
RePCM: Region-Specific and
Phenotype-Adaptive Bi-Ventricular Cardiac

Motion Synthesis

Xuan Yang1, Xiaohan Yuan1,2, Hao Li1, Lingyu Chen3, Yanan Liu1,4, and Lei
Li1B

1 Department of Biomedical Engineering, National University of Singapore,
Singapore

lei.li@nus.edu.sg
2 School of Automation, Southeast University, Nanjing, China

3 School of Computer Science and Technology, Nanjing University of Aeronautics and
Astronautics, Nanjing, China

4 School of Information Science and Engineering, Yunnan University, Kunming,
China

Abstract. Cardiac motion over a cardiac cycle is crucial for quantify-
ing regional function and is strongly affected by cardiovascular diseases.
Since temporally dense cardiac mesh sequences are difficult to obtain in
practice, we focus on leveraging the more accessible end-diastolic frame
to infer a full-cycle sequence. Due to strong regional and disease-specific
differences, traditional methods often oversmooth the data by relying
on generative models that are optimized for global patterns. To ad-
dress this problem, we propose Region-Aware and Phenotype-Adaptive
Bi-Ventricular Cardiac Motion Synthesis (RePCM) for single frame Bi-
ventricular mesh motion completion. In Stage I, a reconstruction network
learns vertex-wise motion descriptors and clustering yields a data-driven
functional partition, providing an explicit motion derived region struc-
ture. In Stage II, a Region-Specific Injection Module enforces masked,
synchronized region exchange within a conditional VAE, preserving local-
ized specific dynamics and restricting cross-region mixing. A Phenotype-
Adaptive Mixture-of-Experts prior conditioned on ED shape uses anatomy-
guided cues to model latent motion trends and capture inter-disease vari-
ability. Experiments on three datasets covering different cardiovascular
diseases show consistent gains in geometric and functional metrics and
improved preservation of region specific dynamics. Our code is available
at https://github.com/yangxuan-nus/RePCM.

Keywords: Cardiac Motion · Conditional Generative Model · Multi-
Disease Modeling.

1 Introduction

During the cardiac cycle, the heart undergoes complex three-dimensional de-
formations, with different chambers and anatomical regions exhibiting distinct

https://github.com/yangxuan-nus/RePCM
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contraction and relaxation patterns [6]. These spatiotemporal motion character-
istics are closely associated with a wide spectrum of cardiovascular diseases [18].
Accurate modeling of such dynamics is therefore essential for regional functional
assessment, understanding cardiac remodeling, and building individualized com-
putational cardiac models. However, learning physiologically consistent cardiac
dynamics remains challenging. Cardiac morphology and motion are intrinsically
coupled, while different disease populations exhibit diverse motion patterns [18].
In addition, clinical image sequences often suffer from irregular temporal sam-
pling or missing frames, making it difficult to recover a complete cardiac cycle
and maintain cross-phase consistency without densely observed sequences [5].

Early cardiac generative modeling largely relied on template registration
and statistical shape models (SSMs), which establish population-level compar-
isons through consistent parameterization [13]. Although SSMs offer good in-
terpretability, the linear shape space and static modeling assumptions limit
their ability to capture complex nonlinear deformations and temporal dynamics.
More recently, implicit representations have been explored for complex anatomy
[10,19]. SDF4CHD uses signed distance fields to accommodate congenital topo-
logical variations [10], and ST-NDF extends neural distance fields to spatiotem-
poral generation from a single frame [19]. However, implicit methods often
lack stable topology and explicit point-wise correspondence, making them less
suitable for fine-grained mesh-based dynamic analysis. In contrast, VAE-based
frameworks generate explicit, vertex-aligned meshes, enabling reliable regional
tracking and functional measurements. CHeart [17] performs conditional spa-
tiotemporal generation using voxel labels and clinical variables, yet spatial and
temporal variations are mainly captured in a shared latent space. MeshHeart
[16] learns a canonical BiV 3D+t distribution for phenotypic analysis but fo-
cuses largely on healthy cohorts. CardioSynth4D [7] improves controllability
via shape-motion disentanglement, but still lacks explicit mechanisms for fine-
grained regional motion modeling.

To address these limitations, we propose Region-Aware and Phenotype-
Adaptive Bi-Ventricular Cardiac Motion Synthesis (RePCM), a motion gen-
erative framework oriented toward unified-topology bi-ventricular meshes. This
method generates full-cycle sequences using a single-phase end-diastolic (ED)
mesh as input, simultaneously modeling regional motion constraints and cross-
disease dynamic differences during the generation process. Specifically, we in-
corporate region-aware motion priors to preserve localized dynamics and im-
prove cross-phase consistency, reducing oversmoothing across functionally dif-
ferent regions. In addition, we employ a shape-conditioned, phenotype-adaptive
mixture-of-experts (MoE) prior to capture disease-specific motion variability by
leveraging the intrinsic coupling between morphology and motion.

2 Method

Our framework aims to learn multi-disease, region-aware cardiac dynamics and
performs single-frame cardiac motion completion. Given an end-diastolic (ED)
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(c) Stage II: Motion sequence completion
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Fig. 1: Overview of the proposed RePCM framework. (a) Stage I: Data-
Driven Functional Partitioning. (b) Region-Specific Injection Module. (c) Stage
II: Cardiac Motion Sequence Completion.

mesh X0 ∈ RN×3, our goal is to synthesize a full cardiac cycle X̂0:T−1 ∈ RT×N×3

by predicting ED-relative trajectories X̂T ∈ RN×(T ·3):

X̂t = X0 + X̂t
T , t = 0, . . . , T − 1. (1)

As illustrated in Fig. 1, RePCM has two stages: (I) Data-Driven Functional Par-
titioning: we derive a cohort-level functional partition from reconstruction-based
motion descriptors, yielding a vertex-to-region assignment and a region adja-
cency prior for region-specific motion modeling. (II) Cardiac Motion Sequence
Completion: we inject this region prior into a conditional VAE to constrain inter-
region communication, and use a Phenotype-Adaptive MoE prior conditioned on
X0 to model phenotype-related motion variability from the ED geometry.

2.1 Stage I: Data-Driven Functional Partitioning

We adopt DyMeshVAE [20] as a motion feature extractor for functional parti-
tioning. Through ED-relative trajectory reconstruction, it learns shape-motion
disentangled representations and provides vertex-wise motion descriptors for dis-
covering shared functional regions. The reconstructor encodes ED-relative tra-
jectories Xt

T = Xt − X0 into a vertex-wise motion descriptor z(v) ∈ Rd. We
then cluster {z(v)}Nv=1 using KMeans to obtain a functional partition, assigning
each vertex to one of R motion regions. With consistent vertex correspondence
across subjects, this vertex-wise clustering yields a shared partition for the co-
hort. Based on this partition, we further build a binary region adjacency prior
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A ∈ {0, 1}R×R to specify allowable inter-region communication in the comple-
tion model.

2.2 Stage II: Cardiac Motion Sequence Completion

Region-Prior Injected Anchor Encoder Given the ED mesh X0 and rel-
ative trajectories XT , we obtain vertex features by applying distinct positional
encodings to their coordinates, X̄0 = PE0(X0) and X̄T = PET (XT ), follow-
ing [20]. Farthest point sampling (FPS) then selects K anchor vertices on the
input (K = 512), and their features are gathered as anchor tokens. Each anchor
inherits the region ID of its sampled vertex.

Region-Specific Injection Module To inject region priors into the com-
pletion encoder, we introduce a region-aware exchange module. Cardiac motion is
highly heterogeneous across anatomical locations [4,12], while global attention
tends to over-smooth localized dynamics and mix functionally different parts.
Therefore, the learned region prior is injected to explicitly constrain information
exchange using the adjacency mask A. Region tokens are obtained by pooling
anchor tokens within each region, producing R̄0 and R̄T . Masked SyncAttention
is applied at the region level: inter-region routing is computed from x0, masked
by A via Hadamard product, and reused to update both streams.

R̂0 = Softmax

(
R̄0 R̄

⊤
0√

dk
⊙ A

)
R̄0 + R̄0,

R̂T = Softmax

(
R̄0 R̄

⊤
0√

dk
⊙ A

)
R̄T + R̄T ,

(2)

where dk denotes the channel dimension of the projected space and ⊙ is the
Hadamard product. The updated region tokens R̂0, R̂T are then broadcast back
to anchors according to region IDs, providing region-aware context for anchor
tokens x0 and xT . Finally, the updated region tokens are injected into anchor fea-
tures via FiLM [14], which performs region-conditioned feature-wise modulation
before the residual update:

x0 ← x0 + FiLM
(
LN(x0); R̂0

)
, xT ← xT + FiLM

(
LN(xT ); R̂T

)
. (3)

This produces region-consistent, adjacency-constrained exchange while preserv-
ing stream-specific content, yielding region-aware anchor representations for the
trunk. A stack of attention layers further refines the anchor tokens. Each layer
applies self-attention on x0 and a SyncAttention block that reuses routing from
x0 to update both x0 and xT , producing the final anchor representations.

Phenotype-Adaptive MoE During training, the encoder infers a motion pos-
terior qϕ(zm | X0:T−1) and regularizes it towards the shape-conditioned prior
pθ(zm | X0). A single disease label may not faithfully reflect motion phenotypes,
which are strongly tied to cardiac shape. To capture disease-specific variability,
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we parameterize this prior with a shape-conditioned, phenotype-adaptive MoE.
Specifically, we compute a global shape embedding es by pooling shape tokens x0

over anchors. We maintain E prototypes {pe}Ee=1 in the same embedding space
and obtain soft expert weights by cosine-similarity assignment. Each expert pre-
dicts Gaussian prior parameters (µe,σ

2
e) = he(x0), and we combine experts in

parameter space to form the final prior:

we = Softmax
(
⟨ês, p̂e⟩

)
, e = 1, . . . , E,

µp =

E∑
e=1

we µe, σ2
p =

E∑
e=1

we σ
2
e,

(4)

where ·̂ denotes ℓ2-normalization. This defines pθ(zm | X0) = N (µp, diag(σ
2
p)).

The prototypes are updated using an exponential moving average (EMA) of as-
signed embeddings, providing stable adaptive phenotype clustering during train-
ing.

Anchor-Guided Trajectory Decoder The sampled latent vector is projected
to anchor tokens x0 and xT and refined by a stack of SyncAttention layers.
We recover dense trajectories by a cross-attention write-back from anchors to
vertices, using x0 as keys and xT as values:

H = Softmax

(
X̄0 x

⊤
0√

dk

)
xT . (5)

The predicted trajectories are obtained by

∆X̂T = Reshape(Linear(H)) ∈ RT×N×3. (6)

2.3 Loss Function

The objective is adapted from the evidence lower bound in [9] and consists of
two parts:

L = Lrec + β LKL. (7)

The reconstruction loss Lrec measures the discrepancy between the predicted
mesh sequence and the ground-truth sequence. To encourage accurate estimation
of motion patterns, we use an MSE loss over all vertices and time frames:

Lrec =
1

TN

T−1∑
t=0

N∑
v=1

∥∥∥x̂(v)
t − x

(v)
t

∥∥∥2
2
. (8)

The KL loss LKL measures the divergence between the approximate posterior
and the prior distribution:

LKL = DKL(qϕ(zm | X0:T−1) ∥ pθ(zm | X0)) . (9)
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3 Experiments and Results

3.1 Datasets and Preprocessing

For validation, we employed three publicly available cardiac cine MRI datasets:
ACDC [2], M&Ms [3], and M&Ms-2 [11]. For each dataset, segmentation masks
are converted into subject-specific bi-ventricular surface meshes over the full car-
diac cycle by fitting an SSM [1] to multi-phase contours, using global alignment,
non-rigid refinement, and temporal smoothing to obtain anatomically consistent
and reproducible meshes. Our study considers four cardiac phenotypes: normal
(NOR), dilated cardiomyopathy (DCM), hypertrophic cardiomyopathy (HCM),
and right-ventricular abnormality (RV), covering major variations in ventricular
morphology and function with sufficient sample sizes for cross-dataset analy-
sis. The cohort includes 666 subjects from ACDC (120), M&Ms-2 (260), and
M&Ms (286), with 194 NOR, 187 DCM, 175 HCM, and 110 RV cases. All
meshes are aligned to the template frame via center-of-mass matching and rigid
registration applied to all frames, then normalized by a global scaling factor.
Sequences are temporally resampled to 25 frames and split by patient into train-
ing/validation/test with a 7:1:2 ratio.

3.2 Implementation Details

The proposed framework is implemented in PyTorch. All experiments were con-
ducted on a single NVIDIA RTX 4090 GPU with 24GB memory. The encoder
and decoder are each composed of 8 attention layers. During encoding, 512 an-
chor tokens are sampled from the input mesh using FPS. The model is optimized
using the AdamW optimizer with an initial learning rate of 1×10−4 and a batch
size of 8. The latent dimension is set to 16. Training was performed for up to 500
epochs with early stopping based on the validation performance. RePCM con-
tains 21.34M parameters and generates a full sequence in 0.026 s per subject, with
a peak inference memory of 0.61GB. Region-aware operations are performed on
compact anchor and region tokens, avoiding dense vertex-level communication.

3.3 Evaluation Metrics

We evaluate BiV sequence completion using ASSD, HD95, and vertex-wise RMSE,
reported separately for LV and RV. All methods condition on the end-diastolic
first-frame mesh X0 to predict the full cardiac cycle. We compare with a condi-
tional VAE and adapted baselines, including ACTOR [15], Action2Motion [8],
CHeart [17], MeshHeart [16], and CardioSynth4D [7], all evaluated under the
same unified-topology BiV sequence completion setting.

3.4 Results

Comparison Results As summarized in Table 1, our method achieves the best
overall reconstruction accuracy across ASSD, HD95, and vtxRMSE. The largest
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Table 1: Comparison on LV/RV surface reconstruction accuracy (mean ± std).
Methods ASSD (mm)↓ HD95 (mm)↓ vtxRMSE (mm)↓

LV RV LV RV LV RV

CVAE 2.16± 0.66 2.08± 0.63 4.34± 1.28 4.80± 1.75 3.86± 1.32 4.25± 1.52

ACTOR 2.10± 0.63 2.20± 0.79 4.28± 1.39 4.85± 2.30 3.71± 1.38 4.16± 1.81

Action2Motion 2.28± 0.70 2.18± 0.77 4.81± 1.63 5.07± 2.15 4.20± 1.51 4.51± 1.83

CHeart 2.21± 0.60 2.04± 0.64 4.48± 1.27 4.73± 1.70 3.80± 1.23 4.14± 1.49

MeshHeart 2.09± 0.64 2.11± 0.62 4.23± 1.28 4.78± 1.75 3.78± 1.32 4.20± 1.52

CardioSynth4D 2.07± 0.64 2.04± 0.71 4.22± 1.41 4.73± 1.95 3.63± 1.36 4.16± 1.68

RePCM (Ours) 1.79± 0.60 2.00± 0.76 3.94± 1.48 4.54± 2.04 3.43± 1.42 4.08± 1.74

gain is observed for the LV, where HD95 decreases from 4.22 mm to 3.94 mm
compared with CardioSynth4D, suggesting that our model more effectively sup-
presses localized reconstruction errors and preserves fine-grained LV geometry.

Figure 2 visualizes three representative cases at two time points (t=10, t=18).
Across diseases and phases, our predictions exhibit the smallest error regions
and better preserve fine-grained ventricular morphology. Notably, RV remains
challenging across all methods due to complex anatomy and larger inter-subject
variability, but our model reduces both average and near-worst-case RV errors.
Consistent with these findings, Fig. 3 (a-b) show that our method follows the
reference volume trajectories more closely throughout the cardiac cycle with a
narrower uncertainty band, suggesting more temporally consistent dynamics.

1 误差

CVAE CardioSynth4D RePCM (Ours)MeshHeartCHeartAction2MotionACTOR

HCM

t=10

t=18

DCM

t=10

t=18

NOR

t=10

t=18

0 2 4 6 8 10
Error (mm)

Fig. 2: Illustration of bi-ventricular motion completion results. HCM:
hypertrophic cardiomyopathy. DCM: dilated cardiomyopathy. NOR: normal.
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Table 2: Ablation on the region partition R and expert number E.

Variant Setting ASSD (mm) ↓ HD95 (mm) ↓ vtxRMSE (mm) ↓

LV RV LV RV LV RV

w/o MoE
R=16 1.90± 0.69 2.02± 0.80 4.05± 1.50 4.80± 2.22 3.51± 1.46 4.17± 1.83

R=24 1.98± 0.59 2.06± 0.77 4.16± 1.46 4.70± 2.09 3.56± 1.41 4.17± 1.82

R=32 1.97± 0.60 2.04± 0.72 4.15± 1.45 4.91± 2.04 3.59± 1.43 4.18± 1.72

w/ MoE
E=4 1.79± 0.60 2.00± 0.76 3.94± 1.48 4.54± 2.04 3.43± 1.42 4.08± 1.74

E=6 1.90± 0.60 2.07± 0.71 4.07± 1.41 4.74± 1.94 3.55± 1.34 4.19± 1.63

E=8 1.86± 0.60 2.03± 0.74 4.12± 1.50 4.80± 2.09 3.58± 1.43 4.19± 1.78

(d)

(a)

(c)

(b)

Fig. 3: Comparison Results: (a) LV volume curves. (b) RV volume curves. Ab-
lation Results: (c) Normalized LV volume/EDV curves by disease. (d) Expert-
disease usage matrix showing expert specialization.

Ablation Results Table 2 studies the number of motion regions R and experts
E. The best BiV completion performance is achieved with R=16, while larger
R slightly degrades performance, suggesting over-partitioning weakens region-
specific motion cues and encourages more averaged global dynamics. Adding
MoE improves our base framework with the best setting at E=4, whereas larger
E reduces accuracy due to fewer samples per expert and less stable routing.

Figure 3 (c) shows disease-wise LV volume trajectories normalized by EDV.
Compared with the non-MoE variant, the MoE-enhanced model produces more
phenotype-distinct dynamics, suggesting improved capture of phenotype depen-
dent motion patterns. Fig. 3 (d) further visualizes phenotype-aware routing by
assigning each test case to the expert with the highest gating weight. The result-
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ing usage matrix shows clearer expert preference for DCM and RV, while NOR
and HCM exhibit more mixed routing, consistent with their partially overlapping
motion characteristics.

4 Conclusion

We propose a multi-disease, region-aware conditional generative framework for
single-frame bi-ventricular mesh motion completion. The framework links car-
diac shape and motion across disease populations through a two-stage design.
First, reconstruction motion descriptors are clustered to obtain cohort-level mo-
tion regions and a region adjacency prior. Second, the priors are injected into a
conditional VAE through a Region-Specific Injection Module, promoting region-
consistent information exchange. A shape-conditioned Phenotype-Adaptive MoE
prior captures disease-specific variability. Experiments on three public datasets
show improved motion fidelity and better preservation of region-specific dynam-
ics over state-of-the-art methods. Future work will explore learnable region ad-
jacency for subject-specific inter-region coupling and extend the framework to
broader phenotypes and whole-heart anatomy.
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