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Abstract

Data-driven machine learning force fields (MLF) are more and more popular in atomistic
simulations, and exploit machine learning methods to predict energies and forces for unknown
structures based on the knowledge learned from an existing reference database. The latter usually
comes from density functional theory calculations. One main drawback of MLFs is that physical
laws are not incorporated in the machine learning models and instead, MLFs are designed to be
very flexible to simulate complex quantum chemistry potential energy surface (PES). In general,
MLFs have poor transferability, and hence a very large trainset is required to span all the target
feature space to get a reliable MLF. This procedure becomes more troublesome when the PES is
complicated, with a large number of degrees of freedom, in which building a large database is
inevitable and very expensive, especially when accurate but costly exchange-correlation
functionals have to be used. In this manuscript, we exploit a high dimensional neural network
potential (HDNNP) on Pt clusters of size 6 to 20 as one example. Our standard level of energy
calculation is DFT GGA (PBE) using a plane wave basis set. We introduce an approximate but
fast level with the PBE functional and a minimal atomic orbital basis set, then a more accurate but
expensive level, using a hybrid functional or non-local vdw functional and a plane wave basis set,
is reliably predicted by learning the difference with HDNNP. The results show that such a

differential approach (named AHDNNP) can deliver very accurate predictions (error < 10
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meV/atom) in reference to converged basis set energies as well as more accurate but expensive xc
functional. The overall speedup can be as large as 900 for 20 atom Pt cluster. More importantly,
AHDNNP shows much better transferability due to the intrinsic smoothness of delta potential
energy surface, and accordingly one can use much smaller trainset data to obtain better accuracy
than the conventional HDNNP. A multi-layer AHDNNP is thus proposed to obtain very accurate
predictions versus expensive non-local vdW functional calculations in which the required trainset
is further reduced. The approach can be easily generalized to any other machine learning methods

and opens a path to study the structure and dynamics of Pt clusters and nanoparticles.

Keywords: neural network, delta neural network, metal clusters, platinum

1 Introduction

The determination of the potential energy surface (PES) for molecular or solid state systems is
fundamental for the theoretical studies of structure, dynamics and chemical reactions. Its
description is however challenging for systems with a high number of degrees of freedom and
complex interactions, and hence fast and reliable methods to evaluate the PES are under high
demand. Nowadays, several options are available to evaluate the PES depending on different
applications. Empirical force fields are very popular in simulating large biological systems, in
which there is no bond breaking/forming events and thus harmonic approximations are good
enough for simulating the PES. Empirical force fields are cheap and capable of biological
simulations with as many as 10° atoms." However, it is still a big challenge to develop accurate
empirical force field for metallic systems, especially when heterogeneous surface reactions are
involved”™. Metallic systems generate complex inter-atomic interactions which are difficult to be
simplified as additive models. Instead, density functional theory (DFT) calculations have become
the standard approach to investigate metallic systems in the past decades because of the good
accuracy while being more computationally efficient than wave function based methods.
Nevertheless, even equipped with most advanced computers, current DFT calculations with semi-
local exchange correlation functionals are only able to treat systems with several hundreds of
atoms for dynamics within a few picoseconds. In many simulations, more expensive exchange-
correlation functionals are required for accurate results, thus DFT calculations are even more CPU

extensive, rending difficult long atomistic simulations or including large degrees of freedom.



Recently, Machine Learning force fields (MLF) approach have emerged as another promising
method for obtaining DFT-level accuracy PES with orders of magnitude smaller CPU costs.*"?
MLFs are purely data driven methods and they predict the unknown configurations using
knowledge learned from existing references (trainset). Once the trainset is well prepared and the
ML models are well trained, the predictions of MLFs are very close to the references methods.
The reference method is density functional theory (DFT) in most applications. In the literature,

there are several popular MLFs, like the high dimensional neural network potential (HDNNP)®'*

1321 and the Gaussian approximation potentials (GAP)>.

One of the main drawbacks of MLFs is that they are generally poor at generalization. This means
that the unknown structure must be qualitatively similar as some structures in the trainset.
Otherwise, the models are nearly guaranteed to provide wrong predictions. One intrinsic reason is
that MLFs do not follow any physical laws, which governs the asymptotic phenomenon of the
PES. Therefore, MLFs give accurate prediction only if the new configuration is very close to the
structures in the trainset (in feature space). Hence, one has to build a trainset which covers nearly
all the configuration space in order to get reliable predictions. Building a complete trainset is not
an easy job because it is very difficult to know a priori which part of configuration space is missing
in the trainset. Some methods have focused on detecting the ‘extrapolated space’ automatically.?
Given those methods work ideally, one has to stop the simulation again and again to redo DFT
calculations and to retrain the neural network potentials. Inevitably, one has to exploit a “trial and
error” approach to test and extend the trainset, so that building and improving a trainset becomes

a burdensome and time-consuming task because of the insufficient transferability of MLFs.

One straightforward way to circumvent this problem is to use an approximate method, like semi-
empirical methods (for example, tight binding DFT) to teach the MLFs with prior-knowledge and
then use the MLF approach to only train the difference between the approximate method and the
reference method. This approach is also called A-ML method. For example, Ramakrishnan et al.
used an approximate quantum chemical method (PM7) to calculate the atomization energy of
organic molecules and then used a A-ML approach to account for thermodynamic corrections as
well as high level electron correlation effects.” In Ramakrishnan’s study, the machine learning
method is only used for correcting the configurational and compositional space, while the

conformational space (i.e. PES) is not discussed. One possible limitation is associated to the choice



of descriptors and they used the sorted Coulomb matrix, which is usually employed for learning

the atomization energies of molecule in the ground state geometry rather than learning the PES. A
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similar approach was also investigated by Balabin et a and Xu et a to improve the

prediction of atomization energies for organic molecules.

Another approach using A-ML was demonstrated by Lin S. et al. 2’ They exploited a revised
high dimensional neural network potential (HDNNP) to incorporate the reaction coordinate in a
sub-neural network. A low-level semi-empirical QM/MM molecular dynamics simulations is
performed to collect the data and the final potential of mean force (PMF) can be obtained by a
reweighting procedure. This work however exploits semi-empirical quantum method which are
not applicable to metallic system and on the other hand, the isomerization dynamics of metal
clusters does not have well-defined reaction coordinates. In order to investigate metal clusters, the
exploited MLFs have to be accurate for the whole PES in any hyper coordinate, not only one

reaction coordinate.

In this contribution, we will introduce a very simple but flexible scheme called hierarchical delta
neural network method, which exploits one or more layers of HDNNP to account for the target
differences between low-level and high-level calculations. This method is notated as A(HDNNP,
in which s indicates the number of A layers. The differences between calculation levels can be
linked to the choice of an inaccurate, but small basis set or to the selection of different xc
functionals. In the simplest case of only one layer (s=1), we exploit DFT with single zeta basis set
as low level approximation and AHDNNP is used for correcting both the differences from basis
sets as well as xc-functionals. HDNNP is used because the framework of HDNNP is flexible and
in general, it can simulate any complex PES (or APES). Although DFT with single zeta atomic
basis set increases the computational cost in productive simulations, we will demonstrate that
AsHDNNP delivers much better transferability and requires significantly smaller trainset due to
the intrinsic smoothness of APES. A HDNNP requires a train set 10 times smaller than that of a
direct HDNNP while retaining better accuracy. What is more important, it is straightforward to
generalize A; HDNNP to s > 1., i.e. a multi-layer delta neural network approach when a proper
auxiliary level DFT is used. A multilayer A HDNNP can be very useful for the situation where an

expensive xc-functional is necessary and it is hence costly to generate large reference database.



2 Method and calculation details:

2.1High dimensional neural network potential (HDNNP)

HDNNP has been a very popular machine learning force field method in the past decade. It was
first introduced by Behler et al.”'* 618 20:3% The essential idea of HDNNP is that the total energy
of a quantum chemical system E; can be calculated by summing up energies of individual atoms

E;.

N N
E; =ZEi =ZNN(Xl-env) (1)
i=1 i=1

In equation (1), N is the total number of atoms and E; is the energy of atom 1. E; is determined by
the chemical environment of atom i and the latter is characterized by the feature vector X, which
is constructed with symmetry functions in the original paper.”® Besides symmetry functions, other
types of descriptors have also been invented to transform the chemical environment into the feature
space including Chebyshev polynomials®', Zernike descriptor and a bispectrum descriptor”’. A
neural network (NN) is exploited to discover the relation between the feature vector X and the
atomic energy E;. Descriptors are designed to be rotational invariant and the HDNNP uses the
same NN model for each atom of one element type to fulfill the permutation symmetry. Therefore,
the PES from HDNNP follows basic symmetry requirements of first-principles derived PES. In
principle, HDNNP is also cable of simulating chemical system with variable number of atoms and

compositions. Those advantages make HDNNP very useful in theoretical simulations.

In this manuscript, we exploit two different kinds of descriptors to compute the feature vector X.
The first one is a set of symmetry functions following the original paper of Behler et al.'®*° The
symmetry functions consist in a set of radial and angular functions to describe the environment of

one atom. The radial part is shown in Equation (2):

N

G? = z e 0y (1) )

j=1
fc(rij) 1s the cutoff function to ensure that the function will vanish beyond cutoff R, (R, = 6.5 A

for symmetry functions in this study). 7;; is the distance between center atom 1 and neighborhood



atom j, R; and n are chosen parameters. The angular part takes into account the bond angles

between triplets of atoms i, j, k, in which the 6, is the angle between bonds ij and ik.

2 2 2
Gt =217¢ Z(l + Acos@ijk)qe_”(r"f+rf"+r"i)}cc(rij)fc(rkj)fc(rik) (3)
Jik
In equation (3), {, A and 1 are also chosen parameters. In order to find a suitable set of parameters,
we systematically increased the number of symmetry functions following the procedures proposed

recently by Imbalzano et al.*”. The details for determining the symmetry function parameters in

each case are described in the Supporting Information (section 1.2).

The second type of descriptor is called Chebyshev polynomials, as recently proposed by Artrith et
al.’' Chebyshev polynomials also transform the radial distribution function (RDF) and angular
distribution function (ADF) to a feature space vector X. Essentially, the ADF function and RDF
function are projected on the basis set functions of Chebyshev polynomials and the expansion
coefficients are used as the descriptors for atom’s environments. For more details of the method
implementation, we refer the supporting information of the original paper from Artrith et al’'. One
advantage of Chebyshev polynomials is that the size of X can be systematically enlarged by

increasing the order of the Chebyshev polynomial.

The training and validation of HDNNP throughout this paper uses the Atomic Energy Network
(aenet) package.'> *"** The architecture of the neural network is notated as X-(mxn)-1. X is the
input layer size (length of X), m is the number of hidden layers and n is the number of nodes per
layer. Therefore, the numbers of nodes in each hidden layer is the same (equal to n). Totally 9
different architectures are first explored for each trainset, in which m uses 2, 3 or 4 and n uses 5,
15 or 30. The training results are given by an early-stop scheme (see Figure S1) or from the last
iteration of the training. Because neural network is a non-convex function, the optimization
algorithm is not guaranteed to locate the global minimum solution. To circumvent the uncertainty
in the optimizations, we performed three independent training for each case. The standard
deviation among the three training results are reported to indicate the repeatability of the training
results, though evaluation of the standard deviation between different trainings are not necessary

in productive calculations, one can choose the best model which shows the smallest errors.



2.2DFT methods for building database

The first reference database used in this manuscript consists of small Pt clusters whose sizes range
from 6 to 20 atoms. Initial coordinates are randomly generated and then extended by local
optimization steps or short MD steps. Only compact clusters are collected and the total size of the
database is 6402. Energies and forces are computed by DFT with The Vienna Ab initio simulation
package (VASP).>**" The cutoff for plane waves is 250 eV and the Perdew—Burke-Ernzerhof
(PBE) functional®®>’ is exploited to describe electronic exchange and correlation. Only gamma
point (1xX1x1 k-mesh) is used for sampling Brillouin zone. DFT calculations are non-spin
polarized throughout this manuscript since the force field is an approximation of the non-
spinpolarized DFT accuracy in the best sense. The database or DFT calculation method are labeled
with the notation: functional (package-basis), therefore, the first database is referred as

PBE(VASP-PW).

On the other hand, we used DFT with small basis sets as low level approximations. The methods
are labeled as PBE(GPAW-SZ) or PBE(CP2K-SZV) depending on the software and basis set

names.

We also built two reference database with more accurate functionals called TPSSh(VASP-PW)
and optPBE-vdW(VASP-PW), which exploits the more expensive non local functionals (optPBE-
vdw) or hybrid functionals (TPSSh)***'. These are two different methods showing improved
catalytic predictions compared with the PBE functional.**** TPSSh(VASP-PW) and optPBE-
vdW(VASP-PW) databases are both smaller in size (2362 structures in total) and elements are
randomly chosen from the PBE(VASP-PW) database.

3 Results and discussions

3.1Direct training by HDNNP

We first investigated the conventional way to train a HDNNP for the Pt cluster database we built.
Here we refer it as direct HDNNP since we directly exploited the reference energies. The ultimate
goal of training HDNNP is to use a small trainset to obtain a HDNNP with good transferability
and accuracy. Meanwhile, it would be of great advantage that the training procedures rely little on
the users’ skills or experience. Generally, there are three aspects influencing the quality of the

HDNNP: 1) the choice of feature vectors, i.e. the descriptors X. 2) the architecture of the hidden
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layer structures 3) the size of reference structures. For the input layer, we investigated two types

of descriptors, with symmetry functions or Chebyshev polynomials.

3.1.1 Influence of input layer.

The HDNNP is first trained against the reference database PBE(VASP-PW). We systematically
increased the size of the input layer with the methods presented in 2.1 and in Supporting
Information Section S1. The architecture of the HDNNP is kept as X-(2x30)-1 in this part and we
will demonstrate later that this choice shows the best accuracy among the selected 9 architectures.
The database is randomly split into a trainset (90%) and a control set (10%). The influence of
different input layer types and sizes is summarized in Figure 1. The random splitting is commonly
used in the literature as a way to split the database as trainset and control set in order to avoid
overfitting. We also examined the distribution of fingerprints in Figure S11 to ensure that the
ranges of fingerprint values are similar in trainset and control set. We present the quality of the
descriptors as a function of a hyper parameter, the size of the descriptors. The relationship between
the size of the descriptors and their parameters is discussed in section S1. For a particular size of
descriptors, we may have different sets of parameters and we will only consider the set giving the

smallest error in Figure 1 and Figure 4 (see the details in Table S1).

Figure 1(a) shows that increasing the size of the input layer (using more symmetry function as
descriptors) from 20 to about 46 efficiently decreases the RMSE on the trainset. However, when
the size of the input layer goes beyond 46, the RMSE of the trainset does not change significantly
anymore. If we now look at the control set, the RMSE does not decrease anymore beyond size 32,
remaining almost the same between 32 and 46 and slightly increasing by 1 meV/atom when the
input layer size goes beyond 46. Those results show that the symmetry function set with size 46
gives the optimal performance and also remains computationally efficient. We also compared two
different ways for selecting the trained potentials. The first way uses the early-stop scheme (as
shown in Figure S1) and the second way uses the final iteration (which is the 5000" iteration in all
of examples in Figure 1 and Figure 4). The two different methods show very similar information
about the quality of the descriptors. Similar numerical experiments are also conducted with
Chebyshev polynomial descriptors. The performance of the Chebyshev polynomials are overall
very similar with that of symmetry functions, though the calculated RMSEs using Chebyshev
polynomials are slightly larger (by about 1~2 meV/atom) than that of the symmetry functions. This



very small difference between the two types of descriptors may come from the choice of

parameters.
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Figure 1. Direct training results of HDNNP using the PBE(VASP-PW) database. The RMSEs (meV/atom)
of trainset and control set are given for different sizes of the input layer. The architecture of the neural
network is kept as X-(2x30)-1, where the x axis is the size of the input layer (X). The y axis is the RMSE
averaged on three independent trainings and the error bars indicate the variation between them. Two types
of input layers are considered, including (a) symmetry functions (Symfunc) and (b) Chebyshev polynomials
(Chebyshev). In each subfigure, the final sets (black lines) indicate the RMSE at the 5000™ iteration step
and the optimal sets (red lines) indicate the RMSE obtained from the early stop scheme.

3.1.2 Influence of hidden layer architectures

In order to investigate the influence of hidden layer architectures on the performance of HDNNP,
we carried out trainings with fixed symmetry function parameters as input layers (X=46). The
results are shown in Figure 2 and the architectures of the neural network are 46-(mxn)-1. The
results show that m does not have a significant impact on the performance as long as #» is the same.
Increasing m from 2 to 4, the root mean square errors (RMSEs) of the test and train sets are very
similar. In contrast, n has very obvious influence on the performance. Figure 2 shows that by
increasing n from 5, 15 to 30, the RMSEs for the control sets are 22, 18, 17 (meV/atom)
respectively. Increasing the number of nodes from 15 to 30 does not significantly improve the
RMSEs for the control set, though RMSEs for the trainset can be reduced by 3 meV/atom. The
significantly larger differences between RMSE for the control set and for trainset when hidden
nodes is more than 15 nodes /layer indicate that the trained model suffers from overfitting in some

extent.
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Figure 2 Effects of different architectures on the training errors. The trainset is PBE(VASP-PBE). The input
layer size is 46 using symmetry function descriptors. The y axis is the averaged RMSE from three
independent trainings and the error bars indicate the variation between them.

3.1.3 Influence of trainset size

In section 3.3.1 and 3.1.2, the PBE(VASP-PW) is randomly split as trainset and control set, in
which the trainset contains 90% of the database. It will be very important to know whether it is
possible to reduce the number of structures in the trainset without impacting the RMSE for the
control set. Therefore, we conducted more trainings by gradually reducing the trainset size from
90% to 10% of the database and all the other structures in the database are used as control set. The
results are shown in Figure 3. Obviously, with smaller trainset, the RMSE for the control set
gradually increases from 17 meV/atom to about 28 meV/atom. Hence one cannot safely use

smaller trainset in HDNNP.

10
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Figure 3. Influence of trainset size on HDNNP and A; HDNNP errors. The total size of the data base is kept
fixed (N=6402) in each training. The percentages of the trainset are different and range from 10 % to 90 %.

All other structures in the database not used for the trainset are used in the control set. The neural network
architecture is 46-(2x30)-1 with symmetry functions as descriptors for the input layer.

Section 3.1.1 and section 3.1.2 demonstrate the difficulty in training a HDNNP: it is impossible to
know in advance the optimal neural network architecture (like the input layer size and hidden layer
architecture). Although larger size of input layer is more capable of differentiating the local atomic
environments in principle, using large input layers does not always improve the performance.
Using very large hidden layer architecture would result in a very flexible neural network but also
in a risk of over-fitting. Meanwhile, the trainset size has to be very large in order to retain an RMSE

below 20 meV/atom for the control set.

It will not be a surprise that the performance of HDNNP can be continually improved by constantly
following trial-and-error procedures via using larger trainset, using more complicated neural
network architectures and descriptors. Nevertheless, because of the black-box nature of neural
network learning algorithms, the training procedures will be very time-consuming or the size of
the required database might become inaccessible before achieving an ideal trainset. The reference
database collection and training procedures might not be worthy anymore compared with the
further productive simulations. Obviously, a new approach, which can reduce the requirement to

the trainset and be less dependent on the training experience, would be very useful.
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3.2 Delta training:

In this part, we exploit faster density functional theory calculations which uses single zeta basis
sets and PBE functional (named as PBE(GPAW-SZ)). PBE(VASP-PW) is regarded as standard
accuracy for Pt clusters, while single zeta basis sets are generally not accurate enough but are more
efficiently in computation (Figure S2 shows the comparison of accuracy and timings are shown
later). The reference database PBE(VASP-PW) is recalculated by PBE(GPAW-SZ) and the
energies from PBE(GPAW-SZ) is then subtracted from the reference energies (PBE(VASP-PW))
to build the A database, which consists of the basis set effect between SZ atomic orbitals and plane
waves. In this work, we subtracted directly the energies from different packages and we did not
scale the energies before preparing the delta database. The aenet package will automatically
normalize and shift the reference energies to [-1.0, 1.0] before training. In this particular example,
the A database also includes the very small numerical errors from different code implementations,
and one can expect smaller RMSE of this A approach if the code implementation errors could be

excluded. By all means, the small error in code implementation does not impact our conclusion.

The performance of A; HDNNP is shown in Figure 4 and Figure 5. Figure 4 shows a very similar
message compared to Figure 1. With a similar input layer size, symmetry functions slightly
outperform the Chebyshev polynomials by an averaged error reduction of 1.0 meV/atom.
Increasing the input layer size does not necessarily lower the RMSE of control set. The effects of
the hidden layer architectures are also demonstrated in Figure 5 and the trend is the same as Figure
2. First, the number of hidden layers does not help to significantly reduce the error. Second, with
increasing the number of nodes in each layer, the RMSE of trainset keep decreasing, but the

overfitting becomes more significant.

The major difference between HDNNP and A; HDNNP is that the RMSEs on the trainset and the
control set are both significantly reduced from 14/18 to 8/10 (RMSE (control set)/RMSE(trainset)
when X=46; units meV/atom). A; HDNNP reduces the error of HDNNP by about half. This is a
notable improvement for practical applications. For example, the clusters used in the current
manuscript consist of different sizes and the maximum size is 20. HDNNP shows a prediction
error of 18 meV/atom in the control set and it means the error on total energy could be as large as
0.36 eV. A HDNNP only introduces an error of 0.20 eV in the total energy instead. It is known

that the number of Pt cluster isomers within an energy range increases exponentially*’, a small

12



increase in the error of the total energy will bring significant uncertainty to the stability order

computed by HDNNP.
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Figure 4 The RMSEs on the trainset and control set with different input layers. In all the A, HDNNP, the
hidden layers consist of 2 layers and each layer contains 30 nodes, and randomly 10 percent of the database
is used as control set. PBE(GPAW-SZ) is exploited as the low level approximation method. Two different
types of descriptors are used, including (a) symmetry functions (Symfunc) and (b) Chebyshev polynomials
(Chebyshev). In each subfigure, the final sets (black lines) indicate the RMSE at the 5000th iteration step
and the optimal sets (red lines) indicate the RMSE obtained from the early stop scheme.
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Figure 5 RMSEs on the trainset and control set with different hidden layer architectures using the A,
HDNNP approach. The input layer is kept fix as 46, and randomly 10 percent of the database is used as
control set. PBE(GPAW-SZ) is exploited as the low level approximation method.

In addition, A HDNNP requires a significantly smaller trainset and in the meanwhile, it always

delivers a very small RMSE versus the reference database. Figure 3 clearly demonstrates that
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accuracy of A] HDNNP is better than that of HDNNP (RMSE reduced by a half for the control set)
no matter what is the size of the trainset. In the extreme case, only 10 % of the database is used as
trainset for A HDNNP and the performance is still markedly better than that for HDNNP using 90
% of structures as trainset. When repeating the training three times, all of the A; HDNNP training
performs smoothly without any manipulations of the parameters. One possible concern is that A;
HDNNP requires an extra computational cost to calculate the low level approximation, which is
not required in original HDNNP. Here, Figure 3 underlines that the extra cost to
calculate PBE(GPAW-SZ) can be compensated by the better transferability of Ay HDNNP and

thus A; HDNNP requires a much smaller trainset database.

We should point out that the advantages of A HDNNP versus HDNNP do not result from the code
implementation or using a special parameterization of the single zeta basis set, instead it is intrinsic
that A database is easier to be learned compared with the original PBE(VASP-PW) one. To prove
this conclusion, we also use a different DFT package, CP2K,46 which comes with a different
parametrization of single zeta basis set (SZV in the molecularly optimized basis functions*’) to
calculate the A database. Then we re-calculate the A database and carry out the training with similar
procedures as in Figure 3. The results are shown in Figure S4, and the performance of the A;
HDNNP approach is very similar (within 1 meV/atom) when exploiting different codes for low-
accuracy energies. Another comment relates to the distribution of averaged atomic energies, shown
in Figure S10. It is clear that the ranges of the reference energies and the delta energies (from the
difference between PBE(VASP-PW) and PBE(GPAW-SZ)) are almost the same, though the
FWHM (full width at half maximum half-width) of direct energies’ distribution is slightly larger
than that of delta energies. The small difference in FWHM of the energy distribution is not able to
explain the different training performance. The more significant difference is that direct energies’
distribution is bimodal unlike the unimodal distribution of the delta energies, which is a clue of a

simpler (smoother) target function in A} HDNNP.

3.3 Smoothness of the A database

The HDNNP learns to predict the quantum chemistry energy of structures by their similarity in
feature space. During the training, the neural network attempts to learn the mapping f: RN — E,
in which R" corresponds to the geometry features (either Cartesian coordinate space or descriptor

space) and E is the energy. The smoothness of the target function f is very important for the
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transferability of the trained model. In general, one would think that the poor transferability of
HDNNP comes from the fact that HDNNP fails to extrapolate from known feature space.
However, the concept of ‘extrapolation’ is blurry in high dimensional space. Let us assume for
example that we conduct a machine learning task with a feature space of dimension 3 (the learned
model is f") and we would like to predict the property at the origin (f'(x = 0)). If all the feature
vectors of the reference data are far from the origin and located on or beyond the sphere (r = |R|),
it will be ambiguous whether the prediction f'(x = 0) is ‘extrapolated’ or ‘interpolated’. The
prediction can either be extrapolated if the correlation distance is smaller than |R| or interpolated
if the correlation distance is larger than |R|. This scenario is very common in conducting machine
learning in a high dimensional feature space and is referred to as the curse of dimensionality. In a
high dimensional space with evenly distributed references, all data points are far away from each
other. There is not a clear way to distinguish the ‘extrapolated’ or ‘interpolated’ region. It is
obvious that the ‘smoothness’ of the function is relevant with the correlation distance. If the
correlation distance is large, the function is ‘smoother’ and easier to be generalized. Otherwise,
the function is rough and more difficult to be generalized. Therefore, the correlation distance, or
the covariance matrix between the references and the new data points are more realistic concepts

than the range of feature vectors.

Of course, the previous example is only a simplified illustration, and not a rigorous proof of the
effect of the target function’s smoothness on the learnability from a machine learning method. A
rigorous mathematical proof on the complexity/smoothness of the target function f is beyond the
scope of the current contribution. However, we can still obtain some clues on the reason why
learning the target function f: RN — AE (mapping geometry to delta energies) is easier than
learning the target function f: RN — E. One approach is to show that the correlation distance is
larger for the delta database, i.e. that structures who are close in feature space provide similar delta

energies, but not similar direct energies.

First, please note that fingerprints (input layer of neural network) are normally not the optimal
representation for atomic energies, so that the Euclidean distance in the original fingerprint space
might not be the correct measure to evaluate the proximity between two structures. This is inferred
by the PCA analysis on the input layer of the neural network shown in Figure S12(a) and (c¢), where

there is no correlation between energy and principal axis. A better representation (transformation
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of the original feature vector) is required to investigate the correlation distance between structures
in feature space. In order to show that the AHDNNP consists to learn a smoother function (f: RN —
AE) than that of HDNNP f: RN — E, we plotted the t-Distributed Stochastic Neighbor Embedding
(t-SNE) analysis of the structural fingerprints instead, and each atom is colored by the predicted
atomic energies.’®™* The t-SNE analysis simulates the joint probability to find neighboring points
in the high dimensional feature space through their distance in a 2-d layout. Therefore, we expect
that, in the context of t-SNE transformed features, similar atoms should have a similar color, if the
function f is smooth. Apparently, Figure 6(b) has a better energy separation than Figure 6(a)
implying a larger correlation distance in f: RN — AE. In other words, the better color separation
in Figure 6(b) indicates that the learned function f': RN — AE is smoother than f': R¥ — E (prime
means the trained model rather than the true one). Considering that neural network training is a
process to mimic the true function f with the learned model f’, we can expect the true function
f:RN - AE is also smoother than f: RY — E. Hence, AHDNNP is targeting at a smoother function
than HDNNP, and therefore it shows better transferability.

On the other hand, the neural network is also a way to transform the input layers (initial descriptors)
into different better representations and to store them in hidden layers. Therefore, the last hidden
layer is an optimal representation to predict the atomic energies proposed by the neural network.
This was previously investigated by Cubuk et al.”® Following a similar approach, we applied PCA
to the representation of the atomic energy E; from the last hidden layer of the HDNNP. The results
are shown in Figure S12(b) and (d). One can see that after the non-linear transformation with the
neural network, the output of the last hidden layer provides a much better representation of the
atomic energies compared with the input layer. Finally, after the neural network transformation,
the PCA analysis on the delta database using the output of the last hidden layer shows a better
correlation between atomic energies and first principle axis (Figure S12(d)) than in the case of the
direct database (Figure S12(b)), implying that the neural network provides a simpler representation
in the case of the delta database training. This is also a sign that the target function f: RY — dE is

simpler to be generalized.
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Figure 6 t-SNE analysis with symmetry function values as inputs and learned atomic energies as color code
(a) using HDNNP learned atomic energies as color code. (b) using AHDNNP learned atomic energies as
color code. Both of them use 90% of the database as trainset and the architecture of the neural network
potential is 46-(2x30)-1. Only 7% of the atoms (randomly selected) are shown in the figures for clarity
purposes.

3.4Improvements on the force accuracy.

In order to exploit MLs potential for structure optimizations, the accuracy of the predicted force is
also important besides the energies. Although the HDNNP trainings only use energies, it also
produces forces associated with the trained PES. Figure 7 shows the errors of force prediction by
HDNNP and A; HDNNP respectively. It is clear that A; HDNNP reduces the force error of
HDNNP from 0.96 eV/Ang to 0.47 eV/Ang in the case where 50% of the database is used as
trainset (other results are in Figure S6 and Figure S7). The large force errors shown in Figure 7
may result from two parts. First, force is more sensitive to the accuracy of energy prediction as
well as the transferability of the neural network models, the errors on force prediction are normally
larger in absolute values. Second, the reference method PBE(VASP-PW) uses only plane waves
up to 250 eV and this parameter provides good energy but poor force quality. Therefore, the noises
in the reference database adds into the comparison difference. However, it is clear that Ay HDNNP
still provides much better forces compared with HDNNP with the same size of the trainset. Since
the force is the gradient of the potential, if the potential energy surface is very rough, it will be
very difficult to predict the forces with very sparse reference data points. In contrast, it will be
easier to predict the forces when the potential energy surface is smoother. Therefore, the better

force prediction with A HDNNP provides another indication on the smoothness of delta energies.
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Of course, It can be expected that A} HDNNP can be improved when we increase the reference

force quality and database size.
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Figure 7 Comparison of the force prediction from A{HDNNP (a) and HDNNP (b). The architecture
of the neural network is 46-(2x30)-1 with symmetry functions as input descriptor. 50 % of the

database is used as trainset and the rest is used as control set. The figure shows the distribution of

the force error |ﬁ1v1v — ﬁre 7 |, where the reference method is PBE(VASP-PW).

3.5 Transferability of AHDNNP in Out-of-Sample Data

To further investigate the transferability of A HDNNP, new structures which are not included in
the PBE(VASP-PW) database are used. The new structures are generated by following procedures:
15 structures are randomly selected from the PBE(VASP-PW) database. Then, constant
temperature MD simulations are carried out starting from those 15 structures respectively using
the built A HDNNP, in which temperatures are chosen as 300 K and each MD simulation runs
100 fs with steps of 1.0 fs. Then, the energy of each structure in the MD trajectory is re-evaluated
by the reference method PBE(VASP-PW). The same procedure is also conducted with the HDNNP
for comparison. The results are shown in Figure 8. In the trajectories generated by HDNNP, even
if some trajectories start with rather small errors (smaller than 10 meV/atom), they quickly diverge
from the reference energies in 20~30 fs. On the other hand, errors along the A HDNNP generated
trajectories do not increase (in average) during the MD simulations. To explore the reason of the
better transferability of A} HDNNP in Figure 8, we examined the ranges of input symmetry
functions for the structures generated by MD and compared them with that of the trainset data

(Figure S13). The results show that the fingerprint ranges of MD generated structures are still
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within that of trainset structures, no matter they are generated by HDNNP or A HDNNP. Hence,
though the direct HDNNP extrapolates poorly on those out-of-sample data and results in a large

RMSE, one cannot identify this by simply examining the ranges of fingerprint values.
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Figure 8. Errors of energies in molecular dynamics trajectories, starting from 15 structures from the trainset.
The blue lines with round dots show the errors (per-atom, units are meV) from the HDNNP generated
trajectories; red lines with crosses show the errors from the A HDNNP generated trajectories.

A second numerical experiment to demonstrate the good transferability of AJHDNNP uses Pt;s
and Ptss clusters. We remind that the largest size of the Pt clusters in the trainset is 20 atoms. To
investigate whether the AJHDNNP is able to describe clusters larger than 20, we selected 60 Pt,s
and 60 Ptss clusters from a long MD simulation with EAM potential and then evaluated the error
between the two different NN potentials and the DFT reference. The results are shown in Figure
9. Because Pt;s and Ptss clusters are completely excluded from the original trainset database, one
can expect larger prediction errors from either HDNNP or AJHDNNP. However, results show that
the Aj HDNNP performs very differently from HDNNP. For Pt,s cluster, Af HDNNP shows an
averaged absolute error about 28.2 meV/atom versus the reference, which is indeed larger than the
error in the previous smaller clusters. However, A; HDNNP presents a constant and small offset
from the reference energies, and the relative stability of different clusters is still rather reliably
predicted: the relative error on the stability are just 10.8 meV/atom. On the other hand, the absolute
error and relative errors for the HDNNP method are 195.2 meV/atom and 26.9 meV/atom, being
hence significantly larger than that of AHDNNP. Therefore, AHDNNP still resembles the potential
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energy surface of Pts and demonstrate very good transferability. The results of Ptss clusters are
even more remarkable, though they seem more challenging at first glance because Ptss contains
two complete shells completely excluded from the trainset. The results in Figure 9(b) show that
the absolute error between A HDNNP and DFT is 20.8 meV/atom, while the relative error of A,
HDNNP only present 5.5 meV/atom. Hence, the relative energy among different clusters are still
well predicted. In contrast, the direct HDNNP completely fails to describe the relative energies of
different geometries. This example shows that A HDNNP can reliably predict the relative energies

of large clusters, although clusters of such sizes are not used in the trainset.
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Figure 9 Comparison between the predicted per-atom energies from HDNNP (red dots) or AHDNNP (blue
dots) and reference values (PBE(VASP-PW)) for (a) 60 structures of the Ptys cluster (b) 60 structures of the
Ptss cluster. The black dashed line indicates the diagonal and the blue dash line is the fitted linear equation
between the AHDNNP and PBE(VASP-PW) energies.

4 Using AHDNNP to go beyond GGA functionals.

Unlike empirical force field, MLFs always requires a train set of large size to get reliable
predictions. Currently, DFT with GGA xc functional is commonly used as the reference method,
which enables fast energy-force calculations. While, GGA functionals are reasonable cheap but
not sufficiently accurate for many applications.*" >' Even if the trained MLFs are excellent to
model the GGA reference, the MLFs potentials are still subject to the errors originating from the
DFT-GGA calculations. One way to circumvent this bottleneck is to exploit more advanced xc
functionals like non-local functional or hybrid functional, providing much better accuracy.*****
°6 Nevertheless, the non-local functional and hybrid functional are very expensive compared with
GGA functional, and hence building the required large number of trainset structure may be

inaccessible.
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Our solution is to take advantage of the high transferability of A\(HDNNP. The A{HDNNP
approach has been demonstrated to be a very efficient way to simulate the energy difference caused
by basis set inadequacy like between minimum single-zeta and plane wave basis sets in Figure 3.
In addition, one can take one step further and use a AJHDNNP approach to account for other
aspects of electronic structure calculations, providing corrections for different xc functionals. For
example, we built two databases similar to the PBE(VASP-PW) database but using the TPSSh or
optPBE-vdW functionals, databases called TPSSh(VASP-PW) and optPBE-vdW(VASP-PW)
respectively (N=2362). TPSSh is a hybrid version of meta-GGA TPSS functional, showing very
good accuracy for Pt clusters.””>® optPBE-vdW is based on the non-local correlation functional
from the Rutgers-Chalmers van der Waals Density Functional (vdW-DF) combined with an
optimized PBE-like exchange functional.”®® It correctly describes adsorption properties of Pt.**
Therefore, we take TPSSh and optPBE-vdW as examples to demonstrate the strength of A
HDNNP.

First, we compared the energy difference between PBE and optPBE-vdW or TPSSh respectively
and the results are shown in Figure S3. Both the optPBE-vdw and TPSSh functionals predict
different stabilities of Pt clusters compared with PBE. OptPBE-vdW shows an average difference
of 26.4 meV/atom, which is still very significant considering the size of the clusters. The TPSSh
functionl shows more corrections®' and the cohesive energy predicted by TPSSh not only shows a

large systematical offset, and an average deviation from PBE as large as 162.2 meV/atom.

Then we exploit PBE(CP2K-SZ) as low level DFT method to train the A{HDNNP targeting at the
more expensive functional TPSSh or optPBE-vdw. The architecture of the HDNNP is 46-(2x30)-
1 with symmetry functions as descriptors. The results are shown in Figure 10 and we can see that
AHDNNP with PBE(CP2K-SZ) as low level DFT outperforms HDNNP for both TPSSh and
optPBE-vdw functional. HDNNP shows control set error around 23 meV/atom for both
functionals, even with 90% of the database as trainset. While, if PBE(CP2K-SZ) is used as low
level DFT to train A HDNNP, the RMSE on the control set is significantly reduced. The reduction
is more significant when the high-level xc functional is optPBE-vdW, in which the RMSE is
decreased from 23 meV/atom to 10 meV/atom. In the case of TPSSh, the improvement is slightly
smaller, which a reduction of the RMSE from 23 meV/atom to 15 meV/atom. The transferability

is also improved. When only 10 % of database is used as trainset, the RMSE on control set
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increases from 23 meV/atom to 35 meV/atom (or 37 meV/atom) in HDNNP, while the increasing

is only 4 meV/atom (or 7 meV/atom) for AHDNNP in the case using optPBE-vdW (or TPSSh) as

target xc functional.

Another numerical experiment uses PBE(VASP-PW) as low level DFT to train AHDNNP
targeting at more expensive xc functionals. In this set, the energy difference only comes from the
xc functionals. This approach is still useful considering the large CPU efficiency difference of
different xc functionals (shown later). The results are also given in Figure 10. It is clear that the A
database is even more easily trained with PBE(VASP-PW) as low level DFT. One can use only
10% of the expensive optPBE-vdW database to train the AHNNP reproducing the functional
difference between PBE and optPBE-vdW with a RMSE of only 1.5 meV/atom (Figure 10(a)). In
the case of the TPSSh functional, using PBE as a low level method for AHDNNP gives a RMSE
on the control set reducing from 15 meV/atom to 10 meV/atom, depending on the amount of the

database use for training.
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Figure 10 Using AHDNNP to go beyond GGA. (a) The reference method is optPBE-vdW(VASP-PW) (b)
the reference method is TPSSh(VASP-PW). HDNNP (red lines) are demonstrating the results of direct train
without low-level DFT. AHDNNPI1 (black lines) shows the results of AHDNNP using PBE(CP2K-SZ) as
low level method. AHDNNP2 (blue lines) shows the results of AHDNNP using PBE(VASP-PW) as low
level DFT method. x axis is the percentage of trainset in the database and all the other structures (not used
in trainings) are used as testing set. Sold lines are RMSEs of trainsets. Dash lines are RMSEs of control
sets.

Figure 10 shows that the hybrid functional TPSSh is slightly more difficult to train compared with
the vdW functional optPBE-vdW. The difficulty mainly comes from the exact exchange
introduced in TPSSh functional, because the difference between PBE and TPSS (non-hybrid
version) is much easier to train (see Figure S5). One has to use PBE(VASP-PW) calculation as the
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approximate level in order to reduce the test error below 10 meV/atom. Nevertheless, the huge
difference in the CPU efficiency between GGA-PBE and hybrid functional calculation still ensures
the significant advantage of combing GGA-PBE plus AHDNNP over brute-force hybrid functional
calculations in terms of the CPU time. A simple AHDNNP correction reduces the error in GGA-
PBE from 162.2 meV/atom (Figure S3(b)) to 10 meV/atom (Figure 10) when hybrid functional is

the target accuracy.

5 Hierarchical delta neural network potential

Considering the high transferability of AHDNNP for the energy differences shown in Figure 10,
we were inspired to generalize the AHDNNP approach to a multi-layer case, i.e. AJHDNNP (s >1).
One can consider for example the more accurate but more CPU demanding non local functional
optPBE-vdW(VASP-PW) as reference energy (indicated by the first bar in Figure 11(a)). Several
different training schemes can be considered. i) The first method consists in a direct training of
HDNNP against optPBE-vdW(VASP-PW) energies, which is the conventional way to use
HDNNP. This is illustrated in the last bar in Figure 11(a). i1) The second method trains a neural
network potential against the difference between optPBE-vdW(VASP-PW) and a cheap DFT
method PBE(CP2K-SZV). The energy of the reference is the sum between a cheap calculation
from PBE(CP2K-SZ) and a calculation from the neural network potential. This is illustrated in the
third bar of Figure 11(a). Because only one layer of A database is used in this case, this method is
called AJHDNNP. iii) The third method exploits two layers of A database. One NN is trained
against the difference between optPBE-vdW(VASP-PW) and an auxiliary database at the
PBE(VASP-PW) level, which corresponds to NN2 in the fourth bar in Figure 11(a). The second
NN is trained against the difference between PBE(VASP-PW) and PBE(CP2K-SZ), which
corresponds to NN in the fourth bar of Figure 11. This approach contains two layers of A database,
therefore it is labeled as A;HDNNP. The final energy will be predicted by combining the
approximate DFT (CP2K-SZ) and two A levels. In the productive simulation, the auxiliary level
calculation is not required anymore. The method (iii) takes advantage of fact that the energy
difference between optPBE-vdW(VASP-PW) and PBE(VASP-PW) can be efficiently trained with
only a very small number of expensive optPBE-vdW calculations. Hence, this approach, that we
call hierarchical delta neural network potential, can strongly reduce the CPU cost for the generation

of the database, by decreasing the number of expensive high-level calculations.
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We further benchmarked the accuracy of the described multi-layer HDNNP (A;HDNNP) with the
out-of-sample data collected from previous MD simulations (Figure 8) and the results are shown
in Figure 11. We can see that the direct HDNNP (with trainset equal to 2126) gives an average
error of 25.7 meV/atom. AHDNNP, which uses PBE(CP2K-SZV) as low level method and 90 %
percent of the optPBE-vdW(VASP-PW) reference data (2126 structures), provides a much better
accuracy and shows an average error of 8.9 meV/atom. A;HDNNP gives a comparable accuracy
with RMSE equal to 9.0 meV/atom. In this test, AJHDNNP combines two level of AHDNNP. The
first level describes the difference between PBE(VASP-PW) and PBE(CP2K-SZ), and uses 40 %
of the PBE(VASP-PW) references (2560 structures). The second level accounts for the difference
between PBE(VASP-PW) and optPBE-vdW(VASP-PW), and only uses 10 % percent of the
optPBE-vdW(VASP-PW) references (236 structures). Since the optPBE-vdW(VASP-PW)
functional is at least 10 times more expensive than PBE functional (shown later), A, HDNNP uses
eventually less CPU time to build the trainset, but results in a very similar prediction accuracy like
AHDNNP. In this example, because of the small optPBE-vdW(VASP-PW) database used in the
A, HDNNP method, the two-layer A HDNNP approach uses 23% of CPU time (according to the
benchmarks in Figure 12) to build the reference but achieves much better accuracy compared with
HDNNP(Figure 11(a)). Please note that the advantage of AJHDNNP is that it does not require
PBE(VASP-PW) database to train the first layer of AJHDNNP. In practical applications, the choice
between AJHDNNP and A;HDNNP is open and it depends on the specific system and CPU-

efficiency for different xc functional.
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Figure 11. (a) An illustration of the hierarchical delta neural network methods. The ERROR is calculated
based on the numerical experiments explained in the manuscript and the data in Figure 11(b). The CPU
time required for building the reference is calculated based on the benchmarks in Figure 12. In this figure,
relative values are shown. (b) Comparison of the accuracy of different training methods i.e. HDNNP,
A{HDNNP, and A, HDNNP (see main text and Figure 11(a)) against the optPBE-vdW(VASP-PW)
database. The unit for the RMSE is meV/atom. NN stands for neural network.

Compared with optPBE-vdW(VASP-PW), PBE(VASP-PW) is not an ideal intermediate level for
TPSSh(VASP-PW), the trained error between PBE(VASP-PW) and TPSSh(VASP-PW) is about
10 meV/atom with 90 % database as trainset (Figure 10). Nevertheless, AHDNNP with either
PBE(CP2K-SZ) or PBE(VASP-PW) as low accuracy DFT is still much better than the direct
HDNNP, and the transferability is also significantly improved (see Figure S9). Considering the
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hybrid function is much more expensive than pure GGA, the one layer AHDNNP is still very

useful when the hybrid functional is mandatory for the accuracy.

6 CPU efficiency of DFT calculations with different basis sets

and different functionals.

In order to compare the time efficiency of DFT calculation with different levels of basis sets as
well as different functionals (single zeta basis set vs plane wave basis sets in this work and PBE
function vs hybrid or vdW functionals), we exploited GPAW package to conduct the numerical
experiments. Because GPAW packages provides both LCAO mode using atomic basis sets and
PW mode using plane wave basis sets, one can get rid of the impacts from other influences like
code compiling. First, the converged energy cutoff for plane waves in GPAW PW mode is
determined as 450 eV as shown in Figure S8. Then the ratio of wall time to complete a single point
calculation for different sizes of clusters are evaluated. The result is shown in Figure 12(a). For
the small cluster (N=6), PW mode is 10 times more expensive than an approximate calculation
with LCAO mode with single zeta basis sets. The difference becomes even more significant (30
times) for larger atoms (N=20). GPAW also provides another FD (finite difference) mode, in
which one can reduces the grid spacing 4 to increase the accuracy of DFT calculations
systematically in the same spirit of increasing basis sets. We also compared LCAO mode and FD
mode to show the cost to use converged ‘basis sets’ compared to the approximate LCAO-SZ
method. Results are shown in Figure 12(a). FD mode and PW mode in GPAW demonstrate similar
CPU efficiency, which are 10~30 times more expensive than DFT with single zeta basis sets. Since
all the other factors are the same in this numerical experiment, we can conclude that by using small
basis set as low DFT calculation, one can gain up to 30 times speedup for a large Pt,¢ cluster and

at least 10 times speedup for a small cluster (N=6).

The CPU efficiency with different exchange correlation functional is also investigated using VASP
package. In this numerical experiment, VASP with plane waves up to 250 eV is exploited. Two
different exchange correlation functionals are compared with pure GGA functional (PBE), one is
non-local van der Waals density functional optPBE-vdW and another is hybrid functional TPSSh.
The results are shown in Figure 12(b). The dependence of wall time ratio on cluster size is different
for optPBE-vdw and TPSSh. The extra cost for vdW functional one results from the evaluating the

non-local interactions, which is mainly dominated by the volume of the system. Therefore, the
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simulation box with small cluster (N=6) has larger vacuum/cluster volume ratio is relatively more
expensive compared with pure PBE. CPU cost of hybrid functional instead is mainly impacted by
the number of electrons, which is obviously more expensive for larger clusters. Therefore, the
computational cost of expensive functional strongly depends on the cluster size ranges from 10~30

times more than pure GGA functional.

Finally, if we compiled the effects of basis sets and xc functional, the overall improvement by
using AHDNNP approach can be as large as 900 times faster, which provides significant

advantages and opens the access to high accuracy simulations for large clusters.

Although we can achieve a significant speed-up by the AHDNNP approach, especially when we
aim at DFT level with expensive functionals, the application of current AHDNNP approach for
very large systems is still limited by the unfavorable scaling in CPU time with size originating
from the approximate level DFT calculations. Although we did not conduct numerical experiments
for very large systems, we can get some clues from the paper of Schutt, O. et al.** They exploit a
machine learning method to construct an adaptive single zeta basis set showing an accuracy of
double-zeta basis sets and the speed-up is about 50 for a bulk water with 6192 molecules. Since
the acceleration mainly originates from the different sizes of the basis sets, we can also expect
similar speed-up for such a system by the current AHDNNP approach. The 50-fold speed-up is
significant, but calculations remain more expensive than empirical force field method. Further

improvement on the approximate level calculation should be explored.

27



(a)s (b)4o
-8~ WT(PW)YWT(LCAO-SZ) —— WT(vdW)YWT(GGA)
40 == WT(FDYWT(LCAO-SZ) 35 == WT(hyb)WT(GGA)
£ Ew
Q 30 o
E E
= % 25
g 25 E
2 S
@ &
15 15
10 10
6 8 10 12 14 16 18 20 6 8 10 12 14 16 18
Number of atoms Number of atoms

Figure 12: Comparison of the wall time (WT) for completing a single point calculation by different
methods. Left (a): shows the effects of basis sets comparing converged plane waves basis sets
(PW)/converged finite difference grid (FD) (see Figure S8) and single-zeta atomic basis sets. (a) is
evaluated by the GPAW package with PBE functional. Right (b) shows the effects of xc functionals
comparing the pure GGA methods and non-local vdw functional as well as hybrid functional. (b) is
calculated by VASP package with plane wave basis sets. All the calculations are conducted on Hoffman2
at UCLA with 4 CPUs on intel-E5330 processors.

7 Conclusion

Neural network potentials are more and more popular in atomistic simulations because of their
time efficiency as well as their potential high accuracy versus the reference DFT methods.
However, practical applications are generally hindered by burdensome training procedures, which
requires significant manual interventions and large trainset in order to achieve useful accuracy and
transferability. In this contribution, we present a simple differential AJHDNNP approach, using
one or more layers combined with fast single zeta DFT to deliver much better accuracy: the neural
network is trained to reproduce the difference between accurate energies and fast approximate
ones. On the selected example of Pt clusters of size 6-20, the transferability of the AJHDNNP
approach is significantly improved, compared to the direct training, because the correspondence
between input structural descriptors and energy is smoother. As a result, the requirement on the
size of the trainset size is also minimized. Although the training is performed on clusters smaller
than 20 atoms, the relative error for the energy prediction on larger clusters is very good (5.5

meV/atom for Ptss) for the differential approach, while the direct training is giving large errors.

The key advantages of the A(HDNNP approach include a user-friendly and easy access to accurate

machine learning potential method. Especially, the required trainset is reduced by at least one order
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of magnitude and A(HDNNP also opens the access to simulations of large clusters with the
accuracy level of expensive xc-functionals. Finally, the current approach can be generalized to

other type of machine learning methods available in the community.
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