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 A B S T R A C T

Since the various contrast-weighted MR images of a given anatomy contain redundant information, one 
contrast can be used to guide the reconstruction of another undersampled contrast acquired subsequently 
in the same session. To solve this reconstruction problem leveraging multi-contrast side information, several 
end-to-end learning-based guided reconstruction methods have been proposed. However, a key challenge is 
the requirement for large paired training datasets comprising raw k-space data and aligned reference images. 
We propose a modular plug-and-play approach, which requires no k-space training data and relies solely on 
partially paired image-domain datasets. In this approach, a content/style model of two-contrast MR data is 
first learned from a purely image-domain dataset and subsequently applied as a plug-and-play operator in 
iterative reconstruction. The disentanglement of content and style allows explicit representation of contrast-
independent and contrast-specific factors. Consequently, incorporating prior information into the reconstruction 
reduces to a simple replacement operation on the aliased content of the estimated image using high-quality 
content derived from the reference scan. Combining this so-called content consistency operation with an MR 
data consistency step, followed by a corrective procedure for the content estimate, yields an iterative scheme. 
We name this novel approach PnP-CoSMo. This approach, by design, offers cross-contrast generalizability and 
provides an explanatory framework based on the shared and non-shared generative factors underlying the two 
given contrasts. We explore various aspects of PnP-CoSMo, including interpretability and convergence, via 
simulations. Furthermore, its practicality is demonstrated on the public NYU fastMRI DICOM dataset, showing 
equivalent or superior quality and greater generalizability compared to end-to-end methods. On two in-
house multi-coil datasets, PnP-CoSMo enabled up to 32.6% greater acceleration over non-guided plug-and-play 
reconstruction at given SSIM.
. Introduction

Magnetic resonance imaging (MRI) is an invaluable medical imag-
ng modality due to the rich anatomical information it provides, with 
he absence of radiation-related risks, e.g., in contrast to computed 
omography (CT), leading to its wide application in clinical practice. 
owever, its central limitation is the inherently slow data acquisi-
ion process. The raw sensor data is acquired in the frequency do-
ain (k-space), from which the image is reconstructed. Over the last 
5 years, advancements such as parallel imaging (Pruessmann et al., 
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2001; Griswold et al., 2002), compressed sensing (CS) (Lustig et al., 
2007), and deep learning reconstruction (Aggarwal et al., 2018; Pez-
zotti et al., 2020) have enabled considerable speedups by allowing sub-
Nyquist k-space sampling complemented by computationally sophisti-
cated reconstruction. These techniques have subsequently been imple-
mented on commercial MRI systems and have demonstrated (potential) 
improvements in clinical workflow (Seow et al., 2024). 

A clinical MRI session typically involves acquiring multiple contrast-
weighted scans of the same anatomy through the application of
different MR pulse sequences. Since these scans are different reflections 
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Fig. 1. Our two-stage approach to guided reconstruction. (a) The first stage learns a content/style model of two-contrast MR image data offline. No k-space data 
is required in this stage. We assume that the two image domains 1 and 2 can be decomposed into a shared content domain  and separate style domains 1 and 
2. This model is learned in two stages: an unpaired pre-training stage and a paired fine-tuning stage, both requiring only image data. (b) The reconstruction stage 
applies the content/style model as a content consistency operator (bottom) within an ISTA-based iterative scheme. Given an aligned reference image, guidance is 
introduced into the reconstruction by simply replacing its aliased content with content derived from the reference. The ‘‘refine’’ block denotes a content refinement 
update, which iteratively corrects for inconsistencies between the reference content and the measured k-space data, improving the effectiveness of the content 
consistency operator. DC denotes data consistency. For comparison, two other reconstruction priors are shown, namely wavelet-domain soft-thresholding (top) 
and CNN-based denoising (middle) used in CS-WT and PnP-CNN algorithms, respectively.
of the same underlying reality, they share a high degree of shared 
structure. However, currently deployed clinical protocols acquire and 
reconstruct each scan as an independent measurement, ignoring the in-
formation redundancy across scans. There is, therefore, an opportunity 
to further optimize acquisition times of MRI sessions by exploiting this 
shared information. On the reconstruction side, multi-contrast methods 
have addressed this problem by introducing shared information into the 
reconstruction phase, enabling higher levels of k-space undersampling. 
In the simplest case with two contrasts, multi-contrast reconstruction 
can be classified into two types: (a) guided reconstruction, where an 
existing high-quality reference scan is used to guide the reconstruction 
of an undersampled second scan (Ehrhardt and Betcke, 2016; Weizman 
et al., 2016; Zhou and Zhou, 2020) and (b) joint reconstruction, where 
both contrasts are undersampled and are reconstructed simultane-
ously (Bilgic et al., 2011; Huang et al., 2014; Kopanoglu et al., 2020). In 
this work, we consider the problem of guided reconstruction, assuming 
no inter-scan motion between reference and target scans.

The guided reconstruction problem entails using the local structure 
of the reference scan as a prior to complement the undersampled 
k-space measurements of the target scan. This problem has been for-
mulated in different ways, ranging from conventional CS reconstruc-
tion (Ehrhardt and Betcke, 2016; Weizman et al., 2016) to end-to-end 
learning with unrolled networks (Zhou and Zhou, 2020; Yang et al., 
2020; Pooja et al., 2022; Lei et al., 2023) and, more recently, diffusion 
model-based Bayesian maximum a posteriori estimation (Levac et al., 
2023). Most end-to-end approaches, although more powerful than ear-
lier hand-crafted ones, suffer from the main drawback of requiring 
large paired training datasets consisting of the target image and its 
k-space together with an aligned reference image, thereby limiting 
their application on real-world MR data. We address this issue by 
proposing a plug-and-play reconstruction method that splits the prob-
lem into a purely image-domain learning sub-problem and an iterative 
reconstruction sub-problem. The learning problem leverages ideas from 
disentangled content/style representation learning, thereby offering 
greater interpretability to our approach. To the best of our knowl-
edge, the present work is the first to thoroughly explore content/style 
decomposition for multi-contrast MRI reconstruction.

In recent years, image-to-image translation has been applied in the 
direct estimation of one MR contrast from another (Dar et al., 2019; 
Yurt et al., 2021; Denck et al., 2021; Atli et al., 2024). While these 
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methods are attractive due to their lack of dependence on k-space data, 
cross-contrast translation takes an extreme stance, when viewed in the 
light of MR physics, by not explicitly taking into account contrast-
specific sensitivities and relying solely on the prior contrast. Hence, in 
the context of MR image formation, mere cross-contrast translation can 
only provide a part of the information about the target image, since 
data acquisition via MR sequences is necessary to obtain new informa-
tion about the anatomy. That being said, literature on unpaired image 
translation provides a repertoire of useful tools such as joint generative 
modeling of two-domain image data (Liu et al., 2017; Huang et al., 
2018), which can be adopted to complement image reconstruction. 
We observe that methods such as MUNIT (Huang et al., 2018) can be 
applied to learn semantically meaningful representations of contrast-
independent and contrast-specific information as content and style, 
respectively, without the need for paired image-domain training data.

Plug-and-play (PnP) methods are an emerging paradigm for solv-
ing inverse problems in computational imaging. The main research 
line (Ahmad et al., 2020; Kamilov et al., 2023) has focused on learning 
convolutional neural network (CNN) based denoising models on image-
domain data and applying them as functions that replace proximal 
operators in iterative algorithms, such as the iterative soft-thresholding 
algorithm (ISTA) and the alternating direction method of multipliers 
(ADMM). In addition to an improved image recovery, an advantage 
of this approach is the decoupling of the learning problem of image 
modeling from the inverse problem of image reconstruction, thereby 
simplifying model training and improving generalizability across differ-
ent acceleration factors, undersampling patterns, etc. With this design 
pattern in mind, we combine content/style-based image modeling and 
iterative reconstruction under a PnP-like framework.

We first leverage semantic content/style modeling to learn explicit 
representations of contrast-independent and contrast-specific compo-
nents from two-contrast MR image data. This training process is in-
dependent of the reconstruction problem and can be performed using 
partially-paired and even unpaired images. We then make the insightful 
observation that in multi-contrast MR images, the style information 
tends to localize in the center of k-space, enabling an accurate style 
estimation from an undersampled image. Since the content of the target 
image, which is the residual and contrast-independent information, 
is supplied by the reference image, the composition of a de-aliased 
estimate of the target image from the undersampled estimate can 
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be performed in a single step. We term this the content consistency 
operation, which forms the basis of our iterative reconstruction al-
gorithm PnP-CoSMo (Plug-and-Play method based on Content/Style 
Modeling) (Rao et al., 2024). An overview of our approach is shown 
in Fig.  1. While the PnP-based decoupling of image modeling and 
image reconstruction simplifies the training process and allows the two 
stages to be analyzed separately, a further level of decoupling offered 
by content/style disentanglement offers additional modularity and an 
intuitive guidance mechanism for the reconstruction. Specifically, our 
contributions are four-fold:

1. We show that unpaired image-domain training can learn dis-
entangled contrast-independent and contrast-specific representa-
tions, followed by a fine-tuning strategy that refines the content 
representation using limited amounts of paired image-domain 
data.

2. With this content/style model as the basis, we define a con-
tent consistency operator capable of removing severe undersam-
pling artifacts from the target image, given the corresponding 
reference image.

3. Extending this idea further and incorporating a corrective pro-
cess for the content, we develop PnP-CoSMo, a modular al-
gorithm for guided reconstruction combining the flexibility of 
the plug-and-play approach with the semantic interpretability of 
content/style decomposition.

4. Through comprehensive experiments, we (a) shed light on sev-
eral properties of PnP-CoSMo, such as convergence and robust-
ness, (b) demonstrate its equivalent performance and superior 
generalizability compared to state-of-the-art end-to-end models, 
(c) demonstrate its applicability on real-world raw data, and (d) 
report radiological feedback based on a small-scale qualitative 
clinical task.

2. Related work

2.1. Reconstruction methods for accelerated MRI

One of the conventional paradigms for accelerating MRI by k-space 
undersampling is compressed sensing (CS) (Lustig et al., 2007), which 
combines random sampling with sparsity-based iterative denoising, 
most commonly implemented using the ISTA (Chambolle et al., 1998) 
or ADMM (Boyd et al., 2011) family of algorithms. Most modern 
deep learning-based reconstruction methods focus on improving the 
denoising component. Plug-and-play (PnP) methods (Ahmad et al., 
2020; Kamilov et al., 2023) replace the proximal operator in ISTA 
and ADMM with off-the-shelf denoisers such as a learned convolutional 
denoising model. Unrolled networks (Schlemper et al., 2017; Aggarwal 
et al., 2018; Pezzotti et al., 2020) extend this idea by casting the entire 
iterative algorithm into one large network, trained end-to-end. As a 
result, unrolled networks more adaptive to factors such as sampling 
pattern and acceleration, although at a cost of generalizability (Ahmad 
et al., 2020).

One of the earliest CS-based guided reconstruction methods was 
based on structure-guided total variation (STV) proposed by Ehrhardt 
and Betcke (2016), which assumes the sparse coefficients of the re-
construction are partially known given the high-frequency features 
in the reference scan. Later work introduced adaptive elements into 
the multi-contrast CS framework, e.g., Weizman et al. (2016) pro-
posed adaptive weighting-based guided CS and Song et al. (2020) used 
adaptive sparse domains based on coupled dictionary learning. In the 
latter, the problem was formulated using a patch-level linear model 
comprising coupled and distinct sparse dictionary representations of 
the two contrasts. This model resembles a content/style model in form, 
although it is more restrictive. A general drawback of classical methods 
compared to deep learning-based ones is their lower flexibility. End-to-
end learning-based methods (Zhou and Zhou, 2020; Yang et al., 2020; 
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Liu et al., 2021a,b; Feng et al., 2022; Lei et al., 2023), on the other 
hand, supply the reference scan as an additional input to a deep recon-
struction model, allowing it to automatically learn the suitable features 
to extract and transfer into the reconstruction. These methods have thus 
proven to be more effective than conventional algorithms. However, 
end-to-end methods require large paired training datasets comprising 
the ground-truth image and the k-space together with aligned reference 
images. This is an excessively strong data constraint when working with 
retrospectively collected clinical data that reflects the natural incon-
sistencies of routine practice, such as missing contrasts, differences in 
spatial resolutions, and the existence of inter-scan motion. Additionally, 
by relying on end-to-end-learned features, end-to-end methods are 
generally less interpretable than their conventional counterparts in that 
they do not explicitly model the multi-contrast problem in terms of the 
underlying shared and non-shared information. MC-VarNet (Lei et al., 
2023) is an important exception, which uses a simple linear decompo-
sition of the reference contrast into common and unique components, 
applying the common component for guidance.

A reconstruction method that is as effective as the learning-based 
methods while having more lenient data requirements and offering 
a high degree of interpretability is still needed. Our plug-and-play 
method relies on learning a deep non-linear content/style transform 
from image-domain data only, even if subject-wise paired images are 
not fully available.

2.2. Unpaired image-to-image modeling

Image-to-image modeling is the general problem of learning a 
mapping between two image domains and was first addressed by 
Pix2Pix (Isola et al., 2017) and CycleGAN (Zhu et al., 2017) in paired 
and unpaired settings, respectively. Another line of unpaired image 
translation methods, the first of which was UNIT (Liu et al., 2017), 
assumes a shared latent space underlying the two domains to explicitly 
represent shared information. However, both CycleGAN and UNIT 
assume a deterministic one-to-one mapping between the two domains, 
ignoring the fact that an image in one domain can have multiple 
valid renderings in the other. Deterministic image translation has been 
widely applied to MRI contrast-to-contrast synthesis (Dar et al., 2019; 
Oh et al., 2020; Yurt et al., 2021). Fundamentally, however, these 
methods do not account for the variability of the scanning setup that 
influences the realized contrast level and the differential visibility of 
pathologies in the target image. Denck et al. (2021) partially address 
this problem by proposing contrast-aware MR image translation, where 
the acquisition sequence parameters are fed into the network to control 
the output’s contrast level. However, this model is too restrictive since 
it assumes a single pre-defined mode of variability (i.e., global contrast 
level) in the data, for which the labels (i.e., sequence parameters) must 
be available.

MUNIT (Huang et al., 2018) extended UNIT by modeling domain-
specific variability in addition to domain-independent structure, en-
abling many-to-many mapping and thus overcoming the rigidity of 
UNIT. The result was a stochastic image translation model, which, 
given an input image, generates a distribution of synthetic images 
sharing the same ‘‘content’’ but differing in ‘‘style’’. More fundamen-
tally, MUNIT is a learned invertible transformation between the image 
domains and the disentangled content/style domains. And unlike other 
content/style modeling frameworks such as (Kotovenko et al., 2019; 
Kwon and Ye, 2021; Wu et al., 2023), MUNIT models content and style 
as latent generative factors of the two image domains, providing precise 
distribution-level definitions for them. Clinical MR images of a given 
protocol contain multiple modes of variability, many of which are not 
known a priori. Compared to Denck et al. (2021), we make a broader 
assumption that the contrast-independent semantic information is local 
in nature and that the contrast-specific variations in the dataset can 
include global effects of acquisition settings as well as local anatomical 
features unique to the contrast. We model using an approach based 
on the MUNIT framework, referring to the shared and non-shared 
components as content and style, respectively.
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2.3. Combining image translation with reconstruction

Acknowledging the limitation of MR cross-contrast prediction, some 
prior work has attempted to combine it with multi-contrast recon-
struction. A naive form of joint image synthesis and reconstruction, 
e.g., PROSIT (Mattern et al., 2020) and rsGAN (Dar et al., 2020), 
involves generating a synthetic image from the reference scan via 
deterministic image translation and using it in a classical L2-regularized 
least-squares reconstruction. More recent work by Xuan et al. (2022) 
proposed a joint image translation and reconstruction method which 
additionally accounts for misalignment between the reference and re-
constructing images, with a follow-up work leveraging optimal trans-
port theory (Wang et al., 2024). Levac et al. (2023) (whose approach 
we refer to as ‘‘PnP-Diffusion’’) formulate guided reconstruction as a 
highly general Bayesian maximum a posteriori estimation problem and 
solve it iteratively via Langevin update steps, using an image-domain 
diffusion model as the score function of the prior distribution. While 
these are promising directions, we propose an alternative approach that 
decomposes the multi-contrast problem in a more intuitive way: first, 
into two sub-problems, namely image modeling and image reconstruc-
tion; and second, within the image-domain model, the multi-contrast 
information is decomposed into content and style. This two-level de-
composition results in a highly modular reconstruction algorithm with 
a built-in explanatory framework where (a) the guidance mechanism is 
a simple content-replacement operation, (b) the discrepancy between 
the supplied reference content and the true content of the target image 
represents a meaningful error term which can be minimized, and (c) 
the optimal content-encoding capacity of the model for a given two-
contrast image dataset indicates the amount of shared structure that is 
available to be learned in this data and utilized in the reconstruction 
task.

3. Methods

In this section, we describe our methodology, starting with the 
formulation of the reconstruction problem and introducing the general 
plug-and-play method for solving it. We first sketch the outline of our 
content consistency operator in Section 3.1, followed by defining in 
Section 3.2 the content/style model that is at the core of this operator, 
and finally constructing the operator itself and developing it into the 
full PnP-CoSMo iterative reconstruction algorithm in Section 3.3.

3.1. Reconstruction problem

Given a set of 𝑃  acquired k-space samples 𝑦 ∈ C𝑃  and the MRI 
forward operator 𝐴 ∈ C𝑃×𝑄, CS reconstruction of the image 𝑥 ∈ C𝑄

with 𝑄 voxels is given as 
min
𝑥

‖𝐴𝑥 − 𝑦‖22 + 𝜆‖𝛹𝑥‖1, (1)

where 𝛹 is some sparsifying transform (e.g., wavelet) and 𝜆 is the 
regularization strength. A commonly used algorithm to solve this opti-
mization problem is ISTA, which iteratively applies the following two 
update steps: 
𝑧𝑘 ← 𝛹𝐻 sof t(𝛹𝑥𝑘−1; 𝜆), (2)

𝑥𝑘 ← 𝑧𝑘 − 𝜂𝐴𝐻 (𝐴𝑧𝑘 − 𝑦). (3)

Eq. (2) performs soft-thresholding in the transform domain, thereby 
reducing the incoherent undersampling artifacts in image 𝑥𝑘−1, whereas 
(3) enforces soft data consistency on image 𝑧𝑘 by taking a single 
gradient descent step over the least-squares term, controlled by step 
size 𝜂.

Plug-and-play methods replace the analytical operation of (2) with 
off-the-shelf denoisers. A CNN-based denoiser is of special interest as it 
incorporates a learning-based component into iterative reconstruction. 
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Given a CNN model 𝑓𝜃 trained to remove i.i.d. Gaussian noise from an 
image, PnP-CNN (Ahmad et al., 2020) modifies Eq. (2) to 
𝑧𝑘 ← 𝑓𝜃(𝑥𝑘−1). (4)

In guided reconstruction, a spatially aligned reference 𝑥ref1  is avail-
able, which captures the same underlying semantic content as the target 
reconstruction. Inspired by the PnP design, we cast the problem of 
incorporating prior information from 𝑥ref1  into the reconstruction iterate 
𝑥𝑘−12  as enforcing a hard consistency between this image iterate and its 
semantic content estimated from the reference. We propose a content 
consistency operator 𝑔𝑀 (⋅; 𝑐) such that 

𝑧𝑘2 ← 𝑔𝑀 (𝑥𝑘−12 ; 𝑐), (5)

where a content/style model 𝑀 decomposes 𝑥𝑘−12  into content and 
style, followed by a replacement of this corrupted content with high-
quality content 𝑐 derived from 𝑥ref1  and composing the improved image 
𝑧𝑘2 from it. The model 𝑀 is learned separately via an offline procedure 
and constitutes the core of our plug-and-play design. Before formally 
defining the operator 𝑔𝑀 (.; 𝑐) and developing the reconstruction algo-
rithm, we discuss in the following section the design and learning of 
the content/style model 𝑀 .

3.2. Content/style modeling

Given an image dataset of two MR contrasts, we make the general 
assumption that there exists an underlying contrast-independent struc-
ture which, influenced by arbitrary contrast-specific factors, is rendered 
as the contrast images. We formulate our content/style model based on 
the MUNIT framework (Huang et al., 2018). We first define the model 
and its pre-training strategy in Section 3.2.1, subsequently proposing a 
fine-tuning phase in Section 3.2.2 to adapt it to our reconstruction task. 
Finally, in Section 3.2.3, we introduce the concept of content capacity as 
a function of the model’s architecture, which would directly influence 
the effectiveness of our content consistency operator developed using 
this model.

3.2.1. Unpaired MUNIT pre-training
We define an image domain as the set 𝑖 of images of a given 

contrast comprising the dataset, where 𝑖 ∈ {1, 2}. ‘‘Content’’ 𝑐 ∈  is de-
fined as the underlying contrast-independent structure and represented 
as a set of feature maps, whereas ‘‘style’’ 𝑠𝑖 ∈ 𝑖 corresponds to the 
various modes of variability in one domain which cannot be explained 
by the other, e.g., global effects of acquisition settings, contrast-specific 
tissue features, etc., and is represented as a low-dimensional vector.

MUNIT posits the existence of functions 𝐺∗
𝑖 ∶  × 𝑖 → 𝑖

and their inverses 𝐸∗
𝑖 = (𝐺∗

𝑖 )
−1, and learns them jointly via un-

paired training, given samples from marginal distributions 𝑝(𝑥𝑖). In 
practice, the encoder 𝐸𝑖 is split into the content encoder 𝐸𝑐

𝑖  and 
the style encoder 𝐸𝑠

𝑖 . Thus, the content/style model is specified as 
𝑀 = {𝐸𝑐

1 , 𝐸
𝑐
2 , 𝐸

𝑠
1 , 𝐸

𝑠
2 , 𝐺1, 𝐺2}. The MUNIT loss function comprises four

terms: 
MUNIT = GAN + 𝛼1self

image + 𝛼2self
content + 𝛼3self

style, (6)

where 
GAN = E𝑥1∼𝑝(𝑥1),𝑠2∼𝑞(𝑠2)[(1 −𝐷2(𝐺2(𝐸𝑐

1(𝑥1), 𝑠2)))
2]+

E𝑥2∼𝑝(𝑥2),𝑠1∼𝑞(𝑠1)[(1 −𝐷1(𝐺1(𝐸𝑐
2(𝑥2), 𝑠1)))

2],
(7)

self
image = E𝑥1∼𝑝(𝑥1)[‖𝑥1 − 𝐺1(𝐸𝑐

1(𝑥1), 𝐸
𝑠
1(𝑥1))‖1]+

E𝑥2∼𝑝(𝑥2)[‖𝑥2 − 𝐺2(𝐸𝑐
2(𝑥2), 𝐸

𝑠
2(𝑥2))‖1],

(8)

self
content = E𝑐1∼𝑝(𝑐1),𝑠2∼𝑞(𝑠2)[‖𝑐1 − 𝐸𝑐

2(𝐺2(𝑐1, 𝑠2))‖1]+

E𝑐2∼𝑝(𝑐2),𝑠1∼𝑞(𝑠1)[‖𝑐2 − 𝐸𝑐
1(𝐺1(𝑐2, 𝑠1))‖1],

(9)

self
style = E𝑐1∼𝑝(𝑐1),𝑠2∼𝑞(𝑠2)[‖𝑠2 − 𝐸𝑠

2(𝐺2(𝑐1, 𝑠2))‖1]+
𝑠

(10)

E𝑐2∼𝑝(𝑐2),𝑠1∼𝑞(𝑠1)[‖𝑠1 − 𝐸1(𝐺1(𝑐2, 𝑠1))‖1].
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Fig. 2. Our proposed paired fine-tuning (PFT) stage for improving the alignment of the content representations of the two domains given a small dataset of 
paired images.
self
image is the image recovery loss, which promotes preservation of the 

image information in the latent space. self
content and self

style are the content 
and style recovery losses, respectively, which specialize parts of the 
latent code into content and style components. GAN is the adversarial 
loss, which enables unpaired training by enforcing distribution-level 
similarity between synthetic and real images via discriminators 𝐷1 and 
𝐷2. 𝛼1, 𝛼2, and 𝛼3 are tuneable hyperparameters. In the present work, 
we consider the MUNIT training process as the pre-training stage of our 
content/style model.

3.2.2. Paired fine-tuning
While the pre-training stage constitutes the bulk of the training and 

is responsible for learning the disentangled content/style representa-
tions, we propose an additional training phase for further improving 
the model’s content preservation property. To this end, we introduce 
the paired fine-tuning (PFT) stage, which strongly aligns the content 
representations of the two domains given a limited amount of paired, 
spatially-aligned image data. Given samples from the joint distribution 
𝑝(𝑥1, 𝑥2), our fine-tuning objective is expressed as 
PFT = GAN + 𝛽1self

image + 𝛽2cross
image + 𝛽3cross

content , (11)

where 
cross
image = E{𝑥1 ,𝑥2}∼𝑝(𝑥1 ,𝑥2)[ ‖𝑥2 − 𝐺2(𝐸𝑐

1(𝑥1), 𝐸
𝑠
2(𝑥2))‖1+

‖𝑥1 − 𝐺1(𝐸𝑐
2(𝑥2), 𝐸

𝑠
1(𝑥1))‖1],

(12)

cross
content = E{𝑥1 ,𝑥2}∼𝑝(𝑥1 ,𝑥2)[‖𝐸

𝑐
1(𝑥1) − 𝐸𝑐

2(𝑥2)‖1]. (13)

Among the newly introduced PFT loss terms here, cross
image is a pixel-

wise image translation loss, which provides bidirectional image-level 
supervision, and cross

content is a paired content loss, which penalizes dis-
crepancy between the content representations of the paired images. 𝛽1, 
𝛽2, and 𝛽3 are an additional set of hyperparameters. Fig.  2 illustrates 
the PFT stage. Note that our PFT preserves the bi-directionality of 
the content/style model, a property which will later be essential for 
generalization across different reconstruction tasks.
5 
3.2.3. Network architecture and content capacity
Following the original MUNIT paper (Huang et al., 2018), our 

content encoders 𝐸𝑐
𝑖  consist of an input convolutional layer poten-

tially followed by strided downsampling convolutions, and finally a 
series of residual blocks. Style encoders 𝐸𝑠

𝑖  consist of input and down-
sampling convolutions followed by adaptive average pooling and a 
fully-connected layer that outputs the latent vector. Decoders 𝐺𝑖 follow 
a similar structure to the content encoders, except in reverse. Style 
is introduced into the decoder via AdaIN operations, which modulate 
the activation maps derived from the content. We observe that in this 
architecture, the ratio between the content resolution and the image 
resolution reflects the level of local structure one expects to be shared 
between the two domains. This (relative) content resolution is thus an 
inductive bias built into the model, which we refer to as the model’s
content capacity and define as 

𝐽𝑀 ∶=
𝐻𝑐𝑊𝑐
𝐻𝑥𝑊𝑥

, (14)

where 𝐻𝑥 and 𝑊𝑥 are the height and width of the input image and 𝐻𝑐
(≤ 𝐻𝑥) and 𝑊𝑐 (≤ 𝑊𝑥) are those of the corresponding content maps. 
This ratio is controlled by changing the number of up/downsampling 
blocks in the networks. Our notion of content capacity is closely related 
to the more general concept of the locality bias of image-to-image 
models (Richardson and Weiss, 2021). A content/style model with a 
high content capacity has a large content resolution, allowing it to 
learn a rich, highly expressive content representation that strongly 
influences the output’s structure. Consequently, the model’s style spaces 
are restricted to learn mostly low-level global features. By finding the
optimal content capacity for a given two-contrast image-domain dataset, 
one can quantify the amount of shared spatial information in this 
dataset, which will have consequences on the effectiveness of guidance 
in the reconstruction.
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Fig. 3. Demonstration of the content consistency operator 𝑔𝑀 (⋅; 𝑐) based on a content/style model 𝑀 . The image pair shown here is an example from the NYU 
fastMRI brain DICOMs, practical details regarding which are provided in Section 4. (a) A T1W/T2W image pair and the corresponding content maps show that 
the two contents generally agree, while there is also some discrepancy between them. (b) Synthetic T2W images generated from 16 style codes grid-sampled from 
2, showing that style encodes mostly the image contrast. (c) Ground truth T2W 𝑥∗2 is corrupted to 𝑥us2  using 𝑅 = 4 undersampling with three different center 
fractions and the operator 𝑔𝑀 (⋅; 𝑐) is applied to each case, showing that sampling more low-frequency lines leads to more accurate style estimate 𝑠̂2 and hence 
a better content-consistent image 𝑥cc2 . Contours in 2 indicate the level set of MAE of the synthetic images corresponding to styles from those regions. The red 
circle indicates a style estimation NMSE of 0.1.
3.3. Iterative reconstruction based on content consistency

Given the content/style model 𝑀 , we consider 1 and 2 as ref-
erence and target domains, respectively, in our guided reconstruction 
task, and define the content consistency operator 𝑔𝑀 (⋅; 𝑐) from Eq. (5) 
as 

𝑥cc2 = 𝑔𝑀 (𝑥us2 ; 𝑐) ∶= 𝐺2(𝑐, 𝐸𝑠
2(𝑥

us
2 )), (15)

where 𝑥us2  is the image containing undersampling artifacts, 𝑥cc2  is the 
content-consistent image, and 𝑐 = 𝐸𝑐

1(𝑥
ref
1 ) is the reference content. This 

operation improves 𝑥us2  by simply replacing its aliased content with the 
content estimated from 𝑥ref1 , a rule which will later be softened with 
(17).

Note that this is a radical operation as it discards all structure 
contained in 𝑥us2 , retaining only a compact style code 𝑠̂2 = 𝐸𝑠

2(𝑥
us
2 ). 

Let 𝑥∗2 be the ground truth reconstruction with content 𝑐∗ and style 
𝑠∗2. The success of our content consistency operation depends on three 
conditions: (a) 𝑐 and 𝑐∗ are highly descriptive representations of the 
underlying anatomy, (b) 𝑐 is close to 𝑐∗, and (c) 𝑠̂2 is close to 𝑠∗2. The 
first condition is satisfied provided that there is a sufficient amount of 
shared structure between the reference and target domains and that the 
model has a high content capacity 𝐽𝑀  for capturing highly expressive 
content. The second condition is roughly satisfied, as seen in Fig.  3a, 
because the model is explicitly trained to minimize content error. This 
point will be revisited shortly in the coming paragraphs. On the other 
hand, it is not self-evident that the third condition should hold too, and 
it hence deserves a closer examination. If the first condition is satisfied, 
the optimal model will have a high content capacity and consequently, 
the style variable would be confined to representing low-level global 
image features, e.g., contrast variations (see Section 3.2.3). This can be 
observed empirically, as shown in Fig.  3b. It is a well-known fact that 
image contrast is contained prominently in the center of the k-space. 
Hence, the estimate 𝑠̂2 can be made arbitrarily close to 𝑠∗2 by sufficiently 
sampling the k-space center, as demonstrated empirically in Fig.  3c.

Applying data consistency update (3) following 𝑔𝑀 (⋅; 𝑐) in repetition 
yields an ISTA-based iterative scheme. Here, our content consistency 
update complements the data consistency update in the sense that while 
the latter forces the image estimate to be consistent with the given 
(measured) k-space data 𝑦, the former forces it to be consistent with 
the given (prior) content 𝑐.
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Algorithm 1 PnP-CoSMo iterative guided reconstruction
Require: 𝑦, 𝐴, 𝑥ref1 , 𝑀 , 𝜂, 𝛾 ⊳ where 𝑀 = {𝐸𝑐

1 , 𝐸
𝑠
1 , 𝐸

𝑐
2 , 𝐸

𝑠
2 , 𝐺1, 𝐺2}

1: 𝑘 ← 0
2: 𝑥𝑘2 ← 𝐴𝐻𝑦 ⊳ Initialize reconstruction
3: 𝑐𝑘 ← 𝐸𝑐

1(𝑥
ref
1 ) ⊳ Initialize content

4: repeat
5:  𝑘 ← 𝑘 + 1
6:  𝑧𝑘2 ← 𝑔𝑀 (𝑥𝑘−12 ; 𝑐𝑘−1) ⊳ Content consistency update
7:  𝑥𝑘2 ← 𝑧𝑘2 − 𝜂𝐴𝐻 (𝐴𝑧𝑘2 − 𝑦) ⊳ Data consistency update
8:  𝑐𝑘 ← 𝑐𝑘−1 − 𝛾∇𝑐 ||𝐴𝐺2(𝑐𝑘−1, 𝐸𝑠

2(𝑥
𝑘
2)) − 𝑦||22 ⊳ Content refinement 

(CR) update
9: until convergence
10: return 𝑥𝑘2

The core assumption of an idealized content/style model is that 
contents 𝑐 and 𝑐∗ are identical. However, in reality, this assump-
tion will not hold, and a discrepancy between the two contents is 
to be expected. There are two possible sources of this discrepancy: 
(a) model-related, e.g., fundamental limits such as irreducible error1 
and practical issues like sub-optimal network design and training, and 
(b) reference image-related, e.g., presence of artifacts independent of 
the target reconstruction. We refer to this gap between 𝑐 and 𝑐∗ as
content discrepancy. Fig.  3a shows content discrepancy as observed em-
pirically. During reconstruction, the error in 𝑐 would limit the efficacy 
of the content consistency operator 𝑔𝑀 (⋅; 𝑐), affecting the reconstruc-
tion quality. While model-related discrepancy is partly tackled by PFT 
(Section 3.2.2), we now propose a content refinement (CR) procedure 
to correct for the remaining discrepancy in the reconstruction stage. 
Since we have no direct access to the true content 𝑐∗, but only to 
undersampled k-space measurements 𝑦, we aim at solving the following 
minimization sub-problem in CR 
min
𝑐

‖𝐴𝐺2(𝑐, 𝑠̂2) − 𝑦‖22, (16)

starting from the initial point 𝑐 = 𝐸𝑐
1(𝑥

ref
1 ) and for a given style estimate 

𝑠̂2. The augmented forward operator 𝐴𝐺2(⋅) is a composition of the 

1 If perfectly zero error was possible, one could perfectly predict the 
(distribution of) target image from the reference without any measurement.
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linear MRI forward operator 𝐴 and the non-linear content/style decoder 
𝐺2, and it maps the content domain to the k-space domain. The error 
between the predicted k-space 𝐴𝐺2(𝑐, 𝑠̂2) and the measured data 𝑦
serves as a proxy for content discrepancy, which can be computed and 
minimized during the reconstruction. We approximate the solution with 
a single gradient descent step 
𝑐𝑘 ← 𝑐𝑘−1 − 𝛾∇𝑐‖𝐴𝐺2(𝑐𝑘−1, 𝑠̂𝑘2) − 𝑦‖22, (17)

initialized as 𝑐0 ← 𝐸𝑐
1(𝑥

ref
1 ) and updated every 𝑘th iteration with step 

size 𝛾 following the data consistency and content consistency updates. 
Hence, by aligning the content 𝑐 with k-space data 𝑦 and correcting the 
discrepancy, the CR module aligns content consistency updates with 
data consistency updates. With this additional component in place, we 
obtain our PnP-CoSMo reconstruction algorithm (Algorithm 1). Note 
that, unlike content, the style of the image estimate need not be explic-
itly aligned with the k-space. Since the style information is assumed to 
be derived predominantly from the k-space data, the data consistency 
update applied to the image implicitly ‘‘corrects’’ its style. Thus, as the 
image converges, we hypothesize that style would converge as well.

4. Experimental setup

In order to comprehensively evaluate PnP-CoSMo, we conducted 
four sets of experiments, each addressing different questions. First, a 
set of detailed analyses of our method using simulated MRI images 
tested the influence of various hyperparameters and of structural data 
errors on the reconstruction quality as well as the algorithm’s conver-
gence properties. Second, with the aim of evaluating against a broad 
set of state-of-the-art baselines and multiple reconstruction tasks, we 
benchmarked PnP-CoSMo on the public NYU fastMRI brain data (Knoll 
et al., 2020; Zbontar et al., 2018). Third, we performed a benchmark 
and ablation study on two challenging clinical multi-coil datasets with 
real-world data constraints, following which a small-scale radiological 
evaluation was conducted to obtain qualitative radiological feedback 
on a small data sample. Without loss of generality, we considered the 
case of reconstructing T2W scans using T1W references and focused on 
head applications, except in the NYU benchmark, where the reverse 
case of T2W-guided T1W reconstruction was considered as well. Sup-
plementary results on the NYU dataset involving the two additional 
contrasts, namely FLAIR and gadolinium-enhanced T1W (T1WGd), are 
provided in Appendix.

4.1. Analyses on simulated MR data

The goal of our simulation experiments was to explore the hyper-
parameters and empirically test several properties of our algorithm 
under a tightly controlled setting. To this end, we used simulated 
T1W and T2W images based on BrainWeb phantoms (Collins et al., 
1998). BrainWeb provides 20 anatomical models of the normal brain, 
each comprised of fuzzy segmentation maps of 12 tissue types. The 20 
volumes were first split into the model training (18), model validation 
(1), and reconstruction testing (1) subsets. 2D T1W and T2W spin-
echo scans in the transversal plane were simulated using TE/TR values 
randomly sampled from realistic ranges, specifically TR ∈ [300, 700] and 
TE ∈ [5, 25] for T1W scans, and TR ∈ [1800, 2200] and TE ∈ [70, 120] for 
T2W scans. For testing the reconstruction, 2D single-coil T2W k-space 
data were simulated via Fourier transform and 1D Cartesian random 
sampling at various accelerations.

Among the various hyperparameters of our framework, the most 
influential are the content capacity 𝐽𝑀  of the content/style model 
(Eq. (14)), the disentanglement loss weights 𝛼2 and 𝛼3 of the model pre-
training (Eq. (6)), and the CR step size 𝛾 of the PnP-CoSMo algorithm 
(Eq. (17)). While 𝐽𝑀  defines the richness of the contrast-independent 
content the model is capable of learning, 𝛼2 and 𝛼3 determine the 
degree of disentanglement of the content and style representations 
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the model achieves during the bulk of its training. Both are neces-
sary preconditions for our content consistency operator, and hence 
for PnP-CoSMo, to be effective. In PnP-CoSMo, the CR step size 𝛾
controls the algorithm’s efficacy in correcting errors in the reference 
content, thereby directly influencing reconstruction quality. Unlike 
other hyperparameters, 𝛾 is specific to the reconstruction problem and 
depends on the reconstruction setup, e.g., k-space undersampling. We 
thus analyzed the effects of these specific hyperparameters using the 
BrainWeb dataset, obtaining insights on their optimal settings, while 
additionally analyzing other aspects such as algorithm convergence and 
the robustness of the CR module.

4.2. Benchmark on public NYU fastMRI DICOM data

In the NYU benchmark, we compared PnP-CoSMo against state-
of-the-art reconstruction methods belonging to both end-to-end and 
plug-and-play paradigms. First, we sought to answer the following 
question: Can PnP-CoSMo, which requires only image-domain train-
ing data, outperform end-to-end methods, which additionally require 
k-space training data and are optimized to directly solve the recon-
struction problem? Furthermore, end-to-end methods are task-specific 
models where the reference and target contrasts are fixed, e.g., T1W 
as reference and T2W as target. On the other hand, the content/style 
model used in PnP-CoSMo does not possess this kind of unidirection-
ality. Hence, we sought to assess the generalizability of PnP-CoSMo 
across two different reconstruction tasks: (a) T2W reconstruction with 
guidance from T1W reference and (b) T1W reconstruction with guid-
ance from T2W reference. Finally, we compared PnP-CoSMo against 
other plug-and-play methods, which share a similar design pattern 
as ours, where the modeling/learning problem is decoupled from the 
reconstruction problem, and the requirement is only image-domain 
training data.

The public NYU fastMRI brain dataset includes multi-coil raw data 
and DICOM scans of four contrasts: T1W with and without gadolin-
ium agent, T2W, and FLAIR. For multi-contrast experiments, however, 
the NYU raw dataset does not provide subject labels for pairing the 
contrasts. Therefore, instead of the NYU raw data, we used the NYU 
DICOMs in this study, following Xuan et al. (2022). A paired DICOM 
subset of 327 subjects was obtained based on T2W and non-gadolinium 
T1W scans, all of them being either 2D spin echo or turbo spin echo 
acquisitions in the transverse plane with median in-plane FOV of 
220 × 220 mm2 for both, in-plane voxel size of 0.69 × 0.69 mm2 for 
T1W scans and 0.57 × 0.57 mm2 for T2W scans, slice thickness of 5 mm 
for both, FA = 20–150◦, TR = 220–874 ms, TE = 2.46–17 ms, and 
ETL = 1–5 for T1W scans, and FA = 90–180◦, TR = 2696–8910 ms, 
TE = 9.9–119 ms, and ETL = 11–27 for T2W scans. All T1W scans 
were rigidly registered with the corresponding T2W scans. Single-coil 
k-space data was simulated via Fourier transform with 1D Cartesian 
random sampling at 𝑅 ∈ {2, 3, 4, 5} and added Gaussian noise of 𝜎 =
0.01max(𝑥∗2).

The dataset was split into three folds at the subject-level for cross-
validation based on random shuffling, with two partitions representing 
training data and one representing the test data in each fold. For 
PnP-CoSMo, all images from the training set were used to pre-train 
(ignoring the pairing information) and fine-tune (utilizing the pairing 
information) the content/style model, whereas the end-to-end methods 
were trained on paired examples composed of the reference image, the 
target contrast k-space, and its ground truth image. The plug-and-play 
baselines were trained, like PnP-CoSMo, on the full image-domain data 
in the cross-validation training folds. We benchmarked PnP-CoSMo 
against three end-to-end methods and three plug-and-play methods. 
Among the end-to-end baselines we included one well-known single-
contrast network, namely MoDL (Aggarwal et al., 2018), and two 
recent multi-contrast networks, namely MTrans (Feng et al., 2022) 
and MC-VarNet (Lei et al., 2023). These networks were evaluated 
on the aforementioned two reconstruction tasks, assessing both their 
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Table 1
Overview of the sequences in the LUMC datasets.
 Sequence LUMC-TRA LUMC-COR

 Params 3D T1W TFE 2D T2W TSE 3D T1W TSE 2D T2W TSE 
 FA (deg) 8 90 80–90 90  
 TR (ms) 9.8–9.9 4000–5000 500–800 2000–3500  
 TE (ms) 4.6 80–100 6.5–16 90–100  
 ETL 200 14–18 10–13 17–19  
 Voxel size (mm) 0.98 × 0.99 × 0.91 0.4 × 0.54 0.59 × 0.62 × 1.19 0.39 × 0.47  
 Slice thick. (mm) – 3 – 2  
 FOV (mm) 238 × 191 × 218 238 × 190 130 × 238 × 38 130 × 197  
 Num slices – 50 – 15  
Table 2
LUMC data split. The splits were made on the subject-level, i.e., each subject 
belonged to exactly one subset. Splits containing only image-domain data 
(i.e., no raw k-space data), specifically image-train and image-val, are marked 
with I. Thus, the training of only image-domain models is feasible, thereby 
representing a real-world problem where end-to-end methods are not feasible. 
The recon split additionally included raw T2W multi-coil k-space and coil 
sensitivities, which were used for tuning and evaluating the reconstruction 
algorithms in a two-fold cross-validation setup. All data samples were used in 
the experiment.
 Dataset Split Subjects Sessions Scans (T1W/T2W) 
 
LUMC-TRA

image-trainI 295 418 360/415  
 image-valI 16 17 17/17  
 recon 38 52 52/52  
 Total 339 487 429/484  
 
LUMC-COR

image-trainI 242 277 269/272  
 image-valI 18 18 18/18  
 recon 31 35 35/35  
 Total 291 330 322/325  

in-distribution and out-of-distribution performance. Specifically, for 
the T2W reconstruction task, ‘‘in-distribution’’ means that the end-to-
end model was trained to reconstruct T2W images, whereas ‘‘out-of-
distribution’’ means the model was trained to reconstruct T1W images 
but applied on the T2W reconstruction task, and vice versa. While 
MC-VarNet and MTrans used the reference image information, MoDL 
ignored the reference information. Among the plug-and-play base-
lines we included a single-contrast method, namely PnP-CNN (Ahmad 
et al., 2020), and two guided methods, namely PnP-Diffusion (Levac 
et al., 2023) and PROSIT (Mattern et al., 2020). Note that these 
methods, like PnP-CoSMo, are not contrast-task-specific in the same 
way end-to-end models are, and thus the concept of in-distribution and 
out-of-distribution tasks does not apply to them.

4.3. Benchmark and ablation on in-house LUMC multi-coil datasets

In our benchmark on clinical multi-coil data, the goal was to test 
PnP-CoSMo on a constrained real-world problem where no raw k-space 
data was available for training, with only the image-domain training 
data at our disposal. This is often the case, as in clinical practice, raw 
data is discarded after acquisition, and only the final reconstructions 
are retained. Moreover, T1W/T2W images are often not fully subject-
wise paired, e.g., due to missing acquisitions, representing a realistic 
case of data imbalance.

Our in-house data consisted of brain scans of patients from LUMC, 
the use of which was approved for research purposes by the institu-
tional review board. A total of 1669 brain scans were obtained from 
817 clinical MR examinations of 630 patients acquired on 3T Philips 
Ingenia scanners. We focused on accelerating two T2W sequences: 
(a) 2D T2W TSE transversal and (b) 2D T2W TSE coronal. For guid-
ance, two corresponding T1W sequences were used: (a) 3D T1W TFE 
transversal and (b) 3D T1W TSE coronal. The transversal and coronal 
protocols were considered as two separate datasets, namely LUMC-TRA 
and LUMC-COR. Table  1 shows an overview of the four sequences. Note 
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that the in-plane resolution of the T1W scans was 1.3–2.5 times as low 
as that of the T2W scans, making these datasets more challenging for 
T1W-guided T2W reconstruction.

Each of the two LUMC datasets was split into image-train, image-
val, and recon. The former two splits contained only image-domain data 
and no k-space raw data, and were used to train and validate the con-
tent/style models. The models were pre-trained on the full image-train
splits, ignoring any pairing between T1W and T2W scans. Additionally, 
20 subjects from the image-train split were designated for PFT, where 
the pairing information was used in training, and the reference scans 
were aligned via registration. The recon split additionally included 
multi-coil T2W raw data, which comprised 6-channel (LUMC-TRA) and 
13-channel (LUMC-COR) k-space and coil sensitivity maps. This k-
space was already undersampled (1D Cartesian random) at acquisition 
with clinical acceleration of 𝑅 = 1.8–2. We further undersampled it 
retrospectively to higher accelerations 𝑅 ∈ {4, 6, 8, 10} by dropping 
subsets of the acquired lines. The evaluation was performed on the
recon split using a two-fold cross-validation setup where the subjects 
in this split were divided into two folds. At a given moment, one 
fold was used to tune the reconstruction-time hyperparameters (such 
as CR step size 𝛾 for PnP-CoSMo, regularization weights for classical 
baselines, etc.), whereas the other was used as a test set to compute the 
metrics, thus enabling a robust evaluation on all samples in the split. 
An overview of the data split is shown in Table  2. Spatially aligned 
images required by all but the unpaired training set were obtained via 
rigid registration, and the reference T1W images were resampled to the 
T2W resolution. During unpaired training, all images were resampled 
to the median T2W resolution.

Given the absence of k-space training data, end-to-end reconstruc-
tion methods were not feasible as baselines. Hence, we compared PnP-
CoSMo with only the feasible types of baselines, i.e., classical, semi-
classical, and plug-and-play reconstruction and image-to-image trans-
lation. Among classical methods, we used the unguided 𝐿1-wavelet CS 
(CS-WT) and the guided STV-based CS (CS-STV) (Ehrhardt and Betcke, 
2016). As an unguided plug-and-play baseline, we used PnP-CNN (Ah-
mad et al., 2020), and as a representative image translation baseline, 
we compared against MUNIT itself. Using MUNIT, deterministic image 
translation was approximated by combining the reference content with 
200 randomly sampled T2W style codes and taking a pixel-wise mean 
of the resulting synthetic images to obtain a single synthetic image. As a 
semi-classical guided baseline, we used PROSIT (Mattern et al., 2020), 
which combines deterministic image translation with L2-regularized 
least-squares reconstruction. Additionally, as an ablation study for 
PnP-CoSMo, we ablated PFT and CR to assess their contribution, and 
finally, as an upper bound for PnP-CoSMo representing zero content 
discrepancy, we disabled PFT and CR and used the ideal content 𝑐∗. In 
both NYU and LUMC benchmarks, we used three perceptual metrics for 
evaluation: SSIM, HaarPSI, and DISTS. While SSIM is used commonly, 
HaarPSI and DISTS are known to correlate better with visual judgment 
of image quality (Kastryulin et al., 2023). All three metrics are bounded 
in [0, 1] where 1 represents perfect image quality. We conducted paired 
Wilcoxon signed-rank tests to measure statistical significance when 
comparing pairs of algorithms.
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4.4. Small-scale qualitative radiological evaluation

Finally, as a supplement to the LUMC benchmark, we conducted a 
preliminary and qualitative radiological evaluation with the goal of as-
sessing the quality of PnP-CoSMo reconstructions in a concrete clinical 
context. The experiment was conducted on a small sample of the LUMC-
TRA recon set. First, all 20 subjects from this set (see Table  2) were 
screened by a junior radiologist for the presence of brain metastases, 
resulting in three scans included in this part of the experiment. The 
qualitative scoring was then performed independently by two senior 
neuroradiologists. The scoring system comprised two sets of criteria, 
namely visual quality and pathology. Four visual quality criteria were 
used, namely sharpness, noise, artifacts, and tissue contrast between 
gray and white matter and CSF. For pathology, we used three criteria, 
namely the number and sharpness of hyperintense areas within or 
surrounding metastases and the overall diagnostic quality of the scan 
for brain metastases. The images were scored using a five-point Likert 
scale (Mason et al., 2019): (1) non-diagnostic, (2) poor, (3) fair, (4) 
good, and (5) excellent diagnostic quality.

Furthermore, we used PnP-CNN as a non-guided plug-and-play re-
construction baseline. We evaluated the two methods at four clinically 
realistic accelerations of 𝑅 ∈ {3, 4, 5, 6}, which are close to the routine 
clinical acceleration of 𝑅 = 2 for this sequence. In total, nine images 
per patient, including the (2 × 4 = 8) reconstructions and the clinical 
ground truth (acquired at 𝑅 = 2 and reconstructed by the vendor 
software), were presented to the two observers who scored each image 
individually, blinded to the reconstruction method and 𝑅. The scores 
were then processed as follows. Given a reconstruction method and 
𝑅, the scores for each Likert-scale criterion were expressed as an 
aggregate by computing the mean across the three subjects and the 
two observers. The number of visible metastases was expressed as the 
fraction of total metastases across the three subjects. Moreover, the 
agreement between the two observers was measured using Spearman’s 
rank correlation coefficient, computed separately on the Likert-scale 
scores and the metastasis count. Note that these scores used in this 
small-scale evaluation are only meant to aid qualitative comparisons 
between the reconstruction algorithms and not to draw any strong 
quantitative inferences.

4.5. Implementation details

We used a similar general residual architecture for content/style 
encoders and decoders as in the original MUNIT paper (Huang et al., 
2018), except with an additional layer at the end of the content encoder 
to produce content maps of the specified number of channels. We 
used 2 or 4 content channels, depending on the content downsampling 
factor. The discriminators were implemented as multi-scale PatchGAN 
networks, enabling them to locally assess the input images for realism 
at different scales. We used 1 scale in the BrainWeb simulations and 
three scales in the NYU and LUMC benchmark. We additionally condi-
tioned the discriminators on foreground masks of the images to penalize 
the background signal, and we used spectral normalization (Miyato 
et al., 2018) to stabilize the GAN training.

Based on the hyperparameter analyses on BrainWeb synthetic data, 
viable ranges of values of the content capacity 𝐽𝑀 , the disentangle-
ment weights 𝛼2 and 𝛼3, and the step size 𝛾 of the CR module were 
obtained (presented later in Section 5.1) and set for the subsequent 
NYU and LUMC benchmarks. Specifically, 𝐽𝑀  was set depending on 
the resolution of the reference contrast of a given dataset, e.g., 𝐽𝑀  = 1 
for the NYU data and 𝐽𝑀 = 1∕22 for the LUMC data. We used 𝛼2 =
𝛼3 = 1 as a reasonable choice for both the NYU and LUMC datasets. 
Finally, the CR step size was set to 𝛾 = 0.1 for the NYU benchmark. 
In case of LUMC datasets, which consist of more complex multi-coil 
measurements, a search space was defined based on the BrainWeb 
results, and the optimal 𝛾 was obtained by tuning the values per 
acceleration. The other hyperparameters, such as the image recovery 
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loss weight 𝛼1 as well as the fine-tuning loss weights 𝛽1, 𝛽2, and 𝛽3, 
were set to a simple and reasonable unit value consistently throughout. 
While additional hyperparameter optimizations may be possible, the 
above settings were sufficient to demonstrate the performance of PnP-
CoSMo in comparison with strong baselines, fulfilling the aim of these 
benchmarks. In the synthetic BrainWeb experiments, all content/style 
models were pre-trained for 200k and were not fine-tuned for the sake 
of simplicity, unless stated otherwise in Section 5.1. In both NYU and 
LUMC benchmarks, the content/style models were pre-trained for 400k 
iterations and fine-tuned for 50k iterations. At reconstruction time, the 
number of PnP-CoSMo iterations was fixed to 200 consistently.

All software was implemented in PyTorch, and image registration 
was performed using Elastix (Klein et al., 2009). All training runs were 
performed on a compute node with an NVIDIA Quadro RTX 6000 GPU.

5. Results

The results of our extensive evaluation, as reported in the fol-
lowing sections, demonstrate the performance of PnP-CoSMo across 
synthetic and real-world MRI datasets, starting with detailed anal-
yses on the BrainWeb synthetic data (Section 5.1) that thoroughly 
examine PnP-CoSMo in terms of its most important hyperparame-
ters and its robustness and convergence properties. On the public 
NYU fastMRI benchmark (Section 5.2), PnP-CoSMo is quantitatively 
compared against three end-to-end and three plug-and-play baselines, 
demonstrating superior quality and generalizability despite its lack of 
dependence on k-space training data. On in-house LUMC multi-coil 
raw data (Section 5.3) — constrained by partially paired image-domain 
training data and absent k-space training data — PnP-CoSMo is com-
pared against classical unguided and guided methods, plug-and-play 
approaches, and image-to-image translation techniques, confirming its 
superior performance on challenging real-world data, along with an 
ablation study verifying the contributions of the PFT and CR compo-
nents. This is supplemented by a qualitative radiological evaluation 
(Section 5.4) providing initial clinical feedback.

5.1. Analyses on simulated MR data

In the following sections, we report our analyses on the synthetic 
BrainWeb dataset, exploring the influence of settings controlling both 
content/style modeling and iterative reconstruction stages of our frame-
work. These are provided in Section 5.1.1 and Section 5.1.2, respec-
tively. The most consequential hyperparameters of our framework are 
the content capacity 𝐽𝑀  and the disentanglement loss weights 𝛼2 and 
𝛼3 of the content/style model, and the CR step size 𝛾 of the PnP-
CoSMo algorithm. Based on the sensitivity analyses presented here, 
we obtain transferrable insights into these settings. Additionally, Sec-
tion 5.1.2 reports the effectiveness of the CR component in correcting 
contrast-specific structural misalignments, while also reporting a con-
vergence analysis of PnP-CoSMo quantifying both its contribution and 
computational cost.

5.1.1. Analysis of the content/style prior
The content consistency operator at the core of PnP-CoSMo strongly 

assumes two properties in the content/style model: (a) the content and 
style representations are sufficiently disentangled, and (b) the content 
representation estimated from the reference image is sufficiently de-
scriptive. Here, we analyze the influence of the model’s content/style 
disentanglement and its content capacity on the reconstruction quality.

First, we evaluated the effect of perturbing the disentanglement loss 
weights 𝛼2 and 𝛼3 (Eq. (6)) of MUNIT on the PnP-CoSMo reconstruction 
quality. Fig.  4a shows the reconstruction PSNR for different weight 
values. We first considered different orders of magnitude of values 
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Fig. 4. Sensitivity analysis for the disentanglement loss weights 𝛼2 and 𝛼3 on synthetic BrainWeb data. (a) The plot shows the effect of 𝛼2 and 𝛼3 on the 
reconstruction PSNR (dB) of PnP-CoSMo at accelerations 𝑅 ∈ {2, 4} computed on BrainWeb test volume (300 slices). The black horizontal lines show the baseline 
reconstruction quality of 𝐿1-wavelet compressed sensing (CS-WT). 𝛼2 = 𝛼3 ∈ [0.01, 1] is observed to be a reasonable range of settings. Outside of this range, the 
quality of PnP-CoSMo reconstructions sharply drop below the CS-WT baseline. A lower disentanglement strength results in insufficient separation of content from 
style, violating the modeling assumptions and resulting in worse reconstructions. Whereas, an excessive focus on disentanglement sacrifices preservation of image 
information in the latent space, leading to highly lossy encoding and decoding in the model and, hence, to worse reconstructions. (b) Expanded analysis of the 
region 𝛼2, 𝛼3 ∈ [0.01, 1] of the parameter space, exploring cases where 𝛼2 ≠ 𝛼3. An asymmetry in the sensitivity of PSNR is observed between 𝛼2 and 𝛼3, suggesting 
an unequal contribution to the level of content/style disentanglement in the model. This trend is consistent across acceleration factors, as seen across 𝑅 = 2 and 
𝑅 = 2. The optimal setting is found to be 𝛼2 = 0.1 and 𝛼3 = 0.25 at both accelerations (annotated by cyan stars), with PSNR of 30.47 dB and 28.12 dB at 𝑅 = 2
and 𝑅 = 4, respectively.
in the range 𝛼2 = 𝛼3 ∈ [0.001, 10].2 At the lower extreme end with 
values less than 0.01, poor disentanglement of content and style in the 
model resulted in poor PnP-CoSMo reconstruction quality. This was 
expected since PnP-CoSMo relies on the assumption that the content 
representation is (sufficiently) contrast-independent, which was less 
enforced at these levels. At values higher than 1, the training over-
emphasized disentanglement while under-emphasizing the GAN and 
image recovery loss terms, thereby leading to worse preservation of im-
age information in the latent space and thus, to worse reconstructions. 
At both these extremes, the quality of PnP-CoSMo dropped below a pre-
defined baseline reconstruction quality corresponding to 𝐿1-wavelet 
regularized compressed sensing (CS-WT). We, therefore, consider 𝛼2 =
𝛼3 ∈ [0.01, 1] to be the reasonable range of this setting across datasets. 
Analyzing this range further, we explored settings where 𝛼2 ≠ 𝛼3, as 
shown in Fig.  4b. The optimal combination was found to be 𝛼2 = 0.1
and 𝛼3 = 0.25, producing PSNR of 30.47 dB and 28.12 dB at 𝑅 = 2 and 
𝑅 = 4, respectively. Despite modeling content and style as symmetric 
and exhaustive categories, we thus find that reconstruction quality 
can be asymmetrically sensitive to the weighting of their respective 
disentanglement loss terms. In the subsequent experiments, however, 
we deviate away from this optimal setting in favor of the theoretical 
interpretability of the condition 𝛼2 = 𝛼3 (allowing their interpretation 
as the level of disentanglement in the model), and set 𝛼2 = 𝛼3 = 0.1
(with PSNR of 29.84 dB and 27.33 dB for 𝑅 = 2 and 𝑅 = 4, respectively) 
in the following BrainWeb analyses. Finally, note that the trend in the 
reconstruction quality over this hyperparameter space remains stable 
across acceleration values, as observed in the similar pattern between 
𝑅 = 2 and 𝑅 = 4, save for a consistent drop in PSNR in the latter.

PnP-CoSMo relies on a reference image of sufficiently high resolu-
tion for guiding the reconstruction. We thus investigated the effect of 
lowering the reference image resolution on the reconstruction quality 
and using the content/style model’s content capacity (Eq. (14)) to 
explain this effect. We simulated four datasets, denoted as RefRes =
(1∕𝑛)2, where 𝑛 ∈ {1, 2, 4, 8} represents the reference domain down-
sampling factor. In the 𝑛 = 1 case, the T1W/T2W images had the 

2 Between two given orders of magnitude, we considered three equispaced 
intermediate values, e.g., between 0.1 and 1, we considered 0.25, 0.5, and 
0.75
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same resolution (as that of the underlying tissue maps), whereas in 
the subsequent cases, T1W images were blurred to contain only the 
lower 1∕𝑛 frequency components, while maintaining the same spatial 
resolution. For each dataset, we trained four content/style models with 
content capacity 𝐽𝑀 = (1∕𝑚)2, where 𝑚 ∈ {1, 2, 4, 8} is the content 
downsampling factor, which depends on the number of up/downsam-
pling blocks in the networks. For example, the model with 𝐽𝑀 = (1∕2)2

produced content maps half the spatial resolution of the model with 
𝐽𝑀 = 1. Fig.  5 compares PnP-CoSMo reconstruction quality across 
these configurations. PFT and CR were disabled here for simplicity. We 
observe two trends. First, as seen in Fig.  5a, the reconstruction quality 
generally decreases with RefRes, eventually dropping below the CS-
WT reconstruction baseline. This indicates a decrease in the amount of 
shared local information contained in the reference contrast. Second, as 
observed in Fig.  5b, the optimal content capacity of the model decreases 
with the reference resolution in accordance with the actual amount 
of the shared information. This implies that optimal content capacity 
corresponds to the amount of contrast-independent structure the model 
discovers in the dataset, e.g., the dataset with RefRes = 1 had four times 
the amount of shared structure as the datasets with RefRes = 1∕22, 
and RefRes = 1∕42, thus explaining the higher effectiveness of the 
dataset with RefRes = 1 in the guided reconstruction. On the other 
hand, the datasets corresponding to RefRes = 1∕22 and RefRes = 1∕42

had equivalent levels of shared structure (i.e., 𝐽𝑀 = 1∕22 = 1∕4 times 
the full-resolution case) despite the lower reference resolution in the 
dataset with RefRes = 1∕42, suggesting a more complex relationship 
between the reference resolution and the shared content. In the case 
with RefRes = 1∕82, the reconstruction quality of PnP-CoSMo reduced 
to the level of conventional CS-WT reconstruction, suggesting a lower 
bound on the amount of shared information required for PnP-CoSMo 
to be effective — specifically 𝐽𝑀 = 1∕82 = 1∕64 times the local 
information of the full-resolution case. Thus, the resolution of the 
reference contrast relative to the target contrast strongly determines the 
amount of shared content that can be utilized in guided reconstruction. 
Moreover, prior knowledge of this resolution for a given dataset can 
be used to estimate the optimal content capacity of the content/style 
model.
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Fig. 5. Analysis of the model’s content capacity 𝐽𝑀 on synthetic BrainWeb data. The plots shows the dependence of the reconstruction quality on the reference 
resolution, and the relationship between this reference resolution and the model’s content capacity 𝐽𝑀 . (a) Reconstruction PSNR (dB) for datasets with different 
reference resolutions and using content/style models with different content capacities at 𝑅 ∈ {2, 4} computed on the BrainWeb test volume (300 slices). The 
black horizontal lines show the baseline reconstruction quality of 𝐿1-wavelet compressed sensing (CS-WT). Decreasing the reference resolution consistently drops 
the reconstruction PSNR, dropping it below the CS-WT baseline at RefRes = 1/82. For a given reference resolution, the reconstruction PSNR is dependent on the 
model’s content capacity 𝐽𝑀 . (b) Plotting the optimal 𝐽𝑀 values for each reference resolution case shows monotonous relationship between them, suggesting that 
the optimal 𝐽𝑀 value can represent a measure of the amount of shared content between the contrasts.
Fig. 6. Lesion analysis on synthetic BrainWeb data. Given a contrast-specific structure in the T2W data, such as the simulated lesion here, which is absent in the 
reference image, our CR module contributes substantially to resolving it.
5.1.2. Analysis of the iterative content refinement procedure
In the iterative PnP-CoSMo algorithm, the CR update step (Eq. (17)) 

represents a strategy for correcting arbitrary discrepancies between 
the prior content and the measured k-space. We tested its robustness 
against two specific discrepancies: (a) contrast-specific structure (e.g., a 
lesion) present in the target contrast but not in the reference con-
trast, and (b) spatial misalignment in the reference contrast image. 
Additionally, we analyzed the influence of the CR step size 𝛾 on the 
reconstruction quality and the convergence properties of CR. Here, we 
used the RefRes-1 dataset and the model with 𝐽𝑀  = 1, which was 
additionally fine-tuned on two training volumes for 50k iterations.
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For testing the effectiveness of the CR module in resolving structures 
present exclusively in the target contrast, we simulated a lesion in 
the T2W image and reconstructed the image with and without the CR 
module. As shown in Fig.  6, the CR module recovered the lesion fully 
at 𝑅 = 2 and substantially at 𝑅 ∈ {4, 6, 8}.

While PnP-CoSMo expects an aligned reference image at recon-
struction time, the CR module should, in principle, correct for small 
misalignments. To test this, we simulated a 2◦ rotation in the reference 
image and reconstructed the target image at 𝑅 = 2 with and without 
the CR module. Additionally, we consider the case where an aligned 
reference image is available to PnP-CoSMo as an upper bound. As 
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Fig. 7. Misalignment analysis on synthetic BrainWeb data. A misaligned reference image (with 2◦ rotation) severely affected the reconstruction when CR was 
disabled, where enabling CR improved the robustness of the reconstruction process. A PnP-CoSMo reconstruction using an aligned reference is shown for 
comparison.
Fig. 8. Sensitivity analysis for the CR step size 𝛾 on synthetic BrainWeb data. The plots show the optimal 𝛾 (left) and the corresponding best reconstruction PSNR 
(right) as a function of the k-space acceleration 𝑅 and noise level 𝜎. With a decrease in quantity (via undersampling) and in quality (via noise) of the k-space 
data, we observe that the advantage of the CR module drops as indicated by lower optimal 𝛾 and lower best PSNR. Moreover, 𝛾 values in the order of 0.01 to 
0.1 are optimal over the majority of the k-space configuration space.
shown in Fig.  7, although the reconstruction was sensitive to the 
misalignment in the absence of CR, it significantly improved with CR 
enabled.

Furthermore, we analyzed the influence of the hyperparameter 𝛾 in 
Algorithm 1, which controls the CR step size. We simulated k-space 
accelerations 𝑅 ∈ [1, 8] and noise levels 𝜎 ∈ [10−3, 10−1], testing 𝛾
values in the range [10−3, 100] at each point in this configuration space. 
Fig.  8 shows the optimal 𝛾 and the corresponding best reconstruction 
quality as a function of k-space acceleration and noise level. We observe 
that the optimal 𝛾 decreased with the amount and quality of k-space 
data. This was expected as enforcing agreement with the k-space grad-
ually becomes less advantageous, thereby decreasing its contribution to 
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reconstruction quality. Moreover, for the majority of the acceleration-
noise space, we observe that the optimal 𝛾 value lies in the order of 0.01 
to 0.1, which can hence be considered a reasonable range for setting 
this hyperparameter.

Finally, we explored the convergence properties of the PnP-CoSMo 
algorithm, quantifying both the effectiveness and the computational 
cost of the CR component. We compared PnP-CoSMo with two other 
variants of it. The first variant used true content 𝑐∗ of the ground 
truth T2W image in the content consistency operator, thereby assuming 
zero content discrepancy and representing a theoretical upper bound 
of PnP-CoSMo. The second variant used reference content 𝑐 with the 
CR module disabled, representing a lower bound of PnP-CoSMo where 
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Fig. 9. Convergence analysis on synthetic BrainWeb data. (a) Convergence curves for PnP-CoSMo and its two variants at 𝑅 = 2. (b) Evolution of the reconstruction 
shown with the corresponding error maps. In PnP-CoSMo with CR disabled and its upperbound version, i.e., both cases where the content stays constant, the 
style converges in a single iteration, and so does the reconstruction. However, there is a notable discrepancy in the reference content, which is reflected in the 
reconstruction error when CR is disabled. Enabling CR leads to an iterative correction of the content discrepancy, leading in turn to the reconstruction approaching 
the upper-bound quality.
the non-zero content discrepancy is left uncorrected. Fig.  9 shows 
the convergence curves and intermediate reconstructions. The upper-
bound variant converged within a single iteration, the ablated variant 
converged equally fast, although to a sub-optimal solution. Enabling the 
CR module closed the gap with the upper bound, although at the cost 
of slower convergence. It is also observed that the content discrepancy 
reduced when using CR and that the style estimate always converged 
within the first few iterations, as we hypothesized in Section 3.3.

5.2. Benchmark on public NYU fastMRI DICOM data

Here we report the findings of the benchmark on the NYU dataset. 
Let the T2W reconstruction task be denoted as Task-1 and the T1W 
reconstruction task as Task-2. In Task-1, guided methods use the cor-
responding T1W image as the reference contrast, and in Task-2, the 
T2W images are used as the reference. Naturally, unguided methods 
such as MoDL and PnP-CNN ignore this side information. Fig.  10 shows 
evaluation metrics for PnP-CoSMo and the end-to-end baselines on 
these two guided reconstruction tasks.

We observe three main trends. First, comparing with the in-
distribution reconstruction quality of the end-to-end baselines, PnP-
CoSMo outperformed MoDL (𝑝 < 0.05 throughout, except for SSIM at 
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𝑅 = 2 and DISTS at 𝑅 ∈ {2, 3} on Task-1, and DISTS at 𝑅 = 2 on 
Task-2) and MTrans (𝑝 < 0.05 throughout), and was comparable to 
MC-VarNet (e.g., with 𝑝 < 0.05 on Task-2 in terms of DISTS at 𝑅 = 3 
and SSIM at 𝑅 = 4) and even outperformed it (𝑝 < 0.05 throughout, 
except SSIM at 𝑅 ∈ {2, 3, 4} and DISTS at 𝑅 ∈ {2, 3} on Task-1, and 
SSIM at 𝑅 ∈ {2, 3} and DISTS at 𝑅 = 2 on Task-2). Compared to the 
plug-and-play baselines, PnP-CoSMo outperformed PnP-CNN (𝑝 < 0.05
throughout, except at 𝑅 = 2) and was significantly superior to PnP-
Diffusion and PROSIT (𝑝 < 0.05 throughout for both). As shown in 
Fig.  11a, PnP-CoSMo could resolve certain fine details even at the 
highest acceleration of 𝑅 = 5, which both end-to-end and plug-and-
play baselines struggled with. In the pathological case shown in Fig. 
11b, where many features of the edema were absent in the reference 
image, PnP-CoSMo produced sharper reconstructions while preserving 
the structure of the edema better than (the in-distribution) MC-VarNet, 
despite lower metric values.

Second, considering out-of-distribution generalization, the end-to-
end methods consistently dropped in performance on the
out-of-distribution tasks (𝑝 < 0.05 for all three models on both tasks 
at all four accelerations). This was expected since end-to-end models 
are explicitly trained to optimize for a given contrast task and will 
inevitably fail to generalize across contrasts.
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Fig. 10. Evaluation plots from the cross-validation on the NYU DICOM dataset for the two reconstruction tasks. ID and OOD refer to in-distribution and out-
of-distribution models, respectively. Note that while MTrans, MC-VarNet, PnP-Diffusion, and PROSIT are guided methods, MoDL and PnP-CNN are unguided 
methods and, hence, did not use the reference image information. Statistically significant comparisons (with 𝑝 < 0.05, based on the Wilcoxon signed-rank test) are 
annotated with ∗. In each task, our PnP-CoSMo showed competitive metrics compared to end-to-end methods and outperformed the other plug-and-play methods. 
Moreover, unlike the end-to-end methods, which require task-specific k-space training data and which drop in performance on the OOD task, PnP-CoSMo, by 
design, requires only a single content/style model for both tasks, demonstrating its superior cross-contrast generalizability.
Fig. 11. Examples from the NYU benchmark for our Task-1 (i.e., T2W reconstruction). (a) Comparison of PnP-CoSMo with the in-distribution end-to-end models 
and the plug-and-play baselines at the highest acceleration of 𝑅 = 5. PnP-CoSMo produced less blurring and resolved some of the finest details (green and 
magenta arrows). (b) Comparison between PnP-CoSMo and MC-VarNet at 𝑅 = 2 and 𝑅 = 4 on a pathological case where many features of the edema are T2W 
contrast-specific. Again, we observe sharper reconstructions with PnP-CoSMo compared to the end-to-end MC-VarNet, despite often slightly lower metrics.
Third, PnP-CoSMo definitively outperformed the out-of-distribution 
variants of all the end-to-end models (𝑝 < 0.05 throughout). Since 
PnP-CoSMo does not depend on any task-specific k-space training data 
owing to both its plug-and-play design and the bi-directionality of the 
content/style model it uses, it is not susceptible to the distribution shift 
of this kind. This is observed in Fig.  12.

In summary, PnP-CoSMo produced equivalent or superior recon-
struction quality compared to end-to-end methods despite its apparent 
handicap, i.e., ignoring the k-space training data and not being trained 
to explicitly solve the reconstruction problem. Moreover, the same 
feature of PnP-CoSMo makes it immune to contrast-related domain 
shifts. Finally, PnP-CoSMo was also superior to other plug-and-play 
methods, both unguided and guided ones, which share a similar design 
pattern and training data requirements.
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5.3. Benchmark and ablation on in-house LUMC multi-coil data

The LUMC datasets represent a more challenging problem with 
real-world data constraints. Additionally, in the light of the content 
capacity analysis (Section 5.1.1), we must note that the content capac-
ity 𝐽𝑀  = 1/4 was optimal for the LUMC datasets, compared to NYU 
fastMRI DICOM data where 𝐽𝑀  = 1 was the optimal content capacity, 
which reflects a lower effective content information in the LUMC 
images and hence a greater difficulty of the guided reconstruction 
problem.

Fig.  13 plots the benchmark metrics for the LUMC test sets, which 
can be summarized in the following three trends. First, pure image 
translation with MUNIT was worse compared to single-contrast re-
construction, especially at lower acceleration factors (comparing with 
PnP-CNN, 𝑝<0.05 for all metrics and both datasets). Combining it with 
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Fig. 12. A test example from the NYU benchmark for our Task-2 (i.e., T1W reconstruction) at the highest acceleration 𝑅 = 5, demonstrating the cross-contrast 
generalizability of PnP-CoSMo. The in-distribution (ID) models were trained to solve Task-2 and subsequently applied on Task-2, whereas the out-of-distribution 
(OOD) ones were trained to solve Task-1 (i.e., T2W reconstruction) and subsequently applied on Task-2. All three end-to-end methods dropped in performance on 
the OOD case. PnP-CoSMo is immune to such a distribution shift by design. Moreover, it produced sharper reconstructions than the end-to-end models, including 
the ID case of the latter.
Fig. 13. Evaluation plots from the cross-validation on the recon subset of LUMC-TRA and LUMC-COR datasets, consisting of 2295 and 412 slices, respectively. 
Statistically significant comparisons (with 𝑝 < 0.05, based on the Wilcoxon signed-rank test) are annotated with ∗. Compared to the unguided reconstruction 
baselines (CS-WT, PnP-CNN), PnP-CoSMo generally produced higher-quality images, especially at the higher accelerations, showing the advantage of guidance at 
these accelerations. Compared to the guided reconstruction baselines (CS-STV, PROSIT), reconstructions of PnP-CoSMo were consistently superior, demonstrating 
its effective use of the reference information. PnP-CoSMo outperformed pure image translation (MUNIT), demonstrating the value of incorporating k-space 
measurements. Finally, ablating the PFT and CR components from PnP-CoSMo consistently reduced the image quality, thus demonstrating their contribution. The 
PnP-CoSMo upper bound shows the theoretically achievable quality if the true content could be perfectly estimated.
L2-regularized reconstruction in PROSIT improved SSIM and HaarPSI 
(𝑝<0.05 for both datasets and accelerations), but not necessarily DISTS, 
suggesting that the available complementary information was not fully 
utilized. PnP-CoSMo was consistently better than both MUNIT image 
translation and PROSIT (𝑝<0.05 throughout for both cases). It also 
outperformed the conventional guided CS-STV (𝑝<0.05 throughout, 
except SSIM at 𝑅 = 4 in LUMC-COR). Hence, using both measured 
k-space and reference scan via PnP-CoSMo was more advantageous 
than (a) using either one of them and (b) combining both using hand-
crafted priors, suggesting that our approach maximally exploits the 
complementary information. Second, both PnP-CNN and PnP-CoSMo 
produced reconstructions of equivalent quality at lower accelerations, 
except in terms of SSIM and HaarPSI at 𝑅 = 4 and 𝑅 = 6 on LUMC-COR, 
where PnP-CNN was slightly better. At higher acceleration, PnP-CoSMo 
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outperformed PnP-CNN (𝑝<0.05 for all metrics and both datasets ex-
cept SSIM at 𝑅 = 8 in LUMC-COR). Compared to PnP-CNN, PnP-
CoSMo allowed up to 32.6% more acceleration at given SSIM.3 Third, 
introducing PFT and CR into the ablated PnP-CoSMo improved the 
reconstructions (𝑝<0.05 throughout in both cases except in DISTS for 
the latter at 𝑅 = 10 in LUMC-TRA). The contribution of PFT was 
constant across the acceleration range, whereas that of CR decreased 
with an increase in acceleration, as expected, since CR depends on the 
measured k-space data to refine the content.

3 Based on linear interpolation of LUMC-TRA SSIM, PnP-CoSMo and PnP-
CNN allowed 𝑅 = 10 and 𝑅 = 6.7, which is the maximum difference in 𝑅, at 
median SSIM = 0.906. Hence, a difference of 32.6%.
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Fig. 14. Sample slice from the recon set of (a) LUMC-TRA and (b) LUMC-COR, comparing PnP-CoSMo reconstruction with PnP-CNN reconstruction and MUNIT 
image translation. MUNIT image translation produced severe anatomical defects, which is explained by its lack of access to k-space data. PnP-CoSMo, although 
comparable to PnP-CNN in quality at 𝑅 = 4, produced significantly sharper images at 𝑅 = 10, resolving numerous fine details (green arrows). In the LUMC-COR 
example, a case of model hallucination (magenta arrows) is also observed for PnP-CoSMo at 𝑅 = 10, which provides insight into potential failure modes of our 
algorithm.
Fig.  14 shows examples from the LUMC-COR and LUMC-TRA
datasets representative of the first two trends. We observe that MU-
NIT image translation produced severe anatomical defects and falsely 
predicted structure in the lower region of the image, where the ground 
truth actually contains low signal. At 𝑅 = 4, reconstructions of PnP-
CoSMo and PnP-CNN were perceptually similar, with the main differ-
ence being bluriness in PnP-CNN and mild texture artifacts in PnP-
CoSMo. At 𝑅 = 10, PnP-CNN reconstruction was non-viable, containing 
severe blur and artifacts (green arrows). On the other hand, PnP-
CoSMo did not severely degrade compared to the 𝑅 = 4 case, with 
fine anatomical structures staying sharply resolved (green arrows). 
However, a potential failure mode of PnP-CoSMo at high acceleration is 
observed, namely, subtle localized distortions in the anatomy (magenta 
arrows).

5.4. Small-scale qualitative radiological evaluation

Fig.  15 plots the aggregated qualitative scores of our preliminary ra-
diological evaluation, and Fig.  16 shows a set of representative example 
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reconstructions. At 𝑅 ∈ {3, 4, 5}, PnP-CoSMo produced reconstructions 
of at least ‘‘fairly diagnostic’’ level (Likert score 3) of image sharpness, 
artifacts, tissue contrast, and overall diagnostic quality, while enabling 
the detection of at least 80% of all metastases. In terms of artifacts, 
PnP-CoSMo was consistently superior, as seen also in Fig.  16 (blue 
arrows). In terms of tissue contrast, it matched or exceeded PnP-CNN 
at 𝑅 ∈ {4, 5, 6} and produced sharper reconstructions at 𝑅 ∈ {5, 6}
(purple arrows in Fig.  16). However, in terms of noise, it was equal 
or slightly worse. This may be explained by the difference in nature 
between the denoiser-type model of PnP-CNN and the more complex 
content/style model of PnP-CoSMo, potentially leading to noise-like 
grainy texture in the latter, which also interferes with image sharpness 
and tissue contrast. In terms of the pathology criteria, while both 
algorithms scored comparably on the metastasis count, PnP-CoSMo had 
superior diagnostic quality at 𝑅 = 6. The general difference in recon-
struction quality at 𝑅 = 6 can be seen in Fig.  16 where, compared to 
PnP-CoSMo, the PnP-CNN reconstruction shows severe reconstruction 
artifacts, blurrier and more distorted features (purple arrows), and a 
poorly visible hyperintense area of a brain metastasis (salmon-pink 
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Fig. 15. Aggregated scores from our preliminary radiological evaluation. At 𝑅 ∈ {3, 4, 5}, PnP-CoSMo scored at least 3 on the Likert scale (fairly diagnostic 
quality), except for noise, while PnP-CNN was worse than fairly diagnostic in terms of artifacts at 𝑅 ∈ {4, 5} and tissue contrast at 𝑅 = 5. The main benefit of 
PnP-CoSMo over PnP-CNN is visible at the highest acceleration of 𝑅 = 6, showing a reduction in reconstruction artifacts and an improvement in tissue contrast, 
sharpness, and overall diagnostic quality.
Fig. 16. Example slice from an LUMC-TRA subject used in our preliminary radiological evaluation. PnP-CoSMo reconstructions consistently had fewer and less 
severe undersampling artifacts compared to PnP-CNN (cyan arrows), and less blurring at 𝑅 ∈ {5, 6} (purple arrows). The pathological hyperintense feature 
(salmon-pink arrows) is prominently visible at 𝑅 = 6 in PnP-CoSMo, unlike in PnP-CNN, where local artifacts and blurring interfere with its visibility.
arrows). The assessment by the two observers agreed with a Spearman’s 
rank correlation coefficient of 0.81 for the Likert-scale scores and 0.98 
for the metastasis count.

In summary, PnP-CoSMo was generally superior to PnP-CNN in 
terms of reconstruction artifacts and tissue contrast. Even at 𝑅 = 6, 
the highest acceleration considered here, the strong multi-contrast 
prior in PnP-CoSMo enabled sharper reconstructions with greater tissue 
contrast, fewer and less severe artifacts, and higher overall diagnostic 
quality compared to the PnP-CNN baseline.

6. Discussion

In this work, we modeled two-contrast MR image data in terms 
of two latent generative factors — content representing the contrast-
independent structure and style representing the contrast-specific vari-
ations. We note that our data-driven definitions of content and style, 
though seemingly related to the MR physics-based representations of 
quantitative maps and acquisition-related factors, are rather nebu-
lous compared to precisely defined physical concepts. For instance, 
MR quantitative maps are theoretically objective representations of 
tissues in terms of physical variables such as relaxation times and 
are ideally independent of the contrast-generating sequence param-
eters. On the other hand, our content and style representations are 
defined statistically in terms of the given two contrasts and are, thus, 
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neither as objective nor as independent in the ideal physical sense. 
That being said, we would argue that there is potential value in 
augmenting the data-driven content/style model with MR physical 
models, e.g., by constraining the learned content to represent physically 
meaningful anatomical properties, introducing elements of a physical 
model (e.g., Bloch equations) into the decoder network, etc., to enhance 
interpretability and reconstruction quality.

Optimal content capacity (Section 3.2.3) was defined as a quantity 
representing the amount of shared local information contained in a 
two-contrast dataset. In terms of this quantity, we analyzed the effect of 
reference image resolution on reconstruction quality, obtaining a lower 
bound on the resolution for PnP-CoSMo to be effective (Section 5.1.1). 
Specifically, this lower limit occurs at a reference resolution 1∕82 times 
lower than the target image resolution, representing a 64-fold reduction 
in total spatial information. The optimal content capacity quantity 
may depend on more fundamental factors, such as MR sequence types, 
which we did not investigate here. While we limited our main ex-
periments to T1W and T2W sequences, PnP-CoSMo is, in principle, 
applicable to any contrast pair, with image quality limited primarily 
by the amount of shared structural information. Our supplementary 
experiments involving the FLAIR and T1WGd contrasts from the NYU 
dataset, as provided in Appendix, demonstrate the generality of our 
approach. Future work could help empirically determine which se-
quence pairs are more suitable for guided reconstruction than others, 
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for which large multi-contrast datasets containing matched sets of 3 or 
more contrasts will be required.

A consequence of our MUNIT-based model design was the model’s 
independence of the unidirectionality inherent in the guided recon-
struction problem, which allowed greater generalizability by design 
(Section 5.2). It is, in principle, also possible to model the content and 
style for more than two contrasts. Given the number of contrasts 𝑁 , 
content could be defined as the local structure underlying all these 
contrasts, while style would encode intra-contrast variations of each 
contrast. This model would then require an (unpaired) image-domain 
training dataset of the 𝑁 contrasts. An open practical question is how 
to effectively scale the model and training complexity to 𝑁 contrasts. 
This would not only expand the generalizability of a given trained 
content/style model to any combinatorial set of guided reconstruction 
tasks, but also enable a more accurate estimation of the target contrast’s 
content by utilizing multiple reference contrasts. To extend the PnP-
CoSMo algorithm to utilize multiple reference contrasts, the specific 
question to investigate is: Given 𝑃  reference contrasts (where 1 < 𝑃 <
𝑁), what is the optimal aggregation strategy for their contents that 
maximizes the effectiveness of the content consistency operator?

Content discrepancy (Section 3.3) was characterized as a quantity 
representing the gap between the true content of the target image 
and our estimation of this content, which is another limiting factor in 
PnP-CoSMo reconstruction. In our MUNIT-based network design, the 
decoders model the (forward) generative process that maps the latent 
variables (i.e., content and style) to the observable variable (i.e., im-
ages). Ideally, the encoders must be a perfect inverse of this forward 
process. However, estimating the multi-channel contrast-independent 
content from a single image (using the content encoders) is a challeng-
ing (and perhaps ill-conditioned) inverse problem. Hence, irreducible 
residual errors are to be expected in the content estimated from the 
reference image. Moreover, the reference image may contain unfavor-
able deviations from the target image, such as spatial misalignment or 
artifacts, which exacerbate the problem. Therefore, content discrepancy 
is expected to be a non-zero quantity. We proposed two complementary 
strategies to minimize its effect on the reconstruction. While paired 
fine-tuning improves the model using limited amounts of paired image-
domain training data, content refinement (CR) aims to correct the 
remaining discrepancy at reconstruction time using the measured k-
space. A drawback of the CR module, however, is slower convergence 
(Section 5.1.2). For example, the run-time for PnP-CoSMo on the GPU 
was approximately 17 s for a slice of matrix size 349 × 284, compared 
to 6 s for CS-WT, 1.4 s for PnP-CNN, and less than 0.1 s for MC-VarNet. 
This latency issue could be mitigated by approximating the iterative 
process with an unrolled network design, although potentially at a 
cost of the generalizability offered by the plug-and-play design. The 
resulting trade-off between model latency and generalizability would 
be a further avenue for future exploration.

In terms of training data requirements, PnP-CoSMo can utilize larger 
amounts of available image-domain data and is applicable in situations 
where end-to-end methods are infeasible. In cases where end-to-end 
methods are indeed feasible, PnP-CoSMo is a competitive alternative 
with superior generalizability. In our NYU fastMRI benchmark (Sec-
tion 5.2), PnP-CoSMo was equivalent or superior to state-of-the-art 
unguided (MoDL) and guided (MC-VarNet and MTrans) networks in 
terms of numerical metrics and perceptual quality, especially at higher 
accelerations, e.g., at 𝑅 = 5 with a difference of 0.01 SSIM, 0.04 
HaarPSI, and 0.02 DISTS on average over MC-VarNet in Task-1 and 
of 0.01 SSIM, 0.08 HaarPSI, and 0.04 DISTS in Task-2, despite PnP-
CoSMo completely ignoring the k-space training data and not being explicitly 
optimized for any reconstruction task in the training phase. Additionally, 
PnP-CoSMo is, by design, immune to cross-contrast distribution shifts 
as opposed to end-to-end methods. This was demonstrated, e.g., in 
comparison with MC-VarNet, which suffered a difference of up to 0.10 
SSIM, 0.17 HaarPSI, and 0.06 DISTS on average when applied on 
out-of-distribution tasks. Compared to other plug-and-play methods, 
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which share a similar decoupled design pattern and the image-only 
training data requirement as PnP-CoSMo, our method produced sharper 
and higher-fidelity reconstructions, e.g., with a maximum difference 
of 0.05 SSIM, 0.13 HaarPSI, and 0.03 DISTS on average over PROSIT 
in Task-1 and of 0.03 SSIM, 0.10 HaarPSI, and 0.02 DISTS in Task-2. 
Moreover, the unpaired image-domain pre-training of the content/style 
model expands the practical applicability of PnP-CoSMo, e.g., in the 
case of LUMC-TRA, where the T1W/T2W image data imbalance was 
considerable (Table  2). In our LUMC multi-coil benchmark, where no 
raw k-space data was available for training, we limited our baselines 
to feasible algorithms given the data constraint. As future work, a 
more comprehensive study should be conducted with a broader range 
of methods and evaluation criteria, e.g., comparing generalizability 
across accelerations and sampling patterns with multi-contrast unrolled 
networks, given a fixed budget of paired training data. Contrary to the 
training stage, we strictly assumed spatially aligned reference images 
available in the reconstruction stage. The CR module, which can im-
plicitly correct minor registration errors (as shown in Section 5.1.2), 
would likely break down at the empirically observed levels of patient 
motion. A potential solution is to incorporate an online registration 
step to explicitly and efficiently correct for arbitrary inter-scan motion, 
thereby further improving practical applicability.

In terms of reconstruction quality on multi-coil data, we observed in 
Section 5.3 that the true advantage of PnP-CoSMo was observed at the 
high acceleration factors (𝑅 ∈ {8, 10}) where the k-space data is scarce, 
and the reference information becomes more valuable. For example, at 
𝑅 = 10 and compared to PnP-CNN, PnP-CoSMo showed an improve-
ment of 0.04 SSIM, 0.08 HaarPSI, and 0.05 DISTS on LUMC-TRA and of 
0.02 SSIM, 0.12 HaarPSI, and 0.09 DISTS on LUMC-COR. However, the 
risk of model hallucinations increases at these extreme accelerations, 
raising concerns about the accuracy of the anatomy represented in 
the image. We hypothesize that, as a consequence of content/style de-
composition, it may be possible to leverage the contrast-independence 
property of the content to: (a) automatically detect local hallucinations 
in the reconstruction, and (b) define a corrective process in combi-
nation with an adaptive sampling strategy to minimize them. This 
is yet another topic for future work. At lower accelerations, on the 
other hand, we observed that PnP-CoSMo often produced marginally 
lower metrics compared to PnP-CNN, e.g., in LUMC-COR. This was 
also observed in our qualitative radiological evaluation on LUMC-TRA 
samples (Section 5.4), with PnP-CoSMo reconstructions at 𝑅 ∈ {3, 4}
containing noise-like grainy texture, which also interfered with image 
quality criteria such as sharpness. At first glance, this is counterintuitive 
since PnP-CoSMo has access to additional side information and should, 
in principle, perform at least as well as PnP-CNN. However, this can 
be explained by the fact that at lower accelerations, the quality of the 
content/style model 𝑀 becomes the primary limiting factor of recon-
struction quality. This is because, unlike the CNN denoiser (Eq. (4)) of 
PnP-CNN, the content consistency operator 𝑔𝑀 (⋅, 𝑐) (Eq. (15)) of PnP-
CoSMo radically alters the image, making this operation more sensitive 
to the model quality. The model quality is, in turn, influenced by the 
training dataset and the model design. First, in terms of training data, 
the T1W scans in LUMC datasets had an in-plane resolution 1.3–2.5 
times lower than that of the T2W scans, limiting the quality of the 
model (as indicated by its low optimal content capacity) and the overall 
value of guidance. In the long term, this may be solved by using 
3D reference and target sequences of matched resolution to optimize 
guidance. Second, in terms of model design, correcting for content dis-
crepancy using the CR module relies on computing gradients through 
the decoder 𝐺2 (Eq. (17)). If 𝐺2 is highly non-linear and the reference 
content is not sufficiently close to the optimum, CR may converge to 
a sub-optimal point leading to grainy texture in the reconstruction, 
e.g., as seen in Fig.  14 at 𝑅 = 4. In our proof-of-concept, we used the 
identical model architecture as proposed in Huang et al. (2018), with 
minor modifications. Improved designs that are more conducive to the 
gradient-based CR procedure may exist. Hence, future efforts will focus 
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considerably on improving the content/style model using specialized 
architecture and regularization.

Finally, our small-scale qualitative radiological study demonstrated 
that PnP-CoSMo produced reconstructions with greater sharpness and 
tissue contrast, fewer artifacts, and higher overall diagnostic quality 
compared to the single-contrast PnP-CNN at 𝑅 = 6 — a high accelera-
tion factor based on clinical standards. As a supplementary component 
to our LUMC multi-coil benchmark, this small-scale qualitative evalu-
ation merely provides a preliminary indication of the potential benefit 
of our approach in the context of a specific clinical problem. Given the 
limited scale of our current evaluation, however, a large-scale clinical 
validation involving a larger sample size and multiple radiologists must 
be conducted to robustly measure the clinical utility of our approach 
in quantitative terms. Such clinical validation was beyond the scope of 
our current technical work and is, hence, a topic for a clinically-focused 
future work.

7. Conclusion

In this work, we introduced PnP-CoSMo, a modular approach to 
multi-contrast reconstruction that combines content/style modeling 
with iterative reconstruction, offering the reconstruction quality of 
state-of-the-art end-to-end methods with improved cross-contrast gen-
eralizability despite not requiring any k-space training data. At its core 
is the content consistency operation, which provides regularization at 
the semantic level of the image content. We defined two quantities 
that determine the efficacy of this operation, namely optimal content 
capacity and content discrepancy, and provided several ways of maxi-
mizing this efficacy. On real-world clinical data, PnP-CoSMo provided 
up to 32.6% more acceleration over PnP-CNN for given SSIM, enabling 
sharper reconstructions at high accelerations. To progress from our 
current proof-of-concept towards a practical implementation, future 
work will focus mainly on improving and extending the content/style 
model, reducing reconstruction latency, addressing the problem of 
model hallucinations, incorporating online registration, and conducting 
a large-scale radiological study.
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Appendix. NYU benchmark on additional contrasts

While the main body of experiments focused on T1W and T2W 
contrasts, we extend the NYU benchmark in this section by evaluating 
PnP-CoSMo on two additional contrasts, namely T1WGd and FLAIR. 
To this end, we constructed two separate datasets: (a) a set of 447 
subjects with paired T1WGd and T2W, and (b) a set of 392 subjects 
with paired T2W and FLAIR. The T1WGd scans were 2D axial gradient 
echo acquisitions with a median in-plane FOV of 220 × 220 mm2, 
in-plane voxel size of 0.69 × 0.69 mm2, slice thickness of 5 mm, 
FA = 70◦, TR = 400 ms, and TE = 4.24 ms. The FLAIR scans were 2D 
spin echo axial acquisitions with a median in-plane FOV of 220×220 
mm2, in-plane voxel size of 0.43 × 0.43 mm2, slice thickness of 5 mm, 
FA = 150◦, TR = 900 ms, TE = 94 ms, ETL = 16, and TI = 2500 ms. 
The corresponding two contrasts in each dataset were then registered. 
We used the two datasets to evaluate our method on two separate 
guided reconstruction tasks: (a) T1WGd-guided T2W reconstruction 
and (b) T2W-guided FLAIR reconstruction. As baselines, we used the 
strongest of our end-to-end and plug-and-play baselines, namely MC-
VarNet and PROSIT, respectively. Using an experimental setup identical 
to that used in Section 4.2, we conducted a three-fold cross-validation 
on both datasets using the same training and testing setups, except 
that no out-of-distribution cross-contrast analysis was performed here. 
All models were newly initialized and trained separately for these two 
reconstruction tasks.

Fig.  A.1 plots the metrics for the two datasets. PnP-CoSMo consis-
tently outperformed PROSIT on both tasks across all four accelerations 
in terms of all three metrics (𝑝 < 0.05 throughout). Against the end-
to-end MC-VarNet, Pnp-CoSMo was comparable, while outperforming 
it in the majority of the cases (𝑝 < 0.05 at all accelerations in terms of 
HaarPSI and at 𝑅 ∈ {4, 5} in terms of DISTS on both datasets, and at 
𝑅 ∈ {4, 5} in terms of SSIM on T1WGd-guided T2W reconstruction). 
As seen in Figs.  A.2 and A.3, PnP-CoSMo produced reconstructions 
that were sharper than those from MC-VarNet and contained fewer 
distortions than PROSIT.

We have hereby demonstrated the applicability of the PnP-CoSMo 
algorithm across different contrasts. PnP-CoSMo maintained its supe-
rior performance compared to a strong plug-and-play baseline (up to 
0.07 higher SSIM, 0.17 higher HaarPSI, and 0.04 higher DISTS than 
PROSIT). It also maintained a competitive performance compared to 
a strong end-to-end reconstruction model (up to 0.01 higher SSIM, 
0.05 higher HaarPSI, and 0.02 higher DISTS than MC-VarNet) despite 
requiring no k-space training data.
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Fig. A.1. Evaluation plots from the cross-validation on the NYU data for two new reconstruction datasets. Statistically significant comparisons (with 𝑝 < 0.05, 
based on the Wilcoxon signed-rank test) are annotated with ∗. PnP-CoSMo consistently outperformed PROSIT on both datasets. It was comparable to MC-VarNet 
while outperforming the latter in several cases, despite not requiring k-space training data.

Fig. A.2. An example set of T2W reconstructions from the NYU dataset with T1WGd guidance at 𝑅 ∈ {2, 4}. PnP-CoSMo reconstructions are sharper than 
MC-VarNet’s, with noticeably reduced blurring at 𝑅 = 4. Compared to PROSIT, PnP-CoSMo produced less artifacts and distortions, as observed at both 𝑅 = 2 and 
𝑅 = 4.

Fig. A.3. An example set of FLAIR reconstructions from the NYU dataset with T2W guidance at 𝑅 ∈ {2, 4}. Reconstructions from PnP-CoSMo are sharper than 
those from both MC-VarNet and PROSIT at both accelerations. At 𝑅 = 2, the pathological structure is more prominently resolved by PnP-CoSMo.
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Data availability

The authors do not have the permission to share the in-house 
MRI data. The software code for our algorithm is open-sourced in the 
following GitHub repository: https://github.com/cnmy-ro/pnp-cosmo.
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