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Path Integral
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In the space RP*1 we introduce a rectangular lattice with a step
size of a. The field corresponds to a finite-dimensional vector.
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Monte-Carlo approach

{x0} ~ P(x)

Computation of path integral = generating of sample
{x(} from P(x)



Critical slowing down

Wolff "Critical Slowing Down"Nucl. Phys. B 17 (1990) 93-102
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Normalizing flow
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Free field: g(z) = wz
w can be explicitly written.



Affine coupling layers

The map g is a composition of affine transformations
g=Ano..0MA (1)
We devide z on two parts
z=u+v (2)

For example, u contains coordinats of z with even numbers, and v
— the odd one.
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Optimization task

Dra(pla) = [ dxplx)in 23
Dki(plg) > 0, Dki(plg) = 0 <= p(x) = q(x)
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MCMC+Normalizing flow = Decorrelation of trajectories

o At a certain iteration of the Markov chain, apply the inverse
transformation and compute the probability
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o Generate a new trajectory
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@ Accept the trajectory with probability
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Non-relativistic quantum mechanics
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Relativistic quantum mechanics
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Scalar field on the lattice
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J = const

Vint(¢) = 7(1)4
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Metric
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J=6(x—2)
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