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Abstract. Cross-field MRI harmonization must change acquisition ap-
pearance while preserving anatomy. Yet paired scans are scarce, and
pairwise translation scales poorly. We formulate this task as anatomy-
conditioned volumetric transport and present FieldRF, one 3D rectified-
flow model shared across modality–field domains. FieldRF separates con-
ditioning into subject anatomy, which anchors structure, and a modality–
field label, which controls target appearance. We leverage complementary
pretrained medical foundation models: anatomical foundation represen-
tations provide field-robust structural guidance, while volumetric gener-
ative models make 3843 full-volume latent transport tractable. Training
first learns conditional flow from unpaired scans without adversarial su-
pervision; limited paired scans can optionally refine cross-field transport.
One model covers all within-modality field directions; official evaluation
shows competitive performance across T1W, T2W, and T2FLAIR.

Keywords: MRI harmonization · Unpaired learning · Rectified flow ·
Semantic conditioning · Latent generative model

1 Introduction

Magnetic field strength affects MRI signal-to-noise ratio, contrast, and visible
anatomical detail. Scans acquired at 0.1T, 1.5T, 3T, 5T, and 7T therefore cannot
be pooled as if they came from a common distribution. Cross-field harmoniza-
tion seeks to transform an image to a requested target-field appearance while
preserving subject-specific anatomy.

The MRIxFields2026 challenge [11] makes this setting particularly demand-
ing. Its retrospective training data are unpaired, and only a small prospective
paired training cohort is available before evaluation on a separate validation set.
Moreover, the any-to-any task requires a unified model rather than a collection
of direction-specific generators. Conventional unpaired approaches such as Cy-
cleGAN [19] and CUT [12] learn mappings between image domains, but scaling
? Corresponding author.
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pairwise formulations to many field strengths multiplies the number of models.
The challenge therefore calls for a unified volumetric alternative to pairwise or
adversarial translation baselines.

FieldRF formulates harmonization as anatomy- and domain-conditioned 3D
rectified flow. BrainID provides an explicit subject-anatomy condition, the do-
main label specifies the requested modality and field, and one shared volumetric
velocity field learns all domains. Separating anatomy and domain conditions de-
couples subject-specific structure from acquisition-dependent appearance. This
differs from the direct pair-specific mappings of CycleGAN and CUT and the
adversarial multi-domain translation of StarGANv2 [3]. The model requires no
adversarial realism supervision, although this cannot rule out hallucinated con-
tent.

Rather than training the volumetric system entirely from scratch, FieldRF
reuses pretrained medical models. Frozen BrainID [9] provides spatial anatomy
through ControlNet [16]; its features have 0.9776 cross-field cosine similarity.
The MAISI VAE [6] compresses 3843 volumes to 4× 963 latents, MAISI-v2 [18]
initializes the 3D flow backbone, and only the VAE decoder is adapted before
freezing.

Our contributions are:

1. We reformulate cross-field MRI harmonization from pairwise image transla-
tion to anatomy-conditioned volumetric latent transport, learning a contin-
uous trajectory that preserves subject-specific anatomy while transporting
acquisition-dependent appearance to the requested domain.

2. We introduce a factorized conditioning strategy that separates a spatial
subject-anatomy condition from an explicit target modality–field appearance
condition within one shared 3D velocity field. Complementary pretrained
anatomical and volumetric generative foundation models enable field-robust
structural guidance and scalable full-volume 3D latent transport.

3. We develop an unpaired-first, data-efficient training strategy that learns
domain-conditioned transport from retrospective unpaired volumes without
adversarial supervision and optionally exploits limited paired scans to refine
cross-field transport and latent endpoint alignment.

2 Related Work

MRI harmonization. DeepHarmony learns paired scanner-to-scanner contrast
correction [5], while CALAMITI disentangles anatomy and contrast for un-
paired multi-site harmonization [20]. Harmonizing Flows aligns images to a
learned normalizing-flow distribution [1]. More recently, HCLD performs un-
paired 3D brain MRI harmonization with conditional latent diffusion and ex-
plicit content/style constraints [15]. FieldRF instead takes a transport-oriented
approach, learning Tθ(zs → zt | bs, dt) to map the encoded source through a
subject-specific endpoint to the requested domain, rather than synthesizing from
a conditional generative distribution.
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Unpaired translation and generative transport. CycleGAN introduces cycle con-
sistency for unpaired translation [19], whereas CUT maximizes patchwise mu-
tual information between input and output [12]; StarGANv2 addresses trans-
lation among multiple domains [3]. Diffusion and neural Schrödinger bridges
formulate distribution transport through a stochastic bridge [4, 7]; FieldRF uses
one source-conditioned 3D rectified flow for all requested domains.

Latent flow, spatial control, and anatomy. Latent diffusion moves generative
modeling to a compressed representation [13]; Flow Matching [8] and Rectified
Flow [10] learn continuous transport fields. MAISI and MAISI-v2 respectively
adapt latent diffusion and rectified flow to 3D medical images [6, 18]. Control-
Net injects spatial conditions through residual branches [16], and BrainID learns
contrast-agnostic anatomical representations [9]. We freeze BrainID as the con-
ditioner; the complete anatomy-conditioned rectified-flow pipeline, rather than
BrainID alone, performs harmonization.

3 Method

3.1 Problem Formulation

Let xs denote an MRI from source domain ds, and dt the requested target do-
main. A domain is the joint modality–field combination. The base model uses
individual retrospective observations (x, d) without paired (xs, xt) scans; an op-
tional second phase fine-tunes cross-field transport using the small prospective
paired set. Let E denote the frozen VAE encoder followed by its fixed latent
scaling, and D the corresponding inverse-scaled decoder, adapted alone before
being frozen. Let BID be the pretrained frozen BrainID conditioner and Iθ, Gθ
the inversion and generation operators induced by one shared velocity field vθ.
We seek

es = Iθ(E(xs);BID(xs), ds), x̂s→t = D(Gθ(es;BID(xs), dt)) , (1)

Our central modeling assumption is that BID(x) preserves anatomy while
suppressing most acquisition appearance. Each training image supervises the
shared velocity field under its observed domain label,

(BID(x), d) 7−→ E(x), (2)

Cross-field inference then combines the source inversion endpoint and source
anatomy with dt 6= ds. The paired objective below directly supervises this source-
to-target route.

3.2 Latent Rectified Flow

Let z0 = E(x) be the scaled target latent and ε ∼ N (0, I). For t ∼ U(0, T ), we
define

α = t/T, zt = (1− α)z0 + αε, v∗ = z0 − ε. (3)
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Generation is integrated from the endpoint (α = 1) toward the image latent
(α = 0), so the network predicts the corresponding reverse-time velocity:

v̂ = vθ(zt, τ(t), BID(x), cd), LRF = E[‖v̂ − v∗‖1] , (4)

where BID(x) denotes the frozen BrainID spatial feature and cd is the target-
domain label. The resolution-aware timestep transform inherited from MAISI-v2
is

τ(t) = T
r(t/T )

1 + (r − 1)(t/T )
, r = 1.4

(
963

323

)1/3

. (5)

During harmonization, target-domain reverse generation uses 20 Euler steps.
FieldRF-U uses four source-inversion steps, whereas FieldRF-FT uses 20.

3.3 Semantic Control and Domain Conditioning

The backbone is a four-level 3D U-Net initialized from the released MAISI MR-
brain rectified-flow checkpoint. Its main input is the four-channel noisy latent. A
randomly initialized MONAI ControlNet receives the same latent and a frozen
BrainID spatial feature. Its conditioning embedding projects the anatomy feature
to the latent grid before the control residuals are injected into the U-Net down
blocks and middle block.

Modality and field strength are represented jointly:

cd = 5cmodality + cfield, cd ∈ {0, . . . , 14}. (6)

All convolutional and attention parameters are shared across labels. The model
therefore contains no field-pair-specific generators or decoders.

3.4 Paired RF Fine-tuning

The paired stage starts from the unpaired FieldRF model. Let (xs, xt) be a
same-subject, same-modality cross-field pair. Denote its latents by zs, zt, BrainID
features by bs, bt, and inversion endpoints by es, et. A residual endpoint adapter
Aφ gives e′s = Aφ(es, ds) and e′t = Aφ(et, dt). At a common sampled time, we
construct RF paths from both endpoints to the real target latent and use

Lcross = ‖vθ(zs→tτ , τ, bs, dt)− (zt − e′s)‖1,
Lid = ‖vθ(zt→tτ , τ, bt, dt)− (zt − e′t)‖1.

(7)

Every fourth update, a 20-step source-to-target rollout z̃t = Gθ(e
′
s; bs, dt) defines

the latent endpoint consistency

Llatent = ‖z̃t − zt‖1. (8)

During optimization it is augmented by a 0.02-weighted latent edge term and
a 0.25-weighted SmoothL1 term against a stop-gradient target-identity rollout;
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Fig. 1. Overview of the proposed FieldRF pipeline. Phase 1 learns conditional recti-
fied flow from unpaired real images; Phase 2 can fine-tune the same RF using paired
cross-field scans. At inference, source inversion and target generation share the frozen
BrainID condition while changing only the domain label. The dashed optional endpoint
prior is not used in the reported experiments.

their sum is denoted Limpl
latent. The paired objective is LFT = Lcross + 0.25Lid +

Limpl
latent on rollout updates and omits the last term otherwise. BrainID and the

VAE stay frozen; the U-Net, ControlNet, and endpoint adapter are updated
without an image-space or adversarial loss. The adapter is initialized from an
unpaired pre-alignment checkpoint; during paired fine-tuning it receives gradi-
ents only through the two local RF losses.

4 Experiments

4.1 Data and Evaluation Protocol

We use the MRIxFields2026 release dated 14 April 2026 [11]: T1W, T2W, and
T2FLAIR MRI at 0.1T, 1.5T, 3T, 5T, and 7T. The 1,939 retrospective vol-
umes, listed in this field order, comprise T1W 100/104/143/121/235 (703),
T2W 100/221/142/43/81 (587), and T2FLAIR 99/221/143/102/84 (649); all
are included without subject-level exclusions. Prospective training and valida-
tion each provide three subjects per modality–field combination. Retrospective
scans train base FieldRF; paired prospective training scans fine-tune the base-
lines and FieldRF-FT, while validation cases never update parameters. Volumes
are resampled to 3843; the VAE operates on 4×963 latents, and BrainID supplies
the frozen spatial anatomy condition.

We report SSIM [14], normalized RMSE, LPIPS [17], Dice, and volume simi-
larity on the prospective validation data. The structural metrics use SynthSeg [2].
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The T1W comparison macro-averages the four source fields. The challenge eval-
uates the axial slab z = [150, 180); all metrics in Table 1 are computed on these
same 30 slices. We additionally report the official Task 3 server evaluation, which
covers all 20 ordered non-identity mappings for each modality (180 cases in total)
and subsumes the Task 2 directions.

4.2 Baselines

CycleGAN. CycleGAN [19] uses two generators, two discriminators, and cycle
consistency. We train twelve pair-specific models (four fields and three modal-
ities), each with nine-block, 64-filter ResNet generators, three-layer PatchGAN
discriminators, LSGAN, cycle weight 10, and identity ratio 0.5. Retrospective
pretraining uses 2 × 10−4 for 50 epochs plus 10 epochs of linear decay; the
generator is then fine-tuned for 50 epochs on paired prospective scans with
L1 + 0.1LLPIPS.

CUT. CUT [12] uses one-sided adversarial translation with multilayer Patch-
NCE. Each of its twelve pair-specific runs uses one nine-block, 64-filter ResNet
generator, one three-layer PatchGAN, LSGAN, and 768 foreground patches from
encoder layers 0/4/8/12/16 (T = 0.07, λGAN = 1, λNCE = 5). It follows the same
50+10 epoch pretraining and 50-epoch paired fine-tuning schedule as CycleGAN.
Each mapping uses the checkpoint with the highest prospective-training SSIM;
validation cases are used only for the final server evaluation.

StarGANv2. For the full Task 3 comparison, we use one shared 15-domain Star-
GANv2 model [3]. Its ResNet generator is pretrained for 25 epochs on retro-
spective data using adversarial, style, diversity, cycle, and content objectives,
then fine-tuned for 50 epochs on paired prospective scans with image, LPIPS,
and SSIM losses. We report the fixed epoch-50 model. StarGANv2 trains on
z = [120, 210) and is evaluated on z = [150, 180).

All three baselines process axial slices and include paired prospective fine-
tuning, whereas the base FieldRF model uses retrospective unpaired data and
operates on complete resampled 3D volumes. CycleGAN and CUT use z =
[150, 180) for both stages, matching the challenge scoring slab; separate whole-
slice pilot runs gave lower validation scores and were not used in Table 1. For
the matched Task 3 comparison, we additionally fine-tune the shared FieldRF
model on the paired prospective training split.

4.3 Implementation Details

Training uses Adam with learning rate 10−4, five warm-up epochs, cosine decay
to 10−6, batch size one, bfloat16 mixed precision, and EMA decay 0.999. Un-
paired training lasts 100 epochs. The pretrained MAISI VAE maps 3843 images
to 4 × 963 latents; its encoder stays fixed, and only its decoder is adapted on
retrospective MRI before both are frozen. The released MAISI-v2 RF U-Net ini-
tializes the backbone, while the 64-channel ControlNet is randomly initialized.
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The shared RF backbone is optimized with Eq. (4); adversarial training is dis-
abled. Inference uses the variant-specific inversion schedules stated above and
20 reverse-generation steps.

Paired fine-tuning protocol. We optimize the paired objective for 20 epochs on
the prospective training subjects; validation subjects are used only for official
server evaluation. We denote the unpaired and paired variants FieldRF-U and
FieldRF-FT.

4.4 Main Results

Table 1 gives the cohort-matched T1W comparison. One shared FieldRF-U
model obtains the highest SSIM and lowest nRMSE across four directions; it
also has the highest volume similarity. CUT has the lowest LPIPS and highest
Dice. Thus, FieldRF’s advantage is not uniform across metrics.

Paired fine-tuning changes mean nRMSE, SSIM, and LPIPS from 0.3217,
0.8765, and 0.1313 to 0.2844, 0.8841, and 0.1194. FieldRF leads StarGANv2 in
SSIM for every modality (0.0148 mean gain), but trails in nRMSE and LPIPS.

4.5 Diagnostics

BrainID was introduced as a contrast-agnostic anatomical representation and
validated through reconstruction and segmentation [9]. Its frozen spatial feature
here conditions the shared flow rather than serving as an output metric. Same-
modality cross-field cosine similarity is 0.9776 overall: 0.9872 (T1W), 0.9734
(T2W), and 0.9718 (T2FLAIR). This tests condition robustness, not output
preservation; Table 1 and Fig. 2 give complementary output-level evidence.

Figure 2 uses submitted-system NIfTI predictions and 7T targets, with identi-
cal reorientation/rotation and a common error scale. Table 1 retains all subjects;
Table 2 covers all modalities and ordered field directions.

5 Discussion and Conclusion

FieldRF targets a unified harmonization regime: one non-adversarial, anatomy-
conditioned 3D transport model covers all evaluated within-modality field direc-
tions without direction-specific generators.

Pretrained BrainID supplies field-robust anatomy, while the MAISI VAE and
MAISI-v2 enable tractable 3843 latent transport and initialize its 3D backbone.
Official evaluation confirms competitive synthesis across all three modalities;
paired fine-tuning improves SSIM over the shared StarGANv2 baseline. Veloc-
ity regression omits adversarial realism supervision but cannot rule out hallu-
cination. Limitations include VAE-bounded fidelity and the challenge-defined
three-case cohort per Task 3 direction.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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Table 1. Challenge-validation T1W adjusted metrics on twelve cases: three from each
0.1T/1.5T/3T/5T-to-7T direction. Baselines use four pair-specific, paired-fine-tuned
models; FieldRF-U uses one shared unpaired model.

Method Models SSIM↑ nRMSE↓ LPIPS↓ Dice↑ Volume↑

CycleGAN [19] 4 0.8995 0.3027 0.0767 0.8261 0.8267
CUT [12] 4 0.8941 0.3416 0.0746 0.8323 0.8168

FieldRF-U 1 0.9081 0.2918 0.1031 0.8049 0.8383

Table 2. Official Task 3 adjusted results over 180 predictions and all 60 directions.
Each method uses one shared 15-domain model; FieldRF-FT and StarGANv2 include
paired fine-tuning.

StarGANv2 FieldRF-U FieldRF-FT

Scope nRMSE↓ SSIM↑LPIPS↓ nRMSE↓ SSIM↑LPIPS↓ nRMSE↓ SSIM↑LPIPS↓

T1W 0.2798 0.8782 0.1031 0.3325 0.8788 0.1250 0.3052 0.8842 0.1188
T2W 0.2813 0.8809 0.1048 0.3226 0.8884 0.1218 0.2984 0.8915 0.1083
T2FLAIR 0.2129 0.8487 0.1142 0.3101 0.8623 0.1471 0.2495 0.8765 0.1312
Mean 0.2580 0.8693 0.1073 0.3217 0.8765 0.1313 0.2844 0.8841 0.1194

Fig. 2. Illustrative same-subject T1W example (subject 0007): source, FieldRF, tar-
get 7T, target VAE reconstruction, and absolute error for four source fields. Triplets
compare VAE–target, prediction–target, and prediction–VAE (nRMSE/SSIM/PSNR);
errors share one range.
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