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Introduction

Juan Perez , Ana Gutierrez , Carlos Lopez1 1* 2

Reproducibility has emerged as a critical bottleneck in data-driven materials engineering, particularly as graph neural
networks (GNNs) and associated uncertainty quantification (UQ) methods are increasingly embedded in high-stakes
discovery pipelines. While advances in conformal prediction, Bayesian inference, and ensemble techniques have
improved predictive reliability, their practical deployment remains constrained by fragmented workflows, opaque data
provenance, and inconsistent reporting standards. This review reframes uncertainty-aware materials modeling through
the lens of reproducible workflows, tracing the pipeline from dataset construction and curation to model training,
calibration, and deployment. Drawing on peer-reviewed studies, we integrate methodological advances in UQ with
emerging practices in data governance, experiment tracking, and model documentation. The analysis reveals that
uncertainty estimates are only as trustworthy as the workflows that generate them: biases in dataset composition,
undocumented preprocessing steps, and inconsistent calibration protocols systematically undermine reliability, even
when state-of-the-art UQ methods are applied. We argue that reproducibility must be treated as a first-class design
constraint, requiring standardized data provenance tracking, version-controlled training pipelines, and model cards
that explicitly document uncertainty behavior, calibration performance, and failure modes. By linking UQ theory with
reproducible systems design, this work establishes a framework for trustworthy materials graph learning in which
uncertainty is not merely computed but auditable, interpretable, and transferable across applications.

1
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Materials graph learning—encompassing graph neural networks (GNNs) applied to crystal graphs, molecular graphs, and
polymer networks—has transformed computational materials science by delivering state-of-the-art predictions of
thermodynamic, electronic, and mechanical properties at a fraction of the cost of density-functional theory [1-3]. Yet the
rapid adoption of these models in high-throughput screening and active-learning loops has exposed a critical limitation:
point predictions without associated uncertainty are incomplete for decision-making [2]. Researchers and engineers need
not only accurate mean estimates but also trustworthy intervals that quantify both epistemic uncertainty (reducible by
more data or better models) and aleatoric uncertainty (inherent noise in the data-generating process).
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Taxonomy of Uncertainty Methods for Materials Graph
Learning

Three families of UQ methods have come to dominate the literature between 2017 and 2024. Conformal prediction offers
distribution-free, finite-sample coverage guarantees that are especially attractive for safety-critical applications [4-6].
Bayesian methods treat network weights as random variables and compute posterior predictive distributions, in principle
separating epistemic and aleatoric contributions [7-13]. Ensemble techniques, particularly deep ensembles, provide a
simple, scalable, and often well-calibrated alternative by measuring disagreement across independently trained models
[14-16]. Hybrids that combine these families and lightweight distance-based baselines round out the methodological
landscape [17-20].

Early foundational work by Kendall and Gal clarified the necessity of distinguishing epistemic from aleatoric uncertainty in
deep learning [7], while Gal demonstrated that Monte Carlo dropout could serve as a practical Bayesian approximation
[21]. Lakshminarayanan et al. subsequently showed that deep ensembles achieve competitive calibration with far lower
implementation overhead [14]. Within materials science, these ideas have been adapted to GNN architectures for crystal-
property prediction [8, 22, 23], molecular ADMET modelling [5], and interatomic potential ensembles [15]. Kailkhura et al.
emphasised the broader need for trustworthy machine learning in materials discovery [17], and recent surveys have
begun cataloguing uncertainty in graph-based models [3, 24, 25]. Figure 1 shows system level and challenges.

Figure 1. A hierarchical taxonomy and interaction architecture of uncertainty quantification methods for materials graph
neural networks

Uncertainty quantification for materials graph neural networks can be framed through several partially overlapping
paradigms that differ in their treatment of model uncertainty and data structure. Conformal prediction adopts a post hoc
calibration strategy, using held-out data to construct prediction intervals with guaranteed marginal coverage at a specified
confidence level without imposing distributional assumptions [4-6]. In materials contexts, nonconformity is typically
defined via residuals in formation energy or band-gap predictions, enabling computationally efficient deployment after
training and demonstrating utility in molecular ADMET and crystal stability screening.

A distinct perspective is offered by Bayesian formulations, in which model parameters are treated as random variables
governed by a posterior distribution, thereby enabling a principled decomposition of epistemic and aleatoric uncertainty
[8-13]. Practical implementations—including variational inference, Monte Carlo dropout, and Laplace approximations—
extend this framework to graph-based architectures and have been applied in crystal property prediction and multivariable
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Theoretical Properties and Trade-Offs

regression. In contrast, ensemble approaches approximate uncertainty through diversity in predictions across
independently trained models, leveraging random initialisation or data resampling to induce variation [14-16, 26]. Their
appeal lies in scalability and strong empirical calibration on interpolation tasks such as relaxed energy estimation, despite
weaker theoretical grounding.

Hybrid strategies emerge at the intersection of these paradigms, combining, for instance, conformal calibration with
ensemble outputs or embedding Bayesian approximations within ensemble members to balance coverage guarantees
against predictive sharpness [27, 28]. Complementing these approaches, distance-based methods infer uncertainty from
the proximity of a query structure to the training distribution in embedding or composition space, offering a lightweight
mechanism for identifying extrapolative regimes despite the absence of formal guarantees [18-20]. Table 1 establishes a
structural comparison across uncertainty quantification families, highlighting that their differences arise not only from
implementation choices but from fundamentally distinct assumptions about uncertainty representation

Table 1. Structural comparison of uncertainty quantification families for materials graph neural networks across
theoretical guarantees, operational mechanisms, and failure boundaries

UQ Family Core
Mechanism

Formal
Guarantee Type

Primary Strength Structural
Limitation

Failure Boundary
Condition

Conformal
Prediction

Calibration via
nonconformity

scores

Finite-sample
marginal
coverage

Reliable coverage
without distributional

assumptions

Produces globally
calibrated but locally
insensitive intervals

Conditional
coverage failure
under covariate

shift

Bayesian
Methods

Posterior
inference over

parameters

Asymptotic
Bayesian

consistency
(theoretical)

Explicit epistemic–
aleatoric

decomposition

Approximation errors
distort uncertainty

separation

Posterior collapse /
miscalibration in

large GNNs

Ensemble
Methods

Model diversity →
predictive
variance

No formal
guarantee

Strong empirical
calibration and

sharpness

Conflates epistemic
and aleatoric
uncertainty

Miscalibration
under extrapolation

Hybrid
Methods

Cross-family
integration

Partial (depends
on components)

Balances
guarantees and

sharpness

Increased complexity
and tuning sensitivity

Inherited
weaknesses from

base methods

Distance-
Based

Methods

Embedding /
composition

distance

None Extremely low
computational cost

Purely heuristic Fails in dense but
mislabelled regions

Each UQ family exhibits distinct theoretical properties that dictate its suitability for materials graph learning. Conformal
prediction is the only family that provides finite-sample marginal coverage guarantees by construction [4, 5]. Bayesian
methods offer principled posterior inference and, in the limit of exact computation, cleanly separate epistemic and
aleatoric uncertainty [7, 8, 11, 13]. Ensembles deliver no formal guarantees but are empirically well-calibrated when
model diversity is sufficient [14, 15]. Distance-based approaches are purely heuristic yet computationally trivial.

The core trade-offs can be summarised as follows. First, guarantee versus computational cost: conformal methods
require only a single forward pass plus a cheap calibration step, making them highly efficient post-training, whereas full
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Empirical Findings on Materials Benchmarks

Gaps and Open Challenges

Bayesian inference (variational or MCMC) scales poorly with graph size and dataset volume [9, 10, 13, 29]. Ensembles
occupy the middle ground—linear scaling with ensemble size M—but still demand M-fold training time. Second,
calibration versus sharpness: conformal intervals are calibrated by design but tend to be conservatively wide on
heterogeneous materials datasets [5, 6, 30]; ensembles and Bayesian approximations can produce narrower, sharper
intervals yet frequently exhibit miscalibration that necessitates temperature scaling or post-hoc adjustment [26, 31]. Third,
separation of uncertainty types versus simplicity: only Bayesian formulations provide a theoretical pathway to disentangle
epistemic and aleatoric components [7, 12, 13], yet practical approximations (Monte Carlo dropout, variational inference)
often blur this distinction; ensembles and conformal methods mix the two sources into a single uncertainty score,
sacrificing interpretability for ease of use.

Scalability further differentiates the families. Conformal and distance-based methods handle large graphs with minimal
overhead, while Bayesian methods suffer from quadratic or worse complexity in standard implementations [13, 29].
Ensembles scale linearly but benefit from parallel hardware. No family currently offers conditional coverage—i.e.,
coverage conditioned on specific input features such as composition or structure type—which remains an open
theoretical frontier for safety-critical materials predictions [30]. These trade-offs are not abstract; they directly determine
whether a method can be embedded inside an active-learning campaign, a high-throughput virtual screen, or a
regulatory-grade property database.

Across the surveyed literature, consistent patterns emerge when UQ methods are tested on standard materials
benchmarks. Conformal prediction reliably achieves near-nominal coverage. On the Materials Project formation-energy
dataset, 90 % conformal intervals contain the true value between 88 % and 92 % of the time, although average interval
widths range from 0.2 to 0.5 eV/atom depending on the calibration-set size and nonconformity score [4, 5]. Similar
coverage fidelity appears in molecular ADMET benchmarks and crystal-property tasks [6].

Ensemble methods frequently deliver the sharpest uncertainty estimates on interpolation regimes. Deep ensembles
applied to GNN interatomic potentials and relaxed-energy calculations achieve low expected calibration error and narrow
mean interval widths, outperforming single models by a substantial margin [15, 16]. However, calibration degrades
noticeably under extrapolation, for example when predicting properties of hypothetical high-entropy alloys or out-of-
distribution compositions [26, 27].

Bayesian approximations, particularly Monte Carlo dropout and variational inference, show greater miscalibration in raw
form. On crystal-property benchmarks, unscaled MC-dropout uncertainties systematically underestimate error;
temperature scaling or post-hoc recalibration is required to restore reliability [8, 10-13]. Variational Bayesian GNNs
perform better on smaller graphs but still lag behind calibrated ensembles in sharpness [9, 29].

Distance-based methods, while lacking guarantees, correlate surprisingly well with prediction error and serve as strong
baselines for extrapolation detection. Simple embedding-space distances flag high-uncertainty queries in active-learning
settings with negligible overhead [18-20].

No single family dominates universally. Conformal prediction excels when coverage guarantees are non-negotiable;
ensembles provide the best sharpness–calibration compromise on in-distribution data; Bayesian methods remain
attractive when interpretability of uncertainty sources is paramount; and distance-based approaches offer an
indispensable cheap filter. These empirical patterns hold across diverse materials classes—crystals, molecules, and
polymers—yet are sensitive to dataset size, graph complexity, and the presence of structural noise.
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Method Selection Guidance

Despite substantial progress, six critical gaps remain. First, conditional coverage is absent. Marginal coverage
guarantees are useful but insufficient for safety-critical applications where uncertainty must be trustworthy for every
specific composition or crystal symmetry [4, 5, 30]. Second, reliable separation of epistemic and aleatoric uncertainty is
still theoretical. Even sophisticated Bayesian approximations break the separation under practical training regimes, while
ensembles and conformal methods provide no separation at all [7, 8, 12]. Third, extrapolation detection is weak. All
families exhibit miscalibration far from the training manifold, limiting their utility in truly open-ended discovery campaigns
[18, 19, 27]. Fourth, scalability to large or dynamic graphs remains constrained. Bayesian methods become prohibitively
expensive, ensembles multiply training costs, and even conformal calibration sets grow unwieldy for million-atom systems
[9, 13, 29]. Fifth, uncertainty over graph structure itself—bond existence, atom types, or topology—is rarely modelled;
most methods treat the input graph as fixed [24, 25, 28]. Sixth, evaluation standards are fragmented. Papers report
disparate combinations of calibration error, sharpness, coverage probability, and negative log-likelihood, rendering cross-
study comparisons difficult and slowing community progress [17, 30, 31].

Collectively, these gaps highlight that current UQ tools, while powerful, are not yet “plug-and-play” for the full spectrum of
materials-graph-learning workflows. Closing them will require both methodological innovation and community-wide
agreement on benchmarks and reporting practices.

Practitioners in computational materials engineering must match UQ method to the specific risk profile, computational
budget, and workflow stage of their application. For high-throughput screening involving thousands or millions of
candidate structures where the primary goal is rapid filtering rather than final decision-making, distance-based methods
offer the most pragmatic choice. These approaches require only a single embedding pass and flag out-of-distribution
queries through graph or composition-space distance, delivering near-zero additional cost while effectively identifying
extrapolation risks [2, 18-20]. When slightly higher fidelity is affordable, deep ensembles provide sharper uncertainty
estimates without sacrificing parallelism on modern GPU clusters [14-16].

For experimental validation campaigns—medium-stakes settings in which a short list of candidates will be synthesised
and tested—conformal prediction is the method of choice. Its marginal coverage guarantees ensure that 90 % of selected
predictions will contain the true value when the target is set to 90 %, provided a representative calibration set drawn from
the same distribution is used [4-6, 30]. The post-hoc nature of conformal calibration means it can be layered on top of any
pre-trained GNN with negligible overhead, making it ideal for property databases or virtual screening pipelines that must
meet minimum reliability thresholds.

In active-learning loops where each new data point carries acquisition cost, epistemic uncertainty from ensembles or
Bayesian approximations guides efficient exploration. Deep ensembles have demonstrated strong performance in
relaxed-energy calculations and crystal-property optimisation because their variance directly reflects model disagreement,
while Bayesian neural networks (via variational inference or Monte Carlo dropout) offer additional interpretability when
separation of uncertainty types is desired [8-13, 16, 32]. Distance-based methods again serve as an inexpensive first filter
before committing to more expensive epistemic queries [19].

Safety-critical applications—such as materials deployed in extreme environments or regulatory submissions—demand
the strongest guarantees. Here conformal prediction, optionally augmented with a conservative safety margin on interval
width, is recommended; practitioners should verify conditional coverage on a held-out test set that mirrors the deployment
distribution [4, 5, 30]. When interpretability of uncertainty sources is also required, a hybrid ensemble-of-Bayesian-models
can be calibrated conformally to combine sharpness with formal guarantees [27, 28].

Finally, for scientific discovery aimed at understanding extrapolation behaviour, the most informative strategy combines
distance-based detection with ensemble variance and, where feasible, Bayesian decomposition. Reporting both
components side-by-side allows researchers to distinguish knowledge gaps from intrinsic data noise and to design
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Relation to Other Reviews

Recommendations for Practitioners

targeted follow-up experiments [7, 18, 26]. Across all scenarios, the guiding principle is to evaluate UQ performance on
both interpolation and extrapolation splits using standardised metrics—coverage, expected calibration error, and mean
interval width—before deployment. This application-driven selection framework, grounded in the 35 surveyed studies,
enables materials scientists to embed uncertainty quantification directly into discovery pipelines without unnecessary
computational overhead.

This review complements and extends several important prior syntheses while maintaining a sharper focus on materials
graph neural networks and explicit trade-off analysis. Busk et al. [15] reviewed uncertainty quantification specifically for
graph neural network interatomic potential ensembles, emphasising calibrated aleatoric and epistemic components in
energy and force predictions. Their work is foundational for potential-energy surface applications yet narrower in scope; it
does not address conformal prediction or property-prediction tasks outside interatomic potentials. The present review
broadens the lens to formation energies, band gaps, adsorption energies, and mechanical properties across crystals,
molecules, and polymers, while systematically incorporating conformal methods and hybrid approaches absent from that
earlier treatment [1, 15, 22, 23, 33].

Kailkhura et al. [17] outlined a trustworthy machine-learning framework for materials science that defined boundary
conditions for decision-ready confidence intervals. Their contribution is conceptual and high-level, providing desiderata
rather than an exhaustive method-by-method comparison. This review operationalises those boundary conditions by
surveying concrete implementations of conformal prediction, Bayesian approximations, and ensembles, then quantifying
how each satisfies (or falls short of) the proposed trustworthiness criteria in real materials-graph benchmarks [17].

Wu et al. [26] offered a critical comparison of evidential and ensemble approaches for uncertainty calibration in molecular
machine learning. Their analysis highlighted practical shortcomings of ensembles under covariate shift and advocated
evidential alternatives. The present work places that critique within a larger taxonomy, demonstrating that ensembles
remain competitive on interpolation tasks when properly calibrated and that conformal calibration can mitigate many of
the failure modes identified by Wu et al., thereby offering a more balanced, multi-family perspective [26].

Deringer et al. [34] comprehensively reviewed Gaussian process regression for materials and molecules, establishing an
important baseline for non-graph methods. While Gaussian processes remain relevant for small-data regimes, the rapid
dominance of GNNs for large-scale property prediction has shifted the community’s focus; this review therefore centres
on graph-native UQ techniques and uses Gaussian processes only as a comparative benchmark where they appear in
the surveyed literature [3, 34, 35].

Tavazza et al. [18] and Thomas-Mitchell et al. [19] explored uncertainty prediction and calibration in active-learning
contexts but did not attempt a cross-family synthesis or trade-off matrix. By integrating their empirical insights on
distance-based and calibration-aware methods into the present taxonomy and trade-off analysis, this review provides a
unified reference that practitioners can consult when designing end-to-end uncertainty-aware workflows. Collectively,
these relations position the current article as the first dedicated, comparative synthesis of uncertainty quantification
methods tailored exclusively to materials graph learning between 2017 and 2024.

Researchers developing new UQ methods should adopt a standardised evaluation protocol to ensure comparability.
Every proposed technique must be benchmarked against strong baselines—deep ensembles [14, 15], conformal
prediction [4, 5], and variational Bayesian approximations [8, 9, 13]—on both interpolation and extrapolation splits of
widely used materials datasets. Reporting must include reliability diagrams, expected calibration error, sharpness (mean
interval width), and coverage probability at multiple confidence levels; negative log-likelihood alone is insufficient. Authors
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Future Directions

should also quantify computational overhead (training time, inference latency, memory footprint) to clarify practical trade-
offs [2, 26, 29, 31].

For practitioners applying UQ in production pipelines, method selection should follow the risk–cost matrix outlined in
Section 6. If formal coverage guarantees are non-negotiable, conformal prediction layered on a pre-trained GNN is the
default; a representative calibration set drawn from the target distribution is essential [4, 6, 30]. When sharper intervals
are prioritised and multiple GPUs are available, deep ensembles deliver excellent calibration on in-distribution data with
modest additional training cost [14, 16]. For resource-constrained or ultra-high-throughput scenarios, distance-based
uncertainty in embedding space provides a robust, zero-overhead filter for extrapolation detection [2, 18, 20]. Hybrid
conformalised ensembles are recommended when both guarantees and sharpness are required [27, 28].

Benchmark designers and community leaders should establish shared UQ evaluation suites. These suites must contain
standardised interpolation/extrapolation splits for the Materials Project, QM9 derivatives, and polymer datasets; enforce
consistent metrics (coverage, calibration error, sharpness); and require code and calibration-set release for reproducibility
[17, 31]. Such benchmarks would accelerate progress toward conditional coverage and uncertainty-aware architectures.

Finally, all users are urged to treat uncertainty estimates as first-class outputs. Visualisation tools—reliability diagrams,
uncertainty-versus-error scatter plots, and embedding-space distance maps—should accompany every published
prediction. By following these recommendations, the materials-graph community can move from ad-hoc uncertainty
reporting to rigorous, reproducible, and application-ready uncertainty quantification.

Four high-impact research directions emerge directly from the gaps identified in Section 5. First, conditional conformal
prediction must be adapted to materials-specific covariates. Current marginal guarantees are insufficient for safety-critical
tasks; future work should develop conformity scores conditioned on composition, space-group symmetry, or graph-edit
distance to the training manifold [4, 5, 30]. Materials-tailored nonconformity functions that incorporate domain physics
(e.g., electronegativity mismatch or coordination-number deviation) could tighten intervals while preserving coverage.

Second, practical uncertainty separation remains an open frontier. Although Bayesian methods theoretically disentangle
epistemic and aleatoric components [7, 8, 12, 13], approximations used in large GNNs blur this distinction. Lightweight
techniques—such as last-layer Laplace approximations or hybrid ensemble-Bayesian architectures—should be validated
through controlled data-scaling experiments that isolate the two uncertainty sources [9, 10, 29]. Reliable separation would
enable targeted data acquisition that reduces epistemic uncertainty preferentially.

Third, uncertainty-aware GNN architectures should be designed from the ground up rather than retrofitted with post-hoc
calibration. End-to-end training objectives that penalise both miscalibration and excessive interval width, combined with
graph-native stochastic layers, could produce models that output well-calibrated uncertainty by construction [24, 25, 28].
Such architectures would eliminate the need for separate calibration sets in many workflows.

Fourth, scalable Bayesian deep learning for large and dynamic graphs is urgently needed. Advances in variational
inference that exploit graph sparsity or restrict uncertainty to the final layers (e.g., last-layer Laplace) could reduce the
prohibitive cost of full posterior inference [8, 9, 13, 29]. Parallelisable approximations that maintain calibration across
million-atom systems would unlock uncertainty quantification for realistic interface and defect models.

Progress in these directions will require community agreement on evaluation protocols and open-source benchmark
suites. If realised, they will transform materials graph learning from a point-prediction tool into a fully uncertainty-aware
discovery engine capable of guiding experiments with quantified confidence even in unexplored chemical space.
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Conclusion
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