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Abstract

Identification of fine-grained embryo developmental stages
during In Vitro Fertilization (IVF) is crucial for assessing em-
bryo viability. Although recent deep learning methods have
achieved promising accuracy, existing discriminative models
fail to utilize the distributional prior of embryonic develop-
ment to improve accuracy. Moreover, their reliance on single-
focal information leads to incomplete embryonic represen-
tations, making them susceptible to feature ambiguity under
cell occlusions. To address these limitations, we propose Em-
bryoDift, a two-stage diffusion-based framework that formu-
lates the task as a conditional sequence denoising process.
Specifically, we first train and freeze a frame-level encoder to
extract robust multi-focal features. In the second stage, we in-
troduce a Multi-Focal Feature Fusion Strategy that aggregates
information across focal planes to construct a 3D-aware mor-
phological representation, effectively alleviating ambiguities
arising from cell occlusions. Building on this fused represen-
tation, we derive complementary semantic and boundary cues
and design a Hybrid Semantic-Boundary Condition Block to
inject them into the diffusion-based denoising process, en-
abling accurate embryonic stage classification. Extensive ex-
periments on two benchmark datasets show that our method
achieves state-of-the-art results. Notably, with only a single
denoising step, our model obtains the best average test per-
formance, reaching 82.8% and 81.3% accuracy on the two
datasets, respectively.

Code — https://github.com/RIL-Lab/EmbryoDiff

Introduction

Infertility has affected approximately 80 million individuals
of reproductive age worldwide (Inhorn and Patrizio 2015).
In response, in vitro fertilization (IVF) has become a cen-
tral intervention. In current clinical practice, embryologists
examine Time-Lapse Monitoring (TLM) videos of in vitro
fertilized embryos to extract both morphological and mor-
phokinetic features, selecting the most viable embryo for
transfer, which is labor-intensive and time-consuming. Re-
cently, deep learning has been adopted in assisted reproduc-
tive technology, with applications spanning blastocyst evalu-
ation (Kragh et al. 2019; Kromp et al. 2023), embryo grading
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Figure 1: Comparison of different frameworks. (a) Frame-
based methods process frames independently. (b) Sequence-
based methods capture temporal dependencies from single-
view videos. (c) Our method integrates multi-focal TLM
videos with a conditional generative model. Different col-
ors indicate different developmental stages.

(Sun et al. 2025), and viability prediction (Kim et al. 2024;
Kragh et al. 2021; Borna, Sepehri, and Maleki 2024).

A crucial subtask in embryo evaluation is embryo devel-
opmental stage classification. The goal is to assign a devel-
opmental phase to each frame in a TLM sequence, thereby
offering morphokinetic cues that are essential for embryo
quality assessment (Jacobs et al. 2020; Rienzi et al. 2019).
In recent years, considerable effort has been devoted to
automating this labor-intensive and expert-dependent pro-
cess using deep learning techniques. As illustrated in Fig-
ure 1(a) and (b), existing approaches can be broadly catego-
rized into two groups: (1) Frame-based methods (Liu et al.
2025; Dimitriadis et al. 2019; Dirvanauskas et al. 2019; Guo
et al. 2023), which process each frame independently and
often suffer from limited temporal coherence due to the ab-
sence of temporal modeling; and (2) Sequence-based meth-
ods (Lukyanenko et al. 2021; Ng et al. 2018; Lockhart et al.
2021; Canat et al. 2024), which take entire TLM sequences
as input and explicitly model temporal dependencies among
developmental stages. Despite the progress achieved, accu-
rate fine-grained developmental stage classification remains
challenging due to several key limitations.

First, existing discriminative methods fail to leverage the
inherent distributional priors of embryonic development. Al-



though individual embryos vary in developmental timing,
their overall trajectories generally follow well-established
biological principles, such as monotonic stage transitions,
characteristic phase durations, and the coordinated occur-
rence of developmental events. Discriminative models, how-
ever, learn direct mapping between visual inputs and stage
labels without modeling these underlying priors. Conse-
quently, even state-of-the-art approaches are prone to unsta-
ble or unreliable predictions under challenging conditions.

Moreover, prior methods suffer from incomplete embry-
onic morphological representation due to their reliance on
single-focal-plane TLM videos, which capture only a partial
2D projection of the embryo’s inherently 3D structure. As
development progresses through successive cell divisions,
the increasing number of blastomeres leads to frequent cell
occlusions in these 2D projections. In clinical practice, em-
bryologists mitigate this issue by integrating visual cues
across multiple focal planes to reconstruct a more complete
3D morphological context. In contrast, current approaches
are restricted to single-focal visual inputs and therefore lack
the contextual information required to disambiguate over-
lapping cells in densely packed configurations.

Furthermore, model performance is constrained by data
quality and evaluation practices. Noisy annotations in the
public dataset (Barhoun et al. 2025; Gomez et al. 2022) com-
promise training stability, and frame-level metrics used in
current methods ignore the sequence nature of embryo de-
velopmental progression.

In this paper, we propose EmbryoDiff, a two-stage
diffusion-based framework (Figure 1(c)) designed to ad-
dress these challenges. Unlike discriminative methods, dif-
fusion models learn the underlying data distribution and
can therefore naturally encode the developmental priors that
govern embryonic progression. Inspired by conditional dif-
fusion architectures such as LDM (Rombach et al. 2022)
and DiT (Peebles and Xie 2023), EmbryoDiff formulates
the task as a conditional sequence denoising process and
uses multi-focal TLM sequences as conditioning inputs for
guidance, enabling the recovery of more accurate and bi-
ologically plausible developmental stage labels from noisy
sequences. To reduce computational burden, we adopt a
two-stage training strategy. In the first stage, a frame-based
model is trained on individual frames and fixed as a fea-
ture extractor. In the second stage, a conditional diffusion
model is trained to obtain final classification results. We
extract features from multi-focal-plane TLM videos and
fuse them via a Multi-Focal Feature Fusion Strategy, con-
structing more comprehensive, 3D-context-aware morpho-
logical representations. To provide comprehensive condi-
tional guidance, we design parallel semantic and boundary
condition encoders to capture complementary cues, and in-
troduce a Hybrid Semantic-Boundary Condition Block to ef-
fectively inject these features into the denoising process. By
leveraging the distributional priors encoded in the diffusion
model, enhanced 3D-aware representations, and comprehen-
sive conditional guidance, EmbryoDiff achieves more accu-
rate classification results and outperforms prior methods.

Beyond algorithmic improvements, we also enhance data
quality and evaluation protocols. We systematically correct
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annotations in a public dataset (Gomez et al. 2022) by re-
moving errors and refining stage boundaries. Inspired by ac-
tion segmentation (Yi, Wen, and Jiang 2021; Lu and Elham-
ifar 2024), we adopt both frame-level and sequence-level
metrics to enable a more comprehensive evaluation.

In summary, our contributions are three-fold:

* We introduce EmbryoDiff, the first diffusion-based
framework for embryonic stage recognition, and the first
to leverage multi-focal-plane video inputs for holistic
embryo representation.

* We enhance the data quality of a public dataset and
leverage sequence-level evaluation metrics to comple-
ment frame-level accuracy, enabling more reliable train-
ing and assessment.

* We conduct extensive experiments and ablations, achiev-
ing state-of-the-art results on two benchmark datasets
and providing insights for future research.

Related Works

Diffusion Model for Visual Perception. Diffusion mod-
els (Ho, Jain, and Abbeel 2020; Song, Meng, and Ermon
2020) generate data samples through an iterative denoising
process and have achieved state-of-the-art performance in
various generation tasks. Recent studies have shown that,
with appropriate conditional guidance, diffusion models can
also be effectively applied to visual perception tasks. These
models have demonstrated promising results in a wide range
of applications, including image segmentation (Wu et al.
2024; Rahman et al. 2023; Gu, Chen, and Xu 2024; Ji et al.
2023), depth estimation (Zhang et al. 2024; Ke et al. 2024),
object detection (Chen et al. 2023; Gong, Kwak, and Cho
2024), action segmentation (Liu et al. 2023; Gong, Kwak,
and Cho 2024), temporal action localization (Nag et al.
2023) and anomaly detection (Wyatt et al. 2022; He et al.
2024; Zhang et al. 2025). However, in embryo developmen-
tal stage recognition, existing methods rely on discrimina-
tive models without considering the distribution prior of em-
bryo development. In this paper, we make the first attempt
to leverage the diffusion-based framework for this task.

Embryo Developmental Stage Classification. Embryo
developmental stage classification provides critical mor-
phokinetic features for embryo selection, such as divi-
sion timing and stage duration. Recent studies have ex-
plored deep learning to automate this process. Early methods
adopted CNNs like InceptionV3 (Dimitriadis et al. 2019)
and ResNet (Gomez et al. 2022) for frame-wise classifica-
tion, but ignored temporal dependencies. Later works (Canat
et al. 2024; Lukyanenko et al. 2021) incorporated tem-
poral modeling, improving performance. Embryosformer
(Nguyen et al. 2023) further enhanced accuracy by integrat-
ing deformable attention and transformer decoder. However,
accurate identification of fine-grained developmental stages
remains challenging by soly using single-focal information.
To this end, in this paper, we incorporate multi-focal feature
fusion to improve the classification performance.
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Figure 2: Overview of the two-stage EmbryoDiff framework. Stage 1 (left) trains a frame-based model, while Stage 2 (right)
utilizes multi-focal videos to generate semantic and boundary conditions that guide the diffusion-based denoising process.

Method

EmbryoDiff consists of two stages (Figure 2). Stage 1 trains
a frame-based model on central-plane TLM videos and
freezes it as a multi-focal feature extractor. Stage 2 trains
the diffusion model: the extracted multi-focal features are
fused by the Multi-Focal Feature Fusion Strategy and sub-
sequently encoded by the Boundary Condition Encoder and
the Semantic Condition Encoder to generate robust and
complementary conditional signals. These signals are then
injected into the diffusion model to recover clean stage se-
quences from noisy inputs.

Frame-Based Classification Model

Multi-focal TLM videos are 5D data and consist of hun-
dreds of frames per sequence, posing huge computational
and memory challenges for end-to-end training. To this end,
we adopt a two-stage framework. In Stage 1, following prior
work (Gomez et al. 2022), we treat each frame indepen-
dently and train a frame-based classifier to learn robust vi-
sual representations using TLM videos V. from central focal
plane. In practice, we use ResNet-50 (He et al. 2016) as the
backbone and optimize it with standard cross-entropy loss.

Diffusion-Based Classification Model

In Stage 2, we condition the diffusion model on TLM se-
quences to denoise and generate coherent developmental
stage predictions from noise corrupted labels.

Training Let {V1,...,Vx} denote the videos from N fo-
cal planes. The pretrained frame-level encoder processes
each video to extract its feature sequence F; = Enc(V;) €
RT*Dwhere D = 2048. These features are then fused by
the Multi-Focal Feature Fusion Strategy to form a holistic
representation Fye = ®(Fy,..., Fx), where ®(-) denotes
the fusion operation. The fused representation is further en-
coded by the Semantic Condition Encoder and the Boundary
Condition Encoder to obtain the complementaru semantic
condition Cly, and boundary condition Chgyng. For training
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the diffusion model, inspired by diffusion-based segmenta-
tion methods (Ji et al. 2023; Wu et al. 2024; Liu et al. 2023),
we add noise to ground-truth labels and train the diffusion
model to reverse this process and recover clean sequences.
Suppose that we have ¢ development stages. We first map
the T-length one-hot stage labels y € RT*¢ into semantic
embeddings y, € R7*? using a learnable embedding layer,
where d denotes the embedding dimension. We then apply
the standard forward diffusion process to corrupt the label
sequence with Gaussian noise:

qa(yt | yo) = N(ye; Vauyo, (1 — a)I), (1)
where &y is the cumulative noise scaling factor at time step
t. To reverse the process, the diffusion model receives the
noisy sequence y, the timestep embedding Cijne, and two
types of conditional features Cley, and Choyng to make pre-
dictions:

yO = f9 (Ym Ctimev Csemv Cbound)v (2)

where fy denotes the diffusion model parameterized by 6.
We adopt a DiT-style (Peebles and Xie 2023) diffusion de-
coder, where the timestep embedding Ciy, is first added
to the noisy features and then processed by stacked Hybrid
Semantic-Boundary Condition Blocks to inject the two com-
plementary condition signals into the denoising process. Fi-
nally, the predicted embeddings y( are mapped back to the
one-hot space to obtain the predicted labels y.

Inference In the inference phase, we sample a random
noise from the standard Gaussian distribution.

yr ~N(0,I). 3)

Then, the DDIM (Song, Meng, and Ermon 2020) sampling
strategy is utilized and we can generate high-quality predic-
tions through several denoising steps.

Multi-Focal Feature Fusion

Embryonic development is a dynamic process of cell divi-
sion and 3D reorganization, often causing cell occlusions
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that hinder feature learning (Lukyanenko et al. 2021). To
capture a more comprehensive morphology, we integrate
features from multiple focal planes. Specifically, we adopt a
prefusion strategy, in which features from multi-focal videos
are fused before entering the condition encoders. This de-
sign brings two key benefits. First, it substantially reduces
the computational cost of the encoders by avoiding atten-
tion over excessively long feature sequences. Second, it im-
proves the framework’s flexibility, allowing it to seamlessly
accommodate single-focal settings by simply disabling the
fusion step without modifying any other components. In
practice, we employ a simple average pooling operation
along the focal-plane dimension to obtain the fused feature
Fo¢ € RTXD a:

N
Foi = 57 2 Fis €
i=1
This strategy shifts from 2D in-plane analysis to a 3D-aware
modeling of embryonic structure, capturing spatial context
that enhances feature robustness against cell occlusions.

Complementary Semantic-Boundary Conditions

The performance of conditional diffusion models is highly
dependent on the quality of conditioning signals. Prior work
MedSefDiff-V2 (Wu et al. 2024) uses an auxiliary segmen-
tation loss to train the condition network for semantic guid-
ance in denoising. However, such semantic cues alone pro-
vide limited discriminative power for embryo stage recog-
nition, particularly in transitional phases where morpho-
logical changes are subtle and stage boundaries are diffi-
cult to distinguish. To this end, we introduce complemen-
tary boundary-aware condition features that work in con-
junction with semantic cues to provide more discriminative
guidance during the denoising process. As shown in Fig-
ure 2, a dual-branch encoder extracts semantic features Cyep
and boundary features Choung from the fused multi-focal se-
quence features Fi,¢. Both branches adopt the ASFormer ar-
chitecture (Yi, Wen, and Jiang 2021), capturing local and
global temporal dependencies.
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Hybrid Semantic-Boundary Condition Block As shown
in Figure 3, each block handles noise and condition fea-
tures via two complementary pathways. In the boundary-
aware path, boundary condition features are concatenated
with noise features and processed by a convolution layer to
capture local interactions. In the semantic-aware path, se-
mantic condition features are concatenated with noise fea-
tures to form the query-key pairs, while the noise features
serve as values in a self-attention module to inject long-
range semantic context. The outputs from both pathways
are summed and passed through a Feed-Forward Network
(FFN) to produce the final conditioned noise features.

This hybrid design ensures the synergistic integration of
local boundary cues and global semantic context, assisting
the denoising process to generate both semantic correct and
boundary-accurate predictions.

Loss Functions

Multiple losses are jointly optimized in Stage 2. The seman-
tic branch uses a stage classification loss L, and a temporal
smoothing loss Lsmeom (Yi, Wen, and Jiang 2021), while the
boundary branch uses a binary boundary classification loss
Lvound- The diffusion model is also optimized with a stage
classification loss Lgi. The overall objective is:

L = M Lem + A2Lsmooth + A3Lbound + MaLaitt,  (5)

All classification losses are standard cross-entropy losses.
We set A1=0.8, A\y=0.3, A\3=0.5, and \4,=1.0 to balance
their contributions.

Experiments

Datasets

Multi-Focal Human Embryos Dataset (MFHE) We use
the MFHE dataset (Gomez et al. 2022) to evaluate the effec-
tiveness of multi-focal feature fusion and the proposed dif-
fusion framework. It contains 704 embryo sequences with
7 focal planes and 16 developmental stages. We refine the
annotations and remove the rare tHB class, resulting in 655
videos. The dataset is split 7:3 into train and test sets.

Single-Focal Human Embryos Dataset (SFHE) We use
the SFHE dataset (Nguyen et al. 2023) to assess the general-
ity and single-focal adaptability of our framework. It con-
tains 440 embryo sequences with single-focal videos and
12-stage labels. We use the original train set for training and
merge the validation and test sets for testing.

Evaluation Metrics

To evaluate temporal consistency and boundary localization
accuracy, we use standard metrics from action segmentation:
Accuracy, Edit Score, and F1@10, 25, 50. While Accuracy
measures frame-wise correctness, Edit Score and F1 scores
assess temporal segment quality, offering a more compre-
hensive evaluation.

Implementation Details

In Stage 1, a ResNet-50 (He et al. 2016) backbone is trained
using the AdamW optimizer, a batch size of 32, and an initial



Methods

\ Multi-Focal Human Embryos Dataset

Single-Focal Human Embryos Dataset

| Acc Edit F1@{10,25,50} Avg | Acc Edit FI1@{10,25,50} Avg

- ResNet 743 247 303/263/19.1 349 | 758 241 304/26.1/189 35.1
2 | DLTEmbryo | 692 243 284/243/17.8 328 | 713 225 273/227/158 319
S | InceptionV3 | 762 298 347/309/239 39.1 | 759 270 34.1/295/221 377
ResNet-LSTM | 750 465 51.2/45.7/357 508 | 75.6 464 549/49.0/373 526

» | LateFusion 776 642  663/60.6/503 638 | 76.1 602 66.1/59.7/456 61.5
< ASFormer 777 89.0 78.7/73.0/59.1 755 | 76,6 90.5 87.4/813/64.0 80.0
S | BmbryosFormer | 774 710 726/69.4/615 704 | 770 810 81.3/750/61.6 752
& FACT 789 836 79.6/745/656 764 | 76.1 870 86.5/80.8/659 79.3
EmbryoDiff (1 step) | 82.8 828 81.0/75.9/658 77.7 | 813 835 859/81.1/689 80.1
EmbryoDiff (15 steps) | 83.1 863 83.4/782/684 799 | 812 868 88.1/83.7/71.2 822
EmbryoDiff (25 steps) | 83.1 867 83.7/78.6/68.9 80.2 | 813 868 88.4/84.2/71.3 824

Table 1: Comparison with the state-of-the-art methods on Multi-Focal Human Embryos Dataset and Single-Focal Human
Embryos Dataset. In the table, “Frame” means frame-based methods and “Sequence” stands for sequence-based methods.

Methods | tPB2 tPNa tPNf ©2 ©3 4 5 6 (7 8 9+ M (SB (B (EB
ResNet 644 920 91.7 90.6 493 75.6 382 27.0 267 656 753 754 669 493 882
DLTEmbryo | 34.6 913 767 822 31.1 787 118 152 45 760 680 705 659 249 91.0
InceptionV3 | 63.2 94.7 89.5 902 559 80.5 26.7 23.1 274 735 80.1 72.5 653 429 90.1
ResNet-LSTM | 589 950 903 925 53.4 786 351 31.6 302 619 77.7 66.6 71.8 342 91.2
LateFusion 91.9 95.1 91.3 951 47.6 79.1 36.0 312 341 610 788 732 729 484 9l.1
ASFormer 87.6 962 775 90.7 28.6 86.6 205 285 225 78.6 743 73.0 789 374 934
EmbryosFormer | 86.0 97.1 742 957 0.0 974 07 83 00 861 81.1 583 872 25 849
FACT 88.6 958 83.0 960 17.2 872 283 222 232 753 80.1 752 752 514 90.1
EmbryoDiff | 932 97.2 93.7 97.0 51.1 909 360 350 285 834 81§ 79.0 849 527 904

Table 2: Per-class accuracy comparison on MFHE Dataset. For EmbryoDiff, we use 25 denoising steps.

learning rate of 1 x 10~* with cosine decay over 20 epochs.
In Stage 2, frame-wise features with dimension D = 2048
are extracted from all focal planes. Each condition encoder
consists of 6 layers with a reduced hidden dimension of 96.
Intermediate features from {2, 4, 6} layers are concatenated
to form the condition signals. The diffusion model consists
of 8 hybrid conditioning blocks with a feature dimension of
128. We follow the cosine noise schedule with 1000 diffu-
sion steps and set the input signal scale to 0.1. The model
is trained for 350 epochs with a batch size of 24, an initial
learning rate of 1 x 104, and a weight decay of 0.01 us-
ing AdamW and cosine learning rate decay. All models are
trained on the training set using a single NVIDIA RTX 4090
GPU and the best evaluation results on test set are reported.
For more details about the dataset and experimental setups,
please see the online extended version.

Comparison with SOTAs

We compare EmbryoDiff with frame-based (e.g., ResNet
(Gomez et al. 2022)), sequence-based (e.g., EmbryosFormer
(Nguyen et al. 2023)), and top-performing action segmenta-
tion models (ASFormer (Yi, Wen, and Jiang 2021), FACT
(Lu and Elhamifar 2024)). Open-source methods are evalu-
ated using official codes; closed-source ones (DLTEmbryo

9273

(Liu et al. 2025), LateFusion (Ng et al. 2018)) are carefully
reimplemented. For our model, we report average results
over ten runs with different random seeds.

Overall Performance Comparison Detailed results are
listed in Table 1. On MFHE dataset, frame-based methods
such as InceptionV3 achieve reasonable frame-level accu-
racy (76.2%) but suffer in sequence-level metrics (F1@50:
23.9, Edit: 29.8) due to lack of temporal modeling. In con-
trast, sequence-based models like FACT, which uses com-
plex designs to model temporal dependencies, achieve bet-
ter accuracy (78.9%) and significantly improved F1@50
(65.6%). Howeyver, they still struggle with challenging sam-
ples, likely due to their discriminative nature and reliance on
single-focal videos. In comparison, our method outperforms
all baseline methods on the average metric with only a sin-
gle denoising step. As the denoising steps increases to 25,
EmbryoDiff achieves 83.1% Accuracy and 68.9% F1@50,
setting a new state of the art. While ASFormer performs well
on the Edit score (89.0), it lags behind our model on other
metrics, particularly F1@50 (59.1%), indicating its limited
ability to precisely localize stage boundaries.

On SFHE dataset, where all methods use single-focal in-
put, our EmbryoDiff approach still achieves the best aver-
age metric using only one denoising step, demonstrating
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Figure 4: Advantages of multi-focal feature fusion over
single-focal. The top shows it better handles cell occlusions,
and the bottom shows it greatly improves late cleavage stage
identification.

the superiority of our diffusion-based framework. With 25
sampling steps, our method reaches 81.3% Accuracy, im-
proving upon the second-best method, EmbryosFormer, by
5.58%. Moreover, our F1 @50 reaches 71.3%, surpassing the
second-best FACT (65.9%) by 8.19%.

Per-Class Accuracy Comparison In Table 2, we present
a per-class accuracy comparison across methods on MFHE
dataset. Our proposed EmbryoDiff achieves the best or
second-best accuracy on the majority of classes, demonstrat-
ing its strong discriminative capability across diverse devel-
opmental stages. Notably, for the multi-cell stages (6, t7, t8,
t9+), EmbryoDiff consistently delivers top-tier performance.
In contrast, while some methods may excel on one stage,
they often suffer from severe performance drops on others.
For example, EmbryosFormer achieves 86.1% accuracy on
t8, but performs poorly on other stages, with only 8.3% on
t6 and 0.0% on t7. The results highlight the superiority of
our method in fine-grained embryo stage recognition.

Ablation Studies

Effectiveness of Key Designs In Table 3, we ablate key
components of EmbryoDiff on MFHE dataset. The designs
include Multi-Focal Feature Fusion (MFF), complementary
Semantic Condition Encoder (SCE) and Boundary Condi-
tion Encoder (BCE), and the Conditional Diffusion Model
(CDM). Specifically, comparing Rows 1 and 2 as well as
Rows 3 and 4 reveals that both the discriminative model
(SCE only) and the diffusion-based generative model bene-
fit from MFF, with the latter showing a more significant im-
provement. This highlights the enhanced capacity of the dif-
fusion framework to leverage multi-focal information. Ad-
ditionally, the diffusion-based framework outperforms the
semantic encoder-only architecture (Row 1 vs. Row 3 and
Row 2 vs. Row 4), demonstrating its strength in leveraging
the distribution priors of embryo development to improve
the predictions. Finally, the comparison across Rows 4-6
confirms that both the proposed complementary BCE and
MFF contribute substantially to performance gains. Each
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SCE CDM BCE MFF | Acc Edit F1@50
v 80.1 783 60.2
v v 81.3 812 63.0
v v 81.0 828 62.2
v v v 825 853 66.0
v v v 806 833 63.9
v v v v 83.1 863 68.4

Table 3: Ablation study results of key designs on MFHE
dataset using 15 denoising steps.

SCE CDM BCE | Acc Edit F1@50
v 80.5 81.8 67.5
v v 80.8  85.8 70.2
v v v 81.2  86.8 71.2

Table 4: Ablation study results of key designs on SFHE
dataset using 15 denoising steps.

component consistently improves prediction accuracy and
sequence-level metrics, confirming our statements.

The ablation results on the SFHE dataset (Table 4) ex-
hibit similar trends. The conditional diffusion model signifi-
cantly outperforms the baseline that uses only semantic con-
dition encoder. By incorporating boundary condition fea-
tures through the proposed Hybrid Semantic-Boundary Con-
dition Block, the prediction performance improves further,
particularly on sequence-level metrics such as Edit Score
and F1 @50. This indicates that boundary-aware signals help
the diffusion model better localize transitional frames in the
developmental sequence.

Superiority of Multi-Focal Feature Fusion To highlight
the critical role of multi-focal feature fusion in the task of
fine-grained embryo developmental stage recognition, we
perform an in-depth analysis in Figure 4. As shown in the
upper part, the central focal plane image (left) clearly reveals
seven cells, along with a faint, out-of-focus contour beneath.
Relying solely on a single focal plane may lead to misin-
terpretation of cell count and, consequently, incorrect stage
classification. In contrast, the TLM image at a deeper focal
plane (right) unambiguously reveals an additional large cell,
confirming its presence. By integrating information across
multiple focal planes, our method reconstructs a more accu-
rate 3D morphological structure, enabling correct develop-
mental stage assignment.

In the lower part of Figure 4, we compare prediction re-
sults for late cleavage multi-cellular stages under single-
focal and multi-focal settings. These stages are particu-
larly challenging due to frequent cell occlusions. As shown,
multi-focal fusion yields significant performance gains in
the t6, t7, and t8 stages compared to the single-focal coun-
terpart. Moreover, the advantage becomes increasingly pro-
nounced as the cell count increases, demonstrating its ef-
fectiveness in resolving structural ambiguities in densely
packed and occluded configurations.
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Figure 5: The trends of evaluation metrics on two datasets (MFHE and SFHE) with respect to denoising sampling steps during
inference. From (a) to (f), the metrics are Accuracy, Edict Score, F1@{10, 25, 50}, and Average Metric, respectively.

Planes | Acc Edit F1@{10,25,50} Avg
1 80.6 83.3 80.4/74.9/63.9 76.6
3 81.4 84.8 81.9/76.7/66.1 78.2
5 82.5 86.2 82.7/77.8/67.9 79.4
7 83.1 86.3 83.4/78.2/68.4 79.9

Table 5: Ablation study results of the number of focal planes
used with 15 denoising steps. We symmetrically select focal
planes around the central focal plane.

Effect of Focal Plane Numbers In Table 5, we investi-
gate the impact of fusing varying numbers of focal planes
on model performance. It is evident that prediction accuracy
improves significantly as more focal plane information is in-
corporated. This indicates that multi-focal fusion helps the
model better capture 3D embryonic structure and improve
recognition performance.

Effect of Denoising Steps We further analyze the impact
of inference-time denoising steps on model performance. As
shown in Figure 5, the sequence-level metrics (b—f) improve
markedly as the number of diffusion steps increases, sug-
gesting that the model progressively refines its predictions
by leveraging learned developmental distribution priors. Per-
formance plateaus after about 20 steps. In contrast, accuracy
(a) shows only marginal gains. We hypothesize that it is lim-
ited by the bottleneck of the condition features.

Qualitative Comparison

In Figure 6, we visualize predicted developmental stage se-
quences from several leading models. Frame-based meth-
ods (e.g., InceptionV3), which lack explicit temporal model-
ing, produce temporally inconsistent predictions. Sequence-
based approaches achieve better temporal coherence but
still exhibit significant classification errors and inaccurate
boundary localization. In contrast, our model achieves more
accurate boundary detection and generates sequences that
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Figure 6: An example of qualitative comparison of develop-
mental stage predictions on the MFHE dataset.

are more consistent with embryonic development patterns,
demonstrating its superiority. Additional results are pro-
vided in the online extended version.

Conclusion

In this paper, we propose EmbryoDiff, the first diffusion-
based framework for embryonic stage recognition, introduc-
ing a novel two-stage paradigm that leverages conditional
diffusion models to generate accurate and temporally coher-
ent stage sequences. By incorporating TLM video features
as conditional inputs, our model guides the denoising pro-
cess to recover clean stage labels from noisy predictions. To
address the issue of incomplete morphological representa-
tion, we innovatively fuse multi-focal-plane TLM features,
capturing a more holistic view of the 3D embryo struc-
ture. Furthermore, to provide richer conditional guidance,
we extract complementary semantic and boundary cues from
the fused sequence features and design a Hybrid Semantic-
Boundary Condition Block to effectively integrate them into
the diffusion process. Finally, we improve the annotation
quality of an existing dataset and adopt more comprehen-
sive evaluation metrics. Extensive experiments and visual-
izations demonstrate the superiority of our method.
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