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Purpose:
To develop GRADIENT, a unified 
protocol-aware radiotherapy dose 
prediction model that generalizes 
across heterogeneous treatment 
protocols.

Methods:
GRADIENT incorporates text-derived 
protocol conditioning and image-text 
pretraining to align CT-based 
anatomical features with protocol-
specific representations. The model 
was evaluated on 2,296 patients 
from 17 protocols and 7 anatomical 
sites across seen, zero-shot unseen, 
few-shot, and full-shot adaptation 
settings using DVH-MAE, HI-MAE, 
and voxel-wise MAE.

Results:
GRADIENT consistently outperformed 
anatomy-only and conventional 
conditioning baselines. Compared 
with the NoCondition baseline, it 
reduced DVH-MAE, HI-MAE, and 
voxel-wise MAE by 20.9%, 25.0%, and 
10.8% for seen protocols, and by 
12.0%, 27.1%, and 10.6% in zero-shot 
unseen protocols. It also achieved 
lower aggregate ranks across few-
shot settings.

Conclusion:
Protocol-aware image-text 
pretraining improves generalized 
dose prediction across protocol shifts 
and limited-data scenarios, 
supporting GRADIENT as a scalable 
framework for multi-protocol 
radiotherapy dose prediction.

• GRADIENT consistently outperformed anatomy-
only and conventional conditioning baselines 
across evaluation settings.

• In seen protocols, GRADIENT reduced normalized 
DVH MAE by 20.9%, HI MAE by 25.0%, and voxel-
wise MAE by 10.8% compared with NoCondition.

• In zero-shot unseen protocols, GRADIENT reduced 
normalized DVH MAE by 12.0%, HI MAE by 27.1%, 
and voxel-wise MAE by 10.6%.

• Across few-shot and full-shot adaptation settings, 
GRADIENT achieved lower aggregate ranks than 
baseline models, suggesting improved robustness 
under protocol shift and limited-data conditions.

• Qualitative results showed closer agreement with 
clinical dose distributions and reduced spatial 
error compared with NoCondition.

• GRADIENT suggests that treatment protocol 
information provides complementary guidance 
beyond patient anatomy alone for radiotherapy 
dose prediction.

• Text-derived protocol conditioning helped the 
model adapt across heterogeneous prescriptions, 
fractionation schemes, anatomical sites, and 
protocol-shifted settings.

• The strongest benefits were observed in unseen 
and limited-data settings, supporting the role of 
protocol-aware pretraining for improving 
generalization.

• Qualitative error maps further suggest that 
GRADIENT produces dose distributions that more 
closely resemble clinical plans compared with 
anatomy-only prediction.

• GRADIENT uses CT images, PTV/OAR masks, and 
structured protocol text to predict 3D 
radiotherapy dose distributions.

• Protocol information was encoded using text-
derived conditioning vectors and integrated into a 
conditional 3D dose prediction network.

• Image-text pretraining was used to align 
anatomical representations with protocol-specific 
embeddings before supervised dose prediction.

• The model was trained and evaluated on 2,296 
patients from 17 treatment protocols across 7 
anatomical sites.

• Performance was assessed in seen-protocol, zero-
shot unseen-protocol, few-shot, and full-shot 
adaptation settings using normalized DVH MAE, 
HI MAE, and foreground voxel-wise MAE.

• GRADIENT improves generalized radiotherapy 
dose prediction by integrating anatomical 
information with structured treatment protocol 
text.

• Protocol-aware image-text pretraining enables 
more robust prediction across seen, unseen, and 
low-data treatment protocols, supporting 
scalable multi-protocol AI-assisted treatment 
planning.

• Radiotherapy dose prediction models are 
commonly trained for specific anatomical sites or 
treatment protocols, limiting their scalability 
across heterogeneous clinical workflows.

• Clinical dose distributions depend not only on 
patient anatomy, but also on protocol-level factors 
such as treatment site, prescription dose, and 
fractionation.

• We propose GRADIENT, a unified protocol-aware 
dose prediction framework that incorporates 
text-derived treatment protocol information to 
improve generalization across seen, unseen, and 
low-data protocols.
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Figure 1. Representative qualitative results for prostate 3600 cGy / 6 fractions. 
Clinical dose, NoCondition, GRADIENT, and error maps are shown for best, 
median, and worst cases. GRADIENT shows improved agreement with clinical 
dose and reduced spatial error.
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