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Abstract. Magnetic Resonance Imaging (MRI) acquired at different
field strengths exhibits pronounced variation in noise, resolution, ho-
mogeneity, and contrast, which limits comparability across acquisition
settings and complicates downstream analysis. We address this with a
unified conditional model for controllable field-to-field synthesis, built on
the framework of conditional latent bridge matching. Our single model
achieves highly competitive results across the validation phase for all
three tasks of the MRIxFields2026 challenge without task-specific ar-
chitectures or training. We achieve fast generation with only a single
inference step, producing all modality and field-strength combinations
for 30 axial slices in under 90 seconds, as well as cross-modality-strength
translation for a full volume in under 70 seconds, on a single NVIDIA
A5000 GPU. We further provide extensive ablations regarding different
components of our solution.
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1 Introduction

Magnetic Resonance Imaging (MRI) is a widely used method for non-invasive
medical 3D imaging, providing both tissue and anatomical contrast for clinical
diagnosis and medical research. MRI quality is highly dependent on the magnetic
field strength of the acquisition scanner, with strengths ranging from ultra-low-
field portable scanners at 0.1T, to clinical scanners in point-of-care settings at
1.5-3T, to ultra-high-field research scanners at 7T. Images acquired at different
strengths vary substantially regarding geometric artefacts, signal-to-noise, reso-
lution, homogeneity, and contrast, significantly affecting multi-site studies and
the clinical translation of downstream machine learning models trained on such
varied data.

Generative machine learning models based on flow or diffusion frameworks
have the potential to infer high-field-equivalent anatomical structures from low-
field inputs, overcoming physical hardware gaps. The Generalizable Cross-Field
MRI Translation and Harmonization Challenge (MRIxFields2026) aims to pro-
vide a single benchmark for cross-field harmonisation and synthesis and advance
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multimodal clinical translation. The dataset consists of MRI volumes from 0.1T
to 7T using T1, T2, and T2FLAIR modalities, split into two partitions: a large
unpaired set of 1,900+ volumes, and a smaller paired set of 40 travelling-cohort
volunteers (3 for training, 17 for validation, and 20 for testing); each volunteer
in the paired set is scanned across all modalities and field strengths.

We propose a single unified conditional framework for all three tasks of the
MRIxFields2026 challenge: ultra-high-field (7T) synthesis from arbitrary input
field strengths (0.1T, 1.5T, 3T, 5T), higher-field (1.5T, 3T, 5T, 7T) genera-
tion from ultra-low-field MRI, and controllable field-to-field MRI synthesis. Our
method encodes the source, target, and auxiliary modality slices into a shared
latent space using a variational encoder; a separate lightweight condition encoder
encodes the source field strength, target field strength, and target modality. A
drift model then learns the conditional latent flow to transport the source latent
toward the target latent; the resulting target latent is decoded back to pixel
space using a variational decoder. At inference time, our method predicts the
target latent in a single ODE step, enabling fast image synthesis: in practice, we
generate all 4 x 3 field and modality combinations for 30 axial slices of a single
volume in approximately 90 seconds on a single NVIDIA A5000 GPU.

2 Background

2.1 Rectified Flow and Bridge Matching

Rectified flow [7] and bridge matching [2] are methods that transport a source
distribution onto a target distribution by constructing deterministic (stochastic
in the bridge matching case) interpolants between samples and estimating the
drift of the ODE (SDE in the bridge matching case) of the process using a neural
network. Consider two distributions 79 and 7; from which we sample X ~ 7,
X, ~ m independently. Rectified flow constructs the linear interpolant

Xe=(1—-1)Xo +tXy, te€[0,1]

which recovers Xy at t = 0 and X7 at t = 1. The time derivative of X is constant

along the interpolant
d

and describes the velocity to follow a straight path [7]. This velocity field is
modelled as a neural network vy (X, t) using a least-squares objective:

X, X, = X, — X, (1)

0" := argminE x, x, [loo(X,6) = (X1 = X)IF| . t~r®), ()

where 7(t) is the timestep distribution — whose minimiser is the conditional mean
of the line directions X; — X that pass through = at time ¢

’Ug*(x,t) ~ ]E[Xl — XQ | Xt = Z‘]
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Bridge matching [2] instead models the stochastic interpolant X, as a general
Brownian bridge between endpoints X, and X;:

Xt:(l—t)X0+tX1+0'Bt7 t e [0, 1] (3)

where B, is a standard Brownian bridge process and ¢ > 0 is the diffusion
coefficient; note that By = 1/t(1 — t)e,e ~ N (0, I) using the reparameterisation
trick, and is pinned at both ends By = B; = 0. In this case, the dynamics are
governed by a stochastic differential equation (SDE), rather than an ordinary
differential equation (ODE) as in eq. (1):

(X1 — Xy)

dXt:
1-t

dt + od ¥, (4)

where W; is a Brownian motion. As before, we fit a neural network vy (X, ) (the
drift network) to model the drift term using least squares,

. X, - X)) |7
argemmIEt’XO,X1 vo( X, t) — (1741‘/) ] (5)
which recovers the marginal drift E {Xll%ft Xt} independent of X;.

2.2 Inference

After training vy using eq. (5), it approximates the marginal E[Xi:f‘ ’Xt],
which no longer depends on the unknown endpoint X; as in eq. (4). Therefore,
we can generate a sample from m; by first sampling X ~ 7y and integrating the
learnt SDE

dXt = Ug(Xt, t) dt + O'th

from t = 0 to t = 1, where W} is a standard Brownian motion. This integral can
be discretised and solved using Euler-Maruyama: on an interval 0 = 19 < 71 <
-+ < 1n = 1 with step size At = 7,41 — T, We initialise X ~ 7 and iterate

Xng1 = X +09(Xn, ) At + 0 AW,,, AW,, ~ N(0, At), (6)

where the increments AW, are those of a Brownian motion rather than a bridge,
since the endpoint is no longer fixed at inference. The final iterate X; approxi-
mates a sample drawn from 7.

3 Method

Performing bridge matching directly in pixel space is computationally expensive
at high resolution. We therefore adapt the latent-diffusion paradigm [10] and
perform bridge matching in a smaller learnt latent space, called latent bridge
matching [2]. Specifically, an encoder maps an image to a lower-dimensional



4 S. Srivastava, T. Bretschneider
Input X oo » L= AecLrec + ALPIPSLLPIPS + AKLLKL < Reconstruction X

Latent Space

Variational Autoencoder (VAE)

Fig. 1: Training pipeline for the variational autoencoder.

latent space, the generative process is run in latent space, and a decoder recon-
structs the image in pixel space.

In our approach we finetune a pretrained variational autoencoder (VAE) [4],
consisting of an encoder £ and a decoder D, on 2D axial slices from the large
unpaired dataset. Formally, the samples Xy ~ m9 and X; ~ m; are encoded to
a latent space Zy := £(Xy), Z1 := E(X1). Then, we adapt eq. (3) to form the
latent stochastic interpolant Z;

Zy=(1—=t)Zy+ t(Z1) + 0B, t € 0,1] (7)
which then leads to the latent bridge matching (LBM) loss based on eq. (5)

(Zy - Zy) ||

1-1¢

U@(th) -

(8)

Lrem = Einrt),x0,x,

Inference in latent space follows section 2.2, except that we use the dynamics
of dZ; = vg(Z, t) dt + o dWy, and the final approximation Z; is decoded out of
latent space as X7 := D(Z1).

3.1 Models

Variational Autoencoder. We initialise a variational autoencoder from the sd-
research/stable-diffusion-2-1-base checkpoint and finetune on the un-
paired dataset: we showcase this training in Figure 1. Given an input slice X,
the encoder predicts the parameters of the approximate Gaussian posterior pa-
rameterised by p and o, from which the latent code z is sampled using the
reparameterisation trick [4] and passed to the decoder for reconstructing X.
The VAE is optimised end-to-end using the objective

L = AecLrec + ALpipsLipips + AKLLKL 9)

where L, is the pixel-wise reconstruction loss, L1 prpgs is the learned perceptual
image patch similarity (LPIPS) [14] loss, and Ly, is the reverse KL divergence
[6] between N (1, 0?) and N(0,I).
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Fig. 2: Training conditional latent bridge matching model for MRI synthesis.
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Bridge Model. The drift function vy is initialised from the Marigold-Depth [3]
model, specifically the prs-eth/marigold-depth-v1-1 checkpoint; Marigold is
itself based on the Stable Diffusion (SD) v2 [10] UNet [11] and adapted to per-
form image-to-image translation for various image analysis tasks [3]. We extend
Marigold’s input convolutional layer to accept a 16-channel latent, corresponding
to four latent groups of four channels each: the input image, the target image,
and the two auxiliary modality condition slices, shown in Figure 2. We initialise
the expanded convolution and replicate the weights of the first four input chan-
nels threefold and rescale by a factor of 1/3; the weights of the remaining four
channels are copied without modification. This initialisation preserves the net-
work’s response at the start of training and is consistent with the initialisation
used in Marigold [3]. vy is optimised end-to-end using the objective

L = LM + ArecLrec + ALpipsLrpips + AssimLssvm (10)

where L1y is the LBM loss defined in eq. (8), Lye is the reconstruction loss,
Lipips is the LPIPS [14] loss, and Lggny is the structural similarity index mea-
sure (SSIM) [13] loss (defined as 1 — SSIM).

Condition Encoder. The Stable Diffusion UNet backbone of Marigold is a text-
to-image model and hence utilises additional conditioning inputs to guide the
image generation process using cross-attention. We leverage this setup and de-
sign a lightweight condition encoder to encode the source strength (i.e. the field
strength of the input Xj), the target modality and the target strength to guide
the cross-strength translation. The source and target strengths, s5°¢, s*8% are first
normalised to [0, 1] by the maximum field strength in the dataset and mapped
to fixed sinusoidal encodings

27k
K-1

~(s) = [sin(s - wg); cos(s - wk)]fz_ol e R?K wy, =

with K = 8. The resulting vectors v(s°¢) and ~(s*") are then independently
projected to cross-attention space (R1°24 in the case of SD 2.1) through a learnt
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linear map. The target modality is projected to the same cross-attention space
using a learnt embedding table. The three embeddings are stacked to form the
condition embedding, which is appended to the cross-attention context of vy.

3.2 Training

VAFE Pretraining. We first train a variational autoencoder on the large unpaired
dataset to encode and decode samples to latent space, following the paradigm of
latent diffusion [10]. The loss combines the reconstruction, KL, and perceptual
terms from eq. (9): Aree = 0.5 with Lec = L', Ak, = 1x 1075, and Apprps = 0.1,
where L1prps uses the VGG network [12] applied patch-wise with patch size 64
and stride 64. We train for 25,000 optimiser steps with AdamW [8], batch size
4, and 4 gradient accumulation steps, using 2,500 linear warm-up steps to a
peak learning rate of 3 x 10~°. Weights are tracked with an exponential moving
average (EMA) (8 = 0.9997). We train on 3 NVIDIA A10 GPUs for a total of
28 hours.

Drift Model. We train the drift model and condition encoder on the smaller
paired dataset using the bridge matching loss from eq. (10) with ¢ = 0.001
and the weighted time schedule 7(t) = 0.95;—¢ + 0.0250;—¢.25 + 0.050;—0.5 +
0.0258;—9.75. The loss weights nRMSE reconstruction (Ayec = 0.1), SSIM (Agsim =
0.1), and AlexNet [5] LPIPS [14] (ALpips = 0.2). The pipeline trains end-to-end
with AdamW [8], batch size 2 and 16 gradient accumulation steps, over 500 lin-
ear warm-up steps followed by 10,000 training steps. The drift model vy uses
a learning rate of 3 x 107°; the condition encoder uses 1.5 x 10™*. We apply
ZeRO-1 [9], mixed precision, and an EMA of the weights (8 = 0.9995). Our
model trains on 3 NVIDIA A10 GPUs for 40 hours.

3.3 Inference

At inference we are given three source contrasts (T1, T2, and T2FLAIR) of a
subject, all imaged at field strength s°'°, and we wish to generate a volume of
the same subject at target modality m'® and target strength s'8*. We generate
each slice independently along the axial axis by first centre-cropping the three
source contrasts to 384 x 384 and encoding each to latent space with the VAE
encoder, producing three 4-channel latents that are concatenated to form the
12-channel source tensor Zg.. vg operates on a 16-channel input formed by
concatenating this source tensor with the bridge state Z; from eq. (3); however,
since Z; is unavailable at inference (we wish to predict this target latent), we
simply initialise the bridge state at Zg, i.e. Z; := Zg. The triplet (s5¢, mtt stst)
is mapped by the condition encoder to a condition embedding, which together
with Zg,. is fixed throughout integration. The bridge integration proceeds as per
section 2.2 on [Zg; Z4]; after N steps, the predicted target latent Zy is mapped
back to pixel space using the VAE decoder, and finally zero-padded back to the
original resolution.
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Fig. 3: Results for Task 1 and Task 2 using our single unified model. (a) TIW
model outputs and deep grey matter (DGM) segmentations for ultra-high-field
synthesis from low-field 2D slices (Task 1, z = 160). (b) Axial TIW model
outputs and DGM segmentations for higher-field image synthesis from ultra-low-
field slices (Task 2, z = 160). (c) Sagittal TIW outputs and DGM segmentations
for higher-field image synthesis from ultra-low-field slices (Task 2, z = 160).

4 Results

We present our validation results for all three tasks of the MRIxFields2026 chal-
lenge in Table 1. Our unified model is competitive across all metrics on all
three tasks on the validation leaderboard. We show outputs of our model and
deep grey matter (DGM) segmentations in Figure 3. Figure 3a showcases ultra-
high-field (7T) synthesis from low-field slices for four subjects on the validation
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Fig.4: Ablation across o, noise schedules 7(t), and number of inference steps.

dataset, overlaid with their corresponding SynthSeg segmentations [1]; Figure 3b
showcases higher-field synthesis from a 0.1T volume for a single input subject.
Our synthesis enhances detail and contrast in each of the slices with increasing
field strength and preserves the size and location of DGM structures across all
higher-field slices. Lastly, Figure 3c shows that since our method generates each
2D axial slice of a volume independently, inter-slice intensity consistency is re-
duced, shown as banding artefacts in sagittal sections. It is possible to reduce
thse artefacts by generating volumes along the three spatial orientations and
averaging; this improves every metric (e.g. lowers nRMSE from 0.289 to 0.266
on Task 1, 0.202 to 0.188 on Task 2, 0.230 to 0.219 on Task 3) except LPIPS
(0.072 to 0.077 on Task 1, 0.092 to 0.103 on Task 2, 0.081 to 0.083 on Task 3)
at the cost of triple the inference time per volume.

4.1 Ablations

For our ablations, we train all Table 1: Validation metrics.
models for 5,000 steps with

250 1i - t t
Hiear Warth-p s5eps 80 & - sk SSIM LPIPS nRMSE Dice Volume

peak learning rate of 3 x 10

and track the weights with an  Task 1 0.914 0.072 0.289 0.898 0.880

EMA (8 = 0.9995) using the Task 2 0.885 0.092 0.202 0.857 0.839
Marigold UNet. We use our Tagk 3 0.902 0.081  0.230

pretrained VAE for all experi-
ments and only focus on the drift model vg; without loss of generality, we train on
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2 out of 3 volunteers in the paired dataset and validate on the held-out volunteer.
Our best model uses the Marigold UNet with ¢ = 1072 and the discrete-weighted
schedule, achieving SSIM = 0.9269 in 1 inference step.

Impact of timestep distribution 7(t). We test three choices of the timestep dis-
tribution 7(¢): a uniform distribution 74(t) = U([0, 1)), a discrete-weighted dis-
tribution Tow () = 0.90:=¢ + 0.0255;—0.25 + 0.055;—0.5 + 0.0255,—¢ 75 (from the
original LBM paper [2]), and lastly a discrete-uniform distribution mpy(t) =
U({0,0.25,0.5,0.75}). The results are shown in Figures 4a to 4c.

Impact of bridge noise o. We ablate values for the bridge noise o in eq. (7): we
test ¢ = 0,0.1,0.01,0.001. o = 0 is the flow-matching (FM) instantiation. The
results are shown in Figures 4a to 4c.

Impact of model vg. We test the impact of two different choices of vy: the original
SD 2.1 UNet from the sd-research/stable-diffusion-2-1-base checkpoint,
as well as the Marigold-Depth model (Figure 4d). The SD 2.1 UNet has its
conv_in weights replicated 4 times and rescaled by 1/4 to accept a 16-channel
latent.

5 Conclusion

We present a single, unified model addressing all three tasks of the MRIx-
Fields2026 challenge, based on conditional latent bridge matching. We can im-
prove our method by generating volumes along three spatial orientations and
averaging, producing improved distortion metrics at the expense of perceptual
metrics, and at the cost of higher inference time.
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