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Abstract

Uncertainty Quantification (UQ) methods
for Large Language Models (LLMs) have pri-
marily been evaluated on question-answering
benchmarks, where outputs are short, struc-
tured, and comparisons between generations
are relatively well-defined.  In contrast,
many practical generative tasks involve open-
ended, complex outputs, motivating evalua-
tion of current state-of-the-art UQ beyond
simple question-answering settings. In this
work, we explore the challenging task of UQ
for scientific image captioning. Using a sub-
set of the ArxivCap dataset and two popular
multimodal LLMs, we compare Directional
Concentration Uncertainty (DCU), a geo-
metric UQ measure proposed by Chattopad-
hyay et al. (2026), against semantic entropy
(Kuhn et al., 2023), a leading method for UQ
on structured question-answering. Our re-
sults indicate that DCU clearly outperforms
SE, motivating further research into applica-
tions of DCU to other, complex tasks.

1 Introduction

Uncertainty quantification (UQ) is a fundamental re-
quirement for making generative models trustworthy
and robust, particularly in scientific and sensitive do-
mains requiring critical decision-making. By expos-
ing aspects of a model’s underlying confidence — or
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lack thereof — UQ enables users to better understand
model outputs and to make informed downstream de-
cisions based on them (Huang et al., 2024; Zablotskaia
et al., 2023; Kendall and Gal, 2017; Yu et al., 2024).

UQ has a well established history in conventional
statistical modeling and in the development of deep
learning systems like Bayesian neural networks, net-
work uncertainty approaches (Neal, 1992; Gal and
Ghahramani, 2016) and conformal prediction meth-
ods. (Vovk et al., 2005; Shafer and Vovk, 2008). More
recently, UQ for large language models (LLMs) has at-
tracted attention, as their scale and discrete generation
make many classical UQ methods inapplicable (Liu
et al., 2025), motivating black box approaches based
on model outputs. One notable family of methods in
this direction are sampling based methods, which esti-
mate uncertainty by drawing multiple stochastic gen-
erations from a model and characterizing variability
across the resulting outputs (Quach et al., 2024; Aich-
berger et al., 2024; Ulmer et al., 2024; Stengel-Eskin
et al., 2024).

Among sampling-based approaches, semantic entropy
(SE) has achieved strong performance in estimating
model correctness on question-answering benchmarks
(Kuhn et al., 2023) and has also been applied as a
black-box approach for hallucination detection (Far-
quhar et al., 2024). SE operates by first grouping
sampled model outputs according to semantic equiva-
lence, using the notion of bidirectional-entailment re-
lations, and then computes the entropy of the result-
ing cluster distribution. Existing evaluations of SE
and related sampling based approaches have primarily
focused on simple question-answering (QA) datasets,
such as TriviaQA (Joshi et al., 2017). However, due
to the narrowly defined notion of semantic equivalence,
methods such as SE are ill-suited to tasks beyond the
tried-and-true QA tasks used in LLM evaluations. In-
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deed, the notion of semantic equivalence is typically
defined only for phrases or sentences with identical
meaning, whereas complex tasks such as summariza-
tion or image captioning lack a clear or empirically
measurable notion of equivalence.

To overcome the limitations of SE and transcend the
reliance on narrow notions of textual semantics, Chat-
topadhyay et al. (2026) proposed the Directional Con-
centration Uncertainty (DCU) as a geometry-based
approach to task-agnostic, modality-agnostic uncer-
tainty quantification for generative models. DCU
estimates uncertainty by measuring the directional
concentration of continuous embedding representa-
tions from multiple sampled model outputs using a
von Mises—Fisher (vMF) distribution. By operat-
ing directly on the geometry of the embedding space
rather than relying on pairwise semantic judgments,
DCU characterizes uncertainty through the dispersion
of generated outputs, making it broadly applicable
across generative settings and independent of task spe-
cific structure. In experiments, Chattopadhyay et al.
(2026) affirmed the viability of the method when com-
pared directly to SE on QA tasks, including visual
question-answering, and suggested further work ex-
ploring its suitability for complex tasks.

In this work, we evaluate Directional DCU as a uncer-
tainty quantification method for scientific image cap-
tion generation. We empirically compare DCU and
semantic entropy on open-ended, image-conditioned
generation using state-of-the-art vision-language mod-
els, assessing their effectiveness beyond structured QA
settings in identifying unreliable captions. Our ex-
periments show that DCU and SE perform similarly
under lenient evaluation settings, while under stricter
evaluation criteria DCU performs significantly better,
achieving AUROC improvements of over 0.12.

2 Related Work

UQ methods for large language models can be broadly
divided into model based and sampling based ap-
proaches. A comprehensive survey by Xiao et al.
(2022) reviewed UQ methods across multiple tasks,
including text classification, generation and question
answering, and provided task dependent recommen-
dations along with a discussion of their limitations.

Within the class of sampling-based approaches, a num-
ber of methods have been developed that aim to cap-
ture uncertainty at a semantic level. Notably, seman-
tic entropy (Kuhn et al., 2023) measures uncertainty
by grouping multiple model generations according to
semantic equivalence and computing entropy over the
resulting clusters. Building on this general direction,
Qiu and Miikkulainen (2024) proposed semantic den-

sity, which quantifies the confidence of large language
model outputs by analyzing their distribution in a se-
mantic representation space. This method evaluates
response trustworthiness by measuring semantic vari-
ation across outputs and does not require any addi-
tional training or fine tuning.

Recent work has also explored alternative strategies for
uncertainty estimation in large language models. For
example, Gao et al. (2024) proposed a perturbation-
driven framework that estimates uncertainty by ana-
lyzing model responses under controlled variations, en-
abling the characterization of both aleatoric and epis-
temic uncertainty. Their results demonstrated an av-
erage reduction of approximately 50% in expected cal-
ibration error (ECE).

3 Methodology

Here, we describe our adopted approach used for eval-
uating the DCU metric for image captioning proposed
by Chattopadhyay et al. (2026). We describe our
problem formulation, outline the major differences be-
tween DCU and SE and also provide a comprehensive
overview of DCU.

3.1 Problem Formulation

For our problem we consider an image captioning task,
where a vision language model receives an image in-
put I with context x and produces a textual caption c.
Due to stochastic decoding, repeated sampling for the
same image I yields a set of captions {c1,ca,...,cn}
Our objective is to quantify the uncertainty associated
with the model’s outputs {c1, ca, ..., cn} for the given
image I using DCU and SE and compare their perfor-
mance.

3.1.1 Directional Concentration Uncertainty
vs. Semantic Entropy

The SE approach proposed by Kuhn et al. (2023) com-
putes uncertainty by first assigning sampled model
outputs to discrete semantic groups and then evalu-
ating the entropy of the resulting group distribution.
Group membership is determined through pairwise se-
mantic comparisons between outputs, typically using
a bidirectional entailment model to assess whether two
responses are semantically equivalent. As a result, the
computation of uncertainty in SE depends on repeated
pairwise comparisons and an explicit clustering step.

DCU follows a different computational procedure
where each sampled output is embedded into a contin-
uous embedding space and then uncertainty is com-
puted using the overall spatial distribution of those
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embeddings. This formulation avoids reliance on aux-
iliary entailment models and replaces discrete grouping
with a continuous geometric characterization.

3.2 The Directional Concentration Measure

For a given image input I, a vision language model
is sampled N times to obtain a set of captions
{c¢1,ca,...,en}.  Each caption is mapped to a d-
dimensional continuous representation using a pre-
trained text embedding model, and the resulting em-
beddings are ¢s-normalized to obtain vectors z;, i =
1,2,..., N that lie on the unit hypersphere.

The distribution of the normalized embeddings {z;} is
then modeled using the vMF distribution. The vMF
distribution is defined on the unit hypersphere and is
parameterized by a mean direction g and a concentra-
tion parameter k.

In this setting, the estimated concentration parameter
K provides a measure of consistency across the sampled
captions for a given image. When generated captions
are semantically similar, their embeddings concentrate
around a common direction, resulting in a higher .
Conversely, greater variation in the generated caption
leads to increased dispersion in embedding space and
a lower k. The parameters of the vMF distribution are
estimated from the set of normalized embeddings using
maximum likelihood estimation. For more details see
appendix of Chattopadhyay et al. (2026).

Finally, DCU is defined as the inverse of the estimated
concentration parameter, £~ '. This formulation as-
signs higher uncertainty to cases with greater embed-
ding dispersion and lower uncertainty to cases where
embeddings are tightly concentrated, yielding a con-
tinuous uncertainty score derived from the geometric

structure of the embedding space.

4 Experimental Setup

In this section, we describe the experimental protocol
used to evaluate the DCU measure and compare it
against SE. Our goal here is to determine the potential
of DCU and SE for scientific image captioning tasks.
We compare DCU to SE directly using a popular image
captioning dataset and two popular state of the art
LLMs.

4.1 Description of Dataset

Our experiments were conducted using the ArxivCap
dataset (Li et al., 2024), a large scale multimodal cor-
pus constructed using scientific papers drawn from
arXiv. The dataset consists of figures extracted from
more than 500k scientific articles paired with their cor-

responding captions, along with metadata such as the
paper title and abstract. The figures span a wide range
of scientific domains and exhibit substantial variation
in visual structure, including plots, diagrams and ta-
bles, making the dataset well suited for evaluating un-
certainty in open ended scientific image captioning.

For our evaluation tasks we randomly selected a sam-
ple of 100 papers resulting in 512 figure-caption pairs
with its corresponding metadata.

4.2 Models

For our experiments we used two open source LLMs:
LLaVA 1.5 7B and Gemma 3 4B. The models were
used in their pretrained forms with no additional fine-
tuning.

For the implementation of DCU, an embedding model
is required. For our experiments, we used the bi-modal
CLIP encoder as our embedding model. Similarly to
the generative models the encoder model was used
in their pretrained forms with no additional fine tun-
ing. For SE, we repeat the authors’ prior implementa-
tion, using a pretrained MNLI model (Deberta-Large-
MNLI)1 to compute pairwise semantic equivalences us-
ing bidirectional entailment.

4.3 Prompting and Generation

Our prompting strategies were designed to facilitate
free form scientific figure captions from vision language
models without imposing any restrictive output for-
mats. For every image-caption pair, the model was
provided with the figure image together with a textual
prompt which instructed the LLM to produce a cap-
tion for the given figure. The prompt also included the
paper title and abstract as context for better precision
in the generated responses.

For our experiments, we used N = 10 generations with
‘temperature’ and ‘top_P’ settings similar to Kuhn
et al. (2023) and Chattopadhyay et al. (2026) for effec-
tive comparison. Additionally, the prompt remained
unchanged across the N generations for every model,
and the hyperparameter settings were kept fixed for
the two datasets for fair comparison.

4.3.1 Performance Evaluation and Baseline

Following Kuhn et al. (2023) and Chattopadhyay et al.
(2026), we evaluated DCU using both accuracy and
the area under the receiver operating characteristic
curve (AUROC). Accuracy was computed as the frac-
tion of generated captions labeled as correct under this

"https://huggingface.co/microsoft/
deberta-large-mnli
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Figure 1: AUROC values vs SBERT score threshold for (a) GEMMA 4B and (b) LLaVA 1.5 7B models

Table 1: Accuracy and AUROC scores of DCU and SE
for both models. The AUROC scores are computed
using an SBERT threshold of 0.6.

Model Acc. AUROCDCU AUROCSE
Gemma 3 4B 0.44 0.53 0.52
LLaVA 1.5 7B 0.25 0.63 0.50

criterion. AUROC measures how well the uncertainty
score separates correct and incorrect model outputs
across different confidence thresholds. AUROC lies be-
tween 0 and 1 with scores close to 1 indicating better
predictions, and 0.5 indicating the baseline of a ran-
dom prediction. The correctness labels for computing
AUROC were determined by comparing the model’s
first generated answer to the given reference answer
using a sentence-levelsimilarity score based on a pre-
trained sentence BERT encoder. A generation was
labeled correct if its cosine similarity (referred to as
SBERT score henceforth) to the reference caption ex-
ceeded a predefined threshold, set to 0.6 in our initial
experiment.

5 Results and Discussion

In this section we present the empirical results of our
study using our selected models and dataset. The
accuracy and AUROC values using a SBERT score
threshold of 0.6 for both the models are given in ta-
ble 1. The accuracies for both models are relatively
low, indicating the inherent complexity of the task.
This is because, for tasks like scientific image caption-
ing, multiple valid descriptions may exist for a single
image, and exact semantic alignment with a specific

reference is challenging. For Gemma 3 4B, the AU-
ROC indicates that both DCU and SE perform sim-
ilarly, with DCU having a slight edge over SE, and
for LLaVA 1.5 7B, DCU performs significantly better
than SE.

Additionally, the AUROC values for both measures at
different SBERT score thresholds are given in Figure 1.
The results indicate that as the threshold gets stricter,
the performance of DCU increases significantly over
SE. In fact, for LLaVA 1.5 7B, DCU performs better
than SE consistently across all thresholds. At lower
thresholds, where correctness criteria are less strict,
captions with limited semantic overlap may still be la-
beled as correct, resulting in closer AUROC values for
DCU and SE. As the correctness threshold becomes
more strict, the performance gap between the meth-
ods widens, suggesting that embedding-based concen-
tration better captures variations in caption reliability
than the bidirectional entailment used by semantic en-
tropy in image-conditioned generation tasks.

Our empirical study supports the claim made by Chat-
topadhyay et al. (2026) that DCU performs well on
complex generation tasks such as scientific image cap-
tioning. The results also indicate that there remains
scope for further improvement, for example through
the use of alternative or more task specific embedding
models.

6 Conclusion

In this work, we evaluated DCU on the task of scien-
tific image captioning and compared its performance
against SE, a standard UQ approach for text genera-
tion in an open-ended scientific image captioning set-
ting. Our results show that DCU yields more reli-
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able uncertainty estimates than SE for complex image-
conditioned outputs, supporting its applicability be-
yond traditional QA benchmarks. Additionally, our
results also suggest opportunities for further enhance-
ment, such as exploring alternative embedding models
or adapting the approach to other multimodal genera-
tion tasks. Overall, this study highlights the potential
of embedding based uncertainty measures for improv-
ing reliability assessment in complex generative sys-
tems.
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