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tion of compositional space for
high-performance copolymers via Bayesian
optimization†

Xinyao Xu,‡ Wenlin Zhao,‡ Liquan Wang, * Jiaping Lin * and Lei Du

The traditional approach employed in copolymer compositional design, which relies on trial-and-error,

faces low-efficiency and high-cost obstacles when attempting to simultaneously improve multiple

conflicting properties. For example, designing co-cured polycyanurates that exhibit both moisture and

thermal resistance, along with high modulus, is a long-term challenge because of the intrinsic trade-offs

between these properties. In this work, to surmount these barriers, we developed a Bayesian

optimization (BO)-guided method to expedite the discovery of co-cured polycyanurates exhibiting low

water uptake, coupled with higher glass transition temperature and Young's modulus. By virtue of the

knowledge of molecular simulations, benchmarking studies were carried out to develop an effective BO-

guided method. Propelled by the developed method, several copolymers with improved comprehensive

properties were obtained experimentally in a few iterations. This work provides guidance for efficiently

designing other high-performance copolymers.
Introduction

Recent developments in the high-tech area of aerospace have
heightened the requirements for high-performance polymer
matrix composites (PMCs).1,2 PMCs used in structural compo-
nents require matrices possessing superior comprehensive
properties, such as superior moisture, thermal resistance, and
exceptional modulus. Among current thermosetting polymers,
polycyanurates derived from cyclotrimerization of cyanate ester
(CE) monomers are gied with a number of performance
advantages like low water uptake, high glass transition
temperature (Tg), and favorable modulus.3–6 These highly
desirable properties make them ideal for structural applications
in the aerospace eld.

The progress in the exploration and exploitation of new high-
performance polycyanurates for aerospace structural applica-
tions is limited by the intrinsic restrictions among moisture
resistance, high-temperature properties, and excellent
mechanical properties.7,8 To rapidly discover polycyanurates
that meet the needs of specic applications, researchers have
increased interest in copolymerization techniques to enhance
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the comprehensive properties.9,10 However, the traditional trial-
and-error for experimenting with all potential formulae is
impractical owing to the innite compositional design space.
Recently, machine learning (ML) tools have been promised to
reduce unnecessary experiments by predicting promising
formulae.

Bayesian optimization (BO) is one of the ML tools for solving
expensive optimization problems, hitherto, it has been
employed to address a wide range of challenges in the elds of
chemical and materials science, such as optimizing the Hub-
bard U parameter and interatomic force elds,11,12 constructing
phase diagrams of copolymers,13 and discovering new mole-
cules and materials.14–17 Noticeably, the specic implementa-
tion of the BO framework immensely affects the optimized
results. Benchmarking studies are valuable for evaluating the
performance of various BO implementations and identifying
the choices of optimization frameworks that exhibit high effi-
ciency. Some researchers have investigated the effect of BO
implementation on the optimized results based on benchmark
problems, and the results showed that benchmarking studies
could provide efficient ways for implementing an optimization
framework.18–20 However, depending solely on knowledge ob-
tained from commonly used benchmark problems may be
insufficient, as the relationship between the composition of co-
cured polycyanurates and their properties is more intricate and
complex compared to the typical scenarios encountered in
common benchmark problems. Therefore, it is essential to
design a customized benchmark problem that accurately
reects the distinct characteristics of co-cured polycyanurates
Chem. Sci., 2023, 14, 10203–10211 | 10203
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and subsequently to develop a reliable BO-guided method for
real-world applications.

In this work, we focused on a class of advanced copolymers
of a three-component co-cured CE system, aiming to rapidly
discover copolymers possessing low hygroscopicity, coupled
with high Tg and Young's modulus by the BO-guided method.
Three commercially available CE monomers, which can copo-
lymerize with each other to form a co-cured network, comprised
compositional design space. Benchmarking studies were con-
ducted by virtue of the knowledge of theoretical simulations to
develop an effective BO-guided method. Propelled by the
developed BO-guided method, the copolymer compositional
space was searched experimentally. Remarkably, several copol-
ymers with excellent properties were obtained in a few itera-
tions. This study provides guidance for accelerating the
discovery of other advanced copolymers.
Results and discussion
Overview of the workow

This work focuses on a kind of high-performance copolymers
with three-component co-cured CE networks. To discover
copolymers with excellent low hygroscopicity, high Tg, and high
Young's modulus simultaneously, three commercially available
CE monomers, each of which has excellent one or two desired
properties, comprise the compositional design space. The
names (abbreviations) of the three CE monomers are 1,3-bis[2-
(4-cyanatophenyl)-2-propyl]benzene (MBCy), 2,5-bis(4-cyanato-
phenyl)octahydro-1H-4,7-methanoindene (DOCy), and 2,2-
bis(4-cyanatophenyl)propane (BADCy).

Fig. 1 schematically illustrates the BO workow for copol-
ymer compositional design in this work. The compositional
design space is labeled as MxDyBz. Here, M, D, and B mean
MBCy, DOCy, and BADCy, respectively. x, y, z is the mole ratio of
each component, where x + y + z= 1. Considering that the small
Fig. 1 Workflow of copolymer compositional design guided by Bayesia
monomers. The design loop comprises three stages: converting the MOP
through the GP-based surrogate, and inferring promising formulae by u
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proportion change in the formula has a less marked effect on
themacroscopic properties of the copolymer, the compositional
design space is constrained by a grid value. Since this work aims
to improve multiple properties, it can be mapped to a multi-
objective optimization problem (MOP). We dened our MOP as

fMOP = maxmize{fH
−1(MxDyBz), fT(MxDyBz), fY(MxDyBz)} (1)

Here, fH($), fT($), and fY($) are the functions of hygroscopicity,
Tg, and Young's modulus, respectively.

This work leveraged the Gaussian process (GP)-based BO
framework to solve the MOP, as shown in Fig. 1. (1) Within the
BO workow, one practical solution for solving a MOP is to
convert a MOP into a single-objective optimization problem
(SOP) using the scalarizing function.19 Our study implemented
it by converting multiple property functions into an overall
score function. (2) The GP-based surrogate was used to t the
black-box function between the formula and the overall score.
(3) According to the acquisition function, promising formulae
in the design space were inferred based on the posterior
distribution of the GP-based surrogate. The optimization stops
when the preset criteria are reached.

Benchmarking studies through molecular simulations

The specic implementation of the GP-based BO framework can
signicantly affect the efficiency of the compositional design. In
this work, the scalarizing functions, kernel functions of GP, and
acquisition functions are key factors (see Fig. 1). To take full
advantage of this cost-effective tool, conducting benchmarking
studies before real-world applications become imperative.
However, when dealing with complex systems, such as the
copolymer property space that is highly intricate and involves
a wide range of variables (e.g., structure and composition,
reaction and processing conditions, crosslinking degree, and
crystallization), relying solely on insights from commonly used
n optimization. The compositional design space consists of three CE
into an SOP using a scalarizing function, fitting an underlying function

tilizing an acquisition function.

© 2023 The Author(s). Published by the Royal Society of Chemistry
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benchmark problems may yield ineffective or suboptimal
solutions. This limitation arises because these commonly used
benchmark problems could not fully capture the complexity of
copolymer behavior. Therefore, it is necessary to develop
a customized benchmark problem that resembles real-world
copolymer characteristics and then carry out benchmarking
studies to design a practical optimization framework.

All-atomic molecular simulations are widely used to model
thermosets and calculate their macroscopic properties. The
consistency between the calculated and experimental results
indicates that all-atomic simulations can be used to prepare the
calculated copolymer property space (CCPS).21–23 Herein, by
virtue of the knowledge of molecular simulations, we presented
a simulation scheme for calculating the CCPS of the three-
component co-cured CE system. The main steps of the simu-
lation scheme are as follows. First, a crosslinking strategy was
developed to construct co-cured CE networks. This strategy
mainly consists of a cutoff distance criterion and a multi-stage
relaxation process.24 The compositional design space of the co-
cured CE system was constrained by a grid of 1/30. Then, the
properties of hygroscopicity, Tg, and Young's modulus of
copolymers were obtained for the crosslinked CE networks. The
ultimate water uptake was calculated by Monte Carlo simula-
tions.21 The Tg was derived from the volume–temperature curve
based on the free volume theory.25 The Young's modulus was
determined using the constant strain method.26 For more
details about the simulation scheme and parameter settings,
see Methods and Section S1 of the ESI.† The values of data
points for copolymers in CCPS are provided in Section S2 of the
ESI.†

We conducted benchmarking studies where we set the CCPS
as the black-box function to optimize. According to our BO
workow given in Fig. 1, the scalarizing function converts
a MOP into an SOP. We proposed three scoring methods
(denoted as ScoreWS, ScoreWL, and ScoreWP), given by eqn
(2)–(4), to convert three properties to a new overall score. Based
on CCPS, we rst calculated the overall score of each copolymer
and then colored the copolymers using their scores (see Fig. 2
Fig. 2 Plots of the black-box function on the basis of CCPS. The data poin
(b) formulae. The copolymers are colored based on the scores calculate
Young's modulus has a high overall score and tends to be red.

© 2023 The Author(s). Published by the Royal Society of Chemistry
and S2 of the ESI,† the copolymer with a high overall score tends
to be red).

ScoreWS = wHfH
−1 + wTfT + wYfY (2)

ScoreWL ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
wH

�
fH

�1�2 þ wTfT
2 þ wYfY

2

q
(3)

ScoreWP = (fH
−1)wHfT

wTfY
wY (4)

Here, w(H,T,Y) and f(H,T,Y) are the weight coefficients and the
values of hygroscopicity, Tg, and Young's modulus, respectively.
Since the properties are equally important, we set the wH, wT,
and wY to 1/3.

As shown in Fig. 2a and S2,† the data points for copolymers
in CCPS were plotted as a function of three properties: hygro-
scopicity, Tg, and Young's modulus. Directly, we compared the
consistency between the goal of our original MOP (i.e., exhib-
iting low hygroscopicity, coupled with high Tg and Young's
modulus) and the goal of the new SOP (i.e., the color variation
exhibited by the data points in CCPS, blue-green-red). It is
evident that when the data points in CCPS are colored by
ScoreWS (Fig. S2a†) or ScoreWL (Fig. S2b†), the color variation of
the data points closely aligns with the increase of Tg, but does
not exhibit good consistency with the variation of the other two
properties. This observation suggests that selecting either of
these two methods could not enable simultaneous improve-
ments in all three properties effectively. However, when the data
points in CCPS are colored by ScoreWP (Fig. 2a and S2c†), the
color variation of the data points aligns most consistently with
the variation of low hygroscopicity, along with high Tg and
Young's modulus. This observation indicates that choosing this
scoring method can achieve the simultaneous enhancement of
all three desired properties. One reason for the observed
differences arising from the use of the three scoring methods is
that the numerical values of properties have different orders of
magnitude (i.e., the reciprocal of hygroscopicity is around 100,
Young's modulus is around 100, and Tg is around 102). For
scalarizing functions with addition operations, they are sensi-
tive to the magnitude of the value. To obtain new copolymers
ts for copolymers in CCPS are plotted as functions of (a) properties and
d by ScoreWP. The formula with low hygroscopicity, high Tg, and high

Chem. Sci., 2023, 14, 10203–10211 | 10205
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with enhanced multiple properties, we used the ScoreWP as the
scalarizing function in follow-up work instead of merely
improving a single property.

Furthermore, Fig. 2b depicts the contour of the black-box
function, showcasing the relationship between the formulae
and their overall score calculated using ScoreWP. Observably,
there are multiple peaks in the compositional design space.
During the BO-guided workow, locating the peak is a relatively
straightforward task. However, attaining convergence towards
the global optimum poses signicant challenges, thus
rendering this black-box function an exemplary test case.

The GP-based BO was used in this work, in which the kernel
function of GP-based surrogate and acquisition function are
two main parts. The Gaussian process regression is a technique
utilized within the Bayesian framework, where a GP is employed
to establish the functional mapping f(x) / y. This mapping is
determined based on the Bayesian prior and the available
dataset, which is integrated using the kernel function. Herein,
four types of Euclidean distance-based kernel functions with
different smoothness (denoted as k#1 ∼ k#4), which are given by
eqn (5)–(8), were compared.27
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Here, d(xi, xj) represents the Euclidean distance between xi and
xj.
Fig. 3 Comparison of search efficiency for different combinations of ke
method is evaluated for various values of Ninitial and Ninfill. Four kernels
method with high efficiency tends to be red.
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Moreover, two acquisition functions commonly used in
Bayesian optimization were compared in this work.28 The ex-
pected improvement (EI) is given as eqn (9), and the probability
of improvement (PI) is given as eqn (10). (For details about the
GP-based BO, see the Methods section.)

EIðxÞ ¼
(
ðmðxÞ � f ðxþÞÞFðZÞ þ sðxÞfðZÞ if sðxÞ. 0

0 if sðxÞ ¼ 0
(9)

PIðxÞ ¼
(
FðZÞ if sðxÞ. 0

0 if sðxÞ ¼ 0
(10)

Z ¼ mðxÞ � f ðxþÞ
sðxÞ (11)

Here, m(x) and s(x) are the predicted mean and standard devi-
ation from the well-trained GP-based surrogate, respectively.
f(x+) is the best score among current samples, and x+ is the
formula with the best score. F(Z) and f(Z) denote the cumula-
tive and probability density function, respectively.

Benchmarking studies were conducted as follows. Initial
samples were uniformly sampled from CCPS, with three
different initial sample sizes (Ninitial = 4, 8, 12) considered.
Then, the iteration was carried out according to GP-based BO,
and three different inll sample sizes (Ninll = 1, 2, 4) were
applied. Themaximum number of samples was limited to 64 for
the stopping criteria. Search efficiency was evaluated based on
the ranking of the best sample among all searched samples at
the end of optimization (the higher the ranking, the higher the
efficiency), and was on the basis of the average of 500 replicates.

Fig. 3 shows the search efficiency of each BO-guided method
under different combinations of initial sample size Ninitial and
inll sample size Ninll. The method with high efficiency tends
to be red. One can see that for each acquisition function (Fig. 3a
for EI and Fig. 3b for PI), the order of search efficiency of the
four kernels is k#1 > k#2 > k#3 > k#4. Since the smoothness of the
four kernels is k#1 < k#2 < k#3 < k#4, we deemed that the kernel
with lower smoothness could be more suitable for learning the
black-box function of structure and overall score. Meanwhile, by
rnel and acquisition functions. The search efficiency of the BO-guided
and two acquisition functions of (a) EI and (b) PI are compared. The

© 2023 The Author(s). Published by the Royal Society of Chemistry



Fig. 4 Comparison of search efficiency between the BO-guided
method and random search. The best ranking achieved during each
iteration is used to assess the relative efficiency of the two methods.

Edge Article Chemical Science
comparing Fig. 3a and b, we can see that EI is more effective
than PI. Upon analysis above, the combination of k#1 and EI was
selected in follow-up work. (Detailed iterative curves of the
benchmarking studies guided by k#1 and EI are provided in
Fig. S3 of the ESI.†)

Furthermore, we conducted a controlled study by utilizing
a random search, which involves selecting copolymer formulae
without any guidance or learning from previous samples. As
shown in Fig. 4, the orange line is the iterative process
employing random search, while the blue line corresponds to
the BO-guided method incorporating ScoreWP, k#1, and EI
(Ninital = 1, Ninll = 1, and the results were based on the average
of 500 replicates). As shown, the best ranking of the copolymer
searched by the BO-guided method is better than that obtained
by the random search, which demonstrates that the search
efficiency of the BO-guided method is higher than that of the
random search. In addition, the standard error, which reects
the uncertainty associated with the best ranking of samples,
decreases during iteration, as shown in Fig. S4 of the ESI.† This
indicates that the estimation of the best ranking becomes more
reliable. Moreover, the standard error in the BO-guided method
is smaller than that in the random search.

Upon substantiating the exemplary efficacy of our designed
BO-guided method, which incorporates ScoreWP, k#1, and EI, as
substantiated by rigorous benchmarking studies, our focus
then shied toward the experimental exploration of copolymer
compositional design.
Copolymer design and property optimization

Driven by the BO-guided method which incorporates ScoreWP,
k#1, and EI, an experimental exploration of the compositional
design space of MxDyBz was then carried out. The main proce-
dures of experiments are as follows. CE monomers with
a specic ratio were uniformly mixed and heated until complete
dissolution. The resulting liquid was then poured into a steel
mold coated with a release agent. Aer removing any trapped
air bubbles under a vacuum, the sample was cured in a blast
drying oven under a specic curing condition. Subsequently,
© 2023 The Author(s). Published by the Royal Society of Chemistry
the hygroscopicity, Tg, and Young's modulus of the cured resin
were characterized. The hygroscopicity was determined based
on the ultimate water uptake of the cured resin when immersed
in water at room temperature. Tg was characterized using
a differential scanning calorimeter (DSC). The tensile test was
performed utilizing an electronic universal testing machine.
Detailed experiments are provided in the Methods section.

In our case, to minimize the iteration cycle and optimize the
use of experimental data, we carefully selected Ninitial and Ninll

based on the benchmarking study shown in Fig. 3. From Fig. 3,
we learned that setting Ninitial to 12 and Ninll to 1 can result in
notably higher search efficiency thereby highlighting their
potential to enhance the effectiveness of experimental optimi-
zation. Therefore, we xed Ninitial and Ninll to be 12 and 1,
respectively. Furthermore, the compositional design space of
MxDyBz was restricted by a grid of 0.1, enabling distinct
discernment of experimental properties across different
compositions.

The iterative design process begins by selecting copolymer
samples at random. These samples cover the entire composi-
tional design space uniformly and serve as the initial points for
our copolymer design. Subsequently, a new copolymer formula
is predicted, with a focus on maximizing the EI value. Following
the synthesis of the new copolymer, comprehensive character-
izations of the desired properties were conducted. The obtained
results are then employed to update the existing samples. This
crucial step ensures that the knowledge gained from the new
experiments is incorporated into the existing samples, facili-
tating ongoing renement. The process above is repeated for
continuous renement of the optimal copolymer formula until
the desired results are obtained.

By incorporating a scalarizing function, the compositional
design of the copolymers with low hygroscopicity, high Tg, and
high Young's modulus was achieved by maximizing the overall
score of the copolymer. Table 1 presents a comprehensive
overview of the iterative design process, illustrating the copol-
ymer composition and its corresponding experimental proper-
ties. The table includes the proportions of copolymer
constituents for each iteration, along with the evaluation of
three desired properties for each composition. The initial 12
data points are labeled as 0-a to 0-l to represent the starting
samples, followed by sequential updates of one data point per
iteration for a total of 9 iterations. It can be seen that, driven by
the BO-guided method, several high-performance copolymers
with a combination of low hygroscopicity, high glass transition
temperature, and high Young's modulus were obtained aer
a few iterations.

Fig. 5 displays the variation in the overall score of the
prepared copolymers during the on-the-y iterations. As shown,
the best overall score of copolymers improves and remains the
same for a period of time. In the rst iteration, the copolymer
CoCE-1 (the number 1 refers to the iteration round) achieved
a better overall score than the initially prepared copolymers. In
the subsequent iterations (2–6), the overall score of the newly
prepared copolymer did not surpass the existing samples but
still outperformed most of the initially prepared copolymers. In
the seventh iteration, there was another improvement in the
Chem. Sci., 2023, 14, 10203–10211 | 10207



Table 1 Copolymer composition and experimental properties in iterative design

Iteration

Composition (mol%)

Hygroscopicity (%) Tg (°C) Young's modulus (GPa)MBCy DOCy BADCy

0-a 1.0 0.0 0.0 0.53 165 3.16
0-b 0.0 1.0 0.0 0.70 254 2.89
0-c 0.0 0.0 1.0 0.90 221 3.17
0-d 0.0 0.2 0.8 1.59 284 3.28
0-e 0.0 0.5 0.5 1.22 266 3.24
0-f 0.0 0.8 0.2 1.16 255 3.32
0-g 0.1 0.4 0.5 1.50 269 3.22
0-h 0.1 0.0 0.9 1.81 288 3.21
0-i 0.2 0.2 0.6 1.25 245 3.18
0-j 0.4 0.0 0.6 1.11 221 3.02
0-k 0.5 0.2 0.3 0.81 189 3.18
0-l 0.7 0.1 0.2 0.68 186 3.32
1 0.9 0.0 0.1 0.58 198 3.21
2 0.9 0.1 0.0 0.56 171 3.30
3 0.8 0.1 0.1 0.59 173 3.30
4 0.8 0.0 0.2 0.62 190 3.21
5 0.8 0.2 0.0 0.57 177 3.37
6 0.7 0.3 0.0 0.61 187 3.31
7 0.5 0.5 0.0 0.60 223 3.21
8 0.4 0.6 0.0 0.83 247 3.31
9 0.6 0.4 0.0 0.61 219 3.26

Chemical Science Edge Article
overall score. Finally, in the last iterations of this study (itera-
tions 8 and 9), the best score of copolymers remains the same as
in the seventh iteration.

We then plotted the contour of EI values during the iterative
process to gain insights into copolymer compositional design.
The insets in the upper part of Fig. 5 illustrate the contour of EI
at the start, mid-term, and end of the iteration. The region in
the lower le corner of the compositional design space is
Fig. 5 Machine learning assisted compositional design of a co-cured CE
a function of iteration. The contour plot illustrates the distribution of EI v
higher EI values tended to be red. Green circular and red solid squaremar
each iteration.

10208 | Chem. Sci., 2023, 14, 10203–10211
exploited to a greater extent at the beginning of the iteration. In
the initial stage, the BO-guided exploration reveals that the
formulae located in the lower right corner of the compositional
design space have higher EI values. Mid-term exploration of the
compositional space shows that copolymers located in the
upper right area register higher EI values. At the end of the
iteration, all the formulae have lower EI values compared to the
start and mid-term of the iteration, revealing that the
system. The variation in the score of all measured samples is plotted as
alues at the beginning, middle, and end of the iteration, with regions of
kers in the insets represent all measured samples and the best sample at

© 2023 The Author(s). Published by the Royal Society of Chemistry
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exploration of the copolymer space is complete (detailed results
about the overall score and EI value during the iterative process
are provided in Fig. S4†).

Fig. 6 depicts an example of a copolymer exhibiting
enhanced comprehensive properties. The copolymer of CoCE-7,
which was synthesized in the seventh iteration, demonstrates
comparable hygroscopicity to MBCy, while signicantly
surpassing it in terms of Tg and Young's modulus. Although the
Tg of CoCE-7 is slightly lower than that of DOCy, its hygro-
scopicity and Young's modulus are both superior to DOCy.
Furthermore, each desired property of CoCE-7 is markedly
enhanced compared to BADCy.

Herein, the 3-Pareto dominance relation was used to
compare the properties of the samples quantitatively. A concise
denition of the 3-Pareto dominance relation is as follows.29 A
point y ˛ Rm 3-dominates y0 iff yi þ 3$ y0i; 1# i#m: Accord-
ing to the denition, the copolymer of CoCE-7 demonstrates
Pareto dominance over BADCy, while a 0.13-Pareto dominance
prevails over MBCy and DOCy. Moreover, we calculated the
properties of M0.5B0.5D0 (i.e., the composition of CoCE-7)
according to the rule of mixtures, as depicted in Fig. 6.
Notably, the properties of CoCE-7 are superior to the linear
mixing of properties of corresponding homopolymers, high-
lighting the effectiveness of our developed BO-guided method
in rapidly discovering copolymers with improved comprehen-
sive properties.

Designing optimal materials for real-world applications is
the holy grail of the materials chemistry community. To date,
copolymerization techniques are widely used to discover
advanced polymeric materials, not only due to the synthetic
accessibility of copolymers but also because copolymerization
can yield appealing and unexpected physical properties that
deviate from the linear combination rules of homopolymer
properties. However, it is challenging to perform experiments
with all promising formulae due to the vast space of copolymers
to be explored.
Fig. 6 An example of a copolymer with enhanced properties. CoCE-7
Pareto dominates BADCy, and 0.13-Pareto dominates MBCy and
DOCy. The properties of CoCE-7 are superior to the linear mixing of
properties of corresponding homopolymers. The sample with a high
overall score tends to be red.

© 2023 The Author(s). Published by the Royal Society of Chemistry
GP-based BO, an ML tool for optimizing expensive black-box
functions, holds great potential for the optimal compositional
design of copolymers. However, its practical application in
crosslinked copolymer compositional design remains limited
due to the complex nature of the three-dimensional networks,
which complicates the relationship between composition and
properties. Consequently, accurately modeling and effectively
optimizing such complex systems can be challenging for an
arbitrary GP-based BO, since the specic implementation of the
optimization framework, such as the selection of the kernel of
GP, can affect its performance. To take full advantage of this
tool, we carried out benchmarking studies using the black-box
function generated by molecular simulations. The results
revealed that the kernel with lower smoothness exhibits higher
efficiency in optimal compositional design. This nding indi-
cates that the shape of kernels with lower smoothness better
aligns with the black-box function between structure and
property, providing valuable insights for advancing quantitative
structure–property relationships research in the eld of
polymers.

Furthermore, guided by the developed BO-based method, we
experimentally explored the compositional design space. The
results illustrate that the BO can be used to address the chal-
lenge of low efficiency and high cost in improving multiple
conicting properties. Importantly, it should be emphasized
that the traditional trial-and-error method is difficult in
achieving comprehensive property improvements, as certain
properties may contradict each other. The BO-based method
presented in this study offers advantages compared to tradi-
tional compositional design strategies and can be extended to
the agile discovery of diverse advanced copolymeric materials
with multi-functions. This extension goes beyond mere
composition optimization and encompasses the optimization
of the curing process. The black-box function governing the
relationship of structure–composition–process–property can
represent a more general case. By simultaneously considering
both composition and curing process parameters, the devel-
oped BO-based method achieves a broadened scope and
enhanced applicability in materials discovery and design.

Lastly, we would like to mention the limitations of the
workow presented in this work and give possible solutions.
The limitation is that our approach relies on molecular simu-
lations to design a benchmark problem that accurately repre-
sents the characteristics of crosslinked polymers. While these
simulations could provide valuable insights for benchmarking
studies, the accuracy demands and time costs associated with
simulations present signicant challenges. In some cases, the
computational expenses can become prohibitive, hindering the
scalability of the workow to larger and more complex systems.
To address these challenges, future research could focus on
advancing multi-scale simulation approaches for polymers.
This involves coupling different levels of computational
methods, such as integrating atomistic simulations with coarse-
grained models or continuum models. By capturing
phenomena occurring at various lengths and time scales, multi-
scale simulations enable the exploration of larger and more
complex systems while effectively reducing computational
Chem. Sci., 2023, 14, 10203–10211 | 10209
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costs. These advancements in simulation techniques could
enhance the applicability and efficiency of the proposed work-
ow, promoting progress in the interdisciplinary eld of
machine learning and materials chemistry.

Conclusions

Bayesian optimization has been used to optimize expensive
black-box functions. However, its efficiency can be severely
affected by the implementation of an optimization framework.
This work carried out benchmarking studies through molecular
simulations and constructed an effective BO-based method for
the compositional design of the co-cured CE system. With the
guidance of the developed method, several copolymers having
low hygroscopicity, along with superior Tg and Young's
modulus were successfully synthesized in a few iterations.
Notably, it is challenging to simultaneously improve multiple
desired objectives by the trial-and-error method because of the
contradictory relationship among properties. The present work
well addresses this challenge. The basic framework of this work
can be generalized for efficiently exploring and discovering
other advanced copolymers with multiple properties.

Methods
Computational details

Simulation scheme for calculated copolymer property space.
All-atomic simulations were used to model the curing and
calculate the properties of the three-component co-cured CE
resins. All procedures were implemented through Materials
Studio.26 The steps are as follows. (1) The crosslinked network of
the co-cured CE system was constructed using the cross-linking
scheme comprising a cut-off distance criterion and a multi-
stage relaxation process. (2) The hygroscopicity, Tg, and
Young's modulus were obtained based on the crosslinked CE
model. Hygroscopicity was calculated using Monte Carlo
simulations. Tg was obtained by tting the volume–temperature
curve from molecular dynamics simulations. Young's modulus
was calculated by the constant strain method. Detailed illus-
trations and parameter settings of the simulation scheme are
available in Section S1 of the ESI.†

Bayesian optimization for copolymer compositional design.
We used the GP-based BO to solve the MOP of discovering
copolymers with low hygroscopicity, high Tg, and high Young's
modulus, simultaneously. The optimization framework used in
this work consists of three main parts. (1) Scalarizing function.
Three scoring methods based on scalarizing functions of
weighted sum (WS), weighted L2 norm (WL), and weighted
product (WP) were compared. The three scoring methods are
given by eqn (2)–(4). (2) Kernel function of GP. The Gaussian
process regression is a technique utilized within the Bayesian
framework, where a GP is employed to establish the functional
mapping f(x) / y. This mapping is determined based on the
Bayesian prior and the available dataset, which is integrated
using the kernel function. Herein, four types of Euclidean
distance-based kernel functions with different smoothness, as
given in eqn (5)–(8), were compared.27 And the GP-based
10210 | Chem. Sci., 2023, 14, 10203–10211
surrogates with these four kernels, implemented using the
Scikit-Learn package,30 were used to approximate the under-
lying function. (3) Acquisition function. Two commonly used
acquisition functions in Bayesian optimization, namely ex-
pected improvement (EI) and probability of improvement (PI),
were compared in this work.27 The EI determines the expected
amount of improvement that can be achieved by sampling at
a specic point. The PI aims to identify the point where the
probability of surpassing a predened target for function
improvement is the highest. The acquisition functions were
independently calculated for the score, as given by eqn (9) of EI
and eqn (10) of PI.
Experimental details

Materials. 1,3-Bis[2-(4-cyanatophenyl)-2-propyl]benzene
(MBCy), 2,5-bis(4-cyanatophenyl)octahydro-1H-4,7-meth-
anoindene (DOCy), and 2,2-bis(4-cyanatophenyl)propane
(BADCy) were procured from Shanghai Titan Scientic Co., Ltd.

Sample preparation and characterizations. Mixtures of CE
monomers with a given ratio were added to an eggplant ask
(250 mL) equipped with magnetic stirring and were heated at
110 °C until complete melting of the powder occurred. Subse-
quently, the resulting liquid was swily poured into a preheated
(at 110 °C) steel mold, coated with a release agent beforehand.
Once all the bubbles were thoroughly eliminated under vacuum
conditions at 110 °C, the resin was transferred to a blast drying
oven for curing according to the following procedure: 230 °C @
3 h + 260 °C @ 3 h + 290 °C @ 3 h + 320 °C @ 3 h. The hygro-
scopicity, Tg, and Young's modulus were then measured. Water
immersion testing was conducted according to ISO 62: 2008.
The cured sample was dried to a ±0.0001 g constant weight in
a blast drying oven, weighed, and then immersed in water at
23 °C. At regular intervals (24 h), the sample was taken out from
the water, dried using lter paper, and then weighed tomeasure
the water uptake. The sample was then immersed in water
again, and this process was repeated until the water uptake
reached a steady state. The hygroscopicity was determined by
the nal value once the steady state was reached. Tg character-
ization was performed using TA DSC 250 under a nitrogen
atmosphere, employing a heating rate of 10 °C min−1. The
tensile test was carried out using an electronic universal testing
machine (Instron 34TM-30) in accordance with ASTM D638-14,
with a crosshead speed of 2 mmmin−1 and a gauge length of 25
mm.
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