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Executive Summary

In light water reactors, fuel vendors are investigating the use of dopants to modify the properties
of UO2 pellets, with the goal of improving pellet-cladding mechanical interactions during oper-
ation. Dopants are expected to ‘soften’ the pellets; that is, the doped pellets have higher plastic
deformation than conventional UO2. This leads to a reduction in the severity of mechanical
pellet-cladding interactions, helping to reduce the hoop strain on the cladding. By minimizing
the strain exerted by the pellet on the cladding, it is anticipated that cladding performance under
accident conditions can be enhanced (i.e., lowering the risk of burst during a LOCA). Dopants
such as chromium (Cr) promote grain growth during pellet fabrication, leading to larger grains;
therefore, understanding the link between chemistry, microstructure and mechanical deforma-
tion (enhanced creep rates) behavior of UO2 is critical to helping operators further substantiate
the benefits of doping UO2.

Historically, the nuclear energy industry has relied on empirical models to make assessments
of performance. Compared to empirical models, mechanistic physics-based models provide
benefits, such as, fewer data points for validation and better extrapolation where experimental
data is scarce or non-existent. In this report, Bayesian inference techniques have been applied
to a previously developed lower length-scale-informed diffusional creep model. The objective
is to i) infer lower-length-scale parameter distributions from available experiment and then ii)
determine the uncertainties in the measurable quantity (in this case creep rates) after propagat-
ing the inferred lower length scale parameter uncertainties. The approach requires many evalua-
tions of the model, which becomes computationally insurmountable; therefore, a neural-network
model is trained to data obtained by sampling the full model over the most important parameters.
This neural-network is then used in the Bayesian inference approach to determine probability
distributions in the parameter values that represent the uncertainty in the model given what is
known from the experiments (posterior). A significant reduction compared to conservative initial
(prior) uncertainties is achieved through inference against the experimental data, demonstrating
the efficacy of this approach. Furthermore, by accounting for uncertainties in the experimen-
tal conditions and sample non-stoichiometry, it is possible to resolve apparent discrepancies in
experimental measurements within a self-consistent grain boundary (Coble) creep model that is
sensitive to chemistry. This work has been written up and submitted to Nuclear Technology for a
special issue on accelerated fuel qualification (AFQ). This uncertainty quantification (UQ) work
not only improves the diffusional model, while accounting for uncertainty, but also establishes
a framework which can readily be applied to the mechanistic models of dislocation deformation
developed in this study.

The most likely values from the Bayesian analysis are incorporated into our UO2 diffusional
creep model and a lower length scale-informed irradiation UO2 creep mechanistic model to gen-
erate a dataset. This dataset has been provided to our INL collaborators for training an artificial
neural network surrogate model, which will be implemented in the BISON fuel performance
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code to assess how the results differ from those currently obtained using a fully empirical model
and that of using the nominal (uncalibrated) atomic scale parameters in our mechanistic model.

Plastic deformation (creep and glide) in UO2 is a complex phenomenon, governed by multiple
underlying processes such as local defect concentrations, applied stresses, and microstructural
characteristics. Consequently, there is a need for a meso-scale model with polycrystalline res-
olution capable of extrapolating to large grain sizes applicable to doped UO2, where data is
limited and the model can help bridge the knowledge gap. By integrating atomistic data into
the polycrystal LApx code, it becomes possible to predict dislocation climb and glide plasticity
that simple analytical models cannot accurately represent. The application of atomic-scale data
within LApx demonstrated the importance of climb and glide mechanisms in reproducing high-
stress UO2 behavior. Behaviors such as this are crucial to capture and implement in BISON, as
parts of the fuel pellet can reach temperatures where glide can occur before pellet cracking. This
model which captures dislocation based mechanisms for UO2 is then used to stand up the doped
model accounting for larger grain sizes. It was found that larger grain sizes can lead to enhanced
deformation rates in the glide regime, and therefore can help with the pellet cladding mechani-
cal interaction. Therefore if the fuel pellet reaches conditions (stress/temperature) where glide is
active, the enhanced creep rates for larger grains in the glide regime (doped UO2) can help with
pellet cladding mechanical interactions.

Plastic deformation in UO2 involves multiple mechanisms, including diffusional creep, dis-
location climb, and glide. This milestone contains two parts: (1) UQ of a pre-existing lower
length scale informed mechanistic diffusional creep model, and (2) development of a new LApx
based model for dislocation-mediated creep mechanisms in UO2, with application to large-grain
doped UO2.
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Glossary

NEAMS Nuclear Energy Advanced Modeling and Simulation
BISON Finite element-based nuclear fuel performance code
LWR Light water reactor
LOCA Loss of coolant accident
MCMC Markov Chain Monte Carlo
INL Idaho National Laboratory
LANL Los Alamos National Laboratory
AFC Advanced Fuels Campaign
AFQ Accelerated Fuels Qualification
Cr Chromium
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1 Introduction

UO2 has been the primary nuclear fuel for light water reactors (LWRs) for several decades.
During this time, the nuclear industry has maintained a strong interest in enhancing fuel perfor-
mance, driven by both economic and safety considerations. One promising approach involves
doping UO2 with elements such as chromium (Cr), which is currently being explored to modify
the microstructure of the fuel and mechanical properties in order to improve its overall behavior.
The introduction of Cr has been shown to promote grain growth during sintering, resulting in
larger grains compared to that of undoped UO2 [12]. The resulting large grains can positively
affect fuel performance by suppressing fission gas release. Additionally, Cr doping has been
shown to increase fuel creep rates [10], enhancing the viscoplastic response of the fuel. Conse-
quently, the fuel pellet can maintain better mechanical interaction with the cladding, and, in the
case of a Loss of Coolant Accident (LOCA) scenario, would reduce the likelihood of cladding
failure. These examples underscore how modifications in fuel chemistry and microstructure can
significantly impact performance. The potential for increased plasticity in Cr-doped UO2 and
the mechanisms driving this behavior will be the central focus of this milestone.

Among the core elements of the NEAMS program is the development of lower length scale
informed mechanistic models to be implemented to the engineering scale. Compared to empiri-
cal models, mechanistic models provide benefits; for example, they require fewer data points for
fitting and have better extrapolation where experimental data is scarce or non-existent. More-
over, since actual physical processes underpin mechanistic models, separate effects testing can
be designed to target a subset of the model parameters, with complementing efforts coming
from the AFC program using a “goal-oriented science-based approach” to provide experimental
measurements.

Mechanistic models that rely on lower length scale information are often developed using
atomic-scale calculations, where a meaningful uncertainty on isolated parameters is difficult
to quantify from first principles [13]. Moreover, as mentioned previously, the implementation
of these models in higher-level simulation codes (e.g., dislocation dynamics, cluster dynamics,
phase-field simulations and crystal plasticity methods) and integrated in fuel performance codes
(e.g., BISON [14]) represents a key aim of the NEAMS program. It is extremely difficult to prop-
agate error via this multi-scale simulation approach, especially if the underpinning mechanistic
models do not provide uncertainty. However, through the application of Bayesian techniques, it
is possible to apply uncertainty quantification across the different models, as well as to infer the
noise-level in the combined uncertainty from measurement variability and potential biases in the
model, and the ability of the model to describe that scatter in a manner that is consistent with
the model form and inferred parameter uncertainties.

In our previous work [11, 15, 16], a lower length scale mechanistic diffusional creep model
for UO2 was developed. A significant driving factor for developing this model was the lack of
consensus for the dominant diffusional creep mechanism, i.e., Nabarro-Herring (bulk) or Coble
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(grain boundary), which have different grain size dependencies (impacting their contribution
to large-grain doped UO2). Lower length-scale simulations were used to inform a validated
mechanistic creep model, which conclusively showed that Coble creep mechanism is dominant
and was in the correct order of magnitude compared to experimental measurements showing
good agreement with experimental data across a range of conditions [2–4, 6, 7, 17–25]. Fur-
thermore it laid the groundwork for an irradiation creep model [26] and to explore the impact of
dopants [11]. One objective of the work here is to use Bayesian techniques to investigate the lack
of information surrounding experimental conditions and inaccuracies in the underlying atomic-
scale parameters of the model, which can be corrected through inference resulting in posterior
distributions in the parameter sets. Developing the UQ framework will not only improve the
diffusional creep model and incorporate uncertainties, but also establishes a foundation that can
be readily applied to the dislocation model in this work, thereby facilitate future work plans.

We also examine the impact of other possible mechanisms that could yield higher creep rates
for doped UO2, including climb-limited dislocation creep and glide. Based on the work com-
pleted during last year’s milestone [11], we have ruled out diffusional creep as the primary
mechanism responsible for the increased plastic deformation observed in doped UO2. We apply
our atomistic predictions beyond an analytical model, extending them to polycrystalline UO2.
This is done using a chemo-mechanically coupled defect diffusion model within an elasto-visco-
plastic fast Fourier transform (EVPFFT) framework [27]. This model, implemented in the LApx
code, tracks the local evolution of point defects and their influence on the material’s diffusion-
driven plastic response. It also incorporates plasticity from dislocation climb and climb-assisted
glide, capturing their effects on the mechanical behavior of the polycrystal. By integrating our
latest atomistic data into this model, we can investigate mechanisms such as dislocation climb
and glide, especially under conditions of high stress or large grain sizes and validate against
available experimental data, including those from the AFC program. More importantly, this
framework allows us to explore additional microstructural processes that may explain the en-
hanced plastic deformation observed in Cr-doped UO2 fuel.

In this milestone, we expand upon our previous work [11,16] to accomplish the following ob-
jectives: (i) quantify the uncertainty in our lower length scale UO2 diffusional creep mechanistic
model using a Bayesian uncertainty quantification (UQ) framework; (ii) use the most probable
values from the Bayesian calibration to update the creep model including the incorporation of
an irradiation mechanistic model that accounts for the effects of fission rate - preparing it for im-
plementation into BISON; and (iii) develop a model of dislocation climb and glide mechanisms
in UO2 using a lower length scale informed viscoplastic framework. This model is extended to
stand up a baseline Cr-doped UO2 creep model, that can provide predictions for simulations of
larger grains. Enhanced glide is predicted for large grains, which shows that there is a stress
regime where deformation is higher for doped UO2. These types of behaviors are crucial to
capture and implement in BISON as parts of the fuel pellet can reach temperatures and stress
where glide occurs before pellet cracking. Therefore, for larger grains (doped UO2) in the glide
regime can enhance creep rates which can help with pellet cladding mechanical interactions.
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2 Methods

This section discusses the lower length scale mechanistic models and the uncertainty quantifica-
tion (UQ) framework. It also provides an overview and parameterization of the LApx polycrystal
code.

2.1 Atomic-scale-informed models

Before jumping into the uncertainty quantification methodology, the mechanistic creep model
and the atomic-scale data used to inform it need to be described. First, mechanistic models
describing fuel deviation from stoichiometry, and the uranium self-diffusivity within bulk UO2,
both of which are influenced by the oxygen partial pressure, pO2 , are presented. Following this,
the diffusional creep model is discussed. Steady-state creep describes the plastic relaxation that
a material experiences as it is subjected to a deviatoric stress at moderate to elevated tempera-
tures. UO2 creep can be accommodated by different deformation modes (e.g., climb, diffusional
and glide) depending on local conditions and micro-structure. The analytical creep model con-
sidered for the UQ part of this report focuses on the diffusional regime only [16]. Diffusional
creep has two main contributions: bulk diffusion (Nabarro-Herring [28,29]) and grain boundary
diffusion (Coble [30]), both of which have different grain size dependencies. In terms of nu-
clear fuel performance, pellet creep impacts the closure rate of the pellet-cladding gap and then,
following closure, the mechanical strain imparted on the cladding by the pellet. Therefore, un-
certainty in the creep model translates to uncertainty in the stress-state of the cladding as a func-
tion of burnup. This creates uncertainty in, for example, predictions of cladding ballooning and
rupture during a loss of coolant accident (LOCA). Although these models (non-stoichiometry,
self-diffusivity and creep) describe different phenomena, they are inter-connected through sev-
eral common underlying parameters. Hence, by considering calibration of these models (along
with their common parameters) across the available creep, single crystal self-diffusivity and
non-stoichiometry experimental measurements, the joint combined probability distribution of
all uncertain parameters in the models can be inferred and the overall uncertainty can be re-
duced.

2.1.1 Non-stoichiometry

In the models outlined below, UO2 non-stoichiometry (i.e., x in UO2±x) is calculated as a func-
tion of temperature and pO2 , and taken into consideration. The defect chemistry controls the
non-stoichiometry, which impacts the concentration of point defects, and therefore, bulk ura-
nium self-diffusion. This also impacts the creep rates as bulk point defects are used as an input
to predict the defect concentrations at the grain boundary, a key input for Coble creep rates (see
the studies by Galvin et al. [16] and Neilson et al. [26] for more details). A necessary constraint
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when calibrating the full model is to have experimental thermodynamic data of UO2±x non-
stoichiometry, with temperature and pO2 as inputs. This enables calibration of H f pO2

and T0 (see
section 2.1.3), which capture the temperature dependence of pO2 in experiments as governed
by the environmental conditions, while obtaining reasonable non-stoichiometries, and without
wildly varying bulk lattice defect energies to compensate. This thermodynamic constraint was
also implemented in a previous study for the calibration of Xe diffusion in UO2 [9].

2.1.2 Uranium self-diffusivity

The uranium self-diffusivity in the bulk UO2 lattice can be predicted as a function of temperature
and pO2 [16, 31, 32] under thermal equilibrium conditions. The formation energies of intrinsic
point defects in bulk UO2 were estimated to predict concentrations using the method of Dorado
et al. [31], formulated to relate defect concentrations to density functional theory-obtained point
defect formation energies that describe the interaction of atoms, interstitials, and vacancies in
UO2±x with an external reservoir of oxygen atoms. Whilst uranium vacancies are the defect of
interest, it is important to note that, in UO2, their concentration is coupled to the thermochem-
istry of the UO2 system, which is accounted for in these models. In order to predict the diffusion
coefficients, density functional theory migration barriers and empirical potential calculated at-
tempt frequencies given in [32, 33] were used. This model has been calibrated previously by
Robbe et al. [9]. Similarly, the predicted uranium self-diffusivity of UO2 and the single crys-
tal experimental measurements from Sabioni [8] are included here to add additional constraints
while calibrating the underlying bulk defect energy parameters, along with H f pO2

and T0.

2.1.3 Diffusional creep rates

Numerous studies have been conducted on UO2 creep rates, but, despite this, there is disagree-
ment as to what the dominant diffusional creep mechanism is. To address this, a mechanistic
diffusional creep model informed by atomic-scale simulations was previously developed under
the NEAMS program for UO2 [16], at thermal equilibrium, where stress, grain size, tempera-
ture and pO2 are accounted for. It was found that Coble creep is the dominant mechanism in
the diffusional regime [16], and that the creep rates are governed by the self-diffusion of ura-
nium vacancies at the grain boundary. Nabarro-Herring creep, controlled by bulk diffusion, was
shown to predict creep rates many orders of magnitude too low to describe the experimental
measurements [16], which eliminated it as a possible mechanisms even with conservative prior
uncertainties. In addition the bulk diffusivity data by Sabioni et al. [8] confirmed that these bulk
values are accurate [16]. Possessing this information, the mechanistic-informed creep model
calibrated in this study is based off the analytical Coble equation [16, 30, 34, 35, 51] with a
nucleation rate limited term accounting for the lack of grain boundary dislocations to mediate
creep at low stresses. Under thermal equilibrium conditions, uranium vacancies and not uranium
interstitials had the dominant impact, see [16, 26]. The model expression is given by:

ε̇Coble =
42|ΩVU,GB |DGB

VU
[VU,GB]πδ

kBT G3 σv

(
Ṅ2

Ṅ2 + 1
2

)
, (2.1)
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where Ṅ is a normalized grain boundary dislocation nucleation rate, which is a term that accounts
for the fact that there are local regions of stress (such as at triple junctions) that are higher relative
to the applied stress and that this enables nucleation of dislocations. Ṅ contains stress, grain size,
and temperatures dependencies that are described in more detail in [51]. [VU,GB] is the uranium
vacancy concentration at the grain boundary, ΩVU,GB is the uranium vacancy defect volume at the
grain boundary, DGB

VU
is the diffusivity of a uranium vacancy at the grain boundary (calculated

from atomistic data and are given in previous studies [16,26]), δ is the grain boundary thickness,
T is temperature, σv is the von-Mises stress, kB is the Boltzmann constant, and G is the grain
size. The uranium vacancy concentrations at grain boundaries are dependent on the oxygen
partial pressure (pO2) of the system. In this work, the temperature-dependence of pO2 [16, 31,
32] is predicted and described by assuming oxygen partial pressure is buffered by an oxygen
reaction [32]. Of the creep experiments used for calibration, only three provided details about the
testing environment: one was conducted under a CO2 environment [3] and two were under a H2
environment [1,4]. For the remainder [5–7,17], we do not have the conditions, therefore, we set a
large prior uncertainty, see Appendix A2. A model that describes the temperature dependence of
pO2 [32] is employed, where H f pO2

denotes the enthalpy for the reaction controlling the oxygen
potential, and T0 is the temperature at which UO2 is regarded as stoichiometric for the given
value of H f pO2

(equation 34 in [32]). Bulk defect energies are dependent on pO2 , which in turn
impact the grain boundary defect concentration, through defect equilibrium and the segregation
energy, and consequently the creep rates. More detailed information on this can be found in [16].

2.2 Uncertainty quantification

Given the defined mechanistic models, what follows is the description for the Bayesian cali-
bration methodology leveraged for uncertainty quantification. The atomistic-scale models are
formalized as follows; the model describing creep rates is denoted as C(ννν;xxx), where ννν are the
underlying atomic-scale parameters that need to be estimated, and xxx are the independent vari-
ables (T , G, σv, and pO2). Similarly, the model for uranium self-diffusivity is denoted as D(ννν;xxx)
and the model for non-stoichiometry as S(ννν;xxx).

2.2.1 Bayesian inference

In the Bayesian setting, the atomistic-scale parameters are modeled as random variables with
a prescribed prior distribution p(ννν). Here, the assumption is that the parameters are uniformly
distributed between a given lower and upper bound that are determined by prior experience based
on familiarity with typical errors present in atomistic calculations.

The goal of Bayesian inference is to approximate the so-called posterior distribution p(ννν|D),
i.e., the distribution of the parameters after observing the data D . In this context, the data
corresponds to the measurements in the different experiments discussed in section 2.1. Each ex-
periment is split into different measurement groups, where measurements performed at the same
temperature and with the same grain size are grouped together. These measurement groups
are denoted as D := {D j} j∈J where J is the collective set of measurement groups across all
experiments, see 2.1. Each of these measurement groups consists of a set of measurements
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D j := {xxx(i)j ,y(i)j }N j
i=1, where xxx(i)j is the measurement location for the ith measurement in measure-

ment group j, y(i)j is the value of the measurement, and N j is the number of measurements in
measurement group j.

Table 2.1: List of experiments considered in this work [1–7, 17] and those contained within [9]. For each
experiment, the predicted quantity, the total number of measurements in the experiment, and
the number of measurement groups are listed. Note that the experimental creep data has been
filtered to only include data in the diffusional regime. Burton & Reynolds1 and Burton &
Reynolds2 refer to two separate experiments, [4] and [3], respectively.

Experiment Predicted quantity # measurements # measurement groups

Armstrong Creep rate 18 4
Bohaboy Creep rate 32 12
Burton & Reynolds1 Creep rate 28 3
Burton & Reynolds2 Creep rate 14 2
Kaufman Creep rate 6 2
Seltzer Creep rate 5 1
Chung & Davies Creep rate 39 5
Sabioni U self-diffusivity 10 1
Various studies Non-stoichiometry 104 1

Total - 256 31

Let z(i)j (ννν) := Pj(ννν;xxx(i)j ) be the model response for the ith measurement in measurement group
j, with Pj ∈ {C,D,S} the predicted quantity in measurement group j. It is assumed that the
measurements correspond to noisy model outputs according to the data model

y(i)j = z(i)j +σ jξ
(i)
j , i = 1, . . . ,N j, (2.2)

where ξ ∼ N (0,1) is a standard normal random variable and σ j is the standard deviation of the
uncertainty due to measurement noise and model discrepancy for measurement group j. These
standard deviations will be inferred from the data along with the other model parameters. Bayes’
theorem relates the posterior to the prior as

p(ννν|D) ∝ LD(ννν)p(ννν), (2.3)

where LD(ννν) is the likelihood of observing the parameters D given the data ννν. For the Gaussian
data model in Equation (2.2), the (log of the) likelihood can be written explicitly as

logLD(ννν) = ∑
j∈J

LD j(ννν),

where

logLD j(ννν) =−
N j

2
log(2πσ

2
j)−

1
2σ j

N j

∑
i=1

(
y(i)j − z(i)j (ννν)

)2
. (2.4)
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To sample from the posterior distribution p(ννν|D), Markov Chain Monte Carlo (MCMC) is used.
Specifically, the adaptive MCMC algorithm from Haario et al. [36] is employed. This method re-
lies on repeated sampling of the right-hand side of Equation (2.3) using an acceptance-rejection
scheme with a tunable proposal distribution based on past samples during the sampling process.
Refer to [37] for more details.

For computational efficiency reasons, Equation (2.4) is not used directly in the Bayesian in-
ference setup. Instead, two approximations are made. First, because Bayesian calibration in a
high-dimensional setting (i.e., a large number of parameters) is challenging, a sensitivity analy-
sis is performed prior to the inference in order to reduce the number of atomic-scale parameters
to estimate. Second, because model evaluations z(i)j are computationally expensive, they will
be approximated using a cheaper-to-evaluate surrogate model. These two approximations are
discussed for the remainder of this section.

2.2.2 Dimension reduction through sensitivity analysis

Following the exposition in [9], a global sensitivity analysis (GSA) is performed to identify
a reduced set of atomistic parameters. The sensitivity analysis ranks parameters according to
their relative effect on the variance of the output (variance-based sensitivity analysis), allow-
ing a down-selection based on the fractional contribution of each parameter to the total output
variance. To this end, the so-called total-effect Sobol’ sensitivity indices are computed. These
indices capture the effect of each parameter on the output variance, including the effects caused
by interactions with other parameters. Sobol’ indices can easily be computed from a polynomial
chaos expansion (PCE) approximation for the model during a post-processing step, see [38].

A PCE for the model response z(i)j (ννν) can be written as equation 2.5

z(i)j (ννν)≈
K

∑
k=1

c(i)k, jΨk(φ(ννν)), (2.5)

where Ψk is a multivariate orthogonal polynomial, c(i)k, j is a deterministic coefficient that needs to
be determined, and K is the number of coefficients in the expansion [39]. In case of uniformly
distributed input parameters ννν, as is the case here, the polynomials Ψk are the normalized Legen-
dre orthogonal polynomials, and the mapping φ represents a linear scaling from the input space
to [−1,1]d , the support of the polynomials. The coefficients c(i)k, j are estimated from a training
set of input-output evaluations

Z(i)
j = {(ννν(m),z(i)j (ννν(m)))}M

m=1, (2.6)

where M is the number of samples, drawn randomly from the prior distribution p(ννν). The
sought-after Sobol’ sensitivity indices can then be computed by combining the appropriate co-
efficients from the expansion, see [9, equation (10)].

Finally, adding the sensitivity contributions of each parameter across the different measure-
ments allows a ranking of the parameters according to their overall importance. In particular,
the parameters can be split out into a set of important parameters νννr and a set of less important
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parameters ννν−r where ννν = νννr ∪ννν−r. In the results presented later, only a reduced set of 14 pa-
rameters νννr are retained, and the remaining parameters ννν−r are fixed to their nominal values.
This reduced set of parameters was identified by applying a 99% threshold to the fraction of
explained variance.

2.2.3 Surrogate construction

In [9], polynomial surrogate models constructed for sensitivity analysis were retained for the
subsequent calibration. However, because these surrogates only had limited point-wise accuracy
for prediction, there was still a remaining discrepancy between the surrogate model and the
actual model when evaluated at the inferred model parameters, see [9, Figure 13]. In an effort
to alleviate this error, a neural network (NN) surrogate with improved point-wise prediction
accuracy is used here.

The surrogate model employs a multi-head architecture with shared feature extraction lay-
ers. The network consists of four shared fully connected layers followed by three parallel
output heads, each specialized for different physical properties (creep, diffusivity, and non-
stoichiometry).

The 4 fully connected shared layers comprise first 64, then 128, 256 and finally 512 neu-
rons. All shared layers use ReLU activation functions [40]. These layers learn common feature
representations across all output variables.

The training data set contains 500,000 input-output pairs, sampled from the prior distribution
of the reduced parameter set, with all remaining parameters held at their nominal values. To
address data imbalance across output values, stratified sampling is applied. Each output variable
was divided into 10 equal-sized strata based on its output range. From each stratum, 5,000 sam-
ples were randomly selected, forming a balanced data set of approximately 100,000 points. For
training and evaluation, this data set is partitioned by withholding 20% for testing and reserving
25% of the remaining data for validation. A logarithmic transformation in base 10 is applied
to the creep and diffusivity data, but the raw output values for the non-stoichiometry data are
retained.

The network was trained for 10,000 epochs using the Adam optimizer [41] with an initial
learning rate of 0.001 and mean squared error loss. A learning rate scheduler was introduced
to reduce the learning rate by a factor of 10 if no improvement in the validation loss was ob-
served over 50 consecutive epochs. Additionally, a patience of 100 was used, designating the
number of epochs the training must go through before stopping after reaching a validation loss
minimum. The best state achieved yields a validation loss of 0.0059 using a mean squared error
loss function.

2.3 Dislocation plasticity modeling (LAPx simulations)

LApx is a full-field FFT-based solver that models the thermo-mechanical behavior of polycrys-
talline materials under extreme environments, capturing complex multiphysics phenomena like
creep, fatigue, and damage. It supports anisotropic elasticity/plasticity, and easily integrates
advanced constitutive models for predicting material response under complex loading. An in-
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depth description of the LApx code can be found in [42], here we provide an overview of the
main mechanisms. The continuum-level crystal plasticity framework is based on small-strain
kinematics, where the total strain rate, ε̇, is additively decomposed into elastic, ε̇el , and plastic,
ε̇p, strain rates, given by equation 2.7,

ε̇i j = ε̇
el
i j + ε̇

p
i j (2.7)

The total plastic strain rate, equation 2.8, is given by the additive contributions from vacancy
diffusion, dislocation climb, and dislocation glide,

ε̇
p
i j = ε̇

di f
i j + ε̇

cl
i j + ε̇

dis
i j (2.8)

For the LApx simulations in this report we omit ε̇
di f
i j since a mechanistic diffusional model is

already employed (see section 2.1.3) and our focus here is on the contributions from dislocation
climb and glide. The total creep rate can then be obtained by summing the diffusional model’s
output with the climb and glide components from LApx. These regimes are also identified as
the most important for Cr-doped UO2 [10]. Plastic relaxation via dislocation climb occurs only
in the bulk and is considered only for edge dislocations. The strain rate due to dislocation climb,
equations 2.9 and 2.10 thus depends on the local edge dislocation density in dislocation cells,
ρs

cell,edge, and the climb velocity, vs
climb, for the different slip systems, s = 1, . . . ,S, where S is the

total number of active slip systems:

ε̇
climb
i j =

S

∑
s=1

ls
i j

¯̇
β

s (2.9)

¯̇
β

s = crρ
s
cell,edgebsvs

climb (2.10)

Here, cr is the climb reduction ratio, bs is the magnitude of the Burgers vector, and ls
i j is the

climb tensor, defined as ls
i j = bs ⊗bs for edge dislocations only [43]. ρs

cell,edge denotes the edge
dislocation density, and vs

climb represents the climb velocity, which depends on the net flux of
point defects to and from the dislocation, given by equation 2.11:

vs
climb =

Ω

bs Dbulkzs
v

(
ccore

v − cbulk
v

)
(2.11)

In this expression, Dbulk and zs
v represent the bulk vacancy diffusivity and the vacancy capture

efficiency of the dislocation, respectively [44,45]. ccore
v and cbulk

v are the vacancy concentrations
at the dislocation core and in the surrounding bulk, respectively, see equations 2.12 and 2.13.
The vacancy concentration at the dislocation core depends on the local stress and temperature
and is given by:

ccore
v = cbulk

v exp
(

Ωτs
climb

kT

)
[42]. (2.12)

Here, τs
climb is the Piola-Kirchhoff force for climb. The thermal equilibrium vacancy number

concentration (site fraction) in the bulk is generally expressed as:

cbulk
v =

n
N

= exp
(s f

k

)
exp

(
−E f

kT

)
(2.13)
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where E f and s f refer to the vacancy formation energy and entropy, respectively. The n and N
correspond to the number of vacancies and the number of atoms at lattice sites, respectively.

The dislocation glide model follows directly from [43].The shear deformation from disloca-
tion glide is due to the combined shear rate from dislocation slip in the different slip systems,
under the imposed resolved shear stress, τs, given by equations 2.14 and 2.15:

ε̇
dis = ∑

s
ms

i j γ̇
s (2.14)

γ̇
s = ρ

s
cellb

svssign(τs) (2.15)

where, ρs
cell , vs are the cell dislocation density and mean dislocation velocity for the different

slip systems. ms
i j is the symmetric part of the Schmid tensor for the different slip systems, and,

sign(τs) enforces the direction of shear rate to be the same as the direction of glide [43]. The
Hall-Petch relation is a contribution in the computation the critical resolved shear stress, where
the strengthening contribution is proportional to the shear modulus and Burgers vector, and
inversely proportional to the square root of the grain diameter. For a full detailed description of
the model refer to [42]. For the simulations, a micro-structure with 32×32×32 voxels are used.
Other important parameters used are outlined in table 2.2 (more details of the LApx code can be
found in [42]).

Table 2.2: Material parameters for UO2 LApx creep simulations at 1623K. When values are listed more
than once, they correspond to different slip modes.

Parameter Name Symbol Value Unit

Atomic Volume Ω 8.6×10−30 m3

Grain Boundary Width δgb 1.0 nm
Bulk Diffusion Prefactor Dbulk

0 4.2×10−7 m2 s−1

Bulk Migration Energy Ebulk
m 4.233 eV

Bulk Formation Energy Ebulk
f 1.3 eV

Activation Energy Dislocation ∆G0 5.22 – 5.71 eV
Dislocation Cell Density ρs

cell 1×1011 – 1×1011 m−2

Rate Sensitivity Exponent p 0.7 – 0.7 –
Regularization Exponent q 1.3 – 1.3 –
CRSS Superposition Exponent n 2.2 – 2.2 –

Elastic Constant C11 297 GPa
Elastic Constant C12 97 GPa
Elastic Constant C44 57 GPa

From our previous work [11], pipe diffusion at dislocation cores is shown to have an impact.
Therefore, to account for this an effective diffusivity in UO2 considering bulk and dislocation
(pipe) diffusion is given by:

Deff = Dbulk + f Dpipe
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where f = 10−4 is a a dislocation contribution fraction (constant), estimated as the cross section
of a dislocation multiplied by a dislocation density of 1×1014. Using given parameters:

D0,bulk = 1×10−7 m2/s, Qbulk = 4.7eV

D0,pipe = 1×10−2 m2/s, Qpipe = 1.82eV

Dbulk << f Dpipe from 1000-2000 K.

Table 2.3: Strength parameter τ0 for different slip modes, from the plot in [46]

Parameter Slip Mode Values

τ0
Mode 1

Temperatures (K): 600, 1000, 1200, 1600, 2000
τ0 (MPa): 70, 60, 40, 22, 18

Mode 2
Temperatures (K): 600, 1400, 1900, 2000
τ0 (MPa): 150, 90, 40, 35

To capture the correct behavior of UO2 two dominant slip systems [46–48] were added to the
LApx code, that is dislocation glide in 1

2⟨110⟩{100} and 1
2⟨110⟩{110}. These are shown in the

table 2.4 below [47].

Table 2.4: Dislocation slip systems in UO2, table recreated from [47].

Number Slip System I Slip System II Slip System III

1 1
2 [011] on (100) 1

2 [011] on (011) 1
2 [011] on (111), (111)

2 1
2 [011] on (100) 1

2 [011] on (011) 1
2 [011] on (111), (111)

3 1
2 [101] on (010) 1

2 [101] on (101) 1
2 [101] on (111), (111)

4 1
2 [101] on (010) 1

2 [101] on (101) 1
2 [101] on (111), (111)

5 1
2 [110] on (001) 1

2 [110] on (110) 1
2 [110] on (111), (111)

6 1
2 [110] on (001) 1

2 [110] on (110) 1
2 [110] on (111), (111)
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3 Results

This section presents the results of the multi-scale modeling approaches applied to both UO2
and Cr-doped UO2. Firstly, an uncertainty quantification framework is carried out to infer like-
lihood distributions on the atomic-scale parameters used in the UO2 diffusional creep model,
while accounting for experimental uncertainties and unknowns. Second, using the most likely
parameters from this, an updated data set is generated to be provided to INL for training of a re-
duced order model to be implemented into BISON. This includes a lower length scale informed
mechanistic irradiation model which enables the extension of the dataset to lower temperatures
and include the impact of fission rate. Finally, using the atomic scale data in the LApx code,
a plasticity model including dislocation climb and glide mechanisms is developed for UO2 and
validated against experimental measurements. Moreover, this is extended to stand up a Cr-doped
UO2 model where predictions are compared to available experimental data.

3.1 Uncertainty quantification

3.1.1 Sensitivity analysis

Figure 3.1 shows the total-effect Sobol’ sensitivity indices for each experiment, averaged over all
measurements. Parameters are sorted according to their relative importance, where importance
is defined as the sum of the sensitivity indices across all measurement groups. Results are based
on a set of M = 125,000 input-output evaluations, see Equation (2.6). Applying a threshold of
99% on the total variance explained, results in a subset of 14 parameters that will be retained for
inference. These parameters include:

• UO2 bulk enthalpy of a uranium vacancy (HVU ), a hole (Hh), an oxygen interstitial (HOi)
and a UO2 cell (HUO2).

• entropy of an oxygen interstitial (SOi) and a UO2 cell (SUO2).

• the grain-boundary vacancy migration barrier (Hm
VU ), prefactor (DVU,GB

0 ), and, uranium
vacancy and oxygen vacancy segregation enthalpies (Hseg

VU and Hseg
VO).

• two parameters describing the temperature dependence of the activation volume [51, see
ν∗ in Table (1)].

• the parameters describing pO2 : T0 and H f pO2
.

12



H mV
U ,GB

S
UO

2

H segV
U

H
UO

2

log10  D V
U ,GB

0

H segV
O

S
O
i

T0 H
O
i

H fpO
2

H
h

H
V
U

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7
To

ta
l s

en
sit

iv
ity

 in
de

x 
(S

ob
ol

)
Creep rate (Armstrong et al.)
Creep rate (Bohaboy et al.)
Creep rate (Burton et al.)
Creep rate (Burton and Reynolds)
Creep rate (Wolfe and Kaufman)
Creep rate (Seltzer et al.)
Creep rate (Chung and Davies)
Diffusivity (Sabioni et al.)
Non-stoichiometry (see Robbe et al.)

Figure 3.1: Sensitivity analysis showing most important model parameters. Armstrong [1], Burton [2–
4], Kaufmann [5], Seltzer [6] and Chung and Davies [7] refer to creep rate experiments.
Sabioni [8] refers to single crystal uranium self-diffusivity measurements.

The importance of these parameters makes physical sense, for example, the uranium defects at
the grain boundary are rate limiting for Coble creep, and the oxygen defect segregation important
for defect charge neutrality at the grain boundary (see Galvin et al. [16]). The temperature
dependence of the activation volume is essential to describe low stress and low temperature
creep rates (see Dillon et al. [51]). The enthalpies and entropies (HVU , Hh, HOi, HUO2 SOi

and SUO2) are crucial parameters in determining formation energies, which in turn affect bulk
defect concentrations. They also influence the non-stoichiometry of bulk UO2, all of which
are fundamental to understanding uranium self-diffusivity (see Robbe et al. [9]). However, it
should be remarked that these results depend on the initial choice of the prior ranges for the
atomistic-scale parameters. Note that although the sensitivity of creep rates to T0 and H f pO2

, as
displayed in figure 3.1, is small compared to other parameters, they are the only parameters that
are expected to vary between experiments as they define the experimental conditions. Hence,
these two parameters are crucial to explain fine discrepancies between the experiments, and are
to be included in the reduced model.

3.1.2 Neural network surrogate

Since many model evaluations are typically required for inference, the computational cost of the
model must be taken into account. Therefore, the creep model is replaced with a NN surrogate
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model using a subset of the most important parameters from figure 3.1. Included in these pa-
rameters are H f pO2

and T0, which describe the oxygen partial pressure, and are unique for each
experiment that measures creep rates. Figure 3.2 shows a parity plot of the NN surrogate pre-
dictions and the model predictions for each experiment. The reported test errors represent the
mean square error loss on the test data. Notice the overall excellent agreement between model
predictions and surrogate predictions. During calibration, an average of 51 NN model evalua-
tions per second was recorded representing a dramatic speed up on the full model, which takes
∼2 seconds to evaluate.
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Figure 3.2: Comparison of the predicted outputs from the NN surrogate model and the actual model
outputs. a) shows the comparison for the Armstrong [1] creep predictions, b) shows the
uranium self-diffusivity [8], and c) shows the non-stoichiometry measurements (references
within [9]).
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3.1.3 Model calibration

The experimental conditions T0 and H f pO2
, describing the oxygen partial pressure conditions,

are unique for each measurement group, and they are allowed to vary independently during
calibration. This increases the number of parameters to infer from 14 to 12+2×31 = 74 across
the whole experimental set (for a given experiment there are 14 parameters). Together with the
standard deviations σ j of the residual uncertainty from Equation (2.2), this results in a total of
74+31 = 105 parameters to infer.

The prior distributions are assumed to be uniform between the given lower and upper bounds,
see table A2 in the Appendix. A standard normal prior is assumed for the log of the standard
deviations of the measurement noise. Putting a prior on log σ j ensures that values of σ j are
positive.

The MCMC algorithm outlined in 2.2.1 is run for 107 iterations using an adaptive proposal
with an initial jump size of 0.8. In order to obtain good starting values for the chain, a few
iterations with the deterministic optimization method L-BFGS are performed. The first 100,000
states are discarded to avoid burn-in and the remaining states are thinned with a sub-sampling
factor of 100 to reduce the auto-correlation of the samples.

Figure 3.3 shows the marginal posterior distributions for some select parameters, common
across the experiments, where the minimum and maximum on the x-axis define the prior bounds.
The orange line is the kernel density estimation, that is, a method for estimating the probability
density of a dataset by averaging smooth curves (kernels) centered at each data point. H f pO2
and T0 are free to vary for different experiments (see figures A1, A2, A3, A4 in the Appendix),
to allow for different experimental conditions. HVU , HOi and SOi have a sufficiently low sen-
sitivity (see figure 3.1) so the values from lower length scale simulations are contained within
the respective probability distributions. HUO2 is found to be most likely 0.2 eV lower than the
nominal lower length scale result, while Hh is shifted ∼0.2 eV higher than the lower length scale
result. SUO2 is most probably 1.5 kB lower than lower length scale prediction. The distribution
for Hm

VU,GB exhibits a maximum 0.4 eV smaller compared to the lower length scale result. The
distribution peaks for Hseg

VU and Hseg
VO are 0.7 eV and 0.8 eV higher than the lower length scale

results, reflecting the limited set of special grain boundaries used in the atomistic simulations.
This is the largest source of discrepancy between the calibration results and the atomic-scale
calculations. Finally, the diffusion prefactor DVU,GB

0 is at least two orders of magnitude larger
than expected. However, during the calibration process, the Coble creep prefactor (42 in Equa-
tion (2.1)) and the defect volume at grain boundary (|ΩVU,GB | in Equation (2.1)) are combined
with the prefactor (DVU,GB

0 ) and it is therefore difficult to distinguish which has the greatest
influence. Inferred standard deviation of the Gaussian noise distributions of the likelihood func-
tion, which describes the experimental measurement scattering as well as the difference between
modeling and experimental results are presented in the Appendix figure A3.
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Figure 3.3: Posterior distributions for model parameters related to materials properties for creep, non-
stoichiometry and self-diffusivity. For full parameter posterior distributions, see Appendix
A1, A2, A3, A4. The histograms are shown in blue while the orange line is the kernel density
estimate.
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Figure 3.4: Pushforward posterior distributions for creep rate as a function of stress, and uranium self-
diffusivity as a function of temperature. The dashed lines represent the prior and the trans-
parent violins are the pushforward posteriors. Note that the right column is zoomed in on the
pushforward posterior distributions where bounds are between 1st and 99th percentiles.

3.1.4 Pushforward posterior predictions

Once the models (bulk diffusivity, non-stoichiometry and creep rates) have been calibrated
against experimental measurements using the NN surrogate models, predictions of creep (and
self-diffusivity) with uncertainty are obtained by sampling the posterior parameter distributions
and evaluating the model by pushing these joint distribution of parameters, preserving their de-
pendencies, through the NN surrogate. This is known as the pushforward posterior, which is a
multi-dimensional distribution, capturing the uncertainty for the creep rates and other properties
based off the uncertainty of the posterior distributions.

Figure 3.4 shows an overview of prior and posterior distributions pushed forward to creep rate
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measurements as a function of stress, and uranium bulk self-diffusion as a function of inverse
temperature. For clarity, only 3 experimental datasets are shown, refer to the Appendix A5 for
the complete set. It compares the pushforward prior and the pushforward posterior predictions,
i.e., the distribution of model predictions evaluated at the posterior samples. The solid points re-
fer to the experimental measurements, the solid transparent violin distribution (the width of each
curve corresponds to the probability that the pushforward predictions, using the prior or poste-
rior distributions, will evaluate at that creep rate or diffusivity value) represents the pushforward
posterior, and the dashed violin distribution refers to the prior distribution. This highlights a
large reduction in uncertainty from the prior to the calibrated posterior parameter distributions.

Using the most likely parameter set across that multidimensional space to explain the ob-
served data values from the posterior distributions, the non-stoichiometry values for each UO2
sample are predicted, and presented in figure 3.5. The solid points refer to the non-stoichiometry
value for each experimental condition and the dashed lines are the resolution at which non-
stoichiometry can be measured (± 0.001). It can be seen that, even though the experimental
measurements only include “nominally” stoichiometric data (experiments usually give a res-
olution of O/U = 2 ± 0.001 [49]) there is still significant variation that occurs in this range.
This variation in non-stoichiometry, although small, has been previously shown to impact Coble
creep rates in UO2 [16].
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Figure 3.5: UO2±x as a function of each experimental condition. The colorbar gives the temperature
that the measurement was carried out at. The dashed lines are an example of experimental
“nominally” stoichiometric resolution at ±0.001. The ordering for experiment number is the
same ordering as in Table A1 in the Appendix.

Figure 3.6 shows the calibrated parity plot for the pushforward posteriors evaluated by the
model against experimental measurements. The pink points are from the uncalibrated model
(using atomic-scale parameters from the Σ9 grain boundary, see [26]). The blue points are the
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most likely parameters values where the confidence intervals on the parameters are shown by
blue violins. See A2 in the Appendix for parameter values. The top and bottom of the violin
plots correspond to the 1st and 99th percentiles. The Posterior predictive distributions of creep
rate as a function of stress for two experimental studies [1,7] is shown in A6, these included the
uncertainty due to model parameters and the residual uncertainty.
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Figure 3.6: Parity plot of experimental creep rates against model predictions. The open points represent
the uncalibrated model (using Σ9 grain boundary parameters from [26]) and the violin den-
sities are the calibrated model with uncertainties. The solid blue points are the most likely
parameters values for the calibrated model. Note that these violin plots display 98 percentiles
of the distributions. Data below the 1st percentile and above the 99th percentile are filtered
out in order to make the plots more readable, and to avoid displaying unnecessary long tails.
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Figure 3.7: Pushforward posterior and corresponding H f pO2
and T0 posterior distributions for experimen-

tal creep measurement given by [5].

3.2 Data transfer to Idaho National Laboratory

From our previous work [11], an atomistic creep model was developed (included in the Bayesian
UQ framework). Using this model, UO2 creep rates, in the diffusional regime, were generated at
various O partial pressure conditions, pO2, for different stress, σ, grain size, G, and temperature,
T as a lookup table. This was passed on to our collaborators at Idaho National Laboratory (INL),
to fit a surrogate model, capturing the data, and to be implemented, along with other creep
mechanisms from the refit MATPRO correlation by Sweet et al. [50], into BISON and tested for
different assessment cases.

Using the most probable parameter values obtained from the Bayesian calibration in Sec-
tion 3.1, the atomistic diffusional creep model was refined. In addition, we incorporated an
irradiation creep model developed at lower length scales, based on atomistic and cluster dynam-
ics simulations using the LANL Centipede code [26] updated with the most probable values
from the UQ results. This enhancement enables us to extend the model’s applicability to lower
temperatures and account for the effects of fission rate.
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3.3 Full–field simulations of plastic deformation and creep

In practice, creep behavior is highly complex and often cannot be fully captured by the simplified
analytical models discussed earlier. Creep deformation in UO2 presents particular challenges
due to its sensitivity to local defect concentrations, stress states, and microstructural characteris-
tics. Advanced material models are clearly needed, that are sensitive to microstructural features,
capable of capturing local variations, and that incorporate both kinetic and kinematic effects,
particularly for doped UO2, where experimental data is limited. In this section, we introduce
a crystal plasticity-based framework designed to predict the creep response of UO2 and large
grained (doped) UO2, explicitly considering microstructural features. The model is informed
by atomic-scale simulations and literature data, including mechanisms such as pipe diffusion.
Full-field simulations of three-dimensional polycrystalline UO2 and large grain (doped) UO2
are conducted, with the contributions of dislocation climb and glide included in the resulting
creep response. For doped UO2 at conditions relevant to reactor operation, dislocation creep is
expected to make a more significant contribution to creep that grain boundary diffusional creep,
primarily due to the suppression in diffusional creep as a function of grain size.

3.3.1 Applied strain rate simulations of undoped and doped UO2

Figure 3.8a, shows stress-strain curve predictions for UO2, with varying grain size. This shows
a decrease in the the steady state stress (yield point) with increasing grain size. This change
can be attributed to the Hall-Petch effect which increases hardness for smaller grain sizes. The
Hall–Petch effect describes how reducing the grain size of a polycrystalline material increases
its strength and hardness. In essence, grain boundaries serve as barriers to dislocation motion,
so having more of these boundaries per unit volume (i.e., smaller grains) makes it harder for
dislocations to move through the material. As a result, smaller grains increase the stress required
to initiate and sustain plastic deformation, increasing the materials hardness and yield strength.
This compares well with the experiments carried out by Dugay et al. [10] (see figure 3.8b) where
a reduction in yield stress is observed for the Cr-doped UO2 which corresponds to a larger grain
size.
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Figure 3.8: (a) LApx simulation results for the same conditions showing the impact of different grain
sizes. (b) Plot from the experimental paper of Dugay et al. [10] of effect of reduction on the
deformation of the batch doped with 0.06 wt% Cr2O3 under a constant applied strain rate of
20 µm/min at 1500 °C.

However, in the work of Dugay et al. [10] a saturation effect for larger grain size Cr doped
UO2 is observed, see figure 3.9b. Therefore, to investigate a possible cause, we have included
the solute back stress for diffferent amounts of Cr %. Solute back stress refers to the internal
stress generated by interactions between dislocations and solute atoms in the material. Over
time, the build-up of solute atoms around the dislocation line produces an opposing force (or
“back stress”) that resists further dislocation motion. This effectively could raise the flow stress
or yield strength of the material, as an increased applied stress is required to overcome the
dislocation–solute interaction. As a result, materials with greater solute concentrations or more
effective solute–dislocation binding can exhibit higher strength through this solute back stress
mechanism. For the solute back stress model, not all the parameters are known for UO2 so
best estimates were used focusing on the impact rather than provide high fidelity predictions of
values. This will be investigated further in future work. The simulation results, which consider
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various grain sizes and corresponding Cr solute concentrations, are presented in Figure 3.9a,
where we compare the initial softening of the Cr-doped sample (at 1773K) and a saturation
effect for larger grain sizes.
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Figure 3.9: (a)LApx simulation results for different grain sizes with the impact of different levels of Cr
impacting solute pinning. (b) Plot from the experimental paper of Dugay et al. [10] for differ-
ent doped UO2 samples containing different levels wt% Cr under an applied strain rate of 20
µm/min at 1500 °C. 0.025 wt% Cr2O3, 0.06 wt% Cr2O3, 0.1 wt% Cr2O3 and 0.2 wt% Cr2O3
correspond to grain sizes of 15, 27, 45 and 70 microns, respectively.

3.3.2 Applied stress simulations of undoped UO2

Figure 3.10 presents the strain rate as a function of applied stress, comparing experimental data,
LApx (dislocation model) simulation results, and the analytical diffusional model developed in
our previous milestone [11]. The analytical diffusional mechanistic model, accurately describes
the experimental behavior at lower stress levels but significantly underestimates the plastic de-
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formation at higher stresses due to the omission of dislocation mechanisms. In contrast, the
LApx simulation results, which incorporate dislocation climb and glide (diffusion is not in-
cluded in these LApx simulation runs), exhibit good agreement with the experimental data in
the high-stress regime.

• At low stresses (below 90 MPa), the creep response is dominated by diffusional processes,
with grain boundary dislocation nucleation, as described by Dillon et al. [51], having a rate
limiting effect below 20 MPa.

• Around intermediate stress levels (∼90 MPa), dislocation climb begins to contribute mean-
ingfully to the total creep rate and eventually becomes the dominant mechanism.

• At the highest stress levels (above 120 MPa), the glide contribution takes over as the
primary driver of creep.

By including different modeling approaches (informed by atomic scale simulations), we achieve
a description that captures the transition between the various creep mechanisms active in un-
doped UO2. Given the amount of experimental data available for undoped UO2 (compared to
doped UO2), it serves as a valuable benchmark for validating the proposed models. Moreover,
this model shows that glide might have an important role (if those stresses are reached by the
fuel pellet in reactor), which is currently not implemented in the MATPRO empirical model used
in BISON. In the following section, we extend this model to investigate the influence of large
grain (doped) UO2.
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Figure 3.10: UO2 creep rates as a function of stress. LApx points are shown as open circles (with a dashed
line shown for visualization purposes) and the diffusional mechanistic model [11] as a line.
Experimental points are shown in blue.

3.3.3 Applied stress simulations of doped UO2

Figure 3.11 shows our simulation results alongside experimental data from Dugay et al. [10] and
other sources [2–4,6,7,17–25] (from this dataset creep rates matching the temperature, grain size
and stress of Dugay et al. were used). Notably, the undoped UO2 data reported by Dugay (shown
by blue points) exhibit distinct behavior compared to other experimental datasets collected under
similar conditions (shown in black). Despite this variation, the LApx predictions for undoped
UO2 (represented by open circles) align well with the experimental measurements shown by the
black points for undoped UO2. In this stress regime, where there is data to compare, dislocation
climb is the dominant mechanism, as indicated in figure 3.10, and therefore, the Hall–Petch
effect is not expected to play a role. In this model Hall-Petch only impacts the glide mechanism,
as evident in the stress-strain curves shown in figure 3.8a (which are glide dominated) and the
strain rates shown in figure 3.12. To extend the model to doped UO2 in the climb regime, we
account for microstructural changes by increasing the grain size of the structure and also slightly
raising the dislocation density by a factor of two. We believe the adjustment is a physically
reasonable assumption: the substitution of chromium into the UO2 lattice likely introduces local
lattice strains due to the mismatch in ionic size and valence between chromium and uranium ions,
potentially creating favorable sites for dislocation nucleation. Additionally, the modified defect
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chemistry may reduce the energy barriers associated with dislocation formation and motion.
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Figure 3.11: Creep rates as a function of stress at 1773 K. LApx points for undoped UO2 are shown as
open circles and for doped UO2 as open squares. Doped experimental data and undoped
(blue points) is from Dugay et al. [10]. Undoped experimental data (black points) is from
other sources [2–4, 6, 7, 17–25].

Figure 3.12 shows the LApx predictions of strain rates for different grain sizes. At a stress
of 50 MPa, no grain size dependence is observed for the dislcoation model, as indicated by the
overlapping data points. This is expected, given that at this stress and a temperature of 1623 K,
LApx predicts climb as the dominant deformation mechanism (noting that diffusion effects are
excluded from these simulations). However, there is a suppression of the Coble diffusional
mechanism, seen from the diffusional mechanistic model [16]. As the stress increases and dislo-
cation glide begins to influence, and eventually dominate the deformation behavior, the impact
of the Hall-Petch effect becomes apparent. Consequently, enhanced creep rates are observed
in large-grained (doped) UO2. The competition between enhanced glide and suppressed Coble
will be analyzed in BISON for realistic in-reactor conditions for future work, discussed in more
detail in section 4.2.
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4 Discussion and Future Work

4.1 Uncertainty quantification

4.1.1 Importance of mechanistic models

Mechanistic models informed by lower length scale modeling provide benefits over traditional
empirical models only fit to experimental data. For instance, they need fewer data points for
fitting, have common parameters across different materials models, and can be extrapolated
(with large uncertainty in a data-scarce region) provided that they include the correct underly-
ing physics. By parameterizing fuel performance codes (e.g., BISON) using mechanistic mod-
els with data from lower length scales [52, 53], it is possible to describe chemical and micro-
structural evolution rather than having empirical models only fit to burnup and temperature or
semi-empirical models that incorporate separate effects data but without detailed knowledge of
the underlying processes. This study gives a working example of combining uncertainty quan-
tification with mechanistic modeling informed by the lower length scale data to show it has an
important role to play in the ambitious challenge of AFQ.

4.1.2 Application of UQ to diffusional creep mechanistic model

A Bayesian calibration framework is used to analyze the atomic-scale-informed creep model
along with experimental measurements in [16]. Similar to Robbe et al. [9], additional con-
straints are applied to the underlying model parameters by calibrating the uranium bulk self-
diffusion and non-stoichiometry predictions against available experimental data. Using nominal
parameters (not calibrated) of the creep model from [26], a good description of the experimental
creep measurements is obtained. Most importantly, the model accounts for both bulk (Nabarro-
Herring) and grain boundary (Coble) diffusional creep showing that Coble was the only mecha-
nism capable of explaining the observed creep rates in the diffusional regime: Nabarro-Herring,
based on bulk diffusivity, was many orders of magnitude too low. Even accounting for conserva-
tive uncertainties on the underlying parameters this qualitative conclusion is valid. Furthermore,
separate effects tests on single crystal bulk self-diffusivity validate the atomic-scale parameters
used to conclude that diffusivity influencing Nabarro-Herring is too low to explain the creep
measurements.

Despite the work of Galvin et al. [16] demonstrating that Coble creep is necessary to get mod-
eling results in the correct order of magnitude compared to the experiment, there were some
experimental data not predicted correctly by the model and that indicate grain size dependencies
with exponents not equal to 3 (an essential criterion for Coble creep as shown in Equation (2.1)).
Galvin et al. speculated that small deviations in non-stoichiometry for samples with different
grain sizes, arising either from different fabrication conditions or measurement conditions, could
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explain this discrepancy. They showed that deviations of just ±0.01 resulted in order of magni-
tude changes in the creep rate if experiments have slightly different conditions - this is sufficient
to interfere with the grain size dependence and can explain the scatter shown in figure 3.6 for
the uncalibrated model. The objective of this work is to use Bayesian techniques to determine
to what extent the scatter in figure 3.6 is due to experimental instrumentation uncertainty, lack
of information regarding experimental conditions that can be inferred in this work, and/or inac-
curacies in the underlying atomic-scale parameters, which can be corrected through inference
resulting in posterior distributions of the parameter sets.

Using a Bayesian framework, a systematic calibration of this mechanistic UO2 creep model
is conducted in a way that incorporates uncertainty and prior knowledge, leading to more mean-
ingful predictions and more confident conclusions about the underlying processes being studied.
Conservative bounds were set on the prior uncertainty, which means propagated uncertainties
on the predicted creep rates (using just the prior) would be too large to be accepted during the
qualification process (see the dashed violins in figure 3.4). Despite this, the parameters informed
by lower length scale simulations were vital to constrain the diffusional creep model to have the
correct mechanism (i.e. Coble and dominated by uranium vacancies [16]). This is extremely
important when carrying out the inference process. If, as an example, the wrong mechanism
was used for the calibration (i.e. Nabarro-Herring) a seemingly ‘sensible’ answer would have
been obtained for the creep results but for the wrong reasons. The model extrapolation would
not be correct (as Coble and Nabarro-Herring have different grain size dependencies), the exper-
imental measurements could not be re-analyzed using the non-stoichiometry conditions (as the
oxygen partial pressure predictions would be wrong), and we would lose the ability to use the
common parameters to span other experiments and validate using separate effects testing, see
section 4.1.5.

4.1.3 Importance of controlled experimental conditions

A sensitivity analyses was conducted to rank the impact of the underlying parameters for the
diffusional (Coble) creep model on the experimental measurements, and is shown in figure 3.1.
Although a different surrogate is used in this work, the most sensitive parameters for the uranium
bulk self-diffusion agree with that of Robbe et al. [9]. This not only allowed the parameter set
to be reduced for training of the NN surrogate, but can enable common parameters that impact
properties important for qualification to be identified. For example, parameters that impact
cladding stress state through pellet-cladding-mechanical interactions during a LOCA scenario
rather than UO2 creep rates more generally. This will prioritize experiments to probe relevant
parameters for qualification, not just for making the best overall creep model.

Controlled pO2 experiments (similar to those by Garcia et al. [54]) would be of value as it
would allow targeting reducing uncertainties in important parameters. The H f pO2

and T0 param-
eters, which are needed in this work to predict pO2 because accurate pO2 (and, therefore non-
stoichiometry) values are not provided by the experiments, could be dropped from the model
and replaced with pO2 values directly. Then the calibration would drop a layer of complex-
ity and focus more so on the defect enthalpy and entropy parameters also reducing their un-
certainties. Although we infer H f pO2

and T0 for each study, showing that minor variations in
non-stoichiometry can explain the differences in creep measurements, it is possible that other
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systematic errors are being included in those variations. These errors could be addressed with
experiments that provide tighter stoichiometry control.

4.1.4 Surrogate models

NN surrogates were trained on the mechanistic model data randomly sampling the most impor-
tant parameters identified using a sensitivity analysis, see figure 3.2. The surrogate models are
necessary, as they allow rapid evaluations during the MCMC sampling process. In this work,
for the calibration to converge, ∼ 107 iterations are needed, and, therefore, it becomes apparent
that without using a surrogate this quickly starts to become unfeasible. For the full model, each
MCMC iteration requires about 2 seconds for a single evaluation. Over 107 MCMC iterations,
this leads to a total computational cost of 2×107 seconds ≈ 231 days. For the surrogate model,
we can evaluate approximately 51 samples per second. Thus, the total cost for performing 107

iterations becomes 1.96× 105 seconds ≈ 48 hours. Hence, the surrogate approach is approxi-
mately 100 times cheaper in terms of computational cost compared to the full model. Moreover,
this issue becomes compounded if additional models are to be included (e.g. Xe diffusivity un-
der irradiation which relies on cluster dynamics simulations [9, 55]) which would increase the
calibration convergence time.

Surrogate models are also important for propagation to the engineering-scale (see Matthews
et al. [56]). This is a feasible way to provide lower-length scale informed correlations to target
data science applications or other large scale computational models, e.g., full reactor simulations.
While we employed simple adaptive MCMC for Bayesian inference, more advanced sampling
algorithms could be used to further accelerate convergence. Methods such as the Differential
Evolution Adaptive Metropolis (DREAM) [57], Hamiltonian Monte Carlo (HMC) [58], and
Sequential Monte Carlo (SMC) [59] are designed to improve sampling in high-dimensional or
multi-modal posterior landscapes. These techniques leverage parallelism, gradient information
(in the case of HMC), or population-based strategies (as with DREAM) to accelerate conver-
gence and improve exploration of complex parameter spaces. However, they introduce addi-
tional algorithmic parameters and tuning requirements, which can complicate their implementa-
tion.

4.1.5 Parameters that influence other aspects of fuel performance

The phenomena investigated in this work are governed by common underlying parameters. Ap-
plying the same framework to calibrate parameters common to different types of experiment
would i) allow to further reduce uncertainties, and, ii) provide lower-length scale parameters
with associated uncertainties to parameterize mechanistic engineering-scale models. For in-
stance, uranium vacancy behavior is not only fundamental to UO2 creep, self-diffusion in the
bulk and grain boundary, but also contributes to inter-granular bubble swelling and Xe diffusion
under irradiation conditions [9,55]. As an example, this approach could also make it possible to
conduct creep experiments to validate fission gas models where experiments are more difficult
and costly to conduct, provided the underlying mechanisms play a significant role. Therefore,
by combining mechanistic models with the same underlying parameters, that influence a variety
of fuel behavior, and passing these up to the engineering scale (e.g. BISON), separate effects
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tests can be conducted to reduce the overall uncertainty.

4.1.6 Re-analyzing the experimental creep rates

Figure 3.4 shows the pushforward posterior distributions, i.e., the model predictions taking into
account the uncertainty due to model parameters alone. Notice that the pushforward posterior
distributions shown by the transparent violins in figure 3.4 encapsulate all the experimental
measurements (solid points), and drastically reduce the prior uncertainty (dashed violins). This
means (assuming the mechanistic model is correct) the experiments can be explained by the
model, even though all experimental points are from different studies, with various environment
conditions, temperatures, grain sizes, and stresses. This is therefore a powerful tool as it allows
us to re-analyze the experimental data in a new context.

Examining the posterior distributions in 3.7, a bimodal shape is observed for H f pO2
and T0 for

the creep measurement given in [5], see figure 3.7. This is a large grain (55 µm) experimental
measurement supposedly in the diffusional regime. This is shown in [5] by a line indicating this
point lies in the diffusional regime (see Figure 20 in [5]). However, this bimodal distribution
suggests that there are two solutions that satisfy H f pO2

and T0 after calibration. This means
that there are two oxygen partial pressure solutions that could explain this measurement. By
re-analyzing the experimental measurement it can be assumed that this is in a regime where
another mechanism not described by the model (e.g. climb) is active.

Another example pertains to the Armstrong creep measurements [1]. For this data set, the
40 µm grain size does not behave as expected. In their study it is seen that when the creep rate is
plotted against stress and the stress exponent is ∼1 (i.e. the diffusional creep regime) the 40 µm
grain size shows similar creep rates for a grain size of ∼13 µm. To obey Coble creep (Equa-
tion (2.1)) the creep rates should be suppressed following an inverse cubed relationship with
grain size. This is discussed in [1] and [5], with explanations being suspected grain boundary
sliding. As the data has a stress exponent of 1 it should not have a dislocation limited climb or
glide contributions. Another possibility would be the presence of Harper-Dorn creep [21], but
we do not believe that to be the case due to the slow mobility of uranium vacancies in the bulk
lattice [16]. After calibration it is shown that the 40 µm grain size Armstrong creep rates [1]
have larger uncertainty compared to the other data (see figure 3.4). Examining the slight devi-
ations in non-stoichiometry of the UO2 sample accounted for in calibration indicated that these
points would have to be more hyper-stoichiometric than the other measurements, however due
to the large uncertainty it is also plausible that the data is in another creep regime. The UO2
non-stoichiometery values, a consequence of the chemical environment or conditions that these
creep measurements were conducted under, are inferred.

The predicted non-stoichiometry for each experimental condition using the most probable val-
ues after calibration in the model is shown in figure 3.5. What this shows is even slight changes
in stoichiometry can impact creep rates dramatically. The dashed horizontal lines in figure 3.5
represent good experimental resolution, and within these bounds (from an experimental point of
view) UO2 can be classified as ‘nominally’ stoichiometric. It is observed that most of the data
lies within these bounds but still exhibit some variations in non-stoichiometry. Moreover, a few
data points are slightly hypo-stoichiometric. These are at high temperatures (>1900 K), where,
according to the UO2 phase diagram [60], UO2 can be slightly hypo-stoichimetric. The singular
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creep measurement of [5] is shown to be slightly hypo-stoichiometric, but exhibits a bimodal
posterior distribution. So although it can be described by non-stoichiometry, it is likely that it is
in the climb creep regime.

4.1.7 Industry perspective

Industry is the ultimate user of the AFQ methodology. For industrial purposes, hardware (e.g.,
fuel pellets) and software (fuel performance simulation tools) are combined in the product (li-
censed fuel). Fuel is designed to maximize the amount of power that can be extracted for a given
volume and residence time, and operational behavior for each pin has to be verified to guarantee
the safety of the reactor. This is done through the use of fuel performance codes, relying on
models. To be conservative, uncertainties have to be taken into account, usually in a best esti-
mate plus uncertainty (BEPU) approach. It is straightforward from there that larger uncertainties
result in less optimized operating conditions, and therefore in a direct financial loss for the plant
operator.

The industry has been moving toward a Bayesian inference uncertainty quantification ap-
proach instead of BEPU. This is a shift in paradigm; uncertainties have been split in three main
categories: a) the material specifications, b) the reactor operating parameters and c) the ma-
terial properties, and each one has a probabilistic distribution, whereas in BEPU, (a) and (b)
parameters are considered ‘true’ model parameters and only the (c) category is considered. This
new method allows for simultaneous calibration and uncertainty determination, and the hope is
that by not treating models individually, the overall uncertainty decreases, reducing the required
safety margins.

When a new material is developed, material property models have to be derived or calibrated,
and the relative lack of data as compared to UO2 and Zr alloys forces larger uncertainty, reduc-
ing dramatically the benefits of the new material. This is exacerbated when the available data
comes from unconventional sources, such as separated effect experiments or lower length scale
modeling, as is the concept behind AFQ. While BEPU has problems with both the determina-
tion of the best estimate in prototypical conditions and the lack of knowledge of the uncertainty,
a Bayesian calibration approach at the lower length scale or engineering-scale can permit the
determination and reduction of uncertainties, and is as such an integral part of AFQ.

4.2 Dislocation based mechanisms for creep in UO2 and doped UO2

LApx is a simulation tool based on models like elastic, plastic, and visco-plastic behavior. It is
designed to help explore complex links between processing, structure, and properties, phenom-
ena that are difficult to capture with simple analytical equations (even if informed from lower
length scale simulations). To make sure the simulations reflect how materials really behave, the
model relies on many parameters that need to be updated with lower length scale information or
carefully calibrated to experiment.

Figure 3.8a shows that for large-grained UO2, the Hall-Petch effect results in a reduction of
stress in the stress-strain curves. This is because the Hall-Petch relationship, which predicts
increased strength with decreasing grain size, weakens as grain size increases. In large grains,
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dislocations encounter fewer grain boundaries, which are primary obstacles to their motion,
however, other obstacles must be considered when burnup is accounted (e.g. bubbles and pre-
cipitates). This results in dislocation glide, the dominant plastic deformation mechanism at high
stresses for these simulations, becoming easier, requiring less applied stress to sustain deforma-
tion. This leads to a softer mechanical response for high applied stresses. As Cr-doped UO2 has
larger grains this could be part of the reason why a softer mechanical response is observed for
doped UO2, as shown by the experimental measurements of Dugay et al. [10] (see figure 3.8b).
However, this seems to be temperature dependent. A recent LANL report by Butler et al. [61] for
the AFC program has shown that Cr-doped UO2 can actually produce higher stresses compared
to undoped UO2. Their measurements were taken at lower temperatures (ranging from 1173 K –
1623 K) compared to the work of Dugay et al. [10] and it is hypothesized that strong pinning of
dislocations could be the cause at lower temperatures. Furthermore, although there is an initial
softening of the material for larger grains, Dugay et al. [10] observed a saturation effect where
no matter the grain size, the results where similar for large grain Cr-doped UO2 as shown in
figure 3.9b. To explore the impact, we have included solute pinning effects in the simulations
(see figure 3.9a). We first calibrate the value of the Hall-Petch parameter to yield similar results
to undoped UO2, and then run simulations under the same conditions as Dugay et al. [10] for
the different samples of Cr-doped UO2. Despite incomplete knowledge of all input parameters
for solute pinning behavior, the simulation results from this parametric study indicate that solute
pinning plays a significant role in the onset of saturation behavior.

LApx simulations that incorporate atomic-scale information are able to capture this behav-
ior accurately, even when not all material parameters are precisely known. Future work will
be to explore the parameters that impact solute pinning behavior and the temperature depen-
dence. Collaborating closely with the LANL experimental team on the AFC program to carry
out doped UO2 measurements will yield invaluable data for calibrating our models and iden-
tifying the underlying processes. For instance, experimental tensile and creep tests comparing
undoped large-grain UO2 with similarly grained doped UO2 would be particularly informative.
Conversely, the models developed within the NEAMS program can also support the interpreta-
tion of the experimental results.

Applied stress simulations have also been conducted using the LApx polycrystalline code.
For these simulations a good agreement with UO2 experimental measurements (at high stresses)
is predicted, see figure 3.10. Our previous diffusional mechanistic models [11,16] are not able to
capture the dislocation and glide mechanisms, which are dominant at higher stresses. At lower
stresses, the diffusional creep regime dominates, as shown previously [16]. As stress increases,
dislocation climb becomes increasingly significant, leading to a regime where both climb and
diffusion contribute. With further increase, the behavior transitions to climb-dominant, followed
by a combined climb and glide regime. At high stresses (above 100 MPa), dislocation glide
becomes the dominant mechanism. Specific regions of a fuel pellet can reach the temperatures
and stresses needed to initiate glide before pellet cracking. This is important as larger grain
doped UO2 creep rates can be enhanced in the glide regime due to the Hall-Petch effect (see
figures 3.8a and 3.12). These enhanced creep rates could produce better pellet cladding me-
chanical interactions. Implementing this behavior into BISON is important for future work as
it will enable predictions of how pellet cladding interactions impact cladding rupture (under
LOCA conditions) for doped UO2. Furthermore, it will allow the competition, in large grain
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doped UO2, between hardening due to suppressed Coble creep at low temperatures and stresses
against softening due to enhanced glide at high stresses and temperatures to be examined or re-
alistic in-reactor conditions. Other future work will include taking advantage of the rate theory
capabilities in LApx to account for irradiation damage due to burnup.

The undoped LApx creep model has been extended to predict creep rates for Cr-doped UO2
and compare to the experimental measurements of Dugay et al. [10], shown in figure 3.11.
The first point to highlight is the discrepancy among experimental measurements for undoped
UO2. Data from Dugay et al. [10] show a sharp increase in creep rates below 75 MPa, poten-
tially indicating the onset of glide. However, this trend is not observed in other experimental
datasets [2–4, 6, 7, 17–25] (from this dataset creep rates matching the temperature, grain size
and stress of Dugay et al. were used). Our model predictions align more closely with the mea-
surements not conducted by Dugay et al., suggesting that glide does not become dominant until
higher stresses (above 100MPa). Additional experiments under the AFC program would help
clarify the reasons behind these discrepancies. Moreover, comparisons with doped UO2 experi-
ments at similar stress levels (around 50 MPa) suggest that we are firmly within the climb regime
for LApx predictions (these LApx simulation runs do not include contributions from the diffu-
sional regime), where both dislocation climb and diffusional creep contribute to the overall creep
behavior. This means that the Hall-Petch effect will not contribute here as it did in the tensile test
simulations. For these simulations we have increased the dislocation density to account for the
addition of Cr. This shows an increase in creep rates compared to undoped UO2 suggesting that
it has a contribution. However, we know that diffusion of uranium vacancies in the bulk and at
dislocations have a role to play. Therefore, future work using atomistic simulations investigating
the impact of Cr on the diffusion of uranium vacancies at dislocations will be conducted.

This model incorporates a wide range of input parameters, from lower-scale simulations, ex-
perimental observations, and interpolated data. These inputs come from many sources and vary
significantly in terms of reliability and accuracy, some are well-established, while others carry
considerable uncertainty. Due to the model’s inherent complexity, it is important to understand
which parameters exert the greatest influence on its predictions. To guide future efforts, a sen-
sitivity analysis (as done for the analytical diffusional mechanistic model) will be carried out to
prioritize the most important inputs. Going one step further, applying the model to the Bayesian
uncertainty framework (shown for the diffusional mechanistic model in this report) will provide
crucial understanding of how uncertainties in input parameters translate to uncertainties in creep
rates. Furthermore, by incorporating new experimental measurements into the UQ framework,
the overall model uncertainty can be reduced. An additional benefit of this would be to reduce
uncertainties in other mechanistic models being informed by the same underlying atomic scale
parameters, such as fission gas release models for doped UO2.
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5 Conclusions

In this study, we built upon our previous work [11,15,16] to achieve three key objectives aimed
at advancing the modeling of creep mechanisms in UO2 and and developing a creep model for
Cr-doped UO2.

• First, we applied a Bayesian uncertainty quantification (UQ) framework to evaluate the
uncertainty in our lower length scale UO2 diffusional creep model, providing a compre-
hensive assessment of model reliability and parameter variability.

• Second, we refined the mechanistic diffusional creep model for UO2 by incorporating
the most probable parameter values obtained from Bayesian calibration and adding an
irradiation-driven component to account for fission rate effects. This refinement prepares
the model for eventual integration into BISON, supported by a dataset we generated for
INL to use in training a reduced-order model surrogate.

• Lastly, we explored the roles of dislocation climb and glide mechanisms within a lower
length scale-informed viscoplastic framework for both UO2 and Cr-doped UO2. For this,
we conducted tensile (stress-strain) simulations for doped UO2 to identify the mechanisms
responsible for softening for larger grain sizes, and compared these results to experimental
measurements. Additionally, we performed simulations to predict creep rates for undoped
UO2 and extended the model to investigate the origins of the enhanced creep rates ob-
served in doped UO2.

These advancements represent a significant step toward the development of mechanism-based
creep models for eventual implementation into BISON.
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Figure A1: Posterior distributions for all T0 model parameters. See Table A1 for reference index to ex-
periment.

43



5 10
Hf

pO2(A1) (eV)
5 10

Hf
pO2(A2) (eV)

5 10
Hf

pO2(A3) (eV)
5 10

Hf
pO2(A4) (eV)

5 10
Hf

pO2(B1) (eV)
5 10

Hf
pO2(B2) (eV)

5 10
Hf

pO2(B3) (eV)
5 10

Hf
pO2(B4) (eV)

5 10
Hf

pO2(B5) (eV)
5 10

Hf
pO2(B6) (eV)

5 10
Hf

pO2(B7) (eV)
5 10

Hf
pO2(B8) (eV)

5 10
Hf

pO2(B9) (eV)
5 10

Hf
pO2(B10) (eV)

5 10
Hf

pO2(B11) (eV)
5 10

Hf
pO2(B12) (eV)

5 10
Hf

pO2(C1) (eV)
5 10

Hf
pO2(C2) (eV)

5 10
Hf

pO2(C3) (eV)
5 10

Hf
pO2(D1) (eV)

5 10
Hf

pO2(D2) (eV)
5 10

Hf
pO2(E1) (eV)

5 10
Hf

pO2(E2) (eV)
5 10

Hf
pO2(F1) (eV)

5 10
Hf

pO2(G1) (eV)
5 10

Hf
pO2(G2) (eV)

5 10
Hf

pO2(G3) (eV)
5 10

Hf
pO2(G4) (eV)

5 10
Hf

pO2(G5) (eV)
5 10

Hf
pO2(H1) (eV)

5 10
Hf

pO2(I1) (eV)

Figure A2: Posterior distributions for all H f pO2
model parameters. See Table A1 for reference index to

experiment.
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Figure A3: Inferred standard deviation of the Gaussian noise distributions of the likelihood function,
which describes the experimental measurement scattering as well as the difference between
modeling and experimental results.
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Figure A4: Posterior distributions for model parameters. See Table A1 for reference index to experiment.
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Figure A5: Pushforward posterior distributions for creep rate as a function of stress for all experiments
considered.
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Figure A6: Posterior predictive distributions for creep rate as a function of stress. They encapsulate the
pushforward posterior distributions and the Gaussian noise of the likelihood function.
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Table A1: Table for all creep experiments and conditions considered in this study. Refer to [9] for uranium
bulk self-diffusivity and non-stoichiometry conditions.

Temp (K) Grain (m) Stress (MPa) Creep rate exp (s−1) Study Experiment
1573.15 6.00E-06 4.78 4.84E-10 Armstrong et al. A1
1573.15 6.00E-06 6.84 7.63E-10 Armstrong et al. A1
1573.15 6.00E-06 13.50 1.89E-09 Armstrong et al. A1
1573.15 6.00E-06 20.40 3.66E-09 Armstrong et al. A1
1573.15 6.00E-06 20.70 5.04E-09 Armstrong et al. A1
1573.15 6.00E-06 34.30 6.71E-09 Armstrong et al. A1
1573.15 6.00E-06 47.80 1.02E-08 Armstrong et al. A1
1573.15 6.00E-06 47.00 1.61E-08 Armstrong et al. A1
1673.15 4.00E-05 34.00 1.08E-08 Armstrong et al. A2
1673.15 4.00E-05 47.90 2.32E-08 Armstrong et al. A2
1673.15 1.30E-05 27.10 1.25E-08 Armstrong et al. A3
1673.15 1.30E-05 34.00 1.70E-08 Armstrong et al. A3
1673.15 1.30E-05 57.60 2.61E-08 Armstrong et al. A3
1673.15 1.30E-05 59.70 2.95E-08 Armstrong et al. A3
1673.15 6.00E-06 20.70 2.46E-08 Armstrong et al. A4
1673.15 6.00E-06 34.00 4.43E-08 Armstrong et al. A4
1673.15 6.00E-06 41.00 5.33E-08 Armstrong et al. A4
1673.15 6.00E-06 47.40 7.86E-08 Armstrong et al. A4

1730 4.00E-06 26.80 4.44E-07 Bohaboy et al. B1
1731 4.00E-06 14.30 1.62E-07 Bohaboy et al. B1
1769 8.00E-06 49.30 2.64E-07 Bohaboy et al. B2
1774 8.00E-06 48.00 2.41E-07 Bohaboy et al. B3
1812 7.00E-06 54.70 9.61E-07 Bohaboy et al. B3
1813 6.00E-06 49.20 1.10E-06 Bohaboy et al. B3
1818 6.00E-06 42.10 9.06E-07 Bohaboy et al. B4
1825 6.00E-06 11.40 2.28E-07 Bohaboy et al. B4
1919 1.10E-05 27.90 6.83E-07 Bohaboy et al. B5
1920 1.00E-05 14.10 3.06E-07 Bohaboy et al. B5
1920 1.10E-05 51.50 2.18E-06 Bohaboy et al. B5
1922 1.00E-05 21.20 5.83E-07 Bohaboy et al. B5
1922 1.00E-05 22.10 6.94E-07 Bohaboy et al. B5
1924 1.00E-05 42.10 1.83E-06 Bohaboy et al. B5
1925 1.00E-05 34.60 1.19E-06 Bohaboy et al. B5
1927 1.80E-05 32.80 5.89E-07 Bohaboy et al. B6
1932 6.00E-06 14.30 1.00E-06 Bohaboy et al. B7
1932 8.00E-06 26.80 1.00E-06 Bohaboy et al. B7
1932 8.00E-06 41.40 2.00E-06 Bohaboy et al. B7
2011 9.00E-06 17.80 2.00E-06 Bohaboy et al. B8
2012 7.00E-06 12.20 2.00E-06 Bohaboy et al. B8
2020 1.80E-05 28.20 1.00E-06 Bohaboy et al. B9
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Temp (K) Grain (m) Stress (MPa) Creep rate exp (s−1) Study Experiment
2021 1.30E-05 27.90 2.22E-06 Bohaboy et al. B10
2024 1.30E-05 18.60 9.28E-07 Bohaboy et al. B10
2024 1.30E-05 34.50 3.11E-06 Bohaboy et al. B10
2028 1.80E-05 28.30 1.00E-06 Bohaboy et al. B11
2029 1.00E-05 9.65 8.61E-07 Bohaboy et al. B12
2029 1.20E-05 22.20 1.47E-06 Bohaboy et al. B12
2029 1.40E-05 31.60 2.47E-06 Bohaboy et al. B12
2029 1.10E-05 42.10 6.31E-06 Bohaboy et al. B12
2033 1.20E-05 19.00 1.14E-06 Bohaboy et al. B12
2033 1.40E-05 34.50 4.17E-06 Bohaboy et al. B12
1523 7.00E-06 15.40 6.86E-10 Burton et al. C1
1523 7.00E-06 19.90 2.46E-09 Burton et al. C1
1523 7.00E-06 31.00 9.29E-09 Burton et al. C1
1523 7.00E-06 41.30 2.48E-08 Burton et al. C1
1623 7.00E-06 6.34 9.44E-10 Burton et al. C2
1623 7.00E-06 8.02 3.97E-09 Burton et al. C2
1623 7.00E-06 8.23 4.78E-09 Burton et al. C2
1623 7.00E-06 10.10 1.03E-08 Burton et al. C2
1623 7.00E-06 15.40 2.36E-08 Burton et al. C2
1623 7.00E-06 20.50 4.34E-08 Burton et al. C2
1623 7.00E-06 20.50 7.01E-08 Burton et al. C2
1623 7.00E-06 19.90 8.67E-08 Burton et al. C2
1623 7.00E-06 19.90 1.04E-07 Burton et al. C2
1623 7.00E-06 40.20 1.29E-07 Burton et al. C2
1623 7.00E-06 41.30 1.56E-07 Burton et al. C2
1623 7.00E-06 41.30 1.82E-07 Burton et al. C2
1623 7.00E-06 41.30 2.20E-07 Burton et al. C2
1623 7.00E-06 41.30 2.51E-07 Burton et al. C2
1623 7.00E-06 59.40 2.20E-07 Burton et al. C2
1623 7.00E-06 59.40 2.72E-07 Burton et al. C2
1623 7.00E-06 59.40 3.19E-07 Burton et al. C2
1723 7.00E-06 4.08 4.65E-09 Burton et al. C3
1723 7.00E-06 4.08 1.42E-08 Burton et al. C3
1723 7.00E-06 5.02 8.67E-08 Burton et al. C3
1723 7.00E-06 8.02 1.10E-07 Burton et al. C3
1723 7.00E-06 10.10 2.65E-07 Burton et al. C3
1723 7.00E-06 20.50 4.39E-07 Burton et al. C3
1723 7.00E-06 38.20 1.03E-06 Burton et al. C3
1523 7.00E-06 14.58 4.39E-10 Burton and Reynolds D1
1523 7.00E-06 19.54 2.73E-09 Burton and Reynolds D1
1523 7.00E-06 29.70 1.03E-08 Burton and Reynolds D1
1523 7.00E-06 39.81 2.80E-08 Burton and Reynolds D1
1623 7.00E-06 6.42 8.89E-10 Burton and Reynolds D2
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Temp (K) Grain (m) Stress (MPa) Creep rate exp (s−1) Study Experiment
1623 7.00E-06 8.63 3.65E-09 Burton and Reynolds D2
1623 7.00E-06 9.00 4.89E-09 Burton and Reynolds D2
1623 7.00E-06 10.70 1.03E-08 Burton and Reynolds D2
1623 7.00E-06 17.70 2.37E-08 Burton and Reynolds D2
1623 7.00E-06 22.80 4.42E-08 Burton and Reynolds D2
1623 7.00E-06 22.80 6.70E-08 Burton and Reynolds D2
1623 7.00E-06 44.80 1.42E-07 Burton and Reynolds D2
1623 7.00E-06 46.70 1.67E-07 Burton and Reynolds D2
1623 7.00E-06 43.00 2.24E-07 Burton and Reynolds D2

2073.15 1.80E-05 6.95 5.87E-07 Wolfe and Kaufman E1
2073.15 1.80E-05 13.40 1.22E-06 Wolfe and Kaufman E1
2073.15 1.80E-05 13.70 9.90E-07 Wolfe and Kaufman E1
2073.15 1.80E-05 20.70 1.86E-06 Wolfe and Kaufman E1
2073.15 1.80E-05 21.70 2.54E-06 Wolfe and Kaufman E1
2273.15 5.50E-05 6.91 4.10E-07 Wolfe and Kaufman E2
2073.15 1.80E-05 7.11 5.76E-07 Seltzer et al. F1
2073.15 1.80E-05 13.00 1.12E-06 Seltzer et al. F1
2073.15 1.80E-05 14.10 1.07E-06 Seltzer et al. F1
2073.15 1.80E-05 20.30 1.73E-06 Seltzer et al. F1
2073.15 1.80E-05 22.00 2.27E-06 Seltzer et al. F1

1673 2.00E-06 3.76 5.69E-07 Chung and Davies G1
1673 2.00E-06 7.18 1.87E-06 Chung and Davies G1
1673 2.00E-06 7.23 1.76E-06 Chung and Davies G1
1673 2.00E-06 11.80 3.11E-06 Chung and Davies G1
1673 2.00E-06 11.80 3.80E-06 Chung and Davies G1
1673 2.00E-06 17.60 4.78E-06 Chung and Davies G1
1673 2.00E-06 17.60 5.17E-06 Chung and Davies G1
1673 2.00E-06 18.00 4.99E-06 Chung and Davies G1
1673 2.00E-06 34.10 1.00E-05 Chung and Davies G1
1673 2.00E-06 60.30 2.26E-05 Chung and Davies G1
1673 3.00E-06 4.14 3.24E-07 Chung and Davies G2
1673 3.00E-06 7.86 1.38E-06 Chung and Davies G2
1673 3.00E-06 7.91 7.06E-07 Chung and Davies G2
1673 3.00E-06 12.70 1.24E-06 Chung and Davies G2
1673 2.00E-06 18.00 1.84E-06 Chung and Davies G2
1673 2.00E-06 18.00 3.46E-06 Chung and Davies G2
1673 3.00E-06 18.80 1.85E-06 Chung and Davies G2
1673 3.00E-06 19.00 3.65E-06 Chung and Davies G2
1673 3.00E-06 25.90 5.09E-06 Chung and Davies G2
1673 3.00E-06 28.80 2.85E-06 Chung and Davies G2
1673 3.00E-06 51.40 1.00E-05 Chung and Davies G2
1673 6.00E-06 11.78 5.71E-08 Chung and Davies G3
1673 6.00E-06 17.63 1.43E-07 Chung and Davies G3
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Temp (K) Grain (m) Stress (MPa) Creep rate exp (s−1) Study Experiment
1673 6.00E-06 18.00 1.46E-07 Chung and Davies G3
1673 6.00E-06 27.21 2.69E-07 Chung and Davies G3
1673 6.00E-06 33.92 3.78E-07 Chung and Davies G3
1673 6.00E-06 49.32 1.59E-06 Chung and Davies G3
1673 6.00E-06 60.15 3.08E-06 Chung and Davies G3
1673 3.00E-06 11.98 2.31E-07 Chung and Davies G4
1673 3.00E-06 17.15 6.05E-07 Chung and Davies G4
1673 3.00E-06 17.53 3.93E-07 Chung and Davies G4
1673 3.00E-06 18.00 3.88E-07 Chung and Davies G4
1673 3.00E-06 18.00 3.48E-07 Chung and Davies G4
1673 3.00E-06 32.72 1.17E-06 Chung and Davies G4
1673 3.00E-06 46.48 3.54E-06 Chung and Davies G4
1673 1.00E-05 18.00 4.44E-08 Chung and Davies G5
1673 1.00E-05 19.13 3.68E-08 Chung and Davies G5
1673 1.00E-05 38.23 1.14E-07 Chung and Davies G5
1673 1.00E-05 48.84 3.90E-07 Chung and Davies G5

Table A2: Table showing nominal, prior and the most probable values. Refer to [9] and [26] for other
nominal values.

Parameters Nominal Lower bound Upper bound Most probable value
HUO2 -3435.26 -3435.51 -3435.01 -3435.48
HVU -3381.04 -3381.29 -3380.79 -3381.20
Hh -3444.05 -3444.30 -3443.80 -3443.90
HOi -3423.45 -3423.70 -3423.20 -3423.52
SUO2 -129368.83 -129371.33 -129366.33 -129370.65
SOi -129445.29 -129447.79 -129442.79 -129445.20
T0 2373.00 1500.00 2500.00 -

H f
pO2

5.90 1.00 10.00 -
log10DVU ,GB

0 -3.82 -4.82 -1.82 -1.93
Hm

VU ,GB 2.71 1.71 3.71 2.21
Hseg

VU
-3.21 -4.21 -2.21 -2.47

Hseg
VO

-1.35 -2.35 -0.35 -0.40
ν∗pre f actor 2.37×10−9 2.3×10−9 2.4×10−9 2.35×10−9

ν∗exponent 2.63 2.6 2.65 2.62
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