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Abstract

Accelerating the Discovery of New Energy Materials by High-Throughput

Computational Search
by

Jiaoyue Yuan

The quest for sustainable, efficient energy systems is more pressing than ever as we step
into the 21st century. Finding the suitable materials for a specific technology is a very
challenging task. The required properties can be unique to particular chemical com-
positions and structures. Furthermore, achieving high performance often demands the
precise alignment of multiple interacting properties, which can have competing effects.
Additional economic constraints, such as the cost of raw materials and the manufactur-
ing process, further add to the challenges. Traditionally, this journey has been ardu-
ous, relying on slow and laborious experimental techniques. One pivotal approach that
has revolutionized the pace and efficiency of this discovery process is High-throughput
screening (HTS). HTS is a powerful and systematic methodology that enables the rapid
evaluation of a large number of materials in a relatively short period by leveraging large
databases, accurate and efficient computational techniques including ab initio calcula-
tions and machine learning. When large libraries of materials are screened based on
specific properties or descriptors, only a limited amount of the most promising ones pass
to the final stage for further validation through expensive calculations and experiments.
This thesis aims to develop HTS pipelines on finding promising candidates for two en-
ergy applications: thermoelectric materials that convert heat into electricity, allowing for
waste heat recovery, and magnetocaloric materials that serve an environmental friendly

cooling technology. The integration of predictive models and screening pipelines signif-
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icantly reduces the time and cost associated with material discovery, transforming the
traditional methods of discovering and developing novel materials.

In the pursuit of innovative solutions for sustainable energy, thermoelectric materials
hold undeniable potential to transform energy generation. They possess the unique abil-
ity to convert thermal energy into electricity, offering promising avenues for harnessing
waste heat and enhancing energy efficiency. Achieving high thermoelectric performance
requires efficient manipulation of thermal conductivity and a fundamental understand-
ing of the microscopic mechanisms of phonon transport in crystalline solids. One of the
major challenges in thermal transport is achieving ultralow lattice thermal conductivity.
We use the anti-bonding character of the highest-occupied valence band as an efficient
descriptor for discovering new materials with an ultralow thermal conductivity. We first
examine the relationship between anti-bonding valence bands and low lattice thermal
conductivity in model systems PbTe and CsPbBrs. Then, we perform a high-throughput
search in the Materials Project database and identify over 600 experimentally stable bi-
nary semiconductors and report the anti-bonding strength in their valence bands. From
our candidate list, we conduct a comprehensive analysis of the chemical bonds and the
thermal transport in the XS family, where X=K, Rb, and Cs are alkaline metals. These
materials all exhibit ultralow thermal conductivities less than 1 W/(m K) at room tem-
perature despite simple structures. We attribute the ultralow thermal conductivity to the
weakened bonds and increased phonon anharmonicity due to their anti-bonding valence
bands. Our results provide chemical intuitions to understand lattice dynamics in crystals
and open up a convenient venue towards searching for materials with an intrinsically low
lattice thermal conductivity.

In another search for new energy materials, magnetocaloric materials are requested
as promising candidates for energy-efficient and eco-friendly cooling technologies. These

materials exhibit the magnetocaloric effect, where their temperature changes in response
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to the addition or removal of an external magnetic field. This unique property opens
doors to environmentally friendly refrigeration systems since it eliminates the need for
refrigerants with high global warming potential. Magnetic cooling based on the mag-
netocaloric effect is a promising solid-state refrigeration technology for a wide range of
applications in different temperature ranges. Previous studies have mostly focused on
near room temperature (300 K) and cryogenic temperature (<10 K) ranges, while impor-
tant applications such as hydrogen liquefaction call for efficient magnetic refrigerants for
the intermediate temperature 10 K to 100 K. For efficient use in this range, new mag-
netocaloric materials with matching Curie temperatures need to be discovered, while
conventional experimental approaches are typically time-consuming and expensive. In
this work, we report a computational material discovery pipeline based on a materials
database containing more than 6000 entries auto-generated by extracting reported mate-
rial properties from literature using a large language model. We then use this database
to train a machine learning model that can efficiently predict magnetocaloric properties
of materials based on their chemical composition. We further verify the magnetocaloric
properties of predicted compounds using ab initio atomistic spin dynamics simulations
to close the loop for computational material discovery. Using this approach, we identify
11 new promising magnetocaloric materials for the target temperature range. The joined
force of Al advances and high-throughput search pipelines enables more efficient predic-
tion and iteration. Together they are revolutionizing the conventional ways to discover

new materials.
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Chapter 1

Introduction

1.1 Navigating the Future of Energy

As we step into the 21st century, it’s widely recognized that the future energy land-
scape faces numerous challenges. The quest for sustainable, efficient, and accessible
energy sources is more pressing than ever, given the looming threats of climate change,
dwindling fossil fuel reserves, and the escalating demand for energy driven by global pop-
ulation growth and industrialization. The world’s current energy infrastructure, heavily
reliant on fossil fuels, is unsustainable. The burning of coal, oil, and natural gas is a
major contributor to greenhouse gas emissions, leading to climate change and environ-
mental degradation. Moreover, they may no longer be viable as primary energy sources
due to the finite nature of these resources. This scenario requires a pivotal shift towards
renewable energy sources such as solar, wind, hydro, and bioenergy. However, the tran-
sition is fraught with technological, economic, and logistical challenges, many of which
are deeply intertwined with the materials used to harness, store, and transmit energy.

At the heart of solving these multifaceted energy challenges lies the field of material

science, a domain that holds the keys to unlocking revolutionary energy technologies.
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Introduction Chapter 1

Whether it’s improving the efficiency of solar panels, extending the life of batteries, or
developing new materials for sustainable refrigeration systems, the advances in material
science directly influence the viability and performance of renewable energy solutions.
The ability to engineer materials at the atomic or molecular level opens up unprecedented
possibilities for energy generation, storage, and conservation.

Solar energy is one of the most promising renewable sources. The efficiency of
solar cells largely depends on the materials used to convert sunlight into electricity.
For decades, silicon has been the backbone of photovoltaic (PV) technology, primarily
due to its abundance, non-toxicity, and well-understood properties. Silicon solar cells
have seen significant improvements in efficiency, with commercial products now reach-
ing about 20-25% [2]. However, the intrinsic limitations of silicon, such as its indirect
bandgap, requires thick layers to absorb sufficient sunlight, leading to higher material
and manufacturing costs. Moreover, the efficiency of silicon solar cells is nearing its the-
oretical maximum [3], pushing researchers to explore alternative with higher potential.
Perovskites have emerged as a highly promising class of materials for next-generation
solar cells. Characterized by their crystal structure, perovskite materials offer a direct
bandgap, enabling them to absorb light more efficiently than silicon and potentially
achieve higher conversion efficiencies with significantly thinner layers. Additionally, per-
ovskite solar cells can be manufactured using low-cost solution-based processes. Despite
their advantages, perovskite cells face challenges related to durability, toxicity (due to
lead content), and long-term environmental stability [4], which are active areas of re-
search. Other emerging materials include organic photovoltaics (OPVs) and tandem
solar cells. OPVs leverage carbon-based compounds to create flexible, lightweight solar
cells that offer potential for lower production costs and adaptable applications, although
they currently face challenges in efficiency and longevity [5]. Tandem solar cells, com-

bining layers of different semiconducting materials optimized to absorb various segments
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Figure 1.1: Development in energy systems from clean renewable energy
sources. (a) Solar panels. (b) Wind turbines. (c) Electricity distribution cables. (d)
Battery as energy storage system. (e) Energy management in buildings. (f) Electric
vehicles. (g) Catalysts and photoelectrochemical devices. (h) CO2 conversion to fuels
and chemicals. (i) Carbon-capture. Illustration courtesy of Paloma Liu. [I] Reused
with the permission from Springer Nature.
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of the solar spectrum, aim to exceed the efficiency limits of single-junction cells, with
silicon-perovskite tandems showing particularly promising results [6]. With ongoing re-
search in material science, the challenges must be addressed before these new materials
can be widely adopted.

Battery is another energy technology that urges the advances in material science.
The demand for high-capacity, long-life batteries is soaring, driven by the rise of electric
vehicles (EVs) and the need for energy storage solutions for renewable energy systems.
Current lithium-ion (Li-ion) batteries are limited by the availability of lithium, cost, and
environmental concerns. Material scientists are exploring alternatives like sodium-ion
batteries, solid-state batteries, and lithium-sulfur batteries, which promise higher energy
densities, safety, and lower environmental impact. However, the reliance on lithium and
cobalt, materials that are limited in supply and associated with environmental and ethi-
cal concerns, along with safety issues related to thermal runaway, highlight the need for
alternative materials and technologies [7]. Material science research is actively exploring
alternatives to traditional anode and cathode materials to enhance battery performance
and safety. Silicon anodes, for example, can store up to ten times more lithium than
graphite anodes used in conventional Li-ion batteries, offering a significant boost in en-
ergy density [8]. Meanwhile, cathode advancements include the development of high-
nickel chemistries that reduce cobalt content, enhancing energy density while mitigating
ethical and supply chain concerns [9]. Sodium-ion (Na-ion) batteries emerge as a promis-
ing alternative, leveraging the abundant and widely available sodium element [10]. A
transformative leap would be solid-state batteries, replacing the liquid electrolytes in
conventional batteries with solid materials. Overcoming challenges related to interface
stability and manufacturing scalability remains a key focus in the field of research.

Thermoelectric materials possesses an unique feature for power generation, capi-

talizing on the direct conversion of temperature differences to electrical voltage and vice
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versa. This category of materials contribute to sustainable energy solutions for their
potential in capturing and converting waste heat from industrial processes, automotive
exhaust, and even ambient environmental heat into usable electricity. The field of ther-
moelectrics directly benefits from the exploration and development of materials that can
efficiently conduct electricity while minimally conducting heat. This delicate balance

is crucial for enhancing the thermoelectric figure of merit (Z7), a dimensionless mea-

oS*T

K Y

sure of a material’s efficiency in converting heat into electrical energy. ZT =
where T' is the temperature, S is the Seebeck coefficient, which quantifies a material’s
ability to generate a voltage in response to a temperature gradient, o is electrical con-
ductivity, and x is thermal conductivity, which has electron contribution k. and lattice
contribution k. The development of thermoelectrics materials is enabled by discover-
ing and engineering materials with high Seebeck coefficients and electrical conductivity,
coupled with low thermal conductivity [IT], 12, [I3]. This often involves complex doping
strategies, nanostructuring, and the exploration of inherently low thermal conductivity
materials [I4]. Doping, the addition of impurities to a pure semiconductor, is a com-
mon strategy used to adjust the carrier concentration, thereby optimizing the electrical
conductivity and Seebeck coefficient. Nanostructuring is a powerful technique to reduce
thermal conductivity without adversely affecting electrical properties. By introducing
boundaries and interfaces at the nanoscale, phonons (heat carriers) scatter more effec-
tively, reducing thermal conductivity. This can involve the creation of nano-sized grains,
interfaces, or the inclusion of nanoparticles within the bulk material [I5] [16, 17, 18]. In
addition, discovering new thermoelectric materials with inherently favorable properties
is another direction of research. This includes materials with complex crystal struc-
tures that naturally scatter phonons, compounds with low-dimensional structures, and
materials exhibiting strong electron-phonon coupling [19, 20]. High-throughput compu-

tational screening and machine learning are increasingly employed to predict and identify
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promising thermoelectric materials, accelerating the discovery process [21), 22], 23] 24].
Magnetic refrigeration is an innovative and environmentally friendly cooling tech-
nology that relies on the magnetocaloric effect (MCE). The MCE occurs when a magnetic
material changes temperature upon the application or removal of a magnetic field. When
the material is placed in a magnetic field, its magnetic moments align with the field. This
alignment is a more ordered state and results in a decrease in the material’s magnetic
entropy. The change in entropy must be compensated by a change in thermal energy to
maintain thermodynamic equilibrium. As a result, when the entropy decreases (as the
material orders magnetically), the material absorbs heat from its surroundings, causing
it to cool down [25]. Conversely, when the magnetic field is removed, the magnetic mo-
ments become disordered, increasing the material’s entropy. To balance this, the material
releases heat to its surroundings, leading to an increase in temperature. In a magnetic
refrigeration system, this effect is used in a thermodynamic cooling cycle. This offers
a potential alternative to traditional vapor-compression refrigeration systems, which re-
quire refrigerants that exacerbate global warming. The advancement for efficient mag-
netic refrigeration begins with identifying materials that exhibit a significant MCE. The
efficiency of MCE is often measured by the amount of temperature change the material
undergoes with the application or removal of a magnetic field and the total heat transfer
capacity of the system, which are determined by two key factors: Curie temperature
(T:) and Magnetic Entropy Change (ASys). T is a critical point for magnetic materials
where they undergo a transition from a magnetically ordered state to a magnetically
disordered state. AS); directly relates to the amount of heat absorbed or released by
the material when magnetized. So larger AS); means higher cooling capacity. T deter-
mines the optimal working temperature for an MCE material, since AS); are typically
maximized near Tx due to a sharp change in magnetization. Various classes of materials

have been explored to find candidates with large AS), at different temperature ranges.
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For example, rare earth-based materials demonstrate excellent magnetocaloric properties
at low operating temperature (T around 10K to 300 K), while transition metal-based
alloys show higher T and are more cost-effective compared to rare earth-based materi-
als [26]. In addition to finding the suitable refrigerants, more challenges including cost for
generating strong magnetic field, system integration and scaling, efficient heat transfer
systems need to be addressed for widespread adoption of magnetic refrigeration [27].
The journey to overcome these material challenges is complex and multidisciplinary,
involving physicists, chemists, engineers, and environmental scientists. The discovery
of new materials and the optimization of existing ones are taking actions to address the
global energy challenge. As this chapter has introduced, innovations in solar cells, battery
storage systems, thermoelectric materials, and magnetic refrigeration and beyond are
pivotal for the advancement of clean energy solutions. It is within this context that the
focus of this thesis narrows, concentrating specifically on the search for new promising

candidates suited for thermoelectric applications (Sec. |1.3) and magnetic refrigeration

(Sec. [L.4).

1.2 High-throughput Search in Material Science

High-throughput Search (HTS) in material science represents a transformative ap-
proach to the discovery and optimization of new materials, leveraging the power of au-
tomation and computational techniques to rapidly screen vast libraries of compounds.
This methodology marks a paradigm shift from traditional, slow, and often serendipitous
material discovery processes towards a more systematic, efficient, and predictive frame-
work. The foundation of HTS is built upon the integration of computational methods,
such as density functional theory (DFT), machine learning algorithms, and availabil-

ity of large databases. Computational methods provide the ability to predict material
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Descriptors
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Most promising
candidates

==) Experiments

Figure 1.2: Tiered high-throughput search in computational material sci-
ence. This process involves a funnel-like approach to evaluate properties or descrip-
tors, starting with simpler, minimal computations and progressively moving to more
complex and computationally demanding ones. Adapted with permission from Annual
Review of Materials Research.

properties and identify promising candidates by simulating their electronic, mechanical,
and thermal behaviors at the atomic level. Machine learning algorithms further accel-
erate the searches by learning from existing data, improving prediction accuracy, and
most importantly reducing the computational cost associated with simulations. Large
databases are make available by open access resources and data mining techniques that
can sift through extensive unstructured data. Together, the pipeline can rapidly narrow
down the vast space of possible materials to a manageable number of candidates for
experimental synthesis and characterization, thereby streamlining the discovery process.

Recent studies based on high-throughput search methodologies have significantly ad-
vanced our understanding and discovery of materials with promising applications in var-

ious domains. One of the very first studies that utilized HTS focused on thermoelectrics
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material and thermal conductivity management. This study combined the inorganic crys-
tal structure database and an automated band structure analysis using augmented plane
wave method. After performing ab initio calculations for 570 compounds screened from
1,630 Sb containing compounds in the Inorganic Crystal Structure Database, LiZnSb
was identified as a potential thermoelectric material with excellent anisotropic lattice
thermal properties [22]. In another study, the search for thermoelectric materials with
inherently low lattice thermal conductivity led to the discovery of Cu3ErTe3 through
screening of over 27,782 entries from the Materials Informatics Platform, demonstrat-
ing the material’s low sound speed and promising thermoelectric performance at high
temperatures [23]. Additionally, an innovative approach employing machine learning al-
gorithms and automatic ab initio calculations has been applied to estimate the thermal
conductivity of 450 half-Heusler compounds out of 79,000 entries in the AFLOWLIB.org
database, revealing a wide variance in thermal conductivities and identifying candidates
with exceptionally low values for experimental validation [24]. High-throughput ab initio
computing also contribute to other areas of research in material discovery. For example,
in the quest for superior lithium intercalation cathodes, one study has spotlighted new
mixed polyanions compounds by HTS, suggesting them as candidates for high-capacity
and specific energy cathode materials for lithium-ion batteries [2§]. In another study
looking for magnetic refrigerants, HoBy was found to be one of the best candidates so far
through data mining, machine learning, ab initio calculations and experimental verifica-
tion [29]. These are a few examples of many HT'S studies that combine the power of large
databases, ab initio calculations, and machine learning. Especially with the development
and widespread adoption of machine learning techniques since 2012, the computational
cost in HTS pipelines can be further reduced by incorporating state-of-the-art machine
learning methods from statistical models to artificial neural networks. Collectively they

highlight the remarkable potential of HTS techniques in material science, accelerating the
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discovery and optimization of materials for critical applications in energy systems. While
computational approaches are at the heart of high-throughput searches, their integration
with automated experimental techniques is crucial for validating predictions and refining
models. Recently, an autonomous system called A-Lab, which integrates robotics and
artificial intelligence (AI), has unveiled its first set of material discoveries with potential
applications in batteries and solar cells. [30]. Concurrently, another AT system developed
by Google has identified hundreds of thousands of stable material candidates for future
exploration by the A-Lab [31]. The integration of Al with high-throughput screening
in robotic systems marks a thrilling advancement in the field of materials science and
beyond. This fusion accelerates the pace of discovery not only in the predictive com-
putational methods, but also allows automation in experimental synthesis and analysis.
With Al-driven insights guiding the experimentation process, robotic systems can execute
complex tasks with remarkable efficiency and minimal human intervention.

Another recent technology with the potential to revolutionize a wide range of scientific
domains is Large Lange Models (LLMs). With their remarkable capabilities in processing
and generating human-like text, LLMs are capable of providing information across a wide
range of topics. Especially with proper prompt engineering (craft effective input text,
i.e., prompts) to guide LLMs (and generally Al systems), they are capable of generating
desired outputs tailored to specific tasks. The integration of LLMs, such as GPT-4, into
the framework of high-throughput search in material science opens up opportunities for
extracting information from vast amounts of unstructured data for database creation or
property prediction. Their potentials extend beyond materials science to various scientific
disciplines [32]. These Al advancements introduces a new era of scientific exploration and

technological progress.
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1.3 Thermoelectric Materials

Thermoelectric materials offer a fascinating glimpse into the future of energy, holding
the promise to convert waste heat into electricity. The fundamental physics of thermo-
electric materials revolves around the Seebeck effect, which enables the conversion of a
thermal gradient into an electric voltage. This phenomenon arises due to the movement
of charge carriers in response to temperature differences within the material. The intrin-
sic qualities of thermoelectric materials, including electrical conductivity (o), thermal

conductivity (), and the Seebeck coefficient (S), collectively govern their thermoelec-

oS%T
K

tric efficiency ZT = , known as the thermoelectric figure of merit, where 7" is the
temperature. To maximize this value, one major challenge is to minimize the lattice
thermal conductivity x; while maintaining the electrical conductivity o. Previous stud-
ies have successful developed techniques to manipulate phonon transport by introducing
defects and/or interfaces [33, [15], 16l 17, 18]. However, these extrinsic approaches can
also interfere with electron transport [14], thus compromising the efficiency. For this rea-
son, crystalline materials with an intrinsic ultralow thermal conductivity are particularly
desirable.

The conversion between thermal and electrical energy makes thermoelectric materials
valuable for both power generation and temperature control. The thermoelectric energy
conversion is illustrated in Fig. [[.3] The Seebeck effect allows them to transform a
substantial amounts of waste heat, generated by various industrial processes such as
automotive, manufacturing, and power plants, into usable electrical energy. They are also
suitable for space missions to generate electricity from heat sources in limited space and
maintenance capabilities. The reverse of Seebeck effect, known as the Peltier effect, can
be utilized for environmentally friendly cooling applications. The Peltier effect involves

the absorption or release of heat when an electric current passes through a junction

11
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of two dissimilar conductors, enabling active heating or cooling. This type of solid-
state refrigeration offers a promising alternative to traditional vapor compression systems
for key advantages in the compactness, environmental considerations, and precision in
temperature control [34]. Thermoelectric modules are typically compact and lightweight,
making them suitable for applications where space and weight are critical considerations.
Additionally, they require no moving parts, whereas traditional refrigeration systems use
compressors and fluids and thus can be prone to mechanical failures. Some thermoelectric
materials are non-toxic, and the absence of refrigerants with high global warming or
ozone depletion potential is an advantage for long term environmental goal. Lastly,
the temperature control in thermoelectric refrigeration is highly responsive, allowing
for precise and rapid adjustments to the cooling process. This feature is valuable in
applications where maintaining a specific temperature is critical, such as in laboratories
or medical storage.

The field of thermoelectric materials is multifaceted, encompassing a range of com-
pounds with unique properties tailored for specific applications in targeted temperature
ranges. Bismuth Telluride (BiyTes) is one of the most well-known and widely used ther-
moelectric materials for room temperature applications. It has low thermal conductivity
of around 1.5 W/mK at room temperature, which is attributed to strong phonon an-
harmonicity [35]. The optimal ZT of BiyTes and its alloys can exceed 1 [21], 17, 136].
Lead Telluride (PbTe) is another highly efficient thermoelectric material, especially at
medium to high temperatures (500 K to 900 K). Its efficiency is attributed to its narrow
bandgap, high carrier mobility, and intrinsic low thermal conductivity [37]. Its thermal
conductivity is relatively low, about 2.2 W/mK at room temperature, and the Z7T value
can reach 2 by alloying. PbTe and its alloys are used in power generation applications,
particularly for recovering waste heat from industrial processes or automotive exhausts.

Another material with even higher ZT value of 2.6 in a similar temperature range (500-

12
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Figure 1.3: Illustration of the principles of thermoelectric material applica-
tions. (a) Seebeck Effect: The illustration shows a thermoelectric material con-
nected to a load resister, with one end heated (red) and the other end cooled (blue),
demonstrating the electrical voltage due to the temperature gradient. This effect is
the basis for thermoelectric generators (TEGs) that convert waste heat into electrical
energy. (b) Peltier Effect: This panel highlights the working principles of ther-
moelectric coolers (TECs), with electrical current flowing through a thermoelectric
material, causing one junction to absorb heat (blue) and the other to release heat
(red), thus creating a cooling effect. This principle is utilized in cooling applications
for electronic devices Reproduced with the permission of Free Software Foundation,
Inc. under GNU Free Documentation License.
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900 K) is Tin Selenide (SnSe). This high ZT value can be credited to an ultralow thermal
conductivity of 0.2-0.7 W/mK [38]. Research has focused on enhancing the ZT value
of these group IV materials through doping, introducing nanostructures, and creating
phonon scattering centers to further reduce thermal conductivity [39, 40} 411, 42]. Skut-
terudites, with a general formula of MX3, where M is a metal such as Co, Rh, or Ir, and X
is a pnictogen such as P, As, or Sh, are notable for their “phonon-glass electron-crystal”
(PGEC) behavior [43]. This characteristic allows them to have low thermal conductivity
due to strong phonon anharmonicity while maintaining good electron mobility. Their
thermal conductivity can be exceptionally low, often below 1 W/mK, due to the phonon
scattering by heavy atom fillers or voids in their structure. This low thermal conductivity
is a significant factor in their potential for high thermoelectric efficiency [21], [13]. Silicon
Germanium (SiGe) alloys and half-Heusler compounds (XYZ, where X and Y are metals
and Z is a semiconductor) are critical in high-temperature thermoelectric applications,
such as space power generation [I6]. A ZT of around 1.0 near 1000 K has been achieved
for both n-type and p-type half-Heusler compounds compounds [44]. Although the bulk
ZT value for SiGe is lower than that of some other materials, it can be boosted to 0.5
or even up to 2 by alloying in nanowire structures [45]. Both materials combine good
thermoelectric properties with high mechanical strength and thermal stability, making
them suitable for use in harsh environments. Researchers in thermoelectric materials
focus on reducing thermal conductivity while maintaining and/or enhancing electrical
properties. Techniques such as nanostructuring, alloying, and the development of com-
posite materials are explored to achieve lower thermal conductivities and higher figure
of merit ZT values [21].

The ongoing research and development in this field are not only focused on improving
the efficiency of existing materials but also on discovering new materials with higher per-

formance and environmental compatibility. Emerging technologies including topological
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insulators and quantum dot-based materials are gaining attention for their potential to
push the boundaries of thermoelectric efficiency [46], 147, 48]. Organic and hybrid materi-
als are explored for cost effectiveness and sustainability compared to traditional inorganic
thermoelectric materials [49]. In this quest, HTS through the incorporation of machine
learning and computational methods holds promise in identifying optimal compositions
and structures for thermoelectric materials. In Chapter 2 I will introduce our HTS work
that uses anti-bonding valence band as an effective descriptor to identify materials with

intrinsic ultralow thermal conductivity.

1.4 Magnetocaloric Materials

In the search for sustainable and efficient cooling technologies, magnetocaloric materi-
als emerges as a revolutionary force. These materials enable refrigeration for a wide range
of applications in different temperature ranges through the magnetocaloric effect (MCE),
where magnetic material changes temperature when exposed to a changing magnetic field.
When an external magnetic field is applied, the material’s magnetic moments (atomic
magnetic orientations) tend to align with the field. This alignment reduces the material’s
magnetic entropy, and as a result, it releases thermal energy, causing the material to heat
up [25]. Conversely, when the magnetic field is decreased, the magnetic moments in the
material become disordered again. This increases the magnetic entropy, and thermal
energy needs to decrease under adiabatic conditions, causing it to cool down. When the
magnetization and demagnetization processes alternate, a thermodynamic cooling cycle
is formed. Unlike other cooling methods that rely on harmful refrigerants or moving
parts, magnetic refrigeration stands out for its solid-state and cryogen-free nature, large
Coefficient Of Performance (COP), reliability and compactness [27]. These advantages

make magnetic refrigeration attractive for space applications, scientific instruments, and
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Figure 1.4: Working principles of magnetic refrigeration. (a) Sketch of a mag-
netocaloric material alternately absorbs and releases heat as it is exposed to and re-
moved from an external magnetic field, leading to a temperature change. (b) Analogy
between magnetic refrigeration and conventional vapor compression cooling. H = ex-
ternal magnetic field; Q = heat; P = pressure; AT,,; = adiabatic temperature change
during operation. In a working cycle, this material first absorbs heat from the envi-
ronment, cooling the surrounding area when magnetized, and then expels heat upon
demagnetization, which is carried away by a heat exchange fluid, completing the cool-
ing cycle. Panel (b) is licensed under the Creative Commons Attribution-Share Alike
4.0 International license.

as an eco-friendly alternative to conventional cooling such as vapor compression refriger-
ation. A comparison of the work cycles of magnetic refrigeration and vapor compression
refrigeration is illustrated in Fig. On the other hand, the primary disadvantages
of magnetic refrigeration include high initial cost due to scare rare earth elements and
magnets to maintain strong magnetic fields, heat transfer optimization for multi-stage
systems to achieve a wide temperature range [50} 27].

As shown in the S-T diagram in Fig. the effectiveness of a magnetocaloric mate-

rial is determined by two key factors: Magnetic Entropy Change (AS),) and Adiabatic

16



Introduction Chapter 1

T b Ho
Qhot
Thot ““““““ 3 p < /’ 2
A\ N
Tcold : 1
5.1,2 f
S (J/Kg K)

Figure 1.5: S-T diagram of a thermodynamic cycle of magnetic refrigeration.
1 — 2 Adiabatic magnetization: An external magnetic field is applied, causing the
magnetic moments to align. Decreased magnetic entropy enforces an increase in lattice
entropy, resulting in an adiabatic temperature rise. 2 — 3 Isothermal Magnetization:
Magnetic field is further enhanced until the material reaches total magnetization.
Heat exchange is allowed to dump waste heat under constant temperature. 3 — 4
Adiabatic Demagnetization: The magnetic field is gradually removed, causing the
magnetic moments to be more disordered. The material cools down adiabatically.
4 — 1 Isothermal Demagnetization: The work cycle is completed until the material
is fully demagnetized. The material absorbs heat from the refrigerated environment.
The cycle starts again when thermal equilibrium is achieved.
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Temperature Change (AT,,), which can be calculated by
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Temperature- and field-dependent magnetization and specific heat are needed in the
calculation. ASy; and AT,y quantify the amount of heat absorbed or released during
the application or removal of a magnetic field. High values of both parameters sug-
gest a material that can achieve significant cooling with less energy input, making the
refrigeration process more efficient. A sharp change of magnetization with respect to
temperature is expected for high values. For this reason, AS), and AT,, are generally
maximized near Curie temperature (T¢). T¢ is the temperature at which a ferromagnetic
or ferrimagnetic material undergoes a phase transition, typically from a magnetized state
to a non-magnetized state. Thus, T determines the ideal working temperature for an
MCE material.

In this context, large magnetic moments are favorable characteristics for good MCE
candidates, such as f-metals (Gd, Tb, Dy, Ho, Er, Tm, Eu, Sm) or d-metals (Mn, Fe,
Co, Ni, Cr) with a partially filled f or d band [51]. The state-of-the-art MCE candidates
include manganese-based compounds and rare-earth-based alloys. Especially the later
exhibits strong magnetic interactions and can be tuned for specific temperature ranges.
For example, heavy rare-earth-based MCE materials, such as HoBy |29, 52], ErCo, [53],
DyAl, [54, 55], and ErAl, [54] show significant ASy,, and they are actively researched for
applications like hydrogen liquefaction because they have Ty within the required range

of around 10K to 100K [56], 57, 58]. Room temperature candidates such as ferromag-
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netic perovskite manganites R; ,M,MnQOgs, where R=La, Nd, Pr and M=Ca, Sr, Ba,
etc are studied systematically for their low material processing cost compared to other
magnetocaloric compounds [59)].

Previously, the identification of MCE materials primarily involved an experimental
approach encompassing synthesis and characterization. This process tends to be costly,
time-intensive, and frequently depends on a trial-and-error methodology. To push for-
ward, utilizing HTS and computational modeling can accelerate the identification of
novel materials with superior MCE properties. Recent studies that incorporated den-
sity functional theory (DFT) and machine learning-based methods were able to pre-
dict and optimize MCE performance from physical properties while reducing material
cost [60] [61], 162 [63]. A descriptor based on magnetic deformation is used as a DFT-based
proxy to find 30 magnetocaloric candidates, and among those MnCoP is measured to
have a T¢ of 575 K and a ASy; of 6 Jkg™'K~! [64]. For lower temperature applications,
HoB,, with a remarkable AS); of 40 Jkg™'K™! and a T¢ of 15K is discovered through
a HTS employing data mining and machine learning [29]. With the power of natural
language processing, 6 Heusler compounds are identified by a mahine learning model-
ing trained on a database of 2,910 magnetocaloric compounds that is autogenerated by
sourcing from scientific literature [65]. In a study on alloyed magnetocaloric materials,
a dataset is collected on published experimental results on Fe2P-type magnetocaloric
compounds and a machine learning model is used for composition optimization to find
a promising alloy Mn; 7oFeg 30P0.635i0.37, which shows a ASj; of around 10 Jkg7'K~! in
when below 100 K as confirmed by experiments [66]. HTS aids the discovery of various
types of magnetocaloric materials for different target temperatures. However, limited
candidates were identified so far due to limitations in the size of available MCE datasets
and lacked an efficient and accurate computational methods to validate the performance

of predicted materials. Chapter |3 will present a work that offers a resolution to mitigate
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this obstacle. By overcoming existing challenges, MCE materials have the potential to

revolutionize cooling technologies in various settings and contribute to a more environ-

mentally friendly future.

20



Chapter 2

Search for Semiconductors with
Ultralow Thermal Conductivity by

Anti-bonding Valence Bands

2.1 Introduction

Crystalline solids with a low thermal conductivity have been extensively studied for
applications such as thermoelectric materials [21, 19, 20, 4], thermal insulation and
thermal barrier coatings [67]. For example, to achieve highly efficient thermoelectric
power generation or cooling, one has to overcome the challenge to minimize the lat-

tice thermal conductivity x while maintaining the electrical conductivity o to maximize

the thermoelectric figure of merit Z7T = USI: T wherein S is the Seebeck coefficient and
T is the temperature. A high figure of merit Z7T in crystalline solids requires that
the electron flow remains unimpeded while phonons get heavily scattered, a scenario
known as the “phonon-glass, electron-crystal” (PGEC) [12, 13| 68, 11I]. Some of the
most successful techniques developed for the manipulation of phonon transport include
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introducing defects [33] [15], nano/microstructural modifications using grain-boundary
engineering [16], [17] and interfaces [I§]. However, these extrinsic approaches all introduce
defects and/or interfaces that can also interfere with electron transport [14]. In this light,
crystalline materials with an intrinsic ultralow thermal conductivity are particularly de-
sirable. In previous studies, intrinsically low thermal conductivities have been achieved by
exploring phonon scattering mechanisms originating from chemical bonding and struc-
tural aspects [69) [70, [7T), [72], [73]. These include layered structures [74 [75], liquid-like
sublattices [76, [77, [7§], local structural distortions [79], ferroelectric-instability-induced
phonon softening [40), 8], rattling phonon modes [81, 82] [83] 84], and anharmonic lattice
vibrations originating from electron lone pairs |85, [86], 87].

At a microscopic level, the intrinsic lattice thermal conductivity of crystalline mate-
rials is largely controlled by the chemical bonding strength, which significantly impacts
the velocity of the heat-carrying acoustic phonons. This explains the much lower ther-
mal conductivity in materials with dominant ionic or van der Waals bonds than those
with dominant covalent bonds [88]. However, ionic and van der Waals bonds tend to
have limited overlap between neighboring electronic orbitals, leading to weak electronic
dispersion and low electron mobility. To balance the impact of the chemical bonds on
the transport properties of both phonons and electrons, special types of covalent bonds
with a mixed ionic character have been pursued. One prominent example is the ab-
normally low intrinsic lattice thermal conductivity of the IV-VI semiconductor family
that hosts many of the best known thermoelectric materials, including PbTe, SnSe and
GeTe [89] 90, 0T}, ©2]. Despite their simple and high-symmetry crystal structures, these
materials exhibit much lower thermal conductivity than other materials with similar
atomic masses [93]. One common feature underlying their low lattice thermal conductiv-
ity is the presence of soft optical phonon modes that can strongly scatter heat-carrying

low-frequency acoustic phonons, which originate from the long-ranged interatomic in-
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teractions due to resonant chemical bonds [93, 04]. It is also understood that the lone
electron pair associated with the group IV element in these materials plays an important
role in their unusual bonding structure [85, 95, 96]. Due to their mixed ionic-covalent
bonding character, the electron mobility is not compromised in these materials, making
them promising platforms to realize PGEC. Another emerging example with an ultralow
lattice thermal conductivity is the lead halide perovskites (LHPs), which have attracted
significant recent attention for photovoltaic applications [97]. Both fully inorganic and
inorganic-organic hybrid versions of these materials have a thermal conductivity below
1 W/(m K) at room temperature, which has been attributed to soft chemical bonds[98].
It has been increasingly recognized that the mixed ionic-covalent character of the chem-
ical bonds in LHPs, likely also linked to the lone electron pair in Pb?* ions [99], is not
only responsible for their strong lattice anharmonicity, low lattice thermal conductivity
and facile ion migration [I00], but also their extraordinary optoelectronic and electron
transport properties. Given the detailed understanding of the unusual lattice proper-
ties of these materials, the remaining challenge is to efficiently identify other materials
with similar characters that can be promising candidates for applications requiring an
intrinsically low thermal conductivity.

Indeed, the quests for new materials with extremely low thermal conductivity have
been abundant. Previous studies have utilized high-throughput search techniques to iden-
tify potential candidates based on physical characteristics such as large atomic mass [23],
structural information of rattling atoms [101], and the combination of machine-learning
algorithms and automatic ab initio calculations [24, [102]. However, a comprehensive
search focusing on the chemical bonding character and its impact on lattice dynamics
has not been carried out due to the lack of an effective descriptor. In this work, we
focus on a chemical bonding signature: highest-occupied valence bands with a strong

anti-bonding character in a semiconductor. Recent studies have suggested that anti-

23



Search for Semiconductors with Ultralow Thermal Conductivity by Anti-bonding Valence Bands
Chapter 2

bonding chemical bonds are closely related to ultralow thermal conductivities in a range
of materials [103] [104], 105]. The advantage of using the anti-bonding character of the
highest-occupied valence band as a descriptor is that it can be efficiently analyzed using
the crystal orbital Hamilton populations (COHP) method [106, 107], which only requires
ground-state density functional theory (DFT) calculations. This method can be applied
to any inorganic crystal structure and requires only basic structural and compositional
information as input and minimal time and computing resources. The low computa-
tional cost makes it a suitable method to screen materials in databases to identify new
semiconductors with an ultralow lattice thermal conductivity. In this paper, we first
show that the strong anti-bonding valence bands (ABVBs) underlie the unusual lattice
dynamics in known example materials with an ultralow thermal conductivity, such as
PbTe and CsPbBrs. In particular, the highest occupied valence bands with a strong
anti-bonding character not only lead to weakened chemical bonds, but also give rise to
soft optical phonons. Then, we conduct a high-throughput screen within the Materials
Project database [I08] to search for binary semiconductors with a strong ABVB. As a
result, we identified more than 600 binary semiconductors with an anti-bonding valence
band from a pool of over 6,000 candidates, allowing for the possibility of realizing ultralow
intrinsic thermal conductivities. Out of the identified candidates, we highlight the XS
(X=Na, K, Rb, and Cs) semiconductor family, where the sulfur ions are in an unusual
valence state (S7). We found that they all exhibit ultralow thermal conductivities de-
spite having simple crystal structures, which can be attributed to their strongly ABVBs.
Our findings suggest that a highest-occupied valence band with a strong anti-bonding
character is indicative of impeded thermal transport and our high-throughput screening
strategy also offers a novel approach for identifying materials with an intrinsically low

thermal conductivity.
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2.2 Methods

Our density functional theory (DFT) electronic structure calculations were performed
using the Vienna Ab initio Simulation Package (VASP) [109] 110] with the projector aug-
mented wave (PAW) method [I11] and the Perdew-Burke-Ernzerhof form of the gener-
alized gradient approximation (PBE-GGA) of the exchange-correlation functional [112].
The valence wavefunctions were expanded on a plane-wave basis with a 400eV energy
cutoff for all the materials studied in this work. The spin polarization and spin-orbit
interaction were explicitly taken into account. The energy and force convergence criteria
were set to be 1 x 10~ and 0.01 eV/A, respectively. The I'-centered n xn xn (n =1, 2,
3, or 4) k-point grids were used to sample the first Brillouin zone depending on the unit
cell size during high-throughput material screening. For selected materials studied in this
paper, further k-point convergence was tested to make sure the lattice parameters and
forces were converged. Particularly, the bonding nature associated with various electron
energy bands were analyzed using the COHP method [106], 107]. The COHP method
partitions the energy of the band structure into interactions between pairs of atomic
orbitals between adjacent atoms. It is a bond-weighted measure of the electronic density
of states (DOS) and provides a quantitative measure of the bonding and anti-bonding
contributions to the band energy. Importantly for this work, the sign of the COHP differs
for bonds with bonding or anti-bonding nature: a positive (negative) sign corresponds
to anti-bonding (bonding) interactions. By convention, COHP diagrams plot the nega-
tive value (-pCOHP) such that bonding (anti-bonding) states on the right (left) of the
axis can be easily visualized. We further quantify the degree of anti-bonding using the
integrated area under the COHP curves with respect to the electron band energy.

The phonon dispersion relations were obtained by conducting finite-displacement

force calculations [113], from which the harmonic interatomic force constants (IFCs)
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were extracted. Then the dynamic matrices were constructed and diagonalized using the
Phonopy package to generate phonon eigenfrequencies [I14]. Convergence of the phonon
dispersions with respect to the supercell size and the k-grid sampling were tested in
materials selected for a detailed study. The phonon dispersion calculation of polar mate-
rials also included the non-analytic polar corrections. We calculated the lattice thermal
conductivity xp, by iteratively solving the phonon Boltzmann transport equation (BTE)
using the ShengBTE package [I15]. Using the finite displacement method, we computed
the anharmonic 3rd-order IFCs. The 3rd-order finite displacement calculation employed
the identical supercell size and k-grid sampling as the 2nd-order IFCs. To ensure con-
vergence, we tested several neighbor interaction cutoffs. The g-mesh density, which is
the phonon momentum space sampling grid, was set to 10 x 10 x 10 for most materials.
We examined the convergence of grid density for all cases, and the reported values of

thermal conductivity are all converged.

2.3 Results and Discussion

2.3.1 Anti-bonding valence bands in PbTe and CsPbBrj

In the chemical bonding theory [I16, 117], molecular orbitals (MOs) are formed by
the overlap of atomic orbitals. For example, Fig. [3.1]a) illustrates the 7 bond formation
of atomic p orbitals between two adjacent atoms. The overlap of electron wave functions
splits the original atomic p orbital into two MOs. The lower energy orbital is the bonding
MO, shown as the “bonding 7” in Fig. [3.1[a). The higher energy orbital is the anti-

)

bonding MO, shown as the “anti-bonding 7*”. Due to the Pauli exclusion principle,
the two electrons will occupy the two spin states of the bonding MO, leaving the anti-

bonding MO unoccupied. Consider the energy level of the two MOs as a function of
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Figure 2.1: Schematics of anti-bonding states and anti-bonding valence
bands. (a) Molecular orbital diagram of a 7 bond formed by p orbitals. (b) En-
ergy of typical bonding and anti-bonding orbitals as a function of atomic distances.
(c) COHP diagram of silicon, showing the bonding nature of the valence band and the
anti-bonding nature of the conduction band. (d) Electronic density of states of PbTe,
projected onto atomic orbitals. (e) Molecular orbital diagram of PbTe, showing three
stages of orbital interactions: (I) isolated Pb and Te atomic levels; (II) broadened
atomic levels due to s-s and p-p mixing; (III) s-p hybridization introduces s orbital
features to valence band maximum (VBM) and conduction band minimum (CBM)
and an occupied anti-bonding valence band below the Fermi level Ep. (f) COHP
diagram of PbTe, showing the strong anti-bonding nature of the valence band.
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the atomic distance, as shown in Fig. (b) The occupation of the bonding MO lowers
the total energy near the equilibrium interatomic distance and results in stabilization of
the chemical bond, while the occupation of the anti-bonding MO raises the energy and,
thus, weakens the bond and potentially increases the bond anharmonicity. Many of the
covalently bonded semiconductors possess a valence band with occupied bonding states
and a conduction band with empty anti-bonding states. For example, the valence band
and the conduction band in silicon are formed by the bonding and anti-bonding states
of the sp? hybridized orbitals, respectively. This can be clearly seen from the COHP
analysis of silicon, which is shown in Fig. [3.1f(c).

In contrast, the bonding nature of the electronic bands in PbTe is qualitatively differ-
ent. PbTe has been extensively studied due to its exceptional thermoelectric properties
including a high Seebeck coefficient and a low thermal conductivity [33], 39, 42]. Despite
its high-symmetry structure, the bulk lattice thermal conductivity in single-crystalline
PbTe is unexpectedly low, around 2W/(m K) at room temperature [42]. Fig. 3.1[d)
shows the PbTe electronic density of states (DOS) that has been projected onto Pb-6p,
Pb-6s, Te-5p, and Te-5s orbitals. Based on the electronic DOS, Fig. [3.1(e) shows a sim-
plified linear combination of atomic orbitals (LCAQO) picture of PbTe. Pb?* ions have
empty 6p states, but the 6s states are occupied by a “lone pair” of electrons [118]. This
unique “lone pair” configuration enables efficient s-p mixing between the Pb-6s states
and the Te-5p states, forming bonding and anti-bonding states. Since both Pb-6s and
Te-5p states are fully occupied, both the resulted bonding and anti-bonding states are
occupied, leading to the highest-occupied valence band possessing a strong anti-bonding
character, as shown in the COHP analysis shown in Fig. 3.1](f). This intimate relation-
ship between the lone-pair electrons of the divalent group-IV cations and the ABVB was
also discussed in previous studies [I18]. However, a direct evaluation of the impact of

the ABVB on the thermal transport is still lacking.
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To quantify the ABVB effect on thermal transport properties in PbTe, we hypoth-
esized that, by removing electrons from the anti-bonding states at the VBM and then
relaxing the lattice, the chemical bond strength will be increased and the bond an-
harmonicity will be reduced, leading to a stabilized lattice and an increased thermal
conductivity. To test this hypothesis, we used a 4 x 4 x 4 supercell in the calculation,
where electrons were removed in PbTe and the lattice was fully relaxed afterwards. We
performed the calculation by removing 2 and 8 electrons (labeled “-2e” and “-8¢” cases,
respectively, in the following discussion) out of a total number of 640 valence electrons,
which can be considered a small perturbation to the pristine PbTe electronic structure
and only represent the anti-bonding states very close to the VBM. A 4-fold degeneracy
exists for 8 VBM electrons located at L (0.5, 0.5, 0.5) points, which are shifted to the I'
point in the supercell calculation. Therefore, a single I point sampling was sufficient in
the 4 x 4 x 4 supercell.

The calculated IFCs and the bond lengths are shown in Table [I] where we compare
three cases: unperturbed PbTe, the “-2e” case and the “-8e” case. Here, K1, is the trace
of the IFC tensor of the nearest Pb-Te bond with its definition explained in Sec. [2.5.1]
The negative sign of the K, values indicates the overall stable bonding character of the
Pb-Te bond and their magnitude reflects the bonding strength. From Table[T] it is clearly
seen that removing electrons from the ABVB states decreases the length of the Pb-Te
bond and increases its bonding strength, thus stabilizing the PbTe lattice. This effect
is further illustrated in Fig. (a) as the total ground-state energy of the unperturbed
PbTe and the “-2e¢” case is plotted as a function of the lattice constant. The minimum
location, corresponding to the equilibrium lattice parameter, shifts towards a smaller
value in the “-2¢” case, with an increased quadratic coefficient from 0.0304 to 0.0319,
indicating a strengthened bond. The difference in the ground-state energy between the

two cases, AF, reflects the contribution from the anti-bonding component, showing a
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Figure 2.2: Impact of the anti-bonding valence band on thermal transport
in PbTe. (a) Total ground-state energy of unperturbed PbTe and the “-2¢” case
as a function of the supercell lattice constant. The difference of the two energies,
AF is also shown, which reflects the contribution of the removed anti-bonding states
near the VBM. The energy axis is shifted such that the energy of the “-2¢” case at
the equilibrium volume is zero. (b) Calculated phonon dispersion relations of the
unperturbed PbTe and the “-8e” case, showing the impact of anti-bonding states on
the acoustic phonon velocity and the soft optical phonon frequency.(c) Calculated
lattice thermal conductivity of the unperturbed PbTe and the “-2e¢” and “-8¢” cases
as a function of the interacting neighbor shells included in the calculation, showing
the significant impact of the occupied anti-bonding valence states on the thermal
conductivity of PbTe.

destabilizing trend.

Table 1:

Traces of the IFC Tensor and Bond Length of PbTe

IFC

| PbTe

-2e

-8e

K12

-0.786

-0.869

-1.18

Bond Length

3.28A 3.26A 3.19A

The impact of removing electrons from ABVB states on phonon properties is exam-

ined in Fig. [3.2(b), which illustrates the phonon dispersions of the unperturbed PbTe

and the “-8e” case. Firstly, the acoustic phonon modes have an increased velocity in

the “-8¢” case compared to that in the unperturbed case, which is a consequence of the

increased bonding strength consistent with the magnitude of K5 in Table [I} Secondly,

removing electrons from the ABVB states significantly raises the frequency of the soft
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optical phonons near the I' point, suggesting that the occupied ABVB in PbTe not only
weakens the chemical bond, but also leads to long-ranged force interactions resulting
in soft optical phonons. Both effects are expected to strongly affect the thermal con-
ductivity. Fig. [3.2fc) shows the calculated thermal conductivity in unperturbed PbTe
as compared to “-2¢” and “-8¢” cases as a function of the number of neighbor shells
included in calculating the third-order IFCs. The converged PbTe thermal conductiv-
ity is close to the experimental value [42] and previous first-principles calculation [119].
The corresponding scattering properties of PbTe are included in Sec.[2.5.2] The thermal
conductivity in the “-2e” case is approximately 1.5 times that of the unperturbed PbTe,
while in the “-8¢” case, the thermal conductivity is boosted by at least a factor of 3.
These findings indicate that the presence of occupied ABVBs is the origin for the abnor-
mally low lattice thermal conductivity in PbTe from a chemical-bonding-theory point of
view. To solidify these findings, we further applied the same strategy (removing valence
electrons) to Si with bonding valence bands, and the results can be found in Sec. 2.5.1]
In contrast to PbTe with ABVB, removing valence electrons in the bonding states in Si
leads to a weakened bond strength, a decrease in the speed of sound and a reduction in
the thermal conductivity [120]. This result further establishes the impact of ABVB on
the intrinsic lattice thermal conductivity.

Similarly, we also examined the relationship between the ABVB and the thermal
transport properties of the inorganic halide perovskite CsPbBr3 that also contains the
Pb?* ion. Halide perovskites have gained attention as a new class of photovoltaic and
thermoelectric material [121], [122], 97, 123]. While the ultralow thermal conductivity of
organic-inorganic hybrid halide perovskites was often attributed to the cation dynamic
disorder, it is not well understood why thermal transport in crystalline all-inorganic halide
perovskites such as CsPbBrj is also significantly suppressed [124] [79]. Similar to PbTe,

the Pb*" ion in CsPbBrz hosts Pb-6s lone pair electrons [125, 126, [127] that promote
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Figure 2.3: Anti-bonding valence bands in CsPbBr3 and their impact on
phonons. (a) The COHP diagram for CsPbBrs, where a strong anti-bonding feature
is shown for the VBM. (b) Isosurfaces of the electronics wavefunctions at the VBM in
CsPbBrs. The s orbitals on Pb atoms and p orbitals on Br atoms show anti-bonding
interactions as reflected by the opposite signs of the wavefunctions associated with
facing Pb and Br atomic pairs. (c¢) The calculated phonon dispersion of the cubic
phase of CsPbBrs at 400 K. Low acoustic velocity associated with the anti-bonding
valence bands is observed, which drives the low intrinsic thermal conductivity.
the s-p mixing between Pb-6s and Br-4p orbitals, leading to an ABVB in CsPbBrj that
can be quantified by the COHP analysis shown in Fig. (a). A visualization of the Pb-
Br anti-bonding interaction is shown in Fig. [3.3((b), where isosurfaces of the electronic
wavefunctions at the VBM of CsPbBr3 are shown. Here, blue and green isosurfaces
indicate opposite signs of the wavefunction and the opposite signs of the isosurfaces
associated with facing Pb and Br pairs confirm the anti-bonding nature of the valence
band in CsPbBrj;. Figure (c) shows the phonon dispersion relation of the cubic phase
CsPbBrj at 400 K simulated by the temperature-dependent effective potential (TDEP)
method [128], where the low acoustic phonon velocity originated from the weakened

bonds due to the ABVBs is clearly seen that drive the low lattice thermal conductivity.

Figure [3.3|(c) is also similar to the phonon dispersions in the literature [129, 130].
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2.3.2 High-throughput Screening of Semiconductors with AB-
VBs

Results from PbTe and CsPbBrj3 suggest that a strong anti-bonding character in the
highest occupied valence band, which can be efficiently evaluated by the COHP analysis,
is a convenient indicator for weakened covalent bonds, large phonon anharmonicity and
a low lattice thermal conductivity. This motivates us to perform a high-throughput
screening for semiconductors with strong ABVBs in the Materials Project database [108]
by the COHP analysis. As a first step, we focused on binary compounds and found
~1000 binary candidates in the Materials Project database that are stable and have a
finite band gap between 0 to 3 eV. Materials containing heavy elements with unfilled
f electrons were excluded from the candidate list due to the known inaccuracy of DFT
to deal with these materials. For each candidate, we calculated COHP for all pair-
wise interactions within 1.5 times the nearest-neighbor distance. Then the strength
of the anti-bonding character was quantified by integrating the area under the COHP
curves within 0.1 eV of the valence band edge, thus only focusing on the highest-occupied
valence band states. All candidates were sorted by the strength of the anti-bonding
character associated with their highest occupied valence band states. A screened list
consisting of 625 experimentally stable binary semiconductors are provided in Sec. III
of the Supplementary Material in [[] Among these materials of interest, we present a
comprehensive study of the thermal transport of the XS family, where X = Na, K, Rb,
Cs are alkaline metals. Their structural properties and thermal conductivity at room
temperature are summarized in Table [2 and the convergence tests of their thermal
conductivities are provided in Sec. 2.5.4] As shown in Table [2] with an increasing mass

of the alkaline metal, the room-temperature thermal conductivity decreases from 5 W /(m

'https://pubs.acs.org/doi/suppl/10.1021/jacs.3c05091/suppl_file/ja3c05091_si_001.
pdf
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K) in NaS to 0.1 W/(m K) in CsS. KS, RbS, CsS all show an ultralow room-temperature
thermal conductivity < 0.8 W/(m K) despite their relatively simple crystal structures. A
comparison between the thermal conductivities calculated using the full iterative solution
of the phonon BTE and the relaxation time approximation (RTA) is included in Table
in Sec. 2.5.5] The calculated thermal conductivities using the two methods are similar,
suggesting the dominant role played by Umklapp processes in phonon-phonon scattering
due to their soft and strongly anharmonic lattices. Given their moderate bandgaps
above 1eV as shown in Table [2] their intrinsic electronic thermal conductivity should be
negligible given the low intrinsic concentration of charge carriers. The results open up
possibilities for their potential applications in thermoelectrics and also motivate further
experimental studies. Notably, KS reaches an ultralow thermal conductivity of 0.8 W/(m
K) at room temperature without heavy elements or complex structures. A detailed
analysis of the bonding mechanism and the thermal transport was thus carried out for
KS as an example to demonstrate the decisive impact of the ABVB on its ultralow

thermal conductivity.

Table 2: Basic properties and calculated thermal conductivity of NaS, KS, RbS, CsS

Material | Band Gap [eV] Crystal System Space Group  k, K, Kk, [W/(m K)]

NaS 1.23 hexagonal P63/mmc 59 59 3.9
KS 1.47 hexagonal P62m 0.84 0.84 0.76
RbS 1.58 hexagonal P62m 0.65 0.65 0.64
CsS 1.73 orthorhombic Immm 0.15 0.14 0.083
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Figure 2.4: Anti-bonding valence bands in KS. (a) The COHP diagram of KS,
where the S-S bonds show strong anti-bonding features near the VBM. The longer and
shorter S-S bonds correspond to a bond length of 2.15 A and 2.13 A, respectively. (b)
The isosurfaces of the VBM electronic wavefunctions in KS. The longer and shorter
S-S bonds are marked in blue and orange boxes, respectively. (c) The calculated
electronic band structure of KS. The S orbitals contribute dominantly to the valence
band. (d) I-decomposed and site-projected electronic DOS for S orbitals in KS. p,
(equivalent to p,) orbitals form the valence bands, and the highest occupied valence
band consists of the anti-bonding 7* state formed by p, (p,) orbitals. (e) Molecular
bond analysis for the S-S bond. The 3p orbitals of a single S~ ion has 5 electrons.
The covalent S-S bond form o,c*, 7 and n* orbitals, where 0,7 and 7* bonds are
occupied. These occupied bonds correspond to the electronic DOS below the Fermi
level as shown in Fig. 2.4(d) and the highest occupied valence band is composed of 7*
anti-bonding states.
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Figure 2.5: Calculated thermal transport properties of KS. (a) The calculated
phonon dispersion relation of KS, which shows the material is dynamically stable. Flat
phonon bands are also observed near 1.5 THz. (b) The calculated phonon-phonon
scattering rate in KS at 300 K. The scattering rates of the low-frequency acoustic
phonons follow the frequency-squared scaling, while flat phonon bands lead to in-
creased scattering near 1.5THz. (c) The calculated temperature-dependent lattice
thermal conductivity of KS from 100K to 500 K, showing an ultralow lattice thermal
conductivity below 1 W/(m K) at room temperature.

2.3.3 Detailed Analysis of Bonding and Thermal Transport in
KS

Despite its unusual chemical formula, KS (or KyS5) has been theoretically found to
be as stable as KyS at room temperature under ambient pressure [I31] and has been
experimentally synthesized [132, [133]. Building upon these results, we conducted a more
in-depth analysis of KS, focusing specifically on its chemical bonding properties. The
COHP diagram shown in Fig. [2.4]a) attributes the strong anti-bonding character of the
valence band to two kinds of S-S bonds. These two S-S bonds can be visualized in the
isosurfaces of VBM electron wavefunctions as shown in Fig. [2.4(b), where the blue and
green isosurfaces represent opposite signs of the wavefunction. From the isosurfaces, the
two anti-bonding S-S bonds are 7 bonds of the S-3p orbitals, where the neighboring
wavefunctions possess opposite signs. The longer bond (2.15 A), marked in a blue box in

Fig.[2.4(b), has more prominent anti-bonding component closer to the VBM. The shorter
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bond labeled in an orange box shows stronger anti-bonding due to its shorter (2.13 A)
length. The calculated electronic band structure in Fig. [2.4|c) shows that orbitals from
the S atom make dominant contributions to electronic states near the band edges, while
K orbitals only contribute to unoccupied higher energy conduction bands. The effec-
tive masses of electrons and holes near the band edges can also be extracted from the
calculated band structure: the electron effective mass is 0.24 m( along the out-of-plane
direction and 1.48 mg along the in-plane direction; the hole effective mass is 1.2 my along
the out-of-plane direction and 3.4 mgy along the in-plane direction, where my is the free
electron mass. The electronic band structures and effective masses of the other members
of the family are provided in the Supplementary Material Sec. II.C. All members have
relatively low effective electron and hole masses. The relatively low effective masses and
the moderate bandgap show that the electronic transport properties are maintained de-
spite the reduced bonding strength leading to a lower thermal conductivity and suggest
that ABVB materials can possess a potentially high intrinsic electron mobility and, if
properly doped, can reach a high electrical conductivity. This is in contrast to ionic crys-
tals, whose usually large bandgaps and heavy effective masses preclude them from being
effectively doped to reach a high electrical conductivity. From the orbital-decomposed
and site-projected electronic DOS for an S atom shown in Fig. 2.4(d), we can observe
that the equivalent p, and p, orbitals form the anti-bonding 7* state that corresponds
to the highest occupied valence band in KS. The molecular orbital diagram of the S-S
bond in KS is illustrated in Fig. 2.4(e) to reveal the origin of the ABVB in KS. The
outermost 4s electron in a K atom is transferred to an S atom to form a S~ ion in its
unusual monovalent configuration. The 3p orbitals of a single S~ ion thus contain 5
electrons. The covalent S-S bond form o, c*, 7 and 7* orbitals, where o, 7 and 7* orbitals
are occupied, yielding a bond order of 1. Here the anti-bonding 7* state is occupied

thanks to the additional electron transferred from the K atom. These occupied orbitals
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correspond to the electronic DOS below the Fermi level in Fig. [2.4e). Therefore, the
highest occupied valence band is composed of anti-bonding 7* states. This mechanisms
is in addition to the group-IV lone-pair electrons that can give rise to ABVBs. Recently,
He et al. also pointed out that p-d hybridization can lead to ABVBs and ultralow ther-
mal conductivities in Cu- and Ag-containing compounds [73]. These chemical insights
into ABVB formation can further guide the search and design of new materials with an
ultralow intrinsic thermal conductivity.

To complete our discussion, we report the calculated thermal transport properties
of KS in Fig. 2.5 Figure 2.5(a) shows the phonon dispersion, suggesting that KS is
dynamically stable. More importantly, flat phonon bands can be observed near 1.5
THz, which are expected to scatter acoustic phonons and hinder thermal transport.
Figure (b) depicts the phonon-phonon scattering rates as a function of the phonon
frequency, which are compared to the expected frequency-squared scaling. The scattering
rates of the low-frequency acoustic phonons follow the frequency-squared trend while the
flat phonon bands lead to a peak in the scattering rates near 1.5 THz. The calculated
lattice thermal conductivity of KS is 0.8 W/(m K) at room temperature, which is lower
than most compounds with similar atomic mass and simple crystals structure. The
temperature-dependent thermal conductivity of KS from 100 K to 500 K is displayed in
Figure (C) The compound CsS in the same family with a heavier alkaline metal
even possesses a room-temperature thermal conductivity as low as 0.1 W/(m K) (more
details are provided in Sec even lower than many amorphous and organic materials.
These materials are promising candidates for applications where an ultralow thermal
conductivity is desired.

We note that our current discussion is limited to identifying materials with an in-
trinsically low thermal conductivity, while we have indicated that materials with ABVBs

have the potential to reach a high electrical conductivity. A complete analysis of dopa-
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bility and electrical transport, however, requires a different set of calculations, including
understanding the defect formation physics, determining scattering rates of electrons and
solving the electron Boltzmann transport equation. Such considerations are beyond the

scope of the current work and will be pursued in our future studies.

2.4 Conclusion

In conclusion, we examined the connection between ABVBs and low thermal con-
ductivities with first-principles calculations in PbTe and CsPbBr; and we found that the
ABVBs are responsible for the weakened chemical bonds and the soft optical phonons
that lead to abnormally low lattice thermal conductivities in both compounds. Based on
this observation, we conducted a high throughput materials search based on ABVBs and
found over 600 experimentally stable binary semiconductors with strong ABVBs. Among
the candidate materials, we analyzed in detail the XS (X = Na, K, Rb, and Cs) family
in terms of their strong ABVB states and evaluated their lattice thermal conductivities.
With an ultralow thermal conductivity of 0.1 W/(m K), CsS is an exceptional example
of a crystalline material with a lower thermal conductivity than most amorphous and
organic materials. Several other materials on our list with strong ABVBs are potentially
interesting as well, such as NaClz, and further studies are needed to fully evaluate the
impact of the ABVBs on their electrical and thermoelectric transport properties. Our
material search can also be expanded to more complicated materials containing three
or more elements. We note that materials with intrinsically low thermal conductivity
can find other applications beyond thermoelectrics, such as thermal barrier coatings and
thermal insulation. While the high strength and high melting point required by thermal
barrier coatings may not be fulfilled by ABVB materials due to their generally soft lattice,

the ABVB materials should be readily applicable in thermal insulation applications at
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room temperature or lower temperatures. Our results suggest that the intuitions offered
by the chemical bonding theory can provide simple but powerful guidelines for under-
standing the thermal conductivity of materials as well as for discovering new materials

with unusual thermal transport properties.

2.5 Additional Data

2.5.1 Additional data for removing valence electrons in Si

To corroborate the relation between ABVB and low thermal conductivity, we em-
ployed Si with bonding valence bands (BVBs) as a comparison to PbTe with ABVB.
With the convergence test for Si, we adopted a k-grid of 9 x 9 x 9 and a cutoff energy of
550 eV in the 2-atom primitive cell, and the resulting lattice parameter is 3.867A. The
corresponding lattice parameter of the conventional cell is 5.466A. The VBM of Si is lo-
cated at the I' point, and we used a single I'-point sampling for the supercell calculations.
Using a 4 x 4 x 4 supercell, 6 out of 512 valence electrons were removed considering the
three-fold VBM degeneracy and the spin degeneracy.

Since the VBM in Si consists of bonding states, we expect the removal of bonding
electrons to weaken the chemical bond. Table|3|reports the effects of removing the valence
electrons from Si. Here “Si” labels unperturbed Si, and “-6e” labels the case where 6
electrons are removed. The bond strength is weakened as K15 is reduced in the “-6e” case,
as expected. The removed electrons case “-6e” also has a lower thermal conductivity,
which means the BVB contributes to stabilizing the lattice and increasing the thermal
conductivity. We further show the phonon dispersion comparison in Fig. (a), and the
slope of acoustic phonons is decreased in the “-6e” case, corresponding to a decrease in the

acoustic phonon group velocity. Fig. (b) shows the scattering rate of the two cases of
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Si, exhibiting increased scattering rate for the “-6e” case, especially for the low-frequency
acoustic phonons.

IFC tensor in Table [3|and main text Table 1 is defined as K;; = %, where V' is the
lattice energy, and z; and x; are coordinates of two atoms. With this definition, negative
IFCs represent stable “spring” interactions between atoms while positive IFCs represent
unstable “anti-spring” interactions. This convention is consistent with literature, e.g. [03].
This can be more explicitly illustrated by considering the simplest model of a lattice,
where the nearest atoms are connected by stable springs. In this model, the spring
interaction is represented by V = a(x; — 22)* + b(z1 — 23)? + -+ and so forth, with
the coefficients a, b--- being positive. If we expand this interaction term, we get V =
(a+b+--)z?+(a+---)xi+(—2a)x129+- - -. The Ko in Table 1 refers to the coefficient

0%V

Soiom; —2a. Thus, a negative K15 represents a stable

of the term x,x5 evaluated by

“spring” interaction. If K4, is more negative, the spring constant a is larger, and the

bond becomes more stable.

Table 3: Traces of the IFC tensor, bond length, and thermal conductivity of Si with
bonding valence bands (BVB). The difference between the unperturbed “Si” and the
removed six electrons “-6e” cases shows that the bonding strength K2 decreases, and
the thermal conductivity is reduced. The trend is opposite to PbTe with anti-bonding
valcence bands (ABVB), and hence validates the correlation between ABVB and low
thermal conductivity in crystalline materials.

IFC | Si G
Ko -9.81 -9.25
Bond Length 2.438 A 2.342 A
Thermal Conductivity | 128.6 W/(mK) 97.6 W/(mK)
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Figure 2.6: Phonon Dispersion and Scattering Rate of Si. (a) Phonon dispersion
of Si in the unperturbed case and the “-6e” case. The slope along I'-L. and I'-K
directions was decreased in the “-6e¢” case compared to the unperturbed case. (b)
Scattering rate of Si in the unperturbed case and the “-6e” case. The “-6e” case
shows slightly higher scattering rate, especially for low-frequency acoustic phonons.
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Figure 2.7: Griineisen Parameters and Phonon Scattering Rates of PbTe.
(a) Phonon Scattering Rate of PbTe in both the unperturbed case and the “-2e” case.
The “-2e” case shows lower phonon scattering rate than the unperturbed state due to
reduced anharmonicity after removing anti-bonding valence electrons. (b) Griineisen
parameters of the unperturbed PbTe and (c) Griineisen parameters of the “-2¢” PbTe
show that the ABVB contributes to stronger phonon anharmonicity in PbTe, which
leads to more phonon-phonon scattering and a lower thermal conductivity.
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2.5.3 COHP diagrams of the XS family

Besides KS described in the main text, here we also report the COHP analysis of NaS,
RbS, and CsS in the XS family shown in Fig. All XS materials exhibit prominent
anti-bonding characters near the VBM. Note that RbS has the same crystal symmetry

as KS, and there are two kinds of S-S bonds: longer and shorter S-S bonds.
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Figure 2.8: COHP diagrams of XS(X=Na, Rb, Cs) faimily. (a) COHP diagram
of Na§S displays a brodened range of anti-bonding contributions near the top of VBM.
(b) COHP diagram of RbS. The VBM shows similar strong anti-bonding features as
KS. (¢) COHP diagram of CsS reveals that the VBM also exhibits strong anti-bonding
characters.
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2.5.4 Thermal properties of the XS family

We tested the convergence of thermal conductivity with the number of neighbours
included in the calculation of the 3rd-order force constants for the XS materials. The
change in thermal conductivity is shown in Fig.[2.9] We adopted 7, 7, 8, and 4 neighbours
for NaS, KS, RbS, and CsS, respectively.

Temperature-dependent thermal conductivity from 100K to 500 K for NaS, RbS,
and CsS are shown in Fig. The trend of thermal conductivity is consistent with
the atomic weight. For CsS, which has the lowest thermal conductivity among all XS
materials, its thermal conductivity is < 0.5 W/(mK) at 100K and < 0.2 W/(mK) at
300 K. The scattering rates shown in Fig. demonstrate a notable increase throughout
NaS, RbS, and CsS. Fig. displays the mode-specific Griineisen parameter for all XS
materials. Stronger phonon anharmonicity is shown in heavier materials for both acoustic

and optical phonons.
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Figure 2.9: Thermal Conductivity at 300 K as a Function of the Number of
Neighbours included in the Calculation of 3rd-order Force Constants. (a)
Thermal conductivity convergence test for NaS. (b) Thermal conductivity convergence
test for KS. (¢) Thermal conductivity convergence test for RbS. (d) Thermal conduc-
tivity convergence test for CsS. There is a decreasing trend of thermal conductivity
as the atomic mass increases in XS.

Table 4: Comparison of Relaxation Time Approximation (RTA) with iterative solu-
tion (Iterative) of 300 K thermal conductivity for PbTe and XS (X=Na, K, Rb, Cs)

family.
Ka, Ky, Kz [ PbTe [ NaS [ KS [ RbS [ CsS
Iterative 1.374,1.374,1.374 | 5.85,5.85,3.85 | 0.842,0.842,0.763 | 0.653,0.653,0.637 | 0.152,0.135,0.083
RTA 1.005,1.005,1.005 | 5.62,5.62,3.93 | 0.841,0.841,0.798 | 0.649,0.649,0.621 | 0.114,0.125,0.068
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Figure 2.10: Temperature-dependent Thermal Conductivity for NaS, RbS,
and CsS from 100K to 500K. (a) Temperature-dependent thermal conductiv-
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ture-dependent thermal conductivity for CsS.
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2.5.5 Electronic Properties of the XS Family

Table 5
k-points are based on the reciprocal lattice of the primitive cell.

Effective mass of the XS (X=Na, K, Rb, Cs) family. The definition of the

Material | Carrier | Direction | Effective Mass (mg) | Comment
NaS | electron '0,0,0) — K(3,3.0) 0.55 In-plane
electron I'(0,0,0) — A(0,0,0.5) 0.39 Out-of-plane
hole '(0,0,0) = K(3,3,0) 13.88
hole T(0,0,0) — M(0.5,0,0) 15.92
hole I'(0,0,0) — A(0,0,0.5) 1.43 Out-of-plane
KS electron A(0,0,0.5) — R(0.5,0.5,0.5) 1.48 In-plane
electron A(0,0,0.5) — I'(0,0,0) 0.24 Out-of-plane
hole ['(0,0,0) — K(0.5,0.5,0) 3.41 In-plane
hole I'(0,0,0) — A(0,0,0.5) 1.21 Out-of-plane
RbS electron A(0,0,0.5) — R(0.5,0.5,0.5) 1.18 In-plane
electron A(0,0,0.5) — I'(0,0,0) 0.29 Out-of-plane
hole T(0,0,0) — M(0.5,0,0) 6.82
hole I'(0,0,0) — K(0.5,0.5,0) 6.87
hole I'(0,0,0) — A(0,0,0.5) 1.46 Out-of-plane
CsS electron | C(0.22,-0.22,0.22) — W (5,1, 1) 0.82
electron | C'(0.22,—-0.22,0.22) — 7°(0,0,0.5) 0.86
electron | C(0.22,-0.22,0.22) — R(0,0.5,0) 0.71
hole I'(0,0,0) — X(—0.5,0.5,0.5) 2.27
hole (0,0,0) — Y (0.5, -0.5,0.5) 1.68
hole I'(0,0,0) — Z(0.5,0.5,—0.5) 1.92
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Figure 2.13: (a) Band structure and density of states for NaS. (b) Special k-points

in the first Brillouin Zone in NaS.
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Figure 2.14: (a) Band structure and density of states for RbS. (b) Special k-points

in the first Brillouin Zone in RbS.
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Figure 2.15: (a) Band structure and density of states for CsS. (b) Special k-points

in the first Brillouin Zone in CsS.
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Chapter 3

Enhancing Magnetocaloric Material
Discovery using Machine Learning

and Large Language Models

3.1 Introduction

Solid-state refrigeration presents a groundbreaking avenue driven by the pressing need
for more sustainable and efficient cooling technologies [25, 134, 135, [136]. Specifically,
magnetic refrigeration shows promise in solid-state cooling applications across a wide
temperature range. Magnetic refrigeration is based on the magnetocaloric effect (MCE),
where the entropy of a magnetic material (the “magnetic refrigerant”) is controlled by an
external magnetic field [25]. When an external magnetic field is applied, the microscopic
magnetic moments are aligned with the field. As a result, the entropy associated with
the magnetic moments in the material is reduced. In the process, either heat is released
under an isothermal condition or the temperature of the magnetic refrigerant is increased

under an adiabatic condition. When the magnetic field is removed, the effect is reversed.
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These processes can be combined to form a thermodynamic cooling cycle, whose cool-
ing capacity is determined by the isothermal magnetocaloric entropy change (AS);) and
the adiabatic temperature change (AT,4) during the magnetization and demagnetization
processes. This cycle resembles a Carnot cycle on the S-T' diagram, promising close-to-
ideal efficiency [137]. Compared with other cooling technologies, magnetic refrigeration
has received renewed interest thanks to its solid-state nature, cryogen-free operation,
reliability, compactness, and capability to reach close-to-Carnot efficiency at cryogenic
temperatures [138]. For these reasons, magnetic refrigeration has been widely applied for
applications in space missions [I39], scientific instrumentation [140], and as an environ-
mentally friendly alternative to vapor compression-based cooling [I41]. However, most
previous investigations of magnetic refrigeration have focused on either cryogenic temper-
atures below a few K or near room temperature, while many technologically important
applications require efficient cooling in the temperature range between 10 K and 100 K,
such as hydrogen and methane liquefaction [142] and cryogenic carbon capture [143].
To achieve efficient magnetic refrigeration in this temperature range, one key re-
quirement is to identify new high-performance magnetic refrigerants with their Curie
temperature (T¢) in this range, since both ASy, and AT, are typically maximized
near To. Therefore, T signifies the ideal working temperature for an MCE material
and stands as a crucial parameter for identifying new magnetic refrigerants. In addi-
tion, large magnetic moments and favorable exchange interactions [144] are fundamental
prerequisites for a material to exhibit favorable MCE characteristics. In this context,
rare-earth-based alloys are state-of-the-art candidates for magnetocaloric refrigeration in
the intermediate temperature range. For example, heavy rare-earth-based MCE materi-
als, such as HoBs, [29, 52] ErCos, [53] DyAly, [54], 55] and ErAls, [54] exhibit significant
ASy and AT,y values in this temperature range due to their large magnetic moments.

Consequently, they are actively researched for applications like hydrogen liquefaction
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because they have T¢ within the required range [56] 57, 58]. Their typical isothermal
entropy change AS); is around 20-30 J kg~ 'K~! and adiabatic temperature change AT,4
is around 10K for an applied magnetic field of 5T. Historically, these MCE materials
were discovered mainly through an experimental synthesis and characterization process,
which can be expensive, time-consuming, and often relies on trial and error.

To make further progress, more efficient methods to discover and verify new high-
performance MCE materials are needed for refrigeration applications in various tempera-
ture ranges. Along this line, high-throughput computational material searches were pre-
viously conducted [64], 60]. For example, Bocarsly et al. used the strength of spin-lattice
coupling in a material, which can be effectively evaluated at the ground-state density
functional theory (DFT) level, as a proxy to search for new magnetocaloric materi-
als [64]. In addition, previous studies have used various machine learning-based methods
to predict suitable candidates for magnetic refrigeration from the aspects of composi-
tional and structural changes [61] and optimization to enhance key performance metrics
while reducing material cost [62, [63]. Suitable candidates such as HoBs and Co-doped
FeyP-type compounds were identified for this purpose by data mining and machine learn-
ing [29, [66]. However, these pioneering studies have been limited in the size of accessible
MCE datasets and have lacked an efficient way to verify the MCE performance of pre-
dicted materials to close the loop for material discovery. As a result, new MCE materials
of practical value that have been identified through these approaches have been limited.

In the realm of materials science, there is a vast and expanding collection of un-
structured data in the form of journal articles, patents, and theses. This accumulation
and rapid publication pace overwhelm researchers’ ability to fully utilize the available
information. Converting these data into structured materials databases would facilitate
data-driven research aimed at discovering new materials, yet manual compilation is not

only labor-intensive, but also susceptible to errors. Fortunately, advancements in natural
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language processing (NLP) have enabled the automated extraction of data from extensive
document collections, paving the way for creating detailed materials property databases
and discovering new materials [145], [146]. For example, in a previous study, Court et al.
have established an auto-generated database of 39,822 records containing magnetic ma-
terials and their associated Curie or Néel magnetic phase transition temperatures using
NLP to extract relevant information from the literature [I47]. In a subsequent study,
they used an NLP toolkit to generate a material database from published literature con-
taining 2,910 entries with their MCE properties and then used the data to train a deep
neural network to predict MCE properties of new materials [65]. They identified six new
promising MCE materials with this innovative approach. However, the validation of their
results still relied on experiments that can be the bottleneck of the pipeline.

Two recent advancements have provided new opportunities to further improve the
pipeline proposed by Court et al. [65] to efficiently and accurately identify new MCE
materials. One is the rapid rise of large language models (LLMs), particularly those in
the Generative Pre-trained Transformer (GPT) series [148], which have demonstrated
exceptional capabilities in generating coherent and contextually appropriate text and
have also introduced advanced features such as summarizing articles, generating in-
formative charts, and mapping relationships between words. The emergence of LLMs
enables efficient extraction of material properties from a large amount of published lit-
erature [32, [149]. The other development is computational methods based on atomistic
spin dynamics (ASD) simulations with exchange interaction coefficients computed from
first principles [I50), 151, 144]. These methods allow an accurate evaluation of MCE
properties based solely on the crystal structure and chemical composition of materials
and can close the loop in high-throughput and machine learning-based computational
material searches.

In this work, we exploit GPT’s remarkable abilities to summarize texts to complete
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an auto-generated MCE material database with 6615 entries based on openly accessible
abstracts of published literature. After careful curation and validation, we used high-
quality data from the database to train a neural network that can predict the isothermal
entropy change of ferromagnetic materials with high fidelity only based on their chemical
composition. With this neural network model, we efficiently screened binary and ternary
magnetic compounds in the large online database, the Materials Project [108], and iden-
tified a list of promising MCE materials that have not been studied before. Finally, we
used DFT-based first-principles simulation and ASD to evaluate the MCE properties of
the top-ranked candidates predicted by the neural network and identified 11 new promis-
ing MCE materials for the less explored intermediate temperature range (10 K to 100 K).
Importantly, the calculated results can be added back to the MCE database which can
further improve the performance of the neural network in the fashion of a closed feedback
loop. A schematic of our workflow is shown in Fig. with more detailed information
about each key step summarized in Fig. 3.2l Our work demonstrates the vast potential
of using LLMs to extract structured information from published literature and utilize the

extracted data to drive new discoveries of functional materials.

3.2 Methods

3.2.1 Database Creation using ChatGPT

To further the discovery of new MCE materials through machine learning, it is crucial
to establish a comprehensive and high-quality database containing the MCE properties
of materials that can be then used as the training dataset for a machine learning model.
Fortunately, the rapid advancement of LLMs, particularly with the introduction of Chat-

GPT by OpenAl in 2022, offers a promising solution to automatically generate a database
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Figure 3.1: Flowchart of the magnetocaloric material discovery pipeline.
Existing literature is analyzed by a large language model to generate a database
containing the MCE properties of a large number of materials. The database is then
curated and refined to serve as the training dataset for a machine learning model.
The machine learning model is then used to screen materials in the Materials Project
database to identify new promising MCE materials, whose properties are verified by
ab initio DFT and ASD simulations. The simulation results are added back to the
material database to form a closed loop to refine the process.
based on the large body of published literature [I52]. The process for creating our MCE
database using ChatGPT is detailed below:
Data Collection: We began by selecting the first 8,000 most relevant abstracts from
the Web of Science from more than 350 journals, ranking all scientific papers by their
relevance to the MCE properties of materials. The time span of the publication date
extends from 1993 to 2023. These abstracts were then converted into CSV files contain-
ing both the text of the abstract and publication details. To streamline this process, we

focused on papers that provided useful data, such as those containing one or more chem-

ical compounds and their corresponding MCE properties expressed in numerical values.
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Figure 3.2: Detailed information on the key steps of the magnetocaloric

material discovery pipeline.
To reduce the number of records to a more tractable quantity for further analysis, we
developed a filter pipeline that employs prompts to determine the potential usefulness
of data within an abstract. This filtering process is both accurate and efficient, as com-
mercialized LLMs like GPT can readily identify the presence of chemical compounds or
numerical values in the text. Abstracts that only offer general descriptions or values
without specific materials were excluded.
Prompt Engineering and Self-Examination: Utilizing the OpenAI’s LLM API, we
transformed abstracts into tables, highlighting material compositions and their proper-
ties. This involved using a multi-shot prompt strategy [153| [I54], which increases the
accuracy of data extraction by providing the LLM with multiple examples. The ta-
bles generated were generally accurate. GPT models, like other LLM models, exhibit a
phenomenon called hallucination, wherein they can generate low-likelihood outputs that
deviate from the expected output based on the input context and the true data distri-
bution [I55]. To address this potential issue, we applied a self-examination pipeline that
aims to reduce the likelihood of errors due to hallucinations, such as the inclusion of

unmentioned materials, overlooking properties, or confusing property names. The self-
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examination process involves an additional prompt to verify the consistency between the
generated table and the original abstract, specifically to counteract the LLM’s tendency
to make educated guesses by removing numerical values not provided in the abstract.
These steps were conducted separately, guiding the LLM to focus on task reasoning
rather than relying on its vast knowledge base.

Filtering after Natural Language Processing: After extracting relevant mate-
rial formulations and MCE properties from the literature using GPT, we established
a database with MCE properties for 6615 materials. Starting from this collection, we
refined the dataset by filtering out organic materials and alloyed materials to limit our
material discovery process to intrinsic inorganic materials as the starting step, which
leads to a reduced database with 1426 entries. In principle, however, the material search
can be expanded later to include more complex materials in our future work.
Database Creation and Mapping to the Materials Project: Our objective was to
create a one-to-one match between the materials listed in our filtered database and those
cataloged in the esteemed Materials Project (MP) database [108]. This approach was
chosen because the MP database provides a wealth of physical properties data (notably,
without the MCE properties), which, when combined with our MCE data, facilitates their
use in machine learning for materials discovery. Ultimately, we successfully matched 752
materials in our database with their corresponding Material Project IDs. To enhance
accessibility and utility, we developed an HTML version of the database E] This allows
users to efficiently search for reported MCE materials using various criteria, such as
chemical elements, or to organize materials by their name, MCE properties, or Curie
temperatures.

Evaluation: We manually reviewed 200 randomly chosen samples from each test set

to assess the database’s accuracy. The database was estimated to have an accuracy of

'https://github.com/RunqingYang1996/MCEdatabase
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around 90%. A record is considered valid only if the name of one material matches the
correct magnetocaloric entropy change (AS),) and T values cited in the input scientific

text. Information about our database is summarized in Table [l

Table 1: Information about the created and filtered MCE databases.

Number of Records [ Database Information [ Estimated Precision
6615 Material name, AS)y; and/or T. Organic and alloyed materials are included. 85%
1426 Material name, AS)y; and/or T. Only intrinsic inorganic materials are included. 90%
752 Material name, ASy; and T¢, and Materials Project ID. 90%
752 Human-corrected version of the 752-record database for machine learning training 99%

3.2.2 Machine Learning Model Construction and Training

Our next step is to train a machining learning model using the database constructed
by the LLM to predict MCE properties of materials based on their chemical composi-
tion. One challenge arises that the reported AS); values were measured across varying
magnetic field strengths in different papers, rendering them incomparable. To address
this, we implemented a linear scaling based on a commonly used field strength of 5T to
approximate the field dependence of ASy, as established in measurements [156]. Another
issue is that the dataset contains a notable number of duplicates due to measurements
by different groups or at different field strengths. We kept the maximum value among
the duplicates after scaling to make AS), values consistent for training. To leverage data
efficiency and model complexity, we limited the training data to include only materials
with less than or equal to 8 atoms in the unit cell, resulting in 229 unique materials in
the training set. We adopted a feedforward neural network with 3 hidden layers, each
with 16 neurons. The optimal network structure was determined via a grid search of
different numbers of layers and neurons per layer. Details of the process can be found

in Supplementary Information (SI) Sec. [3.5] The input vector contains 4 features with

60



Enhancing Magnetocaloric Material Discovery using Machine Learning and Large Language
Models Chapter 3

a total vector size of 11: 8 integers representing the atoms in the unit cell, and 3 floats
for volume, density, and total magnetization, respectively, which can be extracted from
the Materials Project database. In general, neural networks require larger amounts of
high-quality training data, enabling them to learn the underlying patterns and relation-
ships. In our case, a major challenge is that we achieved high training data quality at the
expense of the total number of records. In this study, we tackled this by employing data
augmentation. Since the order of atomic numbers in the vector representation can be ar-
bitrary, permutations of atomic numbers essentially represent the same material. Hence,
we shuffied the elements of the atomic number vector to create multiple representations
and augment the size of the training set.

In the model, we generated 100 “representations” of each unique material as training
data. Test runs that validated the proof of concept are included in SI The training
process aims to minimize the mean squared error (MSE), which is more susceptible
to outliers because it penalizes larger errors more significantly. In this context, MSE is
suitable for the purpose of identifying candidates with large AS), values. Standardization
is applied to the dataset, which is a common preprocessing step in machine learning to
help with algorithm convergence. It ensures that each column of input features and
output has zero mean and unit variance. The target of the model, standardized ASy,
values, is directly used to rank the candidate materials. The predictions can be converted
back to the original scale by an inverse transformation. Fig. presents the training
curves and an evaluation of the adopted model. The first two panels show the loss
function (MSE) and the mean absolute error (MAE) of the training process, indicating
the model’s accuracy and convergence. Notably, the consistently low values of both MSE
and MAE across the panels affirm the robustness and accuracy of the adopted model. The
third panel illustrates the correlation between predicted AS); and true AS), values of

the dataset, showing the model’s predictive capabilities. For each data point, the atomic
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number vector of the input representation was shuffled 10 times, and the average of the
10 predictions was plotted. The high correlation coefficient of 0.99 underscores a strong
alignment between the predicted values by the neural network and the ground truth. This
impressive correlation emphasizes the model’s reliability in capturing patterns within the
data and reinforces its suitability for accurate predictions.

We executed the model 10 times to assess the consistency of rankings and produce
the final ranking. The ranking from each run is recorded in a sorted list for each material,
and this sorted list is used for the final ranking based on its length and each ranking.
We evaluated the model performance by the “recall” of the ranked list [I57]. Recall
is a performance metric in machine learning that measures the true positive rate of a
model’s prediction. In other words, it measures the proportion of actual positive cases
that the model correctly identifies as positive. For example, “recall@10” measures that,
among the top 10 candidates predicted by the model, the percentage that accurately
aligns with the top 10 candidates according to the ground truth. Table [2] shows the
recall when considering the top K candidates. “Max ranking” indicates the number of
top candidates considered in producing the sorted list, which can only be smaller or equal
to K. By examining the recalls at various K values, it becomes evident that our model

demonstrates consistent performance across different ranking strategies.

Table 2: Recall of top K materials ranked by ASj; value.
Max Ranking / K| 10 25 50

10 1.0 1.0 1.0
25 - 096 0.96
50 - - 0.96
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Figure 3.3: Training and the performance metric of the machine learning
model. Training curves of (a) the mean-squared error (MSE) and (b) the mean-abso-
lute error (MAE) of the machine learning model. Here the metrics for the training set
and the validation set are plotted in solid and dashed lines, respectively. (c¢) Correla-
tion plot of the predicted standardized ASjy; by the trained machine learning model
versus the true standardized AS); in the database.

3.2.3 DFT and ASD Simulations

Once new promising MCE materials are predicted by the machine learning model,
we use DFT and ASD simulations to directly compute their MCE properties (AS), and
AT,q) and verify the performance of the machine learning model. For each magnetic
material, the magnetic exchange energies (.J;;) were estimated with DFT calculations us-
ing the Vienna ab initio simulation package (VASP) based on the projected augmented
wave pseudopotentials [158]. The Perdew-Burke-Ernzerhof form of generalized gradient
approximation (PBE-GGA) [I11] was used for structural optimization. All of our calcu-
lations utilized a plane-wave cut-off energy of 600 eV. The energy and force convergence
criteria were set to be 1 x 107 and 0.01 eV/A, respectively. Monkhorst-Pack [159]
k-point grid of (20 x 20 x 20) was employed for cubic GdMg, and similar density of
k-point grids were utilized to sample the Brillouin zone for all other compounds. The
robust correlation among the localized ‘f’ electrons was systematically addressed via
GGA+U calculations. Specifically, the parameters U and J were set to 7 eV and 1 eV,
respectively, for all rare-earth elements in our calculations, as these values are commonly
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used in the literature [I60, 161]. Three nearest-neighbor .J;; values were estimated in
each case and subsequently utilized for ASD simulations in further steps.

The parameterized atomistic spin model was employed for ASD simulations using
VAMPIRE simulation software [162]. To determine the T¢, the Monte Carlo method was
utilized. This involved executing 10,000 steps at each temperature, allowing the system
of 30 x 30 x 30 unit cells with in-plane periodic boundary conditions to reach equilibrium.
Subsequently, a statistical average was obtained over 10,000 steps to extract the mean
magnetization. Temperature-dependent magnetization curves were calculated employing
the spin dynamics approach and the Heun integration scheme [I63]. Additionally, the
demagnetization field induced by the atomistic spins themselves was accounted for. The
external magnetic field was systematically increased to 5T with an incremental step of
1T. The ASD simulation was conducted to generate the magnetization versus tempera-
ture (M vs. T') curves. Figure [3.4|represents the M vs. T curves for three representative
materials i.e. EuBg, EuLiHj3, and GdMg. From these temperature-dependent magneti-
zation curves, T values were estimated by fitting the curves with M(T) = (1 — %)ﬁ,
where ( is the critical exponent. The M vs. T curves for fields ranging from 0 to 5T

were calculated with steps of 1T to evaluate AS), using the Maxwell relation [25]:

Hy oM
s [ (20 an
M = Mo " 9T Y ( )

where H; and Hy represent the initial and final magnetic fields, respectively, and
denotes the Bohr magneton. For further evaluation of the MCE performance of the
predicted compounds, the total specific heat (C7) was estimated as a combination of

phononic (C,), magnonic (C,,), and electronic (C.) contributions, i.e.,

Cr =Chp+C,+C.. (3.2)
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Figure 3.4: Simulated temperature and field-dependent magnetization in
three representative compounds predicted by the machine learning model.

First, we begin with the magnetic energy (U) of the magnetic compound to calculate

the C,, i.e.

U==> Njdi-J; =Y gupd; - b, (3.3)

where the first term represents the spin-spin exchange interaction, where \;; is the ex-
change interaction parameter and J; is the total angular momentum of the magnetic ions.
The second term represents the Zeeman interaction of the total angular momentum with
an external magnetic field (h°**). For a given temperature, the mean value of the energy

(U) is calculated by:
1

where N¢ represents the total number of Monte Carlo cycles and Ny is the number of
Monte Carlo cycles used for thermalization. The mean square energy (U?) is obtained
by a relation similar to Equation Now, the magnetic part of the heat capacity can

be calculated as
(U?) —(U)*

Cm (T7 hext) = kBT2 9

(3.5)

where kg is the Boltzmann constant. In this study, the Monte-Carlo simulations were
performed using the VAMPIRE simulation software [162], which produces the magnetic

heat capacity as one of the outputs.
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Following the determination of phonon frequencies through the frozen phonon method,
constant volume phonon heat capacity (Cy) can be calculated using the following equa-

tion as implemented in the Phonopy code [164] [165]:

_ _ hwy \? exp(hwy;/ksT)
Cy = ququ = qzjkB (kBT) lexp(hwy; /kpT) — 1] (3.6)

where ¢ is the wave vector, j is the band index, w,; is the phonon frequency, and A
is the reduced Planck’s constant. We used the calculated Cy as an approximation for

the constant-pressure heat capacity C,, since in the low-temperature regime of solids,

Cyv =~ C, [164].
Lastly, C, is given by:
C.= WT =T, (3.7)
where w represents the electronic heat-capacity coefficient, and D(FEr) represents

the electronic density of states at the Fermi energy Er. Next, the AT,; was estimated

using the calculated Cr by employing the following equation:

Hy m /oM
AT, :M/ —<—) dH. 3.8
R AN T (3:8)

3.3 Results and Discussion

3.3.1 Database Generation and Machine Learning Model

We successfully created a database with high accuracy using the LLM API, demon-
strating the efficacy of our pipeline. The potential for hallucination (i.e., incorrect ASy,
or Te values) was avoided through the self-examination process. The final database,

containing 752 entries, is machine learning-friendly due to the clarity of material names
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and the ease of finding additional physical properties by cross-referencing the Materi-
als Project database. However, there are still key issues that limit the precision of the
database. Firstly, the text format cannot always accurately identify mathematical or
physical symbols, leading to the loss of key information (e.g. numerical value or unit).
Secondly, the LLM API sometimes fails to make correct judgments when the text men-
tions both Curie temperature and Néel temperature. As a result, some of the Néel
temperature records within the database have been incorrectly identified as Curie tem-
peratures, which is an intrinsic issue with the LLM. Compared to this, the LLM has
high accuracy for AS), values for each record. We used a human-corrected version of the
database for higher accuracy training of the machine learning model.

One strength of our model is that we added additional physical information to our
input vectors obtained from the Materials Project database during the training process.
Physical information is added by containing total magnetization, volume, and density
information from the Materials Project and the spatial partition of the element distri-
bution. The results showed robust performance-based MSE and MAE. We also did a
recall evaluation of the model. In industrial applications, recall evaluation is frequently
used where the emphasis is on identifying and capturing as many true positive cases as
possible, even at the expense of some false positives. By examining the recalls at vari-
ous K values, it becomes evident that our model can consistently rank materials based
on their AS)y; values. Additionally, our model stands out for its remarkable efficiency.
Unlike many other studies that rely on complex model architectures or require extensive
datasets with hundreds of features, this model achieves impressive results with a surpris-
ingly simple structure. It utilizes a neural network with only 3 layers and 16 neurons
and leverages a basic input vector of just 4 essential features with a total length of 11.
This combination of simplicity and effectiveness makes this model a compelling choice

for faster iteration and prediction.
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The frequency distribution of ASy; and T values of the training dataset are shown
in ST Fig. S1[3.5] Tt is noteworthy that 70.0% of materials in the training dataset exhibit
a Te below 100 K. This prevalent feature is crucial for the model’s capacity to identify
additional candidates with a T¢> within the desired range (10 K to 100 K). The frequency
distribution of rare-earth elements in our training dataset in SI Figure ¢ (3.7 shows that
81.6% of reported MCE candidates in the dataset contain heavy rare-earth elements.
This prior knowledge and observation motivated us to generate a screening list from the
Materials Project by requiring the presence of heavy rare-earth elements: Gd, Th, Dy,
Ho, Er, Tm, and Eu. Using this criterion, we found 1124 stable materials containing 2
to 8 atoms in the unit cell. We separated them into three lists based on the number of
elements: 370 candidates contain two elements, 711 candidates contain three elements,
and 43 candidates contain at least four elements. The machine learning model provides
one ranked list for each group. We picked the top 50 materials predicted by the machine

learning model for further studies using DFT and ASD.

3.3.2 DFT and ASD Calculations

The primary objective of machine learning is material prediction; therefore, it is
necessary to assess the quality of the predictive model. Hence, we validated the MCE
response of the predicted compounds through DFT and ASD simulations. Initially, the
predicted structures were optimized within the spin-polarized PBE-DFT level of theory.
The total energies of magnetic structures with various combinations of in-plane and out-
of-plane magnetic orderings were compared to determine the magnetic ground state.
Materials exhibiting ferromagnetic ground states were further analyzed for their MCE
properties, as they typically demonstrate direct MCE with ASy, < 0 and AT, > 0, [167,

168 indicating that the sample heats up when an external magnetic field is applied
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adiabatically. Materials with a direct MCE effect typically exhibit higher magnitudes
of magnetic entropy and adiabatic temperature changes compared to the inverse MCE
observed in antiferromagnetic or ferrimagnetic materials [169].

After running a magnetic ground state simulation based on DFT of the top 50 can-
didates predicted by our machine learning model, we identified 11 ferromagnetic com-
pounds with their T in the range 10 K to 100 K that have not been studied before for
their MCE properties. We then conducted detailed DFT and ASD simulation of their
MCE properties. The simulated temperature and field-dependent magnetization and the
AS) values of a few representative compounds are shown in Fig. and Fig. The
crystal structure symmetry, T, AS)y, and AT,4 values evaluated using DFT and ASD for
the machine learning-predicted compounds, are provided in Table |3} The estimated T
values closely match the reported measured values, considering that our simulations do
not account for other effects such as anisotropy energy and crystal effective field effects.

Our computational predictions reveal a diverse array of magnetocaloric materials
characterized by their Ty, ranging from the cryogenic temperatures of liquid helium
(4.2K) to near the boiling point of liquid nitrogen (77K) (Table [3). These materials
can be systematically classified into three distinct subgroups: lower (10 - 30 K), medium
(30 - 50 K), and higher (50 - 90 K) T materials. Notably, the materials in the lower T
subgroup demonstrate exceptional potential for applications such as hydrogen liquefac-
tion (typically around 20 K) and low-temperature magnetic cooling. A notable candidate
among these lower T materials is EuBg, which exhibits a theoretically predicted ASy, of
approximately 48 Jkg 'K~!, surpassing, to the best of our current knowledge, all other
known materials in terms of mass-based performance within this temperature range [29].
However, when considering the isothermal entropy change per volume, the AS); of EuBg
reduces to approximately 0.24 J cm 3K ™!, a value comparatively lower than that of HoB,,

which exhibits a ASy; of approximately 0.36 Jem3K~! [29]. This disparity arises pri-
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Figure 3.5: Simulated temperature and field-dependent magnetocaloric en-

tropy change in six representative compounds predicted by the machine

learning model.
marily due to the lower density of EuBg (5.01 gem ™) compared to HoB, (8.68 gem™).
Additionally, the estimated AT,,; for EuBg is approximately 8.1 K, a figure comparable
to other materials with similar transition temperatures [29]. In the lower T subgroup,
HoPt exhibits the highest AS); value in volumetric units, reaching 0.25 Jem 3K~

In the medium-T¢ range, EuLiH3 exhibits a notable ASy; value of 28 Jkg'K~! (0.15
Jem™3K™!) and a AT,y of 6.7K at approximately 40 K. These values are comparable to
the values observed for TbN at 44 K (ASy ~ 21 Jkg K1 =~ 0.20 Jem 3K}, AT,y ~
8 K in the (001) direction) [I77, [178]. Moving to the higher-7¢ range, DyZrSb displays
the largest AS); at 52 K, while GdMg exhibits the smallest at 90 K (refer to Table |3)).
Additionally, it is noteworthy that the predicted materials include a series with the
general formula RZrSb (where R = Gd, Th, Dy, and Ho), spanning a wide temperature

range from 28 K to 70 K. Among these, HoZrSb stands out with the highest estimated
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Table 3: The crystal structure, estimated (reported) T, and MCE properties for a
field change of 5T of compounds predicted by the machine learning model.

Compound ~ Structure Tc (K) ASy kg 'K™1)  ASpy (Jem3K™ 1) AT, (K)
EuBg Cubic (Pm3m) 12 (16)° 8 0.24 8.1
TbCoC Tetragonal (P4/mmm) 16 (22)° 20 0.17 5.9
ErPt Orthorhombic (Pnma) 24 (16)° 14 0.20 4.5
HoPt Orthorhombic (Pnma) 26 (16)° 18 0.25 5.3
HoZrSb Tetragonal (I4/mmm) 28 (22)¢ 21 0.18 6.2
EuFesPo Tetragonal (I4/mmm) 32 (30)¢ 17 0.12 7.2
EuLiHs Cubic (Pm3m) 40 (38)7 28 0.15 6.7
GdZrSb Tetragonal (I4/mmm) 45 (37)% 14 0.11 4.6
DyZrSb Tetragonal (I4/mmm) 52 (45)% 19 0.16 5.4
TbZrSb Tetragonal (I4/mmm) 70 (61)¢ 16 0.13 5.2
GdMg Cubic (Pm3m) 90 (120)9 15 0.08 4.9

a[170], °[171], [172), ¢[173), ¢[174], / [175], 9]176]
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Figure 3.6: Comparison of newly discovered MCE materials to the known
MCE materials. The magnetocaloric entropy change (ASy;) for the predicted com-
pounds in this work (black stars) are plotted alongside some known MCE materials
reported in the literature (red circles) in the 10K - 100 K range for comparison.

ASy, attributed to the relatively larger effective moment associated with Ho compared

to the other elements in the series. The predicted compounds are compared with other
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materials exhibiting significant magnetocaloric responses in the temperature range of

10K to 90K for a field change of 5T, as illustrated in Fig.

3.4 Conclusion

In this work, we exploited LLM’s remarkable abilities to summarize texts and create
an auto-generated MCE material database from public literature abstracts. Following
curation and validation, we trained a neural network with high-quality data to predict
good MCE materials. This model efficiently identified unexplored binary and ternary
magnetic compounds in the Materials Project database, uncovering promising multiple
materials across a wide range of temperatures. We then validated the top predictions
using DF'T simulations and ASD, discovering new MCE materials for the 10K to 100 K
temperature range. By integrating the results back into the database, we established a
feedback loop that enhances the neural network’s accuracy. This approach showcases the

power of LLMs in mining literature for data-driven material discovery.
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3.5 Supplementary Information

3.5.1 Training Data

Figures[3.7(a) and (b) are the frequency distributions of AS); and 7¢ in the training
data. Notably, a large portion of materials in the training dataset have a T lower than
100 K. This prevalent characteristic of the dataset is crucial for the model’s ability to
discover more candidates with a T in the desirable range. The frequency histogram
of rare-earth elements shown in Fig. [3.7(c) reflects that the majority of reported MCE

candidates contain heavy rare-earth metals.
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Figure 3.7: Frequency distribution of (a) Magnetic Entropy Change, (b) Curie Tem-
perature, and (c) rare-earth elements in the training data.

3.5.2 Model Training and Evaluation

Figures (a) and (b) provide comparisons between the training curves for augmen-
tation factors of 50 and 100, corresponding to datasets with 11,450 and 22,900 training
data points, respectively. The model exhibits faster convergence when the training data
size is doubled. This compelling evidence underscores the efficacy of the data augmen-
tation method in facilitating the model’s learning process. Intriguingly, despite the aug-

mented data not introducing new information, the accelerated convergence suggests that
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Figure 3.8: Training curves of Mean-Squared Error (MSE) and Mean-Absolute Error
(MAE) for augmentation factor of 50 vs. 100.
the increased volume of training instances enhances the model’s ability to generalize and
capture intricate patterns within the dataset.

Figure displays a comprehensive analysis of the grid search results with fixed
parameters of 3 layers and 16 neurons, respectively. The training curves offer a visual
representation of the model’s performance across varying hyperparameter values of the
network structure. For each training curve, the x-axis reflects the training epochs and
the y-axis illustrates the corresponding values of Mean Squared Error (MSE) or Mean
Absolute Error (MAE). It is noteworthy that MSE serves as the employed loss function.
Across all configurations, MSE consistently demonstrates smooth convergence without
discernible variations, indicating the stability of the model’s learning process irrespective
of hyperparameter adjustments. The nuanced analysis of MAE, however, provides valu-
able insights. Among the configurations tested, the networks consist of 3 layers with 16

neurons per layer emerging as the optimal structure.
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Figure 3.9: Training curves of Mean-Squared Error (MSE) and Mean-Absolute Error
(MAE) for grid search.
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Data Availability Statement

The data that supports the findings of this study are available within the article and
its supplementary information. The auto-generated MCE database is available online at

https://github.com/RunqingYang1996/MCEdatabase.
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Large Language Models”, (arXiv:2403.02553). It is submitted for publication.
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Chapter 4

Summary and Prospects

In this thesis, we combined high-throughput screening with advanced computational
methods, state-of-the-art large language models and machine learning techniques to
search for promising candidates for future energy applications. Upon comprehensive val-
idation and characterization by first principle calculations, the discovered materials open
up possibilities for their potential applications in thermoelectrics devices and magnetic
refrigeration. Not only do the results motivate further experimental studies, the frame-
work also allows for efficient screening with more complex materials and offers insights
on understanding the performance metric from the descriptors.

The study in Chapter [2| presents a novel approach to identify material candidates
with an ultralow intrinsic lattice thermal conductivity using an efficient HTS based on
intuitions from the chemical bonding theory. It has been the subject of extensive study
to discover crystalline solids with a low thermal conductivity in various applications such
as thermoelectric materials, thermal insulation, and thermal barrier coatings. To maxi-
mize the thermoelectric figure of merit, for example, it is crucial to minimize the lattice
thermal conductivity while maintaining the electrical conductivity, and thus crystalline

materials with an ultralow intrinsic thermal conductivity are particularly desirable since
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they avoid introducing defects that can interfere electron transport. We reveal a signifi-
cant correlation between anti-bonding valence bands and low lattice thermal conductivity
in crystalline solids using detailed first-principles lattice dynamics analysis. We further
utilize the anti-bonding signature of valence bands as an efficient and cost-effective de-
scriptor to conduct high-throughput screening within the Materials Project database to
search for stable semiconductors that potentially possess an ultralow intrinsic thermal
conductivity. We identify over 600 binary semiconductors with strongly anti-bonding
valence bands. From these candidates, we discovered and analyzed a family of semicon-
ductors (XS, where X is an alkali metal) with ultralow thermal conductivity below 1
W/mK at room temperature, which are promising for thermoelectric applications. Our
findings provide a deeper understanding of thermal conductivity of crystalline solids at
the microscopic chemical bonding level and open a new avenue for discovering materials
with intrinsically low thermal conductivity for a broad range of applications.

In Chapter 3] our work demonstrates the potential of combining large language mod-
els, machine learning, and ab initio simulations to efficiently discover new magnetic refrig-
erants. Magnetic refrigeration has attracted renewed attention compared to conventional
cooling methods due to its solid-state nature, cryogen-free operation, reliability, compact
design, and ability to approach Carnot efficiency at cryogenic temperatures. As a result,
magnetic refrigeration has found widespread use in space missions, scientific instrumenta-
tion, and as an environmentally friendly substitute for vapor compression-based cooling
systems. However, most prior research on magnetic refrigeration has concentrated on
either extremely low cryogenic temperatures below a few Kelvin or temperatures close
to room temperature, whereas many technologically important applications require effi-
cient cooling in the temperature range between 10 K and 100 K, such as hydrogen and
methane liquefaction and cryogenic carbon capture. To search for ideal magnetic re-

frigerants in this temperature range, we develop a computational pipeline to identify

78



candidates for magnetic refrigeration from a material database generated by extracting
more than 6000 entries from open-access literature using a large language model. We
then use this database to train a machine learning model that can efficiently predict
magnetocaloric properties of materials based on their chemical composition. The mag-
netocaloric response of the predicted compounds is validated through density functional
theory and atomic spin dynamics simulations, allowing for the estimation of magnetic
entropy change and adiabatic temperature changes. The pipeline enabled the discovery
of 11 new materials exhibiting superior magnetocaloric effect for the target temperature
range. Our research showcases the capability of synergizing large language models, ma-
chine learning, and ab initio simulations for the effective exploration and discovery of
novel functional materials.

HTS excels in identifying materials that exhibit exceptional properties within the
vast array of structures and compositions, even for challenging task like finding a needle
in a haystack. Such discoveries can be surprising, challenging existing knowledge based
on smaller datasets. The efficient workflow of descriptors and screening significantly
reduces the time and cost devoted for discovering materials with desired properties. This
accelerates the process to attain more profound insights into material properties across
a range of applications. With the increasing accessibility and growth of datasets, the
exploration of data using modern Al techniques is becoming increasingly inevitable. This
trend is expected to yield new insights in the relationships between structure, chemistry,
and properties. Undoubtedly, these advancements will propel materials science towards
a more data-driven paradigm, fundamentally transforming the traditional methods of

discovering and developing new materials.
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