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Abstract

Cryo-electron microscopy (cryo-EM) is a powerful technique for visualizing the structure

and dynamics of macromolecules in near-physiological conditions. Owing to cryo-EM’s

ability to image biomolecules in varying conformations, methods are increasingly being

developed to reconstruct heterogeneous ensembles of 3D biomolecular structures from 2D

cryo-EM image datasets. However, the field lacks standardized benchmarks for quantita-

tive evaluation of these methods. We present CryoBench, a set of challenging synthetic

cryo-EM datasets and novel metrics for the evaluation of heterogeneous reconstruction

methods, along with benchmarking analysis of existing state-of-the-art methods. Next,

we explore the semantic segmentation task for cryo-electron tomography (cryo-ET), a

related biophysical technique for visualizing macromolecules within their cellular envi-

ronments. We quantitatively benchmark prevailing supervised training approaches on

two datasets, while exploring work towards more generalizable segmentation of large-

scale cryo-ET data given only sparse manual annotations.
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Chapter 1

Introduction

Cryo-electron microscopy (cryo-EM) and cryo-electron tomography (cryo-ET) have emerged

as powerful techniques for visualizing biomolecules in near-physiological conditions [1].

They have proven to be key tools in advancing structural biology research, as well as

downstream applications such as drug discovery [2]. As cryo-EM and cryo-ET data

grows in both abundance and quality, new computational tools are required uncover the

breadth of biological insights present in the data. In this chapter, we review the basics

of the cryo-EM imaging process, an important class of computational tasks called the

cryo-EM reconstruction problem, and the cryo-ET imaging process. In Chapter 2, we

present CryoBench, a novel set of benchmark datasets and evaluation pipelines designed

to accelerate methods develop in cryo-EM reconstruction. In Chapter 3, we present ongo-

ing work in novel algorithms for the semantic segmentation of cryo-electron tomograms,

which contain rich structural information about biomolecules and organelles in situ. In

Chapter 4, we summarize our contributions and look ahead at future work in the field.

1.1 Cryo-electron Microscopy

Cryo-electron microscopy (cryo-EM) is a biophysical technique that allows for imaging

biomolecules in their near-native distributions. As depicted in Figure 1.1a, a sample of

a protein of interest is purified, vitrified, and imaged under an electron microscopy [7].

Due to the flash freezing process, molecules within the sample may assumed to be in
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Figure 1.1: Overview of cryo-EM and cryo-ET. (a) In cryo-electron micoscopy (cryo-
EM), a sample of a protein of interest is purified from the cell, vitrified in ice, and imaged
under an electron beam. Created with BioRender. Micrograph image adapted from
Walls et al. [3]. (b) The cryo-EM reconstruction problem involves constructing one or
more 3D density volumes from 2D particle images. Shown is the plasmodium falciparum
80s ribosome [4]. (c) Cryo-electron tomography is a technique in which tomographic
projections of a thin cell section are acquired at different angles and reconstructed into
a 3D volume, allowing for visualization of biomolecules within their cellular context.
Adapted from Turk and Baumeister [5] and Bykov et al. [6].)

conformations consistent with their free energy landscape under biological conditions.

Owing to this preservation of aqueous state, as well as the lack of an upper limit on

the size of particles that can be imaged, cryo-EM has emerged as a powerful technique

with unique advantages over prior methods such as x-ray crystallography. From the 2D

images produced by cryo-EM, computational pipelines can be used to reconstruct the 3D

structure and dynamics of a protein, delivering rich biological insights about structure,

function, and interactions of macromolecules.

1.2 The Cryo-EM Reconstruction Problem

The cryo-EM acquisition process produces “movies” of different areas of the sample.

Motion correction algorithms can be applied to each movie to produce a corresponding

2D micrograph. A micrograph represents the projected electron scattering potential

through an area of the sample. Particle picking algorithms produce individual particle
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images by extracting crops of the micrographs, typically on the order of tens of thousands

to over a million.

The cryo-EM reconstruction problem is the task of computing one or more 3D vol-

umes of a protein from the set of 2D particle images, as depicted in Figure 1.1b. There

are various aspects that make this task challenging: the images have low signal-to-noise

ratios due to radiation damage from the electron beam, some images may contain “junk”

particles owing to suboptimal sample conditions, the orientation of a particle within

each image is unknown, and particles may exhibit varying conformations across images.

Formally, given 2D particle images Xi, i ∈ {1, . . . , N}, the traditional cryo-EM recon-

struction reconstruction problem can be formulated as jointly solving for the volume V

and image poses ϕi = (Ri, ti), where Ri is a 3D rotation and ti is an in-plane translation,

typically finding a maximum a posteriori estimate of V while marginalizing over ϕ [8]:

V MAP = argmax
V

N∑
i=1

log p(Xi|ϕ, V )p(ϕ)dϕ + log V

However, as mentioned before, particles in a sample may be heterogeneous, in which case

we can model images as arising from one of K independent volumes, with marginalization

over the probability π of belonging to a class [8]:

V1,. . . ,VK

N∑
i=1

log
K∑
j=1

(πj

∫
p(Xi|ϕ, Vj)p(ϕ)dϕ) +

K∑
j=1

log p(Vj)

It is worth noting that while such a formulation may suffice computationally for a small

number of discrete protein conformations, K may be arbitrarily large for proteins that

undergo continuous motions.

1.3 Cryo-electron Tomography

While cryo-EM is powerful in its ability to image biomolecules in their near-native con-

formations, the purification process has the downside of removing the biomolecules from

their cellular context. Thus, cryo-electron tomography (cryo-ET) is emerging as a related
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technique for imaging biomolecules in situ [5]. In this method, depicted in Figure 1.1c,

tomographic projections of a thinned, vitrified section of a cell are acquired at differ-

ent angles, termed a tilt series. The 2D projections from the tilt series can be aligned,

electron dose-corrected, and backprojected to form a 3D volume displaying biomolecules

and coarser cellular structures. Common computational pipelines include subtomogram

averaging, in which extracted instances of a particle are averaged to obtain a high res-

olution structure, and segmentation, in which voxels of the tomogram are semantically

annotated.
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Chapter 2

Synthetic Benchmarks for

Heterogeneous Cryo-EM

Reconstruction

This work was done jointly with Minkyu Jeon, Alkin Kaz and Ryan Feathers.

2.1 Motivation

A single species of protein can have a highly dynamic structure. This heterogeneity

can broadly be characterized as compositional heterogeneity, where the protein displays

variations in subunit composition, or conformational heterogeneity, where the protein

undergoes flexible motions. A key benefit of the cryo-EM acquisition process is that

it freezes particles in their near-native states, thus producing images that capture the

heterogeneity of the protein. The goal of the 3D reconstruction problem discussed in

Section 1.2 is to not only achieve high resolution reconstruction, but to also recover the

heterogeneity present in the data.

There has been a recent growth in computational methods for heterogeneous cryo-

EM reconstruction, employing varying parameterizations of the space of volumes, such

as through neural fields [8], as a contributions of PCA components [9], or as a learned

deformation of a canonical volume [10]. However, the field lacks standardized bench-
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Table 2.1: List of common cryo-EM reconstruction methods and their evalua-
tion datasets. Adapted from Donnat et al. [11].

marks on which methods can be quantitatively evaluated, owing to the lack of ground

truth volumes in experimentally collected datasets. Currently, methods papers employ

a combination of “benchmarking-by-eye”, wherein the reconstructions of a few canonical

experimental datasets are visually inspected for quality, and synthetic datasets, which

tend to have simplistic motions or blob-like particles that are not representative of natu-

ral protein structures. Even with these approaches, there is a large amount of variation in

the evaluation datasets used, making it difficult to compare methods against one another,

as shown in Table 2.1.

Thus the aim of this project is to construct the first standardized benchmark dataset

for heterogenous cryo-EM reconstruction, which we term CryoBench. The contributions

are threefold:

1. New synthetic datasets with challenging forms of heterogeneity to motivate methods

development

2. Novel metrics for quantitative evaluation of these methods

3. Benchmarking of existing state-of-the-art methods

Armed with these datasets and metrics, we hope that methods developers are inspired to

tackle the cryo-EM reconstruction task and rigorously evaluate their methods. Likewise,
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we hope that the evaluation of methods on a standardized benchmark can aid methods

users in choosing the right tools for their dataset.

2.2 Related Work

The Cryo-EM Heterogeneity Challenge is an ongoing public competition in which users

can submit 80 reconstructed volumes representative of each of two datasets, one synthetic

and one experimental [12]. The challenge focuses on recovering the underlying distribu-

tion of particles, as these datasets have non-uniform distributions over the conformations.

Another related work simulates non-uniform datasets from continuous rotations of an

atomic model chain [13]. The focus here is on encoder metrics and building priors into

model latent spaces. We aim to supplement these works with a more expansive suite of

benchmarks involving more forms of complex heterogeneity, and a focus on evaluating

reconstruction quality.

2.3 Synthetic Dataset Generation

2.3.1 Simulation of Heterogeneity

Heterogeneity can be generated by introducing compositional and conformational ma-

nipulations to atomic protein structures. As shown in Figure 2.1a-c, the full benchmark

consists of three forms of heterogeneity: (1) two rotational motions of a Fab domain of

an antibody, simulating conformational heterogeneity; (2) stitching of different antigens

to the Fab domain of the same antibody, simulating compositional heterogeneity; and

(3) frames from molecular dynamics simulations of the SARS-CoV-2 spike protein in

different discrete states, also simulating conformational and compositional heterogeneity,

albeit with motions that are more fine-grained and realistic. For the remainder of this

chapter, we focus on the molecular dynamics dataset construction and benchmarking.

Molecular dynamics (MD) is a computational technique which predicts how the atoms

of a molecular system move over time based on a model of interatomic interactions [22].
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Figure 2.1: Synthetic Dataset Construction. (a) Conformational heterogeneity pro-
duced by rotating domains of the an antibody (PDB 1HZH [14]). (b) Compositional
heterogeneity produced by stitching the antibody with different antigens (PDBs 1TJG
[15], 4KHT [16], 7CHE [17], 7M6D [18], 8I5I [19]) (c) Fine-grained motions obtained from
molecular dynamics simulation of the SARS-CoV-2 spike protein [20]. (d) Simulation of
2D cryo-EM images from atomic models. Adapted from Jeon et al. [21].

Since the evolution of the system is governed by a physics-based model, the states of

the system are approximately biophysically realistic. MD simulations of a protein thus

provide us with a natural set of heterogeneous, biophysically plausible conformations.

We use two publicly available MD simulations of the SARS-CoV-2 spike protein from

D.E. Shaw Research [20]. The first is initiated in the “closed” state of the protein,

in which all three receptor-binding domains (RBDs) of the trimeric protein are in their

inactive position. The second is initiated in the “open” state, in which one RBD protrudes

out in its active position. While the protein can naturally transition between the open

and closed state in nature, this process occurs on the timescale of a few seconds [23],

so we do not observe it in the simulations, which are 10 microseconds long. Thus, the

conformational space can be seen as a discrete union of continuous manifolds — there

are two “macrostates” corresponding to the open and closed states, and within each

macrostate, there are thousands of “microstates” corresponding to fine-grained motions

of the atoms. In practice, we take the first 250 frames of the open state simulation and first

250 states of the closed state simulation, for a total of 500 conformations. Additionally,

we strip the atomic models of glycan chains coating the protein surface. We discuss the

sampling of transition states between the two macrostates as future work in Section 2.6.
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2.3.2 Simulation of Images

Simulating an image dataset from the MD simulation frames described in Section 2.3.1

involves two steps: simulating electron scattering potential maps from the atomic models

corresponding to the simulation frames, then simulating images from the maps through

a known forward imaging model.

In order to have a common frame of reference for the 500 atomic model frames, we

align the first frame of the closed state simulation to the closed state experimental density

map (via the ChimeraX fitmap command) [3], and then align the first frame of the open

state simulation to the first frame of the closed state simulation (via the ChimeraX

align command)[24]. Within each simulation, the frames are already aligned. Using the

ChimeraX molmap command, the electron scattering density is simulated for each frame

with a resolution of 2.1 Å/pix on a grid of dimension 4003 with pixel size 1.05 Å/pix,

matching the parameters of the experimental density map. For more efficient analysis, the

maps are downsampled to dimension 2563 (corresponding pixel size 1.64 Å/pix), though

the original box size may used in future work for higher resolution reconstruction.

For each of the 500 maps, 100 images are simulated using adapted scripts from

cryosim, a private tool courtesy of the E.Z. Lab, for a total of 50,000 images of size

2562. The image simulation process follows a commonly used forward model involving

(1) integrating the map along a random projection direction, (2) corrupting the resultant

2D image with the microscope’s contrast transfer function (CTF), and (3) corrupting the

image with Gaussian noise. An image I can be formed from a volume V as follows:

Ii = Ci ∗ Pϕi
V + ηi

where Pϕ is a projection along an axis followed by an in-plane translation, C is the CTF

and η is Gaussian noise. We randomly sample poses ϕ ∈ SO(3) × R2, where projection

directions are uniformly drawn from SO(3) and in-plane translations are uniformly drawn

from [−20, 20]2 pixels. CTF values are taken from the experimental values of Veesler et

al. with defoci clipped at 2.5 µm [3], and noise is added such that the signal-to-noise
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ratio (SNR) is 0.1. The image simulation process is shown in Figure 2.1d.

2.4 Evaluation Metrics

2.4.1 Latent Space Metrics

Many cryo-EM reconstructions produce a latent space, which can be interpreted as a

mapping from a particle image to the conformation of its imaged particle. While most

methods are not trained to produce an interpretable latent space, they often do em-

pirically, and it can be useful to quantify how well a latent space correlates with the

underlying distribution of conformations.

Discrete Heterogeneity. To assess discrete heterogeneity in the latent space, we use

a commonly employed metric for discrete clustering, the Adjusted Rand Index (ARI).

This metric can be seen simply as a classification accuracy invariant to the ordering of

the clusters. For the MD dataset, we define two ground truth clusters corresponding to

the open and closes states of the protein. The predicted clusters are obtained by running

k-means clustering with k = 2 on the latent space of a trained model.

Continuous Heterogeneity. To assess continuous heterogeneity in the latent space,

we use the following procedure, culminating in a metric based on the Spearman rank

correlation:

1. For each pair of particle images, we compute the distance between the atomic

models they were generated from, where distance is computed in the space of a

collective variable describing the dominant axes of variation.

2. For each pair of particle images, we compute the distance between their embeddings

in the latent space of a trained reconstruction model.

3. We compute the Spearman rank correlation between the “true” distances from Step

1, and the “predicted” distances from Step 2. As some of the models encode images

nonlinearly, we opt for the rank correlation over the Pearson correlation, the latter

of which tests for a linear relationship.
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For the MD dataset, we compute this metric separately for the open state images and

closed state images, and average the two. For each of the two, we define the collective

variable as the first two principal component values of the respective trajectory, where

each datapoint of the PCA corresponds to a timestep of the trajectory, and the features for

a timestep are 3N atomic coordinates (Appendix Figure A1). Since reconstruction models

have latent spaces of varying dimensionality, we also apply PCA with two components

to these latent spaces. Euclidean distances are computed between pairs of the collective

variables, and between pairs of the PCA-transformed latent embeddings.

2.4.2 Reconstruction Quality Metrics

In this section, we propose two metrics for assessing the quality of a distribution of recon-

structed volumes, based on the Fourier Shell Correlation. The Fourier Shell Correlation

(FSC) is commonly used as a measure of the resolution of a reconstruction. It is defined

as the cross-correlation coefficient between two 3D volumes over corresponding shells in

Fourier space[25]:

FSCt(U, V ) =
Σs∈StUsVs√

Σs∈St |Us|2Σs∈St |Vs|2

where U and V are the Fourier transforms of the two volumes, respectively, and St is the

set of voxels corresponding to resolution t in Fourier space. Typically, an experimental

dataset is split into two random halves, a volume is reconstructed from each, an FSC

curve is computed over different resolutions, and the resolution is chosen to be its value

when the FSC is 0.143 or 0.5, depending on the application [26]. However, in the synthetic

data setting with low noise level, the FSC curve often stays high (above 0.5) and we may

be interested in FSCs over a range of resolutions. Thus we propose using the area under

the FSC curve (AUC FSC) as the basis for our proposed metrics.

Volume-FSC. We define the first metric, Volume-FSC, as follows:

1

N

∑
n

max
m

AUC
t

[FSCt(Rn, Gm)]

where Rn, n ∈ {1, . . . , N} is a set of reconstructed volumes and Gm,m ∈ {1, . . . ,M}
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is the set of ground truth volumes. Volume-FSC is the maximum AUC FSC between

a reconstructed volume and any ground truth volume, averaged over N representative

reconstructions. It asks, for any volume we reconstruct, how well would it match any

volume in the ground truth distribution. In practice, we use k-means cluster centers in

the latent space, with k = 10, as the representative reconstructions.

End-to-end-FSC. We define the second metric, End-to-end-FSC, as follows:

1

N

∑
n

AUC
t

[FSCt(Rn, GIn)]

where Rn is a set of reconstructed volumes corresponding to particle images In, n ∈

{1, . . . , N}, and GIn is the ground truth volume In was generated from. End-to-end-FSC

is the AUC FSC between reconstructed volumes and ground truth volumes corresponding

to matching conformations, averaged over N particle images representative of different

conformations. For a method to score well on this metric, it must both (1) accurately

map a particle image to a conformation, and (2) produce a high quality reconstruction

of that conformation. In the context of encoder-decoder based methods, End-to-end-

FSC jointly assesses encoder and decoder performance, whereas Volume-FSC assesses

decoder performance alone. In practice, we uniformly sample 100 images to use as the

representative images. Visual explanations of the two metrics are shown in Figure 2.2.

2.5 Benchmarking

2.5.1 Methods

Given the aforementioned datasets and metrics, we aim to benchmark state-of-the-art

methods. In this section, we briefly describe the methods tested. We test fixed pose

methods, which take ground truth poses as input, and ab initio methods, which jointly

optimize the poses along with the reconstructions.

• 3D Classification uses expectation maximization to reconstruct K discrete volumes

[fixed pose and ab initio] [27]
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Figure 2.2: Metrics for evaluation of reconstructions. (a) Volume-FSC assesses
reconstruction quality alone by comparing each reconstructed volume with its closest
ground truth volume. (b) End-to-end-FSC jointly assesses latent inference accuracy and
reconstruction quality by comparing pairs of reconstructions and ground truth volumes
corresponding to the same particle images.

• 3DVA uncovers a linear subspace in which an image is assumed to be generated

from a mean volume plus weighted contributions of variability components [fixed

pose] [9]

• 3DFlex models volumes as a deep network-parameterized deformation of a canonical

volume [fixed pose] [10]

• CryoDRGN employs neural fields to implicitly represent a continuous manifold of

volumes, allowing for heterogeneous volume generation by conditioning on a latent

variable representing particle conformation [fixed pose and ab initio methods ][8] [28]

• DRGN-AI, a method in preparation for publication and built on top of CryoDRGN,

introduces autodecoding and a more scalable pose search methodology employing a

combination of grid search and gradient descent [fixed pose and ab initio methods ]

• OPUS-DSD, built on top of CryoDRGN, adds 3D convolutional layers and stronger

latent space priors [fixed pose][29]

In our experiments, for OPUS-DSD, the downsampling ratio is set to 1.0, the template
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Method Volume-FSC End-to-End-FSC ARI Spearman

3D Class (fixed pose) 0.288 (0.025) 0.285 (0.016) 0.999 -
3DVA 0.297 (0.017) 0.299 (0.017) 1.000 0.698
3DFlex 0.220 (0.009) 0.207 (0.010) 0.745 0.704
CryoDRGN (fixed pose) 0.316 (0.013) 0.307 (0.015) 0.987 0.826
DRGN-AI (fixed pose) 0.261 (0.006) 0.254 (0.010) 0.972 0.877
Opus-DSD 0.167 (0.021) 0.169 (0.007) 0.971 0.718

3D Class (ab initio) 0.209 (0.086) 0.251 (0.035) 0.999 -
CryoDRGN (ab initio) 0.157 (0.071) 0.207 (0.052) 0.000 0.060
DRGN-AI (ab initio) 0.257 (0.006) 0.250 (0.010) 0.968 0.710

Table 2.2: Quantitative benchmarking of MD dataset. Volume-FSC is averaged
across K-Means centroids (K=10). End-to-End-FSC is averaged across 100 reconstruc-
tions. Standard deviation is given in parentheses.

resolution is set to 256, output volumes are padded to size 256, and the model is trained

for 15 epochs. For ab initio DRGN-AI, the batch size of SGD is reduced to 128. All other

hyperparameters are set at their defaults.

2.5.2 Results

Qualitative Results. As shown in Figure 2.3, volumes are generally reconstructed well,

with fixed pose methods capturing smaller conformational changes, for example, in the tip

of the receptor-binding domain. Amongst ab initio methods, DRGN-AI produces sensible

volumes, while 3D Classification and CryoDRGN produce some blob-like volumes likely

corresponding to misaligned images. Both variants of 3D Classification produce fewer

than the requested 10 classes. Both the fixed pose methods and ab initio DRGN-AI are

able to separate the open and closed states in the latent space. Ab initio CryoDRGN

produces uninterpretable clusters in the latent space, once again likely to correspond to

misaligned images. Interestingly, within the open and closed clusters, images are roughly

ordered by timestep of their respective MD simulation, suggesting that the timestep is

correlated with a dominant degree of conformational change.

Quantitative results. As shown in Table 2.2, CryoDRGN achieves the highest Volume-

FSC and End-to-end-FSC scores. 3DFlex performs relatively poorly, as its assumption of

a deformation of a canonical volume is not appropriate for learning the discrete hetero-
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geneity in this dataset. Amongst ab initio methods, DRGN-AI outperforms on Volume-

FSC, while DRGN-AI and 3D Classification show similar End-to-end-FSCs. For the

ab initio variants of CryoDRGN and 3D Classification, the End-to-end-FSC is signifi-

cantly higher than the Volume-FSC, which may be attributed to the presence of poorly

reconstructed centroid volumes associated with poorly aligned images, in the case of

Volume-FSC. Considering ARI scores, most methods classify images nearly perfectly.

3DVA in particular classifies every image correctly, while ab initio CryoDRGN is unable

to distinguish the two states at all, likely due to a spurious cluster of poorly aligned

images. Likewise, all methods achieve high Spearman correlations except ab initio Cry-

oDRGN, with fixed pose DRGN-AI achieving the highest. For many methods, there is

a considerable difference between the correlations for the open closed states (Appendix

Table A1).

2.6 Summary and Future Work

We present a novel benchmark for heterogeneous cryo-EM reconstruction, consisting of

three synthetic datasets with challenging forms of heterogeneity, novel metrics for quanti-

tative evaluation of reconstructions, and benchmarking analysis of state-of-the-art meth-

ods. We hope that the benchmark suite provides methods developers with a testbed for

rigorous algorithmic development, and methods users with a guide to choosing the right

methods for their applications.

Ongoing work on this project aims to construct datasets with even more challenging

forms of heterogeneity. For compositional heterogeneity, we intend to construct datasets

with mixtures of unrelated proteins, or mixtures of a protein with a large degree of vari-

ation in subunit composition. For conformational heterogeneity, we intend to construct

datasets comprising proteins with highly flexible domains that move freely, rather than

being constrained to one or two degrees of freedom. We are also constructing a new molec-

ular dynamics dataset that samples transition states between the open and closed states,

using metadynamics simulations from Wieczor et al. [23]. Future work can also include
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other challenging aspects of real cryo-EM data, such as non-uniform pose distributions

or the presence of “junk” particles.

Additionally, while we employ a simple image formation model consisting of Gaussian

noise, more realistic image simulation models can be used. For example, it is possible

to simulate the effects of the sample ice, as well as electron beam-induced motion in

the sample [30]. Future work can quantify the downstream reconstruction effects of the

choice of noise model.
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Figure 2.3: Representative reconstructions and latent space visualizations. La-
tent coordinates for each image are colored by state and simulation timestep. Latent
coordinates for each reconstruction are marked with a dot of the same color.
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Chapter 3

Automated Segmentation of

Cryo-electron Tomograms

3.1 Motivation

Cryo-electron tomography (cryo-ET), discussed in Section 1.3, is a powerful technique

for visualizing biomolecules and organelles within their cellular contexts. Semantic seg-

mentation is common cryo-ET analysis in which each voxel of a tomographic volume is

annotated with a class label corresponding to the cellular structure it belongs to. Bykov

et al. use segmentation as part of a workflow to characterize changes in cellular vesicle

morphology as a function of position along Golgi membranes [6]. Tao et al. segment

synaptic membranes to quantify structural differences between pre-synaptic and post-

synaptic neurons [31].

Segmentation workflows are complicated by the fact that tomograms are extremely

noisy due to the limited electron dose used in biological TEM, possess anisotropic reso-

lution due to the limited range of tilt angles, and contain small-scale structures that are

difficult to distinguish from one another. However, manual segmentation is a laborious

process that may take multiple weeks even for a single tomogram, which can be composed

of several hundreds of 2D slices, underscoring the need for automated segmentation tools.

While such tools have been proposed and work well for certain applications, they can of-
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ten segment only one kind of structure, or scale poorly to large-scale datasets. In this

chapter, we review the state-of-the-art in cryo-ET segmentation, introduce a user-friendly

tool for multiclass segmentation given only sparse manual annotations, and argue for new

segmentation paradigms that leverage large-scale data.

3.2 Related Work

3.2.1 Cryo-ET Segmentation

Single-Class Segmentation. TomoSegMemTV uses local gradient information and

a tensor voting algorithm to segment all membranes [32]. MemBrainSeg trains a deep

neural network on various kinds of tomograms to provide a generalizable pretrained model

for segmentation of all membranes [33]. In contrast, we aim to tackle the multiclass

segmentation problem, where a user may be interested in defining their own classes for

their unique organism.

Multi-Class Segmentation. EMAN2 allows for constructing independent anno-

tations and training a separate network for each class of interest, thus being unable to

leverage information across classes [34]. Dragonfly and Amira allows for training with

user-defined classes, but both tools are proprietary and support an interactive workflow

not amenable to large-scale training and evaluation [35] [36]. The closest tool to our

work is DeePiCt, which supports training on 2D or 3D annotations [37]. We supplement

this work with another open-source, user-friendly supervised segmentation tool that sup-

ports a greater variety of loss functions and data augmentations, in addition to providing

benchmarking results on unexplored datasets.

3.2.2 Diffusion Models for Segmentation

Synthetic Data Generation. DiffInfinite generates large histopathology images by first

diffusing a segmentation mask, then diffusing image patches conditioned on the mask [38].

SatSynth jointly generates satellite images and segmentation masks by training a diffusion

model on the channel-wise concatenation of image-mask pairs, with some added tricks
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for stability in learning the discrete-valued masks [39]. DiffuMask uses text-image cross-

attention weights in a Stable Diffusion model to localize class information and generate

pixel-level segmentation masks [40] [41].

Supervised Segmentation. Rahman et al., Wolleb et al., and Wu et al. each

propose using diffusion models as a supervised segmentation architecture, where the

generative process allows for sampling of multiple plausible outputs and thus uncertainty

quantification [42] [43] [44].

Unsupervised Representation Learning. Baranchuk et al. train an unconditional

denoising diffusion probabilistic model, aggregate intermediate features across layers and

diffusion timesteps, and train a lightweight segmentation classifier on the resultant per-

pixel features for a subset of annotated data [45] [46]. DiffSeg extracts attention maps

from Stable Diffusion, uses a novel algorithm to aggregate the maps across layers, and

produces a set of object proposals through an iterative merging technique [40] [47].

3.3 Methods

3.3.1 Supervised Learning

We employ a standard supervised segmentation approach in which a 2D U-Net model,

with 4 blocks in the contracting and expanding paths, takes 2D tomogram patches as

input and outputs pseudo-probabilities over K possible class labels (Figure 3.3a) [48].

The user has control over the following parameters:

• Preprocessing options, including CTF deconvolution and simple image filters such

as histogram equalization

• Input construction options, such as random or uniform patch selection from to-

mogram slices, as well as the ability to include adjacent slices as context (“2.5D”

inputs)

• Different loss functions, including simple losses like cross-entropy, a membrane-

specific loss Surface DICE as proposed in [33], and supervision of the intermediate
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U-Net layers

• Different data augmentations, including simple transforms like Gaussian noise and

geometric operators, as well as the tomogram-specific missing wedge augmentation

and Fourier amplitude matching proposed in [33]

We next describe some of the cryo-ET specific training options and show examples in

Figure B1.

Surface DICE Loss. Here, the predicted and ground truth segmentation masks

are eroded to produce thin “skeletonized” segmentations for comparison. In the cryo-ET

setting, pixels along the borders of membranes often have ambiguous true class labels.

Thus, this loss forces the model to focus on accurate prediction of morphologies over

pixel-accurate prediction.

Missing Wedge Augmentation. Tomograms suffer from a missing wedge artifact,

in which the limited series of tilt angles (typically -60 to +60) leads to decreased infor-

mation content in some areas of the Fourier spectrum after backprojection of the tilt

images. We further impose this corruption on the 2D patches by masking 2D wedges in

their Fourier spectra.

Fourier Ampitude Matching. Different tomograms have different patterns in their

Fourier spectra. To emulate 2D patches from one tomogram in the style of another, their

Fourier spectra can be corrupted. As proposed in [33], we create a 1D sequence half the

dimension of the patch via a random walk, convert the 1D sequence to a 2D radial kernel,

and multiply it with the Fourier transform of the patch.

3.3.2 Unsupervised Learning

The prevailing paradigm for segmentation of cryo-ET data is supervised learning on

some manually annotated slices. We posit that while such approaches work well in cer-

tain settings, automated segmentation may be improved by leveraging the vast amounts

of unannotated slices in a dataset. Diffusion models have been shown to be useful in

segmentation tasks (Section 3.2.2). Here, we explore the use of diffusion models as an
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Figure 3.1: Cryo-ET segmentation approaches. (a) A U-Net model is trained in a
supervised fashion on sparsely annotated subset of the dataset. (b) A diffusion model is
trained on the entire dataset. A lightweight segmentation model is then trained on the
sparsely annotated subset using unsupervised representations from the diffusion model.
Adapted from Baranchuk et al. [46].

unsupervised representation learner for cryo-ET segmentation.

Proof-of-Concept on Volume EM Data. Prior to tackling the diffusion of cryo-

ET data, which is noisy and lesser in amount, we desire a proof-of-concept that recent

diffusion models can be applied on biological imaging. Volume EM (VEM) is a modality

in which an entire volumetric sample is imaged under an electron microscope slice by slice

[49]. We use a VEM dataset of the entire Platynereis dumerilii organism, which contains

11416 slices of dimension 27499×25916 [50]. We extract cellular regions and uniformly

crop a subset of the slices into patches of dimension 512×512, creating a dataset with

roughly 50k images. We then train four state-of-the-art diffusion models (with default

hyperparameters) on this data: Stable Diffusion via the LoRA finetuning paradigm [40]

[51], Stable Diffusion via the DreamBooth finetuning paradigm [52], an unconditional de-

noising diffusion probabilistic model (DDPM) [45], and an unconditional latent diffusion

model (LDM) with a KL-VAE autoencoder trained from scratch [40]. Results are shown

in Appendix Figure B2 and Table B1.

Diffusion-based Segmentation of Cryo-ET Data. From the experiments on

VEM data, we identify DDPM as the most promising choice of diffusion model for our

biological data. We extract patches from our cryo-ET datasets (described in Section 3.4.1)

and train DDPM models on them. We then re-implement DiffSeg, a recent work which

uses the intermediate representations of the trained diffusion model for segmentation

28



[47]. The input images are noised corresponding to timesteps t=50 and t=100, which

are both early in the forward diffusion process, and thus are likely to contain strong

semantic information, unlike late timesteps in which the image would be nearly pure

noise. The intermediate features of the U-Net of the trained diffusion model are extracted

and upsampled to the input image dimensions. These feature maps are then concatenated

across all layers and across both timesteps. This results in a 4608-length feature vector for

each pixel. A lightweight, 1-layer MLP with 128 hidden units is trained on the per-pixel

features to output pseudo-probabilities over the K possible class labels. We emphasize

that the diffusion model is trained on the entire dataset of unannotated patches, while

the segmentation network is trained only on the sparse annotated subset of data that is

used to train the purely supervised approach described in Section 3.3.1.

3.3.3 Metrics

Segmentation Metrics. The main metric used to quantify segmentation accuracy is

the DICE score, a simple measure of overlap between the predicted and ground truth

segmentation masks [53]. The DICE score is defined as 2|X∩Y |
|X|+|Y | , where X and Y are the

predicted and ground truth segmentations. For supervised segmentation results on single

tomograms, we also report the Surface DICE score (one minus the Surface DICE loss

described in Section 3.3.1), as well as the Hausdorff-95 distance, which is the maximal

distance in pixel space between a pixel in the predicted segmentation and its closest pixel

in the ground truth annotation, after excluding the top 5th percentile of such distances

[54].

Diffusion Metrics. To assess the quality of diffusion samples, we report the Frechet

Inception Distance (FID) between 10k real images and 10k generated images, where

FID is a Wasserstein distance between Gaussians fit to InceptionV3 features of both

sets of images [55]. We also report the Kernel Inception Distance (KID), which relaxes

the Gaussian assumption and is unbiased to the number of samples [56]. We note that

as InceptionV3 is not trained on biological images, its features are not the ideal image

embeddings in our domain [57]. However, a correlation is observed between the FID/KID
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values and the visual quality of the generated samples, suggesting that these metrics

suffice for a rough comparison of different diffusion models.

3.4 Results

3.4.1 Datasets

CZII Mitochondria. We download a dataset of tomograms containing mammalian mi-

tochondria from the Chan Zuckering Imaging Institute CryoET Data Portal [58]. These

include corresponding ground truth segmentation masks generated by manually correct-

ing and assigning classes to a TomoSegMemTV automated membrane segmentation [32].

Four tomograms are excluded due to misaligned annotations, one tomogram is excluded

due to annotation quality, and one tomogram is excluded as it is binned to a lower res-

olution than the others, leaving a dataset of 28 tomograms. We keep two class labels,

corresponding to the inner mitochondrial membrane and outer mitochondrial membrane,

while treating pixels of the endoplasmic reticulum class as background due to inconsis-

tent annotations. To assess the effect of ground truth annotation uncertainty, for one

tomogram, we create a second ground truth segmentation by predicting all membranes

with MemBrainSeg [33], then manually cleaning the segmented pixels and assigning class

labels in Napari [59].

PolNet Synthetic. PolNet is a tool for the flexible generation of synthetic tomo-

grams [60]. It first builds a 3D model of the cell from membrane-like parametric surfaces,

actin-like and microtubule-like spherical arrangements, and atomic protein models from

the PDB, after which it simulates tilt series acquisition followed by tomographic recon-

struction. We run the simulator with different random seeds (and all other hyperparam-

eters at default) to generate 16 synthetic tomograms composed of 250 slices of dimension

1024×1024. A benefit of the synthetic approach is that the underlying 3D model also

serves as a perfect ground truth segmentation. We merge the membrane classes and

protein classes, respectively, such that there are 4 classes of interest: membranes, actin,

microtubules, and proteins.
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3.4.2 Single Tomogram Supervised Learning

For one tomogram of the CZII Mitochondria dataset, we conduct extensive hyperparam-

eter tuning and ablations, including testing both variants of the ground truth annotation

as described in Section 3.4.1. We train supervised models on 3 annotated slices and

evaluate them on the remaining 184 slices. The best-performing model is trained with

patches of size 256x256, cross-entropy loss, 2.5D inputs (11 channels in the z-dimension),

random flip augmentation, and CTF deconvolution with the tomogram’s pixel size and

target defocus as input parameters.

As shown in Table 3.1, the model achieves a DICE of 0.893 when trained on the original

annotations, and 0.920 when trained on the improved annotations from MemBrainSeg. In

either case, these values indicate strong performance, while also suggesting that higher

quality training annotations can make a positive impact on performance. The model

achieves a Surface DICE of 0.877 when trained on the original annotations, and 0.952

when trained on the improved annotations. When combined with visual inspection of

the annotations and segmentations, this suggests that the gains in performance from the

MemBrainSeg annotations come from its coverage of some missed membranes areas in

the original annotations, as opposed to being due to mere annotation differences at the

boundaries of membranes.

Ablations demonstrate that the 2.5D inputs are important, with DICE drops of 0.047

and 0.030 for the original and improved annotations, respectively. Removing data aug-

mentation and CTF deconvolution also result in modest performance drops across both

annotation sources. As shown in Figure 3.2, visually, 2.5D inputs and CTF deconvolution

result in lesser segmentation of noise. The former likely encourages the model to segment

pixels that appear consistent across adjacent slices, while the latter likely reduces the

delocalization of membrane signal.

Performance is higher for the outer mitochondrial membrane compared to the inner

mitochondrial membrane for both training annotations, though the gap is more pro-

nounced in the original annotations. The improved annotations result in a higher overall

performance mostly due to higher performance for the inner mitochondrial membrane. A
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Figure 3.2: Supervised segmentation visualizations on one mitochondrial tomo-
gram. (a) Ground truth and predictions with ablations for the improved MemBrainSeg
annotations. Areas where model ablations degrade performance are marked with red
boxes. (b) Original TomoSegMemTV annotations and corresponding prediction of the
best-performing model.

Model
MemBrainSeg Annotations TomoSegMemTV Annotations

DICE ↑ Surface DICE ↑ Hausdorff-95 ↓ DICE ↑ Surface DICE ↑ Hausdorff-95 ↓

Best 0.920 0.952 1.00 0.893 0.877 1.00

No 2.5D Inputs 0.890 0.934 1.41 0.846 0.826 1.29
No Deconvolution 0.912 0.941 1.31 0.873 0.856 1.00
No Augmentation 0.906 0.939 1.52 0.880 0.862 1.13

Table 3.1: Supervised segmentation performance on one mitochondrial tomo-
gram. Performance metrics and ablations are presented for one tomogram of the CZII
Mitochondria dataset, using both sets of training annotations.

key source of error across all models and annotation sources appears to be misclassifica-

tion between the two membrane types. Performance for each class is given in Appendix

Table B2.

3.4.3 Generalization

We split each of the two datasets into 4 random groups (7 per group for CZII Mitochondia

and 4 per group for PolNet Synthetic). We perform 4-fold cross-validation in which we

train a model on one group of tomograms and evaluate on all groups. For each training

tomogram, we use 3 annotated slices for CZII Mitochondria and 4 annotated slices for

PolNet Synthetic. We emphasize the sparseness of the training annotations - for PolNet

Synthetic, for example, we train on 4 tomograms * 4 slices = 16 slices, whereas the total

dataset consists of 16 tomograms * 250 slices = 4000 slices. The CZII Mitochondria
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Dataset Model DICE - All DICE - Train DICE - Test

CZII Mitochondria
Self Supervised 0.742 (0.093) - -
K-fold Supervised 0.605 (0.220) 0.815 (0.044) 0.543 (0.213)
K-fold Unsupervised 0.166 (0.131) 0.297 (0.133) 0.128 (0.103)

PolNet Synthetic
Self Supervised 0.557 (0.059) - -
K-fold Supervised 0.583 (0.062) 0.595 (0.058) 0.579 (0.062)
K-fold Unsupervised 0.379 (0.076) 0.385 (0.072) 0.378 (0.077)

Table 3.2: Generalization results. Average DICE Scores for generalization exper-
iments on both datasets. Self Supervised is a baseline in which a separate model is
trained and tested on each tomogram individually. Standard deviations are indicated in
parentheses.

tomograms consist of between 120 and 500 slices. In addition, since we aim to probe

generalization performance from seen to unseen tomograms, we also train a separate

model on each tomogram as a baseline for comparison.

Single tomogram models are trained with the settings described in Section 3.4.2. For

generalization experiments, supervised models are trained with patches of size 256×256,

cross-entropy loss, 2.5D inputs (11 channels in the z-dimension) and data augmenta-

tion (flips, elastic transform, cutouts, rotations, shearing, and scaling). We find that

CTF deconvolution and more complex transforms like Fourier spectrum matching lead

to higher performance for some tomograms and lower for others. Thus, we opt for sim-

ple settings, though future work should explore optimal hyperparameter settings in the

multi-tomogram case. Unsupervised models are trained on the same image patches as

the supervised models, without any additional training strategies.

As shown in Table 3.2, on the CZII Mitochondria dataset, the single-tomogram base-

line achieves an average DICE of 0.742 while the 4-fold supervised generalization yields

a DICE of 0.605. There is a large train-test gap - the DICE for tomograms within the

training set is 0.815 but only 0.543 for the unseen set. Note that the former is higher

than the single-tomogram baseline, indicating that when the model has seen a few slices

of a tomogram, seeing slices from other tomograms as well can boost performance, but

when the model has not seen a tomogram, it performs much worse. There is also higher

variance amongst the unseen tomograms, with a standard deviation of 0.213 in DICE,

compared to 0.044 for the training tomograms. In contrast, on the PolNet Synthetic
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Figure 3.3: Generalization results. Ground truth, supervised model predictions, and
unsupervised predictions for both datasets. Shown for each dataset is one training to-
mogram, one test tomogram on which the models perform relatively well, and one test
tomogram on which the models perform relatively poorly.

dataset, the single-tomogram baseline achieves an average DICE of 0.557 while the 4-fold

supervised generalization yields a higher DICE of 0.583. This rise in performance occurs

across both training and test tomograms, with average scores of 0.595 and 0.579, respec-

tively. Visually, there is less structural variation in the synthetic tomograms compared

to the real mitochondria tomograms, suggesting that the model might leverage shared

information better on the former. We also observe that amongst synthetic tomograms,

performance is positively correlated with signal-to-noise ratio (Appendix Figure B3).

The unsupervised model produces poorer performance, scoring only 0.166 on the

CZII Mitochondria dataset and 0.379 on the PolNet Synthetic dataset. Once again,

there is a large train-test gap for the CZII Mitochondria dataset, with 0.297 DICE on

training tomograms against 0.128 DICE on unseen tomograms, whereas this gap nearly

disappears for the PolNet Synthetic dataset, with 0.385 DICE on training tomograms

against 0.378 on unseen tomograms. Looking at class-wise scores reveals that the model

performs similarly on both classes of membranes in the CZII Mitochondria dataset, but

that there large inter-class variation on the PolNet Synthetic dataset. In particular, the
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model achieves 0.523 DICE on proteins (against a single-tomogram baseline of 0.643),

yet only a 0.057 DICE on actin (against a single-tomogram baseline of 0.409). Class-wise

scores are shown in Tables B3 and B4. Improvements to the approach may come from

an improved diffusion model (sample quality metrics shown in Table B5), or an improved

segmentation model.

3.5 Summary and Future Work

We present a user-friendly tool for supervised training and segmentation of cryo-electron

tomograms, in addition to benchmark analysis on real and synthetic datasets. Addition-

ally, we present preliminary results on unsupervised approaches that learn from unlabelled

data. Results show that while methods perform well in segmenting a tomogram when

trained on a few annotated slices of that tomogram, they often generalize poorly to un-

seen tomograms containing the same structures. This underscores the need for further

research into methods that can scalably segment large cryo-ET datasets with minimal

supervision.

Ongoing work aims to push the limits of the unsupervised approach explored here. In

addition, an observation is that manual annotations are often ambiguous or erroneous,

as seen in the CZII mitochondria dataset [58]. Future approaches may benefit from

incorporating techniques that learn from noisy labels or output uncertainties over the

pixel-wise predictions.
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Chapter 4

Summary

In this work, we presented new tools to aid in the analysis of cryo-electron microscopy

(cryo-EM) and cryo-electron tomography (cryo-ET) data. First, we introduced Cry-

oBench, a suite of novel synthetic datasets and metrics for quantitative evaluation of

cryo-EM reconstruction methods. Then, we explored the semantic segmentation task in

cryo-ET, presenting supervised and unsupervised baselines on benchmark datasets.

As the abundance and quality of cryo-EM and cryo-ET data grow, there is an in-

creasing need for novel algorithms that can uncover the wealth of biological information

present in these data. In coming years, we aim to push the limits of new methods that

can reliably recover structural ensembles from highly heterogeneous cryo-EM datasets.

Likewise, we aim to turn cryo-ET segmentation from a visual tool into a quantitative tool,

which will require scalable algorithms that can process datasets containing hundreds of

tomograms. Finally, there are numerous exciting research directions not discussed here,

such as analysis workflows connecting cryo-EM and cryo-ET. We hope that these future

developments in the field accelerate the pace and breadth of biological discovery.
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Figure A1: Collective variables for MD conformations. PCA is applied on the
open and closed state MD trajectories, separately, to define 2D collective variables for
the conformations in each.

Model Open Closed

3D Class (fixed pose) - -
3DVA 0.628 0.768
3DFlex 0.756 0.651
CryoDRGN (fixed pose) 0.837 0.816
DRGN-AI (fixed pose) 0.831 0.922
Opus-DSD 0.837 0.599

3D Class (ab initio) - -
CryoDRGN (ab initio) 0.069 0.050
DRGN-AI (ab initio) 0.748 0.672

Table A1: Spearman rank correlation for open and closed MD states separately.
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Figure B1: Training options in the supervised segmentation tool. (a) Surface
DICE loss uses “skeletonized” ground truth and predicted segmentations to emphasize
membrane morphology. (b) Missing wedge augmentation artifically imposes the cryo-ET
missing wedge artifact in the Fourier space of images. (c) Fourier spectrum augmentation
emulates images from one tomogram in the style of others by scaling Fourier components.

Model FID ↓ KID ↓
LoRA-finetuned Stable Diffusion 205.17 0.195 (0.016)
DreamBooth-finetuned Stable Diffusion 131.04 0.143 (0.016)
DDPM 96.63 0.098 (0.010)
Unconditional Latent Diffusion 141.88 0.169 (0.017)

Table B1: Sample quality metrics for diffusion models trained on VEM data.
10k real images and 10k generated images were used to compute FID and KID.

Model
MemBrainSeg Annotations TomoSegMemTV Annotations

Inner Membrane Outer Membrane Overall Inner Membrane Outer Membrane Overall

Best 0.917 0.927 0.920 0.884 0.912 0.893

No 2.5D Inputs 0.886 0.902 0.890 0.830 0.882 0.846
No Deconvolution 0.909 0.921 0.912 0.864 0.894 0.873
No Augmentation 0.905 0.907 0.906 0.874 0.894 0.880

Table B2: Class-wise single tomogram results. Average DICE Scores per class for
ablations on a single tomogram from the CZII Mitochondria dataset.

Model Inner Membrane Outer Membrane Overall

Self Supervised 0.726 (0.108) 0.768 (0.098) 0.742 (0.093)
K-fold Supervised 0.597 (0.222) 0.618 (0.228) 0.605 (0.220)
K-fold Unsupervised 0.145 (0.140) 0.183 (0.144) 0.166 (0.131)

Table B3: Class-wise generalization results on CZII Mitochondria. Average
DICE Scores per class for generalization experiments on the CZII Mitochondria dataset.
Standard deviations are indicated in parentheses.
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Figure B2: Sample generations from diffusion models trained on VEM data.
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Model Membrane Microtubule Actin Protein Overall

Self Supervised 0.495 (0.100) 0.557 (0.090) 0.409 (0.065) 0.643 (0.044) 0.557 (0.059)
K-fold Supervised 0.560 (0.095) 0.530 (0.088) 0.470 (0.064) 0.659 (0.050) 0.583 (0.062)
K-fold Unsupervised 0.272 (0.110) 0.250 (0.117) 0.057 (0.030) 0.523 (0.061) 0.379 (0.076)

Table B4: Class-wise generalization results on PolNet Synthetic. Average DICE
Scores per class for generalization experiments on the PolNet Synthetic dataset. Standard
deviations are indicated in parentheses.

Figure B3: Performance vs noise level for each tomogram in the PolNet Syn-
thetic dataset. For the K-fold generalization experiments, DICE scores are averaged
over the K experiments. Dotted lines indicate linear regression lines.

Original Patch Size Input Patch Size FID ↓ KID ↓
128 128 47.49 0.043 (0.009)
256 128 78.70 0.093 (0.016)
256 256 21.24 0.010 (0.004)

Table B5: Sample quality metrics for DDPM trained on patches of CZII Mito-
chondria tomograms. 10k real images and 10k generated images were used to compute
FID and KID. Note that all images are resized to 299x299 when passed to the InceptionV3
network.
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