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Molecular  dynamics  (MD)  simulations  accelerated  by  high-performance  computing  (HPC)  methods  are
powerful  tools  to  investigate  and  extract  the  microscopic  mechanisms  characterizing  the  properties  of
soft  materials  such  as self-assembled  nanoparticles,  virus  capsids,  confined  electrolytes,  and  polymeric
fluids.  In this  paper,  we extend  the  idea  developed  in our earlier  work  of integrating  machine  learning
(ML)  methods  with  HPC-accelerated  MD  simulations  of  soft  materials  in  order to  enhance  their  predictive
power  and  advance  their  applications  for research  and educational  activities.  Parallelized  MD  simulations
of  self-assembling  ions  in nanoconfinement  are  employed  to demonstrate  our  approach.  We  find  that  an
artificial  neural  network-based  regression  model  successfully  learns  nearly  all the  interesting  features
associated  with  the output  ionic  density  profiles  over  a  broad  range  of  ionic  system  parameters.  The ML
model  generates  predictions  that are  in  excellent  agreement  with  the  results  from  MD  simulations.  The
inference  time  associated  with  the  ML  model  is  over  a  factor  of 10,000  smaller  than  the  corresponding

parallel  MD  simulation  time.  Through  this  demonstration,  we  introduce  a  “machine  learning  surrogate”
for  MD  simulations  of  soft-matter  systems.  We  develop  and  deploy  a  web application  on  nanoHUB  to
realize  the  advantages  associated  with  the  ML  surrogate.  The  results  demonstrate  that  the performance
of  MD  simulations  can  be further enhanced  by using  ML, enabling  rapid  and  accurate  simulation-driven
exploration of  the  soft  material  design  space.

©  2020  Elsevier  B.V.  All  rights  reserved.
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ular dynamics simulations are powerful tools for inves-
the microscopic origins of the behavior of materials

 soft matter. These simulations have enabled the under-
of microscopic mechanisms underlying the assembly of
ogical and synthetic soft materials such as virus capsids
onfined electrolytes [3], polymeric liquids [40,26], and
bled nanostructures [18,10]. The molecular dynamics

thod solves Newton’s equation of motion for a system
particles and evolves the positions, velocities, and forces
d with these particles at each time step. While MD  simula-
generalizable to study a broad range of phenomena in soft
ey incur high computational costs in several applications
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ources and utilizing parallel computing techniques such
P and MPI. For example, in a typical MD  simulation of

te ions confined by material surfaces [3,32,37], ≈ 1 ns of
 of ≈ 500 ions on one processor takes ≈ 12 h of runtime.
scale is prohibitively large to extract converged results for
butions that generally require ≈ 5 ns of simulated dynam-
rming the same simulation on a single node with 16 cores
enMP shared memory reduces the runtime by a factor
1 h), enabling simulations of the same system for longer
times. Using MPI  dramatically enhances the simulation
nce: for systems with thousands of ions, speedup of over
e achieved with 8 nodes and 16 cores per node, enabling

ration of the needed data for evaluating converged ionic
ons over a broad region of parameters characterizing the
em design space. Further, a hybrid OpenMP/MPI approach
de an even higher speedup of over 400 for systems of sim-
er of ions with 32 nodes and 16 cores per node, enabling

lations that can explore the long-time dynamics of a large

f ions with fewer controlled approximations [35].
ition to enabling innovative research, the HPC-accelerated
lations are useful educational tools for teaching mate-
nce and engineering courses [23]. However, despite the
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ent of the optimal parallelization models suited for the
complexity of the system, simulations can often take
days to furnish accurate output data and desired infor-
o expedite MD  simulation-driven design of advanced soft
, it is desirable to rapidly access trends associated with
physical quantities that could be learned and predicted
onable accuracy based on the history of data generated
ier simulation runs. Further, in the area of using simula-
ducation, rapid access to simulation-driven responses to
uestions in classroom settings are desirable. In the end,

 critical need for new approaches to accelerate simula-
erage past simulations to generate accurate predictions,
dite the analysis of simulation data to classify material
s.
ne learning (ML) has the potential to address this criti-
directly. Accordingly, there has been a surge in the use of
elerate computational techniques aimed at understanding
phenomena [16]. ML  has been used to predict parame-
rate configurations in material simulations, and classify

properties [52,49,42,45,13,5,7,43,16,19,35].  Motivated by
ncements in ML  and by the challenges in employing
lations in research and education, in a recent paper

introduced the idea of integrating ML  methods with MD
ns to enhance their performance and overall usability.
nstrated that an artificial neural network (ANN) based

n model, trained on data generated via MD simulations,
lly learns a small number of pre-identified features asso-
th the simulation output. The ML  model instantaneously

 predictions in excellent agreement with results obtained
licit MD  simulations [36].

 paper, we extend the original idea to solve the prob-
pturing nearly all the interesting features of the desired
n output. We  utilize the MD  simulations of ions in
nement employed in our earlier work [32,36] to demon-

 extension of the idea. While the earlier paper showed
ly small number (3) of ML-generated predictions for the
ribution, we now demonstrate that the ANN model trained
me dataset yields accurate predictions for ≈ 150 output
rs, enabling the estimation of almost all the interesting
of the ionic density profile for a wide range of system
rs. The inference time associated with the ML  method

 factor of 10, 000 smaller than the corresponding MD
n time. Through this demonstration, we introduce a first-
d “machine learning surrogate” for MD  simulations of
er systems.
rrogates for MD  simulations expand the research explo-

 a much broader set of model parameters, enabling the
ntification of interesting regimes and reliable estimates
aterial properties. In addition to expediting research,

 access to simulation-driven responses to student ques-
bles a dynamic environment for using simulation for
al activities in classroom settings. To realize these advan-

 integrated the ML  surrogate with a web  application on
: Ions in nanoconfinement. The ML-enhanced GUI delivers
c and responsive environment to users, providing instan-
nd accurate predictions of the ionic density profile over a

ge of ionic attributes.
ganization of the paper is as follows. Section 2 provides the
nd and related work. Section 3 describes the ML  surrogate
. Section 4 presents the results of the application of the ML

 to the example soft-matter framework of self-assembling
noconfinement Finally, Section 5 provides a brief discus-
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rly, some of the content in the background and related
he original paper is repeated here.

round and related work

imulations serve as essential tools for understand-
rse self-assembly phenomena in nanoscale materials
], predicting material behavior in practical applications

 isolating interesting regions of parameter space for exper-
xploration [9]. As in our original conference proceedings
focus specifically on MD simulations of ions in nanocon-

 in this work to illustrate the idea of ML  surrogates.

simulations of ions in nanoconfinement

olyte ions drive key processes associated with soft mate-
 as the morphological changes in proteins, stabilization of

pattern formation in nanostructures, and emulsion-based
n of metal ions from wastewater. As a result, investigat-
elf-assembly of ions and extracting their distributions in

nement created by surfaces of materials such as nanopar-
lloids, or biological macromolecules has been the focus

 experimental, theoretical, and computational studies
9,51,28,46,15].  Confined electrolyte solutions themselves
rtant soft-matter systems that are ubiquitous in biol-
modern technological devices such as supercapacitors
,32].

a computational modeling standpoint, the ions are rep-
 as spheres of finite size, the material surfaces are often
s planar interfaces considering the size difference between
and the confining material particles, and the solvent is
ained to speed-up the simulations. Such coarse-grained
lations have been employed to extract the distributions
er a wide range of electrolyte concentrations, ion valen-

interfacial separations using codes developed in individual
groups [3,6,32] or using general purpose software pack-

 as ESPRESSO [41] and LAMMPS [48].

nhanced simulations of materials

t years have seen a surge in the use of ML  to acceler-
utational techniques aimed at understanding material
na. ML  has been used to predict parameters, gener-

gurations in material simulations, design coarse-grained
s, and classify material properties [7,16,42,52,53,22]. For

 Fu et al. [42] employed ANN to select efficient updates
rate Monte Carlo simulations of classical Ising spin mod-
he phase transition. Botu et al. [7] employed kernel ridge
n to accelerate MD method for nuclei-electron systems
ng the selection of probable configurations in MD  simu-
hich enabled bypassing explicit simulations for several
re recently, ML  has been used to predict specific out-

he dissociation timescale of compounds) of ab initio MD
ns by bypassing the time evolution of the particle trajecto-
Also, convolutional neural network based ML  “emulators”
n introduced recently to predict output functions (e.g.,
ectrum) of simulations in biogeochemistry and other
[38]. However, relative to “hard” condensed matter sys-
rvey of literature finds far fewer applications of ML  in the
D simulations of soft materials [16,35].

nhanced simulations as web applications
UB is the largest online resource for education and
in nanotechnology [39]. This cyberinfrastructure hosts
web applications for launching simulations and serves 1.4



utatio

million u
cuting sim
We have
tools on 

ena in m
Nanosph
[8], and P
nanoconfi
dents to 

years sin
100 users

The in
simulatio
far less ex
on nanoH
formance
tool emp
itations in
energy tr

3.  ML  su

We no
[36], tha
improvin
gates for
the appro
simulatio
between 

simulatio
evolution
of this fra
cations to
of the sof
trol para
system an
These inp
ter. Simul
module. 

(predict) 

MD simu
when a s
of the sim
retraining
successfu
predictio
the behav
paramete

ML su
(i) learn 

simulatio
state poin
interactiv

We  no
cific case 

the appro
tribution
identical,
ing a con
the electr
eters suc
The outp
of ions in
petition b
ionic dyn

ur  ea
) m

ity, p
erfor
ort v
t reg
rate
ity p
llent

Data

rior 

sted 

mete
s w

proc
by on
h ar

e in t
e inp
acter
lt (el
ion v
ave t

 diffe
: h ∈
(0.5,
gati
erat

icatio
rate

 is a
e.
he co
ut. T

 is re
ete 

te an
age, 

 ense
 h. (≈
train
ueue

ng cl
aset r
he e
g a r
poin
ciate

 sele
uces
sured
metr
lting

ts ar
. Acc
ake 

eft h

Feat
J.C.S Kadupitiya, F. Sun, G. Fox et al. / Journal of Comp

sers worldwide. nanoHUB provides online access for exe-
ulation codes to researchers, students, and educators.

 deployed MD  simulation frameworks as computational
nanoHUB to explore diverse self-assembly phenom-

aterials. These tools are: Ions in Nanoconfinement [37],
ere Electrostatics Lab [34], Nanoparticle Assembly Lab
olyvalent Nanoparticle Binding Simulator. The “Ions in
nement” tool [37] has been extensively employed by stu-

learn nanoscale self-assembly concepts [23]. In about 2
ce its launch, this nanoHUB tool has been used by over

 and run over 2600 times [37].
tegration of ML  for performance enhancement of scientific
n frameworks deployed as web applications is relatively
plored. Our survey indicated that only one simulation tool
UB [21] employs ML-based methods to enhance the per-

 and usability of the simulation software. This simulation
loys a deep neural network to bypass computational lim-

 extracting transfer times associated with the excitation
ansport in light-harvesting systems [21].

rrogates for MD  simulations

w describe a general approach, first introduced in Ref.
t utilizes ML  to enhance MD  simulations, significantly
g their use in research and education. The “ML  surro-

 MD  simulations” framework can be broadly defined as
ach where an ML  model, trained on data from completed
ns, is used to approximate the complex relationships
the physical input parameters and the output functions of
ns, bypassing the explicit computation of the trajectory

 of the simulated components. Fig. 1 shows the overview
mework in the context of soft materials engineering appli-

 predict the structural and dynamical properties (outputs)
t-matter system over a broad range of experimental con-
meters (inputs). First, the attributes of the soft-matter
d the control parameters are fed to the framework (Fig. 1).
uts are used to launch the MD  simulation on the HPC clus-
taneously, these inputs are fed to the ML-based prediction
Both the MD  and ML  methods are designed to extract
the desired output quantities. Error handler aborts the
lation program and displays appropriate error messages
imulation fails due to any pre-defined criteria. At the end

ulation run, the output quantities are saved for future
 of the ML  model, which occurs after a set number of new
l simulation runs. After yielding a sufficiently large set of
ns, the ML  surrogate rapidly provides trendlines capturing
ior of output quantities as a function of variation in input
rs.
rrogates for MD  simulations enable several capabilities:
pre-identified interesting features associated with the
n outputs, (ii) generate accurate predictions for unseen
ts, (iii) enable instantaneous predictions, and (iv) improve
ity with anytime access to simulation results.
w describe the application of this framework to the spe-

of MD  simulations of ions in nanoconfinement to illustrate
ach in further detail. Here, the goal is to extract the dis-

 of ions confined by two material surfaces represented as
 uncharged parallel plates at z = −h/2 and z = h/2 (creat-
finement length of h). The inputs include the attributes of
olyte ions such as valency and size, and the control param-
h as electrolyte concentration and interface separation.
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rlier work [36] showed that an artificial neural network
odel can accurately predict 3 key output features: contact
eak density, and mid-point density of confined ions. ANN
med other ML  techniques such as polynomial regression,
ector regression, decision tree regression, and random
ression. In this paper, we show that the ANN model can

 predictions for nearly all the desired features of the ionic
rofile, producing almost the entire ionic distribution in

 agreement with explicit MD simulation results.

 generation, preparation, and preprocessing

domain experience and backward elimination using the
R squared is used for selecting the most significant input
rs for creating the training data set. This process deter-

hich inputs are important to change the desired output.
ess begins with all possible inputs and eliminates them
e, monitoring the adjusted R squared value to determine

e important. Dropping of an input that produces a sharp
he R squared value is indicative of the high importance
ut parameter. Using this process, five input parameters
izing the ionic system are identified: confinement length
ectrolyte) concentration c, positive ion valency zp, nega-
alency zn, and the ion diameter d. All ions are assumed
he same diameter; in general, oppositely charged ions
rent sizes. The range of each parameter is selected as fol-

 (3.0, 4.0) nm,  c ∈ (0.3, 0.9) M,  zp ∈ 1, 2, 3, zn ∈ −1, and
 0.75) nm. The salt concentration is defined as the number
ve ions per unit volume [36,35,32]. We  note that system
ure is another important input parameter. In this initial
n, temperature is held fixed and we have employed data

d at room temperature (298 K). Min-max normalization
pplied to normalize the input data at the preprocessing

nverged distribution for positive ions is selected as the
he dataset created for investigations in the earlier work
used. This dataset was  generated by sweeping over a few
values for each of the input and output parameters to
d run 6864 MD simulations utilizing HPC resources. On
each MD simulation was performed in the NVT (canon-
mble for over ≈ 5 ns of ionic dynamics, and took 4200

 36 min  per simulation with MPI/OpenMP parallelization).
ing dataset creation took approximately 25 days including

 wait times on the Indiana University BigRed2 supercom-
uster. The data associated with the ionic density profiles
elevant to our investigation), was  over 2 GB.

ntire data set is separated into training and testing sets
atio of 0.8:0.2. In our earlier work, contact density �c ,
t (center of the slit) density �m, and peak density �p

d with the final (converged) distribution for positive ions
cted as the output parameters [36]. Each MD  simulation

 positive ion distribution characterized by ionic density
 at ≈ 300 positions as output. For simplicity, using the

y of ionic density around the confinement center z = 0
 from neutral surfaces), approximately half of the 300

e selected as the output parameters to train the ML surro-
ordingly, in the experiments that follow, ML  is employed
P ≈ 150 predictions characterizing the density of ions in
alf of the confinement (with z ∈ (−h/2, 0)).

ure extraction and regression
ing earlier paper [36], the ANN architecture with 2 hidden
g. 2) is implemented in TensorFlow [1] for regression and
n of P ≈ 150 continuous (output) variables. The process of
n first determines weights and biases in the two hidden
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Fig. 1. System overview of the ML  surrogate for MD simulation approach for generating rapid and accurate predictions associated with the behavior of soft materials.
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lowing an error backpropagation algorithm, implemented
hastic gradient descent procedure. This process employs
ve learning algorithm that uses a training dataset to update
ts and biases in the hidden layers. Regression is done by

forward prediction.
e of the hidden layers was chosen to be over 150 informed

gher dimensions of the output data. By performing a grid
yper-parameters such as the number of first hidden layer
ond hidden layer units, batch size, and the number of

re optimized to 512, 256, 25, and 4000 respectively. The
e is a hyperparameter of the stochastic gradient descent

 that controls the number of training samples that are
to pass through the model before its internal parame-
pdated. The number of epochs is a hyperparameter that

the number of complete passes made through the entire
ataset. Adam optimizer is used to optimize the error back-

ion. The learning rate of Adam optimizer and the dropout
e dropout layer is set to 0.0001 and 0.15 respectively to
verfitting. Both learning and dropout rates were selected
ial-and-error process.
eights in the hidden layers and in the output layer are ini-
r better convergence using a Xavier normal distribution
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uare loss) between target and predicted ionic density val-

used in a
approach
groups, o
as a valid
dict the output density profile of ions in nanoconfinement.

d for error calculation. ANN implementation, training, and
e programmed using scikit-learn, Keras, and TensorFlow
ies [14,11,1]. Scikit-learn is used for grid search and scal-
s is used to save and load models, and TensorFlow is used

 and train the neural network.

ts

minary results

 earlier work [36] we experimented with 6 regression
 predict the key output density features identified above:
ensity (�c), mid-point density (�m), and peak density

se models were tested on 2060 sets of input parameters
 c, d). Table 1 shows the success rate and the mean square
E) for testing data sets. The success rate was calculated

 the error bars associated with the density values obtained
mulations: ML  prediction was considered successful when
cted density value was  within the error bar of the simula-
ate. Simulations were run for sufficiently long times (over

 obtain converged density estimates and error bars. MSE
e calculated using k-fold cross-validation techniques with
-fold cross-validation is a statistical technique commonly

pplied ML  to estimate the accuracy of the ML  models. This

 involves randomly dividing the set of observations into k
r folds, of approximately equal size. The first fold is treated
ation set, and the method is fit on the remaining k − 1 folds.
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Table  1
Comparison of regression models for the prediction of the output ionic density values.

Model Contact density Midpoint density Peak density

Success % MSE Success % MSE  Success % MSE

Polynomial 61.04 0.0129300 60.84 0.0187700 61.87 0.0100400
Kernel-Ridge  78.86 0.0030900 76.57 0.0041200 75.93 0.0049800
Support  Vector 80.11 0.0012700 79.55 0.0024900 81.98 0.0010600
Decision  0.0094900 62.47 0.0110700
Random  F 0.0078900 75.09 0.0040800
ANN-base 0.0002293 94.78 0.0002306
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d  95.52 0.0000718 92.07 

ccuracy is determined by taking the average over (k − 1)

ased regression model with implementation details
 in Section 3 predicted �c , �m and �p accurately with a

ate of 95.52%, 92.07%, and 94.78% respectively. MSE  val-
ch of these predictions were small as shown in Table 1.
erformed all other non-linear regression models investi-

ble 1) including Polynomial, Kernel-Ridge, Support Vector,
Tree and Random Forest. Among these other models, the
verage success rates of 80.11%, 79.55%, and 81.89% for
ns of �c , �m and �p values respectively were obtained for
ort Vector regression model [36]. To enable a clear com-
f ANN results with those obtained via other regression
e discuss briefly the implementation details associated

r methods below.
mial  regression was tested with scikit-learn “Polynomi-

s”. Different “degree” parameter values (representing the
he polynomial used to approximate the target function)
erimented with and the highest reported accuracy was
for degree of 4. Support Vector was tested with scikit-
R” implementation and we experimented with different
nsformation functions such as linear, polynomial, radial

ction (rbf), and sigmoid. The highest reported accuracy
ined for the rbf kernel with kernel coefficient � = 0.1,
ollowing optimization (meta) parameters: regularization
r C = 100, and no-penalty distance � = 0.1. Kernel-Ridge
s tested with scikit-learn “Kernel ridge regression (KRR)”

ntation. Experiments with different input arguments for
l transformation function were performed; the highest
accuracy was obtained for the rbf kernel with kernel
t � = 0.1. Decision Tree was tested with scikit-learn
TreeRegressor” implementation and we experimented
erent input arguments for the maximum depth of the
the highest reported accuracy was obtained for the max-
pth of 4. Random Forest was tested with scikit-learn
ForestRegressor” implementation and we  experimented
rent input arguments for maximum depth of the tree and
er of trees in the forest. The highest reported accuracy was
for maximum depth of 4 and 25 number of trees. All these
as well as the ANN model were trained and validated with

 test data.
shows the comparison between the predictions made by
odel and the results obtained from MD  simulations for the
id-point, and peak densities associated with positive ions
lts are shown for a randomly selected subset of the entire
taset described in Section 3.1. �c , �m and �p predicted by
odel were found to be in excellent agreement with those
d using the MD  method; data from either approach fall on
d lines which indicate perfect correlation.
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 order to demonstrate this, we examine both the over-
aracteristics and the accuracy of the model. Overfitting
istics are assessed by comparing two  losses: training loss
g data and validation loss on test data. Training loss is the
f the MSE  between the prediction and the target values for
g data. Validation loss is the average of the MSE  between
ction and the target values for all testing data. The train-
alidation loss on 5491 and 1373 simulations decrease to

 and 0.000024 respectively within 4000 epochs of train-
ar amounts of reduction in training and validation losses

 that the ML  model is not overfitted [12].
lly, in regression problems, accuracy or success rate is
y not defined. To facilitate the comparison of ML  predic-

 MD results, we  define a prediction as successful when the
alue predicted by the ML  surrogate �ML is within the error
ted with the corresponding MD  simulation estimate �MD

ruth). For each simulation, the MD result for the output
sity is represented by a set of ≈ 150 points associated with
etized positions characterizing the confinement length.
rediction made by the ML  model corresponds to the nth

in this output set. We  define the average success rate or
 associated with the ML  approach for the nth prediction as:

t

Ntest∑

i=1

�
(∣∣�ML

n,i − �MD
n,i

∣∣ , �n,i

)
(1)

dicates the simulation index, Ntest is the number of sam-
ulations) in the test data, and �(x, �) is a step function
 �(x, �) = 1 for x < �, and �(x, �) = 0 for x ≥ �. The overall
-average success rate A of the ML  prediction for the entire

rofile can be estimated using A = (1/P)
∑P

n=1An, where the
w over the total number of predictions P.



6 J.C.S Kadupitiya, F. Sun, G. Fox et al. / Journal of Computatio

Fig. 4. Succ
(An is define

Fig. 4 

predictio
be well-e
ciated wi
are not s
ionic den
0 (region
from ente
A = 0.958
are An = 

4.3. Ionic
and  MD  s

We  no
ing the c
surrogate
are show
testing da
system II
and syste
aforemen
confinem
zn, salt co
ionic den
II, III, and
the ML-p
result ext

To  ma
ulation re
of the ML
(1), we d
ith system

Ai = 1
P

P∑

n=

where  �
the total 

before, Ai

ing P ≈ 1
III, and IV
cess rate 

the ML  p
error bou
example,
crete pos

obtained
results o
maximum
positions
ing the e
out that 

time of ≈
details).

4.4. Insta

The go
surrogate
time” for
trendline

6 sh
dline
put p
ig.  6(

 of va
ectiv
of ne
mete
gene
for di
ucce

 of v
, and
ictio
e 0.9
the n
creas
surfa
s infe
e sys

ML  i

 the
ve of
tific

tp + t

re  tsi

el, tp

on (o
L  pre
atas
latio
eate
ing 

.
 the
e, th
ns (N
ing 

simu
≈ 60
the r
ogate
00 (=
ess rate An associated with the nth prediction made by the ML  surrogate
d in Eq. (1)).

shows the success rate An associated with the nth ML
n for the testing dataset. In order for the prediction to
valuated, An is only computed for ML  predictions asso-
th non-vanishing �MD (�MD /=  0). In other words, results
hown for ≈ 20 output parameters (P ≈ 130) where the
sity and associated error from MD  simulations are exactly
s near the left wall where finite-sized ions are prohibited
ring). The ensemble-average success rate is found to be
, and the lowest and highest recorded values for accuracy

0.86 and An = 0.997 respectively.

 density profiles: comparing ML  surrogate predictions
imulations

w present plots of the positive ion density profiles show-
omparison between the predictions made by the ML

 and the results obtained from MD  simulations. Results
n for a set of 4 systems randomly selected from the entire
taset. These 4 systems are: system I (3.2, 1, −1, 0.6, 0.65),

 (3.6, 3, −1, 0.9, 0.75), system III (3.3, 3, −1, 0.35, 0.714),
m IV (3.6, 1, −1, 0.9, 0.6), where the parentheses list the 5
tioned input parameters characterizing the ionic system:
ent length h, positive ion valency zp, negative ion valency
ncentration c, and ion diameter d. Fig. 5(a)–(d) shows the
sity profiles predicted by the ML  surrogate for systems I,

 IV respectively. As the figure indicates, for each system,
redicted density profile is in excellent agreement with the
racted using MD  simulation (ground truth).
ke the comparison between ML  predictions and MD sim-
sults more quantitative, we extract the overall accuracy

 prediction for each system (density profile). Similar to Eq.
efine this accuracy or success rate Ai associated with the

 (simulation configuration) as:

1

�
(∣∣�ML

n,i − �MD
n,i

∣∣ , �n,i

)
(2)

 is the step function defined above, and the sum is over
number of predictions P made using the ML  approach (as
is meaningful only at non-zero ionic density values, mak-
30). Using Eq. (2), the success rates Ai for systems I, II,

 are found to be 0.98, 0.91, 0.78, 0.89 respectively. Suc-
Ai represents the number of discrete positions (z) where

Fig. 

tren
in in

F
ions
resp
ber 

para
ML-
sity 

the s
ions
0.98
pred
b) ar
and 

c, in
left 

tion
thes

4.5.  

In
trati
scien

S =

whe
mod
dicti
of M
ing d
simu
to cr
train
time

In
abov
ratio
train
MD 

tsim

ing 

surr
10,0
redictions of density values were found to be within the
nds produced by the associated MD  simulation results. For

 a success rate of 89% means that density values at 89 dis-
itions out of 100 were predicted within the uncertainty
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compare
cating a c
of 128.
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 from MD simulations. As discussed above, compared to
btained using other regression models which showed a

 success rate of ≈ 80% for density predictions at different
 within the confinement, ANN success rates for predict-
ntire density profile are better on average. We  also point
the ML  inferences are made at a relatively much smaller

 0.2 s compared to MD simulations (see below for further

ntaneous trendlines using ML surrogates

od agreement between ionic densities generated via ML
 and MD  simulations as well as the much smaller “lookup

 obtaining the ML  inferences enable the generation of
s for the entire density profile almost instantaneously.
ows a selected subset of these ML-surrogate-predicted
s  exhibiting the variation of ion distributions with changes
arameters.
a) and (b) shows the variation in the density of positive
lency zp = 1, 2, 3 at salt concentration c = 0.5 M and 0.9 M
ely (note that we define c = Nn/V , where Nn is the num-
gative ions and V is the simulated volume). Other input
rs are fixed to h = 3.0 nm,  zn = −1, and d = 0.7 nm. The

rated trendlines are able to track distinct variations in den-
fferent ion valencies and salinity conditions. Using Eq. (2),
ss rates Ai associated with ML  predictions of profiles for

alency 1, 2, 3 at c = 0.5 M (Fig. 6 a) are found to be 0.93,
 0.92 respectively. Similarly, Ai values associated with ML
ns of profiles for ions of valency 1, 2, 3 at c = 0.9 M (Fig. 6
3, 0.96 and 0.89 respectively. The peak of the ionic density
umber of oscillations increase with c. Further, at a given
ing the ion valency leads to the depletion of ions near the
ce (reduced ion density near z = 0). Both these observa-
rred by the ML  surrogate follow the expected behavior in
tems as reported and elucidated in previous work [32].

nference time and overall speedup

 earlier paper [36], we introduced a simple formula illus-
 the possible gains or speedup S resulting from the use of

 ML  surrogates:

tsim

tr · Ntr/Np
, (3)

m is the time to run the MD  simulation via the sequential
is the time it takes for the ML  surrogate to make a pre-
r “lookup” time) for one set of inputs, Np is the number
dictions made, Ntr is the number of elements in the train-
et, and ttr is the average walltime associated with the MD
n to create one of these elements. Ntrttr is the total time

 the training dataset which includes the generation of the
data using MD simulations and the TensorFlow training

 specific case of the system of confined ions considered
e training dataset consisted of 5491 simulation configu-
tr = 5491). The time ttr to generate one element of this

set is similar to the average runtime of the parallelized
lation. For the MD simulations considered in this work,

 h, ttr ≈36 min, and ML  inference time tp ≈ 0.2 s. Compar-
un times of the parallelized MD simulation and the ML
, we  find that the ML  surrogate yields output results over

 ttr/tp) times faster than the parallel MD simulation. We

 that the ML  surrogate is using 1 core to infer the result as
d to 128 cores employed by the parallel simulation, indi-
omplementary reduction in resource utilization by a factor
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Fig. 5. Ionic density profiles for systems I (a), II (b), III (c), and IV (d) predicted by the ML  surrogate (circles) and extracted with MD simulation (squares). See main text for
system definitions.

Fig. 6. Trendlines generated using ML  surrogate to examine the variation in ionic density with positive ion valency at salt concentration (a) c = 0.5 M and (b) 0.9 M.  See main
text  for the values of other input system parameters.

Fig. 7. Ecosystem of the computational tool, “Ions in nanoconfinement” [37], deployed on nanoHUB.
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lation using the in-house program or LAMMPS [48]. The
 given the option of clicking on “Cluster mode” button for

 supercomputing resources to lower the computing time.
 the state of the “Cluster mode” button, execution engine
mits a job on a computing cluster or runs the simulation

When the simulation is over, the execution engine passes
ated data to the postprocessing script to generate the pos-
negative ion density profiles. These files are plotted on the
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ded the option to download the associated data from the
ds” tab.

can enable ML  surrogate any time by clicking the “Predict
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 nm.
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