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Abstract

Ablative materials, a special type of thermal protection material, are widely used in extremely high-temperature
environments such as hypersonic vehicles and re-entry capsules. They effectively mitigate heat conduction to the
interior through ablation at the material surface. Based on traditional physical models and machine learning
techniques, we systematically investigated the mapping relationship between multiple material parameters and
thermal responses within the carbonized layer and pyrolysis layer of ablative materials. By employing high-
throughput physical modeling and the sure independence screening and sparsity operator (SISSO) method for
feature selection, we first revealed that the thermal responses of different layers are dominated by distinct material
properties (e.g., density, thermal conductivity, heat capacity, etc.). The explicit relationships between the
functioning material parameters and the features of the thermal response curves associated with single-/double-
layer structures are well established. After the key parameter screening based on SISSO, we further developed a
deep neural network surrogate model, capable of accurately predicting the entire thermal response process within
the carbonized and pyrolysis layers.
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INTRODUCTION

During hypersonic re-entry, spacecraft such as returnable satellites and crew cabins encounter gas
temperatures exceeding thousands of degrees Celsius. This extreme environment generates intense
convective heat flux on vehicle surfaces, creating critical challenges for thermal protection systems. To
address these challenges, advanced ablative materials"” employ a dual-layer protection mechanism: a
carbonized layer™ and a pyrolysis layer”. The carbonized layer forms through high-temperature pyrolysis
and acts as a primary thermal barrier. By absorbing and dissipating heat energy, it prevents structural
components from reaching critical temperatures. Beneath this layer, the pyrolysis layer provides secondary
insulation through endothermic reactions. These reactions actively absorb heat', significantly slowing
thermal penetration. The synergy between these layers is crucial for maintaining structural integrity under
extreme thermal conditions. Optimizing their properties enables the development of high-performance
aerospace materials'”.

Accurately predicting thermal protection structures’ internal temperature fields is critical for the design of
charring-ablators. However, experimental investigations face numerous challenges due to the extreme
application scenarios. To overcome these challenges, computational modeling has become pivotal in
evaluating charring-ablators” performance. For example, Moyer et al. developed a finite difference-based
aero thermal program for charring composites analysis™. Chen et al. established an implicit finite volume
framework with moving grids for recession simulation®"!. In addition, the finite element ablation and
thermal response!
heat conduction, thermal decomposition, gas flow, and ablative material design in thermal protection

12,13

I'solver was developed to simulate one-, two-, or three-dimensional ablation, internal

systems. The factors concerning the thermal properties of chosen insulation materials can be various and
will dominate the th ermal responses at different stages to different degrees during the service. These
material parameters may include thermal conductivity (K)"*', heat capacity!>"”, permeability (k)"**,
porosity (p)***", density (p)®**", etc., for both the raw material and the corresponding carbonized material.
In addition, a considerable amount of uncertainty remains while obtaining these parameters through
experimental measurement®?9, As a result, the combined effect of these parameters and, therefore, the

underlying working mechanism on the thermal responses of both the carbonization and pyrolysis layers are

12,13

complex.

In terms of computational modeling and simulations, existing work on multilayer resin-based composite
materials faces several notable challenges and limitations. For example, the finite element method (FEM) is
limited to solving heat transfer problems in systems with fewer parameters” . For systems with a larger
number of parameters, the modeling complexity increases rapidly, leading to a significant decrease in
computational efficiency””'. Moreover, while the FEM is capable of achieving forward prediction of
material thermal response, it cannot rapidly and accurately assess the primary and secondary parameters
.. Such physics-based models are developed based on

that influence this thermal response performance!”***

complex theories and equations, which raises the technical threshold and may bring about certain
difficulties for those with less professional backgrounds. The surrogate model therefore needs to be built to
replace the physics-based models with complicated equations by bridging the material parameters and
performance simply through explicit/implicit data analysis, thus improving the computing efficiency.

From the perspective of the Materials Genome Initiative", exploring the relationship between material
structures and properties through large-scale computational simulations, data mining, and experimental
validation is an efficient way to predict and optimize material characteristics, and thus accelerate the
discovery and design of new materials for future innovations. With the help of databases facing divergent
scopes, data-driven accelerated materials research” is an emerging approach within the scope of the
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Materials Genome Initiative, allowing researchers to expedite material development processes. Jha et al.
utilized the robust capabilities and elegance of deep learning to directly extract material properties from the
elemental composition of materials, effectively overcoming the constraints imposed by contemporary
machine learning techniques reliant on manual feature engineering””’. Chen et al. utilized the finite-volume
direct averaging micromechanics to simulate the uniaxial and cyclic responses of unidirectional composite
materials at various off-axis angles, which were used as inputs to train a two-layered long short-term
memory (LSTM) neural network (NN), establishing the mapping between applied strains and

[38

corresponding stresses, yielding promising results in subsequent testing”*. In addition, Sun et al. employed
a data-driven approach to explore the chemical phase space of ternary nitrides, and expanded the known
307 combinations within the chemical phase space associated with the nitrides to 6,000 hypothetical
structures™. Further first-principles calculations reveal 244 novel nitrides, with 93 having never been
reported before. Some examples“*’ involving data-driven approaches have also been reported, aiming at

predicting material properties by advanced machine learning techniques.

In line with the principles of data-driven materials research, this study focuses on the direct relationship
between various material properties and the thermal responses of carbonization and pyrolysis layers. To
develop an NN-based surrogate model for predicting this relationship, we first calculate the accurate
temperature fields associated with the material parameters using FEM. This is followed by a parameter
screening process utilizing sure independence screening and sparsity operator (SISSO)"***” regression. This
screening process effectively eliminates material parameters that have minimal impact on the macroscopic
performance of the multilayer composites, thereby reducing the dimensionality of the surrogate model
input. Through these surrogate models, we establish both explicit and implicit relationships between various
material properties and their thermal performance during ablation. Specifically, the explicit relationship
derived from SISSO enables inverse parameter design for optimizing thermal performance, while the
implicit relationships developed using the NN facilitate rapid predictions of the thermal response curve
across the entire time range for known material parameters. The rest of the paper is organized as follows.
Section “MATERIALS AND METHODS” outlines the heat conduction model, the SISSO regression model,
and the deep NN model. Details on data proliferation and model parameters are described in Section
“Thermal responses of the first layer and the double layer”. The main results are shown and discussed in
Section “Assessment of the effect of functioning parameters” and Section “Error analysis of the SISSO
model”. Major conclusions are summarized in Section “CONCLUSIONS”.

MATERIALS AND METHODS
Physics-based model and equations
The ablation process of carbonaceous materials can be described by the typical layered model

[48

! [Figure 1].
The first layer of the material nearest to the heat source is called the carbonized layer, which is a porous
material formed by complete pyrolysis of the original material. Between the carbonized layer and the
original material layer is the second layer, where pyrolysis reactions are taking place. The pyrolysis reactions
absorb heat, and the resulting pyrolysis gases flow within the carbonized layer, thereby hindering heat
transfer. Therefore, the carbonized layer and the pyrolysis layer are of great importance as they work as the
blocking medium that absorbs and thus stops the heat flux from transferring to the original material. In this
work, we focus on the one-dimensional thermal responses along the black arrow direction and (1) at the
inner side of the carbonized layer, (2) at the inner side of the pyrolysis layer, as respectively shown by the
red and blue arrows in Figure 1A. Note that the carbonized layer and the pyrolysis layer in this work are
referred to as the “first layer” and the “second layer” for convenience.
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Figure 1. (A) The one-dimensional simulation unit in this work, abstracted from the layered model schematically shown in (B). While
the thermal response of the single layer is represented by the temperature variation at the inner side of the first layer [indicated by the
red arrow in (A)], the thermal response of the double-layer structure is represented by the temperature at the inner side of the second
layer [indicated by the blue arrow in (A)].

Based on the simulation unit described above, energy conservation*, i.e., the evolution of temperature, can
be established in a moving coordinate system:

aT a
= =V (KVT) + b=+ povg - (Vhy) + vy, - (6, VT), (1)

where K is the thermal conductivity, p is the material density, h, is the enthalpy of pyrolysis gas, v, and v,, are
the viscosities of the pyrolysis gas and the control volume, respectively, and ¢, is the specific heat capacity of
the solid material. With these material properties, the term V-(KVT) represents the energy entering the
control volume due to heat conduction, AhZ—’Z represents the energy absorbed due to material
decomposition, p,v,(Vh,) represents the energy increment caused by the flow of decomposition gas, pc, VT
represents the rate of change of energy within the control volume with time, and v,,-(pc,VT) represents the
energy increment introduced by coordinate motion. It should be noted that all these parameters have
different values in the original and carbonized materials. We adopt the subscript “v” and “c” to correspond
to variables of the original and carbonized materials, respectively. The charring rate y is introduced to
correlate the two values, i.e., K= (1 - 9K, + K, ¢, = (1 - y)c,, + xc,» and % = plc + %. The p of solid materials
in Equation (1) changes due to thermochemical reactions. Following the Arrhenius relationship“>* the
mass conservation equation™ and Darcy’s Law" are introduced. For more details on this thermal
response model, please refer to our previous work*.

SISSO symbolic regression

SISSO™ is a powerful machine learning approach combining conformal regression and compressed sensing
to derive explicit mathematical expressions. It begins by generating a wide array of possible expressions
based on user-defined input variables and mathematical operators, forming an extensive expression space
f- The machine learning objective is then expanded offline as P = 4, with the optimal sparse solution
obtained using sure independence screening (SIS) and sparse operator (SO). Given the model’s typically low
dimensionality (fewer than five non-zero coefficients), SISSO is versatile for both large and small datasets,
selecting key variables and optimizing their interactions. While lacking direct physical interpretability, it
effectively identifies influential factors (“material genes”) in the properties of the target material.
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Deep-learning NN

[55,56]

Deep learning™*, characterized by its multilayer architecture of neurons, excels in modeling complex
relationships in high-dimensional datasets by leveraging nonlinear transformations via activation functions.
This hierarchical feature extraction allows the network to progressively learn abstract representations of
input data. Key components of deep learning include perceptrons””, activation functions™ [e.g., rectified
linear unit (ReLU), sigmoid], optimizers, and loss functions [e.g., mean squared error (MSE), binary
cross-entropy (BCE)]. These elements work together to iteratively adjust weights through algorithms such
as stochastic gradient descent, improving accuracy by minimizing loss. A major advantage of deep learning
is its ability to reduce dependence on extensive feature engineering, which is often required in traditional
machine learning. In fields such as science and engineering, deep learning autonomously extracts relevant
features, uncovering non-intuitive patterns through a data-driven approach'®. It performs especially well
with large datasets, increasing accuracy with more data, and remains efficient at making rapid predictions
after the initial computational cost of training.

To provide a clearer understanding of the overall framework and logical relationships of the methods
employed in this study, a research workflow diagram is presented in Figure 2. This flowchart seamlessly
integrates the physics-based model, the symbolic regression method (SISSO), and deep learning NN
applications. It comprehensively outlines the research pathway, starting from physical parameter modeling
and culminating in performance prediction. By combining theoretical guidance from the physics-based
model with the flexibility and efficiency of data-driven methods, this integrated approach offers a robust
solution for predicting the thermal response of complex multilayer materials. The workflow starts with a
physics-based model that uses the energy conservation equation to derive key thermophysical parameters,
such as the specific heat capacity at constant pressure (c,), K, p, k and ¢ which form the basis for further
analysis. The SISSO method then carefully weighs the roles of all material parameters at different stages
during material ablation, to screen out the functioning parameters that determine the thermal response.
Finally, these parameters are input into deep-learning NN to predict temperature fields and performance
trends under diverse thermal conditions, achieving high-precision thermal response predictions for
multilayer materials.

RESULTS AND DISCUSSION

Thermal responses of the first layer and the double layer

The physics-based thermal response model in this work is developed by FEM based on multiphysics object
oriented simulation environment (MOOSE)"*. Due to the carbonization caused during the ablation, the
heat transfer process is in general affected by both the raw material consisting of the component and the
part that is already carbonized. The first and second layers of the material collectively form a defense line for
ablation protection, determining the working state of the composite material. Our previous work™ has
shown that five pairs of raw/carbonized material parameters, i.e., the specific heat capacity at c,, K, p, k, and
¢, play an important role in the thermal conduction process through the first and second layers. To
distinguish the difference of these pairs of parameters, it should be emphasized again that parameters with
footnote v are for raw materials, and those with ¢ for carbonized materials. The parameters of the above two
layers are shown in Tables 1 and 2.

The temperature evolution in the multilayer material during ablation is depicted in Figure 3, illustrating
distinct thermal behaviors in each layer. First, we focus on the thermal response of the inner surface of the first
layer (i.e., the position indicated by the red arrow in Figure 1A). Using the material parameters listed in Table 1,
the temperature distributions from the surface to the inner part of the first layer at time steps t = 0, 2, 4, 6, and
1,000 dimensionless time are shown in Figure 3A. The corresponding temperature variation at the inner surface
over time is presented in Figure 3C, where the temperature rapidly rises and stabilizes around 900 K after



Page 6 of 15 Li et al. J. Mater. Inf. 2025, 5, 31 | https://dx.doi.org/10.20517/jmi.2024.104

Table 1. Parameters for the material of the first layer(carbonized layer) used in the thermal response model and machine learning
model in the present work™?

Density Heat capacity Thermal conductivity Porosity Permeability
Parameters N

/P ol e K./K. P/ 9. k./k.
Unit kg/m’ 1/kg)/K W/ (m-K) - m’
Average values 880/642 544/81 0.1269/0.1265 0.8/0.85 1.6/2.0 x 10"
Deviation +6% +5%/+10% +10%/+20% +8% +10%

"Footnote v denotes properties in the raw material, ¢ denotes properties in the carbonized material.

Table 2. Parameters for the material of the second layer(pyrolysis layer) used in the thermal response model and machine learning
model in the present work™?

Density Heat capacity Thermal conductivity Porosity Permeability
Parameters R

/P ol e K./K. P/ 9. k./k.
Unit kg/m’ 1/ (kg)/K W/ (mK) - m’
Average values 495.4/214 653/71 0.04824/0.1365 0.8/0.85 1.6/2.0x10"
Deviation +6% +5%,/+10% +10%,/+20% +8% +10%

"Footnote v denotes properties in the raw material, ¢ denotes properties in the carbonized material.
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Figure 2. Illustration of the intrinsic connections among the three key steps of the current work: the physics-based model supports the
input data, the SISSO method optimizes the data, and the deep learning model completes the final prediction task. SISSO: Sure
independence screening and sparsity operator.

approximately 200 s, indicating efficient heat transfer and rapid thermal equilibrium. The thermal response
from the surface to the interior of the pyrolysis layer is shown in Figure 3B. It should be noted that the
thermal response associated with the double layers is determined by the material parameters of both the first
and the second layers, listed in Tables 1 and 2. Compared with that of the single carbonized layer, the
thermal response of the double layers (consisting of the carbonization and the pyrolysis layers) exhibits
quite different behaviors. For example, the temperature at the inner side of the pyrolysis layer, also defined
as the back temperature, remains unchanged at the initial stage as the heart flux has not arrived yet, as
depicted in Figure 3D. At a later stage after t = 50, the temperature rises gradually and reaches around
580 K by t = 1,000 s. By comparing Figure 3C and D, our calculation results highlight the significant
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Figure 3. (A) The temperature changes in the single-layer structure during the ablation process by FEM; (B) The temperature changes in
the inner side of the double-layer structure by FEM; (C) The temperature variations of T, at the inner side of the first layer [red arrow in
(A)]; (D) The temperature variations T, at the inner side of the second layer [blue arrow in (B)]. Note that the temperature curve in (D)
is also known as the back temperature curve. FEM: Finite element method.

differences in the thermal responses of the single layer and the double layers during the ablation process,
i.e., the inner temperature of the first layer experiences a rapid thermal stabilization, while that of the double
layers undergoes a slower, more gradual heating process. Such difference is determined by the controlling of
the parameters concerning the materials of these two layers. Therefore, by altering the material parameters,
the thermal responses of the corresponding layers could be adjusted.

It has been proved by previous work!*”! that for a given material system, the above parameters will vary over
a certain range of about 6%-20% due to mechanical processing, which will alter the thermal responses
during ablation heat conduction. To systematically investigate parameter sensitivity, we conducted a
computational parametric analysis employing high-fidelity FEM coupled with high-throughput
computational simulations. The experimental design proceeded as follows:

A. Single-layer parameter characterization

Material parameters of the second layer were maintained at nominal values [Table 2] while systematically
modulating the first layer parameters within predefined ranges [Table 1]. 1,408 distinct computational
experiments are conducted for parametric study, each producing time-dependent thermal evolution profiles
through fully coupled thermomechanical FEM simulations.

B. Multilayer interaction analysis

A combinatorial parameter space investigation was implemented by concurrently varying material
properties of both layers [Tables 1 and 2]. This protocol yielded 1,344 additional simulation cases,
facilitating the quantification of cross-layer parameter coupling effects.

All input parameter combinations and corresponding thermal response data were algorithmically cataloged
using a relational database architecture, ensuring strict bijective mapping between input vectors (n-
dimensional) and output thermal signatures.

Assessment of the effect of functioning parameters
In our preliminary research, we evaluated two prominent methods for handling high-dimensional data,
particularly in the context of complex systems in materials science: SISSO and least absolute shrinkage and
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selection operator (LASSO)"***. Through a rigorous comparative analysis, we determined that SISSO offers
superior performance over LASSO in terms of model simplicity and physical interpretability. As a result, we
selected SISSO as the primary algorithmic framework for this study. Specifically, the systematic application
of the SISSO algorithm reveals statistically significant advantages over traditional LASSO regression, as
detailed in the Supplementary Materials. While both methods demonstrate high predictive accuracy, SISSO
produces more parsimonious models requiring fewer critical parameters. Crucially, the purely linear models
generated by LASSO are insufficient for capturing the nonlinear interactions inherent in complex material
systems, whereas SISSO excels in representing these nonlinear relationships****. These combined
advantages of model simplicity, nonlinear representational capacity, and physical interpretability motivated
our decision to adopt SISSO.

Starting with the thermal response of the first layer, we divide the temperature profile depicted in Figure 4A
into two main phases: the rapid temperature rise stage and the plateau stage. It is apparent that the rapid
temperature rise phase witnesses the increase in temperature from 300 to ~700 K within 50 time steps and is
therefore crucial in determining the final inner side temperature of the first layer. To explore the factors
affecting temperature increase during this phase, we introduced a fitting parameter K, , (subscript “1”
represents the first layer), which characterizes the slope of the curve during the rapid heating stage, as
indicated by the red line in Figure 4A. Using K., ,
the SISSO algorithm to derive an analytical solution, expressed as a function of all the material properties
listed in Table 1, as given in

as the fitting target, we employed symbolic regression via

Kstart_l =—0.116 = ’ (M) + 31.94 (2)

[Kv,

which reveals that this rapid heating-up stage is primarily correlated with the density p, ,, thermal
conductivity K, ,, and heat capacity c,, , of the first layer. Its root mean squared error (RMSE), a measure of
the average difference between predicted and actual values, is 0.0252, and Figure 4B shows the regression
analysis plot of the obtained model.

Besides, as can be seen in Figure 1A, the inner side temperature of the first layer acts as the initial
temperature at the outer surface of the pyrolysis layer. Therefore, to reduce the heat conduction rate in the
whole double-layer structure, it is necessary to control the inner side temperature of the first layer. Based on
this point, we analyzed the effects of material parameters of the first layer on the endpoint temperature in
Figure 4A with a star mark through the SISSO regression. The result is given in

Tend 1s = —56.64 * 3\/(1 / (K.1) — (Keq + Ky 1)) + 965.76 (3)

with RMSE being 0.08, which suggests that the endpoint temperature exhibits a significant dependence on
the thermal conductivity K, ,/K_ , of the first layer of material before and after carbonization.

Similarly, we also assessed the effect of material parameters of both the two layers [Tables 1 and 2] on the
temperature rise stage (see the red line in Figure 5A) of the back temperature evolution profile. The
relationship between the slope at this stage, K., , (subscript “2” represents the second layer, the pyrolysis
layer), and the material properties can be expressed explicitly as


https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202504/jmi40104-SupplementaryMaterials.pdf
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Figure 4. (A) Schematic diagram of the slope fitting during the rapid temperature rise phase of the first layer material; the blue scatter
plot represents the original temperature curve, the red line represents the fitted slope, the star mark represents the final temperature;
(B) Regression analysis graph for K, ; (the bar charts above and to the right represent the data distribution).
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Figure 5. (A) Schematic diagram of the fitted slope at the end of temperature rise of the second layer; the red line represents the fitted
straight line, the blue scatter line represents the original temperature curve; (B) Regression analysis graph for K, , , (the bar charts
above and to the right represent the data distribution).

Kend2 = ((og(Ke 1) / (Ke2 * Ky 2)) = py2) * 2.297 X 107* + 0.4844 (4)

with RMSE being 0.003, and Figure 5B shows the regression analysis plot of the obtained model.

K... , is a function of the densities of the second layer’s raw material p, ,, the K of the second layer’s material

el

K, , and that of the second layer’s carbonized material K_ ,, and the first layer’s carbonized material K_,.

Error analysis of the SISSO model

Error analysis for the K, , model, derived from SISSO regression, was conducted on both the training set
(1,126 groups, Figure 6A) and the testing set (282 groups, Figure 6B). The residuals demonstrate highly
consistent predictive accuracy and robustness within the data coverage range (predicted values: 18.4-19.6).
For the training set, the residuals exhibit a mean of 4.03 x 10° and a standard deviation (o) of 0.0252, with
95% of residuals concentrated within + 0.05 (actually observed range: -0.06 to +0.06). The testing set
residuals exhibit a mean of -1.61 x 10* and ¢ = 0.0262, with 95% distributed within + 0.06. Both datasets
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Figure 6. Error analysis of SISSO models. (A and B) Residual distributions (left) and residual-predicted value plots (right) for the K,

start_1

model. Training set (1,126 samples): Residuals follow a normal distribution (x = 4.03 x 10°, ¢ = 0.0252), with 95% within + 0.05.
LOWESS trend line slope = 0.002; Testing set (282 samples): Residuals (x = -1.61 x 10 6 = 0.0262) show 95% within + 0.06.
LOWESS slope = 0.001; (C and D) Error analysis for the K, , model. Training set (1,075 samples): Residuals (x = 1.19 x 10*,6=3.02 x
107) are 95% within = 6 x 10”°. LOWESS slope = 0.009. Testing set (269 samples): Residuals (u = 9.40 x 10°,6 = 2.79 x 10”°) show
95% within = 6 x 10~°.LOWESS slope = 0.002. SISSO: Sure independence screening and sparsity operator; LOWESS: locally weighted
scatterplot smoothing.

closely approximate a normal distribution [density curves N(u,0) suit well], and the relative error rate is
only 0.13% (based on the median predicted value of 19.0), confirming the absence of systematic bias and
minimal error fluctuation. In the residual vs. predicted value scatter plots, the LOWESS trend line!*” slopes
for the training and testing sets are 0.002 and 0.001, respectively, with residuals equally distributed around
the zero line (range: -0.08 to +0.06). This indicates stable error variance (homoscedasticity) and no
systematic overestimation or underestimation. In summary, the model demonstrates no significant
systematic bias within the data coverage range, with well-controlled error fluctuations.

Error analysis for the K., , model, based on the training set (1,075 groups, Figure 6C) and testing set (269
groups, Figure 6D), reveals high precision and stability across both datasets. The training set residuals
approximate a normal distribution (mean x = 1.19 x 10, ¢ = 3.02 x 107), with 95% of residuals concentrated
within + 6 x 107 (observed range: -6 x 10” to +8 x 107). The testing set residuals similarly follow normality
(u=9.40 x 107, 0 = 2.79 x 107), with 95% distributed within + 6 x 10”. The standard deviation difference
between training and testing sets is less than 7.3% (o = 0.00302 vs. 0.00279), indicating highly consistent
error fluctuations during the training and testing phases. In the residual vs. predicted value scatter plots
(right panels), the LOWESS trend line slopes for the training and testing sets are 0.009 and 0.002,
respectively, both near zero (|slope| < 0.01), confirming no significant correlation between residuals and
predicted values (homoscedasticity assumption holds). In conclusion, the model exhibits no systematic bias
and controlled error variance in both the training and testing stages.
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Figure 7. Bootstrap error analysis of (A) K, ; and (B) K4 5.

To quantify robustness against data variability, 500 bootstrap iterations were conducted. Figure 7 displays
the distributions of RMSE (blue), MAE (orange), and R* (green) calculated from 500 resampled iterations.
Figure 7A: RMSE: Centered at 2.8 x 107 [95% confidence interval (CI): 2.4-2.8 x 10”], MAE: Spread between
1.97-2.30 x 10 (peak frequency at 60). R*: Moderately high performance (95%CI: 0.986-0.990), explaining >
90% variance. Figure 7B: RMSE: Tightly distributed around 0.003 (95%CI": 2.8-3.2 x 107), reflecting
minimal prediction deviation. MAE: Narrow range (95%Cl: 2.4-2.75 x 107) with peak frequency at 80. R
Values cluster near 0.90 (95%CI: 0.873-0.911), indicating near-perfect explanatory power.

Prediction of whole time-series thermal responses by deep NN

To expedite the data acquisition and property prediction process, we intend to utilize a surrogate model as a
substitute for the full FEM simulation to capture the feature of the evolving back temperature during
material ablation with known material parameters of the carbonized layer and the pyrolysis layer. This
allows us to gain insights into the optimization and design of thermal insulation materials. Consequently,
we have developed a NN model using the available data. Based on the above SISSO regression analysis, we
developed a NN and extracted seven functioning parameters (i.e., K_,, K. ,, K, ,, K, ,, ¢, ,» o, »» p,,) out of the
original 20 parameters (listed in Tables 1 and 2) to serve as the input of the network. In this study, we
employed deep learning to analyze the temperature profiles of ablation resistance in multilayer materials,
considering two distinct input configurations: using only the parameters of the first layer and combining the
parameters of both layers. Figure 8A illustrates the loss curve over 1,000 epochs, where only the parameters
of the first layer were used to model the thermal response of that layer. The steady decrease in training loss
indicates the convergence of the model. Figure 8B presents the comparison between predicted and observed
thermal responses after training; the blue circles represent observed (true) values, while the red line denotes
the model’s predictions. The close alignment between the predicted and observed values demonstrates high
predictive accuracy. Likewise, Figure 8C shows the loss curve over 1,000 epochs when the parameters of
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Figure 8. (A) The loss curve of 1,000 epochs of deep learning training using only the first layer parameters; (B) The comparison between
the data obtained by FEM (blue circles) and prediction of the deep learning model (red line) for the single layer structure (i.e., the first
layer); (C) The loss curve of 1,000 epochs of deep learning training using only two layers of parameters; (D) The comparison between
the data obtained by FEM (blue circles) and the prediction of the deep learning model (red line) for the double-layer structure (i.e., the
first layer and the second layer). FEM: Finite element method.

both the first and second layers were included in the model. The observed convergence pattern suggests that
the model effectively learned the combined parameter set. Figure 8D compares the predicted and observed
thermal responses for this model, once again showing strong agreement between the predicted red curve
and the observed blue circles, further affirming the model’s accuracy in capturing the thermal response of
multilayer composites. Utilizing a pre-trained surrogate model enables the rapid generation of a large
dataset of back-temperature profiles, facilitating efficient exploration of thermal behavior in multilayer
materials.

CONCLUSIONS

The thermal responses, described by the temperature evolution curves under fixed boundary conditions, are
simulated using a finite element model incorporated in MOOSE. High-throughput calculations are then
carried out to derive different temperature evolution curves with varying material parameters. The
relationships between thermal responses and material properties are meticulously investigated and analyzed
by SISSO regression and NNs. The primary findings include:

(1) In our study, the thermal response of both carbonization and pyrolysis layers is significantly influenced
by seven key parameters (i.e., K, K_,, K, ,, K, ,, ¢, » p, »» p, ,)- These properties govern the heat transfer
processes and determine the ablation protection effectiveness of the material.

(2) Regression analysis through SISSO reveals the key functioning parameters that determine the thermal
responses of carbonization and pyrolysis layers. The rapid temperature rise in the first layer is mainly
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The
heating rate of the second layer depends on three key parameters: the K of the second-layer raw material
K, ., the K of the second-layer carbonized material K_, and the K of the first-layer carbonized material K ,.

affected by the first-layer material’s density p, ,, thermal conductivity K, ,, and heat capacity ¢

pv_1*

(3) Deep learning NNs are further established to correlate the functioning parameters of materials to the
thermal response curves concerning the single first layer (carbonized layer) and double layers
(carbonization and pyrolysis layers), respectively. This pre-trained surrogate model enables the rapid
generation of extensive back-temperature data, facilitating efficient exploration of thermal behavior in
multilayer materials.
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