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1 Derivation of ĥω in Section 3

Proof. Since

ĥω = argminĥE{∥ĥ⊙ ẑ− x̂∥2F } = argminĥ
∑
k1

∑
k2

E{|ĥ[k1, k2]ẑ[k1, k2]− x̂[k1, k2]|2}

(1)
Define

e(k1, k2) = E{|ĥ[k1, k2]ẑ[k1, k2]− x̂[k1, k2]|2} (2)

Expanding it further, we can get:

e(k1, k2) =Ex,n{|ĥ[k1, k2](x̂[k1, k2] + n̂[k1, k2])− x̂[k1, k2]|2}

=Ex,n{|x̂[k1, k2](ĥ[k1, k2]− 1) + ĥ[k1, k2]n̂[k1, k2]|2}

=(ĥ[k1, k2]− 1)(ĥ[k1, k2]− 1)∗Ex{|x̂[k1, k2]|2}

−(ĥ[k1, k2]− 1)ĥ∗[k1, k2]Ex,n{x̂[k1, k2]n̂∗[k1, k2]}

−(ĥ[k1, k2]− 1)∗ĥ[k1, k2]Ex,n{x̂∗[k1, k2]n̂[k1, k2]}

+ĥ[k1, k2]ĥ
∗[k1, k2]En{|n̂[k1, k2]|2}

where ∗ denotes the complex conjugation. Based on the assumption that x and n are
independent and E[n] = 0, we have:

Ex,n{x̂∗[k1, k2]n̂[k1, k2]} = Ex,n{x̂[k1, k2]n̂∗[k1, k2]} = 0

Denote the real and imaginary part of ĥ[k1, k2] as ĥR[k1, k2] and ĥI [k1, k2] respectively,
then we calculate the Wirtinger derivative with respect to ĥ[k1, k2] and let

∂e(k1, k2)

∂ĥ[k1, k2]
=

1

2

(
∂

∂ĥR

− i
∂

∂ĥI

)
e(k1, k2) = 0

which leads to:

(ĥR[k1, k2]− 1)Ex{|x̂[k1, k2]|2}+ ĥR[k1, k2]En{|n̂[k1, k2]|2}

− iĥI [k1, k2]Ex{|x̂[k1, k2]|2} − iĥI [k1, k2]En{|n̂[k1, k2]|2} = 0
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Recall that ĥ∗[k1, k2] = ĥR[k1, k2]− iĥI [k1, k2], then

(ĥ[k1, k2]− 1)∗Ex{|x̂[k1, k2]|2}+ ĥ∗[k1, k2]En{|n̂[k1, k2]|2} = 0

Thus

ĥω[k1, k2] =
Ex{|x̂[k1, k2]|2}

Ex{|x̂[k1, k2]|2}+ En{|n̂[k1, k2]|2}
(3)

The proof is done.

2 Model adaption across different measurement matrices

The effectiveness of the proposed model in transferring domain knowledge has been
validated in the experiments presented in the main paper. In those experiments, the
proposed method can effectively adapt a model pre-trained on natural images to medical
imaging with significant performance gain.

In this section, we introduce additional ablation studies on its transferability. The
experimental settings are as follows: For CS-MRI, different images are captured us-
ing various measurement matrices. Since these matrices are integrated into an unrolling
network, it is intriguing to assess whether the proposed method can effectively adapt a
model, initially trained with data obtained from one measurement matrix, to test data
captured with a different measurement matrix.

Train
Test Gaussian, 1/5 Gaussian, 1/3

w/o adaption w/ adaption w/o adaption w/ adaption

Gaussian, 1/5 29.86 33.01 30.43 34.98
Gaussian, 1/3 24.48 31.55 30.39 34.82

Table 1: Mean PSNR(dB) values of MRI reconstructions with Gaussian masks in cross-CS ratio
adaption test.

Train
Test Radial, 1/5 Radial, 1/3

w/o adaption w/ adaption w/o adaption w/ adaption

Radial, 1/5 29.38 31.68 30.40 34.34
Radial, 1/3 23.35 30.61 30.35 34.14

Table 2: Mean PSNR(dB) values of MRI reconstructions with Radial masks in cross-CS ratio
adaption test.
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Train
Test Gaussian, 1/4 Radial, 1/4

w/o adaption w/ adaption w/o adaption w/ adaption

Gaussian, 1/4 30.10 33.61 28.77 32.37
Radial, 1/4 29.90 30.06 29.82 32.88

Table 3: Mean PSNR(dB) values of MRI reconstructions in cross-mask adaption test.

The first experiment evaluates the adaptability of the model when both the training
and test data use the same type of mask but with varying sampling ratios. The results,
presented in Table 1 for Gaussian masks and Table 2 for Radial masks on ADNI dataset,
indicate that the model, when adapted using the proposed method, still achieves a no-
ticeable performance improvement.

The second experiment assesses the model’s adaptability when the training and test-
ing data utilize different types of masks. The findings, detailed in Table 3, come to the
same conclusion: the model, adapted through the proposed method, consistently leads
to significant performance gains.

3 MRI reconstruction in noiseless setting

In this section, we present the CS-MRI reconstruction results of the ADNI dataset in
a noise-free setting. Same as the noisy setting presented in the main paper, we utilized
two types of down-sampling patterns with sampling ratios of r = 1/5, 1/4, and 1/3,
which are specifically Gaussian and Radial patterns. For the pre-trained stage, 300 MRI
images are used, and the evaluation is conducted using a test set of 21 MRI images.
Compared methods include one classic method SparseMRI [9], 3 unsupervised meth-
ods, i.e., BNN [3], REI [1] and AGLSD [6], 2 supervised methods, i.e., ADMMNet [7]
and Restormer [8], and most related model adaption methods DDSSL [5], MetaCS [4].
In this case, the pre-trained model already performs well, resulting in a relatively mod-
est performance improvement through our proposed model adaptation. However, ac-
cording to the results presented in Table 4, our AdaptNet significantly outperformed
the traditional SparseMRI method as well as the unsupervised methods, including REI,
BNN, and ASGLD. When compared to supervised learning and model adaption ap-
proaches, AdaptNet was highly competitive. From Figure 1,2, AdaptNet also achieved
higher visual quality than other compared methods.

4 More Visual Results

4.1 More Visual Comparisons with State-of-the-Art Methods of MRI
Reconstruction

Additional visual results on MRI images are showcased in Figure 3,4,5. Specifically, we
display more results under the noisy setting. For ADNI dataset, we consider Gaussian
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Mask CS
Classic Unsupervised Supervised Model Adaptation

Ratio SparseMRI REI BNN ASGLD ADMMNet Restormer Pre-trained† DDSSL MetaCS AdaptNet

Gaussian
1/3 34.93/.93 37.03/.93 37.60/.94 37.79/.94 38.22/.98 37.66/.97 39.19/.97 37.82/.95 37.88/.96 39.64/.98
1/4 32.79/.90 36.11/.95 36.10/.95 36.07/.95 35.94/.96 35.53/.95 36.80/.96 36.72/.96 36.73/.96 37.46/.97
1/5 31.69/.89 34.01/.92 33.81/.93 34.40/.92 34.81/.96 34.41/.94 35.64/.95 35.46/.95 35.55/.94 35.87/.96

Radial
1/3 34.58/.92 36.16/.94 35.58/.94 35.79/.94 35.31/.94 35.12/.93 36.75/.96 36.43/.95 36.59/.95 37.02/.96
1/4 32.31/.90 33.49/.92 34.08/.95 34.38/.95 33.70/.93 33.35/.93 34.90/.96 34.70/.95 34.86/.96 34.98/.96
1/5 30.72/.86 32.35/.90 32.28/.92 32.40/.92 32.32/.92 32.00/.93 33.59/.94 33.97/.95 34.11/.95 33.71/.94

Table 4: Mean PSNR(dB)/SSIM values of MRI reconstructions on ADNI datasets in noisless
setting. Pre-trainedy is the pre-trained model with the same backbone as DDSSL and MetaCS.
Boldfaced/Underline: best/second best of all compared methods.

34.77 dB 34.57 dB 35.42 dB 35.44 dB 35.60 dB 35.93 dB GT

38.21 dB 37.90 dB 38.23 dB 38.41 dB 39.88 dB 40.14 dB GT

38.34 dB 37.25 dB 38.56 dB 38.78 dB 38.94 dB 39.14 dB GT
REI [1] AGLSD [6] DDSSL [5] MetaCS [4] Pre-trainedy AdaptNet Image

Fig. 1: Visual comparisons on reconstructed MRI images with Gaussian mask in noiseless setting.
Top row: Sampling ratio r = 1=5. Second row: r = 1=4. Bottom row: r = 1=3

and Radial mask with varying sampling ratio r = 1/5, 1/4, 1/3. For fastMRI dataset,
we compare against other methods under 8× acceleration with Poisson, Gaussian and
Uniform mask. As can be seen in Fig 5, our adaption process helps to preserve more
details than the pre-trained model. Furthermore, these visual comparisons demonstrate
the superior performance of our method compared to other methods in terms of visual
quality. The results from our proposed method exhibit fewer artifacts than those from
the other methods.
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