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Abstract
Reconstructing MRI from highly undersampled measurements is crucial for accelerating medical imaging, but is challenging
due to the ill-posedness of the inverse problem. While supervised deep learning (DL) approaches have shown remarkable
success, they traditionally rely on fully-sampled ground truth (GT) images, which are expensive or impossible to obtain
in real scenarios. This problem has created a recent surge in interest in self-supervised learning methods that do not
require GT. Although recent methods are now fast approaching “oracle” supervised performance, the lack of systematic
comparison and standard experimental setups are hindering targeted methodological research and precluding widespread
trustworthy industry adoption. We present SSIBench, a modular and flexible comparison framework to unify and
thoroughly benchmark Self-Supervised Imaging methods (SSI) without GT. We focus on end-to-end trained DL methods,
which do not require long inference time, large datasets, or per-image training. We evaluate 21 such recent methods
across seven realistic MRI scenarios on real data, showing a wide performance landscape whose method ranking differs
across scenarios and metrics, exposing the need for further SSI research. To accelerate reproducible research and
lower the barrier to entry, we provide the extensible benchmark and open-source reimplementations of all methods at
https://github.com/Andrewwango/ssibench, allowing researchers to rapidly and fairly contribute and evaluate new
methods on the standardised setup for potential leaderboard ranking, or benchmark existing methods on custom datasets,
forward operators, or models, unlocking the application of SSI to other valuable nascent GT-free scientific imaging
modalities.
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1. Introduction
Accelerating MRI reconstruction is crucial for reducing
lengthy scan times, modelled as (Lustig et al., 2008):

yi,c = Ai,cxi + ϵ, Ai,c = MiFSc, ϵ ∼ N (0, σ2I), (1)

where xi ∈ X ∈ Rn is the i-th underlying image, yi =
{yi,c}C

c=1 ∈ Y ∈ Rm are the k-space measurements, Ai =
{Ai,c}C

c=1 is the forward operator (or acquisition method),
consisting of the undersampling mask Mi, the c-th coil
sensitivity map Sc and the Fourier operator F, and m =
n/α where α is the acceleration rate. Note we may drop
the index i for clarity where it is unambiguous. The goal
is to recover high quality images x̂i = fθ(yi, Ai) via a

model fθ from partial, noisy measurements. However, this
is challenging as the inverse problem is ill-posed, either due
to undersampling C = 1, m < n, leading to a non-trivial
null-space N (A) ∈ Rn−m, or poor conditioning κ(A) ≫ 1.

Classical compressed sensing solves the problem using
regularised optimisation (Lustig et al., 2008). However,
this requires hand-crafted, image-specific priors, inference
is lengthy and expensive, and acceleration rates may be
limited (Heckel et al., 2024). Deep learning has been used
to learn fθ directly from data, and achieves impressive
results compared to classical methods (Heckel et al., 2024;
Klug et al., 2023; Tachella et al., 2022). Prevailing methods
assume that underlying ground-truth (GT) images x are
available in order to train with supervised learning Lsup =
ℓ(x̂, x) where ℓ(·, ·) is any metric such as the mean squared
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Task: accelerated MRI Problem: no ground truth
for supervised learning

Solution:
Self-Supervised Learning

Modular benchmark scenarios: Gather & evaluate 21 losses:
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Q: Where are the research gaps?

dynamic
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Figure 1: (a) Accelerated MRI reconstruction from undersampled images y. (b) Ground truth (GT) images x are
impossible or expensive to obtain. (c) There has been a recent surge in self-supervised imaging (SSI) methods that can
learn without GT. (d) We introduce SSIBench, a modular benchmark over seven diverse MRI acquisition settings and
anatomies, that gathers and evaluates 21 state-of-the-art end-to-end training loss functions (e).

error (MSE).
However, fully-sampled GT measurements are impos-

sible or expensive to obtain in real scenarios, e.g . when
imaging moving organs (Wang and Davies, 2024), adapta-
tion to new anatomies (Darestani et al., 2022), 4D MRI
(Ong et al., 2020), low-field MRI (Janjušević et al., 2025),
or where it leads to blurring in patient motion. Therefore,
self-supervised imaging (SSI) i.e. methods that learn
without access to GT x are needed. Note this differs from
“self-supervision” in representation learning: here, images
are output x̂ = fθ(y, A) rather than input, and GT x refers
to images rather than labels.

A vast array of SSI methods have been proposed in
recent years for MRI reconstruction. However, they often
fail to compare to existing methods (Cole et al., 2021; Chen
et al., 2022a; Millard and Chiew, 2024), exacerbated by
disjoint communities of researchers working on the same
problem, e.g . from ML research, imaging, or various medical
or other application domains. It is hence difficult to draw
direct comparisons due to different or proprietary setups,
datasets, a vast variety of models fθ, forward operators A,
evaluation protocols or lack of transparent implementation
of compared methods. Typically, each proposed method
claims to perform best, preventing research from focussing
on where true gaps lie, and impeding trustworthy translation
of SSI into real-world settings.

Our benchmark unifies previously fractured efforts by
providing a standardised, objective evaluation of methods,
leading to trustworthy application. It also provides the op-
portunity for ML researchers to find unsolved gaps exposed
in the common framework and clear performance landscape,
and collectively contribute methodological advances to solve
real-world and future imaging problems. By making the
benchmark modular and accessible to the public, researchers
can a) rapidly implement new methods or combine existing
ones and fairly test these on the standard setup, b) evaluate

them on custom datasets, models fθ, or forward operators
A, or c) use as a blueprint for other challenging nascent
scientific imaging problems within and beyond MRI, where
lack-of-GT currently hurts progress.

Our benchmark investigates methods that satisfy criti-
cal inclusion criteria for practical adoption, such as speed,
ease of training and generalisability (Heckel et al., 2024).
Explicitly, we include:

End-to-end trained methods, since they provide fast
inference by requiring only one neural function evaluation
per image (NFE) N = 1, and can be easily trained/fine-
tuned on an modest size dataset (∼500 images) (Heckel
et al., 2024) via feedforward inference on a discrimina-
tive model. We exclude generative methods with lengthy
inference-time iterative procedures (Shafique et al., 2024)
as these are infeasibly expensive in real-world clinical work-
flows, and that require large-scale datasets (∼104), since
these are challenging to gather for many anatomies/ac-
quisitions (such as 3D) and impede fine-tuning to new
acquisitions. These include diffusion models (Daras et al.,
2023; Kawar et al., 2024; Aali et al., 2024b) (N∼103 to 4),
unconditional GANs (Bora et al., 2018) (N∼102 to 3), or
flow matching (Luo et al., 2025) (N∼101 to 2). We do
include pilot results on SotA diffusion models pretrained
on much larger quantities of measurements in section B.5,
since these cannot be successfully trained on any of the
scenarios’ modest-sized datasets we consider here. We also
exclude single-image methods that require retraining for
every image, such as Deep Image Prior methods (Darestani
and Heckel, 2021; Korkmaz et al., 2022; Zou et al., 2021)
(N∼103 to 4), implicit neural representations (Shen et al.,
2024) (N = 103) or test-time training (Qin et al., 2023;
Darestani et al., 2022; Joo et al., 2025) (N∼102).

Ground-truth-free i.e. self-supervised methods that
learn from k-space measurements only {yi}, as GT im-
ages {xi} are expensive or impossible to obtain during
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training/pretraining of models, priors or features (Daras
et al., 2024; Chung and Ye, 2022; Ericsson et al., 2022;
He et al., 2020). Note that GT {xi} is also required for
learning from unpaired data {xi}, {yj} (Oh et al., 2020;
Li et al., 2024; Lei et al., 2021; Mukherjee et al., 2021)
or weakly/semi-supervised learning {xi, yi}, {yj} (Desai
et al., 2022a).

Architecture-agnostic methods that do not depend
on a specific model architecture, such that the learning is
primarily guided by the loss function rather than the induc-
tive bias of strong, specific architectural priors (Darestani
and Heckel, 2021; Korkmaz et al., 2022; Tamir et al., 2020),
and the loss function is the conceptual advance (Chen et al.,
2021; Millard and Chiew, 2023). This way, our findings gen-
eralise to diverse future architectures, rather than limiting
the applicability of our benchmark to current modality-
specific architectures.

We provide extensive experimental results benchmarking
these methods on accelerated MRI reconstruction without
GT across seven acquisition scenarios & anatomies that are
sufficiently general to be applied to future problems, and pro-
vide the loss reimplementations, living benchmark and train-
ing code at https://github.com/Andrewwango/ssibench.

1.1 Contributions
1. A comprehensive review unifying SotA self-supervised

end-to-end trained deep learning methods for imaging;

2. Reproducible, well-documented and pytested reimple-
mentations of 21 methods, and a modular benchmark site
facilitating contribution and application to new problems;

3. Benchmarking experiments for accelerated MRI without
GT across seven insightful scenarios on a standardised
setup, where different methods have different strengths,
and a decision framework for practitioners.

2. SSIBench - a benchmark for self-supervised
imaging

2.1 Benchmark methodology
We provide a systematic review of existing SotA self-supervised
end-to-end deep learning methods from the literature that
fall under our scope mentioned above, and unify these
by constructing SSIBench as follows. It is the design of
the loss function L(x̂; y, A, fθ) that lets a method learn
to recover information from the null-space (Tachella and
Davies, 2026), and is the key conceptual advance that dif-
fers between methods (Millard and Chiew, 2023; Tachella
et al., 2022). To provide a fair, substantive comparison
and maximise compatibility of our benchmark to different
setups, we evaluate the losses while fixing all other elements
of the experimental setup, including the forward operator

A, the type, architecture and size of the model fθ (such
that all methods have the same inductive bias), data pre-
processing stages, and the metrics. This decision is crucial
for controlled comparisons of loss functions, so that the
modular benchmark can easily be adapted with any model
fθ, forward operator A or dataset of the future.

In this framework, we gather 21 distinct ground-truth-
free loss functions L(x̂; y, A, fθ) from across the ML and
imaging literatures, summarised in table 1. We reimplement
these since the compared methods’ original codebases often
adhere to differing software engineering principles and are of-
ten implemented for their specific experimental setups with
poor generalisability to other setups. We provide details of
their generalised implementations and sketches of the code
mapped to their equations in section A.3. We contribute
the losses into the DeepInverse library (Tachella et al.,
2025b) following standard modern coding best practice of
unit-testing, code-review and thorough documentation.

2.2 Benchmark scenarios
We consider seven common accelerated MRI experimental
scenarios. This provides insight on the performance of the
methods on (a) individual controlled tasks, which permit
disentangling true reconstruction ability from other MRI
sub-tasks e.g . coil sensitivity map estimation (Millard and
Chiew, 2023; Yaman et al., 2020), and (b) diverse GT-free
acquisition scenarios in real-world practice (Yu et al., 2022;
Wang et al., 2023a; Desai et al., 2022c).

Scen. 1 (Single-coil) A basic but very important setup
where no additional information is provided by
multiple coils C = 1, so we can demonstrate
performance on recovering data from the clear
null-space of the rank-deficient forward operator
N (A) ∈ Rn−m. No added noise σ = 0 and
retrospectively undersampled to 6× acceleration,
with a random mask per sample Mi ∼ M.

Scen. 2 (Noisy) Like scenario 1 (same A, data), but sim-
ulates more realistic acquisition under thermal
device noise σ = 0.1 (Millard and Chiew, 2024),
where methods must perform joint reconstruction
and denoising.

Scen. 3 (Single-mask) Like scenario 1, but with one fixed
sampling mask Mi = M ∀i, common in clinical
systems where a predetermined vendor-optimized
sampling pattern is used to simplify hardware con-
straints and ensure consistency across patients.

Scen. 4 (Multi-coil) Like scenario 1, but C = 4 as in mod-
ern parallel imaging (Sriram et al., 2020). Since
now m is a factor of C× larger, the effective null-
space is smaller; see section B.2 for an analysis.
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Table 1: Self-supervised losses gathered, reimplemented and evaluated in our benchmark framework. Above: losses for
reconstruction. Below: losses for joint reconstruction and denoising. NFE: number of neural function fθ evaluations
during loss forward pass / inference.

Method Ref Loss Code: deepinv.loss. NFEs (train/test)
MC (Senouf et al., 2019) eq. (2) MCLoss() 1/1
SSDU (Yaman et al., 2022a) eq. (3) SplittingLoss() 1/1
Noise2Inverse (Hendriksen et al., 2020) eq. (4) SplittingLoss() 1/J
Weighted-SSDU (Millard and Chiew, 2023) eq. (5) WeightedSplittingLoss() 1/1
SSDU-Consistency (Hu et al., 2021) eq. (6) SplittingConsistencyLoss() 2/1
MOC-SSDU (Zhang et al., 2024) eq. (8)+eq. (3) MOConsistencyLoss() + SplittingLoss() 2/1
Adversarial (Cole et al., 2021) eq. (13) UnsupAdversarialGeneratorLoss() 1/1
UAIR (Pajot et al., 2018) eq. (14) UAIRGeneratorLoss() 2/1
VORTEX (Desai et al., 2022a) eq. (12) AugmentConsistencyLoss() 2/1
ES (Sechaud et al., 2025) eq. (11) ESLoss() 1/1
E2I (Schut et al., 2025) eq. (3)+eq. (9) SplittingLoss() + EILoss() 2/1
EI (Chen et al., 2021) eq. (9) EILoss() 2/1
MOI (Tachella et al., 2022) eq. (7) MOILoss() 2/1
MO-EI This work eq. (10) MOEILoss() 2/1
ENSURE (Aggarwal et al., 2023) eq. (16) ENSURELoss() 2/1
DDSSL (Quan et al., 2022) eq. (18)+eq. (9) R2RLoss() + EILoss() 2/J
Robust-SSDU (Millard and Chiew, 2024) eq. (17) RobustSplittingLoss() 1/1

Noise2Recon-SSDU (Desai et al., 2022b) eq. (5)+eq. (12) WeightedSplittingLoss()
+ AugmentConsistencyLoss()

2/1

ES-R2R (Sechaud et al., 2025) eq. (18) & eq. (11) R2RLoss() & ESLoss() 1/1
Robust-EI (Chen et al., 2022a) eq. (9)+eq. (15) EILoss() + SUREGaussianLoss() 3/1
Robust-MO-EI This work eq. (10)+eq. (15) MOEILoss() + SUREGaussianLoss() 3/1

We assume known sensitivity maps to disentangle
the estimation problem.

Scen. 5 (Fine-tuning) We test the widespread real-world
practice of fine-tuning a foundation model (Terris
et al., 2025) on out-of-domain data without GT
on raw multicoil SKM-TEA (Desai et al., 2022c)
knees at extreme 32× acc. disk sampling with
estimated coil maps.

Scen. 6 (Dynamic) Learning to reconstruct 2D+t dynamic
cine 10× acquisition without GT on the real CM-
RxRecon (Wang et al., 2023a) cardiac dataset, as
true GT is impossible to capture in dynamic MRI
(Wang and Davies, 2024).

Scen. 7 (Prospective) Learning to reconstruct a single
knee volume from 7× prospectively undersampled
raw data (Yu et al., 2022), where fully-sampled
GT truly does not exist.

2.3 Benchmarked methods

We formulate the 21 loss functions gathered from across
the literature; reimplementation details are in section A.3.
Measurement consistency (MC) The most basic self-
supervised loss (Senouf et al., 2019) simply computes:

LMC = ℓ(Ax̂, y), (2)

The MC loss cannot recover information from the oper-
ator’s null-space N (A) as any solutions A†y + v trivially
satisfy LMC = 0 where v ∈ N (A). Instead, MC has been
used in the presence of strong inductive bias where regular-
isation is provided by very specific architectures (Darestani
and Heckel, 2021; Korkmaz et al., 2022; Tamir et al., 2020)
or initialisations (Darestani et al., 2022). However, to dis-
entangle this we focus on comparing the performance of
different loss functions while using identical networks: this
is a common setting (Yaman et al., 2022b) where MC
(Senouf et al., 2019) simply recovers A†y (Pruessmann
et al., 1999). Traditional regularising terms (e.g . sparsity)
(Wang et al., 2020; Alçalar et al., 2024) can always be
appended independently to any of the losses used in this
paper such as MC, so we do not consider their usage here.
Learning from measurement splitting Methods such as
SSDU (Yaman et al., 2020) and similar works (Yaman et al.,
2022a; Huang et al., 2024; Klug et al., 2023), randomly
split y into two sets at each instance during training:

LSSDU = ℓ(M(2)Afθ(M(1)y, M(1)A), M(2)y), x̂ = fθ(y, A)
(3)

where M(1) is a randomly generated mask (spanning the
whole measurement domain in expectation), M(1)+M(2) =
Im, and ℓ is either a metric in the measurement domain and
image domain. Methods requiring pairs of measurements
of the same subject (Xia and Chakrabarti, 2019; Hu et al.,
2024; Gan et al., 2021; Huang et al., 2019; Gan et al., 2022;
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Liu et al., 2020) are equivalent to SSDU but with 2× less
acceleration. The same concept can be applied to a specific
acquisition (Wang et al., 2024). However, for the estimator
x̂ to correspond to the supervised MMSE, an inference-time
adaptation must be made to average over J > 1 passes,
which was used in both of Hendriksen et al. (2020); Gruber
et al. (2024):

x̂ = 1
J

ΣJ
j=1fθ(M(j)y, M(j)A). (4)

Millard and Chiew (2023) bypass this averaging by
weighting the SSDU loss metric ℓ(·, ·) to directly recover the
MMSE estimator, and by splitting M(j) ∼ M, where P =
E[M], P̃ = E[M(j)] i.e. the expectations of the imaging
mask and the splitting mask, respectively:

LWeighted-SSDU = LSSDU, ℓ(a, b) := ∥(1 − K)− 1
2 (a − b)∥2

2,

K = (Im − P̃P)−1(Im − P).
(5)

(Hu et al., 2021; Zhou et al., 2022; Wang et al., 2023b;
Xu et al., 2025) split y with both M(1), M(2), compute a
SSDU-style loss for each of these subsets, and also compute
a consistency loss between the two reconstructions x̂(1), x̂(2),
where Ā = (Im − M)FS:

LSSDU-Consistency = ℓ(Ax̂(1), y) + ℓ(Ax̂(2), y)
+ ℓ(Āx̂(1), Āx̂(2)),

x̂(k) = fθ(M(k)y, M(k)A).
(6)

Learning from multiple operators These approaches
leverage the fact that the image training set is seen through
multiple Ai ∼ A, where A is the operator set of same
order as the mask set |M| =

(n
m

)
. Multi-Operator Imaging

(Tachella et al., 2022) leverages this by drawing a random
operator Ã ∼ A at each forward pass and regularises the
MC loss with another loss that encourages consistency of
fθ over Ai, shown to theoretically enable the function to
learn in the null-space:

LMOI = LMC + ℓ(x̂, fθ(Ãx̂, Ã)), x̂ = fθ(y, A). (7)

(Zhang et al., 2024) constructs a very similar loss to
MOI, enforcing multi-operator consistency on the measure-
ment y:

LMOC-SSDU = LSSDU + ℓ(y, Afθ(Ãx̂, Ã)). (8)

Learning from invariance Equivariant Imaging (EI) (Chen
et al., 2021, 2022a; Wang and Davies, 2025, 2024) leverages
the natural assumption that the image set X is invariant

to a group G of transformations g ◦ x ∈ X , ∀x ∈ X , g ∈ G.
The image set can then be interpreted as being observed
through a set of multiple transformed operators A ◦ g(·) of
order |G|, allowing the solver to “see” into the null-space.
The assumption is constrained using:

LEI = LMC + ℓ(Tgx̂, fθ(ATgx̂, A)), x̂ = fθ(y, A), (9)

where Tg is an action of G, where, for MRI images, we use
2D rotations for G following Chen et al. (2022a).
Combining two methods Our benchmark makes a new
loss function apparent, which we can rapidly implement
and test. Since adding more, well-targeted regularisation
typically improves the stability and generalisation of the
model, and that the operators leveraged by MOI (multiple
physical operators) and EI (multiple virtual operators) are
complementary, we propose a hybrid Multi-Operator Equiv-
ariant Imaging loss that unifies these strategies. Assume
that the image set is imaged by the augmented operator
set AG = {AiTg ∀Ai ∈ A, g ∈ G}, the orbit space of A
under G. Since |AG| ≈ |A||G| is much larger than in MOI
or EI, we expect to provide more regularisation and thereby
improve the performance. We leverage the augmented
operator set using the loss function:

LMO-EI = LMC + ℓ(Tgx̂, fθ(Ãgx̂, Ã)), Ãg ∼ AG. (10)

For G, since we have soft deformable tissue (Gan et al.,
2022), we expect X be invariant to the group of perturbative
C1-diffeomorphisms. See section A.3 for details.

Another possible combination, was proposed in Equiv-
ariant Splitting (Sechaud et al., 2025) that circumvents
the problem of measurement splitting methods when the
splitting masks do not span the full domain in expectation,
by constraining equivariance of fθ, enlargening the set of
operators virtually:

LES = EgLSSDU where A → ATg. (11)

A similar combination of the above was proposed in
Equivariance2Inverse (Schut et al., 2025), which simply
takes a sum of the measurement splitting (eq. (3)) and EI
(eq. (9)) losses.
Data augmentation EI is related to data augmentation
(Chen et al., 2023), which, when GT x is available, can be
used to constrain invariance or equivariance on x (Fabian
et al., 2021). Data augmentation consistency (DAC) meth-
ods (Xie et al., 2020) such as VORTEX (Desai et al., 2022a)
build on this in the semi-supervised context by performing
data augmentation on y when GT is not available, chiefly
to provide robustness to OOD data:
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LVORTEX =
{

Lsup(fθ(y, A), x) if GT exists
ℓ(T2fθ(y, A), fθ(T1y, AT−1

2 )) otherwise
(12)

where T1, T2 are random transforms in k-space (e.g . add
noise, phase shift) and image space respectively. We test the
ability of DAC methods in the fully GT free case, replacing
Lsup with LMC to enforce MC.
Adversarial losses Adversarial losses have been proposed
to reconstruct MRI without GT via the dual training of
fθ and a discriminator D. While unconditional, generative
adversarial networks (Bora et al., 2018) are not feedforward
at inference time, conditional methods using an adversarial
loss (Cole et al., 2021):

Ladversarial = D(Ãfθ(y, A), ỹ), (13)
where ỹ ∼ Y i.e. another randomly sampled “real” mea-
surement from the training dataset Y. The aim of D is
to distinguish between reconstructed measurements and
training measurements, such that the aim of fθ is to recon-
struct high quality measurements that are indistinguishable
from “real” measurements. Note that it is unclear how
this loss can learn the unknown signal model and recover
information from the null-space. UAIR (Pajot et al., 2018)
is a related method originally proposed for inpainting, using
a multi-step feedforward loss consisting of adversarial and
MC terms:

ŷ = Ãfθ(y, A), LUAIR = D(ŷ, y) + ℓ(Ãfθ(ŷ, Ã), ŷ).
(14)

Joint reconstruction and denoising For Scen. 2 (noisy),
we consider composite losses that jointly learn to recon-
struct and denoise from partial noisy measurements σ > 0
alone (note that denoising can always independently be
done as a separate preprocessing step (Aali et al., 2024a)).
Several self-supervised denoising losses exist in the litera-
ture (Tachella et al., 2025a); most combinations of these
with reconstruction losses are yet to be explored. Stein’s
Unbiased Risk Estimator (SURE) (Stein, 1981; Ramani
et al., 2008) can be used in place of LMC, shown to be an
unbiased estimator of LMC (Chen et al., 2022a). It can be
seen as further “recorrupting” data:

LSURE = LMC+2σ2

τ
b⊤(Afθ(y+τb, A)−Afθ(y, A))−σ2,

(15)
where b ∼ N (0, I), τ is a hyperparameter and Ey[LSURE] =
Ex,y[ℓ(Afθ(y), Ax)]. Robust-EI (Chen et al., 2022a) then
simply use LRobust-EI = LSURE + LEI to train. SURE has
been generalised to the case of rank-deficient A in GSURE

(Eldar, 2009) and LDAMP-SURE (Metzler et al., 2020;
Zhussip et al., 2019). However, ENSURE (Aggarwal et al.,
2023) is shown to improve on these by attempting to lever-
age multi-operator information of A:

LENSURE = ∥R(A†y − fθ(y, A))∥2
2

+ 2σ2

τ
b⊤

(
fθ(A⊤y + τb, A) − fθ(A⊤y)

)
(16)

where R = E [P]−
1
2 P, P = A†A. Note that when σ → 0,

ENSURE simply reduces to LMC.
SSDU-style methods have also been adapted to the noisy

case using Noisier2Noise-style recorruption losses (Moran
et al., 2019). Robust-SSDU (Millard and Chiew, 2024)
constructs a loss attempting to remove an additional recor-
ruption ỹ ∼ N (y, α2σ2I):

LRobust-SSDU = LWeighted-SSDU(ỹ; y)
+ ∥(1 + 1

α2 )M(1)M(Afθ(ỹ, A) − y)∥2
2

(17)

where α is a hyperparameter. Similarly, Noise2Recon-SSDU
(Desai et al., 2022b) appends to SSDU a recorruption
constructed as a noising special-case of VORTEX (De-
sai et al., 2022a) LNoise2Recon-SSDU = LSSDU + LVORTEX
where T1 = N , T2 = I. DDSSL (Quan et al., 2022)
also adds a random noise special-case of LEI,T=N to the
Recorrupted2Recorrupted loss (Pang et al., 2021):

LR2R = ∥Afθ(y + αω, A) −
(

y − ω

α

)
∥2

2. (18)

Dynamic losses For Scen. 6 (dynamic MRI), we adapt
the losses to learn from temporal patterns. For SSDU losses
we let M1 vary randomly in time (Acar et al., 2021), and
DDEI (Wang and Davies, 2024) adds temporal symmetries
to the EI group G.

2.4 Related work
Surveys for imaging inverse problems Recent surveys
exist covering inverse problems with deep learning (Ongie
et al., 2020), for MRI reconstruction (Heckel et al., 2024;
Chen et al., 2022b) and without GT (Zeng et al., 2021;
Akçakaya et al., 2022). While (Chen et al., 2022b; Heckel
et al., 2024; Ongie et al., 2020; Akçakaya et al., 2022;
Xu et al., 2026) provide valuable general overviews, they
discuss only a subset of existing self-supervised methods
(e.g . zero to five), or methods from only one category men-
tioned in section 2.3, such as measurement splitting. While
GT-free MRI surveys (Zeng et al., 2021; Akçakaya et al.,
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2022) highlight the merits of self-supervised imaging, they
lack a principled comparison of the core theoretical differ-
ences between methods, comparing instead entire pipelines,
conflating therefore mostly orthogonal problems including
model architecture fθ or forward operator A. Furthermore,
no experimental results are provided by (Heckel et al., 2024;
Zeng et al., 2021; Akçakaya et al., 2022). Previous individ-
ual methodological works either do not report comparison
with other methods e.g . (Cole et al., 2021; Chen et al.,
2022a), or compare to very few (Millard and Chiew, 2024;
Desai et al., 2022a; Aggarwal et al., 2023), limiting their
applicability; a comprehensive benchmark comparison is
lacking. Papers commonly do not provide public implemen-
tation details of competitor methods, potentially reducing
the trustworthiness of the comparisons, especially when
competitors’ codebases are directly used without disentan-
gling the method from the experimental setup (fθ, A). On
the contrary, we highlight the key conceptual difference, the
loss function, and benchmark this while keeping constant
all other elements of the imaging pipeline, providing bench-
mark results across multiple fixed setup scenarios (fθ, A).
Furthermore, we reimplement the compared methods clearly
in a common codebase, bypassing the practical barriers of
code uninteroperability, to encourage reproducible research.

Benchmarks for imaging inverse problems Numerous
imaging benchmarks on real data have been proposed for
tasks such as MRI or CT (Zbontar et al., 2018; Desai et al.,
2022c; Kiss et al., 2025; Zheng et al., 2025). However, to
the best of our knowledge, in any domain, no benchmarks
on image reconstruction from partial measurements with-
out GT exist. Such a benchmark is crucial for enabling
fair, reproducible comparison of self-supervised reconstruc-
tion methods and driving progress toward reliable GT-free
imaging.

3. Experimental setup

We evaluate all table 1 methods using our reimplementa-
tions across the various scenarios. Each scenario uses a fixed
setup across all methods, and this setup varies across sce-
narios, including varied models, anatomy, dataset, scanner
vendor, acceleration and acquisition noise.

Data For scenarios 1-4 we retrospectively simulate y from
slices of the popular FastMRI brain dataset (Zbontar et al.,
2018), in order to fully control the forward operator A (its
distribution is needed for (Yaman et al., 2022a; Millard
and Chiew, 2023; Hendriksen et al., 2020; Tachella et al.,
2022)) and have GT x for evaluation. The specific forward
operator A varies for each benchmarked scenario. For the
multi-coil case we assume known coil maps to focus on the
reconstruction task and not introduce artifacts associated
with map estimation. For external data Scenarios 5, 6 &

7, we use respectively: raw multicoil sagittal knee k-space
slices from the SKM-TEA (Desai et al., 2022c) test set
with estimated coil maps via JSENSE (Ying and Sheng,
2007), raw prospectively-undersampled multicoil axial knee
k-space slices from Yu et al. (2022), and cardiac 2D+t
sequences from the CMRxRecon (Wang et al., 2023a) test
set.

Model fθ From the vast architectural literature (Heckel
et al., 2024) for scenarios 1-4 we choose an unrolled net-
work architecture, which balances being specific for efficient
image reconstruction yet sufficiently general to not favour
specific losses. We choose the popular MoDL (Aggarwal
et al., 2019), unrolling finite (three) steps of half-quadratic
splitting (Zhang et al., 2022), with a U-Net backbone (Ron-
neberger et al., 2015). Identical hyperparameters are used
for all loss functions to provide valid comparisons. For
Scenarios 5 & 7 we instead fine-tune a physics-informed
foundation model architecture (Terris et al., 2025) and for
Scenario 6 we train a convolutional recurrent network (Qin
et al., 2019).

Evaluation We report PSNR and SSIM as used in FastMRI
(Zbontar et al., 2018), as well as LPIPS for perceptual qual-
ity (Zhang et al., 2018). We compare to the baseline A†y,
corresponding to the zero-filled (ZF) in single-coil MRI
and SENSE (Pruessmann et al., 1999) in multi-coil MRI
(we avoid comparisons to iterative methods (Lustig et al.,
2008)). We also train a gold-standard model with the super-
vised oracle loss ℓ(x̂, x). Further setup details and loss and
training code are in section A. Benchmark code and contribu-
tion instructions are at github.com/Andrewwango/ssibench.

Extending We highlight that our modular benchmark
framework facilitates replacing any element of the setup
used here: other SotA architectures, popular image quality
metrics, or forward operator scenarios. To evidence ease
of benchmark extensibility, further experiments investigate
varying each benchmark module: pilot results on SotA GT-
free pretrained diffusion models, testing performance scaling
as unrolling depth increases or on different architectures
(VarNet (Hammernik et al., 2018), a flat CNN (Zhang et al.,
2017), and transformer (Zamir et al., 2022)), component
ablations on MO-EI and SSDU, and ease of transferability
to a sparse-view CT task and an environmental imaging
task.

3.1 Results

Scenario 1 (single-coil) Results are shown in table 2
and fig. 2. As expected, MC cannot improve the ZF per-
formance, as eq. (2) cannot learn information from the
null-space; results presented in (Senouf et al., 2019) may
instead heavily rely on a specific network’s inductive bias. EI
and MOI both show good results but suffer from strong ar-
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Table 2: Benchmarking test set results (µ ± σ) for scenarios 1, 3, 4 and 5. Best unsupervised method in bold.

Scenario (1) Brain MRI 6× acc. (3) Single-mask (4) Multicoil C = 4 (5) SKM-TEA knee fine-tune 32×
Loss PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ LPIPS↓
Zero-shot – – – – – – – 26.20±.54 .5081±.0226 .5273±.0379
Zero-filled 27.67±2.40 .7862±.05 .3270±.0426 28.02±2.26 .7900±.05 27.82±2.41 .7988±.05 25.29±.50 .5896±.02 .4913±.0257
MC 27.66±2.40 .7858±.0550 .3273±.0426 28.02±2.26 .7900±.0496 28.96±2.59 .8271±.0495 27.75±.65 .5965±.0277 .2713±.0235
SSDU 27.98±1.43 .7485±.0667 .1965±.0417 21.89±1.07 .6288±.0510 31.47±2.67 .8705±.0534 28.17±.62 .5800±.0174 .4265±.0371
Noise2Inverse 28.42±2.02 .7853±.0735 .2347±.0416 24.63±2.07 .6559±.0676 30.93±2.65 .8589±.0570 27.45±.64 .5465±.0175 .4509±.0367
Weighted-SSDU 29.93±1.66 .8355±.0626 .1304±.0434 30.14±1.64 .8454±.0615 33.03±2.36 .8991±.0479 28.83±.60 .5901±.0180 .3964±.0394
SSDU-Consistency 30.81±2.58 .8495±.0581 .1845±.0370 31.05±2.50 .8614±.0567 32.30±2.58 .8949±.0425 28.18±.61 .5900±.0167 .4088±.0304
MOC-SSDU 30.43±2.71 .8198±.0854 .1578±.0568 27.85±1.86 .7717±.0833 31.80±2.69 .8761±.0529 28.28±.61 .5823±.0170 .4238±.0375
Adversarial 18.52*±.31 .4732±.0388 .3927±.0413 26.53±1.62 .7013±.0370 17.47*±1.93 .6464±.0590 15.60*±1.06 .3355±.0268 .6608±.0410
UAIR 14.00*±1.88 .3715±.0824 .4826±.0584 18.44*±1.61 .5388±.0542 15.26*±2.16 .3453±.0540 16.07*±.40 .3902±.0231 .7461±.0778
VORTEX 27.75±2.35 .7898±.0543 .3201±.0405 28.07±2.26 .7916±.0507 23.59±1.17 .5846±.0469 25.01±1.07 .5766±.0291 .5517±.0508
ES 29.80±2.09 .8105±.0591 .3309±.0508 30.26±1.97 .8242±.0644 30.82±2.48 .8370±.0653 25.96±.90 .5150±.0179 .4354±.0308
E2I 29.92±1.89 .8122±.0587 .2972±.0516 25.45±1.10 .6760±.0435 32.12±2.67 .9116±.0590 27.68±.61 .5500±.0176 .4696±.0329
EI 30.26±2.61 .8523±.0542 .2429±.0423 31.99±2.80 .8806±.0486 31.66±2.74 .8769±.0494 25.18±.56 .4676±.0194 .5952±.0342
MOI 30.29±2.88 .8651±.0528 .2341±.0472 31.60±2.74 .8789±.0477 31.37±2.86 .8810±.0502 25.58±.57 .4801±.0199 .5742±.0354
MO-EI 32.14±2.73 .8846±.0498 .1803±.0406 31.11±2.69 .8713±.0496 31.56±2.85 .8836±.0477 25.41±.57 .4756±.0200 .5841±.0374
(Supervised) 33.15±2.76 .9032±.0435 .1185±.0335 34.03±2.49 .9040±.0435 33.89±2.78 .9147±.0365 29.43±.59 .6203±.0142 .3259±.0382

Table 3: Scenario 2 (joint denoising & recon) test results.

Loss PSNR ↑ SSIM ↑ LPIPS↓
Zero-filled 24.34±1.01 .4428±.03 .4623±.0530
ENSURE 26.29±1.51 .5856±.0360 .3117±.0474
Robust-SSDU 27.42±1.13 .6159±.0425 .3040±.0589
Noise2Recon-SSDU 27.84±1.78 .7661±.0727 .3267±.0601
DDSSL 28.25±2.30 .7836±.0548 .3786±.0652
ES-R2R 28.14±1.51 .6377±.0381 .3782±.0462
E2I 25.80±.80 .4668±.0471 .4681±.0540
Robust-EI 29.07±2.37 .8227±.0578 .3405±.0621
Robust-MO-EI 29.72±2.44 .8409±.0575 .3311±.0614
Non-robust MO-EI 26.12±1.92 .6002±.0602 .3865±.0518
Non-robust Weighted-SSDU 25.91±.94 .5477±.0511 .3174±.0734
(Supervised) 30.19±2.10 .8411±.0552 .2532±.0562

Table 4: Scenario 6 (10× acc. dynamic cardiac MRI).

Loss PSNR ↑ SSIM ↑ LPIPS↓
Zero-filled 30.41±1.07 .8041±.03 .2137±.0248
MC 30.41±1.07 .8041±.0299 .2137±.0248
t-SSDU 30.18±1.38 .8212±.0272 .1992±.0272
Weighted-t-SSDU 29.65±1.56 .7836±.0290 .1901±.0274
t-SSDU-Consistency 31.82±1.15 .8477±.0236 .1714±.0225
MOC-t-SSDU 31.88±1.19 .8485±.0235 .1572±.0192
Diffeo-EI 31.81±1.39 .8548±.0244 .1691±.0247
EI 31.22±1.20 .8431±.0247 .1931±.0246
MOI 31.47±1.25 .8471±.0239 .1938±.0259
DDEI 31.36±1.17 .8450±.0248 .1853±.0245
(Supervised) 33.95±1.75 .8750±.0244 .1038±.0227

tifacts in the brain images, but MOI slightly outperforms EI
because its set of virtual operators in eq. (7) is likely larger
than that of eq. (9), so that the per-sample null-space is bet-
ter covered per training step. MO-EI improves significantly
on both these previous SotA methods (see section B.1 for
statistical test), approaching the oracle supervised learning
performance, as eq. (10) is able to recover information
from the null-space via a larger set of virtual operators than
that of EI or MOI. SSDU suppresses artifacts and recovers
sharper edges quite well, but its quantitative performance is
relatively poor, because eq. (3) constructs an estimator con-
ditioned on a small subset of the available measurements.
Even though the loss is equal to the supervised loss associ-
ated with this masked subset in expectation, it is inefficient
and thus may perform worse in finite data settings, and the
estimator fθ(y, A) over-estimates the MMSE estimator at
inference-time. Other methods based on splitting improve
on this, as they recover the MMSE at inference-time. We
attribute the very poor performance of the adversarial losses
(marked with ∗) to the well-known instability and sensitivity
of training fθ and D (Salimans et al., 2016): after extensive
experimentation we were unable to reproduce the results
from (Cole et al., 2021) (which use a proprietary dataset),

which may require heavy hyperparameter tuning and spe-
cific architectures. Since UAIR (Pajot et al., 2018) does not
show results on accelerated MRI, we assume their results
do not transfer, and further work is needed to find better
theoretically-justified adversarial implementation choices to
reach stronger conclusions for adversarial methods. VOR-
TEX learns only marginal information compared to MC,
showing that measurement-domain data augmentations
alone cannot recover information from the null-space.

Scenario 2 (noisy) Results are shown in table 3 and
figure in fig. 9. ENSURE denoises a moderate amount,
but strong undersampling artifacts remain. Noise2Recon-
SSDU and Robust-SSDU perform fairly well, resulting in
clearer reconstructions with fairly sharp edges. The SURE
Robust-EI/MO-EI methods are almost artifact-free with
high metrics, because of the combination of null-space loss
and SURE eq. (15) which approximates the clean supervised
loss in expectation, but edges are less sharp due to the
averaging. All loss functions without the denoising terms
perform poorly as expected.

Scenario 3 (single-mask) Results are shown in table 2
and figure in fig. 10. As expected, the best-performing
method is EI, which recovers information from the null-space
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Figure 2: 6× acc. (scenario 1) recons with test-set PSNR, showing selected highest-performing methods. See table 2
for more.

Figure 3: 32× acc. SKM-TEA (Desai et al., 2022c) fine-tuning (scenario 5) recons, showing selected highest-performing
methods. See table 2 for more.

but is the only loss without the assumption that the image
set is seen through multiple masks. Other methods which do
require this assumption still learn some information over the
ZF solution, demonstrating the challenge of disentangling
actual learning from network inductive bias.

Scenario 4 (multi-coil) Results are shown in table 2
and figure in fig. 11. As expected, MC learns the SENSE
A†y, as it constructs an estimator that uses only the data
fidelity term that is used in the pseudo-inverse. Interestingly,
splitting-based methods consistently outpeform EI, MOI
and MO-EI, with weighted-SSDU approaching supervised
learning. While in previous scenarios, splitting methods
struggled to recover information from larger null-spaces,
here A has a higher effective rank (analysis in section B.2),
which highlights instead their strength on sharp edges.

Scenario 5 (fine-tuning) Results are shown in table 2
and fig. 3. The zero-shot base foundation model (Terris
et al., 2025), trained with supervised learning, produces
out-of-domain, cartoonish artifacts in the knees (fig. 3, 3rd

image). Weighted-SSDU recovers much of the original
sharp detail, as its loss eq. (5) is equal in expectation to
the supervised loss. However, EI/MOI null-space losses
now do not improve the performance, since they cannot
recover any more information from the null-space than that
recovered by the well-trained MMSE foundation model.
Interestingly, the foundation model’s inductive bias allows
pure MC to improve performance, although reconstructions
remain noisy.

Scenario 6 (dynamic) Results are shown in table 4 and

figure in fig. 12. As before, EI/MOI-style losses recover
information from the null-space and remove 10× under-
sampling artifacts. The addition of the diffeo transform for
EI improves the results since the cardiac sequence displays
strong deformable frame self-similarity.

Scenario 7 (prospective) Axial reconstructions are shown
in fig. 4; since no GT is present, we do not report quanti-
tative results. We observe that the best methods recover
sharp details in the knees, such as in the patellar carti-
lage or the muscle fascia, and remove the residual noise
compared to the zero-filled reconstructions; since the noise
level is relatively high, the SENSE reconstruction performs
poorly. Similar to Scenario 5, only Weighted-SSDU recov-
ers the fine cartilage detail, whereas the EI/MOI methods
catastrophically fail in fine-tuning.

Further results Further experiments and ablations are
reported in section B. Ablation: best performing imple-
mentation choices correspond to the theoretically optimal
choices, while performance, and thus our conclusions, are
sensitive to suboptimal choices. Diffusion (table 8): poste-
rior sampling methods achieve good perceptual but poorer
distortion performance compared to MMSE estimators as
expected (these models were pretrained on much larger
datasets so results should not be directly compared). Un-
rolling: performances scale uniformly with unrolling depth,
suggesting that our results would scale to setups with deeper
models. Model architecture: with either a 50× smaller
architecture and flat CNN, or shallower transformer-based
architecture, Scenario 1 performance decreases but ranking
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Figure 4: 7× acc. prospectively undersampled knees (Yu et al., 2022) (scenario 7) : fine-tuning recons, showing selected
highest-performing methods.

is broadly preserved, suggesting that loss choice is orthogo-
nal to architecture design for this scenario.

4. Discussion and Conclusions

Design We close an important gap in self-supervised imag-
ing (SSI) for MRI reconstruction without GT by designing
a modular and comprehensive benchmark, SSIBench, that
unifies 21 distinct end-to-end training losses.This systematic
comparison is crucial for targeted future research and indus-
trial adoption. We formulate seven realistic MRI scenarios
that each test different capabilities of methods in diverse
acquisition settings, architectures and anatomies.
Insights Our extensive experiments on standardised setups
show a wide range in performance, with different methods
leading (e.g . by 2 dB) on different scenarios and metrics.
A possible decision framework for practitioners, based on
the results of the tested scenarios, is:

• Highly ill-posed (α ≫ C): use MO-EI, MOI or EI;

• Multicoil (α ≲ C): use weighted-SSDU;

• Fine-tuning pretrained models: use weighted-SSDU;

• Sampling pattern is fixed for all patients: use EI;

• High acquisition noise: use above losses with appended
denoising terms such as SURE.

These observations motivate further ML research by ex-
posing the ongoing need for a reliable method that can lead
on all scenarios. The benchmark facilitates the systematic
combination and prototyping of loss components to discover
more effective configurations such as MO-EI, paving the
way for future exploration of even more promising ones.

Although one might suspect that fixing the model hides
architectural bias, further experiments (section B) suggests
that Scenario 1 performance trends do generalise across
model architectures and sizes and their choice is thus or-
thogonal to the loss function for this scenario.

Limitations In future we aim to include a wider range of
datasets e.g . raw noisy low-field data (Lyu et al., 2023),
other forward operators A e.g . non-Cartesian sampling and
more complex models fθ (Tanabene et al., 2024), a larger
set of (Desai et al., 2022c; Breger et al., 2025), or other
realistic MRI subtasks e.g . joint coil map estimation (Hu
et al., 2024). Toward further expansion on these fronts, our
modular setup facilitates swapping out any of these compo-
nents to accommodate diverse research configurations. We
demonstrate this capability by extending the benchmark
framework beyond MRI and provide a proof-of-concept
example benchmarking SSI for a task in environmental
imaging and CT in section B.7.

Furthermore, while end-to-end trained methods do not
require large datasets, long inference times nor per-image
training, and thus favour clinical adoption, SSIBench is
limited by not including other promising methods that
today are not yet clinically feasible, but may soon become
so. Future work thus would add these nascent methods,
such as few-step diffusion models or generalisable implicit
neural representations.

We note that research in self-supervised imaging is an
active and fast-moving field. Therefore, the paper inevitably
presents a snapshot of methods taken at the time of writing.
Crucially, the creation of the modular open-source bench-
mark allows future methods to be added and extended as
new methods become practical.

Benchmark resource and outlook Our benchmark site
allows researchers to easily use reimplementations of all
losses and contribute. This lowers the barrier to entry and
enables ML researchers and practitioners to a) contribute
and compare new ML methods on a standard evaluation
framework, and b) rapidly and fairly test these methods
on their own setups. We encourage the community to
generalise our insights and use our benchmark resource as
a blueprint to unlock self-supervised learning for emerging,
exciting domains within MRI and beyond, while remaining
mindful of potential misuse of high quality images.
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Appendix A. Further experimental details

A.1 Data preprocessing details

We use a subset of the FastMRI (Zbontar et al., 2018)
dataset for our experiments, and our dataset is reproducible
by following the instructions given on the benchmark web-
site. We take the middle axial slice of 455 brain volumes,
use the provided 320×320 root-sum-square reconstructions
as GT, normalise them to [0, 1] and retrospectively simulate
measurements using an undersampled Fourier transform
using the DeepInverse library (Tachella et al., 2025b). We
randomly create train-test datasets with 80-20 split, since
the original FastMRI test set does not have GT for eval-
uation. For the subsampling masks Mi ∼ M, we use
random 1D Gaussian masking with 6× acceleration and
8% autocalibration (ACS) lines kept in the centre. For the
noisy scenario we add i.i.d. Gaussian measurement noise
with σ = 0.1, and for the single-operator scenario we fix
one M ∼ M. For the multi-coil scenario we assume known
sensitivity coil maps to decouple the parameter estimation
problem from reconstruction, and assume a fixed number
of coils C so that the number of measurements m is con-
stant over the dataset. This is necessary as coil sensitivity
estimation introduces its own artifacts, particularly in low
image-density areas outside the main region of interest,
which we do not wish to introduce into our setup. There-
fore, we simulate coil maps using sigpy (Ong and Lustig,
2019) with C = 4 and simulate measurements using eq. (1).

The SKM-TEA (Desai et al., 2022c) dataset contains
raw quantitative (qDESS) acquisitions from a GE MR750
3T scanner (GE, Waukesha, WI) and estimated coil maps
via JSENSE (Ying and Sheng, 2007). We take raw multicoil
data from 100 slices across 5 volumes and retrospectively
simulate 2D Poisson disk undersampling at 32× acc. as per
the original paper. The CMRxRecon (Wang et al., 2023a)
dataset contains cardiac cine sequences of length 12. We
take raw data from 100 slice sequences from the training
set, split by patient ID, and apply k-t-space Gaussian under-
sampling at 10× acc. For dynamic MRI we swap the model
fθ for the CRNN (Qin et al., 2019). The knee volume in
Yu et al. (2022) is prospectively acquired from a Siemens
MAGNETOM Prisma Fit 3T scanner (Siemens Healthcare,
Erlangen, Germany) with a T2 SPACE sequence using a
7× 3D Poison disk mask with 18 coils; the coil maps are
estimated with ESPIRiT (Uecker et al., 2014). We take
slices in the axial dimension for the 2D experiment.

Note that while retrospective simulation is necessary for
a controlled benchmarking experiment, future experiments
would evaluate benchmarked methods on prospectively ac-
quired data (Shimron et al., 2022; Chaudhari et al., 2021;
Yu et al., 2022).

Note that all images are normalised to the range [0, 1]
before plotting.

A.2 Model and hyperparameter details

The unrolled network fθ unrolls the iterative bi-level optimi-
sation problem provided by half-quadratic splitting (Zhang
et al., 2022) for u iterations, originally proposed for MRI
in (Aggarwal et al., 2019), and we take u = 3. During
inference, this model fθ requires u forward passes of the
denoiser. For the denoiser of our unrolled network, we use
a residual U-Net (Ronneberger et al., 2015) with no batch
norm of depth 4, with a total of 8.6M parameters. We train
with the Adam optimiser at 1e − 3 learning rate, and we
step this per method down to 1e−5 to achieve convergence.
All models are trained with batch size of 4 using 1 NVIDIA
GeForce RTX 3090, taking around 15GB memory, with an
average training time of 6 hours. Average training time
per batch is 0.5s, and average inference time of the trained
models fθ is 0.1s per batch.

Experimental results (mean, sample standard deviation)
are reported on held-out test sets for each dataset. Since
end-to-end trained models are deterministic (i.e. their input
is the measurement, rather than a random latent), inference
runs are not repeated. Simulation of retrospective random
undersampling masks, random noise, dataset random split
and model initialisation used fixed seeds for all experiments
to keep the setup fixed and repeatable across runs. Note
that the reported results may be a function of the seeds used
during training and are thus indicative. Furthermore, fixing
certain hyperparameters in the architecture, loss functions
and training recipe potentially affects the rankings of some
methods across scenarios; future work would perform more
thorough hyperparameter search across these.

A.3 Individual loss implementation details

We provide details of the benchmarked loss functions’ reim-
plementations below. All components of our modular exper-
iments are implemented using DeepInverse (Tachella et al.,
2025b), and full code is at github.com/Andrewwango/ssibench.

General notes Some losses compute additional forward
passes of fθ per training iteration. For these, more Monte
Carlo passes per iteration could improve performance but we
uniformly limit this to one additional pass for all methods for
efficiency. Secondly, the training metric ℓ in benchmarked
methods’ original papers varies between L1 and L2 (MSE);
since this is not instrumental in recovering information, and
many methods’ theory rely on the MSE, we use L2 for
standardised evaluation. Thirdly, where there is more than
one term in the loss we weight the terms evenly.

Measurement consistency: We simply take ℓ as the
MSE in kspace as per (Senouf et al., 2019) with β >
0, α = γ = 0. In the multi-coil case, we take ℓ as the MSE
in the backprojected A⊤ space as we find this provides
better results.
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Measurement splitting: We use a 2D mask with split
ratio ρ = 0.6 following Yaman et al. (2020), drawn randomly
each instance during training following Yaman et al. (2022a).
For weighted-SSDU we use an independent 1D Gaussian
mask following Millard and Chiew (2023). At inference time,
we do not perform additional correction for both Millard
and Chiew (2023, 2024) since our network maps directly
to images fθ : Y → X . We ablate and justify the splitting
mask choices in section B.6.2. For (Hu et al., 2021), the
authors train two networks, but we follow their ablation
and share these weights to keep the number of parameters
constant for a fair setup, follow the partitioning used above,
and remove the ISTA-Net-specific loss terms. Note that
(Wang et al., 2023b) is equivalent to the above but takes
the consistency loss on embeddings of x̂1, x̂2 instead. Both
(Wang et al., 2023b; Zhou et al., 2022) are equivalent to
the above but with the addition of a superfluous LMC.

Proposition (Equivalence of unpaired Artifact2Artifact as
sum of SSDU losses). Consider the Artifact2Artifact (Liu
et al., 2020) scenario where y(k)

i are independent sets of
measurements of the same subject i (e.g . arriving in a
stream) such that yi =

⋃
k y(k)

i ∈ Rm is the full undersam-
pled measurement from one acquisition i (i.e. there are
no more measurements of the same subject). A(k)⊤

i y(k)
i

are then the independent “artifact”-corrupted images. The
Artifact2Artifact loss draws a pair k, l randomly at each
iteration and constructs the loss

L(k,l)
A2A = ℓ(A(l)

i fθ(y(k)
i , A(k)

i ), y(l)
i ),

where A(k)
i , A(l)

i are the operators associated with each
measurement. We can then write this as the overlapping
SSDU loss (Yaman et al., 2020, Fig. 5) by setting A(k)

i =
MkAi, A(l)

i = MlAi, y(k)
i = Mkyi, y(l)

i = Mlyi where
Mk, Ml are two overlapping mask subsampling sets. Then

LA2A =
∑

k

∑
l ̸=k

L(k,l)
SSDU.

Learning from invariance For losses involving equivariant
imaging, we draw randomly a group transform at each
iteration; for rotation we define the group as G = SO(R2)
following Chen et al. (2021).

Data augmentation For VORTEX (Desai et al., 2022a),
noting that the results of their various variants are very
similar, for T1 we use random noise and their random phase
errors with σ = α = 1 and for T2 we use random maximum
±10% shifts and random ±15◦ rotations. We also observe
reduced performance when adding more transformations
including full ±360◦ rotation, scaling, or shearing. We do
not perform curriculum learning as the original paper does
not suggest it significantly affects performance. We observe

that when using the VORTEX consistency term on its own
without any supervised or MC loss, it learns the trivial
fθ(y, A) = 0, showing the superfluity of VORTEX on our
experiments on in-domain data. Note that Noise2Recon
(Desai et al., 2022b) is a special case VORTEX with T2 = I
and T1 is random noise.

Adversarial losses For the adversarial losses, we use the
same model fθ as the generator, and the simple convolu-
tional discriminator with skip connections used in Cole et al.
(2021). We perform generator and discriminator steps with
ratio 1. Noting that there is a wide range of different GAN
flavours, we use the MSE in the adversarial loss calculations
following LSGAN (Lucic et al., 2018).

MO-EI The MO-EI loss function is visualised diagrammat-
ically in fig. 5. We let G = Diffeo(R2). As these are very
general, we relax the full assumption and instead enforce
approximate equivariance to small perturbative distortions
by taking the subset of continuous piecewise-affine-based
diffeomorphic transforms from Freifeld et al. (2017); Wang
and Davies (2024), visualised in fig. 6. For MO-EI, we
ablate the choice of transform in section B.6.1.

Remark (MO-EI generalises MOI and EI). By letting G be
the trivial group, we recover MOI (Tachella et al., 2022),
and by letting A = {A}, we recover EI (Chen et al., 2021).

+

Figure 5: The multi-operator equivariant imaging (MO-EI)
loss function.

Figure 6: Diffeomorphic transforms.

Appendix B. Further experimental results
B.1 Statistical significance results
To compare the performance of MO-EI with two next-best
methods in scenario 1, and likewise for other scenarios, we
conduct two statistical tests: paired t-test (where normal-
ity of the differences is validated in fig. 7), and Wilcoxon
signed-rank. Results are shown in table 5, suggesting, to a
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0.5% significance level, that there is sufficient evidence to
reject the null hypothesis and accept the alternative hypoth-
esis that the top-performing method has higher average
performance for scenarios 1-5. Note that scenario 7 lacks
GT and thus no quantitative metrics were reported.

Table 5: Statistical significance test p-values comparing
test-set PSNR of top method and next-best method(s) for
scenarios 1-6.

Scen. Comparison Paired t Wilcoxon
1 MO-EI ↔ MOI 3.7 × 10−48 6.0 × 10−17

1 MO-EI ↔ SSDU-Consistency 6.4 × 10−44 6.0 × 10−17

2 Robust-MO-EI ↔ Robust-EI 6.9 × 10−33 6.0 × 10−17

3 EI ↔ MOI 2.5 × 10−26 8.9 × 10−17

4 Weighted-SSDU ↔ SSDU-Consistency 1.9 × 10−11 1.4 × 10−10

5 Weighted-SSDU ↔ MOC-SSDU 3.1 × 10−9 3.9 × 10−3

6 MOC-t-SSDU ↔ t-SSDU-Consistency 5.3 × 10−2 8.9 × 10−2
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Figure 7: Histograms of paired diffs for scen. 1.

B.2 Rank of single-coil vs multi-coil operators
We further investigate the results of the multi-coil scenario
by measuring the size of the null-space compared to the
single-coil scenario. We consider a toy 4× accelerated MRI
example on 32 × 32 images, so n = 32 × 32 = 1024,
m = nC/4 = 256 for single-coil and C = 4, m = 1024 for
multi-coil. We then compute the numerical SVD of the
operator A; results are in fig. 8. The single-coil operator
(scenario 1) has exactly m = rank(A) non-zero singluar
values as expected, whereas the multi-coil operator (scenario
4), now incorporating both masks and sensitivity maps, has
many more non-zero singular values, increasing its effective
rank (Ubaru and Saad, 2016) and decreasing the size of
the “effective null-space”. For example, consider the case
σ = 0.1; the effective rankσ2(A) = 686, so the effective
acceleration is n/m = 1.49 < 4. This reduces the difficulty
of learning in the null-space; we leave for further work
tuning the acceleration rate to achieve a similar effective
rank as the single-coil case.

B.3 Scenarios 2, 3, 4 & 6
We provide sample reconstructions in figs. 9 to 12 to com-
plement the quantitative results in tables 2 to 4.
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Figure 8: Numerical singular values of single-coil vs multi-
coil operators, sorted in descending order.

B.4 Effect of model architecture

B.4.1 Unrolled depth

We investigate the effect of unrolling depth u (and hence
time and memory cost) on performance scaling, starting at
u = 3 (i.e. the model on which all results are reported in the
main paper) up to u = 9. Results on scenario 1 are shown
in fig. 13 on two self-supervised losses and the supervised
loss, showing a largely monotonic increase in performance
as u increases, suggesting that results presented in the main
paper would scale with more expensive models, and that
there is a trade-off between model cost and performance.

B.4.2 Effect of model architecture size

The benchmark results on scenarios 1–4 use an 8.6M param-
eter model. Although not large by modern standards, this
setting may be too large for implementations in constrained
hardware configurations. We thus evaluate our benchmark
using a model with <1M parameters which would be more
suitable for a constrained clinical environment, e.g . with-
out extensive GPU compute, by providing a pilot study
where we simply swap our benchmark ‘model‘ for a 190K
parameter unrolled VarNet (Hammernik et al., 2018) with a
lightweight CNN denoiser (Zhang et al., 2017). Scenario 1
results in table 6 show that although the Scenario 1 perfor-
mance is uniformly decreased, the ranking of the methods
is broadly preserved, evidencing the orthogonality of loss
choice and model architecture design for this scenario.

B.4.3 Alternative architectures

While convolutional nets remain popular for imaging tasks
(Heckel et al., 2024), attention-based networks have re-
cently demonstrated competing performance (Wang et al.,
2025) at the cost of higher computational cost and pa-
rameter count due to the self-attention. We swap out the
benchmark model for a shallow Restormer (Zamir et al.,
2022) architecture and reduce the image size by half to fit
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Figure 9: Joint denoise/recon (scenario 2) with test-set PSNR, showing selected highest-performing methods. See
table 3 for more.

Figure 10: Single-mask (scenario 3) recons with test-set PSNR, showing selected highest-performing methods. See
table 2 for more.

Figure 11: Multicoil brain recons (scenario 4) with test-set PSNR, showing selected highest-performing methods. See
table 2 for more.

Figure 12: 10× acc. CMRxRecon (Wang et al., 2023a) dynamic cardiac MRI (scenario 6) recons, showing 0th frame for
selected highest-performing methods. See table 4 for more.
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Figure 13: Quantitative results on scenario 1 for Weighted-SSDU, MO-EI, and oracle supervised losses for increasing
number of unrolled iterations. Left: PSNR, right: SSIM. Shaded areas repesent one σ.

Table 6: Effect of model size: benchmark results on scenario
1 but with a 50× smaller model (VarNet with flat CNN).

Loss PSNR ↑ SSIM ↑ LPIPS ↓
Zero-filled 27.67±2.40 .7862±.05 .3270±.0426
SSDU 24.24±1.50 .6057±.0575 .3640±.0527
Weighted-SSDU 24.22±1.28 .6237±.0761 .3697±.0427
SSDU-Consistency 27.96±2.30 .7941±.0568 .2801±.0500
MOC-SSDU 26.16±1.54 .6670±.0627 .3597±.0432
EI 29.12±2.56 .8349±.0546 .2714±.0380
MOI 28.68±2.55 .8275±.0552 .2935±.0486
MO-EI 29.22±2.68 .8348±.0557 .2629±.0493
(Supervised) 30.86±2.50 .8633±.0530 .1598±.0399

the training in GPU memory. Scenario 1 results in table 7
again show broadly preserved ranking, albeit with a signif-
icant performance drop, due to the usage of a shallower
network to fit into memory.

Table 7: Benchmark results with Restormer.

Loss PSNR ↑ SSIM ↑ LPIPS ↓
Zero-filled 25.17±2.22 .7381±.05 .1956±.0398
MC 25.16±2.22 .7373±.0490 .1941±.0400
SSDU 25.18±1.15 .7503±.0511 .1715±.0345
Noise2Inverse 25.22±3.17 .7520±.0823 .1870±.0450
Weighted-SSDU 25.48±1.10 .7789±.0450 .1450±.0359
SSDU-Consistency 24.92±1.66 .8070±.0368 .1316±.0316
MOC-SSDU 23.28±1.74 .7301±.0473 .1181±.0301
UAIR 0.90±1.20 .0921±.0214 .2886±.0429
VORTEX 25.06±2.19 .7282±.0472 .1897±.0397
EI 27.15±2.73 .8180±.0434 .1213±.0366
MOI 27.43±2.63 .8358±.0399 .1438±.0434
MO-EI 27.22±2.80 .8319±.0432 .1307±.0392

B.5 Pretrained diffusion model results

We evidence the extensibility of our framework by including
pilot results in table 8 on SotA diffusion methods (Chung
et al., 2022) using recently proposed GT-free pretrained
models (Aali et al., 2024b). Note that it is infeasible to train
these diffusion models (Karras et al., 2022) on the modest-
size dataset used in any of the scenarios considered in the

main paper. Therefore, these results cannot be directly
compared to other methods from the main paper, since
the pretrained models from (Aali et al., 2024b) are trained
on datasets of much larger size (∼104 images), perhaps
covering our test images. We apply the diffusion methods
to scenarios 1-4 in table 8. Since diffusion methods sample
a point estimate from the posterior, it is expected that they
achieve good perceptual performance, but poorer distortion
metrics compared to MMSE estimators (Blau and Michaeli,
2018). In the in-distribution setting, the one-step MMSE
reconstruction improves the distortion result at the expense
of perceptual performance, mirroring the end-to-end loss
performances. The noisy performance suggests that the
model struggles to generalise to this setting. DPS and ALD
methods require a large number of iterations, so they are
sampled using 500 denoising iterations (NFEs) per image
(Aali et al., 2024b).

B.6 Ablations

B.6.1 Ablation of MO-EI loss

The components of our proposed loss function are ablated
by interpolating between existing methods MOI and EI and
the proposed method MO-EI, and report results in table 9.
We note that the base MOI and EI have similar results, and
adding the two independent components of a) MO-EI and
b) the diffeomorphic transforms helps, but combining these
two provides the best performance in our proposed method,
as per our theoretical framework.

B.6.2 Ablation of SSDU loss

We ablate for the components of SSDU (Yaman et al.,
2022a) and weighted-SSDU (Millard and Chiew, 2023) and
report results in table 10. While (Yaman et al., 2022a)
construct variable-density 2D partitioning masks with an
ACS block, we were only able to achieve good performance
using uniform-density partitioning (i.e. Bernoulli) without
an ACS block. This aligns with theory, since the lack of ACS
in M1 means that both M1 and M2 contain low-frequency
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Table 8: Pilot results on diffusion sampling methods with models pretrained without ground truth, applied to benchmark
scenarios. Note that the results cannot be directly compared to tables from the main paper, as these models, while
pretrained on measurement only data, required substantially larger datasets for training. DPS = diffusion posterior
sampling (Chung et al., 2022; Aali et al., 2024b), ALD = annealed Langevin dynamics (Jalal et al., 2021; Aali et al.,
2024b).

Scenario (1) Brain MRI 6× acc. (2) Noisy σ = .1 (3) Single-mask (4) Multicoil C = 4
Loss PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
Zero-filled 27.65±2.40 0.7857±0.0533 0.3270±0.0471 24.38±1.03 0.4438±0.0348 0.4636±0.0517 28.23±2.29 0.7951±0.0495 0.3494±0.0491 27.81±2.40 0.7984±0.0511 0.3175±0.0475
Ambient-DPS 29.49±1.52 0.7368±0.0504 0.1726±0.0395 26.10±0.98 0.5421±0.0483 0.3306±0.0535 29.27±1.54 0.7272±0.0512 0.1792±0.0407 29.98±1.66 0.7552±0.0506 0.1532±0.0361
Ambient-ALD 29.52±1.60 0.7367±0.0518 0.1707±0.0376 26.10±0.98 0.5420±0.0472 0.3300±0.0548 29.38±1.54 0.7319±0.0513 0.1753±0.0409 29.97±1.60 0.7550±0.0491 0.1538±0.0349
Ambient-One-Step 31.34±2.29 0.8673±0.0480 0.1743±0.0459 24.93±0.96 0.4655±0.0372 0.4303±0.0547 31.51±2.17 0.8686±0.0467 0.2000±0.0509 31.53±2.21 0.8741±0.0459 0.1685±0.0461

Table 9: Ablation of components of the proposed MO-EI
loss function.

Loss PSNR ↑ SSIM ↑
MOI 30.29±2.88 .8651±.0528
EI (rotate) 30.26±2.61 .8523±.0542
EI (diffeo) 31.26±2.88 .8741±.0522
MO-EI (rotate) 30.62±2.70 .8575±.0553
MO-EI (diffeo) 32.14±2.73 .8846±.0498

Table 10: Ablation of components of SSDU (Yaman et al.,
2022a) and weighted-SSDU (Millard and Chiew, 2023) loss
functions. * = methods reported in main paper.

Loss PSNR ↑ SSIM ↑
SSDU (uniform-density no ACS)* 27.98±1.43 .7485±.0667
SSDU (variable-density with ACS) 18.27±1.01 .4876±.0598
Weighted-SSDU (1D partition)* 29.93±1.66 .8355±.0626
Weighted-SSDU (2D partition) 28.62±1.59 .7489±.0692
Weighted-SSDU (1D with ACS) 13.41±.63 .3875±.0479
SSDU (1D partition) 27.38±1.87 .8055±.0658

lines; otherwise, y2 would contain almost no low-frequency
image content and thus diverge the loss. We reproduce
the weighted-SSDU results reported in (Millard and Chiew,
2023) reflecting their theory: results improve when adding
the weighting even when using the original 2D partitioning,
and improves further when using 1D partitioning masks,
since these M1 are then drawn from the same original
distribution of M, but only if these also do not have ACS
lines.

B.7 Transfer of benchmark to different imaging
modalities

B.7.1 Hyperspectral imaging

We demonstrate the transferability of our modular bench-
mark on a different scientific imaging modality where GT
images do not exist. Hyperspectral imaging aims to obtain
high quality multi-channel images of the Earth for remote
sensing and environmental monitoring, but observations
may be degraded due to impulse noise arising from missing
lines and thermal noise (Pang et al., 2024; Bodrito et al.,

2021; Sidorov and Hardeberg, 2019). Hyperspectral restora-
tion is therefore an important preprocessing task, but GT
is unavailable (Bodrito et al., 2021; Sidorov and Hardeberg,
2019) because of the non-stationary nature of satellites.

Our modular benchmark framework facilitates evaluat-
ing SSI methods on any imaging inverse problem such as
the hyperspectral restoration problem, and we demonstrate
a proof-of-concept showing the ease of adapting the bench-
mark to a different problem domain. Concretely, we simply
swap out the following modules:

1. physics = deepinv.physics.MRI() → deepinv.physics
.Inpainting(noise_model=GaussianNoise()), i.e. ran-
dom inpainting with 1D masks (50% dropout) with addi-
tive noise (σ = 0.1);

2. dataset = FastMRISliceDataset(...) → NBUDataset
(...), where we use a subset of 150 256 × 256 × 4
WorldView-2 satellite patches provided by Meng et al.
(2021).

Qualitative and quantitative results are shown in fig. 14
and table 11, benchmarking self-supervised losses for joint
reconstruction and denoising, with the no-learning result
showing the input since A⊤y = y. The results show
the superiority of Robust-EI, with ENSURE failing to re-
cover information in the null-space, and Robust-SSDU and
Noise2Recon-SSDU less able to produce spatially and spec-
trally faithful reconstructions. We conclude that Robust-
MO-EI performs less well due to the inappropriate applica-
tion of diffeomorphic invariance to urban satellite images,
where straight lines should remain straight.

B.7.2 Sparse-view CT

We also perform the same transferability experiment as
above but on a different medical task, sparse-view computed
tomography reconstruction, where, similar to MRI, one
acquires fewer projections to reduce the acquisition time,
leading to a worse image quality (Sidky and Pan, 2022).
We consider a 45 angle, 2D tomography problem analogous
to the benchmark Scenario 1, where the forward operator
is a subsampled Radon transform. We train and test the
benchmarked losses on a FBPConvNet-style architecture
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Figure 14: Sample reconstructions for hyperspectral image restoration.

Table 11: Test-set results for hyperspectral image restora-
tion.

Loss PSNR ↑ SSIM ↑
Zero-filled 15.53±.59 .1435±.01
ENSURE 16.69±.75 .2074±.0155
Robust-SSDU 24.05±.31 .4965±.0236
Noise2Recon-SSDU 23.87±.75 .5216±.0366
Robust-EI 25.72±.72 .6601±.0243
Robust-MO-EI 25.64±.72 .6535±.0242
(Supervised) 26.69±.70 .7282±.0201

Table 12: Test-set results for sparse-view CT.

Loss PSNR ↑ SSIM ↑ LPIPS ↓
Backprojection 17.46±2.19 .4283±.11 .2171±.0436
SSDU 34.70±2.56 .8890±.0344 .1277±.0417
Noise2Inverse 30.07±3.00 .8215±.0556 .2334±.0570
SSDU-Consistency 34.85±2.69 .8937±.0349 .1292±.0421
MOC-SSDU 34.87±2.78 .8899±.0378 .1320±.0436
Adversarial 21.60±.17 .3252±.2280 .1322±.0437
UAIR 22.57±2.47 .8478±.0351 .1448±.0484
VORTEX nan±.00 nan±.0000 nan±.0000
EI 34.88±2.78 .8897±.0378 .1320±.0437
MOI 34.88±2.78 .8898±.0378 .1321±.0436
MO-EI 34.89±2.78 .8902±.0376 .1320±.0435

where the input to the U-Net is the filtered back-projection
(Jin et al., 2017), and simulate measurements from the
CT100 dataset, a dataset of 100 in-vivo CT images from
the cancer imaging archive (Clark et al., 2013). The results
in table 12 show a wide spread in performance, with similar
rankings to that in accelerated MRI.
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