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Abstract:  [Background] The reaction kinetics in lasers often involves a lot of excited state species. The
mutual effects and numerical stiffness arising from the excited state species pose significant challenges in numerical
simulations of lasers. The development of artificial intelligence has made neural networks (NNs) a promising approach
to address the computational intensity and instability in excited state reaction kinetics (ESRK). [Purpose] However,
the complexity of ESRK poses challenges for NN training. These reactions involve numerous species and mutual
effects, resulting in a high-dimensional variable space. This demands that the NN possess the capability to establish
complex mapping relationships. Moreover, the significant change in state before and after the reaction leads to a broad
variable space coverage, which amplifies the demand for NN’s accuracy. [Methods] To address the aforementioned
challenges, this study introduced successful sequence-to-sequence learning from large language learning into ESRK to
enhance prediction accuracy in complex, high-dimensional regression. Additionally, a statistical regularization method
was proposed to improve the diversity of the outputs. NNs with different architectures were trained using randomly
sampled data, and their capabilities were compared and analyzed. [Results] The proposed method is validated using a
vibrational reaction mechanism for hydrogen fluoride, which involves 16 species and 137 reactions. The results
demonstrate that the sequential model achieves lower training loss and relative error during training. Furthermore,
experiments with different hyperparameters reveal that variation in the random seed can significantly impact model
performance. [Conclusions] In this work, the introduction of the sequential model successfully reduced the parameter
count of the conventional wide model without compromising accuracy. However, due to the intrinsic complexity of
ESRK, there remains considerable room for improvement in NN-based regression tasks for this domain.
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Chemical lasers represent a typical class of high-power lasers!. Numerical simulations of such systems provide valuable
guidance for device optimization and design, thereby reducing research and development costs. The reaction kinetics in the
optical cavity usually includes various excited states, which significantly affect key performance parameters such as power
density and spectral line distribution, making it a critical process in laser numerical simulation™. However, the complex
interactions between excited state species and the numerical stiffness caused by disparate reaction rates pose considerable
challenges to the calculation of excited state reaction kinetics (ESRK). For instance, each additional species in the system
requires solving an additional species transport equation, leading to increased computational costs and difficulty in simulation
convergence®.

In recent years, benefiting from the abundance of data and the reduction of hardware costs, The adoption of the neural
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networks (NNs) has gained traction in the research of computational fluid dynamics (CFD) with chemical reactions™,
particularly due to the NN's capacity to enhance the computational efficiency without reduction of the governing equations'.
However, for engineering practice, the complexity of relationships'® and the shortage of data!” restrict the application of NNis.

For the NN driven by data, the curse of dimensionality presents exponentially growing parameter space related to the
number of species®™. This issue is exacerbated by the species mutual effects that resist conventional dimensionality reduction
techniques such as convolution and pooling operations™. The results from CFD simulations are usually employed as databases
for the NN training, while this approach turns out to be prohibitive computational costs!"”. Moreover, the trained data-driven
models exhibit confined predictive accuracy within the training parameter space, demonstrating limited generalization
capability when designing new configurations!.

Meanwhile, the species mutual effects in ESRK lead to the kinetics being sensitive to the changes in the flow state as the
inputs of the NN and the outputs often span multiple orders of magnitude!”. Although there have been some attempts to
introduce normalization methods to enable the NN to learn the reaction kinetics, the processes of normalization and
denormalization will result in certain information loss™"*.

To address these challenges, a statistical NN framework is proposed to integrate the data distribution characteristics into
the training process, thereby enhancing data utilization efficiency. The existing approaches like variance controlled NNs have
demonstrated improved performance by incorporating the output variance regularization into loss functions for multi-output
problems'l. However, they have not exploited the statistical correlations between data points, which the statistical NN
framework takes into account”. At the same time, our training process indicates that the statistical regularization induces
oscillatory gradient behavior and aggravates the impact of stochasticity on NN's performance.

Beyond the challenges of data acquisition, in typical ESRK systems such as chemical lasers and combustion, there are
high-dimensional complex correlations resulting from the interactions among the species!®. Such high-dimensional correlations
are difficult to be separated in a simple manner'”. Moreover, characteristic processes such as combustion and relaxation
correspond to different locations within the parameter space!'. This results in the data of ESRK being non-uniformly
distributed across the parameter space, with aggregation occurring in regions associated with the reaction pathways. The
combined effects of high dimensionality and localized aggregation create a paradox where the parameter space exhibits vast
dimensions while containing only limited regions of meaningful data™®. This phenomenon imposes stringent demands on the
complex learning capacity of NNs™.. To mitigate this difficulty, we adapt sequence-to-sequence learning from natural language
processing, which improves the complexity of the NN and separates the learning modules of each output partly®!. This
architecture enables the establishment of sophisticated associative mappings while maintaining a compact parameter budget®?.

This article is organized as follows. Section 1 delineates the proposed methodology, with its implementation outcomes
examined in Section 2 through a chemical mechanism involving 16 species and 137 reactions. The summary and prospect are

articulated in Section 3.

1 Methodology
1.1 Reaction kinetics
Reaction kinetics characterizes the spatiotemporal evolution of species composition in reaction systems. The species

transport governing equation can be formulated as
0 .
a—t(pY,-)+V~(pY,-u)=—V~J,-+w,- (1)

where Y; denotes the mass fraction of the i-th species, p represents the gas mixture density, u signifies the velocity vector, @i
expresses the chemical source term governed by Arrhenius kinetics, and J; is the diffusion flux of the i-th species. This partial
differential equation describes the coupled processes of fluid dynamics, mass transport, and chemical reactions.

The reaction processes occurring in chemical lasers exemplify a prototypical ESRK. Illustrated by the reactions that
occurred in Hydrogen Fluoride (HF) chemical laser™:

Vibration-Translation (V-T) Collision Relaxation
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HF(w)+M - HF(v-1)+M (2)
Vibration-Vibration (V-V) Energy Exchange

HF (v)+HF (v') - HF (w+1)+HF (v - 1) (3)
where M denotes collision partners mediating vibration-to-translation energy dissipation and v represents the vibration level of
excited HF.

The preceding examples reveal pronounced mutual effects resulting in prohibitive computational demands, motivating the
present investigation to introduce the NN to decrease the computational complexity. Notably, in the species transport governing
equation Eq. (1), the chemical source term is not directly related to the convection and diffusion processes, but is exclusively

determined by the instantaneous flow state (temperature, pressure and species composition, 7, p,Y;)

w; :MW,-Z;(U;}—UEJ.)(]]- (4)

g =k ] 1cr -k, [ ] 1c1 (5)

c, = P PY.MW /MW, (6)
vV RT RT

kj:ATbexp(—If;) (7)

where MW represents the molecular weight of the mixture, MW, represents the molecular weight of i-th species, v is the
stoichiometric coefficient, g; denotes the molar rate of j-th reaction, k; represents the rate constant of j-th reaction, C; expresses
the molar concentration of i-th species, n; is the amount of substance of i-th species, V signifies the volume, p; denotes the
partial pressure of i-th species, R is the universal gas constant, 4 presents the pre-exponential factor of the Arrhenius formula, b
is the temperature exponent and E, denotes the activation energy.

This decoupling characteristic inspires the proposed methodology. The chemical source terms corresponding to flow states
are predicted by the NN to decrease the computational complexity.
1.2 Sequence-to-sequence learning

A fundamental challenge in ESRK regression lies in its high-dimension. The dimensions of flow states and chemical
source terms, as the NN’s inputs and outputs, are positively correlated with the number of species in the reaction mechanism.
Moreover, the chemical kinetic equations Eq. (4)—Eq. (7) demonstrate that the chemical source term depends on all
participating species, preventing complexity reduction through variable decoupling. This multivariate dependence imposes
stringent demands on the capacity of the NN.

To address this challenge, we adapt sequence-to-sequence learning from recent breakthroughs in natural language

processing®”'l. Nature language is usually regarded as a high- decoder0
. . . . . . . de02, size=Nx18x2 output0, size=Nx 1
dimensional system. Considering its dimension, the sequence-to- f
sequence learning first processes the input text through an encoder de01, size=Nx18x2 decoderl
. . . . 1
to generate a hidden context victor. Then, it decodes this vector 4600, size=Nx 18x2 outputl, size—Nx

through a loop of decoders to generate the output tokens. This
paradigm captures the correlations within inputs while enabling hidden, size=Nx18 ——— decoder2

relatively independent regression of the multiple outputs. The encoder output2, size=Nx 1
en2, size=Nx18x4

Fig.1. enl, size=Nx18x4

As illustrated in Fig.1, the input flow states are firstly mapped
en0, size=Nx18x4 L decoderl13

proposed NN structure implementing this paradigm is illustrated in

—

by an encoder module to a hidden vector. Each serial decoder then

subsequently generates its assigned chemical source term using / inputs, SiZf?:NXlg/ /Outputllsilf?:f\/X 1/

both the hidden vector and, when available, output from the prior Fig. 1 Structure of proposed neural network
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decoder as inputs. In contrast to conventional structures that directly predicts all source terms through a single wide layer, this
sequence-to-sequence structure achieves two synergistic benefits: parameter reduction through serial decoders with fewer
interactions, and partial decoupling of outputs — maintaining essential mutual effects correlations while allowing
computationally tractable independence. These features improve the NN's capability to resolve the high-dimensional regression
task.

1.3 Statistical neural network

During the process of training the NN to achieve the regression of chemical source terms, our observations reveal two
critical characteristics of ESRK: the parameter space exhibits a high dimensionality which is proportional to the number of
species, and the meaningful data are concentrated along the reaction pathway. These characteristics result in sparse data
distribution in the parameter space, where the chemical source terms (outputs of the NN) demonstrate sensitivity to numerical
variations in flow states (inputs of the NN).

The challenges of sparsity and sensitivity undermine the establishment of the regression relationships by the NN. Typical
manifestations include the NN either collapsing into uniform predictions across all inputs or exhibiting numerical oscillations
during the training.

To address these challenges in the regression of ESRK, we propose a statistical NN framework with a statistical

regularization in the loss function

1 n _
LS=L+C/\/mZi1(X,‘—X)2 (8)

where the L denotes the original loss function, which in this study is set as the mean average error (MAE); C is a constant
whose effect is evaluated in the Section 2.3.

In the NN training process, an epoch refers to one complete iteration through the entire training database. A batch
segmentation strategy is customarily implemented, whereby the database is partitioned into multiple subsets for sequential
training processing. Each subset is called a batch, and all batches together complete one epoch of the NN training. This
framework introduces the standard deviation of each output in a batch to the loss function as a regularizer. That is, from
multiple outputs, extracting one specific output and calculating the standard deviation of it in a batch. The regularization is
implemented by the weighted average reciprocal of the standard variances of all outputs. The application outcomes and analyses

of the proposed framework are presented in Section 2.

2  Results
2.1 Setup of application

To evaluate the proposed methodology's efficacy in ESRK regression, the vibrational mechanism of HF chemical lasers
with 16 species and 137 reactions is selected as the demonstration system™!. The NNs are trained with the open-source deep
learning framework TensorFlow™ on an NVIDIA Tesla V100s. The flow states as the NN's inputs are generated via uniform
random sampling within predefined parameter space and their ranges are specified in Table 1. The chemical source terms are
calculated through an open-source chemical kinetics software, Cantera®!. To align the generated data with realistic reaction

pathways, all reaction source terms are constrained below 1.0x10° kg/(m*s) through explicit thresholding during database

generation.
Table 1 Ranges of flow states as the neural network’s inputs

name T/K P/pa Yh, Yu,(1) Yu YE, Y Ypr YHF(0)
lower limit 3.0x% 10! 1.0x 102 0 0 0 0 0 0 0
upper limit 1.0x 103 3.5%10° 5.0x 107! 5.0x1073 12x1072  3.0x102  3.0x107! 5.0x107! 2.0x 107!

name Yurq) Yur) YHEG3) YHr@) Yurs) YHF(6) YHr(7) Yie N,
lower limit 0 0 0 0 0 0 0 0 0
upper limit ~ 7.5x 1072 1.5%x107! 40x107%  3.0x10*  2.0x107* 1.5%x107* 1.0x10™*  9.0x107! 2.0x107!
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The training process proceeds as follows. First, 300000 flow states are uniformly randomly sampled and the corresponding
chemical source terms are calculated, forming a database with 20% data reserved for testing. Then, the remaining training data
is batched (size=20000) for 200 epochs of NN training, the validation data is composed of 20% training data and the
performance of trained NN is evaluated by the reserved test data. The parameters of NN are updated by back-propagating
gradients through the Adam optimizer during every batch. Finally, the mean absolute relative error (MARE), Eq. (9) and the
mean squared relative error (MSRE), Eq. (10) are recorded

MARE = 3" |(x= ) /2] (9)

MSRE = \/Z‘JN(x—xpm)2 /ZN(x)2 (10)

where the subscript pre means the prediction of the NN.

The training process mentioned above constitutes one iteration. Upon completing one iteration, new sampling is performed
for subsequent iterations until reaching the preset count. The random seed is fixed to guarantee that all the NNs are trained with
the same database.

2.2 Effect of proposed algorithm

The proposed methodology is subsequently evaluated on an ESRK regression task. Following the setup in Section 2.1,
both sequential and wide NNs were trained. The wide NN architecture connects the serial decoders in parallel to constitute a
wide layer, where all source terms are predicted simultaneously rather than sequentially. The effects of different loss functions,
the traditional MAE loss and MAE with statistical regularization, were also evaluated. The NN employing statistical
regularization is named with a postfix “Std”. The configurations of different NNs are listed in Table 2, where we can see that
the sequential models have only 12.34% of the total parameters compared to wide models. The training losses for different NNs

are shown in Fig.2.

Table 2 The configurations of different neural networks

name structure loss total parameters
Seq serial decoders MAE 57631
SeqStd serial decoders MAE+C 57631
Wide parallel decoders MAE 467167
WideStd parallel decoders MAE+C 467167

The NNs' MSRE of test data are shown in Fig.3. The error is calculated by Eq. (10) where the x,. is the chemical source
terms predicted by the NN and the x is calculated by reaction kinetics Eq. (4)—Eq. (7). For the sequential models (solid lines),
their error curves evolve similarly with their loss trends, while the wide models (dashed lines) remain near 100% relative error.
This indicates that the sequential models have learned a more accurate relationship between the flow states and chemical source
terms, achieving better generalization to unseen test data compared to the wide models. Meanwhile, NNs with statistical
regularization are denoted by triangular markers and the NNs with traditional MAE loss function are denoted by circular
markers. Analysis reveals that the improvement of statistical regularization in the sequential model is marginal but for the wide
model, the regularization could provide about 20% reduction of the test errors. This phenomenon originates from the
conventional NNs' scarce capacity to accommodate widely distributed data, often collapsing into local minima that produce
homogeneous outputs across inputs. The introduced statistical regularization mitigates this collapse by introducing the penalty
of the output similarity, thereby enhancing prediction accuracy.

Subsequent evaluation has been conducted using 5000 random sampling data. Fig.4(a) displays the relative errors of
different NNs on data sampling from whole parameter space, where all models demonstrate unsatisfactory accuracy while the
sequential models maintain lower relative errors compared to wide models. Fig.4(b) presents the results of data sampling from
the parameter space within the constrained (0.6, 0.65) range of flow states. As can be seen, in this situation the MARE of all

NNs decreased to the value close to the MSRE, which demonstrates the competence of NNs in the regression task. In the
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Fig. 2 Training losses for different neural networks

meantime, the relative errors of sequential models are around 20%,

indicating that the NNs can achieve effective prediction within this

range. However, for the wide models, the errors of NN with

traditional loss, Wide, have decreased while the errors of NN with

statistical regularization, WideStd, increased. Given identical

training data ensured through fixed random seeds, this outcome

shows differences in the regression capacity of NNs. While

sequential models demonstrate localized accuracy enhancement by

successfully establishing regression mappings within subspace

domains, they exhibit limitations in global prediction due to the

complexity arising from species mutual effects in ESRK.
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2.3 Influence of hyper-parameter

The results discussed in Section 2.2 were obtained with the constant C=500 in Eq. (8). The influences of C values are
further investigated in this section. The relative errors of NNs with different structures on the data random sampling from the
whole parameter space are shown in Fig.5.

The Fig.5 reveals different stability characteristics of the sequential models and wide models: the sequential models (solid
lines) demonstrate relatively small perturbation in MARE and MSRE across C variations, whereas the wide models (dashed
lines) exhibit pronounced fluctuations. The quantitative evaluation shows the sequential models’ MSRE variability is 63.54% of
the wide models’ amplitude, with MARE variability further reduced to 10.02%, verifying the numerical stability of sequential
models.

To account for the impacts of stochasticity, particularly in training data distribution and NN initialization, additional
validation trials under different random seeds were conducted. Fig.6 illustrates test error trajectories during training, Fig.7

presents relative errors on resampled data and Fig.8 details performance variations with regularization constant adjustments.
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Fig. 7 Relative errors on random sampling data of neural networks trained with another random seed

Comparative analysis of Fig.6-8 against Fig.3-5 reveals that the performance of the sequential model remains slightly
better than that of the wide model after changing the random seed. However, divergent characteristics emerge. The model
exhibited degraded accuracy within the (0.6, 0.65) parameter space compared to the prior random seed, suggesting that the
sparser sampling density in this subspace constrains the NNs' capacity. This further demonstrates the complexity of kinetic
regression and its sensitivity to sampling data. Fig.8 reveals altered response patterns to regularization constant variations
compared to Fig.5 and this phenomenon is expected.

This behavioral divergence stems from stochasticity: random seeds induce variations in both NN initialization states and
training data distributions, thereby modifying the influence of regularization constant. These observations reinforce two aspects

of ESRK regression: (1) complexity arising from high-dimensional species mutual effects, and (2) sensitivity to both
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algorithmic initialization and database distribution. 10

3 Conclusion

three principal findings.

This study investigates the regression for ESRK, yielding

(1) Complexity and sensitivity: Species mutual effects induce
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the complexity in the reaction kinetics and the sensitivity of the 06 15
chemical source terms to the flow states, fundamentally compli- 14
cating the ESRK regression tasks. These manifest as error 04 . . . L3

C ' o ' 300 400 500 600 700
amplification when extrapolating beyond training domains. constant in loss

(2) Proposed algorithm advantages: The proposed sequential Fig. 8 Relative errors of different constant regularized neural networks

model achieves a reducing parameter count by 12.34% compared to trained with another random seed

the wide model while enhancing prediction accuracy.

(3) Stochasticity influence: The high-dimensional parameter space necessitates comprehensive database coverage, yet

sampling stochasticity causes non-negligible performance variance.

Future work will integrate reinforcement learning frameworks to decouple the dependency on training data distribution,

aiming for high-fidelity predictions across an extended parameter space with reduced data requirements.
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