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Solid-state nuclear magnetic resonance (ssNMR) provides local environments and dynamic fingerprints of
alkali ions in paramagnetic battery materials. Linking the local ionic environments and NMR signals requires
expensive first-principles computational tools that have been developed for over a decade. Nevertheless,
the assignment of the dynamic NMR spectra of high-rate battery materials is still challenging because
the local structures and dynamic information of alkali ions are highly correlated and difficult to acquire.
Herein, we develop a novel machine learning (ML) protocol that could not only quickly sample atomic
configurations but also predict chemical shifts efficiently, which enables us to calculate dynamic NMR
shifts with the accuracy of density functional theory (DFT). Using structurally well-defined P2-type
Naz/3(Mgy,3Mn,,3)O, as an example, we validate the ML protocol and show the significance of dynamic

effects on chemical shifts. Moreover, with the protocol, it is demonstrated that the two experimental
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Accepted 10th June 2022 2Na shifts (1406 and 1493 ppm) of P2-type Nay/s(Niy;sMn,,35)O, originate from two stacking sequences

of transition metal (TM) layers for the first time, which correspond to space groups P6z/mcm and P6s22,
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respectively. This ML protocol could help to correlate dynamic ssNMR spectra with the local structures

rsc.li/chemical-science and fast transport of alkali ions and is expected to be applicable to a wide range of fast dynamic systems.
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Introduction

The wide application of electric vehicles constantly calls for
higher power densities of rechargeable batteries, which require
faster alkali-ion diffusion in cathode materials with the struc-
tural framework of transition-metal oxides (TMOs)."*> Hence,
understanding the relationship between the atomic structures
of cathode materials and alkali-ion diffusions is vitally
important.

In contrast to diffraction techniques®* that are sensitive to
long-range and ordered structural features, solid-state nuclear
magnetic resonance (sSSNMR)>® spectroscopy is a unique tool to
detect the time-dependent local structures of battery materials.
For TMO-based cathode materials, the interpretation of NMR
spectra proves very challenging, as the unpaired electrons of TM
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ions have complicated interactions with the nucleus for which
NMR is being observed, resulting in the so-called paramagnetic
shifts.” To this end, the density functional theory (DFT) meth-
odology for calculating paramagnetic shifts has been continu-
ously developed for over a decade.*** Nevertheless, the
applications of such state-of-the-art computational methods are
restricted to slow alkali-ion dynamic systems, e.g., polyanion-
type materials®**” or fully lithiated layered materials,”"® in
which the measured shift corresponds to the local minimum of
the potential energy surface (PES) and is characterized by DFT
optimized structures (i.e., 0 K). However, for high-rate cathode
materials, the fast alkali-ion hopping between distinct chemical
sites typically results in fast chemically exchanged NMR spectra
at room temperature (RT), named dynamic NMR spectra,*
which represent the weighted average of the chemical shifts of
all of the alkali-ion environments involved in chemical
exchange.” Since the dynamic NMR spectra result from the
correlated effect between the local environments of the alkali
ion and its dynamics, it is extremely difficult to accurately
extract the structural information from the dynamic NMR
spectra directly through DFT calculations. To the best of our
knowledge, there is not yet a rigorous and applicable first-
principles methodology for calculating the dynamic NMR
shifts of paramagnetic battery materials.

Dynamic NMR spectra have been extensively observed in
cathode materials of sodium-ion batteries (SIBs). The **Na
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spectra of P-type (Delmas et al.'s notation*') SIB cathode mate-
rials are usually dynamic NMR spectra at RT,>?° due to the
large layer spacing that enables fast Na* diffusion. Even though
P2-type Na,/3(Niy;3Mn,;3)0, has been intensively studied,*
controversy still exists regarding the >*Na NMR spectra of the as-
synthesized materials. Wu et al.* observed two **Na shifts in
the paramagnetic region, with the dominating one assigned to
the P2 phase and the weaker signal with a lower shift to the
sodium-poor phase. In contrast, Clément et al.** assigned the
lower shift (1422 ppm) to stacking faults of the O2 phase (Del-
mas et al.'s notation®'). In principle, lowering the temperature
could be an option to slow down the exchange dynamics in
order to resolve the local environments of the Na' and its
dynamic behind the NMR spectra. For instance, Mukhamed-
shin et al.?® observed the *’Na shifts of distinct sites of P2-type
Nay 6,C00, in a static NMR experiment below 150 K, which
required significant effort in material synthesis to provide
aligned single-phase powder samples. However, such a low
temperature is not typically available in high-resolution magic-
angle-spinning (MAS) ssNMR measurements, where a fast
spinning is acquired to obtain high-resolution NMR spectra of
powdered paramagnetic battery samples.

Very recently, utilizing highly efficient machine learning poten-
tial molecular dynamic (MLPMD)* simulations that enable suffi-
cient sampling of alkali-ion hopping events, we tentatively
calculated the dynamic **Na NMR shift of P2-type Na,/3(Mg;/sMny3)
0, for the first time.?® Nevertheless, the DFT calculation of the **Na
shift is still based on certain optimized (i.e., 0 K) Na' patterns due to
the high computational cost of chemical shifts. This infantile
method neglects the thermal fluctuation effect on the chemical
shifts, which limits its wide application. Therefore, developing
a solid and widely applicable computational method for dynamic
NMR spectra is urgent and important.

In this work, we developed a novel machine learning (ML)
protocol for calculating dynamic NMR shifts. Fig. 1 shows
a schematic illustration of the protocol that involves two ML
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models, an MLP model for accelerating configuration sampling,
and a Neural Network (NN) model for fast chemical shift
prediction, named the NN-NMR model. Specifically, we adopted
the well-developed Deep Potential Generator (DP-GEN)
scheme®*** for generating the MLP, which explores new
configurations with a concurrent learning approach, and the so-
called deep potential (DP)**** model is trained iteratively until it
reaches the DFT level accuracy. After sufficient sampling of the
alkali-ion hopping related to dynamic NMR spectra with long-
time DPMD simulations, the chemical shift datasets are
generated with sparse configurations of DPMD simulation
trajectories and the DFT method. Then, using the smooth
overlap of atomic positions (SOAP)***” descriptors of local
structures and chemical shifts as the input layer and output
layer of the NN, respectively (Fig. 2a), the NN-NMR model is
trained and tested with the DFT dataset of chemical shifts.
Finally, the chemical shifts of dense configurations in DPMD
simulation trajectories are predicted using the NN-NMR model.

We calculated the dynamic **Na NMR shift of P2-type Nay,
3(Mgy1sMn,3)0, (hereafter denoted as P2-NMMO),*** and
compared the results with previous computational and
experimental results® for validating the ML protocol. The well-
trained NN-NMR model shows highly computational efficiency
and accuracy for predicting chemical shifts. Besides, combining
with experiments and the dynamic >*Na shifts of P2-type
Nay3(Niy;3Mn,3)0, (hereafter denoted as P2-NNMO) calculated
with the protocol, we demonstrated that the lower **Na shift being
debated can be attributed to the averaged **Na shift of P6;/mcm
NNMO (Fig. Sia and bf%),* thus clarifying its structural
assignment.

Methods

The computational formalism of chemical shifts

The isotropic **Na shift of a paramagnetic system is composed
of four parts, Fermi-contact shift (6rc), pseudo-contact shift

Neural Network Model for NMR Chemical Shifts

N
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Schematic illustration of the machine learning (ML) protocol for calculating the dynamic NMR chemical shifts.
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(a) lllustration of the NN-NMR model for predicting chemical shifts. A Na* local environment in the supercell model of P6s/mcm

Naz,3(Mgy,3Mny,3)O, is shown as an example, and the No. of nodes in each layer of the NN-NMR model was labeled. (b) The testing set RMSEs
between >Na dper and dnn Of P2-Nay,/3(Mg1,3Mn,/3)O, evolute with the No. of dataset structures. The black error bars indicate the standard

deviations (STDs) of the RMSEs. (c) The correlation of 2*Na éprr and dn.

(6pc), orbital shift (o) and second-order quadrupole shift
(dcus)-”** Meanwhile, previous studies of the **Na shift of P2-
NMMO and P2-NNMO showed that égc dominates the total
shift.?®** It is worth noting that dqs is inversely proportional to
the square of the magnetic field strength, and herein 9.4 T
suppresses the dqs of P2-NMMO and P2-NNMO on the order of
tens of ppm.*® Therefore, we only calculated 6rc with DFT
methods (i.e., dppr = 6rc), given by:*'®

A :ucffz

= — 1
Tryy gepp3k(T — O) @

OFc
where 4, 7, v, ge, U, k, and T are the hyperfine coupling constant,
Planck's constant, nuclear gyromagnetic ratio, free-electron g-
factor and Bohr magneton, Boltzmann constant, and Kelvin
temperature, respectively. Besides, the effective magnetic moment
of the paramagnetic center (u.y) and Curie-Weiss constant (©)
were extracted from magnetic susceptibility measurements
(Fig. S67), to incorporate spin-orbital coupling (SOC) and residual
exchange coupling effects,”® respectively. A reduced hyperfine

© 2022 The Author(s). Published by the Royal Society of Chemistry

The dashed black line indicates a perfect correlation.

coupling constant (4},) outputted in the Vienna Ab initio Simula-
tion Package (VASP)** is described by ref. 46 and 47:

AL = %MOYCYIéjéT(r)pS(r—Q—RI)dr (2)

*T3(s)
where pg, Lo, Ye, and o(r)ps are the spin density, the magnetic
susceptibility of free space, the electron gyromagnetic ratio, and
a smeared out ¢ function,* respectively. Al is the reduced form
of A by the expectation value of the z-component of the total
electronic spin, (S,), i.e., A = A, (S,).

Density functional theory calculations

All DFT calculations were performed by using VASP** version 5.4.4.
with the Projector Augmented Wave (PAW) method.” For gener-
ating the datasets of DP and NN-NMR models, the convergence
criterion of self-consistent field (SCF) iterations, K-point, Na pseu-
dopotential, and cut-off energy of the plane-wave basis set is
107% eV, 2 x 2 x 2, Na_pv, and 400 eV, respectively (Fig. S37). The
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total energies and atomic forces were calculated with the Perdew—
Burke-Ernzerhof (PBE)* functional. To better describe the elec-
tronic structures of TM ions that have significant effects on dgc, the
hyperfine coupling constant was calculated with the Strongly Con-
strained and Appropriately Normed® (SCAN) functional. 2 x 2 X 1
supercell models with 88 atoms were utilized for both NMMO and
NNMO, and the cell parameters were fixed as experimental results.*

To reasonably compare the total energies of all types of
NMMO supercell models (Fig. 4c), the cell parameters and
atomic positions were fully relaxed with a higher cut-off energy
of 520 eV that provides more accurate stress tensors. The P2
phase supercell adopted the well-known large-zigzag (LZZ,
Fig. S1d7)**°2 Na' pattern. The 02 supercell adopted a honey-
comb (Fig. Slef) Na' pattern that has the lowest coulomb
energy among enumerated structures implemented in the
Supercell® program.

Deep potential training and deep potential molecular
dynamics simulations

Since the 200 nanoseconds (ns) DPMD simulation trajectories of
P2-NMMO with DFT level accuracy were accomplished in our
previous study,* we directly utilized these trajectories to generate
their >*Na dppr dataset. The DP model of P2-NNMO was also
trained in DP-GEN software® with the same protocol as that of P2-
NMMO described in detail in ref. 20 and 33. After six iterations of
training, exploration and labeling, 1386 configurations were
included in the dataset. The DPMD simulations of supercell
models of P6;/mcm and P6;22 NNMO were carried out by using the
LAMMPS* package with an NVT ensemble at 300 K for 200 ns. All
DPMD simulations started with the LZZ Na* patterns and the time
step was 1 femtosecond (fs).

The NN-NMR model for predicting chemical shifts

For each trajectory, 500 configurations with a time interval of
400 picoseconds (ps) were extracted and labeled, and thus the
DFT datasets of P2-NMMO or P2-NNMO contain 1000 configu-
rations and 16 000 **Na shifts. The SOAP*® vectors of Na* local
environments were generated with the QUIP package and
quippy* interface. The cutoff of the Na* local region (r.), the
standard deviation of the Gaussian (¢), the number of radial
basis functions (fmay), and the maximum degree of spherical
harmonics (Imax) are 5.5 A, 0.5 A, 9, and 9, respectively. The
initialization and training of the NN-NMR model were imple-
mented in Tensorflow®® with the Keras®” Application Program
Interface (API). The hidden layer of the NN-NMR model has
three sequential layers with 512 nodes per layer (Fig. 2a).
Dropouts with a rate of 0.1 and an L2 regularization with A =1
x 10~2 were applied to every layer of the NN-NMR model. The
learning rate starts with 10~ and decays inversely during every
echo with a decay rate of 5. The total no. of echo is 2000. We
performed a 5-fold cross-validation with a training/testing set
fraction of 0.8:0.2 for all NN-NMR models. An early stop
scheme was applied for preventing overfitting. Our encoded
training and testing processes of the NN-NMR model are also
available at https://github.com/chenggroup/nmr.
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Results and discussion

Validation of the ML protocol with P2-type Na,/3(Mg;/3Mny,3)
0,

Given that our previous work>® demonstrated that the two **Na
peaks of P2-NMMO, located at 1522 and 1665 ppm, are in-layer
dynamic averaged *’Na shifts in space groups P6s/mcm and
P6522, which correspond to two stacking sequences of transi-
tion metal layers, Mg”>* ions stack linearly (Fig. S1bf) and
staggered (Fig. S1ct) along the z-axis with a Mg>*/Mn*" honey-
comb superstructure (Fig. S1at), respectively. In this section, we
take P2-NMMO as an example for validating our ML protocol
and the NN-NMR model, computational procedures and
parameters were presented in the Introduction and Methods
sections. Fig. 2b shows that the root-mean-square errors
(RMSEs) between the **Na shift of the testing set calculated with
the DFT method (dppr) and with the NN-NMR model (6nn)
decrease with the number (No.) of dataset structures. When No.
is 1000, the mean value of 5-fold cross-validation RMSEs is
125 ppm with an R square factor (R*) of 0.96. Given that the **Na
shift of P2-NMMO approximately ranges from 0 to 3000 ppm, an
RMSE of 125 ppm indicates that the NN-NMR model of P2-
NMMO is highly accurate (Fig. 2c). Besides, the NN-NMR
model is also highly efficient; the **Na 6y of 50 000 configu-
rations taken from 200 ns DPMD trajectories was predicted on
an NVIDIA GeForce RTX2080 Ti GPU within 40 minutes, which
would take around one year using the DFT method on a single
node composed of 28 parallel Intel Xeon E5-2680 v4 CPU cores.
The prediction speed of the NN-NMR model is limited by
a constant I/O overhead, and the prediction time of a configu-
ration linearly scales with the No. of atoms.

For 50 000 configurations in each DPMD trajectory of P63/
mem and P6;22 NMMO, Fig. 3a shows the histograms of **Na
Onn Separately. Onn is mainly distributed between 0 and
3000 ppm, and the histograms are composed of several broad
Gaussian peaks, suggesting that the dynamic effect on the **Na
shift is significant. Benefiting from the sufficient configurations
of the DP model and **Na shift sampling of the NN-NMR model,
the statistic errors of xy-plane averaged *’Na dny decrease to
sub-ppm (Fig. S10at). The averaged **Na dxy of P63/mcm and
P6,22 is 1638 and 1763 ppm, respectively, which could conclude
the same assignment as our previous work.?®

To assign the Gaussian peaks of **Na dyy histograms and
understand the difference between the averaged *’Na shift of
P6;/mcm and P6;22, we further analyzed the spatial distribu-
tions of the **Na shift. Given that the Na* diffusion paths of P2-
NMMO are two-dimensional (2D, xy-plane) channels, the grid
averaged **Na dyy on the xy-plane could represent the spatial
distributions of the **Na shift (Fig. 3b and c), and the standard
deviations (STDs) of >*Na dyy within the grids are also shown in
Fig. S8a and b.t Then, the site-centered circles with a radius of
0.8 A were utilized for defining the boundaries for all Na sites,
and they include most Na" without double counting, as verified
by the finding that the sum of Onxy histograms of Na sites
approximates to the dxy histogram of the space group (Fig. 3a).
By this means, the Na" occupation fractions and the centered

© 2022 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 (a) Histograms of the 23Na 6y distribution of Na sites in P2-Nay/3(Mgy1,3Mn;/3)O,. The black curves indicate the histogram outlines of the
23Na 6w Of P63/mem and P6322 Nas,5(Mgy,3Mn5,5)O,. The local structures of Na sites are inseted along with their shift histogram, and a scaled
histogram for highlighting Namg-mg sites is also inseted. The averaged 25Na oy of space groups is indicated by the black vertical lines. The
averaged oy Of the Na site and space group is labeled, and the occupation fractions of Na sites were labeled with numbers in brackets. The xy-
plane 2*Na dyy distribution maps of (b) P6s/mcm and (c) P6322 Nay,3(Mgy,3Mn.,3)O,. The dotted circles and rhombi indicate Na sites and unit

cells, respectively.

onn Of distinct Na sites can be quantified. In P6z/mcm, the
centered **Na 6xn Of Nacdge, Nan-vm, and Nayg wg sites is
2085, 960, and 1602 ppm with the occupation fractions of 0.586,
0.411, and 0.003, respectively. In P6;22, the Nacqge (2113 ppm)
and Nayg, mn (965 ppm) shifts, and their Gaussian distributions
well agree with those of P6;/mcm. Moreover, the Nayp,_vg Site
shifts (1373 ppm) approximate to the middle point (1284 ppm)
of Naypmn and Nayg mg site shifts in P6z/mem, which is
consistent with the additive character of dgc.” Therefore, the
lower occupation fraction of the lowest shift site (Nayp-wmn)
and the higher occupation fraction of the highest shift site
(Naym-mn) mainly contribute to the higher averaged **Na shift
of P6;22.

In our previous method,” the **Na shifts of Na sites were
calculated with the DFT optimized (i.e., 0 K) LLZ Na' pattern
(Table 1, é.z,), and the averaged shift of the space group is the
occupation weighted shift of distinct Na sites, which neglected
the dynamic effect on the **Na shifts. To clarify the significance
of the dynamic effect, we calculated the 0;7z with the DFT
method and compared it to the centered **Na dyy of Na sites.
Except for the d;7; of the Nacgqe site (2102-2160 ppm) that
approximates to its centered **Na oy, the 617z of Naypm v,
Nayg-mg, and Nay,_wg sites is 503, 1494, and 1052 ppm, which
are considerably lower than their centered **Na oy, 960, 1602,
and 1373 ppm, respectively. As a result, the averaged shifts of
P6;/mcm and P6322 calculated with the LZZ pattern are 1452 and

© 2022 The Author(s). Published by the Royal Society of Chemistry

1640 ppm, which are lower than those (1638 and 1763 ppm)
calculated with the ML protocol, respectively. Given that
experimental shifts*® are 1552 ppm (P6;/mcm) and 1665 ppm
(P6522), the overestimated shifts of the ML protocol probably
are attributed to the errors of the SCAN functional. Comparing
with the experimental shift difference (143 ppm) of the two
space groups, the ML protocol (125 ppm) gives a better agree-
ment than that calculated with the LZZ pattern (188 ppm).
Besides, the ML protocol could calculate the dynamically aver-
aged NMR shift without defining alkali-ion sites, which enables
its wide application. For instance, the super-ionic conductors
(SICs) that typically have three-dimensional (3D) alkali-ion
transport channels and flexible structural frameworks,”® or
even electrolytes, in which the alkali-ion sites are not always
well defined. It should be noted that most SICs and electrolytes
are diamagnetic, and the computational method of their
chemical shifts is different from that of paramagnetic elec-
trodes.® Moreover, the time-averaged **Na dyy simulated with
different periods of time indicates how the shifts of distinct
sites merge into the dynamic NMR shift (Fig. S117).

Revealing the fine structures of P2-type Na,,3(Nij;sMn,/3)0,

Since our ML protocol was successfully validated in P2-NMMO,
herein, we extended its application to rationally assign the
debated dynamic *’Na NMR shift of as-synthesized P2-
NNMO.>*** Firstly, we synthesized P2-type NNMO with the

Chem. Sci., 2022, 13, 7863-7872 | 7867


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d2sc01306a

Open Access Article. Published on 13 June 2022. Downloaded on 6/20/2026 10:30:19 AM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Chemical Science

View Article Online

Edge Article

Table1 Computational and experimental >*Na NMR shift of P2-type Nay/5(Mga/sMn,,3)0,. 6.2z is a >*Na shift calculated with the LZZ Na™ pattern,
Onn is the centered 2Na shift predicted with the NN-NMR model and 50 000 configurations, and dexp is the experimental 23Na shift reported in

ref. 20
Space group Sites Occupation fractions Orzz/Ppm Onn/ppm Oexp (ref. 20)/ppm
P63/mem Ny mn 0.411 503 1452 960 1638 1522
Name mg 0.003 1494 1602
Naedge 0.586 2102-2133 2085
P6,22 Nayn-mn 0.242 1640 965 1763 1665
Namn-mg 0.102 1052 1373
Naeqge 0.656 2139-2160 2113

procedure described in ref. 60. As shown in Fig. 4a, the PXRD
diffraction signal can be indexed to the space group P6s/mmic,
a hexagonal phase with cell parameters a = b = 2.88915 A and ¢
= 11.14482 A, which is consistent with ref. 24, 28, 31, 61 and 62.
Fig. 4b shows the MAS NMR **Na spectra at RT, two isotropic
shifts located at 1493 (peak 1) and 1406 (peak 2) ppm that well
agree with Clément et al.'s* results (1510 and 1422 ppm).

To evaluate the thermodynamic stabilities of debated struc-
tures®** and other possible structures, we performed DFT
calculations of the total energy of related supercell models (see
the Methods section). Fig. 4c shows the relative total energies
(RTEs) of supercell models by taking the total energy of the
P6522 NNMO supercell as a reference. First of all, one Ni**/Mn**

disordering results in a RTE of 0.40 eV per supercell, agreeing
with the Ni**/Mn®" honeycomb superstructure that was evi-
denced by neutron diffraction (ND).** Second, the O2 phase is
thermodynamically very unstable with a RTE of 2.74 eV per
supercell. Besides, the simulated PXRD patterns of a randomly
mixed P6322-P6s/mc (P2-02) structure show that a 10-20%
mixing O2 phase could lead to remarkable broadening of (004),
(104), and (106) peaks (Fig. S1271), which was not observed in the
recorded PXRD pattern (Fig. 4a). Therefore, the O2 phase is
unlikely to exist in as-synthesized P2-NNMO and was excluded
from further investigations. Finally, P6;/mcm has a very close
RTE (0.04 eV per supercell) with P6;22, indicating the possibility
of a mixture of P6;/mcm and P6522. Note that both P6;/mcm and
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S P6,/mmc Ref.
£ R,=4.89%
= ) R, =8.06% _
< ©
i i‘ L.‘—l A ‘ A A\ g
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Fig.4 (a) PXRD of P2-type Nay,3(Niy;sMn,,3)O, and its refinement. The fitting good parameters R, and R, are labeled. (b) The 25Na MAS ssNMR
spectra of P2-type Na,/3(Niy;sMn5,3)O, and fitting curves, in which the peaks of isotropic shifts are labeled with “+", and the shift and its fractions
are labeled with colored numbers without and with brackets, respectively. (c) Supercell structures of Na/z(Niy;sMn5,3)O, and their relative total
energies (RTEs). For clarification, only underlayer Na prisms were shown in all structures.
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Fig. 5 (a) Histograms of the 2*Na ény distribution of Na sites in P2-Na,,3(Niy;sMn.,3)O,. The black curves indicate the histogram outlines of the
ZNa dnn of P63/mecm and P6322 Nas,s(NiysMn,,5)O,. The local structures of Na sites are inseted along with its shift histogram. The averaged
25Na onn of space group is indicated by black vertical lines. The number of averaged éyy for the Na site and space group is labeled, and the
occupation fractions of Na sites are labeled with the numbers in brackets. The xy-plane 2*Na shift distribution maps of (b) P6s/mcm and (c) P6522
of P2-Nay/3(Niy;3Mn5,3)O0,. The dotted circles and rhombi indicate Na sites and unit cells, respectively.

P6322 are secondary phases of P6;/mmc with a prerequisite of
a Ni**/Mn*" honeycomb superstructure, and the superstructure-
related XRD peaks should reflect the stacking sequences of TM
layers.?® However, the Ni**/Mn** superstructure is invisible for
X-rays because Ni** and Mn*" have similar atomic numbers,
and the PXRD patterns of mixed P6;/mcm-P6;22 keep constant
among all ranges of fraction ratios (Fig. S12t). Therefore,
extending the NMR methodology to identify these indistin-
guishable structures is very useful as an example of a good
compensation for PXRD.

To provide the NMR evidence of P6z/mcm-P63;22 mixed
stacking in P2-NNMO, we applied our novel ML protocol for
calculating the dynamic **Na NMR shift of P6;/mcm and P6;22.
Fig. S21 shows that the RMSE of energies and forces between
the well-trained DP model and DFT method is 2.80 x 10~ * +
6.24 x 10 eV per atom and 1.24 x 10 2 +2.87 x 10 *eVA !,
respectively, suggesting that the DP model reaches the DFT level
accuracy. For the accuracy of the NN-NMR model, the RMSE and
R® coefficient of the **Na shift calculated between with the NN-
NMR model and with the DFT method are 83 ppm and 0.97,
respectively (Fig. S51). With the help of the highly accurate and
efficient DP and NN-NMR model, the **Na shifts of 50 000
configurations in 200 ns DPMD simulations were predicted for
each space group, and the averaged shift of P6;22 and P63;/mcm
is 1721 and 1636 ppm with negligible statistical errors, respec-
tively (Fig. S10b¥). Consequently, peak 1 (1493 ppm) and peak 2
(1406 ppm) in Fig. 4b were assigned to the averaged *’Na shift of

© 2022 The Author(s). Published by the Royal Society of Chemistry

P6,22 and P6;/mcm, respectively. Thus, we concluded that P2-
NMMO is composed of a mixed stacking of P6;22 and P6,/
mcm with a fraction of 0.82 and 0.18, respectively.

To understand the averaged shift differences of P6322 and
P6;/mcm NNMO, we adopted the same analysis approach as that
of P2-NMMO. The Gaussian peaks in **Na dyy histograms
(Fig. 5a) were assigned according to the xy-plane >*Na dyy maps
(Fig. 5b and c). The averaged **Na dxy 0f Naedge, Naym-am, and
Nay;_n sites is 1899, 1225, and 831 ppm with an occupation
fraction of 0.651, 0.289 and 0.060 in P63/mcm, respectively. The
averaged *’Na Oy of Naedge, Namn-mm, and Naym_n; sites is 2031,
1275, and 1015 ppm with an occupation fraction of 0.665, 0.128,
and 0.207 in P6,22, respectively. It is apparent that the higher
Nacgge shift of P6;22 (2031 ppm) than that of P6s/mcm (1899
ppm) is the main reason for the higher averaged shift of P6;22
P2-NNMO.

The effect of different P2-type stacking sequences (P6;/mcm
and P6;22) on Na" mobilities

After the stacking sequences of TM layers in P2-type NMMO and
NNMO were clearly revealed by combining the NMR experiment
and our ML protocol, a remaining question is how these
stacking sequences affect Na* mobilities. Thanks to sufficient
sampling of Na" hopping during 200 ns DPMD simulations, the
diffusion coefficients of Na* (Dy,) could be estimated from the
root-mean-square-displacement (RMSD) of Na' with a minor
STD® (Fig. S9a and bf). Interestingly, the Dy, of P6s/mcm
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NMMO (1.0 x 10”7 em? s7 ') is lower than that of P6;22 NMMO
(4.4 x 1077 cm® s7") by over four times,*® while the Dy, of P6522
NNMO (1.0 x 10~° cm?® s7') is similar to that of P63/mcm NNMO
(9.6 x 1077 em® s~'). To understand the difference between
NMMO and NNMO, we proposed a significant blockage effect of
Mg>* on Na* diffusion. Fig. S71 shows the xy-plane Na* distri-
bution maps of P2-type NMMO and NNMO obtained from
DPMD trajectories, showing honeycomb Na' diffusion chan-
nels. In P63/mcm NMMO, low Na* occupation of Nayg-mg Sites
indicates a blockage effect of Mg®" on Na' diffusion, and the
blockage effect is mitigated in P6;22 NMMO since Mg>" is
staggered along the z-axis (Fig. S1ct), resulting in a higher Dy,.
In contrast, Ni** has no such blockage effect on the Na* diffu-
sion of P2-NNMO as the occupations of Nayi-ni and Naym-mn
sites are similar in P6;/mcm NNMO. Therefore, the staggered
arrangement of Ni*" in P6;22 NNMO cannot significantly
improve the Dy,. Given that both Mg®" and Ni*" are divalent and
Mg-0 and Ni-O bonds also have similar lengths of about 2.1 A,
we suggest that the different nature of Mg-O (more ionic) and
Ni-O (more covalent) bonds may be responsible for the
discrepancy, and a full understanding would merit future
investigations.

Conclusions

To fast predict the NMR chemical shift of paramagnetic battery
materials within DFT accuracy, we presented a machine
learning (ML) model, named NN-NMR model that is based on
local structure descriptors and a Neural Network (NN). For
validation, the NN-NMR model predicted the **Na shift of P2-
type Nay/3(Mgy3Mn,,3)0, with high accuracy compared to the
DFT values. The NN-NMR model enables us to calculate the
chemical shifts of a supercell model with 88 atoms within tens
of milliseconds on a GPU, reducing the computational time by
several orders of magnitude compared to that of the DFT
method on CPUs. Also, its computational cost scales linearly
with the No. of atoms, and thus the model can be readily
applied to very large systems.

We further developed a novel machine learning (ML)
protocol to calculate the dynamic NMR shift with DFT accuracy,
which combines the machine learning potential (MLP) model
and NN-NMR model for accelerating the configurational
sampling and chemical shift prediction, respectively. Thanks to
sufficient sampling of both configurations and chemical shifts
during 200 nanoseconds (ns) MLPMD simulations, the dynamic
*’Na shifts of P2-Na,3(Mg;,3Mn,;3)0, and P2-Nay;(Niy;sMn,;3)
O, calculated with the ML protocol have negligible statistical
errors and agree with our >>Na MAS NMR experimental results.
Consequently, two experimental **Na shifts of P2-Na,3(Niy,
3Mn,,3)0, were assigned to the dynamic averaged **Na NMR
signal in two stacking sequences of transition metal (TM) layers,
i.e., space group P6322 (1493 ppm) and P6s/mcm (1406 ppm),
and their fractions were quantified to be 0.82 and 0.18 for the
first time, respectively. Besides, comparing the diffusion chan-
nels and coefficients of Na" in P2-Na,/3(Mg/3Mn,,3)0, and P2-
Na,3(Nij;3Mn,/3)0, obtained from MLPMD simulations, we
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found that Mg** has a blockage effect on Na* diffusion while
Ni** has not.

To decouple the effects between local environments and
dynamic information behind dynamic NMR spectra, the ML
protocol presented here can be easily extended to other fast
dynamic systems, such as solutions, diamagnetic solid-state
electrolytes (SSEs), etc., and to other nuclei, which will stimu-
late future work.

Data availability

The python workflow and raw datasets for training and testing
the NN-NMR model of P2-type Na,;3(Mgy,3Mn,/3)O, are available
at https://github.com/chenggroup/nmr upon request.
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