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ABSTRACT

USPEX is a crystal structure predictor based on an evolutionary
algorithm. Every USPEX run produces hundreds or thousands of
crystal structures, some of which may be identical. To ease the ex-
traction of unique and potentially interesting structures we applied
usual high-dimensional classi�cation concepts to the unusual �eld
of crystallography. We experimented with various crystal structure
descriptors, distinct distance measures and tried different clustering
methods to identify groups of similar structures. These methods are
already applied in combinatorial chemistry to organic molecules for
a different goal and in somewhat different forms, but are not widely
used for crystal structures classi�cation. We adopted a visual design
and validation method in the development of a library (CrystalFp)
and an end-user application to select and validate method choices,
to gain users’ acceptance and to tap into their domain expertise.
The use of the classi�er has already accelerated the analysis of US-
PEX output by at least one order of magnitude, promoting some
new crystallographic insight and discovery. Furthermore the visual
display of key algorithm indicators has led to diverse, unexpected
discoveries that will improve the USPEX algorithms.

Index Terms: J.2 [Physical Sciences and Engineering]: Chem-
istry; I.5.2 [Pattern Recognition]: Design Methodology�Classi�er
design and evaluation

1 INTRODUCTION

USPEX [20] is a computational method and application based on
an evolutionary algorithm that enables crystal structure prediction
at arbitrary P-T conditions, given just the chemical composition of
the material.

Due to the algorithm’s evolutionary nature, every USPEX run
produces hundreds or thousands of putative crystal structures, but
in practice many of them are the same structure, perhaps described
in a different, but equivalent, way or based on a different coordi-
nate reference frame or made different by small numerical errors.
Before analysis by the crystallographers it is therefore necessary
to reduce the results to a set of unique structures to concentrate
their analysis on the con�gurations that could give insight on new
phenomena. This is indeed an intensive manual labor, consisting
mainly in judging equality from side-by-side visualization of pairs
of structures.

This reduction step, once automated, could be exploited also in
another context. It could be integrated inside USPEX to improve
the effectiveness of its evolutionary algorithm by avoiding the dilu-
tion of diversity at each generation caused by the presence of iden-
tical structures.

We decided therefore to design an automatic structure compari-
son and clustering method, initially to support the post-run classi�-
cation task, but with the �nal goal of incorporating it inside USPEX.

�e-mail: mvalle@cscs.ch
�e-mail: a.oganov@mat.ethz.ch

The approach adopted applies to the classi�cation problem meth-
ods common to the visual analytics and data mining communities,
but not widely employed in the crystallography �eld. Crystal struc-
tures are thus described as points in a multidimensional space, each
identi�ed by a multidimensional coordinate set (here called �nger-
print). This space has a similarity metric de�ned so we can mea-
sure structure �closeness� and then use clustering methods to group
equivalent structures. This model is targeted to the project speci�c
usage and not necessarily intended to be a solution to the general
problem of �nding equivalent structures for generic molecules or
judging their degree of similarity as is required, for example, in
combinatorial chemistry (a survey can be found in [18]).

This speci�city means that the method should be tailored to the
comparison of structures as used by crystallographers (see sect. 1.1)
and that in general it could be limited to a binary same/different
crystal structure answer. Nonetheless, during the domain experts’
exploration of the classi�er capabilities, they found that a suitable
distance de�nition could show interesting correlations with other
structure’s properties (see sect. 5.1), hence we adopted more usual,
but crystal structure-speci�c, distance measures.

Standard multidimensional techniques cannot be blindly applied
to crystal structure data. The dif�culties stem mainly from the very
same structure of crystallographic data: a crystal is an in�nite rep-
etition of a basic cell (unit cell, see �g. 1) and different unit cells
could describe the same crystal structure. Not to mention that small
numerical errors in atom positions and unit cell parameters could
make automated comparison dif�cult when progressing from a sin-
gle unit cell to a whole crystal (�g. 2).

For this project we adopted a visual supported design approach
for the classi�er design. Therefore we implemented an end-user ap-
plication to access the �ngerprinting and grouping algorithms mak-
ing them immediately usable on real problems and providing inter-
active diagnostics on their behavior. We thus had the opportunity
to re�ne the library structure and algorithms starting from usage
results on real crystal classi�cation problems.

The visual design approach provided also other bene�ts: �rst, it
greatly facilitated gaining the users support for the project by con-
vincing them that the approach was feasible and at least as good
as the manual way of work. They indeed feared to miss important
results using an automated method for which they see only the �nal
results. Second, a visual exploratory approach simpli�ed the access
to the domain expert experience, to explore different alternatives,
to validate design decisions and to propose and test unanticipated
ideas.

The use of the resulting classi�er library (CrystalFp) and the re-
lated end-user application has already accelerated the analysis of
USPEX output by at least one order of magnitude, promoting some
new crystallographic insight and discovery, and has increased the
user con�dence in the viability of the classi�cation methods on real
problems.

1.1 Problem Context

To put the problem in context we should consider the input data
origin and the kind of crystallographic structures processed.

A crystal structure is de�ned by its unit cell, the smallest group
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of atoms or molecules whose repetition at regular intervals in three
dimensions produces the whole in�nite structure of a crystal. For
any crystal the unit cell is not unambiguously de�ned because an in-
�nite crystal structure could be �cut� in different ways to de�ne the
elementary cell (see �g. 1). Each cell thus not necessarily contains
the same number of atoms.

Figure 1: Crystal unit cell (lower left) and its repetitions that build the
whole crystal structure. An alternative unit cell for the same crystal
is show on the top right.

Another (incomplete) structure descriptor is the space group,
i.e. the set of all symmetry operators in the structure. If the sym-
metry for a crystal is known, then it provides a strong constraint on
structure similarity.

A value of internal energy or enthalpy could be associated to a
structure. Lower values mean more stable structures. Equal struc-
tures, also if represented in different ways, should have equal en-
ergy values. But the energy equality alone is not suf�cient as a
criterion for grouping due to numerical imprecision or because dif-
ferent structures could have energies so similar that discrimination
is made impossible.

The crystal structures considered in this work differ from struc-
tures of interest in other �elds, like biochemistry for example,
mainly in the number of atoms composing the unit cell and the kind
of chemical elements involved. Another important difference is that
biomolecules have bonds topologies that could be used to constrain
the classi�cation process; instead crystal structures generally do not
carry uniquely de�ned bonds information.

A typical USPEX run produces 300�3000 structures usually con-
taining 6 to 40 atoms of one to four element types. The USPEX
output data are in concatenated VASP [16] POSCAR �le format.
This format does not carry the exact atoms’ types and the optional
structure energy; these information should be provided externally to
the application. The structure symmetries are not available too, and
thus are not considered as a possible input to the clustering process.

1.2 Previous Work

In the literature there are plenty of works proposing suitable struc-
ture descriptors for organic molecules and distance metrics based
on them, but very few focused on crystal structure descriptors.
Some of these few use symmetry criteria or some form of structure
standardization in the comparison phase [1�3, 6, 7, 9, 14, 22]. For
our application these methods seem not suf�ciently robust with re-
spect to numerical errors. Others use related structure data relevant
to the problem they try to solve, like partial charges [31] or powder
diffraction patterns [5]. Furthermore methods based on crystal sym-
metries are not applicable because we do not have symmetry data

available and because symmetry is extremely sensitive to small nu-
merical errors. The work of Hundt et al. [14] gives a comprehensive
survey of existing methods with a focus on calculating some form
of distance metric between structures.

Chisholm and Motherwell [4] use interatomic distances to in-
vestigate molecular packing and inspired one of the methods we
tried (see sect. 3.1). Interatomic distances are a good choice for a
structure identi�er because they are independent from coordinate
reference frame and cell choices.

Radial Distribution Function (RDF) is another possible structure
descriptor method based only on local characteristics. Beside inter-
atomic distances, it considers also other data associated to the struc-
ture. The method of Willighagen et al. [31] computes a RDF using
distances from a central atom weighted by the atoms partial charge
to include electrostatic interactions that play a major role in crystal
packing. This method then calculates dissimilarities on the basis of
powder diffraction patterns as in [5]. In our work we use a rapidly
convergent function based on distance distributions and related to
RDF and diffraction spectra, but we focus more on standard multi-
dimensional methods for distance computation. Another interesting
application of RDF is the work of Hemmer et al. [13] that uses RDF
to match structures to IR spectra using a counterpropagation neu-
ral network. Their goal is indeed different from ours, but they also
found that RDF’s could be good crystal structures identi�ers.

2 VISUAL APPROACH

We approached the design of the classi�er from two sides. The �rst
is the application of multidimensional methods to crystallographic
data (see sect. 3). The second was in retrospect the most important
one: we decided to use a visual supported design and validation
approach for the classi�er design. Visual analytics is not only fancy
graphics, it is the use of visualizations, also simple ones, that could
foster scienti�c insight in the domain expert user.

The visual approach could lead to better scienti�c ideas and re-
sults because the scientists are involved in the design on a level
they are familiar with, the system could visualize quickly the result
of their suggestions and, last, the visual imagery has the power to
suggest unexpected ideas and correlations not planned in the design
phase.

3 CRYSTAL FINGERPRINTING

The proposed method associates a descriptor, called a �ngerprint,
to each structure. This descriptor is a vector of N real values; each
structure becomes thus a point in a N-dimensional space. A dis-
tance measure between these vectors is then used to cluster them
into groups of �near� �ngerprints, that is, groups of similar struc-
tures. This is indeed an application to the crystallography �eld of
concepts already taken for granted in visual analytics or data min-
ing.

To support the classi�cation phase the �ngerprint should, as
much as possible, uniquely identify every structure, tolerate numer-
ical errors and enhance contrast between different structures. The
chosen distance between �ngerprints measure could help classi�-
cation too by increasing contrast between neighbor points and by
using as much as possible the information available. In our high
dimensional �ngerprints space peculiar phenomena, like distance
concentration [11], work against this goal. The distance measure-
ment method should therefore counteract this effect too. In the last
step, to increase the classi�cation quality, the classi�er should cre-
ate well separated, but highly internally connected clusters.

3.1 Fingerprint De�nition

To support the speci�c kind of data we consider, the �ngerprint as-
sociated to a structure should be independent from: 1) translation
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and rotation of the structure; 2) the choice of unit cell among equiv-
alent unit cells; 3) the ordering of cell axis and atoms in the cell; 4)
inversions and mirroring of the structure.

Figure 2: The effect of numerical errors on the unit cell is visible
moving away from the origin along the crystal structure.

Whichever de�nition we chose for the structure �ngerprint, it
should be computed over the “in�nite” crystal structure. In prac-
tice after a distance ofDuc=2, whereDuc is the longest unit cell
diagonal, everything start repeating in every direction. Therefore
in place of the whole crystal structure, a set of unit cell repetitions
that cover the maximum distance over all structures in all directions
around the base unit cell is used. We call this theextended unit cell.

We experimented with two �ngerprint de�nitions: 1) per-atom
distance sets and 2) a rapidly convergent function based on distance
distributions and related to RDF and diffraction spectra. The idea
behind these �ngerprint de�nitions is to reduce a global property,
like the crystal structure, to a local one, like interatomic distances
or RDF. Both de�nitions satisfy the criteria stated above for a good
�ngerprint.

The per-atom distance sets �ngerprint is composed by a section
for each atom in the unit cell. Each section is an ascending ordered
set of distances from the corresponding atom to all the other atoms
of the extended unit cell. All these sets contain the same number
of distances. Furthermore each section is labeled with the element
type of the corresponding atom. An example is shown in �g. 3.
The idea behind this labeling method is this: if two structures are

Figure 3: Local atom distances for a GaAs crystal (top left) are con-
catenated to form a �ngerprint section (top right). Section s are then
assembled to form the structure �ngerprint (bottom).

the same, then at least one atom of the same type in each should
have the same set of distances from its neighbors. This de�nition of
�ngerprint then shifts the burden of corresponding atoms matching
to the distance computation phase (see sect. 3.2).

The second �ngerprint de�nition we have experimented with
starts from the following function based on atoms identities and
distances distribution:

FP(R) =
Vuc

NucB
å

i2uc
å

j2euc

ZiZ j

4pRi j
2 d(R� Ri j ) wherei 6= j (1)

Here i runs over the atoms of the unit cell,j over the atoms of
the extended unit cell;Z is the atomic number;Ri j is the distance
between atomsi and j; Vuc is the unit cell volume;Nuc is the num-
ber of atoms in the unit cell andB is the bin size used to com-
pute the value ofFP(R) from the discrete peaks. Each peak is then
smoothed using a Gaussian kernel withs set by the user (usually
0.02 	A) and accumulated into a histogram with bin sizeB (usually
0.05 	A). The resulting function is closely related to the diffraction
spectra of the crystal. To remove �ngerprint dependency from bin
size and cutoff distance, the histogram is normalized:

FPnorm(R) =
FP(R)

å i å j ZiZ jNiNj
� 1 (2)

HereNi is the number of atoms in the unit cell with atomic number
Zi and the two sums go over all distinctZ values. One example of
normalized diffraction-like �ngerprint is given in �g. 4.

Figure 4: Diffraction like �ngerprint.

When atomic numbersZ are used as weights, the �ngerprint is
related to X-ray powder diffraction spectra. However, atoms with
very different properties may have similar atomic numbers (e.g.
Z(I ) = 53 andZ(Cs) = 55) and will be hard to distinguish them by
X-rays or by the above �ngerprint. For these cases, instead ofZ, we
can use the Chemical Scalec value or Mendeleev Numberm [23]
which correctly maps chemical differences between elements. This
substitution could increase the discriminating power of the �nger-
print in realistic situations: for example the relative variation of one
�ngerprint term due to the exchange of two atoms is proportional to
jZ1 � Z2j =Z1Z2 and thus for aSi $ O exchange it varies by 5.4%
usingZ, by 0.2% usingm, but usingc it changes by 23.0%.

The decision to use a certain algorithm or a certain set of pa-
rameters (e.g. cutoff distance, bin size, Gaussian smoothing width)
is made by the domain expert after interacting with the CrystalFp
application to classify sets of real data that have been previously
manually analyzed. So the algorithm performance is determined in
a rather informal way. The evaluation result is nevertheless compat-
ible with the expert's crystallographic intuition. In the case of the
�ngerprint de�nition this experimentation selected the �ngerprint
de�ned by eq. (1) and (2).

3.2 Distance Measurement

To make possible the classi�cation of structures we should de�ne
a distance or pseudo-distance (i.e. one distance measure for which
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