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Abstract

Cryo-electron microscopy (Cryo-EM) is a popular imaging
modality used to visualize a wide range of bio-molecules in their
3D form. The goal in Cryo-EM is to reconstruct the 3D density
map of a molecule from projection images taken from random and
unknown orientations. A critical step in the Cryo-EM pipeline is
3D refinement. In this procedure, an initial 3D map and a set
of estimated projection orientations is refined to obtain higher
resolution maps. State-of-the-art refinement techniques rely on
projection matching steps in order to refine the initial projection
orientations. Unfortunately projection matching is computation-
ally inefficient and it requires a finite discretization of the space
of orientations. To avoid repeated projection matching steps, in
this work we consider the orientation variables in their contin-
uous form. This enables us to formulate the refinement problem
as a joint optimization problem that refines the underlying den-
sity map and orientations. We use alternating direction method of
multipliers (ADMM) and gradient descent steps in order to update
the density map and the orientations, respectively. Our results and
their comparison with several baselines demonstrate the feasibil-
ity and performance of the proposed refinement framework.

Introduction

Revealing the 3D structure of biological molecules is moti-
vated by better diagnosis of disease, more efficient medicine de-
sign and the gain of a deeper understanding of how biological
processes take place. Cryo-EM is an imaging modality that has
gained popularity over the recent decades for its ability to visual-
ize the 3D structure of various molecules [1].

In Cryo-EM, samples of the same molecule are frozen at
cryogenic temperature and then imaged by a transmission elec-
tron microscope (TEM). Each sample of the molecule is frozen
in a random unknown 3D orientation with respect to the parallel
electron beams. Thus, the X-ray transform of the molecule from
random unknown 3D orientations is captured on the detector in
the form of particle images. Single particle analysis (SPA) then
targets recovering the 3D density map of the molecule from hun-
dreds to thousands of projection images.

The reconstruction of the density map involves 3D ab-initio
modeling and 3D refinement [2]. Ab-initio modeling targets the
template-free reconstruction of a 3D map from the particle im-
ages [3]. The output of the ab-initio model only captures coarse
characteristics of the underlying density map. Then the refine-
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ment step refines the initial map alongside with initial estimates
of the unknown 3D orientations (poses) of the particle images in
order to achieve a higher resolution density map.

Various methods target the joint reconstruction of the den-
sity map and the 3D pose variables. In iterative projection match-
ing, joint reconstruction is performed through alternating steps of
template matching for updating 3D orientations and density map
reconstruction [6]. The problem can also be viewed in a Baysian
framework and formulated as a maximum a posteriori (MAP) es-
timation problem [5, 7], which is then solved through expectation
maximization (EM) or stochastic gradient descent. Although it-
erative projection matching and Baysian frameworks formulate
the problem differently, the way the 3D projection orientations
are updated in both frameworks requires some form of template
matching. This implies that 1) a discretization of the projection
orientations is required to obtain a finite number of templates to
compare each particle image against, 2) repeated template match-
ing steps are required at each iteration of the joint reconstruction
process to update the projection orientations.

To avoid these drawbacks, we consider the 3D pose variables
in their continuous form. We then formulate the refinement pro-
cess as a joint optimization problem between the density map and
the 3D poses. This problem is then solved by alternating mini-
mization. We update the density map and projection orientations
via alternating direction method of multipliers (ADMM) and gra-
dient descent (GD) steps, respectively. Our results demonstrate
the feasibility of this method in refining the initial map and the
initial orientations.

System model
We formulate the Cryo-EM forward model as,

gg[m}:(h*,@g{(V))[Am]—i—eé[m], 66{17“-7[‘}7 (D

where V : Z(R3) — R denotes the density map and g is the
{-th discretized projection image in the set of L projection im-
ages. The operator Pg : L (R3) — £(R?) describes the X-
ray transform operator that acts along the direction 8. Note that
0) = (6,1,602,6;3) is the Euler representation of the orienta-
tion vector corresponding to the ¢-th projection image where 6 1,
0, > and 6 3 denote the rotation, tilt and in-plane rotation respéc-
tively. The point spread function (PSF) h € .Z(R?) models the
effects of the microscope as contrast transfer function (CTF). Fi-
nally, uniformly-spaced samples of projected density map are de-
tected such that A = diag[Ay,A,] and m € Q C Z2. In addition,
each pixel of the /-th projection image is contaminated by i.i.d.
Gaussian noise &/[m] ~ .4(0,6%) with zero mean and ¢ vari-
ance.
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In (1), the X-ray transform operator acts in the continuous
domain. Thus, following [8], we discretize the forward operator
and further represent it by a finite-dimensional matrix by expand-
ing the density map onto the shift invariant space,

V()= ) clklo(x—k), @)

keZ?

where c is the discrete representation of V within the basis
{o(- — k) }icz:. Here, similar to [8, 9], we choose the Kaiser-
Bessel window functions (KBWF) for ¢. Several properties of
KBWEF such as 1) compact support, 2) isotropy and 3) availabil-
ity of closed-form expressions for their X-ray transforms [10]
make them a particularly suitable choice. After, substituting (2) in
(1), and using the pseudo-shift invariant property of X-ray trans-
form [11], we have

gem] = Y c[k] (hx P, () [Am —Mg K] +&[m], (3)
keZ?

where, for a given 0,
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The two rows of My mark the orthonormal basis vectors in the
projection plane where ¢; = cos 6; and s; = sin6;. Because the
molecule is compactly supported, only a finite number of coeffi-
cients c[K] are non-zeros and we can write (3) as

g =Hpc+eg, 5)
where Hy is a matrix whose entries are given by
Hmk = (h* P, (9)) [Am—M, . K]. ©)

Finally, by stacking all the projection images and their corre-
sponding matrix-vector product form we get

g=H(9)c, @)
where g = [ng g{]T, H(®) = [HlT HZ]T and © = {0[}%:1.
Problem formulation

Based on (7), the joint refinement of the density map and 3D
pose variables is written as

(c, @) € {arg min J(Qc)}, (8)
<,
where
1
J(©,¢) = Jllg—H(®)c| + 4| Ve[- ©

The first term in (9) corresponds to the data fidelity term, V is
the gradient operator, ||V - |21 corresponds to the total variation
(TV) regularizer [12], and A > 0 is the regularization weight. We
propose to solve this challenging optimization problem using al-
ternating minimization. Given the current estimation of the latent
variables @, we take benefit from the convexity of J(-,®) and
update the density map using ADMM, as proposed in [8]. In con-
trast, when fixing the density map ¢, J(c,-) is non-convex but dif-
ferentiable. Hence, the latent variables are updated with a gradient
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Algorithm 1 Joint Optimization Framework

1: procedure JOINT OPTIMIZATION(CO,GO)

2: k=0
3: while k < Kpax do
Update the density map
4 ¢+ ADMM (J(-,G)k),ck>

Update the latent variables
5 0! —ap <J(ck+l,~),®k>
6 k< k+1
7: end while
8 return cKmx @Kmax
9: end procedure

descent. The outline of the proposed approach is summarized in
Algorithm 1.

In Algorithm 1, Kpax denotes the number of refine-
ment iterations, ADMM(J(-,®%),c¥) refers to the minimization
of J(-,®) using ADMM initialized with c¥, and similarly for
GD(J(c*t1,.),®%). Finally, Algorithm 1 is implemented within
the framework of the GlobalBiolm Library [4].

Experiments

We use as ground truth, the human patched 1 (PTCH1) pro-
tein [13] from protein data bank (PDB) and generate L = 500 syn-
thetic projection images according to (1). To initialize ¢, we start
from a coarse low-pass filtered version of the density map and ex-
tract its discretized representation as ¢®. To initialize the 3D pose
variables, we add a Gaussian noise with zero mean and a standard
deviation of oy = 0.5 Radians to each Euler angle in @™ that
has been used in the simulation. In other words, 89 = ' + ¢,
where &) ~ .4(03,0913) and el = {92 %:1. Note that 03 rep-
resents a vector of zeros of length 3 and I3 is the identity matrix
of size 3 x 3. In our experiments, we also used several functions
provided by the Aspire package [16].

To assess the performance of our framework, we use the
Fourier shell correlation (FSC) measure between the true (V'7U¢)
and the reconstructed volume (\7) [14]. FSC captures the correla-
tion between different Fourier frequency shells of the two density
maps. Higher FSC in higher frequency shells indicates resem-
blance in small details between the two maps.

We also evaluate the quality of the 3D pose refinement by
finding the correlation between the true and the refined pose
vectors. We define the pose vector corresponding to the ¢-th
projection image based on the rotation and tilt angles as p, =
[sin By cos O, 1,sin By 5 8in 6 1 ,cos Oy | ]7. Based on this defini-
tion, the quantity (pif"®, ;) measures the correlation between the
true and the refined pose vector for the ¢/-th projection image. A
value of one (highest correlation) means that the two pose vec-
tors are perfectly aligned. Similarly, to quantify the refinement of
the in-plane rotations, we define r; = [cos 63, sin 94;,’3}T and we
analyse the quantity (rif*®,T,).

Visual comparison Figure 1 shows the results of our ap-
proach with those of several baselines. The failed reconstruction
in (c) shows that the initial 3D pose variables 0" are far from their
true values. On the other hand comparing our results (d) to (e) re-
veals that our approach is able to refine the initial map in (b) and
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(a) Ground truth (b) Initial map

Projection images

(c) Approx. angles

(d) Joint opt. (e) True angles

,,

(f) Relion

Figure 1. Visual comparison between the refined density map and several baselines. The first column illustrates samples of the synthesized projection image
with an average SNR = 3.5781dB. The first row (a)-(f) presents the density maps visualized in Chimera [15] and the second row shows the central slice of the

map. The illustrated volumes are (a) the ground truth, (b) the initial map corresponding to c°, (c) the reconstructed density map obtained by solving (8) with
respect to ¢ assuming ® = @°, (d) our joint framework, (e) the reconstructed density map obtained by solving (8) with respect to ¢ assuming perfect knowledge

of the 3D pose variables, i.e. ® = @™, (f) Relion reconstruction [5].
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Figure 2. Comparison between the FSC of the true density map and the
baseline maps presented in Fig. 1.

the initial 3D pose variable well. Finally, comparing (d) with (f),
which is the result of the state of the art method for Cryo-EM 3D
refinement, once again verifies the feasibility of our refinement
approach.

FSC comparison. Figure 2 compares the FSC of the recon-
structed map with the baseline maps presented in Figure 1. The
results show that without refinement, the correlation between the
true and the reconstructed map is very small (magenta curve). On
the other hand, the FSC curve corresponding to our method (green
curve) is reasonably close to the FSC of the baseline with perfect
knowledge of the 3D pose variables (black curve) and Relion re-
sults (blue curve). The results obtained with Relion are inferior
compared to the ones obtained by our method, which is worth
noting.

Poses comparison We compare the cumulative distribu-
tion function (CDF) of {(p{®,p, )}, and {({ri*®,F/)}}_| (blue
curves) with {(p*®,p))}._| and {(rl™ r?)}} | (red curves) in
Figure 3. Note that {p{,r?}}_, are derived based on the initial 3D
poses ®°. The results show that compared to { <p;“‘e,p(l?>}%:],
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Figure 3. CDF of the correlation between (a) the true and refined orientation
vectors (blue curves), the true and the initial orientation vectors (red curves),
(b) the true and refined rotation vectors (blue curves), the true and the initial
rotation vectors (red curves).

{ <p‘ér”e,ﬁg> %: | is more concentrated around one (except for a
few outliers). This implies the successful refinement of the 3D
pose variables for most projection images. The same also holds
for {(r¢,¥y)}>._ | and its comparison with {(ry, r%}%:l. Note that
the existence of outliers is explained by the non-convexity of the
problem and getting stuck at local minima while optimizing for
the 3D pose variables of some projection images.

In addition, Figure 4 depicts the CDF of the differences be-
tween 1) the true and initial angles (red curve), 2) the true and the
refined angles (blue curve). The results show that while the initial
error on the angles is mainly in the range of [—40,40] degrees, our
refinement framework manages to refine the angles such that the
final errors are mainly concentrated around zero.

Conclusion

In this paper, we proposed a framework for joint refinement
of the density map and 3D pose variables in Cryo-EM. We used
alternating steps in order to update the density map and the 3D
pose variables. ADMM steps are used for the update of the den-
sity map. Unlike state of the art refinement methods that use pro-
jection matching in order to update 3D poses, we consider these
variables in their continuous form. We then used gradient de-
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Figure 4. CDF of the differences between the true and refined angles (blue
curves), the true and the initial angles (red curves).

scent steps to update these variables. Our experimental results
and the comparison with several baselines demonstrated the fea-
sibility and accuracy of our framework.
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