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Introduction

Ab Initio Reconstruction in Cryo-EM
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CryoAl: Amortized Inference of Poses for

Overview

Real and Simulated Datasets
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Cryogenic Electron Microscopy (cryo-EM) enables
viologists to understand the shapes, and thereby the

functions, of biomolecules like proteins. In a cryo-EM
experiment, the same molecule is imaged from a set
ot unknow viewing angles (poses). The pose tor each
image must be jointly inferred with the 3D structure of
the molecule.

CryoAl learns to map images to their associated pose
via a shared encoder, thereby avoiding the expensive
‘orientation matching step” and amortizing  the

reconstruction over the size of the dataset. It is the first

scalable approach to work with large modern cryo-

FM datasets.
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Ablation Study
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The symmetric loss prevents the model from getting
stuck in symmetrical equilibrium states, due to the
handedness ambiguity.

The FourierNet is tailored to approximate functions
in Fourier space and speeds up convergence.
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Runtime vs. Number of Images
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Overview of our method. CryoAl pertorms volume reconstruction and pose estimation
with an auto-encoder architecture. It takes noisy images Y; as input and outputs a noise-free

version X; of the same image, in Fourier space. The encoder & maps images to a low
dimensional teature ¢;, interpreted as a pose by the decoder. The decoder contains a neural
representation Vg (FourieNet) of the volume and uses the image tormation model ot cryo-EM

to predict X;, which is then compared with ¥; using the “symmetric” loss.

Architecture of a FourierNet

The neural network tollowed by an exp
function accounts tor the large amplitude

variations in Fourier space.
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More results
here
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