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Abstract. Cardiac phase identification is important for assessing heart
function in echocardiography, yet existing automatic approaches typi-
cally rely on supervised learning or strong structural assumptions. We
show that self-supervised learning of smooth latent dynamics can enable
phase-conditioned geometric analysis of cardiac motion. In this work,
we present a Spline Autoencoder that learns temporally smooth and
consistent evolutions of latent embeddings, capturing cardiac motion as
low-rank dynamical structures. We discover a cardiac phase variable us-
ing a label-agnostic algorithm based on the spectral embedding of nor-
malized latent trajectory velocities, enabling precise temporal localiza-
tion of end-diastole (ED) and end-systole (ES) events. Evaluated on the
EchoNet-Dynamic dataset, our method achieves a localization mean ab-
solute error (MAE) of 2.3 frames (ED/ES MAEs of 2.7/3.6 frames after
label-informed semantic assignment with 94.0% accuracy), which is com-
petitive with supervised methods. Zero-shot evaluation on the EchoNet-
Pediatric dataset demonstrates robust generalization across populations
and imaging views, with a localization MAE of 3.0 frames. These results
suggest that temporal smoothness and consistency are effective induc-
tive priors for learning cardiac motion dynamics, yielding a latent ge-
ometry that supports precise phase-event localization, with lightweight
calibration for semantic ED/ES assignment. Our code is available at
https://github.com/LCJKwan/SplineAE-Cardiac.
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1 Introduction

Cardiovascular diseases are among the leading causes of mortality worldwide [8].
Echocardiography offers a minimally invasive, non-ionizing, and accessible way to
assess cardiac function. Accurate identification of key phases of the cardiac cycle,
particularly end-diastole (ED) and end-systole (ES), underpins measurements of
chamber size, ejection fraction, and myocardial function [5].

Recent deep learning methods perform cardiac phase analysis in echocardio-
graphy, including supervised CNN–RNN hybrids [13,7], transformer-based [11]
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and attention-based [16] models. In some pipelines, ED/ES events are derived
from LV volume curves estimated by segmentation masks [9], which also facili-
tates analysis of beat-to-beat variability and cardiac phase. Although effective,
these strategies often require extensive annotations, limiting scalability.

Unsupervised and weakly supervised alternatives reduce labeling by exploit-
ing latent motion structure, from classical manifold learning [4,12] and LV de-
formation estimation [2] to representation learning [6,15]. However, these ap-
proaches often face a trade-off between smooth, interpretable phase progression
and sharp ED/ES localization. For example, DeepHeartBeat explicitly parame-
terizes a circular phase variable by assuming periodicity and constant frequency,
but produces temporally dispersed ED/ES estimates under natural variability
[6]. On the other hand, Latent Motion Profiling (LMP) constrains motion to a
2D subspace, achieving accurate ED/ES localization but compressing dynamics
into noisy trajectories without a recoverable cardiac phase variable [15].

To address this gap, we seek a representation that discovers dynamical phase
and enables precise event localization. At the same time, we avoid label su-
pervision or rigid structural assumptions during training, such as a predefined
latent dimensionality or explicit periodicity. We propose that low-rank cardiac
motion structure can be captured from temporal smoothness and consistency as
effective inductive priors on the embeddings, by training an autoencoder with
a spline-parameterized latent space trajectory. Moreover, we introduce an algo-
rithm for explicit phase-conditional geometric disambiguation for reliable event
localization in a high-dimensional latent space. Our contributions are as follows:

1. Representation Learning of Cardiac Motion Dynamics: By enforc-
ing temporal smoothness and consistency, we train a self-supervised Spline
Autoencoder that captures cardiac motion as low-rank latent trajectories.

2. Dynamical Phase Discovery: A cardiac phase variable is recovered from
latent trajectory direction flow via spectral embedding of normalized veloc-
ities, allowing precise ED/ES localization.

3. Cross-Population Robustness: Competitive accuracy of localizing ED
and ES (2.3±2.5 MAE for A4CH view) on EchoNet-Dynamic and zero-shot
generalization to EchoNet-Pediatric (3.0 ± 3.1 MAE for A4CH view, 3.0 ±
3.8 MAE for PSAX view), demonstrating stable latent trajectory geometry
across populations and imaging views.

2 Method

2.1 Learning Smooth Latent Trajectories via Video Reconstruction

Given a video sequence X ∈ RT×C×H×W , each frame is encoded into a latent
representation zt ∈ RD, which we interpret as samples from a continuous latent
trajectory. Our objective is to learn this trajectory in a self-supervised manner
that preserves temporal structure and captures the underlying cardiac dynamics.
Rather than imposing explicit periodicity or dimensionality constraints, we only
encourage the latent path to evolve coherently over time.
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Fig. 1. Overview of the Spline Autoencoder self-supervised training framework. A video
segment is split into A–B partitions, with augmentations applied to A. Two P-splines
are fitted with temporal smoothness penalties on latent trajectories. The decoder uses
cross-partition spline interpolations of latent embeddings, with an additional trajectory
alignment regularization loss.

Fig. 1 illustrates our Spline Autoencoder. The spline fitted on the la-
tent embeddings acts as a continuous-time model. This design enforces geo-
metric smoothness while allowing the latent trajectory to assume flexible curve
shapes. The encoder uses two residual blocks consisting of [3×3 convolution,
GroupNorm, GELU, 3×3 convolution] before each down-sampling stage, with
five stages followed by average pooling to obtain a latent embedding vector. The
decoder mirrors this architecture with symmetric up-sampling stages.

Smooth P-spline Interpolation. For each video segment, timestamps are nor-
malized to [0, 1]. A clamped uniform B-spline basis of degree p = 3 is chosen,
with the cubic degree balancing expressivity and smoothness. We use nctrl = 16
control points to define the design matrix A, while latent vectors are stacked
into Z. With 64-frame partitions, there is approximately 1 control point per 4
frames to capture curvature without fitting frame-level noise. We introduce a
diagonal weighting matrix W based on local time intervals ∆t estimated via the
trapezoidal rule to mitigate non-uniform temporal sampling.

Temporal smoothness is enforced using a second-order finite-difference op-
erator D acting on spline control points. The control points P ∈ Rnctrl×D are
estimated by solving

P ⋆ = argmin
P

∥W 1/2(AP − Z)∥2F + λspline∥DP∥2F .

This yields the closed-form normal equations

(A⊤WA+ λsplineD
⊤D)P = A⊤WZ.

Spline fitting remains fully differentiable and can be integrated directly into
end-to-end training. The spline can be evaluated at continuous query timestamps
to obtain latent embedding vectors for cross-partition decoding.
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Fig. 2. Pipeline for dynamical phase discovery. (1) Obtain normalized velocities from
the trajectory of latent embeddings. (2) Compute the Laplacian eigenmap of the nor-
malized velocities from a k-nearest neighbours affinity graph. (3) Assign circular phase
using the two smallest nontrivial components. (4) Assign phase to the original latent
trajectory. (5) Use Partial Least Squares to find the 2D plane best describing the loop,
and the corresponding major axis, obtained via SVD, for extrema localization.

Sampling Cross-Consistency. To encourage trajectory consistency beyond re-
construction alone, we introduce a cross-consistency training strategy.

Two frame subsets, A and B, are randomly sampled from the same video
segment over the same temporal interval, with different frames and timestamps.
Splines SA and SB are independently fitted to their respective latent embeddings.

Cross-partition reconstruction. Each spline is evaluated at the times-
tamps of the other subset. The interpolated latents are decoded to reconstruct
the corresponding frames using an L2 loss. Partitions are mutually exclusive if
the video has more than 127 frames, but may randomly overlap otherwise.

Latent trajectory alignment. In addition to reconstruction, spline pre-
dicted latents are aligned with encoder-derived latents from the opposite subset
using an L2 consistency penalty. The final objective is

L = Lcross−MSE + λalign

(
∥zA − SB(t

A)∥22 + ∥zB − SA(t
B)∥22

)
.

This strategy encourages the encoder to learn latent representations that are
consistent with the fitted splines across partitions.

2.2 Dynamical Phase Discovery

Algorithm 1 and Fig. 2 summarize the proposed label-agnostic dynamical phase
discovery framework. At inference, no fitted spline is used. We interpret encoder
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Algorithm 1 Dynamical phase discovery from latent trajectory
Input: Latent trajectory of encoder embeddings {zt}Tt=1

Output: Dynamical phase {θt} and projected signal {st}
1: Preprocess to normalized tangent space:

– Center and linearly detrend zt over time
– Compute Savitzky–Golay temporal derivative żt, window w = 11, order p = 3
– Normalize velocities z̃t = żt/∥żt∥2

2: Spectral embedding and phase assignment:
– Construct a k-nearest-neighbour affinity graph (k = 15)
– Compute graph Laplacian eigenvectors and keep the two smallest nontrivial

components vt = (v
(1)
t , v

(2)
t )

– Assign phase θt = atan2(v
(2)
t , v

(1)
t )

3: Phase-aligned latent projection:
– Fit a PLS model using the circular phase encoding [cos(θt), sin(θt)] and z̃t
– Compute SVD of the coefficient matrix C = UΣV ⊤

– Select the leading left singular vector u0

4: Projection:
– Project latent states st = z⊤t u0

embedding vectors as tracing out a trajectory over time, analogous to an evolv-
ing dynamical system. We use normalized latent velocities for computational
stability in high-dimensional spaces. We assume that latent trajectories exhibit
a dominant cyclic geometry, which is empirically verified. We choose k = 15
neighbours to construct the affinity graph, balancing the preservation of seman-
tically similar samples across cycles against over-connecting temporally adjacent
samples. We estimate a phase-conditioned subspace, yielding a projection that
captures the contraction-relaxation loop while suppressing non-cyclic fluctua-
tions. Event localization is performed on the projection, where phase-aligned
oscillations yield stable extrema.

2.3 Event Localization and Label Assignment

ED/ES event localization can be estimated from the geometry of dynamics. How-
ever, assigning semantic labels (ED versus ES) is nontrivial, because the phase
variable is invariant up to a global rotation. Prior methods resolve this ambi-
guity through additional information. LMP [15] constrains the latent space to
2D and uses a single sample label to orient the global motion axis. DeepHeart-
Beat [6] plots a histogram to identify the absolute phase distributions of ED/ES.
Other approaches incorporate physiological cues, such as LV volume or motion
information [2,4,12], which implicitly provide semantic orientation.

Because we relax structural constraints apart from temporal smoothness, we
introduce a lightweight label-informed calibration to perform semantic assign-
ment. We compute a global ED-ES alignment axis by averaging the difference
vector of ED and ES embeddings over the training set. During inference, we
enforce signed orientation using the dot product between this axis and the dif-
ference axis between found extrema, so that ED/ES correspond to valleys/peaks.
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3 Experiments

We perform self-supervised training on EchoNet-Dynamic [9], which contains
10,030 apical-4-chamber (A4CH) view videos. We use the same training, valida-
tion, and test splits as in [9]. We further evaluate the generalization of our method
without any fine-tuning on EchoNet-Pediatric [10]. It contains 3,176 A4CH view
videos and 4,424 parasternal short axis (PSAX) videos. Both EchoNet datasets
have only one pair of ground-truth ED/ES annotations for each video, so we
present the mean absolute error (MAE) in frames between the ground truth and
the temporally closest prediction.

3.1 Implementation Details

The experiments were accelerated by four RTX 5090 GPUs with an AMD EPYC
9B14 96-core processor, with PyTorch 2.10.0 with CUDA 12.8. We use the pro-
vided video resolution of 112×112, normalizing pixel intensities to [−1, 1]. From
each video, we randomly sample 64-frame partitions A and B, allowing replace-
ment if the video is short. We use the AdamW optimizer with a learning rate
of 0.0001, and a weight decay of 0.01, and a batch size of 32 for 200 epochs.
We use λalign = 0.001 for regularization and a spline smoothness penalty of
λspline = 1.0. We use ultrasound-specific augmentations from usaugment [14],
adapted for temporally consistent application across video frames. Depth attenu-
ation, Gaussian shadow, haze artifacts, and speckle reduction are stochastically
applied to partition A, while partition B remains unaltered for each sampled
video segment. This encourages the model to learn representations robust to
ultrasound-specific artifacts. The full video is used at inference time.

4 Results

4.1 Properties of the Latent Trajectory

On the EchoNet-Dynamic test set, the average participation ratio of the la-
tent trajectories is 3.85 ± 0.98 for the 512-dimensional frame embeddings. This
demonstrates that the trajectories span low-rank linear subspaces. Furthermore,
we performed a lightweight topological verification using persistent homology [3]
with Ripser [1]. The normalized maximum H1 persistence (ranging from 0 to 1)
is 0.42 ± 0.11, with approximately 97% of trajectories exceeding a persistence
threshold of 0.2, indicating consistent nontrivial 1-cycle features.

4.2 Cardiac Phase Detection

We evaluate whether the learned dynamical representation enables accurate lo-
calization of cardiac phase events. Table 1 compares our approach with super-
vised and unsupervised baselines. Our method achieves 2.3 ± 2.5 localization
MAE, outperforming unsupervised methods and approaching supervised ap-
proaches that rely on phase labels, LV segmentation, or volume estimation.
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Table 1. Cardiac phase detection on EchoNet-Dynamic test set. Localization error
statistics are computed by pooling ED/ES prediction errors for other methods. The
global axis ED/ES assignment, with 94.0% accuracy, was used for our method.

Method Supervision MAE (frames)

Localization ED ES

R3D-50 [7] LV volume 1.9± 2.6 2.1± 2.5 1.7± 2.7
MAEF [16] LV segmentation 2.4± 2.3 2.3± 2.3 2.4± 2.2
UVT [11] EF, ED, ES 5.3± 10.5 7.2± 12.9 3.4± 6.8

DDSB† [2] None 6.6± 7.9 4.3± 4.8 8.9± 9.5
LMP [15] None 2.5± 2.9 3.0± 3.3 2.0± 2.2

Ours ED/ES Axis§ 2.3± 2.5 2.7± 4.0 3.6± 5.1

† Reported from the LMP [15] re-run on the test set for fair comparison.
§ Label-agnostic localization, label-informed global-axis calibration for ED/ES.

Table 2. Zero-shot cardiac phase detection on EchoNet-Pediatric. Localization detects
ED/ES indiscriminately, and the separate ED/ES errors reported are obtained using
the global axis found from the adult dataset.

View Labeling Acc. (%) MAE (frames)

Localization ED ES

A4CH 93.8 3.0± 3.1 3.0± 4.3 4.4± 5.4
PSAX 83.2 3.0± 3.8 4.5± 6.8 6.2± 8.5

Semantic assignment is evaluated separately using the global axis alignment.
After alignment, labeling accuracy reaches 94%, yielding ED and ES errors of
2.7 ± 4.0 and 3.6 ± 5.1 frames, respectively. Compared with LMP [15], which
constrains latent dynamics to a low-dimensional space, our method maintains
smooth phase organization while preserving competitive localization accuracy.

4.3 Zero-shot Generalization to Pediatric Echocardiography

We evaluate zero-shot generalization on the EchoNet-Pediatric dataset. This
introduces a domain shift due to differences in age, anatomy, and imaging views.
As shown in Table 2, localization remains stable across adult and pediatric data,
with 3.0 MAE for both A4CH and PSAX views. This suggests that cardiac
event localization performance depends primarily on the geometry of the latent
space trajectory. Using the global ED-ES alignment axis obtained from adult
training data, semantic assignment reaches 93.8% accuracy on pediatric A4CH
videos. Labeling accuracy drops to 83.2% for PSAX videos. This suggests that
changes in imaging view affect the semantic direction of ED/ES in latent space.
Overall, these results demonstrate that the learned representation generalizes
across populations and imaging views without retraining, with geometric features
more robustly preserved than the semantic ED/ES orientation in latent space.
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Fig. 3. Rows from top to bottom show the 3D PCA of latent trajectories, ED (left)
and ES (right) frames, and the phase-conditioned major axis projection. Ground-truth
ED frames are assigned phase = 0 for visual comparison.

4.4 Qualitative Results

Fig. 3 provides qualitative examples of our results, visualizing the latent tra-
jectory, ED/ES key frames, and the phase-conditioned major axis projection.
There are four test cases shown from left to right: (1) A cyclic structure with
precise ED/ES detection. (2) The cycle is evident, but there is a label assign-
ment error where ED corresponds to peaks rather than valleys. (3) The loop
drifts nonlinearly across cycles. (4) 3D PCA fails to reveal interpretable geome-
try. Across all cases, the major axis projection demonstrates that the dynamical
phase varies smoothly across time, with a stable oscillation. Conditioning on
the phase variable is also important in extracting the periodic component that
localizes ED/ES effectively, across geometric variations. In general, we find that
localization is accurate when a coherent latent loop can be found. Conversely,
we find localization failure when a loop cannot be constructed from the data,
for example, in low-quality videos with the heart chambers moving out of view.

4.5 Ablation Studies

We investigate the effect of the smoothness regularization term λspline when fit-
ting the cubic spline. The selected setting, λspline = 1.0, achieved the lowest
localization error of 2.3 ± 2.5 MAE. Decreasing the smoothness penalty led to
a consistent increase in error, with localization errors of 2.9 ± 3.4, 3.4 ± 3.8,
3.4 ± 3.8, and 3.4 ± 3.9 frames for λspline = 0.1, 0.01, 0.001, and 0.0001, re-
spectively. Moreover, we find that removing cross-partition consistency training
degrades localization accuracy and increases variability. Enabling cross-partition
reconstruction alone with λalign = 0 improves localization from 2.5 ± 2.7 to
2.4 ± 2.4 frames. To test whether the phase-conditioned subspace improves lo-
calization, we implemented an LMP-style baseline that detects the extrema along
a PCA-derived principal motion axis [15]. This increases the localization error to
4.5 ± 4.1 MAE, indicating that maximal-variance geometry without using loop
phase information is insufficient for accurate localization.
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5 Conclusion and Discussion

We present a self-supervised Spline Autoencoder for cardiac motion represen-
tation learning, using temporal smoothness and consistency as inductive priors,
together with an algorithm that extracts a dynamical phase variable for cardiac
phase detection. Experiments on EchoNet-Dynamic demonstrate competitive lo-
calization accuracy compared with supervised approaches, while the learned rep-
resentation maintains a coherent phase structure. Furthermore, zero-shot evalu-
ation on EchoNet-Pediatric shows strong generalization across populations and
imaging views, suggesting that learned geometry of dynamics remains robust
even when semantic latent directions may shift.

We anticipate future work will investigate connections between learned dy-
namics and clinical pathologies for downstream tasks. Moreover, our framework
requires few domain-specific assumptions, suggesting potential applicability to
other cyclic or quasi-periodic temporal dynamics.
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