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H I G H L I G H T S

Machine learning was used to model and describe the glass transition kinetics.
A novel MCNN architecture accurately estimates relaxation parameters of TNM model.
Training and testing was done for 13.7 million theoretically simulated samples.
The accuracy and precision of MCNN matches or surpasses the traditional methods.
The proposed MCNN exhibits a superior computational efficiency.
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A B S T R A C T

The accurate determination of parameters in the Tool-Narayanaswamy-Moynihan (TNM) model, which
describes the viscoelastic behavior of glass-forming materials, is crucial for predicting material responses
through various thermal histories. Traditional methods rely heavily on curve-fitting techniques; however, these
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often fail due to noise in the data. Furthermore, traditional methods are computationally intensive and prone
to inaccuracies, particularly when dealing with complex datasets or when the initial parameter guesses are far
from optimal; also, they require a skilled personnel.

In this study, we propose the application of a multi-scale convolutional neural network (MCNN) as a
machine learning approach to address these challenges. The MCNN model is trained on a comprehensive
simulated dataset encompassing a wide range of TNM parameters, allowing it to learn intricate patterns and
dependencies within the data that are difficult to capture with conventional methods. Our results show that
the MCNN significantly improves the accuracy of the parameter estimations for 𝛽 and 𝑥 across the entire
spectrum of tested conditions, achieving performance that is not only comparable to, but often surpasses,
traditional curve-fitting methods. Furthermore, the MCNN demonstrates superior robustness when initial
parameter estimates are suboptimal or when the dataset exhibits significant noise. Although the prediction
accuracy for the activation energy 𝛥ℎ∗ and the pre-exponential factor log(𝐴) was somewhat lower, the method
still provides valuable estimates that can be refined with supplementary techniques.

This work highlights the potential of machine learning approaches like MCNN to revolutionize the
parameter extraction process in complex physical models, reducing the reliance on manual curve-fitting and
providing a more automated, scalable solution. We also analyze the primary sources of prediction errors in the
MCNN outputs and offer insights into future improvements, including model architecture refinements and the
integration of additional physical constraints. Our findings suggest that this approach can be extended to other
domains where similar models are employed, paving the way for broader applications of machine learning in
materials science.
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1. Introduction

Glass transition is a physico-chemical phenomenon occurring in
all amorphous materials [1–3]. It is a transition between the states
of under-cooled liquid and glass, where the structure of the mate-
rial becomes gradually denser during cooling to the point when its
compactness prevents further densification.

The crucial importance of this phenomenon is given by the fact
that this transition (usually characterized by the so-called glass tran-
ition temperature, 𝑇g) is associated with large changes in mechanical,
lectrical, optical, and many other properties [4–6]. Above 𝑇g, the
aterial is soft and pliant, whereas below 𝑇g, the molecular structure

ecomes frozen-in and the material behaves as a hard but fragile solid.
he glass transition behavior is, on a molecular level, dictated by the
rocess of structural relaxation, which summarizes the manifestations
f the movements of the relevant structural entities during their pro-
ressive re-ordering in the given temperature range. The kinetics of
hese movements then determine not only the position of the phe-

nomenon on the temperature scale but also its width (rate of the change
between the two borderline structural states), sensitivity to the applied
cooling/heating rate, and overall complexity of the structural changes
associated with the transition. Apart from this information being crucial
for the practical utilization of all amorphous materials (be it state-
of-the-art hi-tech optoelectronic applications [7–13] or the classical
ngineering within, e.g., the glass and polymer industries [14–19]), the

kinetics of glass transition is also considered one of the most important
yet not fully understood phenomena of solid-state physics and chem-
istry [20–22]. In particular, the exact nature of the relaxation motions
and the intensity of their macroscopic manifestations need to be cor-
related with the chemical composition (inorganic glasses), molecular
structures (low-molecular organic glasses), and even super-molecular
structures (polymers). A deeper understanding of these relationships
would enhance the overall perception of the mutual links between
solid-state chemistry and physics.

The Tool-Narayanaswamy-Moynihan (TNM) model is a cornerstone
in the field of glass science, particularly due to its robust ability to
describe the non-equilibrium kinetics of structural relaxation during
glass transition. This model is integral to understanding the temporal
evolution of glassy systems as they approach equilibrium from a non-
equilibrium state, which is a fundamental aspect of material science.
The importance of the TNM model arises from its comprehensive
treatment of the relaxation process, which accounts for the complex in-
terplay between time, temperature, and structural state in glass-forming
materials.
2 
One of the key strengths of the TNM model is its incorporation of
both the time-dependent and non-linear nature of structural relaxation.
The model captures the decelerating kinetics of the relaxation process
as the material cools through the glass transition, where the relax-
ation time increases exponentially with decreasing temperature. These
features of the structural relaxation process (denoted as non-linearity
and non-exponentiality) are of utmost importance, as they dictate the
rapidity and magnitude of the structural changes occurring during
the transition between the glassy and undercooled liquid states. The
ability to follow, utilize and predict the glass transition temperature
window and the timescales associated with the relaxation motions is
essential for the short-term processing of glassy materials (molding,
fiber-drawing, stress-reducing annealing, avoiding the nucleation pro-
cesses or the diffusion-less sub-𝑇g crystal growth in pharmaceutical
substances, etc.), as well as for the accounting for the long-term changes
of numerous physico-chemical properties reflecting the slow relaxation
processes well below 𝑇g. As such, the accurate and full description
of all structural relaxation features (achieved via the TNM model) is
crucial not only for the prediction of the glassy material behavior under
varying thermal conditions, but also for the compositional/composite
fine-tuning of the materials’ properties with regard to the intended
application.

Moreover, the TNM model’s ability to describe the glass transi-
ion in terms of a single set of parameters, that are consistent across
ifferent experimental conditions, provides a unifying framework for
nderstanding glass relaxation. This consistency is essential for the
evelopment of predictive models that can be applied across different
aterials and conditions, facilitating advancements in material design

nd processing [23–25].
The canonical form of the TNM model is defined as follows:

𝑇f (𝑡) − 𝑇f (∞)
𝑇f (0) − 𝑇f (∞)

= exp
[

(

∫

𝑡

0

d𝑡
𝜏

)𝛽]

, (1)

𝜏(𝑇 , 𝑇f ) = 𝐴 exp
[

𝑥𝛥ℎ
∗

𝑅𝑇
+ (1 − 𝑥) 𝛥ℎ

∗

𝑅g𝑇f

]

, (2)

where 𝑇f is the so-called fictive temperature [23] (defined as a temper-
ature of the undercooled liquid with the same structure as that of the
elaxing glass at the given moment), the indices 0 and ∞ correspond

to the initial and final equilibrium states respectively, 𝑡 is time, 𝑇 is
temperature, 𝜏 is relaxation time, 𝑅g is the universal gas constant, 𝛥ℎ∗
is the apparent activation energy of structural relaxation, 𝐴 is the pre-
exponential constant, 𝑥 ∈ (0 < 𝑥 < 1) is the non-linearity parameter,
nd 𝛽 ∈ (0 < 𝛽 < 1) is the non-exponentiality parameter. In practice,
f from Eq. (1) is replaced by the experimentally recorded physical

quantity. Whereas the structural relaxation process can be observed
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through a large number of physical quantities, the calorimetric mea-
surements are probably the most convenient instrumentation, given
their accuracy, precision, accessibility of the experimental equipment,
nd zero requirements regarding the sample pre-processing. In partic-
lar, differential scanning calorimetry (DSC) [26], which records heat

flow 𝜙 proportional to the material’s heat capacity 𝐶p, is considered a
standard technique for studying the glass transition kinetics. Since the
heat capacity is obtained as a second derivative of the Gibbs free energy
with respect to temperature, it relates to 𝑇f (which corresponds to the
first derivative) via the following equation:

𝐶N
p =

𝐶p − 𝐶pg(𝑇 )
𝐶pl(𝑇 ) − 𝐶pg(𝑇 )

=
d𝑇f
d𝑇

, (3)

where 𝐶N
p is the normalized relaxation signal; 𝐶pg(𝑇 ) and 𝐶pl(𝑇 ) denote

the inter/extrapolated temperature dependences of the heat capacity
in the glassy and liquid states, respectively. Note that despite certain
shortcomings [27] with regard to the description of deeply relaxed
tates, the TNM model is, to this date, the most popular and often
sed set of equations for the direct description of the calorimetric and
olumetric structural relaxation data in the glass transition range.

The determination of the glass transition kinetics in terms of the
TNM model subsists in the enumeration of Eqs. (1) and (2), i.e., in the
evaluation of the four TNM parameters: 𝐴, 𝛥ℎ∗, 𝑥, and 𝛽. The method-
ological approaches for the determination of the TNM parameters
from the derivative/calorimetric experimental data were summarized
in [28]. These methodologies generally fall into three categories: non-
linear curve-fitting, linearization methods, and simulation-comparative
techniques. However, all three of these approaches have certain flaws.
The curve-fitting is extremely sensitive to even slight distortions of the
measured signal [28]. The linearization methods were derived only for
wo out of the four TNM parameters: ℎR and 𝑥 (where the determina-
ion of 𝑥 requires the execution of specific, extremely long experimental
easurements). The evaluations based on the simulation comparative
ethods are time-demanding, requiring an iterative approach via brute

omputing force. Given these limitations, the exploration of alternative
pproaches, such as artificial neural networks (ANNs), for the evalu-

ation of the TNM parameters holds great promise. Since ANNs excel
in recognizing hidden and complex patterns, large advancement can
be expected with regard to the reliability and accuracy of the TNM
parameter determination – especially in the (relatively common) cases,
where the traditional methods fail, i.e., for the distorted, noisy or weak
relaxation signals. The potentially highly increased accuracy and reso-
lution of the TNM parameter determination would then allow for, so
far infeasible, disclosure of fine compositional trends in the structural
relaxation behavior of glassy materials [28,29]. Consequently, physico-
hemical interpretation of these trends and their association with the
ccurrence of certain types of structural units would greatly improve
he fine-tuning options in the development of new glassy materials.

Nowadays, deep learning and artificial neural networks have be-
come an integral part of research as well as common life. In their
most sophisticated forms, ANNs are capable of pushing the boundaries
of what was previously thought possible, leading to groundbreaking
applications that span various domains. One of the most prominent
applications of deep learning is in image recognition and process-
ing. Advanced convolutional neural networks (CNNs) are capable of
outperforming humans in tasks like object recognition [30], facial
recognition [31], and even medical image analysis [32]. ANNs also
excel in natural language processing [33], autonomous vehicles [34],
financial predictions [35], climate modeling [36], robotics [37], and
creative content generation [38].

In recent years, Multi-scale Convolutional Neural Networks (MC-
NNs) have rapidly gained traction as a state-of-the-art approach in
he domain of signal analysis, offering unparalleled capabilities for
xtracting meaningful features from complex data. The multi-scale
ature of MCNNs is particularly advantageous for handling the diverse
nd intricate characteristics of signals associated with structural re-
axation. By processing the input data at multiple scales, MCNNs can
3 
efficiently capture both fine-grained details and broader patterns that
are critical for accurate parameter extraction [39,40]. This ability to
operate across various spatial and temporal resolutions ensures that
MCNNs can adapt to the inherently multi-scale nature of the relax-
ation phenomena, thereby enabling a more precise and comprehensive
extraction of relevant parameters.

Furthermore, the resilience of MCNNs to noise and parasitic signals,
as highlighted in recent studies [41], makes them especially effective
in real-world applications where data can often be imperfect or con-
taminated. This robustness is crucial when dealing with experimental
data that may be subject to various sources of noise, ensuring that the
xtracted parameters remain reliable and accurate.

Given the increasing complexity of modern signal processing tasks
nd the need for advanced analytical techniques, the application of
CNNs represents a cutting-edge approach that aligns perfectly with

he demands of contemporary material science research. Their abilities
rovide a powerful tool for extracting the intricate parameters of the
NM model, making them an ideal choice for this task. As such, the use
f MCNNs in this context not only leverages the latest advancements
n deep learning but also offers a robust and sophisticated method for

advancing the understanding of the glass transition process.
While ANNs have been increasingly utilized in various fields of

thermal analysis [42], their application has largely been restricted to
predicting thermoanalytical data, processing such data, and performing
hermokinetic analysis [43–46]. Nonetheless, with regard to the glass

transition, ANNs were strictly used to predict the position of 𝑇g for
various glassy and polymeric systems based on their chemical struc-
ture [47–51]. To the authors’ best knowledge, no reports on ANN being
used to extract the kinetic information directly from the structural
relaxation data-curves exist in the literature.

The aim of the presented paper is to explore the ability of ANNs,
specifically the multi-scale convolutional neural network, to estimate
the TNM structural relaxation parameters (𝐴, 𝛥ℎ∗, 𝑥, and 𝛽) based
n the standard (normalized) derivative relaxation/calorimetric signals

(see Eq. (3) and Fig. 1(b)), or relaxation signals for short. The input
training data will be theoretically simulated with high accuracy and
with an ambitious goal, to cover the absolute majority of types of
structural relaxation behavior occurring for real-life materials. The
performance of MCNN will be evaluated using several metrics – most
importantly, the sums of squared estimates of errors SSE calculated
for the d𝑇f

d𝑇 signals and for the weighted output TNM parameters. An
optimized solution for the MCNN architecture capable of a reliable
and accurate extraction of the TNM relaxation parameters from the
calorimetric data will be introduced. The paper will represent a pilot
work, mapping the base capability and potential bottleneck issues of
the MCNN-based approach.

The decision to utilize a multi-scale convolutional neural network
in this study is motivated by several key factors. Firstly, the MCNN
architecture is particularly well-suited for analyzing signals that ex-
hibit features across multiple scales, such as the derivative relaxation
signals used for TNM parameter extraction. This multi-scale capability
allows the network to effectively capture both local and global patterns
within the data, which is crucial for accurately estimating param-
eters that govern the complex relaxation dynamics of glass-forming
materials. Traditional machine learning approaches, such as shallow
neural networks or simpler regression models, often struggle with such
multi-scale data due to their limited ability to capture hierarchical
features.

In comparison to conventional nonlinear optimization techniques,
such as curve-fitting or simulation-comparative methods, MCNN offers
several advantages. While traditional methods require significant man-
ual intervention, including expert-defined initial parameter guesses and
iterative refinement, the MCNN model autonomously learns intricate
patterns from the data, reducing the reliance on manual preprocessing
and expert knowledge. Furthermore, conventional methods are compu-

tationally intensive and prone to inaccuracies when the data is noisy
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or when initial parameter estimates deviate significantly from their
true values. In contrast, MCNN is expected to demonstrate superior
robustness to such challenges, as highlighted in recent studies where
neural networks have successfully outperformed classical optimization
techniques in parameter estimation tasks [52].

Thus, MCNN has the potential to represent a powerful, automated,
and scalable alternative to conventional nonlinear optimization meth-
ods for TNM parameter extraction, providing both accuracy and effi-
ciency.

2. Materials and methods

In this section, the systematic approach to designing the multi-scale
neural model for the TNM model parameter estimation is outlined. The
presented methodology can be summarized through a series of distinct
steps, each crucial in constructing a robust and effective neural model
tailored to the parameter extraction from a multi-channel signal. Be-
ginning with data preprocessing and dataset creation, the architecture
design is then delved into, with a highlight on the integration of multi-
scale features as a key innovation. Subsequently, the training strategy
and evaluation criteria are discussed, all of which contribute to the
model’s overall performance. Through a step-by-step exposition of these
pivotal stages, a comprehensive insight into the methods employed in
the presented work is offered in the following paragraphs.

2.1. Dataset creation

In the field of deep learning, the creation of a high-quality dataset
is a critical and foundational step in the development of robust neural
models. A dataset should provide the information necessary to learn
patterns and relationships in the input space.

In the context of this study, the dataset is expected to consist of the
set of inputs formed by the relaxation signals, and the set of outputs
composed of corresponding quartets of TNM model parameters: 𝐴, 𝛥ℎ∗,
𝑥, and 𝛽.

In order to acquire sufficient data, the dataset is artificially com-
puted using the algorithm for the Tool-Narayanaswamy-Moynihan
curve-fitting procedure [53]. According to that algorithm, the expres-
sion for the non-isothermal steps is represented by

𝑇𝑓 ,𝑛 = 𝑇0 +
𝑛
∑

𝑗=1
𝛥𝑇𝑗

⎧

⎪

⎨

⎪

⎩

1 − exp
⎡

⎢

⎢

⎣

−

( 𝑛
∑

𝑘=𝑗

𝛥𝑇𝑘
𝑞𝑘𝜏𝑘

)𝛽
⎤

⎥

⎥

⎦

⎫

⎪

⎬

⎪

⎭

, (4)

where 𝑇0 is the initial equilibrium temperature. The fictive temperature
𝑇𝑓 in this equation is determined based on the Boltzmann superposition
integral over time, which can also be replaced by a corresponding inte-
gral over temperature. In practice, the continuous cooling or heating
is replaced by a sequence of 𝑛 temperature jumps 𝛥𝑇 , followed by
isothermal holds with duration determined by the cooling and heating
rates 𝛥𝑡 = 𝛥𝑇

𝑞 , as suggested in [53]. The magnitude of 𝛥𝑇 must be
sufficiently small to ensure linearity. The self-retarding kinetics can
be introduced by dividing the aging time into 𝑘 sub-intervals and
calculating 𝑇𝑓 and 𝜏 at the end of each. The fictive temperature is then
used to calculate the normalized relaxation signal 𝐶N

p , as follows.

𝐶N
p =

d𝑇𝑓
d𝑇 . (5)

The use of Eqs. (4) and (5) allows the implicit computation of the
relaxation signals for a selected course of repeated heating and cooling
of the sample. Nevertheless, this process is computationally intensive –
calculating for one quartet of TNM model parameters requires around
10 min of computation on a high-end computer. This duration is
primarily dictated by the 𝑂(𝑁2) computational complexity inherent in
the process, as can be observed upon closer examination of Eq. (4).

In order to perform said calculation to obtain relaxation signals of
interest, a carefully designed temperature input program must be used.
4 
Fig. 1. Example of input temperature program – constant heating rate cycles (a).
Example of output relaxation signals used in the dataset depending on both the input
temperature program (b) & TNM model’s 𝐴, 𝛥ℎ∗, 𝑥, and 𝛽 values.

Table 1
Heating and cooling rates for individual CHR cycles.

# Cooling from 𝑇1 to 𝑇0 Heating from 𝑇0 to 𝑇1
(1) 0.5 ◦C min−1 10 ◦C min−1

(2) 1 ◦C min−1 10 ◦C min−1

(3) 2 ◦C min−1 10 ◦C min−1

(4) 5 ◦C min−1 10 ◦C min−1

(5) 10 ◦C min−1 10 ◦C min−1

(6) 20 ◦C min−1 10 ◦C min−1

Typically, a standard temperature program is used for glass relaxation
evaluation. This temperature program is represented by the so called
constant heating rate (CHR) cycles, during which the sample is repeat-
edly cooled and heated through the glass transition region (Fig. 1(a)).
In the CHR cycles temperature program, the cooling rates differ for each
cycle, while the rate of heating stays always constant. Only a response
of a system to the heating step is of practical interest and will be
further visualized. However, the cooling steps are still an integral part
of the simulations, because the relaxation behavior is influenced by the
entire thermal history of the relaxing material – see integral in Eq. (1).
For the purpose of this study, a set of six CHR cycles is taken – in
accordance with the common practice [28] – as a typical representation
of the material’s relaxation response. Note that the material’s response
to the set of CHR cycles unambiguously determines (and is therefore
unique for) a given combination of the TNM parameters (𝐴, 𝛥ℎ∗, 𝑥,
and 𝛽). Table 1 summarizes the cooling and heating rates used for the
individual CHR cycles: 𝑇1 and 𝑇0 mark the upper and lower temperature
boundaries of each set of CHR cycles, i.e., the initial temperatures of the
cooling and heating steps, respectively. The 𝑇1 and 𝑇0 values are chosen
so that the resulting output 𝐶N

p signals always reach the full glass
(𝐶N

p = 0) and undercooled liquid (𝐶N
p = 1) states. A schematic example

of the temperature profile and the 𝐶N
p response obtained during the

heating steps of the CHR cycles set is depicted in Fig. 1(b).
Aside from the temperature program, the shape of relaxation signals

is influenced by the four TNM parameters: 𝐴, 𝛥ℎ∗, 𝑥, and 𝛽 in Eqs. (1)
and (2). The creation of the dataset involves strategically designing
the state-space of input parameters to comprehensively encompass the
calculated glass transition behavior in the output. This meticulous
approach ensures thorough coverage of the desired glass transition
phenomena. Firstly, ranges of parameters are chosen in a continuous
domain. These ranges are chosen on the basis of naturally occurring
values in real amorphous materials and are listed in Table 2 below.

Since the width of the output signal is influenced mainly by pa-
rameters 𝐴 and 𝛥ℎ∗, the state-space of these parameters is designed
so that the output signal does not exceed the temperature range of
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Table 2
TNM model parameters, their ranges & units.

Property Range Unit

log (𝐴∕𝑠) −18,−630 –
𝛥ℎ∗ 2 × 105 , 12 × 105 J mol−1

𝑥 0.2, 1 –
𝛽 0.2, 1 –

(−250, 1600) ◦C. In order to obtain a finite dataset, listed parameters
are discretized. Firstly, 𝛥ℎ∗ is discretized with a step size of 1e4 J mol−1,
effectively resulting in 101 discrete values. Secondly, each discrete 𝛥ℎ∗

then specifies its range for 𝐴 values, and in this range, 81 evenly spaced
values are obtained; these 𝐴 ranges are specified so that the output
signal lies in the (−250, 1600) ◦C temperature range. For brevity, these
𝐴 ranges are not listed, but corresponding state space is visualized
via scatter in the 𝐴-𝛥ℎ∗ plane shown in Fig. 3. As a result, 101 ×
81 = 8181 𝐴, 𝛥ℎ∗ combinations are obtained. Fig. 2 comprises all
combinations of 𝐴 and 𝛥ℎ∗. On its own, a database with such coarsely
discretized state space is unsuitable for any search-based optimization
functions for determining/estimating the TNM parameters. However,
taking into account the interpolation ability of ANNs, the state-space
will be reasonably detailed to provide sufficient training data. Each
𝐴, 𝛥ℎ∗ combination (cell in the table) then has its own combinations
of 𝑥, 𝛽 parameters. 𝑥 and 𝛽 range is discretized with a step of 0.02,
as this step corresponds to a sufficient precision of the 𝑥 and 𝛽 exact
determination (considering the potential ability to further interpolate
to the 0.01 precision in each parameter). This results in 41 𝑥 and 41
𝛽 values; therefore, 1681 combinations are obtained for each 𝐴, 𝛥ℎ∗
combination. As a result, the total number of samples is 101 × 81 × 41 ×
41 = 13752261.

For the purpose of the present study, the state space of parameters is
then further divided into six subsets. Primarily, this division is carried
out to attain reasonable processing and training times for the developed
MCNN models. Secondly, qualitative conclusions can be drawn later
through a comparison of individual models. The division is carried
out only in terms of 𝐴 and 𝛥ℎ∗. The underlying matrix of 1681 𝑥
and 𝛽 combinations corresponding to each 𝐴+𝛥ℎ∗ combination is left
unchanged. In particular, the overall 𝐴-𝛥ℎ∗ state space is divided into:
upper-left (LU), upper-right (RU), bottom-left (LB) and bottom-right
(RB) corner, center (C) and grid (G) subsets – see Fig. 2. Each of
the zoomed-in subsets (LU, RU, LB, RB & C; see Fig. 2) contains
11 × 11 = 121 𝐴+𝛥ℎ∗ combinations. The grid subset (G; green points
in Fig. 2) contains 8 × 10 = 80 𝐴+𝛥ℎ∗ combinations evenly spread
across the main state space. The exact 𝐴+𝛥ℎ∗ combinations are, for
all subsets, tabulated in the supplementary online material. Each of
these subsets will be used for the training of an individual MCNN
model. The corners of the overall state space are chosen as subsets
so that the performance of the MCNN models can be evaluated in the
borderline/extreme (temperature-wise) cases of the potentially encoun-
tered glass transition behavior, with the corresponding temperature
ranges being characteristic for the polymers (low-𝑇 data) and oxide
glasses (high-𝑇 data). The center subset represents a temperature range
typical for the chalcogenide or fluoride glasses. Whereas these zoomed-
in subsets (LU, RU, LB, RB & C; see Fig. 2) contain structural relaxation
data from rather narrow temperature regions, the opposite is true for
the grid (G) subset, which tests the MCNN models’ ability to fully
comprise the whole 𝑇g-relevant temperature scale. Note that the G
subset still works with only a small subset of the 𝐴+𝛥ℎ∗ combinations.
The visualization of the temperature ranges relevant to each of the
subsets is included in the supplementary online material. By assessing
the performance of MCNN models acquired on these subsets, we can
reasonably assume acceptable accuracy of estimates across the entire
matrix of simulated 𝐴, 𝛥ℎ∗, 𝑥, and 𝛽 combinations.
5 
Fig. 2. Overall state space of 𝐴, 𝛥ℎ∗ combinations and colored sub-spaces used for
training individual models: upper-left (LU), upper-right (RU), bottom-left (LB), and
bottom-right (RB) corner, center (C) and grid (G). For a scale reference: each green
rectangular dot represents one 𝐴, 𝛥ℎ∗ combination.

Fig. 3. State space of 𝐴 and 𝛥ℎ∗ parameters.

2.2. Multi-scale neural model

One of the prominent advantages intrinsic to multi-scale neural
networks resides in their capacity to efficiently accommodate signals
exhibiting varying frequency characteristics. Through the integration
of multiple layers of processing, each tailored to disparate scales,
multi-scale networks demonstrate the adeptness to comprehensively
apprehend both the low-frequency and high-frequency constituents of
a signal. This inherent capability renders them eminently suitable for a
diverse array of applications spanning audio and speech processing, as
well as image and video analysis [54].

Recent investigations have introduced pioneering multi-scale ar-
chitectural paradigms, featuring the integration of attention mech-
anisms [55], recurrent connections [56], and unsupervised learning
[57]. These innovative approaches have exhibited promising outcomes
in various tasks, including speech enhancement, image restoration, and
anomaly detection.

In this study, an innovative multi-scale neural model architecture
for extracting TNM model parameters (𝐴, 𝛥ℎ∗, 𝑥, and 𝛽) from relaxation
signals is proposed. The architecture is composed of three sequen-
tial modules: a preprocessing module, an extraction module, and a
fully-connected module.

The preprocessing module is responsible for preparing the input
data by analyzing the six distinct relaxation signals. It applies a multi-
scale approach to examine the data across different frequency com-
ponents, ensuring that relevant features are preserved while reducing
computational complexity. This module also identifies significant seg-
ments of the input signals–those sections that are most relevant for
the task of parameter estimation–allowing the network to focus its
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Fig. 4. Overall architecture of the presented implementation of a multi-scale convolutional neural model. In the model, a series of six relaxation signals of constant length serves
as the input. Based on this input, the model provides TNM model parameter estimates 𝐴, 𝛥ℎ∗, 𝑥, and 𝛽.
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attention on key parts of the data. By isolating these segments, the
preprocessing module ensures efficient data handling and improves the
accuracy of feature extraction in subsequent stages.

The extraction module performs multi-scale feature extraction by
pplying a series of convolutional operations to the pre-processed
ignals. This module is designed to capture meaningful patterns within
he data at multiple temporal resolutions, from fine details to broader

trends. By using parallel branches with varying receptive fields, the
extraction module is able to process the input at different scales,
enabling the model to learn both local and global structures inherent
to the relaxation dynamics. The hierarchical structure of this module
allows the network to progressively refine the features extracted from
he input signals, which are essential for the subsequent prediction of

model parameters.
The fully-connected module serves as the final stage of the ar-

hitecture, where the features extracted by the convolutional layers
re transformed into the desired output. This module combines the

information from multiple feature maps and applies a series of dense
ayers to learn complex interactions between the extracted features. It
ltimately produces the quartet of output values corresponding to the

𝐴, 𝛥ℎ∗, 𝑥, and 𝛽 parameters. The fully-connected module integrates the
multi-scale features in a way that facilitates accurate and robust predic-
tions, ensuring that the final output reflects the intricate dependencies
observed in the input data.

The overall architecture of the proposed neural model is depicted
n Fig. 4.

2.2.1. Preprocessing module
The objective of this module encompasses two primary functions:

the downsampling module and the attention module. The downsam-
ling module involves downsampling the input signal (relaxation sig-
al) to a different sampling period, thereby ensuring a multi-scale
pproach to the entire input data processing. If the input signal 𝐶N

p (𝑇 ) is
iven by 𝑛 discrete values for equidistant temperature points
0, 𝑇1,… , 𝑇𝑛, the downsampled signal 𝐶N

p
′(𝑇 ′) is determined by the

ollowing formula.
N′ ′ N
𝐶p (𝑇 ) = 𝐶p (𝑘down𝑇 ), (6)

6 
where 𝑘down > 1 is the integer value of the downsampling coefficient
and 𝑇 ′ = 0, 1,… , 𝑛

𝑘down
. Another module – the attention module – is

asked with identification of a significant segment within the relaxation
signal and forwarding this segment for further processing. A significant
segment is referred to as an interval during which the signal exhibits
marked non-constancy. It is worth noting that the length of these
significant segments varies considerably, and for some samples, may
correspond to only a few discrete points. Hence, the significant segment
needs to be interpolated in order to provide an adequate amount of data
representing the shape of the curve’s peak.

For the purposes of the data preprocessing, the significant seg-
ment of the signal 𝐶N

p is defined as the sequence 𝐶N
p (𝑇sig), 𝑇sig =

𝑖, 𝑇𝑖+1,… , 𝑇𝑗 . 𝑇𝑖 is the temperature, for which 0 < 𝐶N
p (𝑇𝑖) < 𝜖, and

d𝐶N
p (𝑇 )
d𝑇 |𝑇=𝑇𝑖 > 0. 𝑇𝑖 is the temperature, for which 1 − 𝜖 < 𝐶N

p (𝑇𝑖) < 1

nd
d𝐶N

p (𝑇 )
d𝑇 |𝑇=𝑇𝑗 < 0, where 𝜖 > 0 is small real value. In order to

normalize the length of the significant segment, the sequence 𝐶N
p (𝑇sig)

s interpolated by an 𝑚-degree polynomial 𝑃 (𝑇 ) = ∑𝑚
𝑘=0 𝛼𝑘𝑇

𝑘 such that
he following holds.
𝑇𝑗
∑

𝑇=𝑇𝑖

[

𝐶N
p (𝑇 ) − 𝑃 (𝑇 )

]2
→ min. (7)

The polynomial 𝑃 (𝑇 ) is employed to determine interpolated 𝑛int er p
alues 𝐶N

p (𝑇int er p) for 𝑇int er p equidistantly spread on interval
[

𝑇𝑖; 𝑇𝑗
]

.
 visualization of all steps executed within the attention module is
resented in Fig. 5.

The selection of parameter values was determined through a bal-
anced blend of prior domain expertise and preliminary experiments
as follows: The downsampling coefficient 𝑘down = 3; the degree of
interpolating polynomial 𝑃 (𝑇 ) = 3; the number of interpolated values
𝑛int er p = 1000.

2.2.2. Extraction module
In the extraction module, it is advisable to employ a sequence of

convolutional and max-pooling layers for feature extraction from the
input signal, as the combination of these layers is effective in capturing
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Fig. 5. All steps executed in the attention module.

hierarchical patterns and reducing spatial dimensions, enabling the
neural model to discern relevant features efficiently.

In the proposed neural model, three parallel feature extraction mod-
ules are incorporated. The initial module extracts features from the data
received from the attention module during the preprocessing stage. The
second module processes the signal obtained from the downsampling
module. Finally, the third module is supplied with the original set of
relaxation signals.

In all three extraction modules, the architecture follows an identical
tructure, differing only in the kernel sizes of the convolutional layers.
he choice of varying kernel sizes allows the network to capture fea-
ures at multiple temporal resolutions, which is crucial for modeling the
omplex multi-scale nature of the input signals. Initially, the six input
ignals are split into individual channels, with each channel processed
ndependently to retain the unique characteristics of each signal. This
ndependent processing enables the model to learn distinct patterns
rom each signal while preserving their individual temporal dynamics.

Each channel is then passed through a 1D convolutional layer,
followed by a max-pooling layer to reduce the dimensionality and
emphasize the most relevant features. This combination of convolution
and pooling is repeated twice more, creating a hierarchical structure
that progressively extracts higher-level features from the data. The

eLU activation function is used in every convolutional layer, as it
ntroduces non-linearity into the model and enhances its ability to learn
omplex dependencies within the data. The use of max-pooling layers
nsures that the model reduces redundant information, focusing on the

most salient aspects of the input signals.
After the convolution and pooling operations, a fully connected

ayer with a hyperbolic tangent (t anh) activation function is employed.
he t anh function is chosen for its ability to map the extracted features
o a continuous range, enabling the model to learn more nuanced
elationships between the features. This layer enhances the model’s
xpressiveness by allowing it to capture subtle variations in the data,
hich are critical for accurate parameter estimation.

To further promote robust training and mitigate overfitting, a
dropout layer is applied at the end of each extraction branch. This
regularization technique prevents the model from becoming overly
dependent on specific neurons, thereby improving its generalization
ability. The dropout layer introduces stochasticity into the training
process, ensuring that the model can learn representations that are
more resilient to variations in the input data.
7 
The kernel sizes used in the convolutional layers vary across the
hree extraction modules, with sizes of 4, 12, and 24 in the first,
econd, and third modules, respectively. This design allows the model
o capture both fine-grained details and broader temporal patterns.
maller kernels focus on localized features in the input signals, while
arger kernels detect more global patterns. The use of varying kernel
izes ensures that the network can effectively model both short-term
nd long-term dependencies in the relaxation dynamics. The overall
rchitecture of the extraction module is depicted in Fig. 6.

2.2.3. Transformation module
The transformation module, which is integrated at the end of the

roposed neural model, assumes a essential role in the data process-
ng pipeline. This allows the model to transform prominent features

extracted using prior modules into the desired quartet of values 𝐴, 𝛥ℎ∗,
𝑥, and 𝛽.

The architecture of the transformation module is designed to ef-
iciently process and transform the incoming signals from preceding
odules. First, a concatenation layer is employed to merge three sig-
als from the previous modules. This concatenation step enables the
odel to fuse essential feature representations from multiple sources,

nhancing the overall information flow.
Subsequently, the signal undergoes a series of transformations

through two consecutive fully-connected layers (32 neurons), each
equipped with hyperbolic tangent (t anh) activation functions. These
layers are strategically positioned to capture and model the intricate
relationships among the concatenated features, allowing the network
to learn complex patterns and abstractions within the data. In order
to produce the desired quartet of output parameters, an output layer
with four neurons is connected at the end of the module. Each neuron
corresponds to one of the output parameters, and a linear activation
function is applied. The chosen linear activation function ensures that
the module outputs a linear combination of the learned features,
resulting in the four 𝐴, 𝛥ℎ∗, 𝑥, and 𝛽 output values. The architecture
f the transformation module is shown in Fig. 7.

2.3. Training strategy

In the pursuit of optimizing the performance and robustness of the
roposed neural model, the development of an effective training strat-

egy is of prime importance. The central emphasis of the training process
s navigating the intricacies of managing large-scale datasets, making
t inherently intertwined with the nuances of big data processing.

The overall state space of data was sub-divided into 6 smaller
subsets, as it was thoroughly covered in Section 2.1. To accommo-
ate the substantial size of these datasets, significant hardware and
oftware optimizations were necessary to ensure the efficiency of the
ata retrieval process. Each dataset is then shuffled and separation is
one in 70, 15, 15 % ratio to obtain training, validation, and testing set,
espectively.

Input consists of signals with dimensions 6 × 18501, output is a
corresponding quartet of 4 × 1 parameters: 𝐴, 𝛥ℎ∗, 𝑥, and 𝛽. This is con-
trary to the dataset acquisition process, wherein the input comprised
of the mentioned quartet of TNM parameters, for which six signals
were calculated. Input signals are processed via the aforementioned
pre-processing module in the input layer of the ANN.

Prior to inputting the target into the ANN, it is essential to perform
normalization, restricting the values to the interval [0, 1]. The process
of normalizing target data is done based on Min–max feature scaling.
Min–max normalization scales data points to a range of [0, 1], where 0
represents the minimum and 1 represents the maximum values in the
dataset. Given a target vector 𝑦 with minimum values 𝑎 and maximum
values 𝑏, the Min–max normalization of target vector is calculated as

𝑦 (𝑘) = 𝑦(𝑘) − 𝑎(𝑘)
, (8)
n 𝑏(𝑘) − 𝑎(𝑘)
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Fig. 6. Extraction modules 1-3. Input multi-channel signal is split into six separate branches, each of them processed individually.
b

Fig. 7. Transformation module: the output layer directly provides the TNM model
parameters of interest𝐴, 𝛥ℎ∗, 𝑥, and 𝛽.
8 
Table 3
Lower & upper Min–max normalization limits.
𝑦 Lower limit Upper limit

𝛥ℎ∗ 2 × 105∕1.2 12 × 105 × 1.2
log(𝐴) −630∕1.2 −18.4 × 1.2
𝛽 0.2∕1.2 1.0 × 1.2
𝑥 0.2∕1.2 1.0 × 1.2

where 𝑘 = 1,… , 4. To obtain physically meaningful values at the output
of the ANN, the output values must be denormalised as

𝑦(𝑘) = 𝑦n(𝑘)(𝑏(𝑘) − 𝑎(𝑘)) + 𝑎(𝑘).

Minimum and maximum values are based on limit values of the over-
all dataset of parameters with added reserve and are summarized in
Table 3.

Min–max normalization preserves relative relationships between
data points, proving beneficial for algorithms sensitive to feature scales,
like gradient-based optimization algorithms in machine learning.

To calculate the error for a given normalized target-predicted output
pair, the following approach was applied, where the values are indexed
as 𝑘 = 1,… , 4. This is achieved in the loss function. Firstly, a squared
difference vector is obtained as

𝛥2𝑦n(𝑘) = 𝑦n,t r ue(𝑘) − 𝑦n,pr ed(𝑘). (9)

Subsequently, each value in the squared difference vector is weighted
y the corresponding weight from the weights vector, resulting in a

weighted squared difference vector
𝛥2𝑦wn(𝑘) = 𝛥2𝑦n(𝑘)𝑤(𝑘), (10)
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The final error value is obtained as reduced mean of weighted squared
difference vector

̄R = 1
4

𝑘=4
∑

𝑘=1
𝛥2𝑦wn(𝑘). (11)

Given that individual parameters have distinct impacts on the out-
put signal, the selection of the weights vector 𝑤 in Eq. (10) is of
tmost importance and is a result of thorough, iterative observations

that determined values 𝑤 = [1.0, 1.5, 3.0, 3.0] for: 𝐴, 𝛥ℎ∗, 𝑥, and 𝛽
respectively. The firstly trained models exhibited great accuracy in
resulting predicted-target signal shape, a common pattern was observed
in which the predicted output signal mainly shifted along the tem-
erature 𝑥 axis. This phoenomenon was explained in estimation error
f log(𝐴) parameter. As a result, the decision was made to reinitiate
he training process, setting the log(𝐴) weight to 𝑤log(A) = 0.1. This
djustment aimed to alleviate the sensitivity with which the ANN learns
o estimate the log(𝐴) parameter. This change was carried out mainly
ecause the log(𝐴) value can later be easily determined by alternative
itting approaches. Therefore the final weights for 𝐴, 𝛥ℎ∗, 𝑥, and 𝛽 are
elected as follows.

𝑤 = [1.0, 0.1, 3.0, 3.0]. (12)

A total of 7 models have been acquired and are detailed in this
ection, including their distinctive training process features. To recapit-
late: the Dataset creation section discussed creation of several datasets
rom the overall state-space of parameters. Originally, there were 5
atasets defined: upper-left, upper-right, bottom-left and bottom-right
orners and central part of the overall dataset. For each of these
atasets, an individual model was trained. Upon evaluation of these
odels, a need to observe an impact of 𝑤log(A) on the quality of models
as arisen, as well as a need to make general conclusions on patterns
ccuring in the studied phenomena. Hence, two additional control
odels, designated as the 6th and 7th models, were acquired. For
urposes of training a 6th model, a new dataset was designed: grid
ataset, which sparsely spans across the entire state space of parameters

(see Fig. 2). Additionally, a 7th control model was obtained for central
dataset with its own unique value of 𝑤log(A) = 1.0.

The Stochastic Gradient Descent (SGD) algorithm was selected as
the optimizer for the MCNN model training. This choice is based
on the algorithm’s well-established performance in a wide range of
machine learning tasks, particularly for its ability to efficiently handle
large-scale datasets. One of the primary reasons for SGD selecting is
its simplicity and scalability, which allows for the processing of vast
mounts of data without excessive computational overhead. Moreover,
GD’s inherent stochastic nature enables the model to escape local

minima more effectively than batch gradient methods, thereby improv-
ing generalization capability across diverse datasets [58]. Given the
complexity and size of the training dataset in this study, SGD provides
an optimal balance between convergence speed and memory efficiency.

Reduced mean square error (Eq. (11)) was used to evaluate the
training process and the mean absolute error function is applied to
validate the results.

All parameters used in the training process, including learning
ate, batch size, and stopping criteria, are summarized in Table 4,

providing a comprehensive overview of the selected hyperparameters.
These choices were guided by extensive experimentation to optimize
both training time and model performance, ensuring that the MCNN
converges efficiently while maintaining high accuracy.

3. Results and discussion

The present section will be split into four parts. First, the evaluation
metrics for the assessment of the MCNN models’ performance will be
introduced. Second, the quality of the MCNN models’ estimates of the
TNM parameters will be evaluated based on the magnitude of the
estimates errors. Third, more complex evaluation metrics seeking the
 t

9 
Table 4
Parameters of training.

Input shape 18501 × 6

Training algorithm SGD algorithm
Loss function Reduced mean square error
Validation metric Mean absolute error
Maximum epochs 200
Stopping criterion Maximum epochs reached
Learning rate 𝛼 0.01
Batch size 128

correlations between the performance of the individual MCNN models
and the particular types of structural relaxation behavior will be dis-
cussed. Fourth, more general conclusions about the overall performance
of the current MCNN models in relation to their usability for real-life
data evaluation will be drawn.

3.1. Evaluation metrics

The performance of the individual MCNN models was assessed
ased on the following metrics. The two fundamental criteria were
he absolute errors (𝐴𝐸 in figures) and the sum of squared errors
SSE). Absolute error metric (Eq. (13)) is used only for individual TNM

parameters (𝐴, 𝛥ℎ∗, 𝑥, and 𝛽). On the other hand, SSE is calculated
or both the TNM parameters (𝐴, 𝛥ℎ∗, 𝑥, and 𝛽, see Eq. (14)), and the

relaxation signals (see Eq. (15)), where relaxation signals are a set of
six CHR heating steps in the 𝐶N

p form.

𝐴𝐸 = |

|

|

𝑃true − 𝑃pred
|

|

|

, (13)

where 𝑃 is a scalar value of a given TNM model parameter.

𝑆 𝑆 𝐸P =
2 or 4
∑

𝑖=1

[

𝑃true(𝑖) − 𝑃pred(𝑖)
]2 , (14)

𝑆 𝑆 𝐸𝐶N
p
=

𝑇𝑚𝑎𝑥
∑

𝑇𝑖=𝑇𝑚𝑖𝑛

[

𝐶N
p true

(𝑇𝑖) − 𝐶N
p pred

(𝑇𝑖)
]

2. (15)

In their raw form, these metrics were calculated for each sample
rom the test subset and plotted in ascending order for each individual
CNN model – an example of such visualization is shown in Fig. 9a,

9b. It is important to note that the input samples with the values
of 𝐶max

p > 6 (where 𝐶max
p is the 𝐶N

p value reached in the maximum
f the relaxation peak as shown in Fig. 8e) were omitted from the

evaluations because such relaxation signals are very rare in real-life
materials, and the SSE metrics would be arbitrarily distorted due to the
extreme statistical weights of these samples. To further compare the
performance of the individual networks, the particular absolute error
and SSE metrics were plotted individually, with all profiles correspond-
ing to the individual MCNN models being combined – example of such
isualization is shown in Fig. 8ac. As the evaluation for each MCNN

model covered a slightly different number of tested samples (due to
the different percentage of 𝐶max

p > 6 cases being involved and omitted),
the evolution of the absolute error and SSE profiles was compared with
dependence on the number of samples expressed as percent of each
individual total amount (corresponding to the given MCNN model).
Apart from the metrics being simply arranged in ascending order, they
were also plotted depend on several analytical quantities characterizing
the 𝐶N

p curves to reveal the potential correlation between the shape
of the relaxation signal and the performance of the MCNN models.
The employed analytical quantities were: 𝐶max

p , 𝛥𝑇 hw and 𝐶max
p /𝛥𝑇 hw,

where 𝛥𝑇 hw is defined as the difference between the temperatures
corresponding to the maximum of the relaxation peak and first cross-
section of the experimental data with the extrapolated 𝐶pl(𝑇 ) line – see
Fig. 8e for the corresponding visualization.

In order to identify the mutual correlations between the accuracies
f MCNN-based estimates of individual TNM parameters, the evalua-
ion metrics were plotted in a 3D space as dependencies of selected
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Fig. 8. Sorted absolute 𝛽 error across all models (a) and its detail (c). Pair of basic analytical quantities of relaxation peak (e). Comparison of various statistical representations
of LU model’s SSE, calculated for parameters present on (x, y ) axis (bdf).
pairs of the TNM parameters – see Fig. 8bdf for an example of such
depiction. Whereas the signals SSE metric (Eq. (15)) was plotted in an
identical form (as determined by Eq. (13)), an SSE metric for the TNM
parameters (Eq. (14)) could not be used due to the different error scales
(corresponding to the nominal absolute magnitudes) of the individual
TNM parameters (see Table 2). Therefore, the parameters SSE were
calculated based on the normalized values of these parameters. An
identical normalization such as that used during the training of the
MCNN models (see Eq. (8)) was applied. The SSE of the TNM parame-
ters (Eq. (14)) was calculated in two variants: either for all four TNM
parameters or for the two parameters present on the X and Y axes (see
Eq. (14)) of the given 3D plot. As a further consequence, both the SSE of
𝐶N and the SSE of 𝐴, 𝛥ℎ∗, 𝑥, and 𝛽 (represented by a wide distribution
p

10 
of errors in the 2D graphs, see e.g. Fig. 9a, 9b) had to be represented by
a single value, which was then attributed to the given pair of the TNM
parameters. By considering the maximum, median, and mean values,
the mean representation was found to best reflect all features of the
given 3D spaces of the error metrics – see Fig. 8bdf.

3.2. Absolute errors

The performance of the trained MCNN models can be best evalu-
ated based on the magnitude of the absolute errors provided by the
individual TNM parameter estimates: 𝐴, 𝛥ℎ∗, 𝑥, and 𝛽 (see Eq. (13)).
In other words: for each single parameter, a corresponding absolute
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error is obtained. Very good results were obtained for the parameters 𝛽
and 𝑥, which are primarily responsible for the height and width of the
elaxation peak (and, therefore, ideally expressed by the CHR cycles
et). Starting with the non-exponentiality parameter 𝛽 (see Fig. 9c),

90% of all MCNN-based estimates are well below the ± 0.02 error level,
which could be considered the top methodological performance of the
alternative non-fitting approach, which is the simulation-comparative
method based on the comparison of the theoretically simulated and
experimentally measured 𝐶max

p values during the CHR cycles. Moreover,
only approx. 2% of the estimates obtained for the G subset and < 1 %
of the estimates obtained for the RU subset exhibit errors larger than
±0.05 (see the zoomed-in inset in Fig. 9c). Note that the ±0.05 errors in
𝛽 can be considered a benchmark for the curve-fitting determination of
this parameter due to the irreproducibility and distortions in the real-
life data. In addition, the change of 𝛽 by 0.05 can also be considered
the first significant and interpretable variation of the non-exponential
behavior with regard to e.g. compositional or structural trends in real-
life materials. Whereas the worse performance of the MCNN trained
for the G subset is understandable (the neural network had to in-
terpolate through larger state space while being trained with fewer
representatives for each typological structural relaxation behavior), the
significantly worse performance in the case of the RU subset is quite
interesting. Since this subset includes rather rare high-𝑇 data with
very broad relaxation peaks (characterized by low values of 𝛥ℎ∗ and
𝐴), the MCNN needs to distinguish between small relaxation signal
nuances (differentiated in the Y coordinate) along the range of more
than 400 ◦C – see Fig. S1 in the supplementary online material. The
apparent issue with the recognition of very broad relaxation signals
(𝐶N

p ) is worth bearing in mind for later discussion. Nonetheless, any
𝛽 estimates with absolute error ≤ 0.1 are still very much usable in the
base characterization of the material’s class and for the categorization
of its structural relaxation behavior.

Even better performance of the trained MCNN models was observed
in the case of the estimates of the TNM parameter of non-linearity 𝑥 –
see Fig. 9e. Here, over 99 % of all estimates had absolute error < 0.02;
the only exception was the training and testing of the G subset, where
‘‘only’’ 97% of the estimates fell below this mark. The performance
of the MCNN is, in the case of the 𝑥 estimates, better or at least
comparable to the estimates provided by the alternative non-fitting
approach: the simulation-comparative method [59]. However, even for
he G subset, the remaining ∼3% of estimates were still obtained with
bsolute error < 0.05, which is on par with the second non-fitting
ethod aimed at the determination of the non-linearity parameter x,

he peak-shift method [60]. Similarly to the 𝛽 estimates, this level of
accuracy is more than sufficient for all interpretations of compositional
trends in the structural relaxation behavior of real-life materials. The

CNN-based estimates of the parameter 𝑥 are also much less dependent
n the shape of the particular relaxation peaks, as evidenced by the
ignificantly lower variation of the absolute error among the individual
CNN models (developed for the given subsets).

Contrary to the shape-defining TNM parameters (𝛽 and 𝑥), the
position-defining parameters (𝛥ℎ∗ and 𝐴) were estimated with a lot
more substantial absolute error. For 𝛥ℎ∗, the typical errors of the
most precise and robust non-fitting method [61] are ∼10 k J mol−1;
his benchmark was in case of absolute majority of the MCNN models
chieved only for approx. 20% of estimates – see Fig. 9d. Interestingly,

the RU subset (for which significantly higher absolute errors were
obtained for the estimation of 𝛽) was found to be quite suitable for
the determination of 𝛥ℎ∗, and the 10 k J mol−1 benchmark was fulfilled
for 70 % of the estimates. As the apparent activation energy influences
(apart from the position of the relaxation peak on the temperature axis)
the width of the relaxation peak, the significantly broader 𝐶N

p signals
obtained within the RU state space evidently provide better 𝑋-axis data
resolution for the MCNN to recognize and attribute the correct 𝛥ℎ∗

value – see Fig. S1 in the supplementary online material. Considering
the typical compositional trends observed for the enthalpy relaxation
 t
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data, absolute errors above ∼ 50 k J mol−1 should be considered unac-
ceptable even for the base categorization of the class and relaxation
behavior of the materials with low-𝑇 glass transition. Owing to the
caling manifestation of the 𝛥ℎ∗ parameter, its absolute error decreases
n importance as 𝛥ℎ∗ increases. As the RU subset corresponds to the low
ℎ∗ and 𝐴 values, the negative impact of 𝛥ℎ∗ absolute errors is partially
ompensated in combination with low absolute log(𝐴) values. Hence,
t high temperatures (low absolute log(𝐴) values), the absolute errors
btained for the MCNN estimates can be assumed acceptable across the
hole 𝛥ℎ∗ range. As the temperature of the glass transition decreases,

he errors associated with the estimates by the present MCNN archi-
ectures significantly increase. The consequences of this finding will
e further discussed in Section 3.4. Apart from the other subsets for

corners and center of the overall state space zoomed-in subsets (LU, RU,
LB, RB & C; see Fig. 2), a further decrease in the accuracy of the MCNN-
based estimates was observed for the overreaching G subset. Since this
subset model is currently the closest approximation of the potential
universal neural network, the via-training obtained MCNN models (in
their present form) would not be suitable for the determination of the
𝛥ℎ∗ parameter.

From the practical point of view, the worst performance of the
CNN-based estimates was observed in the case of the 𝐴 determination

– see Fig. 9f (note that the absolute error are calculated for the pre-
exponential factor in the form of log(𝐴)). The severity of the absolute
errors magnitude can be judged based on the variation span of the
log(𝐴) values contained in each state space subset. For example, the
central (C) subset includes a maximum variation of 𝛥 log(𝐴) ≈ 25,
which is reflected in approx. 70 ◦C difference in the position of 𝑇g – see
Fig. S2 in the supplementary online material. For a majority of low-to-
middle temperature applications (𝑇 < 400 ◦C), the minimum acceptable
accuracy of the 𝑇g determination is somewhere around ±5 ◦C. This
would translate into the maximum log(𝐴) absolute error of ∼ 1 − 2. As
can be seen in Fig. 9f, such accuracy of the MCNN estimates is barely
chieved for 10 − 20 % of samples. Somewhat better performance was
due to the scaling) achieved in the case of the LD subset estimates,
here the maximum variation of 𝛥 log(𝐴) ≈ 200, which is reflected in
pprox. 115 ◦C difference. In this case, the log(𝐴) absolute error of ∼ 8–
0 (corresponding to 𝛥𝑇g ≈ ±5 ◦C) is achieved for approx. 50 % of all LD
ubset estimates. Nonetheless, the MCNN estimates of the log(𝐴) value
an be, in general, considered unreliable in the present state, which
as most probably caused by the low log(𝐴) weight during the MCNN

raining.

3.3. 3D-plotted SSE metrics

In order to check the potential correlation between the performance
of the particular MCNN models and the shape of the relaxation peaks,
the absolute errors were plotted with dependence on the analytical
uantities (𝐶max

p , 𝛥𝑇 hw, and 𝐶max
p /𝛥𝑇 hw; see Fig. 8e). Interestingly, no

irect correlations between any absolute error profile (obtained for
ifferent combinations of TNM parameters and state space subsets) and

the analytical quantities were found. This indicates that more complex
relations between the particular absolute error profiles and archetypal
relaxation behaviors need to be sought. Hence, the SSE metrics for
either signals (Eq. (15)) or pairs/quartets of TNM parameters (Eq. (14))
were plotted in a 3D space as dependencies of selected pairs of the TNM
arameters (see Section 3.1 for the evaluation details). In this regard,

four pairs of potentially correlating TNM parameters were selected: 𝛥ℎ∗
& log(𝐴), 𝛥ℎ∗ & 𝑥, 𝛥ℎ∗ & 𝛽, 𝑥&𝛽. By careful examination of the SSE
profiles of the individual subsets (LU, RU, LB, RB, C & G; see Fig. 2), it
was found that all trends observed within these subsets are sufficiently
well represented by the overarching G subset, which covers the whole
𝛥ℎ∗-log(𝐴) state space, although with lower resolution.

Additionally, the primary distinction observed across all model
omparisons was related to the MCNN’s performance. Specifically,
he accuracy of the MCNN’s estimates deteriorated at the boundaries
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Fig. 9. Sorted absolute error for each parameter of central (C) model (a), sorted 𝑆 𝑆 𝐸𝐶N
p

for true and predicted signal of C model (b). Sorted absolute errors for a given parameter
across all models: 𝛽 (c), 𝛥ℎ∗(d), 𝑥 (e), log(𝐴) (f).
of the cutout subsets within the overall state space. This decline in
accuracy was attributed to the limited capacity of the MCNN to perform
interpolation in these edge regions.

These state space areas with increased errors are thus just an artifact
of the cutout procedure, artificially distorting the potential depen-
dences of SSE on particular TNM parameters. For these two reasons,
only the results for the overarching G subset will be shown and dis-
cussed. On the contrary, as was already mentioned in Section 3.1, three
types of metrics will be displayed for each combination of the TNM
parameters on (x, y ) axis: SSE for signals, SSE for all four parameters,
and SSE for the displayed pair of TNM parameters (see z axis label on
Fig. 10ace, for example).
12 
The dependencies of the SSE metrics on the 𝛥ℎ∗ & log(𝐴) combi-
nation of the TNM parameters are shown in Fig. 10ace. The evolution
of the SSEs for signals (Fig. 10a) is a direct consequence of the com-
paratively broader temperature ranges across which the glass transition
evolves (as depicted in Fig. S1 in the supplementary online material).
The broader the range, the larger number of data-points is influenced
by any unideality (incorrect estimate), and thus the higher impact on
the overall SSE. The close resemblance of the SSE profiles for the TNM
parameters quartet and pair indicate that 𝛥ℎ∗ and/or log(𝐴) has signif-
icantly larger impact on the overall SSE, that is computed via Eq. (14)
for two or all 𝐴, 𝛥ℎ∗, 𝑥, and 𝛽 parameters that are firstly normalized
using Eq. (8). Despite this fact, it is these two TNM parameters (𝛥ℎ∗
& log(𝐴)) that were determined with the highest absolute error by the
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Fig. 10. G model dependencies on SSE metrics (Eqs. (14) & (15)): (𝛥ℎ∗ , log(𝐴), 𝑆 𝑆 𝐸) (ace); (𝑥, 𝛽 , 𝑆 𝑆 𝐸) (bdf).
MCNN. Regarding the factual shape of the SSE hyperspace, the most
extreme cases of structural relaxation behavior (very broad transitions
in RU region, and the very narrow transitions in the LD region) seem
to be the most difficult to be accurately comprehended by the MCNN
from the positional point of view; a view for which the 𝛥ℎ∗ & log(𝐴)
combination is responsible.

The TNM parameters responsible for the shape of the relaxation
peak – the 𝑥&𝛽 combination (see Fig. 10bdf for the corresponding SSEs)
– were determined by all MCNN models quite accurately. The relatively
high scatter (the bottom surface is not flat, but rather irregular/uneven
/ rippled) of the signals SSE hyperspace (see Fig. 10b) confirms the
secondary role of these two parameters on the overall SSE of the signals.
The natural explanation of the hyperspace shape can be attributed
13 
to the decrease of 𝐶max
p with high 𝑥 and low 𝛽. The corresponding

deviations/errors then propagate proportionally to the height of the
structural relaxation peak. The discrepancy – which is approx. one
order of magnitude – between the SSE’s of the parameters quartet
and pair (see Fig. 10df) confirms that the normalization expressed by
Eq. (8), and calculation expressed by Eq. (14), favors (gives higher
impact to) the 𝛥ℎ∗ & log(𝐴) quantities. Regarding the factual shape
of the SSE hyperspace depicted in Fig. 10f: the two parameters are
estimated with extreme accuracy across an absolute majority of the
relaxation behavior archetypes (the SSE surface forms a flat bottom).
The only region with increased inaccuracy of the estimates is the case
of the relaxation peaks with lowest 𝐶max

p (high 𝑥 and low 𝛽), where the
extreme similarity of the relaxation signals with large changes of either
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Fig. 11. G model dependencies on SSE metrics (Eqs. (14) & (15)): (𝛥ℎ∗ , 𝑥, 𝑆 𝑆 𝐸) (ace); (𝛥ℎ∗ , 𝛽 , 𝑆 𝑆 𝐸) (bdf).
𝑥 or 𝛽 lead to a reduction in the recognition ability of the MCNN. This
specific region can be described as a region of 𝑥-𝛽 insensitivity, and as
a result, it will generally act as an obstacle to the training process.

The SSE hyperspaces combining 𝛥ℎ∗ with either 𝑥 or 𝛽
(see Fig. 11ace and Fig. 11bdf, respectively) look rather similar, con-
firming the dominant influence of 𝛥ℎ∗ over both, SSE of the signals and
SSE of the parameters. Generally, the relaxation signals are broader at
low 𝛥ℎ∗, where the SSE of the signals is highest. The MCNN estimates
of the TNM parameters – or more specifically of 𝛥ℎ∗ – are the least
accurate in the hyperspace corners and on the high-𝛥ℎ∗ hyperspace
edge. Corner-wise innacuracy can be explained by a limited ability
of MCNN to interpolate from the non-existent neighboring training
samples. Innacuracy at the hyperspace edge, on the other hand, can
14 
be exaplained by narrow relaxation peaks of the signals, effectively
resulting in low 𝑋-axis resolution (as discussed in Section 3.2).

3.4. MCNN accuracy vs. real-life applications

To assess the accuracy of the current MCNN estimates in com-
parison to the demands of real-life scenarios, the outcomes presented
in sections such as Absolute Errors and 3D-plotted SSE Metrics will
be juxtaposed with findings from recent studies on structural relax-
ation behavior. These studies provide interpretations of trends in TNM
parameters for actual materials. Note that all experimental data and
results presented in this section were acquired using either curve-fitting
or non-fitting methods, without the utilization of artificial intelligence.
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Starting with the polymeric materials, the structural relaxation be-
avior of poly(p-dioxanone), a semi-crystalline polymer used for the

production of biodegradable medical sutures and stents, was stud-
ied [62] with dependence on the degree of crystalline content. The
pparent activation energy 𝛥ℎ∗ was determined with ±12 k J mol−1 eval-
ation errors; the parameters 𝑥 and 𝛽 were both determined with 0.05

resolution, with the absolute values changing between 0.45–0.80 for 𝑥,
and between 0.15–0.50 for 𝛽. Relaxation behavior of poly(p-dioxanone)
was also studied with dependence on the content of the plasticiz-
ng monomer [63]. Here, the errors for 𝛥ℎ∗ varied in approx. ±5–25
 J mol−1 range; log (𝐴∕𝑠) varied from −104 to −196 in absolute values;
etermination of 𝑥 and 𝛽 with the 0.05 resolution was well sufficient
or identification of clear plasticization-induced trends. Comparable
ccuracy/precision of the TNM parameter determination can be ob-
ained also for the organic low-molecular glasses. Structural relaxation
f amorphous indomethacin (anti-inflammatory drug) was studied in
ependence on the degree of introduced crystallinity [64,65]. Whereas
he individual 𝛥ℎ∗ values were determined with the errors in the range
f ±5–20 k J mol−1, a change of 𝛥ℎ∗ > 40 k J mol−1 was identified as
he first recognizable deviation from otherwise more-or-less constant
ℎ∗ value as the crystallinity of the indomethacin increased. The 𝑥
nd 𝛽 parameters were determined in these studies with the 0.01
ccuracy, however, only their changes with magnitude > 0.03 were
ecognized as significantly deviating from the equilibrium scatter. In
nother study [66] focused on the structural relaxation in the amor-
hous nimesulide (also a non-steroidal anti-inflammatory drug), the
ℎ∗ values were determined with ±8–12 k J mol−1 errors; the 𝑥 and 𝛽
arameters were determined with 0.01 precision.

Slightly worse accuracy of the TNM parameter determination was
bserved in case of chalcogenide glasses. For example, in the case of
he low-𝑇 Ge-, As- and Te-doped selenium glasses [67], the activation

energy 𝛥ℎ∗ was determined with approx. ±10–20 k J mol−1 errors, and
the corresponding compositional trends were identified for the changes
of 𝛥ℎ∗ > 25 k J mol−1. The errors of the 𝑥 and 𝛽 determination ranged
between ±0.02–0.06, with recognizable compositional trends for the
0.05 differences in both 𝑥 and 𝛽; the log (𝐴∕𝑠) errors ranged between
±0.5–4. In case of the GeS2-Sb2S3 and GeSe2-Sb2Se3 glasses [68,69],
the 𝛥ℎ∗ was determined with errors of approx. ±5–20 k J mol−1, and

ith identifiable trends for the 𝛥ℎ∗ changes above 30 k J mol−1. The
rrors of the 𝑥 and 𝛽 determination were between ±0.02–0.07 (no
ignificant trends in the evolution of these parameters was observed;
he compositional scatter was approx. ±0.05).

The largest errors in the determination of the TNM parameters are
usually obtained for the oxide glasses, which exhibit the glass transition
at temperatures > 500 ◦C. The structural relaxation of the Bioglass 45S5
doped with different amounts of CeO2 was described with 𝛥ℎ∗ values
having the errors in the ±25–63 k J mol−1 range; the corresponding 𝑥
and 𝛽 parameters were estimated with ±0.1 precision. In an akin study
for the Li-doped bioglasses, the compositional trends showed scatter
within the ±100 k J mol−1 margins for 𝛥ℎ∗, and within the ±0.1 units
for 𝑥 and 𝛽. Similar level of (in)accuracy was obtained also for the
MgO–Al2O3 –P2O5 and BaO–Al2O3 –P2O5 glasses [70–72].

Considering the above-listed examples of the TNM parameter deter-
mination accuracy for real glassy materials, it is evident that both the
corresponding measurement-based as well as evaluation-based errors
significantly increase with the materials’ 𝑇g. While the accuracy of the
present MCNN estimates of 𝑥 and 𝛽 is acceptable – being either better
or comparable to the errors of real-life measurements and evaluations
– across the entire spectrum of relevant non-crystalline materials, it
was stated in Section 3.2 that the present MCNN estimates of 𝛥ℎ∗

re generally not suitable. However, in light of the information given
in the present section, the MCNN models should provide sufficient
(comparable with other methodologies) accuracy for the determination
of 𝛥ℎ∗ in the case of high-𝑇 materials.

Despite the promising initial results demonstrated in this study,
there are several potential shortcomings that must be acknowledged.
 b

15 
One key limitation is that the model was trained and validated ex-
clusively on theoretically simulated data, which inherently lacks the
noise and imperfections typically present in experimental datasets. As
such, the model’s susceptibility to real data was not rigorously tested.
Moreover, the MCNN architecture presented here represents a single
configuration with a fixed set of hyperparameters, based on prelim-
inary experimentation. While this configuration has proven effective
in extracting TNM parameters from datasets introduced in Section 2.1,
more systematic approaches to the selection of hyperparameters, such
as number of layers, activation function types, learning rate, kernel
sizes, and dropout rate, could lead to further improvements in model
accuracy and robustness.

4. Conclusions

In this study, the applicability of machine learning for the de-
cription and modeling of glass transition kinetics was investigated.
pecifically, a multi-scale convolutional neural network was employed

for the first time (to the best of authors’ knowledge) to estimate the pa-
rameters of the Tool-Narayanaswamy-Moynihan model, 𝐴, 𝛥ℎ∗, 𝑥, and
𝛽, using six simulated heating scans derived from a cyclic heat release
structural relaxation temperature program. These heating scans, repre-
ented as normalized derivative data, correspond to standard outputs

obtained through methods such as differential scanning calorimetry.
To facilitate this analysis, a comprehensive state-space of theoret-

ically simulated data was generated, comprising approximately 13.7
million samples and encompassing all practically relevant types of
structural relaxation behavior. Subsequently, a set of MCNN models
was trained for selected critical regions within the 𝛥ℎ∗-log(𝐴) state
space. This included one model that mapped the entire matrix of
𝛥ℎ∗-log(𝐴) combinations, although at lower resolution. The results
demonstrate that the proposed neural network model effectively ex-
tracts the desired values from the input data with high accuracy.
Specifically, highly accurate estimates were achieved for the TNM
parameters 𝑥 and 𝛽, with accuracies of 90% and 97%, respectively; ab-
solute errors for these estimates were consistently below 0.02. Absolute
errors exceeding ±0.05 were observed only in approximately 2% of the
𝛽 estimates. This level of accuracy is comparable to the standard curve-
fitting approach based on non-linear optimization and substantially
surpasses the accuracy of all relevant non-fitting methodologies used
for determining the TNM parameters 𝑥 and 𝛽.

Conversely, the MCNN estimates for 𝛥ℎ∗ and log(𝐴) were found to
e less accurate, with absolute errors approximately in the order of
agnitude larger than those achieved by alternative fitting or non-

itting methods. Further analysis of the mutual correlations between
TNM parameters and their errors revealed that the most significant er-
rors in 𝛥ℎ∗ determination occurred in cases of either high 𝛥ℎ∗ combined
with low temperature or low 𝛥ℎ∗ combined with high temperature –
both scenarios being relatively rare in practical materials. Moreover,
the generally high magnitude of 𝛥ℎ∗ errors becomes less critical for
materials with glass transitions at high temperatures, which typically
exhibit high 𝛥ℎ∗ values, resulting in a proportionally smaller error
percentage.

As such, the present research can be considered a pilot study,
demonstrating the high potential of the neural networks in the field
of the exact modeling of the derivative structural relaxation data.

wing to the remarkable pattern-recognition abilities of neural net-
orks, the present findings represent a very promising basis for the

uture development of next-gen architectures trained on the real-life-
ike data (artificially scattered, skewed and noised). Models trained in
uch manner allow attainment of an objective, accurate and reliable
valuation of the structural relaxation behavior which can be used for
ractically all types of materials. Such accomplishment would enable
 potentially rapid progress in both the structural interpretation of the
elaxation parameters and the associated possibilities of chemical fine-
uning of numerous physical properties of glassy materials. This would
e an invaluable achievement in the field of materials science.
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Based on the present findings, we propose the following steps for
he consequent future research:

1. Further optimization of the proposed neural model architecture
and base weights of the individual TNM parameters, taking into
account current performance and issues.

2. Employment of significantly larger datasets to increase the accu-
racy of the obtained estimates.

3. Development of a new neural model specialized for the determi-
nation of the 𝛥ℎ∗ and log(𝐴) parameters from the different, more
suitable types of structural relaxation cyclic experiments.

4. Testing the developed MCNN models on the data with differ-
ent levels of random scatter added to the base theoretically
simulated signal.

5. Testing the developed MCNN models on the data with arbitrar-
ily skewed asymmetry of the relaxation peaks (simulating the
thermal inertia effect in thermo-analytical instruments).

6. Comparing the MCNN estimates of TNM parameters obtained
for real-life experimental data with the outputs provided for
the same data by means of the nowadays most frequently used
fitting approaches (e.g., non-linear optimization based on the
Levenberg–Marquardt algorithm) and non-fitting methodologies.
Considering the results introduced in the present study, a MCNN
model fully trained on the theoretical data (as described in the
previous five points) should be able to provide similarly good
(or even better - in the case of the systemic data-distortions
corrupting the curve-fitting procedure) estimates of the TNM pa-
rameters as the nowadays standard methods. The ground-truth
benchmark methodology used in the case of real-life experi-
mental data should involve the extremely robust simulation-
comparative method. Successful verification of the MCNN per-
formance on the real-life experimental data would then ensure
a massively more simple, quick, accessible, robust, and unam-
biguous way of describing the structural relaxation behavior of
amorphous materials.
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