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Abstract. Accurate three-dimensional (3D) reconstruction of the four-
chamber heart from routine cine MRI remains an open challenge due
to sparse slice acquisition, inter-slice misalignment, and the structural
heterogeneity of cardiac substructures. Although cine MRI is the clin-
ical gold standard for cardiac assessment, its inherent 2D acquisition
limits comprehensive 3D characterization of both ventricular and atrial
anatomy. Existing reconstruction approaches predominantly focus on
biventricular geometry and do not explicitly address multi-class anatomi-
cal completion under severe sparsity. We propose HeartFormer, a semantic-
aware dual-structure transformer designed for multi-class cardiac point
cloud completion. HeartFormer jointly models global cardiac topology
and substructure-specific geometric priors within a unified coarse-to-fine
refinement framework, enabling anatomically coherent four-chamber re-
construction from sparse and misaligned inputs. We embed HeartFormer
within the first completely automated geometric deep learning pipeline
for 3D four-chamber cardiac surface reconstruction from routine cine
MRI. To facilitate systematic evaluation, we introduce HeartCompv1,
the first large-scale public benchmark for multi-class cardiac point cloud
completion, comprising 17,000 high-resolution 3D heart models. Exten-
sive cross-domain experiments on HeartCompv1 and UK Biobank demon-
strate that HeartFormer achieves state-of-the-art geometric accuracy while
preserving clinically meaningful structural fidelity. Code and dataset are
available at https://github.com/MultiMeDIA-Oxford/HeartFormer.

Keywords: 3D Cardiac Reconstruction · Cine MRI · Point Cloud Com-
pletion · Geometric Deep Learning · Multi-Class Anatomical Modeling.

1 Introduction

Cardiac magnetic resonance imaging (MRI) is widely regarded as the clinical
gold standard for evaluating cardiac morphology and function [16, 21]. In rou-
tine practice, cine MRI acquires a limited set of two-dimensional (2D) short- and
long-axis slices providing complementary multi-view observations of the heart;
however, their inherently 2D slice-based nature constrains accurate 3D character-
ization of cardiac anatomy [4, 11]. High-fidelity 3D representations are essential
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for quantitative biomarker analysis, pathology visualization, and patient-specific
simulations of cardiac mechanics [10, 19]. Existing reconstruction methods pre-
dominantly adopt a slice-based segmentation-to-surface paradigm, and remain
susceptible to sparse spatial sampling and inter-slice motion [1, 14, 23, 27]. Re-
cent advances in geometric deep learning approaches [3, 9, 26, 31, 35] largely focus
on biventricular reconstruction as evidenced in the recent review [17], neglecting
atrial anatomy whose thin walls and intricate topology pose additional challenges
for accurate four-chamber reconstruction.

3D point clouds offer a flexible and efficient representation for modeling ge-
ometric structure, establishing a direct bridge between sparse sensor measure-
ments and learning-based shape inference [13]. However, the inherent sparsity, in-
completeness, and misalignment of acquired data make point cloud completion a
fundamental problem in geometric deep learning [7, 30, 34]. Existing point cloud
completion networks [20, 24, 28, 32] primarily address single-class objects or scene
reconstruction, and do not explicitly account for structured multi-class comple-
tion within a single anatomical organ. In the context of cardiac reconstruction,
this requires jointly modeling heterogeneous substructures and preserving their
interdependent spatial relationships, an aspect that remains largely unexplored.

In this work, we address multi-class anatomical completion as a distinct and
clinically motivated problem in geometric deep learning. Our objective is to si-
multaneously reconstruct six anatomically and functionally distinct cardiac sub-
structures, namely left ventricular (LV) endocardium, LV epicardium, right ven-
tricular (RV) endocardium, RV epicardium, left atrium (LA), and right atrium
(RA), from sparse and misaligned cine MRI. This task entails substantial geo-
metric heterogeneity within a single organ, including thin-walled atrial anatomy
and tightly coupled inter-chamber spatial relationships, all of which must be
recovered coherently to ensure anatomically valid four-chamber reconstruction.

To tackle these challenges, we introduce HeartFormer, a semantic-aware dual-
structure transformer that jointly models global cardiac topology and substructure-
specific geometric priors, enabling structurally consistent multi-class comple-
tion under severe sparsity and slice misalignment. HeartFormer is embedded
within the first completely automated geometric deep learning pipeline for 3D
four-chamber cardiac reconstruction from routine cine MRI, transforming multi-
view 2D slices into sparse 3D point clouds and progressively refining them into
dense, anatomically coherent surfaces. In addition, we release HeartCompv1, the
first large-scale public benchmark for multi-class cardiac point cloud completion,
comprising 17,000 high-resolution 3D heart models. This dataset establishes the
first open resource for systematic evaluation of multi-class medical point cloud
completion, facilitating fair comparison and large-scale supervised learning in
this emerging area. Extensive cross-domain evaluation on HeartCompv1 and UK
Biobank demonstrates HeartFormer’s state-of-the-art (SOTA) geometric accu-
racy together with clinically meaningful structural fidelity.



HeartFormer for 3D Four-Chamber Cardiac Reconstruction 3

Psparse
�� × 4

n

��/2 × �

��/2 × 4

SA-GSA

s

��/2 × 4

n

s s

s s ��/2 × �
SA-SSA

Fsub

Psub

Pglo

Fglo

Pcoarse

SA-GRT

SA-GRT

Pmid

Pfine

Pcoarse

+

Offset

SEBlock Expanding Transformer Max Concat

Self-Attention

Cross-Attention

�� × 4

�� × 4

n

��/2 × �

GEBlock MLP UpSampling 

SAX

4ch LAX

2ch LAX

2D cine MRI

Segmentation and contour extraction

Fig. 1: Overview of the proposed HeartFormer architecture. 2D cine MRI slices
are first segmented to extract cardiac contours, which are converted into sparse
point clouds serving as the input. HeartFormer first employs a Semantic-Aware
Global Structure Aggregation (SA-GSA) module and a Semantic-Aware Sub-
structure Aggregation (SA-SSA) module to generate a coarse point cloud,
Pcoarse, by modeling global context and substructure semantics. A subsequent
two-stage SA-GRT progressively enhances geometric detail and anatomical con-
sistency, yielding the final high-fidelity reconstruction, Pfine.

2 Method

2.1 3D Four-Chamber Cardiac Reconstruction Pipeline

We present the first 3D four-chamber cardiac surface reconstruction pipeline
based on point cloud completion, which converts misaligned 2D cine MRI slices
into a complete 3D four-chamber cardiac point cloud and mesh. The pipeline
takes a cine MRI stack comprising short-axis (SAX) and two- and four-chamber
long-axis (2ch, 4ch LAX) views as input. First, a segmentation network gener-
ates the corresponding segmentation masks, from which contours are extracted
[2]. These contours, combined with the spatial coordinates, are registered in
3D space and converted into point clouds, resulting in a sparse and misaligned
cardiac point cloud. To handle sparse points across different substructures, we
propose HeartFormer, a multi-class point cloud completion network that simul-
taneously corrects misalignments and infers dense, anatomically consistent point
distributions. The completed point clouds enable high-quality mesh reconstruc-
tion through Poisson surface reconstruction followed by Ball Pivoting [5].

2.2 HeartFormer

The overall architecture of our proposed HeartFormer is illustrated in Fig. 1.
We first employ semantic-aware dual-structure processing to generate an initial
coarse point cloud, Pcoarse, that integrates both global and substructure-level
information. Subsequently, a two-stage Semantic-Aware Geometry Refinement
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Transformer (SA-GRT) serves as the core of the coarse-to-fine refinement mod-
ule, leveraging global context and substructure semantics to progressively refine
the point cloud. This process produces a dense, high-fidelity, and anatomically
consistent cardiac point distribution, Pfine.

Semantic-Aware Dual-Structure Processing. We introduce SA-GSA and
SA-SSA modules to obtain a coarse labeled point cloud that integrates both
global context and substructure-level information, while simultaneously extract-
ing corresponding hierarchical features at the global and substructure levels to
guide the subsequent refinement process, as illustrated in Fig. 1. The input
sparse point cloud (Psparse ∈ RNs×4) is first processed by SA-GSA to extract
semantic-enhanced geometric representations, yielding a set of global key points
Pglo ∈ RNc/2×4 and their corresponding global features Fglo ∈ RNc/2×C . In par-
allel, the SA-SSA processes the input sparse point cloud to capture substructure-
level key points Psub ∈ RNc/2×4 and substructure features Fsub ∈ RNc/2×C . Ns
and Nc denote the numbers of sparse and coarse points, respectively, C is the
feature dimension, and the 4 represents 3D coordinates with a semantic label.

(Pglo,F1) = FGEBlock
(
Psparse

)
, (1)

Fglo = T
[
max

g

(
Mg(F1)

)
, Pglo

]
, (2)

(Psub,F2) = FSEBlock
(
Psparse

)
, (3)

Fsub = T
[
max

s

(
Ms(F2)

)
, Psub

]
, (4)

where FGEBlock and FSEBlock denote the functions of GEBlock and SEBlock,
respectively, which extract global and substructure geometric embeddings from
the sparse input point cloud Psparse. The transformer operator T (·) further ag-
gregates contextual information to generate semantic-aware representations Fglo
and Fsub. The operators max(·) and M(·) represent the element-wise maximum
aggregation and the multi-layer perceptron (MLP), respectively. The global and
substructure representations are fused to form the initial coarse point cloud:

Pcoarse = [Pglo,Psub], (5)

where [ · , · ] denotes feature-wise concatenation.

Semantic-Aware Geometry Refinement Transformer (SA-GRT). To
further refine both the geometry and semantic distribution, we introduce a re-
finement strategy implemented via a two-stage SA-GRT. Learnable offset vectors
are applied to the upsampled coarse points, enabling adaptive spatial adjust-
ment and preserving semantic coherence during refinement. In the first stage,
the coarse point cloud Pcoarse is processed by a feature encoding module to
obtain its latent representation:

Fcoarse = ΦE(Pcoarse), (6)
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where ΦE(·) denotes the feature embedding function.
In parallel, the global features Fglo and substructure features Fsub are indi-

vidually processed by their respective expanding functions. The expanded fea-
tures, together with the coarse feature Fcoarse, are fed into a Multi-Attention Ag-
gregation (MAA) module that facilitates adaptive information exchange across
structural levels.

F′
glo = AMAA

(
Φg(Fglo), Fcoarse

)
,

F′
sub = AMAA

(
Φs(Fsub), Fcoarse

)
,

F′
coarse = [F′

glo, F
′
sub ],

(7)

where Φg(·) and Φs(·) denote the global and substructure expanding functions,
respectively, and AMAA(·) represents the MAA operator.

Given the enhanced feature representation F′
coarse, an offset generation mod-

ule predicts fine-grained geometric adjustments, which are then applied to the
upsampled coarse points to produce the intermediate point cloud Pmid:

Pmid = Foffset
(
F′

coarse
)
+ Up

(
Pcoarse

)
, (8)

where Foffset(·) denotes the offset generation function and Up(·) represents the
upsampling operation.

Subsequently, the intermediate point cloud Pmid is fed into the second stage
of the SA-GRT, which performs another round of feature aggregation and offset
refinement. This hierarchical refinement produces the final output Pfine:

Pfine = AGRT(Pmid) + Up
(
Pmid

)
, (9)

where AGRT(·) denotes the feature aggregation operator within SA-GRT module.

Loss Function. For semantics-guided supervision, we employ a Semantic-Aware
Chamfer Distance (SA-CD) loss that explicitly integrates anatomical semantics
into geometric alignment. Unlike the standard Chamfer Distance, which treats
all points equally, SA-CD computes the distance independently for each anatom-
ical substructure, ensuring balanced optimization across components of varying
sizes and point densities. By introducing semantic partitioning, this loss effec-
tively preserves structural boundaries and mitigates cross-class interference dur-
ing refinement. The SA-CD loss is defined as:

LSA(P,G) =
1

2K

K∑
k=1

(
Ex∈P(k) min

y∈G(k)
∥x− y∥2 + Ey∈G(k) min

x∈P(k)
∥x− y∥2

)
,

(10)
where P(k),G(k) ∈ RN×3 are the subsets of predicted and ground truth (GT)
points corresponding to class k, E denotes the expectation operator. To enforce a
coarse-to-fine reconstruction paradigm, SA-CD is applied at all prediction stages:

L = Lcoarse + Lmid + Lfine =
∑

s∈{coarse,mid, fine}

LSA(Ps,G). (11)

This hierarchical supervision jointly promotes global structural consistency and
locally smooth surface reconstruction across all cardiac substructures.
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2.3 Synthetic Dataset Generation

To address the scarcity of large-scale real-world 3D whole-heart anatomical
datasets, we construct and publicly release HeartCompv1 (N = 17,000), a large-
scale dataset derived from the High-Resolution Atlas and Statistical Model [12].
Specifically, we sample full heart meshes from the statistical shape model by
randomly varying the 50 principal modes of variation. We define slicing planes
for each heart mesh in accordance with standard clinical cine MRI protocols
[15]. Assuming slice misalignment can be modeled by rigid transformations, we
introduce simulated misalignment artifacts caused by respiration or patient mo-
tion into each SAX and LAX slice. Following [4], misalignments are divided
into five levels: none, mild, medium, strong, and severe. For each level, inde-
pendent Gaussian perturbations with increasing standard deviations are applied
to reflect varying degrees of misalignment. The resulting 2D contours are con-
verted to 3D point clouds to generate sparse, misaligned contours representing
real cine MRI. Finally, we extract dense point clouds from the vertices of the
deformed heart meshes that serve as ground truth for training. We release the
detailed dataset generation protocol and dataset on the GitHub repository and
https://zenodo.org/records/20721166.

3 Experiments and Results

Dataset. HeartCompv1 dataset contains paired sparse and dense point clouds
for training and evaluation. The training set consists of 10,000 samples with
varying degrees of misalignment to improve model robustness. The validation
set and five test sets each contain 1,000 samples. The five test sets correspond
to different levels of misalignment, thereby representing different levels of recon-
struction difficulty. In addition, we evaluate HeartFormer on a subset of the UK
Biobank dataset [22] to assess its generalization in real-world scenarios. Specifi-
cally, we select a real-world clinical subset of 116 subjects, acquired from multiple
imaging centers (Cheadle and Newcastle), to evaluate model performance under
realistic heterogeneous clinical setting. The cohort includes both healthy and
diseased individuals, as well as male and female participants (83/33), with a
wide age range of 47–78.8 years (mean 65.5± 7.4 years). Multiple prevalent car-
diovascular conditions are represented, including myocardial infarction (37.1%),
hypertension (39.7%), ischemic heart disease (41.4%), atrial fibrillation (13.8%),
and heart failure (6.0%).
Evaluation Metrics. To assess reconstruction accuracy, we employ Chamfer
Distance (CD) and Hausdorff Distance (HD) as quantitative geometric met-
rics. In addition, we compute several clinically relevant indices, including stan-
dard volumetric measurements at end-diastole: left and right ventricular volumes
(LVV, RVV) and left and right atrial volumes (LAV, RAV).
Evaluation on HeartCompv1 Dataset. We compare our proposed Heart-
Former with SOTA single-class point cloud completion methods, including Fold-
ingNet [30], PoinTr [33], FBNet [29], SnowflakeNet [25], AdaPoinTr [32], Anchor-
Former [8], CRA-PCN [20], ODGNet [6], PointAttN [24], and SymmComp [28],
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Table 1: Quantitative comparison of reconstruction results for five different levels
of misalignment in the HeartCompv1 dataset. Best results are indicated in bold.

Methods CD (mm) ↓ HD (mm) ↓
None Mild Medium Strong Severe None Mild Medium Strong Severe

FoldingNet 2.174 2.233 2.350 2.489 2.674 16.323 16.457 16.573 16.660 16.996
SnowflakeNet 2.649 2.822 3.235 3.719 4.262 12.816 13.121 13.894 16.448 20.909
PoinTr 2.016 2.388 2.784 3.162 3.565 18.916 19.234 19.760 20.688 23.020
FBNet 1.453 1.710 1.939 2.147 2.369 7.738 8.446 10.141 11.788 13.722
AdaPoinTr 1.288 1.484 1.705 1.931 2.182 7.038 7.199 8.134 9.097 10.514
AnchorFormer 4.964 5.272 5.700 6.203 6.787 21.624 22.026 22.701 23.499 24.711
CRA-PCN 2.158 2.384 2.705 3.108 3.600 10.596 10.992 11.827 14.399 18.979
ODGNet 1.743 1.942 2.186 2.488 2.839 14.523 14.901 15.657 16.525 18.759
PointAttN 1.653 1.796 1.986 2.196 2.436 8.986 9.423 10.474 11.912 13.478
SymmComp 1.268 1.429 1.637 1.857 2.083 5.664 5.993 6.949 8.230 9.613
PCCN 1.628 1.746 1.992 2.323 2.731 6.723 7.065 8.277 9.761 11.662
HeartFormer 1.194 1.373 1.585 1.799 2.037 5.417 5.678 6.285 7.401 8.662

Table 2: Quantitative comparison of
models on the UK Biobank dataset.

Structure CD (mm) ↓ HD (mm) ↓

PCCN Heart-
Former PCCN Heart-

Former

LV Endo 2.712 1.382 12.423 11.184
LV Epi 3.460 1.551 15.485 12.057
RV Endo 3.360 1.790 16.550 15.924
RV Epi 3.374 1.755 17.706 11.456
LA 5.036 2.344 20.398 19.749
RA 3.723 2.037 16.217 15.038

Table 3: 3D volumetric clinical metrics
(mean ± SD) at end-diastole.

Sex Metric Proposed Benchmark

Female

LVV 131.0 ± 11.4 124 ± 21
RVV 142.3 ± 10.8 130 ± 24
LAV 57.5 ± 10.4 62 ± 17
RAV 62.8 ± 9.8 69 ± 17

Male

LVV 159.8 ± 19.3 166 ± 32
RVV 185.2 ± 20.0 182 ± 36
LAV 66.2 ± 12.3 71 ± 19
RAV 92.8 ± 25.9 93 ± 27

as well as the multi-class completion method PCCN [4]. We evaluate all methods
on five test sets exhibiting different degrees of misalignment: none, mild, medium,
strong, severe. These configurations simulate realistic inter-slice motion artifacts
commonly observed in dynamic cardiac MRI, enabling a systematic assessment
of robustness of each model under varying conditions. For quantitative compari-
son in Table 1, our method achieves the best performance across all misalignment
levels and metrics with statistically significant improvements (Wilcoxon signed-
rank test). HeartFormer contains 5.688M parameters with 87.036 GFLOPs, and
achieves an average inference time of 0.0358s per sample on a single GPU.
Analysis on UK Biobank Dataset. Table 2 further demonstrates that Heart-
Former consistently and statistically significantly (Wilcoxon signed-rank test)
outperforms PCCN for each cardiac substructure in real-world clinical scenarios.
Table 3 summarizes the estimated end-diastolic 3D volumetric clinical metrics
for female and male subjects, alongside the reference values from [18]. Our 3D
reconstructions achieve physiologically plausible scores across all metrics and ac-
curately capture sex-related differences. Figure 2 presents reconstruction results
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The dynamic video is in the supplementary.

Table 4: Effects of global and substruc-
ture geometric features and points.

Fglo Pglo Fsub Psub CD ↓ HD ↓

✓ ✓ 1.701 7.411
✓ ✓ ✓ 1.678 7.355

✓ ✓ 1.689 7.390
✓ ✓ ✓ 1.648 7.267

✓ ✓ ✓ ✓ 1.596 6.750

Table 5: Effects of loss functions.
SA-CD

Lgeo CD ↓ HD ↓
LcoarseLmidLfine

✓ Worng labeling
✓ ✓ 1.624 6.988

✓ ✓ 1.637 7.071
✓ ✓ ✓ 1.596 6.750
✓ ✓ ✓ ✓ 1.616 6.876

for four representative subjects from the UK Biobank dataset. The proposed
HeartFormer produces more anatomically faithful and complete cardiac surfaces
compared to PCCN. Figure 3 shows the 4D cardiac mesh and point cloud recon-
struction for a typical UK Biobank subject, effectively capturing the dynamic
motion of cardiac contraction and relaxation. Both qualitative and quantita-
tive analyses confirm that HeartFormer delivers accurate, robust, and clinically
meaningful reconstruction performance.
Ablation Studies. As presented in Table 4, both global and substructure geo-
metric points and features substantially improve model performance. In particu-
lar, the substructure geometric points and features contribute more significantly
than the global geometric components. In Table 5, removing any component in
Semantic-Aware Geometry loss leads to a consistent drop in performance, con-
firming the necessity of multi-scale semantic alignment. Models trained without
Semantic-Aware guidance show clear semantic mislabeling, while the additional
geometry loss (i.e., the Chamfer Distance loss without Semantic-Aware guid-
ance) does not yield further improvement, suggesting that the Semantic-Aware
Geometry loss already provides strong geometric regularization.

We further analyzed the robustness of HeartFormer under defective and noisy
input conditions. Specifically, we simulated incomplete point clouds with 10%
and 20% missing points and introduced localized perturbations by adding Uni-
form noise within [-3, 3]mm to 10-20% of randomly selected points, mimicking
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segmentation inaccuracies commonly encountered in clinical practice. Compared
with the standard setting (chamfer distance: 1.585 mm), HeartFormer main-
tained stable performance under missing-point conditions (10%: 1.588 mm; 20%:
1.599 mm) and noisy perturbations (10%: 1.611 mm; 20%: 1.646 mm), demon-
strating its robustness and stability under challenging clinical-like conditions.

4 Conclusion

In this work, we present the first geometric deep learning framework for 3D
four-chamber cardiac reconstruction from cine MRI using multi-class point cloud
completion. Central to our framework is HeartFormer, a novel completion net-
work that jointly leverages global anatomical context and local substructural
priors, while adaptively refining substructure representations under semantic-
conditioned guidance to achieve high-fidelity cardiac reconstruction. We intro-
duce HeartCompv1, the first large-scale dataset for multi-class cardiac point
cloud completion. We hope HeartFormer and HeartCompv1 will inspire future
research in this direction and contribute to advancing clinically impactful 3D
and 4D cardiac modeling.
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