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Abstract. Reconstructing 4D (3D+t) cardiac geometry from sparse 2D
echocardiography is highly desirable yet fundamentally challenged by ge-
ometric ambiguity and temporal discontinuity. To tackle these issues, we
propose Echo4DIR, a novel test-time 4D implicit reconstruction frame-
work. Specifically, we learn robust 3D shape priors from statistical shape
models (SSMs) via a cardiac conditional SDF, constructing an Epipo-
lar Mask Encoder module with epipolar cross attention to effectively
fuse multi-view features. To bridge the synthetic-to-real domain gap, we
introduce a self-supervised SDF-tailored differentiable rendering strat-
egy for patient-specific 3D shape adaptation using uncalibrated clinical
masks without requiring 3D ground truth. Crucially, the inherent conti-
nuity of implicit representation overcomes sparse observations, enabling
anatomically reliable geometry at arbitrary resolutions. Furthermore, to
empower our framework with physically continuous 4D extension, we in-
troduce a Radial SDF Alignment strategy that strictly locks shape evo-
lution to the predicted velocity field, fundamentally eliminating mesh
drift. Extensive experiments on synthetic benchmarks and real clinical
datasets demonstrate that Echo4DIR achieves state-of-the-art 4D car-
diac mesh reconstruction, notably yielding an impressive clinical overlap
of up to 98.35% Dice and 96.75% IoU. The code will be available in
https://github.com/ryannus2025-ai/Echo4DIR.

Keywords: 4D Cardiac Reconstruction · Echocardiography · Implicit
Neural Representation · Test-Time Optimization.

1 Introduction

Patient-specific 3D+t cardiac anatomical twins [11,21], which enable the auto-
mated assessment of cardiac morphology [6], motion [22], and function [7], hold
immense promise for the early diagnosis and surgical navigation of cardiovascular
diseases. While cardiac Computed Tomography (CT) [1], and Magnetic Reso-
nance Imaging (MRI) [22], provide high-quality static anatomical details, their
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high cost or potential radiation exposure restrict their application in frequent
examinations. In contrast, 2D Ultrasound (US) [9], despite being ubiquitous and
real-time, inherently lacks 3D spatial context and relies heavily on clinician expe-
rience, introducing significant diagnostic uncertainty. Furthermore, 3D US [2] is
often compromised by motion artifacts. Therefore, reconstructing 3D+t cardiac
structures from multi-view 2D US emerges as a promising approach to achieve
low-cost, high-precision, and personalized cardiac anatomical twins.

Recently, several impressed approaches have emerged. Stojanovsk et al. [18]
reconstructed 3D cardiac voxels from multi-view synthetic 2D US, which ignores
the synthetic-real domain shift. Laumer et al. [9] proposed a weakly supervised
single-view reconstruction framework, training an image-mesh autoencoder [23]
using cycle-consistency loss. Subsequently, Li et al. [21] introduced a genera-
tive framework based on diffusion models [17], learning the conditional distri-
bution of 3D cardiac anatomy in a latent space with the CT supervision. Yet,
the probabilistic nature of such models may lead to anatomical hallucinations,
hindering the patient-specific reconstruction. A recent approach [10] integrated
Graph Convolutional Networks (GCNs) [20] for 3D+t left ventricular (LV) mesh
reconstruction, trying to capture the diversity of clinical cases via explicit dif-
ferentiable rendering. Despite these advancements, reconstructing 3D+t cardiac
geometry from sparse 2D US views remains the challenges: 1) Geometric Am-
biguity. The inherent sparsity of 2D echocardiography views induces significant
information loss, particularly in unseen areas, making the model difficult to de-
termine the underlying 3D shape. 2) Temporal Discontinuity. Directly extending
static reconstruction to 3D+t sequences fails to establish dense anatomical cor-
respondences across frames. This lack of explicit kinematic constraints leads to
temporal artifacts such as mesh flickering and non-physical deformations.

To tackle these challenges, we propose Echo4DIR, a pioneering Echo-
cardiography based 4D Implicit cardiac Reconstruction framework via con-
ditional Signed Distance Functions (SDFs) [16]. Specifically, Echo4DIR inte-
grates three key designs: 1) We pioneer the integration of conditional SDFs into
echo-based 3D+t cardiac shape reconstruction to optimize geometric ambiguity.
Utilizing multi-view 2D mask features fused by the Epipolar Cross Attention
(ECA) [19] as the condition, we learn a continuous 3D cardiac SDF trained by
SSM priors. 2) We introduce a Differentiable Rendering (DR) strategy tailored
for SDFs to bridge the domain gap between synthetic SSMs and real clinical data,
which fine-tunes the implicit surface using real echo masks and learnable trans-
ducer parameters, yielding high-fidelity, patient-specific cardiac geometry. 3) We
introduce a Radial SDF Alignment (RSA) strategy driven by the learned veloc-
ity field to harmonize spatial shape with temporal motion correlations, which
resolves the topological inconsistency (mesh drift and volume collapse) inherent
in SDF-derived meshes, achieving effective 3D+t dynamic reconstruction. Es-
sentially, our proposed Echo4DIR operates as a Test-Time Optimization (TTO)
framework enabling patient-specific shape adaptation. By exploiting the conti-
nuity of SDFs, it enables the plausible completion of unobserved geometry at
arbitrary resolutions and robustly extends SDFs to the dynamic 3D+t domain.
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Fig. 1: Overall architecture of our proposed Echo4DIR framework.

2 Methodology

Overall Architecture. As shown in Fig. 1, we propose Echo4DIR, a pioneering
3D+t cardiac reconstruction framework via conditional SDFs from sparse-view
2D echo masks, consisting of: 1) SSM-pretrained Cardiac Conditional SDF net-
work (CCSDF) to learn cardiac shape priors. As shown in Fig. 1 (a), we simulate
the US probe imaging on SSM meshes to generate pseudo masks from different
views, which are encoded by the Epipolar Mask Encoder (EME) module in-
tegrated with a Epipolar Cross Attention (ECA) into the latent vector as the
condition of SDFs. 2) Test-time 3D+t Reconstruction Optimization. As shown
in Fig. 1 (b), for shape optimization, clinical 2D echo masks are fed into CCSDF
with learnable transducer to initialize the implicit surface. We introduce a SDF-
tailored differentiable rendering strategy to enable self-supervised shape adap-
tation. For motion optimization, we introduce the Velocity Network to predict
an implicit velocity field for any SDF point over time, integrating with a Radial
SDF Alignment strategy to lock shape evolution with the velocity field, further
achieving the robust 3D+t reconstruction. Below, we describe the details.

2.1 3D Cardiac Shape Representation via Conditional Signed
Distance Function

To overcome the discretization artifacts in voxel and mesh based representations,
we introduce the deep-learning conditional Signed Distance Function (SDF) [16].
Firstly, we define the SDF as a continuous mapping SDF (·) : R3 → R. For any
spatial query point x ∈ R3, the value s = SDF (x) ∈ R represents the Euclidean
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distance to the nearest surface boundary S, where the sign indicates the interior
or exterior regions. The cardiac surface is implicitly represented by the zero-
level set S = {x ∈ R3 | s = SDF (x) = 0}. Next, we encode the individual
target shape into a latent vector z and parameterize SDF (·) using a Multi-Layer
Perceptron (MLP) [4]. The conditional SDF fθ

SDF can be formulated as:

fθ
SDF (z,x) ≈ SDF (x),∀x ∈ Ω, (1)

where θ denotes the learnable parameters of the MLP, z ∈ RL is the latent vector
encapsulating the patient-specific geometry and L is the dimension of the latent
space. Ω ⊂ R3 represents the set of spatial query points.

Epipolar Mask Encoder. We construct an Epipolar Mask Encoder to
generate a personalized latent vector from v-view echo masks. First, a shared-
weight 2D convolutional backbone [5] Φ1 is used to extract the feature map Fv =
Φv(Mv) ∈ RC×H′×W ′

from the mask Mv, where C, H ′ and W ′ are the number
of channels, height and width. To capture the cross-view correlations [19], we
introduce an Epipolar Cross Attention (ECA) module, which projects the anchor
feature F0 into the Query Q ∈ RC×H′×W ′

and projects the auxiliary feature Fi

into the Key and Value K,V ∈ RC×H′×W ′
. Then we define an epipolar vertical

window W to address the probe bias, namely, each pixel p on the anchor view
only needs to search within the corresponding window of the auxiliary view as:

F̂ (p) = F0(p) +
∑

j∈W(p)

Softmax
(
Q(p) ·K(j)

τ

)
V (j),

z = MLP
(
AvgPool

(
Φ2(F̂ )

))
,

(2)

where τ is a temperature factor. F̂ encodes the multi-view context. Φ2 denotes
the convolution. AvgPool(·) and MLP(·) denote average pooling and MLP.

2.2 Self-supervised SDF-tailored Differentiable Rendering

During test-time optimization, the model encounters clinical 2D echo masks that
exhibit inherent domain gaps from the SSM priors. To enable patient-specific
shape adaptation, we introduce a SDF-tailored differentiable rendering strategy.
To address probe misalignment, we parameterize the transducer for each view
v via a learnable spatial transformation Tv = {Rv, tv, sv}, denoting rotation,
translation, and scaling, respectively. This allows us to explicitly map any sam-
pled 2D pixel p = (x, y) on the image plane (p̄ = [x, y, 0]⊤) to its corresponding
3D spatial coordinate xp = svRvp̄+ tv.

After querying the 3D SDF value at xp, the continuous distance should be
converted into a 2D mask probability to compute the self-supervised loss. Tradi-
tional methods for surface extraction (e.g., the step function) is non-differentiable
and severs the gradient flow [10]. To resolve this, we formulate a differentiable
rendering strategy that maps the predicted SDF value fθ

SDF (z,xp) to a soft
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probability M̂v(p) using a scaled Sigmoid function with a temperature parame-
ter α > 0 as:

M̂v(p) =
1

1 + exp(α · fθ
SDF (z,xp))

. (3)

2.3 Cardiac Spatial-Temporal Reconstruction via Neural Velocity
Modeling

We define a continuous neural velocity field Ψω parameterized by a MLP. Given
a 3D spatial point xt ∈ R3 and a normalized timestamp t ∈ [0, 1], Ψω predicts
the velocity vector vt ∈ R3. Here, a sinusoidal positional encoding γ(·) [13] is
applied to preserve high-frequency motion details:

vt = Ψω(γ(x), γ(t)). (4)

Furthermore, we employ a bidirectional LSTM [3] ΦBiL to refine the temporal
motion correlations of the latent vectors [z̃1, . . . , z̃T ] = ΦBiL([z1, . . . , zT ]; θBiL).
Therefore, we obtained the C-SDF fθ

SDF for 3D shape and the velocity field Ψω

for cardiac motion. To overcome the inherent limitation of the SDF (topologi-
cally inconsistent meshes generated by frame-by-frame Marching Cubes [12]), we
extract only a single initial 3D mesh M0 = (X0,F) at t = 0 from fθ

SDF , where X0

and F denote the initial vertex set and face topology. For subsequent frames, we
propagate each individual vertex xt−1 ∈ Xt−1 using the Ψω as x̂t = xt−1+vt−1.
To correct shape deviations accumulated by Ψω, we introduce an explicit Radial
SDF Alignment strategy leveraging the shape prior from each frame’s SDF:

xt = x̂t − fθ
SDF (z̃t, x̂t) ·

∇fθ
SDF (z̃t, x̂t)

∥∇fθ
SDF (z̃t, x̂t)∥2

(5)

where x̂t and xt denote the drifted vertices and the aligned vertices at frame t.
The scalar fθ

SDF (z̃t, x̂t) evaluates the signed distance from the drifted vertex to
the true surface, while ∇fθ

SDF

∥∇fθ
SDF ∥2

represents the unit surface normal. By moving
the drifted vertex x̂t along the inverse normal direction by the SDF distance,
this operation explicitly pushes it onto the zero-level set (fθ

SDF = 0).

2.4 Model Optimization and Loss Function

We optimize our proposed Echo4DIR using two strategies: 1) SSM priors Super-
vised pretraining and 2) Test-time self-supervised learning.

SSM Priors Supervised Pretraining. We pretrain the CCSDF using SSM
data [9,10], simulating US imaging to synthesize pseudo-echo masks by rotating
the meshes to standard apical views. The CCSDF predicts the implicit surface
at sampled 3D query points x ∈ Ω. The network is optimized end-to-end using
an L1 reconstruction loss and an L2 regularization loss to prevent overfitting as:

Lpt =
1

|Ω|
∑
x∈Ω

∣∣fθ
SDF (z,x)− sgt(x)

∣∣
1
+ λ1|z|22, (6)



6 F. Author et al.

where sgt is the ground-truth SDF from SSM mesh and λ1 is the weight scalar.
Test-time self-supervised learning. 1) Shape self-supervised learning.

The cardiac shape is optimized by a hybrid loss Lrender, which combines pixel-
wise Binary Cross-Entropy (BCE) LBCE and global Dice Loss LDice between
the rendered probability M̂v and the clinical mask Mv:

Lrender =
1

V

V∑
v=1

( 1

|P|
∑
p∈P

LBCE(M̂v(p),Mv(p)) + LDice(M̂v,Mv)
)
. (7)

2) Motion self-supervised learning. We supervise the velocity network Ψω

through the temporal evolving implicit surfaces. Based on Lagrangian kinemat-
ics [14,15], a physical point xt advected by vt should lie on the zero-level set
of the next frame’s surface. To ensure robust motion tracking, we introduce a
bidirectional transport loss [14] as:

Ltransport =Ext

[
w(xt) · |fθ

SDF (z̃t+1,xt + vt)|22
]
+

Ext+1

[
w(xt+1) · |fθ

SDF (z̃t,xt+1 − vt+1)|22
]
+ Lsmooth,

(8)

where the weight w(x) = exp(−|fθ
SDF (z̃,x)|) ensures the optimization focuses on

the anatomical boundaries. Ext
denotes the expectation over the sampled points

xt. The smoothness loss Lsmooth = Ex∼U(Ω)

[
∥vt(x)∥22

]
penalizes the squared

velocity of uniformly sampled points U(Ω).

3 Experiments and Results

3.1 Dataset and Implementation

Our framework is evaluated on two distinct datasets: 1) SSM Dataset. Follow-
ing [9,10], we generated 10,000 3D left ventricular (LV) meshes (9,000 for train-
ing, 1,000 for testing) using a 18-mode SSM. To compute the SDF ground truth,
100,000 spatial points were sampled per mesh. 2) Control Cohort Dataset. We
utilized a public clinical Control Cohort [10] comprising 144 normal transthoracic
echocardiography subjects. Raw sequences were filtered for quality, temporally
aligned to end-diastole, resized to 224 × 224, and the LV blood pool in apical
views (A2C, A3C, A4C) was segmented via nnU-Net [8].

Evaluation Metrics. Our method is compared with the baseline approach
MIA‘25 [10], the SOTA GCN-based method for LV mesh reconstruction. We eval-
uate geometric precision on SSM dataset using four standard 3D metrics: Mean
Absolute Error (MAE), Hausdorff Distance (HD), Chamfer Distance (CD), and
Root Mean Squared Error (RMSE), scaled to physical dimensions (mm). For the
CC dataset, we calculate the Dice Coefficient (Dice) and Intersection over Union
(IoU) between the 2D projected masks and the clinical segmentation inputs.

Implementation Details. Our framework is implemented in PyTorch on
an RTX 4090 GPU. Φ1 and Φ2 employ ResNet-18 with dimensions of (64, 128)
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Table 1: Quantitative comparison of reconstruction performance, evaluating 3D
geometric on SSM and 2D projection overlap on Control Cohort (CC) dataset.

Method SSM Dataset CC Dataset

MAE(mm)↓ RMSE (mm)↓ HD (mm)↓ CD (mm)↓ Dice (%)↑ IoU (%)↑
E-PiVox [18] 3.41 ± 0.85 3.75 ± 1.05 13.04 ± 4.52 7.34 ± 1.88 87.35 ± 3.48 77.97 ± 4.02
MIA‘25 [10] 2.61 ± 0.78 2.86 ± 0.86 7.98 ± 1.43 5.61 ± 0.89 90.51 ± 2.72 84.76 ± 3.86
Echo4DIR 1.15 ± 0.13 1.33 ± 0.16 5.49 ± 0.54 2.84 ± 0.85 98.35 ± 0.42 96.75 ± 0.80

Table 2: Quantitative Ablation. Mx →
My denotes the reconstruction of unseen
view My from input view Mx.

Effectiveness of ECA and DR

Method MAE (mm) ↓ RMSE (mm) ↓
Echo4DIR 1.15 ± 0.13 1.33 ± 0.16
w/o ECA 1.28 ± 0.18 1.46 ± 0.21
w/o DR 1.54 ± 0.48 1.74 ± 0.59

Cross-View Geometric Reliability

Views (ch) Dice (%) ↑ IoU (%) ↑
4, 3 → 2 95.24 ± 1.40 90.94 ± 2.52
w/o DR 87.40 ± 5.37 81.87 ± 7.54

2 → 4, 3 94.89 ± 1.01 90.31 ± 1.81
w/o DR 84.73 ± 3.28 75.79 ± 4.33

Fig. 2: Comparison of volume dynamics
with and without the velocity field.

and (256, 512). The details of SDF follows [16]. Ψω employ a 4-layer MLP with
positional encoding. During 3D+t TTO, we perform 1,500 steps to optimize
the first frame as the anchor, using an alternating shape-probe optimization
(8:2 time ratio) to prevent geometric distortion from poor initial poses. Probe
parameters are frozen for the next 2,000 steps of shape-motion optimization
(random frame selection). We use the Adam optimizer with learning rates of
5× 10−3, 5× 10−4, and 1× 10−3 for the probe, latent shape, and velocity fields.
λBCE = 1.0, λDice = 0.5, λtrans = 0.5, and λsmooth = 0.001. For rendering,
4,096 points are sampled per iteration, with the α increasing from 20 to 150. 3D
and 4D reconstructions are completed within ∼ 30 s and 2 min.

3.2 Quantitative and Qualitative Results

Table 1 compares Echo4DIR with state-of-the-arts, including voxel-based E-
PiVox [18] and mesh-based MIA’25 [10]. On the SSM dataset, Echo4DIR sig-
nificantly outperforms MIA’25 (MAE: 2.61 →1.15 mm). To evaluate the clin-
ical utility, we further validated on the CC dataset. Echo4DIR achieves supe-
rior performance with a 98.35% Dice. Such near-perfect overlap underscores the
efficacy of our implicit representation in reconstructing geometric shape from
clinical echo. In addition, Fig. 3 (b) and (c) visualize the 3D and 4D recon-
structed meshes. Our method generates anatomically plausible cardiac surfaces
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with superior geometric smoothness, effectively eliminating unphysical artifacts
and spikes. The 4D results capture consistent periodic cardiac motion.

Ablation. Table 2 validates the necessity of Eipolar Cross-Attention (ECA)
and Differentiable Rendering (DR). Omitting ECA increases RMSE from 1.33 mm
to 1.46 mm, proving the necessity of cross-view correlations. Removing DR
causes RMSE to surge to 1.74 mm, demonstrating that gradient-based feedback
is essential for robust shape adaptation. Fig. 2 illustrates the intuitive overlap
alignment, demonstrating DR‘s effectiveness in processing real clinical data. As
shown in Fig. 3, the velocity field effectively smooths the volume curve, capturing
the flat isovolumic relaxation despite potential input segmentation errors.

Geometric Reliability. We further evaluate the reliability of our implicit
prior by reconstructing unseen views from sparse inputs in Table 2. Notably, our
framework achieves a remarkable 95.24% Dice for these unseen views, demon-
strating its superior reconstruction fidelity. In contrast, performance without
DR collapses significantly, underscoring its critical role in ensuring cross-view
consistency and reliable shape reconstruction.

4 Conclusion

This work presents Echo4DIR, a 4D implicit framework that bridges the gap
between sparse 2D clinical observations and high-fidelity cardiac anatomical ge-
ometry. We integrate conditional SDFs with a test-time differentiable render-
ing strategy to achieve patient-specific shape adaptation, yielding a remarkable
98.35% clinical Dice and 95.24% Dice in unseen view reconstruction, which val-
idates the superior geometric reliability. The introduction of Radial SDF Align-
ment further ensures topological consistency during 3D+t extension, further
eliminating non-physical artifacts. Future work will extend this framework to
whole-heart modeling and leverage large-scale CT or MRI priors for pretraining.
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In addition, we will further explore the utility and potential of these cardiac
meshes for future digital twin integration such as surgical planning.
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