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Abstract. Accurate Monte Carlo (MC) dose calculation is essential in
radiotherapy, but obtaining high-sampling (HS) dose maps requires a
very large number of particle histories and remains computationally
expensive. Deep learning has recently been investigated as an asymp-
totic variance reduction strategy to reconstruct HS dose maps from low-
sampling (LS) simulations. However, most existing approaches formulate
this task as deterministic image-to-image regression and may be sensitive
to anatomical distribution shifts. This limitation is particularly impor-
tant when HS references are scarce for a new anatomical site. In this
work, we investigate conditional denoising diffusion probabilistic models
(DDPMs) for MC dose reconstruction beyond the training anatomy. The
proposed model learns the conditional distribution of the HS dose map
given the corresponding LS simulation and planning computed tomogra-
phy (CT) image. It reconstructs the HS dose map through an iterative
stochastic denoising process rather than a single deterministic prediction.
The model is trained on abdominal data and evaluated on abdominal test
data and five unseen pelvic and head-and-neck slices. On the abdominal
test set, it performs close to a deterministic U-Net. On the limited cross-
anatomy set, the DDPM produces visually more faithful reconstructions
in the examples considered. Geometric alignment further improves its
results. Although preliminary, these findings motivate larger-scale eval-
uation of conditional diffusion models for MC dose reconstruction.

Keywords: Monte Carlo dose reconstruction - diffusion models - cross-
anatomy generalization - dosimetry

1 Introduction

Accurate dose calculation is essential in radiotherapy, as it directly affects both
tumor control and healthy tissue preservation. Monte Carlo (MC) simulations
are among the most accurate methods for radiotherapy dose calculation because

* This work was partially funded by the French National Research Agency through
the ExOTics project (ANR-25-CE45-3443-01)
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Fig. 1. Evolution of dose maps over time during MC simulation

they explicitly model particle transport and interactions within patient anatomy.
Their main limitation is computational cost. Due to the stochastic nature of
MC simulations, obtaining statistically reliable high-sampling (HS) dose maps
requires a very large number of particle histories, resulting in long computation
times. In contrast, low-sampling (LS) simulations are fast but exhibit strong sta-
tistical fluctuations, resulting in high uncertainty in the estimated dose. Fig. 1
illustrates the progressive reduction of statistical noise as the number of simu-
lated particle histories increases.

Many variance reduction techniques (VRTS) have been proposed to improve
the efficiency of MC simulations without introducing estimation bias [1,4, 6].
Hardware acceleration strategies, including GPU implementations and massively
parallel computing, have also considerably reduced computation times [2,10].
Despite these advances, HS MC simulations remain computationally demanding.

Deep learning (DL) has recently emerged as a promising asymptotic VRT
(aVRT). Instead of obtaining an HS dose map solely by increasing the num-
ber of simulated particles, a neural network is trained to reconstruct the HS
map from a fast LS simulation, often using the planning CT image as anatomi-
cal context. Several approaches have shown substantial acceleration of MC dose
calculations, in some cases approaching real-time inference [9, 7,16, 15]. Among
these methods, convolutional neural networks (CNNs), particularly U-Net-based
architectures, have become the most widely adopted framework for supervised
LS-to-HS reconstruction [8,13,9,12,11, 3]. Most of these methods remain deter-
ministic. Given a pair (CT, LS), the network outputs a single estimate of the HS.
This deterministic formulation is effective when training and testing anatomies
follow the same distribution, but it may be sensitive to anatomical distribution
shifts. This limitation is particularly critical in radiotherapy. Generating HS MC
dose maps remains computationally expensive, and large paired LS/HS datasets
are difficult to obtain for every anatomical site, treatment configuration, or clini-
cal protocol. A model trained on one anatomy should therefore ideally transfer to
other anatomies with minimal or no additional adaptation. DL-based surrogates
also depend strongly on the representativeness of the training data. Explicitly
incorporating prior information, such as physical constraints or medical expert
knowledge, also remains challenging in purely data-driven architectures. Finally,
deterministic regression does not directly provide a mechanism for sampling
plausible reconstructions or estimating reconstruction uncertainty.
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Diffusion models (DMs) offer a different paradigm. Rather than learning a
direct deterministic mapping from (CT,LS) to HS, they learn a conditional de-
noising process that progressively transforms Gaussian noise into a plausible HS
dose map. This iterative stochastic formulation may learn representations that
are less tied to a single anatomical distribution than standard image-to-image
regression. It also provides a natural framework for future posterior sampling
and uncertainty estimation. Despite their success in natural and medical image
generation, DMs remain largely unexplored for MC dose reconstruction.

In this work, we investigate conditional denoising diffusion probabilistic mod-
els (DDPMs) for MC dose reconstruction from LS simulations and CT images.
Our primary objective is to investigate the behavior of DMs beyond the anatom-
ical distribution observed during training while assessing their reconstruction
accuracy on the training anatomy. We formulate MC dose reconstruction as a
conditional DDPM problem, where HS dose maps are sampled conditionally on
the corresponding LS dose map and CT image. We conduct a preliminary evalua-
tion in a cross-anatomy setting. Training is performed exclusively on abdominal
CT data. Testing includes abdominal data and previously unseen pelvic and
head-and-neck anatomies. We also investigate the role of geometric consistency
through test-time alignment. Our results show that conditional DMs achieve re-
construction performance close to that of a deterministic U-Net on the training
anatomy. On the limited cross-anatomy test set, the qualitative results suggest
promising behavior on previously unseen anatomies.

The paper is organized as follows. Section 2 formulates the MC dose recon-
struction problem. Section 3 presents the conditional DDPM. Section 4 describes
the experimental setup and reports the results on abdominal and cross-anatomy
data. Section 5 concludes the paper and discusses future work.

2 Problem statement

The objective of this work is to reconstruct HS dose maps from LS simulations
while exploiting the anatomical information provided by the planning CT image.
Let D = {(CT;, LS;, HSi)}i]\Ll denote a dataset of triplets. The LS and HS dose
maps are generated using the same MC simulation setup. They differ only in the
number of simulated particle histories.Most existing DL approaches formulate
MC dose reconstruction as a deterministic image-to-image regression problem.
Given a pair (CT, LS), a neural network fp is trained to produce a deterministic
estimate of the corresponding HS dose map :

fo: (CT,LS) —» HS (1)
The parameters 6 are obtained by minimizing a supervised reconstruction loss
£, typically the mean absolute error (MAE) or the mean squared error (MSE),

N
mgnzg(fG(CTiyLSi)vHSi)- (2)

i=1
We instead formulate HS dose reconstruction as a stochastic iterative process
conditioned on the LS dose map and the corresponding CT image. The CT
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Fig. 2. Forward corruption process ¢ and conditional backward denoising process pg
used for MC dose reconstruction.

provides the anatomical geometry and tissue composition governing radiation
transport. The LS provides an initial noisy estimate of the deposited dose. Both
inputs therefore contain complementary information for reconstructing the HS.

We also consider a cross-anatomy setting. The model is trained exclusively
on abdominal data and evaluated on both abdominal data and previously un-
seen pelvic and head-and-neck anatomies. This protocol provides a preliminary
evaluation beyond the training anatomy.

3 Methodology

3.1 Conditional DDPM for Monte Carlo dose reconstruction

We formulate MC dose reconstruction as a conditional diffusion problem. Given
an LS dose map and the corresponding planning CT image, the objective is to
model the conditional distribution of the associated HS dose map. The proposed
approach relies on denoising diffusion probabilistic models (DDPMs). A fixed for-
ward process progressively corrupts an HS dose map by adding Gaussian noise.
A neural network is then trained to approximate the corresponding backward
process. During sampling, the backward diffusion process starts from Gaussian
noise and progressively generates an HS dose map conditioned on the LS dose
map and the corresponding CT image. The LS dose map provides a noisy ob-
servation of the deposited dose, while the CT image provides information about
the anatomical geometry and tissue composition. Both conditioning variables
remain fixed throughout the backward diffusion process. Fig. 2 illustrates the
forward corruption process and the conditional backward denoising process.

3.2 Forward and backward diffusion processes

Let x¢ denote a reference HS Monte Carlo dose map. During the forward diffu-
sion process, z;, with ¢ € {1,...,T}, denotes the noisy sample obtained after ¢
diffusion steps. Gaussian noise is progressively added according to a predefined
variance schedule {3;}7_,. After T steps, z7 approximately follows a standard
Gaussian distribution,

zp ~ N(0,I). (3)

The forward diffusion process is defined as

q(%‘, | l”t—l) =N (l"t; Vv1- Bt xt—lvﬂtl) . (4)
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Algorithm 1 Training of the conditional DDPM
1: repeat
2: Sample (zo, LS, CT) from the training dataset D

3: Sample ¢t ~ Uniform({1,...,7T})
4: Sample € ~ N(0,I)
5: Compute
e = Varzo+ V1 —aze
6: Take a gradient descent step on

lle — eo (¢, ¢, LS, CT)|3

7: until convergence

Algorithm 2 Sampling with the conditional DDPM
1: Sample zpr ~ N(0,1)
2: fort=1T,...,1do
3: Sample z ~ N (0,1) if ¢ > 1, otherwise set z = 0
4 Compute

1 1-— (677
1= _ t,LS,CT
Ti_1 N (art mee(xu , LS, )) + oz

o

end for
6: return xg

It admits the closed-form expression
q(z¢ | mo) = N (245 V@ w0, (1 — ay)I), (5)

where oy =1 — f3; and a; = Hi:l Q.
The backward diffusion process progressively reconstructs xg from x7. In the
conditional formulation, the backward transition is defined as

po (Ti—1 | 24, LS,CT) = N (xt,l;pg(xt,t,LS, CT),O’?I) , (6)

where

1 1-— (677
x4, t,LS,CT) = — | 1y — ——¢€4(x¢,t,LS,CT) |,
po (¢ ) o < t T—a, o(xt ))
~ 11—y
2 _ t—1
oy =By 1—a Bt
The network €y predicts the Gaussian noise added during the forward process.
The noisy sample z; evolves throughout the backward process. The LS dose map
and CT image remain fixed and serve as conditioning variables.
Algorithms 1 and 2 summarize the training and sampling procedures.

3.3 Conditional DDPM architecture

The denoising network is based on a U-Net architecture. It consists of a five-level
encoder-decoder with skip connections. Group normalization and SiLU activa-
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tion functions are used throughout the network. At each diffusion step, the noisy
sample x;, the corresponding LS , and the CT are concatenated along the chan-
nel dimension and jointly processed by the U-Net. The diffusion timestep ¢ is
represented by a sinusoidal embedding ¢, projected by a two-layer multilayer
perceptron (MLP) with 128 and 256 hidden units, and injected additively into
each convolutional block. Fig. 3 illustrates the overall conditioning mechanism.

™>

Fig. 3. Conditional DDPM architecture. At each diffusion step, the noisy sample x¢,
the LS dose map, and the corresponding CT image are concatenated and processed
by the U-Net. The diffusion timestep is represented by a sinusoidal embedding ¢,
projected by a two-layer MLP, and injected additively into each residual block. The
network predicts the Gaussian noise € added during the forward diffusion process.

3.4 Training objective

Following [5], the network is trained to predict the Gaussian noise added during
the forward diffusion process. We use the simplified noise-prediction objective

ﬁsimple = E(JO,LS,CT)ND, t, e |:||6 — €9 (xtv ta LS; CT) ||§ ) (7)

where ¢t ~ Uniform({1,...,7}) and € ~ N(0,I). z; is obtained from the forward
diffusion process. Minimizing this objective trains the network to estimate the
noise contained in x;. This estimate is then used at each step of the backward
diffusion process to reconstruct the corresponding HS dose map during sampling.

4 Experimental validation

4.1 Data and experimental setup

MC simulations were performed using the open-source GPU-based GGEMS plat-
form to generate paired LS and HS dose maps. For each patient, a voxelized
phantom was constructed from the planning CT image, and a conical photon
beam source was placed behind the patient. Each simulation configuration was
run at two sampling levels. LS dose maps were generated using 10° photons,
while HS reference dose maps were generated using 3 x 10° photons. LS sim-
ulations are obtained rapidly, whereas generating a single HS dose map of size
64 x 64 requires approximately 10 hours.

The abdominal dataset was built from the public dataset introduced in [14],
which contains 82 patients. After preprocessing and slice extraction, 6 560 axial
2D samples were obtained. Each sample consists of a triplet (LS, HS,CT). A
patient-level split was used to avoid data leakage. The training, validation, and
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Table 1. Reconstruction performance on the abdominal test set.

Model Conditioning
inputs

PSNR (dB)
Min Mean Max Std

SSIM
Min Mean Max Std

U-Net LS
U-Net CT + LS

30.85 38.67 44.27 2.14
33.60 43.44 50.61 3.43

0.920 0.974 0.989 0.009
0.960 0.991 0.998 0.006

DDPM -
DDPM CT
DDPM CT + LS

18.56 23.43 30.17 1.75
24.29 35.79 45.30 4.18
29.56 42.42 50.07 3.25

0.344 0.721 0.893 0.089
0.491 0.905 0.991 0.079
0.897 0.981 0.997 0.014

test sets contain 58, 16, and 8 patients, respectively, corresponding to 4 640,
1280, and 640 slices.

Cross-anatomy generalization was evaluated on MC dose maps from two
anatomical regions not observed during training. The evaluation set contains
four pelvic slices and one head-and-neck slice. The limited number of cases re-
sults from the high computational cost of generating the corresponding HS MC
references. These samples therefore provide a preliminary proof-of-concept eval-
uation of cross-anatomy reconstruction.

The conditional DDPM was trained for 400 epochs using the Adam opti-
mizer with a learning rate of 10~* and a batch size of 10. The diffusion process
used 7' = 1000 timesteps and a linear noise schedule ranging from 3; = 10~* to
Br = 0.02. An exponential moving average of the model parameters was main-
tained during training with a decay rate of 0.9999. Experiments were conducted
on a workstation equipped with an Intel Core i7-10700F CPU, 32 GB of RAM,
and an NVIDIA GeForce RTX 2070 SUPER GPU. On this hardware, sampling
a 64 x 64 dose map required approximately 3 seconds.

Reconstruction quality was evaluated using the peak signal-to-noise ratio
(PSNR) and the structural similarity index measure (SSIM). The current evalu-
ation is limited to image-similarity metrics because clinically relevant volumetric
dose metrics require 3D dose distributions and segmented anatomical structures,
which are not available in the present 2D proof-of-concept setting.

4.2 In-distribution performance

We first evaluate the models on the abdominal test set, which corresponds to
the anatomical region used during training. Table 1 reports the performance
obtained with several independently trained models and different input config-
urations. For the DDPM, the noisy sample x; and the diffusion timestep ¢ are
always provided to the network and are therefore omitted from the conditioning
column. This column indicates whether CT and/or LS are additionally used as
conditioning inputs.

The results show the importance of both the LS dose map and the planning
CT image. For the U-Net, adding the CT image to the LS input increases the
mean PSNR from 38.67 dB to 43.44 dB and the mean SSIM from 0.974 to 0.991.
For the DDPM, CT conditioning increases the mean PSNR from 23.43 dB to
35.79 dB compared with the unconditional model. Joint conditioning on CT and
LS further increases the mean PSNR to 42.42 dB and the mean SSIM to 0.981.
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These results confirm that the two inputs provide complementary information.
The LS dose map provides a noisy estimate of the deposited dose. The CT image
provides information about anatomical geometry and tissue composition.

In the remainder of the experiments, both models receive the CT image
and the LS dose map. Under this common input configuration, the conditional
DDPM performs slightly below the deterministic U-Net on the abdominal test
set, while remaining close in terms of both PSNR and SSIM. We next conduct
a preliminary evaluation of the two models under cross-anatomy distribution
shifts.

4.3 Preliminary cross-anatomy evaluation

Here, we examine the behavior of the proposed model beyond the anatomical
region observed during training. Fig. 4 compares the reconstructions produced
by the deterministic U-Net and the conditional DDPM on selected pelvic and
head-and-neck slices, without additional adaptation.

The two models achieve close reconstruction performance on the abdomi-
nal test set (Table 1), but exhibit different qualitative behavior on the selected
unseen anatomies. In the examples shown, the U-Net reconstructions exhibit
stronger deviations from the HS reference, whereas the conditional DDPM bet-
ter preserves the spatial dose patterns.

Given the limited number of cross-anatomy samples, these observations do
not establish systematic generalization. They nevertheless provide preliminary
evidence motivating further evaluation of the diffusion-based formulation under
anatomical distribution shifts. We next examine whether geometric alignment
between training and testing anatomies affects this behavior.

4.4 Impact of geometric alignment before reconstruction

The cross-anatomy data are represented in different orientations. We therefore
assess whether geometrically aligning the test inputs to a common orientation
affects reconstruction quality. The models are trained on the original abdominal
data without geometric augmentation. Before reconstruction, each LS dose map
and its corresponding CT image are rotated by the closest multiple of 90 degrees
required to match the orientation of the abdominal training images. The same
transformation is applied to the HS reference for evaluation. No retraining or
parameter update is performed. Fig. 5 shows the reconstructions obtained from
the geometrically aligned inputs.

Compared with the unaligned results shown in Fig. 4, geometric alignment
improves the DDPM reconstructions in terms of PSNR and SSIM, but degrades
the U-Net reconstructions. For the examples considered, these results suggest
that the conditional DDPM benefits more than the U-Net from geometric con-
sistency with the training data. A systematic assessment of geometric transfor-
mations remains necessary.
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PSNR: 18.99 dB
SSIM: 0.829

NR: 25.13 dB.

PSNR;
SSIM: 0.759

CT-scan  Low sampling High sampling U-Net DDPM

Fig. 4. Cross-anatomy reconstruction without geometric alignment. Both the U-Net
and the conditional DDPM use the LS dose map and the corresponding CT image as
conditioning inputs. They are trained exclusively on abdominal data and evaluated on
previously unseen pelvic and head-and-neck anatomies. For these selected examples,
the DDPM achieves higher PSNR and SSIM values than the deterministic U-Net and
produces reconstructions closer to the HS reference. These examples are intended as a
qualitative proof of concept rather than a systematic demonstration of cross-anatomy
generalization.

4.5 Sampling-based reconstruction variability

Unlike deterministic image-to-image regression, the conditional DDPM can gen-
erate multiple reconstructions for the same conditioning pair (LS,CT). Each
sampling run starts from an independent Gaussian realization z7 and follows
a stochastic reverse diffusion trajectory. We repeat this procedure K times and
compute the pixel-wise mean and standard deviation of the resulting reconstruc-
tions. The mean is used as the dose estimate, while the standard deviation quan-
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PSNR:27.19 d]
SSIM: 0.846

PSNR: 3.20 na_.ul

SSIM: 0.378

CT-scan  Low sampling High sampling U-Net DDPM

Fig. 5. Effect of geometric alignment before reconstruction. The LS dose map and the
corresponding CT image are rotated to a common orientation, while the trained models
remain unchanged. The same transformation is applied to the HS reference for evalua-
tion. In the examples shown, geometric alignment improves the DDPM reconstruction
in terms of PSNR and SSIM, but degrades the U-Net reconstruction.

tifies the variability across samples. This variability should not be interpreted as
a calibrated estimate of reconstruction error.

A standard U-Net produces one deterministic output, although predictive
variability can be introduced through Monte Carlo dropout and repeated forward
passes. Unlike this additional mechanism, stochastic sampling is intrinsic to the
DDPM.

Fig. 6 shows the LS input, the mean DDPM reconstruction, the correspond-
ing pixel-wise standard deviation, and the HS reference. This observation re-
mains qualitative. Assessing the relationship between sampling variability and
the actual reconstruction error requires a dedicated calibration study.
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Fig. 6. Sampling-based reconstruction variability with the conditional DDPM. For
fixed LLS and CT inputs, the model is sampled K = 5 times from independent Gaussian
noise realizations. The mean and pixel-wise standard deviation are shown with the HS
MC reference.

5 Conclusion and perspectives

This work presented a conditional DDPM for MC dose reconstruction from LS
simulations and planning CT images. The proposed method reconstructs HS
dose maps through an iterative stochastic denoising process conditioned on both
anatomical and dosimetric information.

On the abdominal test set, the conditional DDPM achieves reconstruction
performance close to that of a deterministic U-Net. On a limited set of previ-
ously unseen pelvic and head-and-neck slices, the DDPM produces visually more
faithful dose maps than the U-Net in the examples considered. These prelimi-
nary observations motivate a larger cross-anatomy evaluation but do not yet
establish systematic generalization. The DDPM produces visually more faithful
dose maps than the U-Net in these cases. Test-time geometric alignment fur-
ther improves the DDPM reconstructions, suggesting that the model can exploit
geometric consistency between training and testing anatomies.

The stochastic sampling process also provides a direct way to assess recon-
struction variability. Repeated sampling for fixed LS and CT inputs yields mul-
tiple plausible dose maps, from which pixel-wise mean and standard deviation
maps can be computed. These preliminary results illustrate the ability of the con-
ditional DDPM to quantify sampling-based reconstruction variability, although
further experiments are required to assess its calibration and its relationship
with the actual reconstruction error.

The present study is limited to low-resolution 2D dose maps, a simplified
irradiation geometry, and a very small cross-anatomy test set. It also relies on
image-similarity metrics rather than clinical dosimetric endpoints. Consequently,
the cross-anatomy and uncertainty results should be regarded as preliminary.

We are currently investigating posterior-guided diffusion strategies to further
exploit the physical information available from MC simulations during recon-
struction. Beyond this ongoing work, future research will systematically assess
training-time data augmentation strategies and explore more efficient generative
formulations to accelerate sampling. The proposed framework will also be ex-
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tended to three-dimensional dose reconstruction and evaluated on larger datasets
covering a broader range of anatomical sites and clinical applications.
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