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[22_TD$DIFF]A B S T R A C T

Bimetallic nanoparticles (AmBn) usually exhibit rich catalytic chemistry and have drawn tremendous
attention in heterogeneous catalysis. However, challenged by the huge configuration space, the
understanding toward their composition and distribution of A/B element is known little at the atomic
level, which hinders the rational synthesis. Herein, we develop an on-the-fly training strategy combing
the machine learning model (SchNet) with the genetic algorithm (GA) search technique, which achieve
the fast and accurate energy prediction of complex bimetallic clusters at the DFT level. Taking the
38-atom PtmAu38-m nanoparticle as example, the element distribution identification problem and
the stability trend as a function of Pt/Au composition is quantitatively resolved. Specifically, results show
that on the Pt-rich cluster Au atoms prefer to occupy the low-coordinated surface corner sites and form
patch-like surface segregationpatterns, while for the Au-rich ones Pt atoms tend to site in the core region
and form the core-shell (Pt@Au) configuration. The thermodynamically most stable PtmAu38-m cluster is
Pt6Au32, with all the core-region sites occupied by Pt, rationalized by the stronger Pt-Pt bond in
comparison with Pt-Au and Au-Au bonds. This work exemplifies the potent application of rapid global
search enabled by machine learning in exploring the high-dimensional configuration space of bimetallic
nanocatalysts.
© 2019 Chinese Chemical Society and Institute of MateriaMedica, Chinese Academy ofMedical Sciences.

Published by Elsevier B.V. All rights reserved.
Over the past decades, bimetallic nanoparticles have attracted
continuing interests because of their unique catalytic, optical, and
electronic properties. Their physical and chemical properties can
be widely tuned by the size, composition, and the chemical
element ordering [1–10]. For example, for a bimetallic AmBn

nanoparticle, it could be uniform alloy, A-/B-surface segregated, or
core-shell configuration, which directly affects the catalytic
activity. Therefore, it is much pursued to rationally design and
synthesizemore superior bimetallic clusters. However, the atomic-
scale structural and compositional information on the bimetallic
clusters has been less understood and also remains a challenge to
obtain in both the experimental and theoretical exploration, owing
to ther extremely complex configuration space. In particular,
among the current bimetallic systems, platinum-based clusters,
such as Pt-Cu, Pt-Co, Pt-Fe and Pt-Ni, have been widely studied to
reduce the amount of expensive Pt in diverge applications [11,12],
in which the Pt-Au bimetallic clusters has received great attention
itute of Materia Medica, Chinese
in many theoretical and experimental studies. Nevertheless,
toward the controlled synthesis of Au-Pt nanoalloy, the reactivity
and stability dependence on its composition and atomic arrange-
ment need further exploration [5,13–16]. Specifically, there are two
critical questions to be answered for the bimetallic clusters: (i) For
a specific composition of AmBn, what is the atom arrangement
pattern at the thermodynamically stable state? (ii) What is the
composition (or A/B atomic ratio) for the thermodynamically most
stable AmBn cluster given a specific size?

Unfortunately, even for small-sized bimetallic clusters, the
global search for the stable atomic arrangement could not be
performed efficiently at the first-principles density functional
theory (DFT) level. For a N-atom bimetallic nanoparticle AmBN-m

even at a given structural framework, the number of isomers is
huge at the order of N!/(m!(N-m)!). Taking Pt7Au31 as an example,
the isomer of Pt7Au31 is over than 107 (if neglecting the symmetry).
Also, those isomers could share structure but differ in composition,
i.e.,[23_TD$DIFF] forming the so-called homotops, which further dramatically
increase the complexity. Therefore, computational exploration of
the potential energy surface (PES) and searching the globalminima
of the PES in bimetallic clusters would be much more difficult in
Academy of Medical Sciences. Published by Elsevier B.V. All rights reserved.
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comparison with the unary ones [15]. Currently, the empirical
atomistic potentials, e.g., the embedded-atom method and Gupta
potential, were usually employed but suffered from inadequate
accuracy [17]. Overall, an efficient and accurate description of
bimetallic clusters’ stability is highly desirable.

Enlightened by the recent development of machine learning in
building inference models that could learn the relationship among
the composition, structures and properties of chemical materials
based on materials databases [18–23], here we explored an
advanced artificial neural network framework (SchNet) [20]
coupled with the genetic-algorithm (GA) to systematically study
the huge chemical space of bimetallic Pt-Au clusters. Significantly,
a machine learning model was constructed based on bimetallic
cluster dataset and iteratively trained under the guidance of GA.
The trained neural network model enabled us to efficiently predict
the PES of the whole space of Pt-Au bimetallic clusters and
quantitatively identify the thermodynamically stable component
and atoms’ distribution.

Genetic [24_TD$DIFF]algorithm: To explore the complex configuration space
of Au-Pt bimetallic nanoparticles, we adopted a global search
technique, [25_TD$DIFF]i.e., the genetic algorithm, which is stochastic and
usually allows us to search multidimensional parameter space
more effectively than deterministic approaches such as hill
climbing [24,25]. In the present work, we carried out self-built
GA according to the following steps:

(I) Structure encoding. Each individual in GA, corresponding to a
specific PtmAu38-m configuration, is encoded by binary vector as
P = c1c2 . . . cN, in which ci presents a specific type of atom; here 0
and 1 represents Pt and Au atom, respectively, as demonstrated in
Scheme 1.

(II) Constructing fitness function. The fitness function is defined
as

Emixing ¼ E PtmAunð Þ � m
38

E Pt38ð Þ � 38�m
38

E Au38ð Þ ð1Þ

F ¼ Emixing þ C mi �mj jj j ð2Þ
where [19_TD$DIFF]Emixing is the formation energy of PtmAu38-m cluster by
reference to the pure Pt38 and Au38 cluster, [26_TD$DIFF]F is the object fitness.
The more stable PtmAu38-m is, the more negative [27_TD$DIFF]F is. Notably, F is
able to describe the thermodynamic stability of PtmAu38-m cluster
with variable composition, and mi is the number of Au for a
specific-composition PtmAu38-m and [28_TD$DIFF]C is the penalty coefficient; for
example, to explore the invariable-composition clusters of
PtmiAu38-mi ([29_TD$DIFF]i.e., with a specific number of Pt of mi), we set C to
be extremely large (>100 here), otherwise C = 0.
[(Scheme_1)TD$FIG]

Scheme 1. Structure of 38-atom bimetallic PtmAu38-m cluster with 6 cores, 8
centers and 24 corners, colored by yellow, grey and brown, respectively. Also, right
illustrate the encoding method that translating the cluster into binary array for
genetic evolution, as well as the genetic crossover and mutation operation.
(III) Roulette wheel selection. To effectively improve the
population diversity and prevent the premature convergence of
GA, the roulette wheel selection is employed to generate new
generation. The probability of an individual can be computed by
the fitness. Following Eq. [30_TD$DIFF]3, the individual (i) is selected for
crossover if [31_TD$DIFF]di < r, otherwise it will be eliminated. [32_TD$DIFF]r is a randomly
generated number belonging to [0,1].

di ¼ FðPiÞ=
XNp

i¼1
FðPiÞ ð3Þ

where [33_TD$DIFF]F(Pi) is the fitness of individual [34_TD$DIFF]Pi, and Np is the number of
individuals in the population.

(IV) Crossover and [35_TD$DIFF]mutation. The single-point crossover is
introduced to generate new children individuals. For example, as
shown in Scheme 1, the binary code of ‘parent10 and ‘parent20 are
chosen for crossover, then two new individuals are generated. In
addition, an atom exchange operation is applied to keep the atomic
composition ratio unchanged. Also, the mutation operator is used
to increase the population diversity.

(V) Workflow. We started the GA structural search with an
initial population at a seed size of [36_TD$DIFF]Np = 200 randomly generated, [37_TD$DIFF]i.e.,
200 individuals, and then repeated step (I-IV) until achieving the
termination conditions. Finally, the individual with the highest
fitness is the optimal structure. In our calculation, the probabilities
of crossover and mutation were set 0.8 and 0.002, respectively.

DFT Calculation: In this work, all the first-principles-level
calculations were performed using density functional theory (DFT)
in the VASP code [26,27]. The generalized gradient approximation
of Perdew-Burke-Ernzerhof (GGA-PBE) was employed to describe
the exchange-correlation potential. The ion-electron interactions
are described by the projector augmented wave (PAW) method.
The 38-atom cuboctahedral clusters were calculated in a large
20� 20� 20 Å supercell, and a cutoff energy of 450 eV and a
k-point grid of 2� 2�2 were used.

Machine learning model (SchNet): To fit the PES of 38-atom
PtmAu38-m clusters to reduce the usage of the time-consuming DFT
calculations, an advanced atomistic neural network (SchNet) was
fully examined and adopted in this work. SchNet is end-to-end
model, and has achieved excellent performance for predicting
molecular properties on the QM9 database and for the predicting
energies and forces on the MD17 database [20]. Here, we, for the
first time, applied it into the bimetallic systems. The overview of
SchNet architecture can be seen in Scheme 2, which is composed of
atom embedding layer, interaction blocks and prediction blocks.
The SchNet has been implemented in the open-source package
(SchNetPack) [20,21]. The primary components of the networks
were as follows.
[(Scheme_2)TD$FIG]

Scheme 2. SchNet architecture with six interaction layers. (a) Overall architecture,
(b) interaction layer and (c) continuous-filter convolutional layer (CFCONV layer).



[(Scheme_3)TD$FIG]

Scheme 3. Workflow of on-the-fly exploration for bimetallic clusters by SchNet-
assisted GA.
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Atom embedding: In principle, a certain cluster with n toms is
completely specified by its nuclear charges, Z = (Z1, . . . , Zn) and the
position of these nuclear charges, R = (r1, . . . , rn). At the beginning
of neural network, all atoms are represented by a tuple of features
Xl = (x1l, . . . , xnl), in which each xil is a real-value vector of
dimension [38_TD$DIFF]F ( = 128 in this work) describing the features of atom i.
[26_TD$DIFF]F is the feature map dimension, and xil is the representation of
atom i at the lth NN-layer. The values of xi0 is initiated by the
embedding layer xi0 = aZi, which is set randomly at the start of
training and would be optimized during training.

Atomwise layer: Atomwise layers are fully connected
layers applied to each of the atomic representations, xil, defined
as xil+1 =Wlxil+bl. Different atoms share the sameweights (Wl) and
biases (bl), which keep scalable with respect the size of clusters.
Also, the weights and biases will be optimized during training.

Interaction block: To incorporate the influence of neighboring
atoms, continuous-filter convolutions are employed, which are
defined as follows:

xlþ1
i ¼ ðXl�WlÞi ¼

X
j2nbhðiÞx

l
j�Wlðrj � riÞ ð4Þ

where � is element-wise multiplication and nbh(i) are the
neighbors of atom i. Wl(rj-ri) is a filter-generating network
between atoms i and j and will be mentioned briefly in the
following.

Notably, the critical component of SchNet architecture over
other convolutional neural network (CNN)-based approaches is the
introduction of continuous filter convolutional layers (CFCONV)
rather than the discrete filter convolutional layers commonly used
in Euclidean data. As shown in Scheme 2, an interaction block is
defined as an atomwise layer, followed by a continuous-filter
convolutional layer, an atomwise layer, the application of the
activation function to each feature element, and a final atomwise
layer. The resulting interaction for atom i is then added to
the representation of atom i. For the activation function, the
original SchNet studies chose a shifted soft-plus function, f(x) =
ln(1+ex)-ln(2), for all activations.

The schematic of the filter-generating network defined in
Eq. (4) is shown in Scheme 2. The input of filter depends only on
the distances between atoms, which gives the SchNet architecture
invariance to both translations and rotations of the system. These
distance are then used as input for a set of radial basis function
(RBF), ek, defined as [39_TD$DIFF]

ek rj � ri
� � ¼ expð�g ri � rj

�� ���� ���mk

� �2Þ ð5Þ
The number of radial basis functions, K (300), is a meta-

parameter, and the center of each radial basis function, mk, is
chosen such that the K radial basis functions are equally spaced
between 0 and a distance cutoff, dk (30.0 Å), another meta-
parameter. In Eq. (5), g is a scaling meta-parameter (10 Å�2). After
the radial basis functions have been applied, a dense layer is used
to align the output dimension equal to the feature dimension. The
output would go through an activation layer (Softplus), then
another dense layer and one more activation layer to obtain the
final output of the filter-generating network. Finally, the blocks use
a residual connection inspired by RseNet (Eq. (6)), enabling for a
flexible residual mapping of atom i(vil) in interaction layer l that
incorporates interactions between atoms and feature maps, as
seen in Scheme 2.[40_TD$DIFF]

xlþ1
i ¼ xli þ vli ð6Þ

Overall, SchNet obtains a latent representation of atomistic system
byfirstusinganembeddinglayertoobtainfeatureX0.Thesefeaturesare
then processed by L interaction blocks, which generate the latent
representation XL, which can be passed to the prediction block.
Prediction block: After interaction blocks, these representations
are then processed by a prediction block to obtain the desired
properties of clusters. Finally, a dense layer with an output
dimension of one is applied, giving the final output value for each
atom. After obtaining these final outputs, sumpooling or average is
used to give the property of interest, which is similar to themethod
of Behler and Parrinello [28].

In this work, we used the recommended hyperparameters [20].
Six interaction blocks and the sum pooling in the prediction block
were employed. The detail dimensions of vectors could be seen in
Scheme 2. All models were trained with mini-batch stochastic
gradient descent using the frequently-used optimizer (Adam) with
mini-batches of 32 examples [20]. The initial learning rate of 0.001
was used for the training steps. The learning rate was reduced by
exponential decaywith a ratio of 0.96 every 100000 steps. The loss
of the validation set was computed every 1000 batch gradient
training steps for early stopping.

Scheme 3 illustrates the whole workflow to explore the
configuration space of bimetallic clusters. Step 1: [41_TD$DIFF]We carried out
a certain amount of prior DFT calculations of different PtmAu38-m

configurations to construct the initial dataset (�4000 individual in
this work), which were used to train the original SchNet until
obtaining the desirable accuracy (DFT level). Step 2: [41_TD$DIFF]We sampled
clusters from existing dataset as seeds to perform structural
evolution with GA, in which the energy of each new configuration
generated by crossover or mutation was provided by the trained
SchNet. In this work, the structural evolution was performed at a
number of 1000 generations (200 seeds/generation) at least until
that no more stable configuration appears within 50 consecutive
generations. Step 3: [42_TD$DIFF]The candidate stable clusters searched by GA
were further validated by DFT calculation; the ones, whose energy
errors between SchNet and DFT are unneglectable, would be
feedback to the dataset for further training. Finally, repeating step
2 and 3 iteratively several times, which are all on-the-fly
performed and thus efficient, the high-quality SchNet and globally
best configuration would be determined (see discussions later).
Notably, there may be overfitting for training the neural networks,
and we performed early-stopping once the learning rate is less
than the threshold value (10�6).

In the proposed workflow, the configuration exploration and
SchNet training isperformed iteratively,whichgrantees theprediction
ability and searching ability at less computational cost, thus greatly
accelerating the exploration process. From the [19_TD$DIFF]Emixing comparison
between SchNet and DFT (Fig. S1 in Supporting information), one
cansee that theenergypredictionabilityof SchNetcanbepromoted
to the accuracy comparable with DFT level with four interactions.
For example, at the beginning of iterations the SchNet-assisted GA
search (SchNet-GA) indicates that PtmAu38-m (m: 6,7,8) are possible
candidates but over-estimates the [19_TD$DIFF]Emixing, which could result from
the unbalanced data distribution; after four iterations, the SchNet-
GA has already figured out the most stable cluster and accurately
predicted the energy at a high level.

Specifically, it is worth mentioning that, to describe the PES of
bimetallic clusters, SchNet was trained on scalable size of dataset
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Fig. 2. The [19_TD$DIFF]Emixing trend for PtmAu38-m located with SchNet-GA. Each blue column
dots correspond to the relatively stable configurations for each composition of
PtmAu38-m, and the lowest one (brown dot) from each composition constitutes a
upper bottom parabolic curve with the minimum at m = 6, validated by DFT.
Inserted are the most stable Pt6Au32 cluster and its coordination environment; the
core, center and corner site are colored by blue, green and red, respectively.

J. Zhang et al. / Chinese Chemical Letters 31 (2020) 890–896 893
and stopped at the criteria that the learning rate decays to the
minimum value (10�6). During the training process, data were
randomly partitioned into training [43_TD$DIFF](80%), validation (10%), and test
sets (10%). It is well-known that machine learning models may
suffer from overfitting, which causes the models not generalized
well to data outside the training set. The test set, independent of
the validation set, can be used to enable the use of early stopping,
in which the final trained parameters are taken to minimize the
loss function of the validation set.

The overall energy predication accuracy of SchNet toward the [19_TD$DIFF]

Emixing of the evolved PtmAu38-m clusters was shown in Fig. 1a. It
turns out that errors for training data, testing data, and validation
data are nearly 0.05 eV for both MAE and RMSE (Fig. 1b). The
training, validation and test data almost share the same error level,
which indicates that the effect of over-fitting can be neglected and
neural network have the excellent generalization ability. The
learning curve during training SchNetwas also illustrated in Fig.1c,
which indicates the SchNet model has converged. In other word,
the trained SchNet neural network could enable us to efficiently
explore the PES of bimetallic clusters combiningwith the GA global
searching method.

With the genetic algorithm assisted by the trained SchNet, the
complex configuration space of PtmAu38-m at each composition
([29_TD$DIFF]i.e., m=1–38) was thoroughly searched. The located [19_TD$DIFF]Emixing for
each fixed composition of PtmAu38-m were listed in Fig. 2 (only the
relatively negative values were shown); the most negative one of
each composition, corresponding to the most stable configuration,
constitute an upward parabolic curve as a function of the
composition. Notably, the SchNetmodel exhibits a good agreement
with DFT result for this parabolic curve.

For each composition of PtmAu38-m cluster, the located
thermodynamically most stable configuration is showed in
Fig. 3, which clearly specifies the relative distribution of Pt and
Au atoms. It was found that, when substituting an Au atom into
Pt38 clusters (m = 37), the Au atom would prefer to occupy the
least-coordinated surface corner site; as the second Au atom
enters, it also tends to be located at another surface corner site
nearest the first Au atom. Interestingly, on the Pt-rich PtmAu38-m

cluster (m � 7), a phenomena is that Au always forms the
continuous patch-like shapes and keep at the surface layer (Fig. 3).
[(Fig._1)TD$FIG]

Fig.1. The correlation of [19_TD$DIFF]Emixing predicted by SchNetwith that calculated byDFT. Inserted
data, as well as test loss curve with training time.
In other word, there is a strong tendency for Au atoms to segregate
to the surface of clusters as Au content increases.

Correspondingly, on the Au-rich PtmAu38-m cluster, Pt atoms
tend to occupy the core sites when mixing with less than six Pt
atoms (m � 6); when m = 6, it forms a perfect core-shell Pt6Au32

structure. When m � 6, the extra Pt atoms are favorable to stay in
the high-coordinated surface center site. For example, for the
Pt8Au30 cluster, there are two Pt atoms are interestingly isolated at
surface center sites besides the six Pt atoms at the core sites.

As Fig. 2 shows, from the parabolic curve between the [19_TD$DIFF]Emixing of
the most stable configuration for each composition and the
contained Pt number, one can see that as the number of Pt atom
(m) increases from 1 to 6, the corresponding bimetallic clusters
becomemore andmore stable. Atm = 6, [44_TD$DIFF]i.e., the Pt6Au32, it form the
thermodynamically most stable one with a perfect core-shell
are the histogram plot of the errors (MAE and RMSE) for training, validation and test
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Fig. 3. The thermodynamicallymost stable configuration of PtmAu38-m at each composition (m = 1–37), inwhich yellow and gray ball represents Au and Pt atom, respectively.
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structure validated by DFT, in which all the core sites are Pt atoms
and the surface are totally occupied by Au atoms. In other word, [45_TD$DIFF]it
indicates that the Pt prefer to keep in the core of clusters and Au
prefer to distribute on the outer surface thermodynamically.When
m > 6, more Pt involving in PtmAu38-m would gradually weakens
the relative stability. Noteworthily, when Pt is very rich, PtmAu38-m

(m = 34–37) exhibit even positive [19_TD$DIFF]Emixing values, which implies that
they are less stable than their pure-phase Pt38 and Au38 clusters
and thus low-content Au atoms is not favorable energetically
mixed in the Pt metallic cluster.

Now several questions arise: Why do Pt atoms tend to
preferentially occupy the core region and then the surface center
site? Why do Au atoms prefer to be segregated at the surface layer
and specifically the corner sites? Why is the core-shell Pt6Au32

thermodynamically most stable? To understand these interesting
distribution behaviors, the structural features and the inherent
mechanism were analyzed. Generally, within the 38-atom
cuboctahedral cluster framework, each of three sites (core, center
and corner) has its characteristic bonding environment, and the
coordination number by counting the nearest metallic bonds are
listed in Scheme S1 [46_TD$DIFF](Supporting information [47_TD$DIFF]), corresponding to 12,
9 and 6 for the core, center and corner site, respectively. In other
word, the core-region atom has the maximized coordination
number, while the surface corner site is the least coordinated.
Meanwhile, we estimated the bond strength of Pt-Pt, Au-Pt and
Au-Au and the potential energy curve over different bond lengths
(Fig. S3 in Supporting information), and it can be found that the
bond strength always follows the order of Pt-Pt> Pt-Au>Au-Au
within the bond length range spanning from 2.5 Å to 3.1 Å

Firstly, we used PtAu37 as an example to illustrate the
distribution behavior of Pt. The mixed atom (Pt) at different sites
correspond to forming/destroying different number of Pt-Au bonds
and Au-Au bonds. Considering the bond strength order of
Pt-Pt> Pt-Au>Au-Au, it is obvious that Pt tend to form as many
as bonds, thus preferentially occupying the core sites. Semi-
quantitatively, by comparing Pt at the center versus corner site, or
at the corner versus center site (Scheme S [48_TD$DIFF]1), the corresponding
Emixing difference could be presented in Eqs. (7) and (8) by the first-
order bond energy decomposition.[49_TD$DIFF]

Ecore � Ecenter ¼ 3ðEAu�Pt � EAu�AuÞ ð7Þ
[50_TD$DIFF]

Ecenter � Ecorner ¼ 3ðEAu�Pt � EAu�AuÞ ð8Þ
[51_TD$DIFF]Thus, it can evidently give out that [52_TD$DIFF]Ecore-Ecenter and Ecenter-Ecore is

above 0, indicating that Pt is more stable at the core site,
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secondarily stable at the surface center site, and least stable at the
surface corner site. Alternatively, by exploring Pt37Au, it could be
understood that Au would keep at least-coordinated corner site to
make room for forming the most Pt-Pt bonds.

To deeply understand the dependence of atom distribution on
the stability, the Pt6Au32 cluster was further employed as example.
Its 28 typical configurations were selected and the corresponding
structures can be seen in Fig. S4 (Supporting information). For each
configuration, the corresponding bond-type number was summa-
rized in Fig. 4a, which basically illustrates that themore stable it is,
the less (more) the Au-Au (Pt-Pt) bonds are.

From the correlation between [19_TD$DIFF]Emixing and the number of
different bond types depicted in Figs. 4b–d, one can interestingly
see that the Au-Au bond number among those configuration has
more close correlation with [19_TD$DIFF]Emixing in comparison with the other
Pt-Pt and Pt-Au bonds, corresponding to [53_TD$DIFF]R2 = 0.82, 0.69 and 0.46,
respectively. As it has been demonstrated that Au-Au is the
weakest among the above three bond types, by referring to
traditional cask theories, the number of Au-Au bond as theweakest
part should largely decide a cluster’s stability trend, which may
qualitatively rationalize the higher correlation (comparing with
that of Pt-Au and Pt-Pt) in Fig. 4.

More importantly, a new descriptor (the difference of Au-Au
and Pt-Pt bond number) was found to exhibit excellent linear
correlation with [19_TD$DIFF]Emixing. Specially, when considering a scaling
coefficient α [54_TD$DIFF] ( = 0.50, roughly estimated from Fig. S3) that reflects
the ratio of Au-Au and Pt-Pt bond strength, it gives a [53_TD$DIFF]R2 = 0.96.
Therefore, it could be concluded that the most stable configuration
with a fixed composition should minimize the number of weakest
Au-Au bond and maximize the number of strongest Pt-Pt bond. In
this sense, it is obvious that Au atoms tend to keep at the surface
sites (9 and 6 bonds) while Pt stay in the core region (12 bonds).

Furthermore, it may be worth discussing that the origin
determining the relative distribution of Pt and Au atom within
these PtmAu38-m could also be perceived from the SchNet itself.
[(Fig._4)TD$FIG]

Fig. 4. (a) The histogram of bond number of Pt-Pt, Pt-Au and Au-Au count with 28 Pt6Au
between [19_TD$DIFF]Emixing and the bond number of Au-Au, Pt-Pt, Pt-Au and the bond number dif
Beyond predicting [19_TD$DIFF]Emixing, the atomistic neural network architec-
ture of SchNet enables us to readily get access to atom-wise latent
variables, which provides a framework for atom-wise explanation
out-of-the-black-box. The atom-wise saliency can be seen as the
logical extension of the pixel-wise explanations used in the
“imaging” strategy for describing the cluster structure [29]. An
aggregation of these latent variable constitutes the final object
property of interest, and thus these “latent variable” get assigned
an inherent physical meaning. Here, with respect to the predicted [19_TD$DIFF]

Emixing, these “latent variable” correspond to the energy contribu-
tion relating to each atom involved, [55_TD$DIFF]i.e., Emixing =ƩPti + ƩAui. Fig. S5
(Supporting information) depicts the distribution of different
atoms’ energies obtained from the SchNet model. It could be seen
that total Pt’s contribution (ƩPti) basically determines and
classifies the energy level of [19_TD$DIFF]Emixing in comparison with the total
Au’s contribution (ƩAui), as shown by the contour plot of [19_TD$DIFF]Emixing

varying with ƩPti and ƩAui in Fig. S5a. Also, it could be seen from
Fig. S5b that Pt’s contribution is greater than Au’s for most of
the PtmAu38-m with different compositions (the more negative the
value, the greater the energy contribution). Significantly, these
energy contribution of different elements (Pt, Au) obtained by
SchNet is eventually in coincidence with the bond strength order
(Pt-Pt>Au-Pt>Au-Au), demonstrating that the machine learning
could automatically learn the potential nature of bonding
mechanism. Thus, the neural network could give an excellent
description on the potential energy surface of bimetallic clusters.

In summary, we have developed an approach by combining the
machine learning model (SchNet neural network) and genetic
algorithm to tackle the challenge problem for the high-throughput
screening for the stable bimetallic clusters and determining the
atomic distribution from a huge configuration space. The method
enables us to quickly predict the energy of 38-atom PtmAu38-m

cluster at the DFT level and identify the most stable composition
and the preferential relative distribution rule of Pt and Au atoms,
respectively. The following significant results were obtained.
32 clusters with different relative distribution of Pt/Au atoms. (b–d) The correlation
ference between Au-Au and Pt-Pt.
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(i)
 By learning from �15,000 bimetallic cluster iteratively, the
most stable bimetallic cluster was found and the correspond-
ing atoms’ distribution was identified. Thermodynamically,
the most stable [82_TD$DIFF]PtmAu38-m cluster is the core-shell Pt

[83_TD$DIFF]6Au32,
with all the core sites occupied by Pt.
(ii)
 The relative distribution of Au and Pt atoms within each
composition of [84_TD$DIFF]Ptm –38) were identifi
was found that Au atoms prefer to occupy the surface layer and
specifically the least-coordinated corner sites, forming a
continuous patch-like surface Au segregation; by comparison,
Pt tend to accumulate at the high-coordinated core region.

Au (m=138-m ed, and it
(iii)
 The stability trend of [82_TD$DIFF]PtmAu38-m was largely rationalized by
the variation of bond number of Pt-Pt, Pt-Au and Au-Au. The
number difference between the Pt-Pt bond and Au-Au bond
can serve as a good descriptor to correlate the stability of the
corresponding cluster; themore the strong Pt-Pt bond and the
less the weak Au-Au bond, the more stable the Pt-Au cluster.
Overall, this is the first demonstration of SchNet applied to
the PES exploration of bimetallic nanoparticles, which largely
accelerate the discovery of bimetallic clusters, and the given
global searching methods assisted by data-driven machine
learning models could be generalized to other types of
systems.
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