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ABSTRACT

Cryo-electron microscopy (cryo-EM) allows for the high-resolution reconstruc-
tion of 3D structures of proteins and other biomolecules. Successful reconstruc-
tion of both shape and movement greatly helps understand the fundamental pro-
cesses of life. However, it is still challenging to reconstruct the continuous mo-
tions of 3D structures from hundreds of thousands of noisy and randomly oriented
2D cryo-EM images. Recent advancements use Fourier domain coordinate-based
neural networks to continuously model 3D conformations, yet they often strug-
gle to capture local flexible regions accurately. We propose CryoFormer, a new
approach for continuous heterogeneous cryo-EM reconstruction. Our approach
leverages an implicit feature volume directly in the real domain as the 3D rep-
resentation. We further introduce a novel query-based deformation transformer
decoder to improve the reconstruction quality. Our approach is capable of refining
pre-computed pose estimations and locating flexible regions. In experiments, our
method outperforms current approaches on three public datasets (1 synthetic and
2 experimental) and a new synthetic dataset of PEDV spike protein. The code and
new synthetic dataset will be released for better reproducibility of our results.

1 INTRODUCTION

Dynamic objects as giant as planets and as minute as proteins constitute our physical world and pro-
duce nearly infinite possibilities of life forms. Their 3D shape, appearance, and movements reflect
the fundamental law of nature. Conventional computer vision techniques combine specialized imag-
ing apparatus such as dome or camera arrays with tailored reconstruction algorithms (SfM (Schon-
berger & Frahm, 2016) and most recently NeRF (Mildenhall et al., 2020)) to capture and model
the fine-grained 3D dynamic entities at an object level. Similar approaches have been adopted to
recover shape and motion at a micro-scale level. In particular, to computationally determine protein
structures, cryo-electron microscopy (cryo-EM) flash-freezes a purified solution that has hundreds
of thousands of particles of the target protein in a thin layer of vitreous ice. In a cryo-EM experi-
ment, an electron gun generates a high-energy electron beam that interacts with the sample, and a
detector captures scattered electrons during a brief duration, resulting in a 2D projection image that
contains many particles. Given projection images, the single particle analysis (SPA) technique iter-
atively optimizes for recovering a high-resolution 3D protein structure (Kühlbrandt, 2014; Nogales,
2016; Renaud et al., 2018). Applications are numerous, ranging from revealing virus fundamental
processes (Yao et al., 2020) in biodynamics to unveiling drug-protein interactions (Hua et al., 2020)
in drug development.

Compared with conventional shape reconstruction of objects of macro scales, cryo-EM reconstruc-
tion is particularly challenging. First, the images of particles are in the low signal-to-noise ratio
(SNR) with unknown orientations. Such low SNR typically affects orientation estimation due to
the severe corruption of the structural signal of particles. In addition, the flexible region of pro-
teins induces conformational heterogeneity that disrupts orientation estimation and is harder to re-
construct. Conventional software packages (Scheres, 2012; Punjani et al., 2017) only reconstruct
a small discrete set of conformations to reduce the complexity. However, such approaches of-
ten yield low-resolution reconstructions of flexible regions without guidance from human experts.
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Figure 1: Overview. With noisy images and pre-
computed poses as inputs, our method continuously re-
constructs the heterogeneous structures of proteins. It
also enables the identi�cation of local �exible motions
through the analysis of 3D attention values.

Recently, neural approaches exploit
coordinate-based representations for
heterogeneous cryo-EM reconstruc-
tion (Donnat et al., 2022; Zhong et al.,
2021a;b; Levy et al., 2022b; Kimanius
et al., 2022). To reduce the compu-
tational cost of image projection via
the Fourier-slice theorem (Bracewell,
1956), they perform a 3D Fourier re-
construction. A downside, however, is
that it is counter-intuitive to model local
density changes between conformations
in the Fourier domain. In contrast,
3DFlex (Punjani & Fleet, 2021) performs
reconstruction in the real domain where
motion is more naturally parameterized
and more interpretable, but it requires an
additional 3D canonical map as input.

In this paper, we proposeCryoFormerfor high-resolution continuous heterogeneous cryo-EM re-
construction (Fig. 1). Different from previous Fourier domain approaches (Zhong et al., 2021b; Levy
et al., 2022a), CryoFormer is conducted in thereal domain to facilitate the modeling of local �exi-
ble regions. Taking 2D particle images as inputs, our orientation encoder and deformation encoder
�rst extract orientation representations and deformation features, respectively. Notably, to further
disentangle orientation and conformation, we use pre-computed pose estimations to pre-train the
orientation encoder. Next, we build an implicit feature volume in the real domain as the core of our
approach to achieve higher resolution and recover continuous conformational states. Furthermore,
we propose a novel query-based transformer decoder to obtain continuous heterogeneous density
volume by integrating 3D spatial features with conformational features. The transformer-based de-
coder not only can model �ne-grained structures but also supports highlighting spatial local changes
for interpretability.

In addition, we present a new synthetic dataset of porcine epidemic diarrhea virus (PEDV) trimeric
spike protein, which is a primary target for vaccine development and antigen analysis. Its dynamic
movements from up to down in the domain 0 (D0) region modulate the enteric tropism of PEDV via
binding to sialic acids (SAs) on the surface of enterocytes. We validate CryoFormer on the PEDV
spike protein synthetic dataset and three existing datasets. Our approach outperforms the state-
of-the-art methods including popular traditional software (Punjani et al., 2017; Punjani & Fleet,
2021) as well as recent neural approaches (Zhong et al., 2021a; Kimanius et al., 2022) in terms
of spatial resolution on both synthetic and experimental datasets. Speci�cally, our method reveals
dynamic regions of biological structures of the PEDV spike protein in our synthetic experiment,
which implies functional areas but are hardly recovered by other methods. We will release our code
and PEDV spike protein dataset.

2 RELATED WORK

Conventional Cryo-EM Reconstruction. Traditional cryo-EM reconstruction involves the creation
of a low-resolution initial model (Leschziner & Nogales, 2006; Punjani et al., 2017) followed by the
iterative re�nement (Scheres, 2012; Punjani et al., 2017; Hohn et al., 2007). These algorithms per-
form reconstruction in the Fourier domain since this can reduce computational cost via Fourier-slice
Theorem (Bracewell, 1956). When tackling structural heterogeneity, they classify conformational
states into several discrete states (Scheres, 2010; Lyumkis et al., 2013). While this paradigm is
suf�cient when the structure has only a small number of discrete conformations, it is nearly impos-
sible to individually reconstruct every state of a protein with continuous conformational changes in
a �exible region (Plaschka et al., 2017).

Dynamic Neural Representations. Neural Radiance Fields (NeRFs) (Mildenhall et al., 2020)
and their subsequent variants (Müller et al., 2022; Kerbl et al., 2023) have achieved impressive
results in novel view synthesis. Numerous studies have introduced extensions of NeRF for dy-
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Figure 2:Pipeline of CryoFormer. 1) Given an input image, our orientation encoder and deforma-
tion encoder �rst extract orientation representations and deformation features. We use pre-computed
pose estimations to pre-train the orientation encoder.2) We convert the orientation representation
into a pose estimation and transformed coordinates are fed into our implicit neural spatial feature
volume to produce a spatial feature.3) The spatial feature and the deformation image feature then
interact in the deformation transformer decoder to output the density prediction.

namic scenes (Xian et al., 2021; Li et al., 2021; 2022; Park et al., 2021b; Yuan et al., 2021; Fang
et al., 2022; Song et al., 2023). Most of these dynamic neural representations either construct a
static canonical �eld and use a deformation �eld to warp this to the arbitrary timesteps (Pumarola
et al., 2021; Tretschk et al., 2021; Zhang et al., 2021; Park et al., 2021a), or represent the scene
using a 4D space-time grid representation, often with planar decomposition or hash functions for
ef�ciency (Shao et al., 2023; Attal et al., 2023; Cao & Johnson, 2023; Fridovich-Keil et al., 2023).

Neural Representations for Cryo-EM Reconstruction. Recent work has widely adopted neural
representations for cryo-EM reconstruction (Zhong et al., 2021a; Levy et al., 2022a;b; Shekarforoush
et al., 2022). CryoDRGN (Zhong et al., 2021a) �rst proposed a VAE architecture to encode con-
formational states from images and decode it by an coordinated-based MLP that represents the 3D
Fourier volume. Such a design can model continuous heterogeneity of protein and achieve higher
spatial resolution compared with traditional methods. To reduce the computational cost of large
MLPs, Kimanius et al. (2022) uses a voxel grid representation. To enable an end-to-end recon-
struction, there are someab-initio neural methods (Zhong et al., 2021b; Levy et al., 2022a;b; Chen
et al., 2023) directly reconstruct protein from images without requiring pre-computed poses from
traditional methods. CryoFIRE (Levy et al., 2022b) attempts to use an encoder to estimate poses
from input image by minimizing reconstruction loss directly, but the performance is still limited due
to the ambiguity of conformation and orientation in the extremely noisy image. To model the 3D
local motion, Punjani & Fleet (2021) and Chen & Ludtke (2021) perform reconstruction in the real
domain by using a �ow �eld to model the structural motion, while they require a canonical structure
as input.

3 METHOD

We propose CryoFormer, a novel approach that leverages a real domain implicit spatial feature
volume coupled with a transformer-based network architecture for continuous heterogeneous cryo-
EM reconstruction. In this section, we begin by laying out the cryo-EM image formation model
in Sec. 3.1. We then introduce the procedural framework of CryoFormer (Fig. 2), encompassing
orientation and deformation encoders (Sec. 3.2), an implicit spatial feature volumeV� (Sec. 3.3) and
a query-based deformation transformer (Sec. 3.4), with the training scheme described in Sec. 3.5

In this section, we useAttention to denote the scaled dot-product attention, which operates as

Attention( Q; K ; V ) = softmax
�

QK T
p

C

�
V ; (1)

3



Under review as a conference paper at ICLR 2024

whereQ; K ; V 2 RN � C are called the query, key, and value matrices;N andC indicate the token
number and the hidden dimension.

3.1 CRYO-EM IMAGE FORMATION MODEL

In the cryo-EM image formation model, the 3D biological structure is represented as a function
� : R3 7! R+ , which expresses the Coulomb potential induced by the atoms. To recover the
potential function, the probing electron beam interacts with the electrostatic potential, resulting in
projectionsf I i g1� i � n . Speci�cally, each projection can be expressed as

I (x; y) = g ?
Z

R
� (R > x + t ) dz + �; x = ( x; y; z)> (2)

whereR 2 SO(3) is an orientation representing the 3D rotation of the molecule andt = ( tx ; ty ; 0)>

is an in-plane translation corresponding to an offset between the center of projected particles and
center of the image. The projection is, by convention, assumed to be along thez-direction after
rotation. The image signal is convolved withg, a pre-estimated point spread function (PSF) for the
microscope, before being corrupted with the noise� and registered on a discrete grid of sizeD � D ,
whereD is the size of the image along one dimension. We give a more detailed formulation for
cryo-EM reconstruction in Sec. B.

3.2 IMAGE ENCODING FORORIENTATION AND DEFORMATION ESTIMATION

Given a set of input projections and their initial pose estimations, we extract latent representations for
their orientation and conformational states using image encoders. Following (Zhong et al., 2021a;
2020) we adopt MLPs for both encoders.

Orientation Encoding. Given an input imageI , our orientation encoder predicts its orientation rep-
resentationFO 2 R8. For optimization purposes, we represent rotations within the 6-dimensional
spaceS2 � S2 (Zhou et al., 2019) and translations with the remaining 2 dimensions. We map
each image's orientation representationFO into a pose estimation̂� = ( R̂ ; t̂ ). In line with cry-
oDRGN (Zhong et al., 2021a; 2020), for each imageI , we compute an initial pose estimation
� 0 = ( R 0; t 0) (via off-the-shelf softwares (Scheres, 2012; Punjani et al., 2017)). While these
initial estimations are not perfectly precise, particularly for cases with substantial motion, we utilize
them as a guidance for our orientation encoder by pre-training it using

L pose=
nX

i =1

(
1
9






 R̂ i � R 0;i








2
+

1
2




 t̂ i � t 0;i






1): (3)

During the main stage of training, the orientation encoder estimates each image's pose to transform
the 3D structure representation to minimize image loss (Eqn. 6). The gradient of the image loss is
back-propagated to re�ne the pose encoder.

Deformation Encoding. The deformation encoder maps a projectionI into a latent embedding for
its conformational state, denoted asFD. FD subsequently interacts with 3D spatial features within
the query-based deformation transformer decoder to produce the density estimation�̂ . In this way,
our approach models the structural heterogeneity and produces the density estimation conditioned
on the conformational state of each input image.

3.3 IMPLICIT SPATIAL FEATURE VOLUME IN THE REAL DOMAIN

In contrast with central slice sampling for Fourier domain reconstruction, real domain reconstruction
requires sampling alongz-direction for estimating each pixel. Consequently, leveraging a NeRF-
like global coordinate-based MLP adopted by Zhong et al. (2021a) and Levy et al. (2022a;b) for
real-domain cryo-EM reconstruction becomes computationally prohibitive. We instead adopt multi-
resolution hash grid encoding (M̈uller et al., 2022) which has been used for real-time NeRF ren-
dering as our 3D representation. We derive the high-dimensional spatial feature at each coordinate
from it to better preserve the high-frequency details with highly reduced computational cost.

We use a hash gridV� parameterized by� as our 3D representation. For any given input coordinate
x = ( x; y; z)> , the high-dimensional spatial feature is represented as

FS = V� (x ; �) : (4)
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Figure 3:Visualization of PEDV spike protein dataset. On the left in each pair are our manually
modi�ed atomic models (PDB �les) in their intermediate states; on the right are their corresponding
converted density �elds (MRC �les).

This feature encapsulates the local structural information of the speci�ed input location. It later
interacts with deformation featuresFD in the deformation transformer decoder to yield the local
density estimation for the coordinate conditioned onFD.

3.4 QUERY-BASED DEFORMATION TRANSFORMERARCHITECTURE

To generate the �nal density estimation̂� at an arbitrary coordinatex, we introduce a novel query-
based deformation transformer decoder, where spatial featuresFS from the implicit feature vol-
ume interact with conformational state representationFD. We denote randomly initialized learnable
structure queries asQ 2 RN � C whereN is the number of queries andC is the number of di-
mensions of each query. Spatial features and conformational states have shapes that match the
dimensions of structure queries, speci�cally,FS; FD 2 RN � C .

Deformation-aware Decoder Block.Given an image with its conformational stateFD, the struc-
ture queriesQ �rst interact with FD in the deformation-aware decoder blocks. Each deformation-
aware block sequentially consists of an inter-query self-attention block (Attention( Q; Q; Q)), a
deformation-aware cross-attention layer, and a feed-forward network (FFN), where the deformation-
aware cross-attention layer is computed asAttention( Q; FD; Q). We stack three decoder blocks for
fusing deformation cues into structure queries.

Spatial Density Estimation.To estimate the density value at a speci�c coordinate, structure queries
Q then interact with the spatial featureFS at this coordinate by spatial cross attention, computed as
Attention( Q; FS; Q). Finally, an FFN maps the queries to the estimated density�̂ .

3.5 TRAINING SCHEME

To train our system, we �rst calculate the projected pixel values as

Î (x; y) = ĝ ?
Z

R
�̂ (R̂ > x + t̂ ) dz + �; x = ( x; y; z)> (5)

whereĝ is the point spread function (PSF) of the projected image, assumed to be known from
contrast transfer function (CTF) correction (Rohou & Grigorieff, 2015) in the image pre-processing
stage. The loss function for training is to measure the squared error between the observed images
f I i g1� i � n and the predicted imagesf Î i g1� i � n :

L =
nX

i =1






 I i � Î i








2

2
: (6)

4 PEDV SPIKE PROTEIN DATASET

To evaluate CryoFormer and other heterogeneous cryo-EM reconstruction algorithms, we create a
synthetic dataset of the spike protein of theporcine epidemic diarrhea virus(PEDV). The spike
protein is a homotrimer, with each monomer containing adomain 0(D0) region that modulates the
enteric tropism of PEDV by binding tosialic acids(SAs) on the surface of enterocytes (Hou et al.,
2017) and can exist in both “up” and “down” states. Huang et al. (2022) determined the atomic
coordinates and deposited them in the Protein Data Bank (PDB) (Berman et al., 2000) under the
accession codes7W6Mand7W73.

We utilized Pymol (DeLano et al., 2002) to manually supplement the reasonable process of the
movement of the D0 region in the format of intermediate atomic models (Fig. 3 (a)). We converted
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