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Introduction

https://laion.ai/blog/laion-pop/ 
Why can’t we generate neutrons?

https://laion.ai/blog/laion-pop/
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https://www.fz-juelich.de/en/jcns/jcns-2/news/announcements/2023/hbs-tdr 

TDR MCPL file

700.000 Neutrons

https://www.fz-juelich.de/en/jcns/jcns-2/news/announcements/2023/hbs-tdr


Training data: MCPL files

Variables 

- y [cm] and z [cm]


- u, v, and w


- count rate (weight)


-  [ms]


-  [MeV]

log10(t)

log10(E)

T. Kittelmann et al. Monte Carlo particle lists: MCPL. Computer Physics Communications, 218, 17-42.

PyTorch DataLoader



Current approaches to source estimation

• Analytical approximation based on theory / fitting to observed data

• Kernel Density Estimation

Schmidt, N. S. et al. (2022), KDSource, a tool for the generation of Monte Carlo particle sources using kernel density estimation. Annals of nuclear energy, 177, 109309.



Pros & cons
• Analytical approximation based on theory / fitting to observed data

• Reliable when assumptions are adequate (Theoretical foundation)
• It is an approximation and assumptions are needed
• simple and fast for sampling
• lack features specific to individual cases
• Fitting parameters are characteristic of the distribution (interpretability)

• Kernel Density Estimation
• Non-parametric approach, making it adaptable (flexibility)
• Although, hyper-parameter: Bandwidth and kernel 
• Data-driven, potentially providing a better representation of the distribution
• Computational cost for high dimensional spaces
• Fast sampling
• Data dependency for sampling



Generative models 
• Objective: Learn the underlying patterns and distributions of a dataset and generate new data 

points that resemble the original

• Easy to generate new neutrons to propagate inside tracing software.
• capable of learning and generating data with complex patterns and structures between phase-space variables! (High 

fidelity and realism)
• Not limited to specific types of data (Flexibility)
• Once trained, no need  to keep the original dataset used to train it.
• High-computational cost for training
• Large datasets
• Lack of interpretability
• Depending on model size, slow for sampling

We can use generative models to learn the multivariate phase-space 
distribution of neutrons from a Monte Carlo Particle List (MCPL file)



Generative models

https://uvadlc-notebooks.readthedocs.io/en/latest/tutorial_notebooks/tutorial11/NF_image_modeling.html

px(x) = pz(z)
dz
dx

Normalizing Flows

https://uvadlc-notebooks.readthedocs.io/en/latest/tutorial_notebooks/tutorial11/NF_image_modeling.html


Toy Example on 2d
20.000 neutrons, only time and energy

After 25 epochs


Sampling 20000

2D Normal distribution


Easy to sample
Artificial sample
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Vitess
New source_AI module

C++ Frontend

Model needs to be jit 
compiled



Sampling on vitess
mcpl NFlow

Curved guide

Detector

Source



McStas

Same procedure can be done in vitess-python 

Poster: “Vitess-Python: A Python API for VITESS Instruments” - Fabian Beule 



Comparison between NFlow and MCPL
MCPL histograms NFlow histograms



Comparison between NFlow and MCPL

Blue: under-estimate


Red: over-estimate

model can be stored 
in a file consisting of 

few KB 

easily loadable 
through PyTorch API


we can sample from 
the latent space




Comparison between models



Quantifying differences

* sample size = 10000, average over 10 samples

Model Average MMD *

MCPL 0.00015 ± 0.00016
MAF NFlow 0.00053 ± 0.00010

Coupling Flow 0.00171 ± 0.00015

VAE 0.00308 ± 0.00017
KDSource 0.08014 ± 0.00143
Uniform 0.15231 ± 0.00149

Statistical measure: Maximum mean discrepancy (MMD)
Determine if two datasets are likely to have been drawn from the same distribution by embedding probability distributions into a 
Reproducing Kernel Hilbert Space (RKHS) and then calculating the distance between the means of these embeddings.

Model Sampling time / 
700.000 n (s)

KDSource 2

VAE 8

NFlow 7



Summary
• Generative models can learn multivariate probability distributions from data
• MCPL files make great training data! 
• Normalizing Flows show great potential in learning neutron phase-space variable 

distributions, but they can estimate poorly if distributions have sharp features.
• These sources can already be used in Vitess and McStas, and are easily extensible to 

other Monte Carlo software.
• There are multiple architectures of NFs, as well as VAEs and GANs. Exploring which model 

does best is still an art. Physical constraints can be added inside the loss function.
• Metrics for comparing multivariate distributions should be taken into account for model 

selection.
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Thank you for your attention! 
Questions?
Jose Robledo


