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Abstract

The dream of any solid state theorist is to be able to predict new materials with

tailored properties from scratch, i.e., without any input from experiment. Over the past

decades, we have steadily approached this goal. Recent developments in the field of

high-throughput calculations focused on finding the best material for specific applica-

tions. However, a key input for these techniques still had to be obtained experimentally,
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namely the crystal structure of the materials. Here, we give a step further, and show

that one can indeed optimize material properties using as single starting point the

knowledge of the periodic table and the fundamental laws of quantum mechanics. This

is done by combining state-of-the-art methods of global structure prediction, that allow

us to obtain the ground-state crystal structure of arbitrary materials, with an evolu-

tionary algorithm that optimizes the chemical composition for the desired property.

As a first showcase demonstration of our method, we perform an unbiased search for

superhard materials and for transparent conductors. We stress that our method is com-

pletely general and can be used to optimize any property (or combination of properties)

that can be calculated in a computer.

1 Introduction

One of the most exciting developments in condensed matter over the past years is, without

doubt, materials design.1–4 This new discipline aims at solving the so called inverse problem:

given a certain desired property (or properties), discover (design) the material that possesses

this property under a given set of constrains. These constrains can be related to the me-

chanical or chemical stability of the compounds, their price, their availability, etc. Several

groups are actively working on this topic, with many projects related to energy materials

including lithium batteries,3 photovoltaics,5,6 etc.

A typical materials design project starts with the creation of a database that contains

calculations for a large selection of experimentally known systems. For crystalline inorganic

solids the largest experimental database available to date is the Inorganic Crystal Structure

Database7 (ICSD), containing more than 170,000 structures. These are then filtered, elimi-

nating duplicates, alloys, or insufficiently characterized structures (such as the ones lacking

the positions of hydrogens). The remaining (currently around 50,000) are then calculated

systematically and stored in a database.8,9 These structures are often complemented by

theoretical compounds obtained by chemical substitution in known crystal structures.10,11
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All these calculations are performed with some flavor of density functional theory.12,13 This

choice is well motivated by the fact that density functional theory is by now the only theory

that is able to provide a convenient accuracy for a relatively moderate computational effort.

These databases of ab initio results can then be filtered to yield the best material ac-

cording to some objective function14,15 or used as a training set for some machine learning

algorithm that will extrapolate the information to obtain new crystal structures with im-

proved properties.16,17

Even if this framework is extremely powerful and has led to a number of significant

discoveries, in our opinion it suffers from a few drawbacks. First of all, it requires an

enormous amount of experimental input, and in fact at least 50,000 complex synthesis and

X-ray diffraction experiments had to be realized in order to obtain the current databases.

Although 50,000 may seem like a large number, it is certainly a small fraction of the number

of all possible (thermodynamically) stable compounds. Of course each new experimental

entry that is added to the database encompasses substantial costs in personnel, equipment

and consumables. Second, any prediction based on this set will be biased by the subset of

systems studied experimentally. If the solution for a given materials design problem lies in

a region that has been unpopular among chemists and crystallographers, it is very unlikely

that it will ever be found by any algorithm. Third, experimentally we know mostly stable

stoichiometries. This means that large regions of (the unstable) phase space are completely

unrepresented in the databases, which makes bridging these regions during an optimization

procedure extremely difficult.

Finally, the dream of any theoretician is to be able to provide predictions with as little

experimental information as possible (ideally none). In the following we will show that this

is to some extent possible, and that one can nowadays perform the inverse problem in an

efficient way without resorting to databases or to any experimental input besides the periodic

table of the elements and the laws of quantum mechanics.

There are other approaches to the design of new materials that do not require databases.
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For example, the concept of energy gradients in chemical compound space18–23 (the so-called

alchemical derivatives), transforming the discrete optimization problem into a continuum

one, has been proposed as a way to optimize molecular properties. Evolutionary approaches

have also been used, although always with rather severe constrains. For example, Ref.5,6

optimized optical absorption by changing the ratio and the order of Si and Ge monolayers,

while in Ref.24 the ground-state for Au1−xPdx (with variable x) alloys was found but for

a fixed Bravais lattice. On the other hand, variable composition genetic algorithms were

proposed to study binary phase diagrams, with applications, e.g., to the Mn–B system.25

Our approach tries to overcome several limitations of the previous techniques, and is

composed of three parts. In the first, we use a multi-objective genetic algorithm (GA) to

vary the composition of the unit cell in order to maximize a set of properties. Then, for each

individual (i.e., for each composition that stemmed from the GA) we use a global structural

prediction method26 to obtain its ground-state crystal structure. Finally, the property (or

properties) that we want to optimize are calculated for the ground-state and possibly for

the lowest-lying meta-stable structures. These are finally fed back into the GA in order to

determine the better-fit parents that will generate the offspring for the following generation.

2 Methods

Let us analyze in more detail the single steps that compose our calculations. To perform the

multi-objective optimization we used the non-dominated sorting genetic algorithm–II.27 The

gene describing each individual was given by a sequence of six integer numbers, each one

indicating a different chemical element. In order to accommodate unit cells with less atoms

we introduced an empty “atom”. The ordering of the sequences was taken into account,

such that, e.g., ABC is equivalent to BCA. The mating operator simply mixed the chemical

composition of both parents, while mutations transmuted randomly one element in the gene.

The mutation rate was set to 10%. In our current implementation we did not make use of a
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Lamarckian-type evolution as described in Ref.24 However, we expect that such ideas could

be applied to obtain a speed up of the convergence of our method.

The key ingredient that allows us to perform the inverse problem on-the-fly, without

the use of any pre-computed database, is the minima hopping method for global structural

prediction.28,29 This is an efficient crystal-structure prediction algorithm designed to deter-

mine the low-energy structures of a system given solely its chemical composition. At a given

chemical composition and at a given pressure, the enthalpy surface is explored by performing

consecutive short molecular dynamics escape steps followed by local geometry relaxations

taking into account both atomic and cell variables. The initial velocities for the molecular

dynamics trajectories are chosen approximately along soft-mode directions, thus allowing

efficient escapes from local minima and aiming towards low energy structures. Revisiting

already known structures is avoided by a feedback mechanism. The minima hopping method

has already been used for structural prediction in a wide range of materials,30–32 including

the dependence on pressure,33 with remarkable results.

Different approaches to global structural prediction have been used over the past years to

obtain (meta-) stable structures for given stoichiometries, and have enjoyed several remark-

able successes.34–36 Most often these methods aim at obtaining the crystal structure that

minimizes the energy, but we should also mention a few attempts at optimizing other quan-

tities. For example, Oganov and Lyakhov37,38 and later Zhang et al. 39 used evolutionary

algorithms to maximize the hardness, while Xiang et al. 40 optimized optical absorption.

For the determination of forces and energies within density functional theory (DFT)

we used the code vasp41,42 with the PAW datasets of version 5.2 (for compatibility with

the Materials Project9 and Open Quantum Materials databases8). We used a cutoff of

520 eV and we selected our k-point grids to ensure an accuracy of 2meV/atom in the total

energy. All forces were converged to better than 0.005 eV/Å. To approximate the exchange-

correlation functional of DFT we used the Perdew-Burke-Ernzerhof43 (PBE) generalized

gradient approximation. This setup was also used to evaluate the bulk and shear moduli
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and derived quantities. At the end of the simulation, all structures higher than 200meV per

atom from the ground-state were disregarded. The remaining were re-optimized, and their

properties were further calculated.

3 Results

As a first showcase demonstration of our method, we decided to search for superhard ma-

terials. The hardness is a technologically important property that has been the subject of

numerous studies over the past decades. We performed two independent GA runs with 15

generations each. This is relatively small number for a stochastic method such as the GA,

so we can not expect that the simulations are completely converged. However, our data is

already clearly sufficient to draw conclusions regarding the feasibility of our approach and to

find several interesting materials. We used a population of 100 individuals and we allowed all

elements up to bismuth, but excluding the rare gases (which do not form hard compounds)

and the lanthanides. We note that these choices were arbitrary, and ultimately decided by

efficiency reasons. The initial generation was chosen such that each individual contained four

random atoms in the unit cell, making sure that each element appeared a minimum number

of times in the initial generation. For each individual, the global structural prediction start-

ing structure was also random, with the only constrain that the atoms were separated by

a certain minimum distance. A maximum of three different structural prediction runs were

performed for each stoichiometry. Finally, the mating operations mixed the elements of both

parents, while the mutations operated the alchemical transmutation of the elements. In total

the structural prediction algorithm visited 121,000 minima for 1,500 compositions, of which

33,000 unique structures were further analyzed. All calculations were performed in around

1 million computer hours, a number relatively modest in comparison to the supercomputing

resources currently available.

The calculation of the Vickers’ hardness for the predicted structures is based on the model
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Figure 1: Evolution of the maximum (top line), minimum (bottom line), and average
(middle line) hardness as a function of the generation for the two runs described in the text.
Each point corresponds to the maximum hardness of a specific composition. Some relevant
compounds are also indicated.
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by Zhang et al. 39 This model extends the work of Šimůnek and J. Vackář,44,45 and improves

the earlier hardness models46 based on bond strength by applying the Laplacian matrix47 to

account for highly anisotropic and molecular systems. In order to benchmark this model, we

calculated the hardness for all materials contained in the open quantum materials database8

(around 300,000 entries). It turns out that laminar systems are correctly described as having

low hardness, but the model still fails for some molecular crystals that are incorrectly assigned

large values for the hardness. This is, however, not a big problem as these false positive cases

can be easily identified and discarded, as explained in the following.

In Table 1 we summarize Vickers’ hardness, bulk modulus and shear modulus of all

compounds identified in our GA simulations with a hardness larger than 40 GPa, i.e. that

qualify as superhard materials. For the sake of comparison, we also include the distance to

the convex hull of thermodynamic stability and the space group.

Without great surprises, the hardest materials on this list are composed of B, C, and N.

The only structure harder than diamond is a high-energy metastable low-symmetry structure

of BC. In second place comes diamond, that also exhibits the highest bulk and shear moduli

of all materials we looked at. For curiosity, we also found a carbon allotrope with a hardness

higher than diamond, but too high in energy to enter our list, considering that we set a cutoff

of 200meV above the ground-state structure. Then comes CN2 followed by a meta-stable

allotrope of boron (that has a larger hardness than any other known boron structure present

in the open quantum materials database8) and by several boron carbides. All these materials

are characterized by short and strong covalent bonds. Further down on the list we can also

find a few transition metal nitrides (MnN, OsN), and several materials containing hydrogen.

We also obtained a few false positives, such as HCCo, H3NO, or C2P, as can be seen by

their low bulk and shear moduli. This is due to the current limitations of the model used

to estimate the hardness, but these cases are usually simple to spot and to filter out. For

example, H3NO turns out to be a molecular crystal that the model failed to recognize as

such. We should also note that most of the materials present in the table are not thermody-
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Table 1: Superhard materials found g our GA simulations. We show the space group of
the structure (spg), the distance to the convex hull of stability (Ehull in meV), the Vickers’
hardness (in GPa), and the bulk and shear moduli (in GPa).

system spg Ehull hardness bulk shear

BC 5 413 123 304 270
C 227 136 97 444 526

CN2 119 722 91 423 300
B 166 177 72 215 202

BC3 25 308 71 359 321
BC2 1 612 68 261 141
B3C2 1 452 63 162 82
C2Si 166 497 54 268 273
HFe 216 164 52 226 95
HB 12 660 50 205 183
NMn 216 0 50 283 26
HCCo 8 625 50 92 23
HNi2 123 40 49 220 85
HC2 2 457 47 275 184
HBNi 1 401 46 123 12
H3NO 8 314 45 38 10
HNi 44 14 45 191 23
CFe 216 479 44 260 55
C2P 8 554 44 90 96
B2C 8 383 43 208 62

B2C3Si 1 345 42 204 162
NOs 119 410 42 300 86

namically stable, as can be seen by the finite value of Ehull, i.e., they can a priori decompose

to other compounds or to more stable phases of the same compound. However, superhard

materials are usually quite compact, and are normally stabilized by pressure. It is therefore

not unthinkable that some of these phases can be produced by a high pressure synthesis

procedure, analogously to diamond (the second entry of the list).

The evolution of the hardness during our GA simulations is shown in Fig. 1 for our two

independent runs. The lines are a guide to the eye and represent the maximum (top line),

average (middle line), and minimum (bottom line) hardness in a given generation. Some of

the most relevant compounds that appeared during the evolution are also indicated in the

figure. The average hardness increases almost monotonically, as the GA narrows the search
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space. Moreover, diamond (labeled “C” in the plot”) appears already in the 9th generation

of run I, and in the 5th generation of run II. This is somewhat surprising as, up to that

point, only a few hundred materials had been tested, which should be compared to the size

of the search space that contains more than 61 million possible compositions. We finally

note that the path from the random initial materials to diamond goes through very unstable

structures, obviously not present in any experimental database. This is certainly a key for

the efficiency of the method.

To understand how the method works, we can analyze in Fig. 2 the histogram measuring

the frequency with which each element appears in a given generation. For the time being, we

focus on the upper panel, which refers to the case of the optimization of the hardness. For

the initial generation (the bottom line) there is an essentially uniform distribution (the zeros

correspond to the elements explicitly excluded). This simply reflects our random choice

of compositions for the starting generation. However, rather quickly several elements are

excluded from our population, while others increase substantially their frequency. Among

the latter there are H, B, C, N, Si, P, etc., elements known to yield hard materials due to

their short covalent bonds,48–51 and several transition metals like Ru, Rh, Os, Ir, etc. that

form hard nitrides, borides, carbides, etc.52,53 In a way, the GA is rediscovering, in a fully

automatic and ab initio way, some of the basic intuition concerning hardness that physicists

and metallurgists developed over the centuries.

As a more complicated test we decided then to look at transparent conductors. In a

recent work, Hautier et al. conducted a high-throughput computational search on thousands

of binary and ternary oxides and they identified several highly promising compounds.15 Two

key properties to optimize are the electronic band gap, that has to be sufficiently large to

ensure transparency, and the hole effective mass, that needs to be small to allow for mobile

carriers. Such requirements can be easily accommodated in our framework using a multi-

objective optimization algorithm.

We performed 20 generations with a setup similar to the one for the runs for the hardness.
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In total we investigated 1,100 compositions, leading to 72,000 minima, of which 19,000 were

further analyzed.

Gaps and hole effective masses (m∗
h) were calculated using the pymatgen54 and Boltz-

Trap55 software packages. We used the PBE43 functional and the Heid-Scuseria-Ernzerhof56,57

(HSE06) hybrid functional to calculate the band gaps. We note that the HSE06 functional

is a screened hybrid that gives very good values for the electronic gap of small and medium

gap semiconductors. In particular, the HSE06 estimate is much better than the PBE one,

that has the tendency to underestimate substantially the electronic gaps. The dispersion of

the bands is however much less sensitive to the choice of the exchange-correlation functional.

For this reason, we extracted the average hole effective mass from PBE Kohn-Sham band

structures, following the same approach as Ref.15 We calculated the averaged hole effective

mass tensor for a carrier concentration of 1018 cm−3 and a temperature of 300 K. We then

used the higher limit estimation (see Supplemental Information of Ref.15) of m∗
h as the input

value for the GA. We note that only one structure for composition was used to evaluate

m∗
h, which was not always the ground-state structure. Rather, we chose the structure with

largest gap within 50 meV from the ground state.

Our results are summarized in Fig. 3 where we plot the average hole effective mass (in

units of the electron mass) versus the electronic band gap (in eV). Note that this latter

quantity was calculated during the optimization runs using standard DFT, so its value is

consistently underestimated. Again, our GA method works very efficiently. The Pareto front,

i.e., the line connecting the structures with best gap for each effective mass (or vice-versa),

is improved gradually from generation to generation. Several materials appear with large

PBE gaps and small hole effective masses that are interesting candidates for transparent

conduction.

Table 2 summarizes the results for all structures with a band gap larger than 1.0 eV

and an average hole effective mass smaller than 1.5 electron masses. We list the crystallo-

graphic space group, the distance to the convex hull of thermodynamic stability (Ehull), the
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Table 2: Best candidate transparent conductive materials found during our simulations. We
show the distance to the convex hull of stability (Ehull in meV), the distance to the ground
state (GS) structure found (EGS in meV), the space group, the band gap from the PBE and
the HSE06 exchange-correlation functionals (in eV), and the average hole effective mass (m∗

h

in electron masses).

system spg Ehull EGS EPBE
gap EHSE

gap m∗
h

PZnGeSeCs 1 57 11 1·06 1·41 1·29
ClKBrCdIn 8 79 38 1·25 1·69 1·28
HSSbTe 1 63 20 1·18 1·80 1·21
HSeCdTl 160 89 17 1·03 1·80 0·54
HSSb 8 173 22 1·01 1·80 1·04

HCaZnSb 8 0 1 1·01 1·91 0·41
HPCdTe 1 143 49 1·09 2·01 0·92
HSNbTe 1 0 0 1·27 2·03 0·72
OPTeTl 1 197 10 1·26 2·06 1·21
BeSZnTe 160 151 0 1·23 2·16 0·67
CaSeCdTe 156 124 3 1·41 2·24 0·78
SCa2Te 166 50 0 1·38 2·37 0·69

FSiCaSeTeTl 1 225 48 1·15 2·37 0·92
BePSCs 1 272 0 1·41 2·41 1·50
SCaZn 156 496 1 1·30 2·45 0·73
H2SbCs 1 42 0 1·56 2·46 0·98

HLiBrSbTe 8 119 6 1·53 2·46 1·26
OP 8 284 0 1·33 2·50 0·59

LiFCaSeTe 1 233 10 1·32 2·54 1·58
H2STe 1 194 4 1·00 2·64 1·43

HSeCdAu 1 154 2 1·29 2·67 1·28
H2CaSbCs 8 134 0 1·92 2·71 1·32

HSRh 1 148 0 1·36 2·79 1·55
CPTeCs 8 573 12 1·64 2·89 1·38
OZnGeSe 8 169 42 1·39 2·89 1·07
H2NAu 1 233 0 1·12 2·97 0·74
MgTe 216 1 1 2·31 3·13 0·94

HLiCaTe 6 103 34 2·14 3·18 1·14
HRbTe 1 0 0 2·36 3·23 1·24
HSZnAu 1 163 0 1·88 3·27 1·19
HTeCs 8 0 0 2·46 3·33 1·49
HFCaTe 1 133 0 2·51 3·48 1·55
BrTl 6 1 29 2·26 3·71 0·51

H3LiCa 221 28 0 1·25 3·95 0·30
HLiSCa 38 84 0 2·20 4·23 0·89
HCs 4 0 32 2·60 4·26 0·94
HRb 225 0 0 2·89 4·74 1·02
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distance of the chosen structure to the lowest-energy structure found for that composition

(EGS), the electronic band gap calculated with the PBE43 functional and the Heid-Scuseria-

Ernzerhof56,57 (HSE06) hybrid functional, and the average hole effective mass (from PBE

Kohn-Sham band structures).

The evolution of the composition as a function of the generation, for the simultaneous

optimization of the band gap and the hole effective mass, can be found in the lower panel

Fig. 2. In this case, the interpretation of the plot is more complicated than for the opti-

mization of the hardness, as most of the successful structures are combinations of metallic

elements with non-metallic elements, and therefore it is less likely that an element disappears

from the population during the evolution process.

It is however interesting to analyze in detail how the GA worked in this second case.

Taking random compositions, the probability of finding semiconducting systems is fairly low.

For example, our 0th generation contained only 13 semiconductors out of 100 individuals.

The first step in the optimization was to find semiconductors. This could be achieved, e.g.,

by making molecular crystals formed mainly by non-metals or by combining metallic and

non-metallic elements in the same structure. As the first possibility yields very low effective

masses, the final generation contains almost exclusively compounds of the latter kind. This

again shows that the GA algorithms has rediscovered basic chemical rules without any human

intervention.

4 Conclusions

In conclusion, we propose a new method to design on-the-fly new materials with tailored

properties. Our first test, maximizing the hardness or at the same time maximizing the

electronic gap and the hole effective mass were extremely successful, with several interesting,

unknown materials stemming from the simulations. This shows that our method is not only

perfectly feasible, but also efficient with current computer resources. Of course any other
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property that can be calculated in a computer can be optimized, including the band gap,

the Seebeck coefficient, the superconducting transition temperature, or even the price of the

constituents. Finally, we would like to stress that any pragmatic search for technologically

relevant materials should also take into consideration the large databases of materials already

existing (to generate, e.g., a good initial population). Conversely, the novel crystal structures

encountered by our global prediction methods can also be incorporated into these databases.

We believe that our results are above all a proof of the incredible advances of ab initio

calculations in the past decades, and a prelude to what this field has to offer in the next

ones.
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