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Abstract. Multi-field MRI translation must synthesize target-field con-
trast while preserving anatomy and coping with unstable absolute in-
tensity. We present FieldMorphUNet, a unified conditional model for
modality-preserving translation across 15 modality–field domains (five
field strengths and three modalities). The final model employs Feature-
wise Linear Modulation (FiLM)-modulated multi-contrast 2.5D resid-
ual U-Net blocks, Multi-Dconv Head Transposed Attention (MDTA),
bottleneck spatial multi-head attention, and a compact residual refiner.
Crucially, we propose a structure–scale decoupling strategy to overcome
the instability of few-shot intensity scaling: the network first predicts
normalized target structures, and a prospective population target-scale
prior (pro prior) subsequently recovers raw absolute intensities. Training
combines paired prospective translation, unpaired retrospective recon-
struction, and staged perceptual refinement with metric-aligned losses.
Evaluated on the MRIxFields validation leaderboard, FieldMorphUNet
improves all reported metrics across the three challenge tasks. Controlled
baseline comparisons evaluate the final model against simpler and alter-
native generative formulations, while leave-one-subject-out experiments
highlight pro calibration as a critical driver of nRMSE improvement.

Keywords: Magnetic resonance imaging translation · Multi-field mag-
netic resonance imaging · Conditional U-Net · Feature-wise Linear Mod-
ulation · Intensity calibration

1 Introduction

MRI appearance depends on field strength, sequence, and subject-specific in-
tensity scale. Cross-field synthesis supports harmonization, but must preserve
anatomy while matching field-dependent contrast, noise, and scale. We study
three MRIxFields tasks (Fig. 2a): any-field→7T (Task 1), 0.1T→higher (Task 2),
and fully controllable field-to-field synthesis (Task 3), covering modalities m ∈
⋆ Zengxing Li and Yue Yang contributed equally to this work.
† Corresponding author: Yu Fu (fuyu@lzu.edu.cn).



2 Z. Li et al.

{T1W,T2W,T2FLAIR} and fields f ∈ {0.1T, 1.5T, 3T, 5T, 7T} (15 modality–
field domains).

Training one network per translation direction is impractical when only a
few fully paired subjects are available. FieldMorphUNet uses a single genera-
tor conditioned on the ordered triplet (m, s, t) and incorporates multi-contrast
2.5D context to exploit complementary anatomical information across modali-
ties. Our central claim is that structure prediction and absolute scale recovery
should be decoupled: raw-intensity regression can produce anatomically plau-
sible images yet fail nRMSE when the global scale is incorrect. We therefore
learn in a normalized structure space and recover absolute intensity through an
explicit prospective population target-scale prior, allowing structural synthesis
and intensity calibration to be handled separately.

Contributions: (i) a single FiLM-conditioned multi-contrast 2.5D resid-
ual U-Net for all evaluated directions and tasks; (ii) structure–scale decoupling
with brain-p99.5 normalization and prospective population target-scale recovery;
(iii) paired prospective translation and unpaired retrospective reconstruction
with metric-aligned losses and staged residual refinement; and (iv) validation
across all three challenge tasks, complemented by controlled leave-one-subject-
out scale-recovery analysis showing that pro calibration is a primary driver of
nRMSE improvement.

2 Related Work

Medical image-to-image translation commonly builds on U-Nets and conditional
GANs [10,3,6]. For cross-domain synthesis, recent advances include adversar-
ial multi-objective training (MPGAN [1], AIGAN [2]), cross-dataset decompo-
sition (FADFNet [9]), and frequency-aware mapping for unpaired MRI (FA2-
Net [15]). Flow matching provides an alternative non-adversarial generative for-
mulation by learning vector fields along conditional probability paths [4]. To
manage multiple domains within a single model, Feature-wise Linear Modulation
(FiLM) [8] provides explicit conditioning, while Restormer-style attention [13]
efficiently captures long-range dependencies. Training and evaluation commonly
use Structural Similarity (SSIM) and Learned Perceptual Image Patch Similarity
(LPIPS) [12,14] as structural and perceptual criteria. Intensity standardization
is a classical MRI problem [7,11], but multi-field translation makes field strength
a source of both contrast and absolute-scale variation. Accordingly, our method
builds on established conditional and attention mechanisms while explicitly de-
coupling normalized structure prediction from prospective population-based in-
tensity calibration.

3 Method

3.1 Normalized Structure Space and Multi-Contrast Input

Let Im,f
u ∈ [0, 1]H×W×Z denote the image of subject u, modality m, and field

strength f . We define the robust brain-p99.5 reference and the corresponding
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Fig. 1. Global scale error with fixed structure S. Over-bright source-ratio recovery
(left) inflates nRMSE and clips high intensities; the pro prior (middle) more closely
matches the ground-truth scale distribution (right).

normalized image as

r(I) = p99.5({v ∈ I : v > 0.01}), Ĩ = clip
(︁
I/(r(I) + ϵ), 0, 1

)︁
, (1)

where ϵ > 0 prevents numerical instability. Each source contrast is normalized
by its own reference, while the paired target is normalized by its target-volume
reference.

For a requested primary modality m, source field s, and target field t, the
generator receives five neighboring axial slices from each of the three source
contrasts. With k=2, the input is

Xm,s
z = catm′∈O(m)

[︂
Ĩm

′,s
z−2 , . . . , Ĩ

m′,s
z , . . . , Ĩm

′,s
z+2

]︂
∈ R15×H×W , (2)

where O(m) places the requested modality first and the other two modalities
afterward in a fixed order. Missing superior or inferior neighbors are filled by
edge replication. The network predicts the normalized target center slice Ĩm,t

z ,
and a volume is assembled by applying the same operation over all axial indices.
This multi-contrast 2.5D representation provides both through-plane context
and complementary anatomical information without requiring a full 3D back-
bone.

At inference, the target reference is unavailable. The classical estimator r̂t =
rsRm,s→t couples the output scale to a few-shot source-to-target ratio and is
unstable when only a small paired cohort is available; for example, the T1W
5T→ 7T ratios range from 0.68 to 1.51 (Fig. 3a). We therefore recover the
absolute target scale using the population prior described in Section 3.4. If the
normalized structure is fixed and only a relative scale error δ = (s − s∗)/s∗

remains, then nRMSE = |δ| (Fig. 1), showing that scale recovery directly affects
quantitative fidelity.

3.2 Conditional Multi-Contrast Generator

The stage-one generator Fθ is a residual U-Net with GroupNorm, SiLU acti-
vations, skip connections, and a sigmoid output head (Fig. 2b). The condition
vector is constructed as

c = MLP([Em(m), Es(s), Et(t)]) , (3)
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where Em, Es, and Et are learnable embeddings for the requested modality,
source field, and target field, respectively. Each residual block applies Feature-
wise Linear Modulation after GroupNorm:

FiLM(h, c) = (1 + γ(c))⊙GN(h) + β(c), (4)

where γ(c) and β(c) are channel-wise linear projections of c.
The encoder uses a base width of C=96 and increases the channel dimensions

as C, 2C, 4C, 8C; the decoder mirrors this hierarchy with skip concatenations.
Multi-Dconv Head Transposed Attention (MDTA) is applied at intermediate
encoder and decoder resolutions to model channel-wise dependencies efficiently,
while spatial Multi-Head Attention (MHA) operates on the lowest-resolution
features around the bottleneck to provide global spatial context. The sigmoid
head produces the coarse normalized target slice ŷc. Separate embeddings for s
and t preserve the ordering of transformations such as 3T→ 7T and 7T→ 3T,
while the condition triplet (m, s, t) specifies the requested translation.

Fig. 2. FieldMorphUNet architecture. (a) Three challenge tasks share one model Fθ

conditioned on modality and source/target fields. (b) 2.5D FiLM residual U-Net with
MDTA at lower resolutions and spatial MHA at the bottleneck. (c) FiLM residual
block. (d) MDTA channel attention. (e) Spatial multi-head attention.

3.3 Paired and Unpaired Training with Residual Refinement

Training alternates between paired prospective translation and unpaired retro-
spective reconstruction. The paired stream samples (m, s, t, u, z) and supervises
the normalized target slice for an ordered field transformation. The retrospec-
tive stream corrupts a real 2.5D context and reconstructs its clean center slice
under the self-domain condition (m, f, f). This stream regularizes anatomical re-
construction and robustness to degraded inputs without requiring cross-domain
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retrospective pairs. The stage-one objective is

Lstage1 = λ1L1 + λsLSSIM + λpLLPIPS + λgL∇, (5)

where L∇ is the image-gradient loss. All terms are computed in normalized
space with (λ1, λs, λp, λg) = (1.0, 1.0, 0.5, 0.15). The final model does not use
adversarial training.

A compact RefineUNet further corrects the coarse prediction ŷc. It receives
ŷc together with the five-slice primary-modality context Sm,s

z = [Ĩm,s
z−2, . . . , Ĩ

m,s
z+2]

and is conditioned on the same triplet (m, s, t). The refiner predicts a residual
∆ and a spatial gate g ∈ [0, 1]:

ŷf = clip(ŷc + α tanh(∆), 0, 1), ŷr = clip
(︁
ŷc + g ⊙ (ŷf − ŷc), 0, 1

)︁
, (6)

where α=0.1 bounds the correction amplitude. Refinement is optimized in stages:
an initial residual model is trained with the generator frozen, after which the full
five-slice context and adaptive gate are introduced while the generator decoder
is jointly fine-tuned. A final perceptual fine-tuning stage increases LPIPS super-
vision while retaining structural, gradient, and coarse-preservation objectives.

At inference, the identity and anterior–posterior flip paths are mapped to the
same orientation and averaged:

ŷ =
1

2

[︁
ŷr(X) + F−1

AP

(︁
ŷr(FAP(X))

)︁]︁
. (7)

The refined output is used directly (equivalently, β=1) without an additional
classical post-filter, followed by pro calibration.

3.4 Prospective Population Target-Scale Calibration

Normalized inference produces a structural prediction in [0, 1], which must be
rescaled to recover the absolute target intensity. The conventional source-ratio
estimate sratio = rsRm,s→t depends on a median ratio computed from a small
paired cohort. As illustrated in Fig. 3a, the subject-level ratios r(Im,t

u )/r(Im,s
u )

can vary substantially, making the estimated target scale sensitive to the source
intensity.

We instead use a prospective population target-scale prior (pro prior). Let
U train
pro denote the prospective training cohort and define

Rm,t
pro =

{︁
r(Im,t

u ) : u ∈ U train
pro

}︁
, πm,t

pro = median
(︁
Rm,t

pro

)︁
. (8)

The prior is computed once for each modality–target-field pair and provides
a fixed target-domain scale. For the calibration study, we also define πm,t

retro as
the median brain-p99.5 of samples from the corresponding retrospective training
domain. The final prediction uses the pro prior:

sm,t = πm,t
pro , Îm,t = clip(ŷ sm,t, 0, 1) . (9)
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This formulation separates normalized structural synthesis from absolute target-
intensity recovery.

Fig. 3. Calibration evidence. (a) Per-subject ratios r(Im,t
u )/r(Im,s

u ); diamonds mark the
classical median Rm,s→t (T1W 5T→ 7T spans 0.68–1.51). (b)–(c) Population target
priors πm,t

pro and πm,t
retro (brain-p99.5 in max-normalized scoring space).

4 Experiments

4.1 Protocol and Implementation

We used the challenge-provided prospective paired multi-field volumes for su-
pervised translation and retrospective unpaired volumes for self-domain recon-
struction. Image fidelity was evaluated using three-dimensional normalized Root
Mean Squared Error (nRMSE, ∥Î − I∥2/∥I∥2), mean axial Structural Similar-
ity (SSIM), and slice-wise Learned Perceptual Image Patch Similarity (LPIPS).
Tasks 1–2 additionally reported adjusted Dice and volume-consistency scores.
Checkpoints were monitored using a modality-balanced set of translation direc-
tions.

The stage-one generator used five neighboring slices from each of the three
source contrasts (k=2, 15 input channels), a base width of 96, channel multipliers
(1, 2, 4, 8), and a condition dimension of 256. It was trained for 120k iterations
using AdamW [5], a batch size of 6, an initial learning rate of 2×10−4, a ret-
rospective batch ratio of 0.3, and an auxiliary-contrast dropout probability of
0.1. We used exponential moving average weights, mixed-precision training, and
gradient clipping.

The RefineUNet used a base width of 48 and a residual bound of α=0.1.
Its initial, decoder-joint, and perceptual refinement stages were optimized for
4k, 8k, and 12k iterations, with learning rates of 2×10−5, 1×10−5, and 3×10−6,
respectively. The first stage used a batch size of 4, and the two joint stages
used a batch size of 1. Reported results used anterior–posterior flip test-time
augmentation and pro calibration.
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4.2 Main Results

Table 1. Challenge validation results on Tasks 1–3, reported as adjusted means over
subtasks. Dice and Volume apply only to Tasks 1–2.

Task Setting Method SSIM↑ LPIPS↓ nRMSE↓ Dice↑ Volume↑

1 Any→7T Baseline 0.905 0.075 0.304 0.854 0.860
FieldMorphUNet 0.929 0.060 0.259 0.887 0.885

2 0.1T→Higher Baseline 0.866 0.102 0.218 0.766 0.779
FieldMorphUNet 0.903 0.081 0.192 0.879 0.888

3 Any→Any Baseline 0.684 0.217 0.502 — —
FieldMorphUNet 0.916 0.069 0.216 — —

FieldMorphUNet improved all reported metrics over the challenge baseline (Ta-
ble 1). On Task 1, SSIM increased from 0.905 to 0.929 and LPIPS decreased
from 0.075 to 0.060, while nRMSE decreased from 0.304 to 0.259. Task 2 showed
improvements in both image fidelity and segmentation consistency, including
Dice from 0.766 to 0.879 and Volume from 0.779 to 0.888. The largest margin
was observed on Task 3: SSIM increased from 0.684 to 0.916, while LPIPS and
nRMSE decreased from 0.217 to 0.069 and from 0.502 to 0.216, respectively.

Figure 4 presents representative translations from 0.1T to higher target fields
across T1W, T2W, and T2FLAIR. The predictions preserved the major anatom-
ical structures while reproducing the target-field contrast across the evaluated
modalities.

T1W
Source

0.1T Predict GT
T2W

Source
0.1T Predict GT

T2FLAIR
Source

0.1T Predict GT

Target 1.5T

Target 3T

Target 5T

Target 7T

Fig. 4. Qualitative multi-modality translations from source 0.1T to target fields 1.5T,
3T, 5T, and 7T. Each group shows the source, prediction, and target images for T1W,
T2W, and T2FLAIR.

4.3 Controlled Baseline Comparisons

We further evaluated two controlled baselines on Task 3. The plain conditional
U-Net uses a standard encoder–decoder with spatially broadcast one-hot condi-
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tioning and excludes FiLM, attention, residual refinement, and population cali-
bration. A conditional flow-matching baseline [4] provides an alternative genera-
tive formulation. Table 2 reports their adjusted validation metrics together with
the final FieldMorphUNet.

Table 2. Controlled comparisons on the Task 3 challenge validation set.

Method SSIM↑ LPIPS↓ nRMSE↓

Plain conditional U-Net 0.8974 0.0860 0.2712
Conditional flow matching 0.8688 0.1450 0.2907
FieldMorphUNet 0.9160 0.0693 0.2160

FieldMorphUNet achieved higher SSIM and lower LPIPS and nRMSE than
both controlled baselines. The plain conditional U-Net remained closer to the
final model than conditional flow matching, but the complete FieldMorphUNet
formulation improved all three metrics.

4.4 Scale-Recovery Analysis

To isolate the effect of absolute scale recovery, we fixed the generator and refiner
and changed only the scalar sm,t. In each leave-one-subject-out fold, the scale
statistics were recomputed from the remaining prospective subjects. Table 3
compares source-ratio recovery, retrospective and prospective population priors,
and a per-volume oracle scale.
Table 3. Leave-one-subject-out scale-recovery analysis with a fixed generator and re-
finer. Bold denotes the best deployable result; the oracle is a closed-form per-volume
reference bound computed using the target image.

Scale recovery nRMSE↓ SSIM↑ LPIPS↓

Source ratio rsRm,s→t 0.192 0.934 0.052
Retro prior πm,t

retro 0.183 0.935 0.050
Pro prior πm,t

pro 0.154 0.939 0.049
Per-volume oracle scale 0.076 0.946 0.044

Among the deployable strategies, the pro prior achieved the best overall
metric vector. Compared with source-ratio recovery, it reduced nRMSE from
0.192 to 0.154, increased SSIM from 0.934 to 0.939, and reduced LPIPS from
0.052 to 0.049. The retrospective prior provided smaller improvements, whereas
the per-volume oracle reached an nRMSE of 0.076. The remaining gap to the
oracle reflects subject-specific intensity variation that cannot be fully represented
by a single population-level target scale.

5 Conclusion

In this paper, we presented FieldMorphUNet, a conditional framework for multi-
field MRI translation. It separates normalized structural synthesis from absolute
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intensity recovery using a prospective population target-scale prior, while inte-
grating multi-contrast 2.5D context, conditional feature modulation, attention,
and gated residual refinement. Results across the three MRIxFields tasks sup-
port its applicability to multi-field translation, and the leave-one-subject-out
analysis underscores the importance of explicit scale recovery.

The method remains limited by its global population prior, which cannot fully
capture subject-specific or spatially varying intensity, and by its 2.5D design,
which does not enforce full three-dimensional consistency. Evaluation is also
restricted to the challenge data and field strengths. Future work will explore
spatially adaptive calibration, volumetric modeling, and generalization to unseen
field strengths and clinical abnormalities.
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