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sensitive to the form of the potential. The widely used
Green-Kubo relation [14] does not serve our purposes,
because 1n first-principles calculations it 1s impossible to
uniquely decompose the total energy into individual con-
tributions from each atom.
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how Is It that a formally exact theory of
the electronic ground state cannot predict
all measurable adiabatic properties?
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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 coefficients coincide
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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.

CNOOSsE 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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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
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further work in model selection is desirable to improve the optimal estimate of the number
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