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Figure 22: Qualitative Results (Spike-MD). For each method, representative volumes and a UMAP
plot of the latent space are shown. Volumes correspond to K-Means cluster centers with K=20.
Cluster centers are marked on the UMAP plot with a dot of the corresponding color. Class volumes
and particle counts are shown for 3D Classification.
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Figure 23: Qualitative Results (IgG-1D noisier). For each method, representative volumes and
a UMAP plot of the latent space are shown. Volumes correspond to K-Means cluster centers with
K=20. Cluster centers are marked on the UMAP plot with a dot of the corresponding color. Class
volumes and particle counts are shown for 3D Classification.
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Figure 24: Qualitative Results (IgG-1D noisiest). For each method, representative volumes and
a UMAP plot of the latent space are shown. Volumes correspond to K-Means cluster centers with
K=20. Cluster centers are marked on the UMAP plot with a dot of the corresponding color. Class
volumes and particle counts are shown for 3D Classification.
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Figure 25: Pose Information Imbalance. In full view ([0, 1]2; top row) and zoomed in (bottom row).
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Figure 26: CTF Information Imbalance. In full view ([0, 1]2; top row) and zoomed in (bottom row).
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Figure 27: Embedding metric results for the Spike-MD dataset (left) Neighborhood similarity as
a function of the neighborhood radius [%]. (right) Information Imbalance. CryoDRGN2 (not visible)
is underneath Opus-DSD.
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E Glossary of Terms from Single-Particle Electron Cryo-Microscopy814

E.1 Sample815

• Biomolecular: Pertaining to molecules involved in the biological processes of living816

organisms, such as proteins and nucleic acids.817

• Protein: Large, complex molecules made up of amino acids, essential for various biological818

functions like catalyzing metabolic reactions and DNA replication.819

• Nucleic Acid: A type of biomolecule, including (deoxy)ribonucleic acid (DNA, RNA,820

respectively). This term can refer to a single unit that can polymerize (form a long chain).821

• Specimen: The biological sample that is the object of investigation.822

• Complex: In the context of biomolecular complexes, the term ‘complex’ refers to a stable823

association of two or more biomolecules that interact with each other, typically to perform824

a specific biological function. The interactions that hold these molecules together can825

be non-covalent, such as hydrogen bonds, ionic interactions, van der Waals forces, and826

hydrophobic effects, or covalent, such as disulfide bonds.827

• Subunit: a part of a larger whole. The part (domain, polypeptide) is contextual to the whole828

(domain, protein complex).829

E.2 Data Source830

• Real, Experimental, Empirical: Data based on observed and measured phenomena, derived831

from real-world evidence rather than theory or pure logic.832

• Synthetic, Simulated: Data generated by algorithms or models, mimicking real-world data833

for testing and training purposes.834

• Protein Data Bank (PDB): A publicly accessible database for the three-dimensional835

structural data of large biological molecules such as proteins and nucleic acids. Atomic836

models are indexed by alphanumeric codes, and in this work we list them in the SI.837

E.3 Heterogeneity838

• Heterogeneity: The presence of variations in shape or the presence or absence of mass839

within a sample. Coming in two main sub-classes840

– Compositional: Related to the total amount of mass and their proportions within a841

sample or structure. Often used in the context of discrete differences in total mass.842

– Conformational: Pertaining to the various shapes or structures that a molecule can843

adopt. Often used in the context of continuous movement in 3D space.844

• 3D Structure: The spatial form or shape of an object, which in the context of cryo-EM refers845

to the 3D structure of biomolecules. Often contrasted with the sequence of a biomolecule,846

or schematic (e.g. 2D) representations communicating atom type of bond connectivity.847

• Conformation: The specific three-dimensional arrangement of atoms in a molecule. Often848

employed in the plural to refer to the different shapes a particular biomolecule can adopt.849

• Collective Variable (CV): A parameter used to describe the state of a system, typically in850

terms of a few degrees of freedom. Further distinguished into geometric (centre of mass,851

angle, distance) and abstract [54]. The term CV is related to ‘order parameter’, and ‘reaction852

coordinate‘, which is often used in the context of reactants and products in chemical catalysis853

[55]. However, as employed in the biomolecular simulation community, CVs typically relate854

to distinguishing metastable states [56].855

E.4 Model and Representation856

• Angstrom (Å): A unit of length equal to 0.1 nm, or 10−10 m. Often used in chemistry857

because the distance of and between atoms is close to 1 Å.858
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• Voxel: A volume element representing an intensity value on a regular grid in three-859

dimensional space, similar to a pixel in 2D images but for a 3D array. A typical voxel860

volume ranges 0.53 − 23 Å3.861

• 3D Map, Volume, Density, Model: A representation of spatial data, in cryo-EM this862

typically refers to the 3D Coulombic (electric, electrostatic) potential instead of the electron863

density in other structural biology techniques based on X-ray diffraction. [57, 58]864

• Latent: Hidden variables inferred from observed data, representing underlying structures or865

features in the model not directly observed.866

• Embedding: A representation of data, for example a continuous n-dimensional vector space.867

Used to concretely parametrize or otherwise numerically represent a latent variable.868

• White Gaussian Noise: noise with a flat power spectral density, meaning that its power is869

uniformly distributed across all frequencies. This implies that the noise has equal intensity870

at different frequencies, making it ‘white’ by analogy to white light, which contains all871

visible wavelengths.872

E.5 Microscopy873

• Point Spread Function (PSF): A function describing the response of an imaging system to874

a point source, indicating, for example, the system’s resolution and blur characteristics.875

• Contrast Transfer Function (CTF): The Fourier transform of the point spread function.876

A mathematical description of how an electron microscope transfers contrast from the877

specimen to the image, influenced by various microscope parameters. We employ a common878

parametric form which depends on beam energy (electron wave length via the de Broglie879

relation), defocus and its astigmatism, spherical aberration, and amplitude contrast (ratio)880

??.881

• Microscope Effects: Artifacts and distortions introduced by the electron microscope during882

image acquisition. At times used in a phenomenological sense to describe effects not883

modelled well by the PSF/CTF.884

• Camera Effects: Distortions or noise introduced by the optical system used to capture885

images. Can be used in a wide sense beyond detector effects for the entire optical system.886

E.6 Image Acquisition and Analysis887

• Micrograph: A two dimensional image obtained using an electron microscope, typically888

showing a field of view that includes multiple particles. Often the image contains tempo-889

ral frames in a ‘movie’ format, which is corrected for motion. A typical micrograph is890

approximately 40002 pix2, at 0.5− 2 Å per pixel.891

• Particle: Individual biomolecular structures captured within a patch of micrograph, which892

is typically boxed out of the wide frame image. Can refer to the physical entity in the image,893

or the recorded measurement. A typical particle is approximitely 642−5122 pix2, at 0.5−2894

Å per pixel.895

• Reconstruction: a 3D volume, typically in a real spaced voxelized array form, generated896

by processing data from a series of two-dimensional 2D images. Distinguished further to897

homogeneous (one 3D volume) and heterogeneous (multiple 3D volume).898
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F Broader Impact899

While the advancements in protein structure prediction offer tremendous potential benefits in biologi-900

cal discovery, there are also ethical considerations regarding data privacy, responsible technology901

use, and equitable access to healthcare innovations. Although our work focuses on synthetic bench-902

marks for Cryo-EM reconstruction tasks, it’s important to note that our datasets are based on real903

data. Therefore, addressing these concerns is essential to ensure that deep learning technologies are904

deployed responsibly and ethically to maximize their positive societal impact.905
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