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Learning outcomes

• Various ways machine learning is used in quantum 
science

• How quantum science shapes classical learning 
algorithms 

• Research and Presentation
• Hands-on computational experience
• Independent project management



Course structure

• Project-based (groups of 2)
• Presentation and report: 

60% of grade
•  Computational task: 40% 

of grade

• Week 1: 2 lectures 
• Week 2-4: Projects
• Week 5-6: Presentations
• Deadline project 

submission: 25.05.2026 



Course timeline
LECTURE

LECTURE

Q&A

Q&A

PRESENTATIONS

PRESENTATIONS

• Friday: Projects online at 13:00
• Choice: select 3 in order of 

preference by sending an email 
(first come first serve)

• Start of project: Monday



Evaluation: Presentation

• Independent literature research
• Understanding of the topic 
• Clarity of explanations 
• Use of sources
• Presentation quality (slides, figures, etc) 
• Respect of time (20+5 min)
• Asking questions (for audience) 



Evaluation: Computational part 

• Provide a Git page on GitLab by 25/05/2025
• Notebook with

• Markdown cells with explanations of what you are doing
• Code cells with minimal examples and figures

• File for larger simulations (if done) 
• Figures for larger simulations (if done)
• Clear mention of contributions



Course content
Neural Network 
Quantum States

Learning Tensor 
Networks

Hamiltonian 
Learning

Image courtesy: Jose Lado



PHYS-EV0007 - Machine Learning from and for 
Quantum Science

Topic 1: Active Tensor Networks Learning for Tight-
Binding Models

13



Content

1. Motivation
2. Tensor Networks Crash Course
3. Quantics Representation of functions
4. Tight-binding Hamiltonians as Tensor Networks
5. Tensor-Network KPM



Motivation

Kennes et al. – Nat. Phys. 17, 155–163 (2021)



Motivation – Limitations

Sizes
Computation times: days to years
Storage issues: not enough RAM



Quantum many-body physics
• Decades of dealing with exponentially large objects
• Tensor-network schemes are now very powerful



Tight-Binding Hamiltonians as MPOs



Tensor Networks Crash Course

Tensor Network



Tensor Networks Crash Course

N Qubit states in general

TB memory issues



Tensor Networks Crash Course

• Simplest product states

• Commonly: somewhere in between



Tensor Networks – Compression: SVD
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Tensor Networks – Cross Interpolation
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BUT less complex

AND less storage



Tensor Networks – Decomposition

TT/MPS

[ [ [ [ [ [[ [[ [



Tensor Networks – Decomposition

Hilbert Space

More entangled

Less entangled



Quantics Representation of functions

M. Niedermeier – PhD thesis (2025)



Quantics Representation of functions

Y.N. Fernandez et al. SciPost Phys. 18 104 (2025)



Quantics Representation of functions



Quantics Representation of functions



Quantics Representation of functions



Tight-Binding Hamiltonians as MPOs



Tight-Binding Hamiltonians as MPOs



TN KPM: Spectral Function

Repeated MPO contractions and applications 
of TCI to accelerate calculations



TN KPM: Spectral Function

Repeated MPO contractions and applications 
of TCI to accelerate calculations



TN KPM: Mean-field calculations

Y. Sun et al.  arXiv 2503.04373 (2025)



TN KPM: Spectral functions 

• Contract with MPS
• Contract with MPS   
 



Examples

A. Moustaj et al. arXiv 2512.18397 (2025)



TN KPM: Chern Marker

T. Antao et al. arXiv 2506.05230 (2025)



Examples: excitons (beyond MF)

A. Moustaj, Y. Sun et al. arXiv 2603.02011(2026)
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Content

1. Motivation
2. General Concept
3. Examples
4. Supervised Learning
5. ML good practice



Motivation: Quantum Simulators

I.M. Georgescu et al. – Rev. Mod. Phys. 86, 153 (2014)



General Concept: Inverse problem 

Hamiltonian Observable

HamiltonianSamples

Predict

Experiment

Theory

Determine?



Different Applications

N. Karjalainen et al. – arXiv 2510.18613 (2025) G. Lupi et al. – arXiv 2601.19371 (2026)R. Koch et al. – Nano Lett. 25, 36, 13435-13440 (2025)



Example: Quantum Magnets

N. Karjalainen et al. – Phys. Rev. App. 20, 024054 (2023)



Example: Triplon Excitations

R. Koch et al. – Nano Lett. 25, 36, 13435-13440 (2025)



Example: Molecular H Learning  

G. Lupi et al. – arXiv 2601.19371 (2026)



Supervised Learning Protocol
Neural NetworkInput data Output + 

optimization

Minimize



Data preprocessing important!

• Add noise to input
• Feature scaling -> all inputs have similar amplitudes
• Mean normalization -> all inputs have the same range
• Dimensionality reduction: PCA 
• Etc …

• All help optimize learning



Hamiltonian learning: regression

• Regression task: minimize MSE

• Add noise to input

• Fidelity

G. Lupi, J. Lado – Phys. Rev. App. 23, 054077 (2025)



PCA
• Capture dimensions of maximum variance

• Goal: drop PCV of the lowest k variance while minimizing error

M. Ringnér – Nat. Biotech. 26, 303-304 (2008)



Gradient descent – learning rate

• Gradient descent:
• Repeat until convergence
•  is the learning rate: choose small enough but not too small
• Choose optimization algorithm

• ADAM: updates          depending on       size 



ML good practice: model evaluation

• Split data in
• Training set: 
• Test set:
•  X-validation:

• Calculate cost functions
• Check that      : fraction of “misclassification”
• Check bias versus variance



ML good practice: bias versus variance
High bias
(underfit)

Just right High variance
(overfit)



Gradient descent – regularization

• Overfitting: reduce weights in polynomial regression

• Gradient descent:



ML good practice: bias versus variance

Regularization



ML good practice: learning curves

High variance
(overfit)

High bias
(underfit)

More data can’t help More data can help



ML good practice: Size of NN

• Large NN are low bias machines

• Large NN do better with good regularization



ML good practice: development loop

• Make picture of development loop



Simulation tools: Physics

• DMRGpy: high-level library for many-body problems
• Only need to know second quantization formalism

• Pyqula: high-level library for single-particle problems
• Can also use any library of your choice
• Can also build Hamiltonians from scratch (not recommended)



Simulation tools: ML

• Scikit-learn
• Tensorflow - Keras
• Pytorch
• Jax
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Content

1. Motivation
2. General Picture
3. Examples
4. Framework
5. Architectures



Motivation

H. Lange et al. – Quantum Sci. Technol. 9, 040501 (2024)



General Picture

M. Medvidović et al. – Eur. Phys. J. Plus 139, 631 (2024)



Examples: Bose-Hubbard model

K. Çeven et al. – Phys. Rev. A 106, 063320 (2022)



Examples: Heisenberg Models 

Y. Nomura et al. – Phys. Rev. X 11, 031034 (2021)



Examples: quantum chemistry

N2 molecule

H. Shang et al. – Nat. Comm. 16, 8464 (2025)



Framework

• Aim: Find most optimal many body state psi on a variational 
manifold

• Optimization depends on problem: Typically finding GS of 
Hamiltonian

• Let’s work with that to show how it works



Local Observable Trick



Sampling

• Impossible to calculate the full EV. Sample: 



Sampling: Monte Carlo

• Impossible to calculate the full EV. Sample:

• E.G. Metropolis 



Sampling: Autoregressive

• Impossible to calculate the full EV. Sample: 



VMC: Stochastic Gradient Descent

• Optimize using variational principle:

M. Medvidović et al. – Eur. Phys. J. Plus 139, 631 (2024)



Stochastic Quantum Geometry Picture

M. Medvidović et al. – Eur. Phys. J. Plus 139, 631 (2024)

Quantum Metric Tensor

Stochastic gradient



Stochastic Quantum Geometry Picture

M. Medvidović et al. – Eur. Phys. J. Plus 139, 631 (2024)

• Quantum Metric Tensor measures 
infinitesimal overlap on

• Aka Quantum Fisher Information:



Different Approximations to

More info on geometric picture: L Hackl et al. – Scipost Phys. 9, 048 (2020)

• Quantum Natural Gradient (QNG):

• Kronecker-factored approximate curvature (KFAC)

• Stochastic Gradient Descent (SGD) :

•    regular GD with ADAM or other optimizers



Neural Network Quantum States

• W.F. is the output of a LNN with L parameters:

H. Lange et al. – Quantum Sci. Technol. 9, 040501 (2024)



Architectures: RBM

• First widely used architecture for spins

• Restriction: Connections are only between physical spins and hidden 
units

• Partition function of hidden spins

Hidden spins Parameters



Architectures: RBM

• Advantage: explicit form

• Variational energy efficiently computed in polynomial time



Architectures: RBM

• Spin systems
• Topological States
• Bosons
• Fermions
• Molecules



Architectures: other

Feed Forward 
Neural Network

• Frustrated Spin systems
• Bosonic systems



Architectures: other

• Frustrated Spin systems
• Lattice symmetries 

incorporated

Convolutional 
Neural Network



Architectures: other

• Spin systems
• Bosonic systems
• Any lattice geometry

Graph Neural 
Network



Architectures: other

• Fermions
• Bosons
• Spin glass

Recurrent 
Neural Network

• Spin systems
• Topological Systems
• Rydberg states 



Architectures: other

• Spin systems
• Bosonic systems

Transformers



Architecture popularity

H. Lange et al. – Quantum Sci. Technol. 9, 040501 (2024)



Open Source Toolbox

• NetKet (GS search, dynamics, tomography)
• jVMC (efficient VMC, GS search, dynamics) 
• FermiNet (GS search for atoms and molecules)
• QuCumber (RBM-based tomography)
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