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 A B S T R A C T

Combustion involves multiple scales and intricate physical processes that make its simulation extremely 
demanding in terms of computational resources. To overcome this challenge, reduced-order models are 
essential for improving our understanding of the process and speeding up simulations. This work introduces 
a latent variable (LV) transport framework and demonstrates its compression capabilities through 0D batch 
reactor simulations. To improve solver efficiency and numerical stability, we introduce projected tolerances, 
which scale the ODE solver tolerances in the latent space, significantly improving numerical stability and 
computational efficiency compared to traditional fixed tolerance approaches.

The methodology is validated on 0D simulations using methane, propane, and n-heptane combustion with 
detailed and lumped kinetic mechanisms. Results show that the LV solver achieves substantial computational 
cost reductions (up to 50%) while preserving solution accuracy. We further analyse the influence of kinetic 
mechanisms, demonstrating that detailed mechanisms benefit the most from latent space compression due to 
their higher dimensionality.

The proposed LV framework offers a robust and efficient alternative to conventional solvers for detailed 
kinetics and establishes a foundation for its extension to multidimensional reactive flow simulations.
1. Introduction

The numerical simulation of reacting flows is highly demanding due 
to the complex, multiscale nature of combustion processes. Reduced-
order models (ROMs) play a crucial role in addressing this challenge by 
enhancing computational efficiency while providing physical insights 
into the process. In this context, we focus on linear techniques to recast 
the original state variables into a new set of variables, called latent 
variables (LVs).

Principal Component Analysis (PCA) [1] is a common linear ROM 
used in combustion systems, as it maximizes the variance retained in 
the reduced set, whose basis is orthogonal. Compared to other reduced-
order models, PCA offers a balance between low training cost, high 
accuracy, and interpretability [2]. Sutherland and Parente [3] proposed 
a framework, called PC-transport, based on deriving and solving a set 
of transport equations for the principal components (PCs), relying on 
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the orthogonality and linearity of PCA. These PCs are then transported 
instead of the original variables and the entire state-space can be 
reconstructed from the principal component fields.

Previous studies have successfully demonstrated the feasibility of 
the PC-transport framework, in which both transport and chemistry 
steps can be formulated within the reduced space. However, the main 
challenge has consistently arisen from the highly nonlinear chemical 
source terms [4] when projected into a linear space. Thus, reconstruct-
ing the source terms from the reduced state variables often requires 
retaining a large number of PCs, limiting the achievable speed-up. 
These limitations are further exacerbated by the use of fixed solver 
tolerances, which lead to instabilities or excessive computational cost 
when dealing with detailed kinetic mechanisms. As a result, previous 
works with explicit source term computation were limited to small 
mechanisms and showed little reduction [5]. 
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To address these challenges, prior studies have explored non linear 
regression of the source term, including multivariate adaptive spline 
regression (MARS) [6,7], Artificial Neural Networks (ANNs) [8,9] and 
Gaussian Progress Regression (GPR) [5,10].

More recently, deep-learning frameworks have also been employed 
to accelerate chemical kinetics computations by modelling species
source terms. Owoyele [11] proposed a neural network in which the 
chemical source terms are directly integrated during training, with net-
work weights updated through derivative-based optimisation, achiev-
ing a 2.3x speed-up in 0D reactor simulations. Similarly, Zhang [12] 
replaced the conventional ODE solver with a deep neural network 
trained on multi-scale sampled data, demonstrating 2–3x acceleration 
in 1D and 3D flame simulations.

Alternatively, model reduction techniques such as computational 
singular perturbation (CSP) [13] have been developed to simplify the 
system while preserving its essential dynamics. CSP-based solvers offer 
the advantage of reducing system stiffness by identifying fast modes 
and projecting them onto the slow subspace. However, their imple-
mentation typically requires an eigen-decomposition at every time step, 
resulting in high computational cost, or pre-tabulation strategies to 
mitigate this expense [14]. While these approaches can accelerate 
computations, they involve significant training cost and complexity.

In contrast, the present study proposes a self-contained strategy that 
enables the direct computation of source terms while improving nu-
merical stability at minimal training cost. We extend the PC-transport 
approach into a generalized linear LV-model and introduce a novel 
solver formulation based on tolerance adaptation in the latent space. 
This advancement eliminates the need for source-term regression and 
allows stable, efficient simulations with large and detailed kinetic 
mechanisms.

The remainder of this paper is structured as follows. Section 2 
details the methodology, including the LV framework and solver op-
timisation. Section 3 introduces the test cases and training datasets. 
Section 4 presents the results, including the a priori assessment, solver 
performance across score scales, fuels, and kinetic mechanisms, as well 
as robustness and stiffness analyses and a code profiling. Finally, the 
conclusions are summarized in Section 5.

2. Methodology

There are different ways to construct a linear projection for de-
riving the transport equation in a reduced-dimensional space. This 
section describes the procedure followed in this work, starting with 
the latent space parametrisation, followed by the latent variable model 
(LV-model), solver optimisation, and the metrics used to evaluate per-
formance.

2.1. Latent space parametrisation

Different linear transformations produce latent spaces with distinct 
characteristics from a given dataset 𝜱 ∈ R𝑛×𝑝, where 𝑛 and 𝑝 are the 
number of samples and variables, respectively. In this application, the 
dataset consists of the species mass fractions sampled over time from a 
set of batch reactors, where the samples correspond to the collected 
observations (𝑛), and the variables correspond to the species, with 
𝑝 = 𝑛𝑠.

Identifying a latent space parametrisation requires data collection, 
𝜱∗, from which the latent features are extracted. The dataset is prepro-
cessed via centring and scaling as, 𝜱̃ = (𝜱−C)D−1, where C = 1𝑛{𝑐𝑗}𝑇 ∈
R𝑛×𝑝 and D = diag(𝑑𝑗 ) are the centring and scaling matrices, containing 
the corresponding parameters for each 𝑗 = 1,… , 𝑝 variable. This work 
applies mean centring, 𝑐𝑗 = 𝜙∗𝑗 , and Pareto scaling, 𝑑𝑗 = √

𝑠𝑗 , where 
𝑠𝑗 is the standard deviation of each value, as it was found to perform 
well in PC-transport [5].

Once the dataset is preprocessed, the reduced-order model (ROM) 
is built. Its selection impacts the latent space by modifying the basis. 
2 
Table 1
Basis matrix definitions for the three PC-scores.
 Method Direct basis matrix Inverse basis matrix 
 U-scores A = U𝑞 A𝑖𝑛𝑣 = U𝑇

𝑞  
 V-scores A = U𝑞L1∕2𝑞 A𝑖𝑛𝑣 = L−1∕2𝑞 U𝑇

𝑞  
 W-scores A = U𝑞L−1∕2𝑞 A𝑖𝑛𝑣 = L1∕2𝑞 U𝑇

𝑞  

The direct and inverse transformation matrices, A and A𝑖𝑛𝑣, project the 
dataset from the preprocessed high-dimensional space, 𝜱̃, to the latent 
space, Z, and vice versa, i.e. Z = 𝜱̃A and 𝜱̃ = ZA𝑖𝑛𝑣.

PCA identifies the latent representation of the state-space that max-
imizes the retained variance in the latent space. It relies on the eigen-
value decomposition of the covariance matrix, 

S = 1
𝑛 − 1

𝜱̃
𝑇
∗ 𝜱̃∗ = ULU𝑇 , (1)

where U and L are the eigenvectors and eigenvalues of S, ordered in 
decreasing eigenvalue order. The reduced-order model is obtained by 
retaining the first 𝑞 < 𝑝 eigenvalues, L𝑞 , and eigenvectors, U𝑞 .

Different approaches can be used to identify the latent variables, 
or scores, while preserving the explained variance. In this work, we 
explored the U, V, and W-scores. The basis matrix of U-scores is the 
eigenvector matrix, while the V- and W-score matrices weight the 
eigenvector matrix with the squared root of the eigenvalues and its in-
verse, respectively. The inverse transformation for PCA is computed as 
A𝑖𝑛𝑣 = A−1 while accounting for the orthogonality of the eigenvectors, 
U. The matrices definition is summarized in Table  1.

2.2. Latent variable model (LV-model)

LV-model generalizes the PC-transport approach proposed by
Sutherland and Parente [3] to any latent space obtained through a 
linear transformation. This formulation reduces the number of scalar 
equations required to describe the evolution of 𝑛𝑠 species, reducing 
them to 𝑞 < 𝑛𝑠, and it is applicable for two- and three-dimensional 
reacting flows. In such applications, the operator-splitting method is 
commonly used to decouple the transport and chemical steps. The 
chemical step typically accounts for over 80% of the total computa-
tional cost, even for relatively small kinetic mechanisms [15]. Thus, 
improving the chemical step, modelled as a batch reactor, is key to 
optimising the approach.

The zero-dimensional batch reactor is solved in the species space as: 

𝜕𝝓𝑗

𝜕𝑡
= 𝑆𝝓𝑗

, (2)

where 𝑆𝝓𝑗
 denotes the source term for species 𝑗.

Given the basis matrix A, which maps the state-space to the latent 
space, the chemistry step for the 𝑞 latent variables, z𝑗 (𝑥, 𝑡), can be 
derived from Eq. (2) as: 
𝜕z𝑗
𝜕𝑡

= 𝑆z𝑗 , (3)

where: 
Sz = S𝝓D−1A, (4)

represents the projection of S𝝓 onto the latent space as described in 
Ref. [16].

2.3. Optimisation of the LV-model solver

To efficiently integrate the latent-space equations, solver parameters 
must be adapted to the properties of the latent variables. In this work, 
the chemistry is computed in the latent space with direct computation 
of the source terms. At each step, the latent source term S  is derived 
z
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by projecting the state-space source term S𝝓. To achieve this, the state-
space 𝜱 is first reconstructed, after which the source terms S𝝓 are 
computed and subsequently projected onto the latent space to obtain 
Sz (Eq. (4)). Finally, the ODE solver computes the solution of Eq. (3).

The ODE solver is originally designed for species mass fractions 
(constrained to [0, 1]), whereas latent variables have no inherent phys-
ical bounds. A numerical safeguard is introduced by limiting the latent 
variable values to ±1012.

With this approach, the solver runs successfully and yields accurate 
results, as demonstrated in the literature [17]. However, the solver is 
not tailored to the new variables, whose orders of magnitude differ not 
only from the species but also among the latent variables themselves.

The accuracy required by the ODE solver is controlled through var-
ious parameters. Among these, the variable tolerances directly depend 
on the specific variables being solved and must therefore be adjusted 
in the latent formulation.

The tolerance vector for the species, 𝝐(𝜱), is defined as: 
𝝐(𝜱) = 𝝐𝜱𝑎 + 𝝐𝜱𝑟 𝜱, (5)

where 𝝐𝜱𝑎 > 0 and 𝝐𝜱𝑟 > 0 are the absolute and relative tolerance vectors 
for the species, specified as input parameters.

The generalization of the standard approach to the latent solver 
is referred to as the fixed tolerances method. This approach applies 
the same tolerances defined for the species in the latent space. The 
corresponding equation follows the form of Eq. (5), replacing the 
species with the absolute value of the latent variables: 
𝝐(Z) = 𝝐𝜱𝑎 + 𝝐𝜱𝑟 |Z|, (6)

where the absolute value ensures that the tolerance remains positive, 
as Z is not necessarily positive.

Since PCA transforms species mass fractions (ranging within [0, 1]) 
into latent variables with arbitrary magnitudes, fixed tolerances can in-
duce numerical stiffness or instability. To prevent this, we introduce the
projected tolerances, which adapt the solver accuracy to latent variable 
scales: 
𝝐(Z) = 𝝐Z𝑎 + 𝝐Z𝑟 Z, (7)

where 𝝐Z𝑎 and 𝝐Z𝑟  are vectors containing the absolute and relative 
tolerances for each latent variable.

The projected tolerances are defined as the projection of the species 
tolerance vector onto the latent space: 
𝝐(Z) = 𝝐(𝜱)D−1A. (8)

This formulation allows the absolute and relative tolerances in the 
latent space to be derived from the corresponding tolerances in the 
state-space. Substituting Eqs.  (5) and (7) into Eq. (8), and expressing 
Z in terms of 𝜱 yields: 
𝝐Z𝑎 + 𝝐Z𝑟 (𝜱 − C)D−1A = (𝝐𝜱𝑎 + 𝝐𝜱𝑟 𝜱)D−1A, (9)

from which the projected absolute and relative tolerances in the latent 
space can be extracted:
𝝐Z𝑎 = (𝝐𝜱𝑎 + 𝝐𝜱𝑟 C)D

−1A = 𝝐̃A,  where ̃𝝐 = (𝝐𝜱𝑎 + 𝝐𝜱𝑟 C)D
−1 (10)

𝝐Z𝑟 = 𝝐𝜱𝑟 . (11)

However, directly projecting the weighted tolerances, 𝝐̃, using matrix 
multiplication can lead to cancellations due to opposing signs in the 
basis A. To address that, we use Gaussian error propagation of the 
tolerances, yielding:
𝝐(Z) =𝝐Z𝑎 + 𝝐Z𝑟 |Z| (12)

𝜖Z𝑎𝑗 =

√

√

√

√

𝑛𝑠
∑

𝑖=1
(𝜖2𝑖 𝑎

2
𝑖𝑗 ), 𝝐Z𝑟 = 𝝐𝜱𝑟 . (13)

It is important to note that the proposed formulation does not introduce 
any additional hyper-parameters, as it is fully derived from the existing 
3 
tolerance parameters (𝝐𝜱𝑎  and 𝝐𝜱𝑟 ). Moreover, its implementation in-
volves minimal computational overhead since the projected tolerances 
are computed only once at the initial time step and remain constant 
throughout the simulation.

2.4. Assessment metrics

The performance of the LV-model is evaluated based on the com-
putational time and the number of steps required to solve the reactors, 
the reduction in number of variables, and the accuracy of the solution, 
quantified by the relative root mean square error. Furthermore, sys-
tem stiffness is evaluated by analysing the chemical timescales of the 
system.

The relative root mean square error (RRMSE) quantifies the devia-
tion between predicted (𝑥𝑝𝑟𝑒𝑑) and observed values (𝑥𝑜𝑏𝑠). It is defined 
as: 

RRMSE =
‖𝑥𝑜𝑏𝑠 − 𝑥𝑝𝑟𝑒𝑑‖𝐹

‖𝑥𝑜𝑏𝑠‖𝐹
(14)

where ‖ ⋅ ‖𝐹  indicates the Frobenius norm. In this study, the recon-
structed species and source terms from the LV-model (𝜱𝐿𝑉  and S𝐿𝑉𝝓 ) 
are compared with those from the original species model (𝜱𝑆𝑃  and 
S𝑆𝑃𝝓 ). For the error computation, species are centred and scaled using 
the preprocessing parameters as follows: 
𝑥𝑜𝑏𝑠 = (𝜱𝑆𝑃 − C)D−1; 𝑥𝑝𝑟𝑒𝑑 = (𝜱𝐿𝑉 − C)D−1, (15)

and the source terms are standardized.
To consistently evaluate and compare solver performance, several 

key compression levels are defined: 𝑞𝐶𝑃𝑈
𝑚𝑖𝑛  denotes the minimum number 

of latent variables for which the solver produces a stable solution; 
𝑞𝑎𝑐𝑐𝑚𝑖𝑛 is the smallest number of variables that ensures solution accuracy; 
and 𝑞𝑜𝑝𝑡 corresponds to the configuration that minimizes computational 
time while preserving accuracy. Additionally, in extrapolation cases 
where accuracy cannot be guaranteed, 𝑞𝑡𝑖𝑚𝑒𝑚𝑖𝑛  denotes the compression 
level that minimizes computational time regardless of accuracy. These 
compression levels are identified for each fuel and operating condition.

An ODE system is considered stiff when the system timescales are 
in a very broad range. To compute the timescales, the Jacobian of the 
system is first introduced, computed as 𝑱𝜙 = 𝜕𝜙S𝜙 for the species space 
and 𝑱 𝑧 = 𝜕𝑧S𝑧 = A𝑖𝑛𝑣D−1𝑱𝜙DA for the latent space [18]. Then, an 
eigenvalue decomposition is made for the Jacobian matrices:
𝑱𝝓 = R𝝓𝜦𝝓L𝝓; L𝝓 = R𝝓−1

; (16)

𝑱 z = Rz𝜦zLz ; Lz = Rz−1 , (17)

where the matrices L𝝓 and Lz contain the left eigenvectors, R𝝓 and 
R𝑧 the right eigenvectors and 𝜦𝝓 and 𝜦z are the diagonal matrices 
containing the eigenvalues. The timescales of the system are the inverse 
of the absolute value of the eigenvalues:
𝝉𝜙𝑖 = 1∕|𝝀𝜙𝑖 |; for 𝑖 = 1,… , 𝑛𝑠; (18)

𝝉𝑧𝑗 = 1∕|𝝀𝑧𝑗 |; for 𝑗 = 1,… , 𝑞. (19)

3. Test case and training dataset

The latent model was evaluated and compared against a 0D
constant-pressure batch reactor model that directly solves the species 
equations. Three fuel/air mixtures (CH4, C3H8, and n-C7H16) were 
considered over a range of equivalence ratios, 𝜑, and initial mixture 
temperatures, 𝑇0. Both lumped and more detailed kinetic mechanisms 
are used, excluding argon and helium. For methane and propane, the 
lumped mechanism is the C1C3 module from the CRECK group [19], 
comprising 111 species and 1998 reactions, while the detailed mecha-
nism is the corresponding module from Aramco V1.3 [20], containing 
251 species and 1537 reactions. For n-heptane, the lumped mechanism 
from the CRECK group [21] includes 252 species and 7567 reactions, 
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whereas the non-lumped LLNL 3.1 mechanism [22] consists of 654 
species and 2827 reactions.

The training data used to construct the projection matrices was 
generated using OpenSMOKE++ [23] and its native ODE integrator 
for the same reactor configuration. A series of offline simulations were 
conducted, varying the initial reactor temperature, 𝑇0, between 1400 K 
and 1500 K to produce different ignition trajectories, and by adjusting 
the equivalence ratio, 𝜑, between 0.7 and 1.1, resulting in 99 unique 
combinations. For each fuel and mechanism, this yielded approximately 
80,000 to 90,000 observations per state-space variable.

The projection bases were computed offline from the training
dataset. After preprocessing, PCA was applied to extract the U, V, and 
W-scores. To validate and test the ROM, simulations were performed 
using the same ODE integrator (OpenSMOKE++ native ODE integrator) 
within the training range, including 56 test points, which correspond 
to 8 conditions on 𝑇0 and 7 on 𝜑. To assess interpolation capabilities, 
45% of the test points were not seen by the ROM during training.

Furthermore, to assess ODE integrator independence, the same test 
cases were also computed using CVODE. To assess extrapolation capa-
bilities, additional simulations were performed for 𝜑 ∈ [0.3, 1.5] and 
𝑇0 ∈ [1200, 1800] K.

4. Results

The latent variable model and its optimisation for a 0D batch 
reactor, based on projected tolerances, were validated using the test cases 
presented in Section 3 with detailed mechanisms. For all simulations, 
species tolerances were set uniformly for all the species as: 𝜖𝜱𝑎 =
10−10 and 𝜖𝜱𝑟 = 10−6. The fixed tolerances approach directly applies 
these values, as defined in Eq. (6), while the projected tolerances were 
computed according to Eqs. (12)–(13).

First, the solver was evaluated a priori across all fuels to quantify 
the projection error. Next, the adaptability of the optimised ODE solver 
(using projected tolerances) to different score scalings was evaluated by 
comparing its performance using U, V, and W-scores for methane com-
bustion. Its performance was compared with that of the non-optimised 
solver (using fixed tolerances) across all fuels. The robustness of the 
approach was also assessed in terms of independence from the ODE 
integrator and for its capability to extrapolate to conditions outside of 
the training range. Finally, the influence of the kinetic mechanisms on 
solver performance was analysed.

4.1. A priori analysis of the projection errors

The information loss resulting from projecting species and source 
terms onto the latent space was evaluated a priori. The test cases 
included methane, propane and n-heptane fuels using detailed mech-
anisms at an equivalence ratio of 𝜑 = 0.9 and an initial temperature 
of 𝑇0 = 1440 K. U-scores were employed as the latent variables. The 
choice of score does not affect the error, as will be shown in Section 4.2. 
The error was quantified as the relative root mean square error, RRMSE 
(Eq. (14)).

Fig.  1 compares the RRMSE of the reconstructed species and source 
terms as a function of the number of retained variables (𝑞) for all 
the fuels. When many variables are retained, both errors are very 
small but increase as 𝑞 decreases. However, the increase in species 
error is monotonic, while the source term error fluctuates due to its 
nonlinear dependence on species concentrations. As a result, improved 
species reconstruction does not necessarily lead to better source term 
accuracy. Overall, the source term reconstruction error is several orders 
of magnitude larger than that of species, due to the Arrhenius form of 
the source term. This can lead to nonlinear error propagation when 
solving the LV-model equation (Eq. (3)), potentially resulting in solver 
instability and limited compression. This observation motivated the use 
of nonlinear regression in the literature [5–10]. Additionally, the source 
term error is strongly influenced by the kinetic mechanism, as it defines 
4 
Table 2
Order of magnitude of the three PC-scores and their absolute tolerances on the 
optimised solver. The test case is methane using Aramco V1.3 mechanism at 
𝜑 = 0.9 and 𝑇0 = 1440 K.
 |Z| range |𝝐Z𝑎 | range  
 V-scores [1e−25, 3e−01] [1e−12, 4e-06]  
 U-scores [1e−17, 6e−01] [1e−07, 4e+02] 
 W-scores [1e−09, 2e+00] [1e−06, 4e+10] 

the source term manifold. Fuels using the same mechanism, such as 
methane and propane, exhibit similar trends, whereas changing the 
mechanism, as in the case with n-heptane, significantly alters the error 
trends.

4.2. Adaptability of the optimised solver to the score scale

The adaptability of the optimised solver to different score scalings 
was assessed by evaluating its performance when using U, V, and 
W-scores. The test case was methane with the detailed mechanism, 
Aramco V1.3, at an equivalence ratio of 𝜑 = 0.9 and an initial 
temperature of 𝑇0 = 1440 K, using OpenSMOKE++ ODE integrator. 
Performance was measured using three metrics: computational time, 
number of steps required to solve the reactor, and the error (RRMSE) 
when comparing the latent and species models.

The minimum and maximum values of the three scores and of their 
corresponding absolute tolerance for the optimised solver are detailed 
in Table  2. As shown, the projected tolerances adapt to the magnitude of 
the scores, and both can be ordered in increasing magnitude: V-scores, 
U-scores, and W-scores.

Fig.  2 compares the performance of the latent approach for the 
optimised and non-optimised solver, using projected and fixed tolerances
respectively. The performance metrics are shown as a function of the 
latent dimension, 𝑞, for the three PC-scores.

The error, RRMSE, exhibits a similar trend for both solvers. When no 
compression is applied, the error is small and it remains approximately 
constant when compressing up to approximately 𝑞 ∼ 100. Beyond this 
point, the error increases exponentially until it reaches the minimum 
number of latent variables for which the solver produces a stable 
solution, 𝑞𝐶𝑃𝑈𝑚𝑖𝑛 . Notably, 𝑞𝐶𝑃𝑈

𝑚𝑖𝑛  and solver accuracy when compression 
provides computational benefits are independent of the score type 
and tolerance used. This occurs because all three scores capture the 
same amount of variance for a given dimensionality reduction, and 
both tolerance settings are sufficiently tight to accurately represent 
the underlying physics. The minimum error is slightly higher when 
using the projected tolerances compared to fixed tolerances (RRMSE𝑞=𝑛𝑠 =
5 ⋅ 10−7 vs 8 ⋅ 10−8 for U-scores), but this difference is negligible for the 
current application.

On the other hand, the computational time and steps required 
depend significantly on the solver parameters used. When projected tol-
erances are applied, performance remains consistent across score types. 
In contrast, with fixed tolerances, performance is highly dependent on 
the score transported. When using fixed tolerances, W-scores require 
significantly more computational time and steps, since they have the 
largest magnitude. This leads to excessively small tolerances for the 
score, resulting in numerical instabilities that cause the solver failure 
at 𝑞 = 220 due to reaching the minimum step size. On the contrary, V-
scores, having the smallest magnitude, allow for less strict tolerances, 
resulting in a faster but less accurate computation.

In conclusion, all three PCA score types (U, V, W) capture the same 
variance but differ in scale; the performance comparison highlights the 
need for adaptive tolerances to maintain solver stability across these 
scales. As a result, the need to rescale or select alternative scores is 
eliminated, and for simplicity, U-scores are used for the remainder of 
this work.
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Fig. 1. Error associated to the latent projection, on species and source terms. The test cases are methane, propane and n-heptane using detailed mechanisms at 
𝜑 = 0.9 and 𝑇0 = 1440 K.
 

Fig. 2. Performance of the latent solver with projected and fixed tolerances
using U, V, and W-scores. The test case is methane using Aramco V1.3 
mechanism at 𝜑 = 0.9 and 𝑇0 = 1440 K.

4.3. Performance of the solver for different fuels

The performance of the approach was then evaluated for all the 
fuels using detailed mechanisms, at 𝜑 = 0.9 and 𝑇0 = 1440 K, using 
OpenSMOKE++ ODE integrator.

Fig.  3 shows the performance of both the optimised and non-
optimised solvers and highlights the minimum number of retained 
variables required for accurate results, 𝑞𝑎𝑐𝑐𝑚𝑖𝑛. To facilitate compari-
son across fuels, the computational time and steps are presented as 
percentage reductions relative to species-equation computation.

Across all fuels, the projected tolerances approach consistently out-
performs the fixed tolerances approach, reducing computational time 
and solver steps. In contrast, applying fixed tolerances in the latent 
model often leads to inefficient computations, making it less advanta-
geous than directly solving species equations. Furthermore, the error 
between both approaches is very similar, differing only in the low-
compression region. In this region, the error is minimal (RRMSE 
∼ [10−9, 10−6]), making the difference negligible in absolute terms. 
However, for n-heptane, the projected tolerances result in higher er-
rors, which do not impact the performance. The errors in the low-
compression region are associated to the reconstruction of minor species
with low concentration, which leads to high relative errors due to the 
weighting of each species by its scaling factor (Eqs. (14)–(15)). These 
results confirm that the projected tolerances approach outperforms the
fixed tolerances approach across all the fuels, and projected tolerances
will be used in the remainder of this work.

The performance of the latent model reflects the characteristics of 
both the solver and the reduced-order model used. When no reduction 
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is applied (𝑞 = 𝑛𝑠), the number of equations and system complexity 
remain the same as in the species solver. However, the computational 
cost for the latent solver is higher due to two additional mapping steps 
required to compute the latent source term, Sz . In particular, the species 
are first reconstructed from the latent variables, 𝜱̃ = ZA𝑖𝑛𝑣, then the 
species source terms are computed, S𝝓, and finally, they are projected 
onto the latent space, Sz (Eq. (4)).

PCs are ordered by decreasing contribution: the first components 
capture most of the variance and represent the dominant physical 
behavior. In contrast, the last components account for only a small frac-
tion of the variance, focusing on finer details that are not essential for 
approximating the species state. Fig.  3 illustrates this pattern clearly. 
When reducing the number of variables from 𝑞 = 𝑛𝑠 the error remains 
very low and nearly constant until reaching a critical dimension 𝑞∗, 
which is approximately 100, 150 and 350 for the methane, propane 
and n-heptane cases respectively. In this region, the removed PCs have 
minimal impact on the reconstruction error while significantly reducing 
the computational cost by reducing the number of equations. For 𝑞 <
𝑞∗, the reconstruction error increases exponentially with the reduction, 
until reaching the solver maximum compression limit, 𝑞𝐶𝑃𝑈

𝑚𝑖𝑛 , equal 
to 35, 60 and 310 for the methane, propane, and n-heptane cases, 
respectively. The existence of 𝑞𝐶𝑃𝑈

𝑚𝑖𝑛  is a consequence of the non-linear 
propagation of the error introduced by the mapping between species 
and source terms (Section 4.1). However, this effect is less abrupt for 
small fuel molecules, allowing for higher compression levels, though 
with some loss of accuracy, as shown for methane, with 𝑞𝐶𝑃𝑈

𝑚𝑖𝑛  = 35 
and 𝑞𝑎𝑐𝑐𝑚𝑖𝑛 = 40. This demonstrates that for methane, the latent solver 
remains accurate even with up to 85% dimensionality reduction.

For all the fuels, the latent solver requires a lower number of steps 
compared to the species solver. However, reducing the dimensional-
ity slightly increases the number of solver steps, as it must handle 
an approximate system of equations. Furthermore, these trends are 
not monotonic due to the nonlinear relationship between species and 
source terms. As explained in Section 4.1, adding a PC improves species 
reconstruction but it can worsen the mapping for the source term, 
leading to fluctuations in the performance trends.

The maximum CPU reductions while maintaining the accuracy 
are significant, reaching 56.6%, 45.4%, and 50.2%, for the methane, 
propane and n-heptane cases, respectively. These reductions were not 
been reported in previous PC-transport studies, as existing solvers were 
not optimised for detailed chemistry due to the limitations of fixed 
tolerances.

The accuracy of the approach is demonstrated in Fig.  4, where 
the profiles of the temperature and O2, OH and fuel mass fractions 
from species and latent solvers are displayed for methane, propane 
and n-heptane fuels. The compression levels shown are the minimum 
𝑞 for which the solver provides a stable solution, 𝑞𝐶𝑃𝑈

𝑚𝑖𝑛 , and the min-
imum 𝑞 for obtaining an accurate solution, 𝑞𝑎𝑐𝑐𝑚𝑖𝑛. For propane and 
n-heptane, 𝑞𝐶𝑃𝑈

𝑚𝑖𝑛 = 𝑞𝑎𝑐𝑐𝑚𝑖𝑛 and their profiles perfectly align with the 
species model profiles, demonstrating that the latent model is accurate 
for all 𝑞. However, in the methane case, discrepancies arise at the 
highest compression levels, particularly in capturing the ignition delay 
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Fig. 3. Performance of the latent solver with projected and fixed tolerances. The test cases are methane, propane and n-heptane using detailed mechanisms at 
𝜑 = 0.9 and 𝑇0 = 1440 K.
time, in agreement with Ref. [4]. This suggests that while the latent 
solver maintains high accuracy for medium-to-large molecules such 
as propane and n-heptane, its reliability for smaller molecules like 
methane may be compromised under high dimensionality reduction.

4.4. Robustness assessment

The robustness of the proposed approach was evaluated with respect 
to two factors: its independence from the choice of ODE integrator and 
its extrapolation capability. The test case considered was methane with 
the detailed AramcoC1C3 mechanism.

4.4.1. Independence from ODE integrator
The robustness of the proposed approach with respect to the ODE 

integrator was evaluated by comparing computational gains using the 
native OpenSMOKE++ integrator and CVODE. The comparison was 
conducted across all test conditions (all 𝜑 and 𝑇0, see Section 3 for 
details). For each test condition, the optimal compression level 𝑞𝑜𝑝𝑡 was 
selected, defined as the one that minimizes computational time while 
preserving accuracy.

Fig.  5 compares computational times for species and latent models 
across all test cases using both ODE integrators. Both integrators exhibit 
similar reductions, 56% for OpenSMOKE++ and 54% for CVODE, 
resulting in an average computational time of 0.54 s in both. This 
demonstrates that the latent approach performs consistently regardless 
of the ODE integrator employed.

OpenSMOKE++ uses a variable-step, variable-order Gear-type BDF 
algorithm implemented from scratch, tailored to combustion problems 
with very tight control over tolerances. CVODE, while also relying 
on BDF methods, incorporates different internal heuristics for step-
size selection, Jacobian treatment, and error control. The consistency 
of results across these two different implementations reinforces the 
robustness of the proposed latent model solver.

4.4.2. Extrapolation performance
Extrapolation was assessed by testing the approach under conditions 

with equivalence ratios and initial temperatures beyond the training 
range, defined as 𝜑train ∈ [0.7, 1.1] and 𝑇 train0 ∈ [1400, 1500] K. The 
extrapolation conditions extended to 𝜑 ∈ [0.3, 1.5] and 𝑇0 ∈ [1200, 1800]
K.

Fig.  6 presents the solver performance under these extrapolation 
conditions, measured by the computational time reduction and the 
species reconstruction error across compression levels from 𝑞 = 100 
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to 𝑞 = 50. A case within the training range (𝑇0 = 1440 K) is included 
for comparison. Across all test conditions and most compression levels, 
the latent solver consistently achieves computational savings similar to 
those observed in the training range, with no strong correlation to spe-
cific test conditions. In contrast, species reconstruction error exhibits 
identifiable trends. The error increases exponentially as 𝑞 decreases 
from 100, with similar rates across both training and extrapolated 
conditions. Error sensitivity to the equivalence ratio is minimal, while 
sensitivity to initial temperature 𝑇0 is significant. The lowest error 
occurs at 𝑇0 = 1440 K (within the training range). For 𝑇0 > 𝑇 train0 , 
errors remain low and comparable, maintaining accurate solutions. 
However, for 𝑇0 < 𝑇 train0 , particularly at 𝑇0 = 1200 K, errors increase 
significantly, compromising both accuracy and solver stability. For 𝑇0 <
1200 K, the reduced accuracy leads to solver failure. This degradation 
is attributed to the influence of low-temperature chemistry, which is 
underrepresented in the training set.

Fig.  7 shows temperature profiles computed with the species and 
latent models under extrapolated conditions. The profiles correspond to 
either the optimal compression level, 𝑞𝑜𝑝𝑡, if it exists, or the compres-
sion level that minimizes computational time, 𝑞𝑡𝑖𝑚𝑒𝑚𝑖𝑛 , otherwise. When 
𝑇0 > 𝑇 train0  (Fig.  7(a)), the latent solver accurately reproduces the 
temperature evolution. At lower temperatures (Fig.  7(b)), it performs 
well at 𝑇0 = 1300 K but fails to capture ignition timing at 𝑇0 = 1200 K. In 
contrast, variations in 𝜑 have minimal impact on the accuracy as shown 
also in Fig.  6. These results highlight the robustness of the latent solver 
when extrapolating accurately across a wide range of initial conditions 
beyond the training domain.

4.5. Stiffness analysis

The stiffness of the approach and its implications for the solver time 
step are analysed for both the full-order model (species space) and the 
reduced-order model (latent space). The test case considered is methane 
using the detailed AramcoC1C3 mechanism, integrated with the native 
OpenSMOKE++ solver.

Fig.  8 shows the time steps used by the species and latent solvers at 
three compression levels within the range of accurate results. The time 
step adapts to the case, starting from a very small value and rapidly 
increasing until reaching approximately 𝛥𝑡 ≈ 10−5. From this point, 
the cold state evolves while the time step gradually increases until the 
onset of the reacting phase. At this stage, the time step automatically 
decreases to better resolve the chemical reactions, followed by a grad-
ual increase as the mixture approaches equilibrium. Although both the 
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(a) Methane

(b) Propane

(c) N-heptane

Fig. 4. Visualization of the temperature and O2, OH and fuel mass fractions over the time of the species and latent models at 𝑞𝐶𝑃𝑈
𝑚𝑖𝑛  and 𝑞𝑎𝑐𝑐𝑚𝑖𝑛. The test cases are 

methane, propane and n-heptane fuels with detailed mechanisms, at 𝜑 = 0.9 and 𝑇0 = 1440 K.
Fig. 5. Comparison of computational time for species and latent approaches 
using OpenSMOKE++ and CVODE integrators. The test case is methane using 
Aramco V1.3 mechanism across all test conditions.

species and latent models exhibit the same general behavior, the latent 
case allows for larger time steps, particularly before the reacting stage, 
thereby reducing the total number of steps required by the solver.

The chemical time scales 𝜏 of these simulations are presented in Fig. 
9. When no compression is applied (𝑞 = 𝑛𝑠, Fig.  9(a)), the time scales 
of the species and latent models are equivalent, indicating that all time 
scales are preserved under the transformation. When an intermediate 
compression is applied (Fig.  9(b)), stiffness is reduced by removing the 
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smallest and fastest time scales. This effect becomes more pronounced 
and reaches its maximum at the highest compression level without com-
promising accuracy (𝑞 = 𝑞𝑎𝑐𝑐𝑚𝑖𝑛, Fig.  9(c)). These results demonstrate that 
a reduced model based on PCA decreases system stiffness, suggesting 
that the least contributing principal components are associated with the 
highest and smallest time scales.

However, since the main objective of the reduced-order model 
(ROM) is not stiffness reduction, this effect remains limited, and the 
increase in time step is only moderate. Further studies could explore 
combining the latent model with dedicated stiffness-reduction tech-
niques.

4.6. Computational cost analysis and code profiling

This section analyses the computational origin of the savings
achieved by the latent space solver using the built-in OpenSMOKE++ 
timers. The test case considered is methane with the detailed Aram-
coC1C3 mechanism under conditions 𝜑 = 0.9 and 𝑇0 = 1440 K.

Table  3 summarizes the profiling results for the species and latent 
solvers at different compression levels. Reported quantities include the 
number of integration steps, total and per-step CPU time for ODE 
integration, and the relative contribution of space transformations and 
chemistry source term evaluation to the ODE integration time. As 
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Fig. 6. Performance of the latent solver under extrapolation conditions 𝜑 and 𝑇0, showing CPU time and error trends as a function of the retained number of 
variables (𝑞). The test case is methane using Aramco V1.3 mechanism and initial conditions include 𝜑 ∈ [0.3, 1.5] and 𝑇0 ∈ [1200, 1800] K.
(a) High initial temperature conditions: 𝑇0 = 1600, 1800 K

(b) Low initial temperature conditions: 𝑇0 = 1200, 1300 K

Fig. 7. Temperature profiles of the species and latent approaches under extrapolated conditions. Each case uses the optimal compression level, 𝑞𝑜𝑝𝑡, when available, 
or 𝑞𝑡𝑖𝑚𝑒𝑚𝑖𝑛 , otherwise. Test case is methane using Aramco V1.3 mechanism and initial conditions include 𝜑 = 0.3, 0.5, 1.2, 1.5 and 𝑇0 = 1200, 1300, 1600, 1800 K.
Fig. 8. Time steps 𝛥𝑡 [s] used by the solver to compute the species and latent 
models at 𝑞 = 40, 100 𝑎𝑛𝑑 251. The test case is methane using Aramco V1.3 
mechanism at 𝜑 = 0.9 and 𝑇0 = 1440 K.
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discussed in Section 4.3, integration in the latent space requires fewer 
steps due to improved numerical conditioning. In addition, the CPU 
time per step decreases with the number of retained variables 𝑞, reflect-
ing the reduced dimensionality of the system. For the latent solver, the 
ODE integration time is composed mainly of two parts: (i) transforma-
tions between species and latent spaces, and (ii) evaluation of chemistry 
source terms. For high compression levels (e.g., 𝑞 = 251), the cost of 
transformations becomes significant, up to 46% of the ODE integration 
time, but this contribution decreases for lower compression levels, 
indicating that the transformation overhead remains minor in practical 
configurations. Overall, the profiling confirms that the performance 
gain of the latent solver arises primarily from the reduced number of 
integration steps and the smaller per-step computational load, while 
projection operations contribute only modestly to the total cost.
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(a) 𝑞 = 𝑛𝑠 = 251

 

 
(b) 𝑞 = 100

  
(c) 𝑞 = 𝑞𝑎𝑐𝑐𝑚𝑖𝑛 = 40

 

Fig. 9. Chemical time scales of the species system, 𝑱𝜙, and the latent space, 𝑱 z on time for three compression levels, 𝑞 = 40, 100, 251. The test case is methane 
using Aramco V1.3 mechanism at 𝜑 = 0.9 and 𝑇0 = 1440 K.
Table 3
Breakdown of ODE integration cost for the species and latent solvers at 
different compression levels 𝑞. The test case is methane oxidation using the 
AramcoC1C3 mechanism.
 Number of steps species 𝑞 = 251 𝑞 = 40  
 860 502 552  
 CPU Time for ODE integration [s] 0.354 0.588 0.152  
 CPU time per step [s] 4.1e−04 1.2e−03 2.8e−04 
 * Space transformations 0% 46% 14%  
 * Chemistry source term evaluation 100% 54% 86%  

4.7. Impact of kinetic mechanisms on solver performance

This section examines how the choice of the kinetic mechanism 
affects solver performance. In particular, we compared the lumped 
mechanisms from the CRECK modelling group with the detailed mecha-
nisms Aramco C1C3 and LLNL 3.1 for the propane and n-heptane cases, 
respectively. The comparison was conducted for both species and latent 
models across all test conditions (Section 3 for details) at the optimal 
reduction level, 𝑞𝑜𝑝𝑡, using OpenSMOKE++ integrator.

Fig.  10 compares the computational cost of species and latent 
approaches for both lumped and detailed mechanisms in propane and 
n-heptane combustion. For propane (Fig.  10(a)), the latent solver shows 
the lowest variance in computational time across conditions, thanks to 
the use of a global basis trained over a range of equivalence ratios. The 
reduction in computational cost is more pronounced for the detailed 
mechanism (Aramco) than for the lumped one (CRECK), with average 
savings of 45% and 27%, respectively. Similar trends are observed 
for n-heptane (Fig.  10(b)), where the detailed mechanism achieves a 
reduction of about 50%, compared to 26% for the lumped mechanism. 
These results highlight significant computational savings for both fuels 
across all test conditions, with the most pronounced benefits observed 
for detailed mechanisms.

To further illustrate the scalability of the latent variable solver, 
Table  4 reports the average computational speed-up factor as a function 
of the total number of species for methane, propane, and n-heptane, 
considering both lumped and detailed mechanisms. The results confirm 
that the latent framework becomes increasingly advantageous as the 
kinetic mechanism size grows, with larger or more detailed mechanisms 
exhibiting greater computational gains.
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Table 4
Average computational speed-up of the latent variable solver as a function of 
mechanism size.
 Fuel Mechanism Number of species Speed-up factor 
 Methane Lumped (CRECK) 111 1.81  
 Methane Detailed (Aramco C1C3) 251 2.43  
 Propane Lumped (CRECK) 111 1.43  
 Propane Detailed (Aramco C1C3) 251 1.95  
 n-Heptane Lumped (CRECK) 252 1.39  
 n-Heptane Detailed (LLNL 3.1) 654 2.04  

The observed trends are closely related to the characteristics of both 
the kinetic mechanism and the latent model, which is highly sensitive 
to small reconstruction errors due to the non-linear error propagation 
(Section 4.1).

The CRECK mechanisms employ lumping strategies that reduce the 
number of species while preserving the overall reaction structure. How-
ever, since the number of reactions remains high, the dimensionality 
reduction potential in the latent space is inherently limited. In contrast, 
both detailed mechanisms include more species and fewer reactions, 
resulting in larger systems with more variables. This allows for a greater 
dimensionality reduction and, consequently, more substantial compu-
tational savings. However, the variable reduction when using C1C3 
mechanism with propane as a fuel (i.e., activating its full reaction path-
way set) is slightly more limited as the mechanism models a network of 
vastly different chemical reactivities, while the n-heptane mechanism is 
composed by subgroups with similar kinetics characteristics, allowing 
for a higher compression. Unlike lumped mechanisms, the reduction 
becomes more pronounced as the fuel molecule size increases, since 
the number of species grows and the number reaction-species ratio 
decreases [23].

5. Conclusions

This study presents a generalization of the PC-transport approach 
into a latent variable (LV) framework, demonstrated for 0D combus-
tion simulations. The key contribution introduced in this work is the 
projection of species tolerances onto the latent space, allowing the 
solver to adapt tolerances individually for each variable. This resolves a 
limitation of PC-transport methods with direct chemistry computation, 
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(a) Propane

  
(b) N-heptane

 

Fig. 10. Comparison on the computational time of species and latent model for propane and n-heptane fuels using lumped and detailed mechanisms, across all 
test conditions.
which were previously constrained to small kinetic mechanisms due to 
fixed tolerance settings. The proposed approach ensures accurate and 
stable integration, extending the applicability of latent space methods 
to detailed kinetic mechanisms. Importantly, the latent variable frame-
work allow to reduce the dimensionality while keeping information 
about all the species initially present in the mechanism, which is a key 
difference compared to other chemistry reduction methods.

The solver was systematically validated across score scales, fuels, 
and kinetic mechanisms, demonstrating high accuracy and significant 
computational savings. The average speed-up factors were approxi-
mately 2x for propane and n-heptane and 2.4x for methane. Further-
more, the influence of kinetic mechanisms on the solver performance 
was assessed. For a given fuel, detailed mechanisms allowed for larger 
dimensionality reduction and computational cost savings compared to 
lumped mechanisms, for which speed-up factors were systematically 
≈ 20–25% lower.

System stiffness was found to be reduced via the latent space 
projection, when using PCA for dimensionality reduction, as indicated 
by the larger time steps used by the integrator. Furthermore, robustness 
analyses confirmed that the LV solver maintains its efficiency regardless 
of the ODE integrator (OpenSMOKE++ or CVODE) and under mod-
erate extrapolation of equivalence ratios and temperatures. Accuracy 
remains high, with only minor degradation observed under extreme 
low-temperature extrapolation due to unrepresented low-temperature 
chemistry in the training data.

Overall, the proposed LV framework is a robust and computationally 
efficient solution for simulating ideal reactors with detailed kinetic 
mechanisms. Combining dimensionality reduction with projected toler-
ances overcomes the primary barrier that previously limited PC-based 
latent solvers to small mechanisms. The approach not only allows 
for accurate and cost-effective zero-dimensional combustion simula-
tions with detailed chemistry but also establishes the foundation for 
extension to multi-dimensional reactive flows, where computational 
cost can otherwise be prohibitive. In particular, the framework can 
be applied to multi-dimensional solvers based on the operator-splitting 
approach, to replace the 0D chemistry computation with the proposed 
LV framework.
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