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 Machine learning in Measurements
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 Machine learning in Measurements : Prerequisite
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e−S[U] MCMC E[𝒪] =
∑k 𝒪[U(k)]

Ncfg

How can you use ML?[Uk]

[U1, U2, U3, ⋯ UN]
Ordered set

 ML methods expect independent, identically distributed samples


 Sequential MCMC generates dependent, identically distributed samples.


 Need Bias correction.
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Identify Phase transitions
* Variational Autoencoder, unsupervised.
* Learn parameters of  distribution.X = P(ϕ)

[Arxiv:1903.03506]
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Typical Neural Network
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Identify Phase transitions: Ising Model

MSE(θ, ϕ) = 1
ndata  ∑

i=1
(Xi − fθ (gϕ (Xi)))
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H = − J
N

∑
i,j=(nn)i

si sj − −μ h
N

∑
i=1

si
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Ising model with Autoencoder
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Ising model with Autoencoder
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Ising model with Autoencoder
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Ising model with Autoencoder
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Ising model with Autoencoder
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Autoencoder for identifying phase transitions

* Drawback

* Doesnt reproduce the correct physics, but can identify critical Temperature.
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[Arxiv:1903.03506]

[Arxiv:2111.05216] 4D SU(3) Gauge theory, Polyakov Loop

[Arxiv:1705.05582] Supervised



Control VariatesControl Variates (CV)

• If one define , where ,

• Its variance is

•   if

 

• Perfect control variates exist:  

Õ ≡ O − f ⟨ f⟩ = 0
⟨Õ⟩ = ⟨O⟩

Var(Õ) = Var(O)+⟨ f2⟩ − 2⟨Of⟩

Var(Õ) ≤ Var(O)
⟨ f2⟩ − 2⟨Of⟩ ≤ 0
fP = O − ⟨O⟩
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T. Bha, S. Lawrence,  J. Yoo, Phys. Rev. D 109, L031505 (2024)

[Arxiv:2307.14950]
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It can be written as a gradient of a function.



Control VariatesSchwinger-Dyson Control Variates

• In general, it is hard to find observables with the expectation value zero.

• It was suggested to use lattice Schwinger-Dyson equation.

• If ,

 is a control variate with a proper boundary condition.

• Similarly, for , 

∫ Dϕ
δ

δϕ (g e−S(ϕ)) = 0

g : ℝn → ℝ

f(ϕ) = ∑
i ( ∂g

∂ϕi
− g

∂S
∂ϕi )

g : ℝn → ℝn f(ϕ) = ∇ ⋅ g − g ⋅ ∇S
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T. Bha, S. Lawrence,  J. Yoo, Phys. Rev. D 109, L031505 (2024)
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Control VariatesParametrize Control Variates

• Ansatz for control variates from the knowledge of free theory was suggested

   and   

• Instead of using educated guess, parametrize g as a neural network

g(ϕ) = ∑
x

axϕx + ⋯ f = ∑
i ( ∂g

∂ϕi
− g

∂S
∂ϕi )

g(ϕ) = NN(ϕ)
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T. Bha, S. Lawrence,  J. Yoo, Phys. Rev. D 109, L031505 (2024), P. Bedaque, HO, Phys. Rev. D 109, 094519 (2024)
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Control Variates , Imposing symmetryImposing Translational Symmetry

•  should be imposed.

  (covariance)

• Define a function 

   and   

• It can be easily shown that  is translational covariant.

f(Tx[ϕ]) = f(ϕ)
↔ g(Ty[ϕ])x = g[ϕ]x+y

g0 : ℝn → ℝ
g(ϕ)x ≡ g0(Tx[ϕ]) f(ϕ) = ∇ ⋅ g − g ⋅ ∇S

g(ϕ)
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P. Bedaque, HO, Phys. Rev. D 109, 094519 (2024)

translation operator
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Control Variates: Minimize varianceMinimize Variance

• Natural choice of loss function is the variance:

• However, if overfitting happens,  for all training samples i,

• Add tunable parameter  to avoid overfitting:

 

L(w) = ⟨(O − f )2⟩ − ⟨O − f⟩2

O(ϕi) = f(ϕi)

f = 1
N

N

∑
i=1

f(ϕ) = O ≠ 0

μ

L(w, μ) = ⟨(O − f − μ)2⟩
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P. Bedaque, HO, Phys. Rev. D 109, 094519 (2024)

neural network parameters
= ⟨O⟩2

not used for estimation

very common in ML, dangerous
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Wilson loops in 2D U(1) lattice gauge theory
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2D U(1) lattice gauge theory with open BC & Max.Gauge
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Wilson loops in 2D U(1) lattice gauge theory



Control Variates Outlook

* Control Variates existence guaranteed. Need more investigation.

* Volume scaling yet to be figured out. Should be cheaper than ensemble methods.

* Symmetries need to be encoded.
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arxiv:2003.05914Contour deformation 
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 Outlook

* Machine learning techniques are getting proof of principle verification.

* Need dedicated packages for lattice gauge theories.

* In the propagator measurements, significant input needed for preconditioners.

* Quantitative studies of phase transitions based on a synergistic relation between 

machine learning and statistical mechanics: explore new systems.

* ML targeted hardware helps lattice calculations.

* And if you want to learn automatic differentiation (heart of all ML). Check 

https://github.com/srijitpaul/iKAN



Safety
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