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MPInterfaces	-	High	throughput	framework	for	2D	materials
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GASP	-	Gene?c	algorithm 
and	machine	learning 

for	structure	predic?ons	

(b)    2D Pb-O System  (a)    2D Sn-O System 
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Structure	and	Energy	Landscapes	
• Structure	representa?on	
• Features	of	energy	landscapes	
• Structure	searches	for	2D	materials	by 
datamining,	chemical	subs?tu?on, 
and	evolu?onary	algorithms

Open	source	available	at	h-ps://github.com/henniggroup

Data	available	at	h-p://materialsweb.org	

Search	of	Energy	Landscapes	by	EvoluNonary	Algorithms	and	Data	Mining
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Part	I:	The	Energy	Landscape
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Mixed	representaNon	of	materials	structure	space	(real	space	representaNon)	

Dimensionality	of	materials	structure	space	
• Determined	by	number	of	atoms:	3Natom	+	3	for	crystals,	3Natom	for	molecules	and	clusters	

Complexity	of	materials	structure	space	
• Exponen?al	increases	with	number	of	atoms	and	number	of	species	
• Reduced	by	space	and	point	group	symmetries

Materials	Structure	Space

Integer	variables:	
• Number	of	atoms	
• Atomic	species

Real	variables:	
• Atom	posi?ons	
• La]ce	parameters	(for	crystalline	structures)

Energy	landscape	space	has	conNnues	and	integer	variables
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ComputaNonal	structure	predicNon	based	on	opNmizaNon	
• Stable	structure	at	(p,	T)	⇒	Lowest	Gibbs	free	energy,	G(p,	T)	=	E(V,	S)	–	TS	+	pV	
• Gibbs	free	energy	of	a	structure	is	an	integral	over	the	basin	of	the	local	minimum	

- Expensive	to	calculate	
- Difficult	to	explore 
due	to	discon?nui?es	

- Can	contain	minima	not	present 
in	the	energy	landscape	

Minimum	Gibbs	Free	Energy	Principle

Structure

En
er
gy

G

E

Free	energy	landscape	space	is	disconNnuous	and	difficult	to	search
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ComputaNonal	structure	predicNon	based	on	energy	minimizaNon	
• Combined	op?miza?on	over	real	and	integer	variables	
• For	mul?-component	materials,	we	need	to	consider 
stability	against	compe?ng	phases	
➡ Concept	of	convex	hull

Minimum	Energy	Principle
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• Density-func?onal	theory	offers	balance	of	speed	and	accuracy	
• Pseudopoten?als	and	plane-wave	basis	(VASP)

InterpolaNve	
(Semi-)empirical	methods

ExtrapolaNve	and	predicNve	
First-principles	or	ab-ini-o	methods

Structure	for	mulN-component	materials	requires	knowledge	of	compeNng	phases

Energy	methods	
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Bell–Evans–Polanyi	principle	
• Highly	exothermic	chemical	reac?ons	have	low	ac?va?on	energies	
• Low-energy	basins	are	expected	to	occur 
near	other	low-energy	basins	

• These	regions	are	referred	to	as	‘funnels’

General	Features	of	the	Energy	Landscape
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Probability	distribuNon	of	energies	of	local	minima	
• Basins	with	lower-energy	minima	have	larger	hyper-volumes	
• Related	to	similar	elas?c	constants	and	 
vibra?onal	frequencies	for	different	structures	

• Power	law	probability	distribu?on	of	these 
hyper-volumes	

• Order	in	the	arrangement	of	basins 
of	different	sizes	

• Smaller	basins	filling 
gaps	between	larger	ones

General	Features	of	the	Energy	Landscape

For each system, we ran two sets of simulations. First,
constant-temperature molecular dynamics was performed
and by regularly minimizing configurations generated along
the trajectory we obtained pmin!E ,T" and hence !min!E" !and
a Gaussian fit to it". We chose temperatures well above the
glass transition where equilibrium sampling of the liquid is
easy to obtain. Second, Metropolis Monte Carlo simulations
were performed on the transformed landscape, from which
pmin

trans!E ,T" and hence A!E" was obtained. As a check of the
sampling, pmin

trans!E ,T" distributions were collected at several
temperatures. The resulting area distributions were in good
agreement, confirming the reliability of the approach.

In Fig. 3!a", A!E" is depicted for these three systems. In
agreement with our expectation that the deeper, more con-
nected minima should have larger basins of attraction, the
basin areas decrease very rapidly with increasing energy in
an approximately exponential manner. The probability distri-
butions for the hyperareas of the basins of attraction are il-
lustrated in Fig. 3!b". It is apparent that the distributions
follow an approximate power law over the whole range of
areas sampled, which is between 13 and 18 decades depend-
ing on the system. Closer inspection shows that the distribu-
tions begin to curve slightly downwards for larger areas, but
that for the smaller basins the distributions very closely fol-
low the prediction from the Apollonian analogy for 8 to 9
decades for the binary Lennard-Jones and Dzugutov systems,
and 5 decades for amorphous silicon.

These results have a number of important implications for
the fundamental properties of energy landscapes, and the in-
herent structure mapping in particular. First, they show that
this mapping produces a very heterogeneous division of con-
figuration space with the deeper basins having much larger
basins of attraction. Second, there appears to be a strong
analogy between the way that basins of attraction tile the
energy landscape, and hyperspheres fill space in an Apollo-
nian packing. This similarity is exemplified by the power-law
distribution of the basin areas at small A, which has exactly
the expected exponent over a very wide range of basin areas,
and suggests that the basins divide configuration space in a
fractal-like manner. Of course, the analogy must break down
at some sufficiently small length scale, because the number
of minima on an energy landscape, although large, is neces-
sarily finite, whereas the Apollonian packings require an in-
finite number of hyperspheres to fill space. However, there is
not yet any sign of this breakdown in the energy range that
we have sampled. We should note that this energy range
corresponds to the parts of the PEL sampled by a liquid, and
in future work it would be interesting to try to use enhanced
and biased sampling techniques to sample the basin area dis-
tribution at both higher and lower energies.

Third, if, as for the Apollonian networks, the degree is a
power-law function of the area #23$ !or equivalently the hy-
perlength of the basin boundary" the power-law distribution
of basin areas is a signature that the underlying pattern of
connections between the minima is scale-free. Thus, our re-
sults suggest that this scale-free topology is not just specific
to small Lennard-Jones clusters, but a more universal prop-

erty of energy landscapes. Indeed, there is evidence that the
energy landscapes of polypeptides also have a scale-free
character #39$. Fourth, the fractal-like character of the energy
landscape provides a static explanation of the origin of the
scale-free topology of inherent structure networks. However,
this is not the end of the matter, since why the basins provide
a fractal-like tiling of the energy landscape is still a puzzle,
and one which we will explore in future work.

The authors are grateful to the Engineering and Physical
Sciences Research Council !C.P.M" and the Royal Society
!J.P.K.D" for financial support.
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FIG. 3. !Color online" !a" The dependence of the basin area on
the energy of the minima, and !b" the cumulative basin area distri-
butions for the binary Lennard-Jones !BLJ" and Dzugutov !Dz" liq-
uids, and amorphous Si. To aid comparison between these systems,
the basin area and the energy are measured with respect to the
largest basin and the lowest-energy minima that have been sampled,
respectively. Additionally, in !b" the power-law predicted by the
analogy to Apollonian packings has been added for comparison
#38$.

BRIEF REPORTS PHYSICAL REVIEW E 75, 037101 !2007"

037101-3

Binary	Lennard-Jones

Amorphous	silicon

Dzugutov	liquids

Massen	&	Doye,	Phys.	Rev.	E	75,	037101	(2007)
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Power-law distributions for the areas of the basins of attraction on a potential energy landscape

Claire P. Massen
Department of Chemistry, University of Cambridge, Lensfield Road, Cambridge CB2 1EW, United Kingdom

Jonathan P. K. Doye*
Physical and Theoretical Chemistry Laboratory, Oxford University, South Parks Road, Oxford OX1 3QZ, United Kingdom

!Received 7 September 2005; revised manuscript received 8 December 2006; published 19 March 2007"

Energy landscape approaches have become increasingly popular for analyzing a wide variety of chemical
physics phenomena. Basic to many of these applications has been the inherent structure mapping, which
divides up the potential energy landscape into basins of attraction surrounding the minima. Here, we probe the
nature of this division by introducing a method to compute the basin area distribution and applying it to some
archetypal supercooled liquids. We find that this probability distribution is a power law over a large number of
decades with the lower-energy minima having larger basins of attraction. Interestingly, the exponent for this
power law is approximately the same as that for a high-dimensional Apollonian packing, providing further
support for the suggestion that there is a strong analogy between the way the energy landscape is divided into
basins, and the way that space is packed in self-similar, space-filling hypersphere packings, such as the
Apollonian packing. These results suggest that the basins of attraction provide a fractal-like tiling of the energy
landscape, and that a scale-free pattern of connections between the minima is a general property of energy
landscapes.

DOI: 10.1103/PhysRevE.75.037101 PACS number!s": 89.75.Da, 31.50.!x, 61.20.Ja, 89.75.Hc

The potential energy surface, which defines how the po-
tential energy depends on the coordinates of all the atoms in
a system, has a complex, multidimensional landscape #1$. In
recent years, there have been intensive efforts to understand
the behavior of systems, such as proteins, supercooled liq-
uids and clusters, in terms of features of these energy land-
scapes #2$. This research programe has led to important in-
sights into how proteins fold #3$ and the origins of the
unusual dynamic properties of supercooled liquids #4,5$.

Many of these applications rely on the inherent structure
mapping introduced by Stillinger and Weber #6$ that is illus-
trated in Fig. 1. It divides the energy landscape into basins of
attraction surrounding the minima on the energy landscape,
where a basin is defined as the set of points for which fol-
lowing the steepest-descent paths downhill from those points
leads to the same minimum. The utility of the inherent struc-
ture approach is that it allows the behavior of the complete
landscape to be conceived in terms of the properties of the
individual basins #7$, which are themselves tractable to cal-
culate. Hence, landscape-based descriptions of a system’s
thermodynamics and dynamics can be obtained #1$.

In many of the analyses of energy landscapes, the aim has
been to understand differences in behavior, e.g., proteins that
are good or bad folders #8,9$, or supercooled liquids that
show strong or fragile dynamics #10,11$, in terms of differ-
ences in the energy landscape. However, there has been
much less attention on the more universal organizing prin-
ciples that are common to all such complex landscapes. For
example, it is known that the number of minima scales ex-
ponentially with system size #12$, and the distribution of
minima as a function of energy is a Gaussian #13$, but what
is the nature of the division of the landscape into basins and

the pattern of connectivities between these basins? In par-
ticular, does the inherent structure mapping lead to an equi-
table division of configuration space into basins, or an ineq-
uitable one where a small minority of the basins occupy a
substantial majority of the space?

Clues from recent work on the energy landscapes of small
Lennard-Jones clusters #14,15$ perhaps suggest the latter sce-
nario. The network of minima connected by transition states
was found to be scale-free #16$, that is the probability distri-
bution for the degree !the number of connections to a node in
the network" has a power-law tail. Such a feature has been
found for many technological, social, and biochemical net-
works #17,18$, however, unlike these other networks where
the scale-free behavior arises from the dynamics of network
growth #16$, these inherent structure networks are static.
Hence the origin of the scale-free topology remains a puzzle.

One potential answer is that the network structure reflects

*Electronic address: jonathan.doye@chem.ox.ac.uk

b)

FIG. 1. !Color online" !a" A model two-dimensional energy
landscape and !b" its associated contour plot illustrating the inherent
structure mapping. In !b" the landscape has been divided into basins
of attraction where the basin boundaries are represented by the thick
lines, and the minima and transition states by points.

PHYSICAL REVIEW E 75, 037101 !2007"

1539-3755/2007/75!3"/037101!4" ©2007 The American Physical Society037101-1

• 1D	and	2D	cuts	through	3N-dimensional	configura?on	space	
• Not	a	good	representa?on	of	the	distribu?on	of	basins	in	3N	dimensions

IllustraNon	of	Energy	Landscape
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• 1D	and	2D	cuts	through	3N-dimensional	configura?on	space	
• Not	a	good	representa?on	of	the	distribu?on	of	basins	in	3N	dimensions	
• Similari?es	between	Apollonian	sphere	packings	and	energy	landscapes

IllustraNon	of	Energy	Landscape

Doye	&	Massen	Phys.	Rev.	E	71,	016128	(2005)
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CorrelaNon	between	energy	and	symmetry	
• Low	(and	high)	energy	minima	tend	to	correspond	to	symmetrical	structures	
• High	symmetry	of	low-energy	minima	supported	by	the	ubiquity	of	crystals	

Example:	55-atom	Lennard-Jones	clusters	(D.	Wales	’98)	
																	Lowest	energy																Two	highest	energy

Symmetry	and	Structural	MoNfs

The	Rule	of	Parsimony:	“The	Number	of	essen-ally	different	kinds	
of	cons-tuents	in	a	crystal	tends	to	be	small.”	(Linus	Pauling	1929)

( )D.J. WalesrChemical Physics Letters 285 1998 330–336 335

Ž . Ž .Fig. 2. The lowest left and two highest energy minima for 55- and 100-atom Lennard-Jones clusters top and middle rows and a model
Ž .Ag cluster bottom row .80

the present approach above may be useful in this
regard.
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Frequency	of	Space	Groups

Space	Group Pnma P21/c Fm-3m Fd-3m
Frequency 7.4% 7.2% 5.6% 5.1%
Examples Fe3C,	CaTiO3 ZrO2 Cu C,	Cu2Mg

Inorganic	systems	show	different	space	group	frequencies	
• 67%	of	about	100,000	compounds	occur	in	only	24	space	groups

For	crystals	of	small	organic	molecules	
• 75%	of	about	30,000	compounds	occur	in	only	five	space	groups	
• 29	space	groups	only	have	one	entry	and	35	space	groups	none	at	all

Space	Group P21/c P-11 P212121 P21 C2/c
Frequency 36% 14% 12% 7% 7%

Some	space	groups	are	much	more	common	than	others	in	crystals

• Note:	bcc	is	not	among	one	of	the	top	24	space	groups
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Specific	Features	of	Energy	Landscapes

Chemical	consideraNons	
• Know	a	great	deal	about	the	chemistry	of	the	systems	we	study	
• Know	which	atomic	types	prefer	to	bond	to	one	another	
• Approximate	bond	lengths	
• Likely	coordina?on	numbers	of	the	atoms	

ResulNng	empirical	rules	
• Hume-Rothery	rules	
• Laves	rules	for	intermetallics	
• Pauling	rules	for	ionic	materials	
• Pe]for	structure	maps 
...

How	can	we	uNlize	this	informaNon	to	accelerate	structure	searches?
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Structure	PredicNon	Methods

Limited	success	of	convenNonal	opNmizaNon	methods	
• Guess	of	structures	based	on	symmetry	and	chemistry	(trial-and-error)	
• Simulated	annealing	(molecular	dynamics,	cooling	from	high	temperature)	

Advances	in	opNmizaNon	methods:	
• Accelerated	molecular	dynamics,	Voter	et	al.	’97	
• Metadynamics,	Parinello	et	al.	’02	
• Minima	hopping,	search	for	neighboring	minima,	Goedecker	’04	
• Random	search,	randomly	sampling	phase	space,	Pickard	&	Needs	’06	
• EvoluNonary	algorithms 

Genera?on	of	structures,	Bush	et	al.	’95,	Woodley	et	al.	’99,	Oganov	’06	
• ParNcle	Swarm	OpNmizaNon,	Ma	et	al.	’10	
• Datamining	of	structure	databases,	Ceder	et	al.

Configuration coordinate

       3N dimensional

Energy

Molecular dynamics

Configuration coordinate

       3N dimensional

Energy

Relaxation of random configurations

Mutation

Heredity
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Part	I:	Discovery	of	2D	Materials
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Open	source	available	at		
h-ps://github.com/henniggroup
H.	L.	Zhuang	and	RGH,	JOM	66,	366	(2014)	

Structure

ProperNes

Processing Performance

Materials 
Selection

Structure

Properties

Processing

Data Mining

Structural Stability

Dynamic Stability

Optotelectronics

Substrates

Layered bulk materials

Formation Energy

Phonon Spectrum

Bandgap, Offsets, 
Absorption, Excitons

Adsorption,
Strain, Doping

Genetic Algorithm
New Compositions 

and Structures

Performance

Chemical Stability Pourbaix Diagrams

Electronic Devices

Energy Applications

I-V Characteristic
Carrier Mobility

Light conversion, 
Catalytic Activity

Magnetism

Chemical Substitutions

Electrochemistry
Etching, Solutions

Domains, Critical T

Materials	InformaNcs	of	2D	Materials
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Open	source	available	at		
h-ps://github.com/henniggroup
H.	L.	Zhuang	and	RGH,	JOM	66,	366	(2014)	

Structure

ProperNes

Processing Performance

Materials	InformaNcs	of	2D	Materials
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Structure	and	Stability	of	2D	Materials

• Classifica?on	of	2D	materials	
• Criteria	for	stability	ΔEf	<	200	meV/atom	
• Methods	for	2D	materials	discovery	
‣ Datamining	for	exfolia?on	
‣ Chemical	subs?tu?ons	and	etching	
‣ Evolu?onary	algorithm	searches
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Structure	and	Stability	of	2D	Materials

• ClassificaNon	of	2D	materials	
• Criteria	for	stability	ΔEf	<	200	meV/atom	
• Methods	for	2D	materials	discovery	
‣ Datamining	for	exfolia?on	
‣ Chemical	subs?tu?ons	and	etching	
‣ Evolu?onary	algorithm	searches
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ClassificaNon	of	2D	Materials

C (Graphene) P (Phosphorene) 2H-MoS2

1T-MoS2 Litharge SnO Ti2CO2 (MXene)

a) Crystalline 2D Materials c) Amorphous 2D SiO2b) Quasicrystalline 2D
         BaTiO3

DefiniNon:	A	2D	material	is	a	material	with	finite	thickness	in	one	dimension	
and	essenNally	infinite	extent	in	the	other	two	dimensions.

•Classifica?on	into	crystalline	and	amorphous	materials	
•2D	crystals	include	periodic	and	aperiodic	crystals	based	on	point	group	
•Aperiodic	2D	crystals	include	incommensurate	crystals	and	quasicrystals

Paul,	Hennig,	et	al.	submitted	2017
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Structure	and	Stability	of	2D	Materials

• Classifica?on	of	2D	materials	
• Criteria	for	stability	ΔEf	<	200	meV/atom	
• Methods	for	2D	materials	discovery	
‣ Datamining	for	exfolia?on	
‣ Chemical	subs?tu?ons	and	etching	
‣ Evolu?onary	algorithm	searches
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Thermodynamic	Stability	of	2D	Materials

FormaNon	energy	

• Comparison	of	VASP	PAW	using	vdW-DF	optB88	
with	QMC	and	RPA	shows	accuracy	of	ΔEf		of	30	
meV/atom

�Gf = G2D � min

phases
G3D

approximated by �Ef = E2D � min

phases
E3D

2D	materials	are	metastable	
• Energy	can	always	be	lowered	by	van  
der	Waals	interac?ons	for	mul?-layers	

StabilizaNon	by	substrates	
• Substrates	used	to	nucleate	and	grow	2D	materials	
• Stabiliza?on	through	physi-	and	chemisorp?on

ΔEf	<	200	meV/atom  
for	free-standing 
2D	materials

min	over	single	or	mixture	of	phases
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Structure	and	Stability	of	2D	Materials

• Classifica?on	of	2D	materials	
• Criteria	for	stability	ΔEf	<	200	meV/atom	
• Methods	for	2D	materials	discovery	
‣Datamining	for	exfoliaNon	
‣ Chemical	subs?tu?ons	and	etching	
‣ Evolu?onary	algorithm	searches
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Datamining	to	Discover	2D	Materials

from mpinterfaces.utils import 
get_structure_type

layered = []
for s in structures:

if get_structure_type(s) == 
“layered”:

layered.append(s)
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Dimensionality	of	Structural	MoNfs

3D 2D 1D 0D

Conventional	&	
intercalated	crystals

Layered  
crystals

Chain-like 
crystals

Molecular	&	atomic 
crystals

Large	numbers	of	crystals	with	each	dimensionality	
exist	in	most	major	crystal	structure	databases. 

How	can	we	classify	them?

mailto:rhennig@ufl.edu?subject=
http://hennig.mse.ufl.edu


rhennig@ufl.edu	
h-p://hennig.mse.ufl.edu

EL2017	–	IPAM	WS	I	
October	2-6,	2017	•	UCLA

Powered by
MPInterfaces & materialsweb

1	Björkman,	et	al.	Phys.	Rev.	Lett.	2012	
2	Lebègue,	et	al.	Phys.	Rev.	X	2013

Searching	for	Layered	Compounds

The	ideal	case Search	for	materials	with:

You’ll	find	about	100	layered	materials	in	the	ICSD1,2

• low	packing	fractions	
•gaps	along	c-axis

Reality

Gaps	along	other	axes High	packing	fractionsNo	planar	gaps	at	all Gaps	along	multiple	axis
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The	Topology	Scaling	Algorithm

1.Identify	bonded	atomic	clusters	in	the	structure	
based	on	covalent	radius	overlap	

2.Make	a	n	×	n	×	n	supercell	of	the	structure	

3.Re-identify	bonded	atomic	clusters,	and	
compare	sizes	with	original	cluster	sizes

Ashton,	Paul,	Sinnott	&	Hennig.	Phys.	Rev.	Lett.	2017	

d) 8 = n3c) 4 = n2

b) 2 = n1a) 1 = n0

n = 2
0D (molecule) 1D (chain)

2D (layer) 3D (bulk)
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The	Topology	Scaling	Algorithm

Ashton,	Paul,	Sinnott	&	Hennig.	Phys.	Rev.	Lett.	2017	

Cluster	of	9	atoms

1×1×1	cellCo2NiO6	
mp-765906

2×2×2	cell

Cluster	of	36	atoms

N2	scaling	⇒	Layered	Material
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Layered	Materials	in	MaterialsProject

Layered	materials:	1,560	(2%)All	materials:	about	65,000

quinary (1.2%)unary (0.6%)

binary

ternary

quaternary

40.8%

10.1%

47.3%

quinary
other (1.2%)unary (0.7%)

binary

ternary

quaternary16.4%
7.8%

23.4%

50.5%

b) Compositional complexity of
    layered materials (this work)

c) Compositional complexity of all
    materials (Materials Project database)

ABC2

AB3

AB
ABC

AB2

Other

4.9%

7.8%

5.9%
11.8%

19.6%

50.0%

(a) Stoichiometries of 2D materials
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b) Compositional complexity of
    layered materials (this work)

c) Compositional complexity of all
    materials (Materials Project database)

ABC2
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Other
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7.8%

5.9%
11.8%

19.6%

50.0%

(a) Stoichiometries of 2D materials

826/1560	have	unique	monolayers	and	are	nearly	stable	with	Ehull	<	50	meV/atom.	
IdenNfied	625	2D	materials	with	energy	below	150	meV/atom	

Binary	and	ternary	compounds	more	likely	to	be	layered.

Exfoliation	energy

Ashton,	Paul,	Sinnott	&	Hennig.	Phys.	Rev.	Lett.	2017	
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Stability	Criteria	for	2D	Materials

Ashton,	Paul,	Sinnott	&	Hennig.	Phys.	Rev.	Lett.	2017	
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Stability	Criteria	for	2D	Materials

Ashton,	Paul,	Sinnott	&	Hennig.	Phys.	Rev.	Lett.	2017	

ExfoliaNon	Energy	vs.	Surface	Energy
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AlternaNve	empirical	measures	of	stability	with	similar	results.
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Structure	Prototypes
a) GaSe (mp-568263) b) GaS (mp-9889)

d) AuSe (mp-2793) e) BN (mp-604884) 

m) CuI (mp-570136)

c) InSe (mp-21405)

g) AuBr (mp-505366)

j) CuBr (mp-22917) l) ZrCl (mp-27440)

o) SiP (mp-2798)

f) GeTe (mp-938)

n) TlF (mp-720)

h) SnSe  (mp-8936)

k) CuTe (mp-20826)

i) SnS (mp-2231)

Figure 4 Figure 6

b) P (mp-157) 

a) C (mp-48)

d) Sb (mp-104)

e) Bi (mp-23152)

c) As (mp-158)

a) GaSe (mp-568263) b) GaS (mp-9889)

d) AuSe (mp-2793) e) BN (mp-604884) 

m) CuI (mp-570136)

c) InSe (mp-21405)

g) AuBr (mp-505366)

j) CuBr (mp-22917) l) ZrCl (mp-27440)

o) SiP (mp-2798)

f) GeTe (mp-938)

n) TlF (mp-720)

h) SnSe  (mp-8936)

k) CuTe (mp-20826)

i) SnS (mp-2231)

Figure 4 Figure 6

b) P (mp-157) 

a) C (mp-48)

d) Sb (mp-104)

e) Bi (mp-23152)

c) As (mp-158)
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Ashton,	Paul,	Sinnott	&	Hennig.	Phys.	Rev.	Lett.	2017	
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Online	Database:	hlps://materialsweb.org

Use	the	topology-scaling	algorithm	
on	your	own	structures

Browse	2D	materials

Ashton,	Paul,	Sinnott	&	Hennig.	Phys.	Rev.	Lett.	2017	
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Online	Database:	hlps://materialsweb.org

Structural,	electronic	and	thermodynamic	
data	available	for	all	materials

Unique	crystal	structures	for	each	2D	material	
stoichiometry	in	the	DB

Ashton,	Paul,	Sinnott	&	Hennig.	Phys.	Rev.	Lett.	2017	

mailto:rhennig@ufl.edu?subject=
http://hennig.mse.ufl.edu
https://materialsweb.org


rhennig@ufl.edu	
h-p://hennig.mse.ufl.edu

EL2017	–	IPAM	WS	I	
October	2-6,	2017	•	UCLA

Powered by
MPInterfaces & materialsweb

Using	Crystal	Structure	Templates

Ashton,	Paul,	Sinnott	&	Hennig.	Phys.	Rev.	Lett.	2017	

Unique	AB	crystal	structures Genetic	algorithms

Element	substitution
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Structure	and	Stability	of	2D	Materials

• Classifica?on	of	2D	materials	
• Criteria	for	stability	ΔEf	<	200	meV/atom	
• Methods	for	2D	materials	discovery	
‣ Datamining	for	exfolia?on	
‣ Chemical	subs?tu?ons	and	etching	
‣EvoluNonary	algorithm	searches
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GeneNc	Algorithm	Search	for	2D	Materials

ModificaNon	for  
0D,	1D,	2D	structure	search

h-ps://github.com/henniggroup/gasp-python	
W.	W.	Tipton,	RGH,	J.	Phys.:	Cond.	Ma-er	25,	495401	(2013)	

B.	C.	Revard,	W.	W.	Tipton,	A.	Yesypenko,	R.	G.	Hennig,	PRB	93,	054117	(2016)

Surface

Solvent or Vacuum

⇒+
Solvent or Vacuum

Begin 

Create Pool from 

Initial Population 

No Yes 

Create Initial 

Population 

Done! 

Create Offspring 

Organism 

Pre-Evaluation 

Development 

Structure Relaxation and Energy 

Evaluation with External Code 

Post-Evaluation 

Development 

Convergence 

Achieved? 

Add Offspring 

to Pool 

Grand	canonical	geneNc	algorithm  
Variable	number	of	atoms	and	composiNon
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GeneNc	OperaNons

h-ps://github.com/henniggroup/gasp-python	
W.	W.	Tipton,	RGH,	J.	Phys.:	Cond.	Ma-er	25,	495401	(2013)	

B.	C.	Revard,	W.	W.	Tipton,	A.	Yesypenko,	R.	G.	Hennig,	PRB	93,	054117	(2016)

MaNng:	
• combines	two	structures	
• preserves	local	structural	mo?fs	
• handles	different	la]ces	

MutaNon:	
1.	Structural	Muta?on	
• la]ce	strain	
• atomic	coordinate	displacement	

2.	Permuta?on	
• swap	atomic	loca?ons	

3.	Number	of	atoms	muta?on	
• add	or	remove	atoms

⇒+

heritability of important traits. Some solutions to this are discussed in 1.4.6.

Mutation

The mutation variation randomly modifies the genetic information of an organism.
In particular, we perturb both the atomic positions (in Cartesian coordinates) and
the lattice parameters of a parent crystal to create the child.

Once the mutation variation selects a parent, it considers each atom in the
structure in turn. The chance that any particular atom is moved is variable. A
perturbation to atomic position is done by adding a Gaussian random variable to
each of the atom’s coordinates.

In order to mutate the lattice vectors, we apply to them a randomly generated
strain matrix. In particular, if ~a is a lattice vector of the parent crystal, then the
corresponding lattice vector of the o↵spring is given by:

~a

0 = (I+ ✏ij)~a.

Here, I is the identity and the ✏ij are Gaussian random variables constrained such
that |✏ij | < 1. The same ✏ij are used for each cell vector during a mutation event.
Oganov claims that atomic perturbations are unnecessary but that lattice pertur-
bations are important to avoid premature convergence [8]1.

Permutation

The permutation variation selects a single parent. It swaps some number of species’
spatial coordinates. The pairs of elements to consider for swaps as well as the
Gaussian distribution describing the number of swaps can be specified. In oxides
and ionic materials in general, swapping a cation with an anion usually costs a lot
of energy. It is unlikely that the algorithm will keep any structures which would be
improved by such a swap. However, it might make more sense to allow swapping
of cations.

In metal alloys, permutation faults are generally very low energy. It is essential
to use a permutation variation when studying these systems in order to e↵ectively
search the solution space. When studying these systems, an investigator might want
to increase the probability of permutations in the endgame when the correct lattice
has probably been found. Notice, though, that we do not intend the permutation
variation to do the whole job of finding correct lattice site decorations. That would
e↵ectively be a random search of those degrees of freedom, an ine�cient strategy.

Basis size

The number of atoms, N , per cell of structures is important. If N is not at least a
multiple of the size of the correct primitive cell of the material, the structure can
not possibly relax to a global minimum. However, N is a hard parameter to search
over. The local minimizer does not help us since it will (hopefully) not change
the number of atoms in a cell. Furthermore, the energy hypersurface is not very
“nice” with respect to this parameter. It is likely that values of N surrounding the

1
More recently, USPEX includes “smart” mutation operators. See, e.g., the discussion

in [11].
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FIG. 3. Composition fitness as a function of composition in
a binary system relative to first parent organisms with three
di↵erent compositions: AB, AB4 and pure B. We note that
when the first parent organism is located at an endpoint of
the composition space, the composition fitnesses of other or-
ganisms at that endpoint are set to zero.

d
XY

=
1

2

����X�Y
����
1

We note that this normalization holds for composition
spaces of arbitrary dimension.

Now that we have a way to compute the distances be-
tween points in composition space, we may return to the
original problem of preventing the population from drift-
ing toward intermediate compositions. Our approach is
to select the first parent organism in the standard way,
and then to modify the selection probabilities of the re-
maining organisms such that those with compositions
closer to that of the first parent are more likely to be
selected.

After selecting the first parent organism, we assign fit-
ness values to the remaining organisms in the population
relative to the first parent. The fitness of an organism
relative to the first parent organism is defined by

f
rel

= w
comp

f
comp

+ (1 � w
comp

)f
reg

(2)

where f
reg

is the regular fitness of the organism (i.e.,
based on it’s objective function value), and f

comp

is the
composition fitness of the organism relative to the com-
position of the first parent:

f
comp

= 1 � d

where d is the normalized distance in composition
space between the organism and the first parent. We
note that like the regular fitness, the composition fitness
ranges from 0 to 1. An exception to how the composition
fitness is computed arises when the first parent happens
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FIG. 4. Weight assigned to the composition fitness as a func-
tion of the composition of the first parent organism in a binary
system. The weights are shown for three di↵erent choices of
the parameters w

max

and p in Equation 3.

to lie at an endpoint of the composition space. In that
case, the composition fitnesses of other organisms with
the same composition are set to zero. This is done to
prevent the algorithm from oversampling the endpoint
compositions (the regions that are undersampled tend
to be the compositions that are near to the endpoints,
but not the endpoints themselves). Fig. 3 illustrates the
composition fitnesses of organisms in a binary system for
several di↵erent compositions of the first parent organ-
ism.

From Equation 2, we see that the relative fitness is the
weighted average of the regular fitness and the compo-
sition fitness, where w

comp

is the weight assigned to the
composition fitness and lies in [0, 1]. So in order to com-
pute relative fitnesses, we must choose a value for w

comp

.
If the first parent organism is located near a region of
the composition space that tends to be under-sampled,
we would like the eventual o↵spring structure to lie in
that region as well. Therefore, we should choose the sec-
ond parent such that it has a composition close to that
of the first, which can be achieved by increasing w

comp

.
On the other hand, if the first parent organism is located
in a region of the composition space that tends to be
over-sampled, it is not as important that the o↵spring
structure also be located in that region. In this case we
are relatively indi↵erent to the composition of the sec-
ond parent, which is expressed by using a small value for
w

comp

.
To apply these considerations, the value we assign to

w
comp

depends on the composition of the first parent
organism. In particular, we use a power law relation:

w
comp

= w
max

dp (3)

where w
max

is the maximum value of w
comp

(at the
endpoints), and d is the distance between the composi-
tion of the first parent organism and the center of the
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D. Phase Diagram Search

TODO: introduction to and motivation for phase dia-
gram searching. Reference Will’s paper for motivation
to search for phase diagrams (maybe also the review
chapter), and also some of the di�culties associated with
searching over composition space. Say that here we dis-
cuss our new modifications to improve searching for phase
diagrams.

a. Partial Phase Diagram Search In some cases, we
are interested only in a certain region of a phase diagram
and would prefer not to expend computational resources
searching areas outside of this region. Investigating the
hydrogen-rich side of a high-pressure phase diagram2,3 is
an example of this situation. To facilitate these types
of searches, we have implemented searching for partial
phase diagrams; that is, phase diagrams with one or more
non-elemental endpoint compositions.

Care should be taken when searching for phase dia-
grams with non-elemental endpoints and interpreting the
results of such searches. In particular, unless all the end-
point compositions correspond to points on the convex
hull of the entire system, it will not be possible for the
algorithm to find the correct partial phase diagram.

b. Preventing Population Drift In phase diagram
searches, the cut-and-splice mating variation tends to
produce o↵spring structures with compositions between
those of the two parents. Over time, this causes the pop-
ulation of structures to drift toward the middle regions
of the composition space, leaving the more extreme com-
positions (those closer the endpoints of the composition
space) under-sampled. To address this problem, we mod-
ify the selection probabilities such that the two parent
structures are likely to have similar compositions.

Before we can select parent structures with similar
compositions, we need a general method of determining
the distance between points in composition space. That
is, we need a distance metric for composition spaces with
an arbitrary number of dimensions. We observe that a
phase diagram with n endpoints may be considered to be
the portion of the L1 norm unit sphere that lies in the
positive orthant of an n-dimensional space, where each
dimension corresponds to the fraction of an endpoint of
the composition space. Fig. 2 illustrates this idea for a
binary and ternary phase diagram.

We note that the L1 norm satifies the requirements
of a distance metric in composition space. For example,
consider a ternary phase diagram with endpoint compo-
sitions A, B and C, as shown in Fig. 2(b). Any point in
the composition space may be expressed in terms of the
fractions of A, B and C, and the endpoints themselves
can be defined by the following vectors:

A = (1, 0, 0) B = (0, 1, 0) C = (0, 0, 1) (1)
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FIG. 2. Illustration of the composition space for (a) binary
and (b) ternary systems. In the binary system, the compo-
sition space ranges from pure A to pure B, and is shown by
the blue line, which is the part of the L1 norm unit circle
that lies in the positive quadrant. In the ternary system,
the composition space has three endpoints: pure A, B and
C. The three blue lines outline the shaded region that repre-
sents the ternary composition space, and each line comprises
a binary composition space between two of the endpoints.
The ternary composition space corresponds to the part of the
three-dimensional L1 norm unit sphere that lies in the posi-
tive octant.

Consider the distance between A and B, that is, the
distance between two of the endpoints of the composition
space. Using the L1 norm as the distance metric, we have
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We know that the distance between A and P must
be equivalent to the distance between A and B (and A
and C) because composition P contains none of endpoint
A. That is, P is orthogonal to A (just like B and C).
Computing the distance between A and P using the L1

norm, we have
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which is the desired result.
It is convenient to normalize the distances between

points in the composition space such that the maximum
possible distance between points is 1. From the examples
above, we see that this can be achieved by dividing the L1

norm distance by 2. So in general, we take the distance
between any two compositions X and Y in a composition
space to be
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We note that this normalization holds for composition
spaces of arbitrary dimension.

Now that we have a way to compute the distances be-
tween points in composition space, we may return to the
original problem of preventing the population from drift-
ing toward intermediate compositions. Our approach is
to select the first parent organism in the standard way,
and then to modify the selection probabilities of the re-
maining organisms such that those with compositions
closer to that of the first parent are more likely to be
selected.

After selecting the first parent organism, we assign fit-
ness values to the remaining organisms in the population
relative to the first parent. The fitness of an organism
relative to the first parent organism is defined by

f
rel

= w
comp

f
comp

+ (1 � w
comp

)f
reg

(2)

where f
reg

is the regular fitness of the organism (i.e.,
based on it’s objective function value), and f

comp

is the
composition fitness of the organism relative to the com-
position of the first parent:

f
comp

= 1 � d

where d is the normalized distance in composition
space between the organism and the first parent. We
note that like the regular fitness, the composition fitness
ranges from 0 to 1. An exception to how the composition
fitness is computed arises when the first parent happens
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FIG. 4. Weight assigned to the composition fitness as a func-
tion of the composition of the first parent organism in a binary
system. The weights are shown for three di↵erent choices of
the parameters w
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and p in Equation 3.

to lie at an endpoint of the composition space. In that
case, the composition fitnesses of other organisms with
the same composition are set to zero. This is done to
prevent the algorithm from oversampling the endpoint
compositions (the regions that are undersampled tend
to be the compositions that are near to the endpoints,
but not the endpoints themselves). Fig. 3 illustrates the
composition fitnesses of organisms in a binary system for
several di↵erent compositions of the first parent organ-
ism.

From Equation 2, we see that the relative fitness is the
weighted average of the regular fitness and the compo-
sition fitness, where w

comp

is the weight assigned to the
composition fitness and lies in [0, 1]. So in order to com-
pute relative fitnesses, we must choose a value for w

comp

.
If the first parent organism is located near a region of
the composition space that tends to be under-sampled,
we would like the eventual o↵spring structure to lie in
that region as well. Therefore, we should choose the sec-
ond parent such that it has a composition close to that
of the first, which can be achieved by increasing w

comp

.
On the other hand, if the first parent organism is located
in a region of the composition space that tends to be
over-sampled, it is not as important that the o↵spring
structure also be located in that region. In this case we
are relatively indi↵erent to the composition of the sec-
ond parent, which is expressed by using a small value for
w

comp

.
To apply these considerations, the value we assign to

w
comp

depends on the composition of the first parent
organism. In particular, we use a power law relation:

w
comp

= w
max

dp (3)

where w
max

is the maximum value of w
comp

(at the
endpoints), and d is the distance between the composi-
tion of the first parent organism and the center of the
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We note that this normalization holds for composition
spaces of arbitrary dimension.

Now that we have a way to compute the distances be-
tween points in composition space, we may return to the
original problem of preventing the population from drift-
ing toward intermediate compositions. Our approach is
to select the first parent organism in the standard way,
and then to modify the selection probabilities of the re-
maining organisms such that those with compositions
closer to that of the first parent are more likely to be
selected.

After selecting the first parent organism, we assign fit-
ness values to the remaining organisms in the population
relative to the first parent. The fitness of an organism
relative to the first parent organism is defined by

f
rel

= w
comp

f
comp

+ (1 � w
comp

)f
reg

(2)

where f
reg

is the regular fitness of the organism (i.e.,
based on it’s objective function value), and f

comp

is the
composition fitness of the organism relative to the com-
position of the first parent:

f
comp

= 1 � d

where d is the normalized distance in composition
space between the organism and the first parent. We
note that like the regular fitness, the composition fitness
ranges from 0 to 1. An exception to how the composition
fitness is computed arises when the first parent happens
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to lie at an endpoint of the composition space. In that
case, the composition fitnesses of other organisms with
the same composition are set to zero. This is done to
prevent the algorithm from oversampling the endpoint
compositions (the regions that are undersampled tend
to be the compositions that are near to the endpoints,
but not the endpoints themselves). Fig. 3 illustrates the
composition fitnesses of organisms in a binary system for
several di↵erent compositions of the first parent organ-
ism.

From Equation 2, we see that the relative fitness is the
weighted average of the regular fitness and the compo-
sition fitness, where w

comp

is the weight assigned to the
composition fitness and lies in [0, 1]. So in order to com-
pute relative fitnesses, we must choose a value for w

comp

.
If the first parent organism is located near a region of
the composition space that tends to be under-sampled,
we would like the eventual o↵spring structure to lie in
that region as well. Therefore, we should choose the sec-
ond parent such that it has a composition close to that
of the first, which can be achieved by increasing w

comp

.
On the other hand, if the first parent organism is located
in a region of the composition space that tends to be
over-sampled, it is not as important that the o↵spring
structure also be located in that region. In this case we
are relatively indi↵erent to the composition of the sec-
ond parent, which is expressed by using a small value for
w

comp

.
To apply these considerations, the value we assign to

w
comp

depends on the composition of the first parent
organism. In particular, we use a power law relation:

w
comp

= w
max

dp (3)

where w
max

is the maximum value of w
comp

(at the
endpoints), and d is the distance between the composi-
tion of the first parent organism and the center of the
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D. Phase Diagram Search

TODO: introduction to and motivation for phase dia-
gram searching. Reference Will’s paper for motivation
to search for phase diagrams (maybe also the review
chapter), and also some of the di�culties associated with
searching over composition space. Say that here we dis-
cuss our new modifications to improve searching for phase
diagrams.

a. Partial Phase Diagram Search In some cases, we
are interested only in a certain region of a phase diagram
and would prefer not to expend computational resources
searching areas outside of this region. Investigating the
hydrogen-rich side of a high-pressure phase diagram2,3 is
an example of this situation. To facilitate these types
of searches, we have implemented searching for partial
phase diagrams; that is, phase diagrams with one or more
non-elemental endpoint compositions.

Care should be taken when searching for phase dia-
grams with non-elemental endpoints and interpreting the
results of such searches. In particular, unless all the end-
point compositions correspond to points on the convex
hull of the entire system, it will not be possible for the
algorithm to find the correct partial phase diagram.

b. Preventing Population Drift In phase diagram
searches, the cut-and-splice mating variation tends to
produce o↵spring structures with compositions between
those of the two parents. Over time, this causes the pop-
ulation of structures to drift toward the middle regions
of the composition space, leaving the more extreme com-
positions (those closer the endpoints of the composition
space) under-sampled. To address this problem, we mod-
ify the selection probabilities such that the two parent
structures are likely to have similar compositions.

Before we can select parent structures with similar
compositions, we need a general method of determining
the distance between points in composition space. That
is, we need a distance metric for composition spaces with
an arbitrary number of dimensions. We observe that a
phase diagram with n endpoints may be considered to be
the portion of the L1 norm unit sphere that lies in the
positive orthant of an n-dimensional space, where each
dimension corresponds to the fraction of an endpoint of
the composition space. Fig. 2 illustrates this idea for a
binary and ternary phase diagram.

We note that the L1 norm satifies the requirements
of a distance metric in composition space. For example,
consider a ternary phase diagram with endpoint compo-
sitions A, B and C, as shown in Fig. 2(b). Any point in
the composition space may be expressed in terms of the
fractions of A, B and C, and the endpoints themselves
can be defined by the following vectors:

A = (1, 0, 0) B = (0, 1, 0) C = (0, 0, 1) (1)
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FIG. 2. Illustration of the composition space for (a) binary
and (b) ternary systems. In the binary system, the compo-
sition space ranges from pure A to pure B, and is shown by
the blue line, which is the part of the L1 norm unit circle
that lies in the positive quadrant. In the ternary system,
the composition space has three endpoints: pure A, B and
C. The three blue lines outline the shaded region that repre-
sents the ternary composition space, and each line comprises
a binary composition space between two of the endpoints.
The ternary composition space corresponds to the part of the
three-dimensional L1 norm unit sphere that lies in the posi-
tive octant.

Consider the distance between A and B, that is, the
distance between two of the endpoints of the composition
space. Using the L1 norm as the distance metric, we have
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We know that the distance between A and P must
be equivalent to the distance between A and B (and A
and C) because composition P contains none of endpoint
A. That is, P is orthogonal to A (just like B and C).
Computing the distance between A and P using the L1

norm, we have
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which is the desired result.
It is convenient to normalize the distances between

points in the composition space such that the maximum
possible distance between points is 1. From the examples
above, we see that this can be achieved by dividing the L1

norm distance by 2. So in general, we take the distance
between any two compositions X and Y in a composition
space to be
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an example of this situation. To facilitate these types
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phase diagrams; that is, phase diagrams with one or more
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results of such searches. In particular, unless all the end-
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structures are likely to have similar compositions.
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the portion of the L1 norm unit sphere that lies in the
positive orthant of an n-dimensional space, where each
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consider a ternary phase diagram with endpoint compo-
sitions A, B and C, as shown in Fig. 2(b). Any point in
the composition space may be expressed in terms of the
fractions of A, B and C, and the endpoints themselves
can be defined by the following vectors:

A = (1, 0, 0) B = (0, 1, 0) C = (0, 0, 1) (1)

1.0 

1.0 

B fraction 

A fraction 

1.0 

1.0 

B fraction 

A fraction 

1.0 

C fraction 

(a) (b) 

FIG. 2. Illustration of the composition space for (a) binary
and (b) ternary systems. In the binary system, the compo-
sition space ranges from pure A to pure B, and is shown by
the blue line, which is the part of the L1 norm unit circle
that lies in the positive quadrant. In the ternary system,
the composition space has three endpoints: pure A, B and
C. The three blue lines outline the shaded region that repre-
sents the ternary composition space, and each line comprises
a binary composition space between two of the endpoints.
The ternary composition space corresponds to the part of the
three-dimensional L1 norm unit sphere that lies in the posi-
tive octant.

Consider the distance between A and B, that is, the
distance between two of the endpoints of the composition
space. Using the L1 norm as the distance metric, we have

����A�B
����
1

=
����(1,�1, 0)

����
1

= |1| + |� 1| + |0| = 2

Similarly, the distance between A and C is

����A�C
����
1

=
����(1, 0,�1)

����
1

= |1| + |0| + |� 1| = 2

Now consider the distance between A and a point P
halfway between B and C. That is,

P =
1

2
(B + C) =

✓
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1

2
,
1

2

◆

We know that the distance between A and P must
be equivalent to the distance between A and B (and A
and C) because composition P contains none of endpoint
A. That is, P is orthogonal to A (just like B and C).
Computing the distance between A and P using the L1

norm, we have
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1

=

����

����
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2
,�1

2

◆����
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1
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2

����+
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1

2

���� = 2

which is the desired result.
It is convenient to normalize the distances between

points in the composition space such that the maximum
possible distance between points is 1. From the examples
above, we see that this can be achieved by dividing the L1

norm distance by 2. So in general, we take the distance
between any two compositions X and Y in a composition
space to be
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GeneNc	Algorithm	–	2D	Group-IV	Dioxides

• SiO2	recently	synthesized	in	2D	form • Bulk	structures	not	layered

Bi-tetrahedral	SiO2 α-Quartz	(SiO2)

• Ca?ons	are	
- 4-fold	coordinated	in	α-quartz	structure	
- 6-fold	coordinated	in	ru?le	structure

Ru?le	(GeO2,	SnO2,	PbO2)

h-ps://github.com/henniggroup/gasp-python	
W.	W.	Tipton,	RGH,	in	prepara?on

mailto:rhennig@ufl.edu?subject=
http://hennig.mse.ufl.edu
https://github.com/henniggroup/gasp-python


rhennig@ufl.edu	
h-p://hennig.mse.ufl.edu

EL2017	–	IPAM	WS	I	
October	2-6,	2017	•	UCLA

Powered by
MPInterfaces & materialsweb

GeneNc	Algorithm	–	2D	Group-IV	Dioxides

• For	2D	SiO2,	the	algorithm	predicted  
an	orthorhombic	structure

• For	GeO2,	the	algorithm	found  
the	1T	structure

• Seeded	both	searches	with	the	bi-tetrahedral	structure	
• Found	lower	energy	monoclinic	structure	of	2D	GeO2

1T	GeO2Orthorhombic	SiO2

Bi-tetrahedral	SiO2

h-ps://github.com/henniggroup/gasp-python	
W.	W.	Tipton,	RGH,	in	prepara?on

Monoclinic	GeO2

Seeding	search	with	known	structures	improves	performance
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GeneNc	Algorithm	–	2D	Tin	and	Lead	Oxides

h-ps://github.com/henniggroup/gasp	
W.	W.	Tipton,	RGH,	J.	Phys.:	Cond.	Ma-er	25,	495401	(2013)	

B.	C.	Revard,	W.	W.	Tipton,	RGH,	Topics	in	Current	Chemistry	(2014)	
B.	C.	Revard,	W.	W.	Tipton,	A.	Yesypenko,	R.	G.	Hennig,	PRB	93,	054117	(2016)

(i) HB hexagonal

(ii) Litharge

(iii) 1T

ConfirmaNon	of	our	previous	predicNon	of	litharge	structure	for	2D	SnO	and	PbO	
New	predicNon	of	1T	structure	for	2D	SnO2	and	PbO2
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GeneNc	Algorithm	–	2D	Tin	and	Lead	Oxides

h-ps://github.com/henniggroup/gasp	
W.	W.	Tipton,	RGH,	J.	Phys.:	Cond.	Ma-er	25,	495401	(2013)	

B.	C.	Revard,	W.	W.	Tipton,	RGH,	Topics	in	Current	Chemistry	(2014)	
B.	C.	Revard,	W.	W.	Tipton,	A.	Yesypenko,	R.	G.	Hennig,	PRB	93,	054117	(2016)

2D	Sn-O	Phases 2D	Pb-O	Phases

The	2D	SnO2	and	PbO2	1T	phases	are	stable	in	water	for	ionic	concentraNons	of	10–6!
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Richard	G.	Hennig,	University	of	Florida

MPInterfaces	-	High	throughput	framework	for	2D	materials
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GASP	-	Gene?c	algorithm 
and	machine	learning 

for	structure	predic?ons	

(b)    2D Pb-O System  (a)    2D Sn-O System 
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Structure	and	Energy	Landscapes	
• Structure	representa?on	
• Features	of	energy	landscapes	
• Structure	searches	for	2D	materials	by 
datamining,	chemical	subs?tu?on, 
and	evolu?onary	algorithms

Open	source	available	at	h-ps://github.com/henniggroup

Data	available	at	h-p://materialsweb.org	

Search	of	Energy	Landscapes	by	EvoluNonary	Algorithms	and	Data	Mining
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