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Abstract

Before a cardiac MR image is reconstructed, the heart is represented in k-space, which
encodes all information needed for analysis—including tissue structure, motion, and func-
tional dynamics. However, information extraction (e.g., downstream analysis tasks such as
segmentation or biomarker quantification) is usually performed in the image domain rather
than in the k-space domain. This means that the quality of the information extraction is
fundamentally limited by the image reconstruction quality. At the same time, the push
toward unified models for diverse cardiac downstream tasks has accelerated, driven by ad-
vances in efficient representation learning. However, most work has focused on the image
domain, overlooking the k-space potential as a direct, information-dense source for end-
to-end, multi-task cardiac analysis. As a result, the development of robust and expressive
k-space representations and their impact on downstream cardiac assessment remain signifi-
cantly underexplored. To address this gap, we propose k-space Multi-Task Representation
(k-MTR) learning, which enables solving different downstream tasks directly from under-
sampled k-space. By aligning the k-space and image-domain embeddings, k-MTR estab-
lishes a unified representation that simultaneously captures local anatomical detail, global
spectral structure, and rich physiological signatures. We show that k-MTR matches or
exceeds state-of-the-art image-based and k-space–based baselines across three clinically
relevant tasks-disease classification, phenotype regression, and segmentation, providing the
first systematic evidence that k-space alone can support comprehensive cardiac analysis.
k-MTR represents a pivotal step toward scalable, reconstruction-free cardiac foundation
models. The code will be made publicly available after the review process.

Keywords: Cardiac MRI, multi-task, k-space measurements, representation learning,
foundation models

1. Introduction

Cardiac magnetic resonance imaging (MRI) is the gold standard for assessing heart struc-
ture and function (Ismail et al., 2022). Due to hardware limits, high costs, and require-
ments for breath-hold by patients, standard cardiac MRI protocols typically undersample
k-space to accelerate image acquisitions (Bluemke et al., 1997; Wang et al., 2001; Plein
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and Kozerke, 2021). Thus, the conventional pipeline for cardiac analysis follows three
steps—undersampled k-space acquisition, image reconstruction, and image-based down-
stream analysis—which has remained largely unchanged as the standard practice.

Deep learning has led to significant progress in both reconstruction (Schlemper et al.,
2017; Pan et al., 2023b; Huang et al., 2025) and downstream tasks such as segmentation or
analysis (Chen et al., 2020; Martin-Isla et al., 2020; Liu et al., 2024). However, the domi-
nant ”reconstruct-then-analyze” pipeline remains fundamentally sequential and introduces
avoidable information bottlenecks. Whether reconstruction and downstream models are
trained separately or jointly, optimizing for perceptual image quality inevitably introduces
artifacts and suppresses subtle frequency-domain details that may carry essential diagnos-
tic value. Task-aware or end-to-end approaches (e.g., motion estimation (Oksuz et al.,
2019; Pan et al., 2023a) or segmentation (Machado et al., 2023; Xu and Oksuz, 2024; Wech
et al., 2025)) mitigate some issues, but they still rely on supervision in the intensity image
domain. This anchors optimization to fine-grained pixel fidelity rather than the true diag-
nostic semantics of cardiac MRI, leaving a fundamental gap between reconstruction-driven
objectives and clinically meaningful prediction (Seitzer et al., 2018; Dohmen et al., 2025).

On the other hand, k-space intrinsically captures the critical information about the
heart, including anatomical structure, motion, and physiological characteristics, which is
essential for comprehensive analysis of cardiovascular diseases (CVD). However, directly
leveraging k-space for downstream tasks remains largely unexplored. Recent studies have
started to investigate end-to-end approaches, predicting segmentation maps or clinical labels
directly from undersampled k-space (Schlemper et al., 2018; Li et al., 2024; Zhang et al.,
2024b). While promising, these efforts remain in their early stages and largely limited to
proof-of-concept or single-task applications.

In parallel, cardiac MRI foundation models for diverse downstream tasks are rapidly
emerging, driven by advances in image-domain representation learning (Zhang et al., 2024a;
Jacob et al., 2025; Zhang et al., 2025). Yet this progress has not extended to k-space.
To the best of our knowledge, no prior work has explored end-to-end, multi-task cardiac
analysis directly from k-space, despite it being the most information-dense representation
available. More critically, the fundamental question of how to learn powerful, efficient, and
generalizable k-space representations that could serve as a unified and scalable foundation
for cardiac MRI analysis remains largely unexplored.

To address these gaps, we propose k-MTR (k-space Multi-Task Representation), an
end-to-end framework that enables reconstruction-free comprehensive and diverse cardiac
analysis tasks directly from undersampled k-space measurements, leveraging the represen-
tation alignment between k-space and image domains. Our key contributions are:

• We unify k-space and image representations into a single, information-rich
manifold. k-MTR aligns undersampled k-space and image-domain embeddings into
a shared latent space that jointly captures fine-grained anatomy, global spectral struc-
ture, and physiological dynamics, providing a foundation for robust, reconstruction-
free, and versatile cardiac analysis.

• We show that this representation can be used for a cardiac multi-task
pipeline directly from k-space. Across disease classification, phenotype regres-
sion, and segmentation, k-MTR consistently matches or outperforms state-of-the-art
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Figure 1: Overview of k-MTR. (a) Multi-slice tokenization prior to encoding. Each scan
contains S multi-view 2D + t slices, with tokenizers applied to each slice. To en-
able multi-slice information exchange, input image tokens Qu

i and k-space tokens
Qu

k are concatenated separately over all S undersampled slices for their respective
encoders. (b–d) Training pipeline illustrated with a single slice for clarity. (b)
Stage I: Learn separate representations via unsupervised reconstruction of under-
sampled k-space measurements and multi-view masked 2D + t slices. (c) Stage
II: Align undersampled k-space representations T u

k and fully-sampled image rep-
resentations Ti using contrastive learning. (d) Stage III: Fine-tune the pretrained
k-space encoder with lightweight decoders for various downstream tasks.

image-based and k-space-based baselines, demonstrating that undersampled k-space
can serve as the basis for high-performance, end-to-end cardiac analysis.

• We show that k-MTR learns powerful, interpretable, and clinically mean-
ingful k-space representations. k-MTR produces structured latent clusters aligned
with clinical traits and supports reliable reconstructions, establishing a transparent,
trustworthy representational backbone for comprehensive cardiac downstream tasks.

2. k-MTR

Unlike conventional imaging workflows, which perform downstream analysis only after
reconstructing images from fully sampled measurements, k-MTR enables multiple down-
stream tasks directly from undersampled k-space data in three training stages, as illus-
trated in Figure 1. Let fully-sampled complex-valued cardiac k-space measurements be
Xk ∈ CS×T×H×W , where S, T, H, and W represent the number of slices, time frames,
height, and width, respectively. The slices include both 2D+ t long-axis (LAX) and short-
axis (SAX) views, which are concatenated along the slice dimension. The corresponding
image stack is written as Xi ∈ CS×T×H×W . For undersampling, we apply a 4× acceleration
mask M ∈ ZS×T×W on the phase-encoding (W ) direction, where each entry Mijp ∈ {0, 1}
indicates whether the position is sampled (1) or omitted (0), following standard undersam-
pling schemes for clinical MRI acquisitions. The mask is repeated along the H dimension to
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obtain M̃ , and the undersampled k-space data is generated via element-wise multiplication
Xu

k = M̃ ⊙Xk.
Stage I: Domain-specific representation learning in the image and k-space

domains. In the first stage, we independently learn robust representations from masked
cardiac MR images and from undersampled k-space measurements, following the masked
autoencoder (MAE) paradigm (He et al., 2022). This enables each domain (i.e., k-space
and image) to develop high-level, semantically rich feature representations. For the image
domain, multi-view 2D + t images are randomly masked at the patch level to obtain Xu

i .
For the frequency domain, the k-space data is masked using a predefined acceleration mask
M̃ to obtain Xu

k . Each domain employs its own tokenizer T , encoder E , decoder D, mask
tokens Tm. With ⊕ denoting concatenation, the reconstruction objectives are

X̂i = Di(Ei(Qu
i )⊕ Tm

i ), X̂k = Dk(Ek(Qu
k)⊕ Tm

k ), (1)

where Qu
i = Ti(Xu

i ) and Qu
k = Tk(Xu

k ) denote the tokenized inputs. For both tokenizers,
real and imaginary components are treated as two input channels, and tokens from different
slices are concatenated along the sequence-length dimension (Fig. 1(a)). By reconstructing
fully-sampled images and k-space measurements from masked inputs, both encoders learn
domain-specific yet semantically rich features, capturing structures in the image domain
and acquisition data characteristics in the frequency domain.

Stage II: Cross-domain alignment through contrastive learning. After pre-
training the encoders, we establish a shared latent space that aligns multi-slice image and
k-space representations from the same subject. By aligning high-level representations from
k-space and the image domain, it is possible to construct a unified manifold where anatom-
ical localization, global frequency structure, and physiological patterns coexist. Such a
manifold allows models to learn directly from measurements, preserving information that
reconstruction might obscure, while enabling scalable, task-agnostic representations. A crit-
ical design choice is that the image representations Ti = Ei(Ti(Xi)) are extracted from fully
sampled images to preserve complete semantic content, whereas the k-space representations
T u
k = Ek(Tk(Xu

k )) are derived solely from undersampled data. This configuration rein-
forces the representational capacity of the k-space encoder, which is essential for Stage III,
where downstream analysis must operate under the clinically realistic constraint of using
only undersampled k-space data. By aligning the representations from two domains, we ex-
plicitly encourage the k-space encoder to embed all necessary anatomical cues—even those
missing due to undersampling—into its latent representation.

Before alignment, class tokens from each encoder are projected via domain-specific pro-
jectors Pi and Pk:

Ẑi = Pi(Ti), Ẑk = Pk(T
u
k ). (2)

Contrastive learning is then applied across all subjectsN in a batch, encouraging embed-
dings from the same subject to be closer while pushing embeddings from different subjects
further apart (Hager et al., 2023; Zhang et al., 2025). Both k-space and image encoders are
fine-tuned in this stage. For subject m with image and k-space embeddings zmi and zmk

,
the image-to-k-space loss li,k and the total loss are

ℓi,k = −
∑
m∈N

log
exp (cos (zmi , zmk

) /τ)∑
n∈N ,n̸=m exp (cos (zmi , znk

) /τ)
, L = λℓi,k + (1− λ)ℓk,i, (3)
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where k-space-to-image loss lk,i is calculated analogously, λ is the loss weight, and τ is a
small constant. This alignment stage allows the model to unify two fundamentally different
data sources—image space and k-space—into a coherent, semantically meaningful manifold.

Stage III: Downstream learning directly from undersampled k-space. In the
final stage, we leverage the pretrained k-space encoder to directly perform a range of down-
stream clinical tasks using only undersampled k-space measurements Xu

k . Lightweight
task-specific decoders are attached to handle phenotype regression, disease classification,
and anatomical segmentation. For each task, both k-space encoder and task-specific de-
coder are fine-tuned end-to-end in a supervised fashion. To promote trustworthiness and
interpretability, we also evaluate k-MTR’s reconstruction ability directly from undersam-
pled k-space without an explicit Fourier transform. Similar to AUTOMAP (Zhu et al.,
2018), we learn a mapping from undersampled k-space to the image domain by integrating
an adaptive reconstruction decoder with the pretrained k-space encoder. This enables the
model to simultaneously support image reconstruction and clinical analysis within a unified
representation space.

3. Dataset and Implementation

Datasets. For all 3 stages, we pretrain and fine-tune k-MTR using multi-view 2D+ t cine
MRI scans from 42,000 subjects that are part of the UK Biobank study (Petersen et al.,
2015). Each scan comprises 6 SAX and 3 LAX views, with a spatial resolution of 128× 128
and 50 time frames. As the UK BioBank study provides images only, corresponding k-
space measurements need to be generated. To this end, we first introduce a synthetic
phase to the real-valued images using a Gaussian-smoothed B0 field variation (Brown and
Semelka, 1999). The resulting complex-valued images are then transformed into k-space
via Fourier transform. Cartesian undersampling (Ahmad et al., 2015) with an acceleration
factor of 4 is applied consistently to k-space measurements during both pretraining and
fine-tuning through all 3 stages. For each downstream task, model evaluation is performed
on a held-out set of cine MRI scans of 1,000 subjects from UK Biobank. For downstream
targets, segmentation maps are generated using a convolution-based model (Bai et al., 2018)
and subsequently quality-controlled. For phenotype prediction, we derive 18 phenotypes
from both SAX and LAX segmentation maps (full details are provided in A). For disease
classification, we focus on three cardiac conditions: coronary artery disease (CAD), high
blood pressure, and hypertension (labels are derived following Zhang et al. (2025)).

Implementation. In stage I, imaging and k-space MAEs use 6 encoder and 2 decoder
layers with a token size of 1024. The image patch size is (5, 8, 8) in (T,H,W ) for each slice
and the masking ratio is 70%. k-space data is undersampled by a factor of 4. The batch size
is set to 2. All experiments are implemented in PyTorch and executed on a single NVIDIA
A100 GPU.

In stage II, we apply gradient checkpointing to lower the computational cost of training,
allowing a batch size of 256 for contrastive learning. The projectors consist of two-layer
multi-layer perceptrons (MLPs) that map the token embeddings from image and k-space
pipeline from 1025 to 128 dimensions. τ is set to 0.1 and the loss weight λ is 0.5.

In the final stage, the k-space encoder pretrained in Stages I and II is fully fine-tuned in
Stage III for various downstream tasks. The task-specific decoders are designed as follows:
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Table 1: Mean absolute error for phenotype prediction across methods: ResNet-50 (upper
bound, trained on fully sampled images), ResNet-50u (trained on undersampled
images), ResNet-50k (trained on undersampled zero-filled k-space data), MAE (k-
MTR counterpart without cross-domain alignment), and the proposed k-MTR.
Best: bold, second: green, third: underlined.

Phenotype
Image-based k-space-based

ResNet-50 ResNet-50u ResNet-50k MAE k-MTR

LVEDV (mL) 6.58±9.10 7.35±9.30 9.57±10.75 12.88±11.95 8.15±11.11

LVESV (mL) 5.19±5.15 5.75±5.48 7.05±7.29 7.38±7.26 6.02±6.46

LVSV (mL) 5.68±6.29 6.55±6.44 7.03±6.57 8.42±7.72 6.50±6.83

LVEF (%) 2.95±2.39 3.30±2.52 3.58±2.68 6.09±3.73 3.14±2.40

LVCO (L/min) 0.59±0.58 0.61±0.61 0.68±0.66 0.70±0.71 0.65±0.65

LVM (g) 5.51±5.67 7.01±6.67 8.00±7.36 10.09±8.85 7.20±7.42

RVEDV (mL) 9.24±10.64 10.49±10.83 11.33±9.99 14.76±12.88 10.60±11.99

RVESV (mL) 6.15±6.28 7.35±6.76 7.63±6.91 8.71±7.78 6.98±7.07

RVSV (mL) 7.58±7.43 8.06±7.25 8.41±6.96 9.64±8.28 7.86±7.63

RVEF (%) 3.30±2.97 3.56±3.06 3.66±3.08 5.97±3.71 3.28±2.84

LAV max (mL) 6.65±6.22 8.74±7.49 10.86±10.05 8.81±8.47 8.51±8.21

LAV min (mL) 4.61±4.95 5.60±6.05 7.24±8.33 5.29±6.82 5.49±6.39

LASV (mL) 4.66±3.93 5.41±4.18 5.84±4.99 5.78±4.96 5.34±4.49

LAEF (%) 4.28±4.01 4.82±4.77 5.74±5.66 6.71±5.22 4.72±4.80

RAV max (mL) 7.67±6.60 10.75±9.57 12.89±10.38 12.07±10.49 10.93±9.66

RAV min (mL) 5.84±4.98 7.18±6.52 8.77±7.59 8.31±7.43 7.36±7.18

RASV (mL) 5.80±4.80 7.08±6.44 8.01±6.78 7.40±6.58 7.07±6.30

RAEF (%) 5.09±4.48 5.55±4.97 6.53±5.55 6.56±5.49 5.74±5.10

the phenotype regression and classification decoders both use two-layer MLPs with 256-
dimensional embeddings, while the segmentation decoder is a U-Net–based model (Zhou
et al., 2023) with an embedding dimension of 576. The batch sizes are set to 16 for regression,
32 for classification, and 2 for segmentation. For reconstruction, we adopt the same decoder
architecture as the k-space decoder used in Stage I, but train it from scratch. The batch
size is set to 2. More implementation details are provided in Appendix C.

Baselines. For phenotype regression, we use ResNet-50 (He et al., 2016) and a MAE-
based model (Zhang et al., 2024a) as baseline methods. For ResNet-50, we evaluate three
input settings: (1) fully-sampled images as an upper bound (ResNet-50), (2) undersampled
images (ResNet-50u), and (3) undersampled zero-filled k-space measurements (ResNet-50k).
These baselines enable us to assess: the performance degradation caused by 4-fold under-
sampling ((1) vs. (2)); the effectiveness of k-MTR in predicting clinical phenotypes directly
from k-space ((2) vs. k-MTR); and the necessity of the k-MTR design ((3) vs. k-MTR).
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Table 2: Classification performance across three cardiac diseases for ResNet-50 (trained on
fully-sampled images), ResNet-50u (undersampled images), and the proposed k-
MTR. Positive class ratios are shown as percentages of the cohort. AP: average
precision. Top: green, second: underlined.

Disease Method AUC-ROC↑ F1 Score↑ Recall↑ Precision↑ AP↑

CAD
(7.4%)

ResNet-50 0.608 0.000 0.000 0.000 0.139

ResNet-50u 0.590 0.000 0.000 0.000 0.088

k-MTR 0.737 0.282 0.500 0.197 0.234

High Blood
Pressure
(25.8%)

ResNet-50 0.685 0.095 0.054 0.359 0.397

ResNet-50u 0.550 0.000 0.000 0.000 0.273

k-MTR 0.697 0.474 0.781 0.340 0.386

Hypertension
(20.8%)

ResNet-50 0.607 0.047 0.024 0.714 0.296

ResNet-50u 0.525 0.000 0.000 0.000 0.219

k-MTR 0.710 0.417 0.603 0.319 0.356

The MAE-based model uses the same architecture as k-MTR in Stage III but does not
include the Stage II pretraining, isolating the contribution of cross-domain representation
alignment. For classification, we use ResNet-50 trained on fully-sampled images and its un-
dersampled counterpart ResNet-50u as image-based baselines. For segmentation, we adopt
nnU-Net (Isensee et al., 2021) trained on fully-sampled images as the upper bound (nnU-
Net) and trained on undersampled images (nnU-Netu). Additionally, we compare against
LI-Net (Schlemper et al., 2018), a model specifically developed for segmentation from un-
dersampled cine MR images. For reconstruction, MAE-based k-GIN (Pan et al., 2023b) is
our baseline.

4. Results

In this section, we show that k-MTR provides efficient and comprehensive representations
directly from undersampled k-space, preserving rich cardiac structural and functional infor-
mation. These representations enable accurate performance across a wide range of down-
stream cardiac analysis tasks without requiring explicit image reconstruction.

4.1. k-Space Representations Enable Strong Downstream Performance

We evaluate k-MTR on several clinically relevant tasks, including SAX and LAX pheno-
type prediction, cardiac disease classification, and comprehensive image segmentation across
different planes and time points.

Phenotype prediction. As shown in Tab. 1, k-MTR achieves phenotype prediction ac-
curacy competitive with image-based ResNet-50u, despite operating only on undersampled
k-space. This demonstrates that downstream cardiac analysis does not inherently require
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Figure 2: Segmentation Dice scores and Hausdorff distances of the proposed k-MTR
method, compared with the upper bound nnU-Net, nnU-Netu, and LI-Net.
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Figure 3: Segmentation examples for the 2-chamber, 4-chamber, and SAX views, comparing
predictions from nnU-Net, nnU-Netu, LI-Net, and the proposed k-MTR.

working in the image domain, challenging the conventional reliance on reconstructed images.
Moreover, k-MTR consistently surpasses both the k-space–based ResNet-50k and the MAE
baseline (which shares the same architecture but lacks cross-domain alignment). These gains
emphasize the rich physiological information captured by k-space representations learned
by k-MTR and underscore the critical role of the proposed image–k-space alignment mech-
anism in enabling robust phenotype prediction. The image-based ResNet-50 serves as an
upper bound and further illustrates the performance drop caused by undersampling.

Disease classification. As shown in Tab. 2, k-MTR consistently outperforms both
ResNet-50u trained on undersampled images derived from the same 4-fold k-space data and
the standard ResNet-50 trained on fully sampled images across all three cardiac disease
categories. These gains arise from k-MTR’s ability to learn robust k-space representations
and align them with informative image-domain features. The resulting latent space cap-
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tures both cardiac anatomy and temporal dynamics, enabling more accurate identification
of disease-related patterns and greater robustness to noise, aliasing, and other artifacts
introduced by undersampling.

Image segmentation. As shown in Fig. 2 and Fig. 3, k-MTR achieves competitive
Dice scores and Hausdorff distances, with only a slight reduction compared to nnU-Net-
based baselines and LI-Net, a model specifically designed for segmentation of undersampled
images. This difference is expected, as segmentation relies on fine-grained spatial details,
which are more naturally represented in the image domain, making the task inherently
more challenging for k-MTR. Nonetheless, these results demonstrate that coherent anatom-
ical representations can be learned directly from raw k-space, even without explicit image
reconstruction.

4.2. Clustering in Latent Space

To further demonstrate the meaningful k-space latent representations learned by our model,
we visualize the k-space embeddings using 3D t-SNE in Fig. 4, with points color-coded ac-
cording to key cardiac phenotypes, LVEDV and LVM (more visualizations are provided
in B). Since both spatial and temporal information are critical for accurate phenotype
estimation, the presence of clearly separated clusters suggests that k-MTR captures se-
mantically and temporally meaningful structures directly from the undersampled k-space
domain, reflecting a robust understanding of cardiac variability across subjects.

4.3. Reconstruction Ability for Interpretability

To demonstrate the trustworthiness and interpretability of k-MTR, we evaluate its adap-
tive reconstruction decoder. Although reconstruction is not the primary goal of k-MTR, the
model is able to perform end-to-end reconstruction from undersampled k-space to images

Figure 4: The 3D t-SNE visualization of the k-space and image aligned latent representa-
tions. Latent embeddings are labeled with different phenotypes, categorized into
5 groups according to the ground truth, and shown in different colors.
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Figure 5: Representative examples of end-to-end image reconstructions by the proposed k-
MTR from undersampled k-space measurements, compared with baseline k-GIN.

without an explicit Fourier transform—highlighting its strong, intrinsically interpretable
latent representations. Remarkably, k-MTR achieves a PSNR of 38.18±2.48 dB, match-
ing the performance of the cardiac reconstruction-specific model k-GIN (38.30±2.98 dB).
Example images in Fig. 5 further illustrate the k-MTR’s ability to produce high-fidelity
reconstructions that remain strongly consistent with the reference images.

5. Discussion and Conclusion

In this work, we introduced k-MTR, a framework that learns compact and expressive repre-
sentations directly from undersampled k-space measurements, enabling accurate multi-task
cardiac analysis without explicit image reconstruction. By aligning k-space and image-
domain embeddings, k-MTR captures both frequency-domain structure and spatially lo-
calized anatomy, yielding semantically consistent and information-rich representations. k-
MTR’s superior performance on phenotype prediction, disease classification, and segmen-
tation reveals the largely overlooked diagnostic value embedded in k-space.

A limitation, however, is that our evaluation currently relies on simulated undersam-
pling. Due to the scarcity of large, publicly available real multi-coil CMR k-space datasets,
we have not yet validated k-MTR on genuine clinical acquisitions. Therefore, a critical
next step is to test on prospectively acquired k-space data to establish real-world reliability.
Furthermore, we will also focus on systematically probing k-MTR’s robustness under differ-
ent undersampling ratios and sampling patterns to understand how far acceleration can be
pushed without degrading performance, providing insights for more efficient and task-aware
CMR acquisition protocols.

In conclusion, k-MTR paves a scalable, reconstruction-free path to k-space–driven car-
diac foundation models, unlocking rich physiological information for more efficient, gener-
alizable, and clinically robust cardiac analysis.
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Appendix A. Phenotype Values

The cardiac phenotypes shown in the work include Left Ventricular End-Diastolic Volume
(LVEDV), Left Ventricular End-Systolic Volume (LVESV), Left Ventricular Stroke Vol-
ume (LVSV), Left Ventricular Ejection Fraction (LVEF), Left Ventricular Cardiac Output
(LVCO), Left Ventricular Mass (LVM), Right Ventricular End-Diastolic Volume (RVEDV),
Right Ventricular End-Systolic Volume (RVESV), Right Ventricular Stroke Volume (RVSV),
Right Ventricular Ejection Fraction (RVEF), Left Atrium Volume Maximum (LAV max),
Left Atrium Volume Minimum (LAVmin), Left Atrium Stroke Volume (LASV), Left Atrium
Ejection Fraction (LAEF), Right Atrium Volume Maximum (RAV max), Right Atrium

Table 3: Mean and standard deviation using cohort-level mean estimates for all physiolog-
ical and anthropometric features, as well as SAX and LAX phenotype features.

Phenotype Mean-guess

LVEDV (mL) 25.01±20.49

LVESV (mL) 13.79±11.59

LVSV (mL) 14.58±12.13

LVEF (%) 4.52±3.81

LVCO (L/min) 0.95±0.84

LVM (g) 17.71±12.84

RVEDV (mL) 28.40±20.63

RVESV (mL) 16.37±12.18

RVSV (mL) 15.40±11.61

RVEF (%) 4.81±3.89

LAV max (mL) 16.57±13.40

LAV min (mL) 9.74±9.45

LASV (mL) 8.79±7.03

LAEF (%) 6.51±6.15

RAV max (mL) 19.19±15.42

RAV min (mL) 12.68±10.75

RASV (mL) 9.90±8.05

RAEF (%) 7.17±5.97
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Volume Minimum (RAV min), Right Atrium Stroke Volume (RASV), and Right Atrium
Ejection Fraction (RAEF).

Tab. 3 shows the cohort-level mean and standard deviations of all phenotypes of the
test dataset.

Appendix B. t-SNE Visualization Examples

Fig. 6 shows the t-SNE visualization of the k-space latent representations of k-MTR.

Figure 6: The 3D t-SNE visualization of the k-space latent representations after cross-
domain alignment. Latent embeddings are labeled with different phenotypes,
categorized into 5 groups according to the ground truth, and shown in different
colors.
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Appendix C. Implementation Details

For stage I, the initial learning rate for image pipeline is 3×10−4 and for k-space pipeline is
10−5. We use a cosine annealing scheduler with warmup of 10 epochs and a weight decay of
10−4. The same scheduler is applied to all 3 stages. For stage II, the initial learning rate is
set to 10−5. For stage III, the learning rates are 10−5, 10−6, 10−5, and 10−5 for regression,
classification, segmentation, and reconstruction, respectively.
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