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Abstract. Image reconstruction from incomplete measurements is a ba-
sic task in medical imaging. While supervised deep learning proves to be a
powerful tool for image reconstruction, it demands a substantial number
of latent images for training. To extend the application of deep learning
to medical imaging where collecting latent images poses challenges, this
paper introduces an self-supervised test-time adaptation approach. The
proposed approach leverages a pre-trained model on an external dataset
and efficiently adapts it to each test sample for optimal generalization
performance. Model adaption for an unrolling network is done with ad-
ditional lightweight adaptive linear layers, enabling efficient alignment of
testing samples with the distribution targeted in the pre-trained model.
This approach is inspired by the connection between linear convolutional
layer and Wiener filtering. Extensive experiments showed significant per-
formance gain of the proposed method over other unsupervised methods
and model adaptation techniques in two medical imaging tasks.

Keywords: Model adaptation, Image reconstruction, Self-supervised learn-
ing

1 Introduction

Image reconstruction (IR) from partial linear measurements plays a critical role
in medical imaging. For instance, in key modalities such as Magnetic Resonance
Imaging (MRI) and Computed Tomography (CT), the reconstruction process is
often framed as solving a linear inverse problem:

y=®x+e¢ (1)

where ® € CM*N denotes the measurement matrix which models the forward
acquisition process, x € RY the latent image to reconstruct, e € CV the mea-
surement noise, and y € CM the collected incomplete measurements. The matrix
® is determined by the associated imaging system.

Generally, reconstructing image x from noisy observations y is ill-posed, as
the system (1) is under-determined. Recent medical imaging exacerbates this by
further reducing measurement. For example, compressed-sensing (CS) MRI [37]
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decreases M to quicken acquisition, and sparse-view (SV) CT [32] decrease M
to reduce patients’ radiation exposure. These practices make the problem (1) in-
creasingly susceptible to noise and solution ambiguity, thereby demanding more
effective image reconstruction methods.

In recent years, deep learning has been an important tool for IR in medical
imaging, including both CS-MRI and SV-CT; see e.g. [10,13,42-45,48,49]. The
prevailing approaches are based on supervised learning, which fits a deep neural
network (NN) model over the set of paired latent images and their measure-
ments. The effectiveness of these models heavily relies on the size of the training
dataset. However, the acquisition of ground-truth (GT) images can be very ex-
pensive and time-consuming in the medical field. Consequently, DNNs trained
on limited datasets often suffer from unsatisfactory generalization performance.
Furthermore, these datasets may be biased and not sufficiently diverse for ro-
bust image reconstruction, posing issues when new pathologies not present in
the training data are encountered during testing.

1.1 Related deep learning for IR in the data-limited environments

To address potential biases and poor generalization due to limited training data,
various methodologies have been developed. These can generally be divided into
two categories: (1) Ground truth-free self-supervised/unsupervised learning and
(2) Unsupervised meta learning and Test-time model adaptation (TTA).

Self-supervised and unsupervised learning methods: Current self-supervised
or unsupervised learning techniques often utilize the deep image prior (DIP) [36],
which suggests that an untrained convolutional NN (CNN) prefers regular struc-
ture over noise during training. Typically, these approaches are divided into
two strategies: external learning, where an NN is trained without requiring
GT [1,2,29,51]; or internal learning [22, 38], which involves training a CNN
on test samples to capture unique internal characteristics of those samples.
Unsupervised external learning tackles the absence of GT images by training
the NN on unlabeled data. Generally, they suffer from the same issues as su-
pervised learning: the possible poor generalization to test samples that deviate
from the original distribution. Self-supervised internal learning allows for the ex-
ploitation of specific characteristics of each test sample. However, this method is
very time-consuming, as it necessitates individual training on each test sample.

Unsupervised meta-learning and TTA for IR: Meta-learning is to train a
model such that it can quickly adapt to new tasks or problems with minimal data.
Most of meta learning for IR, e.g. [3,24,40,50], are supervised, which requires GT
images to fine-tune the NN. There are few works on unsupervised meta learning
for IR. Qin et al. [25] proposed an unsupervised meta-learning for IR in CS-
MRI, using a SURE-based self-supervised loss. TTA aims to adjust a pre-trained
model at inference time, to align the model to test data, thereby improving its
performance on this data (e.g. [6,35]). Despite their practical benefits, there are
few studies devoted to IR. MetaCS [25] introduced a self-supervised loss Based
on R2R [23], DDSSL [29] formulated a dual-domain self-supervised loss, in the
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context of IR in CS-MRI and SV-CT. While these self-supervised loss functions
showed effectiveness in mitigating the issue caused by the absence of GT images,
their performance still lags behind that of supervised methods.

1.2 Main idea

Motivated by the advantages of TTA methods for IR, this paper concentrates on
developing an efficient unsupervised TTA method for IR. This method operates
without needing access to ground-truth images during model adaptation. In
contrast to existing works that emphasize defining self-supervised losses [25,29],
our focus is on network design to improve the performance of adaptation methods
for IR. For clarification, the problem setting is outlined below.

Problem setting: Consider a model, F(-,0*) : Y — X, pre-trained on a dataset
{Y;, X;};, where X ~ Px, the task is to efficiently adapt this pre-trained model
F(-,0%) to a new test sample 37, so that it performs optimally for this specific
instance )7, potentially at the expense of its performance on other examples.

Our study is based on the the unrolling NNs for IR, e.g., proximal gradient
descent algorithm (PGDA) [7], derived from some iterative scheme for solving
inverse imaging problems. The NN is concatenated with multiple stages that
correspond to multiple iterations of the solver, each designed for updating image
reconstruction from the preceding estimate and consequently refining it with a
denoising NN. The entire network is optimized by minimizing the mean squared
error (MSE) to the truth images of training data. To ensure the training stability,
the denoising CNN within each stage is trained to minimize the MSE.

In an unrolling NN, the component that interacts with the target image dis-
tribution is the denoising NN. It functions as an estimator to the truth image
from its noisy measurement(received from the latest update), since it’s trained to
minimize MSE to true images. For simplicity, we consider a linear CNN by omit-
ting non-linear activation functions and assume data have zero mean, thereby
removing the bias term. Consequently, the CNN architecture is simplified to a
sequence of convolutions with small filters, equivalent to a single convolution
with a very large filter. In image processing, a convolution-based optimal esti-
mator is known as a Wiener filter, defined over the second moments of noise and
image in the frequency domain. Assume the second moment of the test images
is close to that of the training dataset, then applying an additional convolution
on the Wiener filter designed for the original dataset can effectively approximate
the Wiener filter for the new test sample.

Building on the insight above, we introduce a TTA method named AdaptNet
for IR. The main idea involves embedding simple, parameter-efficient convolution
layers into the original unrolling network. This addition leads to < 1% increase in
the model size in our implementation. Given a pre-trained model, during testing,
updates are applied solely to these newly added parameters by minimizing an
R2R-based self-supervised loss [23]. This tailored adaptation equips the original
model to predict the latent image from the new test sample more accurately.
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1.3 Contributions
In summary, our contributions are listed as follows:

— An understanding of model adaptation from the perspective Wiener filter for
denoising. This provides insight and interpretation for our proposed method.

— An effective TTA method that incorporates a lightweight module, termed
AdaptBlock, into the pre-trained model. This enables rapid and efficient
adaptation to test samples with a significant performance boost.

— An self-supervised loss for guiding the model adaption in test time, built on
the R2R loss for denoising [23].

Extensive experiments on MRI and CT image reconstruction showed the signif-
icant benefits of our proposed AdaptNet, over other unsupervised methods and
model adaptation techniques:

— When adapting a model pre-trained on a dataset of similar medical im-
ages, our method significantly outperformed all existing model adaptation
approaches, including both supervised and unsupervised methods.

— Even when utilizing a model initially trained on natural images, our method
still excelled beyond other adaptation techniques that adapt the models
trained with very related medical images. This shows our method’s profi-
ciency in transferring knowledge from natural to medical images.

— Our approach demonstrated its practical versatility by effectively adapting
pre-trained models to test data with varying measurement matrices.

2 Related Work

GT-dependent supervised learning: The majority of deep learning methods
for IR rely on supervised learning. These techniques primarily focus on network
design, training an NN on some external datasets with GT images. Early work
trains a CNN-based denoiser to reduce artifacts in outputs from other methods
(e.g. [11]). A recent trend is the physics-aware unrolling NN, which unrolls some
iterative solver for some variational model of IR, and replaces the prior-related
operations by learnable NN blocks [8,9,44,45,48]. The performance of supervised
learning heavily depends on both the quality and quantity of trained samples.
Deep Learning with Plug-and-Play prior: To address the challenges posed
by limited training data, one strategy involves utilizing pre-trained models in
IR. In [19,31], pre-trained CNNs are used as the regularization step in an un-
rolling NN. Pre-trained generative adversarial network (GAN) models have also
been used for regularization (e.g., [15, 16]). More recently, pre-trained diffusion
models [4,33,34], have been used for solving inverse imaging problems. The effec-
tiveness of these methods depends on the alignment of the distribution of data
for pre-training with that of test samples, and they face challenges when two
distributions mismatch or when processing out-of-distribution test samples.
GT-free unsupervised external learning: The lack of GT images in many IR
tasks has motivated the study of unsupervised learning methods. Unsupervised
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external learning, for instance, involves training an NN on datasets without GT
images. In compressive imaging, Metzler et al. [20] and Zhussip et al. [51] train
the NN using a SURE-based denoiser. Chen et al. [1] exploits the equivalence
of NN to use range-space information from training samples to supervise IR in
null space. Quan et al. [29] utilized a dual-head injected loss for self-supervised
learning. Quan et al. [30] proposed a Siamese cooperative learning scheme of
self-supervised learning for IR. There are also other works on other IR tasks,
e.g., deblurring [28] and phase retrieval [27]. These approaches share the same
issue as supervised learning: Poor generalization to test samples deviating from
the distribution of training data and to out-of-distribution test samples.
Self-supervised internal learning: Self-supervised internal learning trains an
untrained CNN on each test sample to predict the latent image. This approach
is largely based on DIP [36], which enables using untrained CNNs for implicit
regularization on IR. There are many works on self-supervised denoising tasks
(e.g.[12,14,17,23,26,39]). Many methods have been extended to IR by adapting
self-supervised loss to IR problems (e.g.) [25,29]). Also,Pang et al. [22] employed
Bayesian CNNs and Wang et al. [38] applied the Monte Carlo sampling method
to NN parameters to approximate Bayesian inference. As these methods are
tailored to each test sample, they require training from scratch for each sample,
leading to high computational costs.

Supervised and unsupervised Meta learning: In Meta-learning, a model
is trained to quickly adapt to new tasks or problems with minimal data. In IR,
meta-learning has been applied to various IR tasks (e.g. [3,24,40,50]. Most of
meta learning for IR are supervised, which requires GT images to fine-tune the
NN. There are few works on unsupervised meta learning for IR. Qin et al. [25]
proposed an unsupervised meta-learning for IR in CS-MRI, which is based on a
SURE-based self-supervised loss defined on only measurements.

TTA for IR: TTA adjusts a pre-trained model in inference time. This ad-
justment is to align the model to the test data, thereby improving its perfor-
mance on this data, even if it deviates from the training data (e.g. [6,35]). Many
techniques have been developed for efficient fine-tuning [21,25]. These include
"Gain-tuning", adjusting the multiplicative scaling parameter for each channel,
and "Bias-tuning", adjusting only the bias of the convolutional layer.

To overcome the lack of guidance from GT images during adaptation, sev-
eral self-supervised losses have been proposed for TTA in IR. MetaCS [25] intro-
duced a SURE-based self-supervised loss for unsupervised meta-learning in IR.
Building on R2R [23], DDSSL [29] developed a dual-domain self-supervised loss,
applicable to TTA for IR in CS-MRI and SV-CT. While these self-supervised
loss functions [25,29] have helped mitigate the absence of GT images during
adaptation, their performance still lags behind that of supervised methods.

3 Methodology

This section introduces AdaptNet, an efficient unsupervised TTA method for
IR. The main idea comes from recognizing that the crucial part associated with
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the distribution of data/noise is the denoising CNN within an unrolling NN.
Indeed, the optimal linear CNN without bias term, is trained to approximate
the Wiener filter (the optimal linear estimator of GT images from their noisy
measurements). Provided the distribution of test samples closely relates to that
of the training data, adding a few convolution layers can efficiently adapt the
corresponding Wiener filter to align the linear CNN with the new test samples.

3.1 Wiener filter within an iterative IR method
Consider the following IR problem:
y = &x + ¢,

where y denotes the measurement, x the latent image, and e the noise. An
unrolling NN is based on some iterative scheme derived from a MAP estimator
of the truth images from its partial measurement. Recall that, in the presence
of i.i.d. white noise € ~ N(0,0I), the MAP estimator for x ~ p(x) is

.1
Xinap = argmaxlog p(y[x) +log p(x) = argminz— | ®x — y |5 + logp(x)  (2)

Among many solvers for (2), we adopt the PGDA method [7]: for n = 1,2,.. .,

2" — x(n=1) _ T (@wal) _ y) : (Updating) (3)

2
, + log p(x); (Denoising) (4)

1
x(") = arginin@ Hx —z"
Based on the iterative scheme above, one can have an unrolling NN with many
stages. Within each stage, the denoising step is replaced by a learnable denoising
NN. Let F(-,0) denotes a NN with parameters 6. Then,

x(™) — ].'(Z("); g(n)).

The prior distribution of images p(x) is utilized within the denoising NN, F (-, ).
Training the NN to minimize prediction error means adjusting the parameters of
F(-,0) to approximate an minimum mean squared error (MMSE) estimator, pre-
dicting true 2D images x from their noisy counterparts z = x+n via minimizing

the MSE:

0 By ) mpto) {12, 0) = x5} 2 min 3 1F(z,0) = %3} (5)
J

It remains an open problem to understand the statistical properties of a
general CNN as a form of Bayesian inference. For ease of discussion, let’s consider
a CNN composed solely of linear convolution layers without non-linear activation
functions and bias terms, which is expressed as

F(z;0) =Wz = (h1 @hy ®---Qhp)®z=h®z.
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where ® denotes the convolution operator, and h is the filter of large size, com-
posed of many filters of small size. Indeed, the optimal filter h,,, known as Wiener
filter, aims at minimizing the Bayesian risk:

hw = argming, B px) nepm){1h ® 2 — x|| 1}

The Wiener filter is defined by the discrete Fourier transform (DFT) denoted by

e~~~

(). As () is unitary, we have, for each frequency [k1, ko],

ho = argming B{[hoz-%|3} = S N E{[hlkr, koJzlk1, ka] — %[k, k2][*}, (6)

k1 ko

where ® denotes the element-wise multiplication. Suppose that the noise has
zero mean: E{n} = 0. Then, the solution to (6) is

> B {|%[k1, k2] ?} B {[%[F1, k2] |*}

hobkr o = g lin, kol B(Rln, hal 7} + Bad[lf, Ral7)

provided that x and n are independent. Similarily, for a specific_test sample
Z = X + n, its oracle wienter filter that minimizes the risk: E,||h ® z — x||%,
is given by
= x[k1, ko] |2
horacle[klka] = = |2 [ ]L o
X[k, ko] |? + Ex{|n[k, k2] [}

When pre-training a linear CNN on a training dataset, the goal is to approx-
imate the optimal estimator for the image distribution, relying on the second
moment of images and noise in the frequency domain. To approximate the esti-
mator optimized for the test sample, an additional convolution layer can adjust
the universal Wiener filter h,, to resemble the Wiener filter h,.qc1e, Specifically
optimized for each individual test sample x. If the test sample’s spectrum is
close to the training image distribution’s expectation, a convolution filter of
small size can align the adjusted filter with the oracle Wiener filter for test
sample. See Figure 1 for an illustration. This insight underlies our approach:
adding a lightweight convolution layer to the pre-trained model to match the
test sample’s characteristics.

3.2 AdapNet for TTA

Unrolling NN with adaptive layer: Motivated by the discussion above, we
present an unrolling NN where each iteration is attached by a single adaptive
convolution block, namely AdaptBlock, which is specifically for efficient test-time
adaption. The diagram of the unrolling NN is shown in Figure 2. The pre-trained
model, locked in Figure 2, is a typical unrolling network where (4) is replaced
by a learnable NN with multiple conv layers. In our implementation, we adopt
the same structures as [29]. The NN is the unrolling of PGDA [7] with a total
of 12 iterations. Within each iteration, the denoising sub-NN has 9 convolution
layers with the middle 6 layers equipped with ReLLU activation.
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(a) (b) (c) (d) (e)

Fig.1: The figure illustrates the log-spectrum of (a): the average over 20 training
samples; (b)&(d): two testing samples; (c)&(e): the results after convolving testing
sample in (b) and (d) with a filter of size 5 x 5, respectively. Both training samples
and testing samples are randomly selected from ADNI dataset [16] without overlaps.
It shows that when the spectrum of test sample is not too different from the average,
the adjustment with a small filter effectively aligns the two spectra.

i C] AdaptBlock

I . (k—1)[ Gradient
z*k=1)] descent . ’
Locked in test-time

(GD)

Conv+ReLU
Conv+ReLU

@ | x(-1) _ ppT (Bx(t-1) —y)

Fig. 2: The PGDA-based unrolling CNN with AdaptBlocks, which is attached to the
end of the locked sub-NN from the pre-trained model in each iteration. Only these
AdaptBlocks are fine-tuned in test time.

For the denoising sub-NN in each iteration, we concatenate an adjustable
lightweight linear operator, termed AdaptBlock, to the end of the locked sub-
NN. The AdaptBlock is a linear operator with one gradient descent step (3)
and two convolution layers without ReLU activation. The convolutional layers
take a single-channel input, apply a convolution with 3 x 3 filter, and produce
a single-channel output. The convolution layers are initialized with 0 and the
gradient descent step is initialized with 0.5.

Test-time adaption: Consider the AdaptNet F(-;6*, ¢):
F(50%,0): y—x,

where 6* denotes the parameters of the pre-trained model locked in test time, and
¢ denotes the AdaptBlock parameters to be updated during test time. Given a
test sample y, we may adapt the pre-trained model F(-; 6*, ¢) to y by minimizing
some self-supervised loss. Recall that, the space RY can be decomposed as:
RY = range(®) @ null(®).
where range(®) = {®#y,y € RM} and null(®) = {x € RY : &x = 0}.
For the supervision in range space, we proposed the following loss:

LTM(F50%,0) = Eoon0,00m | BF (Y + €50%,0) = F + €17 (7)
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where ¢ ~ N(0,0%1) denote Gaussian noise added to the measurement, inde-
pendent from € and resampled in each iteration. The injection of the noise € is
from the self-supervised R2R loss for image denoising in [23] and its extension
to IR [29]. For the supervision in null space, the measurement provides no infor-
mation of x. Thus, we proposed to use the estimate from the pre-trained model
as a noisy measurement of x in the null space, leading to the following loss:

L(F50%, ) = Earp(en | (I-27 (221) 71 ®) [(F(R(x* +€),0%,9)) — (x* — )] [I3,
(8)

where x* = F(y,0*) denote the estimate of x from the pre-trained model. In

the loss above, I — ®(®®)~1® is the projection to null(®), € denote the

additional injected noise, the same idea as L£™"!. However, as the noise (the

residual of x*) is highly correlated to the image, then we sample the noise from

a Poisson distribution associated with image x: €’ ~ Poisson(e”; x*). The overall

loss is then £79"9¢ + AL where A € RT is a hyper-parameter. To conclude,

in test time, a pre-trained model F(-; 6%, ¢) is updated by gradient descent:

¢ = — VoL " (y; 6%, 0) — AV L™ (y; 6%, ) (9)

for T iterations. Once done, we have a model F(-; 0*, ¢*) adapted to the input
test sample y. Then, we apply it to predict the image associated with y by:

T
~*—l . . n* * 12 2
X —T;]:(Yz+€i,9 6%), € ~ N(0,0%).

4 Experiments

We evaluate the proposed framework on two medical image reconstruction tasks:
CS-MRI and SV-CT IR. The AdaptNet is tested on the PGDA-based unrolling
NN model, same as [29]. See the locked part of Figure 2 for the diagram of
the pre-trained model. The learnable parameter p is initialized as 0.5, bias is
initialized as 0) and the other weights w use Xavier initialization.

Mask ‘C‘S‘ ‘ Classic ‘ Unsupervised ‘ Supervised Model Adaptation
Ratio|SparseMRI| REI BNN ASGLD| GAN ADMMNet Restormer|Pre-trained’| DDSSL  MetaCS AdaptNet
1/3 | 27.91/.69 [29.82/.7329.46/.86 29.80/.76|26.49/.76 31.04/.86 30.27/.86| 30.39/.89 [31.62/.8731.80/.89 34.82/.91
Gaussian| 1/4 | 27.42/.69 |29.61/.7229.20/.8529.61/.78|26.31 /.75 30.92/.86 30.45/.86| 30.10/.89 [31.30/.86 31.43/.87 33.61/.91
1/5 | 26.97/.68 |29.00/.7229.17/.8529.45/.75(25.79/.75 30.81/.86 30.10/.85| 29.86/.88 [30.89,.8630.98,/.87 33.01/.90
1/3 | 29.32/.69 |30.22/.8129.58/.8229.85/.84(26.72/.75 30.94/.83 30.45/.83| 30.35/.89 |31.68/.86 31.84,/.91 34.13/.91
Radial | 1/4 | 25.93/.65 [29.56,.7529.47/.8729.61/.87|25.55/.74 29.95/.82 29.64/.84| 29.82/.89 [31.04/.8831.21/.91 32.88/.90
1/5 | 24.88/.59 [29.77/.76 28.38 /.84 28.45/.84(25.02/.73 28.81/.81 28.56/.83| 29.38/.88 [30.44/.8730.62/.87 31.68/.89

Table 1: Mean PSNR(dB)/SSIM values of MRI reconstructions on ADNI datasets in
noisy setting. Pre-trained’ is the pre-trained model with the same backbone as DDSSL
and MetaCS. Boldfaced /Underline: best/second best of all compared methods.
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‘ Mask ‘ Classic ‘ Unsupervised ‘ Supervised ‘ Model Adaptation

‘ ‘SparsoMRI‘ REI  ASGLD Scoro—l\IRI‘ADMMXQt Restormer Prc—trainodw DDSSL  MetaCS AdaptNet
Poisson | 28.32/.71 |31.88/.8330.68/.81 30.49/.76 | 33.87/.86 34.17/.86| 33.74/.84 |34.65/.8734.88/.8736.51/.90
x4| Uniform| 27.83/.69 30.01/.8029.94/.79 28.72/.73 | 32.44/.80 32.23/.81| 32.13/.80 |31.99,/.78 32.28/.8133.01/.84
Gaussian| 28.01/.70 |31.56/.82 30.45/.81 29.96/.75 | 34.34/.86 34.12/.85| 34.04/.84 |33.56/.86 33.47/.86 36.09 /.89
Poisson | 26.68,/.67 [29.76/.79 28.96/.77 29.15/.74 | 32.81/.82 32.79/.82| 32.86/.82 |31.56/.8231.23/.8233.49/.86
x8| Uniform | 25.88/.64 [27.66/.7026.87/.68 27.08/.68 | 30.41/.78 30.33/.78 | 30.28/.78 |29.07/.7729.14/.77 30.54/.79
Gaussian| 26.86,.68 [30.49/.8130.11/.80 28.45/.71 | 33.25/.84 33.46/.84| 33.65/.83 |33.65/.8433.78/.8535.40/.87

Table 2: Mean PSNR(dB)/SSIM values of MRI reconstructions on fastMRI dataset in
noisy setting. Pre-trained’ is the pre-trained model with the same backbone as DDSSL
and MetaCS. Boldfaced / Underline: best/second best of all compared methods.

Model pre-training: In pre-training, we used the Adam optimizer for both
MRI and CT IR. MRI was trained for 200 epochs, and CT was trained for 500
epochs, with a constant learning rate of 5e-4 throughout all epochs.

Model test-time adaptation: Following the procedure in [25,29], the adap-
tation was conducted over T' = 200 iterations for MRI images and 7" = 100
iterations for CT images. For MRI, we quote the results from the paper [25]. For
CT, we reported reproducible results with hyper-parameter tuning-up.

4.1 Experiments on CS-MRI

In CS-MRI, the measurements for IR are obtained by sampling the DFT
(k-space) of the image. The acquisition process involves the forward operator
P := MoF(x), where M is the fixed mask and F represents the Fourier transform.
In the noiseless scenario, € = 0. For noisy settings, measurement noise is modeled
as € = ®(e; + iey) with €1, €2 ~ N(0,0.1 max(x)%I). The model is pre-trained
separately for both noisy settings, and the results are quantitatively assessed
using the metrics including PSNR and SSIM [41].

The datasets used in this study are from the Alzheimer’s Disease Neuroimag-
ing Initiative (ADNI) [16] and NYU fastMRI Initiative [47]. The ADNI dataset
contains 300 images for training and 21 for test, where Gaussian and Radial mask
with ratio r = %, i, é are applied. For the fastMRI dataset, we train and test on
a subset of the single-coil measurements at 4x and 8x acceleration. There are
200 images, where the first 180 images are for training and the last 20 are for
testing. The masks used include 2D Gaussian, Poisson, and 1D Uniform.

The methods for performance comparison are selected from different cate-
gories of IR methods, including BNN [23], REI [2], AGLSD [38], DDSSL [29],
MetaCsS [25], GAN [16], Score-MRI [5], ADMMNet [45] and Restormer [46].
Note that for a fairer comparison with MetaCS [25], we increase its model size
to match ours. Quantitative results are detailed in Tables 1 and Table 2, and
visual comparisons are available in Figure 3.

It is evident that supervised methods do not exhibit a performance advantage
over GT-free unsupervised or self-supervised deep learning approaches. This is
not surprising as the number of training samples used in supervised learning
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30.68dB  29.40dB  32.20dB  32.21dB 31.36 dB  34.25 dB
REI AGLSD DDSSL MetaCS  Pre-trained! AdaptNet

| ! | |
\

31.35 dB 31.12 dB 35.59 dB 35.22 dB 33.87 dB 37.37 dB
REI Score-MRI ~ DDSSL MetaCS  Pre-trained! AdaptNet

2897dB  29.50dB  29.67dB  30.03 dB 31.17dB  33.10 dB GT
ALSGD DDSSL REI Restormer Pre-trained’ AdaptNet Image

Fig. 3: Visual comparisons on reconstructed medical images. Top row: Images from
ANDI dataset with Gaussian masks of CS ratio r = 1/4. Second row: Images from
fastMRI dataset with Poisson mask of 4 x acceleration. Bottom rows: CT reconstruction
with Iy = 1 x 10%.

is limited, which does not comprehensively represent the distribution of tar-
get medical data. Consequently, the generalization of the trained model is not
impressive. Generally, model adaptation yields the best performance. Its supe-
riority over self-supervised methods stems from the simultaneous utilization of
external training data via a pre-trained model and the exploitation of each test
sample’s unique characteristics through model adaptation.

Specifically, our proposed AdaptNet method demonstrates superior perfor-
mance in most scenarios, highlighting its advantage over current model adap-
tation methods, particularly in challenging conditions with measurement noise.
For noise-free cases, the pre-trained model already performs well, resulting in a
relatively modest performance improvement through our proposed model adap-
tation. Refer to the supplementary material for more details.

4.2 Experiments on SV-CT

In sparse-view computed tomography (SV-CT) image reconstruction (IR),
the measurement matrix is defined as ® := Ipe "2d°n(*) where radon refers
to the sparse-view Radon transformation and I denotes the X-ray source in-
tensities. Considering the practical applications, our focus is mainly on IR for
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noisy measurements. The noisy measurement is modeled as y = z + ¢, where
z = Poisson(®(x)) and ¢ follows a normal distribution N (0, o2I).

For data synthesis, we adopt the reconstruction model from [2], where F(y, 0) =
Py o iradon o log(lp/y). MPG measurements with ¢ = 30 are generated in the
same way as [2]. The radon function consists of 50 uniformly sampled views and
four cases with varying X-ray source intensities Iy = 10°,5 x 10%,10%, and 5 x 103
are considered. The methods for comparison includes Restormer [46], GAN [16],

Unsupervised ‘ Supervised ‘ Model Adaptation

BNN  ASGLD ‘ GAN  Restormer FISTANet Pre—trained*‘ DDSSL  AdaptNet

‘ Classic ‘
| FBP | REI

Noise‘ Iy

1 x 10°[23.22/.38/34.00/.91 32.78 /.
w/ |5 x 10%21.13/.30|33.68/.90 32.34/.
1 x 10%14.87/.13|30.76,/.85 29.49 /.
5 x 10%/12.09/.08/28.50/.78 28.12/.

8733.24/.86/30.21/.85 34.31/.91
8732.84/.86/29.85/.83 33.83/.91
8329.96,.83/26.89/.73 30.70/.85
7528.67/.78|26.43/.71 30.17/.81

35.32/.91
34.69/.91

34.78/.92
34.68/.91

31.47/.86

31.36/.86

30.15/.84

30.60/.84

33.71/.8936.61/.93
33.15/.8736.45/.93
30.02/.83 32.58/.86
28.42/.77 31.14/.81

Table 3: Mean PSNR(dB)/SSIM values of CT reconstructions with different Iy. Pre-
trained’ here is the pre-trained model with the same backbone as DDSSL. Boldfaced
/ Underline: best / second best of all compared methods.

FISTANet [44], REI [2], AGLSD [38], BNN [22] and DDSSL [29]. Quantitative
results are shown in Table 3, and visual comparisons in Figure 3. The same con-
clusion as in CS-MRI is made. Supervised learning methods lack performance
advantages due to limited training samples. Model adaptation methods achieve
the best performance. AdaptNet outperforms other model adaptation methods,
especially with low X-ray source intensity.

Model | Params | Times | Radial | Gaussian | CT (view=50) | PSNR
| (k) | () |r=1/5 1/4 1/3 |r=1/5 1/4 1/3 |Iy=10" 10° |gain (Avg.)
Full-tuning | 790 (100%) | 14.29 | 30.14 31.19 3241| 31.15 32.30 33.14| 3235 35.78] -
Bias-tuning | 0.768 (0.1%) | 9.98 ‘ 29.94 31.03 32.10| 30.93 31.84 32.62| 31.96 35.78| -0.28
Gain-tuning | 3.1(3.39%) | 8.67 | 29.77 30.98 32.01| 30.87 3176 32.56| 32.17 35.59| -0.29
AdaptNet |0.234(0.03%) | 11.69 | 31.68 32.88 34.13| 33.01 33.61 34.82| 32.58 36.61| +1.36

Table 4: Quantitative comparison in PSNR of applying different adaption techniques
on the same pre-trained model for IR in CS-MRI.

4.3 Ablation Studies

Off-the-shelf model adaptions vs. AdaptNet: To assess the generalization
and computational efficiency of AdaptNet, we compare it with full-tuning, which
fine-tunes all pre-trained model weights in test time, and two popular efficient
model adaptation techniques: bias-tuning and gain-tuning. The former fine-tunes
the bias only, and the latter adjusts a single parameter (the gain) in each channel.
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Refer to Table 4 for details. All methods adapt the same pre-trained model and
utilize the same self-supervised loss. AdaptNet consistently outperforms both
bias-tuning and gain-tuning, showing the effectiveness of applying a lightweight
linear transform for quick distribution adjustment from trained to test data,
supported by the mathematical understanding from the viewpoint of MMSE
estimator. Also, AdaptNet updates the fewest weights. Indeed, as shown in Fig-
ure 4, AdaptNet requires only a fraction of the iterations (20 iterations) to
achieve better performance than all other methods.

Model ‘ Params ‘ Radial |  Gaussian
|1/5 1/4 1/3|1/5 1/4 1/3 Method | Radial |  Caussian
w/o tuning| - |29.38 29.82 30.35[29.86 30.10 30.39 v [1/5 1/4 1/3|1/5 1/4 1/3

w/o £"!|31.58 32.55 33.59|32.52 33.31 34.18

AdaptNet-3|352(0.04%)|31.30 32.65 33.78|32.66 33.11 34.51
AdaptNet-2(234(0.03%)|31.68 32.88 34.13(33.01 33.61 34.82 AdaptNet|31.68 32.88 34.13[33.01 33.61 34.82
AdaptNet-1[118(0.02%)|31.22 32.45 33.87|32.45 33.01 34.63
Table 6: Effect of using loss
Table 5: Performance comparison in PSNR of £ during adaptation on
the results from the AdaptBlock with different ADNI dataset in noisy setting.

number of convolution layers.

MRI (Gaussian, noisy, 1/3)

Dataset ‘ Fast MRI-Possion-x4 ‘ ADNI—Gaussian—% ‘ ADNI-Radial- % 34

size | 200 400 800 | 100 300 | 100 300 %zz
w/o tuning| 33.74 34.10 34.17 |28.27  30.13 |27.62 29.82 g o i |
Full-tuning| 35.58 35.60 35.64 |31.97 3230 |31.25 3119 o g Bias tuing
AdaptNet |36.51 36.58 36.72|32.62 33.31 [31.91 32.88 2 —— Gain-tuning

80 140 200
Iteration Number
Table 7: Performance comparison across varying

training dataset size in different MRI IR settings. Fig. 4: PSNR curves vs. iter-

ation number during adapta-

tion for different methods.
Impact of the size of AdaptBlock: This experiment shows the relationship
between AdaptBlock’s model size and performance gains through model adap-
tation. Refer to Table 5 for the comparison with varying convolution layer used
in AdaptBlock. Notably, AdaptNet-3 (3 layers) doesn’t outperform AdaptNet-2
(2 layers). This could be due to the larger size of AdaptNet leading to overfit-
ting on the single test sample. Moreover, AdaptNet-1 (1 layer) under-performs
compared to AdaptNet-2, likely because its limited transformation capability is
insufficient for transforming the training data’s distribution.

Impact of using loss £"“: To learn accurate prediction image in null space,
we adopt the consistency loss £ with Poisson noise injection. Table 6 shows
that this loss leads to certain performance gains during the adaptation process.

Impact of training data size: To evaluate the performance gain of AdaptNet
with respect to the model pre-trained with different training data sizes, we in-
creased the number of training data from fastMRI to 400 and 800, keeping all
other parameters unchanged, and reduced the number of images from ADNI to
100 from 300. Table 7 shows that AdaptNet consistently results in noticeable
performance gains for the model pre-trained with various data sizes.
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Method | Radial | Gaussian | PSNR
r |1/5 1/4 1/3|1/5 1/4 1/3 |gap (avg.)
w/o |AdaptNet*

28.52 29.00 29.68|28.99 29.49 29.78 -
29.38 29.82 30.35

30.86 32.20 33.82|32.31 33.31 34.63| +3.61
31.68 32.88 34.13|33.01 33.61 34.82| 13.36

tuning| AdaptNet 29.86 30.13 30.41

w/ |AdaptNet*
tuning| AdaptNet

Table 8: Performance gain in PSNR when adapting a model pre-trained on natural
images to MRI data.

4.4 Experiments on domain knowledge transfer

In this experiment, we consider adapting a model, pre-trained in one domain,
such as natural images, to another, like medical images. There are two pre-
trained models: one is trained on MRI data from previous experiments, and an-
other on a natural images. We used 500 images from the Berkeley Segmentation
Dataset (BSD) [18], cropping them into 1500 patches of 192 x 160 for size consis-
tency with MRI images. The model adapted from MRI data is termed AdaptNet,
while that from natural images is AdaptNet*. Table 8 compares the two. Ini-
tially, AdaptNet* does not perform as well as AdaptNet, which is expected due to
the differences between natural images and MRI images. However, after model
adaption by AdaptNet, the performance gap between the two narrows signif-
icantly, with AdaptNet* surpassing the pre-trained model of AdaptNet. This
clearly indicates the effectiveness of AdaptNet in domain knowledge transfer.

4.5 More experiments and details in the supplementary file.

The details of the derivations presented in Section 3 for completeness.

— Quantitative results on MRI reconstruction in the noiseless case.

— Visual inspection on more examples in CT and MRI.

— Studies on the capability of AdaptNet for adapting the pre-trained model to
different measurement matrices.

— The effectiveness of AdaptNet for adapting a model pre-trained on MRI

images to natural images.

5 Conclusion and Discussion

This paper introduces AdaptNet, a TTA approach for IR from incomplete mea-
surements, inspired by the connection between linear denoising CNNs and Wiener
filtering. By embedding a lightweight linear convolution layer into each stage
of an unrolled NN, AdaptNet adapts a pre-trained model to each test sample
for improved performance. Our experiments on two medical IR tasks, CS-MRI
and SV-CT, confirm its effectiveness and demonstrate its capacity for process-
ing out-of-distribution test samples. Future research will explore the theoretical
foundations of model adaptation for broader estimators and its potential across
more tasks and architectures.
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