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Current state-of-the-art of atomistic modeling
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Power (MP2, RPA, CCSD(T),)

Density-functional theory
with (semi)-local and hybrid functionals

Understanding ?

Semi-empirical methods
(AM1, PM6, CNDO, tight-binding)

Empirical potentials (“force fields™)
(no explicit electrons)






Why is ‘\ complex? —

Collective many-particle states




Why is ‘\ complex? —

Collective many-particle states

Hybrid organic/inorganic systems
(CuPc on Ag(100) surface)
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Predictive power of current
many-particle methods




Predictive power of current many-particle

methods: Aspirin ‘“Headache”
Aspirin crystal
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Solution of Aspirin Headache:

Dynamic plasmon-phonon coupling

Free energy difference at room temperature between form I and II

(positive means form I is more stable, in kJ/mol)
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Phys. Rev. Lett. (2014).




“Many-Particle Elasticity”’ in Aspirin

A. M. Reilly and A. Tkatchenko,

Phys. Rev. Lett. (2014).
Young's modulus
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Predictive power of current many-particle

methods: Designing a molecular switch
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Predictive power of current many-particle

methods: Designing a molecular switch
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How physicists approach

oy




With:

How physicists approach
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Wave- funct10n theorles
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Density-functional theory (DFT): Solid starting point
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Density-functional theory (DFT): Solid starting point
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Density-functional theory (DFT): Solid starting point
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Exchange and Correlation
functionals

X Self-interaction error
X Lack of long-range correlation

n (F) ; ﬁn (F) ; (van der Waals interactions)
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Physicist's Dream: Mapping Electrons to
Quantum Harmonic Oscillators (QHO)

AL LA, NUCI€US (q)

Harmonic bond (@)

“Electron” (-q,m)

Model proposed by W. L. Bade (1957); and used by B. J. Berne;
A. Donchev; M. W. Cole; G. Martyna; K. Jordan; and others.




Physicist's Dream: Mapping Electrons to
Quantum Harmonic Oscillators (QHO)
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Harmonic bond ()

“Electron” (-q,m)

Model proposed by W. L. Bade (1957); and used by B. J. Berne;
A. Donchev; M. W. Cole; G. Martyna; K. Jordan; and others.




Physicist's Dream: Mapping Electrons to
Quantum Harmonic Oscillators (QHO)
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Model proposed by W. L. Bade (1957); and used by B. J. Berne;
A. Donchev; M. W. Cole; G. Martyna; K. Jordan; and others.




From Dream to Reality:
Ar dimer described by two QHOs

 Coupled QHO correlation energy

computed through Diffusion

Monte Carlo (exact for bosons) 130

{a(0).Cs,Cs} — {m. q,w}

p—

=

=
I

¢ HF+cQHO
— HF+CCSD(T)

 Exchange and electrostatic energy

from Hartree-Fock (HF)
50

Binding energy (meV)

=
T I T
e
4

Interatomic distance (A)

HF+cQHO: almost exact binding energy curve (within 3 meV at minimum)
without any specific adjustments.

Fermionic effects in correlation energy kick in only at very short distances.




Modeling Real Materials: DFT+MBD method

A. Tkatchenko and
M. Scheffler,
Phys. Rev. Lett. (2009)

A. Tkatchenko,
R. A. DiStasio Jr.,
R. Car, M. Scheffler,
Phys. Rev. Lett. (2012)

A. Ambrosetti,
R. A. Distasio Jr.,
A. M. Reilly,
A. Tkatchenko,
J. Chem. Phys. (2014)
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Valence electrons

projected to oscillators
(Tkatchenko-Scheffler)

Dyson-like
short-range
electrodynamic
screening

Long-range
correlation
energy

calculated
using ACFD




Application of DFT+MBD:
Many-particle effects in carbon nanostructures
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Machine Learning for Many-Particle Systems
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