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Abstract

X-ray crystallography is a fundamental technique for determining the three-
dimensional structure of biological macromolecules. The method involves crys-
tallizing the molecule, exposing it to X-ray beams, and recording the resulting
diffraction patterns, which consist of discrete signals called reflections. A critical
computational step is the integration of diffraction data, where reflection intensities
must be accurately estimated from noisy images.
We propose a deep learning-based integration algorithm that leverages variational
inference to infer the intensity and background of each reflection under a Poisson-
likelihood model. Preliminary results show that our model’s integrated intensities
underperform on crystallographic metrics compared to state-of-the-art algorithms.
However, our integrated intensities were successfully used to reconstruct an electron
density map and atomic model.

1 Introduction

X-ray crystallography provides the theoretical and experimental framework for determining the
electron density of a molecule-of-interest. In structural biology, X-ray crystallography is used to
construct three-dimensional electron density maps and atomic models of biological macromolecules,
such as proteins and nucleic acids [1]. The resulting atomic models, typically deposited to the Protein
Data Bank [2], can be leveraged to design more efficient therapeutics [3, 4, 5], in molecular dynamics
simulations, and as training data for tasks such as structure prediction and drug design [6, 7].
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An X-ray crystallography experiment involves crystallizing a molecule, passing an X-ray beam
through the crystal, and capturing the resulting diffraction patterns on a detector. The diffraction
patterns contain reflections which are related to the molecule’s structure [8]. The patterns are recorded
in 2-dimensional arrays which are stacked into a rank-three tensor of voxels. The location of each
reflection within the voxel grid is dependent on the geometry of the crystal lattice, whereas the
intensity of each reflection contains structural information about the molecule. Specifically, the
intensity is proportional to the square of the Fourier amplitudes of the electron density (Figure 1). The
Fourier transform of the electron density are known as a structure factors. Estimating the structure
factor amplitudes from the diffraction patterns is a key step in crystallographic data analysis. In order
to do so, reflection intensities must be estimated from noisy diffraction data with an algorithm called
integration [9].

We propose a deep-learning-based algorithm for integrating X-ray diffraction data using variational
inference [10, 11]. Our method models photon counts at each pixel using a Poisson distribution, treat-
ing the true intensity and background as latent variables. By leveraging neural network architectures,
we aim to provide a flexible alternative to traditional integration methods. We show that our model
can be used to integrate macromolecular X-ray diffraction data, and that the results can be used to
successfully determine the electron density of an experimental dataset.

2 Background: From Crystal to Structure

This section provides a brief description of the experimental and computational pipelines used in
X-ray crystallography. Given a molecule-of-interest, the ultimate goal of a crystallography experiment
is to determine its electron density, described by a function ρ(r) : R3 → R that maps a position in
the crystal r to a real-valued amount of electron density. This is achieved through a combination
of experimental and computational work. In the lab, the molecule-of-interest is expressed, purified,
and crystallized [1, 12]. These crystals are used in diffraction experiments to collect diffraction
patterns (Figure 1). An X-ray beam is passed through the crystallized sample, and a fraction of the
X-ray beam interacts with the electrons in the sample. At specific angles of interaction, constructive
interference occurs between the diffracted X-rays, producing distinct signals known as reflections
or spots on the detector [8]. The geometry of the crystal lattice, rather than its contents, determines
where constructive interference will occur.

After the experiment, the diffraction images are processed through a series of algorithms known as
data reduction [13, 14, 15, 16]. Data reduction consists of (1) spot finding & indexing where the
Mlller index h of each reflection is determined, (2) integration where the intensity Ih ∝ |Fh|2 of
each observed reflection is estimated, and (3) scaling and merging where the scaled and merged
structure factor amplitude for each Miller index |Fh| is calculated. The phase of each Miller index,
φh, can be determined with experimental phasing techniques, or through molecular replacement
[17, 18]. Together, the Miller index h, the scaled and merged amplitude |Fh|, and the phase φh, are
called the structure factor, denoted by Fh = |Fh|e(iφh). The electron density is the inverse Fourier
transform of the structure factors.

Accurate electron density estimation requires precise determination of each component of the structure
factor [19, 20]. Traditional integration methods, such as direct summation and profile fitting, face
challenges with weak signals and noisy data. Profile fitting, for instance, relies on predefined standard
profiles—models that describe the expected intensity distribution across the detector for strong
reflections. While effective in many cases, these profiles are based on idealized assumptions and can
introduce systematic errors when experimental data deviates from them [21, 9].

Advancements in X-ray sources, detectors, and sample delivery techniques have shifted focus towards
capturing molecular dynamics [22, 23, 24]. These developments introduce new challenges in signal
extraction from increasingly complex diffraction data [20, 15, 24]. Our work explores the application
of deep learning algorithms to macromolecular X-ray diffraction data processing, aiming to address
these challenges. We propose a Bayesian model that does not rely on a physical model of the
diffraction experiment, potentially allowing for generalization across different experimental modes.
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Figure 1: Diagram of an X-ray crystallography experiment. Diffraction images record the diffracted
intensities from an X-ray passing through a crystalline sample. The diffracted X-rays resemble
ellipsoids, and they are called spots or reflections. The intensity, Ih ∝ |Fh|2, and phases, φh are
determined using data reduction and phasing techniques. These estimates are used to find the inverse
Fourier transform of the structure factors Fh.

3 Model Parameterization

Given a dataset of N reflections, our goal is to estimate the signal intensity and background scattering
of each reflection, denoted by Ii and Bgi for i ∈ {0, ..., N}, respectively. Each reflection, denoted by
Xi, is represented as a three-dimensional array of voxels called a shoebox. Each voxel in the shoebox
contains a value xij that represents the number of photons counted during X-ray exposure.

We model the photon counts xij at each pixel as being drawn from a Poisson distribution with rate
parameter λij : xij ∼ Poisson(λij), where the rate parameter λij is a function of the reflection
intensity Ii, background Bgi, and the reflection’s profile weight γij :

λij = Ii × γij +Bgi. (1)

Here, Ii and Bgi are latent variables, meaning they are not directly observed but must be inferred from
the data. To infer these variables, we employ a Bayesian framework. We encode the dependencies
between the observed data and the latent variables with a graphical model (Figure 2) [25]. Our goal
is to compute the posterior distribution p(Ii,Bgi, γij |xij). Using Bayes’ theorem,

p(Ii,Bgi, γij |xij) ∝ p(xij |Ii,Bgi, γij)p(Ii)p(Bgi)p(γij), (2)

where p(xii|Ii,Bgi, γij) is the likelihood, and p(Ii), p(Bgi), and p(γij) are the prior distributions
for the intensity, background, and profile, respectively.

To approximate the posterior, we use Variational Inference (VI), which allows us to optimize a
family of parameterized distributions Q. The goal is to find the distribution q(z) ∈ Q,where
z = (Ii,Bgi, γij), that maximizes the Evidence Lower Bound (ELBO):

ELBO(q) = Eq(z) (logP (x|z))−DKL(q(z)||p(z)), (3)

where the first term is the expected log-likelihood, and the second term is the Kullback-Leibler (KL)
divergence between the variational distribution q(z) and the prior p(z). The likelihood term favors
solutions that best explain the data. The KL-divergence term penalizes solutions that deviate far away
from our prior knowledge.

4 Model Architecture

Our model uses an autoencoder architecture, and it is composed of three main modules: an encoder, a
parameter estimation module, and a decoder. All modules are written in PyTorch.

4.1 Encoder

The encoders are modified residual networks [26], and they encode shoeboxes into 64-dimensional
latent vector representations (Figure 3). The first encoder uses fully connected (FC) layers, and the
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Figure 2: (left) Graphical model encodes the dependence of the observed counts xij on the latent
variable λij . (b) Diagram depicting a shoebox, which is a three-dimensional array of voxels extracted
from a set of images. In practice, shoeboxes are stored as PyTorch tensors with shape (ϕ,H,W ),
where ϕ is equal to the number of images, and H and W are the height and width in number of
voxels.
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Figure 3: Diagram of the integration model architecture. The encoder takes aoebox as input and
outputs a 64-dimensional vector. The parameter estimation module outputs variational distributions
of the intensity and background, and it outputs the shoeboxes profile. These components are then
passed through the decoder to reconstruct the input.

second uses convolutional (CN) layers. We refer to these architectures as the FC encoder and the
CNN encoder, respectively.

The structure of the input data depends on the type of model that is used. In the FC encoder, each
input shoebox is flattened into a vector X ∈ RNp×7, where Np is the number of pixels, and seven
corresponds to pixel-specific features (intensity, detector coordinates, and distance to centroid which
is calculated upstream by DIALS by a least-squares fit to the experimental geometry). This vector
passes through residual blocks, which output the latent representation vector X ∈ R64.

In the CNN encoder, the shoebox data is preserved in its original spatial format, represented as
X ∈ RC×H×W , where C represents the channels (pixel values and pixel-specific features), and
H ×W are the height and width of the shoebox.

4.2 Parameter Estimation Module

For each shoebox, the parameter estimation module generates the variational distributions of the
intensity Ii and background Bgi, and the profile γij of each voxel. The intensity and background are
modeled using two-parameter Gamma distributions, ensuring non-negative values. Additionally, the
module estimates the profile of each reflection, which describes how the intensity is distributed across
the shoebox. Profiles can be any integral 1 function f(i, j) = γij : R3 7→ R+

0 . We are exploring two
profile models: (1) a Multivariate Normal (MVN) distribution, and (2) Softmax-based profile. In
either case, the profile acts as weight for each voxel, denoted by γij , that scales the predicted intensity
at each voxel (equation 1).
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4.3 Decoder

The decoder uses the estimated parameters to generate reparameterized samples of the photon arrival
rate λij at each voxel. Intensity and background values are sampled from their respective variational
distributions, denoted by zI and zBg, and the rate is calculated as: λij = zIi × γij + zBgi

.

The model’s objective is to maximize the ELBO, which is equivalent to minimizing the following
loss function,

Loss = −Eq (log p(xij | λij)) + κ1DKL(q(I) ∥ p(I)) + κ2DKL(q(Bg) ∥ p(Bg)), (4)

where p(I) and p(Bg) are the prior distributions of the intensity and background, respectively, and
κ1 and κ2 are hyperparameters that control the strength of the KL divergence terms.

We use a Poisson distribution for the log-likelihood, which arises from the assumption that photon
counts follow a Poisson process. For both the prior and variational distributions of intensity and
background, we use Gamma distributions. Our choice of variational distributions is primarily
driven by the positive support of the Gamma distribution, which aligns with the physical reality that
intensities and background values cannot be negative.

5 Training and Preliminary Results

We validated our model using both simulated and real diffraction data. The experimental dataset
consists of NaI-soaked hen egg-white lysozyme (HEWL) crystals, collected for anomalous scattering
at the NE-CAT beamline 24-ID-C (Advanced Photon Source, Argonne National Laboratory). The
dataset, recorded at 295 K using 11.95 keV X-rays, includes 1440 images captured on a PILATUS
6M-F detector (PDB ID: 9B7C) [27].

To assess model performance, we identified several metrics used in crystallographic data processing
[13]. These metrics include CC1/2 (correlation between random half-datasets), CCanom (correlation
of anomalous differences between half-datasets), R-factors (agreement between model and observed
data), and anomalous peak counts and heights (which indicate the strength of anomalous signals)
[13, 28]. These metrics enable comparison with existing state-of-the-art integration algorithms.
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Figure 4: Figure of (left) CC1/2 as function of resolution (higher is better) and (right) Rpim as a
function of resolution (lower is better).

We used three different model/encoder combinations to integrate the HEWL dataset: (1) CNN/MVN,
(2) CNN/Softmax, and (3) FC/MVN. The same hyperparameters were used across all model combina-
tions (Table 1. The resulting integrated intensities were then scaled and merged using dials.scale
and dials.merge [29]. The scaled and merged structure factor amplitudes were then used with
phenix.refine to build an electron density map and atomic model. Figure 4 and Tables 1 - 3 report
the metrics obtained from our integration algorithm, and the DIALS integration algorithm.
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6 Conclusion

We have demonstrated that deep learning and variational inference can be effectively applied to
the integration of macromolecular X-ray diffraction data. Our evaluation pipeline includes metrics
used in crystallographic data processing that allow us to evaluate the performance of our model.
Preliminary results show that our integrated intensities underperform compared to the integration
algorithms used in DIALS. However, our model’s integrated intensities can be successfully used with
downstream algorithms to reconstruct the electron density map and atomic model the corresponding
molecule.

Our future work will focus on increasing the performance of the model. We will do so by exploring
different choice of prior and variational distributions, extensive hyperparameter turning, and exploring
alternative architectures such as Vision Transformers [30].
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A Plots

a) b)

Figure 5: Correlation plots of the ground truth (simulated intensity) and network predictions (network
intensity). Points that lie on the equality line are very close approximations to the ground truth.

Table 1: Training hyperparameters for experimental data
Hyperparameter Value
channels (C) 6
height (H) 21
width (W ) 21
number of images per shoebox (ϕ) 3
batch size 128
number of reflections 1,900,000
epochs 10
learning rate 0.001
pI Exponential
pI rate 1.0
κ1 0.0001
pBg Exponential
pBg rate 1.0
κ2 0.0001
qI Gamma
qBg Gamma
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Table 2: Comparison of R-work and R-free values across different models
Model R-work R-free

Start Final Start Final

FC/MVN 0.2469 0.2175 0.2518 0.2424
CNN/MVN 0.2252 0.1912 0.2337 0.2170

CNN/Softmax 0.2234 0.1851 0.2299 0.2109
CNN/DIALS 0.2049 0.1628 0.2036 0.1776

DIALS 0.1982 0.1482 0.1889 0.1530

Table 3: RMSD values for anomalous peaks across different models
Peak Coordinates CNN/DIALS CNN/MVN FC/MVN DIALS CNN/Softmax

(31.29, 8.123, 2.067) 28.22 9.28 - 33.82 10.89
(27.68, 27.68, 18.9) 26.80 6.95 8.79 32.41 10.70
(39.11, 9.928, 14.76) 14.79 - - 17.19 5.66
(27.98, 10.53, 17.12) 13.56 - - 17.05 -
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