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Abstract il

Abstract

The emergence of complex, functional electron materials has generated significant
interest due to their potential applications in various technologies, including quantum
computing and energy storage. However, understanding and modeling these materials
present a major challenge because of the complexity of their electronic structure and
interactions. This dissertation explores the use of machine learning to enable large-
scale modeling of functional electron materials, with a focus on the Falicov-Kimball
model, itinerant electron magnets, and disordered spin systems. We leverage neural
network architectures to create efficient energy models, thereby enabling simulations
that are otherwise computationally prohibitive. Our results demonstrate that ML can
capture complex phenomena, such as phase separation and spin dynamics, with high
accuracy. This work not only provides insights into the behavior of functional electron
materials but also establishes a framework for employing ML in computational physics

to solve otherwise intractable problems.
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Chapter 1

Introduction

Functional electron materials, such as high-temperature superconductors and ma-
terials exhibiting charge density waves, are renowned for their complex, emergent
properties arising from strong electron correlations [6-25]. These materials exhibit
a wide range of mesoscale patterns, including stripes, checkerboards, and spin tex-
tures, which emerge due to intricate electronic interactions. Understanding the ori-
gin, stability, and evolution of these patterns is essential, as they often underpin
the unique electronic, magnetic, and transport properties of the materials, render-
ing them promising candidates for a variety of advanced technological applications,
ranging from data storage to quantum information processing and energy-efficient
devices.

The remarkable behaviors exhibited by functional electron materials are not solely
determined by their atomic lattice structure but are profoundly influenced by elec-
tronic interactions that give rise to collective phenomena. For instance, the emergence

of high-temperature superconductivity in certain cuprates and iron-based materials is
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believed to be driven by unconventional electron pairing mechanisms, which remain
the subject of intense theoretical investigation. Similarly, charge density waves and
spin textures [26-34] often result from the competition between different interactions,
such as Coulomb repulsion, lattice coupling, and magnetic exchange, driving the sys-
tem into complex, spatially non-uniform states. These emergent properties are of
significant interest not only because they represent novel phases of matter but also
because they hold transformative potential for future technologies.

The theoretical modeling of such complex systems has traditionally relied on var-
ious numerical techniques, including Monte Carlo simulations, exact diagonalization,
density functional theory (DFT), and etc [35-42|. These approaches, while highly
successful for small systems, become computationally prohibitive as the system size
increases, limiting our ability to explore emergent behavior in larger systems or to
capture phenomena that manifest at realistic scales. Moreover, the non-equilibrium
dynamics of these systems, which are often central to their functional properties, re-
quire an efficient and accurate means of modeling both local electronic interactions
and large-scale structural evolution. The challenge lies in capturing the intricate
interplay between local electron correlations and global structural order, which is es-
pecially important when attempting to understand the behavior of these materials
under experimental conditions, such as temperature quenches or applied electromag-
netic fields.

In recent years, machine learning (ML) has emerged as a powerful tool to address
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these computational challenges [43-56]. Machine learning techniques, particularly
deep learning, offer sophisticated methods for recognizing and exploiting complex
patterns in data, which is crucial for modeling systems characterized by a high degree
of freedom and strong correlations. By training neural networks on smaller, exactly
solvable systems, we can construct predictive models that generalize effectively to
larger, more complex configurations. This strategy, often termed multi-scale mod-
eling, enables the simulation of the dynamics of functional electron materials at a
fraction of the computational cost of conventional approaches. Neural networks (NN)
are particularly well-suited for this task because they can effectively learn the un-
derlying relationships between the microscopic states of a system and its emergent
macroscopic properties, thereby obviating the need for computationally intensive cal-
culations at every step.

A key advantage of machine learning in this context is its capacity to handle the
high dimensionality inherent in many-body systems. Traditional methods are often
hindered by the so-called "curse of dimensionality," in which the computational cost
grows exponentially with the number of particles or degrees of freedom in the system.
Machine learning models, however, can be trained to identify efficient representations
of these high-dimensional systems, thereby reducing the effective dimensionality and
making it possible to study larger and more complex configurations. Furthermore,
ML models can be trained to predict energy landscapes, forces, and other relevant

properties based on local configurations, which is particularly advantageous for inves-
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tigating the emergent properties of these materials, especially due to the scalability
of the system.

This dissertation presents a detailed investigation into the application of machine
learning for large-scale modeling of functional electron materials. We begin with the
Falicov-Kimball model [57], a canonical model that captures essential aspects of phase
separation and charge ordering in correlated electron systems. This model serves as
an ideal testbed because it incorporates many of the fundamental features of electron
correlation while remaining tractable for detailed analysis. We demonstrate that
neural networks can efficiently model the complex energy landscape of the Falicov-
Kimball model, enabling large-scale kinetic Monte Carlo simulations that reveal the
dynamics of phase separation and the development of charge density wave order.
These simulations provide new insights into the mechanisms of phase separation,
including the role of thermal fluctuations, domain growth, and the stabilization of
long-range order.

We then extend our methodology to investigate the dynamics of itinerant electron
magnets and disordered spin systems [19-25]. Itinerant electron magnets, in which
magnetic moments arise from the collective behavior of delocalized electrons, pose
distinct challenges compared to localized spin systems. The interplay between elec-
tron mobility and magnetic exchange interactions leads to rich phase diagrams and
complex, non-trivial dynamical phenomena. By utilizing machine learning models,

we simulate the time evolution of these systems, capturing intricate behaviors such
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as spin-wave propagation, magnetic domain formation, and the effect of external per-
turbations on magnetic ordering. For disordered spin systems, where the presence
of randomness significantly influences the physical properties, machine learning pro-
vides a powerful approach to explore the impact of disorder on both magnetic and
electronic characteristics, offering fresh perspectives on spin-glass states and other
disordered phases.

Our results show that machine learning can not only replicate the outcomes of
traditional exact methods with remarkable accuracy but also extend the simulations
to substantially larger system sizes [58,59]. This capability is particularly crucial for
the study of emergent phenomena, which often become prominent only at macro-
scopic length scales. For example, the formation of large-scale magnetic domains, the
nucleation and growth of charge order, or the cooperative behavior in spin glasses ne-
cessitate simulations that include many thousands of particles—far beyond the scope
of conventional computational approaches. By leveraging machine learning, we bridge
the gap between small-scale theoretical models and the large-scale behavior observed
in experiments, thereby enhancing our ability to understand and predict the physical
properties of these materials.

In summary, the work presented here establishes a robust framework for employ-
ing machine learning to deepen our understanding of complex, correlated electron
materials. This approach paves the way for studying emergent phenomena in sys-

tems that were previously intractable using conventional computational techniques,
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thereby opening new opportunities for the design, discovery, and application of func-
tional electron materials. By integrating the strengths of machine learning with tradi-
tional physics-based modeling, we can develop a more comprehensive understanding
of these fascinating systems, ultimately contributing to advancements in energy stor-

age, quantum computing, spintronics, and other cutting-edge fields of technology.



Chapter 2

Machine Learning in the
Falicov-Kimball Model

2.1 Introduction

Complex mesoscopic textures are common in strongly correlated electron materi-
als [6-18]. Notable examples include stripe and checkerboard patterns in high-T.
superconductors, as well as nanoscale mixtures of metallic and insulating domains in
manganites. These mesoscopic textures are not only fundamentally important in cor-
related electron physics but are also central to the emergence of novel functionalities
in these materials. The nanoscale patterns in correlated electron materials often result
from phase-separation instabilities driven by electron correlation effects. Indeed, a
common feature of lightly doped Mott insulators is their strong tendency toward phase
separation, where doped holes are expelled from locally insulating antiferromagnetic
domains [60-67]. Despite considerable efforts to understand the mechanisms of phase
separation and the properties of mixed-phase states in strongly correlated materi-

als, the non-equilibrium pattern-formation dynamics in these systems remains poorly
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understood.

Intermediate states with complex structures are also observed in discontinuous
phase transitions in many classical systems [68,69]. The kinetics of first-order transi-
tions is a well-established subject with a long history [70-72]. These studies focus on
the evolution of a system from an unstable or metastable state toward its equilibrium
phase, often characterized by the emergence of complex spatial-temporal patterns.
Several numerical techniques, ranging from kinetic Monte Carlo (KMC) and molec-
ular dynamics (MD) simulations to phase-field modeling, have been developed for
large-scale simulations of phase-separation phenomena [35-38|. Of particular inter-
est in such studies are the dynamical universality class and the associated universal
growth law |73,74]. The phase-ordering process is often modeled using partial differ-
ential equations for the order-parameter fields that describe the symmetry-breaking
structure. However, most work in this field is based on empirical energy models, which
often fail to capture the complex and long-ranged interactions of order-parameter
fields, particularly in correlated electron systems.

Comprehensive modeling of correlation-driven phase separation requires simulta-
neous consideration of microscopic electronic processes and mesoscopic pattern for-
mation dynamics. For instance, one could obtain the driving forces on the order-
parameter fields by integrating out the electrons on-the-fly, meaning that the elec-
tronic structure problem must be solved at every time step of the macroscopic dy-

namics simulation. However, repeatedly solving the electronic problem using methods
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ranging from exact diagonalization (ED) to more sophisticated many-body techniques
can be prohibitively expensive for large-scale simulations. These computational chal-
lenges are partly why progress in understanding phase-ordering dynamics in correlated
electron systems has been limited.

In this chapter, we take an important step toward the goal of multi-scale dynam-
ical modeling of strongly correlated electron systems by utilizing machine learning
(ML) techniques to develop an efficient yet accurate energy model. This approach has
allowed us to achieve the first-ever large-scale simulation of phase separation phenom-
ena in the Falicov-Kimball (FK) model [57], one of the canonical correlated electron
systems. Originally introduced as a limiting case of the Hubbard model |75], the FK
model was later independently proposed to describe semiconductor-metal transitions
in rare-earth and transition-metal compounds [57]. The FK model describes inter-
actions between conducting c-electrons and localized f-electrons through an on-site
repulsive interaction. Its relative simplicity allows for numerically exact solutions,
which serve as important benchmarks for sophisticated many-body methods |76].
The FK model itself has rich phase diagrams and is one of the most well-studied
correlated electron systems that exhibit complex pattern formation and phase sepa-
ration [77-85]. In particular, the FK model provides a proof of principle that stripe
and checkerboard orders—prominent features in the phenomenology of high-T,. su-
perconductivity—can arise purely from electronic correlation effects [78-81|, such as

the Kivelson-Emery scenario of phase separation.
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2.2 Kinetic Monte Carlo for the Falicov-Kimball Model

In this work, we consider the spinless FK Hamiltonian on a square lattice |76, 81]:

H=—tm Z cjcj +U Z clemd, (2.1)
(i4) g

Here, ¢ (¢;) is the creation (annihilation) operator for a c-electron at site i, (ij)

f

denotes nearest-neighbor pairs on the lattice, n; is the occupation number of the
f-electron, t,, is the nearest-neighbor hopping constant (serving as the energy unit),
and U > 0 is the strength of the on-site repulsive interaction. Due to the quadratic
nature of the c-electron Hamiltonian, the equilibrium phases of the FK model can,
in principle, be solved exactly by combining the classical Monte Carlo (MC) method
for f-electrons with ED for c-electrons [83-85]. Furthermore, within the framework
of dynamical mean-field theory, the quantum impurity problem associated with the
FK model can also be solved exactly [76,82].

The equilibrium phases of the square-lattice FK model have been extensively stud-
ied over the years. At half-filling for both ¢ and f electrons, the ground state exhibits
a charge-density wave (CDW) order, with the f-electrons forming a checkerboard
pattern [84,85]. Away from half-filling, the model displays various stripes and in-
commensurate phases [80,81]. With slight electron or hole doping, a phase-separated
regime is stabilized [81-83|, similar to the Hubbard model. Despite being a prominent

model for electronic phase separation, the phase-ordering dynamics in FK systems

has not been explored. Important questions, such as whether the system exhibits
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dynamical scaling and the nature of the domain-growth law, remain open.

To address these issues, we develop a KMC method [37,86] to simulate the phase
ordering process of the FK model under a temperature quench. While the c-electrons
have well-defined dynamics in the FK Hamiltonian, the f-electrons are static discrete
variables, with nf = 0 or 1, similar to classical Ising spins. To provide dynamics for
the f-electrons, we use a random-walk algorithm to model their diffusive motion. At
each time step, an attempt is made to move a randomly chosen f-electron to one of
its empty neighbors. Whether the move is accepted is determined by the standard
Metropolis criterion [37]. We further assume that the equilibration of c-electrons is
much faster compared to the random walks of f-electrons, analogous to the Born-
Oppenheimer approximation in quantum MD [87]. Consequently, the motion of the
heavier f-electrons depends on the free energy of the quasi-equilibrium c-electrons
before and after the update. The acceptance probability for such a nearest-neighbor

move is given by:

1
Disj = Zmin (1, e‘AEHj/kBT) , (2.2)

where AE,_,; represents the free-energy difference of c-electrons due to the hopping
of an f-electron from site ¢ to j. The probability that the f-electron stays in place is
Pini=1—>_ i Dimsj- It is worth noting that lattice gas systems combined with kMC
simulations are widely used to describe phase separation in conventional alloys [88,89).

However, most works are based on empirical energy models, often formulated as
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effective classical Ising Hamiltonians. In this work, we demonstrate that deep neural
networks (NN), trained using exact solutions, can provide an accurate and efficient
energy model for the f-electrons in the FK system.

The c-electron free energy can be calculated using either ED or more efficient
techniques, such as the kernel polynomial method [90|. However, the quantum KMC
simulation described above is very time-consuming for large systems, as one must
solve the electron tight-binding problem four times at each time step to update just

one f-electron.
2.3 Machine Learning Architecture

To address the computational bottleneck, we apply ML methods that have been suc-
cessfully used to enhance the efficiency of quantum MD simulations [91-97]. Similar
techniques have also been applied to enable large-scale quantum spin dynamics in
double-exchange systems [98,99|. The central idea of our approach, summarized in
Fig. 2.1, is rooted in the principle of locality [100,101], often referred to as the "near-
sightedness" of electronic matter by W. Kohn. In our context, the locality principle
implies that the energy change AFE;_,; depends only on the f-electron configuration
within the vicinity of the local update.

Specifically, the energy change AFE;_,; of a local update is assumed to depend on

the neighborhood configuration through a universal function:

AEi—>j = 5(ﬁijaci)» (23)
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Figure 2.1: Schematic diagram of NN energy model for kMC dynamics simulation of
the FK system. A descriptor is used to construct effective coordinates {G,} from
neighborhood f-electron configuration {n;c } up to a cutoff r. = 10. These feature

variables {G,} are input to the NN which predicts the energy differences AE at the

output.

where n;; = +%, +y denotes the orientation of the ¢ — j bond, and C; = {nf ‘ Ir; —
r;| < Rcutoﬂ‘} describes the neighborhood f-electron configuration up to a cutoff radius
Reutofi- The complex dependence of the energy function (+) on the local environment

is encoded in a NN that is trained using exact solutions from small systems.

2.3.1 Lattice Descriptor

Next, the effective energy function £(-) is expected to also preserve the site-symmetry
of the lattice. A descriptor is used to construct effective coordinates {G,} from the
neighborhood f-electron configuration {nf } up to a cutoff radius Reytor = 10. These
feature variables {G,} are then fed into the NN, which predicts the energy differences

AL;_,; caused by the update at the output. As the energy prediction should preserve
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the discrete lattice symmetry of the square-lattice FK model, the generalized coordi-
nates {G,} are expected to be invariant under symmetry operations of the discrete
point group, for example 90° rotation about the z-axis, or mirror reflection about zz,
yz planes. To this end, we first use the fact that the f-electron occupation numbers
{nf } within the cutoff form the basis of a high-dimensional representation of the point
group, which in the case of the square lattice is the D, group. By decomposing this
high-dimensional representation into the irreducible representations (IRs) of the sym-
metry group, invariants can be systematically constructed from the basis functions of
the various IRs [102].

Since the distance is preserved by symmetry operations of the point group, the
representation matrices of the neighborhood occupation are automatically block-
diagonalized according to the distances to the central point. This significantly sim-
plifies the task of finding the IRs. For example, Fig. 2.2 shows the case of the neigh-
boring sites {w;} forming an 8-dimensional block, which can be readily decomposed

as 8 = A1 ® Ay @ By @ By @ 2E. The corresponding basis of the IRs are the linear
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combination of {w,} as follows:

A
f 1:w1+w2+w3+w4+w5+w6+w7+wg
Az _
f = W1 — Wy + W3 — Wy + W5 — Wg + Wy — Wsg
B
f 1:w1+w2—w3—w4+w5+w6—w7—w8

(2.4)

fP = wy — wy — ws + wy + ws — wg — wr + ws
7 = (w2 — ws — wg + wy, wi 4wy — w5 — ws)
7= (w1 + wy — w5 — we, W3+ Wy — Wy — Ws)
By repeating the same procedures for each block, we arrange the resultant IR basis

r1fray o, fip,) where I labels the IR, r enumerates

functions into a vector fI' = (
the multiple occurrences of I' in the decomposition of the f-electron configuration,
and Dr is the dimension of the IR. The IR basis follows the D4 point group’s character
table in Table 2.1. Given these basis functions, one can immediately obtain a set of
invariants called the power spectrum {pL}, which are the amplitude of each individual
IR function, i.e. p- = ’ fr ‘2 However, feature variables based only on the power
spectrum are incomplete in the sense that the relative phases between different IRs
are ignored. For example, the relative "angle" between two IRs of the same type:
cos@ = (fr - f1,)/|fH 11 £7,] is also an invariant of the symmetry group. Without such
phase information, the NN model might suffer from additional error due to spurious

symmetry, namely two IRs can freely rotate independently of each other.

A systematic approach to include all relevant invariants, including both amplitudes
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Figure 2.2: The example of a block of the f-electron configuration {w;} that is used
to generate block-diagonal representations of the D, point group of the square
lattice. These eight sites are the 4" nearest neighbor to the ion wy = 1, where w; is
either occupied (1) or unoccupied (0).

E 2C4(2) Cs(z) 205 209
Ay 1 1 1 1 1
Ay 1 1 1 -1 -1
By 1 -1 1 1 -1
By 1 -1 1 -1 1
E 2 0 -2 0 0

Table 2.1: D4 point group character table
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Figure 2.3: Five different nearest-neighbor configurations for updating an f-electron

at the central site ng = 1. The blue circles denote nearest neighbor sites that are
occupied by an f-electron, while the yellow circles denote empty sites.

and relative phases, is the bispectrum method [103,104]. In this work, we develop a
descriptor similar to the one used in Ref. [105], that is modified from the bispectrum
method. We introduce a set of reference basis functions fL, for each IR of the point
group. These reference basis are computed by averaging large blocks of f-electrons,
such that they are less sensitive to small changes in the neighborhood f-electron
configurations. We then define the relative "phase" of a IR as the projection of its
basis functions onto the reference basis: nl = fI - fL./|fY||f5|. The effective

ref

coordinates are then obtained from the power spectrum and the relative phases:
{Ged ={p, . m}

It is worth noting that the energy cost of hopping to a neighbor that is already
occupied by another f-electron is infinite. Numerically, it is very difficult to include
this special situation among finite predictions. However, for such infinite energy cost,
the corresponding probability is zero, which means we can preclude such transition
probability in our consideration for such situations. Consequently, it is easier in
practice to implement several different NN models, one for each of the five different

nearest-neighbor f-electron configurations shown in Fig. 2.3. Importantly, depending
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on the nearest-neighbor configuration, different point-group symmetry has to be used
for computing the generalized coordinates {G,}. Our discussion of the descriptor
above is mainly focused on the case of four empty neighbors shown in Fig. 2.3(a).
For configurations shown in Fig. 2.3(b), (c), and (e), the symmetry group is reduced

to Cy, while the situation shown in Fig. 2.3(d) is described by point group Ds.

2.3.2 Convolutional Neural Network

Inorder to predict the energy cost, we have built an 8-layer NN model on PyTorch [106]
for the large-scale ML-kMC simulations of the FK model. Details of the NN model are
summarized in Table 2.2. We have included convolutional layers in our NN to extract
characteristic patterns of the input f-electron configurations [107]. Notably, we have
verified that NN models with additional convolutional layers outperform those based
only on fully connected layers.

The NN model was trained by datasets generated from kMC simulations on a
30 x 30 square lattice using ED method. The following parameters are used: nearest-
neighbor hopping ¢,,, = 1, on-site repulsive energy U = 2t,,, temperature 7" = 0.05,
f-electron density p; = 0.187, and c-electron density p. = 0.55. As discussed in
the next section, these parameters were chosen in order to realize a low-temperature
phase consisting of a mixture of checkerboard patterns and uniform domains that are
free of f-electrons.

The training datasets come from both random configurations and ED-kMC sim-

ulations for a thermal quench to T" = 0.05. On average, the NN models for the five
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Layer

Network

Input Layer

316,1]°

Convolutional Layer 1

conv(5,1,0,16)°
maxpool(3,3)°
act? = ReLLU

Convolutional Layer 2

conv(5,1,1,32)

maxpool(3,3)

act = ReLU
flatten® — [1088|

Hidden Layer 3

FC(1088,256)/

act = ReLU
Hidden Layer 4 Z(i(%%ii%)
Hidden Layer 5 if(mliff%
Hidden Layer 6 al;C(ﬁiii)U
Output Layer FC(32,1)

®The shape of the input data [one-dimensional dataset length, No. channels]

One-dimensional convolutional filter with arguments (filter size, stride, padding, No. filters).

“Max-pooling layer with arguments (pool size, stride length).

4The activation function.

°Flatten the multi-channel output of the previous layer to the one-dimensional neurons.

Fully connected layer with arguments (input size, output size).

Table 2.2: The ML model structure

19
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Figure 2.4: Correlation between the NN predictions and the exact solutions for
energy differences AE_,, AE_, AE;, and AE|, corresponding to the energy
cost/gain of hopping to right, left, top, and bottom nearest neighbors of a randomly
chosen f-electron. The blue dots show the training data prediction with
MSE = 0.041 and the orange dots show the testing data prediction with
MSE = 0.046.
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different nearest-neighbor configurations shown in Fig. 2.3 are each trained by at least
10° datasets. The Adam optimizer [108] with a learning rate of 0.001 is used to mini-
mize the loss function, which is defined as the mean square error (MSE) of the energy
prediction. We have obtained nice overall agreement between the predicted values

and exact calculations, as demonstrated by the validation results shown in Fig. 2.4.

2.3.3 Results

Next, we integrate our NN with the kMC to further benchmark the performance of the
ML methods compared with the ED kMC results. We first calculate 100 independent
simulations using the ED-kMC with parameters above. Another 100 independent
simulations with the same parameters are then carried out by ML-kMC using the
trained NN model. Fig. 2.5(a) and (b) show the characteristic lengths of the checker-
board clusters and their super-clusters (or effective Ising domains defined in the main
text) obtained from ED and ML-kMC simulations. These two characteristic lengths,
¢ and L, are obtained from the time-dependent structure factor of f-electron config-
urations and Ising configurations, respectively. In both cases, reasonable agreements
between the two methods are obtained. Comparisons of the f-electron correlation
functions Cy; = (n/ nj ) obtained from ED and ML-kMC simulations are shown in
Fig. 2.5(c) and (d) for 50 and 500 time-steps, respectively, after a thermal quench.
The reasonable agreements of the correlation functions indicate the ML-model can

successfully capture the relaxation dynamics of the FK model.
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Figure 2.5: (a) The characteristic length ¢(¢) of the f-electron configuration {nf } as
a function of time for ED-kMC and ML-kMC simulations. (b) The time dependence
of the characteristic linear size L of the Ising domains associated with the
super-clusters. The panels on the right show the comparison of f-electron
correlation function Cy; = (n/ n; ) after (c) t = 50 and (d) ¢t = 500 from the same

initial condition.
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2.4 Phase Separation in the Falicov-Kimball Model

We employ the benchmarked NN energy model to perform large-scale ML-KMC simu-
lations of the FK model with up to 10° lattice sites. Our objective is to investigate the
growth dynamics of checkerboard clusters after a temperature quench. Specifically,
we consider a slightly doped c-electron system with a filling fraction of p. = 0.55 and a
low f-electron density of p; = 0.187. The repulsive interaction is set at U = 2t,,. In
the low-temperature phase, the system exhibits phase separation characterized by a
mixture of checkerboard CDW ordering of f-electrons and a metallic region devoid of
f-electrons [82]. Some stripe-like orders are also observed. In our simulations, the sys-
tem is initially prepared in a random configuration, and the temperature is abruptly
reduced to T" = 0.05t,, at time t = 0. A snapshot of the f-electron configuration
at a later time after the quench, as shown in Fig. 2.6(b), clearly displays multiple
checkerboard clusters along with some diagonal stripe patterns of the f-electrons.
Figure 2.6(a) shows the growth of the average checkerboard cluster size (s) over
time, indicating the aggregation of f-electrons to form CDW order during relaxation.
Since the number of f-electrons is conserved, the growth of checkerboard domains
resembles the phase separation of a conserved order parameter, which is expected to
follow a t'/3 power-law growth as predicted by the Lifshitz-Slyozov-Wagner (LSW)
theory [109,110] or the model-B dynamical model [73,111]. As shown in the inset of
Fig. 2.6(a), the characteristic length scale of checkerboard clusters follows a power-

law Al ~ t“ in the early stages of phase separation, with an exponent o = 0.35 that
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Figure 2.6: (a) Average size (s) of checkerboard cluster as a function of time
obtained from ML-kMC simulations on a 150 x 150 lattice. The inset shows the
time dependence of the characteristic length scale () = £y + A¢, where £ = (s)'/2,
The dashed line indicates a power-law growth with exponent a ~ 0.35. Here time is
measured in terms of 100 MC steps. (b) A close-up view of f-electron configuration
at t = 800 after quench.

is slightly higher than the LSW prediction. This discrepancy may arise from the fact
that LSW scaling is generally expected to hold during the coarsening of very large
domains at late times [112].

However, this power-law growth is only sustained for a short duration, and the
domain growth significantly slows down at later stages. This stagnation in domain
growth cannot be attributed to finite-size effects, as the average cluster size remains
much smaller than the system size at late times. Instead, the freezing of the checker-
board clusters is associated with a hidden sublattice symmetry breaking in the phase
separation process, which we discuss in detail below. To illustrate this effect, we use
different colors to label the f-electrons on the two sublattices of the square lattice.

As shown in the top row of Fig. 2.7, when the checkerboard clusters are small, f-
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Figure 2.7: Top: snapshots of f-electron configuration obtained from kMC
simulations of phase separation in a 150 x 150 square-lattice FK model. The blue
and red dots indicate f-electrons on the A- and B-sublattice, respectively. Bottom:
configurations of Ising variables o; that characterize the Zs-symmetry-breaking
domains associated with super-clusters.
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Figure 2.8: (a) Scaling plot of the time-dependent structure factor S(k,t) obtained
from the Fourier transform of the Z5 order parameter. The dashed line shows the
k=3 Porod’s law in 2D. (b) Characteristic length L(t) of the super-clusters as a
function of time for three different lattice sizes. The dashed line indicates the linear
growth AL(t) ~ t.

electrons on the same sublattice tend to cluster together, forming super-clusters of
checkerboards. Importantly, the formation of such super-structures also breaks the
Zy sublattice symmetry.

It is important to note that two distinct symmetry-breaking processes are occur-
ring simultaneously during the temperature quench: the conventional CDW-metal
phase separation at smaller length scales and the coarsening of super-clusters or ef-
fective Ising domains at larger scales. The formation of super-clusters is not an
inevitable outcome of phase separation involving CDW order. Since the f-electrons

in a CDW cluster can occupy either the A or B sublattice, each cluster can be charac-
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terized by a Z, variable, referred to as its polarity. In a typical phase-separated state,
one would expect a mixture of CDW clusters with opposite polarities. However, our
simulation results suggest that the energy of these mixed-phase states can be further
reduced through the alignment of CDW clusters with the same polarity, resulting in
the formation of super-clusters. As discussed below, this alignment is driven by a
nonlocal interaction mediated by the c-electrons.

To describe the larger-scale Z; symmetry breaking associated with super-cluster
coarsening, we introduce an Ising variable o; at each lattice site, such that o; =
+1 (—1) if the f-electron closest to site i belongs to the A (B) sublattice. Based
on this definition, the bottom row of Fig. 2.7 shows the Ising configurations {o;}
corresponding to the respective f-electron distributions {nf } shown on the top. In the
language of Ising spins, the clustering of checkerboards into super-clusters corresponds
to the growth of Ising ferromagnetic domains. The order parameter ¢ describing this
Zy symmetry breaking is then given by the magnetization density of Ising spins, i.e.,
¢ = (0;). It is noteworthy that ¢ is not conserved in the KMC dynamics of f-electrons.
Phenomenologically, such a non-conserved field is governed by the time-dependent
Ginzburg-Landau (TDGL) equation, or model-A dynamics [73]. The resulting domain

coarsening is characterized by the Allen-Cahn power law [70, 72|
L~ tY2, (2.5)

However, as we will show, the coarsening of super-clusters in our system does not
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follow the expected power law due to an unusual self-confinement effect among the
f-electrons.

To characterize the growth of Ising domains associated with the super-clusters,
we compute the structure factor of the Ising spins, S(k,t) = |+ 3, 0y(t) exp(ik - 1;) |2.
Ferromagnetic ordering implies that S(k,t) exhibits a growing peak at k = 0. The
inverse of the width of this peak can be used as a measure of the characteristic length
scale of the super-clusters: L7'(t) ~ Ak = >, S(k,t)|k|/ >, S(k,t). Using this
characteristic length as a scale factor, Fig. 2.8(d) shows the scaled time-dependent
structure factor versus the dimensionless momentum |k|L(¢). As seen in the figure,
the data points at different times collapse roughly onto the same curve, indicating

that the coarsening of the Ising domains exhibits dynamical scaling,
S(k,t) = L*()G[k|L(t)], (2.6)

where G(x) is a universal scaling function. The 1/k3 power-law tail at large momenta,
consistent with the 2D Porod’s law [71], results from the sharp interfaces between the
two different types of Ising domains, or super-clusters with opposite polarities.

The characteristic length L(t) extracted from the structure factor is shown in
Fig. 2.8(b) as a function of time for three different lattice sizes. Interestingly, except
for a short initial period (up to t ~ 10), the growth of this length scale does not follow
the expected power law, especially at late times. Moreover, even the initial seemingly

power-law growth is inconsistent with the a = 1/2 Allen-Cahn law. Instead, L seems
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to increase linearly with time in this initial regime. To understand this anomalous
behavior, we note that the TDGL equation, or the Allen-Cahn theory, describes an
interface-controlled domain growth in which the interfacial velocity is proportional to
the curvature of the domain interface [113]. In our case, since the Z order parameter
is defined by whether the aggregating f-electrons are on the A- or B-sublattice, the
resulting domain growth need not rely on the expansion of an existing boundary.
Instead, a super-cluster can quickly increase its size as f-electrons in its neighborhood
move from one sublattice to another via only a nearest-neighbor hopping. Due to the
collective movement of f-electrons, the growth of super-clusters exhibits an avalanche-
like behavior similar to the Barkhausen effect in magnetic domain growth. A faster
linear growth of the super-clusters thus arises from such avalanche dynamics at the
early stage. As discussed below, this collective behavior is induced by an effective
non-local interaction between f-electrons.

Although the repulsion U between the two types of electrons is local in the FK
model, the heavier f-electrons experience an effective long-range interaction mediated
by the itinerant c-electrons. In particular, due to this non-local interaction, the pres-
ence of a checkerboard cluster creates a staggered potential in its neighborhood that
takes alternating values on neighboring sites of the bipartite lattice. This effective
potential is illustrated in Fig. 2.9(a), where a test f-electron is placed in the neighbor-
hood of a checkerboard cluster at the center. Exact MC simulation was used to obtain

the frequency v; with which the test particle stays at site ¢, from which the potential
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Figure 2.9: (a) Density plot of effective potential V(r;) = —kgT logv; for
f-electrons created by a checkerboard cluster at the center. The potential field V (r)
exhibits the same staggering patten as that of the checkerboard cluster at the
center. Ions in the neighborhood thus tend to reside on the same sublattice, leading
to the growth of the super-cluster. The depth of the staggering potential, given by
the averaged potential difference between the two sublattices AVyp versus (b) the
characteristic length L of super-clusters and (c) the Ising order parameter ¢.
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is computed as V; = —kgT logr;. As shown in Fig. 2.9(a), the effective potential
field V (r;) exhibits the same staggered pattern whose polarity is determined by that
of the center checkerboard cluster. Consequently, f-electrons in the neighborhood of
this checkerboard cluster tend to be trapped in the same sublattice. Importantly, this
staggered potential also causes existing checkerboards in the neighborhood to change
their polarity, thereby leading to the formation of a super-cluster and subsequent
growth that is not captured by the interface-controlled mechanism.

In the late stage of the phase separation, a much slower logarithmic-like growth
sets in for super-clusters, as shown in Fig. 2.8(b). Interestingly, the staggered potential
discussed above is also responsible for the stalled growth of the Ising domains and, in
fact, the smaller checkerboard clusters as well. To understand this unusual freezing
behavior, we note that while the strength of the staggered potential increases with the
size of the CDW cluster from which it originates, the energy barrier AV,p between
the two sublattices is also enhanced as more and more checkerboards merge to form
larger super-clusters. To demonstrate this effect, we consider different geometrical
arrangements of a finite number of checkerboard clusters on a 30 x 30 lattice, giving
rise to different shapes and sizes of super-clusters or Ising domains. MC simulation
with ED is then used to compute the resultant effective potential V(r;) for the f-
electrons. A 30 x 30 lattice with periodic boundary conditions is evenly divided into
9 blocks; see Fig. 2.10. A small checkerboard cluster of arbitrary shape is placed in

each block. Different super-cluster configurations can be realized by rotating and/or
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Figure 2.10: Panels (a) and (b) show two examples of f-electron configuration
obtained by the block method described in the text. Yellow regions represent the
same-shaped checkerboard cluster, randomly rotated and placed in each of the 9

blocks; the blue background represents the empty sites. Panels (c¢) and (d) are the
corresponding Ising configuration o; according to the definition discussed in the
main text. Red (blue) regions correspond to o = 41 (—1). Panels (e) and (f) show
the effective potential experienced by a test f-electron created by the collection of
checkerboard clusters (shown in black).
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Figure 2.11: (a) Strength of the staggered potential AVyup = |V4 — Vp| versus the
characteristic length L of Ising domains from 50 different f-electron configurations
generated by the block method. Points of different color share the same block
magnetization M, as discussed in the text.

translating the (same-shaped, same-sized) checkerboard cluster within each 10 x 10
block.

For each f-electron configuration {nfc } generated by the above procedure, we first
compute the corresponding Ising configuration {o;}; see Figs. 2.10(c) and (d) for
two examples. Next, we compute the resultant characteristic length L of the Ising
domains, which represents the typical size of super-clusters, from the structure factor
of the Ising variables. For the same f-electron configuration, we also perform MC
simulations with ED to compute the effective potential V; = —kgT log v; experienced

by a test particle, where v; is the frequency with which the test f-electron stays at
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site . The average potential difference between the A /B sublattices is given by

AVAB:<NL/2\%ZAW—ZV;> (2.7)

i€B
The relation between the staggered potential AV g and the corresponding Ising do-
main length L is shown in Fig. 2.11 for 50 different f-electron configurations randomly
generated by the block method.

Interestingly, the data points seem to fall into four groups, as highlighted by
different colors in Fig. 2.11. To understand this unusual result, we note that we can
introduce an Ising variable o; for the J-th block (J = 1,2,---,9), which is defined
as the majority of Ising spins inside this block. According to the definition discussed
above, the majority of Ising variables in a given block is ¢ = +1 (—1) if the f-electrons
of the small checkerboard cluster inside the block reside on the A (B) sublattice.
Different f-electron configurations generated using the block procedure can then be
classified according to the block Ising spins {o;}. The total "magnetization" of the
block Ising spins is given by M = 23:1 oy. It turns out that the four different groups
in Fig. 2.11 correspond to block magnetizations |M| = 1,3, 5, and 7. Our results thus
indicate that the strength of the staggered potential AV,p depends mainly on the
total block magnetization M. The average potential difference between the A/B
sublattices AVyp is shown in Fig. 2.9(b) as a function of the numerically obtained
characteristic length L of the Ising domains. The staggered potential AV,p indeed

increases with the size of the super-clusters. Moreover, we observe an intriguing linear
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dependence of the potential barrier AV,p on the effective Ising order parameter ¢,
as shown in Fig. 2.9(c).

Importantly, the fact that the energy barrier AV,p increases with the size of the
Ising domains also explains the freezing behaviors observed in our ML-kMC simu-
lations. As the size L of super-clusters increases with time, the potential difference
between the two sublattices becomes so strong that individual f-electrons are deeply
trapped at one sublattice and cannot hop to the neighboring sites. For example, con-
sider a checkerboard cluster on sublattice-A in Fig. 2.9(a) and a test particle sitting at
a site that belongs to the lower-energy sublattice-A. Although the checkerboard at the
center has a strong affinity to the new particle, as evidenced by the rather low poten-
tial energy at the edge of the cluster, the large energy barrier at B-sublattice prevents
the f-electron from joining the cluster. The reduced mobility of the f-electron thus
results in an arrested coarsening of both the super-clusters as well as the smaller-sized
checkerboard clusters.

Importantly, the fact that the energy barrier AV,p increases with the size of the
Ising domains also explains the freezing behaviors observed in our ML-kMC simu-
lations. As the size L of super-clusters increases with time, the potential difference
between the two sublattices becomes so strong that individual f-electrons are deeply
trapped at one sublattice and cannot hop to neighboring sites. For example, consider
a checkerboard cluster on sublattice A in Fig. 2.9(a) and a test particle sitting at

a site that belongs to the lower-energy sublattice A. Although the checkerboard at
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the center has a strong affinity for the new particle, as evidenced by the relatively
low potential energy at the edge of the cluster, the large energy barrier at the B-
sublattice prevents the f-electron from joining the cluster. The reduced mobility of
the f-electron thus results in arrested coarsening of both the super-clusters and the

smaller checkerboard clusters.

2.5 Conclusion and Outlook

In summary, by employing modern ML techniques, we have successfully developed
a NN energy model that enables the first-ever large-scale KMC simulation of the
well-studied FK model. Our findings reveal a novel phase-ordering phenomenon,
characterized by domain coarsening occurring simultaneously at two different scales:
the growth of checkerboard clusters and the expansion of Ising domains associated
with a hidden broken sublattice symmetry. The interplay between these two pro-
cesses results in an anomalously slow phase separation. Several intriguing dynamical
phenomena, such as the early-stage avalanche domain growth and the decelerated
coarsening of super-clusters, require further investigation and are left for future work.

Unusual domain coarsening has been reported in classical systems, often linked to
frustrated interactions or quenched disorder [114-118|. In this work, we describe a
new freezing mechanism that arises from the interaction between itinerant c-electrons
and classical f-electrons. Similar glassy dynamics could be a general feature of phase
ordering in other correlated electron systems. A characteristic feature of correlated

electron materials is the coexistence of fast electron quasiparticles and slow bosonic
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or collective degrees of freedom. The nontrivial interplay between these two sets
of variables may lead to novel dynamical phenomena unique to correlated electron
systems. Given the complexity of such systems, we envision ML techniques as indis-
pensable tools for multi-scale modeling of nonequilibrium dynamics driven by electron

correlation effects.



Chapter 3

Machine Learning for Itinerant
Electron Magnets on Lattice

3.1 Introduction

[tinerant frustrated magnets with electron-mediated spin-spin interactions frequently
exhibit complex non-collinear or non-coplanar spin textures. Among these textures,
particle-like objects such as magnetic vortices and skyrmions are of particular interest,
not only for their fundamental role in magnetism but also for their significant techno-
logical potential in the emerging field of spintronics [19-25]. These nanometer-sized,
localized spin textures are characterized by nontrivial topological invariants, making
them stable objects with long lifetimes. In itinerant electron magnets, skyrmions
can be manipulated—moved, created, or annihilated—by applying magnetic fields
or electrical currents, owing to electron-spin interactions. Such versatility highlights
their potential for practical applications. Furthermore, these complex spin textures
can give rise to intriguing electronic and transport properties, such as the topolog-

ical Hall effects and topological Nernst effects [25,119-121]. These effects originate

38
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from the nontrivial Berry phase acquired by electrons when traversing closed loops
of non-coplanar spins [122].

Dynamical modeling of complex textures in itinerant spin systems, however, is a
computationally challenging task. While magnetic moments in most metallic skyrmion
materials can be well approximated as classical spin vectors, the local effective mag-
netic fields, analogous to forces in molecular dynamics, originate from exchange in-
teractions with itinerant electrons and must be computed quantum mechanically.
Dynamics simulations of such itinerant magnets thus require solving an electronic
structure problem associated with the instantaneous spin configuration at every time
step. Repeated quantum calculations would be prohibitively expensive for large-scale
simulations. Consequently, empirical classical spin Hamiltonians, from which the lo-
cal fields can be explicitly calculated, are often employed in large-scale dynamical
simulations of skyrmion magnets [123,124]. Yet, such classical spin models often
fail to capture the intricate long-range spin-spin interactions mediated by electrons,
limiting their accuracy in describing complex magnetic phenomena.

The computational complexity of the above quantum approaches to spin dynamics
is akin to that of ab initio MD methods. Unlike classical MD, which relies on empirical
force fields, quantum MD calculates atomic forces by integrating out electronic degrees
of freedom on-the-fly as atomic trajectories are generated [87]. Various many-body
methods, notably density functional theory (DFT), have been employed for force

calculations in quantum MD. However, the high computational cost associated with
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repeated electronic structure calculations severely restricts the feasible scale of atomic
simulations. To address this challenge, MLL methods have been leveraged to develop
force-field models that accurately emulate the computationally expensive many-body
calculations, enabling large-scale MD simulations with quantum-level accuracy.

Crucial to the remarkable scalability of ML-based force-field models is the divide-
and-conquer approach proposed in the pioneering works of Behler and Parrinello [91],
and Bartok et al. |92]. In this approach, the total energy of the system is decomposed
into local contributions, E' = ), ¢;, where ¢; represents the atomic energy and depends
solely on the local environment of the i-th atom [91,92|. The atomic forces are
subsequently derived from the predicted energy: F; = —0FE/0r;, where r; is the
atomic position vector. The complex dependence of the atomic energy €; on its local
neighborhood is efficiently approximated by an ML model, trained to ensure that
both the predicted individual forces F; and the total energy E align with quantum
calculations [91-94,96,97,125-130|. By leveraging the principle of locality [100,101]
mentioned above, the ML model can focus on local atomic environments, significantly
reducing the computational cost while preserving quantum-level accuracy.

The tremendous success of ML methods in quantum MD simulations has spurred
similar approaches to multi-scale dynamical modeling of other functional electronic
systems in condensed matter physics [58,59, 98,99, 105,131, 132|. In particular, the
Behler-Parrinello (BP) ML scheme [91,92] was generalized to build effective magnetic

energy or torque-field models with the accuracy of quantum calculations for itinerant



Chapter 3. Machine Learning for Itinerant Electron Magnets on Lattice 41

electron magnets [98,99,133,134]. Notably, large-scale dynamical simulations enabled
by such ML models uncovered intriguing phase separation dynamics that results from
the nontrivial interplay between electrons and local spins. While the conventional
BP scheme can only represent conservative forces, a generalized potential theory
for the Landau-Lifshitz equation allows one to extend the BP scheme to describe
non-conserved spin torques that are crucial to the dynamical modeling of out-of-
equilibrium itinerant spin systems [132].

In this chapter, we present ML torque models for itinerant magnets utilizing convo-
lutional neural networks (CNNs) and fully connected neural networks with symmetry-
constrained descriptors. CNNs are a class of neural networks characterized by their
local connectivity, implemented through finite-sized convolutional kernels. Impor-
tantly, the convolution operation inherently incorporates the locality principle into
the ML model, offering an efficient implementation of torque models that can be
scaled to larger systems. Our CNN model is designed to directly predict the vector
torque field at each site, avoiding the need for the introduction of local energies as
required in the BP scheme. To incorporate spin-rotational and lattice symmetries,
we employ data augmentation techniques, ensuring the CNN model respects these
fundamental physical properties. We demonstrate the efficacy of our approach using
an itinerant spin model that exhibits a skyrmion crystal phase under intermediate
magnetic fields. Our results show that dynamical simulations with magnetic torques

computed from the trained CNN model faithfully reproduce the relaxation processes
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observed in itinerant spin systems. Furthermore, despite being trained on datasets
derived from small systems, the CNN model effectively stabilizes a skyrmion lattice
(SKL) in larger systems, demonstrating both the transferability and scalability of our
ML approach. This capability highlights the potential of CNN-based torque models

for studying complex magnetic textures in practical, large-scale scenarios.
3.2 s-d Model for Itinerant Magnets

The magnetization dynamics in spin systems are governed by the Landau-Lifshitz-

Gilbert (LLG) equation [135]:

ds;
dt

= Tz — OéSZ' X Tz + 7, (31)

where T; represents the magnetic torque, defined as

T, =4S, x H;. (3.2)

Here, 7 is the gyromagnetic ratio, H; is the effective exchange field acting on ¢-th spin,
« is the damping coefficient, and 7;(t) = S; x 1;(t) is a fluctuating torque generated
by a random local field 7; with zero mean. The stochastic field n; is assumed to be a
Gaussian random variable with variance determined by « and temperature 7', as dic-
tated by the fluctuation-dissipation theorem. LLG simulations are widely employed
to study dynamical phenomena in various magnetic systems, including spin waves in
exotic magnetic phases and the dynamics of skyrmions and other spin textures.

For adiabatic spin dynamics, the local exchange field is given by the derivative of
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the system energy F = E(S;):

H = -

55 (3.3)

In magnetic insulators, spin interactions are often short-ranged. The resultant mag-
netic energy typically involves bilinear interactions between a few nearest-neighbor
spins on the lattice, such as E = Zij (JijSi - S; + Dy - S; x S;), where J;; denotes
the isotropic Heisenberg exchange interaction and D;; represents the anisotropic ex-
change, also known as the Dzyaloshinskii-Moriya interaction [123,124|. The exchange
field in such models can be expressed as H; = — 3 (J;;S; + Dy; x S;), where the
summation is restricted to the few nearest neighbors, making it computationally ef-
ficient for large-scale LLG simulations.

In metallic magnets, the exchange fields originate from interactions between local
spins and itinerant electrons. We consider spin dynamics under the adiabatic approx-
imation, analogous to the Born-Oppenheimer approximation in quantum molecular
dynamics [87]. In this limit, the relaxation of electrons is assumed to be much faster
than the dynamics of local magnetic moments. Consequently, the magnetic energy
E in Eq. (3.3) can be obtained by freezing the spin configuration and integrating
out the electronic degrees of freedom. The resulting spin-dependent energy function
E = E(S;) can be viewed as a potential energy surface (PES) in the high-dimensional
spin space, similar to the PES in Born-Oppenheimer MD simulations. Practically,

calculating this magnetic PES involves solving the electronic structure problem, which
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depends on the instantaneous spin configuration {S;(¢)}.

To illustrate, we consider a generic single-band s-d model for itinerant magnets.
The s-d model describes the interaction between itinerant s-band electrons and local-
ized magnetic moments S; of d-electrons. The Hamiltonian is given by:

H = Z Z tijc;[acja - JZ Z SZ . cjaaaﬂcw, (34)

ij a="T, ioaf=1,

where ¢/ and ¢;, are the creation and annihilation operators for an electron with
spin o =T, at site 7, ¢;; is the electron hopping constant between sites (i, j), and J
is the strength of local Hund’s coupling between the electron spin and the magnetic
moment S; of localized d-electrons. For most skyrmion magnets, these local magnetic
moments can be well approximated as classical spins of fixed length |S;| = S.

For weak Hund’s coupling J < t;;, the effective spin energy can be derived by
integrating out the electrons via second-order perturbation theory, leading to a long-
range oscillatory interaction, similar to the Ruderman-Kittel-Kasuya-Yosida (RKKY)
interaction [136-138]. However, for intermediate and strong Hund’s coupling, the
effective energy used in force calculations in Eq. (3.3) must be obtained by integrating

out electrons on-the-fly:
B = (M) = Tr(pH), (3.5)

where p = exp(—H/kpT) is the density matrix of the equilibrium electron liquid
under the adiabatic approximation. Calculating the density matrix, in the absence of

electron-electron interactions, amounts to solving a disordered tight-binding Hamilto-
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nian for a given spin configuration. The standard approach for solving tight-binding
models involves exact diagonalization, which scales cubically with the system size.
Therefore, repeated exact diagonalization calculations for large-scale LLG simula-
tions of the s-d model can become computationally prohibitive.

As discussed above, the BP scheme has been extended to develop ML-based mod-
els for the effective spin energy E({S;}) of itinerant magnets [98,99,132-134]. In this

approach, the total energy is partitioned into local contributions:

E= Z €6 = Ze(ci), (3.6)

where the local energy ¢; = €(C;) is associated with the i-th lattice site and depends
only on the spin configuration C; = {S; | |r; — r;| < r.} in its neighborhood. This
local energy function £(C;) serves as the building block of the magnetic PES. Im-
portantly, the complex dependence of the PES on neighboring spins is approximated
using ML models [98,99,132]. To preserve SO(3) spin rotation symmetry, the in-
ner product between spin pairs b, = S; - Si and the scalar product of spin triplets
Xjki = Sj - (Sg x S;) within the neighborhood are used as features for the neural
network. Finally, the exchange fields H; acting on the spins are obtained by applying

automatic differentiation to the ML energy model.
3.3 Machine Learning Architecture

The BP-type schemes described here provide energy-based ML models for force field

calculations, with the total energy partitioned into local contributions ¢;. These con-
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tributions cannot be directly computed from the electronic structure methods used
to generate the training dataset, complicating the training process. The loss function
L, typically constructed from MSE or force-based metrics (in this case, spin torque
fields), depends indirectly on the predicted energy through automatic differentiation.
However, introducing such intermediate local energies adds uncertainties that com-
plicate the training of BP-type models.

While BP-type schemes explicitly include the physical constraint of conservative
forces, they are inherently restricted to modeling only conservative forces. In this
section, we present alternative ML approaches that directly predict vector forces

without relying on intermediate energy calculations.

3.3.1 Convolutional Neural Network Model

The fact that spins in metallic magnets are defined on well-known lattices suggests
that spin configurations can be treated as generalized "images", which can then be
processed using image-processing techniques, such as CNNs. Below, we present a
CNN model for directly predicting the torques T; that drive spin dynamics. As
illustrated in Figure 3.1, the proposed network takes the spin configuration {S;} on
the lattice as input and returns the torques {T;} as output. The model comprises
multiple convolutional layers f,, with associated activation (nonlinearity) layers o,,,
capturing the nonlinear relationship between {S;} and {Ti}. The CNN model is
described as a composition of these layers: fonny = (op 0 fr)o---0o(oy 0 f1), where L

is the depth of the CNN.
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Figure 3.1: Schematic diagram of the CNN-based ML model for spin-torque
prediction of itinerant electron magnets. The spin configuration {S;} on a lattice is
first flattened into three arrays, corresponding to the three components of spins,
which are input to a series of ResNet blocks. Details of the ResNet are presented in
Fig. 3.2. The output of the ResNet blocks is processed through additional
convolutional layers, resulting in three arrays that, once reshaped, correspond to the
torques {T;} driving the spin dynamics.

Each convolutional layer f,, maps an input vector field V € C*(R? R%) onto an
output vector field W € C*(R% R*) by convolving a kernel tensor field h,,(X) =

h(X;0,,), with trainable parameters 6,,, via the convolution operation:

W)= [ Viahn(x - a)da (3.7)

Each vector element of W then undergoes an activation function o, : R — R to
produce the output vector field A € C*°(R? R*), called activation maps. In this

work, we use the rectified linear unit (ReLU) activation function [139]:
om(z) = max(0, z). (3.8)

for m = 1,...,L — 1. Note that the final layer f; does not have an associated

activation function, or technically, o (z) = .
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Typically, the support of a kernel supp(h,,), i.e., the region where h,, has nonzero
values (also known as the receptive field), is limited to a small region (e.g., 5 x 5
lattice sites) such that the activation response W (r), and thus A(r), at position r is
influenced only by the input values in the close vicinity of r. This design follows the
principle of locality, where local physical quantities, such as the spin torque T;, are

predominantly determined by the local environment:

T; = T(Cy), (3.9)

where C; represents the magnetic environment around site 4, and the function 7(-) is
modeled by the CNN. The size of the neighborhood C; is determined by the sizes of
kernels and the number of convolutional layers.

The hierarchical structure of the convolutional layers enables multi-scale modeling
of the spin-torque relationship. Earlier layers represent local, primitive patterns, while
deeper layers represent more global, complex patterns. The stacked convolutional
layers also produce an effective receptive field (ERF) that grows with the depth of
the network, allowing the model to capture interactions over larger spatial extents.
A purely convolutional CNN, without fully connected layers, restricts the overall
receptive field to a predetermined lattice size, providing the benefit of built-in locality.
This design also enables scalability, as the CNN model can be applied to larger lattice
systems without retraining, making it naturally suited for studying systems based on

locality principles.
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Figure 3.2: Diagram of a ResNet block. The input to a ResNet block goes through
two pathways: the skip connection, where no operation is performed if input and
output have the same number of channels, or a 1 x 1 convolution otherwise; and the
main connection, where two 5 x 5 convolution-ReLLU activation blocks are stacked.
The outputs of both pathways are then added together.
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The architecture of the ResNet block is shown in Fig. 3.2. Similar to the original
ResNet, the input undergoes two separate pathways. One pathway is a skip connec-
tion where the input is directly copied if no dimensionality change is required, or a
1 x 1 convolution if needed. The other pathway contains two convolutional layers,
each followed by ReLU activation [139], which develop feature representations of the
input vector field at each local neighborhood. The outputs of these two pathways are
then added to produce the overall output of the ResNet block. Note that we do not
employ batch normalization, as it was found to overly regularize the network, leading
to underfitting.

Our training and testing datasets consist of 60 independent spin dynamics sim-
ulations performed on a 48 x 48 triangular lattice. The parameters used for the s-d
Hamiltonian in Eq. (3.4) include a nearest-neighbor hopping term ¢; = 1, which serves
as the reference unit for energy, and a third-neighbor hopping term ¢3 = —0.85 to
stabilize a triple-@Q) magnetic order that underpins the SkL phase [140]. The electron-
spin coupling constant is J = 1, the electron chemical potential is 4 = —3.5, and
an external magnetic field H. = 0.005 was applied to break time-reversal symmetry
and induce the SkL phase [140]. As discussed above, the exchange fields H; acting
on the spins are obtained by solving the electron Hamiltonian. Specifically, using
Eq. (3.3) and the s-d Hamiltonian in Eq. (3.4), the exchange fields are given by

H,=J Z O s Pigjias (3.10)
a,B="1{
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where piq jg == (c; 5Ciq) Tepresents the electron correlation function, or single-electron
density matrix. The kernel polynomial method (KPM) [90,141] was used to compute
the electron density matrix for generating the training dataset. KPM is significantly
more efficient compared to ED and is considered numerically exact when a large
number of Chebyshev polynomials and random vectors are used.

The timescale of the precessional dynamics of the LLG equation (3.1) is given
by to = (yJS)™!, where 7 is the gyromagnetic ratio, J is the electron-spin coupling,
and S represents the magnitude of the localized magnetic moments. The damping
term introduces an additional timescale, tqamping = to/@, which characterizes the rate
of energy dissipation, where « is a dimensionless damping coefficient. In this work,
simulation time is measured in units of ¢y, with a damping coefficient o = 0.05.

The initial conditions for the simulations are categorized into two types. The first
type, referred to as perturbed Skl, consists of a periodic SkL with random noise added
to the spins. The second type consists of randomly initialized spin configurations.
For each type of initial condition, a total of 30 simulations were performed, with each
simulation comprising 5,000 time steps. To integrate the LLG equation (3.1), we
used a semi-implicit second-order scheme [142] that preserves the spin length, with a
timestep At = 0.1.

The spins and their corresponding exchange fields at all lattice sites were collected
every 10 steps of the simulation. To focus on training for the electron-induced ex-

change field, the external constant field Heyy = 0.005 in the z direction was removed.
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Figure 3.3: Predicted spin torque components (7}, T,,T,) versus ground truth
components from the testing set. The red-dotted diagonal lines indicate perfect
prediction. The top row shows the prediction results based on spin configurations
obtained from LLG simulations of a perturbed SkL. Results from LLG simulations
with random initial states are shown in the bottom row.

The field H; was then decomposed into components parallel and perpendicular to
the spin direction, and only the perpendicular component—equivalent to the torque
T,—was retained, as the parallel component has no effect on the evolution of the spin
configuration and is approximately two orders of magnitude larger than the perpen-
dicular component. The perpendicular fields were subsequently normalized to have a
mean magnitude of 1 over the entire dataset. 70% of the entire dataset was used for
training, while the remaining 30% was used for validation. The split of the dataset
was stratified to ensure that both the training and testing sets contained the same
proportion of the two types of simulations.

The triangular-lattice s-d Hamiltonian in Eq. (3.4) is invariant under two indepen-
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dent symmetry groups: the SO(3)/SU(2) rotation of spins and the D6 point group
of the triangular lattice. The rotation symmetry refers to the global rotation of local
magnetic moments S; — R - S; (treated as classical vectors), along with a simul-
taneous unitary transformation of the electron spinor ¢;, — Uagéw, where R is an
orthogonal 3 x 3 matrix and U=0U (R) is the corresponding 2 X 2 unitary rotation
operator. The ML model, corresponding to an effective force-field model obtained by
integrating out the electrons, must preserve the SO(3) rotation symmetry of the spins,
implying that under a uniform rotation R of all spins in the neighborhood, the ML-
predicted spin torques should undergo the same rotation transformation T; — R -T;.
Under a symmetry operation g of the Dy point group centered at a lattice point, both
spins and torques transform according to the Dg point group as follows: S; — S, and
T, — T, where the lattice points r; = R(g) - r;, and R(g) denotes the 3 x 3 matrix
corresponding to g.

To incorporate both symmetries into the CNN model, we introduced data aug-
mentation during the training phase. Specifically, for each input spin configuration
and its corresponding torque field, a random SO(3) rotation was applied to the spins
S;, and a random Dg symmetry operation was applied to the lattice points. The same
symmetry operations, for both spin-space and real-space lattice, were also applied to
the torque fields {T;}. These additional symmetry-generated input/output config-
urations were included alongside the original data for supervised training. Unlike

previous ML models, where the symmetry is explicitly included through descriptors,
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our data-driven approach enforces the symmetry of the itinerant electron Hamiltonian
statistically.

Since the torques in the dataset could differ by at most an order of magnitude,
we found that conventional mean absolute error or mean square error loss functions

did not perform well. Instead, we adopted a mean percentage absolute loss function:

N A A A
1 T — T + [T =T+ |TF — 17
L:_E i i i ¢ ¢ ¢ 3.11
N — Y ( )

T
where N is the total number of lattice sites within each batch, summed across all lat-
tices, T; is the ground truth field vector at the i-th lattice site, and T; = (T*, TV, T7?)
is the predicted field vector.

The model was trained using the Adam optimizer [143], with an initial learning
rate of 1073, which was later reduced to 107% when the loss plateaued on the testing
set. No regularization methods, such as dropout or weight decay, were used, and
there was no evidence of overfitting when comparing loss values between the training
and testing sets. The model and training process were implemented in PyTorch [144],
and training was performed on an Nvidia A100 GPU for approximately 72 hours.

The spin torques T; predicted by the trained CNN model are compared against
the ground truth in Fig. 3.3 using configurations from the test dataset. Two types
of testing data are employed for this benchmark: LLG simulations of an initially

perturbed SkL state, and LLG simulations starting from random spin configurations.

In both cases, the predicted torque components closely follow the ground truth with
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Figure 3.4: (a) Comparison of predicted field vector magnitude against the ground
truth. The red line indicates perfect agreement between predictions and ground
truth, while the outer red dotted line represents a deviation of 1072 from the ground
truth magnitude, and the inner one represents a deviation of 1072. The color
indicates the logarithmic density. (b) Angular difference between the ground truth
field vector and the predicted field vector.

comparable variance across the entire range. It is notable that the torque component
values in the random spin case span a range nearly twice as large as that of the
SkL case. As expected, the ML model performs better for the SkL. simulations since
these spin configurations correspond to a relatively small and specialized subset of
the overall state space. Nevertheless, a reasonably good agreement was obtained even
for the test dataset with completely random initial spins.

We further examine the magnitude of the predicted torques compared to the

ground truth, as well as the angle between the predicted field vector and the ground
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truth vector in Fig. 3.4. Again, overall satisfactory agreement was observed, with the
majority of predictions closely aligned with or symmetrically distributed around the
ground truth values. It should be noted that, due to the distortion introduced by the
logarithmic function, the same deviation from the ground truth at large and small
magnitudes may appear asymmetric, creating an apparent "bias" towards smaller
values. To address this, two red dotted lines indicating constant deviations of 102
(outer) and 1073 (inner) have been added in Fig. 3.4(a). Even at large magnitudes,
where the error of the ML model is greatest, the difference in field vector magnitude
is almost always less than 1072, At smaller magnitudes, the difference in field vector
magnitude is typically less than 4x 1073, with most values around 1073. No noticeable
bias was found in our ML prediction results. The ML-predicted vectors are also well
aligned with the ground truth field vectors. As shown in Fig. 3.4(b), most vectors
exhibit an angular difference of less than 10°, and it is extremely rare for a predicted

vector to deviate by more than 30° from its ground truth counterpart.

3.3.2 Lattice Descriptor

To ensure strict symmetry preservation for the triangular lattice, which belongs to the
Dg point group, we employ bond and chirality variables around a spin S; as illustrated
in Fig. 3.5. These variables provide a basis for a high-dimensional representation of
the Dg group, which can be decomposed into its IRs. Specifically, linear combinations
of bond and chirality variables form the basis of each IR, denoted by fI', where I'

labels the IR and r indicates the multiplicity within the IR.
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automatic differentiation

local spin configuration descriptor neural network

Figure 3.5: The architecture for integrating a NN with LLLG dynamics simulation
of the s-d model using the BP scheme. Under the adiabatic approximation, for a
given local spin during an LLG step, we train a fully-connected NN, denoted as

yg(x), to predict the local energy E; based on the configuration {C;} of the
surrounding spins, resulting in E; = ys(x|{C;}). By combining the BP scheme with

Eq.(3.3) and Eq.(3.6), the local exchange field {H,} is computed through automatic
differentiation of the total energy £ = . F;. The input x for the NN includes

descriptors such as the bond {b;;} and chirality {x;jmn}, which are selected to
maintain the symmetry properties of the system.
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Figure 3.6: Examples of different neighborhood spin configurations used to compute
the symmetry-invariant descriptors. (a) The six bond variables b; = S; - S;, where
{S,||r; — r;| = a}, form the basis of a six-dimensional reducible representation of the
D¢ point group. (b) Similarly, the six bond variables b; = S; - S;, where
{S,||r; — rj| = v/3a}, form the basis of a reducible six-dimensional representation of
Dg. (c) The twelve bond variables b; = S; - S;, where {S;|r; — r;| = v/7a}, form the
basis of a twelve-dimensional reducible representation. (d) The six scalar chirality
variables x; = S; - S,, X S,,, where {S,, ,||r; — r;.n| = a}, form the basis of a
six-dimensional reducible representation.

Moreover, the generalized coordinates {G,}, which are invariant under both lattice
symmetry operations and SO(3) rotations, can be derived from the amplitudes and
relative phases of these IR bases. In this framework, the generalized coordinates {G;}
serve as inputs to the NN to predict the local energy F;. Both the input and output
of the NN are designed to ensure that the symmetries of the s-d model are preserved,
which is crucial for obtaining physically consistent results.

Next, the magnetic descriptor is derived from the local spin environment through

the following process.

{Ci} = {bj, Xymn} = &} 2 {G1 =1}, 6, } (3.12)

where {C,} represents the spin configurations in the neighborhood of i-th site, {b;x, Xjmn }

are the bond b;;, = S; X Sy, and chirality variable xjm, = S; -S,, X S,, calculated from
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the {C;}, {€l'} comprises basis functions composed of IRs, and {G; = pL, 3.} repre-
sents the generalized variables, or the magnetic descriptor, which serve as inputs to
the NN model.

The bond, chirality, and local energy variables determined by the ML model pos-
sess invariance under any spin rotation. Consequently, the generalized variables {G,}
that are constructed using the IRs are only required to maintain the symmetries of
the triangular lattice. However, as the number of spins in the neighborhood increases,
the number of bond and chirality variables also increases factorially. Therefore, only

bond and chirality variables that meet specific criteria are utilized, as follows:

b’L] = S’L Sj |rl I‘]| S
bmn - Sm : Sn |ri - rm,n| <m (313)
len:Ssz X Sn |rm_rn‘ §r2

\

where the cutoff radii are set to r, = 6a and ry = 2a (a is the lattice constant) in our
implementation.

The incorporation of discrete point group symmetry into the descriptor is achieved
using the bispectrum method, which involves the use of triple products of the basis
functions or coefficients of the IRs of the symmetry group. To obtain all the IR
bases of the magnetic environment, the finite reducible representation, as determined
by the bond and scalar chirality variables previously discussed, is considered. As
the distance between a bond or chirality variable from the central site is maintained

under the operations of the discrete symmetry group, the IRs are calculated in blocks
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corresponding to bonds or chiralities of a fixed distance. For the triangular lattice,
the dimension of each block is either 6 or 12. For example, consider the case shown
in Fig. 3.6(a), where the 6 bonds b; = S, - S, are between the nearest neighbor spins
of i-th site {S;||r; — r;| = a} and spin S;. This reducible representation {b;} can be

decomposed into 6 = A; @ B @ E1 @ E, with the following basis:

¢ = by + by + by + by + by + bg
o =b; —by+bs—by+ b5 — bg
&7 = 5(by — by — 2bg — by + b + 2bg)

T

¢ = 3(—by — by + by + bs)
£ = 1(by + by — 2b3 + by + by — 2bg)

¢be = Y3 (by — by + by — bs) (3.14)

Similarly, for the case shown in Fig. 3.6(b), the 6 bonds b; = S, - S, connect the
second-nearest neighbor spins of i-th site {S;|[r; — r;| = v/3a} and spin S;. This
reducible representation {b;} can be decomposed into 6 = A; @ B> P Ey P E, with

the following basis:

fAl = by + by + b3 + by + b5 + bg
£be = by — by + by — by + by — bg
ffl I\/?g(bz—i‘b:z—bs—b(s)

fEl = %(2b1+b2_b3_2b4_b5+b6)

Y
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€82 = 1(2by — by — by + 2bs — by — bg)

% = B(—by + by — bs + bg) (3.15)

In the case shown in Fig. 3.6(c), the 12 bonds b; = S, - S; connect the fourth-
nearest neighbor spins of i-th site {S;||r; — r;| = v/7a} and spin S;. This reducible
representation {b;} can be decomposed into 12 = A, P A, P B: P B> P 2E, P 2E;

with the following basis:

¢t = by + by + by + by + by + bg + by + bg + by + byg + byy + bro
¢4 = by — by + b3 — by + bs — bg + by — bg + by — byg + b1y — big
¢B = by — by — by + by + bs — bg — by + by + by — by — byy + bra
£Be = by + by — by — by + bs + bg — by — bg + by + big — by — byo

551 _ %(le — 2by + bg — by — bs + bg — 2b7 + 2bg — by + b1g + b1 — b12)

& :\/73(—53+b4—55+56+59—b1o+b11—b12)
fxEl/ :\/75(53+b4+b5+b6—59—b10—b11—512)

€' = 1(2b; + 2by + by + by — by — bg — 2by — 2bs — by — b + biy + byo)

& = %(2()1 + 20y — by — by — by — bg + 2b7 + 2bg — by — b1y — b1y — b12)

552 = \/75(_173 —b4+b5—|—b6—b9 _b10+b11+b12>
552’ = %g(b3 — by — b5 + b + bg — big — b1y + b12)

€' — L(2by — 2by — by + by — bs + bg + 2b7 — 2bs — by + byg — byy + b1a) (3.16)

Yy

Note that the chirality variable changes sign under certain lattice rotations, such
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as Xjmn = —Xjnm- For the 6 chirality variables x; = S;-S,, xS,, where {S,, ,,||r;—1;| =
a}, shown in Fig. 3.6(d), this reducible representation {x;} can be decomposed into

6 =A@ B P E, P E, with the following basis:

&2 =X+ Xxe+ X3+ X4+ X5+ Xe
8 =x1—xatXz—Xat+Xs5— X6

&8 =1(2x1 4+ X2 — X3 — 2x4 — X5 + Xo)

& = (—x2 — X3+ X5+ X¢)
¢ = %3 (x2 — X3+ X5 — Xo)
&7 =3(2x1 —x2 — X3+ 2xa — X5 — X6) (3.17)

By applying the same procedures to all invariant blocks, one can obtain all the
IRs of the bond/chirality variables {b,i, Xjms} in the neighborhood {C;}. For ease
of use, the basis functions of a given IR in the decomposition are arranged into
a vector {€-'}, where T' labels the IR and r enumerates its multiple occurrences.
With these basis functions, a set of invariants known as the power spectrum, pl =
€712, can be immediately obtained, representing the amplitudes of each individual
IR coefficient. However, it is important to note that feature variables based solely
on the power spectrum are incomplete, as they ignore the relative phases between
different IRs. For instance, the relative "angle" between two IRs of the same type,
cosd = (& - &5)/|€8 1€, ], is also an invariant of the symmetry group. Without

this phase information, the NN model may incur additional error due to spurious
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symmetry, as two IRs can rotate independently of each other.
A comprehensive approach for incorporating all necessary invariants, encompass-
ing both amplitudes and relative phases, is the bispectrum method. By utilizing the

coefficients of all relevant IRs {£€!'}, the bispectrum coefficients can be determined as

follows:
ITiTs _ DT o oIy T
BT,T‘l?T‘QQ - Ca,ﬁ}’y 257‘,&67'11,557"2277 (318)
where Cg;g’:rg are the Clebsch-Gordan coefficients of the point group. To address

the issue of an excessive number of bispectrum coefficients, a modified descriptor has

r

been implemented in this study. This descriptor utilizes reference basis functions &,

for each IR type of the point group. These reference basis functions are obtained by
averaging large blocks of bond and chirality variables, thereby rendering them less
susceptible to minor variations in the neighboring spin configurations. The relative
"phase" of an IR is then defined as the projection of its basis functions onto the
reference basis, 31 = (€L - €1,)/|€F]|€5;|. The generalized variables are a combination
of the power spectrum coefficients and the relative phases, {G; = p&,8l'}. Using

the aforementioned approach, we ensure that the input and output of the NN model

remain invariant under the operations of the system’s symmetry.

3.3.3 Neural Network

As shown in 3.5, a multilayer perceptron (MLP) NN model f3(x) was implemented

using PyTorch. The model consisted of eight hidden layers, each containing a specific
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number of neurons, namely 2048 x 1024 x 512 x 256 x 128 x 64 x 64 x 64. The input
layer of the model was determined by the number of feature variables {G,;}, which
in this case was 1806. The output layer of the model consisted of a single neuron,
which was used to predict the local energy E;. The ReLU activation function was
employed between layers of the NN model. Given that the torque T; = S; x H; is
the key component to derive the LLG dynamics, the MSE loss function used in the
training of the model was
N
L=) S x H**' —8; x H'"? (3.19)
i=1

The optimization of the NN parameters, 6, was conducted using the Adam stochastic
optimization algorithm with a learning rate that decreased exponentially as the num-
ber of training iterations increased, starting at 0.1 and decreasing to 0.0001. During
the initial phase of training, the learning rate was progressively decreased by an or-
der of magnitude for each increment of 10 epochs, up to a maximum of 30 epochs.
Specifically, for the first 10 epochs, the learning rate was 0.1, for the next 10 epochs,
the learning rate was 0.01, and for the final 10 epochs, the learning rate was 0.001.
Subsequently, for all remaining epochs, the learning rate was fixed at 0.0001. To train
the neural network, a dataset consisting of 40,000 snapshots obtained from precise
simulations was utilized, and the training process was conducted over 200 epochs. To
prevent overfitting, a 5-fold cross-validation strategy was employed.

Through training a NN model with 40,000 spin configurations from 40 independent
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Figure 3.7: (a) Comparison between the exact local exchange force field Hifexact and

the NN prediction HifML perpendicular to the same site spin S; with the training
datasets (blue) and the test datasets (orange). (b) Display examples of the
intermediate configuration for the skyrmion phase from the ML-LLG simulations.
(c¢) Demonstrate the structure factor of the final state of skyrmion phase in the first
BZ.

simulations, we achieved a model with a MSE of 9.82 x 10~7 and observed no signs
of overfitting, as depicted in Fig. 3.7(a). The intermediate spin configuration, which
evolved from randomly initialized spins, clearly illustrates a swirling configuration of
chiral spin structures, consistent with the skyrmion order, as shown in Fig. 3.7(b).
Since there are three degenerate wave factors, we expect six structure factor (defined
in the next section) peaks in the first Brillouin zone (BZ), corresponding to the k-point

Q(7/3,0), due to the unit cell size of 12, as depicted in Fig. 3.7(c).

3.4 Results

A critical benchmark for evaluating the performance of the trained ML model is its
ability to accurately capture the dynamical evolution of the itinerant spin model.
To assess this, we incorporated the trained CNN and the NN with descriptors into

LLG dynamics simulations and compared the outcomes with those obtained from



Chapter 3. Machine Learning for Itinerant Electron Magnets on Lattice 66

LLG simulations using the KPM [90, 141]. Specifically, we focused on simulations
of a thermal quench process, where an initially random magnetic configuration was
quenched to nearly zero temperature at time ¢ = 0. The parameters of the s-d
Hamiltonian were chosen to stabilize a spontaneous SkLL ground state. Notably, the
emergence of the SkLL breaks both spin-rotation symmetry and lattice translational
symmetry. The periodicity of this spatial modulation, particularly the lattice constant
of the SkL, is determined by the underlying electron Fermi surface. While an SkL
state can be conceptually described as a periodic array of particle-like spin textures,
in practice, SkLL phases often emerge due to an instability induced by quasi-nesting
of the electron Fermi surface, leading to a multiple-QQ magnetic order [140,145,146].

In this study, the geometry of the Fermi surface at a chemical potential of 4 = —3.5
exhibits significant segments that can be connected by three wave vectors: Q; =
(1/3a,0) and Qg3 = Riox/3 - Q1, which are related by symmetry operations of the
D¢ group. Here, a represents the lattice constant of the underlying triangular lattice.
This configuration indicates that the maximum energy gain through electron-spin
coupling is achieved by spin helical orders associated with one of these three wave
vectors. Further analysis suggests that the electron energy is minimized when all
three wave vectors order simultaneously, resulting in the formation of an emergent

triangular lattice of skyrmions.
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3.4.1 Dynamics for Convolutional Neural Network Model

While the trained CNN model yields relatively accurate predictions for spin torques,
small residual errors are still present, as described in the previous section. Sta-
tistically, these errors resemble the stochastic noise term, 7;(¢), in the LLG equa-
tion (3.1). These site-dependent, fluctuating random torques are akin to thermal
forces in Langevin dynamics, both arising from thermal fluctuations induced by cou-
pling to a thermal bath. Consequently, while the temperature in the ML-LLG sim-
ulations was set to exactly zero, a very low but nonzero temperature 7' = 0.001 was
introduced in the exact LLG dynamics to mimic the prediction error.

The relaxation of the magnet following the thermal quench is primarily governed
by the formation of a triangular SkL. A perfect SkL is characterized by six Bragg
peaks at q = £Qq, £Q>, and £Q3 in momentum space. However, due to the local
nature of spin interactions, the crystallization of skyrmions is inherently incoherent.
Small skyrmion crystallites form randomly, separated by large domains of disordered
structures. To quantitatively characterize this crystallization process, we compute the
time-dependent spin structure factor, defined as the square of the Fourier transform

of the spin field:

2>, (3.20)

where (---) denotes averaging over the thermal ensemble as well as initial conditions.

S(q <‘NZS exp(iq - r;)

The structure factor represents the Fourier transform of the spin-spin correlation
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Figure 3.8: Comparison of spin structure factors obtained by averaging 30
independent LLG simulations based on KPM (left) and the CNN model (right). The
same set of random initial conditions on a 48 x 48 triangular lattice was used in both

simulations. The red dashed lines indicate the first BZ of the momentum space.
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Figure 3.9: Snapshot of the spin configuration at the end of the LLG simulation
with random initial conditions on a 48 x 48 triangular lattice.

function in real space and can be directly measured in neutron scattering experiments.
The spin structure factors at various times after the quench, obtained from LLG
simulations based on both KPM and CNN models, are shown in Fig. 3.8. Due to the
stochastic nature of these simulations, the results were obtained by averaging over
30 independent runs. Overall, the LLG simulations using the trained CNN model
exhibit strong agreement with those obtained from the numerically exact KPM.
Both simulations reveal that a ring-like structure emerges rapidly in the structure

factor following the quench. The radius of the ring is approximately equal to the
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magnitude of the three nesting wave vectors Q,, indicating the initial formation of
skyrmions. As the system relaxes toward equilibrium, the ring-like structure becomes
more distinct, and spectral weight begins to concentrate at the six spots corresponding
to the £Q, wave vectors. Physically, the emergence of the six broad segments reflects
the growth of SkI. domains. The size of these intermediate skyrmion crystallites can
be inferred from the width of the six spots. However, both simulations indicate that
even at a late stage of equilibration, the structure factor exhibits only six diffuse
peaks at the nesting wave vectors, rather than the sharp Bragg peaks characteristic
of a perfect SkL. The broad peaks at the late stage of phase ordering suggest an
arrested growth of SkL. domains in real space. A snapshot of the real-space spin
configuration at ¢t = 10* after the quench is shown in Fig. 3.9. The snapshot reveals
small triangular clusters of skyrmions coexisting with stripe-like structures of varying
orientations. These stripes, or helical spin states, correspond to the single-() magnetic
order, which represents metastable states of the s-d model.

This intriguing freezing phenomenon can be partially attributed to the frustra-
tion electron-mediated spin interactions. Another contributing factor is the degen-
eracy between skyrmions of opposite vorticity, or circulation of in-plane spins. The
two opposite circulations correspond to topological winding numbers w = 41 for the
skyrmions. As previously discussed, spin-rotation symmetry is decoupled from the lat-
tice in the s-d Hamiltonian (3.4), which serves as a minimal model for centrosymmetric

itinerant magnets without spin-orbit coupling. Consequently, skyrmions with clock-
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Figure 3.10: CNN-based LLG simulation on a 96 x 96 lattice demonstrating the
restoration of a perturbed SkL. The CNN model was originally trained on a 48 x 48
lattice. The initial spin configuration is given by the SkL ansatz (3.21) with
additional site-dependent random phases and amplitudes of 5,.

wise circulation are energetically degenerate with those exhibiting counter-clockwise
circulation. This degeneracy implies that SkI. domains of opposite circulations are
nucleated with roughly equal probability after the thermal quench, and subsequent
annihilation of skyrmions with opposite vorticity prevents the formation of a large,
coherent SkL.

As discussed in Sec. 3.3.1, the CNN model, due to its locality property and fixed-
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size kernels, can be directly scaled to larger lattice systems without retraining, en-
abling large-scale dynamical simulations beyond conventional approaches. Here, we
demonstrate the scalability of the CNN spin-torque model by applying it to LLG sim-
ulations of large-scale SKL phases. Specifically, we conducted LLG simulations of a
perturbed SkL state on a 96 x 96 lattice using a CNN model trained from simulations
on a 48 x 48 lattice. The triangular SkL, characterized by three nesting wave vectors,
can be understood as a superposition of three helical spin orders. Explicitly, a perfect

SkL can be approximated by the following ansatz [140, 146]:

1 1
Si ~ (COS Qu - 5 COS in - 5@31‘) él

+ (? COSs Qgi — ? COS Q3l) éQ (321)

+[A (sin Q); + sin Q5. + sin Q%) + M] és,

where € 53 are three orthogonal unit vectors, Q,; = Q,, - r;, and Q;m' = Q,; + ¢ are
phase factors of the three helical orders, with ¢, A, and M as fitting parameters. To
demonstrate that the ML model can indeed stabilize the SkL, which is the ground
state of our chosen s-d Hamiltonian, we initialize the system with a perturbed ar-
ray of skyrmions, as shown in Fig. 3.10(a). The randomness in the initial state was
introduced by allowing site-dependent parameters ¢;, A;, and m;, which were ran-
domly generated in the Sk ansatz (3.21). Contrary to the completely random spin

configurations used in the previous dynamical benchmark, this initial state preserves

a coherent structure of skyrmion winding numbers. Since these topological numbers
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Figure 3.11: Evolution of the structure factor over time for a Skyrmion initial
condition in a simulation extending far beyond the training duration. The dashed
black line indicates the duration of the training simulation. Our ML-based LLG
simulation maintains a stable structure factor for more than five times the duration
of the training simulation.

must be conserved, the relaxation of the system is free from random annihilation of
skyrmions. As shown in Fig. 3.10, our ML-based LLG simulations successfully restore
and stabilize a nearly perfect SKL over an extended simulation period.

We further investigate the scalability in the temporal domain by extending our
ML-based LLG simulation well beyond the training duration. Fig. 3.11 shows a nearly
constant structure factor long after the training duration. While a significant reduc-
tion in the structure factor was observed between ¢t = 15,000 and ¢t = 23,000, it
quickly recovered to its original stable value (S(q,t) ~ 305). These temporal fluctua-
tions can be attributed to the prediction errors of the ML model, which, as previously

discussed, play a role akin to stochastic noise in Langevin-type dynamics simulations.
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Our results demonstrate the robustness of the SkLL against small random perturba-
tions. Notably, this benchmark underscores the scalability of our ML models not
only in spatial domains (larger lattices) but also across temporal scales (significantly
longer simulation times).

To incorporate the underlying symmetries of a physical system into an ML model,
appropriate biases (prior knowledge) need to be introduced during the statistical
learning process. Two primary approaches to achieve this are: (i) data augmentation
based on the symmetry group of the system, and (ii) constructing symmetry-invariant
descriptors or equivariant neural network architectures with respect to the symme-
try group. These approaches correspond to introducing observational and inductive
biases, respectively, in the context of physics-informed ML (see, e.g., [147-152]).
As discussed in Section 3.3.1, the local symmetries of our system, namely spin-
space and real-space lattice symmetries (also known as internal (gauge) and space-
time symmetries [153]), consist of G-valued fields over the underlying lattice, where
G = SO(3) x Dg. In this work, we adopted the data augmentation approach to enforce
the symmetry constraints for the reasons explained below.

First, we briefly summarize the theoretical justification for how data augmen-
tation during the training phase introduces the aforementioned symmetries into the
supervised learning process (see [149,154,155] for details). For simplicity, let (S, T) =
({S;}, {T;}) denote a pair of spin configurations and their corresponding torque field,

collectively represented as F. Our training data Fy,--- ,F, consist of independent
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identically-distributed samples from a probability distribution IP over the space of all
spin-torque fields. It is fundamentally important that the probability distribution P
remains nvariant under the action of each local symmetry g € G, where G denotes
the space of all local symmetries of the system®. Thus, the data augmentation process
can be viewed as enriching our set of samples from the probability distribution P by
adding transformed spin-torque fields g - F, g € G.

During training, at each step ¢, a minibatch B; of spin-torque samples (S, T) of
size |By| is selected, and a random local symmetry g, € G is applied to each spin
S, and torque T, field, b € B;. Then, according to the stochastic gradient descent

(SGD) algorithm, the parameters 6 of the CNN model fy are updated as

Ort1 =0 — ‘%

il

Z VoL <f0(gt,b “St) s (Gep Tb)) : (3.22)

beB;

where L denotes the loss function given by Eq. (3.11), and 7 is the learning rate.
In other words, the augmented SGD can be interpreted as the minimization of the

empirical risk associated with the following augmented loss function:

[ £(5ta-9). 9-)) d0lo). (323)
g

where the average is taken along the entire orbit of the group action with respect
to a probability distribution @Q over G. It has been proven that data augmentation

based on the underlying symmetry group reduces the variance of general estimators

!The action of a local symmetry g € G on a spin S and a torque T field is the induced transfor-
mation by g. We denote it by g-F:=(¢g-S, g-T).
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Figure 3.12: Distribution of the equivariance error
erreg == fonn({RS;}) — Rfenn({S:}), where R is an arbitrary rotation. The overall
prediction error ("predicted torque" minus "ground truth torque") on the test
dataset is superimposed for comparison. The equivariance error is significantly
smaller than the overall prediction error, indicating that the model effectively
preserves the underlying symmetry of the physical system.

and improves their generalizability [149].

The theoretical justification above can also be validated empirically. Fig. 3.12
shows the typical prediction error (blue), representing the difference between pre-
dicted and ground truth torques, and the equivariance error (orange), defined as
folg - S) — g fo(S). As observed in the figure, the equivariance error is smaller
than the typical prediction error, indicating that the data augmentation employed
effectively preserves the underlying symmetry of the physical system.

To further validate the locality principle, we analyze the receptive field of our CNN

model in this section. As discussed in Section 3.3.1, the receptive field of a convolution
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Figure 3.13: ERFs of the ML model. Since both the input and output tensors at
each lattice site have three components, there are a total of nine ERFs
corresponding to the nine partial derivatives of the three output torque components
with respect to the three input spin components. The sum of the absolute values of
these derivatives is presented in this figure, with darker pixels indicating smaller
derivative values. The red line roughly traces the nonzero value regions of the ERF.
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layer f,, is defined as the support supp(h,,) of the corresponding convolution kernel
h.mn, i.e., the region where the function values of h,, are nonzero. The receptive field
of the entire CNN model is computed as the Minkowski sum of the receptive fields
of individual convolution layers, or RF = supp(h;) @ - - - @ supp(hyz). For our model,
consisting of 10 layers in depth, each comprising 5 x 5 convolution kernels with stride
1, the theoretical receptive field size is calculated to be 41. This implies that, in
principle, the spin directions within a 41-site neighborhood can influence the torque
prediction at lattice site i.

However, the naive computation of the receptive field size may be misleading, as
the kernel size of a convolution layer indicates only the theoretical maximum of the
receptive field. The actual region of nonzero values may be significantly smaller than
the theoretical receptive field size. To address this, we used the approach of [156] to
compute the extiteffective receptive field size, within which the function values are
practically nonzero. Fig. 3.13 presents the result of this calculation for the trained
CNN model. The red hexagonal line delineates the region within which function values
are practically nonzero, while values outside this region are essentially zero. The
grayscale values inside the hexagon indicate different levels of influence of neighboring
spins on the computed torque vector. At lattice site i, located at the center of the
red hexagon, the weighting factor is largest, indicating that T; is predominantly
determined by S;. The immediate neighbors, or 1-neighborhood N(7), also exhibit

high intensity values, implying that the relative configuration of the spin direction S;
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with respect to its neighboring spins S; at j € N;(i) has a significant influence on
the predicted torque T;. Similarly, the spin directions in the 3-neighborhood have a
substantial influence, with smaller influences detectable up to the 6-neighborhood.
These results are consistent with previous ML spin-torque models based on symmetry-

invariant descriptors [98,99|, which demonstrate that the spin dynamics of similar s-d
models can be accurately captured by bond-product BP-type models employing fully
connected NNs with inputs from neighborhoods up to r. ~ 5 lattice constants. Phys-
ically, as discussed earlier, the finite size of the ERF is due to the local nature of
spin torques. However, the range of locality can only be indirectly inferred from ex-
act calculations. In practice, the cutoff radius is treated as an ad hoc parameter in
BP-type ML models or determined through trial and error. It is noteworthy that the
CNN model provides a systematic and rigorous method for determining this crucial

physical characteristic of electronic models.

3.4.2 Dynamics for Neural Network Model with Descriptor

After concluding the preliminary phases of experimentation as described in Sec. 3.3.3,
our investigation progressed to examining the skyrmion phase to further assess the
NN’s performance with descriptors in analyzing ML-LLG dynamics. Initially, we
compared the structure factor along the high-symmetry path I'(0,0) — K (%’r, 0) —
M (2m,0) by executing 50 independent simulations employing both the ML-LLG and
KPM-LLG methodologies. These simulations, initiated from random spin configura-

tions, were conducted with LLG parameters set to dt = 0.1 and o = 0.2 for both



Chapter 3. Machine Learning for Itinerant Electron Magnets on Lattice 80

Figure 3.14: Comparison of the structure factor S(gq) along the high-symmetry path
I'(0,0) — K(%F,0) — M(2m,0) obtained from KPM-LLG and ML-LLG simulations
at different time steps from ¢ = 50 to 4000. The blue lines represent the average
value of §(¢) from 50 individual KPM-LLG simulations on a 48 x 48 lattice, with
the blue regions indicating the standard deviation. The red dots with error bars
depict the average S(q) and its standard deviation from ML-LLG simulations.

approaches. The findings, illustrated in Fig. 3.14, reveal that both approaches man-
ifest similar dynamics in the structure factor peaks of the skyrmion phase at the
commensurate wave number @ = (%,0), with comparable average values and stan-
dard deviations.

The temporal evolution of the magnetic phases in the system is depicted in
Fig. 3.14. In the initial stage (Fig. 3.14(a)), two peaks, designated as Q(%,0) and
M (2w, 0), grow, while significant fluctuations are observed at K'(4F,0). This behavior
indicates the formation of antiferromagnetic stripes and the emergence of a vortex
phase. As the growth of the stripes stabilizes, the vortex phase becomes more domi-
nant, as shown in Fig. 3.14(b). Subsequently, the skyrmion phase emerges from the
vortex phase, as illustrated in Figs. 3.14(c) and (d). This progression of magnetic
phases highlights the dynamic evolution of the system and the complex interplay
between different magnetic phases.

Given the favorable outcomes of the previous ML-LLG simulations, we applied
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Figure 3.15: Top panels: Density plots of the spin configuration {S;} on a 150 x 150
lattice at different time steps from ¢t = 50 to 4000. Bottom panels: Vector arrows
representing the in-plane spin configuration {S7¥} at the top-right corner of the

respective upper panels, with {S7} represented by the arrow colors.

this method to a larger triangular lattice of size N = 150 x 150, as the approach has
demonstrated scalability to arbitrary lattice sizes. Fig. 3.15 illustrates the spin dy-
namics at different time steps. The top panels show density plots of the z-component
of the spins {S7}, while the bottom panels display vector plots for the in-plane spin
components {S;} in the top-right corner of the upper panels. The dynamics observed
in Fig. 3.15 reveal three distinct stages in the evolution of the spin system. Initially,
the random spins form multiple stripes at various angles. In the intermediate stage,
these stripes, with opposing ferromagnetic order in the z-direction, begin to form
skyrmions. Finally, the formation of stripes and skyrmions stabilizes, and the growth
of skyrmion clusters is arrested.

The corresponding structure factor of the system is shown in Fig. 3.16(a), obtained
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Figure 3.16: Left four panels (a): Structure factor density plots of the ML-LLG
simulations on a 150 x 150 lattice in the first BZ from ¢ = 50 to 4000. (b) Skyrmion
structure factor peak order M as a function of time from ¢ = 10 to 10%. (c)
Characteristic length of the ML-LLG simulations from ¢ = 10 to 10%.
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by averaging over 50 independent simulations. These results are consistent with
the conclusions previously discussed. Additionally, to quantify the growth of the
structure factor peaks, we defined the skyrmion structure factor peak order and the
characteristic length scale of the skyrmions as M(t) = (S(kpr,t))k,. and L(t) =
%, where k, is the structure factor peak, and (---) represents averaging
over k,, such that |k, —k,| < 0.1. The evolution of M(¢) and L(¢) with time
is illustrated in Figs. 3.16(b) and (c). Both quantities exhibit similar trends: slow

growth during the initial stage, rapid growth during the intermediate stage with

M(t), L(t)  t, and eventual saturation during the final stage.
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3.5 Conclusion and Outlook

In this chapter, we introduced a CNN model alongside a NN model equipped with
descriptors to predict spin torques from input spin configurations in large-scale LLG
dynamics simulations of itinerant magnets. Our CNN is purely convolution-based,
avoiding fully connected (dense) layers, offering an inherent benefit in terms of local-
ization. Each layer of the CNN applies a convolution using a kernel or filter, akin to
a Green’s function that portrays the finite response to a nearby source. Thanks to its
finite number of trainable parameters, the CNN model is suitable for running dynam-
ical simulations on larger systems without needing to retrain or rebuild the neural
network. We demonstrated the practicality of our ML models with a triangular-
lattice s-d model exhibiting a skyrmion crystal as its ground state. By using the ML-
predicted torques in the LLG dynamics simulations, we validated that the trained
ML model can effectively replicate the relaxation dynamics of the skyrmion phase
in itinerant spin models. Additionally, we showed the scalability and transferability
of our method by proving that large-scale LLG simulations using our CNN model
can stabilize a disturbed SkL and sustain its stability over long durations. Further-
more, large-scale LL.G simulations using the NN model with descriptors uncovered an
atypical phase separation of skyrmions.

Unlike ML force-field models that use the BP scheme, our CNN model predicts
torques directly, which are analogous to atomic forces in spin systems. BP-type mod-

els, employing methods such as Gaussian process regression or fully connected neu-
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ral networks, focus on local energy prediction, which does not allow straightforward
comparison with exact calculations. In these models, forces are obtained as gradi-
ents of the total energy, composed of all local energies. The concept of local energy
leverages locality properties and aids in integrating symmetry into ML frameworks.
However, deriving forces from energy gradients confines BP-type models to repre-
senting only conservative forces and quasi-equilibrium electron systems. In contrast,
our CNN model can represent both conservative and non-conservative spin torques.
This feature is especially beneficial for simulating out-of-equilibrium systems driven
by non-conservative electron-mediated torques, such as spin transfer torques, which
are vital in spintronics applications.

In future studies, we plan to investigate approaches for more robustly enforcing
constraints derived from symmetry or conservation laws. Previous work on equiv-
ariant CNNs within computer vision [157] may provide valuable directions for con-
straining CNN layers to maintain SO(3) and Dg symmetries. Furthermore, our current
research limits itself to estimating torques based on spin directions at each time step,
without directly addressing the LLG equation as presented in Eq. 3.1. Nonetheless,
recent developments have focused on resolving the governing partial differential equa-
tions (PDEs) of physical systems through the use of physics-informed deep NN, as
seen in Nguyen et al. [150]. Utilizing these physics-informed CNN techniques, we
expect to achieve quicker and more precise estimates of spin dynamics, highlighting

a promising path for upcoming research.



Chapter 4

Machine Learning for Metallic Spin
Glass

4.1 Introduction

Spin glasses are disordered magnetic systems characterized by frustrated interactions
between localized magnetic moments due to quenched disorder [158-161]. As a re-
sult of these frustrated interactions, conventional long-range magnetic order, such as
ferromagnetic or N’eel order, cannot be established. Nevertheless, spin-glass systems
exhibit a collective freezing transition below a characteristic temperature 7%, indi-
cating the emergence of new magnetic states at low temperatures. The term "glass"
draws an analogy between the disordered spins in a spin-glass phase at low tempera-
tures and the atomic positional disorder found in structural glasses [162,163]. Unlike
structural glasses, where atomic configurations freeze due to the exponentially slow
relaxation of a supercooled liquid, spin-glass behavior arises from quenched random-
ness, which plays a central role in their physics.

Several theoretical models have been proposed to understand the nature of spin-

85
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glass phases and transitions. A canonical example is the Edwards-Anderson model [164],
which describes random exchange interactions between nearest-neighbor Ising spins o;
on a lattice: H = -5 (i) Jijoio;. In this model, the coupling coefficients are random
variables, with equal probability of being positive (ferromagnetic) or negative (antifer-
romagnetic). Mean-field theories of spin glasses, such as the Sherrington-Kirkpatrick
model [165], have further elucidated the nature of spin-glass order, leading to the
concept of replica symmetry breaking and related order parameters for spin-glass
phases [166-169]. The physical insights and mathematical techniques developed in
the study of spin glasses have found applications in diverse fields such as computer
science, biology, and economics [170-172].

Experimentally, prototype spin-glass materials include dilute magnetic alloys,
where magnetic impurities such as Fe or Mn are randomly substituted into the lat-
tice of a nonmagnetic metallic host (e.g., Ag, Cu, Pt) [159-161, 173, 174]. These
materials are prepared by rapidly cooling the liquid alloy, thereby fixing the mag-
netic impurities at random positions within the solid. Since the magnetic impurities
are typically several lattice constants apart, their effective interactions are mediated
by conducting electrons from the metallic host. Due to the itinerant nature of the
conducting electrons, the resultant effective spin-spin interactions are long-ranged,
exemplified by the well-known RKKY interactions [136-138]. The RKKY interaction
also oscillates between ferromagnetic and antiferromagnetic couplings as the distance

increases, providing a mechanism for frustration that stabilizes spin-glass phases.
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The RKKY type interactions, however, are obtained based on the assumption
of a spherical Fermi surface in the limit of weak electron-spin coupling. In general,
the electron-mediated interactions in metallic spin glasses depend on the electronic
structure of the underlying metallic system. A full dynamical simulation of such
disordered itinerant electron magnets, however, is computationally a very challenging
task. As the driving forces come from electrons, integration of the LLG equation
for spin dynamics requires solving an electron Hamiltonian at every time-step. Such
repeated electronic structure calculations could be prohibitively time-consuming for
dynamical simulations of large systems. The computational complexity is similar
to the quantum MD simulations, where atomic forces are computed from electronic
structure solutions [87].

In this chapter, we present a scalable ML framework for large-scale dynamical
modeling of metallic spin glass and disordered itinerant electron magnets. Central to
our approach is a deep-learning NN, trained by exact solutions from small systems,
that can accurately and efficiently predict the effective local magnetic fields acting on
spins. This approach is similar in spirit to ML-based force field models which have rev-
olutionized the field of ab initio MD simulations [91-94,96,97,125,127-129,175-178.
By accurately emulating the calculation of Kohn-Sham equations, ML interatomic
potentials offer the efficiency of classical force-field models with the desired quantum
accuracy. Similar ML frameworks have recently been developed to enable large-scale

dynamical simulations in several condensed-matter lattice systems [58,59,98,99, 132,



Chapter 4. Machine Learning for Metallic Spin Glass 88

179, 180].

Physically, the linear scalability of ML force-field models is based on the principle
of locality, or nearsightedness, of electronic matter [100,101|. A practical approach
to incorporate the locality principle into ML models for quantum MD was proposed
in the pioneering work of Behler and Parrinello [91]. The central idea of BP type
ML structures involves introducing a local energy €; [91,92| which, in our case, is
associated with individual spins S; in a disordered magnet. The local effective field
is obtained from the derivative of the total energy. Importantly, invoking the locality
principle, the local energy is assumed to depend on the immediate neighborhood of
S; and a deep-learning NN is trained to capture this complex dependence.

A crucial component of the scalable ML model is the appropriate representation
of the local environment which preserves the symmetry of the original quantum sys-
tems. Indeed, atomic descriptors play a central role in the field of ML-based quantum
MD methods [91,92,96, 104, 181-185]. In our case, a proper representation of spin
configurations in a local neighborhood needs to be invariant with respect to real-space
rotation and translation symmetries, as well as the SU(2) rotation symmetry in the
spin-space. To this end, we develop a magnetic descriptor which is a generalization
of a widely used atomic descriptor called atom-centered symmetry function (ACSF)
for ML-MD simulations [91, 181].

We apply our ML force-field model to study the relaxation dynamics of a metallic

spin-glass model with Heisenberg spins. We note that most works on spin-glass phases
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are based on lattice models of either Ising or Heisenberg spins with quenched random
nearest-neighbor exchange interaction J;; [159]. There are a few remarkable works on
the ab initio modeling and dynamical simulations of the prototypical MnCu metal-
lic spin-glass alloys [186-189]. In these approaches, however, a classical Heisenberg
model is used to describe the magnetic alloys with an RKKY-like exchange interac-
tion determined from first-principles density functional theory calculations [190]. To
demonstrate the ML model for electron-driven spin dynamics, here we consider an
amorphous generalization of the well-studied s-d model as a model metallic spin glass.
ED combined with LLG dynamics are used to simulate this random s-d model and

to generate datasets for training of the ML models.

4.2 Adiabatic Dynamics of Itinerant Electron Mag-
nets

As discussed in several previous works, magnetic moments in dilute magnetic alloys
such as CuMn can be well described by Heisenberg spins. We consider a metallic spin
system with randomly distributed Heisenberg spins, based on the s-d type electron-
spin coupling [191]:

H=H () -T3 Y s, (czaaaﬂc@ (4.1)

ioa,p=1

Here S; represents a local classical spin at a random position r;, and cj-,a (Cio) de-
notes the creation (annihilation) operator of an electron with spin o =1, localized

at r;. The first term ’}:[e is the Hamiltonian of the electron subsystem, which cor-
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responds to the metallic host in dilute magnetic alloys. The electron operators in
the parentheses of the second term correspond to the spin operator of the electrons:

& _ h
Si—§

<ég}a0'a/géi7 6)' Physically, the coefficient .J describes a Hund’s coupling between
electron spin and local moment.

As discussed in Sec. 4.1, in the limit of small electron-spin coupling, one can
integrate out the electrons to obtain an effective interaction between local spins.
In particular, assuming an electronic system described by a Fermi liquid H, =
D k| <kp 2o gkéTk,aCk,a7 with a parabolic dispersion e, = h?|k|?/2m,, one obtains the
well-known RKKY interaction [136-138]

E =Y Jakky(2kp|r; — 1;])S; - S, (4.2)
]
where Jrxxy () = 97(J?/er)(x cosx —sinx) /z?, kr and e are the Fermi wavevector
and Fermi energy, respectively. For large coupling J 2 er and more complex elec-
tronic models, the effective interaction in general needs to be computed numerically.
For example, such effective interactions have been computed using DFT for realistic
CuMn alloys [186-188|.

The magnetization dynamics for Heisenberg magnets is governed by the LLG

equation

ds;
dt

where v is the gyromagnetic ratio, « is the damping constant, H; is the local effective

field that drives the spin dynamics, and n; represents a stochastic magnetic field due to
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thermal fluctuations. The random fields at different sites and times are uncorrelated.
The three independent components of 7; are modeled by a Gaussian random variable
of zero mean and a variance proportional to akgT, where T is temperature. For
effective spin Hamiltonian, such as the RKKY interaction in Eq. (4.2), the effective

local field is given by

OF
= Z Jrrky (2kp|r; —1r;])S;
J

H = —
‘ 0S;

Although this interaction is long-ranged, the 1/r® decay is sufficiently fast that a
cutoff radius is introduced in practical calculations. The effective field in general can
be efficiently computed for such RKKY type interactions.

It is worth noting that spin dynamics based on such effective interactions is a spe-
cial case of the adiabatic approximation, which is similar to the Born-Oppenheimer
approximation for quantum MD simulations [87]. Within the adiabatic approxima-
tion, electrons are assumed to quickly relax to quasi-equilibrium with respect to the
instantaneous configuration of classical spins. In this limit, the effective energy is

~ ~

given by F = (H) = Tr(p.H), where p, is the electron density operator:
pe = exp(—H /kgT)/ 2, (4.4)

and Z = Tr exp(—?:[/ kgT) is the partition function. The local magnetic field for

Hamiltonian (4.1) in this adiabatic limit is given by

H, = _9H) T o as(el i) (4.5)
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Here we have used the Hellmann-Feynman theorem 8(H)/0S; = (9H/8S;) to relate
the local field to the electron correlation function Cj, ;g = (é; 5Ci o). The calculation of
the correlation function, however, requires solution of the equilibrium electron density
matrix p., which amounts to solving a disordered electron Hamiltonian for a given spin
configuration. In the absence of electron-electron interactions, the standard method
for solving the electronic structure is based on ED. However, since the electronic forces
have to be computed at every time-step of the LLG dynamics simulation, the O(N?)

time complexity of ED can be overwhelmingly time-consuming for large systems.

4.3 Machine Learning Force-Field Model For Disor-
dered Spins

In this section we present a scalable ML framework to essentially derive an effective
spin Hamiltonian F(S;) for metallic spin glass models in Eq. (4.1). It should be noted
that this effective energy E, or effective classical spin Hamiltonian, is technically
obtained by freezing the spin configuration and integrating out the electrons using
the electron density operator in Eq. (4.4). It can be viewed as a more complicated
version of the RKKY interaction. The ML methods offer a systematic approach to

obtain an accurate and efficient parametrization of this effective spin Hamiltonian.

4.3.1 Behler-Parrinello Machine Learning Framework

Fundamentally, as discussed in Sec. 4.1, linear-scaling electronic structure methods

are possible mainly because of the locality nature of many-electron systems [100,101].
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Figure 4.1: Schematic diagram of ML force-field model for metallic spin glass. The
input of the ML model is the magnetic configuration C; centered at the i-th spin S;,
while the output is the local energy ¢; associated with the center spin. The atomic
and spin configuration within the neighborhood C; is processed using a magnetic
version of the ACSF method. The resultant feature variables {G\} are input to a
feed-forward fully connected neural network with a single output that is the local
energy €;. The total energy is obtained by applying the ML energy model to all spins
in the system. The local effective field is computed using automatic differentiation.

Modern ML techniques provide an explicit and efficient approach to incorporate the
locality principle into the implementation of O(N) methods. In particular, the BP
type schemes provide a practical method to incorporate locality and symmetry to the
ML models. Indeed, most ML force-field models for quantum MD simulations are
based on BP approaches. Here we generalize the BP scheme to implement an ML
model for the efficient prediction of system energy E and the local effective fields H;
for spin dynamics.

A schematic diagram of our ML force-field model is outlined in FIG. 4.1. First,
as in the original BP approach, we partition the effective spin energy into local con-

tributions

E = Z € = Zs(ci), (4.6)
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where ¢; is associated with the i-th local spin of the disordered magnet. In the sec-
ond step of the above equation, we have further assumed that the local energy only
depends on the immediate neighborhood, denoted by C;, of the i-th spin through a
universal function &(-). The validity of this step naturally relies on the locality prin-
ciple mentioned above. Practically, the neighborhood C; is defined as configuration of
spins within a sphere of cutoff radius R, centered at S;, i.e. C; = {Sj ‘ Ir; —r;| < RC};
see FIG. 4.1. Importantly, the universal function £(-) that relates local energy ¢; to
the neighborhood is to be approximated by a deep-learning neural network model.
As shown in FIG. 4.1, the local magnetic environment is processed to produce a set
of symmetry-invariant feature variables, denoted as {G,,}, which are then fed into
the neural network.

Once the total energy FE is obtained by applying the same descriptor and neural
network model to every spin in the system, the local field acting on spin S; can then

be efficiently computed through automatic differentiation:

aE /86‘
Ho= - =Y 50 (4.7)
i § i

Here the prime in the summation indicates that only local energies €; within the
neighborhood of the i-th spin are considered, again, assuming the locality of the
effective field.

Another important insight in the original work of Behler and Parrinello [91] is

the introduction of descriptors, or feature variables, that provide an appropriate rep-
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resentation of the neighborhood C;. It is worth noting that, despite the universal
approximation power of neural networks, symmetry properties of a function can only
be learnt statistically, but not exactly. The goal of a descriptor is to incorporate
the symmetry of the original quantum Hamiltonian into the classical effective energy
model. Since the output of the ML model in the BP framework is a local energy,
which, as a scalar, is invariant under symmetry transformations of the original sys-
tem, the feature variables {G,,} need to be also invariant with respect to the same
symmetry group.

In the case of ML-based quantum MD methods, extensive studies have been de-
voted to the development of atomic descriptors [91,92,96, 104, 181-185]. A proper
representation of the atomic neighborhood should be invariant under rotational and
permutational symmetries, while retaining the faithfulness of the Cartesian repre-
sentation. A widely used atomic descriptor, which is physically intuitive, is the
ACSF representation introduced in the original work of Behler and Parrinello [91].
The ACSFs are built from the relative distances and relative angles among atoms in
the neighborhood, which are manifestly invariant under rotations [91,181]. A more
systematic approach to build invariant feature variables is based on the so-called
bispectrum coefficients, which are special triple-products of IRs of the symmetry
group [92,103,104].

The group-theoretical method has also been employed to develop a general theory

of descriptors for electronic lattice models in condensed-matter systems [58]. Com-
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pared with the MD systems, the SO(3) rotational symmetry of free-space is reduced
to discrete point-group symmetries in lattice models. On the other hand, the dy-
namical degrees of freedom in lattice models, such as local magnetic moments or
order-parameters, are characterized by additional internal symmetry group. A proper
descriptor for lattice systems thus needs to be invariant with respect to both the in-
ternal symmetry group and the lattice point group.

In particular, following the general theory, a magnetic descriptor is developed
to incorporate the lattice point-group and SU(2) spin-rotation symmetries into the
ML force-field models for lattice models of itinerant electron magnets, such as the
s-d or Kondo-lattice models [98,99,132|. A two-step approach is used to construct
the feature variables. First, to preserve the rotation symmetry in spin-space, bond
bjr = S;-Sj and scalar chirality x;;x = S; - S; x Sy, variables, which are inner product
and scalar triple product of spins within a neighborhood, are used as building blocks
for the magnetic descriptor. A group-theoretical approach based on reference IR [58],
which is a modified bispectrum method, is used to derive feature variables that are
also invariant under symmetry operations of the lattice point group.

We note in passing that in order to model atomic systems with finite magnetic
moments, atomic descriptors have been generalized in several recent works to include
spin degrees of freedom [133,134,192-195]. For such magnetic materials, magnetic
contributions are crucial for modeling the mechanic phase stability, vibrational prop-

erties, and defect dynamics. However, since the goal of these descriptors is to assist
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ML-based quantum molecular dynamics, the magnetic structure of atoms are assumed
to be fixed throughout the MD simulations. Moreover, often collinear Ising-type spins
are considered. Here, on the other hand, we present a magnetic descriptor to be com-

bined with an ML model for spin dynamics, whereas atomic configurations are fixed.

4.3.2 Magnetic Descriptor for Disordered Spins

The symmetry group of the spin glass model described in Eq. (4.1) includes the real-
space translation and rotation symmetries of atoms (which carry a local spin S;) and
the global SO(3)/SU(2) rotation symmetry of classical /electron spins. The translation
symmetry is readily accounted for in the BP framework, as exactly the same descriptor
and neural network are applied to every spin in the system. To account for the rotation
symmetry of atoms in real space, we first review the idea of symmetry functions
which are built on two fundamental scalars: the relative distance between two atoms
R;; = |r; — r;| and the relative angle between three atoms cos;;;, = (r; —r;) - (r), —
r;)/RijRix. As scalars, these two types of variables are manifestly invariant under
uniform rotations of atoms in the neighborhood. A two-body symmetry function
centered at r; is defined as

Ga(A) = Fy(Ry; M), (4.8)

J#i

where A = {p1, pa, - - - } denote a set of parameters characterizing G, and Fy(R;A) is
a user-defined function, parameterized by A to extract atomic structures at certain

distances from the center atom. For example, the following function is proposed in
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the original work [91] to sample atoms at a distance d £ w from the center
Fy(R;d,w) = e~ B=D*/v* ¢ (R). (4.9)

Here f.(r) = 1[cos(Z) + 1] for R < R, and zero otherwise is a soft cutoff func-

Re

N =

tion. The two parameters d and w specify the center and width, respectively, of the
Gaussian function. The 3-body symmetry functions are defined as
Gs3(A) = Y Fy(Ryj, R, Ry, O M), (4.10)
JokAi
An example of the three-body envelop function characterized by three parameters

is [91,127]

F3(R17 R27 R37 07 C? )‘7 da w, d/7 w/> = 2174(1 + Acos Q)C

XFQ(Rl;d,’U))FQ(RQ;d, U})FQ(Rg;d/,w/). (411)

These functions are designed to sample relative orientations between atomic pairs,
where the angular resolution is controlled by the parameter (. The three F;, functions
are introduced to constrain the distances of the three pairs of spins.

To incorporate the spin degrees of freedom, we first note that assuming the elec-
tronic part H. in Eq. (4.1) is magnetically isotropic, the metallic spin system is
invariant under a global rotation of local magnetic moments S; — R - S;, and a si-
multaneous unitary transformation of the electron spinor ¢;, — Uagéw, where R is
an orthogonal 3 x 3 matrix and U=0U (R) is the corresponding 2 x 2 unitary rotation

operator. The ML force-field model, which is essentially an effective classical spin
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model by integrating out electrons, should preserve the SO(3) spin-rotation symme-
try. Similar to magnetic descriptors for lattice models, we use the bond and scalar
spin chirality variables b;; = S; - S; and x;;x = S; - S; X Sy as building blocks for
characterization of the magnetic environment [98,99, 132]. These variables are also
manifestly invariant under global rotations of all spins.

Based on these building blocks, invariants with respect to rotations in both real
space and spin space are obtained by "attaching" these variables into the symmetry
functions. A schematic diagram showing the construction of the three types of mag-
netic symmetry functions is shown in FIG. 4.1. First, we define a magnetic two-body
symmetry function

G3(A) = Fa(Ri; A)(Si - S)), (4.12)

i
Here the superscript m is used to indicate magnetic version of the ACSF. With the F3
function defined in Eq. (4.9), this magnetic symmetry function accounts for spin-spin
correlations between the center S; and neighboring spins S; at a distance d & w from
the center. Next, a symmetry function which involves three atoms is defined:
Gy'(A) = Z F3 (Rij> Rik, Rjk, 0iji; A) (S; - Sg), (4.13)

ki
This symmetry function, however, only involves two spins. Collectively, they describe
the two-spin correlations with certain relative angles and distances in the neighbor-
hood of the i-th spin.

The total energy Eq. (4.6) computed from the ML model is now a function explicit
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of these magnetic ACSFs, i.e. F = E({G5(A),G}(A)}). This can also be viewed as
an effective classical spin Hamiltonian, which can be formally expanded as
E=) J;Si-Sj+ Y Kiu(Si-S;)(Sk-S)+ - (4.14)
ij ijkl
For example, the two-body J;; interaction can be obtained through linear combina-

tions of the Fy and F3 functions in Eqs. (4.12) and (4.13), respectively:

A
+ Z Z B(N) F3( Ry, Rij, Rijy Opigi N).

A ki

Here a and ( are coefficients that are determined through training. The first term
above, which depends only on the distance R;; between the spin pair, is similar to
the RKKY effective interaction discussed in Sec. 4.2. The second F3 term describes a
two-spin interaction which depends not only on the pair distance R;;, but also on the
immediate atomic environment of the spin pair. The F3-type interactions are thus
the magnetic analogs of the bond-order potentials, a class of empirical MD potentials
that include effects of atomic environment on a chemical bond [196-198|. The higher-
order terms in Eq. (4.14) are generated in nonlinear transformations of the neural
net. In particular, the four-spin interactions Kjj;; are known to play a crucial role in
stabilizing non-coplanar spin structures in itinerant electron magnets [199,200]

Finally, the three-body Fj functions can also be combined with the scalar spin
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chirality x;;r to form a magnetic symmetry functions centered at the i-th spin
G3(A) = Z F3 (Rij; Rik, Rjk, Oiji; A) (Si - Sj % Sy), (4.16)
ki
Since the scalar chirality x;;. is nonzero only when the three spins are non-coplanar,
the above G¥ variables are also very effective in modeling magnetic structures with
non-coplanar spins, similar to the 4-spin terms in Eq. (4.14). However, unlike the bond
variables, the scalar chirality is a pseudo-scalar, which changes sign xijx — —Xijk
under time-reversal transformation, or simultaneous inversion of three spins. As a
result, they are not appropriate for ML modeling of time-reversal symmetric magnetic
systems, such as most spin glasses. One could still include the chirality ACSFs in
the feature variables and use data augmentation, i.e. by adding time-reversed spin
structures to training dataset, to approximate the time-reversal symmetry. This

would lead to, e.g. 6-spin terms » Lty XijkXimn 0 the effective spin Hamiltonian.

ijklm
However, our numerical experiments show that inclusion of chiral ACSFs does not

lead to significant improvement.
4.4 Relaxation Dynamics of an Amorphous s-d Model

We apply the above ML framework to a random s-d model as an example for metallic
spin glasses. The Hamiltonian in Eq. (4.1) describes a general itinerant magnet
with s-d type electron-spin coupling. We note that one can also include short-range
Heisenberg type interactions Jex S; - S; among localized moments, due to either direct

or super-exchange mechanisms, to this Hamiltonian. Since the short-range interaction
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can be easily included in LLG dynamics simulations, here we focus on ML modeling for
the electron-driven forces. The details of the electron-mediated interactions depend on
the electronic Hamiltonian #,.. For example, the well-studied s-d model, also known
as the Kondo-lattice model for spin-1/2, corresponds to a periodic array of local spins
S; and a tight-binding Hamiltonian with nearest-neighbor hopping defined on the
same lattice [201-203]. The ferromagnetic s-d model in the strong coupling limit,
also known as the double-exchange model, plays an important role in the colossal
magnetoresistance phenomena [14,204].

Here we introduce an amorphous generalization of the s-d model. First, instead of
placing the spins on a periodic lattice, the local moments are randomly distributed in
a three dimensional space. Specifically, the position r; of spin S; is a random vector
uniformly distributed within a 3D cubical box of side L, with the only constraint that
the distance between any pair of spins is greater than a minimum, i.e. R;; = |[r;—r;| >
Tmin- FOr a given random atomic configuration {r;}, a disordered tight-binding model
is employed to describe the electronic subsystem H., giving rise to a disordered s-d
Hamiltonian

H = Z Z t(’ri — I'j’) C;racja

ij a=T,

_JZ Z S; - (é;r,ao-a,b’éi,ﬂ) . (4.17)

ioof="1

The electron hopping coefficient t;; = t(R;;) is a random variable dependent on the

distance I?;; between an atomic pair through a Yukawa-type exponentially decaying
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Figure 4.2: Electron density of states of the disordered tight-binding model
Eq. (4.17) in the absence of electron-spin coupling J = 0. The hopping constant
to = 1, which serves as the unit of the energy. The number of atoms is N = 100 in a
cubical box of linear size L = 5¢ with periodic boundary conditions. The electron

filling fraction is set at f = 0.5. The zero of the energy, indicated by the dashed
line, corresponds to the Fermi level.

function

t(R) = toexp(—R/{). (4.18)

In the following, we set t; = 1 which also serves as the reference for energy. The
characteristic range or length scale of electron hopping is given by the decay length /.
It is worth noting that such Yukawa tight-binding models have long been used in the
modeling of amorphous systems [205-209].

We first examine the electron density of states (DOS) of the random tight-binding

Hamiltonian. To this end, we set the s-d coupling J = 0 and use exact diagonaliza-
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tion to compute the eigen-energies €, of the electron hopping Hamiltonian. The DOS,
defined as pe(€) = + (3", d(e—ey,)), is obtained by averaging 500 different atomic con-
figurations {r;}. In this calculation, N = 500 atoms are randomly distributed within
a simulation box of linear size L = 5/, with a minimum separation ry,;, = 0.5¢. The
resultant DOS is shown in FIG. 4.2. The Fermi energy e is determined from the
condition of half electron filling. The DOS exhibits a pronounced peak in the vicinity
of the Fermi level. The nonzero DOS at Fermi level p(er) indicates a gapless elec-
tronic state that is susceptible to small perturbations. Moreover, previous large-scale
numerical study shows that electron wave functions for the eigenstates in the middle
of the band is likely to be delocalized [209]. These extended electron eigenstates near
the Fermi level are the dominate contributors to the long-range effective spin-spin
interactions.

Our goal is to build a ML model for the disordered s-d system (4.17) with a
large electron-spin coupling J = 6t5. We note that the RKKY type perturbation
methods cannot be applied to such strong coupling regime of s-d type models. The
ML methods thus provide a non-perturbative approach to derive an effective classical
spin Hamiltonian and force field that are beyond the analytical methods. To generate
the training and testing datasets, ED and ED-LLG simulations are carried out on a
system consisting of N = 100 atoms with a half-filled electron band in a cubical box
of linear size L = 5¢. The minimum separation is again set at r,;, = 0.5¢. 10 different

realizations of random atomic configurations are used in generating the dataset. For
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each realization of the atomic structure, the s-d model is solved using the ED for
250 different spin configurations, including random spins and states obtained from
relaxation simulations. It is worth noting that, as the prediction of local field H;
for each spin counts as single training data point, the size of the effective datasets is
250 x 10 x 100 = 2.5 x 10°.

A neural network with 8 hidden layers is constructed using PyTorch [106] to learn
the dependence of local energy ¢; on the feature variables {Gy} that characterize the
neighborhood C;. The number of neurons at the input layer is determined by the
number of feature variables and is fixed at 450. The number of neurons in successive
hidden layers are: 1024 x 1024 x 512 x 256 x 128 x 128 x 128 x 128. The NN
performs a series of nonlinear transformations on the input neurons where ReLU [210]
is used as the activation function between layers. The NN model is trained based on
a loss function including the mean square error (MSE) of both the effective field and
total energy. Since only the perpendicular component of the local field H; | = S; x H;
contributes to the driving force for spin dynamics, the loss function focuses on the
MSE of the perpendicular field. Specifically, for a given spin configuration, the loss

function is defined as

2
)

N
2
L=y :’HEE—H%L‘ +ME‘EED—EML (4.19)
i=1

where py and pp determines the relative weights of the force and energy constraints

in the loss function. As shown in Eq. (4.7), the ML local field is obtained from the
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derivative of the sum of local energies. This can be efficiently done using automatic
differentiation in PyTorch [211]|. Trainable parameters of the NN are optimized by
the Adam stochastic optimizer [212| with a learning rate of 0.001. A 5-fold cross-
validation and early stopping regularization are performed to prevent overfitting.

To incorporate the rotation symmetry, both in real and spin space, to the ML
model, a descriptor with all three GJ', G§* and G¥ symmetry functions is developed
to characterize local spin configurations C;. A cutoff radius R. = 2.5¢ is used for
computing these feature variables. First, the two-body symmetry functions G5'(d, w)
depend on two parameters characterizing a mass shell of thickness w and radius d.
The width of the shell is fixed at w = 0.05¢, while 50 different radii d in the range of
[0.5,2.46] (in units of £) are used. For both three-body symmetry functions G§* and
GY, there are two parameters (, A for characterizing the angular distribution, similar
d,w for a mass shell, and another set d’, w’ for the distance between two neighboring
spins; see Eq. (4.11). Here we set ( = 1 and consider two A = +1 corresponding
to an angular function (1 = cos#,j;) with a peak at a relative angle 6;;;, = 0 and
7, respectively. For the three Fy functions in G%§* and G%, we use v’ = 1 and two
different d’ = 1 and 2 in units of ¢, and the same w, d parameters as in the G3'. The
total number of feature variables is 50 + 2 x 200 = 450.

The benchmark of force prediction for the above ML model with all three G, G¥',
and G¥ symmetry functions is shown in FIG. 4.3(a) and (b). Excellent agreements

between the ML predicted local fields and the exact values are obtained for both train-
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ing and testing datasets. The histogram of the prediction error, shown in FIG. 4.3(b),
is characterized by a rather small mean square error o =~ 0.001. However, as discussed
in Sec. 4.3.2, the chirality feature variables G change sign under the time-reversal
transformation. The resultant effective spin Hamiltonian and the force-field model is
not invariant with respect to time-reversal symmetry, which is an intrinsic symmetry
of the original s-d model. The time-reversal symmetry can be incorporated into the
ML model, albeit inexactly, using data augmentation, i.e. by including both spin
configurations £+S; in the dataset. On the other hand, effective interactions involving
scalar chirality that is also time-reversal symmetric, Y L;jkimn Xijk Ximn, 1S Of six-order
in spin variables. It is likely that their contribution is negligible compared to that of
bond variables.

For comparison, we have also developed a ML model with a magnetic descriptor
only involves the two magnetic symmetry functions G3' and G%'. Since these two
feature variables are built from bond variables b;; = S; - S;, hence are invariant
under time-reversal, the resultant ML models automatically preserve the time-reversal
symmetry. The force benchmark of this ML model without chirality variables is
summarized in FIG. 4.3(c) and (d). Notably, the ML predicted local fields also agree
very well with the ED calculations. This result indicates that the spin chirality
variables do not play a major role in the effective spin Hamiltonian. The bond

variables alone provide accurate approximations to the amorphous s-d model.

Next we perform dynamical benchmarks of the ML force-field models. To this end,
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we integrate the trained ML models with the LLG method and perform thermal-
quench simulations of the random s-d model. Specifically, for a given disordered
atomic configuration, an initial state of random spins is quenched to a temperature
T = 0.001¢p at time ¢ = 0. A damping coefficient & = 0.05y in Eq. (4.3), where
is the gyromagnetic ratio, is used for both the ML- and ED-LLG simulations. The
LLG simulations are then repeated for different independent initial random spins and
realization of atomic disorder. The ensemble-averaged dynamical evolution of the
quenched states is then compared with that obtained from the ED-LLG simulations.

In particular, we compute the time-dependent correlation functions

Clrig,t) = (Si(t) - S;(1)) = (Silt)) - (S;(1)), (4.20)

where (- - - ) means ensemble average over both atomic and spin configurations. FIG. 4.4
shows the ensemble-averaged spin-spin correlation functions at different times during
the quench. The correlations obtained from the ML-LLG simulations agree well with
those from the ED methods, showing that the ML force-field model not only accu-
rately predicts the driving forces, but also capture the spin dynamics and relaxation
process.

The correlation functions are assumed to depend only on the distance r;; between
of a pair of spins, thanks to the rotation and translation symmetry of the disordered
states. The ensemble-averaged magnetization is found to be nearly zero, m = (S;) ~

0, in both ML and ED-LLG simulations. Moreover, we find that the relaxation
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dynamics slows down significantly at large times after the quench. The freezing of
spin dynamics thus indicates that the system settles into a local minimum of the
effective spin Hamiltonian.

Due to the minimum distance constraint, there are no spin pairs with distance
less than 7, = 0.5¢. On the other hand, early in the relaxation, e.g. at t <

1 an anti-parallel spin-spin correlation C(r) ~ —0.4 quickly

30 in units of (vty)~
develops at the minimum separation r,;,. This negative correlation then decays with
increasing separation and vanishes at r ~ 1.4¢. This result shows that the effective
spin-spin interaction is predominantly antiferromagnetic at short distances. Indeed,
as has been demonstrated in the case of lattice s-d models at half-filling, the electron-
mediated interaction in the large coupling limit is antiferromagnetic [213]. This can
be understood from the J — oo (or tg = 0) limit where the ground states are given by
configurations with exactly one electron per atom. As atoms are decoupled from each
other, the local moment S;, which is entangled with the spin of localized electron, can
point in arbitrary directions. This macroscopic ground-state degeneracy is lifted in
the presence of a small #y. Standard second-order perturbation leads to an effective
antiferromagnetic interaction Jij' = ¢3;/J > 0.

As the system further relaxes toward lower energy states, a weak ferromagnetic
correlation starts to develop at an intermediate distance, as indicated by the small

peak at r ~ 1.5¢ for the correlation functions at ¢t 2 150. Compared with lattice

models where electron hopping is restricted to nearest neighbors, the emergence of
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0 1 2 4
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Dynamical benchmark of the ML force-field model for the random s-d

system. The spin-spin correlation functions C(r;;) = (S; - S;) at various time-steps
after a thermal quench are obtained from LLG simulations of N = 100 spins using
the ML force-field model and the ED method. The radius is measured in units of ¢,
and the shaded area indicates the forbidden region where r < ry;,. The simulation
time is measured in units of (ytg)~!, where v is the gyromagnetic ratio and t; is the

energy scale of electron hopping.
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Figure 4.5: The correlation length £ as a function of the the logarithm of time log(t)
in a log-log plot; the inset shows the £(¢) in the linear scale. ML-LLG simulations
are performed on a random s-d system of N = 500 atoms. The length £ is computed
from the resultant ensemble-averaged correlation functions after a thermal quench
at t = 0. The simulation time is measured in units of (ytg)~*, where v is the
gyromagnetic ratio and ¢t is the energy scale of electron hopping. The red line
corresponds to a power law £(t) ~ (logt)'/¥ with an exponent 1 ~ 1.02.

this ferromagnetic correlation at intermediate separation indicates the complexity of
electron-mediated interactions in disordered s-d systems. Interestingly, our results
show that the effective spin-spin interactions exhibits an RKKY-like oscillation, al-
though with a much reduced amplitude, even in the large coupling regime.

To quantify the relaxation process, we compute a time-dependent correlation
length £(t) from the correlation functions. For a well-defined exponential decaying

correlation, C(r) ~ exp(—r/£), the correlation length can be easily computed from
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the large r behavior. Due to the more complicated forms of the spin-spin correlation
functions in our case, we employ an empirical formula to obtain the correlation length
§(t) = [;7r|C(r, t)|d7"/ J°|C(r )| dr, Tt can be casily shown that this formula cor-
rectly reproduces the correlation length for an exponential-decaying function as well
as for correlation functions exhibiting a dynamical scaling: C(r,t) = F(r/&(t)), where
F(z) is the scaling function. Applying this formula to the correlation functions ob-
tained from ML-LLG simulations for a random s-d model with N = 500 atoms, the
result is shown in the inset of Fig. 4.5. The ML model is trained from a system of
N = 100 atoms with the same model parameters as discussed above. The ensemble-
averaged correlation functions here are obtained from 10 different random realizations
of atomic configurations and 20 independent initial random spin states.

As the system relaxes after the thermal quench, the correlation length quickly
increases initially. The late-stage relaxation dynamics of a spin glass, often charac-
terized by aging phenomena, is intimately related to its complex energy landscape.
Although there is no conventional long-range order in spin glasses, the relaxation pro-
cesses can still be viewed as the growth of "ordered" domains in which a local energy
minimum is attained. It is worth noting that growth of ordered domains in a conven-
tional symmetry breaking phase is controlled by topological defects of the associated
order parameter fields and is often characterized by a power-law behavior [70].

On the other hand, the growth of the spin-glass order has been discussed within

the phenomenological droplet model, which predicts a growth law R(t) ~ (logt)'/¥,
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where R(t) is a measure of the linear domain size and 1) is called the barrier exponent
which characterizes the activation barrier height at the interface [214,215]. Using
the extracted correlation length as a qualitative measure of the domain size, Fig. 4.5
shows £(t) versus log(t) in a log-log plot. The late-stage domain coarsening can be
approximated by a power-law with an exponent ¢ ~ 1.02. Our preliminary results are
consistent with the scaling theory of the droplet model. More systematic investigation

of the aging dynamics and domain growth will be left for future work.

4.5 Conclusion and Outlook

In summary, we have introduced a scalable ML force-field model tailored for the
spin dynamics in metallic spin glasses. Our methodology extends the BP frameworks
that are prevalently employed in ML-based force-field models for quantum molecu-
lar dynamics (MD). Our study concentrates on spin glass systems characterized by
three-dimensional Heisenberg spins, which are representative of prototype metallic
spin-glass materials such as dilute magnetic alloys. To ensure the preservation of
rotational symmetry in both real and spin spaces, we have refined the ACSF atomic
descriptor, a tool extensively utilized in ML-based MD simulations, by incorporating
spin degrees of freedom into the symmetry functions. As a demonstration of our ap-
proach, we examine the relaxation dynamics of an amorphous version of the classical
s-d model. It is demonstrated that the trained ML model not only precisely predicts
the effective local fields but also effectively represents the dynamical evolution of spins

when subjected to a thermal quench.



Chapter 4. Machine Learning for Metallic Spin Glass 115

Our work also opens a new avenue to large-scale simulations of nonequilibrium dy-
namical phenomena in spin glasses. Partly because of the computational complexity,
most large-scale studies of spin-glass dynamics are based on short-range random-.J
spin models on a lattice. Moreover, local Monte Carlo updates are employed as a
surrogate dynamics for Ising-type spin-glass models. Here we outline a general ap-
proach to derive realistic off-lattice spin-glass model with electron-mediated spin-spin
interactions. Our work demonstrates the proof of principle that accurate ML force-
field models can be developed for a large class of metallic spin glass systems with
local s-d electron-spin coupling. Importantly, the efficiency of ML models, which are
essentially effective classical spin models, could enable large-scale simulations which
are essential for understanding the dynamical properties of spin glass systems.

In particular, our ML framework could also be used to model dilute magnetic al-
loys such as CuMn. As discussed in the Introduction, DFT has been applied to solve
the magnetic ground states of a few representative magnetic alloys for a given atomic
configuration where the magnetic atoms randomly occupy sites of the host lattice.
However, such first-principles calculations of the magnetic moments and the corre-
sponding effective fields are very time-consuming even for relatively small systems. In
practice, often an effective Heisenberg model is first obtained by fitting the exchange
interactions with DFT energy. An alternative approach is to derive an effective s-d
Hamiltonian from first-principles calculations, which can then be used to develop a

ML force field model as outlined in this work.
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Machine Learning for Silicon Band
Structures

5.1 Introduction

Recent advances in electronic structure methods and rapid progress in computational
capabilities and artificial intelligence techniques have enabled accurate and fast com-
putation of materials’ properties. This new paradigm of materials research is further
assisted by the creation of large freely available databases containing many years
worth of human knowledge [216,217]. For example, several ML models have been
developed for accurate and efficient structure-property mapping from large databases
of Kohn-Sham DFT calculations [39-42|. Another prominent application is the ML
based force-field or interatomic potential models trained by dataset from DFT calcu-
lations [91-93,96,97, 125,127,128, 175-177]. Such ML models, which are essentially
classical force-field models, yet with a desired quantum accuracy, allows for larger
scale and longer time ab initio MD simulations. More fundamentally, ML mod-

els are also shown to provide accurate approximations of the density functionals or
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the Hohenberg-Kohn mapping from external potential to electron density function-
als [218-223|.

The integration of ML and data science techniques with ab initio electronic struc-
ture methods have provided a tantalizing prospect of inverse materials design where
a novel material of a given functionality can be predicted from available experi-
mental measurements and theoretical calculations [224-227|. Yet, despite tremen-
dous progress, efficient calculation of materials’ properties beyond the idealized zero
temperature remains a challenge for a successful data-driven design and discovery
pipeline. In particular, one important thermal effect is the phonon-induced renormal-
ization of electronic structures [228,229]. This renormalization is the main mechanism
for the temperature dependence of band gap energy.

A well-developed first-principles approach to incorporate electron-phonon cou-
pling is based on the density functional perturbation theory (DFPT) [230-232|. For
example, both phonon dispersion relations and electron-phonon matrix elements can
be obtained from DFPT. These calculations can then be combined with the per-
turbative Feynman diagram methods to compute, e.g. the phonon-induced electron
self-energies, including both the Fan and the Debye-Waller terms [233-236]. A consis-
tent theory of temperature-dependent band structures up to second-order in electron-
phonon coupling was developed by Allen, Heine and Cardona (AHC) [234,235]. Vari-
ous phonon-induced thermal effects, such as band gap renormalization and broadening

of absorption edge, can be included within this framework [237-239]. The perturba-
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tive calculation of the electron-phonon interaction can also be elegantly integrated
with the GW approximation [240-242] to partially account for electron-electron in-
teractions. However, as this first-principles approach is built on the Kohn-Sham DF'T,
it is also restricted to this particular electronic structure method.

The frozen phonon method [243-249] offers an alternative framework for first-
principles electron-phonon calculations. This approach is also more general in the
sense that it can be used with any electronic structure solver, which implies that
systems with weak and strong electronic correlations can be treated on the same
footing. In fact, one of the earliest ab initio electron-phonon calculations was based
on the frozen phonon method [245]|. The central idea of this approach is rather
straightforward: by comparing electronic structure solutions without and with the
atomic displacements of a certain normal mode of the lattice, one can numerically
compute the shift in electron eigen-energies or other physical observables induced
by this particular phonon modes. This numerical calculation, often based on the
finite difference method up to quadratic order, is then repeated for all phonon modes
allowed in a supercell [249,250].

Alternatively, thermal effects of lattice fluctuations can be directly computed by
MC sampling of thermal phonon configurations [251-254]. Each sampled configura-
tion of the frozen nuclei defines an electronic structure problem with frozen atomic
displacements. Expectation values of physical quantities, such as band gap, at finite

temperatures are obtained by averaging over solutions of the sampled configurations.
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Instead of MC sampling, dynamical methods such as adiabatic ab initio MD [255-257]
and path-integral MD [258—-261| have also been used to generate the phonon configu-
rations. The vibrational expectation value of physical quantities here is obtained by
averaging along dynamical paths.

Compared with the above finite-difference frozen phonon method, the approach
of sampling phonon configurations, either stochastically or dynamically, has the ad-
vantage that higher-order electron-phonon couplings can be straightforwardly in-
cluded [253,254]. However, the sampling approach is computationally very demanding
as an electronic structure problem has to be solved for each sampled frozen phonon
configuration in a supercell, and accurate evaluation of physical quantities requires a
large number of configurations. To circumvent this computational difficulty, it was
shown that the configurational averaging can be approximated by averaging over a
set of special configurations called thermal lines [262,263] or even by fully deter-
ministic supercell calculations based on a single optimal configuration of the atomic
positions [264]. While these approximations significantly reduce the cost of repeated
electronic structure calculations, they are exact only in the thermodynamic limit of
large supercells. In practical implementations of finite supercells, their accuracy has
to be carefully benchmarked.

In this work, we propose a ML approach to solve the efficiency issue of configu-
rational averaging method. The central idea is to build a ML model that accurately

predicts the physical quantities of interest corresponding to a configuration of nuclei
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in a supercell. MC algorithm based on an ab initio phonon model is used to sample
atomic configurations, and the trained ML model is employed to efficiently predict the
corresponding physical property. As a proof of principle, we apply this MC-ML ap-
proach to compute the temperature dependent electronic band gap of silicon crystal.
We use silicon as an example as it has been extensively studied by using various meth-
ods and thus provides a testbed for validating our methods. Our approach not only
produces accurate temperature dependence of the gap energy, but also significantly
reduces the number of DFT calculations in the process.

The ML model in our proposed framework can be viewed as a special case of
the general ML structure-property mapping models [265-269| which have played a
central role in the high-throughput materials design strategy. A proper descriptor
of the input structure is an important ingredient of such ML models. In our case,
the descriptor is particularly important for preserving the symmetry properties of the
original electronic model in the mapping from phonons to properties. To this end,
we employ group-theoretical methods to obtain generalized coordinates of atomic
configurations in a supercell which are invariant under the point group symmetry of
the crystal. The use of the phonon descriptor enhances both the training efficiency

and the accuracy of the ML model.
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5.2 Stochastic Formalism and Machine Learning Mod-
els

Our framework of vibronically renormalized electronic band structures is based on the
stochastic frozen-phonon method. There are two major components in our framework:
(i) the ab initio lattice dynamics model for sampling the phonon configurations in a
supercell, and (ii) the ML model that maps the phonon configuration to the physical

properties of interest, e.g. the electronic band gap energy.

5.2.1 Ab Initio Phonon Models

The fundamental assumption of most ab initio electron-phonon calculations, espe-
cially the frozen-phonon methods, is the Born-Oppenheimer or adiabatic approxima-
tion. The fact that masses of nuclei are much larger than that of electron indicates
that the electron velocities are much larger than the nuclear ones, suggesting that
electrons can follow the motion of the slow nuclei almost instantaneously. The well-
separated time scales of the two sets of degrees of freedom allows one to write the full
nuclei-electron wave function as a product form |W) = |x) ®|¢), where |x) and [¢) are
the phonon and electron wave functions, respectively. Under the adiabatic approxi-
mation, one can integrate out the electron degrees of freedom to obtain a potential
energy surface £(R1,Ra, -+ ,Ry) as a function of the coordinates R; of the nuclei.
Practically, this involves solving an electronic structure problem with each atomic
configuration frozen in R; based on DFT calculations, or other electronic structure

methods.
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The Hamiltonian of nuclei in Born-Oppenheimer approximation is given by Hua =
> P2/2M; + E({R;}), where P; is the momentum operator of the i-th nuclei and M;
is the corresponding mass. However, since the computation of the potential energy
for each atomic configuration {R;} requires solving an electronic structure problem,
direct ab initio determination of the phonon modes is computationally intractable,
if not impossible. As discussed in Sec. 5.1, ML force-field approaches offer an effi-
cient and accurate approximation to the potential energy surface. However, due to
the lack of explicit analytical expressions for £({R;}), the phonon modes cannot be
directly derived from the ML model. Vibrational thermal average has to be done in
conjunction with dynamical simulations based on the ML force-field models.

Direct phonon or lattice models can be obtained based on the harmonic approx-
imation to the nuclear Hamiltonian H,,. For crystalline systems, nuclei only un-
dergo small amplitude oscillations about their equilibrium positions. We can then
write the nuclear positions as R; = REO) + u;, where RZ(O) is the equilibrium po-
sition and u; is the displacement vector. Assuming small displacements, one can
then express the potential energy £({R;}) in a power series of the displacement
vectors. Since the equilibrium positions minimize the potential energy, the linear
term in the expansion vanishes. To the leading second-order, the potential energy is
E=E+ ;D0 p Diay 5u?u§ , where u$* denotes the a-component of the displacement
vector of the i-th nucleus (o = x,y, and z), and D;, j5 = 0°E/u; ,0u; s, evaluated

at the equilibrium positions {R®}, is the dynamical matrix which encapsulates the
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normal modes of the lattice.

The normal modes Viylz of the crystalline systems are obtained by diagonalizing
the harmonic Hamiltonian, here v is the branch-index, s is the sublattice index, and k
is the reciprocal lattice wave vector. The displacement vectors can then be expressed

as

qukv e R (5.1)

where £, are the effective or normal-mode coordinates. In terms of the effective
coordinates, the vibrational dynamics of the lattice is described by the following

phonon Hamiltonian

phonon ZZ( 2 aég ng > (52)

Here €, is the eigen-frequency of the normal modes. Ab initio calculation of the
phonon modes can now be routinely computed using DFT methods, both based on
the DFPT or frozen-phonon formalisms. Computation of the dynamical matrices

using methods beyond DFT have also been demonstrated [270,271].

5.2.2 Stochastic Vibrational Average

Next we consider the computation of observables such as in the frozen-phonon frame-
work. Quantum mechanically, an observable corresponds to a Hermitian operator
O({r;}, {R;}) which depends on both electron and nuclei coordinates. By integrating

out the electronic degrees of freedom within the Born-Oppenheimer approximation,
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the observable
O({Ri}) = (W({r:H[O{r:}, {Ri}) [ ({r:}))

becomes a function of nuclear coordinates only. The electron quantum state |1)({r;}))
in general also implicitly depends on the nuclei configuration {R;}. The vibrational

expectation value of the observable quantity at finite temperature T is then given

by [249]

(O(T)) = %Z<XM({RZ-})IO({Rz})\XM({Ri}»eEM/’“BT,

M

(5.3)
where the summation is carried over nuclear quantum states | x5 ({R;})) whose energy
is Eny Z2 = ) exp|—Enm/kpT] is the partition function of phonons and kg is the
Boltzmann constant.

In this work, the observable of interest is the electronic band gap F, but the
formalism applies to any other observables. Similar formulas can also be derived for
matrix elements Aj,({R;}) between different electronic states; the resultant expecta-
tion values will determine the transition rates such as optical absorption and dielectric
coeflicients [272,273].

In the harmonic approximation, the quantum number of the nuclei is given by
an array of integers M = {n,x}, and the corresponding wave function becomes a
product state: xar({Ri}) o< [, Hn, . (§vx) exp[—€2y /2], where H,(z) is the n-th

order Hermite polynomial, R; = R§°) + u;, and the displacement vectors u; is ex-
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Figure 5.1: Machine learning model for band gap prediction for a given atomic
displacement field u; within the a box of linear size £. The ML model is composed
of two central components: the descriptor and the neural network. The input of the
ML model is a cubic block of displacement vectors u;. The descriptor corresponds
to a representation or feature variables G = (G4, Gs, G, - -+ ) of the displacement
vectors that is invariant under symmetry operations of the point group of the
lattice, which in the case of Si is the T, group. The complex dependence of the band
gap on the nuclei configurations is encoded in the NN which takes the
symmetry-invariant feature variables G as well as the temperature 1" as the input,
and the predicted gap energy at the output.

pressed in terms of the normal mode coordinates {,x through Eq. (5.1). As the
atomic displacements will play a central role in this work, we introduce the notation
U = {u,uy,--- ,uy} to denote the collection of displacement vectors. Within the
quadratic approximation, the summation over the integer quantum numbers n, x in

Eq. (5.3) can be recast into integrals over the normal mode coordinates:

o) =1 [ aen "2l o 5.

where the width o, of the Gaussian integral is given by:

h 2
G = e+ 1) (g5 ) (5.5)



Chapter 5. Machine Learning for Silicon Band Structures 126

and ny 7 = [e</k8T 1]~ is the Bose-Einstein occupation of the (v, k) phonon. The
displacement configuration U in O(U) of the Gaussian integrals is again expressed
as superposition of the phonon modes as in Eq. (5.1).

The computation of the multidimensional Gaussian integral, however, is compu-
tationally challenging for observables with a complex dependence on the nuclei con-
figuration. The calculation can be simplified by expanding the observables as a power
series expansion of displacement vectors, often up to second order, the Gaussian inte-
gral can then be analytically evaluated. Within the DFT framework, the expansion
coefficients can be similarly computed using DFPT [230,274-276| or frozen-phonon
methods 243, 246].

An alternative approach, which also allows one to go beyond perturbation theory
and DFT, is the stochastic Monte Carlo method [251-253|. To this end, we rewrite

the integral in Eq. (5.4) as
N
(O(T)) :/DUWG(U)O(U) ~— ) oUW) (5.6)

Here DU is a simplified notation for the multiple integrals over the effective coordi-
nates &, x, and 7¢(U) is an effective probability density function of U, corresponding
to the product of Gaussian density functions. The Metropolis-Hastings algorithm is
then used to implement a transition probability P(U — U’) = min [1, 7(U’) /7g(U)]
for sampling the displacement configurations. A series of displacement configurations

U® sampled from the Markov-Chain Monte Carlo is used to compute the vibrational
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average as indicated by the approximation in Eq. (5.6) above.

5.2.3 Machine Learning Model

Having obtained an ab initio phonon model, sampling of the nuclei configuration, or
more specifically the displacement field u, is relatively straightforward. The bottle-
neck of the stochastic approach to vibrational thermal averaging is the computation
of the observable O(U) for the sampled configurations. As discussed in Sec. 5.1, to
overcome this computational complexity, a fully deterministic method based on the
idea of effective vibrational configurations is proposed to replace the stochastic MC
sampling. It has been shown that the vibrational average can be approximated by
either a single nuclear configuration, called special displacement configuration [264],
or a reduced MC sampling along so-called thermal lines [262]. While these meth-
ods greatly simplify the problem and have been shown to work reasonably well for a
wide range of materials [277|, they are essentially based on quadratic approximation
of electron-phonon theory and therefore may fail to capture higher order effects in
certain class of materials [278]. In addition, it has been shown very recently that
the special displacement method fails to correctly account for the renormalization
of energy levels of nitrogen vacancy centers in diamond [279]. Hence, it is desirable
to develop an efficient vibrational averaging method without sacrificing too much
accuracy.

Modern ML methods, especially supervised learning, offer a promising solution to

the issue of computational efficiency by providing an accurate and efficient mapping
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from the phonon configuration U to the electronic observable O of interest. Funda-
mentally, this approach relies on the universal approximation theorem which shows
that deep multilayer NN can be trained to accurately approximate any given high-
dimensional functions [280,281|. A schematic diagram of our proposed ML model is
shown in FIG. 5.1; the input of the model is a frozen phonon configuration represented
by a displacement field U and the temperature 71", while the output is the predicted
observable corresponding to the expectation value O(U) = (1|O]t)) where [1)) is cal-
culated from some electronic structure methods. Using an ab initio phonon model
discussed in Sec. 5.2.1 to generate a series of displacement fields Ug) at a few pre-
determined temperatures 7', the electronic states [¢)(") are then solved consistently
based on the same first-principle methods. A dataset of the form {U(TT), T, (9(”)} is
used to train the above ML model.

Broadly speaking, our proposed ML model for O(U) can be viewed as a special
case of ML-based modeling of structure-property relationships in materials science |98,
265-267, 269, 282, 283]. Yet, while the inputs to most conventional ML structure-
property model are static disordered or quasi-random structures of the system, a
frozen phonon configuration as represented by a displacement field U describes an
instantaneous structure of nuclei. In this sense, our ML model is also similar to the
ML-based interatomic potential models which maps a dynamical atomic configuration
in a finite range to a local atomic energy [91-93,96,97,125,127,128,175].

As shown in Fig. 5.1, there are two central components of the ML model: (i) a
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Figure 5.2: Group of atoms sharing same distance to the center of the box form an

invariant block of the representation matrix of the symmetry group. Panels (a), (b),

and (c) show such invariant groups of 4, 6, and 12 atoms, respectively, in a diamond
lattice.

learning model based on deep multi-layer NN and (ii) a descriptor which provides
generalized or effective coordinates of frozen phonons. The ML model works as fol-
lows. First, the set of displacement vectors U = {u;} that characterizes the atomic
configuration within a cubic box is mapped to a collection of symmetry-invariant
feature variables G = {G1, Ga, - - - }, also known as a descriptor. These feature vari-
ables are then fed into the NN which produces the predicted observable O(U) at the
output node, thus bypassing the time-consuming electronic structure calculations.
Integrating this ML phonon-to-property model into the stochastic framework offers

an efficient yet accurate vibrational thermal average.
5.3 Descriptors for Frozen Phonon Configurations

While a NN-based learning model is used mainly because of its superb approximation
capability, the descriptor plays a crucial role not only to facilitate the training effi-

ciency, but also to preserve the symmetry of the original electron-phonon system. In
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conventional image processing models, the so-called data augmentation technique is
commonly employed to artificially expand the size and diversity of a training dataset
by applying various transformations to the original images. These transformations
can include rotation, scaling, flipping, translation, or color changes, among others.
The goal is to make the model more robust and invariant to these transformations,
which helps improve generalization and performance on unseen data. However, de-
spite the universal approximation capability of NN models, symmetries of the original
physical Hamiltonian can only be learned approximately even with the augmented
datasets.

To ensure that the symmetry of the original electronic system is exactly preserved
in the ML model, a proper representation of the frozen phonon configuration is to
be fed into the learning model instead of the raw displacement vectors. Indeed,
similar symmetry-based descriptors also play a crucial role in both ML structure-
property models as well as ML force-field models for ab initio MD simulations. This
is particularly important for the BP type ML schemes for interatomic potentials. The
output of such BP-type ML models is an atomic energy which, as a scalar, is invariant
under symmetry operations of the crystalline system including rotation, reflection,
and permutation of same-species atoms. Consequently, a proper descriptor of the local
neighborhood not only should be able to differentiate distinct atom configurations,
but also remain invariant under the above symmetry transformations.

Over the past decade, several learning models based on a variety of atomic descrip-
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tors have been proposed [91,92,96,104,181-185|. For example, the ACSF, which is one
of the most popular atomic descriptors, is based on the two-body (relative distances)
and three-body (relative angles) invariants of an atomic configuration [91,127|. The
group-theoretical method, on the other hand, offers a more controlled approach to the
construction of atomic representation based on the bispectrum coefficients [92,104].

In our ML phonon-to-property models, the continuous translation and SO(3) rota-
tion symmetries of crystalline systems are reduced to discrete point group symmetry
associated with a supercell. On the other hand, the discrete rotation, reflection, and
mirror symmetries of the point group not only transform the atoms in the super-
cell, but also act uniformly on all displacement vectors u;. The output of the ML
models is often a scalar, such as band gap energy or optical absorption coefficient.
As these quantities are invariant under symmetry operations of the point group,
symmetry requirement means that two atomic displacements U@ and U® related
by symmetry operations, when fed into the ML model, should produce exactly the
same scalar observable. It is worth noting that, in the absence of descriptors, such
symmetry-related configurations will be treated by the neural net as unrelated inputs.
To ensure the invariance of the predicted scalar quantity (gap energy), the feature
variables G = {G1, G5, -} have to remain invariant under symmetry operators of
the point group associated with the lattice.

A general theory of descriptors for lattice systems was recently developed based on

group-theoretical methods [58,105]. Implementations of specific descriptors have also
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been demonstrated mostly for lattice model systems in condensed matter physics [59,
99,131,132,179]. Here we adopt the group-theoretical approach to develop a symmetry-
invariant descriptor for the frozen phonon configuration in a supercell. To this end,
the first step is to decompose a given displacement field U into irreducible repre-
sentations, from which invariant feature variables can be obtained. In the case of
silicon where atoms reside on a diamond lattice, the relevant point group of the site
symmetry is Ty. Take an arbitrary lattice point as the center of reference frame,
under a discrete rotation, represented by the 3 x 3 orthogonal matrix A, the dis-
placement vectors transform according to u; — u}; = A - u; where the two lattice
points are related by R; = A-R,;. For N atoms in the box, their displacement field
thus constitute a 3/N-dimensional reducible representation of the T,; group. Since the
distance is preserved by symmetry operations of the point group, the decomposition
of this high-dimensional representation can be simplified as the representation matrix
is automatically block-diagonalized, with each block corresponding to a fixed distance
from the center-site of the block. FIG. 5.2 shows examples of such invariant group of
atoms in the diamond lattice.

Since there are three components for each atomic displacement vector u;, the
dimension of each block is related to the number of atoms n; in the corresponding
neighboring group through the relation D, = 3 x n;. For the diamond lattice, there
are four distinct types of neighboring groups with n, = 4, 6, 12, and 24 atoms.

Consider the simplest case of a 4-atoms group, as shown in FIG. 5.2(a). The dis-
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placement vectors of the four atoms, denoted as a, b, ¢, and d for simplicity, form
a D, = 12 dimensional representation of the T, group, which can be decomposed
as 12 = A\ P EP T P 275, where, A; denotes 1D representation, FE denotes 2D
representation and T denotes 3D representation. The A; component, for example, is

given by the combination

fAl:ax+ay+az—bx—by+bz

teg—cy—c,—dy +dy —d..
Another example is the basis functions of one of the T, IR:

ng :am+bz+cz+dx7

szQ = ay + by + ¢y + dy,

fP=a.+b.+c, +d..
Details of the IR decompositions and the basis functions can be found in Appendix A.
By repeating the same procedures for each block, the displacement field U is fully

decomposed into the IR of the T; group. For convenience, we arrange the resultant

IR basis functions into a vector

fv}—‘ :( r,1» 7}:‘27"' ’ ’rl‘—:DF)J (57)

where I' labels the type of IR, r enumerates the multiple occurrence of IR-I" in the

decomposition of the displacement configuration, and Dr is the dimension of the
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corresponding IR. Given these basis functions, one can immediately obtain a set of
invariants called power spectrum {p! }, which are the amplitude of each individual IR

basis, i.e.

‘ 2

o= | 5.9

The power spectrum coefficients constitute a basic set of feature variables that are
invariant under symmetry transformations of the point group. However, a descriptor
based only on the power spectrum is incomplete in the sense that the relative phases
between different IRs are ignored. For example, the relative "angle" between two IRs
of the same type: cos6 = (fr. - f)/|fr||fL] is also an invariant of the symmetry
group. Without such phase information, the NN model might suffer from additional
error due to the spurious symmetry, namely two IRs can freely rotate independent of
each other.

A systematic approach to include all relevant invariants, including both amplitudes
and relative phases, is the bispectrum method [103,104]|. The bispectrum coefficients

are triple product of IR basis functions defined as

IIyly  ~TC1Ta oI pTy T
B = Colsy “fralelples (5.9)

71,72 72,7

where CTT112 are the Clebsch-Gordan coefficients of the point group [103]. While a
bispectrum descriptor provide a faithful invariant description of the phonon field, the
number of all bispectrum coefficients increases cubically with the size of supercell.

Moreover, many of them are redundant. In this work, we develop a descriptor similar
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to the one used in Ref. [58,105], that is modified from the bispectrum method. We
introduce a set of reference basis functions fL; for each IR T" of the point group. These
reference basis are computed by averaging large blocks of displacement variables, such
that they are less sensitive to small changes in the supercell. For example, by dividing
the supercell into 24 symmetry-related blocks for the case of T point group, we define

the average displacement vector of a block-B as ug = Eie 5 W;. The reference basis

r

of can then be computed from these block-averaged displacement vectors using

exactly the same decomposition formulas.
Given the reference IR, we then define the relative "phase" 6- of an IR as the

projection of its basis functions onto the reference basis:

exp (i6,) = £y« Fret/1Fo || Fretl. (5.10)

The relative phases between two IR basis of the same type can then be obtained
via their respective phases with the reference. Finally, the relative phases between
different IR basis are provided by the bispectrum coefficients computed entirely from
the reference IRs. To summarize, the lattice descriptor are comprised of the following

three types of variables:

G ={G} ={p], ", Bl "}, (5.11)

» “ref

Here Bl "' is the bispectrum coefficient in Eq. (5.9) where all three IRs are com-
puted from the reference. These feature variables are not only invariant under the

point-group symmetry, but also provide a faithful representation of phonon configu-
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rations (module symmetry operations) in the supercell.

5.4 Computational Details and Results

5.4.1 DFT Calculations

First principles DFT calculations were done using Quantum Espresso (QE) [284]
package. Perdew-Zunger (PZ) exchange-correlation functional [285] within the local
density approximation (LDA) was used in all the calculations. Full lattice relaxation
of primitive cell of Si crystal was performed which gave lattice parameter of 5.398
A consistent with previous works [249]. The primitive BZ was sampled by using
k-mesh of 24 x 24 x 24 and energy cutoff of 30 Rydberg was used after careful con-
vergence tests. The relaxed lattice was used to perform ab initio phonon calculation
using DFPT [230-232] within the harmonic approximation as implemented in QE.
For phonon calculations, we used a ¢-mesh of 8 x 8 x 8. From the information of
phonon eigen-frequencies €1, x and eigenvectors VSIZ, we generated atomic supercell
configurations of size 6 x 6 x 6 primitive unit cells containing 432 Si atoms using
importance sampling Monte Carlo according to Eq. (5.4). Subsequently, DFT self-
consistent calculation were performed on about 10% of the distorted atomic supercell
configurations using k-mesh of 3 x 3 x 3 to generate a database of electronic band
gap as a function of atomic configurations.

In FIG. 5.3, we show the electron and phonon dispersion relations in the ground

state of silicon crystal obtained from DFT calculations. These results are consistent

with previous literature [286]. DFT calculations show an indirect band gap of 500
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Figure 5.3: Ground state (a) electron and (b) phonon dispersion of Si crystal along

high-symmetry directions of the lattice.
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meV which is severely underestimated compared to the experimental band gap of 1.12
eV. Such band gap underestimation of insulators and semiconductors is a well known
problem in DFT and more sophisticated methods like GW calculations are known
to give better estimation of the band gap. In practice, GW correction of band gap
is similar to the "scissor shift" of bands. Since we are interested in the band gap
reduction induced by thermal phonons, this underestimation of band gap should not
be an issue as the same GW-correction (to leading order) appears in both the perfect
and perturbed crystal structures. Hence, in the following, we will use phonon induced

: _ distorted
band gap correction AE, = Eg4 — Esore

as our observable of interest, where Eg4

is the band gap of the perfect crystalline structure and is the band gap of

E;ustorted
the distorted structure.

The phonon dispersion shown in FIG. 5.3 is also consistent with previous studies.
By sampling the normal mode coordinates &, according to Eq. (5.4), a displacement
configuration U = {u;}, or a frozen phonon configuration, within the supercell is con-
structed according to Eq. (5.1). Fixing the nuclei positions at R; = REO) + u; in the
supercell, DFT calculations were performed to obtain the optimized electron density
distribution. An energy gap E,(U) corresponding to a particular phonon configu-
ration is computed as the difference between the lowest unoccupied and the highest
occupied states. In FIG. 5.4, we show histogram plot of the band gap correction AE,

for a sample size of 100 at two different temperature values. As seen from the plots,

the MC method has not fully converged and needs large number of samples to get
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Figure 5.4: Histogram showing distribution of phonon-induced band gap correction
at (a) T'= 0K and (b) T'= 200 K using 100 data points for Si-supercell of size 6 x 6
x 6.

a better estimation of the band gap. In the following, we show that it is possible
to get a better estimation (i.e. smaller standard deviation) of the band gap without
incurring additional computational cost by first using the DFT calculated dataset to
train a ML phonon-to-band gap mapping, and then using the ML model to predict

band gap for a large number of configurations to obtain thermal average.

5.4.2 Neural Network Architecture and Model Training

As shown in FIG. 5.1, our learning model is based on a fully-connected NN, also
known as a multilayer perceptron model. A fully-connected NN comprises of a series
of fully connected linear layers with non-linear activation functions that are applied at
each layer. The parameters of the j-th layer are the matrix of network weights W)

and bias vector b¥). The weights introduce coupling between neurons of adjacent
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Layer Network
Input Layer [838,2048|“
Hidden Layer 1 2048,1024]
Hidden Layer 2 [1024,512]
Hidden Layer 3 [512,256]
Output Layer [256,1]

®Fully connected layer with arguments [input size, output size].

Table 5.1: The architecture of neural network. GeLU activation function and
drop-out rate of 0.3 was used in all layers except output layer.

layers. The mapping of neurons & from one layer to the next is achieved by a linear

transformation followed by a nonlinear activation function as

J+l) _ (Z W'r(rfn g +b J)) (5.12)

A commonly used activation function is the ReLU [287] defined as f,y (z) := max(z, 0).
However, sometimes a large number of ReLU neurons remains inactivated in the
model. Hence, often some variants of leaky ReLU [288| are used instead. In this
work, we used the Gaussian Error Linear Units (GeLU) [289] activation function,
which shows better performance than the standard ReLU.

We build a fully-connected NN with four hidden layers. The dimension of the
hidden layers are (2048, 1024, 512, 256); see Table 5.1 for details. Moreover, a
dropout layer with 0.3 dropout rate is introduced. As for the initialization of each
layers, we utilize the Xavier uniform for the weights and the Normal distribution for

the bias. Adam optimizer with initial 0.0001 cosine learning rate and ls regularization
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coefficient 5 x 1079 is used.

As noted above, the phonon configurations are sampled from a supercell consisting
of 6 X 6 X 6 primitive unit cells. Here a primitive unit cell corresponds to a paral-
lelepiped formed from primitive vectors a; = (0,a/2,a/2), ay = (a/2,0,a/2), and
as = (a/2,a/2,0), where a is the length of a conventional cubic unit cell. The skewed
primitive unit cell, however, does not preserve the cubic symmetry of the silicon crys-
tal. To facilitate the incorporation of the point-group symmetry, here we instead use
an input block comprised of 3 x 3 x 3 cubic cells with a total of 279 atoms.

To further improve the statistics of the ML predictions, we apply the same ML
model to multiple overlapping cubic blocks of the supercell. Specifically, we choose
sites with coordinate (7, j, k)a and (i+1/2,j41/2, k+1/2)a as the center, where i, j, k
are integers ranging from 0 to 2. For these 54 sites, we consider their surrounding sites
within a block of 3 x 3 x 3 cubic cells which includes 279 sites. Since our descriptors
keep the same dimension as the configuration, the number of the input features is
838 = 279 x 3+1, where first 837 features are the descriptors of 279 sites configuration
and the rest feature is the temperature. The band gap energy corresponding to the
phonon configuration U of the supercell is obtained by averaging ML predictions from

these 54 blocks. Accordingly, the loss function used for training the NN is given by

>, (5.19)

where Eék) denotes the ML predicted band gap energy for the k-th cubic block, M =

the following MSE
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54 is the number of blocks, and (- - - ) indicates averaging over the training dataset. We
have generated 103, 108, 113, and 204 distinct phonon configurations for four different
temperatures at T" = 0,100,200, and 300K, respectively, and performed fully self-
consistent DFT calculations on these configurations to estimate the band gap EP™".
For each temperature, 80 randomly chosen configurations and the corresponding band
gap energies are used to train the ML model, while the rest of the configurations are
kept as the validation and test dataset. After 600 epochs of training process with
each batch including only one configuration, the loss function value is converged to
around 0.0024297 for the training dataset and 0.00410986 for the validation dataset.
The whole process takes 540 seconds on NVIDIA GPU A100 workstation.

FIG. 5.5 shows the parity plot of ML predicted band gap corrections A, versus
those from DFT calculations for four temperatures used in NN training. As expected,
the phonon-induced correction to the band gap energy is enhanced at higher temper-
atures due to the increased number of thermal phonons. While an overall agreement
was obtained between the ML predicted values and DFT results, the prediction accu-
racy varies with the temperatures. For a more detailed comparison, histogram pots
of the prediction error § = AEY" — AEPYT are shown in FIG. 5.6(a)~(d) for four
different temperatures. The error is larger for higher temperature because the width
of the Gaussian distribution used in MC sampling increases with temperature. Yet,
it is remarkable that the error from NN trained on ~ 100 data points is merely of the

order of 10 meV, thus demonstrating the robustness of our ML model.
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Figure 5.5: Scatter plot showing phonon-induced band gap correction (in meV
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four different temperature values.



Chapter 5. Machine Learning for Silicon Band Structures 144
015 T T T T T T T T T T
(a) T=0K (b) T =100 K
0.1F 1t -
>
Q
=
Q
=
o
=
0.05 1 N B 7
O 1 | 1 Il | 1
-30 20 -10 0 10 20 30 -30  -20 -10 0 10 20 30
0 (meV) 0 (meV)
0.15 T T T T T T T T T T
(¢) T=200K (d) T =300 K
0.1 i .
)
5
=
2
=
0.05 | . u .
O 1 1 1 = 1
30 20 -10 0 10 20 30 -30 -20 -10 0 10 20 30
0 (meV) 0 (meV)

Figure 5.6: Histogram of the prediction error defined as § = AE}]\/IL — AE?FT for
temperatures at (a) 7= 0 K, (b) 100 K, (c) 200 K, and (d) 300 K.
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After NN training and optimization, we used the trained NN to predict band gap
for a large number of MC generated supercell configurations at the four temperature
values at which DFT calculations were performed to train the ML model. FIG. 5.7
shows the temperature dependence of the phonon-induced band gap correction of Si
using DFT and NN prediction. For comparison, we also show the experimentally
measured band gap correction. It should be noted that, although there are noticeable
discrepancies between experiment and computational results for higher temperature
region (1" 2 150 K), the ML predictions agree quite well with the DFT calculations.
Importantly, by using ML-predicted data set, we were able to reduce the errorbars at
T = 0,100,200 and 300 K significantly compared to the DFT calculation.

It is remarkable that both DFT calculation and ML prediction correctly capture
the temperature dependence of band gap, especially in the low temperature regime.
The discrepancy at higher temperature is likely due to the anharmonic and lattice
thermal expansion effects which are not incorporated in our calculations. Inclusion
of these effects in ab initio calculations and application of more accurate exchange
correlation functionals could yield better comparison with experiments [290,291]. As
discussed above, by training a ML model using more accurate ab initio data, our
proposed framework can also incorporate such many-body effects into the electron-
phonon couplings and the phonon-induced temperature dependence.

Moreover, since temperature serving as a conditional control is another input to

our NN (see FIG. 5.1), we also apply the trained ML model to predict the band gaps
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Figure 5.7: Temperature dependence of the phonon-induced band-gap correction
AFE, of Si. In total, 528 DFT calculations on 432-atom Si supercell were done. ML
prediction was done on 1000 configurations at each temperature. Experimental data

is extracted from Ref. [1]. The experimental data is shifted by DFT calculated

zero-point band gap correction energy.
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at intermediate temperature values (see FIG. 5.7). The inclusion of temperature as
a control parameter to the ML model, which was trained by datasets from multiple
temperatures, could impose further constraints by enforcing a consistency between
predictions at different temperatures. We have also trained ML models only trained
by dataset from a particular temperature and obtained better prediction accuracies at
that temperature. However, such models not only lack the generality for other tem-
peratures, but also likely suffer from over-fitting. On the other hand, the ML models
with additional conditioning from the temperature is shown to produce consistent
trend of temperature dependent band gap energy. The prediction accuracies at the
intermediate temperatures are of the same order as those used for the training. We
note that the overall prediction accuracy can be improved by increasing the number
of training data points or the scale of the neural network. Our results show that,
by leveraging the power of transfer learning, band gap corrections at intermediate
temperatures (where training data are not available) can also be accurately predicted
by our trained ML model without incurring any significant computational cost. The

only cost is in generating supercell configurations which is nominal.

5.5 Conclusion and Outlook

In summary, we have proposed a ML-based ab inito framework to incorporate phonon-
induced renormalization of electronic band structures and other electronic properties.
Our ML framework is based on the well-established stochastic approach to temper-

ature dependent band structures and transition processes due to electron-phonon
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coupling. In this approach, frozen phonon configurations within a supercell are first
sampled from Monte Carlo or dynamical simulations based on an ab initio phonon
model. Supervised learning methods are then applied to build a ML model that accu-
rately maps the sampled frozen phonon configuration within a supercell to the phys-
ical properties of interest. With the efficient sampling of phonon configurations and
prediction of the corresponding physical properties, accurate vibrational temperature
dependence can be obtained based on moderate datasets of ab initio calculations.

A crucial component of our ML framework is a phonon descriptor for incorporat-
ing the point-group symmetry of the crystalline system into the ML model. Contrary
to atomic descriptors used in most ML-based ab initio molecular dynamics methods,
where the objects of interest are the atomic species and relative coordinates to a
central atom, the dynamical variables in our case are atomic displacement vectors
(from their equilibrium position in a perfect crystal). To properly account for these
differences, we have employed the group-theoretical methods to obtain feature vari-
ables for the input to the neural network which is used as the learning model in our
framework.

In this work, we apply the proposed ML framework to obtain the temperature
dependence of phonon-induced corrections to the electronic band gap in crystalline
silicon. We demonstrate that the prediction errors of the energy gaps can be signifi-
cantly reduced from less than 100 datasets thereby reducing the number of expensive

DFT computations necessary for better estimation. Moreover, applying the trained
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ML model at temperatures not included in the training dataset, we show that ac-
curate and consistent trend of the band-gap corrections are obtained, highlighting
the power of transfer learning. While our work focuses on the prediction of band gap
energy, the proposed ML framework is of general purpose and can be used for thermal
vibrational effects on other electronic properties or transition coefficients as long as
Born-Oppenheimer approximation is valid.

While the ML model developed in this work is based on a specific flavor of
DFT (local density approximation for electron and phonon calculations) and density-
functional perturbation theory-based ab-initio phonon model, as discussed above, the
frozen phonon approach is independent of the underlying electronic structure meth-
ods. This means that many-body effects beyond DFT can be readily included in this
approach. However, the ab initio phonon model used to generate the atomic config-
urations should be consistent with the first-principle method employed for training

the ML model.



Chapter 6

Nonequilibrium Dynamics in Charge
Density Wave Insulators

6.1 introduction

Complex adaptive materials with multiple resistant states are widely exploited as
building blocks for next generation electronic and information technology. The op-
eration of conventional metal-oxide semiconductor field-effect transistors (MOSFET)
relies on the electrostatic charging of free electrons in thermal equilibrium, leading to a
switching speed bounded by 60 mV per decade, also known as the Boltzmann limit. In
contrast, controllable switching between many-body states with different resistances
offers the possibility of high-speed and low-power transistor operations. In particu-
lar, it has been suggested that ultrafast switching can be achieved by the collective
response of electrons in an insulator-to-metal transition (IMT) [292-294]. Indeed, an
emerging technology called the "Motronics" aims at achieving electronic and logical
operations by controlling electron correlation in the Mott insulators [295-297]. The

high-resistant state of these materials results from the localization of electrons due
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to the short-range Coulomb repulsion. The Mott insulator can be induced to a low-
resistant state via a first-order transition by reducing the electron repulsive energy
through electrostatic doping.

A charge density wave (CDW) state [298-300] is another many-body state that
attracts enormous attention due to their potential electronic and optoelectronic appli-
cations. A CDW phase is a macroscopic quantum state consisting of a periodic modu-
lation of the electronic charge density accompanied by a periodic structural distortion.
Early interests in CDW focused on the sliding phase of the quasi-one-dimensional in-
commensurate states with nonlinear conductivity at low applied voltage [299]. Other
novel properties include giant dielectric response, multi-stable conducting states, and
proximity to unusual superconductivity. The interest in CDW is rekindled in recently
years due to the advent of quasi-2D van der Waals materials, where CDW phases can
manifest themselves at room temperatures and above [301-309]. Moreover, as these
CDW phases can be readily manipulated by temperature, strain, bias voltage, and
other stimuli, these quasi-2D CDW materials are emerging as a new paradigm for
multifunctional devices.

In particular, electrically induced transitions between different CDW phases, as
well as CDW-metal transitions have been demonstrated in the 1T polymorph of tan-
talum disulfide (TaSy) [310-315|, with a timescale of a few nanoseconds, making
this material a promising candidate for high-speed energy-efficient electronic appli-

cations [315-317|. The voltage or electric field induced IMT or resistive transition is
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known to be a highly complex process which involves a large variety of microscopic
mechanisms including carrier dynamics, lattice distortions, heat transport, and elec-
tron correlation effect. The electrical switching from CDW to metallic state is no
exception. On the other hand, recent experiments indicated that this process is
driven mainly by motion of complex domain walls [311] and is qualitatively differ-
ent from the resistive switching in complex oxides or chalcogenide glass which are
characterized by highly inhomogeneous intermediate states [318-324].

Despite its fundamental importance and technological implications, theoretical
modeling of the electrically induced CDW transitions remains mostly at the phe-
nomenological level. This is understandably a difficult task due to the multi-scale
nature of the problem. On one hand, one needs to describe the dynamical evolution
of the lattice degrees of freedom, while accounting for the nonequilibrium nature of
the electron system. On the other hand, large-scale real-space simulation is required
in order to capture the transient pattern formation and domain-wall propagation.
Finally, for systems with strong electron correlation, the need of proper many-body
techniques further adds the computational complexity.

In this chapter, we present the first-ever large-scale dynamical simulations of the
CDW phase transition, focusing on the interplay of lattice dynamics and the influence
of the out-of-equilibrium electrons. We consider the adiabatic limit of the Holstein
model in which the lattice degrees of freedom can be treated as classical variables,

and the model can then be exactly solved numerically. By performing large-scale
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quantum Brownian dynamics simulation with the forces computed from the nonequi-
librium Green’s function method, we demonstrate a reversible gating-induced CDW-
to-metal transition that is driven by the domain-wall motion. We further obtain a
dynamical phase diagram and characterize the voltage and temperature dependence

of the domain-wall dynamics.

6.2 Gating Induced Charge Density Wave to Metal
Transition

We consider a capacitor structure with a square-lattice Holstein model sandwiched by
two electrodes shown in Fig. 6.1(a). The right electrode serves as the substrate, while
a gate voltage V is applied at the left electrode. The total Hamiltonian of the system
is H = Huols + Hres, Where Hiyols is the Holstein Hamiltonian for the square-lattice
in the center, and H,. describes the electrodes, reservoir degrees of freedom. The

Holstein Hamiltonian reads [325]

. i R 1
HHOIS = _tnn Z C;'rcj - gz Qz (nz - 5) (61)
(i) i

where ¢;/ éj is the annihilation/creation operators of spin-less electron at site-i, and
n; = éjéz is the corresponding number operator, (); describes a local structural distor-
tion at site-i, such as the breathing mode of the oxygen octahedron. The first-term
describes nearest-neighbor hopping t,, of electrons, and the second term denotes
phonon-electron interaction with a coupling constant g. As discussed above, here

we treat the Holstein phonon @); as classical variables with the following elastic en-
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ergy [325]

velS @Yk, (6.2)
i (i)

where k is the effective on-site spring constant, and s describes a nearest-neighbor
repulsion between the local distortions. The Holstein model is one of the most stud-
ied electron-phonon model systems, and is widely used to investigate the physics of
polarons, superconductivity, and CDWs [26-34].

In the adiabatic limit, similar to the Born-Oppenheimer approximation widely
used in quantum or ab initio molecular dynamics [87|, the electron relaxation is
assumed to be much faster than the lattice dynamics. To this end, we employ an
over-damped Langevin dynamics, or the Brownian dynamics (BD) to model the time

evolution of the lattice distortions 34,326, 327|

dQ; 1
pra _;Fi + Gi(t), (6.3)

where 7 is an effective friction constant, and 7;(¢) denotes a stochastic force described
by a delta-correlated stationary Gaussian process. The driving force of a conserva-
tive system is given by the derivative of a potential energy: F = —0FE/0Q);. For
electron forces in thermal equilibrium, the effective energy is given by £ = <7:lHo1s> =
Tr(ﬁeq?:[Hols). However, for a driven electronic system, the energy is not well de-

fined, and the force in general is non-conservative. Nonetheless, the force can still be
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Figure 6.1: (a) Schematic diagram of the Gating-induced CDW to metal transition
in the adiabatic Holstein model. (b) Energy diagram of the two electrodes and the
center Holstein model. The CDW state is a band insulator with an energy gap
E, = 2gQ. Both the Fermi level er at the bulk and the chemical potential y15 of
the right electrode are set at the middle of the energy gap, while the chemical
potential of the left-electrode is lowered from the Fermi level by the gating voltage:
1y =€ep —ev.
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obtained from a generalized Hellmann-Feynman theorem [328-332]

8 1 ols ~
F- —< i > — glh) (6.4)

where the expectation value (- - ) is evaluated with respect to the quasi-steady-state,

yet out-of-equilibrium, electron subsystem.
6.3 Nonequilibrium Green’s Function

We next employ the nonequilibrium Green’s function (NEGF) method [333-336] to
compute these expectation values. To this end, we consider the following explicit

Hamiltonian for the electrodes and reservoir

Hres = Z E¢ d;gdié — Z ‘/571' (digci -+ hC) . (65)
&t .8

Here d; ¢ represents non-interacting fermions from the bath (¢ inside the bulk) or the
leads (for ¢ on the two open boundaries), and £ is a continuous quantum number.
For example, £ can be used to represent the band-structure of the two leads. After
integrating out the reservoir fermions in both leads and bath, the retarded Green’s
function matrix for the central region is given by G"(¢) = (eI — H — X")~!, where

H;; = tij — gd;;Q; is the tight-binding matrix of the Holstein model Eq. (6.1) and

25(e) = 8y Y [Viel*/ (e — eg +i07) (6.6)
¢

is the dissipation-induced self-energy. The resultant level-broadening matrix given by

T =i(X" —X°) is diagonal with T';; = 73, [Vie[?d(e — ¢¢). For simplicity, we assume
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flat wide-band spectrum for the reservoirs, which leads to a frequency-independent
broadening factor. Next, using the Keldysh formula, the lesser Green’s function is
obtained from the retarded/advanced Green’s functions: G<(¢) = G"(€)X<(¢)G"(¢),
and the lesser self-energy is related to the ¥7/¢ through dissipation-fluctuation the-
orem: Efj(e) = 2i0;; I; fep(e — p1;). Here I'; = I'ieaq OF T'paen depending on whether
site-7 is at the boundaries or in the bulk. The local chemical potential p; = e for
the bath, and p; = pr g for the two electrodes. Finally, the nonequilibrium force in
Eq. (6.4) is proportional to the on-site electron density (n;) = <c;-r(t)cj (t)), which is

the diagonal element of the equal-time lesser Green’s function

—+00

Fit) = gG3(t.t) = g / G (c:1) de. (6.7)

—0o0
In our implementation, the integral is replaced by a Riemann summation with an

Ae = 0.003, i.e. with up to 4000 energy values in the summation.
6.4 Results

We apply the NEGF-BD method outline above to simulate the gating-induced IMT
of the Holstein model on a 40 x 30 lattice. The initial state of the simulations was
obtained first using the equilibrium Brownian dynamics simulations with half-filled
electrons m = >, n;/N = 0.5 per site. This results in an initial state with CDW
order on the square lattice; see Fig. 6.2(a). The band structure a perfect CDW order
is given by EL(k) = £+/€i + g% Q3, where ¢ is the energy dispersion of the square-

lattice tight-binding Hamiltonian, and ), is the amplitude of the lattice distortion in
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Figure 6.2: NEGF-BD simulations of a driven Holstein model on a 40 x 30 square
lattice. The driven voltage is applied along the longitudinal x direction. Panels
(a)-(c) show the snapshots of the system local electron density n; = (¢/¢;) at various
simulation times. The following parameters are used: electron-phonon coupling
constant g = 1.5¢,,,,, the effective spring constant k; = 0.67¢, nearest-neighbor
elastic coupling k = 0.12¢g, damping constant A = 0.2g, ['eaq = 1.0, I'paen = 0.001,
kgT = 0.1, and the bias voltage eV = 2.5t,,.

the CDW state. Importantly, an energy gap A = 29 () is opened in the spectrum.
At half-filling, the valance band E_ (k) is completely filled, and the Holstein model is
in a band-insulator state.

Next we turn on the voltage bias V. As illustrated in Fig. 6.1(b), the chemical
potential of both the substrate (the right electrode) and the center square lattice is
kept at the zero ep = pur = 0, which is set at the middle of the energy gap, while
that of the left electrode is u; = —eV. Fig. 6.2 shows an example of the phase
transformation of the Holstein system driven by a gating voltage eV = 2.5. The color
gradient shows the expectation value of the on-site density (n;). Other simulation
parameters are: electron-phonon coupling constant g = 1.5¢,,,, local displacement Q);
string constant k; = 0.67g, nearest-neighbor coefficient k = 0.12g, damping constant
A =0.29, INeaq = 1.0, I'paen = 0.001, and the temperature is kg1 = 0.1.

As shown in Fig. 6.2, the gating voltage induces an instability of the CDW, which



Chapter 6. Nonequilibrium Dynamics in Charge Density Wave Insulators 159

10-10

I 102

10-30 i

10740

0.75

$ 05

0.25

1 1

O 1
0 100 200 300 400 500
time

Figure 6.3: Time dependence of (a) the transmission current I and (b) the CDW
order parameter ® at zero temperature. A constant voltage eV = 2.5¢,, is applied
to the Holstein system during the interval 0 <t < t,g = 400.
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results in the formation of a metallic domain as the electrons are drained from the
gating electrode with a lower chemical potential. The resultant CDW-metallic domain
wall is then driven to the substrate. To further characterize the phase transformation

process, we compute the transmission current of the driven electron state [333-336|

[ / Tr(T R G Ty GY[fo(e) — Fale)]de, (6.8)

where I';, p are the diagonal broadening matrices, and fg, g(€) = frp(e — pr r) are
the Fermi-Dirac functions. Fig. 6.3(a) shows the transmission current I as a function
of time under a bias voltage eV = 2.5 at a temperature 7' — 0. The roughly
linear segment in the semi-log plot indicates an exponential growth of the current:
I ~ exp(ct), where c¢ is a numerical constant. We note that the phase transformation
at such low temperatures is essentially a downhill process, with energy dissipated
away both through the effective damping v of the lattice, and the electron reservoir.
Interestingly, as the CDW-metal interface moves across the sample one layer at a
time, this discrete procession gives rise to the small spikes on top of the exponential
increase in the figure. Fig. 6.3(b) shows the time dependence of the CDW order
parameter, which is defined as

O = Z(ﬁl) exp(iQ - 1;), (6.9)
where Q; = (7/a,m/a) is the wave vector characterizing the checkerboard pattern on
the square lattice. The almost linear decrease of ® during the phase transformation

indicates an almost linear propagation of the CDW-metal domain wall.
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Our simulations also show that the metallic state is stable only in the presence of
the bias voltage, which means that the insulator-metal transition is reversible. This is
demonstrated in Fig. 6.3 which shows that the CDW order returns to its initial value
when the gating voltage is turned off. Interestingly, contrary to the voltage-driven
transition which proceeds through intermediate states with propagating domain-wall,
the recovery to the CDW state is almost immediate, indicating a bulk instability. It
is worth noting that the fact that the CDW order resumes to its initial maximum
value in our simulation is a finite-size effect. For large lattices, the reverse transition
is likely to result in the formation of multiple CDW domains of opposite signs.

We next investigate the effects of the gate voltage on the phase transformation
rate. Fig. 6.4(a) shows the average position £ of the CDW-metal interface as a function
of time at different bias voltage. As expected, a larger gate voltage results in faster
domain-wall motion. The average velocity of the interface, obtained through a linear
fitting of the domain-wall trajectory £(t), is plotted in Fig. 6.4(b) as a function of the
bias voltage. Importantly, one can identify three different dynamical regimes from
this result. For gate voltage smaller than a threshold eV, ~ 2.4, the CDW remains
a stable state. In regime-II, a voltage-induced instability results in the formation of
CDW-metal interface whose propagation velocity increases with larger voltage. And
finally, for V' greater than a second critical value, the transition to the metallic phase
takes place instantly through a process similar to a dielectric breakdown.

This dynamical phase diagram can be understand from the energy diagram shown
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Figure 6.4: (a) average position £ of the CDW-metal domain-wall as a function of

time for different gating voltages at zero temperature. (b) CDW-metal domain-wall

velocity v as a function of the gate voltage eV'. The velocity is computed from the
average slope of the £(t) curve in panel (a).
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in Fig. 6.1(b), which also provides an explanation of the phase transition mechanisms.
For a small bias voltage the chemical potential of the gating electrode uy, lies in the
energy gap of the CDW state and, as a result, is ineffective in inducing the phase
transition. As the voltage is increased to a point that p; overlaps with the energy
levels of the in-gap states that are localized at the left edge, the resonant coupling
leads to an instability of the CDW. As electrons are drained from the gate due to
a smaller chemical potential, a metallic layer is nucleated near the left edge. The
phase transformation then proceeds through the expansion of the metallic domain.
This corresponds to the dynamical regime-II in Fig. 6.4(b). As the applied voltage
is further increased such that the chemical potential py is lower than the valance
band-edge, the gate electrode now directly couples to the energy states in the bulk,
thus allowing efficient current flow through the bulk and an instant instability toward
the metallic phase.

The domain-wall propagation at 7" — 0 discussed above is governed by a relaxation
dynamics dominated by the dissipation of energy. It is worth noting that the effective
potential of the local lattice distortion is similar to a double-well potential, with one
minimum at ; = £Q, (depending on the sublattice) and the other one at @; ~ 0
corresponding to the metallic phase. The energy surface of the whole system is more
complicated than this simple picture. The layer-by-layer progression the metallic
domain indicates that each domain-wall position is a quasi-stable state in the high

dimensional configuration space. As more energy is drained from the gate, the decay
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Figure 6.5: Average position £ of the CDW-metal interface as a function of time for
different temperatures with constant driven voltage eV = 2.5¢,,,. The inset shows
the CDW-metal domain-wall velocity as a function of temperature.
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of a local minimum leads to the advance of the domain-wall by one layer. In the
presence of thermal fluctuations, the system can jump from one local minimum to the
next one through thermal tunneling, instead of waiting for the decay of the present
minimum. It is thus expected that the domain-wall mobility is enhanced at finite
temperatures. This is indeed confirmed in our simulations, as shown in Fig. 6.5.
Except for the point at very low temperature, we find an approximate linear increase

of the domain-wall velocity with temperature.

6.5 Conclusion and Outlook

To sum up, we've executed extensive NEGF-BD simulations to investigate the gating-
induced CDW to metal transition in a well-studied electron-phonon system. Besides
the familiar electrical breakdown seen at high bias voltages, we reveal a shift marked
by meta-stable states featuring moving metal-insulator domain-walls at moderate
voltages. This shift originates from an initial CDW instability when a metallic layer
forms at the gate electrode. The resulting metal-CDW boundary moves through the
system at a nearly steady speed that rises with both voltage bias and temperature.
Furthermore, this voltage-driven transition is reversible; the system rapidly returns
to the CDW state once the voltage gate is removed.

Our work focuses on the interplay between atomic lattice dynamics and the out-
of-equilibrium electrons. Importantly, our study uncovers the instability mechanisms
for the CDW states. Nonetheless, the CDW phase transition in real materials, such

as the quasi-2D van der Waals materials, is a highly complex process which is beyond
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the present work. In particular, by focusing on the solvable Holstein model in the
adiabatic limit, our simulations neglect the electron correlation effect, which is likely
to be important in compounds such as 1T-TaS, that is intensively studied exper-
imentally. Many-body techniques such as Hartree-Fock or Gutzwiller are required
to properly model the collective electron behaviors in CDW described by, e.g. the
Holstein-Hubbard model [337,338]. For example, self-consistent Hartree-Fock equa-
tion combined with NEGF was used to investigate the complex spin-density wave
patterns in voltage-driven Hubbard model [126, 339, 340]. However, a full dynami-
cal modeling of CDW transitions requires further integration with real-space lattice
dynamics, which is computationally highly demanding. Machine-learning methods
could provide a promising solution for the multi-scale modeling of the complex CDW

dynamics.



Chapter 7

Descriptors for Lattice Models

7.1 Introduction

ML is increasingly becoming a powerful paradigm in scientific research and engi-
neering [43-56|, particularly in quantum chemistry and materials science 218,219,
341-347|. In recent years, ML methods have been employed to significantly accelerate
computational tasks that are otherwise highly time-consuming, such as first-principles
electronic structure calculations based on DFT. Among various ML approaches, deep
NNs [348,349] have proven to be especially versatile and effective, capable of approx-
imating complex high-dimensional functions with remarkable accuracy [280,281,350].
This advancement has enabled the development of ML-based interatomic potentials,
allowing large-scale MD simulations with the precision of DF'T, significantly expand-
ing the scope of computational modeling in materials science [91-97,125-130].
Traditionally, large-scale simulations of magnetic systems or phase transitions have
relied on empirical or effective energy models, such as classical spin Hamiltonians or

Ginzburg-Landau energy functionals |70, 72]. While these models incorporate key
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symmetries of the original quantum systems, they inherently lack predictive power
and fail to account for the intricate interplay between electrons and classical fields
during dynamic evolution. In contrast, a quantum approach would require solving
the electron Hamiltonian at every time step, analogous to quantum MD simulations
where atomic forces are obtained by solving the self-consistent Kohn-Sham equation
at each step [87,351|. However, the computational expense associated with repeated
electronic structure calculations severely limits the applicability of this approach to
large systems.

Modern ML methods offer a promising solution to this challenge, as demonstrated
by recent studies [98,99] employing ML-based models to simulate quantum LLG dy-
namics and other complex phenomena in correlated electron systems. These studies
have showcased the potential of deep-learning NNs to enable large-scale simulations
of systems with strong electron-electron interactions, such as double-exchange mod-
els [204, 352-354] or Falicov-Kimball models [59]. In these cases, ML models can
emulate the behavior of the electronic subsystem [57,76] and provide accurate pre-
dictions for effective forces or torques acting on classical fields, thereby allowing the
exploration of much larger system sizes and longer timescales than would be feasible
with conventional methods.

Despite the versatility of ML models, ensuring that the symmetries of the un-
derlying quantum system are preserved remains a crucial challenge. To accurately

simulate the dynamics of classical fields coupled to electrons, a proper represen-
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tation of the field configuration must be constructed to serve as input to the ML
model. This representation, often referred to as a descriptor [104, 182, 184], should
be invariant under symmetry transformations of both the classical fields and the lat-
tice [41,91-93,104,104, 105,175, 181, 181-185, 341, 355, 356]. Similar challenges have
been encountered in the context of ML interatomic potentials, where atomic descrip-
tors must be invariant under rotational and permutational symmetries. Over the
years, a variety of descriptors have been developed, such as ACSF (91, 181], bond-
order parameters [355|, and group-theoretical methods based on bispectrum coeffi-
cients (92, 104].

In this chapter, we develop a general theory of descriptors for classical fields in
condensed matter systems, with a particular focus on lattice models. We explore
several approaches, including those generalized from atomic descriptors, to construct
faithful representations of local classical fields. The primary focus, however, is on
the group-theoretical method, which provides a rigorous representation based on ir-
reducible representations (IRs) of the lattice point group. While this approach is
powerful, it is often over-complete and cumbersome to implement in practice. To
address these challenges, we propose the concept of reference IRs, which significantly
simplify the implementation of bispectrum descriptors. The proposed descriptors are
then applied to various lattice models, demonstrating their ability to capture the

symmetries and complexity of different classical field configurations.
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7.2 Descriptor

The ML energy model provides an effective energy model in terms of the classical

fields

BE({®:}) =) () (7.1)

(2

where {®;} denote a configuration of the emergent classical fields, C;, defined as
C; = {fI'j } Rij=|rj—r;] < Rc}, denotes the local configuration of the classical vari-
ables with a given cutoff radius R,, and e denotes the local site-energy. This energy
model naturally needs to preserve the symmetry of the original Hamiltonian, which
includes both the symmetry of the dynamical variables and that of the underlying
lattice. Nonetheless, despite the universal approximation capability of ML models,
the symmetry of the original electron Hamiltonian is not automatically captured.
Since the training of ML model is essentially an optimization process with randomly
chosen datasets, the symmetry of the model can only be statistically approximated
even with a large amount of training data. As discussed above, a proper represen-
tation of the classical fields is required to ensure that the symmetry of the electron
Hamiltonian is built into the ML model. A good representation, or descriptor, of the
local environment must be invariant with respect to symmetry transformations of the
system.

For condensed matter systems defined on a lattice, the ML energy model ¢(C;)

must be invariant under the discrete transformations of the point group, denoted as
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(i1, associated with the center site-i. Moreover, for classical fields with a complex
structure, one also needs to take into account the symmetry associated with transfor-
mations among the multiple components ®; 1, ®; o, -- at the same site. We classify
the classical fields into two types depending on whether these two symmetries are en-
tangled to each other or not. Examples of these two types are illustrated in Fig. 7.1.
For models of the first type, the internal symmetry of the classical variables is cou-
pled to the lattice symmetry. Examples of type-I classical variables include on-site
displacement vector fields w; = (u?,u!, uf) [357-359], where the transformation of
the 3 components of the displacement vector is coupled to the discrete rotations of
the point group, such as Chap. 5. Another example is the Jahn-Teller (JT) doublet
Q = (Qf2_y2, Q?ZQ_’”Q) characterizing local structural distortion [360,361]. The only
relevant symmetry group for such type-I models is the on-site point group G . Under
the symmetry operation g € GG, the rearrangement of the classical fields at different
lattice sites coincides with the transformation of the various components. Noting that
P, = Po(rj) with o« = 1,2,--- | M being the index of the various components, the

transformation of the classical fields is described by
0, (0(9) - Rij) = Map(9)®s(Ry), (7.2)

where R;; = r; — r; is the relative position vector of site-j, M,z(g) is the M-
dimensional matrix representation of the symmetry operation g, and O(g) is the

3-dimensional orthogonal matrix transforming site-i to site-k, i.e. Ry = O(g) - Ry;.
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Figure 7.1: Classical fields with different symmetry properties. An example of
type-I case is the local JT distortion Q; as shown in panel (a). The lattice
rotation/reflection is accompanied by a simultaneous transformation of the JT
phonons. Panel (b) shows the type-II case exemplified by local spins S;. The global
rotation symmetry of spins is independent of the discrete point-group symmetry of
the lattice.
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For type-II models, the classical fields are characterized by an independent internal
symmetry group, which will be denoted as GGo. The most representative example,
perhaps, is the models with local classical spins S; as illustrated in Fig. 7.1(b). For
spins with n-component, the symmetry group of the system is a direct product of the
lattice group G, and the internal symmetry group G = O(n) describing the global
rotation symmetry of the spins. The most general symmetry operation consists of

the lattice rotation/reflection g € G, and the transformation he Ga:

o (0(9)  Rij) = Mas(h)25(Rs), (7.3)

~

Note that M,s(h) is the matrix representation of the group G, which is independent
of the lattice point group. It is important to note that, for type-II models, the
ML potential energy £(C;) must be invariant under the general combined symmetry
transformation h ® §.

It is worth noting that while our focus is on the lattice models which are prevalent
in condensed matter physics, most of the analysis presented in this work can be
generalized to the off-lattice models or disordered systems if the point group G, is
replaced by the continuous 3-dimensional rotation group O(3), of course, assuming
the system possesses such a global rotation symmetry. This means that our analysis
can also be applied to electron models defined on an amorphous system or an atomic
liquid state. In fact, the latter case can be viewed as a molecular dynamics system

with an array of classical variables ®; associated with every atom. A particular
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interesting application would be the Gutzwiller MD method where the classical fields
®; corresponds to the slave-boson amplitudes [362].

Having discussed the general symmetry transformations for the two types of clas-
sical fields, we next describe a concise vector representation of the neighborhood C;
with its center at site-i. We first consider the type-I models; the case of the type-
IT model will be discussed in Sec. 7.2.2. For convenience, the site-indices of lattice
points within C; are labeled as j,, where r = 1,2,--- | L = |C;|. Essentially, the inte-
ger r offers an ordered list of lattice sites in the neighborhood. Under the symmetry
operation ¢ of the point group, the lattice point j, is mapped to js if and only if
(rj, —r;) = O(g) - (r; —r;). Consequently, g can be represented by a L x L permu-
tation matrix P, which means the nonzero matrix elements are P (g) = 1 if the two
sites j, and js are related by g. Next we introduce a vector U whose components are

given by the classical fields in the neighborhood:

Uro = Po(r;,), (7.4)

)

It is easy to see that U offers a vector representation of dimension L x M for the
point group Gp. And the corresponding matrix representation 7 of the symmetry

operation § € GG, is given by

ur,a = ﬁa,sﬁ(ﬁ) us,ﬁ = Prs(Q)Maﬁ(g) us,,b’- (75>

Also importantly, the matrix 7 provides an orthogonal matrix representation of the

point group, i.e. 7T = TT' = I, where I is the L x M-dimensional identity
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matrix. Next we present two descriptors based on this vector representation of the

neighborhood.

7.2.1 Bispectrum Coefficients

In this Section, we present a systematic method for constructing a descriptor based on
the group-theoretical method. Specifically, the feature variables are given by the so-
called bispectrum coefficients computed from the expansion coefficients of irreducible
representations of the point group [103,363,364]. The bispectrum coefficients, which
are invariant under the symmetry operations of the point group, are in a sense similar
to the scalar triple product of three vectors which is invariant under arbitrary rota-
tions. It is also worth noting that similar group-theoretical methods, with important
modifications to simplify the implementation, have been proposed as descriptor for
ML interatomic potentials in quantum MD simulations {92, 104].

In order to compute the bispectrum coefficients, the first step is to obtain the
irreducible representations of the neighborhood. As discussed above, the vector U ,
defined in Eq. (7.4) provides a L x M-dimensional representation of the local en-
vironment C;. This high-dimensional representation can then be decomposed into
irreducible representations (IRs) of the point group G, following the standard proce-
dures [102,365]. Specifically, we use I' to label the different IRs in the decomposition,

and denote the corresponding basis vector of IR-I" as

—

Y= (11,75, ,Th), (7.6)
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where nr is the dimension of corresponding IR. Note that each "component" TE =
{0} is itself a (L x M)-dimensional vector. The neighborhood vector is then

decomposed as

:ZZ Y (7.7)

I p=1
The expansion coefficients fﬁ of the IR, play a role similar to the Fourier coefficients
for the translation group. Using the orthogonality of the basis vectors of different

IRs, the expansion coefficients are given by

RIS 3) 9k AN (78)

r=1 a=1

For convenience, we can group the expansion coefficients of a given IR into a vector:

f (f17f27"' fnr‘) (79)

In terms of the classical fields, see e.g. Eq. (7.4), the expansion coefficients are

Z Z Y Palry,). (7.10)

r=1 a=1
Under symmetry operations g of the point group G, different IRs transform inde-
pendently of each other. Consequently, the transformation of the vector f! of a given

IR is described by an np X nr unitary matrix D' as

=> Dy.(3) fh, (7.11)
w

or the more concise vector equation: f'' = DU- f'. From the transformation relation
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Eq. (7.5) for the vector U, the transformation matrix DT can be explicitly computed.
I~ _ ALY A\ AT
D,,(9)=","-T(g) T, (7.12)

It is worth noting that the transformation matrices of a given IR have been tabulated
for most point and double groups. Similar to the ordinary Fourier analysis, we define

the power spectrum for a given IR as

pr=rm =N (7.13)
pn=1

Since the transformation matrices are unitary DD = 1, it is easy to see that the

power spectrum is invariant under symmetry operations:
pt = U= DD = T =y (7.14)

This indicates that the amplitude of each IR can be used as the descriptor for the
local environment C;. However, the power spectrum p' is not a complete descriptor of
the neighborhood function, since it neglects the weight distribution within each IR.
Neither does it account for the relative phases between different IRs.

A more complete description, which consists of a larger set of invariants, is given
by the bispectrum of the IRs. To this end, we first consider the tensor product of
coefficient vectors f'* ® f12, which can be viewed as the expansion coefficients of
the tensor-product U ® U of the vector representation with a tensor-product basis

fﬂl ® 'fEQ Under a symmetry operation, according to Eq. (7.11), the tensor-product
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transforms as

frl®fr2—>(Drl'frl)®(DF2'fF2)

= (D" @ D"™) - (" ® f). (7.15)

As is well established in the representation theory of finite groups, the direct product
of two IRs can be decomposed into a direct sum of IRs. This indicates the following

decomposition of the direct-product matrices:
D" @ D" = (C™!?) [@ DF] chl, (7.16)

where & means direct sum over the IRs of the direct product. We note that IR of the
same dimension and symmetry could appear more than once in the direct sum. The
C"'I2 is a unitary matrix of dimension np, X nr,; its matrix elements are known as the
Clebsch-Gordan coefficients of the symmetry group under consideration. Explicitly,

we have
Dyi(9) D32 (9) (7.17)
L 2 I;T,Ty
—ZZ C/E/EVF ()Cnuu
As mentioned above, the sum over I' could include multiple IRs of the same trans-

formation properties. To construct the bispectrum coefficients, we first consider the

following vector:

,UFLFQ — CF17F2 . (fF1 ® fF2> (718)
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Since the Clebsch-Gordan matrix is essentially a transformation of basis, vector v is
thus the expansion coefficients of the irreducible basis for the tensor-product UU.
This can also be seen from the transformation of the v vector. Substitute Eq. (7.16)
into (7.15), and multiply the resultant expression by the CT*'2 matrix from the left,

F17

we see that under symmetry operation g, the vector v''2 transforms according to

ol = [@ Df(g)} ~pll (7.19)

This result thus also indicates we can decompose v into a direct sum of vectors each

of which corresponds to an irreducible representation:
o2 — @ w2 (7.20)
r
Each vector transforms under symmetry operation as
a1t = DV(g) - ulT, (7.21)

From this equation and Eq. (7.11) for the transformation of the vector f belong to
the same IR-T, it is straightforward to see that the following "inner product" is a

scalar invariant under any symmetry operation:
prlnlz — fl”f RTINS (7.22>

These coefficients are called the bispectrum of the expansion coefficients of the IRs.

Using Eq. (7.18) to express the u vectors, we obtain the following explicit formula
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for the bispectrum coefficients

prluls Z CUPuT fT g gl (7.23)

K,uV
Ry l,V

The above expression shows the similarity of the b coefficients with the scalar triple of
three O(3) vectors. It should also be noted that the power spectrum p' is part of the
bispectrum coefficients. In fact, while formally the bispectrum coefficients are built
from product of three IR-amplitudes, they can also be used to describe invariants
consisting of two IR-coefficients. This corresponds to the case when the decomposi-
tion of the direct product representation I'y ® I'y includes the trivial one-dimensional
representation, denoted as I'y for convenience. By setting the corresponding coeffi-
cient to be a constant, e.g. fr, = 1, we see that the resultant bispectrum coefficient
bo-I12 is nonzero only if the two IRs I'; and I'y transform in exactly the same way
under symmetry operations, hence have the same dimension. Consequently, we can

define the following generalization of power spectrum

proTe — plat . gz ZfFl*fF‘z (7.24)

The standard power spectrum Eq. (7.13) of a given IR-I" corresponds to the case
r=Ir,=".

Importantly, since the bispectrum coefficients are invariant under symmetry op-
erations of the point group, they serve as proper descriptor to be combined with
the ML models. Moreover, it can be shown that the bispectrum provides a faithful

representation of the original configuration in the sense that the vector U can be
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rigorously reconstructed from all bispectrum coefficients [103,363,364|. For practical
applications, however, there are a large number of the bispectrum coefficients for most
models and point groups. For example, let N be the number of IRs from the decom-
position of ¢/, which is roughly of the order of N ~ (L x M), the number of bispectrum
is of the order of N3, which in general is a rather large number. Moreover, as will
be demonstrated in explicit examples in Chap. 5, the bispectrum is an over-complete
representation with redundant information. Consequently, further simplification is
often required for practical implementations.

As an application of the bispectrum method, here we briefly review its application
to represent the atomic environment for ML interatomic potentials. The bispectrum
method is often combined with the Gaussian kernel potential learning model and the
so-called smooth overlap of atomic positions (SOAP) technique, which approximates
atoms in the neighborhood by Gaussian functions of a finite width [92, 104]. For
MD simulations, the local atomic configuration is described by the charge density
p(r) with the origin r = 0 corresponding to the center atom. The symmetry group
of three-dimensional free space is G, = SO(3), and the corresponding irreducible
representations are labeled by an integer ¢ = 0,1,2,---, which is essentially the
angular momentum quantum numbers [366]. Indeed, the basis function TE for the
SO(3) group is simply the spherical harmonics Y} ,,. Choosing a proper radial basis

gn(r), the atomic neighborhood density is expanded as

oo 00 l

P =" fatm gu(r)Yem(0, ), (7.25)

n=0 =0 m=—~
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Note that there is an additional integer index n for the expansion coefficients due
to the radial dependence. The bispectrum coefficients are then labeled by six inte-

gers [104]:

001,00 4;61,0
bn;ﬁl,gm - f;fmcm;;?n%mg fn1€1m1fn2€2m27 (726>

m,mi,ma

where CLf4f  are Clebsch-Gordan coefficients of the SO(3) group [366]. For a given
set of radial indices (n, ny, ny), the bispectrum coefficients are nonzero only when ¢ =
{1+ {5 due to conservation of angular momentum. However, there are still an infinite
number of the b coefficients, and some cutoff /.., has to be introduced for practical
implementation. To further simplify the calculation, one can consider only coefficients
with nq; = ny = n. This, however, implies that rotations of different radial basis are
decoupled, thus introducing a spurious symmetry. Nonetheless, some simplifications
can be achieved through special designs of the radial basis functions [104].

Instead of dealing with the natural SO(3) group for the three-dimensional space,
an alternative approach is to project the atomic environment within a cutoff R. onto
the surface of the four-dimensional sphere S* [92,104]. Specifically, this means that
the center-atom is at the north pole, while the cutoff radius, i.e. the 3-sphere specified
by |r| = R., is mapped to the south pole of the S3. Next assuming an approximate
SO(4) symmetry for the projected atomic density, one can then use the resultant

bispectrum coefficients as the descriptor. As the IR of the SO(4) group is again

labeled by an integer j, the bispectrum coefficients are indexed by three integers
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bivdz Tt should be noted that although the projection to S® implicitly assumes a
spurious SO(4) symmetry, a most crucial advantage of this approach is the absence

of the need for radial basis.

7.2.2 Internal Symmetry

As discussed above, the type-II models are characterized by an internal symmetry
group Gg, independent of the lattice point group, that governs the transformation of
the classical fields ®;. The feature variables for the ML models need to be invariant
with respect to transformations of both symmetry groups. As the multiple compo-
nents of the local classical vector ®; do not transform simultaneously with the lattice
symmetry operations, the method described in Sec. 7.2.1 cannot be directly applied
to the type-II models.

One solution is to treat each of the M components of the classical fields ®; =
{®in} (¢ =1,2,---, M) as independent. We then view the neighborhood configura-
tion U, = (Ura,Uso, -+ UL ) as M independent L-dimensional representations of
the neighborhood C;. Each component is then decomposed into the IRs of the lattice
group (c.f. Eq. (7.7) for the type-I case)

Sy
U o = ; ; e (7.27)
Note the basis function T of the IR now only depends on the site-index r. The

coefficients of the IRs are similarly obtained based on the orthogonality of the basis
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functions

L
o= T U, Z Yh 0o(r),). (7.28)
r=1

For each of the IR T in the decomposition (with respect to point group), there are M
components indexed by «. As each can be viewed as a M-dimensional representation
of the internal symmetry group, it can be decomposed into the IR of G labeled by
K:
nK
K /K

SR (7:29)

K m=1
Here YK is the basis function of the K-th IR whose dimension is ng. Using the

orthogonality of the basis functions, the expansion coefficients are given by

M

F/E,}L( = Z yg*a /Ea Z Z yg*a TF* r]r) (730)

a=1 a=1 r=1
Here we have used Eq. (7.28) in the second equality to express F ,f K'in terms of the
classical fields. It is worth noting that this mixed expansion coefficients, expressed as a
special combination of the classical fields, have well defined transformation properties,
indicated by the IR indices I' and K, under both the point group of the site-symmetry
and the internal symmetry group. However, since the two set of symmetry transfor-
mations are independent of each other, one cannot obtain simultaneous bispectrum
coefficients with respect to both symmetry groups. To proceed, we can first "trace

out" the point group indices p by forming the bispectrum coefficients of the point
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group first

RN _ E ;01,0 D Kex 'y Ko l2,K3
BKl,I;Kg,m;Kg,n - C Fn,l Fu,m Fu,n : (731>

K, uV
R,V

These coefficients with three indices |, m, n can be viewed as a tensor-product repre-
sentation K ® K; ® Ky of the internal symmetry group Gg. Next we decompose this
tensor-product representation into a direct sum of IRs of the group G¢. For conve-
nience of the discussion, we denote the coefficients of the IR in the direct sum as Ff;.
Then invariants with respect to the internal symmetry are given by the bispectrum
coeflicients from the "triple" product of these Ff; coefficients. Importantly, these bis-
pectrum coefficients are now invariant with respect to both the lattice and internal
symmetry groups. Since the FqK coefficients themselves are already triple product of
the field variables, the final invariants in general are composed of 9 classical vari-
ables; although some of them can be reduced. Since the number of the coefficients
increases even more dramatically with the cutoff radius R, for type-II models, further
approximations are necessary to simplify the implementation of the descriptor.

A second approach, which is physically more intuitive and transparent, is to start
from the symmetry of the classical fields and first construct building blocks that are
already invariant under the transformations of the internal symmetry group. The
group-theoretical method discussed in Sec. 7.2.1 is then applied to these building
blocks for the lattice symmetry. To this end, we again note that the classical fields

®; = {®,,} at every sites in the neighborhood C; is obviously an M-dimensional
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representation of the internal symmetry group, and can be decomposed into IRs of

the G¢ group:

¢j704 = Z ‘Fjlfm nf7a7 (732)
K

It is worth noting that the expansion coefficients f; = acquires a site index j. Again,

using the orthogonality of ), we have

M
=D Vho ;.. (7.33)
a=1
If the decomposition in Eq. (7.32) includes the trivial representation Ky which is by
definition a one-dimensional IR, then the coefficients ijO are automatically invariant
with respect to the internal symmetry group and are part of the building blocks for
the lattice group.

Other invariants of the internal symmetry group are provided by the generalized
power spectrum Eq. (7.24) and the bispectrum coefficients. The crucial difference
here is that these invariants are to be built from different sites, thus also serving as
many-body correlation functions. First, we consider the generalized power spectrum
obtained from a pair of sites (jk)

K1,Ka *
phfe =) LR, (7.34)

m

Again, the generalized power spectrum coefficient is nonzero only if the two IRs K;
and Ky have the same transformation properties. Similarly, one can build invariants

of internal symmetry from a triplet (jkl) of lattice sites based on the bispectrum
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coefficients

;<k;<1,K2 _ Z oKiK1LKs f flffn; (7.35)

I;m,n
I,m,n

KiK1,Kz
where CI, o

are the Clebsch-Gordan coefficients of the internal symmetry group
Go. Fig. 7.2 shows examples of the atomic pairs (jk) and triplets (jkl) related by the
lattice rotation and reflection in the neighborhood of the center site. As mentioned
above, these quantities p and b also encode the two-body and three-body correlations,
respectively, of the neighborhood. Also importantly, they remain unchanged under
operations of the internal symmetry group and can be used as building blocks for

constructing the invariants of the lattice point group. To this end, we arrange them,

including the single-site trivial IR, into a vector of dimension N:
U= Uy, Us, - Uy) = (F, phi™, bl ). (7.36)

Here we use U; to denote the components of this vector, where the index J is used
to label either a site j, a pair (jk), or a triplet (jkl). The dimension N is dominated
by the number of atomic pairs and triplets in the neighborhood. For a neighborhood
consisting of L sites, these two number scale as L? and L3, respectively. Moreover,
one also needs to take into account the number of different IRs. As the total classical
degrees of freedom is L x M, the set of all £, p, and b invariants obviously is an
over-complete representation of the neighborhood. Practically, one needs to intro-
duce further constraints in order to reduce this number, for example, by restricting

distances between the pairs or triplets to be smaller than another cutoff, or to avoid
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Figure 7.2: Examples showing the atomic pair (jk) and triplet (jkl), which are
related by the lattice rotation and reflection symmetries, in the neighborhood of the
center site on a square lattice.

too many overlaps of the pairs and triples.

Irrespective of the approximations, by keeping all symmetry related pairs and
triples, as shown in Fig. 7.2, in Eq. (7.36), the vector U forms an N -dimensional rep-
resentation of the lattice point group G;. We next apply the same group-theoretical
method discussed in Sec. 7.2.1 to obtain the bispectrum coefficients of the point group.
We again decompose U into the IRs

np
Ur=> Y f1h, (7.37)
r u=1
where TE; ; are the appropriate basis functions. It is worth noting that the IRs of

the single sites, pairs, and triplets are decoupled from each other. The expansion
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coefficients are then obtained separately as

(
2 Thats

] T

o=\ Tw Thps™ (7.38)

wigk Yk

Me KKK
\ Dok Lusima i
Given these IR coefficients, Eqs. (7.23) and (7.24) can then be used to compute
the generalized power spectrum and bispectrum coefficients, respectively, which are

invariant with respect to both the internal and the lattice symmetry groups of the

type-II systems.

7.2.3 Atom-Centered Symmetry Functions

The building blocks introduced in Eqs. (7.34) and (7.35) above also offer the basis for
a descriptor which can be viewed as the generalization of the atom-centered symmetry
function (ACSF) originally proposed to describe the atomic configurations [91, 127].
Unlike the group-theoretic methods, the ACSF approach is physically more intuitive
and relatively simple to implement. On the other hand, it is more difficult to control
the errors due to the ad hoc parameterizations of the symmetry functions. Nonethe-
less, ACSF has been successfully applied to the ML interatomic potential for a wide
range of materials. We first briefly review the basic features of ACSF using the ex-
ample of mono-atomic systems. For a given atomic configuration {r;} in the vicinity

of a center atom-i, the fundamental invariants that are invariant under rotations and
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reflections of the O(3) group are the distances R;; = |r; — r;| from the center atom,
and the angles 6;;;, = arccos|(r; —r;)-(ry—r;)/R;jRix]. Based on these quantities, two
kinds of symmetry functions are introduced. The first type is the two-body (between
atoms j and the center atom-i) symmetry function

Go({&n}) = D Fa(Riji {&n}), (7.39)

J#i

where Fy(R;&,,) is a user-defined function, parameterized by {&,,} to extract atomic
structures at certain distances from the center atom. One popular choice, proposed

in the original work [91], is a Gaussian with a soft cutoff at radius R.
FQ(R; {gm}) — 6—(R—§1)2/f§ fC(R) (740)

Here f.(r) = %[COS(%) + 1] for R < R, and zero otherwise. The two parameters
&1 and & speficiy the center and width, respectively, of the Gaussian function. The
3-body symmetry functions are defined as
Gs({&n}) = D Fs(Rij, Rir, Ry, Oigii {€n}), (7.41)
JokAi
An example of the three-body envelop function characterized by three parameters

is [91,127]

F3(Ry, Ry, R3,0; {&}) = 2179 (1 + &5 cos 0)* (7.42)

X exp[—(Rf + R+ R§)/§§} fe(R1) fe(R2) fe(Rs).
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We note that generalizations to take into account the different atom species have also
been made [184]. Moreover, depending on the problems at hand, it might be more
convenient to use different F, and F3 functions, and several variants of these functions
have been proposed [184].

Next we present a generalization of the ACSF for condensed-matter systems, where
each atom is now associated with a dynamical classical field ®;. We emphasize that
the formulation presented here can also be used for disordered systems, where the
"lattice" point group is replaced by the 3D rotation group SO(3). Moreover, for
applications to MD simulation of liquid systems with a dynamical classical fields, the
generalized ACSF provides a convenient descriptor for ML energy models for both
the atomic dynamics and the classical fields. In order to incorporate the internal
symmetry, our approach is to define a set of symmetry functions based on the building
blocks in Eq. (7.36). We start with the two-body symmetry functions that include
the coefficients of the trivial IR at every sites:

Gaa{&m}) = Y £ Fo(Riji {&m}), (7.43)
J#
This is the direct generalization of the original two-body symmetry functions that
incorporates the on-site classical fields. Another way to build the 2-body symmetry
functions is to use the invariants p;(jl’KQ between the center site-i and a neighboring
site-j:

Gay " ({&n}) = D P5 ™ Fy(Rigi {€m}), (7.44)
i#i
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The envelope function Fj(R) is not necessarily the same as the one for Gy,. A three-
body symmetry function based on single-site invariants is

K17K2 {Sm ZlefK2

jk#i
X F3(Rij, Rig, Rk, Oiji; {§m}), (7.45)
The pair-wise invariants can also be combined with the center atom to define a three-
body symmetry function:

G ((e,)) = S pieke

Jk#i
X F3(Rij, Rir, Rik, Oiji; {&m}). (7.46)

A second type of 3-body symmetry functions is obtained from the invariants bK KK

that involves the center atom

GRKLK K,K1,K
1 2 {fm sz]kl 2

jk#£i
X Fél(sz‘j, Rig, Rk, Oij; {&m}), (7.47)
Finally, several four-body symmetry functions can be defined based on the fundamen-
tal invariants of the internal symmetry group. For example, combining the triplet

(jkl) with the center site, we have

KK KK K
G 1 2{£m Zb]kll 2

jkl#£i
XF4(Rij7 Ry, Ry, -+ - ;Qijm Ot - - - ) (7-48)

It is worth noting that most of the symmetry functions also depend on the IR indices
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K of the internal symmetry group. We also note that since the relative angles 6;;,
are pre-defined constants for models on a regular lattice, the dependence of the F
functions on these angles is trivial. More importantly, these F' functions are used to
select the more relevant pairs or triplets to be included in the symmetry functions.
In particular, the symmetry functions can be simplified to a sum over the symmetric-

IR for lattice models. Take G, as an example, we first divide all atomic pairs (jk)
in the neighborhood into inequivalent classes such that pairs within the same class
are related by the point group symmetry. Moreover, since pairs belong to the same
class are related by rotations or reflections that preserve the distance from the center
site, they share the same value of the Fj function; see Fig. 7.2(a) for an example of
the symmetry-related pairs on a square lattice. Using 7 to denote the inequivalent

classes of pairs, we then have

Gy ™ ({&m}) ZF’ {&n}) prgﬁ. (7.49)

Here m(g) denotes atomic pairs (jk) related to a reference pair in the class 7 by the
symmetry operation §. The sum over g, which is the symmetric sum of the pair-wise
invariants p, corresponds to the 1D trivial IR of the lattice point group. Consequently,
the symmetry function Gg, is manifestly an invariant of both the internal and lattice
symmetry groups.

To briefly conclude this Section, we have formulated a general theory of descriptors

for characterizing dynamical classical fields in condensed matter systems, and pre-
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sented various different, yet related, approaches for computing the invariant feature
variables. The group-theoretical method offers a rigorous and systematic approach
to derive a descriptor based on the bispectrum coefficients. Finally, we discuss a de-
scriptor that incorporates the symmetry of the classical fields into the atom-centered
symmetry functions. Explicit implementations of these descriptors are demonstrated
for well-studied correlated electron systems in the following sections and previous

chapters.

7.3 Example: Dynamics of Cooperative Jahn-Teller
Coupling

As a second example of the type-I models, we consider a model of itinerant e, electrons
interacting with the vibrational modes of MOg octahedra on a square lattice. Since
our main interest here is the orbital ordering, we will neglect the electron spin degrees
of freedom and the ty, core spins. In LaMnOjs, the orbital ordering (accompanied
by a JT transition) takes place at Too = 750 K, which is much higher than the
magnetic transition at Ty; = 120 K, below which an A-type antiferromagnetic order
develops. In the paramagnetic phase above T);, the spin degrees of freedom form
a homogeneous, fluctuating background and we only consider the orbital degrees of
freedom in this work. Although orbital orders in manganites are three-dimensional, as
a first step towards large-scale simulations, in this work we focus on a two-dimensional
version of the cooperative JT systems, which exhibits the same K = (7, 7) C-type

order/JT order in the ground state.
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The Hamiltonian of the cooperative JT model on a square lattice is given by
H =Hx + Hyr + L. (7.50)

The three terms correspond to the electron kinetic energy, the electron-phonon cou-
pling, and the lattice elastic energy, respectively. The Hamiltonian Hi describes the
nearest-neighbor hopping of e, electrons

=Y 3 % (tzyéjucjy—l—h.c.), (7.51)

Y=,y (i) |y pr=ab

T

where ¢; , and ¢; , represent the creation and annihilation operators, respectively, of an
electron with orbital flavor i at the i-th site, a and b denote the two basis d,2_,» and
ds.2_,2 of e, orbitals, 7, denotes the orbital-dependent anisotropic hopping between
nearest-neighbor pairs (ij) parallel to the direction v = z,y on the square lattice.
The following hopping coefficients are used in our model calculations [204,367]: ti =
—\/§t§]b = —\/gtﬁ?; = 3tf§-’ = tyn for hopping along the z-direction, and ¢7j' = \/gt;l;’ =
\/§th“ = 325%-’ = tnn along the y-direction.

The second term in H describes the JT coupling:
Hyr = -A)_(Q"hi+QF - 7)), (7.52)

where Q" = Q! denotes the breathing mode of the MOg octahedron at site-i, which

couples to the electron number operator

iy = ¢ E 4 Ch ey, (7.53)
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Figure 7.3: Schematic diagram of the vibronic modes for the MnO6 octahedron: (a)
the symmetry-preserving breathing mode, (b) and (c) the symmetry-breaking JT
modes. In terms of oxygen displacements, the coordinates of these normal modes

are: Q4 = (= X1 + X — Xz + Xy — X5+ X¢)/V6, Q" = (= X1 + Xo + X3 — X4)/2,

and Q% = (= X1 + Xy — X35 + X4 + 2X;5 — 2X4)/V/12, where X; denotes the
coordinates of the i-th oxygen, and so on.

The doublet QF = (Q?, Q) = (Q?, Q?) describes the JT modes that break the cubic
symmetry of the octahedron. Schematic diagrams of these three lattice modes are

shown in Fig. 7.3. The JT doublet couples to the pseudo-spin operator 7; = (7, 77)

representing the electron orbital degrees of freedom:
=l e e, tr=éle, — ey (7.54)
The third term in Eq. (7.50) is the classical elastic energy of the lattice distortions

2 2
&.=5 > [B@M) +1QE. (7.55)
where K denotes an effective elastic coefficient. The parameter [ is defined as § =

(wa, /wg)?, where wy, and wg are the vibration energies for the breathing and doublet

JT modes, respectively, assuming that the reduced masses for these two modes are
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the same. Following previous works [367,368]|, this parameter is set to f = 2 in the
following calculations.

It is worth noting that the breathing and JT modes of each octahedra are indepen-
dent of each other in this elastic model. More realistic approach naturally needs to
include couplings between neighboring octahedra, for example: £ =", KA,
where the indices m,n = 1, x, z. The equilibrium structural distortion is thus deter-
mined by both such direct elastic interactions as well as the effective electron-mediated
interaction through the cooperative JT effect discussed above. In general, as same
oxygen atoms are shared by two neighboring octahedra, nearest-neighbor couplings
between these () modes are antiferromagnetic, i.e. K > 0, which are compatible with
both the C-type orbital order and the meta-stable CDW order to be discussed later.
For simplicity, in this work we neglect the direct elastic couplings and focus on the
intrinsic cooperative JT mechanism.

The ground state of the cooperative JT model in Eq. (7.50) at half-filling exhibits
a C-type orbital ordering, characterized by a wave vector K = (7, ), accompanied
by a structural distortion of the antiferro-distortive order with a predominate
mode [367,369-372]. A schematic diagram of the orbital/JT order is shown in Fig. 7.4.
The orbital order can be described by the expectation values of the pseudo-spins. To
this end, minimization of the total energy with respect to the JT distortions yields

the relation

R K g
(7) = 5QF, (7.56)
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Figure 7.4: Schematic diagram of (a) C-type orbital order, and (b) the concomitant
antiferro-distortive JT order. Also shown in panel (b) is the vector representation of
the orbital /JT order. The arrows represent either the doublet vector QF or the
expectation value of the orbital pseudo-spin (7). These two vectors are related to
each other via Eq. (7.56) in the ground state.

It is worth noting that the linear JT coupling in Eq. (7.52) of a single octahedron is
given by the inner product (7 - Q¥), which implies that the interaction is invariant
under simultaneous rotation of the orbital pseudo-spin and JT doublet vector. In-
clusion of quadratic JT couplings of the form Q@7 reduces this O(2) symmetry to a
3-fold degeneracy already at the single-octahedron level. On the other hand, in the
cooperative JT scenario, the determination of the lattice distortions needs to include
the kinetic energy of itinerant electrons on a lattice. Since the electron hopping in
Eq. (7.51) is anisotropic with a strong orbital-dependence, the O(2) symmetry of the
doublet vector is reduced to a two-fold mirror symmetry Q% — —Q* for the half-filled

cooperative JT system [360]. The resultant minima are found to be along the Q*
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direction Q¥ = +(Q,,0), and the checkerboard arrangement of these two symmetry-
related minima Q¥ in the C-type order comes from a dominant electron-mediated
nearest-neighbor interaction of antiferro-distortive sign [367].

The Z5 mirror symmetry discussed above corresponds to a tetragonal lattice sym-
metry. As shown in Fig. 7.3(b), changing the sign of * sends a tetrahedron elongated
in the x-direction to one along the y-direction. The eigenstates of 7, with eigenvalue
+1 and —1 are dominated by ds,2_,2 and ds,2_,2, respectively. The breaking of the
global Z, symmetry of the cooperative JT system leads to the C-type orbital order
which can be described viewed as a Néel type order of Ising variable ). On symmetry
ground, the orbital JT phase transition is expected to belong to the Ising universality
class. A detailed thermodynamic study of the orbital/JT phase transition by, e.g.
Monte Carlo simulations, remain to be done.

Also of interest is the transition dynamics of the simultaneous JT distortion and
orbital ordering. Of particular interest is the coarsening behaviors of orbital domains
and whether the resultant domain-growth law falls into well-established universality
classes of phase-ordering dynamics. To this end, we consider the dynamical evolution
of the JT systems based on the approximation that electron relaxations are much
faster than the dynamics of JT distortions. This adiabatic approximation is similar to
the Born-Oppenheimer approximation widely used in the ab initio molecular dynamics
methods [87]. In particular, this means that the electronic contribution to the driving

forces are computed from an equilibrium Fermi liquid of the instantaneous lattice
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distortion. As both breathing and JT distortions are vibronic normal modes, their

dynamics are governed by an effective Newton equation of motion

QM A" O, O(Hyr) | 4
HAy dt2 + 74 dt _anl - 8@;41 M (t)v
*QF dQy oL O(Hyr) | p

Here p, is the effective mass of the octahedral normal modes @ = A; and F, the
corresponding damping coefficients and Langevin noises are denoted by ~, and 7,, re-
spectively. For simplicity, we shall assume the same parameters for the breathing and
JT modes. In particular, as discussed above, the difference in effective mass can be
accounted for by the ratio 8 of the elastic constants. As in standard Langevin method,
the thermal forces are Gaussian random variables with zero mean and variance con-
sistently related to the damping coefficients ~ through the dissipation-fluctuation
theorem.

The deterministic forces have two contributions, corresponding to the first two
terms on the right-hand side: the elastic restoring forces and the electronic forces
via JT coupling. The calculation of forces can be simplified using the Hellmann-
Feynman theorem: 9(H)/0Q = (9H/0Q). Using Eq. (7.52) and (7.55), one obtains

the following expressions for the driving forces

F = —BKQM + Mny),

FF = —KQF + \7,). (7.58)
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The equilibrium condition F¥ = 0 gives the relation in Eq. (7.56). As discussed
above, expectation values (- - -) are computed based on an equilibrium electron liquid
corresponding to the instantaneous lattice configuration {Qfl, QF}. Explicitly, for

example, the expectation values of orbital pseudo-spins are given by

1 (oM
(7) = o T [ 7 e ?e(@.@F) (7.59)

e

where 7:[6 = ?:[K +H jT is the electron Hamiltonian, § = 1/kgT is the inverse tempera-
ture, and Z, = Tre=#He is the electron partition function. As the electron Hamiltonian
H. is quadratic in the fermion creation/annihilation operators, it can be solved by
the ED in real space. Yet, since the electronic forces have to be computed at every
time-step of the Langevin dynamics simulation, the O(N?) time complexity of ED

can be overwhelmingly time-consuming for large-scale simulations.

7.3.1 Machine Learning Force-Field Models

Here we present a ML framework for computing the electronic forces in cooperative
JT systems with a linear-scaling complexity. Fundamentally, as pointed out by W.
Kohn, linear-scaling electronic structure methods are possible mainly because of the
locality nature or "nearsightedness" principle of many-electron systems [100, 101].
Importantly, modern ML techniques provide an explicit and efficient approach to
incorporate the locality principle into the implementation of O(/N) methods. Perhaps
the most prominent and successful demonstration of this approach is the ML force-

field methods developed in quantum chemistry to enable large-scale ab initio MD
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Figure 7.5: Schematic diagram of the ML force-field model for the cooperative JT
models. A lattice descriptor transforms the neighborhood distortion configuration C;
into effective coordinates {G,,} which are then fed into a fully connected NN. The
output node of the NN corresponds to the local site-energy ¢;. The combination of
the descriptor and the NN provides an approximation for the universal function &(-).
The corresponding total potential energy F is obtained from the summation of the
local energies. Automatic differentiation is employed to compute the derivatives
OFM1L/0Q; for the effective forces acting on the breathing and JT modes.

simulations [91-94, 96, 97,125, 127-129,175-178|. Similar to the Langevin dynamics
for cooperative JT systems described above, the atomic forces in ab initio MD are
computed by solving, for example, the Kohn-Sham equation, which has to be repeated
at every time-step [87]. The central idea behind the linear scalability of ML force-
field methods is the divide-and-conquer approach proposed in the pioneering works
of Behler and Parrinello [91] and Bartok et al. [92]. The ML model is trained to
produce a local atomic energy from a finite neighborhood. The atomic forces are
obtained indirectly from the total energy, which is the sum of all atomic energies.
Similar ML frameworks have recently been developed to enable large-scale dynam-
ical simulations in several condensed-matter lattice systems [58,59,98,99,132,179,180].

In particular, the ML force-field approach was applied to the ferromagnetic Kondo-
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lattice or s-d models [98,99]. The strong-coupling regime of this model corresponds
to the DE mechanism which is another important component of colossal magnetore-
sistance physics. The spin dynamics in the DE system is driven by itinerant elec-
trons, similar to the cooperative JT models. Based on a generalized Behler-Parrinello
scheme, a neural network model was trained to predict local effective fields induced
by propagating electrons. The ML force-field methods have also been applied to the
semiclassical Holstein model on a square lattice [179], a canonical system for study-
ing the physics of electron-phonon coupling and phonon-assisted charge-density wave
orders. The scalar Einstein phonons in the standard Holstein model can be viewed
as a simplified model for the breathing mode Q4'. Large-scale dynamical simulations
enabled by the ML methods unveiled intriguing anomalous coarsening behavior of

charge-density waves in the Holstein model [179].

7.3.2 Behler-Parrinello Machine-Learning Framework

The Langevin dynamics can be viewed as a MD method for the octahedral normal
modes. This prompts a generalization of the BP approach for the adiabatic dynamics
of JT systems. However, there are two major differences between the two systems.
First, both breathing and JT modes are defined on a lattice, in contrast to coordi-
nates of atoms in free space. Second, the symmetry of the JT modes is tied to the
symmetry of the underlying lattice, while MD systems are characterized by continu-
ous translational and rotational symmetries. The BP scheme is modified to account

for these two important issues; see FIG. 7.5 for a schematic diagram of the ML force-
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field model for the JT systems. First, the total energy of the system in the adiabatic
approximation is given by the expectation value of the Hamiltonian in Eq. (7.50),
which is to be approximated by a ML energy Eyy,. As in the BP scheme, this system

energy is partitioned into local energies, each associated with a lattice site:

(H) ~ By, = Z € = Z’S(Ci)' (7.60)

Here we have invoked the locality assumption and express the site-energy ¢; as a
function of lattice distortions in a local neighborhood, denoted as C;. Explicitly, we

define the local distortion configuration as
Ci = {Q] ‘ |I'j — I'i| < ’f‘c} s (761)

where 7. is a cutoff distance which is determined by the locality of the forces, and
we have grouped the breathing and JT modes into a three-component vector Q@ =
(QY, Q% Q%) = (Q4,Q%, Q%) for convenience. It should be noted that the vector
notation here does not imply an underlying O(3) rotation symmetry. The complex
dependence of the site-energy on local environment is encoded in the function (-)
which is universal for a given JT electronic Hamiltonian and electron filling fraction.
Importantly, this universal function is to be approximated by a ML model in the BP
approach.

As shown in FIG. 7.5, there are two central components in the BP-type ML model:
a descriptor and a learning model. The former is to transform the neighborhood

configuration into a proper feature variables, while the latter is to approximate the
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universal function (). In this work a feedforward neural network (NN) is employed
as the learning model which, according to universal approximation theorem |[280,
281], offers the capability of accurately representing complex functions to the desired
accuracy. The total energy is given by the sum of all site-energies in the system,
which are obtained by applying the same ML model to all lattice sites. The fact
that the same ML model is used for all lattice sites simply reflects the translational
symmetry of the original Hamiltonian. The effective forces acting on the octahedral

normal modes are given by the derivatives of the total energy

_ OB,

Fi= e

(7.62)

which can be efficiently computed using automatic differentiation [211,373]. This
expression also indicates that the ML predicted forces are conservative, which is an

appealing feature of the PB-type ML models.

7.3.3 Descriptors for Lattice Distortions

The BP scheme also allows for a systematic approach to incorporate symmetry re-
quirements into ML models through feature engineering. Since the local energy ¢;
at the output of the NN is a scalar, it is invariant under symmetry operations of
the system. However, despite the powerful approximation capability of NNs, such
symmetry constraints can only be learnt statistically, sometimes with the help of
techniques such as data augmentation. However, the symmetry constraints cannot

be exactly implemented based on deep-learning alone. A descriptor is introduced
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here to provide a proper representation of the neighborhood configuration in such a
way that the representation is itself invariant under transformations of the relevant
symmetry group. The resultant feature variables are input to the NN model. As a
result, symmetry-related configurations C; are described by exactly the same feature
variables, which in turn produces exactly the same local energy at the output.

The importance of descriptors in the implementation of ML force field models
for quantum MD was also emphasized in the original works of Behler and Par-
rinello [91]. A set of feature variables called the atom-centered symmetry functions
(ACSFs) are introduced to represent local atomic configurations such that the ro-
tation and reflection symmetries are exactly incorporated into the atomic energy
function [91,127]. The building blocks of ACSFs are relative distances and angles of
atomic position vectors, which are manifestly invariant under rotations of the SO(3)
symmetry group [127]. The ACSF descriptor is physically intuitive, yet to some ex-
tent ad hoc, approach to ML force-field models for MD systems. Since then many
atomic descriptors have been proposed and implemented [92,96,104,175, 181-185].

Since the JT models are defined on a lattice, the relevant symmetry group is re-
duced from the SO(3) rotation group of free space to the point group associated with
the underlying lattice. Moreover, the JT modes are also characterized by well-defined
transformation rules of the same point group. To describe the combined symmetry
transformations, consider the neighborhood C; centered at site-i, and a discrete rota-

tion or reflection ¢ of the point group that sends site-j to k, i.e. Ry; = O(g) - Ry,
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where O(g) is the orthogonal matrix representation of §g. The transformation of the

octahedral distortions is described by

Q™ = MG (9) Q™. (7.63)

J

Here v indicates the irreducible representation (IR) of the vibronic modes, and M (1)
is the orthogonal transformation matrix of IR-, the indices m,n = 1,2,---n, la-
bel the different components in this IR. For example, for the double Q¥, a matrix
corresponding to a 90°-rotation is M*(Cy/4) = diag(—1,1).

Importantly, a proper representation of the neighborhood C; needs to be invariant
under these coupled symmetry transformations. A systematic approach to derive
invariants of a symmetry group is the group-theoretical bispectrum method [103].
Atomic descriptors based on bispectrum coefficients have been used in conjunction
with Gaussian processing learning models for quantum MD simulations [92, 104].
The group-theoretical method has also been employed to develop a general theory of
descriptors for electronic lattice models in condensed-matter systems [58,105,131,283|.
In particular, a descriptor based on the idea of reference IRs was developed for the
Holstein model [179], which is essentially an electron-phonon model with the breathing
modes.

Here we outline the group-theoretical derivation of invariant feature variables for
the JT models. First, the octahedral distortions as represented by the set C; essentially

form a high-dimensional representation of the point group. They can then be decom-
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posed into fundamental IRs of the point group. This decomposition can be highly
simplified as the original representation matrix is automatically block-diagonalized,
with each block corresponding to a fixed distance from the center-site. Standard
methods can then be applied to the decomposition of each block [102].

For the square-lattice JT system described by the D, point-group symmetry, there
are three types of blocks with a dimension of either 4 or 8. The derivation of the
relevant IRs for each block can be further simplified. This is because while the JT
modes QF transform as a doublet in the octahedral group Oy, they are reduced to the
direct sum of two 1D IRs when restricted to the D, group. Explicitly, under symmetry
operations of D,, both Q4 and Q* transform as A; IR, while Q* transforms according
to IR By, acquiring a —1 under reflections about the y = +x diagonals. Take the
vibronic modes {Q4, Qp, Qc, @Qp} at the four nearest-neighbor sites as an example,
the four )* modes can be decomposed as 4Q* = 1A, + 1B; + 1FE, with the following

IR coefficients:
= Qi+ Q4+ Q5+ Qb
Y =04 - Q5+ Qi — Qp, (7.64)
P =(Q4- Q% Q% — Q).

The decomposition of the breathing Q' modes is described by the same formulas.

On the other hand, while the four JT @* modes are also decomposed as 4Q* =
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1A; + 1By 4+ 1E, the B; symmetry of Q% gives rise to different IR coefficients:

fAl:Qﬁ_ xB+Q2’_ %7
[P = Q4+ Qh + Q¢ + QY (7.65)

7 =(Q4 - Q¢ —Q% + Qp).

For convenience, we arrange the coefficients of the r-th IR of type I' in the overall
decomposition of C; into a vector fl' = (fl(r’r), fQ(F’T), e ,f},ﬁ”")). As the sum of the
squared coefficients of an IR, pl = ‘ fr |2, is manifestly invariant under the point
group, the set of all amplitudes {p.}, known as the power spectrum, offers a set of
invariant feature variables. The power spectrum is a subset of more general invariant
variables called the bispectrum coefficients [103,104|. A bispectrum coefficient is a
product of three IR coefficients and the Clebsch-Gordon coefficients which account
for the different transformation properties of the three IRs. Importantly, the relative
phases between different IRs are encoded in these coefficients, which provide a faithful
invariant representation of the neighborhood.

For most point groups, the dimensions nr of individual IRs are small, which means
there is a large multiplicity (indexed by r) for each IR. This in turn results in a large
number of possible bispectrum coeflicients, often with considerable redundancy. A
more economic approach to encode the phase information is the idea of reference IR
coefficients fL. one for each IR type of the point group [99]. These reference IR

coefficients are derived using the same decomposition formulas, but based on distor-
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tions @ obtained by averaging large blocks of bond and chirality variables in the local
neighborhood in order to reduce sensitivity to small variations. Importantly, the ref-
erence IR allows one to introduce a "phase" variable for each IR in the decomposition
exp(oh) = V- fL /I FE 1 FE¢| = £1. The relative phase between IRs of the same type
can then be inferred from their respective phases relative to the reference. Finally,
the relative phases between IRs of different types are provided by the bispectrum
coefficients from reference IR alone.

The power spectrum can be combined with the phases to form invariant feature
variables GL = pl exp(i¢l). These are to be supplemented by the bispectrum coef-
ficients B-}">"® obtained from the reference IR. The descriptor can be summarized

ref

by the following sequence of representations of the neighborhood
{9} — {ff} — {GE, Bl (7.66)

As symmetry-related configurations are represented by exactly the same feature vari-
ables, the site-energy ¢; at the output of the NN is guaranteed to be the same, thus

ensuring that the symmetry is preserved in the ML model.

7.3.4 Implementation Details and Benchmarks

Here we used PyTorch [374] to construct fully connected neural networks with six
hidden layers. The number of neurons in successive hidden layers are: 1024 x 512 x
256 x 128 x 64 x 64. With a cutoff radius of r. = 7a, where a is the lattice constant,

for defining the size of the neighborhood, the number of neurons at the input layer
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is determined by the number of feature variables and is fixed at 450. The ReLU
function is used as the activation function between layers [139,210]. The NN model
is trained based on a loss function including the MSE of both the effective field and

total energy:

’ (7.67)

N
1 2
L= oy S FE = FI -+ e B = B

where py and pp determine the relative weights of the force and energy constraints
in the loss function. Different combinations of these two weights have been experi-
mented. Overall, a better performance was obtained by putting more emphasis on
the force accuracy. As shown in Eq. (7.62), the effective forces are obtained from the
derivative of the sum of local energies. This can be efficiently done using automatic
differentiation in PyTorch [211|. Trainable parameters of the NN are optimized by
the Adam stochastic optimizer [212| with a learning rate of 0.001. A 5-fold cross-
validation and early stopping regularization are performed to prevent overfitting.
The above ML framework was applied to the JT model at exactly half-filling and
for a filling fraction of f = 0.49. The nearest-neighbor hopping parameter t,, served
as the energy unit. The competition between JT coupling and elastic energy gives
a distortion scale of Qy ~ A/K, indicating an energy scale Eyr ~ \?/K. Compar-
ing this with the electron bandwidth, this suggests a dimensionless coupling constant
A= Ejr JW ~ A%/ Kty,, which is set to 1.35 throughout the simulations. The effective

masses 4 and the elastic constant determine a the time-scale for the classical vibronic
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dynamics: 75 = Q7!, where the characteristic frequency 0 = \/K_/u Given this time-
scale, an effective damping coefficient v = 0.257'0_1 and a time-step At = 0.057 were
used in our Langevin simulations. The training dataset was obtained from ED cal-
culations of random distortions as well as ED-based Langevin dynamics simulations,
both on a 30 x 30 lattice. It included 1700 random configurations, 1300 intermediate
states during the relaxations, and 800 nearly equilibrium states, a total of ~ 3.4 x 10°
force data.

Although the ML method is originally designed to model the time-consuming
electronic structure calculations, the electronic contribution to the forces, i.e. the (7;)
term in Eq. (7.58), exhibits a strong bimodal distribution as the system approaches
the ground-state C-type orbital order. The two centers of the bimodal distribution
correspond to the ds,2_,2 and ds,2_,2 orbitals in the checkerboard pattern. Since
the net forces approach zero in such quasi-equilibrium states, the electronic force
nearly cancels the classical part. The bimodal distribution can thus be attributed
to a dominant leading-order dependence of the electronic force on the on-site JT
distortion through the classical force, i.e. (7;) = (K/\)QF + h(C;); the second term
here encodes the weaker yet subtle dependence on the neighborhood distortions. To
avoid difficulty due to this bimodal distribution, it is more efficient to remove the
dominant on-site classical term and focus the ML training on the second term. On
the other hand, Eq. (7.58) shows that this function is simply proportional to the

total force: h(C;) = FF /). Indeed, our ED-Langevin simulations show that the total
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Figure 7.6: Benchmark of the ML force-field models for JT model with a filling
fraction f = 0.49. Panels (a)—(c) on the left show the ML predicted forces F™-
versus the ground truth F®P obtained from exact diagonalization method for the
three vibronic modes of the octahedron. These forces are normalized by the
electron-phonon coupling constant, which is set to A = 1.25. The corresponding
histograms of the prediction errors are shown in panels (d)—(f). Similar results are
also obtained for the ML models for the half-filling case.
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Figure 7.7: Comparison of time-dependent correlation functions C**(r,t) defined in
Eq. (7.68) obtained from Langevin simulations with the ML force-field model and
the ED method. The correlation functions were obtained from 40 independent
thermal quench simulations on a 30 x 30 lattice with a filling fraction f = 0.49.

forces on the JT modes are well described by a Gaussian-like distribution.

In addition to the generalized BP approach described above, we also implemented
a modified ML scheme in which a separate NN is used to predict the forces acting on
the breathing modes Q“'. From the symmetry viewpoint, this is feasible since the
breathing mode as well as its corresponding force F41 are scalars, They are invariant
under the point-group symmetry transformations, and the same descriptor can be also

used for the corresponding NN model. The fact that no automatic differentiation is
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required for the breathing modes also enhances the efficiency. But more importantly,
we found that the prediction accuracy of the F41 forces is significantly improved.
With this hybrid approach, rather accurate force predictions were achieved for all
three vibronic modes, as shown in FIG. 7.6. The histogram of prediction errors
(6 = FML — FEDP) shown on the right panels of FIG. 7.6, are characterized by a
small MSE of or ~ 0.005 for the force predictions.

It is worth noting that both the electron density and the local orbital configuration
can be directly obtained from the ML model, thanks to the local and linear coupling
between electrons and octahedral modes. As shown in Eq. (7.58), for example, the
expectation value of orbital pseudo-spin can be obtained as: (7;) = (EE + KQF)/\,
where F¥ = h(C;) is the total doublet force predicted by the ML model. Similarly,
the on-site electron number can also be obtained from the predicted forces F* for
the breathing mode: (i;) = (F/" + BKQM)/\.

Next we integrated the trained ML models into the Langevin dynamics method
and conducted thermal quench simulations of the JT model. We initiated the simu-
lations with a random initial state, which was suddenly quenched to a temperature
of T"= 0.01 at t = 0. The results from the ML-Langevin simulations were then
compared with those from ED simulations. As the ground-state is characterized by a

checkerboard pattern of the Q% JT distortions, we computed the correlation function

C*™(rij) = (Q7Q7) (7.68)
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Figure 7.8: Snapshots of local breathing mode Q4! and orbital Ising order
parameter ¢; at various time steps after a thermal quench of a half-filled f = 0.5 JT
model. An initially random configuration is suddenly quenched to a temperature
T = 0.001 at time ¢ = 0 (ngtep = 0). The ML-Langevin dynamics was used to
simulate the relaxation of the system toward equilibrium. The red and blue regions
correspond to orbital domains with order parameters ¢ = +1 and —1, respectively.
A time step At = 0.057p is used in the simulations.
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between the * modes at two octahedra separated by a distance r;; along either
the z- or the y-direction. FIG. 7.7 displays the time-dependent correlation func-
tions obtained from both ML and ED Langevin simulations, demonstrating excellent
agreement. The relaxation process is characterized by a gradual built-up of staggered
correlations of the Q* distortion, characteristic of the C-type orbital /JT oder. This
dynamical benchmark shows that the ML model not only accurately predicts the

forces, but also captures the dynamical evolution of the JT system.

7.3.5 Coarsening of Orbital Order in Cooperative Jahn-Teller
Model

The ML force-field model is applied to study the large-scale coarsening dynamics of
orbital order in the JT model. In addition to the linear scalability of ML method,
the efficiency is further enhanced by running the simulations on GPU machines. We
performed the thermal quench simulations on a 100 x 100 lattice where an initial state
with random local distortions was suddenly cooled to a low temperature 7" = 0.01
at time ¢ = 0. As discussed above, the low-temperature C-type orbital/JT order
exhibits a broken Z5 symmetry, which is physically related to both the sublattice and
mirror transformation about the diagonals. For the case of half-filling, this ground
state is also characterized by a uniform electron density of (n;) = 1. The lattice

distortions in the ground state can be described by two parameters:

QM =n QF =(60)exp(iK ;). (7.69)
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Figure 7.9: Snapshots of local breathing mode Q4! and orbital Ising order
parameter ¢; at various time steps after a thermal quench for a JT model with
f = 0.49 electron filling.
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where K = (7, 7) is the ordering wave vector, and the phase factor exp(iK - r;) = +1
for lattice sites at the two sublattices. The parameter n = A\/SK is the amplitude of
the uniform expansion of octahedra, while § = A(7%)/K can be viewed as a global Z,
order parameter for the staggered JT distortions. To characterize the inhomogeneous
states with multiple orbital domains after a thermal quench, we define a scalar order

parameter that measures the local staggered JT distortion

b = (Qf iy §n>i) exp(iK - 1). (7.70)

where (Q%_);

(Qf s + QF 4 + Qfy + QF ;)/4 denotes the average JT distortion
at the four nearest neighbors of site-i. A nonzero ¢; thus indicates the presence of a
local difference in JT distortion. Indeed, this Ising order parameter is ¢; = ¢ in the

long-range staggered JT order described in Eq. (7.69).
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FIG. 7.8 show the snapshots of the breathing-mode amplitude Q;-Al and the local
Ising order parameter ¢; at different times after a thermal quench of a half-filled JT
model. The red and blue regions, corresponding to ¢; = +1 and —1, respectively,
are C-type orbital orders related by the Z, sublattice symmetry. The two types of
orbital domains are separated by interfaces of vanishing ¢;, corresponding to the white
regions. On the other hand, a rather uniform ordering of Q4! is quickly developed
throughout the system, except at the interfaces of the two orbital domains. The nearly
constant amplitude Q4! corresponds to the uniform charge distribution (7;) ~ 1 in
the ground state as discussed above. At the interfaces that separate Ising domains
of opposite signs, there are segments with an electron density both above and below
the average value of one electron per site.

The snapshots during the relaxation of a JT system with an electron filling of
f = 0.49 are shown in FIG. 7.9. Overall, a relaxation behavior similar to that of
the half-filled case was obtained. However, there is a major difference regarding the
breathing mode and the electron density. In contrast to the milder inhomogeneity for
the half-filling case, the amplitude of the Q' mode as well as the electron density are
significantly reduced at the interfaces, as shown in the top panels of FIG. 7.9. As the
C-type orbital /JT order is stabilized in the half-filling limit, this result is consistent
with the phase separation scenario where nearly all of the doped holes go into the
interfaces between orbital domains.

Another intriguing feature of the Q4 configurations is the localized checkerboard
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Figure 7.10: Localized checkerboard modulation of breathing mode Q4! and
electron density. An example of such local structures is displayed in terms of (a) the
amplitude of breathing mode as well as the Q¥ vector and (b) the orbital Ising
order parameter.

modulations of the breathing-mode amplitudes. Such localized checkerboard modu-
lations can be seen in both filling fractions, but more pronounced in the f = 0.49
case. A close-up view of this localized structure is shown in FIG. 7.10(a). A region
of checkerboard modulation of the Q4! amplitudes is enclosed in orbital domains
represented by a Néel-type order of the doublet Q¥ vectors predominantly in the
Q)" direction. As the electron number 7n; directly couples to the breathing mode, this
checkerboard structure also indicates a concomitant charge density wave (CDW) char-
acterized by the wave vector K = (m, 7). It is worth noting that these CDW states are
essentially the same as the CDW state of the Holstein model at half-filling [375-377].
In terms of the orbital Ising parameter ¢, shown in FIG. 7.10(b), the checkerboard
pattern is accompanied by a vanishing orbital order, similar to the interface that sep-

arates different orbital domains. However, the average electron density of the CDW
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is found to be exactly one electron per site, which means that the doped holes are
not accommodated in such local structures.

It is worth noting that these localized CDW structures are also obtained in the
ED-based Langevin simulations on smaller systems, indicating that they are not an
artifact of ML models. However, such charge modulation patterns are mostly meta-
stable during the relaxation process. Our ED simulations on a 30 x 30 lattice found
that a state initialized to a homogeneous CDW order is unstable and will decay into
the C-type order. Yet, as shown in the snapshots from large-scale ML-Langevin
simulations, e.g. FIG. 7.9, such local CDW order persists even at late stage of the
phase-ordering where large domains of orbital order have been established. It is likely
that the local CDW order is stabilized as an intermediate structure in a multi-domain
state during relaxation.

Next we discuss the coarsening of the orbital domains. As discussed above, the
C-type orbital order is described by an Ising order parameter. And since the orbital
order and JT distortion are not subject to a conservation law, the coarsening of
the orbital/JT order is expected to be described by the universality class of the
phase ordering of a non-conserved Ising order. It is worth noting that the coarsening
dynamics of Ising order has been thoroughly characterized and classified into several
super-universal classes which depend on whether the Ising order is conserved and the
presence of quenched disorder. For non-conserved Ising order, which is also the case

for the C-type orbital order here, the coarsening dynamics is described by a curvature-
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driven mechanism summarized in the Allen-Cahn equation [378]. This results in a
specific power-law growth L ~ t%/? of Ising domains applicable to two and higher
dimensions [70-72]. A natural question is to see whether the coarsening of the orbital
domains falls into this Allen-Cahn universality class.

To quantify the coarsening dynamics, we consider the time-dependent correlation
length of the orbital/JT order. To this end, we first compute the time-dependent
structural factor of the staggered distortion defined as S(k,t) = |Q*(k,t)|*, where

Q" (k, ) is the Fourier transform the JT Q" configuration

@kt = Qe (7.71)

In FIG. 7.11 the structure factor is plotted at various time steps after a sudden quench
to a low temperature 7' = 0.01. The emergence of the C-type order corresponds to
a structure-factor peak at the wave vector K = (7, 7). However, instead of a delta
peak which is characteristic of a long-range order, a diffusive peak was observed even
at late times of the phase ordering. The finite width of the diffusive peak is due
to the presence of multiple orbital domains of opposite Ising orders. As the system
progresses towards equilibrium, the coarsening of these ordered domains results in
a stronger and sharper peak at K, as can be seen in FIG. 7.11. The inverse of the
width can thus provide a quantitative estimate for the characteristic length scale of

ordered domains

LNt = Ak =Y Sk, t)k - K|/Z S(k, 1), (7.72)
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Figure 7.11: Structure factor S(k,t) of the JT @Q* distortion mode at different time
steps after suddenly cooled to a temperature T = 0.001, starting from a random
state. The system size is 100 x 100 with filling fraction f = 0.49, and averaged over
40 independent configurations.
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This characteristic size of orbital domains also provides a measure of the orbital

correlation, i.e.
C™(r,t) ~ e IT/EB K (7.73)

where the correlation length is proportional to the characteristic domain size, & ~ L.

FIG. 7.12 shows the characteristic length as a function of time for two filling
fractions, f = 0.5 (one electron per site) and f = 0.49, both obtained by averaging
over 40 independent ML-Langevin simulations on a 100 x 100 system. The L(t) curves
of the f = 0.49 case are also shown for two different temperatures. For all cases, the
coarsening of the orbital domains shows a clear two-stage behavior: there is an initial
rapid domain growth, which is followed by a much slower coarsening dynamics. This
is also consistent with the snapshots shown in both FIG. 7.8 and 7.9. The initial
fast stage, as represented by the two ngeps = 200 configurations, is characterized by
emerging orbital domains accompanied by a featureless random distribution of Q4
and electron density. However, once the orbital orders are well developed in each
domain at ngeps 2 400, or for times ¢t 2 207, the coarsening rate is significantly
decreased.

By fitting the initial relatively fast growth with the Allen-Cahn law, as shown as
dashed lines in FIG. 7.12(a), one can see that the L(¢) from simulations starts to

deviate from the v/t behavior for ¢t > 15. On the other hand, the snapshots shown in

FIG. 7.8 and 7.9 clearly show that there is still coarsening going on even at late times
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Figure 7.12: The characteristic length L(t) of orbital domains as a function of time,
averaging over 40 independent ML-Langevin simulations. Panel (a) shows L(t)
curves for the case of half-filling and a filling fraction f = 0.49. Panel (b) shows the
L(t) curves at two different temperatures for the case of f = 0.49 electron filling.
The two dashed lines in (a) and the two solid lines in (b) are fit using the
Allen-Cahn growth law with a shifted time to and an initial length Lg. The fitted
expansion coefficients are a = 8.1 x 107 and a = 9.1 x 107° for temperature
T = 0.001 and 7" = 0.005, respectively.
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of the relaxation. If we attempt to fit this late-stage coarsening using the equation
L(t) = Lo + a(t — ty)*/?, the extracted expansion coefficient a ~ 107 is extremely
small. This corresponds to a relative domain growth of the order of AL/Ly ~ 1073
over a time span of 30 oscillation cycles ¢y of the JT modes. This indicates a freezing
behavior at the late stage of the phase ordering regardless of whether the phase-
ordering can be described by the Allen-Cahn domain growth.

It is worth noting that the Allen-Cahn domain growth law is intimately related
to the domain morphologies of the inhomogeneous states. Fundamentally, the Allen-
Cahn equation for the domain-wall motion describes a curvature-driven coarsening
process. Mathematically, the domain-wall velocity is given by v = —rk, where & is the
curvature, and r is a proportional constant. Indeed, this equation implies a power-law
domain growth. For inhomogeneous states characterized by a characteristic length
L, the domain-wall velocity can be approximated by v ~ dL/dt, while the curvature
is on average given by k ~ 1/L. The Allen-Cahn equation indicates a differential
equation dLL/dt ~ —1/L, which can be readily integrated to give the growth behavior
L~ /2,

Within the framework of curvature-driven domain growth, the late-stage freezing
observed in our simulations could be attributed to the rather straight interfaces that
separate orbital Ising domains of opposite signs; see FIG. 7.8 and 7.9. Moreover, the
nearly straight interfaces tend to run parallel along the = or y-directions. Since the

effective orbital interactions originate from the electrons through a mechanism similar
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to RKKY interactions, this interfacial anisotropy can be attributed to the highly
directional hopping of e, electrons. The nearly zero curvature of such straight domain
boundaries indicate a vanishing velocity for the domain-wall motion. Consequently,
the coarsening is mostly driven by the corner regions of orbital domains, where a
finite interfacial curvature remains. Let k. be a characteristic curvature of the corner
regions, the corresponding length scales of curved interfaces is ¢ ~ 1/k.. It should
be noted that this curvature k. is determined by the competition of the electron and
elastic energies of the JT model. When typical domain size L is greater than this
length scale, curvature driven domain-wall motion is suppressed by the interfacial
stiffness. This indicates a threshold length scale Ly, ~ ¢ ~ 1/k. such that orbital
domains with a linear size L 2 Ly, start to show freezing behavior. The L(t) curves

shown in FIG. 7.12 seem to be consistent with this threshold scenario.

7.4 Summary and Discussion

In this work, we present a numerical framework of utilizing machine learning meth-
ods for multi-scale dynamical modeling of condensed matter systems with emergent
dynamical classical fields. These classical degrees of freedom could arise from the cou-
pling to lattice dynamics, or magnetic moments of localized d or f electrons. They
could also represent the collective electron behaviors, as exemplified by the order-
parameter field in a symmetry breaking phase, of interacting electrons. The slow adi-
abatic dynamics of the emergent classical fields is often dominated by the electrons

or quasi-particles, which are assumed to be in quasi-equilibrium of the instantaneous
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Hamiltonian parameterized by the classical variables. As in the quantum or ab initio
molecular dynamics methods, accurate simulation of the dynamical classical fields
requires solving the electronic structure problem at every time-step. Motivated by
the success of ML-enabled large scale quantum MD simulations, we propose a similar
approach for condensed matter systems in which the complex dependence of the local
energy on the neighborhood classical field is encoded in a ML energy model.

The two important components of the ML energy model are the descriptor for
characterizing the local classical field configuration, and the learning model used to
encoded the dependence on the local environment. Several learning models devel-
oped in the context of quantum MD can also be used for the effective energy model
of the condensed-matter systems. Among the various ML models, the deep-learning
NN is perhaps the most versatile and accurate. The descriptor is crucial for properly
incorporating symmetry of the system into the ML energy model. The so-called fea-
ture variables, which are input to the learning model, must be invariant with respect
to symmetry transformations of the electron Hamiltonian. While a large number of
descriptors have been proposed for ML-MD methods, the theory of descriptor for
classical fields of condensed matter models has yet to be developed.

We discuss common features of the descriptor of classical fields of electronic lattice
models, and formulate a general theory by first distinguishing two types of models
depending on the absence or presence of an internal symmetry for the classical fields.

Several specific approaches to derive a descriptor have been discussed. For example,
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the approach, motivated by ML-models for quantum MD simulation, is the general-
ization of the ACSF which incorporates the internal symmetry of the classical fields.

The majority of our effort focuses on the group theoretical method which offers
systematic and controlled approach to build fundamental invariants of the symmetry
group. In this approach, the local classical fields, which form a high-dimensional
representation of the site-symmetry point group, is first decomposed into the IRs.
Fundamental invariants are given by the bispectrum coefficients of three IRs, which
are similar to the scalar or triple product of three vectors. To cope with the issue
due to the large number of the over-complete bispectrum invariants, we propose a
simplification method based on the concept of the reference IRs. Instead of keeping
all the bispectrum coefficients, both the amplitude and the relative "phase" of each
IR can be faithfully retained via an inner product with the reference IR.

Finally, we demonstrate the implementation of the various descriptors on well-
known lattice models including the JT model and the s-d Hamiltonian for itinerant
magnets. The classical field in the former case corresponds to local structural distor-
tions. In particular, the scalar field in the Holstein-type models offers the simplest
example to illustrate the working of the lattice descriptor. On the other hand, the s-d
model characterized by a vector classical field is used to demonstrate the construction
of a descriptor with an independent internal symmetry.

Our work laid the foundation for applying ML methods to multi-scale dynamical

modeling in condensed matter systems. Contrary to ML-based MD methods which
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is an ongoing active research field by itself, the goal here is to model the adiabatic
dynamics of classical fields under the influence of quasi-equilibrium electrons. The
capability of going beyond empirical methods for large-scale dynamical simulations
of such classical fields has numerous implications in condensed matter physics. For
example, one particularly important application is the accurate dynamical modeling
of topological defects of multi-component classical fields, which are prevalent in con-
densed matter systems. Notable examples include vortices in superconductivity and
skyrmions in itinerant magnetism.

Moreover, complex inhomogeneous electronic states are ubiquitous in correlated
electron systems. Not only are these mesoscopic textures of fundamental importance
in correlated electron physics, they also play a crucial role in the emergence of novel
macroscopic functionalities. For example, complex mixed-phase states are prevalent
in colossal magnetoresistant materials and several high-7,. superconductors also ex-
hibit intriguing stripe or checkerboard patterns. Accurate modeling of these complex
nanoscale textures is thus of paramount importance in the engineering of these novel
material functionalities. However, large-scale simulations of such electronic textures
so far are based on empirical or phenomenological models, mostly because of the
extreme difficulty for the multi-scale dynamical modeling of such systems. We be-
lieve that the ML force field approach along with the proper descriptor outlined in
this work will be an indispensable tool to enable large-scale dynamical simulations of

complex patterns in correlated electron materials.
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Appendix A

Details of the Descriptor for
displacements on a diamond lattice

The silicon atoms around a centered atom form into four different cases: four points
group, six points group, twelve points group, and twenty-four points group. Only
former three cases occurred in our case of 2 x 2 x 2-supercell. Four points case
displacement vectors (corner points of the cube) can be decomposed into 4 x 3 =

AP EPT P 2T; with the following basis:

fAl:a$+ay—|—az—bx—by—i-bz%—cx—cy—cz—dx—i—dy—dz
fF=a,+a,—2a, —b, —b,—2b, +c, — ¢, +2¢c, — d, +d, + 2d,
P =V3(—a, +a, +b,— b, —co — ¢y +dy +dy)
fle:ay—az—l—by—i—bz—cy—l—cz—dy—dz

Sl =a,—a.+b,+b,—cy—c.—dy + d.
szl:—ax+ay+bm—by+cx+cy—dm—dy

fé&,l :a$+bx+cx+dx

232



Appendix A. Details of the Descriptor for displacements on a diamond lattice 233

fzt/rQ’l:aijby'i”cy"'dy
f52’1:az+bz+cz+dz

fe?=q,+a,+b,—b,—c,—c. —d,+d
x y 2T 0y =0 = Cy —C y 2

f52’2:az+az+bx_bz_cx+cz_dx_dz

2?2 =a,+a, — b, — b, —c, +c, +d, —d,

where the Cartesian coordinates of those points are a(0.5,0.5,0.5), b(—0.5,—0.5,0.5),
¢(0.5,—0.5,—-0.5), and d(—0.5,0.5,—0.5), or {—a, —b,—c,—d}. The six points case
displacement vectors (face-centered points of the cube) can be decomposed into 6x3 =

A @ E P 2T, @ 31, with the following basis:

M= tby+c.—d.—ey— fu
ff:am+by—2cz—|—2dz—ey—fm
fEI\/§(—ax—|—by—ey+fx)
fhl=b,—c, —d, + ¢,
fyTl’lzay—cy—dy—i-fy

Pt =—a.+b.+e.— f.

fI? = —b. 4 ¢y —dy +e.

[y ==t —do+ .

le’Qzay_bz+€w_fy

f?’l = ag + fa



Appendix A. Details of the Descriptor for displacements on a diamond lattice 234

fyTQ’l =by+ey
= +d.

fB2=p +c,—d,—e.
PP =a.+c—d,— [
fZTQ’2 =a,+b,—e;,— fy
B3 =b, +cp+dp + e
f? =ay+cy+dy+ fy

Y

f3273:az+bz+ez+fz

where the Cartesian coordinates of those points are a(2,0,0), b(0,2,0), ¢(0,0,2),
d(0,0,—2), e(0,—2,0), and f(—2,0,0). The twelve points case displacement vectors
(edge-centered points of the cube) can be decomposed into 12x3 = 24, @ A, P 3E P 4T, P 51>

with the following basis:

A ' =a,+a, +by+b. vt tdy—do e, —e.— f,+ f
fAl’z:az+bz+cy_dx_ey_fx‘f’gy"i_hx_iy_jz_kz"‘lz
f2=a,—a,+b,—b,—cp+c.+dy+d.—e,—e.— [, — [

+ 9 —g:—hy+h.+ig+iz+go+5y— ks —ky—1l+1,

Bl =2a, +2a, —b,—b, —c, —c, —dy+d, — e, +e.+ f, — [
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+ gr+ 9.+ hy + by + iy — s+ 25, — 25, — 2k, + 2k, — 21, — 21,
P =3y +b.—co —c.+dy—d. — e, +e,
—fy+fot gt g —hy—h.+i,—1i.)
fE2 = by +b,—co+ec.—dy—d, —e, — e,
+fy+fot 9 — g+ hy —h,+i, 40,

1
7= —=2a, —2a, —by+b.+co—c.—dy—d. + e, + e+ fy + [

V3

— o+ 9:+ hy — hy — iy — i, + 25, + 25, — 2k, — 2k, — 21, + 21,)
ff,3:2az_bx_cy+dx+ey+fx

— Gy — hy + 1y, — 27, — 2k, + 21,
ff’g:\/§(bx—cy—dz+ey—fm—gy+h$+iy)
fgl,l:am_cm_ex_gw_im+jm+kw+lm
fit =ay—by—dy— fy — hy+ jy + ky +1,
T1,1: _ _ _ __ 2
I b.—c.+d.—e.+ f.—g.+h.— i,
fh?=a,—c,+e,—g.+i.—j, — ky +1,
fll/Tlg:a’m_bz+dz+fz_hz_jx_kar+lx
L2 —p —c,—d — f, — h )
fz Y Cy y+€x fy gx+ y+2z
it =—by+b.+dy+d.— fy— [+ hy —h.

fgl’gz_Cw+cz+€x+ez+gx_gz_ix_iz

szl’S:@z_ay_jm_jy+kx+ky_lx+ly
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fht=a, —c,+e,+g,—iy—j. + k. — L
T1,4 .

fy _az_bx+d$_fz+hw+]z_kz_lz
fht=b, —c,+dy—e,— fo+gy,—hy +i
z x ) x Yy x Yy x Yy
fgzb’l:az+cz+€x+gz+2:p+]x+km+1x
Pt =ay + by +dy+ fy+ hy + jy + ky 41,
fPl=b.+c.+dote.+ fotg.+h+is
fg272:ay+cz_6z+gz_iz_jy_ky+ly
f1;r2’2:a$+bz_dz_fz+hz_jz_kw+lx
P2 =b, +c,—dy—ep— fy+ g+ hy —i
z Yy €T Yy T Yy x Yy x
PP =by+b,—dy+d.+ fy— f. —hy — h.
f?f%g:cx_'_cz_ex‘i_@z_gx_gz_"ix_iz
S =aptay —jo+jy ke —ky—lo—1
z x Yy x Y x Y x Yy
fort=as ey —ey =gy tiy— .+ k.~ L
To4 .

St =by ey +dotey— fo—gy—ho—i
z x Y T Yy z Yy z Yy
f52’5:bw+d:v+fx+h:p

PP =cy+ey+gy+iy

SIS =, 4 g 4k, L
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where the Cartesian coordinates of those points are a(1,1,0), b(0,1,1), ¢(1,0,1),
(0,1, —1), e(1,0, 1), £(0,-1,1), g(—1,0, 1), h(0,~1,~1), i(—1,0,1), j(1,—1,0),
k(—1,1,0), and (-1, —1,0).

The feature variables which are invariant under symmetry operations of the point-

group 1y are given by the following invariants:

g
G = [ f

GY = (f". ")

Gy = (f", £%)

GIt = (", ™)

Gyt = (f", fib)

Gyt = [ (D o ok + £ fk o+ f D )
GIt = (", ™)

Gyt = (™, £i2)

GT2 fTQfefyfefz +fT2frefa:fefz +fT2fefxfefy



Appendix B

Tests of Gravity with
Gravitational-Wave through Machine
Learning

B.1 introduction

The rapid advancements in gravitational-wave astronomy have enabled the devel-
opment of sophisticated and efficient models for gravitational waveforms, particu-
larly in exploring modifications to General Relativity (GR), such as Einstein-dilation
Gauss-Bonnet (EdGB) gravity [379]. One promising approach for efficiently predict-
ing gravitational-wave signals is the Deep INference for Gravitational-wave Obser-
vations (DINGO) model [380], which employs machine learning techniques to expe-
dite parameter estimation for gravitational-wave signals. This chapter examines how
DINGO can be utilized to accurately predict gravitational-wave signals under EdGB
modifications.

The DINGO model leverages a neural posterior estimation approach that employs

deep learning techniques to predict the posterior distributions of gravitational-wave
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events. Traditional Bayesian parameter inference methods, such as Markov Chain
Monte Carlo (MCMC), are computationally expensive due to the extensive number
of likelihood evaluations required [381]. In contrast, DINGO utilizes neural networks
to bypass this computational bottleneck by using simulated data to train a model ca-
pable of generating posterior samples in real time once a gravitational-wave detection
occurs. This results in a significant reduction in inference time, from several hours or
even days to just a few seconds per event.

The primary innovation of DINGO lies in its ability to use neural networks to
learn the mapping between gravitational-wave data and source parameters, making
it a powerful tool for rapid parameter estimation. This enables real-time data anal-
ysis and detailed investigation of gravitational-wave events with exceptional speed
and accuracy. DINGO is trained on a comprehensive dataset comprising both simu-
lated gravitational-wave signals and detector noise, allowing the model to generalize
effectively across different noise profiles. The main advantage of this approach is a
substantial reduction in computational costs without compromising accuracy.

The model architecture of DINGO is based on normalizing flows, a form of deep
generative model that allows efficient sampling from complex posterior distributions.
By using normalizing flows, the DINGO model can produce highly accurate estimates
of gravitational-wave source parameters, and it can do so orders of magnitude faster
than conventional techniques. The underlying neural network is trained on a large

number of simulated gravitational waveforms, which include variations in detector
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noise and system parameters. The process of neural posterior estimation effectively
turns the problem of posterior sampling into a problem of supervised learning, where
the model is trained to learn the mapping from input gravitational-wave data to the
posterior over source parameters.

The implementation of DINGO further incorporates several advanced deep learn-
ing techniques, including residual connections and batch normalization, which help
stabilize training and improve the model’s ability to capture intricate dependencies
within the data. By training the model on a diverse set of simulated waveforms,
DINGO can accurately account for various features of the gravitational waveforms,
including spin precession and eccentricity, which are crucial for realistic gravitational-
wave parameter inference.

EdGB gravity is an extension of GR that incorporates additional scalar fields cou-
pled to the Gauss-Bonnet term in the action. This modification introduces higher-
order curvature corrections, which become particularly significant in high-curvature
regimes, such as those encountered during compact binary mergers. The primary
effect of EAGB corrections is the introduction of additional phase terms in the inspi-
ral phase of gravitational waveforms. These corrections are most prominent during
the inspiral phase of compact binaries, making gravitational-wave signals a valuable

observational tool for probing these modifications to gravity.
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B.2 Einstein-dilation Gauss-Bonnet Gravity

B.2.1 Theory

We begin by presenting the action for scalar Gauss-Bonnet (sGB) gravity [382-385]:

S = /d4x\/—_g{% — %(W))2 + acnf(P)RER| + Sm - (B.1)

Here g is the determinant for the metric g,,, R is the Ricci scalar, ¢ is a scalar field,
Qg 18 the coupling constant between the scalar field and the metric, S,, is the matter
action, and

R%}B = R/LZ/O'pR“pr - 4RuyRHU + Rz 9 (B2>

is the GB invariant. f(¢) is an arbitrary function of the scalar field that determines
how it is coupled to the metric. EAGB gravity is realized by choosing f(¢) = e™7¢
for a constant . As shown in [386,387], this theory can be written in a second-order,
hyperbolic form that is well-posed for numerical relativity evolution within a range
of parameter space.

String theory predicts even higher-order curvature terms in the action that we
do not include in the analysis. To justify this and treat the theory as an effective
field theory, we work in the small coupling approximation scheme (or reduced-order
scheme) where we assume that the GR contribution is dominant and handle EAGB
corrections as small perturbations. In particular, we define a dimensionless coupling

constant

_ 16mad,

(=T, (5.3)
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where L is the characteristic length of the system and assume ¢ < 1. This technique
has been used to find scalar charges of compact objects [388-390]|, corrections to
the gravitational-wave phase at the inspiral stage [388], and to carry out numerical
simulations of binary black hole (BBH) mergers [391].

Let us study the theory within the small coupling approximation scheme in more
detail. We perturb field equations in agp and solve them order by order. Then,

¢ = O(agg) and one can expand f(¢) in small ¢ as:

f(@) = f(0) + f'(0)¢ + O(¢7) . (B.4)

The first term is a constant and this does not change the field equations from the
GR ones as the GB invariant is a topological term and can be rewritten as a total
derivative. Thus, the leading effect comes from the second term where the scalar field
is linearly coupled to the GB invariant. For this reason, we consider the following

action in this work:

R 1
S = /d4x\/_—g {16—% — 5(v¢>)2 + agpdREg | + Sm, (B.5)

where we have absorbed f’(0) into a¢p. In this theory, BHs can have non-vanishing
scalar charges [388,389| while neutron stars (NS) do not [390] within the small cou-

pling approximation.
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B.2.2 Gravitational Waveforms

We next find EAGB corrections to the gravitational waveform phase. Given that most
of the signal-to-noise ratios (SNRs) for gravitational-waves from NSBHs and BBHs
come from the inspiral portion, we focus on the inspiral stage in our analysis. The
leading correction to the phase at the inspiral stage enters at —1 post-Newtonian
(PN) order due to the scalar dipole radiation and was derived in [383]. Some of the
higher PN corrections were recently derived in [392,393].

Within the stationary phase approximation [394,395], the waveform in the Fourier

space is given by:

hf) = A(f)exp i W(f)],  W(f) = Yer(f) +0U(f). (B.6)

Here A(f) is the amplitude, Wy is the GR phase, and the EdGB correction to the
phase 0¥ (up to O(a?,)) is given in a form
2
SV = Zé\lfipN - % DT (B.7)
Here v = (7 M f)'/3 is the relative velocity of the binary constituents with gravitational-
wave frequency f and the total mass M = mj +mo, where m; and ms are the masses
of the primary and secondary objects of the system. The coefficients ¢; up to 2PN

order can be found in the reference paper [381].
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Figure B.1: A diagram showing how normalizing flow works [396].

B.3 Normalizing Flow

Normalizing flows are a type of deep generative model that have proven highly ef-
fective in a range of applications involving complex probability distributions. They
work by transforming a simple base distribution, such as a standard Gaussian, into a
more complicated target distribution through a series of invertible and differentiable
transformations, shown in Fig B.1. This framework allows for efficient sampling and
density evaluation, making it particularly suitable for tasks requiring posterior infer-
ence in high-dimensional parameter spaces.

In the context of gravitational-wave parameter estimation, normalizing flows are

used to approximate the posterior distribution of source parameters given the ob-
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served data. This is achieved by training the model to learn a sequence of trans-
formations that maps the latent space of base distributions to the target posterior
distribution. By leveraging this powerful technique, the DINGO model can perform
accurate and rapid inference of gravitational-wave signals, even in scenarios involving
modifications to GR like EdGB gravity. Normalizing flows thus provide the founda-
tional generative modeling capabilities that underpin the efficiency and scalability of
the DINGO framework.

The neural posterior estimation framework of DINGO can be applied to investi-
gate deviations in gravitational-wave signals from GR due to EAGB modifications.
Specifically, the inclusion of EAGB gravity introduces higher PN corrections to the
gravitational wave phase, including a — 1PN dipole term and additional higher-order
terms. The DINGO model is trained on waveform simulations that incorporate these
EdGB terms, thereby enabling it to detect deviations in waveform morphology re-
sulting from EAGB effects.

Incorporating EAGB modifications into the DINGO model involves adjusting the
training set to include waveform simulations that reflect the presence of EAGB cor-
rections. These corrections manifest as deviations in the gravitational waveform’s
phase evolution, particularly during the inspiral phase, which can be used to infer the
presence of EAGB contributions. The EdGB coupling constant, denoted as \/agaas,
plays a key role in quantifying the strength of these modifications, and its value can

be constrained by analyzing the observed gravitational-wave signals.
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Figure B.2: Overall structure of the normalizing flow [2] from the base space (u) to
the parameter space (), with optimal hyperparameter choices indicated. Red
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By using the DINGO model, we expect that posterior distributions for the coupling
constant y/agqce can be efficiently computed for different gravitational-wave events
involving NSBH and BBH mergers. Unlike traditional methods, DINGO allows for
rapid computations, which are crucial for analyzing large datasets and evaluating
EdGB modifications across multiple events simultaneously. This ability to provide
real-time estimates of modified gravity parameters is especially valuable for follow-up
observations and multi-messenger astronomy, where rapid response times are essen-
tial.

Following 500 epochs of training—comprising 200 epochs focused on fiducial ASD
noise and an additional 300 epochs encompassing all ASD noise for observing run
O1—the loss function for the DINGO model, which utilizes 200 SVD components,

has been reduced to 4.18. Importance sampling for GW150914 is depicted in Fig B.3.
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