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Abstract
Accurate nanoscale transport modeling is vital for next-generation electronics and quantum devices.

Traditional methods like Molecular Dynamics (MD), Monte Carlo (MC), ballistic models, and hybrid
approaches face significant limitations as dimensions shrink and quantum or ballistic phenomena
dominate. This review examines these constraints, including computational cost, accuracy issues from
underlying assumptions (e.g., interatomic potentials, scattering kernels), parameter fitting difficulties,
and challenges in capturing multi-scale, multi-physics behavior. Sub-continuum effects pose particular
constraints. These shortcomings highlight the need for novel computational paradigms, such as those
emerging from machine learning, to advance nanotechnology research.
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Introduction
Nanoscale transport phenomena are fundamental for

emerging technologies such as advanced semiconduc-
tor devices and energy conversion systems [1, 2]. As
system dimensions approach carrier mean free paths
(MFPs), classical continuum laws such as Fourier’s law
of heat conduction falter [1, 3]. This breakdown signi-
fies a shift from diffusive to ballistic or quasi-ballistic
transport, where quantum confinement and interface
scattering become dominant [1, 4, 5]. The mean free
path (MFP) of carriers (e.g. phonons or electrons) is
a key parameter that determines the transport regime.
For example, for silicon (Si) at room temperature, the
MFP of the phonons that make the main contribution
to thermal conductivity can vary from tens of nanome-
ters to several hundred nanometers, depending on the
frequency of the phonon [6, 5]. For gallium arsenide
(GaAs), the MFP of phonons is also in the range of
several nanometers to hundreds of nanometers. In met-
als such as copper (Cu), the MFP of electrons at room
temperature is about 10 − 40 nm. When the character-
istic size of the system (L) becomes comparable to or
smaller than the MFP (𝐿 ≤ 𝑀𝐹 𝑃 ), ballistic and quan-
tum effects become significant. For decades, Molecular
Dynamics (MD), Monte Carlo (MC) solutions for the
Boltzmann Transport Equation (BTE), ballistic models,
and hybrid continuum-atomistic frameworks have been
primary research tools [1, 2, 6]. Although insightful,
these methods face inherent limitations when applied
to increasingly complex and miniaturized systems. This
review delineates these limitations, underscoring the
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need for alternative computational strategies.

1. A Critical Review of Traditional
Numerical Methods’ Limitations
Table 1 provides a comparative overview of the tra-

ditional numerical techniques discussed.

1.1. Challenges Inherent to Nanoscale
Transport Modeling

Modeling nanoscale transport presents inherent com-
plexities, primarily stemming from the inapplicability
of classical continuum assumptions when system dimen-
sions become comparable to or smaller than carrier
mean free paths (MFPs) [1, 3]. For instance, Fourier’s
law of heat conduction, a cornerstone of macroscopic
thermal analysis, loses its validity under these condi-
tions [1, 6]. As noted above, typical MFPs for phonons
in semiconductors such as Si and GaAs at room tem-
perature range from 10 𝑛𝑚 to > 1𝑚 for low-frequency
phonons, but the dominant contribution to thermal
conductivity often comes from phonons with MFPs in
the 10 − 300 𝑛𝑚 range [5, 15]. For electrons in metals
(e.g., Cu, Au), the MFP is about 10 − 100 𝑛𝑚 at room
temperature. In graphene, phonon MFPs can reach
775 𝑛𝑚 at room temperature. These values emphasize
that nanostructures with dimensions in the tens or hun-
dreds of nanometers inevitably exhibit non-diffusive
transport. The increased importance of quantum me-
chanical effects, such as energy quantization and tunnel-
ing, is undeniable, especially at cryogenic temperatures
or in confined structures [1, 4]. Furthermore, the in-

Всеукраїнська науково-практична конференцiя студентiв, аспiрантiв та молодих вчених

26



Table 1. Comparative Overview of Traditional Numerical Methods for Nanoscale Transport

Method Core Principle Key Strengths Primary Limitations
(Summary)

Molecular
Dynamics (MD)

Tracks classical
atomic trajectories
via interatomic
potentials.

Atomistic detail,
non-equilibrium phenomena.

High computational cost,
potential accuracy variability,
neglect of quantum effects,
timescale limits (fs to ns/µs)
[7, 8].

Monte Carlo (MC)
for BTE

Stochastically solves
the Boltzmann
transport equation
by simulating
carrier scattering.

Handles complex scattering,
applicable across transport
regimes.

High cost for statistical
convergence (noise),
approximate scattering
kernels, difficulty capturing
full phonon spectrum [9, 10].

Ballistic Models Assumes carriers
travel without
scattering.

Computationally efficient,
provides theoretical limits.

Oversimplifies/neglects
scattering, limited to very
small systems (dimensions <
mean free path), ignores
thermalization [2, 11].

Hybrid Contin-
uum–Atomistic

Couples atomistic
methods (e.g., MD)
in critical regions
with continuum
solvers.

Bridges scales, combines
atomistic accuracy with
continuum efficiency.

Complex interface coupling
(“handshaking”), persistent
atomistic cost, parameter
sensitivity at interface [12, 13,
14].

terface and boundary scattering dominate, profoundly
altering transport properties compared to bulk materi-
als [1]. Interfaces are active regions that scatter carriers
and introduce thermal boundary resistance [1]. Many
nanoscale problems are also multi-scale, requiring con-
sideration of phenomena across vastly different length
and time scales [16]. Bridging atomistic details with
device-level behavior is a formidable challenge for any
single modeling approach [6, 16].

1.2. Limitations of Molecular Dynamics (MD)

MD simulations offer atomistic detail but face sig-
nificant constraints. MD is based on solving Newton’s
classical equations of motion for a system of N particles
(atoms or molecules):

𝑚𝑖
𝑑2r𝑖

𝑑𝑡2 = F𝑖(r1, r2, ..., r𝑁 ) = −∇𝑖𝑈(r1, r2, ..., r𝑁 )

where 𝑚𝑖 is the mass of the 𝑖-th atom, r𝑖 is its position
vector, F𝑖 is the force acting on the 𝑖-th atom, and 𝑈
is the potential energy of the system, which depends
on the positions of all atoms and is determined by
interatomic potentials. [8]
Computational Expense: Simulating realistic sys-

tem sizes (millions of atoms) over relevant timescales
(nanoseconds or longer) is exceptionally computation-
ally intensive, limiting the scope of study [8, 6]. For
example, calculating the thermal conductivity of a sili-
con nanowire containing about 105–106 atoms over sev-
eral nanoseconds of model time may require hundreds
to thousands of processor hours on a typical research

cluster (i.e., several days of computation). The use
of graphics processing units (GPUs) can significantly
accelerate these calculations to hours or a single day,
but it still remains resource-intensive for large systems
or long simulations [17].

Accuracy of Interatomic Potentials: MD fidelity
heavily depends on interatomic potential accuracy. De-
veloping and validating potentials for novel or complex
systems is challenging, and inaccuracies directly impact
predictions [8].

Neglect of Quantum Effects: Classical MD ne-
glects quantum effects like zero-point energy and tun-
neling, crucial at low temperatures or for light atoms
[7, 8] Quantum corrections add complexity and cost.

Timescale Limitations: The femtosecond timestep
restricts MD to phenomena on picosecond to nanosec-
ond scales, hindering study of slower processes like
device aging. [8]

MD methods allow, for example, the calculation of cu-
mulative thermal conductivity as a function of phonon
mean free path. A graph shows the contribution of
phonons with different mean free paths to the total
thermal conductivity. This helps to understand how
strongly size limitations will affect the thermal proper-
ties of a nanomaterial. For example, if most of the ther-
mal conductivity is due to phonons with𝑀𝐹 𝑃 > 100𝑛𝑚,
then in a nanostructure of 50𝑛𝑚, the thermal conductiv-
ity will be significantly reduced compared to the bulk
material.
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Figure 1. Cumulative thermal conductivity (%) on
the Y-axis f Mean Free Path (𝑛𝑚). Curves are shown
for different materials (Simolecular dynamics, Si, GaAs,
ZrCoSb, PbTe, PbSe), demonstrating the increase in
cumulative thermal conductivity with increasing MFP.

1.3. Limitations of Monte Carlo (MC) methods
for the Boltzmann transport equation
(BTE)

MC (Monte Carlo) methods stochastically solve the
BTE for phonon and electron transport but have lim-
itations [9, 10]. The Boltzmann Transport Equation
(BTE) in its general form for carriers (e.g., phonons or
electrons) describes the evolution of the distribution
function 𝑓(r,p, 𝑡), which represents the probability of
finding a carrier at position r with momentum p at
time 𝑡:

𝜕𝑓
𝜕𝑡

+ v ⋅ ∇r𝑓 + Fp𝑓 = (
𝜕𝑓
𝜕𝑡 )collision

where v is the carrier velocity, Fext is the external force
(e.g., from an electric field), and the term (𝜕𝑓 /𝜕𝑡)collision
describes the change in the distribution function due
to carrier collisions (scattering). For phonons, in the
steady–state case (𝜕𝑓 /𝜕𝑡 = 0) and in the absence of
external fields (Fext = 0), the BTE simplifies to 𝑣scatt,
where v𝑔 is the group velocity of a phonon with wave
vector k and polarization 𝜆, 𝑇 (r) is the local temper-
ature, and 𝑓0 is the equilibrium distribution function
(e.g., Bose–Einstein for phonons).
Computational Cost for Full Spectrum and

Complex Scattering: Resolving the full carrier spec-
trum or detailed scattering mechanisms is computation-
ally prohibitive, especially in 3D [9, 6]. Similar to
MD, MC calculations for BTE can be very demanding.
For example, obtaining statistically significant results
for the thermal conductivity of a nanostructure with
realistic scattering mechanisms may require simulating
millions of particle trajectories, which can also take
hours or days on modern computing systems.
Statistical Noise: MC simulations suffer from sta-

tistical noise, requiring extensive simulation times for
convergence, especially with complex geometries or dis-

parate scattering rates. This noise scales unfavorably,
with uncertainty decreasing only with the square root
of computational effort [10].
Approximations in Scattering Kernels: Scatter-

ing kernels are often simplified (e.g., relaxation time
approximation) due to the complexity of first-principles
calculations, potentially compromising accuracy [9].
Challenges with Low-Frequency/Long-

Wavelength Modes: Accurately capturing these
modes, which can have long MFPs and significantly
contribute to thermal transport, is computationally
intensive.
High Dimensionality of the BTE: The BTE oper-

ates in a high–dimensional phase space (typically seven-
dimensional), leading to the ”curse of dimensionality”
for numerical solutions [6].

1.4. Limitations of Ballistic and Simplified
Models

Ballistic models assume scatter-free carrier transport,
offering efficiency but with significant simplifications [2,
11]. In the ballistic regime, where system dimensions
are smaller than the mean free path (MFP), transport
is described without scattering. The heat current 𝑄 or
electric current 𝐼 can be calculated using Landauer-type
formulas. For example, the ballistic thermal conduc-
tance 𝐺𝑡ℎ through a one-dimensional channel can be
expressed as:

𝐺𝑡ℎ =
𝜋2𝑘2

𝐵𝑇
3ℎ ∑

𝑛
𝒯𝑛(𝜔)

where 𝑘𝐵 is the Boltzmann constant, 𝑇 is the tem-
perature, ℎ is the Planck constant, and 𝒯𝑛(𝜔) is the
transmission probability (transmission coefficient) for
the 𝑛–th mode at frequency 𝜔. For electrons, the ballis-
tic conductance 𝐺𝑒 is given by the Landauer formula:

𝐺𝑒 = 2𝑒2

ℎ ∑
𝑖

𝑇𝑖

where 𝑒 is the electron charge, and 𝑇𝑖 is the transmission
coefficient for the 𝑖–th conduction channel.
Oversimplification of Scattering: Many

nanoscale systems are quasi–ballistic. Neglecting
scattering leads to inaccurate predictions of thermal
resistance, temperature profiles, or current flow [2,
11]. Classical drift–diffusion models also fail as ballistic
effects emerge [11].
Limited Applicability: Purely ballistic models are

valid only when system dimensions are much smaller
than carrier MFPs, a condition not always met [2, 5].
Neglect of Thermalization/Equilibration:

These models may not adequately capture energy
thermalization or local equilibration, crucial for
understanding heat dissipation and hot–spot formation.
Issues with Contact Resistance: Idealized con-

tacts in ballistic models ignore real–world current crowd-
ing and contact resistance, which are critical for device
performance and reliability [2].
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1.5. Limitations of Hybrid
Continuum-Atomistic Methods

Hybrid methods couple atomistic regions (e.g. MD)
with continuum domains, but face their own challenges
[12, 13, 14].
Interface Coupling Complexity (”Handshak-

ing”): Ensuring accurate, stable, and physically consis-
tent coupling between atomistic and continuum domains
is non-trivial. Spurious wave reflections or incorrect
energy transfer can compromise validity [14].
Persistent Computational Demand: The atom-

istic part can still be a bottleneck, especially if large
or simulated for extended periods, limiting overall effi-
ciency gains [14].
Parameter Sensitivity and Interface Definition:

The results can be sensitive to the definition, coupling
scheme and parameters of the interface, which requires
careful calibration.

1.6. Overarching Limitations Across Traditional
Methods

Several common limitations pervade traditional nu-
merical methods:
Parameter Fitting and Uncertainty: Many mod-

els rely on parameters fitted from experimental data or
other complex simulations, which introduce uncertain-
ties and limit the predictive power of novel systems [1,
6].
Difficulty with Multi–Scale/Multi–Physics In-

tegration: Seamlessly integrating multiple physical
phenomena (e.g., electrothermal, thermomechanical)
across different scales within a single framework is a
formidable challenge. [16]
High Dimensionality in Phase Space: For meth-

ods like BTE solvers, the high–dimensional phase space
leads to the ”curse of dimensionality” [6].
Computational Cost as a Universal Barrier: In

most methods, computational cost remains a significant
barrier to achieving the desired accuracy, system size,
or complexity [6].

Conclusions
Traditional numerical methods (MD, MC, ballistic,

hybrid) have advanced our understanding of nanoscale
transport but face inherent limitations in computational
cost, reliance on approximations, capturing quantum
effects, and integrating multiscale / multiphysics in-
teractions [1, 8, 6, 10, 14]. These constraints hinder
the predictive modeling and rational design of novel
nanomaterials and devices. The identified shortcom-
ings underscore a pressing need for more powerful, effi-
cient, and versatile computational frameworks. Physics-
informed machine learning (PIML) offers promising
pathways to overcome these limitations [18, 13, 19, 20].
PIML approaches, such as Physics–Informed Neural
Networks (PINNs), can solve complex equations like
the BTE, even with limited or noisy data, by incorpo-
rating physical laws into the learning process [20, 21].
Differentiable solvers, like JAX–BTE, leverage GPU

acceleration and automatic differentiation, offering sig-
nificant speedups and enabling inverse modeling and
design optimization — capabilities largely inaccessible
to traditional solvers. [22] By combining data–driven
techniques with physical constraints, PIML can navi-
gate high–dimensional spaces more efficiently and ro-
bustly, especially where experimental data is sparse
[18, 21]. The development and integration of such ma-
chine learning-based techniques are pivotal, poised to
revolutionize device design and accelerate material dis-
covery within nanotechnology. We therefore propose
physics–informed ML, with examples such as PINNs
and differentiable BTE solvers, as the next essential
step.
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