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Aim: to determine whether other neural network architectures and optimisation methods show an 
improved performance at determining the ground states of many-body quantum systems.

▪ The transverse-field Ising model (TFI) is a simple model to study: 

▪ Hilbert space grows exponentially with the number of spins, 𝑁.
▪ For large systems, exact diagonalisation of the Hamiltonian is too 

computationally intensive.
▪ RBMs provide a more efficient alternative to exact 

diagonalisation.
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▪ 𝐽: Energy coefficient
▪ 𝑔: transverse-field strength
▪ Spins aligned along z-axis
▪ Transverse-field along x-axis

Motivation Many-body Systems
▪ Understanding the dynamics of many-body systems is crucial for 

real world experiments.

▪ Example: prototype quantum computers based on arrays of 
qubits.

▪ Problem: the information required to store quantum systems 
grows exponentially.

▪ Restricted Boltzmann Machines (RBMs) can simulate many-body 
systems more efficiently than standard numerical techniques 
[1].

▪ Alternative optimisation methods could improve performance:
▪ Which optimiser is most efficient? 
▪ How does each optimiser perform as the system grows?
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Optimisers

▪ Gradient based optimisers find the minimum of a function by 
computing the gradient at each iteration and ’rolling’ down 
the function like a ball.

▪ The most basic algorithm updates the parameters, 𝒲, using:

𝒲𝑛+1 = 𝒲𝑛 − 𝛾∇Ψ𝒲(𝒲
𝑛)

▪ Where γ is the learning rate. This update is repeated until a 
local or global minimum is found.

▪ Adaptive methods: AdaGrad, RmsProp, ADAM
▪ commonly used in machine learning problems due to 

their efficiency.
▪ However, adaptive methods are not panaceas.

▪ The ansatz can be optimised using gradient descent algorithms to 
estimate the ground state of the system. 
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▪ The parameters are used to describe the state of the system:

▪ RBMs represent the wavefunction in terms of a set of parameters, 
𝒲, comprised of the visible bias, 𝑎, hidden bias, 𝑏, and weights, 
𝑤. Each visible node corresponds to a spin. 

RBM Ansatz
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▪ Expand PCA to open systems
▪ Analyse non gradient based algorithms in Boltzmann machines

ResultsPrincipal Component Analysis

Future Work

Optimisers

▪ For a 10-spin system with 𝑀 = 𝑁 we have 120 parameters. 
▪ Visualising the gradient descent procedure in 120 dimensions is 

not possible.
▪ Principal component analysis (PCA) allows us to reduce the 

dimensions needed to explain the data. 
▪ For example, 3D data can be projected onto a 2D principal 

component space:

▪ Here the TFI is analysed 
with 𝐽 = −1 and 𝑔 = −1.

▪ The trajectories of each 
optimiser are plotted 
against the first three 
principal
components.

▪ NAG and momentum take 
more wild trajectories while 
the adaptive methods
are more cautious

▪ Iterations required for 
convergence vs 𝑁

▪ The adaptive methods 
get better as the spin 
chain lengthens, 
whereas the
standard methods get 
worse.

▪ This indicates adaptive 
methods show 
improved performance 
on larger systems.


