Approaching the crystallographic phase problem
with Artificial Neural Networks
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The objective of this work is for the network to learn the
necessary algorithmic operations in order fo estimate the
crystallographic phase by means of only the directly
observed experimental data. If neural networks could
learn relationships as those used in direct methods, it
would greatly enhance the work of crystallographers.
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Introduction

Introduction to crystallography and the phase problem

In x-ray crystallography, the molecular structure of a crystal is
determined by calculating the electron density function according to
the Fourier factors, which operation needs the values of all the
structure factors composed of two elements: their magnitude (|Fpq))
and phase (ayq). In the experiments, however, only the intesities, of
the reflections are measured, and mformation on the relative phases
1s lost. This loss of information constitutes the Phase Probleny.
Algorithmic methods are depeloped
to 1dentify these phases. Direct
methods are based on the positivity Fh Z Fh’A”Fh W k—k -1}
and atomicity of electron density and Wk
leads through statistical methods to

phase relationships.
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connectlons The hidden! [ayers then [mk to an' ‘output layer" where

'Learning' 1s a supervised process
that occurs with each cycle or
et (1.c. wcACITELNITCE * TIiT
network 1s presented with a new
mput pattern) through a forward
activation flow of outputs, and
the backwards error propagation
of weight adjustments by

calculating the Mean Square
Error(Fig. 2)[2].
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Once a neural network 1s 'tramed' to a satisfactory level it may be
used as an analytical tool on other data.
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Structure factors were calculated and data files werne constructed as training sets
containing all the structure's amplitudes' e-values as 'mpuf a single 'output' of one
phase. For a structure of 4 atoms in a cell of 7.0x12.01 A, the ﬂnsky's machine receives
126 diffractions (Fig. 3, 4). For this case, the output 1s the ph ¢ ol the rellection waith
structure factors h=-2, k=0. :
At starting point, the Activation Fumctions for the hidden™ayer
FANN ELLIOT SYMMETRIC and o) the OULPLIL
FANN LINEAR PIECE SYMMETRIC (asserted by experiment).

The first trial was: to) decide about e number o} the hidden layers and e i,
neyrons with' a traming data off 80,000 sets (100%)). 4

Followmg this, a standard condition of 2 hidden layers and 60/ ncurons cae
to, trammthe neural network by different number: of training sets' (100%) of
data. "
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Figures 3 and. 4. Electron density maps for
Structures of 4 atoms in 7.0x12.0 cell as
shown by Pepinsky’'s machine
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Figure 5: Trials by number of hidden layers
and neurons

Figure 6. Trials by humber of training sets
(100%)

Figure 5 shows that the best training conditions are at the right part of the graph. Two or
more hidden layers are capable of greater accuracy on the operations. There is lower
Mean Square Error for the training and the Cross Validation, and a higher precision on the
prediction of the correct outputs.

Figure 6 concludes the number of training sets 1s related to the tramming: the network
needs more sets to learn the operations better. When the number of training sets increases,
the Mean Square Error of the Cross Validation is minimized and the prediction of the
correct output rises consecutively and reaches 85.3956% for 10% of 1,500,000 training
sefts.

Given these points, we can definitely train an ANN for the purpose, though more trials
have to be performed.
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