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S1. Cryo-Electron Tomography (cryo-ET)

Cryo-electron tomography is an emerging 3D electron mi-
croscopy imaging technique to visualize subcellular objects
across various scales inside the cell in their native context.
In cryo-ET, a cellular sample or portion of a cellular sam-
ple is imaged with an electron microscope. The sample
is tilted up to a certain range at both directions (typically
�60� to +60�) and an image is captured at each titled po-
sition [20]. The tilt series images are then backprojected
and reconstructed into a 3D voxel image, which is called a
tomogram (S1).

Figure S1. The cryo-ET image acquisition and tomogram recon-
struction process. [25]

These tomograms contain in situ visualizations of
nanometer-scale small macromolecules and micrometer-
scale organelles inside a cell and their native spatial or-
ganization. However, this unique aspect of tomograms

comes with several costs. The tomograms are usually very
large (e.g., 4000⇥ 6000⇥ 1000 voxels) grayscale volumes
and can not be processed as a whole. Even after binning
4 times across each axis, a tomogram is still large (e.g.,
1000 ⇥ 1500 ⇥ 250 voxels). Furthermore, to maintain the
native context of the sample specimen, the electron dosage
needs to be kept very low. Due to this low electron dose
and also because of the complex cytoplasmic environment,
the tomograms become very noisy. Due to incomplete tilt-
ing, tomograms reconstructed from the tilt series also con-
tain reconstruction-related artifacts [20]- known as missing
wedge effect.

Given all these challenges, extracting information of
multiscale subcellular objects from the cellular cryogenic
tomograms is an extremely difficult process and often re-
quires significant manual efforts. Through automation, this
bottleneck can be largely solved, revealing useful insights
into the subcellular world that were previously out of reach.

S2. Vision Foundation Models

Currently, vision foundation models (VFM) are emerging in
computer vision. VFMs are trained on massive, diverse im-
age datasets. They learn generalized visual representations
that can be adapted or fine-tuned for downstream tasks such
as classification, segmentation, object detection, and image
captioning. The segment anything model (SAM) [7] is a
very relevant example that can segment objects directly in-
side an image with or without a prompt. However, SAM is
a supervised segmentation model trained on an extremely
large set of annotated images, which does not include cryo-
ET images. Hence, we observed that SAM does not per-
form reasonable segmentation for cryo-ET image slabs. In
our work, we instead used self-supervised vision foundation
models for feature extraction. Popular examples of such
methods include CLIP [16], DINO [2], PLRC [1], and Sta-
ble Diffusion [17].
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Figure S2. Feature extraction on a single cryo-ET image slab of a
S. Pombe Tomogram with multiple VFMs

We leveraged several self-supervised vision foundation
models (VFMs) to extract features for unsupervised seg-



mentation. In Figure S2, we show extracted features for
a sample cryo-ET image slab for multiple VFMs.

S3. Stable Diffusion Foundation Model

The Stable Diffusion model [17] is a state-of-the-art latent
text-to-image generative model that excels at generating
photorealistic images conditioned on textual descriptions.
Developed as a diffusion-based generative framework, Sta-
ble Diffusion integrates powerful deep architectures, in-
cluding a Variational Autoencoder (VAE), a UNet denoising
backbone incorporating a Vision Transformer (ViT), and a
Transformer-based text encoder. This sophisticated archi-
tecture enables robust multimodal representation learning.

Unlike conventional generative models, Stable Diffusion
operates within a learned latent space, rather than directly at
pixel resolution, which significantly reduces computational
complexity while preserving semantic fidelity. It employs
a Denoising Diffusion Probabilistic Model (DDPM), pro-
gressively transforming Gaussian noise into meaningful la-
tent representations conditioned upon textual input prompts.

The key components of Stable Diffusion include:
• Variational Autoencoder (VAE): Encodes high-

dimensional images into compact latent representations
and subsequently decodes generated latents back into
pixel-level images.

• Text Encoder: Utilizes a Transformer-based encoder to
convert textual inputs into dense embeddings, facilitating
conditioning in the diffusion process.

• UNet Denoiser: A hierarchical convolutional network
combined with Vision Transformer layers, predicting and
removing noise in the latent representation space through-
out the diffusion steps.

• Noise Scheduler: Controls forward (noise addition) and
reverse (denoising) processes in latent spaces during
training and inference.
In our segmentation pipeline for Cryo-Electron Tomog-

raphy (Cryo-ET), we leverage the Stable Diffusion model
strictly as a frozen feature extractor, without performing any
fine-tuning or domain-specific parameter updates. Specifi-
cally, we utilize the Vision Transformer backbone within
the UNet denoiser to extract dense, high-dimensional fea-
tures from Cryo-ET images.

Rather than employing Stable Diffusion’s generative ca-
pacity, we focus on the internal representations obtained
from the multi-layer self-attention mechanisms of the ViT
backbone. We extract both query and key embeddings from
multiple attention layers, as these embeddings capture rich
spatial relationships and structural information essential for
accurate unsupervised segmentation.

These embeddings are used to form affinity matrices,
characterizing spatial similarity among image patches. Sub-
sequently, spectral clustering is applied to these affinity ma-
trices, allowing eigenvectors to be optimized unsupervis-

edly to obtain meaningful segmentation masks. By directly
using the pre-trained model without modification, our ap-
proach efficiently exploits the extensive visual priors em-
bedded in Stable Diffusion, ensuring robust segmentation
of complex biological structures in Cryo-ET images.

S4. Self-attention mechanism

The self-attention mechanism is a key component of vision
transformers that enables the model to capture long-range
dependencies in an image. Each input image is divided into
non-overlapping patches of size p ⇥ p, forming a set of to-
kens {xi}Ni=1, where N = HW

p2 represents the number of
patches, where p = 16. These patches are embedded into
a higher-dimensional space and passed through the trans-
former layers, where self-attention operates as follows:

Each patch embedding xi is linearly transformed into
three vectors:
• Query (Qi): Represents the patch’s current state in rela-

tion to others.
• Key (Ki): Represents the identifiable characteristics of a

patch.
• Value (Vi): Contains the actual feature representation that

will be propagated through layers.

S5. Structural Similarity Index Measure

(SSIM)

The Structural Similarity Index Measure (SSIM) is an es-
tablished perceptual metric that quantitatively assesses the
visual similarity between two images by modeling human
visual perception more effectively than traditional pixel-
based metrics, such as Mean Squared Error (MSE) or Peak
Signal-to-Noise Ratio (PSNR). Rather than solely evaluat-
ing pixel intensity differences, SSIM quantifies structural
information, capturing similarities in luminance, contrast,
and structure between image pairs.

Formally, the SSIM between two image patches, denoted
as x and y, is defined by:

SSIM(x, y) =
(2µxµy + C1)(2�xy + C2)
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where:
• µx and µy represent the mean intensity values of patches
x and y, respectively.

• �
2
x

and �
2
y

are the corresponding variances, capturing lo-
cal contrast information within each patch.

• �xy denotes the covariance between the patches, captur-
ing the joint variations in their structures.

• C1 and C2 are small stabilization constants to prevent in-
stability when denominators approach zero, typically set
as C1 = (K1L)2 and C2 = (K2L)2, where L is the dy-



namic range of pixel intensities, and K1,K2 ⌧ 1 (com-
monly K1 = 0.01, K2 = 0.03).
Within our unsupervised segmentation pipeline tailored

specifically for Cryo-Electron Tomography (Cryo-ET) im-
ages, the SSIM metric is leveraged during the feature refine-
ment phase, particularly in selecting and aggregating struc-
turally coherent eigenvector-based images (eigenimages).

SSIM is strategically employed to evaluate the struc-
tural correspondence between candidate eigenimages and
the current aggregated feature (base image). Only eigenim-
ages that exhibit a high SSIM with the base image are con-
sidered for integration, alongside additional conditions such
as improved diversity score and reduced structural noise.
This filtering ensures that the merged eigenimages preserve
meaningful structures while suppressing noise and irrele-
vant features.

S6. UNet training

The training of UNet for membrane segmentation is per-
formed over 30,000 iterations using a batch size of 8. Op-
timization is performed using stochastic gradient descent
(SGD) with an initial learning rate of 0.1, momentum of
0.9, and a weight decay of 1 ⇥ 10�5 to prevent overfitting.
A StepLR learning rate scheduler is applied to decay the
learning rate by a factor of 0.1 every 10,000 iterations. To
ensure reproducibility, all experiments are conducted with a
fixed random seed.

The UNet architecture implemented here follows the
classic encoder–decoder structure, tailored for semantic
segmentation tasks. It is composed of two main compo-
nents: the Encoder, which progressively downsamples the
input to capture high-level features, and the Decoder, which
upsamples the feature maps to produce a full-resolution seg-
mentation map.

The encoder consists of an initial ConvBlock followed
by four DownBlock modules. Each DownBlock applies
max pooling to reduce spatial resolution by a factor of two,
then passes the result through a ConvBlock consisting of
two convolutional layers, batch normalization, LeakyReLU
activations, and dropout. The number of feature channels
increases at each level, from 16 up to 256, allowing the
model to capture increasingly abstract representations. Cor-
responding dropout rates also increase from 0.05 to 0.5 to
provide stronger regularization at deeper layers.

The decoder mirrors this structure, with four UpBlock
modules that upsample feature maps using either bilinear
interpolation or transposed convolution (in this implemen-
tation, transposed convolutions are used). Each UpBlock
also performs feature fusion by concatenating the upsam-
pled feature map with the corresponding encoder feature
map (skip connection), followed by a ConvBlock. This de-
sign enables the decoder to recover spatial detail lost during
downsampling. The final segmentation map is produced by

a 3×3 convolution that maps the decoder output to the de-
sired number of classes.

S7. DeepETPicker training and inference

DeepETPicker is a deep learning-based method that uti-
lizes a 3D-ResUNet segmentation model with coordinated
convolution and multiscale image pyramid inputs to dis-
tinguish biological macromolecules from the background
in cryo-electron tomograms. The methodology adheres
to an established two-stage workflow—training and infer-
ence—with identical hyperparameters consistently main-
tained to ensure methodological rigor. During preprocess-
ing, tomograms undergo coordinate normalization, inten-
sity standardization, and the generation of weak supervision
labels—simplified Gaussian-type masks—significantly re-
ducing manual annotation efforts compared to traditional
full voxel-level annotations. The training configuration
specifies critical parameters: subtomogram size of 723 vox-
els (chosen to balance memory constraints and spatial con-
text), padding size of 12 voxels for the spatial overlap-
based strategy, batch size of 8, learning rate of 0.001, and
a segmentation threshold of 0.5. These same coordinates
of the same tomogram are also used for validation in this
pipeline. During the training phase, subtomograms cen-
tered on individual particles are extracted to ensure bal-
anced representation. The 3D-ResUNet model, employ-
ing feature maps [24, 48, 72, 108], is trained with these
weak labels to maintain accuracy while minimizing anno-
tation costs.In the inference stage, identical spatial param-
eters are maintained. Tomograms are scanned with subto-
mogram size N and stride S, following the overlap-tile strat-
egy (S = N � 2 ⇥ padding size = 48 voxels) to elimi-
nate segmentation artifacts at tile edges. A GPU-accelerated
pooling-based postprocessing step employing mean-pool
non-maximum suppression (NMS) quickly identifies parti-
cle centroids from generated segmentation masks.

S8. Dice Coefficient

To measure the accuracy of membrane segmentation, we
used a commonly employed metric to evaluate segmenta-
tion methods, known as the Dice Score or Dice coefficient.
This score measures the overlap between a predicted seg-
mentation and the ground truth.

Given two sets A and B, Dice score is defined as:

Dice(A,B) =
2|A \B|
|A|+ |B|

For a 3D voxelized binary segmentation task like ours,
A can be regarded as the set of voxels in the ground truth
mask and B the set of voxels in the predicted mask.

Then:

|A \B| = TP, |A| = TP + FN, |B| = TP + FP



Substituting into the original Dice score formula:

Dice =
2|A \B|
|A|+ |B| =

2TP

2TP + FP + FN

We use the final equation to calculate the Dice scores in
the main manuscript.

S9. F1 Score

To measure the accuracy of macromolecule localization, we
used the commonly employed metric, the F1 score. We
calculate the F1 score using the list of predicted macro-
molecule locations and the list of ground truth macro-
molecule locations. The locations are expressed using the
macromolecule’s center (x, y, z) coordinate. If any pre-
dicted macromolecule location has any ground truth lo-
cation within 10 voxels of euclidean distance, then it is
counted a True Positive (TP). If there are multiple predicted
macromolecule location within 10 voxels of euclidean dis-
tance to a particular ground truth location, then only 1 of the
predicted location is counted as True Positive (TP), while
the remaining are counted as False Positive (FP). Any pre-
dicted macromolecule location not having any ground truth
location within 10 voxels of euclidean distance is counted as
False Positive (FP). The ground truth locations that do not
have any predicted macromolecule location within 10 vox-
els of euclidean distance is counted as False Negative (FN).
Using the count of TP, FP, and FN, we calculate precision
and recall as

Precision =
TP

TP + FP

Recall =
TP

TP + FN
.

Finally, the F1 score was calculated as:

F1 score =
2⇥ Precision ⇥ Recall

Precision + Recall
.

S10. Cellular Cryo-ET datasets used in experi-

ments

We primarily used cellular cryo-ET tomograms of S. Pombe

for validating our method. These tomograms have a pixel
spacing of 13.48 Åand a zyx dimension of either 500 ⇥
928⇥ 960 or 1000⇥ 928⇥ 960. They contain large mem-
branes, organelles, and small macromolecular complexes
such as ribosomes and fatty acid synthase (FAS). The to-
mograms are publicly available on CZI cryo-ET data portal
with dataset ID: DS-10001 and also as EMPIAR-10988. We
used the 10 tomograms that were imaged using Volta Phase
Plate (VPP) and thus have higher contrast for segmentation.

Additionally, we applied our method to C. Elegans cellu-
lar cryo-ET tomograms and Human RPE1 cellular cryo-ET
tomograms to qualitatively validate our method. Since these
datasets lacked well-defined ground truth, quantitative eval-
uation was not possible. The C. Elegans tomograms (100
available) have a uniform voxel spacing of 7.56 Å. These
tomograms contain multiple subcellular objects, including
membranes, ribosomes, and other cellular components. The
tomograms are of uniform size with a zyx dimension of
500 ⇥ 1024 ⇥ 1024. These tomograms exhibited a high
noise level and low contrast. To mitigate this and enhance
feature extraction, we applied the CCP-EM denoiser [14]
prior to segmentation.

The tomograms (3 available) from Human RPE1 (Reti-
nal Pigment Epithelium) cell lines are publicly available at
EMPIAR-10989. The tomograms are of size 500 ⇥ 928 ⇥
928 with a voxel spacing of 1.348nm. The tomograms vi-
sualize regions of cells that contain subcellular objects like
actin filaments and microtubules.

S11. Ablation Experiments

We performed ablation experiments to assess the impor-
tance of several individual components (feature aggrega-
tion, slab correction, and the supervised pseudo-label train-
ing) of our pipeline. We conducted experiments for 100
slabs in 2 cryo-ET tomograms in the S. Pombe data set. We
provide the results in Table S1. The results highlight the
need for individual components of our method. Further-
more, generating pseudo-labels for a few slabs in an un-
supervised way and then using the pseudo-labels to train a
lightweight supervised model to generate the final segmen-
tation mask for all the slabs is a rational strategy, as this
improves the final segmentation mask (as evidenced by w/o

PL train) in Table S1) and also saves time and compute.
TS 0004 (z=450–550) TS 0008 (z=200–300)

Method DiceMem (") F1Macro (") DiceMem (") F1Macro (")

w/o Feat. aggr. + PL train 0.431 0.145 0.454 0.318
w/o Slab corr. + PL train 0.427 0.152 0.457 0.355
w/o PL train 0.441 0.171 0.471 0.391
Ours (full) 0.487 0.394 0.564 0.475

Table S1. Ablation results. PL train = Pseudo-Label training
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