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Abstract

The modeling of chemical kinetics holds many challenges, as well as a necessity for more efficient mod-
eling techniques, together with dimensionality reduction techniques. This work studies the application of
time-lag auto-encoders (TAEs) for the analysis of combustion chemistry kinetics. Such a technique allows a
better reconstruction of the thermochemical temporal advancement in relation to traditional reduction tech-
niques (Principal Component Analysis or PCA) while applying a potential denoising operation. Moreover,
the reduced manifolds or latencies are provided with physical meaning, which further analysis, gives insight
into key chemical reactions and interactions between chemical species, allowing for a deeper understanding

of the chemical mechanism itself.
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NOMENCLATURE

Abbreviations

AE  Autoencoder

CFD Computational Fluid Dynamics

CombML Combustion Machine Learning

D Decoder

DMD Dynamic Mode Decomposition

E Encoder

HODMD High-Order Dynamic Mode Decomposition
ISAT In Situ Adaptive Tabulation

LHS Latin Hypercube Sampling

LPCA Local Principal Component Analysis

MAE Mean Absolute Error

NNs Neural Networks

PCA Principal Component Analysis

SPARC Sample-Partitioning Adaptive Reduced Chemistry
TAE Time-lag Autoencoder

TDAC Tabulation of Dynamic Adaptive Chemistry

Greek letters
B Regularization constant
Bi Adam’s optimizer first constant

B2 Adam’s optimizer second constant
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[0} Equivalence ratio

Y Encoder Neural Network vectors
T Time interval
13 Decoder Neural Network vectors

Latin letters

R Dimensionality

Zrarp Time-lagged reconstruction loss

ij Coefficient of importance for the j-th variable
K Number of time series

M Number of time samples

N Number of variables of high-dimensional space
n Number of variables of low-dimensional space
0 Number of permutation repetitions

R? Coefficient of determination
s Linear regression coefficient of determination

sq,j  Linear regression coefficient of determination for the j-th variable in q permutation repeti-

tion
T Temperature
Ty Initial temperature
to First time step
ot Last time step
X Thermochemical sate vector
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Xo Initial thermochemical state

Y; Mass fraction of i-th species

Z Reduced manifold size

I. INTRODUCTION

Reacting flows are a common topic when it comes to industrial applications; this also means
that efficient techniques that foresee their behavior are a necessity. Simulation techniques are a
common technique used for the chemistry reactions’ approximations, more precisely, CFD tech-
niques have become part of common knowledge applications. Unfortunately, many of the current
simulation techniques are unfeasible for their application in real industrial cases, mainly due to
the computational overhead that they suppose. In brief, the number of equations increases linearly
in the measure that more chemical species are added to the model, which becomes necessary to
accurately describe the chemical evolution of the reacting system [1], at the same time, the com-
putational cost for the solution increases exponentially in accordance to the number of chemical
species. Additionally, there are many other physical phenomena to be considered, such as tur-
bulence models, thermal irradiation models, acoustics, etc., from which, each one considers the
addition of phenomenological closure models. For high-fidelity detailed chemistry mechanisms,
indeed, the chemical reaction mechanism is frequently the most computationally demanding of
a computational combustion model, as a reference, above 50 species, it takes about 90% of the
computational effort [2].

As an answer to this issue, many efforts have been invested in the development of reduced
efficient chemistry representation. Among these approaches, a very popular technique is the In
Situ Adaptative Tabulation (ISAT) [3], which consists in storing thermochemical states through
binary trees, however, the principal drawback of this technique is its high memory requirements,
which makes the technique unviable for cases considering an elevated number of species, which
are most of the real-cases scenarios [4].

Going further, many other techniques for reduced representations have been applied, such as
the application of limited chemical steps [5] in which many reactions that lead to minor species are
neglected; additionally, we can mention the development of skeleton mechanisms [6] that neglect

many of the intermediate species while considering just major species and final products; it is to
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mention the Tabulation of Dynamic Adaptive Chemistry (TDAC) methodology, in which there is
a coupling of ISAT tabulation of previous results, plus a generation of skeleton mechanisms on
the fly [7], however, the calculations of the reduced mechanisms can be demanding. Many other
approaches can be mentioned, each one of them presenting its own advantages and disadvantages,
however, none of the developed techniques represents a general solution to all the possible cases.
With the current development of numerous Machine Learning techniques, it is possible to find
a variety of works in which they are applied to combustion problems, giving place to the area of
Combustion Machine Learning (CombML [8]). From these applications, it is important to mention
the application of Principal Component Analysis (PCA) [9], a feature reduction technique, and the
application of Neural Networks (NNs) as a substitute for the ODE time integrator [10], [11].

When it comes to PCA applications, its use as a feature reduction technique is limited since the
resulting components are usually a linear combination of chemical species, which supposes some
difficulties for the treatment of source terms ([12]). This technique has found a more efficient
use as the application of Local PCA (LPCA) for clustering, as it is done in SPARC (Sample-
Partitioning Adaptive Reduced Chemistry) chemistry models [13]. Another popular technique for
feature reduction is the Dynamic Mode Decomposition (DMD), which has been proven useful for
the identification of principal modes or frequency patterns in flows through matrix decompositions
[14]. For the case of complex dynamics, High-Order Dynamic Mode Decomposition (HODMD)
has proven effective [15] and introduces a windowing concept to apply DMD locally [16, 17].

On the other hand, NNs can be used as universal approximators, which means they are suitable
for the representation of chemistry non-linearities, some works that present this kind of applica-
tions are such as [18, 19]; additionally, it is to mention hybrid applications, in which techniques
such as PCA or HODMD decompositions are used for a dimensionality reduction of datasets, the
same data that is used afterward for the training of neural networks (NNs), which integrate the
variables in time [20]; the application of these methodologies reduces significantly the computa-
tional cost of the hyperparameters optimization. However, as it is observed in [21], a drawback
of their implementation is the huge dimensions of the training datasets, which might require the
application of generative models. Moreover, the application of neural networks and CombML
techniques in general, address the problem mostly from a statistical perspective in most cases and
give back very little understanding of principal species that play a role in the mechanism, as well
as the principal reactions involved.

Nonetheless, this neural network function approximation can be used for dimensionality reduc-
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tion, as it is pictured in autoencoder (AE) applications, such as [22] and [23]. As expected, even
if an AE provides with a better representation of chemistry non-linearities, the resulting reduced
representations are difficult to interpret, leading to model closure issues. In the present work, a
time shift will be added to an AE network architecture, which gives place to a time-lag autoen-
coder (TAE) [24]. The application of such a network allows to assess an AE topology for the task
of time integration itself, as well as it adds a temporal characterization to the reduced components,
which becomes a dynamical characterization of the chemistry. Additionally, this kind of network
allows for the development of reduced dynamic models [25], which are expressed in terms of the
network’s reduced components. Furthermore, it should be assessed if the reduced components
enable the recognition of principal chemical features, yielding better insights about the chemistry
mechanism behavior from a dynamic perspective.

In the next sections, a conceptualization of the TAE approach is provided with its applicability
as a feature extractor of chemistry kinetics (Sec. Il A). Additionally, some notions regarding PCA
as a reduction technique are given, principally when used in the form of neural networks (subsec-
tion II B). A proof-of-concept study for hydrogen-air homogeneous autoignition combustion and
a discussion of the capability of TAE’s for chemistry estimation, such an experiment intends to
provide some general guidelines that will help for the technique implementation in other reactive
scenarios. The paper ends with a summary of our main findings and future perspectives to leverage

the application of the proposed methodology in combustion science.

II. THEORETICAL BACKGROUND

A. Time-lagged Autoencoders

Auto-encoders (AE) are a type of neural network that is used for finding reduced representa-
tions of a given input vector [22]. In its original form, the network hyperparameters search to
minimize the error of a loss function while reconstructing the same input parameters as the net-
work’s outputs, through the application of two main operations, which are named the encoder (E)
and decoder (D) networks. These networks are separated by a bottleneck layer, from which it is
possible to obtain this reduced representation. Generally speaking, the encoder network is the one
that takes the input parameters and transforms them into the reduced representation, while the de-

coder network takes this reduced or latent representation, and reconstructs the original parameters.
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As suggested by the technique’s name, a TAE follows the same concept and architecture as an

AE, with the difference that a time shift is applied between the network’s inputs and outputs. In

particular, the inputs and outputs to be applied are the respective thermochemical states X € RV

of N state variables (i.e. species mass fractions and temperature), in the time interval T € t C R™.

More specifically, it is assumed that the time interval T is discretized by M time steps with a

time-step size Ar. Thus, the modeling of a dynamical system is posed as a time-series problem

propagating from the initial state Xj.

4 "
Vs \ 4 . 4
(o e i 3 3 e §
e . { b v X {8
@ e ¢ ‘ ( i
N ¢
¢ S ' X A
t ERES ¢ L [
o it t =it
r- S s r =i g
g s ). &) T el P *H ' &,
> »
X v Reduced by
Manifold Z
Encoder Decoder

FIG. 1: Schematic that describes the composition of a TAE network, such network architecture is

to be applied for a dynamical analysis of chemistry kinetics.

Mathematically, the encoder network can be understood as a sequence of nonlinear transfor-

mations that brings the vector X from dimensionality RN 5 R,

7, =E(X,).

ey

Here, Z represents the low-dimensional latent space Z € R" with n << N; for the case of the de-

coder, the transformation is such that enables the reconstruction of R” — R¥, but with a temporal

advancement, therefore, it is possible to write:

XtJrAt = D(Zt) = D(E(Xt))-

7
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In the present study, fully connected neural networks are employed to define the encoding and
decoding models, as shown in Fig. 1. Thus, the final result is a deep learning model X, A, =
Dg(Ey(X;)) parameterized by vectors & and y, like trained deep neural networks. Thus, the final
goal is to find an encoding and decoding which minimizes the time-lagged reconstruction loss
ZL1AE,

M—1 3 5
Lrae =Y, Xiear — Xyl (3)
0
for a family of functional mappings E and D. Additionally, neural networks are trained through the
minimization of a loss function, which ideally, should reflect physical laws constraints. Following

this aim, we proposed a physics-aware loss function to ensure mass conservation at each time-step:

M—1 M—1
LraE = Y HXt+At*Xz+AzH2+% YUY Yia—Y Tl “
0 0

1
M—1
Variables with (%) refer to the TAE’s output, and Y stands for the species mass fractions, which

should sum up to one. B is the regularization constant, that is to say, how much the violation of

mass conservation will be penalized; lastly, M stands for the number of time samples.

B. Comparison with other typical reduction methods

Considering that TAE can be used as a feature extraction technique, it is important to understand
the benefits that a TAE implementation holds in relation to traditional decompose techniques. Even
though it is true that PCA gained so much popularity due to its low computational cost and the
fact that almost any data matrix can be decomposed by the technique [26], [27]. Moreover, PCA
is also a linear technique, which means that it assumes the existence of a linear map that can
represent the dataset, which is not necessarily true in many real-world cases [28]. Regardless of
this intrinsic characteristic, even if the method can be applied successfully for the feature extraction
of the thermochemical state [29], the resulting variables might not be of good significance for the
application of predictive methods for the chemistry temporal advancement, which can be rather
complex.

Since autoencoders hold a non-linear character, therefore, the question to answer is how much
the reconstruction cost is altered by the application of a TAE while keeping a constant number of

features for both methods. Additionally, it should be emphasized that TAE gives direct information
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about the thermochemical state evolution, while PCA techniques just provide information about a
present state. Because it is intended to analyze both techniques under equality of conditions, a one-
layer autoencoder is proposed to mimic the PCA technique, called a PCA-like autoencoder. Since
PCA is alinear technique, the PCA-like autoencoder is constructed by applying a linear activation
function in the hidden layer. Thus, the feature variables are obtained from a linear transformation
of the original thermochemical state. A diagram of this type of autoencoder is visualized in Figure

2.

Reduced
Manifold Z

FIG. 2: Schematic of the parts of a PCA-like autoencoder, it is to notice the difference in

complexity regarding the displayer TAE architecture.

III. COMPUTATIONAL EXPERIMENT.

In the present work, we test the capability of TAE as a feature extraction technique, while it
performs the time integration of the thermochemical variables, this can be traduced into a time
integration that eliminates unnecessary inputs; in this case, both capabilities will be applied to
hydrogen combustion. The dataset for training the machine learning models is obtained with
isobaric batch reactors simulations, developed with the Cantera software [30]. The simulations
were performed using a constant time step, which should be small enough to ensure a sufficient
number of time samples for different ignition conditions, additionally, it should provide a good
description of the chemical species’ mass fractions time evolution, this can be ensured if the time

step is in agreement with the inverse reaction rate chemical time scale [31], which is in order of
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1074, therefore, in order to capture all the chemical time scales with detail, the applied time step
is 1075 for a time length of 0.5ms. The reduced version of the University of San Diego chemistry
mechanism for hydrogen combustion was used [32], which consists of 9 species and 21 reactions.
Since non-reacting species are neglected, the resulting thermochemical state holds dimensionality
X € R, which considers 8 reacting chemical species, plus temperature. The application of a
small mechanism helps to understand the principles behind this application without any loss of
generality.

Furthermore, correct modeling of chemical kinetics is characterized by multi-physics and
multi-scale phenomena, in which the properties might vary by several ranges of magnitudes. As
the main goal here is to build predictive models capable of producing reliable predictions for dif-
ferent conditions, the reconstruction model must be able to bear a wide range of scenarios defined
by state variables, also called control variables, such as temperature, pressure, and equivalence
ratio in various flame configurations. So, the training dataset is composed of K time-series of an
isobaric zero-dimensional reactor using different ignition conditions.

For the different ignition conditions, different values of equivalence ratio (¢) and initial temper-
ature are considered. A Latin Hypercube Sampling (LHS) was implemented [33] with the Python
PyDOE library [34]. A uniform distribution is used to obtain 100 samples in a region delimited
by ¢ €[0.9,1.2] and T € [1100,1220]. The number of samples was chosen through a try-error
approach in which the number of ignition cases was progressively increased from 50 to 75, and
finally to 100, where a satisfactory accuracy was achieved. Here, it is worth highlighting that for
cases with higher dimensionality such as methane combustion the number of ignition cases needed
to train the TAE model might be larger. In such cases, generative models can be used to build large
training datasets [21]. The resulting sampling is visible in Figure 3.

The thermochemical state vectors are defined using mass fractions values and temperature val-
ues, the dataset normalization is done with a general maximum value per quantity, meaning that
each quantity is divided by its maximum occurrence among all the datasets. This allows all the
datasets to lie in the same manifold. The applied time shift equals a single time step.

At the same time, different sizes of bottleneck layers were explored; the latent spaces range is
described by Z € [1,4], therefore, four different networks are meant to be studied. The networks
are built using the Python Tensorflow package[35], each of the networks’ hyperparameters has
been tunned using the optimization functions available in the package Keras Tuner [36], and this

optimization process provides a set of different networks that differ between them just in the num-
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FIG. 3: LHS sampling of ignition conditions considered for training data

ber of neurons per layer, which can be observed in Table I, these values are specifically obtained
making use of a Random Search algorithm, while the rest parameters are obtained making use of
grid search.

The Leaky ReLu functions used, hold an activation constant of 1 x 1073, which allows a better
representation of combustion non-linearities. Moreover, a sigmoid activation function is used in
the latent layer to constrain the latent space in Z € [0, 1] [24]. The neural network parameters are
initialized using a Glorot normal [37]. The physics-aware loss function available in Equation (4)
is employed to train the TAE model. The Adam optimizer [38] is employed with a learning rate
of 1x 1073, B; = 0.9, and B, = 0.999, for a total of 2000 epochs. Early stopping is used with
a minimum change of 1 x 10~ for five epochs. Due to the computational overhead that implies
using the whole dataset, the optimization process involves the utilization of 75% of the whole
dataset, while posterior cross-validation is implemented using the whole dataset. In each phase,
80% of the data is used as a training dataset while the remaining 20% is used as validation data.

Moreover, the resulting latent space will be used for the determination of latent chemical
species; with latent species, it is intended chemical species that hold a strong correlation with
the latent variables. The aim is to assess whether these chemical carriers may bear the potential
to act as input features for the development of physically explainable reduced-order models. The
identification is carried out through a correlation analysis using Kendall’s Tau B correlation in-

dex, due to its boundedness and resistance to outliers [39]. This feature identification is achieved
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TABLE I: TAE Network’s Architectures

Number
Operation Number of Neurons | Activation Function
Layer
7=1\2=2\7=3|7=4
Input Layer 1 9191919 Linear
Encoder 2 161|245|318|210 Leaky ReLu
3 3391319227186 Leaky ReLu
4 46 | 79 | 96 | 76 Leaky ReLu
5 322|336 285|324 Leaky ReLu
Code Layer| 6 12|34 Sigmoid
Decoder 7 322|336 285|324 Leaky ReLu
8 46 | 79 | 96 | 76 Leaky ReLu
9 3391319227186 Leaky ReLu
10 |161/245|318|210 Leaky ReLu
Output 11 919199 Linear
Layer

through the usage of the Scipy package [40].

IV. RESULTS.

As a first step, it is important to assess the quality of reconstruction that is achieved using the
TAE networks in training data. For this, the training ignition cases will be reconstructed, and
the quality of these reconstructions will be assessed with the analysis of the R? scores [41], which
evaluates the quality of the model’s output, scoring it within a constrained range of [0, 1], where 0 is
given to a poorly performing model, and 1 to a perfect prediction. A general R? is to be calculated
for each ignition case, this means calculating the score for each one of the components of the
thermochemical variables and averaging these results. This process provides a mean R? score
of 0.991, with a standard deviation of 4.6x103, such results are an indicator of a satisfactory
reconstruction. The histogram with the distribution of the respective R? scores is available in

Figure 4, this for a TAE model z = 1, in which a lower accuracy is to be expected.

12
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FIG. 4: Distribution of R2 scores for training ignition cases tested in TAE model z =1

, the y-axis describes the count of ignition cases for each range of values, while the x-axis presents the

ranges of R> scores.

Since the studied models give a good reconstruction in training data, the outcomes of this
study will be organized as follows: first, an analysis of the TAE-reduced manifolds will be pre-
sented. For this test, ignition conditions that can be seen as interpolation cases are considered;
interpolation makes reference to conditions contained inside the limits of training data. Lastly, a
comparison of TAE as a reduction technique will be performed regarding PCA capabilities for a
range of latent space dimensions or a number of principal components, adding in this case, some
extrapolation conditions, that is to say, conditions outside of the training limits. The interpolation

and extrapolation conditions considered are available in Tables II and III respectively.

TABLE II: Interpolation Ignition cases

Case|T[K]| ¢
1 ]1160/0.93
2 11200 1.0
3 |1130(1.10

13
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TABLE III: Extrapolation Ignition cases

Case|T[K]| ¢
1 |1160]0.85
2 |1300| 1.0

A. Time-lag Auto-encoder Reduced Manifolds.

For obtaining these manifolds, the TAE network is fed with K time series that describe the
hydrogen-air homogeneous autoignition problem in different ignition scenarios at the time interval
[to,1s,—1], where n; stands for the number of time steps. The expected output is the future values

of the time series, it is to say, the state vectors for the time interval [ty ar,t, |-

Going further, we evaluate the ability of the TAE model to generalize to unseen ignition sce-
narios. Specifically, we assess the ability of the TAE integrator in interpolation and extrapolation
scenarios. The interpolation scenario represents the homogeneous ignition cases described in Ta-
ble II. The R? score will be used again to assess the quality of reconstruction; this assessment is
the first step in the analysis since the validity of the latent manifold is dependant on the outputs

reconstruction accuracy. The R2 score values are available in Figure 5.

After observation, it is visible that can see that the models retain a good representation of
the dynamic behavior, returning R? scores larger than 0.96. Moreover, we note that in the latent
space with a dimension equal to 1, the model accuracy decreases. That might be explained by the
fact that combustion is a highly non-linear phenomenon, and latent spaces with larger dimensions
are required to describe accurately the whole thermochemical states, mainly for more complex

chemical mechanisms.

Once the accuracy of the reconstruction is assessed, the next objective is to observe the latent
manifolds for different bottleneck sizes, in order to assess the minimum number of latent variables
for a good reconstruction. Such manifolds will be associated with chemical species, in order to
obtain what can be considered as chemical carriers. To perform such an association, a correlation
analysis is performed using the Kendall Tau B correlation index due to its robustness and resis-
tance to outliers [39]; in other words, there is a comparison of the temporal behavior between the
thermochemical variables, and the reduced latencies from the same ignition case. In general, when

there is a similarity between two objects, they are likely to hold a high positive correlation index

14
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FIG. 5: Interpolation cases R2 scores for all reduced manifolds sizes (Z), y-axes describes the
number of latent variables considered by the model, (a) ignition case (¢ = 0.93,Ty = 1160K), (b)
ignition case (¢ = 1.0, 7Ty = 1200K), (c) ignition case (¢ = 1.10,7p = 1130K).

[42]. The resulting associated species are available in Table I'V.

The chemical carriers presented in Table IV are identifiable due to the dataset preprocessing,
since the easiness of pattern or key features recognition is related to the representation of datasets
under study [42]. It is important to highlight the presence of just one set of chemical carriers, which
is due to the repetitiveness of the same chemical carriers for all the interpolation ignition cases con-
sidered, for the cases in extrapolation, the majority of chemical carriers are retained, however, one
chemical specie might change in each case, i.e. for extrapolation case 1 (¢ = 0.85, Ty = 1160K) the
combination T, O is favored in z = 2, while in extrapolation case 2 (¢ = 1.0, 7Ty = 1300K) the com-
bination T, H is preferred, nevertheless, this change in preference is due to a very small variation

in correlation indexes, around 0.05 maximum, holding always a high similarity with the chemical
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TABLE IV: Chemical Carriers Identification

Manifold| Chemical

Size (Z) Carriers

1 T

2 T, O

3 H202, T, OH

4 02,0, T, T

carriers obtained in interpolation; this can be interpreted as a potential change in the chemical
carriers in agreement to the analyzed combustion regime when applied to a wider range of ignition
cases. However, it is seen that temperature is a key variable appearing as a chemical carrier for all
models. Moreover, in all cases we can see that for the latent space with dimensionality 4, there is a
repetitiveness of the temperature. That may suggest that a latent space with dimension 3 is enough
to describe accurately the whole thermochemical states, and for larger dimensions, the model can
be over-parametrized; such over-parametrization is likely a product of high-dimensionality in the
latencies manifold size, making it difficult to recognize patterns properly [43], producing a non-
optimum identification; it is to keep in mind that the chemical carriers are obtained through an
interpretation of the patterns given by the neural network’s signals. From this analysis, it is also
possible to relate the TAE decomposition with the DMD-like techniques, considering that both
obtain a dynamical characterization, that is however, from different perspectives, while DMD-like
techniques use a regression approach [16], while TAE uses a variational approach [24].

Aiming to show the degree of correlation between the chemical carriers in the interpolation
cases, a visual comparison between the chemical carrier and the respective latent variable is dis-
played in Figure 6, while an example of the obtained correlation indexes is available in Figure 7.
This is done for the ignition case (¢ = 1.0,7p = 1200K), for a latent space size z = 2.

On the other hand, Figure 8 shows the latent space behavior of Z = 2 for the three ignition cases
under study. It is noted an identical behavior, which just differs in relation to the magnitude of the
latent variables at each time step for the different ignition scenarios. Furthermore, there is a clear
time shift for each ignition case due to the different ignition delay times, which are accurately
represented.

The repetition of chemical carriers for different ignition conditions, suggests that there might

16
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(¢ =1.0,Tp = 1200K), (a) presents the behavior of the first latent variables with its associated
thermochemical variable, while (b) presents the same items for the second latent variables; it is to

mention that the same association is repeated for all the tested ignition cases.
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FIG. 7: Kendall Tau B correlation indexes for the second latent variable, manifold size z = 2,
ignition case (¢ = 1.0, Ty = 1200K), the tendency to extreme correlation indexes is repeated in all

cases.
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case (¢ =1.10,7p = 1130K)

be key chemical species that are capable of explaining the variance of a chemical reaction. Aiming
to verify this fact, a permutation importance test is proposed [44]; conceptually, the test consists
of the elaboration of a model that relates a set of inputs and output variables, once the model is
established, each input variable will be permuted individually. If the permuted variable is mean-
ingful for the description of the output, the error in predictions will increase, and therefore a high
permutation weight will be assigned.

For testing purposes, a linear regression model will relate the latent chemical species with the
future values of the thermochemical state vector, the intentionality of this is to relate the direct
statistical relationships between the variables, which can be very key for finding chemical species
interactions or dependencies. For the scoring process, an R? score is used again. Additionally,
the Sci-Kit Learn built-in function for the score of determination, which means that it allows also
negative values, a situation that reflects the model performing worst than a constant model with
the mean value as an output; this consideration enables the R? score to be in the range of [—oo, 1].

Moreover, the Sci-Kit Learn permutation importance scoring follows the Equation:

. 12
lj:s*@};lsq‘j' (5)
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where i; stands for the coefficient of importance for the j-th variable, s is the R? score from the
linear regression without permuting the input variables, and s ; is the resulting R? with a sin-
gle scrambled input variable. Q refers to the number of repetitions in which the permutation is

performed and the determination score is re-calculated [45].

However, Equation (5) also provides a warning, and it is that from case to case, the magnitude
of importance weights can vary greatly, not only depending on the number of latent variables
considered but also in relation to the scrambled variable. Therefore, for each output variable, the
resulting importance weights will be added, and this total will be used to normalize the actual
importance weights; such a procedure searches to allocate all the weights in the same numerical
scale for better interpretation. For the case of the latent space z = 1, normalization is applied with
the consideration of the maximum importance weight among all the output variables. Figure 9
shows the results of the permutation tests. Here, the importance of the chemical carriers for each

thermochemical variable is displayed in proportion to the height of the bar.

It is observed that just in the case of latent space z = 1 the input variables do not hold influence
in every output of the mechanism, this finding is also representative of the lower R> scores that
come from the network’s reconstruction in Figure 5. Additionally, from this permutation impor-
tance test it is to mention the Figure 9 (c), which the analysis is made for the manifold size z = 3.
In general, the most important radicals for the ignition development in hydrogen combustion are
OH and HO2 [46], however, in this case, the network has chosen as the third chemical carrier the
H202 chemical species, this is sustained since the TAE network searches for statistical patterns,
and therefore, HO2 is not considered since H202 holds part of its statistical variance, which is
only surpassed by the influence of temperature, therefore, the network judges HO2 as temperature
dependent, same that holds significative importance for other chemical species; lastly, in Figure
9 (a) it is observed that temperature does not hold a direct significance for H202, justifying why
this variable is chosen. Another similar analysis is possible from Figure 9 (b), in which the strong
relationship between OH, HO2, and Temperature is displayed, at the same time, the interactions
between the H and O species is highlithed; the strong bond between T and OH does not appear
in Figure 9 (c) since OH is considered as a chemical carrier. This analysis reinforces the fact that
TAE highlights the chemical species that are likely to preserve the variance of the mechanism,
moreover, such a result suggests that TAE’s temporal integration is likely to eliminate unnecessary

variables for the description of future thermochemical spaces.
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FIG. 9: Permutation importance test weights for chemical carriers for ignition case
(¢ =1.10,Ty = 1130K); (a) latent space z = 1, (b) latent space z = 2, (c) latent space z = 3, and
(d) latent space z = 4. In each picture, the bars’ height is proportional to the importance of each
chemical carrier for each of the considered thermochemical variables, which are displayed on the

X-axis.

B. Comparison with Principal Component Analysis.

The most important point of comparison regarding other reduction techniques is the error they
introduce at the moment of reconstruction. To avoid circumstances that could benefit one model
over another, the PCA-Autoencoder is trained with the same normalization and datasets used for

the TAE training, afterward, their performance is evaluated in interpolation cases.

For this case, the chosen scoring technique is the Mean Absolute Error (MAE) [47], which gives

an estimation of the average deviation between the predicted values and the real ones, the inclusion
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of this scoring technique ensures a more comprehensive evaluation of the model’s performance.
Additionally, since the chemical variables are constrained between values of zero and one, the
MAE also gives information on the average percentual error in the predictions. The results for
TAE and PCA reconstructions are available in Figure 10, it is to notice the significant difference in
the reconstruction errors, which are around four times higher in the PCA technique than in TAE.

From Figure 10, it is evident that TAE presents better reconstruction capabilities when con-
sidering each chemical species separately; it is to highlight the order difference in the error that
is visible in the Figures comparison; since the error is significantly lower for the TAE recon-
structions, it is possible to state this technique as more accurate. Moreover, PCA is not able to
reproduce the fast phenomena in the chemical reaction, fact that is visible in Figure 11, in which
different reconstruction curves are presented for a latent space size z = 2, it is observable in the
OH and HO2 curves that PCA fails to represent any behavior that takes place for small periods of
time, in other words, it is unable to reproduce small chemical time scales.

As expected, the reconstruction error is higher in extrapolation cases, as it is possible to observe
in Figure 12. However, it is to remark that reconstruction behaviors maintain a similar behavior to
the ones in interpolation conditions, this indicates that models actually associate the extrapolation
case with the closest known conditions. For the TAE case, the temperature deviations might be
also a product of the MSE reconstruction that is applied, since the physically aware term from
Equation 4 regularizes only chemical mass fractions.

In agreement with the provided results, although PCA provides a much faster method to reduce
the dimensionality of combustion systems via matrix decomposition [48], it is observed that TAE
reconstruction is more accurate than PCA. Going further, TAE provides interpretable latent spaces
allowing an understanding of the underlying physics of the chemical kinetics that may be useful to
construct reduced chemical mechanisms. However, when it comes to defining a minimum amount
of reduced variables, PCA brings results more straightforwardly, considering the eigenvalues of the

matrix decomposition, while TAE requires space exploration for the determination of optimums.
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V. CONCLUSION.

The modeling of combustion chemistry kinetics is a challenging problem for which, no abso-
Iute solutions have been found. Therefore, exploration of new perspectives and methodologies
is a must. Time-lag auto-encoders (TAE) are an interesting ML model, which provides a time
integration scheme while allowing the identification of reduced representations. This paper cen-
ters on TAE applications for dimensionality reduction, which holds a dynamical characterization
of chemistry kinetics. As a dimensionality reduction technique, TAE provides a higher qual-
ity of reconstruction in relation to standard techniques (principally PCA), while providing at the
same time, a physical interpretation of the reduced manifolds (chemical carriers identification).
Considering that the chemical carriers are the thermochemical variables that hold all the statis-
tical variance of the mechanism, the set of network transformations can be easily interpreted as
a denoising operation, in which the influence of statistically meaningless variables is canceled.
Moreover, with the appropriate treatment, the chemical carriers could lead to the study and better
interpretation of key chemical pathways, improving the knowledge of chemical mechanisms.

Further work must be developed for the assessment of TAE’s application as a time integrator,
as well as to assess its benefits regarding simpler neural network architectures. Additionally, better
model training techniques should be tested for the improvement of autoregressive models, since
most of the literature cases consider just the mass conservation principle leaving the temperature
variable without any sort of regularization or constraint, allowing for the arising of outliers [49].
Lastly, possible applications for the identified latencies for the development of alternative surrogate

models should be evaluated.
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