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Abstract

Dissipative particle dynamics (DPD) is a promising candidate technique for mod-
eling rheological properties of soft matter systems. However, several method-
ological issues inhibit its exploitation as a computational rheology tool. In this
work, we focus on the development of an automated method to compute transport
properties from equilibrium simulation with particular attention to the assessment
of the Green-Kubo approach reliability and computational feasibility for a large
set of simple DPD systems with increasing Schmidt number. Furthermore, we
investigate the time step size dependency of dynamic properties and the role of
different time integration schemes. In particular, we assess the performance of the
Shardlow-splitting algorithm against the most popular modified velocity-Verlet
algorithm. We consider, for the first time, application of the Shardlow-splitting
algorithm to the transverse DPD thermostat in different friction regimes relying
on systematic numerical experiments. In addition, we make use of these findings
to perform a multi-parametric study aiming to investigate the Schmidt number
relationship with the effective friction coefficient.

Keywords: Automated algorithm, Dissipative Particle Dynamics, Green-Kubo
formula, Equilibrium methods, Transport Properties, Transverse DPD thermostat
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1. Introduction

It is now widely accepted that modern chemical engineering relies on com-
putational methods for investigating the scale-up and design of equipment for the
processing of soft matter materials, as they contribute to reduce the number of ex-
periments [1]. Although multiscale modelling is a particularly challenging prob-
lem for this class of materials, it is the key to success in modelling their complex
behaviour [2, 3, 4, 5]. Soft materials are very common in food, personal-care and
pharmaceutical industries and include polymeric solutions and melts, suspension
of colloidal particles, micellar solutions and liquid foams. Their rheological prop-
erties are very important as they define their possible applications, and they play
a crucial role in the definition of design and scale-up rules for the corresponding
processes and equipment. Their prediction requires the fluid characterization at
lower scales than macro-scale. On the other hand, conventional molecular sim-
ulation methods would require an unfeasible simulation time because the char-
acteristic size of the system range from nanometres to micrometres and the time
evolution of the process under investigation can be of order of microseconds or
milliseconds [6].

To overcome this limitation, a mesoscopic simulation technique able to bridge
the gap between micro-scale and macro-scale models such as dissipative particle
dynamics (DPD) is needed [7]. In DPD, groups of atoms and molecules are clus-
tered into single units, so-called beads, each representing a complex molecular
component of the system. Coarse-graining (CGing) plays a vital role in the DPD
as it allows to simulate the hydrodynamic behaviour of complex fluids with a con-
siderably lower number of particles, thereby significantly impacting on the speed
of the simulation. Although CGing is a central element due its scale-bridging role,
also other positive unique features make DPD very promising from the applica-
tions perspective, among mesoscopic simulation techniques. The quality and soft-
ness of effective interactions between beads allow to treat both static and flowing
soft matter systems, at physically interesting length- and time-scales. It is consid-
ered one of the most flexible simulation techniques, widely used for soft matter
systems, with applications to colloidal particles [8], polymer molecules [9] and
fluid mixtures, self-assembly of surfactants [10] and polymers [11, 12, 13, 14],
modeling of binary mixtures [15] or mixing in structured fluids [16]. Such ma-
terials have a complex rheological behaviour resulting from their morphological
properties. Even though the rheological behaviour of complex fluids can be re-
lated to the structural changes occurring under fluid motion, it is important at
first to estimate the viscosity of morphologies in equilibrium without perturbing



them. In fact, while the DPD ability to rapidly scan conformational space is well
known, some issues related to the confident use of equilibrium approaches for the
viscosity calculation remains unsolved [17, 18].

The viscosity resulting from equilibrium simulation is usually calculated by
integrating the stress autocorrelation function (SACF), according to the Green-
Kubo (GK) relation [19]. The main drawback of this approach is related to the
large fluctuations associated with the stress tensor elements values, leading to
poor accuracy in the resulting viscosity [20]. Therefore very long simulations are
required to ensure good statistics in the SACF. Moreover, the direct use of the
GK formula is often impossible since the calculation of the SACF will require the
treatment of all the particle velocities at every investigated time step. Therefore,
approximate algorithms based on different simplified strategies are commonly
available in the main DPD codes. The influence of the adopted strategy in the
calculation of the SACF is often overlooked, requiring an in-depth analysis, often
carried out manually through a trial and error procedure, to obtain a final viscosity
value independent on the simplified strategy.

In DPD, uncertainty in the results is also linked to the dissipative force, where
the error in viscosity increases with increasing its importance as in the case of high
Schmidt number fluids simulation. Therefore, special attention was devoted to the
solution of some methodological issues related to the simulation of high Schmidt
number fluids. In particular, this work investigated the role of different integration
algorithms and the effect of time step size on the statistical accuracy using an
extension of the standard DPD [21, 22, 23]. Another important aspect to consider
is the capability of DPD to simulate high Schmidt number fluids. Indeed, it was
claimed that although standard DPD [24, 25] gives good prediction of equilibrium
static properties, it fails in reproducing the Schmidt number (Sc) of real fluids
[7]. Two important transport properties are grouped into the Schmidt number, Sc,
defined as the ratio between the fluid kinematic viscosity, v, and the self-diffusion
coefficient, Z:

1%

Sc = 7 (1)

The Sc characterizes the dynamic behaviour of fluids and it is an important quan-
tity to consider in simulating unsteady and complex flows, since the Schmidt num-
ber of the solvent strongly affects non-equilibrium quantities of complex fluids,
such as viscosity [26].

The soft potentials used in DPD do not transport momentum as efficiently as
real interparticle potentials. In a liquid, unlike a gas, momentum can be trans-



ported rapidly by the intermolecular forces. On the other hand, mass transport
occurs by the displacement of molecules and it is, by comparison, slow. Sc is
therefore a large number (for water Sc is O(10%)). The main drawback of stan-
dard DPD is the lack of shearing dissipation, which has a great impact on the
resulting viscosity of the simulated DPD fluid. In fact, with the standard DPD
method, the dissipative force vanishes, no matter how close the two particles are,
whenever the relative velocity between two beads is perpendicular to their dis-
tance. To overcome this issue, Junghans and co-workers proposed an extended
DPD version [21] in which the shearing dissipation is considered by evaluating
the perpendicular contribution of dissipative and random forces. This extension
can be interpreted as a different thermostat for DPD, a transverse DPD thermostat,
that is able to describe the damping perpendicular to the interatomic axis, mim-
icking the shear of those degrees of freedom that were integrated out in the CGing
procedure [21, 27].

A previous study tested [23] the transverse DPD thermostat applying the so-
called generalized weighting function (GWF) [22, 28, 29, 30] and it was proved
that it is possible to turn standard gas-like dynamics into liquid-like dynamics
acting on dissipative parameters and the GWF exponent. Furthermore, it was
observed that three different sets of DPD parameters lead to the simulation of a
fluid with the same Sc number, radial distribution function (RDF) and effective
friction coefficient[23], a measure of the overall bead friction. In particular, high
Sc number fluids are particularly challenging to simulate due to the imbalanced
importance of dissipative and random forces over conservative one, requiring par-
ticular attention in the investigation of the equation of motion (EOM). In the past
few years, a great effort has been devoted to the design of simple, efficient and
accurate numerical methods to integrate the EOM for DPD beads. All the meth-
ods exhibit the appearance of spurious effects with increasing time step size, such
as the unphysical systematic drift of the temperature, uncontrolled spatial corre-
lations among particles, errors in computed static and dynamical properties [31].
However, very small time step size significantly limits the time scales accessible
for DPD simulation [32]. Nikunen et al. [33] showed that the performance of the
Shardlow’s scheme are superior to those of several other schemes for a number of
different observables. Recently, Shardlow-like splitting algorithms have been fur-
ther applied in DPD with various fixed conditions, and its parallel implementation
has also been developed [34, 35, 36].

Therefore this contribution has three elements of novelty. First, the devel-
opment of an automated reliable method to compute transport properties from
equilibrium simulations, based on an iterative algorithm to evaluate the reliabil-
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ity of the simplify strategy of the SACF. Second, the implementation in the open
source software LAMMPS [37] and the performance assessment of the Shardlow-
splitting algorithm formulated within the velocity-Verlet scheme (VV-SSA), in
comparison with the most popular modified velocity-Verlet algorithm (VV) with
application to the transverse DPD thermostat and in different friction regimes re-
lying on systematic numerical experiments. Third, the use of the findings of the
first two points to perform a multi-parametric study aiming to investigate the Sc
number relationship with the effective friction coefficient.

The outline of the article is as follows. Section 2 presents the DPD EOM with
the transverse DPD thermostat and the GWE, time integration schemes and the
methods of calculating the transport properties. Section 3 is dedicated to com-
putational details: the workflow of the developed algorithm for fluid transport
properties calculation is illustrated and the setup of simulations is shown. In Sec-
tion 4 the results are presented and discussed, leaving the conclusions in Section 5

2. Dissipative Particle Dynamics: A Coarse-Grained Simulation Technique

2.1. Transverse DPD thermostat: Mathematical formulation

DPD is a particle-based mesoscopic method in which groups of atoms are
clustered into single particles, often called beads. The time evolution of each
bead can be calculated by Newton’s second law:

dl‘i dV,‘ fl'

—_— ‘7'7 _— = -, 2

dt odr omy )
where r; and v; are the position and velocity of the i—th bead with the mass m;,
respectively. Typically in DPD, the mass of a single DPD bead, cutoff radius and
thermal energy are taken as, respectively, mass, time and energy units to define
DPD units. In the case of a simple DPD fluid, the force f;, acting on i—th bead is
a sum of three pairwise contributions:

fi = §'<F5+F3+F£§>. (3)
JFl

In Eq. (3), the sum runs over the indices of beads contained in the closest vicinity
of bead i within a certain cutoff radius.

The conservative contribution, Fl-cj, is a soft-repulsive force acting between two



beads i and j having the following functional form:

rii \
C aij (1—%) Lij, rij<rcc
0, Tij >rg

where a;; denotes a maximum repulsion between beads i and j, r;j = |r;j| = [r; —
r j| is the separation distance between a pair of the beads, F;; = r;; /ri j 1s the unit
vector of the bead-bead separation distance and r< is the cutoff radius for the
conservative interactions.

Dissipative force and random forces, Fg and Fﬁ-, respectively, represents the
effects of viscosity slowing down the particles motion with respect to each other
and of thermal or vibrational energy of the system acting together as a thermostat.
The random and dissipative forces are coupled via the fluctuation—dissipation the-
orem (FDT) [25], ensuring sampling from the appropriate probability distribution
while conserving total system momentum.

In this work, the extended DPD thermostat, proposed by Junghans and co-
workers [38], was used. The expressions for dissipative and random forces include
shear components can be written as

Ff = —ywi (rij) (Rij - vij JRij — vowd (rif) (L= B38])vij, S

Ffi = G|W|(rij)j_z—tfij+GJ_WJ_(rij>(I_fijf'iTj)%~ (6)
Here y) and y, are parallel and perpendicular dissipative parameters, respectively,
analogously o) and o are parallel and perpendicular noise parameters, w| (7))
and w (r;j) are weighting functions for the parallel and perpendicular parts of
Fg and Fﬁ-, Vij =V;—Vj, & ; and &i j are scalar and vector random numbers,
respectively, with zero mean value and unit variance, I is the identity second-rank
matrix and At is the simulation time step.

The dissipative and noise parameters are related to each other in order to sat-
isfy the FDT:

0% = 2kpT Ve, a€{|,L1}, )

where kp denotes the Boltzmann constant and 7' the system temperature. This
extended DPD method results in higher fluid viscosity than the standard DPD;
however, still neglecting the conservation of angular momentum. In this sense,
a more complete method, called Fluid Particle Model (FPM), was proposed by
Espaiiol [39], in which both shearing dissipation and conservation of angular mo-



mentum are considered. Pan and coworkers [29] proposed a modified version of
FPM, which is more similar to the transverse DPD thermostat and standard DPD
method, including all the modifications which have an impact on the Sc number
of the investigated fluid, such as the GWF and the shearing dissipation, in a frame-
work that preserves the total angular momentum. With this approach, the beads
experience not only parallel and shear dissipation, but also a rotational damping
contribution which can be properly evaluated only if the total angular momentum
is conserved. The major drawback of this approach is the computational time,
which is significantly higher than standard or extended DPD due to the evaluation
of the rotational damping contribution. However, the requirement on angular mo-
mentum conservation is particularly important when non-equilibrium simulations
are used to measure the fluid viscosity, while in this work it can be relaxed since
equilibrium simulations are performed.

As previously mentioned, the GWF was introduced by Fan and coworkers [28]
as:

rij Sa
valr) = (1) " ac L) ®)
-

and its exponent, s¢ € (0, 1], plays an important role in modeling of dynamic prop-
erties of a DPD fluid. In this work we do not study the exponents separately but
we simply assume that s = s, = s and consequently wy (r;;) = w (rij) = w(rij).
It should be noted that a dissipative cutoff radius, rf , is introduced for dissipative
and random forces in the weighting functions. This parameter has no influence on
the nature of the phase assumed by the simulated system, described by the radial
distribution function (RDF); conversely, it plays a role in the description of the
transport properties as we will see in the following section.

2.2. Time integration schemes

As previously mentioned, the numerical integration of DPD EOM is a non-
trivial task due to its stochastic nature. The pairwise coupling of particles through
the random and dissipative forces requires special attention. In fact, unlike MD,
in DPD there is thus no guarantee for time reversibility. In early studies of DPD,
the classical Euler algorithm was used to integrate DPD EOM, suffering from an
energy drift during the simulation.

The standard VV integration scheme has been shown to be relatively accurate
in typical MD simulations [40]. Unlike MD, DPD includes not only the con-
ventional conservative forces, but also dissipative and random forces, that in turn
depend on the bead velocities and white noise. However, due to its simplicity



and good overall performance the VV algorithm was the starting point for the
modified VV scheme [41, 31]. In an attempt to account for DPD complexity, the
dissipative forces have to be updated for a second time at the end of each integra-
tion step by using the up-to-date velocities (momenta), with the first update taking
place right after the positions are updated at each step as illustrated in Table 1.
This improves integration performance considerably yet keeping it computation-
ally efficient since the additional update of dissipative forces is not particularly
time-consuming. For this reason, it is chosen as the reference when a comparison
with other integrators is carried out.

Table 1: Outline of the modified VV integration scheme (see text for acronym) to update momen-
tum and position of each i-particle ( p} — pf“ i — rf*l ). The scheme with detailed integration
steps is available in the Supporting Information material.

a. Momenta First Update:
s+1/2 ; ) C .
p; " D AS(r): P10, ) (R (), where fF = X, FG, P =X, FD and ff = ¥, FF
b. Positions Update:
s+1/2

i

et e p
2. Force First Calculation: {£;}Y_,, with € (e5t1); £P (¢! ,pfﬂ/z); Rt

3. Fori=1,...,N
a. Momenta Second Update:
; s+1/2
pj“ lef / ;tl_c(rsﬂ);ftp(rsﬂ’psﬂ/z);flge(rxﬂ)

N
i=1

4. Dissipative Force Second Calculation: {fP(r*! ps+1)}

Shardlow introduced the most recent addition to DPD integrators [34, 35, 36],
applying an idea commonly used in solving differential equations to the case of
integrating the EOM in DPD. The basic idea of the Shardlow-splitting algorithm
(SSA) is the decomposition of the EOM [Eq. (2) and Eq. (3)] into differential
equations corresponding to the deterministic dynamics and elementary stochastic
differential equations (SDEs) corresponding to the fluctuation-dissipation contri-
bution. This approach allows to adopt larger time step sizes capable of capturing
mesoscale events and to recover in this way the practical computational advan-
tage of DPD. The original SSA was formulated for systems with equal-masses
particles [34] and successively extended to unequal-mass particles [35].

As reported in Table 2 the key idea is to factorize the integration process such
that the conservative forces are calculated separately from the dissipative and ran-
dom terms: the stochastic integration of the dissipative and random forces is per-



formed prior to the deterministic integration of the conservative force. In a typical
SSA formulation, both types of differential equations are integrated via the VV
algorithm [34]. However, the specific choice of the VV algorithm is not a require-
ment. Rather, the separated stochastic and deterministic dynamics components
may be solved using any traditional MD numerical integration scheme. In this
work, the stochastic and deterministic differential equation are integrated with the
SSA formulated for the VV algorithm (VV-SSA).

First, based upon time-splitting, the SSA decomposes the EOM into: differ-
ential equations that correspond to the deterministic dynamics; and SDEs that
correspond to the stochastic dynamics. Second, based upon operator splitting, the
particle stochastic dynamics are updated in a pairwise manner that conserves lin-
ear momentum [35, 36].

Table 2: Outline of the VV-SSA integration scheme to update momentum and position of each
i-particle (p{ — p{™';— rf — r’!) (see text for acronym). The scheme with detailed integration

steps for the transverse DPD thermostat is available in Supporting Information material.

1. Stochastic Integration: For all i — j pairs of particles

s+1/4 S. WD (v S \- TR (5
a. p; —Pis ij(rijv"ij)’Fij(rij)

s+1/4 S D (¢S S ) TR (5
bopy e Py (Vi) K ()

5+1/4 s+1/4

e viiVAL B
‘ i m; mj

s+2/4 st1/4 mD/s STL/AN. R /s
d. p; <~ p; ’Fij(rij7vij )’Fi_j(rij)

s+2/4 s+1/4, 1D/ SH1/47 . R /s
e e Py (v ()
2. Deterministic integration #1: Fori=1,.....N
s+3/4 s+2/4 | A
a p; =P + 315 (r)
" p.\-+3/4
; 5 :
b T+ A —
. § X . s o C
3. Conservative Force Calculation: {f(r‘ )}i:l , where ¢ = YK
4. Deterministic integration #2: Fori=1,....,.N

s+3/4 ;.
pf“%p; /+%tl§(rs+l)

2.3. Evaluation of transport coefficients in DPD simulations

Fluid transport properties are some of the numerous properties that can be
evaluated from molecular simulations, either standard at micro-scale level or at
meso-scale with any CGing approach. The estimation of transport coefficients
in DPD simulations takes place with numerical techniques developed for atom-
istic simulations. The viscosity can be calculated from equilibrium and non-
equilibrium simulations. In the first case, all quantities are measured when the
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system has reached its thermodynamic equilibrium; in the latter, the particles are
constantly perturbed by an external field applied to the system. In the case of equi-
librium simulations, the obtained value is the so-called zero-shear viscosity and
it can obtained using the GK relations. The numerical integration of the SACF
results in zero-shear viscosity. Other properties related to the average distance
travelled by the particles can be extracted analogously. For instance, the diffu-
sion coefficient can be calculated by the integral of the velocity autocorrelation
function (VAF) according to the GK approach.

The self-diffusion coefficient in this work is calculated by the Einstein rela-
tion [42]. In this method, the self-diffusion coefficient, proportional to the mean-
square displacement (MSD) of the beads and for the bulk phase, is expressed as
follows: )

D= lim = [r(to+1)—r(19)] >7
t—+oo 6t

)

where < --- > denotes an ensemble average.
GK [43, 44] relation allows to calculate the viscosity by integrating the SACF as

Voot
n= kB—T/O < 0up(10)Oap(to+1) > dt, (a#P), (10)

where V is the system volume and G, is the off-diagonal component of the stress
tensor.
It is worth mentioning that alternative GK formulas exist [38, 45]:

N =N+ ,{BLT/ON<<6§,3(to+t) +c£ﬁ(to+t)) (ogﬁ(to) —Ggﬁ(to)»dt (11)

which is equivalent to

oo

\%
T]:T]oo"i‘kB—T ) <(Gaﬁ(t()—|-l‘)—(7§ﬁ(t()—|—t)> Gaﬁ(t())>dt (12)

They were introduced by splitting the stress tensor into conservative, dissipa-
tive, and random force contributions as

| 1 1
oup = L L <’"""’>Wtﬁ + Z.’fﬂa%) ty L riakipty XL ekl
1

j<i i j<i i j<i
= Oup+0us+04p (13)
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and pre-averaging correlations due to the random contribution as

ne = ol (o) )5 (14)

Alternatively, the Einstein-Helfand (EH) formula

v . 1 ! N 74! ' Nt
n:kB—Ttlggz—t<(/0 O'aﬁ(l)dt) (/0 Gaﬁ(t)dl)> (15)

can also be straightforwardly and safely used with a high degree of accuracy to
compute 1 in DPD [46]. Its use does not require any decomposition of the stress
tensor to reduce the uncertainty due to the noise or any modification of the SACF.
Although the alternative GK formulas (11) or (12) and/or the EH formula (15) be
theoretically superior to the traditional GK formula (9), we employed traditional
GK formula, Eq. (9), since it allows on-fly evaluation of the SACF necessary in
our automated procedure without necessity of an additional post-processing.

In DPD simulations, the stress tensor can be evaluated by the Irving-Kirkwood
expression:

1
0up (1) = 3 L. X risalFy p(6) + 3 Lo a6 0) (16)

i j<i

where Fj; g = Flf B —I—Fl.’i B +Fi1;, B> and subscripts o and f are reserved for vector or
tensor indices while subscripts i and j for bead indices. For practical calculations,
the evaluation of the SACF is performed not using its definition, which requires
to store in memory the velocity of all particles at every time step, but an approx-
imate and cheaper algorithm. The one adopted in the open source atomistic code
LAMMPS [37] makes use only of a limited data set decided by the user to carry
out the SACF evaluation. Indeed, the SACF averages are computed every Niieq
time steps and only a limited data set is actually employed in the SACF evalua-
tion, namely the data points correlated every Ne,-th time step for Ney x (Npep — 1)
time steps. The resulting correlation data, C,, B> is calculated as follows:

<Z Gp (1) Oap +5)>. (17)

oFp

The ensemble average in Eq. (17) is calculated on each pair of input values sep-
arated by the time delta 6. The maximum value of 6 used is the instant of time
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equal to Ngy X (Nrep — 1) time integration steps. Therefore, the amount of correla-
tion data calculated is equal to Niep : C5(0), Cop(Nev), Cop(2xNev), ..., Cop((Nrep—
1) x Ney). The correlation data are calculated for each i =0,1,2,...,(Npp —1)
using the following expression:

K
Cop(Ney x 1) = Z g(Ney X j) X g (Ney X j+Ney x 1), (18)

where k = (Nfreq/Ney) —i. For further details on this algorithm readers are re-
ferred to the LAMMPS code and documentation [37]. This approximate method
therefore introduces three parameters Nfyeq, Ney and Nrep, which values greatly
affect both accuracy and computational time of the SACF computation. More-
over, these values are system-dependent, since a high-correlated fluid requires to
use a low value of Ney and high values of Nfeq and Nyep to properly capture the
decorrelation dynamics. This motivated us in the development of an automated
strategy to find these parameters for a generic system, as the reader may see in the
following.

2.4. Development of an automated method for transport properties calculation

In some research works [45, 19, 20], the reliability of GK relations in DPD
simulations was doubted, since the presence of stochastic forces creates noise to
the resulting stress tensor, generating high statistical errors in the viscosity calcu-
lation from the SACF. To make clearer the rationale behind the method developed
in this work, it is worth quickly remarking the main issues related to the GK
method in DPD simulations.

The focal points for the viscosity calculation based on GK method are the
achievement of a good statistics in the SACF with the minimum computational
cost, and the proper treatment of the noise in the numerical evaluation of the time
integral of the SACF. The calculation of such time integral with a simple trape-
zoidal rule is affected by the SACEF tail oscillations and therefore by the selection
of the last integration point. To overcome these issues, in our previous work [23]
a procedure based on the calculation of the Cumulative Viscosity Integral in func-
tion of time (CVI) was proposed and this work aims to automatize and optimize
it. Particular attention was devoted to this aspect since the collective correlations,
such as the SACEF, in literature studies are often determined with poorer statistics
than single-particle ones, such as the velocity autocorrelation function, because of
the extensive computational requirements. As previously mentioned, the proper
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evaluation of the SACF, and in turn of the viscosity, using the approximate algo-
rithm implemented in the open source code LAMMPS depends on the choice of
the parameters Ney, Niep and Ngeq. Since more data should be accumulated to
improve the statistics, thus small accumulation frequencies are preferred and in
this work Ney = 1. Furthermore, Ngq 18 always taken equal to Nep. Also the
simulation length affects the statistics, and is given by Ny X Nfreq, Where Ngjp, is
the number of times the SACF averages are computed.

As it will be shown in the following, for each DPD system there is a certain
minimum N, value that guarantee SACF values approach to zero in the decorre-
lation time interval, and a certain minimum Ng;;,, value sufficiently high to smooth
instantaneous tail fluctuations giving an accurate solution. The identification of
these parameters is not a trivial-task, and a trial-and-error approach can lead to a
waste of computational resources. The newly developed method overcomes this
problem, since it is based on an algorithm that calculates automatically the mini-
mum values of Ny, and Ny, in @ DPD simulation of a fluid in order to deliver a
value of viscosity within an acceptable range of uncertainty. The algorithm also
identifies the simulation parameters required to produce the shortest trajectory to
achieve the fixed statistical accuracy in the calculation of the SACF and, conse-
quently, of the viscosity.

The automated method makes use of LAMMPS for performing DPD sim-
ulations and of a Python script for the management of simulations and post-
processing. The workflow of the method is schematized in Fig. 1, while its
pseudo-code is reported in Algorithm 1. The algorithm is based on three main it-
erative loops: an external control loop and two internal consecutive control loops.
The first is indicated as the Az-loop and the internal loops as Nyep-loop and Ngjm-
loop. The Az-loop executes different simulations progressively reducing the time
step size, in order to find the largest time step for which the viscosity value does
not change anymore, namely a time step independent value of viscosity 1g;,, which
is the objective of the aforementioned external loop and more in general of the au-
tomated algorithm.

The two inner control loops instead, the Niep-loop and the Ngim-loop, give at
the end a value of viscosity, called intermediate viscosity, Niy, Which is the out of
loop condition when both subsequent loops are satisfied. The first control loop,
the Niep-loop, progressively increases the value of Ny starting from an arbitrary
initial guess of Niep, Ngim and Az, and checks if CVI has the expected asymptotic
behavior, with the final points of the curve that do not change anymore with time.
This is equivalent to capture entirely the expected behavior of the SACF, from the
initial condition of maximum stress correlation up to complete decorrelation. If
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the time interval analyzed by the SACF is not sufficiently large to trace the whole
decorrelation dynamics, the tail of the SACF may not reach zero, in turn leading
to a CVI curve that still increases in function of time. The size of the time interval
to be analyzed is determined by the choice of Nie,, which is the value that the
Niep-loop tries to identify. The optimal Ny, value is the one that includes the full
decorrelation behaviour of the SACF in the shortest analyzed time interval. To
establish if the CVI asymptote is reached, a condition referred in the following as
viscosity plateau, the algorithm uses a special adaptation of the Simple Moving
Average method. This method creates, for each value of Niep, a series of averages,
Navg of different time intervals (Averaging Windows or Subsets) of a fixed exten-
sion (Window Size) of the full CVI curve and checks the relative error, REcvy,
between them. Specifically, the user must define the distance between subsets,
i.e., the Sliding Window, that is moved forward in the calculation of the Current
Subset after the calculation of the average on the previous one, Reference Sub-
set. A certain number of subsets, defined by the user through the Jump Index, is
Jjumped between the Reference Subset=Current Subset - Jump Index and Current
Subset, to avoid the possible but undesired identification of a local plateau in the
CVIL. If the value of the REcvy is over a chosen threshold, another simulation with
an increased value of Ny, with increment hyep, is performed. This iterative mech-
anism continues until the REcyy is below the desired threshold: when this even-
tually happens the algorithm passes to the next control loop the viscosity plateau,
Npir and the reference of its subset, indicated as Plateau Subset, together with the
associated standard deviation opy.. In this way, the point up to which integrate
the SACF is automatically established and indicated as the viscosity Ul point, the
upper integration bound of the viscosity integral. There exists the possibility that
Mpit 18 not reached in a maximum number of iterations, again decided by the user:
in this case, the algorithm firstly increments N, and then restarts the Niep-loop
from the last Ny, investigated. We encountered this situation only in a few times
during our extensive testing of the algorithm, mainly with fluids with very high
viscosity, because such fluids requires from the beginning a higher guess value for
Ngim. The Ngjn-loop has a similar structure of the Nyep-loop but it serves a differ-
ent purpose. The act of increasing the N, value of hgjp, 1s performed in order to
reduce the noise of the CVI, quantified with the coefficient of variation (COV) of
the 1,1, namely the ratio between the oy and the 1. The check is done on the
absolute error between the COV of two consecutive simulations, and this quantity
must be lower than a certain threshold defined by the user, AEcoy. Eventually the
output of the Ngj,, loop is the previously mentioned 1;,; associated to the current
At, which is than fed to the external Az-loop. The Az-loop keeps iterating until the
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relative error between two consecutive Ny, values reaches a threshold specified by
the user, REy, .

The algorithm returns a value of 7y, sufficiently accurate, according to the
value of REqp, . AEcov and RE;,  that the user has decided to set. The choice
of the Niep, Ngim and Af initial guest is arbitrary done by the user and the results
do not depend on their choice. However, the time-to-solution of the algorithm
depends on the goodness of the initial guest setup that should be guided from pre-
liminary tests on the system of interest, as done in this work. The values of hyep
and hg, have to be significant for the system simulated. In this work hee, = 500
and hgj,, = 50 are chosen as increments of the respective loops, since resulting,
from a preliminary study on the SACF behaviour in the case of simple fluids, as
the minimum values giving a significant improvement of the SACF statistic. The
threshold values for the out-of-loop conditions REy, ., REy, and AEcoy are cho-
sen as a compromise between the desired accuracy of the viscosity estimate and
the computational cost required. Indeed, the checks performed by the automated
method on the computed viscosity through the three out-of-loop conditions fix the
level of acceptability of the error associated resulting from the whole numerical
methodology. The error in the GK approach is mainly due inaccuracies in the
calculation of the SACF. Such error is quantified with the coefficient of variation
(COV) of the viscosity estimate, namely the ratio between the standard deviation
and the mean viscosity value. The calculation of the viscosity is reiterated with
different combination of the parameters defining the time interval analyzed by the
SACF and the simulation time, until the condition on its coefficient of variation
is satisfied. The same procedure is repeated with different time step sizes until
the time resolution suitable for the specific system simulated is reached. The op-
timum threshold values should be the highest below which there is no significant
error reduction. In this work we found that REp,,, = 0.01, REy, = 0.05 and
AEcovy = 0.01 work best in our investigation of a simple DPD fluid with Schmidt
number from about 1 to 3881.
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Ny Varied

END
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Figure 1: Workflow of the automated method for viscosity calculation from DPD simulation with

the Green-Kubo approach.
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Algorithm 1 Pseudo-code of the algorithm for automated viscosity calculation
from DPD simulation with the Green-Kubo approach.
Setup of the DPD system specific input parameters a,s,y,r?

c

Setup of the initial guest for Nep, Nsim and At to initiate the 1% simulation

# Starting the At-loop
while True do

# Starting the Nyep-loop
while True do
e Run simulation with the Current Nyep,
e Calculation of the CVI from the SACF (at the Current Nyep)
o Adaptation of the Simple Moving Average method to search 1y
e Calculation of different 7,yg and Oayg for different (Averaging Windows)

for each 1,yo( Current Subset) do
g
if [Navg (Current Subset) —Navg (Current Subset—Jump Index)|
I Navg (Current Subset—Jump Index)

<=REp,, then > Out-of-Nyep-loop condition

break

v Niep identified

V' Plateau Subset < Current Subset
‘/npl[ <~ navg

V Oplt 4 Oavg

end if
end for
b Nrep <~ Nrep + hrep

end while
# End of the Niep-loop with Output: Nyep, Plateau Subset, Npit, Opit

# Starting the Ngjm-loop

while True do
o Run simulation with the Current Ngjp,
e Calculation of the CVI from the SACF (at the Current Ngip,)
e Calculation of 1, and oy on the Plateau Subset

e Calculation of the COVpy = %

if |COV (Current Simulation) — COV (Previous Simulation)| < AEcoy then
> Out-of-Ngin -loop condition
break
v'Niim identified
V' Nint = Mple
\/COVim < COVph

end if
b Nsim ~ Nsim + hsim

end while
# End of the Ngim-loop with Output: Ngim, Nint, COVint

e |Nint(Current Simulation) — iy (Previous Simulation)| - "
if S i (Previous Shla tion) <=REy,, then > Out-of-Az-loop condition
break
v'At identified
V' MNfin 4= Nint 17
end if

o At Ar—LAr

end while
# End of the At-loop with Output: At, Mgy




3. Computational details

3.1. Simulation setup details

All simulations were performed by using the open-source software LAMMPS
[37]. DPD simulations are setup by means of a script file which contains all the
input parameters and the instructions for the calculations. The developed algo-
rithm bases the entire procedure of management and submission of simulations by
means of automatic generation of these files. In this section simulation features
kept constant in all simulations are reported. A system of N = 10125 identical
particles (m; = m = 1) was simulated in a cubic box of the length equal to 15
DPD length units with periodic boundary in all directions, considering 7< as the
DPD length unit. In all simulations the potential repulsion parameter a;; = a was
set equal to 25 [7]. DPD fluid was represented by single beads with degree of
CGing, N,, = 1, which affect the evaluation of the repulsion parameter a of the
conservative force, i.e.,

Ny -1

T 1
025 T (19)

where N,, corresponds to the number of real molecules per bead, k! is the inverse
of the dimensionless isothermal compressibility of DPD fluid (e.g., k! = 16 for
water) and p is the DPD number density corresponding to the number of beads
inside a volume of (r$)3. The system bead density and the system temperature
were the same for all the cases and setto p =3 and kg7 = 1.

3.2. Integration algorithms: performance comparison

In this study some numerical experiments were performed to test the time
step size stability threshold and the performance of the VV-SSA algorithm, newly
implemented in LAMMPS by us for the dpdext/fdt pair_style in compari-
son with the most popular VV integrator used in many previous papers. Several
studies evaluated the integrators, as traditionally done, based on temperature con-
servation [32, 33, 47]. Stability and accuracy can be achieved using longer time
steps with the VV-SSA [36]. As the friction increases in the system the VV algo-
rithm takes more iterations to stabilize the temperature [48] with a smaller time
step compared to low friction condition [31, 41]. Although evaluation against dy-
namic fluid transport properties is essential to have a measure of the dynamical
fidelity that numerical methods are able to reproduce, few such studies limited to
low friction regime were performed. Furthermore the comparison between V V-
SSA and other integration schemes was presented only with application to the
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standard DPD thermostat [32, 48]. Since to have a deeper understanding of how
the physical system evolves it is not enough to just evaluate static quantities, in
this work particular attention was devoted to the performance of the investigated
time integration schemes in fluid transport properties evaluation with application
to the transverse DPD thermostat. In particular, it was examined the behaviour of
the VV-SSA in comparison to the VV for measuring the SACF, which is related
to the zero shear viscosity 1. Of course, also important static quantities, such
as radial distribution function where considered in the analysis. The comparison
between integrators was performed investigating also the effect of the dissipative
strength 7y, the exponent of the generalized weight function s and the dissipative
cutoff radius 2.

3.3. Parametric study

Once a reliable automatized procedure for calculating the viscosity was estab-
lished, a high number of simulations to test extensively the newly implemented
code was performed. The effect of different DPD parameters on the Sc number
of a simple DPD fluid was investigated. The considered parameters are the dis-
sipative cutoff radius, 2, the weighting function exponent, s and the dissipative
parameters, ¥ and 7y, . For simplicity, it was considered 7, = ¥ = v. The effects
of s, 7, and r? can be grouped into one single characteristic quantity measuring
the overall bead friction, the so-called "effective friction coefficient”, defined as

follow: P
Yeff=47f/0 ' ?’W(rij)g(rij)rzdrij, (20)

where g(r;;) is the RDF. The simulations cover a large range of Sc from O(10)
to 0(103). A summary of all DPD simulations performed is provided in the Sup-
porting Information. As seen below, the SSA-VV performed better in the larger
friction region, allowing the exploitation of the DPD parameter space, inaccessible
in previous studies [23] due to the limitations emerged using the VV integrator.

4. Results and discussion

4.1. The effect of time integration schemes on SACF calculation

Fig. 2 compares the performance of the two time integration schemes investi-
gated, the VV and the VV-SSA, in terms of SACF calculation. This analysis has
been carried out by considering three different simple fluids, having three different
values of 7., resulting in three different Sc numbers. In this preliminary study,
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the values of Nyep and Ngip, used to numerically evaluate the SACF are sufficiently
high to ensure a significant statistics. For very small values of the effective fric-
tion coefficient, Fig. 2 shows almost identical decay profiles. While the SACF
is significantly different in the high friction region. The performance difference
between the two integrators becomes more evident as the Y. of the system in-
creases, requiring the use of smaller time step sizes. The higher friction results
in a higher dissipation and hence in a faster decorrelation of shear stresses in the
system, requiring a smaller time step size in order to have a better temporal res-
olution of the SACF. Indeed, the smallest relevant time scale in the system is the
momentum relaxation time, 7,, which is related to the friction in the system, and
can be evaluated as follows [49]:

Tp=my 'p~lr 3. (21)

Comparing the definitions of the ¢ and 7, in Egs. (20) and (21), it is evident
that 7, is proportional to ye_ffl. The time step sizes required for the three values of
Yefr investigated are reported in Table 3 and the expected trend is recovered. Fur-
thermore, since the 7. is a measure of the overall bead friction in the system, the
Sc is expected to increase for higher values of the y.¢. The Sc numbers obtained
for the three investigated values of }.¢ are in line with the expectation. One can
conclude that the simulation of high Schmidt number fluids requires the use of
smaller time step size compared to low Schmidt number fluids. The VV displays
integrator-induced artifacts as the J.¢ and the Sc increases requiring smaller time
step sizes. The SACF was found to be subject of increasing fluctuations with in-
creasing friction in the case of the VV integrator. The mean of these fluctuations
was close to zero at long times. Furthermore, as friction increases, the VV integra-
tor shows increased zero-time stress autocorrelation values without a predictable
trend (SACFy) as reported in Table 3, while the value for the VV-SSA remains the
same as evident in Fig. 3.

Table 3: Effect of the y.¢ on the zero-time stress autocorrelation value for VV and VV-SSA
integrators.

Yett  Sc(VV-SSA) At SACFy(VV) SACF)(VV-SSA)

1.092 1.103 0.0119 0.0352 0.0019
29.38 86.368 0.0079 3.2113 0.0019
58.76 336.425 0.0053 14.4522 0.0019
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Figure 2: Comparison of SACF for VV and VV-SSA integrators at different values of Yufr; Yetr =
1.09 (left), Yer = 29.38 (center) and Y.¢r = 58.76 (right).
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Figure 3: Comparison of SACFs measured with VV-SSA at different values of ..
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Figure 4: Comparison of RDF for VV and VV-SSA integrators at different values of Y. Yefr =
1.09 (left), Yerr = 29.38 (center) and Yefr = 58.76 (right).

Fig. 4 compares the radial distribution function (RDF) that characterizes the
structure of the fluids. The two integrators display exactly the same RDF for each
effective friction coefficient value investigated, indicating that different systems
have the same structure, as expected, despite of the employed integrator and the
Sc. This is expected since the three investigated cases have the same conservative
force parameters.

Fig. 5 displays the effect of the time step size for a fixed value of the 7.,
namely Y. = 29.38, on the SACF for the VV and the VV-SSA integrators. The
frequency of SACF data accumulation and the time step size of integration affect
the temporal resolution of the SACF. In this work Ny is fixed to 1 as better ex-
plained in Section 2 and the effect of the time step size is investigated. In the
case of the V'V, the time step size affects the zero-time stress autocorrelation value
and the noise amplitude in the stress tensor. In particular, for smaller time step
sizes the zero-time stress autocorrelation value increases as reported in Table 4
and larger fluctuations appear because of the better temporal resolution. In the
case of the VV-SSA, the time step size has no effect on the zero-time SACF value.
Instead, the subtended area increases as the time step size decreases until a time
step value is reached such that the curve does not change anymore. As it can
be observed from the results, the VV-SSA is able to compute the SACF with the
proper temporal resolution without the appearance of integrator-induced artifact,
with clear advantages in the calculation of viscosity from the SACF.

4.2. Automated transport properties calculation

Following the conclusion of Section 4.1, all the results showed in the current
and in the next paragraphs were produced using the VV-SSA as time integrator.

22



<10-2 VV-SSA vV

0.03
— At=0.017

0.02
0.01
0.00 {
~0.01 1
~0.02 1

0.0 : : : : : ~0.03 : : : : :

0.0 0.5 1.0 15 2.0 2.5 3.0 0.0 0.5 1.0 15 2.0 2.5 3.0
Time (DPD unit) Time (DPD unit)
\A% \A%
0.03 0.03
— At=0.012 — At =0.008

0.02 1 0.02 1
0.01 1 0.01 1
~0.01 ~0.01 1
~0.02 ~0.02 1

~0.03 . . . . . ~0.03 : : : : :

0.0 0.5 1.0 15 2.0 2.5 3.0 0.0 0.5 1.0 15 2.0 2.5 3.0
Time (DPD unit) Time (DPD unit)

Figure 5: Time step size effect on SACF for VV and VV-SSA integrators at ¢ = 29.38. Inset:
independency of SACEF initial point from time step size for the VV-SSA integrator.

Table 4: Effect of the time step size on the zero-time stress autocorrelation values (SACFy) at
Yot = 29.38

At SACFy(VV) SACF,(VV-SSA)

0.017 1.438 0.0019
0.012 2.147 0.0019
0.008 3.211 0.0019

23



This paragraph presents the intermediate results obtained for a particular DPD
system with Y.¢r = 89.254, with the aim of showing how the automated method
to calculate the viscosity works, highlighting the choices made in the three loops
described in Section 2.4.

For each Az, the sampling interval for the computation of SACF, i.e., Niep X At,
has to be the minimum needed to capture the entire trend of the SACF, guaran-
teeing the achievement of the viscosity plateau by means of the Niep-loop. The
results obtained during a Niep-loop in terms of the SACF and CVI are reported in
Fig. 6. In particular, Fig. 6 displays both the SACF curves produced for different
values of Nep and the correspondent CVI curves. The indicators in the SACFs
are the viscosity Ul points for different values of Nep. As it can be seen, the last
iteration of the Nyep-loop is Nyep = 3000, for which the condition on REcyy im-
posed by the user is satisfied, and the SACF mean values approach to zero. In
this way, the Ne,-loop automatically identifies as final viscosity Ul point the blue
one, ensuring the convergence of the CVI to a constant value. The average value
of the SACEF tail will be zero but it will be affected by instantaneous fluctuations
that can be smoothed extending the simulation length given by Ny X Nireq.

Fig. 7 shows the SACF and CVI curves produced progressively increasing the
number of iterations N, highlighting the effect of the tail oscillation reduction
on the computed values of viscosity. As it can be seen, the number of iterations
performed in the Ngiy-loop greatly affects the shape of the SACF and CVI, lead-
ing to different values of viscosity. The Ngjy,-loop stops the iterations when both
the condition on REcyy and on AEcoy are sequentially satisfied. In this case this
condition is reached when Ng;,, = 700, since the curves at Ng;,, = 650 and 700
show little differences. Fig. 8 reports that for the last value of Ngj, both mean
value of viscosity and the COV reach a plateau, where the blue lines indicate the
values of ng, and COVyg, identified by the algorithm. The computed viscosity,
Nfin = 6.694 +0.002, has a very low uncertainty resulting from the whole numer-
ical methodology. In fact, although the higher friction regime, the value of the
associated standard deviation, o5, = 0.2%, is lower or comparable to those ob-
tained in our previous work [23], which exhibits excellent agreement between the
Green-Kubo approach and more accurate standard techniques used as benchmark.

Therefore, for each Ar the SACF is generated with the shortest trajectory giv-
ing the fixed statistical accuracy quantified in the COV associated to calculated
the viscosity value by means of the Nyep-loop and the Ng;p-loop.

These optimized curves still have a time step size dependency. It is required a
certain level of temporal resolution different for each system studied, and difficult
to predict a priori. Therefore, the method search for the maximum time step size
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Figure 6: Niep-loop: SACF curves produced for different values of N, (left) and the correspon-
dent CVI curves (right). The indicators in the SACFs are the viscosity UI points for different
values of Neep. The Nyep-loop stops at Niep, = 3000 and identifies as Ul point the blue one.

to reach this scale. Fig. 9 shows the SACF curves produced for the different time
step sizes investigated by the algorithm through the Az-loop and the correspondent
values of 7, computed. The Az-loop stops at Az = 0.003, when RE;,  achieves
the value fixed by the user, and returns the value of ng, which is the blue one.

The algorithm returns for each DPD system studied the value of the viscosity
n with the associated COV, Z and Sc. Furthermore, the algorithm returns the
values of Az, Nyep and Ny, able to give time step size independent fluid transport
properties. Such data are reported in the Supporting Information material of the
article for all the systems investigated in this work, with the J.¢ ranging from 1 to
220.

To ensure the correctness of the automated algorithm, it is essential to check
that the identified time step size gives meaningful results also in terms of static
properties. In particular, the system temperature should be equal to the target,
with an acceptable deviation of 2% according to the criteria proposed by Groot
and Warren [7]. The kinetic temperature control of the VV-SSA scheme for each
time step size investigated is shown in Table 5. As it can be seen, the temperature
fluctuations were lower than about 2% of kgT .

Fig. 10 compares the radial distribution function obtained with different time
step sizes investigated by the algorithm during the Ar—loop. All the curves are
overlapping, which indicates that the impacts of Az on the structure of the fluid is
negligible. This means also that the investigated time steps are already quite low,
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Figure 7: Ngim-loop: SACF curves produced for different values of Ny, (left) and the correspon-
dent CVI curves (right). The Nj,-loop stops at N, = 700.
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Figure 8: Trend of the mean viscosity value, Nayg, and the corresponding coefficient of variation,
COV, increasing N, . Blue lines indicate the values of 15, and COVy,, identified by the algorithm.
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Figure 9: At-loop: SACF curves produced for the different time step sizes (left) and the corre-
spondent values of 1, computed (right). The Az-loop stops at At = 0.003 and returns the value of
Nfn Which is the blue one.

since the use of high Ar may lead to large deviation of the system temperature to-
gether with large fluctuations that may destroy the structure of the fluid. However,
to have a quantitative information about the system we defined an average error as

Ly g () — g (n)|

E =
N; ’

(22)

where g*(r) is the RDF computed with the minimum At investigated (Ar = 0.003),
N; is the number of points in which the RDF is evaluated. The € displayed in
Fig. 10 decreases as the time step size decreases. Moreover, the further reduction
from At = 0.008 to Ar = 0.005 produced a marginal variation in the error, showing
that the reduction of the time step size plays a greater role in the evaluation of the
transport properties rather than the static ones.

4.3. Schmidt number scaling with effective friction coefficient

This paragraph shows the results of the parametric study in which the DPD
parameter related to bead friction, s, r? and 7, are varied to reproduce the behavior
of different simple fluids with different transport properties. As mentioned in
Section 3.3, for each simulation of this parametric study it is possible to calculate
the effective friction coefficient }.¢r according to Eq. (20), namely a measure of the
total friction of the fluid. In Fig. 11 the viscosity, the diffusivity and the Schmidt
number are plotted against the effective friction coefficient. The fitting curves
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Table 5: Time step size effect on the system temperature.

At (kBT)avg (kBT)std [%]
0.040 1.0002 0.82
0.027 1.0000 0.84
0.018 0.9998 0.82
0.012  1.0000 0.84
0.008 1.0001 0.80
0.005 1.0001 0.80
0.003  0.9999 0.80
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Figure 10: Time step size effect on the RDF (left) and on € (right). The blue RDF curve (left)
corresponds is measured with the Ar value identified by the A-loop and the blue point (right) is the
€ associated, which is the lowest one.
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obtained are reported as red lines in Fig. 11. A simplified relation between the
effective friction coefficient and the varied DPD parameters is derived by a multi-
parametric fitting leading to the following expression:

4r
Vet = _as()l.gp<rcD)3v (23)

3

where the constant & = 0.032 comes from the fitting procedure. The simplified
relationship for the Y., Eq. (23), is valid for all simple fluids whose potential
repulsion parameter a is equal to 25. For different values of a the contribution to
Yefr of the variation of the radial distribution function must be taken into account.

While Eq. (23) is the proper way to compute the effective friction coefficient
at the end of a simulation, Eq. (23) can be used before running the simulation
in order to estimate the effective friction coefficient for a specific set of param-
eters. In fact, Y.¢ results proportional to %” p (r2)3 which represents the number
of particles interacting via dissipative terms with each particle in the interaction
volume. The 72 acts on the number of neighbouring beads increasing the number
of dissipative interactions. The values of ¥ and s module the strength of such in-
teractions. The higher y and the smaller s yields a stronger particle interactions.
However, momentum is transported much faster than mass, since momentum can
be transferred to other particles by collisions while diffusion is limited to the bead
movement. Thus, the viscosity and the diffusivity are expected to, respectively,
increase and decrease with increasing Y.¢. In this sense, the results reported in
Fig. 11 confirm the expectations. In particular, the viscosity 17 exhibits a linear
dependence on the Y., i.€.,

1 = 0.0672%sr +0.4325. (24)

Although for low friction fluids the effect of dissipative contribution to the viscos-
ity is negligible, in the zero-friction limit the viscosity has a no zero value because
of the kinetic contribution [50]. While the dissipative contribution to the stress
is due to the explicit friction force acting between particles moving on different
streamlines, and therefore it is function of ¢, the kinetic contribution is due to
particles diffusing across streamlines and it is not directly related to y.¢r. The self-
diffusivity was indeed found to be inversely proportional to the Y. according to
the following fitting relationship:

2 =0.2736Y,; , (25)
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Figure 11: Linear fitting on the viscosity values (left), power-law fitting on the diffusivity values
(middle) and the polynomial fitting on the Schmidt number values (right) as a function of the effec-
tive friction coefficient parameter. The red lines are to fit the simulation results (black symbols).

meaning that the higher the friction, the lower the diffusivity as expected. The Sc
number relationship in function of the Y. is derived as ratio between Eq. (24) and
Eq. (25) resulting in the following:

Sc = 0.0818%%; + 0.5269 7. (26)

To asses the model goodness-of-fit, the coefficient of determination (R-squared)
and the normalized root mean square error (NRMSE) are reported in Table 6 for
all the fitting relations derived in this study. All the fitting relationships recovered
present goodness-of-fit measures of the same order of magnitude.

Table 6: Goodness-of-fit measures from the fitting on the effective friction coefficient, the viscos-
ity, the diffusivity the Schmidt number values.

Fitted quantity =~ R> NRMSE

Yot 0.954  0.048
n 0.994  0.017
2 0.876  0.059
Sc 0978  0.030

The fitting relationships, Eq. (24), Eq. (25) and Eq. (26), were built for val-
ues of Y.¢r ranging from about 1 to 220, covering simple fluids with Sc numbers
ranging from approximately 1 to 3880. The Supporting Information reports for
each Sc number obtained the corresponding Y.¢ and the used set of dissipative
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parameters s, ¥ and r? to realize that specific simulation. However, it should be
noted that, according to Eq. (23), there are different infinite combinations of these
parameters capable of giving the same 7.¢. Another aspect to highlight is the fact
that the combined use of Eq. (23) and Eq. (26) makes possible to simulate other
simple fluids with different transport properties, knowing the Sc number of such
fluids. In fact, Eq. (26) can be exploited to obtain the corresponding value of
Yeft, given the experimental Sc number. Then Eq. (23) can be used to obtain a
set of fixed parameters giving the desired Y.¢; fixed two parameters, the third one
is found. Fixed the %, N and & are fixed according to Eq. (24) and Eq. (25).
For instance, the parameters needed to properly simulate liquid water at 25°C (Sc
~ 370 experimentally) are available in the table in correspondence of ¥.¢ equal to
62.137, giving Sc = 369.589. The only limitation is that all the simulations were
performed with the same conservative soft-potential, meaning that the isothermal
compressibility must be the same of water, which is a reasonable assumption for
liquids.

5. Conclusions

In this work, the results obtained by two time integration methods for dissipa-
tive particle dynamics (DPD), Shardlow-splitting algorithm (VV-SSA) and mod-
ified velocity-Verlet algorithm (VV), were compared for the solution of a DPD
model with transverse thermostat with a particular attention to their performance
in the evaluation of transport properties. We found that the VV-SSA eliminates the
integrator-induced artifacts and performs better in a wider friction region than the
VV. Moreover, larger values of the time step can be adopted in transport proper-
ties calculation with VV-SSA. The soft interparticle forces neither change abruptly
nor diverge at short distances, which permits long integration steps as compared
to the atomistic simulations. This fact appreciably accelerate the simulations and,
together with the coarse-graining allows for the study of mesoscale phenomena
making it appealing for modeling complex systems rheology.

To overcome the numerical issue related to the calculation of the transport
quantities from a numerical simulation, we formulated and developed an auto-
mated algorithm based on Green-Kubo formula, in which the stress autocorre-
lation function (SACF) is calculated through an approximated algorithm. Our
method automatically finds the parameter of the approximated algorithm for the
calculation of the SACF, showing that there is the possibility to get wrong re-
sults if these parameters are poorly chosen. Moreover, we found that transport
properties can be wrongly evaluated if the time step of the DPD simulation is not
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accurately selected. The developed automated method is able to find, for a given
DPD system, the viscosity value that it is independent on the choice of time step.
Finally from a parametric study in which we varied all the dissipative param-
eters of the DPD model, we evaluated the effective friction coefficient, viscosity,
self-diffusivity and Sc number. From this dataset made by over 60 simulations,
we derived a fitting relation for the effective friction coefficient as a function of
different DPD parameters, and fitting relations for viscosity, self-diffusivity and
Schmidt (Sc) number as a function of the effective friction coefficient. This analy-
sis shows that infinite sets of DPD parameters may give the same effective friction
coefficient, in turn leading to the same Sc number and radial distribution function.
In other words, it is possible to simulate the same fluid with the same rheolog-
ical behavior with different sets of DPD parameters. Moreover, we found that
viscosity increases linearly with effective friction coefficient, the self-diffusion is
inversely proportional, and the ratio between the viscosity and diffusivity recov-
ered fitting curves results in a very good fit for Sc number values computed from
simulations. The findings of this work can be used to simulate simple fluids with
different Sc number, since the relation between a specific effective friction coeffi-
cient and DPD parameters was found. Moreover, although the method proposed
in this work was extensively tested and optimized for simple fluids, it is a tool
of general validity with the aim of improving the reliability and computational
feasibility of the Green-Kubo approach in DPD simulations. Therefore, it is po-
tentially applicable to both simple and complex fluids. However, the application
to more topologically complicated systems is not straightforward, since the in-
trinsic difficulties of the Green-Kubo approach in DPD are accentuated. Indeed,
in the case of polymer systems the computational load required for the viscosity
prediction is even higher, since the long-time relaxation requires a larger time in-
terval to trace the whole decorrelation dynamics of the SACF. Although there are
some challenges to address, the reliability of the method makes it a promising tool
to perform a systematic scaling analysis on the polymer systems dynamical prop-
erties, such as viscosity and diffusivity, with polymer concentration and length.

Data availability

More details about the time integration schemes and the simulations performed
are provided in the Supporting Information material. The code used for the simu-
lations can be found online at https://github. com/mulmopro/AMTP_DPD.
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