Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Unifying the Electron Microscopy Multiverse through
a Large-scale Foundation Model

Lei Ma

lei . ma@pku, edu, ch

Peking Univeristy https://orcid.org/0000-0001-6024-3854
Liuyuan He
Peking Univeristy
Ruohua Shi
Peking Univerisity
Wenyao Wang
Peking University
Cai Yu
Peking University

Article

Keywords:

Posted Date: June 9th, 2025

DOI: https://doi.org/10.21203/rs.3.rs-6820885/v1

License: © ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: There is NO Competing Interest.


https://doi.org/10.21203/rs.3.rs-6820885/v1
https://doi.org/10.21203/rs.3.rs-6820885/v1
https://orcid.org/0000-0001-6024-3854
https://doi.org/10.21203/rs.3.rs-6820885/v1
https://creativecommons.org/licenses/by/4.0/

Unifying the Electron Microscopy Multiverse through
a Large-scale Foundation Model

Liuyuan He'”, Ruohua Shi>*, Wenyao Wang'-"*, Yu Cai!, and Lei Ma'~>*

'National Biomedical Imaging Center, College of Future Technology, Peking University, Beijing, 100871, China
~National Engineering Research Center of Visual Technology, School of Computer Science, Peking University,
Beijing, 100871, China

3Beijing Academy of Atrtificial Intelligence, Beijing, 100084, China

“these authors contributed equally to this work

+*wangwenyao@pku.edu.cn

*lei.ma@pku.edu.cn

ABSTRACT

Accurate analysis of electron microscopy (EM) images is essential for exploring nanoscale biological structures, yet data
heterogeneity and fragmented workflows hinder scalable insights. Pretrained on large, diverse datasets, image foundation
models provide a robust framework for learning transferable representations across tasks. Here, we introduce EM-DINO, the
first image foundational model pretrained on EM-5M, the largest standardized EM corpus (5 million images) encompassing
multiple species, tissues, protocols, and resolutions. EM-DINO’s multi-scale embeddings capture rich image features that
support multiple applications, including organ-specific pattern recognition, image deduplication, and high quality image
restoration. Building on these representations, we developed OmniEM, a U-shaped architecture for unified dense prediction
that exceeds task-specific models in both image restoration and segmentation. In restoration benchmarks, OmniEM matches
the performance of the EM-specific diffusion model while producing fewer hallucinations that could mislead EM interpretation.
It also outperforms previous methods in both generalized mitochondrial segmentation and multi-class organelle segmentation.
Furthermore, we demonstrate OmniEM’s integrated capability to generate high-resolution segmentations from low-resolution
inputs, offering the potential to enable fine-scale subcellular analysis in legacy and high-throughput EM datasets. Together,
EM-5M, EM-DINO, OmniEM, and an integrated Napari plugin comprise a comprehensive end-to-end toolkit for standardized
EM analysis, advance cellular and subcellular understanding and accelerating the discovery of novel organelle morphologies
and disease-related alterations.

Main

Electron microscopy (EM) provides an unparalleled window into the nanometer-scale architecture of biological systems,
revealing subcellular organelles, synaptic connections, and tissue ultrastructure with extraordinary detail' . In recent years,
high-throughput EM has transformed our ability to visualize cellular and tissue organization at this resolution. While traditional
2D EM relies on expert interpretation of densely packed organelles, volumetric EM (VEM) techniques have emerged over
the past two decades to satisfy connectomics’ demand for large-scale neuronal reconstructions—generating datasets far too
extensive for manual analysis or hypothesis testing’~. Consequently, automated methods are indispensable in EM workflows,
spanning low-level tasks (restoration, alignment), segmentation, and higher-order, question-driven analyses such as mapping
synaptic connectivity at the circuit level. Unlike fluorescence microscopy, where semantic content derives from labels or
contrast agents, EM images are grayscale and rich with nanometer-scale structural information. Therefore, EM research
demands bespoke computational models and automated tools to fully harness modern EM’s potential and address the pressing
biological questions it can illuminate'”.

Modern deep-learning (DL) methods have driven substantial progress in EM image analysis, automating tasks such as
segmentation, denoising, and registration''~16. Task-specific models now achieve expert-level performance on benchmarks For
example, neuronal reconstruction (SNEMI3D, CREMI), organelle identification (MitoNet, BetaSeg), and image restoration
(EMDiffuse)'3-13-17. However, these approaches depend on narrowly defined training sets and often degrade when applied to
new imaging conditions or biological contexts'’. Moreover, EM workflows inherently require distinct models at each processing
stage (restoration, alignment, segmentation, and higher-level analysis) imposing significant overhead for tool integration and
adaptation’ '3:1° "and confining DL solutions to limited task domains (e.g., specialized connectomics pipelines®®). As a result,
existing DL strategies lack the general-purpose flexibility needed for scalable, reproducible EM analysis.



Self-supervised image foundation models (FMs) offer a promising path toward unified, scalable EM workflows. By
pretraining on large, diverse unlabeled datasets, FMs learn rich, transferable representations that can be adapted to a wide range
of downstream tasks with minimal annotation®!. In medical imaging, FMs have already shown notable success: pretrained
models can be fine-tuned for segmentation, classification, and detection across heterogeneous datasets??>2*. In EM, however,
recent efforts have focused primarily on prompt-based adaptations of the Segment Anything Model (SAM) such as microSAM
for general microscopy>’, DendriteSAM for neuronal processes®, and TriSAM for vascular tracing?’. These approaches
depend on user-provided prompts (e.g., bounding boxes, masks), limiting scalability across the full spectrum of EM tasks from
low-level restoration to high-level semantic analysis. Meanwhile, generative models have been applied to restoration' but do
not learn universally transferable representations. Thus, the EM field still lacks a unified, representation-centric foundation
model framework capable of supporting robust, flexible analysis across diverse biological and technical conditions.

To address these gaps, we introduce an end-to-end EM foundation toolkit comprising:

« EM-5M: A deduplicated, stratified corpus of 5.5 million 2D EM images drawn from 500 TB of raw data (EMPAIR?3,
OpenOrganelle'?, BossDB??, WebKnossos?, etc.), spanning seven modalities, 16 species, 30+ organ types, and pixel
sizes from 0.5-70 nm.

* EM-DINO: A vision transformer pretrained on EM-5M via the DINOv2 self-distillation framework>!, producing robust,
multi-scale embeddings that capture shared ultrastructural features.

e OmniEM: A U-shaped hybrid network that consumes EM-DINQO’s final and intermediate patch embeddings and supports
universal dense prediction EM tasks. OmniEM delivers state-of-the-art performance in denoising, super-resolution,
single-organelle, and multi-organelle segmentation, matching or exceeding diffusion-based models while generating far
fewer hallucinations.

* OmniEM-Napari: An interactive Napari plugin that packages pretrained EM-DINO and OmniEM checkpoints into
a user-friendly GUI, enabling researchers (including those without extensive coding expertise) to deploy OmniEM
workflows on their own EM data..

Figure 1 offers a schematic overview of our workflow: large-scale data curation, self-supervised pretraining, and downstream
task adaptation. Although foundation-model strategies are well established in natural and medical imaging, EM data pose
unique challenges that VEM produces many nearly identical, contiguous slices (< 70 nm apart), so naively including adjacent
patches would introduce harmful redundancy and imbalance??. To mitigate this, we devised a bespoke deduplication pipeline
that clusters patches by EM-DINO embeddings or spatial proximity, followed by uninformative filtering (Extended Data Table
1). A clean-train loop, alternating between dataset refinement and EM-DINO checkpoint updates, yields a maximally diverse,
nonredundant EM-5M corpus and a robust foundational model(Fig. 1, Left).

Next, we use self-supervised learning to pretrain EM-DINO on EM-5M (Figure 1, Middle Up). In organ classification
benchmarks, EM-DINO embeddings formed distinct clusters reflecting organ-specific morphology (Figure 1, Middle Bottom),
confirming that large, heterogeneous EM data produce transferable, multi-scale representations. In principle, the EM-DINO
embedding space serves as a unified representation supporting low-level processing (alignment, denoising, super-resolution),
mid-level understanding (cell and organelle segmentation), and high-level inference (connectomics, spatial organization of
subcellular structures).

To operationalize this potential, we developed OmniEM, which translates EM-DINO embeddings into dense predictions
across multiple tasks (Figure 1, Right Up). OmniEM’s architecture extracts patch-level features from EM-DINQO’s final and
intermediate layers, upsamples them via a multi-scale convolutional decoder, and applies task-specific heads for restoration
or segmentation. We demonstrate OmniEM’s utility in denoising, super-resolution, mitochondrial segmentation, and multi-
class segmentation (Figure 1, Right Middle), where it achieves comparable resolution to diffusion methods while avoiding
hallucinations. Finally, we integrated pretrained OmniEM checkpoints into Napari-OmniEM for seamless deployment (Figure
1, Right Bottom).

In the sections that follow, we first evaluate EM-DINO embeddings via organ classification benchmarks (Figure 2). We
then assess OmniEM’s performance on key downstream tasks—image restoration (Figure 3) and both mitochondrial and
multi-organelle segmentation (Figure 4). Lastly, we present practical applications, illustrating how OmniEM’s modules can
be combined in compound workflows and deployed via the Napari plugin (Figure 5). Collectively, these results highlight the
power of EM foundation models to enable scalable, reproducible, end-to-end automation and user-guided refinement in EM
analysis. Our full toolkit is publicly available on GitHub.
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Results

Evaluating Image Embeddings via Organ Classification

To quantitatively assess the impact of EM-specific pretraining, we designed two organ classification tasks of increasing difficulty
to evaluate how well models could distinguish EM images from different organ types and reflect semantic structure in their
embeddings. The first, a context-aware task, used images from 11 organ types within EM-5M that retained rich morphological
cues (Fig.2A). The second, a fine-grained task, employed small field-of-view images from Histology Guide', which offer limited
contextual information and present a more challenging generalization scenario for models (Fig.2D). In the context-aware task,
all models exceeded 85% accuracy with just 10% of training data and surpassed 95% with full supervision, with all EM-DINO
variants outperforming the DINOv2 baseline (Fig.2B). Zero-shot embedding visualizations further confirmed EM-DINO’s
advantage, revealing well-separated, semantically coherent clusters compared to the more disorganized DINOv2 embeddings
(Fig.2C). In the more difficult fine-grained task, performance dropped across the board due to reduced context, yet EM-DINO
maintained over 70% accuracy even with minimal supervision, outperforming all other models including DINOv2, which fell
below 50%(Fig.2E). With increased training data, EM-DINO rapidly surpassed 90% accuracy and converged earlier than its
counterparts, while visualizations again highlighted clearer, semantically meaningful clusters (Fig.2F). Additional analysis
revealed that EM-DINO organized images based on subtle textural and morphological features (Extended Fig.3), indicating
its ability to extract fine-grained semantic content. Together, these results demonstrate that self-supervised pretraining on
large-scale EM datasets significantly improves the ability to understand and analyze EM images.

Robust Image Restoration with OmniEM

High-quality image restoration is fundamental to EM analysis because high-throughput EM techniques often sacrifice resolution
or dwell time (DT) for throughput, precluding reliable detection of fine ultrastructural features. Traditional restoration methods
rely on regression, but regression-based models tend to oversmooth images and erase critical nanoscale details. More recently,
a generative approach, EMDiffuse!’, has shown promise; however, its diffusion-based process may introduce hallucinated
artifacts that mislead downstream analyses. To overcome these challenges, we implemented both denoising and super-resolution
within the OmniEM framework. Specifically, we introduced an embedding-based loss derived from EM-DINO’s representations,
which encourages preservation of fine structural details while mitigating over-smoothing. This enhancement enables OmniEM,
a primarily regression-based network, to recover high-resolution features with greater fidelity than existing methods. As a
result, OmniEM matches or outperforms state-of-the-art models in both denoising and super-resolution tasks, while offering
faster inference and generating significantly fewer hallucinated artifacts (Fig. 3).

To benchmark performance, we compared OmniEM against EMDiffuse and PSSR, representing diffusion-based and
regression-based approaches, respectively. We adopted the publicly available EMDiffuse dataset, which includes ground truth
EM images acquired with long DT (Long-DT) and high resolution (High-R), along with multiple noisy and low-resolution
variants captured under short DT (Short-DT) or low resolution (Low-R). Because noise distributions differ significantly across
low, medium, and high noise levels, we trained separate regression models (OmniEM and PSSR) for each category, enabling
each model to specialize in its specific noise characteristics.

Notably, EM-DINO’s embedding-based loss contributes substantially to these gains (Extended Data Fig. 4; see Methods).
We introduce two hyperparameters, o for image-level embedding loss and 8 for patch-level embedding loss, to control its
influence during training. Incorporating the embedding loss markedly reduces unwanted smoothness in the denoised output,
especially at high noise levels (Extended Data Fig. 4B). For example, under high-noise conditions, LPIPS on denoised images
drops from 0.52 (without embedding loss) to 0.18 (with o« = 0.25, B = 0), indicating significantly improved perceptual fidelity.
Varying o and 3 across a reasonable range does not significantly change LPIPS; however, larger embedding-loss weights can
introduce spurious patterns that LPIPS fails to penalize. Because current metrics cannot distinguish these artifacts, we chose
o = 0.25 and B = 0 to balance reduced smoothness against minimal pattern hallucination in all subsequent experiments.

In the denoising task, OmniEM balances detail preservation and artifact suppression across all noise levels (Fig. 3A-D).
Under low-noise conditions, all methods produce high-quality outputs: PSSR maintains membrane boundaries but can appear
over-smoothed, while EMDiffuse and OmniEM both sharpen ultrastructural features (Fig. 3A). Quantitatively (Fig. 3B),
OmniEM matches EMDiffuse in PSNR, FSIM, and FRC resolution (pairwise ratios cluster around 1) but surpasses both
EMDiffuse and PSSR in LPIPS, indicating superior perceptual and structural fidelity to long-DT images. Under high-noise
conditions (Fig. 3C), differences become more pronounced: PSSR’s stronger smoothing preserves general morphology but
misses finer details; EMDiffuse recovers textures that are visually plausible but include spurious artifacts not found in the
long-DT ground truth; in contrast, OmniEM conservatively restores key cellular topologies without hallucination, preserving
structural consistency essential for downstream tasks such as neuron segmentation and vesicle counting (Extended Data
Fig. 5A,B). Quantitatively, OmniEM’s PSNR falls between EMDiffuse and PSSR, while its FSIM exceeds both; in LPIPS

Uhttps://histologyguide.com/EM-atlas/EM-atlas.html
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and FRC resolution, OmniEM slightly outperforms EMDiffuse and markedly outperforms PSSR (Fig. 3D). Results under
medium-noise conditions follow the same pattern (Extended Data Fig. 6A). Overall, these findings demonstrate that OmniEM’s
embedding-based loss underpins its robust performance across noise regimes.

Beyond denoising, OmniEM also excels in super-resolution (Fig. 3E-H), effectively narrowing the gap between low- and
high-resolution EM imaging. Its super-resolution module reconstructs critical subcellular details from low-resolution inputs
under high noise (Fig. 3E), low noise (Fig. 3G), and medium noise (Extended Data Fig. 6B). In contrast, PSSR yields overly
smoothed results while EMDiffuse recovers fine details but often introduces artificial textures absent from the high-resolution
reference (Fig. 3G). OmniEM strikes a balanced compromise: it sharpens ultrastructure without hallucinating spurious features,
a quality essential for downstream analyses such as vesicle counting (Extended Data Fig. 5C). Quantitatively (Fig. 3F,H),
OmniEM matches EMDiffuse in LPIPS and FRC resolution, both of which emphasize perceptual and spatial accuracy, and
significantly outperforms PSSR. Moreover, OmniEM slightly surpasses EMDiffuse in PSNR and FSIM, indicating superior
pixel-wise fidelity and feature-based similarity.

In conclusion, OmniEM delivers image restoration performance on par with state-of-the-art methods while substantially
reducing hallucinated structures, especially under high noise, by producing more conservative and biologically plausible
reconstructions. This reliability is critical for downstream tasks that depend on accurate ultrastructural representation. Further
improvements may be achieved by exploring enhanced architectural designs or loss functions.

Precious image segmentation

The impressive performance of OmniEM in image restoration reflects its robust modeling of the statistical properties of
EM data, we then ask whether OmniEM’s embeddings, learned through EM-DINO, support higher level understanding of
cellular ultrastructure. To this end, we evaluated the model on organelle segmentation tasks, a longstanding critical step in EM
analysis. Accurate organelle segmentation forms the basis for quantitative ultrastructural analysis and biological discovery,
while existing methods struggle to generalize across diverse EM datasets and semantic categories. Through a zero-shot
mitochondrial segmentation task and a multi-class segmentation task encompassing mitochondria, Golgi apparatus, secretory
granules, and nuclei, we demonstrated OmniEM’s strong generalization capability and its efficient adaptability. Again, these
findings highlight the model’s potential as a general-purpose tool for EM image interpretation.

Mitochondrial morphology and distribution serve as critical indicators of cellular metabolic state and disease progression.
However, the substantial morphological heterogeneity of mitochondria across tissues poses a major challenge for cross-dataset
generalization in automated segmentation models**. To evaluate OmniEM’s ability to overcome this challenge, we fine-tuned it
on the CEM-MitoLab dataset and compared its performance to MitoNet on seven external benchmark datasets (all withheld
from training) following the protocol of Conrad et al.'>. As expected, the publicly released MitoNet checkpoint maintains
strong segmentation accuracy across all seven benchmarks (Figure 4A, third row; light-apricot histogram bars in Figure 4B).
OmniEM, however, matches or exceeds MitoNet’s performance on five of seven datasets (Figure 4A, below row; light-blue
histogram bars in Figure 4B)), highlighting the value of EM-DINO pretraining in providing robust, transferable embeddings
for mitochondria segmentation. Overall, OmniEM raises the mean Dice score from 61.8 % (MitoNet) to 66.0 % (Figure 4B).
The largest improvement occurs on the salivary gland dataset, where mitochondria exhibit flat, bowl-shaped geometries, high
organelle density, and weak contrast against salivary granules (Figure 4A, sixth column). In this particularly challenging
case, OmniEM’s Dice score leaps from 11.3 % (MitoNet) to 30.7 % (Figure 4B, sixth inset), demonstrating that EM-DINO
pretraining confers enhanced representational capacity for segmenting rare or low-contrast mitochondrial morphologies. These
results underscore OmniEM’s superior generalization and zero-shot performance, even on unseen tissue types and diverse
imaging conditions.

Compared to single-organelle segmentation, multi-organelle segmentation is considerably more challenging due to the
diverse morphologies, sizes, and close spatial relationships among different organelles. Variability in imaging conditions, stain-
ing quality, and the inherent ultrastructural complexity further complicate accurate delineation, often resulting in overlapping
boundaries and ambiguous separations between adjacent structures. To address these challenges, we implemented a multi-class
segmentation head within OmniEM and evaluated its performance on the BetaSeg dataset!’, which includes annotations for
Golgi apparatus, mitochondria, insulin secretory granules, and nuclei (all other pixels are treated as background). For baseline
comparison, we selected GobletNet®, a recently published model that uses wavelet transforms to extract high-frequency
features and a fusion-attention module to improve segmentation accuracy across EM datasets. We followed its experimental
protocol by subsampling the full BetaSeg training set (30 % of the total) into four fractions, 1 %, 30 %, 60 %, and 100 %, to
test few-shot learning capability.

As shown in Figure 4C and Extended Data Figure 7, OmniEM consistently outperformed GobletNet across most training
fractions. Remarkably, with only 1 % of the training data, OmniEM achieves a higher overall mean Dice score without relying
on explicit high-frequency priors. In particular, OmniEM’s Golgi segmentation improves from 28.0 % (GobletNet) to 63.8 %
Dice (Figure 4C, second column, blue masks; Figure 4D, top right inset). GobletNet outperforms OmniEM on mitochondrial
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and nuclear segmentation at the 1 % training fraction, likely because its wavelet-driven features are sensitive to sharp nuclear
boundaries. However, GobletNet suffers from high false positives, as it cannot reliably distinguish nuclear from non-nuclear
pixels (Extended Data Figure 8). Beyond these exceptions, OmniEM exceeds GobletNet’s performance for all organelle classes
under every training regime. Overall, OmniEM raises the mean Dice from 88.7 % to 94.1 %, with class-wise gains from 72.1 %
to 83.0 % for Golgi, 87.1 % to 94.0 % for insulin secretory granules, 92.3 % to 97.1 % for mitochondria, and 99.2 % to 99.7 %
for nuclei.

These results highlight OmniEM’s strong generalization and data efficiency, enabled by the rich representational capacity
inherited from EM-DINO pretraining. Without relying on handcrafted features or task-specific priors, OmniEM effectively
captures diverse organelle morphologies and subtle ultrastructural cues. This underscores the potential of EM foundation
models to deliver robust, versatile segmentation across complex electron microscopy datasets.

Integrating OmniEM into Scalable EM Workflows
OmniEM’s multi-task design enables streamlined, end-to-end EM workflows by combining advanced restoration, super-
resolution, and segmentation within a single, user-friendly framework (Fig. 5).

By chaining OmniEM’s super-resolution and segmentation branches, researchers can execute complex pipelines without
switching tools. In the glycolytic-muscle benchmark, we downsampled images to simulate low-resolution inputs and compared
three scenarios: (1) segmentation on original-resolution images (18 nm pixel size), (2) segmentation after bilinear upsampling
of low-resolution inputs (36 nm pixel size), and (3) segmentation after applying OmniEM’s super-resolution to the same
low-resolution images (36 nm pixel size). OmniEM’s super-resolution output (LR-OmniEM) visibly restores fine mitochondrial
morphology lost in bilinear interpolation, recovering cristae and membrane contours that are otherwise indistinct (Fig.
5A). When these super-resolved images are fed into OmniEM’s segmentation branch, previously missed mitochondria are
successfully identified (Fig. 5B, right), whereas bilinear upsampling alone fails to reveal many of these structures (Fig. 5B,
center). Three-dimensional renderings of the segmentation confirm that volumes derived from super-resolved data closely
resemble the ground-truth ultrastructure, preserving tubular shapes and interconnections (Fig. 5C, right). Quantitatively,
segmentation on super-resolved images achieves a Dice coefficient of 61.69%, indicating substantial overlap with the ground
truth, while segmentation on bilinearly upsampled, low-resolution inputs yields only 16.36% Dice (Fig. 5C, center). By
comparison, segmentation on the original high-resolution images delivers a Dice score of 79.96%. Taken together, these results
suggest that OmniEM’s super-resolution can substantially bridge the gap between low-resolution acquisition and high-accuracy
segmentation, although there remains room for improvement to approach the performance achieved on native high-resolution
data.

We have packaged OmniEM’s restoration, super-resolution, and segmentation modules into an interactive Napari plugin
(Fig. 5D), allowing users to apply OmniEM via a graphical interface. Users can load images, adjust parameters, and visualize
results in real time—no coding required. By bundling pretrained EM-DINO and OmniEM checkpoints within this plugin, we
provide a comprehensive, platform-based solution for scalable, high-quality EM analysis with minimal technical overhead.

Discussion

In this work, we demonstrate that large-scale, EM-specific self-supervised learning enables the construction of a foundational
vision model capable of unifying previously fragmented EM workflows. At the core of our approach is a novel data-curation
pipeline that systematically deduplicates and filters vVEM patches, reducing redundancy while keeping biological and technical
diversity. By pairing EM-DINO for robust feature extraction with OmniEM for flexible downstream prediction tasks, we deliver
a suite of tools tailored to the EM community’s demand for efficient, scalable, and reproducible analysis. Although achieving
state-of-the-art benchmarks was not our primary objective, OmniEM nonetheless attains strong performance in denoising,
super-resolution, and segmentation without reliance on handcrafted heuristics or specialized architectures, highlighting the
generalization power of EM-DINO’s learned representations.

At its foundation, representation learning is the process of extracting meaningful, structured information from raw data to
support further understanding and analysis>®. Through multiple use cases, including large-scale data curation, embedding-based
loss design, and diverse dense prediction tasks, we show that EM-DINO produces embeddings that are both transferable and
reliable across applications. Because most modern image processing and interpretation pipelines hinge on the availability
of suitable features, EM-DINO can serve as a universal feature extractor, readily integrated into existing tools to enhance
performance. For example, in image stitching and alignment, point correspondence detection often depends on classical
descriptors such as SIFT?’, or more recently, deep encoders trained to suppress artifacts in EM images'® '8, EM-DINO’s
semantically enriched features could significantly improve matching accuracy across sections, particularly under varying
imaging conditions. Similarly, in connectomics pipelines that require the linking of neurite fragments, cellular identity
assignment, and synapse detection, practitioners typically rely on separate classifiers optimized for each task>®. We propose
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that EM-DINO can serve as a unified representation backbone across these components, reducing task fragmentation and
simplifying pipeline integration.

Image enhancement and segmentation are essential tasks in EM analysis, both requiring pixel-level understanding of
complex biological structures. OmniEM is, to our knowledge, the first unified framework to address both tasks within a single
architecture by sharing a common backbone and applying task-specific output heads. This design enables integrated workflows
where restoration directly improves segmentation, especially by enhancing organelle boundaries and reducing image noise. The
utility of this joint approach has been demonstrated in Cellpose 3 for light microscopy?, but it holds even greater promise
in EM. By enabling accurate segmentation from low-resolution or undersampled images, OmniEM offers a practical path to
reduce imaging demands without sacrificing output quality. This capability is particularly valuable in large-scale EM studies,
where throughput and cost are limiting factors. Previous models have shown that restoration enhances segmentation, but often
rely on manually annotated data or isolated pipelines'>33. In contrast, OmniEM provides an end-to-end system deployable
via a Napari plugin, allowing researchers to test real-world low-quality inputs directly. This integration of restoration and
segmentation into a unified, accessible tool marks a significant advance toward scalable, generalizable EM analysis.

While our work establishes a robust EM-specific foundation, several avenues can further improve generalization and
efficiency. First, expanding EM-5M beyond its current emphasis on brain and mouse vEM to include underrepresented organs
(e.g., kidney, heart, bone) and non-mammalian species will ensure downstream models learn truly transferable representations
across diverse EM applications. Second, although EM-DINO uses a Vision Transformer backbone, alternative architectures,
such as hierarchical transformers like Swin Transformer*® or Mamba®*!, may better capture EM’s anisotropic resolution and
high noise levels. Systematic benchmarking of these backbones on EM-specific tasks will clarify which design choices
maximize ultrastructural detail. Finally, EM-DINO’s large-scale pretraining yields robust embeddings, but fine-tuning remains
computationally intense; parameter-efficient techniques like Low-Rank Adaptation (LoRA)*? offer a promising route to rapid
adaptation on new datasets with minimal overhead. Moreover, modern EM workflows increasingly rely on 3D volumes
rather than isolated 2D slices. While EM-DINO’s 2D embeddings serve many tasks, they cannot fully encode volumetric
context. Future work should develop models that natively process 3D volumes by extracting multi-scale representations
from isotropic or anisotropic voxel grids via spatial-temporal adapters*? or related mechanisms, so that OmniEM can handle
real-world 3D datasets (e.g., the CellMap whole-cell segmentation challenge”) more effectively. Additionally, OmniEM
currently employs separate branches for restoration and segmentation, missing potential synergies from shared features. A
multi-task or auxiliary-learning framework could unify these tasks, improving both efficiency and accuracy**, and moving
closer to a truly general-purpose, dense-prediction model for EM data. By addressing these challenges, future work can build
on our EM-specific foundation to create ever more versatile, accurate, and efficient tools for nanoscale biological discovery.

Methods

Details of the data curation pipeline

Collection We downloaded publicly available EM datasets from four sources: EMPIAR via FTP, OpenOrganelle using AWS
CLI tools, BossDB through its official Python API, and WebKnossos using its corresponding interface. All datasets were
acquired at their highest available resolution, with the exception of four large-scale datasets, morgan2020, loomda2022-H5-10,
hO1, and fafbv14, which were downloaded at 64 nm resolution due to storage and processing constraints. Detailed information
about these datasets is provided in Extended Data Table 1. Extended Data Fig. 1 illustrates the following pipeline for curating
2D images from a 3D vEM dataset.

Standardization To standardize image formats and resolutions across datasets, we converted all data into the precomputed
format using the TensorStore® library. Original images were transformed into unsigned 8-bit integer (uint8) format, and datasets
with a native resolution finer than 100 nm were downsampled by a factor of 2 in the x and y dimensions. Subsequently, all
images and volumes were partitioned into non-overlapping 896x896 pixel patches. For volumetric datasets with isotropic or
moderately anisotropic voxel sizes (i.e., axial resolution differences within 50%), this cropping was applied to the xz and yz
planes in addition to the xy plane.

Deduplication Due to the high degree of redundancy in sequential or spatially adjacent patches within volumetric EM
datasets, we implemented a deduplication pipeline to identify and remove highly similar images. First, image embeddings
were extracted using a pretrained EM-DINO model. Patches were then grouped into clusters based on either high embedding
similarity (cosine similarity > 0.9) or physical proximity in tissue space (< 100 nm or < 500 nm). From each cluster, only the
first patch was retained to construct the deduplicated dataset. This method proved highly effective; for example, from an initial
188,485 images cropped along the x-axis from the jrc_fly-vnc-1 dataset, our deduplication pipeline curated a final set of 8§92
representative images.

Zhttps://cellmapchallenge.janelia.org/
3https://github.com/google/tensorstore
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Uninformative filtering To remove uninformative images that could negatively impact model training, we applied three
filtering criteria: (1) Low pixel variation: images with a pixel standard deviation below 25 were discarded; (2) Patch-level
analysis: four random 224x224 patches were sampled from each 896x896 image, and images were excluded if at least two
patches exhibited a standard deviation below 25; and (3) Excessive blank borders: images with more than 269 blank border
pixels (30% of 896 pixels) along any axis were considered uninformative. Following these criteria, images were processed
by trimming blank borders and randomly cropping them into isotropic square images. Each image was then resized back to
896x896 pixels, and min—max normalization was applied to rescale pixel values uniformly to the 0-255 range.

Clean-Train Loop To iteratively improve both the dataset and model performance, we employed a clean-train loop over
four successive iterations. In each cycle, newly collected EM data were incorporated into the dataset, and the EM-DINO model
was retrained using this expanded dataset. For the initial version of the dataset, deduplication was performed using only the
spatial distance threshold. This first compilation incorporated data from 60 distinct EM volumes, serving as the foundation for
subsequent iterations.

EM-DINO and Pretraining Protocol

EM-DINO employs a large Vision Transformer (ViT) architecture alongside the DINOv2 framework to effectively learn
representations from images. Specifically, the ViT-Large model, comprising over 300 million parameters, was selected for
its demonstrated capacity in high-performance vision-related tasks. To maintain compatibility with the DINOv2 checkpoint
configuration, EM-DINO adopts the same distilled ViT-L/14 architecture without registration, including a patch size of 14 and
multilayer perceptrons (MLPs) in all feedforward layers.

Pretraining details The core framework of DINOv2 involves cropping multiple views from each input image and passing
them through a teacher—student network pair, enabling the student model to learn from the teacher via knowledge distillation
(Fig. 1 middle). In our implementation, input images of 896x896 pixels were augmented by generating two global crops
(581x518 pixels) and eight local crops (98x98 pixels). Following the DINOv2 framework, two loss functions were employed
during pretraining: (1) a contrastive loss that maximizes the cosine similarity between the student and teacher embeddings
for positive image pairs while minimizing similarity with negative pairs, and (2) a reconstruction loss applied to the softmax-
normalized outputs, encouraging alignment between the student and teacher representations. A dynamic masking ratio ranging
from 10% to 50% was applied to the image patches during training. Pretraining was conducted using a batch size of 32 on a
corpus of 50 million images. Training was performed on eight NVIDIA A800 GPUs over a period of 102 hours for a single
pretraining run.

Data augmentation Given the unique grayscale characteristics of EM images, several domain-specific augmentation strate-
gies were incorporated to replace the color-based transformations typically used in DINOv2. The EM-specific augmentations
include: (1) mean shift, which adjusts the mean pixel intensity either across the entire image or within randomly selected
regions; (2) contrast change, which modifies the contrast globally or locally within the image; (3) Gaussian noise, applied
to the full image or selected regions to simulate acquisition noise; (4) cut blur, achieved by downsampling and subsequently
upsampling a randomly chosen region, producing a blurred area relative to the surrounding image; and (5) pixel misalignment,
which involves cropping a region and repositioning it arbitrarily within the image to disrupt spatial consistency. In addition to
these EM-specific augmentations, geometric transformations such as resizing and horizontal flipping were retained from the
original DINOv2 framework.

Embedding validation
In-domain classification dataset The in-domain dataset consists of 14,937 images spanning 11 organ classes, selected from
the pretraining dataset curated for this study. For each class, images were randomly sampled from a single source dataset
to maintain consistency within categories. All images were sized at 896x896 pixels, preserving the native resolution of the
original EM volumes. A total of 1,000 images were allocated for training, with the remaining images reserved for testing.
Out-of-domain classification dataset. To assess model generalization, we constructed an out-of-domain dataset comprising
15,045 images across 12 organ classes. These images were collected from the publicly available Histology Guide website, an
extensive resource of annotated electron microscopy images. From this source, 71 large images were downloaded and labeled
according to the ’tissue’ annotation in their accompanying metadata. Each large image was then non-overlappingly cropped
into 448 x448-pixel images. For training, 4,000 images were randomly selected, while the remainder was reserved for testing.
Classification and visualization. For each classification task, we employed a simple linear classifier appended to the
EM-DINO backbone, following the approach proposed in the original DINOv2 study. Classification performance was optimized
using mean accuracy as the training loss function. To assess sensitivity to learning rates, we evaluated 13 values ranging from
0.00001 to 0.1. Additionally, multiple checkpoints were collected throughout pretraining, and classification experiments were
conducted on all available checkpoints. The final reported accuracy (Fig. 2) corresponds to the highest accuracy achieved
across all combinations of checkpoints and learning rates. To ensure consistent model input, all images—regardless of their
original size or dataset—were resized to 448x448 pixels prior to both training and evaluation. For visualization of embedding
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spaces, the 1024-dimensional image embeddings obtained from the frozen ViT models were projected into two-dimensional
space using Uniform Manifold Approximation and Projection (UMAP*).

OmniEM and Downstream tasks

OmniEM Structure OmniEM employs a hybrid architecture that combines the pretrained EM-DINO encoder with a convo-
lutional decoder arranged in a U-shaped structure (Extended Data Fig. 2), inspired by UNETR*’. To accommodate the x16
upsampling required by the deepest convolutional layers, input images of size H x W are resized to (H X %1 X (W X %W

before being passed to the EM-DINO encoder. Note that both dimensions of the resized input must be divisible by 16.

The EM-DINO encoder processes the input through 24 transformer layers, extracting patch-wise embeddings from three
intermediate layers as well as the final layer to capture multi-scale contextual information. These intermediate embeddings
are fed into the decoder, where convolutional blocks transform them into multi-scale, layer-specific feature maps. To restore
the original spatial resolution, the decoder applies a series of deconvolution (transposed convolution) layers that progressively
upsample these feature maps back to the input dimensions.

Additionally, a shallow convolutional block is applied to the raw EM input prior to transformer encoding, extracting
low-level structural cues that are fused into the decoder via skip connections to enhance fine-detail recovery. The final output is
produced by a task-specific prediction head: a sigmoid activation for image restoration or a softmax activation for pixel-wise
segmentation.

Image restoration loss For model optimization, we employed a composite loss function Lyesorarion cOMprising three
components to compare the predicted image §; and the GT image y;: Ly loss, L, loss, and an embedding loss Lemp. The Ly
loss and L, loss were used to minimize pixel-wise reconstruction errors, and were computed using the absolute distance and
Euclidean distance respectively, as

1

1y
—N;b’i_)’i‘y L= N (yi_yi)za )]

\\Mz

where N represents the total number of pixels. The embedding loss Lemp Was computed by comparing embeddings extracted
from two images through pretrained EM-DINO, as

h
Lemy = oLing + BLI, )
where Ler:]b denotes image-level embedding loss, Lgfgf)h denotes patch-level embedding loss. Furthermore, o and 3 are

weights for two embedding losses respectively. Specifically, embedding losses Lepy, Was the cosine distance between pairs of
embeddings, as

fs-f
leg —1_ Ty 7 patch _
e = L= R Leme ,; e

Tee ) 3
where f; and f, are the image-level embeddings of predicted image and GT image respectively. f; and f, are the patch-level
embeddings of predicted image and GT image respectively, and M is the number of the patches of the image. In summary, the
image restoration loss for OmniEM is

Liestoration = L1 + L + Lemp.- (4)

Denoising Dataset for denoising tasks was collected from the EMDiffuse study'®, which consists of EM images acquired at
various dwelling times, resulting in different noise levels. To analyze model performance under different noise conditions,
we categorized the dataset into three noise levels: low, medium, and high. We trained three separate OmniEM models, each
dedicated to one of the defined noise levels. The training process aimed to adapt the OmniEM model to effectively reconstruct
noise-free images from noisy inputs while preserving essential structural details. All training and testing data were cropped to a
size of 224 %224 to ensure uniform input dimensions during training and evaluation. Finally in total, 20684 image pairs were
used for training, 884 image pairs were used in testing.

Super-resolution We further extended the OmniEM model to perform super-resolution tasks, aiming to reconstruct
high-resolution EM images from their low-resolution counterparts. Similar to the denoising task, we utilized datasets from
the EMDiffuse study'>, specifically mouse brain images acquired at different resolutions. Similarly, to address varying noise
conditions in the input images, we trained three separate OmniEM models, each dedicated to a specific noise level: low,
medium, or high. For optimization, we employed the same loss function L;,sorarion Used in the denoising task, consisting of L;

“https://github.com/Imcinnes/umap
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loss, L, loss, and an image-level embedding loss LZ;% weighted by a factor of 0.25. High-resolution images were cropped to a
size of 224 x224 as those in denoising task, and low-resolution images were cropped to a size of 112x 112 and then upscaled to
224 %224 to match the size of high-resolution counterparts for training and testing. Finally in total, 12688 image pairs were
used for training, 556 were used in testing.

Mitochondria segmentation To adapt the OmniEM model for generalized mitochondria segmentation, we trained OmniEM
using the CEM-MitoLab dataset'?. No data augmentation method was applied during training. We utilized Dice coefficient loss
Lpice to optimize the model’s performance, as

2 Zf\]: | Viyi
AERES R
where J; and y; are the predicted and ground truth values for pixel i, respectively, and N is the total number of pixels in the
image.

After training, the model was evaluated on seven diverse benchmark datasets from the CEM-MitoLab dataset to comprehen-
sively assess its effectiveness and generalizability. All training and testing data were cropped to a size of 518 x518 to ensure
uniform input dimensions during training and evaluation.

Multi-class segmentation To extend OmniEM for multi-class segmentation, We trained the OmniEM model for multi-class
segmentation with the Betaseg dataset'’, which consists of six categories: insulin secretory granules (SGs), mitochondria,
Golgi apparatus, nucleus, microtubules, and centrioles. The training process utilized multi-class Dice coefficient loss Lpjce to
optimize the model’s performance. Common data augmentation techniques, including RandSpatialCropd, RandRotate90d, and
RandFlipd were used during the training process, each with a probability of 0.5.

Due to the downsampling in the publicly released dataset, microtubules were barely visible and therefore excluded from
the experiment. Centrioles occupied only a small portion of the image and could be effectively segmented using simple
thresholding methods, so they were also excluded. As a result, we remained four organelles for multi-class segmetation: insulin
SGs, mitochondria, Golgi apparatus, and nucleus. The dataset was cropped into non-overlapping patches of size 252x252 and
randomly split, with 30% allocated for training and 70% for testing. To investigate how the model performs under different
amounts of training data, we established four training scenarios using 1%, 30%, 60%, and 100% of the available training subset
(where 100% corresponds to 30% of the entire dataset).

Integrating OmniEM’s abilities We combined the super-resolution and mitochondrial segmentation capabilities of
OmniEM to demonstrate improved segmentation performance on low-resolution data. As a case study, we used the glycolytic
muscle dataset from CEM-MitoLab. We downsampled the original data to simulate low-resolution acquisition and restored it
using either bilinear interpolation or OmniEM-based super-resolution. We then applied OmniEM’s mitochondrial segmentation
module to both restored datasets. To assess segmentation accuracy, we compared the results to the ground truth using the Dice
coefficient. To explore the overall segmentation performance, we stacked 2D slices into volume and generated three-dimensional
visualizations using Blender.

Lpice =1 — (5)

Implementation of competing methods

We compared OmniEM with four representative baseline methods. For image restoration tasks, we selected EMDiffuse’ and
PSSR®. For segmentation tasks, we used MitoNet’ for mitochondrial segmentation, and GobletNet® for multi-class segmentation.
Since both EMDiffuse and MitoNet provide publicly released pretrained weights trained on the same dataset used in our
experiments, we used these models without any parameter modification or additional fine-tuning. For EMDiffuse, we set the
number of generated outputs to 1, disabled output averaging, and used 1000 diffusion steps throughout all experiments. For
PSSR, we retrained the separate models for different noise levels, following the official repository instructions, using default
parameters except for adjusting the downsampling scales to match the settings in experiments. For GobletNet, we also retrained
the model according to the repository guidelines, selecting Haar as the wavelet basis and setting the ratio to 0.4, which controls
the proportion of low-frequency information incorporated into the high-frequency image.MitoNet inference was performed via
the Napari plugin on a single NVIDIA GeForce RTX 4080 GPU with 64 GB of RAM. All other models, including EMDiffuse,
PSSR, and GobletNet, were evaluated on the same computing cluster as OmniEM, equipped with NVIDIA A40 or A800 GPUs
and 512 GB or 1 TB of RAM.

Evaluation Metrics
We adopted widely used metrics to evaluate model performance. For image restoration tasks, we selected three metrics to assess
restoration quality, including Peak Signal-to-Noise Ratio (PSNR), as well as Learned Perceptual Image Patch Similarity (LPIPS)

Shttps://github.com/Luchixiang/EMDiffuse
Shttps://github.com/ucsdmanorlab/PSSR2
7https://github.com/volume-em/empanada-napari
8https://github.com/Yanfeng-Zhou/GobletNet
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and Feature Similarity Index Measure (FSIM), two of which used in EMDiffuse!>. These metrics were implemented using the
PYIQA library®. Additionally, we compared image resolution ability of different models after denoising and super-resolution
using decorrelation analysis, implemented via NanoPyx'?. For image segmentation tasks, we employed the Dice coefficient
and the Jaccard Index (Intersection over Union) to quantify the spatial agreement between predicted segmentation masks and
ground truth annotations. All evaluation metrics were implemented using custom-developed scripts.

Data and code availability

We upload supplymentary texts, checkpoints, and the Napari-plugin in the goolge driver folder!!.
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Fig. 1. Overview of EM-5M, EM-DINO, and OmniEM. Left. Data from Webknossos, BossDB, OpenOrganelle, EMPIAR
and other sources are collected and curated to EM-5M, which contains over 5 million standardized images. The EM-5M
spectrum spans over seven imaging devices, more than 16 animal species, over 30 organ types, and a broad range of pixel sizes
from 0.5 nm to 70 nm. Middle. Illustration of the SSL process of EM-DINO. EM-specific data augmentations were introduced
into the SSL process. After SSL with the large-scale EM-5M dataset, EM-DINO can form semantically meaningful embeddings
from EM images. Right. From top to bottom: the framework of OmniEM, supported downstream tasks, and the interface of the

Napari plugin.
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Fig. 2. Evaluation of model performance on organ classification tasks. The EM-DINO model, pretrained with diverse
EM-specific data, demonstrates superior representational capability compared to the natural image—pretrained DINOv2 through
self-supervised learning. (A) Schematic of the context-aware classification task using morphologically rich EM image patches
from 11 organ types. (B) Classification accuracy of DINOv2 and EM-DINO across varying amounts of training data. (C)
Zero-shot UMAP visualization of image embeddings from the context-aware task, showing clearer organ-level separation with
EM-DINO. (D) Schematic of the fine-grained classification task using small field-of-view, low-context EM images from 12
organs in an out-of-distribution dataset. (E) Classification accuracy of both models on the fine-grained task across different
training data sizes. (F) Zero-shot UMAP visualization of embedding spaces in the fine-grained setting, where EM-DINO forms

more distinct and semantically meaningful clusters.
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Fig. 3. Evaluation of OmniEM Image Denoising and Super-Resolution. (A) Comparison of the denoising results from
different models under low noise conditions. From left to right: the noisy image acquired with short dwell time (used as model
input), the restored results from PSSR, EMDiffuse, and OmniEM, and the high-quality image acquired with long dwell time
(used as ground truth reference). Two image regions are shown as representative cases. (B) Shown are the relative performance
of different models on all pair-wise test data under low noise levels, using four metrics: PSNR, LPIPS, FSIM, and resolution.
Light blue line represents the ratio distribution of OmniEM to EMDiffuse, and light green line represents the ratio distribution
of OmniEM to PSSR. The vertical red dashed line indicates the ratio value of 1, and arrows denote the direction of better
performance for each metric. (C and D) show the corresponding qualitative and quantitative denoising results under high noise
conditions, with the same layout and legend conventions as in A and B, respectively. (E) Comparison of the super-resolution
results from different models under low noise conditions. From left to right: the low-resolution input image, super-resolved
outputs from PSSR, EMDiffuse, and OmniEM, and the high-resolution ground truth image. Two representative regions are
shown. The resolution of each restored image is displayed in the upper right corner. (F) Shown are the relative performance of
different models on all pairwise test data under low noise conditions for super-resolution, using the same four metrics. (G and
H) show the corresponding qualitative and quantitative super-resolution results under high noise conditions, following the same
layout and conventions as in E and F. Scale bar: 200 nm.
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Fig. 4. Segmentation for Mitochondrail and Multi-organelle. (A) Mitochondrial segmentation outputs on seven datasets,
from left to right: C. elegans, fly brain, glycolytic muscle, HeLa cell, Lucchi++, salivary gland, and TEM images benchmark.
From top to bottom: raw input, ground truth (GT), OmniEM predictions and MitoNet predictions. Purple masks represent GT
labels or predicted segmentations overlaid on the raw input images. Yellow arrows highlight regions where OmniEM precisely
traces mitochondrial boundaries, whereas MitoNet tends to over-segment or miss these structures. (B) Dice coefficient
comparisons between OmniEM (light blue) and MitoNet (light apricot) across the corresponding seven benchmark datasets in
A; the final inset summarizes the mean Dice scores across all datasets. (C) Representative EM images and segmentation results
on Betaseg dataset. Column one, raw input images and GT labeling. Column two to five, segmentation results at the training
ratio of 1%, 30%, 60%, and 100%. Odd row, segmentation results of OmniEM. Even row, segmentation results of GobletNet.
Yellow arrows indicate regions where OmniEM precisely segments while GobletNet over-segments or misses. Colors:
background, grey; Golgi apparatus, blue; insulin SGs, orange; mitochondria, purple; nucleus, green. (D) Class-specific Dice
coefficient curves for OmniEM (blue) and GobletNet (light apricot) across training ratios. Scale bar, 1 pm, applies to all insets.
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Fig. 5. Empowering EM Image Analysis with OmniEM and Integrated Napari Plugin (A) From left to right: original
high-resolution image from the glycolytic-muscle mitochondrial segmentation benchmark; low-resolution image upsampled by
bilinear interpolation (LR-Bilinear); low-resolution image enhanced by OmniEM super-resolution (LR-OmniEM). (B) From
left to right: ground-truth mitochondrial mask; segmentation on LR-Bilinear input; segmentation on LR-OmniEM input. (C)
3D reconstructions of mitochondria from: original high-resolution segmentation (left), LR-Bilinear segmentation (center), and
LR-OmniEM segmentation (right). (D) Screenshot of the OmniEM-Napari plugin interface. Scale bar: 2 yum.

Extended data

Source Data 1: Performance comparison of Organ Classification Tasks (Accuracy in %)
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Source Data 2: values of metrics in figure 3

Source Data 3: values of metrics in figure 4

Source Data 4: values of metrics in Extended figure 4

Source Data 5: values of metrics in Extended figure 6

Source Data 6: values of metrics in Extended figure 7

Source Data 7: values of metrics in Extended figure 8

Extended Data Table 1: Sources of datasets

Downsample & Crop Deduplicate Filter uninformative images Resize & Normalize

Raw volume

Xz NZ _
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mEF
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Extended Data Fig. 1. EM-5M Data Curation Pipeline. Volumetric datasets are processed through the following steps:
standardization, downsampling, cropping, deduplication, uninformative region filtering, and patch-level resizing and
normalization. For 2D datasets, all steps are applied except for deduplication.
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Extended Data Fig. 2. OmniEM Architecture
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Extended Data Fig. 3. EM-DINO Distinguishes Organ Sources by Visual Features. (Left) Zoomed-in view of UMAP
embedding showing images from different organs (from Fig. 2E). (Right) Representative images colored by organ cluster,
illustrating how similar ultrastructural features group together.
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Extended Data Fig. 4. Effect of Image-Level and Feature-Level Embedding Weights on Denoising Performance. (A)
Representative low-noise examples showing Short-DT inputs (leftmost column), Long-DT ground truth (bottom left), and
denoised outputs as embedding weights vary. Rows correspond to & = 0.25 (top) and 3 = 0 (bottom). Columns show 3 =0
with a increasing from 0 to 1 (top row) and & = 0.25 with f increasing from 0 to 1 (bottom row). As « increases,
oversmoothing decreases and ultrastructural detail is progressively preserved. (B) Representative high-noise examples
following the same layout as (A). With o = 0, PSSR-like oversmoothing appears; as o increases, the embedding loss restores
membrane and vesicle structures more faithfully. Increasing 8 introduces grid-like patterns that are not penalized by LPIPS.
(C) LPIPS scores for denoised high-noise images across the range of o and f3 values. Introducing an image-level embedding
loss (o = 0.25) reduces LPIPS from 0.52 to 0.18; further increases in @ or inclusion of f yield diminishing returns and can
introduce spurious patterns. Scale bar: 200 nm.
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Extended Data Fig. 5. Neuron segmentation and vesicle detection comparison on different restoration results. (A)
Neuron segmentation on denoised images. Top: input (Short-DT), restorations (PSSR, EMDiffuse, OmniEM), and reference
(Long-DT). Bottom: manual annotations. Yellow: unannotatable regions; green: consistent with reference; blue: false positives.
(B) Vesicle detection under the same settings. Red: missed vesicles; green: correct detections; blue: false positives. (C) Vesicle
detection on super-resolution results. Same color coding as in (B). Scale bar: 200 nm.
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Extended Data Fig. 6. Medium-level denoising and super-resolution results. (A) Comparison of the denoising results
from different models under middle noise conditions. From left to right: the noisy image acquired with short dwell time (used
as model input), the restored results from PSSR, EMDiffuse, and OmniEM, and the high-quality image acquired with long
dwell time (used as ground truth reference). Two image regions are shown as representative cases. (B) Shown are the relative
performance of different models on all pair-wise test data under middle noise levels, using four metrics: PSNR, LPIPS, FSIM,
and resolution. Light blue line represents the ratio distribution of OmniEM to EMDiffuse, and light green line represents the
ratio distribution of OmniEM to PSSR. The vertical red dashed line indicates the ratio value of 1, and arrows denote the
direction of better performance for each metric. (C) Comparison of the super-resolution results from different models under
middle noise conditions. From left to right: the low-resolution input image, super-resolved outputs from PSSR, EMDiffuse,
and OmniEM, and the high-resolution ground truth image. Two representative regions are shown. The resolution of each
restored image is displayed in the upper right corner. (D) Shown are the relative performance of different models on all
pairwise test data under middle noise conditions for super-resolution, using the same four metrics.Scale bar: 200 nm.
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Extended Data Fig. 7. Multi-Organelle Segmentation Results on Different Volumes from Betaseg. (A-G) Legends are
the same as in Figure 4C. (H) Corresponding Dice scores of OmniEM and GobletNet trained with 100% of the training data on
the cells shown in A-G.
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Extended Data Fig. 8. Precision Metrics for Multi-Organelle Segmentation. The y-axis shows the precision metric for
different semantic categories. Other legends are the same as in Figure 4D.
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