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Predicting novel superconducting hydrides using machine learning approaches
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The search for superconducting hydrides has, so far, largely focused on finding materials exhibiting the highest
possible critical temperatures (7;.). This has led to a bias toward materials stabilized at very high pressures,
which introduces a number of technical difficulties in experiment. Here we apply machine learning methods in
an effort to identify superconducting hydrides that can operate closer to ambient conditions. The output of these
models informs subsequent crystal structure searches, from which we identify stable metallic candidates prior to
performing electron-phonon calculations to obtain 7. Hydrides of alkali and alkaline earth metals are identified
as especially promising; of particular note, a 7. of up to 115 K is calculated for RbH;, at 50 GPa, which extends
the operational pressure-temperature range occupied by hydride superconductors toward ambient conditions.
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I. INTRODUCTION

While hydrogen is predicted to be a room-temperature
superconductor at very high pressures [1], metal hydrides, in
which the hydrogen atoms are “chemically precompressed,’
are predicted to exhibit similar behavior in experimentally
accessible regimes [2,3]. In recent years, potential super-
conductivity has been investigated in many compressed hy-
drides, including scandium [4], sulfur [5-7], yttrium [8-15],
calcium [16], actinium [17], thorium [18], pnictogen [19],
praseodymium [20], cerium [21,22], neodymium [23], lan-
thanum [10,11,15,24-26], and iron hydrides [27-29]. Sev-
eral reviews summarizing recent developments in the field
are available [30-35]. Inspired by known superconductors,
researchers have also attempted to increase 7, by chemical
means: replacing atoms in known structures and assessing
stability and superconductivity [36], doping known binaries
with more electronegative elements to make ternary hydrides
[37], and mapping alchemical phase diagrams [38].

Experimental measurements of superconductivity in high-
pressure hydrides have helped to address several misconcep-
tions about conventional superconductivity, fueling hope that
it may be achieved at ambient temperature and waving a
definitive farewell to the Cohen-Anderson limit [39]. The as-
sociated theoretical studies have demonstrated that the crystal
structures and superconducting properties of real materials
can now be accurately predicted from first principles.

In this work, we train machine learning models on a set
of literature data for superconducting binary hydrides. Ma-
chine learning has previously been used in modeling hydride
superconductors, with a focus on predicting the maximum
obtainable critical temperature for a given composition [40].
However, on examination of the literature (see Fig. 1), it
becomes apparent that the pursuit of superconductivity close
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to ambient conditions is as much about reducing the required
pressure as it is about increasing the critical temperature. This
is especially important given that working at high pressure
can often present a far greater experimental challenge than
working at low temperature. In this work, we therefore model
critical temperature and operational pressure on an equal foot-
ing. Our models are used to inform the choice of composition
for crystal structure searches and subsequent electron-phonon
calculations, with the aim of extending the operation of hy-
dride superconductors toward ambient conditions.

II. TRENDS IN HYDRIDES

A large amount of computational—and some
experimental—data for the binary hydrides is available
in the literature [4,9-14,16-18,20,24,25,28,40-85] (values
from these references form our dataset, shown in Fig. 1). In
some subsets of hydrides, certain material properties show
a simple dependence on the properties of the nonhydrogen
element. For example, in the alkaline earth hydrides, the
van der Waals radius of the ion is well correlated with
the metallization pressure [86]. However, obtaining strong
electron-phonon coupling at low pressures is, in general,
a more complicated process; simple correlations between
composition and operational pressure or critical temperature
are therefore absent in the dataset as a whole. We look at
more complicated trends by constructing machine learning
models of critical temperature and operational pressure that
take as input a set of easily obtained material descriptors. For
a particular element E and corresponding binary hydride EH,,
these descriptors are as follows:

(i) Hydrogen content (7).

(i1) Van der Waals radius of E.

(iii) Atomic number of E.

(iv) Mass number of E.

(v) Numbers of s, p, d, and f electrons in the (atomic)
electron configuration of E.
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FIG. 1. The critical temperatures of binary hydrides at various pressures found in the literature are shown as circles. Materials on the
frontier toward ambient conditions are labeled. Multiple points with the same stoichiometry arise from 7, for a particular phase calculated
at different pressures, or from different structural phases of the same material. New structures found in this work, with 7, calculated using
DFPT (as reported in Table I), are shown as translucent squares; of note is /mmm-RbH,, (labeled, see also Fig. 6), which extends the frontier

significantly.

Once constructed, we apply the model to all materials with
the chemical composition EH,,, where E is any element in
the Periodic Table and n € [1, 2, ..., 32) [87]. From these,
the materials that are predicted to exhibit superconductivity
closest to ambient conditions serve as a guide for searches for
new binary hydrides.

A. Neural network

We train a fully connected neural network (using the Keras
frontend to the Tensorflow machine-learning library [88,89]),
with the topology shown in Fig. 2, on the dataset shown in
Fig. 1. The squared absolute error |(AT,, AP)|? between the
predicted and literature values serves as our cost function,
which we minimize using the Adam stochastic optimizer [90].
The input (and expected output) data are positive-definite
and therefore have a nonzero mean and are not normally
distributed, prompting the use of self-normalizing activation
functions [91,92] to improve training behavior. Since the num-
ber of data points is comparable to the number of parameters
in our network, the risk of over-fitting becomes significant.
To mitigate this, we split the data into a randomly selected
validation set (consisting of 25% of the initial data points)
and a training set (consisting of the other 75%). Once the
model starts overfitting to the training data, the validation
set error starts to increase, allowing us to choose the model

parameters from the training epoch for which the validation
set error is minimal. We cross-validate the results by repeating
this process 64 times and averaging the predictions—this is
an approximation of leave-p-out cross-validation with p =
25% of the dataset. We also apply L, regularization to the
parameters in the intermediate dense nodes to decrease the
propensity for overfitting, improving the convergence of this
cross-validation scheme.

vdW radius of E ()

Mass number of E

n (hydrogens per E)
Atomic number of E

s electrons in config. of E
p electrons in config. of E
d electrons in config. of E
f electrons in config. of E .m

FIG. 2. Topology of our neural network model. An input layer is
fed to the material descriptors for the hydride £H,, one per input
node. This layer then feeds two densely connected intermediate
layers (of 32 nodes each), the last of which feeds the output layer
with one temperature node and one pressure node.
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FIG. 3. Behavior of our machine learning model of critical tem-
peratures and associated operational pressures for binary hydrides.
The correlation between the predicted and observed values for the
data in the literature is shown, as well as the resulting distribution of
pressures and temperatures when the model is applied to the set of
all possible binary hydrides as defined in Sec. II.

B. Model behavior

The basic behavior of the machine learning model is shown
in Fig. 3. We see that it achieves a reasonable correlation
with the literature values and predicts sensible pressures and
temperatures for unseen materials. To gain insight into proper-
ties that favor ambient-condition superconductivity, we define
a measure of distance D = |(P, T, — 293)|,. This distance
decreases as we move toward ambient conditions from the
pressure-temperature region containing the known hydrides
(see Fig. 1). In Fig. 4 we plot the distribution of material
properties for the 10% of hydrides predicted to exhibit su-
perconductivity closest to ambient conditions (i.e., the 10%
with lowest D). We can see that the model predicts the
heavy alkali and alkaline earth metal hydrides to be the best
candidates, with the number of close-to-ambient materials
then decreasing as we go across each period. The distribution
of the number of hydrogen atoms is more uniform, suggesting
it is necessary to consider a range of different stoichiometries
for each composition. These conclusions are reinforced by
the construction of a simple linear regression model [93],
which reproduces the general trends exhibited by the machine
learning model (but, unsurprisingly, exhibits worse correlation
with the literature values). The predicted optimal (minimum
D) hydride compositions from the machine learning model are
shown for each element of the Periodic Table in Fig. 5.

We note that the points included in our dataset will be of
varying quality, come from different research groups, and are
of both experimental and theoretical origin. The majority are
theoretical and calculated within the harmonic approximation.
Although it has been shown that anharmonicity can affect the
calculated critical temperature for hydrides [7,94], there are
insufficient data in the literature to build a model exclusively
from anharmonic results. However, since we only seek to
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FIG. 4. Distribution of hydrogen atoms per nonhydrogen atom
and atomic number of the nonhydrogen element for the 10% of
hydrides that our machine learning model predicted to exhibit super-
conductivity closest to ambient conditions (i.e., the 10% with lowest
D). Black dashed lines indicate the atomic numbers of alkali metals.

extract general trends, which will serve simply to inform areas
of focus for structure searching, the dataset is sufficient for our
purposes.

III. STRUCTURE SEARCHING

The models constructed in the previous section point to-
wards the alkali and alkaline earth metal hydrides as some
of the best candidates for superconductivity near ambient
conditions. From these, we studied caesium and rubidium
hydrides; these systems were chosen due to their predicted
proximity to superconductivity at ambient conditions (see
Figs. 4 and 5) and the fact that they have not been studied
extensively in the past, unlike the hydrides of other elements
in these two groups. Caesium and rubidium polyhydrides have
been studied previously using structure searching methods in
Refs. [95] and [96], respectively, although potential supercon-
ductivity was not investigated in either case.

Our structure searching calculations were performed using
ab initio random structure searching (AIRSS) [97,98] and
the plane-wave pseudopotential code CASTEP [99]. Since our
models suggest that a wide range of stoichiometries should be
considered, convex hulls were constructed using AIRSS and
ghull [100] in order to identify those which are stable at 50,
100, and 200 GPa [93]. The Perdew-Burke-Ernzerhof (PBE)
generalized gradient approximation [101], CASTEP QCS5
pseudopotentials, a 400 eV plane-wave cutoff and a k-point
spacing of 27t x 0.05 A~! were used in all searches. The Cs-H
convex hulls calculated in this work at 100 and 200 GPa both
partially agree with the hull calculated at 150 GPa in Ref. [95].
Once stable stoichiometries had been identified, additional
AIRSS searches for RbH3, RbH5, Rng, RbH” , RbH]z,
CsHs, CsH7, CsH3, and CsH;s using the same parameters
and pseudopotentials were performed at 100 and 200 GPa.
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FIG. 5. The Periodic Table of optimal binary hydrides according to our machine learning model. The predicted critical temperature,
corresponding pressure, and optimal hydrogen content are shown for each element. Elements are colored according to the predicted distance
from ambient-condition superconductivity D = |(P, T, — 293)|. Inset: the distribution in pressure-temperature space of these predictions. We
note that we did not explicitly prevent the neural network from predicting negative critical temperatures and it does so for MnH. However, in
general, the machine learning model has learned that critical temperatures should be positive (see the lower right panel of Fig. 3).

IV. SELECTING CANDIDATE STRUCTURES

For each selected stoichiometry, the enthalpy was calcu-
lated as a function of pressure for the most stable structures
arising from the AIRSS search. These geometry optimizations
were performed using QUANTUM ESPRESSO [102,103], the

TABLE 1. Critical temperatures calculated using DFPT for
promising hydride compositions. The structures listed here were
found in this work using AIRSS and are available in an online
repository [110]. The data in this table are also shown in Fig. 1 for
comparison with previous results in the literature.

Stoichiometry Space group Pressure (GPa) T. (K)
RbH |, C2/m 50 108
RbH,, C2/m 100 129
RbH; C2/m 150 133
RbH, Cmcem 100 82
RbH,, Immm 50 115
RbH;, Immm 100 119
RbH, Immm 150 126
CsH; P1 100 90
CsH; I4mm 100 34
CsH; P4mm 100 33
CsH; 14 /mmm 100 10
CsH; Cm 100 5
CsH; Cmc2, 100 89
RbH; Pmma 100 0
RbH; Cmmm 100 0

PBE functional, a 950 eV cutoff, ultrasoft pseudopotentials
[93], and a k-point spacing of 277 x 0.02 A~!. The electronic
density of states (DOS) at the Fermi energy was also evaluated
for each structure at 50 and 150 GPa in order to identify
metallic structures. We were then able to limit our interest to
structures that were both energetically competitive (according
to the enthalpy plots) and had a considerable DOS at the
Fermi energy in the low-pressure region (25-125 GPa). Full
lists of the competitive structures predicted here are avail-
able, along with the enthalpy plots and DOS values, in the
Supplemental Material [93]. The remaining candidates, for
which electron-phonon coupling calculations were performed,
include C2/m-RbH;,, Immm-RbH;,, and various CsH; and
RbHj structures (see Table I).

V. ELECTRON-PHONON COUPLING
AND SUPERCONDUCTIVITY

The Hamiltonian of a coupled electron-phonon system is
given by

1
H = Y cuclien + Yo (dhan + 1)

kn qv

1
+ = 2 gk g ey +al ). (D)
P kgmnv

In this work, we calculate the electronic Kohn-Sham eigen-
values €,;, phonon frequencies w,,,, and electron-phonon
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FIG. 6. The Eliashberg function for Immm-RbH;; and
Pmma-RbH; found in our AIRSS searches (see Table I). It is clear
to see the enhanced high-frequency part of the Eliashberg function
for Immm-RbH,, arising from the hydrogen cage. In contrast, the
Eliashberg function for the layered RbHj structure does not extend
to such high frequencies. This effect can also be seen from the
phonon linewidths (plotted along with the phonon dispersion in the
Supplemental Material [93]).

coupling constants g,,,,(k, ¢) appearing in H from first prin-
ciples using density functional perturbation theory (DFPT)
as implemented in the QUANTUM ESPRESSO code [102,103].
The resulting Hamiltonian is then treated within Migdal-
Eliashberg theory [104—106] where we solve the Eliashberg
equations using the ELK code [107]. This gives us the super-
conducting gap as a function of temperature, from which we
obtain a prediction for 7.

To carry out these calculations, we use the PBE functional,
the same ultrasoft pseudopotentials as in the geometry opti-
mizations, an 820 eV plane-wave cutoff, and a gq-point grid
with a spacing of ~27 x 0.1 A~! (e.g., a 2 x 2 x 2 grid for
a 26-atom unit cell of RbH|,). Two separate k-point grids
are used (of 6% and 8 times the size of the q-point grid,
respectively), allowing us to determine the optimal double-§
smearing width necessary to calculate the critical temperature
[15,108].

Electron-phonon calculations were performed for a range
of competitive RbH,, CsH7, and RbHj structures predicted in
this work, and the results are shown in Table I. The highest-T,
results arise from structures with a cagelike arrangement of
hydrogen atoms surrounding a central nonhydrogen element.
The electronic states that originate from these cages are near
the Fermi level, and they are strongly coupled together by
cage vibrations. This provides the phonon-mediated pair-
ing mechanism necessary for conventional superconductivity.
Combined with a high average phonon frequency, due to
the light mass of the hydrogen atoms, this results in a high
critical temperature (cf. the Allen-Dynes equation [109]). This
can be seen directly by looking at the Eliashberg function,
shown in Fig. 6, for two illustrative structures from Table 1.
The enhanced high-frequency portion of the Eliashberg func-
tion for the high-7, cagelike RbH, structure is apparent. In
contrast, strong electron-phonon coupling is absent at high
phonon frequencies for states near the Fermi level in the
layered RbHj3 structure, leading to a negligible 7. It is perhaps

unsurprising that our machine learning model suggests such
compositions, despite their resulting unfavorable structures,
as it is trained on mostly cagelike structures. As a result, the
model may implicitly assume that compositions it is given will
behave as if they adopt cagelike arrangements, leading to an
overestimation of 7;.. Despite this, most of the structures found
are high-T, cagelike superconductors, of which /mmm-RbH,
is particularly interesting due to its location in Fig. 1.
Supplementing structure searching techniques with predic-
tions from machine learning has allowed us to target novel
regions of pressure-temperature space. We have therefore
been able to identify low-pressure hydride superconductors
without having to perform a large number of expensive
electron-phonon calculations. It can be seen from Fig. 1 that
the hydrides predicted in this work are biased towards ambient
conditions when compared to the dataset as a whole.

VI. TESTING POTENTIAL SCREENING TECHNIQUES
FOR HIGH-T, CANDIDATES

In this work, we also tested two potential methods for
cheaply estimating 7. ordering between structures. Good
superconductivity in hydrides generally requires hydrogenic
states close to the Fermi level, which (as exemplified by
the findings of this work) often means favoring cagelike
structures and avoiding structures with molecular-character
H; units. It is therefore possible that the hydrogen-derived
DOS normalized by the total DOS at the Fermi energy,
Ny (Ep)/N(EF), may give some indication of whether a par-
ticular structure will exhibit high-7, superconductivity. Here
we also consider the hydrogen-derived electron-phonon cou-
pling estimates (y) from Gaspari-Gyorffy theory [111] and
test whether these two quantities could provide a method for
ranking different structures (of the same stoichiometry and
at the same pressure) before performing expensive electron-
phonon calculations. We implemented Gaspari-Gyorffy the-
ory within the ELK code [107]. The basics of this theory and
its use here are explained in Appendix.

The calculated 7. values for the structures predicted and
studied in this work allowed us to directly assess these poten-
tial screening methods. We observe that ny correctly predicts
the T. ordering for the RbH, structures at fixed pressure,
as was the case for the LaH;p and YH;( systems on which
preliminary tests were performed [93]. The two quantities
tested here often predict the same general trends, but the
DOS ratio is cheaper to calculate since it can be obtained
using a pseudopotential code. Unfortunately, Ny (Er)/N(EF)
appears to be much less predictive for the CsH; structures, and
the performance of ny is also mixed [93]. The use of these
quantities for screening applications therefore requires further
investigation and testing in a wider variety of systems.

VII. CONCLUSIONS

Having identified the need to reduce the operational pres-
sure of hydride superconductors, we searched for crystal
structures that would exhibit superconductivity in novel re-
gions of pressure-temperature space. We found that guid-
ing structure searching techniques using a machine learn-
ing model allowed us to target the most promising regions.
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Specifically, we constructed models of critical temperature
and operational pressure trained on the available theoretical
and experimental results for binary hydride superconductors.
Several novel systems were identified as promising super-
conductors closer to ambient conditions; here we focused
on Cs and Rb hydrides, using AIRSS to identify stable sto-
ichiometries and predict crystal structures. Other promising
candidates included Ca, Sr, Ba, Ra, Ac, Th, La, and Sc
hydrides, most of which had already been theoretically studied
to some extent [4,10,11,16-18,26,35,55,73,79,84]. Critical
temperatures of energetically competitive candidate structures
were then calculated from first principles using DFPT. A T,
of up to 115 K was calculated for RbH;, at 50 GPa, which
represents a significant extension toward ambient-condition
superconductivity from our dataset.
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APPENDIX: GASPARI-GYORFFY THEORY

McMillan [114] showed that for strong-coupled supercon-
ductors, the electron-phonon coupling constant, A, can be
expressed as

/ doa*()F(w) N(Ep)(I?)
=2 =
w M (?)

(AD)

A can also be reformatted as

_ n

M (0?)’
where 7 is the so-called Hopfield parameter. Hopfield was one
of the first to stress the importance of the local environment in
determining A [115]. In situations in which we have nearly

perfect separation of vibrational modes into those of different
atomic character (such as we may see in hydrides), we can

write

(A2)

where j is the atom type.

The quantity (I?) appearing in Eq. (A1) can be approxi-
mated using Gaspari-Gyorffy (GG) theory [111]. Recent work
has emerged using this theory for metal hydrides under high
pressure [36,116] despite it originally being designed for
elemental transition metals. The theory, based on the rigid
muffin-tin approximation (RMTA), relies on several approx-
imations [116] and allows us to reformulate the electron-
phonon interaction in terms of phase shifts for a scattering
potential. A self-consistent DOS calculation is thus all that is
required to calculate (/%) for each atom type and hence obtain
n;. The GG equation is

Erp Z 2(1+1, 1) sin® (8141 — 8)Ni(Er )N +1(Er)

7'[2N2(EF) NI(I)NI(J]r)l

(ry=

1
(A3)

where Nl(l) is the free-scatterer DOS given by

Rmr
NY = ?(21 +1) / RX(r, Ep)r’dr  (A4)
0
and the §; are the scattering phase shifts. Here Ryt is the
muffin-tin radius associated with atom type j, and R; is
the scattering solution of the Schrodinger equation. The phase
shifts, which characterize the long-distance behavior of the
wave function, can be written in terms of the logarithmic

derivative of the radial wave function,

Ji(kRyr) — ji(kRyr )Ly (Ryir, EF)

1) (kRwir) — ny(kRur)Li (Rur, Er)’
(AS5)

tan (8;(Rwr, Er)) =

where k = \/Er, Ly = R} /R, is the logarithmic derivative, j;
are spherical Bessel functions, and n; are Neumann functions.
We can therefore directly calculate the logarithmic derivative
and use Eq. (A5) to obtain the phase shifts [117].

Since M (a)ﬁ) is often considerably smaller for hydrogen
than for the other components, it is clear from Eq. (A2) that
the hydrogen atoms can provide a considerable fraction of
A even if the Hopfield parameter of the other atom type is
similar in magnitude. Calculating ng can therefore, in some
cases, provide a cheap screening method for identifying
potential high-T; hydrides. In particular, the average phonon
frequencies for different structures are often similar when
considering the same stoichiometry at the same pressure. If
the average phonon frequencies are assumed to be exactly
equivalent in such cases, we then arrive at a potential way
of estimating 7, ordering between structures, simply by
considering ny. It is in this context that we assess the utility
of GG theory in this work.
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