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Abstract. Zero-shot self-supervised learning (ZS-SSL) for MRI recon-
struction optimizes network parameters directly on the acquired under-
sampled measurements, eliminating the need for large training datasets.
This paradigm mitigates domain shift issues commonly observed in dat-
abase trained models when encountering unseen sampling trajectories,
acceleration rates, contrasts, or anatomies, while offering improved in-
terpretability relative to other zero-shot approaches. Nonetheless, cur-
rent ZS-SSL methods face three major limitations: (1) data-splitting
strategies introduce training-inference mismatches in effective accelera-
tion rates, leading to suboptimal reconstruction; (2) over-parameterized
networks incur substantial computational overhead and increase overfit-
ting risk; and (3) the inherently limited supervision further constrains
achievable performance. We propose ECHO (Estimated Composite Hy-
brid Observation), another ZS-SSL MRI reconstruction framework de-
signed to address these challenges. Instead of partitioning acquired k-
space data, ECHO constructs training inputs from intermediate recon-
structions that are statistically consistent with inference-time observa-
tions, thereby eliminating acceleration mismatch. Moreover, ECHO em-
ploys an under-parameterized, physics-informed architecture tailored to
the zero-shot regime, significantly reducing computational complexity
while maintaining reconstruction accuracy. Extensive experiments demo-
nstrate that ECHO consistently improves reconstruction quality and
achieves substantial training speedup. Our code is publicly available at
https://github.com/ShanghaiTech-Hu-Lab/ECHO
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1 Introduction

Magnetic Resonance Imaging (MRI) reconstruction from undersampled k-space
data is a classical inverse problem governed by well-defined physical models.
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Accelerated MRI aims to recover high-quality images from incomplete measure-
ments to reduce scan time while preserving diagnostic fidelity. However, under-
sampling renders the problem highly ill-posed, motivating decades of method-
ological development, including parallel imaging and compressed sensing tech-
niques [9, 16, 8, 20, 15]. More recently, deep learning, particularly physics-guided
unrolled networks, has substantially advanced reconstruction performance by
embedding the MRI forward model into iterative optimization frameworks [28,
22, 1]. Despite their effectiveness, these data-driven methods typically require
large training datasets and often exhibit limited generalization to unseen sam-
pling patterns, acceleration factors, or contrasts.

Zero-shot MRI reconstruction addresses this limitation by optimizing net-
works directly on the acquired undersampled measurements. Representative ap-
proaches include Deep Image Prior (DIP) [23, 13], Implicit Neural Representa-
tions (INR) [12, 19], and Zero-Shot Self-Supervised Learning (ZS-SSL) [25, 24].
Among these, ZS-SSL is particularly appealing due to its explicit integration of
MRI physics through model-based data consistency combined with learned regu-
larization. However, existing ZS-SSL methods inherit the data-splitting strategy
and large network architectures from SSDU (Self-Supervised Learning via Data
Undersampling) [26]. Data splitting introduces a mismatch between training and
inference distributions, especially in effective acceleration rates, thereby leading
to suboptimal reconstruction. Additionally, over-parameterized networks are ill-
suited to the extremely limited data available in zero-shot settings, increasing
computational cost and overfitting risk.

To overcome these limitations, we propose ECHO (Estimated Composite
Hybrid Observation) for ZS-SSL MRI reconstruction. By constructing inputs
statistically consistent with inference-time observations, ECHO eliminates data-
splitting and training-inference mismatch, achieving high reconstruction perfor-
mance. We also demonstrate that an under-parameterized physics-based network
is particularly suitable for zero-shot reconstruction, and systematically analyze
the impact of the number of randomized secondary masks on reconstruction
performance.

2 Preliminaries & Related Work

2.1 Physics-based MRI Reconstruction

In accelerated MRI, the forward operator is typically ill-conditioned due to un-
dersampling, necessitating regularization for stable image recovery. The recon-
struction problem is commonly formulated as

x∗ = argmin
x

1

2
∥AΩSx− yΩ∥22 + λR(x), (1)

where yΩ is the acquired undersampled k-space measurements, S denotes coil
sensitivity maps, and AΩ = MΩF is the encoding operator with Fourier trans-
form F and undersampling mask MΩ . The regularizer R(x) introduces prior
information, and λ balances data consistency and regularization.
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Physics-guided deep learning methods unroll iterative optimization algo-
rithms such as ADMM [4] and ISTA [2] into trainable networks. These methods
achieve strong interpretability and competitive performance with relatively shal-
low convolutional architectures [22] [28].

2.2 Zero-shot MRI Reconstruction

Among zero-shot MRI reconstruction methods, DIP-based methods [23, 13] re-
construct images by mapping fixed random noise to the target image through
a convolutional network, with the network architecture acting as an implicit
prior. Self-guided DIP [13] further improves performance by replacing the fixed
noise with trainable inputs and jointly optimizing both inputs and network
parameters. INR methods model images as continuous coordinate-based func-
tions, with architectures such as sinusoidal representation networks (SIREN) [21]
and Instant Neural Graphics Primitives (Instant-NGP) [19] that improve high-
frequency modeling and convergence through periodic activations and learnable
encodings.

ZS-SSL [25] is commonly built on SSDU [26]. It partitions the acquired un-
dersampled k-space into three subsets: one used as the network input, one as
the supervision label, and a third for self-validation to establish a stopping cri-
terion and prevent overfitting. Because training relies only on a subset of the
acquired measurements, whereas inference uses all acquired k-space, a mismatch
arises between training and inference, especially in the effective acceleration
rate. Moreover, the self-validation strategy further reduces the amount of data
available for training, which may degrade reconstruction performance. SPICER
[10] was proposed to mitigate this discrepancy by acquiring multiple undersam-
pled measurements using masks drawn from the same distribution. However,
such multi-acquisition strategy may be impractical in clinical settings due to
extended scan time and increased sensitivity to motion.

3 Method

To avoid data-splitting and extended scanning time, ECHO tends to use interme-
diate reconstruction and secondary undersampling for model training, relaxing
the requirement of differently undersampled k-spaces. Therefore, similar to a
Siamese network [5], ECHO consists of an estimator network and a target net-
work, sharing the same architecture and weights.

Given an acquired undersampled k-space, the estimator produces an estimate
of the fully sampled k-space. Then an explicit data-consistency (DC) projection
is applied, yielding a composite hybrid observation that combines estimated and
acquired k-space measurements. This estimation step solely refines the missing
k-space entries and is performed without gradient backpropagation. Therefore,
in the worst case, the hybrid observation reduces to the noisy zero-filled image
used in Noise2Recon [6], guaranteeing stable training from scratch.



4 W Shang et al.

Fig. 1. (A) Overview of the training scheme of the proposed ECHO method. (B)
Schematic illustration of the input–label pairs used in SSDU, ECHO, and the upper-
bound experiments. (C) Examples of undersampling masks.

The hybrid observation is then re-undersampled using a different mask in-
dependently drawn from the same distribution as the acquisition mask with the
same acceleration rate, before fed into the target network. The target network
is optimized by minimizing the loss between its output and the corresponding
acquired k-space sample. After backpropagation, the estimator network copies
the updated parameters, enabling the next estimation step.

During training, ECHO alternates between the estimator network (for k-
space refinement) and target network (for parameter optimization). Once train-
ing is finished, the target network takes the acquired k-space as input and directly
outputs the full k-space, which is used to produce the final image after Fourier
transform and coil combination. The general framework and data flow of ECHO
are illustrated in Fig. 1(A).

3.1 Intuitions on ECHO’s Behavior

We hypothesize that ECHO behaves similarly to alternating optimization (AO)
algorithms [3]. Prior self-supervised works [25, 18, 11] have shown that using the
acquired measurements as training targets is the only way to obtain an unbi-
ased estimate of supervised learning, and that multiple undersampled k-spaces
of a fully sampled image constitute the ideal inputs for training to reduce the
training-inference gap [10]. For zero-shot, the only acquired measurement is di-
rectly used as the target. However, differently undersampled k-spaces derived
from a fully sampled image are unavailable. ECHO introduces an estimated
fully sampled image x̂ as an explicit auxiliary variable, leading to the joint opti-
mization problem minx̂,θ∥AΩfθ(x̂Ω̂)−yΩ∥22, where fθ denotes the reconstruction
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network, and Ω̂ the randomized secondary mask with the same distribution as
Ω. This formulation naturally admits an alternating optimization strategy in
which x̂ and θ are updated in turn. While direct update of x̂ is rather com-
plicated, we leverage the prior [10] that suitable network inputs should corre-
spond to undersampled k-spaces of a fully sampled image and approximate it as
x̂(t) = fθ(t−1)(yΩ). With x̂(t) fixed, the update of θ reduces to standard network
training via stochastic gradient descent, with gradients stopped through x̂(t).

In practice, the AO mechanism transitions ECHO from the SSDU setting
to the upper-bound setting, where different real-acquired k-spaces are indeed
available, as shown in Fig. 1 (B) and (C). Compared with splitting the acquired
k-space and contrasting two zero-filled images in SSDU, ECHO iteratively re-
fines the zero-filled image toward a fully sampled image, thereby reducing the
distribution gap between training and inference inputs with respect to both un-
dersampling rates and patterns.

3.2 Implementation Details

The base network consists of 4 convolutional layers, each followed by a PReLU
activation except for the final layer, with 32 hidden channels. The depth and
width of the base network are selected to yield a parameter count compara-
ble to that of ISTA-Net+ [28], thereby limiting overfitting risk in the zero-shot
setting. The network directly operates on multi-coil images for both input and
output, avoiding explicit coil combination and expansion before and after the
data-consistency module, which improves computational efficiency. This design
further allows the data-consistency step to admit a closed-form solution. The
reconstruction backbone is unrolled for 5 iterations, and the model is trained
for 5,000 steps. These hyperparameters were selected based on validation in one
subject with 10 slices.

We evaluated our method on the fastMRI knee and brain datasets [27].
Twenty subjects were randomly selected and each subject contained 10 slices.
Gaussian-distributed undersampling masks were used. The auto-calibration re-
gion contained 24 or 16 center k-space lines, for acceleration factors of 4× and
6×, respectively. Reconstruction performance was evaluated using SSIM and
PSNR against the ground truth images.

4 Comparison to Existing Zero-shot Approaches

Performance of ECHO was compared with Total Variation (TV), vanilla DIP,
self-guided DIP, SIREN, and Instant-NGP. Quantitative results are summarized
in Table 1, where ECHO consistently achieves the highest SSIM and PSNR across
all settings. Representative reconstructions are shown in Fig. 2 (A), demonstrat-
ing that ECHO achieves improved reconstruction than competing methods.

Because fastMRI has fully sampled k-space, to verify the effectiveness of us-
ing the hybrid k-space for reconstruction, we compared different ZS-SSL training
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Table 1. The reconstruction performance on the fastMRI knee and brain.

Knee Brain
4× 6× 4× 6×

SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR
TV 0.8793 33.36 0.8396 31.84 0.9338 33.89 0.9063 31.07

Vanilla DIP 0.8503 32.45 0.8193 31.12 0.9236 33.65 0.9079 32.16
Self-Guided DIP 0.8774 33.60 0.8299 31.71 0.9177 34.20 0.8889 32.27

SIREN 0.8894 34.10 0.8517 32.20 0.9375 34.50 0.9125 32.22
Instant-NGP 0.8915 34.32 0.8588 32.44 0.9281 34.30 0.9094 32.09

ECHO 0.9107 35.65 0.8744 33.04 0.9420 35.64 0.9219 33.27

Fig. 2. (A) Reconstructed 4 × undersampled knee images with SSIM and PSNR values.
ECHO achieves the highest image quality. (B) ZS-SSL performance with different input
constructions; mean gains over SSDU with 95 % confidence intervals indicate statistical
significance.

paradigms, including SSDU, SPICER, and the upper-bound setting by construct-
ing different k-space inputs. While SSDU uses subsets of the acquired k-space,
SPICER uses two fixed differently undersampled k-spaces, and the upper-bound
setting uses real-acquired k-spaces with randomized masks. Another undersam-
pled k-space is used as the label to avoid autoregressive.

As shown in Fig. 2 (B), both ECHO and the upper-bound setting outperform
SPICER, indicating that using different masks drawn from the same distribution
instead of using only the single acquired mask is not the performance bottleneck.
Moreover, the small performance gap between ECHO and the upper-bound sug-
gests that the hybrid k-space can effectively substitute for real-acquired k-space
during training.

5 Ablation Studies and Mechanistic Analysis

To gain a deeper understanding of ECHO and the factors contributing to its
performance, a series of ablation studies were conducted on the fastMRI knee
data.
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5.1 Training Dynamics of the Hybrid K-space

As shown in previous sections, ECHO achieved the highest reconstruction perfor-
mance with a small gap compared to the upper-bound setting. We hypothesize
that this behavior arises because ECHO progressively refines the network in-
puts towards the ideal training input, namely the undersampled fully sampled
image [10]. To validate this hypothesis, the evolution of the hybrid k-space dur-
ing training is analyzed. As shown in Fig. 3 (A), the hybrid k-space initially
resembles noisy zero-filled reconstructions with strong aliasing but progressively
approaches the fully sampled reference. Consistently, Fig. 3 (B) visualizes the
feature distributions of the hybrid k-space using DreamSim embeddings [7, 14]
and t-SNE [17]. The features of the hybrid k-space progressively move toward
those of the fully sampled reference. Meanwhile, after applying undersampling
masks, the features of the undersampled hybrid k-space cluster around those of
the inference k-space input, demonstrating that the training–inference distribu-
tions are matched. In addition, the under-parameterized physics-based network
of ECHO effectively avoided overfitting according to Fig. 3 (C), where SSIM and
PSNR remain stable across 200 slices throughout training.

5.2 Impact of Randomized Masks

In ZS-SSL MRI reconstruction, the measurements available are fixed, and data
diversity is mainly determined by the randomized undersampling masks used
during training. We therefore hypothesize that the number of randomized masks
plays a critical role, complementary to the mask distribution. To verify this, we
varied the number of random masks used for composite hybrid k-space under-
sampling, and compared Gaussian masks with uniform masks of the same accel-
eration. Each experiment is repeated three times for stability. As shown in Fig. 3
(D), reconstruction performance improves with more masks used and gradually
saturates; and Gaussian masks consistently outperform uniform masks across all
settings.

5.3 Robustness to Network Architectures

Selecting network hyper-parameters can be challenging for most deep learn-
ing methods. Although larger models often improve performance in supervised
learning, they may not have the benefits of ZS-SSL and can increase the risk of
overfitting because of the only one available training data. In contrast, physics-
based networks can achieve strong performance with significantly fewer parame-
ters. We therefore hypothesize that ECHO is less sensitive to the reconstruction
backbone, as its performance is mainly constrained by input construction rather
than model capacity. We evaluated models with 3, 4, 5 unrolled layers, hidden
channel sizes of 32 and 64, and used ISTA-Net+ as a reference. As shown in
Fig. 3 (E), though careful hyperparameter tuning may yield minor performance
gains, ECHO maintains stable SSIM and PSNR across different model capacities,
verifying our hypothesis.
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Fig. 3. (A) Estimated images, corresponding error maps, undersampled estimated im-
ages used as network inputs, and the associated undersampling masks at different
training steps. (B) t-SNE visualization of feature embeddings, computed using Dream-
Sim, for the estimated images and network inputs. (C) Average SSIM and PSNR over
200 slices throughout the entire training process. (D) Influence of the number and
type of secondary undersampling masks on reconstruction performance. (E) Influence
of network hyperparameter on reconstruction performance.

6 Conclusion

In conclusion, we introduced ECHO, a different ZS-SSL framework for MRI
reconstruction that avoids data splitting. By constructing hybrid k-spaces from
the intermediate reconstruction of a single undersampled acquisition, input-label
pairs with sufficient supervision effect can be obtained for network training. The
constructed inputs also eliminate training-inferenece mismatch that is typically
encountered in self-supervised methods, leading to superior reconstruction per-
formance of ECHO.
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