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Abstract

Voxel-wise dose prediction is a critical yet challenging task
in radiotherapy (RT) planning, as bespoke models trained
from scratch often struggle to generalize across institutions,
scanners, and planning protocols. Meanwhile, large gen-
erative backbones pretrained on billion-scale visual data
have learned strong geometric and structural priors that
may transfer beyond their source domain. We propose Dif-
JKT3D, an Any2Any 3D diffusion framework that transfers
prior knowledge from pretrained video diffusion models to
clinically meaningful dose prediction. To support flexible
conditioning over heterogeneous clinical inputs, including
CT, target and organ masks, body mask, and beam descrip-
tors, we introduce a modality- and role-aware Any2Any for-
mulation that avoids cross-attention while retaining a uni-
fied conditioning interface. We further apply reinforcement-
learning (RL) post-training with a clinically informed Score-
card reward to align generations with institutional treatment
preferences. On the GDP-HMM challenge, DiffKT3D re-
duces voxel-wise MAE from 2.07 to 1.93 relative to the top
challenge solution, while also improving image quality and
clinical preference alignment. These results show that pre-
trained diffusion priors, combined with flexible multimodal
conditioning and scorecard-aligned post-training, provide
an effective approach to RT dose prediction.

1. Introduction

Radiotherapy (RT) is one of the most common cancer treat-
ments. Dose prediction (DP) is an important Al task in RT
planning: it estimates a 3D dose distribution from patient
anatomy and machine configuration by learning from large
collections of historical deliverable plans [3, 13, 15, 27]. A
typical DP setting uses a planning CT scan and delineated
structures, such as planning target volumes (PTVs) and or-
gans at risk (OARs), as inputs and a reference 3D RT dose
as the target. Dose predictors support several stages of the
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Figure 1. Illustration of the proposed DiffKT3D. We first transfer
priors from diffusion models pretrained on large-scale public video
or CT data, despite a substantial domain gap to radiotherapy dose
prediction. These backbones are then adapted to heterogeneous
RT modalities with relatively limited data, followed by RL post-
training driven by guideline-derived clinical Scorecards to better
align predictions with institutional planning preferences.

RT pipeline, including planning optimization [4], fluence
prediction [52], leaf sequencing [14], and plan-quality im-
provement [17]. For precise and personalized prediction,
additional conditions such as beam geometries and prescrip-
tion information can also be incorporated.

Historically, DP has been formulated as a supervised re-
gression problem, where models minimize voxel-wise errors
such as MAE and MSE between predicted and reference
dose [3, 15]. Recent advances in generative modeling have
opened new directions for DP. Generative models such as
GANSs [13, 25] and diffusion models [12, 64] have shown
promise in capturing complex dose distributions and im-
proving prediction quality. However, most existing diffusion-
based methods are trained from scratch, are often limited to
slice-wise formulations, and rarely include a post-training
stage for clinical alignment.

Foundation models have also shown strong transfer across
natural language processing, computer vision, and med-
ical imaging [2, 37, 39]. Many are pretrained with self-
supervised objectives or on tasks unrelated to the target
application, yet they adapt effectively through lightweight
finetuning or even training-free use [21, 44, 53]. Recent stud-
ies further suggest that general-domain models pretrained on
natural images can transfer to medical imaging despite the
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domain gap [21, 30, 44, 62]. Evidence on generative trans-
fer is more limited, although recent work such as Text2CT
shows that large diffusion backbones and general text en-
coders can be adapted to medical volume generation [18].
Existing medical work, however, has focused mainly on fea-
ture extraction backbones rather than generative backbones.
This motivates our first question: Can 3D diffusion priors
trained on a distant source domain improve target-domain
generation?

A useful bridge comes from dense prediction in natu-
ral images. Recent work has repurposed large diffusion
backbones for geometric prediction tasks such as monoc-
ular depth estimation, where pretrained generative priors act
as structured predictors rather than pure image synthesiz-
ers [23]. RT dose fields share several of these properties:
they are dense, globally constrained, anatomy-aware, and
shaped by heterogeneous conditioning signals. Unlike stan-
dard image-to-image settings, however, dose planning is
not a single-condition problem. Beyond CT and anatomical
structures, treatment geometry materially affects the final
dose field. This makes RT dose prediction a natural testbed
for whether pretrained diffusion priors can be adapted to a
more structured multimodal generation problem.

Preference alignment is another important consideration
in generative Al [38, 40]. It is especially relevant to RT be-
cause a multidisciplinary team of oncologists, physicists, and
dosimetrists designs treatment plans for individual patients,
while institutional protocols can differ substantially [8, 11].
Reinforcement-learning-based post-training has emerged as
an effective way to align generative models with user pref-
erences in NLP and computer vision [9, 26, 49, 56, 59]. Its
use in medical imaging, especially RT dose planning, re-
mains limited. In this setting, preference is multifaceted and
reflects clinically meaningful trade-offs between PTV cov-
erage and OAR sparing. More importantly, the standard dif-
fusion objective optimizes denoising quality rather than the
final plan utility measured by clinical criteria. This motivates
our second question: Can we align diffusion generations
with clinical preferences via RL post-training?

As illustrated in Figure 1, we propose DiffKT3D, a
novel 3D Diffusion model framework addressing two critical
Knowledge Transfer questions. Three main contributions of
DiffKT3D are outlined below.

First, we adapt advanced 3D diffusion models pretrained
on natural videos (Wan 2.1 [50]) or CT data (MAISI [19])
and lightly fine-tune them for dose prediction. Despite the
domain gap, this transfer strategy improves both accuracy
and efficiency. The benefit becomes even more pronounced
when transferring across related RT sites, demonstrating
stronger generalization than regression-based models.

Second, because DP involves heterogeneous inputs span-
ning seven modalities {CT, PTV, OAR, body, beam plate,
angle plate, dose}, we introduce a modality- and role-aware

Any2Any conditioning scheme. In this framework, any
modality can serve as the target while the remaining modal-
ities act as conditions. This design supports flexible in-
put combinations, enables cross-modal imputation, and im-
proves robustness across diverse clinical scenarios.

Third, we introduce a RL post-train, termed as Scard-
NFT, with a new rewarding mechanism based on planning
preferences captured by Scorecard. This method is inspired
by success of DiffusionNFT [65] in text-to-image alignment
and tailored for clinical-guided refinement.

We evaluate DiffKT3D on 3,732 plans from GDP-HMM
and on 5,356 re-optimized plans derived from the REQUITE
prostate cohort (9,088 in total) [15, 43]. The model improves
MAE over top challenge solutions and also improves image
quality and preference alignment. Beyond transfer from non-
RT source domains, DiffKT3D adapts efficiently from head-
and-neck and lung data to prostate planning with limited
additional finetuning. More broadly, these results support
the use of pretrained diffusion priors for clinically relevant
multimodal generation in RT planning.

2. Related Work

RT Dose Prediction. Voxel-wise dose prediction has gained
popularity in recent years due to advances in deep learning.
Inspired by the success in image segmentation, Convolu-
tional UNet [41] and its variants including ResUNet [10], H-
DenseUNet [29], and MedNeXt [42] have been used for dif-
ferent cancer sites including head-and-neck [32, 35, 45, 51],
lung [7, 13, 22], prostate [24, 25, 36], and esophageal cancer
[60]. Although many studies use regression losses such as
L1 or L2, researchers [12, 13, 25, 64] have also explored
generative methods, including GANs [ 16] and diffusion mod-
els [20], to improve image quality. Across challenges like
OpenKBP [3] and GDP-HMM [15], there is growing em-
phasis on generalizable models that handle multiple contexts
rather than highly specialized ones. In computer vision, dif-
fusion models often outperform GANs in complex scenarios,
but state-of-the-art diffusion methods are data-hungry, com-
putationally expensive, and mostly designed for 2D. Existing
work [12, 64] trains slice-wise diffusion models, which strug-
gle with spatial consistency across slices, highlighting the
need for efficient 3D diffusion models for dose prediction.

Diffusion Priors and Any2Any Generation. Diffusion
models have achieved notable success in conditional gener-
ation tasks across various modalities, initially excelling in
image synthesis and later adapted for dense prediction tasks
like depth estimation and segmentation [23]. Recent frame-
works have further extended diffusion models to Any2Any
generation, enabling unified conditional generation for arbi-
trary modality pairs, exemplified by Versatile Diffusion [57],
UniDiffuser [5], CoDi [46], OmniGen [55], and OmniFlow
[28]. Techniques like ControlNet [61], T2I-Adapter [34],
and MultiDiffusion [6] further facilitate flexible integration
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of diverse conditions, including edge maps and segmenta-
tion masks. Additionally, instruction-tuned models such as
PixWizard [31] and joint generation-understanding models
like JoDI [58] enhance practical applicability.

Most existing Any2Any and controllable diffusion frame-
works, however, are developed for natural-image settings
where conditions are relatively homogeneous, such as RGB
images, text prompts, layouts, or edge maps. They do not di-
rectly address clinical volumetric generation, where multiple
heterogeneous conditions must be fused jointly and where
some conditions may be absent or unreliable at test time.
RT dose prediction is especially demanding in this regard
because anatomy, target definition, and beam geometry all
contribute to the final field. These characteristics make it
insufficient to simply concatenate all conditions into a stan-
dard conditional diffusion backbone. Instead, they motivate a
unified transformer that can distinguish target and condition
roles while preserving a shared multimodal latent space.

Inspired by these methodological advances, we adapt

diffusion priors to radiotherapy dose prediction, leveraging
their flexibility and cross-modal generalization for robust
clinical outcomes.
Post-training for Diffusion Models. Standard diffusion
models typically optimize voxel-level losses (e.g., MSE or
MAE), which often misalign with nuanced clinical objec-
tives. To address complex, preference-driven tasks, recent
methods such as DDPO [9], Diffusion-DPO [49, 59], and
DiffusionNFT [65] apply reinforcement learning (RL) strate-
gies for preference-based fine-tuning. However, their clinical
applicability remains underexplored, as general-purpose pref-
erence frameworks like ImageReward [56], HPS [54], Pick-
aPic [26], and MPS [63] lack necessary interpretability. In
contrast to open-domain generation, RT planning requires re-
ward signals that remain traceable to explicit clinical criteria
and can be audited by physicians and physicists. Radiother-
apy dose prediction involves complex trade-offs encoded in
institutional guidelines, motivating our clinically-informed
RL-based post-training strategy. We introduce a Scorecard
reward mechanism explicitly encoding clinical metrics, guid-
ing diffusion generations toward institutional preferences
and enhancing clinical acceptability.

3. Method

3.1. Problem Description and Motivation

RT planning involves designing a treatment strategy that
precisely delivers radiation to the target region while mini-
mizing exposure to nearby healthy tissues and organs. Dose
prediction aims to generate accurate 3D dose distributions
from diverse multimodal inputs (as shown in Figure 1), often
under inconsistent or incomplete contouring of the PTVs and
OARSs. Because planning protocols vary across institutions,
preferences in plan quality also differ. These variations can

be captured using clinical Scorecards [33, 47, 48], which
quantitatively evaluate and compare treatment plans. Con-
sequently, generalizable dose prediction can be framed as
a 3D generation problem conditioned on varied inputs and
guided by preference-oriented objectives.

Motivation for Methodology. Diffusion-based generative
models have achieved remarkable success in computer vi-
sion, typically trained on billions of samples. In contrast,
most dose prediction models rely on only hundreds or thou-
sands of cases due to the limited availability of RT data. The
DINO family has demonstrated strong feature extraction ca-
pabilities that transfer well to medical imaging even when
trained on natural images, yet our work focuses on genera-
tion. We therefore explore leveraging large-scale diffusion
priors from non-RT domains for dose prediction, forming
our first methodological contribution.

After establishing that diffusion-based generative knowl-
edge can effectively transfer across domains and modal-
ities (first contribution), we further aim to enhance per-
formance within the RT domain, which involves diverse
multimodal inputs. To this end, we formulate dose predic-
tion as an Any2Any conditional generation task, enabling
flexible selection of any target modality 7 from the set
M={ct,ptv,oar,body,beam, angle,dose}, condi-
tioned on the remaining available inputs C:{xém) | m e
S C M\ {7}}. The target modality at the ¢-th step of the
forward diffusion process becomes:

2\ =l + o, e~ NOT), t~U(0,1), (1)

where xy denotes the clean data, and A and U represent
Gaussian and uniform distributions, respectively. The coeffi-
cients ay and o, follow a standard variance-preserving noise
schedule (with a? + 02=1), and discrete diffusion steps are
linearly rescaled to ¢ € [0, 1] for notational simplicity. This
formulation allows any modality in M to serve as the gener-
ation target, facilitating cross-modality diffusion knowledge
transfer while mitigating overfitting in low-data regimes.

In addition, reinforcement learning (RL) has achieved no-
table success in LLM post-training and text-to-image align-
ment, both of which share a common goal with RT clinical
Scorecards: capturing user or expert preferences. Motivated
by this similarity, we adapt the DiffusionNFT framework by
reformulating a clinically grounded Scorecard into an RL re-
ward function for post-training. This provides an additional
safeguard for out-of-distribution cases by explicitly aligning
the generative model with clinically preferred trade-offs.

Figure 2 summarizes our approach, with detailed model
structure provided in Supplementary A, and method details
presented in the following subsections.

3.2. Any2Any DiT framework

Patchify Head. Our diffusion process operates entirely
within a shared VAE latent space. For each modality m,
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Figure 2. Training mechanism for DiffKT3D. The multimodal inputs first pass through the VAE encoder to obtain latent features. With the
Any2Any gating mechanism, each modality is randomly assigned as either a condition or a target. Conditional modalities are independently
encoded into patch tokens, while target modalities are combined with latent noise x;. Each token carries a role embedding that distinguishes
targets from conditions, while modality identity is conveyed by modality-specific patch heads and slot-aware 4D RoPE. The DiT jointly
attends to the clean condition tokens and the noised target tokens, predicting the noise parameterization (vg) for the selected target modality.
The VAE and DiT are pretrained on videos, and only the DiT blocks are fine-tuned. During post-training, we convert a clinically informed
Scorecard into an RL reward, improving clinical preference alignment while maintaining voxel-level fidelity.

raw input volumes are first encoded into latent representa-
tions by a pretrained, frozen VAE encoder. We then reuse
the 3D patch embedding block from the Wan DiT backbone
and extend it to be modality-specific: a lightweight modality-
specific patch embedding PE,,,, implemented as a compact
3D convolution with the same structure as the original DiT
patch embed, projects these latent grids (or their noised ver-
sions xET) for target modalities) into tokens with hidden
dimension D. After diffusion in token space, predictions
are decoded back to the original voxel space via the VAE
decoder. This design keeps the DiT backbone architecture
unchanged while delegating modality handling to the patch-
embedding blocks, allowing the backbone to operate in a
unified latent token space.

Role-aware conditioning and AdaLayerNorm. We use
a learnable binary role embedding €™ € {e% e} to
tag each token as either the noised prediction target or a
clean condition. This role embedding is added directly to the
corresponding input token, so target/condition identity is rep-
resented at the per-token level rather than through a separate
global conditioning branch. Following Wan, all transformer
blocks still share a single AdaLayerNorm modulation net-
work driven by the timestep embedding e;. This design keeps

the backbone architecture unchanged, introduces no addi-
tional pooling or cross-attention modules, and allows the
model to jointly process target and condition tokens with full
self-attention.
Slot-aware 4D RoPE positional embeddings. To explicitly
encode token origins (dose vs. conditions) while preserv-
ing precise 3D spatial relationships, we extend standard 3D
RoPE with an additional slot axis, yielding a 4D RoPE. To-
kens are arranged in slot-major order, where each slot index
S corresponds to one modality (the target dose or a particular
condition).

For each attention head, we split the channel dimension d
into four sub-dimensions assigned to the slot and the three
spatial axes:

d = ds + dyg + dw + dp. )

This allocation reserves a dedicated subspace for each axis,
so that slot and spatial phases can be rotated independently.

For each axis a € {S, H, W, D}, sinusoidal frequencies
are precomputed as

freqs, (i) = 6, /%, 3)

where 6, is a base period hyperparameter for axis a. Fol-
lowing standard RoPE parameterization, larger 6, values

. da
i=0,1,...,% 1,
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yield longer-wavelength components. In all experiments, we
simply set g = Ny and 0y = H, Oy = W, 0p = D,
so that the lowest frequencies roughly span the full extent of
each axis while higher indices encode finer spatial detail.

The 4D rotary embedding for a token at coordinates
(S, H, W, D) concatenates axis-wise embeddings:

RoPE,p (S, H, W, D) = [RoPEs(S), RoPEx (H),

RoPEy (W), RoPEp(D)].
4)

During self-attention, queries and keys are rotated as

Q" = RoPE4p(S,H,W, D)o Q,

5
K' = RoPE4p(S, H,W, D)o K, )

where o denotes element-wise complex rotation on paired
channels, and the rotated (Q’, K') are then used in standard
dot-product attention. The slot axis supplies a dedicated ro-
tary phase per modality (e.g., S=0 for dose and S>1 for
different conditions), while the spatial axes (H, W, D) are
shared across slots. This design preserves a unified full-
attention pass, but encourages structured cross-slot interac-
tions (dose <+ CT/structures/beams) without adding extra
parameters or attention blocks.

3.3. v-parameterized Diffusion Objective

All diffusion and training are performed in the VAE la-
tent/token space; for notational simplicity, xg, ¢, and v
denote latent targets unless otherwise stated. Instead of pre-
dicting noise ¢, we adopt the v-parameterization, which
provides a better balance of signal-to-noise across timesteps.
Given the forward process in (1), we define

v(xo,e,t) = ape — o1 xg. 6)

Given (2\”),C,t) the model outputs vy(z\”,C,t) €
RHXWXD and is trained by

Lt = Et,a,T,S[H (27, O t) — v(al) e, t) H;} (7

This choice is notationally convenient and improves op-
timization stability on 3D dose grids. In particular, from

(xET), v,t) we can recover xg and ¢ exactly:

Ty = Ty — O, € = 04Xy + Q. (8)

Thus vy still parameterizes the same forward process
as noise prediction, but yields better-conditioned gradients
across diffusion timesteps in practice.

At each training step we sample a target modality 7
uniformly from M and then draw a conditioning set S C
M \ {7} according to a simple curriculum on the number
of observed modalities. This ensures that any modality can
act either as a target or as a condition, exposes the model to
diverse conditioning patterns, and strengthens robustness to
missing or incomplete inputs at inference time.

3.4. Scorecard-aligned RL Post-training

Pure diffusion training does not explicitly optimize for clini-
cal objectives, such as precise PTV coverage or OAR sparing.
To bridge this gap, we propose ScardNFT, an RL-based post-
training approach inspired by DiffusionNFT [65], which
aligns generated dose distributions with clinical guidelines
via differentiable, Scorecard-based rewards.

Scorecard Reward. We define a scalar clinical reward r
from standardized plan-quality metrics. For each anatom-
ical structure s € &, the Scorecard specifies one of
three metric types: DoseAtVolume, VolumeAtDose, or
MeanDose, and maps each measured metric value into a
normalized structure-specific score via a piecewise-linear
function score(+). Let ¢5(y; C') denote the corresponding
DVH-style statistic computed from a candidate dose y under
conditions C', and let w, > 0 be a tunable importance weight.
The aggregate reward is then computed as a weighted sum:

raw

r™(y,C) = Zws scores(os(y; C)), y = 2{1°%),

sES

)
We instantiate these clinical Scorecards using established
radiotherapy templates for head and neck [47] and lung [48],
covering critical dose—volume histogram (DVH) points,
mean dose, and ring constraints. When patient prescriptions
differ from the scorecard template, we proportionally rescale
PTV thresholds to the prescribed dose to maintain consistent
clinical scoring criteria across cases.
Normalization & Anchors. Plan quality can vary widely
across patients and sites, so raw rewards must be normalized
for stable learning. Within each case, we first standardize per-
structure scores and aggregate them into 7%, and optionally
apply site-wise normalization to account for systematic site
differences. To prevent reward hacking, we introduce two
anchor terms: (i) a hinge penalty enforcing strict adherence
to hard clinical constraints (e.g., minimum PTV D95 or max-
imum OAR thresholds), and (ii) an MAE anchor relative to
available reference doses, discouraging trivial reductions in
overall dose magnitude. The resulting optimality probability
r used for RL is clipped to [0, 1]:

Traw _ Eymﬂ'old I:/rl'aW]

Zc

r o= §+;chp( , —1, 1), (10)
where 7,4 denotes the current diffusion policy and Z¢ is
a running estimate of reward dispersion under conditions
C'. Thus r € [0, 1] behaves as a Bernoulli-style optimality
probability, with r ~ 1 indicating clinically preferred plans
and r ~ 0 indicating poor plans under the same inputs.

Policy Update & Final Objective. Starting from a pre-
trained diffusion checkpoint, we perform clinical preference-
aligned policy updates via ScardNFT. For each training
case, we first draw K candidate samples from multiple in-
dependent initial noises using a deterministic ODE sampler
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Table 1. Main results on GDP-HMM (validation & test). Metrics: MAE (Gy; ), clinical Scorecard (Score) (1), PSNR (dB; 1), SSIM (1),
and LPIPS (). The main table spans both columns; bold indicates the best in its block.

Family Method Backbone Pretrain Any2Any RL Validation Test
MAE| Scoref PSNRT SSIMT LPIPS| MAE| Scoret PSNRt SSIMt LPIPS)

Regression  Yasin (AAPM ’25 Chal.) MedNeXt - - - 203 13426 3150 0972 0037 207 13481 3206 0974 0.033
Regression tyxiong123 (AAPM ’25 Chal.) ~ MedNeXt - - - 218 13395 29.89 0929 0.067 220 13410 30.62 0.925 0.064
Regression rcgao (AAPM 25 Chal.) MedNeXt - - - 205 13340 3124 0972 0051 208 133.62 31.77 0972 0.048
Regression  PVmed (AAPM °25 Chal.) MedNeXt - - - 215 13378 3140 0971 0034 217 13399 3153 0.970 0.031
Regression SKLSDE-BH (AAPM °25 Chal.)  nnUnet - - - 225 133.02 3140 0972 0040 227 13320 3134 0968 0.039
Regression  MedVision (AAPM 25 Chal.) LDM - - - 219 13450 3154 0970 0029 221 13472 3166 0.973  0.030
Diffusion ~ MAISI + Ours LDM v - 189 13589 3202 0975 0.028 195 13523 3213 0976  0.026
Diffusion  Ours (Conditional) DiT v - 2.07 13541 31.88 0973 0.031 212 13460 3201 0974 0.029
Diffusion  Ours (Any2Any) DiT v v - 190 13622 3243 0977 0.025 193 13536 3260 0.978 0.023
Diffusion ~ Ours (Any2Any+ScardNFT) DiT v v v 191 13817 3255 0979 0.022 193 137.55 3273 0980  0.020

(Flow/DPM-Solver family, with scheduler state snapshots
for reproducibility). Each candidate dose y is evaluated by
computing its reward ™% (y, C'), which is then transformed
into an optimality probability r via (10). Inspired by Dif-
fusionNFT [65], we introduce two implicit policy targets:

~t
Vg

(1-8) voua + B ve, (1+5) voa — B e,

(1D
where v,q is derived from the current model (with gradients
stopped), vy is the new prediction, and 5 € (0, 1] is a small
mixing coefficient controlling how aggressively we move
away from the old policy. We then optimize a dual loss
that increases likelihood for higher-rewarded samples and

penalizes lower-rewarded ones:

Vg

L = E|rliaf — vl +1-n) 5y —vl3], a2

where v denotes the ground-truth target from Eq. (6). The
final training objective balances voxel-level diffusion consis-
tency and clinical preference alignment:

L) = Lnrr(0) + A Laitr(0),

with A > 0 controlling the strength of the RL-style update.

Why this works. Intuitively, Lq preserves voxelwise fi-
delity to historical plans, while Lngr reshapes the condi-
tional diffusion score field, assigning higher likelihood to
dose configurations that satisfy clinical Scorecards under
identical conditions C'. The v-parameterization ensures well-
scaled gradients across timesteps («, 0¢), which we find
empirically stabilizes ScardNFT updates, especially in high
signal-to-noise ratio regimes.

13)

4. Experiments

4.1. Setup: Datasets, Splits, Metrics, and Training

We evaluate on the complete GDP-HMM Grand Challenge
dataset [ 1], comprising official training (2,878 plans), valida-
tion (356 plans), and fest (498 plans) splits for head-and-neck
(HaN) and lung cancer sites, and on a prostate dataset de-
rived from the REQUITE cohort [43], comprising training

(5,100 plans) and fest (256 plans) after mask augmentation
and plan re-optimization using the Eclipse Script API. Un-
less explicitly stated otherwise, voxelwise evaluations are
conducted within the body mask.

Preprocessing. All cases are first mapped to the official chal-
lenge voxel spacing and orientation. For model input, we
then extract a fixed ROI crop that is compatible with the Wan
VAE. CT images undergo intensity clipping to [-1000, 1000]
HU, patient-wise z-score normalization, and mask binariza-
tion. Beam and angle plates are rasterized onto the same
grid. Before patch embedding, each modality is min-max
scaled to [-1,1]. Detailed resampling, ROI cropping, and nor-
malization are provided in the supplementary material. The
beam and angle plates follow the GDP-HMM preprocessing
protocol and are generated consistently with [13].

Primary metrics. We evaluate performance using the fol-
lowing metrics: (i) voxelwise mean absolute error (MAE),
computed within the body mask with a 5 Gy threshold fol-
lowing the challenge protocol [15]; (ii) clinically-informed
plan quality Scorecards [47, 48], integrating key PTV and
OAR metrics into a single scalar score; and (iii) standard
image quality metrics including PSNR, SSIM, LPIPS, Dice,
and 2D slice-level FID.

Training details. We utilize the Any2Any DiT architecture
described in Sec. 3.2. The backbone is Wan 2.1 (1.3B param-
eters), paired with VAE 2.1. Training proceeds through three
distinct stages: (A) Any2Any pretraining with uniform target
sampling and curriculum masking, (B) dose-only fine-tuning,
and (C) ScardNFT post-training, balancing losses Lnpr and
Lgisr via a tunable hyperparameter A. Further training details
are provided in supplementary B.

4.2. Main Results on GDP-HMM Dataset

The GDP-HMM benchmark contains a broad set of strong
regression-based challenge entries built on MedNeXt,
nnUNet, and LDM backbones (Table 1). These models rep-
resent the best supervised pipelines available but remain
constrained by voxel-level training. To form a complete com-
parison spectrum, we additionally include (i) a conditional
diffusion U-Net adapted from the original MAISI backbone,
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Table 2. Prediction parameterization for the supervised Any2Any
model before ScardNFT. The final 10-step ScardNFT result is
reported for reference.

Method Pred Type Steps MAE]  Scoref
Ours (Any2Any) zo-pred 1 245 117.64
Ours (Any2Any) v-pred 1 2.12 133.59
Ours (Any2Any) v-pred 10 1.90 136.22
Ours (Any2Any+ScardNFT) v-pred 10 1.91 138.17

using an xg-prediction objective with joint fine-tuning of the
MAISI VAE decoder (see Supplementary B.6), and (ii) our
own conditional DiT baseline that simply concatenates all
conditioning modalities with dose for prediction.

Our Any2Any design yields an improvement in per-

formance over both regression-style models and the
concatenation-based diffusion baseline. Beyond numerical
gains, this indicates that (1) jointly modeling all modalities in
a unified diffusion space and (2) separating “role” (target vs.
condition) through explicit embeddings are both essential for
robust cross-modal dependency learning. Adding ScardNFT
introduces consistent improvements in clinical alignment
with minimal change in voxel-level fidelity, confirming that
RL-guided updates reshape preference behavior rather than
the underlying reconstruction quality.
Single-step prediction analysis. To better understand diffu-
sion behavior in dose prediction, we compare zo-pred and
v-pred in the supervised Any2Any model before ScardNFT
(Table 2) and report the final 10-step ScardNFT result for ref-
erence. While z-pred directly regresses the clean signal, the
v-pred approach performs better in the single-step regime.
Iterative refinement from 1 to 10 steps further improves the
supervised model, and ScardNFT provides an additional gain
in clinical preference alignment.

4.3. Results on REQUITE Prostate

We further assess transfer by fine-tuning checkpoints pre-
trained on GDP-HMM (head-and-neck and lung) directly
on the REQUITE prostate dataset. As shown in Table 3
and Figure 3(b), our Any2Any diffusion model converges
faster and achieves better accuracy than strong regression
baselines. Moreover, adopting a best-of-10 sampling strat-
egy provides additional gains, indicating further headroom
through stochastic decoding.

4.4. Ablations and Supporting Studies

Detailed ablation studies in Table 4 and Figure 3(a) clarify
the contributions of key components and design choices. In-
troducing pretraining substantially accelerates convergence
compared with training from scratch and yields a better fi-
nal model, confirming the value of transfer from pretrained
diffusion backbones. Transitioning from conditional diffu-
sion to the unified Any2Any training paradigm further im-
proves performance, demonstrating the benefit of flexible

Table 3. Comparisons on REQUITE-Prostate. We report MAE (Gys;
4), PSNR (dB; 1), SSIM (1), and LPIPS ({). Both ours and baselines
are pretrained with GDP-HMM and fine-tuned on prostate data.
denotes best-of-10 oracle selection.

Method MAE (Gy)! PSNR (dB)} SSIMt LPIPS|
Yasin (AAPM 25 Chal.) 1.48 34.53 0956 0.026
tyxiong123 (AAPM 25 Chal.) 1.37 3474 0957  0.023
rcgao (AAPM "25 Chal.) 1.53 33.51 0953 0.031
PVmed (AAPM 25 Chal.) 1.52 33.54 0.950  0.030
SKLSDE-BH (AAPM 25 Chal.) 1.65 3274 0944  0.034
MedVision (AAPM 25 Chal.) 1.48 34.42 0949  0.032
Ours (Any2Any) 1.01 36.80 0963  0.012
Ours (Any2Any)’ 0.97 37.09 0.965 0.011

Table 4. Component ablations on the validation set. The three re-
moval rows are coupled ablations: when role embeddings, full
attention, or modality-specific patch embeddings are removed, 4D
ROPE is also disabled to keep the token-identity interface consis-
tent.

Variant Pre. Any2Any RoleEmb FullAttn PatchEmb 4D RoPE MAE|/Scoret

2.58/119.82
2.07/135.41
1.90/136.22
2.01/134.04
2.15/130.80
2.02/134.71
1.96/135.27

From scratch (baseline)

+ Pretrain

+ Any2Any

w/o Role Emb (and w/o 4D RoPE)
w/o Full Attention (and w/o 4D RoPE)
w/o Patch Embed (and w/o 4D RoPE)
- 4D RoPE

e as
SIS Aass
AN N

LN N NN NN
<lasssas
Slsss s

Ours+ScardNFT 1.91/138.17

Table 5. Single-modality prediction under the remaining-1 (predict-
one) setting. What this table shows: each listed modality is pre-
dicted from all the others. CT uses FID; segmentation-like modali-
ties use Dice; Dose and Beam Plate use MAE only. Angle Plate is
omitted because it is used as an auxiliary geometry representation
rather than a standalone evaluation target.

Method Output Modality ~ FID]  Dicet MAEJ
Ours (Any2Any) CT 1.47 - -
Ours (Any2Any) PTV mask - 72.13 -
Ours (Any2Any) OAR mask - 54.63 -
Ours (Any2Any) Body mask - 95.09 -
Ours (Any2Any) Dose - - 1.91
Ours (Any2Any) Beam Plate - - 1.54

2.50 (b) Transfer to Prostate Data 215

—— Challenge Topl

225 —— Ours (Any2Any) 2.10
2.00 2.05
175 2.00

1.50

1.95
1.25 \\\§

1.90
1.00
2 1.85

1 2 4 10 20 50100 12 4 10 20
Epoch Epoch

(c) Test Time Scaling

(a) Wan Backbone on GDP-HMM
2

—— Train from Scratch
with Wan Pretrain

—=— Single Infer.
—=— Best of N

MAE on Test Set

-

2 Inferelnoce Step i
Figure 3. MAE vs. training epochs / inference steps. The single
figure contains three subplots: (left) pretrain vs. from-scratch across
epochs, (middle) model-transfer finetuning curve, and (right) test-
time scaling (single-sample vs. best-of-10).

cross-modality modeling. The remaining removal rows are
coupled ablations: when role embeddings, full attention, or
modality-specific patch embeddings are removed, we also
disable 4D RoPE to keep the slot/role interface consistent.
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Ref = Top-1 == Ours Ours+ScardNFT

Figure 4. Per-structure scorecard value comparison of head-and-
neck plans. The plot contrasts reference, the challenge Top-
1 baseline, our diffusion model, and our RL-enhanced variant
(Ours+ScardNFT), showing how reinforcement learning improves
alignment with institutional planning objectives.

Under this setting, removing role information degrades both
voxelwise accuracy and clinical score, replacing full atten-
tion with causal attention causes the largest drop, and re-
moving modality-specific patch embeddings also hurts per-
formance. Disabling 4D RoPE alone leads to an additional
decline, showing that explicit slot-aware positional encoding
remains useful even when the other components are kept.
Finally, ScardNFT improves clinical alignment while pre-
serving voxelwise accuracy.

Figure 3 further illustrates training efficiency and trans-
ferability. Figure 3(a) shows the efficiency gain from Wan
pretraining compared with training from scratch. Figure 3(b)
demonstrates rapid adaptation to the prostate dataset while
outperforming the top GDP-HMM challenge solution. Fig-
ure 3(c) highlights the benefit of best-of-10 inference over
single-sample inference.

As illustrated in Figure 4, ScardNFT post-training im-
proves clinical alignment across key anatomical structures.
Compared with the baseline without ScardNFT and the top
regression method, the ScardNFT variant achieves higher
clinical scores for PTV coverage and OAR sparing while
maintaining nearly identical voxelwise MAE performance
(Table 1). These gains suggest that scorecard-aligned post-
training can improve plan quality assessment and related
downstream use cases.

Qualitative examples in Figure 5 further illustrate model
robustness. Compared with the leading regression baseline,
our Any2Any+ScardNFT model produces dose distributions
with better target conformity in head-and-neck cases, fewer
artifacts in lung cases, and less oversmoothing in head-and-

(a) CT/PTV

(b) Reference (c) Ours

(d) Top1-solution

Figure 5. Qualitative predictions on GDP-HMM and REQUITE
(top: head-and-neck, middle: lung, bottom: prostate). Columns:
Input CT, reference dose, our Any2Any+ScardNFT, Top-1 baseline.
Our method achieves superior target conformity.

neck and prostate cases. More visualizations are provided in
Supplementary C.

Table 5 assesses robustness under the remaining-1 pre-
diction scenario, where each listed modality is predicted
from all other modalities. The model performs well across
imaging (CT), segmentation (PTV, OAR, body mask), and
dose-related outputs, supporting its cross-modal generative
capability.

5. Conclusion and Discussion

Conclusion. We presented DiffKT3D, an Any2Any 3D diffu-
sion framework for voxel-wise radiotherapy dose prediction
and cross-modal imputation. By integrating pretrained diffu-
sion priors with modality-aware conditioning and scorecard-
aligned reinforcement learning, DiffKT3D outperformed
strong regression and diffusion baselines on GDP-HMM
and REQUITE.

Discussion. Our results suggest that pretrained diffusion pri-
ors can transfer effectively to clinically relevant multimodal
generation, while RL-based post-training can be adapted to
explicit treatment-planning criteria. Together, these findings
support DiffKT3D as a practical framework for RT dose
prediction under heterogeneous conditions.

This combination is attractive in RT, where planning

data are expensive and optimization targets vary across in-
stitutions. In such settings, pretrained priors and clinically
grounded post-training offer a scalable way to improve ro-
bustness and preference alignment.
Limitation and Future Work. DiffKT3D remains computa-
tionally expensive because it uses a large Wan backbone with
full 3D attention. Future work will study lighter backbones,
sparse attention, token pruning, and distillation. The training
objective may also benefit from dose-specific losses such
as DVH-based terms [13, 22, 36] and weighted MAE [15].
More broadly, the Any2Any design may extend to other RT
planning tasks, such as leaf sequencing.
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