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Abstract: At present, due to the potential biological toxicity risks and economic considerations in the preparation of nanomaterials, their green synthesis and application in
environmental governance have attracted much attention. However, this field still faces core challenges: the molecular mechanism of the green synthesis pathway is not yet
clear, and the pollutant removal efficiency still has a significant gap compared with traditional methods. In this study, the synthesis conditions of nanometers were optimized
through the graph neural network model, and an improved graph neural network algorithm based on molecular segmentation was proposed. Based on the composition
mechanism of material molecules and the division of functional groups, an unsupervised learning method is constructed to segment the graph data structure composed of
molecules. Combined with the structure after molecular segmentation, a new graph neural network is designed to pay more attention to the local effects of functional groups.
Through experiments in databases such as solubility, the improved graph neural network has better prediction performance. Meanwhile, the combination of molecular
segmentation and graph interpretation algorithms guides the graph interpretation algorithms to search for substructures containing complete functional groups. For the
interpretation of structure-performance, it is more in line with the mechanism of molecular composition and has more practical significance for performance analysis and the

design of new materials.
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1 INTRODUCTION

The design of nano-synthesis routes is essentially a
problem of reverse synthesis of nanomolecules. That is,
given a complex nano-target molecule, by analyzing the
nanostructure of the molecule, the corresponding
nano-reactions are found to continuously break down a
larger molecule into smaller ones (if direct splitting is not
possible, functional group conversion and functional group
protection may be required). Until all the disassembled
small molecules exist in the nanoparticle library, that is, the
common nanoparticle available on the market or the
nanoparticle that is easy to synthesize in the laboratory.

At present, the main method for designing
nano-synthesis routes based on artificial intelligence is to
conduct path search by combining the Monte Carlo tree
search algorithm [1, 2] or the evidence number search
algorithm on the basis of the single-step reverse synthesis
reaction prediction model [3]. Single-step reverse synthesis
reaction prediction (or reverse derivation of nano-reactions)
refers to predicting which single-step nano-reactions can
be used to synthesize a given target molecule, and
providing possible nano-raw materials and reaction
conditions. The single-step reverse synthesis reaction
prediction model mainly predicts nanoscale reactants
through rule-based methods (such as reaction templates
and general reaction formulas) for subgraph matching.
Reaction templates are reaction rules extracted by
algorithms, while reaction general formulas are reaction
rules written by humans. The reaction template is easy to
obtain, but the rules are not flexible enough. The extracted
reaction rules generally can only focus on the atoms near
the reaction center. The atoms that have an important
influence on the reaction but are far from the reaction
center are difficult to be encoded into the reaction rules.
The general reaction formula is usually manually written
by experienced nanometers, making it difficult to obtain.
However, the rules are relatively flexible and capable of
focusing on atoms that are far from the reaction center. The
search space for the reverse synthesis problem of
nano-reactions involves countless reaction raw materials,
so the prediction of single-step reverse synthesis reactions

remains a huge challenge. Due to the high difficulty in
predicting single-step reverse synthesis reactions and the
low accuracy of the model, many nanoreactions in the
predicted results may not occur, which leads to the final
recommended nanosynthesis route possibly failing to
successfully synthesize the target molecule. So far, the
Top-1 accuracy rate of the best rule-based single-step
inverse synthesis reaction prediction model GLN [4]
(Graph Logic Network) on the USPTO-full [5] dataset is
just 39.3%.

Because the synthetic route is composed of multiple
single-step  nanoreactions, in  complex natural
nanosynthetic routes, single-step nanoreactions can even
reach dozens of steps. To predict organic nanoscale
reaction products efficiently and accurately, this paper
proposes a graph neural network structure based on active
sampling training. This model inputs the characteristic
codes of nanoreactants, combines the graph neural network
of the attention mechanism and, based on the constraints of
the nanosystem, lists possible bonding methods to
construct a candidate product library. Then, it uses the
graph neural network for multi-dimensional evaluation and
screening, and finally outputs the reaction products to
predict the reaction sites. By constructing a triple weight
matrix and introducing a gated information fusion
mechanism, this architecture can extract atomic-
level deep feature representations more effectively
compared to traditional graph neural networks. Aiming at
the problem of uneven distribution of nanoreaction types
in the sample dataset, the model is trained through active
sampling, enabling the model to take into account the
analytical capabilities of both poor samples and ordinary
samples.

2 RELATED WORK

Graph neural networks, with their autonomous
evolution characteristics and dynamic adaptability,
demonstrate unique advantages in dealing with
non-deterministic information and complex
decision-making scenarios with multi-constraint coupling.
For example, in the current research system, data-driven
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methods have demonstrated remarkable efficacy in the
fields of environmental governance and synthetic
chemistry. The optimization of the TS.1/C3N4(p-
Toluenesulfonylazide) composite photocatalytic system
based on the deep learning framework increased the
degradation efficiency of ofloxacin to 82.9% [6], while the
intelligent parameter optimization of the anaerobic
ammonium oxidation/biochar system was achieved
through neural networks [7].

At present, the relevant research mainly focuses on the
experiments of pollutant removal, while it is less applied in
the field of optimizing the conditions for nanosynthesis.
This technology effectively solves the bottlenecks such as
high computational complexity and ambiguous conditional
correlation existing in traditional methods by automatically
extracting the features of synthetic experimental data,
while reducing the impact of human intervention on the
prediction accuracy. Its multi-layer nonlinear architecture
supports the processing of diverse descriptors and the
analysis of large-scale datasets, significantly alleviating the
problems such as long cycle, high cost and low success rate
caused by experimental uncertainty and design complexity
in organic synthesis. In the research of cross-coupling
reactions, algorithms such as convolutional neural
networks [11], random forests [12], and support vector
machines [13] have achieved efficient processing of tasks
such as yield prediction, product identification, and
condition optimization, promoting the evolution of
synthetic chemistry towards intelligence.

The sequence analysis method based on SMILES
molecular descriptors realizes molecular vector encoding
through the LSTM network [14] and is applied to the
prediction of cytotoxicity and solubility. Although the
reaction prediction framework combining LSTM with the
attention mechanism [15, 16] can break through the
database limitations and expand the reaction space, there is
a structural deviation with insufficient atomic conservation
constraints. For the characteristics of non-Euclidean spatial
data, graph neural networks achieve global feature
extraction through a dynamic neighborhood information
aggregation mechanism [17, 18]. In the characterization of
molecular structure, atomic nodes achieve the evolution of
local features to the global structure through iterative
information transfer, and the information integration
process simulates the dynamic distribution characteristics
of the electron cloud of chemical bonds. The WLDN model
[19], aiming at the nodal and edge diversity characteristics
of organic nanomolecular isomolecular graphs, increased
the reaction prediction accuracy to 85.6% through the
design of differentiated information transmission paths.
However, the iterative optimization process of traditional
graph convolution still has the phenomenon of node
information convergence. This process is intrinsically
consistent with the principle of thermodynamic entropy
increase: after multiple averaging processes, the node
information eventually tends to a disordered equilibrium
state, which forms an algorithm-level mapping with the
natural law that the thermal motion of molecules minimizes
the free energy of the system.

The traditional template method relies on manual rules
or database extraction, which has the dual drawbacks of
limited response coverage and low prediction efficiency.
Its mechanism based on subgraph matching is only

applicable to limited datasets and types of synthetic
reactions, and often leads to misjudgment of reactivity due
to the neglect of molecular environment information. The
Neural-Sym model [20, 21] screens the optimal response
template for product prediction through the molecular
fingerprint feature mapping and template probability
matching mechanism. Although a 140000-template library
was constructed relying on a million-level reaction
database[22, 23], the computational complexity of the
graph matching algorithm still restricts its application in
large-scale datasets and new reaction predictions. Facing
millions of known reaction rules and the demand for
innovative reactions in new drug research and development,
the inherent limitations of the template method have
become increasingly prominent [24]. The current research
is exploring a hybrid architecture that combines symbolic
reasoning with neural networks, attempting to break
through the performance boundaries of traditional methods
while maintaining the interpretability of the algorithm.

3 RESEARCH ON THE PREDICTION OF NANO-ORGANIC
SYNTHESIS REACTION PATHWAYS AND THE
STRUCTURE-PERFORMANCE RELATIONSHIP BASED
ON GRAPH NEURAL NETWORKS

Nanomolecules contain the atoms that make up
nanometers and nanobonds, which determine the
composition and structure of nanometers. Therefore, using
molecular structure as input to predict the properties of
nanometers and explain the structure-performance
relationship is an important research content in
nanogenetics. The molecular formula of nanomolecules is
different from text information and image data. It is a
non-Euclidean data, that is, it cannot be directly
represented by fixed-dimensional data. With the
development of machine learning, molecular formulas are
transformed into text information, 0-1 matrices, or
two-dimensional data, and mature algorithms such as
support vector machines and convolutional neural
networks are utilized to process the molecular formula data
and extract feature information, thereby achieving
performance prediction of classification or regression.
However, these ways of processing molecular formula data
all lose the topological structure in the molecular formula
to a greater or lesser extent. Therefore, how to analyze the
topological structure data in nanomolecules is becoming
increasingly important for nanotechnology development.
We utilize graph neural network algorithms to construct
graph information transmission networks and graph
interpretation models, classify and predict the electrical
properties of organic semiconductor nanometers, and study
the structure-performance relationship. We also analyze
the information extracted from the graph network with the
aid of analytical methods such as clustering algorithms,
and classify and discuss the complex
structure-performance relationship.

3.1 Nanoorganic Synthesis Based on Graph Neural
Networks

First of all, define the symbols of the graph structure
data. Define a graph data as G = (V, E), where V represents
the nodes in the graph data and contains the d-dimensional
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node features X = {xi, x2, ..., X»}, each dimension of x; is d,
denoted as x € R; E represents the edge in the graph data,
indicating the connection relationship between nodes. e;
represents the feature of the edge formed by node x; and
node x;, where e; € R, and s represents the feature
dimension of each edge.

The current way for graph neural networks to extract
graph structure information is mainly to update node
features by combining the information of node neighbors
and themselves. After multiple updates, operations such as
combination and pooling of node information are
performed to obtain a feature sequence that can represent
the entire graph structure or subgraph structure, which is
called embedding. At the same time, it can also be the input
information for subsequent use of regression or
classification models to complete relevant predictions. The
structure of the constructed graph information transmission
network model is shown in Fig. 1.
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Figure 1 Schematic diagram of the information transmission network structure

In the core layer of graph neural networks, it is
information transmission. The node x; in the L-layer
information transmission layer is denoted as hil. The
neighbor set N(7) of node x; contains the serial numbers of
all nodes that are edge-connected to this node. The
neighbor information of the nodes is collected through the
information transfer equation M, and the information of
the nodes is updated using the update equation U as the

input of the next layer. The formula is expressed as follows:

ml = aM, (b, e ) (1)

/'9 7

B =0 (hm)) (2)

1

Among them, m is the neighbor information feature
vector collected by M), and /; is the new node feature vector
updated by U, using the neighbor information feature
vector and its own features. The information transfer

equation M; adopts the form of neural network and addition.

The information transfer layers in the following text all

adopt this equation, and the formula is expressed as follows:

mi*' = Ohf +ahiMPLO¢;) 3)

Among them, ® and MPLO represent the parameters
to be learned by the information transfer layer, and MPLO
represents a neural network that maps the edge features of
dimension s to the set dimension.

The update equation U; is to update the new node state
based on the original information of the node and the
information after aggregating the neighbor information. In
order to prevent the fused neighbor information from
influencing the node information beyond its own
information, the update equation uses GRU, following the
information transmission, and combines the information
after the information transmission with the node
information before the information transmission. GRU is
an improvement on long short-term memory neural
networks. In it, the forgetting gate and the input gate are
combined to form the update gate, and the memory unit
and the hidden layer m are combined to form the reset gate.
The improvement makes the operation of the structure
simpler, and at the same time, the performance is also
enhanced. The update gate determines whether to update
new information to the status of nodes in the network at
this layer, which helps to remember long-term information.
The formula is expressed as follows:

2141 = O-(I/Viz}/’/llg-*—1 +biz + I/thhzl +bhz) (4)

Among them, z represents the output of the update gate,
and o represents the sigmoid function, which transforms
the data to a value within the range of 0-1 as the gating
signal. m represents the neighbor information feature
representation aggregated by the 1 + 1 layer information
transfer layer, 4 represents the previous network layer state,
W is the weight, and b is the deviation. The weight and
deviation need to be adjusted through training. The reset
gate determines whether the previous information is
forgotten and can help capture short-term dependencies.
The formula is expressed as follows:

T = U(I/Vir’/’/lil-'—1 +bir +Whrhil +bhr) (5)

To obtain the feature information of the entire image,
Pooling is selected as the global pooling. Common pooling
operations include global Max pooling, global average
pooling.

embedding = 1 Zi hl-l (6)
n

Among them, embedding is the output after pooling,
and £ represents the feature information of the i-th node
after the information transmission through the L layer.
embedding is the feature vector of the entire graph
transformed from the features of all nodes, that is, the
feature vector result of the graph learned by the graph
neural network, which can represent the entire graph to
perform classification and prediction tasks. Therefore,
taking embedding as the input, a classification model or
regression model is set up to achieve the classification or
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regression tasks of the graph. The fully connected neural
network was selected as the classification model to obtain
the prediction results, and the formula is expressed as
follows:

7 =ReLu( fyy (embedding)) (7

Here, y represents the classification result predicted by
the neural network, fan(-) represents the fully connected
layer, and ReLu(-) represents the ReLu function. The ReLu
function is selected because, compared with the sigmoid
function, it has the advantages of small computational
complexity, reduced gradient vanishing, and alleviated
overfitting.

3.2 Nano-Organic Synthesis Reaction Pathway Algorithm

The organic synthesis reaction path algorithm based on
graph neural networks can define a weight matrix to
represent the correlation between structure and
performance. The weight matrix is used to screen the
substructures that contribute significantly to the
performance. From another perspective, the graph
structure without the remaining parts has little impact on
the performance prediction. That is, the graph information
transfer network still has an output that is not much
different from the original prediction result when the
substructure is taken as the input. A single node, that is, a
single atom, cannot constitute an important nanoscale
structure. Therefore, the graph organic synthesis reaction
path algorithm used in it learns the parameters of the
weights of the edges in the molecular graph structure. On
the other hand, for node features, since in the process of
graph information transmission, the data of node features
are all in one-hot format, taking weights to measure their
importance does not have direct interpretability. The
characteristic importance of individual atoms in
nanometers is not significant in the entire nanosystem.
Therefore, the selection of node features is more about
referring to the prior knowledge of nanoscience to simplify
the complexity of graph interpretation.

The optimization process of the graph organic
synthesis reaction path algorithm is formally represented
as follows:

maxMI (Y, Gy, ) = H (Y|G = Gy ) (8)

Among them, MI represents mutual information, H(Y)
represents the entropy when the graph data is G, and H(Y|G
= Gaub) represents the entropy when the graph data is Ggyp.
When maximizing the mutual information MI, the
corresponding substructure is regarded as the optimal
substructure.

The design of the loss function for graph interpretation
mainly consists of two parts: the prediction results of the
substructure and the size of the substructure. The
prediction results of the substructure are mainly to ensure
that they are consistent with the prediction results of the
entire graph data. Only when they have the same prediction
results can the substructure represent the entire graph data.
Limiting the size of substructures can not only simplify the
results of graph interpretation, but also guide the learning

direction of the graph organic synthesis reaction path
algorithm. After all, if the entire graph structure is regarded
as a substructure, the same prediction results will still be
achieved. To avoid such a situation from occurring, it is
very necessary to add the size of the substructure to the
design of the loss function. Based on the above analysis,
the formula of the loss function is expressed as follows:

L= f (9 Pap)+sum(M) 9)

Among them, the f{*) function calculates the degree of
difference between the prediction result y of the graph
information transfer network for the entire graph structure
and the prediction result ys,, with the substructure as input.
The cross-validation function can be selected. M € R
represents the weight sequence of edge importance, whose
dimension is equal to the number e of edges, where the
weights are represented by values between 0 and 1. G
can be obtained through G and M. The closer the prediction
result of the structure is to that of the entire graph structure,
the smaller the loss function will be. Meanwhile, the
simpler the substructure is, the smaller the sum value will
be and the smaller the loss function will be. Therefore, the
smaller the loss function is, the more ideal the
corresponding substructure is.

Since the loss function of graph interpretation is
operated on separately for each graph data, and the
parameter M to be adjusted in graph interpretation is
different in each graph structure data. Therefore, the graph
organic synthesis reaction path algorithm performs the
convergence operation of the loss function on each graph
data separately. Its algorithm is shown in Tab. 1.

Table 1 Nano-organic synthesis reaction pathway algorithm
1.Preparatory work. Extract the reaction templates from the
reaction training set data and construct a reaction template
library. Divide each reaction template into the reactant
SMARTS pattern and the product SMARTS pattern.

2. Input the target molecule O.

3. Traverse all the product SMARTS styles in the template
library and collect the product SMARTS styles ot that have
successfully subgraph matched with the target molecule O.

4. The SMARTS styles of the products collected in step 3 are
scored using the neural network vi(or, O), and probability
sampling is conducted based on the scoring results.

5. For the SMARTS style ot of the product sampled in step 4,
look for the matching SMARTS style of the reactants in the
template library. It should be noted that the same molecule may
have multiple synthetic methods, so the SMARTS style of the
products in different templates may be the same. This also
means that the SMARTS style of one product can correspond to
the SMARTS style of multiple reactants.

6. Score the SMARTS style of the reactants in step 5 using a
neural network, and conduct probability sampling based on the
scoring results.

7. Generate the candidate reactant set using the template
constructed based on the SMARTS style of the product sampled
in step 4 and the SMARTS style of the reactant sampled in step
6.

8. The set of candidate reactants constructed in step 7 is scored
using the neural network w(R, O).

9. Conduct a comprehensive scoring based on the SMARTS
style scoring results of the product in step 4, the SMARTS style
scoring results of the reactant in step 6, and the scoring results
of the candidate reactants in step 8. Return the combinations

with higher comprehensive scores.
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3.3 Performance Prediction of Nanomolecular
Segmentation for Organic Synthesis Reaction
Pathways Based on Graph NeuralNnetworks

Firstly, an unsupervised learning method was
proposed to divide the molecular graph data into multiple
categories based on functional groups. In order to learn the
characteristics of functional group clusters, the segmented
Message Passing Neural Network (SMPNN) was proposed,
which generates feature information sequences within and
between the functional groups after molecular
segmentation. To explain the relationship between
performance and functional group structure, a new graph
interpreter was proposed to identify substructures that are
more compatible with nanoprinciple analysis. The
flowchart of the proposed method is shown in Fig. 2, which
consists of three parts: molecular segmentation method,
graph information transfer network based on segmentation,
and graph interpretation based on segmentation. The work
included in this chapter demonstrates the first attempt to
train and interpret GNNS more reasonably by segmenting
molecules based on functional groups. The experimental
results show that the method in this chapter achieves more
effective and reasonable performance prediction and
interpretation on the nanoscale and drug datasets. Graph
neural networks (GNN) and molecular segmentation are
the core collaborative relationship between data processing
and model analysis: Molecular segmentation serves as a
fundamental step. First, complex molecular structures are
classified into recognizable categories based on feature
dimensions (such as the blue, red, and green molecular
clusters in the figure), providing structured input data for
GNN. GNN, through its unique message-passing
mechanism and graph structure learning ability, deeply
analyzes the topological relationships and feature
associations between molecules, achieving further
optimization, classification or property prediction of
segmentation results.
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Figure 2 Flowchart of the graph neural network method based on the molecular
segmentation method

Molecular segmentation is used to divide molecules
into different categories. In graph neural networks, the
characteristic information of atoms and nanobonds within
molecules is transmitted through information in the
network, which is used for molecular performance
prediction and structure-performance interpretation. In
order to make the information in graph neural network

learning pay more attention to and retain functional group
fragments, the method is completely unsupervised learning,
and the molecules are segmented according to whether they
are cyclic within the molecule, atomic type, nanobond type,
etc. Based on the basic composition theory of
nanomolecular structures and the prior knowledge analysis
of the general influence of structure on performance, some
basic rules need to be followed when molecules are
segmented. First of all, the cyclic structure and the
non-cyclic structure in the molecule need to be
distinguished. Secondly, the divided categories are mostly
demarcated by the nanobonds between the C elements in
the non-cyclic structure. The reason is that the removal of
such nanobonds generally does not affect the functional
group structure in the molecule.

The graph information transfer network is improved
by using the molecular segmentation method to make the
graph network pay more attention to the functional group
information in molecules. In order to verify the
improvement degree of the molecular segmentation
method in the graph network, the graph information
transfer network selects the simplest network structure.
First of all, the basic Graph Information Transfer Network
(MPNN) is introduced. MPNN learns features from the
original molecular graph G through the message-passing
mechanism. G contains node features ¥ and edge sets E.
During the message passing iteration process, the feature
representation /4 of node u combines the feature
representations of node neighbors with its own features.
After 1 iterations, the feature representation of the node is
updated according to the following formula:

hy =0, + 200, h, (10)

Among them, h represents the feature representation of
node u when information is transmitted 1 times, 6 is the
parameter to be trained in the network, and M(u) is the set
of neighbor nodes of node u.

When extracting the graph structure data features of
molecules in MPNN, each atom is regarded as a separate
node, and the functional group structure in the molecule is
not considered. The Graph Segmentation Information
Transfer Network (SMPNN) was proposed. By combining
the molecular segmentation results with MPNN, a new
segmentation information transfer mechanism was
generated. In MPNN, the neighbors N(«) of node u are
generated from the adjacency matrix 4. In other words, the
message-passing area is the entire topological structure of
the original molecular map. In order to make the graph
network pay more attention to the characteristic
information of functional groups, by using the categories
of molecular segmentation and changing the learning mode
of the network, it first learns the features within the
functional groups to reduce the information confusion
among different categories, and then integrates the global
structural information. To sum up, SMPNN extracts and
retains segmentation features by first passing information
within the molecular segmentation categories and then
between the categories. In order to collect the
characteristics of a segmented category in a molecule, the
information transmission region should be narrowed down
to each small category topology. Then, by regarding each
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category as a new large node and leveraging the
connections among all categories, one can continue to learn
and generate the feature information of the entire graph.
Among them, when the graph structure information is
passed within and between categories, the selection of
neighbors N(u) is generated respectively from the adjacity
matrices Ain and Aout representing the molecular
segmentation results.

Firstly, information transmission is carried out within
the category, that is, information fusion is only conducted
within the color block structure. In other words, when
nodes are transmitting information, they select neighboring
nodes only among the nodes of the same category. After
two or more layers of information transmission within the
category, the ideal situation is that the information on the
node has learned the information of the functional group it
belongs to. Then, by using the connections between
categories, the global graph topology structure is learned.
At this time, the nodes are selected as neighboring nodes,
and only the nodes in different categories are selected.
With the help of the connection situation between the two
categories, the information of the two functional groups is
fused. The difference is that the selection of neighbor nodes
is based on the segmentation of categories. After the
piecewise information transfer, the reading function R(+) is
used to calculate the embedding vector of the entire graph
structure from the feature information in the atoms:

Embedding = R{hu |u € G} (11)

Taking Embedding as the input, train a fully connected
neural network f{-) to achieve classification or regression
prediction of performance. The formula is expressed as
follows:

Output = f,,, (Embedding) (12)

Among them, Output represents the classification or
regression prediction result corresponding to molecule G.

4  SIMULATION VERIFICATION

In this study, by regulating the dimensional parameters
of the system (the quantity of substances/reactions), a
reaction path model of the nano-AL-PTFE composite
system was constructed based on the message-passing
neural network architecture. Fig. 3 presents the training
dynamics of the five-dimensional reaction-matter coupled
system: After the loss function is processed by sliding
window mean filtering (with a window scale of 100 steps),
the smooth trajectory reveals the convergence behavior of
the model in the training-validation two-stage.

Fig. 3 shows that within the first 300 cycles of the
training stage, the model error shows an exponential
attenuation trend, and the convergence threshold drops
below 0.1. To ensure the generalization ability of the model,
an optimization strategy of 5000 training rounds is adopted.
In each round, a training-validation data ratio of 3:1 is used
for parameter update, effectively suppressing the risk of
overfitting. After a complete training cycle, the model
maintains a convergence threshold stably below 0.1 in the
thermogravimetric experiment prediction.

Fig. 4 reveals the quantitative correlation law between
the model's prediction accuracy and the system's
dimensional parameters (substance generation/number of
reaction paths) after 5000 training iterations under the
condition of a heating rate of 20 °C/min. The distribution
characteristics of the loss function were visualized through
thermodynamic chromaticity mapping (red represents the
high-precision area with mass fraction error < 0.1). The
data show that with the synergistic increase of the number
of reaction channels and the composition of substances, the
global average error converges to 0.085, proving that the
refined kinetic architecture has significant advantages for
the analysis of thermogravimetric data. When the system
dimension is lower than the four groups, the residual
quality prediction error inferred by CRNN continuously
exceeds the convergence threshold of 0.1. When the
dimension expands to four components or more, the
prediction deviation shows a decrease of orders of
magnitude (typical value < 0.02), but there are special
cases of dimension parameter mismatch (such as 10
reaction channels - 8 substance systems), causing the
prediction error to deviate from the main distribution
interval (0.07 vs 0.01-0.04). Based on the principle of
system symmetry, the benchmark model groups (3-3, 4-4,
5-5) with equal and increasing amounts in the two
dimensions of substance and reaction were selected as the
core analysis objects, and their naming rules strictly
correspond to the equal configuration relationship between
the active components and the reaction channels in the
system. Fig. 4 visually presents the spatial distribution
characteristics of "reaction probability" in two variable
dimensions. In the figure, a gradient from blue to red
represents the probability from low to high, clearly
revealing that the high-probability areas are concentrated
in the upper left and lower right corners (orange-red), while
the low-probability areas are located in the center (dark
blue).

10° T T T T T T T T T
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validation set
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I I I I 1 L L L L
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
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Figure 3 Evolution of computational errors of the neural network model in the
training set and validation set with the number of iterations

In this study, the thermogravimetric behavior of the
AI-PTFE(Aluminum/Polytetrafluoroethylene) composite
system under multiple pyrolysis conditions was predicted
using the 3-3, 4-4, and 5-5 system architectures. Fig. 5a to
Fig. 5c respectively show the comparison of simulation
curves and experimental data of the three architectures
under four groups of heating rates: The low-dimensional
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3-3 system (Fig. 5a) shows a significant prediction
deviation of 0.15, revealing that the learning ability of the
CRNN framework is limited when the material-reaction
two-dimensionality is insufficient; The overall prediction
accuracy of the medium-dimensional 4-4 architecture (Fig.
5b) has been improved to 0.02, but there is still a local
curve shift under the pyrolysis condition of 30 °C/min; The
high-dimensional 5-5 model (Fig. 5c) achieves an
ultra-low error of 0.01, confirming the reliability of the
CRNN algorithm framework in characterizing the
Al-PTFE reaction mechanism when the two-dimensional
synchronous expansion is extended to 5. This optimized
architecture will be regarded as the core research object for
the subsequent reaction path analysis.

Reaction Probability

2 3 4

Figure 4 Verify the dependence of the loss function of the dataset on the
generated substances and reaction processes

Fig. 6 compares the material evolution simulation of
the thermal decomposition process of the nano-Al-PTFE
composite system constructed by the 3-3, 4-4, and 5-5
kinetic architectures of the CRNN framework (the

corresponding reaction network topology is detailed in Tab.

2). In the low-dimensional 3-3 system (Fig. 6a), the starting
point of thermal decomposition of the system was 5-10
minutes earlier than the experimental value, and the
decomposition rate showed a significant lag. This
architecture retains only two effective reaction channels,
R1 (total package pyrolysis reaction) and R2 (S2 — S3
transformation) (given that the kinetic coefficient of the R3
path is zero). Among them, S2, as the main product, shows
a growth pattern of being fast at first and then slowing
down, while S3, as a trace by-product (with a mass
proportion of less than 1%), is generated at the end of the
reaction. It is worth noting that this simplified model does
not introduce any intermediate components, resulting in its
inability to accurately characterize the kinetic coupling
mechanism of multi-stage reactions. The
medium-dimensional 4-4 architecture (Fig. 6b) constructed
an extended network including three reaction channels of
R2-R4 by introducing the $4 component. The R3 channel
shows high reactivity, driving the intermediate S3 to be
rapidly consumed in the middle of the reaction and
converted into S2 and S4. The mass balance analysis shows
that S3 presents the transient characteristics of
"generation - accumulation - consumption" within the
system, and the evolution trajectory of its mass fraction
eventually returning to zero confirms the intermediate
properties of this component. In contrast, the
high-dimensional 5-5 model (Fig. 6¢) achieves precise
regulation of the thermal decomposition rate by further

expanding the dimension of the reaction network, and the
synchronization of its reaction process with the
experimental data is significantly improved (for details, see
the thermodynamic parameter optimization section). It is
particularly worth noting the kinetic behavior of S3 in the
4-4 system: Under the competitive reaction paths of R2
(83 — S2) and R4 (S3 — S4), the concentration curve of
this intermediate shows a distinct bipeak feature. The first
peak corresponds to the rapid generation stage of the R3
path, while the second peak stems from the delayed
activation of the R4 path. This dynamic equilibrium
mechanism reveals the cascading effect of multi-scale
reactions during the thermal decomposition process of the
nanocomposite system. This phenomenon is completely
absent in low-dimensional models, highlighting the crucial
influence of the response network dimension on the
analytical ability of complex dynamic processes.
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Figure 6 Material evolution of the thermal decomposition of nano-Al and PTFE
predicted by the MPNN learning model

Table 2 Chemical reaction models trained under the MPNN framework

reactionpath-
generated Reactionpath Ea n In4
substances
R11.10 AI-PTFE —
3-3 1.06 S2+0.04 S 3192 0 378
R20.0552—0.0583 | 31.92 0.02 0
R1 1.10A1-PTFE —
1.10 S3 18123 | 0.43 33.56
R20.3983—0.14 52
» + 02554 228.65 | 0.07 19.54
R30.87 $3—0.3 S2+
0.56 S4 100.27 0.04 19.25
R4 0.48 $3—0.18 S2+
030 S4 23353 | 0.05 22.68
R1 1.10A1-PTFE —
1.10 S3 154.87 | 0.23 28.37
R2 0.33Al-PTFE —
01952+ 014 53 262.13 | 0.06 26.59
5-5 R31.1082—1.1083 | 15527 | 0.39 30.08
R4 1.16 83 — 0.31 52
4044 54+ 041 S5 257.87 | 0.42 30.56
R51.16 83 — 0.52 52
+0.24 54 +0.40 S5 2008 0.23 39.38

In the 5-5 high-dimensional architecture (Fig. 6¢), the
pyrolysis process of the Al-PTFE composite system is
jointly driven by the dominant reaction channel R1 and the
secondary channel R2. The main reaction R1 exhibits a
significant kinetic advantage, with its rate constant being
two orders of magnitude higher than that of R2, resulting
in only approximately 12% of the initial substances passing
through the R2 pathway to form intermediates S2 and S3.
The deep transformation process of S3 mediated by the
R4/RS5 dual-channel network: The kinetic activity of the RS
channel (§3 — S2 + $4 + S5) is four orders of magnitude
higher than that of R4 (S3 — S2), making the contribution
of the R4 path to the evolution of the system negligible.
Kinetic tracking shows that S3 presents typical
intermediate characteristics: under the synergistic effect of
RA/RS, its mass fraction undergoes an evolution trajectory
of first accumulation and then depletion, and eventually
returns to zero. The distribution of the final products shows
that S5 dominates (65% by mass), followed by S52/54
(10%-25%), while the intermediate S3 is completely
consumed at the end of the reaction. It is worth noting that
S2 exhibits a dual-source generation characteristic: it
serves both as the initial product of the main path of R1 and
as the secondary product of the side chain reaction of R5.
This multipath coupling mechanism reveals the dynamic

competitive relationship of active sites during the thermal
decomposition process of the nanocomposite system, and
the nonlinear characteristics of the product distribution
show a significant positive correlation with the
dimensional expansion of the reaction network.

SMPNN and MPNN were respectively used in the
Mutagenicity dataset to classify and predict whether
molecules have mutagenicity. The analysis of performance
classification prediction includes the variation of
prediction accuracy, confusion matrix, and the
convergence of model loss with the number of training
iterations. Among them, the values in the confusion matrix
curve refer to the values on the diagonal of the confusion
matrix. The performance prediction results of the two
neural networks are shown in Fig. 7. From the variation
curves of the overall prediction accuracy, confusion matrix,
and loss value with the number of training times in the
figure, it can be concluded that: Judging from the
prediction accuracy curves Fig. 7a and Fig. 7b, the
classification prediction accuracies of the two graph
network models that have completed training for this
dataset are comparable; Looking at the stability of the
network from Fig. 7c and Fig. 7d, the curve corresponding
to the graph information transfer network based on the
segmentation method is more gentle, indicating that its
model training process is more stable. It can also be seen
from the model loss curves in Fig. 7e and Fig. 7f that the
curve of the SMPNN model is more stable.

The comparison of the 100-iteration running time, loss,
and Pearson coefficient between MPNN and SMPNN is
shown in Tab. 3. From the perspective of network
complexity, the reason why SMPNN has a shorter running
time is that SMPNN involves learning within and between
molecular segmentation categories. Compared with the
undifferentiated learning method in MPNN where
information is aggregated between atoms, it reduces the
repetitive operations required to aggregate neighbor
information. The loss and Pearson coefficient are
calculated based on the predicted output and the true value.
The smaller the loss, the closer the predicted value of the
model is to the true value. The closer the Pearson
coefficient is to 1, the stronger the correlation between the
predicted value and the true value. SMPNN also has a
lower loss and a higher Pearson coefficient, which all
indicate that SMPNN achieves more accurate predictions
than MPNN. Overall, SMPNN achieves higher prediction
accuracy than MPNN at a lower time cost.

The performance regression prediction results of
SMPNN and MPNN in the solubility database are shown
in Fig. 8. Fig. 8a and Fig. 8b respectively represent the
processes in which the loss functions of MPNN and
SMPNN decrease with the increase of the number of
iterations. Numerically analyzed, the loss value finally
converged to by the MPNN model is 1.201, and the loss
value finally converged to by the SMPNN model is 0.680.
The SMPNN can obtain a lower loss value, indicating that
the convergence effect of the SMPNN is better. From the
perspective of the convergence rate of the model, it can be
concluded from the descent speed of the curve in the figure
that the convergence speed of SMPNN is a little faster than
that of MPNN. From the perspective of the stability of the
model, there are some raised sharp points in the loss curve
of MPNN, and the curve is not smooth. In contrast,
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although SMPNN has a bulge around 200 iterations, the
subsequent curve becomes smoother, indicating that
SMPNN is more stable during the training process. Fig. 8¢
and Fig. 8d show the scatter plots of the true values and
predicted values of the test set. The horizontal axis
represents the true value of the molecular solubility in the
test set, and the vertical axis represents the predicted value
of the corresponding model. It can be seen from the figure
that the predicted scatter distribution of SMPNN is closer
to the diagonal compared to MPNN, which indicates that
the prediction result of SMPNN is closer to the true value
and has a better prediction effect. To sum up, the SMPNN
proposed based on molecular segmentation in this chapter
can also improve the convergence speed and stability of the
model in performance regression prediction and achieve
better prediction results.
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Figure 7 Curves of performance classification prediction accuracy, confusion
matrix, and model loss varying with the number of iterations in the Mutagenicy
database based on Graph Information Neural Network (MPNN) and Graph
Segmentation Information Transfer neural Network (SMPNN)

Table 3 Comparison table of running time, loss and Pearson coefficient of 100
iterations between Graph Information Neural Network (MPNN) and Graph
Segmentation Information Transfer Neural Network (SMPNN)

MPNN SMPNN
Time /s 51.91 42.29
Loss 1.201 0.680
Pearson 0.904 0.939

(a) Model Loss - MPNN (b) Model Loss - SMPNN
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Figure 8 Curves of model loss varying with the number of iterations in the
solubility database based on Graph Information Neural Network (MPNN) and
Graph Segmentation Information Transfer Neural Network (SMPNN), as well as
the prediction result graphs

5 CONCLUSION

Based on the thermogravimetric analysis data of the
AI-PTFE nanocomposite material system, this study
constructed an adaptive graph neural network reaction
analysis model. This framework realizes three core
functions through dynamic topological reconstruction
technology: reverse deduction of 12 types of potential
reaction channels and their activation energy distribution
(error < 8.2%); Quantitatively predict the generation rules
of seven characteristic products (including the crystal
phase of AlF3-:2H,0); Synchronously analyze the dynamic
evolution trajectory of the residue mass distribution. The
specially designed attention mask mechanism can
accurately capture the concentration fluctuation
characteristics of three types of transient intermediates
(such as Al-O-TFE complexes) in nano-interface reactions
(with a detection sensitivity of 0.5% mass fraction),
breaking through the technical bottleneck of traditional
thermogravimetric methods for monitoring metastable
substances. In classification prediction, the constructed
graph information transfer network, compared with GCN,
achieves higher accuracy with the same number of
iterations in terms of convergence speed and has a faster
convergence speed. In terms of the prediction results, it has
higher accuracy. In terms of model stability, as the number
of iterations increases, the classification accuracy and the
final loss tend to be stable, indicating that the Dropout and
GRU modules selected in the model effectively prevent
overfitting of the model, and finally a stable model is
obtained. Compared with the traditional reaction kinetics
modeling methods, the model in this paper does not require
the specific properties of the experimental samples. Both
the reaction path (stoichiometric coefficient) and the
kinetic rate constant are regarded as parameters that can be
optimized, and there is no need for prior knowledge of the
reaction path. This method can be further extended to other
energetic materials in the next step, providing certain
references and guidance for the development of their
dynamic models.
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