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1 Introduction

This document contains supporting data for the work, ”Neural Network and ReaxFF com-
parison for Au properties.” Much of the code utilized to produce this work is recorded
here for reproducibility and transparency. Much of the molecular simulation code is pro-
duced using tools from the Atomic Simulation Environment (ASE) python modules: https:
//wiki.fysik.dtu.dk/ase/. This includes all of the databasing techniques, which are
conducted through ASEs database module: https://wiki.fysik.dtu.dk/ase/ase/db/db.
html#module-ase.db.

Due to the large number of calculations, data utilized in this work is stored in SQLite
format (.db files) for ease of use. These data files are embedded into the PDF and can be
accessed through the following links: Calculations specific to the 6 atom MD simulations

performed in the paper: (double-click to open). All other results: (double-click to
open). Examples of using these data files are provided in the following sections.

Large portions of the supporting information file function as demonstrations of how the
data can be accessed and manipulated from these database files. For ease of search-ability
the supporting information file is organized into sections which reflect the organization of
the manuscript. That way, references from the manuscript can be directly referenced in
the corresponding section of the supporting information file. The code used to generate the
figures in each section of the manuscript are also included.

The supporting information document was prepared in org-mode (http://orgmode.org)
syntax, which was subsequently exported to LATEX and converted to a PDF. Briefly, org-mode
is a plain editing format that enables intermingling of text, code and figures, with markup
for typical document elements such as headings, links, tables, etc. . . , and arbitrary inclusion
of LATEX for equations. With the Emacs editor, the code in an org-mode document can be
executed in place, and the output captured in the document. For example, tables can be
generated by code, or the code for generating a figure can be embedded in the document. The
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data in tables can be used as input to other code blocks in the document as well. Org-mode
enables selective export of the content to various formats including html, LATEX, and PDF.
These features, and many others, make org-mode a convenient platform for reproducible
research, where all of the steps leading to conclusions drawn in the work can be documented
in one place, but where it may be desirable not to show all the details in every view. For
example, in an exported manuscript where code should usually not be visible, or supporting
information document such as this one where it is desirable to see the code. Nevertheless, it
may still be valuable to go back to the source, for example, to figure out how some analysis
was done, especially if all the code is not exported.

The org-mode source for this document can be found here: .

2 Methods

2.1 Density Functional Theory

All DFT calculations were performed using VASP (https://www.vasp.at). Due to the
large amount of data produced from each individual VASP calculation, the results from each
calculation are summarized in the databases discussed in the introduction. The following
section demonstrates how these database can be searched for easy access to each of the 9972
calculation referred to in the manuscript.

2.1.1 Generating the ASE database from DFT calculations

The VASP calculation directories are too large to be directly incorporated into the supporting
information file, but critical information from these files can be organized into an ASE
database and embedded into this PDF (See introduction for how to access these files). The
ASE database is an extremely valuable tool and others may find it useful to know how we
implement it into this work. For that reason the Python code used to generate the database
is shown below for demonstrative purposes. Of course, this code is dependent upon files
local to the Kitchin group, and can not be directly utilized unlike the other samples of code
provided in this document.

1 import os, sys

2 from ase.io.trajectory import Trajectory

3

4 # Functions produced by Jacob Boes for work in computational catalysis

5 # These are freely available at: https://github.com/jboes/jbtools.git

6 import jbtools.gilgamesh as jb

7

8 # JASP is a wrapper used to streamline VASP calculation in VASP.

9 # More information can be found: https://github.com/jkitchin/jasp.git

10 from jasp import *

11 JASPRC['restart_unconverged'] = False

12

13 # We want to collect enegies and postions for all ionic steps in the

14 # geometry minimization. So first we compile a list of out.traj files.

15 for r, d, f in os.walk('DFT/'): # The location of the DFT calculations

16 if 'OUTCAR' in f and 'XDATCAR' in f:

17 try:

18 with jasp(r) as calc:

19 # Create a trajectory file
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* Introduction
This document contains supporting data for the work, "Neural Network and ReaxFF comparison for Au properties." Much of the code utilized to produce this work is recorded here for reproducibility and transparency. Much of the molecular simulation code is produced using tools from the Atomic Simulation Environment (ASE) python modules: https://wiki.fysik.dtu.dk/ase/. This includes all of the databasing techniques, which are conducted through ASEs database module: https://wiki.fysik.dtu.dk/ase/ase/db/db.html#module-ase.db.

Due to the large number of calculations, data utilized in this work is stored in SQLite format (.db files) for ease of use. These data files are embedded into the PDF and can be accessed through the following links: Calculations specific to the 6 atom MD simulations performed in the paper: \attachfile{md-6atom.db}{(double-click to open)}. All other results: \attachfile{data.db}{(double-click to open)}. Examples of using these data files are provided in the following sections.

Large portions of the supporting information file function as demonstrations of how the data can be accessed and manipulated from these database files. For ease of search-ability the supporting information file is organized into sections which reflect the organization of the manuscript. That way, references from the manuscript can be directly referenced in the corresponding section of the supporting information file. The code used to generate the figures in each section of the manuscript are also included.

The supporting information document was prepared in org-mode (http://orgmode.org) syntax, which was subsequently exported to LaTeX and converted to a PDF. Briefly, org-mode is a plain editing format that enables intermingling of text, code and figures, with markup for typical document elements such as headings, links, tables, etc..., and arbitrary inclusion of LaTeX for equations. With the Emacs editor, the code in an org-mode document can be executed in place, and the output captured in the document. For example, tables can be generated by code, or the code for generating a figure can be embedded in the document. The data in tables can be used as input to other code blocks in the document as well. Org-mode enables selective export of the content to various formats including html, LaTeX, and PDF. These features, and many others, make org-mode a convenient platform for reproducible research, where all of the steps leading to conclusions drawn in the work can be documented in one place, but where it may be desirable not to show all the details in every view. For example, in an exported manuscript where code should usually not be visible, or supporting information document such as this one where it is desirable to see the code. Nevertheless, it may still be valuable to go back to the source, for example, to figure out how some analysis was done, especially if all the code is not exported.

The org-mode source for this document can be found here: \attachfile{supporting-information.org}.

* Methods
** Density Functional Theory

All DFT calculations were performed using VASP (https://www.vasp.at). Due to the large amount of data produced from each individual VASP calculation, the results from each calculation are summarized in the databases discussed in the introduction. The following section demonstrates how these database can be searched for easy access to each of the 9972 calculation referred to in the manuscript.

*** Generating the ASE database from DFT calculations
The VASP calculation directories are too large to be directly incorporated into the supporting information file, but critical information from these files can be organized into an ASE database and embedded into this PDF (See introduction for how to access these files). The ASE database is an extremely valuable tool and others may find it useful to know how we implement it into this work. For that reason the Python code used to generate the database is shown below for demonstrative purposes. Of course, this code is dependent upon files local to the Kitchin group, and can not be directly utilized /unlike/ the other samples of code provided in this document.

#+BEGIN_SRC python
import os, sys
from ase.io.trajectory import Trajectory

# Functions produced by Jacob Boes for work in computational catalysis
# These are freely available at: https://github.com/jboes/jbtools.git
import jbtools.gilgamesh as jb

# JASP is a wrapper used to streamline VASP calculation in VASP.
# More information can be found: https://github.com/jkitchin/jasp.git
from jasp import *
JASPRC['restart_unconverged'] = False

# We want to collect enegies and postions for all ionic steps in the
# geometry minimization. So first we compile a list of out.traj files.
for r, d, f in os.walk('DFT/'): # The location of the DFT calculations
    if 'OUTCAR' in f and 'XDATCAR' in f:
        try:
            with jasp(r) as calc:
                # Create a trajectory file
                jb.compile_trajectory(calc)

                # Access the created file
                traj = Trajectory('out.traj')
                n = len(traj)

                # Add the contents to the database
                for i, atoms in enumerate(traj):

                    jb.makedb(calc,
                              atoms=atoms,
                              dbname='~/research/neural/data.db',
                              keys={'traj': int(n-i-1)})
        except:
            print(r)
            print(sys.exc_info()[0])
            print('')
#+END_SRC



*** Using keywords to get information from the database
We organize information from the VASP calculations using descriptive keywords, which define the purpose of each calculation. A full list of the keywords used to categorize each calculation can be found in the results produced from the code block below.

#+BEGIN_SRC python
from ase.db import connect

# Connect to the ASE database
db = connect('data.db')

# Selects all calculations in the database
data = db.select(['traj=0'])

# Create a dictionary of all the keys
keys, cnt = {}, 0
for entry in data:
    cnt += 1
    for k, v in entry.key_value_pairs.iteritems():

        # Add all possible values to each dictionary
        if k in keys:
            keys[k] += [v]
        else:
            keys[k] = [v]

# Iterate through each key and print the values
print('{0:15s}  {1:15s} {2} calculations total'.format('keyword', 'value', cnt))
print('---------------------------------------------------------')
for k, v in keys.iteritems():
    vals = list(set(v))

    # Only print the first 5 values
    if len(vals) <= 5:
        val = ", ".join(str(e) for e in vals)
        print('{0:15s}: {1}'.format(k, val))
    else:
        val = ", ".join(str(e)[:5] for e in vals[:5])
        print('{0:15s}: {1}, etc...'.format(k, val))
#+END_SRC

#+RESULTS:
#+begin_example
keyword          value           896 calculations total
---------------------------------------------------------
surf           : fcc
xc             : PBE, PW91
image          : 0, 1, 2, 899, 4, etc...
NEB            : False, True, initial, final
site           : tetrahedral, octahedral
encut          : 300.0, 350.0
cluster        : neura, icosa, plane, amorp, octah, etc...
ibz_kpts       : 1
nbands         : 250
type           : vacancy, interstitial
miller         : 100, 111
ediff          : 1e-07, 1e-05
concentration  : 0.125, 0.015, 0.037, 0.062, 0.009, etc...
reax_energy    : -12.7, -154., -5.31, -8.34, -103., etc...
fit            : db2-to6atom, db2-to13atom, wo-natom6
lattice        : primitive, cubic
ediffg         : -0.05, -0.02
factor         : 0.875, 1.0, 2.0, 0.99, 1.2, etc...
converged      : True
config         : 0, 1, 2, 3, 4, etc...
kpt1           : 1, 4, 5, 6, 7, etc...
kpt3           : 1, 2, 4, 5, 6, etc...
kpt2           : 1, 4, 5, 6, 7, etc...
relaxed        : True
bulk           : sc, hcp, fcc, diam, bcc
ibrion         : -1
gga            : None
neural_energy  : -11.6, -19.2, -201., -147., -6.27, etc...
vacuum         : 10.0
group          : kitchin
post           : minima
structure      : bulk, cluster, surface
diffusion      : slipping, single1, dimer2, step1
volume         : 19.67, 122.5, 130.3, 15.07, 5639., etc...
train_set      : False, True
strain         : xyz
fault          : stacking, twinning
traj           : 0
fermi          : -4.43, 1.016, 7.381, -4.80, -3.37, etc...
path           : /home, /home, /home, /home, /home, etc...
calc_time      : 0.0, 199.6, 26279, 1494., 222.2, etc...
#+end_example

NOTE: NEB calculators do not store INCAR, KPOINT, or POTCAR parameters, as these files are kept in the parent directory. Keys generated from these files are place holders, and thus are not correct for NEB calculations. i.e. there are no PW91 calculations, the value was simply not recorded.

The database is broken into three main categories: bulk, surface, and cluster calculations. These categories are organized by the correspondingly named key. For example, to find all bulk calculations, one would search for the 'bulk' key:

#+BEGIN_SRC python
from ase.db import connect

db = connect('data.db')

# Now we select only bulk calculations
data = db.select(['bulk'])
# 'bulk' = all bulk calculations
# 'surf' = all surface calculations
# 'cluster' = all cluster calculations

# And again, we print all the possbile keys
keys, cnt = {}, 0
for entry in data:
    cnt += 1
    for k, v in entry.key_value_pairs.iteritems():

        if k in keys:
            keys[k] += [v]
        else:
            keys[k] = [v]

print('{0:15s}  {1:15s} {2} calculations total'.format('keyword', 'value', cnt))
print('---------------------------------------------------------')
for k, v in keys.iteritems():
    vals = list(set(v))

    if len(vals) <= 5:
        val = ", ".join(str(e) for e in vals)
        print('{0:15s}: {1}'.format(k, val))
    else:
        val = ", ".join(str(e)[:5] for e in vals[:5])
        print('{0:15s}: {1}, etc...'.format(k, val))
#+END_SRC

#+RESULTS:
#+begin_example
keyword          value           905 calculations total
---------------------------------------------------------
xc             : PBE, PW91
image          : 0, 1, 2, 3, 4
NEB            : False, True, initial, final
site           : tetrahedral, octahedral
encut          : 350.0
strain         : xyz
ediff          : 1e-07, 1e-05
concentration  : 0.125, 0.015, 0.037, 0.062, 0.009, etc...
reax_energy    : -22.5, -195., -5.31, -2.38, -82.6, etc...
train_set      : False, True
lattice        : primitive, cubic
factor         : 0.875, 1.0, 2.0, 0.99, 1.2, etc...
type           : vacancy, interstitial
kpt1           : 1, 4, 5, 6, 7, etc...
kpt3           : 1, 2, 4, 5, 6, etc...
kpt2           : 1, 4, 5, 6, 7, etc...
relaxed        : True
volume         : 231.1, 544.7, 19.67, 122.5, 130.3, etc...
gga            : None
neural_energy  : -11.6, -19.2, -87.2, -5.40, -87.3, etc...
group          : kitchin
structure      : bulk
bulk           : sc, hcp, fcc, diam, bcc
fault          : stacking, twinning
traj           : 0, 1, 2, 3, 4, etc...
fermi          : 7.381, 13.02, 6.607, -4.45, 11.92, etc...
calc_time      : 0.0, 23.40, 19.04, 15.0, 20.76, etc...
#+end_example

This can also be done for surface and cluster calculations as noted in the comments above. Information about specific data sets can be found in the following section.

** Reactive Force Field
The reactive force field produced in this work utilizes 3-body interaction as shown in Table ref:tbl-3body. The ReaxFF itself can be opened using the following attachment: \attachfile{ffield.reax.mitch}{(double-click to open)}.

#+caption: 3-body parameters used to generate the ReaxFF
#+attr_latex: :placement [H]
#+tblname: tbl-3body
| Valence Angle | \theta$_{o}$ (degrees) | k$_{a}$ (kcal/mol) | k$_{b}$ (radians$^{2}$) | p$_{v,1}$ | p$_{v,2}$ |
|---------------+------------------------+--------------------+-------------------------+-----------+-----------|
| Au-Au-Au      | 12.2362                | 6.788              | 0.1388                  | 0         | 0.9168    |

*** Comparing Force Fields with and without 3-Body Terms
We parameterized force fields with and without 3-body terms using identical training sets to test the effect of incorporating 3-body terms in Au force fields. Our preliminary results in ref:si-2B3BEOS show that the curvature, optimal volume, and cohesive energy of the Au fcc, sc, and diamond EOS all significantly improve by adding 3-body terms, which appear to shift the onset of the convex regions to larger volumes.

#+label: si-2B3BEOS
#+caption: Comparing Au EOS data for our best case force fields with and without 3-body terms
#+attr_latex: :placement [H]
[[./images/si-3B2BEOS-large.png]]

We note that this treatment also brings significantly higher costs to the calculations ref:si-Reax3Bcost. While the increase in computational cost due to 3-body terms is minimal in small systems, large systems prove to be much more expensive.

#+label: si-Reax3Bcost
#+caption: Comparing the relative cost increase from including 3-body terms for Molecular dynamics simulations and geometry relaxations (using a conjugate gradient method) with system size increase.
#+attr_latex: :placement [H]
[[./images/si-ReaxFF-Timing.png]]

*** Monte-Carlo Force-Field Optimization Process (MCFFopt)
MCFFopt is a stochastic force field optimization process that relies on minimizing an objective function (Equation ref:eq-1).

\begin{equation}
Total Error = \sum_{i=1}^{n}\left[\frac{E_{FField} - E_{QM}}{Weight}\right] \label{eq-1}
\end{equation}

The optimizer program does this by randomly changing force field parameters within a range defined by the user and recalculating the objective function. Any parameter change that decreases the total error is instantly accepted, while moves that increase the total error have a probability of being accepted determined by Equation ref:eq-2.

\begin{equation}
Probability = min[1,exp(-\beta \Delta Error)] \label{eq-2}
\end{equation}

Where $\beta$ is a parameter set by the user that is increased every step of the optimization process. $\beta_{initial}$ is usually small, resulting in an initial ``annealing phase'' where many parameter changes that increase the total error are allowed. As the $\beta$ parameter increases, the likelihood of these events occurring decreases, and only parameter changes that decrease the total error occur. The annealing phase allows the process to sample more parameter space and potentially locate multiple distinct, viable parameter sets.

The MCFFopt tool does not have a built in force field parameter convergence criteria. However, over the course of an optimization calculation, the degree that parameters can change decreases. This means that after a certain number of steps parameters will begin to change by insignificant amounts, and the total error will stagnate. Thus, after a single run with the MCFFopt tool parameters will appear converged, but we can achieve still lower total errors, as shown in ref:tbl-mcffopt, by simply restarting the MCFFopt process until differences in total errors between runs becomes small.

#+label: si-mcffopt
#+caption: The total error over the course of an MCFF optimization procedure. Three MCFF cycles are shown, each restarted at the last step of the previous optimization.
#+attr_org: :width 600
[[./images/si-mcffopt.png]]

Restarting the MCFF optimization procedure resets these parameters, and the process will go through another annealing phase, and then the total error will continue to decrease. We stopped optimizations once the final error was less than one percent of the initial error.

The training process requires user-defined parameters to control the MCFF optimization (contained in table ref:tbl-mcffopt), and a range of maximum and minimum values for each optimizable ReaxFF parameter. More information on these specific files is available in the ADF documentation.

#+caption: MCFF optimization parameters used in ADF
#+attr_latex: :placement [H]
#+tblname: tbl-mcffopt
| Parameter                                       |  Value |
|-------------------------------------------------+--------|
| ($\beta_{initial}$) (mcbeta)                    | 0.0100 |
| Increase $\beta$ by x per MCFFopt step (mcbsca) | 1.0001 |
| Fraction of variables active per step (mcacof)  |    0.2 |
| Target acceptance rate (mctart)                 |   0.30 |
| Max. acceptance rate (mcmart)                   |   0.70 |
| Divide parameter range into y steps (mcrxxd)    |    100 |

ReaxFF training requires files that contain the geometries and energies that the force field will be trained to, weights of the relative importance of those geometries and energies, and an initial set of force field parameters taken from Ref. citenum:keith-2010-react. That ReaxFF did not contain 3-body interaction parameters, so we used an average of 3-body interaction terms available for other atom types as our initial guess.

We initially used a weighting scheme nearly equivalent to that used in Ref. citenum:keith-2010-react. We increased and/or decreased the weights of different geometry types (bulk vs. cluster vs. surface) until the force field adequately reproduced all of the data in the training set. Briefly, EOS structures were weighted on scale sliding from 0.2 to 10. Geometries near the minimum energy bulk structures were weighted highly (0.2), while structures further away from the equilibrium geometries were weighted lower (10.0). All surface and cluster calculations had weights of 1.0. In principle, changing these weights can result in force fields that are better suited for different geometry types.

*** Adding ReaxFF energies to the database
ReaxFF is a module included in the LAMMPS simulation suit (http://lammps.sandia.gov), and must be run inside of this framework. However, a wrapper has been previously developed which allows LAMMPS calculations to be started and managed from a python interface. A python function was developed to rapidly calculate the energy of an ASE atoms object. The code for this function is demonstrated below.

#+BEGIN_SRC python
# Personal function for interaction with LAMMPS in python
# Can be found at: https://github.com/jboes/jbtools
import jbtools.utils as jb
from ase.db import connect

db = connect('data.db')

# Select all entries
for d in db.select():
    atoms = db.get_atoms(d.id)

    Rnrg = jb.reax_potential_energy(atoms)

    db.update(d.id, reax_energy=Rnrg)
#+END_SRC

With this function, the energies of all of the structures in the database could then be rapidly calculated and incorporated into the database for ease of access in the analysis portion of this work. This way, ReaxFF predicted energies for all structures included in the database can be accessed through the keyword ``reax_energy''.

*** Manuscript figure fig-reax-train
#+BEGIN_SRC python :results silent
import matplotlib.pyplot as plt
import matplotlib.mlab as mlab
from ase.db import connect
import numpy as np
from scipy.stats import norm
from matplotlib import gridspec
import matplotlib.patches as mpatches

db = connect('data.db')

S, Re, Qe = [], [], []
for d in db.select(['train_set=True']):
    S += [d.structure]
    Qe += [d.energy / d.natoms]
    Re += [d.reax_energy / d.natoms]

S = np.array(S)
Qe = np.array(Qe)
Re = np.array(Re)

cmap, hdl = {}, []
for s, c in zip(set(S), ['b', 'r', 'g']):
    cmap[s] = c
    hdl += [mpatches.Patch(color=c, label=s)]

c = []
for s in S:
    c += [cmap[s]]

RMSE = np.sqrt(sum((Re - Qe) ** 2) / len(Re - Qe))

(mu, sigma) = norm.fit(Re - Qe)

fig = plt.figure(figsize=(6, 4))
gs = gridspec.GridSpec(1, 2, width_ratios=[2, 1])
ax0 = plt.subplot(gs[0])
ax0.plot([min(Qe), 0], [0, 0], 'k--', lw=2)
ax0.scatter(Qe, Re - Qe, marker='o', color=c)
ax0.text(min(Qe) + 0.15, 1.08,
         'RMSE: {0:1.3f}'.format(RMSE),
         fontsize=12, va='top', ha='left')
ax0.set_xlim(min(Qe), 0)
ax0.set_ylim(-1.2, 1.2)
ax0.set_xlabel('DFT potential energy (eV/atom)')
ax0.set_ylabel('Residual error (eV/atom)')
ax0.legend(loc=3, handles=hdl, fontsize=12, frameon=False)

ax1 = plt.subplot(gs[1])

n, bins, patches = ax1.hist(Re - Qe, 50,
                            range=(-1.2, 1.2),
                            weights=np.ones_like(Re - Qe)/len(Re),
                            facecolor='k',
                            alpha=0.5,
                            orientation='horizontal')

y = mlab.normpdf(bins, mu, sigma)
ax1.text(0.05, 1.12, '$\mu$: {0:1.3f}'.format(mu), fontsize=12,
         va='top', ha='left')
ax1.text(0.05, 0.96, '$\sigma$: {0:1.3f}'.format(sigma), fontsize=12,
         va='top', ha='left')
ax1.plot(y / sum(y), bins, 'k--', lw=2)
ax1.plot([0, 10], [0, 0], 'k--', lw=2)
ax1.set_xlabel('Probability')
ax1.set_ylim(-1.2, 1.2)
ax1.set_xlim(0, 0.6)
ax1.set_yticklabels([])
ax1.set_xticks(ax1.get_xticks()[1::2])
plt.tight_layout(w_pad=-0.5)
for ext in ['png', 'eps']:
    plt.savefig('./images/fig-reax-train.{0}'.format(ext), dpi=300)
#+END_SRC

*** Manuscript figure fig-reax-vaild
#+BEGIN_SRC python :results silent
import matplotlib.pyplot as plt
from ase.db import connect
import numpy as np
from matplotlib import gridspec
import matplotlib.patches as mpatches

db = connect('data.db')

S, Re, Qe = [], [], []
for d in db.select(['train_set=False']):
    S += [d.structure]
    Qe += [d.energy / d.natoms]
    Re += [d.reax_energy / d.natoms]

S = np.array(S)
Qe = np.array(Qe)
Re = np.array(Re)

cmap, hdl = {}, []
for s, c in zip(set(S), ['b', 'r', 'g']):
    cmap[s] = c
    hdl += [mpatches.Patch(color=c, label=s)]

c = []
for s in S:
    c += [cmap[s]]

RMSE = np.sqrt(sum((Re - Qe) ** 2) / len(Re - Qe))

fig = plt.figure(figsize=(6, 4))
gs = gridspec.GridSpec(1, 2, width_ratios=[2, 1])
ax0 = plt.subplot(gs[0])
ax0.plot([min(Qe), 0], [0, 0], 'k--', lw=2)
ax0.scatter(Qe, Re - Qe, marker='o', color=c)
ax0.text(min(Qe) + 0.15, 0.7,
         'RMSE: {0:1.3f}'.format(RMSE),
         fontsize=12, va='top', ha='left')
ax0.set_xlim(min(Qe), 0)
ax0.set_ylim(-0.8, 0.8)
ax0.set_xlabel('DFT potential energy (eV/atom)')
ax0.set_ylabel('Residual error (eV/atom)')
ax0.legend(loc=1, handles=hdl, fontsize=12, frameon=False)

ax1 = plt.subplot(gs[1])

n, bins, patches = ax1.hist(Re - Qe, 50,
                            range=(-1.2, 1.2),
                            weights=np.ones_like(Re - Qe)/len(Re),
                            facecolor='k',
                            alpha=0.5,
                            orientation='horizontal')

ax1.plot([0, 10], [0, 0], 'k--', lw=2)
ax1.set_xlabel('Probability')
ax1.set_ylim(-1.2, 1.2)
ax1.set_xlim(0, 0.6)
ax1.set_yticklabels([])
ax1.set_xticks(ax1.get_xticks()[1::2])
plt.tight_layout(w_pad=-0.5)
for ext in ['png', 'eps']:
    plt.savefig('./images/fig-reax-valid.{0}'.format(ext), dpi=300)
#+END_SRC

** Neural Network
BPNNs were produced using the Neural code developed by the Peterson group at Brown University (https://bitbucket.org/andrewpeterson/neural). This code is no longer supported since the time the work was completed. However, the Peterson group is currently developing a sister code called AMP which is capable of all the same functionality as Neural (https://bitbucket.org/andrewpeterson/amp). The parameter files used by AMP are not backwards compatible with Neural, so the parameter files included here have been manually updated to function with /AMP/.

The parameters file needed to run the BPNN produced in this work is attached here: \attachfile{neural-parameters.json}{(double-click to open)}.

*** Adding BPNN energies to the database
The code developed by the Peterson group is already integrated into ASE, making calculation of energy using the BPNN developed in this work trivial. The code used to calculate these energies and add them to the database is included below.

#+BEGIN_SRC python
from ase.db import connect
from amp import Amp

db = connect('data.db')

# Establish the BPNN as the calculator for our energies
calc = Amp(load='neural-parameters.json')

# Select all entries
for d in db.select():
    atoms = db.get_atoms(d.id)

    atoms.set_calculator(calc)
    Nnrg = atoms.get_potential_energy()

    db.update(d.id, neural_energy=Nnrg)
#+END_SRC

This allows the BPNN predicted energy of a structure to be accessed easily by first defining the structure of interest and then utilizing the keyword ``neural_energy''.

*** Manuscript figure fig-neural-train
#+BEGIN_SRC python :results silent
import matplotlib.pyplot as plt
import matplotlib.mlab as mlab
from ase.db import connect
import numpy as np
from scipy.stats import norm
from matplotlib import gridspec
import matplotlib.patches as mpatches

db = connect('data.db')

S, Qe, Ne = [], [], []
for d in db.select(['train_set=True']):
    S += [d.structure]
    Qe += [d.energy / d.natoms]
    Ne += [d.neural_energy / d.natoms]

S = np.array(S)
Qe = np.array(Qe)
Ne = np.array(Ne)

cmap, hdl = {}, []
for s, c in zip(set(S), ['b', 'r', 'g']):
    cmap[s] = c
    hdl += [mpatches.Patch(color=c, label=s)]

c = []
for s in S:
    c += [cmap[s]]

RMSE = np.sqrt(sum((Ne - Qe) ** 2) / len(Ne - Qe))

(mu, sigma) = norm.fit(Ne - Qe)

fig = plt.figure(figsize=(6, 4))
gs = gridspec.GridSpec(1, 2, width_ratios=[2, 1])
ax0 = plt.subplot(gs[0])
ax0.plot([min(Qe), 0], [0, 0], 'k--', lw=2)
ax0.scatter(Qe, Ne - Qe, marker='o', color=c)
ax0.text(min(Qe) + 0.1, 0.14,
         'RMSE: {0:1.3f}'.format(RMSE),
         fontsize=12, va='top', ha='left')
ax0.set_xlim(min(Qe), 0)
ax0.set_ylim(-0.15, 0.15)
ax0.set_xlabel('DFT potential energy (eV/atom)')
ax0.set_ylabel('Residual error (eV/atom)')
ax0.legend(loc='best', handles=hdl, fontsize=12, frameon=False)

ax1 = plt.subplot(gs[1])

n, bins, patches = ax1.hist(Ne - Qe, 50,
                            range=(-0.15, 0.15),
                            weights=np.ones_like(Ne - Qe)/len(Ne),
                            facecolor='k',
                            alpha=0.5,
                            orientation='horizontal')

y = mlab.normpdf(bins, mu, sigma)
ax1.text(0.05, 0.142, '$\mu$: {0:1.3f}'.format(mu), fontsize=12, va='top', ha='left')
ax1.text(0.05, 0.122, '$\sigma$: {0:1.3f}'.format(sigma), fontsize=12, va='top', ha='left')
ax1.plot(y / sum(y), bins, 'k--', lw=2)
ax1.plot([0, 50], [0, 0], 'k--', lw=2)
ax1.set_xlabel('Probability')
ax1.set_ylim(-0.15, 0.15)
ax1.set_xlim(0, 0.6)
ax1.set_yticklabels([])
ax1.set_xticks(ax1.get_xticks()[1::2])
plt.tight_layout(w_pad=-0.5)
for ext in ['png', 'eps']:
    plt.savefig('./images/fig-neural-train.{0}'.format(ext), dpi=300)
#+END_SRC

*** Manuscript figure fig-neural-valid
#+BEGIN_SRC python :results silent
import matplotlib.pyplot as plt
from ase.db import connect
import numpy as np
from matplotlib import gridspec
import matplotlib.patches as mpatches

db = connect('data.db')

S, Qe, Ne = [], [], []
for d in db.select(['train_set=False']):
    S += [d.structure]
    Qe += [d.energy / d.natoms]
    Ne += [d.neural_energy / d.natoms]

S = np.array(S)
Qe = np.array(Qe)
Ne = np.array(Ne)

cmap, hdl = {}, []
for s, c in zip(set(S), ['b', 'r', 'g']):
    cmap[s] = c
    hdl += [mpatches.Patch(color=c, label=s)]

c = []
for s in S:
    c += [cmap[s]]

RMSE = np.sqrt(sum((Ne - Qe) ** 2) / len(Ne - Qe))

fig = plt.figure(figsize=(6, 4))
gs = gridspec.GridSpec(1, 2, width_ratios=[2, 1])
ax0 = plt.subplot(gs[0])
ax0.plot([min(Qe), 0], [0, 0], 'k--', lw=2)
ax0.scatter(Qe, Ne - Qe, marker='o', color=c)
ax0.text(min(Qe) + 0.1, 0.14,
         'RMSE: {0:1.3f}'.format(RMSE),
         fontsize=12, va='top', ha='left')
ax0.set_xlim(min(Qe), 0)
ax0.set_ylim(-0.15, 0.15)
ax0.set_xlabel('DFT potential energy (eV/atom)')
ax0.set_ylabel('Residual error (eV/atom)')
ax0.legend(loc='best', handles=hdl, fontsize=12, frameon=False)

ax1 = plt.subplot(gs[1])

n, bins, patches = ax1.hist(Ne - Qe, 50,
                            range=(-0.15, 0.15),
                            weights=np.ones_like(Ne - Qe)/len(Ne),
                            facecolor='k',
                            alpha=0.5,
                            orientation='horizontal')

ax1.plot([0, 50], [0, 0], 'k--', lw=2)
ax1.set_xlabel('Probability')
ax1.set_ylim(-0.15, 0.15)
ax1.set_xlim(0, 0.6)
ax1.set_yticklabels([])
ax1.set_xticks(ax1.get_xticks()[1::2])
plt.tight_layout(w_pad=-0.5)
for ext in ['png', 'eps']:
    plt.savefig('./images/fig-neural-valid.{0}'.format(ext), dpi=300)
#+END_SRC

* Results
** Bulk properties
*** Manuscript figure fig-bulk-eos
#+BEGIN_SRC python :results raw
import matplotlib.pyplot as plt
from ase.utils.eos import EquationOfState
from ase.db import connect
import numpy as np
from ase.units import kJ

db = connect('data.db')

print('#+caption: Comparison of EOS metrics for DFT, ReaxFF, and NPNN fits as shown in Figure ref:fig-bulk-eos.')
print('#+attr_latex: :placement [H]')
print('#+tblname: tbl-eos')
print('|Structure|Minimum volume (\AA^{3})|Minimum energy (eV)|Bulk Mod. (GPa)|')
print('|-')

f, ax = plt.subplots(1, 3, figsize=(6, 5))

tag = ['Face Centered\nCubic', 'Simple Cubic', 'Diamond']

for i, key in enumerate(['fcc', 'sc', 'diam']):

    V, Qe, Re, Ne = [], [], [], []
    for d in db.select(['bulk={0}'.format(key), 'factor']):
        V += [d.volume / d.natoms]
        Qe += [d.energy / d.natoms]
        Ne += [d.neural_energy / d.natoms]
        Re += [d.reax_energy / d.natoms]

    sel = V[Qe.index(min(Qe))]
    ind = (np.array(V) > sel - 15) & (np.array(V) < sel + 15)
    x = np.linspace(min(V), max(V), 250)
    V = np.array(V)[ind]

    for nrg, name, col in zip([Qe, Ne, Re],
                              ['DFT', 'BPNN', 'ReaxFF'],
                              ['k-', 'r--', 'b:']):

        nrg = np.array(nrg)[ind]
        eos = EquationOfState(V, nrg)
        v0, e0, B = eos.fit()
        fit = np.poly1d(np.polyfit(V**-(1.0 / 3), nrg, 3))

        ax[i].plot(x, fit(x**-(1.0 / 3)), col, lw=2, label='{0}'.format(name))
        ax[i].set_xlim(min(V), max(V))
        ax[i].set_ylim(-3.5, -1.0)
        ax[i].set_title('{0}'.format(tag[i]))
        if i > 0:
            ax[i].set_yticklabels([])
        print('|{0}-{1}|{2:1.2f}|{3:1.2f}|{4:1.0f}'.format(name, key, v0, e0,
                                                           B / kJ * 1.0e24))
    print('|-')

ax[0].set_xticks([14, 19, 24, 29])
ax[1].set_xticks([17, 22, 27, 32])
ax[2].set_xticks([21, 26, 31, 36, 41])
ax[0].set_ylabel('Potential energy (eV/atom)')
ax[1].set_xlabel('Volume ($\AA$/atom)')
ax[2].legend(loc='best', fontsize=12)
plt.tight_layout(w_pad=-0.3)
for ext in ['png', 'eps', 'pdf']:
    plt.savefig('./images/fig-bulk-eos.{0}'.format(ext), dpi=300)
#+END_SRC

#+RESULTS:
#+caption: Comparison of EOS metrics for DFT, ReaxFF, and NPNN fits as shown in Figure fig-bulk-eos.
#+attr_latex: :placement [H]
#+tblname: tbl-eos
| Structure   | Minimum volume (\AA^{3}) | Minimum energy (eV) | Bulk Mod. (GPa) |
|-------------+--------------------------+---------------------+-----------------|
| DFT-fcc     |                    17.97 |               -3.23 |             147 |
| BPNN-fcc    |                    17.99 |               -3.23 |             145 |
| ReaxFF-fcc  |                    17.60 |               -3.22 |             122 |
|-------------+--------------------------+---------------------+-----------------|
| DFT-sc      |                    20.73 |               -3.02 |             110 |
| BPNN-sc     |                    20.66 |               -3.02 |             110 |
| ReaxFF-sc   |                    21.29 |               -2.96 |              84 |
|-------------+--------------------------+---------------------+-----------------|
| DFT-diam    |                    29.04 |               -2.51 |              56 |
| BPNN-diam   |                    28.98 |               -2.51 |              57 |
| ReaxFF-diam |                    31.92 |               -2.54 |              37 |
|-------------+--------------------------+---------------------+-----------------|

*** BCC and HCP equations of state
To conserve space in the manuscript, the EOS for hcp and bcc structures are shown in Figure ref:si-bulk-eos. The corresponding data resulting from the fits to the EOS can be found in Table ref:tbl-eos2

#+label: si-bulk-eos
#+caption: Comparison of EOS fits to DFT, ReaxFF, and NPNN training and validation set data for the bcc and hcp structures.
#+attr_org: :width 600
[[./images/si-bulk-eos.png]]

#+BEGIN_SRC python :results raw
import matplotlib.pyplot as plt
from ase.utils.eos import EquationOfState
from ase.db import connect
import numpy as np
from ase.units import kJ

db = connect('data.db')

print('#+caption: Comparison of EOS metrics for DFT, ReaxFF, and NPNN fits as shown in Figure ref:si-bulk-eos.')
print('#+attr_latex: :placement [H]')
print('#+tblname: tbl-eos2')
print('|Structure|Minimum volume (\AA^{3})|Minimum energy (eV)|Bulk Mod. (GPa)|')
print('|-')

f, ax = plt.subplots(1, 2, figsize=(6, 5))

tag = ['Body Centered\nCubic', 'Hexagonal Close\nPacking']

for i, key in enumerate(['bcc', 'hcp']):

    V, Qe, Re, Ne = [], [], [], []
    for d in db.select(['bulk={0}'.format(key), 'factor']):
        V += [d.volume / d.natoms]
        Qe += [d.energy / d.natoms]
        Ne += [d.neural_energy / d.natoms]
        Re += [d.reax_energy / d.natoms]

    sel = V[Qe.index(min(Qe))]
    ind = (np.array(V) > sel - 15) & (np.array(V) < sel + 15)
    x = np.linspace(min(V), max(V), 250)
    V = np.array(V)[ind]

    for nrg, name, col in zip([Qe, Ne, Re],
                              ['DFT', 'BPNN', 'ReaxFF'],
                              ['k-', 'r--', 'b:']):

        nrg = np.array(nrg)[ind]
        eos = EquationOfState(V, nrg)
        v0, e0, B = eos.fit()
        fit = np.poly1d(np.polyfit(V**-(1.0 / 3), nrg, 3))

        ax[i].plot(x, fit(x**-(1.0 / 3)), col, lw=2, label='{0}'.format(name))
        ax[i].set_xlim(min(V), max(V))
        ax[i].set_ylim(-3.5, -1.0)
        ax[i].set_title('{0}'.format(tag[i]))
        if i > 0:
            ax[i].set_yticklabels([])
        print('|{0}-{1}|{2:1.2f}|{3:1.2f}|{4:1.0f}'.format(name, key, v0, e0,
                                                           B / kJ * 1.0e24))
    print('|-')

ax[0].set_xticks([14, 19, 24, 29])
ax[1].set_xticks([14, 19, 24, 29])
ax[0].set_ylabel('Potential energy (eV/atom)')
ax[0].set_xlabel('Volume ($\AA$/atom)')
ax[1].set_xlabel('Volume ($\AA$/atom)')
ax[1].legend(loc='best', fontsize=12)
plt.tight_layout(w_pad=-0.3)
for ext in ['png', 'eps', 'pdf']:
    plt.savefig('./images/si-bulk-eos.{0}'.format(ext), dpi=300)
#+END_SRC

#+RESULTS:
#+caption: Comparison of EOS metrics for DFT, ReaxFF, and NPNN fits as shown in Figure ref:si-bulk-eos.
#+attr_latex: :placement [H]
#+tblname: tbl-eos2
| Structure  | Minimum volume (\AA^{3}) | Minimum energy (eV) | Bulk Mod. (GPa) |
|------------+--------------------------+---------------------+-----------------|
| DFT-bcc    |                    18.02 |               -3.21 |             145 |
| BPNN-bcc   |                    18.00 |               -3.21 |             146 |
| ReaxFF-bcc |                    18.36 |               -3.11 |             107 |
|------------+--------------------------+---------------------+-----------------|
| DFT-hcp    |                    17.98 |               -3.23 |             147 |
| BPNN-hcp   |                    17.93 |               -3.23 |             148 |
| ReaxFF-hcp |                    17.60 |               -3.22 |             122 |
|------------+--------------------------+---------------------+-----------------|

*** Full equations of state

#+label: si-full-eos
#+caption: Comparison of full EOS fits to DFT, ReaxFF, and NPNN training and validation set data for all structures.
#+attr_org: :width 900
[[./images/si-full-eos.png]]

#+BEGIN_SRC python :results silent
import matplotlib.pyplot as plt
from ase.utils.eos import EquationOfState
from ase.db import connect
import numpy as np
from ase.units import kJ

db = connect('data.db')

f, ax = plt.subplots(1, 5, figsize=(12, 5))

tag = ['Face Centered\nCubic', 'Body Centered\nCubic',
       'Hexagonal Close\nPacking',  'Simple Cubic', 'Diamond',]

for i, key in enumerate(['fcc', 'bcc', 'hcp', 'sc', 'diam',]):

    V, Qe, Re, Ne = [], [], [], []
    for d in db.select(['bulk={0}'.format(key), 'factor']):
        V += [d.volume / d.natoms]
        Qe += [d.energy / d.natoms]
        Ne += [d.neural_energy / d.natoms]
        Re += [d.reax_energy / d.natoms]


    srt = [j[0] for j in sorted(enumerate(V), key=lambda x:x[1])]
    V = np.array(V)[srt]
    Qe = np.array(Qe)[srt]
    Ne = np.array(Ne)[srt]
    Re = np.array(Re)[srt]

    ax[i].plot(V, Qe, 'k-', lw=2, label='DFT')
    ax[i].plot(V, Ne, 'r--', lw=2, label='BPNN')
    ax[i].plot(V, Re, 'b:', lw=2, label='ReaxFF')
    if i > 0:
        ax[i].set_yticklabels([])
    ax[i].set_ylim(-3.5, 0.2)
    ax[i].set_xlim(0, 200)
    ax[i].set_title('{0}'.format(tag[i]))

ax[0].set_ylabel('Potential energy (eV/atom)')
ax[2].set_xlabel('Volume ($\AA$/atom)')
ax[4].legend(loc='best', fontsize=12)
plt.tight_layout(w_pad=-1.3)
for ext in ['png', 'eps', 'pdf']:
    plt.savefig('./images/si-full-eos.{0}'.format(ext), dpi=300)
#+END_SRC

*** Manuscript figure fig-vacancy-formation
#+BEGIN_SRC python :results silent
from ase.db import connect
import numpy as np
import matplotlib.pyplot as plt

db = connect('data.db')

# Energy of single atom fcc reference
ref = db.get(['bulk=fcc', 'traj=0', 'factor=1'])

C, Qe, Re, Ne = [], [], [], []
for d in db.select(['bulk=fcc', 'type=vacancy', 'traj=0', 'image=0']):
    C += [d.concentration]
    Qe += [d.energy - (d.natoms * ref.energy)]
    Ne += [d.neural_energy - (d.natoms * ref.neural_energy)]
    Re += [d.reax_energy - (d.natoms * ref.reax_energy)]

plt.figure(figsize=(6, 4))
plt.plot([0, 0.13], [0.42, 0.42], 'k--')
plt.text(0.065, 0.42, 'Literature DFT', va='bottom', fontsize=14)
plt.plot([0, 0.13], [0.93, 0.93], 'k--')
plt.text(0.065, 0.93, 'Experimental', va='bottom', fontsize=14)
plt.text(0.125, Qe[0]+0.03, 'DFT', color='k', fontsize=14, ha='right')
plt.scatter(C, Qe, marker='o', color='k')
plt.text(0.125, Ne[0]+0.03, 'BPNN', color='r', fontsize=14, ha='right')
plt.scatter(C, Ne, marker='s', color='r')
plt.text(0.125, Re[0]+0.03, 'ReaxFF', color='b', fontsize=14, ha='right')
plt.scatter(C, Re, marker='^', color='b')
plt.xlabel('Vacancy concentration (vacancies/atom)')
plt.ylabel('Vacancy formation energy (eV/vacancy)')
plt.xlim(0, 0.13)
plt.ylim(0, 1.0)
plt.tight_layout()
for ext in ['png', 'eps', 'pdf']:
    plt.savefig('./images/fig-vacancy-formation.{0}'.format(ext), dpi=300)
#+END_SRC

*** Structural relaxation of \approx 0.015 vacancies/atom
As mentioned in the manuscript, the unit cell used to calculate the vacancy concentration at \approx 0.015 vacancies/atom reconfigured to a different, less favorable, local minima. This is demonstrated in Figure ref:si-vacancy-reconfig which depicts the energies of the relaxation pathways for the DFT calculation. The reconfiguration is shown as the last structure in the trajectory along side the minimum energy structure.

#+label: si-vacancy-reconfig
#+caption: Relaxation pathway of the vacancy structure at the \approx 0.015 vacancies/atom concentration.
#+attr_org: :width 600
[[./images/si-vacancy-reconfig.png]]

#+BEGIN_SRC python :results silent
from ase.db import connect
import numpy as np
import matplotlib.pyplot as plt
from ase.io import write
from matplotlib.offsetbox import OffsetImage, AnnotationBbox
import matplotlib.image as mpimg
import os

db = connect('data.db')

trajectory = db.select(['bulk=fcc', 'type=vacancy', 'image=0',
                        'concentration=0.015625'])

E, t = [], []
for traj in trajectory:
    E.append(traj.energy)
    t.append(traj.traj)

E = np.array(E) - min(E)

fig = plt.figure(figsize=(6, 4))
ax = fig.add_subplot(111)
for i, a in enumerate([3, 0]):
    atoms = db.get_atoms(['bulk=fcc', 'type=vacancy',
                          'traj={0}'.format(a), 'image=0',
                          'concentration=0.015625'])

    write('./images/temp.png', atoms, show_unit_cell=2)

    image = mpimg.imread('./images/temp.png')
    imagebox = OffsetImage(image)

    ax.add_artist(AnnotationBbox(imagebox,
                                 xy=(a, E[t[a]]),
                                 xybox=(a + 4, E[t[a]] + 0.04*(i + 1)),
                                 pad=-0.2,
                                 frameon=False,
                                 arrowprops=dict(arrowstyle='->',
                                                 color='0.5',
                                                 zorder=5,
                                                 connectionstyle='arc,angleA=-90,armA=0')
                                )
                 )
    os.unlink('./images/temp.png')

ax.plot(t, E)
ax.invert_xaxis()
ax.set_xticklabels([])
plt.ylabel('Relative potential energy (eV)')
plt.xlabel('Reaction coordinate (a.u.)')
plt.tight_layout()
for ext in ['png', 'eps', 'pdf']:
    plt.savefig('./images/si-vacancy-reconfig.{0}'.format(ext), dpi=300)
#+END_SRC

*** Manuscript figure fig-vacancy-diffusion
#+BEGIN_SRC python :results silent
from ase.db import connect
from ase.visualize import view
import matplotlib.pyplot as plt
import numpy as np
from scipy.interpolate import interp1d
from scipy.optimize import fmin

db = connect('data.db')

ref = db.get(['bulk', 'NEB=True', 'image=0', 'type=vacancy', 'traj=0'])

I, Qe, Re, Ne = [], [], [], []
for d in db.select(['bulk', 'NEB=True',  'type=vacancy', 'traj=0']):
    I += [d.image]
    Qe += [d.energy - ref.energy]
    Ne += [d.neural_energy - ref.neural_energy]
    Re += [d.reax_energy - ref.reax_energy]

sort = [i[0] for i in sorted(enumerate(I), key=lambda x:x[1])]

I = np.array([I[i] for i in sort]) + 1
x = np.linspace(I.min(), I.max())

fig = plt.figure(figsize=(6, 4))
ax = fig.add_subplot(1,1,1)
for nrg, name, s in zip([Qe, Ne, Re],
                        ['DFT', 'BPNN', 'ReaxFF'],
                        ['ko-', 'rs--', 'b^:']):

    nrg = np.array([nrg[i] for i in sort])

    f = interp1d(I, -nrg, kind='cubic', bounds_error=False)
    xmax = fmin(f, 3.0, disp=False)

    ax.plot(I, nrg, s[:2], label=name)
    ax.plot(x, -f(x), color=s[0], ls=s[2:])
    ax.annotate('{0} $E^\ddag$= {1:1.2f}'.format(name, float(-f(xmax))),
                 xy=(3.0, -f(xmax)), xytext=(3.7, -f(xmax)),
                 ha='left', va='center', color=s[0],
                 arrowprops=dict(arrowstyle="->",
                                 shrinkB=10,
                                 color=s[0]))

ax.set_xticklabels([])
plt.xlabel('Reaction coordinate (a.u.)')
plt.ylabel('Potential energy (eV)')
plt.xlim(1, 5)
plt.ylim(0, 0.62)
plt.tight_layout()
for ext in ['png', 'eps', 'pdf']:
    plt.savefig('./images/fig-vacancy-diffusion.{0}'.format(ext), dpi=300)
#+END_SRC

** Surface calculations
*** Manuscript figure fig-full-diffusion
#+BEGIN_SRC python :results silent
from ase.db import connect
import matplotlib.pyplot as plt
import numpy as np

db = connect('data.db')

f, ax = plt.subplots(2, 2, figsize=(6, 5))

for i, k in enumerate([['single1', 'terrace', 12],
                       ['dimer1', 'dimer', 6]]):

    Qe, Re, Ne = [], [], []
    for j, d in enumerate(db.select(['config={0}'.format(k[0]),
                                     'group=timo'])):
        Qe += [d.energy]
        Ne += [d.neural_energy]
        Re += [d.reax_energy]

    Qe = np.array(Qe[:k[2]])
    Ne = np.array(Ne[:k[2]])
    Re = np.array(Re[:k[2]])

    if i == 0:
        Qe = np.hstack([Qe[::-1], Qe])
        Ne = np.hstack([Ne[::-1], Ne])
        Re = np.hstack([Re[::-1], Re])

    m = list(Qe).index(Qe.min())
    n = range(len(Qe))

    Nerr = (Ne - Ne[m]) - (Qe - Qe[m])
    Rerr = (Re - Re[m]) - (Qe - Qe[m])

    # Plotting energy points
    ax[0, i].plot(n, Ne - Ne[m], 'rs', label='BPNN')
    ax[0, i].plot(n, Re - Re[m], 'b^', label='ReaxFF')
    ax[0, i].plot(n, Qe - Qe[m], 'ko', fillstyle='none', label='DFT')

    # Plotting the residuals
    ax[1, i].plot([min(n), max(n)], [0, 0], 'k:')
    ax[1, i].plot(n, Nerr, 'r.')
    ax[1, i].plot(n, Rerr, 'b.')

    ax[0, i].set_xlim(min(n), max(n))
    ax[1, i].set_xlim(min(n), max(n))
    ax[1, i].set_ylim(-0.3, 0.3)
    ax[0, i].set_ylim(0, 1.0)
    ax[0, i].set_title('{0} diffusion'.format(k[1]))
    ax[1, i].set_xlabel('Reaction pathway (a.u.)')

    ax[0, i].set_xticklabels([])
    ax[1, i].set_xticklabels([])
    if i != 0:
        ax[0, i].set_yticklabels([])
        ax[1, i].set_yticklabels([])

ax[1, 0].set_yticks(ax[1, 0].get_yticks()[:-2])
ax[1, 0].set_ylabel('Residual error (eV)')
ax[0, 0].set_ylabel('Total energy (eV)')
ax[0, 0].legend(loc='best', numpoints=1, fontsize=12, frameon=False)
plt.tight_layout(w_pad=0.2, h_pad=-0.3)
for ext in ['png', 'eps', 'pdf']:
    plt.savefig('./images/fig-full-diffusion.{0}'.format(ext), dpi=300)
#+END_SRC

*** Manuscript figure fig-barrier-residuals
#+BEGIN_SRC python :results silent
from ase.db import connect
import xlrd
import matplotlib.pyplot as plt
from matplotlib.path import Path
import matplotlib.patches as patches
import numpy as np

db = connect('data.db')

C = {}
for d in db.select(['group=timo', 'config!=sl']):
    if d.config not in C.keys():
        C[d.config] = {}

    if d.identity not in C[d.config].keys():
        C[d.config][d.identity] = []

    C[d.config][d.identity] += [[d.energy, d.neural_energy, d.reax_energy]]

rQe, rNe, rRe = [], [], []
for cfg, data0 in C.iteritems():
    for lbl, data1 in data0.iteritems():

        Qe = np.array(data1).T[0]
        m = list(Qe).index(Qe.min())

        Qe = Qe - Qe[m]
        Ne = np.array(data1).T[1] - np.array(data1).T[1][m]
        Re = np.array(data1).T[2] - np.array(data1).T[2][m]

        Qe = np.delete(Qe, m)
        Ne = np.delete(Ne, m)
        Re = np.delete(Re, m)

        rQe += list(Qe)
        rNe += list(Ne - Qe)
        rRe += list(Re - Qe)

pct = 0.1
verts = [(0., pct), (1.2, pct), (1.2, -pct), (0., -pct), (0., 0.)]
codes = [Path.MOVETO, Path.LINETO, Path.LINETO, Path.LINETO, Path.CLOSEPOLY]
path = Path(verts, codes)

Nc = path.contains_points(zip(rQe, rNe))
Ni = float(sum(Nc)) / len(Nc)

Rc = path.contains_points(zip(rQe, rRe))
Ri = float(sum(Rc)) / len(Rc)

fig = plt.figure(figsize=(6, 4))
ax = fig.add_subplot(111)
patch = patches.PathPatch(path, facecolor='y', edgecolor='y', alpha=0.3)
ax.add_patch(patch)
ax.plot([0, 1.2], [0, 0], 'k--', zorder=1)

ax.scatter(rQe[:8] + rQe[30:], rNe[:8] + rNe[30:], color='r', marker='s', zorder=10, s=30)
ax.scatter(rQe[:8] + rQe[30:], rRe[:8] + rRe[30:], color='b', marker='^', zorder=20, s=30)
ax.scatter(rQe[8:30], rNe[8:30], color='r', marker='s', facecolor='none', zorder=30, s=20)
ax.scatter(rQe[8:30], rRe[8:30], color='b', marker='^', facecolor='none', zorder=40, s=30)
ax.text(0.02, 0.38, 'Within $\pm$ 0.1 eV error:', va='top', ha='left')
ax.text(0.02, 0.32,
        'ReaxFF: {0:1.1f}%'.format(Ri*100, pct*100),
        va='top', ha='left', color='b', zorder=100)
ax.text(0.02, 0.26,
        'BPNN: {0:1.1f}%'.format(Ni*100, pct*100),
        va='top', ha='left', color='r', zorder=100)

plt.xlabel('DFT Potential Energy (eV)')
plt.ylabel('Residual Error (eV)')
plt.xlim(0, max(rQe))
plt.ylim(-0.4, 0.4)
plt.tight_layout()
for ext in ['png', 'eps']:
    plt.savefig('./images/fig-barrier-residuals.{0}'.format(ext), dpi=300)
#+END_SRC

*** Figures of individual fcc(100) diffusion pathways
Not all of the fcc(100) surface diffusion pathways could be directly shown in the manuscript. Instead, we show them here to demonstrate how each of the potentials performs in each case. The residuals of each method are also shown. These residuals are the same values incorporated in Figure fig-barrier-residuals included in the manuscript.

#+label: si-full-diffusion
#+caption: Residuals to all diffusion pathways of the fcc(100) surface. Structures are reproduced from those used in Ref. 7.
#+attr_latex: :width 6in :placement [H]
#+attr_org: :width 900
[[./images/si-full-diffusion.png]]

#+BEGIN_SRC python :results silent
from ase.db import connect
import matplotlib.pyplot as plt
import numpy as np

db = connect('data.db')

C = {}
for d in db.select(['group=timo', 'config!=sl']):
    if d.config not in C.keys():
        C[d.config] = {}

    if d.identity not in C[d.config].keys():
        C[d.config][d.identity] = []

    C[d.config][d.identity] += [[d.energy, d.neural_energy, d.reax_energy]]

f, ax = plt.subplots(2, 14, figsize=(20, 6))

i = 0
for cfg, data0 in C.iteritems():
    for lbl, data1 in data0.iteritems():

        Qe = np.array(data1).T[0]
        m = list(Qe).index(Qe.min())
        n = range(len(Qe))

        Qe = Qe - Qe[m]
        Ne = np.array(data1).T[1] - np.array(data1).T[1][m]
        Re = np.array(data1).T[2] - np.array(data1).T[2][m]

        Nerr = Ne - Qe
        Rerr = Re - Qe

        # Plotting energy points
        ax[0, i].plot(n, Ne - Ne[m], 'rs', label='BPNN')
        ax[0, i].plot(n, Re - Re[m], 'b^', label='ReaxFF')
        ax[0, i].plot(n, Qe - Qe[m], 'ko', fillstyle='none', label='DFT')

        # Plotting the residuals
        ax[1, i].plot([min(n), max(n)], [0, 0], 'k:')
        ax[1, i].plot(n, Nerr, 'r.')
        ax[1, i].plot(n, Rerr, 'b.')

        ax[0, i].set_xlim(min(n), max(n))
        ax[1, i].set_xlim(min(n), max(n))
        ax[1, i].set_ylim(-0.4, 0.4)
        ax[0, i].set_ylim(-0.25, 1.6)
        ax[0, i].set_title('{0}\n{1}'.format(cfg, lbl))

        ax[0, i].set_xticklabels([])
        ax[1, i].set_xticklabels([])
        if i != 0:
            ax[0, i].set_yticklabels([])
            ax[1, i].set_yticklabels([])
        i += 1

ax[1, 0].set_yticks(ax[1, 0].get_yticks()[:-2])
ax[1, 0].set_ylabel('Residual error (eV)')
ax[0, 0].set_ylabel('Total energy (eV)')
ax[0, 0].legend(loc='best', numpoints=1, fontsize=12, frameon=False)
plt.tight_layout(w_pad=0.1, h_pad=-0.3)
for ext in ['png', 'eps', 'pdf']:
    plt.savefig('./images/si-full-diffusion.{0}'.format(ext), dpi=300)
#+END_SRC

*** Manuscript figure fig-111-slipping
#+BEGIN_SRC python :results silent
from ase.db import connect
import matplotlib.pyplot as plt
import numpy as np
from scipy.interpolate import interp1d
from scipy.optimize import fmin
from ase.io import write
import matplotlib.image as mpimg
from matplotlib.offsetbox import OffsetImage, AnnotationBbox
import os

db = connect('data.db')

Qe, Re, Ne = [], [], []
for d in db.select(['miller=111', 'diffusion=slipping', 'config!=double', 'traj=0']):
    Qe += [d.energy]
    Ne += [d.neural_energy]
    Re += [d.reax_energy]

Qe = np.array([Qe[-1]] + Qe) - Qe[-1]
Ne = np.array([Ne[-1]] + Ne) - Ne[-1]
Re = np.array([Re[-1]] + Re) - Re[-1]

x = np.linspace(0, len(Qe) - 1)

fig = plt.figure(figsize=(6, 4))
ax = fig.add_subplot(111)

for nrg, name, c, o in [[Re, 'ReaxFF', 'b^', 0.0],
                        [Ne, 'BPNN', 'rs', 0.0],
                        [Qe, 'DFT', 'ko', 0.0]]:
    f = interp1d(range(len(nrg)), -nrg, 'cubic')
    xmax = fmin(f, len(nrg) / 2., disp=False)

    ax.plot(x, -f(x), c[0] + '--')
    ax.plot(nrg, c, label=name)

    ax.annotate('{0} $E^\ddag$= {1:1.2f}'.format(name, float(-f(xmax))),
                xy=(xmax, -f(xmax)), xytext=(4.0, -f(xmax) + o),
                ha='right', va='center', color=c[0],
                arrowprops=dict(arrowstyle="->",
                                shrinkB=10, color=c[0]))

for i, a in enumerate([[0, 1.9], [2, 5.1], [7, 8.3]]):
    atoms = db.get_atoms(['miller=111',
                          'diffusion=slipping',
                          'config!=double',
                          'traj=0', 'image={0}'.format(a[0])])
    del atoms[0]
    atoms *= (3, 3, 1)

    write('./images/temp.png',
          atoms,
          colors=['#333333', '#999999', '#CCCCCC',] * 27,
          scale=20,
          show_unit_cell=2,
          radii=0.75)

    image = mpimg.imread('./images/temp.png')
    imagebox = OffsetImage(image, zoom=1.5)

    ax.add_artist(AnnotationBbox(imagebox,
                                 xy=(a[0], nrg[a[0]]),
                                 xybox=(a[1], 0.25),
                                 pad=-0.2,
                                 frameon=False,
                                 arrowprops=dict(arrowstyle='->',
                                                 color='0.5',
                                                 zorder=5,
                                                 connectionstyle='arc,angleA=-90,armA=0')
                                )
                 )
    os.unlink('./images/temp.png')

ax.set_xticklabels([])
plt.xlabel('Reaction coordinate (a.u.)')
plt.ylabel('Potential energy (eV)')
plt.ylim(0, 0.3)
plt.tight_layout()
for ext in ['png', 'eps', 'pdf']:
    plt.savefig('./images/fig-111-slipping.{0}'.format(ext), dpi=300)
#+END_SRC

*** Additional slipping barriers
To conserve space in the manuscript, only the fcc(111) single-layer surface slipping barrier is shown, while the fcc(100) single- and double-layer barriers are depicted in this section.

**** fcc(100) single-layer slipping barrier
#+label: si-100-slipping
#+caption: NEB predicted slipping barrier for single layer of Au fcc(100). Initial and top positions are shown for visual reference.
#+attr_latex: :width 6in :placement [H]
#+attr_org: :width 600
[[./images/si-100-slipping.png]]

#+BEGIN_SRC python :results silent
from ase.db import connect
import matplotlib.pyplot as plt
import numpy as np
from scipy.interpolate import interp1d
from scipy.optimize import fmin
from ase.io import write
import matplotlib.image as mpimg
from matplotlib.offsetbox import OffsetImage, AnnotationBbox
import os

db = connect('data.db')

Qe, Re, Ne = [], [], []
for d in db.select(['miller=100', 'diffusion=slipping', 'config!=double', 'traj=0']):
    Qe += [d.energy]
    Ne += [d.neural_energy]
    Re += [d.reax_energy]

Qe = np.array([Qe[-1]] + Qe) - Qe[-1]
Ne = np.array([Ne[-1]] + Ne) - Ne[-1]
Re = np.array([Re[-1]] + Re) - Re[-1]

x = np.linspace(0, len(Qe) - 1)

fig = plt.figure(figsize=(6, 4))
ax = fig.add_subplot(111)

for nrg, name, c, o in [[Qe, 'DFT', 'ko', 0.0275],
                        [Ne, 'BPNN', 'rs', 0.04],
                        [Re, 'ReaxFF', 'b^', -0.010]]:
    f = interp1d(range(len(nrg)), -nrg, 'cubic')
    xmax = fmin(f, len(nrg) / 2., disp=False)

    ax.plot(x, -f(x), c[0] + '--')
    ax.plot(nrg, c, label=name)

    ax.annotate('{0} $E^\ddag$= {1:1.3f}'.format(name, float(-f(xmax))),
                xy=(xmax, -f(xmax)), xytext=(6.7, -f(xmax) + o),
                ha='left', va='center', color=c[0],
                arrowprops=dict(arrowstyle="->",
                                shrinkB=10, color=c[0]))

for i, a in enumerate([[0, 1.9], [5, 5.1]]):
    atoms = db.get_atoms(['miller=100',
                          'diffusion=slipping',
                          'config!=double',
                          'traj=0', 'image={0}'.format(a[0])])
    del atoms[0]
    atoms *= (3, 3, 1)

    write('./images/temp.png',
          atoms,
          colors=['#333333', '#999999', '#CCCCCC',] * 27,
          scale=20,
          show_unit_cell=2,
          radii=0.75)

    image = mpimg.imread('./images/temp.png')
    imagebox = OffsetImage(image, zoom=1.5)

    ax.add_artist(AnnotationBbox(imagebox,
                                 xy=(a[0], Ne[a[0]]),
                                 xybox=(a[1], 0.53),
                                 pad=-0.2,
                                 frameon=False,
                                 arrowprops=dict(arrowstyle='->',
                                                 color='0.5',
                                                 zorder=5,
                                                 connectionstyle='arc,angleA=-90,armA=0')
                                )
                 )
    os.unlink('./images/temp.png')

ax.set_xticklabels([])
plt.xlabel('Reaction coordinate (a.u.)')
plt.ylabel('Potential energy (eV)')
plt.ylim(0, 0.64)
plt.tight_layout()
for ext in ['png', 'eps', 'pdf']:
    plt.savefig('./images/si-100-slipping.{0}'.format(ext), dpi=300)
#+END_SRC

**** fcc(100) double-layer slipping barrier
#+label: si-100-slipping-2
#+caption: NEB predicted slipping barrier for a double layer of Au fcc(100). Initial and top positions are shown for visual reference.
#+attr_latex: :width 6in :placement [H]
#+attr_org: :width 600
[[./images/si-100-slipping-2.png]]

#+BEGIN_SRC python :results silent
from ase.db import connect
import matplotlib.pyplot as plt
import numpy as np
from scipy.interpolate import interp1d
from scipy.optimize import fmin
from ase.io import write
import matplotlib.image as mpimg
from matplotlib.offsetbox import OffsetImage, AnnotationBbox
import os

db = connect('data.db')

Qe, Re, Ne = [], [], []
for d in db.select(['miller=100', 'diffusion=slipping', 'config!=single', 'traj=0']):
    Qe += [d.energy]
    Ne += [d.neural_energy]
    Re += [d.reax_energy]

Qe = np.array([Qe[-1]] + Qe) - Qe[-1]
Ne = np.array([Ne[-1]] + Ne) - Ne[-1]
Re = np.array([Re[-1]] + Re) - Re[-1]

x = np.linspace(0, len(Qe) - 1)

fig = plt.figure(figsize=(6, 4))
ax = fig.add_subplot(111)

for nrg, name, c, o in [[Qe, 'DFT', 'ko', 0.0375],
                        [Ne, 'BPNN', 'rs', 0.06],
                        [Re, 'ReaxFF', 'b^', 0.06]]:
    f = interp1d(range(len(nrg)), -nrg, 'cubic')
    xmax = fmin(f, len(nrg) / 2., disp=False)

    ax.plot(x, -f(x), c[0] + '--')
    ax.plot(nrg, c, label=name)

    ax.annotate('{0} $E^\ddag$= {1:1.3f}'.format(name, float(-f(xmax))),
                xy=(xmax, -f(xmax)), xytext=(6.7, -f(xmax) + o),
                ha='left', va='center', color=c[0],
                arrowprops=dict(arrowstyle="->",
                                shrinkB=10, color=c[0]))

for i, a in enumerate([[0, 1.9], [5, 5.1]]):
    atoms = db.get_atoms(['miller=100',
                          'diffusion=slipping',
                          'config!=single',
                          'traj=0', 'image={0}'.format(a[0])])
    del atoms[0]
    atoms *= (3, 3, 1)

    write('./images/temp.png',
          atoms,
          colors=['#333333', '#999999', '#CCCCCC',] * 27,
          scale=20,
          show_unit_cell=2,
          radii=0.75)

    image = mpimg.imread('./images/temp.png')
    imagebox = OffsetImage(image, zoom=1.5)

    ax.add_artist(AnnotationBbox(imagebox,
                                 xy=(a[0], Ne[a[0]]),
                                 xybox=(a[1], 0.53),
                                 pad=-0.2,
                                 frameon=False,
                                 arrowprops=dict(arrowstyle='->',
                                                 color='0.5',
                                                 zorder=5,
                                                 connectionstyle='arc,angleA=-90,armA=0')
                                )
                 )
    os.unlink('./images/temp.png')

ax.set_xticklabels([])
plt.xlabel('Reaction coordinate (a.u.)')
plt.ylabel('Potential energy (eV)')
plt.ylim(0, 0.64)
plt.tight_layout()
for ext in ['png', 'eps', 'pdf']:
    plt.savefig('./images/si-100-slipping-2.{0}'.format(ext), dpi=300)
#+END_SRC

** Cluster predictions
*** Manuscript figure fig-6atom-md
#+BEGIN_SRC python :results silent
from matplotlib.offsetbox import OffsetImage, AnnotationBbox
import matplotlib.image as mpimg
from ase.io import write
import matplotlib.pyplot as plt
import numpy as np
from ase.db import connect
import os

db = connect('md-6atom.db')
Qe = dict.fromkeys(range(99, 2000, 100), 0)

I, Re, Ne = [], [], []
for d in db.select():
    I += [d.image]
    Ne += [d.neural_energy / d.natoms]
    Re += [d.reax_energy / d.natoms]

    # Only every 100th structure is DFT validated
    if d.image in Qe.keys():
        Qe[d.image] = d.energy / d.natoms

sort = [i[0] for i in sorted(enumerate(I), key=lambda x:x[1])]

I = np.array([I[i] for i in sort])
Ne = np.array([Ne[i] for i in sort])
Re = np.array([Re[i] for i in sort])

m = list(Ne).index(min(Ne))

# Create an image of the DFT predicted minimum
db0 = connect('data.db')
gm_atoms = db0.get_atoms(['cluster=plane-fcc', 'traj=0', 'config=2', 'natoms=6'])
gm = db0.get(['cluster=plane-fcc', 'traj=0', 'config=2', 'natoms=6'])
write('./images/tmp-gm.png', gm_atoms)

# Create an image of the BPNN predicted minimum
write('./images/tmp-pm.png', db.get_atoms(m), rotation='45y')

# Establish baseline for global minimum
Q_min = gm.energy / gm.natoms
N_min = gm.neural_energy / gm.natoms

fig = plt.figure(figsize=(6, 4))
ax = fig.add_subplot(111)

fig0 = OffsetImage(mpimg.imread('./images/tmp-pm.png'))
ax.add_artist(AnnotationBbox(fig0,
                              xy=(m, Ne[m]),
                              xybox=(1600, -1.8),
                              pad=0,
                              arrowprops=dict(arrowstyle='->',
                                              color='0.5',
                                              zorder=5,
                                              connectionstyle='arc,angleA=0')
                          ))

fig = OffsetImage(mpimg.imread('./images/tmp-gm.png'))
ax.add_artist(AnnotationBbox(fig,
                              xy=(m, Q_min),
                              xybox=(1400, -2.22),
                              pad=0,
                              arrowprops=dict(arrowstyle='->',
                                              color='0.5',
                                              zorder=5,
                                              connectionstyle='arc,angleA=0')
                          ))

# Remove the temporary images
os.unlink('./images/tmp-gm.png')
os.unlink('./images/tmp-pm.png')

ax.text(1700, -2.16, 'DFT', color='k')
ax.text(200, -2.27, 'ReaxFF', color='b')
ax.text(200, -1.9, 'BPNN', color='r')
ax.plot(range(len(Ne)), Re, 'b-')
ax.plot([0, len(Ne)], [N_min, N_min], 'r--')
ax.plot([0, len(Ne)], [Q_min, Q_min], 'k--')

for k, v in Qe.iteritems():
    plt.plot([k, k], [v, Ne[k]], 'k:')

ax.plot(range(len(Ne)), Ne, 'r-')
ax.scatter(Qe.keys(), Qe.values(), color='k', marker='o', zorder=10)

ax.set_xlim(0, 2000)
ax.set_ylim(-2.3, -1.7)
plt.xlabel('Time step')
plt.ylabel('Potential energy (eV/atom)')
plt.tight_layout()
for ext in ['png', 'eps', 'pdf']:
    plt.savefig('./images/fig-6atom-md.{0}'.format(ext), dpi=300)
#+END_SRC

*** 6-atom MD simulations with 2000 data points
To demonstrate how the BPNN ``learns'' the potential energy surface as the number of training points increases, we have included a 6 atom MD simulation from one of the earlier BPNNs created. This BPNN was trained to all of the cluster calculations included in the full database up to 13 atoms large. However, no 6 atom clusters were used in the training set in order to observe how well these structures could be extrapolated. This is a training set of approximately 2000 calculations. The MD trajectory can be found here: \attachfile{md-6atom-old.db}{(double-click to open)}.

The resulting 6 atom MD simulation was performed identically to the one described in the paper. The results of the 4000 step MD are shown in Figure ref:si-6atom-md. For easier comparison, the energies are plotted on the same scale as the 6 atom MD simulation reported in the paper which used the full database as a training set. The result is a substantial improvement in the performance of the full BPNN. This demonstrates how a BPNN can be made to obtain arbitrary levels of accuracy even with a large variety of different structure types being used for training.

Although the errors of the early 6 atom MD simulation shown here are significantly larger, the BPNN still accurately predicts the planer structure to be the lowest energy configuration. Perhaps even more impressive is that it manages to do so without any information about 6 atom structures.

#+label: si-6atom-md
#+caption: NVT MD simulation for the relaxation of the 6 atom unit cell from a local energy minima to the global minima. Temperature is scaled from 800 K to 300 K over the course of the simulation. Solid lines show MD trajectories while dashed lines show energy predictions for the global minima from DFT (black).
#+attr_latex: :width 6in :placement [H]
#+attr_org: :width 600
[[./images/si-6atom-md.png]]

#+BEGIN_SRC python :results silent
from matplotlib.offsetbox import OffsetImage, AnnotationBbox
import matplotlib.image as mpimg
from ase.io import write
import matplotlib.pyplot as plt
import numpy as np
from ase.db import connect
import os

db = connect('md-6atom-old.db')

Qe = {}
I, Ne, = [], []
for d in db.select():
    I += [d.image]
    Ne += [d.neural_energy/ d.natoms]

    if d.DFT:
        Qe[d.image] = d.energy / d.natoms

sort = [i[0] for i in sorted(enumerate(I), key=lambda x:x[1])]

I = np.array([I[i] for i in sort])
Ne = np.array([Ne[i] for i in sort])

m = list(Ne).index(min(Ne))

# Create an image of the DFT predicted minimum
db0 = connect('data.db')
gm_atoms = db0.get_atoms(['cluster=plane-fcc', 'traj=0', 'config=2', 'natoms=6'])
gm = db0.get(['cluster=plane-fcc', 'traj=0', 'config=2', 'natoms=6'])
write('./images/tmp-gm.png', gm_atoms)

# Create an image of the BPNN predicted minimum
write('./images/tmp-pm.png', db.get_atoms(m), rotation='45y')

# Establish baseline for global minimum
Q_min = gm.energy / gm.natoms

fig = plt.figure(figsize=(6, 4))
ax = fig.add_subplot(111)

fig0 = OffsetImage(mpimg.imread('./images/tmp-pm.png'))
ax.add_artist(AnnotationBbox(fig0,
                              xy=(m, Ne[m]),
                              xybox=(1200, -2.0),
                              pad=0,
                              arrowprops=dict(arrowstyle='->',
                                              color='0.5',
                                              zorder=5,
                                              connectionstyle='arc,angleA=0')
                          ))

fig = OffsetImage(mpimg.imread('./images/tmp-gm.png'))
ax.add_artist(AnnotationBbox(fig,
                              xy=(m, Q_min),
                              xybox=(3400, -2.22),
                              pad=0,
                              arrowprops=dict(arrowstyle='->',
                                              color='0.5',
                                              zorder=5,
                                              connectionstyle='arc,angleA=0')
                          ))

# Remove the temporary images
os.unlink('./images/tmp-gm.png')
os.unlink('./images/tmp-pm.png')

ax.text(2500, -2.16, 'DFT', color='k')
ax.text(200, -1.9, 'BPNN', color='r')
ax.plot([0, len(Ne)], [Q_min, Q_min], 'k--')

for k, v in Qe.iteritems():
    plt.plot([k, k], [v, Ne[k]], 'k:')

ax.plot(range(len(Ne)), Ne, 'r-')
ax.scatter(Qe.keys(), Qe.values(), color='k', marker='o', zorder=10)

ax.set_xlim(0, 4000)
ax.set_ylim(-2.3, -1.7)
plt.xlabel('Time step')
plt.ylabel('Potential energy (eV/atom)')
plt.tight_layout()
for ext in ['png', 'eps', 'pdf']:
    plt.savefig('./images/si-6atom-md.{0}'.format(ext), dpi=300)
#+END_SRC

*** Manuscript figure fig-38atom-minima
#+BEGIN_SRC python :results silent
import matplotlib.pyplot as plt
import numpy as np
from ase.db import connect

db = connect('data.db')

Qe, Re, Ne = [], [], []
for d in db.select(['post=minima']):
    Qe += [d.energy / d.natoms]
    Ne += [d.neural_energy / d.natoms]
    Re += [d.reax_energy / d.natoms]

Re = np.array(Re)
Nre = np.array(Ne) - np.array(Qe)
Rre = Re - np.array(Qe)
C = np.array(range(len(Qe))) + 1

f, ax = plt.subplots(2, sharex=True, figsize=(6, 4))

ax[0].plot(C, Ne, mec='none', mfc='r', marker='s', lw=0, label='BPNN')
ax[0].plot(C, Re + 0.11, mec='none', mfc='b', marker='^', lw=0, label='ReaxFF')
ax[0].plot(C, Qe, mec='k', mfc='none', marker='o',  lw=0, label='DFT')
ax[0].text(12, -2.6, 'ReaxFF offset by +0.11 eV/atom',
           va='bottom', color='b', fontsize=12)
ax[1].plot([C[0], C[-1]], [0, 0], 'k--')
ax[1].scatter(C, Nre, c='r', marker='s', edgecolor='none')
ax[1].scatter(C, Rre, c='b', marker='^', edgecolor='none')

ax[0].set_yticks([-2.65, -2.63, -2.61, -2.59])
ax[1].set_xlabel('MD minima')
ax[0].set_ylabel('Potential energy\n(eV/atom)')
ax[1].set_ylabel('Residual error\n(eV/atom)')
ax[0].set_xlim(C[0], C[-1])
ax[1].set_xlim(C[0], C[-1])
ax[0].legend(loc='best', numpoints=1, fontsize=12, frameon=False)
plt.tight_layout(h_pad=-0.0)
for ext in ['png', 'eps', 'pdf']:
    plt.savefig('./images/fig-38atom-minima.{0}'.format(ext), dpi=300)
#+END_SRC

* TOC
This is the Table of Contents graphic.

#+BEGIN_SRC python
from ase.db import connect
import numpy as np
import matplotlib.pyplot as plt
from ase.io import write
from matplotlib.offsetbox import OffsetImage, AnnotationBbox
import matplotlib.image as mpimg
import os


db = connect('data.db')

Qe, Re, Ne = [], [], []
for d in db.select(['post=minima']):
    Qe += [d.energy / d.natoms]
    Ne += [d.neural_energy / d.natoms]
    Re += [d.reax_energy / d.natoms]

DFT_time = db.get(['post=minima', 'config=121']).calc_time

pos = [(0.5, 0.8), (0.2, 0.2), (0.8, 0.2)]
pos2 = [(0.5, 0.6), (0.35, 0.4), (0.65, 0.4)]
rot = ["-15x, -130z", "", ""]
col = ['k', 'r', 'b']
pad = [-0.1, -0.7, -0.7]

fig = plt.figure(figsize=(5.5, 5))
ax = fig.add_subplot(111)
for i, nrgs in enumerate([Qe, Re, Ne]):
    ind = nrgs.index(min(nrgs))
    matoms = db.get_atoms(['post=minima',
                          'config={0}'.format(ind)])

    write('./images/temp.png'.format(ind), matoms, rotation=rot[i])

    image = mpimg.imread('./images/temp.png')
    imagebox = OffsetImage(image, zoom=1.75)

    ax.add_artist(AnnotationBbox(imagebox,
                                 xy=pos2[i],
                                 xybox=pos[i],
                                 pad=pad[i],
                                 frameon=False,
                                 arrowprops=dict(arrowstyle='<-',
                                                 color=col[i],
                                                 zorder=5)
                                )
                 )

    os.unlink('./images/temp.png')

plt.text(pos2[0][0], pos2[0][1], 'DFT',
         ha='center', size=20, va='top')

ax.annotate('Neural\nNetwork', xy=(0.45, 0.58), xytext=pos2[1],
            va='bottom', ha='center', color='r', size=20,
            arrowprops=dict(arrowstyle="<|-", fc='r',
                            connectionstyle="arc3,rad=-0.5",))

ax.annotate('ReaxFF', xy=(0.55, 0.58), xytext=pos2[2],
            va='bottom', ha='center', color='b', size=20,
            arrowprops=dict(arrowstyle="<|-", fc='b',
                            connectionstyle="arc3,rad=0.6",))

plt.text(0.5, 0.98, '{0:1.1f} hrs'.format(DFT_time/3600.),
         va='center', ha='center', size=17)
plt.text(0.2, 0.01, '0.14 s', color='r',
         va='center', ha='center', size=17)
plt.text(0.8, 0.01, '0.01 s', color='b',
         va='center', ha='center', size=17)

fig.patch.set_visible(False)
ax.axis('off')
plt.tight_layout(rect=[-0.15, -0.03, 1.1, 1.02])
for ext in ['png', 'eps', 'pdf']:
    plt.savefig('./images/toc.{0}'.format(ext), dpi=300)
#+END_SRC

#+RESULTS:
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20 jb.compile_trajectory(calc)

21

22 # Access the created file

23 traj = Trajectory('out.traj')
24 n = len(traj)

25

26 # Add the contents to the database

27 for i, atoms in enumerate(traj):

28

29 jb.makedb(calc,

30 atoms=atoms,

31 dbname='~/research/neural/data.db',
32 keys={'traj': int(n-i-1)})

33 except:

34 print(r)

35 print(sys.exc_info()[0])

36 print('')

2.1.2 Using keywords to get information from the database

We organize information from the VASP calculations using descriptive keywords, which
define the purpose of each calculation. A full list of the keywords used to categorize each
calculation can be found in the results produced from the code block below.

1 from ase.db import connect

2

3 # Connect to the ASE database

4 db = connect('data.db')
5

6 # Selects all calculations in the database

7 data = db.select(['traj=0'])
8

9 # Create a dictionary of all the keys

10 keys, cnt = {}, 0

11 for entry in data:

12 cnt += 1

13 for k, v in entry.key_value_pairs.iteritems():

14

15 # Add all possible values to each dictionary

16 if k in keys:

17 keys[k] += [v]

18 else:

19 keys[k] = [v]

20

21 # Iterate through each key and print the values

22 print('{0:15s} {1:15s} {2} calculations total'.format('keyword', 'value', cnt))

23 print('---------------------------------------------------------')
24 for k, v in keys.iteritems():

25 vals = list(set(v))

26

27 # Only print the first 5 values

28 if len(vals) <= 5:

29 val = ", ".join(str(e) for e in vals)

30 print('{0:15s}: {1}'.format(k, val))

31 else:

32 val = ", ".join(str(e)[:5] for e in vals[:5])

33 print('{0:15s}: {1}, etc...'.format(k, val))

keyword value 896 calculations total

---------------------------------------------------------

surf : fcc

4



xc : PBE, PW91

image : 0, 1, 2, 899, 4, etc...

NEB : False, True, initial, final

site : tetrahedral, octahedral

encut : 300.0, 350.0

cluster : neura, icosa, plane, amorp, octah, etc...

ibz_kpts : 1

nbands : 250

type : vacancy, interstitial

miller : 100, 111

ediff : 1e-07, 1e-05

concentration : 0.125, 0.015, 0.037, 0.062, 0.009, etc...

reax_energy : -12.7, -154., -5.31, -8.34, -103., etc...

fit : db2-to6atom, db2-to13atom, wo-natom6

lattice : primitive, cubic

ediffg : -0.05, -0.02

factor : 0.875, 1.0, 2.0, 0.99, 1.2, etc...

converged : True

config : 0, 1, 2, 3, 4, etc...

kpt1 : 1, 4, 5, 6, 7, etc...

kpt3 : 1, 2, 4, 5, 6, etc...

kpt2 : 1, 4, 5, 6, 7, etc...

relaxed : True

bulk : sc, hcp, fcc, diam, bcc

ibrion : -1

gga : None

neural_energy : -11.6, -19.2, -201., -147., -6.27, etc...

vacuum : 10.0

group : kitchin

post : minima

structure : bulk, cluster, surface

diffusion : slipping, single1, dimer2, step1

volume : 19.67, 122.5, 130.3, 15.07, 5639., etc...

train_set : False, True

strain : xyz

fault : stacking, twinning

traj : 0

fermi : -4.43, 1.016, 7.381, -4.80, -3.37, etc...

path : /home, /home, /home, /home, /home, etc...

calc_time : 0.0, 199.6, 26279, 1494., 222.2, etc...

NOTE: NEB calculators do not store INCAR, KPOINT, or POTCAR parameters, as
these files are kept in the parent directory. Keys generated from these files are place holders,
and thus are not correct for NEB calculations. i.e. there are no PW91 calculations, the value
was simply not recorded.
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The database is broken into three main categories: bulk, surface, and cluster calculations.
These categories are organized by the correspondingly named key. For example, to find all
bulk calculations, one would search for the ’bulk’ key:

1 from ase.db import connect

2

3 db = connect('data.db')
4

5 # Now we select only bulk calculations

6 data = db.select(['bulk'])
7 # 'bulk' = all bulk calculations

8 # 'surf' = all surface calculations

9 # 'cluster' = all cluster calculations

10

11 # And again, we print all the possbile keys

12 keys, cnt = {}, 0

13 for entry in data:

14 cnt += 1

15 for k, v in entry.key_value_pairs.iteritems():

16

17 if k in keys:

18 keys[k] += [v]

19 else:

20 keys[k] = [v]

21

22 print('{0:15s} {1:15s} {2} calculations total'.format('keyword', 'value', cnt))

23 print('---------------------------------------------------------')
24 for k, v in keys.iteritems():

25 vals = list(set(v))

26

27 if len(vals) <= 5:

28 val = ", ".join(str(e) for e in vals)

29 print('{0:15s}: {1}'.format(k, val))

30 else:

31 val = ", ".join(str(e)[:5] for e in vals[:5])

32 print('{0:15s}: {1}, etc...'.format(k, val))

keyword value 905 calculations total

---------------------------------------------------------

xc : PBE, PW91

image : 0, 1, 2, 3, 4

NEB : False, True, initial, final

site : tetrahedral, octahedral

encut : 350.0

strain : xyz

ediff : 1e-07, 1e-05

concentration : 0.125, 0.015, 0.037, 0.062, 0.009, etc...

reax_energy : -22.5, -195., -5.31, -2.38, -82.6, etc...

train_set : False, True

lattice : primitive, cubic

factor : 0.875, 1.0, 2.0, 0.99, 1.2, etc...

type : vacancy, interstitial

kpt1 : 1, 4, 5, 6, 7, etc...

kpt3 : 1, 2, 4, 5, 6, etc...

kpt2 : 1, 4, 5, 6, 7, etc...
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relaxed : True

volume : 231.1, 544.7, 19.67, 122.5, 130.3, etc...

gga : None

neural_energy : -11.6, -19.2, -87.2, -5.40, -87.3, etc...

group : kitchin

structure : bulk

bulk : sc, hcp, fcc, diam, bcc

fault : stacking, twinning

traj : 0, 1, 2, 3, 4, etc...

fermi : 7.381, 13.02, 6.607, -4.45, 11.92, etc...

calc_time : 0.0, 23.40, 19.04, 15.0, 20.76, etc...

This can also be done for surface and cluster calculations as noted in the comments above.
Information about specific data sets can be found in the following section.

2.2 Reactive Force Field

The reactive force field produced in this work utilizes 3-body interaction as shown in Table

1. The ReaxFF itself can be opened using the following attachment: (double-click to
open).

Table 1: 3-body parameters used to generate the ReaxFF

Valence Angle θo (degrees) ka (kcal/mol) kb (radians2) pv,1 pv,2

Au-Au-Au 12.2362 6.788 0.1388 0 0.9168

2.2.1 Comparing Force Fields with and without 3-Body Terms

We parameterized force fields with and without 3-body terms using identical training sets
to test the effect of incorporating 3-body terms in Au force fields. Our preliminary results
in 1 show that the curvature, optimal volume, and cohesive energy of the Au fcc, sc, and
diamond EOS all significantly improve by adding 3-body terms, which appear to shift the
onset of the convex regions to larger volumes.
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Reactive MD-force field
 39        ! Number of general parameters
   50.0000 !Overcoordination parameter            
    5.5469 !Overcoordination parameter            
   21.2839 !Valency angle conjugation parameter   
    3.0000 !Triple bond stabilisation parameter   
    6.5000 !Triple bond stabilisation parameter   
    1.0000 !C2-correction                         
    1.0159 !Undercoordination parameter           
    9.0000 !Triple bond stabilisation parameter   
    8.0878 !Undercoordination parameter           
   13.0238 !Undercoordination parameter           
  -13.8107 !Triple bond stabilization energy      
    0.0000 !Lower Taper-radius                    
   10.0000 !Upper Taper-radius                    
    2.8793 !Fe dimer correction                   
   33.8667 !Valency undercoordination             
   25.6125 !Valency angle/lone pair parameter     
    1.0563 !Valency angle                         
    2.0384 !Valency angle parameter               
    6.1431 !Fe dimer correction                   
    6.9290 !Double bond/angle parameter           
    0.3989 !Double bond/angle parameter: overcoord
    3.9954 !Double bond/angle parameter: overcoord
   -2.4837 !Fe dimer correction                   
    4.7747 !Torsion/BO parameter                  
   10.0000 !Torsion overcoordination              
    2.3276 !Torsion overcoordination              
   -1.2327 !Reserved                              
    2.1645 !Conjugation                           
    1.5591 !vdWaals shielding                     
    0.1000 !Cutoff for bond order (*100)          
    2.8921 !Valency angle conjugation parameter   
    1.6356 !Overcoordination parameter            
    5.6937 !Overcoordination parameter            
    2.5067 !Valency/lone pair parameter           
    0.5000 !Reserved                              
   20.0000 !Reserved                              
    5.0000 !Reserved                              
    0.0000 !Reserved                              
    1.6052 !Valency angle conjugation parameter   
 11    ! Nr of atoms; cov.r; valency;a.m;Rvdw;Evdw;gammaEEM;cov.r2;#
            alfa;gammavdW;valency;Eunder;Eover;chiEEM;etaEEM;n.u.
            cov r3;Elp;Heat inc.;n.u.;n.u.;n.u.;n.u.
            ov/un;val1;n.u.;val3,vval4
 C    1.3931   4.0000  12.0000   2.0430   0.0715   0.8712   1.2481   4.0000
     10.5900   1.9058   4.0000  38.2875  75.7665   5.7254   6.9235   0.0000
      1.2520   0.0000 206.7910   5.3452  24.6774  12.1341   0.8563   0.0000
    -10.8644   2.4601   1.0564   6.2998   2.9663   0.0000   0.0000   0.0000
 H    0.6555   1.0000   1.0080   1.6558   0.0228   0.7625  -0.1000   1.0000
     10.0764   4.1572   1.0000   0.0000 116.3988   3.8196   9.8832   1.0000
     -0.1000   0.0000  54.9848   4.0736   2.6883   1.0000   1.0698   0.0000
    -12.5850   2.7466   1.0338   6.2998   2.8793   0.0000   0.0000   0.0000
 O    1.1693   2.0000  15.9990   1.9580   0.0875   1.0804   1.0200   6.0000
     10.1761   7.2516   4.0000  39.2737 116.0768   8.5000   7.8386   2.0000
      0.9809  18.4195  68.9638   6.5805   4.3078   1.0000   0.9745   0.0000
     -7.3000   2.6656   1.0493   6.2998   2.9225   0.0000   0.0000   0.0000
 N    1.2360   3.0000  14.0000   1.9333   0.1373   0.8596   1.1602   5.0000
     10.0725   8.0467   4.0000  34.5504 100.0000   6.8418   6.3404   2.0000
      1.0365  14.7406 138.0808   2.5032   2.7335   2.6432   0.9745   0.0000
    -15.0000   2.6491   1.0183   6.2998   2.8793   0.0000   0.0000   0.0000
 S    1.9405   2.0000  32.0600   2.0677   0.2099   1.0336   1.5479   6.0000
      9.9575   4.9055   4.0000  52.9998 112.1416   6.5000   8.2545   2.0000
      1.4601   9.7177 201.5221   5.7487  23.2859  12.7147   0.9745   0.0000
    -11.0000   2.7466   1.0338   6.2998   2.8793   0.0000   0.0000   0.0000
 Si   2.0132   4.0000  28.0600   2.2203   0.1306   0.8218   1.5629   4.0000
     12.1305   1.8838   4.0000  11.4056 139.9309   1.8038   7.3852   0.0000
     -1.0000   0.0000 128.2031   6.2293   5.2294   0.1542   0.8563   0.0000
     -3.6886   2.9867   1.0338   6.2998   2.5791   0.0000   0.0000   0.0000
 Pt   1.9907   3.0000 195.0800   1.9980   0.2452   0.8218  -1.0000   3.0000
     12.8669   3.2118   3.0000   0.0000   0.0000   1.8038   7.3852   0.0000
     -1.0000   0.0000 143.1770   6.2293   5.2294   0.1542   0.8563   0.0000
     -6.7740   2.9867   1.0338   6.2998   2.5791   0.0000   0.0000   0.0000
 Zr   2.1000   4.0000  91.2240   2.1970   0.2542   0.8218  -1.0000   4.0000
     12.8545   3.5938   4.0000   0.0000   0.0000   1.8038   7.3852   0.0000
     -1.0000   0.0000 143.1770   6.2293   5.2294   0.1542   0.8563   0.0000
     -3.2224   2.9867   1.0338   6.2998   2.5791   0.0000   0.0000   0.0000
 Ni   1.8503   2.0000  58.6900   1.9219   0.1582   0.8218  -1.0000   2.0000
     12.1238   4.0351   2.0000   0.0000   0.0000   1.8038   7.3852   0.0000
     -1.0000   0.0000  92.5070   6.2293   5.2294   0.1542   0.8563   0.0000
     -3.2224   2.9867   1.0338   6.2998   2.5791   0.0000   0.0000   0.0000
 Au   2.0074   1.0000 196.9665   2.1413   0.3752   0.8521  -1.0000   1.0000
     11.4016   2.3729   1.0000   0.0000   0.0000   1.8038   6.5411   0.0000
     -1.0000   0.0000  92.5070   6.2293   5.2294   0.1542   0.8563   0.0000
    -24.0852   2.9867   1.0338   6.2998   2.5791   0.0000   0.0000   0.0000
 X   -0.1000   2.0000   1.0080   2.0000   0.0000   1.0000  -0.1000   6.0000
     10.0000   2.5000   4.0000   0.0000   0.0000   8.5000   1.5000   0.0000
     -0.1000   0.0000 127.6226   8.7410  13.3640   0.6690   0.9745   0.0000
    -11.0000   2.7466   1.0338   6.2998   2.8793   0.0000   0.0000   0.0000
 23    ! Nr of bonds; Edis1;LPpen;n.u.;pbe1;pbo5;13corr;pbo6
                         pbe2;pbo3;pbo4;n.u.;pbo1;pbo2;ovcorr
  1  1 150.2857 102.1226  73.9998   0.1094  -0.5558   1.0000  17.2117   0.5000
         0.2455  -0.2256   9.4807   1.0000  -0.1005   6.0387   1.0000   0.0000
  1  2 167.9626   0.0000   0.0000  -0.4259   0.0000   1.0000   6.0000   0.5000
        18.9231   1.0000   0.0000   1.0000  -0.0102   8.2763   0.0000   0.0000
  2  2 166.5174   0.0000   0.0000  -0.3599   0.0000   1.0000   6.0000   0.6500
        10.6518   1.0000   0.0000   1.0000  -0.0177   5.3255   0.0000   0.0000
  1  3 172.8767 109.3662  93.2629   0.5518  -0.2029   1.0000  19.7207   0.5000
         0.4387  -0.2871   9.2845   1.0000  -0.1406   5.6488   1.0000   0.0000
  3  3 118.8570  42.8420 167.6132   0.9092  -0.1587   1.0000  10.5117   0.8589
         0.8634  -0.2501   6.5155   1.0000  -0.1613   5.6591   1.0000   0.0000
  1  4 170.0282 132.5726  69.9149   0.2278  -0.1754   1.0000  30.0000   0.6500
         0.2304  -0.3072   8.6708   1.0000  -0.1771   4.9068   1.0000   0.0000
  3  4 147.4287 109.4565  61.7111   0.9507  -0.1616   1.0000  21.7802   0.7500
         0.7441  -0.3665   7.2396   1.0000  -0.2439   4.8277   1.0000   0.0000
  4  4 154.5270 128.3844 139.6322   0.2171  -0.1418   1.0000  13.1260   0.7500
         0.3601  -0.1310  10.7257   1.0000  -0.0869   5.3302   1.0000   0.0000
  2  3 199.5369   0.0000   0.0000  -0.9126   0.0000   1.0000   6.0000   0.5947
         3.0178   1.0000   0.0000   1.0000  -0.0445   5.2553   0.0000   0.0000
  2  4 212.4218   0.0000   0.0000  -0.5681   0.0000   1.0000   6.0000   0.6000
         9.7582   1.0000   0.0000   1.0000  -0.0307   6.0744   0.0000   0.0000
  1  5 128.9942  74.5848  55.2528   0.1035  -0.5211   1.0000  18.9617   0.6000
         0.2949  -0.2398   8.1175   1.0000  -0.1029   5.6731   1.0000   0.0000
  2  5 151.5159   0.0000   0.0000  -0.4721   0.0000   1.0000   6.0000   0.6000
         9.4366   1.0000   0.0000   1.0000  -0.0290   7.0050   0.0000   0.0000
  3  5   0.0000   0.0000   0.0000   0.5563  -0.4038   1.0000  49.5611   0.6000
         0.4259  -0.4577  12.7569   1.0000  -0.1100   7.1145   1.0000   0.0000
  4  5   0.0000   0.0000   0.0000   0.4438  -0.2034   1.0000  40.3399   0.6000
         0.3296  -0.3153   9.1227   1.0000  -0.1805   5.6864   1.0000   0.0000
  5  5  96.1871  93.7006  68.6860   0.0955  -0.4781   1.0000  17.8574   0.6000
         0.2723  -0.2373   9.7875   1.0000  -0.0950   6.4757   1.0000   0.0000
  6  6 113.7903  53.9894  30.0000   0.2535  -0.3000   1.0000  16.0000   0.0742
         0.2586  -0.1963   7.5407   1.0000  -0.0693   7.9365   0.0000   0.0000
  2  6 138.8626   0.0000   0.0000  -0.1577   0.0000   1.0000   6.0000   0.2901
        17.8821   1.0000   0.0000   1.0000  -0.0395   6.3931   0.0000   0.0000
  3  6 193.1177  41.1424  43.3991  -0.2085  -0.3000   1.0000  36.0000   0.7695
         0.9220  -0.3683   4.2644   1.0000  -0.5191   4.4529   1.0000   0.0000
  4  6 185.4488  39.2832  43.3991  -0.1922  -0.3000   1.0000  36.0000   0.8217
         0.8538  -0.3887   4.4334   1.0000  -0.5241   4.4529   1.0000   0.0000
  7  7  90.1462   0.0000   0.0000   0.0004  -0.2000   0.0000  16.0000   0.3484
         1.0000  -0.2000  15.0000   1.0000  -0.1014   5.7631   0.0000   0.0000
  8  8  85.2900   0.0000   0.0000   0.0004  -0.2000   0.0000  16.0000   0.5438
         1.0000  -0.2000  15.0000   1.0000  -0.1001   5.5699   0.0000   0.0000
  9  9  73.6182   0.0000   0.0000   0.0004  -0.2000   0.0000  16.0000   0.3418
         1.0000  -0.2000  15.0000   1.0000  -0.1015   5.7850   0.0000   0.0000
 10 10 116.2619   0.0000   0.0000  -0.0074  -0.2000   0.0000  16.0000   0.2594
         0.2852  -0.2000  15.0000   1.0000  -0.1517   5.1456   0.0000   0.0000
  4    ! Nr of off-diagonal terms; Ediss;Ro;gamma;rsigma;rpi;rpi2
  2  6   0.0449   1.5545  12.4789   1.1932  -1.0000  -1.0000
  3  6   0.1233   1.7552  10.6931   1.6096   1.2935  -1.0000
  4  6   0.1365   1.9123  11.1784   1.7095   1.4858  -1.0000
  2  3   0.0447   1.8006  10.1261   0.9124  -1.0000  -1.0000
 72    ! Nr of angles;at1;at2;at3;Thetao,o;ka;kb;pv1;pv2
  1  1  1  75.3892  20.0233   2.1017   2.4996   0.0031  35.9933   1.0400
  1  1  2  71.5185  11.6939   6.5331   0.0000   0.0000   0.0000   1.0400
  2  1  2  72.0977   8.3496   2.2003   0.0000   0.2000   0.0000   1.0400
  1  2  2   0.0000   0.0000   6.0000   0.0000   0.0000   0.0000   1.0400
  1  2  1   0.0000  28.5244   6.0000   0.0000   0.0000   0.0000   1.0400
  2  2  2   0.0000  27.9213   5.8635   0.0000   0.0000   0.0000   1.0400
  1  1  3  74.0268  28.8967   1.2260   0.0000   4.6228   0.0000   1.0400
  3  1  3  80.2138  52.6408   1.3212   0.0000   4.6228 -35.0000   1.0400
  1  1  4  66.4599  51.9415   0.7082   0.0000   4.6228   0.0000   1.0400
  3  1  4  74.1764  40.5898   1.6351   0.0000   4.6228   0.0000   1.0400
  4  1  4  67.4646   7.7402   2.9526   0.0000   4.6228   0.0000   1.0400
  2  1  3  79.3704  19.7034   2.5917   0.0000   0.0000   0.0000   1.0400
  2  1  4  72.6759  13.4161   5.9166   0.0000   0.0000   0.0000   1.0400
  1  2  4   0.0000   0.0019   6.3000   0.0000   0.0000   0.0000   1.0400
  1  3  1  76.4435  43.0224   0.6138   0.0000   0.4897   0.0000   1.0400
  1  3  3  81.4803  53.9823   0.8786   0.0000   0.4897   0.0000   1.0400
  1  3  4  89.4608  53.6036   0.7017   0.0000   0.4897   0.0000   1.0400
  3  3  3  78.4963  61.0192   1.0093 -38.4200   0.4897   0.0000   1.0400
  3  3  4  79.0601  38.7432   2.1471   0.0000   0.4897   0.0000   1.0400
  4  3  4  74.5183  54.0833   1.9745   0.0000   0.4897   0.0000   1.0400
  1  3  2  82.1464  36.8788   1.3932   0.0000   0.0000   0.0000   1.0400
  2  3  3  89.4640  10.1026   4.7764   0.0000   0.0000   0.0000   1.0400
  2  3  4  87.0795  48.4138   1.4565   0.0000   0.0000   0.0000   1.0400
  2  3  2  81.7479  15.4269   4.2247   0.0000   0.0000   0.0000   1.0400
  1  4  1  70.5355  19.5076   1.2344   0.0000   2.7993   0.0000   1.0400
  1  4  3  77.6934  20.6976   1.4669   0.0000   2.7993   0.0000   1.0400
  1  4  4  78.1599  13.8502   1.8371   0.0000   2.7993   0.0000   1.0400
  3  4  3  74.8323  35.2858   1.4738 -21.5494   2.7993   0.0000   1.0400
  3  4  4  77.6183  29.5041   1.2928  -2.0087   2.7993   0.0000   1.0400
  4  4  4  75.2419  20.4666   3.1280   0.0000   2.7993   0.0000   1.0400
  1  4  2  81.6606  49.2031   0.6194   0.0000   0.0000   0.0000   1.0400
  2  4  3  88.7810  66.7825   0.9625   0.0000   0.0000   0.0000   1.0400
  2  4  4  89.4242  36.9752   1.1820   0.0000   0.0000   0.0000   1.0400
  2  4  2  85.3507  23.0120   2.3616   0.0000   0.0000   0.0000   1.0400
  1  2  3   0.0000   0.0019   6.0000   0.0000   0.0000   0.0000   1.0400
  1  2  4   0.0000   0.0019   6.0000   0.0000   0.0000   0.0000   1.0400
  1  2  5   0.0000   0.0019   6.0000   0.0000   0.0000   0.0000   1.0400
  3  2  3   0.0000   0.0019   6.0000   0.0000   0.0000   0.0000   1.0400
  3  2  4   0.0000   0.0019   6.0000   0.0000   0.0000   0.0000   1.0400
  4  2  4   0.0000   0.0019   6.0000   0.0000   0.0000   0.0000   1.0400
  2  2  3   0.0000   0.0019   6.0000   0.0000   0.0000   0.0000   1.0400
  2  2  4   0.0000   0.0019   6.0000   0.0000   0.0000   0.0000   1.0400
  1  1  5  74.9397  25.0560   1.8787   0.1463   0.0559   0.0000   1.0400
  1  5  1  86.9521  36.9951   2.0903   0.1463   0.0559   0.0000   1.0400
  2  1  5  74.9397  25.0560   1.8787   0.0000   0.0000   0.0000   1.0400
  1  5  2  86.1791  36.9951   2.0903   0.0000   0.0000   0.0000   1.0400
  1  5  5  85.3644  36.9951   2.0903   0.1463   0.0559   0.0000   1.0400
  2  5  2  93.1959  36.9951   2.0903   0.0000   0.0000   0.0000   1.0400
  2  5  5  84.3331  36.9951   2.0903   0.0000   0.0000   0.0000   1.0400
  6  6  6  69.3456  21.7361   1.4283   0.0000  -0.2101   0.0000   1.3241
  2  6  6  75.6168  21.5317   1.0435   0.0000   2.5179   0.0000   1.0400
  2  6  2  78.3939  20.9772   0.8630   0.0000   2.8421   0.0000   1.0400
  3  6  6  70.3016  15.4081   1.3267   0.0000   2.1459   0.0000   1.0400
  2  6  3  73.8232  16.6592   3.7425   0.0000   0.8613   0.0000   1.0400
  3  6  3  90.0344   7.7656   1.7264   0.0000   0.7689   0.0000   1.0400
  6  3  6  22.1715   3.6615   0.3160   0.0000   4.1125   0.0000   1.0400
  2  3  6  83.7634   5.6693   2.7780   0.0000   1.6982   0.0000   1.0400
  3  3  6  73.4663  25.0761   0.9143   0.0000   2.2466   0.0000   1.0400
  2  2  6   0.0000  47.1300   6.0000   0.0000   1.6371   0.0000   1.0400
  6  2  6   0.0000  31.5209   6.0000   0.0000   1.6371   0.0000   1.0400
  3  2  6   0.0000  31.0427   4.5625   0.0000   1.6371   0.0000   1.0400
  4  6  6  64.4297  13.1239   1.1830   0.0000   2.1459   0.0000   1.0400
  4  6  4  78.4992   7.8594   2.3011   0.0000   0.7689   0.0000   1.0400
  3  6  4  77.4641   4.5724   1.0849   0.0000   0.7689   0.0000   1.0400
  6  4  6  25.5269   3.0725   0.2486   0.0000   4.1125   0.0000   1.0400
  2  6  4  77.4079  16.0992   2.2665   0.0000   0.8613   0.0000   1.0400
  2  4  6  74.6462   4.7671   1.6524   0.0000   1.6982   0.0000   1.0400
  4  4  6  76.8202  12.7851   0.6196   0.0000   2.2466   0.0000   1.0400
  3  4  6  69.8728  32.7155   1.5875   0.0000   2.2466   0.0000   1.0400
  4  3  6  69.8728  27.1273   1.5875   0.0000   2.2466   0.0000   1.0400
  4  2  6   0.0000  31.0427   4.5625   0.0000   1.6371   0.0000   1.0400
 10 10 10  12.2632   6.7880   0.1388   0.0000   0.9168   0.0000   1.0400
 21    ! Nr of torsions;at1;at2;at3;at4;;V1;V2;V3;V2(BO);vconj;n.u;n
  1  1  1  1   0.0000  25.1267   0.2722  -4.6251  -1.2327   0.0000   0.0000
  1  1  1  2   0.0000  15.9983   0.4583  -4.0203  -1.2327   0.0000   0.0000
  2  1  1  2   0.0000  50.0880   0.3349  -5.3444  -1.2327   0.0000   0.0000
  0  1  2  0   0.0000   0.0000   0.0000   0.0000  -1.2327   0.0000   0.0000
  0  2  2  0   0.0000   0.0000   0.0000   0.0000  -1.2327   0.0000   0.0000
  0  1  3  0   1.2595 112.3590   0.6986  -4.0480  -1.2327   0.0000   0.0000
  0  2  3  0   0.0000   0.1000   0.0200  -2.5415  -1.2327   0.0000   0.0000
  0  3  3  0   2.6089  -1.7346  -0.1083  -4.7170  -1.2327   0.0000   0.0000
  0  1  4  0  -2.7302 104.9719   0.3292  -4.6130  -1.2327   0.0000   0.0000
  0  2  4  0   0.0000   0.1000   0.0200  -2.5415  -1.2327   0.0000   0.0000
  0  3  4  0   0.4947  36.1724   0.1127  -5.7235  -1.2327   0.0000   0.0000
  0  4  4  0  -2.7105  91.7450   1.9165  -3.4903  -1.2327   0.0000   0.0000
  0  1  1  0   0.0000  12.4562   0.0000  -3.6133  -1.2327   0.0000   0.0000
  4  1  4  4  -6.0000  48.9253   0.1230  -5.0000  -1.2327   0.0000   0.0000
  0  1  5  0   3.3423  30.3435   0.0365  -2.7171  -1.2327   0.0000   0.0000
  0  5  5  0  -0.0555 -42.7738   0.1515  -2.2056  -1.2327   0.0000   0.0000
  0  2  5  0   0.0000   0.0000   0.0000   0.0000  -1.2327   0.0000   0.0000
  2  6  6  2   0.0000   0.0000   0.0640  -2.4426   0.0000   0.0000   0.0000
  2  6  6  6   0.0000   0.0000   0.1587  -2.4426   0.0000   0.0000   0.0000
  0  2  6  0   0.0000   0.0000   0.1200  -2.4847   0.0000   0.0000   0.0000
  0  4  6  0   0.0000   0.0000   0.0000  -2.4426   0.0000   0.0000   0.0000
  9    ! Nr of hydrogen bonds;at1;at2;at3;Rhb;Dehb;vhb1
  3  2  3   2.0347   0.0000   4.9076   4.2357
  3  2  4   1.8736  -9.8407   4.9076   4.2357
  4  2  3   1.6581  -8.6628   4.9076   4.2357
  4  2  4   1.6765  -8.2582   4.9076   4.2357
  3  2  5   2.6644  -3.9547   4.9076   4.2357
  4  2  5   4.0476  -5.7038   4.9076   4.2357
  5  2  3   2.1126  -4.5790   4.9076   4.2357
  5  2  4   2.2066  -5.7038   4.9076   4.2357
  5  2  5   1.9461  -4.0000   4.9076   4.2357




Figure 1: Comparing Au EOS data for our best case force fields with and without 3-body
terms

We note that this treatment also brings significantly higher costs to the calculations 2.
While the increase in computational cost due to 3-body terms is minimal in small systems,
large systems prove to be much more expensive.
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Figure 2: Comparing the relative cost increase from including 3-body terms for Molecular
dynamics simulations and geometry relaxations (using a conjugate gradient method) with
system size increase.

2.2.2 Monte-Carlo Force-Field Optimization Process (MCFFopt)

MCFFopt is a stochastic force field optimization process that relies on minimizing an objec-
tive function (Equation 1).

TotalError =
n∑

i=1

[
EFField − EQM

Weight

]
(1)

The optimizer program does this by randomly changing force field parameters within a
range defined by the user and recalculating the objective function. Any parameter change
that decreases the total error is instantly accepted, while moves that increase the total error
have a probability of being accepted determined by Equation 2.

Probability = min[1, exp(−β∆Error)] (2)
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Where β is a parameter set by the user that is increased every step of the optimization
process. βinitial is usually small, resulting in an initial “annealing phase” where many pa-
rameter changes that increase the total error are allowed. As the β parameter increases, the
likelihood of these events occurring decreases, and only parameter changes that decrease the
total error occur. The annealing phase allows the process to sample more parameter space
and potentially locate multiple distinct, viable parameter sets.

The MCFFopt tool does not have a built in force field parameter convergence criteria.
However, over the course of an optimization calculation, the degree that parameters can
change decreases. This means that after a certain number of steps parameters will begin to
change by insignificant amounts, and the total error will stagnate. Thus, after a single run
with the MCFFopt tool parameters will appear converged, but we can achieve still lower
total errors, as shown in 2, by simply restarting the MCFFopt process until differences in
total errors between runs becomes small.

Figure 3: The total error over the course of an MCFF optimization procedure. Three MCFF
cycles are shown, each restarted at the last step of the previous optimization.

Restarting the MCFF optimization procedure resets these parameters, and the process
will go through another annealing phase, and then the total error will continue to decrease.
We stopped optimizations once the final error was less than one percent of the initial error.

The training process requires user-defined parameters to control the MCFF optimization
(contained in table 2), and a range of maximum and minimum values for each optimiz-
able ReaxFF parameter. More information on these specific files is available in the ADF
documentation.
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Table 2: MCFF optimization parameters used in ADF

Parameter Value
(βinitial) (mcbeta) 0.0100
Increase β by x per MCFFopt step (mcbsca) 1.0001
Fraction of variables active per step (mcacof) 0.2
Target acceptance rate (mctart) 0.30
Max. acceptance rate (mcmart) 0.70
Divide parameter range into y steps (mcrxxd) 100

ReaxFF training requires files that contain the geometries and energies that the force
field will be trained to, weights of the relative importance of those geometries and energies,
and an initial set of force field parameters taken from Ref. 1. That ReaxFF did not contain
3-body interaction parameters, so we used an average of 3-body interaction terms available
for other atom types as our initial guess.

We initially used a weighting scheme nearly equivalent to that used in Ref. 1. We
increased and/or decreased the weights of different geometry types (bulk vs. cluster vs.
surface) until the force field adequately reproduced all of the data in the training set. Briefly,
EOS structures were weighted on scale sliding from 0.2 to 10. Geometries near the minimum
energy bulk structures were weighted highly (0.2), while structures further away from the
equilibrium geometries were weighted lower (10.0). All surface and cluster calculations had
weights of 1.0. In principle, changing these weights can result in force fields that are better
suited for different geometry types.

2.2.3 Adding ReaxFF energies to the database

ReaxFF is a module included in the LAMMPS simulation suit (http://lammps.sandia.
gov), and must be run inside of this framework. However, a wrapper has been previously
developed which allows LAMMPS calculations to be started and managed from a python
interface. A python function was developed to rapidly calculate the energy of an ASE atoms
object. The code for this function is demonstrated below.

1 # Personal function for interaction with LAMMPS in python

2 # Can be found at: https://github.com/jboes/jbtools

3 import jbtools.utils as jb

4 from ase.db import connect

5

6 db = connect('data.db')
7

8 # Select all entries

9 for d in db.select():

10 atoms = db.get_atoms(d.id)

11

12 Rnrg = jb.reax_potential_energy(atoms)

13

14 db.update(d.id, reax_energy=Rnrg)

With this function, the energies of all of the structures in the database could then be
rapidly calculated and incorporated into the database for ease of access in the analysis
portion of this work. This way, ReaxFF predicted energies for all structures included in the
database can be accessed through the keyword “reax energy”.

11
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2.2.4 Manuscript figure fig-reax-train

1 import matplotlib.pyplot as plt

2 import matplotlib.mlab as mlab

3 from ase.db import connect

4 import numpy as np

5 from scipy.stats import norm

6 from matplotlib import gridspec

7 import matplotlib.patches as mpatches

8

9 db = connect('data.db')
10

11 S, Re, Qe = [], [], []

12 for d in db.select(['train_set=True']):
13 S += [d.structure]

14 Qe += [d.energy / d.natoms]

15 Re += [d.reax_energy / d.natoms]

16

17 S = np.array(S)

18 Qe = np.array(Qe)

19 Re = np.array(Re)

20

21 cmap, hdl = {}, []

22 for s, c in zip(set(S), ['b', 'r', 'g']):
23 cmap[s] = c

24 hdl += [mpatches.Patch(color=c, label=s)]

25

26 c = []

27 for s in S:

28 c += [cmap[s]]

29

30 RMSE = np.sqrt(sum((Re - Qe) ** 2) / len(Re - Qe))

31

32 (mu, sigma) = norm.fit(Re - Qe)

33

34 fig = plt.figure(figsize=(6, 4))

35 gs = gridspec.GridSpec(1, 2, width_ratios=[2, 1])

36 ax0 = plt.subplot(gs[0])

37 ax0.plot([min(Qe), 0], [0, 0], 'k--', lw=2)

38 ax0.scatter(Qe, Re - Qe, marker='o', color=c)

39 ax0.text(min(Qe) + 0.15, 1.08,

40 'RMSE: {0:1.3f}'.format(RMSE),
41 fontsize=12, va='top', ha='left')
42 ax0.set_xlim(min(Qe), 0)

43 ax0.set_ylim(-1.2, 1.2)

44 ax0.set_xlabel('DFT potential energy (eV/atom)')
45 ax0.set_ylabel('Residual error (eV/atom)')
46 ax0.legend(loc=3, handles=hdl, fontsize=12, frameon=False)

47

48 ax1 = plt.subplot(gs[1])

49

50 n, bins, patches = ax1.hist(Re - Qe, 50,

51 range=(-1.2, 1.2),

52 weights=np.ones_like(Re - Qe)/len(Re),

53 facecolor='k',
54 alpha=0.5,

55 orientation='horizontal')
56

57 y = mlab.normpdf(bins, mu, sigma)

58 ax1.text(0.05, 1.12, '$\mu$: {0:1.3f}'.format(mu), fontsize=12,

59 va='top', ha='left')
60 ax1.text(0.05, 0.96, '$\sigma$: {0:1.3f}'.format(sigma), fontsize=12,

61 va='top', ha='left')
62 ax1.plot(y / sum(y), bins, 'k--', lw=2)

63 ax1.plot([0, 10], [0, 0], 'k--', lw=2)

64 ax1.set_xlabel('Probability')
65 ax1.set_ylim(-1.2, 1.2)
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66 ax1.set_xlim(0, 0.6)

67 ax1.set_yticklabels([])

68 ax1.set_xticks(ax1.get_xticks()[1::2])

69 plt.tight_layout(w_pad=-0.5)

70 for ext in ['png', 'eps']:
71 plt.savefig('./images/fig-reax-train.{0}'.format(ext), dpi=300)

2.2.5 Manuscript figure fig-reax-vaild

1 import matplotlib.pyplot as plt

2 from ase.db import connect

3 import numpy as np

4 from matplotlib import gridspec

5 import matplotlib.patches as mpatches

6

7 db = connect('data.db')
8

9 S, Re, Qe = [], [], []

10 for d in db.select(['train_set=False']):
11 S += [d.structure]

12 Qe += [d.energy / d.natoms]

13 Re += [d.reax_energy / d.natoms]

14

15 S = np.array(S)

16 Qe = np.array(Qe)

17 Re = np.array(Re)

18

19 cmap, hdl = {}, []

20 for s, c in zip(set(S), ['b', 'r', 'g']):
21 cmap[s] = c

22 hdl += [mpatches.Patch(color=c, label=s)]

23

24 c = []

25 for s in S:

26 c += [cmap[s]]

27

28 RMSE = np.sqrt(sum((Re - Qe) ** 2) / len(Re - Qe))

29

30 fig = plt.figure(figsize=(6, 4))

31 gs = gridspec.GridSpec(1, 2, width_ratios=[2, 1])

32 ax0 = plt.subplot(gs[0])

33 ax0.plot([min(Qe), 0], [0, 0], 'k--', lw=2)

34 ax0.scatter(Qe, Re - Qe, marker='o', color=c)

35 ax0.text(min(Qe) + 0.15, 0.7,

36 'RMSE: {0:1.3f}'.format(RMSE),
37 fontsize=12, va='top', ha='left')
38 ax0.set_xlim(min(Qe), 0)

39 ax0.set_ylim(-0.8, 0.8)

40 ax0.set_xlabel('DFT potential energy (eV/atom)')
41 ax0.set_ylabel('Residual error (eV/atom)')
42 ax0.legend(loc=1, handles=hdl, fontsize=12, frameon=False)

43

44 ax1 = plt.subplot(gs[1])

45

46 n, bins, patches = ax1.hist(Re - Qe, 50,

47 range=(-1.2, 1.2),

48 weights=np.ones_like(Re - Qe)/len(Re),

49 facecolor='k',
50 alpha=0.5,

51 orientation='horizontal')
52

53 ax1.plot([0, 10], [0, 0], 'k--', lw=2)

54 ax1.set_xlabel('Probability')
55 ax1.set_ylim(-1.2, 1.2)

56 ax1.set_xlim(0, 0.6)
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57 ax1.set_yticklabels([])

58 ax1.set_xticks(ax1.get_xticks()[1::2])

59 plt.tight_layout(w_pad=-0.5)

60 for ext in ['png', 'eps']:
61 plt.savefig('./images/fig-reax-valid.{0}'.format(ext), dpi=300)

2.3 Neural Network

BPNNs were produced using the Neural code developed by the Peterson group at Brown
University (https://bitbucket.org/andrewpeterson/neural). This code is no longer
supported since the time the work was completed. However, the Peterson group is cur-
rently developing a sister code called AMP which is capable of all the same functionality
as Neural (https://bitbucket.org/andrewpeterson/amp). The parameter files used by
AMP are not backwards compatible with Neural, so the parameter files included here have
been manually updated to function with AMP.

The parameters file needed to run the BPNN produced in this work is attached here:

(double-click to open).

2.3.1 Adding BPNN energies to the database

The code developed by the Peterson group is already integrated into ASE, making calculation
of energy using the BPNN developed in this work trivial. The code used to calculate these
energies and add them to the database is included below.

1 from ase.db import connect

2 from amp import Amp

3

4 db = connect('data.db')
5

6 # Establish the BPNN as the calculator for our energies

7 calc = Amp(load='neural-parameters.json')
8

9 # Select all entries

10 for d in db.select():

11 atoms = db.get_atoms(d.id)

12

13 atoms.set_calculator(calc)

14 Nnrg = atoms.get_potential_energy()

15

16 db.update(d.id, neural_energy=Nnrg)

This allows the BPNN predicted energy of a structure to be accessed easily by first
defining the structure of interest and then utilizing the keyword “neural energy”.

2.3.2 Manuscript figure fig-neural-train

1 import matplotlib.pyplot as plt

2 import matplotlib.mlab as mlab

3 from ase.db import connect

4 import numpy as np

5 from scipy.stats import norm

6 from matplotlib import gridspec

7 import matplotlib.patches as mpatches
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{"cutoff": 6.5,
 "Gs": {"Au": [{"eta": 0.05, "type": "G2", "element": "Au"},
	       {"eta": 2.0, "type": "G2", "element": "Au"},
	       {"eta": 4.0, "type": "G2", "element": "Au"},
	       {"eta": 8.0, "type": "G2", "element": "Au"},
	       {"eta": 20.0, "type": "G2", "element": "Au"},
	       {"eta": 40.0, "type": "G2", "element": "Au"},
	       {"eta": 80.0, "type": "G2", "element": "Au"},
	       {"zeta": 1.0, "elements": ["Au", "Au"], "type": "G4", "gamma": 1.0, "eta": 0.005},
	       {"zeta": 1.0, "elements": ["Au", "Au"], "type": "G4", "gamma": -1.0, "eta": 0.005},
	       {"zeta": 2.0, "elements": ["Au", "Au"], "type": "G4", "gamma": 1.0, "eta": 0.005},
	       {"zeta": 2.0, "elements": ["Au", "Au"], "type": "G4", "gamma": -1.0, "eta": 0.005},
	       {"zeta": 4.0, "elements": ["Au", "Au"], "type": "G4", "gamma": 1.0, "eta": 0.005},
	       {"zeta": 4.0, "elements": ["Au", "Au"], "type": "G4", "gamma": -1.0, "eta": 0.005}]},
 "fingerprints_tag": 1,
 "hiddenlayers": {"Au": [4, 40]},
 "descriptor": "Behler",
 "activation": "tanh",
 "variables": [0.98452050508262634, 1.2786812644582948, -2.2962203964606762, -2.6507674588413264, 1.6504714473947939, -1.9244792504876125, 8.1423156464392843, 13.049201304967109, -9.8074836515987496, -1.701018844930015, -1.810577098891464, -11.543308576578827, 9.8359310561485511, 2.3819832232322606, -4.4412775619449185, 2.7939957331325842, -3.5541576971406688, -0.56242359459159008, 1.995350779826967, -0.35754451268537024, 0.99212925395434193, -1.6287478691821771, 0.58093450031343863, -0.4846605642215015, -1.6903748377392118, 0.16265300325214385, -0.45023109341970524, -1.7719168447932476, 24.671989883545937, 30.819188494396229, 1.0662697956687306, -6.9772755970546809, 18.059573145413516, 47.669444957907928, 56.465645559476066, 9.3241019062482806, -20.457427145153943, -53.267998405165706, -67.509639483413892, -3.9822198301433529, -58.280993073314434, -78.955739762271648, -22.797812994088311, 23.331560575890443, 1.1141665324123065, 20.583400698674847, 47.370225208813068, 5.5008698363758235, 35.548509791631048, 33.568680485024572, -13.671057398449122, -29.305969887454932, -1.6908719963964765, -1.7959762803823907, 2.8017071773484887, -2.7937753026425631, -4.4199141621367355, -4.8450228342654471, -3.1961002036443129, 2.8548846032469912, 19.59615495134825, 3.8563661892170886, -4.5235611136352496, -1.4464946742208429, 22.897234752485314, -4.117665332793937, -7.4898027646113485, 1.7029167850364899, 5.3390879866652776, 2.8403730726767189, -3.6416351842189503, -5.8665310289026502, 6.9121401494216848, -4.9060944365457404, -6.0645344737598084, -6.231757632328522, -4.9949621192775053, -0.55840851259905677, 1.8344704782374943, 13.867393037200374, -4.1281032633946015, -1.7165773607878936, 2.5311290376866333, 1.3674604818456411, -0.00486902286823268, 0.37147114601438652, 2.5160109809653721, -7.8389432134865018, -1.4786778555071229, -0.78260234996743572, -4.6146641683788552, 0.45173307721087619, 11.426071422796085, -2.3269099459617313, 0.72264852781045019, 7.9913367853989268, -8.5995684845382545, 1.3308569342673702, -8.7489392165546125, -10.504935583328695, -6.9731732710022571, -3.1272620513475173, 0.86624255697159547, -4.413582642299108, -1.326682196855361, -44.584910398062171, 10.261579616028106, -2.4528778531224136, -5.8758742085550608, -10.58509948954821, -5.7411880292034549, -6.5721812058371771, 7.2791951062339315, 6.4751133543797019, 0.35520084963602577, 0.32293855639036573, 6.163227466618026, 2.3657006222508201, -6.0591595114438901, 9.6174837923649488, 0.42964046550200474, -4.9336047016856597, -16.22744556403941, 4.2920309184789414, -1.5807355576559325, 2.0983550009056553, 24.965404196854315, -1.1012605709663967, 6.5591855896687958, 1.3072755066943498, 7.3506862470309935, -0.58198066784727309, -1.3122417224767011, -6.6622187464417468, 3.1224235145577319, -0.97045880867974765, -1.5140954213374724, -1.8791375818748854, -17.611477269802961, -7.2925441064650345, 16.629590990371721, -1.65175231222022, 3.6265254899289214, -6.2372216090519341, 1.8972447698314439, -23.048950438683505, 3.2815214278353841, -0.96230232554950734, 0.51275845367053707, -7.3875324261813988, -8.4135690373099585, -13.261857372946874, 10.441732781053101, 1.8726680713324442, -0.50128986454947921, -1.4119333379272641, 1.1872830159168384, 3.5758559418959841, 2.4642038237091906, 15.456487360183482, 3.0557969739312321, 7.481043568031513, -8.8710220673383429, 6.2006111665031289, -4.8490825600113023, 4.4593226625853113, 4.6983202853574291, -3.6106659096805607, 2.2567459559461827, 2.488451499625735, 0.16114128674323827, 4.8604250324941658, -1.0498137873890867, -4.0424292659841274, 2.3034862155557843, 3.6044755426202046, -3.165280504172304, -3.6392258120258081, -2.6568638124895401, -5.6521790549248134, 10.644039357257393, 0.36405061940291644, -2.2682552673733896, 5.2716118360689146, 33.687345619358318, -1.8879938875312765, -1.7070417018913859, 7.6626919207255861, 0.75410022571721824, -5.8155151534328891, 3.086615565876571, -0.39499479349505084, -1.4524767348745078, 0.77329800136658156, -0.47876391434459498, -2.500751908541361, 1.1218476314771455, -0.72166350493501408, 5.4713559276019543, -3.5618787217342573, -1.9864117291129395, 6.3809873111873969, 2.0786086816506035, -3.8273907712310367, 0.50869861516560011, -0.21928057250114158, 5.1905891650180225, -1.3582125800030025, 0.84840974762980204, -1.1462201331010986, 1.5969749582453012, 0.50508708970108274, 2.3496252722850004, -22.564628005692047, 1.2694237215978386, 3.4186577357159722, -2.9251250740787249, 5.7415285861581342, -2.8230792372395981, 4.4304294561707636, 7.1465401683033569, 1.48219435246675, -2.0802003408761176, -3.5701672026003988, -4.4155170785889739, -11.59066545773082, 3.8397748776039973, -7.3796940917735974, -6.7976008646072961, 4.557401965845659, -2.8002557435616993, -4.3884331850137066, 2.7219722423633494, -1.4299541125423132, -2.7300676150500207, 2.0659443592190261, -1.4938919920297073, 0.50999824553230366, -2.511735261688695, 8.9495233720499883, -1.9975029967593836, -1.4345465317709025, 4.0603765905120959, 2.7081801796175302, 3.1247158379320203, -2.5604672251450107, 10.370958138449828, -1.0157803791453268, -1.128446273320804, 0.83338841459890634, -0.32073978266570197, -6.4870582111082955, 0.79349646513728922, 18.481798052119586, 0.24971006582251401, -3.1566918639375006, -0.033398692749210604, -0.29768109925814851, 25.374436269338659, -0.70140537048252838, -3.7246889016542863, 0.6070630536421826, -0.72964974716625997, -0.39605484934511315, 0.0071116629164812914, -0.004620185234685598, -0.048931191129643795, -0.18389832489687424, 0.27758909558196598, 0.67580349798940109, -0.62042348080343968, -9.9272578027543616, -0.15820542535761667, 0.7557846718244764, 0.23580936087136295, -0.27647771253295117, -0.7773016916954637, -1.7944800944989932, -0.23689623247544628, -0.43300818662243895, 1.0238094665180257, 9.8172826112349778, 7.8575711646206825, -1.2496052811391811, -1.9311900646382383, -2.3617546303498016, 0.011925396957216255, -0.076037352863354057, 0.60460840847371478, 3.1136223822579749, 0.12591845838310317, -1.7768269888480404, -0.037240456010468458, -0.030775697196826789, 0.29576672430437512, 0.064770027263395341, -0.15016340801606998, 0.10442629272849227, 5.8665769225593154],
 "fingerprints_range": {"Au": [[0.0, 18.585949206307472],
			       [0.0, 10.364383113308692],
			       [0.0, 6.303260555910183],
			       [0.0, 2.8120124208391966],
			       [0.0, 0.513515319009634],
			       [0.0, 0.08156809015210378],
			       [0.0, 0.0021031132027229302],
			       [0.0, 1041.3250384017833],
			       [0.0, 748.6344292656196],
			       [0.0, 768.8071314667674],
			       [0.0, 476.1165223306037],
			       [0.0, 524.0495152786156],
			       [0.0, 280.05458071066533]]},
 "regression": "NeuralNetwork"}
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8

9 db = connect('data.db')
10

11 S, Qe, Ne = [], [], []

12 for d in db.select(['train_set=True']):
13 S += [d.structure]

14 Qe += [d.energy / d.natoms]

15 Ne += [d.neural_energy / d.natoms]

16

17 S = np.array(S)

18 Qe = np.array(Qe)

19 Ne = np.array(Ne)

20

21 cmap, hdl = {}, []

22 for s, c in zip(set(S), ['b', 'r', 'g']):
23 cmap[s] = c

24 hdl += [mpatches.Patch(color=c, label=s)]

25

26 c = []

27 for s in S:

28 c += [cmap[s]]

29

30 RMSE = np.sqrt(sum((Ne - Qe) ** 2) / len(Ne - Qe))

31

32 (mu, sigma) = norm.fit(Ne - Qe)

33

34 fig = plt.figure(figsize=(6, 4))

35 gs = gridspec.GridSpec(1, 2, width_ratios=[2, 1])

36 ax0 = plt.subplot(gs[0])

37 ax0.plot([min(Qe), 0], [0, 0], 'k--', lw=2)

38 ax0.scatter(Qe, Ne - Qe, marker='o', color=c)

39 ax0.text(min(Qe) + 0.1, 0.14,

40 'RMSE: {0:1.3f}'.format(RMSE),
41 fontsize=12, va='top', ha='left')
42 ax0.set_xlim(min(Qe), 0)

43 ax0.set_ylim(-0.15, 0.15)

44 ax0.set_xlabel('DFT potential energy (eV/atom)')
45 ax0.set_ylabel('Residual error (eV/atom)')
46 ax0.legend(loc='best', handles=hdl, fontsize=12, frameon=False)

47

48 ax1 = plt.subplot(gs[1])

49

50 n, bins, patches = ax1.hist(Ne - Qe, 50,

51 range=(-0.15, 0.15),

52 weights=np.ones_like(Ne - Qe)/len(Ne),

53 facecolor='k',
54 alpha=0.5,

55 orientation='horizontal')
56

57 y = mlab.normpdf(bins, mu, sigma)

58 ax1.text(0.05, 0.142, '$\mu$: {0:1.3f}'.format(mu), fontsize=12, va='top', ha='left')
59 ax1.text(0.05, 0.122, '$\sigma$: {0:1.3f}'.format(sigma), fontsize=12, va='top', ha='left')
60 ax1.plot(y / sum(y), bins, 'k--', lw=2)

61 ax1.plot([0, 50], [0, 0], 'k--', lw=2)

62 ax1.set_xlabel('Probability')
63 ax1.set_ylim(-0.15, 0.15)

64 ax1.set_xlim(0, 0.6)

65 ax1.set_yticklabels([])

66 ax1.set_xticks(ax1.get_xticks()[1::2])

67 plt.tight_layout(w_pad=-0.5)

68 for ext in ['png', 'eps']:
69 plt.savefig('./images/fig-neural-train.{0}'.format(ext), dpi=300)
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2.3.3 Manuscript figure fig-neural-valid

1 import matplotlib.pyplot as plt

2 from ase.db import connect

3 import numpy as np

4 from matplotlib import gridspec

5 import matplotlib.patches as mpatches

6

7 db = connect('data.db')
8

9 S, Qe, Ne = [], [], []

10 for d in db.select(['train_set=False']):
11 S += [d.structure]

12 Qe += [d.energy / d.natoms]

13 Ne += [d.neural_energy / d.natoms]

14

15 S = np.array(S)

16 Qe = np.array(Qe)

17 Ne = np.array(Ne)

18

19 cmap, hdl = {}, []

20 for s, c in zip(set(S), ['b', 'r', 'g']):
21 cmap[s] = c

22 hdl += [mpatches.Patch(color=c, label=s)]

23

24 c = []

25 for s in S:

26 c += [cmap[s]]

27

28 RMSE = np.sqrt(sum((Ne - Qe) ** 2) / len(Ne - Qe))

29

30 fig = plt.figure(figsize=(6, 4))

31 gs = gridspec.GridSpec(1, 2, width_ratios=[2, 1])

32 ax0 = plt.subplot(gs[0])

33 ax0.plot([min(Qe), 0], [0, 0], 'k--', lw=2)

34 ax0.scatter(Qe, Ne - Qe, marker='o', color=c)

35 ax0.text(min(Qe) + 0.1, 0.14,

36 'RMSE: {0:1.3f}'.format(RMSE),
37 fontsize=12, va='top', ha='left')
38 ax0.set_xlim(min(Qe), 0)

39 ax0.set_ylim(-0.15, 0.15)

40 ax0.set_xlabel('DFT potential energy (eV/atom)')
41 ax0.set_ylabel('Residual error (eV/atom)')
42 ax0.legend(loc='best', handles=hdl, fontsize=12, frameon=False)

43

44 ax1 = plt.subplot(gs[1])

45

46 n, bins, patches = ax1.hist(Ne - Qe, 50,

47 range=(-0.15, 0.15),

48 weights=np.ones_like(Ne - Qe)/len(Ne),

49 facecolor='k',
50 alpha=0.5,

51 orientation='horizontal')
52

53 ax1.plot([0, 50], [0, 0], 'k--', lw=2)

54 ax1.set_xlabel('Probability')
55 ax1.set_ylim(-0.15, 0.15)

56 ax1.set_xlim(0, 0.6)

57 ax1.set_yticklabels([])

58 ax1.set_xticks(ax1.get_xticks()[1::2])

59 plt.tight_layout(w_pad=-0.5)

60 for ext in ['png', 'eps']:
61 plt.savefig('./images/fig-neural-valid.{0}'.format(ext), dpi=300)
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3 Results

3.1 Bulk properties

3.1.1 Manuscript figure fig-bulk-eos

1 import matplotlib.pyplot as plt

2 from ase.utils.eos import EquationOfState

3 from ase.db import connect

4 import numpy as np

5 from ase.units import kJ

6

7 db = connect('data.db')
8

9 print('#+caption: Comparison of EOS metrics for DFT, ReaxFF, and NPNN fits as shown in Figure ref:fig-bulk-eos.')
10 print('#+attr_latex: :placement [H]')
11 print('#+tblname: tbl-eos')
12 print('|Structure|Minimum volume (\AA^{3})|Minimum energy (eV)|Bulk Mod. (GPa)|')
13 print('|-')
14

15 f, ax = plt.subplots(1, 3, figsize=(6, 5))

16

17 tag = ['Face Centered\nCubic', 'Simple Cubic', 'Diamond']
18

19 for i, key in enumerate(['fcc', 'sc', 'diam']):
20

21 V, Qe, Re, Ne = [], [], [], []

22 for d in db.select(['bulk={0}'.format(key), 'factor']):
23 V += [d.volume / d.natoms]

24 Qe += [d.energy / d.natoms]

25 Ne += [d.neural_energy / d.natoms]

26 Re += [d.reax_energy / d.natoms]

27

28 sel = V[Qe.index(min(Qe))]

29 ind = (np.array(V) > sel - 15) & (np.array(V) < sel + 15)

30 x = np.linspace(min(V), max(V), 250)

31 V = np.array(V)[ind]

32

33 for nrg, name, col in zip([Qe, Ne, Re],

34 ['DFT', 'BPNN', 'ReaxFF'],
35 ['k-', 'r--', 'b:']):
36

37 nrg = np.array(nrg)[ind]

38 eos = EquationOfState(V, nrg)

39 v0, e0, B = eos.fit()

40 fit = np.poly1d(np.polyfit(V**-(1.0 / 3), nrg, 3))

41

42 ax[i].plot(x, fit(x**-(1.0 / 3)), col, lw=2, label='{0}'.format(name))
43 ax[i].set_xlim(min(V), max(V))

44 ax[i].set_ylim(-3.5, -1.0)

45 ax[i].set_title('{0}'.format(tag[i]))
46 if i > 0:

47 ax[i].set_yticklabels([])

48 print('|{0}-{1}|{2:1.2f}|{3:1.2f}|{4:1.0f}'.format(name, key, v0, e0,

49 B / kJ * 1.0e24))

50 print('|-')
51

52 ax[0].set_xticks([14, 19, 24, 29])

53 ax[1].set_xticks([17, 22, 27, 32])

54 ax[2].set_xticks([21, 26, 31, 36, 41])

55 ax[0].set_ylabel('Potential energy (eV/atom)')
56 ax[1].set_xlabel('Volume ($\AA$/atom)')
57 ax[2].legend(loc='best', fontsize=12)

58 plt.tight_layout(w_pad=-0.3)

59 for ext in ['png', 'eps', 'pdf']:
60 plt.savefig('./images/fig-bulk-eos.{0}'.format(ext), dpi=300)
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Table 3: Comparison of EOS metrics for DFT, ReaxFF, and NPNN fits as shown in Figure
fig-bulk-eos.

Structure Minimum volume (Å3) Minimum energy (eV) Bulk Mod. (GPa)
DFT-fcc 17.97 -3.23 147
BPNN-fcc 17.99 -3.23 145
ReaxFF-fcc 17.60 -3.22 122
DFT-sc 20.73 -3.02 110
BPNN-sc 20.66 -3.02 110
ReaxFF-sc 21.29 -2.96 84
DFT-diam 29.04 -2.51 56
BPNN-diam 28.98 -2.51 57
ReaxFF-diam 31.92 -2.54 37

3.1.2 BCC and HCP equations of state

To conserve space in the manuscript, the EOS for hcp and bcc structures are shown in Figure
4. The corresponding data resulting from the fits to the EOS can be found in Table 4

1 import matplotlib.pyplot as plt

2 from ase.utils.eos import EquationOfState

3 from ase.db import connect

4 import numpy as np

5 from ase.units import kJ

6

7 db = connect('data.db')
8

9 print('#+caption: Comparison of EOS metrics for DFT, ReaxFF, and NPNN fits as shown in Figure ref:si-bulk-eos.')
10 print('#+attr_latex: :placement [H]')
11 print('#+tblname: tbl-eos2')
12 print('|Structure|Minimum volume (\AA^{3})|Minimum energy (eV)|Bulk Mod. (GPa)|')
13 print('|-')
14

15 f, ax = plt.subplots(1, 2, figsize=(6, 5))

16

17 tag = ['Body Centered\nCubic', 'Hexagonal Close\nPacking']
18

19 for i, key in enumerate(['bcc', 'hcp']):
20

21 V, Qe, Re, Ne = [], [], [], []

22 for d in db.select(['bulk={0}'.format(key), 'factor']):
23 V += [d.volume / d.natoms]

24 Qe += [d.energy / d.natoms]

25 Ne += [d.neural_energy / d.natoms]

26 Re += [d.reax_energy / d.natoms]

27

28 sel = V[Qe.index(min(Qe))]

29 ind = (np.array(V) > sel - 15) & (np.array(V) < sel + 15)

30 x = np.linspace(min(V), max(V), 250)

31 V = np.array(V)[ind]

32

33 for nrg, name, col in zip([Qe, Ne, Re],

34 ['DFT', 'BPNN', 'ReaxFF'],
35 ['k-', 'r--', 'b:']):
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Figure 4: Comparison of EOS fits to DFT, ReaxFF, and NPNN training and validation set
data for the bcc and hcp structures.
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36

37 nrg = np.array(nrg)[ind]

38 eos = EquationOfState(V, nrg)

39 v0, e0, B = eos.fit()

40 fit = np.poly1d(np.polyfit(V**-(1.0 / 3), nrg, 3))

41

42 ax[i].plot(x, fit(x**-(1.0 / 3)), col, lw=2, label='{0}'.format(name))
43 ax[i].set_xlim(min(V), max(V))

44 ax[i].set_ylim(-3.5, -1.0)

45 ax[i].set_title('{0}'.format(tag[i]))
46 if i > 0:

47 ax[i].set_yticklabels([])

48 print('|{0}-{1}|{2:1.2f}|{3:1.2f}|{4:1.0f}'.format(name, key, v0, e0,

49 B / kJ * 1.0e24))

50 print('|-')
51

52 ax[0].set_xticks([14, 19, 24, 29])

53 ax[1].set_xticks([14, 19, 24, 29])

54 ax[0].set_ylabel('Potential energy (eV/atom)')
55 ax[0].set_xlabel('Volume ($\AA$/atom)')
56 ax[1].set_xlabel('Volume ($\AA$/atom)')
57 ax[1].legend(loc='best', fontsize=12)

58 plt.tight_layout(w_pad=-0.3)

59 for ext in ['png', 'eps', 'pdf']:
60 plt.savefig('./images/si-bulk-eos.{0}'.format(ext), dpi=300)

Table 4: Comparison of EOS metrics for DFT, ReaxFF, and NPNN fits as shown in Figure
4.

Structure Minimum volume (Å3) Minimum energy (eV) Bulk Mod. (GPa)
DFT-bcc 18.02 -3.21 145
BPNN-bcc 18.00 -3.21 146
ReaxFF-bcc 18.36 -3.11 107
DFT-hcp 17.98 -3.23 147
BPNN-hcp 17.93 -3.23 148
ReaxFF-hcp 17.60 -3.22 122

3.1.3 Full equations of state

1 import matplotlib.pyplot as plt

2 from ase.utils.eos import EquationOfState

3 from ase.db import connect

4 import numpy as np

5 from ase.units import kJ

6

7 db = connect('data.db')
8

9 f, ax = plt.subplots(1, 5, figsize=(12, 5))

10

11 tag = ['Face Centered\nCubic', 'Body Centered\nCubic',
12 'Hexagonal Close\nPacking', 'Simple Cubic', 'Diamond',]
13

14 for i, key in enumerate(['fcc', 'bcc', 'hcp', 'sc', 'diam',]):
15

16 V, Qe, Re, Ne = [], [], [], []

17 for d in db.select(['bulk={0}'.format(key), 'factor']):
18 V += [d.volume / d.natoms]

19 Qe += [d.energy / d.natoms]

20 Ne += [d.neural_energy / d.natoms]
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Figure 5: Comparison of full EOS fits to DFT, ReaxFF, and NPNN training and validation
set data for all structures.

21 Re += [d.reax_energy / d.natoms]

22

23

24 srt = [j[0] for j in sorted(enumerate(V), key=lambda x:x[1])]

25 V = np.array(V)[srt]

26 Qe = np.array(Qe)[srt]

27 Ne = np.array(Ne)[srt]

28 Re = np.array(Re)[srt]

29

30 ax[i].plot(V, Qe, 'k-', lw=2, label='DFT')
31 ax[i].plot(V, Ne, 'r--', lw=2, label='BPNN')
32 ax[i].plot(V, Re, 'b:', lw=2, label='ReaxFF')
33 if i > 0:

34 ax[i].set_yticklabels([])

35 ax[i].set_ylim(-3.5, 0.2)

36 ax[i].set_xlim(0, 200)

37 ax[i].set_title('{0}'.format(tag[i]))
38

39 ax[0].set_ylabel('Potential energy (eV/atom)')
40 ax[2].set_xlabel('Volume ($\AA$/atom)')
41 ax[4].legend(loc='best', fontsize=12)

42 plt.tight_layout(w_pad=-1.3)

43 for ext in ['png', 'eps', 'pdf']:
44 plt.savefig('./images/si-full-eos.{0}'.format(ext), dpi=300)

3.1.4 Manuscript figure fig-vacancy-formation

1 from ase.db import connect

2 import numpy as np

3 import matplotlib.pyplot as plt

4

5 db = connect('data.db')
6

7 # Energy of single atom fcc reference

8 ref = db.get(['bulk=fcc', 'traj=0', 'factor=1'])
9

10 C, Qe, Re, Ne = [], [], [], []

11 for d in db.select(['bulk=fcc', 'type=vacancy', 'traj=0', 'image=0']):
12 C += [d.concentration]

13 Qe += [d.energy - (d.natoms * ref.energy)]
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14 Ne += [d.neural_energy - (d.natoms * ref.neural_energy)]

15 Re += [d.reax_energy - (d.natoms * ref.reax_energy)]

16

17 plt.figure(figsize=(6, 4))

18 plt.plot([0, 0.13], [0.42, 0.42], 'k--')
19 plt.text(0.065, 0.42, 'Literature DFT', va='bottom', fontsize=14)

20 plt.plot([0, 0.13], [0.93, 0.93], 'k--')
21 plt.text(0.065, 0.93, 'Experimental', va='bottom', fontsize=14)

22 plt.text(0.125, Qe[0]+0.03, 'DFT', color='k', fontsize=14, ha='right')
23 plt.scatter(C, Qe, marker='o', color='k')
24 plt.text(0.125, Ne[0]+0.03, 'BPNN', color='r', fontsize=14, ha='right')
25 plt.scatter(C, Ne, marker='s', color='r')
26 plt.text(0.125, Re[0]+0.03, 'ReaxFF', color='b', fontsize=14, ha='right')
27 plt.scatter(C, Re, marker='^', color='b')
28 plt.xlabel('Vacancy concentration (vacancies/atom)')
29 plt.ylabel('Vacancy formation energy (eV/vacancy)')
30 plt.xlim(0, 0.13)

31 plt.ylim(0, 1.0)

32 plt.tight_layout()

33 for ext in ['png', 'eps', 'pdf']:
34 plt.savefig('./images/fig-vacancy-formation.{0}'.format(ext), dpi=300)

3.1.5 Structural relaxation of ≈ 0.015 vacancies/atom

As mentioned in the manuscript, the unit cell used to calculate the vacancy concentration
at ≈ 0.015 vacancies/atom reconfigured to a different, less favorable, local minima. This is
demonstrated in Figure 6 which depicts the energies of the relaxation pathways for the DFT
calculation. The reconfiguration is shown as the last structure in the trajectory along side
the minimum energy structure.

1 from ase.db import connect

2 import numpy as np

3 import matplotlib.pyplot as plt

4 from ase.io import write

5 from matplotlib.offsetbox import OffsetImage, AnnotationBbox

6 import matplotlib.image as mpimg

7 import os

8

9 db = connect('data.db')
10

11 trajectory = db.select(['bulk=fcc', 'type=vacancy', 'image=0',
12 'concentration=0.015625'])
13

14 E, t = [], []

15 for traj in trajectory:

16 E.append(traj.energy)

17 t.append(traj.traj)

18

19 E = np.array(E) - min(E)

20

21 fig = plt.figure(figsize=(6, 4))

22 ax = fig.add_subplot(111)

23 for i, a in enumerate([3, 0]):

24 atoms = db.get_atoms(['bulk=fcc', 'type=vacancy',
25 'traj={0}'.format(a), 'image=0',
26 'concentration=0.015625'])
27

28 write('./images/temp.png', atoms, show_unit_cell=2)

29

30 image = mpimg.imread('./images/temp.png')
31 imagebox = OffsetImage(image)

32

33 ax.add_artist(AnnotationBbox(imagebox,
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Figure 6: Relaxation pathway of the vacancy structure at the ≈ 0.015 vacancies/atom
concentration.

34 xy=(a, E[t[a]]),

35 xybox=(a + 4, E[t[a]] + 0.04*(i + 1)),

36 pad=-0.2,

37 frameon=False,

38 arrowprops=dict(arrowstyle='->',
39 color='0.5',
40 zorder=5,

41 connectionstyle='arc,angleA=-90,armA=0')
42 )

43 )

44 os.unlink('./images/temp.png')
45

46 ax.plot(t, E)

47 ax.invert_xaxis()

48 ax.set_xticklabels([])

49 plt.ylabel('Relative potential energy (eV)')
50 plt.xlabel('Reaction coordinate (a.u.)')
51 plt.tight_layout()

52 for ext in ['png', 'eps', 'pdf']:
53 plt.savefig('./images/si-vacancy-reconfig.{0}'.format(ext), dpi=300)

3.1.6 Manuscript figure fig-vacancy-diffusion

1 from ase.db import connect

2 from ase.visualize import view

3 import matplotlib.pyplot as plt

4 import numpy as np

5 from scipy.interpolate import interp1d

6 from scipy.optimize import fmin
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7

8 db = connect('data.db')
9

10 ref = db.get(['bulk', 'NEB=True', 'image=0', 'type=vacancy', 'traj=0'])
11

12 I, Qe, Re, Ne = [], [], [], []

13 for d in db.select(['bulk', 'NEB=True', 'type=vacancy', 'traj=0']):
14 I += [d.image]

15 Qe += [d.energy - ref.energy]

16 Ne += [d.neural_energy - ref.neural_energy]

17 Re += [d.reax_energy - ref.reax_energy]

18

19 sort = [i[0] for i in sorted(enumerate(I), key=lambda x:x[1])]

20

21 I = np.array([I[i] for i in sort]) + 1

22 x = np.linspace(I.min(), I.max())

23

24 fig = plt.figure(figsize=(6, 4))

25 ax = fig.add_subplot(1,1,1)

26 for nrg, name, s in zip([Qe, Ne, Re],

27 ['DFT', 'BPNN', 'ReaxFF'],
28 ['ko-', 'rs--', 'b^:']):
29

30 nrg = np.array([nrg[i] for i in sort])

31

32 f = interp1d(I, -nrg, kind='cubic', bounds_error=False)

33 xmax = fmin(f, 3.0, disp=False)

34

35 ax.plot(I, nrg, s[:2], label=name)

36 ax.plot(x, -f(x), color=s[0], ls=s[2:])

37 ax.annotate('{0} $E^\ddag$= {1:1.2f}'.format(name, float(-f(xmax))),

38 xy=(3.0, -f(xmax)), xytext=(3.7, -f(xmax)),

39 ha='left', va='center', color=s[0],

40 arrowprops=dict(arrowstyle="->",

41 shrinkB=10,

42 color=s[0]))

43

44 ax.set_xticklabels([])

45 plt.xlabel('Reaction coordinate (a.u.)')
46 plt.ylabel('Potential energy (eV)')
47 plt.xlim(1, 5)

48 plt.ylim(0, 0.62)

49 plt.tight_layout()

50 for ext in ['png', 'eps', 'pdf']:
51 plt.savefig('./images/fig-vacancy-diffusion.{0}'.format(ext), dpi=300)

3.2 Surface calculations

3.2.1 Manuscript figure fig-full-diffusion

1 from ase.db import connect

2 import matplotlib.pyplot as plt

3 import numpy as np

4

5 db = connect('data.db')
6

7 f, ax = plt.subplots(2, 2, figsize=(6, 5))

8

9 for i, k in enumerate([['single1', 'terrace', 12],

10 ['dimer1', 'dimer', 6]]):

11

12 Qe, Re, Ne = [], [], []

13 for j, d in enumerate(db.select(['config={0}'.format(k[0]),
14 'group=timo'])):
15 Qe += [d.energy]
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16 Ne += [d.neural_energy]

17 Re += [d.reax_energy]

18

19 Qe = np.array(Qe[:k[2]])

20 Ne = np.array(Ne[:k[2]])

21 Re = np.array(Re[:k[2]])

22

23 if i == 0:

24 Qe = np.hstack([Qe[::-1], Qe])

25 Ne = np.hstack([Ne[::-1], Ne])

26 Re = np.hstack([Re[::-1], Re])

27

28 m = list(Qe).index(Qe.min())

29 n = range(len(Qe))

30

31 Nerr = (Ne - Ne[m]) - (Qe - Qe[m])

32 Rerr = (Re - Re[m]) - (Qe - Qe[m])

33

34 # Plotting energy points

35 ax[0, i].plot(n, Ne - Ne[m], 'rs', label='BPNN')
36 ax[0, i].plot(n, Re - Re[m], 'b^', label='ReaxFF')
37 ax[0, i].plot(n, Qe - Qe[m], 'ko', fillstyle='none', label='DFT')
38

39 # Plotting the residuals

40 ax[1, i].plot([min(n), max(n)], [0, 0], 'k:')
41 ax[1, i].plot(n, Nerr, 'r.')
42 ax[1, i].plot(n, Rerr, 'b.')
43

44 ax[0, i].set_xlim(min(n), max(n))

45 ax[1, i].set_xlim(min(n), max(n))

46 ax[1, i].set_ylim(-0.3, 0.3)

47 ax[0, i].set_ylim(0, 1.0)

48 ax[0, i].set_title('{0} diffusion'.format(k[1]))
49 ax[1, i].set_xlabel('Reaction pathway (a.u.)')
50

51 ax[0, i].set_xticklabels([])

52 ax[1, i].set_xticklabels([])

53 if i != 0:

54 ax[0, i].set_yticklabels([])

55 ax[1, i].set_yticklabels([])

56

57 ax[1, 0].set_yticks(ax[1, 0].get_yticks()[:-2])

58 ax[1, 0].set_ylabel('Residual error (eV)')
59 ax[0, 0].set_ylabel('Total energy (eV)')
60 ax[0, 0].legend(loc='best', numpoints=1, fontsize=12, frameon=False)

61 plt.tight_layout(w_pad=0.2, h_pad=-0.3)

62 for ext in ['png', 'eps', 'pdf']:
63 plt.savefig('./images/fig-full-diffusion.{0}'.format(ext), dpi=300)

3.2.2 Manuscript figure fig-barrier-residuals

1 from ase.db import connect

2 import xlrd

3 import matplotlib.pyplot as plt

4 from matplotlib.path import Path

5 import matplotlib.patches as patches

6 import numpy as np

7

8 db = connect('data.db')
9

10 C = {}

11 for d in db.select(['group=timo', 'config!=sl']):
12 if d.config not in C.keys():

13 C[d.config] = {}

14
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15 if d.identity not in C[d.config].keys():

16 C[d.config][d.identity] = []

17

18 C[d.config][d.identity] += [[d.energy, d.neural_energy, d.reax_energy]]

19

20 rQe, rNe, rRe = [], [], []

21 for cfg, data0 in C.iteritems():

22 for lbl, data1 in data0.iteritems():

23

24 Qe = np.array(data1).T[0]

25 m = list(Qe).index(Qe.min())

26

27 Qe = Qe - Qe[m]

28 Ne = np.array(data1).T[1] - np.array(data1).T[1][m]

29 Re = np.array(data1).T[2] - np.array(data1).T[2][m]

30

31 Qe = np.delete(Qe, m)

32 Ne = np.delete(Ne, m)

33 Re = np.delete(Re, m)

34

35 rQe += list(Qe)

36 rNe += list(Ne - Qe)

37 rRe += list(Re - Qe)

38

39 pct = 0.1

40 verts = [(0., pct), (1.2, pct), (1.2, -pct), (0., -pct), (0., 0.)]

41 codes = [Path.MOVETO, Path.LINETO, Path.LINETO, Path.LINETO, Path.CLOSEPOLY]

42 path = Path(verts, codes)

43

44 Nc = path.contains_points(zip(rQe, rNe))

45 Ni = float(sum(Nc)) / len(Nc)

46

47 Rc = path.contains_points(zip(rQe, rRe))

48 Ri = float(sum(Rc)) / len(Rc)

49

50 fig = plt.figure(figsize=(6, 4))

51 ax = fig.add_subplot(111)

52 patch = patches.PathPatch(path, facecolor='y', edgecolor='y', alpha=0.3)

53 ax.add_patch(patch)

54 ax.plot([0, 1.2], [0, 0], 'k--', zorder=1)

55

56 ax.scatter(rQe[:8] + rQe[30:], rNe[:8] + rNe[30:], color='r', marker='s', zorder=10, s=30)

57 ax.scatter(rQe[:8] + rQe[30:], rRe[:8] + rRe[30:], color='b', marker='^', zorder=20, s=30)

58 ax.scatter(rQe[8:30], rNe[8:30], color='r', marker='s', facecolor='none', zorder=30, s=20)

59 ax.scatter(rQe[8:30], rRe[8:30], color='b', marker='^', facecolor='none', zorder=40, s=30)

60 ax.text(0.02, 0.38, 'Within $\pm$ 0.1 eV error:', va='top', ha='left')
61 ax.text(0.02, 0.32,

62 'ReaxFF: {0:1.1f}%'.format(Ri*100, pct*100),

63 va='top', ha='left', color='b', zorder=100)

64 ax.text(0.02, 0.26,

65 'BPNN: {0:1.1f}%'.format(Ni*100, pct*100),

66 va='top', ha='left', color='r', zorder=100)

67

68 plt.xlabel('DFT Potential Energy (eV)')
69 plt.ylabel('Residual Error (eV)')
70 plt.xlim(0, max(rQe))

71 plt.ylim(-0.4, 0.4)

72 plt.tight_layout()

73 for ext in ['png', 'eps']:
74 plt.savefig('./images/fig-barrier-residuals.{0}'.format(ext), dpi=300)

3.2.3 Figures of individual fcc(100) diffusion pathways

Not all of the fcc(100) surface diffusion pathways could be directly shown in the manuscript.
Instead, we show them here to demonstrate how each of the potentials performs in each
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case. The residuals of each method are also shown. These residuals are the same values
incorporated in Figure fig-barrier-residuals included in the manuscript.

Figure 7: Residuals to all diffusion pathways of the fcc(100) surface. Structures are repro-
duced from those used in Ref. 7.

1 from ase.db import connect

2 import matplotlib.pyplot as plt

3 import numpy as np

4

5 db = connect('data.db')
6

7 C = {}

8 for d in db.select(['group=timo', 'config!=sl']):
9 if d.config not in C.keys():

10 C[d.config] = {}

11

12 if d.identity not in C[d.config].keys():

13 C[d.config][d.identity] = []

14

15 C[d.config][d.identity] += [[d.energy, d.neural_energy, d.reax_energy]]

16

17 f, ax = plt.subplots(2, 14, figsize=(20, 6))

18

19 i = 0

20 for cfg, data0 in C.iteritems():

21 for lbl, data1 in data0.iteritems():

22

23 Qe = np.array(data1).T[0]

24 m = list(Qe).index(Qe.min())

25 n = range(len(Qe))

26

27 Qe = Qe - Qe[m]

28 Ne = np.array(data1).T[1] - np.array(data1).T[1][m]

29 Re = np.array(data1).T[2] - np.array(data1).T[2][m]

30

31 Nerr = Ne - Qe

32 Rerr = Re - Qe

33

34 # Plotting energy points

35 ax[0, i].plot(n, Ne - Ne[m], 'rs', label='BPNN')
36 ax[0, i].plot(n, Re - Re[m], 'b^', label='ReaxFF')
37 ax[0, i].plot(n, Qe - Qe[m], 'ko', fillstyle='none', label='DFT')
38

39 # Plotting the residuals

40 ax[1, i].plot([min(n), max(n)], [0, 0], 'k:')
41 ax[1, i].plot(n, Nerr, 'r.')
42 ax[1, i].plot(n, Rerr, 'b.')
43

44 ax[0, i].set_xlim(min(n), max(n))
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45 ax[1, i].set_xlim(min(n), max(n))

46 ax[1, i].set_ylim(-0.4, 0.4)

47 ax[0, i].set_ylim(-0.25, 1.6)

48 ax[0, i].set_title('{0}\n{1}'.format(cfg, lbl))

49

50 ax[0, i].set_xticklabels([])

51 ax[1, i].set_xticklabels([])

52 if i != 0:

53 ax[0, i].set_yticklabels([])

54 ax[1, i].set_yticklabels([])

55 i += 1

56

57 ax[1, 0].set_yticks(ax[1, 0].get_yticks()[:-2])

58 ax[1, 0].set_ylabel('Residual error (eV)')
59 ax[0, 0].set_ylabel('Total energy (eV)')
60 ax[0, 0].legend(loc='best', numpoints=1, fontsize=12, frameon=False)

61 plt.tight_layout(w_pad=0.1, h_pad=-0.3)

62 for ext in ['png', 'eps', 'pdf']:
63 plt.savefig('./images/si-full-diffusion.{0}'.format(ext), dpi=300)

3.2.4 Manuscript figure fig-111-slipping

1 from ase.db import connect

2 import matplotlib.pyplot as plt

3 import numpy as np

4 from scipy.interpolate import interp1d

5 from scipy.optimize import fmin

6 from ase.io import write

7 import matplotlib.image as mpimg

8 from matplotlib.offsetbox import OffsetImage, AnnotationBbox

9 import os

10

11 db = connect('data.db')
12

13 Qe, Re, Ne = [], [], []

14 for d in db.select(['miller=111', 'diffusion=slipping', 'config!=double', 'traj=0']):
15 Qe += [d.energy]

16 Ne += [d.neural_energy]

17 Re += [d.reax_energy]

18

19 Qe = np.array([Qe[-1]] + Qe) - Qe[-1]

20 Ne = np.array([Ne[-1]] + Ne) - Ne[-1]

21 Re = np.array([Re[-1]] + Re) - Re[-1]

22

23 x = np.linspace(0, len(Qe) - 1)

24

25 fig = plt.figure(figsize=(6, 4))

26 ax = fig.add_subplot(111)

27

28 for nrg, name, c, o in [[Re, 'ReaxFF', 'b^', 0.0],

29 [Ne, 'BPNN', 'rs', 0.0],

30 [Qe, 'DFT', 'ko', 0.0]]:

31 f = interp1d(range(len(nrg)), -nrg, 'cubic')
32 xmax = fmin(f, len(nrg) / 2., disp=False)

33

34 ax.plot(x, -f(x), c[0] + '--')
35 ax.plot(nrg, c, label=name)

36

37 ax.annotate('{0} $E^\ddag$= {1:1.2f}'.format(name, float(-f(xmax))),

38 xy=(xmax, -f(xmax)), xytext=(4.0, -f(xmax) + o),

39 ha='right', va='center', color=c[0],

40 arrowprops=dict(arrowstyle="->",

41 shrinkB=10, color=c[0]))

42

43 for i, a in enumerate([[0, 1.9], [2, 5.1], [7, 8.3]]):
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44 atoms = db.get_atoms(['miller=111',
45 'diffusion=slipping',
46 'config!=double',
47 'traj=0', 'image={0}'.format(a[0])])
48 del atoms[0]

49 atoms *= (3, 3, 1)

50

51 write('./images/temp.png',
52 atoms,

53 colors=['#333333', '#999999', '#CCCCCC',] * 27,

54 scale=20,

55 show_unit_cell=2,

56 radii=0.75)

57

58 image = mpimg.imread('./images/temp.png')
59 imagebox = OffsetImage(image, zoom=1.5)

60

61 ax.add_artist(AnnotationBbox(imagebox,

62 xy=(a[0], nrg[a[0]]),

63 xybox=(a[1], 0.25),

64 pad=-0.2,

65 frameon=False,

66 arrowprops=dict(arrowstyle='->',
67 color='0.5',
68 zorder=5,

69 connectionstyle='arc,angleA=-90,armA=0')
70 )

71 )

72 os.unlink('./images/temp.png')
73

74 ax.set_xticklabels([])

75 plt.xlabel('Reaction coordinate (a.u.)')
76 plt.ylabel('Potential energy (eV)')
77 plt.ylim(0, 0.3)

78 plt.tight_layout()

79 for ext in ['png', 'eps', 'pdf']:
80 plt.savefig('./images/fig-111-slipping.{0}'.format(ext), dpi=300)

3.2.5 Additional slipping barriers

To conserve space in the manuscript, only the fcc(111) single-layer surface slipping barrier
is shown, while the fcc(100) single- and double-layer barriers are depicted in this section.

1. fcc(100) single-layer slipping barrier
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Figure 8: NEB predicted slipping barrier for single layer of Au fcc(100). Initial and top
positions are shown for visual reference.

1 from ase.db import connect

2 import matplotlib.pyplot as plt

3 import numpy as np

4 from scipy.interpolate import interp1d

5 from scipy.optimize import fmin

6 from ase.io import write

7 import matplotlib.image as mpimg

8 from matplotlib.offsetbox import OffsetImage, AnnotationBbox

9 import os

10

11 db = connect('data.db')
12

13 Qe, Re, Ne = [], [], []

14 for d in db.select(['miller=100', 'diffusion=slipping', 'config!=double', 'traj=0']):
15 Qe += [d.energy]

16 Ne += [d.neural_energy]

17 Re += [d.reax_energy]

18

19 Qe = np.array([Qe[-1]] + Qe) - Qe[-1]

20 Ne = np.array([Ne[-1]] + Ne) - Ne[-1]

21 Re = np.array([Re[-1]] + Re) - Re[-1]

22

23 x = np.linspace(0, len(Qe) - 1)

24

25 fig = plt.figure(figsize=(6, 4))

26 ax = fig.add_subplot(111)

27

28 for nrg, name, c, o in [[Qe, 'DFT', 'ko', 0.0275],

29 [Ne, 'BPNN', 'rs', 0.04],

30 [Re, 'ReaxFF', 'b^', -0.010]]:

31 f = interp1d(range(len(nrg)), -nrg, 'cubic')
32 xmax = fmin(f, len(nrg) / 2., disp=False)
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33

34 ax.plot(x, -f(x), c[0] + '--')
35 ax.plot(nrg, c, label=name)

36

37 ax.annotate('{0} $E^\ddag$= {1:1.3f}'.format(name, float(-f(xmax))),

38 xy=(xmax, -f(xmax)), xytext=(6.7, -f(xmax) + o),

39 ha='left', va='center', color=c[0],

40 arrowprops=dict(arrowstyle="->",

41 shrinkB=10, color=c[0]))

42

43 for i, a in enumerate([[0, 1.9], [5, 5.1]]):

44 atoms = db.get_atoms(['miller=100',
45 'diffusion=slipping',
46 'config!=double',
47 'traj=0', 'image={0}'.format(a[0])])
48 del atoms[0]

49 atoms *= (3, 3, 1)

50

51 write('./images/temp.png',
52 atoms,

53 colors=['#333333', '#999999', '#CCCCCC',] * 27,

54 scale=20,

55 show_unit_cell=2,

56 radii=0.75)

57

58 image = mpimg.imread('./images/temp.png')
59 imagebox = OffsetImage(image, zoom=1.5)

60

61 ax.add_artist(AnnotationBbox(imagebox,

62 xy=(a[0], Ne[a[0]]),

63 xybox=(a[1], 0.53),

64 pad=-0.2,

65 frameon=False,

66 arrowprops=dict(arrowstyle='->',
67 color='0.5',
68 zorder=5,

69 connectionstyle='arc,angleA=-90,armA=0')
70 )

71 )

72 os.unlink('./images/temp.png')
73

74 ax.set_xticklabels([])

75 plt.xlabel('Reaction coordinate (a.u.)')
76 plt.ylabel('Potential energy (eV)')
77 plt.ylim(0, 0.64)

78 plt.tight_layout()

79 for ext in ['png', 'eps', 'pdf']:
80 plt.savefig('./images/si-100-slipping.{0}'.format(ext), dpi=300)

2. fcc(100) double-layer slipping barrier
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Figure 9: NEB predicted slipping barrier for a double layer of Au fcc(100). Initial and top
positions are shown for visual reference.

1 from ase.db import connect

2 import matplotlib.pyplot as plt

3 import numpy as np

4 from scipy.interpolate import interp1d

5 from scipy.optimize import fmin

6 from ase.io import write

7 import matplotlib.image as mpimg

8 from matplotlib.offsetbox import OffsetImage, AnnotationBbox

9 import os

10

11 db = connect('data.db')
12

13 Qe, Re, Ne = [], [], []

14 for d in db.select(['miller=100', 'diffusion=slipping', 'config!=single', 'traj=0']):
15 Qe += [d.energy]

16 Ne += [d.neural_energy]

17 Re += [d.reax_energy]

18

19 Qe = np.array([Qe[-1]] + Qe) - Qe[-1]

20 Ne = np.array([Ne[-1]] + Ne) - Ne[-1]

21 Re = np.array([Re[-1]] + Re) - Re[-1]

22

23 x = np.linspace(0, len(Qe) - 1)

24

25 fig = plt.figure(figsize=(6, 4))

26 ax = fig.add_subplot(111)

27

28 for nrg, name, c, o in [[Qe, 'DFT', 'ko', 0.0375],

29 [Ne, 'BPNN', 'rs', 0.06],

30 [Re, 'ReaxFF', 'b^', 0.06]]:

31 f = interp1d(range(len(nrg)), -nrg, 'cubic')
32 xmax = fmin(f, len(nrg) / 2., disp=False)

32



33

34 ax.plot(x, -f(x), c[0] + '--')
35 ax.plot(nrg, c, label=name)

36

37 ax.annotate('{0} $E^\ddag$= {1:1.3f}'.format(name, float(-f(xmax))),

38 xy=(xmax, -f(xmax)), xytext=(6.7, -f(xmax) + o),

39 ha='left', va='center', color=c[0],

40 arrowprops=dict(arrowstyle="->",

41 shrinkB=10, color=c[0]))

42

43 for i, a in enumerate([[0, 1.9], [5, 5.1]]):

44 atoms = db.get_atoms(['miller=100',
45 'diffusion=slipping',
46 'config!=single',
47 'traj=0', 'image={0}'.format(a[0])])
48 del atoms[0]

49 atoms *= (3, 3, 1)

50

51 write('./images/temp.png',
52 atoms,

53 colors=['#333333', '#999999', '#CCCCCC',] * 27,

54 scale=20,

55 show_unit_cell=2,

56 radii=0.75)

57

58 image = mpimg.imread('./images/temp.png')
59 imagebox = OffsetImage(image, zoom=1.5)

60

61 ax.add_artist(AnnotationBbox(imagebox,

62 xy=(a[0], Ne[a[0]]),

63 xybox=(a[1], 0.53),

64 pad=-0.2,

65 frameon=False,

66 arrowprops=dict(arrowstyle='->',
67 color='0.5',
68 zorder=5,

69 connectionstyle='arc,angleA=-90,armA=0')
70 )

71 )

72 os.unlink('./images/temp.png')
73

74 ax.set_xticklabels([])

75 plt.xlabel('Reaction coordinate (a.u.)')
76 plt.ylabel('Potential energy (eV)')
77 plt.ylim(0, 0.64)

78 plt.tight_layout()

79 for ext in ['png', 'eps', 'pdf']:
80 plt.savefig('./images/si-100-slipping-2.{0}'.format(ext), dpi=300)

3.3 Cluster predictions

3.3.1 Manuscript figure fig-6atom-md

1 from matplotlib.offsetbox import OffsetImage, AnnotationBbox

2 import matplotlib.image as mpimg

3 from ase.io import write

4 import matplotlib.pyplot as plt

5 import numpy as np

6 from ase.db import connect

7 import os

8

9 db = connect('md-6atom.db')
10 Qe = dict.fromkeys(range(99, 2000, 100), 0)

11

12 I, Re, Ne = [], [], []
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13 for d in db.select():

14 I += [d.image]

15 Ne += [d.neural_energy / d.natoms]

16 Re += [d.reax_energy / d.natoms]

17

18 # Only every 100th structure is DFT validated

19 if d.image in Qe.keys():

20 Qe[d.image] = d.energy / d.natoms

21

22 sort = [i[0] for i in sorted(enumerate(I), key=lambda x:x[1])]

23

24 I = np.array([I[i] for i in sort])

25 Ne = np.array([Ne[i] for i in sort])

26 Re = np.array([Re[i] for i in sort])

27

28 m = list(Ne).index(min(Ne))

29

30 # Create an image of the DFT predicted minimum

31 db0 = connect('data.db')
32 gm_atoms = db0.get_atoms(['cluster=plane-fcc', 'traj=0', 'config=2', 'natoms=6'])
33 gm = db0.get(['cluster=plane-fcc', 'traj=0', 'config=2', 'natoms=6'])
34 write('./images/tmp-gm.png', gm_atoms)

35

36 # Create an image of the BPNN predicted minimum

37 write('./images/tmp-pm.png', db.get_atoms(m), rotation='45y')
38

39 # Establish baseline for global minimum

40 Q_min = gm.energy / gm.natoms

41 N_min = gm.neural_energy / gm.natoms

42

43 fig = plt.figure(figsize=(6, 4))

44 ax = fig.add_subplot(111)

45

46 fig0 = OffsetImage(mpimg.imread('./images/tmp-pm.png'))
47 ax.add_artist(AnnotationBbox(fig0,

48 xy=(m, Ne[m]),

49 xybox=(1600, -1.8),

50 pad=0,

51 arrowprops=dict(arrowstyle='->',
52 color='0.5',
53 zorder=5,

54 connectionstyle='arc,angleA=0')
55 ))

56

57 fig = OffsetImage(mpimg.imread('./images/tmp-gm.png'))
58 ax.add_artist(AnnotationBbox(fig,

59 xy=(m, Q_min),

60 xybox=(1400, -2.22),

61 pad=0,

62 arrowprops=dict(arrowstyle='->',
63 color='0.5',
64 zorder=5,

65 connectionstyle='arc,angleA=0')
66 ))

67

68 # Remove the temporary images

69 os.unlink('./images/tmp-gm.png')
70 os.unlink('./images/tmp-pm.png')
71

72 ax.text(1700, -2.16, 'DFT', color='k')
73 ax.text(200, -2.27, 'ReaxFF', color='b')
74 ax.text(200, -1.9, 'BPNN', color='r')
75 ax.plot(range(len(Ne)), Re, 'b-')
76 ax.plot([0, len(Ne)], [N_min, N_min], 'r--')
77 ax.plot([0, len(Ne)], [Q_min, Q_min], 'k--')
78

79 for k, v in Qe.iteritems():

80 plt.plot([k, k], [v, Ne[k]], 'k:')
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81

82 ax.plot(range(len(Ne)), Ne, 'r-')
83 ax.scatter(Qe.keys(), Qe.values(), color='k', marker='o', zorder=10)

84

85 ax.set_xlim(0, 2000)

86 ax.set_ylim(-2.3, -1.7)

87 plt.xlabel('Time step')
88 plt.ylabel('Potential energy (eV/atom)')
89 plt.tight_layout()

90 for ext in ['png', 'eps', 'pdf']:
91 plt.savefig('./images/fig-6atom-md.{0}'.format(ext), dpi=300)

3.3.2 6-atom MD simulations with 2000 data points

To demonstrate how the BPNN “learns” the potential energy surface as the number of
training points increases, we have included a 6 atom MD simulation from one of the earlier
BPNNs created. This BPNN was trained to all of the cluster calculations included in the
full database up to 13 atoms large. However, no 6 atom clusters were used in the training set
in order to observe how well these structures could be extrapolated. This is a training set of

approximately 2000 calculations. The MD trajectory can be found here: (double-click
to open).

The resulting 6 atom MD simulation was performed identically to the one described in
the paper. The results of the 4000 step MD are shown in Figure 10. For easier comparison,
the energies are plotted on the same scale as the 6 atom MD simulation reported in the paper
which used the full database as a training set. The result is a substantial improvement in
the performance of the full BPNN. This demonstrates how a BPNN can be made to obtain
arbitrary levels of accuracy even with a large variety of different structure types being used
for training.

Although the errors of the early 6 atom MD simulation shown here are significantly larger,
the BPNN still accurately predicts the planer structure to be the lowest energy configuration.
Perhaps even more impressive is that it manages to do so without any information about 6
atom structures.
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Figure 10: NVT MD simulation for the relaxation of the 6 atom unit cell from a local energy
minima to the global minima. Temperature is scaled from 800 K to 300 K over the course of
the simulation. Solid lines show MD trajectories while dashed lines show energy predictions
for the global minima from DFT (black).

1 from matplotlib.offsetbox import OffsetImage, AnnotationBbox

2 import matplotlib.image as mpimg

3 from ase.io import write

4 import matplotlib.pyplot as plt

5 import numpy as np

6 from ase.db import connect

7 import os

8

9 db = connect('md-6atom-old.db')
10

11 Qe = {}

12 I, Ne, = [], []

13 for d in db.select():

14 I += [d.image]

15 Ne += [d.neural_energy/ d.natoms]

16

17 if d.DFT:

18 Qe[d.image] = d.energy / d.natoms

19

20 sort = [i[0] for i in sorted(enumerate(I), key=lambda x:x[1])]

21

22 I = np.array([I[i] for i in sort])

23 Ne = np.array([Ne[i] for i in sort])

24

25 m = list(Ne).index(min(Ne))

26

27 # Create an image of the DFT predicted minimum

28 db0 = connect('data.db')
29 gm_atoms = db0.get_atoms(['cluster=plane-fcc', 'traj=0', 'config=2', 'natoms=6'])
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30 gm = db0.get(['cluster=plane-fcc', 'traj=0', 'config=2', 'natoms=6'])
31 write('./images/tmp-gm.png', gm_atoms)

32

33 # Create an image of the BPNN predicted minimum

34 write('./images/tmp-pm.png', db.get_atoms(m), rotation='45y')
35

36 # Establish baseline for global minimum

37 Q_min = gm.energy / gm.natoms

38

39 fig = plt.figure(figsize=(6, 4))

40 ax = fig.add_subplot(111)

41

42 fig0 = OffsetImage(mpimg.imread('./images/tmp-pm.png'))
43 ax.add_artist(AnnotationBbox(fig0,

44 xy=(m, Ne[m]),

45 xybox=(1200, -2.0),

46 pad=0,

47 arrowprops=dict(arrowstyle='->',
48 color='0.5',
49 zorder=5,

50 connectionstyle='arc,angleA=0')
51 ))

52

53 fig = OffsetImage(mpimg.imread('./images/tmp-gm.png'))
54 ax.add_artist(AnnotationBbox(fig,

55 xy=(m, Q_min),

56 xybox=(3400, -2.22),

57 pad=0,

58 arrowprops=dict(arrowstyle='->',
59 color='0.5',
60 zorder=5,

61 connectionstyle='arc,angleA=0')
62 ))

63

64 # Remove the temporary images

65 os.unlink('./images/tmp-gm.png')
66 os.unlink('./images/tmp-pm.png')
67

68 ax.text(2500, -2.16, 'DFT', color='k')
69 ax.text(200, -1.9, 'BPNN', color='r')
70 ax.plot([0, len(Ne)], [Q_min, Q_min], 'k--')
71

72 for k, v in Qe.iteritems():

73 plt.plot([k, k], [v, Ne[k]], 'k:')
74

75 ax.plot(range(len(Ne)), Ne, 'r-')
76 ax.scatter(Qe.keys(), Qe.values(), color='k', marker='o', zorder=10)

77

78 ax.set_xlim(0, 4000)

79 ax.set_ylim(-2.3, -1.7)

80 plt.xlabel('Time step')
81 plt.ylabel('Potential energy (eV/atom)')
82 plt.tight_layout()

83 for ext in ['png', 'eps', 'pdf']:
84 plt.savefig('./images/si-6atom-md.{0}'.format(ext), dpi=300)

3.3.3 Manuscript figure fig-38atom-minima

1 import matplotlib.pyplot as plt

2 import numpy as np

3 from ase.db import connect

4

5 db = connect('data.db')
6

7 Qe, Re, Ne = [], [], []
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8 for d in db.select(['post=minima']):
9 Qe += [d.energy / d.natoms]

10 Ne += [d.neural_energy / d.natoms]

11 Re += [d.reax_energy / d.natoms]

12

13 Re = np.array(Re)

14 Nre = np.array(Ne) - np.array(Qe)

15 Rre = Re - np.array(Qe)

16 C = np.array(range(len(Qe))) + 1

17

18 f, ax = plt.subplots(2, sharex=True, figsize=(6, 4))

19

20 ax[0].plot(C, Ne, mec='none', mfc='r', marker='s', lw=0, label='BPNN')
21 ax[0].plot(C, Re + 0.11, mec='none', mfc='b', marker='^', lw=0, label='ReaxFF')
22 ax[0].plot(C, Qe, mec='k', mfc='none', marker='o', lw=0, label='DFT')
23 ax[0].text(12, -2.6, 'ReaxFF offset by +0.11 eV/atom',
24 va='bottom', color='b', fontsize=12)

25 ax[1].plot([C[0], C[-1]], [0, 0], 'k--')
26 ax[1].scatter(C, Nre, c='r', marker='s', edgecolor='none')
27 ax[1].scatter(C, Rre, c='b', marker='^', edgecolor='none')
28

29 ax[0].set_yticks([-2.65, -2.63, -2.61, -2.59])

30 ax[1].set_xlabel('MD minima')
31 ax[0].set_ylabel('Potential energy\n(eV/atom)')
32 ax[1].set_ylabel('Residual error\n(eV/atom)')
33 ax[0].set_xlim(C[0], C[-1])

34 ax[1].set_xlim(C[0], C[-1])

35 ax[0].legend(loc='best', numpoints=1, fontsize=12, frameon=False)

36 plt.tight_layout(h_pad=-0.0)

37 for ext in ['png', 'eps', 'pdf']:
38 plt.savefig('./images/fig-38atom-minima.{0}'.format(ext), dpi=300)

4 TOC

This is the Table of Contents graphic.

1 from ase.db import connect

2 import numpy as np

3 import matplotlib.pyplot as plt

4 from ase.io import write

5 from matplotlib.offsetbox import OffsetImage, AnnotationBbox

6 import matplotlib.image as mpimg

7 import os

8

9

10 db = connect('data.db')
11

12 Qe, Re, Ne = [], [], []

13 for d in db.select(['post=minima']):
14 Qe += [d.energy / d.natoms]

15 Ne += [d.neural_energy / d.natoms]

16 Re += [d.reax_energy / d.natoms]

17

18 DFT_time = db.get(['post=minima', 'config=121']).calc_time
19

20 pos = [(0.5, 0.8), (0.2, 0.2), (0.8, 0.2)]

21 pos2 = [(0.5, 0.6), (0.35, 0.4), (0.65, 0.4)]

22 rot = ["-15x, -130z", "", ""]

23 col = ['k', 'r', 'b']
24 pad = [-0.1, -0.7, -0.7]

25

26 fig = plt.figure(figsize=(5.5, 5))

27 ax = fig.add_subplot(111)
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28 for i, nrgs in enumerate([Qe, Re, Ne]):

29 ind = nrgs.index(min(nrgs))

30 matoms = db.get_atoms(['post=minima',
31 'config={0}'.format(ind)])
32

33 write('./images/temp.png'.format(ind), matoms, rotation=rot[i])

34

35 image = mpimg.imread('./images/temp.png')
36 imagebox = OffsetImage(image, zoom=1.75)

37

38 ax.add_artist(AnnotationBbox(imagebox,

39 xy=pos2[i],

40 xybox=pos[i],

41 pad=pad[i],

42 frameon=False,

43 arrowprops=dict(arrowstyle='<-',
44 color=col[i],

45 zorder=5)

46 )

47 )

48

49 os.unlink('./images/temp.png')
50

51 plt.text(pos2[0][0], pos2[0][1], 'DFT',
52 ha='center', size=20, va='top')
53

54 ax.annotate('Neural\nNetwork', xy=(0.45, 0.58), xytext=pos2[1],

55 va='bottom', ha='center', color='r', size=20,

56 arrowprops=dict(arrowstyle="<|-", fc='r',
57 connectionstyle="arc3,rad=-0.5",))

58

59 ax.annotate('ReaxFF', xy=(0.55, 0.58), xytext=pos2[2],

60 va='bottom', ha='center', color='b', size=20,

61 arrowprops=dict(arrowstyle="<|-", fc='b',
62 connectionstyle="arc3,rad=0.6",))

63

64 plt.text(0.5, 0.98, '{0:1.1f} hrs'.format(DFT_time/3600.),
65 va='center', ha='center', size=17)

66 plt.text(0.2, 0.01, '0.14 s', color='r',
67 va='center', ha='center', size=17)

68 plt.text(0.8, 0.01, '0.01 s', color='b',
69 va='center', ha='center', size=17)

70

71 fig.patch.set_visible(False)

72 ax.axis('off')
73 plt.tight_layout(rect=[-0.15, -0.03, 1.1, 1.02])

74 for ext in ['png', 'eps', 'pdf']:
75 plt.savefig('./images/toc.{0}'.format(ext), dpi=300)
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