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De novo multi-objective generation
framework for energetic materials with
trading off energy and stability
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Energetic Materials (EMs) play important roles in military, civilian and aerospace fields. Energy and
stability are the two most important but contradictory properties in practical application, thus leading
to difficult challenges in developing newEMswith high comprehensive performance.Motivated by the
challenge, we exploit a de novo design framework targeting multiple objectives by integrating deep
learning generator, machine learning prediction models, Pareto front optimization and quantum
mechanics (QM) validation. First, heat of explosion (Q) and bond dissociation energy (BDE) are
calculated by high-precisionQM for 778 explosives experimentally reported.With the reliable dataset,
RNN coupled with transfer learning is exploited to generate a new massive search space with 2 × 105

potential energeticmolecules. Q andBDEpredictionmodels with high accuracy are further developed
by data augmentation and improvements in feature representation andmodel architectures, to quickly
and accurately evaluate these new energetic molecules. The modified 3D-GNN achieves an R2 = 0.95
for the Q prediction, while the XGBoost coupled with the feature complementarity and PADRE data
augmentation performs best for the BDE prediction (R2 = 0.98). To screen energetic compounds with
trade-off energy and stability from the vast new molecule space, the predicted values and
uncertainties are simultaneously considered, and Pareto front-based multi-objective screening is
conducted by using 2D P[I] metric. QM calculation confirms the superior performance of the top 60
candidates to CL-20 in Q. 25 promising energetic molecules with high energy and desired stability, as
well as synthesis feasibility provide valuable candidates for experimental development. Also, the
design strategy can be extended to other material fields.

Energetic materials (EMs), such as explosives, pyrotechnics, and pro-
pellants, have played important roles in military and civilian
applications1–3. However, it is a long process for developing new EMs
with high performance4,5 due to the extremely complex multi-parameter
nature and high safety risk for experimental investigation. Energy and
stability are the twomost important but contradictory properties of EMs.
Nowadays, EMs have entered into a new phase of high-energy-density
materials (HEDMs)6. Unlike conventional energetic compounds such as
HMX, RDX, TNT, etc., HEDMs are composed of nitrogen-rich skeletons
and energetic substituents, which can contribute to higher energy7,8.
However, the high energy often accompanies low stability with high
safety risk, limiting its application in practice. Thus, the contradiction
between the energy and the stability makes the development of novel
EMs face difficult challenges.

To accelerate the development of EMs, computational simulation
methods like quantum mechanics (QM) calculation and molecular
dynamics (MD) simulation were introduced to assist experiments9,10, yet
high computational cost limits their exploration to vast and unknown
chemical spaces. With the advent of artificial intelligence (AI), machine
learning (ML) has emerged as a powerful tool for accelerating material
development11,12, as it can intelligently capture the causality underlying
complex data.MLs already exhibit great success inmedicine, chemistry and
material fields13–16. Currently, the data-driven ML techniques have been
increasingly exploited to accelerate the development of EMs. These works
mainly focused on property prediction tasks for EMs, involving density17,
decomposition temperature18,19, heat of formation20,21, detonation
parameters22–24, thermal stability, and impact sensitivity25–27, etc. The size of
datasets used in the property prediction varies from a few dozen to several
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thousands. For real explosives, the data set is typically limited to a few
hundreds while some studies incorporated organicmolecules to expand the
data set to several thousand samples. With the predictive models,
researchers have screened potential energetic molecules from existing large
chemical databases. For example, Chen et al.20 used 451 molecules selected
from the Cambridge Structural Database (CSD) to establish machine
learning models for EM’s crystal density and solid phase enthalpy of for-
mation, through which they screened out 56 candidates with high detona-
tion performance from the 150 million-sized PubChem database. In
contrast to property prediction tasks, the molecular design of new EMs has
been very limited, which were mainly based on the combination of existing
energetic fragments and then screened target candidates by some compu-
tational metrics or ML models. For example, Liu et al.19 combined -NO2,
-NH2, -NHNO2, and -N=N-NO2 functional groups with scaffolds from the
CCDC database to generate 70,188 structures and then utilized ML-based
decomposition temperature and density models to one by one screen heat-
resistant energetic molecules. Cheng et al.28 generated 35,322 bistetrazole-
based molecules by combining 20 bridgeheads with 29 substituents, and
then applied sequential single-objective filtering based on calculated oxygen
balance, SYBA scores, and density, to identify high-energy and low-
sensitivity candidates. Gou et al.29 constructed the ML model of the deto-
nation velocity to screen four promising energetic molecules from 1053
prismane derivatives generated by group substitution at the prismane
backbone. Similarly, Song et al.23 constructed ML models of several prop-
erties involving denotation and stability to successfully screen some
potential energetic molecules from a large molecule space generated by
substitution numeration on several energetic backbones. Wen et al.30 con-
structed a candidate space of 107 molecules based on 71 cage scaffolds
extracted from the ZINC15 database, and theoretically discovered a new
potential ZN-OB9with high energy and good safety.More details regarding
the methodologies and performance of these molecular design works are
summarized in Table S3.

Despite the promising potential of ML exhibited in the EM field, there
remain many challenges in applying machine learning to EMs31. Firstly,
compared to other fields, high risk in safety and long development cycle
have led to the scarcity of EM data, which limits robustness and general-
ization of machine learning to unseen samples. Secondly, energetic mole-
cules in the search space were mainly constructed by a combinatorial
chemistry way under some prior rules, which limit the structure diversity
and rationality. In addition, most of the relatedworksmainly relied onML-
predicted values and a single or single-similar objective (one-by-one for
several properties) to screen target molecules. The screen way does not
consider the prediction uncertainty ofMLs, which easily induces a high risk
with large bias to unseen samples, in particular for theMLmodel trained on
the small-sized data. Furthermore, using the single-objective design, the
improvement in the single target property most probably compromises the
others32, in particular for mutually contradicting properties like the energy
and the stability of EMs. However, materials with highly comprehensive
properties are more desired in practical applications, which need to
simultaneously consider multiple objectives in designing new molecules,
thus presenting greater challenges than the single objective design. Practi-
cally, the aforementioned issues not only exist in the field of EMs but also in
many other chemistry andmaterial fieldswith lowdata available, thus being
a commonquestion in the real world. Consequently, there is an urgent need
to develop more effective methods to accelerate the development of new
materials with desired comprehensive properties.

Motivated by the urgent need, we developed a de novomulti-objective
optimizationdesign framework for newenergeticmoleculeswith tradingoff
energy and stability. Herein, we selected two calculated metrics (heat of
explosion (Q) and bond dissociation energy (BDE) of the weakest bond) to
separately represent the energy and stability of EMs. Practically, BDE has
been considered as an important metric for evaluating stability and reac-
tivity across various molecules33–35. To achieve the de novo multi-objective
design, the design framework integrates de novo deep learning molecular
generation coupled with transfer learning, uncertainty-aware ML property

prediction, Pareto front-basedmulti-objective screening, andhigh precision
QM validation. Firstly, we extensively searched literature and collected
energetic molecules synthesized to conduct a real explosive data set. With
the aid of a large chemical molecule database and the explosive data set, a
deep learning generative model coupled with transfer learning strategy is
exploited to denovo generatemassive new energetic candidateswith diverse
and rational structures, which can circumvent the scarcity of EM data and
limitations of combinatorial chemistry. To rapidly and reliably evaluate the
two important properties of new energeticmolecules in the unknown space,
we constructed accurate property prediction models by exploiting multiple
traditional ML architectures coupled with new feature representations and
data augmentation as well as introducing deep learning pre-trainedmodels.
The comparison between the different MLmodels and the different feature
representations also provides methodological guidelines for the application
of machine learning. To effectively and quickly screen new potential EM
molecules that can trade off the two contradictory properties (high energy
and low stability), we adopted a 2D P[I] multi-objective optimization
strategy, which simultaneously considers the predicted value and the
uncertainty of theMLmodel to obtain Pareto front solutions based on two-
dimensional P[I] decisions36. High-precision QM calculations and com-
prehensive synthetic accessibility evaluation were further performed to
identify 25 energetic candidates with good performance of energy and
stability. Adetailed comparison between our denovomulti-objective design
framework andprior studies ondesigning energeticmolecules is provided in
Table S3.

Results
As illustrated by Fig. 1, our computation framework mainly includes five
modules: dataset construction, deep learning-based molecular generation,
machine learning property prediction, 2DP[I]multi-objective optimization
based on the Pareto front, and molecule recommendation based on both
quantum mechanics calculation and synthetic accessibility evaluation.

Construction of a representative energetic data set
Data is the foundation of ML, including the data size, data representative-
ness, anddata quality. To construct a reliable and representative EMdataset,
we manually collected 778 synthesized CHON-containing energetic mole-
cules from 427 published literature. Given the scarcity of experimental data
with high quality for EMs, the calculated Q and BDE were adopted as
theoretical indicators of the energy and stability, respectively. Practically,
many studies indicated that BDE is associated with the stability of energetic
molecules, including thermal stability and impact sensitivity aswell as shock
sensitivity37–39. Figure S2 shows correlation between the calculated BDEs of
our dataset and two types of experimental stability metrics (Td

19 andH50
40),

showingmoderate linear correlation, in turn supporting theutility ofBDEas
a theoretical indicator of the molecular stability for initial assessment.
However, it is noted that when the initial decomposition steps go through a
more complex transition state rather than simple bond dissociation,
increasingdeviationmay exist for the stability estimation solely basedon the
BDEvalue of theweakest bond.The778 energeticmolecules, including their
SMILES, calculatedQandBDEvalues at the level of CBS-4MandB3LYP/6-
31 G**, respectively, and related 427 references are listed in Supplementary
Data 1. Table S4 summarizes the types and counts of trigger bonds corre-
sponding to the calculated BDEs.

To evaluate the representativeness of the EM dataset, we performed
statistical analyses on the distribution of Q and BDE, the total number of
atoms, the number of C, H, O, and N atoms, and the mass percent of
nitrogen. As shown in Fig. 2a, theQ values of all the energeticmolecules are
distributed between 300 cal·g-1 and 1900 cal·g-1, implying that there remains
space to increase theQ values. The BDE values range from50 to 550 kJ·mol-1.
As shown in Fig. 2b, c, the number of total atoms in 778 molecules ranges
from7 to87, and themasspercent of nitrogen in eachmolecule is in the range
of 4.17–72.73%. The counts of C, H, O, and N atoms in each molecule
are presented in Fig. S3. Additionally, as reflected by Fig. 2, the 778 energetic
molecules include diverse categories involving different energetic
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substituents and skeletons41, also including classic explosives like TNT,
TATB, TNB, RDX and CL-20, rather than only containing -NO2 group
compounds derived from computational combination or collected from
Cambridge Structural Database (CSD)26,42, These statistical results indicate
the diversity of EMs for either the structures or the property labels, thus being
representative.

Deep generative model to construct a massive search space for
energetic candidates with structure diversity and rationality
To circumvent the limitation of combinatorial chemistry in structure
diversity and rationality, we introduced deep learning-based molecule
generation to achieve a de novo design. However, the limited number of
energetic molecules (778) collected cannot support deep learning. To
address the technical obstacle, we explored a deep learning-based generative
model. It includes a pre-trained RNN and a generative RNN, which are
connected by a transfer learning strategy to target the energetic molecule
generation, as shown in Fig. 3. The pre-trained RNN is first trained on 1.27
million molecules from the ChEMBL database43 to provide sufficient
structural and grammatical knowledge for downstream energetic molecule
generation tasks. In the transfer learning stage, we initialized the LSTM
layers in the generative RNN with the same parameters in the pre-trained
RNN. Then, we fine-tuned the fully connected layer on the EM dataset to
target the energetic molecule generation. After training the generative
model, large-scale sampling was performed to generate molecular
structures.

To evaluate the performance of the generation model, we generated
20,000 samples and calculated the proportion of valid SMILES (91.47%),
demonstrating that the model can successfully learn essential molecular
structures and grammar information. Subsequently, we calculated simila-
rities of full compound and Murcko scaffold44 between the generated
molecules and those in the training set to estimate the novelty of the gen-
eratedmolecules. As illustrated by Fig. 3b, there are around 82%of scaffolds
in the generated compounds having low similarity (<0.1) to the training
EMs. For the full compound similarity, approximately 90% of the com-
pounds exhibit similarity below 0.2. The similarity value of less than 0.3 was
considered as molecular dissimilarity45,46. Thus, lower similarity values (0.1
and 0.2) in the work indicate that the generative model can produce
molecules with significant differences from those in the training set.

Additionally, we calculated the IntDiv index, a common metric for mea-
suring the diversity of generatedmolecules. The larger the IntDiv index, the
higher the diversity. The results show an IntDiv index of 0.8 for the gen-
erated molecules, further supporting the high diversity of molecules gen-
erated by the RNN generative model.

To construct a massive search space for exploring new energetic
molecules, we further generated 280k molecules as an initial search space.
For the final search space, we conducted a preliminary filtering in terms of
the following rules.
1. Only molecules composed of C, H, O, and N elements were retained.
2. Molecules containing three-membered or four-membered ring

structures were removed.
3. Electrically neutral molecules were retained, while charged molecules

were removed.

Given that themostwidely usedenergeticmolecules typically consist of
C, H, O, N elements, only molecules containing these elements were con-
sidered here. Additionally, molecules containing three-membered or four-
membered ring structures were excluded due to their instability. Finally,
electrically neutral molecules were retained due to higher stability. After
these filtering steps, the remaining 201,547molecules were taken as the final
search space for energetic molecules.

Construction of optimal prediction models for Q and BDE
To rapidly assess the heat of explosions and bond dissociation energies of
unknown molecules in the vast search space, it is necessary to construct
property prediction models with high accuracy and robustness. Given the
limited data size, we preferred to attempt some traditionalmachine learning
algorithms. Herein, we used six traditional ML algorithms that were
reported to performwell in small-size datasets47–49, including a least absolute
shrinkage and selectionoperator regressionmodel (LASSO)50, a kernel ridge
regression model (KRR)51, a support vector regression model (SVR)52, a
Gaussian process regression model (GPR)53, a random forest regression
model (RF)54, and an extreme gradient boosting regression model
(XGBoost)55.

In our previous study,56 a combination descriptor SEC, consisting of
Sum of Bonds (SOB), Electrotopological state Fingerprints (E-state), and
Custom Descriptor Set (CDS), was found to well characterize the structure

Fig. 1 | The workflow for multi-objective design of EMs, including five modules: (1)
the construction of EMs dataset containing Q and BDE; (2) the generation of a new
search space for energetic molecules based on a deep molecular generator coupled
with transfer learning strategy; (3) the construction of machine learning prediction

models for Q and BDE; (4) the combination of ML models and Pareto front-based
multi-objective optimization to select high-performance energetic molecules bal-
ancing Q and BDE; (5) validation based on high-precision DFT calculations and
comprehensive synthetic accessibility for recommendation of experiments.
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knowledge associated with the heat of explosion for 88 energetic molecules.
Thus, in this work, we still employed the SEC descriptor coupled with six
traditional machine learning models to construct Q prediction models for
the 778 energetic compounds. Table 1 summarizes their prediction per-
formance, in which GPR exhibits the best performance for the independent
test set, as highlighted inbold inTable 1, achieving anR2 value of 0.91,RMSE
of 63.41 cal·g−1 and MAE of 36.75 cal·g−1.

For the BDE prediction, we adopted one model recently explored by
us34, in which we proposed a hybrid feature representation by coupling the
local environment of the target bond (CBD) into the global energetic
characteristics (SEC) to sufficiently characterize the structure of EMs
associated with BDE. In addition, to alleviate the limitation of the low data,
we introduced pairwise difference regression (PADRE)56as a data aug-
mentation with the advantages of reducing systematic errors and the
improvement in thediversity. Themainprinciple and computational details
of PADRE-based data augmentation are described in Supplementary
Information. In addition, a detailed pseudocode for the PADRE strategy is
provided in Table S5. Benefiting from the hybrid feature and PADRE-based
data augmentation, the XGBoost model achieved high precision with
R2

test = 0.98 and MAE= 8.8 kJ·mol−1, significantly outperforming existing
competitive models.

Compared to traditionalMLs, deep learning possesses amore powerful
learning capacity and can avoid manual feature engineering, thus being
broadly applied in various fields. However, due to the limited data of EMs
available, existing ML works in the EMs mainly utilized traditional ML
algorithms, less concerning deep learningmethods. Practically, with the aid
of the transfer learning strategy, some deep learning models have exhibited
performance superior to traditional machine learning methods even on
small-size datasets57,58. Thus, we also attempted to exploit deep learning
models forQandBDE.By comparing themwith the traditionalMLmodels,
wehope toobtain the optimal predictionmodel on theone side, andprovide
methodological guidelines for the use of machine learning in the field of
EMs on the other side. Here, we attempted two deep learning pre-training
models (MG-BERT58 and 3D-GNN59) derived from large chemical data-
bases. To obtain the prediction uncertainty for improving the reliability of
subsequent screening,wemodified the twoDLmodels by replacing their last
layer with a mixture density network (MDN) layer (see Methods for more
details). MDN can model the conditional probability distribution of the
output as a mixture of Gaussian, through which the prediction uncertainty
can be obtained. Furthermore, the uncertainty quantification can enhance
the reliability of the prediction by increasing confidence60,61. As evidencedby
the ablation experiment (videTable S6), theMDNreplacement also to some

Fig. 2 | Statistical analyses of the EM dataset constructed. a The distribution of Q
and BDE values. The 778 energetic compounds are classified into six categories
following Mathieu’s work40, of which are highlighted by different colors. Unst
denotes a generic category including unstable explosophores like azides, difluor-
oamines, diazo phenols, tetrazoles, and triazole compounds. O-NO2, N-NO2, and
C-NO2 represent categories containing O-NO2 group, N-NO2 group, and aliphatic

C-NO2 groups, respectively. 5mAr denotes a category containing five-membered
aromatics rings. NACs denote all remaining compounds only containing a single
kind of explosophore-like nitro groups bonded to carbon atoms in an aromatic
6-membered ring. The statistical distribution of (b) atom number, and c mass
percent of nitrogen for the 778 energetic molecules. d Chemical structures of
representative molecules from the six categories of the dataset.
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extent improved the predictive performance for the test set compared with
the original architecture without the replacement.

MG-BERT model and 3D-GNN were pre-trained on 1.7 million
compounds selected from the ChEMBL database and 100 kmolecules with
three-dimensional conformations from the GEOM-QM9 database62,
respectively. Then, we fine-tuned them with energetic compounds. As
reflected by Fig. 4b, the two pre-trained models outperform the best tradi-
tional MLmodel (GPR) in the Q prediction task, in particular for 3D-GNN
with the highest R2 of 0.95. The superior performance of the two deep
learningmodels should benefit fromrich structure knowledge learned in the
pre-training stage of the large database. Practically, the high energy density
of EMs mainly comes from the energetic groups and skeletons involving a
large number of atoms and bonds in the molecule. For 3D-GNN, the
molecular graph representation coupled with the 3D information canmore

accurately describe the connections and interactions between atoms, thus
exhibiting the best performance for Q. However, the advantages of the two
deep learning models are not extended to the BDE prediction model. As
shown in Fig. 4b, the XGBoost model coupled with the PADRE data aug-
mentation and the hybrid feature still exhibits the best performance
(R2 = 0.98), better than MG-BERT (R2 = 0.94) and 3D-GNN (R2 = 0.90).
The reason should be that the two deep learning frameworks equally treat
the atoms and bonds in self-learning structural features of molecules while
the bond dissociation energy heavily depends on a specific breaking bond.
Thus, thepredictiveperformanceof the twoDLmodels onBDE is inferior to
the XGBoost model, which simultaneously emphasizes local target bond
features in describing the global energetic feature and utilizes the
PADREdata augmentationwith the advantage of dropping systematic error
to alleviate the limitation of the small size of energetic molecules.
Taken together, we finally selected the XGBoost34 and the 3D-GNN
models as the BDE and Q prediction tools in the subsequent screening,
respectively.

Multi-objective optimization based on Pareto front for screening
energetic molecules with desired comprehensive performance
As outlined above, it is a challenge to trade off the two contradictory
properties (Q and BDE) to achieve high comprehensive performance for
EMs. Herein, we employed the Two-Dimensional Improved Probability-
based (2D P[I]) Efficient Global Optimization, which is a Bayesian-based
multi-objective optimization method63. The P[I] represents the expected
probability that the new design will provide an improvement over the
current Pareto front, which is calculated by using the predictedmean values
and corresponding uncertainties. For the multi-objective optimization, a
joint probability density function is constructed based on the predicted

Fig. 3 | The architecture of the RNN generative
model and the similarity comparison between the
generated molecules and those in the training set.
a The framework consists of a pre-trained RNN and
a generated RNN. Each RNN includes three LSTM
layers followed by a fully connected layer with a
Softmax function. A transfer learning strategy is
adopted to generate the energetic molecular space.
b The Tanimoto similarity distribution of the
Murcko skeleton (left) and the Tanimoto similarity
distribution (right) between the generated new
molecules and the energetic molecules in the train-
ing set.

Table 1 | Performance of six prediction models for the heat of
explosion (Q)a

Models Train Test

MAE RMSE R2 MAE RMSE R2

LASSO 59.04 90.98 0.84 62.44 96.00 0.82

KRR 23.80 38.28 0.97 37.89 66.13 0.91

SVR 57.82 94.26 0.83 60.32 97.29 0.81

GPR 23.45 37.17 0.97 36.75 63.41 0.91

RF 22.15 32.70 0.98 55.60 82.20 0.87

XGBoost 22.07 31.85 0.98 46.36 71.48 0.90
aMAEs and RMSEs are reported in cal·g−1.
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means and standard deviations of both objectives. The 2D P[I] is then
obtained by integrating this joint probability density over the region of
potential Pareto improvement. A molecule with larger 2D P[I] value is
considered a more valuable candidate. Thus, 2D P[I] can evaluate the
improvement probability across both Q and BDE by incorporating both
predicted values and uncertainties so that it identifies the most promising
candidates for subsequent experimental validation.To this end,wefirst need
to define the optimal target area for the heat of explosion (Q) and bond
dissociation energy (BDE), as illustrated by a rectanglemade of red and blue
dashed lines in Fig. 5a. For Q, we aim to design new EMs with Q as high as
possible. Therefore, we set the highest value of heat of explosion
(1896 cal·g−1) of the collected 778EMs to be the lowest limit, and not setting
an upper limit. For BDE, the decomposition reaction barrier above
120 kJ·mol−1 is generally considered as a theoretical metric of applicable
stability42,64,65. In addition, 87.5% of 778 real explosives we collected exhibit
higher BDE than 120 kJ·mol−1. Thus, to ensure the applicable stability for
energetic molecules screened, we adopted 120 kJ·mol−1 as the lowest limit
while the highest value of bond dissociation energy of the 778 EMs reported
is set as the upper limit (450 kJ·mol−1).

After determining the optimization goal, we used the modified 3D-
GNN model and the XGBoost model to separately predict Q and BDE as
well as their uncertainties for the 201547 energetic molecules in the search

space. The reliability of uncertainties was proved by the calibration curve, as
shown in Fig. S4. Based on these values, we calculated the 2D P[I] and
selected the top 100 compounds in the Pareto front of 2D P[I] as potential
candidates for further QM calculations. Figure 5b shows the distribution of
the predicted values for Q and BDE for the 100 candidates and the 778 EMs
in the training set, where the 100 candidates in the Pareto front exhibit
higher Q values than the 778 EMs reported, and their BDEs are higher than
120 kJ·mol−1, showcasing the effectiveness of the multi-objective optimi-
zation strategy.

Comparison with single-objective optimization
To further validate the advantages of themulti-objective design strategy, we
conducted a comparison with single-objective optimization screening only
based on the heat of explosion. Specifically, we used the optimal 3D-GNN
model to predict the Q values and their uncertainties for the 201547 com-
pounds of the search space, and calculate one-dimensional P[I] for each
compound. Finally, we selected the top 100 compounds in the Pareto front
of 1D P[I] as potential candidates to compare with those from the multi-
objective screening.

Figure 5c displays the comparison result of Q and BDE between the
single-objective andmulti-objective optimizations. It can be seen that the Q
screened by the single object is not inferior to the multiple objective design,

Fig. 4 | Predictionmodels used in thework and their performance. a Six traditional machine learningmethods and two deep learningmodels; bPredictive performance on
the independent test set for the heat of explosion (left) and bond dissociation energy (right).
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yet BDEs derived from the multiple objective optimization are significantly
superior to the single objective design. Most compounds screened by the
single objective screening do not meet the stability required in practical
applications (>120 kJ·mol−l)64, of which some are very unstable. The result
clearly confirms that the optimization only considering single objective can
indeed improve the target property, but at the expense of other properties,
highlighting the necessity and effectiveness of our multi-objective optimi-
zation strategy.

High-precision QM verification and comprehensive evaluation
for generated top candidates with experimental feasibility
Considering the inherent errors in machine learning prediction models, we
selected the top 60 compounds based on 2D P[I] ranking for further high-
precisionQMvalidation. Figure 5d shows thepredicted values inferred from
theMLmodel and calculated values basedon theQMmethod. It canbe seen
that our prediction models can reliably predict the heat of explosions and

bond dissociation energies of unseen compounds. To comprehensively
evaluate the detonation performance of 60 candidates, we also calculated
other important properties related to detonation performance, such as
density (ρ), detonation velocity (D), detonation pressure (P), and oxygen
balance (OB), as listed in Table 2. In the work, the detonation velocity and
detonation pressure were calculated by using Kamlet–Jacobs scheme, as it
can provide reliable prediction for CHNO-based energetic molecules66–68.
Although it was indicated that the K-J scheme is poorly suitable for com-
pounds with low intrinsic oxidizability, for example, compounds with OB
lower than -40%69. Practically, 59 of 60 candidates in Table 2 present higher
OB values than -40%, with OB values of approximately 50% molecules >
−10% (including zero). Thus, it is reasonable to use the K-J equation for
evaluating the D and P performance of these candidates screened. Theo-
retical models and equations used for calculating the detonation perfor-
mance are provided in the Supplementary Information, along with
experimental data to support the computational reliability (Table S7).

Fig. 5 | Multi-objective screening. a Illustration of Two-Dimensional Improved
Probability (2D P[I]). The optimization goal is to maximize objective 1 and keep
objective 2 in the target area. The inset is an illustration of theML prediction (yellow
solid dot), uncertainty (shaded area), and effective 2D P[I] area (yellow area) with
respect to a target zone (rectangle made of red and blue dashed lines). bDistribution
of Q and BDE of the 778 EMs and 100 candidates from the Pareto front of the multi-
objective optimization. Triangles represent the 778 reported energetic molecules,
and the red five-pointed stars represent the top 100 molecules in the Pareto front.

Yellow dot represents CL-20 that is the most powerful explosive. cComparison of Q
and BDE between the single-objective screening and the multi-objective one for the
top 100 compounds from their Pareto fronts. Green and red points denote the single-
objective optimization andmulti-objective optimization, respectively. dCorrelation
plot of predicted values and calculated values of Q and BDE for the top 60 new
energetic molecules. The blue dot represents the heat of explosion and the red dot
represents the bond dissociation energy.
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Table 2 | Heat of explosion (Q), bond dissociation energy (BDE), oxygen balance (OB), detonation velocity (D), detonation
pressure (P) and density (ρ) of 60 new energetic molecules and the classic explosive CL-20

Idx Q(cal·g-1) BDE(kJ·mol-1) D(m·s-1) P(Gpa) OB(%) ρ(g·cm-3)

m1 2104.79 151.94 9692.93 41.29 −8.60 1.77

m2 2020.86 239.75 9956.58 44.77 0.00 1.86

m3 2014.10 340.38 9363.66 38.60 −26.36 1.78

m4 1991.42 242.12 9617.72 42.57 0.00 1.92

m5 1968.64 347.03 9268.61 37.31 −15.48 1.74

m6 1951.07 202.34 9497.11 39.67 −10.12 1.77

m7 1932.68 230.21 9807.26 43.20 −17.01 1.84

m8 1931.37 191.08 9396.97 39.98 −21.04 1.86

m9 1922.33 157.24 9555.40 41.80 −9.23 1.90

m10 1910.30 172.99 9445.33 39.56 −22.52 1.80

m11 1909.49 256.86 9323.39 40.00 −10.66 1.92

m12 1904.35 179.09 9480.32 40.52 −5.84 1.85

m13 1887.45 251.76 9442.83 41.13 0.00 1.92

m14 1886.05 225.69 9650.29 42.78 0.00 1.91

m15 1865.53 244.36 9408.26 40.80 0.00 1.92

m16 1857.76 242.18 9818.58 44.50 3.09 1.93

m17 1846.17 351.53 9369.61 38.99 0.00 1.80

m18 1831.98 183.55 9134.48 37.78 −32.27 1.86

m19 1820.80 269.60 9346.04 39.65 −9.14 1.87

m20 1816.76 122.29 9240.17 38.92 −18.71 1.89

m21 1810.13 172.72 9267.47 39.09 −22.42 1.88

m22 1809.93 217.44 9232.39 39.22 −6.56 1.92

m23 1809.60 233.68 9470.52 41.53 −2.91 1.94

m24 1807.76 209.14 9260.61 39.64 −13.49 1.93

m25 1805.75 255.00 9455.19 41.15 −18.60 1.92

m26 1803.36 246.68 9031.08 36.86 −12.50 1.86

m27 1799.46 390.14 9093.95 36.39 −42.58 1.78

m28 1798.81 207.95 9381.73 41.06 −8.60 1.96

m29 1798.68 254.92 9173.30 38.57 −6.56 1.90

m30 1790.86 241.91 9124.64 38.03 −6.56 1.89

m31 1790.79 192.41 9540.77 41.60 −3.72 1.89

m32 1788.38 218.74 9560.25 42.13 −7.20 1.92

m33 1778.38 208.62 9447.13 40.51 −3.72 1.87

m34 1778.19 122.33 9465.70 41.17 −6.89 1.91

m35 1773.79 252.22 9055.90 37.75 −14.63 1.92

m36 1767.90 172.70 9315.51 39.36 −12.40 1.87

m37 1764.21 121.76 9455.35 41.04 −15.68 1.91

m38 1763.75 234.41 8905.82 35.98 −16.90 1.87

m39 1763.57 165.63 9270.34 39.72 −5.29 1.93

m40 1757.92 255.87 8954.19 36.56 −16.90 1.89

m41 1757.45 211.91 8883.18 36.42 −22.53 1.93

m42 1757.22 208.29 8956.28 36.19 −26.95 1.85

m43 1752.41 223.52 9030.85 36.30 −21.85 1.81

m44 1751.98 197.94 9117.36 38.01 0.00 1.90

m45 1738.32 242.44 8730.66 34.39 −24.68 1.85

m46 1736.53 160.86 9450.72 41.62 −9.25 1.96

m47 1736.23 244.22 9170.64 38.52 −11.26 1.90

m48 1736.20 230.56 9107.80 38.21 −5.55 1.92

m49 1735.91 240.27 9527.81 42.29 −13.91 1.96

m50 1734.97 260.09 9224.17 39.14 −9.26 1.92
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As shown in Table 2, all the 60 candidates exhibit much higherQ than
CL-20 (1612.50 cal·g−1 calculated at the same DFT level), in which three
compounds (m1, m2 and m3) present the heat of explosion exceeding
2000 cal·g−1. Moreover, the bond dissociation energy of each candidate is
greater than 120 kJ·mol−1, meeting the standard for practical application.
The result demonstrates that our multi-objective optimization strategy has
achieved the desired target. In addition, 52 of the 60 candidates have
detonation velocities exceeding 9000m·s−1, meeting the detonation velocity
standard for newhigh-energy and low-sensitivity energetic compounds70, of
which 15 candidates present higher detonation velocities than that ofCL-20.
Most of the 60 candidates also exhibit excellent performance in the deto-
nation pressure, in which 7 candidates present higher detonation pressures
than CL-20. The candidate m28 has the highest density of 1.96 g·cm−3,
slightly lower than that of CL-20 (1.97 g·cm−3 calculated at the same DFT
level). Practically, a density greater than 1.8 g·cm−3 was considered to meet
the requirements of new EMs71. 54 of the 60 candidate EMs present greater
densities than 1.8 g·cm−3. Moreover, we also estimated the OB value of the
60 candidates, as a reasonable oxygen balance is essential for achieving high
detonation parameters72. In general, a value of zero denotes perfectly
oxygen-balanced compositions, negative values for oxygen-poor composi-
tions, and positive values for oxygen-rich compositions. Among the 60
candidates, 7 molecules exhibit zero oxygen balance.

In addition, we also analyzed theirmolecular structures, as displayed in
Fig. S5. Most of the molecules belong to high-nitrogen heterocyclic com-
pounds, which is consistent with the current design concept for high-
performance energetic molecules. The skeletons include five-membered
heterocycles like furan, triazole, and tetrazole, six-membered heterocycles
like triazine, tetrazine, andother single-ring skeletons, andbicyclic skeletons
fused with five-membered and six-membered heterocycles. The sub-
stituents include various types of -NO2 (such as C-NO2, N-NO2, and
O-NO2), -NH2, and -N3). These skeletons and substituents demonstrate the
advantageof theRNN-basedgenerativemodel indenovoproducingdiverse
energetic structures.

Syntheses of energetic compounds remain large challenges in practice
due to safety risks. Thus, it is important to reliably evaluate a molecule’s
synthetic accessibility in the design stage. To this end, we integrated three
evaluation approaches (SAScore73, SCScore74 and SYBA75 score), rather than
single metrics. SAScore combines calculated fragment contributions from
Pubchem with molecular complexity, in which a lower SAScore implies
greater synthetic accessibility. SCScore assesses synthetic complexity from a
reaction perspective with the aid of a neural network model trained on 12
million reactions, in which lower scores denote fewer synthetic steps and
lower difficulty. SYBA considers the contribution of molecular fragments
derived from Bernoulli Naïve Bayes classifier. Higher SYBA scores corre-
spond to greater likelihoodof successful synthesis. The combination of three
metrics can obtain more reliable evaluation on the synthetic accessibility.

More details regarding the three synthetic accessibility are described in
Supplementary Information. Table S8 lists the three type scores of the 60
candidate molecules. However, there is still a lack of a statistically evaluated
threshold for EMs. To address the problem, we conducted a statistical
analysis of the synthetic accessibility scores for the collected 778 real
explosives (vide Fig. S6 and Fig. S7), with detailed scores provided in Sup-
plementary Data 2. Thresholds were determined using the interquartile
range (IQR) method, which can effectively avoid the influence of extreme
values to give a more reasonable range of data distribution. As shown in
Table S9, most of the real explosives fall within the ranges identified by
Tukey’s method76. Thus, the score thresholds are determined to be smaller
than 3.89 for SCScore, larger than −6.13 for SYBA score and smaller than
5.08 for SAScore. Consequently, 25 molecules that meet all three synthetic
accessibility criteria were selected as candidates with experimental feasi-
bility. Their structures with calculated Q and BDE values are presented in
Fig. 6. A careful check finds that four molecules shadowed in green in Fig. 6
were already reported in experimental synthesis works. Among these, m54
(also known as DNTF) has already served as a melt-cast explosive and
energetic filler of propellants77. m2977 and m3078 were considered as pro-
mising candidates for next-generation secondary EMs, as they presented
high performance and acceptable sensitivity. m2679 exhibits impressive
detonation velocity and pressure performance. Notably, none of these four
compounds are included in our fine-tuning EMdataset. In addition, eleven
generated molecules share known energetic molecular skeletons but with
different substituents and substitution positions (vide structures shaded in
blue in Fig. 6), expanding structural diversity. More importantly, our fra-
mework generates ten new molecular skeletons for energetic molecular
design, five of which have been previously observed in non-energetic
compounds (vide structures shaded in deep pink in Fig. 6), and the
remaining five shaded in light pink in Fig. 6, present entirely novel scaffolds.
As our generative framework is a de novo design strategy, rather than a
simple combination of existing energetic fragments, the above results clearly
confirm the effectiveness and application potential of our multi-objective
optimization design framework in practice andprovide novel candidates for
experimental design and development.

Discussion
High energy with applicable stability has been the focus of the development
of newEMswith high performance, yet there has been a lack of efficient and
intelligent design strategies for improving the comprehensive performance
of EMs. Inspired by the need,we exploited a de novodesign frameworkwith
multi-objective optimization to trade off the contradiction between the
energy and the stability such that can achieve high comprehensive perfor-
mance. To overcome the technical obstacles of machine learning applica-
tions resulting from the data scarcity of EMs, our design framework
integrates the deep learning molecular generator coupled with the transfer

Table 2 (continued) | Heat of explosion (Q), bond dissociation energy (BDE), oxygen balance (OB), detonation velocity (D),
detonation pressure (P) and density (ρ) of 60 new energetic molecules and the classic explosive CL-20

Idx Q(cal·g-1) BDE(kJ·mol-1) D(m·s-1) P(Gpa) OB(%) ρ(g·cm-3)

m51 1724.93 242.06 9363.51 39.93 −5.84 1.88

m52 1723.42 210.13 9190.17 38.60 −13.33 1.89

m53 1719.74 250.53 9223.69 39.21 −9.26 1.92

m54 1718.65 239.17 8781.98 35.09 −20.51 1.88

m55 1714.91 142.25 9266.25 39.73 2.11 1.94

m56 1712.17 240.34 8726.73 34.71 −24.23 1.89

m57 1707.55 252.02 9200.69 39.20 −9.28 1.94

m58 1707.23 235.01 9425.81 40.39 −6.95 1.88

m59 1687.06 241.79 8799.71 34.44 −33.00 1.81

m60 1675.84 204.65 9020.12 37.38 −19.32 1.91

CL-20 1612.50 143.84 9455.41 41.81 −10.95 1.97
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learning, the high accuracy ML-based property prediction models suitable
for the small size data, the Pareto front-based multiple objective optimiza-
tion screening, and molecule recommendation based on both quantum
mechanics (QM) validation and synthetic accessibility evaluation.

Machine learning is a data-driven technique. Thus,wefirst constructed
a representative and reliable dataset of EMs (778 real explosives) through
extensive literature search and high-precision DFT calculations. Then, we
exploited a deep learning generator to de novo produce a massive energetic
molecule space, with the advantage of avoiding the limitations of combi-
natorial chemistry in structural diversity and rationality. Herein, we
developed a RNN-based molecule generator coupled with the transfer
learning strategy to address the limitationof the small size EMdataset on the
deep learning, targeting energetic molecules generation with diverse struc-
tures (2 × 105 energeticmolecules). To rapidly andaccurately evaluateQand
BDEofnewmolecules in the search space,we exploited six classicalmachine
learning models coupled with new feature representations and data aug-
mentation strategies. In addition, we also developed two deep learning
models basedonpre-trainedMG-BERTand3D-GNNframeworks. In these
model constructions, we revealed the relationship between the feature
presentation, the model architecture and the chemical nature of the target
property to provide methodological guidelines for the application of
machine learning in the low data fields. The results show that 3D-GNN
achieves the best performance in the Q prediction (R2 = 0.95), out-
performing the traditional MLs andMG-BERT. The reason should be that
the 3D molecular graph representation can better describe the connections
between atoms while the explosion process involves breaking of a large
number of bonds in the molecule. For the BDE prediction, the XGBoost
model coupled with the hybrid feature and PADRE data augmentation
strategy presents the best performance (R2 = 0.98), benefiting from the fact

that the feature hybrid can consider the global energetic structure while
simultaneously focusing on the breaking bond. Additionally, the PADRE
data augmentation can drop to some extent systematic error. The com-
parison of different ML models indicates that the model selection should
consider the chemical nature of the target property. Despite the high pre-
diction accuracyachieved, it is noted that the data under this study is derived
from the computational level. In general, ML can better capture causality
underlying the computational data than the experimental data with inclu-
sion of instrumental noise, as indicated by Zhang’s work21. However, when
facing the scarcity of the experimental data, the computational data can
serve as a good alternative.

With the obtained optimal predictionmodels, we usedmulti-objective
optimization with 2D P[I] to trade off the two contradictory properties (Q
and BDE), which simultaneously consider the predicted values and pre-
dicted uncertainty. Based on the Pareto front, we quickly screened out
promising new energetic molecules with high comprehensive performance
from themassive search space. In addition, the comparisonswith the single-
objective design of Q further demonstrate the advantage of our multi-
objective optimization design in trading off the high energy and low sen-
sitivity of EMs. Subsequently, high-precision DFTwas used to calculate key
properties of the top 60 candidates, whichpresent diverse structures and are
superior to CL-20 in the Q and BDE properties. Finally, we combined three
synthetic accessibility scores coupledwith score thresholds derived fromour
statistical analysis on the 778 real explosives to identify 25 energetic can-
didates with highly comprehensive performance and synthesis feasibility,
which provide promising energetic candidates for experiments. Practically,
four candidates not included in our initial training set were successfully
synthesized in previous experimental works, confirming the effectiveness
and application potential of our de novo design framework. More

Fig. 6 | Structures of promising energetic molecules generated, which present
superior heat of explosion to CL-20, the bond dissociation energy higher than
200 kJ·mol−1 and synthetic feasibility. Four green shadowed molecules were
already synthesized in experiments. Eleven blue-colored molecules share known
energetic molecular scaffolds but with distinctions in substituents and substituted

position. Ten pink shadowed molecules represent novel energetic skeletons, in
which five molecular scaffolds shadowed in deep pink color have been previously
observed in non-energetic compounds and five light pink-colored molecules
represent entirely new molecular scaffolds.

https://doi.org/10.1038/s41524-025-01845-6 Article

npj Computational Materials |          (2025) 11:360 10

www.nature.com/npjcompumats


importantly, ten novel energetic scaffolds were generated, offering valuable
skeleton candidates for further developing high-energy and low-sensitivity
explosives. Also, the technical strategies embedded in our work provide
methodological guidelines for the application of AI in chemistry and
material fields. The codes of the molecular generation model, the best
prediction models for Q and BDE, and the 2D P[I] multi-objective opti-
mization are freely available at https://github.com/cholin01/EM_MOO.We
expect that they will become useful tools for aiding the design of new
energetic molecules with desired comprehensive properties.

Methods
Calculation of heat explosion
The heat of explosion (Q) is an important indicator for evaluating the
detonation performance of EMs. The higher the Q, the greater the amount
of heat released per unit mass. In this work, Q was calculated based on the
method proposed by Kamlet and Jacobs80, which assumes that nitrogen
forms N2(g), hydrogen fully converts to H2O(g), and oxygen prioritizes
CO2(g) overCO.Thismodel simplify the reaction products, not accounting
for complex thermochemical equilibria like thermochemical codes, but its
reliability was accepted for explosives containingC,H,O andN66–68. Thus, it
has been widely adopted in high-throughput computation and early-stage
virtual screening for energetic molecules due to its balance between com-
putational efficiency andacceptable accuracy.Basedon theK-J equation, the
enthalpy of formation (Hf) of each component in the reaction first needs to
be calculated. The computational method for the heat of formation is
described in the Supplementary Information. After obtaining the solid-
phase formation enthalpy (ΔHf ;solid), the heat of explosion of the
energetic compound CaHbOcNd can be calculated using the formulas listed
in Table 3.

Calculation of bond dissociation energy
The bond dissociation energy of the trigger bond at 298 K and 1 atm cor-
responds to the enthalpy change between the molecule and the two free
radicals generated by homolysis81, as reflected by Eq. (1). Firstly, the NBO
analysis was utilized to find the trigger bond based on the value of the
Wiberg bond index for each molecule. A smaller Wiberg bond index

indicates a higher likelihood of the chemical bond becoming a thermally
triggered bond82. After identifying the thermally triggered bonds, the bond
dissociation energy was calculated using Eq. (2).

A� B g
� � ! A � g

� �þ B � g
� � ð1Þ

BDE298 A� Bð Þ ¼ H298 A�ð Þ þH298 B�ð Þ �H298 A� Bð Þ ð2Þ

WhereH298 A�ð Þ,H298 B�ð Þ andH298 A� Bð Þ refer to the enthalpy at 298Kof
the free radicalsA�, B� andmoleculeA� B, respectively. The calculations of
H298 A�ð Þ, H298 B�ð Þ andH298 A� Bð Þwere performed at the level of B3LYP/
6-31 G**.

All quantum mechanics calculations were carried out using the
Gaussian 09 program83. The vibration frequencies were computed at
the same level of theory to confirm that the optimized structures are the
minimum on the potential energy surface. TheWiberg bond index of each
bond was calculated using Multiwfn software84.

Deep learning generative models
The generativemodel comprises a pre-trainedRNNand a generationRNN.
Both RNNmodels have a three-layer LSTM architecture followed by a fully
connected layer with a Softmax function. Each LSTM layer and fully con-
nected layer contains 256 units. For some key hyperparameters, the batch
size of 128 and the standard sampling temperature of 1.0were used, referred

Fig. 7 | The modified architecture of the MG-
BERT and 3D-GNN prediction models by us.We
replaced the last fully connected layer of the two
models with a MDN layer to obtain the uncertainty
(σ) besides the prediction value (μ). The MG-BERT
model architecture consists of an embedding layer,
six Transformer encoder layers (orange area), a fully
connected layer, and a MDN layer. The 3D-GNN
model architecture is composed of an embedding
layer, six message-passing layers (blue area), a mask
layer, and a MDN layer.

Table 3 | The formulas for calculatingQofCaHbOcNd energetic
compoundsa

Composition of Explosive Q

c � 2aþ b
2

28:9bþ94:05aþ0:239ΔHf ;solid

M � 1000
b
2 � c<2aþ b

2
28:9bþ94:05ðc2�b

4Þþ0:239ΔHf ;solid

M � 1000
c< b

2
57:8cþ0:239ΔHf ;solid

M � 1000
aa, b, andcare thenumberofC,H, andOatoms in themolecule, respectively.Q is reported in cal·g−1.
M and 4Hf ;solid are the molecular mass and the solid-phase formation enthalpy of the compound.
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to some generativemodels85,86. Other hyperparameters, such as the learning
rate (0.001), dropout rate (0.2), and maximum sampling sequence length
(200), were derived from optimization, as evidenced by Fig. S8 and Table
S10. The forward pass for the pre-trained RNNand the generative RNN are
similar. Given a sequence of tokens (v1,…, vi), the pre-trained RNN or the
generative RNN estimates the probability of the (i+ 1)-th token ðPθðviþ1ÞÞ
in terms of Eq. (3), where themodel parameter θ is optimized by theAdam87

algorithm to minimize the cross entropy li (vide Eq. (4))

ðPθ viþ1

� � ¼ Pθðv1ÞΠPθðvijv1; . . . ; vi�1Þ ð3Þ

Ii ¼ �
Xm
j¼1

n

k

� �
vjiþ1logq

j
i ð4Þ

Deep learning predictive models
In the work, we introduced two deep learning pre-trained models (MG-
BERT58 and 3D-GNN59) derived from the large databases for predicting the
Q and BDE of EMs with the aid of a transfer learning strategy. In order to
enable them to output the prediction uncertainty, we did some modifica-
tions to the architectures ofMG-BERTand3D-GNN, as illustrated byFig. 7.

MG-BERT58 model can learn from a large number of unlabeled
molecules through the masked atom recovery task to effectively represent
atomic and molecular structures and outperform existing methods on 11
ADMET datasets related to drug properties. The pre-training of the MG-
BERT model was conducted on 1.7 million compounds randomly selected
from the ChEMBL database43. The model architecture was composed of
three components: an embedding layer, six Transformer encoder layers88,
and a task-related output layer. In the embedding layer, the input word
token was mapped into a continuous vector space using an embedding
matrix. In the Transformer encoder layer, each word token exchanged
information with others through a global attention mechanism. The
embedding layer and Transformer layers were shared during the pre-
training and fine-tuning stages, yet the fully connected neural network layer
was not shared butfine-tuned using the target EMdataset. Dropout strategy
was adopted in the output layer to minimize overfitting89. The original
framework of the model only outputs prediction values, yet we need to
obtain the prediction uncertainty besides the predicted value, which will be
used in subsequent multi-objective screening. To this end, we replaced the
final fully connected layer of the model with a Mixture Density Network
(MDN) layer, as shown in Fig. 7. The MDN layer can overlay a certain
distribution (usually Gaussian distribution) with specific weights to fit the
final distribution, thus outputting the final predicted value and the pre-
diction uncertainty. The input of the MG-BERT model is molecular
SMILES, and the SMILES strings of the 778 explosives under study range
from 10 characters to 207 characters. These molecules distribute across the
five intervals of the SMILES length, suchas 5.3% in the [0, 25] interval, 35.0%
in [25, 50], 30.8% in [50, 75], 16.7% in [75, 100], and 12.2% in the range
greater than 100. Thus, we used the five intervals for stratified sampling to
ensure the representativeness of the training and testing sets. The average
Tanimoto similarity based onMorganfingerprints between the training and
test sets were calculated to be 0.158, being low similarity, in turn implying
low structure leakage in the data split.

The pretraining data for the 3D-GNN59 model consists of 100k
molecular conformations from the large-scale molecular dataset GEOM-
QM962. The model architecture includes an embedding layer, six message
passing layers, and a mask layer. The embedding layer transformed the
input dimension of the feature vectors into the dimension of vectors in the
latent space to obtain node-level and graph-levelmolecular representations.
The message-passing layers were used to propagate and update node
information. The mask layer enhanced the model’s generalization perfor-
mance by masking parts of the information in the molecules. Similarly, the
last layer of 3D-GNN was replaced by MDN in order to obtain the pre-
diction uncertainty. To obtain the 3D structures for each compound in the

EMs dataset, we utilized the RDKit package to generate the 3D conforma-
tions from SMILES strings.

Model training and evaluation
Since the data size in thework is limited, traditional K-Fold cross-validation
may result in quite different model performances for different folds.
Therefore, we used shuffle split cross-validation to evaluate ML model
performance adequately90,91. For each model, the shuffle split cross-
validation was performed by randomly splitting the dataset into a train-
ing, validation, and independent test set based on an 8:1:1 ratio by 20 repeats
(The MG-BERT model first performed a stratified sampling, and then the
Shuffle Split cross-validation). After 20 iterations, the averaged evaluation
metrics were used to evaluate the model performance, including the mean
absolute error (MAE), the root mean square error (RMSE), and the coef-
ficient of determination (R2), as shown in Eqs. (5)-(7).

MAE ¼ 1
N

Xn
i¼1

yi � ŷi
�� �� ð5Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

Xn
i¼1

yi � ŷi
� �2s

ð6Þ

R2 ¼ 1�
Pn

i¼1 yi � ŷi
� �2Pn

i¼1 yi � �y
� �2 ð7Þ

Where N is the number of samples, yi is the real value, ŷi is the predicted
value,�y is themean of the real values. The value of R2 ranges from0 to 1, and
1 indicates a perfect fitting.

Data availability
Computational data associated with this work are provided in the Supple-
mentary Information.

Code availability
The codes of the molecular generation model, the best models for Q and
BDE, and the 2D P[I] multi-objective optimization under study are freely
available at https://github.com/cholin01/EM_MOO.
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