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Abstract
Phase retrieval is an important optimization problem that occurs, for example, in the analysis of
coherent diffraction patterns from isolated proteins. All iterative algorithms employed for phase
retrieval in this context require some a priori knowledge of the object, usually in the form of a
support that describes the extent of the particle. Phase retrieval is a time-consuming task that can
often fail, particularly if the support is too loose or of bad quality. This paper presents a neural
network that can produce low-resolution estimates of the phased object in a fraction of the time it
takes for a full phase retrieval. It can also successfully be used as support for further analysis. Our
network is trained on simulated data from biological macromolecules and is thus tailored to the
type of data seen in a typical CDI experiment. Other approaches to support finding require very
accurate data without missing regions or the full phase-retrieval algorithm to be run for a long
time. Our network could speed up offline analysis and provide real-time feedback during data
collection.

1. Introduction

Coherent x-ray diffraction imaging (CDI) enables high-resolution structure determination for nanoscopic
objects [1]. However, the strength of the scattering signal depends on the sample’s cross-section, which
means that imaging small objects, such as a protein, requires highly brilliant sources. The emergence of
free-electron lasers enabled the application of CDI to image biological particles [2–5]. The radiation damage
provoked by the high brilliance causes the sample to explode, turning into hot, high-pressured plasma [6, 7].
Still, with a short enough pulse, the x-rays leave the sample within the first few femtoseconds of the
photon-atom interactions when the structure remains intact. CDI can provide structural information on
nanoparticles and, in particular, aims to provide new structural information on biomolecules, such as
proteins, and their dynamics on ultrashort timescales.

Iterative phase retrieval algorithms [8, 9] enable the electron density reconstruction from the scattered
signal alone. In general, the measured amplitudes are kept constant throughout the iterations of the
algorithms while the phases are iteratively updated. Supports are used as constraints in real space and
provide a region where the object can have non-zero density while constraining the rest of the real space to
zero. This constraint is what makes phase retrieval possible in CDI. Multiple solutions are possible for each
set of amplitudes as phase reconstructions are invariant under translation, centrosymmetric flip, and global
phase shift. In practice, the support is usually set to some initial guess, usually given by the autocorrelation
function or a low-resolution map obtained from prior knowledge. The support can then be refined
throughout the reconstruction using the shrinkwrap algorithm [10], which reduces the support size by
applying a low-pass thresholding filter. However, performing phase retrieval can be time-consuming and
computationally expensive; moreover, the convergence is still very sensitive to some parameters, such as
initial guesses, the shrinkwrap threshold, and the choice of algorithm.
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Figure 1. Left: 3D electron density of GroEL from PDB entry 1SS8 [11]. Right: 2D projections of GroEL in different orientations.
In the bottom row, are the corresponding electron density maps retrieved using our DL model.

Phase retrieval algorithms generally depend on a good quality support with boundaries that tightly
constrain the object. The triple-intersection method tries to tackle the problem of finding tighter boundaries
geometrically [12]. This algorithm is fast but requires a good approximation of the autocorrelation, which is
often not available for experimental data. Yet, when this technique can be applied, it returns a reasonable
estimate of the optimal object support and possibly the best a priori support without relying on previous
low-resolution masks or, more recently, machine learning [13, 14].

Several studies have demonstrated the potential of utilizing machine learning approaches, both on their
own and in conjunction with traditional iterative phasing methods, to address the phase problem in
2-dimensional [13, 15] and 3-dimensional Bragg CDI [14, 16–18]. Though these algorithms have been
applied to experimental data, they are naturally biased towards their training data, mostly convex
nanostructures. Machine learning provides great advantages in terms of speed and is also robust to noise and
missing data. Here, we introduce a deep-learning model that can estimate the real-space structure and the
support directly from CDI data. Figure 1 shows a few examples of reconstructions from different orientations
of the same protein. The model is specifically trained for CDI of proteins and other biological structures.

2. Phasing and support finding using deep-learning

We use a generative encoder–decoder network with 14 trainable layers to predict the 2D electron densities of
proteins. This architecture processes diffraction data with convolutions while enabling the dense layers to
reinterpret the data and generate a real-space density processed by the decoder. The model is reported in
figure 2. The convolution kernels have dimensions 3× 3 for every layer and stride 3. For every two
convolutional layers, we apply 2× 2 max-pooling, starting from an input of shape 128× 128 and then
reaching the bottleneck with an overall dimension of 16× 16 with 256 feature maps. The bottleneck consists
of 2 stacked dense layers, where the first has 128 nodes and the second 65 536. The decoder architecture is
symmetrical to the encoder and feeds the dense layer into a 16× 16× 256 convolutional layer, followed by a
second one with the same dimensions, kernel size, and stride. The output layer has 128× 128 pixels. Every
layer, including the fully connected bottleneck, uses rectified linear unit (ReLU) activation functions, while
the output layer employs a hyperbolic tangent function (Tanh). We used a dataset of 9900 paired diffraction
and real-space images during training, with a batch of 64 patterns and target values, optimizing a
mean-squared loss function. The network was implemented in Keras [19] and Tensorflow [20] and trained
on an Nvidia RTX 2080 Ti graphics card. 5% of the 9900 frames were used for validation and 1000 patterns
were used for testing the network performance.

In addition to this network, we trained a U-Net, similar to what was done in [21]. Still, we achieved
better phasing performance using the encoder–decoder architecture. To ensure a more comprehensive and
challenging performance analysis, the test predictions were studied on diffraction patterns from PDB files
that were not part of the training dataset. The test dataset is not only composed of different data, but is
simulated from different PDB files. We tested feeding the network with either diffraction patterns or
autocorrelation functions calculated from those patterns. We also tested generating either supports or
density maps as outputs. Furthermore, we evaluated three different loss functions: (1) binary cross-entropy,
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Figure 2. Architecture of the encoder–decoder network.

(2) Mean squared error (MSE), and (3) a custom loss function designed to avoid too small supports that
would immediately break phase retrieval.

The custom loss function was defined as a weighted sum of the false positives and false negatives,
i.e. regions where the guess is too loose or too small respectively,

L3 =
1∑
i∈S ŷi

 ∑
j∈S−Ŝ

ŷj + γ ·
∑

k∈Ŝ−S

yk

 (1)

where γ is a weighting parameter used to punish small supports, S is the true support, Ŝ is the estimated
support, and the sums correspond to the pixel sum over the set difference. The most reliable model was
trained on intensities as inputs and using the mean-squared error loss function. The output densities were
then thresholded to 10% of the maximum of the output to calculate supports for phasing. Over 90% of the
supports generated from the network introduced less than 2 false negative pixels, while on average having
230 false positives. Figure 6 displays the input diffraction patterns utilized in our neural network and their
corresponding outputs. Overall, the encoder–decoder model showed a better performance in support
finding compared to the U-Net while also providing a density guess, which can be used in phasing as shown
in section 6.

3. The triple-intersectionmethod

The triple-intersection method estimates an ab initio support from measurements by employing the
intersection of multiple copies of the autocorrelation function to find a tight support. It works by calculating
the autocorrelation function of the signal. From the autocorrelation area, we calculate a binary mask and the
mask’s extremal points. The extremal points are estimated along the same direction to guarantee that the
resulting intersection remains larger than or equal to the ideal support size. Convex autocorrelations lead to
loose support, while concave autocorrelations can lead to accurately identified minimal supports. Several
methods can be used to find tighter supports in 2D, according to the object geometry (concavity, convexity,
number of global extremal points, etcetera) as introduced by Crimmins et al [12]. These ideas can be
extended in 3D [23, 24]. A simple example of the effectiveness of this approach is reported in figure 3. While
interesting, this method requires a very high-quality autocorrelation, which is usually not available in the
presence of noise or missing data.

4. Estimating support masks

Neural networks can be trained to retrieve the densities. Still, if the outputs have low resolution, we can
imagine using them as support constraints by thresholding the estimates and creating binary masks instead.
We benchmarked the encoder–decoder model against the triple-intersection method on the test dataset. If
the support is centrosymmetric, phase retrieval algorithms often need help breaking this invariance and
might thus not reach the correct solution. Both the deep learning (DL) method and the triple-intersection
method can, in many cases, break this symmetry, which significantly aids the reconstruction.
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Figure 3. Example of how the triple-intersection method works. (a) Electron density (PDB-ID 1K3E [22]). (b) Autocorrelation.
(c) Three copies of the autocorrelation are displayed in transparency to highlight the intersection. (d) Estimated support.

To quantify the performance of these two procedures for support estimation, we calculated the area
difference from the ideal support of the protein’s outline. We estimated a support mask from the neural
network’s guesses, and using the triple-intersection method, we estimated a support mask from each
autocorrelation. We then overlapped the retrieved supports to match the ideal masks and calculated the area
difference. As shown in figure 4, the neural network demonstrated a remarkable performance, with very few
false negatives. However, it does have slightly more false positives on average.

For phasing, more false negatives can be considered a worse outcome than false positives, as HIO and ER
usually fail to converge if the support is smaller than the particle. The triple-intersection method should, in
principle, lead to looser supports than the ideal case. Still, it can be difficult to correctly estimate the optimal
shifting vectors, leading to errors, which accounts for the observed false negatives, especially for experimental
autocorrelations. The DL approach is, therefore, particularly promising.

5. Phasing noisy data

The triple intersection method has not been used for experimental CDI data since it requires a high-quality
autocorrelation and cannot handle the noise and missing regions in such experiments. In a previous paper,
[21], we presented a U-Net that could reduce the noise and retrieve missing regions. An open question was if
the autocorrelation retrieved from such an improved pattern would be good enough to make the
triple-intersection method relevant for CDI. We, therefore, tried to use denoised patterns as input for both
strategies. Unfortunately, while denoising improved the quality of diffraction patterns for phasing, even
small masks covering low-angle data still affected the autocorrelation, posing challenges for automating the
triple-intersection method support-finding pipeline. On the other hand, after data healing with U-Net,
having the encoder–decoder network on denoised and demasked data was successful. The reliability of the
neural network’s output as an accurate reconstruction of an object is not always guaranteed. Therefore,
exploring whether the thresholded output can serve as a viable support mask for phasing becomes
important, as finding increasingly tighter supports is crucial to determining the minimum amount of
information required for successful phasing. We compared phase retrieval using different support
boundaries. First, we used the autocorrelation function mask, then a circular support of maximal diameter
equivalent to the maximum elongation of the protein. Finally, we performed phase retrieval using the DL
model guess as a restraint. We run HIO for 10 000 iterations while applying 5 iterations of error reduction
(ER) every 5th iteration of HIO. We also tested this routine with Shrinkwrap using a circular support as a
starting guess. When convolving the reconstructed densities in the shrinkwrap step, we applied a Gaussian
kernel with a standard deviation of 1 and a threshold of 0.1. The PRTF in figure 5 shows that the highest
resolution was achieved when using Shrinkwrap, closely followed by the mask estimated from the neural
network output without Shrinkwrap. In our experience, a failing Shrinkwrap is the main cause of failed
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Figure 4. The scatter plot of how the two methods perform to identify the pixels contributing to the support. The top histogram
shows the false positives, which are the pixels included in the support but not part of the ideal support, while the right histogram
shows the false negatives. It is worth noting that, on average, the number of false negatives for the neural network is very low,
indicating the method’s effectiveness.

reconstructions for challenging phase-retrieval problems. The PRTF behavior in the case of Shrinkwrap with
autocorrelation and HIO+ER with tighter support estimate is similar. This indicates the potential of neural
networks for phasing even just for initialization purposes, as they serve as a valuable starting point for
breaking centrosymmetry, outperforming circular supports when the particle size is known. The shrinkwrap
algorithm often struggles to handle low signals, background signals, and missing regions. A good support
estimate could help obtain higher resolutions in these more challenging cases.

6. Phasing speed

The estimates from the neural network are often quite accurate, as reported in figure 6. It is possible to see
some key features of the proteins, such as shape or non-uniform densities. Yet, we can see that they are still
low-resolution estimates. Instead of using them only as a support for phasing, we can pass these estimates as
an initialization of real space to improve the convergence of phase-retrieval with Shrinkwrap. The accuracy
and quality of this initial model affect the success rate and efficiency of the phasing process, but in the
absence of prior knowledge, the densities are usually randomly initialized in the first iteration of phase
retrieval. Here, we compare phasing results using initial guesses generated by the neural network with those
obtained through standard random initialization of real space. As in the previous section, we run phasing 10
times with random initialization, running HIO for 10 000 iterations, with 5 iterations of error reduction
every 5th iteration of HIO. The Fourier error is calculated at the end of every ER section for a total of 2000
values. The starting support was a circular mask with a diameter of the size of the protein. We started in both
cases from circular support, and when convolving, in the shrinkwrap step, we applied a Gaussian kernel with
a standard deviation of 1 and a threshold of 0.15. Remarkably, our model demonstrated a notable speed
improvement, reducing the convergence as in figure 7. We also notice a large variance in the error when we
start with a random initialization of the algorithm. In some cases, random densities lead to a local minimum,
which the phasing procedure does not manage to escape within the total number of iterations used here.
While HIO can sometimes escape these local minima, it poses the question of how to handle poor
reconstructions, especially with experimental data when the correct phases are unknown. Including poor
reconstructions would generally lead to a lower resolution, while filtering bad reconstructions would require
prior knowledge of the densities. On the other hand, using an initial guess significantly speeds up the
convergence and stability of the algorithm. It is, however, worth noting that without the random start, we
can no longer use the PRTF to estimate the resolution.

7. Conclusions

In this work, we provided a pipeline based on deep learning for estimating particle densities from CDI data
from biological nanoparticles. We have demonstrated the use of these estimates for support finding and as
starting guesses for phase retrieval. The neural network model has been trained and tested on simulated
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Figure 5. PRTF for reconstructions from PDB entry 2ABI [25]. The plot also displays the diffraction intensities and the ground
truth. Below the plot, in the top row, from left to right, we show an average reconstruction when using the autocorrelation as a
starting support, when using the neural network guess as a starting support, when using a circular support, and when using a
circular support with Shrinkwrap. In the bottom row, we show the respective support masks.

images. In particular, we see a strong speedup for the reconstructions when using both the support and the
starting guess to seed the phase retrieval algorithm. We also note that the returned supports usually break
centrosymmetry, which is often challenging for phase retrieval algorithms. We also applied the so-called
triple intersection method to obtain tight supports. This algorithm only yields reasonable outcomes when
artifacts do not distort the autocorrelation function and are thus unsuitable for data, which includes noise
and missing regions. The method remains unusable under realistic experimental conditions even after
denoising the data.

CDI experiments require extensive processing of raw data to characterize the camera response to
experimental conditions and phase retrieval is performed only after long data processing. Generative neural
networks offer a promising solution for addressing the phase retrieval problem, introducing an alternative to
iterative phasing algorithms. They can potentially enable real-time screening of CDI experiments and
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Figure 6. Examples from our test dataset and one using a GroEL particle (PDB-ID 1SS8 [11]), which has a molecular weight
outside the range considered in our dataset. First row: diffraction patterns. Second row: autocorrelation masks. Third row:
ground-truth. Fourth row: ideal support estimated by thresholding the ground-truth. Fifth row: neural network estimates. Sixth
row: the difference between the ideal support and the support estimated by thresholding the neural network’s guesses. Seventh
row: support estimate obtained from the triple-intersection method. Eight row: difference between the ideal supports and
supports from the seventh row. Each column is relative to a different biomacromolecule, PDB-ID in order from left to right: 1SS8
[11], 3ETA [26], 5IRC [27], 3EPP [28], 5KLT [29].

provide immediate feedback on the sample. Offline analysis would also benefit from low-resolution initial
guesses, as discussed in this paper, enhancing phasing performance and simplifying existing algorithm
routines, which often rely on trial and error for parameter selection. While deep learning and AI methods
show promise, they are inherently black boxes. The lack of output explainability is a critical limitation for
their applications and further development and testing are necessary on real data. Another challenge, more
specific to imaging techniques such as CDI, includes finding proper methods to evaluate the resolution limit
of the network’s output and reliably validate them.

The success of this network is primarily dependent on the large dataset covering diffraction from a wide
set of proteins. We thus provide our datasets to the community to facilitate reproducibility and help future
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Figure 7. Fourier error for 10 reconstructions of PDB-ID 3ETA [26] obtained with Shrinkwrap and random initialization of
densities, in blue. An example of reconstruction with an initial guess from the encoder-decor model is reported in orange. We
applied a centrosymmetric flip to the real-space densities to align with the majority of phased outcomes achieved without an
initial guess.

developments in machine-learning applications in CDI. We believe an open, standardized, and common
dataset would greatly benefit the scientific community.

Data availability statement

The code for the neural network model that supports the findings of this study is available at the following
URL/DOI: https://github.com/AlfredoBellisario/SPInn. The dataset is also available on the Coherent x-ray
Imaging Data Bank at the following URL/DOI: https://cxidb.org/id-232.html. The training dataset consists
of 10,900 atomic coordinate files sourced from the Protein Data Bank. To ensure higher generalization of the
network model, no repetitions of patterns and proteins were included in the dataset—for each of these files,
we simulated a single diffraction pattern, followed by calculating their respective support, density, and
autocorrelation. In the simulation process, we utilized Chimera to project the PDB files and subsequently
computed the intensities as the squared modulus of the Fourier transforms of the electron densities.
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