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Monte Carlo simulation & radiotherapy

o Simulating particle by particle 
o Rules of physics (Geant4)

https://github.com/OpenGATE

Radiation therapy

o Treatment : ionizing radiation 
to control malignant cells

o Minimizing side effects

o Treatment planning system :
o Dose calculation
o Simulating interactions : 

radiation beams & tissue

Monte Carlo simulation

CHU Brest



Annual Meeting 2026, Helsinki 3

Monte Carlo simulation :
o Stochastic model

o Accurate

o Robust (no limited domain)

Law of large numbers

Dose model : Monte Carlo simulation

Intra-Operative
Radiation 
Therapy (IORT)

20 hours
One CPU core

Brachytherapy

15 hours
One CPU core

o Time calculation

o Patient workflow

o Workspace

o Financial burden

o Availability issue
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MC simulation for external beam radiation therapy

2x107 photons
≈ 2 hours

2x106 photons
≈ 12 minutes

2x105 photons
≈ 70 seconds

AI regression task :
o Speed

o Same accuracy ?

Denoising : Low sampling to high sampling
o ignore beam parametersCT scan

2mm x 2mm x 2mm

Specifications of 

the Novalis 

system (VARIAN)
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Fast-denoising of MC simulation 
2x107 photons2x105 photons

Learning method     :
o Training dataset

o Large number of samples N

o “Good transformation“

TransformationInput Output

Loss function :
o Minimizing the error

o Mean squared error MSE 
o Mean absolute error MAE (better)

o Robust to outliers
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Fast-denoising of MC simulation 

o Large number of samples N

o “Good transformation“

o Optimized parameters

Input Output Iterative optimization :
o Stochastic gradient descent SGD

o First order derivative ∇

o Learning rate α
o Minibatch SGD (batch)

o One update = iteration
o Complete dataset = epoch

o Several epochs

o Variants : Adam, AdamW

Training tricks:
o Patches of 3D images

o Overcome hardware limits
o 128x128x128 or 64x64x64, …

o Data augmentation
o Rotation, flip, …
o Avoiding overfitting
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Performance evaluation of learning methods

Training

Testing

Testing sets:
o Independent to training set

o Sliding window inference

Input Output Input Prediction Reference

><

Metrics: Mesuring differences
o Root Mean Squared Error (RMSE)
o Peak Signal-to-Noise Ratio (PSNR)
o Gamma Index, Gamma Passing Rate (GPR)
o …

Overfitting :
o Validation set : 

o Ex. Ratio 7:2:1 
o (Train:Valid:Test)
o Early stopping !

o K-fold cross-validation
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Deep learning for fast-denoising
2x107 photons2x105 photons

CNN :
o Convolution layers

o Activation functions 

o Rectifier Linear Unit (ReLU)

o Pooling

o Transposed convolution layers

o Normalization layers

o …

Convolutional neural networks (CNN)Input Output

Dimension :
o 2D : lack of inter-slice information

o 3D networks : 

o Spatial context

o Voxel relationship
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Baseline : UNet 3D

Baseline for medical imaging :
• segmentation

• regression 

• CT-to-MRI synthesis, 

• dose prediction

Symmetrical Encoder-Decoder : 
• Encoder :  

• feature extractor (what)

• edges, shapes, textures

• Decoder :

• feature localization (where)

• feature fusion 

Skip Connections :
• feature concatenation

• between encoder and decoder

• high-frequency, spatial information

• preventing information loss

• the sharp edges
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Residual block : Residual UNet 3D

Advantages :
• Enhancing gradient flow

• easier to train network without performance degradation

• avoiding gradient vanishing

• faster convergence

• Improving feature propagation

• features learned in encoder are preserved and refined 

rather than re-learned

• Direct mapping by convolutional blocks :

• Replaced by Residual Blocks (from ResNet):
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Squeeze-and-Excitation : Residual UNet SE 3D 

Channel Squeeze-and-Excitation (cSE) :

• the most useful feature channels (e.g., edges, texture)

Spatial Squeeze-and-Excitation (sSE) :

• the most important specific voxels in the feature 

Spatial Channel SE :

• simultaneously which features are important and where they are located



Annual Meeting 2026, Helsinki 12

UNETR : Transformer blocks for encoder

Transformer blocks :
• Self-Attention : 

• used in Large Language Models (LLMs)

• “global context" relationships between distant parts
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Perceptual quality : Adversarial loss

MSE loss and MAE loss :
• approximation of intensity values

• “regression to the mean”

• blurring results

Adversarial loss :
• dose prediction : physically realistic

• learning the distribution from dataset

• generative adversarial networks GAN

• Generator (UNet)

• Discriminator

• risk of “hallucinations“

• difficult to train

• mode collapse

• trade-off

Generator
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Physics-informed neural networks

Physics-Informed Neural Networks :
• Data loss: 

• dose matching

• Physics loss: 

• specific physical properties of radiation

• Physics-informed priors 

• normalized distance-aware beam plates 

• mass density map
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Energy-shifting

2x105 photons
LINAC beam
one CPU
≈ 70 seconds

2x107 photons
LINAC beam
one CPU
≈ 2 hours

Specifications of 

the Novalis 

system (VARIAN)

Denoising

GPU GEant4-based 

Monte Carlo Simulations

http://www.ggems.fr

2x107 photons
500keV 
mono beam
one GPU
≈ 5 seconds

Energy-shifting learning model :
• Predict poly-energetic beam from fast mono-energetic 

• Consistency of particles

• Texture preservation

• Focus only on intensity change

• Fast dose calculation

Denoising

http://www.ggems.fr/
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Results of energy-shifting

Same models :

• Baseline UNet3D

• MAE loss

Intra-domain sets :

• Training on Head 

• Testing on Head

• Voxel size :
• 2mm x 2mm x 2mm

Denoising

on GPU
+ 9 seconds

Energy-

Shifting

on GPU
+ 9 seconds

OpenGATE

LINAC dose

on CPU

1,6 minutes

2x105 photons

OpenGATE

LINAC dose

on CPU

2,6 hours

2x107 photons

OpenGATE

GGEMS

Mono beam

on GPU

5 seconds

PSNR : 58.30, GPR: 99.72%

PSNR : 58.93, GPR: 99.83% 
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Results of energy-shifting

Extra-domain sets :

• Training on Head 

• Testing on Pelvis

• Energy-shifting 

more robust on 

unseen data than 

denoising

Denoising

Energy-
shifting
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Perspective

oApplication to other types of radiotherapy :
oCarbon Ion Radiotherapy (CIRT) 

oClinical validation

oModel compression :
o Inference all on CPU 

o Semi-supervised learning or one-shot learning :
o Transfer learning from large dataset to small dataset

oGenerative models :
oDiffusion models
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