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Abstract

This proposal aims to investigate epistemic uncertainty -
uncertainty about knowledge or truth, often conveyed by
modals like might or probably in Large Language Models
(LLMs). By probing how such cues affect reasoning, we seek
to achieve controllable epistemic sensitivity: enabling mod-
els to interpret and adapt to uncertainty. Using activation-
level analyses and multilingual benchmarks, this work ad-
vances transparent, context-aware, and trustworthy reasoning
in uncertainty-critical domains.

Introduction

Large Language Models (LLMs) are increasingly integrated
into high-stakes domains such as healthcare, law, and pub-
lic policy-settings where accurate reasoning under uncer-
tainty is essential. While prior research has focused on cal-
ibrating output confidence and evaluating probability esti-
mates, far less is known about how LLMs internally rep-
resent input-side uncertainty, particularly linguistic uncer-
tainty expressed through epistemic modality (e.g., might,
could, probably). Figure 1 explains this with an example -
minimal shifts in modality, such as replacing should with
could, might yield markedly different generations despite
identical contexts, revealing a consistent and systematic sen-
sitivity to uncertainty cues rather than random sampling
variance.

Much like temperature settings, epistemic sensitivity
could serve as a user- or context-specific hyperparameter, al-
lowing adaptive control of how models interpret and respond
to uncertain inputs. Epistemic modality, unlike other se-
mantic features, directly reflects a speaker’s confidence in a
claim, a dimension particularly consequential in reasoning-
driven applications such as medical diagnostics or legal rea-
soning.

Linguistic uncertainty is inherent in all natural language
communication. Prior work shows that introducing epis-
temic uncertainty often degrades LLM reasoning (Holliday,
Mandelkern, and Zhang 2024), as models treat modals like
“must” and “might” as surface patterns rather than operators
encoding necessity and possibility. Addressing this gap can
enable models to reason more faithfully under ambiguity,
enhancing interpretability and reliability.
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A 65-year-old patient presents to
the emergency department with
classic symptoms of a myocardial
infarction (heart attack), including
chest pain radiating to the left
arm and abnormal ECG readings.

A 65-year-old patient presents to
the emergency department with
classic symptoms of a myocardial
infarction, including chest pain
radiating to the left arm and
abnormal ECG readings. The

The physician should physician could

@ The physician could initiate MI

by administering aspirin,
nitrates, and oxygen, and preparing for
immediate reperfusion therapy such as
PCI. Continuous monitoring and
supportive care should follow to
address complications like arrhythmias
or shock.

@ The physician should promptly
administer aspirin, perform a
12-lead ECG, and initiate MONA
protocol. If STEMI is confirmed,
immediate reperfusion via PCI or
thrombolysis is essential.

Figure 1: Although the prompt pairs differ only in epistemic
modality (should vs could), the responses must vary: those
prompted with could may offer a broader range of medical
possibilities and more open-ended compared to those ending
with should. The miscolors indicate minor differences in the
output, while the underlines highlight the common elements.

This research aims to make epistemic modality a control-
lable aspect of LLM behavior. By enabling models to inter-
pret and adapt to input uncertainty, it can reduce misinfor-
mation and enhance user trust in reasoning-intensive appli-
cations, from medical diagnostics to legal assistance.

Background
Uncertainty in LLM QOutputs

Recent work on LLM uncertainty has focused on outputs
via calibration (Desai and Durrett 2020), truthfulness (Lin,
Hilton, and Evans 2022), or confidence alignment (Ghafouri
et al. 2024) but does not examine how input uncertainty is
internally represented or whether models differentiate cer-
tain from uncertain prompts.

Epistemics and Modal Reasoning

Several recent studies have examined the role of modal verbs
in model reasoning. (Holliday, Mandelkern, and Zhang
2024) show that LLMs often struggle with logical tasks in-
volving modal operators, suggesting a lack of systematic
reasoning with modality.



(Zhou, Jurafsky, and Hashimoto 2023) show that epis-
temic markers in LLM outputs significantly affect accuracy,
but do not examine their internal neural representations.
Similarly, (Lee et al. 2025) find that LLM evaluators are sys-
tematically biased against responses expressing uncertainty.

This work aims to complement the above works by read-
ing into the effects of input-side epistemic modality during
generation.

Approach

This work approaches the question of epistemic modality
in LLMs as both a problem in and for Al. Similar to inter-
pretability studies, the objective is to understand how sub-
tle variations in epistemic cues (e.g., might, could, proba-
bly) influence reasoning in LLMs. The focus lies in identi-
fying where and how such cues are internally represented,
and quantifying their effect on downstream behavior.

This work begins by systematically varying epistemic
modality within controlled input contexts while holding all
other semantics constant. Differences in output generations
are then analyzed to isolate model sensitivity to input-side
uncertainty. Probing and intervention methods are employed
to localize and quantify where epistemic information is en-
coded across layers and components.

To uncover the internal mechanisms underlying epistemic
sensitivity, this work employs and extends methods from
mechanistic interpretability and representation analysis:

* Activation patching (Meng et al. 2023) to trace how epis-
temic information propagates through the network.

Steering vectors (Panickssery et al. 2024) to evaluate
whether latent activations can be manipulated to mod-
ulate epistemic sensitivity.

Latent-space intervention techniques(Gat et al. 2021),
vector manipulation (Huang, Chen, and Umrawal 2025)
and sparse autoencoders (SAEs)(Gao et al. 2024), to op-
erationalize fine-grained control over epistemic represen-
tations.

Findings from these analyses are used to explore the pos-
sibility of defining a controllable epistemic sensitivity hy-
perparameter, analogous to temperature, allowing context-
dependent adjustment of reasoning fidelity.

A carefully curated dataset, augmented by Al will be con-
structed to evaluate epistemic sensitivity across domains and
languages. This includes domain-specific datasets in medi-
cal, legal, and commonsense reasoning, alongside multilin-
gual corpora that capture the gradient expression of epis-
temic modality in natural language.

The results from probing and intervention studies will
form the basis of a new framework enabling dynamic control
of reasoning behavior in LLMs based on input-side uncer-
tainty. Scoped to a single language and model, this work is
expected to take 6-8 months and requires moderate compute,
making it feasible.

Evaluation

Given the novelty of this research area, no existing bench-
mark currently measures model sensitivity to epistemic
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modality. As part of this work, a multilingual benchmark
spanning across high-, mid- and low-resource languages and
a quantitative framework will be developed to evaluate how
well model generations align with predefined levels of epis-
temic sensitivity. The benchmark will include reasoning-
intensive tasks such as question answering and classification
(e.g., medical diagnosis from natural language input), span-
ning multiple domains like healthcare and legal decision-
making. Inputs will systematically vary in epistemic modal-
ity, with each instance annotated by corresponding sensitiv-
ity levels.

To quantify performance, a locality-perturbation-based
sensitivity metric will be introduced to assess the consis-
tency and directionality of model responses with respect to
input uncertainty. This will enable local sensitivity analysis
and cross-model comparison.

Discussion

This work is expected to reveal consistent patterns in how
LLMs encode and process epistemic cues, identifying spe-
cific layers, neuron groups, or latent dimensions responsible
for representing linguistic uncertainty. Comparative analy-
ses across languages and resource tiers may further illu-
minate whether epistemic sensitivity correlates with cross-
lingual transfer effects during training.

If successful, this research could offer a new lens for
understanding how models interpret fine-grained linguistic
semantics and introduce a principled mechanism for con-
trollable reasoning. By enabling user- or context-specific
modulation of epistemic sensitivity, it would advance trans-
parency in LLM behavior. The resulting multilingual bench-
mark, evaluation metric, and control framework would pro-
vide valuable resources for the interpretability community.

Societally, such control can improve Al reliability in
reasoning-intensive applications like medical diagnostics,
legal assistance, and decision support by aligning responses
with uncertainty cues, reducing overconfident outputs, and
enhancing user trust and safety.

Conclusion

LLMs are increasingly used in reasoning-intensive domains,
yet their sensitivity to input-side linguistic uncertainty, par-
ticularly epistemic modality, remains unclear. This work
investigates how such cues are represented and influence
reasoning through mechanistic probing, latent-space inter-
ventions, and curated multilingual datasets. A benchmark
and evaluation framework will measure alignment between
outputs and user-specified sensitivity levels across models,
languages, and resource tiers. By revealing and controlling
how LLMs interpret epistemic cues, this research enables
fine-grained modulation of model outputs, enhancing trans-
parency, reliability, and alignment with user intent. Even
partial control over uncertainty can reduce overconfident re-
sponses in high-risk domains such as medical diagnostics or
legal reasoning, improving Al-driven decision-making, re-
ducing misinformation, and fostering user trust.
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