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Abstract. Cardiac shape has been shown to contain prognostic infor-
mation beyond standard scalar clinical measures. Yet, cine MRI rep-
resentation learning often relies on image intensities alone. Therefore,
we incorporate cardiac shape as a prior into Equivariant Neural Fields
(ENFs), which represent cine MRI images as continuous, localized, and
geometrically grounded latent pointclouds. To obtain cardiac shape rep-
resentations, we introduce HeartSDF, a latent set signed distance field
model that encodes segmentation-derived left ventricular and myocardial
anatomy as continuous 3D geometry. We study two ways of using cardiac
shape in ENFs: an explicit prior, where HeartSDF latents are added to
the ENF representation, and an implicit prior, where reconstruction is
focused on the cardiac region by utilizing segmentations during training
and inference. Experiments on UK Biobank show that HeartSDF cap-
tures global cardiac geometry and that cardiac shape provides a useful
prior for clinical endpoint classification. Both explicit and implicit priors
improve ENF-based classification, demonstrating the value of incorpo-
rating anatomical structure into neural field based cine MRI representa-
tions.

Keywords: Equivariant Neural Fields - Shape Representation - Cardiac
Risk Stratification.
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1 Introduction

Cardiovascular disease is one of the leading causes of death worldwide [1]. A ma-
jor challenge for the treatment of cardiac disease is that pathologies can remain
asymptomatic until a severe event occurs. For some patients, the first manifes-
tation of the disease is cardiac arrest, which may result in sudden cardiac death
(SCD) [1]. Patients considered at high risk for cardiac arrest can receive an
implantable cardioverter defibrillator (ICD), which monitors the heart rhythm
and terminates life-threatening ventricular arrhythmias |10]. However, identi-
fying which patients benefit from ICD therapy remains difficult [15]. Current
selection criteria rely heavily on left ventricular ejection fraction (LVEF), de-
spite its limited prognostic value [15]/16]. Since ICD implantation is costly and
associated with complications, improved risk stratification is needed [2].

Cardiac shape provides a clinically meaningful source of information for car-
diac risk stratification; abnormalities in ventricular size, wall thickness, and
chamber geometry are associated with ventricular arrhythmia and SCD risk
[2,/19]. LVEF provides a partial measure of cardiac shape and is therefore widely
used in risk stratification. However, LVEF and other standard scalar measures
that are used in clinical practice, such as ventricular volumes and chamber diam-
eters, do not capture full 3D cardiac geometry. This is an important limitation,
as 3D left ventricular (LV) shape has been shown to contain prognostic infor-
mation beyond these standard clinical measures [2,|19]. This motivates the need
for richer cardiac shape representations in risk stratification.

Cine magnetic resonance imaging (MRI) is widely used for both image-
based risk assessment and segmentation-derived cardiac shape analysis, as it
is non-invasive, avoids ionizing radiation, and provides high soft-tissue contrast
throughout the cardiac cycle [20]. Deep learning methods have increasingly been
used to learn prognostic representations from cine MRI [16,/17,34]. Most ap-
proaches rely on grid-based image encoders and learn directly from image in-
tensities. Neural fields offer an alternative by modeling images as continuous
functions over spatial or spatio-temporal coordinates [8}/31]. Equivariant Neural
Fields (ENFs) extend this idea by representing an image with a localized latent
pointcloud, where each latent has a spatial position and context vector [30]. This
gives ENFs a geometrically grounded representation space that is interpretable,
localized, and equivariant. Recent work has shown that ENFs can reconstruct
cine MRI and learn representations that are competitive with ResNet for down-
stream cardiac endpoint classification [12,/31|. However, ENF representations
are inferred from image intensities alone and do not explicitly encode cardiac
anatomy. In this work, we build on Wiers et al. [31] by incorporating cardiac
shape as a prior in ENF-based cine MRI representation learning, guiding the
representations towards anatomy rather than image intensities alone.

Shape priors are well established in medical image analysis, where they are
used to encourage anatomically plausible segmentations, guide reconstruction,
and learn compact anatomical representations for prediction or generation [3-
5,/11},|25[29,/35]. Chen et al. [6] demonstrate that cardiac shape can improve
cine MRI representation learning, but their approach relies on discrete meshes
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and grid-based image representations. In contrast, we incorporate a continuous
cardiac shape prior into the localized, geometrically grounded representation
space of ENFs.

Neural fields provide such a continuous way to model shape [21}/22,33]. In
this work, we represent cardiac shape as a signed distance field (SDF), which as-
signs each point in space its signed distance to the cardiac surface [22|. Building
on VesselSDF [18|, a 3DShape2VecSet-style latent set model [33], we introduce
HeartSDF to encode segmentation-derived cardiac shapes into compact latent
sets and decode them as continuous SDFs. This representation is naturally com-
patible with ENFs, since both the image and shape models represent a sample
using latent sets.

In this work, we investigate whether cardiac shape priors improve ENF-based
cine MRI representations. We incorporate shape in two complementary ways:
first, by using HeartSDF latents derived from segmentation-based LV and my-
ocardial (MYO) shapes as explicit priors for ENF reconstruction, and second
as an implicit prior, by sampling reconstruction coordinates directly from the
cardiac region to allocate ENF capacity to the heart rather than the full im-
age grid. Our contributions are threefold: (i) We extend ENF-based cine MRI
representation learning with explicit and implicit cardiac shape priors; (ii) We
represent cardiac anatomy using a continuous SDF, adapting a latent set shape
model to LV and MYO shapes; (iii) We evaluate the learned representations on
clinical endpoint classification and show that incorporating cardiac shape, ei-
ther implicitly or explicitly, consistently improves downstream performance over
the unconstrained full-image ENF baseline. The implicit prior often performs
competitively with the explicit prior, while the added value of explicit shape
information on top of the implicit prior is endpoint-dependent.

2 Method

Our method consists of three components: HeartSDF, a 3D cardiac shape model
that represents cardiac shape as an SDF; a 2D ENF that learns cine MRI image
representations; and a clinical endpoint classifier operating on the resulting latent

pointclouds (see [Figure 1)).

2.1 Data and Preprocessing

In order to train and evaluate these components, we use short-axis cine MRI
scans and pathology labels from UK Biobank [27], following the cohort con-
struction of [31]. The final cohort contains 1,739 subjects and includes healthy
subjects and three downstream endpoints: LVEF < 40% (284 subjects), car-
diomyopathy (CMP) (313 subjects), and SCD (304 subjects). For the LVEF
endpoint, manually derived LVEF measurements from UK Biobank were used
rather than the automated UK Biobank inline measurements. Each cine MRI
contains 50 temporal frames with a typical in-plane resolution of 1.8 x 1.8 mm and
an 8 mm slice thickness. Cardiac segmentations are obtained with CINeMA [9).
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Fig. 1: Overview of the proposed cardiac shape prior framework. (1) HeartSDF
learns an SDF representation of segmentation-derived cardiac shape. (2) The car-
diac shape prior is incorporated into ENFs either implicitly (IP, blue) through
restricting reconstruction to the cardiac region, or explicitly (EP, green) through
HeartSDF shape latents. (3) The ENF represents each cine MRI image as a
grounded latent pointcloud by optimizing image contexts to reconstruct the im-
age field.

We use the end-diastolic (ED) and end-systolic (ES) frames, where ED is the
first timeframe and ES is the frame with the smallest LV volume. Although the
source data consist of cine MRI sequences, the experiments in this work use only
the ED and ES frames and therefore do not model temporal dynamics across
the full cardiac cycle. Images are cropped around the heart, min-max normalized
per 2D slice, and coordinates are normalized between [—1, 1]2, following Wiers et
al. . Cardiac shapes are constructed from segmentation slices, which are first
center-of-mass aligned, inspired by Sander et al. [25]. The aligned segmentations
are then converted to meshes and transformed to physical space. To preserve
relative differences in heart size across participants, all shapes are normalized
to [—1,1]3 using a single global scale factor determined by the largest heart in
the dataset, and subsequently processed into watertight surfaces. For HeartSDF
training, we sample surface points from each mesh and generate off-surface points
by perturbing these samples with Gaussian noise.
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2.2 Equivariant Neural Field Cine MRI Representation

ENFs are used as the image representation model in this work. They build on
neural fields and conditional neural fields (CNFs). Neural fields represent data
as continuous functions that map coordinates to values, allowing images to be
queried at arbitrary locations rather than stored only on a fixed grid [32]. CNFs
extend this idea by representing multiple fields with one function through a
conditioning variable z € R¥. An image is then represented as a function

fo(x,2) : RP x RE - R, (1)

where x € R denotes an image coordinate and fp(x,z) the corresponding
intensity value given the conditioning variable. This conditioning variable can
subsequently be used for downstream tasks [8]. A limitation of CNFs is that this
latent is global, meaning that locality and spatial relations are not explicitly
preserved in the representation [30]. ENFs overcome this limitation by replacing
the global conditioning variable with a geometrically grounded, localized latent
pointcloud [30].

Geometric Grounding The ENF representation for a 2D cine MRI slice is
given by

Zimg = {(Pimg.i; Cimg,i)}i\;h (2)

where Pimg,; € R? denotes the latent position and Cimg,; is the corresponding
image context vector, which stores local appearance information [30].

In this work, translation-equivariant ENFs are utilized. ENFs are constructed
to satisfy the steerability condition which ensures a translation of the input image
corresponds to the same translation of the latent poses. For a translation t € R?
and translation operator T; the steerability condition is given by

fe(Tt_1X§ Zimg) = [o(%; TtZimg)- (3)

Specifically, the latent poses are transformed with the image, while context vec-
tors are unchanged:

TyZimg = {(Pimg.i + ¢, cimg,i)}ij\;r (4)

To enforce translation equivariance, the ENF does not depend on absolute image
coordinates and latent poses, but on their relative relation x —p;. For translation
equivariance, this relative relation is

a(X7 pimg,i) = (b(X - pimg,i)a (5)

where ¢ is a Gaussian random Fourier feature (RFF) embedding, which reduces
the low-frequency bias of neural fields [23]/28]. As this relation is preserved under
translations, this ensures translation equivariance.
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Locality The ENF conditions the underlying function on the latent pointcloud
through cross-attention. For a query coordinate x,,, the output is computed as

N
fe(Xm;Z) = Wozatt(xmyzi)v (a(xmypi)7ci)a (6)

where

q(a(X7m pz))T k(cz)
Vi

Here, pio(Xpm,pi) is the log-domain form of a Gaussian spatial window that
enforces locality,

att(x, z;) = softmax <
1

+Mo(xm7pi)> : (7)

2
ﬂa(xmvpi) = —Oatt ||Xm - p’L” . (8)

The Gaussian window, parametrized by o4, enforces interactions between queries
and latent points to remain local; queries far from latents receive lower attention

weights. For computational efficiency, each query coordinate only attends to its

k nearest latent poses [30].

Training and Inference The ENF is trained to reconstruct image intensities
on a set of sampled coordinates X:

Liecon = MSE (f@(X; Zimg)a y(X)) ) (9)

where fo(X;Zimg) and y(X) denote the predicted and ground-truth intensities
evaluated at all coordinates in X and MSE denotes the mean squared error.

The ENF has a decoder-only architecture, and is therefore trained using
Model Agnostic Meta Learning [7], as in Wiers et al. [31]. During the inner loop,
the decoder parameters are fixed, and only the image context vectors cimg ; are
optimized. During the outer loop, the decoder parameters are updated based on
the reconstruction loss from the inner loop optimization. At inference time, the
decoder is kept fixed, and ENF latents are obtained by optimizing the context
vectors for a small number of inner-loop steps.

2.3 HeartSDF Cardiac Shape Representation

We represent cardiac shape using HeartSDF', a supervised cardiac adaptation of
VesselSDF [18]. Separate models are trained for the LV and MYO shapes to ac-
count for their different geometric complexity. The input is a surface pointcloud
sampled from a segmentation-derived cardiac mesh. HeartSDF maps each input
pointcloud to a latent set with a variational autoencoder |14]. Latent points are
selected via farthest point sampling (FPS) and embedded into the full-resolution
pointcloud via cross-attention. An SDF decoder then predicts signed distances
at arbitrary 3D query coordinates by attending to this latent set. Input coor-
dinates are encoded using RFF embeddings [24}[28]. HeartSDF is trained on
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signed distances computed from segmentation-derived meshes, rather than us-
ing the self-supervised surface, normal, and Eikonal losses of VesselSDF |18§]. For
surface and off-surface query coordinates Q the training objective is

Litearsspr = MSE(d(Q, 2),d(Q)) + AkrLkL, (10)

where d(Q) denotes the ground truth distances for all query coordinates and
J(Q, z) the prediction. Here, Lk1, regularizes the variational latent distribution.
After training, the encoder provides a patient-specific 3D cardiac shape repre-
sentation which is used as an explicit prior in ENF training.

2.4 Cardiac Shape Priors

We compare two cardiac shape priors for ENF representation learning: an ex-
plicit prior, where HeartSDF shape representations are incorporated during ENF
training; and an implicit prior, where reconstruction is restricted to the cardiac
region.

Explicit Prior HeartSDF provides 3D shape representations while the ENF
operates on 2D slices. Therefore, we first select the shape latents closest to each
slice and project them onto the image plane. The projected HeartSDF latents
are then concatenated with the ENF latents by matching their spatial positions
using linear-sum assignment with a Euclidean distance cost. For each pair, we
concatenate the image and shape context vectors while keeping the image pose:

Zconcat — {(pimg,i7 [Cimg,i | Cshape,j])}l]‘vzl . (11)

During ENF training and inference, the HeartSDF latents are fixed, and only
the image context vectors are optimized.

Implicit Prior The implicit prior restricts reconstruction queries to the cardiac
region without the use of HeartSDF latents. We sample query coordinates from
the union of the LV and MYO masks and add Gaussian noise to include nearby
background intensities, and obtain non-integer intensities by bilinear interpo-
lation. Since neural fields can be queried at arbitrary coordinates, this focuses
ENF capacity on the cardiac region. For the remainder of the research we will
refer to this implicit prior as the Cardiac Sampling setting (CS). In this setting,
ENF latent poses are initialized with FPS over the sampled cardiac coordinates.
We compare CS to the full image reconstruction objective (FI). In this case the
latents are placed in a regular grid over the image. CS uses the union of the
LV and MYO masks to define the cardiac sampling region, whereas the explicit
prior experiments consider LV and MYO shape representations separately; a
combined LV+MYO explicit prior is not evaluated in this study.
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2.5 Clinical Endpoint Classification

For clinical endpoint classification, we train a Platonic Transformer [13] classifier
with Rotary Position Embeddings [26], which enables translation equivariance.
The classifier takes latent pointcloud representations as input, combining the
ED and ES representations from either the ENF or the shape model.

Image-based Classification To combine the timeframes, we match ED and
ES latent representations in the same manner as the image and shape repre-
sentations . The resulting representation contains one pose and the
concatenated ED-ES context. We use the middle three short-axis slices, following
Wiers et al. [31]. After ED-ES concatenation is performed per slice, the three
slices are combined into a single pointcloud by adding a relative slice coordinate:

p;’ ==y — pP=(2y2), ze{-101} (12)

These representations are then used as input to the classifier.

Shape-only Classification For shape-only classification, we use the 3D HeartSDF
latent representations directly, after matching and concatenating the ED and ES
timepoints. The resulting 3D latent pointcloud is passed to the same Transformer
classifier.

Training and Evaluation For each endpoint, we split the dataset at the pa-
tient level into balanced training, validation, and test sets using a 60/20/20
ratio. For LVEF, CMP, and SCD, the training/validation/test splits contain
170/57/57, 187/63/63, and 182/61/61 patients, respectively. The ENF and HeartSDF
representation models and downstream classifiers use different data splits, such
that classifier test subjects may appear during representation model training.
However, ENF and HeartSDF are trained without clinical endpoint labels, and
therefore no label leakage occurs between representation learning and down-
stream classification. For each endpoint and representation type, we perform a
Bayesian hyperparameter search over the learning rate and weight decay, us-
ing 10 optimization trials. Both parameters are sampled log-uniformly, with the
learning rate ranging from 10~ to 10~3 and weight decay from 1073 to 10~1.
Model selection is based on validation Area Under the Receiver Operating Char-
acteristic Curve (AUROC) using 3-fold cross-validation, after which the selected
model is evaluated on the held-out test set.

3 Results and Evaluation

This section describes the experimental setup of the ENF and HeartSDF, after
which the results on reconstruction performance and clinical endpoint classifica-
tion are discussed.
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3.1 Experimental Setup

The ENF and HeartSDF models are evaluated separately. Image reconstruction
is assessed using the peak signal-to-noise ratio (PSNR), while shape reconstruc-
tion is evaluated qualitatively and quantitatively through the Chamfer Distance
(CD) and the 95th percentile Hausdorftf Distance (HD-95). The quality of all
learned representations is evaluated on clinical endpoint classification. This in-
cludes HeartSDF shape representations and ENF representations from the FI
and CS settings, with and without explicit shape priors. For the three clinical
endpoints, we report the AUROC. This is compared against a ResNet base-
line |12].

ENF The ENF representations consist of 64 latent points with a dimensionality
of 16. We use an 80/10/10 patient-level split, resulting in 1,391 training patients,
174 validation and 174 test patients. The ENF is trained on the middle 6 slices
for both ED and ES timepoints, yielding 16,692 training samples. The decoder
has a hidden and attention dimensionality of 128 and 3 attention heads. We use
k = 4 nearest-neighbor attention and a Gaussian window with scale 2. The ENF
is trained for 2 epochs with a batch size of 16. Each inner loop the image context
latents are initialized uniformly with 1/16 and updated for 3 inner steps with
a learning rate of 60.0. The decoder parameters are updated with full second-
order gradients using Adam with learning rate 5 x 10~%. For both the outer
and inner-loop learning rates we use 50 warm-up steps. In the FI setting, all
8,100 image coordinates are used as queries. In the CS setting, we sample 6,480
coordinates from the shared MYO and LV mask, corresponding to 80% of the FI
query coordinates, adding Gaussian noise with a standard deviation of 5 pixels.

HeartSDF We sample 4096 coordinates from the shape surface, of which 2048
serve as input to the encoder and 2048 serve as surface query coordinates. Ad-
ditionally we sample 1024 off-surface query coordinates. For MYO, half of the
off-surface coordinates are sampled from the interior whenever available to bet-
ter represent negative SDF values. The encoder downsamples the input to 512
latent points, and the decoder predicts SDF values for all surface and off-surface
queries. LV and MYO models use the same architecture, consisting of six self-
attention blocks, and differ only in the RFF sigma, which is set to 0.3 for LV and
0.5 for MYO. The autoencoder is trained for 10 epochs with a batch size of 16,
using 14,416 training, 1,902 validation and 1,902 test samples with a patient-
level split including both ED and ES. We use a linear learning-rate schedule
from 1 x 1076 to 1 x 10~ over 5 epochs and back to 1 x 1075, a regularization
weight of 1 x 1073, and data augmentation with rotations up to £0.2 radians
and translations up to +0.1.

3.2 Reconstruction of Cardiac Shapes

HeartSDF produces smooth, anatomically plausible shapes that follow the global
geometry of the ground truth (Figure 2|). The model reconstructs continuous
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Fig. 2: Shape reconstructions for the LV and MYO.

shapes from sparse slice-based pointclouds, smoothing slice-induced artifacts and
handling missing regions such as the apex in an anatomically plausible manner.
However, fine anatomical detail is lost. The reconstructions preserve pathology-
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Table 1: Shape reconstruction performance on the test set. Values are reported
as mean + standard deviation across test samples. CD is reported in normalized
coordinate units (x10%), while HD95 is reported in mm.

Structure CD (x10°) HD95 (mm)

LV 2.55 +0.67 6.60 = 0.88

MYO 2.48 +£0.69 6.69 4+ 1.30

related morphology, with SCD and CMP cases appearing larger and more dilated
than healthy controls, whereas low-LVEF shapes are less visually distinct.

The qualitative results are supported quantitatively with comparable LV and
MY O reconstruction performance in CD and HD95 . Overall, HeartSDF
captures global cardiac anatomy while smoothing fine details and completing
missing regions.

Table 2: Reconstruction performance for full image reconstruction and cardiac
sampling. The performance is denoted with PSNR in dB. The best performing
models are highlighted. PSNR is computed over the respective reconstruction
coordinate sets: the full image grid for FI and the sampled cardiac region for

CS.

Model Full image PSNR Cardiac Sampling PSNR
No explicit prior 27.174 27.538
LV prior 24.727 24.353
MYO prior 24.856 25.072

3.3 Reconstruction of Cine MRI Images

The ENF without an explicit prior achieves the highest PSNR in both the FI and
CS settings . Because FI and CS PSNRs are evaluated over different
coordinate supports, their absolute values are not directly comparable. Neverthe-
less, CS yields numerically higher PSNR values than FI for the no-explicit-prior
and MYO-prior models. While this difference cannot be interpreted as a direct
improvement in reconstruction quality, it is consistent with the hypothesis that
restricting reconstruction to the cardiac region reduces the complexity of the re-
construction task. Within both reconstruction settings, adding an explicit shape
prior reduces PSNR relative to the corresponding no-explicit-prior model under
our two-epoch training budget. Qualitatively, CS concentrates reconstruction

capacity on the heart while ignoring surrounding anatomy (Figure 3)).

3.4 Clinical Endpoint Classification

We evaluate all learned representations on downstream clinical endpoint classi-
fication. This includes HeartSDF shape latents, ENF latents without an explicit
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Fig. 3: ENF image reconstructions.

prior from the FI and CS settings, and ENF latents combined with explicit LV or
MY O shape priors. The performance is compared against a ResNet baseline .

The shape-only baselines show that cardiac geometry contains prognostic
information . LV shape performs close to ResNet for LVEF prediction,
consistent with the dependence of LVEF on LV cavity volume. MYO shape
performs strongly for CMP, suggesting that MYO geometry and wall structure
are informative for this endpoint. For SCD, all methods remain close to chance,
although LV shape improves over the Fl-only representation.

CS substantially improves the ENF without an explicit prior over FI recon-
struction across all endpoints, with the largest gain for CMP. This indicates that
restricting reconstruction to the cardiac region provides a strong implicit shape
prior and yields more informative image representations. CS without an explicit
prior achieves the best overall CMP performance and approaches the ResNet
baseline for LVEF prediction.

Explicit shape priors are most beneficial in the FI setting. Adding LV or MYO
shape improves FI performance across all endpoints. For SCD, FI + LV shape
has the highest mean AUROC, although all methods remain relatively close to
chance and the differences should be interpreted cautiously at this sample size.
In the CS setting, the added value of the explicit prior is smaller and more
endpoint-dependent: MYO shape slightly improves LVEF, LV shape improves
SCD while remaining near chance, and neither improves over CS-only for CMP.

Overall, these results suggest that a cardiac shape prior can improve ENF
representations, although the benefit depends on the prior formulation and clin-
ical endpoint.
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Table 3: Clinical endpoint classification AUROC results. Values are reported as
mean + standard deviation across the three cross-validation folds. The represen-
tations with the highest mean AUROC are highlighted. The CS representations
require segmentations at inference.

Representation LVEF < 40% CMP SCD

ResNet 0.9745 £ 0.0023 0.6478 & 0.0101  0.5500 % 0.0079

FI - no explicit prior  0.8908 + 0.0255  0.5732+ 0.0177  0.5305 + 0.0116

CS - no explicit prior 0.9673 +0.0137 0.7643 + 0.0107 0.5889 4+ 0.0510

LV shape only 0.9710 +0.0093  0.6850 = 0.0052  0.5791 &£ 0.0356
FI + LV shape 0.9686 £ 0.0099  0.7173 £0.0201 0.6033 £ 0.0192
CS + LV shape 0.9707 £0.0086  0.7540 +0.0141  0.6011 £ 0.0334
MYO shape only 0.9453 £0.0075  0.7398 £ 0.0569  0.5576 £ 0.0422
FI + MYO shape 0.9491 £0.0177  0.6464 £0.0520  0.5445 £ 0.0293

CS + MYO shape 0.9738 £0.0117  0.7495 4+ 0.0140  0.5597 £ 0.0365

4 Conclusion and Discussion

This work investigated whether cardiac shape priors improve ENF-based cine
MRI representations, either through an explicit prior from HeartSDF shape
representations or an implicit prior introduced by sampling coordinates from
the cardiac region. Overall, the results show that cardiac shape can improve
downstream clinical endpoint classification and that HeartSDF captures global
cardiac geometry. However, under the training budget used in this study, the cur-
rent strategy for incorporating the explicit shape prior does not improve image
reconstruction.

The HeartSDF reconstructions show that the model can represent cardiac
shapes derived from segmentation in a plausible way. The reconstructed LV
and MYO surfaces preserve global anatomy and handle segmentation-induced
artifacts and missing information. However, they smooth over fine anatomical
detail, which may be explained by the low-frequency bias of neural fields.

Under our two-epoch ENF training budget, explicit shape priors reduce im-
age reconstruction PSNR in both the FI and CS settings. This suggests that
the ENF decoder does not effectively use the additional shape information for
the reconstruction task. This is potentially caused by a harder initialization
strategy due to the concatenated shape representations or by the dimensionality
mismatch between 2D images and 3D shapes. As a result, the decoder may rely
primarily on the image latents and treat the fixed shape latents as noise.

Despite this, the downstream results show that cardiac geometry contains
clinically relevant information, suggesting that reconstruction quality should not
be interpreted as a direct proxy for the clinical relevance of the learned repre-
sentations. In the FI setting, explicit LV and MYO shape priors improve over
the ENF without an explicit prior for all endpoints. This supports the motiva-
tion behind this work that cardiac shape provides information that is not fully
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captured by unconstrained image reconstruction. For SCD, these improvements
remain modest, with AUROCSs close to chance, and do not provide strong evi-
dence of improved SCD prediction. These results should therefore be interpreted
as a proof of concept for anatomically informed cine CMR representations. The
benefit of the explicit shape prior depends strongly on the baseline represen-
tation. When the implicit CS prior is used, the ENF without an explicit prior
yields better results, indicating that restricting reconstruction to the cardiac re-
gion indeed acts as a strong implicit anatomical prior. In this setting, adding
HeartSDF representations gives only small and task-dependent improvements.

Several limitations remain. First, slice alignment is based on the center of
mass, which is a simple approximation and may remove relevant anatomical
variation. As such, utilizing more sophisticated shape representation approaches
that account for the difficulties in cine MRI reconstruction may improve the
results further. Second, the current shape prior implementation strategy may
not be best suited for the ENF. As the strategy does not guarantee that the
ENF decoder uses the shape latents, the model may learn to ignore them. As
such, other prior strategies should be explored. A natural direction is to train
the ENF and HeartSDF models jointly, so that image and shape latents are
learned in a shared representation space. Last, the ENF models were trained
under limited compute constraints and on a relatively small set, which may limit
representation quality and the robustness of the downstream results. Extending
this to more data and more training iterations could help capture the fine details
in the image and improve the representations overall.

Therefore, future work should focus on tighter coupling between image and
shape representations, better shape representations, and more compute. Addi-
tional extensions could include inferring shape directly from image latents or
incorporating other structures and modalities.

In conclusion, cardiac shape is a useful prior for ENF-based cine MRI rep-
resentation learning. The explicit shape priors improve full image ENF repre-
sentations, and cardiac sampling provides a strong implicit anatomical prior.
Future neural field representations of cardiac MRI should therefore incorporate
anatomical structure more directly.
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