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Optimising functional materials
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different bonding tendency. In Table I, the average coordi-
nation number (CN) for all elements of a-GGST is 3.31,
which is larger than that of a-GST (2.77) at the same condi-
tion of bond-length cutoff. The CNs of each element in
a-GGST display an increasing tendency compared with
those of a-GST. Notably, Gd has a max CN of 7.25, far
beyond the CNs of Ge, Sb, and Te. The high CN of Gd
may result from its especially low electronegativity as easy
to form Cd–Te bonds. Figure S1 in the supplementary
material shows all the atomic pair correlations and reveals a
very strong Gd–Te bonding tendency but a relatively weak
Gd–Gd bonding tendency.

Bond angle distributions (BADs) are also useful to
detect the local structure features.37 Generally, a 90o angle
often implies a p-bonding octahedral motif which is very
popular in PCMs, such as the case of GST [Fig. 6(a)].39 It is
noted that Ge, Sb, and Te have broad BAD peaks at 95°, 87°,
and 85° in a-GGST [Fig. 6(b)], respectively, which are close
to those of a-GST as shown in Fig. 6(a). In general, a-GGST
keeps the main octahedral local environment just as a-GST
does. However, there is a striking contrast by an obvious
BAD peak of Gd at about 77°, indicating a Gd-related Gd–Te
bonding environment. From CNs, BADs, and strong bonding
tendency of Gd (with Te) in a-GGST, the Gd-centered atomic
motifs are shown in Fig. 7. Figure 7(a) displays an amor-
phous structure model of GGST. Instead of the standard octa-
hedral motif in the cubic GdTe compound [Fig. 7(b)], the
atoms are arranged with BADs of 72° and 90° in the normal
pentagonal bipyramidal (PB) atomic model in Fig. 7(c). The
Gd–Te local motif in a-GGST can be viewed as a severe dis-
tortion in PB-type model with 77° bond angles displayed in
Fig. 7(d). This (the distorted PB-like structure) is the most
distinct local structures for a-GGST compared to those of
a-GST, thereby resulting in a high thermal stability of

a-GGST. Meanwhile, the normal octahedral motif and the
distorted PB-like structure are similar to some extent, which
should benefit the phase change process. In fact, the increase
in total average CN suggests that more electrons are required
in a-GGST for bonding compared to that of a-GST, espe-
cially for the Gd–Te distorted PB-like structure. There are
only two electrons in 6s shell and one electron in 5d shell of
Gd, yet the CN is beyond 7. Here, the atomic orbital hybridi-
zation should occur to make up for the lack of electrons. The
partial density of states (PDOS) of a-GST and a-GGST are
shown in Figs. 7(e) and 7(f ), respectively. The distributions
of d and p electrons in a-GGST in PDOS [Fig. 7(g)] indicate
that they are involved in the bonding (which is also exited in
GGST crystalline model; see Fig. S2 of the supplementary
material). The sp3d3-like hybridization is a possible explana-
tion for the Gd–Te distorted PB-like structure.40,41

IV. CONCLUSION

In summary, the electrical properties, crystallization
behaviors, and structure of the GGST films were studied sys-
tematically. The higher crystallization temperature, activation
energy, and better 10-year data-retention temperature eluci-
date the improved thermal stability of the Gd doped GST
alloys. The dramatically increased crystalline resistance is
favorable to lower the RESET power consumption for GGST
based phase change memory. In the amorphous state, Gd
dopants change the local structures and disturb the crystalli-
zation behaviors through suppressing the transition from RS
phase to HEX phase, which could be helpful to improve the
data retention performance. The EDX mappings and
HAADF-STEM observations demonstrate the homogeneous
distribution of all elements in GGST films. No obvious dis-
tortion of crystal structure after the Gd doping occurs and

FIG. 7. Structural snapshots and the partial density of states (PDOS) of a-GST and a-GGST. (a) A structural model of a-GGST. [(b)–(d)] The schematics of the
Gd-centered local motifs of octahedral atomic structure (b) in c-GdTe, the pentagonal bipyramidal (c), the distorted pentagonal bipyramidal atomic structure (d)
of a-GGST. [(e) and (f )] The PDOS of a-GST and a-GGST, respectively. (g) The PDOS of Gd element in a-GGST.
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Key information from spectroscopy



Experiment

Experimental spectroscopy



Experimental spectra 

Synchrotron MAX IV in Lund

• multi-million € facility

• have to apply for beam time

Experimental spectroscopy:

• time consuming

• (expensive) equipment required

• done one system at the time



Theory

Computational spectroscopy



Our datasets 
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Theoretical spectra 
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Quantum Mechanics: 

• Schrödinger equation• GW

• BSE

• TDDFT

• etc.



Our datasets 
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Theoretical spectra 

Mahti supercomputer at CSC

Quantum mechanical simulations are run on supercomputers.

Theoretical spectroscopy:

• time consuming

• (expensive) equipment required

• done one system at the time



Machine learning to replace computation
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candidate 
material

ML model
train predict



Machine learning objectives
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Machine learning workflow
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Dataset of molecular orbitals
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HOMOs
44,004133,814 64,710
HOMOsHOMOs

A. Stuke, et.al., J. Chem. Phys, 150, 204121 (2019)



• FHI-aims for all calculations


• structure relaxed with PBE+vdW


• excitation energies: PBE Kohn-Sham eigenvalues


• spectra: Gaussian broadened eigenvalues

Computational details
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A. Stuke, et.al., J. Chem. Phys, 150, 204121 (2019)
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Dataset diversity
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A. Stuke, et.al., J. Chem. Phys, 150, 204121 (2019)



HOMO distribution
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A. Stuke, et.al., J. Chem. Phys, 150, 204121 (2019)



Molecular representations
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“Coulomb” matrix

A. Stuke, et.al., J. Chem. Phys, 150, 204121 (2019)

Many-body tensor
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Kernel Ridge Regression for HOMO

KRR - simple and powerful kernel-based regression tool
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A. Stuke, et.al., J. Chem. Phys, 150, 204121 (2019)
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Predictive power of ML models
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“Coulomb” matrix Many-body tensor

A. Stuke, et.al., J. Chem. Phys, 150, 204121 (2019)



Chemical diversity of datasets

19
A. Stuke, et.al., J. Chem. Phys, 150, 204121 (2019)



Learning a band of electronic states
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Deep learning: artificial neural networks
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Deep learning: artificial neural networks
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input 
layer

hidden 
layer

output 
layer

Ghosh et.al., Adv. Sci. 6, 1970053 (2019)
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Multi layer perceptron (MLP) design

a) MLP

b) CNN

c) DTNN

Coulomb
Matrix

Coulomb
Matrix

XYZ
File +

+

+
Ghosh et.al., Adv. Sci. 6, 1970053 (2019)
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Convolutional neural network

a) MLP

b) CNN

c) DTNN
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Ghosh et.al., Adv. Sci. 6, 1970053 (2019)



Convolutional neural network
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Deep tensor neural network

a) MLP

b) CNN

c) DTNN
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Ghosh et.al., Adv. Sci. 6, 1970053 (2019)
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Deep learning: artificial neural networks
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Ghosh et.al., Adv. Sci. 6, 1970053 (2019)
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CNN predictions for spectra

best prediction
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Ghosh et.al., Adv. Sci. 6, 1970053 (2019)
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average prediction

CNN predictions for spectra
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DTNN and CNN in comparison

average prediction
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DTNN worst case

worst 

prediction

-20 -15 -10 -5 0
Energy [eV]

In
te

n
si

ty deep tensor NN

reference

Ghosh et.al., Adv. Sci. 6, 1970053 (2019)



34

Neural network summary

NN type MAE peak 
position

error in 
spectrum

convolutional 0.231 eV 3.9 %

deep tensor 0.186 eV 2.9 %

Ghosh et.al., Adv. Sci. 6, 1970053 (2019)
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10k dataset 
diastereomers of 

C7H10O2

Test application

a b c

R. Ramakrischnan, P. O. Dral, M. Rupp, O. A. von Lilienfeld, 
JCTC 11, 2087 (2015) 

instant 
spectral 

scan



Pre-screening applications
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optical spectra

specific functional property optimal material

pre-trained model

𝛌

candidate material

Ghosh et.al., Adv. Sci. 6, 1970053 (2019)



Challenges in deep learning spectroscopy
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• forward mapping is easy, backward 
is difficult (invertibility)


• there is too little data  
(data availability)


• dataset curation is difficult  
(data digitalization)


• cannot extract physical insight from 
ML models (interpretability)


• what about noise and uncertainty?

H. Kulik et al., Electron. Struct., doi: 10.1088/2516-1075/ac572f (2022)

Data 
Availability

Interpretability & 
Uncertainty

Invertibility

RepresentationScalability

Data Efficiency

Multi-fidelity

Digitalisation Workflow

Data Infrastructures

Feature 
Engineering

Ensemble 
Learning
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01001001 
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01110011

-1f     ?Hardware

DLS



Multi-fidelity datasets

• for optoelectronic applications (conjugated)

• extracted from organic crystals

• energies and eigenvalues

38

HOMOs
OE62

A. Stuke, et al., Sci. Data 7, 241722 (2020)



Multi-fidelity learning

• ∆-learning: learning the difference 
between PBE0 and G0W0


• ML spectra for MD trajectories

39J. Westermayr and R. Maurer, Chem. Sci. 12, 10755 (2021)

J. Westermayr and P. Marquetand, Chem. Rev. 121, 9873 (2021)



Mapping bands to Hamiltonian

• tight-binding parameterisation for graphene defects

• varied H matrix elements to match reference bands

• variable nearest-neighbour cutoff (up to 10)

40C. Schattauer, et al., npj Comput. Matter 8, 1 (2022)



Designer Hamiltonian

• successfully identified the H

• fast calculation of derived 

properties

• generalisable to 3D

41

flower defectvacancy defect

C. Schattauer, et al., npj Comput. Matter 8, 1 (2022)
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Summary

milica.todorovic@utu.fi

• deep learning can be used to  
learn spectroscopy!


• community effort needed: dataset 
quality, standards, digitalisation


• method development needed: 
invertibility and uncertainty
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