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should be integrated and preserved 
in the Structural Energy Database!

• First-principles calculations (DFT)

⇒ ab initio structural data + energies

• Fitting model Hamiltonian (CE)

⇒ Effective interactions

• Statistical methods (MC/MD)

⇒ Thermodynamics, ordering, etc.

MultiMulti--scaling: scaling: cost of predicted ThermodynamicsThermodynamics

← most expensive

← very fast

← reasonably fast

micsThermodynansInteractioEnergies structures .→→ → statfitDFTN
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The Structural Database

Eliminates unnecessary recalculation of structural data.

• Data mining: options to select, group, and combine data.

• Preservation: old data is not lost.

• Integration: 
Put data from all researches together in one place,

Can compare data from different methods,

More data ⇒ better statistics ⇒ more accurate thermodynamics.
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Structures

DFT

Interactions
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Thermodynamics
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Structural
Database integration

Data mine
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- Prototype
- Strukturbericht
- Pearson
- SpaceGroup
- GroupNumber

- name
- organization
- address
- email
- score
- A-time

- Energy
- FE
- error
- nk[3]
- EnCut
- scale
- a[3][3]
- pressure
- P[6]
- S-time

i-type

X[3]

F[3]

text

M-description

C-time

L-description

position, A.

Force, eV/A.

Atomic symbol
from Mendeleev
Periodic Table

Design of The Structural Database: ER diagram
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The Structural Database Attributes
Key Attributes

Author id: unique login name.

Method id: unique method abbreviation.

Comment id: unique number.

Lattice id: abbreviation for a lattice type.

A common name of structures of this type.

i = 1 ÷ Ns, where Ns is the number of sites.

Structural id: unique number for a structure.

Description

char[]S-name

intS-id
inti-id

char[4]L-id
intC-id

char[]M-id
char[]A-id

TypeKey

Units: Energy = electron-Volts per atom (eV/atom); Length = Angstroms (Å); Pressure = kilo-Bars (kB).

Atomic type from Mendeleyev Periodic Table.char[4]i-type
Atomic position (Å) in Cartesian coordinates.real[3]X[3]
Atomic Force (eV/Å), Cartesian coordinates.real[3]F[3]

3×3 Pressure-stress symmetric tensor (kB). real[]P[6]

Number of k-points.int[3]nk[3]
Energy cutoff of (plane) wave basis (eV).realEnCut

DescriptionTypeAttribute

scalar pressure, kB.  realpressure

3×3 matrix with Cartesian coordinates (Å) of the 
structural unit cell translation vectors, scaled.real[]a[3][3]

if not 1, rescales coordinates a[3][3].realscale

Energy error (claimed or estimated) in eV/atom.realerror

Structural Formation Energy in eV/atom 
relative to the ground states of component 
elements (bulk).

realFE

Energy of the structure in eV/atom (as is).realEnergy

En
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U
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Structural Attributes

A
to

m
s

I-42mchar[]SpaceGroup

int

char[]

char[]

char[]

Type ExampleAttribute

121GroupNumber

tI16Pearson

H26Strukturbereicht

Cu2FeS4SnPrototype

Structure Symbols

Au

Ni Ni

NiNi

Atoms compose 
Structure

Other:  Lattice, Method, Comment, Author.
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The Structural Database
Relational Schema

• Atom (S-id, i-id, i-type, X[3], F[3], i-time);
• Structure (S-id, C-id, L-id, S-name, scale, a[3][3], pressure, P[6], 

nk[3], EnCut,  Energy, FE, error,  A-id, S-time);
• Symbol (S-name, L-id, Prototype, Strukturbericht, Pearson,

SpaceGroup, GroupNumber, A-id, P-time);
• Lattice (L-id, L-description, A-id, L-time);
• Comment (C-id, A-id, M-id, C-text, C-time);
• Method (M-id, M-description, A-id, M-time);
• Author (A-id, A-name, organization, address, email, score, A-time);

Implementation:
• Platform:  Oracle Database 10g,  Red Hat Enterprise Linux 4.
• Web interface:  Apache web server,  Java,  JDBC.



© Nikolai Zarkevich 20 June 2005Summer School on Computational Materials Science

The Structural Database
is implemented:
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The Structural Database

is a useful tool for information integration and preservation,

• allows to compare data from different methods and places;

provides many options for data mining:

• select, project, sort, group, combine;

more data for statistical methods

⇒ improved accuracy of thermodynamic predictions.

Elimination of unnecessary recalculation of known structural data

⇒ can greatly reduce computational cost of multi-scale methods.

You can contribute your data.
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Ab initio Thermodynamics from Structural Data

Find effective interactions by fitting to DFT structural energy database;

Predict energy of any atomic arrangement σ from effective interactions.

    
E σ = Vk Φk

σ
k∑

Cluster correlationsEffective Interactions

1st n.n.

2nd n.n.

micsThermodyna structures  →→ → CarloMonte
i

fitDFT VEN σ

L12 DO22 DO23

Clusters



© Nikolai Zarkevich 20 June 2005Summer School on Computational Materials Science

Cluster Expansion Methodology

Energies Correlations

Interactions

ab initio

Clusters

Choose set of
Which?
How?Structures

Choose set of

know

+

+

Get

σσ V k
k

kE Φ= ∑

σ
21

σ ...ξξξ
43421 nk =Φ

σ-structural average of  
n-body correlations over 
k-type clusters in terms of 
occupational variables

Energies
of all possible
structures





=
0
1

ξ

atomic arrangement
(structure σ )

Calculate

J.W.D. Connolly, A.R. Williams, Phys. Rev. B 27, 5169 (1983)
J.M. Sanchez, F. Ducastelle, D. Gratias, Physica 128 A, 344 (1984)

representative

structural structural

predict

Effective Cluster

Cluster Expansion

micsThermodyna structures →→ → MC
i

CEDFT VEN σ

Occupational variables:
T

ra
dit

ion
al

 A
pp

roa
ch



© Nikolai Zarkevich 20 June 2005Summer School on Computational Materials Science

Find the optimal set of clusters by
minimizing the predictive error
estimated by cross-validation score:

CV2 = Σ(Ei− Ê(i))2

Optimal number of ECIs ⇒ Best predictive power:
Too few ⇒ inaccurate reproduction of fitted known E,
Too many ⇒ fitting noise ⇒ inaccurate prediction of E.

Obey the Rules for CE truncation:

If an n-body cluster is included, 
then also must be included both
all smaller n-body clusters and 
all its sub-clusters.

Optimal Truncated Cluster Expansion

P
h
y
s
i
c
s

+

M
a
t
h

LS error
CV score

Number of Clusters

Er
ro

r

optimum

Axel van der Waale and Gert Ceder,
J. Phase Equil. 23, 348 (2002).

1st and 2nd neighbors:
2-body

3-body

4-body

Only if the CE truncation Rules are obeyed,
CV is a well-defined measure of the predictive error.
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Where the Rules come from?

Kremlin

Moscow
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Rules for the optimal CE truncation come from Physics

Experimental facts:

• Electromagnetic interactions decay with distance.
⇒ must include smaller n-body clusters before larger ones.

• Energy of a system includes energies of (interacting) subsystems.
Total n-body interaction includes (n−1)-body, etc. 

⇒ must include all the subclusters.

Result:
⇒ Hierarchy of ranges: R2≥ R3 ≥ …≥ Rn−1≥ Rn:

Total       =     +   +   +      +      +    + small correction

2 3 4 5
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Optimal Cluster Expansion has Minimal Predictive Error

Include all smaller n-body clusters and 
all subclusters ⇒ R(n)≤R(n−1).

Minimize CE error (CV score):

Cross-validation score is a standard 
measure of error in predicted values.

∑
=

−=
N

i
ii EE

N 1

2fit2 )ˆ(1CV

Nikolai Zarkevich and D.D.Johnson
Phys. Rev. Letters 92, 255702 (2004).

Optimal

Expt.

Er
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LS error

CV score

Number of Clusters
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ro

r optimum

Only if the CE truncation Rules are obeyed,
CV is a well-defined measure of the predictive error.
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• Does this hold for other systems?   Yes!

Fully-disordered state

Fully-ordered state
Partially-ordered state

SRO state

hcp Ag2Al

= 2.46 mRy

= 2.51 mRy

  

δEo
kBTc

= 2.51mRy
2.46 mRy

=1.02 ≈ 1

Estimate of Phase Transition Temperature 
δEo≈ Tc gives ‘a priori’ estimate of Tc.

o
c

c
c E

TS
THT δ≈

∆
∆=

)(
)(Phase Transition: ∆G=∆H−Tc∆S gives

N.A.Zarkevich et al., Acta Mater. 50, p.2443 (2003).
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Tc ≈δΕο

Tc and δΕο for metallic binaries alloys

0.984645DO22Ag3Al

115

118

47.0

16.7
12.2

41
34.1

δΕο

meV

DO22

p.s.

L10

L10

L10

MoPt2

hcp

ground 
state

1.03

1.02

1.03

1.13

0.91
1.02

Tc/δΕο

ratio
Tc

meV

118

120

48.3

14

37
33.4

NiAu6 Ni-Au

AgAu

Ni3V7  Ni-V

CuAu5 Cu-Au

AgAu3,4Ag-Au

Ag2Al
Ag2Al1,2Ag-Al

stoich.System

1 N.A.Zarkevich, D.D.Johnson, A.V.Smirnov, Acta Materialia 50, p.2443 (2003); Phys. Rev. B 67, 064104 (2003).
2 D.D.Johnson, M.D.Asta, Comp.Mat.Sci. 8, p.54 and p.64 (1997); M.D.Asta, J.Hoyt, Acta Materialia 48, 1089 (2000).
3 B.Schonfeld, J.Traube, G.Kostorz, PRB 45, p.613 (1992);  4V.Ozolins, C.Wolverton, A.Zunger, PRB 57, 6427 (1998).
5 V.Ozolins, C.Wolverton, A.Zunger, PRB 58, 5897 (1998). 6 C.Wolverton, A. Zunger, Comp.Mat.Sci. 8, 107 (1997).
7 N.A.Zarkevich, Ph.D. thesis, Urbana (2003); N.A.Zarkevich and D.D.Johnson, PRL 92, 255702 (2004).
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Ordering Energies and Transition Temperatures
- It is possible to estimate rapidly and accurately the transition temperature from energies:

hcp

fcc

Ag Al

Transition Temperatures Formation Enthalpies 

N.A.Zarkevich and D.D.Johnson, PRB 67, 064104 (2003)

Gibbs

Gibbs Free Energy:
G = E+PV−TS

Phase Transition:
∆G=∆H−Tc∆S o

c

c
c E

TS
THT δ≈

∆
∆=

)(
)(
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Thermodynamics Predicted with Desired Accuracy
price is computational cost

Other errors:

DFT Errors – typically ∼ meV.

Monte Carlo Error – below meV.

CV score scales as N–1/2, hence 
a priori estimate can be made 
for N to get needed accuracy.

Ni3V

Erro
r

micsThermodyna structures →→ → MC
i

CEDFT VEN σ

Total error = DFT+CE+MC. 

CE fit error is the largest.
Predictive error is estimated by the CV score:

  
CV2 = 1

N
(Ei − ˆ E i

fit)2i=1
N∑
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Expt.

Optimal Thermodynamic Predictions converge to Experiment

δEo ≈ Tc within the error bars.

Convergence of δEo and Tc

Optimal Thermodynamics 

predicted with given accuracy, 

is within the error bar, and

converges to Experiment.

Fast and fairly accurate estimate of Tc from δΕο.

Interactions

Thermo-
dynamics

Structural
Energies

CE  fit

stat. methods

⇒ δΕο

⇒Tc
MC
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Cluster-expansion (CE) error evaluated by 
exclude-one cross-validation score CV-1:

• Estimates CE error in predicted energies
– in particular, in predicted δΕο,
– also estimates CE error in Tc

MC.

• well-defined only if Rules are obeyed.

• Reliable if  LS≡CV-0 ≈ CV-1 ≈ CV-2.

• Scales as 1/√N.

Cluster-expansion error versus number of DFT energies N

fcc Ni3V

N.A. Zarkevich, First-principles prediction of thermodynamics and ordering in metallic alloys, 
Ph.D. thesis, 2003.
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Ni3V:  3 pairs +3 triplets

Infinite CV2
by removing worst-fitted 
structures to get
small CV1 and
tiny CV0.

∞
  
CV2 = 1

N
(Ei − ˆ E i

fit )2i =1
N∑

Reliability of CE Error Estimate: Error bars on CV1

0 ≤ LS=CV0< CV1< CV2 ≤ ∞

Not always CV estimates predictive error.

CV can be ill-defined for improper truncation,
or for a non-representative set of structures.

Caution:
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Thermodynamics can be reliably predicted with desired accuracy.
The price is computational cost.

Error estimated by the cross-validation scales:
CV ∼ N−1/2 ;  decreases with N, the number of fitted energies.

Phase Transition Temperature is related to ordering Energy.
Rapid estimate of Tc from δΕο.
Accuracy estimate of predicted Tc.
Convergence to Experiment.
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Intra-row (α)

Inter-row (β)

Cluster Expansion on Surface: halogenated Si(001)

(a)

(b)

(c)

β

α/2

(a) (b) (c)

(α+β)=E(a)−2E(b)+E(c)

Calculations give α/2≈β

Reference State H-H

α=E(a)−2E(β)+E(c)

β=E(a)−2E(α)+E(c)

Hydrogen Halogen

Si(001)

Nikolai Zarkevich and D.D.Johnson, Surface Science Letters (2005).
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Halogen Repulsion Energy Scales as n2

n is the principle quantum number of the halogen

F, Cl, Br are from: C.F. Herrmann, D. Chen, J.J. Boland, PRL 89, 096102 (2002).
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Previously observed:

• Atomic and Dimer
Vacancy Lines
(AVL and DVL);

• Regrowth Chains.

VLD is more stable than AVL if 4SB−4α−2β < 2SA−α−2β.

Si(001) Surface Patterning: new types of line defects

Vacancy line defect (VLD)

(new)

B-step regrowth chain

(new)

VLD is now observed experimentally.

Si terrace:
upper,
main,
lower.

Atom vacancy lines Dimer vacancy line
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G.J. Xu, N.A. Zarkevich, A. Agrawal, A.W. Signor, 
D.D. Johnson, J.H. Weaver, Phys. Rev. B (2005).

New Vacancy Line Defect for I on Si(001)

Experimentally confirmed

VLD
SB

SB

For Iodine 4SB−4α−2β < 2SA−α−2β,
VLD is energetically stable (not AVL).

Theoretically predicted

Nikolai Zarkevich and D.D.Johnson, Surface Science Letters (2005).
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The Truth can be found.
Be Faithful!
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Conclusions
• Thermodynamics

– can be reliably predicted by multi-scale methods with desired accuracy,
price is computational cost.

– Global data integration can reduce the cost and improve the accuracy.

• The Structural Database:
– global data integration;  data mining options;
– data from different people, different methods:
– http://data.mse.uiuc.edu:8000/structural

• ThermoToolkit
– based on Optimal Cluster Expansion technique
– integrated with the Structural Database.

Special Thanks:  Yandong Dora Cai,  James H. Wang,  Christopher Chan,  Teck Leong Tan,  Duane D. Johnson.


