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How to deal with continuously flexing molecules is one of the biggest
outstanding challenges in single-particle analysis of proteins from

cryogenic-electron microscopy (cryo-EM) images. Here, we present
DynaMight, a software tool that estimates a continuous space of
conformationsinacryo-EM dataset by learning three-dimensional

deformations of a Gaussian pseudo-atomic model of a consensus structure
forevery particleimage. Inversion of the learned deformationsis then
used to obtain animproved reconstruction of the consensus structure. We
illustrate the performance of DynaMight for several experimental cryo-EM
datasets. We also show how error estimates on the deformations may be
obtained by independently training two variational autoencoders on half
sets of the cryo-EM data, and how regularization of the three-dimensional
deformations through the use of atomic models may lead to important
artifacts due to model bias. DynaMight is distributed as free, open-source

software, as part of RELION-5.

Structure determination of biological macromolecules by
single-particle analysis of cryoegnic electron microscopy (cryo-EM)
images is, at heart, a single-molecule imaging technique. Together,
many images of individual complexes in a cryo-EM dataset contain
information about the full extent of molecular dynamics that existed
inthesample whenit was plunge frozen. However, stringent low-dose
imaging conditions, necessary to limit radiation damage, lead to high
levels of experimental noise. Averaging over multipleindividualimages
isthus necessary to extract detailed information about the underlying
three-dimensional (3D) structures of the macromolecules. Because
averaging projectionimages of distinct structures leads to blurring in
the corresponding 3D reconstruction, image classificationalgorithms
are oftenused to separate cryo-EM datasets into a user-defined number
of structurally homogeneous subsets'. Despite their effectiveness in
handling cryo-EM datasets with a discrete number of conformations,
classification algorithms face challenges when continuous molecular
motionis present in the sample. Therefore, continuous molecular

motions in cryo-EM datasets is often considered a nuisance, rather
than arich source of information about protein dynamics.

Manifold embedding?®represented an early attempt to describe con-
tinuous molecular motionsincryo-EM datasets, although application of
thisapproach has been limited to afew macromolecular complexes®'. A
more widely used approach to deal with continuously flexing complexes
has been multi-body refinement’. Multi-body refinement divides com-
plexes into independently moving rigid bodies through partial signal
subtraction® . Independent image alignment and reconstruction for
eachoftheindividualbodiesleads to better mapsthanareconstruction
of the entire complex that does not take the structural variability into
account. A minimum size of the individual bodies, required for their
alignment, limits the applicability of multi-body refinement torelatively
large complexes. More recently, deep convolutional neural networksin
the formofvariational autoencoders (VAEs) have been proposed to map
projectionimagesintoacontinuous multi-dimensional latent space’ .
Thismappingnolonger assumesthe presence of adiscrete, user-defined
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Fig.1|Schematicillustration of DynaMight. Two separate encoders take
experimental images from each half set as input, and output alatent vector
describing their conformational state. The decoders take the latent vectors
together with the coordinates of Gaussian models for the consensus structures for
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each half set and generate a3D deformation field for those Gaussians. The deformed
models are then projected and compared to the experimental image in the loss
function. At the end of the procedure, an approximation to the inverse deformation
isused for reconstruction of animproved consensus map for each half set.

number of structures in the data. Moreover, a corresponding decoder
network canbe usedto reconstruct 3D structures for each pointinlatent
space, allowing the creation of movies that describe 3D protein motions
by traversing latent space. These approaches have proved useful in
exploring continuous molecular motions. However, in contrast to multi-
body refinement, most of them donotlead toimproved reconstructed
densities for the moving parts.

Two methods have been proposed that aim to analyze continuous
molecular motions, while also improving the reconstructed density of
the underlying consensus structure. 3D flexible refinement in cryo-
SPARC uses an autodecoder to learn deformations that are applied
straight to the cryo-EM map™. A quasi-Newtonian optimization algo-
rithmthen uses thelearned deformations toimprove areconstruction
of the consensus structure. Alternatively, the Zernike3D approach
expresses the deformation field of a cryo-EM map in a basis of 3D
Zernike polynomials and uses Powell optimization to find the defor-
mations for each individual particle image". These deformations are
then usedin a modified algebraic reconstruction technique algorithm
to obtain animproved reconstruction for the consensus structure.

In this study, we present an approach, coined DynaMight
(for‘exploring protein dynamics that mightimprove your map’). Inspired
by the approachin e2gmm’’, DynaMight uses Gaussian pseudo-atoms to
model the cryo-EM density. The estimation of the conformational vari-
ability in the cryo-EM dataset is performed by a VAE, where an encoder
mapsindividual cryo-EMimages to latent space and a decoder outputs
3D deformations of the Gaussian pseudo-atoms to infer the different
conformational states. We introduce a decoder architecture that takes
the latent vector alongside spatial coordinates as an input and outputs
actual displacements (Fig. 1). Compared to e2gmm'®, given a latent
representation, the decoder directly represents the function ofinterest,
namely adeformation field. This enables the opportunity toimpose prior
knowledge directly onthe deformation field in the form of regularization
potentials, for which we explore both benefits and pitfalls. A modified
filtered backprojectionalgorithm, that back-projectsindividual particle

images along curves derived from these deformations, then yields an
improved density map of the consensus structure.

Results

Description of conformational variability

We describe the ith of Nyparticleimages, y,, with the following forward
model:

Yi = € x Py (I;,(X)), )
where ¢;x denotes convolution with the contrast transfer function
(CTF), Py, the projection of a particle that is rotated and shifted by its
pose ¢; € SE(3). We choose to represent the function fby a sum of N,
3D Gaussian basis functions, or pseudo-atoms:
¥)]

Ng
)~ fx) =Y a9,(x - ¢)
j=1

where g5 1 R R3 > R is Gs,(X) = exp(|| x||2/sj) Here, a;> 0 denote the
amplltudes ;> 0the widths and ¢;the central positions of the Gaussian
functions.

We assume that all particleimages are conformational variations
of asingle, consensusstructure thatis described by the N, 3D Gaussian
basis functions and z;in equation (1) is the conformational encoding
for the ithimage. We describe the deformation of individual particles
asadeviation from the consensus coordinates x: /(x) =X — §(x), so that:

Ng
freo) = 3, 45(I'00 - G)
Jj=
Ne
= 2 4G5 (x = 6(%) - ¢;) 3)
Jj=1

Ng
~ X 49, (x=(¢+6(c)),
J:
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where the last approximation assumes that the deformation field is
locally constantand that the density surrounding ¢;movesinasimilar
manner. Thisenables usto describe the deformations as displacements
of the Gaussian centers, which is a computationally tractable repre-
sentation. Furthermore, the widths s;and amplitudes a;of all Gaussian
pseudo-atoms are kept the same for the entire dataset. This means that
DynaMight is by design constrained to only model mass-conserving
heterogeneity and cannot handle nonstoichiometric mixtures. There-
fore, compositional heterogeneity should be removed fromthe dataset
by alternative approaches before running DynaMight.

Estimation of conformational variability
Forlearning the deformations, we use a VAE that consist of two neural
networks, namely an encoder & that predicts an [-dimensional latent
representation z;per particleimage, and adecoder D that predicts the
displacement of all Gaussian pseudo-atomsin the model. The encoder
isafully connected neural network withthreelinear layers and rectified
linear unitactivation functions. The inputis a (real-space) experimen-
tal image y; and the output are two vectors (y;, g;) € RV x RM, which
describe the mean and standard deviation used to generate a sample
z;that serves as input for the decoder.

The decoder D(z;, ¢;)thenapproximates the termc; + 6;for each z,.
We define the decoder for the entire set of N, positions as:

D(z;,¢%) = ¢® + 5p(2;,¢?) @)

Inthe above, ¢’ is all the consensus positions and 6, is a differentiable
function, 8y(z;, €®) = [64(z;, €1, ... , 6(2Zi, cnl with parameters 6, that
approximates ¢ for each position (Extended Data Fig. 1). In practice,
we evaluate the decoder for each position ¢;and query 6§, with a posi-
tional encoding of ¢;, concatenated with the latent representation z;
that describes the conformation of each particle.

The output positions are used to generate a projection image p;
of the deformed model in the pose of the particle, and the difference
with the experimental image || p; —y,-||§ is minimized during training
of the neural networks. Once trained, for a latent embedding of the
whole dataset, one obtains a family of deformation fields
D(z;,X) = I, (x)thatis defined over the entire 3D space.

Regularization and model bias

Because of high levels of experimental noise, cryo-EM reconstruction
isanill-posed problem. Even for standard, structurally homogeneous
refinement, there are many possible rotational and translational assign-
ments for eachimage. When estimating conformational variability, the
poses are known, but many deformed density maps may explain each
experimental image equally well. Therefore, in both cases regulariza-
tion is essential for robust reconstruction.

The most common form of regularization in VAEs is to con-
strainthe distribution of latent variables to follow a Gaussian distribu-
tion, whichlead to the model learning more meaningful and structured
representations. The design of the decoder in Fig. 1 allows an addi-
tional form of regularization that imposes prior knowledge on its
output of real-space deformation fields. A wide range of physically
and biologically inspired penalties can be incorporated as priors on
the deformations, also see refs.12,14,15. Possibly a powerful source of
priorinformation would come from an atomic model of the consensus
structure, which could provide constraints on chemical bonds, main-
tain secondary structure elements and so on.

To explore direct regularization of the deformation fields, we
tested two approaches. The first approach aims to use prior informa-
tion from an atomic model that is built in the consensus map, before
running DynaMight. It generates a coarse-grained Gaussian repre-
sentation of the atom positions, and then minimizes changes in the
distances between these Gaussians according to the bonds that exist
inthe atomic model:

RE)= Y ?, ®)

{(@.):E=1}

|d(ci, ¢) — d(D(ci, 2), D(c;, 2))

where £, ;=1if there is abond between the two pseudo-atoms c;and ¢;
and ddenotes Euclidian distance. The deformations with this regulari-
zation scheme result in Gaussians that remain close toacoarse-grained
representation of the original atomic model.

The second regularization approach uses less prior information
and does not require an atomic model. Instead, Gaussians are placed
randomly to fill densities in the consensus map, and connections £
in equation (5) are for all pairs of Gaussians that are within a distance
of 1.5 times the average distance between all Gaussians and their two
nearest neighbors. This regularization enforces overallsmoothnessin
the deformations. Additional penalties that prevent Gaussians coming
too close to each other, or moving too far away from other Gaussians,
also exist to ensure a physically plausible distribution of Gaussians.

Improved 3D reconstruction
We propose an algorithm that uses the estimated deformation fields I
to obtainanimproved reconstruction of the consensus structure that
incorporates information fromall experimental images. To map back
individual particleimages to a hypothetical consensus state, one needs
to estimate the inverse deformations, which represents a challenge.
Whereas the inverse deformation on the displaced Gaussians is given
by the negative displacement vector, thatis I"'(/(c;)) = ¢, the inverse
deformation field needs to be inferred at all Cartesian grid positions of
theimprovedreconstruction. We train aneural network asaregression
function to estimate a deformation field that coincides on the given
sampling points/1(c;), but can be evaluated on arbitrary positions. This
network consists of an multilayer perceptron with six layers and asingle
additiveresidual connection to the original coordinates of the consen-
sus model ¢°. Similar to the forward deformation model, the network
takes the latent code z;and the deformed positions I'(c;) as inputs and
aims to output the original positions ¢, In addition to the inversion of
the forward fields on the sampling points, we force the inverse field to
be smooth by adding a regularization term to the loss function.
Thealgorithmaims toimprove the reconstruction of the density f,
using the known deformations I, that is we aim to find the minimizer
f ofthe datafidelity

f= arg}ﬂinz I€Pr,f) = yill*. (6)

This minimizer can be computed using the reconstruction formula

1
_f: [ZPF‘I o (:’iz oPl-i] [2 Pl’fi(@,-*y,-)]
i i @)
= D—l [Z PF[(@[*_)),)] ,

to get an estimate of the unknown density f. Here D is a matrix that
depends onthe estimated deformations, and PF,- is the composition of
the backprojection operator and the inverse deformation correspond-
ing to the ith particle (Fig. 1). For the structurally homogeneous case,
listheidentity operator and Dis diagonal in Fourier space and there-
fore the inverse can be computed simply by division, given that the
distribution of projection directions covers the whole frequency
domainand D has no zerosin the diagonal. Inthe presence of deforma-
tions, this matrix is not diagonal anymore and would be too expensive
to compute or store. We approximate equation (7) by using the filter
that would correspond to the homogeneous case, without deforma-
tions. Although even in the optimal scenario of having complete data
of clean projection images, this method does not yield a minimum of
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functionalin equation (6), it still allows to correct for the deformation
tosome degree. When the deformation fields are not smooth, for exam-
ple when two nearby domains movein opposite directions, reconstruc-
tion with the proposed algorithm may introduce artifacts at the
interface between the domains.

Implementation details

The initial positions of the Gaussians for the VAE are obtained by
approximating a map from a consensus refinement with a Gaussian
model. This initial consensus map does not correspond to an actual
state of the complex, but rather to a mixture of different conformations.
Therefore, parts of the map will have regions of poorly defined density,
and correspondingly fewer Gaussians. To overcome this limitation, we
update the positions of the consensus Gaussian model throughout the
estimation of the deformations, such that the positions ¢;may corre-
spond to asingle conformation at the end of the iterative process. We
recommend using two Gaussians per residue, but asmaller number can
be chosen if computational resources are limited or alow resolution
estimation of the motion is required.

After initialization of the Gaussians, in the first epochs of the
training of the VAE, we only optimize the global Gaussian parameters,
that is their widths, amplitudes and positions. These parameters are
optimized with the ADAM optimizer and a learning rate of 0.0001.
After thisinitial warm-up phase, we start optimization of the network
parameters of the VAEs, again using the ADAM optimizer withalearning
rate of 0.0001. During the second phase, the parameters of the Gauss-
ians continue to be updated. Training of the VAEs is stopped when the
updates of the consensus model do not yield improvements anymore
or afixed, user-defined number of epochs are completed.

Training of the VAE is performed on two half sets, where two
encoder-decoder pairs are trained independently, as illustrated in
Fig. 1. This procedure yields two independent families of deforma-
tion fields, one for each half set. The approximate inverse of these
deformations are then used by the deformed weighted backprojec-
tion algorithm to generate two independent maps with improved
estimates for the consensus structure. These half-maps can then be
used in conventional postprocessing and resolution estimation rou-
tines. As described in the ‘Discussion’ section, by setting aside a small
validation set of images, the two independent decoders also allow an
error estimation of the displacement fields.

DynaMight has beenimplemented in pyTorch'®, andis accessible
as a separate job type from the RELION-5 graphical user interface.
Because, as we will show below, the direct regularization of the defor-
mation fields using atomic models may lead to overfitting, only the
approach that enforces smoothness on the deformations, without
the use of an atomic model, is exposed to the user on the graphical
user interface. DynaMight uses the Napari viewer" to visualize the
distribution of particles in latent space, as well as the corresponding
deformation fields. The same viewer also allows real-time generation
of densities from points in latent space, movie generation, and the
selection of particle subsets in latent space.

Furtherimplementation details are given in the Methods.

Regularization can lead to model bias

We first analyzed the different options for regularization of the defor-
mations onawell characterized dataset onthe yeast Saccharomyces cer-
evisiae precatalytic Bcomplex spliceosome'® EMPIAR-(10180, ref.19).
The same data, or subsets of it, have also been analyzed using
multi-body refinement® cryoDRGN’, Zernike3D" and e2gmm’®. To
minimize computational costs and to ensure structural homogene-
ity’, we used 3D classification in RELION?’ to select ~45,000 particles
with reasonable density for the head region. Training of the VAEs on
thissubset with abox size 0f 320 took about 2.5 minutes per epoch on
asingle NVIDIA A100 GPU. This resulted in training times between 8
and 12 hours for estimating the deformations. Further estimation of

Fig.2|DynaMight reconstructions of the spliceosome subset. a, Standard
RELION consensus refinement. b, DynaMight without regularization.

¢, DynaMight with smoothness regularization on the Gaussians. d, DynaMight
with regularization from an atomic model. Allmaps are colored according to
localresolution, as indicated by the color bar.

the inverse deformations took -4 hours and reconstruction with the
deformed backprojection ~3 hours on the same GPU.

Without any regularization of the deformations, estimated defor-
mation fields displayed rapidly changing directions for neighboring
Gaussians, and deformed backprojectionyielded reconstructions for
whichthelocal resolution did notimprove with respect to the original
consensusreconstruction (Fig.2a,b). A consensus reconstruction with
betterlocal resolutions was obtained using the regularization scheme
that enforces smoothness in the deformations, but without using an
atomic model (Fig. 2c). The map with the highest local resolutions
was obtained using theregularization scheme that enforces distances
between bonded atoms of an atomic model (Protein Data Bank (PDB)
ID 5nrl) (Fig. 2d). It thus appeared that incorporation of prior knowl-
edge from the atomic modelinto the VAE had been beneficial.

However, because the neural networks in our approach comprise
many parameters, we were worried that there would be scope for
‘Einstein-from-noise’ artifacts, similar to those described for orien-
tational assignments in single-particle analysis* . To test this, we
performed two control experiments.

Inthefirst control experiment, we replaced the atomic model of the
U2 3’ domain/SF3a domain with a different protein domain of similar
size (PDB 7YUY)*). The U23’ domain/SF3a showed only weak density in
the consensus map, indicating large amounts of structural heterogene-
ityinthisregion. Although using theincorrectatomic model to estimate
the deformation fields led to asimilarimprovementinlocal resolution
compared to using the correct model (Fig. 3a,b), the reconstructed den-
sity fromthe deformed backprojection resembled theincorrect model,
rather than the correct model (Fig. 3c and Supplementary Video 1).

Inthe second control experiment, we replaced the atomic model
of the SF3b domain with PDB 1G88 (ref. 25). The density for the SF3b
domain in the consensus map was stronger than the density for the
SF3aregion, indicating that this region in the spliceosome is less flex-
ible. Inthis case, using the incorrect atomic model yielded amap with
lower local resolutions in the SF3b region than using the correct model
(Fig. 3d,e). But still, the reconstructed density from the deformed
backprojectionresembled the incorrect model more than the correct
model (Fig. 3f and Supplementary Video 2).

These results indicate that estimation of deformation fields may
lead to model bias, to the extent that reconstructed density may repro-
ducefeatures of anincorrect atomic model. The scope for model biasto
affect the deformed backprojection reconstructionis larger in regions
of the map with higher levels of structural heterogeneity. Because it
would be difficult to distinguish correct atomic models from incor-
rect ones, we caution against the use of this type of regularization in
DynaMight. Therefore, inwhat follows, we only used the less informa-
tive, smoothness prior onthe deformations. Using this prior, the defor-
mations estimated by DynaMight are qualitatively similar to those
observed for the same dataset using e2gmm'® (Extended Data Fig. 2
and Supplementary Video 3). For adifferent set EMPIAR-(10073, onthe
U4/U6.U5 tri-snRNP complex?®), using the lessinformative smoothness
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Fig. 3| Using incorrect atomic models in DynaMight. a, Reconstruction after
deformed backprojection using the correct atomic model for the SF3aregion,
colored by local resolution (right). The correct atomic model for the SF3aregion
isshown in green on the top left; an overlay of that model with the reconstructed
density after deformed backprojection is shown on the bottomleft.b, Asina, but
using anincorrect atomic model for the SF3aregion (showninred). ¢, Fourier
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005 010 015
Resolution (1/A)

shell correlation (FSC) curves between the mapsina or b, masked around the SF3a
region, and the correct (green) or incorrect (red) atomic models. d-f, Asin a-c, but
using different atomic models for the SF3b region: reconstruction after deformed
backprojection using the correct atomic model for the SF3b region (d), using an
incorrect atomic model for the SF3b region (e) and FSC curves between mapsind or
e, masked around the SF3bregion, and the correct or incorrect atomic models (f).

prior in DynaMight led to an improved reconstruction with better
map features and higher local-resolution estimates than reported
for 3DFlex' (Extended Data Fig. 3 and Supplementary Video 4),
despite that 3D classificationin RELION-5 selected a structurally homo-
geneous subset of only 86,624 particles, compared to 102,500 particles
used for 3DFlex.

DynaMight improves inner kinetochore maps

Next, we demonstrate the usefulness of DynaMight on two cryo-EM
datasets of the yeast inner kinetochore?. Training of the VAEs took 17
and 27 hours on an NVIDIA A100 GPU for the two respective datasets
described below, with particle box sizes 0f 320 and 360. Estimating the
inverse deformations took -6 hours for both datasets. The deformed
reconstructions took 9 and 13 hours, respectively.

The first dataset EMPIAR-(11910) comprises 100,311 particles of
the monomeric constitutive centromere associated network complex
bound to a CENP-A nucleosome (CCAN-CENP-A). For this dataset, we
trained the half-set VAEs for 220 epochs and we used a ten-dimensional
latent space. The estimated 3D deformations are distributed uniformly
inlatent space (Fig.4a), without specifically clustered conformational
states, suggesting that the motions in the dataset are mainly of a con-
tinuous nature. Analysis of the motions revealed that the nucleosome
is rotating in different directions relative to the rest of the complex,
and that these rotations coexist with the up and down bending of the
Nkp1, Nkp2, CENP-Q and CENP-U subunits (arrows in Fig. 4b and Sup-
plementary Video 5). The reconstruction from deformed backprojec-
tionimproved local resolutions compared to the consensus map from
standard RELION refinement, with clearimprovementsin the features
for both protein and DNA (Fig. 4c¢,d and Extended Data Fig. 4).

The second data EMPIAR-(11890) comprises 108,672 particles of
the complete yeast inner kinetochore complex assembled onto the
CENP-A nucleosome. Training of the VAE was done for 290 epochs,
and the dimensionality of the latent space was again set to ten. Again,

a continuous distribution of deformations in latent space suggests
continuous structural flexibility (Fig. 5a). Analysis of the deforma-
tions revealed large relative motions between different regions of
the complex (root-mean-squared deviation and additional details are
given in Supplementary Table 1). Different states of the complex are
depicted in Fig. 5a and Supplementary Video 6. Deformed backpro-
jection resulted in a map with improved local resolution and protein
and DNA features compared to the map from consensus refinement
(Fig. 5b,c and Extended Data Fig. 4).

Because this complex, withamolecular weight of 1.5 MDa, is large
enoughto divideinto multipleindependently movingrigid bodies, we
also applied multi-body refinement’ to this dataset. We used the four
bodies illustrated in Fig. 5d; body 1 (orange): CCAN™"°, body 2 (light
green): CCANNON—tPOaCENP=IBodY) 1 4y 3 (vellow): CBF3C0re+CENP-[E%
and body 4 (dark green): CENP-AN). The local resolutions resulting
from multi-body refinement (Fig. 5d) are better than those from the
deformed backprojection reconstruction of DynaMight, illustrating
that thereisstillroomfor further development of the latter. Neverthe-
less, the DynaMight map had better protein and nucleic acid features
than a map obtained for the same dataset with 3DFlex, using default
parameters” (Extended Data Fig. 5). The DynaMight map also corre-
lated better than the map from 3DFlex with atomic models that were
builtinthe maps from multi-body refinement. Despite these observa-
tions, resolution estimates calculated from half-maps calculated by
3DFlex were higher than those calculated from half-maps by
DynaMight. This suggests that using a single 3D deformation modelin
3DFlex, rather than two separate models as done in DynaMight, could
potentially result in over-estimations of local resolution.

Discussion
How to deal with continuous conformational heterogeneity remainsa
rapidly developing topicincryo-EMsingle-particle analysis. As outlined
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Fig.4 | DynaMight results for the CCAN-CENP-A complex. a, Principal
components analysis (PCA) of the conformational latent space, with colored dots
indicating the positions of the five maps in b. (Only the latent space for one of the
two half setsis shown.) b, Five conformational states of the complex. One state,
inred, isshownin all four panels. The colors of the five maps are the same as the

colors of their corresponding dots in a. ¢, Reconstructions from standard RELION
consensus refinement. d, Theimproved reconstruction using DynaMight. The
mapsincandd are colored according to local resolution, asindicated by the
colorbar.

PCA1

PCA 2

Fig. 5| DynaMight results for the complete kinetochore complex. a, PCA

of the conformational space (on the left) with highlighted positions of five
conformation states, the maps of which are shown in the same colors on the
right. (Only the latent space for one of the two half sets is shown.) b, Maps from

standard RELION consensus refinement. ¢, DynaMight reconstruction.

d, Reconstruction using RELION multi-body refinement. The outline regions in
the latter show the four bodies that were used for multi-body refinement. The
maps in b-d are colored by local resolution, as indicated by the color bar.

inthe maintext, and recently reviewed inref. 28, multiple approaches
from different laboratories have been proposed. In this paper we pre-
sent an approach, called DynaMight, which consists of two VAEs that
aretrained independently on half sets to estimate displacements of a
Gaussian model and a modified weighted backprojection algorithm
to correct for the estimated deformations. To avoid deformations

being described by the disappearance of Gaussiansinone place and the
appearance of Gaussians in another, and to limit the number of model
parameters, DynaMight does not refine an occupancy factor for each
Gaussian. Consequently, DynaMight cannot model compositional
heterogeneity and itis unclear how it will performon datasets with such
heterogeneity. Compositional heterogeneity should thus be removed
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Fixed decoder

Decoder 1

Decoder 2

Fixed decoder

Fig. 6 | Error estimation for the deformations. a, Particles of a validation subset
(here10% of the particles) are fed into both encoders. The encoders are updated,
whereas these images are not used for training the decoder. At evaluation

time, both decoders can be evaluated for the consensus models (purple for the
consensus model of halfset 1and blue for the consensus model of half set 2).

Theresulting displacements can be compared. b, Example deformation fields
for four particles. The radius of the sphere (colored by size from blue to pink)
atthe end of the deformations (black arrows) is determined by the norm of the
difference of the deformations from the two decoders.

using existing discrete classification methods' before the application
of DynaMight. We show for two datasets onthe yeastinner kinetochore
that DynaMight is useful in improving cryo-EM maps of macromo-
lecular complexes that exhibit large amounts of flexibility, although
scope remains for further improvements, of DynaMight in particular
and how to deal with continuous structural heterogeneity in general.
Because of the high levels of experimental noise and the large num-
ber of parameters needed to describe continuous structural flexibility
inthe particles, an obvious way to improve these methods is the incor-
poration of prior knowledge. However, our results on the spliceosomal
B complex show that suchapproaches are not without risk. We observe
that there are enough parameters in DynaMight’s neural networks to
result in deformation fields that, when used in deformed backprojec-
tion, willreproduceincorrect features from the consensus model that is
usedtoregularize these deformations. That model bias may play arole
is perhaps not surprising, given that similar observations have been
made for standard (structurally homogeneous) refinement, where
only five parameters (three rotations and two translations) are used
for every particle. The total number of parameters in DynaMight’s VAE
isapproximately 10 million, which results in considerably higher num-
bers of parameter per particle for typical datasets. We do not believe
that the risk of overfitting exists only in DynaMight. Other approaches
that describe structural heterogeneity in the dataset with large neural
networks, or other approaches with high numbers of parameters per
particle, such as cryoDRGN’, Zernike3D" and 3DFlex'?, will probably
also be susceptible to these problems. The development of validation
procedures will thus beimportant. In DynaMight, we chose not to expose
the usage of atomic models for regularization of the deformations to the
user, as potential model bias toward those models takes away the possi-
bility to validate the map by the appearance of protein-like features. The
exploration of more sophisticated methods, where part of the informa-
tion of atomic modelsis used and other parts are set aside for validation,
may yield better methods, while still allowing proper validation.
Because model bias may affect the estimation of deformation
fields, over-estimation of the resolution of reconstructions that correct
for these deformations may represent another pitfall. Resolutions are
typically measured by Fourier shell correlation between two half sets.
However, if deformations have been estimated jointly for both half sets,
with the same reference map as origin, then incorrect features from

thereference model may be reproduced in both half-reconstructions,
resultingininflated Fourier shell correlation curves and over-estimation
ofresolution. Our results with the yeast kinetochore complex (Extended
DataFig. 5) indicate that 3DFlex'> may suffer from such over-estimation
ofresolution. By training twoindependent VAEs with separate consen-
sus models for both half sets, similar to ‘gold-standard’ approachesin
standard refinement®-°, this risk is avoided in DynaMight.

Training two VAEs independently on two half sets of the data also
offers an opportunity to estimate the uncertainty in the estimated
deformations. Although in recent years multiple methods have been
proposed to analyze molecular motionsin cryo-EM datasets, less con-
sideration has been given to what extent these motions can be trusted.
Error estimates on the deformations can be obtained for a subset of
the particles (we used 10% in Fig. 6), by excluding this subset from the
training of the decoders and only using it for training its embedding to
latent space. For each particle in this subset, one obtains anembedding
with both separate encoders to obtain a latent representation for the
corresponding decoder. Applying both decoders to get the displace-
ments of either of the consensus models thenleads to two independent
estimates of the deformations for the particlesin the subset. The differ-
encebetween these two estimates provide an estimate of the errorsin
them. Weillustrate this procedure in Fig. 6b, where we observe that the
errors in the deformations vary among particles and among different
regions of the CCAN-CENP-A complex. Future developmentsin regu-
larization methods as described above may benefit from considering
estimated errors in the deformations.

Besides estimation of deformations, DynaMight also implements
areconstruction algorithm that aims to correct for the deformations
through thereconstruction ofanimproved consensus map. Reconstruc-
tionviaequation (7) only gives an approximation of the minimizer of the
convex probleminequation (6). Althoughitistherefore not guaranteed
toyield auseful solution, in practice we observe that DynaMight results
in maps with improved local resolutions compared to the standard
RELIONreconstruction algorithmthat assumes structuralhomogene-
ity. The improvements in the reconstructed maps provide some level
of validation of the estimated deformation fields. Nevertheless, our
observations that multi-body refinement yields better local resolutions
for the complete inner kinetochore complex suggest that thereis room
forfurtherimprovement. Itis possible thatiterative real-space methods,
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such as those implemented in 3DFlex" or Zernike3D", may yield better
results. But theiterative approaches would be even more computation-
ally expensive than our weighted backprojection approach, as they
may require multiple sweeps through the data and optimization of
hyperparameters, such as the step size. Alternatively, the results with
multi-body refinement suggest that it may be possible to divide each
particleinto many smaller ‘bodies’, and toinsert Fourier slices of each of
these bodies using orientations that are acombination of the consensus
orientation and the average deformation field at that region.

Although opportunities for further improvements exist, we
believe that the currentimplementation of DynaMight will already be
useful. Unlike multi-body refinement, there is no need for the design
of masks that delineate the bodies. In fact, analysis of deformations
estimated by DynaMight may assist users to define those masks for sub-
sequent multi-body refinements. Theimplementationinside RELION-5
will make DynaMight easily accessible to many users, and its wider
applicationwill provide feedback for future developments of even bet-
ter toolsto analyze molecular motionsin biological macromolecules.
Theunresolved challenges, as explored in this paper, of how to exploit
more previous knowledge, while preventing the pitfalls of model bias,
and how to validate the estimated deformations, imply that this topic
will remain an active area of research.

Online content
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Methods

Initialization of the reference model

We modelthe 3D cryo-EMdensity map f: R* - Rbyasum of N, Gauss-
ian functions. The density fis defined by

Ne [ Ng _
foo=3; (Z d;,a;exp (M)) : ®)
J

j=1\i=1

Here N, is a fixed number defining how many distinct widths are used
in the Gaussian model. For the ith Gaussian the vector d_; satisfies
Y d; =1and d,; > O forallj e {L, ..., NJ. This weight vector continu-
ously classifies the type of Gaussian that is selected for a certain posi-
tion of the Gaussian model. Although we used N, =1in all our results,
using more classes could be helpful for cases where the consensus map
contains large variations in local resolution and the same width of all
Gaussians does not give a reasonable representation of the map. The
learnable parametersin this model are the widths (s;, ..., sy, ), composi-
tion vectors d and amplitudes (ay, ..., ay,). These parameters are opti-
mized globally, meaning that they are independent of the projection
image, and stay the same over the whole dataset. Whereas a
per-Gaussian amplitude parameter would be possible and would enable
therepresentation of compositional heterogeneity, we decided to use
the same amplitudes for all Gaussians. The reason for this is that oth-
erwise movement could also be represented by Gaussian densities
vanishing and reappearing at different places. We call the parameters
(a, s, d, ¢) of the Gaussian model the reference parameters and we use
a separate optimizer (ADAM) to update them. The total number of
reference parameters is N, x 3 + N, x (Ny + 2). For our experiments, we
used only one class of Gaussians, resultingin N, x 3 + 2 parameters. The
consensus model serves as the starting point for the decoder that
predicts how every Gaussian in the model moves to explain the cor-
responding experimental image.

Inthe recommended way of running DynaMight, the initial refer-
ence map, thatis, the reconstruction from the consensus refinement,
isthresholded and randomly filled with N, Gaussians that are within the
region of the map exceeding this threshold. The threshold should be
chosen such that density in the flexible regions remains, but no noise
is visible in the solvent region. The parameters a and s are initialized
to reasonable numbers such that the norm of the Gaussian model
equals the norm of the consensus reconstruction and the classification
weights are initialized randomly. Once the reference parameters are
initialized, we optimize the reference model using gradient descent
(that is, without any networks), minimizing the mean squared error
to the experimental images.

Alternatively, Gaussians may be initialized from the positions of an
atomic model thatisrigid-body fitted into the consensus map. For our
experiments with atomic models for the spliceosome dataset, we used
the deposited atomic model (PDB 5nrl). Instead of using one Gaussian
peratom, we coarse-grained the atomic models. For every amino acid
we used one main chain Gaussian that was located at the Bary center
ofthe N, C and O atoms. Subsequent main chain Gaussians were con-
nected by anedgeinthe graph used forregularization. The number of
Gaussians used torepresent the side chains varied for different amino
acids. We placed one additional Gaussian at the Bary center of the a, 8
and y position side-chain atoms of all amino acids, except for ‘PRO’,
wherewetook the Bary center ofatomsatthea, 5, yand § positions, and
for‘SER’,‘CYS’,’ALA’, ‘GLY’,'VAL and ‘THR’, where we placed a Gaussian at
the B position. For larger amino acids, we placed additional side-chain
Gaussians at the Bary center of the remaining side-chainatoms, except
for ‘TYR  and ‘TRP’, where we used two additional Gaussians. Subse-
quent Gaussians from the side chains were connected to each other and
thento the corresponding main chain Gaussian with edges for the regu-
larization functional. The amplitudes of the Gaussians were chosen to
be proportional to the combined atomic number of all (nonhydrogen)
atoms grouped together for the corresponding Gaussian. For nucleic

acids we used four Gaussians: one at the phosphate position and one
atthe Bary center of the sugar form the main chain of the nucleic acid
chain and two Gaussians at the bases. Again, the amplitudes were set
to be proportional to the combined atomic number within each group.

The VAE

A VAE estimates displacements of the Gaussians from the reference
model. An encoder learns an embedding to a low dimensional latent
space that describes the conformational landscape of the dataset. The
decoder estimates a deformation, givenapointinthatlatentspace and
apositioninthe 3D reference.

Theinputtothe encoder is aflattened (real-space) experimental
image y; and the output are two vectors (y;,0;) € RM x RV, which des-
cribethe meanand standard deviation used to generate asample, which
serves as an input for the decoder. The encoder is a fully connected
neural network withthreelinear layers and rectified linear unit activa-
tion functions. To optimize the weights of the encoder we used the
ADAM optimizer with alearning rate of 0.001. We tried to use alterna-
tive encoder architectures using residual connections, more linear
layers and convolutional neural networks, but without observing rel-
evantimprovementsin performance. Even whensubstituting the input
images with a different unique signal (we used a random vector per
image), the deformations are not worse. We conclude that the encoder
does not effectively use the information that is present in the images,
suggesting that one could optimize the latent representation itself via
anautodecoder®.

The decoder is at the heart of our approach. Given a conforma-
tional representation it estimates a deformation for the corresponding
particle image. It takes the latent representation z;and a spatial posi-
tion, and outputs the displacement of that which is predicted at this
spatial position. During training, the positions where the decoder is
evaluated are the Gaussian positionsin the reference model. Compared
toref.10 we use a coordinate-based network that takes the input posi-
tion as an input. To augment the 3D coordinates, we use positional
encoding with ten encoding dimensions, which has shown to resolve
higher resolution information in coordinate-based networks®. We use
the sine and cosine function for lifting the 3D position to a higher
dimensional space as described in ref. 32. We observed that without
the positional encoding of the input coordinate the deformations are
too smooth and thatlocalized motion is not captured well. The use of
acoordinate-based network results in a network that approximates a
deformation field that can be evaluated at any positionin R3.

Thedecoderitselfis a fully connected network § with exponential
linear unit (ELU) activation functions and an additive residual connec-
tion (Extended Data Fig. 1). We use eight linear layers to obtain for a
given spatial position x € R3the deformed position:

D(z;,X) = X + 6(z;, X). 9)

Inthe training phase, we evaluate the decoder for all the positions
¢, in the reference model. We then model the forward operator of
cryo-EM by projecting the center points of the deformed Gaussian
reference model using the orientation of the particle, resulting in 2D
coordinates §. These coordinates are then placed into an (oversampled)
2D grid using bilinear interpolation. Then we compute the 2D Fourier
transform, approximating the Fourier transform of the sum of deltas.
Subsequently, we multiply the resulting Fourier-space image with the
Gaussian basis function G, and the CTF ¢; resulting in the projection
image g; of the deformed Gaussian model

10

NE
g~ f(z a6£,~> -G - G.
=i

If more than one type of Gaussian exists, the same operation is
repeated for all types and weighted by the class assignment vector d.
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The resulting reference projection image g; is then compared to the
experimental image, using a mean squared error as the loss function
(also below).

Training

After initialization of the Gaussians in the consensus reconstruction,
during the first epochs (that is, sweeps over the two half sets for both
models) of training we only optimize the Gaussian parameters, thatis
their widths, amplitudes and positions. After this initial phase, we also
start optimizing the network parameters of the twoindependent VAEs,
whichareinitially assigned random values. Both phases of training use
the ADAM optimizer at alearning rate 0.0001.

To get physically meaningful deformations, the reference model
itself should lie within the distribution of all the conformations esti-
mated by the decoder, rather than being anonexisting average of con-
formations (as the reconstruction from the consensus refinement is).
Toachievethis, we apply two heuristic strategies that graduallyimprove
the reference model. First, after every 30 epochs, we fix the encoder
and decoder for five epochs and only adjust the Gaussian parameters.
Second, atevery tenthepoch where the decoderis not fixed, wereplace
the positions of the Gaussians of the reference model by the predicted
Gaussian positions with the smallest displacement from the current
reference model. The latter ensures that the reference model is in the
distribution of deformed models. Without this replacement strategy,
we observed that the reference model can move out of distribution,
sometimes evento a point where the structure is completely distorted.
Aslongasthe deformations satisfy the regularization constraints, this
should not change the value of the loss function, but we observed that
this canlead to unphysical displacements of the Gaussians and subop-
timal reconstructions. To also ensure that the reference models of the
twoindependent half sets are in the same conformation, we generate a
binary mask around the Gaussians positions of one half set and substi-
tute the Gaussian positions of the other half set with the average over
100 predictions where the number of Gaussiansinside this maskis the
highest. The binary mask covers all voxels that have a Gaussian within a
distance of 6 A from the voxel center. Fourier shell correlations of the
Gaussian model to the consensus and the final Gaussian model to the
final reconstruction are displayed in Supplementary Fig. 1.

Training is stopped when the updates of the consensus model
donotyield improvementsin the dataloss mean squared error (MSE;
below) anymore. More specifically, we stop training if the MSE loss
increased for the kth time. In our experiments we used the default
value of k=40.

Loss functions and regularization. Denoting by g; the reference pro-
jectionimage generated by the current VAE, the main loss function is
the dataloss, which for a batch 3 := (g;,y,),c is computed in Fourier
spaceas

F(B) 1= é > & -yills, (1
ieB

where theresolution-dependent noise weights X are estimated by the
radially averaged power of the error on a subset of particle images.

Auxiliary losses are used to regularize the deformations of the
Gaussian model. In the recommended way of running DynaMight, a
graphis constructed by connecting Gaussians that are withina certain
distance with edges. The set of edges is defined by

1 II'ci = ¢ 1< 1.5 Cmeans
E;= (12)
y
0 else.

Here ¢, is the mean distance in the graph Fy, which is created by
connecting every point to its two nearest neighbors. These graphs

are recalculated from the reference model after every epoch. For the

deformationofthe kthimage ', the following regularization functional
then preserves distances after displacement, enforcing localisometry:
(13)

RaT) = 2, ei—¢ll = Il Tule) = Tu(cp) I,

(i) Eg=1}

Additionally, we use arepulsion loss penalizing Gaussians that are
too close to each other
RA(L) =

Y Xineo-rien<el Tu(e) = Ti(@) | =07, (14)

{(.): =1}

where x, r - r)< = Lif the distance between neighboring Gaussians
isless than 7. We set 7t0 Cy,,n fOr all our results.
The total loss function is then given by

1

L(B):.T(B)+A|B|

D [Ra(I) + RA(L] =1 F(B) + AR(B).
ieB

The parameter A is a dynamic regularization parameter that is
recalculated after every epoch. We do that by calculating the norm of
thegradients of both loss terms £and % and define Asuchthat the ratio
of these norms equal a user-defined number. When set to 1the norm
ofthe gradient of both termsis equal. For all our results we set this value
t0 0.9, which resultsin slightly more influence of the data term £.

For the results, where we used the coarse-grained atomic model
as areference, we used the same data loss function # (equation (12)),
butin contrast to the above described heuristic method to construct
theedgesbetween the Gaussian, the graph Eis obtained fromthe coarse
graining of the atomic model. The regularization that preserves dis-
tances is applied in the same way (equation (13)) with the fixed graph
fromthe coarse graining. The second regularization functional (equa-
tion (14)) is not used in this case, since the distances in the reference
model are fixed.

Improved reconstruction

To calculate animproved reconstruction from the estimated deforma-
tions, we use anetwork D-!with the same architecture as the decoder
toestimate adeformation field that maps back a deformed position to
its original location. Again this network is coordinate-based and can
beevaluated onanarbitrary position x € R3. Given the latent represen-
tation of each particle we train the neural network »-'tomap back the
positions predicted by the trained VAE to the positions of the reference
model. Since the model should estimate the inverse deformation of
the decoder 2, it should satisfy

D1 (yi, D (zi, c;’)) = cj‘.).

For each image g; the neural network takes as input the latent
representation y; from the previously trained encoder € and a posi-
tional encoding of the deformed Gaussian positions D(z;,¢c?). The
concatenated positional encoding and latent representation are then
mapped by an multilayer perceptron with six layers and a single addi-
tive residual connection to the original coordinates of the consensus
model c°. The loss function is the L2 distance between the positions

: % % ”D_l (ﬂi’D (Z"’CJQ)) - C;)”Z

NaNg ;21 j=1

We optimized the weights of the inverse deformation network
for 200 epochs with the ADAM optimizer for all our results. Once the
network has been trained, the backprojection algorithm evaluates it
for thelatent representation of every particle ona3D grid and applies
the deformation to the CTF-multiplied, backprojected image. For
computational speed, we evaluated the inverse deformation on atwo
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times coarser grid, and then up-sampled the deformation fields to the
original box size again using bilinear interpolation. The resulting vol-
umes are then summed up and divided by the backprojected squared
CTFsasillustrated in Fig. 1.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Theauthors declare that there are no restrictions on data availability.
The datasets of the CCAN-CENP-A complex and of the yeast inner
kinetochore complex bound to a CENP-A have been deposited at
EMPIARY and are available under accession codes EMPIAR-11890 and
EMPIAR-10073, respectively. The local-resolution filtered reconstruc-
tions and the DynaMight half-maps for all datasets are available on
Electron Microscopy Data Bank under the accession codes EMD-19791
for the precatalytic spliceosome, EMD-19789 for the tri-snRNP com-
plex, EMD-19799 for the CCAN-CENP-A complex and EMD-19794 for
theyeastinner kinetochore complex bound to CENP-A.

Code availability

DynaMight is distributed for free under a Berkeley Software
Distribution(BSD) license and can be downloaded from https://github.
com/3dem/DynaMight. Itis installed automatically with RELION-5.
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Extended Data Fig.1| Diagram of the decoder architecture. The queried
position s lifted to a higher dimensional space via a fixed positional encoding
function, where the lifting dimension is defined by Np. The Nl dimensional
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latent code is concatenated with the encoded position, and input to a multilayer
perceptron (MLP), which outputs a 3-dimensional displacement vector. To obtain
the final position the displacement vector is added to the original position x.
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Extended Data Fig. 2| nalysis of motions for the pre-catalytic spliceosome.
a,d) Latent spaces of both half sets (half1and half2) for the pre-catalytic
spliceosome dataset EMPIAR-(10180) are coloured by the mean movement
direction. Four different deformations are visualized as coloured

(red, pink, yellow and blue) arrows from one pointin latent space to another.
b,e) The corresponding maps are shown in the same colours, with black arrows

indicating the main deformations. c,f) For the blue and the pink deformations,
3D deformation fields are also shown as black arrows for the displacements of
individual Gaussians. The latent spaces of the two half sets are organizedina
similar way, with similar deformations along the shown directions. The observed
motions are comparable to the ones obtained by e2gmm.
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Extended Data Fig. 3| DynaMight reconstruction for the spliceosomal tri- cryoSPARC. The map is displayed in two orthogonal orientations and with alocal
snRNP complex. The DynaMight reconstruction from 86,624 selected particles resolution colour scheme that matches the figure used to illustrate the 3DFlex
of dataset EMPIAR-10073 is coloured by local resolution, as estimated using method (ref.12).
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Extended Data Fig. 4 | DynaMight reconstruction for the CCAN:CENP-A maps (R1-R3) and the DynaMight and consensus reconstruction.
complex. a) Local resolution filtered map of the DynaMight reconstruction. b) c-e) Comparison of DynaMight (top) and consensus map (bottom) in the regions
Fourier shell correlation (FSC) between atomic models fitted into 3 regions of the indicated withblack arrows in panel a.
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Extended Data Fig. 5| Comparison between DynaMight and 3DFlex for the c) Fourier shell corre- lation (FSC) between rigid-body fitted atomic models and
kinetochore complex. a,b) Reconstructions from DynaMight (a) and 3DFlex (b),  thereconstructed maps for DynaMight (solid lines) and 3DFlex (dashed lines)
coloured according to local resolution (as estimated in RELION) with the same for four domains of the kinetochore complex (body 1-4, in orange, red, green and
colour scheme, ranging from cyan (4°A) tored (8°A). A10-dimensional latent blue, respectively).

space was used for both methods; all other parameters were kept at default.
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resolution filtered reconstructions and the DynaMight half-maps for all datasets are available on EMDB under the accession codes EMD-19791 for the pre-catalytic
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