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George Box:  All models are wrong, some models are useful

Andy Millis: I want to be able to work on some classical problems
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Columbia University in the City of New York

Brookhaven National Laboratory

National Synchrotron Light Souce-II 

(NSLS-II) =>

• XPD beamline

• Coherence

• Small beams

• High energy resolution

• Resonant scattering
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Synthesis Material Diffraction Structure DFT/MD Properties Understanding

Materials Discovery 
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Synthesis Material Diffraction Structure DFT/MD Properties Understanding

Materials Genomics

1. Structure prediction3. Materials Discovery

2. Structure 

solution aka 

phase problem
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The Crystal Structure Problem

• Problem:

– Here is a crystal, what is its structure?

• Solution:

1. Give it to your grad student

2. She puts it on the x-ray machine

3. …Pushes the button

1. Machine tells you the structure

2. Or Machine gets stuck

1. Throw away the crystal

2. Make it the subject of her thesis 

Crystallography is largely a solved problem

From LiGaTe2: A New Highly Nonlinear 

Chalcopyrite Optical Crystal for the Mid-IR

L. Isaenko, et al., J. Crystal Growth, 5, 1325 

– 1329 (2005) 
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Quantum Dot solar cells
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The Nanostructure Problem

• Problem:

– Here is a nanoparticle, what is its 

structure?

• Solution:

1. Give it to your grad student

2. She puts it on the x-ray machine

3. …Pushes the button
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The Challenge with Real Material Structure 

Determination
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Nanostructure inverse problems

… are often ill-posed
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The atomic Pair Distribution Function

Raw data

Structure function
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Pd NPs
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Banerjee, SJLB, et al.  “Improved models for

metallic nanoparticle cores from atomic pair 

distribution function (PDF) analysis”. In: J. Phys.

Chem. C 122.51 (2018), pp. 29498–29506. doi: 

10.1021/acs.jpcc.8b05897.
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AC fits to nanoparticle data are good

….but not that good!

• Excuses excuses excuses!

• Can we do better?



HTTP://thebillingegroup.com



HTTP://thebillingegroup.com

Residuals
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Residuals
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Residuals
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Residuals
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Testing discrete 

models
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Testing discrete 

models
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Testing discrete 

models
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Testing discrete 

models
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Testing discrete 

models

Banerjee, SJLB, et al.  “Improved 

models for metallic nanoparticle 

cores from atomic pair 

distribution function (PDF) 

analysis”. In: J. Phys. Chem. C 

122.51 (2018), pp. 29498–29506. 

doi: 10.1021/acs.jpcc.8b05897.
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Automating cluster finding
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Standard approach
• 1 PDF

• 1 model

• 20 parameters

• Vary the parameters 

until the model agrees 

as well as possible 

with the data.

• Emphasis on 

parameter estimation, 

not on model 

selection

• Challenge is finding 

the right model
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New approach: 

Cluster-Mining
• 1 PDF

• many models

• few parameters

• Iterate over large 

numbers of models

• Emphasis on model 

selection

• Advantage: find multiple 

nearby models!

• Challenge: structure 

must be in the 

structure-mine



HTTP://thebillingegroup.com

Banerjee, SJLB, et al. “Cluster-mining: An approach for determining core structures of metallic 

nanoparticles from atomic pair distribution function data”. In: Acta Crystallogr. A 76.1 (2020), pp. 24–31. 

doi: 10.1107/S2053273319013214.
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Banerjee, SJLB, et al. “Cluster-mining: An approach for determining core structures of metallic 

nanoparticles from atomic pair distribution function data”. In: Acta Crystallogr. A 76.1 (2020), pp. 24–31. 

doi: 10.1107/S2053273319013214.
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Structure-mining: An automated 

screening of large numbers of 

candidate structures to the atomic 

pair distribution function (PDF)

Long Yang, Pavol Juhas, Maxwell W. Terban, Simon J. L. Billinge

Acta Crystallographica Section A, in press
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Introduction

Crystal structural database

PDF auto-refinement

Rw sorted structure-mining result

Materials Project Database

Crystallography Open Database 

DiffPy-CMI

Example result of BaTiO3 nanoparticle heuristic- 1
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Heuristic-4 (*-*-Si-O)

• Structure-mining found the same model as in prior work, MPD No. 1003 

(NaFeSi2O6) and COD No. 2983 (NaFeSi2O6), s.g.: C 2/c.

• It also returns some structures with space group C 2, such as MPD No. 998 

(Na0.83FeSi2O6), which may be viewed as a very similar structure but with a lowered 

symmetry and deficient atoms at some sites

• It also returns some structures substituting at Na or Fe sites by other elements. For 

example, MPD No. 1021 (NaGaSi2O6).



HTTP://thebillingegroup.com

To the cloud!!!!!
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The Chemistry student laptop/notebook 

problem
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The analyzed structured labelled data from 

everyone in a database problem
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and all this with spatial and time dependence
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This new approach to modeling opens the door 

for Machine Learning/Deep learning

• I don’t know an person who can look at a PDF and tell 

the s.g. (except perhaps if it is an fcc material or 

something)

Question:

• Can we train a Machine Learning model to recognize it?

Answer:

• Yes!

Chia-Hao Liu, Yunzhe Tao, Daniel J. Hsu, Qiang

Du, and Billinge, Simon J. L. , Acta Crystallogr.  A 

75 (2019), pp. 633–643. 

doi: 10.1107/S2053273319005606.
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Details
• Work of Yunzhe Tao and Chia-Hao Liu

• PDF itself is the input feature vector

• 101,802 structures in 45 space-groups

• Train on 80% of data, 20% retained for testing
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Space Groups from 

PDFs

• First try, Logistic Regression

• Second try, Convolution 

Neural Net

– Classification ratio’s are for 

finding the right s.g. in the top 

6
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Confusion  

Matrix

• Rows: true 

label

• Columns: 

predicted 

label
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