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Abstract

Purpose: To facilitate ease of data compilation across diverse populations for training models to synthesize clinical contrast-

weighted images from magnetic resonance fingerprinting.

Methods: We leverage a semi-supervised training framework using highly accelerated acquisitions of the target contrasts
used as ground truths. We utilize complementary randomized data sampling masks across training subjects and contrasts for
homogeneous learning in k-space, together with multi-task learning.

Results: Our experiments indicate that the proposed method achieves high-quality synthesis with networks trained on retro-
spectively and prospectively undersampled data of the contrast-weighted images, enabling undersampling up to 12-16x.
Conclusions: The proposed method enables semi-supervised learning for synthesis from MRF with an end-to-end, ultra-fast
training data acquisition protocol that is easier to obtain across a large population in clinical settings.
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Introduction

Magnetic resonance fingerprinting (MRF) is a powerful
quantitative imaging modality that enables simultaneous
estimation of multiple tissue parameters through a single,
time-efficient acquisition [1-3]. MRF leverages a tailored
pulse sequence that deliberately alters scan parameters over
time [1, 4]. As a result, voxels with distinct tissue character-
istics produce unique signal evolutions, akin to fingerprints,
when exposed to the MRF sequence [1]. The acquired fin-
gerprints are matched against a precalculated dictionary of
simulated signal evolutions, utilizing maximum correlation
matching or principal component analysis (PCA) techniques
[5-7]. The matching process allows for the quantification of
tissue parameters, such as Ty, T2, My, and By, resulting in
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a comprehensive set of quantitative maps for the underlying
anatomy [3, 8].

Recent advances in MRF driven by sequence design
innovations [9, 10] and image reconstruction techniques
[5, 11-13] have enabled high-resolution, whole-brain imag-
ing protocols to be completed within just a few minutes
of data acquisition. This represents a major improvement
in both efficiency and quality of the imaging, offering
faster and more comprehensive quantitative characteriza-
tion capabilities [14—17]. However, clinical practice still
predominantly relies on traditional MRI contrasts, e.g.,
T-weighted, T-weighted, and fluid attenuated inversion
recovery (FLAIR) images, because of their longstanding
familiarity and widespread use among radiologists [18].
Unlike the MRF acquisition which can be acquired across the
whole brain at high isotropic resolution in a few minutes [11],
the clinical contrast-weighted exams are prolonged, often
taking up to 2040 min [19], depending on the number of clin-
ical contrasts involved. To facilitate the adoption of fast MRF
protocols in routine diagnostics, there is a significant oppor-
tunity to translate MRF data into familiar contrast-weighted
images via synthesis (input: MRF, output: contrast-weighted
images), making the transition smoother for clinical use [ 19—
22].
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A natural approach to synthesizing contrast-weighted
images from MRF acquisitions is to utilize MR physics
principles based on Bloch equations [23] or extended phase
graphs (EPG) [24]. This physics-based synthesis takes the
parametric information from the quantitative maps as input
and simulates the desired, target contrasts [25, 26]. However,
this synthesis is typically hindered by incomplete model-
ing of the acquisition process, shown by previous studies
[25, 27-29]. In particular, addressing partial volume effects
and accurately modeling multi-tissue compartments present
important challenges [30, 31]. Furthermore, precisely esti-
mating the impact of magnetization transfer that significantly
affects the acquired contrast remains challenging, especially
for FLAIR images [32, 33]. Consequently, the synthesized
images may suffer from undesired noise artifacts, false con-
trasts and flow effects as well as inaccurate tissue edges [18,
33-35].

To overcome the limitations of physics synthesis, sev-
eral studies have explored data-driven models utilizing deep
learning techniques for synthetic MRF [18, 19, 36, 37]. For
instance, Virtue et al. [36] introduced a deep artifact noise
model, PixelNet, that voxel-wise maps noisy and aliased raw
spatiotemporal acquisitions onto contrast-weighted images.
Building on this, Wang et al. [18] proposed a multi-branch
conditional generative adversarial network (GAN) to simul-
taneously synthesize multiple target contrasts again from
raw spatiotemporal MRF acquisitions. Nykanen et al. [37]
further developed a deep synthesis model by proposing
a multiple U-Net based architecture to synthesize clinical
contrasts from MRF parametric maps, taking advantage of
dimensionality-reduced input images for deep learning. Note
that the dictionary fitting process in MRF parametric map
estimation will result in quantitative maps that do not contain
the full information of the acquired data, as they do not cap-
ture unmodeled information, including partial volume and
multi-compartment effects [33, 38]. Therefore, Schauman et
al. [19] developed a deep GAN model that inputs the low-
rank coefficient images from the subspace reconstruction of
the MRF acquisitions, which provide a high level of dimen-
sionality reduction while retaining most of the time-series
signal evolution information contained in the raw data [33].
While all these deep learning models consistently demon-
strate superior performance over physics-based approaches,
they heavily depend on full supervision from high-quality
contrast-weighted images as ground truth labels during train-
ing. Consequently, they require a training dataset of paired,
high-resolution MRF and clinical contrast data, which should
be obtained from a large and diverse clinical population with
varying pathologies. However, the clinical contrasts can take
a long time to acquire, given that the acceleration ratio is
a limiting factor in parallel imaging, compressed sensing,
or machine learning recovery of these contrasts in clini-
cal settings [19]. Moreover, conventional clinical scans are
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typically conducted at anisotropic resolutions, further com-
plicating the compilation of high-quality, spatially paired
data for training.

In recent years, semi-supervised learning (SSL) has
gained significant traction in machine learning [39-42],
particularly in scenarios where obtaining comprehensive,
high-quality ground truth labels is costly or impractical [43—
45]. The SSL framework involves training deep models with
datasets that have incomplete or missing ground truth labels.
By reducing the reliance on extensive labeled datasets, SSL
not only captures the underlying data distributions more
effectively but also results in more robust and generalizable
models. This approach has been successfully applied across
various domains, including natural language processing [46—
49], computer vision [50-53], and medical image analysis
[54-56] as well as MRI [43, 45, 57], where the scarcity of
labeled data poses a significant challenge in model training.
In the context of MRF to contrast-weighted image synthe-
sis, semi-supervision can refer to a training protocol with
missing k-space samples in the target ground truths of clin-
ical contrasts. Therefore, the SSL framework can leverage
highly undersampled contrast-weighted images instead of
fully sampled ones as ground truth labels, thereby reduc-
ing the required scan time for training dataset compilation.
Consequently, this approach should enable us to overcome
the limitations of previous fully supervised methods.

Here, we propose a semi-supervised synthesis model,
named ssMREF, for contrast-weighted image synthesis from
MRE.! To reduce training data requirements, the proposed
sSMRF model enables a training framework with highly
accelerated acquisitions (acceleration factor, R, up to 16x) of
the clinical contrasts. Contrary to previous fully supervised
models that define the loss function on the entire k-space
of the target contrasts, ssSMRF leverages a semi-supervised
loss defined only on the acquired k-space samples of the
accelerated acquisitions. The semi-supervised loss function
is performed via a physics module that mimics the coil pro-
jection and undersampling of the accelerated ground truths.
For homogenous learning across the k-space, ssMRF fur-
ther utilizes complementary, randomized sampling masks
across training subjects and contrasts, via multi-task learning
to synergistically synthesize multiple contrasts. Experiments
were performed on retrospectively and prospectively under-
sampled data. For prospective experiments, we developed
undersampled acquisitions based on GE’s fast turbo spin echo
sequences, called CUBE, at R = 16x for three clinical con-
trasts (T1-CUBE, T2-CUBE, FLAIR-CUBE), all at 1 mm
isotropic resolution, with a total of 3 min and 42 s scan dura-
tion. In these sequences, the k-space sampling schemes were

" A preliminary version of the work as a 1-page abstract has been pre-
sented in the ISMRM 2023 and 2024 conferences. Abstract IDs: 0423
[58] and 3562 [59], respectively.
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modified to provide uniform random sampling masks that
are complementarily generated for each contrast on the fly
during data acquisition, while the k-space acquisition order-
ings are designed to ensure that correct clinical contrasts
are obtained. Our demonstrations indicate that the proposed
ssMRF method can effectively synthesize target contrasts
while maintaining a similar synthesis quality with the fully
supervised approach.

Contributions

e To best of our knowledge, this is the first semi-supervised
model for synthesizing contrast-weighted images from
MREF without needing fully sampled ground truths.

e We introduce a physics module to define the semi-
supervised loss on acquired k-space samples of the
undersampled contrast data.

e We implement contrast scans with complementary ran-
dom undersampling masks generated on the fly.

e We perform experiments on retrospectively and prospec-
tively undersampled data up to 16x undersampling, and
demonstrate near performance with the fully supervised
model.

Theory

This section provides the details of the proposed frame-
work, organized as follows: (1) subspace reconstruction for
deriving coefficient images from MRF acquisitions, (2) the
semi-supervised learning approach central to ssMRF, (3)
multi-task learning for the simultaneous synthesis of multiple
clinical contrasts, and (4) the complementary, randomized
sampling masks for data collection.

Subspace reconstruction

Time-series acquisitions in MR fingerprinting track a low-
rank signal evolution over time that demonstrates a strong
temporal correlation [5]. In order to capture this correlation
and mitigate redundancy, MRF acquisition can be repre-
sented with a set of low-rank subspace coefficient images
[11], denoted as C, which is calculated through subspace
reconstruction (see Fig. 1a for details). Unlike quantitative
parameter maps (e.g., T1/T>) that compress the acquisition
into a few scalars, the subspace coefficient images provide a
compact low-dimensional representation of the full temporal
signal evolution, which can provide additional information
for downstream synthesis.

In subspace reconstruction, the MRF dictionary is first
calculated using the extended phase graph technique based
on the utilized flip angle (FA) and repetition time (TR) val-
ues [24]. The resulting dictionary is compressed via singular

value decomposition (SVD), and the first n temporal prin-
cipal components that contain most of the information are
extracted to form subspace bases ®1_,. The subspace bases
are then used to recover the corresponding first n coefficient
images C1—,. This spatiotemporal subspace reconstruction
is formulated as an optimization problem, and leveraged with
a regularization term:

min [[N'S®Cy_, — x||5 + AL(C1_,) (1)

Ci—n

where Ci_,, = {c1,c2,...,cy} denotes the first n coeffi-
cientimages, \ is the non-uniform Fourier transform defined
on the undersampling pattern, S denotes the coil sensitivity
maps, x is the acquired MRF data, L is the regularization
term, and A adjusts the weighing of the regularization. While
the subspace reconstructed coefficient images Ci—, are
dimensionality-reduced representations, MRF time-resolved
images can still be recovered from these coefficient images
for further analysis [11].

Crucially, the subspace representation helps mitigate par-
tial volume effects. Because the projection onto the subspace
basis @ is a linear operation, the coefficient vector C for
a voxel containing mixed tissues effectively represents a
weighted linear combination of the individual tissue coef-
ficients [60]. As a result, the representation can retain multi-
compartment signal contributions that are often obscured
when enforcing a single-compartment quantitative fit (e.g., a
single scalar per voxel), providing a richer and more robust
feature set as an input to the synthesis network.

Semi-supervised learning

The deep learning-based synthesis of targeted clinical
contrast-weighted images begins by using the MRF coef-
ficient images as input. The synthesis problem is formulated
as:

A

G(Cl—n):Y:{)A’l»i’Z,---v)A’m} (2)

where G is the synthesizer network, Ci_, represents the
first n MRF coefficient images used as input, and Y =
{31, V2, . .., I} denotes the output images as predictions of
the synthesizer network for the target clinical contrasts. Here,
each jzj with j € {1, 2, ..., m} corresponds to the image of
a different clinical contrast.

In traditional fully supervised frameworks (see Fig. 1b),
training the synthesizer network G requires high-quality,
high-resolution target contrast-weighted images to be used
as ground truth labels. These high-quality ground truths are
typically acquired through prolonged procedures in clini-
cal settings (e.g., 20 to 40min acquisition times, varying
based on the number of contrasts involved), and are recov-
ered using parallel imaging, compressed sensing, or machine
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Fig.1 a) MRF coefficient images are recovered from the raw acquisi-
tions via subspace reconstruction. b) The prior fully supervised models
rely on high-quality contrast data (e.g., 30 min, R = 2—4x, parallel
imaging reconstructed) for direct loss computation. ¢) The proposed
semi-supervised learning framework allows model training with highly

learning techniques with moderately low acceleration factors
R around 2—-4x [19]. However, the extensive data collection
times necessary for clinical contrasts make it impractical
to compile a comprehensive dataset of paired MRF and
contrast-weighted images, especially across diverse clinical
populations needed for robust training.

Toreduce datarequirements, the proposed semi-supervised
approach, named ssMRF (see Fig. 1¢), enables ground truth
contrast-weighted labels to be highly accelerated acquisitions
(e.g., 5-min acquisition total across 4 target contrasts at high
isotropic resolution whole-brain, R >~ 16x), denoted as Y, .
Since the accelerated acquisitions Yg, suffer from severe
aliasing artifacts, it is infeasible to apply fully supervised
loss functions between the synthesized images and acceler-
ated acquisitions of the target contrasts. Therefore, sSMRF
introduce a physics-based module A that generates acceler-
ated multi-coil counterparts of the synthesized images:

= A(G(C1-) = A(Y) = F~ Py FSy (V) (3)
where )A’RX denotes the multi-coil, accelerated counterparts of
the synthesized images, A is the physics guidance module, 7
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accelerated acquisitions of the contrast-weighted images as ground truth
labels (e.g., 5 min, R = 16x). It incorporates a physics module to gener-
ate undersampled multi-coil output to define the semi-supervised loss
function only on acquired k-space points

is the forward Fourier transform, F ! is the inverse Fourier
transform, Py denotes undersampling masks, Sy denotes coil
sensitivity maps, G is the synthesizer network, and Ci_,
denotes the input MRF coefficients. Having the synthesized
undersampled counterparts )A’Rx, the semi-supervised loss
function is defined selectively on acquired k-space points
of the ground truth contrasts (i.e., on the k-space coefficients
within sampling masks of the contrasts). The overall loss
function contains three distinct components: k-space, image,
and adversarial losses.

k-space Loss: A Fourier domain loss function between
the synthesized and ground truth target contrast-weighted
images is defined on acquired k-space data:

Lisp = Ec,_, vz, IFAG(C1-n)) — FYr,|I1] “

Image Loss: The robustness of the synthesizer is further
enhanced with a loss function between image-domain data
of the synthesized and ground truth acquisitions:

Limg = Ec,_, vz, [IA(G(C1-n)) — Y&, Il1] &)
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Adversarial Loss: The level of realism in the synthesized
images is enhanced with an adversarial loss function through
a discriminator module D based on synthesized and ground
truth acquisitions:

Laay = —Ey, [(D(Yg,) — 1?1 = E¢,_, [D(A(G(C1-y))]
6)

These sub loss functions are combined to form the final
objective in a min—max game between the synthesizer and
discriminator:

Hgn mgx{)\kskasp + AimgLimg + Aady Ladv} @)

where Aksp, Aimg, and A,gy are the weighting of the k-space,
image, and adversarial losses, respectively.

Multi-task learning for multiple target contrasts

Multi-task learning (MTL) is an important approach in
deep learning that trains multiple related tasks simulta-
neously, leveraging shared representations to improve the
performance of each individual task [61, 62]. By sharing
information across tasks, MTL can produce more robust
and generalizable models, while also reducing the need for
extensive training datasets for each specific task. In the con-
text of MRF contrast synthesis, MTL can be employed to
generate multiple target contrast-weighted images, exploit-
ing the inherent commonalities between the contrasts. The
multi-task synthesizer and discriminator networks can be
summarized as follows:

Multi-task synthesizer: The synthesizer network G com-
poses both shared G g and task-specific G r layers. The shared
layers G g are designed to capture the shared features from the
input MRF coefficient images, resulting in unified represen-
tation that can be utilized for generating different contrasts.
Mathematically, this can be expressed as:

Z=Gs(Ci_p) (®)

where Z is the shared feature representation.

Continuing from the shared feature representation, the
task-specific layers Gr take the shared features Z and fur-
ther process them to generate the target contrast-weighted
images. These layers are tailored to capture the unique char-
acteristics required for each specific contrast. The output of
the multi-task synthesizer can be expressed as:

yi =Gr,(2) ©))

where J; is the generated image and G, is the task-specific
layers for the ith contrast.

Multi-task discriminator: The discriminator network D is
composed solely of task-specific layers, resulting in individ-
ual discriminators D; for the ith contrast. Each D; is designed
to distinguish between real and generated images for the cor-
responding contrast.

Complementary sampling masks

Note that the semi-supervised loss function is defined only
on the acquired k-space data of the contrast acquisitions,
ensuring that backpropagation in deep learning only occurs
through these points. Consequently, using the same sam-
pling mask for all training subjects and contrasts would
restrict the network to learning to recover only the k-space
points within that specific sampling mask. To prevent this
limitation, complementary randomized sampling masks are
utilized across the subjects and contrasts. These masks allow
the semi-supervised loss function to span all possible k-space
locations when summed across subjects and contrasts. Here
we demonstrate two possible mask types that can be used for
complementary sampling (please see Fig. 2). The first type
is the complementary uniform random (CUR) masks (Fig.
2a), where the masks are generated using a uniform ran-
dom distribution in accordance with the acceleration ratio R.
The second type is the complementary Poisson disk (CPD)
masks (Fig. 2b), where the masks are generated using a
variable-density Poisson disk algorithm that ensures a min-
imum distance between sampled points, thereby reducing
the occurrence of large gaps in k-space coverage. The CPD
masks are generated by iteratively selecting random points in
k-space, ensuring that each selected point maintains a mini-
mum distance from previously selected points across subjects
and contrasts.

Methods
Dataset

Retrospectively undersampled data: We collected an in-
house dataset of MRF and four clinical contrasts (T;-
MPRAGE, T;-CUBE, T>-CUBE, and FLAIR-CUBE) using
a 3T GE Premier scanner from 32 subjects at the Lucas Center
at Stanford University. All data were collected with institu-
tional review board (IRB) approval, and written informed
consent was obtained from all subjects. For all sequences,
data collection was performed at 1 mm isotropic resolu-
tion across the whole brain. The MRF data were acquired
using the 3D tiny-golden-angle-shuffling multi-axis spiral-
projection-imaging (3D-TGAS-SPI) protocol [11], consist-
ing of 48 groups, resulting in a total acquisition time of
5:57min per subject. The contrast-weighted images were
acquired using clinically employed MPRAGE and CUBE
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a) Complementary Uniform Random (CUR) Masks
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Fig.2 a)Complementary uniform random (CUR) masks are displayed
for three clinical contrasts and two subjects. b) Complementary Pois-
son disk (CPD) masks are displayed for four clinical contrasts and two
subjects. Both of the complementary mask types involve a random-

sequences with acquisition times of approximately 4:57 min
for T{-MPRAGE at R = 2x, 5:05 min for T{-CUBE at R = 3x,
3:22 min for T>-CUBE at R = 4x, and 6:21 min for FLAIR-
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Extended k-space coverage
(homogenous learning)

Extended k-space coverage
(homogenouslearning)

ization in the sampling masks across the contrasts and subjects that
helps extend k-space coverage for the semi-supervised loss function.
Zoomed-in regions from the masks are displayed together with their
combination yielding the extended k-space coverage

CUBE at R =4x. These lightly accelerated sequences resulted
in a total acquisition time of ~20min, which was deemed
reasonable to perform across our test subject group, while a
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nonaccelerated acquisition protocol would have taken around
one and a half hours to perform, which would have been very
lengthy and likely prone to introduce motion artifacts. The
raw k-space data were recovered from the lightly acceler-
ated protocol with parallel imaging and compressed sensing
reconstruction using the GE Orchestra Software Develop-
ment Kit and Berkeley Advanced Reconstruction Toolbox
(BART) [63]. For experiments, the reconstructed k-space
data were treated as fully sampled acquisitions and then they
were retrospectively undersampled to generate training data
for ssMRF as a proof-of-concept demonstration. Among the
acquired 32 subjects, we reserved 24 subjects for training, 3
for validation and 5 for testing.

Prospectively undersampled data: We then collected a
dataset with prospective undersampling across 20 additional
volunteers, where MRF and three clinical contrasts (T-
CUBE, T,-CUBE, and FLAIR-CUBE) were acquired using
the same 3T GE Premier scanner. The MRF acquisition
remains the same as before while the contrast-weighted
acquisitions were directly obtained from highly accelerated
sequences all at 16x acceleration that we implemented on the
scanner with complementary uniform random (CUR) sam-
pling based on GE’s fast spin echo CUBE sequences. These
sequences corresponded to a scan duration of 1:23 min for
T{-CUBE, 0:55 min for T,-CUBE, and 1:24 min for FLAIR-
CUBE. To test the performance of the model trained with the
prospectively undersampled data, we additionally collected
2 more subjects which we used only for testing. For these
testing subjects, we collected 5:57 MRF and three clinical
contrasts TI-CUBE 5:56min, T2-CUBE 3:58min, FLAIR-
CUBE 5:06min; each at R = 3x). The contrast-weighted
acquisitions of the test subjects were reconstructed with L1-
wavelet and served as reference in qualitative and quantitative
evaluations during testing.

Implementation details

Subspace reconstruction: The number of subspace coeffi-
cient images, denoted as n in Sect. 2.1, was set to 5 based
on both quantitative and visual assessments. Quantitatively,
analysis on the singular value spectrum of the dictionary
reported in Supp. Table S1 reveals that the first five princi-
pal components capture 99.92% of the signal energy, with
additional components yielding negligible gain. Visually,
inspection of the subspace coefficients shown in Supp. Fig.
S1 confirmed that distinct structural information is concen-
trated within the first five components, while higher-order
coefficients are dominated by noise. Meanwhile, locally low-
rank regularization was set as the regularization term L, with
the weighting parameter A optimized to be 5 x 1073,

Semi-supervised synthesis and multi-task learning: The
semi-supervised synthesis network is designed to gener-

ate target contrast-weighted images, Y. Its input comprises
coefficient images C—_5 obtained from subspace reconstruc-
tion, where the magnitude component was provided to the
network. Here, we employed a dual-generator framework
for training: one generator predicts the magnitude (absolute
value) images of the target contrasts, and the other pre-
dicts the corresponding phase maps of the target contrasts.
Although only the magnitude images are required as the final
output, accurate phase estimation is essential during training
to define the semi-supervised loss. Specifically, the predicted
magnitude and phase maps are combined to form complex-
valued images of the target contrasts, which are subsequently
passed through the forward physics model (accounting for
coil sensitivities and undersampling) and compared against
the ground-truth multi-coil, undersampled k-space data. To
facilitate this estimation, the phase generator is additionally
conditioned on phase maps obtained from zero-filled recon-
structions of the undersampled ground-truth data of the target
contrasts. These phase maps are used directly as input chan-
nels, without any additional processing or smoothing, and
are available only during training. In contrast, the magnitude
generator is supplied only with the coefficient images. Conse-
quently, at inference time, the phase generator is discarded,
and only the magnitude generator is utilized to synthesize
the final output images. For both phase and magnitude gen-
erators, the multi-task synthesis network G consisted of two
components: a shared module and contrast-specific modules.
The shared module, used across all target contrasts, con-
sisted of an encoder with three convolutional layers followed
by eight residual (ResNet) blocks. Meanwhile, each output
contrast had its own dedicated module comprising a single
ResNet block and a decoder with three convolutional layers.
A contrast-specific discriminator network D of five convolu-
tional layers was also implemented for each output contrast.
The training was conducted over a total of 100 epochs. The
learning rate was initialized at 0.0002 for the first 50 epochs
and then linearly decayed to 0 over the remaining 50 epochs.
The relative weights for the k-space, image, and adversar-
ial domain loss functions were selected based on validation
performance.

Complementary random sampling masks: For retrospec-
tively undersampled experiments, we designed complemen-
tary Poisson disk (CPD) masks with acceleration ratios of R =
4x, R=_8x,and R = 12x. These masks utilize a variable-density
algorithm to maintain minimum spacing between samples.
For prospectively undersampled data, complementary uni-
form random (CUR) masks were utilized with an acceleration
ratio of R = 16x. In both cases, the masks are complemen-
tary in that they are randomized distinctively across subjects
and contrasts to maximize k-space coverage for the semi-
supervised loss function. All masks included a fully sampled
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calibration region of size 12x12 to condition the learning
problem with low-frequency information.

View ordering and contrast preservation: To accommo-
date the signal evolution associated with long echo trains, we
employed a standard flexible view-ordering algorithm rou-
tinely used in clinical practice (please see Fig. 3 for visual
demonstrations). This algorithm sorts the acquisition order
based on k-space coordinates such that successive samples
are acquired from proximate k-space locations, yielding a
smooth modulation transfer function and reducing image
artifacts.

For T{-CUBE, we utilized a radial modulation view-
ordering approach. In this approach, phase-encode views
(ky, k;) are sorted by their radial distance (d,) from the k-
space origin. Consequently, the earliest echoes in the train,
which exhibit the highest signal amplitude, are mapped
directly to the center of the k-space (d, >~ 0). This mapping
minimizes the effective echo time preserving the intended
Tj-weighted contrast generated at the onset of the echo train.

For T,-CUBE and FLAIR-CUBE, we employed a circu-
lar modulation strategy. In this approach, views are sorted
along the principal phase-encode axis to explicitly control
the effective echo time by assigning the center of the k-space
to the central echo index. By aligning the central k-space
acquisition with echoes occurring midway through the train,
the sequence captures the steady-state magnetization reflect-
ing the desired T, preparation or inversion recovery contrast.

Evaluation metrics

In our assessments of synthesis quality, we used two well-
established MRI metrics: peak signal-to-noise ratio (PSNR)
and structural similarity index measure (SSIM). More specif-
ically, PSNR provides a quantitative measure of synthesis
fidelity by assessing the peak signal strength to mean squared
error, defined in decibel (dB) as follows:

(10)

MAX;
PSNR = 20 - logy

MSE

where [ is the reference image, MAX; denotes the maximum
pixel intensity of image I, and MSE is mean squared error
which is formulated as follows:

n—1m—1

_ R
MSE=—3% % [1G, /)= 1G, )] (1D

i=0 j=0

where [ is the reference image, [ is the synthesized image.
Furthermore, we leveraged SSIM to complement our
evaluation by considering perceptual aspects and structural
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similarity between reference and synthesized images:

(Zlu«xﬂy + Cl)(zaxy +c2)
(U3 + 13 +c)(0F + 07 +c2)

SSIM(x, y) = (12)

where x and y are two windows of common size, uy is the
mean of x, 1y is the mean of y, af is the variance of x, 0}2,
is the variance of y, oy, is the covariance of x and y, and
c1, ¢ are two variables to stabilize the division by a weak

denominator.

Results

Demonstrations on retrospectively undersampled
data

We first demonstrated the proposed semi-supervised ssMRF
method on the retrospectively undersampled data. The
dataset included synthesis tasks targeting four clinical con-
trasts: T{-MPRAGE, T;-CUBE, T,-CUBE, and FLAIR-
CUBE. For demonstrations, separate ssMRF models were
trained at different acceleration ratios { R=4x, 8x, 12x}, yield-
ing the semi-supervised models sSMRF (R =4x), ssMRF (R =
8x), ssMRF (R = 12x), respectively. These models were com-
pared against a fully supervised benchmark, fSMRF, trained
on fully sampled acquisitions (R = 1x) of the target clinical
contrasts. Additionally, we included comparisons against a
physics-based, non-learning synthesis approach using Bloch
equation simulations.

To assess the robustness of ssSMRF to acceleration ratio
and training data size, we evaluated the synthesis quality
across different acceleration ratios R = {4x, 8x, 12x} and
varying number of training subjects nr={8, 12, 16, 20, 24}.
PSNR measurements between the synthesized and reference
images on the test set are reported in Fig. 4 for all target
contrasts. For comparison, the synthesis performance of the
fully supervised fsMRF model across the number of train-
ing subjects is also reported, along with the results from
Bloch equation synthesis. Reported measurements indicate
that, for T{-MPRAGE, T;-CUBE, and T,-CUBE, increas-
ing the number of training subjects consistently improved
performance for both ssMRF and fsMRF, while the accel-
eration factor has only a minimal effect when the training
set size is fixed. Meanwhile, for FLAIR-Cube, increasing the
number of training subjects does not yield strictly monotonic
improvements, particularly at higher acceleration factors (R =
8x and R = 12x). We attribute this behavior to the lower intrin-
sic SNR of the FLAIR acquisition, which limits the benefits
of additional training data under aggressive undersampling
where the supervision signal from highly accelerated data
might get insufficient for ssMRF to utilize robust features.
Nevertheless, for high-SNR contrasts, these results suggest
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b) Zero-Filled Images of Accelerated Contrasts
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Fig. 3 a) In order to capture the correct tissue contrast obtained in reconstructions of the accelerated contrast-weighted acquisitions are
standard clinical protocols, the points within the sampling masks are displayed, together with corresponding scan times obtained in the

carefully ordered and echo-train lengths are determined. b) Zero-filled prospectively undersampled sequences
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Fig. 4 PSNR measurements for the proposed ssMRF model com-
pared to benchmarks across varying training set sizes (np =
8,12, 16, 20, 24). Each scatter point represents the mean PSNR (dB)
on the test set for four target contrasts: T{-MPRAGE, T;-CUBE, T,-
CUBE, and FLAIR-CUBE. Blue points indicate the ssMRF model
trained at acceleration factors of R = 4x, 8x, and 12x. Green points
indicate the fully supervised fSMRF model (R = lx), and red dashed

that, under a fixed total scan time, ssMRF enables the acqui-
sition of data from a larger and more diverse subject pool
by leveraging accelerated acquisitions, leading to improved
synthesis quality relative to fSMRF. For example, as illus-
trated in Fig. 4, instead of acquiring fully sampled data for
8 subjects for fsSMRF, the same scan time could accommo-
date data acquisition for 24 subjects using ssMRF at R = 12x,
yielding an approximate increase of 2.5 dB in PSNR.

Next, we reported the PSNR and SSIM measurements
with standard deviation intervals for fSMRF, ssMRF (R =
4x) and Bloch equations over the target clinical contrasts in
Table 1. The reported measurements indicate that the pro-
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lines denote the training-free Bloch equation synthesis. To facilitate
consistent visual comparison, the y-axis ranges have been standard-
ized to 19-30 dB for TI-MPRAGE, T1-CUBE, and T2-CUBE. For
FLAIR-CUBE, a broken y-axis (13—15 dB and 21-30 dB) is utilized to
accommodate the lower reference value of the Bloch simulation while
maintaining a visual scale consistent with the other contrasts

posed ssMRF model yield similar quantitative performance
with the fully supervised model despite being trained on
undersampled acquisitions with missing k-space samples.
Meanwhile, both ssMRF and fsMRF yield superior synthesis
performance against the non-learning-based Bloch equation
synthesis.

Representative synthesis results from distinct cross- break-
sectional slices on the test set are displayed in Fig. 5,
accompanied by corresponding error maps to show the
pixel-wise synthesis deviation across methods under com-
parison. For a more granular assessment, zoomed-in views
of different regions from different slices are provided in
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Table1 PSNR and SSIM

. T1-MPRAGE T,-CUBE T,-CUBE FLAIR-CUBE
measurements comparing
sSMRF (R = 4x), fsMRF, and PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Bloch synthesis for the four
clinical contrasts in the dataset ssMRF (R=4x)  27.00 0.908 28.59 0.924 28.80 0.908 24.61 0.828
+1.64  +£0.018 +1.19 +0.011 +1.63 +0.021 +2.10  £0.051
fsSMRF (R = 1x) 27.15 0.910 28.30 0.908 28.78 0.896 24.70 0.836
+1.75 +0.019 +0.93 +0.008 +1.56  +0.021 +1.99 +0.062
Bloch equation 21.23 0.775 19.23 0.725 22.42 0.789 14.08 0.512
+0.82  +£0.032 +1.26  +£0.036 +1.36  £0.032  +040  £0.041

Supp. Figs. S2 and S3 to highlight fine-grained details.
The qualitative evaluation indicates that ssMRF yields visu-
ally identical performance compared to the fully supervised
fsMRF. Comparisons with Bloch synthesis reveal distinct
trade-offs. While Bloch synthesis appears sharper in certain
high-frequency textures for T- and T,-weighted contrasts,
it is hindered by significant noise and artifacts, and fails
to accurately reproduce the FLAIR contrast due to unmod-
eled magnetization transfer effects. Conversely, while the
ssMRF and fsMRF outputs exhibit moderate smoothing of
fine details, they achieve significantly higher accuracy and
lower residual intensities, as shown in Fig. 5, and in Supp.
Figs. S2 and S3. Thus, these results indicate that learning-
based methods provide a more accurate approximation of the
ground truth contrasts despite the reduction in texture sharp-
ness.

Finally, we assessed the downstream performance of the
proposed ssMRF model. Segmentation maps via FreeSurfer
based on the synthesized MPRAGE images from the meth-
ods under comparison are shown in Fig. 6 together with the
segmentation maps from the reference image. The segmen-
tation results validate that the proposed ssMRF model yields
equivalent performance compared to fsSMRF in such a down-
stream image analysis task.

Demonstrations on prospectively undersampled
data

We then extended our experiments to the prospectively under-
sampled data. In this dataset, we considered the synthesis
task of MRF to three clinical contrast-weighted images:
T1-CUBE, T,-CUBE, and FLAIR-CUBE. To perform the
synthesis, we trained an ssMRF model with the clinical con-
trast acceleration ratio of R = 16x, yielding ssMRF (R =
16) model. Since this dataset contained only prospectively
undersampled data, there was not any fully sampled train-
ing data. Therefore, we did not train any benchmark fSMRF
model. Representative synthesis results are displayed in Fig.
7, with zoomed-in regions provided in Supp. Fig. S4 to high-
light fine-grained details. The figure compares the proposed
ssMRF output against two reference images: a high-quality

acquisition (R = 3x) and a highly accelerated acquisition
(R = 16x). While the ssMRF model demonstrates strong
contrast fidelity, we observe varying degrees of deviation
in high-frequency details relative to the R = 3x reference.
These differences are attributable to the inherent difficulty of
the training task, as the model was supervised exclusively
using R = 16x data. As illustrated by the R = 16x refer-
ence column (shown here for a test subject to indicate the
degree of undersampling), the supervision signal available
during training was heavily dominated by aliasing artifacts
and noise. Although this experiment employed an aggressive
acceleration factor to stress-test the method, future clinical
protocols could adopt slightly more conservative acceleration
rates to further minimize the domain gap between synthetic
and fully sampled references.

Multi-task learning

We finally performed ablation experiments to demonstrate
the efficacy of the proposed multi-task learning framework.
For this purpose, we compared the performance of the multi-
task ssMRF model and the single-task ssMRF model. PSNR
and SSIM measurements from the multi-task and single-task
ssSMRF models are reported in Table 2. The reported mea-
surements indicate that the inclusion of multi-task learning
consistently improve the synthesis quality, where the aver-
age increase in PSNR is 0.52 dB and the average increase in
SSIM is 1.1% (p < 0.05, except PSNR on T>-CUBE and
FLAIR-CUBE, and SSIM on T;-CUBE).

Discussion

This study introduces a novel semi-supervised synthesis
model, ssMRF, designed to translate MRF acquisitions into
clinical contrast-weighted images. Unlike previous fully-
supervised models, ssSMRF enables an efficient training
framework using highly undersampled acquisitions of the
contrast-weighted images as ground truth labels. This is
achieved by leveraging a physics guidance module and a
semi-supervised loss function that selectively apply the net-
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Fig.5 Representative synthesis
results are presented for the
proposed semi-supervised
ssMRF model and the
benchmark fully supervised
MRF fsMRF model, alongside
reference images and
training-free Bloch-based
synthesis. The input MRF

coefficient maps are also shown.

Results are provided for
T;-MPRAGE, T;-CUBE,
T»-CUBE, and FLAIR-CUBE
synthesis tasks. Overall, the
proposed ssMRF model
achieves performance
comparable to the benchmark
fsMRF model, despite being
trained with 8-fold accelerated
acquisitions. Moreover, both
ssMRF and fsMRF models
outperform the Bloch-based
synthesis, particularly in
FLAIR-CUBE synthesis where
magnetization transfer effects
significantly impact the final
image contrast
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Fig.6 Synthesized MPRAGE
images from the
fully-supervised and
semi-supervised models were
subjected to FreeSurfer
segmentation together with the
fully sampled reference images.
Segmentation maps displayed
here demonstrate that the
synthesis accuracy of the
semi-supervised model is
sufficient enough to obtain
similar segmentation maps with
the fully-supervised fsMRF
model as well as fully sampled
references

®
o
=
5}
-
&
)
aat

work backpropagation only on the acquired k-space samples
of the undersampled ground truths. Our experiments per-
formed on both retrospective and prospective undersampling
demonstrate that ssMRF achieves high synthesis accuracy
and its performance is near with that of the fully-supervised
model.

By reducing training data requirements, ssSMRF facili-
tates the compilation of diverse datasets from larger subject
cohorts, enabling the development of robust and generaliz-
able synthesis models. In this study, we demonstrated that
ssMRF models can be trained using clinical contrast ground
truths accelerated up to R = 16x. While we achieved reason-
able results utilizing only 10 subjects, increasing the training
sample size significantly improves performance (see Fig. 3),
allowing ssMRF to maintain parity with fully-supervised
models. This trajectory suggests that with larger training
sets, sSSMRF could support even higher acceleration ratios.
Consequently, this approach further relaxes data compilation
requirements and accelerates contrast exams, enhancing the

Sagittal

Coronal

overall efficiency and practicality of semi-supervised learn-
ing.

It is also important to consider the impact of the inherent
signal-to-noise ratio (SNR) of the target clinical contrasts
on semi-supervised training performance. We observed that
the performance of the proposed ssMRF model improved
more consistently with larger training sets and more closely
matched with the fully-supervised benchmark on contrasts
with higher intrinsic SNR, such as 71-MPRAGE, T7-CUBE,
and T7>-CUBE. Meanwhile, synthesizing the FLAIR con-
trast, which typically exhibits lower SNR, demonstrated
stronger sensitivity to undersampling. Specifically, while per-
formance degradation in our analysis was minor for other
contrasts up to R = 12x, FLAIR exhibited a larger per-
formance dip at this level. This suggests that performance
degradation in semi-supervised learning is more pronounced
in low-SNR regimes. Consequently, rather than enforcing
uniform acceleration across contrasts, the undersampling
budget could be redistributed based on sensitivity. High-SNR
contrasts demonstrated resilience to aggressive undersam-

@ Springer



Magnetic Resonance Materials in Physics, Biology and Medicine

Fig.7 Synthesis quality for the
semi-supervised model learned

on prospective undersampling is Input MRF CoefﬁCient Images
depicted. Synthesized images Coeff - Coe‘ff -2 Coeff -3 Coeff -4 Coeff -5

from the semi-supervised model I
are displayed together with two
reference images for each
contrast. R = 3x reference
images are reconstructed with
L1-wavelet and can be
considered as perfect images to
evaluate synthesis quality. R =
16x reference images are .
provided here to show the level Output MRI Contrast-Weighted Images
of acceleration used to train the
semi-supervised model (this is a
subject from the test set, and
here we did not perform any
additional fine-tuning on R =
16x data)

Reference Reference Semi-Sup.
(Acquired)  (Acquired) (Synthesized)

R =16x
5:56 min 1:23 min

R =3x R =16x
3:58 min 0:55 min

A

4

¢
“ .r": J
Ntz p TR
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Table2 PSNR and SSIM

. T1-MPRAGE T,-CUBE T,-CUBE FLAIR-CUBE
measurements comparing the
multi-task and single-task PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
learning frameworks that ]
ssMRF involved Multi-task 26.39 91.15 23.62 78.48 24.85 86.99 26.40 89.70
+1.27 £3.65 +1.43 +4.56 +1.68 +3.44 £1.56 £3.56
Single-task 25.27 89.78 23.16 78.00 24.89 85.89 26.12 85.40
+1.46 +3.61 £1.55 +4.92 £1.50 £3.50 +1.73 +6.28
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pling, implying they can subsidize the acquisition of lower
SNR contrasts. Therefore, a critical direction for future
research is the dynamic optimization of these ratios within a
fixed total scan time. For example, a protocol could allocate
R = 16x to T{-MPRAGE, allowing for a more conservative
R = 9x for FLAIR, ensuring signal integrity is preserved
where it is most vulnerable without extending the total dura-
tion.

While this study establishes the technical feasibility of
the proposed ssMRF framework using well-established MRI
quantitative metrics (e.g., PSNR, SSIM), we recognize that
these quantitative measures cannot fully capture the diagnos-
tic confidence and accuracy required for clinical adoption.
We acknowledge that radiologist interpretation remains the
ultimate standard for evaluating synthetic imaging, and the
absence of qualitative expert assessment is a limitation of
the current work. Now that the synthesis fidelity has been
validated in healthy volunteers, the essential next step is a
formal reader study. Future work will focus on radiologist
evaluation of subjective image quality, artifact perceptibil-
ity, and diagnostic accuracy in a diverse patient cohort with
pathology to bridge the gap between technical viability and
clinical practice.

Several promising avenues can be explored in future
work to further enhance the capabilities and clinical util-
ity of the proposed ssMRF framework. While this study
demonstrates ssMRF in healthy volunteers, comprehensive
validation in patient populations with pathology is an impor-
tant next step. This is an active direction we are currently
pursuing in collaboration with clinical partners. Expanding
evaluation to a broader and more diverse cohort will enable
assessment of sSMRF performance across a range of dis-
ease processes and patient characteristics, and is necessary
to establish robustness and general applicability in clinical
practice [19, 64]. Secondly, transitioning from slice-based
synthesis to volumetric synthesis using advanced 3D or 2.5D
architectures [65—-67] and progressive volumetrization [68]
techniques can significantly improve the model’s capabil-
ity in capturing and utilizing global contextual information
and consistency across slices in the longitudinal dimension
without sacrificing fine details. Furthermore, the learned
deep model for MRF to contrast synthesis can be optimized
during inference with subject-specific fine-tuning strategies
via the proposed semi-supervised loss function, providing
data-consistent synthesis and enhancing the accuracy of
the resulting synthesized images [59]. These advancements
could position ssMRF as a more versatile and potent tool in
clinical settings, potentially improving its diagnostic capa-
bility.

The observations regarding the textural sharpness of Bloch
synthesis versus the high-fidelity smoothness of the deep
learning predictions suggest a potential avenue for hybrid
modeling. While Bloch simulations are prone to noise and

contrast mismatches (particularly in FLAIR), they inherently
preserve high-frequency structural information that data-
driven models may smooth out. Future work could explore
a hybrid synthesis framework where Bloch synthesis results
are incorporated as additional physical priors or input chan-
nels to the network. Such an approach could synergistically
combine the textural definition of physics-based simulations
with the superior contrast accuracy and noise reduction capa-
bilities of the semi-supervised ssMRF model.

Finally, we note that the subspace coefficient images used
as input are derived from a simplified EPG-based dictionary
that does not explicitly model certain physiological effects
such as magnetization transfer (MT) or flow. Consequently,
specific temporal signal components driven by these effects
may lie partially outside the span of the basis. Although
prior work [60] suggests that subspaces learned from ide-
alized EPG simulations can sometimes remain effective for
unmodeled deviations when the dominant temporal structure
is strongly correlated with the true signal, this robustness is
not guaranteed, particularly for effects like MT and flow.
The data-driven synthesis network may still provide implicit
compensation when these effects are reflected in the input
features or present in the training data, but performance may
vary across cases. Future iterations could reduce this mis-
match by expanding the dictionary and subspace to explicitly
incorporate MT and flow parameters.
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tary material available at https://doi.org/10.1007/s10334-026-01338-
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