ided
led

This MICC/
by the M

version, except for the format and this wate

M ICCAI final published version is available on SpringerLink

4D Pencil Beam Treatment Plan with
Conditional Weight Predictions

1ark
K,

Nair N von Miihlenen?![0009-0002-5122-5480] ' Egrentin
Bieder![0000-0001-9558—-0623] a4 Philippe C Cattin![0000—0001-8785-2713]

Department of Biomedical Engineering, University of Basel, 4001 Basel, Switzerland
nair.vonmuehlenen@unibas.ch

Abstract. Objective. This work aims to accelerate our four-dimensional
(4D) proton pencil beam delivery strategy, which incorporates respira-
tory motion into a dynamic treatment plan, to improve dose conformity
and treatment efficiency for gantry-less and magnet-free scanner designs.
Approach. To accelerate the generation and adaptation of 4D treatment
plans, we propose a conditional hybrid ResNet18-Transformer model for
predicting pencil beam weights. The model predicts either the full set
of pencil beam weights or a subset thereof. Main Results. The condi-
tional model can successfully predict the remaining beam weights of a
treatment, and the results suggest that extending this approach to full
treatment prediction is feasible but requires further investigation. Sig-
nificance. The acceleration of 4D treatment generation via pencil beam
weight prediction takes us one step closer to the feasibility of treating
mobile targets with simplified, gantry-less, and magnet-free scanner de-
signs. Reducing system complexity while preserving dosimetric confor-
mity may offer a pathway toward more accessible and cost-effective pro-
ton beam therapy for motion-affected tumours. Our code is available on
github.com/NairVonMuehlenen /Pencil-Beam-Weight-Prediction.

Keywords: Proton therapy - 4D treatment planning - Weight prediction

1 Introduction

Proton therapy (PT) is an advanced form of radiation therapy used in the treat-
ment of cancer [I3]. Unlike conventional photon-based radiotherapy, PT uses
protons to deliver radiation. This treatment benefits from the unique physical
properties of protons, particularly the Bragg Peak, which enable highly localised
radiation deposition [I2]. Beyond this peak, the radiation dose drops rapidly,
so virtually no radiation is delivered beyond the target depth. This character-
istic dose distribution offers significant advantages for cancer treatment as it
can minimise radiation exposure to surrounding healthy tissue, organs at risk
(OAR) and other sensitive structures [8J9]. Despite this significant advantage,
PT also presents several challenges. The treatment is highly sensitive to patient
and tumour motion, which can affect the placement of the delivered dose. In ad-
dition, the infrastructure required for PT is complex and expensive, limiting its
availability to specialised centres and making it inaccessible to many worldwide.
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This work of von Miihlenen et al. [I0] introduced a new 4D planning frame-
work for mobile tumours and its possible application in gantry-less and even
magnet-less PT systems. It showed promising future applications of more cost-
effective gantry-less PT systems. The system takes as input a CT scan, the
planning target volume (PTV), and the corresponding respiratory motion fields,
and outputs the pencil beam positions, their delivery times relative to the start
of treatment, and their weights. The delivery time includes a nominal dwell time
and the travel time between spots. The beam weights are optimised to achieve
homogeneous dose coverage of the target while minimising radiation exposure to
healthy tissue. The optimisation minimises an objective function composed of
common PT metrics such as Vgso, and Dggy,. With the optimised pencil beam
weights, the treatment plan can be adapted. In particular, removing spots with
negligible weights and adapting the nominal dwell time to the actual dwell time,
altering the temporal structure of the delivery sequence. These properties mo-
tivate an iterative planning strategy, in which beam weights are recomputed to
refine and potentially simplify the delivery plan. However, conventional weight
optimisation is too slow for such an application. This motivated the development
of a fast weight-prediction model that enables rapid recomputation and adjust-
ment of treatment plans while maintaining treatment-plan quality. An overview
of the proposed architecture is shown in Fig.
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Fig. 1: Schematic diagram of the conditional hybrid ResNet18Transformer: It con-
sists of a ResNet18 encoder and a Transformer decoder. The inputs to the model are
the motion-deformed CT scan with the current accumulated dose distribution, the pre-
scribed Gray (PG) and a predetermined sequence of spots.
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1.1 Related Work

Recent years have seen significant progress in 4D treatment planning for PT.
Modern approaches now enable robust, patient-specific dose calculations that
account for respiratory motion and anatomical changes, improving treatment
accuracy and safety [B7]. Several centres have implemented clinically feasible,
custom 4D dose reconstruction and accumulation tools within commercial plan-
ning systems, allowing for retrospective and prospective plan evaluation and
supporting adaptive plan evaluation with processing times of approximately 10
minutes per treatment fraction and only limited manual intervention [4l7]. Four-
dimensional robust optimisation (4DRO) strategies have demonstrated improved
target coverage and reduced interplay effects compared to traditional 3D plan-
ning [56]. Adaptive planning methods, such as dose-mimicking and template-
based approaches, are being explored to automate plan adaptation during treat-
ment, thereby further enhancing robustness and sparing OAR [214].

Despite these advances, several challenges remain. (1) Computational De-
mands: Full 4D robust optimisation remains computationally intensive, though
strategies to reduce the number of phases or use surrogate phases have been
proposed to balance speed and quality [2I6]. (2) Motion and Anatomy Variabil-
ity: Accurate modelling of patient-specific motion and anatomical changes over
the treatment course is complex and requires repeated imaging or advanced mo-
tion modelling [4I7]. (3) Clinical Integration: While proof-of-concept and early
clinical implementations exist, large-scale, fully automated, and prospective 4D
adaptive workflows are not yet standard in most clinics [2/7].

2 Method

Since weight optimisation is the most computationally expensive step in the 4D
treatment planning process, we propose a significantly faster weight-prediction
model for treatment adaptation and, potentially, for full treatment beam weight
prediction. Specifically, we employ a conditional hybrid ResNet18-Transformer
model that predicts either the full set of pencil beam weights or a subset thereof.
To ensure comparable plan quality, the model is trained using the same metric-
based loss function as the optimisation framework shown in von Miihlenen et al.
[10], promoting homogeneous target coverage while minimising dose to healthy
tissue.

2.1 Dataset

In this study, we use simulated data representing a moving liver tumour. This
choice provides full control over the entire workflow and ensures that all com-
ponents can be evaluated under controlled, reproducible conditions. The data
generation pipeline follows the aforementioned work [10], with the dataset ex-
tended from spherical targets to more organically shaped tumour geometries.
Consequently, the tumours vary in shape, spatial extent, and location between
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phantoms rather than being defined by a single fixed diameter. For each ge-
ometry, corresponding optimised pencil-beam weights are available as reference
solutions. The simulated phantom comprises different tissue-equivalent regions
with varying Hounsfield units, densities, and thicknesses. The phantoms are rep-
resented on a 100 x 100 x 100 voxel grid with a spatial resolution of 1 x 1 x 1 mm?3.
Figure [2] shows a CT slice from the simulated data on the right and the corre-
sponding dose distribution obtained using the optimised beam weights on the
left. For each phantom, we compute a set of planned pencil beam positions and
possible delivery times. The complete data-generation and treatment-planning

pipeline, is publicly available in our |GitHub repositoryl

Dose [Gy]

11

8
5

3

Fig. 2: Example of a simulated phantom: On the right, a CT centre slice showing
heterogeneous tissue-equivalent regions. On the left, the corresponding radiation map
of the centre slice with optimised weights.

2.2 Model Architecture

The proposed conditional hybrid ResNet18—Transformer model consists of a
ResNet18 encoder [I] and a Transformer decoder [14]. The encoder receives the
motion-deformed CT scan along with the current accumulated dose distribu-
tion, which represents the dose delivered up to the current point in time. The
extracted feature representation is concatenated with the prescribed dose (PG)
and provided to the Transformer decoder. The decoder receives, as queries, a
predetermined sequence of Fourier-embedded beam positions and delivery times,
(i, Yis 20, ti)fvzl. Depending on the application, the query sequence may include
either the full set of planned spots or only the remaining delivery sequence from
a given time onward. In the latter case, the accumulated dose supplied to the
encoder corresponds to the dose delivered up to the first queried beam. The
decoder predicts one weight per queried pencil beam. A schematic overview of
the proposed architecture is shown in Fig.
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2.3 Training Objective

Rather than directly regressing the optimised beam weights, the proposed net-
work is trained to minimise the objective function used during treatment plan
optimisation. From the predicted beam weights, we calculate the dose distribu-
tion within the phantom using the analytical model of Schaffner et al. [I1]. The
resulting distribution is then evaluated using the same objective function em-
ployed in the optimisation framework von Miihlenen et al. [I0]. This ensures that
training directly optimises treatment plan quality instead of agreement with a
particular set of beam weights. The loss is formulated in terms of the dosimetric
metrics Voso, Dgs%, Dmax TV and Dy, HT and is defined as

L= ‘CV + ED + Cmaz (EDma:vTV + EDmazHT) 3 (1>

where ¢4, controls the relative contribution of the maximum-dose penalties.
The individual loss terms are given in Equations [2] - [5] while the correspond-
ing optimisation metrics are summarised in Table [I} Each loss component is
computed relative to the prescribed physical dose.

Ly = max{Ly — Vgsy,0} (2)
Lp =max{Lp — Dg5y,0} (3)
Lpmazrv = Max{Da: TV — L0 TV, 0} (4)
LpmazHT = DmacHT — Lia HT (5)

Table 1: Used optimisation metrics depended on the prescribed Gray (PG).

Notations Definition Optimisation Metric
Lv The ideal value for Vgsy 98 % of PG
Lp The ideal value for Dgse PG

LimazTV — The maximum for Dynq, TV < 120% of PG
LimazHT  The maximum for Do HT < 70% of PG

2.4 Training Procedure

The network was trained using the Adam optimiser [3] with a learning rate of
107° and a batch size of 2, resulting in approximately 8,800 optimisation steps
per epoch. The model was trained for up to 70 epochs, with the checkpoint
achieving the lowest validation loss selected for evaluation. The dataset com-
prised 20 simulated phantom patients, with one patient held out for testing and
the remaining 19 patients divided into five folds for training and validation. Dose
augmentation was applied to generate prescribed physical doses ranging from 1
to 80 Gy. The loss weight ¢4, was set to 0.5. All experiments were conducted
on a single NVIDIA A100 GPU.
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Fig. 3: Dose maps for full- and partial-beam weight prediction. Columns, from left to
right, correspond to the fully predicted treatment plan (100%), the remaining 75 %,
50 %, and 25% of the treatment, and the ground truth. The first row shows the ac-
cumulated partial dose distribution used as input to the model; the second row shows
the dose contribution from the predicted beam weights; and the third row shows the
hybrid treatment plan obtained by combining the reference with the predicted beam
weights.

3 Results

We evaluated the proposed model by predicting both the complete set of beam
weights and the remaining beam weights at different stages of treatment de-
livery. For the evaluation, we utilised 10 Gy as the PG. Figure [3] compares the
corresponding dose distributions for the fully predicted, partially predicted, and
fully optimised ground truth (GT) treatment plans. The first row illustrates the
accumulated dose distribution provided as input to the model, obtained from
the GT plan. The second row presents the dose distributions resulting from the
predicted beam weights, while the final row shows the combined distributions
obtained by merging the optimised and predicted beam weights. These hybrid
dose distributions are used to evaluate model performance using the loss defined
in Equation |1 Partial predictions were evaluated after 25 %, 50 %, and 75 % of
the treatment had been delivered, corresponding to predictions for the remaining
75 %, 50 %, and 25 % of the treatment, respectively. As expected, prediction accu-
racy improved as the proportion of beam weights requiring prediction decreased.
The closest agreement with the fully optimised reference was achieved when only
the final 25 % of the treatment required prediction, followed by prediction of the
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remaining 50 % and 75 % of the treatment. Predicting the complete set of beam
weights resulted in the largest deviations from the optimised reference.

Figure |4| presents the corresponding dose volume histograms (DVHs) for the
dose distributions shown in Figure [3] Figures compare the fully optimised
GT plan (lilac), the partially delivered GT plan provided as model input (blue),
and the hybrid dose distribution obtained by combining the optimised and pre-
dicted beam weights (black). The DVH demonstrate that, in all partial prediction
scenarios, the completed treatment plans are closer to the fully optimised ref-
erence than the partially delivered GT plans. This indicates that the predicted
beam weights consistently improve the dosimetric quality of the partially deliv-
ered plans, irrespective of the prediction stage. Figure [Id] compares the DVHs

of the fully optimised GT plan and the treatment plan generated using the fully
predicted beam weights.
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Fig. 4: Dose-volume histograms (DVHs) for the treatment plans shown in Figure
Figures The lilac curve represents the fully optimised reference plan, the blue
curve the accumulated dose at the prediction stage, and the black curve the hybrid
treatment plan obtained after incorporating the predicted beam weights. Figure [d]
compares the DVHs of the fully optimised ground truth plan (lilac) and the treatment
plan generated using the fully predicted beam weights (black).
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4 Discussion

In this work, we introduced a conditional hybrid ResNet18—Transformer model
for predicting pencil beam weights in 4D treatment planning. It can predict
partial beam weights while maintaining the previously optimised dose distribu-
tion and could serve as an extension of the 4D treatment planning workflow for
treatment plan adaptation. A key aspect of the proposed approach is the use
of a physics-based loss function. Instead of minimising the difference between
predicted and optimised beam weights, the network is trained through the re-
sulting dose distribution using clinically relevant metrics. This allows the model
to prioritise the final treatment objective, namely homogeneous target coverage,
while limiting dose to healthy tissue, rather than learning a specific optimised
solution. Consequently, the model is not required to replicate the exact optimi-
sation process; instead, it learns to generate beam weights that satisfy the same
constraints.

The Transformer architecture enables prediction of either the complete treat-
ment plan or only the remaining beam weights from an intermediate stage of
delivery. This capability is particularly relevant for iterative treatment planning,
where beam weights may be updated after partial delivery to account for changes
in the treatment state. The results demonstrate that the model can improve par-
tially delivered treatment plans by predicting the remaining beam weights while
retaining the previously delivered dose contribution.

The prediction accuracy improved as the number of beam weights to be
predicted decreased. The best agreement with the fully optimised reference plans
was achieved when predicting only the final fraction of the treatment delivery,
while predicting the complete treatment plan resulted in larger deviations. This
can be seen both in the dose distribution in Figure[3Jand the corresponding DVHs
in Figure [l This behaviour is likely related to two factors. First, later delivered
beams generally contribute less to the overall dose distribution, as the majority
of the prescribed dose has already been delivered. Therefore, predicting these
remaining beam weights represents a less challenging task. Second, the training
distribution is inherently biased towards later treatment stages, as the model
always receives queries corresponding to the final part of the delivery sequence.
Whereas the earlier sections are queried much less frequently. Consequently,
the network predicts the later stages of delivery more frequently than the early
stages, which involve spots that contribute more significantly to the treatment.

Future work could investigate strategies to improve prediction performance
for earlier treatment stages. One possible approach would be weighted sampling
to increase the frequency of challenging early-stage prediction scenarios. Another
approach would be to introduce intermediate training tasks, where the network
predicts earlier beam weights while later beam weights remain fixed to their
optimised values. Although this does not directly correspond to the temporal
delivery process, it could allow the network to learn the more challenging ini-
tial beam weight predictions before being tasked with predicting the complete
delivery sequence.
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Several limitations of this study should be considered. First, the evaluation
was performed exclusively on simulated phantom patient data. While this ap-
proach provides complete control over the 4D treatment-planning workflow and
enables reproducible comparison with the optimisation framework, the dataset’s
anatomical diversity remains limited. The current dataset contains similar struc-
tures and does not capture the full range of patient-specific variations encoun-
tered in clinical practice. Future work should therefore evaluate the proposed
model on a larger and more anatomically diverse dataset, including clinical pa-
tient data where available. Second, the generalisability of the model to different
scanners, delivery systems, and machine-specific parameters remains to be in-
vestigated. Since delivery times are determined by machine-specific scanner pa-
rameters, adaptation to other delivery systems may require additional training
data or transfer learning.

Despite these limitations, a major advantage of the proposed approach is the
potential substantial reduction in computational cost. While conventional beam
weight optimisation requires several hours, the neural network prediction can be
performed within milliseconds. This speed-up would enable repeated plan eval-
uation and refinement, which is impractical when relying solely on conventional
optimisation. Therefore, fast beam weight prediction represents a promising di-
rection towards iterative 4D treatment planning workflows, where plans can be
continuously updated, simplified, and evaluated while maintaining a homoge-
neous dose coverage of the target and minimising radiation exposure to healthy
tissue.

5 Conclusion

This work presented a conditional hybrid ResNet18—Transformer model for pre-
dicting pencil beam weights in 4D proton treatment planning. The Transformer
architecture supports both complete and partial beam weight prediction, en-
abling efficient updates to treatment plans at arbitrary stages of delivery. Over-
all, this work demonstrates the feasibility of conditional, physics-informed beam
weight prediction for partial treatment replanning. While prediction of complete
treatment plans remains an open challenge, the proposed framework provides
a promising foundation for future learning-based alternatives to conventional
beam weight optimisation.
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