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Abstract

Molecular Dynamics (MD) involves solving Newton’s
equations of motion for a molecular system and propagat-
ing the system by time-dependent updates of atomic posi-
tions and velocities. As a severe limitation of molecular dy-
namics is the size of the timestep used for propagation, a key
area of research is the development of efficient propagation
algorithms which can maintain accuracy and stability with
larger timesteps. We present MDL, an MD domain-specific
language with the goals of allowing prototyping, testing and
debugging of these algorithms. We illustrate the use of par-
allelism within MDL to implement the Finite Temperature
String Method, and interfacing to visualization and graphi-
cal tools.

1. Introduction

In Molecular Dynamics (MD), a molecular system is
propagated through time by solving Newton’s equations of
motion, or F' = ma, for each atom in the system and sub-
sequently updating atomic positions and velocities over a
timestep At using the resulting acceleration a. Different
types of forces can be accounted for, which occur at multi-
ple frequencies. For example, bond fluctuations vary within
a few femtoseconds, whereas forces between nonbonded
pairs of atoms like van der Waals and electrostatic forces
have more slowly varying components [28]. An unfortu-
nate consequence of this is that the timestep for propagation
is limited by the fastest motion, because a timestep which
is too high fails to account for multiple fluctuations which
occur at higher frequencies and introduces unacceptable in-
accuracies in computation. This results in often impracti-
cally long simulations, and challenges in obtaining molecu-
lar data over periods of time of any biological relevance. A
key performance bottleneck is associated with determining
electrostatic forces between atom pairs, which can be very
expensive for large molecular systems.

As a result of these challenges, software which runs
MD simulations often tends to focus on performance. Ex-
amples of C++ MD frameworks include NAMD [16] and
ProtoMol [19]. Each has been proven capable of running
computationally intensive simulations. However, without
a propagation scheme that can operate at larger timesteps,
high performance computing only goes so far. For exam-
ple, even with the massively parallel supercomputers we
have today running highly optimized software, it is still
extremely difficult to run MD simulations for a total time
that exceeds the microsecond scale. This is the motivation
behind the development of multiple time stepping integra-
tion schemes, where different propagation algorithms are
invoked at various frequencies, calculating different types
of forces [32]. This also motivates the design of propaga-
tion algorithms which make acceptable approximations and
constraints [1, 34] of fast frequency forces and as a result
can afford larger timesteps.

Thus, improving the overall simulation time for a
molecule involves two goals: designing high-performance
software and prototyping propagation schemes which can
accept larger timesteps. We focus on the latter goal by pro-
viding the domain-specific language MDL (Molecular Dy-
namics Language) as an MD tool which allows for efficient
and productive prototyping, testing, and debugging of new
propagation schemes and simulation protocols. MDL pro-
vides a scripting interface to MD through a high level API
resting upon Python [25] and SWIG-wrapped [3] C++ li-
braries from ProtoMol, as shown in Figure 1. The abstrac-
tion level of MDL represents MD-specific phenomena in a
simpler fashion compared to a general purpose language,
making it easier for domain experts to prototype simula-
tions and test methods without requiring knowledge of a
software framework. The scripting interface also provides
better error-checking [29] and debugging, and Python has
several advantages over other scripting languages, one of
which is the abundance of general purpose Python tools
which can be interfaced to MDL. Python is also dynami-
cally typed, and is stable and cross platform. Performance



can be improved through byte compilation of scripts.
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Figure 1. MDL control flow diagram. The MDL
API sits on top of both Python and importable
modules generated by SWIG-wrapping Proto-
Mol C++ source. Shared libraries are gener-
ated for each compatible platform, currently
including 32 and 64-bit Linux, and Mac OS X.

Since our main goal is to facilitate numerical method
and protocol development, in comparison to other MD lan-
guages MDL focuses more on ease of use and less on per-
formance. For instance, MDX [31] can also be used to pro-
totype MD simulations and methods and gains performance
benefits over Python through the use of an API built upon C
libraries. In contrast, MDL is interactive and scripted, sav-
ing the need to recompile simulation source code even af-
ter small changes, and also saving any requirement of user
knowledge of compilation tools such as makefiles. In ad-
dition, MDL runtime errors are more understandable for
a nonprogrammer, in comparison to C where for example
nondescriptive segmentation faults could occur upon index-
ing an array out of bounds, making debugging more diffi-
cult. Our argument for emphasis on ease of use over perfor-
mance is that once a numerical method or simulation pro-
tocol is obtained, it can always be rewritten using a faster
implementation by a programmer. But creating the meth-
ods themselves is most of the battle. Arun et al. also pro-
vide an easy to use interface using XML in their MoDL
language [2]; although XML was useful for their particular
purposes of data description for visualizing data from pre-
run simulations, it is much less practical for ours, which are
mathematically oriented.

We first illustrate how MDL can be used to prototype

propagation schemes and simulations, followed by some
examples. We then show some useful interfacing of MDL
to other software such as visualization engines and graph-
ing libraries, and useful optimizations such as parallelism.
MDL is available open source on the Simulation Toolkit at
https://simtk.org/home/mdl/.

2. Simulation Prototyping

An MDL simulation comprises four parts. The first spec-
ifies the physical system, or a specification of molecular
structure including atomic coordinates, bond structure and
spring constants, a description of the forces, etc. The sec-
ond deals with approximations made in various calculations
for the purposes of saving performance. For example, as
computing electrostatic forces for all pairs of atoms in a
large molecule can be computationally impractical, a com-
mon approach is to cutoff electrostatic forces after a certain
distance x where the force becomes small enough to ap-
proximate zero and maintain accuracy. To avoid the abrupt
dropoff in electrostatic force after x which could result in
instabilities, a switching function is often applied to smooth
the function to zero at x. A third component is data col-
lection. This could involve something as simple as screen
output, or more complex file I/O such as energy files, DCD
trajectory files to be played back in a visualization engine
such as VMD, etc. The final component is the fask to be
performed, including the propagation scheme to be used,
timestep, and total time.

An MDL program consists of four Python meth-
ods representing these four tasks: physical(),
approximations (), output (), and execute ().
We illustrate examples with a simulation of a 66-atom de-
calanine molecule.

2.1. Physical System

The best way to input a physical system is through files.
Some commonly used file types in MD are the PDB (Pro-
tein Data Bank) [4] or XYZ format for atomic coordi-
nates, and CHARMM [6] PSF (structure) and parameter
files (PAR). The physical system also specifies Kelvin tem-
perature, boundary conditions, and force fields. Boundary
conditions can be periodic or vacuum. The MDL frame-
work includes several example physical systems, such as
argon, solvated Bovine Pancreatic Trypsin Inhibitor (BPTI),
alanine dipeptide, united atom butane, and water molecules.
Below we show an MDL physical () method which
loads PDB, PSF and PAR files for alanine, then sets the
simulation boundary conditions to Periodic and temper-
ature to 300 K. We also declare an MDL ForceField at
the top of the file:



ff = forcefield("charmm")

def physical () :

coordinates ("alanine.pdb")
structure ("alanine.psf")
parameters ("alanine.par")
boundaryConditions ("Periodic")
temperature (300)

An MDL ForceField encompasses a set of forces for
evaluation and several MDL methods can manipulate these
structures. The MDL routine forcefield () returns a
ForceField object. If one passes the string "charmm"
as above, the ForceField will contain all bonded forces:
due to two-atom bonds, three-atom angles and four-atom
dihedrals and impropers, and the nonbonded LennardJones
(or van der Waals) and Coulomb (electrostatic) forces.
However, MDL ForceFields are customizable, and
different force combinations can be specified through string
parameters to MDL routines addBondedForces () and
addNonbondedForces (). Within these strings, the
character ‘b’ references bond, ' a’ angle, ' d’ dihedral,
"1’ improper, ' 1’ LennardJones and ' ¢’ Coulomb. So,
the following statements are equivalent to the above:

ff = forcefield()
addBondedForces (ff, "badi")
addNonbondedForces (f£, "lc")

2.2. Approximations

We now show an example MDL approximations ()
routine which defines force calculation approximations
for LennardJones and Coulomb forces (we compute them
together as LennardJonesCoulomb to save perfor-
mance). We use a cutoff algorithm (as opposed to a di-
rect computation), alongside a continuous switching func-
tion Cn, cutting off the force computation at a distance of 12
A and turning on switching at a distance of 10 A. By spec-
ifying an order of 2, the second derivative of the switching
function is continuous.

def approximations/() :
algorithm(ff, "LennardJonesCoulomb",
"Cutoff")
switching (ff, "LennardJonesCoulomb",
"Cn")
cutoff (ff, "LennarddJonesCoulomb",
12)
extraparameters (ff, "switchon=10.0",
"switchoff=12.0", order="2")

Coulomb forces can accept one of several algorithms for
fast electrostatic evaluation, like Ewald [9], PME (Particle
Mesh Ewald, [8]), and Multigrid [31].

2.3. Output

MDL allows a user to specify different types of output
including data plots, files, and screen output, through the
output () routine. For example, the following will plot
total energy every 100 steps, and print timestep, total energy
and volume to the screen every step:

def output () :
plotTotal (100)
printScreen(1l)

MDL can output several different types of simulation
data, including temperature, energies (bond, angle, poten-
tial, kinetic, etc.), momentum, DCD trajectory files, and
trajectory force, position and velocity files. All energies can
be plotted with time, as well as pressure, volume and tem-
perature. Position and velocity files can also be recorded in
PDB, XYZ or binary XYZ formats, for example:

writePDBPos ("positions.pdb")
writeXYZvVel ("velocities.xyz")

2.4. Execution

The execute () method contains a call or series of
calls to propagate () :

def execute():
# Run the Leapfrog method for 2000
# steps at a timestep of 0.5 fs
# with the passed force field ff.
gamma = propagate ("Leapfrog", 2000,
0.5, ff)

The Leapfrog method [12] is one of several methods that
have been predefined and included with the MDL pack-
age as pre-compiled shared objects to improve performance.
Other methods include: BBK [7], Langevin Impulse [30],
Nose Hoover [13, 21], NPT and NVT Verlet [33], and vari-
ous MOLLY methods [15, 17]. Other propagators allow in-
clusion of the Hybrid Monte Carlo [5] and Shadow Hybrid
Monte Carlo [11] methods, as well as umbrella sampling
[20]. A complete list of predefined propagation schemes
can be found on the MDL website, along with a description
of all available routines in the MDL API.

3. Prototyping methods
3.1. MDL Low Level Structures

MDL contains some core structures for performing op-
erations, which we now describe.



1. Vector3DBlock: This Python class defines a vector of
three-dimensional coordinates, and is the type returned
by the MDL routines position(), velocity (),
and force () which for an n-atom simulation rep-
resent n-element vectors of atomic positions, veloc-
ities and forces. The Vector3DBlock supports
vector and scalar multiplication, addition, and sub-
traction. When constructing a propagator, it is of-
ten necessary to update atomic positions and veloci-
ties, which can be done through these vector opera-
tions along with the MDL routines setVelocity ()
and setPosition (). For example, a kick of the
Leapfrog method [12] updates positions by a full
timestep using the following equation:

X = X7 AtV (1)

which assuming dt has been defined to represent the
propagation timestep, can be performed in MDL with
the statement:

setPogition (position() +
dt*velocity())

2. DiagonalMatrix: The MDL routine mass () returns
an n xnDiagonalMatrix with the element at posi-
tion (¢, ) corresponding to the mass m; of atom i. The
routine invMass () returns a similar structure but the
elementat (7,7) isequal to 1/m,. DiagonalMatrix
supports the same operations as Vector3DBlock,
optimized accordingly for a diagonal matrix. Perform-
ing a half kick of the Leapfrog method uses the follow-
ing equation to update velocities by half a timestep:

At

Vn+1/2 —yn + 5

MUE™, )
requiring the use of invMass () :

setVelocity (velocity () +
0.5*dt*invMass () *force())

3.2. Propagation Schemes

We now show the use of the above structures to construct
an MD propagator. An MD propagator ¥ maps a phase
space point I" to a new point I':

I =¥(I), 3)

by calculating forces on each atom, and solving Newton’s
equations of motion to obtain new atomic positions and ve-
locities after some time At. Propagators in general have a
limited size of At due to stability and accuracy concerns.
We illustrate an MDL implementation of the BBK [7] prop-
agation scheme as a Python class.

The first step is to define a Python class BBK. BBK
is a single timestepping (STS) propagator, meaning that
all forces (bonded and nonbonded) are evaluated using the
same timestep [28]:

class BBK(STS) :

An MDL propagator defines methods for initializing
(init ()) and running (run () ) the method. init () is
invoked when the propagator object is created, and run ()
at every step of propagation. For purposes of this method,
we simply calculate forces once for initialization. This
is performed using the MDL calculateForces rou-
tine, calculating forces using the associated ForceField
which is passed in the call to propagate (), and ac-
cumulating them into the Vector3DBlock returned by
force().

def init (self):
calculateForces (position())

We will perform all phase space updates in a run ()
method:

def run(self):

We add a random force into the calculations:

2KT
F:F+FR\/T:, )

done through the MDL statements below, using an aux-
iliary forceconstant:

forceconstant = 2*boltzmann () *self.temp*

self.gamma/timestep (self)

setForce (force () +randomForce (self.seed) *
sqgrt (forceconstant))

Assuming we propagate a system from step n to step n+1
(where time corresponds to nAt and (n + 1)At), we can
now update the velocity vector by a half kick using Eq. (5),
which provides some initial damping:

Vn+1/2 _
V"+1/2

n At
gn-(i-]i/OQ + &’}/\)4—an (5)
2 b
setVelocity (velocity () *
(1.0-0.5*timestep(self) *self.gamma))
setVelocity (velocity () +
0.5*timestep(self) *invMass () *force())

We then perform a kick on positions:

setPosition (position() +
velocity () *timestep (self))



And another calculation of forces followed by another
random force:

calculateForces (position())
forceconstant 2*poltzmann () *self.temp*
self.gamma/timestep (self)
setForce (force () +randomForce (self.seed) *
sqgrt (forceconstant))

And then a final half kick on velocities, using Eq. (6),

Vn+1
Vn+1

VnJri/Q + %MLiFn+1
Vrr(1/(1.0 = ),

and implemented in MDL as follows:

(6)

setVelocity(velocity () +
0.5*timestep(self) *invMass () *force())

setVelocity (velocity () *
(1/(1.0+0.5*timestep (self) *self.gamma)))

The new propagator must be registered with the MDL
back end so it is recognizable through a keyword when in-
voked. BBK requires some extra parameters to be defined
by the user, which are specified in the following invocation.
These are subsequently accessible in the propagator class.

object (name="BBK",
parameters=("temp",
"gamma",
"seed"))

Once the propagator has been registered, the following
call updates phase space using the new BBK propagator.
Note that we must pass a timestep, number of steps, and a
force field. Parameter and value pairs are passed as Python
tuples.

# Run BBK for 1000 steps at a timestep

# of 0.1 fs

# with the passed force field ff and a

# temperature of 300 K, gamma of 0.3

# and seed of 1234

gamma = propagate ("BBK", 1000, 0.1, ff,
("temp’, 300),
("gamma’, 0.3),
("seed’, 1234))

Alternatively, one can implement a propagator as a pro-
cedure, which accepts position and velocity vectors and
updates them accordingly. The method can return up-
dated position and velocity vectors as a pair of arrays.
MDL supplies the method toArray () which converts
a Vector3DBlock into a Numerical Python [22] array.
This can be useful both from a computational perspective

and for data analysis, as Numerical Python provides several
fast and useful matrix and vector operations.

Procedural propagators also accept a step count,
timestep, and force field along with any other necessary pa-
rameters. Below, we show the same BBK integrator imple-
mented as a procedure:

def Dbbk (position, velocity,
timestep, ff, temp,
force Vector3DBlock ()
calculateForce (ff, position,
velocity, force)
(step in range (0, steps)):

steps,

gamma, seed):

for

# assign random force

forceconstant = 2*boltzmann () *temp*
gamma/timestep

force+randomForce (seed) *

sgrt (forceconstant)

force

# first half kick

velocity = velocity*
(1.0-0.5*timestep*gamma)

velocity = velocity+
0.5*timestep*invMass () *force

# drift

position = position + velocity*timestep

calculateForce (ff, position,
velocity, force)

# assign random force

forceconstant = 2*boltzmann () *temp*
gamma/timestep
force = force+randomForce (seed) *

sgrt (forceconstant)

# second half kick

velocity = velocity+
0.5*timestep*invMass () *force ()

velocity = velocity*
(1.0/(1.0+0.5*timestep*gamma) )

return [toArray (position)

toArray (velocity) ]

MDL procedural propagators are registered like propa-
gator objects, but as a method instead of object. Pa-
rameters are defined in the same way.



4. Applications
4.1. Interfacing To Other Tools

1. Visualization Tools: We have developed a Python
module which can be loaded into the Python Molecu-
lar Viewer (PMV) [23] to enable interactive visualiza-
tion with MDL running in the background. Upon load-
ing this module, an MDL menu appears on the PMV
graphical interface, with several submenus which im-
plement MDL program execution, propagator scheme
definition, physical system configuration, I/O manipu-
lation, pausing and restarting, and parameter tweaking.
This menu also adds the ability to log all commands
run so far, so that the system state can be easily re-
stored. This is shown in Figure 2.
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Figure 2. Running of MDL commands using
the Pmv graphical interface on a 66-atom de-
calanine molecule. An MDL menu appears
which can run commands in the background
while the molecule is visualized interactively.

MDL commands can also be fed to the Python inter-
preter from the VMD [14] command shell, to view a
molecule interactively.

2. Plotting Tools: MDL has been interfaced to Mat-
plotlib [18] and Gnuplot [10] for interactive plotting
of simulation observables such as pressure, tempera-
ture, volume, and various energies (kinetic, potential,
total, bond, angle, etc.) Matplotlib offers several other
useful abilities such as saving plots, moving left and
right on the plot, etc. Figure 3 shows an interactive
total energy plot while simulating united-atom butane.

The default plotting tool is Gnuplot as it comes stan-
dard on many Linux machines, but Matplotlib can be
specified through an MDL statement setMPL () in
the MDL output () routine.
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Figure 3. Interactive plot of total energy while
running an MDL simulation of united-atom
butane.

3. Parallelism: MDL can work with PyMPI [24] to im-

plement parallel execution. Once a PyMPI interpreter
has been installed, MPI functionality can be incorpo-
rated into MDL programs using the statement:

import mpi

For example, in a recent prototyping of the Finite
Temperature String Method (FTSM, [26]) for alanine
dipeptide, we use PyMPI and capitalize upon the per-
formance advantages of parallelism. FTSM takes a
known initial and final conformation of a system and
through an initial guess and multiple refinements, es-
timates a path for the system between the two confor-
mations. The (¢, ) angles of the backbone dihedral
define this path. At each FTSM step, there are several
intermediate conformations on the path which require
refinement through a constrained MD run, followed by
an averaging of data to update the path with a new,
improved conformation. Once the path is updated, it is
smoothed and reparameterized using arc lengths. A se-
rial execute () method for our prototype looks like
this, if we were to update the string once (multiple up-
dates could be done in a loop):

def execute() :
slopes = [1,1,1,1,1,1,1,1,1,1,1,1,1,1
1,1,1,1,1,1,1,1,1,1,1,1,1,1
1,1,1,1,1,1,1,1,1,1,1,1,1,1
S = initializeFTSM("alanineInitial.pdb",

"alanineFinal.pdb",

ff, 40)
walk (S, 40)
for conf in range (1, 41):



S[conf] =
FTSMaverage (conf, 1000,
slopes[conf])

for conf in range(start, end+l):
currS.append (FTSMaverage (conf, 1000,
slopes[conf]))

S, slopes = reparameterize (smooth(S),

42)

The first call to initializeFTSM () generates an
initial diagonal string of 40 equally spaced points be-
tween the initial and final conformations, passed as
PDB files. Next, walk () generates intermediate PDB
files (labelled confl.pdb, conf2.pdb, etc.) for
these 40 intermediate points, by a walk through the
conformations using a weak constraint on the back-
bone dihedral. Then FTSMaverage () runs 1000
steps of constrained dynamics at a timestep of 0.5 fs
(for a total of 0.5 ps), starting from each of these PDBs
using strong backbone dihedral constraints and storing
average (¢, ) in S. This is followed by a smoothing
and reparameterization of S, the former of which uses
the steepest decent method.

Averaging starting from a particular conformation can
be performed in parallel, since it is independent of the
averaging at other conformations. Thus, once we have
our PDB files representing each conformation and con-
straints setup properly in the force field ££, we can
run the averaging in parallel, dividing the intermediate
conformations as evenly as possible among the nodes.
Assuming that numconf holds the number of inter-
mediate conformations, if we want to distribute the
conformations sequentially (i.e. for four nodes and 40
conformations node O would get conformations 1-10;
node 1 would get 11-20, node 2 would get 21-30 and
node 3 would get 31-40), we can do the following, us-
ing mpi.rank as the node number (root is 0), and
mpi.size as the total number of nodes.

start = mpi.rank* (numconf/mpi.size)+1
modvVal = numconf % mpi.size
if (mpi.rank <= modval and
mpi.rank != 0):
start += mpi.rank
else:
start += modval
end = start+ (numconf/mpi.size)-1
if ((mpi.rank+l) <= modval) :
end += 1

Now start and end respectively hold the starting
and ending conformations for each individual proces-
sor. We can now run averaging in a loop on each pro-
cessor:

currS = []

then collect results on the root, which we later will
broadcast to all nodes after smoothing. We use
mpi.allgather to concatenate the lists of updated
(¢, 1) pairs, then append the starting and ending points
of the string, followed by an mpi .barrier () which
ensures no nodes pass this point until all have finished
averaging:

tempS = mpi.allgather (currS)
S = S[0] + tempS + S[S. 1len
mpi.barrier ()

__()-1]

We can leave smoothing and reparameterization as root
node tasks. The updated string and slopes are returned
into temporary arrays, which are subsequently broad-
cast to all nodes using mpi.bcast (). By placing
an mpi.barrier () atthe end, we ensure no nodes
go back into running constrained dynamics before the
root node finishes this process:

if (mpi.rank == 0):

tempS, tempslopes =

reparameterize (smooth(S), 42)

else:

tempS = []; tempslopes = []
S = mpi.bcast (tempS)
slopes = mpi.bcast (tempslopes)
mpi.barrier ()

Tests were run on a 32-bit Atipa cluster running GNU
Linux 2.6.13.1. Individual nodes contain dual Intel Xeon
2.4 GHz CPUs, with 1 GB RAM. Convergence was ob-
tained in [27] after 60-70 updates. We show the wall clock
execution times of 64 averagings of parallel FTSM for pro-
cessor counts of 1, 2,4, 6, and 10 in Figure 4, averaged over
four runs.

Results illustrate significant savings between 1 and 4
processors, after which benefits level off slightly. With
10 processors, we were able to achieve about 45.3% par-
allel efficiency. Because averaging is the only FTSM rou-
tine currently parallelized, the overall savings is much less
significant, shown in Figure 5, although we still were able
to obtain roughly 30 minute savings on a 90-minute sin-
gle processor simulation. This graph shows that the over-
head of root tasks and subsequent communication with
large amounts of processors is currently high, but we ex-
pect future improvement when we will attempt to paral-
lelize other phases of the algorithm besides averaging. An
initial attempt to parallelize the walking stage using PDB
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Figure 4. Wall clock execution times of the
parallelized averaging stage of FTSM with
various processor counts.

files from the previous iteration before smoothing indicated
more painful dragging from an unsmoothed string to the
smooth one as opposed to going point-by-point like we have
been, which is non-parallelizable. However we will con-
tinue to explore other options, such as selective generation
of PDBs while running constrained dynamics for use in sub-
sequent walking stages. We will also look into piecewise
smoothing of the string with each processor operating on
its individual set of points (ideally, the same set as used in
averaging), and study dependability of the resulting strings.
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Figure 5. Overall wall clock execution times
of parallel FTSM.

Figure 6 shows our initial diagonal and final string af-
ter 64 updates on alanine dipeptide, superimposed and con-

verging to the results of [27], shown as a dotted curve.
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Figure 6. Our initial diagonal string between
two energetically favorable conformations of
alanine dipeptide, and our finite temperature
string after 64 updates. To illustrate conver-
gence, we superimpose our results on those
of [27] (dotted curve).

5. Conclusions

We have presented a domain-specific language MDL as a
propagation method development and simulation prototyp-
ing tool for molecular dynamics. MDL provides easy test-
ing and debugging of various methods through a scripting
interface and a domain-specific syntax understandable for
molecular dynamics experts. In addition the scripting inter-
face makes parameter sweeping easier. To improve its ap-
plicability as a development and prototyping tool, we have
interfaced MDL to several Python visualization and plotting
tools, along with Numerical Python libraries for fast vector
and matrix operations, and PyMPI for parallelism. We have
demonstrated its applicability as this type of tool through an
example propagator definition and simulation prototype of
a decalanine model.

Although performance is not a primary goal consider-
ing our intended application of the language, we have al-
ready taken some steps to reducing the penalty attributed
to scripting by implementing most of the computationally
intensive tasks such as force calculations and matrix-vector
operations in either SWIG-wrapped precompiled shared bi-
naries or providing the opportunity to execute them using



Numerical Python. Still, MDL in general is still on aver-
age roughly 2-3 times slower than leading MD frameworks
such as ProtoMol and NAMD. An immediate goal is thus
to carefully profile the framework to capture opportunities
to optimize the code. Also, since we were able to take ad-
vantage of Python’s cross-platform compatibility on Linux
and Mac OS, we fully intend to extend this compatibility to
Windows as well. We look forward to the continued growth
of MDL for developing and testing novel MD algorithms.
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