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A B S T R A C T

Rapid development in 5G and electronic appliance fields places higher demands on the dielectric, thermal and 
mechanical properties of materials. Dielectric materials with excellent comprehensive properties have become an 
urgent need of the times. Emerging machine learning techniques could greatly accelerate the discovery of high- 
performance dielectric materials. However, it remains unknown whether traditional 2D fingerprints or de
scriptors can extract molecular structure information more completely. In this study, data on four types of 
properties of polyimide (PI), including dielectric constant, glass transition temperature, tensile modulus and 
coefficient of thermal expansion, were collected to construct a deep learning model-COMFO to explore polyimide 
dielectric materials with excellent comprehensive performance. Our COMFO model could extract the key feature 
information in the molecule from three perspective learning tasks as well as process and learn them. Specifically, 
the three learning tasks include extracting the feature information in the SMILES sequence using a large language 
model, the bidirectional encoder Transformer; extracting the information about the atoms and bonds of polymer 
molecules from molecular graph using the Attentive FP network; and extracting the information about the 
substructures of polymer molecules through molecular fingerprints. The multi-perspective feature extraction task 
gave our model a more excellent performance (R2 > 0.90). The performance of the model was confirmed by 
various ways, including experimental validation, MD simulation validation, and comparison with 12 other 
models. Design guidelines for low dielectric constant PIs were discovered by monomer structure analysis. High- 
throughput virtual screening of 158,022 unknown PIs was performed and three PIs with excellent comprehensive 
properties (especially dielectric properties) were identified. MD and DFT approaches verified and analyzed the 
properties of these three potential high-performance PIs. In the future, this research could also contribute to the 
forward development of materials in other fields.

1. Introduction

In recent years, with the rapid development of electronic appliance 
fields and the advent of the 5G era, materials with excellent dielectric 
properties, good heat resistance, and high mechanical strength have 
attracted extensive attention [1]. In order to adapt to the development of 
the industry, these excellent materials need to possess some key prop
erties, such as high glass transition temperature (Tg) and tensile strength 
(TM). In addition to this, the materials were also required to have low 
linear coefficient of thermal expansion (CTE) and dielectric constant (ε) 
when applied to electronic packaging and 5G signal transmission [2]. 
The commonly used dielectric materials in traditional research were 

glass, ceramics and their composites [3,4]. However, compared with 
polymer dielectrics, these traditional materials have the disadvantages 
of high dielectric loss, poor flexibility and difficult processing. 
Currently, commonly used polymer dielectric materials in the 5G era 
included polypropylene [5], polyphenylene sulfide [6], polycarbonate 
[7], and polyethersulfone [8]. Electronic appliances might experience 
heat generation during use and the processing temperature of these 
materials might also exceed 250 ◦C during primary fabrication. There
fore, the selected polymer dielectric materials should have good heat 
resistance, with glass transition temperatures of at least 300 ◦C or higher 
[9]. However, none of these commonly used polymer materials could 
overcome the problem of high-temperature tolerance faced by the 
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material during processing and use. Therefore, high heat-resistant and 
low dielectric polymer materials have become an urgent need for the 
development of the times.

As a potential high-performance engineering material, polyimide(PI) 
has good mechanical properties, excellent heat resistance (Tg > 300 ◦C), 
and outstanding solvent resistance due to its rigid imide groups and 
strong intermolecular interaction forces [10]. Owing to its superior 
overall performance, PI was widely used in many fields such as flexible 
display [11], aerospace, gas separation [12] and fuel cells [13]. How
ever, the dielectric constant of PI was relatively high, which greatly 
restricted their development in the field of 5G and microelectronics. 
Polyimides were usually synthesized by polycondensation of dianhy
drides with diamines or diisocyanates. The multivariability of the 
monomer structure made for flexibility in molecular design. Through 
the design of the molecular structure of monomers and the combination 
between monomers, many polyimides have been designed for different 
demand situations [14,15]. For example, introducing trapezoidal and 
twisted spirocyclic units into the monomer could effectively reduce the 
stacking of PI molecular chains and thus improve its air permeability 
[16]. However, there was often a "constrained" relationship between the 
properties of polyimide materials [17]. Moreover, the synthesis of 
conventional polyimide materials has been a trial-and-error process that 
has always relied on empirical explorations, so it could be a lengthy 
endeavor to obtain a PI dielectric material with excellent comprehensive 
performance.

Fortunately, the development of computational simulation and ma
chine learning techniques has brought a new light to this work. The use 
of computational simulation, including molecular dynamics simulation 
(MD) and density functional theory (DFT) could quantitatively establish 
the complex relationship between polymer structure and properties 
[18]. In addition, the MD and DFT methods could interpret the polymer 
structure from the microscopic scale such as molecular free volume, 
intermolecular interactions etc. and thus guide the design of molecular 
structures [19]. Currently, a number of studies have applied MD and 
DFT to predict and analyze the key properties of polyimides [20,21]. 
However, while the computational simulation approach could alleviate 
the challenges of conventional material design to some extent, its 
time-consuming computational cost also limited its exploration within 
the broader polymer chemistry space [22]. It was worth noting that the 
computational accuracy of MD and DFT remained reliable, and the use 
of a combination of experiments and MD/DFT to validate the ML find
ings was a highly promising approach to materials design. In recent 
years, machine learning (ML) and deep learning (DL) techniques have 
received increasing attention in the field of materials design. It was an 
efficient method driven by data from traditional experimental tests or 
computational simulations. Researchers could rely on this technique to 
establish quantitative structure-property relationships of polymer ma
terials [23,24]. The computational speed of machine learning was much 
faster than experimental and computational simulations. Moreover, 
since the training of machine learning was based on a large and rich 
material structure-property database, the obtained conclusions were 
more widely generalized than computational simulations.ML and DL 
have been successfully applied to the prediction of polymer properties 
such as glass transition temperature (Tg) [25], cutoff wavelength, and 
gas separation [26]. For example, Wang et al. [16] successfully pre
dicted the gas separation properties of PI using active learning tech
niques combined with MD. Due to the limited database of gas 
separation, they built up the data with the help of MD simulation on one 
hand, and on the other hand, in order to save the cost of calculations 
they chose the FFV and AVS, which are highly correlated with the per
formance and selectivity of gas separation, as a substitute to perform the 
calculations. Finally, after 8 rounds of active learning training, they 
screened out several high-performance PI membranes, and used MD to 
verify the conclusions drawn. All the previous studies have proved the 
huge potential and unstoppable development trend of machine learning 
technology in the field of material science.

Feature extraction is a key aspect of polymer machine learning, and 
the effectiveness of the extraction is one of the decisive factors in the 
performance and generalization ability of the model. At present, there 
are many kinds of feature representations, such as molecular finger
prints, molecular graphs, descriptors, etc., which have different focuses 
when extracting polymer molecular information. However, it was still 
unknown whether these feature extraction methods with different fo
cuses could extract the hidden information in the polymer molecular 
structure more completely.

In this study, we collected data on four types of properties of poly
imide, including dielectric constant (ε), glass transition temperature 
(Tg), tensile strength (TM) and linear coefficient of thermal expansion 
(CTE), and constructed a deep learning model-COMFO to explore pol
yimide dielectric materials with excellent comprehensive performance. 
Our COMFO model could extract the key feature information in the 
molecule from three perspective learning tasks as well as process and 
learn them. The feature extraction tasks from these three perspectives 
included extracting feature information in SMILES sequences using a 
large language model, the bidirectional encoder Transformer; extracting 
information about atoms and bonds of polymer molecule from molec
ular graph using an Attentive FP network; and extracting information 
about the substructure of polymer molecule through molecular finger
prints. The multi-angle feature extraction task gave our COMFO model 
an even better performance. The performance of the model was 
confirmed by various ways, including experimental validation, MD 
simulation validation, and comparison with 12 other models. Finally, a 
high-throughput virtual screening of 158022 PIs was performed and 
three classes of PIs with excellent comprehensive properties (especially 
dielectric properties) were identified. MD simulations and DFT calcu
lations further validated and analyzed the properties of the three PIs.

2. Methods

2.1. Data preparation

In this study, we focused on four types of properties of polyimide, 
including dielectric constant (ε), glass transition temperature (Tg), 
linear coefficient of thermal expansion (CTE), and tensile modulus (TM). 
Structure-property data for 875 PIs were collected from 109 relevant 
papers (see Table S1 for source literature), constituting dataset A.(Note: 
The PI dielectric constant data collected in this study were mainly from 
research on flexible displays, batteries and high performance materials, 
where the thickness of the material was between 5 and 100 μm. The 
influence of thickness on the distribution of electric field in the material 
and the polarization effect is quite weak under this thickness, and the 
dielectric properties of the materials in this range depended more on 
their molecular structure than on their thickness.)The related data dis
tribution was illustrated in Fig. 1c and d. The specific steps for data 
collection and cleaning were as follows: 

(1) Structures of polyimides were collected from the literature;
(2) The structures of PI with number-average molecular weight (Mn) 

> 6000 g/mol and weight-average molecular weight (Mw) >
10000 g/mol were screened;

(3) ChemDraw 19.0 software was used to draw the repeat units of the 
PIs (to indicate the presence of bonds at the linkages of the repeat 
units, we denote them with *);

(4) Convert the repeat units of PI into SMILES characters uniformly.
(5) Considering the influence of different testing instruments and 

testing methods on the properties of the final PI, we took the 
mean value of the properties of the repetitive data and deleted the 
repetitive structures (See Note S6 for more detailed data 
collection).

In order to screen potential high-performance PIs from a larger 
polymer chemical space, we collected a series of real existing diamine, 
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dianhydride, and diisocyanate monomers from the PubChem database 
and constructed 158022 PIs (screening space) based on the two types of 
synthesized modes of PIs (Fig. 1a). Fig. b shows the distribution of the 
158022 unknown PIs and the PIs of dataset A in chemical space. Ac
cording to the UMAP plot, the unknown PIs uniformly occupied a larger 
chemical space compared to dataset A, indicating the rationality and 
effectiveness of the constructed screening space.

2.2. Feature extraction

This study aimed to construct an integrated deep learning model- 
COMFO, which was based on taking the simplified chemical language 
SMILES as input. The complete framework of the COMFO model con
sisted of 1) 3 major feature extraction, 2) feature integration, and 3) 
model training and prediction. In the first step of feature extraction, we 
utilized the SMILES language as input to construct three learning tasks 
for molecular information extraction. The SMILES-based feature 
extraction task was designed to extract the feature information con
tained in SMILES sequences using a large language model, the molecular 
graph-based feature extraction task was designed to introduce the 
Attentive FP network to extract the information of atoms and bonds 
embedded in the molecular graph, and the molecular fingerprint-based 
feature extraction task was designed to extract the information of sub
structures in polymer molecules.

2.2.1. SMILES-based feature extraction task
The SMILES-based feature extraction task was based on the recently 

released Self-Supervised Learning (SSL) platform [27], which was built 
on millions to billions of datasets. The bidirectional encoder Trans
former (BET) implemented the self-supervised learning. The BET model 
contained an attentional mechanism, which allowed it to capture the 

hidden information in the SMILES sequence more accurately. Previous 
autoencoder models contained two layers, the encoder and the decoder. 
The encoder aimed to read the information and convert it into a latent 
space representation, while the decoder was used to convert the repre
sentation into a target probability distribution. The purpose of this study 
was only to extract the embedding information from SMILES using the 
DL model, thus the BET model consisted of only Transformer-based 
bidirectional encoders, which greatly reduced the training time of the 
deep learning model.

The BET model contained 8 Transformer encoders, each of which in 
turn consisted of a fully-connected feed-forward layer with an embed
ding size of 1024 and a self-attention layer with a header of 8. The 
learning strategy of the BET model was to inferentially reproduce real 
masked SMILES pairs by self-supervised learning of unmasked SMILES 
pairs, thus achieving the goal of understanding the information 
embedded in the SMILES language. To construct real SMILES pairs and 
masked SMILES pairs, 61 symbols with special materialized meanings 
were inserted into the SMILES sequence input to the BET model. The 
maximum sequence length was required to be 256, and the head and tail 
of the SMILES sequence were supplementally set to ’<s>’ and ’<\s>’ 
symbols, respectively. Therefore, if the input SMILES length was over 
256, it was deleted, and the shortfall was replaced with ’<pad>’ sym
bols. The embedding dimension of each symbol was 512. 15 % of the 
symbols in the SMILES were extracted for masking process during 
training, which 80 % were masked, 10 % were without change, and the 
remaining 10 % were done with random replacement. The model was 
trained using Adam as optimizer, 0.1 as weight decay and with 0.0001 as 
maximum learning rate. The fully trained BET model could provide new 
DL-based fingerprints for downstream prediction tasks. In this study, we 
use a BET model pre-trained based on the ChEMBL database to extract 
the feature information of SMILES sequences with an extracted feature 

Fig. 1. (a) Two synthesis routes of PI; (b) UMAP plots of unknown polymers versus dataset A; (c)–(d) Plots of data distributions for four predicted properties.
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embedding dimension of 512 (Fig. 2b).

2.2.2. Molecular graph-based feature extraction task
To extract the hidden information in the molecular structure based 

on molecular graphs, we introduced the Attentive FP network proposed 
by Xiong et al. [28]. Compared with the traditional GNN model, the 
introduction of the graph attention mechanism makes it easier to learn 
the atomic and molecular property information contained in the mo
lecular graph in depth. The SMILES characters input to the model were 
first converted into molecular graphs using the RDKit package, which 
mainly composed of atomic feature matrices and bond feature matrices 
(see Tables S2–S3 for the definition rules). Since the task of this part was 
only to extract the embedding information based on the molecular graph 
using the Attentive FP, the model only consisted of the input, Attentive 
and readout layers, and the readout information was not considered for 
the time being to be fed into the regression model for training. The input 
layer reads the input molecular graph information. In the Attentive 
layer, we introduced two Attentive FP convolutional layers to extract the 
atomic features of the input molecules, and the initial number of neuron 
nodes was set to the default value of 300. The readout layer, also known 
as the pooling layer, with the number of layers of 1, was used to read out 
the molecular embedding information extracted by the graph-attention 
mechanism. In this study, we use the output of the pooling layer as the 
molecular graph-based embedding feature information (Fig. 2c).

2.2.3. Molecular fingerprint-based feature extraction task
MorGan fingerprints were used as an algorithm for fingerprint 

feature extraction. Compared to physicochemical descriptors, MorGan 
fingerprints were dynamic in the sense that they could change their 
recognized substructures and connectivity information between repeat 
units in response to changes in the input data. Inspired by the work of 
Yang et al. [29] and in order to minimize the information loss during 
fingerprint recognition, we focused on the frequency information of the 
occurrence of each substructure during the iteration of the MorGan al
gorithm. The improved MorGan fingerprint(IMF)not only recognized 
the presence or absence of substructures but also recorded the frequency 
of occurrence of the already existing substructures. The initial iteration 
radius of the MorGan fingerprint used in this study was set to 2. When 
the IMF was calculated, we then used two major methods, the variance 
test method and RF-based feature importance scores, to train and adjust 
the output IMF feature dimensions. The molecular fingerprints them
selves could be fed into the regression model for training, but we set up 
two more control groups to determine whether model should be further 
employed to extract the IMF fingerprint information. Control group 1: 
IMF fingerprints were extracted using the LSTM model; Control group 2: 
IMF fingerprints were extracted using the model FFNN model. The 
readout feature dimensions of the FFNN and LSTM models were still 
consistent with the original IMF fingerprints (Fig. 2a).

Fig. 2. Three major feature learning tasks. a) molecular fingerprint-based feature learning task; b) SMILES-based feature learning task; c) molecular graph-based 
feature learning task.
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2.3. COMFO model development

2.3.1. COMFO model construction
After the embedding features were extracted from each of the three 

major feature learning tasks mentioned above, the role of the integrated 
module was to merge these embedding information. In this module, we 
adopted vector splicing to integrate these embedding information. The 
integrated features would be fed into the pooling layer for further 
average pooling. Finally, the features read out from the pooling layer 
would be input into the fully connected layer for training to construct 
the regression model (COMFO) (Fig. 3). A total of four fully connected 
layers were constructed, each of which was connected to a normaliza
tion layer and an activation function (ReLU), respectively. According to 
the different extraction methods of molecular fingerprints, three types of 
COMFO models were constructed, namely, COMFO_ORI, COMFO_FFNN 
and COMFO_LSTM. Among them, COMFO_ORI was the model built by 
using the original fingerprints, COMFO_FFNN was the model built by 
using the molecular fingerprints extracted from the FFNN model, and 
COMFO_LSTM was the model built by using the molecular fingerprints 
extracted from the LSTM model.

A ratio of 7:3 was used to divide the training set and test set of the 
model during training. The global random seed is set to 42. The 
batch_size was set to 30, the shuffle was set to Ture, and the dropout was 
set to 0.3. The Adam optimizer was used, the initial learning rate was set 
to 0.0001, and the weight decay was set to 0.000001. The initial number 
of iterations was set to 501. The COMFO model was built based on the 
Pytorch library. Meanwhile, to check the model performance, we also 
built three comparison models based on scikit-learn library, including 
DNN, RF and XGBoost respectively. The coefficient of determination 
squared (R2), root mean square error (RMSE), mean absolute error 
(MAE) and mean absolute percentage error (MAPE) were used to 
comprehensively evaluate the performance and generalization ability of 
the models.

2.3.2. Training and hyperparameter optimization of COMFO models
In the feature extraction module of molecular fingerprints, we 

mainly adjusted the parameters such as the iteration radius of IMF fin
gerprints and the dimension of output features. In the feature extraction 
module of molecular graph, to prevent overfitting, we fixed the number 
of layers of Attentive FP convolutional layers to 2, and mainly adjusted 
the number of nodes of its neurons as well as the feature embedding 
dimension of the readout layer. To simplify the parameter adjustment 
process, the output feature embedding dimensions of these two types of 
learning tasks were set to the same value and adjusted synchronously. 
Due to the complexity of deep learning model hyperparameter tuning, 
the hyperparameters of all models were not set arbitrarily but were 
randomly selected based on a large amount of parameter selection 
experience from previous studies (The hyperparameter adjustment 
process was shown in Fig. S2). The learning rate, weight decay and the 
number of iterations for model training were gradually scaled up from 
the initial values based on the predicted properties.

2.4. Simulation details

To validate the prediction of the model, four properties namely Tg, 
CTE, ε and TM were calculated by molecular dynamics simulation in this 
study. The molecular dynamics simulation was carried out by using the 
Forcite module in Material Studio software. The model building process 
was as follows: 1) firstly, a PI molecular chain with 20 repeat units was 
built and geometrically optimized; 2) a cubic simulation Cell was built 
using the Amorphous Cell module. The number of PI molecular chains in 
the Cell was 10 and the initial density was 0.1 g/cm3. The constructed 
Cell needs to be continued for dynamic equilibrium (see NoteS1 for 
detailed steps).

The free volume fraction (FFV) and cohesive energy density (CED) of 
the three types of PIs were calculated with the MD method. The elec
trostatic potential (ESP) and the HOMO-LUMO orbitals of the repeat unit 
were calculated with the Dmol3 module.

Fig. 3. A framework for the COMFO model.
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3. Results and discussion

3.1. Performance of COMFO models

In this study, we have focused on four PI properties, i.e., Tg, TM, 
CTE, and ε. By comparing the three types of COMFO models as well as 
adjusting the parameters of the initial learning rate, weight decay and 
the number of iterations for model training, we trained structure- 
property relationship models for each property (see Table S4 for the 
hyperparameter statistics of each optimal model).

Fig. 4a–d and Table 1 show the performance of the four properties 
prediction models on the training set and test set, respectively. The re
sults show that most of the property prediction models have R2 higher 
than 0.90. Among them, the optimal model for Tg prediction was 
COMFO_FFNN, whose R2 on the training/testing set was 0.982/0.915. 
The highest MAE, RMSE, and MAPE of this model were 13.542, 17.723, 
and 5.015, respectively, on the training or testing set, which indicated 
that the Tg prediction model that we built had excellent performance. 
Otherwise, the optimal models for TM, CTE and ε prediction had R2 of 
0.936/0.876, 0.975/0.918 and 0.971/0.903 on the training/testing set, 
respectively. Combined with the performance evaluation indexes of 
RMSE, MAE and MAPE of each model, the results showed that the 
COMFO model built for four types of property prediction in this study 
has excellent performance and good generalization ability. To verify this 
conclusion, we built three comparison models based on scikit-learn li
brary, such as DNN, RF and XGBoost respectively. The glass transition 
temperature (Tg) is a comprehensive indicator of polymer performance, 
which could reflect the polymer’s rigidity, mechanical properties and 
heat resistance to a certain extent. The dielectric properties of polymers 
are also closely related to their rigidity. Therefore, to simplify the 
number of training times for the model, in this study we only built the 
comparison model with Tg predictions as a representation. In terms of 
feature representation, we compared four commonly used molecular 
fingerprints/descriptors for each model, i.e., MACCS fingerprints, ECFP 
fingerprints, IMF fingerprints, and RDKit descriptors. The hyper
parameters of DNN, RF and XGBoost models were determined using 
Bayesian optimization. Fig. 4e shows the performance of each compar
ative model and the three types of COMFO models. The results showed 
that the three types of COMFO models performed significantly better 

than the remaining 12 comparison models, the R2 of most COMFO 
models were higher than 0.90. This was mainly due to two reasons. a) 
Feature extraction was one of the most important factors in determining 
the performance and generalization ability of the polymer machine 
learning model. Our COMFO model established three feature learning 
tasks, including learning the information contained inside SMILES se
quences using the large language model-BET, learning the information 
of atoms and bonds contained inside molecular graphs using the 
Attentive FP network, and extracting the information of substructures 
contained inside polymer molecules through molecular fingerprints. The 
multi-perspective learning tasks have enabled our model to extract the 
information contained in the molecular structure more broadly. b) The 
key feature information extracted from these learning tasks was inte
grated by vector splicing. And this was not a simple feature integration, 
to further enable the model to learn this integrated information and 
prevent overfitting, we did average pooling of this integrated 
information.

The output layer of the COMFO model before exiting was used as its 
integrated fingerprints. To further examine the ability of COMFO model 
to extract molecular features, we compared the integrated fingerprints 
extracted by the COMFO model with the three commonly used feature 
representations (MACCS fingerprints, ECFP fingerprints, and RDKit de
scriptors) through feeding into DNN and XGBoost model. Fig. 4f shows 
the results of the performance comparison between the integrated 
fingerprint and the three commonly used feature representations. The 
results showed that the RMSE of the DNN and XGBoost models built 

Fig. 4. a)-d) Training set performance plots for Tg, TM, CTE and ε prediction models; The predicted ε value was at the temperature of 298K. e) Performance of 
COMFO model vs. other models; f) Performance of COMFO fingerprints vs. other fingerprints.

Table 1 
Performance of the test set of four property prediction models.

Property Model R2(train/ 
test)

MAE 
(train/ 
test)

RMSE 
(train/ 
test)

MAPE 
(train/ 
test)

Tg COMFO_FFNN 0.982/ 
0.915

6.445/ 
13.542

8.805/ 
17.723

2.426/ 
5.015

TM COMFO_ORI 0.936/ 
0.876

0.154/ 
0.139

0.184/ 
0.190

8.133/ 
6.369

CTE COMFO_FFNN 0.975/ 
0.918

2.303/ 
3.707

3.367/ 
5.198

7.027/ 
8.579

ε COMFO_LSTM 0.971/ 
0.903

0.026/ 
0.044

0.044/ 
0.078

0.899/ 
1.488
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based on COMFO fingerprints was the lowest, ECFP was the second 
highest, and MACCS performed the worst. Table 4 shows the results of 
comparing the performance of single embedded fingerprints combined 
with the full connectivity layer model and that of the COMFO model 
based on the complete integrated fingerprint. All these comparisons 
fully demonstrated the rationality and excellent performance of our 
established multi-angle feature extraction strategy.

3.2. Validation of COMFO models

We selected three real existing PIs and calculated their Tg, TM, CTE 
and ε by MD simulation to further examine the performance of the 
COMFO model. Notably, our MD simulation approach has been vali
dated with five PIs reported in the literature. The values of the four 
properties of these five PIs have been tested in full (the molecular 
structures of the five PIs, and the results of the comparison between the 
tested values and the MD simulation values were shown in Table S5 and 
Fig. S3), and the results indicated that our MD simulations fitted well 
with the literature-reported values. Fig. 5 exhibited the property values 
of the three real PIs calculated by MD simulations. The properties of 
these three PIs have not been fully reported, but we aimed to employ the 
validated MD to further test the performance of the COMFO model. ML 
has predicted the four property values of the three types of PIs in full. 
Table 2 showed values of ML predictions and MD simulations for the 
four properties of the three PIs, and the results showed that the errors 
between ML predictions and MD simulations for the four properties were 
still within reasonable limits.

Considering that there was still a difference between the MD simu
lation and the ML prediction, we found that the error of the Tg predic
tion was relatively minimal and the Tg test was relatively convenient 
because the sample did not need to be made into a specified shape. 
Therefore, we synthesized these three PIs experimentally and measured 
their Tg values by DMA in a nitrogen atmosphere at a heating rate of 

5 ◦C/min (see NoteS2 and Fig. S1 for the synthesis details of the PIs and 
the test results), and the results showed that our MD simulations and ML 
predictions were in very good agreement with the experiments. There
fore, our COMFO model and MD simulation approach were reliable. In 
addition to this, we also tabulated and compared this research work with 
the previous research results (Table S9), and the results showed that the 
performance of our model is still superior.

3.3. Discovery and analysis of high-performance PIs

When the models with excellent performance have been established, 
we would prefer to search for potential PIs with excellent comprehen
sive performance by means of high-throughput virtual screening. The 
Tg, TM, CTE and ε of 158022 PIs in the screening space were predicted 
using the final trained COMFO model. Due to the competition between 
multiple properties and the complexity of multi-dimensional spatial 
screening, here we have established a three-dimensional design space 
with Tg, TM and ε only, as shown in Fig. 6a. Also to analyze the ease of 
synthesis of potential PIs, we introduced SAscore values [30] (see 
NoteS3 for the concepts and calculations). The SAscore values of 1–10 
sequentially indicated a hierarchy of compounds synthesized from easy 
to difficult. Each point in the 3D space represented one PI, and the color 
was mapped to the SAscore value.

In Fig. 6b, we visualized monomers of the top 20 PIs with low 
dielectric constants. This figure showed the most frequent monomer 
structures of dianhydrides, diamines, and diisocyanates in PIs with low 
dielectric constants. Among the top monomers, fluorine-containing 
monomers (A4, A5, B1, B3) and aliphatic ring-containing dianhydrides 
(A1, A2, A3, A5) were common low-dielectric-constant units, which was 
consistent with the literature’s strategy for designing PIs with low 
dielectric constants [31,32]. In addition to this, monomer B2 was found 
to be rich in methyl groups, the presence of which contributes to the 
rigidity of the molecular chain, which could increase the free volume. 
The large free volume could weaken the polarization interactions per 
unit volume, which in turn could lower the dielectric constant. The 
non-coplanar structures (A1, A2, A6, C1, C4) have large bulk and spatial 
site resistances, and their presence effectively reduced the packing 
density of the PI molecular chains, which in turn increased their free 
volume. Therefore, the introduction of non-coplanar structures was 
beneficial in decreasing the dielectric constant [33,34]. In addition, 
monomers A3 and A7 were also found to reduce the dielectric constant 
of PI, mainly due to their inclusion of torsional and asymmetric struc
tures, which could effectively reduce the stacking density of the PI 
molecular chains, and thus reduce the dielectric constant. The C3 
monomer contained the C–Cl group, and the presence of the chlorine 

Table 2 
Comparison of ML-predicted and MD simulated values of the four properties of three real PIs.

Property PI-1 PI-2 PI-3

ML MD Diff ML MD Diff ML MD Diff

Tg/◦C 318.77 310 2.83 % 330.83 312 6.04 % 331.9 317 4.7 %
TM/GPa 1.82 1.75 4.0 % 1.89 1.80 5.0 % 2.22 2.46 9.76 %
CTE/ppmK− 1 53.17 59.2 10.19 % 50.54 54.39 7.08 % 58.15 63.83 8.90 %
ε 3.20 3.0 6.67 % 3.24 3.43 5.54 % 3.18 3.01 5.65 %

Notes:Diff = |(MD-ML)/MD| × 100 %.

Table 3 
Comparison of ML-predicted and MD simulated values of the four properties of three high-performance PIs.

Property HPPI-1 HPPI-2 HPPI-3

ML MD Diff ML MD Diff ML MD Diff

Tg/◦C 418.2 401 4.54 % 411.22 383 7.31 % 412.3 377 9.36 %
TM/GPa 3.37 3.21 4.98 % 3.0 3.19 5.96 % 2.97 3.14 5.41 %
CTE/ppmK− 1 29.5 32.12 8.16 % 34.3 37.84 9.36 % 35.11 33.73 4.09 %
ε 2.26 2.32 2.59 % 2.33 2.41 3.32 % 2.41 2.52 4.37 %

Table 4 
Comparison of the performance of single embedded fingerprints combined with 
the full connectivity layer model to that of the COMFO model based on inte
grated fingerprints.

Model RMSE on Test R2 on Test

SMILES-based embedding-FCNN 26.758 0.826
Molecule Graph embedding-FCNN 28.332 0.805
Molecule Fingerprint embedding-FCNN 25.137 0.834
COMFO_FFNN 17.723 0.915
COMFO_LSTM 18.016 0.903
COMFO_ORI 18.886 0.886
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atom increased the polarity of the molecule and could slightly enhance 
the dielectric constant of the material. However, the symmetry of the 
chlorine atom substitution position resulted in a smaller dipole moment 
of the whole molecule, thus weakening its contribution to the increase of 
the dielectric constant. Moreover, the substitution of chlorine atoms and 
isocyanate groups in the para- and neighboring positions of the benzene 
ring produced a spatial site-blocking effect, limiting the flexibility of the 
molecular chain segments. This highly rigidized structure further 
reduced the likelihood of polarization of the molecular chain, thus 
lowering the dielectric constant. At the same time, the benzene ring 
backbone also imparted large rigidity and conjugation, which further 
reduced its dielectric constant. And it is to be noted that the property of 
PI is a synergistic interaction between its multiple substructures, the 
primordial dianhydride linked to C3 is A7, which has a large free volume 
and high rigidity and thus could lower the dielectric constant of the 
overall PI. In conclusion, combining the prediction of COMFO model 
and the analysis of high-performance monomers, we have identified 

potential high-performance PIs and their design guidelines.
To further explore more valuable and meaningful guidance for low 

dielectric constants, we further extracted 15 high-performance dianhy
dride, diamine, or diisocyanate monomers each from the screening 
space predicted by the COMFO model (it is important to point out that 
all of these monomers were obtained after screening in order of low 
dielectric constant PI. Their detailed visualization and analysis were 
placed in Note S4).

When applied to 5G and electronic appliance fields, the PIs were 
required to have Tg > 300 ◦C, TM > 2.5 GPa, and ε < 3. Therefore, here, 
we focused on these three criteria, and at the same time, we paid 
attention to the synthesis difficulty of the PIs and ensured that their CTEs 
were lower than 45 ppmK-1, so that we finally screened out three PIs 
with excellent comprehensive performances (See Note S9 for detailed 
screening). The structure of these three types of PIs and the MD simu
lation results were shown in Fig. 7a and b. Table 3 and Fig. 7e show the 
values and deviations of the ML predictions and MD simulations of these 

Fig. 5. a)-c) Tg of three real PIs through MD simulation; d)-f) CTE of three real PIs through MD simulation.

Fig. 6. a) High-throughput virtual screening plot; b) Monomer visualization of PIs with low dielectric constants.
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three PIs. The results showed that the values of MD simulations were 
very close to the values predicted by ML, and their errors were all within 
acceptable limits. According to Table 3, all three types of potential PIs 
possess excellent thermo-mechanical properties, which makes them 
more competent to fulfill the performance needs of the materials during 
initial processing and utilization. The dielectric constants of HPPI-1, 
HPPI-2, and HPPI-3 were 2.26, 2.33, and 2.41, respectively, which 
proved the excellent comprehensive performance of the discovered PIs. 

The low dielectric constants could reduce the energy loss and capacitive 
effects during 5G signal transmission and electronic packaging [35]. To 
further verify the reliability of the model, we designed experiments to 
synthesize HPPI-3, and tabulated and compared the experimental test 
results with those of ML prediction and MD simulation (HPPI-3 synthesis 
method, test conditions, experimental test plots, and the comparison 
table were placed in the Note S5). And we also synthesized two other PIs 
for simultaneous validation (Note S8). The results demonstrated that the 

Fig. 7. a) Tg for the three high-performance PIs through MD simulation; b) CTE for the three high-performance PIs through MD simulation; c) FFV for the three types 
of high-performance PIs; d) Schematic diagram of the MD modeling process (PI-2); and e) Errors of MD simulated values versus the predicted values of ML.
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error of our ML prediction does not exceed 5 %, thus, overall, the 
COMFO model is reliable and valuable. Fig. 8 shows the repeat unit 
structures of the three potential PIs after DFT geometry optimization. It 
could be found that the molecular chains of the 3 types of PIs contained 
non-coplanar structures, which was consistent with our previous 
conclusion of low dielectric constant found during the monomer struc
ture analysis.

To further analyze the dielectric mechanism of the three types of PIs, 
the free volume fraction (FFV) and cohesive energy density (CED) of the 
three types of PIs were calculated with the MD method, and the elec
trostatic potential (ESP) and HOMO-LUMO orbitals of their repeat units 
were calculated with the DFT method. Fig. 8a exhibited the electrostatic 
potential maps of the three types of potential PIs, where the blue and 
green colors were the negative potential regions. It could be observed 
that the non-coplanar structures in all three types of PIs were in the 
negative potential region, which affected the electron distribution 
around them, leading to a decrease in the potential of some regions 
around them. In conjunction with Fig. 8b, due to the dianhydride frag
ments containing abundant non-coplanar structures, both HOMO and 
LUMO of HPPI-1 and HPPI-2 were concentrated in the dianhydride and 
exhibited larger energy gaps (Eg), especially for HPPI-1. The large Eg 

could help to reduce the charge-transfer-complex (CTC) effect on the 
molecular chain, which in turn lowered its dipole moment [36]. This 
could lead to a decrease in the dielectric constant. However, purely 
electronic structure analysis was not decisive and should be discussed in 
conjunction with other perspectives. Fig. 7c and Table S8 showed the 
FFV and CED of the three potential PIs and PI-1. The results showed that 
the three potential PIs had significantly larger FFV and lower CED 
compared to PI-1. The cohesion energy density (CED) could be used to 
reflect the magnitude of the intermolecular forces. HPPI-1 contained 
non-coplanar side groups, which resulted in weaker intermolecular 
forces and in turn led to a larger FFV, whereas HPPI-2 contained an 
abundance of ether bonds, which increased the flexibility of the mo
lecular chain, leading to a tendency for the molecular chain to torsion, 
and in turn to a large FFV. It was generally believed that a large FFV 
reduced the polarization per unit volume. Furthermore, a large FFV 
would reduce the packing density of the molecular chains, making it 
easier for cavities or air to form between the molecular chains. Both the 
reduction of polarization and the formation of cavities or air could lead 
to a lower dielectric constant [37]. In the future, data on dielectric loss 
properties, including dielectric loss factor and dielectric loss tangent 
(tanδ), should be collected using more research tools for building 

Fig. 8. a) Electrostatic potential maps of three high-performance PIs; b) HOMO/LUMO orbits of three high-performance PIs.
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machine learning models. Meanwhile, it will be very meaningful to 
combine the research with the dielectric constant property and coop
erate with the interpretable analysis of ML to discover more guidance 
about the dielectric properties of materials.

This deep learning model reduced the lengthy time loss in monomer 
selection and structure design for high performance materials, and 
screened three PIs with excellent comprehensive performance for 5G 
and electronic appliance fields. The polymerization reaction routes of 
these three types of PIs have been determined and these three PIs were 
synthesizable according to the Synthesis Accessibility score (SAscore). It 
was undeniable that the synthesis of polymeric materials was strongly 
influenced by the choice of their solvents and this difficulty should not 
be underestimated. This was not the focus of this study. We hope that in 
the future the three potential PIs could be actually synthesized by re
searchers in need. Therefore, in addition to the validation of MD simu
lations prior to the experimental study, we also screened suitable 
solvents and non-solvents for these three potential comprehensive high- 
performance materials (see NoteS6-S7 for the monomer structure, 
SMILES, ease of synthesis (SAscore) and solvents of the three potential 
PIs). The prediction and analysis of the performance of aggregated 
structures is a very critical issue, and in the future, we should develop 
more reliable molecular descriptors or other feature representations to 
accurately represent this critical information, or, through collecting 
enough information about the aggregated structures and their influence 
on the performance, we could ultimately build a more comprehensive 
and reliable MI model to guide the design of the materials further.

4. Conclusion

In order to solve the material design challenges, four types of prop
erties of polyimide, including glass transition temperature, tensile 
modulus, linear coefficient of thermal expansion and dielectric constant, 
were collected in this study, and a deep learning model-COMFO was 
built for discovering multifunctional polyimide dielectric materials. 
Three learning tasks for feature extraction were built, including 
extracting feature information in SMILES sequences using a large lan
guage model-BET, extracting the information about the atoms and bonds 
of molecules from molecular graph using the Attentive FP network, and 
extracting information about substructures in polymer molecules 
through molecular fingerprints. The COMFO model could integrate, 
process and learn the key feature information extracted from the three 
types of learning tasks. The multi-perspective feature extraction task 
gave our COMFO model superior performance. The performance of the 
model was confirmed using multiple approaches, including experi
mental validation, MD simulation validation, and comparison with 12 
other models. A screening space containing 158022 PIs was constructed 
based on real synthesis monomers and synthesis methods of PI. From the 
monomer structure analysis of high-performance PIs, key substructures 
affecting the dielectric constant, such as fluorine and aliphatic groups, 
were identified. Ultimately, three potential polyimide dielectric mate
rials with excellent comprehensive performance were identified based 
on high-throughput screening. MD simulation further confirmed that 
these potential PIs have excellent thermal-mechanical properties and 
lower dielectric constants. Finally, DFT calculations and MD simulations 
were used to analyze the dielectric mechanism of these three types of 
PIs. The combination of efficient monomer structure analysis, deep 
learning prediction, and MD simulation validation will open up new 
avenues for the design and synthesis of high-performance materials, and 
these studies could also contribute to the forward development of ma
terials in aerospace, microelectronics, and autonomous driving. In the 
future, we hope that researchers could consider adopting AI to learn the 
eight synthesis laws of compounds, and then to reverse the prediction of 
the synthesis of specific structures, including synthesized monomers, 
reagents and processing parameters, which would be our way forward. 
Alternatively, in the short term, we hope that researchers could explore 
more reasonable and accurate ways to collect and represent polymer 

processing parameters to further improve QSPR work.
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card, the training time for the whole set of deep learning models was 
about 50min, and the processing of the 158022 PIs and the prediction of 
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