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⚬ Overview of VMC with NQS 
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Variational Monte-Carlo in a nutshell
3General Many-body problem 

๏ Many-body system of interacting particles 
⚬ Input Hamiltonian:  

๏ Here focus on: 
⚬ Many-body system of  fermions 
⚬ Canonical ensemble at  

๏ Goal: 
⚬ Finding                    s.t.

H

A
T = 0
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Technical challenges and solutions of VMC 

๏ Infinite dimensional variational space 
⚬ Ansatz based wave-functions 

๏ High-dimension integrals 
⚬ Markov Chain Monte-Carlo sampling 

๏ Non-linear global optimization problem 
⚬ Iterative linear/quadratic local optimization

[Metropolis et al. (1953)]
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A promising approach for many-body theory
4
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A promising approach for many-body theory
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Current work on NQS  

๏Development of a simple NQS to test new ideas 

๏Recent development of a new optimizer tailored to VMC
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A simple yet insightful many-body problem
5Many-body system 

๏ Hamiltonian in 1D 

⚬  

๏ Constraints: 
⚬ Fixed particle number  
⚬ Fixed temperature 

H = − ∑
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i<j

V0
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(xi − xj)2

2σ2
0 )

A
T = 0

Harmonic trap
Gaussian interaction
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NQS architecture
๏ Default architectural hyperparameters 

⚬ Number of layers:  
⚬ Width of each layer:  
⚬ Number of determinants:   
⚬ Total number of parameters 

L = 2
H = 64

D = 1
∼ 10 000

๏ Permutation equivariant layers 
⚬ Permutation of input rows 

Permutation of output rows 
⚬ Propagates all the way to the orbitals 
⚬ Final layer with determinant: 

equivariance  antisymmetry⇒
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Optimizers discussed here
๏ Gradient descent (  Adam) 

⚬  
⚬  
⚬ learning rate 
➡

∼
Mn(δ) ≡ ∇E(θn)Tδ + E(θn)
Tn ≡ {δ : | |δ | |2 ≤ α | |∇E(θn) | |2 }
α ≡
δn = − α ∇E(θn)
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๏ KFAC (Kronecker-Factored Approximate Curvature) 
⚬ NQS   
⚬    
⚬ KFAC  crude approx of the Fisher metric 
⚬ Direction update using KFAC Fisher 
⚬ Scaling update using exact Fisher

⇒ D > 10 000
F−1(θn) ∇E(θn) ⇒ O(D2)

∼



Direct application of KFAC
8

E(θ), ∇E(θ)

F̆KFAC (θ)−1

            Δ           F(θ)

         α, μ

            δnew = αΔ + μδprev

           Ψθ

KFAC optimizer
[Martens, Grosse (2015)]

1) Direction

2) Rescaling



Direct application of KFAC
8

E(θ), ∇E(θ)

F̆KFAC (θ)−1

            Δ           F(θ)

         α, μ

            δnew = αΔ + μδprev

           Ψθ

KFAC optimizer
[Martens, Grosse (2015)]

1) Direction

2) Rescaling
0 50 100 150 200 250 300 350 400

Epochs
0.00

0.25

0.50

0.75

1.00

1.25

1.50

1.75

2.00

E
(µ

)

KFAC

CI

HF

KFAC: A = 2, V0 = °10



Direct application of KFAC
8

E(θ), ∇E(θ)

F̆KFAC (θ)−1

            Δ           F(θ)

         α, μ

            δnew = αΔ + μδprev

           Ψθ

KFAC optimizer
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2) Rescaling

Extensive testing 

๏ Sometimes works nicely, sometimes unstable, sometimes fake convergence 
➡ Difficult to predict performance 
➡ Not reliable optimization  How to improve it ?⇒
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Improving scaling of the update 
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≠



Quasi-Newton KFAC 

๏ Supervised learning: 

⚬ Cost function's Hessian +  

๏ In our case: cost function =  

๏ Hessian: 

F(θ) ∼ ∂θ1
∂θ2

ln |Ψθ(X) | = 0

E(θ)
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Impact of new re-scaling on convergence
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QN-KFAC vs KFAC 
๏ Overall Improvements 

⚬ Energy fluctuations much reduced 
⚬ Reduction of cases where it get stuck in local minima 

๏ But not perfect 
⚬ Still some instabilities (not shown here because large ) 
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๏ Augmented KFAC for VMC problems 

⚬ Scaling improvement from a Quasi-Newton approach 

⚬ Direction improvement from MINRES 
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⚬ Testing decisional gradient descent
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๏ Minimize   (cross-entropy loss) 
⚬ target distribution,  model to optimize 
⚬ Equivalent to “fitting data points” problems

L(θ) = 𝔼X∼q [−ln pθ(X)]
q ≡ pθ ≡
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DKL(pθ, pθ+δ) = 1

2 δTF(θ)δ + O(δ3)

F(θ)θ1θ2
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δNGD = − F−1(θ) ∇L(θ)

[Amari (1997)]
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⚬ Very general problem

h(θ) = − 𝔼X∼pθ
[S(X, pθ)] ≡ − S(pθ, pθ)

S ≡ pθ ≡
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h(θ) = − 𝔼X∼pθ
[S(X, pθ)] ≡ − S(pθ, pθ)

S ≡ pθ ≡

Decision geometry 
๏ Necessary condition 

⚬    proper scoring rule 

๏ Game-theory generalizations 
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⚬ Divergence:  

⚬  
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 (up to re-weighting)

∀pθ, x, SVMC(x, pθ) ≡ − EL,θ(x) →

DVMC(pθ, pθ′ ) = 1
8 ∑
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𝔼 [(∂xi

ln pθ(X ) − ∂xi
ln pθ′ (X ))
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GVMC(θ)θ1θ2
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∂xi
ln pθ(X )) (∂θ2

∂xi
ln pθ(X ))]
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Practicable optimizer? 
๏ How good is it strategically? (Convergence in epochs)  
๏ Can it be performant? (Overall wall-time and stability)
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Results  

๏ Stability: huge improvement from decision geometry in all cases 

➡ Much better starting point for designing optimizers for VMC 
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MINRES

E(θ), ∇E(θ)

F̆KFAC (θ)−1
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1) Direction

2) Rescaling

            ΔM

E(θ), ∇E(θ)

ĞVMC (θ)

            Δ  GVMC(θ)

         α, μ

            δnew = αΔ + μδprev

           Ψθ

Decisional Gradient Descent

1) DirectionMINRES

2) Rescaling

Results  
๏ Stability: DGD more stable than any other refinement of KFAC (not shown here) 

๏ Accuracy and speed: DGD on par with QN-MR-KFAC
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E(θ), ∇E(θ)

ĞVMC (θ)

            Δ  GVMC(θ)

         α, μ

            δnew = αΔ + μδprev

           Ψθ

Decisional Gradient Descent

1) DirectionMINRES

2) Rescaling

Results  
✓ Accuracy: DGD systematically over perform Adam 
✓ Speed: DGD converges 10-100x faster than Adam in #epochs 
✗ Wall-time: Very naïve implementation of DGD  too early to quantify⇒
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Convergence of DGD: 
22 out of the 25 cases



Testing across phenomenologies
21

Convergence of DGD: 
22 out of the 25 cases

Confirms the great potential 

of DGD for future optimizers!
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VMC with neural networks 

๏ Rapidly evolving field! 

๏ Competitive with CCSD(T) in quantum chemistry 

๏ More systematic studies to be performed 

⚬ Numerical implementation to be optimized 

⚬ Optimal architecture for nuclear systems? 

⚬ Numerical complexity (time/memory)  

๏ Realistic nuclear systems now being investigated 

➡On-going work to reach  nuclei (ANL) A ∼ 100
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VMC with neural networks 

๏ Rapidly evolving field! 

๏ Competitive with CCSD(T) in quantum chemistry 

๏ More systematic studies to be performed 

⚬ Numerical implementation to be optimized 

⚬ Optimal architecture for nuclear systems? 

⚬ Numerical complexity (time/memory)  

๏ Realistic nuclear systems now being investigated 

➡On-going work to reach  nuclei (ANL) A ∼ 100

The optimizer: a critical part 

๏ Simple many-body systems  easy to test new ideas   

๏ A promising novel optimizer based on decision geometry! 

⚬ Motivated by deficiencies of KFAC for VMC 

⚬ Game theory re-formulation of VMC  Decisional gradient descent 

⚬ Accurate, stable and fast 

⚬ Simplest implementation  solid foundation for future improvements 

๏ With many potential refinements! 

⚬ Hessian-free-like  Inspiration for many potential algo improvements  

⚬ KFAC-like approximation on decision metric? 

⚬ Adapting the geometry for different many-body problems? 

⚬ Other ML problems? Can it be made as versatile as Adam?

⇒

⇒

⇒

⇒
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