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Abstract

Constitutive models are fundamental for analyzing the
mechanical behavior of structural steels. Classical phe-
nomenological or physics-based formulations provide
explicit equations but often struggle to capture strong
nonlinearity. Consequently, neural-network-based (NN)
constitutive models have attracted growing attention for
their ability to approximate complex response surfaces
efficiently. In this work, we develop data-driven NN
models for HSLA-65 steel across a wide range of tem-
peratures and strain rates. We train a Multilayer Per-
ceptron (MLP) and a Recurrent Neural Network (RNN),
and evaluate generalization with five different metrics.
To further interpret the models, we apply SHAP (SHap-
ley Additive exPlanations) to quantify input-feature con-
tributions. The results show that temperature (thermal
softening) and strain rate (rate sensitivity) are dominant
drivers, while plastic strain provides a positive cumula-
tive contribution (work hardening) whose global weight
is modest in the MLP but approaches that of temper-
ature and strain rate in the RNN. Compared with the
MLP, the RNN achieves higher accuracy and demon-
strates superior robustness and generalization on unseen
data. Overall, the study advances NN-based consti-
tutive modeling by combining high-fidelity predictions
with physics-consistent explanations and offering a re-
producible workflow applicable to other alloys and load-
ing conditions.
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1 Introduction

In the field of solid mechanics and materials science,
constitutive equations serve as the mathematical back-
bone for modeling material behavior under mechanical
loading. These equations define the relationship between
stress, strain, strain rate, and temperature, enabling the
prediction of material responses during forming, impact,
and fatigue processes. Accurate constitutive models are
essential for finite element simulations, damage assess-
ment, and material design in sectors such as aerospace,
automotive, and structural engineering ([Anand, 1982]).

Traditional constitutive models are typically phe-
nomenological or physically based, such as the John-
son—Cook model ([Johnson and Cook, 1983]), the Zer-
illi-Armstrong model ([Zerilli and Armstrong, 1987]),
or the Bergstrom model ([Bergstrom, 1970]). These
models are often constructed based on simplified ideas
regarding empirical assumptions and/or microstructural
behavior and are expressed in closed-form mathematical
equations. While widely used due to their physical in-
terpretability, such models have several limitations: they
often fail to accurately capture strong nonlinearities, par-
ticularly at extreme conditions such as high strain rates
and elevated temperatures. They require manual calibra-
tion of parameters, which can be time-consuming and
material-type-specific. They are typically not adaptable
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to new materials or loading paths without modifications
([Dou et al., 2021]).

These limitations are especially critical in modern
manufacturing and aerospace applications, where ma-
terials are subjected to dynamic and multi-axial stress
states. For example, High-Strength Low-Alloy (HSLA)
steels, such as HSLA-65, are often exposed to ther-
mal-mechanical coupling effects that are difficult to
model with conventional Johnson—Cook approaches.

Moreover, one of the important phenomena under
high-rate loading conditions is adiabatic temperature
rise. As plastic deformation progresses, the mechani-
cal work is converted into heat, raising the local tem-
perature and leading to a reduction in flow stress. This
effect is especially relevant in high strain-rate or adia-
batic conditions and has been widely observed in dy-
namic tests such as Split Hopkinson Pressure Bar exper-
iments ([Zhao et al., 2024]). To model this, constitutive
equations must incorporate temperature sensitivity, and
neural networks offer a natural way to do so through data
integration ([Zhang et al., 2024]; [Zhang et al., 2025];
[Yuyi Zhang, 2025]).

With the recent development of machine learning tech-
niques, especially deep neural networks, researchers
have begun exploring data-driven constitutive model-
ing as a promising alternative. Unlike traditional ap-
proaches, neural networks can directly learn the map-
ping from strain history, strain rate, and temperature to
stress responses, offering greater flexibility in captur-
ing complex nonlinearities ([Hornik et al., 1989]). This
paradigm shift has received significant attention in ma-
terials science, mechanics, and computational modeling
communities.

Early studies using artificial neural networks (ANN5)
demonstrated their ability to capture the thermo-
mechanical behavior of alloys such as Ti—22Al1-25Nb
([Zhu et al., 2011]), 7050 aluminum ([Quan et al.,
2016]), and H13 tool steel ([Pasco et al., 2022]). More
recently, MLP and RNN have been applied to model
path-dependent plasticity in metals with promising re-
sults ([Gorji et al., 2020]). RNNs, due to their memory-
based architecture, are particularly suitable for capturing
sequence-dependent behavior in materials. Recent re-
search also highlighted the issue of increment-size de-
pendence in RNNs, raising concerns over their self-
consistency and stability ([Bonatti and Mohr, 2022]).

In addition to nonlinear elasticity and hardening ef-
fects, metals exhibit significant thermal softening, espe-
cially under high-rate deformation. This phenomenon is
driven by the temperature rise due to plastic work, lead-
ing to a decrease in flow stress. Zhao et al. ([Zhao et al.,
2024]) quantitatively investigated this effect in HSLA
steels using ANN-enhanced constitutive formulations,
emphasizing the need to embed temperature sensitivity
explicitly in neural-based models.

This study aims to develop a data-driven constitutive
model for HSLLA-65 steel that incorporates strain, strain
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rate, and temperature as key input features. Two types of
neural network architectures are employed: MLP model,
which learns the direct mapping from input parameters
to flow stress. RNN model, which captures the historical
dependency and path-dependent behavior of materials.

In addition to performance comparison between MLP
and RNN models, we incorporate SHAP to enhance in-
terpretability and identify the relative influence of each
input factor. This approach addresses a key limitation
of black-box neural models, which typically lack trans-
parency and physical consistency. By using SHAP, we
are able to provide physically meaningful insights into
the contributions of strain, strain rate, and temperature
to the model predictions, especially in capturing thermal
softening and strain rate sensitivity. This strategy aligns
with recent efforts to apply explainable machine learn-
ing techniques in constitutive modeling, where SHAP
has been used to interpret neural models of alloys un-
der thermo-mechanical loading and to validate whether
the learned behavior matches physical expectations such
as hardening or rate dependence ([Li et al., 2022]).

In this study, our main contributions are threefold.
First, we develop data-driven constitutive models for
HSLA-65 steel based on both MLP and RNN that op-
erate across a wide range of temperatures and strain
rates. Second, we integrate SHAP into the modeling
pipeline to quantify the relative influence of tempera-
ture, strain rate, and plastic strain, thereby linking the
learned representations to classical constitutive mech-
anisms. Third, we demonstrate that the RNN yields
smoother, more stable stress-strain trajectories and more
balanced feature attributions, making it particularly suit-
able for engineering-oriented simulations. The remain-
der of the paper is organized as follows: Section 2 de-
scribes the thermo-mechanical background, neural net-
work architectures, and SHAP methodology. Section 3
presents the numerical results and SHAP-based interpre-
tations. Section 4 concludes the paper.

2 Methodology
2.1 Thermal softening

Metal thermal softening refers to the phenomenon
where the material’s mechanical properties, specifically
its strength, decrease with increasing temperature. This
phenomenon is crucial in the analysis of materials under
high-temperature conditions, where the deformation be-
havior changes significantly as the metal heats up. Typi-
cally, as the temperature increases, the atomic vibrations
intensify, leading to a reduction in yield strength and
an increased rate of plastic deformation([Le and Piao,
2019]). This is especially important in processes such as
forging, welding, and casting, where temperature fluctu-
ations play a significant role in the material’s behavior.
Thermal softening can be attributed to various factors,
including the increased movement of dislocations and
the weakening of atomic bonds ([Le and Piao, 2019]).
In the context of constitutive modeling, understanding
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this effect is essential for accurate predictions of the ma-
terial’s response to thermal and mechanical loads.

During plastic deformation, a portion of the mechan-
ical work is converted into thermal energy, which may
be dissipated to the surrounding environment or retained
within the material itself, leading to a temperature in-
crease. When the rate of heat generation exceeds the
rate of heat dissipation, the temperature of the material
rises. Under high-strain rate conditions, the deformation
process is often considered adiabatic, wherein the ma-
jority of the heat generated by rapid plastic working is
retained within the material. This rapid temperature ele-
vation induces thermal softening, resulting in a concomi-
tant reduction in the flow stress. The temperature rise is
commonly evaluated using equation (1), which simpli-
fies to the one-dimensional form given in equation (2)
([Mason et al., 1994]; [Hodowany et al., 2000]; [Rogers,
1979)).

T = pgva:e'P (1)
AT = pg / o de, Q)

Here, equation (1) describes the rate of temperature
change during plastic deformation in a differential form.
In this equation, T represents the temperature rate, 7 is
the plastic work-heat conversion factor, p denotes the
material density, C, is the specific heat capacity at con-
stant volume, o is the stress tensor, and €P is the plastic
strain rate tensor. This formulation establishes a tran-
sient relationship between the plastic power and the tem-
perature rise rate from the perspective of energy conser-
vation, making it suitable for incremental constitutive in-
tegration. And equation (2) provides an explicit expres-
sion for the accumulated temperature rise over a finite
plastic deformation process. This form is particularly
applicable under uniaxial stress states or approximately
homogeneous deformation conditions, offering a practi-
cal basis for experimental calibration of the parameter 7
and theoretical estimation of adiabatic temperature rise.

2.2 Neural network models for constitutive equa-
tion

The goal is to construct a data-driven constitutive equa-
tion using neural networks, which can effectively cap-
ture the complex relationship between strain, stress, and
temperature, especially accounting for the metal thermal
softening effect. We propose two neural network archi-
tectures for this purpose: MLP and RNN. These models
are chosen for their ability to capture nonlinearities and
temporal dependencies in the data.

2.2.1 MLP The MLP ([Karlik and Olgac, 2011];
[Desai and Shah, 2021]) is a type of feedforward neural

257

network composed of multiple layers of neurons. The
structure consists of an input layer, one or more hidden
layers, and an output layer. The MLP is well-suited for
learning mappings from input features (such as strain,
strain rate and temperature) to output values (such as
stress). The network structure of MLP is shown in Fig-
ure 1.

The MLP consists of multiple layers, each composed
of multiple neurons (also called. The layers are fully
connected through weight matrices. In this study, we
use an MLP network with {(! = 2) hidden layers, each
containing n(n = 256) neurons. LeakyReLU activation
with a negative slope of « = 0.1 is applied after each
hidden layer. The output layer contains a single neu-
ron with linear activation, producing the predicted stress
value.

Input Layer: The input layer contains an input vec-
tor of m(m = 3) features [z1, x2, x3], correspond-
ing to plastic strain, temperature, and strain rate. In
this layer, each input node z; is connected to the
corresponding weight w;.

Hidden Layers: The hidden layers of the MLP
consist of 2 layers, each with 256 neurons. Each
neuron receives the output from the previous layer,
performs a weighted sum, and then applies the
LeakyReLU activation function to generate the out-
put.

For the [-th layer, the output of the j-th neuron is
computed as:

np—1
hl = f <Z wi—1ihi_y + b{) 3)

i=1

, where h{ is the output of the j-th neuron in the [-th
layer, w;_1; is the weight from the ¢-th neuron of
layer [ — 1 to the j-th neuron of layer [, b{ is the bias
term of the j-th neuron in the I-th layer, f(-) is the
activation function (such as ReL.U, Sigmoid, etc.).
Output Layer: The output layer computes the
weighted sum of the neurons in the last hidden layer
and applies the activation function to produce the fi-
nal output. Assuming the output layer has 1 nodes
(representing predicted stress values), the calcula-
tion is:

o=f<Zw% §+bz> )
1=1

, where o is the output (predicted stress value), wll is
the weight from the ¢-th neuron in the [-th layer to
the output neuron, hf is the output of the i-th neu-
ron in the [-th layer, b; is the bias term of the output
layer, f(-) is the activation function (such as Sig-
moid, Softmax, LeakyReLU, etc.).
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Figure 1. The network structure of MLP model, showing the input layer with 3 features (plastic strain, temperature, strain rate), 2 hidden layers

with 256 neurons each using LeakyReLU activation, and an output layer with a single neuron for stress prediction.

2.22 RNN The RNN ([Bengio et al., 1993];
[Sutskever and Hinton, 2010]) is a type of neural net-
work designed for sequence prediction tasks. Unlike tra-
ditional feedforward networks, RNNs have connections
that allow information to persist over time, making them
suitable for tasks where the input data has temporal de-
pendencies. The RNN consists of an input layer, one or
more recurrent hidden layers, and an output layer. At
each time step, the hidden state is updated based on the
current input and the previous hidden state using a tanh
activation function, and the final hidden state is mapped
to a scalar stress value through a linear output layer. The
structure of the RNN is shown in Figure 2.

The RNN consists of multiple layers, each containing
multiple neurons. In each hidden layer, each neuron is
recurrently connected to itself at the next time step, cre-
ating a loop. The layers are fully connected through
weight matrices, and the hidden state from the previous
time step influences the current time step. This struc-
ture allows the RNN to learn temporal dependencies be-
tween input sequences and output. In this study, we use
a stacked vanilla RNN with /(I = 2) hidden layers, each
containing n(n = 128) neurons. Tanh activation is ap-
plied after each hidden layer. The output layer contains
a single neuron with linear activation, producing the pre-

dicted stress value.

Input Layer: The input layer contains a vector of
m(m = 3) features [x1, zo, 23], corresponding to
plastic strain, temperature, and strain rate. In this
layer, each input node x; is connected to the corre-
sponding weight w;. The input layer provides the
input sequence at each time step.

Hidden Layers: The hidden layers of the RNN con-
sist of 2 layers, each with 128 neurons, using tanh as
the activation. Each neuron receives input not only
from the previous time step’s hidden state but also
from the current input. This enables the network to
maintain memory over time. The hidden state of the
RNN is updated at each time step.

For the [-th hidden layer at time step ¢, the output
hl is calculated based on the previous hidden state
h! | and the current input ;. The mathematical
expression for the calculation of the hidden state is:

ng—1 m
he=F D wirih T+ wijme + b
i=1 j=1
4)
, where h! is the output of the I-th hidden layer at
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Figure 2. The network structure of RNN model

using tanh activation, and an output layer for stress prediction at each time step, emphasizing its sequential memory mechanism.

the bias term for the j-th neuron in the /-th hidden
laye, f(-) is the activation function (such as ReLU,

tanh, sigmoid, etc.).

is the hidden state from the previ-

-1
t—1

time step ¢, h

is the input at time

ous time step and layer [ — 1, z;

; are the weights

(3

s

step ¢, including all features, w;_1

-1
1

t—

Each layer receives its input from both the previous
time step’s hidden states and the current time step’s

and the

between the previous layer’s neurons h

is

from
q

current layer’s neurons, w; ; are the weights
the input z; to the neurons in the current layer, b
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input, which allows RNNs to capture temporal de-
pendencies.

Output Layer: The output layer computes the
weighted sum of the neurons in the final hidden
layer and applies the activation function to produce
the final output. Assuming the output layer has
1 nodes (representing predicted stress values.The
mathematical expression for the output at time step
t1is:

o= f <Z wo,ih} + bo> (6)
=1

, where oy is the output at time step ¢ (representing
predicted stress value), w, ; are the weights from the
i-th neuron in the final hidden layer [ to the output,
R! is the output of the last hidden layer at time step ,
b, is the output layer’s bias term, f(-) is the activa-
tion function for the output layer (typically sigmoid
or softmax).

2.2.3 SHAP Although data-driven models such as
neural networks possess certain advantages in modelling
constitutive relationships, their lack of interpretability
continues to constrain further development. This work
therefore employs SHAP ([Lundberg and Lee, 2017];
[Nohara et al., 2022]; [Garcia and Aznarte, 2020];
[Dwivedi et al., 2023]) as an interpretative framework to
quantify the contribution of strain, temperature, and rate
to stress prediction outcomes, thereby mitigating trust
issues arising from interpretability challenges to a sig-
nificant degree. Grounded in cooperative game theory,
SHAP represents a model’s output for a given instance
as the sum of a baseline term - defined by the model’s
expectation over a background distribution - and addi-
tive contributions from each input feature. The sign of
a SHAP value indicates whether a feature increases or
decreases the prediction relative to the baseline; its mag-
nitude reflects the strength of that effect. The attribu-
tions satisfy additivity and completeness: the baseline
plus the sum of all feature SHAP values exactly equals
the model’s output for that instance, enabling auditable
local explanations.

To attribute predictions of nonlinear models, we treat
features as players in a coalition game and evaluate their
contributions via val,(S). The Shapley value of fea-
ture ¢ equals the average of its marginal contributions
over all permutations of the features, which is equiva-
lent to the weighted sum over all subsets in equation (7).
This aligns with the fair allocation principle in coopera-
tive games.

[SILAET = 1S = 1)
]!

¢i(val) = Z

SCF\{i}
x [val(SU{i}) —val(S)] (1)
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,where F' = {1,..., F'} is the full set of features, and S
is any subset of features excluding the ¢-th feature. The
contribution ¢; for the ¢-th feature is obtained by calcu-
lating its expected marginal contribution across all possi-
ble coalitions. The weight term w
sates for the difference in the number of combinations
across subsets of different sizes.

The coalition value val,(S) quantifies the prediction
attributable to the feature set S for instance = by integrat-
ing out all complementary features. As shown in equa-
tion (8), it is written as a conditional-expectation—type
functional that averages f (zs, Xg) over the distribu-
tion of Xz, and subtracts the unconditional baseline
E[f(X)], the baseline term is evaluated as the empir-
ical average of the model predictions over a randomly
sampled background subset of the training data, which
serves as a reference state for the SHAP attributions..

compen-

val, () = / f(ws, Xg)dP(Xg) — Ex(F(X)) (8)

3 Experimental results and analysis

The HSLA-65 Steel dataset used in this study cov-
ers compression conditions across multiple tempera-
tures and strain rates. Following common practices in
the experimental literature, the data are organized into
four representative temperatures (77 K, 296 K, 500 K,
and 700 K) and three strain-rate (0.001/s, 3000/s, and
8500/s), yielding 12 combinations of operating condi-
tions in total. The raw data consist of pointwise records
of plastic strain, strain rate, temperature, and the corre-
sponding true stress.

3.1 Stress-strain curve predictions

Figures 3 and 4 illustrate the stress-strain descriptive
performance of the MLP and RNN models on the train-
ing dataset, while Figures 5 and 6 present their pre-
dictive performance on the test dataset at a fixed tem-
perature of 500 K under three strain rates (0.001/s,
3000/s, and 8500/s). In these figures, the horizontal
axis denotes plastic strain, and the vertical axis repre-
sents stress (MPa). Solid triangular markers correspond
to experimental data, dashed lines indicate model perfor-
mance, and different colors distinguish the combinations
of strain rate and temperature conditions.

Figures 3 and 4 show the stress-strain curve fits of
the MLP and RNN models on the training dataset, re-
spectively. At the level of global mechanical trends,
both models behave consistently: increasing strain leads
to work hardening, higher temperature produces ther-
mal softening, and higher strain rate elevates the overall
strength. Their principal difference lies in the treatment
of local features. The MLP is more sensitive to small-
scale fluctuations and closely follows sharp knees in
the small-strain regime, which can introduce additional
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Figure 3. Stress—strain curves of HSLA-65 steel under various tem-

peratures (77 K, 296 K, 700 K) and strain rates (0.001/s, 3000/s,
8500/s), comparing experimental data with predictions from the MLP
model on the training dataset. The model reproduces the overall trends
of strain hardening and thermal softening present in the experimental
data. However, the predicted curves exhibit minor oscillations and ad-
here closely to individual data points, suggesting a tendency to learn

fine-grained noise and indicating a potential risk of overfitting.
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Figure 4. Stress—strain curves of HSLA-65 steel under multiple tem-
peratures and strain rates on the training dataset, showing a compari-
son between experimental data and predictions from the RNN model.
The RNN generates smoother and more continuous predictive curves,
which reflects its inherent strength in learning the underlying path-
dependent and temporally evolving material response. This smooth-
ness indicates a robust capture of the fundamental constitutive behav-

ior rather than overfitting to local variations.

local undulations under certain conditions. By con-
trast, the RNN produces smoother response sequences
and effectively suppresses high-frequency noise. Un-
der low-temperature and high-rate conditions (77 K,
3000-8500/s), the experimental curves typically exhibit
a transient peak at small strains, followed by a drop
and re-hardening. The MLP closely follows these local
peaks and troughs, whereas the RNN, while preserving
the overall strength level and the ordering of the curves,
mitigates excessively sharp peaks and suppresses noise-
induced fluctuations. At the intermediate temperature
(296 K), both models show monotonic hardening that
approaches saturation; the RNN displays a more con-
tinuous evolution of the hardening modulus, a more sta-
ble saturation segment, and a more uniform, clearly sep-
arated spacing among strain-rate curves. At the high

temperature (700 K), where the overall strength drops
and rate sensitivity weakens, the MLP predictions ex-
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hibit multiple inflection points in the small-strain range,
whereas the RNN maintains uniformly separated curves
and a smooth manifestation of thermal softening, reduc-
ing the influence of minor undulations on global inter-
pretation. In summary, on the training set the RNN
provides robust suppression of high-frequency fluctua-
tions and yields more consistent, smoother curve fami-
lies, which facilitates mechanical interpretation of hard-
ening/softening processes and of the coupled effects of
strain rate and temperature.

©
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Figure 5. Predictive performance of the MLP model on the test
dataset at a fixed temperature of 500 K under three strain rates (0.001/s,
3000/s, and 8500/s).

veals systematic deviations and oscillatory predictions, particularly at

The comparison with experimental data re-

8500/s. This behavior, combined with its high accuracy on the training
set, suggests potential overfitting, limiting its generalization to unseen

conditions.
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Figure 6. Predictive performance of the RNN model on the test
dataset under the same conditions (500 K, three strain rates). The RNN
generates smoother and more stable stress-strain curves that closely
align with the experimental data across all strain rates. This demon-
strates its superior ability to learn the underlying physical trends with-

out overfitting, leading to robust generalization.

Figures 5 and 6 show the corresponding responses of
the MLP and RNN models on the test dataset. For the
MLP (Figure 5), the curves in the small-strain regime
are sensitive to minor experimental fluctuations and of-
ten exhibit multiple turning points and zigzag patterns.
As strain increases, the slope (hardening rate) tends to
change in a piecewise manner, and the spacing among
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the three strain-rate curves locally narrows or widens.
These features indicate that the MLP tends to follow
fine-scale variations and, under the new temperature
condition, shows signs of overfitting to local details. By
contrast, the RNN (Figure 6) produces curve families
that harden monotonically and gradually level off; knees
are rounded and short-lived peaks/valleys at small strain
are markedly attenuated. Across the entire strain range,
the three curves largely preserve their ordering with rel-
atively uniform spacing, yielding a more consistent ex-
pression of rate effects. Such smooth behavior suggests
that the RNN captures the temporal dependence in the
strain—stress sequence more effectively, thereby exhibit-
ing greater robustness and extrapolation capability under
unseen conditions.

A synthesis of the training- and test-set results shows
that both models reproduce the principal trends-work
hardening with increasing strain, thermal softening with
increasing temperature, and rate-induced strengthening.
Nevertheless, the RNN offers greater engineering util-
ity in curve morphology and mechanism display: across
temperature-rate conditions it yields smooth, order-
preserving, and relatively uniformly spaced curve fam-
ilies, attenuating short-lived peaks and small fluctua-
tions in the small-strain regime and presenting a con-
tinuous hardening-to-plateau trajectory that clearly con-
veys the joint influence of strain rate and temperature.
This shape stability facilitates cross-condition extrap-
olation and seamless coupling with numerical solvers
(e.g., finite-element integration), supporting parameter
identification and mechanistic interpretation. By con-
trast, the MLP is more detail-sensitive, tending to fol-
low small-amplitude fluctuations at small strains and
to exhibit piecewise changes in slope and local varia-
tions in curve spacing, it thus serves as a complemen-
tary tool for inspecting brief peaks and minor inflec-
tions observed experimentally. Overall, the RNN is bet-
ter suited for constitutive modeling of HSLA-65 steel
and further underscores the effectiveness of data-driven
neural-network approaches for characterizing nonlinear
material responses.

3.2 Quantitative performance evaluation

To further evaluate and compare the predictive accu-
racy and robustness of the two models, several statis-
tical metrics (equation (9), (10), (11), (12) and (13))
were computed on the test dataset, including Mean
Relative Error (MRE), Mean Absolute Error (MAE),
Mean Squared Error (MSE), Root Mean Squared Error
(RMSE), and the coefficient of determination (R?). The
results are summarized in Table 1.

m

1 |pred; — true;|
MRE = =y [Predi — e
m ; [true;] ©)

m

1
MAE = . Z |pred; — true;| (10)
i=1
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MSE = — § - )2
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S (pred; — true;)?

R2=1-— ST (true, — fre)? (13)
Table 1. Model Performance Comparison

Metric MLP RNN

MRE 0.0251 0.0175

MAE 17.1139  13.0811

MSE 468.4130 335.5691

RMSE | 21.6429  18.3185

R? 0.9278 0.9311

Both models achieved high predictive accuracy, with
R? values exceeding 0.9, confirming strong agreement
between predicted and experimental stress values. How-
ever, when examining the metrics in detail, the MRE
emerges as the most representative measure of perfor-
mance. Unlike absolute error metrics, MRE normalizes
the prediction error with respect to the magnitude of the
measured stress, thereby providing a scale-independent
evaluation of accuracy.

The results show that the RNN achieved an MRE of
0.0175 (= 1.75%), significantly lower than the MLP’s
MRE of 0.0251 (= 2.51%). This reduction corresponds
to an improvement of approximately 30%, demonstrat-
ing that the RNN’s predictions deviate, on average, by
less than 2% from the experimental data. Such a low
relative error is particularly noteworthy in the context
of constitutive modeling, where prediction errors must
remain small across a wide range of temperatures and
strain rates.

Supporting metrics are consistent with the superiority
of the RNN: the model reduced MAE by 25% and RMSE
by 16%, while increasing R? from 0.9278 to 0.9311, fur-
ther indicating improved goodness-of-fit. Nevertheless,
the reduction in MRE is the most compelling evidence of
the RNN’s enhanced ability to generalize across diverse
thermo-mechanical conditions.

Taken together, these findings highlight the RNN’s
stronger capacity to capture the inherent nonlinear de-
pendencies in HSLA-65 steel’s strain-stress response.
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When combined with the qualitative curve comparisons,
it can be concluded that the RNN not only achieves better
alignment with experimental observations but also pro-
vides quantitatively more reliable predictions, with MRE
as the key indicator of accuracy. This underscores the
promise of RNN-based approaches for data-driven con-
stitutive modeling, especially in scenarios where precise
prediction across multiple regimes is critical.

3.3 Model explainability with SHAP

To evaluate whether the models have learned input-
output mappings consistent with the underlying consti-
tutive mechanisms of the material, we compute Shapley
values in the standardized input space.

Figures 7 and 8 present the relationships between in-
put feature values and their corresponding SHAP con-
tributions for the MLP and RNN models on the training
dataset. In each subplot, the horizontal axis denotes the
raw values of a specific input feature, while the vertical
axis indicates its marginal contribution to the predicted
stress (SHAP value). Scatter points are color-coded by
feature magnitude (ranging from purple for low values,
through blue, to yellow for high values). The bold curve
represents the median trend, and the shaded area indi-
cates the interquartile range (IQR). It should be empha-
sized that the positive or negative sign of the SHAP value
reflects the marginal influence relative to the background
output, rather than the absolute stress magnitude.

Figure 7 illustrates the SHAP feature contribution
trends of the MLP model on the training dataset. Subfig-
ure (a) shows a clear monotonic negative correlation be-
tween temperature and SHAP values: low-temperature
samples (purple, 77 K) generally yield positive contribu-
tions, which decrease toward zero at intermediate tem-
peratures (blue, 296 K) and become strongly negative
at high temperatures (yellow, 700 K). The median curve
decreases approximately linearly, with a narrow IQR, in-
dicating that the temperature effect is both strong and
stable. This behavior aligns with the thermal soften-
ing mechanism: increasing temperature reduces mate-
rial strength, resulting in a systematic downward adjust-
ment of the predicted stress. Subfigure (b) demonstrates
a monotonic positive correlation between strain rate and
SHAP values: at low strain rates (purple, 0.001/s), the
median SHAP values are negative, crossing zero near
the intermediate strain rate (blue, 3000/s), and becoming
strongly positive at the high strain rate (yellow, 8500/s).
The IQR also narrows as the rate increases. This re-
sult clearly reflects strain-rate sensitivity: higher strain
rates lead to upward adjustments of the predicted stress.
Subfigure (c) reveals a non-monotonic evolution with
plastic strain: at very small strains (purple, < 0.1),
SHAP values are predominantly negative; with increas-
ing strain, SHAP values cross zero and become moder-
ately positive at medium-to-high strains (green/yellow,
~ 0.3). The IQR is wider at small strains but converges

as strain increases, indicating variations in early yield
and hardening onset across temperature-strain-rate com-
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binations. Overall, the trend is consistent with the physi-
cal picture of progressive strain hardening that strength-
ens and saturates with increasing deformation. In sum-
mary, temperature exhibits the largest and most stable
influence (strongly negative, reflecting thermal soften-
ing), followed by strain rate with a clear positive ef-
fect (rate hardening), and plastic strain contributing a
moderate positive effect associated with strain harden-
ing. The directions, magnitudes, and dispersions of these
trends are in agreement with classical constitutive behav-
ior, demonstrating that the MLP not only achieves accu-
rate fitting but also implicitly learns the coupled physical
mechanisms of temperature, strain rate, and strain.

Figure 8 illustrates the SHAP feature contribution
trends of the RNN model on the training dataset. Sub-
figure (a) shows a monotonic decrease in SHAP val-
ues with increasing temperature: the low-temperature
regime (purple, 77 K) corresponds to strong positive
contributions, while the high-temperature regime (yel-
low, 700 K) exhibits strongly negative contributions.
This trend clearly reveals the thermal softening effect,
whereby low temperatures enhance stress levels whereas
high temperatures reduce material strength. Subfigure
(b) demonstrates a typical strain-rate sensitivity pattern
characterized by a transition from negative to positive
contributions. At low strain rates (purple, 0.001/s),
SHAP values are negative, indicating that slow defor-
mation lowers the predicted stress level. At high strain
rates (yellow, 8500/s), SHAP values become strongly
positive, reflecting the rate-hardening effect. Notably,
the RNN curve is steeper than that of the MLP, sug-
gesting that the RNN captures more pronounced non-
linearities in strain-rate sensitivity. Subfigure (c) ex-
hibits an approximately linear upward trend. As plastic
strain increases (colors shifting from purple to yellow),
SHAP values progressively transition to positive con-
tributions, reflecting the strain-hardening effect during
sustained plastic deformation. Compared with the MLP,
the RNN’s plastic-strain contribution curve is more con-
centrated and less noisy, indicating that the RNN places
greater emphasis on capturing the overall evolutionary
trend rather than local fluctuations.

Taken together, the SHAP interpretation of the RNN
not only confirms the three principal physical mecha-
nisms of deformation (thermal softening, strain-rate sen-
sitivity, and strain hardening),but also underscores the
advantage of RNNs in modeling temporal dependen-
cies. Compared with the MLP, the RNN reveals more
explicit monotonic relationships between input features
and stress responses, particularly in the cases of strain
rate and plastic strain, thereby demonstrating stronger
physical consistency.

Figure 9 quantifies the global importance of each fea-
ture based on the mean absolute SHAP values, thereby
measuring their relative contributions to stress predic-
tion. The vertical axis lists the three input features, while
the horizontal axis denotes their average contribution
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Figure 9. Global feature importance for the MLP (a) and RNN (b)
model based on mean absolute SHAP values, indicating that temper-
ature is the dominant feature with the largest contribution to stress
predictions, followed by strain rate and plastic strain, reflecting the

model’s reliance on thermal softening as the primary driver.

magnitudes. Conceptually, the mean (|]SHAP value|)
represents the average marginal effect of a given input
feature on the model output across all samples. Larger
values signify that the feature plays a more critical role
in the model’s decision-making process.

Figure 9(a) presents the global feature importance of
the MLP model based on SHAP analysis. The results
indicate that temperature overwhelmingly dominates the
feature contributions, with an average SHAP magnitude,
far exceeding those of strain rate and plastic strain. This
finding suggests that, within the static mapping mecha-
nism of the MLP, temperature is regarded as the primary
driver controlling stress levels, with the model’s predic-
tions relying almost exclusively on temperature to dis-
tinguish the baseline stress across different conditions.
This conclusion is consistent with fundamental princi-
ples of solid mechanics, where thermal softening directly
reduces the flow stress level. By contrast, the contribu-
tion of strain rate is approximately half that of tempera-
ture, while plastic strain contributes the least, indicating
that the MLP captures dynamic loading effects and strain
hardening behavior only to a limited extent.
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Figure 9(b) illustrates a markedly different feature uti-
lization pattern for the RNN model on the test dataset.
Although temperature remains the most important fea-
ture, its relative dominance is substantially reduced;
strain rate exhibits a contribution nearly comparable to
temperature. This suggests that the recurrent neural net-
work, by leveraging its sequential memory structure,
effectively captures the persistent modulation of mate-
rial response by strain rate. This highlights the RNN’s
unique advantage in handling dynamic loading condi-
tions: it not only learns the baseline effect associated
with temperature but also incorporates strain-rate ef-
fects as temporally dependent regulatory factors. More-
over, the importance of plastic strain in the RNN is
significantly enhanced, with SHAP values approaching
those of temperature and strain rate. This indicates that
the RNN is able to identify and utilize the cumulative
and nonlinear evolution of strain, thereby providing a
more accurate representation of the material’s strain-
hardening process.

Overall, the differences in feature utilization between
MLP and RNN reflect the correspondence between their
architectural characteristics and the underlying physical
mechanisms. The MLP, as a feedforward static network,
tends to extract predictive signals from a single dominant
feature (temperature), with limited sensitivity to history
dependence and dynamic effects. In contrast, the RNN,
by virtue of its recurrent structure, is capable of jointly
considering temperature, strain rate, and plastic strain
when characterizing the stress—strain evolution, yield-
ing a more balanced and physically consistent pattern of
feature contributions. These findings further emphasize
that, under high strain-rate and complex thermomechan-
ical conditions, deep learning frameworks based on se-
quence modeling (such as the RNN) exhibit clear advan-
tages in capturing constitutive behavior and providing
explanations that align more closely with the physical
mechanisms of material deformation.

The SHAP analysis corroborates three key physical
trends: (1) temperature exerts a dominant negative in-
fluence on stress, consistent with thermal softening; (2)
strain rate contributes positively to stress in a strongly
nonlinear fashion, reflecting rate-dependent strengthen-
ing; and (3) accumulated plastic strain makes a positive
contribution associated with strain hardening. Compared
with the MLP, the RNN distributes importance more
evenly across these three features, indicating a more bal-
anced and physically coherent use of the input variables.

4 Conclusion

This study investigates the deformation behavior of
HSLA-65 steel under complex thermo-mechanical load-
ing paths by developing data-driven constitutive models
using both MLP and RNN architectures. The internal de-
cision mechanisms and physical consistency of the mod-
els are systematically interpreted using the SHAP frame-
work.
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First, both neural network models effectively re-
produce the experimentally observed stress-strain re-
sponses, validating the applicability of data-driven ap-
proaches for constitutive modeling. Although the MLP
and RNN exhibit distinct fitting behaviors during train-
ing, they consistently identify temperature, strain rate,
and plastic strain as the dominant variables governing
the material response, aligning with established princi-
ples in solid mechanics.

Second, comparative analysis reveals that the MLP
closely follows the experimental data points within the
training regime but exhibits localized oscillations, such
as jagged fluctuations and segmented slope variations-
particularly in small-strain regions-indicating sensitivity
to data noise and a tendency toward overfitting, which
constrains its extrapolation stability. In contrast, the
RNN, leveraging its sequential modeling capability, gen-
erates smoother, more continuous stress—strain curves
with stable spacing and monotonic transitions, reflect-
ing a superior ability to capture path-dependent deforma-
tion. Consequently, the RNN demonstrates more robust
predictive performance under unseen conditions, espe-
cially under high strain rates and extreme temperatures,
making it more suitable for engineering-level numerical
simulations. SHAP analysis further reveals that the MLP
relies predominantly on temperature, whereas the RNN
integrates the effects of strain rate history and accumu-
lated plastic strain in a more balanced manner, enabling
a more effective representation of nonlinear multi-field
couplings that aligns with the smooth and monotonic
characteristics of the macroscopic curves.

Finally, this study underscores the importance of in-
terpretable machine learning in constitutive modeling.
The low-noise, high-stability output characteristics of
the RNN better meet the requirements of engineering
computations for trajectory smoothness and predictive
reliability, offering a more practical data-driven frame-
work for constitutive modeling. This work provides
a valuable reference for the development of physically
consistent, morphologically stable, and explainable ma-
terial constitutive models.
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