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• Magnetic Resonance Imaging (MRI)

• Invasive, harmless

• Accurate, high-resolution, reproducible

• Providing various contrasts and functional information

Background
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Knee MRI [1,2] Brain MRI [3]

(Glioma)

[1] Huang, J et al,. Enhancing global sensitivity and uncertainty quant if ication in medical image reconstruction with Monte C arlo arbitrary-masked mamba. MedIA, 2025
[2] FastMRI-Plus, https://github.com/microsoft/fastmri-plus

[3] F. Isensee et al,. ‘Brain Tumor Segmentation and Radiomics Survival Predict ion: Contribution to the BRATS 2017 Challenge’ . arXiv, 2018. 



• Magnetic Resonance Imaging (MRI)

• Raw data Collection: in Fourier space (k-space)

• Fully Sample: Time-consuming, artefact

• Undersample + Reconstruction:

• Parallel Imaging: SENSE, GRAPPA……

• Compressed Sensing: TV, ADMM……

• Deep Learning ……

Background
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Cartesian
(Commonly used)

Radial Spiral

Sampling masks:



• Problem in MRI Reconstruction

• MRI reconstruction is formulated as an inverse problem:

Recover x* ∈ ℂⁿ from y ∈ ℂᵐ, M ≪ N, A is is the measurement operator, and ϵ represents

     noise.

Background
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• For Multi-coil MRI, we can expend A containing S coil sensitivity maps, F is the 2D 

Fourier transform, and M is the undersampling mask.

• Optimisation for reconstruction

where R(x) encodes prior knowledge (e.g., wavelet ℓ1, total variation, or CNN-based priors), and λ controls the balance 

between data fidelity and regularisation. 
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• Domain shifts in MRI Reconstruction
Knee Anatomy Shift Brain Stanford Dataset Shift FastMRI

T2 Modality Shift T1 2X Acceleration 
Shift

4X
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•  Three key goals for overcoming domain shifts

1. Strong adaptation to new distributions 

✓ Maintaining high performance despite distribution shifts.

2. Robustness to limited data

✓ Preventing overfitting in medical data-scarce scenarios

3. Fast convergence 

✓ Minimizing adaptation time

• Solution: Test-time Adaptation

✓ No label in test-time

✓ No access to source dataset (distribution information or images)

✓ Adapt multiple domain shifts

Background
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Background

• Test-time Adaptation 

o  Previous works

➢ Single iterative sampling

▪ Score-based prior and Langevin dynamic [3] 

▪ Hyperparameters may not generalize well to test settings and 

strong assumption 

➢ Single-shot iterative method 

▪ Deep image prior based method (c; [4])

▪ Repeated test-time trainings

➢ Batch unrolled adaptation for inverse optimisation (a[1]; b[2]) 

▪ Only suitable for parametric changes (mask and acc ratio)

➢ Batch self-supervised method

▪ FINE[5], Noiser2Noise [6], SSDU (d; [7])

▪ Over-smoothing; require enough data 

[1] G. Davis et al., “Model Adaptation for Inverse Problems in Imaging”, IEEE TRANSACTIONS ON COMPUTATIONAL IMAGING 2021
[2] Zhao Y et al., “Test-Time Model Adaptation for Image Reconstruction Using Self-supervised Adaptive Layers”, ECCV 2024
[3] J. Ajil et al., “Robust Compressed Sensing MRI with Deep Generative Priors ”, NeurIPS 2021
[4] D. Mohammad et al., “Test-Time Training Can Close the Natural Distribution Shift Performance Gap in Deep Learning Based Compressed Sensing”, ICML, 2022
[5] Zhang J et al., “Fidelity imposed network edit (fine) for solving ill-posed image reconstruction”, Neuroimage 2020
[6] Moran N et al., “Learning to Denoise From Unpaired Noisy Data”, CVPR 2020
[7] Yaman B et al., “Self-supervised learning of physics-guided reconstruction neural networks without fully sampled reference data”, Magnetic resonance in medicine 2020

a.

b.

c.

d.



9

• Test-time Adaptation 

➢ Single-slice training

Background

Source

Unstable shift

a. single-slice approach

Target

Repeated 

training

Slow convergence
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• Test-time Adaptation 

➢ Batch/mini-batch training

Background

Wrong 

Mean/Median

fast

Oversmooth

b. Self-supervised approach with few data

Source Target

…
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• Test-time Adaptation 

➢ Can we use Batch training + single training?

✓ Good pretrained weight [1]

✓ Meta-learning [2]

✓ Faster convergence [3]

➢ Our proposed test-time adaptation (D2SA: Dual-Stage Distribution and Slice Adaptation)

1.  Patient-level Adaptation

2. Single-Slice Refinement

Background

Efficient

Precise Mean/Median

c. D2SA

…

Source Target

[1] Barbano, R et al,. ‘An Educated Warm Start for Deep Image Prior-Based Micro CT Reconstruct ion’. IEEE Transact ions on Computational Imaging, 2022
[2] Zhang K et al,. ‘MetaDIP: Accelerating Deep Image Prior with Meta Learning’. Arxiv, 2022

[3] Onishi Y et al,. ‘Self-Supervised Pre-Training for Deep Image Prior-Based Robust PET Image Denoising’. ​IEEE Transactions on Radiation and Plasma Medical Sciences, 2024. 
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[1] Essakine A et al,. “Where Do We Stand with Implicit Neural Representations? A Technical and Performance Survey”. TMLR, 2025
[2] Dupont E et al,. “From data to functa: Your data point is a function and you can treat it like one”, ICML 2022

[3] Park J et al,. “Deepsdf: Learning continuous signed distance functions for shape representation”, CVPR 2019

[4] Zhang M et al., “Implicit Representation Embraces Challenging Attributes of Pulmonary Airway Tree Structures”, MICCAI 2024

• Implicit Neural Network (INR)

➢ Model single data as continuous implicit functions, providing critical advantages such as 

resolution independence, no label, memory efficiency, and generalisation beyond 

discretised data structures. [1] 

•  Function-level Domain Representation Learning

➢ From data to functa [2]: latent modulations (latent vector + coordinate)

➢ DeepSDF learns continuous signed distance functions (SDFs) [3]

➢ INR for topological features in medical field [4]
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[1] Pietro Perona and Jitendra Malik. "Scale-space and edge detection using anisotropic dif fusion". IEEE Transactions on Pattern Analysis and Machine Intelligence 1990.
[2] Chen T et al,. “eature preservat ion and shape cues assist infrared small target detection”, IEEE Transact ions on Geoscience and Remote Sensing, 2024

[3] Metzger N et al, . “Guided Depth Super-Resolution by Deep Anisotropic Diffusion”, CVPR 2023

• Anisotropic Diffusion (AD) Equation (Perona-Malik equation)

➢ A non-linear image smoothing technique that reduces noise while preserving sharp edges and other important features [1]

➢ Applications in deep learning methods

1. Small Target Detection [2] 2. Super-resolution [3]
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• D2SA: TTA Framework-Overview

a. Functional-Level Patient Adaptation b. Structural-Preserving Single-Slice Refinement (SST) 



Proposed Method
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• D2SA: patient-wise TTA framework

a. Functional-Level Patient Adaptation

➢ Affine Transformation

1. Learnable variance shifts 𝛼

2. Learnable nonzero-mean shifts β

➢ MR-INR

Integrate Siren and Fourier feature



Proposed Method
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• D2SA: patient-wise TTA framework

a. Functional-Level Patient Adaptation

Loss Function:



Proposed Method
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• D2SA: patient-wise TTA framework

b. Structural-Preserving Single-Slice Refinement (SST) 

Central Difference Convolution (CDC) 
Angular Difference Convolution (ADC)
Horizontal Difference Convolution (HDC) 

Vertical Difference Convolution (VDC) 
Vanilla Convolution (VC)

[1]

[1] Chen Z et al,. “ea-net: Single image dehazing based on detail-enhanced convolution and content-guided attent ion”, IEEE Transactions on Image Processing 2024
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• D2SA: patient-wise TTA framework

b. Structural-Preserving Single-Slice Refinement (SST) 

Central Difference Convolution (CDC) 
Angular Difference Convolution (ADC)
Horizontal Difference Convolution (HDC) 

Vertical Difference Convolution (VDC) 
Vanilla Convolution (VC)



Proposed Method
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• D2SA: patient-wise TTA framework

b. Structural-Preserving Single-Slice Refinement (SST) 

Loss Function:
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➢ Mathematical Analysis for Proposed Methods

• We provide a view how the learned parameters 𝛼 and 𝛽 enable effective adaptation under 

distribution shifts. First, consider a target distribution:

• Here, 𝑈 ∈ 𝑅𝑛×𝑑is an orthonormal basis for the signal subspace, and 𝜇𝑄 represents the mean 
shift in the test distribution with small size. Our goal is to estimate x under this shift. The optimal 
test-time adaptation estimator is:

• Where 𝛼 adjusts for variance shifts, and 𝛽 corrects mean shifts. The self-supervised loss is 
formulated as:

• Solving for the optimal 𝛼* and 𝛽* by first-order derivatives

• Thus, α and β optimise independently, where 𝛼* dynamically adapts to noise variance shifts, and 

𝛽* corrects mean shifts.

Proposed Method
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• Domain shifts (𝑆: Source; 𝑇: Target)

➢ Anatomy shift (𝑆: Knee and 𝑇: brain); FastMRI [1]

➢ Dataset shift (𝑆: Stanford-knee and 𝑇: FastMRI)

➢ Acquisition shift (𝑆: T2, and 𝑇: T1pre), FastMRI

➢ Acceleration shift (𝑆: 2x and 𝑇: 4x); FastMRI

• Compared Methods

➢ Single-slice training (SST)

▪ DIP-TTT [3]: A single-slice test-time training method based on Deep Image Prior (DIP).

➢ Batch-level training (patient-wise training)

▪ FINE [4]: A batch TTA technique using fidelity-based constraints

▪ Noiser2noise (NR2N) [5, 6] and SSDU [35]: Self-supervised approaches suitable for patient-wise TTA

➢ Batch-level training + SST

• Our Methods (pluggable)

➢ Stage 1: Functional-Level Patient Adaptation

▪ FINE + MR-INR/ NR2N + MR-INR/SSDU+MR-INR

➢ Stage 2: Single-Slice Refinement (SST)

▪ FINE + MR-INR+SST/ NR2N + MR-INR+SST/SSDU+MR-INR+SST

Experiment

[1] https: //fastmri.med.nyu.edu/
[2] http: //mridata.org/list?project=Stanford%20Fullysampled%203D%20FSE%20Knees

[3] D. Mohammad et al., “Test-Time Training Can Close the Natural Distribution Shift Performance Gap in Deep Learning Based Compressed Sensing”, ICML, 2022

[4] Zhang J et al., “Fidelity imposed network edit  (f ine) for solving ill-posed image reconstruction”, Neuroimage 2020
[5] Moran N et al., “Learning to Denoise From Unpaired Noisy Data”, CVPR 2020

[6] Yaman B et al., “Self-supervised learning of physics-guided reconstruction neural networks without fully sampled reference data”, Magnetic resonance in medicine 2020

https://fastmri.med.nyu.edu/
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• Main Results

Experiment
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• Main Results

Experiment
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• Qualitative Results-UNet

Experiment
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• Qualitative Results-VarNet

Experiment



• Ablation studies-UNet (anatomy shift)

• Impact of different learning rates

Experiment

• Different INR-UNet (anatomy shift)
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Conclusion

➢ More results in paper and supplementary

o Quantitative results of same domain shifts

o Qualitative results of other methods (NR2N, SSDU)

o Detail of mathematical analysis …….

➢ Dual-Stage Distribution and Slice Adaptation (D2SA), a test-time 
adaptation framework that enhances MRI reconstruction under distribution 

shifts.

➢ Leverage MR-INR, D2SA performs patient-wise adaptation to model 

mean/variance shifts

➢ Use a learnable anisotropic diffusion (AD) module in structure-preserving 

single-slice refinement.

➢ Extensive Validation on multiple domain shifts
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Thank you!
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