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Abstract

Deploying machine learning (ML) models in high-stakes do-
mains such as healthcare and autonomous systems requires
reliable uncertainty quantification (UQ) to ensure safe and
accurate decision-making. Conformal prediction (CP) offers
a robust, distribution-agnostic framework for UQ, providing
valid prediction sets that guarantee a specified coverage prob-
ability. However, existing CP methods are often limited by
assumptions that are violated in real-world scenarios, such
as non-i.i.d. data, and by a lack of integration with mod-
ern machine learning workflows, particularly in large genera-
tive models. This research aims to address these limitations
by advancing CP techniques to operate effectively in non-
i.i.d. settings, improving predictive efficiency without sac-
rificing theoretical guarantees, and integrating CP directly
into model training processes. These developments will en-
hance the practical applicability of CP for a wide range of
ML tasks, enabling more reliable and interpretable models in
high-stakes applications.

Research Questions
The primary questions guiding this research are:

• What techniques can be developed to maintain the valid-
ity of CP methods in real-world, non-i.i.d. (independent
and identically distributed) data settings, where the as-
sumptions of CP may be violated?

• How can CP methods be extended to large generative
models, such as large language models (LLMs), to offer
reliable uncertainty quantification in tasks like text gen-
eration, where predicting a set of possible outcomes is
critical for handling ambiguous or open-ended queries?

• What strategies can be employed to improve the predic-
tive efficiency (e.g., expected cardinality of prediction
sets) of CP, while preserving its theoretical guarantees?

• How can CP be effectively integrated into machine learn-
ing models to ensure flexible and reliable uncertainty
quantification across a wide range of high-stakes appli-
cations, such as healthcare and autonomous systems?
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Related Work
Conformal prediction (CP) is a popular framework for un-
certainty quantification (UQ) that measures the confidence
of model in its predictions (Vovk, Gammerman, and Shafer
2005). CP converts model outputs (e.g., Softmax scores)
into prediction sets that contain the true label with a spec-
ified probability, or coverage (e.g., 90%) (Romano, Sesia,
and Candes 2020). This is achieved through a calibration
step based on non-conformity scores, offering formal relia-
bility guarantees, which is critical for high-stakes applica-
tions like medical diagnosis (Lu et al. 2022). Most works
use split CP (Romano, Sesia, and Candes 2020), which cal-
ibrates on a held-out set with a pre-trained model, assum-
ing i.i.d. data. Some CP works (Lu et al. 2023) extend CP
to non-i.i.d. settings but faces challenges in real-world sce-
narios. Though CP has been applied in classification (Ro-
mano, Sesia, and Candes 2020) and regression (Romano,
Patterson, and Candes 2019), its use in large generative mod-
els (e.g., LLMs) remains limited. Some studies (Mohri and
Hashimoto 2024) have explored uncertainty quantification
in text generation, but the general framework is unestab-
lished. Improving prediction efficiency while ensuring valid
coverage is an ongoing issue (Angelopoulos et al. 2020).
Recent advances in conformity scores (Angelopoulos et al.
2020) and calibration methods (Ghosh et al. 2023) help, but
there is no established framework for prediction efficiency.
Some research integrates CP into model training to improve
efficiency, known as conformal training (Stutz et al. 2021).
However, the theoretical frameworks of learning bound and
optimization analysis remain limited.

Research Plan and Proposed Contributions
The goal of this research is to extend CP for real-world sce-
narios, focusing on its use with non-i.i.d. data, large gener-
ative models, improving efficiency, and integrating CP into
ML training. The expected contributions are:

• CP in non-i.i.d. settings: I will develop methods to adapt
CP for non-i.i.d. data, particularly in federated learning
(FL), using similarity measures and importance weight-
ing to ensure valid coverage under distribution shifts.

• Extending CP to generative models: I plan to apply CP
to large generative models (e.g., LLMs) for tasks like text
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generation, providing reliable uncertainty quantification
in ambiguous or open-ended cases.

• Improving predictive efficiency: I will explore non-
conformity score distributions to build a theoretical
framework that enhances CP’s predictive efficiency with-
out sacrificing validity.

• Integrating CP into ML training: I will incorporate CP
principles directly into the ML training process as a reg-
ularization method, improving both accuracy and uncer-
tainty quantification from the training phase onward.

These contributions aim to enhance CP’s theoretical foun-
dation and practical use in various machine learning tasks,
including deep learning and generative models.

Research Progress and Timeline
Progress as of September 30, 2024
• CP in non-i.i.d. settings: I have completed a compre-

hensive literature review, designed the theoretical frame-
work, and drafted the initial version of the manuscript.

• Extending CP to generative models: I have conducted
a literature review and identified key challenges.

• Improving predictive efficiency: The literature review,
framework design, and draft of the manuscript are com-
plete. I have also begun implementing the code on the
CIFAR100 dataset (Krizhevsky, Hinton et al. 2009).

• Integrating CP into ML training: I have completed the
literature review, designed the framework, and written
the first version of the manuscript. Theoretical analysis
is also complete, and implementation is underway on the
CIFAR-100 dataset.

Anticipated Progress by February 25-26, 2025
• CP in non-i.i.d. settings: By the workshop date, I plan to

complete the code implementation, extend the approach
to real-world datasets, and finalize the theoretical proof.

• Extending CP to generative models: I plan to complete
the remaining tasks, including framework design, code
implementation, and empirical validation. By early 2025,
I aim to have initial results and a draft of the manuscript
ready for submission.

• Improving predictive efficiency: I will extend the pre-
dictive efficiency methods to large-scale datasets and
complete the theoretical analysis. By early 2025, I plan
to have the manuscript ready for submission, showcasing
the improvements in efficiency of CP.

• Integrating CP into ML training: I will finalize the
implementation on larger datasets, revise the manuscript
based on new findings, and submit the final version for
publication.

Contributions of Collaborators
Thesis Supervisor: Dr. Yan Yan and Dr. Jana Doppa have
identified key challenges in the research problems related
to CP, assisted in formulating the research questions, and
helped refine the manuscripts. Collaborating PhD Student:
Seyed Hooman Shahrokhi contributed by proofreading the

theoretical analysis for integrating CP into ML training.
Subhankar Ghosh developed the first version of the code for
the same task.

Conclusion and Future Directions
This research advances CP for non-i.i.d. settings, genera-
tive models, and improved predictive efficiency, while in-
tegrating CP into ML training. Key progress has been made
in framework design, theoretical analysis, and initial imple-
mentation. Future work will focus on extending these meth-
ods to real-world datasets, refining efficiency, and applying
CP to generative and reinforcement learning models. These
efforts aim to enhance theoretical foundations of CP and ex-
pand its practical use in high-stakes applications.
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