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FIGURE S1 : Samples and xMMSE from intermediate distributions are presented here. Each xMMSE

is the average over 10 samples.
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Implementation Details of Networks

The architecture of RefineNet36 is U-Net based as shown below. The ref, res, rcu, msf and crp are
abbreviations of refine block, residual block, residual convolution unit, multi-resolution fusion and
chained residual pooling. All the blocks used in the neural networks are conditional on noise scales.
For a discrete score network, the conditioning is achieved by instance normalization layers, while in
a continuous score network, the conditioning is achieved by adding sinusoidal position embeddings.
Details are listed in below Table S1.

FIGURE S2 : Overview of RefineNet and refine blocks.

PSNR and SSIM Metrics for Different Ground Truths and Data Ranges

PSNR is defined via the mean squared error (MSE) and the maximum possible pixel value of the image
(MAX)

PSNR = 20 · log10(MAX)− 10 · log10(MSE).

As shown in the following figure, the PSNR metric is influenced by the ground truth, i.e., RSS or
CoilComb, and whether the maximum is computed over the slice or volume. The RSS of the volumes
are the labels used to train XPDNet and the samples used to compute xMMSE are generated slice by
slice.
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FIGURE S3 : PSNR and SSIM metrics for different ground truths and data ranges.
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Distortion

To investigate how λ affects the sampling process, we repeated the more noise scales reconstruction
experiment five times with different λ = {1, 2, 3, 5, 25}. NET2 was used to construct transition kernels
and the other parameters in Algorithm 1 are K = 2,N = 80.

Figure S4 shows the samples that explore the distribution space with different strength of the data
consistency by changing λ. Comparing samples that are reconstructed with small λ, we observed large
variations between two selected samples in Figure S4a and Figure S4b and the distorted samples are far
away from the truth. As λ increases, the variations decreases shown in the variance map Figure S4c.

(a)

λ = 1 λ = 2 λ = 3 λ = 5 λ = 25 truth

(b)

(c)

FIGURE S4 : Samples reconstructed with different λ. Two selected samples with a particular λ are
presented in (a) and (b). The variance maps over 10 samples reconstructed with each λ are shown in
(c).

Comparison of Prior-based Methods

Figure S5 shows that prior-based methods for reconstruction have comparable performance even for
10x undersampling pattern as quantified with the nrmse metric. The image reconstructed with the
combined diffusion prior and autoregressive (AR) prior preserves more of the small details than the
other methods.
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FIGURE S5 : Reconstruction using different prior-based methods with Poisson-disc sampling with
10x undersampling in k-space. The arrows indicate small details lost in some reconstructions. The
nrmse metrics are AR: 0.0582, xMMSE: 0.0577, xMMSE+AR: 0.0559. The PSNRs are AR: 36.21,
xMMSE: 36.27, xMMSE+AR: 36.55 in dB. The SSIMs are AR: 0.8731, xMMSE: 0.8516, xMMSE+AR:
0.8354.

TABLE S1 : Architectures of the score networks.
NET1/2

3x3 Conv2D, filters=64

CondResBlock1, filters=64

CondResBlock1, filters=64

CondResBlock2, downsampling
filters=128

CondResBlock2, filters=128

CondResBlock3, downsampling,
filters=128, dilation=2

CondResBlock3, filters=128
dilation=2

CondResBlock4, downsampling,
filters=128, dilation=4

CondResBlock4, filters=128
dilation=4

CondRefineBlock1, filters=128

CondRefineBlock2, filters=128

CondRefineBlock3, filters=64

CondRefineBlock4, filters=64

3x3 Conv2D, filters=2
(~7M trainable parameters)

NET3

3x3 Conv2D, filters=100

CondResBlock1, filters=100

CondResBlock1, filters=100

CondResBlock2, downsampling
filters=200

CondResBlock2, filters=200

CondResBlock3, downsampling,
filters=200, dilation=2

CondResBlock3, filters=200

SelfAttention, filters=200

CondResBlock4, downsampling,
filters=200, dilation=4

CondResBlock4, filters=200

SelfAttention, filters=200

CondResBlock5, downsampling,
filters=200, dilation=4

CondResBlock5, filters=200

SelfAttention, filters=200

CondRefineBlock1, filters=200

CondRefineBlock2, filters=200

CondRefineBlock3, filters=200

CondRefineBlock4, filters=100

CondRefineBlock5, filters=100

3x3 Conv2D, filters=2
(~27M trainable parameters)
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Hyperparameters for Training

The hyperparameters used for training networks are listed in Table S2. The indexed noise scale is
σi = σ( iN ) = σmin(

σmax
σmin

)
i−1
N−1 .

TABLE S2 : Hyperparameters for training

NET1 NET2 NET3

σmax/
√
2 0.3 0.5 0.5

σmin/
√
2 0.01 0.01 0.01

N 15 100 100

batch size 10 5 5

embedding size - 128 200

Fourier scale - 16 16

learning rate 0.0001 0.0001 0.0001

activation elu elu elu

optimizer adam adam adam

Performance on Open Dataset

TABLE S3 : Average PSNR (dB) and SSIM(%) for test subjects

Sampling rate `1-ESPIRiT xMMSE

PSNR sub1 sub2 sub3 sub1 sub2 sub3
10% 32.27 ± 1.03 34.67 ± 1.77 34.03 ± 2.98 34.07 ± 0.91 36.12 ± 1.85 35.65 ± 3.37
20% 33.69 ± 0.86 35.60 ± 2.18 35.17 ± 3.41 35.04 ± 0.89 37.15 ± 2.08 36.58 ± 3.84

SSIM
10% 79.69 ± 3.28 82.74 ± 8.57 79.98 ± 12.40 84.21 ± 3.24 86.06 ± 6.99 83.24±12.07
20% 83.68 ± 3.38 84.60 ± 9.20 82.70 ± 12.93 86.38 ± 3.04 88.26 ± 7.07 84.85±12.99
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