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Abstract. This article provides a short review of interesting results on application of modelling and computation in
understanding and prediction of quantum materials. Modelling and computation are used in understanding structure–
property relationship, designing novel functionality in existing materials and prediction of new materials with targeted
properties. Examples are drawn from applications in uncovering structure–property relation in high Tc cuprate superconductors, low-dimensional quantum spin systems, engineering cooperative spin crossover phenomena in magnetic
hybrid perovskites and coordination polymers, and machine learning assisted prediction of magnetic double perovskites
and permanent magnets.
Keywords.

1.

Quantum materials; density functional theory; machine learning; prediction.

Introduction

The importance of materials in human civilization is so
much that different periods of human civilization have been
named after materials, starting from stone age to bronze
age, iron age and plastic age to modern time of silicon age.
It was the far-sight of Leonardo da Vinci who proposed that
future age is going to be the age of designed materials [1].
There is a huge role of materials in advancement of
Quantum Science and Technology, since the information is
physically encoded in materials. On the way to quantum
technology, new physical concepts, phenomena, functionalities and materials are expected to be explored. Theoretical concepts like Majorana-based quantum computation [2]
for concept realization needs designing of materials candidates, coined as Quantum Materials. Quantum materials are
materials exhibiting properties dominated by quantum
fluctuation, quantum entanglement, quantum coherence—
all being manifestation of quantum mechanical effect.
Understanding and prediction on Quantum Materials
need synergy and collaborative efforts between Nano- and
Meso-scale Science, Advanced Instrumentation, Materials
synthesis as well as Modelling and Simulation. In this
short review article, we demonstrate some practical
application of modelling and computation in understanding and prediction of quantum materials. We will
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consider primarily three categories of problems: (a) understanding structure–property relationship in known
Quantum Materials with known properties, (b) designing
of new functionalities in known materials and (c) prediction of new Quantum materials altogether with targeted
properties.
This short review presents only a brief summary
highlighting interesting result, and for the details, the
reader is encouraged to read the original papers.

2. Understanding materials properties: structure–
property relationship
Understanding structure–property relationship is modern
paradigm in materials science. However, these relationships are often not linear, posing a challenge. The aim is
to filter out crystal/chemical information of the materials
and identify the key quantity influencing the properties.
The application of such computational approach is shown
to have significant impact in materials design and discovery. The understanding thus gained can be used for
optimization of properties. In the following, we will
highlight the power of density functional theory (DFT)
[3] based computation in addressing such problems considering the example of high Tc cuprate superconductivity
and low-dimensional quantum spin systems.
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High-Tc cuprates

The high temperature superconductivity in cuprate compounds has been one of the most discussed topic [4] of
condensed matter physics in recent time. These compounds
share a common temperature-doping phase diagram, which
shows a dome-shaped superconducting phase that sets in
within a certain doping range, with maximum superconducting Tc achieved at optimal doping [5]. Although the
compounds belonging to these family share the common
structural motif of stacked copper-oxide planes with different doping/insulating layers in between, the maximum Tc
at optimal doping is found to show a wide range, from a
value of *40 K for La2CuO4 to *90 K for HgBa2CuO4
among the single-layer materials [5]. In spite of the fact that
till date there is no clear consensus on the theory of
superconductivity of these compounds, it is intriguing to
find out what causes this wide variation in the Tc at optimal
doping among different cuprate compounds. Is there a
structural parameter connecting the variation in superconducting Tc? To answer this question, DFT-based computations were carried out [6]. Figure 1a shows the calculated
band structure of undoped La2CuO4 and HgBa2CuO4
compounds. As is seen, at the zero of the energy, set at
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Fermi level, there is a single band that crosses Fermi level,
which is the antibonding Cu x2–y2–Opr band. Although the
basic features of this single band crossing the Fermi level
appears to be the same between two compounds, their
details are different, giving rise to Fermi surface (cf. insets)
that is more rounded for HgBa2CuO4, and more squarish for
La2CuO4. The difference in electronic structure of the two
compounds gets manifested in the wavefunction that
describes the single band of the two compounds, as shown
in figure 1b. The wavefunctions reflect the antibonding
combination of Cu x2–y2, and O px and O py, along with
mixing from Cu 3z2–r2 and Cu s character. We find that the
wavefunction for HgBa2CuO4 is far more delocalized
compared to that of La2CuO4. Expressing the extent of the
wavefunction by a dimensionless range parameter, ‘r’, as a
ratio of first and second nearest-neighbor hopping integrals.
The value of ‘r’ turns out to be 0.33 for HgBa2CuO4, as
opposed to 0.17 for La2CuO4 [6]. Considering the structure
of cuprate compounds, each Cu2? ion is surrounded by four
in-plane oxygen and two out-of-plane, apical oxygen (see
figure 1c). The study [6] revealed that the structural
parameter, apical oxygen to Cu–O plane distance strongly
influence the range parameter (cf. figure 1d). Shorter this
distance, smaller is the range parameter. Upon increasing

Figure 1. (a) DFT band structure of undoped La2CuO4 (left) and HgBa2CuO4 (right) plotted along the high symmetry points of the
Brillouin zone. The zero of the energy is set at Fermi level. The inset shows the Fermi surfaces. (b) The wavefunction describing the
single band crossing Fermi level for the two compounds. Plotted are the constant value surfaces, with positive and negative lobes of the
wavefunctions coloured as red and blue, respectively. (c) The typical crystal structure of high Tc cuprate compounds, shown for the
representative case of La2CuO4. (d) The range parameter, ‘r’ (see text), plotted as a function of Cu-apical oxygen distance. Marked are
the different high Tc compounds along with their superconducting transition temperature at optimal doping. (e) The range parameter,
‘r’, plotted against the measured superconducting transition temperature at optimal doping for various known hole-doped compounds.
Figure adapted from reference [6].
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this distance, the range parameter increases, being saturated
beyond a critical value of the apical oxygen-Cu distance.
Repeating the exercise for the entire family of known holedoped cuprate compounds, brought out a remarkable trend
of maximum Tc at optimal doping correlating with the range
parameter, ‘r’ (cf. figure 1e) [6]. This study thus established
that apical oxygen-Cu distance is the key structural
parameter influencing the range parameter and thereby the
superconducting Tc at optimal doping [7].

2.2

Low-dimensional quantum spin systems

Low-dimensional quantum spin systems are transition
metal oxides with small spin, e.g., S = 1/2 for compounds
with transition metal ions Cu2?/V4?/Ti3? or S = 1 for
compounds with Ni2?/V3? [8]. The smallness of the spin
makes the quantum nature of spin important. The compounds though structurally are three-dimensional, the
magnetic interactions are highly anisotropic, thereby
reducing the magnetic dimensionality from three to one
or two. These compounds provide a fascinating playground to study properties dictated by quantum fluctuations, namely spin-gap states, spin-charge separation,
quantum criticality, superconductivity, etc. What is challenging however, often true nature of the magnetic
exchange networks are not what is expected from crystal
structure. This calls the need for microscopic investigation combining the ab-initio DFT study together with
many-body solution of the ab-initio-derived spin model.
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Such an approach has been found to be highly successful
in modelling of spin Hamiltonian of a large number of
low-dimensional quantum spin compounds [9], by starting
with DFT calculation, integrating out all the degrees of
freedom other than only the magnetic degrees of freedom.
Thereby constructing the effective Wannier functions
defining the magnetic exchange paths (cf. figure 2a) [10],
based on which spin models are constructed. The derived
spin models are solved employing many-body methods
like Quantum Monte Carlo simulation or exact diagnolization to calculate thermodynamic quantities like magnetic susceptibility [11] or spin wave spectrum [12],
which can be compared to experimentally measured
susceptibility or neutron scattering data (cf. figure 2b and
c). As it appears in figure 2b, the agreement between the
calculated susceptibility based on microscopically derived
spin Hamiltonian and the measured susceptibility turn out
to be very satisfactory.

3.

Prediction of new functionalities in known materials

It is of utmost importance to design new functionalities in
materials that already exist or have been synthesized. A
strong feedback mechanism between computation and
experiment investigation can turn out to be highly successful in this context. Since the materials already exist,
the predictions from computation can be readily tested in
the laboratory, and can be carried forward if turns out to
be promising.

Figure 2. (a) The overlap of DFT-derived effective Wannier functions at magnetic sites defining the magnetic exchange path between
two Cu2? ions in CuTe2O5. For the Wannier functions, shown are the constant value surfaces, with positive and negative lobes of the
wavefunctions coloured as magneta (black) and cyan (white), respectively, at two different sites. Figure adapted from reference [10].
(b) The comparison of calculated magnetic susceptibility considering different spin models (shown in lines with different styles) in
comparison to experimentally measured data (shown in circles) for Na2V3O7. Figure adapted from reference [11]. (c) Calculated spin
wave spectrum for Zn2VO(PO4)2. The colour variation defines the strength of magnetic structure factor S(Q,x) with lowest strength
coloured as black and highest strength coloured as white. Figure adapted from reference [12].
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3.1 Computational design of metal–organic complexes
and coordination polymers with spin-switchable
functionalities
The properties of metal–organic complexes can be manipulated by external means due to the presence of flexible
organic ligands. In particular, for transition metal-based
metal–organic complexes with d-occupancy between 4 and
7, the spin state of the transition metal can be either in high
spin state (HS) or low spin (LS) state depending on the
external condition. A crossover between the two spin states
may take place by application of temperature, pressure or
light irradiation, an attribute known as spin-crossover
(SCO) [13]. SCO materials are promising materials for
various technological applications, such as spintronics
devices, photo-switches, colour displays, information
shortage units. These technologically important materials
are however challenging for materials-specific, predictive
theoretical descriptions, due to the presence of strong
electron–electron correlation in the open d-shell of the
metal centres, complex geometry of the materials containing several hundreds of atoms, and reliable presentation of
electronic and structural changes under external
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perturbation [14]. DFT supplemented with Hubbard U
correction (DFT?U) [15] together with ab-initio molecular
dynamics [16] turned out to a viable computational
approach for describing such materials. A central issue in
this context is to design cooperativity in SCO phenomena so
that instead of crossover, the low spin–high spin change
shows up as a sharp spin transition possibly with associated
hysteresis effect, thereby opening up the application possibility of SCO compounds as memory devices [17].
Coordination polymers and magnetic hybrid perovskite
compounds, both exhibit strong coupling between molecular units containing SCO centres, and thus may satisfy as
possible candidate materials exhibiting cooperative SCO.
While the coordination polymers are known and have been
explored extensively [18], magnetic hybrid perovskites [19]
have not been investigated for SCO properties though they
have been synthesized and proposed as candidate materials
for multiferroicity. Recent computation predicted cooperative SCO properties in two specific Fe-based hybrid perovskites, namely dimethylammonium iron formate
(DMAFeF) and hydroxylammonium iron formate (HAFeF),
upon application of moderate strength of hydrostatic pressure, along with large hysteresis [20]. Both the transition

Figure 3. (a) The crystal structure (top panels) and pressure-induced cooperative spin-crossover (bottom panels) in Fe formate-based
hybrid perovskites with choice of two different A cations, dimethylammonium (DMA) and hydroxylammonium (HA). Figure adapted
from reference [20]. (b) The crystal structure (top panel) and predicted combined temperature–pressure induced spin-state transitions in
bimetallic Fe-Nb coordination polymer with S = 0 low-spin (LS) state of Fe, S = 1 intermediate spin (IS) state of Fe with parallel
alignment between Fe and Nb spins, HS-1 state with Fe at S = 2 HS state antiparallely aligned to Nb spin and HS-2 state with Fe at
high-spin (HS) S = 2 state parallely aligned to Nb spin. Figure adapted from reference [21].
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Figure 4. (a) Various steps of machine learning algorithm followed for prediction of new magnetic 3d-4d/5d transition metal-based
double perovskites. Figure adapted from reference [23]. (b) DFT calculated electronic and magnetic states of predicted double
perovskite compounds. Figure adapted from reference [23]. (c) Machine learning assisted prediction of low-cost rare-earth-transition
metal-based permanent magnets (PM). Figure adapted from reference [24].

pressure and the width of the hysteresis were found to be
strongly dependent on the choice of A-site cation,
dimethylammonium or hydroxylammonium, suggesting
tuning of spin-switching properties achievable by chemical
variation of the amine cation in the structure (figure 3a).
Similarly a combined temperature–pressure induced spinstate transitions involving high-spin, intermediate spin and
low-spin state of Fe was predicted in bimetallic Fe-Nb
coordination polymer along with tunability of Fe-Nb magnetic exchange (figure 3b) [21].
These predicted novel functionalities should be tested in
experimental measurements. Predicted transition pressures
of few GPa and transition temperature of few 100 K make
verification of these prediction, and discovery of new
functionalities in laboratory feasible.

4.

be suggested and tested in laboratory. Combination of
machine learning, trained by materials database and firstprinciples calculations together with statistical mechanical
tools is used for this purpose.
It would be an enormous task to identify new
stable compounds using first-principles calculations due to
different levels of complexities. Firstly, this would
involve testing the stability of a hypothetical compound
against all other possible phases, which are very often
hard to guess without knowing the synthesis protocol.
Secondly, the dynamical stability of the new compounds
must be ensured making the computation further expensive. It is thus worth to use a multipronged approach to
this problem by applying machine learning to screen the
most probable compounds, followed by further characterization of their properties through application of stateof-the-art first-principles calculations.

Design of new materials with targeted properties

In designing materials with targeted properties like
magnetism, superconductivity, topological characters,
computation plays a big role. The synthesis and optimization of properties of real materials in experiment is
both time-consuming and costly, being mostly based on
trial and error. Computational approach in this connection
is of natural interest to screen materials, before they can

4.1 Machine learning assisted prediction of magnetic
double perovskites
Double perovskite compounds, with general formula
A2BB0 O6 derived out of more commonly known transition
metal perovskites ABO3 by expanding the cell twice and
putting two different transition metal atoms B and B0 instead
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of a single transition metal atom as in perovskite structure,
have drawn significant interest due to their intriguing magnetic properties [22]. While several of these compounds have
been made, a large number of possible B–B0 combinations
have not attempted to be made. It is an worthwhile exercise to
expand this family in search of new magnetic compounds. In
a recent study [23], combination of computational tools, a
machine-learning technique for screening of stable candidates, an evolutionary algorithm for crystal structure determination,
and
first-principles
calculations
for
characterization of electronic and magnetic properties, has
been used to make predictions on magnetic double perovskites, which are yet to be synthesized (figure 4a). Out of
412 scanned candidates with 3d-4d and 3d-5d combinations
of transition metals at B and B0 sites, an appreciable number
of 33 compounds were found to form stable double-perovskite structures. Out of these 33 compounds, 25 compounds
were further considered for characterization of their structure
and properties. This computation study predicted 21 new
double perovskites of varying magnetic and electronic
properties, ranging from ferromagnetic half metals to ferriand antiferromagnetic insulators to ferromagnetic metals and
a rare example of antiferromagnetic metals (figure 4b) [23].
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In another application, combination of machine learning and
ab-initio DFT calculations was used [24] for prediction on
new low-cost rare-earth(R)-transition metal (M) based permanent magnets. A candidate material for permanent magnet
must satisfy the following requirements: (a) high spontaneous
or saturation magnetization, at least around 1 Tesla, (b) a
Curie temperature (Tc) high enough for the contemplated
devise use, 600 K or above, and (c) sufficiently high easy-axis
coercivity (Ku) [25].
Based on training set constructed out of experimental
dataset of known permanent magnets, the machine was
trained [24] to make predictions on magnetic transition
temperature (Tc), largeness of saturation magnetization
(l0Ms), and nature of the magnetocrystalline anisotropy (Ku).
Subsequently, the quantitative values of magnetization and
easy-axis anisotropy of the yet-to-be synthesized 2-17-X
magnets, Ce2Fe17-xCoxCN compounds, screened by
machine learning, were calculated by first-principles DFT
(figure 4c). The study indicated a number of compounds in the
proposed family, offering the possibility to become solution
of low-cost and efficient permanent magnet.

While application of first-principles DFT-based calculations have been widely used to compute and provide support to experimental observations, a crucial aspect is the
understanding. The analysis of DFT results often in combination with model study lead to understanding of the
microscopic origin of properties, namely the structure–
property relation. Understanding of such relationship provides suggestion to optimization of materials properties.
This powerful tool has been applied and exploited a lot in
advancement of research in quantum materials worldwide.
In this article, we have discussed two such applications,
high Tc cuprate superconductors and low-dimensional
quantum spin compounds.
DFT-based computation is also powerful in predicting
and discovering new functionalities in already synthesized
compounds, known for some other functionalities, as
discussed in this article for designing cooperative spin
crossover in magnetic hybrid perovskites and bimetallic
coordination polymers.
While understanding of quantum materials heavily rely
on use of DFT and analysis of models derived out of DFT,
for the prediction of new materials, a powerful tool is the
machine-learning assisted high-throughput computation. In
recent times, high-throughput computational materials
design has become an emerging area of materials science.
In this approach, new materials have been computationally
predicted by combining advanced thermodynamic and
electronic-structure methods with intelligent data mining
and database construction. In this article, we discuss
application of this method for prediction of new magnetic
double perovskites and low-cost rare-earth-based permanent
magnets.
Material matters, with new materials in design being the
focus of the modern-day materials physics and chemistry.
Quantum materials in this respect serve as a playground for
future.
Finally, while the examples discussed in this article
describe the successes of DFT-based computational tools in
understanding quantum materials, there are associated
challenges like description of strong electron–electron correlation effect in open d-shell or f-shell of compounds
containing transition metal or rare earth, handling of
physical phenomena that require handling of external perturbation-dependent changes of properties. Various different computational tools like DFT?U or ab-initio molecular
dynamics are used in overcoming these challenges. Further
advancement of computational techniques and algorithms
are in progress in overcoming the challenges.

5.

Acknowledgements

4.2

Prediction of low-cost permanent magnets

Conclusion

In this short review, we demonstrate with few examples
the application of computation and modelling in understanding and prediction of quantum materials.
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