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outside the body. Then, they are cultured under controlled conditions for approximately one week to monitor embryonic
development. Embryos with the highest developmental potential are transferred back into the uterus to maximize the
chances of a successful pregnancy. With the widespread clinical application of time-lapse imaging (TLI) technology in
IVF, automatic analysis of embryo image sequences has gradually become an important research direction for assisting
embryo selection. Existing studies predominantly employ deep learning techniques and generally follow a retrospective
modeling paradigm, focusing on tasks such as embryo quality assessment and developmental stage classification. - These
approaches are mainly oriented toward discriminative analysis or scoring of observed developmental trajectories, rather than
toward explicit modeling of future morphological evolution. To date, limited attention has been paid to the prospective gen-
erative prediction of long-term, nonlinear developmental progression from the cleavage stage to the blastocyst stage.
Although existing spatiotemporal prediction models can generate future image sequences based on historical observations,
they often lack explicit constraints for modeling cross-stage structural transitions, particularly in biological developmental
sequences characterized by pronounced stage shifts and structural reorganization.” Directly applying these models to
long-term prediction tasks, such as embryonic development forecasting, poses significant challenges. These difficulties
stem primarily from two factors: the strong nonlinearity of embryonic morphological deformation, and the marked
inter-individual variability in developmental rates. Both factors are highly prone to inducing structural ambiguity in
long-range prediction scenarios. With the prolongation of the temporal horizon, the accumulation of recursive errors intensi-
fies this ambiguity, thereby resulting in a marked decline in the visual fidelity of the generated sequences. To address these
limitations, we propose the spatio-temporal alignment diffusion model (STA-Diff), a comprehensive framework designed to
enhance the structural stability and predictive consistency of embryonic evolution from the cleavage stage to the blastocyst
stage. Methods STA-Diff facilitates high-fidelity embryonic forecasting by leveraging the motion representation reconstruc-
tor (MRR) to characterize the nonlinear mapping between the latent manifold of the image domain and the underlying
motion field. By projecting the prediction targets in the high-dimensional pixel space onto a canonical and stable motion
representation space, the framework effectively decouples static appearance information from dynamic motion features.
This transformation effectively reduces appearance redundancy and alleviates the structural degradation inherent in
long-term evolution modeling. In this latent motion representation space, STA-Diff carries out sequence synthesis by means
of a conditional diffusion probabilistic process. Since the evolution of local structures during embryonic development exhib-
its significant temporal non-uniformity—that is, marked variations in morphological changes across different stages—this
heterogeneous distribution may lead to an uneven allocation of denoising capability if not explicitly modeled. To this end,
we introduce the standardized inter-frame residual prior (SIRP), which provides region-aware structured guidance to bal-
ance the denoising process between rapid transitions and stable regions in long-term scenarios. Furthermore, maintaining
spatiotemporal consistency is crucial for characterizing continuous embryonic dynamics when capturing long-range depen-
dencies across multiple stages. In view of the fact that conventional spatiotemporal fusion architectures are frequently inad-
equate for coping with such intricate transformations, we introduce the dynamic spatio-temporal decoupling mixer
(D-STDM). This module explicitly decouples spatial modeling from temporal propagation and integrates them via a
content-adaptive gating mechanism, thereby significantly enhancing the modeling of long-range temporal dependencies.
Moreover, in view of the fact that the contribution of conditional information varies over distinct temporal segments, we pro-
pose the temporal-weighted conditional modulation (TWCM) module. The TWCM module does not apply uniform weighting
to all conditional information, as this might suppress critical developmental signals. Instead, it adaptively reweights the
conditional information along the temporal dimension. These aggregated representations are then injected into the denoising
network via affine modulation based on feature-wise linear modulation (FiLM), thereby enabling selective and time-aware
guidance throughout the diffusion process. Results Experimental evaluations on a public IVF time-lapse imaging dataset
demonstrate that STA-Diff consistently outperforms 13 state-of-the-art spatiotemporal prediction methods across multiple
benchmarks. On the blastocyst-stage prediction task, our method attains a peak signal-to-noise ratio (PSNR) of 23. 85 dB
and an structural similarity index (SSIM) of 0. 6542. Moreover, it reduces the learned perceptual image patch similarity
(LPIPS) by approximately 55%—75% compared to the state-of-the-art spatiotemporal prediction approaches. In addition,

the Dice coefficient for key structural regions reaches 0. 936, indicating that the proposed method effectively alleviates the
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morphological ambiguity commonly encountered in long-term prediction. Conclusion The proposed model integrates the

inherent stability of motion representation modeling with the powerful generative capabilities of diffusion models. This com-

bination leads to a marked enhancement in the quality of generated predictions for long-term embryonic development. Com-

pared to conventional methods, our framework maintains robust temporal consistency and structural integrity over extended

time horizons. It enables accurate prediction and generation of the complete blastocyst-stage morphology and spatial

details, based directly on observations from the early cleavage stage. These results not only enhance the visual fidelity and

physiological plausibility of long-term embryo development prediction, but also provide stable, reliable, and quantifiable

technical support for clinical IVF applications, such as early embryo tracking, dynamic assessment, and prospective qual-

ity screening. The codes are available at: https: //www. scidb. en/s/ebry6z.
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Fig. 4 Comparison of blastocyst images between STA-Diff and other prediction methods
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Table 1 Quantitative comparison of images at blastocyst

stage predicted by different methods

PSNR

SSIM  LPIPS
Model MSE | (dB)
1 |
T
ConvLSTM(Shi %:,2015) oozsss 22.55 0.6137 0.1707
0.00466
E3D-LSTM(Wang %%,2019) g 23.31 0.6071 0.2491
0.00536
MIM(Wang%,2019) 3 2271 0.6225 0.1707
0.00575
PhyDNet(Le %,2020) 5 224 0.5417 0.1973

0.00674
MAU(Chang %,2021) 1 21.71 0.5828 0.1276

0.00490

PredRNNv2(Wang %7, 2021) 5 23.09 0.6354 0.1457
SimVP(Gao %,2022) 0'0(;536 22.7 0.5658 0.2307
TAU(Tan %,2023) 0'0(;575 22.4  0.6109 0.1409
MMVP(Zhong %,2023) 0'005682 21.66 0.5323 0.2665
SwinLSTM(Tang %,2023) 0'0(;581 22.35 0.5922 0.2791
WaST(Nie 45,2024) 0'0(1500 23.01 0.6279 0.1353
RaMViD(Hsppe %,2022) 0'0§471 16.07 0.2824 0.3935
ExtDM (Zhang % ,2024) 0'0(2713 21.47 0.6022 0.0978

STA-Diff 0.00412 23.85 0.6542 0.0571
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Fig. 5 Comparison of key motion regions in blastocysts between STA-Diff and other video prediction methods
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Table 2 Quantitative comparison on key motion regions

PSNR

SSIM  LPIPS
Model MSE | (dB)
1 l
T
0.00647
ConvL.STM(Shi 4%,2015) 6 21.89 0.3396 0.2164
. 0.00503
E3D-LSTM(Wang %,2019) . 22.98 0.3326 0.2719
0.00578
MIM(Wang %5 ,2019) ) 22.38 0.3428 0.2369
. 0.00723
PhyDNet(Le %,2020) 3 21.41 0.2816 0.1689
0.00682

MAU(Chang,2021) 7 77 21.66 02776 0.0957

0.00565

PredRNNv2(Wang %5,2021) 707" 22.54 03578 0.193
SimVP(Gao 4 ,2022) 0'02535 2271 0372 0.2431
TAU(Tan % ,2023) 0'0%638 21.95 0.3197 0.1681
MMVP(Zhong % ,2023) 0'0(1675 2171 0.3221 0.2836
SwinLSTM(Tang % ,2023) 0'02627 22.02 0.3383 0.2137
WaST(Nie %5,2024) 0'0(;548 22.61 0.3358 0.1741
RaMViD(Hoppe %4 ,2022) 0'0(;978 20.1  0.1706 0.1268
ExtDM(Zhang % ,2024) 0'0(;818 20.87 0.3578 0.0728
STA-Diff 0'0(;5 99 5593 03985 0.0534

T RO FRFOR R R | IR /NS T FoRE
PN T

o BT IR NG 2 B R R A RS T S b 4
@ET*@%?E‘J&*E%@J—JF%JEJ PR 1 4 B B
J7 A S AR S Z A I PR A B B8 T SR Ail

it A RATR AL A2 SR
TEEBRERERIFTERFETHEETEFE6 L
R R R RS R

© h[E KR KL AR



1
BRXAZ, SREX, BHKIE, XEE, TOW, 2RIE
TH [0 AR AR & B B RS 2= 3 57 4 B U A 2

*3 XBEMXEIRFIHESITEE

Table 3 Quantitative comparison of key structural region identification

Model Dice 1 IoU 1 Ratio
ConvL.STM(Shi %,2015) 0.4097 0.3024 0.3459
E3D-LSTM(Wang %,2019) 0 0 0

MIM(Wang%%,2019) 0.3114 0.2922 0.3044
PhyDNet(Le 4§ ,2020) 0.2938 0.2626 0.2816
MAU(Chang % ,2021) 0.8634 0.7671 0.8367
PredRNNv2(Wang %%,2021) 0.3564 0.3042 0.3256
SimVP(Gao % ,2022) 0.1487 0.0957 0.0957
TAU(Tan %,2023) 0.779 0.6452 0.7672
MMVP(Zhong %4 ,2023) 0 0 0
SwinLSTM (Tang %5 ,2023) 0.2404 0.188 0.2339
WaST(Nie %,2024) 0.6123 0.5089 0.5743
RaMViD(Hoppe %5,2022) 0.47865 0.3517 0.62335
ExtDM (Zhang %5 ,2024) 0.7263 0.6219 0.7341
STA-Diff 0.936 0.8798 1.0701
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Fig. 6  Visual comparison of ground truth and predicted labels of key motion regions in blastocyst images using the U-Net model
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Table 4 Ablation study results

SIRP D-STDM . TWCM MSE | PSNR(dB) T SSIM T LPIPS | Params FLOPs
) | G

N N N 0.00412 23.85 0.6542 0.0571 64.5 1336
x N v 0.004483 23.48 0.6319 0.0695 64.5 1336
x x N 0.005176 22.86 0.6102 0.0781 51.5 1081
N x x 0.005842 2231 0.5938 0.0847 51.07 1081
N x 0.005461 22.57 0.6027 0.0816 64.07 1336

N N X 0.004931 23.02 0.6215 0.0739 64.07 1336
x x x 0.006521 21.86 0.6045 0.0932 51.07 1081

SR TR ORI . BRI s x FOR A X R, | FOR AT s T 3R R

BEXRE

- . - -

K7 RS RN [

Fig. 7 Visual comparison of ablation study results
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