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Abstract: Machine learning (ML) has gained significant traction in engine-related research, particularly because of its potential
to improve predictive performance while reducing computational costs. However, most current applications rely on feedforward
neural networks (FNNS; e.g., conventional artificial neural networks (ANNs)); these are well-suited for modeling static data and
capturing nonlinear relationships, but do not explicitly encode temporal dependencies unless sequence context is introduced via
feature engineering. Motivated by this limitation, we evaluate sequence-aware neural surrogates for engine-relevant combustion-
chemistry time-series data. Specifically, the temporal evolution of an intermediate product group during polycyclic aromatic
hydrocarbon (PAH) formation in C,H,/NH, pyrolysis is modeled using reactive force field (ReaxFF) molecular dynamics (MD)
trajectories, comparing an FNN baseline (with explicit time as an input) against a long short-term memory (LSTM)-based
recurrent neural network (RNN). The results show that while the FNN baseline benefits from explicit temporal feature engineering,
its predictive performance is inferior to that of the LSTM model, even when the network depth is increased. This behavior is
consistent with the architectural limitations of feedforward models, which do not maintain an internal memory state, and therefore,
tend to generalize poorly when the target dynamics are history dependent. In contrast, the LSTM model leverages gated memory
to learn temporal dependencies and consequently improves the predictive accuracy of combustion-chemistry time-series modeling,
providing an efficient surrogate once trained. Overall, our findings delineate the conditions under which sequence-aware recurrent
architectures offer advantages over feedforward models for ReaxFF MD time-series surrogate modeling.

Key words: Feedforward neural network (FNN); Recurrent neural network (RNN); reactive force field molecular dynamics
(ReaxFF MD); Combustion-chemistry surrogate; Internal combustion engine

1 Introduction

Machine learning (ML) has gained significant
momentum in recent years, marking a transformative
shift in many disciplines. This has led to the increas-
ing integration of ML into fields that were previously
considered outside its traditional scope. One such area
is internal combustion engines, where ML is gaining
traction due to its potential to revolutionize engine de-
sign, performance, and emission control (Aliramezani
et al., 2022; Huang et al., 2025b). For instance, Huang
et al. (2022) employed neural networks to model the
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spark ignition engine combustion process, using engine
control variables (e.g., spark timing, equivalence ratio,
and engine speed) as inputs, and engine performance
metrics (e.g., power output, engine phasing, and emis-
sions) as outputs, thereby facilitating engine control unit
calibration (Liu et al., 2022; Sok et al., 2024). Addi-
tionally, ML has been used as a virtual sensor in knock
detection (Petrucci et al., 2020; Aramburu et al., 2024)
and emission control (Atkinson et al., 1998; Kumar
et al., 2024), particularly for reducing nitrogen oxide
content in selective catalytic reduction systems (Le
Cornec et al., 2020; Kamat et al., 2023). The application
of ML has also helped establish relationships between
fuel structure and properties, enabling the prediction
of cetane and octane numbers for pure fuels and mix-
tures (Li et al., 2020, 2021). In combustion modeling,
ML enables the prediction of combustion parameters
under varying operating conditions, marking a transition
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from non-predictive Wiebe function models to semi-
predictive models (Mishra et al., 2021; Torregrosa et al.,
2021). In multi-dimensional engine computational fluid
dynamics (CFD) simulations, ML can serve as surro-
gate models that work in conjunction with optimiza-
tion algorithms to optimize chamber shape profiles and
other performance metrics (Badra et al., 2021; Silva
et al., 2023). Additionally, ML has been employed to
address sub-grid modeling and closure term issues,
thereby enhancing the accuracy and efficiency of simu-
lations (Yao et al., 2020; Liu and Wang, 2022). While
ML has been proven effective in these applications,
most current research in this area focuses on static data
and nonlinear relationships, especially in cases where
data points are independent. Conventional ML methods,
such as feedforward neural networks (FNNs; e.g., con-
ventional artificial neural networks (ANNS)), support
vector machines, and random forests, are predominantly
used in existing engine studies due to their proven
effectiveness at these tasks (Aghbashlo et al., 2021; Li
et al., 2023). However, despite the rapid advancement of
deep learning in other fields, its application in engine
research remains limited. This underutilization high-
lights the opportunity to develop more advanced tech-
niques, which could unlock benefits in engine research.
In this paper, we aim to address this gap by evalu-
ating sequence-aware neural surrogates in a combustion-
chemistry setting relevant to engines. Specifically, a
case study is undertaken to examine whether a sequence-
aware recurrent model—represented by a long short-
term memory (LSTM) network—provides measurable
advantages over FNN baselines for constructing time-
series surrogates. Although feedforward models can
incorporate time as an explicit input, they do not main-
tain an internal memory state and may generalize poorly
when the target dynamics exhibit history dependence.
A key motivation of this work is to reduce the compu-
tational costs of reactive force field (ReaxFF) molecu-
lar dynamics (MD) simulations, which are widely used
to understand aromatic hydrocarbon formation yet
remain computationally expensive (Xing et al., 2023;
Diao et al., 2024). By training on representative con-
ditions, data-driven surrogates can reduce the need
for redundant simulations, and thus, lower the com-
putational demands. Hence, an LSTM-based recurrent
neural network (RNN) is applied to build a surrogate
for ReaxFF MD trajectories of aromatic hydrocarbon
formation during C,H,/NH, pyrolysis. This is relevant

to zero-carbon ammonia fuel strategies for internal
combustion engines (Huang and Liu, 2024; Huang
et al., 2024), where soot and aromatic chemical reac-
tions in ammonia/hydrocarbon mixtures require appro-
priate kinetic descriptions. In such systems, capturing
aromatic kinetics relevant to soot often requires explicit
treatment of carbon—nitrogen interactions. However,
resolving carbon—nitrogen interactions in aromatic for-
mation often necessitates the use of ReaxFF MD since
existing reaction mechanisms may lack sufficient ele-
mentary steps for these pathways (Yan et al., 2025).
This is particularly important for ammonia/hydrocarbon
combustion applications (e.g., ammonia/diesel dual-
fuel engines), where soot-relevant aromatic chemis-
try must be represented in engine models (Huang
et al., 2025a). Moreover, first-principles-based C/H/O/N
force-field simulations provide a practical route for
probing the detailed reaction pathways underlying
aromatic formation (Zhang et al., 2023). Overall, the
results of this study highlight conditions under which
sequence-aware modeling outperforms FNN base-
lines for combustion-chemistry time-series prediction,
which may help accelerate engine-related simulation
workflows.

2 Materials and methods

In this study, we utilize ReaxFF MD simulations
of aromatic hydrocarbon formation during C,H,/NH,
pyrolysis to compare the performance of FNN-based
models and an LSTM-based RNN in modeling this
combustion process, illustrating how sequence-aware
architectures can be used as surrogates for ReaxFF MD.
The ReaxFF MD simulations, which are conducted
using LAMMPS software (large-scale atomic/molecular
massively parallel simulator) (Thompson et al., 2022)
under NVT conditions (a constant number of particles,
volume, and temperature) at 3000 K with periodic
boundary conditions, provide the data for modeling.
The parameter settings used are from Zhang et al.
(2022) and are based on the CHON-2019 force field
(Kowalik et al., 2019), and Ar parameters are provided
by Yoon et al. (2016). In the combined experimental-
simulation study by Zhang et al. (2022), the ReaxFF
MD predictions of polycyclic aromatic hydrocarbon
(PAH) formation, nitrogen-containing species, and
soot propensity as a function of NH, ratio were shown



to be consistent with laser-diagnostic measurements
(laser-induced incandesence and laser-induced fluo-
rescence) in C,H,/NH, diffusion flames; as such, this
provides experimental support for the force field and
simulation parameters adopted in the present work.
The simulations track the formation and concen-
tration of key species—including molecules with vary-
ing numbers of carbon atoms—as well as the evolution
of reactive radicals. The system density is maintained
at 0.1 g/en’. Given the short (sub-nanosecond) times-
cale of ReaxFF MD simulations compared to experi-
mental observations (typically milliseconds to seconds),
a higher temperature is applied in order to accelerate
atomic collisions, which is common practice in ReaxFF
MD studies (Kamat et al., 2010; Zhao et al., 2020).
This allows chemical reactions to be observed within
an acceptable timeframe and at a lower computational
cost (Wang et al., 2023). Accordingly, these accelerated
MD trajectories are not intended for one-to-one quan-
titative comparison with in-cylinder engine measure-
ments. The simulation time step is set to 0.1 fs for
accuracy, with a total simulation duration of 500 ps,
and recording trajectories every 0.1 ps. To investigate
reactions with varying NH, ratios, different initial con-
centration cases (A0, A20, A40, and A60) are initial-
ized, as shown in Table 1. A schematic diagram of the
A0 and A60 in the MD simulations is shown in Fig. 1.

Table 1 Initial system compositions for the ReaxFF MD

simulations
Number of molecules
System Dataset

CH, NH, Ar
A0 Training 400 0 240
A20 Training 400 80 160
A40 Test 400 160 80
A60 Training 400 240 0

(@) Particle type (b)

.
ArC H N

Fig. 1 Initial simulation boxes: (a) A0; (b) A60
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This varied NH; ratio helps us assess its impact on PAH
formation. By holding the number of C,H, molecules
constant, consistent comparisons can be made between
PAH outcomes for different cases. The NH, ratios vary
from 0% to 60% relative to C,H,, with Ar used as an
inert balancing gas to keep the total number of mole-
cules constant across cases (Table 1); hence, the com-
parisons focus on composition-driven chemical effects
under this fixed total molecular number setup. Data
from the MD simulations are used to train and test the
FNN and LSTM models. Three repetitions are per-
formed to improve reliability and reduce random fluc-
tuations. The evolution of C, species (including ben-
zene as a key intermediate in PAH formation) serves
as the prediction target, which indicates PAH forma-
tion trends. Data from A0, A20, and A60 are used for
the training dataset, while data from A40 are used for
the test dataset. Note that this train/test split evaluates
interpolation within the training composition domain,
rather than extrapolation beyond the trained range.

In this work, we compare FNN and LSTM-based
RNN architectures for predicting MD time-series data.
FNN baselines (implemented as ANNs) are used as
feedforward models, while an LSTM-based RNN is
used as the sequence-modeling approach. Unlike recur-
rent models, FNNs process each input independently
and do not maintain an intrinsic memory state; there-
fore, we introduce temporal information explicitly by
augmenting the FNN input with time. Within the FNN
framework, two models are constructed, namely a
single-hidden-layer “shallow” network (input layer—
one hidden layer—output layer) and a three-hidden-
layer “moderate” network (input layer—three hidden
layers—output layer), to explore the impact of network
depth on performance. Both FNN models take feature
vectors of [¢, ] (¢ is the time; 7 is the NH, ratio) as
inputs and predict the quantity of the intermediate
product group C, species (e.g., benzene and other six-
carbon ring structures) as the output; note that min—
max scaling is applied for normalization. The FNN
models consist of an input layer followed by one or
more hidden layers with rectified linear unit (ReLU)
activation functions (f(x)=max(0, x), and x denotes the
pre-activation input to a neuron) to capture nonlinear
relationships. The shallow FNN includes one hidden
layer with 64 neurons, while the moderate FNN con-
tains three hidden layers, each with 64 neurons. Both
models are trained using the Adam optimizer, which
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adjusts weights iteratively through backpropagation to
minimize the loss function. The LSTM network—a
variant of RNNs—is designed to capture temporal de-
pendencies in the PAH formation process. To preserve
temporal relationships, the dataset is structured sequen-
tially and not shuffled. The LSTM architecture incor-
porates a primary LSTM layer with 50 neurons and uses
gating mechanisms, such as input, forget, and output
gates, to regulate information flow, enabling the reten-
tion of information over extended sequences while
mitigating the vanishing gradient problem. A fully con-
nected output layer generates the final predictions. All
models are implemented using Python software (ver-
sion 3.9) and trained with the Adam optimizer. The
training process is conducted with a batch size of 32
over 1000 epochs. Performance is evaluated using the
coefficient of determination (R*) and normalized root
mean square error (NRMSE), where higher R values
(closer to 1) and lower NRMSE values (closer to 0)
indicate better predictive accuracy and model fit.

3 Results and discussion

The goal of this work is to explore the application
of sequence-aware neural networks in engine-related
research. In this section, we compare the modeling per-
formance of FNN baselines and an LSTM-based RNN
in simulating aromatic hydrocarbon formation during
C,H,/NH, pyrolysis; we also evaluate whether sequence-
aware modeling provides measurable benefits over
feedforward baselines under consistent datasets and
evaluation metrics. The effectiveness of the data ob-
tained from ReaxFF MD simulations will first be
validated before proceeding with the performance
comparison.

Fig. 2 shows the evolution of C, species during
C,H,/NH, pyrolysis under varying C,H,/NH, ratios. In
the absence of NH, (A0), C, species formation is ini-
tially slow but increases steadily, reaching a high level
at later stages. With a low NH, ratio (A20), the trend
is similar, although the overall molecular number of
C, species is slightly lower, which indicates minor
inhibition by CN radicals. At a moderate NH, ratio
(A40), the C, species formation accelerates signifi-
cantly at an early stage, reaching high levels by 200 ps.
Between 200 and 400 ps, the molecular number of C,
species fluctuates, likely due to the competing effects
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Fig. 2 Time evolution of molecular number of C, species
during C,H,/NH, pyrolysis under different NH, ratios

of NH, inhibiting aromatic hydrocarbon formation
while also promoting radical activity. After 400 ps,
C, species reaches a level slightly higher than A0 and
A20. This suggests that while a moderate NH, ratio
enhances early-stage reactions, it also balances the con-
sumption and generation of C, species in subsequent
aromatic hydrocarbon growth pathways. At a high NH,
ratio (A60), C, species formation exhibits steady initial
growth and does not surpass the early-stage growth
rate observed in the moderate NH, ratio (A40). After
150 ps, the formation rate of C, species under A60 re-
mains steady. After 400 ps, the C, species under A60
continues to grow and eventually exceeds all other
conditions, reaching the highest level overall. Addi-
tionally, the lower C, species levels observed at 500 ps
under A0 and A20 suggest that a significant portion of
C, species molecules may be consumed in the hydro-
gen abstraction acetylene addition (HACA) mecha-
nism, leading to the growth of larger PAHs.

In contrast, under A40 and A60 conditions, NH,
likely inhibits the HACA mechanism by reducing the
availability of C,H, radicals, resulting in less conver-
sion of C, species into larger PAHs and allowing more
C, species to accumulate. As highlighted in prior stud-
ies (Bennett et al., 2020; Liu et al., 2023), NH, sup-
presses PAH formation by capturing key species and
radicals such as C,H, and CH, which play essential
roles in the HACA mechanism. Meanwhile, NH, pro-
motes the formation of CN radicals, which can accel-
erate specific radical-driven pathways, as noted by
Zhang et al. (2022). These observations emphasize
the complexity of C, species kinetics, as it represents
a balance between multiple competing mechanisms,
including radical-driven formation and consumption



pathways. This inherent complexity makes the inter-
mediate product group of C, species (e.g., benzene and
other six-carbon ring structures) an ideal target for eval-
uating the reliability of ML models. Accurately pre-
dicting the evolution of C, species under varying NH,
ratios requires the model to capture both the nonlinear
dynamics and the interplay of competing reaction
pathways, thus providing a rigorous test of its appli-
cability to complex chemical systems.

The evolution of carbon atoms in C,, N-C,, C,+C,,
and N—C,+N-C, species during C,H,/NH, pyrolysis at
varying NH; ratios is depicted in Fig. 3. These species
represent the dominant hydrocarbons contributing to
the aromatic precursor pool and offer insights into
how NH, addition influences C,H, decomposition and
aromatic-precursor formation. In this figure and dis-
cussion, C, denotes dicarbon species, C, refers to tri-
carbon hydrocarbons, and C, represents tetracarbon
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hydrocarbons. Notably, C, excludes the reactant C,H,
to better capture the effect of NH, during decomposi-
tion. As the NH, ratio increases, the peak quantities of
all hydrocarbon species decrease, which is consistent
with previous studies (Bennett et al., 2020). Conversely,
the corresponding nitrogen-containing hydrocarbons
increase as NH, is added. The impact of NH, on C,
species is relatively minor, whereas its influence on C,
and C, species is more pronounced, with N—C,+N-C,
exhibiting significant increases. This trend is likely
due to C,H, serving as the primary fuel, which pre-
dominantly dehydrogenates to form C,+C, species.
The differential effects of NH, on hydrocarbons with
varying carbon numbers suggest that NH, may affect
benzene ring formation through both odd- and even-
carbon species chemistry—a phenomenon which was
also reported in previous studies (Zhang et al., 2022).
In particular, acetylene (C,H,), an even-carbon species,
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Fig. 3 Time evolution of number of carbon atoms in (a) C,, (b) N-C,, (¢c) C,+C,, and (d) N-C,+N-C, species during C,H,/NH,

pyrolysis at different NH, ratios
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is a key growth reactant in the HACA mechanism and
directly contributes to aromatic ring growth. There-
fore, changes in the C,H, pool can strongly modulate
benzene/PAH formation and soot propensity. In keep-
ing with observations of ammonia—ethylene flames,
NH, is known to influence soot propensity by reduc-
ing CH, CH,, and CH, radicals in C,H, combustion.
Soot propensity is governed by multiple factors, in-
cluding diluents (Kailasanathan et al., 2013) and fuel
properties (Tang et al., 2019). These findings suggest
that NH, addition primarily affects the chemistry of
even-carbon species, thereby altering soot propensity
pathways.

Previous studies (Bennett et al., 2020; Liu et al.,
2023) have suggested that NH, addition inhibits soot
formation by sequestering carbon atoms from hydro-
carbon fuels, consequently reducing the availability of
the carbon species necessary for PAH and soot forma-
tion and growth. As reported by Bennett et al. (2020),
CN species are potential carbon—nitrogen intermediates
formed during the co-firing of NH, with hydrocarbon
fuels, and they suppress soot formation by reacting
with PAHs. Hydrogen cyanide (HCN) and hydrogen
isocyanide (HNC) are also nitrogen-containing inter-
mediates that may form in C,H,/NH, systems; however,
under the present ReaxFF MD conditions (3000 K),
their populations remain low relative to CN species
throughout the trajectories and do not exhibit sustained
accumulation. Because the following discussion focuses
on CN-radical-dominated interactions (e.g., occupancy
of active sites on carbon chains and PAHs), the influ-
ence of HCN/HNC pathways on these dynamics is
considered of secondary importance within the inves-
tigated parameter space.

Fig. 4 presents the evolution of molecular number
of CN species during C,H,/NH, pyrolysis at varying
NH, ratios. As shown, CN species formation increases
significantly with higher NH, ratios. As a result, when
NH, ratio rises, the availability of carbon atoms that
participate in soot formation decreases. This trend is
consistent with previous findings, including the work
of Liu et al. (2023), which examined the impact of NH,
addition on soot formation during n-decane pyrolysis.
Their results indicated that adding NH, leads to the
consumption of CH, and C,H, by nitrogen-containing
species. Reactions between CH, and NH,, as well as
between C,H, and NH,, appear to be key processes in
NH;-containing fuel systems. For one, the depletion

of these carbon precursors directly reduces PAH for-
mation. Moreover, PAH growth is inhibited further due
to disruptions in the formation of key reactants such
as C,H,. These behaviors are consistent with the com-
bined experimental ReaxFF MD study by Zhang et al.
(2022), which provides additional support for the phys-
ical relevance of the MD trajectories used for surro-
gate modeling in this work.

Fig. 5 presents the chemical structures of nitrogen-
containing polycyclic aromatic hydrocarbons (N-PAHs)
formed during the MD simulations of C,H,/NH, pyroly-
sis under A40 at 3000 K. This serves to illustrate how
nitrogen incorporates into N-PAH structures. The result-
ing N-PAHs exhibit irregular and multi-ring aromatic
configurations. In these representative structures, most
nitrogen atoms are located at the periphery of the struc-
ture, with few penetrating the inner carbon framework.

16 T T T T

-
~

- ---- A20 .

L — - A60 |

- -
o N
T
1

Molecular number of CN species
[e:]
T

0 e
0 100 200 300 400 500
Time (ps)

Fig. 4 Time evolution of molecular number of CN species
during C,H,/NH, pyrolysis at different NH, ratios
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Fig. 5 Representative two snapshots of N-PAHs formed

during ReaxFF MD simulations of C,H,/NH, pyrolysis (A40,
3000 K)



This trend aligns with the expected growth process of
N-PAHs, where nitrogen atoms predominantly remain
on the branches rather than integrating into the inner
rings to form heterocycles. These observations are also
consistent with prior reports on nitrogen incorporation
and N-PAH growth. Zhang et al. (2024) reported that
at temperatures below 2500 K, N-PAHs primarily grow
via the HACA mechanism. However, at temperatures
exceeding 2500 K, their growth is mainly driven by
continuous carbon-chain attachment followed by con-
densation polymerization. Additionally, it was observed
that nitrogen atoms in nitrogen-containing carbon
chains are almost exclusively located at the chain ends,
rather than in the middle. This is attributed to the rela-
tively high energy barrier associated with the cycliza-
tion of nitrogen-containing carbon chains, making the
formation of new aromatic rings more difficult (Zaher
et al., 2023). In summary, the MD simulation results
for C,H,/NH, pyrolysis and C, species formation are
consistent with the theoretical predictions and previ-
ous studies, confirming the validity of this dataset for
subsequent data-driven surrogate modeling.

Since the MD results have been validated against
existing literature, this section now presents a compar-
ative analysis of three models, namely the shallow FNN
(FNN baseline), moderate FNN (FNN baseline), and
an LSTM-based RNN. The objective is to evaluate
their effectiveness on both the training and test datasets,
s0 as to assess their feasibility as surrogates for reduc-
ing the computational costs of ReaxFF MD simulations
of engine-relevant combustion chemistry. Fig. 6 shows
a comparison of the C, species predictions from the
shallow FNN (one hidden layer) and the MD simula-
tions on the training dataset (with [¢, 7] as inputs). The
shallow FNN captures the overall trend of C, species
evolution, indicating its ability to learn general patterns
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in the data. However, certain regions show notable
deviations from the results of MD simulations, thus
highlighting limitations in reproducing finer details of
the C, species dynamics. The shallow FNNs achieve
an R’ value of approximately 0.980 and an NRMSE
of about 0.03—0.04 on the training dataset, indicating
strong fitting performance. Nevertheless, the observed
discrepancies suggest that further refinement is needed
to improve the predictive accuracy, particularly in terms
of capturing subtle variations in the trajectories.

Increasing the number of layers in a neural net-
work generally enhances its ability to capture complex
features and learn intricate relationships. Therefore, to
assess whether greater depth improves model perfor-
mance for the present task, we compare a shallow
FNN (one hidden layer) with a moderate FNN (three
hidden layers). The prediction results from the moderate
FNN and the MD simulations on the training dataset
are compared in Fig. 7. The moderate FNN effectively
captures the overall trends observed in the MD simu-
lation data and demonstrates an improved ability to
model subtle fluctuations in the molecular number of
C, species. The model achieves an R’ value of 0.992
and an NRMSE of 0.028 (on the order of 107), dem-
onstrating the benefits of increased network depth for
achieving higher accuracy and lower error rates. In
general, the moderate FNN outperforms the shallow
FNN, although the performance difference on the train-
ing dataset remains minimal.

Fig. 8 compares the prediction results from the
LSTM-based RNN and the MD simulations on the train-
ing dataset. The LSTM-based RNN exhibits closer
agreement with the MD simulation data, with reduced
deviation and improved reproduction of the C, evolu-
tion curve. In addition, it achieves higher R* and lower
NRMSE values than both the shallow and moderate
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Fig. 8 Prediction results of the LSTM-based RNN versus MD simulations on the training dataset: (a) A0; (b) A20; (c) A60

FNNSs on the training dataset. This result suggests that
the LSTM-based RNN can accurately model sequen-
tial trajectories by leveraging its internal state to repre-
sent temporal dependencies, making it well-suited for
the present time-series surrogate task. Overall, while
all three models perform well on the training dataset,
the LSTM-based RNN exhibits a modest advantage
in accuracy.

Although all three models perform well on the
training dataset, this does not necessarily ensure strong
performance on the test dataset, due to potential chal-
lenges such as overfitting and limited generalization.
Overfitting occurs when a model not only learns the
underlying patterns in the training data, but also noise
and specific anomalies, thereby reducing its perfor-
mance on unseen data. Limited generalization refers to
the inability of the model to effectively apply learned
patterns to different datasets, which results in decreased
accuracy when data that deviates from the training
dataset is encountered. To assess the generalization
ability of the models, in Fig. 9, we compare predic-
tion results from the shallow FNN, moderate FNN,
LSTM-based RNN, and MD simulations on the test

dataset (A40). The shallow FNN exhibits the largest
prediction deviations, followed by the moderate FNN.
Additionally, the moderate FNN struggles to capture
the overall trend and fails to accurately predict fluctu-
ations in the data. These findings underscore the chal-
lenges that FNN baselines may face in maintaining ac-
curacy and reliability when applied to unseen condi-
tions. In contrast, the LSTM-based RNN effectively
captures the pattern of C, species evolution, demon-
strating high alignment with the MD simulations. More-
over, with an R* value of 0.996 and an NRMSE of
0.017, the LSTM-based RNN shows strong predictive
performance. In comparison, the shallow and moderate
FNN baselines achieve R* values of 0.738 and 0.867,
respectively.

Fig. 9 also indicates that the FNN baselines exhibit
a larger gap in train—test generalization compared to
the LSTM-based RNN, which is consistent with over-
fitting under limited training coverage. This behavior
reflects an architectural limitation: feedforward models
do not maintain an internal memory state to encode
reaction-history effects. When the trajectory at a given
time depends on prior evolution (i.e., the system is
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Fig. 9 Prediction results of (a) shallow FNN, (b) moderate FNN, and (¢) LSTM-based RNN versus MD simulations on

the test dataset

history dependent), sequence models such as LSTM
can represent this dependence through their internal
memory, whereas feedforward models—which process
each input independently—can face difficulties in gen-
eralizing. It is worth noting that the preceding evalua-
tion on A40 corresponds to interpolation, since A40 lies
within the composition range covered by the training
dataset (NH, ratio up to 60%). To further probe extrapo-
lation over mixture composition, an additional split is
examined by training the LSTM-based RNN on A0,
A20, and A40 (NH, ratio up to 40%), and then, test it
on A60 (r=60%), as defined in Table 1. The resulting
prediction shows pronounced deviations from the MD
trajectory, indicating that the extrapolation capability
of the present data-driven surrogate is limited under
the current training coverage. Compositional changes
can shift dominant reaction pathways and alter the for-
mation dynamics of C, species, leading to a distribution
shift that a purely data-driven model may not be able
to generalize to without additional training coverage.
Therefore, the present model is best suited for predic-
tions within the trained parameter space.

Furthermore, comparing train—test discrepancies
reveals clear differences in generalization abilities. The
NRMSE values of the shallow and moderate FNNs
increase by factors of 3.5 and 3.4, respectively, on the
test dataset relative to the training dataset; in contrast,
the LSTM-based RNN maintains an NRMSE value of
0.017 with only a negligible increase in error. The
larger generalization gap of the feedforward baselines
is consistent with overfitting under limited training cov-
erage and reflects a notable architectural constraint:
FNNs process each input independently and do not
maintain an internal memory state, so temporal de-
pendence can only be incorporated into such models

through explicit feature engineering. In the present
setting, the trajectory of C, species is not fully charac-
terized by the instantaneous inputs provided to the
FNNs (¢ and 7), because the same time and NH, ratio
can correspond to different effective reaction states
depending on the preceding evolution (e.g., radical
pools and precursor accumulation). The LSTM-based
RNN can partially infer such latent state information
from the preceding sequence via its gated memory,
which helps retain earlier information that is predic-
tive of subsequent trajectory changes; this leads to
improved test performance and a smaller train—test gap
(Fig. 9). In sum, these results support the usage of
sequence-aware surrogates for ReaxFF MD time-series
modeling, and indicate a practical pathway for reduc-
ing the computational costs associated with repeated
reactive MD simulations.

4 Conclusions

The goal of this study is to explore sequence-
aware neural networks in engine-related research, offer-
ing new insights and expanding application potential.
Specifically, we leveraged data-driven surrogates to
emulate ReaxFF MD simulations of C, species varia-
tion during the pyrolysis of C,H,/NH,. The modeling
performance of FNN baselines with shallow and mod-
erate network depths was compared with an LSTM-
based RNN. There are some meaningful observations
in this study, which are presented as follows:

1. The ReaxFF MD simulations of C,H,/NH, py-
rolysis are consistent with prior reports, particularly
regarding the inhibitory effect of NH, on PAH forma-
tion and the formation of N-PAHs. For instance, the
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concentration of CN radicals increases with the addition
of NH,, aligning with the observed suppression of
N-PAH formation. Furthermore, the presence of NH,
significantly influences the formation of initial aromatic
rings through both odd- and even-carbon species chem-
istry. Overall, the MD simulation data are consistent
with previous research, confirming their suitability for
surrogate model development.

2. Feedforward baselines can assist in simulating
C,H,/NH, pyrolysis when temporal information is intro-
duced via explicit inputs/feature engineering; however,
they face challenges in capturing detailed time-series
variations of C, species. In the tests of FNNs, we found
that increasing the network depth (i.e., the number of
hidden layers) improved the fitting performance, but
the difference in the training dataset remained limited.
Although the test performance improved (R’ increased
from 0.738 to 0.867), the moderate FNN still strug-
gled to reproduce the trajectory-level dynamics present
in the MD trajectories. When evaluated on hold-out
trajectories, these models show poorer generalization,
indicating their limited ability to represent complex
temporal dependencies in cases where the trajectory
depends on preceding reaction history (i.e., an implicit
state); therefore, such history must be encoded explic-
itly through additional feature engineering.

3. When comparing the LSTM-based RNN with
the feedforward baselines, the LSTM model achieved
higher predictive accuracy than both the shallow and
moderate FNNs. While all models exhibited accept-
able performance on the training dataset, the feedfor-
ward baselines generalized less effectively to the test
dataset. In contrast, the LSTM-based RNN provided
more robust predictions for long time-series trajectories,
showcasing its suitability for combustion-chemistry
surrogate modeling. This advantage became even more
evident when the target trajectory exhibited history de-
pendence or pronounced fluctuations that are difficult
to characterize solely by instantaneous input—output
mapping. Moreover, the LSTM-based RNN enables
accurate emulation of C,H,/NH, pyrolysis trajectories
with reduced computational cost. The improved per-
formance of the LSTM-based RNN is attributed to its
recurrent architecture with memory cells and gating
mechanisms, which can capture temporal dependencies
and complex patterns in sequential data.

Overall, in the context of engine combustion-
chemistry modeling, we demonstrate how an LSTM-
based RNN can achieve high predictive accuracy of

time- and history-dependent trajectories with low com-
putational cost. The proposed approach outperforms
feedforward baselines, which rely on explicit time
inputs. This case study underscores the potential of
sequence-aware surrogate modeling in engine-related
analysis and paves the way for broader applications in
engine research.
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