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a b s t r a c t

Direct coal liquefaction products offer a considerable quantity of cycloalkanes, which are the valuable
candidates for making the high energy density fuels. The creation of such fuels depends on designing
molecular structures and calculating their properties, which can be expedited with computer-aided
techniques. In this study, a dataset containing 367 fuel molecules was constructed based on the anal-
ysis of direct coal liquefied oil. Three convolutional neural network property prediction models have
been created based on molecular structure-physical and chemical property data from the library. All the
models have good fitting ability with R2 values above 0.97. Then, a variational autoencoder generation
model has been established using the molecular structures from the library, focusing on the structure of
saturated cycloalkanes. The structure-property prediction model was then applied to the newly gen-
erated molecules, assessing their density, volumetric calorific value, and melting point. As a result,
70000 novel molecular structures were generated, and 25 molecular structures meeting the criteria for
high energy density fuels were identified. The established variational autoencoder model in this study
effectively assimilates the structural information from the sample set and autonomously generates
novel high energy density fuels, which is difficult to achieve in traditional experimental methods.
© 2025 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd.
All rights are reserved, including those for text and data mining, AI training, and similar technologies.

1. Introduction

High energy density fuels (HEDFs) possess several key advan-
tages, including high density, high calorific value, high flash point,
and low melting point, the properties of representative HEDFs are
shown in Table 1. The performance of HEDFs plays a crucial role in
determining the range, speed, and payload capacity of aircraft [1].
As the aviation transportation sector evolves, the development of
higher-performing and more easily accessible HEDFs is becoming
increasingly essential. Direct coal liquefaction oil is produced
through a three-stage hydrogenation process with the aid of a
catalyst, which preserves the cyclic molecular structure of coal
within the oil [2]. The hydrocarbon profile of the jet fuel fraction
obtained from direct coal liquefaction oil closely mirrors that of
the traditional jet fuel JP-900 [3]. Consequently, coal-based HEDFs
research shows great potential. Developing new fuels requires

addressing two critical factors: the calculation of diverse proper-
ties and the design of novel molecules.

Quickly and accurately determining the physical and chemical
properties of fuel compounds is fundamental for guiding molec-
ular design [8]. With the rapid advancement of computer tech-
nology, machine learning techniques for predicting compound
properties have gained significant attention in research [9]. Casey
et al. [10] utilized spatial points to represent the 3D structure of
molecules and applied a convolutional neural network (CNN) to
predict eight key properties of high-energy molecules. All models
showed a determination coefficient exceeding 0.95. Yang et al. [11]
employed graph neural networks (GNN) combined with molecular
topological structures to establish an accurate relationship
between molecular structure and density. This approach not only
provides high computational accuracy but also reduces compu-
tation time. In comparison to the QSPR model based on feature
engineering [12], machine learning is a data-driven approach that
can automatically extract key features from large datasets of
known fuel property data, achieving high-precision property
predictions for new fuels without the need for an in-depth
understanding of the fuel molecule structure [13]. This sig-
nificantly supports the development and optimization of
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hydrocarbon fuels. Neural networks, particularly, have become
widely applied in numerical analysis and data processing [14—16].

Traditional fuel molecule design primarily relied on existing
HEDFs molecules, where the skeletal structure was manually
altered [17] and functional groups were added or removed [18].
However, the vast search space for fuel compounds made manual
design methods highly uncertain. The currently popular high-
throughput screening (HTS) method involves large-scale
property prediction within a fixed chemical library to identify
promising candidates [19]. However, the effectiveness of HTS is
dependent on the quality of the chemical library created. Genetic
methods generally require themanual setting of rules formutation
and hybridization [20], and traditional discrete optimization
techniques face limitations in search efficiency. An alternative
approach to overcome these challenges is to directly design the
desired molecules, Wen et al. [21] employed HTS to evaluate the
ZINC20 database, followed by structural retrieval and screening to
design HEDFs molecule. Some researchers have proposed
extracting potential data from molecular datasets such as Pub-
Chem [22] and ZINC [23] to generate target molecules through
inverse QSPR/QSAR [24,25]. Also, some researchers have devel-
oped data-driven methods to design molecules [26], and this
approach can significantly expand the chemical space for molec-
ular screening and markedly improving design efficiency. With
advancements in deep learning technology, powerful probabilistic
generative models have been developed. These models can
uncover design knowledge hidden within molecular datasets and
autonomously generate entirely new molecular structures in a
systematic and continuous manner. Recently, a variety of deep
learning-based generative models for molecular design have been
successfully introduced [27,28]. In 2017, the variational autoen-
coder (VAE) was first applied to molecular generation [29]. This
model can transform complex data into low-dimensional, con-
tinuous representations, allowing for the automatic generation of
new molecules by adjusting vector representations and perform-
ing decoding. GNN [30] have also been applied to molecular

generation, but require significantly more computational resour-
ces for training compared to VAE.

Direct coal liquefaction oil exhibit excellent thermal stability
and high flash point characteristics. Further improvement of their
density (ρ), volumetric calorific value (NHOCV), and melting point
(Tm) would enhance overall fuel performance. This study utilizes
deep learning for the design of coal-based HEDFs molecules. AVAE
model tailored for molecules design of HEDFs, along with three
CNN-based structure-property prediction models, are developed.
The VAE model is capable of generating novel fuel molecules,
while the CNN models efficiently predict various properties based
onmolecular structure. The R2 values for both the training and test
sets exceed 0.97, indicating high accuracy. The CNN models were
then applied to the new molecules generated by the VAE to cal-
culate their ρ, NHOCV, and Tm. As a result, 25 molecular structures
that satisfy HEDFs requirements were identified.

2. Theoretical and Experimental Methods

2.1. Establishment of structure-property dataset of coal
liquefaction products

Qualitative analysis of direct coal liquefaction oil was carried
out. As shown in Fig. 1(a), the primary components of direct coal
liquefied oil include normal alkanes, cycloalkanes, and ada-
mantane. The structure of these compounds was modified by
incorporating functional groups such as methyl, ethyl, and cyclo-
propane, leading to the generation of 367 coal-based hydrocarbon
molecules. Fig. 1(b) and (c) presents the distribution of carbon
atom count and unsaturation degree for the 367 molecules, illus-
trating the diversity of molecular structures within the self-
constructed dataset. Using Gaussian 16 software package [31]
and theM06-2X/6− 31+G(d,p) method, thesemolecular structures
were optimized. The ρ, NHOCV, and Tm were subsequently calcu-
lated using the DFT method and group contribution method [32].
The Tm was determined using the group contribution method,
while ρ and NHOCV at 298 K were derived from energy properties.
The total energy calculated by DFT was used to calculate the
combustion enthalpy of the fuel [33]. The optimizedwave function
files were processed in the Multiwfn [34] molecular surface
analysis module. Considering that most hydrocarbon fuels exist in
a liquid state at room temperature, the electron density was set to
0.002 to obtain the molecular van der Waals volume. A linear
relationship between molecular and experimental volume was
used, allowing for the calculation of the experimental volume of
unknown hydrocarbons using van der Waals volume regression.

Table 1
Properties of representative HEDFs.

HEDFs Density/g·cm− 3 Volumetric calorific
value/MJ·L− 1

Melting
point/oC

Ref.

JP-10 0.94 39.60 <− 79.15 [3]
JP-900 0.84 35.95 <− 65.00 [4]
RJ-6 1.02 42.60 <− 20.85 [5]
RP-3 0.79 34.21 — [6]
Jet-A 0.81 34.83 <− 47.00 [7]

Fig. 1. (a) GC × GC chromatogram diagram and composition diagram of oil based on direct coal liquefaction; carbon number distribution (b) and hydrocarbon unsaturation (c) for
the 367 molecules in the dataset.
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Fuel density was calculated based on the volume and relative
molecular mass, and the calorific value was then derived from the
density and combustion enthalpy. The theoretical properties of 11
experimentally synthesized fuel molecules were calculated and
compared with experimental data. The results show that the
theoretical values align well with experimental trends, confirming
the reliability of the calculation method in predicting molecular
fuel properties.

2.2. Representation of data

It is crucial to transform the molecular structure into a format
suitable for machine learning processing. To efficiently represent
the molecular structure, the simplified molecular input line entry
system (SMILES) is employed [35]. SMILES uses character strings to
depict the graph structure of molecules. Atoms are denoted by their
respective atomic symbols, while hydrogen atoms and carbon-
carbon single bonds are omitted. Ring bonds are opened, and the
disconnected atoms are numbered similarly. RDKit [36] is used to
standardize the SMILES representations, ensuring uniqueness in the
expression of each molecular structure. Since SMILES is a sequence-
based representation, it can be easily converted into data for deep
learning applications. The one-hot encoding process is depicted in
Fig. 2. First, all SMILES strings are processed to form a unique
charset. Then, each SMILES string is traversed, and an array of zeros
with the same length as the charset is created. The position of each
character within the charset is found, and the corresponding posi-
tion in the array is set to 1. This results in the one-hot encoded
representation of the standardized SMILES.

2.3. Neural network prediction model of coal-based fuel properties

Using the self-constructed coal-based hydrocarbon structure-
property dataset as the training dataset, a CNN model is estab-
lished to predict the ρ, NHOCV, and Tm of the fuel. The training set is
divided with a 4:1 ratio relative to the test set. The one-hot matrix
derived fromSMILES includes the connectivitypatternsof chemical
compounds. The CNN model extracts structural information
through its convolutional layers, then progressively processes
these features via pooling layers before ultimately determining
compound properties through fully connected layers. The first
convolution layer has 1 input channel and 16 output channels,
while the second convolution layer has 16 input channels and 32
output channels. Both convolution layers use a kernel size of 3, a
stride of 1, and padding of 1. The pooling window size is set to 2,
with a step size of 2. The first fully connected layer has an input
dimension of 32 × 155 and an output dimension of 128, while the
second fully connected layer has an input dimension of 128 and an
output dimension of 8. Detailed architectural parameters of the

CNN are provided in supplemental files Table S5, Supplement
Material. The output layerhas adimensionof 1.Otherparameters of
the network are optimized through a hyperparameter tuning
process. The CNN utilizes the Huber loss function, which combines
thebenefits ofmean square error and absolute error. TheHuber loss
function is defined as follows:

Huber loss(x) =

⎧
⎪⎪⎪⎨
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1
2
x2; if|x| ≤ Δ

Δ

(

|x| −
1
2

Δ

)
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⎫
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During training, the AdamWoptimization algorithm is applied.
This algorithm merges the Adam optimizer with weight decay
technology. In AdamW, weight decay is applied first, followed by
updates of the remaining gradients using the Adam optimizer. This
strategy aims to enhance model robustness by incorporating
weight decay while maintaining the flexibility and effectiveness of
the optimizer.

2.4. VAE generation model of coal-based HEDFs

The dataset used in this study consists of a molecular structure
dataset of coal liquefaction saturated hydrocarbons, with SMILES
serving as the molecular structure descriptor. SMILES is chosen
because it easily converts into molecular structures and supports
reverse decoding. Given the small size of the self-built dataset,
deep learning models may exhibit instability and significant
errors. To mitigate this, a subset of the GDB-13 dataset (https://
gdb.unibe.ch/downloads/), containing 818477 cyclic hydrocarbon
molecules with spatial structure data provided as standard
SMILES, is incorporated. PyTorch is used to convert the SMILES
strings fromboth datasets into one-hot encoded vectors, which are
then input into the VAE model.

The VAE's encoder and decoder are both composed of fully
connected neural networks with three layers, and ReLU activation
functions are applied between layers. Detailed architectural
parameters of the VAE are provided in supplemental files Table S6.
The SMILES representations are mapped by the VAE encoder into a
latent space ― a low-dimensional continuous space that encodes
abstract features of the SMILES strings, specifically their dis-
tributional mean and variance. The VAE decoder can decode any
point in this latent space to generate novel molecular structures
distinct from the original molecules. Through the encoder, we
obtained the mean and variance parameters for 350 reference
molecules. Leveraging the continuous nature of the latent space, the
decoder performs decoding operations in the vicinity of these 350
molecular representations. Here, the mean vectors capture the
essential molecular characteristics, while the variance parameters
control structural diversity. By systematically modulating these
variance parameters during decoding, we generate new molecules.
This structure is effective for learning and representing complex
data. The ADAM optimization algorithm is employed during train-
ing, with the learning rate set to 0.0001. The batch size is set to 5 for
training and 2 for testing. The model is developed within an Ana-
conda 3 environment running on a Windows 10 system, using
Python 3.9. The deep learning framework used is PyTorch (version
2.6.0), and the RDKit library (version 2020.03.2) is used for che-
moinformatics processing.

The objective of the fuel molecule generation model is to learn
the probability distribution over the training set, extract features,
and generate new molecules with HEDFs-like structures and
chemical properties. The quality, diversity, and chemical space
coverage of the generated molecules are assessed using RDKit
software.Fig. 2. Schematic of converting SMILES into one-hot coding.
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Molecular similarity is typically assessed using the Tanimoto
coefficient, which compares the overlap in molecular fingerprints.
SMILES were processed using RDKit to compute Morgan finger-
prints (radius = 21024 bits), which were subsequently used to
calculate Tanimoto similarity coefficients.

Tanimoto(A;B)=
|A∩B|
|A∪B|

Validity checks whether the generated SMILES string corre-
sponds to a legal molecular structure. Uniqueness indicates that
the generated SMILES string has not been repeated from previous
model outputs. Novelty refers to SMILES strings that are both
unique and absent from the training dataset.

3. Results and Discussion

3.1. Prediction accuracy of CNN

The machine learning approach was used to train a self-
constructed dataset containing 367 hydrocarbon molecules along
with their physicochemical properties. Fig. 3 demonstrates how
well the CNN predicts three target properties: ρ, NHOCV, and Tm.
The scatter plots of predicted versus actual values for both the
training and test sets show that data points close to the diagonal
line (y= x) indicate accurate predictions. This observation suggests
that the CNN performs well across both sets. The determination
coefficients R2 for the predictions of ρ, NHOCV, and Tm on the
training set are 0.993, 0.997, and 0.990, respectively. The linear
correlation of these properties exceeds 0.97 for both the training
and test sets, and the Mean Squared Error (MSE) is low, indicating
a high model fit for each property, with strong results in both
training and testing phases and no indication of overfitting. The
performance of the CNN's predictive models is consistent across
both the training and test sets. This suggests that even when
trained on the relatively small dataset of 367molecules, the model
does not face overfitting issues. The CNN's lower reliance on fea-
ture quantity, coupled with its fast computational speed and high
accuracy, enables it to predict target molecule properties based on
molecular structures quickly, making it effective for determining if
new compounds meet HEDFs standards.

3.2. Performance of VAE to generate new molecules

3.2.1. Similarity between new molecules generated by VAE and
concentrated molecules of coal-based fuel

Using the trained model for molecular generation, 350 cyclic
hydrocarbon compounds from the self-built coal-based

hydrocarbon molecular structure library were input into the
encoder. Without specifying any target property values, the VAE
model generated 200 molecules for each compound, totaling
70000 molecules, from which effective molecules were selected.
The VAE model generated 13723 molecules that were already
present in the GDB-13 database. After removing these duplicates
along with molecules identical to the original 350 reference
compounds, a total of 15277 unique and non-redundant novel
molecules were successfully produced. According to VAE princi-
ples, the latent space is continuous, where each molecule corre-
sponds to a distribution with a mean determined by its structural
characteristics. When the decoding variance is set to 0, the dis-
tribution of molecules in the latent space follows a standard nor-
mal distribution, making the VAE model function similarly to an
Autoencoder (AE). In this case, the model can only reproduce the
input SMILES strings, lacking generalization, which results in the
generated molecules being identical to those in the input set and
not producing new structures. To overcome this, the decoding
variance was varied. Six different variance values (0, 1, 2, 3, 4, and
5) were used for decoding. The similarity between the newly
generated molecules and the original molecules in the input set
was evaluated using the Tanimoto coefficient. As shown in Fig. 4,
when the decoding variance is set to 0, the similarity between the
generated and original molecules is very high, often exceeding 0.8.
This occurs because the distribution range of the input molecules

Fig. 3. Predictions of ρ (a), NHOCV (b), and Tm (c) of coal-based hydrocarbon fuel by CNN via train and test set.

Fig. 4. Similarity distribution between new molecules generated by VAE model and
original molecules under different decoding variances.
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in the latent space is narrow, so most of the molecules are sampled
close together. As the variance increases, the similarity gradually
decreases. This happens because a higher variance expands the
distribution range of the input molecules in the latent space,
increasing the sampling area. As a result, most generated mole-
cules are decoded from positions farther away from the original
ones, lowering their similarity to the input molecules. However, it
is also possible for the similarity to increase with other molecules
from the input set. Therefore, similarity is just one aspect used to
assess the model's generative capacity.

3.2.2. Variation of effective fuel molecules generated by VAE with
decoding variance

Fig. 5 assesses the model's generative performance by using
specific metrics for validity, uniqueness, and novelty to deter-
mine the most appropriate decoding variance. From Fig. 5, it is
evident that when the variance is set to 0, the validity of the
generated molecules is at its highest, while the uniqueness is at
its lowest. This happens because, at this point, the model mainly
reproduces the input molecules with minimal changes, and since
the input SMILES are all valid, the validity is high. Uniqueness,
however, refers to the distinctness of the molecules after
removing duplicates, and since the generated molecules are
nearly identical to the originals, the uniqueness is low. The
decoding process ratio is set at 1:200, meaning every 200 gen-
erated SMILES are almost identical to the original, resulting in

reduced uniqueness. As the variance increases, the validity of the
generated molecules declines. This occurs because the VAE
model transforms the discrete representations of molecules into
real vectors through the encoder, which are then decoded back
into discrete representations to generate new molecules. How-
ever, some of these decoded representations do not correspond
to real molecules, reducing the validity of the generated results.
Uniqueness initially increases and then decreases with higher
variance. When the variance is 0, the model simply replicates the
training set, but with larger variance, the model loses the ability
to map features correctly, producing many repetitive and unre-
lated SMILES. Similarly, novelty first increases and then decreases
as variance rises, for reasons akin to those observed in unique-
ness. The novelty of the generated molecules reaches its peak
when the sampling variance is 3, so the variance is set to 3 for
subsequent decoding.

In this work (decoding variance = 3: 0.396), the generated
molecular validity demonstrates competitive advantages com-
pared to other generative models (GrammarVAE: 0.310 [37],
ChemVAE: 0.170 [29], GraphVAE: 0.140 [38]). Although
outperformed by the GNN (0.753 [30]), our approach achieves
favorable results with significantly reduced computational
resources (Nvidia GeForce RTX 3080 10 GB vs. GNN's Nvidia Tesla
V100 32 GB [30]). This resource efficiency proves particularly
advantageous for high-throughput screening of HEDFs.

3.2.3. Distribution of physical and chemical properties of new
molecules generated by VAE

The trained CNN prediction model was used to calculate the
physicochemical properties of the novel molecules generated by
the VAE model. In Fig. 6, the red and blue bar charts illustrate the
distribution of physicochemical properties in the generated set
and the training set, respectively. Fig. 6(a) compares the ρ dis-
tribution between the two datasets, Fig. 6(b) compares the
distribution of NHOCV, and Fig. 6(c) compares the distribution of
Tm. The figures show that the distributions of the three phys-
icochemical properties in the generated set align closely with
those in the training set across most areas, indicating that the
model has effectively captured the distribution of physicochemical
properties from the training set and exhibits good reproducibility.
From Fig. 6, it can be seen that the Tm of the molecules in the
generated set predominantly fall between − 50 ◦C and 0 ◦C, the ρ

are concentrated between 0.85 and 0.95 g·cm− 3, and the NHOCV
are mostly in the range of 38 to 42 MJ·L− 1. This suggests that the
generated molecules maintain the physicochemical property
characteristics typical of polycyclic alkanes found in coal lique-
faction products.

Fig. 5. Validity, uniqueness and novelty of new molecules generated by VAE model
under different decoding variances. (The greater the variance, the farther the
decoding point is from the original molecule in the hidden space).

Fig. 6. Distribution of physical and chemical properties of generated molecules and original molecules: (a) ρ, (b) NHOCV, and (c) Tm.
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3.3. Screening HEDFs from the generated fuel molecules

The generated molecules were screened based on three pri-
mary performance criteria for high energy density fuels:

ρ > 0.85 g·cm− 3, NHOCV > 38 MJ·L− 1, and Tm < − 50 ◦C. A three-
dimensional plot of these properties for each generated mole-
cule is shown in Fig. 7. The graph represents the performance of
all molecules in the generated set across the three properties of ρ,
NHOCV, and Tm. By examining the distribution of the data points
in the three-dimensional space, potential high-performing mol-
ecules can be easily identified, while those with poor properties
can be quickly excluded. The molecules were then sorted
according to the three criteria, and the ones that met the
screening requirements were selected. To validate the accuracy of
the CNN model, we performed additional verification through
DFT calculations on these molecules. The results demonstrate
that the CNN model achieves reliable predictions for the newly
generated molecules, as detailed in Supplementary Table S8. The
structures of these molecules are presented in Fig. 8. The analysis
of the selected structures showed that among the 25 molecules,
12 contain a three-membered ring, 9 contain a four-membered
ring, 8 contain a five-membered ring, 18 have a bicyclic struc-
ture, 4 have a tricyclic structure, and 3 have a bridged ring
structure. These structures are likely to meet the HEDFs
requirements due to the high-tension nature of three- and four-
membered rings, which release significant energy when their
carbon-carbon bonds break. Additionally, the bridged ring
structures share similarities with JP-10. It can be concluded that
incorporating three-, four-, and five-membered rings, as well as
bridged ring structures, could be a promising strategy for
designing new HEDFs or improving the performance of existing
hydrocarbon fuels.

Fig. 7. The values of ρ (x axis), NHOCV (y axis), and Tm (z axis) for the molecules of
generated set.

Fig. 8. Molecular structures and their corresponding properties that meet the requirements of high energy density fuels in generated set.
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By analyzing the structures of the fuel molecules and their
corresponding properties in Fig. 8, it is clear that bicyclic saturated
hydrocarbons with more than 10 carbon atoms meet the
requirements for ρ > 0.85 g cm− 3 and NHOCV > 38 MJ·L− 1.
Whether these molecules pass the screening mainly depends on
their Tm. The presence of tricyclic, tetracyclic, and heptacyclic
rings, as well as the − CH2 group, tends to lower the Tm. This is
because the Tm of heptane is inherently lower compared to other
cycloalkanes, and the − CH2 group has a negative contribution to
the Tm in the group contribution method, thus reducing the Tm.
Furthermore, bicyclic structures involving cyclopropane and
cyclobutane combined with most cycloalkanes also result in lower
Tm. These results demonstrate that the VAE model has learned the
distinctive characteristics of the input structures and has gen-
erated combinations that align with the HEDFs requirements. The
first five structures in Fig. 9 are synthesizable, with molecules
containing tricyclic and bridged ring structures able to be syn-
thesized through cyclopropanation reactions [39] and cyclo-
addition reactions [40].

At present, research on using machine learning for designing
new HEDFs remains limited. Li et al. [41] applied high-throughput
screening methods to calculate the properties of compounds
within existing structural datasets, identifying 28 new hydro-
carbon molecules with high density, high specific impulse, high
mass calorific value, and low freezing points. Half of these mole-
cules contain four carbon rings, while the other half feature five
carbon rings. Themost common ring type in thesemolecules is the
pentagonal ring, followed by triangular, square, and hexagonal
rings. These molecules are notable for their numerous rings and
strong spatial structures. However, their practical existence is
unlikely, and their synthesis would be challenging. In contrast, the
molecules generated in this study primarily consist of two or three
rings, andmany of the molecules that are easier to synthesize have
already been identified. The findings from this study can provide
useful insights for developing new coal-based HEDFs.

4. Conclusions

In this study, a method for automatically generating coal-based
high energy density fuel molecules was developed. Firstly, the
combustion enthalpy, calorific value, density, and melting point of
direct coal liquefaction saturated hydrocarbon products were
accurately calculated using DFT methods and the group con-
tribution method. The errors between the calculated and the
experimental values of the physical and chemical properties of
high energy density fuels are relatively small. Secondly, taking the
hydrocarbon compounds in direct coal liquefaction oil as the basic
structure, and using the developed methods, the fuel properties of
all compounds in the dataset were calculated. An independent
molecular structure dataset dominated by cycloalkanes was con-
structed. Subsequently, using the dataset as input samples, three
convolutional neural network prediction models were built. These
models enabled more accurate prediction of molecular density,
freezing point, and volume calorific value directly based on the
molecular structure. A variational autoencoder generative model

based on saturated cycloalkanes structures was established,
resulting in the generation of 70000 novel coal-based fuel mole-
cules. The generated molecules were screened based on the high-
energy density fuels criteria: ρ > 0.85 g cm− 3, NHOCV > 38 MJ·L− 1,
and Tm < − 50 ◦C. 25 molecular structures that met the require-
ments were identified, with five of them being synthesizable.
These results confirm that the variational autoencoder model can
effectively learn the structural characteristics of high-energy
density fuels molecules in the training set and generate new
high-energy density fuels molecules autonomously.
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