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The characterization of non-equilibrium transport phenomena plays an essential role in modeling many fluid flow
processes, such as high-speed shocks, flame propagation, and plasma flow. The Boltzmann perturbation method, origi-
nating from microscopic particle collisions, effectively captures transport properties within fluids. However, under non-
equilibrium conditions, the computational cost of coupling iterative solvers for transport properties in computational fluid
dynamics becomes prohibitively high, leading to an unfavorable trade-off between accuracy and tractability. To overcome
this challenge, we employ a deep neural network in this work to replace the Boltzmann perturbation method for obtain-
ing transport properties in high-speed air non-equilibrium flows, enabling accelerated computations for non-equilibrium
flow. For simulating non-equilibrium airflow around hypersonic vehicles, our method achieves comparable accuracy to
the Boltzmann perturbation method, with average errors in transport properties below 0.5%. Compared to the conven-
tional iterative coupling approach, the deep neural network eliminates the need for solving collision parameters between
particles and Sonine polynomials, resulting in a 50- to 70-fold computational speedup. Furthermore, the neural network
demonstrates excellent generalization capabilities for other flight geometries and conditions. Our approach exemplifies how
computational fluid dynamics can leverage machine learning from the perspective of fluid physical properties to improve
simulations.
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1. Introduction

The numerical simulation of complex flow fields, such as
high-speed vehicle flow, combustion dynamics evolution, and
plasma flow development, requires the calculation of transport
properties such as viscosity coefficients, thermal conductiv-
ity, and diffusion coefficients.[1–4] The Boltzmann perturba-
tion method developed by Chapman and Enskog represents
the state-of-the-art approach for computing these transport
properties.[5] However, for the simulations of those complex
flows involving non-equilibrium conditions and large param-
eter gradients, it is necessary to first solve for collision pa-
rameters between different particles (from interaction poten-
tials to collision cross-sections and collision integrals) based
on temperature and species information within the flow field,
and then to solve Sonine polynomials to obtain diffusion co-
efficients characterizing mass transport, viscosity coefficients
representing momentum transport, and thermal conductivity
describing energy transport.[6] Due to the mutual influence be-
tween the transport properties and the flow field parameters, it-
erative calculations between flow field solutions and the Boltz-

mann perturbation method are required, a process that incurs
significant computational costs. For decades, this challenge
has created a detrimental trade-off between accuracy and us-
ability in non-equilibrium flow simulations.[7–9]

Taking the calculation of transport properties in high-
speed air flows as an example, the high computational cost
required for precise determination of transport coefficients
has driven the development of approximate transport property
models for high-speed computational fluid dynamics (CFD),
such as the widely used Wilke/Blottner/Eucken and Gupta–
Yos/CCS models.[10–13] The Wilke/Blottner/Eucken model is
simpler, relying on predefined viscosity or thermal conduc-
tivity curve fits as temperature-dependent functions for each
chemical species considered in the flow. The Gupta–Yos/CCS
model depends on collision cross-section curve databases fit-
ted as temperature functions for every possible binary inter-
action. Consequently, only the latter accounts for the nature
of interactions between different particles. Global mixture co-
efficients are then calculated using properties determined per
species or per collision pair through the application of ap-
proximate mixing rules. These approximate models exhibit
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rapidly increasing computational losses relative to precise for-
mulations under non-equilibrium, extreme high-temperature
conditions (where substantial ionized products exist), ulti-
mately leading to a decline in the prediction accuracy of flow
parameters.[5,14]

To address this, we introduce a deep learning method
for calculating transport properties, aiming to achieve high-
fidelity and computationally efficient transport property com-
putation in non-equilibrium complex flow simulations. A deep
neural network (DNN) is trained on manifold-sampled data
from non-equilibrium flow simulations across a wide range of
conditions. Leveraging the high-dimensional nonlinear func-
tion approximation capability of DNNs, these networks en-
able rapid and accurate computation of non-equilibrium trans-
port properties. The DNN simplifies the intricate collision pa-
rameters and polynomial calculations involved in the Boltz-
mann perturbation method into a series of matrix multiplica-
tions. Furthermore, by coupling with the non-equilibrium flow
solver, the DNN is integrated into the flow field calculation,
achieving a 50- to 70-fold improvement in computational effi-
ciency.

The paper is organized as follows: first, the structure of
the DNN and its training methodology are presented, and the
coupling process between the DNN and the non-equilibrium
flow-field calculation is given. Second, the computational ac-
curacy of the DNN is verified through a priori method, and
its efficiency and accuracy in predicting the non-equilibrium
transport properties are further evaluated in conjunction with

the flow-field coupling analysis. Furthermore, generalization
calculations are conducted under more shapes and flight con-
ditions. Finally, the conclusions are drawn.

2. Methodology
Figure 1 illustrates the flowcharts of the conventional

non-equilibrium flow field–Chapman Enskog coupling cal-
culation method (NeFlow-CE) and the non-equilibrium flow
field-DNN coupling acceleration method (NeFlow-DNN) pro-
posed in this study. For the conventional calculation method,
based on the non-equilibrium temperatures and species con-
centrations within the flow field, the process computes interac-
tion potential functions for different particle pairs, then calcu-
lates collision parameters (collision integrals, cross-sections),
and ultimately derives transport properties through Sonine
polynomial expansions before feeding them back into the
flow governing equations. There is a strong interdependent
effect and coupling relationship between the temperatures,
component parameters, and transport properties within the
flow field, necessitating complex iterative solutions between
them. In contrast, the flow field-DNN coupling accelera-
tion method streamlines these complex microscopic collision
parameters and polynomial-solving procedures into a neural
network-based matrix computation framework. The remain-
der of this section details the implementation methodology for
the non-equilibrium flow field solver, the Boltzmann perturba-
tion method, and the DNN.
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Fig. 1. Schematic diagram of the flowcharts of the conventional NeFlow-CE method and the NeFlow-DNN acceleration method.
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2.1. Non-equilibrium flow solver

In the non-equilibrium flow simulation, the two-
temperature chemical non-equilibrium flow governing equa-
tions are employed to simulate the high-speed, high-enthalpy
flow around a blunt cone ELECTRE. The flow is assumed
to be laminar, continuous, and axisymmetric. The heavy-
species temperature and electron temperature are respectively
assumed to satisfy the Maxwellian distribution, and are solved
by two separate energy equations. The air mixture is assumed
to consist of nine species: N2, O2, NO, N, O, N+, O+, NO+,
and e−. Detailed chemical reaction processes are described in
Ref. [15].

The governing equations consist of the continuity equa-
tion, species conservation equations, momentum equations,
total energy equation, and electron energy equation, which are
written as follows:
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where u, v, ρ , fi, hi, p, et , and ee represent the axial velocity,
radial velocity, gas density, mass fraction of species i, specific
enthalpy of species i, gas pressure, total specific energy, and

electron internal energy, respectively. Ec and Ece are respec-
tively the chemical reaction energy sources for total energy
and electron energy. Qelas indicates the energy source caused
by elastic collisions between the electrons and heavy species.

In the above governing equations, the terms used to de-
scribe mass, momentum, and energy transport include the fol-
lowing expressions.

(i) Mass diffusion flux Ji is obtained by the self-consistent
effective binary diffusion coefficient,[16] and expressed as
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)
G j, (7)

where Di is the effective diffusion coefficient, and Gi is the
diffusion driving force of species i due to the gradients of con-
centration, pressure, and temperature, and is expressed as

Gi = ∇

(
pi

p

)
+

(
pi

p
− ρi

ρ

)
∇ ln p

− 1
p ∑

j
(βi j∇ lnTj−β ji∇ lnTi), (8)

where βi j is the thermal diffusion coefficient.
(ii) The shear stress tensor τ is written as
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where µ is the viscosity coefficient of the gas.
(iii) Heat conduction vectors are given by

q =−kh∇Th− ke∇Te,

qe =−ke∇Te, (10)

where kh and ke are the thermal conductivities of heavy species
and electrons, respectively.

Apparently, to ensure precise computation of these trans-
port terms, it is essential to determine reliable and accurate
transport coefficients, including diffusion coefficients, viscos-
ity coefficients, and thermal conductivities.

2.2. The perturbative Chapman–Enskog method

Calculation of the non-equilibrium transport properties is
carried out through the approximate solution of Boltzmann’s
equation using the first-order perturbation technique proposed
by Chapman and Enskog.[6] This method assumes that the
particle distribution function is a first-order perturbation to
the Maxwellian distribution, and the perturbation is then ex-
pressed in a series of Sonine polynomials, finally leading to a
system of linear equations that can be suitably solved to obtain
different transport properties.
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The transport coefficients can be expressed as linear com-
binations of a set of collision integrals, Ω

(l,s)
i j , defined as

Ω
(l,s)
i j =

√
2πkBT ∗i j/m∗i j

∫
∞

0

∫
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0
exp(−γ

2
i j)γ

2s+3
i j

×(1− cosl
χ)bdb · dγi j, (11)

where kB is the Boltzmann constant, m∗i j and T ∗i j are respec-
tively the effective mass and the effective temperature of the
colliding particles. χ is the deflection angle, b is the impact pa-
rameter, and γi j is the impact reduced energy. The l in the su-
perscript represents the type of collision integral, where l = 1
and l = 2 respectively denote the diffusion collision integral
and the viscous collision integral, and s indicates different or-
ders of the same type of collision integral. In this paper, the
Lennard–Jones potential, exponential repulsive potential, and
Morse potential are adopted for the calculation of collision in-
tegrals between the neutral particles. The charged–neutral col-
lision integrals are obtained by the Morse potential, repulsive
potential, and polarizability model. The shielded Coulomb
potential is used for determining these collision integrals be-
tween the charged particles.[17]

(I) Viscosity
The calculation of the viscosity coefficient of high-

temperature air takes into account the influence of collisions
between heavy particles and neglects the collision effect of
electrons with relatively small mass. The viscosity coefficient
is calculated using the first-order approximation expansion of
the Sonine polynomial:
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2
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i j n j
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where Q00
i j is an i× j-order matrix. The matrix expression in

the formula refers to Ref. [17].
(II) Diffusion coefficients
The binary diffusion coefficient Db

i j between components
i and j is calculated using the first-order approximation for-
mula

Db
i j =

(
2πkB

m∗i jT
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i j
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. (13)

(III) Thermal conductivity
According to the different collisional particles that cause

energy transport, the thermal conductivity k can be classified
into the thermal conductivity of heavy particles kh and the ther-
mal conductivity of electrons ke. According to the different
types of transported energy, kh can be further divided into the
translational thermal conductivity ktr,h and the internal thermal
conductivity kint.

The ktr,h is expressed in the form of the second-order ex-
pansion of the Sonine polynomial:
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The qmp
i j elements are computed as in Ref. [17].

The internal thermal conductivity of heavy particles is
due to the existence of internal degrees of freedom such as ro-
tation, vibration, and electron excitation within the particles.
In this paper, the internal thermal conductivity of particles is
calculated by using the Eucken approximation

kint = ∑
i6=e

pDii/RThCi
p,ve ·

(
∑
j 6=e

x j

xi

Dii

Di j

)−1

. (15)

In the formula, Cp,i is the specific heat at constant pressure of
the i-th species. Dii and Di j respectively represent the self-
diffusion coefficient of component i and the binary diffusion
coefficient between components i and j. R is the universal gas
constant, and xi is the mole fraction of component i.

The ke is expressed in the form of a third-order expansion

ke =
75n2

ekB

8

(
2πkBTe

me

)1/2(
q11−

(
q12
)2

q22

)−1

, (16)

where qmp elements are computed from associated collision
integrals as in Ref. [18].

Figure 2 compares the transport properties calculated us-
ing the present Boltzmann perturbation method with those
from conventional approximate models (including the widely
used Wilke/Blottner/Eucken and Gupta–Yos/CCS models) un-
der the condition of chemical equilibrium air at 1 atm pres-
sure across a temperature range of 300 K to 2× 104 K. From
Fig. 2(a), it can be observed that when ionization reactions
become significant, conventional approximate models exhibit
severe deviations in the calculated viscosity coefficient. At
approximately 8000 K, the deviation of the Gupta–Yos/CCS
model relative to the Boltzmann perturbation method is within
10%. This deviation persists until the viscosity peak at 104 K,
with the difference reaching as high as 50% at 1.4× 104 K.
Typically, this method overestimates the viscosity coefficient.
The Wilke/Blottner/Eucken model shows greater sensitivity to
ionization at high temperature, exhibiting a deviation greater
than 10% at 8000 K. By 1.2×104 K, the viscosity coefficient
is underestimated with a deviation of 75%. Similarly, approxi-
mate models display even more significant deviations in the
calculation of frozen thermal conductivity at high tempera-
ture. The substantial difference in the solution behavior of the
Wilke/Blottner/Eucken model at high temperatures is primar-
ily due to its failure to account for electron–heavy particle in-
teractions, which become prominent contributors at high tem-
perature conditions. The solution error in the Gupta–Yos/CCS
model arises from two aspects: first, its reliance on the first-
order approximation Chapman–Enskog theory; second, due to
inadequate collision cross-sections at high temperature.
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Fig. 2. Comparisons of three methods for (a) viscosity coefficient and (b) frozen thermal conductivity of equilibrium air at 1 atm. The unit
1 atm = 1.101325×105 Pa.

2.3. Deep neural network

The Boltzmann perturbation method involves extensive calculation of collision parameters and polynomial solving, resulting
in low efficiency in fluid numerical simulations. To this end, this paper constructs a DNN to achieve rapid prediction of transport
properties and acceleration of CFD. Figure 3 presents a schematic diagram of the construction and training process of the DNN,
including: sample generation, data preprocessing, and DNN construction.
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Fig. 3. Schematic diagram of the construction and training process of DNN.

(i) Manifold data sampling

The calculation of non-equilibrium transport properties

is a typical high-dimensional dependency problem. In such

cases, conventional high-dimensional sampling methods or

Monte Carlo sampling would generate a large number of

samples that deviate from real scenarios or are meaning-

less, thereby compromising the prediction performance of the

DNN. To address this, the manifold sampling approach is

adopted to construct the dataset for non-equilibrium transport

properties. By performing non-equilibrium flow simulations

under a wide range of altitude and velocity conditions, a sam-

ple dataset with universality and aligning with the distribution

of real flow parameters is generated. This methodology effec-

tively avoids invalid noise and the “curse of dimensionality”

inherent in conventional high-dimensional sampling methods.

In order to ensure that the sample data can cover most

of the non-equilibrium flow conditions as much as possible,

in this paper, nine typical operating conditions are selected

within the Mach number range of 10–40 and the flight alti-

tude range of 20 km–80 km for transient flow field calcula-

tions. The flow field parameters at different times are obtained

as input conditions, and the transport properties under these
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conditions are obtained through the perturbative Chapman–
Enskog method. Finally, we obtain a sampling data set con-
taining 918230 groups of data.

(ii) Data preprocessing
Since the number densities of chemical components,

transport coefficients, and diffusion coefficients in the data in-
volve cross-scale variations of several or even dozens of orders
of magnitude, in order to enhance the stability of the neural
network, a logarithmic transformation is performed on these
cross-scale data.[19] In addition, the above input and output
data also need to be standardized, and finally, 90% of the sam-
ple data set is formed as the training set and 10% as the test
set.

(iii) DNN topology and training
The neural network topology structure contains the input

layer, hidden layers, and the output layer. The input layer
contains 11 nodes corresponding to the two temperature pa-
rameters, as well as the logarithm of the number densities of
9 chemical components. The hidden layers contain a 4-layer
fully connected structure (256×512×1024×512), using the
ReLU activation function. The output layer contains 58 nodes
that output the logarithms of different transport coefficients,
including: non-equilibrium thermal conductivity (heavy parti-
cle translational–rotational thermal conductivity, electron ther-
mal conductivity, internal thermal conductivity), viscosity co-
efficient, 9 self-diffusion coefficients and 45 binary diffusion
coefficients.

DNN training employs the Adam optimizer with a learn-
ing rate fixed at 0.001. After 105 epochs, the MSE loss con-
verges to 1× 10−6. Figure 4 illustrates the variations of the
MAE and MSE loss with the epochs during the training pro-
cess.
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Fig. 4. Variations of the MAE and MSE loss with the epochs during the
DNN training process.

3. Results
We use a utilitarian perspective to assess the performance

of NeFlow-DNN: proving its accuracy, computational effi-

ciency, and generalization. The computational program for

the NeFlow-CE algorithm is used as a benchmark for compar-

ison with the proposed NeFlow-DNN framework. NeFlow-

CE originates from the combination of the physical prop-

erty calculation program CE and the non-equilibrium flow

field calculation program NeFlow. Among them, CE is a

self-developed non-equilibrium physical property calculation

program, and its implementation details can be found in

our previous papers.[20,21] NeFlow is our self-developed non-

equilibrium flow field program, and its implementation details

are also described in our previous paper.[15]

The NeFlow-DNN coupling method, designed to acceler-

ate non-equilibrium flow calculations, should be faster than the

Chapman–Enskog method while maintaining high accuracy.

Although the DNN in this paper has been trained on a specific

vehicle’s flow field, it must easily generalize to new flow sim-

ulations, such as different vehicle shapes, altitudes, and Mach

numbers. In what follows, we first evaluate the performance of

the DNN in predicting transport properties in an a priori man-

ner. The DNN is then coupled with the non-equilibrium flow

governing equations, and its accuracy in predicting flow fields

and heat flux, as well as computational efficiency, is analyzed

through comparison with the NeFlow-CE method. Finally, the

predictive capability of NeFlow-DNN is further generalized to

other flight shapes and flight conditions.

3.1. DNN a priori testing

First, the transport properties predicted by the DNN and

Chapman–Enskog methods are compared to examine the per-

formance of the DNN in an a priori manner. Figures 5(a)–

5(f) present the full-field distributions of transport coefficients

predicted by the DNN (including heavy particle translational–

rotational thermal conductivity, electron thermal conductiv-

ity, internal thermal conductivity, viscosity coefficient, N2–

N2 self-diffusion coefficient, and NO+–e binary diffusion co-

efficient) using the steady-state flow field distribution of the

ELECTRE vehicle at a flight altitude of 53.3 km and flight ve-

locity of 4230 m/s as input. The results demonstrate that there

is a minimal discrepancy between DNN predictions and tar-

get values. Figure 5(g) further displays the full-field average

and maximum errors between the prediction and target for dif-

ferent transport properties across all 2501 grid points. For all

the predicted transport properties, the average errors between

the DNN and Chapman–Enskog method are below 0.5%, with

the maximum errors occurring in internal thermal conductiv-

ity lower than 4%. This validates the accuracy of the DNN

constructed in this study for transport property prediction.
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Fig. 5. Prediction of the distribution of transport coefficients by DNN and Chapman–Enskog methods (a)–(f), and the relative error (g).

3.2. NeFlow-DNN coupling results

Furthermore, we evaluate the prediction accuracy and
computational efficiency of the NeFlow-DNN coupled ac-
celeration methodology. Figure 6 presents the distributions
of density, velocity, pressure, translational–rotational tem-
perature of heavy particles, and number densities of oxy-
gen molecules and atoms within the flow field computed by
NeFlow-DNN and NeFlow-CE for the ELECTRE vehicle at a
flight altitude of 53.3 km and velocity of 4230 m/s. As shown
in Figs. 6(a)–6(c), NeFlow-DNN accurately predicts the shock
compression effect of the high-speed incoming flow around
the vehicle. The velocity sharply decreases within the shock
layer, accompanied by abrupt increases in pressure and den-
sity. Furthermore, Fig. 6(d) reveals that the temperature within
the shock layer rises significantly, reaching up to 8000 K.
NeFlow-DNN precisely captures the conversion of kinetic en-
ergy to thermal energy within the shock layer and the subse-
quent energy transport processes. Under such extreme thermal
conditions, molecular dissociation becomes prominent in the
flow field. NeFlow-DNN also accurately predicts the chemi-
cal reactions and species diffusion processes occurring in the
flow field. The distributions of flow parameters, thermal pa-
rameters, and chemical species computed by NeFlow-DNN
and NeFlow-CE exhibit remarkable consistency. This robust
agreement fully validates the capability of the NeFlow-DNN

method to reliably and accurately characterize the parameter
distributions within the flow field.

In addition to the flow field parameters, we are also con-
cerned with the heat transfer and stress on the surface of the
vehicle. Figure 7 presents the surface heat flux and pressure
distribution of the ELECTRE vehicle calculated by NeFlow-
DNN, NeFlow-CE, and Gupta–Yos/CCS models. It can be
observed that the heat flux and pressure distributions predicted
by NeFlow-DNN align closely with the computational results
of NeFlow-CE, while also showing minimal deviation from
experimental data. Meanwhile, comparing the DNN model
with the Gupta–Yos/CCS model shows that the heat flux dis-
tribution predicted by the Gupta–Yos/CCS model is slightly
higher, while the predicted pressure distributions by the two
models are quite similar, because the pressure distribution is
mainly determined by the shock structure and vehicle shape.

Figure 8 further compares the CPU computation time be-
tween NeFlow-DNN and NeFlow-CE. The results indicate that
the computation time required for the NeFlow-DNN calcu-
lation is approximately 1/70-th of that for the NeFlow-CE
method. This confirms that the NeFlow-DNN accelerated
calculation method constructed in this study significantly en-
hances the computational efficiency of non-equilibrium flow
simulations.
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Fig. 6. Distributions of flow-field parameters calculated by NeFlow-DNN and NeFlow-CE for ELECTRE 53.3 km, 4230 m/s condition.
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3.3. Generalization

In order to be useful, a learned model must accu-
rately simulate flows outside of the training distribution. We
hope that our model can generalize well because the DNN
has learned the transport data under a wide range of non-
equilibrium conditions. Therefore, it can be applied to flow
simulations in more flight states. We consider two differ-

ent types of generalization tests: (i) flow around a 90-mm-
diameter cylinder with an inflow pressure of 687 Pa, temper-
ature of 694 K, and velocity of 4776 m/s; (ii) flow around
Japan’s Titans vehicle, flying at a height of 88 km and speed of
6238 m/s.[22] As shown in Fig. 9, for the cylinder flow case, the
flow field pressure and temperature distributions calculated by
NeFlow-DNN and NeFlow-CE match extremely well. Both
methods also accurately predict the vehicle surface pressure
distribution. For the Titans flow case, as shown in Fig. 10, the
density distribution and number density of N2 calculated by
NeFlow-DNN and NeFlow-CE are very close. Meanwhile, the
local error distribution indicates that for the number density of
N2, the maximum error is 20%, mainly distributed at the shock
wave area. However, in most of the flow field regions, the rel-
ative errors calculated by the two methods are lower than 4%.
For the density field distribution, the maximum error is 15%,
mainly located near the shock wave, and the relative error of
the internal flow field within the shock wave is lower than 5%.
This indicates that the NeFlow-DNN constructed in this work
can be generalized to more vehicle shapes and flight condi-
tions.
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4. Discussion

In this work, we propose a data-driven approach for
calculating transport properties and achieving acceleration
in non-equilibrium flow computation. This method deliv-
ers high accuracy comparable to the conventional perturba-
tive Chapman–Enskog method. By replacing complex inter-
particle potentials, collision integrals, and polynomial calcu-
lations with matrix operations in neural networks, it lever-
ages machine learning to rapidly compute high-dimensional
approximations of transport coefficients within the framework
of discretized non-equilibrium flow equations. Ultimately, this
approach achieves a 50–70× speedup in computational per-
formance. The DNN training data originate from transport
coefficients under extensive non-equilibrium conditions, en-
abling the method to demonstrate strong generalization capa-

bility across complex geometries and diverse flight conditions.
What prospects do our results suggest for accelerating

complex non-equilibrium flows? In general, the computational
cost T of efficient machine learning-augmented simulations
for time-dependent PDEs scales as follows:

T ∼ (Ceqs +Cphypro +Cchem)
Nd+1

, (17)

where Ceqs is the cost of solving the discretized equations per
grid point, Cphypro is the cost of calculating the physics proper-
ties (including the thermodynamics and transport coefficients)
per grid point, Cchem is the cost of solving the chemical re-
actions and related mass/energy sources per grid point, N is
the number of grid points along each dimension of the re-
solved grid, and d is the number of spatial dimensions. The
stronger the real gas effects and non-equilibrium effects in the
flow, the greater the proportion of the latter two terms. For the
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high-speed, high-enthalpy flows studied in this work, where
(Cphypro +Cchem)/Ceqs ≈ 50, we observed a reduction in com-
putational cost by one to two orders of magnitude. For ex-
tension to three-dimensional and more complex problems, we
anticipate a speedup ranging from 102 to 104.

In summary, our approach extends the Pareto frontier
of efficient CFD simulations. By using machine learning
to accelerate CFD, we demonstrate that, beyond optimizing
equation discretization or solvers, computational efficiency
gains are also attainable via accelerated computation of data-
intensive terms (e.g., transport properties, thermochemical re-
actions). We anticipate significant unexplored potential for
these two strategies in ML-enhanced CFD, particularly for
low-temperature plasmas, high-speed shock layer flows, and
non-equilibrium combustion. This enables users to resolve
computationally expensive non-equilibrium flow simulations
faster or enhance accuracy without additional cost.
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