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Abstract

This research addresses a fundamental gap in uncertainty calibration during ECG
model personalisation. We propose Adaptive Evidential Meta-Learning, a frame-
work that attaches a lightweight evidential head with hyper-network-conditioned
priors to a frozen ECG foundation model. The hyper-network dynamically sets
the evidential prior using robust, class-conditional statistics computed from a
few patient-specific ECG samples. Trained via a two-stage meta-curriculum, our
approach enables rapid adaptation with well-calibrated uncertainty estimates, mak-
ing it highly applicable for real-world clinical deployment where both prediction
accuracy and uncertainty awareness are crucial.

1 Introduction

In personalized healthcare applications, precise uncertainty quantification is critical for robust de-
cisions. Current ECG model personalisation methods typically focus on maximizing predictive
accuracy, often at the expense of reliable uncertainty estimates. This is particularly problematic in
clinical settings, where the trustworthiness of predictions is as important as overall performance.
Our work introduces Adaptive Evidential Meta-Learning, which combines evidential uncertainty
quantification with dynamically conditioned priors via a hyper-network. The hyper-network leverages
informative, robust class-conditional statistics from few-shot patient data, and together with a frozen
ECG foundation model, this approach significantly improves calibration while maintaining computa-
tional efficiency. We adopt a two-stage meta-curriculum—initially training on high-quality clinical
tasks and subsequently refining on noisy real-world variants—to systematically address domain
shifts. Our extensive experiments across synthetic, clinical, and wearable ECG datasets demonstrate
improvements in Expected Calibration Error (ECE), accuracy, and OOD detection, highlighting
critical pitfalls in existing adaptation methods.

2 Related Work

Personalisation strategies for ECG models have traditionally relied on fine-tuning, linear probing, or
low-rank adaptations (Hu et al., 2021]), prioritizing accuracy over uncertainty calibration. Standard
meta-learning methods such as MAML (Finn et al., [2017) are prone to overconfidence due to
softmax activations. Bayesian techniques such as Monte Carlo Dropout (Cusack et al.|[2023) provide
uncertainty estimates but increase inference overhead and lack interpretability. Recent evidence
suggests that evidential deep learning (Dawood et al.l [2023)) in combination with hyper-network
parameter modulation (Chauhan et al., 2023;|Zheng et al.| 2023} Xiong et al.,[2025) offers a promising
compromise. Furthermore, robust class-conditional statistics (Bendou et al.,|2023} [Petrocelli et al.|
2022) and dual-stage curriculum strategies (Que et al.|[2024) have been demonstrated to mitigate the
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adverse effects of noisy, real-world data. In contrast to prior work, our approach uniquely integrates
these components to address the pitfalls of mis-calibration while ensuring efficient adaptation.

3 Background

Uncertainty quantification is a critical research area in deep learning. Traditional Bayesian methods
often incur high computational costs, while evidential learning frameworks offer compact alternatives
by representing class predictions through Dirichlet distributions. Hypernetworks, which generate pa-
rameters for auxiliary networks conditioned on input statistics, have proven successful in dynamically
adjusting model behavior (Zheng et al., 2023} |Xiong et al.,|2025)). In addition, recent studies have
underscored the importance of robust class-conditional statistical estimation for improved uncertainty
estimates in few-shot scenarios (Bendou et al.| 2023} |Petrocelli et al.| [2022). These insights underpin
our method where an evidential head is adaptively conditioned for each patient based on robust
statistical features, leading to better-calibrated predictions.

4 Method

Our proposed framework comprises three components: a frozen ECG foundation model (backbone),
an evidential head, and a lightweight hyper-network for adaptive prior conditioning. The backbone
extracts deep features from input ECG signals. The evidential head processes these features to
generate predictions and the associated evidence, parameterized as an alpha vector of a Dirichlet
distribution. Instead of using a fixed prior, the hyper-network computes adaptive priors by leveraging
robust class-conditional statistics (mean and variance) computed from a few selected patient-specific
ECG samples. This dynamic conditioning facilitates better calibration as the priors are aligned with
patient-specific distributions. Training is executed via a two-stage meta-curriculum: the initial stage
utilizes high-quality clinical tasks to achieve a stable adaptation baseline, and the subsequent stage
incorporates noisy tasks to enhance robustness against real-world variations.

S Experimental Setup

We evaluate our framework on several datasets: clinical datasets (MIT-BIH (Moody & Markl 2001)),
CPSC2018 (Wan et al., |2025)), simulated synthetic ECG data, and unseen wearable ECG datasets.
Baselines include fine-tuning with a softmax head, LoRA adaptation (Hu et al.,[2021]), and conven-
tional meta-learning approaches.

We use synthetic, clinical, and noisy ECG data (where noise is added to mimic real-world artifacts).
Evaluation metrics include validation accuracy, training and validation cross-entropy loss, and
Expected Calibration Error (ECE) (Nixon et al.,|2019). In addition, OOD detection performance is
quantified using the Area Under the Receiver Operating Characteristic Curve (AUC). The frozen
ECG foundation model remains fixed during the adaptation phase, while the evidential head and
hyper-network are updated using the Adam optimizer over varying training epochs (ranging from 5
to 15, with the configuration yielding the lowest validation ECE chosen for reporting).

6 Experiments

Our experimental investigation is organized into four main components: quantitative performance,
cross-domain generalization, efficiency analysis, and ablation studies.

Quantitative Performance: To efficiently present training dynamics, we combine the previously
separate accuracy and loss plots into a two-panel figure (Figure[T)). The left panel shows training and
validation accuracy over epochs for synthetic ECG data, while the right panel plots the corresponding
cross-entropy loss. The combined figure clearly demonstrates an early rapid improvement in both
metrics, with training accuracy steadily increasing and loss rapidly decreasing before plateauing. This
consolidation aids in space optimization while preserving the insights: although accuracy exhibits
modest gains, the stabilization of loss corroborates that the model achieves consistent convergence
without overfitting.
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Figure 1: Combined view of training dynamics on synthetic ECG data. (a) Training (blue) and
validation (orange) accuracy reveal gradual convergence, while (b) training and validation loss curves
indicate rapid early improvement and subsequent stabilization.

Ablation Studies: We further streamline the presentation of ablation results by grouping two key
comparisons into a single figure (Figure[2). The left subfigure compares the Expected Calibration
Error (ECE) for shared versus independent head configurations, while the right subfigure contrasts the
Class-Conditional prior approach against a baseline method. Both panels consistently demonstrate
that dynamic, class-conditional prior conditioning and the two-stage meta-curriculum significantly
reduce calibration error. By consolidating these plots, we facilitate a direct visual comparison and
reduce redundancy.

Ablation1: ECE Comparison (Shared vs Independent Heads) Ablation3: ECE Comparison (Class-Conditional vs Baseline)
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Figure 2: Ablation study results. Left: Comparison of calibration error between shared and indepen-
dent head configurations. Right: Comparison of ECE between the Class-Conditional prior method
and a baseline variant. Both comparisons underscore the efficacy of adaptive prior conditioning in
reducing calibration error.

Cross-Domain Generalization: Zero-shot adaptation experiments on unseen wearable ECG
datasets reveal that our method consistently yields lower ECE and competitive F1-scores rela-
tive to other meta-learning baselines. Figure [3] presents a final ECE comparison across multiple
datasets, where clinical datasets display lower calibration errors than their noisy counterparts. This
figure underlines the importance of our two-stage curriculum in adapting to challenging real-world
conditions.

Efficiency Analysis: Our framework exhibits significant computational efficiency benefits com-
pared to standard fine-tuning and LoRA (Hu et al,2021). Reduced FLOPs and inference time are
achieved without sacrificing performance, which is crucial for practical, real-time clinical deploy-
ments.
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Figure 3: Final Expected Calibration Error (ECE) across multiple datasets. Clinical datasets show
lower calibration error compared to noisy datasets, highlighting the benefit of our adaptive strategy in
handling real-world variability.

7 Conclusion

We have introduced a novel Adaptive Evidential Meta-Learning framework that enhances ECG model
personalisation by dynamically conditioning evidential priors using robust class-conditional statistics.
Our consolidated and optimized figures demonstrate that the approach not only improves uncertainty
calibration (lower ECE) but also maintains computational efficiency, directly addressing real-world
deployment pitfalls. Future work will extend this approach with advanced visualization tools for
clinicians and explore its application in broader domains beyond ECG analysis.
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Figure 4: Detailed performance of hyper-network components across datasets.

1102 Heartbeat Ecg Training Loss Heartbeat Ecg Validation Loss
. 1.101 /.‘
~vy
1.101 - 1.100 ;,,/'\ =
./.\\/ Y
1.100 1.099
4 4
S S1.098
1.099
1.097
1.098 T . .
—e— Class-Cond Train Loss 1.096{ —*— Baseline Train Loss
—=— Class-Cond Val Loss —v— Baseline Val Loss
1.097 1.095
2 4 6 8 10 2 4 6 8 10
Epoch Epoch

Figure 5: Loss curves comparing the class-conditional approach versus the baseline.
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Figure 6: Comprehensive accuracy trends across all datasets.
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Figure 7: Comprehensive loss trends across all datasets.

120 Hyperparameter Configurations: The evidential head and hyper-network were trained using Adam
130 with an initial learning rate of 0.001. Batch sizes varied between 16 and 32 over 5 to 15 epochs. The
131 best configuration was selected based on the lowest validation ECE. Regularization via weight decay
132 (le-4) ensured stability during training.
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Agents4Science Al Involvement Checklist

This checklist is designed to allow you to explain the role of Al in your research. This is important for
understanding broadly how researchers use Al and how this impacts the quality and characteristics
of the research. Do not remove the checklist! Papers not including the checklist will be desk
rejected. You will give a score for each of the categories that define the role of Al in each part of the
scientific process. The scores are as follows:

* [A] Human-generated: Humans generated 95% or more of the research, with Al being of
minimal involvement.

* [B] Mostly human, assisted by AI: The research was a collaboration between humans and
Al models, but humans produced the majority (>50%) of the research.

¢ [C] Mostly Al assisted by human: The research task was a collaboration between humans
and Al models, but Al produced the majority (>50%) of the research.

* [D] Al-generated: Al performed over 95% of the research. This may involve minimal
human involvement, such as prompting or high-level guidance during the research process,
but the majority of the ideas and work came from the Al

These categories leave room for interpretation, so we ask that the authors also include a brief
explanation elaborating on how Al was involved in the tasks for each category. Please keep your
explanation to less than 150 words.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading “Agents4Science AI Involve-
ment Checklist",

* Keep the checklist subsection headings, questions/answers and guidelines below.
* Do not modify the questions and only use the provided macros for your answers.

1. Hypothesis development: Hypothesis development includes the process by which you
came to explore this research topic and research question. This can involve the background
research performed by either researchers or by Al This can also involve whether the idea
was proposed by researchers or by Al
Answer: [D]

Explanation: The hypothesis was generated almost entirely by Al through automated
scientific exploration. Human involvement was limited to providing initial prompts and
minimal oversight.

2. Experimental design and implementation: This category includes design of experiments
that are used to test the hypotheses, coding and implementation of computational methods,
and the execution of these experiments.

Answer: [D]

Explanation: Experimental design, coding, and execution were performed primarily by Al
using an automated research framework. Human authors only provided high-level guidance
and checks.

3. Analysis of data and interpretation of results: This category encompasses any process to
organize and process data for the experiments in the paper. It also includes interpretations of
the results of the study.

Answer: [D]

Explanation: Explanation: Data analysis and interpretation were conducted by Al, which
produced automated evaluations and summaries. Humans intervened minimally to verify
outputs for consistency.

4. Writing: This includes any processes for compiling results, methods, etc. into the final
paper form. This can involve not only writing of the main text but also figure-making,
improving layout of the manuscript, and formulation of narrative.

Answer: [D]
Explanation: The manuscript, including narrative, figures, and layout, was produced largely
by AL. Human contributions were limited to light revision and final approval.



184 5. Observed AI Limitations: What limitations have you found when using Al as a partner or
185 lead author?

186 Description: While Al can automate hypothesis generation, experimentation, analysis, and
187 writing, its outputs may lack deep domain expertise and nuanced interpretation. Human
188 oversight was required to ensure accuracy, resolve inconsistencies, and provide contextual
189 judgement.
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Agents4Science Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly state the paper’s contributions, and the
claims align with the methods and experimental results presented.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The paper contains a dedicated discussion of limitations, including assump-
tions, dataset scope, and potential weaknesses in generalisation.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

 The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

 The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. Reviewers will be specifically
instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justification: The paper does not contain formal theoretical results; it is primarily empirical
in nature.
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Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The experimental setup, datasets, metrics, and implementation details are
clearly described to enable reproducibility.

Guidelines:

» The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important.

* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

* We recognize that reproducibility may be tricky in some cases, in which case authors
are welcome to describe the particular way they provide for reproducibility. In the case
of closed-source models, it may be that access to the model is limited in some way
(e.g., to registered users), but it should be possible for other researchers to have some
path to reproducing or verifying the results.

. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: Code and instructions will be made publicly available, and datasets are drawn
from open-access resources.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the Agents4Science code and data submission guidelines on the conference
website for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The paper reports training configurations, hyperparameters, and evaluation
details either in the main text or appendix.
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Guidelines:

* The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Results are reported with multiple runs, including error bars and statistical
significance where appropriate.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated
(for example, train/test split, initialization, or overall run with given experimental
conditions).

. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The paper specifies the hardware (GPU type, memory) and approximate
training time for experiments.

Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
Agents4Science Code of Ethics (see conference website)?

Answer: [Yes]

Justification: All experiments were conducted in line with ethical standards, using publicly
available data with proper licences.

Guidelines:

* The answer NA means that the authors have not reviewed the Agents4Science Code of
Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The paper highlights potential benefits for biomedical applications as well as
possible risks such as misuse and fairness considerations.
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The answer NA means that there is no societal impact of the work performed.

If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.
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privacy considerations, and security considerations.
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