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Outline

1. VRT1 (dose) Last Vertex Spliting (LVS) + Track Length Estimator (TLE)
2. VRT2 (image) Free-flight Angular Acceptance (FFAA)
3. GAN (dose) GAN Linac source
4. GAN (image) cGAN SPECT 
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Goal: out-of-field dose estimation

Complete treatment plan: 5k hours (10% at 50cm)

RHU
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Monte Carlo simulation

Last Vertex Splitting (LVS) + Track Length Estimator (TLE)
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Monte Carlo simula/on

Speedup around x10
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Conclusion

• Variance Reduc-on Techniques (combined)

• Speedup x10 (from 5k hours to 300 hours)

• Available open-source in GATE

• Ready to generate a training database for AI

[Baldacci et al, ZMP 2014] 
[Smekens et al, PMB 2014]
[Jacquet et al, PMB 2025]
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Goal: SPECT imaging

• Very slow MC simulations
• Track 1e5 particle for 1 count



Free Flight tracking

Conventional tracking
(in the detector)

Primary emission point 
sampled in the ac9vity source

(Not on scale)

Step1: primary photon

Step1:
• Non interacting (primary) photon
• FF + AA towards the detector
• Conventional MC in the 

collimator/detector

Free Flight + Angular Acceptance FFAA



Free Flight tracking Conven1onal tracking
(in the detector)

Primary emission point, 
sampled in the activity source

(Not on scale)

Compton split

Kill if reach the detector

Killed (AA 
rejection)

Step2: Sca*ered photons

Step2:
• Scattered photon, spliting factor
• FF + AA toward the detector

Free Flight + Angular Acceptance FFAA



Results
177Lu 113 keV peak windows 177Lu upper scatter windows

Analog FF-AA Analog FF-AA
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Results (reconstruction)



14

Conclusion

• Revisited VRT for SPECT
• Free Flight concept from Geant4
• Angular Acceptance
• Speedup x100 

• Available open-source in GATE
• Ready to generate database of SPECT 

for supervised deep reconstruction [Sarrut et al, 
submited PMB 2026]
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Outline
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Goal

Goal: determine beam characteristics 
(energy, position, direction distributions)

Phase space plane

e- beam

Few photons exiting
VRT (brem splitting)
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Phase Space (PHSP)

• Store beam proper-es as Phase Space
• A PHSP is a list of par-cles (around 108, 109)
• Proper-es: E, x, y, z, dx, dy, dz, w, (-me)

• Advantages:
• Computed only once
• Fast to use
• Can be shared

• Drawback
• Several GB
• When a cluster is used, should be shared among workers
• Limited number of par-cles

• Need for an analy-cal model

Simulation of a 6 MV Elekta Precise Linac photon beam using GATE/GEANT4 911
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Figure 5. Analysis of the direction parameter φ using a PhS of 1.1 × 107 photons. Top: φ
distribution (a). Bottom: double dependence of φ with photon radial position (b) and energy (c).

PhS and the SBS PhS. A further improvement in the toolkit would be to fill the histograms
directly during the simulation, thus avoiding to store bulky PhSs.

Depth doses and dose profiles were computed with the MSM and compared to the reference
measurements, using both the reference and the SBS PhSs. These comparisons allowed for
evaluating the bias introduced by the SBS tool when using the MSM. Additional calculations
were performed using the EGEE grid for full simulations, from the electron source to the water
phantom, using the SBS tool. These simulations allowed for evaluating the bias introduced by
the MSM, when using the SBS tool. Eventually, some simulations were performed by reading
the reference PhS and were compared to MSM calculations. It is noteworthy that it is possible
to perform all kind of GATE simulations on the grid, for radiotherapy as well as for PET and
SPECT applications. See Camarasu-Pop et al (2010) for implementation details of GATE on
the EGEE grid.

2.8. SBS tool

The mandatory tuning stage of the two electron beam parameters (mean energy and spot
size) required many simulations. A different PhS file corresponding to each configuration
was used by the MSM in order to compare simulations with measurements in water. A
variance reduction technique SBS (Rogers et al 2002), is now implemented in GATE (Jan
et al 2010) in order to increase the production of photons by the bremsstrahlung process.
The improvement of the simulation efficiency for radiotherapy applications is a complex task,
which was extensively studied for the EGSnrc/BEAMnrc code: directional bremsstrahlung
splitting (DBS) (Kawrakow et al 2004, Mainegra-Hing and Kawrakow, 2006), bremsstrahlung

Example of dependence of direction φ and energy
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GAN: Generative Adversarial Network

• Training dataset
• Dimension d=7 
• Samples of unknown

• Generator + Discriminator
• Wasserstein GAN [Arjovsky 2017]
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GAN for MC simulations 3

The goal is to learn a generative function G that models a distribution p✓. ✓74

are the parameters of the distribution model approximating a target distribution preal75

only known by samples from a training dataset [6]. The neural network architecture is76

composed of two multilayer perceptrons, D and G, competing one against the other,77

hence the term adversarial. The generator G(z;✓G) is trained to produce samples78

distributed similarly as the data distribution of x. It takes z as input, sampled from a79

simple normal prior distribution, N (0, 1), and produces a sample x as if it were drawn80

from preal. The parameters ✓G are the weights of the network G. The discriminator81

D(x;✓D) is trained to distinguish between samples from the data distribution and those82

generated by G. It takes x as input and outputs a single scalar that represents the83

probability of x coming from the real data rather than from the generator. D is trained84

to maximize the probability of correctly identifying samples from the training data as85

real and those generated by G as fake. The parameters ✓D are the weights of the network86

D.87

The GAN training process is a zero-sum non-cooperative game which converges88

when the discriminator and the generator reach Nash equilibrium [13]. A Nash89

equilibrium is reached when one player (neural network) will not change its action90

(weights) regardless of what the opponent (the other network) may do. In the91

conventional GAN formulation [6], the considered cost function was the Binary Cross92

Entropy (BCE) both forG andD. BCE(p, q) between two distributions p and q is related93

to the Kullback-Leibler divergence which measures the performance of a classification94

model whose output is a probability value between 0 and 1. It has been shown that the95

loss function of GAN quantifies the similarity between the data distribution generated96

by G and the real sample distribution, by the Jensen-Shannon divergence (JSD) when97

the discriminator is optimal [6]. JSD is a symmetrized and smoothed version of the98

Kullback-Leibler divergence.99

However, in practice GAN was found to be di�cult to train and subject to mode100

collapse [8]. Here, we instead used the Wasserstein GAN variation proposed by Arjovsky101

et al. [8], that use Earth Mover’s distance as an alternative GAN loss function. The102

Wasserstein (or Earth-Mover) distance between two distributions p and q is the cost of103

the optimal transport to deform p into q. It has been shown that it helps to stabilize104

the learning process, being less subject to vanishing gradient than conventional GAN.105

In practice, there are few changes from the original GAN. First, the losses become as in106

equations 1 and 2.107

JD (✓D,✓G) = Ez [D(G(z))]� Ex [D(x)] (1)

JG (✓D,✓G) = � Ez[D(G(z))] (2)

Then, after every gradient update, the weights ✓D are clamped to a small fixed108

range (e.g. [�0.01, 0.01]) in order to enforce weights to be in a compact space. Finally,109

the authors [8] also recommend to use the RMSProp optimizer [14] instead of the110

conventional Adam optimizer [15] which uses momentum processes that may cause111
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Results

Distributions of relative 
differences between 
• PHSP1 and PHSP2 
• PHSP1 and GAN

Vertical lines indicate 
the mean differences

Difference relative to 
the prescribed dose

• Sufficient for dose but not perfect
• Smooth-out 511 keV peak 
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Conclusion

• GAN as a particles generator (PHSP)
• From 5-10 GB to few MB
• Trained from Monte Carlo
• Available open-source in GATE

• Still difficult to train and control

[Sarrut et al, PMB 2019]
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Outline

1. VRT1 (dose) Last Vertex Spli8ng (LVS) + Track Length Es8mator (TLE)
2. VRT2 (image) Free-flight Angular Acceptance (FFAA)
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SPECT simulation

• Part1: from emission to patient exiting gamma
• Part2: track gamma inside the detector
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Training dataset

Train a GAN to produce exiting gamma from a given source of activity

• Step1: run low stats MC, consider exiting gammas
• Step2: train a GAN
• Step3: use GAN a source
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Conditional GAN

Train with one given phantom (CT, patient) …
… but with homogeneous activity

Conditional input activity map.

[Saporta et al, PMB 2022]
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Results 

2D projections
Lu177 (1 peak & scatter)

X
Y
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Conclusion

• GAN as a particles generator … 
• ... conditioned with activity distribution
• Speedup x100 

• Still need training with low-stat MC
• Still need re-training when CT change
• Still difficult to train and control
• Can be combined with NN ARF

• But potential for “differentiable MC” ?  
[Sarrut et al, PMB 2021]

[Saporta et al, PMB 2022]
[Sarrut et al, PMB 2023]
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Conclusion

• Monte Carlo still alive
• Still need acceleration methods
• “Classical ones”: VRT
• ”AI-based” : GAN, Generative ?

• To be included in reconstruction algorithms

• GATE is ready and open for research and industry




