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ARTICLE INFO ABSTRACT
Keywords: Neural implicit k-space representations (NIK) have shown promising results for dynamic magnetic resonance
Dynamic MRI reconstruction imaging (MRI) at high temporal resolutions. Yet, reducing acquisition time, and thereby available training data,

Parallel imaging

‘ results in severe performance drops due to overfitting. To address this, we introduce a novel self-supervised
K-space refinement

Self-supervised learning k.—spa'ce loss function Lpgc(, applicable for re:guljarizgtion of NIK—b.ased reconstructions. T.he proposo:ad loss func-
Neural implicit representations tion is based on the concept of parallel imaging-inspired self-consistency (PISCO), enforcing a consistent global
Non-uniform sampling k-space neighborhood relationship without requiring additional data. Quantitative and qualitative evaluations on
static and dynamic MR reconstructions show that integrating PISCO significantly improves NIK representations,
making it a competitive dynamic reconstruction method without constraining the temporal resolution. Particu-
larly at high acceleration factors (R>50), NIK with PISCO can avoid temporal oversmoothing of state-of-the-art
methods and achieves superior spatio-temporal reconstruction quality. Furthermore, an extensive analysis of
the loss assumptions and stability shows PISCO’s potential as versatile self-supervised k-space loss function for
further applications and architectures. Code is available at: https://github.com/compai-lab/2025-pisco-spieker

1. Introduction cardiac or respiratory motion states (Zaitsev et al., 2015; Spieker et al.,
2023). Yet, the reconstruction of multiple MS reduces the available

Magnetic resonance imaging (MRI) suffers from long acquisition data per temporal MS, causing undersampling artefacts due to Nyquist
times, which can limit its spatial and temporal resolution. This partic- theorem violations. Spatial reconstruction quality is commonly recov-
ularly affects dynamic applications, where temporally resolved images ered by utilizing redundancies through regularization along the tempo-
are reconstructed by sorting the data into distinct motion states (MS), i.e. ral dimension (Feng et al., 2016; Terpstra et al., 2023). Nonetheless,
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the temporal resolution remains constrained by the number of discrete
MS. Moreover, in highly accelerated acquisitions, temporal regulariza-
tion can lead to excessive dynamic smoothing, causing a loss of valu-
able temporal information. Yet, high temporal resolution and minimized
image blurring are essential for clinical applications like assessing car-
diac dynamics or detecting malignant lesions in abdominal MRI. Addi-
tionally, real-time cine abdominal imaging is essential for applications
such as radiation therapy planning, where precise targeting under mo-
tion is critical.

Lately, implicit neural representations (INR) have gained attention
to learn continuous representations from discrete data (Mildenhall et al.,
2020; Sitzmann et al., 2020). Rather than learning a discretized pixel-
or voxel-based representation, INRs learn a continuous representation of
an object by fitting a multi-layer perception (MLP) to map input coor-
dinates to their respective signal values. At inference, any intermediate
coordinate value can be queried. This unsupervised training strategy has
also been transferred to undersampled MRI reconstruction (Feng et al.,
2016; Shen et al., 2022), showing great potential to infer missing spa-
tial information on a subject-specific basis (without the need for training
data from other subjects).

Recently, INRs have also been proposed for dynamic MRI, integrat-
ing the temporal component as additional input dimension into the
MLP. In contrast to recent state-of-the-art dynamic reconstruction ap-
proaches (Wang et al., 2022; Chen et al., 2022; Chu et al., 2025), these
methods do not require fully sampled ground truth data or large inter-
patient datasets for training, making them particularly suitable for data-
constrained clinical settings. Methodologically, existing INR-based ap-
proaches can be broadly categorized into two classes: On the one hand,
some INR-based methods output the object in the image domain, requir-
ing a domain transform within the loss function to compare the predic-
tion with the acquired data in k-space. Huang et al. (2024), Catalén et al.
(2025) solve this by using a projection-based loss function to compare
the predicted images with the acquired spokes and (Kunz et al., 2024;
Shao et al., 2024; Feng et al., 2025) apply the non-uniform Fast Fourier
Transformations (NUFFT) on the queried images within each training
iteration to compare with the available undersampled k-space. On the
other hand, Huang et al. (2023), Spieker et al. (2024b) directly learn a
continuous neural implicit representation in k-space (NIK). Compared to
the image-based method, this allows for flexible, trajectory-independent
training and avoids computationally expensive domain transforms, such
as NUFFT.

Like other INR-based methods, NIK is independent of large ground
truth datasets but requires retraining for each subject. Thus, minimizing
the subject-specific data needed to learn a valid representation is desir-
able, as it directly reduces acquisition time (i.e., acquiring at higher
accelerations). Yet, high accelerations create large k-space gaps, i.e., in
radial trajectories. This often leaves the k-space periphery representing
high-frequency details undersampled. This challenges the learning of
accurate NIK representations and, without proper regularization, may
lead to overfitting or unrealistic data filling, resulting in inaccurate,
noisy dynamic reconstructions. General learning-based MRI reconstruc-
tion methods mitigate overfitting by incorporating regularization, typ-
ically applied in the image domain (Ahmad et al., 2020; Huang et al.,
2021; Hammernik et al., 2023; Jafari et al., 2023). Image-based INRs
also explicitly impose low-rank or total variation constraints on the pre-
dicted images (Feng et al., 2025). Yet, enforcing these image domain
constraints directly within NIK would undermine the advantages of ex-
clusive training in k-space, and translating these constraints into k-space
is not trivial. A regularization method acting purely in k-space would be
desirable.

Research into conventional accelerated MRI reconstruction has ex-
tensively explored k-space redundancies that arise from the use of
multiple coils during MR acquisition, also known as parallel imaging
(Hamilton et al., 2017). One widely used method is Generalized Auto-
calibrating Partially Parallel Acquisitions (GRAPPA) (Griswold et al.,
2002), which assumes that each k-space point has a linear relation-
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ship with its neighboring points across multiple coils. GRAPPA also
assumes that this relationship remains consistent throughout the en-
tire k-space. Therefore, in undersampled acquisitions, missing k-space
points can be filled in by synthesizing data based on this relationship,
which is typically calibrated using a fully sampled autocalibration sig-
nal (ACS). This concept has influenced several subsequent works, in-
cluding methods for constraining conventional iterative reconstructions
(Lustig and Pauly, 2010) or advanced trajectories (Seiberlich et al.,
2011). Also, learning-based approaches have adopted the neighborhood
relationship, e.g., by learning the k-space relationship for k-space inter-
polation (Akcakaya et al., 2019) or using the calibrated relationship as
regularization (Ryu et al., 2021; Spieker et al., 2024b). However, like
GRAPPA, these methods require explicit determination of the k-space
neighborhood relationship, which is particularly impractical for motion-
resolved imaging, as a fully-sampled ACS would be needed for each
MS.

To exploit the global k-space relationship in a calibration-free
manner, Shin et al. (2014) introduced an additional low-rank con-
strain on the multi-coil relationships within an iterative reconstruc-
tion. Haldar and Zhuo (2016) extended the low-rank concept as a
regularization function by computing residuals of SVD-truncated k-
space relationships. These approaches demonstrated the potential of
calibration-free k-space regularization functions within conventional
MR reconstruction. Although the low-rank constrain has also been in-
tegrated into convolutional layers for learning-based k-space interpo-
lation (Han et al., 2020; Cui et al., 2023), its application has so far
been limited to static undersampled reconstruction and CNN-based
frameworks, which lack the continuous representation capability of
INRs.

Motivated by the extensive research on k-space neighborhood re-
lationship and with the aim to improve INR-based k-space inter-
polation using NIK, we have recently introduced a self-supervised
calibration-free k-space consistency condition, named parallel imaging-
inspired self-consistency (PISCO) (Spieker et al., 2024a). PISCO lever-
ages the intrinsic global k-space relationship without explicitly de-
termining it, and compared to Haldar and Zhuo (2016), does not
require expensive SVD decomposition and user-defined truncation
settings. We further reformulated PISCO into a self-supervised loss
function for k-space-only training using NIK, in the following re-
ferred to as Lpigco.gist- However, this regularizing loss function was
only tested during NIK training on free-breathing data for dynamic
MRI, without any validation of its assumptions and convergence
behaviour.

In this work, we provide a more comprehensive explanation and
thorough validation of the basic PISCO condition, investigating var-
ious design choices and demonstrating their convergence. This in-
cludes a novel residual-based PISCO loss function Lpgco with improved
optimization properties and enhanced NIK performance compared to
the previous version. Compared to Spieker et al. (2024a), we expand
PISCO’s evaluation by demonstrating its potential for MRI reconstruc-
tion in a broader setup, including a different dynamic MRI reconstruc-
tion problem (cardiac) as well as solving a distinct undersampled recon-
struction problem (k-space optimization independent of NIK). Overall,
our contributions are three-fold:

e We present an improved concept of PISCO, extended by a compre-
hensive analysis of key components such as kernel design, weight
solving and consistency quantification.

e We integrate PISCO in a novel self-supervised k-space loss func-
tion Lpgco, validate its convergence behaviour compared to Spieker
et al. (2024a) and assess its ability to enhance MRI reconstruction
using NIK representations across three distinct in-vivo applications.
To the best of our knowledge, Lpgco is the first k-space-based self-
supervised loss function used in INR-based dynamic MR reconstruc-
tion.
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e The potential of PISCO is quantitatively and qualitatively demon-
strated on static as well as multiple dynamic MRI applications using
NIK, highlighting its ability to notably improve highly accelerated
reconstructions using k-space-based INRs.

2. Background

This section introduces the parallel imaging-based k-space interpola-
tion method GRAPPA (Griswold et al., 2002) and the k-space based dy-
namic reconstruction method NIK (Huang et al., 2023). GRAPPA lays the
foundation for our proposed self-supervised k-space condition PISCO,
applicable as regularization for NIK.

2.1. GRAPPA

An MR image x € C"xVy is reconstructed by solving the inverse
problem y = Ax +n, where y={y, € C ¢|i=1,....N,-N,} is the k-
space signal acquired with N, coils at spatial k-space coordinates k =
{k; € RYi=1,... JNy - Ny} (for simplicity, the time dimension is only
introduced in the next subsection), A = FS is the forward operator in-
cluding coil sensitivity maps S € CVx"v'Ne and Fourier transform F and
n is noise. In practice, only a part of the k-space y is acquired (i.e.
less k; sampled) to reduce acquisition time, which results in an under-
sampled dataset that violates the Nyquist theorem. To minimize subse-
quent undersampling artefacts, GRAPPA (Griswold et al., 2002) utilizes
the multi-coil setup of MRI to estimate absent k-space values based on
surrounding data points (see Fig. 1 left). In detail, for a missing tar-
get location kT € R? a coordinate patch k¥ € RV»2 of N, neighboring
coordinates is sampled. The missing target signal value yiT € CNe can
then be estimated using a linear combination of the neighboring signal
values yf € CNwNe, N, target/patch pairs can be stacked to create the
linear equation system T = PW, where T =[], ..., y}m] € CWwxNel gre
the stacked target points, P = [ ylf, e yll’vm] € CWVmxNyNel gre the stacked

neighboring patches, and W € C/Vn'NeXNel i the global weight matrix
with a total of N, = N,, - N, - N, weights. Then, the relationship W g
can be determined within a fully sampled auto-calibration signal y,cg
by solving the following regularized least squares problem (Griswold
et al., 2002):

WEW,\cs = argmin|[PacsW = Tacsll3 + allWII5. m

Here, Tacs. Pacs € Yacss ||-||§ applies the L2-norm element-wise and «
weighs the Tikhonov regularization. Since GRAPPA assumes one global
neighborhood relation for the whole k-space, W g can also be consid-
ered equivalent (£) to the global neighborhood relationship W, applica-
ble to the remaining undersampled k-space yyg. Thus, the determined
weights W g can be applied to the acquired neighboring k-space sam-
ples Pyg C yys to derive the missing target samples Tyg C yys, i.e., by
computing Tyg = Pyg - Wacs, as shown in Fig. 1.

2.2. NIK

Reformulating the MRI reconstruction problem from Section 2.1 to
the dynamic case with the temporal dimension ¢ results in k-space co-
ordinates k = {k; = [k, k,.1] € R3li=1,...,N, - N, -N,} and multiple
temporal images x = {x,|t = 1,2, ..., N,}. This problem can be solved us-
ing neural implicit k-space representations (NIK), which enable binning-
free dynamic MR reconstructions at high temporal resolutions (Huang
et al., 2023). NIK consists of a model G, (usually a multi-layer percep-
tron) that maps input coordinates k; to multi-coil k-space signal val-
ues y; (Spieker et al., 2024b). During training, the model is fitted on a

patient-specific basis on pairs of acquired k-space coordinates kiacq and
. . : acq,
its corresponding signal values y; :
0* = arg mgin Lpc(Gk D), 37 2
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GRAPPA: Proposed

Classical Parallel Imaging Concept

PISCO:

Calibration-free Condition
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Fig. 1. From GRAPPA (Griswold et al., 2002) to PISCO (proposed): GRAPPA
(left) calibrates a weight vector W g on a fully sampled autocalibration k-space
(ACS, gray area, Eq. (1)), where gray lines indicate sampled k-space points. This
vector determines the global neighborhood relationship W and is applied to
derive target points in the undersampled k-space (US, white area). For PISCO
(right), multiple random subsets of targets and patches (T, and P,) are sampled
to solve for W (Eq. (3)). The parallel-imaging inspired self-consistency (PISCO)
condition states that for an ideal k-space, all these weight vectors should equally
converge to one single global neighborhood relationship W (Eq. (4)).

where L is a data consistency loss and 6* the optimized network pa-
rameters. At inference, any coordinate k; can be inputted into the fitted
model Gj. The final dynamic reconstructions x, are obtained by sam-
pling Cartesian k-space coordinates k at any time point ¢ and transform-
ing them to image space, i.e., x, = SHF~1Gy(k).

3. Methods
3.1. From GRAPPA to PISCO

GRAPPA (Griswold et al., 2002) requires a fully sampled ACS for cal-
ibration of the global weight matrix W. Yet, this is not always available,
particularly in dynamic imaging. Hence, we reformulate the global spa-
tial k-space relationship concept to a calibration-free condition based
on a similar assumption as (Spieker et al., 2024a): If a weight set W g
calibrated on y,cg € y models the global linear relationship W for the
whole k-space y, then a weight set W derived from a random subset
¥, € y should equally result in a global linear relationship within an
ideal k-space:

WaW, =argm“i/nllPSW—Tsllg+a||W||§ 3)

where T, P, C y,. Considering one global linear k-space relationship,
multiple weight sets Wy, ..., Wy derived from various random subsets
{ys € yls=1,..., N} (visualized in green and blue in Fig. 1) are ex-
pected to converge to the same solution. Thus, without access to fully-
sampled calibration data, Parallel Imaging-inspired Self-Consistency
(PISCO) of an undersampled k-space can be enforced as follows:

W2 . 2Wy (W) (€]
3.2. PISCO as self-supervised k-space regularization
Next to checking the consistency of a given k-space, PISCO can also

serve as a self-supervised regularization objective function by quanti-
fying the PISCO condition within a loss function Lpigcq. Therefore, a
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A Overview of Parallel Imaging-inspired Self-Consistency (PISCO)
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Fig. 2. Method overview (A/B/C corresponding to Section 3A/B/C). For simplicity the coil dimension is not visualized, but indicated by the matrix sizes. (A) PISCO:

1. From a k-space y, multiple subsets (one color = one subset) including pairs

of target yI and patches P are sampled. The patches consist of neighboring values,

whereas any sampling shape can be assumed (see Section 4.2.1). 2. Each subset is reshaped to a linear equation system and used to solve for the neighborhood
relationship vector W using Eq. (3) (Section 4.2.2). 3. The PISCO self-consistency of y can be quantified using all subset weight vectors, e.g. either computing the
distance (Spieker et al., 2024a) or the residual (proposed, visualized in B). (B) Residual-based PISCO as self-supervised k-space measure: For each subset s, W is
used to estimate the targets T, exclusively from their neighbors P, and the residual to the actual targets T, of y is computed. The PISCO loss is determined as the
weighted sum of all these residuals. (C) Integration of PISCO into NIK training: The "supervised" top represents the classical NIK-training (Huang et al., 2023), where
actually acquired coordinates are sampled, predicted and compared to the acquisition signal using £ ,.. With PISCO, the perceptual field of NIK can be extended
during training, because any patches (independent of acquisition trajectory) can be sampled and used for the self-supervised £p5co computation. In the present
study, patches are sampled from a Cartesian grid, with alternating undersampling in the x- and y-dimension (only in y-dimension visualized).

proper computation of the consistency of all the solved subset weight
vectors W is required (Fig. 2A.3). In Spieker et al. (2024a), the PISCO
of a k-space y is quantified by summing the complex distance E‘}S(A) =
[|Re(A)|]; + [[Im(A)||, between all estimated weight vectors:
L NN
Lpisco-dist = N2 Z Z LEW; = W)).
s i=1 j=1,j#i

)

To avoid the risk of convergence to an unfeasible global solution and
improve the condition’s stability, we alternatively propose to enforce
PISCO by measuring the fit of a determined weight set as follows
(Fig. 2B): Consider a target and patch matrix T,,P; C y, with more
target/patch pairs N,, than unknown weights N, i.e., an overdeter-
mined linear equation system (LES) when solving for W, with Eq. (3).
For an ideal k-space, the determined W, should consistently model the
global neighborhood relationship over the whole k-space. Thus, the
neighborhood-derived k-space T, = P,W, should approximate (—) the
original targets T,:

I, = T,ll, — 0. ®)

The computation of the residual with any p-norm enables the quantifica-
tion of PISCO-res for a given k-space, e.g the larger the residual the lower
the self-consistency and vice versa. This condition can be rephrased as
regularization loss Lpigco.res fOr a given k-space y (Eq. (7)):

N,
1 S
Loiscores) = 3= 2 (KW, = K1 ()ll2) )
S =] N—— N —
TS TS

where y, € y, Kp and K7 represent kernels extracting the patches and
targets from y, according to Section 2.1 and W is the estimated neigh-

borhood relationship (Eq. (3)). Both PISCO quantification methods,
Lpisco-res aNd Lpisco.dist> can then be integrated as Lpgco into the re-
construction objective Lypcon (Eq. (8)):

(€))

where L. can be any loss enforcing data consistency and 4 is a
weighting factor. In the following, PISCO-res will refer to the proposed
residual-based version and PISCO-dist to the distance-based version
from Spieker et al. (2024a).

Lrecon(» = Lpc(¥) + 4+ Lpisco(y)

3.3. NIK with PISCO

NIK’s are fitted to the acquired data ‘4 (Section 2.2), which lim-
its the training strategy to coordinates k4 C k from the acquisition’s
trajectory within the desired k-space k. By incorporating PISCO, addi-
tional coordinates k C k can be included in the training process, where
k may extend beyond k24, This self-supervised inclusion of coordinates
expands the perceptual field during the training procedure, making it
particularly beneficial for large gaps within k-space, e.g. in radial tra-
jectories.

The complete training pipeline of NIK with PISCO is summarized in
Algorithm 1. When training NIK with PISCO, a batch of acquired co-
ordinates k%9 as well as further coordinate batches of target kg and
respective patch neighbors 1}1; are inputted to NIK (line 2 and 5, re-
spectively). Due to NIK’s continuous sampling nature, any target and
kernel for neighbor extraction can be chosen from k (line 4), e.g. as
shown in Fig. 2 in a Cartesian manner. As in standard NIK (Huang
et al., 2023), the predicted k-space yl;red is compared with the respec-
tive acquired data )% for £y, computation (line 3). Simultaneously, %
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Table 1
Summary of acquisition parameters and evaluation settings.
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Upper leg

Cardiac cine® Abdominal

Pulse Sequence spoiled GRE

bSSFp cine spoiled GRE

Trajectory pseudo golden angle stack-of-stars  radial (binned) pseudo golden angle stack-of-stars
. Resolution 1.5 x 1.5 x 3mm’ 1.8 x 1.8 mm?’ 1.5 x 1.5 x 3mm?

Acquisition }
Number of coils N, 27 15-18 26
Number of k-space points 4900 X 414 (total)

[Nypokes X Ny per slice 704 X 448 196 x 414 (per MS) 1341 x 536
Acceleration Factor per MS ~ R1 R1 (per MS) ~R0.6/R2.4/R30 (1/4/50MS)
Reconstructed MS 1 25 4/50°
. Reconstruction matrix 268 X 268 208 x 208¢, cropped to 104 x 104 268 x 268
Evaluation

Reference reconstruction XD-GRASP1 for R1 (4, =0.1)

Tested accelerations? R5, R10, R20 (4, =0.1)

XD-GRASP25 for R1 (47, =0.01)

R15, R26, R52 (A7, =0.3) ~R30 (A, =0.1)

2 Data from El-Rewaidy (2020),

b 4MS as in Feng et al. (2016), 50MS for high temporal resolution
¢ after zerofilling removal (Shimron et al., 2022)

with A, for accelerated XD-GRASP reconstructions

Algorithm 1 Pseudocode for training NIK with PISCO.
Required: Acquired k-space coordinates k%“ and signals y?“4, NIK ar-
chitecture Gy, initial model parameters 6,
total epochs E, pretraining epochs E,,,, total subsets N, weight solving
regularization a, PISCO weighting factor A
1: for e = 0 to E do sample batch (k59,5 in (k39, y2cq)
2: y%red « Gge(ki;q) > Predict k-space with NIK
d
3 Lpg £D~c(yl;re -¥B) .
4: k};, kl; « k, patches around &
and surrounding patch coordinates
5 Jg. 55 < Gy (k7). Gy (KP) > Query target and patch k-space
values
N, N ST o
6: [P [T < 75 75
subsets with N,, pairs each
N, .
7: [W,] 2, < argminy]|[P;W — T ||§ + a||W||§
for weights, Eq. (3)

> Compute DC loss, Eq. (2)
> Sample any targets in k-space

> Sort target and patches into N

> Solve each subset

8  Lpgco < & Loy IT,— Ty, > Compute PISCO loss, Eq. (7)
9: A< 0ife< Eype, else 1 > Apply solely DC loss if
preconditioning

10: Opr1 < 0,41 — Vo(Lpc + ALpgco) > Update weights with DC and
PISCO loss

11: end for

12: return Learned PISCO-NIK model G,

and yI; are sorted into N, subsets with N,, = f,, - N,, patch pairs each
(line 6), where f,; > 1 is a factor to ensure an overdetermined LES. The
resulting subsets of patch pairs are then processed to compute the re-
spective weight vectors (line 7), the resulting Lpgoo (line 8, Eq. (7))
and the overall objective (Eq. (8)) to update the model weights (line 10).
Due to the random initialization of MLPs, NIK’s early predictions resem-
ble pure noise without structural detail, also making PISCO ineffective.
Thus, pre-conditioning the NIK model with only the data consistency
loss for a predefined number of epochs Ej. is recommended to capture
rough structural information before applying PISCO as refinement. This
is achieved by setting 4 = 0 until Epre (line 9).

4. Experimental setup
4.1. Data

Experiments are conducted on three different MR datasets of vary-
ing complexity, with detailed acquisition parameters for all datasets

listed in Table 1. In-house data was acquired at 3T (Ingenia Elition X,
Philips Healthcare, Best, The Netherlands) after local ethics committee

approval. Coil sensitivities are estimated with ESPIRIiT (Uecker et al.,
2014). The datasets evaluated are:

Upper leg (quasi-static/no motion) A radial pseudo golden angle
stack-of-stars in-house acquisition of the upper leg, an anatomy where
we assume little to no motion. This quasi-static acquisition is used to
validate PISCO’s potential independent of the time dimension. We use
the 3D stack-of-stars acquisition from a single subject to extract mul-
tiple 2D slices, as our method is currently developed and evaluated
on a slice-by-slice basis as a proof-of-concept. Slices are extracted by
applying an inverse Fourier transform (IFFT) along the kz direction
(feet-head axis) to reduce the computational cost of the reconstruc-
tion problem Feng (2022). No additional pre-processing steps were per-
formed except for scanner-specific corrections to read the raw data and
a hamming filter along the Cartesian axis to reduce Gibbs ringing. Ret-
rospective undersampling is conducted by discarding spokes from the
acquisition.

Cardiac cine (cardiac motion) A public cardiac cine dataset (El-
Rewaidy, 2020) with binned fully-sampled data as reference (retrospec-
tive ECG-triggering). For 30 subjects in total, zero-padding is removed
before processing to avoid implicit data crimes (Shimron et al., 2022)
and retrospective undersampling is conducted to match a uniform dis-
tribution of the k-space spokes per MS (El-Rewaidy et al., 2021).
Abdominal (respiratory motion) A free-breathing radial pseudo
golden angle stack-of-stars in-house acquisition of the abdomen and,
for comparison, a gated acquisition of the same subject. The acquisition
is performed on a single subject and undergoes the same preprocess-
ing steps as the upper leg dataset. Due to the self-navigating nature of
the acquisition protocol, the respiratory signal - representing the pa-
tient’s current breathing position - can be extracted from the data itself.
Specifically, the temporal signal is derived by applying principal com-
ponent analysis (PCA) to projections of the central k-space values, fol-
lowing the method described in Feng et al. (2016). The acquisition itself
is prospectively undersampled at a factor of R2.4/R30 for 4MS/50MS,
respectively.

4.2. PISCO design choices

Within PISCO, multiple design choices can be made to ensure and
improve PISCO convergence behaviour. In the following, we explain ma-
jor design choices for each module in the PISCO computation pipeline:
(1) patch extraction (Fig. 2A.1), (2) weight solving (Fig. 2A.2) and (3)
PISCO consistency quantification (Fig. 2A.3). Therefore, we experimen-
tally validate the effect of different design choices independently of NIK
on a sample frame for a cardiac cine subject by simulating ideal k-space
data, i.e., generating signal values for all required k-space coordinates
using torchkbnufft (Muckley et al., 2020).



V. Spieker et al.

4.2.1. Kernel design

The combination of PISCO and NIK allows for an arbitrary selec-
tion of target points T as well as any kernel design Kp to extract the
neighboring patches P, since it is not necessary that the kernel points are
actually sampled within the training dataset. The target points T are se-
lected to be on a Cartesian grid to focus the model’s attention to sparsely
sampled regions. The neighboring points P could be chosen arbitrarily,
yet the assumed global consistency needs to be ensured. Therefore, we
investigated three spatial kernel geometries extracting P around T: (a)
Cartesian kernels, as originally used in GRAPPA (Griswold et al., 2002),
(b) radial kernels, as proposed in Seiberlich et al. (2011) for radial tra-
jectories and (c) equidistant radial kernels, which mitigate unequal ker-
nel spacing at different radii of the radial sampling. We test kernels of
shape [3 x 2], as originally proposed for GRAPPA (Griswold et al., 2002),
opting for the smaller configuration to reduce the number of unknown
weights. The neighbor distance is set to 6 =2 - N;}E in Cartesian or ra-
dial coordinates for the equidistant and radial kernel, respectively. To
avoid temporal blurring due to merging of multiple time points (Breuer
et al., 2005), all patches within one subset are sampled from one time
point. The global consistency assumption is then validated by sampling
multiple random subsets y, from the artificially generated k-space with
the different kernel geometries. Then, the resulting subset weight vec-
tors W, can be compared and - since we assume an ideal k-space - all
weight vectors should resemble each other.

4.2.2. Weight solving

The computation of the PISCO residual requires the LES to be overde-
termined by a factor f,; = N,,/N,, larger than 1. To ensure robustness of
the solution albeit the overdetermination, i.e. to outliers, regularization
of the weight vector magnitude is included and weighted by a factor
a, as stated in Eq. (3). Empirical evaluation yielded feasible values of
a=1e-4 and f,,=1.1 for all datasets.

Another challenge in weight solving arises from the high dynamic
range of k-space magnitudes (varying from center to the periphery k-
space). Mixing patches with these different magnitudes results in a
poorly scaled LES, posing an instability risk. Thus, the randomly sam-
pled patch pairs are first sorted according to their spatial distance to the

k-space center (i.e., 4/k2 + k%) and only then, divided into subsets. By

grouping patch pairs with similar k-space center distanced, the magni-
tude variance within the LES for each individual subset is minimized.
Additionally, k-space points within a small radius r around k,/k,=0
are removed to avoid inclusion of individual high magnitudes (in our
caser=10- N }5, requires adjustment if kernel size and distance are in-
creased). Using the k-space obtained with torchkbnufft, we validate the
effect of patch sorting on the weight estimates.

4.2.3. PISCO consistency measure

As presented in Section 3.2, the self-consistency of a k-space can be
measured in several ways. Yet, for ideal convergence behaviour dur-
ing training the loss must be monotonically decreasing when approxi-
mating an ideal k-space. To test the convergence behaviour, we create
"non-ideal" k-space data in two separate ways: (1) introducing noise di-
rectly in k-space to test NIK’s robustness to noisy MLP outputs, as it
predicts k-space values directly; and (2) adding noise in the image do-
main before applying the Fourier transform to ensure the regularizer re-
mains sensitive to image-domain noise. We add zero-centered complex
Gaussian noise at different standard variations o, thereby determining
the noise/corruption level. Then, both PISCO measures, distance-based
(Spieker et al., 2024a) and residual-based (proposed), are evaluated de-
pendent on the noise level.

4.3. Validation of PISCO convergence

To ensure convergence of PISCO independent of NIK, we provide
a proof-of-concept by solving a simplified version of the PISCO recon-
struction problem in Eq. (8). Instead of L of NIK, we replace the data
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Table 2
Summary of feature processing and loss parameters.

Upper leg Cardiac Abdominal
Drift correction - X v
Features  Navigator scaling  — [0,1] [0,0.5]
o 6 6 1
A 0.05 0.01-0.15  0.01
PISCO N, 20 30 15
fop/ @ 1.1/ 1e4

consistency component to fit a fully-sampled k-space y with an under-
sampling mask M to the actual acquired k-space j and solve the recon-
struction problem:

y=arg myin(||My = Jlli + 2+ Lpgco))- €©)

A Cartesian k-space is simulated from a cardiac cine slice (random retro-
spective undersampling for R =2, 4 % of center lines kept). Optimization
is conducted for a total of 500 epochs for two kernel shapes, [3 x 2] and
[5 x 4], with Lpgco weighted by 4= 5e-4. The model is preconditioned
for the first 100 epochs, remaining parameters are defined in Section 4.2.

4.4. Training NIK with PISCO

We adapt NIK’s (Huang et al., 2023) architecture using 4 layers, 512
hidden features, high-dynamic range loss as L, SIREN activations with
=20 (Sitzmann et al., 2020), batch size of 10k and use STIFF feature
encoding (Catalan et al., n.d.) with ¢ as initialization of the feature dis-
tribution. Depending on the motion pattern, we rescale the navigator 7,
and correct linear drifts for abdominal imaging (see Table 2).

For NIK with PISCO, Lpigco.dists OF Lpiscores 1S applied after
Ep. =1000, as rough structural details were observed for all datasets at
this stage (Section 3.3) and the loss curve gradient began to decline. For
each dataset and acceleration factor, the PISCO regularization weight,
A, was determined empirically. To this end, multiple candidate values
were evaluated, and the one offering a suitable trade-off between under-
and over-smoothing was selected (see Supplementary). For the cardiac
cine dataset, this selection was performed on a representative subject
for each acceleration factor and subsequently applied to the remaining
cases. The final values are documented in Table 2.

The patch sampling is conducted as follows: Targets for PISCO com-
putation originate from a Cartesian grid (6 _/ 6k, = Ng 1'5) and neighbors
are sampled according to kernel design. To account for undersampling
in both, x-/y-dimension, the Cartesian kernel design is applied alternat-
ing in both directions. Since a large number of coils N, within a dataset
results in a large number of weight parameters N,,, more patches are
needed to reliably solve for these parameters within a single subset.
Rather than keeping the number of subsets N fixed - which would in-
crease computational overhead and lead to denser patch sampling for
datasets with large N, - we adapt N, accordingly. Specifically, N, is
empirically selected to fit GPU memory consumption and use approxi-
mately all sampled patches within one epoch. Weight solving parame-
ters are defined as in Section 4.2.2.

All models are jointly optimized for a total of 5000 epochs (NVIDIA
RTX A6000, Python 3.10.9/PyTorch 1.13.1) with Adam (Ir = 1e-5), with
amsgrad enabled to encounter convergence issues due to the high dy-
namic range of k-space (Reddi et al., 2019). As both NIK and its PISCO
extensions are patient-specific self-supervised methods, optimization is
performed independently for each subject and slice. The models are opti-
mized directly on the undersampled acquired data. For the cardiac sub-
ject, training durations were approximately 17 min for standard NIK,
42 min for PISCO-dist, and 22 min for PISCO-res (see Supplementary).
After training, reconstructions are generated by querying the individu-
ally trained model on a Cartesian grid at the desired time points, with
inference taking only milliseconds per frame.
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Fig. 3. PISCO validation results. (A) Kernel Design: For each kernel geometry, multiple subsets of patches (one exemplary shown in blue) are sampled and solved
for the weights (dark blue vector). The magnitude and phase of all weight vectors are stacked in the plot. To validate the PISCO condition, all weight vectors should
result in the same solution, e.g. a vertical pattern is expected. Only the Cartesian kernel - shown in y-direction, but equal result in x-direction (90° turned) - fulfills this
condition. (B) Weight Solving: Solution of subset weights (magnitude and phase) are stacked vertically (green and blue vectors are two examples). Top: Subsets consist
of randomly sampled patches. Bottom: The sampled patches are sorted from the center to the outside of the k-space (white arrow) and then into subsets. This results
in subsets with patches of similar k-space magnitude, leading to less noisy weight vector solutions overall. (C) Consistency Measure: Non-ideal k-spaces are simulated
by adding increasing noise in image-space (left) and k-space (right). On the corresponding k-spaces, the distance-based (Spieker et al., 2024a) and residual-based
(proposed) PISCO loss is computed and normalized by the maximum loss value. For image noise, both losses increase monotonically, while the residual-based loss is
consistently sensitive. For k-space noise, only the residual-based loss monotonically increases, making it feasible for optimization towards the ideal k-space (where
o =0). (D) Validation of PISCO Fitting: K-Space (left) and image (middle) results for PISCO fitted undersampled k-spaces. Within k-space, inclusion of PISCO allows
for derivation of missing k-space lines without any additional knowledge. Independent of the kernel size, reconstruction results lead to reduced undersampling using
PISCO compared to the original undersampled image, visible qualitatively in the images as well as the quantitative PSNR/FSIM results (middle) and in difference
images (right). A larger kernel (5x4, bottom) increases the perceptive field and fills more missing k-space lines, but also requires more computational power due to

more unknown kernel weights N,,.

4.5. Baseline comparisons and evaluation metrics

To evaluate the performance of our proposed PISCO regularization,
we compare the following INR-based approaches: standard NIK (Huang
et al., 2023), ICoNIK (Spieker et al., 2024b)), PISCO-dist (Spieker et al.,
2024a) and PISCO-res (NIK with Lpgco_gise and Lpisco.ress T€Spectively).
Further, we compute the inverse NUFFT (INUFFT) as well as the state-of-
the-art motion-resolved reconstruction method XD-GRASP (Feng et al.,
2016). For the latter two, the number of motion states (MS) is defined
depending on the dataset, i.e., 1MS for static upper leg, 25MS for car-
diac cine, and 4/50MS for abdominal (in the following referrered to as
INUFFTMS or XD-GRASPMS). We conduct the XD-GRASP reconstruc-
tion using a conjugate gradient algorithm with line search and, for each
dataset, perform a grid search on a representative subject to determine
the TV regularization weight Ay, (see Table 1).

As a further baseline, we include TD-DIP (Yoo et al., 2021), a re-
cent unsupervised dynamic reconstruction method based on deep im-
age priors (DIP). Since the CNN-based method is not resolution-agnostic
and the original version only outputs 128x128 (TD-DIP128), we further
evaluate an adapted version matching our dataset resolution without
the need for additional interpolation (TD-DIP512). Remaining training
parameters are defined as in the original work.

Additionally, quantitative evaluation is performed using peak signal-
to-noise ratio (PSNR) (Wang et al., 2004) and feature similarity (FSIM)
(Zhang et al., 2011), which have been shown to correlate well with ra-
diological evaluation (Marchetto et al., 2025). To evaluate the spatial
reconstruction performance, FSIM is computed on all spatial images at
all time points (FSIM-spat). Further, to evaluate the dynamic perfor-
mance, FSIM is computed on all temporal profiles, i.e. all x7/yz slices

(FSIM-temp). Before metric computation, images are clipped to their
99th percentile and normalized to [0,1], corresponding to the recom-
mended preprocessing in Marchetto et al. (2025) for image evaluation.
Since each subject was reconstructed using all methods, the study fol-
lows a repeated-measures design. Therefore, we use the Friedman test to
assess overall differences between methods, followed by pairwise com-
parisons using the Wilcoxon signed-rank test with False Discovery Rate
(FDR) correction for multiple comparisons.

5. Results
5.1. PISCO design choices

Kernel design Fig. 3A shows the visualization of the weight vector
solutions W, (individual weights on the horizontal axes) for multiple
randomly sampled subsets s = 1... N (stacked on vertical axes) for all
three kernel designs. Since the weights were computed on an ideal k-
space, all subset weight vectors should be the same according to PISCO,
i.e., a vertical pattern should be visible with as little variation in the ver-
tical direction as possible. No consistent vertical pattern is visible for the
radial as well as radial equidistant kernel. Yet, only the Cartesian kernel
results in consistent magnitudes and phases for all subsets, confirming
the applicability of PISCO as self-supervised consistency measure with
this kernel design.

Weight solving The subset weight vector solutions with and with-
out distance sorting from the center to periphery k-space are shown in
Fig. 3B. Both weight vector solutions indicate that including Tikhonov
regularization and the overdetermination factor result in stable and con-
sistent solutions. Yet, more noise in both, magnitude and phase of the
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Reference (R1) NIK

PSNRIFSIM

PISCO-dist

22.47/0.55

PISCO-res

24.05/0.58

22.24/0.55

R10

21.98/0.53

18.93/0.48

e s

19.26/0.49

R20

Fig. 4. Static upper leg: Qualitative and quantitative results for two exemplary
acceleration factors (R10/20). NIK results in increasing noise, particularly to-
wards the center of the reconstruction. PISCO-dist marginally improves recon-
structions, but still remains noisy. With the proposed PISCO-res a better implicit
representation is learned, that results in reduced noise and sharper structures
(PSNR and FSIM 7).

weight vector solution, is recognizable when no frequency sorting is ap-
plied. Avoiding poorly scaled LES by sorting the patch pairs according
to their k-space distance results in less variance of the W, and a more
stable PISCO condition.

Consistency measure As shown in Fig. 3C, both PISCO measures
(distance and residual-based) increase monotonically with rising noise
level in image-space. Yet, the linear increase of residual PISCO may of-
fer additional stability when optimizing with the objective of a noise-
free solution compared to the distance-based metric, where the gradi-
ent is sensitive to the amount of noise added. For k-space added noise,
the distance-based measure decreases with increasing k-space noise,
which makes this measure infeasible for k-space noise reduction opti-
mization. In contrast, a proportional relationship of residual PISCO to
k-space based noise can be observed, making it a suitable metric for
further optimization. To further validate this finding, we include re-
constructions using the distance-based loss (PISCO-dist) in the in-vivo
results.

5.2. Validation of PISCO convergence

The undersampled k-space fitting results using PISCO with two dif-
ferent kernel sizes are shown in Fig. 3D. Without any additional infor-
mation, PISCO is capable of filling the undersampled gaps within k-
space (Fig. 3D left). The larger kernel enables a larger receptive field
and consequently, less remaining gaps within k-space. The correspond-
ing reconstructions show sharper results and higher quantitative values
when including PISCO (Fig. 3D middle) as well as reduced undersam-
pling artefacts, as visible in the difference images (Fig. 3D right). Note
that this reconstruction does not leverage any temporal redundancy yet,
but the improvement is solely based on including the neighborhood re-
lationship with PISCO. Also, some gaps remain unfilled since they are
never updated and defaulted to zero within the simplified optimization
problem. This problem does not occur with NIK, since gaps are filled
with noisy predictions, which PISCO is capable to correct.
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5.3. PISCO for NIK regularization

Upper leg Quantitative and qualitative results are visualized in
Fig. 4 for two acceleration factors. NIK’s reconstruction performance
noticeably degrades with increasing acceleration, i.e. reduced amount
of training data. PISCO-dist marginally improves reconstructions and
metrics, but remains noisy. In contrast, the proposed PISCO-res re-
sults in less noisy reconstructions than both, NIK and PISCO-dist. Also,
it recovers vessel details more reliably, represented in higher PSNR
and FSIM, respectively. Again, no temporal redundancy is leveraged
yet.

Cardiac cine Quantitative results of the cardiac cine dataset (Fig. 5)
show that PISCO consistently outperforms NIK and PISCO-dist at all ac-
celeration factors in both, spatial and temporal metrics. Particularly at
high acceleration factors (R52/R104 or 4/2 spokes per frame), NIK’s
and PISCO-dist’s spatial and temporal performance drastically decay. In
contrast, PISCO enables spatial reconstruction quality similar or better
to the reference method XD-GRASP25 (PSNR/FSIM-spat) and addition-
ally, models the temporal dynamics better at these high accelerations
(FSIM-temp). Among the INR-based methods, PISCO-res achieves re-
construction performance most comparable to TD-DIP512, while being
more memory-efficient and resolution-agnostic.

Similar observations can be made in the qualitative reconstructions
of one exemplary subject (Fig. 6). All motion-resolved reconstruction
methods encounter the strong undersampling artefacts visible in IN-
UFFT. XD-GRASP results in spatial smoothness by regularizing over the
temporal dimension, which introduces blurring, particularly with re-
duced data (R52/R104). The DIP-based methods encounter this over-
smoothing, yet the higher resolution version (TD-DIP512) is required
to avoid noisy reconstructions. NIK, ICoNIK and PISCO-dist result in
noisy spatiotemporal reconstructions, particularly with increasing ac-
celeration factors. With PISCO, an improved neural k-space represen-
tation could be learned, that is spatially smooth, and recovers tem-
poral dynamics even at 2 spokes/frame (R104). At high acceleration
rates (R52/R104), PISCO surpasses the state-of-the-art XD-GRASP25
in capturing temporal detail (FSIM-temp) while achieving comparable
spatial smoothness (PSNR/FSIM-spat). Further, PISCO-res is the only
method that results in comparable performance as TD-DIP512. Note
that in this case, only 25 time points were analyzed due to the use of
binned reference data. Yet, PISCO’s temporal resolution can further be
increased by sampling more temporal points. Nonetheless, at accelera-
tions like R104, the resulting images do not yet reach diagnostic qual-
ity but may be valuable for intermediate applications, such as motion
estimation.

Abdominal Fig. 7 shows reconstructions of exemplary slices of the
abdominal data. The reference unpaired prospectively GATED acqui-
sition, common in a clinical setting, shows a spatial smooth image,
but still appears slightly blurry at the organ edges and lacks tempo-
ral information overall. Motion-resolved reconstructions with 4MS re-
tain undersampling artefacts (INUFFT4) or lose temporal information
(XD-GRASP4). Increasing the temporal resolution by binning to 50 MS
(XD-GRASP50) improves the dynamic depiction, but suffers from noise
and undersampling. TD-DIP results in smoothing of the temporal do-
main, but loses any vessel detail. NIK, ICoNIK, PISCO-dist and PISCO-res
achieve high spatiotemporal resolution, with PISCO-res further smooth-
ing results both spatially and temporally.

General training details Examining the training details (see Supple-
mentary S.2), PISCO-res not only enhances dynamic reconstruction per-
formance but also significantly reduces training time compared to the
previous PISCO-dist variant (22 vs. 42 min). While DIP-based methods
offer faster training overall, their parameter count and memory usage
scale with output resolution-leading to substantial increases at higher
resolutions. In contrast, INR-based methods provide resolution-agnostic
reconstructions with a single model and maintain a minimal memory
footprint, requiring only a small fraction of the storage used by TD-DIP
models (e.g., 4.3MB vs. 1443MB).
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Fig. 5. Cardiac cine: Quantitative reconstruction results of 30 subjects for acceleration factors R15/R26/R52/R104 (with 1=0.01/0.05/0.1/0.15 for PISCO-
dist/PISCO-res reconstruction, respectively). For R15, XD-GRASP25 offers least noisy reconstruction (PSNR) with high spatial and temporal resolution (FSIM-
spat/FSIM-temp). For R26, NIK, PISCO-dist and PISCO-res lead to similar temporal results. At even larger acceleration factors, XD-GRASP25 performance decreases,
as does NIK rapidly. PISCO-dist outperforms NIK, but does not reach XD-GRASP25. Yet, inclusion of the proposed PISCO-res significantly improves temporal structure
compared to all other methods (R>26). At the same time, spatial reconstruction quality is maintained (R52) or even significantly improved (R104) compared to
XD-GRASP25. All comparisons, except those marked with "N", are statistically significant (Friedman test followed by Wilcoxon signed-rank test with False Discovery

Rate (FDR) correction as a post-hoc test, with significance set at p<0.05)..

6. Discussion

Based on the concept of parallel imaging-inspired self-consistency
(PISCO), we have proposed a novel k-space consistency measure which
can be determined in a self-supervised manner. With multiple abla-
tion/simulation studies, we have validated the convergence behaviour
of PISCO, and hence, its applicability as objective function within dy-
namic MR reconstruction, i.e. using NIK. Without the need for any addi-
tional data, we have verified PISCO’s potential to learn improved neural
implicit representation, resulting in enhanced spatial and temporal im-
age quality. Furthermore, the proposed PISCO-res loss outperforms our
previous version, PISCO-dist, in computation times, decreasing the re-
quired time by almost 50 %.

PISCO for improved MR reconstruction. While NIK was originally devel-
oped for dynamic reconstruction, PISCO is not limited to this applica-
tion. We have shown for both, simple k-space fitting (Section 3D) as
well as learning a static upper leg NIK (Fig. 4), PISCO enables reduc-
tion of undersampling artefacts. Still, performance improvement will
always be limited since no additional information except the neigh-
borhood constrain is available. Exploiting additional forms of redun-
dancy, i.e. given by the temporal dimension or multiple echoes (Spieker
et al., 2024c), is expected to further enhance PISCO’s regularization
capabilities.

In our cardiac cine example, we show that incorporating the tempo-
ral dimension enhances representation learning for higher acceleration
factors (e.g., achieving R>26 in cardiac cine imaging versus R20 in up-
per leg imaging). Yet, NIK also faces challenges when very little infor-
mation is available per frame (R>52, or <4 spokes per frame), likely due
to overfitting to noise in unsampled k-space regions. A similar behavior
is observed with ICoNIK, which-although inspired by the convolutional
GRAPPA concept-explicitly estimates kernel weights. This approach be-
comes unstable at high acceleration factors, failing to properly regular-
ize the reconstruction. In contrast, the proposed PISCO-res addresses
the overfitting noise by (1) including the unknown points in the train-
ing procedure and (2) enforcing consistency throughout all the k-space
points without relying on explicit neighborhood definitions. This leads
to visible improvements in both k-space and image-space. For lower ac-
celeration factors, XD-GRASP remains a viable comparison but tends to
oversmooth at R>52 (Fig. 6), sacrificing temporal information. In con-
trast, PISCO-res maintains temporal resolution without such trade-offs.
With PISCO-res, INR-based reconstruction approaches the performance
of TD-DIP, while retaining its key advantage of supporting arbitrary spa-
tial and temporal resolutions—unlike DIP-based methods, which require
retraining for each new setting. However, in this cardiac cine scenario,
PISCO’s performance is constrained by the binned and discontinuous

nature of the dataset, which introduces residual motion blur during
training. The advantage of PISCO over TD-DIP methods becomes more
evident in more challenging, highly undersampled settings, as demon-
strated in the abdominal data (see Fig. 7. Future studies on real time car-
diac data are anticipated to further demonstrate PISCO-NIK’s improved
efficiency in this particular case.

In the abdominal case, although continuous data is available, the
irregularity of respiratory motion compared to cardiac motion presents
additional challenges. Acquired spokes are unequally distributed be-
tween end-exhale and end-inhale phases. Also, higher resolution and
expanded field of view (FOV) requirements increase k-space gaps in
radial acquisitions, complicating reconstruction. This presents visible
challenges for XD-GRASP4 (Fig. 7), which prioritizes spatial resolu-
tion in abdominal imaging but sacrifices dynamic information. Com-
pared to all other methods - both DIP- and INR- based - PISCO-res en-
ables improved depiction of fine anatomical structures. Overall, the
enhanced visualization of fine anatomical structures - such as small
vessels and ductal networks - highlights PISCO’s potential to improve
the detection of malignant lesions, which in abdominal imaging can be
as small as 1-2mm. Although we have not yet directly demonstrated
sub-2mm lesion conspicuity, the enhanced visualization of these mi-
crovascular and ductal surrogates strongly suggests its potential to re-
veal lesions at or below the resolution limits of conventional imaging.
Systematic, prospective validation of PISCO’s impact on lesion detec-
tion, as well as its potential to enhance temporal resolution for motion-
sensitive applications such as radiation therapy, will be subject to future
work.

General PISCO design. Within our PISCO validation studies (Sec-
tion 5.1), we have shown a feasible kernel, weight solving and consis-
tency measure design to leverage the global neighborhood relationship
for k-space optimization.

The kernel design plays a critical role in the design of PISCO, as only
the Cartesian kernel exhibited the desired global consistency properties
(Fig. 3A). In contrast, radial kernels demonstrate higher variability be-
tween subset weight vectors, consistent with the observations of Seiber-
lich et al. (2011), who noted that radial kernels are ideally calibrated in
local segments rather across the entire k-space. To eliminate the effect
of varying distance of the radial kernels points (e.g., tighter spacing near
the center than at the periphery), an equidistant kernel was explored.
Yet, similar inconsistencies were observed, emphasizing the importance
of maintaining a consistent kernel orientation for self-consistency.

Kernel flexibility remains regarding kernel size and distance. In the
k-space fitting example (Fig. 3D), a larger kernel resulted in even better
reconstruction results due to the enlarged perceptive field, incorporating
more information into the optimization problem. However, applying an
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Fig. 6. Cardiac cine: Qualitative reconstruction results of one subject for four acceleration factors. The reference reconstruction (R1) is shown on the top right
(xy), with the white dotted line marking the slice where the temporal profile (yt) is extracted. Videos of the complete dynamic reconstruction (xyt) can be found
in the Supplementary. At lower acceleration factors (R15/26), XD-GRASP appears to have sufficient data to recover spatial information, yet at higher accelerations
(R52/R104) it starts to oversmoothen in the temporal domain (white arrow). The DIP methods retain temporal information, yet the higher output resolution (TD-
DIP512) is required for blurring-free spatial images. While the INR-based NIK starts to be noisy at R26, PISCO-res can correct the representation to approximate
TD-DIP’s performance. When acceleration increases, NIK, ICoNIK and PISCO-dist suffer from increasing noise in the spatially and temporally (see difference images
and blue arrows, respectively). Particularly for high accelerations (R52 +), PISCO-res results in similar spatial and improved temporal quality as XD-GRASP25 (white

arrows).

increased kernel size also results in a larger computational overhead,
since the number of weights N, proportionally increases, and hence,
the required number of patches to solve one subset. A more efficient
handling of the coil dimension, since N,, « N2, as potential solution
remains subject to further research. A computationally efficient solution
for weight solving would also open possibilities for advanced physical
modeling with PISCO in the temporal dimension, such as motion, time-
dependent MR field imperfections (Wang et al., 2019; Abraham et al.,
n.d.) or phase modeling (Haldar and Zhuo, 2016).

Regarding the consistency measure, we have validated the improved
convergence behaviour of the residual-based PISCO measure vs. the
previously proposed distance-based loss (PISCO-dist in reconstruction
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results). The reduced sensitivity to image noise (Fig. 3C) is also evi-
dent in the in-vivo reconstructions (Fig. 4/6), where PISCO-dist offers
only marginal denoising improvements, likely due to suboptimal opti-
mization. An additional benefit of the proposed PISCO-res measure is
the reduced computational effort, since expensive distance calculations
between all weight vectors (with thousands of complex numbers) are
avoided.

While some parameters, such as those for weight solving, were gen-
erally applicable across datasets, others require adaptation to specific
applications. One example is the weighting factor for the PISCO loss,
4, which has been adapted by observing PISCO’s loss magnitude and
behaviour during optimization. Extending the proposed residual-based
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Fig. 7. Abdomen - respiratory resolved: Qualitative reconstruction results for two slices of a subject are shown: the xy-image depicts spatial reconstruction, while
temporal profiles (marked by a white dotted line) indicate temporal reconstructions (xt/yt) below. Another examples as well as videos of the complete dynamic
reconstruction (xyt) can be found in the Supplementary. The gated reconstruction (unpaired to the rest) does not offer any temporal information and remains blurry
(zoom-in). Although XD-GRASP4 improves spatial resolution compared to NUFFT4, its temporal resolution remains limited (blue arrows). Increasing the number of
MS (XD-GRASP50) results in better temporal resolution, but noisier spatiotemporal reconstructions. TD-DIP512 smoothens in the temporal domain, but loses any
detail in the spatial dimension (green arrow). NIK and ICoNIK also reduce the noise in the temporal dimension, but remain noisy spatially. Both PISCO versions
further smoothen spatiotemporal reconstructions, while the proposed PISCO-res maintains clearer vessel structures (white arrows)..

loss to automatically adapt to the dataset - considering factors such as
kernel design, N,, and acceleration - could further enhance PISCO’s out-
of-the-box applicability.

The observed NIK reconstruction improvements at high acceler-
ation factors suggest PISCO’s potential to shorten clinical protocol
times. While these highly accelerated acquisitions may not yet achieve
diagnostic-quality reconstructions, PISCO has shown significant en-
hancements over standard NIK-based dynamic reconstructions without
requiring additional data. This can serve as a foundation for use cases
where high temporal resolution is critical, i.e. it may open new avenues
for rapid motion estimation, which could be beneficial for subsequent
analysis and downstream tasks. Moreover, its efficient design also al-
lows flexible integration with other regularization methods, offering
opportunities for further improvements in reconstruction quality. This
could include, but is not limited to, extensions that incorporate low-
rank priors or constraints Haldar and Zhuo (2016). However, identify-
ing the optimal combinations and integration strategies would require
further investigation, which we consider a valuable direction for future
work.
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Limitations. From a method design perspective, we have demonstrated
that the PISCO framework can effectively enhance reconstruction qual-
ity and explored several design variants. Yet, some design aspects re-
main open for further investigation, e.g., larger kernel sizes may of-
fer potential benefits but are currently constrained by computational
resources and implementation limitations. The PISCO weighting factor
was selected empirically and the feasible number of subsets only approx-
imated. As a k-space quality metric, PISCO’s performance is inherently
influenced by these design choices. While parameters were manually
fine-tuned in this study, a more automated and adaptive configuration
would be desirable for clinical deployment and will be investigated in
future works. Importantly, PISCO provides a mechanism to evaluate the
quality of k-space estimates but does not inherently guide convergence
toward an optimal reconstruction. Therefore, it must be integrated with
data consistency constraints. Our current implementation evaluates this
integration in two reconstruction settings, but future work could explore
its application within a broader range of reconstruction frameworks.
The proposed integration of PISCO with NIK leads to further limita-
tions inherent to INR-based approaches. Although INRs do not depend
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on external training data, they require per-subject optimization, lead-
ing to longer runtimes compared to convolutional methods like TD-DIP.
Optimization of training speed remains crucial to fully leverage the ad-
vantages of the resolution-agnostic and lightweight MLP architecture of
INRs. Beyond reducing runtime, such improvements are key to over-
come the current limitation of 2D slice-wise training, as efficient 3D
reconstruction is essential for clinical applicability.

Further limitations should be acknowledged looking at the datasets.
A key advantage of INRs is their ability to model high temporal reso-
lution; however, this requires access to a reliable and highly resolved
temporal signal to fully leverage their potential. In our experiments,
the cardiac dataset was retrospectively discretized into 25 cardiac states
through binning, which inherently limits temporal continuity. The ab-
dominal dataset retained continuous temporal information and demon-
strated better performance, highlighting the potential of INRs in such
settings. However, the use of self-navigation introduces uncertainties in
the temporal timestamps, making accurate modeling critical. Further-
more, respiratory motion is generally more variable and less periodic
than cardiac motion, which may necessitate more advanced temporal
encoding strategies, such as accounting for hysteresis effects and intra-
patient variability.

In terms of evaluation, our experiments covered multiple anatomies
but were largely restricted to radial acquisitions with navigators and a
single retrospective Cartesian example. A broader evaluation across ac-
quisition strategies, anatomical regions, and contrast settings is needed
to better understand PISCO’s generalizability. Furthermore, although
the current work demonstrates promising technical performance, future
studies should assess clinical utility through dedicated evaluation using
clinical parameters and expert reader assessments.

7. Conclusion

With PISCO, we have demonstrated how a conventional parallel
imaging concept can be adapted into a self-supervised consistency mea-
sure that enhances learning-based MR reconstruction. Its calibration-
free and flexible design allows for seamless integration into the train-
ing process, making it a promising method for application in other
anatomies or k-space based reconstruction techniques.
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