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How does one find new materials?

“Edison Style”

Edison tried more than 3000 materials
when looking for a light bulb filament.

New materials with novel 
properties is the basis for 
advanced technologies, to solve 
challenging problems in modern 
society.



Background



Background

Materials discovery today still involves significant
trial and error. It can takes decades of research to
identify a suitable material, and still longer to optimize
the material for commercialization.

-- From talk of Gerb Ceder



Materials Genome Initiative (2011)

“To help businesses discover, develop,
and deploy new materials twice as
fast, we’re launching what we call the
Materials Genome Initiative. The
invention of silicon circuits and lithium
ion batteries made computers and
iPods and iPads possible, but it took
years to get those technologies from
the drawing board to the market place.
We can do it faster.”

Barack Obama, June 2011 at
Carnegie Mellon University
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Discover, manufacture, and deploy  advanced materials
twice as fast, at a faction of the cost

$250 million investment to support more than 500
research scientists across 200 companies, universities,
and national labs for the initial three years.

$150 million more for the next period

A large scale collaboration between materials scientists
and computer scientists to predict, screen, and optimize
materials at unprecedented scale and rate.  



First-principles computation can and should play
a significant role in materials discovery!



• The Hamiltonian is known!

First principles materials simulations

• The quantum chemical solution of this ab initio Hamiltonian 
with predictive accuracy is a reality!

• The first principles (DFT) calculations are computationally  
scalable, deployable, and can cover any chemistry.
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● Ground-state structure 
and energy

● Band structure

● Phonon spectrum

● Phase diagrams

● Surface stability

● …...

Properties that can be calculated 
by first principles methods

● Defect formation energy

● Charge mobility and Ion mobility

● Thermal conductivity

● Seebeck Coefficients

● Super conductivity

● …...



“Traditional style” for first principles calculations

{𝑍𝑖 , 𝑅𝑖}

Run calculations

Results: energy,
density,  band-structure,
other properties

Experimental results
available? Make predictions

No

Yes
Agree with
experiments ?

Write a paper

Yes

Structure is wrong?
Approximation not good?
Experiment is wrong?
…..

No
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This is good science, but not efficient 
enough to help accelerate materials design 
and discovery.

We need to do this at a much faster pace!



The known inorganic compounds are enormous, 
but not infinitely many (< 250,000)

Inorganic Crystal Structure Database (ICSD)
• At present, the ICSD contains more 

than 203,830 entries, including

• 2,902 crystal structures of the 
elements

• 38,506 records for binary compounds

• 73,048 records for ternary compounds

• 73，688 records for quarternary and 
quintenary compounds

• About 159,247 entries (78.1%) have 
been assigned a structure type.

http://www2.fiz-karlsruhe.de/icsd_home.html


The known inorganic compounds are enormous, 
but not infinitely many (< 250,000)

Inorganic Crystal Structure Database (ICSD)
• At present, the ICSD contains more 

than 173,000 entries, including

• 2,019 crystal structures of the 
elements

• 33,809 records for binary compounds

• 65,126 records for ternary compounds

• 2,019 crystal structures of the 
elements

• 60,669 records for quarternary and 
quintenary compounds

• About 138,500 entries (79.8%) have 
been assigned a structure type.

Only properties of a small fraction of these compounds
are known.

If we can compute some of them, why not computing
them all?

This sounds very ambitious, but with the development of
efficient and scalable software packages, and high
performance computers, this becomes realistic!

http://www.fiz-karlsruhe.de/icsd.html


The Materials Project

https://materialsproject.org/

Gerbrand Ceder
(UC Berkeley)

Kristin Persson
(Lawrence Berkeley Nat Lab)

The Materials Project uses the power of high-throughput
computation and best practice of  the information age to
create an open, collaborative, and data-rich ecosystem for
accelerated materials design.

https://materialsproject.org/


High throughput (HT) computation I

● Data generation

Number of compounds available at the Materials Project web site

Over 15 million CPU
Hours of computational
time at NERSC.

“FireWorks”: automating and managing all computational steps,
“self-heal” failed runs.

“custodian”: perform all the calculations needed to determine a property.

Jain et al., APL Materials 1, 011002 (2013).

Software tools:

Calculations done
with VASP



High throughput (HT) computation II

AFLOW: An automatic framework for high-throughput materials discovery

Stefano Curtarolo
(Duke University)

AFLOW can generate, run, correct, and converge many
calculations per day, with minimum human input.

The most difficult challenges in HT computations is to
respond automatically to the failure of a calculation.  

● Detect the cause of the failure

– Insufficient hardware resources ?
– wrong atom locations
– inconsistent k point mesh
…

● Correct the input files, resubmit the calculation

S. Curtarolo, Comput. Mater. Sci. 58, 218 (2012).

http://aflowlib.org/


High throughput (HT) computation II

AFLOW: An automatic framework for high-throughput materials discovery

Stefano Curtarolo
(Duke University)

AFLOW can generate, run, correct, and converge many
calculations per day, with minimum human input.

The most difficult challenges in HT computations is to
respond automatically to the failure of a calculation.  

● Detect the cause of the failure

– Insufficient hardware resources ?
– wrong atom locations
– inconsistent k point mesh
…

● Correct the input files, resubmit the calculation

S. Curtarolo, Comput. Mater. Sci. 58, 218 (2012).

A key philosophy of the HT method is to calculate a priori
as many different quantities as it is computationally feasible,
rather than calculating one target physical quantity over a 
large number of structures. Properties and property 
correlations are then extracted a posteriori.

http://aflowlib.org/


How to generate compounds with new
compositions/structures?

• Optimization-based approach:
– Genetic algorithm
– Simulated annealing
– Basin hopping
– Metadynamics
– Particle swarm optimization

● Data-mining approach
– Extracting the  “chemical rules” present in a crystal structure database

by statistical learning, e.g., by building a model based on correlation
between crystal structure prototypes at different compositions, one can
predict 100 new ternary oxides with reduced computations efforts.

● Crowd-sourced suggestions coupled to computations-on-demand



Data validation and dissemination

Validation: a large number of HT generated data can
be incorrect, how to verify the integrity of the data?

● Automated analysis:

Validate the data against experiment, if available, compare results
obtained from different functionals, and give a warning message for
the compound at the web site when there are doubts or known issues.

● Crowd-sourced means:

Users can                                 when she/he found something doubtful.

Dissemination: providing open, multi-channel access to
materials information.

“report issues” 

Materials Explorer,  Lithium Battery Explorer, Phase diagram App



Noval Materials Discovery (NOMAD) Repository 

• Data is huge: 40,000,000 complete first-principles calculations, 
corresponding to more than 1,000,000,000 CPU hours.

• Complete input and output files, version of program, info about authors; 
results can be reproduced.

• Openness: accept results from about 30 main-stream computer 
programs; anyone can download/upload the data.

Claudia Draxl
(Humboldt University Berlin)

Matthias Scheffler
(Fritz Haber Institute of 
the Max Planck Society)

Stefan Heinzel
(Max Planck Computing 
and Data Facility, Garching)

http://nomad-repository.eu/


Concepts behind NOMAD

The NoMaD Repository was established to host, organize, and share 
materials data. 

• Concept of collecting and sharing data:

-- Data files stored in hard disks of own groups or supercomputing center;
other people cannot access.

-- Very little information eventually published; most were lost.

-- The same system repeatedly calculated by different groups and different codes.

-- Data unimportant to one group may be valuable to others.

(video description)

The current status of first-principles computational data：

Collecting these data from all over the world and sharing with other people
have great scientific and social values.

http://nomad-repository.eu/
http://v.youku.com/v_show/id_XMTM0NDA0NDIxMg==.html


From NOMAD repository to NOMAD laboratory

• Contains over 50,000,000 entries;
• Input/output files from over 30

main first-principles codes
• Raw data, very inhomogeneous

http://nomad-repository.eu

http://NOMAD-CoE.eu

Center of Excellence in Europe

8 computational materials science groups +
4 high-performance computing center

Synergetic core of 

“Doing science with the data”

Supported by EU Horizon 2020 program

http://nomad-repository.eu/
http://nomad-coe.eu/


Big data analysis

Volume – The large quantity of data

Variety – The large variety of the form of the data.

Velocity – The speed of the data generated

Veracity – The quality of the data being captured can vary greatly

Four V of Big Data

Need statistical physics, information theory, and computer
science to “datamine” the underlying and unknown rules behind
the data – “Statistical learning/Machine learning”



What is machine learning ?

• Interpolation

• Algorithmic search for patterns in data

• Inference from known samples to new ones

• Regularity, information content

• Data-driven approach

• Empirical but principled



Machine learning algorithms

• Artificial neural networks
(Haykin, 2008; Montavon et al (ed.), 2012)

• Kernel ridge regression (Hastie, Tibshirani, Friedman, 2009)

• Gaussian process regression (Rasmussen & Williams, 2006)

• Support vector machines (Cristianini & Shawe-Taylor, 2000)

• Principal component analysis (Jolliffe, 2004)

• Symbolic regression (Schmidt, Lipson, Science, 2009)

• Many others. . .



Kernel ridge regression

Reference data (training set): {di, Pi}
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Regularization term

Regularization prevents large coefficients by penalizing large coefficients.



Underfitting and overfitting

Matthias Rupp, talk in IPAM, UC Los Angeles, 2014



Structural stability of binary semiconductor:
Rocksalt (RS) versus Zincblende/Wurtzite (ZB/WZ)

J. A. Phillips, Rev. Mod. Phys. 42, 317 (1970);
J. C. Van Vechten, Phys. Rev. 182, 891 (1969).

RS WZ ZB

The descriptor here (Eh, C)
are related to the experimental
dielectric constant and
nearest neighbor distance.



Big data analysis

Looking for the descriptor di that determines the property Pi
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Parameters    and    are chosen with
the help of “leave-some-out validation”

λ σ

L. Ghiringhelli et al., Phys. Rev. Lett. 
114, 105503 (2015).

Zincblende/Wurtzite versus Rocksalt



Materials Designs in silico

Rapid prototyping and iterative materials
design performed in silico

1. Searching the
Material Explorer

2. Crystal Toolkit and
Structure Predictor

3. Phase Diagram App

A. Jain, APL Materials 1, 011002 (2013)


