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Abstract. Ultrafast echocardiography based on diverging wave (DW)
imaging enables extremely high frame rates, unlocking breakthrough in-
sights into cardiac mechanics. However, high-quality DW cardiac imag-
ing typically relies on motion compensation (MoCo) compounding from
multiple transmissions, which leads to a fundamental trade-off between
image quality and frame rate. In this study, we introduce a novel Spa-
tioTemporal COnstrained Diffusion Echocardiography (ST-CODE) for
high-quality cardiac imaging at high frame rate using only three-angle
steered DW transmissions. ST-CODE formulates reconstruction as a dy-
namic subspace-guided and temporally adaptive diffusion process that
embeds structural and temporal constraints into reverse denoising. A dy-
namic subspace guidance module is designed to capture sequence-level
anatomical structure and enforce structural consistency across frames.
In parallel, a temporal correlation sampling strategy is introduced to
regulate the diffusion trajectory to propagate inter-frame dependency
and suppress stochastic variations during inference. Extensive experi-
ments conducted on in vivo cardiac data demonstrate that ST-CODE
achieves image quality comparable to 32-angle MoCo-compounding refer-
ence and consistently outperforms existing reconstruction methods, lead-
ing to anatomically consistent and temporally coherent reconstructions
without sacrificing ultrafast frame rates.

Keywords: Ultrafast echocardiography · Diverging wave · Diffusion re-
construction · Dynamic subspace · Temporal correlation.

1 Introduction

Echocardiography is a widely used non-invasive cardiac imaging modality due
to its rapid applicability and low cost, and plays a key role in various clinical
applications such as diagnosis, treatment planning, and patient monitoring [21].
Ultrafast echocardiography based on diverging wave (DW) imaging has gained
considerable attention in recent years owing to its exceptionally high imaging
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temporal resolution. Unlike conventional focused ultrasound, which scans the re-
gion of interest using successive narrow beams, ultrafast imaging insonifies a wide
field of view with a single emission of DW. This approach enables frame rates
up to several thousand frames per second, which unlocks the analysis of rapidly
changing physical phenomena in the cardiovascular system such as myocardial
strain [24] and natural mechanical waves [9].

Images obtained with ultrafast acquisition exhibit low image quality. A stan-
dard approach to improve the quality of ultrafast echocardiography is coherent
diverging wave compounding (CDWC)[12], where consecutive steered transmit
beams at different angles are transmitted and the backscattered echoes are co-
herently summed. In cardiac imaging, which involves fast-moving tissues, motion
artifacts may ensue during a large number of transmit-receive events, which in
turn degrades the quality of compounded images. Motion compensation (MoCo)
methods have thus been introduced to provide high-quality echocardiography
[15,10], while preserving the speckle patterns for carrying out efficient motion
analysis [14]. However, compounding-based echocardiography relies on an in-
creased number of ultrasound transmissions, which consequently reduces the
achievable frame rate. This constraint leads to a fundamental trade-off between
image quality and temporal resolution. Therefore, exploiting the full potential
of ultrafast cardiac imaging in both frame rate and image quality remains an
active area of research.

A wide variety of deep learning-based approaches have been proposed to
improve the quality of ultrasound imaging in recent years. A major focus of
these studies has been the reconstruction of high-quality images by learning a
direct mapping from measurements to images [5,6,13,7,25]. However, such learn-
ing strategies rely on strong spatial correspondence assumptions, which are par-
ticularly challenging in cardiac imaging due to complex motion and acquisition
variability [8]. Recently, deep generative models [19,22,4,23] have emerged as an
alternative to direct reconstruction strategies by learning the underlying data
distribution beyond pointwise measurement-to-image mapping. In particular,
diffusion-based models [3,17] have attracted increasing attention due to their
strong generative capability enabled by the well-conditioned decomposition of
complex data distributions in a stepwise and traceable process. In the field of
echocardiography, diffusion-based studies have focused on image synthesis tasks
[18,20,16]. However, these methods primarily emphasize clinically realistic image
generation with inherent stochasticity, while neglecting anatomical accuracy due
to the lack of structural constraints. Moreover, in echocardiographic sequences,
such limitations may impair inter-frame coherence, which is essential for reliable
downstream analysis and diagnosis.

In this study, we consider both spatial accuracy and temporal coherence re-
quired for reliable cardiac imaging, and propose a SpatioTemporal COnstrained
Diffusion Echocardiography (ST-CODE) for the high-quality reconstruction of
ultrafast cardiac sequences. ST-CODE formulates reconstruction as a diffusion
process that progressively recovers high-quality ultrasound frames through re-
verse denoising. To preserve anatomical consistency, we introduce a dynamic
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Fig. 1. Overview of our proposed ST-CODE framework.

subspace guidance (DSG) module that captures the sequence-level anatomy as
a low-dimensional subspace on the Grassmann manifold, whose basis-invariant
property provides a spatiotemporal coherent structural condition to guide the
reverse diffusion process toward anatomically consistent reconstruction. Further-
more, we design a temporal correlation sampling (TCS) strategy to enhance tem-
poral coherence in the reconstructed sequence. TCS introduces spatially adaptive
inter-frame correlation at the initial noise sampling stage and enforces structured
temporal dependency along the reverse denoising trajectory, thereby preserving
consistent motion patterns against stochastic variations across frames. Extensive
experiments conducted on in vivo cardiac data demonstrate the superiority of the
proposed ST-CODE framework over existing reconstruction methods, validating
its effectiveness in preserving anatomical consistency and enhancing temporal
coherence in realistic cardiac imaging scenarios.

2 Method

2.1 Framework Overview

Figure 1 illustrates the proposed overall framework. The framework is formulated
as a diffusion process, in which high-quality ultrasound frames are progressively
reconstructed through a reverse denoising procedure. To ensure anatomical con-
sistency in the reconstruction, the reverse denoising process is conditioned on
a dynamic subspace guidance (DSG), which encodes the dominant spa-
tiotemporal anatomy at the sequence level. In addition, a temporal correlation
sampling (TCS) strategy is introduced during inference to enforce inter-frame
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coherence across the reconstructed sequence, without altering the standard dif-
fusion training procedure.

Specifically, given a frame x from the high-quality target domain, the for-
ward diffusion process gradually adds Gaussian noise according to a predefined
variance schedule {βt}Tt=1. Denoting αt = 1 − βt and ᾱt =

󰁔t
s=1 αs, the noisy

frame at timestep t is

xt =
√
ᾱt x0 +

√
1− ᾱt 󰂃, 󰂃 ∼ N (0, I), (1)

where x0 = x denotes the original high-quality frame and xt represents its pro-
gressively noised version at timestep t. The reverse diffusion process is modeled
as a conditional denoising Markov chain:

pθ(xt−1 | xt, CDSG) = N (xt−1;µθ(xt, t, CDSG), I) , (2)

where CDSG denotes the external condition from the DSG module. The predicted
mean µθ is reparameterized using a noise prediction network 󰂃θ(xt, t, CDSG), and
the model is trained by minimizing the conditional noise prediction objective:

L󰂃 = Ex0,󰂃,t

󰀅
󰀂󰂃− 󰂃θ(xt, t, CDSG)󰀂22

󰀆
. (3)

While the learning process operates at the frame level, the framework lever-
ages sequence-level structural guidance from DSG and temporal dependency
introduced by the TCS strategy, which are detailed in the following sections.

2.2 Dynamic Subspace Guidance

Ultrafast echocardiography sequences are spatiotemporal data in which cardiac
anatomy evolves continuously over time. Considering that the high-dimensional
ultrafast sequence exhibits coherent structures across consecutive frames, the
underlying anatomical structures can be captured by a subspace represented
by multiple orthonormal bases, highlighting that the representation is invariant
to the particular basis choice. In order to capture such invariance and ensure
spatiotemporal coherence, we model the subspace on the Grassmann manifold,
where each point corresponds to an equivalence class of orthonormal bases span-
ning the same subspace, inherently reflecting basis-invariance.

Let X = {xk}Kk=1 denote the cardiac sequence, where xk ∈ RH×W denotes
the k-th frame, which is vectorized into a column vector in RHW , where H and
W denote the image height and width, respectively. And let Uk ∈ R(HW )×m be
the subspace basis satisfying (Uk)TUk = I, where m is the subspace dimension.
We then update the subspace along directions in the tangent space at Uk, with
the tangent direction ∆k constrained by (Uk)T∆k = 0, which ensures that the
updated subspace stays on the Grassmann manifold. The updated subspace is
obtained via a retraction operation:

Uk+1 = PGr(U
k + λ∆k), (4)
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where λ denotes the step size and PGr(·) represents projection back onto the
Grassmann manifold, implemented using a thin QR decomposition.

This tangent-space update gradually adjusts the subspace along the temporal
dimension in a basis-invariant manner, which captures consecutive anatomical
structures over time. In this context, the anatomical evolvement corresponds
to the trajectories on the Grassmann manifold, whereas noise-induced perturba-
tions tend to lie off the manifold. The resulting Grassmannian subspace represen-
tation encodes coherent spatiotemporal structure, serving as a robust structural
prior for the reconstruction process.

The structural component is then obtained by projecting each frame xk onto
its corresponding subspace spanned by Uk, for k = 1, . . . ,K:

Ck
DSG = Uk

󰀃
(Uk)Txk

󰀄
, (5)

The resulting {Ck
DSG}Kk=1 captures the dominant anatomical structure, which

then serves as the structural conditions in the reverse diffusion process to enforce
spatiotemporal consistency.

2.3 Temporal Correlation Sampling

In standard diffusion-based inference, the initial noises of different frames are
sampled independently. To enforce temporal coherence across reconstructed frames,
we introduce correlation at the initial noise sampling step during inference.
Specifically, given two consecutive frames xk−1 and xk, we compute a patch-
wise correlation map ρ̂k = NCC(xk−1, xk) using a normalized cross-correlation
(NCC) operator, and interpolate it to the image resolution via bilinear interpo-
lation as ρk ∈ [0, 1]H×W to ensure the spatial alignment with the diffusion noise.
The initial noise 󰂃kT for the k-th frame is then sampled as

󰂃kT = ρk ⊙ 󰂃k−1
T +

󰁴
1− ρ2k ⊙ ηkT , ηkT ∼ N (0, I), (6)

where 󰂃k−1
T is the initial sampled noise for the (k − 1)-th frame and ⊙ denotes

element-wise multiplication. This formulation preserves the marginal distribu-
tion of the noise at each spatial location while introducing cross-frame covariance
at the noise level.

During the reverse diffusion process, the final reconstructed frame can be
viewed as the mapping xk

0 = fθ(󰂃
k
T ) from the initial noise, where fθ(·) denotes

the reverse diffusion operator induced by the trained diffusion model. Under the
first-order approximation that assumes the model mapping is locally linear with
respect to the noise [2], the cross-covariance between consecutive output frames
is propagated from the noise domain through the model mapping and satisfies

Cov(xk
0 , x

k−1
0 ) = Jk Cov(󰂃

k
T , 󰂃

k−1
T ) JT

k , (7)

where Jk = ∂fθ
∂󰂃T

󰀏󰀏󰀏󰀏
󰂃kT

denotes the Jacobian of the reverse diffusion mapping. No-

tably, this strategy is applied only during the inference stage and does not require
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additional processing in the training stage. The temporal correlation is captured
at the initial noise sampling step and propagated through the reverse diffusion
mapping, which is then adjusted according to the learned spatial structures to
ensure both temporal coherence and spatial accuracy.

3 Experiments

3.1 Experimental Setup

Data Acquisition. The study was performed with the data acquired using a
Verasonics scanner and a phased array probe (ATL P4-2; bandwidth, 2-4 MHz;
center frequency, 3 MHz; pitch, 0.3 mm; kerf, 50 µm). Apical four-chamber views
were examined from six informed and consenting normal subjects, with subject-
independent data splits to ensure no overlap between training and testing. We
performed two types of DW transmissions: i) 32-angle transmission to obtain
references using coherent-weighted MoCo (CW-MoCo) [10], ii) 3-angle transmis-
sions as the model input. In particular, for the test dataset, the two transmission
types were interleaved to minimize the time interval between the corresponding
reconstructions and make them comparable for quantitative evaluation.
Learning Configuration. Our model was implemented with PyTorch on a
NVIDIA V100 GPU. The model was trained for 400 epochs using the Adam
optimizer. The initial learning rate was set to 5× 10−5 and was fixed in the first
200 epochs, and linearly decayed to 0 in the final 200 epochs. In the training
stage, similar to original DDPM [3], we set the number of diffusion steps to
T = 1000. For the variance schedule in the forward process, we employed a
linear schedule from β1 = 0.0001 to βT = 0.02. In the inference stage, we evenly
sampled 100 steps from 1 to T and then performed generation only on these
100 steps by employing the inference acceleration technique [11]. While such
multistep diffusion inference introduced higher computational costs and runtime
than conventional feed-forward models, it operated in the post-acquisition stage
separate from ultrafast acquisition enabled by 3-angle DW transmissions.
Model Evaluation. We evaluated the spatial quality using peak signal-to-noise
ratio (PSNR), structural similarity index (SSIM), and normalized mutual in-
formation (NMI) using the MoCo reconstruction as the reference. Besides, we
evaluated the temporal coherence by measuring endpoint error (EPE) and mean
endpoint error (MEPE) on the inter-frame motion estimated with the recon-
structed sequences. We compared our method with several deep learning-based
ultrasound reconstruction models, including UNet [13], AUGAN [19], CCGR
[25] based on a recurrent neural network (RNN) that takes multiple frames as
input, and a DDPM model [1]. As CCGR required multi-frame input, we fed the
3-angle frames instead of their compoundings as the model input.

3.2 Experimental Results

Image quality. Fig. 2 presents a representative example of the reconstructed im-
ages obtained using different methods. Compared with the conventional CDWC
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Fig. 2. Reconstructed images from a representative case. (a)-(e) Reconstructions ob-
tained by different methods using 3 DWs. (f) CW-MoCo reconstruction using 32 DWs,
serving as the reference.

Table 1. Evaluation metrics achieved by different approaches on the test set.

Model PSNR [dB](↑) SSIM(↑) NMI(↑) MEPE [mm](↓)
CDWC 25.97± 0.39 0.82± 0.01 0.31± 0.01 0.15± 0.10
U-Net 27.61± 0.50 0.85± 0.02 0.34± 0.02 0.17± 0.14

AUGAN 27.49± 0.50 0.87± 0.01 0.36± 0.01 0.14± 0.06
CCGR 28.28± 0.55 0.87± 0.01 0.37± 0.01 0.11± 0.08
DDPM 28.23± 0.49 0.86± 0.01 0.33± 0.02 0.16± 0.13

ST-CODE 30.44± 0.47 0.93± 0.01 0.44± 0.02 0.09± 0.06

reconstruction, all learning-based approaches yield noticeable improvements in
overall image quality. However, it appears that U-Net and CCGR provide limited
noise suppression, with the overall image quality remaining suboptimal. In con-
trast, the generative models, i.e., AUGAN and DDPM, provide improved denois-
ing performance, yielding enhanced image contrast. Despite this improvement,
one can observe impaired speckle patterns in the deep regions with AUGAN and
hallucinated structures in the lateral regions with DDPM, which compromises
anatomical structural consistency. The proposed method returns enhanced vi-
sual quality and maintains consistent anatomical structures, resulting in image
quality very close to the reference. We report in the Table 1 the PSNR, SSIM,
and NMI of each method using CW-MoCo as the high-quality reference. Con-
sistent with the observation in Fig. 2, CDWC yielded the lowest scores in all
metrics, and all learning-based models outperform the CDWC reconstruction,
with ST-CODE leading the highest scores across all metrics.
Temporal Coherence. We computed tissue displacement and measured the
EPE using the motion field extracted from the MoCo-based imaging as the ref-
erence. Fig. 3 illustrates the spatial distribution of EPE within the myocardium
region during systole and diastole. UNet, AUGAN, and DDPM yielded relatively
high EPE, while both CCGR and the proposed method reduce these errors by
enforcing effective temporal constraints. Notably, the proposed method achieves
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Fig. 3. Spatial distribution of EPE for motion estimated from the reconstructions of a
representative case. From top to bottom: EPE distribution during systole and diastole
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Fig. 4. MEPE obtained from reconstructions of different models over one cardiac cycle.
Values were averaged across all cases in the test set at each time point.

Table 2. Quantitative results of the ablation study on the test set.

Setting DSG TCS PSNR [dB] ↑ SSIM ↑ NMI ↑ MEPE [mm] ↓
a ✗ ✗ 28.23± 0.49 0.86± 0.01 0.33± 0.02 0.16± 0.13
b ✓ ✗ 30.08± 0.56 0.91± 0.01 0.40± 0.02 0.14± 0.10
c ✗ ✓ 29.13± 0.70 0.89± 0.01 0.39± 0.01 0.10± 0.01
d ✓ ✓ 30.44± 0.47 0.93± 0.01 0.44± 0.02 0.09± 0.06

the lowest EPE across the cardiac cycle, as consistently demonstrated with the
MEPE curves in Fig. 4 and the quantitative values reported in Table 1.

Ablation Study. Table 2 summarizes the ablation results of the core compo-
nents, i.e., DSG and TCS, in the proposed framework. The setting (a) with-
out any of these modules demonstrates the worst performance in all metrics.
With the addition of the DSG module in setting (b), clear improvements are
observed in static image quality, which reflects its effectiveness in enhancing
structural consistency. Moreover, TCS contributes to reductions in MEPE in
setting (c), highlighting its role in improving temporal coherence. Finally, the
complete model in setting (d) leads to the best performance in all metrics, which
underscores their critical role in both spatial and temporal consistency.
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4 Conclusions

In this work, we proposed a spatiotemporal constrained diffusion echocardiog-
raphy framework, referred to as ST-CODE, for ultrafast cardiac imaging. By
integrating dynamic subspace guidance and temporal correlation sampling in
the diffusion framework, ST-CODE preserves spatial accuracy and enhances
temporal coherence across frames. Extensive experiments on in vivo cardiac
data demonstrate its superiority over existing reconstruction approaches. These
results demonstrate that ST-CODE provides a reliable solution for anatomi-
cally consistent and temporally coherent reconstruction of cardiac imaging se-
quences under ultrafast DW acquisition conditions, and indicate the potential
of diffusion-based reconstruction for high-quality ultrafast echocardiography.
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