Protein Structure
Determination

with Cryo-EM
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Protein structure and dynamics encode function
across scales

M1 Aminopeptidase Dynein Nuclear Pore Complex
— :

Moore et al. PLOS Comp Bio 2018 Art of the Cell Mosalaganti et al. Science 2022



Protein Structure Prediction: AlphaFold
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Jumper et al. “Highly accurate protein structure prediction with AlphaFold.” Nature 2021.



Protein Structure Prediction: AlphaFold
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Tunyasuvunakool et al. “Highly accurate protein structure prediction for the human proteome.” Nature 2021.
Abramson et al. “Accurate structure prediction of biomolecular interactions with AlphaFold3.” Nature 2024.



Did AlphaFold “solve” the protein structure
prediction problem?



What is the role of structure determination?

« AlphaFold provides valuable hypotheses, but experiment remains the best form
of structure validation in biological discovery

« AlphaFold has limitations in predicting structures that are dynamic, large, or have
few sequence homologs

« Experiment is the source of “‘ground truth” for training ML models
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Molecular dynamics simulation. DE Shaw Research. Nuclear pore supercomplex. Mosalaganti et al. lllustration of the E. coli bacterium. David S Goodsell.




Protein Structure Determination

Protein sample
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NMR

Solution state
Limited to smaller proteins
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Experiment

Crystallography

High resolution
Requires crystallization

Cryo-EM
Captures dynamics
Limited to larger proteins

Wong et al. Elife 2014
Thomas. Nature 2012
Edwards and Reid. Protein
Science 2000



The ongoing cryo-EM “resolution revolution”

« 2017 Nobel Prize in Chemistry

« Cryo-EM has opened up new areas of
structural biology

e Recent hardware and software
oreakthroughs:

« Hardware: Direct electron detectors

Abdella et al Science 2021

o Software: New reconstruction
. Growth of EM Archives 2021-12-22
algorithms, GPU compute

B EMDB maps [ PDB EM models
16,000

o Faster: Automation and democratization
of cryo-EM imaging
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Roadmap

o Overview of the cryo-EM pipeline

o Classical cryo-EM reconstruction

- Homogeneous reconstruction
- Multiclass reconstruction

« Modern heterogeneous reconstruction

- CryoDRGN
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Sample Preparation

The protein of interest is purified and flash frozen into a thin specimen

» Freezing traps molecules in place, and increases radiation tolerance

» More proteins are amenable to freezing than crystallization

» Molecules are sampled from an “equilibrium” distribution of conformations

Sample Preparation

Plunging

|
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Puritfied Protein Cryo-EM Sample



Sample Preparation

Data Collection

Data Collection

The sample is irradiated wi
electron scattering potential

|
£

Laboratory of Biological Electron Microscopy

th electrons to produce 2D projection data of

[

EMPIAR-10028
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Micrograph



Particle Picking

ndividual particles are extracted from micrographs using manual selection,

Sample Preparation . . .
mMmachine learning methods, or prior structural templates

l [EMPIAR-10028]

Data Collection

!
 paridopiking
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Micrograph 104107 Particle Images



2D Classification

Cryo-EM datasets often contain junk or outlier particles, which may
Sample Preparation filtered out by selecting good classes of averaged particles

Data Collection

Particle Picking
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Sample Preparation

|

Data Collection

|

Particle Picking

|

3D Reconstruction

3D Reconstruction

The noisy 2D projection images are reconstructed into a 3D volume
representing the protein’s structure

~ [EMPIAR-10028]

What makes 3D
reconstruction
challenging in

cryo-EM?

2D Particle Images 3D Density Map

Kev principle: Biological samples are highly radiation-sensitive, but high-resolution structure

can be recovered by combining information across thousands or millions of particles



Sample Preparation

|

Data Collection

|

Particle Picking

|

3D Reconstruction

3D Reconstruction

The noisy 2D projection images are reconstructed into a 3D volume
representing the protein’s structure

~ [EMPIAR-10028]

Challenges

e Unknown
particle poses

e Low signal to
noise ratio

e Microscope
aberrations
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2D Particle Images 3D Density Map

Kev principle: Biological samples are highly radiation-sensitive, but high-resolution structure
can be recovered by combining information across thousands or millions of particles



Sample Preparation

|

Data Collection

|

Particle Picking

|

3D Reconstruction

3D Reconstruction

As each image arises from a unique particle, several 3D volumes may be
reconstructed as well, representing the protein’s dynamic structure

~ [EMPIAR-10028]

Challenges

e Unknown
particle poses

e Low signal to
noise ratio

e Microscope
aberrations

e Structural
heterogeneity

2D Particle Images 3D Density Maps



Model Building

Amino acid identities and positions can be fit into high-resolution cryo-EM

Sample Preparation . . .
P P density maps to build atomic models

Data Collection

Particle Picking

~

3D Reconstruction

Model Building [EMPIAR-10028] 5 [PDB: 379, 3j7al

Cryo-EM Density Map Atomic Model



Roadmap

o Overview of the cryo-EM pipeline

o Classical cryo-EM reconstruction

- Homogeneous reconstruction
- Multiclass reconstruction

« Modern heterogeneous reconstruction

- CryoDRGN




Cryo-EM Image Formation Model

\_

Image Formation Model

X C*P¢V+77@

~

J
2D Image Contrast Projection 3D Cryo-EM Gaussian
transfer about density noise
function 5D pose N(0,07)
pose:

oD

3D rotation, due to random particle orientation within sample

2D translation, due to imperfect centering of particle within image

" [EMPIAR-10028]




Cryo-EM Reconstruction Problem

Image Formation Model ~

\_ J

2D Image Contrast Projection 3D Cryo-EM Gaussian
transfer about density noise
function 5D pose N(0,07)

EMPIAR-10028]

g e Nt .
) & i -
L TS N o
- . L .
R 5
£
t PRI S b
. ST & id ¥
0 b e € o
- R
!
/. S e
Y A 3 " s s
r ¥ o)
5 y "
AY

Cryo-EM reconstruction problem:
Find optimal volume V given the data

Assume CTF values C; are known but poses ¢; are unknown




Maximum Likelihood Objective

Recall the image formation model:

X; =Ci*Py,V+n = X;~N(C;xPyV, o2

The likelihood of a single image (given volume and pose) is:

1 HXZ —Cz' *P¢VH2
(2mo2)D7/2 X 202

} D = Image side length

We seek the volume V that maximizes the log-likelinood over all images, marginalizing over poses:

n 2
SMLE | X — Ci x PyV||
V — argmax » log exp{ 53 tdo
L — SO(3) xR2 o
Sumover  Integrate over Image likelihood given a pose
images pOSe space

Expensive, non-convex
Singer and Sigworth 2020



Expectation-Maximization for MLE

Instead of maximizing the marginalized log-likelihood, maximize the expected log-likelihood instead:

€¢17°°°7¢n [Z log P(XZ ‘ V’ ¢Z)]
1=1

(E-Step) Update the posterior distribution of poses, given the current volume:
P(X;|V®, ¢; = s)
Zs’eS P(Xz‘v(t)v ¢z — 3,)

Vi € [n|,s € f< w;(s) = P(¢; = s|V D, X,) =

Discretized candidate poses

(M-Step) Update the volume, given the current pose posterior

p ) — a,rgmmZsz WX — C; x P V|7

1=1 s&Ss

p ) — Zzw (sYPTC, « X;) A= Zzwz W(Ps)TC;  C; x Ps

1=1 s&Ss 1=1 s€ S



Weighted Projection Matching

E-Step

Candidate poses
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and contribute little to the reconstruc



M-Step: Weighted Backprojection

V(t—l—l) — A_l(zzwz(S)PZCZ « X’L)

1=1 s€S

Candidate poses
(1S

Il

Current volume

e “INnverse” projection of the
original image at all candidate
DOSES, Using pose weights
computed in E-step

i
h
i
% w151
A Experimental
S o R image

https://cryoem101.org/chapter-4/



Real vs Fourier Space

Image domain Magnitude of FFT Phase of FFT

Real space Fourier Space
Intensity as a function of Amplitude and phase as a
spatial coordinate function of frequency

https://peterbbryan.medium.com/understanding-2d-fourier-space-59808b644a13



Fourier Slice Theorem

e E-step: Extract Fourier slices out of the current Fourier volume and compute pose weights

e M-step: Insert Fourier transform of input image as slices of Fourier volume, according to pose weight

-ourier Slice

heorem: 2

Real space:

Fourier space: F{X,;} = F{C;}0, F{V}

s centrally oriented slice of 3

D

What are the tradeoffs in real vs
Fourier space reconstruction?

https://cryoem101.org/chapter-4/



Key Challenges in Optimization

1. Convergence to local optima due to poor volume initialization

2. Due to low SNR imaging, easily overfits to noise



Initialization of E-M Algorithm

« The E-M algorithm is guaranteed to improve the likelihood every iteration

« This suggests that given a random initialization of V, the algorithm will
converge to a local optima

« To help find the global optimum, CryoSPARC (Punjani et al. 2017) introduced
gradient descent on the objective to achieve a good starting volume

: - Xi — Ci x PgV||?
VMEE — argmax (V) = arg maleog/ exp{ H * PVl o
- >

|4 O(S)XRQ 20'2

V(t_l_l) _ V(t) +a, Z VVZ(V, Xz) (Xt Learning rate

B B Batch of images

Singer and Sigworth 2020



Preventing Overfitting to Noise

RELION (Scheres 2012) introduced a Bayesian framework for reconstruction:

VMAP — arg m‘gx[log P(X1,...,X,|V)+log P(V)]

MLE Objective Volume Prior
(Regularization)

A common prior is to assume each Fourier component is from a zero-mean Gaussian:

D3
Val?

PV) =[] 57z exp(- 525 )

2T
d=1 d

The frequency-dependent variance of the prior is sometimes optimized as well:

1
()@ = SIV;"P

Singer and Sigworth 2020



Roadmap

o Overview of the cryo-EM pipeline

o Classical cryo-EM reconstruction

- Homogeneous reconstruction
- Multiclass reconstruction

« Modern heterogeneous reconstruction

- CryoDRGN




Mult

iclass Image Formation Model
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Multiclass Reconstruction

The MLE objective marginalizes over class assignments

MLE MLE
VMLE L VMEE — arg max z;logZP (X;|oi, Vi)

We can again use the E-M algorithm:

P(X;|V\")

E-Step: wz(k) — P(ai — k‘vl(t)v Tt VI((t)) — (¢)

M-Step: V"V = argmmzm WIX; — Cs % Py, V||



Practical Challenges in 3D Classification
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Roadmap

o Overview of the cryo-EM pipeline

o Classical cryo-EM reconstruction

- Homogeneous reconstruction
- Multiclass reconstruction

« Modern heterogeneous reconstruction

- CryoDRGN



Heterogeneous Reconstruc

Image Formation Model

Distribution of volumes

EMPIAR-11043

Heterogeneous reconstruction problem:
Find optimal volume distribution Vg
given the data




Latent Variable Models for Heterogeneous Reconstruction

e © O
o ~
o © . .
Nonlinear Linear
Discrete Set of Voxel Grids Non Linear Parameterizations [8, 9] Linear Combination of Voxel Grids
RELION [1], CryoSPARC [2] 3DVA, RECOVAR,
Multibody

Slide credit: Axel Levy



Latent Variable Models for Heterogeneous Reconstruction

{VQ(Z),Z c Z}
Z={l1,..K) 7 =RP" 7 =R"

A A A
e © , o
© Nonlinear Linear
! >
Discrete Set of Voxel Grids Non Linear Parameterizations [8, 9] Linear Combination of Voxel Grids
RELION [1], CryoSPARC [2] /I'\ 3DVA, RECOVAR,
I Multibody
Neural Representations Deformable GMMs Flow Field
/ Q/Cx\ \ / & \ / e \
: é NO - CIE
(]\( . / /b . -
CryoDRGN E2GMM
(Zhong, Nat. Met., 2021) (Chen, Nat. Met., 2021) 3DFLEX
Explicit: Multi-CryoGAN, HEMNMA, CryoSTAR \Eunjan, fxa. Bret. 2023)

\ OPUS-DSD / Qynamight, Cryofold, / \ /

Slide credit: Axel Levy



Coordinate-based neural networks for 3D volumes

Key idea: Instead of representing the structure as discrete points on a 3D lattice, learn a continuous
function, V: R’ - R

Traditional algorithms cryoDRGN

3D Cartesian coordinate Cryo-EM density

Multilayer Perceptron
(MLP)

CryoDRGN structures are parameterized as a neural field instead of a voxel array



Coordinate-based neural networks for 3D volumes

Key idea: Instead of representing the structure as discrete points on a 3D lattice, learn a continuous

function, V: R?> - R

Traditional algorithms

cryoDRGN

k = (kx, ky, kz)

3D Cartesian coordinate Cryo-EM density

Multilayer Perceptron
(MLP)

To construct a volume, evaluate the
function at different spatial frequencies



Coordinate-based neural networks for 3D volumes

Key idea: Instead of representing the structure as discrete points on a 3D lattice, learn a continuous
function, V: R’ - R

Traditional algorithms cryoDRGN

k - (kx, ky, kz) /;‘:);/‘ v, V(k)
% r‘h«‘—\:
O_®_' T A,

3D Cartesian coordinate Cryo-EM density

Multilayer Perceptron

" . . (MLP)
Positional encoding function

pe? (k;) = sin(k;Dn(2/D)*/P), i =1,..,D/2;k; € k

J

pe PtV (k:) = cos(k;Dm(2/D)*/P), i=1,...,D/2:k; € k




Sinusoidal featurization of inputs

A toy example: Use an MLP to learn an image

Ground truth No sinusoidal encoding With sinusoidal encoding

Also see: Tancik et al, NeurlPS 2020



Neural fields can learn high resolution maps

Train the cryoDRGN decoder (with no latent variable input) on images from EMPIAR-10028

Neural network representation Voxel-based representation

3.2 A GSFSC

80S ribosome
EMPIAR 10028

1024x10 architecture
50 epochs

50 A

Zhong et al., Nature Methods 2021



Neural fields show broad applicability

Neural Radiance Fields Scene Representation

5D Input Output
Position + Direction Color 4+ Density

809 _)I]ﬁ[’l[lé RZB” \ -

@, M
. v‘xf:?:g\:\:ci
- \

Mildenhall et al. ECCV 2020

Robotic Planning Physics

T T T T T T
—-15 =10 -5 0 5 10 15 20 25

Sutanto et al. CoRL 2020 Raissi et al. JCP 2019



Latent variable models for heterogeneous structures

Multiclass reconstruction cryoDRGN &

A SV

Vz, where z € {1, ..., K} z— Vo(2),z € R P

Latent variable vector
Z

k=(kx, kY1 kZ)

d,
\.0 /’
o—(O—9

3D Cartesian MLP

cryo-EM density
coordinate



CryoDRGN Architecture

Variational autoencoder

- Given a particle, the encoder predicts a latent variable z describing the particle’s
conformation

- Given z and spatial frequencies, the decoder outputs cryo-EM densities

(ko Ky k) —(

Zhong et al. ICLR 2020. Nature Methods 2021



CryoDRGN Tralning

Image Reconstruction Error

Image encoder Volume decoder
latent code
V4
| | Z _>
+ concatenate

Input images are oriented central slices of the reconstructed volume by the Fourier slice theorem

Input image
(Fourier space)

Reconstructed 3D volume
(Fourier space)

7¢
<
~
N
positional code

Oriented 3D pixel
coordinates

- Training loss is mean squared error between input image and reconstructed image (plus a KL-divergence term)

Zhong et al. ICLR 2020. Nature Methods 2021



Amortized Latent Inference

Input iImage Volume
Conformation latent

//t /
X \ Z p 9 V
2 4 -y
Encoder Decoder

The VAE extends the Ak as inference of a probabilistic model — “a regularized autoencoder”

"CZVAE(X; 69 5) — _qf(z\X)[logpﬁ(X‘ Z)] _ KL(Q@(Z ‘ X) ‘ ‘p(z))

Reconstruction error Regularization

Zhong et al. ICLR 2020. Nature Methods 2021



Use the decoder network to generate V at different values of z

R
I
I
... " IR,

Heterogeneity analysis

CryoDRGN Inference

Use the encoder network to evaluate the latent embedding z for each image

Particle selection

Subset. star

Validation with
traditional tools

Dataset
filterin

e B R S 5
.t % y
B e LT N At TN Vo -

Encode

Latent space
representation

Continuous trajectorie

Representative samples

Zhong et al. ICLR 2020

. Nature Methods 2021



Reconstructing continuous variability of the spliceosome

10

-10 -5 0 5 10
PC1

[EMPIAR-10180]

cryodrgn pc traversal

Trajectories along principle component axis of the latent space show variability within dataset



Generating trajectories with a graph traversal algorithm

cryodrgn graph traversal

10

PC2
o

=10

-10 -9 0 5 10
PC1

[EMPIAR-10180]

- Explore the learned distribution

- Extended with latent space diffusion models
(Kreis, Dockhorn, Li, Zhong 2022)



o Cryo-EM captures protein

Summary

S in their "near-

native” state, sampled from an “equilibrium”
distribution of conformations

« Principled probabilistic techniques underlie

cryo-EM reconstruction

« Tools for heterogeneous reconstruction

encode different assumpt
heterogeneity present in t

ons about the
ne data

« CryoDRGN's implicit neural representation

orovides a expressive model of heterogeneit

Zhong et al. ICLR 2020. Nature Methods 2021



