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The rapid advancement of machine learning based tight-binding Hamiltonian (MLTB) methods has opened new av-
enues for efficient and accurate electronic structure simulations, particularly in large-scale systems and long-time scenarios.
This review begins with a concise overview of traditional tight-binding (TB) models, including both (semi-)empirical and
first-principles approaches, establishing the foundation for understanding MLTB developments. We then present a system-
atic classification of existing MLTB methodologies, grouped into two major categories: direct prediction of TB Hamiltonian
elements and inference of empirical parameters. A comparative analysis with other ML-based electronic structure models
is also provided, highlighting the advancement of MLTB approaches. Finally, we explore the emerging MLTB appli-
cation ecosystem, highlighting how the integration of MLTB models with a diverse suite of post-processing tools from
linear-scaling solvers to quantum transport frameworks and molecular dynamics interfaces is essential for tackling complex
scientific problems across different domains. The continued advancement of this integrated paradigm promises to accelerate
materials discovery and open new frontiers in the predictive simulation of complex quantum phenomena.
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1. Introduction

The accurate and efficient modeling of electronic struc-
tures lies at the heart of modern physical sciences, un-
derpinning advancements across condensed matter physics,
materials science, chemistry, nanotechnology, etc. While
first-principles methods such as density functional theory
(DFT)[1,2] provide a robust framework for describing the
full complexity of electronic structures, its computational de-
mands often make it impractical for larger or more intricate
systems. This situation usually leads to unnecessary com-
plexity when the fundamental physics governing a material is
predominantly determined by its low-energy electronic states,
which is often the case. This means that while DFT offers a
comprehensive picture, its exhaustive approach can be overkill
for phenomena primarily driven by these more accessible en-
ergy levels. In this context, tight-binding (TB) methods[3,4] of-
fer a more practical alternative by representing the electronic
Hamiltonian in a simplified form. By specifically focusing on

the low-energy space and describing the electronic structure
in a local basis with a manageable size and hoppings to only
a few nearest neighbors, TB methods are significantly more
computationally efficient than the DFT method. While the for-
mal scaling for the eigenvalue diagonalization step is 𝒪(N3

orb)

for both approaches, the vastly smaller basis size (Norb) in TB
results in a dramatic, orders-of-magnitude speedup in practice.
Hence TB provides an efficient and physically intuitive ap-
proach to approximate the quantum behavior of electrons in
solids and molecules.

Generally, a parameterized TB Hamiltonian operator in
the second quantization form can be written as

Ĥ = ∑
i

εic
†
i ci +∑

i̸= j
ti jc

†
i c j, (1)

where i, j is the compact index indicating the site, orbital as
well as spin degree of freedom, and c†

i (ci) is the creation
(annihilation) operator. εi and ti j are the on-site energy and
hopping amplitudes, respectively. To accurately describe the
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electronic structure of a given system, it is crucial to deter-
mine the appropriate and meaningful values for these parame-
ters. For realistic systems involving a large number of atoms
and complex chemical environments, determining these pa-
rameters is a challenging task. Traditional TB methods rely
on (semi-)empirical or first-principles parameterization strate-
gies, which often require extensive human efforts and are dif-
ficult to generalize across different chemical environments.

In recent years, machine learning-based TB (MLTB)
methods have emerged as a powerful and versatile approach
to overcome this parameterization challenge.[5–16] The central
philosophy of MLTB is to build a computationally efficient
surrogate model that inherits the accuracy of first-principles
calculations while retaining the efficiency and physical in-
tuition of the tight-binding framework. Compared to tradi-
tional TB parameterization schemes, MLTB eliminates the
need for manual parameter fitting and allows for systematic
improvement and transferability across diverse systems. This
has spurred the development of a diverse array of methodolo-
gies. One major branch of research focuses on directly learn-
ing the TB Hamiltonian matrix elements,[7–9,11,14–16] often by
training neural networks on first-principles band structures or
pre-computed Wannier Hamiltonians. A parallel and equally
powerful approach aims to learn the underlying physical pa-
rameters of the TB model itself,[5,6,10,12,13] such as the Slater–
Koster integrals (SKIs). Recent advances in this direction have
even gone beyond the traditional two-center approximation by
incorporating environment-dependent corrections.

The development of these predictive and transferable
MLTB models has profound implications for computational
simulation. By eliminating the need for manual, system-
specific fitting, they are unlocking the ability to perform
high-fidelity electronic structure simulations at unprecedented
scales. As will be explored in this review, MLTB models
are enabling simulations pushing towards the million-atom
regime when combined with linear-scaling solvers,[13] allow-
ing for high-fidelity device simulations when integrated into
quantum transport frameworks,[17] and providing powerful
tools to study the rich physics of electron–phonon interac-
tions and nonadiabatic processes when coupled with molec-
ular dynamics.[9,13,18] These advances are the central theme of
this review: the emergence of a comprehensive MLTB applica-
tion ecosystem that bridges the gap between accurate models
and large-scale scientific simulations.

This review is organized as follows. We begin in Sec-
tion 2 with a concise discussion of traditional TB approaches
to establish the historical context. In Section 3, we present
a systematic overview of modern MLTB methods, includ-
ing their model architectures, descriptor design, and training
strategies, and categorizes them by their prediction targets. We
further situate them within the broader landscape of machine
learning for electronic structure. We then shift focus in Sec-

tion 4 to the emerging MLTB application ecosystem, analyz-
ing how the integration of these models with efficient solvers,
specialized transport frameworks, and dynamics interfaces en-
ables the simulation of complex phenomena in large-scale sys-
tems. Finally, in Section 5, we conclude by summarizing the
state of the art, highlighting key challenges, and outlining fu-
ture directions for this rapidly advancing field.

2. Traditional TB approaches
Over the decades, various traditional TB approaches have

been developed to balance computational efficiency with accu-
racy, ranging from (semi-)empirical parameterizations to first-
principles-derived variants. In this section, we briefly review
the key (semi-)empirical and first-principles TB approaches,
highlighting their advantages and inherent limitations.

2.1. (Semi-)empirical TB methods

(Semi-)empirical TB methods offer a computationally ef-
ficient alternative to first-principles calculations by simplify-
ing the electronic Hamiltonian into a parameterized form. The
central idea is to replace complex quantum mechanical inte-
grals with a smaller set of tractable parameters that are fit-
ted against experimental data or higher-level theoretical re-
sults. Representative approaches, which we will discuss, in-
clude the density functional tight-binding (DFTB)[19–21] and
the extended tight-binding (xTB) families of methods.[22–26]

A widely adopted parameterization strategy is the Slater–
Koster (SK) formulation,[4] which employs the on-site energy
and hopping terms with a minimal basis set under the two-
center approximation.

The on-site energies are given by the l-dependent con-
stants εl , where l is the angular quantum number of the corre-
sponding orbital. For example, l = 0,1,2 correspond to s, p,
and d orbitals, respectively. The hopping terms take the form

H lm,l′m′

i, j = ∑
ζ

[
𝒰ζ (𝑟̂i j) hll′ζ

]
mm′

, (2)

where i, j are the site indices at positions 𝑟i and 𝑟 j. 𝒰ζ (𝑟̂i j)

is the SK transformation matrix, which depends solely on the
direction 𝑟̂i j = 𝑟i j/ri j with ri j = |𝑟i − 𝑟 j|. Here, m refers to
the magnetic quantum number. The parameter hll′ζ is the SKI
corresponding to an ζ -type bond between two orbitals with an-
gular momenta l and l′. Under the two-center approximation,
SK formulation requires only min(l, l′)+1 SKIs to describe all
elements in l − l′ Hamiltonian matrix blocks with a shape of
(2l+1)×(2l′+1). For example, as illustrated in Fig. 1(a), in-
teractions involving s and p orbitals are described by only four
types of SKIs (hssσ , hspσ , hppσ , hppπ ), which dramatically sim-
plifies the parameter space. Consequently, only the hspσ term
contributes to Hs,pz

i, j , as demonstrated by the SK transformation
in Fig. 1(b). This formulation has been widely used since its
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proposal in the 1950s.[28] Many SK-scheme-based parameter-
ization strategies and parameter sets for various systems have
emerged. A prominent example is the Navy Research Lab-
oratory (NRL) TB model,[29,30] which fits not only the band
structures but also the total energies. For more detailed dis-
cussion of the NRL method and its applications, see Ref. [28].

Fig. 1. Schematic illustration of the SK formalism and Wannierization.
(a) The four types of SKIs involving s and p orbitals. (b) SK trans-
formation for the coupling between s and pz orbitals located at sites i
and j. (c) Construction of Wannier functions from Bloch bands. Image
adapted from Ref. [27].

Building upon the SK formulation, the density func-
tional tight-binding (DFTB) method[19–21,31] was introduced
as a systematic approximation to the DFT. DFTB models
are formulated by expanding the DFT total energy functional
E tot around the reference density ρ0 (superposition of neutral
atomic densities) in a Taylor series

E tot[ρ0 +δρ] = E0[ρ0]+E1[ρ0,δρ]+E2[ρ0,(δρ)2]

+E3[ρ0,(δρ)3]+O((δρ)4), (3)

where δρ is the density fluctuation with respect to ρ0. De-
pending on the order of the Taylor expansion, different vari-
ants of DFTB have been proposed. DFTB1 (originally re-
ferred to as DFTB)[19,20] is a first-order, non-self-consistent
model in which the Hamiltonian matrix elements are obtained
from DFT calculations of isolated dimers as functions of in-
teratomic distance. DFTB2[21] introduces a second-order cor-
rection E2[ρ0,(δρ)2] by incorporating self-consistent charge
effects. This allows for self-consistent treatment of δρ in sys-
tems. Furthermore, DFTB3[21,23–25] improves accuracy by in-
corporating the third-order term, which is important when lo-
cal densities vary significantly. Since the 1990s, the DFTB
method has established itself as a semi-empirical approach
successfully improving the performance of the TB method
across a broader range of materials systems.

Despite its theoretical elegance and improved accu-
racy, DFTB faces practical limitations due to two major

drawbacks.[32] First, its pairwise parameterization scheme
results in thousands of empirical parameters to be deter-
mined when covering even a portion of the periodic table.
This makes the development of system-specific parameteri-
zations time-consuming and requires expert knowledge, lead-
ing to fewer strategies succeeding in achieving broad elemen-
tal coverage.[33,34] Second, due to the use of a minimal basis
set, not all desired properties can be described at a compa-
rable accuracy. In the field of quantum chemistry, this prob-
lem has been, to some extent, circumvented by extended tight-
binding (xTB) methods. A representative example is GFN-
xTB,[22] the most widely used xTB method, originally de-
signed to describe molecular properties in systems contain-
ing up to several thousand atoms. The acronym GFN reflects
the methods’ emphasis on accurately capturing geometries, vi-
brational frequencies, and non-covalent interactions.[32] Un-
like DFTB, GFN-xTB primarily employs global and element-
specific parameters, thereby minimizing the total number of
required parameters. By fitting to reference data obtained from
first-principles calculations, both GFN-xTB and its successor
GFN2-xTB[26] have demonstrated robust accuracy across a
broad range of chemical and biochemical applications. How-
ever, due to its underlying approximations, the accuracy of
xTB methods tends to deteriorate for solids. In addition,
GFN2-xTB calculations under periodic boundary conditions
can become computationally demanding.

2.2. First-principles TB methods

Over the past decades, first-principles TB methods have
been developed to systematically improve the accuracy and
reliability of TB models. The central strategy involves pro-
jecting Bloch states obtained from first-principles calculations
onto localized basis functions, such as Wannier functions[27]

or quasi-atomic orbitals,[35,36] etc. Through projection, the
TB parameters are directly obtained from the first-principles
results, enabling an accurate reproduction of electronic band
structures.

Among various first-principles TB schemes, one of the
most widely adopted methodologies is the use of maximally
localized Wannier functions (MLWFs).[27] MLWFs are ob-
tained through a unitary transformation of Bloch states, typ-
ically selected from a low-energy window around the Fermi
level, as illustrated in Fig. 1(c). This process is designed to
minimize the spatial spread of the resulting orbitals, thereby
ensuring the locality and orthogonality of Wannier functions.
Moreover, an ecosystem of MLWF methods has flourished
over the last two decades,[37] further advancing its develop-
ment.

However, projection-based first-principles TB methods
face several practical challenges. A key difficulty is the ab-
sence of a priori knowledge of the optimal minimal basis set,
often requiring detailed analysis of the first-principles band
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structure. In non-iterative projection approaches, such as di-
rect projection[27] and quasi-atomic orbitals (QO),[35,36] the
basis functions are predetermined, limiting the energy bands
range that can be accurately reproduced. In contrast, itera-
tive projection methods, including muffin-tin orbitals of arbi-
trary order (NMTO)[38] and MLWFs, require carefully choos-
ing initial guesses for the basis functions and the energy win-
dow of the band to fit.[39] These steps require additional com-
putational complexity and a certain level of expertise. Further-
more, as the first-principles TB Hamiltonian is optimized for
specific reference structures, its transferability to unseen con-
figurations is often limited.

In essence, although traditional tight-binding (TB) meth-
ods, from (semi-)empirical to first-principles, offer a sig-
nificant reduction in computational complexity, they remain
bound by the trade-off between efficiency and accuracy. While
(semi-)empirical TB excels in speed and scalability, its re-
liability is limited. First-principles TB, on the other hand,
achieves higher accuracy at the cost of increased complexity
and user intervention. This fundamental compromise has be-
come a critical bottleneck for modeling increasingly complex
systems, motivating the recent exploration in machine learning
approaches.

3. Machine learning TB methods

In recent years, ML methods have profoundly im-
pacted various aspects of first-principles electronic structure
simulations.[13,44,46–48] Within this broader context, MLTB ap-
proaches have emerged as a particularly active and promising
direction. A growing number of studies have proposed diverse
MLTB strategies, demonstrating great performance across dif-
ferent materials and device-level systems.[5,7–9,11,17,50]

To provide a clear overview of recent developments in
MLTB methods, we categorize existing approaches based on
their prediction targets and list them in Table 1. Specifically,
we distinguish between models that directly predict the ele-
ments of the TB Hamiltonian matrix and those that infer em-
pirical parameters used to construct the Hamiltonian within a
specific parameterization scheme. Representative studies are
introduced to highlight their methodological foundations and
application domains. Lastly, we compare MLTB models with
the capability to directly learn the Kohn–Sham (KS) Hamil-
tonian matrix elements from linear combination of atomic or-
bitals (LCAO)-based DFT packages, aiming to clarify their re-
spective strengths and areas of applicability.

Table 1. Summarization of selected ML Hamiltonian approaches including MLTB and MLKS methods. The MLTB methods are categorized based on their
prediction targets: TB Hamiltonian matrix elements or parameters in empirical TB formulas. All works are listed in chronological order of publication.

Category Method/Authors Year Description

MLTB

TBHCNN[7] 2021 MLTB model trained on band structures, where neurons represent Hamiltonian elements.
Schattauer et al.[8] 2022 A framework for defective systems by training a multilayer perceptron to map eigenvalues to TB elements.
TBworks[9] 2022 Incorporating local structural information into training using eigenvalues from configurations along MD

trajectories.
DHNet[11,16] 2022 A divide-and-conquer approach to learn Wannier TB Hamiltonians from configurations along MD trajecto-

ries.
WANDER[14] 2025 Employing layers in DeePMD model[40] to predict Wannier TB Hamiltonian elements.
Fried et al.[15] 2025 Extension of Schattauers approach[8] by learning TB parameters from projected density of states instead of

band structures.
DFTB layer[5] 2018 Implements DFTB as differentiable tensor operations and learning TB parameters from structures to molec-

ular properties.
Nakhaee et al.[6] 2020 A linear model for the SKIs prediction in solids, which has been demonstrated in BiTeCl.
DFTB-ML[10] 2022 A basis-function-optimization framework that learns the confinement radius in atomic orbital generation.
Sun et al.[12] 2023 Optimization of SKIs via cubic spline interpolation using DOS as training labels for periodic systems.
DeePTB[13] 2024 A deep-learning framework for onsite energies and SKIs with environment-dependent corrections beyond

the two-center approximation.

MLKS

Hegde et al.[41] 2017 First attempt to use kernel ridge regression approach to fit DFT Hamiltonian of Cu system.
SchNOrb[42] 2019 Extended SchNet,[43] the first equivariant neural network capable of representing high-order spherical ten-

sors such as the Hamiltonian matrix.
DeepH[44] 2022 A deep-learning approach for DFT Hamiltonian in crystalline materials with local coordinates based rota-

tional equivariance.
QHNet[45] 2023 A SE(3)-equivariant network for DFT Hamiltonian accelerated by significant reduction of the number of

tensor products.
DeepH-E3[46] 2023 An E(3)-equivariant deep-learning model for DFT Hamiltonian with the ability of handling SU(2) symmetry

appears in the presence of spins.
HamGNN[47] 2023 An E(3)-equivariant neural network for DFT Hamiltonian with explicit consideration for spin–orbital cou-

pling.
DeePTB-E3[48] 2025 An SE(3)-equivariant neural network for quantum operator matrices in DFT with the strictly localised

equivariant message-passing.
TraceGrad[49] 2025 A plug framework that enhances backbone models (e.g., DeepH-E3 and QHNet) by using a gradient-based

mechanism to induce expressive SO(3)-equivariant features from learned SO(3)-invariant features.
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3.1. TB Hamiltonian matrix element prediction

A straightforward way to integrate machine learning tech-
niques into TB parameterization is to directly predict the on-
site and hopping terms of the TB Hamiltonian in Eq. (1) us-
ing neural networks. These methods can be further catego-
rized based on the type of training data used, either employing
first-principles band structures as labels[7–9,15] or directly us-
ing first-principles TB Hamiltonian elements.[11,14,16]

Wang et al. proposed the TBHCNN workflow,[7] which
learns the TB Hamiltonian elements from first-principles band

structures and achieves higher accuracy than traditional em-
pirical parameterizations, as illustrated in Figs. 2(a) and 2(b).
For given systems, TBHCNN uses the neurons as on-site and
hopping terms in TB Hamiltonian, taking the difference be-
tween predicted TB Hamiltonian’s eigenvalues and the refer-
ence bands as a loss function to optimize these neurons. How-
ever, as mentioned in their paper, no information about the ba-
sis functions or atomic coordinates is used in TBHCNN. This
results in a workflow that cannot ensure the symmetry charac-
ters and has no transferability to unseen structures.

Fig. 2. Illustration of the typical workflows for two categories of MLTB methods. (a), (b) The workflow of the TBHCNN[7] that directly learns
TB Hamiltonian matrix elements from band energies. (c), (d) the workflow of DeePTB approach[13] that learns environment-dependent SK TB
parameters with local structural information as inputs.

In the approach of Schattaueret al., the process begins
with Wannierization of a pristine cell to obtain an initial TB
Hamiltonian H(0)

TB . In the next step, a multilayer perceptron is
then trained to map eigenvalues to TB parameters, enabling
the extraction of TB elements for the target defective super-
cell based on its band structure. Although each network must
be trained specifically for a given defect type, this approach
offers a significantly faster alternative to Wannier-based pa-
rameterization especially for large systems. More recently, an
extension to the work of Schattauer et al. was proposed.[15]

In this ML framework for systems with point defects, the
learning of TB parameters from the projected density of states
(PDOS) was proposed. Since large supercells with defects of-
ten exhibit entangled bands and localized in-gap states, fitting
the full band structure immediately becomes challenging. By
using the PDOS instead, this issue can be naturally circum-
vented. However, these methods do not incorporate any struc-
tural information while learning the TB parameters. This re-
sults in non-transferability of the ML model in predicting the
TB Hamiltonians for unseen structures. Up to some extent,
the above-mentioned ML strategies can be viewed as an ML

variant of Wannierization.
An earlier attempt towards incorporating local structural

information as input in an MLTB framework, TBworks, was
proposed in 2022 by Gu et al.[9] It learns TB Hamiltonians
from first-principles band structures with local structural in-
formation as input. In TBworks, the Wannier Hamiltonians
of a reference configuration (typically the equilibrium crys-
tal structure) serve as the starting point for predicting Hamil-
tonians of unseen structures along MD trajectories. Due to
the locality of Wannier functions, the hopping elements are
non-negligible only within a finite range, making the local
chemical environment around sites within a certain cutoff ra-
dius sufficient for electronic structure prediction. By this
design, TBworks accurately predict electronic structures for
configurations drawn from unseen temperatures and system
sizes. The authors employed TBworks combined with ML
force field molecular dynamics DeePMD[40] to calculate time-
dependent spectral functions and optical conductivity in car-
byne, which successfully captures the phenomena beyond the
Born–Oppenheimer limit. TBworks achieves up to 5 orders of
magnitude speedup.
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An alternative pathway to obtain MLTB is to employ the
first-principles TB Hamiltonian elements as training labels.
Wang et al. proposed a divide-and-conquer strategy, termed
the quasi-diabatic Hamiltonian network (DHNet).[11,16] The
core idea is to partition the large structural configurations
along the MD trajectories into smaller blocks and perform the
Wannierization procedure for training labels on these small
blocks after imposing periodic boundary conditions. This ap-
proach leverages the locality of electronic interactions and pro-
vides a scalable, accurate route for constructing first-principles
TB Hamiltonians in large or disordered systems. Furthermore,
the authors introduced an improved, well-defined descriptor
within the DHNet framework that captures both distance and
orientation information, preserving translational and rotational
invariance.[16] DHNet achieved the accuracy at the Wannier
TB level while gaining a significant speedup over the conven-
tional DFT-Wannier workflow with 5 orders of magnitude.

More recently, in 2025, a “dual-functional” ML approach
to predict Wannier TB Hamiltonian elements, WANDER,[14]

was introduced, bridging the ML force fields and Wannier
Hamiltonian predictions. In this study, the layers of the
DeePMD model[40] are fixed and repurposed as input layers
for predicting the elements of the Wannier Hamiltonian. Based
on the classification of Hamiltonian elements, different inter-
nal layers of the DeePMD model are chosen for the on-site
and intra/inter-layer hopping terms. A comparative analysis
between the converged WANDER model and the conventional
DFT-Wannier workflow reveals that WANDER achieves ac-
curacy with a mean absolute error of 1.5 meV, while deliver-
ing an acceleration of 3 to 4 orders of magnitude. Given the
preceding advancement of ML force fields approach, directly
leveraging model architectures and training protocols from ex-
isting ML force fields offer a promising route to accelerate the
progress of MLTB methods.

3.2. MLTB for empirical parameters prediction

Analogous to the development of empirical TB methods,
it is natural to extend ML techniques to the empirical param-
eterization process, most notably within the SK framework.
As discussed earlier, the SK formulation greatly simplifies the
TB parameterization under the two-center approximation, re-
ducing it to a small set of distance-dependent SKIs. More-
over, SK parameters are rotationally invariant (i.e., SO(3)-
invariant), ensuring that the computed electronic properties re-
main independent of the choice of coordinate system. Several
studies[6–8,15] have proposed SK-based variants using their
own ML strategies.

Building on the SK framework, many MLTB works re-
volve around the DFTB framework to improve the parameter-
ization process. Li et al.[5] proposed the DFTB layer, which
revisits the DFTB procedure as differentiable tensor opera-
tions. The SKIs were represented using neurons and then fed

to the DFTB layer to obtain the Hamiltonians, from which
some of the target properties, such as energy, atomic charge
and dipole moment, were calculated and optimized while com-
paring them with the corresponding labels. They employed
two ways to represent SKIs using neurons: one using a spline
model that relates SKIs to interatomic distances, and the sec-
ond with a neural network that maps atomic geometry di-
rectly to SKIs. These designs enable fully differentiable end-
to-end learning from atomic structures to target properties,
thereby enabling data-driven refinement of DFTB parameters.
This framework succeeded in providing a MLTB strategy for
molecular systems, reducing the root-mean-square error in en-
ergy by 67% and in dipole moments by 59% compared to the
initial DFTB parameters on 15700 hydrocarbons. In a similar
study targeting periodic systems, the density of states (DOS)
is used as the training label. The SKIs are expressed through
cubic spline interpolation, and the corresponding coefficients
are optimized accordingly.[12]

However, these models remain constrained by the inher-
ent two-center approximation of the SK formalism. To over-
come this limitation, recent studies have successfully incorpo-
rated information beyond the two-center approximation into
the SK parameterization through different ML strategies. Fan
et al. proposed a basis-function-optimization strategy, DFTB-
ML.[10] Specifically, they focused on learning the confinement
radius r0 in the confinement potential (r/r0)

n, which is added
to the atomic Kohn–Sham equation when generating the basis
functions. Three optimization schemes were introduced and
compared: (1) spline model fitting, which directly fits the two-
center integrals, (2) global optimization, where all atoms of a
given element share the same optimized basis (consistent with
standard DFTB parameterization), and (3) local optimization,
where basis functions may differ across atoms to obtain the
environment-dependent parameters. Given the freedom and
sensitivity to the local environment, the local optimization ap-
proach excels in providing an accurate and flexible MLTB
model. This entire workflow has been implemented in an
open-source package, tight binding machine learning toolkit
(TBMaLT).[50]

Gu et al. proposed a deep-learning approach named
DeePTB[13] to optimize the on-site energies as well as SKIs,
with incorporation of environment-dependent corrections be-
yond the two-center approximation, as illustrated in Figs. 2(c)
and 2(d). In this method, the local environment-dependent
SKIs, henv

ll′ζ , are expressed as functions of symmetry-preserving
local environment descriptors,

henv
ll′ζ = hll′ζ (ri j)×

[
1+Φ

oi,o j
ll′ζ

(
ri j,𝒟i j)] , (4)

where hll′ζ is the empirical SKIs, ri j is the bond length and 𝒟i j

denotes the local environment descriptor preserving the trans-
lational, permutational, and rotational symmetries. The map-
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ping function Φ
oi,o j
ll′ζ introduces environment-dependent cor-

rections based on both bond length ri j and descriptor 𝒟i j,
where oi,o j are the chemical species of atoms i and j. By in-
corporating local environment dependence into SKIs, DeePTB
accurately captures realistic underlying physics. Trained on
structural datasets labeled with corresponding first-principles
eigenvalues, DeePTB can accurately predict TB Hamiltonians
for unseen structures. This provides flexibility to DeePTB
of being independent of the choice of bases or exchange–
correlation functionals. This method has been successfully
validated on large-scale systems (up to 106 atoms) at finite
temperatures, demonstrating excellent agreement with both
experimental data and first-principles simulations.

3.3. MLTB vs. other ML-based electronic structure ap-
proaches

To fully appreciate the unique role of MLTB, it is helpful
to place it within the broader landscape of ML for electronic
structure simulation. These modern approaches can be broadly
distinguished by their prediction targets: some aim to directly
predict a final, macroscopic physical property, while others,
use a physically inspired framework, learn a more fundamen-
tal, intermediate representation of the quantum system, from
which a wide range of properties can be derived.

The first category of methods builds a direct mapping
from atomic structure to some specific physical properties
of interest, such as the density of states (DOS),[51,52] band
gaps[53] and conductivity.[54,55] Despite the efficiency and
powerful representative capacity from a proper chemical and
material descriptor, these models are often highly specialized
for certain downstream tasks. This also infers a huge demand
of data consumption. Besides, their generality is often con-
strained, and predicting a new physical property typically re-
quires the design and training of a new, specialized model. Re-
cently, several works have tried to overcome these challenges
by pretraining an atomic structure model with a designed
supervised or unsupervised task, and fine-tuning the model
on a downstream task dataset.[56] In comparison, MLTB is
considered more versatile by learning the representation of
the system’s Hamiltonian. The Hamiltonian serves as a uni-
fied starting point, allowing for the subsequent calculation of
a wide range of electronic properties without retraining the
model. Alternatively, quantities other than the TB Hamilto-
nian can also act similarly as a fundamental physical quan-
tity. Recent studies that contribute to their modeling include
charge density,[57–59] density matrix,[48] wave function,[57] KS
Hamiltonian[41,44–49] and self-energy.[60,61] These quantities
are fundamentally linked to the underlying electronic Hamilto-
nian within their respective computational framework. Among
this family of approaches, learning Hamiltonians has emerged
as a particularly prominent and successful strategy, leading

to two major but distinct branches of researches, i.e., directly
learning TB and KS Hamiltonians.

The most direct comparison to MLTB lies in ma-
chine learning methods that learn the Kohn–Sham Hamil-
tonian (MLKS) from LCAO basis DFT calculations, such
as Hegde’s work,[41] SchNOrb,[42] DeepH,[44,46] QHNet,[45]

HamGNN,[47] DeePTB-E3[48] and TraceGrad,[49] as summa-
rized in Table 1. While both approaches predict a Hamilto-
nian matrix, their underlying nature and objectives differ sig-
nificantly. MLTB learns a simplified, effective Hamiltonian
represented in a minimal basis set in low-energy space, fun-
damentally performing a model reduction to gain computa-
tional efficiency. Furthermore, it is relatively straightforward
to incorporate additional interaction terms to the TB Hamil-
tonian, such as the spin–orbit coupling effect,[62] magnetic
fields[63] or Hubbard interactions[64,65] due to the flexibility of
TB formalism. Additionally, MLTB methods based on orthog-
onal basis enable more efficient and flexible computational
algorithms,[66] which are critical for large-scale simulations.
In contrast, MLKS methods aim to accurately reproduce the
full KS Hamiltonian in the original, much larger LCAO basis
set from the parent DFT calculations. This distinction has pro-
found consequences for post-processing: calculations using an
MLTB Hamiltonian are computationally inexpensive due to its
small size, whereas those using an MLKS Hamiltonian still in-
volve “DFT-level” computational costs.

Ultimately, these two Hamiltonian-based strategies rep-
resent complementary philosophies. MLTB prioritizes the
creation of a computationally efficient, scalable, and physi-
cally flexible effective model, making it exceptionally well-
suited for large-scale simulations and the exploration of model
physics through terms like the Hubbard U . MLKS meth-
ods, on the other hand, prioritize high-fidelity reproduction
of a specific first-principles result, making them a powerful
choice when accuracy against a reference DFT calculation is
paramount. Together, these parallel lines of development offer
a versatile suite of tools, tailored to different scientific goals
and reflecting the growing sophistication of ML in electronic
structure modeling.

4. The MLTB application ecosystem
The success of MLTB methods in rapidly and accu-

rately generating electronic Hamiltonians marks a signifi-
cant paradigm shift in computational physics. However, this
achievement reframes the central challenge: the computational
bottleneck, once focused on constructing the Hamiltonian ma-
trix H, now migrates to the subsequent post-processing stage
for physical observables. The crucial question becomes how
to efficiently extract meaningful physical properties from H,
especially for large-scale and complex systems that MLTB
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is designed to handle. The answer lies not in a single, su-
perior method, but in a diverse methodological and software
ecosystem where the MLTB model acts as a powerful engine
within an integrated workflow. The following exploration of
this ecosystem reveals how distinct computational challenges
have given rise to a suite of complementary and sophisticated
solutions as shown in Fig. 3.

The most fundamental of these challenges is that of scale,
a requirement common to frontier topics like surface science,
heterostructures, moiré materials, and systems with sparse de-
fects. The choice of solvers depends critically on both the sys-
tem size and the specific physical property of interest. For
small-to-medium-sized systems, direct diagonalization algo-
rithms are commonly used, such as the QR method,[67–69] the
Jacobi method,[70] and divide-and-conquer strategies.[71,72]

Despite its 𝒪(N3) complexity, these methods remain invalu-
able as they provide the complete set of eigenvalues and eigen-
vectors, which is indispensable when the full electronic spec-

trum is required. For larger systems where only spectral fea-
tures like the band gap or states near the Fermi level are
of interest, iterative solvers like the Lanczos algorithm[73,74]

are highly effective. For sparse Hamiltonians, they require
only 𝒪(N) memory and 𝒪(d ·N) computations per iteration
(where d denotes the average row sparsity), efficiently target-
ing extremal eigenvalues. For the massive systems that MLTB
can describe, linear-scaling methods are essential for calculat-
ing electronic properties. Techniques like the kernel polyno-
mial method (KPM)[75–79] and the tight-binding propagation
method (TBPM)[80–82] compute spectral quantities such as the
density of states (DOS), optical conductivity, etc. with 𝒪(N)

effort, bypassing the diagonalization process. A compelling
demonstration is the simulation of a million-atom GaP super-
cell (with ∼ 107 orbitals and a cell length of ∼ 27.2 nm), where
the DeePTB model was paired with the TBPLaS package[66]

to compute finite-temperature properties at an unprecedented
scale.

Fig. 3. The MLTB application ecosystem. (a) Methods for solving eigenvalue problems, including the QR, Jacobi, divide-and-conquer,
Lanczos, kernel polynomial methods and tight-binding propagation methods, etc. (b) Methods for quantum transport simulations, including
Kubo–Greenwood formula and non-equilibrium Green’s function methods. The inset figures are from Res. [7,13,17]. (c) Methods for electron–
ion coupling simulations including integration of MLTB methods with MD and NAMD approaches. The inset figures are from Refs. [9,13,16].

While the solvers above are powerful for static systems

even at large scale, a distinct set of methodologies is required

to address quantum transport.[17,66,83–90] The ecosystem for

these simulations is primarily built upon two complementary

cornerstones: the Kubo–Greenwood formula[91] and the non-

equilibrium Green’s function (NEGF) formalism.[92,93] The
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former, grounded in the linear response theory, is ideal for
calculating intrinsic transport coefficients such as conductiv-
ity in materials near equilibrium conditions. By combin-
ing the Kubo formula with the random state technique from
TBPM,[66,80] Gu et al. employed the DeePTB-predicted TB
Hamiltonian to simulate the optical conductivity of bulk GaP
systems containing up to 106 atoms.[13] In contrast, the NEGF
formalism is indispensable for device physics, as it is de-
signed to model systems far from equilibrium, explicitly han-
dling open boundary conditions with source and drain elec-
trodes under finite bias. A more profound complexity arises
in the field-effect transistor (FET) controlled by gate voltage.
Here, the external field and the device’s internal charge den-
sity mutually influence each other and hence the Hamiltonian,
which requires a self-consistent treatment that typically cou-
ples the NEGF formalism with a Poisson solver.[93] The evo-
lution of this research area reflects the growing sophistica-
tion, from early works coupling MLTB models with transport
simulators for predicting transistor characteristics in sub-10-
nm 2D materials based FETs,[7,94,95] to more recent frame-
works like DeePTB-NEGF[17] investigating the device struc-
tures comparable to those in experiments. Using DeePTB-
predicted Hamiltonians,[13,48] DeePTB-NEGF achieve a 2–
3 order-of-magnitude speedup over conventional DFT-NEGF
methods.[17] This enables high-fidelity simulations of complex
systems under operational conditions, such as electron trans-
port through over 104 atomic configurations in a break junc-
tion MD trajectory, and in experimentally-scaled carbon nan-
otube transistors with 41 nm channel lengths.[96,97]

The ecosystem further extends to capture the explicit in-
terplay between electronic and nuclear degrees of freedom,
which requires robust interfaces for structural samplings with
computational approaches such as molecular dynamics (MD)
or Monte Carlo (MC) simulations. This synergy is crucial as
it recovers the electronic structure information that is inher-
ently discarded by ML force fields and is powerful for study-
ing the thermal vibrations and electron–phonon coupling in-
fluences on material properties. For instance, the TBworks[9]

was combined with MD to investigate the soliton–antisoliton
annihilation process in one-dimensional charge-density wave
material carbyne, capturing the significant renormalization of
low-energy modes due to the electron–lattice coupling be-
yond the Born–Oppenheimer approximation. More recently,
the combination of DeePMD[40] and DeePTB[13] was used
to calculate phonon-assisted optical absorption spectra in Si
and GaAs[18] with the accuracy of HSE and SCAN XC
functionals across temperature 100–400 K. The method ac-
curately captures phonon-induced bandgap renormalization
and indirect/direct absorption processes which are in excel-
lent agreement with experimental findings over five orders
of magnitude.[18] Beyond these adiabatic effects, MLTB can
also be extended to interface with nonadiabatic molecular dy-

namics (NAMD) simulations. As demonstrated by Wang et
al.,[11,16] the DHNet approach combined with the DeePMD
supports the large-scale NAMD simulations based on the sur-
face hopping method integrated in the SPADE[98] package.

From a broader perspective, the development of these dis-
tinct computational solutions paints a picture of a rapidly ma-
turing field. However, a critical perspective reveals that signif-
icant challenges persist within each component of this ecosys-
tem. For instance, while linear-scaling methods grant access to
unprecedented system sizes, they are tailored for some specific
spectral functions and cannot readily provide other physical
quantities that have not been implemented. In device simula-
tions, even with a computationally inexpensive Hamiltonian,
the NEGF-SCF cycle itself, particularly involvement of the
Green’s function and Poisson equations, remains a bottleneck
that limits the ultimate scale of transport calculations. Sim-
ilarly, the reliance on approximate methods like surface hop-
ping for nonadiabatic processes means that phenomena involv-
ing strong quantum decoherence may not yet be fully captured.
In addition, underpinning all these applications is the persis-
tent need for robust training data, making the development of
active learning workflows tailored for Hamiltonian models a
crucial ongoing challenge. Therefore, the future trajectory of
this research field will be defined not only by the creation of
more powerful MLTB models but also by the concerted effort
to overcome these limitations, refining the entire ecosystem to
achieve truly predictive power across all scales and phenom-
ena.

5. Discussion and summary
The rapid advancement of MLTB methods has provided

powerful tools for electronic structure simulations in large-
scale and long-time simulations. This review has traced the
evolution from traditional TB approaches, with their inher-
ent trade-offs between accuracy and efficiency, to the rise of
MLTB as a solution that combines the strengths of both. We
systematically categorized the main branches of MLTB de-
velopment and emphasized these methods within the broader
landscape of AI-driven simulation. We contrast them with
other ML-based electronic structure methods to highlight
MLTB’s distinct advantages in terms of physical versatility
and computational efficiency. Ultimately, this exploration re-
vealed that the true impact of MLTB is realized not by the
models in isolation, but through their integration into a rich
and diverse ecosystem in applications to material’s property
calculations.

Looking forward, despite the significant progress, the
continued evolution of the field hinges on addressing several
key frontiers. The first is the development of the model ar-
chitecture itself. A primary goal is the construction of a uni-
versal and transferable MLTB model, inspired by the success
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of equivariant neural networks, that offers excellent data effi-
ciency and broad applicability across the periodic table. The
second frontier lies in the generation of training data. To en-
sure the reliability required for scientific discovery, it is crucial
to move beyond manual data curation and develop automated,
intelligent pipelines. Designing robust active learning work-
flows tailored specifically for Hamiltonian models, rather than
for force fields, remains a critical and open challenge. The
third frontier is the continued refinement of the application
ecosystem. Future work will focus on overcoming the cur-
rent limitations of post-processing tools, such as developing
highly-optimized solvers for MLTB to capture more complex
quantum effects for large-scale simulations. As these chal-
lenges are met, MLTB is emerging as a powerful and versatile
paradigm in computational science. By offering a compelling
balance of accuracy, efficiency, and physical interpretability, it
is breaking longstanding computational barriers. The ongoing
advances across all these fronts are not only accelerating ma-
terials discovery and device design but are also opening new
avenues for the fundamental understanding of complex quan-
tum systems.
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