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ABSTRACT: Medium-range order (MRO) is a key structural
feature of amorphous materials, but its origin and nature remain
elusive. Here, we reveal the MRO in amorphous arsenic (a-As)
using advanced atomistic simulations, based on machine-learned
potentials derived using automated workflows. Our simulations
accurately reproduce the experimental structure factor of a-As,
especially the first sharp diffraction peak (FSDP), which is a
signature of MRO. We compare and contrast the structure of a-As
with that of its lighter homologue, red amorphous phosphorus
(a-P): we find that a-As has a more uniform dihedral-angle
distribution, and so we confirm that its structure can be thought of
as a 3-fold coordinated continuous random network in first approximation, in contrast to the more molecular-cluster-like structure of
a-P. The pressure-dependent structural behaviors of a-As and a-P differ as well, and the origin of the FSDP is closely correlated with
the size and spatial distribution of voids in the amorphous networks. Our work provides fundamental insights into MRO in an
amorphous elemental system, and more widely it illustrates the usefulness of automation for machine-learning-driven atomistic
simulations.

■ INTRODUCTION
The central structural feature of amorphous materials, beyond
the short-range order of nearest-neighbor coordination shells,
is the medium-range or intermediate-range order (MRO/IRO)
at distances of 5−20 Å.1 For many years, studies of MRO have
advanced our fundamental understanding of amorphous solids,
and now such studies could help to “design” amorphous
functional materials2 based on the correlation of MRO with
macroscopic properties.3,4 For example, enhanced MRO in
vapor-deposited GeO2 glass, identified through Raman spectra,
was shown to be associated with reduced room-temperature
internal friction.5 In addition, an increase of MRO has been
linked to increased thermal conductivity in a-Si,6 a-Ga2O3,

7

and a-C.8 Experimental techniques, such as X-ray or neutron
scattering, have been widely used to probe MRO for different
systems. In particular, the first sharp diffraction peak (FSDP)
in the structure factor, S(Q), has long been regarded as a
signature of MRO.9−11 However, extracting and interpreting
structural information about MRO from experimental
scattering data is nontrivial, which is further complicated by
its sensitivity to pressure12,13 and compositional variations.14

An interesting fundamental question is what similarities or
differences exist in the MRO of elemental glasses within the
same group of the Periodic Table. In the present work, we will
address this question for two group-15 elements, phosphorus
(P) and arsenic (As). The crystalline allotropes are now well
understood, and P is particularly rich in structures: exhibiting
puckered layers in black P, complex tubular structures in violet

P, and tetrahedral P4 molecules in white P. The heavier
homologue, As, also adopts diverse structures, from gray As,
which is isostructural with high-pressure rhombohedral P, to
yellow As comprising As4 molecules. In terms of the disordered
state, amorphous phosphorus (a-P) displays pronounced
MRO, characterized by clusters formed primarily of five-
membered rings.13,15,16 In contrast, the MRO of amorphous
arsenic (a-As) and its structural relationships with the
crystalline allotropes remain to be explored.
Insights into the structure of amorphous materials are

increasingly obtained from molecular-dynamics (MD) simu-
lations which can directly probe MRO at the atomic scale,
complementing experiments. By topological and geometrical
analyses of MD trajectories, such as primitive ring statistics,17

Voronoi tessellation,18 or persistent homology,19 one can
identify structural motifs contributing to MRO. However, the
reliability of this approach strongly depends on the accuracy of
the force predictions used to drive the simulations, and
modeling at the level of density-functional theory (DFT) has
been limited to rather small simulation-cell sizes.20−23 Recent,
rapid progress in machine-learned interatomic potentials
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(MLIPs)24−26 has unlocked the ability to simulate amorphous
materials at large length-scales and for long simulation times.
While developing MLIPs for amorphous materials has
traditionally required extensive domain expertise and manual
data curation,27,28 the emergence of automated workflows is
now poised to substantially accelerate the construction of
MLIPs.29−32 This means that simulations that would
previously have required the careful construction of a hand-
crafted MLIP model can now be carried out much more
quickly than before.
Here, we describe an efficient approach for modeling and

understanding MRO in the amorphous state, demonstrated for
the “textbook” case of two seemingly chemically similar
elements. Specifically, we show how random structure
searching (RSS), implemented within automated work-
flows32−34 and refined by a few iterations of MD, yields an
MLIP model for a-As with only very moderate computational
effort. We first validate our MLIP by quantitatively comparing
the computed structure factor of a-As�and especially the
FSDP�with experimental data. We then use ML-driven MD
simulations to uncover the MRO in a-As and to draw a
comparison to recent studies of a-P.15,16 Specifically, by
examining the dihedral-angle distributions in both a-As and a-
P, we identify geometric motifs responsible for differences in
the MRO of both elements. Beyond the specific insight into a-
As, our work contributes to a deeper understanding of MRO in
amorphous materials and its link to the experimentally
observable FSDP more generally, and shows how such an
understanding can be obtained with the help of automated
atomistic machine learning.

■ RESULTS

Machine-Learned Potentials for Arsenic

The starting point for our studies was to use the Gaussian
Approximation Potential (GAP) framework25,35,36 to iter-
atively explore and sample the potential-energy surface of
elemental As, using small cells of up to 24 atoms (Figure 1A).
Previous studies have shown that such GAP-driven random
structure searching (GAP-RSS) can efficiently capture diverse
atomic environments and yield robust potentials at low
computational cost.32,33,37 Here, the RSS processes were
carried out automatically using the autoplex framework that
we have developed recently.32 After accumulating a data set of
1500 RSS-generated configurations (see Methods for details of
the diversity analysis), we refitted the potential-energy surface
using the MACE architecture.38 The rationale for doing so is
that GAP is data-efficient, and thus particularly suitable for
initial RSS, whereas MACE achieves higher accuracy once
sufficient data are available; a similar staged approach was used
previously to build MLIPs for graphene oxide.39 We evaluated
our initial MACE model for As, trained on the pure RSS data
set, through melt-quench MD simulations yielding structural
models of a-As at 300 K. The S(Q) data calculated for those
models were then compared with two experimental data sets:
one reported by Smith et al.,40 constructed from combined X-
ray41 and neutron data, and one reported by Bellissent and
Tourand,42 obtained from neutron-scattering measurements.
Although the comparison shows overall agreement with both
sets of experimental data, the simulated FSDP height is
underestimated (Figure 1B).

Figure 1.Machine-learning-driven simulations of a-As. (A) Schematic workflow for developing MLIP models for As. In the first stage, the autoplex
framework was used to perform GAP-RSS on small cells, generating initial training data, to which we then fitted a graph-based MACE model. In the
second stage, the model was iteratively refined by MD melt-quench simulations on larger (216-atom) cells across a density range of 4.14−5.34 g
cm−3. (B,C) Simulated structure factors for structural models of a-As, generated using the two MLIP variants, as compared to experimental data
digitized from Smith et al.40 as well as from Bellissent and Tourand.42 Panel B shows results for the initial MACE potential trained on RSS data
only, while panel C shows results for the refined potential that also incorporates MD data. The refined potential improves the agreement with
experimental data for the FSDP (arrows and insets in both panels).
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To enhance the representation of MRO in the training data,
we next carried out iterative MD refinements in larger, 216-
atom cells, using the RSS-derived MACE model as the starting
point. Each iteration involved simulations across 5 distinct
densities, from 4.14 to 5.34 g cm−3 at intervals of 0.3 g cm−3.
We selected this range to encompass the experimental density
of a-As at ambient pressure (4.74 g cm−3).40 After four
iterations, the refined potential yielded a model structure
giving excellent agreement with the experimental S(Q) data,
notably reproducing the FSDP height with a relative error
below 1% (Figure 1C). We note that the additional MD-based
refinement mainly enhanced the intensity of the predicted
FSDP, while the rest of the curve is very similar to that
predicted by the purely RSS-trained model (Figure S1). In
addition, the extra minimum in S(Q) at very low Q from
different simulations is a finite-size artifact arising from
periodic boundary conditions.
To place our results in methodological context, we

compared them to those of a recent atomistic foundation
model, MACE-MPA-0,43 which was designed for broad
applicability across diverse chemical systems. While the zero-
shot foundation model (i.e., without fine-tuning) qualitatively
captures the main features of the experimental structure factor
for a-As, it overestimates the height of the FSDP while
simultaneously underestimating that of the second peak
(Figure S2). This comparison underscores that, while
foundation models provide a valuable baseline, achieving
high fidelity for amorphous systems still requires a targeted
training and refinement strategy. Our present work is
concerned with building MLIP models “from scratch”, but
we mention in passing that the same methodology could also
provide a pathway for fine-tuning existing foundation models,
as relevant training data can be generated with high
computational efficiency and minimal human intervention.
Specifically, the RSS stage in the present work required
<15,000 CPU core hours, and the total computational cost for
both the RSS and MD stages was <50,000 CPU core hours.
The cost-efficiency of our approach also makes it suited for

comparing and benchmarking different exchange−correlation
functionals to be used for generating training data (Figure 2).
In addition to r2SCAN,44 we generated separate MLIP models
with TPSS45 and r2SCAN + rVV10,46 respectively, using the
same protocol otherwise. Note that each individual MLIP was
constructed from a fully consistent reference data set, based on
a single functional and generated entirely from scratch. The
r2SCAN + rVV10 approach augments r2SCAN with a nonlocal
van der Waals correlation term, originally designed to improve
the treatment of long-range dispersion interactions.46 While
this extension benefits layered materials,47 we find that, in the
present case of a-As, it alters medium-range correlations in a
way that severely underestimates the intensity of the FSDP
(Figure 2). TPSS is closer to the r2SCAN predictions, but still
overestimates the intensity of the second S(Q) peak (Figure
2). These results underline how sensitive the simulation of
amorphous structures can be to the choice of functional, and
our automated framework offers a practical and economic
route to address this important challenge. More details on the
GAP-RSS procedure, MLIP fitting, and melt-quench protocols
are provided in the Methods section.
Medium-Range Structural Order

Our main MLIP model was used to generate 2000-atom
models of a-As (cell length ≈ 38 Å), and we first probed the

short-range structural order, as described by radial distribution
functions and bond-angle distributions, at ambient conditions.
Figure 3A presents the radial distribution functions, J(r), for a-
As. We also include results for an earlier simulation of a-P,15 in
which amorphous structures were obtained using an MLIP48

trained on PBE + MBD data,49−51 noting that the latter is a
different ground-truth level compared to the present work. To
carry out a side-by-side comparison and account for the
different bond lengths, the J(r) data for a-P and a-As were
rescaled to the position of the respective first peak. In this, a-P
exhibits a slightly narrower first peak and a broader subsequent
minimum (approaching zero) than a-As, indicating a more
uniform bond-length distribution and a more well-defined first
coordination shell. The second peak in a-P is remarkably sharp
and intense, concomitant with a narrow bond-angle distribu-
tion (Figure 3B); in contrast, there is a less strong second-
nearest-neighbor peak in a-As, and greater angular disorder.
Well-defined third main J(r) peaks for a-P and a-As show a
clear hallmark of MRO. We also provide a direct comparison
between the calculated J(r) and experimental data for a-As,
further demonstrating the accuracy of our MLIP (Figure S3).
One important indicator of MRO is the distribution of

primitive rings (Figure 3C). Notably, 5-membered rings
dominate the network topology of both a-P and a-As. This
can be attributed to the fact that both materials exhibit bond-
angle distributions consistent with 5-membered ring formation
(Figure S4). However, a-P contains a significantly higher
proportion of 5-membered rings than a-As, consistent with the
greater probability density for their requisite bond angles
(Figures 3B,C and S4). Interestingly, 5-membered rings are
also the primary structural motif in violet (Hittorf’s)52 and
fibrous (Ruck’s) phosphorus.53 Compared to a-P, for which
the proportion of large rings rapidly diminishes beyond n = 6,
a-As contains a larger proportion of extended-size rings (n > 6)
(Figure 3C).
Another signature of MRO can be the formation of fragment

clusters. Such clusters, composed of 5-membered rings,
following Baudler’s rules54 were previously reported in a-P15

and are also observed here in a-As (Figure 3D). Typical

Figure 2. Benchmarking meta-GGA functionals using the structure
factor of a-As. (A) Comparison of the experimental structure factor40

with those obtained from models trained on the r2SCAN, r2SCAN +
rVV10, and TPSS functionals, highlighting the first sharp diffraction
peak (FSDP) and the second peak. (B) Relative errors in the FSDP
and second-peak heights for the three functionals. Among the tested
functionals, r2SCAN provides the closest agreement with experiment,
TPSS produces intermediate deviations with an overestimation of the
second-peak height, and r2SCAN + rVV10 markedly underestimates
the FSDP while overestimating the second-peak height.
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examples of these clusters range from the motifs X2[X3]X2
(two fused 5-membered rings sharing three atoms) and
X3]X2[X3 (two fused 5-membered rings sharing two atoms)
to cage-like X8, X9, and X10 fragments (X = P, As). However,
a-As exhibits a lower abundance of these clusters (Figure 3D),
which can be partly attributed to the limited number of 5-
membered rings in a-As, which reduces the available building
blocks for cluster formation.
Continuing our comparison of both elements, we examined

the energetic stability of crystalline and amorphous phases of
As. In addition to the gray, black, and yellow allotropes, we
also included hypothetical As phases that are isostructural with
violet (Hittorf’s) and fibrous P, constructed by elemental
substitution and subsequent full structural relaxation. We note
that violet P can be synthesized from amorphous red P,56 but
no similar synthesis pathway starting from a-As has been
reported to our best knowledge. In a benchmark comparison of
DFT functionals for crystalline forms of As (Table S1), we
found that r2SCAN, due to its lack of long-range (van der
Waals) interaction description, fails to correctly optimize the
structure of layered gray arsenic. In contrast, the r2SCAN +
rVV10 functional provides higher accuracy for crystalline
structures and was therefore employed here to fully relax all

crystalline structures. Given the substantial computational cost,
we relaxed the 500-atom a-As structures using MLIPs,
followed by single-point energy evaluations with r2SCAN +
rVV10. This approach allows us to directly compare the
energies of amorphous and crystalline phases. Our results show
that hypothetical, Hittorf-type and fibrous phases of arsenic are
energetically less stable than the known gray and black
allotropes (albeit they are more favorable than a-As). The gray
phase exhibits the highest energetic stability, consistent with
previous literature.57 White P and yellow As are both higher in
energy than their respective amorphous counterparts.
Projected Crystal Orbital Hamilton Population (COHP)
analysis58,59 using LOBSTER60 and additional automated
postprocessing with LobsterPy61 was carried out to gain
additional insight into the electronic structure and chemical-
bonding properties of the relevant structures, including a-As
(Supporting Information Text and Figures S5 and S6).
Role of Dihedral Angles in MRO

Group-15 elements typically adopt 3-fold-coordinated p-
bonding environments, in accord with their s2p3 valence
configurations. In the crystalline phases of As, atoms are all 3-
fold coordinated, whereas in their amorphous counterpart,

Figure 3. Structural and energetic properties of a-As at ambient pressure, compared with a-P. (A) Radial distribution functions, J(r), of a-P (dashed
purple line; structure from ref 15) and a-As (solid red line). The distance, r, is scaled by the first peak position in J(r). (B) Bond-angle distributions
for a-P and a-As. The plot shows the probability-density functions of the total bond-angle distributions calculated for all atoms in the systems. (C)
Distribution of primitive rings. (D) Counts of cluster fragments. It can be observed that the proportions of different types of clusters are higher in a-
P than in a-As. (E) The energetics of arsenic and phosphorus allotropes, including the well-known X4 molecular phases (yellow for X = As, white
for X = P, used as the reference state in both cases), as well as violet (Hittorf-type) and fibrous forms. The hypothetical Hittorf-type and fibrous As
structures were derived from the corresponding phosphorus phases16 and subsequently relaxed using DFT. Note that the energetics of all As forms
were computed at the r2SCAN + rVV10 level of theory, whereas the P data were taken from ref 16 (data for structural model 1 are shown for a-P),
which used the HSE06 + MBD approach50,51,55 for the energy calculations.
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occasional overcoordinated sites (4- and 5-fold) may occur as
structural defects, and the population of these tends to increase
under pressure (Figure S7).
The predominant 3-fold coordination in both crystalline and

amorphous phases of As and P gives rise to numerous
“dumbbell-like” building units, each formed by two connected
trigonal units (Figure 4A). We quantified the torsional
geometry of dumbbell units using a defined dihedral angle, ϕ
(Methods). Rhombohedral gray arsenic exhibits a single
dihedral angle of 180°, whereas the orthorhombic black
modification is characterized by three discrete ϕ values of
±78.7° as well as 180°, consistent with the formation of
puckered zigzag chains. In contrast, a-As displays a higher
structural (torsional) flexibility, with dumbbell dihedral angles
spanning a broader, more uniform distribution (Figure 4B).
Interestingly, while a-P also shows a higher torsional flexibility
than its crystalline counterparts, its dumbbells mostly feature
dihedral angles of |ϕ| < 90°. To explain the uniformity of the
dihedral-angle distribution in a-As, we explored their relation-
ship with average bond energies (ICOHPs) in Figure S6B−D.
The weak correlation indicates that the bond energy is largely
independent of the dihedral angle, resulting in a more uniform
angular distribution. In contrast, a-P shows a clear dependence

of bond energies with dihedral angle, favoring configurations
near ±55° (Figure S8).
The formation of extended-size rings (n > 6) in a-As, as

opposed to a-P, can be attributed to its broader distribution of
dumbbell dihedral angles, which enables greater structural
flexibility. This finding was further confirmed by analyzing the
dihedral-angle distribution bias, which we define as the
difference between normalized dihedral-angle distributions
for extended (n > 6) and small (n ≤ 6) rings, respectively
(Figure 4C). This analysis shows that small rings are
preferentially formed from dumbbells with |ϕ| < 90°, while
larger rings predominantly include dumbbells with |ϕ| > 90° to
generate their extended geometry. Since a-As contains a higher
proportion of large-ϕ dumbbells than a-P (Figure 4B), it has a
greater propensity to form larger rings.
Regarding the formation of fragment clusters, in addition to

the influence of 5-membered rings on the availability of
building blocks, the distribution of dumbbell dihedral angles
also plays a significant role in determining the difference in
cluster populations between a-As and a-P. Clusters such as X8,
X3]X2[X3, X9, and X10 (X = P, As) contain varying numbers
of dumbbell units (see insets in Figure 3D), and these compact
clusters largely require dumbbells with |ϕ| < 90°. The latter is

Figure 4. Analysis of dumbbell dihedral angles. (A) Illustration of typical “dumbbell” building units in crystalline orthorhombic (black) arsenic. We
use a custom definition for the dihedral angle which is specific to pairs of 3-fold-bonded atoms, as sketched here and detailed in the Methods
section. A value of this angle of ϕ = 180° corresponds to an antialigned configuration, with the As atoms bonded to each central As positioned
opposite to each other along the c−c′ axis. (B) Distributions of those dihedral angles in a-P (left) and a-As (right), together with those for
representative crystalline structures. (C) Distribution bias in dihedral angles between large (n > 6) and small (n ≤ 6) rings in a-As. The bias is
calculated as the difference between the normalized dihedral-angle distributions of dumbbells in large rings and those in small rings. (D)
Distributions of dihedral angles in X3]X2[X3 fragment clusters, the most prevalent cluster type, shown as kernel density estimates for a-P (dashed
purple line) and a-As (solid red line).
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quantitatively illustrated for the dominant cluster type,
X3]X2[X3, in Figure 4D. This figure shows that both materials
predominantly utilize dumbbells with |ϕ| < 90° to form
X3]X2[X3 clusters. However, the structure of a-P appears to
be more restricted to these small-ϕ dumbbells (Figure 4B),
which could explain the higher prevalence of these fragment
clusters as compared to a-As (cf. Figure 3D). We emphasize
that the above conclusions hold for structures predicted using
MLIPs trained with different meta-GGA functionals, including
r2SCAN, r2SCAN + rVV10, and TPSS (Figure S9).
Evolution of MRO under Pressure

We next explored the evolution of MRO under pressure, using
structures obtained from dedicated compression simulations
(see Methods), which again revealed distinct behaviors in ring
and cluster fragment distributions between a-P and a-As. The
evolution of 5-membered rings under pressure reveals a
distinct contrast between the two materials (Figure 5A). In a-
P, their fraction remains nearly constant up to moderate
pressures and then decreases markedly at higher pressures,
reflecting the progressive destabilization of the associated
bond-angle geometries (Figure S4). Conversely, a-As exhibits a
continuous increase in the number of 5-membered rings,
suggesting that compression promotes the formation and
stabilization of this structural motif, despite increasing angular
distortions (Figure S4).

Figure 5B shows that the population of large rings (n > 10)
in a-P increases with increasing pressure. This is consistent
with earlier studies, suggesting that cage-like motifs tend to
open under compression, transforming into extended ring
structures.15 In contrast, the number of large rings in a-As
remains relatively stable with increasing pressure, exhibiting
minimal change, even at elevated pressures (Figure 5B). To
analyze this difference, we used the information entropy 62

to quantify the structural diversity encoded in the dihedral-
angle distribution, which is given as

( )log ( )d2= (1)

where ρ(ϕ) is the probability density of the dihedral angle, and
the logarithm is taken with base 2, suggesting that is
measured in units of bits. A similar concept was proposed by
Schwalbe-Koda et al., who used the information entropy to
quantify the completeness of atomistic data sets.63 For a-P, the
increase in the number of extended rings with pressure
coincides with an increase in the dihedral-angle entropy
(Figure 5C), indicating an increase in configurational diversity
of the dumbbell shapes. This suggests that, at higher pressure,
the structural flexibility of a-P increases, enabling the formation
of extended rings. For a-As, the dihedral-angle entropy is
already high at standard pressure, and both the number of
extended rings and entropy remain practically unchanged

Figure 5. Pressure-dependent structural evolution. (A) Count of five-membered rings under pressure for a-P and a-As. (B) Large-ring count per
atom (n > 10) versus pressure for a-P and a-As. (C) Information (or Shannon) entropy of dihedral-angle distributions (in bits) for a-P and a-As.
Here, the entropy quantifies the breadth and uniformity of the dihedral-angle distribution, reflecting the configurational diversity of local structures.
(D,E) Counts of representative cluster fragments in a-P and a-As, respectively. Error bars denote uncertainties derived from ten independent
simulations for each material, with full details provided in the Methods section. No error bars are shown for the information entropy, as the
associated uncertainty would not be discernible within the scale of the plot.
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under applied pressure (Figure 5C). Thus, changes in the ring
statistics might be rationalized by the underlying dihedral-angle
distributions, but it is clear that the underlying mechanism is
different for a-As than for a-P.
Looking at the evolution of cluster fragments under pressure

(Figure 5D,E), the contrasting behavior between a-P and a-As
becomes even more apparent. In a-P, the counts of the
representative fragment clusters remain relatively constant up
to moderate pressures and then they reduce at higher
pressures, whereas in a-As, the abundance of the main
analogous cluster fragments, i.e., As2[As3]As2 and As3]As2-
[As3, increases under compression. This opposite behavior
aligns closely with the changes in 5-membered ring counts in
both systems: fewer 5-membered rings with high pressure in a-
P restricts the formation of these compact clusters, while their
increase in a-As with increasing pressure facilitates cluster
assembly (Figure 5A). Moreover, the enhanced diversity of the
dihedral-angle distribution in a-P results in a decreased
probability of small dihedral angles, which are key to cluster
formation, as discussed before (Figure 4D). As a result, cluster
formation is suppressed in a-P at high pressures. The observed
structural evolution under pressure emphasizes unexpected
contrasting changes of MRO between these two chemically
similar, yet structurally distinct, amorphous materials.

Origin of the FSDP

As for a-P, the structure factor, S(Q), of a-As exhibits a
pronounced FSDP (Figure 1C), a well-established signature of
MRO in amorphous materials that has previously been linked
to the spatial distribution of voids.9,64 To further investigate its
microscopic origin, we examined the pressure dependence of
the FSDP, alongside structural features associated with voids
(Figure 6). Figure 6A shows representative atomic structures
of a-As and a-P, with voids visualized as semitransparent
purple and blue regions, respectively. These voids reveal the
heterogeneous spatial arrangement of free volume and the
distinct structural differences between a-As and a-P. Specifi-
cally, a-As shows a local layered arrangement in its void
structure, reminiscent of the characteristic layering in
crystalline black As, which consists of puckered layers held
together by van der Waals interactions.57 This structural
similarity between amorphous and crystalline As has also been
highlighted in previous studies through comparable optical-
reflection spectra, which indicate similar coordination environ-
ments and bonding arrangements.65

To better understand this behavior, we applied principal-
component analysis (PCA) to project the spatial distribution
of voids onto a new coordinate system, where each axis is
called a principal component, as illustrated in the inset of
Figure 6B. Specifically, the first principal component (PC1)

Figure 6. Correlation between voids and FSDP intensity. (A) Atomic structures of a-As (top) and a-P (bottom), with voids visualized as
semitransparent purple and blue regions, respectively. The atomic coordinates of a-P were obtained from the literature.15 It shows that the void
region in a-P is much bigger than that in a-As. (B) Spatial distribution of voids in a-As projected along the first principal-component (PC1) axis
obtained from principal-component analysis (PCA) on the void coordinates. The inset provides a schematic of PCA. (C) Same but for a-P. (D)
Comparison of the average equivalent void-radius change under pressure between a-As and a-P. The equivalent void radius is a normalized metric
calculated by determining the radius of a hypothetical sphere whose volume equals the sum of all void clusters, then averaging this value over the
total number of atoms in the system (eq 2). (E) Variation of FSDP height with average equivalent void radius, as an implicit function of pressure,
showing a strong linear correlation.
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captures the primary spatial direction along which the void
density varies most significantly. The distribution of void
volumes along PC1 suggests that a-As exhibits an anisotropic,
layered arrangement of voids, characterized by distinct,
directional peaks in the void count (Figure 6B). We note
that the importance of layer-like structural features has been
pointed out in an earlier modeling study.66 In contrast, the
void distribution in a-P appears more isotropic, with voids
more evenly and uniformly dispersed throughout the structure,
resulting in a relatively flat profile along PC1 (Figure 6C). The
distributions of voids along the second and third principal
components (PC2 and PC3) are shown in Figure S10.
Moreover, we quantified the pressure dependence of the

average equivalent void radius, which is defined by

r V N(3 /4 ) /1/3= (2)

where V is the sum of all void cluster volumes and N denotes
the number of atoms in a system. In both materials, the
equivalent void radius decreases with increasing pressure
(Figure 6D). The (implicit) pressure dependence of the FSDP
height exhibits a strong linear correlation with the equivalent
void radius, with similar slopes observed in the two systems
(Figure 6E). Together, these results support an interpretation
that the FSDP arises from voids in a-As (and a-P), which
become increasingly disrupted under compression.

■ DISCUSSION
The present study has provided new fundamental insight into
the nature of medium-range structural order in amorphous
materials. Specifically, we have shown that, although both P
and As adopt similar, 3-fold-bonded local atomic environ-
ments, their amorphous modifications exhibit markedly
different medium-range structural order. At ambient pressure,
a-As contains many large rings (n > 6), which are practically
absent in a-P. We have shown that this difference in MRO can
be directly correlated with a difference in the respective
dihedral-angle distributions, which, in turn, reflect the
particular chemical-bonding nature: the greater torsional
flexibility of bonds in a-As allows more extended ring
structures to form. Under compression, a-P forms increasingly
large ring structures with fewer compact clusters,15 whereas a-
As maintains the diversity of large-ring motifs and fragments.
Collectively, these results highlight how flexibility in dihedral
angles can influence medium-range structural diversity in the
amorphous state.
We emphasize the striking contrast in medium-range order

between the chemically homologous systems a-P and a-As.
Both elements have s2p3 valence configurations and might
therefore be expected intuitively to form 3-fold coordinated
continuous-random-network (CRN) structures, akin to the 4-
fold coordinated CRN that approximates amorphous silicon.67

However, our results for the dihedral-angle distributions
(Figure 4B) emphasize a qualitative difference in the type of
amorphous structures for As and P. The more uniform
dihedral-angle distribution for a-As is indeed consistent with its
structure being well approximated as a 3-fold coordinated
CRN model, as discussed in the 1970s in ref 68 (and refined in
ref 69). In contrast, the very nonuniform dihedral-angle
distribution for a-P is not consistent with the structure being
CRN-like; rather it is more of a molecular-cluster glass.15,70

The structure of a-As is also a bridge to the very different
atomic structure of a-Sb: ab initio MD simulations revealed

that the nearest-neighbor coordination in this material is not
mainly 3-fold, as in As and P�instead, the local environments
in a-Sb are primarily defective-octahedral, with 4-, 5-, and 6-
fold coordination.71

In terms of modeling methodology, our study has
demonstrated how automated MLIP fitting workflows enable
the efficient generation of interatomic potentials for bulk
amorphous systems: in the present case of a-As, we have been
able to generate a bespoke MLIP model that reproduces the
experimental structure factor at a total computational cost of
less than 50,000 CPU core hours. The combination of RSS
workflows with iterative MD refinement proved crucial for
achieving improved predictions of structural factors of a-As.
Beyond elemental systems, based on pilot studies for ternary
chalcogenide memory materials32 and a recent investigation of
amorphous Na−P structures involving autoplex as one
component of the training data generation,72 we anticipate
that MLIP-driven studies of multicomponent amorphous
systems will benefit from increasingly automated workflows
and general protocols.
We note that the current RSS workflow does not yet extend

to surfaces, heterogeneous, or reactive systems. For such future
work, the RSS-generated potential may serve as a reasonable
starting point, from which one could iteratively refine the
model through targeted MD sampling of relevant environ-
ments�such as defects, interfaces, or reaction pathways�
combined with active-learning-based selection of informative
configurations, as also discussed in ref 32. Specific examples in
the context of the present work could be an extension to few-
and monolayer arsenic (arsenene),73,74 including possible
defects and disordered regions within it, or the synthesis of
amorphous and crystalline boron arsenide (BAs) nanosheets.75

All in all, applying automated MLIP generation broadly across
different chemical families promises new insights into
structure−property correlations in amorphous solids, thereby
offering a generalizable strategy to uncover how atomic-level
interactions define medium-range order and macroscopic
properties.

■ METHODS

MLIP Generation with Automated Workflows
The autoplex framework (version 0.0.7, available at https://github.
com/autoatml/autoplex) was used to generate the RSS data set in a
largely automated manner.32 In each iteration, 10,000 random
structures containing 6 to 24 atoms (even numbers) per cell were
generated. Among them, 20% were constrained to possess between 2
and 8 symmetry operations, while the remaining 80% were generated
without any symmetry constraints, to enhance the diversity of the
initial structural pool. To ensure that the RSS procedure adequately
samples configurations relevant to high-pressure polymorphs, external
pressures were applied during the generation stage. These pressures
were assigned according to an exponential distribution, following the
approach introduced by ref 37, with a scale factor of 10 GPa and a
width of 0.2, thereby providing coverage of both ambient- and high-
pressure regions of configuration space (Figure S11).
Energies, forces, and stresses of the RSS-generated structures were

obtained from DFT single-point computations with VASP,76,77

managed by atomate278 through interfaces in autoplex.32 The DFT
computations employed the projector augmented-wave (PAW)
method77,79 and the r2SCAN functional,44 a regularized form of
SCAN80 with improved numerical stability. The plane-wave energy
cutoff was 600 eV. A k-point spacing of 0.2 Å−1 was used to sample
reciprocal space. Electronic self-consistency was converged to a
tolerance of 1 × 10−7 eV, and a Gaussian smearing width of 0.01 eV
was used for partial occupancies. After each iteration, 100 data points
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were generated, with 90% used as the training set and the remaining
10% as the test set. The training and test sets for each iteration are
cumulative, incorporating data from all previous iterations.
In addition to RSS, autoplex was also used to manage high-

throughput DFT calculations for evaluating the energy of structures
sampled from MD trajectories to refine the potentials. In this case, a
workflow composed of the DFTStaticLabelling and col-
lect_dft_data functions within autoplex was employed to
generate a formatted data set ready for MLIP training. For the larger
cells of 216 atoms, we used Γ-point calculations, with all other
parameters kept the same as those used for the RSS data set. Although
GAP and MACE are different MLIP fitting frameworks, we note that
all GAP-sampled configurations were fully re-evaluated at the DFT
level before MACE training.
Training MLIPs
In this work, iterative RSS was driven by GAP models.25,35,36 Except
where noted, our GAP setup and hyperparameter choices match that
of the earlier P-GAP-20 model.48 We disabled the “R6” baseline pair
potential that had been used in ref 48, while retaining both the two-
body term and the many-body SOAP term. The number of sparse
points for the two-body term was 15 in both models, while that for
SOAP was reduced from 8000 (ref 48) to 3000 here, enabling faster
evaluations at a speed of approximately 2 min per structure on a single
CPU core. The weights for energies, forces, and stresses were assigned
automatically within autoplex, based on the structures’ distances from
the energy convex hull (see also ref 33).
We used the MACE framework38 to retrain a model on the pure

RSS data set and fit refined data sets that were iteratively augmented
with MD structures (Figure 1A). For training MACE models at
various DFT levels of theory, we used the same hyperparameters.
Each model employed two message-passing layers with 128 channels.
A correlation order of 3 was chosen, and spherical harmonics were set
up to degree 3. The cutoff radius was 6 Å, resulting in a total receptive
field of 12 Å per atom. We also tested a range of cutoff radii from 4 to
8 Å and found that 6 Å yielded the lowest energy errors when
predicting the energies and structure of a-As (Figure S12). The
models were trained using the Huber loss function81 for energies,
forces, and stresses. Double precision was used throughout, and the
maximum number of training epochs was set to 2000. We trained all
MACE models with the mace-torch package on an NVIDIA A100
80GB PCIe GPU, with the final complete training taking two and a
half hours, resulting in an estimated GPU-only energy consumption of
∼0.75 kWh.
It should be noted that we did not apply any explicit term to

MACE to capture the long-range dispersion interactions present at
the r2SCAN + rVV10 level; instead, the model learns dispersion
implicitly from the DFT reference data, with only the contributions
falling within the receptive field being represented. We further verified
the transferability of this approach by evaluating model performance
across increasingly large amorphous supercells (Figure S13).
MD Simulations
ML-driven MD simulations were performed with LAMMPS.82 The
structure of a-As at ambient conditions was obtained via a melt-
quench simulation protocol. An initial cubic cell containing 2000
atoms (comparable to the 1984 atoms used previously in models of a-
P15), at an experimental density of 4.74 g cm−3,40 was created using
buildcell34,83 with hard-sphere potentials to ensure reasonable
interatomic distances. The structures were first equilibrated at 3000
K for 30 ps in the NVT ensemble to randomize atomic positions and
remove structural ordering. This was followed by a melting simulation
at 1500 K for another 30 ps. The system was then cooled from 1500
to 300 K at a rate of 1012 K s−1 (corresponding to 1.2 million MD
steps). A comparison of different quench rates, and their effects on the
resulting structures, can be found in the Supporting Information. After
reaching 300 K, the system was annealed for 50 ps in the NVT
ensemble, followed by an additional 50 ps of annealing in the NPT
ensemble using a Nose−́Hoover thermostat and barostat.84,85 The
structure factor was calculated from the final 10 ps of the trajectory
(200 snapshots) and compared with experimental data. Subsequently,

compression simulations were performed at 300 K by gradually
increasing the pressure from ambient conditions up to 6 GPa at a
compression rate of 0.02 GPa ps−1, consistent with that used in the
previous study on a-P15 for a fair comparison. The time step in all MD
simulations was 1 fs.
Sensitivity and Uncertainty Evaluation
Additional tests evaluating the sensitivity of the simulated structures
to the quench rate (including a lower quench rate of 1011 K s−1), the
NPT annealing time at 300 K (extended from 50 to 500 ps), and the
system size (2000 versus 4000 atoms) are provided in the Supporting
Information (Figure S14). These analyses confirm that the structural
features are robust with respect to the chosen simulation parameters.
To quantify the uncertainty of the MLIP predictions, we performed

ten independent melt-quench-compression simulations for 2000-atom
cells of As, each initiated from different random configurations and
velocity seeds. The resulting structure factors give an FSDP height of
0.56 ± 0.01. The quantitative characterization of MRO (Figure 5)
under compression was obtained by averaging the results over ten
independent simulations, with the associated uncertainty estimated
from the variance across these samples. For the uncertainty of energy
predictions, we additionally carried out melt-quench simulations for
512-atom and 1024-atom cells, extracted representative structures
from the final 10 ps at 300 K, and re-evaluated their energies with
DFT at the r2SCAN level. Across 20 samples, the mean energy RMSE
is 7.9 ± 1.3 meV atom−1.
To estimate the uncertainty in the MRO of a-P (Figure 5), we did

not regenerate the new melt-quench trajectories from scratch, as
previous studies required simulation times on the order of 10 ns,
which would be prohibitively expensive with GAP. Instead, we
performed ten independent compression simulations, each starting
from a different velocity distribution and preceded by a 50 ps
equilibration at 300 K and used these runs to determine the
corresponding uncertainties.
Dihedral Angles
In this work, we analyze dihedral angles for pairs of 3-fold-bonded
atoms, taking into account those atoms’ neighbor environments rather
than calculating separate dihedral angles for all individual bonds. To
calculate the dihedral angles in the dumbbell structural motifs (Figure
4A), we first computed the sum of bond vectors from each central
atom of connected trigonal units (c and c′) to its two neighboring
atoms, yielding two directional vectors, s and s′. The dihedral angle,
ϕ, was then calculated as the angle between the planes spanned by {s,
rcc′} and {s′, rcc′}, where rcc′ is the vector from atom c to atom c′. Note
that central atoms which do not have three neighbors (considered to
be coordination defects in a-As) are discarded in this analysis. To
quantify the structural diversity encoded in the dihedral-angle
distribution, we evaluated the information entropy (also known
as the Shannon entropy) using its standard definition from statistics
and information theory62 (eq 1).
Void Analysis
We used a grid-based spatial search method to identify voids. In this
method, a “void” grid was defined as a region of space where no
atomic center existed within a specified cutoff distance. For each
material, the cutoff distance was chosen to correspond to the first
minimum of its radial distribution function: viz. 2.9 Å for a-As and 2.4
Å for a-P. A uniform Cartesian grid was generated within the
simulation cell, with the grid spacing set to one-10th of the chosen
cutoff distance. Each grid point was then compared against the set of
all atomic positions, including periodic images, with a cKDTree
search;86 points with a nearest-atom distance greater than the cutoff
were labeled as “void voxels”. These void voxels were subsequently
clustered via the DBSCAN algorithm using a clustering radius of 1.2 ×
grid spacing and a minimum cluster size of five points (discarding
clusters smaller than five points).87 Each cluster represented a
contiguous free-volume region, with its volume equal to the number
of voxels in the cluster multiplied by the voxel volume. The combined
volume of all retained clusters was converted into an average
equivalent spherical radius (eq 2). A sensitivity test of void-algorithm
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parameters, including grid spacing, cutoff distance, and minimum
cluster size, is presented in the Supporting Information (Figure S15).
Based on the recorded coordinates of each void voxel, PCA was

applied to determine the direction along which the void spatial
arrangement exhibits the greatest variance, namely the first principal
component (PC1) axis.88 More specifically, given a set of Nv voxel
positions xi i

N
1

v{ } = in 3D space, the data were first mean-centered

x x xi
c

i= (3)

where x is the mean position of all void voxels. The covariance matrix
was then computed as

N
C x x1

1
( ) .T

v i

N

i
c

i
c

1

v

=
= (4)

The first principal component (PC1) was obtained as the
eigenvector v1 corresponding to the largest eigenvalue of C. Each
voxel position was then projected onto PC1 via

p x x v( )i i1 1= · (5)

where pi1 denotes the coordinate of the i-th void along the PC1 axis.
The coordinates along the second and third principal components
(PC2 and PC3) can be similarly obtained by projecting xi onto the
corresponding eigenvectors.
Assessment of Structural Diversity in the RSS Data Set
The structural diversity of the RSS data set was analyzed using SOAP
descriptors, combined with PCA and a convergence metric based on
the Jensen−Shannon (JS) divergence.89 Atom-wise SOAP descriptors
were computed for every configuration using the DScribe
implementation90 with settings of nmax = 8 and lmax = 8, a Gaussian
smearing width of 0.5 Å, and a cutoff radius of 5 Å.
To visualize the diversity of local atomic environments, atom-wise

SOAP vectors from the RSS data set and the amorphous compression
trajectory were embedded in a shared two-dimensional PCA space
(Figure S16A). It is seen that the local atomic environments in the
RSS configurations span a considerably broader region of the SOAP
space, whereas those in the amorphous structure occupy a much
narrower manifold nested within the RSS distribution, suggesting that
small-cell RSS sampling is sufficient to capture the relevant diversity of
local environments in a-As.
To assess how the structural diversity of the RSS data set saturates

with increasing the training data, we incrementally accumulated
structure-level SOAP descriptors, constructed via the “inner”
averaging scheme to yield one SOAP vector per structure, such that
the partial data set after iteration i contained all configurations
generated up to that iteration. For each such iteration-accumulated
data set, the corresponding SOAP vectors were projected onto the
fixed PCA basis obtained from the complete RSS data set. The
distribution of the first principal component was estimated using one-
dimensional kernel density estimation (bandwidth = 0.1), and the JS
divergence was computed between the data from iteration i and that
from iteration i − 1 (Figure S16B). It is seen that the JS divergence
exhibits an overall decreasing trend with the number of iterations and
reaches a plateau after 13 iterations, indicating that the SOAP
descriptor distribution becomes saturated and that subsequent RSS
iterations contribute only marginal additional structural diversity.
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(30) Gelzǐnyte,̇ E.; Wengert, S.; Stenczel, T. K.; Heenen, H. H.;
Reuter, K.; Csányi, G.; Bernstein, N. Wfl Python toolkit for creating
machine learning interatomic potentials and related atomistic
simulation workflows. J. Chem. Phys. 2023, 159, 124801.
(31) Menon, S.; Lysogorskiy, Y.; Knoll, A. L. M.; Leimeroth, N.;
Poul, M.; Qamar, M.; Janssen, J.; Mrovec, M.; Rohrer, J.; Albe, K.;
et al. From electrons to phase diagrams with machine learning
potentials using pyiron based automated workflows. npj Comput.
Mater. 2024, 10, 261.
(32) Liu, Y.; Morrow, J. D.; Ertural, C.; Fragapane, N. L.; Gardner, J.
L. A.; Naik, A. A.; Zhou, Y.; George, J.; Deringer, V. L. An automated
framework for exploring and learning potential-energy surfaces. Nat.
Commun. 2025, 16, 7666.
(33) Bernstein, N.; Csányi, G.; Deringer, V. L. De novo exploration
and self-guided learning of potential-energy surfaces. npj Comput.
Mater. 2019, 5, 99.
(34) Pickard, C. J.; Needs, R. J. Ab initio random structure
searching. J. Phys.: Condens. Matter 2011, 23, 053201.
(35) Bartók, A. P.; Payne, M. C.; Kondor, R.; Csányi, G. Gaussian
Approximation Potentials: The Accuracy of Quantum Mechanics,
without the Electrons. Phys. Rev. Lett. 2010, 104, 136403.
(36) Bartók, A. P.; Kondor, R.; Csányi, G. On representing chemical
environments. Phys. Rev. B 2013, 87, 184115.
(37) Deringer, V. L.; Pickard, C. J.; Csányi, G. Data-Driven Learning
of Total and Local Energies in Elemental Boron. Phys. Rev. Lett. 2018,
120, 156001.
(38) Batatia, I.; Kovacs, D. P.; Simm, G.; Ortner, C.; Csanyi, G.
MACE: Higher Order Equivariant Message Passing Neural Networks
for Fast and Accurate Force Fields. Adv. Neural Inf. Process. Syst. 2022,
35, 11423−11436.
(39) El-Machachi, Z.; Frantzov, D.; Nijamudheen, A.; Zarrouk, T.;
Caro, M. A.; Deringer, V. L. Accelerated First-Principles Exploration
of Structure and Reactivity in Graphene Oxide. Angew. Chem., Int. Ed.
2024, 63, No. e202410088.
(40) Smith, P. M.; Leadbetter, A. J.; Apling, A. J. The structures of
orthorhombic and vitreous arsenic. Philos. Mag. 1975, 31, 57−64.
(41) Krebs, H.; Steffen, R. Neubestimmung der Nahordnung im
glasigen Selen, im explosiven Antimon und im β- und γ-Arsen. Z.
Anorg. Allg. Chem. 1964, 327, 224−237.
(42) Bellissent, R.; Tourand, G. Étude de l’ordre local dans l’arsenic
amorphe par diffraction de neutrons. J. Phys. 1976, 37, 1423−1426.
(43) Batatia, I.; Benner, P.; Chiang, Y.; Elena, A. M.; Kovács, D. P.;
Riebesell, J.; Advincula, X. R.; Asta, M.; Avaylon, M.; Baldwin, W. J.;
et al. A foundation model for atomistic materials chemistry. J. Chem.
Phys. 2025, 163, 184110.

Journal of the American Chemical Society pubs.acs.org/JACS Article

https://doi.org/10.1021/jacs.5c18688
J. Am. Chem. Soc. 2026, 148, 9400−9412

9410

https://doi.org/10.1038/354445a0
https://doi.org/10.1038/354445a0
https://doi.org/10.1038/s41578-024-00754-2
https://doi.org/10.1088/0268-1242/16/8/103
https://doi.org/10.1088/0268-1242/16/8/103
https://doi.org/10.1016/j.pmatsci.2010.12.002
https://doi.org/10.1016/j.pmatsci.2010.12.002
https://doi.org/10.1126/sciadv.abh1117
https://doi.org/10.1126/sciadv.abh1117
https://doi.org/10.1063/1.5124821
https://doi.org/10.1063/1.5124821
https://doi.org/10.1002/adma.202210873
https://doi.org/10.1002/adma.202210873
https://doi.org/10.1002/adma.202210873
https://doi.org/10.1038/s41467-023-42195-5
https://doi.org/10.1038/s41467-023-42195-5
https://doi.org/10.1038/s41467-023-42195-5
https://doi.org/10.1103/PhysRevLett.67.711
https://doi.org/10.1103/PhysRevLett.67.711
https://doi.org/10.1103/PhysRevLett.80.532
https://doi.org/10.1103/PhysRevLett.80.532
https://doi.org/10.1126/sciadv.abc2320
https://doi.org/10.1126/sciadv.abc2320
https://doi.org/10.1103/PhysRevLett.93.015501
https://doi.org/10.1103/PhysRevLett.93.015501
https://doi.org/10.1038/nmat2290
https://doi.org/10.1038/nmat2290
https://doi.org/10.1038/nmat2290
https://doi.org/10.1103/PhysRevB.72.092201
https://doi.org/10.1103/PhysRevB.72.092201
https://doi.org/10.1002/adma.202107515
https://doi.org/10.1002/adma.202107515
https://doi.org/10.1002/anie.202216658
https://doi.org/10.1002/anie.202216658
https://doi.org/10.1103/PhysRevB.44.4925
https://doi.org/10.1103/PhysRevB.44.4925
https://doi.org/10.1038/nature04421
https://doi.org/10.1073/pnas.1520877113
https://doi.org/10.1073/pnas.1520877113
https://doi.org/10.1016/j.jnoncrysol.2016.01.014
https://doi.org/10.1016/j.jnoncrysol.2016.01.014
https://doi.org/10.1103/PhysRevB.105.085201
https://doi.org/10.1103/PhysRevB.105.085201
https://doi.org/10.1039/d2ma00759b
https://doi.org/10.1039/d2ma00759b
https://doi.org/10.1016/j.commatsci.2024.113042
https://doi.org/10.1016/j.commatsci.2024.113042
https://doi.org/10.1002/anie.201703114
https://doi.org/10.1002/anie.201703114
https://doi.org/10.1021/acs.chemrev.1c00022?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.chemrev.1c00022?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.chemrev.0c01111?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.chemrev.0c01111?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1103/PhysRevB.95.094203
https://doi.org/10.1103/PhysRevB.95.094203
https://doi.org/10.1038/s41524-020-00367-7
https://doi.org/10.1038/s41524-020-00367-7
https://doi.org/10.1038/s41524-020-00367-7
https://doi.org/10.1016/j.cpc.2020.107206
https://doi.org/10.1016/j.cpc.2020.107206
https://doi.org/10.1063/5.0156845
https://doi.org/10.1063/5.0156845
https://doi.org/10.1063/5.0156845
https://doi.org/10.1038/s41524-024-01441-0
https://doi.org/10.1038/s41524-024-01441-0
https://doi.org/10.1038/s41467-025-62510-6
https://doi.org/10.1038/s41467-025-62510-6
https://doi.org/10.1038/s41524-019-0236-6
https://doi.org/10.1038/s41524-019-0236-6
https://doi.org/10.1088/0953-8984/23/5/053201
https://doi.org/10.1088/0953-8984/23/5/053201
https://doi.org/10.1103/PhysRevLett.104.136403
https://doi.org/10.1103/PhysRevLett.104.136403
https://doi.org/10.1103/PhysRevLett.104.136403
https://doi.org/10.1103/PhysRevB.87.184115
https://doi.org/10.1103/PhysRevB.87.184115
https://doi.org/10.1103/PhysRevLett.120.156001
https://doi.org/10.1103/PhysRevLett.120.156001
https://doi.org/10.1002/anie.202410088
https://doi.org/10.1002/anie.202410088
https://doi.org/10.1080/14786437508229285
https://doi.org/10.1080/14786437508229285
https://doi.org/10.1002/zaac.19643270316
https://doi.org/10.1002/zaac.19643270316
https://doi.org/10.1051/jphys:0197600370120142300
https://doi.org/10.1051/jphys:0197600370120142300
https://doi.org/10.1063/5.0297006
pubs.acs.org/JACS?ref=pdf
https://doi.org/10.1021/jacs.5c18688?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


(44) Furness, J. W.; Kaplan, A. D.; Ning, J.; Perdew, J. P.; Sun, J.
Accurate and numerically efficient r2SCAN meta-generalized gradient
approximation. J. Phys. Chem. Lett. 2020, 11, 8208−8215.
(45) Tao, J.; Perdew, J. P.; Staroverov, V. N.; Scuseria, G. E.
Climbing the Density Functional Ladder: Nonempirical Meta–
Generalized Gradient Approximation Designed for Molecules and
Solids. Phys. Rev. Lett. 2003, 91, 146401.
(46) Ning, J.; Kothakonda, M.; Furness, J. W.; Kaplan, A. D.; Ehlert,
S.; Brandenburg, J. G.; Perdew, J. P.; Sun, J. Workhorse minimally
empirical dispersion-corrected density functional with tests for weakly
bound systems: r2SCAN+rVV10. Phys. Rev. B 2022, 106, 075422.
(47) Kothakonda, M.; Kaplan, A. D.; Isaacs, E. B.; Bartel, C. J.;
Furness, J. W.; Ning, J.; Wolverton, C.; Perdew, J. P.; Sun, J. Testing
the r2SCAN Density Functional for the Thermodynamic Stability of
Solids with and without a van der Waals Correction. ACS Mater. Au
2023, 3, 102−111.
(48) Deringer, V. L.; Caro, M. A.; Csányi, G. A general-purpose
machine-learning force field for bulk and nanostructured phosphorus.
Nat. Commun. 2020, 11, 5461.
(49) Perdew, J. P.; Burke, K.; Ernzerhof, M. Generalized Gradient
Approximation Made Simple. Phys. Rev. Lett. 1996, 77, 3865−3868.
(50) Tkatchenko, A.; DiStasio, R. A.; Car, R.; Scheffler, M. Accurate
and Efficient Method for Many-Body van der Waals Interactions.
Phys. Rev. Lett. 2012, 108, 236402.
(51) Ambrosetti, A.; Reilly, A. M.; DiStasio, R. A.; Tkatchenko, A.
Long-range correlation energy calculated from coupled atomic
response functions. J. Chem. Phys. 2014, 140, 18A508.
(52) Thurn, H.; Krebs, H. Crystal Structure of Violet Phosphorus.
Angew. Chem., Int. Ed. 1966, 5, 1047−1048.
(53) Ruck, M.; Hoppe, D.; Wahl, B.; Simon, P.; Wang, Y.; Seifert, G.
Fibrous Red Phosphorus. Angew. Chem., Int. Ed. 2005, 44, 7616−
7619.
(54) Baudler, M. Chain and Ring Phosphorus Compounds-
Analogies between Phosphorus and Carbon Chemistry. Angew.
Chem., Int. Ed. Engl. 1982, 21, 492−512.
(55) Krukau, A. V.; Vydrov, O. A.; Izmaylov, A. F.; Scuseria, G. E.
Influence of the exchange screening parameter on the performance of
screened hybrid functionals. J. Chem. Phys. 2006, 125, 224106.
(56) Zhang, L.; Gu, M.; Li, L.; Zhao, X.; Fu, C.; Liu, T.; Xu, X.;
Cheng, Y.; Zhang, J. High Yield Synthesis of Violet Phosphorus
Crystals. Chem. Mater. 2020, 32, 7363−7369.
(57) Osters, O.; Nilges, T.; Bachhuber, F.; Pielnhofer, F.; Weihrich,
R.; Schöneich, M.; Schmidt, P. Synthesis and Identification of
Metastable Compounds: Black Arsenic-Science or Fiction? Angew.
Chem., Int. Ed. 2012, 51, 2994−2997.
(58) Dronskowski, R.; Bloechl, P. E. Crystal orbital Hamilton
populations (COHP): energy-resolved visualization of chemical
bonding in solids based on density-functional calculations. J. Phys.
Chem. 1993, 97, 8617−8624.
(59) Deringer, V. L.; Tchougréeff, A. L.; Dronskowski, R. Crystal
Orbital Hamilton Population (COHP) Analysis As Projected from
Plane-Wave Basis Sets. J. Phys. Chem. A 2011, 115, 5461−5466.
(60) Nelson, R.; Ertural, C.; George, J.; Deringer, V. L.; Hautier, G.;
Dronskowski, R. LOBSTER: Local orbital projections, atomic
charges, and chemical-bonding analysis from projector-augmented-
wave-based density-functional theory. J. Comput. Chem. 2020, 41,
1931−1940.
(61) Naik, A. A.; Ueltzen, K.; Ertural, C.; Jackson, A. J.; George, J.
LobsterPy: A package to automatically analyze LOBSTER runs. J.
Open Source Softw. 2024, 9, 6286.
(62) Shannon, C. E. A mathematical theory of communication. Bell
Syst. Technol. J. 1948, 27, 379−423.
(63) Schwalbe-Koda, D.; Hamel, S.; Sadigh, B.; Zhou, F.; Lordi, V.
Model-free estimation of completeness, uncertainties, and outliers in
atomistic machine learning using information theory. Nat. Commun.
2025, 16, 4014.
(64) Greaves, G. N.; Elliott, S. R.; Davis, E. A. Amorphous arsenic.
Adv. Phys. 1979, 28, 49−141.

(65) Greaves, G. N.; Davis, E. A.; Bordas, J. Optical properties of
amorphous arsenic. Philos. Mag. 1976, 34, 265−290.
(66) Popescu, M. Structural model for amorphous arsenic.
Chalcogenide Lett. 2005, 2, 45−48.
(67) Wooten, F.; Winer, K.; Weaire, D. Computer Generation of
Structural Models of Amorphous Si and Ge. Phys. Rev. Lett. 1985, 54,
1392−1395.
(68) Greaves, G. N.; Davis, E. A. A continuous random network
model with three-fold coordination. Philos. Mag. 1974, 29, 1201−
1206.
(69) Elliott, S. R.; Davis, E. A. Refinement of the coordinates of a
three-fold coordinated continuous random network. AIP Conf. Proc.
1976, 31, 117−122.
(70) Elliott, S. R.; Dore, J. C.; Marseglia, E. The Structure of
Amorphous Phosphorus. J. Phys. Colloques 1985, 46, C8-349.
(71) Ronneberger, I.; Chen, Y.; Zhang, W.; Mazzarello, R. Local
Structural Origin of the Crystallization Tendency of Pure and Alloyed
Sb. Phys. Status Solidi RRL 2019, 13, 1800552.
(72) Wu, L.; Deringer, V. L. The Zintl−Klemm Concept in the
Amorphous State: A Case Study of Na−P Battery Anodes. Angew.
Chem., Int. Ed. 2026, 65, No. e08305.
(73) Kamal, C.; Ezawa, M. Arsenene: Two-dimensional buckled and
puckered honeycomb arsenic systems. Phys. Rev. B 2015, 91, 085423.
(74) S, S. D.; R, S.; Hunsur Ravikumar, C.; C, L.; Balakrishna, R. G.
Review on 2D Arsenene and Antimonene: Emerging Materials for
Energy, Electronic and Biological Applications. Adv. Mater. Interface
2022, 9, 2200442.
(75) Wu, Z.; Zhang, Y.; Gao, B.; Meng, Y.; Shao, H.; Li, D.; Xie, P.;
Wang, W.; Li, B.; Zhang, C.; et al. Synthesis of hexagonal boron
arsenide nanosheets for low-power consumption flexible memristors.
Nat. Commun. 2025, 16, 4755.
(76) Kresse, G.; Furthmüller, J. Efficient iterative schemes for ab
initio total-energy calculations using a plane-wave basis set. Phys. Rev.
B 1996, 54, 11169−11186.
(77) Kresse, G.; Joubert, D. From ultrasoft pseudopotentials to the
projector augmented-wave method. Phys. Rev. B 1999, 59, 1758−
1775.
(78) Ganose, A. M.; Sahasrabuddhe, H.; Asta, M.; Beck, K.; Biswas,
T.; Bonkowski, A.; Bustamante, J.; Chen, X.; Chiang, Y.; Chrzan, D.
C.; et al. Atomate2: modular workflows for materials science. Digit.
Discovery 2025, 4, 1944−1973.
(79) Blöchl, P. E. Projector augmented-wave method. Phys. Rev. B
1994, 50, 17953−17979.
(80) Sun, J.; Ruzsinszky, A.; Perdew, J. P. Strongly constrained and
appropriately normed semilocal density functional. Phys. Rev. Lett.
2015, 115, 036402.
(81) Huber, P. J. Robust Estimation of a Location Parameter. Ann.
Math. Statist. 1964, 35, 73−101.
(82) Thompson, A. P.; Aktulga, H. M.; Berger, R.; Bolintineanu, D.
S.; Brown, W. M.; Crozier, P. S.; in ’t Veld, P. J.; Kohlmeyer, A.;
Moore, S. G.; Nguyen, T. D.; et al. J. LAMMPS- a flexible simulation
tool for particle-based materials modeling at the atomic, meso, and
continuum scales. Comput. Phys. Commun. 2022, 271, 108171.
(83) Pickard, C. J.; Needs, R. J. High-pressure phases of silane. Phys.
Rev. Lett. 2006, 97, 045504.
(84) Nosé, S. A unified formulation of the constant temperature
molecular dynamics methods. J. Chem. Phys. 1984, 81, 511−519.
(85) Hoover, W. G. Canonical dynamics: Equilibrium phase-space
distributions. Phys. Rev. A:At., Mol., Opt. Phys. 1985, 31, 1695−1697.
(86) Virtanen, P.; Gommers, R.; Oliphant, T. E.; Haberland, M.;
Reddy, T.; Cournapeau, D.; Burovski, E.; Peterson, P.; Weckesser, W.;
Bright, J.; et al. SciPy 1.0: fundamental algorithms for scientific
computing in Python. Nat. Methods 2020, 17, 261−272.
(87) Schubert, E.; Sander, J.; Ester, M.; Kriegel, H. P.; Xu, X.
DBSCAN Revisited, Revisited: Why and How You Should (Still) Use
DBSCAN. ACM Trans. Database Syst. 2017, 42 (19), 1−19.
(88) Abdi, H.; Williams, L. J. Principal component analysis. Wiley
Interdiscip. Rev. Comput. Stat. 2010, 2, 433−459.

Journal of the American Chemical Society pubs.acs.org/JACS Article

https://doi.org/10.1021/jacs.5c18688
J. Am. Chem. Soc. 2026, 148, 9400−9412

9411

https://doi.org/10.1021/acs.jpclett.0c02405?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jpclett.0c02405?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1103/PhysRevLett.91.146401
https://doi.org/10.1103/PhysRevLett.91.146401
https://doi.org/10.1103/PhysRevLett.91.146401
https://doi.org/10.1103/PhysRevB.106.075422
https://doi.org/10.1103/PhysRevB.106.075422
https://doi.org/10.1103/PhysRevB.106.075422
https://doi.org/10.1021/acsmaterialsau.2c00059?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acsmaterialsau.2c00059?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acsmaterialsau.2c00059?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1038/s41467-020-19168-z
https://doi.org/10.1038/s41467-020-19168-z
https://doi.org/10.1103/PhysRevLett.77.3865
https://doi.org/10.1103/PhysRevLett.77.3865
https://doi.org/10.1103/PhysRevLett.108.236402
https://doi.org/10.1103/PhysRevLett.108.236402
https://doi.org/10.1063/1.4865104
https://doi.org/10.1063/1.4865104
https://doi.org/10.1002/anie.196610473
https://doi.org/10.1002/anie.200503017
https://doi.org/10.1002/anie.198204921
https://doi.org/10.1002/anie.198204921
https://doi.org/10.1063/1.2404663
https://doi.org/10.1063/1.2404663
https://doi.org/10.1021/acs.chemmater.0c02273?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.chemmater.0c02273?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1002/anie.201106479
https://doi.org/10.1002/anie.201106479
https://doi.org/10.1021/j100135a014?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/j100135a014?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/j100135a014?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/jp202489s?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/jp202489s?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/jp202489s?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1002/jcc.26353
https://doi.org/10.1002/jcc.26353
https://doi.org/10.1002/jcc.26353
https://doi.org/10.21105/joss.06286
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.1038/s41467-025-59232-0
https://doi.org/10.1038/s41467-025-59232-0
https://doi.org/10.1080/00018737900101355
https://doi.org/10.1080/14786437608221942
https://doi.org/10.1080/14786437608221942
https://doi.org/10.1103/PhysRevLett.54.1392
https://doi.org/10.1103/PhysRevLett.54.1392
https://doi.org/10.1080/14786437408226604
https://doi.org/10.1080/14786437408226604
https://doi.org/10.1063/1.30738
https://doi.org/10.1063/1.30738
https://doi.org/10.1051/jphyscol:1985852
https://doi.org/10.1051/jphyscol:1985852
https://doi.org/10.1002/pssr.201800552
https://doi.org/10.1002/pssr.201800552
https://doi.org/10.1002/pssr.201800552
https://doi.org/10.1002/anie.202508305
https://doi.org/10.1002/anie.202508305
https://doi.org/10.1103/PhysRevB.91.085423
https://doi.org/10.1103/PhysRevB.91.085423
https://doi.org/10.1002/admi.202200442
https://doi.org/10.1002/admi.202200442
https://doi.org/10.1038/s41467-025-60038-3
https://doi.org/10.1038/s41467-025-60038-3
https://doi.org/10.1103/PhysRevB.54.11169
https://doi.org/10.1103/PhysRevB.54.11169
https://doi.org/10.1103/PhysRevB.59.1758
https://doi.org/10.1103/PhysRevB.59.1758
https://doi.org/10.1039/D5DD00019J
https://doi.org/10.1103/PhysRevB.50.17953
https://doi.org/10.1103/PhysRevLett.115.036402
https://doi.org/10.1103/PhysRevLett.115.036402
https://doi.org/10.1214/aoms/1177703732
https://doi.org/10.1016/j.cpc.2021.108171
https://doi.org/10.1016/j.cpc.2021.108171
https://doi.org/10.1016/j.cpc.2021.108171
https://doi.org/10.1103/PhysRevLett.97.045504
https://doi.org/10.1063/1.447334
https://doi.org/10.1063/1.447334
https://doi.org/10.1103/PhysRevA.31.1695
https://doi.org/10.1103/PhysRevA.31.1695
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1145/3068335
https://doi.org/10.1145/3068335
https://doi.org/10.1002/wics.101
pubs.acs.org/JACS?ref=pdf
https://doi.org/10.1021/jacs.5c18688?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


(89) Lin, J. Divergence measures based on the Shannon entropy.
IEEE Trans. Inf. Theory 1991, 37, 145−151.
(90) Himanen, L.; Jäger, M. O. J.; Morooka, E. V.; Federici Canova,
F.; Ranawat, Y. S.; Gao, D. Z.; Rinke, P.; Foster, A. S. DScribe:
Library of descriptors for machine learning in materials science.
Comput. Phys. Commun. 2020, 247, 106949.
(91) Beckett, G.; Beech-Brandt, J.; Leach, K.; Payne, Z.; Simpson,
A.; Smith, L.; Turner, A.; Whiting, A. ARCHER2 Service Description;
Zenodo, 2024.

Journal of the American Chemical Society pubs.acs.org/JACS Article

https://doi.org/10.1021/jacs.5c18688
J. Am. Chem. Soc. 2026, 148, 9400−9412

9412

https://doi.org/10.1109/18.61115
https://doi.org/10.1016/j.cpc.2019.106949
https://doi.org/10.1016/j.cpc.2019.106949
pubs.acs.org/JACS?ref=pdf
https://doi.org/10.1021/jacs.5c18688?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

