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Abstract. Low-field MRI offers a cost-effective and portable alterna-
tive to conventional high-field systems, but its clinical use is limited
by reduced image quality. Recent advancements in deep learning have
aimed to enhance low-field scans, including approaches based on GANs,
stochastic quality transfer, and denoising diffusion models. In this paper,
we introduce a bridged denoising diffusion model that explicitly aligns
the latent spaces of low- and high-field MR images through a learned
bridging model. At a predefined timestep in the diffusion process, a
bridge network translates the noisy low-field representation into the high-
field domain, enabling the downstream diffusion model, trained solely on
high-field data, to generate high-field-like images. The proposed method
is trained on paired 3T and 0.64 mT scans across multiple contrasts,
based on the "Enhancing Ultra-Low-Field MRI with Paired High-Field
MRI Comparisons for Brain Imaging" challenge. On the hidden valida-
tion set, our method achieved an SSIM of 0.779 and a PSNR of 22.85
dB, outperforming alternative configurations in ablation experiments.
We show that our model can significantly enhance low-field images.

Keywords: Low-field enhancement, MRI enhancement, Denoising dif-
fusion

1 Introduction

MRI is a cornerstone imaging modality due to its excellent soft tissue contrast
and non-ionizing nature [1]. It offers versatile imaging capabilities across multiple
anatomical regions and clinical indications, while being an extremely valuable
research tool. Despite its advantages, conventional MRI systems are often ex-
pensive, immobile, and require significant operational infrastructure. The limited
accessibility of conventional MR scanners is primarily due to their high costs.
[2, 3]

To address these, low-field (<0.1 T) MR scanners have recently seen a resur-
gence in interest as a more accessible and cost-effective alternative [4]. With
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Fig. 1. A comparison of paired 3T and 0.64 mT MR images in three different contrasts.
From left to right: T1-w, T2-w, FLAIR. Top row: low-field, bottom row: high-field.

portable designs based on permanent magnets and lower infrastructural require-
ments, these devices can be deployed outside conventional MRI suites, such
as for point-of-care imaging [5, 6]. While recent works have demonstrated the
feasibility of these systems in detecting numerous conditions [7–9], obtaining
diagnostic-quality images with these systems remains a challenge [10].

Approaches to low-field MRI enhancement have included image-to-image
translation methods based on GANs, which aim to synthesize high-field quality
images from paired low-field inputs [11]. While effective, such models can suffer
from instability and hallucinated features. Other efforts have explored alterna-
tive strategies such as stochastic image quality transfer, which avoids adversar-
ial training by learning uncertainty-aware mappings between low and high-field
images [12]. In parallel, denoising diffusion models have gained momentum in
the MRI community, particularly in the context of accelerated MRI reconstruc-
tion [13, 14]. Although originally applied to reconstruct undersampled k-space
acquisitions, the same modeling principles have been adapted to the low-field
enhancement setting with promising results as well [15, 16].

In this paper, we propose a bridged denoising diffusion model and training
scheme to enhance low-field images to their paired high-field counterparts. We
describe our methodology in depth and present results on a challenge setting.

2 Materials and Methods

Figure 2 shows an overview of the bridged denoising diffusion model that we
propose. Our method has two main components, namely the bridge and the
denoising diffusion. In both of the components, we combine the three contrasts
of each sample along the channel dimension, promoting the networks to learn
and cross reference using all three contrasts.

2.1 Dataset and task

We conduct all of our experiments with a dataset of 50 paired 3D MR images
with an addition of a validation and test set that is withheld from us. All scans



Bridged Denoising Diffusion for Low-Field Enhancement 3

Fig. 2. An overview of the bridged denoising diffusion model for low-field MR en-
hancement. Two diffusion tracks are presented. On top: high-field, below: low-field.
The timesteps from left to right range from t = 0 to t = T . The bridging step, parame-
terized by the bridge network ϕbridge bridges the gap between xLF and xHF at t = K.

are resampled to an isotropic resolution of 1 mm3. The pairs consist of 3T
and 0.64mT MR scans in T1-w, T2-w, and FLAIR contrasts. All scans are co-
registered. The challenge data is acquired using a Siemens Biograph mMR (3T)
scanner and a Hyperfine Swoop (64mT) scanner. An example is presented in
Section 1. We measure the average SSIM [17] index and the PSNR of the paired
samples as 0.547 and 17.35 dB respectively. The enhancement task is therefore
defined as producing pseudo high-field samples that score higher.

2.2 Denoising diffusion

Denoising diffusion models are defined with the forward operator as defined by
Ho et al. [18]:

q(xt | x0) = N (xt;
√
ᾱtx0, (1− ᾱt)I) (1)

Given the clean starting sample x0, we derive a noisy version xt at timestep t
with the noise coefficient ᾱt where ᾱt =

∏t
s=1 αs and αs = 1 − βs and βs is a

predefined noise schedule. This results in Gaussian noise being added on top of
the clean sample gradually. We use a cosine based noise schedule. The objective
of the denoising diffusion network is to reverse this process by predicting the
noise at the given timestep and denoise with the following process:

pθ(xt−1 | xt) = N
(
xt−1;µθ(xt, t), σ

2
t I
)

(2)

defining,

µθ(xt, t) =
1

√
αt

(
xt −

βt√
1− ᾱt

ϵθ(xt, t)

)
(3)
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The neural network ϵθ, with its output ϵθ(xt, t), is conditioned by the noisy
image and the timestep. The training objective is defined as the negative log
likelihood of the Gaussian noise prediction and sample, which reduces to an ℓ2
norm for Gaussian distributions. We define this training objective, hence loss
function as Lnoise such that:

Lnoise = Et,x0,ϵ

[∥∥ϵ− ϵθ(
√
ᾱtx0 +

√
1− ᾱtϵ, t)

∥∥2] (4)

Additionally, we optimize the denoised output µθ(xt, t) with two extra terms.
One loss term is based on the SSIM index, and the other is an edge-aware loss
function, Lsobel, derived from the Sobel operator [19] and extended for 3D inputs.
Given the predicted denoised output x̂0 and the sample x0 we convolve with the
Sobel kernels (S) along each spatial axis to calculate gradient outputs.

Gx = Sx ∗ x, Gy = Sy ∗ x, Gz = Sz ∗ x (5)

Here, ∗ denotes 3D convolution, and Sx, Sy, Sz ∈ R3×3×3 are discrete 3D Sobel
kernels that approximate the partial derivatives of the image along the x, y, and
z axes. The gradient magnitudes are then approximated and combined:

∇x ≈ tanh(
√

G2
x +G2

y +G2
z) (6)

We use the tanh non-linearity to bound the gradients. We calculate the Sobel
loss as:

Lsobel = ||∇x̂0 −∇x0|| (7)

2.3 Bridging network

At a predefined timestep K in the diffusion process, we perform a cross-domain
transition from the noisy low-field sample xLF

K to its high-field counterpart xHF
K .

While both are noised representations of paired scans, we observe a substantial
mismatch in their latent distributions at this stage similar to Zhao et al. [20].
This discrepancy poses a challenge for the denoising process, which is trained
solely on the high-field domain and expects inputs to lie within its data manifold.

To address this issue, we propose a dedicated bridge network that learns to
translate xLF

K into an intermediate representation that better aligns with the la-
tent space of xHF

K . This network is trained exclusively on noised paired samples
and optimized to minimize the distance between its output and the correspond-
ing high-field sample at timestep K. By explicitly modeling the domain gap at
the noisy level, the bridge facilitates a smoother transition and enables the diffu-
sion model to operate effectively in generating enhanced high-field-like outputs
from low-field inputs.

We define the bridge network with parameters ϕbridge, which takes the noisy
low-field input at timestep K, xLF

K , and produces an improved latent represen-
tation aligned with the high-field domain:

x̂HF
K = xLF

K + ϕbridge(x
LF
K ) (8)
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To train this network, we use the following loss terms. First, we enforce latent
alignment by minimizing the ℓ2 distance between the predicted representation
x̂HF
K and the true high-field sample xHF

K at the same timestep. Second, we lever-
age the fact that xHF

K is constructed by adding Gaussian noise ϵK to the clean
high-field image xHF

0 . By subtracting the same noise from the predicted repre-
sentation x̂HF

K , we recover an estimate of the clean high-field image, x̂HF
0 . We

then introduce an additional ℓ2 loss term between x̂HF
0 and the ground truth

xHF
0 to guide the bridge network toward producing representations more suit-

able to denoising. Finally, we regularize the bridge network with a third loss term
that enforces a form of self-identity. After each standard training step, we input
the high-field sample into the bridge and encourage the network to produce a
minimal residual. Specifically, we use the high-field label as input and minimize
the following identity loss:

Lidentity = ||xHF
K −

(
xHF
K + ϕbridge(x

HF
K )

)
||22 (9)

This term ensures that the bridge network does not unnecessarily change in-
puts already aligned with the high-field distribution, promoting stability and
preventing overcorrection.

2.4 Inference

In addition to the conventional denoising diffusion inference algorithm, we find
adding intermediate steps that further "correct" at each timestep, inspired from
the Predictor-Corrector (PC) sampling of Chung et al. [21], increases denoising
efficiency. We use the following algorithm. At each timestep, instead of denoising
and adding the noise for the next timestep, we iterate on the same noise level
with the same noise sample.

We define two operators to simulate the forward and reverse diffusion pro-
cesses to simplify the pseudo-code given later in this subsection. AddNoise adds
noise to a clean sample x0 at timestep t. RemoveNoise denoises a noisy sample
xt at timestep t using the predicted noise ϵθ(xt, t):

AddNoise(x, ϵ, t) =
√
ᾱt · x+

√
1− ᾱt · ϵ (10)

RemoveNoise(xt, ϵ, t) =
1

√
αt

(
xt −

βt√
1− ᾱt

· ϵ
)

(11)

With all the components in place, we construct our full inference algorithm, as
shown in Algorithm 1, for enhancing low-field samples to their high-field counter-
parts. We use J = 3 for the refinement loop of the algorithm.

3 Experiments and Results

We evaluated our method on the hidden validation set of the challenge by submit-
ting enhanced pseudo high-field images generated from the corresponding low-
field inputs. All performance metrics, unless otherwise stated, were computed
by the challenge organizers. For all models, intensities of the input volumes were
normalized to the range [−1, 1].
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Algorithm 1: Inference algorithm used. In succession the bridging and
then the denoising diffusion produces the pseudo high-field sample x̂HF

0 .
ϵK ∼ N (0, 1);
xLF
K ← AddNoise

(
xLF
0 , ϵK ,K

)
;

x̂HF
K ← xLF

K + ϕbridge(x
LF
K );

x̂HF
0 ← RemoveNoise

(
x̂HF
K , ϵK ,K

)
;

for i = K, ..1, do
ϵi ∼ N (0, 1);
for j = J, .., 1 do

x̂HF
i ← AddNoise

(
x̂HF
0 , ϵi, i

)
;

x̂HF
0 ← RemoveNoise

(
x̂HF
i , ϵθ(x̂

HF
i , i), i

)
;

return x̂HF
0

3.1 Model Training

We trained our denoising diffusion model solely on high-field images. We combine
all three contrasts along the channel dimension, enabling cross-contrast learning.
The network architecture follows the U-Net design proposed by Karras et al. with
[22]. We extended this network to work with 3D convolutions. This network was
trained using the AdamW [23] optimizer with a learning rate of 0.0003. We used
3D patches of size (128, 128, 32) for training. Since the high-field images from the
hidden validation set were not available, we report performance on an internal
test set of 5 scans. Using our proposed inference strategy, the model achieved
an SSIM of 0.91 and a PSNR of 30.12 dB. These values represent the upper
bound of achievable quality for our full pipeline since, this level simulates an
ideal bridge as we stay in the high-field domain.

We trained the bridge network using the Swin UNETR [24] architecture,
focusing on noise levels between timesteps 250 and 750 (out of 1000). We choose
this wider spectrum both as a method for better generalization and to give us the
room to alter the bridging point later on in the pipeline. For the final pipeline,
we selected K = 400 as the bridging timestep. At this level, the bridge model
achieved an average MSE of 0.05 between predicted and ground truth noisy high-
field samples in out internal test set, indicating better latent space alignment
under noise, since without the bridge model this average is 0.32.

3.2 Low-Field Enhancement

We combined the trained bridge network and high-field diffusion model to per-
form full enhancement of low-field MR images. The model produced pseudo high-
field outputs from the low-field validation set samples, which were evaluated by
the challenge organizers. Our model operated on 3D patches of size (128, 128, 32),
using a sliding window inference with an overlap of 0.7. Our method achieved an
SSIM of 0.779 and a PSNR of 22.85 dB on the hidden validation set. This con-
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firmed that the bridged diffusion approach significantly narrows the gap between
low and high-field quality. An example of this is shown in Figure 3.

3.3 Ablation Study

We conducted an ablation study to evaluate the contribution of each component:

1. Neither diffusion nor bridge model: Using low-field samples as high-field sam-
ples. Assuming xLF

0 ≈ xHF
0 .

2. No diffusion model: Applying the bridge, removing the added noise perfectly.
Given ϵK added to xLF

0 to make xLF
K , we remove ϵK from ϕbridge

(
xLF
K

)
without any diffusion.

3. No bridge model: Assuming xLF
K ≈ xHF

K . Using the diffusion network to
denoise xLF

K .
4. Full pipeline: As described in Algorithm 1.

The results as calculated by the organizers are listed in Table 1.

Component Metrics
Model Bridge Diffusion SSIM PSNR MAE NMSE

1 0.569 17.544 0.072 0.234

2 ✓ 0.756 22.712 0.036 0.072

3 ✓ 0.601 17.602 0.07 0.231

4 ✓ ✓ 0.779 22.85 0.034 0.070
Table 1. Ablation study showing the contribution of various components. All metrics
are calculated by the challenge organizers on the secret validation set.

4 Discussion and Conclusion

We presented a bridged denoising diffusion model that enhances low-field MR
images by explicitly aligning their noisy representations with those of high-field
images. By introducing a bridge network at a specific diffusion timestep, we en-
able a denoising diffusion model to effectively process low-field inputs into pseudo
high-field outputs. Our ablation study shows that both the bridge and the dif-
fusion components contribute: the bridge improves latent alignment, while the
diffusion model provides high-quality reconstruction. Their combination leads to
the highest performance. However, we observe that the contribution of the de-
noising diffusion model is relatively small compared to the bridge model. Further
improvements in this regard should be made.

While our method relies on paired training data, future work could explore
semi-supervised or unpaired approaches for broader applicability and data avail-
ability. Overall, our framework offers an effective solution for low-field MRI en-
hancement.
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Fig. 3. Example result of the low-field enhancement. From left to right, low-field,
pseudo high-field, and the ground truth high-field sample. Three views of the same
scan are presented in all three contrasts.
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