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Why X-rays ?

Region ǩ (m) E=hǫ (eV) Phenomena Measurements

IR 10-4 (100 µm)

10-5 (10 µm)

10-2  

10-1 

Molecular vibrations FT-IR spectrometer

Visible 10-6 (1 µm) 1 Light emission Optical Microscope, DLS

UV 10-7 (100 nm)

10-8 (10 nm)

10 

102 

Chemical bond Spectrophotometer

X-rays 10-9 (1 nm)

10-10 (1 Å )

103 (1 KeV)

104

Atomic processes Crystallography

Electron microscopy

ǡ-rays 10-11 (0.1 Å)

10-15 (1 fm)

105

106 (1 GeV)

Nuclear processes Nuclear Physics

ɚ ~ d Diffraction  (physical interaction)

To see features on the order of  the distance between atoms: 10-10meters 

Electronsemitted @ 100 KeV or thermal neutronshave the same energy of  X-rays



Scattering of X-rays

Å Each atom will scatter secondary radiation upon exposure to X-rays

Å The scattered secondary beams will interact and cause interference

Primary beam

Scattering from a molecule

is dependent on its structure

Knowing amplitudes and 

phases of  scattered waves, we 

can calculate its structure



Interference of scattered waves
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Maximum of  interference:  ǟ=2pn

2dsinq= nl(Braggôs law)
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The phase problem

h

Scattering factors Atomic coordinates

Structure Factors

| Fh|

Ǵh

The phase of  structure factors must be determined from 

their measured amplitudes

Phases are not 

experimentally 

available

X-rays

ὍὬᶿ ᴆὊὬ
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Crystal structure solution 

Crystal cell and symmetry

Indexing

Phasing

Validated 

structural model

ὍὬᶿ ᴆὊὬ

Experimental Computational



Structure -based drug design

Data resolution:

Protein        ligand PGE
RES=1.2 Å

RES=2 Å

RES=3 Å

PDB: 4NZL
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Phasing in Reciprocal vs Direct Space

Atomic positions r

r(r)

Crystal lattice

Reflections h

| Fh|, j h

Reciprocal lattice

Fourier Transform  

Direct 
Methods

Patterson 
Methods

Probabilistic approach to 

derive jh  from | Fh|
Deterministic approach to derive 

rj from P(u)=T-1[| Fh|
2]

Ab-initio  phasing
methods

T

T-1
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Crystallographic methods
In ricordo di Davide Viterbo:

Dal cristallo singolo alla cristallografia senza cristalli
20 febbraio 2026

Small 

molecules

1993 2001

SIR88

First non-

modular 

software

M.M. Woolfson

York

C. Giacovazzo

Martina Franca 

2006 2014

Biological 

macromolecules

Patterson 

deconvolution

Molecular 

replacement 

(REMO)

2019

Pipelines

DEA, VLD, MCM
Powder data

19881985

Karle & Hauptman

USA

Nobel Prize in 

Chemistry 

Direct Methods

2011



Structure invariants and seminvariants

| Fh|     Invariant for origin shift Ą only depend on the atomic structure

 Ǵh        Depend on origin shift

Triplet: Fh1Fh2Fh3 with h1+h2+h3=0     invariant for origin shifts

Two phase seminvariant: Fh1Fh2 with h1+h2=0     invariant for permissible origin shifts

Probability distributions

P(ǔ |  {| Fh|},  {Ǵh })

Representation theory

(Giacovazzo, 1977)

Fhk = jh - jk - jh-k 
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Direct methods

Random phases  
assignement

Tangent formula 
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If  more than one pair of  phases jk, jh-k are 

known, all defining the same jh through triplet 

relations such usjh-jk-jh-k:

‌▐ ὃ▐ ὄ▐
ϳ
 is its reliability parameter 

The tangent formula calculatesthe phase

valuesfor specificreflections,when multiple

phasepairsestimatesareknown
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The Patterson deconvolution technique
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() () ( ) ( )[ ]1312 -,-, uuuuur PPPMinS =

Minimum superposition function

P(u)

Patterson function

Patterson 
deconvolution

Derive a single image of  the structure

Superposition of  images of  the structure, 

each seen from a different atom

Ideal Patterson 

map



Deconvolution in 3D with symmetry

Harker  section  (u,1/2,w) SMF map (x,y,z) 

u=2x

w=2z

S map ééafter filteringPatterson map

ir

Symmetry operations in P 21

(x, y, z) e (-x, y+1/2, -z)

SMF(x, y, z) = P(2x, 1/2, 2z)

constant along y

() () ( )[ ]iPSMFMinS rrrr -,=

it corresponds to the position of  

an atom of  the structure

ri is a peak of  the SMF map



The AI revolution

AI

AI

Predicted structural model

Experimental structural model



NEURAL NETWORKS

The behavior of the network depends on the strengths

(or weights) of theconnectionsbetweenneurons.

A networkis trained by modifyingtheseweightsin order to fit

somepreexisting dataset

A neural network is an artificial mathematical model used to 

approximate nonlinear functions

Deep neural network: neural networks including at least two 

hidden layers in addition to the input and output layers

Internalrepresentationsaredifficult to analyze,artificial

neural networks are often describedas "black box"

models,and interpretability is an active domain of

research

Its key component are neurons, whichare arranged into layers, with 

information passing through them

The input to eachneuronis a number,whichcancomefrom the

linear combination of theoutputsof theconnectedneuronsin

the previouslayer. The neuron output is calculatedfrom this

number,accordingto its activation function



AI for crystal structure solution

SCIENCE  1 Aug 2024 385, 522-528

Crystal structures in P 21/c

with cell dimensions < 10 Å

(1042 reflections)

AI in reciprocal space



Why SCIENCE ?

SCIENCE  impact factor 47.3

ü Crystal structure solution can be not straightforward

  Limited data resolution

  Limited data completeness

ü Ab initio  crystal structure solution is a plus

  Minimum experimental effort

  No model bias

+

+

Native
Anomalous 

scattering

Homology 

model



Model bias in Molecular Replacement

Phases dominate the image

ModelTarget

Spanish amplitudes 
with 

Italian phases

No solution expected for RMSD>1.8Å
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PhAIimplementation

2,387 

crystal structures

Test setTraining set

Space group (P21/c) 

Maximum unit dimension (< 10 Å )

49,000,000 generated structures
94.3% organic
5.6% metalorganic
0.1% inorganic 

Origin independent loss function
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How to overcome critical points 
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The phase-seeding method 
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AI-PhaSeedat work 

Test structures

Source:Crystallography Open Database (COD)

Number of structures: 1505

Space group:P 2 /c

Cell volume range:1000 Å³ to 3500 Å³

PhAI

Step 1: Random phases assigned to non-seed 

reflections

Step 2: Phase extension and refinement

Step 3:Final electron density map calculation

Input: reflection amplitudes selectedaccordingto 

PhAI input requirement   

Output: predicted phase (◖ = 0 or ˊ)Ą phase seed



X variables Description
Y 

variables

N asym Number of  non-H atoms in the asymmetric unit MPE

maxCellSize(Å)
Maximum linear dimension of  the unit cell (max between 

a,b,c) 
CORR

minCellSize(Å)
Minimum linear dimension of  the unit cell (min between 

a,b,c) 

Perc (%)
Phase-Seed reflections that meet neural networkõs input size 

criteria/total number of  symmetry independent reflections 

Compl (%) Crystallographic data completeness 

maxW Atomic weight of  the heaviest element in each 

Pseudo (%) Pseudosymmetry percentage affecting atoms in the structure 

N refl Number of  measured symmetry-independent reflections 

RES (Å) Experimental data resolution 

REFLEC seed Number of  reflections phased by AI 

RESseed(Å) Resolution for reflections phased by AI 

Vol (Å3) Volume of  the unit cell 

Statistical analysis of results

Key variables

Random forest classification
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SUPERVISED REGRESSION

Data

Model

PredictionTraining or
Calibration 

set

Data used to get an independent assessment of  model efficacy

Data used to estimate model parameters

Test or
Prediction 

set

Regression:  mathematical method for determining 

the best equation that reproduces a data set



AI-PhaSeedevaluation 

Random Forest

V Identifies the variablesthat most influencethe quality of

thephaseseed

V Makes prediction about the successof the AI-PhaSeed

method

AI -PhaSeedachieves good performance

even at low resolution

Class 1

Class 0



AI-PhaSeedintegrated with Direct Methods 

C

A: AI-PhaSeedmethod 

B: Direct Methos (DM)

C: DM+AI-PhaSeed

B vs C

New tangent formula to 

account for AI phases  

The DM+AI-PhaSeed strategy results more effective 

than DM at lower  resolution



AI in direct space 

arXiv:2003.13767

       

Computer Science > Machine Learning

[Submitted on 30 Mar 2020]

David I. Hurwitz is a researcherassociatedwith the National Center for

BiotechnologyInformation(NCBI) at theNationalLibraryof Medicine(NLM)

in Bethesda/Rockville,Maryland. He hascontributedto the developmentof

the MolecularModelingDatabase(MMDB), which is a key resourcefor 3D

macromolecularstructures,includingthosedeterminedbycrystallography.

https://www.google.com/url?sa=i&source=web&rct=j&url=https://pmc.ncbi.nlm.nih.gov/articles/PMC99072/&ved=2ahUKEwjY94GstNuSAxUMif0HHY_dDYcQy_kOegQIARAB&opi=89978449&cd&psig=AOvVaw35j_61QA_CBqK5rWFwJ2qo&ust=1771241884605000
https://www.google.com/url?sa=i&source=web&rct=j&url=https://pmc.ncbi.nlm.nih.gov/articles/PMC99072/&ved=2ahUKEwjY94GstNuSAxUMif0HHY_dDYcQy_kOegQIARAB&opi=89978449&cd&psig=AOvVaw35j_61QA_CBqK5rWFwJ2qo&ust=1771241884605000
https://www.google.com/url?sa=i&source=web&rct=j&url=https://pmc.ncbi.nlm.nih.gov/articles/PMC99072/&ved=2ahUKEwjY94GstNuSAxUMif0HHY_dDYcQy_kOegQIARAB&opi=89978449&cd&psig=AOvVaw35j_61QA_CBqK5rWFwJ2qo&ust=1771241884605000
https://www.google.com/url?sa=i&source=web&rct=j&url=https://pmc.ncbi.nlm.nih.gov/articles/PMC99072/&ved=2ahUKEwjY94GstNuSAxUMif0HHY_dDYcQy_kOegQIARAB&opi=89978449&cd&psig=AOvVaw35j_61QA_CBqK5rWFwJ2qo&ust=1771241884605000
https://www.google.com/url?sa=i&source=web&rct=j&url=https://pmc.ncbi.nlm.nih.gov/articles/PMC99072/&ved=2ahUKEwjY94GstNuSAxUMif0HHY_dDYcQy_kOegQIARAB&opi=89978449&cd&psig=AOvVaw35j_61QA_CBqK5rWFwJ2qo&ust=1771241884605000
https://www.google.com/url?sa=i&source=web&rct=j&url=https://pmc.ncbi.nlm.nih.gov/articles/PMC99072/&ved=2ahUKEwjY94GstNuSAxUMif0HHY_dDYcQy_kOegQIARAB&opi=89978449&cd&psig=AOvVaw35j_61QA_CBqK5rWFwJ2qo&ust=1771241884605000




AI applied to powder data 
In ricordo di Davide Viterbo:

Dal cristallo singolo alla cristallografia senza cristalli
20 febbraio 2026

Crystalline Structures from PXRD: 

AI Unlocks the Final Barriers

XXX resolves the issue of  peak overlap and eliminates the 

phase problem in a single end-to-end inference process

Direct space                   Reciprocal space



X-ray powder diffraction

Single crystal  (~mm) Powder  of  microcrystals  (~mm)

X-rays



Crystal structure solution from X -ray powder diffraction

Crystal cell and symmetry

Indexing

Phasing

Extraction of  intensities

ὍὬᶿ ᴆὊὬ

Validated 

structural model

Experimental Computational



AI applied to powder data 

Crystalline Structures from PXRD: 

AI Unlocks the Final Barriers

XXX resolves the issue of  peak overlap and eliminates the 

phase problem in a single end-to-end inference process

Direct space                   Reciprocal space



An AI Leap to Bridge the Gap in Crystalline Order
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FWHM=1.5, Size=5 nm

FWHM=0.7, Size=10 nm

FWHM=0.1, Size=100 nm

Crystallite sizePeak width Ą

VLong-range order loss

VInstrumental broadening 

AI



TEMPORAL CONVOLUTIONAL NETWORK

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

XRD profiles can be treated as 

ordered one-dimensional sequences, 

then TCN was adopted as a feature 

extractor irrespective of  its temporal 

interpretation
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CONVOLUTIONAL NEURAL NETWORK (CNN)

CNN is a classof deeplearningnetworksdesignedto process

grid-structured data.

CNN learnsfeaturesby usinga filter (or kernel),which moves

acrosstheinput likeasmallslidingwindow



TEMPORAL CONVOLUTIONAL NETWORK (TCN)

XRD profilesaretreatedasorderedone-dimensional sequencesĄ TCN wasadoptedasa featureextractorirrespectiveof its

temporalinterpretationfor whichit wasoriginallyproposed.

Theuseof dilated convolutionsallowsabetterdetectionof both local peakcharacteristicsandlong-rangecorrelations.

Sinceunclearrelationshipexistsalongthe 2Jaxis,non-causal convolutionswereemployed. Eachdiffractionpoint wasthus

allowedto exploitinformationfrom both neighboring directions

Dilated convolutions are a specializedtype of

filtering that skips elementsin the input sequence,

allowing the network to look far back into history

without drastically increasing the number of

parametersor layers



An AI Leap to Bridge the Gap in Crystalline Order

Input

Output

True
33125 calculated profiles 

V Organic structures

V Cell volume < 2000 Å3

XRPD profiles generated by using:
ü Fixed 2 range [5-80]

ü Random intensity fluctuations  

ü Peak width / systematic sampling)

ü Peak asymmetry (random sampling)

Training set

Input profile

Experimental profile

V Background subtracted

V Normalized intensities



FWHM SAMPLING

POWNET was trained using profiles numbered from 2 to 10, 
with the highest-quality profile, numbered as 1, serving as 
the reference. 

Therefore, the training set was composed of 
298,125 = (33,125 x 9) data rows.

Reference profile

classes



POWNET RESULTS ON TRAINING SET

Indexing

Extraction

Phasing

Crystal structure solution



POWNET RESULTS ON TEST SET

33 experimental XRPD profiles

V Organic structures

V Cell volume < 2000 Å3

V Not inluded in the training set

Test set
Experimental POWnet

INDEXING

Indexing Efficiency (%) 69.7 81.8

EXTRACTION

<RF> (%) 63.8 59.6

PHASING

<CLP> (%) 19.5 31.0

N CLP80 1 4



STATISTICAL ANALYSIS OF RESULTS
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X variables Y variables

Unit cell volume (Vol) RF

Space Group (SG) CLP

Number of  symmetry-independent reflections 

(N ref) (Altomareet al., 1995)

Independent Reflections Percentage (IRP) 

(Altomare et al., 1995)

Centric/Acentric (Centr)

Overall isotropic thermal factor (Biso)

Number of  atoms in the asymmetric unit (Natom)

Key variables

Partial least squares regression



STATISTICAL ANALYSIS OF POWNET RESULTS ON TEST SET

Centr

Natom

Nref

IRP

Vol

Biso

SG

a)

c) d)

b)
a) b)

Decision criterion based on crystal structure features:

Use POWnet if  predicted CLP > 0.6 



OVERALL TREND

Overfitting avoided

Test set

Experimental XRPD profiles

Training set

Generated XRPD profiles

Profiles in PW classes

Profiles+ noise  

Profiles+ noise +  asymmetry  Profiles in PW classes

Profiles+ noise  

Profiles+ noise +  asymmetry  

Best predictions
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BEST FIT

Find the curve that best follow data points in a graph Ą Infer the function that best reproduces experimental data

x

y

Linear regression

Y=mX+q

ä
-

=
Expected

ExpectedObserved 2
2 )(
c

Ǖ2 (chi-square) testObserved

Expected

Method of  least squares

Minimizes the sum of the squares of the residuals

Finds best estimates from function parameters (m, q)



OVERFITTING

x

y

Piecewise linear 

nonparametric 

regression

x

y

Quadratic regression

x

y

Linear regression

ü How well are you going to predict future 

data drawn from the same distribution?

ü What is the best fitting functions?



Conclusions and future directions 

Key Conclusions

AI is a new tool to tackle the phase problem
AI-basedmethodshavebeendesignedandappliedin directand
reciprocalspaceto link crystallographic data to structural
models

Controlled use of  AI
V Proof-of-concept AI applications need to be validated on 

real cases, avoiding overfitting
V The training set is crucial in determining their efficiency 
V Use of  AI must be free for academics

Integration
When used in synergy with classical methods, AI can make 
crystal structure determination more robust and efficient, 
even when experimental resolutionis limited

Future Directions

Expand Test Sets
Generation of  trial cases to be used for AI training. 
Big Data strategies and rules to create synthetic data

Enhance AI performance
New deep learning algorithms to be applied to
acentric space groups, larger structures (proteins) and to 
model in situ data
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