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Conspectus

The visualization of data is indispensable in scientific research, from the early stages when

human insight forms, to the final step of communicating results. In computational physics,


bc509@cam.ac.uk

chemistry and materials science, it can be as simple as making a scatter plot, or as straight-
forward as looking through the snapshots of atomic positions manually. However, as a
result of the “big data” revolution these conventional approaches are often inadequate. The
widespread adoption of high-throughput computation for materials discovery and the asso-
ciated community-wide repositories have given rise to data sets that contain an enormous
number of compounds and atomic configurations. A typical data set contains thousands
to millions of atomic structures, along with a diverse range of properties such as formation
energies, band gaps, or bio-activities.

It would thus be desirable to have a data-driven and automated framework for visualizing
and analyzing such structural datasets. The key idea is to construct a low-dimensional rep-
resentation of the data, which facilitates navigation, reveals underlying patterns, and helps
to identify data points with unusual attributes. Such data-intensive maps, often employing
machine learning methods, are appearing more and more frequently in the literature. How-
ever, to the wider community, it is not always transparent how these maps are made and how
they should be interpreted. Furthermore, while these maps undoubtedly serve a decorative
purpose in academic publications, it is not always apparent what extra information can be
garnered from reading or making them.

This Account attempts to answer such questions. We start with a concise summary of
the theory of representing chemical environments, followed by the introduction of a simple
yet practical conceptual approach for generating structure maps in a generic and automated
manner. Such analysis and mapping is made nearly effortless by employing the newly de-
veloped software tool, ASAP. To showcase the applicability to a wide variety of systems
in chemistry and materials science, we provide several illustrative examples, including crys-
talline and amorphous materials, interfaces, and organic molecules. In these examples, the
maps not only help to sift through large datasets, but also reveal hidden patterns that could
be easily missed using conventional analyses.

The explosion in the amount of computed information in chemistry and materials science



has made visualization into a science in itself. Not only have we benefited from exploiting
these visualization methods in previous works, we also believe that the automated mapping
of datasets will in turn stimulate further creativity and exploration, as well as ultimately

feed back into future advances in the respective fields.
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Introduction

We are experiencing a dramatic growth of data in chemistry, physics and materials science,
thanks to the ever-increasing computational power available, advances in electronic struc-
ture methods and algorithms, and community-wide data repositories. Exploiting the “big

data” efficiently and effectively using traditional tools is not easy: datasets often contain



thousands to millions of atomistic structures, along with diverse properties. Consequently,
machine learning (ML) methods are increasingly employed to handle the large and complex

datasets 448

. Often, data visualization is an initial and a final step of these data-driven stud-
ies. A low-dimensional map shows a condensed view of the dataset and reveals underlying
patterns, such as clusters, outliers and correlations, allowing researchers to gain first insights
from visual inspections®Y During the final stage, visualization is essential and efficient in
communicating results.

However, most of these papers focus on data generation or ML predictions, while dis-
playing visualizations without much interpretation or explanation. This is somewhat un-
satisfactory, as many chemical representations and embedding methods for generating these
maps are available. Furthermore, it may be unclear in what ways the maps are helpful and
what kind of physical insights they provide. To fill in this gap, this Account summarises the
underlying principles of the visualization and showcases its applicability to a wide variety of
physical systems.

To largely automate the mapping task, we have developed user-friendly software packages:
the Automatic Selection And Prediction tools for materials and molecules (ASAP) is a
Python-based command-line tool that enables automatic analysis and mapping using just a
couple of simple commands and options. We display such commands in snippets below when
showing figures generated using the ASAP. To explore a dataset interactively, we rely on a
web-browser based viewing tool that can display 3D-structures corresponding to each data

point together with its attributes.



Essential concepts and methods for mapping atomic struc-

ture

Low-dimensional embeddings

The geometrical configuration of a molecule or material is intrinsically high dimensional, 3n
for n atoms. To visualize the relationship between the structures in a dataset, we need to
represent each structure as a point in a low-dimensional space, typically the two dimensions
of paper or a computer screen. This high (3n) to low dimensional transformation is called
dimensionality reduction or embedding. Such embedding is common and crucial for analyzing
simulation results or structural databases. Traditionally, it usually requires human insights
for selecting appropriate low-dimensional coordinates, often referred to as collective variables
(CVs). A textbook embedding example is the Ramachandran plot that visualizes energeti-
cally favorable regions for backbone dihedral angles (¢ and W) of amino acid residues in a
protein structure. The plot in Figure [I[a) illustrates an alanine dipeptide molecule with 66
geometric degrees of freedom using just two torsion angles. Most configurations concentrate
in three distinct clusters, associated with common secondary structure elements (the -helix,
-sheet, and left-handed -helix).

The Ramachandran and similar plots provide powerful insight into high-dimensional
structural data, but they typically require domain knowledge to hand-craft the CVs for
every specific system. In contrast, automatic and system-agnostic embeddings for atomistic
structures do not rely on system-specific information. In general, embedding procedures
preserve some relationships between the points in high and low dimensional space. Loosely
speaking, points that are “close” to each other in high dimension should remain so on the
low-dimensional map. Embedding methods differ in the definition of “closeness”, whether
calculated for all points or just a subset, and in the numerical algorithms employed. A
particularly simple method is principal component analysis (PCA), which defines closeness

as the scalar product between the vectors pointing to the points4. Consequently, the axes
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Figure 1: Panel (a) shows a Ramachandran plot of 5K configurations of an alanine dipeptide
selected from a molecular dynamics trajectory™, with respect to the two dihedral angles
indicated in panel (c). The snapshots are classified according to the canonical structural
motifs. Panel (b,d,e) show the KPCA projections using the SOAP descriptors, colored
according to classifications, ®, and W, respectively.

of the low-dimensional map are just the first few eigenvectors of the design matriz, formed
by concatenating the high dimensional coordinates. Alternatively, if the closeness is de-
fined using pairwise Euclidean distances, the method is called multi-dimensional scaling™3.
Other definitions of closeness yield t-distributed stochastic neighbor embedding (t-SNE)1%,
sketch-map™®, the uniform manifold approximation and projection (UMAP)Z, etc.
Therefore, the critical first step in designing a successful embedding method for materials
and molecules is to decide how to compare atomic structures, i.e. by defining a distance
metric. Several methods have been proposed over the past decade to describe structures,

primarily for predicting atomic scale properties using machine learning®?%. They all respect



the appropriate physical symmetries; many are based on atomic densities, and these are
essentially equivalent in some limit, differing only in the basis onto which the density is
projected®. Here we focus on the Smooth Overlap of Atomic Positions (SOAP) descriptor?,
coupled with kernel PCA (KPCA)#®, which defines a scalar product in high dimensions with
respect to a metric, as given by a user-supplied kernel function.

The computational cost of the whole process of constructing a map, computing descriptors
and then using PCA or a sparse version of KPCA as implemented in ASAP, scales linearly
with the total number of atoms in the dataset. The workflow usually takes only a few
seconds on laptops for moderately sized datasets, and less than a few minutes even for the
largest set considered in this Account. To make the method suitable for even larger sets,
the ASAP code is made parallelizable, and contains tools to sparsify datasets (i.e. select a
representative subset) as well.

Returning to the first example, an automatic mapping of the alanine dipeptide configu-
rations using this method is shown in Figure (b) Similarly to the standard Ramachandran
plot in Figure (a), the structures with different motifs are clearly separated on the KPCA
map. (Note that in PCA or KPCA the first few eigenvectors of the design matrix, which
form the axes of the plot, are also called “principal components”, PCs.) Panels (d) and (e)
show the same KPCA projection, but with the points colored according to ® and W. The
strong horizontal color gradient in panel (e) suggests that the PC1 is essentially equivalent to
U, with the additional advantage that the cluster does not split. The vertical (PC2) axis is
well correlated with the ® angle at the top of the plot where the L cluster is separated from
the others. As such the KPCA map provides the same or even improved view compared with

the conventional Ramachandran plot, but without relying on the prior domain knowledge.

Describing and comparing atomic environments

The automatic comparison and mapping of materials and molecules starts with describing

each atomic environment X, which consists of the atoms (chemical species and position)



within a sphere of radius rgy centered at a specific atom. A good descriptor of X should
be invariant to translation, rotation, and permutation of atoms of the same species, because
these operations do not change physical properties. Many traditional descriptors used in
cheminformatics are based on the covalent connectivity of atoms, such as simple valence
counting and common neighbor analysis®’, the presence or absence of predefined atomic

<d These are

fragments (e.g. the Morgan fingerprints®®) or orientational order parameters
relatively low dimensional descriptors, and lose much geometric information. We opt to
retain all geometric information when representing atomic environments and structures, and
then rely on the dimensionality reduction of the embedding to arrive at a low-dimensional
map.

To construct SOAP descriptors, first consider an atomic environment X that contains

only one atomic species, and place a Gaussian function of width  centered on each atom i

in X to make an atomic density function:

x ; 2#
r —7T;
L R (1)

where r denotes a point in Cartesian space, r;j is the position of atom i relative to the central
atom of X', and the cutoff function gy smoothly decays to zero beyond the radius rey. This
density representation ensures invariance with respect to translations and permutations of
atoms of the same species, but not rotations. To obtain a rotationally-invariant descriptor,
we expand the density in a basis of spherical harmonics, Yjq(#), and a set of orthogonal

radial functions, gn(r), as
X
x(r) = CrmGn(|r])Yim(E); (2)

nlm

and construct the power spectrum of the density using the expansion coefficients,

I"—8 >
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Then we obtain a vector of descriptors = { nno} by considering all components | < Iyax
and N;N" < Npax, which act as band limits, controlling the spatial resolution with which
the atomic density is resolved. The generalization to more than one chemical species is
straightforward®: we construct separate densities for each of Ng, species , and compute

' where the two species indices

power spectra o (X) for each pair of elements  and
correspond to the ¢ and ¢ coefficients, respectively. The Ngy(Nsp+1)=2 vectors corresponding
to each of the - ?pairs are then concatenated to obtain the descriptor vector of the complete
environment. In some cases, we might choose to neglect the cross terms ( # ') and obtain a
much shorter descriptor vector. The ASAP tool uses the DScribe python library to compute
the SOAP descriptors=Y.

Subsequent dimensionality reduction needs a distance metric to compare atomic environ-
ments or, equivalently, a positive semi-definite similarity kernel K (the latter should take its
maximum value for a pair of identical environments and be smaller but positive for different
environments). A natural similarity kernel between atomic densities is the overlap integrated
over all 3D rotations, and it turns out that computing it is easy once we have the SOAP
vectors?Y, 7 7 ,
K(X; XY = dR dr x(r) xo(Rr) = T : (4)

R2S0(3)

When considering a large number of atomic environments, we collect their descriptor
vectors into a design matriz, ¥, whose rows are the descriptor vectors . For N envi-
ronments, each described by a descriptor vector of length D, the design matrix has size
N x D. From the design matrix, we can form the kernel matriz of size N x N, whose
elements are given by the similarity kernel between each environment. The simplest linear
kernel is K = WUT, for which PCA and KPCA are equivalent; other options are avail-
able®®. A common choice together with the SOAP representation is to raise the above kernel
elements to a small integer power, giving rise to a polynomial kernel. If ones needs an ex-

P

plicit distance between two environments, it can be defined by d(X; &%) = ( — 12 =

P

K(X; X) + K(X% A" — 2K(X; XY). Notice that for nonlinear kernels, one can thus define



the distance using just the kernel, bypassing explicit descriptors entirely.

Universal SOAP hyper-parameters

The length-scale hyper-parameters (reye and ) for constructing the SOAP vectors can be
fine-tuned for any given application®*. While to date this was done case by case, we have
now formulated general heuristics for choosing the SOAP hyper-parameters for a system
with arbitrary chemical composition. The radial resolution is related to  and reyt=Nmax,
and the angular resolution is determined by 2 =lyax as well as  =r at each shell of radius r.
As such, using a set of fixed hyper-parameters is inefficient, because different systems have
distinct length scales and varying spatial complexity. Furthermore, a system with many
different chemical elements can contain a wide range of length scales, and so using multiple
sets of SOAP descriptors with different hyper-parameters can be advantageous®*2.,

Our universal heuristics are based on the characteristic bond lengths in the system, which
in turn depend on the chemical species involved. For each atomic species Z, we calculate six
structures (dimer, graphite, diamond, -Sn, body-centered cubic, and face-centered cubic)
spanning coordination from 1 to 12, minimizing the total energy with respect to uniform
isotropic strain of each structure. The bond length in the lowest energy structure is defined
as gy, and the shortest bond length of any local minimum structure is rg;,. We then use
these species-specific bond lengths to choose the SOAP hyper-parameters for a given system

with a set of species. The specific rules for doing this and the resulting length scales for two

examples are included in the Supplementary Information. In the ASAP tool, the usage of
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these hyper-parameters is simply activated by the “—universal” or “-u” flag.

Comparing molecules and crystal structures

So far we have described how to represent atomic environments. Frequently, however, we
would like to represent, compare, and map entire structures. This requires descriptors for

whole structures instead of environments. To do this, for structure A, one can combine all
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the descriptors for the environments A&j of all Na atoms, and the most straightforward way

is to simply take the average,

1 X

(A) = -

(%): (5)

i2A

Alternative constructions that lose less information are described elsewhere®*®. In the pres-
ence of multiple chemical species, one can apply a single sum, or first average separately for
each species and then concatenate the species-specific averaged vectors. From the descriptor
vector for each structure, one can then construct the design matrix and the kernel matrix,

analogously to the procedure for environments.

Examples

Amorphous carbon

Here we show an example application on tetrahedral amorphous carbon (¢a-C) films, which
have intricate local environments®8  The KPCA maps in Figure (b-d) show 2D pro-
jections based on the atomic SOAP descriptors of local environments in ta-C (illustrated in
Figure[2] (a)). Carbon atoms with different coordination numbers are automatically separated
into clusters on the maps, reminiscent of the traditional classification of carbon environments

37 In addition, the KPCA maps show continuous distributions of

as “sp”, “sp?”, and “sp
different environments within the sp and sp? clusters: there is significant variability in bond
lengths that is strongly correlated to the vertical axis. The implication of such variability
is discussed in-depth by Caro et al. in terms of reactivity (hydrogenation energy) and the
classification of carbon bonds®. KPCA does not further separate the points within the coor-

dination clusters as shown by the single density peak of each cluster in Figure [2[ (d), which

suggests there is no clear-cut way to sub-divide the sp and sp? clusters.
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Figure 2: Panel (a) shows a snapshot of an amorphous carbon thin # Panels (b-d) show
the KPCA projections of the atomic environments from 50 snapshots of the system with 125
carbon atoms®, colored according to coordination number (b), average bond length (c), and
the logarithm of the relative probability of each atomic environment (d). The rightmost
point is absent in (c), as the corresponding atom has no neighbors.

The nucleation of a crystal from the liquid state

We now show the use of the automatic mapping in understanding the structural heterogeneity
of nucleation. Solidi cation of materials starts with a small crystal nucleating from the melt.
Despite a multitude of atomistic simulation studies, it is still a matter of debate whether
body-centered cubic (bcc) ordering exists at the surface of the nuclei of face-centered cubic
(fcc) crystals®’. This controversy arises because the physical de nition of bcc ordering is
somewhat ambiguous, and also because the commonly used local bond order param€ters
do not distinguish between bcc and interface atoms.

In Figure [3 we show the PCA map based on SOAP descriptors of each atom-centered
environment inside a Lennard-Jones system consisting of a solid nucleus surrounded by un-
dercooled liquid. Environments are colored according to how similar they are to fcc using a
conventional fcc order parameter that was used for enhanced sampf¢f. Figure 3 reveals
a smooth and gradual transition between the center of the nucleus and the bulk liquid, with
two blobs of data points corresponding to the fcc and liquid-like motifs. There is no clear
indication of an extra density peak that is associated with the bcc local ordering. Further-
more, the reference bcc environments are clearly separated on the map. The embedding thus

severely questions the existence of bcc ordering at the surface of the forming nuclei.
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