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Determining protein structures at an atomic level remains a significant challenge
in structural biology. We introduce RecCrysFormer, a hybrid model that ex-
ploits the strengths of transformers with the aim of integrating experimental and
ML approaches to protein structure determination from crystallographic data.
RecCrysFormer leverages Patterson maps and incorporates known standardized
partial structures of amino acid residues to directly predict electron density maps,
which are essential for constructing detailed atomic models through crystallographic
refinement processes. RecCrysFormer benefits from a “recycling” training regimen
that iteratively incorporates results from crystallographic refinements and previous
training runs as additional inputs in the form of template maps. Using a preliminary
dataset of synthetic peptide fragments based on Protein Data Bank, RecCrysFormer
achieves good accuracy in structural predictions and shows robustness against
variations in crystal parameters, such as unit cell dimensions and angles.

1. Introduction

Background. Proteins are fundamental components of biological processes, acting as molecular
machines within our cells [I]]. They are polymers composed of small organic molecules called amino
acids, linked by peptide bonds. There are 20 standard proteinogenic amino acids, and a single
amino acid is referred to as a residue. Amino acid polymers fold to form intricate 3D structures, and
understanding these is pivotal as the 3D conformation of a protein largely determines its functionality.
Traditional experimental methods for protein structure determination include X-ray crystallography,
NMR, and cryo-electron microscopy; see [2]]. These methods face a classic inverse problem in science:
reconstructing a complete structure from incomplete experimental information.

The role of machine learning (ML). Recent years have seen the emergence of ML as another powerful
tool in protein structure prediction. Research projects like AlphaFold?2 [[3] have demonstrated the
potential of deep learning in achieving highly accurate predictions by leveraging protein structural
data alongside co-evolutionary information (e.g. multiple sequence alignments).

X-ray crystallography remains widely used for its ability to provide accurate atomic coordinates,
including interactions with small molecules and metal ions. With this work, we aim to help bridging the
gap between experimental crystallographic methods and ML techniques by developing a prototype to directly
translate X-ray diffraction patterns of protein crystals into solved structures.

Motivation and contributions. We introduce RecCrysFormer that combines convolutional layers
with a 3D vision transformer. This model integrates domain-specific knowledge with established
ML architectures to address a fundamental problem in structural biology. Key features include:
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e The use of Patterson maps, directly obtainable from experimental data, and “partial structure”
densities corresponding to the most common conformation of individual residues.

e The integration with established crystallographic refinement procedures, such as SHELXE [4, 5],
which are applied to our predicted electron density maps to obtain protein structure coordinates.

e A “recycling” meta-algorithm that enhances training by reusing the outputs from previous training
(potentially post-refinement) as template features in subsequent iterations.
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e The development of a dataset comprised of synthetic peptide fragments based on PDB entries
with varied unit cell sizes and angles. Our prototypical model shows robustness against structural
variations and delivers good post-training predictions.

While this work focuses on small synthetic protein fragments that also have higher solvent content,
it represents a step toward applying ML to complex, real-world crystallographic problems.

2. Problem background and related works

X-ray crystallography and the phase problem. X-ray crystallography, a century-old technique,
prominently serves in determining protein structures through mapping the electron density within
crystals [6]]. This method involves irradiating protein crystals with X-rays, which diffract based on a
crystal’s internal structure. Each repeating unit (unit cell) in the crystal typically contains identical
molecular arrangements; this causes the X-rays to scatter constructively or destructively and form
output beams only in certain directions. These diffracted beams then produce a pattern of spots,
called reflections, on a detector. A reflection is characterized by its Miller indices (h; k; ), which
indicate the orientation of planes within the unit cell contributing to producing the reflection [[7].

The mathematical representation of a reflection, known as the structure factor F (h; k; I), encapsulates
the sum of atomic contributions within the unit cell:
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where f; denotes the scattering factor and (Xj;yj; zj) the coordinates of the j-th atom. A structure

factor comprises an amplitude and a phase (h;k; 1), both needed for reconstructing the electron
density (X;y;z) at all locations within the crystal’s unit cell via a Fourier transform:
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Here, (u;Vv;w) represents coordinates within the Patterson map’s unit cell, mirroring the exact
dimensions of the crystal’s unit cell. The Patterson function’s design inherently omits phase data,
allowing computation directly from raw diffraction measurements. Yet, a Patterson map does not
directly illustrate atomic locations with a unit cell, but rather indicates vectorial relationships between
atoms. Each peak in a Patterson map corresponds to an interatomic vector between atoms within
the crystal’s unit cell, and so the number of peaks scales quadratically with the original amount of
atoms. Additionally, the presence of heavy atoms can dominate the map, as the height of peaks is
proportional to the product of atomic numbers in the corresponding pair. Thus, they are not directly
used to estimate electron densities.



Related works. The most widely used approaches to obtain structure factors include isomorphous
replacement, anomalous scattering, and molecular replacement. Each presents unique challenges
and requirements [[6, 9]]. While isomorphous replacement and anomalous scattering necessitate
multiple experimental conditions and the incorporation of heavy atoms into the desired structure,
molecular replacement relies on the availability of closely related homologous structures or accurately
predicted models, which are not always available. The so-called direct methods have provided viable
solutions for the limited space of small molecules that diffract to near-atomic resolution [[10]. Such
methods could work for our protein fragments—although they have higher resolution limits than preferred
for such methods. Our primary goal in this study is to establish a proof-of-concept for our novel
approach combining deep learning with Patterson maps.

Within a broader scope, methods based solely on intensity measurements have been explored [[11H13]].
However, the discrete nature of crystallographic diffraction patterns poses significant challenges,
limiting the applicability of algorithms such as the Gerchberg-Saxton and Fienup iterative methods,
which are more suited to settings with continuous sampling conditions [[14, [15]].

Initial explorations into ML applications within crystallography include work by [[16], who directly
solve the phase problem for small organic molecules using a convolutional network to predict phases
of a set of structure factors, given the corresponding amplitudes and template phases; they also use
a “recycling” training procedure for iteratively improving their template inputs. Furthermore, Taniai
et al. demonstrate the potential of transformer-based models to predict properties of crystalline
structures by treating atoms as individual tokens [17]]. This approach enables efficient attention
mechanisms across (effectively infinitely) repeating unit cells, optimizing the prediction of various
properties. Cao et al. utilize a transformer-based generative model for creating novel crystal structures
within specified space groups, showcasing the versatility of ML in generating valid structural
predictions [[18]]. Overall, due to the different problem setups and inputs between our work and the
above, a comparison is not directly possible; we leave such a study open for future work.

3. RecCrysFormer setup and architecture

Input/problem setup. We posit that Patterson maps, when processed through a deep learning
model, can effectively disclose the intrinsic atomic structure within a unit cell. We represent all
electron density maps and Patterson maps using three-dimensional grids, enabling us to create
tensor constructs that facilitate computational analysis.

To elucidate the underlying mathematics, consider the electron density map represented as a 3D
array e 2 RNt N2 N2 The corresponding Patterson map, p, shares the same dimensions as e. In
addition to the properties above, it can be shown to be derived through the following relationship:
p=<F '(F(e) F(®) <F *jF@EJ® ; (4)
where symbolizes element-wise multiplication of matrices. The operator F denotes the Fourier
transform, and F ! represents its inverse. Here, jF (€)j2 captures only the magnitude of the complex-
valued Fourier transform of e. Additionally, b refers to an inversed-shift version of e, where each
entry is defined as Bj;j.xk = en, i;N. ;N5 ks and < emphasizes that the result is a real number.

Training loss definition. Representing our model by g( ; ), our objective is to convert a Patterson
map p into an estimate of the corresponding electron density map e, framing our problem as a
regression task. Considering a dataset D with pairs fp;; €igi_,, our training process seeks to optimize
the parameters by minimizing the loss function:
n X o
?=argmin L()=2% kg( ;pi) ek} : (5)
i=1

This mean squared error (MSE) is employed as the primary loss function L( ). Alternative metrics,
tailored specifically to the nuances of crystallography and structural biology, can also be used in our
training framework to promote specific properties; see below.

Partial protein structures. A fundamental step in protein structure determination involves leveraging
the known primary sequence of amino acids. Furthermore, each proteinogenic amino acid’s possible



3D electron density is well established, which facilitates the use of what we term as standardized partial
structures. These partial structures represent the single most commonly occurring conformations of
amino acids. Larger amino acids, due to their complex nature, exhibit a broader spectrum of possible
conformations known as rotamers. Despite this variability, the predominant conformation for each
amino acid has been experimentally determined and can be utilized to enhance prediction accuracyE]

For our machine learning model, denoted by g( ; ), we incorporate these electron density maps of
standardized partial structures into the training process. Specifically, let u} 2 RM1 M2 Ms repregent
the electron density map of the j-th amino acid in the i-th protein example. The map is centered by
the center of mass within the unit cell. Our objective is now to optimize the model parameters by
minimizing the following loss function:
n x . o
?=argmin L():=2% kg( ;piiu]) eiki : (6)
i=1

Each protein segment example’s number of partial structures corresponds directly to the number of
amino acid residues present; this is maintained throughout both training and inference phases.
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Figure 2: Math representation of the preprocessing steps for Patterson maps and partial structures.

Model architecture. Inspired by the synergistic potential of Fourier transforms and self-attention
within Transformer models [20]], we introduce RecCrysFormer, an architecture combining 3D convo-
lutional NNs (CNNs) and vision transformers. The approach leverages global contextual information
from Patterson maps to predict electron density maps, employing a self-attention mechanism that
integrates available partial protein structure data. RecCrysFormer incorporates 3D CNNs at both
the initial and final stages, enveloping a Transformer core. Distinct convolutional paths process the
Patterson map inputs and the additional partial structure electron density inputs, which originate
from different domains (Patterson vs. direct).

—Input Processing and Embedding. A Patterson map input p; 2 Rt N1 N2 Ns jg processed through

a 3D CNN that applies "same" padding in order to maintain the spatial dimensions, and expands
the number of feature channels. The output is then segmented into patches of sizec d; dy ds,
where ¢ represents the number of channels, and di; dy; d3 are the spatial dimensions of each patch.
These patches are subsequently flattened into one-dimensional “word tokens” of dimension d; via
a Multi-Layer Perceptron (MLP), combined with learned positional embeddings, and fed into a
custom multi-layer vision transformer.

For the partial structures u} 2 Rt M1 M2 Ms 3 gimilar process is followed using separate convo-
lutional and patch-to-token embedding layers, producing additional tokens. The patch and token
embedding operations for these inputs mirror those used for the Patterson map inputs, ensuring
consistent data treatment across different input types; see Figure

—The core transformer. ResCrysFormer integrates a novel attention mechanism tailored for enhanc-
ing the prediction of protein structures from 3D Patterson maps and partial structures. The core
innovation lies in the interaction between the tokens derived from Patterson inputs or the previous
transformer layer and the tokens derived from partial structures, which are concatenated before

'We obtain the atomic coordinates and derive the corresponding electron density maps for these conforma-
tions using the "Get Monomer" feature of the Coot program [[19]].



generating the “Q; K; V ” matrices. Note that in our notation, these are created via the corresponding
WQ, W, WP trainable query, key, and value projection matrices of the h-th attention head for tokens
from the Patterson map; W, WY, are the corresponding matrices for partial structure tokens. Thus
our “Q” matrix is effectively truncated compared to “K” and “V ”, so that only tokens derived from
Patterson maps can attend tokens from the partial structures. This one-way attention reduces the

computational costs of our model.

We do not generate new partial structure token embeddings in each _ 7 Il
transformer layer, but instead maintain a constant initial embedding for [ V[ER={EEE

these tokens across all layers. Thus, each layer utilizes the electron density
information present in our partial structures as a stable reference point

for attention calculations. Formally, our attention mechanism can be
described as follows; see also Figure[3}

U= Concatle(Uj) 2 RS de.
A" = Softmax (W} X")(Conc. (WX, WLU))~
Yh = A" Concat(WIX ;WhuU) 2RS dn;

‘ Nystrom Attént-ion

X'+ = Wi (ReLU(Wg O)):

where the token sequence lengths for the Patterson and partial structure
inputs are S = % and S' = %, respectively. d,, denotes the |
token embedding dimension after splitting into attention heads and H the

number of attention heads. W and Wi, are the trainable parameters  Patterson  Partial Structure

of the fully connected layers in a standard MLP feed-forward block[] L Residue x13

-3D Reconstruction Layers. After processing through the transformer layers, Figure 3: Overview of
the token representations are rearranged and then transformed back into ~Our transformer layer
a 3D electron density map using another series of 3D convolutional layers:

g( ;p) = tanh(3DCNNw, (Rearrange(MLP(X")))):

where L is the number of transformer layers. These final transformations are critical for translating
the learned abstract features back into a spatially coherent structural format.

Enhanced loss definition. We use a combination of the MSE loss and a few instances of the negative
Pearson correlation coefficient. The Pearson correlation is an oft-used metric in crystallography
that can be easily galculated between two dengilies. If we denote a model prediction as e', and
define e = m ij:k Cisik and el = m ik €}.j.x, then the Pearson correlation coefficient
between e and €’ is as below:

N1;F2;N3

- (e?:j:k e)(eijk €
PC(e;e’) = S——11= s : (7)
N1;F2;N3 0 N1;F2;N3
L (ei;j;k e’)? o (eijk  €)?
i;j;k=1 ij;k=1

Since a larger Pearson correlation indicates a more accurate prediction, we take negations in order to
use these correlations as additional loss function terms. One Pearson term in our loss function is
obtained by directly taking the negative Pearson correlation between model predictions and ground
truth, and the other by taking the negative Pearson after first applying a Fourier transform to both the
model prediction and ground truth, and then taking the amplitudes of all elements in the resulting
complex tensors. The overall loss function then becomes:
X X X
L) = (5= kel ekd) (¥ PC(eie) (fF PCGFFT(e)];JFFT(E")))): (8)
i=1 i=1 i=1
where Cysg and cp denote the relative weights of the MSE and negative Pearson components.

*We omit skip connections, layer normalization, and attention scaling factor to simplify notation; these are
included in practice.



4. Recycling meta-algorithm

RecCrysFormerincorporates a custom recycling training pro-
cess, which leverages existing predictions of electron densities
as input into a crystallographic re nement program that pro-
duces atomic structure estimates. These re ned estimates are
then re-utilized to generate improved electron density maps,
creating a cyclic enhancement in model accuracy. This con-
cept is inspired by the iterative re nement approaches used in
notable studies such as AlphaFold2 [B] 21]; see Figure@.

Implementation details. Initially, our model employs a stan-

dard training run to generate electron density maps from given

Patterson maps and partial structures. In subsequent recycling

training iterations, each of which performs a complete end-to-

end training, the architecture remains unchanged except for an

augmentation in the rst convolutional layer to accept an ad-

ditional input channel. This channel introduces a template electron

density map, which serves as a guide that directs the model toward
Figure 4: RecCrysFormer meta- more_accurate structural reconstrL_lctiorSuch a pro_cedure_ resem-
algorithm. Arrows show the in- bles ideas from data augmentation techniques in traditional

formation ow among the various ~ and adversarial ML training [22, 23]

components. The templates for recycling are primarily derived from the out-

puts of the initial training phase or the most recent recycling
iteration. For enhanced accuracy, some templates are replaced with re ned maps obtained via a
process based on the SHELXE program |24, 25, signi cantly enriching the training data diversity.
This is a separate procedure that is not part of the ML model, being performed in between training
runs. After the initial training run, about  92%o0f the training set and 79%of the test examples were
able to be re ned with SHELXE.

Challenges and adaptations. Originally, each model prediction template had a 70% chance of
being substituted with a re ned template if available during training. While this yielded substantial
improvements, it often led to over tting on these re ned templates. This created better accuracy for
well-predicted initial structures, but poorer outcomes for less accurately predicted initial structures.

To address this, we adapted our recycling approach in the following ways: i) we greatly reduced the
frequency of re ned template usage during training to  1=6, reducing over tting while still bene ting
from their accuracy; ii ) we introduced Gaussian noise to the template input channel during training
to promote robustness against minor input variations and further develop our data augmentation
and adversarial training aspects this does not apply to the Patterson map channel to maintain
structural integrity; iii ) we employed transfer learning techniques by initializing the model weights
from the most recently trained model (after applying slight Gaussian noise). We transferred only
half of the weights in the rst convolutional layer for the rst recycling iteration to balance between
learned weights on the Patterson map inputs and necessary randomization for weights acting on the
previously unseen template map inputs.

5. Experimental Methods and Results

Model implementation details. Due to resource constraints, we made use of a slightly modi ed
version of the Nystrdm approximate attention procedure [ [26] instead of classical self-attention for
our training. This means that in theory, our entire model scales linearly with the number of elements

in our input tensors. Our partitioning and attening operations can be performed simultaneously in
one layer, and we use a single linear layer followed by partitioning to generate our query, key, and
value matrices, followed by a truncation of the query matrix across the sequence length dimension.
The rst 3DCNNomponent is a single layer with kernel size 7. In contrast, the second 3DCNIgdost-



Metric Initial  Recycling  Recycling (modified)

Mean PC(e, eo) 0.817 0.929 (13 :7%) 0.918 (12 :3%)

Mean PGe; €% (not re ned) 0.658 0.670 (1 8% 0.738 (12 :1%)
Mean Phase Error 64.3 20.2 33.8
Mean Phase Error (not re ned) 79.6 76.4 64.5
Percent Re ned 79 87 93
Epochs 110 80 80

Table 1: Comparison of training runs. Certain rows (2, 4) report results only for the 21%of test set
examples for which the prediction after the initial run could not be re ned with SHELXE.

transformer component is a sequence of two residual blocks with layers of kernel size 5, taken from
the BigGAN [ 27] architecture, followed by a nal convolution with kernel size 3. As stated, we apply
"same" padding in all convolutional layers as our input Patterson and output electron density map
have the exact same shape for each example. We use the circular padding scheme in our initial S(DCNN
component due to the inherent periodicity of our Patterson maps and partial structures.

Optimizer and training details.  Training was performed using the AdamW optimizer [ 28], with
the OneCycle learning rate schedule [29]. Due to a considerable di erence in magnitude between

values of the negative Pearson and MSE during training, and to promote the well-established MSE
being the main driving force of our training, we weighed the MSE by 0:9999and the two negative
Pearson correlation terms by 5 10 5.

A table reporting the model hyperparameters we used for our training runs on our 15-residue
variable unit cell and angle dataset can be found in the appendices, where d;; refers to the hidden
dimensionality within our feed-forward MLP blocks. All such training runs were performed on a
single RTX 6000 Ada GPU with 48 GiB memory, with torch.set_float32_matmul_precision set
to 'high’ . On average, one training epoch required about 314 minutes for our initial training run
and about 318 minutes for our recycling runs. Due to time limitations, we have only performed one
instance of our initial, recycling, and modi ed recycling training runs.

Metrics. For model evaluation, we continue to use the Pearson correlation coe cient between our
ground truth targets e and model predictions €. Additionally, we conduct phase error analysis
on structure factors derived from our models' nal predictions following our training runs; phase
error is generally considered a more informative metric than Pearson correlation This is done via
the cphasematchtool from the CCP4oftware suite [ 30], which reports the mean phase errors of our
predictions' structure factors in degrees across various ranges of re ection resolution, with lower
phase errors indicating more accurate phases.

Evaluation Results The bulk of the results presented below were obtained on a dataset of examples
generated with a constant grid sampling rate and a constant resolution limit of 1.5 A; see the
appendices for a detailed description of our data generation process. This dataset consisted of
348 880training and 38; 291test examples for a roughly 90% 10%split. We consider the following
training regimes for comparison:

Initial  : Our very rst training run, with no template map inputs provided.

Recycling : Recycling run using our original recycling formulation, where a model prediction
(produced from the nal state of the |Initial  run) template map has a 70% chance of being
substituted with the corresponding SHELXE-re ned map, if available, during training.

Recycling (modified) : Recycling run with the same inputs as above, but using our modi ed
algorithm with a lower chance of substitution with re ned map, addition of Gaussian noise, and
transfer learning from the nal model state of the Initial  run.

Evaluation results on our test set after each of the three de ned training runs are shown in Table 1;

phase error is reported as an average across all ranges of resolution. During evaluation after our
recycling runs, we do not set a chance for a model prediction template to be replaced by the corre-
sponding SHELXE post-re nement map; instead, we replace all templates for examples successfully
re ned after the initial training run ( 79%of the test set).



All metrics were greatly improved after our recycling runs compared to after our initial training run,

as expected. See the rst row of Table 1, where both Recycling and Recycling (modified) achieve
> 10%improvement over the vanilla implementation of our methodology. When comparing our
results from our modi ed recycling training regimen to our original recycling formulation, we also

nd that our modi ed process further improves predictions for the failure case examples that had
been unable to be re ned in SHELXE after the initial training run (and thus always has the model
prediction from the end of the initial training as the template map); see rows 2 and 4.

(@) Initial (b) Recycling (c) Recycling (modified)

Figure 5: A test set example (4AZ3_1.pd_11) representing the failure case where SHELXE could
not produce a re ned map. The underlying ground truth model is shown in red. Our rst recycling
formulation only slightly improves most aspects, but the prediction after our modi ed run shows
clear improvement in several details. See the highlighted box for a region that demonstrates this.

(&) Initial (b) Recycling (c) Recycling (modified)

Figure 6: A test set example (SW4R_1.pd_21) that can be re ned after the initial training run. The
initial prediction is already reasonable, but the prediction after both recycling runs almost exactly
matches the underlying atomic coordinates in all aspects.

On the other hand, predictions for the examples
that were able to be successfully re ned after the
initial training run tended to be slightly worse
than before. For this dataset, the large majority
of test examples were successfully re ned after
the initial run, so we found that results across the
entire test set were slightly worse than with our
original recycling formulation (but still highly
successful overall). We consider this tradeo
worthwhile, especially for more complex future
datasets where we expect to obtain worse pre-
dictions after an initial training run.

We visualize some model predictions on our test

setin Figures 5, 6. Predicted densities are shown Figure 7: Fracnqn of test set predlct|on§ with phase
error < 60 at di erent ranges of re ection resolu-

N blue,_whll_e the ground trgth atomic model is tion. By convention, lower resolution ranges are
shown in stick representation. towards the left.

Phase error analysis. We report the fraction of
predictions with less than 60 mean phase error at various ranges of re ection resolution in Figure
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