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Abstract

Cryo-electron tomography can reveal macromolecular structures in native cellular
environments, but structure determination remains limited by expert-guided par-
ticle picking and dataset-specific processing. We present an automated framework
combining Octopi, a self-configuring deep-learning particle detector, with py2rely,
a standardized subtomogram averaging workflow. Starting from sparse target
annotations, we applied the framework to 17 structure-determination tasks, yield-
ing reconstructions at 3-20 A resolution across purified macromolecules, isolated
organelles, and intact cells.

Keywords: cryoET, Segmentation, Deep Learning, Sub-tomogram Averaging

Cryo-electron tomography (cryoET) reveals macromolecular complexes within native
cellular environments in three dimensions [1]. From these volumes, subtomogram aver-
aging (STA) determines the structure of complexes at high resolution [2]. Although
cryoET data acquisition and tomogram reconstruction have become increasingly
routine, structure determination by STA remains limited in scale, hindering high-
throughput analysis in crowded, heterogeneous volumes typical of cellular tomography.



To determine structures from cryoET data at scale, two challenges must be
addressed simultaneously: particles must be localized in complex cellular volumes, and
the resulting coordinates must be reconstructed into structures through STA pipelines.
Current approaches depend on expert-configured particle picking and extensive man-
ual intervention during downstream processing, with workflows assembled separately
for each dataset [3-5]. Unlike single-particle analysis, where first-pass automated work-
flows are available in tools such as CryoSPARC Live [6] and RELION ([7], STA lacks
an equivalent end-to-end route from candidate particles to reconstructed structures.

This missing end-to-end route also complicates the evaluation of particle-picking
methods on experimental cryoET data. Benchmark datasets with available annotations
have enabled systematic evaluation using coordinate-overlap metrics [8]. However,
most experimental datasets lack corresponding ground-truth coordinates, limiting
the applicability of annotation-based benchmarks. In such cases, STA can provide a
structure-based readout of coordinate quality, since coordinate sets that recover more
true particles are expected to yield higher-resolution structures [9]. For this compar-
ison to be meaningful however, coordinate sets must be processed through the same
automated STA workflow to minimize user bias. Thus, a generalizable, minimally
supervised route from particle picking to structure determination is needed both for
scalable structure discovery and for unbiased method evaluation.

To address this need, we developed a self-configuring particle-picking framework
and linked it to an automated STA workflow for structure determination (Fig. 1a). The
particle-picking component, Octopi, is a supervised deep learning framework that uses
Bayesian optimization to automatically adapt model architecture and training choices
to each new cryoET dataset (Fig. 1b). The STA component, py2rely, takes particle
coordinates and tomographic tilt series as input and determines structures through
a workflow built on RELION-5 [10] and the CCP-EM Pipeliner [11] (Fig. 1c). Both
components operate through copick, a shared cryoET data interface that standardizes
access to tomograms, annotations, and coordinates across tools [12]. We evaluated
this framework on 17 structure-determination tasks spanning purified macromolecules,
isolated organelles, and intact cells (Extended Data Table 1).

First, we applied Octopi to the Phantom dataset from the CryoET Object
Identification Kaggle Challenge, where ground-truth coordinates are available for
six macromolecular species in crowded pseudo-cellular tomograms [13]. To directly
compare Octopi’s self-configuring strategy with an expert-configured baseline, we
developed TopCup (Top CryoET U-Net Picker), an open-source implementation of
the top-ranked challenge entry, which was optimized specifically for the Phantom
dataset. This annotated benchmark allowed us to evaluate particle-picking perfor-
mance using conventional coordinate-overlap metrics, while also establishing the
automated STA-based evaluation workflow in py2rely, which is used throughout this
study to compare coordinate sets across datasets without ground-truth annotations.

Using the same evaluation metrics from the challenge, we compared Octopi to
TopCup with conventional coordinate-overlap metrics (see Methods). Octopi achieved
an Fj score of 0.763, matching TopCup, which scored 0.761, and approaching the
top-ranked challenge entry, of 0.788 (Fig.2e,f; Extended Data Fig.2). Thus, without
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Fig. 1 Automated particle-picking and structure determination pipeline for cryoET. a,
Overview of the cryoET pipeline. b, Octopi self-configures to new datasets through Bayesian hyper-
parameter search. The search space spans architectural choices and training choices (see Methods).
Data shown are from an Optuna run on the CZCDP-10310 Phantom benchmark dataset; I3 improved
from 0.45 (Model 3) to 0.68 (Model 104) over 120 trials, with representative network architectures
shown above. ¢, Particle coordinates and tilt series feed into iterative subtomogram extraction, 3D
refinement, and CTF refinement with Bayesian polishing in RELION-5. The full workflow is detailed
in Extended Data Fig. 9.

dataset-specific model design, Octopi matched the coordinate-localization performance
of a specialized, expert-configured model.

Next, we evaluate if these coordinate sets produced comparable reconstructions
when processed through the same automated STA workflow. Coordinates from Octopi,
TopCup, and the top-ranked challenge entry were processed using identical py2rely
workflows. All three coordinate sets produced structures for each of the six Phantom
targets, with final resolutions ranging from 3.5 to 11 A and comparable reconstruction
quality across methods (Extended Data Fig. 3). These results indicate that, given



sufficient true positives, py2rely can automatically perform structure determination
across coordinate sets generated by different particle-picking methods.

The automated py2rely workflow also improved previously reported structural
outcomes through iterative CTF refinement and per-particle frame alignment. For
example, the ribosome reconstructed using picks from the top-ranked Kaggle entry
reached 3.7 A with the updated py2rely workflow, compared with the previously
reported 6.8 A reconstruction from the same challenge-derived coordinates [9].
Together, these results show that Octopi achieves competitive coordinate-localization
performance on annotated benchmark data and that py2rely provides a consistent
structure-based endpoint for comparing particle-picking methods.

We then applied this automated STA-based evaluation framework to native,
membrane-rich cryoET datasets lacking ground-truth coordinates, where particle
localization depends not only on local particle signal but also on cellular context. In
unroofed HEK293 and HSC3 cells [14], Octopi was trained on two manually annotated
tomograms containing 203 membrane-associated and 612 cytosolic ribosome coordi-
nates. From these sparse labels and membrane annotations, Octopi distinguished the
two ribosomal populations while simultaneously segmenting the surrounding mem-
branes (Fig.2a,b). The resulting subtomogram averages resolved both cytosolic and
membrane-associated ribosomes at nanometer resolution. In the membrane-associated
ribosome reconstruction, additional density was consistent with the Sec61-translocon-
associated protein complex reported previously [15, 16] (Extended Data Fig. 4).

Membrane-bound targets present a greater challenge, as particle signal is domi-
nated by the surrounding membrane. Using 157 manually annotated particles from
isolated synaptic vesicles [17], Octopi identified V-ATPase candidates for downstream
averaging. This target required additional curation, but nevertheless yielded a 19.5 A
reconstruction in which the Vi and V; densities are clearly resolved (see Methods;
Extended Data Fig. 5), approaching the 16.7 A resolution reported in the original
study. This was achieved despite only 95 of the 719 tomograms from the published
dataset being available on the CryoET Data Portal. These results show that effective
pickers can be trained from sparse labels even for challenging membrane-associated
targets, provided that membrane context is learned jointly with particle picking.

More broadly, Octopi can incorporate larger-scale cellular features, such as vesicles,
membranes, and organelles, when these contextual cues are informative for particle
localization. This capacity for context-aware segmentation is further explored in the
POPSICLE benchmark [8] (Extended Data Fig. 6).

In intact E. coli cells, Octopi recovered VLPs and GroEL in crowded bacterial
cytoplasm without target-specific retuning (Fig. 2c¢,d). For GroEL, which is difficult
to annotate manually because only a restricted set of high-contrast views is readily
recognizable in tomographic slices, we bootstrapped training from template-matched
coordinates. As few as 50 template-derived picks were sufficient to train an Octopi
model that produced a sub-nanometer GroEL reconstruction (see Methods; Extended
Data Fig. 7). For VLPs, a single Octopi model trained on three tomograms from one
plunge-frozen preparation generalized to two independent data collections and a cryo-
FIB lamella dataset with different signal-to-noise properties, yielding reconstructions
between 3.0 and 3.9 A across the three held-out datasets (Extended Data Fig. 8).
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Fig. 2 Octopi detects diverse macromolecular targets. a,b Tomogram from the Phantom
sample, used in the Kaggle macromolecular-localization challenge, with Octopi predictions overlaid
for benchmark particle classes. c,d Representative unroofed-cell tomogram and reconstructions of
cytosolic ribosomes and membrane-associated ribosomes in a crowded cellular environment. e,f An
E. coli tomogram showing Octopi predictions for multiple intracellular targets in dense bacterial
cytoplasm. Scale bars, 100 nm.



Octopi transfers across annotation sources and acquisition regimes, supporting its use
as a general-purpose picker adaptable to new applications.

By interfacing directly with the CryoET Data Portal [18], Octopi and py2rely pro-
vide a community resource for in situ cryoET structure determination. This integration
enables standardized method development and reproducible processing of tomograms
and coordinates hosted in the portal, supporting structure determination across the
growing body of publicly available cryoET data.

Overall, self-configuring particle picking coupled to standardized STA produced
structures at 3 to 20 A resolution. After a small set of manual annotations specifying
the target molecule was provided, the workflow proceeded automatically for all targets
tested except the synaptic-vesicle V-ATPase, which required manual class selection
and mask adjustment. This exception identifies a clear direction for future devel-
opment: improved automated handling of challenging membrane-associated targets.
More broadly, the workflow provides a foundation for extending automation across
additional processing decisions and applying the same high-throughput framework to
a wider range of in situ targets.
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Methods
Octopi

Target Generation. Training labels are represented as multi-class volumes. For each
annotated particle, voxels within a sphere centered on the annotation are assigned
to the corresponding particle class channel, with the sphere radius set to 80% of the
configured particle radius. This reduced radius concentrates supervision on the particle
interior and limits label overlap between neighboring particles in crowded tomograms.
Continuous annotations, such as membranes or vesicles, can be encoded as additional
channels and concatenated with the particle-localization channels.

Network and Training. Octopi uses a 3D U-Net implemented with MONAT prim-
itives [19]. The architecture is configurable in encoder depth, feature-map width,
downsampling stride, and the number of residual units at each level. Input tomo-
grams are standardized to zero mean and unit variance, then sampled as 3D patches
using class-balanced cropping that enriches patches for labeled particles, mitigating
the strong foreground—background imbalance typical of cryoET data. Online augmen-
tation includes random 3D rotations, axis flips, intensity jitter, and additive Gaussian
noise. Networks are trained with AdamW for up to 1,000 epochs using Tversky, focal,
or combined focal-Tversky loss.

Validation is performed voxel-wise: the candidate model runs inference over the
entire validation volume, and the per-class predictions are compared against the
ground-truth target masks across all voxels in the held-out set to compute precision,
recall, and the Fj3 score. The model checkpoint achieving the highest validation score
is saved as the final trained model.

Bayesian architecture search. Octopi self-configures to new datasets with
Optuna [20], which performs Bayesian optimization over architectural and train-
ing hyper-parameters using a Tree structured Parzen estimator sampler. The search
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space spans feature-map widths, strides, residual units, learning rate, batch size, and
loss function weightings. Each trial trains a candidate model under the validation
procedure described above, and trials whose intermediate score falls below the run-
ning median across completed trials are pruned, concentrating compute on promising
regions of the search space. The model from the trial achieving the highest validation
score is retained as the final model for downstream inference.

Inference. Trained models are applied to full tomograms to generate per-class 3D
segmentation masks. Predictions are averaged over up to nine test-time augmenta-
tions (TTA), consisting of 3D rotations and axis flips. When multiple cross-validation
models are available, their predictions are further averaged to form an ensemble,
improving robustness. Particle coordinates are then extracted from the per-class masks
using a watershed-based peak detector. Candidate particles with an effective radius
between 50% and 100% of the specified per-class particle radius are retained, whereas
candidates outside this range are discarded as noise.

Context-aware extraction of membrane-bound picks. Where a membrane or
organelle segmentation is available, each pick is assigned to a membrane-proximal
set if its Euclidean distance to the nearest segmented membrane voxel falls below a
user-defined threshold, and to a distal set otherwise. For membrane-proximal picks,
an initial orientation is assigned from the local membrane normal, estimated as the
vector from the pick to the nearest organelle centroid.

TopCup

TopCup is a reimplementation of the top-ranked segmentation solution from the
2024-2025 Kaggle CryoET Object Identification Challenge. The method employs an
ensemble of 3D segmentation models based on the MONAI FlexibleUNet architec-
ture, using ResNet34 and EfficientNet-B3 encoders. Training is performed using a
multi-scale Dense Cross-Entropy loss with class-specific weighting to address class
imbalance.

The network predicts per-class heatmaps from the decoder output, which are
subsequently converted into particle coordinates using a non-maximum suppression
(NMS)-based localization procedure. The model is trained primarily on annotated par-
ticle regions and relies on heavy data augmentation to improve generalization. These
augmentations include random flips along all three spatial axes, random cropping,
rotations, and mixup augmentation.

During inference, predictions from multiple models are ensembled and combined
with TTA based on flip transformations. The resulting per-class heatmaps are averaged
and postprocessed using NMS to produce the final particle coordinates.

py2rely

pyZ2rely couples particle coordinates and aligned tilt series to create a final reconstruc-
tion through a fixed sequence of RELION-5 jobs (Extended Data Fig. 9). The pipeline
can import coordinates saved in Copick, or accept previously formated STAR-file
inputs for RELION. py2rely proceeds through a binning cascade within a user-defined
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range to unbinned, the full tilt series resolution with subtomogram extraction, 3D
refinement, and post-processing performed at each level.

Initial Model Generation. Initial models are generated through one of three strate-
gies depending on available prior information. When a reference structure is available,
the reference is downsampled and low-pass filtered to match the first binning level;
symmetric targets are additionally aligned to the symmetry axis to avoid biasing the
initial orientation distribution. When no reference is available, RELION’s ab initio
stochastic gradient descent is run on a subset of the input particles to produce a de
novo initial model. When particle orientations are already known from a previous STA
run, or from template matching estimates, the initial model is reconstructed directly
from those particles without further searching.

Across this study, reference-based initialization was used for the Kaggle challenge
and ab-initio initialize was used for the E. coli and V-ATPase sample structures.
AutoClass3D. py2rely optionally performs 3D classification without alignment after
the first round of refinement to separate the dominant homogeneous population from
these contaminants. When two classes are used, the class with the best estimated reso-
lution is selected automatically and propagated to subsequent binning stages without
user intervention; RELION’s estimated translation accuracy serves as a tiebreaker
when estimated resolutions are identical. For higher class counts, the pipeline pauses
after classification, and the user selects which classes to keep; the selected particles are
combined into a single particle set and refinement resumes. AutoClass3D improved
final resolution on the Phantom benchmark (Extended Data Fig. 10).

Automatic Mask Generation. Soft masks for refinement and FSC calculation are
generated from the current reconstruction at each binning level without user inter-
vention. At each stage, the merged half-map is low-pass filtered in Fourier space at
a slightly lower resolution reported from the previous refinement job. The isocontour
threshold passed to RELION’s MaskCreate is then set to the 98.5th percentile of the
filtered volume’s voxel intensity distribution.

Iterative Polishing. After the final binning stage, py2rely enters an iterative
polishing loop that alternates RELION’s per-particle, per-tilt CTF refinement and per-
particle Bayesian polishing (beam-induced motion estimation). We measure the map
resolution at the end of every iteration and terminate after three successive iterations
without improvement. This loop typically converges in three to four iterations.
Minislab Curation. Coordinates produced by any of the three pickers can option-
ally be screened prior to subtomogram averaging using a slab-projection workflow.
For each candidate coordinate, a thin tomographic slab centered on the particle is
extracted from the reconstructed volume and projected along the z axis to yield a
2D particle image. The projected slabs are assembled into a stack and passed to
RELION-5 reference-free 2D classification with a user-defined class count, mirroring
the class-averaging strategy used in single-particle cryo-EM.

Classes displaying recognizable structural features are retained, and classes domi-
nated by noise, membrane edges, ice, or carbon are discarded. The retained particle
subset is forwarded to py2rely for 3D averaging at the binning level specified in the
configuration. The step typically completes within minutes per dataset and is inde-
pendent of the picking method, accepting Copick or STAR-~formatted inputs. We used
this workflow to clean the manual-annotation GroEL coordinates in Extended Data
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Fig. 7; for the template-matched GroEL coordinates and all other targets in this study,
py2rely was run directly without an intermediate slab-projection step.

Kaggle Benchmarking

We benchmarked Octopi, TopCup, and the top-ranking challenge entry coordinates on
the Kaggle Phantom dataset [9, 13]. The dataset is partitioned into training, public
test, and private test splits matching the original Kaggle challenge, and ground-truth
annotations on the private split are accessed through the CryoET Data Portal under
deposition CZCDP-10310.

Coordinate-overlap performance was scored using the Fjg metric adopted by the
challenge,
(1 + B?) precision - recall

F =
o (32 - precision + recall

with 8 = 4, which weights recall approximately sixteen times more heavily than
precision and reflects the practical observation that subtomogram averaging tolerates
moderate over-picking but is limited by the number of true positives recovered. A
predicted coordinate counts as a true positive when its distance to a ground-truth
annotation falls within the per-target tolerance defined by the challenge. Octopi and
TopCup were trained on the seven training tomograms and evaluated on the private
test set without challenge-specific tuning; the top-ranking challenge entry coordinates
were taken from the CryoET Data Portal under deposition CZCDP-10319.

For the structural benchmark, all three coordinate sets were processed through
identical py2rely workflows (Extended Data Fig. 3).

Ribosome Structure Determination in Unroofed Cells

Training annotations for cytosolic and membrane-bound ribosomes were drawn from
two tomograms in dataset CZCDP-10426 (HEK293 cells), with one tomogram held
out for validation. Plasma membrane segmentations were generated with MemBrain-
seg [21] and provided as an additional dense target channel alongside the two ribosome
classes during Octopi training.

The trained model simultaneously predicted the two ribosome states and plasma
membranes on the remaining unroofed-cell datasets (CZCDP-10427 through CZCDP-
10435) comprised of HEK293 and HSC3 preparations. Tilt series and predicted
coordinates were imported from the CryoET Data Portal via the py2rely API and used
for subtomogram averaging. Each target class was processed independently through
the full py2rely pipeline. AutoClass3D was enabled for both runs, with two classes
selected automatically at the first refinement stage.

Synaptic Vesicle V-ATPase Structure Determination

Tilt series from dataset CZCDP-10453/EMPIAR-12794 were aligned and recon-
structed with AreTomo3 [22], and the resulting tomograms were denoised and
missing-wedge—corrected with IsoNet2 [23]. The improved contrast of the denoised
tomograms facilitated manual curation of a training set of 157 V-ATPase particles
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across 11 tomograms. Synaptic-vesicle membranes were segmented with MemBrain-
seg [21] and supplied as a dense membrane channel alongside the V-ATPase particle
class during training. The picking model was trained in Octopi, using Optuna-based
search to optimize the U-Net architecture and training hyperparameters. Applying
the trained model to the denoised tomograms yielded 2,082 candidate V-ATPase
coordinates from 95 tomograms.

These coordinates were passed to py2rely for subtomogram averaging. A de novo
initial model was generated and used as the reference for 3D refinement at bin 4 (6.7
A /pixel). 3D classification with a soft-edged mask covering the V; head identified a
best-resolved class of 1,135 particles, refinement of which yielded a reconstruction at
22 A. py2rely then applied per-particle CTF refinement and Bayesian motion polishing
to improve the resolution to 19.5 A. Soft solvent masks were generated computationally
as raised-cosine envelopes centered on the complex: a sphere enclosing the V; head for
classification and initial refinement, and an ellipsoid enclosing the V; and Vg domains
for final analysis.

GroEL in E. colz

GroEL coordinates in intact E. coli tomograms were obtained via two parallel work-
flows to compare manual and template-matched annotation strategies (Extended Data
Fig. 7).

60 manually selected coordinates were used to train an Octopi model, which
returned approximately 11,100 candidate picks. Because GroEL is difficult to annotate
manually, only a restricted subset of high-contrast views is recognizable in tomo-
graphic slices. The initial model therefore over-picked substantially, and candidates
were screened using Minislab curation [13]: thin slab projections were assembled into
a stack and subjected to reference-free 2D classification in RELION-5, and 3 classes
displaying recognizable GroEL features were retained before passing coordinates to
py2rely.

In the template-matched workflow, the coordinates generated by template match-
ing with pytom-match-pick [24] were used to train Octopi models across a range of
seed sizes (5 to 600 picks), without any subsequent curation steps. For both workflows,
py2rely used de-nowvo initial model generation without 3D classification.

POPSICLE Benchmark

POPSICLE (Particle/Object Picking & Segmentation In CryoET Learning & Eval-
uation) is a unified benchmark for cryoET segmentation and macromolecular local-
ization [8]. It comprises four annotated datasets spanning prokaryotic and eukaryotic
systems: bacterial and yeast tomogram sets for dense compartment segmentation, and
the phantom dataset for sparse macromolecular localization. Octopi was trained and
evaluated on each task using the benchmark’s standard data splits and evaluation
protocols (Dice score for segmentation; recall-weighted Fg for localization) alongside
nnU-Net [25] and SwinUNETR [26]. Segmentation results are shown in Extended Data
Fig. 6. Across both tasks, Octopi achieved competitive performance relative to the
benchmark architectures.
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CryoET Data Portal Integration

Tomograms, tilt series, and ground-truth annotations were accessed through the Cry-
oET Data Portal via the Copick APT [12]. All Octopi training annotations, predicted
coordinates, and reconstructed maps generated in this study are deposited under the
deposition IDs listed in Data Availability. The shared Copick API allowed Octopi,
TopCup, and py2rely to operate on the same metadata schema without conversion. All
3D renderings and volumetric visualizations were generated using UCSF ChimeraX
with the Copick plugin [27, 28].

Software

The core Octopi, TopCup and py2rely functionality is implemented in Python. Deep
learning components are implemented using PyTorch [29]. Numerical operators rely
on NumPy and SciPy [30, 31]. Tomogram accessibility is enabled through Copick [12].

Data Availability

All tomograms, tilt series, and ground-truth annotations used in this study are pub-
licly available on the CryoET Data Portal. The dataset IDs are 10426-10435 for
Unroofed Cells, 10453 for the Synaptic Vesicles, 10359 and 10494 for the E. coli, and
10440, 10445, and 10446 for the Phantom Dataset. The octopi and TopCup predicted
coordinates are deposited under the deposition ID 10358.

Code Availability

The open-source code for Octopi, TopCup, py2rely are openly available under
the MIT License at https://github.com/chanzuckerberg/py2rely, https://github.com/
czimaginginstitute/czii_cryoet_mlchallenge_winning_models, and https://github.com/
chanzuckerberg/octopi respectively. The packages are distributed via the Python
Package Index (PyPI) and can be installed using pip install.
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Extended Data

Extended Data Table 1 Summary of cryoET datasets and structures. For each biological target, the
number of annotated coordinates and tomograms used to train the Octopi model is listed alongside the total picks
returned by inference and the particle count contributing to the final subtomogram average. Rows marked Volta
phase plate (VPP) and Non-VPP denote datasets acquired with and without a Volta phase plate, respectively [32].

# Train # Picks # Picks in  Resolution
Structure Dataset Picks / Tomograms Found Final Structure (A)
Membrane-Ribosome Unroofed Cells 203 / 2 53,369 20,179 10.9
Cytosolic Ribosome Unroofed Cells 612 / 2 3,653 1,734 6.8
V-ATPase Synaptic Vesicles 157 / 11 2,082 1,135 19.5
VLP E. Coli 1,500 / 3 131,000 131,000 3.0
VLP E. Coli 1,500 / 3 57,800 31,400 3.9
VLP E. Coli 1,500 / 3 122,000 40,000 3.2
GroEL E. Coli 50 / 12 845 845 7.4
Apoferritin Phantom 375 /7 34,941 34,941 4.2
Beta-Amylase Phantom 83 /7 17,976 7,509 9.4
Beta-Galactosidase  Phantom 103 /7 15,456 5,375 6.5
80S-Ribosome Phantom 331 /7 50,836 33,563 3.8
Thyroglobulin Phantom 244 /7 33,865 12,371 6.4
VLP Phantom 13 /7 4,768 4,768 4.4
80S-Ribosome VPP 159 / 3 8996 3710 6.8
80S-Ribosome Non-VPP 225 /4 15643 11479 4.8
VLP VPP 25 /1 490 290 7.0
VLP Non-VPP 22 /14 514 323 4.8

17



80
S 60f
@
3
o 401
20l .Apoferritin Virus-Like-Particle .Thyroglobulin
. Ribosome . Beta-Galactosidase . Beta-Amylase
0 Apo Beta-Am  Beta-Gal Thg
1.00 € 10
0.8r
0.75
[} 0.6r
3 9
» 0.50 EOA-
o B Daddies
0.25 == Octopi 020 FSC=0143 |\ WM N\
B TopCup 0.0F i
000" K00 Beta-Am Beta-Gal _ Thg Ribo VLP 000 005 040 045 020 025 030
Protein Complex Resolution (1/A)

Extended Data Fig. 2 Benchmark evaluation on the Kaggle Phantom Dataset. a, Repre-
sentative tomographic slice (left) and the corresponding Octopi prediction (right), with raw predicted
coordinates shown as colored spheres corresponding to the six particle species. Scale bar, 100 nm. b,
Reconstructions for the six benchmark targets: apoferritin, beta-amylase, beta-galactosidase, ribo-
some, thyroglobulin, and virus-like particle. ¢, Precision of particle localization for Daddies, Octopi,
and TopCup, definedas the fraction of predicted coordinates overlapping ground-truth annotations. d,
Fpg score for the same three models, with § weighted toward recall.e, Fourier shell correlation (FSC)
curves for each target’s subtomogram average obtained by py2rely using octopi’s particle coordinates.
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Extended Data Fig. 3 Subtomogram averages obtained by the top-ranking challenge
entry (Daddies), TopCup, and Octopi in the Kaggle Phantom Challenge. Reconstructions
for the Phantom challenge targets: apo-ferritin, beta-amylase, beta-galactosidase, thyroglobulin, ribo-
some, and virus-like-particle generated from coordinates produced by the Daddies model, Octopi and
TopCup. All maps were refined using the same py2rely workflow. Reported resolutions are shown on
the bottom right of each structure.
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this study -TRAP-Translocon complex
EMD-15885, Gemmer et al. 2023
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Extended Data Fig. 4 Comparison of membrane-associated density to a published
translocon map. a, Close-up view of the membrane-associated density from the membrane-bound
ribosome subtomogram average obtained in this study, low-pass filtered to 10 A. Scale bar, 5 nm. b
Equivalent view of the Ribosome-Sec61-TRAP translocon complex (EMD-15885) [15], low-pass fil-
tered to 10 A for comparison.
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Extended Data Fig. 5 Octopi applied to V-ATPase in synaptic vesicles. a, Representative
tomogram slice from the synaptic vesicle dataset showing Octopi-predicted V-ATPase coordinates
(pink) overlaid on segmented vesicle membranes. Scale bars, 100 nm (main panel), 5 nm (inset).
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Extended Data Fig. 6 Demonstration of Octopi for Organelle Segmentation. Octopi was
trained and evaluated on the bacterial and yeast segmentation tasks of the POPSICLE benchmark [8]
using expert annotations on the CryoET Data Portal (depositions CZCDP-10350 and CZCDP-10351).
a, Ground truth (left) and Octopi predictions (middle) for a bacterial tomogram, with the corre-
sponding 3D rendering of the predicted segmentation (right). Scale bar, 500 nm. b, Ground truth
(left), Octopi predictions (middle), and 3D rendering (right) for a yeast tomogram annotated for
four organellar classes: cytoplasm (red), mitochondrion (green), endomembrane (blue), and vesicle
(orange). Scale bar, 250 nm. Although Octopi was originally developed for sparse macromolecular
localization, the same self-configuring architecture search recovers competitive dense segmentation
across both samples.
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Extended Data Fig. 7 Comparison of Training Octopi with Manual and Template
Matched Annotations for GroEL. a, Workflow comparison for Octopi trained on manually
selected coordinates (left) versus template-matched coordinates (right). See Methods for details. b,
GroEL reconstruction resolution as a function of seed annotation count from template matching, with
2D class averages from slab projections for both workflows,

with retained (green) and discarded (red) classes. Scale bars, 10 nm.
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Extended Data Fig. 8 A single Octopi model generalizes across independent E. coli
datasets. a, Training set used to fit the Octopi model: showing two out of three tomograms from a
single plunge-frozen E. coli preparation. b, Bayesian architecture search over the Octopi hyperparam-
eter space identified the model configuration used for all downstream predictions. ¢, Generalization
of the trained Octopi model to three held-out E. coli datasets not seen during training: two indepen-
dent plunge-frozen collections (25aug25a, 350 tomograms; 250ct25a, 402 tomograms) and a cryo-FIB
lamellae dataset (26feb20d, 135 tomograms). For each dataset, a representative tomogram slice is
shown with predicted VLP coordinates overlaid (tan), alongside the subtomogram average obtained
by applying py2rely. Scale bars: 100 nm.
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Extended Data Fig. 9 The py2rely STA Workflow. a, Main STA pipeline. Particle coordinates
and tilt series enter an iterative loop in which subtomograms are extracted, an initial model is gen-
erated, and 3D refinement is performed at progressively finer binning. Each averaging block (orange)
invokes the procedure shown in b. An optional Class3D step (dashed outline) selects a homogeneous
particle subset before the second averaging round. After the bin-1 average, particles enter a polishing
block (blue) implementing the procedure in c. b, Averaging block. Particles and tilt series are used
to extract subtomograms and reconstruct an average at the current binning level. ¢, Polishing block.
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Extended Data Fig. 10 AutoClass3D Demonstrated on the top-ranking (Daddies)
Phantom Challenge Coordinates. a, Representative reconstructions of thyroglobulin (left) and
B-galactosidase (right) obtained without AutoClass3D (blue) and with AutoClass3D (orange). Insets
show zoomed views of a central region to highlight differences in local map quality. Gold-standard
FSC curves between independently refined half-maps for four particle species: thyroglobulin, -
galactosidase, (-amylase, and ribosome. Resolution improvements achieved by AutoClass3D are
annotated for each species; FSC curves for S-amylase are overlapping, indicating no resolution gain
for this particle.
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