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Compressed sensing reconstruction End-to-end DL reconstruction

̂x = arg min
x

∥𝒜(x) − k̃∥2 + ℛ(x)
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fastMRI dataset
• Largest public dataset of fully sampled raw MRI measurements

Zbontar, J., Knoll, F., Sriram, A., Murrell, T., Huang, Z., Muckley, M. J., ... & Lui, Y. W. (2018). fastMRI: An open dataset and benchmarks for accelerated MRI. arXiv preprint arXiv:1811.08839.
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E2E VarNet
• Unroll GD iterations in k-space

Sriram, A., Zbontar, J., Murrell, T., Defazio, A., Zitnick, C. L., Yakubova, N., ... & Johnson, P. (2020). End-to-end variational networks for accelerated MRI reconstruction. In International Conference on 
Medical Image Computing and Computer-Assisted Intervention (pp. 64-73). Springer, Cham.
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E2E VarNet
• Unroll GD iterations in k-space

kt+1 = kt − μtM(kt − k̃) + Ψ(kt)xt+1 = xt − μt [𝒜* (𝒜(xt) − y) + Φθ(xt)] ℱ

SME

Φθ

ℱ−1 ℱℰℛ

• Denoiser        is a U-NetΦθ

Can we do better with modern architectures?
Sriram, A., Zbontar, J., Murrell, T., Defazio, A., Zitnick, C. L., Yakubova, N., ... & Johnson, P. (2020). End-to-end variational networks for accelerated MRI reconstruction. In International Conference on 
Medical Image Computing and Computer-Assisted Intervention (pp. 64-73). Springer, Cham.
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Quadratic in # of patches!
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• Swin Transformer for image restoration and super-resolution
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dependencies via SA
- Implicit bias via Conv
- Single-scale processing

Liu, Ze, et al. "Swin transformer: Hierarchical vision transformer using shifted windows." arXiv preprint arXiv:2103.14030 (2021).
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Multi-scale SwinIR
• Missing component: hierarchical, multi-scale representations

U-Net: multi-scale SwinIR: Transformer+Conv

Multi-scale Hybrid Feature Extractor

RSTB-D RSTB-U

RSTB-B

Model GPU mem. mins/epoch Val. SSIM
E2E-VarNet      16GB 9 0.9313

Unrolled SwinIR      16GB 72 0.9216
Unrolled, multi-scale SwinIR      16GB 66 0.9311

≈
≈
≈
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Further improvements
• Adding unrolling

• Adjacent slice reconstruction

HUMUS-Net ℒ( ̂x, x*)
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HUMUS-Net Experiments

Model Val. SSIM Val. PSNR

E2E-VarNet 0.8908 36.77

HUMUS-Net 0.8934 37.04

fastMRI multi-coil knee, 8x acceleration

Model Val. SSIM Val. PSNR

E2E-VarNet 0.9432 (   0.0063)  39.99 (    0.6144)

HUMUS-Net 0.9453 (    0.0065) 40.35 (    0.6460)± ±

± ±

Stanford3D multi-coil knee, 8x acceleration
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