Cryo-EM images are intrinsically low dimensional
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Abstract

Simulation-based inference has been successful in the analysis of cryo-electron mi-
croscopy, particularly for estimating biomolecular conformations from individual
images. However, the latent representations learned during training contain more in-
formation, which can support or complement the predictions learned in supervised
mode. Here, with images of hemagglutinin, we demonstrate that the simulated and
experimental data representations can be modeled as a low-dimensional smooth
manifold. We identify the (non-linear) directions of variation of the main param-
eters of interest, and link physical parameter values to the experimental images.
By using state-of-the-art manifold learning, we provide accurate visualizations of
the data, quantitative supporting evidence to validate the neural predictions with
insights into physical properties of the latent representation.

1 Introduction

Cryogenic electron-microscopy (cryo-EM) is a structural biology technique for imaging individual
biomolecules at atomic resolution. In a cryo-EM experiment, a biomolecular sample is imaged with
a transmission electron microscope, and the resulting data is processed to yield a large dataset of
unlabeled 2D images with one molecule per image (particles). Reconstruction algorithms [[1]] can
estimate the 3D structure of the biomolecule from the 2D particles. In many cases, biomolecules
coexist in different conformational states in the sample.

Machine learning methods, including diffusion maps [2] and deep-generative models [3} 4} S]], have
become central in cryo-EM for reconstructing heterogeneous conformations of biomolecules [6} [7].
These methods project the high-dimensional conformational space on to a low-dimensional latent
representation, but these latent spaces lack physical interpretability [8]. Applying physical constraints
during training [9]] or comparing to ground truth data [[10] can help mitigate some of these issues.
However, extracting physical information from the featurized images remains challenging due to
non-linear feature mapping, low signal-to-noise ratio (SNR) and uncertainty in pose assignment,
which can be confused with conformational changes.

Recent simulation-based techniques from integrative structural biology [11] and probabilistic machine
learning [12]] hold great promise for analyzing cryo-EM data. CryoSBI [13] uses simulation-based
inference [[14}[15] (SBI) to infer conformations and uncertainties from cryo-EM particles by training
a latent representation and normalizing flow with simulated cryo-EM experiments. The trained
networks can be quickly evaluated on large experimental particle datasets. Because the training
is only done with simulated data, a key feature of cryoSBI is that it enables linking of physical
properties of the molecules and the experiment to experimental data. We hypothesize that the
representations learned by the neural network are near low dimensional manifolds inside the latent
space. The objective of this work is to study the geometry of the data using manifold learning
techniques [16} (17} 18}, [19]. First, we will seek to ascertain whether the learned representations
correspond to well-behaved low-dimensional manifolds, and second, whether these are parameterized
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Figure 1: Schematic work ow for learning the surrogate posterior with cryoSBI. Parameter samples
are drawn from the prior to simulate synthetic cryo-EM images. These images are then used to
approximate the posterior by jointly training a summary network and a normalizing ow.

by generative variables important in predicting the posterior over the conformation. Our analysis
guantitatively validates the latent space of cryoSBI and leads to a general computational work ow
both for interpreting latent spaces of cryo-EM heterogeneity analysis methods and more broadly for
learned summary statistics in simulation-based inference.

2 CryoSBI and Latent Spaces

CryoSBI [13] is a new method to quantify the probability that a given imagkepicts a molecular
conformation . We assume to have a set of structures, e.g. from molecular simulations or Alphafold
[20], which we expectto nd in the sample. For simplicity, we also assume tisé one-dimensional
parameter, and we aim to infer the conformatiasf the molecule observed in the image, i.e., compute
the Bayesian posterigy jl ). The posterior quanti es how compatibles with the observed image

l.

To model the image formation process, one must consider experimental details such as microscope
aberration, noise, and random orientation of the molecule. To simulate a cryo-EM image, one samples
conformations from the prior;  p( ), and imaging parameters from p( ) and then generates

a syntheticimagé;, p(lj i; i) using a forward model of the imaging process (Appendix A.1),
accumulating a data set of simulated images and ground truth parametefs;; i;l;gl\, . The
nuisance parameter vectorincludes random orientations, a wide range of defocus values, center
translations, and SNRs.

Feature Latent Representation and Neural Posterior Estimation CryoSBI follows the Neural Pos-

terior Estimation framework1, 22], jointly training a latent representation netwdk ( ) to extract
summary statistics and a normalizing aw () as surrogate model of the posterip jS (1))

p( jl). Thisis done by maximizing the average log-likelihdod; )= Ni iNzl logg ( ijS (1))

of the posterior probability under the training samdleg§Appendix A.2). In principle, after training

S shouldi) compress images to predict the relevant featuresiqedable ef cient comparison of
simulated images to "nearby' experimental images. For example, the latent representation should
distinguish images due to conformation, SNR and projection direction, as these are the primary exper-
imental factors determining how precisely we can estimate a molecular con guration from a single
image. In practice, while the feature representation for Neural Posterior Estimation - and cryoSBI-
offers powerful inference capabilities, it is not immediately interpretable, making it challenging to
check for model misspeci cation [23].

Hemagglutinin Dataset. The CryoSBI latent space we analyze here corresponds to the hemagglutinin
dataset considered in refLd]; it consists of latent representations of the simulated and experimental
images. CryoSBI training was performed asig][using cryo-EM simulations by sampling the priors
(Appendix A.3). After training, we valuated a simulated dat@&&gtonsisting ofNg = 100; 000
feature vectors with-th datapointx; = S (l;) R?%6; nuisance parameters; ground-truth
conformation parameter, posterior mean; and width ; of the posterio (jXj), sothatDg =

£ 1 i i:xig : The experimental datasBt, consists 0N = 271558tupled x;; "i; g with

% = S (I}), for whitened single particle-imagt.fsfs‘ig:\‘;:L from EMPIAR 10532 4], where”}; |

are the inferred posterior parameters (note that the experimental images have no groundrtrgth

We denote the representations learne®byXs = fx;gtj andX = fxghs .
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