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Machine Learning-Aided Crystal Facet Rational Design

with lonic Liquid Controllable Synthesis

Fuming Lai, Zhehao Sun, Sandra Elizabeth Saji, Yichuan He, Xuefeng Yu,

Haitao Zhao,* Haibo Guo,* and Zongyou Yin*

Crystallographic facets in a crystal carry interior properties and proffer

rich functionalities in a wide range of application areas. However, rational
prediction, on-demand customization, and accurate synthesis of facets and
facet junctions of a crystal are enormously desirable but still challenging.
Herein, a framework of machine learning (ML)-aided crystal facet design
with ionic liquid controllable synthesis is developed and then demonstrated
with the star-material anatase TiO,. Aided by employing ML to acquire
surface energies from facet junction datasource, the relationships between
surface energy and growth conditions based on the Langmuir adsorption
isotherm are unveiled, enabling to develop controllable facet synthetic
strategies. These strategies are successfully verified after applied for syn-
thesizing TiO, crystals with custom crystal facets and facet junctions under
tuning ionic liquid [bmim][BF ] experimental conditions. Therefore, this
innovative framework integrates data-intensive rational design and experi-

1. Introduction

The traditional research and development
of functional materials are mainly based
on the scientific intuition of researchers
and a large number of repeated
trial-and-error experiments, which are for-
midable tasks. Consequently, researchers
made further efforts to develop a theo-
retical model to speed up the discovery
of functional materials. Unfortunately, a
large number of experimental and theo-
retical results have not been fully inte-
grated and utilized. In 2011, the Materials
Genome Initiative advanced a new para-
digm for high-performance materials dis-
covery and design to replace the standard

mental controllable synthesis to develop and customize crystallographic
facets and facet junctions. This proves the feasibility of an intelligent chem-
istry future to accelerate the discovery of facet-governed functional material
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trial-and-error approach.»?l At the same
time, the databases containing varied
crystal characteristics were presented to
address the deficiency of experimental
measurements.>¥ An enormous amount
of experimental and theoretical studies
has been performed with making some
progress up to date.’® This year, a novel robotic system for
chemical synthesis was reported featured with a high-autono-
mous workflow!l and hence automated synthesis is growing
in popularity. The fourth paradigm (highly intelligent, data-
intensive, and data-driven research) facilitated by the integra-
tion of machine learning (ML) algorithms and chemistry-related
databases attracted more and more attention.'*2l Therefore,
data-driven experimental controllable synthesis has become a
new pursuit to promote designing innovative materials with
targeted properties for an intelligent chemistry future.

Facet in crystal morphology is one of the most important
factors in determining the properties and performance of
functional materials. For example, controlling and custom-
izing crystal facets provide a promising potential in design and
modification of some popular light-responsive semiconduc-
tors, greatly regulating the photocatalytic/photoelectric prop-
erties, 319 for the applications in CO, reduction,”'®! water
splitting,[1°-231 solar cells,?Yl etc. Therefore, the controllable
synthesis of targeted facets is critical for customizing materials
functionalities and enhancing their performance in practical
applications. Up to date, a wide range of applications of crystal
facets, especially of low-dimensional nanomaterials, have been
developed for the applications in energy conversion,?>-28l
energy storage,??) sensors,?%3! organic pollutant removal, 3233
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photovoltaic,?¥ wettabilityl*! and so on. However, the accuracy
of the experiment in controlling crystal facets is substantially
difficult because of the various factors involved. In order to
better understand morphological transformations of crystals in
materials synthesis, the dependence of facets on crystal struc-
tures has been widely discussed. Some theories have been
developed up to date, including Periodic Bond Chains theory,*®l
Bravais-Friedel-Donnay-Harker law,””) Harsh-Nidhi-Binay
theory,38l and so on. Unfortunately, most of them did not take
experimental controllable synthesis into consideration and
were unable to explain or predict various facet and hence their
junctions in experiments.”1"]

The need for producing targeted crystal facets and facet
junctions, involved with complicated experimental growth
conditions, is driving strong demand for rational theoretical
modeling to predict the crystals and guide the controllable
synthesis.®3% The relationship between crystal facets and
experimental conditions is elaborated by considerable efforts
but systematic understanding is still lacking.**-*2l An impor-
tant part of the challenge is the lack of reliable, environ-
ment-dependent surface energies. All previous reports were
focused on the Wulff constructions using first-principles to
calculate the ideal surface energies for obtaining the facets
of a given crystal. Surface energies, however, are elusive in
both measurements and computations owing to highly com-
plex environmental factors, such as temperature, pressure,
concentration, and pH, that surround those volatile facets.
In addition, most of the first-principles calculations are time
consuming and limited to clean, low-index surfaces, and
small surface cells. Thus, it is imperative to find a reason-
able and efficient method to establish a relationship between
the crystal facets (and hence facet junctions) and real sur-
face energy that can integrate the material informatics to
guide the experiment. To address this, a rational protocol
design for artificial facets and facet junctions in light of ML-
intensive methodology is expected. Actually, the success of
computer-aided methods has inspired the development and
application of artificial intelligence-based tools that con-
tribute to reliable chemical synthesis.[*643%] Also, the latest
advances in supervised and reinforced ML, such as artificial
neural networks (ANN),*# provide promising opportuni-
ties for accelerating synthesis and discovery of functional
materials through ML-accelerated strategies.*®>% Taking
advantage of ML, an intelligent strategy is supposed to
significantly accelerate the controllable synthesis for facet-
governed crystals.

In this study, we propose a data-intensive rational design
and controllable synthesis strategy, which integrates data-
driven ML and ionic liquid experimental synthesis for crystal
facets design. First, we provide an overview of the integrated
framework toward artificial facet junctions of crystal. Then, we
introduce the role of ML in the construction of the relationship
between facets and surface energy. Next, the proposed data-
driven ML is applied to backtrack surface energies from experi-
mentally observed equilibrium morphologies. Moreover, taking
anatase TiO, as a proof-of-concept study, our developed rational
design of crystal facets and facet junctions is well demonstrated
with synthesizing TiO, crystals, controlled via an ionic liquid
[bmim][BE,)].
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2. Results and Discussion

2.1. Framework toward Artificial Facet Junction
Design of a Crystal

Herein, we create a framework to bridge the facet junction data-
source, ML, mathematical model, and ionic liquid synthesis
and hence to achieve the rational design and controllable syn-
thesis for the targetted functional materials featured with cus-
tomized crystallographic facets and facet junctions. As shown
in Figure 1, our procedures of framework integrate the fol-
lowing components and enable ML-aided crystal facet rational
design with ionic liquid controllable synthesis to realize artifi-
cial facet junction of a crystal: i) an ML datasource containing
abundant potential facets and facet junctions; ii) definition of a
crystallographic path, iii) facet junctions customization for TiO,
as an example, iv) ML-aided crystal facet rational design, and
v) ionic liquid controllable synthesis.

For the first step, to implement the system, we built ML
datasource based on the Wulff construction as an automation
platform for further design. To generate a search space for
facets and facet junctions as ML datasource, for the first step,
we obtained 1075 different facets from seven crystal systems
containing crystal informatics from the Materials Project,”
which can construct about 2! potential morphologies and
92 033 different facet junctions for future facet rational design
(see Figure la and the Supporting Information). A number
of the candidate facets, morphologies, and facet junctions
found here have already been validated by literature experi-
ments, which suggest that the unstudied candidates unveiled
in this work offer the valued datasource for further investiga-
tions. Next, to verify the proposed framework's applicability,
in step 2, we have investigated surface energies of anatase-
phase TiO, as an example for a proof-of-concept, to determine
growth conditions for a given crystallographic path. The crystal
structure of anatase TiO, is of the 4/mmm point group in the
tetragonal crystal system. Nanocrystals in this point group
include anatase,*>>2 rutile,>3 pyrolusite,**>% zircon,® etc.
We considered {100}, {101}, {111}, and {001} facets here since
the theoretical and experimental studies on surfaces of the
4/mmm point group mainly focus on low-index {100}, {101},
{111}, and {001} facets. In addition, we also considered the high
index {103} facets to enrich the morphologies. Crystals of the
tetragonal 4/mmm point group can be crystallized into various
morphologies, such as octahedral,’’”! cuboid,®®! truncated octa-
hedral,® tetragonal faceted-nanorod,>>% and so on (Figure 1a).
In this study, we take the {101} facets as the reference facets
and express other surface energies as dimensionless ratios
with respect to {101} facets. The numerical solutions of sur-
face energy ratios for each polyhedron are presented in Step 2,
through the constrained optimization by linear approximations
(COBYLA) algorithm[®® in the nonlinear optimization (NLopt)
library (see Table S2, Supporting Information). Figure 1b shows
the schematic model of the facet junction customization evolu-
tion when only five typical surfaces {101}, {100}, {001}, {103},
and {111} are considered for this point group. As the relative
surface-energy ratio %u/%o changes, one or more types of
facets appear or disappear. Crystal particles tend to grow
fast along the normal direction of high- energy facets, often
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Figure 1. Framework toward artificial facet junctions of crystal. a) ML datasource based on Wulff construction. The number of facets, morphologies,
and facet junctions for each crystal system is shown on the rightmost side (see Table S1, Supporting Information). b) The crystallographic path toward
the tetragonal crystal system for TiO, (as an example). c¢) Customization of TiO, facet junction. d) The preprocess of training sets and ANN for ML
aided facet junction rational design. ) The controllable synthesis performed by the ionic liquid.

eliminating high-energy facets and maximizing surface area of
low-energy facets. Starting from a tetragonal faceted nanorod
(in Figure 1c), one of the most thermodynamically stable form,
at least six distinct shapes can be produced by decreasing
(or increasing) the relevant surface energies. Here, in step 3,
we customize anatase TiO, crystals with a high percentage

Small 2021, 17, 2100024

2100024 (3 of 11)

of {001} facets and {001}/{100} facet as our target facet and
facet junction, respectively, as shown in Figure 1lc. Moreover,
besides the tetragonal faceted-nanorod shape in the center of
Figure 1b, various morphologies can be synthesized experi-
mentally through adjusting various reaction conditions, i.e.,
temperature, pH, time, concentration, and ligand, during the
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whole synthesis process to modify the relative surface energies.
From the end of step 3, the framework has completed the
crystal facet rational predesign preparations.

To correlate the surface energy with morphology modulation
of a crystal, ML-aided crystal facet rational design was dem-
onstrated in step 4. In our previous studies, surface energies
calculated by the inverse Wulff construction method (see the
Supporting Information) were discrete. To solve this deficiency,
in step 4, our system further developed an ML integrated
development strategy that facilitates to accelerate facet rational
design using the ANN (see the Supporting Information). For
crystals with more complex facets, ANN could be inspected
and enhanced by the user through optimizing the network to
improve the training efficiency and accuracy. In Figure 1d, we
designed a set of calculation programs to obtain the training
set, thereby allowing processes to be specified at an increas-
ingly automated level. In order to build the training set, our
calculation programs were considered as the interface for fur-
ther machine training. To execute ML, we use an automatic
processing program to calculate surface energies from experi-
mentally observed particle morphologies through algorithms of
minimization based on the ML datasource. The obtained sur-
face energies are compatible with the real growth experimental
conditions. In addition, the ML-aided method can be employed
to supplement experimental observations since the calculated
surface energies can be extrapolated to experimental condi-
tions that have not been explored.®!! This allows one to compile
a data set for energy-condition or even morphology-condition
relationships with a small number of experiments.

After step 4, data-driven ML-aided rational design for crystal
facet urgently needs to build a connecting relationship between
the adjacent controllable synthetic steps. To solve this issue, we
introduced ionic liquid controllable synthesis under the guid-
ance of data in step 4 of Figure le. The controllable synthesis
of functional materials was realized by varying the pH of the
solution, concentration of ionic liquids, reaction temperature,
and reaction time. As a typical solution-based parameter, the
ionic liquid under hydrothermal condition has the stabilizing
role for formed nanoparticles as a soft template or a capping
agent and has proven to be an effective and convenient way in
preparing various materials with diverse controllable morphol-
ogies. To verify the proposed strategy's applicability, we have
used it to investigate surface energies of anatase-phase TiO, (of
the 4/mmm point group) as an example, to determine growth
conditions for a target crystal facet.

2.2. Machine Learning for Surface Energy Calculations

When the synthesis process takes advantage of ML-aided crystal
facet rational design, it can provide a data-driven way to speed
up the construction of relationships between facet and surface
energy. In this study, the neural network of ML we used con-
sists of an input layer, an output layer, and three hidden layers
as shown in Figure 2a. However, a more complex selection of
neural networks can be used in principle to improve the pos-
sibility of customization and optimization. The proposed facet
junction (the area of facets) is taken as the descriptors and the
surface energy of facets is considered as the target properties.
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The input vector contains the elemental fractions normalized
to one and the regression gives the output. The model learns
to capture the required relationship among the facets from the
input training data. We use three hidden layers to train all pos-
sible morphology data containing three facets in Figure S3 in
the Supporting Information. Through regression testing, we
choose hyperbolic tangent sigmoid transfer function as transfer
function for each hidden layer, and the number of neurons is 3
in the input layer and 4, 4, and 4 in three hidden layers, which
have been tested to show a better performance of regression
(Tables S3 and S4 in the Supporting Information). For other
morphologies of other materials, additional tests are required.
The successfully trained neural network can already accu-
rately predict the data of all possible morphologies of the three
facets for TiO, (Figure S3, Supporting Information), so it can
also predict the specific morphological path of the three facets
in Figure 2c,d with high R%. As shown in Figure 2b, we use
1000 cases as the data sets and randomly split the data sets into
training and test sets in the ratio of 8:2 for reporting the per-
formance of ANN models. The data in this work are randomly
selected from datasource considering all reasonable ranges of
the morphology. Our training set and test set are randomly dis-
tributed. To take the surface energy ratio of facet {001}/{101}
as an example, all the data of the training set and test set are
shown in Figure S2 in the Supporting Information. Figure 2c,d
illustrate the scatter plot of ANN models trained from preproc-
essing data sets. We find that the ML predicted values are well
matched to that calculated by inverse Wulff construction; that
is, ML leads to the accuracy with exhibiting low mean absolute
errors (MAE) in the prediction of surface energy for facet junc-
tion. In addition, Figure S3 in the Supporting Information is
the result of all the possible complex morphologies included of
{001}, {101}, and {100} facets. This will result in multiple sur-
face areas corresponding to the same surface energy ratio, thus
sacrificing the accuracy. Specifically, the two green dot lines in
Figure S3b,c in the Supporting Information indicate the spe-
cific ranges which are, respectively, the same as that presented
in Figure 2c,d. After comparing these two specific ranges,
it is obvious that the results of ML prediction is much more
accurate, if we only consider the specific morphology path in
Figure 2c,d, which has been experimentally demonstrated
in this work. Besides, the predicted surface energies for four
facets by ML reflects a more complicated situation, and ML
can still accurately predict the relationship between the surface
energy and the area of the facet shown in Figure S4 in the Sup-
porting Information.

Next, a comparison between the ANN model and high accu-
racy solution is performed to predict surface-energy ratios
as a function of morphology evolution. We demonstrate the
internal representation for both of them in Figure 3a,b. The
surface energies are calculated by the inverse Wulff construc-
tion method and can be used to fit a continuous function,
which is

X X

(ao—l)x+1+a —a 1-x
(@ -1 (1-x)+1

y=(1-x){a—a
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Figure 2. The convergence of facet surface energies for ML model. a) The scheme used for the training and application of the model. b) Scatter plot
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for c) {001}/{101} facet junction and d) {100}/{101} facet junction are calculated using inverse Wulff construction and predicted using ML for specific
morphological variation paths. Note: MAE means mean absolute error, RMSE means root mean squared error, and R? means R-square.

where ay, a4, a, and a; are unknowns to be obtained from
fitting.®) The parameters of the fitting function are listed
in Table S5 in the Supporting Information. In the present
work, the shape from Figure 1c is considered one of the
most desirable pathways for crystals of point group 4/mmm.
This pathway can be divided into two stages. The first stage
is where {101} facets disappear completely. The second stage
is combined with an increasing fractional area of {001} and a
decreasing fractional area of {100}. By fitting discrete numer-
ical values of energy ratios to Equation (1), we are able to
measure the energy ratios for any given fractional areas con-
veniently. In this way, we do not need the numerical optimiza-
tion method, and this reduces the computational complexity.
Though the inverse Wulff construction could obtain a high-
accuracy solution, it needs to choose a suitable optimization
algorithm (shown in Figure 3b), and it takes a very long time
to calculate the surface energy for the morphology enclosed by
multiple crystal facets (shown in Table S6 and S7, Supporting
Information). As shown in Figure 3c,d, we observe that the
model has a low prediction error compared with inverse
Wulff construction calculated results. Under the condition
of the same accuracy, we have demonstrated the efficacy of
ML that could save much time (only in seconds) to accelerate

Small 2021, 17, 2100024

2100024 (5 of 11)

the crystal facet rational design compared with performing
inverse Wulff construction.

2.3. lonic liquid Aided Anatase-Phase Controllable Synthesis

We have used ML to automatically obtain the surface-energy
ratios as a function of morphology evolution. To further model
the underlying relationship between surface energy and growth
conditions, ionic liquid aided anatase-phase controllable syn-
thesis is designed to verify ML-aided crystal facet rational design.
The functional relationship between surface energy and ion
concentration is ¥ = gyln (1 + ce;) + ¢, According to the function
relation, the function is monotonously decreasing. Therefore,
the greater the concentration results in the lower the surface
energy, so the larger the area of the exposed surface could be
obtained. This also shows that we want to get a larger {001}
exposed surface, we must add more fluoride ion. Before the
experiment, our model can already provide preliminary guid-
ance for the experiment, but we do not know how much fluo-
ride ions should be added. If we want to know what the specific
functional relationship is, we need to determine the parameters
ey, €1, and e,, which must be determined through experiments.

© 2021 Wiley-VCH GmbH
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Because there are three parameters, at least three sets of experi-
ments should be done. To exemplify the process, the control-
lable synthesis of anatase TiO, has been detailed, which was
synthesized using the hydrothermal method with different
amounts of [bmim]|[BF,] (see the Supporting Information). The
X-ray diffraction (XRD) patterns of the as-synthesized sample
with the amount of 1000 pL ionic liquid [bmim]|[BF,] is shown
in Figure 4a. All diffraction peaks match well with the crystal
structure of the anatase TiO, phase (space group [41/amd, Joint
Committee on Powder Diffraction Standards (JCPDS) 21-1272)
and no other phases can be detected, indicating that the product
is in a pure anatase phase. Figure 4b,c shows the transmis-
sion electron microscopy (TEM) images of TiO, nanocuboids.
The TEM image in Figure 4c clearly shows the (200) and (004)
atomic planes with a lattice spacing of 0.19 and 0.24 nm, respec-
tively. We can conclude that the anatase TiO, single crystals are
bound by four {100} facets on four sides and two {001} facets
on the top and bottom. Figure 4d-i displays scanning electron
microscopy (SEM) images of TiO, crystals synthesized with dif-
ferent amounts of ionic liquid [bmim][BF,]. All the other param-
eters are the same. It can be found that the size of TiO, particles
increases gradually with the increase of ionic liquid [bmim][BF,]
amount, and only a fraction of the particles may be qualified
as crystals, others being of the micrometer scale. The 3D mor-
phology of well-faceted anatase TiO, nanocuboids is enclosed by
two {001} top facets and four {100} lateral facets.
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The TiO, crystals were synthesized a with well-defined
{001}/{100} facet junction and were shown that their shapes
were affected by the amount of ionic liquid [bmim|[BF,], which
results in variations in the size of the {001} and {100} trunca-
tion facets in anatase and in the aspect ratio of crystals. It was
also observed from a considerable amount of computational
and experimental studies, that the presence of F~ results in a
large percentage area of anatase {001} facets by saturating sur-
face unsaturated coordinated Tis. atoms.?>? In our experi-
ments, the F~ ions are produced through the hydrolysis of
[BE,". This is supported by the appearance of [BF,", which
can effectively stabilize the {001} facets of anatase TiO,, and
does not affect the appearance of {100} facets.’!! The surface
energy of {100} facets is assumed to be constant. We may use
Equation (7) to describe the surface-energy ratio 991/ %00, Which
has been varied by adjusting the concentration of F~ between
0.257 and 1.457 mol L. That is to say, Equation (7) that is appli-
cable to a single surface is also tenable to describe a surface-
energy ratio in this case.

To further demonstrate the feasibility of our model to
execute ionic liquid aided controllable synthesis, we demon-
strate the comparison of our model and experimental results.
Figure 5a shows the aspect ratios and frictional surface areas of
{001} facets. It can be seen that with the increase of ionic liquid
[bmim][BF,] amounts, the aspect ratios increase gradually and
the areas of {001} facets increase correspondingly. This is in
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Figure 4. a) XRD patterns of TiO, nanocrystals with a mount of 1000 uL ionic liquid [bmim][BF,]. b,c), TEM images. SEM images of TiO, nanocrystals
synthesized with different amounts of ionic liquid [bmim][BF,]: d) 250 uL, e) 500 pL, f) 750 uL, g) 1000 pL, h) 1250 L, and i) 1500 uL.

agreement with the finding that F~ can significantly reduce
the surface energy of the {001} facets.>! Besides, in Figure 5b,
the surface-energy ratios are in accordance with the function
in Equation (7) and the parameters are calculated by fitting the
data for the four different concentrations of F~. The value of
%01/ Yioo changes from 1.625 to 1.494 as the concentration of F~
changes from 0.257 to 1.457 mol L% It shows clearly that the
fitting curve well matches the surface-energy ratios obtained
from experimentally observed shapes of the TiO, particles.
In addition, by extending the concentration of F~ from 0.100
to 2.320 mol L, we are able to reproduce the surface-energy
ratios at the concentrations of F~ and predict equilibrium par-
ticle shapes under these conditions. The lower surface-energy
ratios in our experiments show that a higher percentage of
{001} facets can be acquired by increasing the reaction tempera-
ture. The results in Figure 5b reveal the quantitative relation-
ship between surface energy and morphology, surface energy,
and fluoride ion concentration and indirectly established the
relationship between morphology and fluoride ion concentra-
tion. Although only six sets of experiments are given in the
paper, for other morphologies, the amount of fluoride ion can
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be given according to the results of our model, which directly
provides guidance for the experiment. The crystal structure
of {100} and {001} facets for TiO, is shown in Figure 5c. The
results obtained from the experiments and numerical calcula-
tions allow us to propose a mechanism for understanding the
relationship between datasource, ML, ionic liquid, and facet
junction, as shown in Figure 5d.

For Figure 5d, the initial states is the construction of facet
junctions datasource for ML, which is obtained by Wulff con-
struction based on the Materials Project databasel?! as an auto-
mation platform for TiO, design. Then, ML is used to acquire
surface energies from datasource of TiO, crystal morpholo-
gies. ML in this work does not stop at calculating the surface
energy of the theoretical model. It participates in the calcu-
lation of the surface energy of the experimental morphology.
In addition, we have developed a model based on the Lang-
muir adsorption isotherm for surface energy as a function of
ion concentration. Only when the surface energy is obtained,
can the relationship between the surface energy and the
ionic liquid be established, thereby achieving the purpose of
controllable synthesis. Next, based on the surface energies
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Figure 5. ML aided rational design for facet junctions: a) structural information of the TiO, samples prepared at different amounts of ionic liquid
[bmim][BF,]. a/b is the aspect ratio, where a and b are the length and width of TiO, nanocuboid, respectively. Aqy; is the fractional surface area of {001}
facets. b) Fitting curve between surface-energy ratios and concentration of F~ ranging from 0.257 to 1.457 mol L™". The values of parameters ¢, e, and
e, are —0.080 ] m~2, 916.623 L mol™', and 2.061 | m~2, respectively, which are deduced from the fittings. c) The present crystal structure of (100) and
(001) facets for TiO, and d) framework for the ML aided facet junction design.

obtained through ML, the controllable synthesis of the target
TiO, crystal facet junction is performed using an ionic liquid.
Anatase TiO, crystals with a high percentage {001} facets and
target {001}/{100} facet junction are successfully achieved.
Finally, the morphological data of the experiment can be con-
verted into our datasource (morphologies of six experimental
points are shown in Table S8, Supporting Information), which
will enrich our datasource. In addition, for a future perspec-
tive, if a high-throughput synthesis of facet and facet junctions
with ionic liquid is achieved, experimental data can be set up
as a new facet and facet junction experimental database. The
integration of facet junction, ML guidance, and ionic liquid
accelerates the design of ionic liquid controllable synthesis
for specific crystallographic facets and facet junctions with a
descriptor morphology relationship.

3. Conclusion

In this work, we presented a framework of machine learning-
aided crystal facet rational design with ionic liquid controllable
synthesis. This framework combines the material datasource,
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machine learning, mathematical model, and ionic liquid experi-
mental synthesis to realize the artificial facet junctions of crys-
tals. The framework considered 1075 different facets from seven
crystal systems, which can construct about 2%°! potential mor-
phologies and 92 033 different facet junctions. Our datasource of
materials offers an automation platform for crystal facet design
and our data-driven ML integrated methodology can effectively
calculate surface energies of crystals with various morphologies.
In addition, we have developed a model based on the Langmuir
adsorption isotherm for surface energy as a function of ion
concentration. As a whole, such a framework allows for expert-
aided guidance to develop rational strategies for the controllable
synthesis of desirable crystals with customized facets and facet
junctions. To synthesize the anatase-phase TiO, crystals, as an
example, has been successfully performed to demonstrate the
strategies by revealing the corelationships between crystal mor-
phologies and the concentration of F~. A morphology-condition
map can be set up with a small number of experiments and can
be extrapolated to a large number of unexplored experimental
conditions. Our workflow demonstrates avenues toward the
rational design of specific crystallographic facets and facet junc-
tions, which bridges data-intensive discoveries and experimental
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strategies with the feasibility of intelligent chemistry. The
strategy of ML-aided crystal facet rational design with ionic
liquid controllable synthesis provides a way to accelerate syn-
thesis and discovery of functional crystal facet junctions, toward
the industry of facet-governed technologies.

4. Experimental Section

Inverse Wulff Construction: The facet junctions of a crystal under or
near equilibrium conditions are governed mainly by surface energies and
the relationships between surface energy and experimental conditions
can be predicted by mathematic models. In crystallography, the most
thermodynamically stable particle shape has minimum total surface
energy which is defined as

Ap=D7A )

where % and A; are respectively the surface energies and areas of the
ith surface. The corresponding equilibrium crystal morphology is
theoretically described by the Wulff construction,®3-%3 which minimizes
the total surface energy at a constant volume. The Wulff construction
revolutionized Geology and Crystallography and is widely used to
determine crystal morphologies. Dingl®®l was the first to generalize
the Wulff construction to curved surfaces. Recently, Ringe et al.l¥]
presented the modified Wulff construction that can be used to predict
the shape of twinned crystals. However, both the Wulff construction and
its extensions need the values of surface energies to be known. Other
thermodynamic models may also need surface energies of materials as
input parameters.l®l However, measuring or calculating surface energies
is difficult; instead, scanning and transmission electron microscopy
techniques allowed to reliably quantify the nanocrystals’ equilibrium
shapes. Based on this analysis, a new approach was proposed for
calculating the surface energy from experimentally observed equilibrium
crystal shapes. The approach is a generalization of inverse Wulff
construction,®"%8l in which surface energies are functions of areas of all
exposing surfaces, as (A, Az, A,). The unknown surface energies are
to be solved by minimizing the total surface energy

Afzzqui(AhAZv"'vAn) (3)

The underlying optimization algorithms are from the NLopt library,
which contains over 20 nonlinear algorithms for both local and global
optimization.®9 All calculations in this work were carried out by the
computer program.

Dependence of Surface-Free Energy on Concentration: Surface free energy
is very sensitive to various experimental factors in a growth environment. In
solution-mediated growth environments, concentration is a common and
controllable parameter, and it can be taken as a representative to investigate
the effect of experimental conditions on surface free energies. Gibbs
derived a thermodynamic relationship between the concentration ¢ and the
surface excess I (adsorption per unit area). At constant temperature T, in
the presence of adsorption, the Gibbs adsorption isotherml®7% is

__c 9y 4
= RT oc @

where R is the universal gas constant and yis the surface tension. In a
chemical reaction, the surface excess is usually evaluated on the basis of
the Langmuir adsorption model,”"73 which has the form of

r=r,% (5)

T T+oe
where I’y saturated adsorption and o the Langmuir constant. Combining
Equations (4) and (5), it is

y=-TsRTIn(1+oc)+const (6)
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Furthermore, Equation (6) can be rewritten in a generalized form as

Y=eoln(1+cey)+e; 7)

where ¢, e, and e,are parameters that are to be obtained from fitting.

It is to be noted that Equation (7) is applicable to surface tension,
which differs by definition from free energy. Since the surface energy and
surface tension are numerically equal for liquid's and isotropic solid’s
surfaces,7 it was decided to ignore such a difference and treat the yin
Equation (7) as surface energy.

Machine Learning Method: Herein, an interface was employed to
connect the relationship between facet junctions and their surface
energies to accelerate the facet junction design toward ML. The
subsequent analysis was based on ANN models as implemented in
MATLAB and Simulink package. Identifying easily accessible and relevant
functions was an integral part of any statistical learning activity. Since
it is of the interest to learn the facets of different materials, structure
information was chosen to uniquely represent the characteristics of
different materials, which were easy to obtain. A database named the
Materials Project was use to capture the materials informatic as the
input in the preprocessing program. The training data originated from
the output of the preprocessing program were initialized randomly from
a uniform distribution. The areas of facets were used as descriptors
and the surface energy of facets were the target properties. Because
the area of the facet and the surface energy of each crystal was hardly
evaluated simultaneously, the input vector contained the elemental
fractions normalized to one and the regression gave the output of
renormalization. ANN was used with an initial learning rate of 0.0001
during later epochs for convergence. It took several seconds to finish
the training illustrated in this work, which saved much time compared
with the ones based on inverse Wulff construction. The datasets used
in this work are available with open access by using the following link:
https://github.com/Fuming-Lai/Training-Datasets.

Experimental Method: Titanium dioxide (TiO,)?>>"52 was chosen
since it is a well-known multifunctional material and was extensively
studied owing to its broad applications. Its photocatalytic and
photoelectrochemical performances were sensitive to morphologies of
its nanostructures. In this work, anatase TiO, crystals of cuboid shapes
with {100}/{001} facet junction, which was one of the most important
morphologies for photocatalysis and photoelectrochemistry, were
synthesized and analyzed to provide necessary inputs for the inverse
Wulff construction method. It was reported that, in hydrothermal
synthesis experiments, cuboid-shaped TiO, crystals were formed when
fluorine ions were present in the hydrothermal solution.l’® The resultant
cuboids’ aspect ratios changed with the F~ concentrations. The detailed
procedures in the synthesis experiments have been provided in the
Supporting Information.

Synthesis of Cuboid Anatase TiO, Crystals: All the chemicals in the
experiments were of analytical grade and were used as received without
further purification. Nanoscale anatase TiO, was synthesized by a
hydrothermal route using titanium tetraisopropoxide (TTIP), acetic acid
(HAc), deionized water, and the ionic liquid 1-butyl-3-methylimidazolium
tetrafluoroborate ([bmim]|[BF,]) with different mole ratios as the
precursor. TTIP and [bmim][BF,] serve as titanium and fluorine sources,
respectively. In a typical synthesis, 20 mL acetic acid (HAc), 50 uL
deionized water, and a certain amount of ionic liquid [bmim][BF,] were
mixed within a Teflon-lined autoclave with a capacity of 50 mL. After
being stirred for a few minutes, TTIP (500 pL) was introduced dropwise
into the mixture under stirring. Samples obtained from different contents
of ionic liquid [bmim][BF,] were labeled as F-c, where ¢ represents
the content of ionic liquid [bmim][BF,] (¢ = 250, 500, 750, 1000, 1250,
1500 pL). In sequence, these obtained milky suspensions were heated in
an electric oven at 200 °C for 36 h. After cooling to room temperature,
the products were collected by centrifugation, washed with ethanol
several times, and dried at 60 °C in an oven for 12 h. The morphology
and crystalline structure of the samples were characterized by a field
emission scanning electron microscope (JEOL, ]SM-7500F), XRD (Rigaku
D/max-2500, Cu-K radiation), and TEM (JEOL, JEM-2100F, 200 kV).
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