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A Each atom will scatter secondary radiation upon exposure f-rays
A The scattered secondary beams will interact and cause interference
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Knowing amplitudes and
phases of scattereevaves we
can calculateits structure

Scattering from a molecule
IS dependent on Its structure
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Interference of scattered waves @ Consiglio Nazionale
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StructureFactors

Scatteringfactors Atomic coordinates

Phases are not
experimentally
available

The phaseof structure factorsmust bedeterminedfrom
their measuredamplitudes
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| F,| Invariant for origin shift A only dependon the atomic structure 250

STRUCTURE INVARIANTS AND SEMINVARIANTS
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Predictedtructuramodel
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A neural networkis an artificial mathematical model used to
approximat@onlinear functions A simple neural network

input hidden output
Its key component areurons whicharearranged into layers, with layer layer  layer

information passing through them

Theinputto eachneuronis a number,whichcancomefrom the
linear combination of the outputsof the connectedheuronan
the previouslayer The neuron output is calculatedrom this
numberaccordindo its activation function

The behavior of the network dependson the strengths
(orweights) of theconnectionbetweemeurons

A networkis trained by modifyingtheseweightsin orderto fit

somepreexisting dataset Internalrepresentationaredifficult to analyzeartificial

neural networks are often describedas "black box"
models,and interpretability is an active domain of

Deep neural network:neural networks including at least two
research

hidden layers in addition to the input and output layers
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PhAl: A deep-learning approach to solve
the crystallographic phase problem

Anders S. Larsen, Toms Rekis, Anders @. Madsen*
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PhAI: A deep-learning approach to solve  sc/znce impact factor 47.3
the crystallographic phase problem

Anders S. Larsen, Toms Rekis, Anders @. Madsen*
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PhAlimplementation @ Consigtio Nazionale
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Regression: mathematical method for determining
the best equation that reproduces a data set

\

Training or Prediction

Calibration
set

Data used to estimate model parameters

Test or
Prediction
set

Data used to get an independent assessment of model efficacy
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Crystal Patterson

Figure 1
An example of the corresponding Patterson map (right) given atomic
locations (left) and the interatomic vectors formed by them (middle).
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The only previous work directly related to our particular
line of inquiry of applying machine learning to solve the phase
problem of X-ray crystallography using Patterson maps was
done by David Hurwitz, who used a simple 3D convolutional
model to predict the locations of randomly positioned sets of
‘atoms” within a 3D space given the corresponding Patterson
maps (Hurwitz, 2020). He determined several potential issues
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Figure 2

The neural network architecture of our proposal, showing the height, width and channel dimensions. The depth dimension is not shown. Generated using

the NN-SVG online tool (LeNail, 2019).

that could arise from the inherent properties of Patterson
maps, which then lead to ambiguity in their interpretation. We
have either addressed these issues or found that we could
ignore them to a certain extent.

Hurwitz, D. (2020). arXiv: 2003.13767.
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Crystal structure solution from X -ray powder diffraction @ Consiglio Nazionale
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An Al Leap to Bridge the Gap in Crystalline Order @ Consiglio Nazionale
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V Long-rangeorderloss
V Instrumental broadening
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TEMPORAL CONVOLUTIONAL NETWORK @ Consiglio Nazionale
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a) Gated Temporal block b) Temporal block c) Residual block d) @ @ @ @
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£ , ’ - T ’ ! [ Residual block J
d=2i-1 dilated d=2i-1 dilated T Y T
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XRD profiles can be treated as
ordered onglimensional sequences,
then TCN was adopted as a feature
extractor irrespective of its temporal

interpretation

The use of dilated convolutions

allows a better detection of both

local peak characteristics and-long
range correlations

Each diffraction point was allowed
to exploit information from both
neighboring directions
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CONVOLUTIONAL NEURAL NETWORK (CNN) @ Consiglio Nazionale
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TEMPORAL CONVOLUTIONAL NETWORK (TCN) @ g:l'r:igili:r':;zionale

XRD profilesaretreatedasorderedone-dimensional sequenceshAA TCN wasadoptedasa featureextractornirrespectivef its
temporainterpretatiorfor whichit wasoriginallyproposed

Theuseof dilated convolutions allowsa betterdetectiorof bothlocal peak characteristicsandlong-range correlations

Sinceunclearrelationshipexistsalongthe 2J axis,non-causal conwolutionswereemployedEach diffraction point wasthus
allowedo exploitinformationfrom both neighboring directions
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An Al Leap to Bridge the Gap in Crystalline Order

Training set
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Input| | POWnet
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POWNET was trained using profiles numbered from 2 to 10,
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POWNET RESULTS ON TRAINING SET

« ] Consiglio Nazionale
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POWNET RESULTS ON TEST SET (@) consisto Nazionate
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STATISTICAL ANALYSIS OF RESULTS @ Consiglio Nazionale
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Keyvariables

Unit cell volume (Vol) R:
Space Group (SG) CLP

Number of symmetryindependent reflections

(N ) (Altomareet al., 1995) Partialeastsquaresegression
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Centric/Acentric (Centr)
Overall isotropic thermal factor (B) Filled with known responses

Number of atoms in the asymmetric unit (N,
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STATISTICAL ANALYSIS OF POWNET RESULTS ON TEST SET @
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OVERALL TREND @ Consiglio Nazionale
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Training set Test set
GenerateXRPD profiles ExperimentaKRPD profiles

Profilesn PWclasses Profiles- noise+ asymmetry

Profiles- noise Profiles noise

Profiles- noise+ asymmetry Profilesin PWclasses

Overfitting avoided mp Best predictions
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BEST FIT

« ] Consiglio Nazionale
delle Ricerche

Find the curvéhatbest follow data points irgaaphA Infer thefunctionthatbestreproducesxperimentadata

Observed U2 (chi-square) test

=3 (Observed Expected?
: Expected
Expected

Method of leastsquares

) G

Minimizes the sum of the squares of the residuals

Linear regression

Y=mX+q l

Finds best estimates from function parameters (m, q)



OVERFITTING @ Consiglio Nazionale
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X X — X—

Piecewise linear
nonparametric
regression

Linear regression Quaderatic regression

U What is the best fitting functions?

U How well are you going to predict future
data drawn from the same distribution?



Conclusions and future directions @ Consiglio Nazionale
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@ Key Conclusions @ Future Directions
a Al is a new tool to tackle the phase problem Expand Test Sets
Al-basedmethodshavebeendesigneacndappliedin directand Generation of trial cases to be used for Al training.
reciprocalspaceto link crystallographic data to structural Big Data strategies and rules to create synthetic data
models
Enhance Al performance
" Controlled use of Al Newdeep learning algorithms to be applied to
V Prootof-concept Al applications need to be validated on acentric space groupslarger structuregroteins) and to
real cases, avoiding overfitting model in situ data

V The training set is crucial in determining their efficiency
V Use of Al must be free for academics

n Integration

When used in synergy with classical methods, Al can make
crystal structure determination more robust and efficient,
even whemxperimental resolutionis limited
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