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

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

VASPSol - Ab ini?o methods 
for solid/liquid interfaces

Solvated Water in DMC

Method Dielectric energy Cavitation energy Solvation energy

DFT -19 mHa

DMC -20(1) mHa

Classical DFT* 4.90 mHa

Classical DFT+DMC -15(1) mHa

Expt5 -10 mHa

5.  T. Truong and E. Stefanovich, Chem. Phys. Lett. 240. 253 (1995).* Classical DFT from Ravishankar Sundararaman

Data AnalyMcs for Discovery and Design of 2D Materials

Search for 2D Materials 
• Materials structure and microstructure 
• Input from experiment required 
• Need for new methods for 

non-equilibrium defects and processing 
• Role of ML for dimensionality reduc?on

mailto:rhennig@ufl.edu?subject=
http://hennig.mse.ufl.edu
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http://materialsweb.org
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Data AnalyMcs and Materials InformaMcs

Acta Cryst. A48, 928 (1992) Goal: Generate relevant data for materials discovery and design.

Data AnalyMcs 
• Discovery, interpreta?on, and 

communica?on of meaningful pa-erns in 
data and applying those pa-erns towards 
effec?ve decision making 

Materials InformaMcs 
• Applies the principles of informa?cs to 

materials science and engineering to 
be-er understand the use, selec?on, 
development, and discovery of materials 

Source: Wikipedia.org

Types of data 
• Computa?onal and experimental 

structures, proper?es, processing 
• Detailed meta data to enable retrieval 

and machine-learning of pa-erns 

Data analyMcs needs 
• Iden?fy promising candidate materials 
• Enable close comparison between  

ab-ini?o theory and measurements 
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Part I: Hierarchy of Materials Structures
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Materials Hierarchy - Structure ClassificaMon

Acta Cryst. A48, 928 (1992) 

Long-range order present? Measured by sharp diffrac?on peaks.
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Crystal

No
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n=d

Periodic crystal

n>d

Aperiodic crystal

Forbidden 
rota?ons

Yes

Quasicrystal

No

Incommensurate crystal
• Lack of transla?onal symmetry complicates methods 
• Concepts of unit cell(s), ?lings, laice sites 
• Complica?on due to par?al occupancy of laice sites

Structures lacking periodicity require new computaMonal methods.
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Materials Hierarchy - Defects by Dimensionality

3D - Volume defects 
Precipitates, voids, inclusions

0D - Point defects 
present in thermodynamic equilibrium

1D - Line defects 
present in thermodynamic equilibrium

Disloca?ons

Disclina?ons

2D - Area defects 
Stacking faults, twin, grain, 

and interface boundaries, surfaces

High-throughput methods for 1D to 3D defects needed

mailto:rhennig@ufl.edu?subject=
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• Combina?on of crystal/amorphous structure, point defects, and microstructure 
• Microstructure is processing dependent 
• Modelling of processing requires 

dimensionality reducMons 
⇒ Opportunity for machine learning 

• Issue is lack of good data and  
objecMve funcMons 

• Overcome by merging Physics and AI? 
• Incorporate knowledge of possible phases 

and defects requires mul?scale approaches 
• Opportunity to develop and use 

defect databases

Materials Hierarchy - Microstructure

Acta Cryst. A48, 928 (1992) How to predict microstructures from phases, defects, and processing?

We thus define microstructure as all the existing defects  
in a material, which are not in thermodynamic equilibrium 
(according to type, number, distribution, size, and shape). 

Peter Haasen, Physical Metallurgy
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Part II: Materials Informa?cs 
for 2D Materials Structures
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Open source available at  
h-ps://github.com/henniggroupH. L. Zhuang and RGH, JOM 66, 366 (2014) 

Structure

ProperMes

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 InformaMcs of 2D Materials

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


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

Powered by
MPInterfaces & materialsweb

NSF 2D Data Framework 
November 25, 2018 • Boston, MA

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 
‣ Evolu?onary algorithm searches 
‣ Chemical subs?tu?ons and etching 

• Characteriza?on of 2D materials 
‣ Pourbaix diagrams 
‣ Photocatalysis 
‣ 2D half-metals 
‣ Spin-orbit and 2D magne?sm 
‣ Substrate control of phase stability
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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)

Hennig et al., arXiv:1610.07673 (10/2016) 
Marzari et al., arXiv:1611.05234 (11/2017) 

Reed, et al., Nano Lett. (2/2017)
Ashton, Paul, Sinno- & Hennig. Phys. Rev. Le-. 118, 106101 (2017)

h-ps://arxiv.org/abs/1610.07673 (2016)
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2D Materials Databases
Data Mining 
• Reed: Layered materials database 
• Marzari: Layered materials and exfoliated 2D materials database 
• Hennig: Exfoliated 2D materials, h-ps://MaterialsWeb.org 

Chemical SubsMtuMons 
• Thygesen: Subs?tu?on for known 2D materials structures, h-ps://c2db.fysik.dtu.dk 

Structure predicMons: 
• Hennig: Gene?c algorithm predic?on of 2D materials, h-ps://MaterialsWeb.org

Need to develop a comprehensive 2D Materials Database (Crespi, Reed).

mailto:rhennig@ufl.edu?subject=
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Online Database: h]ps://materialsweb.org

Use the topology-scaling algorithm 
on your own structures

Browse 2D materials
00765

Ashton, Paul, Sinnott & Hennig. Phys. Rev. Lett. 118, 106101 (2017) 
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Online Database: h]ps://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. 118, 106101 (2017) Need to add properMes such as band offsets, excitons, magneMc order, …
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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)
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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
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d) Sb (mp-104)
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Ashton, Paul, Sinnott & Hennig. Phys. Rev. Lett. 2017 
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Using Crystal Structure Templates

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

Unique AB crystal structures Genetic algorithms

Element substitution

API for 2D materials and prototype structures accelerates materials search
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GeneMc Algorithm and Machine Learning for 2D Materials

ModificaMon for 
0D, 1D, 2D, 

materials and 
surface structures 

(Greeley)

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)

Grand canonical geneMc algorithm  
Variable number of atoms and composiMon

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 

Machine-learning of energy 
landscape to accelerate search 

Total RDF descriptor

Local RDF descriptor

Test Data

Training Data

Model Parameters

Research Objective

The goal of this work is to use machine learning algorithms to 
devise a surrogate energy model which utilizes a data 
representation of a given structure as input to quickly evaluates 
the structure’s energy. 

Motivation

Calculating the energies of crystal structures involves 
performing arduous quantum-mechanical calulcations.  For 
calculating energies of larger sets of crystals, this computational 
time can take an hour up to a month. 

Machine learning techniques enable us to calculate the energies 
of a smaller set of structures, and develop a surrogate model 
describing the relationship between structure and energy. This 
model can then be used to quickly compute the energy of other 
candiate structures. The goal is to reduce the amount of time 
required to perform energy calculations.

.0203 eV/atom  

.0069 eV/atom 

Crystal Structure Energy Prediction Using Machine Learning 
Bryan Anthonio1, Rohit Ramanathan2,  Richard G. Hennig2 

1 Department of Applied and Engineering Physics, Cornell University, Ithaca, New York 14853
2 Department of Materials Science and Engineering,  Cornell University, Ithaca, New York 14853

Funding Source
Semiconductor Research Corporation with Support from Intel Foundation 

Contact Info

Bryan Anthoniobea24@cornell.edu Rohit Ramanathanrr544@cornell.edu

Support Vector Regression Energy Model 

Optimization
Ignore prediction errors within epsilon margin
Reduce prediction errors of support vectors

Support Vectors

Non-support Vectors

Fit

Data Set of Crystal Structures

Energies of structures range from -0.3 eV/atom 
to .12 eV/atom

Data Set
~14,000 Li-Ge crystal structures randomly generated from 
a genetic algorithm

Machine Learning

Data Representation

Modified Radial Distribution Function

: Distance between and atoms
: Number of     atoms 
: Gaussian Width 

Atoms in 2-D Space Generation of 

: Atoms of Type

: Atoms of Type

Crystal Structures Represented As:

: Bin Size
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Examples:

Results

RMS Error

C = 6.02    = 0.009

Contact Info

bea24@cornell.edu

*Parameters obtained via 10-fold cross validation

Optimization Parameters
C: Regularization Parameter

: Gaussian Width Parameter

Bryan Anthonio
rr544@cornell.edu
Rohit Ramanathan

References
Smola, Alex J., and Bernhard Schölkopf. "A tutorial on support vector 
regression." Statistics and computing 14.3 (2004): 199-222.

.0063 eV/atom MAE 

RMS Error .01362 eV/atom MAE Enables search for  low-low-dimensional materials with unknown structures
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Part III: 2D Materials Data Framework for  
Dopants, Impuri?es, and Defects
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Defects in semiconductors and insulators 
• Defects can carry charge (useful nota?on: Kröger-Vink) 
• Change of charge state ⇒ Charge transi?on levels 
• Important for optoelectronic devices, spectroscopy 
• Calcula?on of charged defects in 3D materials is well established 

• Similar approach works for 2D materials, but requires with periodic boundary condi?ons 
• Generalized dipole correc?on developed by Freysoldt and Neugebauer 
• Theory can also provide op?cal absorp?on, band edge posi?ons, etc.

Ef[Xq] = Etot[Xq] − Etot[bulk] − ∑
i

niμi + qEF + Ecorr

Charged Defect Database Interface

Need for high-throughput framework for 2D defect database
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Outline of  
ComputaMonal Workflow
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Example: Charged Vacancy in MoS2

Spin density difference between 
(VS)x and (VS)–1 

Defect formation energies and charge transition levels

Electronic 
density of  
states

Mo-rich
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Needed Experimental Input
Most desirable 2d materials 
• List of experimentally synthesizable materials: possible elements and combinaMons  
• Applica?on goals: optoelectronics, spintronics, quantum devices, etc. 

determines desired materials properMes, e.g. band offsets, and defect proper?es 
• Synthesis condi?ons: precursors, temperature profiles, parMal pressures of components 

Relevant impuriMes and dopants 
• List of usable dopant species and relevant impuriMes 
• Desired doping levels, p or n-type 

Other microstructure defects 
• Edges and grain boundaries 
• Lateral and ver?cal hetero interfaces

FeCl2

BN

FeBr2

Fixed M

Switchable M

Insulating

Need for experimental input (2DCC, Crespi).
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Part IV: 2D Materials Data Framework for  
Data Representa?on of Band Structures
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Band Structure VisualizaMon Tool

DFT electronic structure calculation

vasprun.xml

MW

MAPI

Locally-stored data

Replace static band 
structure diagrams 
currently on the 
MaterialsWeb and 
other databases
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Input paths to vasprun.xml files from DOS 
and band structure calculations 
If no KPOINTS file is given, it looks in  
directory as the bands vasprun.xml file

Chart options: zoom, pan, view data 
on hover, etc.

Select element(s) and 
orbital(s) to project onto

User can turn on and off 
specific traces by clicking 
on the legend entries

Orbital projections visualized 
using fat bands

Atoms colored by element, 
Clicking on an atom to select 
for projection

Coupling of website and MongoDB database, and other codes (Lambrecht, Rabe, Birol)
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MPInterfaces - High throughput framework for 2D materials

sulfur
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S
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selenium
34

Se
78.96

tellurium
52

Te
127.60

platinum
78

Pt
195.08

tungsten
74

W
183.84

molybdenum
42

Mo
95.96

chromium
24

Cr
51.996

tantalum
73

Ta
180.95

niobium
41

Nb
92.906

vanadium
23

V
50.942

hafnium
72

Hf
178.49

zirconium
40

Zr
91.224

titanium
22

Ti
47.867

silicon
14

Si
28.086

carbon
6

C
12.011

oxygen
8

O
15.999

zinc
30

Zn
65.38

cadmium
48

Cd
112.41
mercury
80

Hg
200.59

beryllium
4

Be
9.0122

magnesium
12

Mg
24.305
calcium
20

Ca
40.078

phosphorus
15

P
30.974
arsenic
33

As
74.922

antinomy
51

Sb
121.76

nitrogen
7

N
14.007

aluminum
13

Al
26.982
gallium
31

Ga
69.723
indium
49

In
114.82

boron
5

B
10.811

germanium
32

Ge
72.64
tin
50

Sn
118.710
lead
82

Pb
207.2

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

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

Data AnalyMcs for Discovery and Design of 2D Materials

Search for 2D Materials 
• Materials structure and microstructure 
• Input from experiment required 
• Need for new methods for 

non-equilibrium defects and processing 
• Role of ML for dimensionality reduc?on
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