0.693 (0.028) 0215 (0.021) 0.670 (0.028) 0201 (0021)  0658(0.027)  0.149(0.022)  0736(0.024)  0.54(0.022)  0.641(0.026)  0.116(0.020)
VQARAD SE 0685 (0.026) 0.168 (0.021) 0632 (0.030) 0197 0.019) 0630 (0.029) 0258 (0.021) 0.683 (0.029) 02460.021)  0611(0.027)  01250.021)  0.669(0.026)  0.145(0.021)  0.651 (0.026) 0082 (0.021)
VQARAD KLE 0679 (0.026) 0.169 (0.021) 0630 (0.030) 0.198 (0.019) 0644 (0.029) 259 (0.021) 0.678 (0.029) 0247(0.021)  0620(0.027)  0126(0.021)  0.666(0.026)  0.144 (0.021)  0.679 (0.026)  0.078 (0.021)
ADVQA Log Perplexity 0646 (0.015) 0.143(0.013) 0614(0015) 0.168 (0012) 0638 (0.014) 0.128 (0012) 0,617 (0.015) 0.138(0012) 06240015  0.171(0.012) 059 (0.016) 02530011  0.565(0015)  0.174 (0.012)

ADVQA Token-Sar 0.531(0.016) 0.194 (0.013) 0.574 (0.015) 0.186 (0.012) 0.629 (0.014) 0.105 (0.011) 0.581 (0.015) 0.140 (0.011) 0.598 (0.015) 0.157 (0.011) 0.506 (0.015) 0.249 (0.011) 0.531 (0.015) 0.199 (0.011)

ADVQA Cl 0.642 (0.015) 0.112(0.012) 0.603 (0.015) 0.119 (0.012) 0.649 (0.014) 0.091 (0.012) 0.637 (0.014) 0.103 (0.011) 0.634 (0.015) 0.135 (0.012) 0.663 (0.015) 0.208 (0.011) 0.588 (0.015) 0.130 (0.012)

ADVQA Max-Prob 0642 (0.015) 0.185 (0.013) 0594 (0.015) 0.197 (0.012) 0636 (0.014) 0,142 (0.013) 0.624 (0.015) 0146 (0012)  0633(0015)  0.194(0.013)  0.665(0.015) 0237001 0554 (0015  0.172(0.012)

ADVQA Token-Entropy 0642 (0.015) 0.148 (0.012) 0612(0.015) 0.175 (0.012) 0639 (0.014) 0.128 (0.012) 0.613 (0.015) 0.143(0012) 06240015  0.176(0.012) 0594 (0.016) 0250 (0.010)  0.556 (0015  0.179 (0.011)

ADVQA  VIG-TUQ-A (ours) 0.665 (0.014) 0133 (0.013) 0626 (0.015) 0.163 (0.012) 0651 (0.014) 0.116 (0.012) 0.624(0.015) 0137(0012)  0.644(0015)  0.167(0012)  0.617(0.016) 0237 (0.01) 0577 (0.014) 0171 (0.012)

ADVQA  VIG-TUQ-ISD (ours) | 0.620 (0.015) 0.150 (0.012) 0617 (0015) 0.160 (0.012) 0643 (0015) 0.113 (0.012) 0,613 (0.015) 0.142(0012) 05940015  0.182(0.012)  0500(0.016) 02130011 0531 (0015)  0.189 (0.012)

ADVQA  VIG-TUQ (ours) 0662 (0.014) 0.131(0.012) 0.632(0.015) 0.159 (0.012) 0662 (0.014) 0.112(0.012) 0.633 (0.015) 01330012)  0642(0.015)  0165(0.012)  0617(0016) 0237 (0011) 0567 (0.014)  0.175 (0.012)

ADVQA 0601 (0015) 0214(0012) 0651 (0015) 0.195 (0.012) 0695 (0.014) 0,135 (0012) 0.015) 0.1410012)  0662(0015)  0.197(0.012) 0650 (0.015) 0243001 05170015  0.229(0.012)

ADVQA KLE 0.614 (0.015) 0.213 (0.012) 0.660 (0.015) 0.194 (0.012) 0.701 (0.014) 0.132(0.012) 0.651 (0.015) 0.139 (0.012) 0.666 (0.015) 0.196 (0.012) 0.662 (0.015) 0.242 (0.011) 0.568 (0.015) 0.230(0.012)

Table A.7. Hyperparameter tuning stability under limited
training data. For each model-dataset pair, we tune the discrete
weighting coefficients aysp, 4 € {0,...,5} and the attention
layer [ using only K training examples. The selected hyperpa-
rameters and resulting AUROC/ECE remain stable even for small
values of K, indicating that VIG-TUQrequires only lightweight
tuning and is robust to small hyperparameter variations.

Dataset | K  AUROCt ECEl ajsp aa |
OKVQA | 1000 0,645 0072 0 1 16
m OKVQA | 500 0645 0072 0O 1 16
T OKVQA | 200 0645 0072 0 1 16
% OKVQA | 100 0645 0073 0 1 16
A
4
S VQARAD | 1000 0736  0.154 0 117
~ VQARAD | 500 0730 0164 1 4 16
VQARAD | 200 0736  0.168 0 117
VQARAD | 100 0736  0.180 0 117
o OKVQA | 1000 0664 0071 1 4 7
™  OKVQA | 500 0664 0071 3 4 7
g OKVQA | 200 0664 0078 1 307
1 OKVQA | 100 0664 0074 3 4 7
% VQARAD | 1000 0712 0168 0 1 6
& VQARAD | 500 0712 0168 0 1 6
VQARAD | 200 0712 0168 0 16
VQARAD | 100 0712 0168 0 1 6
as
fo(xy, x) = fr(hp_1,2,), where

hi

(1<i<L)
hy

= fi(hiflawv) :gi(mi(Ei(wv),hiq)) »

= Ei(x);

with Ej(-) a text embedding function. For each layer i,
gi : RY — R? depicts a transformer decoder layer, m; (-, -)
denotes a multimodal fusion module (e.g., concatenation,
linear layer, cross-attention layer), and FE;(-) is a visual en-

coder (e.g., ViT, CNNs, identity function).

Visual influence analysis problem. Our goal is to mea-
sure how much the hidden representations change at each
layer [ when the visual component x,, is removed. To this
end, we examine the internal representations of the LVLM
that rely only on the textual component x; defined as
filhi—1,2) = gi(mi(@,hi_y)) (1<i<I)
15)

Ey(w); (16)
To quantify the difference between these two embeddings
at each layer 7, we compute the cosine distance between
h; and h/ at each layer. This distance reflects how much
the model relies on visual information, where a larger value
means that the image exerts a stronger influence on the in-
ternal representation. For each generated answer, we ex-
tract the hidden state corresponding to the last token at ev-
ery layer. We then compute the cosine distance between the
two representations and average the results across all sam-
ples of the dataset.

Analysis wrt prediction certainty. Figure A.6 shows the
evolution of this distance across layers for certain and un-
certain predictions. Several models are evaluated, includ-
ing idefics2-8B, idefics-9B llava-1.5-13B,
llava-1.5-7B,Qwen2.5-VL-3B, Qwen2.5-VL-7B
and Qwen3.5-2B, all evaluated on OKVQA data-set. For
all models, we observe that the distance between the two
representations is larger for certain predictions than for un-
certain ones. This means that when the model is confident
about its answer, the internal representation changes more



Table A.8

‘ Qwen2.5-VL-3B  Qwen2.5-VL-7B llava-1.5-13B llava-1.5-7B idefics2-8B idefics-9B Qwen3.5-2B

Dataset \ ajsp oA l Qajsp (A l ajsp aa I aysp aa I aysp aa I aysp aa I aysp aa
OKVQA 1 4 7 0 1 4 2 3 6 2 3 16 1 4 29 0 1 16 0 1 5
VIZWIZ 3 1 9 2 3 15 1 4 16 3 4 8 1 1 20 0 1 14 1 3 5
VQARAD 0 1 6 0 1 6 3 1 3 1 0 18 3 2 0 0 1 17 1 1 5
ADVQA 1 4 7 1 3 4 1 4 6 1 3 4 1 4 1 0 1 14 1 30

when the image is removed. In other words, confident pre-
dictions tend to rely more on visual information. Another
observation is that the distance generally increases in deeper
layers of the network. This suggests that the influence of
visual information becomes stronger in later stages of the
Transformer.

Analysis wrt prediction correctness. Figure A.7 com-
pares the distance between representations for correct and
incorrect predictions. For all models, we also observe that
the distance between the two representations is larger for
correct predictions than for incorrect ones. This indicates
that when the model produces the right answer, its inter-
nal representation is more strongly affected by removing
the image. In other words, correct predictions tend to rely
more on visual information. The separation between correct
and incorrect predictions is generally slightly smaller than
the one observed between certain and uncertain predictions,
suggesting that visual reliance is more directly reflected in
model confidence than in correctness. As in the certainty
analysis, the distance also tends to increase in deeper lay-
ers of the network, indicating that visual information has a
stronger influence in later Transformer layers.

Additional details on the spider plot. Figure | provides
a compact aggregation of the layer-wise analyses reported
in Figures A.6 and A.7. To summarize each comparison in
the spider plot, we select the layer at which the absolute gap
between the two group-wise mean curves is maximal. This
selected layer corresponds to the dashed vertical line in Fig-
ures A.7 and A.6. We then extract the two group values at
this layer, jointly normalize them within the corresponding
comparison, and use them as the radial values for the asso-
ciated model in Figure 1. Thus, each spoke in Figure 1 sum-
marizes, for one model, the strongest layer-wise separation
between the two groups, with larger polygon separation in-
dicating that the image-induced representation shift is more
discriminative of correctness or certainty.
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Figure A.6. Layer-wise distance between hidden states from the original generation pass and the teacher-forced pass with a masked
image. The curves show the average similarity across layers for certain and uncertain samples for different LVLM architectures.
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Figure A.7. Layer-wise distance between hidden states from the original generation pass and the teacher-forced pass with a masked

image. The curves show the average similarity across layers for correct and incorrect samples for different LVLM architectures.
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