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Abstract

Cryogenic electron tomography (cryo-ET) is a technique for imaging biological samples such
as viruses, cells, and proteins in 3D. A microscope collects a series of 2D projections of the
sample, and the goal is to reconstruct the 3D density of the sample called the tomogram. This is
difficult as the 2D projections have a missing wedge of information and are noisy. Tomograms
reconstructed with conventional methods, such as filtered back-projection, suffer from the noise,
and from artifacts and anisotropic resolution due to the missing wedge of information. To improve
the visual quality and resolution of such tomograms, we propose a deep-learning approach for
simultaneous denoising and missing wedge reconstruction called DeepDeWedge. DeepDeWedge is
based on fitting a neural network to the 2D projections with a self-supervised loss inspired by
noise2noise-like methods. The algorithm requires no training or ground truth data. Experiments
on synthetic and real cryo-ET data show that DeepDeWedge achieves competitive performance
for deep learning-based denoising and missing wedge reconstruction of cryo-ET tomograms.

1 Introduction

Cryogenic electron tomography (cryo-ET) is a powerful cryo-electron microscopy (cryo-EM) technique
for obtaining 3D models of biological samples such as cells and viruses. An important application of
cryo-ET is visualizing biological macromolecules like proteins in situ, i.e., in their (close-to) native
environment. This preserves biological context, which can greatly improve the understanding of the
tasks and workings of the macromolecules [WB16|.

In cryo-ET, the sample to be imaged is first prepared on a grid and then frozen. Next, a
transmission electron microscope records a tilt series, which is a collection of 2D projections of the
sample’s 3D scattering potential or density. Each projection in the tilt series is recorded after tilting
the sample for a fixed number of degrees around the microscope’s tilt axis.

From this tilt series, one can estimate a tomogram, i.e., a (discretized) estimate of the sample’s 3D
density, using computational techniques. For this inverse problem, numerous approaches have been
proposed. The most commonly used tomographic reconstruction technique is filtered back-projection
(FBP) |[Rad88; WB16} ' TB20|.

Two major obstacles limit the resolution and interpretability of tomograms reconstructed with
FBP and similar methods:



1. A missing wedge of information: The range of angles at which useful images can be
collected is often limited to, for example, £60° rather than the desired full range of £90°. This
is due to the increased thickness of the sample in the direction of the electron beam for tilt
angles of large magnitude [Liu+22|. The missing data in the tilt series is wedge-shaped in the
Fourier domain.

2. Noisy data: As biological samples studied with cryo-ET are usually sensitive to radiation
damage, the total electron dose during tilt series acquisition must be low. Thus, the individual
projections of the tilt series have low contrast and a low signal-to-noise ratio (SNR).

In this paper, we propose DeepDeWedge, a deep learning-based imaging approach that simul-
taneously performs denoising and missing wedge reconstruction. The algorithm takes a single tilt
series as input and aims to estimate a noise-free 3D reconstruction of the samples’ density with
reconstructed missing wedge. The algorithm can also be applied to a small dataset of tilt-series,
typically two to ten, that were collected from samples of the same type, for example, instances of
the same cell or solutions containing purified particles, in which case it estimates the noise-free 3D
reconstructions, missing-wedge-corrected densities of all the samples.

DeepDeWedge fits a randomly initialized network with a self-supervised loss for simultaneous
denoising and missing wedge reconstruction. After fitting, the network is applied to the same data to
estimate the tomogram. DeepDeWedge only uses the tilt series of the density we wish to reconstruct
and no other training data.

Related methods are effective for denoising and missing wedge reconstruction individually but
not simultaneously.

Specifically, IsoNet [Liu+22|, a very related deep learning approach for denoising and missing
wedge reconstruction, does well at missing wedge reconstruction, but its denoising performance is low
compared to state-of-the-art denoising methods [Mal+23|. The current state-of-the-art approaches
for denoising in cryo-ET are inspired by noise2noise |Leh+18|, a framework for deep-learning-based
image denoising. Popular software packages that implement noise2noise-based denoising methods for
cryo-ET tomograms are CryoCARE |Buc+19|, Topaz |Bep+20] and Warp |TC19|. DeepDeWedge is
most related to such noise2noise-based denoising approaches and to IsoNet. We discuss the exact
relations in Section after the description of our algorithm.

DeepDeWedge performs on par with IsoNet on a pure missing wedge reconstruction problem
and achieves state-of-the-art denoising performance on a pure denoising problem; on our problem of
interest with a missing wedge and a denoising component, it outperforms both IsoNet as well as
noise2noise like denoising approaches like CryoCARE.

Our work is also conceptually related to un-trained neural networks, which reconstruct an image
or volume based on fitting a neural to data [UVL18; HH18|. Un-trained networks also only rely on
fitting a neural network to given measurements. However, they rely on the bias of convolutional
neural networks towards natural images |[HS20b; |HS20a], whereas in our setup, we train a network
on measurement data to be able to reconstruct from those measurements.

For cryo-EM-related problems other than tomographic reconstruction, deep learning approaches
for missing data reconstruction and denoising have also recently been proposed. Zhang et al. |Zha+23|
proposed a method to restore the state of individual particles inside tomograms, and Liu et al.
proposed a variant of IsoNet to resolve the preferred orientation problem in single-particle cryo-EM
|[LHZ23|.



Another line of works for cryo-ET reconstruction are domain-specific tomographic reconstruction
methods that incorporate prior knowledge of biological samples into the reconstruction process to
compensate for missing wedge artifacts, for example, ICON [Den+16|, and MBIR |Yan+19]. For an
overview of such reconstruction methods, we refer readers to the introductory sections of works by
Ding et al. [Din+19] and Bohning et al. [BBC22|. Liu et al. compared IsoNet to ICON and MBIR
and found that their method outperforms both [Liu+22].

The remainder of this paper is structured as follows: In the remainder of this section, we provide
background on cryo-ET. In Section we describe the DeepDeWedge algorithm, and Section
contains experimental results on synthetic and real cryo-ET data.

1.1 Tilt Series Acquisition Model and Problem Statement

A tilt series t = (t_K, . ,tK) is a collection of 2D projections, where each 2D projection t is
a measurement of an underlying ground truth volume v* obtained with the electron microscope.
The relation of the 2D projections and the ground truth volume is as follows: By the Fourier slice
theorem (see e.g. [Mal93|), the 2D Fourier transform Ftj, of each projection image tj of a tilt series is
a noisy observation of a 2D central slice through true volume’s 3D Fourier transform Fv* multiplied
with an additional filter, i.e.,

Fty = Ci - SRy Fv* + Fny. (1)

In Equation , the rotation operator Ry spatially rotates the 3D Fourier transform Fv* of the
volume v* by the tilt angle o around the microscope’s tilt axis. Then, the slice-operator S extracts
the central 2D slice of the volume’s Fourier transform that is perpendicular to the microscope’s
optical axis. The filter Cy, is the contrast transfer function (CTF) of the microscope and models
optical aberrations. The term Fny, is the Fourier transform of a random 2D image-domain noise term
ny. It is often assumed that the noise n; comes from a Poisson distribution (shot noise). Another
common assumption is that the Fourier-domain noise Fny is Gaussian, but not necessarily white
[BBS20; Fra21|. In this work, we make the weaker assumption that the 2D noise terms ny and n, of
any two distinct projections indexed with k and ¢ (k # ¢) have zero means and are independent.

Equation is commonly used as a Fourier-domain model of the image formation process in
cryo-EM |[Sigl16; BBS20|. As the Fourier slice theorem assumes continuous representations of volumes
and images, this model is exact only in the continuous case. In this work, we consider discrete
representations of volumes and images, as is common in cryo-EM practice. Thus, Equation holds
only approximately.

The range of tilt angles «y that yield useful projections t; is typically limited to, e.g., £60°
rather than the full range +90°. Therefore, Equation implies that there is a wedge-shaped region
of the sample’s Fourier representation Fv* which is not covered by any of the Fourier slices Fty.

We consider the problem of reconstructing a tomogram, i.e., a discretized estimate of a sample’s
density from a noisy, incomplete tilt series. This is a difficult inverse problem due to the missing
wedge and the high noise level.

2 Results

We now describe our algorithm for estimating missing-wedge corrected, denoised cryo-ET tomograms
and evaluate its effectiveness on real and simulated data.
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Figure 1: Illustration of DeepDeWedge. To facilitate illustration, we show the 2D tilt series images
as 1D Fourier slices and all 3D tomograms as 2D objects in the Fourier domain. Recall that tilt
series images, tomograms, and sub-tomograms are objects in the image domain. The figure shows
the splitting approach where the tilt series is split into even and odd projections.

2.1 Denoising and missing wedge reconstruction algorithm (DeepDeWedge)

DeepDeWedge takes a single tilt series t as input and produces a denoised, missing-wedge-filled
tomogram. The method can also be applied to a dataset containing multiple (typically up to 10) tilt
series from different samples of the same type, for example, a different cell but of the same cell type.
DeepDeWedge consists of the following three steps, illustrated in Figure

Step 1: Tilt series splitting and reconstruction. First, split the tilt series t into two
sub-tilt-series t” and t'. We propose two approaches to do this: The first is to split the tilt series
into even and odd projections based on their order of acquisition. The second splitting approach can
be applied if the tilt series is collected using dose fractionation and entails averaging only the even
and odd frames recorded at each tilt angle, resulting in two projections per angle.

Next, reconstruct both sub-tilt-series independently with FBP and apply CTF correction. This
yields a pair of two coarse reconstructions (FBP(t”), FBP(t')) of the sample’s 3D density. Finally,
use a 3D-sliding window procedure to extract overlapping cubic sub-tomograms from both FBP
reconstructions. The size of these sub-tomogram cubes is a hyper-parameter.

Step 1 produces, say, N paired sub-tomograms extracted from the pair (FBP(t”), FBP(t!)).



Step 2: Model fitting. Fit a randomly initialized network fg, we use a U-Net [RFB15|, with
weights @ by repeating the following steps until convergence:

¢ Generate model input and target sub-tomograms: For each sub-tomogram pair generated
in Step 1, sample a rotation R, parameterized by the Euler angles ¢ from the uniform
distribution on the group of 3D rotations. Construct the model inputs \72, and targets v}o by
applying the rotation R, to both sub-tomograms and adding an artificial missing wedge to
the rotated sub-tomogram from the FBP reconstruction of the even tilt series. The missing
wedge is added by taking the Fourier transform of the rotated sub-tomograms and multiplying
them with a binary 3D mask M that zeros out all Fourier components that lie inside the
missing wedge. We generate one input-target pair with Euler angles ¢ for each of the N
sub-tomogram pairs from Step 1. This yields a set of N triplets consisting of model input,
target sub-tomogram, and angle {(\7?0, vgp, <p)0, e (\789, v;, cp)N}.

e Update the model: Update the model weights @ by performing gradient steps with the
per-sample loss

£(fo (V) Vi) = | (MM, + 2MOM) F (fo(v5) b )] ©)

Here, M, is the rotated version of the wedge mask M and MC := I —M is the complement of
the mask. For the gradient updates, we use the Adam |[KB15| optimizer and perform a single
pass through the N model input and target sub-tomograms generated before.

Step 3: Reconstruction and refinement. Reconstruct the full, non-splitted tilt series t using
FBP. Then, like in Step 1, split it into sub-tomograms and refine the sub-tomograms by passing
them through the fitted network fg+ from Step 2. Finally, reassemble the refined sub-tomograms to
obtain the final denoised and missing-wedge-corrected tomogram.

2.1.1 Motivation for the three steps of the algorithm

Motivation for Step 1: We split the tilt series into two disjoint parts to obtain measurements with
independent noise. As the noise on the individual projections or frames is assumed to be independent,
the reconstructions FBP(t") and FBP(t!) are noisy observations of the same underlying sample with
independent noise terms. Those are used in Step 2 for the self-supervised noise2noise-inspired loss.

Tilt series splitting is also used in popular implementations of noise2noise-like denoising methods
for cryo-ET |Buc+19; Bep+20; [TC19|. The frame-based splitting procedure was proposed by
Buchholz et al. [Buc+19|, who found that it can improve the performance of noise2noise-like
denoising over the even/odd split.

Splitting the FBP reconstruction into smaller sub-tomograms is necessary since full tomograms
are typically too large to be used for the model fitting in Step 2. The size of these sub-tomograms is
a hyperparameter. Experiments on synthetic data suggest that larger sub-tomograms tend to yield
better results (see Appendix .

Motivation for Step 2: A brief justification for the loss function is as follows; a detailed
motivation is in Section 2.1.3

As the masks MM,,, and MCMLP are orthogonal, the per-sample loss ¢ in Equation (2)) can be ex-
pressed as the sum of two the two terms ||MM4PF (fg (\7&) — vsa) | |;, and ||2MCM4PF (fg (\7&) — vso) | |§

MM/ F ( fo (\7?0) — vi,) ’ ’;, is the squared L2 distance between the network

The first summand, i.e.,



output and the target sub-tomogram V}o on all Fourier components that were not masked out by the

two missing wedge masks M and M,,. As we assume the noise in the target to be independent of
the noise in the input \72,, minimizing this part incentivizes the network to learn to denoise these
Fourier components. This is inspired by the noise2noise principle.

The second summand, i.e., |f2MCM<pF ( fo (\7&) — V;)H;, can be interpreted as a noisier2noise-
like loss (see Section for background), and it incentivizes the network fg to restore the data that
we artificially removed with the mask M. For this part, it is important that we rotate both volumes,
which move their original missing wedges to a new, random location.

Motivation for Step 3: The model inputs during fitting, i.e., sub-tomograms of FBP recon-
structions of the sub-tilt-series t” have an additional missing wedge introduced by the mask M.
Thus, the model is fitted to reconstruct more data than what is masked out by the original missing
wedge. In Step 3, we nevertheless apply the model to the data with only the original missing wedge
missing. We found empirically that applying the model to sub-tomograms of the full, non-corrupted
FBP reconstruction yields very similar performance compared to applying it to multiple inputs
used for model fitting and averaging them. Applying the model to the full FBP reconstruction is
computationally much cheaper and, moreover, deterministic since it requires no random sampling
and averaging.

2.1.2 Related methods

As mentioned before, DeepDeWedge is closely related to Noise2Noise-based denoising methods and
the denoising and missing wedge-filling method IsoNet |Liu+22].

Relation to Noise2Noise-Like Denoising in Cryo-ET. Noise2noise-like methods for cryo-ET
as implemented in CryoCARE [Buc+19] or Warp |TC19| take one or more tilt series as input
and return denoised tomograms. A randomly initialized network fg is fitted for denoising on sub-
tomograms of FBP reconstructions FBP(t") and FBP(t!) of sub-tilt-series t” and t' obtained from a
full tilt series t. The model is fitted by minimizing a loss function (typically the mean-squared error),
between the output of the model fg applied to one noisy sub-tomogram and the corresponding other
noisy sub-tomogram. The fitted model is then used to denoise the two reconstructions FBP(t”) and
FBP(t!), which are then averaged to obtain the final denoised tomogram.

Contrary to the denoising methods above, DeepDeWedge fits a network that is incentivized to
not only denoise but also to fill the missing wedge.

Relation to IsoNet. IsoNet takes a small set of, say, one to ten tomograms, and produces denoised,
missing-wedge corrected versions of those tomograms. Similar as for our approach, a randomly
initialized network is fitted for denoising and missing wedge reconstruction on sub-tomograms of
these tomograms, however the fitting process is quite different. Inspired by noisier2noise, the model
is fitted on the task of mapping sub-tomograms that are further corrupted with an additional missing
wedge and additional noise onto their non-corrupted versions. After each iteration, the intermediate
model is used to predict the content of the original missing wedges of all sub-tomograms. The
predicted missing wedge content is inserted into all sub-tomograms, which serve as input to the next
iteration of the algorithm.

Contrary, our denoising approach is noise2noise-like, as in CryoCARE. This leads to better
performance, as we will see later, as well as requiring fewer assumptions and no hyperparameter tuning.
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Figure 2: Illustration of a ground-truth structure v*, and corresponding model targets v! and inputs
v for the setup of our theoretical motivation. We visualize a 2D structure with no additive noise
and random in-plane rotations for simplicity. The small inset boxes in each patch show the absolute
values of the Fourier transforms of the images and regions that are zeroed out by the missing wedge
masks.

Specifically, noisier2noise-like denoising requires knowledge of the noise model and strength (see
Appendix . As this knowledge is typically unavailable, Liu et al. propose approximate
noise models from which the user has to choose. After model fitting, the user must manually decide
which iteration and noise level gave the best reconstruction. Thus, IsoNet’s noisier2noise-inspired
denoising approach requires several hyperparameters for which good values exist but are unknown.
Therefore, IsoNet requires tuning to achieve good results. Our denoising approach introduces no
additional hyperparameters and does not require knowledge of the noise model and strength.

The commonality between our approach and IsoNet is the noisier2noise-like mechanism for missing
wedge reconstruction, which consists of artificially removing another wedge from the sub-tomograms
and fitting the model to reconstruct the wedge.

2.1.3 Theoretical Motivation

Here, we present a theoretical result that motivates the choice of our per-sample loss ¢ defined in
Equation . We consider an idealized setup that deviates from practice to motivate our loss.
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We assume access to data that consists of many noisy, missing-wedge-affected 3D observations of
a fixed ground truth 3D structure v* € RV*N*N_GQpecifically, data is generated as two measurements
(in the form of volumes) of the unknown ground-truth volume of interest, v*, as

v\ = F'MF(v* +1’), v =F 'MF(v* +n'), (3)

0 nt e RVXNXN are random noise terms and M € {0, 1}V*V>*¥ ig the missing wedge mask.

where n

From the first measurement, we generate a noisier observation v¥ = F!MFv' by applying a second
missing wedge mask M. The noisier observation has two missing wedges: the wedge introduced by
the first and the wedge introduced by the second mask. We assume that the two masks follow a
joint and symmetric distribution. An example of a choice of such distributions is that for each mask,
a random wedge is chosen uniformly at random.

Figure 2 illustrates a few datapoints in 2D. The top row shows four identical copies of a ground
truth structure v*. The second row shows missing wedge-corrupted versions of the ground truth.
For clarity, we set the additive noise terms n" and n! to zero, which implies v' = v!. The last row
shows noisier observations v of the samples in the second row, which are corrupted by two missing
wedges.

We then train a neural network fg to minimize the loss

N [

where the expectation is over the random masks and the noise term. Note that this resembles
training on infinitely many data points, with a very similar loss than the original loss ; the main
difference is that in the original loss, the volume is rotated randomly but the mask M is fixed, while
in the setup considered in this section, the volume is fixed but the masks M and M are random.

After training, we can use the network to estimate the ground-truth volume by applying the
network to another noisy observation v". The following proposition establishes that this is equivalent
to training the network on a supervised loss to reconstruct the loss v”, provided the two masks are
non-overlapping.

Proposition 1. Assume that the noise n' is zero-mean and independent of the noise n’, and of the

masks (M, M), and assume that the noise n” is also independent of the masks. Moreover, assume
that the joint probability distribution P of the missing wedge masks M and M is symmetric, i.e.,
P(M, 1\71) = P(M, M), and that the missing wedges do not overlap. Then the loss L is proportional
to the supervised loss

RO) = E |7 =v7[3). (5)

M,M,n?
i.e., L(0) = R(0) + ¢, where ¢ is a numerical constant independent of the network parameters 6.

The proof of Proposition [I]is in Appendix [B] where we consider the more general case where the
masks M and M may overlap, resulting in a slightly different supervised loss R.

In practice, we do not apply our approach to the problem of reconstructing a single fixed structure
v* from multiple pairs of noisy observations with random missing wedges. Instead, we consider
the problem of reconstructing several unique biological samples using a small dataset of tilt series.
To this end, we fit a model with an empirical estimate of a risk similar to the one considered in
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Figure 3: Slices through 3D reconstructions of a tomogram containing purified S. cerevisiae 80S
ribosomoes (EMPIAR-10045, Tomogram 5). To improve contrast, we normalized all tomograms and
clamped their maximum and minimum voxel values to + /- three times the standard deviation.

Proposition [I} We fit the model on sub-tomogram pairs extracted from the FBP reconstructions of
the even and odd sub-tilt-series, which exhibit independent noise. Moreover, as already mentioned
above, in the setup of our algorithm, the two missing wedge masks M and M themselves are not
random. However, as we randomly rotate the model input sub-tomograms during model fitting, the
missing wedges appear at a random location with respect to an arbitrary fixed orientation of the
sub-tomogram.

2.2 Experiments

We now demonstrate the performance of DeepDeWedge on real and synthetic data. We begin with
experiments on two real-world datasets and then perform experiments on synthetic data in order to
quantify performance differences between our method, IsoNet, and CryoCARE.

2.2.1 Experiments on Purified S. Cerevisiae 80S Ribosomes (EMPIAR-10045)

The first dataset we consider is EMPIAR-10045, the tutorial dataset for sub-tomogram averaging
in Relion [BS16]. We chose this dataset because it is commonly used to test new algorithms, for
example, to evaluate IsoNet .

Dataset: EMPIAR-10045 is publicly available through the Electron Microscopy Public Image
Archive (EMPIAR). It contains 7 tilt series collected from samples of purified S. Cerevisiae 80S
Ribosomes. All tilt series are aligned and consist of 41 projections collected at tilt angles from
—60° to +60° with 3° increment. The original pixel size of the projections is 2.17 A. After FBP
reconstruction, we binned all tomograms 6 times, resulting in a cubic voxel size of 13.02 A. We
applied IsoNet’s Wiener-filter-based CTF correction to all tomograms and finally extracted around
420 sub-tomograms extracted with shape 80 x 80 x 80 for model fitting.

Network Architecture: We compare to IsoNet and FBP. For both IsoNet and our method, we
used a U-Net with 64 channels and 3 downsampling layers. The network has 27.3 million
trainable parameters and is also the default model architecture of IsoNet. For IsoNet, we used the



original IsoNet implementation (https://github.com/IsoNet-cryoET/IsoNet). By default, IsoNet
uses regularization with dropout with probability 0.3. For our method, dropout is not necessary and
increases the fitting time, so we do not use dropout for our method.

Results: Figure [3[ shows tomograms refined with IsoNet and DeepDeWedge using the even/odd
tilt series splitting approach. Both IsoNet and our method drastically reduce the missing wedge
effects and eliminate the artificial elongations of the ribosomes in the z-direction, as can be seen
from the slices through the tomogram parallel to the x-z-plane (bottom panels). In this plane, the
performance between IsoNet and our method is quite similar. We find that our method yields a much
less noisy reconstruction compared to compared to IsoNet. Our reconstruction shows some details
that are barely visible in the IsoNet reconstruction (blue pointers) and achieves higher contrast.

2.2.2 Experiments on Flagella of Chlamydomonas Reinhardtii

We now evaluate our algorithm on a second real-world dataset, the tutorial dataset for CryoCARE
that is available online (see https://github.com/juglab/cryoCARE_T2T). Besides comparing our
method to IsoNet, we also investigate the impact of the choice of the CTF correction method on the
quality of the reconstructions.

Maldonado et al. [Mal+23| observed that the Wiener-filter-based CTF correction proposed by
Liu et al. |Liu+22| for use with IsoNet yields slightly blurry reconstructions in which some details
are washed out. Therefore, we compare the performance of IsoNet and our method when applied to
data treated with either Wiener-filter-based CTF correction or the commonly used phase flipping
method [Zan+09].

Dataset: The dataset consists of a single tilt series collected from the flagella of Chlamydomonas
reinhardtii. The projections were collected at angles from —65° to +65° with 2° increment. Each
projection was acquired using dose fractionation with 10 frames per tilt angle. Each frame has a
pixel size of 2.36 A. Again, a binning factor of 6 was used for reconstruction, resulting in a voxel size
of 14.16 A.

As IsoNet is optimized for a missing wedge of 60°, we artificially widened the missing wedge
from the original 50° to 60° by multiplying the reconstruction with a missing wedge filter in the
Fourier domain for a fair comparison. Finally, we extracted around 150 sub-tomograms with shape
96 x 96 x 96 for model fitting.

Results: The reconstructions obtained with IsoNet and our method, again using the even/odd
tilt series split, are shown in Figure 4, When CTF correction is done with the Wiener filter (top row),
our method yields better denoising performance than IsoNet while performing similarly for missing
wedge reconstruction. The second row shows the final volumes when CTF correction is done via
phase flipping with IMOD. Note that the Wiener filter results in a less noisy FBP reconstruction with
higher contrast. Liu et al. [Liu+22| already noted that IsoNet performs better when applied to higher
contrast volumes, which we find confirmed. For all methods, the Wiener-filter-based CTF-correction
results in smoother and blurrier reconstructions in which some high-frequency details are washed
out (see zoomed-in region), which agrees with the observations of Maldonado et al. [Mal+23].

As the tilt series was collected using dose fractionation, we also applied DeepDeWedge with the
frame-based splitting approach, which yielded a reconstruction with more high-frequency details but
slightly less contrast compared to the even/odd split. See Appendix for more details.
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Figure 4: Slices through 3D reconstructions of the flagella of Chlamydomonas reinhardtii obtained
with different methods and with different CTF correction.

2.2.3 Experiments on Synthetic Data

On the real-world data, we observed that DeepDeWedge performs similar to IsoNet for missing
wedge reconstruction but has improved denoising performance, which yields overall better image
quality. To quantify this, we compare our method to IsoNet and CryoCARE on synthetic data and
find that our method outperforms both; specifically, the missing wedge reconstruction performance
is on par with IsoNet, and the denoising performance is on par with CryoCARE, and the overall
reconstruction quality is superior to both.

Dataset: We used a dataset by Gubins et al. containing 10 noiseless synthetic ground
truth volumes with a spatial resolution of 10 A3 /voxel and a size of 179 x 512 x 512 voxels. All
volumes contain typical objects found in cryo-ET samples, such as proteins (up to 1,500 uniformly
rotated samples from a set of 13 structures), membranes, and gold fiducial markers. We selected the
first three tomograms and used the Python library tomosipo to compute clean projections
of size 512 x 512 in the angular range +60° with 2° increment, which results in a missing wedge of 60°.
From these clean tilt series, we generated datasets with different noise levels by adding pixel-wise
independent Gaussian noise to the projections. We simulated three datasets with tilt-series SNR
1/2,1/4, and 1/6, respectively. We used 150 sub-tomograms of size 96 x 96 x 96 to fit all models.
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Network Architecture and Optimizer: For all three methods (CryoCARE, IsoNet, and
DeepDeWedge), we used the same U-Net described above. For CryoCARE, we used our own
implementation since CryoCARE can be obtained from our algorithm by omitting the masking
and rotation steps. We found that dropout and early stopping is necessary for cryoCARE to
prevent overfitting. Again, for our DeepDeWedge, dropout is not necessary and slightly decreases
performance, but we still used it for the sake of comparability

Evaluation Metrics: To measure the overall quality of a tomogram v obtained with any
of the three methods, we calculated the normalized correlation coefficient CC(v,v*) between the
reconstruction v and the corresponding ground-truth v*, which is defined as

OO v*) = (¥ — mean(v), v¥ — mean(v*)) (©)

||V — mean(¥)]], [V — mean(V)]],’

By definition, it holds that 0 < CC(v,v*) < 1, and the higher the correlation between reconstruction
and ground truth, the better. The correlation coefficient measures the reconstruction quality (both
the denoising and the missing wedge reconstruction capabilities) of the methods. To isolate the
denoising performance of a method from its ability to reconstruct the missing wedge, we also report
the correlation coefficient between the refined reconstructions and the ground truth after applying a
60° missing wedge filter to both of them. We refer to this metric as CC outside the missing wedge
and it is used to compare to the denoising performance of CryoCARE, which does not perform
missing wedge reconstruction.

As a central application of cryo-ET is the analysis of biomolecules, we also report the resolution
of all proteins in the refined tomograms. For this, we extracted all proteins from the ground truth
and refined tomograms and calculated the average 0.143 Fourier shell correlation cutoff (0.143-FSC)
between the refined proteins and the ground truth ones. The 0.143-FSC is commonly used in
cryo-EM applications. Its unit is Angstroms, and it seeks to express up to which spatial frequency
the information in the reconstruction is reliable. In contrast to the correlation coefficient, a lower
0.143-FSC value is better. To measure how well each method filled in the missing wedges of the
structures, we also report the average 0.143-FSC calculated only on the true and predicted missing
wedge data. We refer to this value as (average) 0.143-FSC inside the missing wedge.

Results: Figure [5| shows the metrics for decreasing SNR, of the tilt series. The correlation coeffi-
cients suggest that DeepDeWedge yields higher-quality reconstructions than IsoNet and CryoCARE.

CryoCARE achieves a lower correlation coefficient than IsoNet in the high-SNR regime, while
the order is reversed for low SNR. A likely explanation is that for lower noise levels, the correlation
coefficient is more sensitive to the missing wedge artifacts in the reconstructions. CryoCARE does
not perform missing wedge reconstruction, so it has a lower correlation coefficient than IsoNet
for higher SNR. For lower SNR, the correlation coefficient is dominated by the noise. Regarding
denoising, it has been observed that CryoCARE has better performance than IsoNet [Mal+23|, which
is confirmed here by looking at the correlation coefficient outside the missing wedge. DeepDeWedge
performs denoising and missing-wedge filling and thus outperforms both methods. The perceived
quality of the reconstructions shown in Figure [0 agrees with the metric-based comparison.

The FSC metrics in the second row of Figure [5|indicate that the average resolution of the proteins
in the refined tomograms is approximately the same for IsoNet and DeepDeWedge and that they
perform similarly for missing wedge reconstruction.
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Figure 5: Comparison of our method (with even/odd split) to IsoNet and CryoCARE for increasing
noise levels on the tilt series images. The circular markers are the mean values of three runs with
different randomness, while the bars indicate the best and worst runs.
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Figure 6: Visual comparison between CryoCARE, IsoNet, and our method (with even/odd split)
on a tomogram from the synthetic dataset. The images are crops of slices through the tomograms
along the plane that is perpendicular to the optical axis. In such slices, the missing wedge artifacts
are most prominent.
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3 Discussion

In this paper, we have proposed DeepDeWedge, which is a new deep-learning-based method for
denoising and missing wedge reconstruction in cryo-ET. Our method achieves significantly improved
denoising performance compared to its closest competitor, IsoNet. Even when only considering the
part without the missing edge, our method is on par with that of state-of-the-art noise2noise-like
denoising methods such as cryoCARE, which do not perform missing wedge reconstruction.

In addition, by taking a noise2noise-inspired denoising approach, our method makes fewer
assumptions on the noise than IsoNet and, as a consequence, has fewer hyperparameters and thus is
simpler to use. We found the missing wedge-filling ability of our method to be on par with that of
IsoNet.

It is important to keep in mind that the missing wedge is irreversibly lost during tilt series
acquisition. Therefore, the data filled in for it by our method is not based on actual measurements
of the missing wedge data itself. Instead, the network used in our approach learns to fill in the
missing wedge by predicting data that we artificially removed. This process is exclusively based on
measurement data and uses no priors or assumptions on the sample. Still, it is an open question to
what degree the predicted missing wedge can be trusted, and we advise users of our method to be
cautious.

Based on these considerations, we see two main applications for our method: First, it is an easy
way to improve the direct interpretability of tomograms for humans, which facilitates deciding on
steps for further analysis. Second, tomograms reconstructed with our method can be used as input
for downstream tasks such as particle picking. It has already been observed that denoised and/or
missing-wedge-corrected tomograms can improve the performance of deep-learning-based particle
pickers |[Buc+19; Liu+22} Hon+23]. For subsequent steps, such as sub-tomogram averaging, one can
then use the original raw tomograms that are not modified by the neural network.

Data Availability

The EMPIAR-10045 dataset used for the experiments discussed in Section is publicly avail-
able through EMPIAR. We downloaded it from this website: https://www.ebi.ac.uk/empiar/
EMPIAR-10045/. The tutorial dataset of CryoCARE is publicly available via GitHub https:
//github.com/juglab/cryoCARE_T2T, through the following download link: https://download.
fht.org/jug/cryoCARE/Tomo110.zip. The synthetic dataset by Gubins et al. [Gub+20] is also
publicly available and can be downloaded from this website: https://dataverse.nl/dataset|
xhtml?persistentId=doi:10.34894/XRTJMA.

Code Availability

We provide an implementation of DeepDeWedge on GitHub: https://github.com/MLI-1lab/
DeepDeWedgel
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A Background on Self-Supervised Deep Learning Techniques

The DeepDeWedge loss is inspired by noise2noise and noisier2noise self-supervised learning. Here,
we give a brief overview of the main ideas behind these two frameworks.

A.1 Denoising with Noise2Noise

Noise2noise is a framework for constructing a loss function that enables training a neural network for
image denoising without ground-truth images. Neural networks for denoising are typically trained in
a supervised fashion to map a noisy image to a clean one and thus require pairs of clean images and
corresponding measurements.

NoiseZ2noise-based methods also aim to train a neural network to map a noisy image to a clean
one. Contrary to supervised learning, noise2noise assumes access to a dataset of pairs of noisy
observations y! = x* + n¥ and y! = x* + n! for each ground-truth image x¥. Moreover, it assumes
that the noise terms n? and n} are independent and that the noise ni1 is zero-mean. Then, one can
train a network fg for denoising to map the noisy observation y” onto its counterpart y'. Formally,
one can show that

y[}?yl [Hfo(yo) - y1||§] = y(}%(* [||fe(y0) — x*||§] +c, (7)

where ¢ is a constant that is independent of the network weights 8. Thus, a self-supervised
noise2noise training objective based on samples approximates, up to an additive constant, the same
underlying risk (left side of Equation (7)) as the supervised objective function. This approximation
becomes better as the number of training examples increases and theoretically and empirically,
networks trained with a noise2noise-like loss perform as well as if trained on sufficiently many
examples [KAH23|.

A.2 Denoising and Recovering Missing Data with Noiser2Noise

IsoNet’s denoising approach is motivated by the noisier2noise framework [Mor+20|. While training
a model for image denoising with a noise2noise objective requires paired noisy observations, a
noisier2noise objective is based on a single noisy observation per image.

Noisier2Noise for Denoising: We assume that we have access to a dataset of noisy images.
Contrary to noise2noise, we assume that we have only one single noisy observation y = x* + n per
ground-truth x*. The goal is to train a neural network for image denoising. For constructing a
training objective with noisier2noise, we assume that the noise terms n that corrupt all images come
from the same distribution and that we are able to sample from this distribution. We construct
model inputs y by further corrupting the noisy images y with an additional noise term n sampled
from the true noise distribution, i.e., ¥y =y + n. Moran et al. [Mor+20] showed that if we train a
neural network fg to map these noisier model inputs y onto their single noisy counterparts y using
the squared L2-loss, one can use the final trained network to construct a denoiser for the double
noisy images y.

Noisier2Noise for Missing Data Recovery: We use ideas from noisier2noise for missing
wedge reconstruction. To illustrate how noisier2noise can be used to predict missing data, consider
the following setup: Assume we have a dataset of masked measurements y = Mx*. Here, M denotes
a random mask, i.e., a diagonal matrix with entries in {0, 1}, and x* is an unknown ground-truth
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signal vector. Like above, the ground truths and masks are different for each measurement y and
the dataset contains only the measurements and no ground truths. In this setup, we want to train
a neural network fg to predict the data x* from the measurement y. To do this, we construct
double-masked measurements y = My, where M is another random mask, and train the network
to map the double-masked measurements y to their counterparts y. It can be shown that, under
certain assumptions on the random masks M and 1\71, the final trained model can be used in an
algorithm to recover the data missing in the singly masked measurements y. As for denoising, the
model estimates the missing data based on the doubly-masked measurement y. For details, we refer
readers to recent works by Millard and Chiew|MC23; MC22|, who discussed noisier2noise for the
recovery of missing data in accelerated magnetic resonance imaging.

B Proof of Proposition

We divide the proof of Proposition [I| into two steps. The first step, which we present as a lemma,
is a result inspired by noise2noise and deals with the additive noise n' on the model target. To
facilitate notation, we assume from now on that all 3D objects are represented as column vectors in
R” for n = N3, and that the masks M and M are random diagonal matrices with entries in {0,1}.

1

Lemma 1. Assume that the noise term n' is zero-mean and independent of the noise term n’ and

the masks M and M. Then
~ ~ 2 ~ ~ 2
E [ | (1M 4 2N M)F (o () — VI)HQ] — || VIV + 2N M) (Fo (7)) —v*) ||+ e
where ¢ > 0 is a constant that does not depend on the weights 6.

Proof of Lemmal[]. We calculate

2 2

VIV (£ (+°) = v1)|| = ||NIMEF (fo(+") = - MF(v* + ")) |

2

2 2

)

— [|MIMF (f5(+°) — (v* + nl))’ ]

2

— [|VIMF (f5(+°) — v*)H2

~ 2(MMF (f(+°) - v*), MMFn' )

- 2
n HMMFn1’ 2

)

where we used in the second step that M? = M, as M is a diagonal matrix with entries in {0,1}.
As we assumed the noise n' to be zero-mean and independent of the noise n’, and the masks M
and M, it holds that

E [<MMF(fg({/0) - v*),MMFn1>] — 0.

Therefore we get

s | [Fnar e - )| - [imvaest) )

2 ~ 2
s | o |
2l 2
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An analogous argument yields

B [HMcMF(fgwo) _v1>Hj] - [FMp (o)~ v + & [HMcMFnlujl.

Using the fact that the joint masks MM and 1\7ICM are orthogonal to each other and setting
~ ~ C 1 2

c= E |||V + oM myEnt | |

M,M,n! 2

yields the desired result. O

Proof of Proposition [1 For the sake of generality, we omit the assumption that the missing wedge
masks M and M are non-overlapping and show that

N e S A

(8)
where c¢ is the constant from Lemma |l Here, the mask I — MCMC zeros out all Fourier components
that are contained in both missing wedges. If the wedges are non-overlapping, this joint mask reduces
to the identity I, and we obtain the result stated in Proposition

By Lemma |1} in order to show Equation (8)), it suffices to show that

e | s e - )
M, M, n?

E] " [H(I - MOMO)F(fo(+") = v*)

Now we analyze the left-hand side of this equation. We fix the noise n" and calculate

2
MI,EM ’2]

- B |[MOME (fo(5) - v¥) ]2]+ E |
M,M L

“’21\7ICMF(f9({/U) .

HMCMF(fg(\?O) —v¥)

.

MM L 2
[ = C ~0 * 2 [ CN7 ~0 * 2
- B ||[MOMF(fo(+°) — v¥) ]2] + E_|||MONF (fo(+) - v¥) u
MM L MM L

_ g | (MM + MEN)F (fo(+°) — v*) m
MM L

For the second equation, we used that P(M, 1\7[) = P(l\:/I, M) and that the model input v" depends
on the masks M and M only through their product MM, for which the order of the masks does not
play a role, thus the role of the two masks is exchangeable. For the last equation, we used that the

masks MCM and MCM are orthogonal.
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Using this equation and the fact that MM, MCM and MM are orthogonal to each other, the
left-hand side of Equation [9] becomes

M,M,n°

E [H(MM+M0M+MCI\7I)F(f9(GU)—v*) F
M,M,n?

2 - 2
L]L> = [Ha—“fﬁfﬁFUM¢U—vﬂL],
where the equality (#) holds because

MM + MM + MM = MM + (I — M)M + (I — M)M
= MM + M — MM + M — MM

=M-MM +M
—I—(I-M)(I-M)
— 1 - M MC.

This concludes the proof of Equation [9 and Proposition

C Details on Experiments

Here, we provide additional technical details of our experiments discussed in Section For all
experiments, we used the Adam optimizer [KB15| with a constant learning rate of 4 - 1074, The
remaining details are as follows:

C.1 Details on Section 2.2.1

e FBP and sub-tomograms: We performed all FBP reconstructions with a ramp filter in
Python using the library tomosipo |[Hen+21|. After reconstruction, we downsampled all
tomograms by a factor of 6 using average pooling, which resulted in a final voxel size of 13.02
A. To these tomograms, we applied IsoNet’s CTF deconvolution routine with parameters as
described by Liu et al. [Liu+22| in their paper. For model fitting, we extracted sub-tomograms
of shape 80 x 80 x 80. As wide regions of the tomograms contain only ice and no ribosomes,
we used the make mask routine implemented in IsoNet to generate a mask of the non-empty
regions. After extracting the sub-tomograms, we selected only those that contain at least 40%
sample according to the mask, which resulted in around 420 sub-tomograms for model fitting.
For the refinement with the fitted model, we also used sub-tomograms of shape 80 x 80 x 80
voxels, but extracted them without masking and with an overlap of 40 voxels.

e Details on IsoNet: We fitted IsoNet for 45 iterations with 10 epochs per iteration and a
batch size of 10. We used the default noise schedule for fitting, which starts adding noise with
level 0.05 in iteration 11 and then increases the noise level by 0.05 every 5 iterations. We set
the noise_mode parameter, which determines the distribution of the additional noise used
for noisier2noise-like denoising, to noFilter, which corresponds to Gaussian noise. We also
tried setting the noise mode to ramp, as the tomograms were reconstructed with FBP with a
ramp filter, but this gave worse results. In their paper, Liu et al. |Liu+t22| fitted IsoNet for 30
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C.2

C.3

iterations using similarly many sub-tomograms and the same number of epochs. However, we
found that 45 iterations gave visually more appealing results compared to the images shown in
the IsoNet paper.

Details on our DeepDeWedge: To be consistent with IsoNet’s fitting time, we fitted the
model for 450 epochs. Although the loss on a holdout validation set was still decreasing after
that point, we found that the appearance of the reconstructions themselves did not change
much anymore.

Details on Section [2.2.2]

FBP and sub-tomograms: We followed the steps described in the CryoCARE GitHub repos-
itory (https://github.com/juglab/cryoCARE_T2T/tree/master/example) to reconstruct a
tomogram from the tilt series with IMOD [KMM96|. We downsampled the tomogram by
a factor of 6 using average pooling, which resulted in a voxel size of 14.13 A. As IsoNet is
optimized for a missing wedge of 60°, we artificially widened the missing wedge from the
original 50° to 60° by multiplying the reconstruction with a missing wedge filter in the Fourier
domain for a fair comparison. Finally, we extracted around 150 sub-tomograms with shape
96 x 96 x 96 for model fitting. For the final refinement after model fitting, we used the same
sub-tomogram size extracted with an overlap of 32 voxels.

Details on IsoNet: We fitted IsoNet for 60 iterations with 20 epochs per iteration and a
batch size of 5. Again, we used the default noise schedule and set the noise mode to noFilter
as described above. After fitting, we evaluated the IsoNet models every 5 iterations and chose
the one that gave the visually most appealing reconstruction. For Wiener-filter-based CTF
correction, this occurred in iteration 45. For phase flipping, the reconstruction from iteration
30 looked best.

Details on DeepDeWedge: We fitted the model for 1000 epochs. Although the loss on the
validation set was still decreasing, the reconstructions did not change much anymore.

Details on Section 2.2.3

FBP and sub-tomograms: We performed FBP using tomosipo, this time with a Hamming-
like filter (see below). We fitted all models model using sub-tomograms of size 96 x 96 x 96.
To refine the FBP reconstructions after model fitting, we applied the final fitted networks to
sub-tomograms of the same size, using an overlap of 32 voxels.

Details on CryoCARE: Despite the use of dropout, we observed overfitting, so we applied
early stopping on a subset of the ground truth data to get an impression of the best-case
performance. To obtain the final denoised tomograms, we followed the approach proposed by
Buchholz et al. |Buc+19] of applying the trained model to the even and odd FBP reconstructions
independently and then averaging both tomograms instead of applying the model to the FBP
reconstruction of the full tilt series as for our method.

Details on IsoNet: As our simulated dataset does not contain CTF effects, we did not
perform the CTF deconvolution preprocessing step, which is usually performed to increase the
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Figure 7: Performance metrics for different sub-tomogram sizes used for model fitting.

contrast of the FBP reconstructions and improve IsoNet’s performance. We compensated for
this by using the Hamming-like filter for FBP, which improves the contrast compared to the
standard ramp filter. We fitted IsoNet for 50 iterations with 20 epochs per iteration. We again
followed the default noise schedule described above and set the noise mode to hamming.

As there is no principled way to determine when to stop IsoNet fitting or how much noise to add,
we did the following to obtain a very strong baseline: We evaluated the IsoNet reconstructions
after every iteration using all comparison metrics and chose the best result for each metric,
which yields best-case performance. We emphasize that this approach is not possible in practice
where ground truth is not available. The optimal performance of each model occurred for
every SNR between iterations 30 and 40, i.e., between 600 and 800 epochs.

e Details on DeepDeWedge: To keep the computational cost between IsoNet and our method
comparable, we fitted the network for exactly 600 epochs in our approach.

D Ablations

In this section, we investigate the impact of several hyperparameters on the performance of our
method. If not explicitly stated otherwise, we fitted all models on simulated tilt series from the first
3 tomograms of the Dataset by Gubins et al. |[Gub+20] with SNR 1/4. We performed only one run
for each experiment. All remaining details regarding the model and optimizer are as described in
Section and Appendix [C|

D.1 Influence of Sub-Tomogram Size on Performance

The size of the sub-tomograms used for model fitting is a hyperparameter of DeepDeWedge, and
here we investigate how it affects the performance. To this end, we repeated the experiment on
synthetic data described in Section for increasing the size of sub-tomograms. We scaled the
total number of sub-tomograms for each run such that the number of voxels of the sub-tomogram
fitting dataset is approximately constant. As for model fitting, we have to rotate the sub-tomograms,
the sub-tomograms we extract have to be larger than the ones we actually use for fitting in order to
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Figure 8: Performance metrics for different fractions of tilt series images used to construct the model
inputs.

avoid having to use padding. As a result, the maximum sub-tomogram size we could use for model
fitting is 128 x 128 x 128.

We fitted all models for 1500 epochs. During fitting, we evaluated the models on all three tilt series
every 100 epochs and report the highest SNRs, to get an impression of the best-case performance. As
this procedure is computationally very expensive, we did not calculate the per-particle FSC metrics.

Figure [7] suggests that larger sub-tomograms for model fitting yield better performance than
smaller ones.

D.2 Tilt-Series Splitting

In the main body, we discussed two approaches for splitting a tilt series into two sub-tilt series,
which are then used to construct the model inputs and targets: the even/odd split and a frame-based
method. Here, we investigate another splitting method, which consists of randomly selecting a given
fraction of tilt series projections to construct the model inputs and using the remaining ones for
the targets. Again, we fitted each model for 1500 epochs and used the same approach for model
selection as described above in Appendix [D.1]

Figure |8 shows the result of our comparison. Overall, all splitting fractions for the random
splitting approach yield similar performance and are slightly outperformed by the even/odd split.

D.3 Applying DeepDeWedge to Multiple Tilt Series Simultaneously

As stated in the main body, and as done in some of our experiments in Section DeepDeWedge
can be applied to multiple tilt series from similar samples simultaneously. Here, we discuss how
this impacts performance compared to applying DeepDeWedge to each tilt series separately. We
compare the performance of DeepDeWedge on the first 3 tomograms of the synthetic dataset for two
scenarios:

e Collective fitting: We fitted DeepDeWedge for 1500 epochs on 150 sub-tomograms extracted
from the FBP reconstructions of the three tilt series.
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Figure 9: Output of our method when using the even/odd and frame-based splitting approach for
the tilt series. All experimental details are as described in Section [2.2.2]and Appendix [C.2]

¢ Individual fitting: For each tilt series, we fitted one model for 3000 epochs on 50 sub-tomograms
from the FBP reconstruction. We applied each model to the one tilt series used for its fitting.

We compared the best-case performances of collective fitting to individual fitting. Both methods
achieve an average correlation coefficient of around 0.89 with respect to the three ground truth
tomograms. However, all synthetic ground truth tomograms are very similar and densely packed
with proteins. We expect collective fitting to be beneficial if the individual samples are similar but
sparse, i.e. contain little signal of interest. For example, we found that collective fitting on all seven
EMPIAR-10045 tilt series gave visually more appealing reconstructions than individual fitting. If
the samples are expected to be different, we recommend individual fitting.

D.4 Frame-Based Split for Data from Section [2.2.2]

From Figure [9] we see that the frame-based splitting approach produces a sharper reconstruction
with more high-frequency details but slightly reduced contrast compared to the even/odd split. This

agrees with what Buchholz et al. found for cryoCARE |Buc+19|.
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