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Introduction New Technique

Background: Cryo-electron microscopy e Instead of predicting a single orientation, the pose encoder produces a
(Cryo-EM) atent vector that parametrizes a distribution over the space of orientations;
e Reconstruct 3D potential of a molecule e Does this by applying a parameterized invertible transformation to the

from a series of very noisy 2D projections uniform distribution (normalizing flow) e Mode of distribution is

at random orientations o Uniform predicted orientation

Classical techniques e o e For latent vectors which
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Modern amortized inference methods e stable to change
(e.g. CryoAl) treat problem like training #* = argmax, p(2)20; ) e Could Serve as a |
an autoencoder, learn pose estimation mechanism for “automatic”
(encoder) + volume estimation (decoder) Parameterized Transform switching to auto-decoding
simultaneously [1] proposed by Kdhler et al. [5]:
However, sometimes unable to escape - liac o
symmetric local minima oy Vad(x30)
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e Potential reason for local minima is that ;& &5

pose space is topologically complex (group
of 3D rotations is not simply connected)
Prior work by Esmaeili et al. [2]
demonstrates this effect in SO(2), and

proposes a solution by using a normalizing Experimental Results

flow based encoder e Models trained on low noise (SNR = 10) synthetic dataset
generated using structure of pre-catalytic spliceosome (PDB
5NRL)

e Models trained until MSE of aligned orientation matrices to ground
Related Work truth was below 0.01
e CryoAl [1] tried to solve symmetric local — aryoal
minima using a 180° invariant loss; oz - Converpence Threshld (SE = 0.0
however, some structures were still
unable to converge
de Ruijter et al. [3] proposed using a
group equivariant pose predictor (90°
rotations and reflections), but still
sometimes found lack of convergence
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CryoSPIN [4] utilizes multiple heads as an
extension of the 2 heads approach of
CryoAl, as well as using a semi-amortized
approach; this mostly eliminates symmetric
minima, but have to decide when to switch
to auto-decoding
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e For near noiseless dataset, CryoFlow performs the same as
CryoAl, converging slightly faster but producing a slightly
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