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 a b s t r a c t

Davemaoite (CaSiO3), a major rock-forming mineral in the Earth’s lower mantle, adopts a perovskite structure, 
which is known for the rapid diffusion of extrinsic oxygen vacancies (OV). Here, we use molecular dynamics 
simulations in conjunction with a machine learning potential to systematically investigate extrinsic OV diffusion 
in davemaoite at lower mantle conditions. We determine diffusion coefficients (𝐷v) for a series of temperatures 
along isobars of 25, 50, 75, 100 and 125GPa and find that computed diffusivities closely follow an Arrhenian 
behavior. The pre-exponential factor is pressure independent with log𝐷◦

v = -6.53±0.06 and the activation en-
thalpy increases nonlinearly with pressure from 0.87 eV to 1.66 eV. On the basis of the Arrhenian model, we 
predict that 𝐷v decreases throughout the lower mantle by at least one order of magnitude along geotherms rep-
resentative of the ambient mantle and subducted lithosphere. We argue that despite the high OV diffusivities, 
the davemaoite component of subducted oceanic crust does not achieve complete redox equilibration with the 
surrounding mantle on its way to the core-mantle boundary, and that significant redox exchange is limited to 
the upper parts of the lower mantle. Finally, we provide arguments that the electrical conductivity of most parts 
of the lower mantle cannot be explained by ionic conductivity and that its electrical conductivity must therefore 
be determined by iron-induced polaron hopping.

1.  Introduction

Solids with perovskite-type crystal structures are known for their 
chemical variability and their structurally favored rapid extrinsic oxy-
gen diffusion. For this reason, they play an important role in industrial 
applications as oxygen-permeable membranes and in solid oxide fuel 
cells, where oxygen acts as the primary charge carrier for ionic con-
ductivity (Li et al., 2024). These considerations have important implica-
tions for deep Earth sciences, given that two of the main mineral phases 
in the lower mantle (Ishii et al., 2022; Wang et al., 2025a) – bridg-
manite (MgSiO3) and davemaoite (CaSiO3) – adopt a perovskite struc-
ture. For example, the rate at which oxygen diffuses through davemaoite 
and bridgmanite in the high-pressure mineral assemblage of subducted 
oceanic crust (OC) at lower mantle conditions (Ishii et al., 2022) likely 
determines the degree of redox equilibration reached on its way to the 
core-mantle boundary (CMB) (Dobson et al., 2008). Moreover, the char-
acterization of oxygen diffusivities in davemaoite and bridgmanite is 
crucial for interpreting magnetotelluric inversion (Püthe et al., 2015; 
Verhoeven et al., 2021; Yao et al., 2023) of conductivity profiles of the 
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Earth’s interior (Dobson, 2003; Fei et al., 2017; Xu and Mccammon, 
2002).

Oxygen diffusion in perovkites is primarily determined by the mi-
gration of oxygen vacancies (OV) (Souza, 2015). In the lower mantle, 
it is expected that vacancies are predominantly extrinsic in nature (Dou 
et al., 2025; Karki and Khanduja, 2007; Liu et al., 2019), and thus closely 
coupled to the incorporation of impurities into the respective phase. 
This formed the basis of several studies on the extrinsic oxygen diffu-
sion (Ammann et al., 2009, 2010b; Karki and Khanduja, 2007) and ionic 
conductivity of bridgmanite (Dobson, 2003; Xu and Mccammon, 2002). 
For davemaoite, it has recently been proposed that elevated abundances 
of extrinsic OVs could potentially trigger a superionic transition at ex-
tremely high pressures and temperatures (Wang et al., 2025b). However, 
a systematic understanding of extrinsic OV diffusion in davemaoite at 
lower mantle conditions remains lacking.

A major challenge in studying the properties of davemaoite is that 
it largely eludes experimental investigation, which is due to difficul-
ties in quenching the crystal structure to ambient conditions (Hirose 
et al., 2005; Irifune and Ringwood, 1993; Miyajima et al., 2025). This
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behavior is particularly problematic for diffusion studies, as they rely on 
the ex-situ characterization of samples recovered from high-pressure ex-
periments (Dobson et al., 2008; Xu et al., 2017, 2011). The investigation 
of OV diffusion in davemaoite therefore presents a prime goal for the 
application of molecular dynamics (MD) simulations as a numerical al-
ternative to laboratory experiments. In particular, the recent emergence 
of machine learning potentials (MLP) (Kocer et al., 2022) offers great 
potential for studying solid-state diffusion (Li and Scandolo, 2022; Peng 
and Deng, 2023; Wang et al., 2025b) as they enable MD simulations on 
timescales far exceeding those of ab initio MD simulations. These long 
time scales provide a promising route to fully converged, statistically 
significant results for diffusivities in solids, which are otherwise diffi-
cult to achieve due to the slow kinetics.

In this study, we developed an MLP to perform an extensive series 
of MD simulations for the systematic investigation of extrinsic OV dif-
fusion in davemaoite. The diffusion results obtained from these simu-
lations serve as the basis for the parameterization of a model that is 
capable of predicting OV diffusivity in davemaoite over the entire tem-
perature (𝑇 ) and pressure (𝑃 ) range of the lower mantle. We discuss the 
OV diffusivity in davemaoite in the context of other mantle minerals. 
Finally, we present the broader implications of our results for under-
standing redox kinetics of subducted OC and electrical conductivity in 
the lower mantle.

2.  Computational methods

2.1.  Construction of the neural network potential and density functional 
theory calculations

The MLP developed in this study is a Behler-Parinello-type second-
generation high-dimensional neural network potential (HDNNP) (Behler 
and Parrinello, 2007). In this approach, the potential energy, 𝐸, of a 
system consisting of 𝑁 atoms is described as the sum of the individual 
atomic energies, 𝐸𝑖,

𝐸 =
𝑁
∑

𝑖=1
𝐸𝑖. (1)

𝐸𝑖 is calculated based on the local structural geometry within a cer-
tain radius 𝑅c, the relationship of which is established by atom-centered 
symmetry functions (Behler, 2011). We used the n2p2 package for the 
construction of the HDNNP (Singraber et al., 2019a,b). A total of 92 
radial and 429 angular symmetry functions of the forms described by 
(Behler and Parrinello, 2007) were used with 𝑅c =6Å. The HDNNP ar-
chitecture comprises three hidden layers, with 20, 15, and 10 neurons, 
respectively. The weight parameters were determined using the Kalman 
filter (Blank and Brown, 1994). The reference data set consisted of po-
tential energies and forces obtained from Kohn-Sham density functional 
theory (DFT) calculations.

DFT calculations were performed with the Vienna Ab Initio Simula-
tion Package (VASP, version 6.1.2) (Kresse and Furthmüller, 1996) em-
ploying the PBE exchange-correlation functional (Perdew et al., 1996) 
and the projector augmented wave (PAW) method (Kresse and Joubert, 
1999). The electronic valence configurations for Ca, Si, and O, explic-
itly treated by the PAW pseudopotentials, are 3s23p64s2, 3s23p2, and 
2s22p4 with core radii of 1.22, 1.01, and 0.80Å, respectively. The basis 
set was constructed using an energy cutoff of 850 eV and a 2 × 2 × 2
k-point mesh in the Monkhorst-Pack formalism. These settings result in 
convergences of energy and pressure within 1meVatom−1 and 0.5GPa, 
respectively (Fig. S1 in the supplementary material). The calculations 
were performed on configurations derived from 3 × 3 × 3 supercells 
(135 atoms) of the ideal cubic perovskite (Pm3̄m) constructed using the 
Atomsk code (Hirel, 2015), with crystallographic data retrieved from 
the Materials Project (Jain et al., 2013).

The reference structures were collected in a multi-step process in 
which MD simulations with preliminary HDNNPs were performed in the 

isothermal-isobaric ensemble to investigate the configurational space 
not covered by the underlying training set. New reference structures 
were selected based on whether they triggered extrapolation warnings 
or whether the energy difference predicted by two HDNNPs constructed 
with different random seeds exceeded a threshold of 3meVatom−1

(Tokita and Behler, 2023). The configurational space sampled by the 
reference structures covered 𝑇  between 1000 and 5000K and 𝑃  be-
tween 20 and 150GPa. The final reference data set comprised a total 
of 3972 structures: 995 configurations represent the ideal crystal with 
135 atoms, 2954 structures contain a CaO Schottky defect and consist 
of 133 atoms, a small number of 25 structures contain 129 or 132 atoms 
with one or two SiO2 Schottky defects. 90% of the reference data (3582 
structures) was used for training, and the remaining 10% (390 struc-
tures) was used for testing in each epoch during the iterative fitting 
process of the HDNNP.

2.2.  Molecular dynamics simulations

MD simulations were performed using the LAMMPS code (version 2 
Aug 2023) (Thompson et al., 2022), compiled with an interface to the 
n2p2 package for energy predictions with the developed HDNNP. The 
simulations were performed in the canonical ensemble (𝑁 − 𝑉 − 𝑇 ), 
with a constant volume (𝑉 ) and number of atoms (𝑁), and with a Nosé-
Hoover thermostat (damping parameter of 100 fs) controlling 𝑇 . Peri-
odic boundary conditions in all three dimensions were employed. The 
time step for the propagation of the atoms was 1 fs, and configurations 
along the trajectory were saved every 50th time step for post-processing. 
Production runs each lasted 1ns, preceded by an equilibration run of 
100ps.

OV diffusion in davemaoite was simulated using systems with 134 
atoms, which were constructed by removing an oxygen atom from the 
3 × 3 × 3 Pm3̄m supercell. This approach models an infinite dilution of 
OVs carrying a formal charge of 2+, which follows the example of ear-
lier diffusion studies based on static DFT calculations (Ammann et al., 
2009, 2010b; Chen et al., 2023). Finite-size tests with up to 1714 atoms 
and a single OV showed that the infinite dilution behavior is correctly 
captured even in relatively small systems of only 134 atoms and that 
the size of the system does not otherwise influence OV diffusion (Fig. 
S2). The validity of modeling isolated OVs with the HDNNP trained in 
this study may not be immediately apparent, as the underlying training 
set consists exclusively of structures with neutral Schottky pairs, i.e., 
systems that contain positively charged OVs together with compensat-
ing negatively charged cation vacancies. We therefore demonstrate the 
validity of this approach in Section 3.1.

MD simulations at six 𝑇 , in steps of 200K each, were performed along 
isobars of 25, 50, 75, 100, and 125GPa. The minimum temperature for 
each isobar was selected based on whether the number of vacancy hop-
pings was sufficient to reliably derive diffusion coefficients. The 𝑉  re-
quired for the 𝑁 − 𝑉 − 𝑇  simulations was determined for each 𝑃 − 𝑇
point based on simulations of ideal crystals in the 𝑁 − 𝑃 − 𝑇  ensem-
ble. To improve sampling statistics, diffusivities were determined for 
each condition as the arithmetic mean of ten independent simulations, 
each conducted with a different initial velocity distribution. The varia-
tions of these simulations are communicated in the form of the standard 
deviation of these ten simulations.

2.3.  Analysis of diffusion coefficients

Oxygen diffusion was studied in terms of the mean square displace-
ment,

6𝑡𝐷O = ⟨|𝒓(𝑡) − 𝒓(0)|2⟩, (2)

where 𝒓(𝑡) is the position of an oxygen atom at time 𝑡. Angular brackets 
indicate the averages for all oxygen atoms in the system. The time win-
dow to record the mean squared displacement was 300ps. The remain-
ing 700ps were used to average the result over several intervals. The 
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analysis was performed using the TRAVIS post-processing code (Brehm 
and Kirchner, 2011; Brehm et al., 2020). The oxygen tracer diffusion 
coefficient, 𝐷O, was derived by fitting a linear model to the resulting 
curve in the time interval between 6 and 150ps.

Assuming a dilute solution of OVs, the OV diffusion coefficient, 𝐷v, 
was determined using the relationship

𝐷v =
𝑁O
𝑁v

𝐷O, (3)

where 𝑁O and 𝑁v are the numbers of oxygen atoms and vacancies 
(Souza, 2015). Focusing on 𝐷v has the advantage that the diffusion co-
efficients become independent of concentration, which allows for gener-
alization when discussing overall behavior across a wide 𝑃 − 𝑇  range. 
To apply our results beyond the scope of this study, if values for 𝐷O are 
required, a simple recalculation can be performed using Eq. (3).

3.  Results and discussion

3.1.  HDNNP

The root mean squared error (RMSE) of the energies is 
0.855meVatom−1 for the training set and 0.876meVatom−1 for 
the test set (Fig. S3). The RMSE of the forces is 0.072 eVÅ−1 for the 
training set and 0.073 eVÅ−1 for the test set. For both, the RMSEs are 
virtually identical for the training and test sets, which indicates that 
training was performed on a well-balanced set of configurations, with 
no signs of significant overfitting. Furthermore, the RMSEs are below 
the commonly targeted threshold values in the order of 1meVatom−1

and 0.1 eVÅ−1 (Tokita and Behler, 2023). As a reliability test of the 
HDNNP, we performed three 1ns MD simulations of an OV-bearing 
system (134 atoms) in the microcanonical ensemble at conditions 
representative of the 𝑃 –𝑇  range covered by the diffusion coefficients 
under investigation. The energy conservation in these simulations is 
excellent, with drifts well below 1meVatom−1 ns−1 (Fig. S4).

To verify that the HDNNP adequately describes the isolated OV with 
a formal charge of 2+, we performed a 10ps MD simulation of an OV-
bearing system (134 atoms; no cation vacancy for charge balancing) 
driven by the HDNNP at 25GPa and 2000K. From this simulation, 200 
random snapshots were extracted to calculate the forces acting on the 
atoms using static DFT calculations performed with a deficit of two elec-
trons and a compensating uniform background charge. The HDNNP ex-
cellently predicts the forces from these charged DFT calculations, with 
an RMSE of 0.051 eVÅ−1 (Fig. S5). This is comparable to the RMSE 
achieved during training and virtually the same as obtained for a sys-
tem with a neutral CaO Schottky pair at the same 𝑃 − 𝑇  condition as 
described below. Note that only forces were considered for this bench-
mark, as the total energies from DFT calculations of charged defects 
can be affected by spurious electrostatic interactions across the periodic 
boundaries, and a meaningful comparison would require the application 
of a correction scheme (Ammann et al., 2010a).

As additional direct benchmarks for the quality of predicted poten-
tial energies and forces, as well as for structural and dynamic properties, 
we performed 15ps long DFT-MD simulations of a crystal with a CaO 
Schottky defect at 25GPa and 2000K, 75GPa and 2800K, and 3600K 
and 125GPa. These simulations used the same strict settings for energy 
convergence and the k-point mesh as described for the reference cal-
culations. The HDNNP predicts the potential energies and forces of the 
DFT-MD simulations with RMSEs similar to those obtained for training 
(Fig. S6). The partial  radial distribution functions from the DFT-MD and 
HDNNP-MD simulations also agree perfectly (Fig. S7), demonstrating 
that the HDNNP accurately captures the structure of the system. How-
ever, comparing diffusivities is less straightforward, as the maximum 
number of vacancy jumps recorded in the 15ps DFT-MD simulations is 
only around ten (Fig. S8), which is far from sufficient for a statistically 
meaningful evaluation. We therefore compared the oxygen vibrational 

Fig. 1. Oxygen vacancy diffusion coefficients, log𝐷v, as a function of inverse 
temperature along five isobars. The solid lines present fits of the Arrhenius-
type relation for diffusion coefficients (Eq. (4)). The labels give the respective 
pressure of each isobar in GPa. Error bars show the standard deviation.

density of states from the DFT-MD and HDDNP-MD simulations, which 
we found to be in excellent agreement (Fig. S9). This suggests that the 
vibrational characteristics can be accurately described by the HDDNP. 
As vacancy jumps are closely related to the corresponding atomic vibra-
tions, we consider this to be an indicator that diffusion constants can 
reliably be predicted using the HDNNP.

The strongest argument for the reliability of the predicted diffusion 
coefficients, however, is that they clearly exhibit a physically meaning-
ful behavior by satisfying an Arrhenius relationship, which would be 
unlikely for inadequately constructed HDNNPs. A detailed discussion 
follows below.

3.2.  Oxygen vacancy diffusion

3.2.1.  Arrhenian behavior
𝐷v spans two orders of magnitude with values ranging from 10−10 to 

10−8 m2 s−1 within the sampled range of conditions (Fig. 1). Along each 
isobar, the diffusion coefficients increase with 𝑇  and show Arrhenian 
behavior, i.e., a linear relationship when plotted as log𝐷v against 𝑇 −1. 
We fitted the logarithmic form of the Arrhenius diffusion coefficient 
relationship to each isobar,

log𝐷v = log𝐷◦
v −

Δ𝐻a
ln(10) 𝑘B

1
𝑇
, (4)

where Δ𝐻a is the activation enthalpy of diffusion, 𝐷◦
v is the pre-

exponential factor, and 𝑘B is the Boltzmann constant. The fits were per-
formed using the least-squares method as implemented in the SciPy li-
brary (Virtanen et al., 2020).

It is worth noting that the validity of the Arrhenius relation 
for solid-state diffusion at extreme conditions is often only im-
plicitly assumed. In studies using DFT-MD simulations, only a few 
temperatures are often sampled along a specific isobar due to 
the high computational cost involved (e.g., Figowy et al., 2024; 
Mohn et al., 2025). This makes it impossible to truly assess the 
validity of the linear Arrhenian behavior (Eq. (4)). Furthermore, 
due to the small sample size, the optimized values for activa-
tion enthalpies and pre-exponential factors are often subject to
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Fig. 2. Arrhenius parameters obtained by fitting Eq. (4) to the diffusion coefficients obtained from the HDNNP-MD simulations (Fig. 1) A) The blue circles show the 
logarithmic pre-exponential factors, log𝐷◦

v . The orange circles show the product of the OV attempt frequency, 𝜈v, and the square of the OV jump distance, 𝑙, which 
is proportional to 𝐷◦

v according to the jump rate model of diffusion (Eq. (5)). B) Activation enthalpies, Δ𝐻a, with the black solid line presenting a fit of Eq. (7). The 
inset shows the derived activation volume Δ𝑉a = 𝜕Δ𝐻a∕𝜕𝑃 .

Table 1 
Arrhenius parameters log𝐷◦

v and Δ𝐻a (Eq. (4)) for the diffusion coef-
ficients along the isobars from 25 to 125GPa (Fig. 1). Uncertainties 
quoted are the standard errors of the least-squares fits. Activation vol-
umes Δ𝑉a were calculated as the pressure derivative of Eq. (7). 
 Pressure [GPa]  log (𝐷◦

v [m2 s−1]) Δ𝐻a [eV] Δ𝑉a [cm3mol−1]

 25 -6.47 ± 0.02  0.87 ± 0.019  1.47
 50 -6.61 ± 0.05  1.13 ± 0.025  0.98
 75 -6.53 ± 0.06  1.40 ± 0.033  0.74
 100 -6.46 ± 0.08  1.61 ± 0.049  0.59
 125 -6.59 ± 0.06  1.66 ± 0.034  0.49

considerable uncertainty and can therefore be considered rough esti-
mates at best. In studies based on static DFT calculations (e.g., Am-
mann et al., 2010b; Chen et al., 2023), Δ𝐻a and 𝐷◦

v are determined 
at zero Kelvin, and the Arrhenius relationship is used to predict the 
𝑇 -dependence of 𝐷v. However, 𝑇 -independence of Δ𝐻a and 𝐷◦

v is an 
assumption, and changes over the range of hundreds to thousands of 
Kelvin cannot be ruled out in principle. Therefore, it is generally un-
clear how large the uncertainties in the 𝐷v values extrapolated from the 
Arrhenius relation are.

Against this background, we calculated the coefficient of determina-
tion, 𝑅2, for each isobar. This allows us to evaluate the quality of the 
linear fits to our results and, therefore, assess the validity of the Arrhe-
nius behavior. For all isobars, we obtained 𝑅2 > 0.99, indicating a high 
degree of consistency in the linear fits to log𝐷v. However, it is important 
to acknowledge that the reliability of this metric may be limited by the 
number of data points of only six per isobar. With such a small sample 
size, high 𝑅2 values can sometimes arise even in the presence of non-
linear trends, simply due to insufficient resolution to detect curvature. 
To address this concern, we visually inspected the residuals for each 
fit (Fig. S10), which show no systematic deviations that would indicate 
nonlinearity, further supporting the validity of the Arrhenius relation-
ship. On this basis, we use the Arrhenius relationship as a physically 
sound basis for parameterizing a model that can predict 𝐷v across the 
𝑃 − 𝑇  conditions of the lower mantle.

3.2.2.  Pre-exponential factor
log 𝐷◦

v , which is the optimized intercept obtained by fitting Eq. (4), 
remains constant as a function of 𝑃  within the scatter, with an average 
value of log𝐷◦

v = −6.53 ± 0.06 (Fig. 2A and Table 1). A constant value 
for 𝐷◦

v is advantageous, as it reduces the dimensionality and, thus, po-
tentially also the uncertainties of the parameterized model. However, 

since the physical reason why 𝐷◦
v remains constant under compression 

is not immediately obvious, we further investigated this behavior using 
an approach that is independent of fitting the Arrhenius relationship. 
For this purpose, we use the jump rate model to describe diffusivities 
(Souza, 2015), according to which

log𝐷◦
v ∝ log

[

𝑙2𝜈v exp
(

Δ𝑆a
𝑘B

)]

, (5)

where 𝜈v is the attempt frequency, i.e., the number of attempts a vacancy 
makes to jump to its neighboring site per time unit. 𝑙 is the distance be-
tween these two sites and Δ𝑆a is the activation entropy. We determined 
𝜈v following the standard interpretation in diffusion theory, according 
to which an attempt can be interpreted as a vibration of the diffusing 
species (Vineyard, 1957). Consequently, we estimated 𝜈v as the average 
frequency derived from the corresponding vibrational spectra of the oxy-
gen atoms in an ideal crystal (Klerk et al., 2018). 𝑙 is determined as the 
position of the first peak of the O-O radial distribution function. The 
analysis was performed on trajectories obtained along the isotherm at 
2600K, a 𝑇  that is covered by all isobars in the simulations performed 
to investigate OV diffusion (Fig. 1). The results for 𝜈v and 𝑙 are shown 
in Fig. S11. This analysis shows that 𝜈v increases at a rate that compen-
sates the decrease in 𝑙2 with compression. Consequently, the contribu-
tion log 𝑙2𝜈v in Eq. (5) alone can describe log𝐷◦

v as a constant, increasing 
insignificantly over the 𝑃  range considered, with an average value of ap-
proximately -6.0 (Fig. 2A). Negligible 𝑃 -dependence of log 𝑙2𝜈v has been 
indicated elsewhere for relatively low 𝑃  (see e.g., Mehrer, 2007), but, 
to our knowledge, has not been explicitly demonstrated for extrinsic 
vacancy diffusion in oxides across the full range of lower mantle con-
ditions. Altogether, this observation indicates that the 𝑃 -dependence of 
Δ𝑆a is also negligible, which is an important insight when describing 
the 𝑃 -dependence of diffusion in terms of the activation volume

Δ𝑉a =
𝜕Δ𝐺a
𝜕𝑃

, (6)

where Δ𝐺a is the Gibbs free energy of activation (Mehrer, 2007). Since 
Δ𝑆a appears insensitive to 𝑃 , Eq. (6) simplifies to Δ𝑉a = 𝜕Δ𝐻a∕𝜕𝑃 .

For clarity, we note that log 𝑙2𝜈v as shown in Fig. 2A, does not match 
log𝐷◦

𝑣 obtained from the Arrhenius fit in absolute terms, due to the sim-
plifications made. A number of constants (including Δ𝑆a) are ignored 
(Souza, 2015), and the underlying simulations were performed at an 
arbitrary finite temperature.
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Fig. 3. Activation enthalpies Δ𝐻a of extrinsic OV diffusion in major mineral 
phases of the lower mantle. Results for bridgmanite (Bdm), periclase (Per), 
stishovite (Sti), and the CaCl2-type SiO2 polymorph were obtained from static 
density functional theory calculations. Except for the data labeled as Bdm+ (Am-
mann et al., 2009), all of these calculations were performed in conjunction with 
the CI-NEB method (Ammann et al., 2010b; Chen et al., 2023). For bridgman-
ite, average values of Δ𝐻a for the different jump directions are given in both 
cases. The results shown for stishovite and the CaCl2-type SiO2 polymorph are 
representative of the predominant diffusion paths along the SiO6 polyhedra, as 
explained in more detail in Chen et al. (2023). The orange circles show Δ𝐻a
of davemaoite obtained from HDNNP-MD simulations. Orange crosses and stars 
show Δ𝐻a of davemaoite obtained from CI-NEB calculations, using 3 × 3 × 3
(135 atoms) and 4 × 4 × 4 (320 atoms) supercells, respectively. The orange 
solid line represents predictions by Eq. (7). The black star and pentagon show 
activation enthalpies derived from experimentally determined ionic conductiv-
ities of bridgmanite (Dobson, 2003; Xu and Mccammon, 2002).

3.2.3.  Activation enthalpies
Δ𝐻a increases nonlinearly from 0.87 eV at 25GPa to 1.66 eV at 

125GPa (Fig. 2B and Table 1), well described by the empirical relation

Δ𝐻a(𝑃 ) = 𝑎 ⋅ ln(𝑃 + 𝑐) + 𝑏, (7)

with 𝑎=0.779 eV, 𝑏=-2.155 eV, and 𝑐=25.594GPa. From this, we 
derive Δ𝑉a values that decrease from 1.47 cm3mol−1 at 25GPa to 
0.49 cm3mol−1 at 125GPa (Fig. 2B and Table 1).

Experimental data for the validation of these results is scarce. Fei 
et al. (2017) report activation values for ionic conduction in davemaoite 
at 24GPa. However, they report that the conductivities increase with 𝑃 , 
i.e., they exhibit a negative activation volume, which is atypical for ionic 
conduction. Because this aspect was not discussed further in their work, 
and detailed chemical characterization of the samples used in these ex-
periments is not available, we refrain from further comparisons with our 
results.

Previous DFT studies report Δ𝐻a values of extrinsic OV diffusion in 
other important solid phases of the lower mantle, including periclase, 
stishovite, the CaCl2-type SiO2 polymorph, and bridgmanite (Ammann 
et al., 2009, 2010b; Chen et al., 2023). These results were obtained 
from static calculations, with most of them using the climbing image 
nudged elastic band (CI-NEB) method (Henkelman and Jónsson, 2000; 
Henkelman et al., 2000). This somewhat complicates direct compari-
son with our HDNNP-MD simulation results. Therefore, we additionally 
determined Δ𝐻a for davemaoite using the CI-NEB method at selected 
pressures (see Text S1, Fig. S12 and Table S1 in the supplementary ma-
terial for details), finding very good agreement with Eq. (7) (Fig. 3). 
On this basis, we consider it reasonable to compare our results with 

the Δ𝐻a values reported for the other phases (Ammann et al., 2009, 
2010b; Chen et al., 2023) and conclude that davemaoite exhibits the 
lowest Δ𝐻a among the major minerals in the lower mantle. Since Δ𝐻a
is usually the main factor determining the magnitude of 𝐷v, it there-
fore appears likely that davemaoite also has the highest extrinsic OV 
diffusivity among those minerals.

The literature on bridgmanite provides a possible range of Δ𝐻a val-
ues, which, in all cases, are higher than those for davemaoite (Fig. 3). 
Ammann et al. (2010b) report Δ𝐻a values of around 1.1 eV at 24GPa 
and 2.2 eV at 140GPa. This contrasts with an earlier study by the same 
authors, where they reported a stronger increase from 1.47 eV at 26GPa 
to 3.01 eV at 152GPa, with the corresponding Δ𝑉a values decreasing 
from 1.95 cm3mol−1 at 25GPa to 1.49 cm3mol−1 at 135GPa. Overall, 
these earlier values are in better agreement with experimentally deter-
mined enthalpies estimated from ionic conductivities, with Xu and Mc-
cammon (2002) reporting 1.47 eV and Dobson (2003) reporting ∼1.4 eV 
at 25GPa.

Lower Δ𝐻a values for davemaoite compared to bridgmanite are con-
sistent with the general observation that for perovskites, cubic structures 
appear to favor faster oxygen diffusion over other crystal symmetries (Li 
et al., 2024; Robens et al., 2022). Davemaoite has a highly symmetrical 
crystal structure (Pm3̄m), which probably leads to more uniform diffu-
sion paths than in the orthorhombic bridgmanite structure, where the 
distortion of the SiO6 octahedra could lead to an increase in migration 
barriers for certain jump directions, similar to what is observed in other 
compounds (Li et al., 2024; Yashima, 2008). Furthermore, we speculate 
that the larger ionic radius of Ca2+ compared to Mg2+ has two effects 
that lead to lower migration barriers in davemaoite than in bridgman-
ite. First, Ca2+ causes greater expansion of the lattice free volume, which 
results in wider diffusion channels for O (Li et al., 2024). Second, Ca2+
exhibits weaker electrostatic interactions and thus weaker bonds to the 
surrounding oxygen atoms than Mg2+ (Glasser, 2012).

3.2.4.  Model parameterization for predicting oxygen vacancy diffusion
With 𝐷◦

v and Δ𝐻a determined, we finally have a closed expression 
for 𝐷v as a function of 𝑃  and 𝑇  with

𝐷v(𝑃 , 𝑇 ) = 𝐷◦
v exp

(

−
𝑎 ⋅ ln(𝑃 + 𝑐) + 𝑏

𝑘B𝑇

)

. (8)

The values of the four constant parameters 𝐷◦
v , 𝑎, 𝑏, and 𝑐 are summa-

rized in Table S2. The performance of the model is assessed by plotting 
the predicted 𝐷v values against the values obtained from the HDNNP-
MD simulations (Fig. S13). The data points in this plot lie close to a 
straight line, which is typical for models with high predictive power. As 
a direct measure of accuracy, we calculated the mean absolute percent-
age error (MAPE), which yields a global uncertainty of 5%. Plotting the 
percentage deviations of the predicted values from the simulation results 
does not indicate significant overperformance or underperformance at 
certain pressures (Fig. S11). All simulation values are predicted within 
a deviation of 10%. Finally, we verified the extrapolation capability of 
the model to the conditions at the CMB by performing additional simula-
tions at 135GPa and 𝑇  between 2800 and 3600K. The model accurately 
predicts the diffusion coefficients obtained from these simulations (Figs. 
S13 and S14).

4.  Geochemical and geophysical implications

In order to discuss the broader implications of our results, we first 
examined the expected behavior of 𝐷v as a function of 𝑃  and 𝑇  in the 
lower mantle. To this end, we consider two geotherms, representative of 
the ambient mantle and a subducted slab (Fig. 4A). The geotherms were 
modeled as adiabats using the Burnman Toolkit (Cottaar et al., 2014; 
Myhill et al., 2023) with footing temperatures of 1900K and 1500K at 
25GPa and using the 𝑃 -depth relation from the Preliminary reference 
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Fig. 4. Behavior of oxygen vacany diffusivitiy, 𝐷v, in davemaoite as a function of 𝑃 , 𝑇 , and depth in the lower mantle. A) The contours show 𝐷v as predicted by 
Eq. (8). Blue and orange curves show geotherms representative for the ambient lower mantle and subducted slabs, respectively. The adiabats were calculated using 
the Burnman toolkit (Cottaar et al., 2014; Myhill et al., 2023) with a footing temperature at 25GP of 1900K for the ambient mantle, and of 1500K for the subducted 
slab. B) 𝐷v as a function of depth along the ambient mantle and subducted slab geotherms.

Fig. 5. Characteristic length, 𝐿, of OV diffusion in davemaoite used as a proxy for the spatial scales of redox equilibration within a subducted slab. A) The solid 
curves show 𝐿 as a function of time as calculated following Eq. (9). Labels indicate different sinking rates of the slab within the lower mantle. For comparison, 
the dashed curve shows 𝐿 if 𝐷v were assumed to remain constant at its value at the top of the lower mantle. Round markers show 𝐿CMB for the different sinking 
rates. The corresponding diffusivities are shown in Fig. 4B (orange curve). The slab is assumed to sink with an angle of 45° towards the core-mantle boundary. B) 
Percentage of the maximum characteristic length, 𝐿CMB, as a function of depth. Regardless of the sinking rate, half of 𝐿CMB is already reached after penetration of 
the upper six percent of the lower mantle. 75% of 𝐿CMB is achieved within the upper ∼20% of the lower mantle.

Earth model (Dziewonski and Anderson, 1981). For the sake of simplic-
ity in calculating the adiabats, we assumed thermodynamic parameters 
of bridgmanite (Stixrude and Lithgow-Bertelloni, 2011).

𝐷v decreases with 𝑃  and increases with 𝑇  (Eq. (8)), which are com-
peting influences on the 𝐷v profiles along the lower mantle geotherms, 
with the 𝑃  effect dominating. For the hotter ambient geotherm, 𝐷v de-
creases by approximately one order of magnitude, from 10−9 m2 s−1 at 
the top to 10−10 m2 s−1 at the bottom (Fig. 4B). Diffusion coefficients 
along the slab geotherm demonstrate a comparably strong decrease, 
with values approximately one order of magnitude lower.

The decrease in 𝐷v throughout the lower mantle has important im-
plications for the redox kinetics of subducted OC and the role of ionic 
conduction in the lower mantle.

4.1.  Redox kinetics of subducted oceanic crust in the lower mantle

The OC component of subducted slabs with an average thickness of 
approximately 7 km (White et al., 1992) is considered relatively oxi-

dized compared to the ambient mantle (Evans, 2012), resulting in local 
redox heterogeneities when transported into the lower mantle. The de-
gree to which the redox contrast at the slab interface can be balanced 
may largely depend on how quickly OVs diffuse through the individual 
phases (Dobson et al., 2008). In this context, it is particularly impor-
tant to understand the behavior of OV diffusion in davemaoite, given its 
abundance of ∼20 vol.% in subducted OC (Ishii et al., 2022; Ono et al., 
2001) and its ability to incorporate redox-sensitive elements such as ura-
nium and chromium in considerable amounts (e.g., Britvin et al., 2022; 
Gréaux et al., 2009). The valence state of these elements could signifi-
cantly influence their geochemical behavior and the physical properties 
of the host phase. Therefore, insight into the degree of redox equilibra-
tion at the mantle-slab interface can help to understand whether sig-
nificant changes in such properties are expected when the slab crosses 
the lower mantle. We note that the following estimates are based ex-
clusively on diffusion in the extrinsic regime and therefore neglect any 
enthalpy contribution from OV formation, the determination of which 
would go beyond the scope of this study. The diffusion lengths reported 
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in the following should thus be considered as upper limits, which will, 
however, not influence our final conclusions.

As the slab sinks through the lower mantle to the CMB, the maximum 
redox equilibration length scales, 𝐿CMB, that can be achieved via OV 
diffusion in davemaoite are

𝐿2
CMB ∼ ∫

𝑡CMB

0
𝐷v d𝑡, (9)

where 𝑡CMB is the time at which the slab reaches the CMB, and time 
integration begins at the top of the lower mantle (25GPa or 696 km 
km depth). The slab is assumed to penetrate the lower mantle at an 
angle of 45 degrees, and the sinking rate is varied over one magnitude 
from 0.5 cma−1 to 5.0 cma−1, which results in residence times of the 
subducted OC in the lower mantle from 62 to 617Ma (Fig. 5A).

The maximum OV diffusion length reached when the slab arrives at 
the CMB, 𝐿CMB, is highest for the lowest sinking rate of the slab: For 
0.5 cma−1, a distance of about 1.1 km is reached, while for 5 cma−1, 
𝐿CMB would be only around 400m (Fig. 5A, solid lines). In addition 
to the residence time, this behavior is due to the strong negative de-
pendence of 𝐷v on depth, since a fast sinking rate drives the slab ear-
lier into the low OV diffusivity regime (Fig. 4). The strong negative 
impact of depth dependence is clearly visible when we monitor the 
length scales that would be attained if we assumed a constant 𝐷v, in 
which case 𝐿CMB would be overestimated by a factor of 2 to 3 in all 
cases (Fig. 5A, dashed line). For generally expected sinking rates of 
1 − 2 cma−1 (Domeier et al., 2016), 𝐿CMB is smaller than 1 km. This is 
significantly smaller than the thickness of the crustal component in the 
subducting slab, indicating that the bulk of its davemaoite portion can-
not be brought into redox equilibrium with the ambient mantle.

The rate at which 𝐿 increases as a function of time gradually de-
creases. Consequently, redox equilibration at the slab interface is pre-
dicted to be most pronounced in the upper parts of the lower mantle. 
This becomes more evident when normalizing 𝐿 to its maximum value, 
𝐿CMB, which can be used to track the proportional development of 𝐿
with depth: 50% of 𝐿CMB are already reached at a depth of 830 km, 
which corresponds to the first 6% of the lower mantle; 75% of 𝐿CMB
are reached at approximately 1120 km, corresponding to the upper 20% 
of the lower mantle (Fig. 5B). This observation is important in light of 
the potential redox gradient of the lower mantle, with its upper por-
tion being relatively oxidized compared to the lower portion (Gu et al., 
2016). If this is the case, this could lead to redox differences between 
the subducted OC and the surrounding mantle, which are lowest in re-
gions with high OV diffusivity and could thus further reduce the already 
small spatial scales for redox equilibrium across the slab surface.

4.2.  Electrical conductivity in the lower mantle

The question of the prevailing electrical transport mechanism in 
the lower mantle is key to interpreting electrical conductivity profiles 
from magnetotelluric measurements. The major mechanisms involved 
are ionic conduction, which is influenced by the defect chemistry of a 
mineral (Dobson, 2003; Xu and Mccammon, 2002), and small polaron 
hopping, which is sensitive to the Fe2+-Fe3+ ratio (Sinmyo et al., 2014; 
Yoshino et al., 2016). Early experimental studies revealed high activa-
tion enthalpies for ionic conduction compared to small polaron hopping 
(Dobson, 2003; Xu and Mccammon, 2002), which means that the former 
mechanism exhibits a stronger increase in conductivity as a function of 
𝑇 . Based on this, it was argued that the effect of increasing temperature 
with depth might be stronger than that of increasing pressure, leading to 
the assumption that the electrical conductivity of the deep lower mantle 
is predominantly ionic in nature (Xu and Mccammon, 2002). However, 
this idea was questioned on the basis that the 𝑃 -induced increase in 
Δ𝐻a of bridgmanite would probably be significant enough to result in 
a decrease in ionic conductivity with depth (Yoshino et al., 2016). To 
date, this has not been investigated in detail.

Here, we address this problem by drawing on the observation that 
davemaoite is likely the mantle phase with the highest OV diffusivity. 
This allows us to explore whether ionic conductivity could, in principle, 
explain the electrical conductivity of the lower mantle in an upper limit 
scenario. To this end, we use the Nernst-Einstein equation to establish 
a relationship between ionic conductivity 𝜎ion and 𝐷v,

𝜎ion =
𝑧2𝐶v𝐷v
𝑘B𝑇𝑅H

=
𝑧2𝐶v𝐷◦

v
𝑘B𝑇𝑅H

exp
(

−Δ𝐻a
𝑘B𝑇

)

, (10)

where 𝑧 is the charge of oxygen, 𝑅H is the Haven ratio, and 𝐶v is the 
number of OVs per volume unit. The calculation of 𝜎ion is associated 
with significant uncertainty, as 𝐶v and 𝑅H are unknown. However, the 
expected variations in the latter are generally smaller. For simplicity, 
we therefore assume that 𝑅H=1 and examine how 𝜎ion changes as a 
function of depth for a wide range of 𝐶v. To estimate the order of mag-
nitude for expected OV concentrations in davemaoite, we consider OV 
formation by substituting Ca for a monovalent impurity M according to

CaxCa + O
x
O ↔ 2M′

Ca + V
∙∙
O.

The most important monovalent impurities in davemaoite are K+ and 
Na+, which, according to earlier experiments, account for less than 
1mol% in a pyrolitic mantle and subducted OC (Ishii et al., 2018, 
2022; Sun et al., 2024). Using 1mol% as a guideline and using den-
sities between 4 and 5.5 g cm−3, this results in 𝐶v values in the order 
of 1020 cm−3. Taking into account the uncertainties associated with this 
estimate, we consider a range of potential OV concentrations between 
1019 cm−3 and 1021 cm−3 to calculate 𝜎ion following Eq. (10).

For 𝐶v between 1020 − 1021 cm−3, 𝜎ion of davemaoite reaches val-
ues that are comparable to the electrical conductivity of the uppermost 
lower mantle (Fig. 6A). However, 𝜎ion decreases sharply with depth, 
leading to a significant deviation from magnetotelluric conductivity pro-
files at a depth of approximately 1250 km for the highest OV concentra-
tions. Since davemaoite is expected to be the mantle phase with the 
highest OV diffusivity and thus probably also the highest 𝜎ion, we can 
use these results as an upper limit to conclude that ionic conductivity is 
probably not a significant mechanism in most parts of the lower mantle.

To further support this conclusion, we consider the problem from 
a different perspective and discuss the relative behavior of the electri-
cal conductivity in the mantle as a function of depth rather than abso-
lute values. To this end, we use the observation that the electrical con-
ductivity remains approximately constant starting at a depth of around 
1000 km (Fig. 6A), and investigate how Δ𝐻a∕(𝑘B𝑇 ), i.e., the exponent in 
the Arrhenius-type relation of diffusion (Eq. (10)), would have to change 
as a function of depth in order to reproduce such a behavior:

Δ𝐻a,thresh

𝑘B𝑇
= ln

(

1
𝛽𝑇

)

− ln(𝛼). (11)

Δ𝐻a,thresh is the activation enthalpy under conditions of constant con-
ductivity, 𝛽 is a factor ≤1 that accounts for the volume reduction upon 
compression with depth, and 𝛼 is a material-specific constant (see Text 
S2 in the supplementary material for derivation). Note that while 𝛼 in-
fluences the absolute value of Δ𝐻a,thresh∕(𝑘B𝑇 ), its variation with depth 
is solely controlled by 𝑇  and 𝛽. To estimate the effect of compression, 
we consider two cases: (i) 𝛽 = 1, i.e., constant volume, and (ii) 𝛽 de-
creasing linearly from 1 to 0.75 from the top to the bottom of the lower 
mantle, which corresponds to a volume reduction of 25%. As will be 
demonstrated, the effect of 𝛽 is only minor for the purposes of the fol-
lowing discussion, and thus the rate at which Δ𝐻a,thresh∕(𝑘B𝑇 ) changes 
with depth can be considered system-independent. Therefore, Eq. (11) 
is universally valid for studying changes in Δ𝐻a,thresh∕(𝑘B𝑇 ), provided 
that 𝑅H, 𝑁v and 𝐷◦

v remain constant.
According to Eq. (11), Δ𝐻a∕(𝑘B𝑇 ) would have to decrease by a few 

percent as a function of depth or, depending on compressibility, remain 
approximately constant in order to reproduce a constant conductivity 
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Fig. 6. Ionic conductivity, 𝜎ion, of davemaoite compared to the electrical conductivity of the ambient lower mantle. A) 𝜎ion of davemaoite as calculated after Eq. (10) 
for different OV concentrations, 𝐶v (blue solid lines, labels indicate 𝐶v). For simplicity, we assumed a Haven ratio, 𝑅H, of one. Black, gray, and orange curves show a 
representative selection of electrical conductivity profiles of the Earth’s lower mantle obtained from magnetotelluric inversion (Püthe et al., 2015; Verhoeven et al., 
2021; Yao et al., 2023). B) The orange shaded area shows how Δ𝐻a∕(𝑘B𝑇 ), i.e., the exponent in the Arrhenius-type relation of diffusion, would have to develop in 
order to yield a constant 𝜎ion with depth. Variations in these values arise from the parameter 𝛽 in Eq. (11), which accounts for the volume reduction with increasing 
depth. The lower limit corresponds to a constant volume, and the upper limit to a linear decrease in 𝛽 from 1 to 0.75, corresponding to a 25% reduction in volume. 
The blue curve shows Δ𝐻a∕(𝑘B𝑇 ) for extrinsic OV diffusion in davemaoite.

profile (Fig. 6B). In order for 𝜎ion to increase with depth, Δ𝐻a∕(𝑘B𝑇 )
would have to fall below this threshold. For comparison: Δ𝐻a∕(𝑘B𝑇 )
of davemaoite shows a clear opposite trend and increases by about 50 
%. Since davemaoite probably has smaller, at most similar activation 
volumes as bridgmanite (Fig. 3), we can use this observation as a lower 
limit to argue that ionic conduction is unlikely to be responsible for the 
pattern of nearly constant electrical conductivity with depth.

We therefore conclude that the electrical conductivity for much of 
the lower mantle cannot be explained by ionic conduction, neither in ab-
solute terms nor by its evolution with depth. In agreement with Yoshino 
et al. (2016), this suggests that ionic conductivity probably plays only 
a minor role in the deeper ambient lower mantle, and that its electrical 
conductivity must be governed by iron-induced polaron conduction. For 
the sake of completeness, we note that this conclusion applies to anhy-
drous conditions and does not take into account proton-mediated ionic 
conduction, which was previously proposed as an explanation for the 
electrical conductivity of at least the upper parts of the lower mantle 
(Peng and Deng, 2023).

5.  Conclusions, caveats, and future studies

Here, we have investigated extrinsic OV diffusion in davemaoite over 
the 𝑃 − 𝑇  range of the lower mantle using MD simulations in conjunc-
tion with a MLP. This approach enabled us to show that OV diffusion 
in davemaoite satisfies the Arrhenius relation, a behavior that has only 
implicitly been assumed in most diffusion studies. A key aspect in this 
consideration was the observation that 𝐷◦

v can be treated as a constant 
over a wide 𝑃  range. We emphasize that the high accuracy required to 
obtain these results is unlikely to be achievable with the limitations of 
common DFT-MD simulations. We therefore believe that this study is 
a prime example of how MD simulations assisted by MLPs provide new 
opportunities to expand our fundamental understanding of the transport 
properties of solid phases in the deep Earth and other planetary bodies.

The observation that davemaoite is likely the mantle phase with the 
fastest OV diffusivity enabled us to place new constraints on the redox 
kinetics of subducted oceanic crust and the electrical structure of the 
lower mantle. Despite its exceptionally high OV diffusivity, we argue 
that the davemaoite component in subducted OC is unable to achieve 
complete redox equilibrium with the ambient mantle on its way to the 
CMB. With davemaoite likely an upper limit on oxygen diffusion for 

lower mantle minerals, this conclusion is expected to hold for the entire 
OC subducted into the lower mantle. Using similar arguments, we pro-
vide evidence that ionic conduction is probably not a significant mech-
anism of electrical conduction in most parts of the lower mantle.

Finally, we acknowledge a number of caveats that were not previ-
ously discussed. Our diffusion coefficients are based on the assumption 
that OVs are present in the dilute limit, i.e., OVs do not interact with 
each other. Further, we did not explicitly consider the potential effect of 
vacancy-forming impurities. Both OV-OV and OV-impurity interactions 
could, in principle, lead to a reduction in the diffusivities (Poirier, 2000; 
Schie et al., 2012), which is why our results should be considered as up-
per limits. However, even if these effects operate, the geochemical and 
geophysical implications discussed above would not be affected. One fi-
nal aspect that goes beyond the scope of this study is grain boundaries, 
for which both positive and negative effects on diffusion in perovskite-
type solids have been described (Bonkowski et al., 2024). Thus, gaining 
insights into grain boundary diffusion could provide a new perspective 
on the timescales of oxygen transport in the lower mantle, making it an 
interesting subject for future research.
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