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ABSTRACT

One ongoing topic of research in MD simulations is how to enable sampling to chemically and biologically relevant time scales. We address
this question by introducing a back-mapping based sampling (BMBS) that combines multiple aspects of different sampling techniques. BMBS
uses coarse grained (CG) free energy surfaces (FESs) and dimensionality reduction to initiate new atomistic simulations. These new sim-
ulations are started from atomistic conformations that were back-mapped from CG points all over the FES in order to sample the entire
accessible phase space as fast as possible. In the context of BMBS, we address relevant back-mapping related questions like where to start the
back-mapping from and how to judge the atomistic ensemble that results from the BMBS. The latter is done with the use of the earth mover’s
distance, which allows us to quantitatively compare distributions of CG and atomistic ensembles. By using this metric, we can also show that
the BMBS is able to correct inaccuracies of the CG model. In this paper, BMBS is applied to a just recently introduced neural network (NN)
based approach for a radical coarse graining to predict free energy surfaces for oligopeptides. The BMBS scheme back-maps these FESs to the
atomistic scale, justifying and complementing the proposed NN based CG approach. The efficiency benefit of the algorithm scales with the
length of the oligomer. Already for the heptamers, the algorithm is about one order of magnitude faster in sampling compared to a standard
MD simulation.
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I. INTRODUCTION expansion schemes,”” and coarse graining.'’”"’ Biasing methods

generally use additional external potentials in order to drive the sys-

Nowadays, molecular dynamics (MD) simulations are exten-
sively used to study the conformational ensemble of proteins"’ and
their complexes.” However, to this day, one big shortcoming of MD
simulations is the discrepancy between computationally accessible
and chemically or biologically relevant time and length scales. A
major reason for this drawback is a slow sampling of phase space
of most molecules, since the MD simulation is repeatedly trapped
in stable or metastable states. The energy landscapes, especially
of biomolecules, are often quite rough, where different states are
separated by relatively high energy barriers. These barriers have
to be overcome in order for the MD simulation to sample new
conformations.”

There are different types of methods that intend to improve
the conformational sampling: biasing methods (e.g., umbrella
sampling,” metadynamics,’ or variationally enhanced sampling’),

tem toward unsampled areas of phase space. Biasing potentials are
usually defined in the space of a few (usually one, two, or three)
collective variables (CVs), and the success of the sampling depends
on a proper choice of the low-dimensional descriptors. Expansion
schemes, on the other hand, typically rely on a smart choice of start-
ing conformations for new simulations to sample more efficiently.
Here, all the simulations are run without introducing any biasing
terms to the potential, but are biased by the choice of initial struc-
tures and have to be simulated long enough to sample the correct
statistical ensemble. Finally, coarse graining enables much faster
sampling compared to atomistic simulations by reducing the num-
ber of degrees of freedom in a system. A CG model is much faster
but it is always partially inaccurate, since in the process of coarse
graining, transferability and representability limitations are neces-
sarily introduced.
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In this work, we combined advantages of all three methods into
a scheme which is called back-mapping based sampling (BMBS).
This scheme identifies structures that represent the CG sampling
of conformational phase space according to their probability in CG
space, starting structures for atomistic runs—by providing a quan-
titative comparison of the obtained landscapes at the different res-
olution levels—and allows for an assessment of the obtained sam-
pling and its convergence. The combination of methods helps us
to overcome drawbacks of the individual techniques and simula-
tion models. The method takes advantage of three resolution levels:
atomistic, CG, and a 2-dimensional (2D) projection of the confor-
mational phase space (see Fig. 1) and is able to significantly acceler-
ate the conformational sampling of oligopeptides. BMBS contributes
to the family of multiscale methods that exploit a natural idea to
use coarse graining to enhance the atomistic sampling of a system.
This can be done, for example, by seeding atomistic simulations
with CG structures, *'” by simulating simultaneously at two reso-
lution levels,' ™" or by exchanging directly between low-resolution
and high-resolution replicas of a system.'®'” Another approach is
to combine an atomistic model with the accelerated dynamics of the
CG degrees of freedom via an extra coupling potential, together with
a Hamiltonian replica exchange to remove the biasing potential from
the coupling term by exchanging the coupling parameters.”’ BMBS
adds to these approaches by mapping between CG conformations of
complex systems—even for radical coarse graining methods—and
a higher resolution model via a third resolution level (2D), which
allows us to bridge possible discontinuities in free energy landscapes.
The efficiency of the proposed algorithm increases with the length
of the oligomer chain, but already for a heptapeptide, the BMBS
scheme is about one order of magnitude faster in sampling at least
the same amount of phase space as a brute-force atomistic MD
simulation.

BMBS relies on a CG ensemble. The way this ensemble was
produced and the used CG model is, in principle, irrelevant as long
as it reproduces the general atomistic behavior reasonably well. In
recent years, more and more machine learning methods have been
introduced in the MD community to analyze or accelerate coarse
grained simulations.”"*” In this paper, we rely on CG data produced
by Lemke and Peter.”’ They applied a quite radical coarse graining
procedure together with a neural networks (NNs) based approach
to predict free energy surfaces (FESs) of aspartic (Asp) and glutamic

2D projection

%&2 3,?.;.99?
2 _ 0060 ©

atomistic space coarse grained space

FIG. 1. lllustrative scheme of the three resolution levels used by BMBS: atomistic
space, where the positions of all atoms are known; coarse grained space, where
only the positions of the carboxylic acid groups in the side chains are present; and
2D projections.
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(Glu) acid oligomers corresponding to the conformational sampling
of a model with a very coarse representation. In their approach, a
convolutional NN was trained on atomistic simulations of hexam-
ers, heptamers, and octamers of aspartic or glutamic acid, respec-
tively. High dimensional FESs of longer oligomers, which were not
part of the training, were predicted. These high-dimensional FESs
were then used as the Hamiltonian in Metropolis MC simulations,
which generated CG ensembles, where the peptide conformations
were represented by only one bead for each carboxylic acid group
in the side chains. To compare atomistic and CG ensembles, CV's
suitable for both resolution levels need to be chosen. The only CVs
that can be used are those that derive from the CG positions. There-
fore, it is not a priori obvious how to judge whether the CG datasets
actually correctly represent the accessible backbone conformations
of these oligomers. Also, at this point, one cannot be sure if the FESs
that are predicted for the longer chains, which were not part of the
training data for the NN, are actually correct and if there is a way
to correct for a bias due to deficiencies of the CG model (here, the
NN potential). In the following, we will show that BMBS is able to
address these issues.

An essential part in the BMBS is the back-mapping step where
an atomistic resolution is reintroduced to the selected CG confor-
mations. The challenge of how to do the back-mapping has already
been addressed for quite some time.”* *° One of the issues that
still remains is how to use back-mapping quantitatively. A possi-
ble approach to this was presented by Chen and Roux."” They map
atomistic structures to a CG model, propagate the CG model for a
short time, and then do a back-mapping step via a nonequilibrium
MD simulation, which drives the initial atomistic structure toward
the newly sampled CG conformation. The resulting atomistic con-
formation is then accepted or rejected based on the Metropolis cri-
terion. We present another approach on how to use back-mapping
quantitatively: the atomistic exploration of a system is guided based
on a 2D free energy landscape and the subsequent development of
the atomistic sampling is monitored. Since the CVs describing the
full CG FES are still very high-dimensional (although not as high
dimensional as the atomistic representation), BMBS starts with the
projection of the CG CVs to a low-dimensional (usually 2D) land-
scape. This is then used as a template to initiate new atomistic sim-
ulations. Points from all over the 2D landscapes are selected and
back-mapped to an atomistic resolution by restrained MD simula-
tions where additional external potentials drive an atomistic simula-
tion toward the CG data points. These back-mapped conformations
are then used to initiate new free atomistic simulations and thereby
explore new areas of phase space. In the context of the BMBS, we will
show how to decide where to initiate the back-mapping and how to
judge the resulting atomistic ensemble using a metric called earth
mover’s distance (EMD) (which was already successfully applied
for the comparison of FESs of CG and atomistic simulations'”).
Finally, we will use these EMDs to show that the BMBS-constructed
atomistic ensemble is able to repair inaccuracies in the CG
template.

Il. METHODS

A. Test systems

We use aspartic (Asp) and glutamic (Glu) acid oligomers of
different lengths as first test systems for the BMBS scheme. Even
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though the only difference between the two systems is an additional
methylene group in the side chains, they show very different behav-
ior: while the Asp oligomers are more intrinsically disordered and
switch between different conformations much more frequently, the
Glu oligomers form very stable alpha-helical structures and reside in
these states for extended periods of time. Therefore, especially for the
Glu oligomers, long standard MD simulations are required to over-
come the free energy barriers to enter and leave the helical states and
sample new areas of phase space.

B. Three resolution levels
1. Atomistic MD simulations

All simulations were performed using the 2016.4 version of
GROMACS” package with the GROMOS 54A7”° force field and the
simple point charge (SPC) water model.”” If not stated otherwise, the
following settings were used: the time step was set to 2 fs, the energy
minimization was done using the steepest decent algorithm, the tem-
perature was set to 300 K using the velocity rescale thermostat,”
and the pressure was set to 1 bar with the Berendsen barostat.” As
an integrator algorithm, the leap-frog algorithm was used.” Long-
range interactions were computed with the particle mash Ewald
method,” where a Fourier grid spacing of 0.12 nm and a pme-order
of 4 were used. For Coulomb and van der Waals interactions, a cut-
off of 1.4 nm was used. In order to constrain all bonds, the LINCS
algorithm was applied.”* Box parameters and the number of water
molecules for each oligomer are provided in the supplementary
material.

2. NN CG model

For the CG representations, a model was used where only the
carboxylic acid C-atoms in the side chains are represented as CG
centers. All other atoms, e.g., the backbone, are not explicitly rep-
resented. To obtain an accurate description even with such a dras-
tically simplified representation, sophisticated high-dimensional
interactions between these centers have to be obtained. Lemke and
Peter”’ used a neural network based approach to obtain such high-
dimensional FESs from molecular dynamics trajectories. In this
work, we use their CG models and simulation data for Asp and Glu
oligomers.

As depicted in Fig. 2, the CG model was parameterized on the
basis of data from different chain lengths (atomistic simulations of
hexamers, heptamers, and octamers in water). With the obtained
model, Monte Carlo simulations of different chain lengths were per-
formed. The CG datasets consist of 256 000 frames from 512 parallel
MC simulations for each oligomer. All 512 simulations were run in
parallel on a graphics processing unit (GPU) (Nvidia Geforce GTX
1060), and it took 6-8 h to complete the computations. For a more
thorough description of the coarse-graining procedure, we refer to
the original paper by Lemke and Peter.”” The CG simulations of
the hexamer, heptamer, and octamer allow us to judge how accu-
rately the model reproduces the behavior of chains that were part
of the reference data. The CG simulation of the decamer allows us
to judge how well the model predicts conformations for a longer
chain which was not part of the data used for the parameterization.
In Ref. 23, the validation of the NN CG model had been done by
comparing distributions of different internal distances as well as the
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FIG. 2. Overview of the machine learning procedure used in Ref. 23. The model is
parameterized on the basis of hexamer, heptamer, and octamer data. Simulations
with this model can also be performed for longer chains.

end to end distances to atomistic data. It was found that the overall
features of these distributions are very well reproduced by the NN
CG model. Yet, it is difficult to judge the sampling of a high dimen-
sional conformational phase space based on distributions of individ-
ual collective variables (internal distances). In the present work, we
will present a more detailed assessment in the course of the BMBS
scheme.

3. 2D projection

To link the CG and the atomistic resolutions and to navigate in
the high-dimensional CG FESs of the side-chain (carboxylic-acid)
positions, we applied a dimensionality reduction to 2D space. This
can be any projection method, e.g. PCA,”*® TICA,” ™ diffusion-
maps,’”"" a multidimensional scaling method such as a sketch-
map,” or an autoencoder-based scheme.””** An advantage of linear
transformations such as PCA and TICA is the knowledge of trans-
formation matrices, but the projection quality can be limited in 2D
compared to nonlinear methods. This may be crucial for systems
with a high degree of disorder and a large number of (relatively low-
populated) states. Diffusion maps is a good choice of a nonlinear
dimensionality reduction, but the dynamics information needed for
a good projection is lost during the MC steps in the present case;
moreover, the algorithm complexity is O(#’), where 7 is a number
of frames in the simulation, so the calculations can be very expensive
for long trajectories.

In this work, we used the sketch-map algorithm for dimen-
sionality reduction, which is a nonlinear, multidimensional scaling
approach that aims for preserving relative distances during the pro-
jection from high to low dimensional space with a focus on an
intermediate range of distances between data points (i.e., confor-
mations). Importantly, the sketch-map can be very efficiently used
for very large sets of data points: the generation of the map is
done based on a subset of representative data points (landmarks).
All other points are projected based on their relative positions to
those landmarks. One advantage of this algorithm is that it was
found to produce meaningful 2D projections for disordered sys-
tems.” In the following, we will call a once obtained 2D projection
for a given set of landmarks a “sketch-map space.” Most importantly
for the present application is the fact that we can project CG and the
atomistic data to the same sketch-map space and thus compare the
resulting probability distributions (2D histograms) or FESs, respec-
tively (the latter generated by Boltzmann inverting the probability
distributions).

As CVs we used throughout all of this work all pairwise dis-
tances between the CG centers which were calculated for each frame

J. Chem. Phys. 151, 154102 (2019); doi: 10.1063/1.5115398
Published under license by AIP Publishing

151, 154102-3


https://scitation.org/journal/jcp
https://doi.org/10.1063/1.5115398#suppl
https://doi.org/10.1063/1.5115398#suppl

The Journal

of Chemical Physics

of the CG dataset. Table I gives the number of CVs for the different
oligomers.

We should also underline that the proposed scheme is not
limited to 2D projection, especially when one uses other projec-
tion techniques, which are not so efficient in producing informa-
tive enough 2D representation. However, increasing the number of
dimensions may increase the respective computational cost and can
complicate assessments of the results.

C. Back-mapping based enhanced sampling scheme

The idea behind the BMBS is to use two-dimensional free
energy landscapes of very efficiently produced CG ensembles as a
template on where to initiate new atomistic simulations in order
to sample all of the accessible phase space as fast as possible. In
Fig. 3, a short summary of the individual steps of the BMBS is
given.

As we already mentioned in Sec. II B 2, the CG datasets were
produced by metropolis MC simulations. From there, the very first
step in the BMBS scheme is to project the CG data to 2D. Based on
the 2D projection of the CG datasets, we determine the first target
structure as the structure with the highest probability in CG space
(the highest density peak of the obtained projection). Here, we used
the binning approach described in Ref. 8 to define the bin with the
highest population. One random point in it is chosen as the first
target structure.

In the next step, an atomistic resolution is reintroduced to the
CG target structures. To do this, a short 1 ns atomistic MD sim-
ulation is run. It starts from an energy minimized structure of the
respective oligomer. This simulation is called the “initial simulation”
and includes the following steps: solvation, equilibration, energy
minimization, temperature tuning, pressure tuning, and production.
In principle, the initial simulation is only needed for choosing an
atomistic conformation to start the back-mapping from and can be
generated in any other way. For more complex systems, one can, in
principle, also use an ensemble of atomistic starting structures from
different regions of phase space. This initial simulation is projected
to the 2D sketch-map space of the CG CVs: the same landmarks are
used for both projections, which implies that both sets of CVs are
projected to the same sketch-map space and therefore can be easily
compared.

In the consecutive step, a point from the 2D projection of
the initial atomistic simulation with the minimal Euclidean dis-
tance to the target structure in the 2D sketch-map space is iden-
tified. This atomistic conformation is used as a starting structure
for a distance restrained simulation, where the distances between
the C-gammas/C-deltas are restrained to those of the CG target

TABLE |. Dimensionality of the descriptor of oligomer conformations, given by the
number of pairwise distances between the terminal C-atoms in the side chains.

Oligomer Dimensionality
Heptamer 21
Octamer 28
Decamer 45
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FIG. 3. Flowchart giving an overview of the individual steps of the BMBS scheme.

configuration that corresponds to the target point in the 2D sketch-
map space. Distance restraint simulations were performed for 50 ps
with a 0.5 fs time step. In these simulations, all pairwise distances
between terminal C-atoms of the side chains are restrained to the
values that correspond to the target structure. Practically, this is a
way to back-map a CG configuration to atomistic resolution. If the
atomistic structure from which the restraint simulation is started
differs significantly from the target structure, the simulation might
potentially crash due to the forces from the restraining potentials.
In such cases, one possible way to prevent this is to use gradually
increasing force constants in order to give the atomistic confor-
mations more time to assume the enforced distances between the
terminal C-atoms in the side chains.

Following this back-mapping procedure, a short (few nanosec-
onds) unrestrained atomistic simulation is started, in order to
explore an area where the coarse grained projection is highly pop-
ulated. After the simulation, the CVs of the structures visited in that
unrestrained trajectory are again projected to the sketch-map space
using the same landmarks as before. These structures are then also
added to the pool of atomistic structures from which the nearest
point in the sketch-map space to the next CG target configuration
can be found. The intention behind this increasing pool of structures
is to make sure that the back-mapping step is always started from the
most similar atomistic conformation to the CG target configuration
that is available to this point.
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For all oligomers, we have performed 100 back-mappings,
followed by the corresponding unrestrained 1 ns-8 ns simulation.

We have included information about the statistical weights of
the selected target structures corresponding to the probability den-
sity of the CG sketch-map projection: the number of target struc-
tures randomly selected from a specific bin and used to start sim-
ulations is proportional to that bin’s probability. Once the amount
of simulations that correspond to the probability of the most popu-
lated bin are performed, the same procedure is applied to the second
most populated bin and so on. All CG target structures are in each
case found by randomly choosing a data point from the correspond-
ing bin. The collective CVs of all simulations are projected to the
sketch-map space.

For all oligomers, the 100 simulations were parallelized so that
always 4 simulations were run at once and the calculations for
each simulation were done on 10 central processing unit (CPU)
cores and a GPU unit (GeForce GTX 1080). For the heptamers,
this gave a simulation speed of around 200 ns/day and for the
decamers around 180 ns/day, resulting in ~24 h for the heptamers
and ~27 h for the decamers. However, this simulation time can eas-
ily be further reduced by using more cores, computing on multiple
GPUs, and by increasing the number of simulations that are run
parallelly.

In the following, more details regarding the restrained simula-
tions are given. After selecting a target structure from the CG CVs
and finding the atomistic data point in the sketch-map space with
the smallest Euclidean distance to it, an atomistic simulation start-
ing from this point is directed toward the target structure with the
help of restraining potentials. These restraining potentials act on all
pairwise distances between terminal C-atoms of the side chains. The
functional form of the restraining potential is given in Eq. (1) and
illustrated in Fig. 4,

1 2
§kdr(rij - 7'0) > Tij < To,

0, ro <rjj <171,

Vd (rij) = 2 (1)
! %kd,(h‘j—ﬁ) » 11 S 1ij < 12,
%kdr(rz -n)(2rj—r2—1), n <.
8000+
ro r r2
7 6000
°
€
v
= 4000
N
20004

0 7 : .
0.0 0.2 ™ 0.4 0.6 0.8 1.0
r[nm]

FIG. 4. The restraining potential applied during the back-mapping [see Eq. (1)]. rref
indicates the reference distance of the target structure which will be back-mapped.
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Here, V,, is the distance restraining potential, r;; is the pairwise
distance between (terminal C-)atoms i and j, and kg, is the force
constant. The potential has a minimum well with the respective ref-
erence distance r.f from the CG target structure at its center (see
Fig. 4). The potential is harmonic below a user specified lower bound
ro and between two upper bounds r; and r,, zero if the distance
is between the lower bound and the first upper bound, and lin-
ear beyond the second upper bound. The bounds are chosen such
that the lower and the first upper bounds are 0.05 nm below and
above the respective reference distance from the CG target struc-
ture and the second upper bound was set to 0.5 nm above the CG
target distance. The force constant k;, was set to a high value of
50000 kJ mol ™" nm™2 to guarantee a fast and strict back-mapping.

It should be noted that the chosen parameters of the restrain-
ing potential were found to be suitable for the oligomers consid-
ered here. Further refinement of the parameters might be needed
for the back-mapping of longer oligomers. For example, it might be
necessary to adapt the range of distances in which the potential is
harmonic or linear. To be more specific, the range of distances in
which the potential is linear might need to be changed in order to
appropriately cap the force if the pairwise distances deviate very
much from those of the target structure. Moreover, it may be nec-
essary to alter the potential slightly by adding another linear term
for very short distances, equivalently to the linear term for very large
ones. The latter would result in a force capping if the distances are
far smaller than the ones of the target structure.

D. Earth mover’s distance

To assess the quality of the enhanced sampling and to be able to
qualitatively compare different FESs, we needed to introduce some
measure of the difference (also termed distance) between two prob-
ability distributions. Important criteria for such a measure are as
follows: it should be symmetric, should work for multidimensional
distributions, and should not rely on any reference distribution.
There are numerous different probability metrics/distances; “ here,
we used the so called the earth mover’s distance (EMD), also known
as Wasserstein’s metric or the Mallows distance, which is mostly
used in the image recognition community."*" Unlike the Kullback-
Leibler divergence and the statistical y* distance, which are widely
used in the simulation community, EMD is a cross-bin distance and
is not affected by binning differences.

The idea behind the EMD is to envision a distribution as earth
that is spread unevenly over a certain space, while a second distribu-
tion can be seen as holes spread in the same space. Then, the EMD
describes the minimal amount of work that has to be done in order
to fill the holes with earth or in other words to transform one dis-
tribution into the other. For a formal definition, see, e.g., Ref. 50.
The disadvantage of the EMD is the O(n’logn) complexity of the
calculations, where 7 is the number of bins. Here, we used an accel-
erated version as proposed in Refs. 48 and 49, which is an order of
magnitude faster than the original algorithm.

For an easier interpretation of the results, we used unity-based
normalized EMDs to bring all values into the range [0,1],

EMD - min(EMD)

EMD' = : ,
max(EMD) — min(EMD)

2

with min(EMD) = 0 and max(EMD) = 18.36.
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The normalization coefficient max(EMD) is defined as the
EMD for the comparison of the histogram in the 2D sketch-map
space of the 5 us atomistic simulation of Glu 10 and a 2D uniform
distribution with the same number of data points. The data points
for this uniform distribution are spread evenly over a rectangular
area whose dimensions are given by the minimum and maximum x
and y values of the projection of the 5 ys atomistic simulation to the
2D sketch-map space. In this implementation, an EMD of 0 means
that two histograms are identical and an EMD of 1 means that the
two considered histograms are as different as a uniformly distributed
dataset compared to the projection of the 5 ys atomistic simulation
of Glu 10.

Ill. RESULTS AND DISCUSSION

We applied the proposed back-mapping-based sampling to
Glu and Asp oligomers with 6, 7, 8, and 10 residues. In
Subsections 11T A-TIT C, we illustrate results mainly for the hep-
tamers and decamers, and additional results are given in the
supplementary material.

A. Back-mapping based sampling of Glu and Asp
heptamers and decamers

In order to illustrate the back-mapping procedure, Glu 7 is used
as an example. The first backmapping step after the initial atom-
istic simulation of the BMBS is described in detail. Figure 5 shows in
grayscale the 2D projection of the CG MC simulation of Glu 7 in the
sketch-map space. The location of the initial (1 ns) atomistic simula-
tion is marked in purple, the first CG target structure is highlighted
with the yellow triangle, and the closest data point from the initial
atomistic simulation to the CG target structure is marked with the
blue square. Since the blue point has the lowest Euclidean distance
in the sketch-map space to the CG target structure, its atomistic con-
formation is used to start the distance restrained MD simulation.
The projection of a final structure of the distance restrained simula-
tion is shown as the green data point in Fig. 5. The target structure
(yellow) and the backmapped atomistic structure (green) lie almost
on top of each other in the sketch-map space, which indicates that
the backmapping step was successful and the proposed approach is
capable to reintroduce an atomistic resolution to the selected CG
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conformations. From this atomistic data point, free atomistic simu-
lations were performed and added to the (growing) pool of atomistic
structures. In a similar manner, all the other starting points for the
free exploring simulations are produced.

We used the 2D sketch-map projections to assess the degree of
sampling obtained with the BMBS scheme and compared it to the
5 ps atomistic simulations and the CG data. In Fig. 6, the respec-
tive FESs are depicted for Asp and Glu heptamers and decamers.
For the BMBS scheme, 100 simulations with 8 ns each were per-
formed (800 ns in total) for every oligomer. Figure 6 shows an excel-
lent agreement for the heptamers between the FESs from all three
sampling schemes, the (long) free atomistic simulation, the MC sim-
ulation with the NN CG model, and the atomistic data from BMBS.
The same areas of phase space are sampled with very similar distri-
butions. Especially, the deepest free energy minima match very well
in shape and location. The same holds true for the hexamers and
octomers as shown in Fig. SI 1. The agreement of the oligomer con-
formations between the CG FES and the two atomistic ones should,
in particular, be noted. While in Ref. 23, end-to-end and internal
distance distributions within the oligomers had been employed to
assess the quality of the CG model, the 2D FESs used here are not
only sensitive to differences in individual distances but also to corre-
lations. Thus, they are better suited to point out possible differences
in the sampling of overall conformations of the oligomers and pro-
vide further validation of the NN CG model. The FESs of the BMBS
simulations show that the scheme efficiently produces an atomistic
conformational ensemble from the CG data. The agreement with
the long atomistic simulation is very good. A comparison of the
sampling obtained with 100 ns total simulation time of BMBS with
an equivalent length of free atomistic MD simulations is presented
in Fig. SI 2. It demonstrates the computational efficiency of the
scheme which rapidly explores the conformational phase space with
weights on the different phase space regions according to the CG
model.

So far, the discussed data refer to the three—comparatively
short—oligomers that had been part of the training data for the
NN CG model. The cases of the decamers are more interesting, as
the decamer data were not used during the parameterization of the
CG model. In Ref. 23, the decamers had served as a test system
to get an impression of the ability of the NN to predict oligomer

\D FIG. 5. 2D histogram of CG MC simu-

1 lation of Glu 7 in the sketch-map space

:

(gray). Purple data points belong to the
initial atomistic simulation, the yellow
point is the coarse grained target struc-
ture, the blue data point is the nearest
point of the initial atomistic simulation
to the target structure, and the green
point corresponds to the projected result
of the back-mapping scheme. On the
right-hand side, an enlarged excerpt is
shown.

J. Chem. Phys. 151, 154102 (2019); doi: 10.1063/1.5115398
Published under license by AIP Publishing

151, 154102-6


https://scitation.org/journal/jcp
https://doi.org/10.1063/1.5115398#suppl

The Journal

ARTICLE scitation.orgljournalljcp

of Chemical Physics

5 us atomistic

NN CG data

8.55

7.60

6.65

o1
~
=]

N
~
(4]
free energy / KT

w
©
(=]

2.85

1.90

0.95

0.00

FIG. 6. FESs (generated by Boltzmann inversion, i.e., the negative logarithm of the probability distribution) of the 5 us atomistic simulations (the first row), 256 000
conformations from the CG MC simulations (the second row), and 800 ns of BMBS (the third row) for the heptamers and decamers in the sketch-map space.

conformations. For both decamers, one sees some differences
between the three FESs. For Asp 10, all three landscapes occupy the
same area in the sketch-map, but the distributions in the 2D space
vary slightly. For Glu 10, however, the differences are more pro-
nounced. Despite the fact that the deepest free energy minima of the
5 us atomistic simulation seem to coincide very well with the ones
of both the CG MC simulation and the BMBS, the overall sampled
area as displayed in the sketch-map space is considerably smaller in
the case of the atomistic simulation. There are two possible explana-
tions for such a discrepancy, namely, a lack of sampling of the—in
principle, accessible—conformational phase space by the atomistic
simulation and deficiencies in the CG model that translate into the
backmapped ensemble. In order to probe the convergence of the 5 ys
atomistic simulation, we continued the simulation for another 5 us.
No previously unvisited areas were sampled. While analyzing this
additional trajectory, we found that the system was staying trapped
in a helical conformation during the entire length of the simulation.
This nicely illustrates both the great stability of the helical state and
the amount of time that it can take for a trajectory to be able to leave
this free energy minimum. We compare the conformational ensem-
bles of Glu 10 from the 5 us atomistic simulation and from BMBS in
more detail in Sec. ITI C. In the following, we will first provide a more
quantitative comparison between the FESs from atomistic, CG, and
BMBS simulations and monitor the behavior of BMBS depending on
the amount of sampling coming from short individual simulations.
This will allow us to better understand the origin of the discrepancies
(limited atomistic sampling vs CG errors) and show how the BMBS
scheme allows us to address both issues.

B. Quantitative comparison of FES

In order to give a more quantitative comparison between the
FESs produced by the BMBS compared to the CG and atomistic

landscapes, we calculated the earth mover’s distance between the
respective (normalized) probability distributions (2D histograms) in
the sketch-map space from which the FESs are derived. Figure 7
shows the normalized EMDs [Eq. (2)] between the three sampling
schemes for all Asp and Glu oligomers. For the Asp oligomers, the
EMDs confirm the visual observation that the FESs match really well.
Especially, for Asp 6 and Asp 7, the landscapes are almost identi-
cal with EMDs of 0.02 and lower. However, even for the decamer,

Comparison of the FES for all Asp oligomers

0.10
00 CGtoBMBS £0.08
A 5 us atomistic to BMBS 00.08
[m] o 5 us atomistic to CG 00.06 0.06
> 0.05 Oo.05 0.05
w
0.02
0.00 So.01 °
: Asp 6 Asp 7 Asp 8 Asp 10
Oligomer size
(a)
0.50 Comparison of the FES for all Glu oligomers
’ O CGtoBMBS 00.44
A 5 us atomistic to BMBS
[a] o 5 psatomistic to CG A3
=0.25 A0.25 O
[} 0.21
Oo.16
002 0.09 ©0.11
0.00 B0 0.04
Glu 6 Glu 7 Glu 8 Glu 10

Oligomer size

(b)

FIG. 7. Earth mover’s distances between the FESs of the 5 us atomistic, the CG
MC, and BMBS simulations data for (a) Asp and (b) Glu oligomers.
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the EMD shows a good agreement between the landscapes from the
BMBS and both the atomistic and the CG simulations with values of
0.06 and 0.05, respectively.

For Glu 6 and Glu 7, the EMDs are again very low, with val-
ues of 0.09 or lower, but for Glu 10, all three EMDs are signif-
icantly larger. The by far largest EMD is found between the CG
landscape and the one from 5 ys atomistic simulation (blue cir-
cle), again matching the observation made by visual inspection. In
contrast, the EMD between the atomistic simulation and the BMBS
(red triangle) is considerably lower and lies in the same range as the
EMD between BMBS and CG data (green square). This is remarkable
since structures from the CG landscape (with weights correspond-
ing to the FES) had served as the seeding template for the BMBS
simulations. These two low EMDs can thus be interpreted in such
a way that the atomistic simulations after the backmapping step in
the BMBS scheme do, on the one hand, reflect the broader con-
formational phase space of the CG model (i.e., overcome sampling
limitations of the free atomistic simulation) while at the same time
correcting for flaws which inevitably exist in the purely predictive
CG FES for Glu 10. To further confirm this interpretation, we cal-
culated the time evolution of the EMDs for Glu 10 [Fig. 8(a)] and
Asp 10 [Fig. 8(b)] (i.e., as a function of the length of the free atom-
istic simulation after the restrained simulation pulled the atomistic
system to the CG data point). To visually aid in the interpretation of
the EMD data, this time evolution is also illustrated in terms of the
expansion in the 2D sketch-map space in Fig. 9 for Glu 10 and in Fig.
SI 3 for Asp 10.

Figure 8 shows that—not unexpectedly—the BMBS FESs
become more and more similar to the atomistic reference with
increasing simulation time (blue circles). On the other hand, a com-
parison of the landscapes from the BMBS and the NN CG dataset
(red triangles) shows that the free energy landscape produced by
the enhanced sampling scheme first approaches the NN predicted
template but then slightly moves away. This suggests that—after

ARTICLE scitation.org/journalljcp

Comparison of the Glu 10 FES
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FIG. 8. EMDs between the 2D histograms in the sketch-map space obtained from
the BMBS scheme and the 5 us atomistic simulation (blue spheres) or the NN CG
data (red triangles), respectively. The EMDs have been computed as a function
of the length of the sampling time in the BMBS scheme (i.e., the length of the
unrestrained atomistic sampling after the restrained simulation pulled the atomistic
system to the CG data point). The data for Glu 10 are shown in (a), and the data
for Asp 10 are shown in (b).

initially simply filling up the sampling of the landscape that had been
spanned by the 100 reference data points drawn from the CG data—
the free atomistic simulations of the BMBS scheme correct for the
inevitable flaws of the landscapes produced by the CG model. Such
a correction for flaws in the CG model is a remarkable and valuable
observation, since it shows that the BMBS scheme allows us to assess
the validity of the CG simulations and that its performance in terms
of correctly sampling phase space is not strictly limited by the qual-
ity of the CG model. Note that the effect is much larger for Glu 10
[panel (a)] compared to Asp 10 [panel (b)], which is not unexpected

5 us aiomistic,

8.55

7.60
6.65 FIG. 9. Time evolution of the sampling
of the conformational phase space of
5.70 Glu 10 with the BMBS scheme is shown
I~ by the Boltzmann inverted histograms
4752 within the blue frame, with the num-
Ue ber below the FES indicating the total
3 80$ simulation time accumulated by the 100

. ()

individual simulations. For comparison,
the projections within the green and red
2.85 frames show the NN CG and the 5 us
atomistic landscapes, respectively.
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since for Asp 10 the agreement between CG and atomistic FES is

already very good (see Fig. 7). oS- S p 80
For an 800 ns expansion simulation of Glu 7 (see Fig. SI 4), on ik} .'."/ N € e

the other hand, this trend is not observable because Glu 7 was part of — Y £ ?4’4 3

the training data for the neural network and therefore the FES was \'» :f; {':/ % 408

not purely predicted, like in the case of Asp 10 and Glu 10. Hence, # ;";‘ \ .

the FES produced by the NN is very accurate and there is no need for K

correction. That is why for Glu 7, the EMDs for the comparison of S0 e BMBS S5usstrdird WD 00

the expansion scheme with the NN CG data gradually decrease with

increasing simulation time. (a)
Summarizing, we can conclude that for all oligomers, which >

were used for the training of the NN, the FESs of the 5 ys atomistic 3 ” qf“-

simulation and the NN CG data are very similar, which is confirmed w w “

by a visual comparison of the 2D landscapes as well as by the calcu- cl1 a3

lated EMDs. This is also the case for Asp 10, which was not used for ci3

training, and therefore, the NN purely predicted the side-chain dis-

tance distributions. Remarkably, for Glu 10, the EMD between the & %,/‘

CG and the atomistic landscape is much larger than for every other T w

oligomer. From the BMBS-sampling time-dependent comparison q’% 4t 3 Ccla

with both reference datasets, we conclude that both the reference > B

5 us atomistic Glu 10 simulation is not converged and the CG model ’ <

samples the FES somewhat inaccurately. The BMBS scheme seems to - -

be able to compensate for both drawbacks. In Sec. I1I C, we will more 6 Cl5

closely investigate the atomistic ensemble of conformations obtained é . =

from this scheme. W
Motivated by the observation that the BMBS may be able to alie

compensate for flaws of the underlying CG model, we have applied
the scheme to two further sets of CG simulation data for Glu 10.
These were obtained from CG models which were intentionally cho-
sen because they are flawed: first, we used a NN CG model that was
trained only on atomistic reference data for a heptamer. Because the
NN model was trained on only one oligomer instead on a series
of oligomers (Glu 6-8), this model is less well transferable to Glu
10 and gives a representation of the Glu 10 conformational FES.
Additionally, we used the MARTINI CG force field’"*> —with the
secondary structure assigned to coil formation, thus not represent-
ing the strong tendency of Glu 10 to form « helices and missing
relevant conformational states of the peptide. We found that in both
cases, BMBS was indeed able to improve the sampling of the con-
formational phase space of the CG models. Naturally, if the models
have major flaws, BMBS requires more simulation time for the indi-
vidual simulations, as well as a different strategy to check the con-
vergence. More information about these test cases is provided in the
supplementary material.

C. Clustering of backbone conformations Cli4

So far, we compared the FESs only with sketch-map projections
based on the pairwise distances between side-chains as CVs, as this is
the only information available from the CG representation. To verify FIG. 10. Projections of the conformations visited by Glu 10 to a sketch-map space
that the new parts of the phase space explored by the BMBS scheme derived from the backbone dihedral angles. (a) FES (i.e., Boltzmann inverted prob-

I d backb P . . . ability densities) of the 800 ns BMBS data (left panel) and the data from the 5 us
actually correspond to new backbone conformations, we reinvesti- atomistic simulations (right panel). (b) Projection of the data points from the 5 us

gated the atomistic ensembles of Glu 10 with the help of a new set atomistic simulations colored according to the membership clusters obtained from
of CVs, namely, the 18 backbone dihedral angles (¢ and y angles). RMSD-based clustering (only some selected clusters and representative struc-
We computed the sketch-map projections based on the dihedral ture bundles are shown). (c) Projection of the data points from the 800 ns BMBS
angles of the 800 ns expansions from the BMBS scheme. The land- scheme; colored points correspond to the selected clusters found in RSMD-based

clustering, which were sampled by BMBS and are not present in the 5 s atomistic

marks of this projection were then subsequently used to project the simulation (representative structure bundles of these clusters are indicated).

dihedral angles of the 5 ys atomistic simulation to the same space
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[see Fig. 10(a)]. The projections show that the trajectories of the
BMBS explore many areas in the dihedral space that had not been
visited by the 5 ps atomistic simulation.

In order to guarantee that these newly sampled areas in the FES
indeed correspond to new backbone conformations, we used a clus-
tering algorithm to analyze the conformational states visited in the
simulations.” To verify that the high probability density regions in
the sketch-maps represent distinct conformational states, we used a
clustering method based on root-mean-square-deviations (RMSDs)
between pairs of conformations, which is independent from the
sketch map projections. The clustering was done separately for the
BMBS and the free atomistic trajectory, but for both clusterings,
we used a RMSD cutoff of 0.2 nm. After obtaining the character-
istic clusters, we colored the respective data points in the projec-
tions accordingly. In Fig. 10(b), the sketch-map projection of the
5 ps atomistic simulation is colored according to the membership
in the resulting 6 largest clusters. In contrast, Fig. 10(c) shows vari-
ous additional clusters in the sketch-map space of BMBS not visited
by the 5 ps atomistic simulation. All of the clusters that are shown
in Fig. 10(b) were also sampled by the BMBS; however, they are not
shown again in Fig. 10(c). A more complete account of where the 60
largest clusters obtained from RMSD-based clustering are found in
the sketch-map space is presented in Fig. SI 7.

By comparing Figs. 10(b) and 10(c), it is easy to see that the
newly sampled areas in the dihedral angle sketch-map space indeed
also correspond to newly sampled backbone conformations. This
also illustrates very well the power of BMBS, where the combina-
tion of 100 simulations of 8 ns each manages to sample much more
of the accessible conformational space than a 5 ys simulation. As
BMBS relies on the weights of CG sampling, we performed temper-
ature replica exchange (REMD) simulations’™ for Glu 10 to better
assess how probable the newly found regions are in the atomistic
model (see Fig. SI 8 of the supplementary material for projections of
the lowest replica and all replicas). In general, BMBS explores almost
the same phase space as 350 ns of 40 replicas, but does so with sig-
nificantly smaller computational effort (800 ns compared to 14 ps).
However, the exact statistical weights of many new regions sam-
pled with BMBS differ from those obtained from REMD and some
regions of BMBS are not present in the lowest replica. (Note that
we did not apply reweighting techniques to the REMD ensemble.)
These results show that BMBS does indeed allow us to overcome
sampling limitations of the atomistic simulations and “sees” most
of the structures sampled by REMD with much less computational
effort. However, the quality of the obtained landscape and thus its
interpretability in terms of free energies does rely on the correct-
ness of the CG weights with which the BMBS is “seeded,” as well as
the number and length of the atomistic runs after back-mapping—
especially if the transitions in the atomistic simulations are
slow.

IV. CONCLUSION

We tackled the sampling problem of classical molecular
dynamics simulations by introducing a new back-mapping based
sampling approach, which combines the advantages of three reso-
lution levels (atomistic, coarse grained, and low-dimensional pro-
jection). On the coarse grained level, a fast exploration of wide areas
of phase space takes place. BMBS then allows us to reintroduce the

ARTICLE scitation.org/journalljcp

full atomistic resolution to the CG ensemble. This is possible even
if the coarse graining is quite drastic and, for example, only con-
sists of one bead per amino acid. An important advantage of BMBS
is that it is not strictly bound to the quality of an underlying CG
sampling. Instead, it can compensate for possible inaccuracies in the
CG simulation. The behavior of BMBS with incorrect CG models is
an interesting aspect for future research. If no deviations between
the CG and atomistic ensemble are observed, this is a good verifica-
tion for the validity of the CG model. Such deviations can easily be
monitored in the low-dimensional projections with the help of the
earth mover’s distance as a metric to allow for a quantitative com-
parison of the resulting free energy surfaces. To guide the atomistic
sampling, BMBS uses probability distributions of 2D projections of
a coarse grained ensemble. This guidance leads to an efficiency ben-
efit of the proposed scheme compared to brute-force atomistic MD
simulations, which increases with the size of the system. Already for
a heptapeptide, a sampling is about one order of magnitude faster.
For longer peptides like Glu-10 where convergence is out of reach
even with 10 s of simulation time, BMBS can show its full poten-
tial. Only 800 ns of simulations with BMBS resulted in sampling of a
significantly larger portion of the phase space compared to 10 us of
classical MD simulations.

SUPPLEMENTARY MATERIAL

See the supplementary material for additional plots, sketch-
map parameters, and software” used for extraction of CVs and
plotting.
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