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lattice path integrals

Z =

∫
DUDψDψ̄ e−S[ψ,ψ̄,U ]

U(x, µ)

a

L

ψ(x)
S =

∑
x,y∈Λ

ψ̄(x)D(x, y;U)ψ(y) + Sg[U ]

Z =

∫
DU e−Sg [U ] (detD[U ])nf

detD[U ]2 =

∫
DφDφ∗ exp

− ∑
x,y∈Λ

∣∣D−1(x, y;U)φ(y)
∣∣2
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Monte Carlo sampling

〈O〉 =
1

Z

∫
Dφ e−S(φ)O(φ)

↪→
{
φ(1), . . . , φ(N)

}
∼ p(φ) =

1

Z
e−S(φ) (physical/target distribution)

estimator for 〈O〉

Ō =
1

N

N∑
n=1

O
(
φ(n)

)
Var[Ō] =

2τO
N

Var[O] , τO =
1

2
+
∑
t

ΓO(t)

ΓO(0)

ΓO(t) = 〈O(n+t)O(n)〉 − 〈O〉2

critical slowing down

τO ∼ ξ̂zO
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trivializing flows

change of variables in the path integral [luscher 09]

φ = F(φ̃) =⇒ F∗(φ̃)xy =
∂φx

∂φ̃y

Dφ = Dφ̃ detF∗(φ̃)

yields

Z =

∫
Dφ e−S(φ) =

∫
Dφ̃ e−S̃(φ̃)

S̃(φ̃) = S
(
F(φ̃)

)
− log detF∗(φ̃)

S̃ = const =⇒ trivial theory!
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https://arxiv.org/abs/0907.5491


normalizing flows
generative model using latent variables [albergo et al 19]

φ = fθ(z) , z ∼ r(z) (latent distribution)

=⇒ φ ∼ pθ(φ) = r
(
f−1
θ (φ)

)
|det f∗θ |−1 (model distribution)

model fθ using Neural Networks, find best transformation

θ̄ = arg max
θ
DKL (pθ|p)

DKL (pθ|p) =

∫
Dφ pθ(φ) log

pθ(φ)

p(φ)

=

∫
Dz r(z) [S (fθ(z))− log det f∗θ (z) + log r(z)]

= Ez∼r(z) [S (fθ(z))− log det f∗θ (z)]

use fθ to generate candidate configurations + Metropolis accept/reject
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https://arxiv.org/abs/1904.12072


coupling layers

z v1
g1(z)

vi vi+1
gi+1(vi)

. . . vI. . . = φ

z ∼ r(z) vi ∼ pi(vi) φ ∼ pθ(φ)

fθ = gI ◦ gI−1 ◦ . . . ◦ g1

vi+1 = gi(vi)

↪→ vi+1,x =

{
vi,x , x ∈ ΛPi
Ci,x

(
vi,x; NNθ(v

P
i )
)
, x ∈ ΛAi

Ci,x are affine transformations/quadratic splines...

easy to invert and easy to compute the Jacobian

log

∣∣∣∣∂gi∂vi

∣∣∣∣ =
∑
x∈ΛAi

log

∣∣∣∣∂Ci,x∂vi,x

∣∣∣∣
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acceptance
Metropolis test/exact algorithm

A
(
φ→ φ′

)
= min

(
1,
q(φ|φ′)
q(φ′|φ)

p(φ′)

p(φ)

)
for normalizing flows

q(φ′|φ) = pθ̄(φ
′)

pθ̄(φ
′) = p(φ′) =⇒ A

(
φ→ φ′

)
= 1

τO ≥
1

Eφ∼pEφ′∼pθ̄ [A (φ→ φ′)]
− 1

2

acceptance ↔ correlation
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scalar field theory
lattice action

S(φ) =
∑
x∈Λ

[
−β
∑
µ

φx+µφx + φ2
x + λ

(
φ2
x − 1

)2]

observables

M =
∑
x

φx

χ =
1

|Λ|
〈(
M − 〈M〉

)2〉
G(x) =

1

|Λ|
∑
y

〈φy+xφy〉 − 〈φ〉2

G(t) ∼ cosh

(
t− L/2

ξ̂

)
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training efficiency

acceptance depends on parameters and the size of the system

same training for all couplings: 16K iterations, 16K batch size
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architecture
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architecture

acceptance depends on architecture

same training for all couplings: 16K iterations, 16K batch size

NNs contain a single hidden layer, |H| = |Λ|
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architecture

one affine block, one RQS block, 32k iterations

Φtrain = batch size× iterations
L Del Debbio EFT4ML Mainz, July 2023 13 / 23



training vs volume

Error bars: different batch sizes (≤ 32000) and training lengths (≤ 32000),
as well as a variable number of affine layers (≤ 5)
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cost scaling
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diminishing returns
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flow HMC
• use a normalizing flow to generate an approximate trivializing map

F = f−1
θ̄

• perform an HMC evolution in the ’flow’ variables

〈O〉 =
1

Z

∫
Dφ̃ e−S̃(φ̃)O

(
f−1
θ̄

(φ̃)
)

• Markov chain of φ̃ configurations{
φ̃1, . . . , φ̃N

}
∼ e−S̃

• apply f−1
θ̄

to obtain a Markov chain

{φ1, . . . , φN} ∼ e−S
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affine/CNN layers

affine layer

gi({φP , φA}) = {φP , φA � es(i)(φP ) + t(i)(φP )}

Jacobian matrix ∣∣∣∣det
∂gi(φ)

∂φ

∣∣∣∣ =
∏
xA

es
(i)
x (φP )

CNN parametrization

s(i)
x (φP ) = tanh

 ∑
y∈[− k−1

2
, k−1

2 ]
2

w(i)(y)φPx−y


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training

τM,FHMC = 74.4(3), τM,HMC = 100.4(2).
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larger volumes
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scaling at fixed architecture
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scaling with k ∼ ξ
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outlook

• ML provides interesting ways to define maps

• can be used for generative models/trivializing maps

• scaling of the cost of training

• test on systems with nontrivial topology
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