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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,
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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
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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
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thousands to millions of atomistic structures, along with diverse properties. Consequently,

machine learning (ML) methods are increasingly employed to handle the large and complex

datasets1,4–8. 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 inspections9,10. 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.
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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 (Φ and Ψ) of amino acid residues in a

protein structure. The plot in Figure 1(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 α-helix,

β-sheet, and left-handed α-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 points12. 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 trajectory11, 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, Φ, and Ψ, respectively.

of the low-dimensional map are just the first few eigenvectors of the design matrix, formed

by concatenating the high dimensional coordinates. Alternatively, if the closeness is de-

fined using pairwise Euclidean distances, the method is called multi-dimensional scaling13.

Other definitions of closeness yield t-distributed stochastic neighbor embedding (t-SNE)14,

sketch-map15, the uniform manifold approximation and projection (UMAP)16, 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 learning17–24. They all respect
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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

projected25. Here we focus on the Smooth Overlap of Atomic Positions (SOAP) descriptor20,

coupled with kernel PCA (KPCA)26, 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 1(b). Similarly to the standard Ramachandran

plot in Figure 1(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 Φ and Ψ. The

strong horizontal color gradient in panel (e) suggests that the PC1 is essentially equivalent to

Ψ, with the additional advantage that the β cluster does not split. The vertical (PC2) axis is

well correlated with the Φ angle at the top of the plot where the Lα 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)
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within a sphere of radius rcut 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 analysis27, the presence or absence of predefined atomic

fragments (e.g. the Morgan fingerprints28) or orientational order parameters29. These are

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 σ centered on each atom i

in X to make an atomic density function:

ρXi
(r) =

∑
i∈X

exp

[
−|r− ri|2

2σ2

]
fcut(|r|), (1)

where r denotes a point in Cartesian space, ri is the position of atom i relative to the central

atom of X , and the cutoff function fcut smoothly decays to zero beyond the radius rcut. 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, Ylm(r̂), and a set of orthogonal

radial functions, gn(r), as

ρX (r) =
∑
nlm

cnlmgn(|r|)Ylm(r̂), (2)

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

ψnn′l(X ) =

√
8

2l + 1

∑
m

(cnlm)∗cn′lm. (3)
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Then we obtain a vector of descriptors ψ = {ψnn′l} by considering all components l ≤ lmax

and n, n′ ≤ nmax, 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

straightforward4: we construct separate densities for each of nsp species α, and compute

power spectra ψαα
′

nn′l(X ) for each pair of elements α and α′, where the two species indices

correspond to the c∗ and c coefficients, respectively. The nsp(nsp+1)/2 vectors corresponding

to each of the α-α′ pairs are then concatenated to obtain the descriptor vector of the complete

environment. In some cases, we might choose to neglect the cross terms (α 6= α′) and obtain a

much shorter descriptor vector. The ASAP tool uses the DScribe python library to compute

the SOAP descriptors30.

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

vectors20,

K(X ,X ′) =

∫
R̂∈SO(3)

dR̂

∣∣∣∣∫ drρX (r)ρX ′(R̂r)

∣∣∣∣2 = ψTψ. (4)

When considering a large number of atomic environments, we collect their descriptor

vectors into a design matrix, Ψ, whose rows are the descriptor vectors ψ. For N envi-

ronments, each described by a descriptor vector of length D, the design matrix has size

N × D. From the design matrix, we can form the kernel matrix of size N × N , whose

elements are given by the similarity kernel between each environment. The simplest linear

kernel is K = ΨΨT , for which PCA and KPCA are equivalent; other options are avail-

able12. 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-

plicit distance between two environments, it can be defined by d(X ,X ′) =
√

(ψ −ψ′)2 =√
K(X ,X ) +K(X ′,X ′)− 2K(X ,X ′). Notice that for nonlinear kernels, one can thus define
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the distance using just the kernel, bypassing explicit descriptors entirely.

Universal SOAP hyper-parameters

The length-scale hyper-parameters (rcut and σ) for constructing the SOAP vectors can be

fine-tuned for any given application31. 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 σ and rcut/nmax,

and the angular resolution is determined by 2π/lmax as well as σ/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 advantageous1,32.

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, β-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 rZtyp, and the shortest bond length of any local minimum structure is rZmin. 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

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 Xi of all NA atoms, and the most straightforward way

is to simply take the average,

Φ(A) =
1

NA

NA∑
i∈A

ψ(Xi). (5)

Alternative constructions that lose less information are described elsewhere4,33. 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 (ta-C) films, which

have intricate local environments34–36. The KPCA maps in Figure 2 (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

as “sp”, “sp2”, and “sp3”. In addition, the KPCA maps show continuous distributions of

different environments within the sp and sp2 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 bonds5. 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 sp2 clusters.
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Figure 2: Panel (a) shows a snapshot of an amorphous carbon thin film36. Panels (b-d) show
the KPCA projections of the atomic environments from 50 snapshots of the system with 125
carbon atoms36, 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. Solidification 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) crystals37. This controversy arises because the physical definition of bcc ordering is

somewhat ambiguous, and also because the commonly used local bond order parameters38

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 sampling39,40. 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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Figure 3: Snapshot of a Lennard-Jones system of 23,328 atoms containing a solid nucleus
surrounded by undercooled liquid. Atoms are colored according to the similarity of their
environment to fcc39,40 (yellow means very similar, black and purple mean dissimilar). (a)
Real space view, (b) PCA map for the atomic environments. In addition, we show the
location of the bcc atomic environments (from perfect bcc crystals at a range of molar
volumes) on the PCA map.

Liquid water structure

The compositions of training sets are crucial for the quality of machine learning models for

chemistry and materials. Mapping atomic structures is useful for examining and under-

standing the training configurations, particularly when curating or expanding an existing

data set. One such task is the fitting of machine learning interatomic potentials, which are

increasingly popular as they can be both accurate and efficient41.

Here we visualize the training set of a recent potential for bulk liquid water42. First

1,000 structures of liquid water were harvested from classical molecular dynamics simula-

tions at 1000 K and densities between 0.7 and 1.2 g/mL, and augmented with lower energy

configurations obtained after a few steps of geometry optimization. The remaining con-

figurations were extracted from path-integral molecular dynamics (PIMD) simulations at

ambient pressure and 300 K, which account for the quantum mechanical nature of hydrogen

nuclei. The difference between classical and quantum mechanical water is not apparent from

inspecting atomic snapshots by eye, cannot be captured using conventional metrics such as
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oxygen radial distribution functions42, and has only subtle manifestation in hydrogen bond

analysis43.

However, in the KPCA maps of the training set (Figure 4) the distinction is obvious:

the classical and quantum water form two well-separated clusters. It is further revealed that

the classical water configurations have a relatively wide spread in both energy and molar

volume, and both quantities are correlated with the axes of the plot. Such spread in the

training set is important for constructing a potential that is stable at a range of pressures

and elevated temperatures.

Figure 4: KPCA maps of liquid water configurations (1,000 classical and 593 quantum
mechanical structures) from a training set42, colored according to volume (upper panel) and
the relative energy of each configuration (lower panel).
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Crystal structure search: titanium dioxide

Ab initio random structure search44 is a very productive tool of materials discovery. To

demonstrate the use of visualization in this domain, we show an example of mapping the

TiO2 crystalline polymorphs2 that were produced from random searches44. This dataset

includes thousands of distinct TiO2 structures with different atomic coordinates, cell shapes

and numbers of formula units in the cell. Even though the knowledge of space groups, molar

volumes and energies of the structures provides hints on how to classify them, it is still a

formidable task to sort through them manually. The KPCA map in Figure 5 instead directly

gives an overview of the structural similarities between 4,690 locally stable structures of

titanium dioxide. Properties such as the relative enthalpy or unit cell volume vary smoothly

across the figure, and regions of high density or stability are revealed. We project the known

(marked in blue) and newly discovered phases (marked in green) of TiO2 on the map2, so

one can immediately spot if a particular phase has been found in the random search, instead

of having to rely on the traditional identifications such as the space groups. Indeed, as also

shown on the map, different structures can adopt an identical space group, while atomic

configurations that are structurally similar were classified to have distinct symmetries.

Structure of heterogeneous interfaces

Structure searches can be extended to systems with interfaces, to reveal the stable configura-

tions that are hard to obtain otherwise45. The data analysis for this is even more challenging

compared with bulk phases, because the presence of the interface breaks the crystallographic

symmetry, so the traditional space group analysis is often ineffective. The extended, often

low-symmetry nature of interfaces also makes visual inspections more difficult. Hence, au-

tomatic maps become extremely desirable in this case.

Figure 6 shows the PCA map of SrTiO3 and CeO2 (STO/CeO2) (100)/(110) interface

structures. Each point represents a configuration at a local energy minimum. The relative

energies, used as the color scale, strongly correlate with the horizontal axis of the map.
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Figure 5: A KPCA map for TiO2 structures generated from random structure searches at
20 GPa2: each dot indicates a crystal structure, with the known and new phases found in
Ref.2 shown using blue or green markers, respectively, and annotated by their names. If a
certain phase is found in the search, it is marked as a solid symbol, and otherwise a hollow
symbol (e.g. C 2c, TiO2B and ramsdellite). Only the space groups of structures that have
low energy and have appeared multiple times are indicated. The plot is generated using a
Python notebook, by importing ASAP as a library.

This means that while the interfacial energies are not used to construct the map, PCA

identifies them automatically, presumably just from the distortion of the interface regions.

We identified two clusters with low energies: group A consists of structures similar to the

ideal interface that forms by simply joining the bulk phases, while group B contains the

reconstructed structures.

Organic molecules

The QM9 data set46, which contains 133,885 organic molecules composed of H and up to nine

heavy atoms (C,N,O and F), has become a standard benchmark for ML-based property pre-

diction. Here we compare molecular structures using average SOAP descriptors (Eqn. (5)),

and then use a sparse version of KPCA for dimensionality reduction as the dataset is large.

We use the resulting map (Figure 7) to navigate the QM9 set, and exploit the interactive
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Figure 6: A PCA map for 1332 STO/CeO2 (100)/(110) interface structures relaxed from
randomly generated structures45. These structures consist of four layers on each side of the
interface with a mirror plane at the middle. The red ovals indicate two distinct lowest-energy
groups.

viewer to observe molecules along various “paths” through the map (illustrated in Figure 7a).

Color-coding the points on the map using elemental compositions (Fig. 7b) shows that

pure hydrocarbons and other compositions (e.g. C,H,O or C,H,N,O) form separate clusters.

Together Figs. 7c and d show that different carbon and total atom counts cause further

splitting of these clusters. The key features of the map are thus mainly defined by molecular

composition. Furthermore, systems with different numbers of rings also form distinct clusters

across the map (Fig. 7g).

Molecular properties correlate both with the axes of the map, and with the molecular

compositions. The atomization energy per atom (Fig. 7a) scales inversely with the total

number of atoms (Fig. 7d)4,47. The reason is that most molecules in QM9 contain 9 non-
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hydrogen atoms, so molecules with less overall atoms tend to have more double and triple

bonds. This also explains the trend in the HOMO-LUMO gap εgap (Fig. 7e): unsaturated

compounds tend to have lower gaps. On the other hand, HOMO energies εHOMO (Fig. 7e)

are less systematic, presumably because the electronegativities of the contained elements

and structural features like π-conjugation have a strong influence.

Figure 7: KPCA maps of the QM9 database using a global SOAP kernel. The frames are
color-coded according to structural descriptors (b,c,d,g) and quantum mechanical properties
(a,e,f).

As a complementary way to visualize QM9, we consider the atomic environments of all

the carbon atoms (Figure 8). Upon inspection, the clusters of environments are found to

reflect different numbers of neighboring carbon and hydrogen atoms (strongly correlated

with the vertical and horizontal axes of the plot, respectively). The clusters thus correspond

to atom-types, reflecting the fundamental concept behind classical bio-organic force-fields,
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which define different atom-types according to the basic bonding topology of a molecule.

Each cluster displays a fairly homogeneous Mulliken charge, with a large number of hydro-

gen neighbors leading to a negative partial charge on the carbon atom (and vice versa).

Within each cluster, different realizations of the C/H neighborhoods cause further difference

in the charges. For example, both a carboxylic acid and a –CF3 group attached to a hydro-

carbon contain a central carbon atom with a single carbon and no hydrogen neighbors. Such

subclusters are illustrated in Figure 8b and c, according to the hybridization and whether a

carbon atom is part of a ring. This also serves as a warning that dimensionality reduction

may obscure some relevant structural features of the data. In this case, carbon and hydrogen

are the most abundant elements in the dataset so they dominate the embedding, whereas

the role of heteroatoms is not immediately clear. Color-coding using additional properties

and inspecting representative structures can fill this gap.

Visualizing atomic environments also helps understand and interpret ML potentials. We

consider a SOAP-based GAP model trained on QM9 energies1, in which total energies are

expressed as the sums of local atomic energies. Figure 8d is color-coded using these local

energies and shows systematic trends of similar energies within each cluster and a smooth

variation of energies between clusters. This shows how the local energies are related to the

specific environments.

Polymorphs and Conformers of Oxalic Acid crystals

KPCA maps can also be used to emphasize differences in conformations or crystal poly-

morphs for systems with fixed composition. This is illustrated for oxalic acid (OA) in Fig-

ure 9. In the left panel, seven conformers of OA (each a (meta-)stable structure on the

potential energy surface) are shown. The map intuitively arranges these structures accord-

ing to the orientation of the protons (from left to right: in-in, in-out and out-out), and its

vertical axis correlates with the relative energy.

Additionally, configurations sampled from a series of MD trajectories initialized from
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each conformer geometry are shown. Note that the highest energy conformer is not ther-

mally stable, and almost immediately rearranges during the MD. These configurations are

arranged in larger basins separated by energetic barriers, while conformers within a basin are

connected by low energy paths. In particular, the leftmost conformer (with corresponding

points indicated by partial transparency) does not rearrange during the MD simulation due

to the high kinetic stability afforded by the two intramolecular hydrogen bonds, whereas all

other conformers are connected by the MD trajectories.

In the right panel, a similar KPCA plot is shown for 48 bulk crystal structures of OA,

which were generated using random structure search. The initial random structures (small

yellow circles) and the corresponding fully relaxed configurations (large colored circles) are

connected by gray lines. All molecules in the structure search were initialized from the

bottom-right conformer (out-out, trans) in the left panel, but in some cases the monomers

in the relaxed structures belong to a different conformer (indicated by dashed arrows between

the two panels). The random and optimized crystal structures stay on distinct regions of

the plot. Almost all optimized structures are well-separated, indicating that there are many

stable minima for the crystal, unlike in the gas-phase. Besides the two experimentally formed

polymorphs, several other crystalline structures of OA with comparable energies are also

found. This multitude of low energy local minima make organic crystal structure prediction

difficult.

The two maps in Figure 9 highlight different aspects of molecular structure: the in-

tramolecular aspects (mainly proton orientation) on the left, and the differences in inter-

molecular interactions on the right. Considering both thus allows a more complete under-

standing of the structural factors underpinning molecular crystal formation.
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Conclusion

Automating the mapping of diverse classes of materials and molecules yields physical and

chemical insights, saves human effort, and provides a data-driven perspective on large atom-

istic datasets. Because of this utility, and the software packages that are now available, we

believe that these maps will become a standard tool for the wider computational chemistry

and materials science community. From the perspective of methodology there is certainly

room for improvement. For example, a systematic comparison of the maps produced using

different descriptors and dimensionality reduction algorithms would be useful, as would be

the development of new schemes that have better scaling with respect to the number of

atomic species in the dataset. As in most works using ML for chemistry and materials to

date, we have neglected long-range interactions and correlations. Incorporating descriptions

of these may improve the ability of maps to discern and tease out such effects, for example

in ionic solutions and large protein complexes.

All in all, beyond visualization being a valuable tool for molecular modelling, it is also

becoming a science in itself. Without any doubt, this Account will not be the final word in

this new science, and we anticipate exciting new developments.

Data availability The datasets and scripts for the visualization are uploaded to a public

repository at

https://github.com/BingqingCheng/Mapping-the-space-of-materials-and-molecules.

The ASAP code and the interactive viewing tool are also available:

https://github.com/BingqingCheng/ASAP

https://github.com/chkunkel/projection_viewer

An alternative interactive viewing tool50 developed by another research group is at

https://chemiscope.org.

The output of ASAP can be directly used as the input of either viewing tool.
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31. 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.

32. Bernstein, N.; Bhattarai, B.; Csanyi, G.; Drabold, D. A.; Elliott, S. R.; Deringer, V. L.

Quantifying Chemical Structure and Machine-Learned Atomic Energies in Amorphous

and Liquid Silicon. Angewandte Chemie International Edition 2019, 58, 7057–7061.

33. Mavracic, J.; Mocanu, F. C.; Deringer, V. L.; Csanyi, G.; Elliott, S. R. Similarity Be-

tween Amorphous and Crystalline Phases: The Case of TiO2. The Journal of Physical

Chemistry Letters 2018, 9, 2985–2990, PMID: 29763315.
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Figure 8: KPCA maps of carbon atom environments in the QM9 database. Maps are color-
coded according to Mulliken charges (a), hybridization (b), whether the atoms are in rings
(c) and according to local energies predicted by a machine learning potential (d).
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Figure 9: Left: KPCA map of oxalic acid conformers in the gas-phase (large points) and
configurations from different MD simulations at 500 K initialized at the conformer geometries
(small points). Configurations belonging to the MD for which no transitions to other basins
are observed are shown as transparent points. Right: Randomly generated oxalic acid unit
cells (small yellow circles) and the corresponding fully relaxed crystals (large colored circles).
The experimentally known α48 (lower structure) and β 49 (upper structure) polymorphs are
highlighted. All random structures were initialized from the same gas-phase conformer,
but in some cases the conformer changed upon relaxation (highlighted by arrows across the
panels).
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