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ABSTRACT

The "Al for Science" movement has sparked a paradigm shift toward incorporating fundamental physical un-
derstanding into neural networks, moving beyond pure data-driven approaches. In this context, we propose a
novel ANN approach with hard physical constraints (ANN-hard) for chemical source term calculations that
strictly enforce conservation laws (mass, energy, and element). We compare ANN-hard against two baselines: a
conventional ANN and an ANN with soft conservation constraints implemented through loss function optimi-
zation (ANN-soft). Our systematic evaluation spans multiple combustion scenarios using Hy/air mixtures,
including zero-dimensional autoignition, one-dimensional premixed laminar flames, two-dimensional triple
flames, and outwardly expanding turbulent spherical flames. We further extend validation to dimethyl ether
(DME)/air mixtures, demonstrating the models’ capabilities in capturing complex combustion chemistry through
simulations of premixed laminar flames and penta-branchial flames exhibiting simultaneous cool, warm, and hot
flame structures. Our analysis reveals a critical insight: traditional training or testing error metrics can be
misleading indicators of ANN performance, as they may mask violations of physical principles. Even small vi-
olations in physics can accumulate, leading to significant physical violations and explaining why conventional
ANNs often produce non-physical predictions or diverge during long-term continuous evolution. While both
ANN-soft and ANN-hard show improved robustness over conventional ANNs, ANN-hard demonstrates superior
stability and physical accuracy by preventing error accumulation, all while maintaining computational efficiency
with negligible additional cost. These findings underscore the importance of enforcing physical constraints in
machine learning models for reliable combustion simulations, contributing to the broader goal of physics-
informed artificial intelligence.

temperature combustion kinetics. Additionally, our results

Novelty and significance statement

demonstrate that cumulative violations of physical principles lead
to the failure of the original ANNs (without physical constraints),
highlighting the crucial role of fundamental conservation laws in

This study presents a novel approach to enhancing the accuracy
and stability of artificial neural networks (ANNs) for combustion
chemistry simulations by incorporating hard physical constraints
(ANN-hard). We conduct comprehensive evaluations of the orig-
inal ANN, ANN with soft constraints (ANN-soft), and ANN-hard
across diverse combustion scenarios of Hp/air and dimethyl
ether (DME)/air mixtures. Our method achieves the first suc-
cessful ANN-based capture of complex penta-branchial flames that
simultaneously involve both low-temperature and high-
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data-driven methods. Furthermore, our comparisons show that
the plug-and-play ANN-hard approach strikes an optimal balance
between physical consistency and computational efficiency,
making it a powerful and promising tool to improving ANN per-
formance in combustion simulations.
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1. Introduction

Predictive combustion simulations require accurate resolution of
both fluid dynamics and chemical kinetics. While detailed chemical ki-
netic models ensure reliable predictions across diverse temperature,
pressure, and mixture conditions, they impose substantial computa-
tional costs due to the direct integrations for high-dimensional stiff or-
dinary differential equations (ODEs) [1]. Three primary strategies
address these computational challenges. First, kinetic model reduction
aims to maintain essential kinetic features relevant to the application
while minimizing model size [2-5]. Second, tabulation approaches store
ODE solutions along low-dimensional manifolds, avoiding on-the-fly
calculations [6]. Third, development of more efficient ODE solving
methods enhances computational performance of direct chemical source
term integration [7-9]. Beyond these approaches, decades of research in
turbulent combustion have also yielded various methods for accurate
and efficient reaction term modeling [10-12].

The application of machine learning to accelerate combustion
chemical kinetics calculations began in the 1990s. In 1996, Christo et al.
[13] introduced the novel concept of using artificial neural networks
(ANNs) to replace direct integration in chemical kinetics calculations.
Blasco et al. [14] demonstrated ANNs’ potential as surrogate models for
continuous chemical source term calculations. While early attempts to
implement ANNs as surrogate models showed promise in reducing
computational costs, their limited size and architecture restricted their
ability to capture highly nonlinear chemical kinetics. A significant
improvement came when Chen et al. [15] combined in situ adaptive
tabulation (ISAT) with ANNSs, reducing the complexity of the fitting
problem while maintaining the benefits of ANNs’ efficient memory
usage and quick data retrieval. This hybrid approach sparked many
creative works. Kempf et al. [16] advanced the field by tabulating steady
flamelet data for ANN training, while Sen and Menon [17] developed a
LEM-LES-ANN scheme to enhance generalization capabilities. Mirgol-
babaei et al. [18] introduced kernel principal components analysis
(KPCA) to optimize ANN inputs and outputs for CHy/air flames. Chat-
zopoulos and Rigopoulos [19] enhanced the tabulation-ANN method
using rate-controlled constrained equilibrium (RCCE). Franke et al. [20]
strengthened flamelet-based ANNs by incorporating training data with
varying strain rates.

The emergence of powerful computing hardware enabled deeper and
larger neural networks capable of learning complex combustion kinetics
across broader operating conditions. This renewed interest in neural
network-based surrogate models for direct integration of chemical
source terms was driven by several key advantages. First, these models
demonstrated precise predictions across diverse combustion scenarios.
Second, they efficiently leveraged GPU parallelization for accelerated
computations. Third, they enabled end-to-end predictions without
requiring iterative calculations. Finally, they significantly reduced
memory requirements compared to traditional methods. However, these
larger networks demanded extensive training datasets, shifting research
focus to data quality and sampling efficiency. Traditional data genera-
tion methods, such as Direct Numerical Simulation (DNS) or flamelet
approaches, proved either computationally expensive or insufficient in
representing the full range of combustion conditions. Wan et al. [21]
developed a stochastic micro-mixing reactor for efficient data genera-
tion compared to DNS data. Ding et al. [22] successfully combined
hybrid flamelet and random sampling for Sandia piloted CHy/air jet
flames. Chi et al. [23] introduced on-the-fly sampling coupled with DNS.
Zhang et al. [24] introduced the multiscale sampling method, an effi-
cient data generation technique that significantly broadened the appli-
cability of offline-trained ANNs. This method enabled ANNs to
accurately predict chemical kinetics across diverse combustion sce-
narios, spanning from zero-dimensional autoignition across wide tem-
perature ranges to complex three-dimensional turbulent lifted flames. In
parallel with advances in data sampling methods, researchers explored
novel machine learning architectures to enhance the accuracy of
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chemical kinetics predictions. Yao et al. [25] demonstrated the effec-
tiveness of gradient-boosted decision trees for combustion integration,
departing from traditional neural network approaches. Zhang et al. [26]
further advanced the field by implementing a multiscale Fourier neural
operator, which proved particularly effective in capturing the temporal
evolution of combustion processes.

A recent paradigm shift in scientific computing reflects the broader
"Al for Science" movement. The scientific community wants to develop
neural networks that incorporate fundamental physical principles rather
than rely solely on data-driven fitting. This transition emphasizes the
importance of embedding scientific knowledge into machine learning
architectures. Regarding combustion chemical kinetics, several pio-
neering works exist. Ji et al. [27] proposed that physics-informed neural
networks (PINNs, [28]) could successfully solve stiff chemical kinetic
problems by incorporating quasi-steady-state assumptions (QSSA) to
reduce system stiffness, enabling the application of PINNs to various
reaction-diffusion systems with stiff dynamics. Recent studies have
highlighted the importance of incorporating element conservation in
chemical ODE solutions. Readshaw et al. [29] extended Wan’s method
[21] by integrating conservation laws into steady one-dimensional
premixed flame calculations. They developed an automatic algorithm
to select and correct several species with large mass fractions to balance
all the elements. In the field of kinetic discovery, Doppel et al. [30]
enhanced chemical reaction neural networks (CRNN, [31]) with atom
constraints, leading to more accurate and robust kinetic models derived
from experimental and simulation data. Building on these advances,
Zhang et al. [32] developed a physics-informed neural network for
combustion reaction kinetics (CRK-PINN) that comprehensively in-
corporates fundamental physical principles, including mass action,
Arrhenius law, and conservation laws. Their approaches demonstrated
advantages in reduced data dependency, minimized non-physical errors,
and more than tenfold acceleration in chemical kinetics calculations.
The methods of Ji et al. [27] and Zhang et al. [32] include physical laws
in their loss functions, reducing physical violation in the training pro-
cess. These are examples of soft constraints, where physical laws are
incorporated into the loss function but not strictly enforced. In contrast,
Doppel et al. [30] made a significant advancement by implementing
much more strict atom conservation constraints through the basis of the
element conservation subspace in their AC—CRNN architecture, which
enforces atom conservation directly in the network structure rather than
as a soft constraint in the loss function, thus improves the neural
network robustness in mechanism discovery.

Several critical questions remain unaddressed in this emerging field.
First, while PINNs have shown promise, it’s unclear whether they
represent the optimal approach for incorporating physical principles like
conservation laws into surrogate models for combustion simulation.
Second, current demonstrations have largely focused on relatively
simple hydrogen or methane systems. The capability of physics-
informed neural networks to capture more complex combustion phe-
nomena remains unexplored, such as low-temperature chemistry, cool
flames, cool-hot double flames, and other more intricate scenarios
[33-38]. Finally, there is an urgent need for understanding and
designing standardized evaluation metrics for ANN-based combustion
surrogate models. The field lacks clear frameworks for assessing model
capabilities and limitations across testing conditions.

This work introduces an ANN methodology with hard constraints
that strictly enforces mass, energy, and element conservation during
chemical reaction prediction. The training and inference performance of
ANN-hard were systematically studied and compared with original ANN
and ANN with soft constraints in zero-dimensional autoignition, one-
dimensional premixed laminar flame, two-dimensional triple flame,
and outwardly expanding turbulent spherical flame of Hy/air mixture.
We also extend the methodology and test to one-dimensional premixed
laminar flame and two-dimensional forced ignition of mixing layer of
Dimethyl ether (DME)/air mixture. The detailed comparison revealed
the essential role of conservation laws in data-driven methods.
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2. Methodology
2.1. Neural network structure and target function
The neural network (NN) structure is a fully connected multiple layer

perceptron (MLP), similar to our previous work [24]. The Box-Cox
transformation (BCT) [39], defined as
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>
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InY, =0

is employed for data preprocessing to mitigate the multiscale effect on
mass fractions of species. The NNs use data in G-space rather than Y-
space. In this study, we set the parameter 4, to 0.1.

We use a vector X(t) = [T(t),P(t), Gj(t) j_1....u] T to represent the
temperature, pressure, and mass fractions of species transformed by BCT
[Y;(t) j=1,M
[G(t) 1
transformed mass fractions of species at time t. As is shown in Fig. 1(a),

the neural network takes the physical state at current time t as input to
predict the state after a fixed time step At,

= F(X(1)), @

at specific evolution time ¢, Y(t) = }T to represent the mass

fractions of species at time t, and G(t) = " " to represent the

Gyn(t+ At)

where F represents the nonlinear mapping of NNs, and Gyn(t +At) de-
notes the NN predictions. In this study, we consistently use a fixed time
step of At = 107%. We apply inverse BCT to the NN’s predictions
Gnn(t+At) to get mass fractions at the next time step Yyn(t + At). The
temperature Tyy(t +At) and pressure Pyy(t +At) are calculated using the
energy equation and equation of state, based on the current conditions
T(t), P(t), Y(t), and the predicted Ynn(t + At).

2.2. Implementing conservation laws into the neural network

This study incorporates fundamental conservation laws of mass,
energy, and elements. As is mentioned in Section 2.1, the prediction of
Tnn(t+At) and Pyy(t+At) uses energy equation and equation of state,
thereby always ensuring energy conservation, contrasting with previous
work [40] that directly predicted temperature using neural networks.
The hybrid process involves two key steps: neural network prediction of
chemical species evolution and analytical calculation of temperature
based on total enthalpy and updated species concentrations. This sepa-
ration strategy offers a significant advantage, as it ensures strict energy
conservation and eliminates potential energy prediction error

(@)
Energy equation
time 7 e time A1

Equation of state

(b) Prediction of NN ANN B
y Physical

\Q—-———"“’" Manifold
N Correction _»@

Fig. 1. (a) Input and output of the neural network. (b) Illustration of three
neural network approaches.
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accumulation that can arise from neural network approximations,
thereby improving the physical consistency of our results.

Since the current neural network targets at the species mass frac-
tions, ensuring element conservation inherently includes mass conser-
vation. However, element conservation poses a challenge in neural
network-based methods. The conventional ANN minimizes the L; loss
of the sampled data, defined as the mean absolute error between pre-
dicted and true values in the sampled data. While this loss function
effectively captures the general trends in chemical kinetics, it lacks an
effective mechanism to enforce elemental conservation constraints. This
fundamental limitation is significant because violations of elemental
conservation accumulate over time, leading to progressively increasing
errors in the predicted chemical compositions. Such deviations from
physical principles not only affect the accuracy of individual predictions
but also compromise the long-term reliability of the chemical kinetics
simulations.

The current study proposes and evaluates three neural network ap-
proaches in element conservation: the original ANN without conserva-
tion constraint (as a baseline approach), ANN with soft constraint, and
ANN with hard constraint. We refer to these methods for brevity as ANN,
ANN-soft, and ANN-hard, respectively. Fig. 1(b) illustrates three
methods. The following sections detail the implementation and char-
acteristics of the ANN-soft and ANN-hard approaches, highlighting their
distinct strategies for mitigating elemental conservation problems.

ANN-soft enhances elemental conservation by improving the neural
network’s training process. This approach incorporates element con-
servation directly into the loss function, which is defined as:

Lann-soft = LG, data + ALelement s 3
where Lg, data @0 Lejemen: represent the L loss of BCT-transformed mass
fractions of species (in G-space) and element error of ANN-soft’s pre-
dictions on sampled data. 4 is a weighting parameter that controls the
relative importance of elemental conservation. The element error Leement
is defined as follows: Denote N as the number of elements and A; as the
mass fraction of the i th element in the j-th species. Given the mass
fractions of each species predicted by the ANN-soft Yann_sopj (i = 1, 2,

---, M), we can calculate the mass fractions of each element in the gas
mixture Zany—softi = Ej‘i 1A YANN-soptj- (=1, 2, N). As such, the
element 10SS Legemen: Can be written as:

N
Letemen: = Z |ZANN—soft. i ZO.i|‘ ()]
i=1
Here, Z,; denotes the mass fractions of each element at time t.
Although ANN-soft does not enforce strict elemental conservation, its
enhanced loss function design can reduce deviations from the physical
manifold compared to the baseline ANN. The choice A presents an
intricate trade-off: larger values enforce stricter element conservation
but may compromise the accuracy of species predictions (L; loss). This
balance between prediction accuracy and conservation constraints re-
quires careful tuning, which we examine in detail in the results section.
Unlike ANN-soft’s approach of considering conservation through loss
function design, our proposed ANN-hard strategy implements conser-
vation by applying a post-prediction correction step that projects neural
network outputs onto the physically valid manifold (depicted as blue
points in Fig. 1(b)). Specifically,

YaNN-hard, j(t+ At) = Yannj(t+ At) + AY;. )

Here, Yawn;(t+At) is neural network prediction for the updated
species at time t+ At, AY,; represents the correction term. The post-
processing-based correction approach offers convenience through its
plug-and-play feature. Unlike ANN-soft which requires training a new
model, this method works directly with the original ANN predictions
(denoted as Yann,) and applies corrections afterward. To ensure element
mass conservation, the correction terms must satisfy a set of linear
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equations.

Before any technical details on AY,; formulation, it is worth noticing
that a successful correction method must satisfy two fundamental re-
quirements. The first is prediction accuracy: the correction term AY;
must ensure element conservation while preserving the precision of
ANN. The second is computational efficiency: the calculation for
correction must be computationally inexpensive to maintain the overall
efficiency of the ANN solver.

While projection methods offer a viable approach to solving the
linear element conservation constraints, direct projection in mass frac-
tion (Y) space is problematic due to the multiscale nature of species
concentrations, as the direct projection is fragile to numerical noise and
frequently produces negative mass fractions for minor species. Given
that the ANN minimizes loss under Box-Cox transformation (BCT, Eq.
(1)) to handle multiscale data, a more suitable approach is to perform
the projection in the transformed space (G-space), focusing on AG.;
rather than AY,;. Furthermore, we implement a first-order approxima-
tion of the BCT to maintain computational efficiency for the nonlinear
constraint in the G-space. We write

AGCJ

AY, =74 )
" focr (Yanw;)

where f;.; represents the first derivative of BCT. Under the perspective
of AG; rather than AY,;, the linear element constraints can be written
as

M M

ZAU(YANNj)lilech =- ZAij (Yann; — Yo;) = €. @)
=) =)

Here, Y,; denotes the mass fractions of species at time t. It should be
noted that Eq. (6-7) together represent the exact implementation of
element conservation law in Y-space, taking mass fractions at both the
current timestep Yyy(t) and the predicted timestep Yuyn(t +At) as inputs.
The correction term AY,; obtained through these equations provides a
strict correction to ensure element conservation.

In this work, the errors of ANN’s predictions in G space, denoted as
AGg;, are assumed to follow a Gaussian distribution centered at zero. To
obtain the most probable solution for AG;; while minimizing the
magnitude of corrections, a projection using the Ly distance is employed.
This approach naturally translates into a least squares optimization
problem:

minimize || AG|* s.t. BAG = E. (8)

Here, the entries of matrix B is defined as B; = AU(YANN J-)Hl”. AG =
[AG.1, -, AGp] "andE = e, -, ey]". Using E = [ey, -, ey]". Using AG*
to represent the solution of AG in Eq. (8), we can solve Eq. (8) using the
following explicit formula:

AG' = B"(BB") 'E. ©

This formulation yields explicit matrix computations that are readily
parallelizable with parallel computing techniques, ensuring computa-
tional efficiency. The approach thus satisfies both key requirements:
maintaining prediction accuracy while enabling fast computation. The
final correction term AY; is calculated by AG; N according to Eq. (6). We
conduct an illustrative experiment to demonstrate the importance of
parallelizability, which is presented with the pseudocode of ANN-hard
correction method in Appendix. A.

While our study used fixed time steps following previous work [24],
both proposed ANN-soft and ANN-hard methods are fully compatible
with variable time step implementations, which is common in CFD ap-
plications to accommodate hydrodynamic and chemical kinetic time
scales. More specifically, the ANN-soft method’s element conservation
loss function is time-step independent, making it inherently suitable for
variable time step schemes. While different time step sizes affect the
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species reaction rate labels in the training dataset, as these labels
represent averaged rates during non-linear evolution, this only impacts
the training data generation process. The loss function itself remains
independent of time step size, preserving the method’s applicability
across varying time steps. Similarly, ANN-hard, as a post-processing
method, enforces strict element conservation at each evolution step.
Since element conservation is a fundamental physical constraint inde-
pendent of temporal discretization, the ANN-hard method ensures
conservation without requiring any information about the time step size.
This time-step independence makes the method particularly well-suited
for variable time step implementations.

We use Python 3.10.10 with PyTorch 2.0.0 for sampling, model
training, one-step prediction, and zero-dimensional autoignition. In
conducting one-dimensional and two-dimensional tests, we utilize EBI-
DNS solver based on OpenFOAM 5.x developed by Zirwes et al. [41].,
combined with Libtorch 1.13.0.

3. Results and discussion
3.1. Hydrogen/air mixture

This section considers a hydrogen mechanism with 9 species and 19
reactions [42,43]. We generated a priori dataset of 1100,000 data points
within the range of T € [900, 3000] K, P €[0.5, 2] atm using the mul-
tiscale sampling method proposed in our previous work [24]. For
one-dimensional and two-dimensional simulations, neural network
predictions are applied only when temperatures exceed 950 K, consis-
tent with our dataset range. While extending the temperature range
would broaden the model’s applicability, the minimal stiffness in
chemical source term calculations at lower temperatures makes such
extension unnecessary.

3.1.1. Training process of NNs

The dataset is divided into a training set (90 % of the data) and a
validation set (10 % of the data). The input and output layers consist of
11 neurons, according to Section 2.1. The fully connected neural
network consists of three hidden layers with 1600, 800, and 400 neu-
rons, respectively. The activation function is GELU [44]. Training fol-
lows a consistent two-stage process across all implementations. Stage 1
comprises 2500 epochs with batch size 1024 and learning rate le-4,
while Stage 2 uses 2500 epochs with batch size 131,072 and learning
rate le-5. Using the Adam optimizer, the baseline ANN achieved final
loss values of 2.75e-3 and 2.94e-3 on the training and validation sets.

Fig. 2(a) shows how data loss and element error in the validation set
respond to varying 4 values defined in Eq. (3). The baseline ANN (4 = 0)
and various ANN-soft implementations reveal opposing trends between
these metrics as 1 increases. Higher 1 values reduce element error but
increase data loss, demonstrating a clear trade-off. Based on this anal-
ysis, we adopt 4 = 100 for ANN-soft implementations, a choice further
validated by subsequent simulation results. Fig. 2(b) depicts the descent
of data loss and element error during model training for ANN and ANN-
soft. While ANN-soft exhibits slightly higher data loss than the baseline
ANN, it achieves significantly better element conservation, reducing the
element error to approximately one-sixth of the baseline value. Since
ANN-hard employs identical neural network parameters as the baseline
ANN, we omit the details of its training process.

We evaluate the three neural network strategies across increasingly
challenging scenarios, each designed to test specific model capabilities:
(1) Single-step Prediction: Provides baseline comparison of prediction
accuracy and element conservation. (2) OD Isobaric Homogeneous
Autoignition: Tests temporal error accumulation through continuous
evolution of species concentrations. (3) 1D Premixed Flames: Introduces
transport effects to evaluate model robustness across broader operating
conditions. (4) Triple flame and turbulent flame: Represents the most
rigorous test cases, demonstrating the full capabilities of each strategy
under complex, multi-physics conditions.
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Fig. 2. (a) Data loss and element error evaluated on the validation set as a function of the weighting parameter 4, representing the relative importance of the element
conservation. (b) Temporal evolution of validation metrics (data loss and element error) during training for ANN and ANN-soft (A = 100).

3.1.2. One-step prediction

Three NN approaches are tested on 50,000 randomly selected sam-
ples from the validation dataset for one-step prediction. Fig. 3(a) com-
pares the O radical mass fraction (Yp) predictions across all three
methods. O radical is a sensitive and crucial species in combustion
processes, though similar trends are observed with other species, mak-
ing O a representative case for this comparison. The x-axis and y-axis
represent the ground truth data and NN’s predictions, respectively. The
diagonal distribution of points across all three methods indicates accu-
rate predictions from each strategy. Fig. 3(b) displays the relative error
of Yo and element error of one-step predictions for three NN approaches.
ANN-soft shows the highest relative error, while ANN-hard and ANN
demonstrate comparable accuracy. It is worth mentioning that ANN-
hard achieves near-perfect element conservation, with residual errors
(2 x 107'3) attributable only to numerical round-off effects. It proves
that ANN-hard strictly preserves element conservation in one-step
prediction.

3.1.3. Tests on zero-dimensional isobaric homogeneous autoignition

An isobaric homogeneous autoignition case of Hy/air mixture at Ty =
980 K, Py = 0.8 atm, and ¢ = 1.0 is presented in Fig. 4. CVODE and
three NN approaches are used for 5000 steps (5 ms) of temporal evo-
lution. The predictions of T and Yy, are respectively plotted in Fig. 4. The
baseline ANN predictions diverge from CVODE solutions immediately
after ignition at t = 1 ms with errors amplifying over time. Although
ANN-soft shows improved performance, T and Y, predicted by ANN-
soft, it gradually drifts from the ground-truth solution between 1 ms
and 5 ms. On the other hand, ANN-hard maintains stable predictions
that consistently match CVODE results throughout the entire simulation
period. These findings highlight that conventional validation loss met-
rics, widely used in machine learning, may inadequately reflect ANN
performance in scientific computing applications. Despite comparable

ANN x-axis: (a)
0.1 - ground truth O
y-axis:
predicted O 2500
0.0 - g
0 | ANN-soft ANN-hard 2000
1500
0.0 4; i . i 1000
0.0 0.1 0.0 0.1

3000
. - CVODE
X 2000 - ANN
= ---- ANN-soft
1000 L ANN-haI’d
0.01
o
>- \-._..mmmm
0.00 - r |
0 2 4
t (ms)

Fig. 4. An isobaric homogeneous autoignition case at Top = 980 K, Py =
0.8 atm, and ¢ = 1.0 given by CVODE and three NN approaches.

accuracy in single-step prediction tests, three NN approaches demon-
strate significantly different behaviors during continuous evolution,
emphasizing the need for comprehensive evaluation methods. These
divergent outcomes further underscore the critical role of conservation
law enforcement in ANN inference reliability.

Additional robustness tests involve testing 100 randomly generated
homogeneous autoignition cases within the specified range T, € [970,
1000] K, Py € [0.6, 1.0] atm, and ¢ € [0.5, 1.5]. CVODE and three NN
approaches are used to predict the temporal evolution for 2000, 3000,
and 5000 steps. Success in this test requires that the temperature pre-

(b) 1e-4
:\3 I Relative error of Yo
- [0 Element error o
O 1.0 =
= 0.80 15 ©
g 0.6814263—4 0.63 %
S - 1.0 £
'.g 0.5 o
° - 0.5 W
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0.0 -
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Fig. 3. (a) Comparison between ground truth data and different NN’s predictions on mass fraction of the O radical Y. (b) Relative error of Yo (blue bars) and

element error (orange bars) of three NN approaches on the validation set.
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diction deviation between the neural network and CVODE remains
below 50 K at the end of temporal evolution. This criterion specifically
evaluates the models’ ability to maintain accuracy during long-term
evolution, where inference errors can accumulate over time. The re-
sults are presented in Fig. 5. For ANN and ANN-soft, the success ratio of
the test drops with the increasing number of steps because of the
accumulation of errors. ANN-soft exhibits a higher success ratio than
ANN. ANN-hard achieves a 100 % success ratio for 2000, 3000, and
5000 steps, passing all the robustness tests. These results demonstrate
the strongest robustness of the proposed ANN-hard approach in long-
term temporal evolution predictions.

3.1.4. Tests on one-dimensional premixed flame

We conduct a test on a one-dimensional quasi-steady premixed flame
of Hy/air mixture at T, = 300 K, P = 1 atm, and ¢ = 1.0. Three NN
approaches are used to evolve on a quasi-steady solution given by
CVODE for t = 10 ms to generate their own quasi-steady solutions. Fig. 6
(a) shows the spatial distribution of heat release rate (HRR), where the y-
axis is transformed by the function:

§(HRR) = sgn(HRR)log1o(1 + |HRRY). 10

Here, sgn is the sign function, and the unit of HRR is J /(m®---). Eq.
(11) preserves the sign of HRR. ANN gives negative predictions of HRR
at the end of the computational domain, which is nonphysical. In
contrast, both ANN-soft and ANN-hard agree well with CVODE. Fig. 6(b)
displays the element error of the predictions given by three NN ap-
proaches compared to CVODE. Element errors peak near x = 0, with
baseline ANN showing significant errors in the burnt region due to
accumulative error. While both constrained methods show improve-
ment, ANN-hard demonstrates better physical consistency with lower
element errors in the burnt region than ANN-soft.

3.1.5. Tests on two-dimensional unsteady triple flame

This subsection considers a transient forced ignition case in a two-
dimensional axisymmetric configuration. A triple flame is initiated by
placing an ignition core within the Hy-air mixing layer, leading to radial
flame propagation. With its characteristic three different flame fronts,
this configuration provides an ideal validation case for assessing model
performance across lean, stoichiometric, and rich combustion regimes.
The initial condition is T, = 300 K and P = 1 atm. Fig. 7(a) shows the
distributions of HRR predicted by CVODE and three NN approaches at t
= 2 ms. The baseline ANN predictions exhibit non-physical oscillations
in heat release rate near the flame front. While ANN-soft shows
improved performance over the baseline, it still produces an artificial
HRR peak distribution tail near z = 0. In contrast, ANN-hard captures
the triple flame structure clearly without such artifacts. Fig. 7(b) illus-
trates the distribution of HRR at r = 7 mm. The baseline ANN pre-
dictions show substantial deviation from CVODE solutions. While ANN-
soft qualitatively captures HRR peaks matching its contours, it exhibits
artificial oscillations that indicate robustness limitations. ANN-hard
achieves the most physically consistent results, correctly reproducing

[ 5000 steps

o il

ANN ANN-soft ANN-hard

N 2000 steps

3000 steps
100

Success ratio (%)
(31
o
1

Fig. 5. Success ratio of the robustness test of different steps and three
NN approaches.
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and ¢ = 1.0 given by CVODE and three NN approaches.
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Fig. 7. (a) Contours of HRR of the triple flame at t = 2 ms given by CVODE and
three NN approaches. (b) Distributions of HRR at r =7 mm and t = 2 ms given
by CVODE and three NN approaches.

the expected three-peak structure.

3.1.6. Tests on two-dimensional unsteady turbulent expanding flame

To assess surrogate model robustness under complex flow condi-
tions, we extend our evaluation to a two-dimensional premixed turbu-
lent spherical flame, comparing CVODE solutions with predictions from
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all three NN approaches. An ignition core is set at the center of the initial

turbulent flow field, and a spherical flame is ignited and propagates

outwardly. The initial condition is T, = 300 K, P = 0.6 atm, and ¢ =
1.0.

Fig. 8(a) shows the distributions of Yoy predicted at t = 0.3 ms by
CVODE and three NN approaches. The baseline ANN’s poor performance
without conservation constraints is evident in its Yoy predictions:
underprediction at the domain center (appearing as black regions) and
overprediction in surrounding areas (visible as bright yellow regions). In
contrast, both conservation-constrained approaches, ANN-soft and
ANN-hard, achieve qualitatively consistent YOH distributions matching
CVODE solutions. Fig. 8(b) shows the accumulative element error of
three NN approaches from 0 ms to 0.3 ms. Element errors are evaluated
by comparing domain-averaged Z; across temporal snapshots for all
methods. The baseline ANN exhibits the highest initial element error,
which accumulates progressively over time. While ANN-soft reduces
these errors, ANN-hard achieves the lowest element errors, maintaining
them below 107°. We want to point out that despite the increased
complexity of turbulent flow fields compared to laminar cases, the
fundamental conclusion remains consistent: conservation constraints
effectively enhance both model accuracy and robustness.

3.2. DME/air mixture

Our Hy/air mixture analysis reveals that flow field complexity does

(a) t=0.3ms
15 h
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g10¢ 0.015
E
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Fig. 8. (a) Contours of Yoy of the turbulent spherical flame at t = 0.3 ms given
by CVODE and three NN approaches. (b) The element error of predictions of
three NN approaches during temporal evolution.
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not significantly impede neural network model training and inference.
However, the challenge lies in chemical mechanism complexity, where
larger numbers of species and reactions substantially impact model
training and performance. To investigate whether conservation con-
straints can improve models for complex chemistry, we select DME/air
mixture as our test case. DME provides an ideal testing ground due to its
complex chemical kinetics, featuring three distinct combustion regimes:
low temperature chemistry (LTC), intermediate temperature chemistry
(ITC), and high temperature chemistry (HTC), which manifest as cool,
warm, and hot flames, respectively [45]. In this section, we examine a
DME/air mixture using a skeletal chemical model with 39 species and
175 reactions [46]. The sampling and training methodology follows that
of the hydrogen cases, with additional cool and warm flame data
incorporated from flame simulations to compensate for the limitations
of zero-dimensional autoignition in capturing such flame dynamics. The
details of this sample are presented in Appendix. B. The dataset com-
prises approximately 3500,000 data points, achieving final training and
validation losses of 2.4e-3 and 2.6e-3 respectively after 5000 epochs. We
still use 4 = 100 for the training process of ANN-soft, just like in Section
3.1.

3.2.1. Tests on one-dimensional premixed flame

We conduct a test on one-dimensional quasi-steady premixed flame
of DME/air mixture at T, = 450 K, P =5 atm and ¢ = 1.0. Three NN
approaches are used to evolve on a quasi-steady solution given by
CVODE for t = 10 ms are used to generate their own quasi-stable solu-
tions. Fig. 9 shows the predictions of three NN approaches at different
timepoints. Baseline ANN predictions diverge rapidly after t = 0.16 ms,
showing substantial errors in temperature and Yoy predictions within
this brief period. ANN-soft demonstrates improved stability, maintain-
ing predictions for approximately 6 ms before diverging. ANN-hard ex-
hibits superior robustness, maintaining stability throughout the entire
simulation and preserving structure in the burnt region. Despite minor
Yoy overprediction in the burnt region, ANN-hard achieves accurate
steady-state predictions, validating its superior capability for long-term
evolution problems. Although ANN-soft eventually diverges down-
stream of the flame front, both ANN-soft and ANN-hard achieve iden-
tical laminar flame speed predictions with a 4.9 % relative error. This
occurs because error accumulation remains minimal ahead of the flame
front, and downstream divergence does not impact ANN-soft’s ability to
predict correct flame speeds.

3.2.2. Tests on the forced ignition case
Fig. 10 illustrates the characteristic temporal evolution of a penta-

3000 -
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Fig. 9. Predictions of T and Yoy in the quasi-steady simulation of one-
dimensional premixed flame at T, = 450 K, P = 5 atm, and ¢ = 1.0 given
by CVODE (t = 10 ms), ANN (¢t = 0.16 ms), ANN-soft (t = 6 ms), and ANN-
hard (t = 10 ms).
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Fig. 10. Evolution of the forced ignition case of DME. The contours of HRR and the contours of temperature (black lines) are plotted in (a)-(d).

brachial flame structure [47]. The simulation employs a cylindrical
domain with initial condition T, = 450 K and P = 5 atm. There is an
initial stratification: DME in the upper region, air in the lower region,
and a mixing layer between them. An ignition core is initialized to
trigger cool flame. As is shown in Fig. 10(a), a cool flame is ignited with
a typical flame front temperature T ~ 800 K. A warm flame with T =~
1400 K appears then between t = 25 ms and t = 30 ms consistent with
the reference work. After a short period of time, a hot flame appears at
the lean branch of warm flame at t = 30.8 ms (shown in Fig. 10(c))
(shown in Fig. 10(d)). As such, the flame structure at t = 32 ms consists
of five branches: a premixed cool flame, a premixed warm flame, and
three branches of the hot triple-flame.

Fig. 11(a) compares HRR contours at t = 32 ms between CVODE and
the three neural network approaches for the forced ignition case. While
both ANN-soft and ANN-hard successfully capture the penta-brachial
flame structure, baseline ANN predictions show notable discrepancies.
Although baseline ANN roughly approximates the hot flame region, it
fails to accurately predict the cool flame branch and shows substantial
errors in the intermediate zone between cool and hot flames. These
discrepancies underscore the challenges posed by complex chemical
kinetics in neural network modeling. We also try 1 = 1000 for ANN-soft
in this case to prove the adequacy of 2 = 100, which is presented in
Appendix. C. Fig. 11(b) tracks the maximum HRR point evolution from t
= 28 — 32 ms. Initially dominated by cool flame, the maximum HRR
shifts to r = 0 with warm flame ignition, then propagates outward with
the warm flame. Finally, it relocates to the triple point of the hot triple
flame. All three neural network approaches accurately capture this
propagation sequence quantitatively. While the accurate predictions by
ANN-soft and ANN-hard are expected, baseline ANN’s success in
tracking maximum HRR trajectory parallels the flame speed predictions
discussed in Section 3.2.1: minimal error accumulation ahead of the
flame front and independence from downstream divergence enable ac-
curate trajectory prediction.

Fig. 12(a) presents the HRR distribution along the z coordinate atr =
1.816 mm, corresponding to the black lines in Fig. 11(a). The CVODE
solution exhibits five distinct peaks (labeled A, B, C, D, and E), each
representing a different flame branch. Both ANN-soft and ANN-hard
successfully reproduce these five peaks with locations closely match-
ing the CVODE reference solution, demonstrating accurate capture of
the flame structure. While the baseline ANN also identifies five peaks,
their positions differ significantly from the other three methods. We
perform sensitivity analysis on the thermochemical states at the five
peak locations to identify dominant chemical reactions. Table 1 lists the
two reactions with the highest temperature sensitivity at each peak from
the CVODE solution. Fig. 12(b) presents the comparative sensitivity
analysis across all methods.

At point A (lean diffusion hot flame), all methods identify R13 and
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Fig. 11. (a) Contours of HRR of the forced ignition case at t = 32 ms given by
CVODE and three NN approaches. (b) The propagation of the maximum point of
HRR from t =28 ms to t = 32 ms.

R40 as dominant reactions, reflecting characteristic HTC processes of
H0 generation and HCO formation from CH2O. At point B (premixed
hot flame), while all methods identify R3 and R8 as primary reactions,
ANN incorrectly predicts R3 > R8, contrary to other methods showing
R3 < R8. For point C (rich diffusion hot flame), all methods highlight
R48 and R49, where CH3 formation dominates, typical for C—H system
reactions. At point D (warm flame), the primary reactions are R26 and
R27, with R40 and R48 as secondary contributors, characterized by HCO
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Table 1

A list of important reactions at the five peaks of CVODE.
Number Reaction Peak
R3 H; + OH <> H,O + H B
R8 H+OH+M<>H,0+M B
R13 HO, + OH <> H0 + Oy A
R26 HCO+M<>H+CO+ M D
R27 HCO + 05 <> CO + HO, D
R40 CH,0 + OH <> HCO + Hy0 A
R48 2CH3 (+ M) <> CyHg (+ M) C
R49 CH3 + H (+ M) <> CH4 (+ M) C
R151 CH30CH, + O <> CH30CH,0, E
R157 CH,OCH,0-H <> OH + 2CH,0 E

and CO generation; notably, ANN overestimates R26 sensitivity by fac-
tor of two, while ANN-soft and ANN-hard match CVODE. At point E
(cool flame), CVODE, ANN-soft, and ANN-hard correctly identify R151
and R157 as dominant, but ANN incorrectly predicts R27 and R48,
indicating fundamental structural misrepresentation. In conclusion,
ANN-soft and ANN-hard capture flame structures comparable to
CVODE, while the baseline ANN shows significant errors near points B
and D, and fails to capture the cool flame chemistry at point E. Con-
servation laws are necessary for ANNs to identify correct chemical
pathways in such complicated flame structure.

3.3. Computational efficiency

Fig. 13(a) shows the average CPU time of different methods in the
simulation of the two-dimensional triple-flame (subSection 3.1.5). In
this test, each core is used to calculate 10,000 grids. All three NN ap-
proaches save 58 % of the total time and 65 % of the calculation time for
the chemical source term. ANN-hard involves some additional calcula-
tion of the correction term. The time consumption for correction ac-
counts for only 2 % of the calculation time for chemistry, which is
negligible.

Fig. 13(b) shows the average CPU time of different methods in the
simulation of the two-dimensional forced ignition problem (subSection
3.2.2). In this test, each core is used to calculate 30,000 grids. Despite
DME’s complex chemistry, all three neural network approaches achieve
a tenfold speedup in chemical source term calculations. The computa-
tional overhead for corrections remains negligible. Notably, ANN-hard’s
correction strategy introduces minimal additional computational cost
while substantially improving the neural network’s robustness and
stability.

4. Conclusions

The present work investigates the fundamental role of conservation
laws in data-driven combustion modeling. We first introduce ANN-hard,

4
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a novel neural network approach that enforces strict element conser-
vation in chemical source term predictions through a plug-and-play
least-square optimization-based correction. We compare three method-
ologies: baseline ANN, ANN-soft (incorporating soft constraints during
training), and ANN-hard (applying hard constraints through post-
processing), across various combustion scenarios.

Our comprehensive evaluation encompasses hydrogen combustion
cases ranging from single-step calculations to complex configurations
including OD autoignition, 1D premixed laminar flames, 2D triple
flames, and turbulent spherical flames. While all methods perform
similarly in single-step predictions, the baseline ANN shows significant
error accumulation during autoignition simulations. This finding high-
lights a crucial insight: simple validation metrics may inadequately
reflect a surrogate solver’s overall performance, particularly regarding
error accumulation behavior critical for practical applications.

Both constrained approaches (ANN-soft and ANN-hard) successfully
control element conservation errors, with ANN-hard showing superior
accuracy and robustness in transient and steady-state predictions. This
demonstrates the necessity of incorporating fundamental conservation
laws into data-driven methods for reliable predictions. In multi-
dimensional flame propagation, while the baseline ANN often di-
verges, both ANN-soft and ANN-hard maintain solution stability. Be-
sides, while the models of ANN-soft need to be separately trained and
the weights of soft constraints need to be carefully tuned, ANN-hard
avoids such concerns, demonstrating high conveniency.

Extension to DME combustion, examining 1D premixed laminar
flames and penta-brachial forced ignition configurations, further em-
phasizes conservation’s importance in complex chemistry. The
increased number of species and elements in DME/air mixtures am-
plifies error accumulation during continuous neural network inference,
potentially causing significant deviation from the correct solution
manifold without proper conservation enforcement. On the contrary,
inclusion of either soft or hard constraints acts effectively in suppressing
violations of physical principles and predicting the right chemical
pathways in the complex penta-brachial flame containing low, inter-
mediate, and high temperature chemistry.

Notably, ANN-hard achieves these improvements with negligible
computational overhead. For complex DME chemistry, both constrained
approaches demonstrate order-of-magnitude speedup in source term
calculations, establishing ANN-hard as an optimal methodology
balancing physical consistency and computational efficiency, particu-
larly for multi-dimensional and transient applications.
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Appendix A. Pseudocode of ANN-hard’s correction and parallel experiment

In Section 2.2, we mention the importance of parallelizability of ANN-hard’s correction method. The pseudo code of parallel element correction in
shown in Algorithm A.1.

Algorithm A.1
The pseudo code of ANN-hard’s parallel element correction method.

Input: stoichiometric matrix A (N*M), ANN predicted mass fractions at time t + At Yayy (Ndata*M), mass fractions at time t
Yo (Ngata®M).Output: ANN-hard predictions of mass fractions (at time t + At) Yann—hard (Ndata™™).1. E = (Yany — Yo)A;

//Step 1. Calculate the element errors E (Ngata*N).

2.B = Y;,’IN”,reshape(Ndm «N 1) x A.reshape(Ngqq 1 *M);

//Step 2. Calculate the constraint matrix B (Ngaa*N*M) in Eq. (8). 4, = 0.1 in this work.

3. BBT = BBT;

//Step 3. Calculate BBT (Ngaa*N*N) in Eq. (9). The transpose BT should be done carefully.

4. Solve BBT x = E;

//Step 4. Calculate x = (BBT) 'E (Ngaa*N) in Eq. (9).

5.AG" = B'x;

//Step 5. Calculate AG* (Ngata*M) in Eq. (9). The transpose BT should be done carefully.

6. AY, = Yiyt x AG";

//Step 6. Calculate Eq. (6). The shape of AY, is Ngata *M.

7. YANN-hara = Yann + AYe.

//Step 7. Calculate Eq. (5). The shape of Yann_hard 1S Ndata*M.

Return Yann-hara
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Fig. A.14. Comparison of ANN inference time, sequential correction computation time, and parallel correction computational time of 1000 data points.

The matrix computation involved in Algorithm A.1 is finished by parallel computation of Ng,¢, data points. We conduct an illustrative experiment
with Ngata = 1000, presented in Fig. A.14. Sequential correction of individual data points proves highly inefficient, with correction time exceeding
neural network inference time. In contrast, parallel computation reduces the correction time by more than an order of magnitude, making it negligible
compared to network inference time. The parallelizability is important for the computational efficiency of our approach.

Appendix B. Generation of the DME dataset

The dataset is available at https://github.com/tianhanz/DNN-Models-for-Chemical-Kinetics. It consists of two main files: (1) dataTPY_DME_X.npy:
A 3500,000 x 41 matrix containing initial thermochemical states of DME/air mixtures, represented by temperature (T), pressure (P), and species mass
fractions (Yy); (2) dataTPY_DME_Y.npy: A 3500,000 x 41 matrix containing the evolved states after a time step of 1e-6 s.

The DME dataset is derived from CVODE simulations of a penta-brachial flame structure. This flame configuration was chosen specifically because
autoignition simulations alone cannot capture warm flame data points. The flame simulation is therefore essential to ensure comprehensive coverage
of all flame branches in the phase space. According to Fig. 10, we choose three time transient, t = 25 ms, t = 30 ms, and t = 32 ms, in order to include
cool, warm, and hot flame data in our dataset.
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The number of data points is enlarged by the following steps:

y1+0054

. Perturbation. We perturb T, P, and Y of each data point by T, = (1 + 0.05¢1)T, P, = (1 +0.05¢)P, Yjp, =7Y;

are uniform random variables between —1 and 1.
. Evolution. For the perturbated data points, we use zero-dimensional isobaric solver of Cantera to calculate the temporal evolution. This step helps
us know more details about the evolution process of mixtures until equilibrium.
. Extra data. Because the data for warm flame is not enough, we perform step 1 and 2 for data points with Yy,0, > 1073 in our evoluted dataset.
. Selection. After step 1-3, we randomly select 1000,000 data points generated by manifold data at t = 25 ms, t = 30 ms, and t = 32 ms. Another

7dM

,whereci, ¢, di, da, -

500,000 data points with Yy,0, > 1072 are supplemented. The final dataset includes 3500,000 data points.

Appendix C. Supplementary Data
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Fig. C.15. Contour of HRR of the forced ignition case of DME/air mixture at t = 32 ms given by ANN-soft with 2 = 1000.

In Section 3.2, we choose A = 100 without further explanation. According to Fig. 2(a), we train another ANN-soft model with 2 = 1000 in Eq. (3). In
Fig. C.15, we present the contour of the forced ignition case of DME/air mixture as a comparison to Fig. 11(a). While ANN-soft with 2 = 1000 also
succeeds to capture the penta-brachial flame structure at the flame front region, we can observe discontinuous predictions in the tail of the hot
diffusion branch. Such discrepancy implies low accuracy of ANN-soft with 4 = 1000 in the burnt region, because a large value of A leads to lower
importance of data loss during the training process. This result gives a clear example to the trade-off of element loss and data loss ANN-soft approach.
As a conclusion, 4 = 100 is a suitable parameter for ANN-soft.
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