Improving molecular simulation : a meta optimisation of Monte Carlo parameters.
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Abstract- namic properties through integrals of the form :

We present a new approach to perform molecular sim-
ulations using evolutionary algorithms. The main ap- < A>e [req A(x)exp(—pU (z))dz
plication of this work is the simulation of dense amor- nyQ exp(—BU (y))dy
phous polymers and the goal is to improve the efficiency
of sampling, in other words to obtain valid samples from  Where A is some observable property that one can compute
the phase state more rapidly. Our approach is based on from a given state, anft is the phase space, which is in the
parallel Markovian Monte Carlo simulations of the same  case of Markovian Monte Carlo simulation the space of geo-
physico-chemical system, where we optimise some Monte metrical coordinates of each component of the simulated sys
Carlo parameters by means of a real coded genetic algo- tem under prescribed conditions. The distribution assedia
rithm. to that space is the Boltzmann distributing:

exp(—pU (v))
Jyeq exp(=BU (y))dy

)

Yz e, mp(z) = 2

1 Introduction
_ . _ with g8 = ﬁ kp the Boltzmann constant, T the temperature

Molecular simulations of dense amorphous polymers is facof the system, andf (x) its energy. The Monte Carlo scheme

ing the major challenge of sampling efficiency with the in-is a way to estimate this integral by the following average :

crease in the size and complexity of molecules : the potentia

energy surface of such systems are characterized by numer- X

ous local minima separated by very high barriers, hence dif- A=Y Aw:), (€i)iz1.n €9 (3)

ficult to sample either along the trajectories obtained from =1

direct Molecular Dynamics (MD, see [1] [3]) or through con- |« the (

ventional Markovian Monte Carlo simulations. Similar diffi

culties are encountered with protein folding simulatidhat

is translating the 1D genomic information into 3D bioactive

edifice. Therefore, a major challenge for molecular simulas, hich is infeasible for non trivial cases.

tion is to develop more efficient elementary moves ([7], [5]) The key point is then to design a Markov Chain, whose

in order to achieve more efficient exploration and samplingsyate space is our phase state, in such a way that it is ergodic
of configurational space for long chain molecules. Here, weyq aqmits the desired limit distribution; (see [4]). This is

are prototyping an approach using evolutionary algorithmsy,ne py applying the Metropolis ([6]) algorithm that defines
(EA) in order to improve the statistical efficiency of Marko- ; .onqom walk according to the following rules:

vian Monte Carlo systems employing several types of such
elementary moves. We show the basics of Markovian Monte 1 Choose any starting poimtfrom 2 as the initial state.
Carlo simulations in section 2; section 3 presents the EA ap-
proach: encoding, fithess, algorithm, operators; sectide-4
tails the Monte Carlo moves and the molecular model used;
section 5 presents results on the case of polyethylene confi-
gurations, and is followed by a short conclusion.

x;)i=1..n Some random trials according tos.

The problem arises from the fact that one cannot take “di-
rect” samples according tog, as its normalizing term would
require to compute an integral over the whole phase space,

2 Generate a new poinj by operating a move step
from z.

3 Accept or rejecy as the new state with a probability
acc(z,y) and go backto 2 :

acc(z,y) = min (1, exp(—BAU)) 4)

2 The problem of sampling efficiency whereAU is the difference of energy of the two states.

The main purpose of molecular simulation is to simulate mat-The resulting sequence of states (which may include maltipl
ter at the atomic level in order to compute some thermodyinstances of the same state in case of multiple consecutive



rejections) defines a correct sample accordinggaoas long  of chains in the simulation box:
as enough states are visited. Of course the minimum time

of simulation depends on the considered distribution, and i a=
the field of molecular simulation an autocorrelation cigar

is often used to decide when to stop the random walk. The

problem of efficiency is then to keep thisixing timeas small ~ "WN€ré(viic (. .n,..,.,...} &€ the normalized end-to-end vec-
as possible. tors. The second criterion is the mass center displacement,

that is, the distance between the current position of thesmas
center of a chain, and of its initial position. The greater th
displacement, the more sampling has taken place in the sim-
ulation.
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3 Evolutionary Approach to improving Marko-
vian Monte Carlo simulations

In this section we show the chosen EA approach to improva.3 Cycles and generations
Monte Carlo molecular simulations. The basic principleis t
evolve sets of parameters describing distribution freqigen
of allowed Monte Carlo movements.

We can summarize the algorithm as follows:

e we simulate ny, systems with identical physico-
chemical parameters;

3.1 Optimising parameter sets e each system has a chromosome composed of the real-
valued parameters of the simulation, in particular the

Wi | with molecular simulations of amorph lymer ; L
e dea olecutar Simuiations ot amorpnous polymers frequencies distributions; the initial population is gen-

for which generating valid configuration samples is long and
difficult. We consider parallel simulations of the same sys-
tem. The goal is to produce a correct sampling of the search
space, with all parallel simulations contributing to thensa
sampling. In traditional Monte Carlo approaches, users em-
pirically adjust the parameters of a simulation, e.g. inecas
of several allowed Monte Carlo movements, the relative fre-

erated randomly;
one simulation of one system consistsiincycles;

thosen. cycles are further segmentedip generations
(see figure 1) inside which individuals of the popula-
tions are evaluated along with the fitness criteria pre-

sented above (Note: since an individual is a set of
parameters, its evaluation requires many Monte Carlo
movements in cycles).

guencies of those movements along the simulation. These
frequencies have no consequence on the limit distribution
of valid configurations, since they only impact the way the
search space is sampled during the simulation. However find-
ing good sets of such frequencies for a specific problem can
significantly improve the performance of the whole process.
The chosen reference algorithm (RA) that will be used
here for the comparison of other approaches consists; in
simulations of polymer systems with different initial stat Acycle consists in several elementary Monte-Carlo moves
in the same physico-chemical conditions (i.e. different(trials to generate new conformations), totalling a prérel
points from the same phase Space), each simulation using &PU time. This way, fitnesses represent the true EfﬁCiency of

equiprobable distribution of allowed movements. a parameter set over a specified period of time. This makes
our algorithm dependent on the hardware, OS and software

used, but supportive of cheap and efficient mixing moves.
The fitness of an individual is computed ower/n, cy-

The relative frequencies of movements are real numbers ta/es, and is defined as:
ing vglues in the interval, 1] and are used as such in our F(@,w) = [1 = Gavy (z,w)] X divg(l‘,w) (6)
algorithm. The sum ofn frequencies for then types of
movements is equal to 1. Other real-valued parameters afherew denotes the random part of the simulatieg,,,
movements are added to the chromosome. the average autocorrelation, amg the average square dis-
The fitness function uses two complementary criteria: thegplacement. Strictly speaking, improving efficiency is a mul
first one, autocorrelation, is well known by practitionefs o tiobjective problem (i.e. optimising andd?). We choose to
molecular simulation (see [5] for example). We compute theformulate this problem via a single fitness because these two
decreasing rate of autocorrelation of end-to-end chain veccomponents are closely related, as we shall see in the numer-
tors, previously normalised. The end-to-end chain veaor iical experiments. Moreover a desirable behaviour is a good
the vector linking both ends of a chain. For one simulation,‘global” performance, i.e. all numerical simulations mbst
autocorrelation of those vectors can be calculated pexadigi -~ efficient. The goal of our evolutionary algorithm is thus to
after a sufficient numbers of elementary moves, and is equdind rapidly many good solutions instead of locating a parti-
to the means of all single chain’s autocorrelation over #te s cular optimum.

e Our EA uses a range of standard strategies and pa-
rameter settings: Stochastic universal sampling ([2])
with full population replacement, uniform crossover
and gaussian mutation operators.

3.2 Real-valued encoding, multicriteria fithess function



range interactions, depending on the density and on this
radius, is finally added.

e Van der Ploeg and Berendsen tension potential, func-
tion of a bond anglé (given by 3 following monomers
of the same chain) allowed to fluctuate around the mean
valued, = 112°. Givenky = 57950K .rad—":

wzlxkex(g_goy (8)
kg 2
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e Ryckaert and Bellmans torsional potential, function of
dihedral anglep (given by 4 following monomers of
the same chain). Givety = 1116 K, ¢; = 1462 K,

Cy = —1578 K, C3 = —368 K, Cy = 3156 K, Cy =
—3788 K:

Gener ati ons

Figure 1: Schematic representation of our EA-based péaralle
MC simulation: bars stand for simulated systems. Each sys-
tem is given MC move frequencies corresponding to an indi-
vidual of the population, performance is measurecgfr,,

MC cycles and returned as the fitness score. At each new
generation, new individuals are created and each simalatio
continues with corresponding (hopefully better) frequesc

In comparison, for the reference algorithm (RA), a unique
set of frequencies is used for all the systems during all the
simulation time.

Jtor ZO: cpcos® (¢) (9)

A =
B k=0

e Cubic simulation model box with periodic boundary
conditions;

e Splitting the simulation box in cubix cells so as to ac-
celerate interaction potentials computation. The length
of a cell has to be larger than.,,;, hence the search
for neighbours can be restricted to the cell of the site
and the 26 neighbouring cells. This implies that this
method is useful only if the simulation box is at least
4 times larger thaw,;, corresponding to at least 64

Molecular simulation specialists usually compare their re cells.

sults with experimental measurements. There is now a solid

backgrounq of sugh comparisons that aIIowg to conplude tha&'1 Monte-Carlo Moves

molecular simulation correctly predicts physical projeerbf

matter. Instead, we compare our results with those obtaine@ur Monte Carlo moves are commonly used in molecular

by other authors on the same polymers systems. In this ps&imulation literature:

per, we adopt the polyethylene model described in [5], with

the same constants:

4 Molecular model, Monte Carlo moves

e Translation: the whole molecule is translated along a
random path. The translation distance is randomly cho-

¢ unified atom model considering each CH2, CH3 group sen in the interval0, d,,...|. The parameted,,,. is

as a single active site;

e fixed monomer-to-monomer link length of 1.84cor-
responding to C-C bond length;

e Lennard-Jones pair interaction potential. The charac-
teristic radius iz, = 3.94 A, and the potential well's
depther,; = 0.098 kcal /mol. For two siteg, j whose
distance between is;, then we have:

Vry(rij) = 4epy x l(iﬁj)lz — <i§;>6] @)

In practice, in order to compute the total interaction
potential of a particular site, we only consider neigh-
bouring sites that are located within a cutoff radiyg;
(hereo.y: = 8.67 ,&). A term taking into account long

usually dynamically adjusted in order to reach a pre-

scribed acceptance rate. In our cdsg, is an element

of the genome. This translation move can generate ex-
pensive calculations of Lennard-Jones potential if there
are too many interaction sites and is therefore costly for
long molecules, as we will see later;

Rotation: an ending monomer is rotated within a sphere
centered on its preceding site; energy variation must
be calculated for the three potentials; this simple move
only concerns one monomer and is therefore very fast
to execute;

Reptation (or "snaking”): an ending monomer is re-
moved, added at the other end of the chain, and rotated.
The calculation requirements are the same as with ro-
tation;



Figure 2: Translation
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Figure 3: Rotation
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Figure 4: Reptation
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Figure 5: Flip

e Flip: a monomer inside a chain is rotated along the
axis of its two neighbouring sites. The site is moved,
two tension angles change, four torsion angles change.
The rotation angle is randomly chosen in the interval
[0, dmaz]- The parametep,, . is usually dynamically
adjusted in order to reach a prescribed acceptance rate,
and is an element of the genome in our case.

5 Numerical results.

We now present some numerical experiments in order to com-

pare efficiency of our EA algorithm to reference algorithm

(RA). We recall that the latter consists in the parallel amd i

depent MC simulations of; polymer systems, with the same

MC parameters and in the same physico-chemical conditions.
The simulations are performed in th&nV'T ensemble :

e N : constant number of chainal = 20.

e n : constant number of monomers.= 1200 (which
means polymers of size 60).

e V' : constant volume. This condition is iEnposed by a
constant simulation box lengtly = 35.64A.

e T': constant temperaturé. = 394.4K

The simulations were performed on a bi-processor PC (In-
tel Pentium 1l 350 MHz), and the simulation cycle was de-
fined as 1 second of process time. On average, about 500
elementary moves are performed within a cycle. The test
consisted in 16 instances of this system, which means that
the quantities plotted in the following figures are averages
these 16 parrall runs. The total simulation time consisted i
n. = 5000 cycles (divided inn, = 100 generations of 50
cycles in the case of the EA). To summarize EA parameters :

e Population size : 16
e Number of generations : 100

e Full population replacement with Stochastic Universal
Sampling



e Crossover probability p. = 0.5

e Mutation probability :p,, = 0.1 1400 j ' ' ' " Rotation
Reptation -------
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This first set of tests use the four MC moves presented before,2 1000
with the following frequency distribution for the RA : 2 800 |
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Figure 8: Set A : histogram of MC moves frequencies. For
each move, values of all individuals of all generations are
counted.

We see on figures 6 and 7 that the RA starts to perform
better than the EA, but both finish at approximately the same
performance, with a little advantage for the EA. This can be
explained by the fact that in the initial population each mov
have on average the same frequeg¢y (in comparison to
1/181 for the RA), including the translation, which reveals to
be bad moves for this system. And as the evolution discards
it, performances improve. We can check this if we look at the

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000 histogram (figure 8) of the moves where translation frequen-
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Figure 6: Set A : averaged end-to-end vector autocorrelatio

plotted against cycles of simulation
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cies are located near O for most, and only a few values a little
greater (corresponding to first generations).

5.2 Set B : without translation move

We now drop the translation move. The three remaining
moves have now an equal frequencyi g8 in the RA.

Figures 9 and 10 show that our EA is clearly able to find
good parameters and at the same time leads to good perfor-
mances in comparison to the RA. The histogram of moves
(figures 11) shows that the reptation has a major role for this
system, which was also the case for the previous set, but this
cannot be a general rule. In fact each move may perform
differently depending of the type of simulated moleculed an
also depending on the conditions (temperature, densig-pr
sure, etc...), and this motivates the adoption of a strateagy
finds “on the fly” some good parameter settings.

6 Conclusion and future exciting work

0
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000 We have shown how to evolve; sets .of para_meters of Marko-
vian Monte Carlo molecular simulations using a real-valued

Simulation time * 1s

of simulation.

genetic algorithm. Using this approach, a better samplfng o
Figure 7: Set A : averaged mass center displacement (in rehe configurational space is obtained at almost no cost, com-
duced unitslunit = 0% ; = 15.52 A?) plotted againstcycles pared to similar reference simulation based on fixed sets of

parameters. The practicality of our approach has been shown
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! ! Figure 11: Set B (without translation move) : histogram of

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000 MC moves frequencies. For each move, values of all individ-
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uals of all generations are counted.

Figure 9: Set B (without translation move) : averaged end-

to-end vector autocorrelation plotted against cycles misi

lation.

on a well-known reference problem in simulation of amor-
phous polymers. It can and will be extended to more com-
plex material for which obtaining a correct sampling is even
longer and more difficult. For this purpose, we plan to im-
plement our algorithm on a "PC farm” of several hundreds of
PCs.

Our approach is not a direct optimisation task. Instead,
our only goal is to generate a better sampling of a very large
search space using evolution as a means to increasing diver-
sity while keeping a high acceptance rate. It is particylarl
important in molecular simulation where sampling is the key

20

15

Center of mass displacement

0 1 1 1

factor. On the contrary to pure optimisation EA implemen-
tations, the important output of our algorithm is not thetbes
individual of the final population but rather the quality dif a
individuals generated along the evolution of the EA. As such
it can be considered as an evolutionary adaptive systengacti
| inanoisy environment.
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