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Temperature-dependent transport data, including diffusion coefficients and ionic conductivities, are rou-
tinely analyzed by fitting empirical models such as the Arrhenius equation. These fitted models yield
parameters such as the activation energy, and can be used to extrapolate to temperatures outside the mea-
sured range. Researchers frequently face challenges in this analysis: quantifying the uncertainty of fitted
parameters, assessing whether the data quality is sufficient to support a particular empirical model, and
using these models to predict behavior at temperatures outside the measured range. Bayesian methods offer
a coherent framework that addresses all of these challenges. This tutorial introduces the use of Bayesian
methods for analyzing temperature-dependent transport data, covering parameter estimation, model selec-
tion, and extrapolation with uncertainty propagation, with illustrative examples from molecular dynamics
simulations of superionic materials.

DOI: 10.1103/nxgq-lmp6

CONTENTS

I. INTRODUCTION 1
II. CHALLENGES IN

TEMPERATURE-DEPENDENT MODELLING 2
A. Model selection 2
B. Parameter estimation 2
C. Extrapolation 3

III. PARAMETER ESTIMATION 3
IV. MODEL SELECTION 5
V. EXTRAPOLATION 6
VI. CONCLUSIONS 7
VII.METHODS 7

ACKNOWLEDGMENTS 8
DATA AVAILABILITY 8

*Contact author: andrew.mccluskey@bristol.ac.uk
†Contact author: b.j.morgan@bath.ac.uk

Published by the American Physical Society under the terms of
the Creative Commons Attribution 4.0 International license. Fur-
ther distribution of this work must maintain attribution to the
author(s) and the published article’s title, journal citation, and
DOI.

APPENDIX A: MEAN-SQUARED
DISPLACEMENT OF LLZO AS A
FUNCTION OF TEMPERATURE 8
APPENDIX B: TEMPERATURE
DEPENDENCE AS A FUNCTION OF
DIFFUSIVE SIMULATION TIME FOR
AgCrSe2 9
REFERENCES 20

I. INTRODUCTION

Transport coefficients, such as the self-diffusion coeffi-
cient D∗ and ionic conductivity σ , are critical parameters
for characterizing the performance of technologies such
as batteries, fuel cells, and memristors. These coefficients
are typically temperature dependent, with this temperature
dependence commonly described by fitting empirical mod-
els to the measured data. Fitted models offer several bene-
fits over raw data alone: they allow interpolation to reveal
trends that otherwise would be obscured by noise, extrap-
olation of transport coefficients to outside the measured
regime, and extraction of parameters, such as activation
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energies, that can be used to compare different materials or
to explain microscopic dynamics [1,2].

The most widely used empirical model for describing
the temperature dependence of transport coefficients is the
Arrhenius equation. For diffusion coefficients, this takes
the form

D∗ = A exp
(−Ea

RT

)
, (1)

where Ea is the activation energy and A is the pre-
exponential factor. For conductivity, the equivalent expres-
sion is [3]

σT = A exp
(−Ea

RT

)
. (2)

Both equations can be linearized by taking logarithms, and
it is common to plot the natural logarithm of D∗ or σT
against inverse temperature: this representation is known
as an “Arrhenius plot,” and data that approximate a straight
line are said to exhibit Arrhenius behavior.

While many systems show approximate Arrhenius
behavior, this is not universal. For some systems, Arrhe-
nius plots show pronounced curvature, corresponding to
“non-Arrhenius” behavior that is not well modelled by
the Arrhenius equation. In these cases, alternative mod-
els—such as the Vogel-Tammann-Fulcher equation [2,4–
7]—may provide a better description. However, it is not
always clear whether observed deviations indicate genuine
non-Arrhenius behavior or simply reflect noise in the data,
raising the question of which model is best supported by
the data.

Fitting an empirical model requires determining the
values of its parameters, e.g., for the Arrhenius model,
the activation energy Ea and pre-exponential factor A.
Because the underlying data have scatter or associated
uncertainties, we need not only best-fit parameter values
but also uncertainty estimates—known as inverse uncer-
tainties—for those fitted parameters.

Once a model has been fitted, a common use is to
extrapolate to temperatures outside the measured range; for
example, to predict room-temperature conductivity from
high-temperature simulation data [8,9]. Such extrapola-
tions assume the model remains valid in the new regime.
Additionally, for the extrapolated estimates to be meaning-
ful, the uncertainties in the fitted parameters must propa-
gate into the predicted values; without them, we have no
way to judge how reliable the extrapolation is.

These challenges—obtaining fitted parameters with
meaningful uncertainties, assessing which model is best
supported by the data, and quantifying uncertainty in
extrapolations—are nontrivial and often not addressed by
standard fitting approaches. Bayesian methods provide a
coherent framework for addressing all three: they yield full

probability distributions for fitted parameters, enable ratio-
nal comparison of competing models, and allow uncer-
tainty propagation into extrapolated predictions.

This tutorial discusses the application of Bayesian meth-
ods to the analysis of temperature-dependent transport
data. Our examples focus on conductivity estimates from
molecular dynamics simulations of superionic materi-
als, but the methodology is generally applicable to any
temperature-dependent data with associated uncertainties.
The methods outlined here are available in the open-source
Python package KINISI [10].

II. CHALLENGES IN
TEMPERATURE-DEPENDENT MODELLING

Fitting empirical models to temperature-dependent
transport data raises three significant challenges: select-
ing an appropriate model, determining parameter values
with meaningful uncertainties, and extrapolating reliably
to unmeasured temperatures. We examine each of these
challenges below, before showing how Bayesian methods
address them in Secs. III–V.

A. Model selection

Given a set of temperature-dependent data, how do we
determine which empirical model best describes the under-
lying behavior? If we fit multiple candidate models and
compare residuals, a more complex model with more free
parameters will generally fit better than a simpler one, even
when the additional complexity is not justified by the data.
Using an overly complex model risks fitting noise rather
than signal, producing parameter estimates that are precise
but inaccurate, and extrapolations that are unreliable.

A model with more free parameters can fit a wider range
of possible behaviors. If such a model fits the data, this is
less informative than if a simpler, more constrained model
fits equally well. The simpler model has made a more
specific prediction that happened to be confirmed. When
two models fit the data comparably, preferring the sim-
pler model is not mere parsimony; it reflects the fact that
the simpler model has been more strongly tested. What we
need is a framework that balances fit quality against model
complexity [11]. Bayesian model selection provides us
with a rational approach to comparing competing models,
and we discuss this in Sec. IV.

B. Parameter estimation

To fit a model to data, we must determine its param-
eter values. But given noisy or uncertain data, no single
set of parameters is uniquely consistent with the observa-
tions—many different parameter combinations could plau-
sibly describe the observed data. Rather than seeking a sin-
gle “best fit,” we want a way to characterize the full set of
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parameter values that are compatible with our data. Stan-
dard fitting approaches return point estimates, perhaps with
symmetric error bars that quantify spread around the best
fit. But this representation is incomplete; it does not cap-
ture the full range of models consistent with the data, nor
any correlations or asymmetries in how parameters relate
to one another. Bayesian posterior sampling addresses this
by generating samples from the distribution of parameter
values compatible with the observed data. This posterior
distribution fully characterizes our uncertainty about the
model parameters, as we discuss in Sec. III.

C. Extrapolation

Once we have fitted a temperature-dependent model,
a common goal is to predict behavior at temperatures
outside the measured range; for example, estimating room-
temperature conductivity from high-temperature simula-
tions [9]. For such extrapolations to be meaningful, the
uncertainties in the fitted parameters must propagate into
the extrapolated predictions. Without these, extrapolated
values cannot be meaningfully compared to other values or
assessed for reliability. Bayesian posterior sampling makes
uncertainty propagation straightforward: the same param-
eter samples used to characterize the fit can be propagated
through the model to generate a distribution of predicted
values at any temperature, as we discuss in Sec. V.

III. PARAMETER ESTIMATION

Although model selection conceptually precedes fit-
ting—we need to choose a model before fitting it—in prac-
tice, we must understand how to fit a single model before
we can compare models. We therefore begin with param-
eter estimation. For illustration, we assume an Arrhenius
model, and demonstrate how Bayesian posterior sampling
yields parameter estimates with meaningful uncertainties.
The approach is general, however, and applies to any
parametric model.

Here, our goal is not to find a single “best” set of param-
eter values, but to characterize the full range of parameter
values that are compatible with our data. For the Arrhenius
model, this means finding all combinations of activa-
tion energy, Ea, and pre-exponential factor, A, that could
plausibly describe the observed temperature-dependent
conductivity.

Given a set of measured conductivities at different tem-
peratures, how do we determine which parameter values
are compatible with these data? The starting point is to
ask, for a given choice of Ea and A, how well does the
model predict the observed data? We quantify this using
the likelihood: the probability of observing our data given
a particular set of parameter values. This is a condi-
tional probability, written p(x | θ), where x denotes our
data and θ the parameters. If a parameter combination

produces model predictions that closely match the obser-
vations (within their uncertainties), the likelihood is high;
if the predictions are far from the data, the likelihood is
low.

The likelihood tells us how probable our data are given
some parameters. But this is not quite what we want.
We want the inverse: how probable are the parameters
given our data? This is the posterior distribution, written
p(θ | x). Likelihood and posterior are related but not the
same: p(x | θ) is not the same as p(θ | x). The relationship
between them is given by Bayes’ theorem:

p(θ | x) = p(x | θ) × p(θ)

p(x)
. (3)

Here, p(θ | x) is the posterior: the probability of param-
eters θ given the data. p(x | θ) is the likelihood. p(θ) is
the prior: our knowledge about plausible parameter values
before seeing the data. p(x) is a normalizing constant that
ensures the posterior integrates to one. Because p(x) is a
constant for any given dataset, the posterior is proportional
to the likelihood times the prior:

p(θ | x) ∝ p(x | θ) × p(θ). (4)

This means we can characterize the posterior by evaluating
the likelihood and prior across parameter space.

The prior distribution, p(θ), encodes what we know
about plausible parameter values before examining the
data. In many cases, we have little prior knowledge, in
which case we use broad, minimally informative priors:
for example, a uniform distribution over a physically
reasonable range. For the Arrhenius model, we require
Ea > 0 (activation energies are positive) and A > 0 (the
pre-exponential factor is positive). Beyond these physical
constraints, we might specify uniform priors over ranges
that comfortably encompass expected values. Provided the
data are informative, the posterior will be dominated by
the likelihood, so the precise choice of prior is often not
critical; but it should always be reported.

For simple models with few parameters, we could eval-
uate the posterior on a fine grid across parameter space.
But this becomes impractical as the number of parameters
grows. Instead, we use sampling algorithms that explore
parameter space efficiently, spending more time in regions
of high posterior probability. Markov chain Monte Carlo
(MCMC) is a widely used family of sampling algorithms.
The details of how MCMC works are beyond the scope
of this tutorial, but the essential idea is that it generates
a sequence of parameter samples that, collectively, rep-
resent the posterior distribution. From these samples, we
can compute summary statistics (means, medians, credible
intervals) or visualize the full distribution.

To apply this framework, we first choose both a predic-
tive model—for example, the Arrhenius equation—and a
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statistical model for the uncertainties in our data. Together,
these determine the likelihood function we use in Bayes’
theorem. For a model with parameters θ , each choice of
parameters predicts a conductivity value at each measured
temperature; call these predictions μ(θ). We also have our
observed conductivity values, x, which will not exactly
match the predictions because of uncertainties in the data.
A standard approach is to assume that the observed val-
ues are normally distributed around the model predictions.
This assumption is often reasonable: if errors arise from
many independent sources, their combined effect will tend
toward a normal distribution. More fundamentally, if all
we know about our errors is their mean and variance, the
normal distribution is the only distribution that requires no
further assumptions [12].

Under this assumption, our statistical model is a mul-
tivariate normal distribution, characterized by a covari-
ance matrix � that describes the data uncertainties. The
corresponding likelihood function is

p(x | θ) = (2π)−
k
2 |�|− 1

2

exp
{
−1

2
[μ(θ) − x]� �−1 [μ(θ) − x]

}
, (5)

where k is the number of observations, x is the vector of
observed conductivity values, μ(θ) is the vector of model
predictions, and � is the covariance matrix.

In practice, the procedure is as follows. We start with
a model—here, the Arrhenius equation—and define priors
for each parameter. We then construct the likelihood func-
tion using our measured data and their uncertainties. The
sampler explores parameter space, evaluating the product
of likelihood and prior at each point. Combinations that fit
the data well and satisfy the prior receive high probability;
those that fit poorly or lie outside the prior bounds receive
low probability. After sufficient exploration, the collected
samples represent the posterior distribution. From these
samples, we can extract summary statistics (e.g., means,
medians, credible intervals) or visualize the full distribu-
tion to understand correlations between parameters.

To illustrate this procedure, we use conductivity data
from molecular dynamics simulations of a lithium-ion con-
ductor, c-LLZO (see Methods for simulation details). The
data comprise conductivity estimates at four temperatures,
each with an associated uncertainty (see Methods for anal-
ysis details). To sample the posterior, we need to specify
priors for Ea and A. Since we have no strong prior knowl-
edge, we use broad uniform distributions that comfortably
span the range of physically plausible values. With the
likelihood and priors defined, we can run the sampler.
Full details of the prior ranges and sampling procedure are
given in the Methods.

The sampler returns a set of samples drawn from the
joint posterior distribution p(Ea, A | x). Each sample is a

(a)

(b)

(c) (d)

FIG. 1. (a) Lithium-ion conductivity in c-LLZO (black points;
error bars show 95% credible intervals). Blue curves show Arrhe-
nius models evaluated using parameter samples drawn from the
posterior; darker shading indicates where more curves overlap.
(b) Joint posterior distribution showing the correlation between
Ea and A. (c),(d) Marginal posterior distributions for the activa-
tion energy and pre-exponential factor.

point in parameter space: a specific (Ea, A) combination
that corresponds to a curve on the Arrhenius plot. Figure
1(a) shows the data with many such curves overlaid: the
shaded bands indicate where curves cluster more or less
densely, reflecting which parameter combinations are more
probable given the data. Panel (b) shows these samples as
a two-dimensional distribution, revealing that the param-
eters are highly correlated: higher values of Ea tend to be
associated with higher values of A. Panels (c) and (d) show
the marginal distributions for each parameter, obtained by
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integrating the samples along each axis. This is equivalent
to integrating the joint distribution over the other param-
eter, asking, for example, “what is the probability of this
value of Ea, regardless of A?”

The activation energy is approximately normally dis-
tributed, with mean and 95% credible interval of
(0.123 ± 0.016) eV. The pre-exponential factor, however,
is not normally distributed—it follows an approximately
log-normal distribution. For this parameter, we report
the median and 95% credible interval:

(
2.626+0.904

−0.672

) ×
106 cm2 s−1. This illustrates one advantage of Bayesian
posterior sampling: we obtain the full distribution of
each parameter, rather than assuming normality. For A,
reporting a symmetric interval around the mean would
misrepresent our uncertainty.

Arrhenius models are often fitted by taking loga-
rithms and fitting a straight line to ln(σT) versus 1/T.
This approach is convenient, but introduces bias: if the
errors in σT are normally distributed, transforming to log
space makes them log-normally distributed, violating the
assumptions of linear regression and yielding biased esti-
mates for Ea and A [13]. Our choice of a multivariate
normal likelihood above also assumes normally distributed
errors, so we must work with the untransformed data to
satisfy this assumption.

IV. MODEL SELECTION

In Sec. III, we assumed the data followed the Arrhe-
nius model. But how do we know this is the right choice?
If we simply compare how well different models fit the
data, a more complex model will generally fit better
[14], even when the additional complexity is not justi-
fied. We need a rational approach that balances fit quality
against model complexity. Bayesian model selection pro-
vides such a framework. Rather than asking “which model
fits best?,” it asks “which model is most probable given
the data?”; and in answering this question, it naturally
penalizes unnecessary complexity.

To illustrate model selection, we compare the Arrhe-
nius equation with the Vogel-Tammann-Fulcher (VTF)
equation [4–6], an alternative model that allows the acti-
vation energy to vary with temperature. The VTF equation
has the form:

σT = A exp
[ −B

R(T − T0)

]
, (6)

where A is the pre-exponential factor, B is related to the
activation energy, and T0 is the Vogel temperature. The
Arrhenius equation is a special case of VTF with T0 = 0,
so the VTF model will always fit the data at least as well
as Arrhenius, because it has an additional parameter to
adjust. The question is whether that additional parameter
is justified by the data.

The Bayesian approach is to ask which model is more
probable given the data; that is, compute p(model | x),
or in more compact notation, p(m | x). Applying Bayes’
theorem at the level of models rather than parameters:

p(m | x) ∝ p(x | m) × p(m). (7)

Here, p(m) is our prior belief about the model before see-
ing the data. If we have no reason to prefer one model over
another, we assign them equal prior probabilities. In that
case, comparing posterior model probabilities reduces to
comparing the marginal likelihood, p(x | m). The marginal
likelihood is the probability of observing our data, aver-
aged over all possible parameter values for that model. If
we denote the parameters of model m as θm, this is,

p(x | m) =
∫

· · ·
∫

θm

p(x | θm, m) p(θm | m) dθm. (8)

The first term in the integral is the likelihood: how well
parameters θm predict the data. The second is the prior:
how plausible those parameters are before seeing the data.
This integral naturally penalizes complex models. A model
with more parameters spreads its prior probability over a
larger parameter space. Unless the data actually constrain
those extra parameters, much of this space will have low
likelihood, dragging down the integral. A simpler model
spreads its prior over a smaller space; if the data fall within
this space, the integral is correspondingly larger. This is the
mathematical realization of the idea from Sec. II: a simpler
model makes a more specific prediction. If that predic-
tion is confirmed by the data, it provides stronger evidence
than a flexible model that could have accommodated many
different outcomes.

To compare two models, we compute the ratio of their
marginal likelihoods:

Bβα = p(x | mβ)

p(x | mα)
. (9)

This ratio is called the Bayes factor. If Bβα > 1, the data
favor model β; if Bβα < 1, they favor model α. The mag-
nitude indicates the strength of the evidence. A common
heuristic, due to Kass and Raftery, is that ln(Bβα) > 5
(corresponding to Bβα > 150) constitutes “very strong”
evidence for the preferred model [15].

The integral for the marginal likelihood can be chal-
lenging to compute, particularly for models with many
parameters. Markov chain Monte Carlo, which we used in
Sec. III for parameter estimation, does not directly provide
the marginal likelihood. Nested sampling is an alterna-
tive algorithm designed specifically for this purpose: it
efficiently estimates the marginal likelihood while also
providing posterior samples as a byproduct. We do not
detail the algorithm here, but point the reader to Sivia and
Skilling for a pedagogical description [16].

022001-5



MCCLUSKEY, COLES, and MORGAN PRX ENERGY 5, 022001 (2026)

(a) (b)

(c) (d)

(e)

FIG. 2. Comparison of Arrhenius (a),(c) and VTF (b),(d) mod-
els for silver-ion conductivity in AgCrSe2. Black points show
conductivity estimates with 95% credible intervals. Colored
shading shows models evaluated at parameter values sampled
from each posterior. Panels (a),(b) use data from short simula-
tions (40-ps fitting windows; see Methods); panels (c),(d) use
longer simulations (140 ps fitting windows). (e) Bayes factor
comparing VTF to Arrhenius as a function of the fitting window
width. The dashed line indicates ln(Bβα) = 5, the threshold for
“very strong” evidence. Error bars represent a 95% confidence
interval from 10 nested sampling repeats and reflect stochastic
variability in the algorithm, not data uncertainty.

As an example of this approach, we consider silver-ion
conductivity data from molecular dynamics simulations of
AgCrSe2 [2]. Figures 2(a) and 2(b) show ionic conductiv-
ities obtained from relatively short simulation trajectories
(see Methods for details), fitted using the Arrhenius and

VTF models, respectively. Both models fit the data rea-
sonably well, so how do we choose between them? The
Bayes factor comparing the VTF model (β) to the Arrhe-
nius model (α), assuming equal prior probabilities for each
model, is ln (Bβα) = 1.2 ± 0.6: this indicates weak evi-
dence for the VTF model, but is well below the threshold
for strong evidence. With this amount of data, we there-
fore have no compelling evidential basis for preferring the
more complex VTF model.

Panels (c) and (d) show the same comparison using
ionic conductivities from longer simulation trajectories.
The conductivity data appear similar to those in pan-
els (a) and (b), but the uncertainties are much smaller,
and the deviation from linearity is more clearly resolved.
The Bayes factor increases to ln(Bβα) = 10.1 ± 0.3, well
above the threshold of 5, providing strong evidence for
the more complex VTF model over the simpler Arrhenius
alternative.

Panel (e) shows how the Bayes factor evolves with
increasing simulation trajectory lengths. As the conduc-
tivity data become more precise, the evidence for non-
Arrhenius behavior grows. If the system exhibited true
Arrhenius behavior, longer simulations would not increase
the Bayes factor, and we would continue to prefer the
simpler model.

This example illustrates two points. First, Bayesian
model selection tells us whether a more complex model is
supported by the data or if we should prefer a simpler alter-
native. Second, it tells us whether our data are sufficient to
answer the question we are asking. With short simulation
trajectories, we cannot confidently classify this behavior as
non-Arrhenius; with longer trajectories, we can. More gen-
erally, this approach can be applied to any set of competing
models; we need only compute the marginal likelihood for
each.

V. EXTRAPOLATION

In Secs. III and IV, we fitted models to data within the
measured temperature range. Often, however, we want to
predict behavior at temperatures outside this range: for
example, estimating room-temperature conductivity from
high-temperature simulations. For such extrapolations to
be meaningful, the uncertainties in the fitted parameters
must propagate into the predicted values—a single extrap-
olated number without an associated uncertainty cannot be
compared to other values or assessed for reliability.

Bayesian posterior sampling makes uncertainty propa-
gation straightforward. In Sec. III, we obtained samples
from the joint posterior distribution of parameters. Each
sample represents a plausible (Ea, A) combination given
the data. To extrapolate, we simply evaluate the model at
the new temperature for each sample. The resulting col-
lection of conductivity values represents the distribution
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FIG. 3. Extrapolation of the LLZO conductivity model to 300
K (vertical dashed line). Blue shading shows Arrhenius models
evaluated at parameter values sampled from the posterior (same
data as Fig. 1). The shaded region widens at lower temperatures,
reflecting increased uncertainty in the extrapolated predictions.
Inset: distribution of predicted conductivity at 300 K.

of model predictions at that temperature; i.e., the range of
conductivities compatible with our original data [17].

Returning to the LLZO example from Sec. III, we now
extrapolate from the measured temperature range (500 K
to 800 K) to 300 K, well outside the original data. For each
posterior sample, we calculate σ(300 K) using the Arrhe-
nius equation. These predicted values form a distribution
of conductivities at room temperature.

Figure 3 shows the result. The shaded bands in the
main panel show the distribution of extrapolated conduc-
tivities at each temperature, and widen substantially as we
move further from the measured range. The inset shows
the distribution of predicted conductivity at 300 K. This
distribution is broad and asymmetric, with a median and
95% credible interval of

(
76.3+30.0

−23.0

)
mScm−1. The breadth

of this distribution illustrates why uncertainty propagation
matters. A point estimate at 300 K would suggest a precise
prediction; the full distribution reveals that the extrapo-
lated conductivity spans nearly an order of magnitude. This
uncertainty is not a failure of the method; it accurately
reflects how much the data can tell us about behavior at
temperatures we did not measure.

A caveat: for extrapolation to be meaningful, the fitted
model must remain valid at the new temperature. Bayesian
methods, however, cannot verify this assumption; if the
transport mechanism changes—for example, if a different
diffusion pathway becomes dominant at lower tempera-
tures—the extrapolation will be misleading regardless of
how carefully we propagate uncertainty.

VI. CONCLUSIONS

This tutorial has introduced Bayesian methods for
analyzing temperature-dependent transport data, addressing

three common challenges: estimating model parameters
with meaningful uncertainties, selecting between com-
peting models, and extrapolating predictions to unmea-
sured temperatures. For parameter estimation, Bayesian
posterior sampling returns the full distribution of param-
eter values compatible with the data, yielding meaningful
uncertainties and capturing asymmetries and correlations
that point estimates with symmetric error bars would miss.
The approach requires only a model equation and appro-
priate priors, and applies to any parametric model. For
model selection, Bayes’ factors provide a rational basis for
choosing between models of different complexity, based
on the relative evidence provided by the data. For extrap-
olation, the same posterior samples enable straightforward
uncertainty propagation, revealing how much (or how lit-
tle) the data constrain predictions outside the measured
range. The examples in this tutorial have focused on trans-
port data from molecular dynamics simulations, but the
same framework applies to any temperature-dependent
measurements with associated uncertainties, such as reac-
tion rates or mechanical properties. The methods described
here are implemented in the open-source Python package
KINISI [10], which we hope will make Bayesian analysis of
transport data more broadly accessible.

VII. METHODS

All conductivity data used in this work were derived
from molecular dynamics simulations. At each temper-
ature, self-diffusion coefficients were estimated from the
long-time slope of the mean-squared displacement (MSD)
using approximate Bayesian regression [18], considering
only the diffusive regime identified by visual inspection
of log-log MSD plots. The range of lag times used for
this regression is the fitting window. These were con-
verted to conductivity estimates via the Nernst-Einstein
relation, assuming a Haven ratio HR = 1 [19]. All analysis
was performed with KINISI-2.0.3 [10], using MDANALYSIS
[20,21] for trajectory parsing; scripts are available in the
Supplemental Material [22].

For Li7La3Zr2O12 (LLZO), classical molecular dynam-
ics simulations were run using the METALWALLS code [23].
These simulations used the DIPPIM polarizable ion force
field, as parameterized by Burbano et al. [24]. The cubic
phase of LLZO was simulated in the NVT ensemble at tem-
peratures of 500, 600, 700, and 800 K. Simulations were
run for 50 ps using a 0.5-fs timestep and a Nosé-Hoover
thermostat with a relaxation time of 121 fs [25–27]. The
simulations used 2 × 2 × 2 supercells with 1536 atoms,
following the protocol in Ref. [24]. The simulation data
are available under a CC BY 4.0 license on Zenodo [28].
Mean-squared displacements of the lithium ions were com-
puted at lag times from 0.5 fs to 50 ps in intervals of 2.5 fs,
with the start of the fitting window at 10 ps.
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TABLE I. MSD fitting parameters for AgCrSe2 at each simula-
tion temperature. �tmin is the minimum lag time used for fitting,
corresponding to the onset of the diffusive regime. �(�t) is the
spacing between successive lag times in the MSD regression.

T/K �tmin/ps �(�t)/ps

300 70.0 3.00
350 50.0 1.25
400 30.0 0.60
500 25.0 0.30
600 22.5 0.25
700 20.0 0.20

The LLZO conductivity data were fitted to the Arrhe-
nius equation using Markov chain Monte Carlo sampling.
Parameter priors were uniform: p(Ea) ∼ U(0, 0.5 eV) and
p(A) ∼ U(105, 107 cm s−1). The posterior distribution was
sampled using 32 walkers, generating 10 000 samples after
a burn-in period of 500 samples. Samples were thinned
by a factor of 10 to reduce autocorrelation. For extrapola-
tion, posterior samples were used to estimate conductivity
at T = 300 K.

For AgCrSe2, simulation trajectories were provided by
the authors of Ref. [2]. These simulations covered temper-
atures of 300, 350, 400, 500, 600, and 700 K; full details
are given in the original publication. The trajectories are
available on Zenodo [29].

To investigate how simulation length affects the Bayes
factor, we truncated the simulation trajectories to different
lengths, setting tsim = �tmin(T) + �tdiff, where �tmin(T) is
the temperature-dependent onset of the diffusive regime
(Table I). This gives a fitting window of width �tdiff, which
we varied from 40 to 140 ps [Fig. 2(e)]. At each temper-
ature, MSDs were computed at lag times from �tmin to
tsim—i.e., we always fit to the end of the available data—in
increments of �(�t) (Table I).

Bayesian model selection was performed using nested
sampling [30] as implemented in the DYNESTY Python
package [31], with 500 live points and a stopping

criterion of 0.01. For the Arrhenius model, the param-
eter priors were p(Ea) ∼ U(0, 1 eV) and p(A) ∼
U(104, 108 cm2 s−1). For the VTF model: p(B) ∼
U(0, 1 eV), p(A) ∼ U(104, 108 cm2 s−1), and p(T0) ∼
U(0, 300 K).
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APPENDIX A: MEAN-SQUARED DISPLACEMENT
OF LLZO AS A FUNCTION OF TEMPERATURE

Figure 4 presents the mean-squared displacement data
and resulting posterior distribution of linear models for a
range of temperatures for LLZO. The marginal posterior
distribution for D∗ is then used to find σ , which is included
in the LLZO analysis in the main text (Figs. 1 and 3).

(a) (b) (c) (d)

FIG. 4. The mean squared displacement data and associated distribution of linear models at temperatures of (a) 500 K, (b) 600 K,
(c) 700 K, and (d) 800 K with 50 ps of LLZO simulation.
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APPENDIX B: TEMPERATURE DEPENDENCE AS
A FUNCTION OF DIFFUSIVE SIMULATION TIME

FOR AgCrSe2

Figures 5 to 15 show the mean-squared displacement
as a function of lag time for temperatures of 300, 350,

400, 500, 600, and 700 K, for increasing total simula-
tion lengths. Longer simulations provide more data in the
diffusive regime, reducing the uncertainty in the conduc-
tivity estimates and, as discussed in Sec. IV, increasing the
Bayesian evidence for the VTF model.

(a) (b) (c) (d)

(e) (f) (g) (h)

(i)

(m) (n) (o)

(j) (k) (l)

FIG. 5. The mean squared displacement data and associated σ distributions at temperatures of 300, 350, 400, 500, 600, and 700 K
with 40 ps of diffusive simulation (a)–(l), the appropriate Arrhenius (m) and VTF model (n) plots and the resulting distributions of Ea
from each modelling approach (o).
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i)

(m) (n) (o)

(j) (k) (l)

FIG. 6. The mean squared displacement data and associated σ distributions at temperatures of 300, 350, 400, 500, 600, and 700 K
with 50 ps of diffusive simulation (a)–(l), the appropriate Arrhenius (m) and VTF model (n) plots and the resulting distributions of Ea
from each modelling approach (o).
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

(m) (n) (o)

FIG. 7. The mean squared displacement data and associated σ distributions at temperatures of 300, 350, 400, 500, 600, and 700 K
with 60 ps of diffusive simulation (a)–(l), the appropriate Arrhenius (m) and VTF model (n) plots and the resulting distributions of Ea
from each modelling approach (o).
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i)

(m) (n) (o)

(j) (k) (l)

FIG. 8. The mean squared displacement data and associated σ distributions at temperatures of 300, 350, 400, 500, 600, and 700 K
with 70 ps of diffusive simulation (a)–(l), the appropriate Arrhenius (m) and VTF model (n) plots and the resulting distributions of Ea
from each modelling approach (o).
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k)

(m) (n) (o)

(l)

FIG. 9. The mean squared displacement data and associated σ distributions at temperatures of 300, 350, 400, 500, 600, and 700 K
with 80 ps of diffusive simulation (a)–(l), the appropriate Arrhenius (m) and VTF model (n) plots and the resulting distributions of Ea
from each modelling approach (o).
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j)

(m) (n) (o)

(k) (l)

FIG. 10. The mean squared displacement data and associated σ distributions at temperatures of 300, 350, 400, 500, 600, and 700 K
with 90 ps of diffusive simulation (a)–(l), the appropriate Arrhenius (m) and VTF model (n) plots and the resulting distributions of Ea
from each modelling approach (o).
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k)

(m) (n) (o)

(l)

FIG. 11. The mean squared displacement data and associated σ distributions at temperatures of 300, 350, 400, 500, 600, and 700 K
with 100 ps of diffusive simulation (a)–(l), the appropriate Arrhenius (m) and VTF model (n) plots and the resulting distributions of
Ea from each modelling approach (o).
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k)

(m) (n) (o)

(l)

FIG. 12. The mean squared displacement data and associated σ distributions at temperatures of 300, 350, 400, 500, 600, and 700 K
with 110 ps of diffusive simulation (a)–(l), the appropriate Arrhenius (m) and VTF model (n) plots and the resulting distributions of
Ea from each modelling approach (o).
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k)

(m) (n) (o)

(l)

FIG. 13. The mean squared displacement data and associated σ distributions at temperatures of 300, 350, 400, 500, 600, and 700 K
with 120 ps of diffusive simulation (a)–(l), the appropriate Arrhenius (m) and VTF model (n) plots and the resulting distributions of
Ea from each modelling approach (o).
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i)

(m) (n) (o)

(j) (k) (l)

FIG. 14. The mean squared displacement data and associated σ distributions at temperatures of 300, 350, 400, 500, 600, and 700 K
with 130 ps of diffusive simulation (a)–(l), the appropriate Arrhenius (m) and VTF model (n) plots and the resulting distributions of
Ea from each modelling approach (o).
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k)

(m) (n) (o)

(l)

FIG. 15. The mean squared displacement data and associated σ distributions at temperatures of 300, 350, 400, 500, 600, and 700 K
with 140 ps of diffusive simulation (a)–(l), the appropriate Arrhenius (m) and VTF model (n) plots and the resulting distributions of
Ea from each modelling approach (o).
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