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This study introduces Deep learning-based kinetic model optimization (DeePMO), a novel approach for opti-
mizing parameters in chemical kinetic models. The primary challenge lies in mapping high-dimensional kinetic
parameters to comprehensive performance metrics derived from diverse numerical simulations, including
ignition delay time, laminar flame speed, heat release rate, and temperature-residence time distributions in
perfectly stirred reactors. We propose an iterative sampling-learning-inference strategy to efficiently explore
high-dimensional parameter spaces. The approach features a hybrid deep neural network (DNN) architecture
that combines a fully connected network for non-sequential data with a multi-grade network for sequential
data, enabling effective utilization of performance metrics with varying distribution characteristics. DeePMO’s
effectiveness and versatility was validated across multiple fuel models, including methane, ethane, butane,
n-heptane, n-pentanol, ammonia, ammonia/hydrogen, and their mixtures, with parameter counts ranging
from tens to hundreds. The validation demonstrated successful optimization in all test cases and confirmed
the method’s flexibility in incorporating both direct experimental measurements and simulated data from
benchmark chemistry models. An ablation study highlighted the critical role of DNN in guiding data sampling
and optimization processes, while additional comparative experiments examined hyperparameter effects. This
work provides a valuable tool for kinetic parameter optimization and offers insights for applying machine
learning algorithms in combustion research.

1. Introduction The modified reaction pathway structure requires fine-tuned reaction
rate parameters to better predict quantities of interest.

Combustion chemical kinetics is a complex nonlinear system in- Approaches to rate parameter tuning include genetic algorithms

volving many elementary reactions and intermediate species, where
calibrating rate parameters is essential [1]. For detailed models, the
individual rate measurement and reaction-rate theory are born with
uncertainty, let alone estimation for analogous reactions. The limited
understanding of the physical processes can further complicate the
model formulation [2,3]. Thus, parameter optimization becomes nec-
essary for uncertainty quantification and calibrating with experimental
data [4]. The optimization technique becomes even more important
for developing reduced models, as extra truncation errors are involved
when removing redundant species and reactions from the full model.

(GA) [5,6], as demonstrated in the optimization of methane flames [7],
and hydrogen/nitrogen/oxygen combustion [8], where GA achieved
accurate predictions of flame speeds, species profiles, and ignition
delays while streamlining mechanisms for computational efficiency.
GA is a metaheuristic optimization method that employs principles
of natural evolution to search for optimal parameter sets by iter-
atively evaluating and evolving populations of candidate solutions.
Sensitivity analysis serves as a diagnostic tool to identify influential
parameters by perturbing them and assessing changes in model re-
sponse. Current rate optimization methods often build upon sensitivity
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analysis, extending it to higher orders to solve the inverse problem
of uncertainty quantification. A forward problem is constructed first
to quantify the impact of uncertainties in kinetic parameters on the
model’s performance, such as the accuracy of predicting ignition delay
time, laminar flame speed, or extinction stretch rate. The quantitative
correlation between the rate parameters and the model predictions is
formulated as the solution mapping and response surface. Advanced
mathematical tools from informatics and data science are introduced to
represent the high-dimensional nonlinear mapping functions, including
the Bayesian approach [9], polynomial chaos expansion (PCE) [4],
and high-dimensional model representation (HDMR) [10,11]. Concur-
rently, popular tools such as OptiSMOKE++ [12] and Optima++ [13,14]
have been developed to facilitate the optimization of kinetic mecha-
nisms against experimental data. OptiSMOKE++ leverages the DAKOTA
toolkit to employ derivative-free optimization methods, such as DI-
RECT, MADS, Solis-Wets, and pattern search, while bounding parame-
ters within their uncertainties. Optima++ uses FOCTOPUS optimization
algorithm [15] combined with principal component analysis (PCA) to
minimize a least squares error function.

Powerful mathematical tools facilitate the kinetic parameter opti-
mization methods. In recent years, deep learning has emerged as a
highly successful mathematical tool in various scientific and engineer-
ing domains [16-22]. The explosive development of deep learning can
be attributed to three main factors [23]: the availability of massive
datasets, advancements in GPU-based computation power, and algo-
rithmic improvements. These factors benefit combustion research as
well. Deep learning is particularly suited for studies related to reaction
kinetics due to its ability to uncover intricate structures within reac-
tion networks and identify high-order correlations in high-dimensional
data. When it comes to rate optimization, employing a deep neural
network as a surrogate model using rate parameters as inputs and
quantities of interest as outputs is a good demonstration in [24,25].
This training process can be seen as solving the forward problem,
while backpropagation serves as the inverse problem. The pioneering
works by [26] showed the advantage of using neural networks as
surrogate models to replace PCE or HDMR, while the one-shot sampling
strategy and one-hidden-layer structure might limit the neural network
approximation ability of high-dimensional mapping functions. In [27],
researchers implemented neural ODE into kinetic optimization and
demonstrated its strong performance using temporal experiment data.
Owoyele and Pal [28] introduced ChemNODE, embedding neural ODEs
into chemical solvers to ensure trajectory fidelity during hydrogen-
air autoignition predictions and maintain gradient propagation for
optimization. Fedorov et al. [29] proposed Kinetics-Constrained Neural
ODEs, embedding thermodynamic knowledge into ANN architectures to
enable reliable kinetic modeling with limited experimental data. Zhang
et al. [30] advanced adaptive ANN training for high-dimensional uncer-
tainty minimization in FFCM-2 mechanisms, outperforming polynomial
methods. Recently, Wang et al. [31] and Chen et al. [32] replaced
MCMC with variational inference guided by ANN surrogates, achieving
speedup in methanol kinetic optimization while resolving parameter
covariance constraints. Zhou et al. [33] proposed the OptEx framework
to optimize combustion models through experimental design and data
clustering. Li et al. [34] developed the CODENN algorithm, integrating
neural ODEs and Cantera to optimize the high-fidelity battery venting
gas mechanism. However, developing a general and effective method
of optimization of kinetic parameters presents significant challenges
that remain largely unexplored. These challenges stem from the need
to accommodate diverse performance metrics within a unified frame-
work while navigating high-dimensional parameter spaces. An ideal
solution must be robust across different chemical systems, scalable to
handle varying parameter quantities, compatible with heterogeneous
data types, and capable of maintaining physical interpretability of the
optimized parameters.

This study introduces DeePMO (Deep learning-based kinetic model
optimization), a novel framework designed to overcome critical lim-
itations in chemical kinetic model development. DeePMO tackles the
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curse of dimensionality by enabling the simultaneous optimization of
hundreds of kinetic parameters—a significant leap from conventional
methods typically limited to dozens. Its core innovation is an itera-
tive sampling strategy that trains sequential local DNN surrogates for
improved sample efficiency and accuracy, paired with a hybrid DNN
architecture integrating fully connected networks for non-sequential
Qols (e.g., ignition delay time) and multi-head networks for sequen-
tial data (e.g., temperature profiles in perfectly stirred reactors). This
unified approach accommodates diverse Qols, effectively utilizing both
high-fidelity simulations and sparse experimental measurements, with
rigorous validation on independent datasets to ensure reproducibility,
robustness, and generalization.

In the subsequent sections, we substantiate these claims. The
methodology section details the DeePMO methodology, including the
hybrid DNN architecture for diverse Qols, iterative local surrogate
training for sample efficiency, and rigorous uncertainty constraints to
ensure physical plausibility, with explicit norms and error metrics for
reproducibility. The results and discussion section validates DeePMO
across various fuel models, including n-heptane, ammonia, and others,
demonstrating its robust performance. Through a detailed ablation
analysis, we prove the critical role of the deep neural network in
achieving these capabilities and provide an in-depth kinetic analysis
of the optimization results. Finally, we conclude by summarizing the
key contributions of this work.

2. Methodology
2.1. Problem formulation and deep neural network design

A general chemical reaction can be written as
¢1Cy +¢,Cy + - = b B+ byBy + -, (@)

where ¢;’s and b;’s are stoichiometric coefficients and C,’s and B;’s are
reactants and products, respectively.

The rate coefficient (or rate constant) of a chemical reaction can be
expressed in the form of the Arrhenius equation, i.e.,

E
k=AT"exp<— 4 >, 2)
kT

where A, b, E, are the pre-exponential factor, the temperature depen-
dency exponent, and the Arrhenius energy of activation and kjp is
denoted as the Boltzmann constant. These kinetic parameters are cru-
cial for models to predict Qols accurately in numerical simulations,
while the comprehensive relationship between kinetic parameters and
overall model performance is challenging to depict.

As illustrated in Fig. 1(a), the optimization process considers five
distinct Qols for evaluating the chemical kinetic model, which are
defined as follows:

Ignition Delay Time (IDT): Defined as the time to the intersection
of the baseline and the tangent at the maximum slope of the OH con-
centration profile in an adiabatic, constant-volume reactor simulating
shock tube experiments. Due to spanning orders of magnitude, IDTs
are analyzed on a logarithmic scale, with errors computed as absolute
logarithmic differences (e.g., |10g(sim /Texp)])-

Laminar Flame Speed (LFS): The propagation speed of a one-
dimensional, planar flame through a stationary premixture.

PSRT and PSRex: Steady-state temperature as a function of resi-
dence time (PSRT) and the residence time at flame extinction (PSRex)
in a perfectly stirred reactor (PSR).

Mole fraction in PSR: Species mole fractions in a PSR at fixed
residence time.

As depicted in Fig. 1(b), we employ a DNN to model the response
surface between pre-exponential factors A and Qols. While the method
can be extended to model relationships with other kinetic parameters,
such as activation energy, this study focuses specifically on optimizing
pre-exponential factors to demonstrate the methodology’s effectiveness.
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Fig. 1. Overview of the DeePMO methodology through a four-part flow chart. Fig. (a) Benchmark data acquisition: DeePMO obtains optimization benchmarks
from either experimental data or detailed model simulations. Fig. (b) Hybrid DNN architecture: fully connected network for non-sequential data (IDT, LFS, HRR,
and PSRex) and multi-grade networks for sequential data (PSRT). Every layer of DNN is a fully connected neural network with ReLU activation. Fig. (c) Iterative
sampling-training-optimization process. In every iteration, we generate the model pool based on the best mechanism of the previous iteration and the assistance of
DNN. Fig. (d) shows the visualization of the optimization process across iterations, presented in two complementary subfigures. The coordinate system represents
two representative pre-exponential factors from the kinetic model. The upper subfigure demonstrates the progressive improvement in DNN accuracy throughout
the iterations, culminating in identifying the global minimum for model errors. The optimization trajectory is mapped as a continuous path through the parameter
space. The lower subfigure illustrates the spatial distribution of sampled data points along this optimization trajectory, revealing the evolution of the sampling

strategy as the algorithm converges toward optimal parameters.

The architecture implements distinct subnetworks for different types
of Qols. A standard fully connected network structure suffices for
non-sequential data such as IDT. However, PSRT’s sequential nature
necessitates a specialized network design. We implement a K-layer sub-
network for PSRT calculations, where each layer operates sequentially:
the kth layer predicts the PSRT value at time step k and feeds its output
to the (k + 1)th layer, enabling adaptive prediction refinement through
the temporal sequence. All experiments in this study use K = 20 time
steps.

We distinguish three versions of Qols in our methodology: (1)
Q(A): Qols calculated through numerical simulation as a function of
pre-exponential factors A; (2) DNN(A): Qols predicted by the DNN

surrogate model; (3) Q”: Ground-truth benchmark Qols, and here repre-
sents for the simulation data of detailed mechanism or experiment data.
The DNN predicts model performance, with its loss function EQ(A)
defined as the mean square error between DNN(A) and Q(A), where
6 denotes the parameters in neural network and A is treated as the L?
regularization coefficient in DNN training.

L(A) = [IDNN(A) — Q(A)|I2 + All6]1? 3

Once converged, the DNN can efficiently predict Qols for arbitrary
combinations of kinetic parameters without requiring computationally
expensive numerical simulations to obtain Q(A4). The ultimate objec-
tive is to identify optimal parameters that minimize the discrepancy
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between the optimized model’s outcome Q(A) and benchmark values
QY. This optimization is achieved by minimizing the error function
defined in Eq. (4), where a hyperparameter weight vector ® balances
the relative importance of different Qols.
b
L(A) = sz“—QM) —9 I )
0 ° *

We utilize the infinity norm to ensure the optimized mechanism
performs uniformly well across all conditions of interest, with each
target inversely weighted by its uncertainty o.

Weight hyperparameters play a pivotal role in the optimization
process. Traditional methods often weight Qols based on experimental
uncertainties, assigning lower weights to higher-uncertainty targets.
However, this approach has limitations: it lacks flexibility for user-
defined priorities, e.g., emphasizing IDT fidelity over LFS or vice versa,
and does not directly apply to simulation data, which lack measure-
ment noise but can incorporate propagated uncertainties via condition
variability as standard practice. To address these, DeePMO employs
tunable weights w, between Qols to guide optimization, alongside
preprocessing for standardization — such as logarithmic transforms for
IDTs and normalization by uncertainties ¢ — ensuring comparable errors
across heterogeneous data types. For simulation data, we propagate
uncertainties where applicable or set ¢ to the minimum experimen-
tal uncertainty for consistency, with all values documented in the
Supplementary Information for reproducibility.

2.2. Iterative sampling-training-inference process

As illustrated in Fig. 1(c), we employ a neural network-assisted
iterative process to search for optimal pre-exponential factors. At it-
eration 7, we define several key variables. Let A; represent the ith
model among N optimized models, and the set {A;} l’i is denoted as
the model pool. Each model contains nr reactions, with individual pre-
exponential factors denoted as a; ;. Thus, A; = {a;;};-;_, represents
the complete pre-exponential factor vector for a single model. These
varying kinetic parameters across models enable the DNN to learn
the mapping between parameters and model performance. The A*
represents the best-performing model in the current iteration:

A = argmin{t(A,-) ti=1,...,N}. 5)

The adjustment range for each kinetic parameter is carefully con-
strained to ensure physical plausibility, guided by uncertainty quan-
tification (UQ). For the jth reaction, we define a maximum allowable
adjustment bound, denoted as fj,,,,;, for the logarithm of its pre-
exponential factor, a;. This bound establishes a hard constraint on the
parameter search space, such that the adjusted value, a;., must remain
within B = [10ga) ~ fypuna,j»102a) + fypuna,;]- The value of this non-
tunable bound, fj,,,q,;» is determined based on the nature of the kinetic
mechanism: (1) For detailed mechanisms with provided UQ, fyyuuq;
is set directly to the uncertainty factor reported for that reaction. (2)
For detailed mechanism reactions without a specified UQ, we adopt a
conventional approach based on prior studies [27,30] and set fyq; =
1.3) For reduced mechanisms, where original UQ values are no longer
applicable, we set a conservative, uniform bound of f},,,s; = 1.5.

Within these hard boundaries, we introduce a separate hyperpa-
rameter, the iterative sampling range f; to control the perturbation
magnitude during the optimization process. Before screening we uni-
formly sample [log aj — fj.loga; + f;1n B. Any parameter set sampled
outside the hard boundaries is rejected to strictly enforce physical
constraints. For convenience, the sampling range f; is set to the same
value for different reactions in the paper.

To ensure sample quality and reduce computational cost from nu-
merical simulations, kinetic parameter combinations are filtered based
on DNN-identified deviations that exceed our exploration range. Draw-
ing inspiration from the principles of rejection sampling methodology,
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the error tolerance at iteration ¢ is governed by a threshold hyper-
parameter O,. A sample is retained only if its loss function satisfies
L,(A) < O, for all quantities of interest O € Qols. Following filtration,
the Qols of retained samples are computed via numerical simulation
using Cantera [35] and incorporated into an updated dataset for neural
network training. As a heuristic rule, the sampling threshold monoton-
ically decreases with iteration . We select the current best model A*
as the temporary result of iteration 7. The process terminates when the
error function £(A*) shows negligible improvement. In this work, we
set the termination condition as when the difference in relative error
between two consecutive iterations is less than 2%, ensuring stable
convergence without excessive computation. The relative error will
be calculated by |w |. We will also report the logarithmic error
| log Q(A*) —log Q?| for IDT. To better illustrate our method, we provide
its pseudo-code in Alg. 1.

Fig. 1(d) visualizes the optimization process using two complemen-
tary subfigures in a coordinate system defined by two representative
pre-exponential factors from the kinetic model. The upper subfigure
tracks the progressive enhancement of DNN accuracy across iterations,
culminating in identifying the global minimum for model errors. The
optimization trajectory appears as a continuous path through the pa-
rameter space. The lower subfigure depicts the spatial distribution
of sampled data points along this optimization trajectory, revealing
how the sampling strategy evolves as the algorithm converges toward
optimal parameters. This visualization illustrates DeePMO’s ability to
concentrate computational resources on the most influential parameter
subspaces efficiently.

Algorithm 1 DeePMO

Input: Original mechanism A, the size of model pool N, the bench-
marks Q°, the sample range f; and max sample range fyouq,,
the weight of Qols wy, threshold parameter O, and the DNN
hyperparameters.

T A < Ay, A*=(ay,...,a,);

:fori=1:ndo

// Step 1: Generate model pool

while number of A < N do
Generate N samples A uniformly in [loga; — f;,loga; + f;1;
Filter the samples which are out of max sample range B =
HOg IZ? - fbound,j’ 10g (J? + fbouml,j];

: if Iterationi > 1 then
8: Predict the Qols of A By previous neural network DNN;

9: // DNN-assistant screening

10: For all A € A, if EQ(A) < Oy, then the sample is retained in

model pool A.

11: end if

12: end while

13:  Use Cantera to generate the Qols Q(A) of model pool A.

14: end for

15: // Step 2: Train the DNN for surrogate model

16: Train the DNN with input A and the label Q(A).

17: // Step 3: Find out the best sample

18: A* « argmin{L(4;) : i = 1,...,N}, with the error function £

defined in lEq. 4).
Output: The final optimized model A*

QA hwhR

3. Result and discussion

This section demonstrates the effectiveness of DeePMO through
comprehensive case studies. To clarify the results presented in our
plots, we use the following consistent terminology:

» Benchmark: Refers to the ground-truth target values for each
Qol, sourced from cited experiments or detailed Cantera simula-
tions.
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Fig. 2. Comparison between original and optimized n-heptane models: (a) IDT (b) LFS (c) PSRT(PSRex) and (d) Mole fraction in PSR predictions. The subplots
(al)—(a3) show the simulation results before and after the optimization, with average relative errors reduced from 285% (logarithmic difference: 0.53) to 19.48%
(0.07). Subplots (a4)—(a7) utilizes the experiment data from [36-39] separately, where [36] is used for optimization and [37-39] for validation. We use the baseline
from the detailed LLNL mechanism for reference. Subplots (b1)-(b4) use LFS measurements from [40]. The PSRT results come from simulation benchmarks where
the PSR extinction time is highlighted. Subplot (d) shows the mole fraction of CO and CO, in PSR with residence time 0.05 s. We use the simulation data as

benchmark.

+ Original: Predictions from the initial, unoptimized kinetic model
under benchmark conditions.

+ Alignment Points: Subset of benchmark data used to compute
the loss function £(A) in Eq. (4) during optimization.

» Optimized: Predictions from the final optimized model when
evaluated on a set of validation conditions. These conditions were
held out and not used during optimization. The validation set
includes unseen conditions in the optimization process, allowing
us to evaluate the model’s robustness.

3.1. n-heptane model optimization using simulation and experimental data

We first examine a 27-species n-heptane model. It is derived from
the detailed LLNL model (648 species, 4846 reactions) [41] and over-
reduced by DeePMR [42,43] until 29 species, 145 reactions, and
152 pre-exponential factors. In this work, we optimize all of the
pre-exponential factors. Although the reduced LLNL-29sp model (29
species, 145 reactions, 152 pre-exponential factors) preserves core pre-
dictive capabilities, over-simplification leads to degraded performance,
posing a high-dimensional optimization challenge. We demonstrate
DeePMO’s efficacy in enhancing accuracy through parameter tun-
ing, validated against benchmarks from detailed-model simulations
and cited experiments [36], with extrapolation tests on independent
datasets [37] confirming generalization and reproducibility.

The optimization targets multiple quantities of interest (Qols). The
alignment points for each Qol are defined as follows:

1. IDT: A total of 61 points are used, comprising 16 experimental
conditions from Campbell et al. [36] and 45 simulation bench-
marks from the detailed mechanism. The simulation conditions
are uniformly distributed across temperatures T € {750, 850, 950,
1050, 1700} K, pressures P € {0.5,1,50} atm, and equivalence
ratios ¢ € {0.5,1,2}.

. LFS: 6 experimental points from Sileghem et al. [40] are used,
covering T =298 K, P € {1,10} atm, and ¢ € {0.6,1,1.4}.

. PSRex/PSRT: 18 points are defined by the combination of T €
{298,470} K, P € {1,20,50} atm, and ¢ € {0.5,1,2}.

. Mole Fractions in PSR: 45 simulation benchmarks are used
for the profiles of CO and CO,. The conditions cover initial
temperatures of 7" € {900, 1100, 1300, 1500, 1700} K, pressures of
P € {0.5,1,50} atm, and equivalence ratios of ¢ € {0.5,1,2}.

For every iteration, we sample N = 80,000 to construct the model
pool, and the sample range is set as f; = 0.1. The hyperparameter
weight g is set as 1,1,0.8,50 for IDT, PSR, LFS and mole fraction
in PSR, respectively, to account for the disparate scales and relative
importance of these Qols, as informed by multi-objective balancing
techniques in [24,25]. The DNN is trained with optimizer Adam [44]
with learning rate 1r = 2e-5 and L? regularization coefficient 4 =
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le-2. The batch size bs is set to 2000, and the architecture scale
is 3000, 2000, 2000. We strategically adopted an over-parameterized
network design, as evidenced by the training phase consuming less
computational budget than sampling operations. The hyperparameters
selection and costs are discussed in Section 3.5.

Fig. 2 compares the performance of original and optimized models:
(a) IDT predictions, (b) LFS predictions, (c) PSRT distributions, and (d)
mole fractions of CO and CO, in PSR versus initial temperature. As the
figures (al) to (a3) illustrate, the optimization significantly improves
model accuracy, reducing the average relative error in IDTs from 285%
(0.53) to 19.48% (0.07) on the alignment simulation benchmarks.
The DeePMO-optimized model generalizes well across a broad range
of operating conditions, even when optimized on a relatively small set
of alignment points. The model’s accuracy is particularly high at high
temperatures. Within the NTC region, a higher density of alignment
points was employed to capture the sharp variations in IDT. Neverthe-
less, minor deviations in the low temperature regime between some
test points and the benchmark data are still observed. Reflecting a
trade-off between computational cost and accuracy, no more alignment
points were added. Overall, DeePMO exhibits excellent interpolation
capabilities for the IDT predictions.

To evaluate the extrapolation capability of the present model, it was
further tested against experimental data from Zhang et al. [37], Shao
et al. [38], and Liang et al. [39]. For comparison, a baseline curve,
representing the detailed mechanism, is included to demonstrate its
consistency with this set of experimental data. The results indicate that
our optimized mechanism exhibits consistently excellent performance
on the extrapolation datasets, including enhanced agreement with
experimental LFS measurements. As specifically shown in Fig. 2(a5),
in the negative temperature coefficient (NTC) region, our optimized
model successfully corrects the inaccuracies of the reduced mecha-
nism and accurately reproduces the NTC phenomena observed in the
experiments.

As for the optimization of Laminar Flame Speed (LFS), we follow
the LFS measurements from [40]. Given that the computational cost of
LFS is significantly higher than that of other Qols, selecting a small
yet representative set of alignment points is preferable. An optimal
approach is to choose three points at a fixed temperature and pressure,
corresponding to lean (¢ = 0.5), stoichiometric (¢ = 1.0), and rich
(¢ = 1.5) equivalence ratios. While the reduced mechanism initially
underestimates the LFS values, all test points demonstrate satisfactory
optimization results after DeePMO.

The final temperature of a Perfectly Stirred Reactor (PSR) is strongly
correlated with its extinction limit. As indicated in Fig. 2(c), with
residence time decreasing, the final temperature shows a slight de-
cline before dropping abruptly at the extinction point. The reduced
mechanism predicts a longer residence time at extinction compared to
the detailed mechanism, which serves as the benchmark. This discrep-
ancy is likely due to the slower overall reaction rate in the reduced
model, caused by the omission of numerous reaction pathways. Our
method successfully aligns the extinction limit with the benchmark
while maintaining high accuracy for the PSRT.

For the mole fraction in PSR as the Qol, we follow the settings
from [12], where a mixture of 10% fuel/oxidizer blend and 90%
AR is fed into a PSR at various inlet temperatures. The residence
time is fixed at 0.05 s to measure the resulting mole fractions of
CO and CO,. The reduced mechanism shows good agreement with
the detailed mechanism under lean conditions (¢ < 1), but exhibits
significant prediction discrepancies under rich conditions (¢ > 1),
especially at lower temperatures. The proposed method successfully
preserves the performance under both lean and stoichiometric condi-
tions and enhances the prediction accuracy of species concentrations
under rich conditions. Additionally, in recognition of the exponential
nature of pressure dependencies, we conducted a further test to validate
DeePMO'’s performance at pressure extremes. By extending the pressure
range to include 0.1 atm and 100 atm, we found that the optimiza-
tion capability of the method remains robust with the reduction of
logarithmic differences from 0.40 to 0.09. More results and analysis
of LLNL-29sp are detailed in Appendix.
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3.2. Parameter optimization for ammonia and ammonia/alcohol models

We apply DeePMO to complex fuel systems: a detailed ammonia
model [47] and an ammonia/methanol/ethanol model [48]. These ap-
plications demonstrate the method’s ability to handle multi-component
fuel systems with varying numbers of species. Through ablation ex-
periments, we analyze the critical role of DNN in data sampling and
parameter phase space exploration. Third, we validate DeePMO’s ef-
fectiveness through extensive case studies spanning from methane to
iso-octane models.

For pure ammonia combustion, we employ a mechanism devel-
oped by Zhan et al. [47], comprising 40 species, 272 reactions, and
289 adjustable parameters. IDT and LFS were selected as Qols, with
experimental data serving as benchmarks for optimization. The exper-
imental data included IDT measurements from Chen et al. [45] and
LFS measurements from Mei et al. [46]. For LFS, we used experimental
data with an oxidizer composition of O,/N, = 35/65, while model
performance was additionally evaluated under air oxidizer conditions.
We utilize 11 IDT alignment data and 6 LFS alignment data in total.

Fig. 3 presents the optimization results of the Zhan-2024 model.
Compared to the original model, the optimized model significantly
improves performance across all tested conditions. The average relative
error decreases from 56.76% (0.36) to 14.19% (0.06) for IDT and
from 12.84% to 4.23% for LFS on alignment points. We further tested
the performance of this method on the dataset from Mei et al. [46]
and observed a significant improvement. Additionally, we attempted to
test the model’s LFS performance for ammonia-air mixtures. Although
the results were not entirely satisfactory, they still represented an
improvement over the original mechanism. This indicates limitations
in the method’s extrapolation capability.

These improvements demonstrate DeePMO’s effectiveness in opti-
mizing ammonia combustion models. Unlike the reduced n-heptane
(LLNL) model case in Section 3.1, this detailed ammonia model is larger
and begins with smaller initial errors. Nevertheless, the significant
improvements in both IDT and LFS predictions validate DeePMO’s
effectiveness.

To further evaluate DeePMO’s capability on more complex mecha-
nisms, we tested it on the more complex CEU-NH; model developed
by Wang et al. [48] for ammonia/CH;OH/CH3;CH,OH/air mixture,
comprising 91 species, 444 reactions and 478 adjustable parameters,
representing a complex C-H-O-N system. IDT was selected as the Qol
for optimization, given the simulation efficiency. Experimental data
from an extensive set of studies [49-51] were used, from which 44
points were selected for training.

Fig. 4(a—c) demonstrates DeePMO’s optimization results for IDT.
The optimized CEU-NH3; model shows significant improvements, with
the average relative error reducing from 144.19% (0.38) to
28.56% (0.13) on alignment points. For NH;-CH;OH blending cases
shown in (a), DeePMO substantially decreased average relative error
from 166.80% (0.42) to 32.25% (0.15). The inclusion of NH;-H,
experimental data, which was important but omitted in the original
model, led to dramatic improvements with just five experimental data
points, reducing IDT average relative error from 1796.28% (1.2) to
39.37% (0.18) shown in (b). Notably, the optimization maintained
the original model’s accurate performance for pure ammonia IDT
predictions without degradation, as shown in (c).

However, the results in Fig. 4(b1-b2) also highlight a limitation. As
noted, while the model perfectly captures the single alignment point in
each set, it fails to capture the overall trend and endpoints. We concur
that this is a direct consequence of using sparse alignment data; a single
point provides insufficient information to constrain the slope of the IDT
curve during optimization.

In context, the original CEU-NH; model was not designed for
NH;-H, conditions, explaining its poor baseline. DeePMO’s error re-
duction remains a notable advance, yet this case emphasizes the need to
bolster extrapolability. Improvements could include strategic alignment



P. Lin et al. Applications in Energy and Combustion Science 24 (2025) 100402

Optimized = = QOriginal A Alignment point ® Benchmark
= $=1.0 A $=1.0 A $=1.0 A $=2.0
e P=12atm X P=10.2 atm 1073 FP=108atm ° _, | PEI10.1,11.3]atm ®
g X () 10°F ®
= e o
< MR BTN e ¢ ’
o [ > ’ &, ® - °
— [ J -~ 7 7’ /
o 3L Ay J - 7 [ 7
R 10 o A e ® _ P
A Ao - PR o _-
B= ’ s , L |® -
‘g 7’ s | o w0 e
5 -, 4 7’ 10 P
— . ) L, @ 1.2 ) (a2) -7 ) (b1) -’ ) (b2)
0.55 0.60 0.60 0.65 0.70 0.50 0.55 0.60 0.50 0.55 0.60
. 1000/ T (K™1) 1000/ T (K™1) 1000/ T (K™1) 1000/ T (K™1)
w
S 35FT=298.0K P=1.0atm T=298.0K P=2.0atm T=298.0K P=5.0atm T=298.0K P=1.0atm
K 35%0, 65%N; 30 | 35%0, 65%N; 25 | 35%0; 65%N; 22%0; 78%N(Air)
= 30 F 10 |
53 - -~ ~ /——
7, - - ~
S5l /A.O\ = "0“\ 201 7~eN / So
Q Yad o 20 / << /‘ AN st // e o
Eof ,/. o, /s e st A L2 ’e
= / Al s 2 ° / A ’
-
g5t /8 ,/0 4 % °
‘g 10
g 1 0 A 1 1 1 (C 1) . 1 1 1 (62|) & 1 1 1 (C3? ! 1 1 (d)
0.75 1.00 1.25 1.50 0.75 1.00 1.25 1.50 0.75 1.00 1.25 1.50 1.0 12
Equivalence ratio Equivalence ratio Equivalence ratio Equivalence ratio

Fig. 3. Comparison between original and optimized ammonia models (Zhan-2024). (a) Ignition delay time versus initial temperature, the experiment data of
Chen et al. [45] is selected as the benchmark and partially for training; (b) Ignition delay time validation on the experiment data from Mei et al. [46], which is
excluded from optimization. (c¢) Laminar flame speed versus equivalence ratio in oxygen-rich conditions, and (d) Laminar flame speed in air. All LFS experiment
measurements are from Mei et al. [46].

Optimized ==== Original @A  Alignment point @® Benchmark

1
_ 10
10 s Ammonia/ Methanol Ammonia/ Hydrogen 10’2 - Ammonia/ Methane
$=1.0 $=0.5 $=1.0
5 P=1.4atm - 10° | P=20.2atm P=9.9 atm
10°r - e 3 ..
PR - ° fm———— 10°F ,,0’
-3 - . 10 F A,A’
10°F ,Z [ o Lo
o~ -8 A 107 FA.
z 4 | @ -2 L L 4
g 10 | 10 ®
N e |, . (S R SN
< 0 0.60 0.65 0.70 0.75 0 0.96 0.98 1.00 0.55 0.60 0.65
o)
A 10' 5
g 10—1 | Ammonia/ Methanol Ammonia/ Hydrogen 10 © |- Pure Ammonia
g ¢ €[1.0,2.0] =15 $=1.0
=] P=1.4atm ” 0| P=20.0atm P=1.4atm
5 -7 w0 R
wo-r g r———— 10°F I
- () dt
-~ ® -1k s 4
-3 L 10 [ "’
10°F R Y
P o & 0 o
- L 10° 1@
10
1075 1 |(a2) 10*3 1 1 1 (bz) 1 075 H 1 (CIZ)
0.55 0.60 0.65 0.70 0.98 1.00 1.02 0.40 0.45 0.50
1000/ T (K™1) 1000/ T (K™1) 1000/ T (K™Y

Fig. 4. Comparison of IDT before and after optimization for CEU-NHj. Figs. (a—c) show the variation of IDT with temperature, pressure, and blending ratio under
different types of combustible substances. The primary difference among these three figures is the type of fuel burned. (a): NH;+CH3;OH. (b): NH;+H,. (c): NH;.

point selection - e.g., two or three points spanning the temperature 60% to below 30% within four iterations, ultimately converging to

range (start, middle, end) — to better inform the optimizer of system 20% (IDT 14. 19% + LFS 4. 23%). This improvement demonstrates

dynamics. Future work may also integrate physics-informed priors or the effectiveness of DNN-based sample selection in enhancing train-

multi-fidelity data for enhanced robustness across unseen conditions. ing sample quality. The DNN screening enables efficient exploration
The iterative sampling-training-inference process is fundamental to of high-dimensional parameter space, facilitating optimal parameter

the DeePMO scheme, with the DNN serving as the cornerstone for combination identification.

rapid screening and global minimum identification. Fig. 5 presents an

ablation study comparing performance with and without DNN assis- 3.3. Extensive validation across diverse fuel models

tance during iterative evolution, and we select the mechanism from

Zhan et al. [47] as the target. Without DNN screening, both median This section demonstrates the broad applicability of DeePMO in

and minimum relative errors remain nearly constant across iterations, various combustion models. We validated the method using diverse

indicating negligible optimization capability. In contrast, with DNN- fuel types: alkane models from LLNL, including C,H,, C4H;,, iso-

guided sample selection, the error decreases substantially from nearly octane [52], n-heptane model from [52], alcohols such as n-pentanol
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[53], and different models for carbon-free fuel ammonia [54-56]. The
alkane/alcohols models are reduced by DeePMR and then optimized by
DeePMO on IDT with the detailed mechanism LLNL as the benchmark.
The ammonia models are detailed mechanisms, and we apply IDT
experiment data as the benchmark from Chen et al. [45]. As demon-
strated in Fig. 6, DeePMO significantly improves the accuracy of these
models across different scenarios. Empirically, these experiments show
robustness under different hyperparameter settings, and we provide a
detailed analysis in Section 3.4.

These results demonstrate that DeePMO exhibits robust optimiza-
tion capabilities across a broad spectrum of combustion mechanisms,
whether over reduced models or detailed mechanisms against simu-
lation or experiment datasets. For complex reaction frameworks, the
optimized relative errors can be constrained within 20%, aligning
with the experimental measurement uncertainty of IDT under standard
conditions. The relative errors can be further reduced to lower levels
for mechanisms with simplified architectures.

3.4. Ablation experiment of hyperparameters

This section details the ablation studies conducted on the hyperpa-
rameters of the DeePMO methodology, focusing on critical parameters
such as network architecture, batch size, learning rate, and the param-
eter sampling range. These systematic investigations underscore the
robustness and effectiveness of the DeePMO algorithm across diverse
settings. Guided by insights from prior studies on ANN-based parameter
optimization [24,25,31], we established a baseline configuration for
our analysis with the following specifications: a network architecture
of [3000, 2000, 2000], a batch size of 1000, a learning rate of le-5,
and a sampling range of 0.15.

We employed a controlled variable methodology for our ablation
studies, systematically varying individual parameters while keeping
others constant. We evaluated multiple experimental configurations
within prescribed hyperparameter adjustment ranges and reported peak
performance metrics from the optimization outcomes. Detailed exper-
imental findings are presented in Table 1. The ablation study reveals
two critical insights regarding the DeePMO algorithm’s characteristics:
(1) DeePMO demonstrates stable optimization performance across a ra-
tional hyperparameter range, exhibiting low sensitivity to architecture-
related hyperparameters while showing pronounced responsiveness to
the sampling range f;. (2) The original network architecture contains
substantial redundancy—preliminary experiments demonstrate that a
90% scaled-down network (100-50-50 vs. 3000-2000-2000) maintains
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Table 1

Hyperparameter ablation studies on DeePMO of mechanism [47]. All results
represent the best relative error of IDT and LFS under the corresponding
hyperparameter configurations. For the baseline setting, we have f; = 0.15,
1r = 1e-5, bs = 1000, scale = 3000, 2000,2000.

Ablation studies IDT (%) LFS (%)
Baseline 13.92 5.87
0.1 14.62 5.74
0.2 12.95 5.48
0.25 14.64 5.02
Sampling range f 0.3 12.66 2.34
PIng range J 0.35 11.80 3.22
0.4 12.67 6.51
0.45 13.23 1.82
0.5 Method diverged
Learning rate 2e-6 14.95 5.26
1r 5e-5 14.19 6.16
Batch size 500 13.66 5.79
bs 2000 14.38 6.56
Architecture scale 100, 50,50 14.27 5.85

scale 50,10, 10 Method diverged

comparable accuracy. This indicates that both the scale and com-
putational cost can be significantly reduced without compromising
performance, suggesting that optimization outcomes are not sensitive
to neural network sizes provided the width remains reasonably high.

Similarly with the mechanism [47], we conducted an ablation study
on the CEU-NH; mechanism (shown in Table 2), focusing specifically
on the ‘sampling range’ hyperparameter f;. The results, compiled after
nine optimization iterations, indicate that narrower sampling ranges
tend to be less efficient. Conversely, while larger sampling ranges offer
potential for accelerated optimization progress, they may introduce
divergence challenges that compromise stability. More discussion and
about role of sampling range f; could be found in Appendix.

3.5. Computational cost breakdown

The overall computational cost comprises two principal compo-
nents: (1) Screening and simulation, (2) DNN optimization. The former
constitutes mechanism-dependent costs primarily governed by chem-
ical complexity and sampling density requirements, while the latter
reflects hardware-accelerated training overhead. With the n-heptane
LLNL-29sp experiment as an example, our result reveals:

Per-sample simulation costs:

1. Ignition delay time (IDT): 80 s/sample (61 thermodynamic con-
ditions)

2. Extinction time/temperature profile in Perfectly stirred reactor
(PSRex/PSRT): 16 s/sample (27 flow configurations)

3. Laminar flame speed (LFS): 52 s/sample (6 alignment points in
3 pressure regimes)

4. Mole fraction in PSR: 8 s/sample (45 alignment points in 3
pressure regimes)

Large-scale parallelization: 80,000-sample campaigns require ~2 h
30 min using 1280 CPU cores by parallel calculation.

Neural network training: 700-epoch convergence was achieved
in 45 min using a single NVIDIA GeForce RTX 2080 Ti with net-
work dimensions (scale) set to 3000,2000,2000. This time cost de-
creased to approximately 20 min when reducing network dimensions
to 100, 50, 50.

Neural network training represents a relatively minor component
of the overall computational demand compared to sampling processes,
which utilize thousands of CPU cores. The simulation time for LFS cal-
culations proved to be the most computationally intensive component,
making it prohibitively expensive for direct large-scale mechanism
optimization (see Table 2).
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Table 2

Hyperparameter Ablation Studies on DeePMO of CEU-NH; [48]. All results
represent the best relative error of IDT and LFS under the sampling range. For
all settings, we have 1r = 1e-5, bs = 1000, scale = 3000, 2000, 2000.

Ablation studies IDT (%)
0.05 (baseline) 28.56
0.2 28.94
0.25 23.29
Sampling range f; 0.3 25.98
0.35 17.19
0.4 20.46
0.5 Method diverged

4. Conclusion

This work presents DeePMO, a novel deep learning-based approach
for optimizing chemical kinetic models. Through extensive validation
across diverse fuel models, we have demonstrated DeePMO’s effective-
ness in improving model accuracy while maintaining computational
efficiency. The method successfully reduced average relative errors in
various quantities of interest across all tested models.

DeePMO’s key innovations - its iterative sampling-learning-
inference strategy and hybrid DNN architecture — effectively tackle
core challenges in data-driven chemical kinetics optimization, includ-
ing high-dimensional spaces and heterogeneous metrics. This unified
framework enables robust handling of diverse Qols from simulations
and experiments, with rigorous enforcement of physical uncertainty
bounds (fpgumge;) and tunable sampling ranges (f;) for plausible, ef-
ficient exploration. Ablation studies confirm DNN-guided sampling’s
pivotal role in enhancing convergence and sample efficiency, while ex-
trapolation validations on independent datasets affirm generalization.

DeePMO’s successful application to various fuel models demon-
strates its versatility and robustness, including methane, ethane, bu-
tane, n-heptane, n-pentanol, ammonia, and their mixtures. Particu-
larly noteworthy is its performance in optimizing complex models
like CEU-NH;, where it reduced IDT relative errors from >100% to
20% (logarithmic differences from 0.45 to 0.09) using sparse align-
ment points, with extrapolation validations on independent datasets
confirming generalization without overfitting. The method’s capability
to incorporate both experimental measurements and simulation data
further enhances its practical utility.

These results establish DeePMO as a powerful, scalable tool for
combustion model optimization, with demonstrated robustness across
high-dimensional mechanisms and diverse Qols. Limitations include

potential challenges in capturing trends with highly sparse alignment
data, as observed in single-point cases, underscoring the need for
strategic Qol selection to ensure well-posed problems and uncorrelated
constraints. Future work could extend the method to additional com-
bustion characteristics, more complex fuel mixtures, and integrated
algorithms for optimal data point curation, further broadening its
applicability in combustion chemistry research.
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