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ABSTRACT 1. INTRODUCTION 3(A). RESULTS | 3(B). RESULTS II

Background: DeepTuning is a PROBLEM: Aliasing due to image shifts
multi-criteria dose prediction inside the field of view
framework that uses real-time

Radiotherapy planning requires a time-
consuming feedback loop between
radiation oncologists and dosimetrists

We verified that the model generated
correct outputs under several vertical,
horizontal, and diagonal shifts

SOLUTION: Add anti-aliasing step during Anti-Aliasing (AA) vs Conventional (C)
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design. A posterior

encoder extracts a trade-off
encoding vector (AZ) from
historical plans, while a prior
encoder captures patient-specific
geometry to generate a prior
latent representation (Z,;,r).
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2. METHODS: U-NET MODELS

TRAIN A U-NET

EXTRACT TRADE-OFF
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Results: By shifting input images @

across spatial increments while ) |

modulating the trade-off vector, L g = ko,

we evaluated the model's - T T e
performance and confirmed its - O e—

ability to generate real-time, i M h
tunable doses without spatial - —

aliasing.

Conclusion: DeepTuning allows
physicians to adjust dose
distributions in real-time,

Skip connection

» DeepTuning will enable physicians to
adjust dose distributions in real-time,
streamlining treatment planning by
minimizing iterative communication

» To achieve the shift equivariance shown
in our results, anti-aliasing down-sampling
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