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Abstract

Vision-Language Models (VLMs) have
achieved remarkable progress in complex
visual understanding across scientific and
reasoning tasks. While performance bench-
marking has advanced our understanding
of these capabilities, the critical dimension
of uncertainty quantification has received
insufficient attention. Therefore, unlike prior
conformal prediction studies that focused on
limited settings, we conduct a comprehensive
uncertainty benchmarking study, evaluating
18 state-of-the-art VLMs (open and closed-
source) across 6 multimodal datasets with 3
distinct scoring functions. For closed-source
models lacking token-level logprob access,
we develop and validate instruction-guided
likelihood proxies. Our findings demonstrate
that larger models consistently exhibit better
uncertainty quantification; models that know
more also know better what they don’t know.
More certain models achieve higher accuracy,
while mathematical and reasoning tasks elicit
poorer uncertainty performance across all
models compared to other domains. This work
establishes a foundation for reliable uncertainty
evaluation in multimodal systems.

1 Introduction

Recent advances in large vision-language models
(VLMs) have led to remarkable progress in com-
plex visual understanding and reasoning across di-
verse domains such as mathematics (Wang et al.,
2024), science (Lu et al., 2022), and medicine
(Matos et al., 2024). These models now achieve im-
pressive results on challenging multimodal bench-
marks, demonstrating their potential for real-world
impact.

Yet, despite these capabilities, significant chal-
lenges remain. As VLMs are increasingly deployed
in high-stakes domains like medical diagnostics (Li

*Equal contribution.
†Corresponding author.

et al., 2025), educational assessments, and scien-
tific reasoning, the consequences of model failure
become critical. While accuracy metrics highlight
overall performance, they do not reveal when a
model is uncertain or likely to err. In practical ap-
plications, especially in sensitive fields like health-
care, an overconfident but incorrect prediction can
have severe repercussions. Thus, quantifying and
understanding model uncertainty in a computation-
ally efficient way is essential for building reliable
and trustworthy VLM systems.

Quantifying uncertainty in VLMs is therefore
crucial for building reliable and trustworthy sys-
tems, especially in high-stakes domains. While
classical approaches such as Bayesian neural net-
works (Blundell et al., 2015), deep ensembles (Lak-
shminarayanan et al., 2017), and calibration-based
methods (Guo et al., 2017) have been explored
for uncertainty estimation mostly in traditional ma-
chine learning models, their application to founda-
tion models (e.g., LLMs, VLMs, and multimodal
architectures), where parameters often scale to bil-
lions or trillions, is limited by computational cost
and scalability issues. Conformal prediction, in
contrast, offers a computationally feasible, model-
agnostic framework with formal statistical guar-
antees, making it particularly attractive for uncer-
tainty quantification in complex multimodal set-
tings. Prior work has applied conformal prediction
to LLMs for benchmarking predictive confidence
(Ye et al., 2024), but its utility for VLMs, where un-
certainty arises from both visual and textual modal-
ities, remains largely unexplored. This motivates
our study, which systematically investigates confor-
mal prediction as a principled approach for uncer-
tainty benchmarking in VLMs across diverse set of
tasks.

This study is guided by several core research
questions:

1. Do different conformal scoring functions
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yield similar efficiency in terms of prediction
set size, or do their behaviors diverge across
tasks and models?

2. Is there a correlation between model accuracy
and the size of conformal prediction sets, in-
dicating calibration quality?

3. How do uncertainty metrics (set size) vary
with model scale and architecture?

4. Can this uncertainty quantification approach
be applied to black-box proprietary models,
provided they expose token-level probabili-
ties?

5. How does uncertainty calibration vary across
domains and do certain model families show
systematic advantages?

Our evaluation spans a suite of carefully
chosen datasets- MMMU (Yue et al., 2024a),
MMMU-Pro (Yue et al., 2024b), AI2D (Kem-
bhavi et al., 2016), MathVision (Wang et al.,
2024, 2025), ScienceQA (Lu et al., 2022), and
WorldMedQAV (Matos et al., 2024)- each probing
distinct aspects of visual and scientific understand-
ing. We systematically compare multiple scoring
functions within the conformal framework to pro-
vide a comprehensive analysis of uncertainty in
VLMs.

Our findings reveal patterns of uncertainty that
correlate not only with accuracy but also with task
modality and semantic complexity, offering deeper
insights into when and why VLMs hesitate.

2 Related Works

Uncertainty quantification has long been central
to machine learning, especially for risk-sensitive
decisions (Abdar et al., 2021). Classic methods
include Bayesian neural networks (Blundell et al.,
2015), deep ensembles (Lakshminarayanan et al.,
2017), and calibration techniques (Guo et al., 2017).
These work well in low dimensions but can be
computationally heavy or lack expressiveness for
deep multimodal models.

Conformal prediction provides robust, statistical
guarantees and applies across domains (Zhou et al.,
2025). It’s distribution-free, model-agnostic, and
efficient, making it ideal for large-scale models.
Recent efforts have used it for LLMs (Angelopou-
los and Bates, 2021; Ye et al., 2024) and VLMs
(Kostumov et al., 2024), delivering coverage via

prediction sets. Still, past work focused on text-
only models or simpler benchmarks with outdated
VLMs. In contrast, while Kostumov et al. (2024)
mainly examined accuracy–uncertainty alignment
and scaling effects, our study investigates a broader
set of five research questions covering scoring effi-
ciency, calibration–accuracy correlations, architec-
ture and scale influences, black-box model applica-
bility, and domain-specific trends. We also evaluate
a larger and more diverse suite of state-of-the-art
proprietary and open VLMs across multimodal rea-
soning tasks, extending beyond alignment analy-
sis toward a unified, theoretically grounded uncer-
tainty benchmarking framework.

VLMs have spotlighted multimodal understand-
ing, with benchmarks targeting visual reasoning
(Zellers et al., 2019), hallucination detection (Liu
et al., 2022; Sadat et al., 2023; Islam et al., 2024),
and multimodal knowledge (Xu et al., 2023).

Related research covers hallucination (Rawte
et al., 2023), interpretability (Bommasani et al.,
2022), and confidence estimation (Hendrycks and
Gimpel, 2018). These offer insights but often miss
formal guarantees for uncertainty quantification.
Our approach uses conformal prediction for a uni-
fied, distribution-free framework that’s practical
for big foundation models and backed by theory.
It outperforms heuristic hallucination detectors or
post-hoc interpretability methods, paving a solid
way to benchmark VLM uncertainty.

3 Conformal Prediction

Conformal prediction offers a statistically rigorous,
distribution-free framework for uncertainty quan-
tification. It builds prediction sets that include the
true output with a specified probability. For any
model f mapping input X to a probability distribu-
tion over finite label space Y , it creates C(X) ⊆ Y
such that:

P(Ytrue ∈ C(X)) ≥ 1− α, (1)

where α is the error rate.
To build these sets, use a score function s(X, y)

that measures incompatibility between X and y.
The process is:

1. Compute scores si = s(Xcal
i , Y cal

i )
for calibration set Dcal =
{(Xcal

1 , Y cal
1 ), . . . , (Xcal

n , Y cal
n )}.

2. Find threshold q̂ as the ⌈(n + 1)(1 − α)⌉/n
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quantile of scores:

q̂ = quant
(
{s1, . . . , sn}, ⌈(n+1)(1−α)⌉/n

)

(2)

3. For test input X , form C(X) = {y ∈ Y :
s(X, y) ≤ q̂}:

C(X) = {y ∈ Y : s(X, y) ≤ q̂} (3)

In practice, it uses heuristic scoring functions,
which influence calibration and set size. We ex-
amine three: Least Ambiguous Classifier (LAC),
Adaptive Prediction Sets (APS), and Marginal
Score (MS), comparing them across tasks and mod-
els. We also check entropy-based uncertainty as a
complement.

Common scoring functions for classification in-
clude:

Least Ambiguous Classifier (LAC). The LAC
score (Sadinle et al., 2019) is

sLAC(X, y) = 1− f(X)y, (4)

where f(X)y is the predicted probability for y. It
penalizes low-confidence predictions, favoring con-
fident ones in sets.

Adaptive Prediction Sets (APS). The APS score
(Romano et al., 2020) is

sAPS(X, y) =
∑

y′:f(X)y′≥f(X)y

f(X)y′ , (5)

summing probabilities of classes as or more sup-
ported than y. It adjusts set size to prediction ambi-
guity, suiting diffuse distributions.

Marginal Score. The margin score is

smargin(X, y) = f(X)(1) − f(X)(2), (6)

where f(X)(1) and f(X)(2) are top-1 and top-2
probabilities. It measures confidence gap, ideal for
high-ambiguity tasks.

4 Datasets

We test VLM uncertainty on six diverse, challeng-
ing datasets probing multimodal reasoning:

MMMU The Massive Multi-discipline Multi-
modal Understanding (MMMU) dataset (Yue et al.,
2024a) assesses VLMs on college-level questions
across 30 disciplines like science, medicine, engi-
neering, and humanities.

MMMU-Pro MMMU-Pro (Yue et al., 2024b) ex-
tends MMMU with tougher, professional questions
emphasizing real-world scenarios and domain ex-
pertise, ramping up visual and textual complexity.

ScienceQA ScienceQA (Lu et al., 2022) focuses
on elementary/middle school science with over
21,000 questions in natural sciences, physics, and
biology, often with images like diagrams. It tests
visual-scientific integration.

AI2D The AI2 Diagrams (AI2D) dataset (Kemb-
havi et al., 2016) has over 15,000 elementary sci-
ence questions paired with labeled diagrams and
multiple-choice answers, demanding interpretation
of visuals, spatial relations, and concepts.

MathVision MathVision (Wang et al., 2024,
2025) is a visual math benchmark with problems
in images like graphs or equations, evaluating ex-
traction of quantitative info and math reasoning.

WorldMedQAV WorldMedQAV (Matos et al.,
2024) features clinical images (e.g., X-rays, slides)
with expert multiple-choice questions, testing med-
ical image interpretation and diagnostic reasoning
in healthcare contexts.

These datasets create a broad testbed for VLM
uncertainty across domains, modalities, and reason-
ing types.

5 Experimentation

5.1 Prompting

We used a three-part prompting strategy across all
datasets. First, dataset-specific system messages
set the VLM’s role, like “scientific diagram ana-
lyzer” for AI2D or “medical image diagnostician”
for WorldMedQAV. These guided models to the
domain while keeping instructions consistent.

Second, zero-shot task instructions gave a quick
overview of the question type, without hints on
solving. For example, MathVision prompts started
with “I will show you an image along with a
multiple-choice math question.” This setup offered
context but avoided biasing responses.

Finally, every prompt ended with “Only respond
with the option letter” to standardize outputs for
uncertainty analysis. This kept prompt differences
from skewing results. Full prompts are in Ap-
pendix A.
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Table 1: Accuracy (↑) performance (%) of VLMs across six benchmarking datasets. Color intensity indicates higher
performance.

Table 2: Set Size (↓) results across models, datasets, and conformal scoring functions (LAC, MS, and APS). Lower
values indicate more precise uncertainty quantification.
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5.2 Inference Setup

We ran a controlled inference pipeline, adapting to
model size and availability. Small models (≤ 7B
parameters) used P100 and T4 GPUs on Kaggle.

For VLMs, we preferred OpenRouter’s API
when available, covering large and mid-sized mod-
els. For mid-sized ones without API, we turned to
A1000 GPUs on Runpod for smooth runs.

Models on Kaggle and Runpod came straight
from Hugging Face repositories to use official ver-
sions. Across all, we set do_sample=False for
greedy decoding, skipping temperature, top-k, and
top-p.

From each response, we pulled log-probabilities
for answer letters (A, B, C, D) via token-level
scores on the final output. With multiple-choice
tasks limited to one letter, we grabbed the predicted
answer’s log-prob. These distributions drove our
conformal prediction at α = 0.1 (90% coverage),
splitting datasets 50/50 for calibration and testing.

5.3 Evaluated Models

We tested 18 vision-language models spanning
architectures and scales. Open-source picks in-
clude Llama-4-Scout, Gemma-3 (Team et al.,
2025) (4B/12B/27B), InternVL3 (Zhu et al., 2025)
(1B/2B/8B), Molmo variants (Deitke et al., 2024)
(1B/7B), Qwen2.5-VL (Bai et al., 2025) (3B/72B),
Llava-1.5 (Liu et al., 2024) (7B/13B), and Pixtral
(Agrawal et al., 2024) (12B). Proprietary ones in-
clude GPT-4.1-nano and GPT-4o-mini, which were
the only commercial VLMs sharing token proba-
bilities for conformal work. Later we extended our
work with proxy methods, to include Gemini-2.5-
Flash and Claude Haiku-4.5.

This lineup lets us compare uncertainty traits
across sizes, builds, and open/closed paradigms.
Since models like Gemini and Claude do not ex-
pose token-level probabilities through their APIs,
we developed an instruction-guided likelihood
proxy (Section 6.7) to extend our evaluation to
these closed-source VLMs.

5.4 Evaluation Metrics

Our main UQ metric is Set Size (SS), averaging
conformal set sizes:

SS =
1

|Dtest|
∑

(Xt,Yt)∈Dtest

|C(Xt)| (7)

Lower SS means sharper uncertainty, with SS=1
for perfect certainty on correct predictions. We pair

it with Accuracy (Acc) for prediction performance:

Acc =
1

|Dtest|
∑

(Xt,Yt)∈Dtest

I(Yp = Yt) (8)

We also check Coverage Rate (CR) to confirm
guarantees:

CR =
1

|Dtest|
∑

(Xt,Yt)∈Dtest

I(Yt ∈ C(Xt)) (9)

CR should hit at least (1−α) overall. These met-
rics (SS, Acc, CR) across LAC, MS, and APS give
a full picture of prediction quality and uncertainty
trustworthiness.

6 Results

6.1 Uncertainty Performance Analysis
Table 2 presents set sizes for our VLMs and confor-
mal scoring functions. LAC yields the smallest sets
for most models, highlighting its strength in vision-
language uncertainty quantification. Larger models
in each family (e.g., Qwen-VL 72B vs. 3B) show
consistently smaller sets, underscoring scaling’s
role in better calibration.

Figure 1 illustrates the strong inverse link be-
tween accuracy and set size: top performers create
tighter, better-calibrated sets. As detailed in Ap-
pendix C, Figure 9, this negative correlation is a
key principle, stronger models reflect appropriate
confidence.

Set size distributions across methods appear in
Appendix Figure 6, where APS shows the lowest
variability.

6.2 Accuracy Performance Analysis
Table 1 highlights key trends: (1) larger family
members hit higher accuracy; (2) datasets vary
widely, with MMMU-Pro the toughest (20.85%
average) and ScienceQA the easiest (73.78%).
Among open-source models, InternVL 8B leads,
shining on AI2D and ScienceQA.

Figure 4 confirms model size boosts accuracy
and shrinks set sizes. Larger models (>10B) cluster
in the high-accuracy, low-set-size zone, proving
scaling enhances performance and calibration.

6.3 Coverage Rate Analysis
Coverage validation is in Appendix Table 13 and
Figure 8. Our framework meets (1 − α) = 90%
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Figure 1: Correlation between accuracy and set size across datasets. Higher-performing models produce more
concentrated prediction sets.
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Figure 2: Comparison of set sizes across VLMs and scoring functions. LAC scoring consistently produces the most
compact prediction sets.

coverage in most cases, with minor slips. It’s tough-
est on complex tasks like MathVision and MMMU-
Pro, yet holds up across domains.

6.4 Model-Specific Uncertainty Performance

Figure 5 uncovers unique “uncertainty signatures”
per family. Across Gemma, Qwen-VL, and In-
ternVL, bigger variants show superior confidence
calibration at the target coverage.

Figure 3 compares all families: InternVL tops

uncertainty quantification, outpacing rivals. Llama-
4-Scout ranks second, hinting at architectural edges
for calibration in these lines.

6.5 Domain-Specific Uncertainty Performance

VLMs calibrate uncertainty better when visuals
support reasoning, not lead it. ScienceQA, where
images back text, scores high accuracy (75.2% av-
erage) and tight sets (2.1 average). MathVision,
needing exact visual number pulls, challenges cali-
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Table 3: Entropy (↓) based uncertainty scores across models and datasets. Lower values indicate better uncertainty
quantification.

LAC SS

MS SS

APS SS

LAC Cov

MS Cov

APS Cov

Acc

Model Performance Metrics Comparison
GPT-4o Mini
Gemma 3 12B
Gemma 3 27B
InternVL3 1B
InternVL3 2B
InternVL3 8B
Pixtral 12B
LLaMA 4 Scout
Qwen 2.5 VL 72B

Figure 3: Comparative uncertainty profiles across all
VLMs. Proprietary models like GPT-4o-mini achieve
remarkably well-calibrated uncertainty estimates.

bration (4.5 average set size, lower accuracy).
In medical tasks (WorldMedQAV), calibration

stays steady within size groups despite accuracy

swings. This implies domain visual skills and
uncertainty awareness evolve separately, models
might spot features without gauging confidence
accurately, or the reverse.

6.6 Entropy-Based Uncertainty Analysis
Table 3 shows entropy scores, mirroring conformal
results: larger models demonstrate lower entropy
(better calibration), with the Gemma 12B vs. 4B
outlier in set sizes. Gemma leads overall, with
all sizes in top spots. Domains follow suit; Sci-
enceQA exhibit the lowest entropy, and MathVi-
sion the highest. This backs our main findings and
extends them to alternative uncertainty methods.

6.7 Instruction-Guided Uncertainty Proxies
To evaluate closed-source VLMs without logprob
access, we adopt an instruction-guided likelihood
proxy where models output option-wise numerical
likelihoods in a strict JSON format, used as an
uncertainty signal.
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Figure 5: Uncertainty profiles for three model families - InternVL (1B, 2B, 8B), Qwen-VL (3B, 72B), and Gemma
(4B, 12B, 27B). Smaller enclosed radar areas indicate better-calibrated uncertainty. Darker shades represent larger
models within each family. Each family exhibits distinct scaling patterns across domains. Metrics include Accuracy
(Acc.), Coverage for LAC/MS/APS (higher values closer to 90% are better), and Inverted Set Size for LAC/MS/APS
(smaller set sizes are better, inverted for visualization).

We validate this proxy on GPT-4o-mini by com-
paring it against true token-level logprobs. Table 6
shows moderate-to-strong alignment (Pearson up
to 0.47, Spearman up to 0.71, ∼74% directional
agreement), indicating that the proxy preserves rel-
ative uncertainty structure.

Using this proxy, we evaluate GPT-4o-mini,
Gemini-2.5-Flash, and Claude Haiku 4.5. Set-size
results in Table 4 mirror earlier findings: stronger
models yield smaller, better-calibrated sets, while
visually intensive datasets (MathVision, MMMU-
Pro) produce larger sets for weaker models. Accu-
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Table 4: Set Size (↓) for closed-source VLMs using the instruction-guided likelihood proxy.

Task Characteristic Datasets Scoring Adaptation Rationale

Low Ambiguity / Fact-Based ScienceQA, AI2D LAC Probability mass is concentrated; LAC yields the
smallest sets while maintaining 90% coverage,
reducing unnecessary options.

High Ambiguity / Complex Reasoning MathVision, MMMU-Pro APS Distributions are diffuse; APS accumulates prob-
ability mass adaptively, improving robustness un-
der reasoning uncertainty.

Differential / Binary Ambiguity WorldMedQAV MS Tasks often involve two leading hypotheses; MS
models confidence gaps, avoiding low-relevance
tail options.

Table 5: Task-adaptive scoring function recommendations based on task ambiguity and uncertainty structure.

Table 6: Alignment between GPT-4o-mini’s true log-
probs and instruction-guided proxy likelihoods across
six benchmarks. Moderate-to-strong correlation vali-
dates proxy-based uncertainty for closed-source VLMs.

racy and coverage trends remain unchanged (Ap-
pendix Tables 11, 12).

6.8 Task-Adaptive Scoring Functions

We study how conformal scoring functions vary
with task characteristics and derive lightweight se-
lection guidelines. Using prediction entropy as a
proxy for task ambiguity (Table 3), we link am-
biguity with set efficiency and coverage behavior
(Tables 2, 13).

Table 5 summarizes consistent patterns: LAC
performs best in low-ambiguity, fact-based tasks;
APS is more robust in high-ambiguity reasoning do-
mains; and MS is effective for differential or near-
binary uncertainty. These results suggest that task-
aware scoring selection yields better-calibrated un-
certainty than a uniform choice.

7 Conclusion

This work presents a comprehensive conformal
uncertainty benchmarking framework for Vision-
Language Models (VLMs), systematically analyz-
ing how uncertainty behaves across model scales,
architectures, and domains. Using conformal pre-
diction, a distribution-free, model-agnostic method
with formal guarantees, we evaluated 18 state-of-
the-art VLMs over six multimodal benchmarks and
three scoring functions.

Our results reveal clear trends: larger models
not only achieve higher accuracy but also produce
more calibrated uncertainty estimates; they know
better what they do not know. Scaling enhances
both performance and confidence reliability across
model families such as Qwen-VL, Gemma, and
InternVL.

Overall, this study establishes a principled foun-
dation for multimodal uncertainty evaluation and
highlights conformal prediction as a practical, theo-
retically grounded tool for measuring trust in large
VLMs. By quantifying when models are unsure,
our approach moves toward building safer, more
accountable, and trustworthy AI systems, enabling
future research on dynamic calibration and adap-
tive uncertainty in real-world applications.
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Limitations

This work offers key insights on VLM uncertainty,
but limitations persist. First, we stuck to multiple-
choice datasets, as conformal methods need defined
prediction sets amid compute limits. Future efforts
could adapt for generative tasks with unbounded
outputs, like uncertainty in open text via special-
ized techniques.

Second, while we expanded our proprietary
model evaluation beyond GPT to include Gemini-
2.5-Flash and Claude Haiku 4.5, this extension
required an instruction-guided likelihood proxy
rather than direct token-level logprobs. Most com-
mercial VLM providers - including Google, An-
thropic, and others - do not expose token-level log
probabilities through their APIs, a design choice
that fundamentally limits principled uncertainty
quantification. Our proxy method, which prompts
models to self-report option-wise likelihoods in
a structured format, demonstrates moderate-to-
strong alignment with true logprobs (Section 6.7)
but remains an indirect approximation. This proxy
inevitably introduces noise from the model’s self-
assessment biases, instruction-following variability,
and the inherent gap between generated likelihood
estimates and actual next-token distributions. If
providers were to expose token-level logprobs - as
GPT models partially do - our conformal frame-
work could be applied directly, yielding more pre-
cise and theoretically grounded uncertainty quan-
tification. Until such interfaces become standard,
uncertainty benchmarking for closed-source VLMs
will rely on proxy methods that, while practically
useful, lack the formal guarantees of direct logprob-
based conformal prediction.
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A Prompt Design Specifications

To ensure consistent and reproducible evaluation
across all datasets and models, we employed a stan-
dardized two-layer prompting strategy. This ap-
proach separates domain-specific role assignment
(via system messages) from task-oriented instruc-
tions (via zero-shot prompts), minimizing variabil-
ity while adapting to each benchmark’s unique re-
quirements. System messages define the model’s
persona and output constraints, promoting focused
responses. Zero-shot instructions provide contex-
tual framing without examples, encouraging natu-
ral reasoning. This design facilitates reliable extrac-
tion of token-level probabilities for conformal pre-
diction, as all responses are constrained to single-
letter outputs (e.g., A-E). Below, we detail the for-
mulations used, which were applied uniformly ex-
cept for minor adjustments in option ranges (e.g.,
up to J for MMMU-Pro).

Tables 8 and 9 present the exact system mes-
sages and a representative zero-shot example, re-
spectively. These prompts were tested for compat-
ibility across all 18 VLMs, ensuring no leakage
of solving strategies that could artificially inflate
confidence estimates.

B Dataset Statistics and Preprocessing

Our evaluation relies on six diverse multimodal
datasets, each preprocessed to ensure uniformity
and compatibility with the conformal prediction
framework. Preprocessing focused on standardiz-
ing option distributions, handling multimodal in-
puts, and balancing calibration/test splits (50/50 per
dataset). We excluded multi-image samples (e.g.,
4.9% from MMMU) to accommodate model limi-
tations, resulting in single-image-question pairs for
all instances. Additionally, we normalized options
by adding neutral choices (e.g., “I don’t know”)
where needed, without altering ground-truth labels
or randomization to preserve natural distributions.
These steps mitigate biases in uncertainty estimates,
such as skewed option frequencies that could inflate
set sizes under conformal scoring.

Table 7 summarizes the final test set sizes and
option ranges post-preprocessing. Figure 7 visu-
alizes ground-truth answer distributions, revealing
patterns like balance in AI2D/MathVision (uniform
across options) versus skew in ScienceQA/MMMU
(favoring early letters A-C). Such insights highlight
domain-specific challenges: balanced datasets like
MMMU-Pro test broad expertise, while skewed

ones may reflect annotation biases, influencing con-
formal coverage in reasoning-heavy tasks.

C Additional Results and Analyses
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Figure 6: Set size distribution across different uncer-
tainty methods. Distributions highlight LAC’s compact-
ness and APS’s sensitivity to domain ambiguity.

This appendix extends the main results with
supplementary metrics and visualizations, provid-
ing deeper validation of our conformal prediction
framework and uncertainty patterns. We focus on
coverage guarantees (essential for statistical reli-
ability), set size distributions (to assess scoring
function variability), and inter-metric correlations
(to reinforce scaling trends). These analyses con-
firm the robustness of our findings: larger models
exhibit tighter uncertainty bounds, while domain
complexity (e.g., MathVision) amplifies set sizes
across methods.

C.1 Coverage Rate Tables and Plots
Coverage rate (CR) verifies the conformal frame-
work’s 1 − α = 90% guarantee, measuring the
proportion of true labels included in prediction
sets. As expected, CR remains stable and above
threshold for most models/datasets, with minor
dips in high-complexity tasks like MMMU-Pro
(due to diffuse probabilities). This supports the
method’s distribution-free applicability to VLMs,
even under varying architectures. Table 13 de-
tails per-model/dataset CR across scoring functions,
while Figure 8 compares distributions, highlighting
LAC’s edge in maintaining coverage with compact
sets, as depicted in main text Table 2.

C.2 Set Size Distributions by Method
To explore scoring function behaviors beyond av-
erages (main text Figure 2), we analyze set size
distributions. These reveal APS’s adaptability in
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Dataset Description Samples Options

AI2D Diagram-based science questions with multiple-choice answers 3,090 A–F
ScienceQA Multimodal science questions combining text and images 2,020 A–E
MathVision Visual math reasoning tasks requiring diagram understanding 1,530 A–F
WorldMedQAV Multimodal medical questions with real-world clinical context 1,140 A–F
MMMU Multidisciplinary multimodal questions across diverse subjects 794 A–E
MMMU-Pro Professional-level multimodal questions spanning 30+ domains 1,210 A–J

Table 7: Final test set statistics after preprocessing.

Dataset Example Prompt
ScienceQA I will show you an image along with a multiple-choice science question.

Please select the correct answer from the given options.
Only respond with the option letter (A, B, C, D, E).
{QUESTION}
{OPTIONS}

Table 8: Representative zero-shot prompt example. Similar phrasing was adapted for other datasets, with adjustments
for domain (e.g., “math problem” for MathVision) and option count.
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(a) AI2D dataset option distribution
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(b) MathVision dataset option distribution
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(c) WorldMedQAV dataset option distribution
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(d) ScienceQA dataset option distribution

A B C D E
Answer Option

0

50

100

150

200

250

Fr
eq

ue
nc

y

227 222

183

140

22

Distribution of Answer Options in MMMU Dataset

(e) MMMU dataset option distribution
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Figure 7: Answer option (ground truth) distributions across all six benchmark datasets. Each subplot shows the
frequency of correct answers, illustrating balance (e.g., AI2D) versus skew (e.g., ScienceQA).
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Dataset System Message

AI2D

You are a scientific diagram analyzer.
- Analyze the diagram carefully
- Answer ONLY with the correct option letter (A, B, C, D, E, or F)
- Never explain your reasoning
- If uncertain, guess from the provided options

ScienceQA

You are a science question answerer.
- Use the image and question to select ONE correct option
- Respond STRICTLY with just A, B, C, D, or E
- No explanations or additional text
- Must choose from given options

MathVision

You are a math problem solver.
- Analyze the image and question precisely
- Output MUST be exactly one letter: A, B, C, D, E, or F
- Never show working
- Select even if uncertain

WorldMedQAV

You are a medical image diagnostician.
- Examine the image and question thoroughly
- Respond ONLY with the letter (A-F) of the most likely answer
- No disclaimers or explanations
- Choose from options even if unsure

MMMU

You are a multi-disciplinary expert.
- Combine image understanding with question requirements
- Output EXACTLY one letter: A, B, C, D, or E
- No additional text under any circumstances
- Must select from provided options

MMMU-Pro

You are a multi-disciplinary expert.
- Combine image understanding with question requirements
- Output EXACTLY one letter: A, B, C, D, E, F, G, H, I, J
- No additional text under any circumstances
- Must select from provided options

Table 9: System Prompts for each dataset in the VLM evaluation.

ambiguous cases (broader tails for MathVision)
versus LAC’s consistency (narrower peaks). Such
variability underscores the need for task-specific
scoring selection, aligning with our observation
that LAC suits VLM confidence estimation best.
Figure 6 supplements the main analysis, showing
histogram overlaps that confirm inverse accuracy-
set size correlations (as shown in Figure 1).

C.3 Distribution-Shift Robustness

We assess CP robustness under distribution shift via
cross-dataset transfer using APS at (1−α) = 90%,
calibrating on one dataset and testing on another.

Coverage remains stable under shift: 93.5% in-
distribution vs. 92.8% out-of-distribution. Most

Table 10: Cross-dataset transfer coverage rates and set
sizes using APS at (1 − α) = 90%. Diagonal entries
are in-distribution; off-diagonal entries show transfer
performance.

transfers are conservative (e.g., MMMU-Pro →
ScienceQA), while shifts from easier to harder
datasets (ScienceQA → MMMU-Pro) show mini-
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Table 11: Coverage Rate (↑) for closed-source VLMs using the instruction-guided likelihood proxy.
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Figure 8: Coverage rates across datasets and models. All scoring methods maintain at least 90% coverage in most
cases, with APS showing slight variability in reasoning tasks.

mal degradation, indicating strong generalization.
Table 10 reports coverage and average set size
across all source–target pairs; diagonal entries de-
note in-distribution results.

C.4 Closed-Source VLM Evaluation

Table 12: Accuracy (↑) of closed-source VLMs using
the instruction-guided likelihood proxy across six bench-
marks.

This section presents supplementary results for
closed-source VLMs (GPT-4o-mini, Gemini-2.5-
Flash, Claude Haiku 4.5) evaluated using the
instruction-guided likelihood proxy method de-
scribed in Section 6.7 of the main text. Since these

proprietary models do not expose token-level log-
probs, we instructed models to output option-wise
numerical likelihoods in a structured JSON format,
which serves as a proxy uncertainty signal for con-
formal prediction.

Table 12 presents accuracy performance, demon-
strating that accuracy trends remain consistent with
open-source models across all benchmarks. Ta-
ble 11 shows coverage rates, verifying that the
conformal prediction framework maintains its sta-
tistical guarantees even when applied through the
proxy method.

C.5 Correlation and Relationships Between
Metrics

Finally, we quantify relationships between key met-
rics to validate scaling effects. The correlation ma-
trix in Figure 9 shows strong negative ties between
accuracy and set size (r ≈ −0.75), positive links
to model size, and stable coverage. Diagonals illus-
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Table 13: Coverage Rate (↑) across models and datasets. Green cells highlight where coverage exceeds the target
threshold of 90%.

trate metric spreads, e.g., set sizes clustering below
3 for > 10B models. These reinforce main find-
ings: uncertainty calibration improves with scale,
offering a "conformal lens" for VLM benchmark-
ing.
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Figure 9: Correlation matrix between model size, accuracy, set size, and coverage rate. Negative correlation between
accuracy and set size is clearly observed. Diagonals represent distributions for each metric.
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