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Abstract

We introduce a novel approach for calibrating
uncertainty quantification (UQ) tailored for
visual language models (VLMs). Existing
state-of-the-art UQ methods rely on consis-
tency among multiple responses, but often
report higher confidence when the model
is consistently incorrect, leading to poorly
calibrated confidence. To address this, we
leverage cross-modal consistency by grounding
back the textual responses to visual inputs. The
confidence from the grounding model (GM) is
used to calibrate the overall confidence. Given
that using a GM adds its own uncertainty,
we apply temperature scaling to calibrate
the GM’s confidence in the accuracy of the
generated responses. We comprehensively
evaluate the proposed approach across diverse
range of settings, including datasets with
varying visuo-linguistic complexity, Q&A
and caption generation tasks, general visual
and specialized medical contexts, VLMs
differing in scale, openness, and different
categories of GMs. Experimental results
show that our approach consistently improves
confidence calibration, with expected calibra-
tion error (ECE) improvements ranging from
32.5% to 96.7% over both self and non-self
consistency-based baselines. Code is available
here https://github.com/trilokpadhi/
Multimodal-Uncertainty-Quantification.

1 Introduction

Recent advancements in large language models
(LLMs) have demonstrated their impressive perfor-
mance across many domains, ranging from natural
language processing (Devlin et al., 2019) and ma-
chine translation (Chitale et al., 2024) to creative
writing (Gómez-Rodríguez and Williams, 2023)
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and code generation (Jiang et al., 2024). Despite
their capabilities, these models are not infallible
and are known to produce incorrect or mislead-
ing information, often referred to as hallucina-
tions (Huang et al., 2025). Uncertainty Quantifica-
tion (UQ) of LLMs has been proposed as a practical
solution to assess trust in these models, particularly
for their deployment in safety-critical areas such as
healthcare (Shorinwa et al., 2024). UQ techniques
aim to provide a quantitative measure of trust that
a user can place in an LLM’s response to the input
query.

State-of-the-art (SOTA) approaches for quanti-
fying the uncertainty of LLMs are motivated by
self-consistency theory (Wang et al., 2022). This
involves prompting the model multiple times for
the same input under diverse settings, such as with
a high temperature, and checking for similarity in
the generated responses for assessing model’s un-
certainty on the input (Lin et al., 2023; Kuhn et al.,
2023; Kadavath et al., 2022; Kaur et al., 2024).
The underlying idea is that if the model generates
semantically similar responses for the same input
under diverse settings, then it is certain (or confi-
dent) about their input.

Consistency, however, does not imply accuracy.
As shown in Fig. 1 (left), we observe that mod-
els can generate consistently incorrect responses.
This observation is made on 25 inputs out of 75
manually verified test cases on Slake, a medical
dataset (Liu et al., 2021). The goal of UQ is to
provide a measure of confidence in the real-world
performance of LLMs for their trustworthy de-
ployment. The confidence in an LLM as reported
by UQ approaches should, therefore, be aligned
with the accuracy of the model. This alignment
can be checked by plotting the expected accuracy
of the model as a function of the reported confi-
dence. These plots are known as reliability dia-
grams and have been used to report confidence-
accuracy calibration (or alignment) of deep learn-
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Figure 1: Consistently incorrect responses (Res 1..Res 4) by LLaVA-Med-v1.5-Mistral-7B (Li et al., 2023a) VLM on MRI
image of brain from the Slake Medical dataset (left). BiomedParse (Zhao et al., 2024), a grounding model for medical images,
is not able to locate ‘lung and spinal cord’ on the MRI image of brain, and therefore labels the entire image as lung with 0
confidence. It is, however, able to generate a bounding box for lung on the chest X-ray with 100% confidence (right).

ing models (Guo et al., 2017).
Fig. 4a and Fig. 4b in Appendix show reliabil-

ity diagrams for two self-consistency-based UQ
approaches for predicting confidence of Llama-2-
13B (Touvron et al., 2023) on TriviaQA (Joshi et al.,
2017) and COQA (Reddy et al., 2019) datasets re-
spectively; a common test setting considered by
these approaches (Lin et al., 2023; Kuhn et al.,
2023; Kaur et al., 2024). High expected calibration
error (ECE) shows poor calibration of the model’s
accuracy with its confidence predicted by these ap-
proaches We observe similar trends of high ECE by
UQ approaches when applied to multi-modal input
settings of text-image pairs for these models. These
observations on visual language models (VLMs)
are reported in the experimental section.

In this paper, we propose a cross-modal ground-
ing approach for calibrating confidence in VLMs.
The goal is to calibrate the confidence estimates
produced by existing uncertainty quantification
(UQ) methods by leveraging cross-modal consis-
tency, specifically by grounding the VLM’s textual
responses back into the visual modality of the input
image. For example, as shown in Fig. 1 (right), we
ground the answers with bounding boxes on the im-
age. A correct answer has a higher chance of being
grounded as the evidence is likely to be present in
the image. Thus, the ability (or inability) to ground
the generated response to the input image provides
evidence about the correctness (or incorrectness)
of the response.

One consideration of relying on a grounding
model (GM) to report the uncertainty of another
model is that it introduces the GM’s uncertainty
into the pipeline. We apply temperature scal-
ing to calibrate the GM’s confidence in the accu-
racy of the VLM. Temperature scaling is a simple
yet effective post-processing parametric calibra-

tion technique that has been widely used to align
the confidence with the true likelihood of correct-
ness (Jaynes, 1957; Hinton et al., 2015; Guo et al.,
2017). Fig. 2 shows our proposed approach for cal-
ibrating confidence in predictions by VLMs. The
contributions of this paper can be summarised as:
1. Miscalibration of UQ Approaches: We ob-
serve and report that existing UQ approaches for
LLMs as well as VLMs exhibit poor calibration
between the reported confidence and the model’s
accuracy.
2. Multi-modal Consistency: We propose a novel
method to calibrate confidence in vision-language
models (VLMs) by leveraging cross-modal consis-
tency between the generated textual responses and
the input image.
3. Significant Calibration Improvements: We
show that our approach is generalizable by demon-
strating significant calibration improvements in
ECE (upto 96.7%) with experiments across VLMs:
varying in size and type, domains: general, medical,
reasoning, datasets: VQA, Slake, GQA, Whoops,
tasks: Q&A, and caption generation, grounding
models: semantic-based, segmentation-based, and
foundation models, UQ approaches: SOTA self-
consistency-based as well as non-self-consistency-
based verbalized prompting approaches.

2 Background

2.1 Uncertainty Quantification

Uncertainty quantification (UQ) techniques aim to
measure the uncertainty in the predictions of LLMs
to assess their reliability. A prominent strategy
for UQ is built on self-consistency theory (Wang
et al., 2022), which focuses on generating multiple
responses from the model for the same input and
evaluating the consistency among these outputs.
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Figure 2: Confbaseline: confidence from a self-consistency UQ baseline such as LexSim (Fomicheva et al., 2020), PredEnt (Ma-
linin and Gales), NumSets (Kuhn et al., 2023), SemEnt (Kuhn et al., 2023), etc. on a VLM such as LLaVA-Med. Conf
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temperature-scaled calibrated confidence of grounding model on the accuracy of the generated responses. A grounding model
can be as simple as the CLIP-based model, that provides its confidence in terms of a similarity score between embeddings of the
generated response and the input image (e.g. BiomedCLIP), a detection model for response on the input image reporting its
confidence on the detected bounding box (e.g. BiomedParse), or a foundation model that provides its verdict – a confidence
score in [0, 1] – on the relevance of the generated response to the input image (e.g. LLaMA 3.2V, Qwen VL, etc.). Conf (2) is
the proposed calibrated confidence score for UQ of VLMs resulting in substantially lower ECE than the baseline.

This strategy quantifies uncertainty by identifying
discrepancies in the generated responses. Different
approaches for UQ of LLMs differ in how they
measure these discrepancies and the metrics they
use to quantify the resulting uncertainty.

Predictive entropy over the probability distribu-
tion of responses is a popular uncertainty metric,
and serves as a baseline in UQ for LLMs (Kadavath
et al., 2022; Kuhn et al., 2023; Kaur et al., 2024;
Lin et al., 2023). In the context of natural language
processing, for an input query x the probability
of a response r is calculated as the product of the
conditional log probabilities for each token in the
response: p(r|x) =

∏
i p(ri|r<i, x). Lexical simi-

larity (Fomicheva et al., 2020) is another proposed
approach that assigns a similarity score between
each pair of responses (ri, rj) via RougeL (Lin,
2004)1, and uses the average of this score over each
pair as the confidence (1-UQ) metric in the LLM:
1
P

∑|R|
i=1

∑|R|
j=1 RougeL(ri, rj). Here R is the set

of responses, and P = |R|×(|R|−1)/2. Kuhn et al.
(2023) group the generated responses into semanti-
cally equivalent response clusters C, compute the
probability of each cluster as the average probabil-
ity of each response in the cluster, and use semantic
entropy (SE) over these clusters as the uncertainty
metric: SE(x) = −

∑
c∈C p(c|x) log p(c|x), Se-

1RougeL measures the similarity between two sentences
based on the longest common subsequence between the two.

mantic equivalence between two responses for clus-
tering them together is checked via bi-directional
entailment between the two via Deberta (Natural
Language Inference) model (He et al., 2020). Kaur
et al. (2024) further enhances this approach by a
new dynamic semantic clustering algorithm for de-
ciding on the membership of a response. Another
UQ metric as a baseline in (Kuhn et al., 2023; Kaur
et al., 2024) is NumSets, that is the number of se-
mantic clusters formed by the responses.

2.2 Confidence Calibration

Confidence in a model’s predictions is known to
be calibrated if it represents the true probability of
those predictions to be correct (Guo et al., 2017).
This means that for a set of predictions where the
model’s confidence estimate is c, the proportion of
correct predictions by the model should be c.

Temperature Scaling (Guo et al., 2017) is a sim-
ple yet effective post-processing parametric method
for calibrating the softmax confidence of classifi-
cation models. It learns a single parameter (T ) to
scale the model’s logits by a factor of 1/T , with
greater values of T softening the softmax distribu-
tion indicating high uncertainty, and lower values
of T sharpening the distribution indicating low un-
certainty.

Reliability diagrams (DeGroot and Fienberg,
1983), such as the ones shown in Fig. 4b, provide



us with a way to visualize confidence calibration
empirically. These diagrams plot the expected ac-
curacy of the model as a function of confidence.
The range of confidence in [0, 1] is divided into
equal-sized smaller bins, and accuracy for each bin
is calculated as an average accuracy on the sam-
ples falling in that bin. A perfect calibration would
result in average accuracy for each bin equal to
the average confidence of the bin. Any deviation
from this identity function indicates a miscalibra-
tion. Expected Calibration Error (ECE) (Naeini
et al., 2015) provides us with a quantitative mea-
sure for this miscalibration. ECE is calculated as
the weighted average over each bin’s difference in
accuracy and confidence (Guo et al., 2017):

M∑
m=1

Nm

n
|Accm − Confm|, (1)

where M is the number of confidence bins, Nm

is the number of samples in bin m, n is the total
number of samples, and Accm, Confm are the
average accuracy and confidence of the mth bin.

2.3 Grounding
Grounding refers to the process of linking symbolic
representations of knowledge (e.g. language) to
the real world’s sensory data (e.g., images, sounds).
For example, visual grounding techniques (Yu et al.,
2018; Acharya et al., 2019) have been proposed
for mapping textual entities to bounding boxes on
images. Grounding models (GM) such as object
detection or localization models have been used
to report interpretability of LLMs (Giulivi and Bo-
racchi, 2024; Sahu et al., 2024). We propose the
use of grounding models for calibrating the UQ of
VLMs. Different types of GM can be utilized for
linking back the generated response by an LLM
to the input space. We consider three of those:
segmentation-based GM that generates a segmen-
tation mask relevant to the generated response on
the input image, semantic-based GM that assigns a
similarity score to the generated response and the
input image, and a foundation model that can be
instructed to verify the accuracy of the response as
the description of the input image.

3 Related Work

There has been recent work on utilizing informa-
tion from different modalities of multi-modal in-
puts to VLMs for their interpretability. Giulivi and
Boracchi (2024) make use of a localization model

(OWL-ViT) for projecting bounding box on the
identified objects by the VLM. They do so by a
joint training in the embedding space of the LLM
and OWL-ViT. This approach is applicable to open-
source models for joint training in the embedding
space of vision modality. Sahu et al. (2024) run ob-
ject detection model on an input image and make
use of the detected objects to check the LLM’s
response for hallucinations. This is done by gen-
erating a claim from the query-response pair and
then verifying the decomposed sub-claims against
the detected objects.

There has been a recent focus on measuring
uncertainty in VLMs via self-consistency the-
ory. Zhang et al. (2024) apply perturbations in both
text and image input modalities, and use entropy in
the distribution of the generated responses for re-
porting uncertainty of the LLM on the input query.
This can be used as the self-consistency UQ base-
line in the proposed framework for calibrating the
reported confidence (by the baseline) in VLMs.
Li et al. (2024) propose to train a Graph Neural
Network (GNN) on clusters of semantically equiv-
alent responses to predict the probability of each
response being correct, with the optimization goal
of calibrating the predicted probabilities. This is,
however, a supervised approach that requires a la-
beled training set for the GNN. Our approach does
not require training any new model but involves cal-
ibrating the confidence of grounding models (GM)
via temperature scaling on a small validation set to
take into account the uncertainty of GM used in the
pipeline. The use of a validation set is a common
setting in uncertainty quantification literature such
as conformal prediction (Balasubramanian et al.,
2014), where the validation set is used to determine
a threshold on the membership score (known as
non-conformity score) of a generated response in
the output set. The output is a set instead of a sin-
gle prediction from the LLM to take into account
uncertainty in the LLM with coverage guarantees
on the set (Wang et al., 2025; Ye et al., 2024; Kaur
et al., 2024; Quach et al., 2023).

Prompting LLMs to generate a confidence score
along with its prediction has also been used to
quantify the model’s uncertainty (Tian et al., 2023;
Xiong et al., 2023). High ECE in the self-
confidence by VLMs has reported in the litera-
ture (Kostumov et al., 2024; Groot and Valdenegro-
Toro, 2024). The authors report overconfidence by
VLMs but do not propose any confidence technique
for those. To the best of our knowledge, this is the



first work on calibrating confidence from existing
UQ approaches when applied to VLMs.

4 Calibrated Uncertainty Quantification

The core idea behind the proposed approach is to
leverage cross-modal consistency for evaluating
the accuracy of the generated responses. This in-
ference time accuracy evaluation can be utilized
for calibrating the UQ of VLMs. The ability to
ground back a response into the provided context
generates evidence about the response’s accuracy.
Fig. 2 shows examples of grounding models (GM)
that quantitatively provide this evidence by esti-
mating a confidence score in the accuracy of the
VLM’s response. We use this GM-generated confi-
dence (a score in [0, 1]) to calibrate the confidence
reported by the existing UQ approaches. Specif-
ically, confidence in a VLM by a UQ baseline,
Confbaseline ∈ [0, 1], is calibrated by multiplying
it with the GM’s confidence in the accuracy of the
model on the input query:

Conf = Confbaseline × Conf
(1/T )
GM + C, (2)

where ConfGM is the average confidence of the
grounding model over multiple responses gener-
ated for the self-consistency UQ baseline.2 T (> 0)
is the hyper-parameter for temperature scaling
or calibration of ConfGM . Higher values of T
sharpen (or increase) the confidence of the ground-
ing model. Reducing the value of T reduces the
confidence of the grounding model, and therefore
the overall confidence. This is necessary to make
sure the grounding model is calibrated correctly to
the task. A constant C(> 0) is also added to offset
the reduction caused by the product of confidences
in the range of [0, 1]. Both hyperparameters T and
C are determined from a validation set.

Specifically, ConfGM is computed as follows
depending on the GM type: Semantic-based
(CLIP/BiomedCLIP): cosine similarity between
the text response and image embeddings, normal-
ized to [0, 1]; Segmentation-based (Grounded-
SAM): bounding-box detection confidence, na-
tively in [0, 1]; Foundation-based (LLaMA3.2V,
QwenVL): we assign a score of 1 for Yes re-
sponses and 0 for No or Maybe responses. In all
cases, Conf is clipped to 1 when C pushes the
sum above 1.0. For foundation GMs, the grounding

2In case of non-consistency-based baselines, ConfGM is
the grounding-model’s confidence in a single response by the
VLM.

prompt asks the model to verify whether the textual
response accurately reflects the input image, re-
sponding with only Yes, No, or Not sure. We map
to 0 to both No and Not sure, reflecting a delib-
erate conservative design choice: in safety-critical
settings, the inability to confirm a fact is function-
ally equivalent to a failure to provide grounding
evidence (see Appendix for full prompt details).

Theoretical Motivation. Equation (2) can be
viewed as a structured correction for the primary
failure mode of self-consistency-based uncertainty
quantification: the assumption that response consis-
tency necessarily implies correctness. We consider
three cases.

Case 1 — Model Inconsistency. When the base
model is inconsistent, Confbaseline is already low,
which naturally yields a low final confidence score.

Case 2 — Consistent but Incorrect. This is the
critical setting in which existing self-consistency
baselines often fail. The grounding term Conf1/TGM
introduces evidence from the visual modality. If
the grounding model cannot identify visual sup-
port for the textual response, ConfGM approaches
zero, thereby correcting an overconfident baseline
towards a calibrated low-confidence prediction.

Case 3 — Consistent and Correct. When the
response is both consistent and visually supported,
both terms remain high, preserving justified high
confidence. The additive offset C is motivated by
the fact that multiplying two values in [0, 1] inher-
ently compresses the resulting score; for example,
0.8 × 0.8 = 0.64. Without C, the formulation
would systematically underestimate confidence for
correct predictions. The offset shifts the confidence
distribution closer to the x = y identity line in the
reliability diagram, thereby reducing ECE.

The formulation can also be interpreted as the
Product-of-Experts with two complementary ex-
perts: semantic consistency (Confbaseline), and
visuo-linguistic grounding (ConfGM). The power
transformation 1/T acts as a parametric weight
that calibrates the influence of grounding evidence.
Their product implements a conjunctive AND con-
straint: high final confidence requires the response
to be both internally consistent and externally
grounded. The additive offset C further prevents
confidence from collapsing to zero due to limita-
tions of the GM, while still preserving the VLM’s
own consistency signal.



5 Experiments

5.1 Datasets

We evaluate our method on two open-ended vi-
sual question answering (QA) benchmarks from
different domains: the medical-domain Slake (Liu
et al., 2021) dataset and the general-domain VQA
v2.0 (Goyal et al., 2017) dataset. Slake is a bilin-
gual (English and Chinese) dataset containing 14K
QA pairs over 642 CT, MRI, and X-ray images,
with both vision-only and knowledge-based ques-
tions annotated by physicians. We use only the
English QA pairs and create 80/20 test/validation
splits from the original test set. VQAv2 evaluates
general visuo-linguistic understanding while reduc-
ing reliance on language priors through balanced
annotations; we similarly use an 80/20 test/vali-
dation split from its test set. Additional examples
from both datasets are provided in the Appendix.

We also perform ablation studies on GQA (Hud-
son and Manning, 2019) and Whoops (Bitton-
Guetta et al., 2023). While VQA primarily eval-
uates general visual understanding (e.g., object
recognition, counting, color identification, and
factual reasoning), GQA requires compositional,
multi-step reasoning over scene graphs. Whoops
further challenges vision–language models with
adversarial questions designed to avoid shortcuts
based on dataset biases or scene-graph reason-
ing. Example image–question pairs from GQA
and Whoops are included in the Appendix.

5.2 Vision Language Models

We consider LLaVA-v1.5-7B (Liu et al., 2024a)
and LLaVA-Med-v1.5-Mistral-7B (Li et al., 2023b)
as the VLMs for quantifying their uncertainty on
VQA and Slake, respectively. Large Language and
Vision Assistant (LLaVA) is a vision and language
model that connects a vision encoder (CLIP (Rad-
ford et al., 2021)) with a language model (LLaMA
2 (Touvron et al., 2023)) to handle image-text
queries. LLaVA-Med-v1.5-Mistral-7B is the fine-
tuned variant of LLaVA on the medical domain
with Mistral-7B (Jiang et al., 2023) as the language
model. The fine-tuning is done by curriculum learn-
ing on biomedical image-caption pairs from the
PubMed Central (Zhang et al., 2023a) dataset. We
also conduct ablation studies on different VLMs,
varying in openness and scale. Details and results
of these studies on those models are in Section J.

5.3 Grounding Models

We consider different categories of the ground-
ing models (GM). For VQA, we consider the fol-
lowing GM: 1. Segmentation-based: Ground-
edSAM (Ren et al., 2024) is trained to perform
segmentation on the bounding box detected by
Grounding DINO (Liu et al., 2024b) on an im-
age for an input text. 2. Semantic-based:
The Contrastive Language–Image Pre-training
CLIP (Radford et al., 2021) model assigns a similar-
ity score between an image-text pair in the shared
embedding space. 3. Foundation-based: LLaMA-
3.2-11B-Vision-Instruct (Grattafiori et al., 2024)
(LLaMA3.2V), and Qwen2-VL-7B-Instruct (Wang
et al., 2024) (QwenVL). For Slake, we report
results with semantic and foundation GM: 1.
Semantic-based GM: BiomedClip (Zhang et al.,
2023b), an advanced version of CLIP model fine-
tuned on the medical domain. 2. Founda-
tion GM: Biomed-Qwen2-VL-2B-Instruct (Cheng
et al., 2024) (Biomed-QwenVL), the fine-tuned
version of QwenVL on the medical domain, and
LLaMA-3.2-11B-Vision-Instruct3. We add prompt
details for foundation GM in the Appendix.

5.4 Baselines

We consider all four self-consistency-based UQ
baselines covered in the background section:
Predictive Entropy (PredEnt), Lexical Similarity
(LexSim), Semantic Entropy (SemEnt), and Num-
Sets. For each prompt, we elicit 20 responses from
VLM in order to capture diverse settings for the
LLM with temperature = 0.5 for randomness, and
top_p = 1 for nucleus sampling. For a fair com-
parison, we also consider calibrating all baselines
directly with temperature scaling (Conf

(1/T )
baseline)

where T is learned using the validation set.
We also conduct ablations on LLaVA for

VQA on all four non-consistency-based verbal-
ized prompting UQ approaches recently from Xuan
et al. (2025). In these methods, models are explic-
itly instructed to output confidence scores for their
generated responses, either through one-stage or
two-stage prompting. One-stage prompting pro-
duces both the answer and its confidence within a
single generation. This includes Chain-of-Thought
(CoT) (Wei et al., 2022), where the model generates
step-by-step reasoning followed by an answer and

3To the best of our knowledge, there is no model
LLaMA3.2V family of foundation models specific to the med-
ical domain



Baseline
Without Grounding (↓) With Grounding (↓)

Confbaseline Conf
(1/T )
baseline GroundedSAM CLIP LLaMA3.2V QwenVL

LexSim 0.169 0.081 0.052 (−36.0%) 0.045 (−44.6%) 0.045 (−44.6%) 0.061 (−25.0%)

NumSets 0.410 0.246 0.143 (−41.9%) 0.143 (−41.8%) 0.127 (−48.4%) 0.125 (−49.2%)

PredEnt 0.445 0.190 0.115 (−39.6%) 0.117 (−38.3%) 0.096 (−49.4%) 0.119 (−37.5%)

SemEnt 0.108 0.108 0.036 (−66.9%) 0.038 (−64.6%) 0.029 (−73.1%) 0.073 (−32.5%)

Table 1: Comparison of ECE over accuracy of LLaVA for VQA with the confidence reported by baseline (Confbaseline),
calibrated baseline (Conf

(1/T )
baseline), and the proposed calibration with grounding 2. Percentage improvement in ECE via

grounding from the calibrated baseline is also reported (in green) for each grounding model.

Baseline
Without Grounding (↓) With Grounding (↓)

Confbaseline Conf
(1/T )
baseline BiomedClip LLaMA3.2V Biomed-QwenVL

LexSim 0.031 0.031 0.004 (−87.1%) 0.013 (−58.1%) 0.038 (+22.6%)

NumSets 0.426 0.201 0.007 (−96.5%) 0.021 (−89.6%) 0.132 (−34.3%)

PredEnt 0.390 0.215 0.007 (−96.7%) 0.014 (−93.5%) 0.217 (+00.9%)

SemEnt 0.376 0.222 0.008 (−96.4%) 0.010 (−95.5%) 0.247 (+11.3%)

Table 2: Comparison of ECE over accuracy of LLaVA-Med for Slake with the confidence reported by baseline (Confbaseline),
calibrated baseline (Conf

(1/T )
baseline), and the proposed calibration with grounding 2. Percentage improvement/regression in ECE

via grounding from the calibrated baseline is also reported (in green/red) for each grounding model (GM).

its confidence score, and Top-K prompting, where
the model produces K candidate responses with as-
sociated confidence scores in a single prompt, and
the response with the highest confidence is selected.
In contrast, two-stage approaches separate predic-
tion from confidence estimation. Self-reflection
prompting first generates an answer and then, in a
subsequent pass, asks the model to reflect on that
answer to produce a confidence estimate. Visual
Confidence-Aware Prompting (VCAP) (Xuan et al.,
2025) similarly follows a two-stage design, first
eliciting a visual description along with a visual
confidence score, and then performing the task con-
ditioned on this self-assessed visual understanding
to improve calibration.

5.5 Results

We report the average Expected Calibration Error
(ECE) over accuracy with the confidence reported
by (a) self-consistency baselines, (b) calibrated ver-
sion of these baselines with temperature scaling,
and (c) proposed calibration (2) for these baselines
via grounding with different grounding models. Av-
erage ECE is calculated from 5 runs of random
splits of the test/validation sets. Tables 1, and 2
show results for VQA and Slake, respectively. We
observe a very low variance in all cases, and those
values are in the Appendix. Values of hyperparam-

eters T , C are also reported in the Appendix.
We also plot reliability diagrams for these base-

lines along with their temperature-scaled version,
and the proposed grounding approach for calibra-
tion of these baselines with different grounding
models (GM). These plots along with their respec-
tive ECE for LexSim, and SemEnt are reported in
Fig. 3 for VQA and, Fig 8 in Appendix for Slake:
LexSim and Sement are the top two UQ baselines
in terms of ECE for both the datasets. Plots for
other baselines (PredEnt and NumSets) are in the
Appendix.

Observations on ECE: We make the following
observations from Tables 1 and 2. First, ECE by
the calibrated confidence via temperature scaling
of all baselines is much lower than their original
versions reported in the literature. This illustrates
the efficacy of temperature scaling in calibrating
the existing UQ techniques. Second, compared
to confidence by the self-consistency approaches
(Confbaseline), the proposed grounding-based ap-
proach achieves much lower ECE in all but one
test case for all grounding models on both VQA
and Slake datasets, illustrating that the proposed ap-
proach is agnostic to the choice of GM. Finally, sig-
nificant percentage improvements in ECE in most
(all but three as shown in red) test cases - at least
32.5% for VQA and 34.3% for for Slake - from



Figure 3: (a) Histogram on the frequency of LLaVA’s accuracy on VQA. Reliability Diagrams for UQ of LLaVA on VQA by (b)
LexSim, and (c) SemEnt baseline. Each diagram shows plots and the respective ECE for the confidence reported by the baseline
Confbaseline, its calibrated version Conf

(1/T )
baseline, and the proposed approach 2 for calibration with different GM.

the calibrated version of the baselines (as shown
in green) illustrate that calibrating confidence of
self-consistency scores on LLM’s responses with
external grounding is much more effective than
calibrating those scores via temperature scaling.

Another important observation is that the amount
of ECE improvement depends on the choice of
the GM. In the case of VQA, LLaMA3.2V per-
forms the best. Our hypothesis on this is as fol-
lows. LLaMA3.2V’s diverse pretraining corpus
has enhanced the model’s capacity for common-
sense reasoning and nuanced interpretation of com-
plex image-text relationships, making it apt for
grounding the responses of the VQA dataset that
requires commonsense knowledge and understand-
ing of visual domain. In the case of Slake, Biomed-
Clip which is fine-tuned on medical domain per-
forms better than the general-purpose LLaMA3.2V
model. Although, Biomed-QwenVL is also fine-
tuned for medical purposes but the use of synthetic
data in the post-training might indicate its poor
performance in the three baselines.

Observations from Reliability Diagrams: For
VQA, LLaVA is able to answer most of the ques-
tions accurately - this is evident from the histogram
on the frequency of LLaVA’s accuracy on VQA 3
(a). This justifies the concentration of the reliabil-
ity plots in the higher accuracy-confidence range
(> 0.5) with all GM in case of LexSim and with
LLaMA3.2V (best GM) on SemEnt. For other GM
(SAM & CLIP) on SemEnt, the plot is more cali-
brated – closer to x = y axis in all regions – in com-
parison to both the baseline and the temperature-
scaled baseline.

For Slake, LLaVA-Med is not able to answer
most of the questions accurately - this is evident
from the histogram on the frequency of LLaVA-
Med’s accuracy on Slake 8 (a). This justifies the

concentration of the reliability plots in the lower
accuracy-confidence range (< 0.5) BiomedClip
(best GM) on LexSim. The peaky behavior of
the calibrated baseline and LlaMA3.2V in LexSim
is due to uncalibrated confidence predictions on
a very small number (2 to 3) inputs from higher
(> 0.5) confidence bins. Similarly in case of Se-
mEnt, BiomedLCip and LLaMA3.2V yields more
calibrated curve in the lower accuracy-confidence
range (< 0.5) but again we observe peaky behavior
here, again due to uncalibrated confidence predic-
tions on 2 to 3 inputs from higher confidence bins.

Additional robustness evidence (with results in
Appendix): We provide several ablation studies
to test whether the calibration gains are specific to
a particular UQ baseline, dataset, VLM, ground-
ing model, or calibration metric. First, Table 20
shows that the proposed grounding-based calibra-
tion also improves non-consistency-based verbal-
ized confidence baselines, including CoT, Top-K,
Self-Reflection, and VCAP. Second, Tables 14
and 15 show similar improvements on GQA and
Whoops, extending the evaluation beyond the main
VQA/Slake settings to compositional visual rea-
soning and caption generation. Third, Figure 11,
Figure 12, and Tables 12–13 show that the ap-
proach remains effective across VLMs differing
in openness and scale. We also report computa-
tion overhead and GM-only calibration baselines
in Tables 5 and 6–11. Finally, in addition to ECE,
Tables 16–19 report two additional calibration met-
rics, Smooth ECE (Blasiok and Nakkiran, 2024)
and Brier score (Brier, 1950), to further evaluate
the quality of the estimated confidence.

6 Conclusion

This work exposes a key limitation of self-
consistency-based UQ for VLMs: consistency



does not imply accuracy. Consequently, rely-
ing solely on self-consistency can produce mis-
calibrated confidence estimates. We propose
a calibrated UQ framework that complements
self-consistency with cross-modal response con-
sistency. Experiments across multiple VLMs,
datasets, domains, tasks, and UQ baselines demon-
strate that cross-modal consistency, alongside
self-consistency, is essential for achieving cal-
ibrated uncertainty estimates.

Limitations

Our approach requires access to a grounding
model (GM) capable of verifying model outputs
against the input image, and introduces addi-
tional inference-time cost from this extra forward
pass compared to self-consistency-only baselines.
While our results show the method is robust to
the specific choice of GM across the categories
evaluated, the general framework assumes that a re-
sponse can be meaningfully grounded back into the
image (e.g., via bounding boxes or segmentation
masks); it is less directly applicable to responses
that are not spatially groundable, such as purely ab-
stract reasoning steps. Separately, we observe that
non-self-consistency verbalized-confidence base-
lines relying on structured output formats (e.g.,
XML/JSON) can fail to parse for vision-language
models that do not reliably follow formatting in-
structions, which limits their comparability across
all VLMs in our evaluation.
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A Miscalibration of Existing SOTA
self-consistency-based UQ approaches
on TriviaQA and COQA

Fig. 4a and Fig. 4b show reliability diagrams
for two self-consistency-based UQ approaches for
predicting confidence of Llama-2-13B (Touvron
et al., 2023) on TriviaQA (Joshi et al., 2017) and
COQA (Reddy et al., 2019) datasets respectively;
a common test setting considered by these ap-
proaches (Lin et al., 2023; Kuhn et al., 2023; Kaur
et al., 2024). High expected calibration error (ECE)
shows poor calibration of the model’s accuracy
with its confidence predicted by these approaches

B Prompt for the Foundation Grounding
Models

Prompt

"I have an image and a short
statement that describes a specific
part of the image. Your job is to
verify if this statement accurately
reflects what is shown in the image.
Image: <Attached above>
Statement: “{response_text}”
Instructions: Respond with only one
word — either “Yes” if the statement
is correct, “No” if the statement
is incorrect, or “Not sure” if you
are uncertain. Do not provide any
additional explanations."

We map “Yes” to the confidence score of 1, “No”
as well as “Not sure” to the confidence score of 0.

C Examples of Question-Answer Pairs
from VQAv2, GQA and Whoops
Dataset

Fig. 5, and 6 shows sample multimodal question-
answer pairs from the VQAv2 (Goyal et al.,
2017) and GQA (Hudson and Manning, 2019)
datasets, respectively. Fig. 7 shows some exam-
ples of the caption generation task for the Whoops
dataset (Bitton-Guetta et al., 2023).

D Reliability Diagrams

Figure 8 shows the reliability diagrams for LexSim
and SemEnt on Slake. For Slake, LLaVA-Med
is not able to answer most of the questions accu-
rately, as shown by the accuracy histogram in Fig-
ure 8(a). This explains why the reliability plots

are concentrated in the lower accuracy-confidence
range. Figures 9 and 10 additionally show relia-
bility diagrams for PredEnt and NumSets on VQA
and Slake, respectively.

E ECE Results across different runs &
Hyperparameter Configurations

Tables 3 show the values for mean and variance of
ECE over 5 runs, as well as mean hyperparameter
values of T and C again over 5 runs for VQA.
Table 4 shows these values for Slake.



Baseline Grounding Model Mean ECE Variance ECE Mean T Mean C

LexSim NA 0.1692 0.00001 NA NA
LexSim Temp. Scaled Baseline 0.0813 0.00001 1.7 NA
LexSim GroundedSAM 0.0524 0.00001 0.7 0.5
LexSim Qwen-VL 0.0606 0.00001 1.1 0.5
LexSim LLaMA 3.2V 0.0449 0.00001 0.3 0.5
LexSim CLIP 0.0453 0.00001 0.7 0.5

NumSets NA 0.4096 0.00001 NA NA
NumSets Temp. Scaled Baseline 0.2465 0.00001 5.1 NA
NumSets GroundedSAM 0.1432 0.0001 0.3 0.5
NumSets Qwen-VL 0.1249 0.0001 0.5 0.5
NumSets LLaMA 3.2V 0.1265 0.00001 0.3 0.5
NumSets CLIP 0.1434 0.00001 0.5 0.5

SemEnt NA 0.1080 0.00001 NA NA
SemEnt Temp. Scaled Baseline 0.1078 0.00001 0.9 NA
SemEnt GroundedSAM 0.0355 0.00001 2.9 0.2
SemEnt Qwen-VL 0.0728 0.00001 0.9 0.5
SemEnt LLaMA 3.2V 0.0290 0.0001 0.3 0.4
SemEnt CLIP 0.0383 0.0001 4.7 0.1

PredEnt NA 0.4445 0.0001 NA NA
PredEnt Temp. Scaled Baseline 0.1904 0.0002 9.7 NA
PredEnt GroundedSAM 0.1145 0.0001 0.7 0.5
PredEnt Qwen-VL 0.1187 0.0001 2.7 0.5
PredEnt LLaMA 3.2V 0.0964 0.0001 0.3 0.5
PredEnt CLIP 0.1165 0.0001 0.9 0.5

Table 3: Mean Expected Calibration Error (ECE), variance of ECE across five random splits over test/validation
sets across different grounding models and baselines for the VQA dataset, and the corresponding average values
of the temperature scaling parameter (T) and confidence threshold (C). Results are presented for all the four
baselines—LexSim, NumSets, SemEnt, and PredEnt—each evaluated with the vanilla baseline, temperature-scaled
baseline, and multiple vision-language grounding models including GroundedSAM, Qwen-VL, LLaMA 3.2V, and
CLIP.



(a) TriviaQA (b) COQA

Figure 4: Reliability diagrams with the expected accuracy of LLaMA-2-13B on TriviaQA and COQA plotted as
a function of the model’s confidence predicted by two SOTA self-consistency-based UQ approaches. A perfect
calibration between the model’s accuracy and the predicted confidence would result in red points, representing the
average accuracy for each confidence bin, lying on the x = y axis with low variance.

F Verbalized Prompt Templates &
Limitations

We provide the complete prompt templates used for
each verbalized uncertainty quantification method.

F.1 Chain-of-Thought (CoT)

The CoT prompt elicits step-by-step reasoning fol-
lowed by a structured answer and a verbalized con-
fidence score in a single forward pass.

CoT

USER: <image >
Task: Answer the following question

about the image. Provide your
best answer along with a
confidence score (0% to 100%).

Instructions:
- Carefully read and analyze the

question.
- Reason through the answer step by

step.
- At the end , present your final

answer and a confidence score in
the following XML format:

<answer >your answer here </answer >
<confidence >your confidence score

here </confidence >

Example:
Question: How many people are

visible in the image?

A: Let me analyze the image
carefully. I can see several
individuals in the scene. On the
left side , there are two people
standing together. In the
center , there is one person
sitting. On the right side , I
can see one more person walking.
Counting all visible
individuals: 2 + 1 + 1 = 4
people total.

<answer >4</answer >

<confidence >85%</ confidence >

Now , here is your question:
Question: {question}

ASSISTANT:

F.2 Top-K Prompting

The Top-K prompt (with K=3) asks the model to
produce K ranked answer candidates, each with an
associated confidence. If fewer than K distinct an-
swer options are plausible, the model is instructed
to score only the available options.

Top-K Prompting, (K = 3)

USER: <image >
You are given an image and a visual

question.

YOUR TASK is to answer the visual
question.

Instructions:
- Provide your 3 best guesses and

the probability that each is
correct (0% to 100%).

- If fewer than 3 options exist ,
only provide the available
answers with their confidence
scores.

- Please reason step by step.
- At the end , present your final

answers in the following
XML format:

<answer1 >[your first best
answer]</answer1 >

<confidence1 >[ confidence for
answer1]</confidence1 >

<answer2 >[your second best
answer]</answer2 >

<confidence2 >[ confidence for
answer2]</confidence2 >

<answer3 >[your third best
answer]</answer3 >



Q1: What does the sign say?
A: No cursing

Q2: What color is the engine?
A: Red

Q3: Are most of the people wearing hats?
A: No

Q4: Who does the man on the right resemble?
A: Surfer

Figure 5: Example Q&A pairs from the VQAv2 dataset (Goyal et al., 2017).

Q1: Is the blue bag to the right or to the left of the player
that is to the left of the towel?
A: The bag is to the left of the player.

Q2: Is the shower near the mirror dirty and large?
A: No, the shower is large but clean.

Q3: Is the fireplace near the couch white and closed?
A: No, the fireplace is closed but black.

Q4: Does the umbrella look open and large?
A: No, the umbrella is open but small.

Figure 6: Example Q&A pairs from the GQA dataset (Hudson and Manning, 2019).



Q1: Describe the image.
A: A Renaissance woman with a cheeseburger.

Q2: Describe the image.
A: A pagoda sits in front of the Eiffel Tower.

Q3: Describe the image.
A: A man is hiking up a mountain wearing a suit.

Q4: Describe the image.
A: Vikings ride on public transportation.

Figure 7: Example Image-caption pairs from the Whoops dataset (Bitton-Guetta et al., 2023).

Baseline Grounding Model Mean ECE Variance ECE Mean T Mean C

LexSim NA 0.0308 0.00001 NA NA
LexSim Temp. Scaled Baseline 0.0312 0.00001 0.9 NA
LexSim BiomedCLIP 0.0040 0.00001 0.1 0.2
LexSim LLaMA 3.2V 0.0134 0.00001 0.5 0.1

NumSets NA 0.4263 0.00001 NA NA
NumSets Temp. Scaled Baseline 0.2015 0.00001 0.1 NA
NumSets BiomedCLIP 0.0070 0.00001 0.1 0.2
NumSets LLaMA 3.2V 0.0212 0.00001 0.1 0.2

SemEnt NA 0.3764 0.00001 NA NA
SemEnt Temp. Scaled Baseline 0.2221 0.00001 0.1 NA
SemEnt BiomedCLIP 0.0080 0.00001 0.1 0.2
SemEnt LLaMA 3.2V 0.0098 0.00001 0.3 0.2

PredEnt NA 0.3902 0.00001 NA NA
PredEnt Temp. Scaled Baseline 0.2149 0.00001 0.1 NA
PredEnt BiomedCLIP 0.0069 0.00001 0.1 0.2
PredEnt LLaMA 3.2V 0.0138 0.00001 0.1 0.2

Table 4: Mean Expected Calibration Error (ECE), variance of ECE across five random splits over test/validation
sets across different grounding models and baselines for the Slake dataset, and the corresponding average values
of the temperature scaling parameter (T) and confidence threshold (C). Results are presented for all the four
baselines—LexSim, NumSets, SemEnt, and PredEnt—each evaluated with the vanilla baseline, temperature-scaled
baseline, and two grounding models: BiomedCLIP (a biomedical domain-specific model) and LLaMA 3.2V.



Figure 8: (a) Histogram on the frequency of LLaVA-Med’s accuracy on Slake. Reliability diagrams for UQ of
LLaVA-Med on Slake by (b) LexSim, and (c) SemEnt. Each diagram shows plots and the respective ECE for the
confidence reported by the baseline Confbaseline, its calibrated version Conf

(1/T )
baseline, and the proposed approach (2)

for calibration with different grounding models.

Figure 9: Reliability diagrams for UQ by PredEnt and NumSets baselines for LLaVA on the VQA dataset. Each
diagram shows plots and ECE for the confidence reported by the baseline Confbaseline, its calibrated version
Conf

(1/T )
baseline, and the proposed approach (2) for calibration with different grounding models.

Figure 10: Reliability diagrams for UQ by PredEnt and NumSets baselines for LLaVA-Med on Slake. Each diagram
shows plots and ECE for the confidence reported by the baseline Confbaseline, its calibrated version Conf

(1/T )
baseline,

and the proposed approach (2) for calibration with different grounding models.

<confidence3 >[ confidence for
answer3]</confidence3 >



Example output:
[YOUR_REASONING]
<answer1 >yes </answer1 >
<confidence1 >75%</ confidence1 >
<answer2 >no </answer2 >
<confidence2 >20%</ confidence2 >
<answer3 >maybe </answer3 >
<confidence3 >5%</ confidence3 >

Question: {question}
ASSISTANT:

F.3 Self-Reflection

Self-Reflection is a two-stage method. In Round 1,
the model answers the question with step-by-step
reasoning but does not output a confidence score.
In Round 2, the model receives the original ques-
tion together with its Round 1 answer and is asked
to reflect and output a single verbalized confidence
score.

Self-Reflection — Round 1

USER: <image >
You are given an image and a visual

question.

YOUR TASK is to answer the visual
question.

Instructions:
- Please reason step by step.
- At the end , present your final

answer in the following
XML format:

<answer >[your answer to the
question]</answer >

Example output:
[YOUR_REASONING]
<answer >yes </answer >

Question: {question}
ASSISTANT:

Self-Reflection — Round 2

USER: <image >
Task: Reflect on the following

problem and solution , and
provide a final confidence score.

Instructions:
- Carefully read and analyze the

problem and solution.
- Reason through the solution step

by step.
- At the end , present your final

confidence score in the
following XML format:

<confidence >confidence score
here </confidence >

Example output:
[YOUR_REASONING]
<confidence >80%</ confidence >

Problem: {question}
Solution: {solution}
ASSISTANT:

F.4 VCAP (Visual Confidence-Aware
Prompting)

VCAP is a two-stage method. Round 1 prompts
the model to produce a detailed image description
and attach a confidence score to that description.
Round 2 injects the description (including its con-
fidence) and asks the model to answer the target
question with confidence.

VCAP — Round 1: Image Description

USER: <image >
Task: Describe the image with enough

detail to help answer visual
questions about it. Provide a
confidence score

(0% to 100%).

Instructions:
- Observe all important elements in

the image.
- Describe objects , people , actions ,

colors , and spatial
relationships.

- Provide a confidence score
indicating certainty about your
description.

- Please reason step by step.
- Present your output in XML format:
<description >your detailed

description </ description >
<confidence >your confidence

score </confidence >

Example:
ASSISTANT: Looking at this image: In

the foreground , I see a wooden
table with a red tablecloth. On
the table: a white coffee mug on
the left , a plate with food in
the center , and silverware on
the right. The background shows
a kitchen with white cabinets
and a window.
<description >Wooden table with a
red tablecloth , a white coffee
mug , a plate with food , and
silverware. Background: kitchen
with white cabinets and a
window.</description >

<confidence >90%</ confidence >



Now , please describe this image:
ASSISTANT:

VCAP — Round 2: Question Answering

USER: <image >
Task: Answer the following question

about the image. Use both the
image and the description below.

You have previously generated this
description:

{description_with_confidence}

Instructions:
- Reason step by step , considering

both the image and your own
description.

- Take into account the confidence
score of the description.

- At the end , present your final
answer and a confidence score
(0% to 100%) in XML format:

<answer >your answer here </answer >
<confidence >your confidence score

here </confidence >

Example:
Previous description: "A park with

green grass , several people
playing with a frisbee , trees in
the background ,

sunny day" (confidence: 85%)

Question: What activity is happening?

A: Based on my description
mentioning people playing with a
frisbee (85% confidence), and
checking the image to confirm , I
see the frisbee in mid -air and
people in throwing/catching
positions.

<answer >playing frisbee </answer >
<confidence >90%</ confidence >

Question: {question}

A:

A practical limitation of verbalized confidence
estimation is its reliance on structured output for-
mats (e.g., XML/JSON) for reliable parsing, which
introduces two failure modes. First, many vision-
language models—especially domain-specialized
variants—do not consistently adhere to strict for-
matting constraints, resulting in parsing failures.
This failure was evident for LLaVA-Med in our
experiments, where the model could not generate a
self-confidence score for these baselines. Second,
imposing structured output constraints can itself

degrade task performance; Tam et al. (2024) report
drops of up to 38 percentage points on mathemati-
cal reasoning benchmarks under structured-output
requirements (Tam et al., 2024).

G Additional Ablations

1. Computation Cost Analysis: Table 5 reports
the time taken by baselines and grounding models
on Slake. We acknowledge that our calibration ap-

Baseline Grounding Model
LexSim: 44.24 BiomedClip: 0.47
NumSets: 47.82 Llama3.2V: 9.44
PredEnt: 44.18 Biomed-QwenVL: 17.68
SemEnt: 47.82

Table 5: Computation Cost Analysis (in Seconds) on
Slake

proach introduces computational overhead due to
the use of an external model for grounding. How-
ever, as evident from Tables 1 and 2, we would like
to emphasize that we get substantial performance
gains even with a lightweight GM such as Clip with
at most 0.01% computational overhead.

2. Using Conf
1/T
GM as a Baseline: We also

report ECE with temperature-scaled grounding
model confidence as another baseline. These re-
sults are shown in Tables 6, 7, 8 show results for
Conf

(1/T )
GM as the baseline for VQA with Clip,

LLaMA3.2V, and QwenVL as the grounding model
respectively. Tables 9, 10, 11 show results for
Conf

(1/T )
GM as the baseline for Slake with Biomed-

Clip, LLaMA3.2V, and QwenVL as the grounding
model respectively. The proposed approach outper-
forms this baseline on all but two 2 cases on VQA
and all but 3 test cases on Slake.

3. Different Sizes of VLMs For ablations
on different sizes of VLMs, in addition to
Llava-7B, we perform experiments with Phi-4-
multimodal-instruct-5.6B (Abouelenin et al., 2025)
and Qwen2.5-VL-32B-Instruct (Bai et al., 2025)
models on GQA with Clip as the grounding model.
Figure 11 shows significant percentage improve-
ments – ranging from 41.6% to 97.7% – by our
approach in ECE from the temperature-scaled base-
lines for all models. Tables 12 and 13 show detailed
results for Phi and Qwen, respectively.

4. Generalizability w.r.t Datasets and Tasks:
Tables 14 and 15, show these results for all the base-
lines with Llava-v1.5-7B as the VLM and Clip as
the GM for Whoops and GQA respectively. Here,



Baseline Without Grounding (↓) With Grounding (↓)

Confbaseline Conf
(1/T )
baseline Conf

(1/T )
GM Confbaseline × Conf

(1/T )
GM + C

LexSim 0.169 0.081 0.11 (+35.8%) 0.045 (–44.6%)
NumSets 0.410 0.246 0.11 (–55.3%) 0.143 (–41.8%)
PredEnt 0.445 0.190 0.11 (–42.1%) 0.117 (–38.3%)
SemEnt 0.108 0.108 0.11 (+1.90%) 0.038 (–64.6%)

Table 6: Temperature-Scaled Grounding as baseline with Clip as the GM on VQA.

Baseline Without Grounding (↓) With Grounding (↓)

Confbaseline Conf
(1/T )
baseline Conf

(1/T )
GM Confbaseline × Conf

(1/T )
GM + C

LexSim 0.169 0.081 0.14 (+72.8%) 0.045 (–44.6%)
NumSets 0.410 0.246 0.14 (–43.1%) 0.127 (–48.4%)
PredEnt 0.445 0.190 0.14 (–26.3%) 0.096 (–49.4%)
SemEnt 0.108 0.108 0.14 (+29.6%) 0.029 (–73.1%)

Table 7: Temperature-Scaled Grounding as baseline with LLaMA3.2V as the GM on VQA.

Baseline Without Grounding (↓) With Grounding (↓)

Confbaseline Conf
(1/T )
baseline Conf

(1/T )
GM Confbaseline × Conf

(1/T )
GM + C

LexSim 0.169 0.081 0.31 (+282.7%) 0.061 (–25.0%)
NumSets 0.410 0.246 0.31 (+26.00%) 0.125 (–49.2%)
PredEnt 0.445 0.190 0.31 (+63.20%) 0.119 (–37.5%)
SemEnt 0.108 0.108 0.31 (+187.0%) 0.073 (–32.5%)

Table 8: Temperature-Scaled Grounding as baseline with QwenVL as the GM on VQA.

Baseline Without Grounding (↓) With Grounding (↓)

Confbaseline Conf
(1/T )
baseline Conf

(1/T )
GM Confbaseline × Conf

(1/T )
GM + C

LexSim 0.031 0.031 0.14 (+351.6%) 0.004 (–87.1%)
NumSets 0.426 0.201 0.14 (–30.30%) 0.007 (–96.5%)
PredEnt 0.390 0.215 0.14 (–34.90%) 0.007 (–96.7%)
SemEnt 0.376 0.222 0.14 (–36.90%) 0.008 (–96.4%)

Table 9: Temperature-Scaled Grounding as baseline with BiomedClip as the GM on Slake.

Baseline Without Grounding (↓) With Grounding (↓)

Confbaseline Conf
(1/T )
baseline Conf

(1/T )
GM Confbaseline × Conf

(1/T )
GM + C

LexSim 0.031 0.031 0.17 (+448.4%) 0.013 (–58.1%)
NumSets 0.426 0.201 0.17 (–15.40%) 0.021 (–89.6%)
PredEnt 0.390 0.215 0.17 (–20.90%) 0.014 (–93.5%)
SemEnt 0.376 0.222 0.17 (–23.40%) 0.010 (–95.5%)

Table 10: Temperature-Scaled Grounding as baseline with LLaMA3.2V as the GM on Slake.



Baseline Without Grounding (↓) With Grounding (↓)

Confbaseline Conf
(1/T )
baseline Conf

(1/T )
GM Confbaseline × Conf

(1/T )
GM + C

LexSim 0.031 0.031 0.10 (+222.6%) 0.038 (+22.6%)
NumSets 0.426 0.201 0.10 (–50.20%) 0.132 (–34.3%)
PredEnt 0.390 0.215 0.10 (–53.50%) 0.217 (+0.9%)
SemEnt 0.376 0.222 0.10 (–54.90%) 0.247 (+11.3%)

Table 11: Temperature-Scaled Grounding as baseline with QwenVL as the GM on Slake.

Baseline Without Grounding (Ours) (↓) With Grounding (Ours) (↓)

Confbaseline Conf
(1/T )
baseline CLIP

LexSim 0.136 0.095 0.024 (–74.7%)
NumSets 0.350 0.318 0.016 (–95.0%)
SemEnt 0.194 0.139 0.022 (–84.2%)
PredEnt 0.375 0.287 0.017 (–94.1%)

Table 12: Baseline comparisons of ECE for Phi on Q&A task of GQA. Percentage improvement in ECE via
grounding is from the calibrated baseline Conf

(1/T )
baseline.

Baseline Without Grounding (↓) With Grounding (Ours) (↓)

Confbaseline Conf
(1/T )
baseline CLIP

LexSim 0.157 0.064 0.002 (–96.9%)
NumSets 0.240 0.174 0.005 (–97.1%)
SemEnt 0.387 0.388 0.009 (–97.7%)
PredEnt 0.375 0.305 0.032 (–89.6%)

Table 13: Baseline comparisons of ECE for Qwen on Q&A task of GQA. Percentage improvement in ECE via
grounding is from the calibrated baseline Conf

(1/T )
baseline.



Figure 11: Temperature-scaled baselines’ comparisons
of ECE (↓) with Clip as the GM in the proposed ap-
proach for different VLMs – Qwen, Phi, Llava – on
GQA.

Baseline
Without

Grounding (↓)
With Grounding

(Ours) (↓)

Confbaseline
uncalibrated

Conf
(1/T )
baseline

calibrated
CLIP
ours

LexSim 0.192 0.161 0.094 (–41.6%)
NumSets 0.318 0.262 0.043 (–83.6%)
SemEnt 0.214 0.169 0.074 (–56.2%)
PredEnt 0.339 0.184 0.075 (–59.2%)

Table 14: Baseline comparisons of ECE for LLaVA on
Q&A task of GQA. Percentage improvement in ECE via
grounding is from the calibrated baseline Conf

(1/T )
baseline.

also we observe significant improvements in the
ECE for both GQA (at least 41.6%) and Whoops
(at least 68.6%).

H Computation Resources

All experiments were conducted on a combination
of AWS EC2 p4de.24xlarge and p4d.24xlarge
instances. The p4de.24xlarge configuration in-
cludes 8 × NVIDIA A100 GPUs (80 GB HBM2e
per GPU, totaling 640 GB of GPU memory), 96
vCPUs, 1,152 GiB of system RAM, 8 TB of lo-
cal NVMe SSD storage, 400 Gbps network band-
width, and approximately 19 Gbps of EBS through-
put. The p4d.24xlarge instances, in comparison,
provide 8 × NVIDIA A100 GPUs (40 GB HBM2
per GPU), 1.1 TiB RAM, and similar networking
and storage specifications (Amazon Web Services,
2023). Our codebase was implemented in Python
using PyTorch (Paszke et al., 2019), with model de-
velopment and inference supported by the Hugging
Face Transformers library (Wolf et al., 2019).

I Additional Calibration Metrics

Tables 16–19 report Smooth ECE and Brier score
on VQA for CLIP and LLaMA3.2-V across all four
baselines.

Baseline Without Grounding (↓) With Grounding (↓)

Confbaseline Conf
(1/T )
baseline CLIP

LexSim 0.125 0.140 0.044 (–68.6%)
NumSets 0.406 0.199 0.060 (–69.8%)
SemEnt 0.484 0.352 0.053 (–84.9%)
PredEnt 0.639 0.545 0.030 (–94.5%)

Table 15: Baseline comparisons of ECE for LLaVA
on caption generation task of Whoops. Percentage im-
provement in ECE via grounding is from Conf

(1/T )
baseline.

Baseline T C

Baseline
Smooth

ECE

Calibrated
Smooth

ECE

LexSim 3.3833 0.3860 0.1803 0.0877
NumSets 15.2752 0.5000 0.3760 0.2034
SemEnt 3.1030 0.2040 0.0994 0.0819
PredEnt 8.1881 0.4960 0.4038 0.1799

Table 16: Smooth ECE results on VQA with CLIP as
the grounding model.

Baseline T C
Baseline

Brier
Calibrated

Brier

LexSim 3.3833 0.3860 0.1498 0.1240
NumSets 15.2752 0.5000 0.3626 0.1814
SemEnt 3.1030 0.2040 0.1196 0.1210
PredEnt 8.1881 0.4960 0.3709 0.1670

Table 17: Brier score results on VQA with CLIP as the
grounding model.

Baseline T C

Baseline
Smooth

ECE

Calibrated
Smooth

ECE

LexSim 1.6215 0.4100 0.1803 0.0801
NumSets 7.6275 0.4980 0.3760 0.1661
SemEnt 4.3042 0.3280 0.0994 0.1208
PredEnt 0.8608 0.4960 0.4038 0.1514

Table 18: Smooth ECE results on VQA with LLaMA3.2-
V as the grounding model.

Baseline T C
Baseline

Brier
Calibrated

Brier

LexSim 1.6215 0.4100 0.1498 0.1152
NumSets 7.6275 0.4980 0.3626 0.1562
SemEnt 4.3042 0.3280 0.1196 0.1333
PredEnt 0.8608 0.4960 0.3709 0.1499

Table 19: Brier score results on VQA with LLaMA3.2-
V as the grounding model.

J Ablation Studies

1. Generalizability w.r.t the underlying UQ base-
line. We conduct ablations on LLaVA for VQA for



all four non-consistency-based verbalized prompt-
ing UQ baselines. Table 20 shows these results.
Here also, the proposed grounding-based calibra-
tion consistently outperforms all four verbalized
prompting baselines across all grounding models,
achieving improvements ranging from 60.8% to
96.4% in ECE as compared to temperature-scaled
UQ baselines. Details on the verbalized prompts
for these baselines and their limitations are listed
in Appendix.

2. Generalizability w.r.t Datasets and Tasks:
Apart from VQA for general Q&A and Slake for
medical Q&A, we also consider two more datasets,
namely GQA for Q&A and Whoops for the caption
generation. These datasets are chosen as they test
LLMs at varying levels of visuo-linguistic reason-
ing. Tables 14 and 15 in Appendix, show these re-
sults for all the baselines with Llava-v1.5-7B as the
VLM and Clip as the GM. Here, also we observe
significant improvements in the ECE for both GQA
(at least 41.6%) and Whoops (at least 68.6%).

3. Generalizability w.r.t VLMs: Here we con-
sider variability in terms of closed model such as
Gemini-2.5-pro (Comanici et al., 2025), and dif-
ferent sizes of the VLMs. Unlike LLaVA, Gemini
is a closed model without access to its generated
token probabilities. As a result, baselines such
as NumSets, PredEnt, and SemEnt, which rely on
these probabilities, cannot be tested. So, we com-
pare using the LexSim baseline, which assesses
lexical similarity between every pair of responses.
Figure 12 shows up to 86.25% improvements in
ECE from the temperature-scaled baseline by the
proposed approach with all grounding models on
Slake. Similar results with ablations on different
sizes of VLMs with parameters ranging from 5.6B
(in Phi4) to 32B (in Qwen2.5) are included in the
Appendix: Figure 11 and Tables 12 and 13.

We also perform other ablations on a) compu-
tation overhead due to the use of an external GM
(Table 5) acknowledging that we get substantial
performance gains even with a lightweight GM
such as Clip with at most 0.01% computational
overhead, and b) using temperature-scaled GM as
baseline (Tables 6, 7, 8, 9, 10, 11). Details and
results of these ablations are included in Appendix.

K Additional Calibration Metrics

To complement the standard ECE evaluation, we
additionally report two calibration metrics: Smooth
ECE (Blasiok and Nakkiran, 2024) and Brier score.

Figure 12: Reliability diagram and ECE comparison of
LexSim with different GM in the proposed calibration ap-
proach for Gemini on the medical dataset Slake.

We evaluate these metrics on VQA across two
GMs, CLIP and LLaMA3.2V, for all four base-
lines. Smooth ECE improvements range from
17.6% to 55.6%, and Brier score improvements
range from 17.2% to 56.9%, with the exception of
SemEnt, which shows marginal regression (−1.1%
to −11.4%). These results provide additional evi-
dence that the proposed approach improves confi-
dence calibration beyond the standard ECE metric.
Detailed results are reported in Tables 16–19.



Baseline
Without Grounding (↓) With Grounding (↓)

Confbaseline Conf
(1/T )
baseline GroundedSAM CLIP LLaMA3.2V QwenVL

CoT 0.273 0.176 0.039 (−85.9%) 0.019 (−93.2%) 0.021 (−92.4%) 0.010 (−96.4%)
Top-K 0.297 0.126 0.010 (−92.4%) 0.036 (−71.4%) 0.049 (−60.8%) 0.017 (−86.5%)
Self-Reflection 0.410 0.334 0.056 (−83.2%) 0.011 (−96.6%) 0.103 (−69.2%) 0.133 (−60.3%)
VCAP 0.279 0.198 0.015 (−94.7%) 0.008 (−97.1%) 0.093 (−66.7%) 0.073 (−73.7%)

Table 20: Comparison of ECE over accuracy of LLaVA for VQA with confidence reported by non-consistency-based verbalized
prompting UQ baselines (Confbaseline), calibrated baseline (Conf

(1/T )
baseline), and our approach with grounding 2. Percentage

improvement in ECE via grounding from the calibrated baseline is also reported (in green) for each GM.
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