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Abstract

Constructing accurate yet reduced kinetic models for polymer pyrolysis from reactive molecular dynamics (ReaxFF MD) results remains a significant
challenge. This work develops Reax-Lump, an automated method for extracting lumped reaction mechanisms of polymer plastic pyrolysis from a large-scale
ReaxFF MD simulation. To address the trade-off between mechanism size and predictive accuracy, a collaborative optimization scheme combining a genetic
algorithm and the trust-region method was developed, which iteratively refines the mechanisms through cycles of scale reduction and parameter
optimization. Furthermore, by extending the reaction classification method of SRG-Reax via a labeled polypropene (PP) pyrolysis database, the strategy
integrates chemical interpretability directly into the lumped models. The models for PP pyrolysis at different heating rates of 1, 2, 4, and 8 K/ps, comprising
only 10 species and ~20 reactions, reproduce the ReaxFF MD simulation results with an average coefficient of determination (R?) of 0.956. The accuracy of
SRG-Reax classification method also increases from 51% to 97.7% on the PP pyrolysis validation set. The Reax-Lump method provides an automated, inte-
grated workflow for constructing interpretable and compact pyrolysis mechanisms from ReaxFF MD simulation results, with promising applications to other

single- or multi-component polymer plastic systems.
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Introduction

Plastic products have become an essential component in our
modern society, with wide applications such as construction, pack-
aging, healthcare, and industrial productionl'-31, According to Plas-
tics Europel*, global plastic production reached 430.9 million tons in
2024, of which polypropylene (PP) and polyethylene (PE) accounted
for 19% and 26%, respectively. Due to their favorable properties,
these two plastics are widely used across various fields>~71. How-
ever, high production of plastic products stands in stark contrast to
the low recycling ratel®), as most are incinerated or landfilled, result-
ing in significant resource waste and severe ecological pollution(®19,
In recent years, pyrolysis has been proposed as a promising method
for valorizing polymer plasticsi''-"3l. Pyrolysis thermally decom-
poses long-chain polymers into smaller molecules under controlled
temperatures and pressures, yielding oil, gas, and char. Studies indi-
cate that at a moderate temperature of around 500 °C, the mass
fraction of liquid oil can reach up to 80%!'4. Moreover, pyrolysis
offers operational flexibility, allowing product yields to be opti-
mized by adjusting the process parameters to meet different indus-
trial needs. But product distribution and conversion pathways of
pyrolysis are influenced by multiple factors, including temperature,
reaction time, catalyst, reactor, etc.'. Revealing reaction mecha-
nism and kinetics is essential for optimizing reaction conditions and
designing efficient reactors.

Extensive experimental investigations have been carried out to
explore the pyrolysis process of pure PP and PE, as well as their
mixtures. Conventional techniques such as X-ray diffraction (XRD),
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transmission electron microscopy (TEM), and thermogravimetric
analysis (TG)!['6-18] can only provide characterization of stable prod-
ucts after pyrolysis, failing to capture dynamic reaction evolution.
Based on the results of thermogravimetric analysis (TGA), Schubert
et all'920 proposed a lumped reaction mechanism involving four
species (coke, heavy oil, light oil, and gas) and six reactions, which
has been used in numerical simulations to predict the product distri-
bution. However, as a simplified lumped mechanism derived purely
from regression of experimental data, it only captures inter-species
mass transfer, and is insufficiently detailed for more refined and in-
depth investigations. Reactive force field (ReaxFF) is an empirical
bond-order-based reactive force field introduced by van Duin et
al.l2in 2001. By integrating ReaxFF with molecular dynamics (MD),
the method enables continuous tracking of bond formation and
breakage during the pyrolysis process without predefined reaction
pathways. Compared with density functional theory (DFT) methods,
ReaxFF MD achieves reasonable accuracy at a significantly lower
computational cost. With the advantage of the unique strength in
modeling condensed-phase systems, ReaxFF MD has been widely
applied to investigate the pyrolysis processes of large and complex
reactive systems for polymer plastics. Zhang et al.2?! constructed
large-scale atomic models containing over 80,000 atoms and
employed ReaxFF MD simulations with experiments to investigate
the co-pyrolysis of lignin and polyethylene. Their results indicated
that adding polyethylene inhibited the formation of hydrocarbon
tar and char, while promoting the production of oxygenated tar and
light phenols.
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Recently, some post-processing analysis tools for ReaxFF MD
simulation have been developed?324, Among them, VARxMDI23]
has been created in our previous work, a reaction analysis and
visualization tool that allows the extraction of a detailed list of reac-
tions with reaction sites from ReaxFF MD simulations.

It is well recognized that DFT methods provide relatively high
accuracy, but are limited to small systems/2¢! (~100 atoms) and
cannot fully capture the complexity of polymer pyrolysis, while
experimental techniques such as TGA offer macroscopic kinetic
data, but lack atomistic reaction mechanisms. Machine learning
models fitted to experimental data can yield compact kinetic
models, but often miss chemical interpretability. ReaxFF MD simula-
tions bridge these gaps by enabling large-scale atomistic simula-
tions with reasonable accuracy and providing detailed reaction
trajectories. However, a significant challenge currently faced by
ReaxFF MD in modeling complex systems is the excessive number of
reactions and species in the simulation data, which complicates the
extraction of useful information and skeleton kinetic models. For
example, Li et al.l27l simulated PP pyrolysis at 3,000 K for 1 ns and
obtained 395,929 reactions, which are too extensive to be directly
used in downstream computational fluid dynamics (CFD) numerical
simulations. In general, a simple and chemically interpretable kinetic
mechanism is needed to significantly reduce the computational cost
of downstream CFD simulations. Moreover, it facilitates the interpre-
tation of simulations from a fundamental reaction perspective, and
supports the selection of appropriate kinetic models for reactor
design or industrial optimization!28l. The conventional algorithms,
such as sensitivity and rate analyses, directed relation graph (DRG),
and directed relation graph with error propagation (DRGEP)29-32],
havebeenproposedtosimplifycomplexreactionmechanisms,especially
for hydrocarbon fuel systems. But the highly scattered data and
diverse species in polymer plastics pyrolysis generated by ReaxFF
MD pose great difficulties in convergence, statistical reliability, and
computational cost, limiting the capability of conventional reduc-
tion methods.

Some studies have adopted novel approaches to investigate the
reaction mechanisms and kinetic models of plastic pyrolysis. Shen
et al.33] creatively adopted a chemical reaction neural network
(CRNN) approach to directly fitting species concentration profiles
from experiments. This method yielded locally optimal solutions
expressed as reaction equations. But the number of resulting mech-
anisms depends on the number of hidden layers in the neural
network, which lacks chemical interpretability. Leveraging the fact
that the number of chemical reaction categories is finite, Yang et
al.B435%1 developed a machine learning-based reaction classification
model (SRG-Reax), providing valuable new insights into the simplifi-
cation of very complex reaction mechanisms. Despite the progress,
the approach does not yet reduce species numbers on a network
scale, and lacks a scheme for kinetic parameter extraction.

Reaction classification is an important strategy for extracting re-
action information and constructing kinetic models. However,
modeling the polymer plastic pyrolysis system is challenging due to
its significant reaction diversity and pronounced low-frequency
characteristics. Particularly, no chemically interpretable and statisti-
cally robust reduced kinetic model directly derived from ReaxFF
MD simulation data is currently available for polymer pyrolysis. Thus,
the objective of this work is to develop a method for constructing
chemically interpretable and reliable lumped kinetic models for
polymer pyrolysis directly from ReaxFF MD simulation data, which
shows potential for application in downstream numerical simula-
tions. The strategy of species clustering combined with further lump
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reactions is proposed to improve their statistical availability, which
would serve as a sound basis for kinetic model development. Lever-
aging the detailed chemical pathways and reaction categories
obtained from our previous work of VARXMDI2%] and SRG-Reax343]
method, this work introduces a first attempt of Reax-Lump to
construct a lumped kinetic model of plastics directly from the
ReaxFF MD simulation. A key advantage of the mechanism gener-
ated with SRG-Reax is its inherent chemical interpretability. Impor-
tantly, a collaborative optimization framework integrating genetic
algorithms (GA) and trust region optimization algorithms was
proposed innovatively during the mechanism lumping process,
which effectively addresses the dual challenges of large-scale reac-
tion mechanism reduction and kinetic parameter estimation. It
should be noted that compared with traditional chemical reaction
mechanism reduction methods, Reax-Lump proposed in this work
exhibits good applicability, satisfactory chemical interpretability,
and high-efficiency mechanism reduction capability for plastic
pyrolysis systems (Supplementary Table S1). The details of the rele-
vant algorithms underlying this methodology are described in
Methods. In Results and discussion, PP is used as a case study to
perform the proposed strategy application. The final conclusions
and discussions are presented in the last section.

Methods

The Reax-Lump approach for obtaining lumped mechanisms
consists of four steps, which are shown in Fig. 1. First, a large-scale
reaction space, including detailed reactions and species for the
pyrolysis of polymer plastics, is obtained by using ReaxFF MD simu-
lation and VARXxMD analysis(?°l. To endow the final mechanism with
chemical interpretability, the SRG-Reax method is subsequently
employed, which provides a new insight into the mechanism from
the perspective of reaction classification. In the third step, the
detailed reactions are mapped onto lumped reactions by defining
rules that assign detailed species to lumped species. This further
reduces the reaction network from tens of thousands of indivi-
dual reactions to several hundred, significantly enhancing its
statistical reliability. Finally, the kinetic parameters are optimized
using a collaborative training method that combines the genetic
algorithm3¢ and the trust regionB7 optimization strategy.

ReaxFF MD simulation and reaction recognition
This work adopted PP as the representative model for polymer
plastics. The PP molecular model was constructed by Li et al.l?7],
which consists of 24 PP molecular chains (each with n = 150), with a
total atomic count of 32,448 and a density of 0.74 g/cm?3. It should
be noted that energy minimization preprocessing was performed
during the geometry optimization step to ensure a stable initial
configuration for the subsequent ReaxFF MD simulations. Accord-
ing to the Arrhenius equation, shown in Eq. (1), the determination of
the two kinetic parameters activation energy (E,) and pre-exponen-
tial factor (InA) requires fitting data from multiple temperatures that
can be from isothermal ReaxFF MD simulations, or a single heat-up
simulation with reasonable a heating ratel33]. However, conducting
numerous isothermal simulations to guarantee reliable statistics for
each lumped reaction is computationally prohibitive. To avoid the
high computational cost for extensive isothermal simulations, a
series of heat-up ReaxFF MD simulations were conducted under the
heating rates of 1, 2, 4, and 8 K/ps from 300 to 3,000 K. In addition,
our previous work also indicated that 'heat-up' simulations with a
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L. ReaxFF MD waste plastic pyrolysis simulations
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Fig. 1 Processing scheme of Reax-Lump for generating lumped mechanisms of polymer plastics based on ReaxFF MD simulations.

sufficiently low heating rate (e.g., 2 K/ps for coal and PE)[2238] proved
effective in capturing the initial pyrolysis mechanisms and the
overall evolution stages. Simulations were performed using the
Berendsen thermostat to control temperature, with a time-step of
0.25 fs under the NVT ensemble, and employing the CHO-2008 re-
active force fieldB9., Post-simulation processing, as well as the iden-
tification and acquisition of the global reaction list, were performed
using the software VARXxMDI25],

“E
Ink=—2 1InA (1)
RT

Improvement of machine learning classification
method in plastic pyrolysis

It should be noted that the reliability of SRG-Reax has been pre-
viously verified in systems such as n-dodecane and jet fuels of RP-1
and RP-310411 where the reaction types are provided in Supplemen-
tary Table S2. However, two limitations arise when applying SRG-
Reax to polymer plastic pyrolysis. First, the absence of reaction
labels specific to plastic pyrolysis leads to poor generalization and
unsatisfactory performance. Second, the difficulty in observing
pyrolysis reactions of large molecules poses a challenge in the
annotation of reaction labels. To overcome these issues, this work
developed a reaction center labeling platform, which is shown in
Supplementary Fig. S1. The platform enabled the extraction of local
reaction information from the pyrolysis reactions of large molecular
fragments. Obviously, the reaction category is determined by the
reaction center, adjacent atoms, and their neighboring functional
groups. In this work, the reaction center extraction algorithm is
adopted from Yang et al.B%, which extracts the reaction structural
information within four topological distances around the reactive
atom, where each functional group is treated as one topological
distance. The structures of functional groups considered in the
extraction of reaction centers are shown in Supplementary Table S3
and annotation rules for reaction categories are provided in Supple-
mentary Table S2. The model's performance was evaluated using
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the F;-score for multi-class classification, while leveraging a con-
fusion matrix was constructed to guide the labeling strategy and
error correction scheme.

Using the developed platform, 1,320 reaction data entries from
the pyrolysis of PP at a heating rate of 2 K/ps were labeled.
Among these entries, 924 were used for model training and 396 for
validation. As shown in Fig. 2a, when trained solely based on the
original dataset, the model achieved a mere 51% accuracy with an
F,-Score of 0.52. Performance was particularly low for reaction cate-
gories 1, 2, 5, and 23, which might be attributed to the differences
caused by molecular size. The original dataset is derived from fuel
systems of n-dodecane, RP-1, and RP-314041], where initial species
contain no more than 20 carbon atoms, whereas the polymer plas-
tic model constructed in this work contains about 300 carbon
atoms. As shown in Table 1, there is a significant difference in the
predictive performance between the initial models containing high
and low carbon number reactions. After incorporating the PP pyroly-
sis reaction dataset with 924 entries, the prediction accuracy of the
model and the F,-Score of the model on the validation set has
significantly improved, which is shown in Fig. 2b. Thus, SRG-Reax
embedded with the new PP dataset was employed for the reaction
classification of PP pyrolysis simulation results under different heat-
ing rates, to investigate the entire PP pyrolysis process from the
perspective of reaction classification.

Reaction lumping and reaction vertical merging

It is noteworthy that a key advantage of ReaxFF MD simulation is
the access to detailed atomistic species information, which gives
Reax-Lump the ability of flexible adjustment of these lumping rules
based on specific target products. Specifically, detailed species are
classified into categories including polypropylene (PP), primary
pyrolysis products of PP, heavy oil, light oil, wax, and gas (shown in
Table 2), which is consistent with those commonly adopted in litera-
ture, and compatible with downstream simulation software such
as Aspent3342, In addition, species with major typical gases (C;H,,
C,H,, CH,, H,) were analyzed separately.
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b Confusion Matrix (Row Normalized)

1 2 5 8 9 11 16 17 18 21 22 23 31 36
predicted (acc = 0.98, recall = 0.98, F1 = 0.98)

Fig. 2 Confusion matrices of the reaction classification model: (a) the model training set consists of the original dataset (n-dodecane, RP-1, RP-3); (b) the
model training set is augmented with an additional 924 data points from the PP pyrolysis dataset.

Table 1. Comparison of evaluation metrics for predictions using different validation sets and classification models.

Evaluation indicator The entire Part of the validation set Part of the validation set Prediction on \(alidation set after
validation set (reactant carbon numbers > 16) (reactant carbon numbers < 16) incorporating PP dataset

Accuracy 0.5069 0.4192 0.8001 0.9770

Precision 0.5692 0.4312 0.9125 0.9831

Recall 0.5069 0.4192 0.8000 0.9770

F,-score 0.5158 0.4212 0.8184 0.9790

Table 2. Lumping rules for the species in the PP pyrolysis process.

Number Lumped name Lumped rule Representative industrial products

1 [Ca004] > 200 PP and its oligomers
2 [C41~Cy00] 2002n>40 Oligomers and wax
3 [Cy~Cql  40=n>20 Wax

4 [Cq1~Cyl 20=2n>10 Heavy oil

5 [Ce~Ci0l 102n>5 Light oil

6 [C3~Cs] 52n23 Gas

7 C,Hg Ethane Gas

8 C,H, Ethylene Gas

9 CH, Methane Gas

10 H, Hydrogen Gas

Following species lumping, the reaction network is further simpli-
fied through reaction mapping and merging. For example, the
detailed reaction CspgHgp2 — CooH302 + Ci0H300 is mapped to [Cygo,]
— 2[C 41~Cy00l- To further reduce the reaction scale and decrease
the complexity of subsequent kinetic parameter optimization, we
performed time-scale merging on the reaction list, that is also called
vertical merging. If a product at this step acts as a reactant at the
next step, these two sequential reactions are merged into a single
overall reaction.

Lumping kinetic parameter optimization

According to the lumping rules described in Table 2, lumping
treatment was performed on the PP pyrolysis system with heating
rates of 1, 2, 4, and 8 K/ps. Among them, under the conditions of
a heating rate of 2 K/ps from 300 to 3,000 K and an analysis interval
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of 2.5 ps, a total of 19,831 reactions were detected, and these reac-
tions were lumped into 1,881 lumped reactions. Although the
dimension of the reaction space has been reduced by an order of
magnitude, it is still quite large, which is neither conforming to
the reaction scale required for lumped kinetics, nor avoiding posing
a significant challenge to the calculation of kinetic parameters.
This study achieves reaction mechanism reduction and parameter
optimization via optimization methods based on species concentra-
tion evolution. A genetic algorithm is adopted for mechanism
reduction, as it exhibits strong search capability in combinatorial
optimization problems*3l. For parameter optimization, the trust
region optimization algorithm is employed, which does not require
calculating gradients of the original optimization function and
demonstrates excellent convergence performance for complex opti-
mization problems. As shown in Eq. (2), the optimization objective
L is defined as the sum of the mean squared errors of each species
between the predicted concentrations from the final mechanism
and the species concentrations obtained from ReaxFF MD simula-
tions, where activation energy of E; and pre-exponential factor loga-
rithm of InA of each reaction serve as the optimization parameters.

N
min L(Eq,nA) = 3" ICprea(ti; Ea;n A) = Coxp (1)

m 1:0 (2)
dc(t
st % _ Z‘ F(C(t).Ea,lnA), Cltg) = C,

where, G, is the initial species concentration vector, Cex, (f;; Eq,InA)
is the predicted concentration at time t, Ce, (1) is the observed

concentration in ReaxFF MD simulation at time t. f(C(f),E,,InA)
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represents the rate law describing the reaction rate as a function of
concentration, E, and InA. Here, m represents the number of
reactions, and N represents the number of moments.

Notably, this optimization problem is characterized by three
major difficulties. Firstly, the space of initial optimization parame-
ters involves thousands of variables, which results in a high
dimensionality, leading to high computational costs and unstable
convergence. Secondly, the loss function evaluation is highly
complex, which requires integrating over the entire reaction process
to determine species concentrations. Conventional gradient-based
optimization algorithms often suffer from gradient instability in
gradient computation. Lastly, a trade-off exists between the scale
and the accuracy of the lumped mechanism. While combinatorial
optimization algorithms can handle a large-scale mechanism,
further simplification is constrained by accuracy requirements.
Moreover, the large-scale mechanism also leads to difficulties in
convergence during numerical optimization.

By leveraging the combinatorial optimization capability of GA and
the convergence stability of the trust region optimization algorithm,
this study proposes a collaborative training framework, which is
illustrated in Fig. 3. An initial estimation for kinetic parameters is
required after obtaining the lumped reaction list. A reaction kinetic
calculation formula proposed by Kroger et al.*4, which is used
successfully in elementary reactions, is introduced to estimate the
reaction rate constant (k) in this work. Subsequently, the E, of the
reactions are initialized randomly between 100-300 kJ/mol, and the
corresponding InA. is calculated by the Arrhenius equation, shown
in Eq. (2). Subsequently, shown as Step Il in Fig. 3, the original mech-
anism is optimized using an iterative loop combining GA and the
trust-region method. The mechanism reduced by GA serves as the
input for the trust-region optimization, and the output from the
trust-region optimization is fed back into the GA. This cycle ulti-
mately achieves the dual goals of reducing the mechanism's size
and enhancing its accuracy. In this work, GA is applied for mecha-
nism simplification. Each individual vector in the population repre-
sents the selection or non-selection of a particular reaction from the
full reaction list. The fitness function of Eq. (3) includes the error
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caused by concentration prediction and the penalty term for the
mechanism size.

f)=-

Coe ) x(1+&- 7 (9)) 3)

Here, 6; denotes the individual vector, and £ represents the size
penalty factor. A larger ¢ poses a stronger penalty on the
mechanism size, leading to a more reduced final mechanism.
Conversely, a smaller & relaxes the size constraint, resulting in a
larger mechanism. After a round of combinatorial optimization
using genetic algorithms, the kinetic parameters are optimized
using the trust-region algorithm. It iteratively solves subproblems to
converge toward the optimal solution. The key advantage of this
algorithm is that it does not require compution of the gradient of
the original objective function, ensuring good stability for this
question. Its loss function employs the least squares method,
defined as the sum of mean squared errors between the predicted
concentrations and the ReaxFF MD simulated concentrations, which
is shown in Eq. (4).

Z( prad(EavlnA t 0) Cexp(l) Z

N Copred(t; Eay INA) = Coxp(t
Loss(Eq.InA)= Y ( Cre = ]) e"()) @)
tO scale

It should be noted that both GA and trust region optimization
have inherent limitations. When used alone, the ability of GA to
reduce the reaction mechanism is constrained by the accuracy
requirement, while trust region algorithms struggle to achieve deep
convergence with a large mechanism scale. The novel collaborative
strategy proposed alternates cyclically between the GA and trust
region optimization, which enables simultaneous progress toward
both small mechanism size and high predictive accuracy. During
the practical optimization of the reaction mechanism model, a maxi-
mum of 20 training epochs was adopted. This threshold was
selected based on empirical observations that both the kinetics
scale and the loss for concentration prediction no longer decreases
after 20 epochs, as shown in Supplementary Fig. S2. Additional key
parameter values used in the optimization process of this work are
available in Supplementary Table S4.

Step 1T \\
evaluation selec.uon \
> A LT J=[= .y
S — = - .
VALY, h(X(1) = - = =r=a ]

Fig. 3 Schematic diagram of the collaborative training framework of Reax-Lump.
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In general, the trade-off between mechanism scale and accuracy
in lumped reaction mechanism, optimization was achieved by
proposing a collaborative training framework integrating genetic
algorithm and trust region optimization. It is a promising and simple
method, which can refine thousands of reactions obtained from
ReaxFF MD simulation into a reasonable lumped kinetic model.

Results and discussion

The Reax-Lump method proposed in this work enables the direct
extraction of lumped kinetic mechanisms from ReaxFF MD
simulations of polymer plastics. By integrating the SRG-Reax tool, it
incorporates detailed reaction classification into the mechanism,
which was applied to PP pyrolysis at four heating rates of 1, 2, 4, and
8 K/ps. A detailed analysis of this mechanism is also conducted
from the perspective of reaction classification.

Mechanism training and validation for
Reax-Lump method

Using the lumping rules in Table 2, each detailed reaction
obtained from ReaxFF MD was mapped to its corresponding
lumped reaction. Identical lumped reactions are subsequently
merged, substantially reducing the total number of unique reac-
tions. Further reduction was achieved by vertical merging on the
reaction list along the time-step dimension. As shown in Fig. 4a and
Table 3, under the reaction condition of 4 K/ps, the original list of
11,539 reactions were condensed into 801 lumped reactions after
lumping and vertical merging steps. Moreover, as shown in Table 4,
the initial reaction exhibits a low reaction frequency of approxi-
mately 1.0. In contrast, the reaction frequency increased signifi-
cantly after the application of the lumping procedure, which
improved the reliability of the data.

Figure 4b presents the variation trends of the loss function and
the reaction mechanism size during the training process, which
intuitively reflects the entire training progress. During the training
process, both the scale of the reaction mechanism and the loss
function for concentration prediction progressively reduced. In each
training cycle, the mechanism was first optimized by the genetic
algorithm and then further refined using the trust region algorithm.
The final lumped results of PP pyrolysis obtained at a heating rate
of 4 K/ps are presented in Table 5, while the lumped mechanisms

11539

1424
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Number
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trained at other heating rates are provided in Supplementary Tables
S5-57.

Figure 5a—j compares the number evolution of the 10 lumped
species during PP pyrolysis as predicted by the developed lumped
kinetic model against ReaxFF MD simulation results at heating rates
of 1, 2,4, and 8 K/ps. The embedded heat-map shown in Fig. 5k indi-
cates the coefficient of determination (R2) between the developed
model and the ReaxFF MD data for each simulation condition.
Only the R? value of the [C4;~Cyq] species at 2 K/ps falls below 0.7,
which can be improved by increasing the sampling rate of the
lumped species, enlarging the initial population size, or optimizing
the lumping rules. All other R? values are above 0.85, indicating
significant agreement between the lumped kinetic model and the
original ReaxFF MD simulations across most species and heating
rates. The lumped kinetic model successfully reproduces the overall
PP pyrolysis process obtained from the simulations and captures the
distribution of major pyrolyzes. By incorporating target products
into the species lumping rules, this approach also enables the deve-
lopment of focused lumped kinetic models tailored to desired
products.

Furthermore, the lumped kinetic mechanism was employed to

predict the vyields of small-molecular products at various
Table 3. Reaction scale after different reduction steps.
Heating Detailed Lumped . I Optimized
rate reaction reaction Verrg;ccatligr?wllfgggfn reaction
(K/ps) number number number
1 37,931 2911 1,653 18
2 19,831 1,881 1,080 19
4 11,539 1,424 801 26
8 5,986 1,269 706 27

Table 4. Changes in the average reaction frequency and loss function before
and after Reax-Lump optimization under different heating rates.

Heating  Pre-lumping Post-lumping Lossvalue  Loss value
rate average reaction average reaction before after
(K/ps) frequency frequency optimization optimization
1 1.005 13.08 1,804.8 18.6
2 1.004 7.94 1,184.4 14.87
4 1.003 7.43 1,746.0 1.28
8 1.003 4.73 472.0 0.61
' —&— loss
10° 1 scale
10° 1
;
10 1
e
00 25 50 75 100 125 150 175 200
epochs

Fig. 4 (a) Number of reactions after different steps for PP heating at 4 K/ps. (b) The optimized loss function and mechanism scale curve for PP heating at

4 K/ps.
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Table 5. Optimized lumped reaction mechanism list for PP pyrolysis at 4 K/ps.

:RDeacUon Reaction InA (karioI)
1 [Ca00+] = [C51~Cypl + 3[C41~Cyo0] 42433 326.289
2 2[Cq1~Cyol — [C51~Cyyl 41.282 164.841
3 [Ca1~Cygo] + [Ce~Cq0] — 3[C5~Cs] + [Cy1~Cygl 42,068 215.119
4 [Cy1~Cyol + CHy — [C3~Cs] + [C1~Cyol 46.783 285.703
5 [C41~Cy00] + CHy — [C1~Cyol + 2[Cy1~Cyol 37.222 112.062
6 [C3~Cs] + [Co~C40] — [C11~Cyl 34.095 60.606
7 2CH, — CHg + H, 39.102 158.663
8 [Cy1~Cyol = 2[Cq1~Cyol + 2[C3~Cs] 35.762 229.277
9 [C3~Cs] + CHg — [Co~C] 39.742 123.188
10 [C3~Cs] = CHg + CoH, 32.002 200.656
1 CoHg — CHy + Hy 37.813 257.440
12 [C3~Cs] + Hy — CHg + CH, 34.647 111.807
13 CHy +Hy, — GHg 34.698 221.893
14 CyHg + [Cg~C0] — 2[C3~Cs] 39.552 108.848
15 [Ce~Ciol = [C3~Cs] + CoHg + H, 38.843 256.380
16 [C3~Cs] + CHg — CoHy + Hy + [C3~Cs) 38.625 245.262
17 [Cq1~Cyol + [C3~Cs] + CoHg — 2[Ce~Cy0] + H, 53.427 290.191
18 [C3~Cs] + CHy — CoHg + Hy + [C3~Cs] 34486 203.009
19 [C11~Cy0l + CoHg + Hy— 2[C5~Cs] + [Ce~Cy ] 52412 188.332
20 [Cy1~Cyol = 2[Cq1~Cyol + [C3~Cs] + [Ce~Ci] 36.157 248.102
21 [C41~Cy00] = 2[C17~Cyol + [C3~Cs] + 3[C;~Cyol  34.970 217.058
+CH,
22 [C11~Cyol = 4[C3~Cs] + [Ce~Cil 34.870 175.052
23 2[C3~Cs] — 2C,Hg + 2CH, 38.653 221.624
24 2C,Hg + 2H, — 4CH, 50.683 219.295
25 2[Cg~Cyol + Hy — 4[C3~Cs] 45566 220.359
26 2[Cy1~Cyol — [C41~Cypol + [Cs~Cyp] 39.542 161.946

—:= Lump Predict 1 K/ps
»  ReaxFF Result 1 K/ps

~=  Lump Predict 2 K/ps
ReaxFF Result 2 K/ps
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temperatures under different heating rates. As shown in Fig. 6, C;,
C,, and G3~C;s fragments are methane, ethane plus ethylene, and
alkanes/alkenes containing 3-5 carbon atoms, respectively. The
molecular weight of the C3~C; fraction is taken as its average value.
The yield of C3~Cs species dominates the gaseous products, consis-
tent with the findings of Das & Tiwari*>l. The gas yield increases
continuously with temperature, indicating that decomposition reac-
tions are promoted at high temperature to enhance formation of
small molecules. At a given temperature, the total gas yield under
low heating rates is notably higher than that under high heating
rates, with the C3~Cs; fragments showing the most significant
difference. Meanwhile, the yields of total gases and the C;~C; gases
under low heating rates begin to decline when T 2,600 K. This
reversal is attributed to the secondary cracking of C3~Cs species into
smaller C; and C, fragments, which simultaneously promote their
yields. This phenomenon also couples with partial rearrangement
reactions to produce higher-carbon species of Cg~C;qand C;;~Cy.

Investigating PP cracking behavior through
reaction classification

In addition to obtaining lumped reaction kinetics shown in
Table 5 and Supplementary Tables S5-S7, more importantly, when
combined with machine learning-driven reaction classification
method of SRG-Reax, the specific reaction classes involved in each
category of lumped reactions can be identified. For example, Fig. 7
presents the distribution of reaction classes in the PP pyrolysis
system under various heating rates. The dominant reaction classes
in PP pyrolysis include C-C bond homolysis (RxC1), S-scission

~-=  Lump Predict 8 K/ps
ReaxFF Result 8 K/ps

—-=  Lump Predict 4 K/ps
ReaxFF Result 4 Kips
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Fig. 5 (a)—(j) Comparison of the predicted number of fragments between ReaxFF MD and lumped mechanisms under 1, 2, 4, and 8 K/ps heating rates.
(k) heatmap of R? for fitting between predicted and experimental concentrations of various species at different heating rates.
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Fig. 6 The yields of small-molecule gases under different temperatures
and heating rates.

(RxC2), intramolecular chain isomerization (RxC5), recombination
of C-centered radicals (RxC12), intramolecular H-shift (RxC4),
intermolecular H-abstraction by carbon radicals (RxC9), chain
cyclization (RxC31), and fS-ring opening of branched carbon radicals
(RxC23). Obviously, the cleavage of PP and its intermediates into
smaller fragments is governed primarily by C-C bond homolysis and
f-scission, with the latter being overwhelmingly dominant. The
proportion of C-C bond breaking reactions increases with the heat-
ing rate, which is attributed to the relatively long reaction times at
low heating rates, leading to small-molecule fragments to accumu-
late and initiates numerous recombinations of C-centered radicals.
Among H-transfer-related reactions, the intermolecular H-abstrac-
tion by carbon radicals (RxC9) reaction occurs most frequently,
which facilitates the unsaturated environment for subsequent
C-chain elongation reactions. Correspondingly, at low heating rates,
the relatively long reaction residence time leads to the generation of
many short-chain carbon-centered radicals, which promotes the
occurrence of carbon-centered radical recombination (RxC12)
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and chain cyclization (RxC9) reactions. Consequently, these types
of reactions all exhibit an increasing trends with decreasing
heating rates.

As shown in Fig. 5f, g, the species [Cs~C;o] and [C;,~Cyl play a
dominant role and exhibit an increasing trend in the late PP pyroly-
sis stage at low heating rates of 1 and 2 K/ps. By integrating the
SRG-Reax reaction classification, the analysis of the lumped reaction
types derived from fitting under different heating rates was
performed. Table 6 shows the reaction classes involved in the
lumped reaction of [C3~Cs] + C,Hg — [C~Cyo] under different heat-
ing rates, with the numbers indicating the count of detailed reac-
tions in each category. It can be observed that at a low heating rate,
the total number of lumped reactions from [C3~C;s] to [Cs~Cy] is
significantly higher than that at high heating rates, particularly for
the recombination of C-centered radicals (RxC12). This explains the
reason that the yield of [C4~C,o] does not decrease markedly in late
stages at 1 and 2 K/ps. The number of cyclization reactions (RxC31)
at heating rates of 1, 2, and 4 K/ps are 15, 2, and 4, respectively,
which indicates that cyclization is more favorable under slow heat-
ing conditions.

Additionally, the increased radical pool at a low heating rate also
promotes H-transfer related reactions of RxC4, RxC9, and RxC11. In
terms of reaction proportion, as the rate decreases from 4 to 2 K/ps,
the proportion of RxC12 reaction increases with the rise in C-radical
concentration. When the rate further drops to 1 K/ps, the concentra-
tions of both C- radicals and H-related active intermediates continue
to increase, resulting in high proportions of cyclization reactions and
H-transfer related reactions compared to 2 K/ps, which confirms that
cyclization is more favorable under slow heating conditions, and the
cyclization reaction is accompanied by a large number of H-transfer
reactions.

As shown in Fig. 5g, the yield of [C;;~C5,] species shows a signifi-
cant increasing trend during the late pyrolysis stage (T = 2,400 K) at
a heating rate of 1 K/ps. This phenomenon was analyzed from the

1 K/ps
2 K/ps
4 K/ps
8 K/ps

Ring related reactions
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Fig. 7 The distribution of the total 29 reaction classes obtained from ReaxFF MD simulation by using SRG-Reax at different heating rates.

Table 6. Numbers and ratios of the top five detailed reaction types for the lumped reaction: [C3~Cs] + C,Hg — [Ce~C;l-

Heating rate RxC4 RxC9 (inter-molecular

RxC11 (H radical

RxC12 (recombination RxC31 (chain

Ea (kJ/mol) InA

(K/ps) (intra-molecular H-shift) H abstraction by C) addition to C) of C radicals) cyclization)
1 22 (2.37%) 31(3.34%) 83 (8.93%) 778 (83.7%) 15 (1.61%) 150.03 42.03
2 7 (1.64%) 22 (5.15%) 24 (5.62%) 372 (87.1%) 2 (0.468%) 138.04 40.63
4 3(1.69%) 10 (5.65%) 15 (8.47%) 145 (81.9%) 4(2.25%) 123.19 39.74
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perspective of the variation of reaction categories with the stages of
the reaction process by using the SRG-Reax method. Most of
[C11~Cyl species are olefins and alkanes in light oils, and a small
number of cycloalkanes and aromatic hydrocarbons appear at high
temperatures, which is provided in Supplementary Fig. S3.

In addition, the dynamic profiles of a specific species during PP
pyrolysis are analyzed by examining the evolution of the proportion
of reaction classes with temperature. Figure 8a shows the number
evolution of C,H, with temperature under different heating rates,
and Fig. 8b shows the ratio of f-scission (RxC 2) reactions to C-C
bond homolysis reactions across temperatures and heating rates. It
is observed that the initial formation temperature of C,H, decreases
with decreasing heating rate, which aligns well with the tempera-
ture range in which the ratio of S-scission to C-C bond homolysis
reactions increases significantly in Fig. 8b. Moreover, Fig. 8a indi-
cates that low heating rates promotes C,H, formation, which is also
corroborated by the phenomenon that a lower heating rate
promotes a higher ratio of S-scission to C-C bond homolysis. It is
inferred that a lower heating rate prolongs the reaction residence
time per unit time at a given temperature, and results in more
complete cracking.

Figure 9 displays the proportion of reaction types among all reac-
tions related to [C;;~Cy] at different temperature stages within
1 K/ps. As shown in Fig. 9a, the initial stage of 1,750-2,100 K is domi-
nated by C-C bond homolysis (RxC1) and f-scission (RxC2). These
two reaction classes cause PP and its primary cracking products
([Cy004+] fragments) to decompose into low-molecular-weight frag-
ments of [C4~Cygol, and [Cy1~Cyl, that initially accumulate, and
then decrease as they continue to undergo RxC1 and RxC2 reac-
tions. Meanwhile, the formation of [C;;~C,,] fragments and a small
amount of [C;~Cs] components are observed, leading to the increas-
ing trend of [C;;~Cy] species.

Accordingly, during the middle stages of 2,100-2,500 K (Fig. 9b),
cracking reactions of RxC1 and RxC2 remain dominant by reactions
of. Particularly, a notable increase in hydrogen abstraction reactions
(RxC9) raises the concentration of carbon-centered radicals, favor-
ing a higher proportion of RxC2 and a lower proportion of RxC1.
Correspondingly, the yields of [C;;~C5] and [C3~Cs] components

Progress in Reaction
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decrease with temperature during this period (Fig. 5¢, g). In the late
stage (Fig. 9¢), the proportion of RxC12 reactions increase signifi-
cantly alongside a greater diversity of reaction types. Moreover,
the increased proportions of hydrogen addition, abstraction, and
transfer reactions (RxC9, RxC4, RxC5, RxC11) as well as cyclization
reactions (RxC31) contribute to the conversion of low-carbon frag-
ments to [Cy;~Cy]. The increase in the proportion of cyclization
reactions can be corroborated by the rise in the number of rings
in the late stage (Supplementary Fig. S3). Therefore, in summary,
the enhancement of recombination and cyclization reactions
collectively contribute to the increase in [C;;~Cy] yield in the late PP
pyrolysis stage. Therefore, the reaction lumping method, when inte-
grated with the reaction classification strategy, not only can lump
thousands of reactions and species into a manageable kinetic model
suitable for downstream reactor simulations, but also reveals the
specific reaction types encapsulated within each lumped reaction.
This provides critical support for identifying the dominant reaction
mechanisms responsible for the formation of different desired
products.

Conclusions

This work proposes the Reax-Lump method, an automated
approach for the extraction of lumped reaction mechanisms for
polymer plastic pyrolysis from large-scale ReaxFF molecular dynam-
ics simulation results. To address the critical challenge of balancing
mechanism reduction and predictive accuracy, a collaborative train-
ing optimization scheme was developed based on genetic algo-
rithm and trust-region method. This strategy iteratively refines the
mechanisms iteratively refines the mechanism by alternating
between scale reduction and kinetic parameters optimization,
significantly reducing the dimensionality of the reaction mecha-
nism while ensuring its prediction accuracy for polymer pyrolysis. In
addition, by building a labeled database for PP pyrolysis reaction
categories, this work extends the applicability of the SRG-Reax
method to the PP systems, and successfully realized the combina-
tion of the Reax-Lump method and the SRG-Reax method.
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The effectiveness of Reax-Lump was evaluated by comparing
the predicted results of 10 lumped species against the original
ReaxFF MD simulation results across four heating rates. The average
coefficient of determination (R?) for different species of 0.956
demonstrates the reliability of the lumped mechanism extraction
scheme proposed. Moreover, the classification accuracy of the
SRG-Reax for PP pyrolysis increases from its original 51% to 97.7%,
indicating its promising role in classifying complex reactions. By
integrating species lumping, reaction classification, and kinetic
collaborative optimization, the lumped kinetic models for PP pyroly-
sis at 1, 2, 4, and 8 K/ps were constructed. These models comprising
10 species and approximately 20 lumped reactions are chemically
interpretable, with each lumped reaction assigned to its specific
reaction classes, which explains the evolving trends of [C3~Cs] and
[C11~Cy0l yields.

The Reax-Lump method provides an automated, integrated work-
flow for constructing interpretable and compact pyrolysis mecha-
nisms from ReaxFF MD data. Although demonstrated here for PP
pyrolysis, the method is readily extendable to other single- or multi-
component polymer plastic systems. Importantly, once calibrated
with experimental data, the pyrolysis mechanisms generated by

Page 100f 12

Reax-Lump are promising for use in downstream reactor modeling,
which is promising for practical applications in predicting product
distributions for polymer plastic pyrolysis.

It is notewothy that although validated for successful olefin poly-
mer systems, the current method cannot be directly extended to
systems containing heteroatoms beyond C, H, and O, as SRG-Reax
lacks the capability to accurately classify the corresponding reaction
classes. Furthermore, due to inherent differences between ReaxFF
MD simulations and experiments, the lumped kinetic mechanism
obtained here is not directly applicable to numerical simulations.
The current lumping strategy also relies solely on carbon and hydro-
gen number, without incorporating species reactivity or industrial
requirements. Future work will focus on redefining SRG-Reax reac-
tion labels and constructing dedicated training datasets to extend
classification capability to more complex polymer systems. Prior
to numerical simulation integration, the lumped mechanisms will be
calibrated against experimental data or literature. A universal
template library will also be developed to enable flexible, targeted
species lumping based on industrial needs or target species of
interest.
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