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INTRODUCTION

e Deep learning models achieve strong performance in
radiotherapy fluence prediction

* Most existing evaluations assume stable and idealized
data distributions

e Clinical deployment infroduces uncertainty from imaging
noise, anatomical variation, and geometric misalignment

* Small perturbations in fluence prediction may produce
clinically significant non-linear deviations

e Robustness analysis for direct fluence map prediction
remains limited

OBIJECTIVES

* To evaluate FluenceFormer robustness under deployment-
relevant perturbations

e To analyze degradation under geometric, radiometric, and
domain shifts

e To assess robustness under limited training data conditions
* To compare architectural sensitivity to perturbations

» To investigate physics-based metrics for detecting clinically
relevant failure modes

MATERIAL & METHODS

* Two-stage IMRT pipeline: dose prediction followed by
fluence prediction

» Compared transformer backbones:
SWINUNETR, UNETR, nnFormer, and MedFormer

 Training performed using Fluence-Aware Regression (FAR)
loss

e Evaluation on 99-case prostate IMRT dataset

o Cross-dataset testing on OpenkKBP and CORT
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Figure 1: Qualitative geometric robustness. Ground-truth fluence maps (repeated for visual reference) remain invariant, as ;9?5:;?155?;55@}_5 mm) and * Gaussian noise (o = 0.05-0.20)
eometric perturbations are applied only at inference. a .
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Figure 2: DVH robustness on public datasets. DVH curves on OpenKBP (top) and CORT (bottom) under bias and noise.
Shaded: ground truth meanzstd; lines: model predictions. -
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