gauge invariance of heat transport coefficients
fathoming heat transport from the struggle to simulate it

Stefano Baroni
Scuola Internazionale Superiore di Studi Avanzati
rieste — ltaly

CECAM Mixed-Gen webinar, December 15, 2022



what heat transport is all about




what heat transport is all about

T1

1da (T, T)

|
|
=

S dt 4




what heat transport is all about

T1

¢
1da (T, —Ty)

— — K

S dt 4
jQ(r, t) — —IiVT(r, t)




what heat transport is all about

T1

1da (T, Ty)

S dt /

jQ(r, t) — —IiVT(r, t)
OT _ K AT

ot  pcg




what heat transport 1s all about

heat flows from warmth to chill as
time flows from the past to the future
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why should we care?

e energy saving and heat dissipation
o Neat shielding
e energy harvesting, scavenging, and storage

o carth and planetary sciences




why should we care?

e ... because It Is Important and still
poorly understood
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the linear-response theory of transport
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the linear-response theory of transport

J = A\F
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materials properties from first principles

The underlying physical laws necessary for a large
part of physics and all of chemistry are completely
known, and the difficulty is only that the exact

application of these laws leads to equations much
too complicated to be soluble.

P.A.M. Dirac, 1929




materials properties from first principles

The underlying physical laws necessary for a large
part of physics and all of chemistry are completely
known, and the difficulty is only that the exact

application of these laws leads to equations much
too complicated to be soluble.

Diracs challenge has been answered in [our] field

[... using] new physical models [... and]
computers.

&
M.L. Cohen, 2015




hurdles toward an ab initio Green-Kubo theory
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sensitive to the form of the potential. The widely used
Green-Kubo relation [14] does not serve our purposes,
because in first-principles calculations it 1s impossible to
uniquely decompose the total energy into individual con-
tributions from each atom.
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Nnow come”?

how Is It that a formally exact theory of
the electronic ground state cannot predict
all measurable adiabatic properties?
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Insights from classical mechanics
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Insights from classical mechanics
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gauge invariance of transport coefficients
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gauge invariance of transport coefficients
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gauge invariance of transport coefficients

any two conserved densities that differ by the divergence of a
(bounded) vector field are physically equivalent

the corresponding conserved fluxes differ by a total time
derivative, and the transport coetficients coincide

nature

physics
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Thermal Conductivity of Periclase (MgO) from First Principles
Stephen Stackhouse, Lars Stixrude, and Bijaya B. Karki

sensitive to the form of the potential. The widely used
Green-Kubo relation [14] does not serve our purposes,
because 1n first-principles calculations 1t 1s impossible to
uniquely decompose the total energy into individual con-
tributions from each atom.

choose local representation of the energy
that integrates to the correct value and whose
correlations decay at large distance — the
conductivity computed from the resulting current
will be of the chosen representation.
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spectral analysis

if (j(r)j(r')) is short-range, [, j(r)dr and fvjj(r)dr for i # j are independent stochastic variables
and, by the central-limit theorem,

J(t) is a Gaussian process
Jr(w) = fOT J(t)etdt is Gaussian as well

stationarity implies:

1
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spectral analysis
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ab initio shear viscosity in water
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checking normality
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checking normality
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viscosity of water computed for different temperatures
and using trajectory segments of different lengths
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checking normality
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sensitive to the form of the potential. The widely used
Green-Kubo relation [14] does not serve our purposes,
because

week ending

PRL 118, 175901 (2017) PHYSICAL REVIEW LETTERS 28 APRIL 2017

Ab Initio Green-Kubo Approach for the Thermal Conductivity of Solids
Christian Carbogno, Rampi Ramprasad, and Matthias Scheffler

ulations:

hurdles toward an ab initio Green-Kubo theory

Ca\

Ca\



heat transport from lattice dynamics
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heat transport from lattice dynamics
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heat transport from lattice dynamics
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heat transport from lattice dynamics
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heat transport from lattice dynamics
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heat transport from lattice dynamics
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conclusions

@ conserved currents are intrinsically ill-defined at the atomic scale

@ conservation and extensiveness make transport coefficients independent of the
sSpecific microscopic representation of the conserved densities and currents

@ this gauge invariance ot transport coetticients makes it possible to compute
thermal transport coetticients from DFT using equilibrium AIMD and the Green-
Kubo formalism

@ cepstral analysis of the current time series generated by (Al) MD substantially
shorten the length of simulations needed to achieve a given target accuracy

@ gauge invariance can be leveraged to unify the Green-Kubo and lattice
Boltzmann approaches to heat transport in crystalline and amorphous solids
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