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Abstract This tutorial describes the practical use of some recent methodological advances im-
plemented in the GROMOS software for biomolecular simulations. It is envisioned as a living doc-
ument, with additional tutorials being added in the course of time. Currently, it consists of six
distinct tutorials. The first tutorial describes the use of time-averaged restraints to enforce agree-
mentwith order parameters derived fromNMRexperiments. The second tutorial describes the use
of extended thermodynamic integration in the double-decoupling method to compute the affinity
of a small molecule to a protein. The molecule involved bears a negative charge, necessitating
the application of post-simulation corrections. The third tutorial is based on the same molecular
system, but computes the binding free energy from a path-sampling method with distance-field
distance restraints and Hamiltonian replica exchange simulations. The fourth tutorial describes
the use of Gaussian accelerated MD, an enhanced sampling technique. The fifth tutorial is about
the use of Accelerated Enveloping Distribution Sampling (AEDS), an enhanced version of EDS. The
sixth tutorial illustrates how to run QM/MM simulations with the Buffer Region Neural Network
(BuRNN) method. The tutorials are written for users with some experience in the application of
molecular dynamics simulations.

*For correspondence:
chris.oostenbrink@boku.ac.at (CO); niels.hansen@itt.uni-stuttgart.de (NH)

1 Introduction
GROMOSTM is an acronym for the GROningen MOlecular
Simulation computer program package for the dynamic
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modeling of (bio)molecules, which has been developed since
1978 primarily as a research vehicle for methodological
development [1]. Written in the programming language
C++, the latest version has a modular, object-oriented
structure [2], which, together with extensive documenta-
tion [3], makes modification relatively easy. Readability of
the code is prioritised over speed. The GROMOS code is
freely available at www.gromos.net. The GROMOS software
is to be distinguished from the GROMOS force fields for
biomolecular systems. The development of the successive
GROMOS force-field versions during the past 40 years
has been summarised in [1, 4]. Recent work showed that
time-saving approximations employed during force-field
development had no effect on the parametrization in terms
of agreement with experiment [5, 6]. The GROMOS software
comes with a manual that consists of nine volumes. Volume
7 is a basic tutorial that introduces new users to the setup
and analyses of molecular simulations with GROMOS [7].
The set of tutorials presented here is intended to build on
these original tutorials released with GROMOS.
1.1 Scope
The six tutorials presented here cover some of the method-
ological advances that have been implemented in GROMOS
over the last few years and are not treated in the basic tutori-
als distributed with the software. They address an advanced
user who has some experience with MD simulations. Begin-
ners in the field are advised to start with the basic tutorial
of GROMOS [7]. Each of the current tutorials is based on an
original publication and comes with its own learning objec-
tives and expected outcome(s). After completing tutorial 1
"S2 order parameter restraining" the user should be able to

1. Prepare a simulation of a protein solvated in water.
2. Understand how NMR restraints are handled in GRO-

MOS.
After completing tutorial 2 "Double decouplingmethod& cor-
rections for net-charge changes" the user should be able to

1. Prepare perturbation topologies for binding free
energy calculations.

2. Define distance restraints and perturbed distance re-
straints for simulations in GROMOS.

3. Calculate binding free energies using the double
decoupling method and extended-thermodynamic
integration.

4. Apply a post-simulation correction scheme to cor-
rect artifacted free-energies obtained from charge-
changing perturbations.

After completing tutorial 3 "Using HREMD and distance-field"
the user should be able to

1. Set up a distance-field restraining potential-energy
term.

2. Performumbrella sampling calculations inGROMOSus-
ing perturbed distance(-field) restraints.

3. Extract the binding free energy from the potential of
mean force.

After completing tutorial 4 "Selective Gaussian accelerated
MD (GaMD)" the user should be able to

1. Prepare GaMD acceleration input files.
2. Perform GaMD parameter searches in GROMOS.
3. Perform GaMD simulations in GROMOS.
4. Extract, reweight and analyze GaMD simulations.

After completing tutorial 5 "Accelerated Enveloping Distribu-
tion Sampling (AEDS)" the user should be able to

1. Prepare AEDS input files and perturbation topologies.
2. Perform AEDS parameter searches in GROMOS.
3. Perform AEDS simulations in GROMOS.
4. Extract, reweight and analyze AEDS simulations as a

free energy method or as a chemostat.
After completing tutorial 6 "NN(QM)/MM simulations with
the BuRNN approach" the user should be able to

1. Prepare QM input data and run QM calculations in
MOPAC.

2. Prepare a training database and train neural networks
using SchNet.

3. Run BuRNN simulations in GROMOS.
To support an efficient and accessible learning experi-

ence, the tutorials are based on rather simple molecular
systems. These systems are deliberately chosen to minimize
computational costs and allow users to focus on understand-
ing core concepts and methods. While simplified, the same
principles and workflows readily scale to larger, biologically
relevant systems. By mastering these fundamentals, users
will be well prepared to apply their knowledge to more
complex biomolecular simulations in research contexts.

Due to the statistical-mechanical nature of the ensembles
of molecular configurations, meaningful values of quantities
are averages over configurations or trajectories. Individual
trajectories are perfectly fine for instructional purposes such
as in this tutorial, but are of little utility in "real" research set-
tings, unless there is little or no variation within the configu-
rational ensemble. For most degrees of freedom of interest
in bio-molecular systems this is certainly not the case. A sim-
ple means for generating replicates is to use different seeds
of the random number generator for sampling the initial ve-
locities at equilibration.
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2 Prerequisites
The tutorials require the latest GROMOS11 version installed
(1.6.1). Users can download the GROMOS source code via
www.gromos.net. Users may download the source code for
free, as well as the PDF files for the manual. Files required
for the basic tutorials in volume 7 of the manual can also
be downloaded free of charge. The Program Library Man-
ual (volume 5) [8] contains extensive documentation of the
input flags. Furthermore, after compilation of the code, one
can generate local documentation using doxygen.
2.1 Background knowledge
The tutorials described in this article assume the user to be
familiar with the steps described in the GROMOS basic tuto-
rial contained in volume 7 of the manual distributed with the
software [7]. Specifically, users should be familiar with the
content of a GROMOS system topology, input files and analy-
sis tools explained in detail there. Tutorial 1 (see section 3.1)
repeats some of the basic system preparation steps but can-
not be comprehensive in explaining all basic operations. We
assume that the user is familiar with basic Linux or Unix com-
mand line interactions and tools to efficiently edit larger plain
text files such as VIM or Emacs. Furthermore, a user should
be able to visualizemolecular structures (e.g. with PyMOL [9]
or VMD [10]) and to use basic plotting tools (e.g. xmgrace, R,
matplotlib).

The GROMOS software for biomolecular simulation
comprises the molecular dynamics engine MD++ and the
GROMOS++ suite of pre- and postprocessing programs. The
program is independent of the computer architecture or
force field used. The units of the various quantities are
defined outside the program through a physical constants
block in a force-field file. The only unit conversion performed
internally by the program is between degrees and radians.
The force-field files come in GROMOS units, that is SI units,
but with atomic mass units for mass, nm for distance, ps for
time, and electronic charge for charge [11]. No simulation
protocols are prescribed. Input parameters specified by
a user are not modified inside the program. A warning is
displayed for inconsistencies in the input that may lead
to an erroneous simulation, but could also be intentional.
The interpretation of the results is simplified by extensive
documentation of the implemented algorithms and their
technical details in the manual available on the GROMOS
web site [11, 12].
2.2 Software/system requirements
GROMOS can be compiled on almost any operating system
compatible with the POSIX standard. Some of the libraries
required are not available on standard operating systems

and have to be installed manually as described in detail
in volume 8 of the GROMOS documentation [13]. In order
to use the GROMOS programs without specifying the full
path, you can add them to your PATH variable, see section
3.2.2. in volume 8. For some of the analyses in this tutorial,
a basic installation of Python 3 is required. Note that files
edited on non-Unix-like operating systems may cause an
I/O-error due to a different representation of a line break.
For tutorial 6 "NN(QM)/MM simulations with the BuRNN
approach", a special compilation of GROMOS with pybind11
links to SchNetPack is needed. It also relies on quantum-
mechanical calculations that can be performed with any
software that is preferred. In this tutorial we have used
MOPAC (version MOPAC2016.22.067L), for which the output
files are provided, see section 3.6.1.

3 Content and links
The tutorials described in this article can be accessed at https:
//github.com/biomos/gromos_tutorial_livecoms. All necessary
files for completing each tutorial are provided at that loca-
tion.
3.1 Tutorial 1: S2 order parameter

restraining
The backbone N-H order parameter is a measure for the
spatial restriction that the N-H vector experiences in a
molecular reference frame. Order parameters calculated
from ensembles generated by MD simulations are not
subject to a specific motional model but depend on the local
flexibility inherent in the force field when solving Newton’s
equations of motion and on whether the assumption of
internal motion being independent of overall tumbling
is justified. GROMOS features a time-averaging variant
of order parameter restraining that is described in detail
elsewhere [14]. Such time-averaged restraining enhances
the configurational sampling by forcing the molecule to
surmount barriers that would, without restraining, only be
surmounted rarely, that is, on longer time-scales. Moreover,
a possible force-field deficiency hampering the agreement
with experiment can be redressed using this restraining
technique. In this way, configurational ensembles consistent
with NMR data can be generated allowing a structural
interpretation of experimental observations [15, 16]. We will
demonstrate the use of time-averaged order parameters by
means of the third IgG-binding domain of Protein G (GB3),
which is a small 56-residue protein.
3.1.1 Topology
Go into the subdirectory topo of the directory t_01. The in-
put file make_top_GB3.arg is already prepared. We will use
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the force field 54a7. The molecular topology file for the pro-
tein, GB3_54a7.top, with SPC water as a solvent can then be
generated using theGROMOS++ program make_top by typing
$ make_top @f make_top_GB3 .arg >

GB3_54a7 .top

In order to neutralize the net charge of -2e of the protein
topology the next step is to build a topology file for a sodium
ion using the input file make_top_Na.arg:
$ make_top @f make_top_Na .arg > Na_54a7 .top

Next we combine the two topologies using the GROMOS++
program com_top

$ com_top @f com_top_GB3_2Na .arg >
GB3_2Na_54a7 .top

The file GB3_2Na_54a7.top contains the complete molecular
topology. Using the GROMOS++ program check_topwith the
arguments @build and @param the topology can be checked
against the force field. The 34 types of logical checks per-
formed are listed in volume 5 of the documentation [8]. Be
aware that check_top may not catch every inconsistency and
that an inconsistency pointed out by check_top may not nec-
essarily indicate an error in the topology. In the present case
the putative inconsistency with the partial charge on atom
5 spotted by check_top is actually not an error because the
partial charge is adapted for the N-terminus of the peptide
chain. Therefore, it is important to ensure that the topology
generated is the one intended.
3.1.2 Coordinates
Go into the subdirectory coord. The Cartesian coordinates
for the protein can be downloaded from the Protein Data
Bank, accession code 2OED [17]. By using the GROMOS++
program pdb2g96 the PDB file will be converted to a GROMOS
coordinate file. Before conversion, we make a copy of the
downloaded pdb file 2oed.pdb into the file 2oed_edited.pdb.
In the latter we make a change in line 1028 (replace “O ” by
“O1”) and line 1034 (replace “OXT” by “O2 ”) such that pdb2g96
recognizes these two atoms as belonging to the carboxy ter-
minus. When editing the PDB file, the columns must be kept
aligned. The remaining differences between the nomencla-
ture used in the PDB file and the one used in the topology
are handled via the file pdb2g96.lib. With
$ pdb2g96 @f pdb2g96_GB3 .arg >

pdb2g96_GB3 .cnf

we generate a GROMOS coordinate file. Since the NMR struc-
ture used contains more hydrogen atoms than needed by
the united-atom GROMOS force field, merging aliphatic hy-
drogen and carbon atoms into one interaction site, a list of
warnings regarding ignored hydrogen atoms is issued, which

can be ignored. If the initial structure was determined using
X-ray diffraction, missing hydrogen atoms can be generated
with the GROMOS program gch as explained in the basic tu-
torial.
3.1.3 Energy minimization
Before putting the protein in a box of solvent, its con-
figuration is relaxed by energy minimization in vacuo to
release possible strain induced by small differences in bond
lengths, bond angles, improper dihedral angles and short
non-bonded contacts between the force-field parameters
and the NMR structure. Go into the subdirectory min and
open the shell script em_GB3.run to adapt the paths and the
names of the files according to your system. The energy
minimization of the solute in vacuo is very fast and can be
run interactively by typing
$ ./ em_GB3 .run

Once the energy minimization is finished, the minimized co-
ordinates are written to the file GB3_min.cnf and the general
output file em_GB3.omd contains the progress of theminimiza-
tion.
3.1.4 Solvating the protein in a water box
Now the protein is ready to be placed into a box and solvated
for subsequent simulations under periodic boundary condi-
tions. Go into the subdirectory box. The box shape will be
chosen to be rectangular, the simple point charge (SPC) wa-
ter model [18] will be employed (as already specified in the
topology file), theminimumsolute-to-wall distancewill be 1.2
nmsuch that the closest surface atomsof twoperiodic copies
are at least 2.4 nm apart (longer than the cutoff distance of
1.4 nm). The minimum solute-solvent distance is set to 0.23
nm. The GROMOS++ program sim_box is used to generate
the box and to solvate the protein by executing
$ sim_box @f sim_box_GB3 .arg >

sim_box_GB3 .cnf

During immersion into the solvent, water molecules may
still have been placed too close or too far away relative to
the protein surface. Moreover, their orientation towards
the protein surface is not optimized. Therefore, we need
an equilibration of the solute-solvent system using energy
minimization. During this process the solute atoms will
be positionally restrained around their coordinates in the
initial structure using harmonic springs while the solvent
molecules can move freely. The list of atoms to be position-
ally restrained must be specified in a file sim_box_GB3.por.
The reference positions of these atoms must be specified in
a separate file sim_box_GB3.rpr. To prepare these files, copy
the coordinate file sim_box_GB3.cnf to sim_box_GB3.por and
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sim_box_GB3.rpr. Open the file sim_box_GB3.por in your
text editor and

• In the title block, write “list of solute atoms to be posi-
tionally restrained”

• Change the keyword “POSITION” at the beginning of the
atom coordinate block to “POSRESSPEC”

• Delete all the solvent atoms. This can also be conve-
niently achieved by using the command line instruction
$ sed -i "/SOLV/d" sim_box_GB3.por

When GROMOS reads this file, it will entirely ignore the
coordinates and just look at the list of atoms. Next, open
sim_box_GB3.rpr in your text editor and

• In the title block, write “reference positions of solute
atoms to be positionally restrained”

• Change the keyword “POSITION” at the beginning of the
atom coordinate block to “REFPOSITION”

When GROMOS reads this file, it will only use the coordinates
of the atoms listed in sim_box_GB3.por and ignore the rest.
Now, adapt the input file em_solvent.imd according to the
number of solvent molecules in your box by adjusting the
second number in the SYSTEM block and the index of the
last atom in the FORCE block. Now, adapt the paths and
the names of the files in em_solvent.run according to your
system. Then start the energy minimization of the solvent
interactively by typing
$ ./ em_solvent .run

This will take a few moments. Once the minimization is fin-
ished, the new coordinate file, GB3_h2o.cnf and the general
output file em_solvent.omd will be written out.
3.1.5 Adding counter ions
To complete the preparation of the simulation box two
sodium ions should be added. Go to the subdirectory
ion. The two sodium ions are added to the simulation box
using the GROMOS++ program ion such that they replace
the water molecules which have the lowest electrostatic
potential. You can run ion by typing
$ ion @f ion_GB3 .arg > GB3_2Na_h2o .cnf

3.1.6 Thermalisation and equilibration
For thermalisation we will use a combination of a progres-
sively increasing temperature and progressively decreasing
position restraints on the solute atoms. The thermalisation
procedure is facilitated by the use of the GROMOS++ pro-
gram mk_script, which allows the automatic generation of
successive MD jobs that (i) slightly differ in their input pa-
rameters; (ii) use the final configuration and velocities of one
job as the starting configuration and velocities of the next

one; (iii) automatically submit the next job upon completion
of the previous one. Go into the subdirectory eq. Before
running the script you need to adjust the number of solvent
molecules and the last atom for the set of degrees of free-
dom in the input file equilibration.imd as well as the paths
and names in eq_mk_script.arg. Moreover, new position re-
straint files GB3_2Na_h2o.por and GB3_2Na_h2o.rpr have to
be prepared as described above based on the output file
GB3_2Na_h2o.cnf from the ion program. Now the job scripts
and corresponding input files are created by typing
$ mk_script @f eq_mk_script .arg

You are now ready to start the thermalisation and equilibra-
tion. Run the first job script and the others will be automati-
cally executed as soon as the preceding script has finished.
./ eq_GB3_1 .run

After the equilibration is finished you can carry out some ba-
sic checks in the eq/ana directory. For example, you can see
that the kinetic energy is increasing at every new job.
3.1.7 Unrestrained molecular dynamics simulation
The equilibration procedure produced short simulations at
constant temperature and volume. Now we want to extend
the simulation to 21 ns under constant temperature and
pressure. Go to the directory md and use the mk_script
program to create the job scripts and input files:
$ mk_script @f md_mk_script .arg

Here the simulation is split into 21 jobs that may preferably
run on a computer cluster. To run the jobs interactively type
$ ./ md_GB3_1 .run

To facilitate the submission to a cluster, adjust the entry
lastcommand in the file mk_script.lib. Depending on your
cluster settings, you may also want to adjust the entry
workdir andmake sure to use a binary that runs GROMOS in
parallel (MPI or openMP) or uses the GPU acceleration [13].
3.1.8 S2-order parameter restrained molecular

dynamics simulation
Starting again from the final configuration of the equilibra-
tion procedure, we now perform the S2 order parameter re-
straining simulation. Go to the directory md_S2res and have
a look at the input file md.imd. Compared to the unrestrained
simulation it contains the additional block
ORDERPARAMRES
# NTOPR NTOPRA COPR TAUOPR UPDOPR NTWOP

-1 0 300 200 1 250
END
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By setting the switch NTOPR to -1 you specify that you use
time-averaged restraining without individual weights for the
force constant. The switch NTOPRA controls reading of the
averages from the startup file. The value should be 0 for the
first job and 1 for continuation jobs. The switch COPR defines
the order parameter restraining force constant. With TAUOPR
the relaxation time is specified. The switch UPDOPR is only
relevant if the averages are not calculated using the damped
memory approach but as a running average covering the
last TAUOPR picoseconds of the simulation. We note that
window averaging shows no advantage over the damped
memory approach while requiring a sizable amount of RAM.
Finally NTWOP controls how often the order parameters are
written to the special trajectory. The actual settings of the
switches NTOPRA, COPR and TAUOPR are defined in the joblist
S2_restraining.jobs that has the following structure:
TITLE
S2 order parameter restraining
END
JOBSCRIPTS
job_id [...] NTOPR NTOPRA COPR TAUOPR [...]

1 [...] -1 0 10 200 [...]
2 [...] -1 1 300 200 [...]
3 [...] -1 1 300 200 [...]

...
END

In the first job we start with a small restraining force con-
stant COPR since we want a gentle build-up of the time av-
erages. From the second job onwards the force constant is
unchanged. Similar settings of force constant and averaging
time were used in previous work on this system [14]. The
experimental order parameters used for the restraining are
taken from Hall and Fushmann [19] and are specified in the
column S0 of the file order_exp.dat. In the latter file the
atoms i and j defining the bond vector need to be speci-
fied as well as the average bond length R0. In the column
DSO the flat-bottom parameter of the restraining potential-
energy term is set to 0.05. Therefore, no restraining force is
applied if the absolute value of the difference between simu-
lation and experiment is smaller than or equal to this value.
With WOPR individual weights can be assigned to the order pa-
rameters if the corresponding switch NTOPR in md.imd is se-
lected. Now use the mk_script program to create the job
scripts and input files:
$ mk_script @f md_mk_script .arg

The file order_exp.dat needs to be specified under the key-
word order in the @files section of md_mk_script.arg. As
before the simulation is split into 21 jobs that may preferably
run on a computer cluster. To run the jobs interactively type

$ ./ md_GB3_1 .run

3.1.9 Analysis
First, we analyse the energy trajectories of the unre-
strained and restrained simulations. Go into the directory
ana/ene_ana/unres and run the analysis program ene_ana
by typing
$ ene_ana @f ene_ana_unres .arg >

ene_ana_unres .out

The first trajectory is excluded from the analysis to account
for the fact that the system needs some additional equili-
bration phase when switching from a constant volume to a
constant pressure simulation. The file ene_ana_unres.out
contains the averages while the time series of all speci-
fied properties are contained in the .dat files. The total
intramolecular energy of the protein had to be defined
in the ene_ana.md++.lib file located in the subdirectory
above, see line 251 in that file. Repeat the analysis for the
restrained simulation and compare the results. For the
latter we additionally evaluate the total restraining energy
in order to check whether the contribution of the restraints
is small compared to the total intramolecular energy of the
protein. Note that the file ene_ana.md++.lib has to be com-
patible with the GROMOS version used. If you use a newer
version than 1.5.0, you will find the corresponding file in the
directory md++-x.y.z/data of your GROMOS installation.

Second, the atom positional root-mean-square deviation
of the backbone atoms from a reference structure is calcu-
lated for the two trajectories using the GROMOS++ program
rmsd. For the unrestrained simulation go to the directory
ana/rmsd/unres and type
$ rmsd @f rmsd_unres .arg > rmsd_unres .out

Here, we use the last structure of the equilibration simulation
as reference. The two resulting RMSD time series are shown
in Figure 1.

Third, the root-mean-square fluctuation of the backbone
N atoms is calculated using the program rmsf. For the unre-
strained simulation go to the directory ana/rmsf/unres and
type
$ rmsf @f rmsf_unres .arg > rmsf_unres .out

The two resulting plots are displayed in Figure 2 and show
that the restrained simulation does not necessarily show less
fluctuations compared to the unrestrained simulation.

Finally the N-H order parameters are calculated using the
program nhoparam. For the unrestrained simulation go to the
directory ana/nhoparam/unres/0.5 and type
$ nhoparam @f nhoparam_unres .arg >

nhoparam_unres .out
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Figure 1. Backbone atom-positional root-mean-square deviation(RMSD) of GB3 with respect to the final structure of the equilibra-tion simulation.

Figure 2. BackboneNatom-positional root-mean-square fluctuation(RMSF) of GB3.

We do the analysis using two averaging time windows of 0.5
and 1.0 ns, respectively. Since the order parameter is de-
fined as long-time tail of the autocorrelation function of the
bond vector, this comparison provides insight into whether
the corresponding autocorrelation functions have reached
their plateau values. The nhoparam program also calculates
order parameters averaged over the entire trajectory. These
valuesmay be considerably smaller than those calculated us-
ing 1 ns averaging time. If that is the case, conformational
changes occur on larger time scales and a structural inter-
pretation based on order parameters might be difficult. Fig-
ure 3 shows a relatively small influence of the averaging time
on the resulting order parameters in the present case.
3.1.10 Common errors

Figure 3. Comparison of backbone N-H order parameters for pro-tein GB3, determined from unrestrained (U) and restrained (R) MDsimulations using different averaging time windows (atw) in the anal-ysis. The experimentally derived order parameters used for restrain-ing were taken from the work of Hall and Fushman [19] (anisotropicmodel).

Too large initial restraining forces
Order parameters are not instantaneous observables but av-
erages overmultiple configurations of the systems. At the be-
ginning of the simulation, these averages have not been es-
tablished yet but are initialized based on the starting config-
uration. Depending on the value of the restraining force con-
stant a SHAKE error might occur within the first steps of the
restraining simulation. To prevent too large initial restraining
forces, a gradual increase of the restraining force constant
over multiple runs is usually sufficient. Note that the occur-
rence of this error depends on the specific system under in-
vestigation.
3.2 Tutorial 2: Double decoupling method &

corrections for net-charge changes
The double decoupling method (DDM) [20] is an alchemical
perturbation approach to compute binding free energies
from molecular dynamics simulations by making use of a
thermodynamic cycle (Figure 4). Two of the branches are
determined by thermodynamic integration corresponding to
the decoupling of the ligand from the system (perturbing the
ligand into a non-interacting dummy molecule), both free
in solution and when bound to the host. In order to avoid
sampling of non-relevant phase space in the complexed
system, the ligand is kept in a position that resembles that
of the native bound conformation by gradually introducing a
harmonic distance restraint. The free energy of the restraint
removal can be evaluated analytically.

In this tutorial we will calculate the standard binding
free energy of aspirin (ASA) to the protein phospholipase A2

7 of 36 https://doi.org/10.33011/livecoms.6.1.3485
Living J. Comp. Mol. Sci. 2025, 6(1), 3485

https://doi.org/10.33011/livecoms.6.1.3485


A LiveCoMS Tutorial

Figure 4. Thermodynamic cycle for the calculation of the standardbinding free energy of aspirin (ASA–) binding to the protein phos-pholipase A2 (PLA2). ASA– is turned into a non-interacting dummymolecule (DUM), both in its complexed state (v) and free in solution(ii). The free energy of DUMbinding to PLA2 is zero (iii). An intermedi-ate state (DUM-PLA2) is introduced by linking both binding partnerswith a harmonic distance restraint. The free-energy contribution ofthis restraint can be calculated analytically (iv) via equation 6. Thefree-energy differences of branches (ii) and (v) are determined via(extended) thermodynamic integration (TI), enabling the calculationof the standard binding free energy (i).

(PLA2) using the DDM and extended-thermodynamic inte-
gration (X-TI) [21]. For an application of X-TI and corrections
of net-charge changes in current research see e. g. Ref. [22].
3.2.1 Simulation setup
Preparation of topologies and coordinate files, energy
minimization, solvation in SPC water and the addition of
counter ions as well as the setup of equilibrations and
simulations can be performed in analogy to tutorial 1.
The Cartesian coordinates for the enzyme phospholipase
A2 with bound acetyl salicylic acid (ASA) can be obtained
from the Protein Data Bank with accession code 1OXR [23].
The final equilibrated structures, eq_ASA_Na_7.cnf and
eq_PLA2_ASA_Ca_2Na_7.cnf, are in subdirectories eq/eq_ASA
and eq/eq_PLA2_ASA of the directory t_02.
3.2.2 Perturbation topology
Go into the subdirectory topo. The topologies for the ligand
(ASA.top) and the protein (PLA2.top) are already prepared.
You can also find the combined topologies with sodium
counter ions and a calcium ion that is important for ligand
binding (ASA_Na.top and PLA2_ASA_Ca_2Na.top). For ligand
decoupling, the topology for ASA in the decoupled state
(DUM.top) was generated by changing the integer atom
code (IAC) to 22 corresponding to the dummy type for all
the atoms and setting all the charges to 0. The program
make_pt_top can convert topologies from state A and B into
a perturbation topology. The PERTATOMPARAM block lists all
atoms with their respective force field parameters that will
be alchemically perturbed during the simulation.

3.2.3 Distance restraints
Distance restraints are introduced for the calcium ion to keep
it bound in the active site. For this, a distance restraint speci-
fication file disres.dat is set up in subdirectory eq containing
the following block.
DISTANCERESSPEC
# DISH DISC

0.1 0.153
# i j k l type i j k l type r0 w0 rah

1208 0 0 0 0 309 0 0 0 0 0.223 1.0 0
1208 0 0 0 0 321 0 0 0 0 0.235 1.0 0
1208 0 0 0 0 339 0 0 0 0 0.246 1.0 0
1208 0 0 0 0 489 0 0 0 0 0.255 1.0 0
1208 0 0 0 0 490 0 0 0 0 0.248 1.0 0

END

The restraint is defined between the calcium ion and 5 atoms
of residues coordinating the ion (3 amide oxygens and 2
carboxylate oxygens). type 0 refers to explicit/real atoms. r0
is the distance between two atoms in nm. The restraint is
defined with a weight factor w0 of 1 by which the distance
restraint interaction term CDIR of the DISTANCERES block in
the imd-file is multiplied (force constant). The parameter rah
controls the form and dimension of the restraint, here it is
set to zero, which corresponds to a full harmonic potential-
energy term in x, y, z dimensions. Parameters DISH and
DISC are the hydrogen-carbon and carbon-carbon distances,
respectively. GROMOS can also apply distance restraints on
virtual or pseudo atoms by setting the appropriate type and
a specification of additional atoms j, k and l.

To keep the ligand within the active site when getting de-
coupled, we gradually turn on a harmonic distance restraint
simultaneously to the perturbation. Go into the subdirectory
DDM/md_TI where you will find the disres.dat file which con-
tains an additional block.
PERTDISRESSPEC
# DISH DISC
0.1 0.153
# i j k l type i j k l type n

m Ar0 Aw0 Br0 Bw0 rah
21 211 264 529 -1 1195 1199 1203 0 -1 0

0 0.0 0.0 0.0 1.0 0
END

The distance restraint is defined between the center of
geometry (type -1) of 4 backbone atoms (i, j, k and l) of
PLA2 around the active site and the center of geometry of
3 atoms of the ligand’s benzene ring with a distance of zero
(A_r0=B_r0=0). At state A the restraint is turned off (A_w0=0),
while at state B the restraint is retainedwith aweight factor of
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1 (B_w0=1). Parameters n and m control hidden restraints [24].
Parameters DISH and DISC are not relevant for the center of
geometry and this type of pseudo atoms.
3.2.4 Extended-thermodynamic integration

simulation
The thermodynamic integration approach uses the coupling
parameter λ, which defines the system as a linear combi-
nation of the two end-states [25]. The coupling parameter
approach formulates the Hamiltonian of the system depen-
dent on λ by interpolating between the two states (scaling
of force-field parameters).

Vnb(rij,λ) = (1 – λ)nVA(rij,λ) + λnVB(rij, 1 – λ) (1)
with

VX(rij,λ) = CX12(αljλ2CX126 + r6ij )2 –
CX6

αljλ2CX126 + r6ij +
qXi qXj4πϵ0

[ 1
(αcrfλ2 + r2ij )1/2 –

1/2Crfr2ij
(αcrfλ2 + R2rf)3/2 –

1 – 1/2Crf
Rrf

] (2)

where CX6 , CX12, qXi and qXj are the Lennard-Jones parameters
and partial charges for state X (A or B). rij is the distance
between particles i and j, Crf and Rrf are parameters of
the electrostatic reaction field assumed outside the cutoff
sphere [26]. αcrf and αlj are soft-core parameters [27].

Go into the subdirectory md_TI. The input files
md_TI_ASA_Na.imd and md_TI_PLA2_ASA_Ca_2Na.imd contain
two additional blocks that are relevant for the free-energy
calculations using X-TI. The PERTURBATION block controls the
alchemical perturbation
PERTURBATION
# NTG NRDGL RLAM DLAMT

1 0 0.0 0.0
# ALPHLJ ALPHC NLAM NSCALE

1.0 1.0 1 0
END

NTG turns on the perturbation to calculate ∂H/∂λ and RLAM
is the initial value for λ. The initial value of λ could also be
read from the configuration by setting NRDGL=1. RLAM will
be adjusted for several different λ points using the jobs file
md_TI.jobs. DLAMT controls the increase of λ with time. The
parameters ALPHLJ and ALPHC are the soft-core parameters
for Lennard-Jones (αlj) and Coulomb (αcrf) interactions,
respectively. NLAM controls the power dependence of the λ
coupling (n in eq. 1) and NSCALE the use of interaction scaling
for complete energy groups.

The PRECALCLAM block is relevant for the pre-calculation of
intermediate non-simulated λ-points during the simulation
as extension to standard TI.
PRECALCLAM
# NRLAM MINLAM MAXLAM

81 0 1
END

With the settings in the above block, the energies and
derivatives with respect to λ will be calculated on-the-fly at
81 points ranging from λ=0 to λ=1, resulting in λ-steps of
0.0125.

The simulation is defined in the jobs file md_TI.jobs. Sim-
ulations will be performed at 11 equally spaced λ-points be-
tween λ=0 and λ=1 for 5 ns each in case of the complexed sys-
tem, where ASA is bound to PLA2. This system also requires
the perturbed distance restraint. The simulations of ASA free
in solution will also be performed at 11 λ-points each for 0.5
ns. Note that this tutorial can also be carried out using stan-
dard TI, in which case the PRECALCLAM block is not required.
The choice of 11 equally spaced λ-points is typically a reason-
able start, but it is recommended to adjust the number of
points and the spacing according to the curvature and error
estimates of ∂H/∂λ. In X-TI, adjustment is often not neces-
sary, even fewer points may be sufficient in some cases, but
for standard TI usually more than 11 λ-points are needed.
Therefore, we strongly recommend to use the PRECALCLAM
block and take advantage of the pre-calculation of intermedi-
ate non-simulated λ-points and subsequent reweighting. To
run the two simulations, copy the argument files required by
the mk_script program into the two directories md_TI_ASA
and md_TI_PLA2_ASA, respectively, and adapt the paths be-
fore generating the job files with the mk_script program and
submitting the jobs to a cluster. If you prefer to continue di-
rectly, you will find the necessary energy and free-energy tra-
jectories in the subdirectories L_*.
3.2.5 Free-energy analysis
The free energies can be determined via extended-
thermodynamic integration (X-TI) [21] or the Bennett
acceptance ratio (BAR) method [28]. The raw data for both
methods can be extracted from the energy and free-energy
trajectory files using the GROMOS++ program ext_ti_ana.

Go into the subdirectory DDM/ana_TI/ana_TI_ASA and run
the program ext_TI_ana via the bash-script by typing
$ ./ ext_ti_ana_bar .sh

X-TI requires the pre-calculation of free energies at non-
simulated points. Free-energy derivatives at requested
non-simulated λP values can be reweighted to obtain
ensemble averages for λP from simulated λS points. The
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Figure 5. The reweighted property 〈
∂H
∂λ

〉 for λ=0 to λ=1 for both
systems ASA and PLA2_ASA.

predictions from multiple simulations at λS points can
be merged into a single TI profile by a linear reweighting
scheme using the program ext_TI_merge. Run the program
via the bash-script by typing
$ ./ ext_ti_merge .sh

The program calculates the integral of the final TI-curve
using the trapezoidal rule in order to obtain the free-energy
estimate. The results of X-TI for both systems, ASA and
PLA2_ASA, are shown in Figure 5.

BAR estimates free energies from the free-energy differ-
ences between two adjacent λ points i and j, using

∆G(λi → λj) = kBT ln ⟨f (E(λi) – E(λj) + C)⟩λj

⟨f (E(λj) – E(λi) – C)⟩λi

+ C (3)
with

f (x) = 11 + exp(x/kBT ) (4)
C is determined iteratively to ensure that the two ensemble
averages from λi and λj are identical. To calculate error es-
timates, bootstrap sampling can be conducted. Run the pro-
gram bar via the bash-script by typing
$ ./ bar.sh

BAR is computationally more efficient and converges rela-
tively fast compared to regular TI. The efficiency of X-TI is
comparable, with the added advantage of direct visualization
of the entire free-energy profile [29].
3.2.6 Thermodynamic cycle
The free energy of binding is determined according to the
thermodynamic cycle shown in Figure 4 as
∆Gbind(ASA–) =
∆Gmut(free) +∆Gbind(DUM) –∆Gres –∆Gmut(complex) (5)

The free energy associated with the removal of the restraint
(∆Gres) for a dummy particle can be calculated analytically,
including a standard state correction [30, 31]:

∆Gres = –kBT ln V◦(2πkBT/K)3/2 (6)

where K is the force constant of the harmonic distance re-
straint and V◦ is the accessible solution volume correspond-
ing to the standard-state definition. For a molar reference
concentration it is given by V◦ = 1.661 nm3. Equation 6 cor-
rects for restrictedmobility and canbederived from theparti-
tion function associatedwith the restraining potential energy
function, given that the restraint is so strong that the integra-
tion volume can be extended to the entire space [32].
3.2.7 Correction terms for net-charge changes
Due to finite box sizes, periodic boundary conditions and
simplifications in the calculations of the electrostatic inter-
actions, the calculated free energies are artifacted. In the
following paragraphs, we will refer to these energies as raw
free energies. We will quantify and correct these artifacted
components using a free-energy correction ∆Gcor to yield
methodology-independent values ∆G as

∆G = ∆Graw +∆Gcor (7)
Analogous to Reif and Oostenbrink [33], ∆Gcor is a combi-
nation of multiple free-energy corrections for a spurious
solvent-polarization (∆Gpol), the impracticality of calculating
the zero of the potential under periodic boundary conditions
using discrete solvent molecules (∆Gdsm) and artifacted di-
rect interactions between the ligand and the host molecule
(∆Gdir). The free-energy correction is calculated as

∆Gcor = ∆Gpol +∆Gdir +∆Gdsm (8)
These three correction terms will be calculated in the follow-
ing paragraphs. A general scheme about the calculation of
the corrections based on λ-generated trajectories can be
found in Figure 6 [34]. Note that within this tutorial, only the
information needed for the practical part is provided, further
details about the theory can be found elsewhere [33, 35, 36].
The set of the three correction terms needs to be calculated
for both branches of the thermodynamic cycle. Have a look
into the directory corrections. It contains subdirectories for
Aspirin free in solution and the complex of Phospholipase
A2 with Aspirin. The correction procedure will only be
explained for Aspirin free in solution, the procedure for the
complex is similar. Go into the directory corrections/ASA.
First, we need to create a set of topologies for intermediate
states. These topologies will have full, unperturbed van
der Waals parameters but charges that scale with λ. Go
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Figure 6. Schematic representation of the corrections. ∆Gdsm is cal-culated over full trajectories of the end states (however, if one of theend states has zero charges, it can be skipped). ∆Gpol and∆Gdir areboth calculated on individual snapshots only. In this tutorial, only thefinal snapshots of 6 chosen λ-points are used for these calculations.

further into the subdirectory correction_topologies. The
python script interpolate_topocharges.py takes three
input parameters: topologies at states A and B and a specific
λ-value. A new topology with charges that correspond ex-
actly to the given λ-value is written out. All other parameters
remain unperturbed and are taken from topology A. We
do not have to use it directly but can use the bash script
do_interpolate_topocharges.bash instead. It creates six
topologies at equidistant λ-points. These will be used for
the individual correction terms explained in the following
paragraphs.
3.2.8 Solvent polarisation
First, we calculate the correction estimate ∆Gpol for the spu-rious solvent polarisation. We will use a set of continuum-
electrostatics calculations on configurations extracted from
trajectories that were sampled at different λ points. For each
of these configurations, the electrostatic potential at the
atom sites of the Aspirin molecule will be calculated twice
- using a cutoff scheme with a reaction-field contribution
under periodic boundary conditions and using full Coulom-
bic charges under non-periodic boundary conditions. The
integrated differences between both potentials will give an
estimate of ∆Gpol, which can be directly applied to the raw
free energies that were calculated in the simulation. Note

that for the sake of simplicity, in this tutorial we will use
only the last configurations of six λ-generated trajectories.
However, when used for “real” research questions, a more
complete set of configurations should be analysed in order
to achieve more reliable results.

Go into the subdirectory corrections/ASA/dGpol. It
contains argument files for the GROMOS++ program
dGslv_pbsolv. There are six argument files for six different
λ points. Since the continuum-electrostatics calculations
are computationally demanding, the output files are already
provided. However, if you prefer to run the continuum-
electrostatics calculations yourself, you can run them by
typing
$ dGslv_pbsolv @f dGslv_pbsolv_L_0 .0. arg >

dGslv_pbsolv_L_0 .0. out
$ dGslv_pbsolv @f dGslv_pbsolv_L_0 .2. arg >

dGslv_pbsolv_L_0 .2. out
...
$ dGslv_pbsolv @f dGslv_pbsolv_L_1 .0. arg >

dGslv_pbsolv_L_1 .0. out

Let’s have a look at one of the output files. It contains four
rows for the individual atoms of the charged acetyl group
of the Aspirin molecule. There are several columns. Next
to basic information for the individual atoms, there are
six columns with potentials created under non-periodic
boundary conditions in solvation (NPBC_SLV), non-periodic
boundary conditions in vacuum (NPBC_VAC), periodic bound-
ary conditions in solvation (PBC_SLV), periodic boundary
conditions in vacuum (PBC_VAC), a fast Fourier transform
result for the lattice-summation method under periodic
boundary conditions (FFT_LS_PBC) and a fast Fourier trans-
form result for the reaction-field method under periodic
boundary conditions (FFT_RF_PBC). The potential that has
to be integrated over λ reads (NPBC_SLV - NPBC_VAC) -
(PBC_SLV - PBC_VAC) - (FFT_LS_PBC - FFT_RF_PBC). Note that
the last term has to be used only if a cutoff scheme with
reaction field contribution was applied in the simulation.
You can simply use the script integrate.py. Type
$ ./ integrate .py

We are interested in the result NPBC - PBC, which is the cor-
rection term ∆Gpol.
3.2.9 Direct ligand-protein interactions
In the actual MD simulation, the interaction between the
ligand and the protein atoms was calculated using a cutoff
scheme with a reaction field contribution. A correct scheme
would involve no cutoff and purely Coulombic interactions.
∆Gdir accounts for the difference between the simulated
and the real case. Note that in order to minimize the
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dependence of the correction terms on the conformations
of the molecules the same configurations have to be used
for ∆Gdir that were used for the calculations of ∆Gpol. Gointo the subdirectory corrections/ASA/dGdir. It contains
argument files for the GROMOS++ program ener. There are
12 argument files for six different λ-points, one for Coulom-
bic interactions under non-periodic boundary conditions
(NPBC) and one for Coulomb/Reaction-field interactions
under periodic boundary conditions (PBC). You can use the
provided output files or generate them yourself by typing
$ ener @f ener_PBC_L_0 .0. arg >

ener_PBC_L_0 .0. out
$ ener @f ener_NPBC_L_0 .0. arg >

ener_NPBC_L_0 .0. out
$ ener @f ener_PBC_L_0 .2. arg >

ener_PBC_L_0 .2. out
...
$ ener @f ener_NPBC_L_1 .0. arg >

ener_NPBC_L_1 .0. out

We are interested in the integrated energies NPBC-PBC. You
can do it yourself or use a provided Python script. Simply
type
$ ./ integrate .py

The integrated result is the correction term ∆Gdir.
3.2.10 Potential from discrete solvent molecules
Another artifact stems from the impossibility of calculating
the absolute zero potential in a periodic simulation box and
the convention to average the solvent-generated potential
over the exterior and the interior of the solvent molecules.
As a consequence, the calculated potential differs from the
"real" potential by an offset. For a rigid solvent model with a
single van der Waals interaction site and any scheme relying
on molecular-cutoff truncation based on this specific site, it
can be shown that this offset is related to the quadrupolemo-
ment trace of the solvent model used. The free-energy cor-
rection is furthermore proportional to the water-molecule
density inside the box (LS - lattice summation schemes) or
within the cutoff radius (cutoff schemes with reaction-field
correction - RF) and reads

∆Gdsm(LS) = –NA(6ϵ0)–1γs∆QNSV–1B (9)
for the LS scheme and

∆Gdsm(RF) = –NA(6ϵ0)–1 2(ϵRF – 1)2ϵRF + 1 γs
n∑
i=1

∆qi
〈
NS(RC,i)〉 V–1C

(10)
for the RF scheme, where NA is the Avogadro constant, ϵ0is the vacuum dielectric permittivity, ϵRF is the (relative)
reaction-field dielectric permittivity, ∆Q is the net-charge

change in the system, ∆qi is the net-charge change of the
perturbed atom i, NS is the number of solvent molecules
in the box, 〈NS(RC,i)〉 is the average number of solvent
molecules in the cutoff sphere of the perturbed atom i, VB isthe volume of the computational box and VC is the volume
of the cutoff sphere. γs is the quadrupole moment trace
relative to the van der Waals interaction site. Values for
commonly used water models can be found in table 1. Hint:
the reaction-field permittivity used in the simulations can
be found in the NONBONDED block of an imd file under the
parameter EPSRF.
Table 1. Quadrupole-moment traces [e nm2] for typical solventmod-els

model γs
SPC [18] 0.008200
SPC/E [37] 0.008476
TIP3P [38] 0.007641
TIP4P [38] 0.009295
TIP5P [39] 0.002054
ST2 [40] 0.001754

Go into the subdirectory corrections/ASA/dGdsm. First,
we need to calculate the average number of water molecules
in the cutoff sphere that was used in the simulation. We will
calculate this number using a radial distribution function (rdf)
over the trajectory, which was generated with full charges on
the perturbed atoms. The argument file for the GROMOS++
program rdf is already provided, as is the output file in case
your simulation has not finished yet. You can run rdf by typ-
ing
$ rdf @f rdf.arg > rdf.out

The output file contains the densities of water particles as a
function of the distance of all the perturbed atoms. To obtain
the total number of water molecules, these densities need to
be integrated over the distance and multiplied by the water
number density ρ = N/VB in the simulation box. Equation 10
then gives the final correction term∆Gdsm . You can calculate
it by typing
$ ./ integrate .py

This script reads the file rdf.out as well as system.info that
contains relevant information about the box size, the cutoff,
the correction field and the solvent model. Relevant informa-
tion about the box size can be found by looking into one of
the configuration files - the POSITION block contains the num-
ber of solvent molecules and the GENBOX block provides the
box dimensions. Settings for the electrostatics can be found
in the NONBONDED block in the imd files.
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3.2.11 Corrected results
Above, the three correction terms for Aspirin free in solu-
tion were calculated. According to equation 8, the sum of
these three correction terms constitutes the total correction
for this branch of the thermodynamic cycle. The same set of
correction terms has to be calculated for the ligand bound
to the host (directory corrections/PLA2_ASA). Both correc-
tions can be directly added to the raw free energies, yield-
ing methodologically independent results (see table 2). The
final calculated estimate∆G◦bind = ∆G(PLA2_ASA)–∆G(ASA) =–32.3 kJ/mol agrees quite well with the experimentally deter-
mined estimate of ∆Gbind,exp = –29.6 kJ/mol [23].
Table 2. Results fromDouble Decoupling with corrections. All valuesare reported in kJ/mol.
System ∆Graw ∆Gres ∆Gpol ∆Gdir ∆Gdsm ∆G
ASA -371.2 - 12.3 -9.1 77.5 -290.5
PLA2_ASA -383.2 18.2 -13.3 23.4 32.1 -322.8

3.2.12 Common errors
Insufficient λ-point resolution
Large variation in free-energy estimates across replicates
may indicate an insufficient λ-point resolution, especially in
regions with high curvature in ∂H/∂λ.

To diagnose this, plot the predicted free-energy deriva-
tives from neighboring simulated λ-points. If the predictions
of two neighboring pre-calculated values differ significantly,
intermediate λ-points should be added to improve accuracy.
Coarse grid in ∆Gpol correction termSolvent polarization corrections using Poisson–Boltzmann
(PB) calculations are computationally expensive. To reduce
computational costs, one might increase the grid spacing.
However, this can introduce significant errors if the grid
does not fully enclose the solute or fails to resolve its charge
distribution accurately.

We recommend validating the chosen grid by checking
whether further refinement leads to noticeable changes in
the correction.
3.3 Tutorial 3: Using HREMD and

distance-field
Another way to calculate the binding free energy of a ligand
to a protein is to pull the ligand out of the active site. There
are several methods available to perform such calculations,
however, most of them require the a priori knowledge of the
dissociation path. Even if the dissociation path is determined
during the simulation, it is often assumed that it is linear, or
that only a single dissociation path exists. For an accurate
estimate of the binding free energy the simulations should

be performed such that the binding and unbinding of the lig-
and can be sampled reversibly. In this tutorial we will use the
distance-field (DF) distance as the reaction coordinate and
combine this with Hamiltonian-replica-exchange molecular
dynamics (HREMD) simulations [41]. The advantage of the
DF distance is that we will be able to pull the ligand back into
the active site, even if it moved to the other side of the pro-
tein. The HREMD simulations allow for multiple paths to be
sampled reversibly [42].
3.3.1 Preparations
As in the tutorial above, we will use the PLA2-ASA complex as
a test system. The preparation of the topology, coordinates,
energyminimization and equilibration of the system are very
similar to the tutorial above. The only difference is that we
will use a larger cubic box to allow the ligand tomove freely in
the solvent. The final equilibrated structure can be found in
the directory eq with the name eq_PLA2_ASA_Ca_2Na_7.cnf.
3.3.2 Slow-growth
In order to get some initial coordinates for each of the repli-
cas of the HREMD simulations, we will perform a short slow-
growth simulation where the ligand is pulled out of the active
site in a non-equilibrium manner. The exact pulling speed
and force constant are not relevant in this case as we are
not trying to calculate the binding free energy from the slow-
growth simulations. It is, however, important that the struc-
ture of the protein does not get disrupted during this initial
simulation. The slow-growth simulation is started from the
final configuration of the equilibration. Go to the directory
slowgrowth and have a look at the PERTURBATION block in the
input file slowgrowth.imd.
PERTURBATION
# NTG NRDGL RLAM DLAMT

1 0 0.0 0.001
# ALPHLJ ALPHC NLAM NSCALE

0.0 0.0 1 0
END

With NTG set to 1, you specify that a free energy calculation
will be performed. The starting λ point RLAM is set to 0. With
each timestep during the simulation, λwill be increased. The
rate of increase in ps–1 is set to DLAMT = 0.001. Together
with NSTLIM = 500000 (from the STEP block) and an integra-
tion time step of 0.002 ps, this results in a simulation of 1 ns
where λ is continuously changed from 0 to 1. ALPHLJ and
ALPHC are the softness parameters of the Lennard-Jones and
Coulombic interactions, respectively. These are set to 0 here,
because we are not changing any nonbonded interactions,
only distance restraints. In addition to that, we have to spec-
ify which kind of restraints will be used. In this case we will
use distance-field distance restraints:
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DISTANCEFIELD
# NTDFR

1
# GRID PROTEINOFFSET PROTEINCUTOFF PROTECT

0.2 15 0.2 0
# UPDATE SMOOTH RL NTWDF PRINTGRID

100 1 1.0 1000 0
END

With NTDFR set to 1, we turn on distance-field (DF) restraining
during the simulation. Typically the grid size (GRID) for the
DF calculation is set to 0.2 nm. PROTEINOFFSET is the penalty
which is added to the DF distance if the path crosses the
host. This value has to be large enough, such that paths
through the protein always result in larger DF distances than
around the protein. If the length of paths around the pro-
tein is larger than the value of PROTEINOFFSET, the paths that
go through the protein may become competitive and forces
will point into the protein, rather than along the surface. Set-
ting very large values of PROTEINOFFSET however, may lead
to large forces at the surface of the protein, especially if the
SMOOTH option is not used (see below). Here we have chosen
PROTEINOFFSET = 15 nm. PROTEINCUTOFF = 0.2 determines
that any grid point which is within 0.2 nm of a protein atom
will be flagged as protein. In cases where the binding site is
quite small, it can happen that the zero distance point is of-
ten flagged as protein, in these cases it might be necessary to
use PROTECT > 0. This is the radius around the zero-distance
point in which a grid point will not be flagged as protein. For
our simulation, we will leave this value at 0.

In order to speed up the simulation, the grid is calculated
only every UPDATE = 100 steps. The SMOOTH parameter is
used to prevent very large forces acting at the surface of the
protein due to the large penalties. With each smoothening
step the non-protein grid points are identified which have
a direct neighbouring grid point flagged as protein. These
are on the edge of the protein and we will recalculate their
DF distance but now without the protein penalty. This
removes the large forces pointing away from the protein,
but because the smoothening steps are performed after
the updating step, they do not influence the optimal route.
We will set the number of smoothening rounds to 1. Forces
change linearly for distances larger than 1 nm as set by
RL. We will write DF distances and forces to an external file
(special trajectory file, *.trs) every NTWDF = 1000 steps. We
will not print the grid to the final configuration, so we use
PRINTGRID=0. The definition of the distance restraint that will
be modified during the slow-growth simulation, is specified
in the distance restraint specification file disres.dat. There
are two blocks in this file. The first one, DISTANCERESSPEC
specifies the distance restraints between the Ca2+ ion and

its surrounding residues, which prevents the Ca2+ from
drifting away. The second block PERTDFRESSPEC specifies the
perturbed distance-field restraints.
PERTDFRESSPEC
# DISH DISC

0.1 0.153
# PROTEINATOMS A_R0 K_A B_R0 K_B M N

1190 0.0 500 5.0 500 0 0
# TYPE_I NUM_I ATOM_I [0] .. ATOM_I [NUM_I]

-1 7 16 190 249 312 486 632
1208

# TYPE_J NUM_J ATOM_J [0] .. ATOM_J [NUM_J]
-1 2 1194 1203

END

DISH = 0.1 nm specifies the carbon-hydrogen distance
and DISC = 0.153 nm specifies the carbon-carbon distance.
These are used to compute the position of some types of
pseudo or virtual atoms, respectively, from the positions
of explicitly represented atoms. PROTEINATOMS specifies the
last atom number of the protein which will be used to flag
protein atoms. A_R0 and B_R0 are the restraining distances
in nm at λ = 0 and λ = 1, respectively. We will use a force
constant of 500 kJ mol–1 nm–2 which remains the same
upon changing λ (K_A = K_B = 500). We will not use hidden
distance restraints, so M = N = 0.

The distance between pseudo atom i and pseudo atom j
will be restrained, where pseudo atom i is defined as the cen-
ter of geometry of 7 atoms (NUM_I = 7) with atom numbers
16, 190, 249, 312, 486, 632 and 1208. These atom numbers
correspond to the Cα atoms of residues L2, W18, A22, C28,
D48, Y63 (residue numbers according to the topology) and
the calcium ion. Pseudo atom j is the center of geometry of
atoms C2 and C7 (topology names) of the aspirin ligand. All
input files are now prepared andwe can generate the run file
with:
$ mk_script @f mk_script .arg

Make sure the generated slowgrowth_PLA2_ASA_1.run file
is ready to be submitted to a cluster. After running the
slow-growth simulation, we can analyze the system by
using trs_ana. We will use this program to read out the DF
distances and forces from the special trajectory, *.trs, file.
An example of the argument file is prepared in trs_ana.arg.
You can run the program with
$ trs_ana @f trs_ana .arg

The DF distance as a function of time is written out to the
file df_dist.dat. Have a look at the file with e.g., Xmgrace
and make sure no sudden jumps are present. We also need
to make sure that the protein was not disrupted during the
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pulling process. For this, calculate the root-mean-square de-
viation (RMSD) as a function of time with
$ rmsd @f rmsd_bb .arg > rmsd_bb .dat
$ rmsd @f rmsd_all .arg > rmsd_all .dat

Have a look at the RMSDof the backbone atoms (rmsd_bb.dat)
as well as for all protein atoms (rmsd_all.dat). When both
the df_dist.dat and the RMSD plots look normal, we can
continue to prepare the starting structures for the replica-
exchange simulations. If not, the slow-growth simulation
should be performed again with some variables modified.
For example, you can decrease DLAMT (and increase NSTLIM
accordingly) in order to pull slower. Changing the force con-
stant of the DF restraints (K_A and K_B in the PERTDFRESSPEC
block) or choosing different atoms to apply the DF restraints
to can also help to avoid any disruption of the protein.
3.3.3 Hamiltonian-replica-exchange simulations
One of the first choices that we have to make when starting
a HREMD simulation is how many replicas will be used. For
performance issues it is best to keep the number of replicas
equal to the number of CPUs available (preferably on a single
computational node). In the prepared example, we used 24
replicas. Have a look at the prepared input file for the replica-
exchange simulation (HREMD.imd in the directory HREMD). You
will find that the PERTURBATION block is still present, but with
DLAMT now set to 0. Thismeans we are still calculating free en-
ergies, but we are no longer changing the λ parameter dur-
ing a single simulation. The DISTANCEFIELD block is largely
unchanged, apart from NTWDF because we will write out the
DF data more often. You will also find an additional block:
REPLICA
# NRET

1
# RET (1.. NRET)

298.0
# LRESCALE

0
# NRELAM

24
# RELAM (1.. NRELAM )

0.0000 0.0435 0.0870 0.1304 0.1739 0.2174
0.2609 0.3043 0.3478 0.3913 0.4348
0.4783 0.5217 0.5652 0.6087 0.6522
0.6957 0.7391 0.7826 0.8261 0.8696
0.9130 0.9565 1.0000

# RETS (1.. NRELAM )
0.002 0.002 0.002 0.002 0.002 0.002

0.002 0.002 0.002 0.002 0.002
0.002 0.002 0.002 0.002 0.002

0.002 0.002 0.002 0.002 0.002
0.002 0.002 0.002

# NERTRIAL
100

# NREQUIL
0

# CONT
1

END

Because we will perform Hamiltonian-replica-exchange and
not temperature replica exchange, the number of replica ex-
change temperatures is set to NRET=1. We thus also only have
one RET valuewhich is the temperature of each replica, in this
case equal to 298 K. We do not need to scale temperatures
after exchange trials, so LRESCALE=0. NRELAM is the number
of replica-exchange lambda values, which is set to 24 here.
For each of the replicas you have to specify at which λ value
it should be simulated. These values are given at RELAM. We
do not know the optimal spread of the λ values of the repli-
cas before actually running the simulations, so as an initial
guess we just spread them evenly between λ = 0 and 1. We
will keep the standard timestep of 0.002 ps for each λ-replica,
as given by RETS. In order to keep the simulation time per
run short, we set the number of exchange trials per run to
NERTRIAL=100. Prolonging the simulations can then be done
by performing multiple runs sequentially. NREQUIL sets the
number of exchange periods for equilibration, during which
no switches between the replicas are allowed. This would
be especially beneficial if you start the HREMD simulations
from a single configuration and you need time to equilibrate.
Since we start from multiple configurations which are close
to their respective λ values, we will set this to 0. CONT=1, as
we start from multiple configuration files, instead of a single
configuration. The next step will be to select the appropri-
ate configurations from the slow-growth simulation as initial
configurations for each of the replicas.

The script write_start_files.py in the directory
starting_coordinates will help with this. The program will
find the λ values of the replicas, look for the DF restraint
in the PERTDFRESSPEC block in the distance restraints file
and determine the restraining distances for each of the
replicas from this information. It will then search for the
frame in the slow-growth simulation which has a DF distance
that is closest to the restraining distance of this replica.
This frame will be written to a separate file for each of the
replicas, named start_{X}.cnf, where X will be the replica
number. An example argument file is provided which lists
the topology of the system, the DF distances over time of
the slow-growth simulation (df_dist.dat), the coordinate
trajectory from the slow-growth simulation, the HREMD
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input file and the distance restraint specification file as will
be used for the HREMD simulation. To run the script:
$ ./ write_start_files .py

@write_start_files .arg

The starting coordinates for the HREMD simulation are now
available and we can prepare the run files with mk_script:
$ mk_script @f mk_script .arg

The HREMD simulations are split into multiple runs, in order
to prevent an extremely long single simulation. Go to the
first directory, run1 and submit HREMD_1.run to a computer
cluster, preferably with the samenumber of CPUs aswe have
replicas, which would be 24 in the prepared example.
3.3.4 Analysis of HREMD
All analyses for HREMD simulations will be performed in the
subfolder analysis. In order tomake sure the choice of repli-
cas is appropriate, we will analyze whether there were suffi-
cient switches between the replicas. This canbedone already
after only a few runs have finished. The switching informa-
tion of the replicas is written out to the replica.dat file for
each of the runs separately. You can combine them into a
single file by using the provided script:
$ ./ gather_replica_data .sh [ nr_runs ]

[ nr_trials ]

Here, you need to replace [nr_runs] with the number of
runs that have already been performed and [nr_trials]
with the number of exchange trials per run, which was set
to 100 in the example files. This script results in the file
replica_all.dat. The switches of the replicas can now be
visualized by running
$ ./ rep_ana_mpi .py replica_all .dat

The resulting rep_change.out file can be opened with
Xmgrace. An example of such a file is shown in Figure 7.

In case there is a pair of λ points for which not enough
switches are occurring, you have two options to resolve
this. You can either insert another λ point or make the
difference between the λ points smaller. The former option
may be quicker to set up, but requires longer simulation
time because of the additional replica. The latter option
does not require more replicas, but it is not guaranteed that
your small change improves the switching probabilities and
that you do not introduce another region of low switching
probability due to the change. Of course you can also use
more elaborate methods to optimize the λ-spacing [43].

If you are happy with the switching probabilities, you can
start preparing for the calculation of the Free Energy Curve
(FEC). First, we have to write out the measured DF distances

Figure 7. Replica exchanges during time. Different colors representdifferent replicas.

for each replica. Then we calculate the distributions of these
and on this data we can perform the weighted histogram
analysis method (WHAM) which will result in the FEC. We will
again use the program trs_ana to extract the DF distance
from the special trajectories (*trs.gz). A small script is
provided which runs this program for each of the replicas,
thereby collecting data from each of the runs.
$ ./ do_all_trs_ana .sh [ nr_runs ]

[ nr_replicas ]

This will generate a subdirectory called df_dist which then
contains df_dist_X.dat files for each replica X. From these
distance files, we will first generate the distributions, which
can then be used to determine the FEC by applying WHAM.
The program tcf can generate distributions for each of the
df_dist files. We will set the boundaries to 0 and 5 nm (the
same range as the restraining distances) and use 200 bins.
Especially the boundaries should be adjusted when working
on different systems. Again, a small script is prepared which
will perform the program tcf on each of the replicas:
$ ./ do_tcf .sh [ nr_replicas ]

One should always check whether the distributions at
adjacent λ-values are sufficiently overlapping and whether
the individual distributions are sufficiently sampled. We
can then determine the FEC F(r) by using the WHAM pro-
gram. Note that the FEC contains the Jacobian contribution,
whereas a PMF does not [44]. As input parameters, the
WHAM program needs the temperature of the simulation,
the restraining distance for each replica and the force
constant of the restraints. All this information is read from
the HREMD.imd and disres.dat files as specified in the
do_wham.sh file:
$ ./ do_wham .sh
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Figure 8. Free Energy Curve (FEC) along the DF distance as obtainedfrom HREMD simulations, for the PLA2-ASA system.

This script also moves the final FEC on the y-axis such that its
minimum is placed at 0 kJ/mol. The file wham_FEC_200bins_
5000iter_min0.dat now contains the final FEC, which is
shown in Fig. 8. As you can see, the curve is not completely
flat at larger distances, but is rather noisy. Ideally, you
would have to change the spacing of the replicas, add more
replicas in the unbound range, or lower the maximum
distance which you restrain such that the replicas are placed
more densely in the unbound range. However, we can still
see where the plateau of the unbound range is, so we will
go ahead with the calculation of the binding free energy.
3.3.5 Calculation of binding free energy
To derive the binding free energy from the FEC in Fig. 8 we
cannot simply take the value of ∆G at the plateau around
the unbound state. We will need to integrate the bound and
unbound ranges of the FEC and we will need to include the
standard state correction of

∆Gstd = –kBT ln
(
Vu
V◦

)
(11)

Here, V◦ is the standard state volume of 1.661 nm3 and Vuis the unbound volume which is sampled by the ligand in
the unbound range. This range is defined by the plateau ob-
served in the FEC curve.

In order to determine Vu we need to select the con-
figurations of the trajectory which contributed to the
plateau range of the FEC. In this example, the plateau
can be observed between 3 and 5 nm. The script
select_frames_unbound_region.sh (which you can find
in the subdirectory unboundVolume) will select the appro-
priate frames by reading in the df_dist_X.dat files which
were generated using do_all_trs_ana.sh. Since the DF
distances are written out every 50 steps (NTWDF=50) and the
coordinates only every 1000 steps (NTWE=1000), the script

filters the df distance file such that it matches the timesteps
of the coordinate trajectory. In order to run the program,
specify the number of replicas, the number of runs and the
boundaries of the unbound range:
$ ./ select_frames_unbound_region .sh 24

[ nr_runs ] 3.0 5.0

A list of the selected configurations (list_frames_unbound_
region.txt) as well as the trajectory with only these configu-
rations (unbound_region_frames.trj) are written to separate
directories for each of the replicas. We will now combine all
the configurations from the unbound range and determine
how much volume was sampled by the ligand by using the
program iondens. iondens calculates the average density of
ions (ligand in our case) from a trajectory file. For the exam-
ple, here you can start it with
$ ./ do_iondens .sh

where we use the final configuration from the equilibration
run as a reference configuration. Some parameters in
do_iondens.sh have been set as appropriate for the current
system. For example, the particle that we will be monitoring
now will not be an ion, but the centre of geometry (cog) of
the atoms C2 and C3 of the aspirin ligand. The grid spacing
is set to 0.1 nm, such that a single grid point corresponds
to 1 Å3. The thresholds are set very low, such that we pick
up single occupancies of the grid points. The results are
written out to multiple files, but we are interested only in the
file grid.pdb. This file contains one line for each of the grid
points that have been sampled by the particle at least once.
Since we have chosen the grid spacing such that each point
corresponds to 1 Å3, the number of different grid points that
have been visited (number of lines in the file) corresponds
to the unbound volume (in Å3) which was sampled by the
ligand during the simulations. For the current example (5 ns
HREMD simulation with the unbound range chosen between
3 and 5 nm), the number of visited grid points is 11 258
which equals to a sampled unbound volume of 11.3 nm3.

We can now determine the raw binding free energy
from the WHAM results and determine the standard state
correction with the sampled unbound volume which we
have just obtained. To perform this calculation, we will use
the program calc_dG_corrected.py which you can find in
the analysis directory. Before running the program, be
sure to modify the argument file calc_dG_corrected.arg
to your data. It should contain the file name of the WHAM
results, the start of the bound range (in nm), the end of the
bound range (in nm), the start of the unbound range (in
nm), the end of the unbound range (in nm) and the sampled
unbound volume (in nm3), each on a separate line. You can
now run the program with
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$ ./ calc_dG_corrected .py
@calc_dG_corrected .arg

This program will determine the raw binding free energy
from the FEC F(r) obtained with WHAM, the standard state
correction and the final binding free energy:

∆G◦bind = ∆Grawbind +∆Gstd
= –kBT ln

(∫
b dr e–F(r)/kBT∫
u dr e–F(r)/kBT

)
– kBT ln

(
Vu
V◦

) (12)

It also prints the standard state correction and the final
binding free energy. Note that in [41], F(r) is referred to as
∆GWHAM(r). The expression (Eq. 12) used in that paper to
calculate the binding free energy is obtained when shifting
F(r) to become F̂(r) = F(r) + C, such that ∫b dr e–F̂(r)/kBT equals1. This is achieved for

C = kBT ln
∫
b dr e

–F(r)/kBT (13)
Note that the minus sign in Eq. 12 of ref [41] should actually
be a plus sign.

We have performed the prepared HREMD simulations for
5 ns and obtained∆Grawbind = –31.9 kJ/mol,∆Gstd = –4.7 kJ/mol
and ∆G◦bind = –36.7 kJ/mol. The final result is similar to what
we found in the previous tutorial (-32.3 kJ/mol), but deviates
a bit more from the experimental estimate of -29.6 kJ/mol
[23]. As mentioned before, the spacing of the replicas is not
optimal in the current example. This can influence both the
convergence of the FEC and final binding free energies. An
improvement of the accuracy of the final binding free energy
can thus likely be obtained by optimizing the spacing of the
replicas, adding more replicas and/or prolonging the simula-
tions.
3.3.6 Common errors
Closing of the binding site
In some cases the binding site closes up, preventing a DF
path from the active site to the solvent. As a result, all grid
points outside the protein will get the additional protein
penalty as defined with the parameter PROTEINOFFSET. If
the site remains buried for some time, this becomes prob-
lematic especially if the ligand is unbound. Since all grid
points outside the protein have the large PROTEINOFFSET, the
DF distance basically becomes a radial distance again, and
ligands could be forced to move through the protein instead
of around it.

This issue is easily detected by a large jump in the DF dis-
tance as soon as the binding site closes.

A proper definition of the zero-distance point helps pre-
vent the closure of the binding site. This point is typically the
center of geometry of several atoms in the binding site. If

your binding is closing during the simulation, try the follow-
ing tips for the definition of the zero-distance point:

- Choose more stable atoms (e.g. backbone atoms) to
ensure that the zero-distance point remains fixed and
unaffected by side chain movements.

- Use more atoms to define the zero-distance point to
distribute the restraint force and reduce distortion of
the active site.

3.4 Tutorial 4: Selective Gaussian
accelerated MD (GaMD)

Molecular dynamics simulations often struggle to sufficiently
sample the events of interest in the accessible simulation
timescales [45]. This is due to high energy barriers separating
the desired minima of the energy landscape [46]. Enhanced
sampling techniques make it possible to cross these barri-
ers by adding a bias. Several enhanced sampling techniques
have been developed and improved over the years, each of
them with their respective advantages and limitations [47].
Gaussian accelerated MD is a recently developed technique
that allows increasing the sampling without the need for a
priori knowledge of the cause of the energy barriers. GaMD
works by adding a boosting potential-energy term that flat-
tens the energy landscape.

∆V (r) =
12K (E – V (r))2 if V (r) < E
0 if V (r) ≥ E

(14)
Where ∆V (r) is the boosting potential energy added to the
system, E is the energy threshold and K is the force constant
[48]. The potential-energy term used leads to a Gaussian
distribution of ∆V , making the reweighting process easier
through the use of cumulant expansion to the second order
[49]. Both acceleration parameters (E and K ) can be easily ob-
tained through a search simulation. The energy threshold E,
can be defined as E = Vmax (lower bound) or as E = Vmin + 1

K ,where Vmax and Vmin are themaximum andminimum energy
observed in the search simulation. K is defined as:

K ≡ K0 1
Vmax – Vmin (15)

Where K0 can be calculated as:
K0 = min

(
1.0, σ0

σV

Vmax – Vmin
Vmax – Vavg

)
(16)

When E is set to the lower bound or as:
K0 = K”0 ≡

(
1 – σ0

σV

)
Vmax – Vmin
Vmax – Vavg (17)

When E is set to the upper bound. If K”0 is not found between0 and 1 then K0 is calculated with Eq. (16). σ0 corresponds
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Figure 9. Stick representation of alanine dipeptide with the ϕ and ψdihedrals highlighted.

to a user-specified upper limit for the σ∆V to ensure a nar-
row distribution of the boosting potential energy. In addition,
GaMD offers different types of acceleration. One can acceler-
ate the whole potential-energy term, only the dihedral term,
or both separately (dual boosting).

Recent improvements of the methodology have been de-
veloped, among them, "selective" GaMD in which instead of
adding the boosting energy to the potential energy of the
whole system, the boosting is selectively applied to a subset
of the atoms of the system. These selective approaches al-
low for a stronger enhancement of the events of interest with
no additional computational cost [50–53]. The cited method-
ologies allow selective acceleration of small ligands, bound
peptides and the interactions between two proteins. The se-
lective GaMD methodology that will be used in this tutorial
focuses on offering full flexibility in defining the regions that
one wants to accelerate.

In this tutorial, we will use both the standard GaMD ap-
proach as well as a showcase of the selective GaMD func-
tionality on the alanine dipeptide. All the boosting potential-
energy terms used follow the dual boosting approach and
the energy threshold is set to the lower bound, since it is the
most commonly used setup. GROMOS is compatible with all
the other approaches, and the tutorial can be run with any
of them by simply adapting the input files.
3.4.1 Preparations
In this tutorial, we will use alanine dipeptide as a test system.
The alanine dipeptide is an extensively studied system that
has been used to validate different GaMD implementations
[48, 54, 55]. In this tutorial, we will compute the potential of
mean force (PMF) over the dihedrals ϕ and ψ of the alanine
dipeptide (Figure 9).

The preparation of the topology, coordinates, the energy
minimization and the equilibration of the system follow the
same procedure as described in Tutorial 1. The final equi-
librated structure can be found in the directory eq with the
name aladip_equilibrated.cnf.

3.4.2 GaMD regions definition
The first step in performing GaMD simulations is to create
a GaMD input file containing all the information about
which groups of interactions to accelerate and how they
need to be accelerated. In the directory gamd_setup, you
will find two files, one with the definitions to run standard
GaMD, ala.gamd, and one showcasing the selective GaMD
functionality, selective_ala.gamd. Take a look at the block
GAMDATOMS of both files.
# Standard GaMD:
-----------------------------
GAMDATOMS
1
# INATOM FINATOM AGROUP

1 3840 1
END
------------------------------
# Selective GaMD:
------------------------------
GAMDATOMS
2
# INATOM FINATOM AGROUP

1 12 1
13 3840 2

END
------------------------------

With GAMDATOMS you specify the number of groups of atoms
to account for separately. The next line indicates the index of
the first atom of the group, INATOM, the final atom, FINATOM,
and an integer that will be assigned to that group, AGROUP
(groups of atoms with the same AGROUP index will be consid-
ered a single group). In the case of standard GaMD, only one
set of atoms is defined. For selective GaMD, the user can de-
fine as many atom groups as desired. In this tutorial, two
atom groups are defined, one containing the solute (AGROUP
= 1), and one containing the solvent (AGROUP = 2). Now take a
look at the second block of the .gamd files.
# Standard GaMD:
-----------------------------
GAMDGROUPS
1
# AGROUP_1 AGROUP_2 ACCELGROUP

1 1 1
END
------------------------------
# Selective GaMD:
------------------------------
GAMDGROUPS
1
# AGROUP_1 AGROUP_2 ACCELGROUP
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1 1 1
1 2 1

END
------------------------------

This block defines the number of acceleration potential-
energy terms to use, and to which interactions they should
be applied. In a similar fashion as with the previous block,
GAMDGROUPS specifies the number of distinct acceleration
potential-energy terms to use. The next lines assign each
group of interactions to their corresponding acceleration
group where AGROUP_1 and AGROUP_2 are the indexes of the
atom groups defined in the previous block and ACCELGROUP
is the index for the acceleration potential-energy term. In
the case of standard GaMD, we have only one acceleration
group containing the interactions of all the atoms of the
system. For the selective GaMD, the interactions of the
alanine dipeptide with itself (AGROUP_1 = 1, AGROUP_2 = 1) and
the interactions of the alanine dipeptide with the solvent
(AGROUP_1 = 1, AGROUP_2 = 2) are assigned to one acceleration
group. The interactions of the solvent with itself (AGROUP_1 =
2, AGROUP_2 = 2) are not assigned to any group and thus not
accelerated. The same behaviour can be obtained by using
ACCELGROUP = 0, which is never accelerated.
3.4.3 Acceleration parameter search
In order to get the acceleration parameters (E and K ) a search
simulation needs to be performed. The search starts with
a conventional MD (cMD) simulation in which the necessary
statistics are recorded. After the cMD search, a starting set of
E and K parameters is computed and applied to the system.
After an equilibration phase, the statistics are collected again
and the acceleration parameters are constantly updated. Af-
ter the adaptive GaMD search, the final acceleration parame-
ters are collected to be used for the production simulations.
In this tutorial we will use 0.1 ns of cMD search followed by
0.3 ns of GaMD search. For a real-case scenario, the search
phase must be run for longer times, at least 10 times longer
than the searches described here. Go to the directory search,
where you will find two directories, one for the search of the
standard GaMDmethodology gamd, and one for the selective
approach selective_gamd. Take a look at the GAMD block of
the input file.
GAMD

1
# SEARCH FORM THRESH NTIGAMDS

1 1 1 1
# AGROUPS IGROUPS

1 1
# DIHSTD TOTSTD

24.79 24.79

#ED
0

#ET
0

#KD
0

#KT
0

# EQSTEPS
0

# WINDOW
0

END

The fourth line specifies the general parameters for the
GaMD simulation, such as the search algorithm to use
(SEARCH), whether the dihedral term has to be accelerated
separately (FORM), whether the energy threshold used is an
upper or lower bound (THRESH), and whether the search
needs to be initialized (NTIGAMDS). For this tutorial, we will
accelerate dihedral and total potential-energy terms sepa-
rately (dual boosting approach) and the energy threshold
will be set at the lower bound (E = Vmax). The next line
contains the number of atom groups and interaction groups
or acceleration groups defined in the gamd file. DIHSTD and
TOTSTD correspond to the values of σ0 for the dihedral
term boosting and the total potential-energy term boost-
ing respectively. The variables ED, ET , KD and KT are the
acceleration parameters that define the boosting energy
that will be applied to the system. ED and ET correspond to
the list of energy thresholds for the dihedral terms and the
potential energy of the system respectively, while KD and
KT correspond to the list of force constants of the boosting
energy applied to the dihedral term and to the potential-
energy term. Since this is a search run, all the parameters
can be set to 0, for a production run, these parameters will
need to be updated for the ones found during the search.
Since each acceleration region requires its own parameters,
if more than one acceleration region is defined, one must
provide extra ED, ET , KD and KT parameters. Finally, EQSTEPS
corresponds to the number of equilibration steps to use
before starting to collect statistics of the search simulation
and WINDOW is the size of the window used to collect the
parameters, when WINDOW equals 0 the whole simulation is
used to compute the needed statistics.

All input files are now prepared and we can generate the
run file with:
$ mk_script @f mkscript_gamd_search .arg

The job file gamd_search.jobs provided to mk_script shows
the parameters that change between search runs.
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For this tutorial, we provide two mk_script libraries, one
to prepare the run files for a cluster using SLURM as a queue-
ing system (libsmkscript.lib), and one for running the sim-
ulations locally (libsmkscript_local.lib). If the CUDA accel-
eration code is used, one simply needs to uncomment the
block INNERLOOP from the imd files before running mk_script.

After running the GaMD simulation, we can extract the
acceleration parameters by using ene_ana. The analysis files
are provided in the folder ana. We will use this program to
read out the energy thresholds and force constants from the
last energy trajectory.

You can run the program with
$ ene_ana @f ene_ana .arg

The file ene_ana.arg contains the information about
which parameters to extract from the energy trajectory.
The definitions of those parameters can be found in the
library file ene_ana.md++.lib. This program will generate
the trajectories of the selected parameters. The name
of the parameters use the following syntax, "gamd_" (to
indicate that it is a gamd parameter), followed by parameter
to extract (in lower case), followed by the number of the
acceleration region. For example, the energy threshold for
the dihedrals (ED) for the first acceleration group will be
gamd_ed1.
3.4.4 GaMD production run
Now that the search is complete, we can run the production
run. Go to the directory prod. Similar to the search directory,
you will find two directories, one for the standard GaMD
methodology gamd, and one for the selective approach
selective_gamd. The same imd file used in the search
runs can be used for the production ones. However, the
search algorithm needs to be turned off (SEARCH = 0) and
the acceleration parameters obtained from the search run
need to be added. For this tutorial, since the search run was
not long enough to obtain optimal acceleration parameters,
the imd files already contain all the necessary acceleration
parameters, estimated from a longer GaMD search. We will
run a production simulation for a total of 1 ns, although a
true production run must be much longer.

The run files can be created in the same way as in the
search runs by using mk_script with its corresponding .arg
file.
3.4.5 GaMD analysis
All the analyses for the GaMD simulations will be performed
in the subfolder ana. In this section of the tutorial, we will
calculate the reweighted PMF for the ϕ and ψ dihedrals of
the alanine dipeptide. The same procedure can be used with
any other collective variable of interest. To extract the di-
hedral angle time series, first we need to run the program

tser with the correct argument files. You will find two argu-
ment files in the folder, one for each dihedral of interest, e.g.:
phi_dihedral_tser.arg.
$ tser @f phi_dihedral_tser .arg > phi.out

The argument files already contain the information
needed to compute the dihedrals over time accounting
for periodicity, providing values from -180 to 180 degrees.
The next step is to extract the trajectory of the biasing
potential-energy term used to be able to reweight the
obtained dihedral time series. This can be achieved by using
the program ene_ana in a similar fashion to the extraction
of the acceleration parameters from the search. The values
of interest are totgamd_dV which contains the total boosting
potential energy in kJ/mol, totunbiased, which contains the
total potential energy excluding the boosting energy and
totpot which contains the total potential energy. The boost-
ing energy for each acceleration region can also be extracted
independently by adding gamd_dVi to the ene_ana property
list @prop with the i sub-index indicating the acceleration
group of interest. After obtaining the collective variables
(CV) and biasing potential-energy trajectories, the next step
is to reweight and plot them. We will do this using both
exponential reweighting and cumulant expansion to the sec-
ond order. In the exponential reweighting, the time series
of observed values of X (in this case the dihedral angles)
sampled during the biased simulation R can be reweighted
to the unbiased state Y using the following equation:

⟨X⟩Y = ⟨X exp [–β (VY – VR)]⟩R
⟨exp [–β (VY – VR)]⟩R = ⟨X exp [–β (VY – VR –∆FYR)]⟩R

(18)
where ∆FYR = FY – FR.The GROMOS toolkit offers a program called reweight
that can be used to reweight time series of observed prop-
erties and produce a histogram of the selected number of
bins. During the reweighting process special care is taken in
order to avoid overflow [56]. A sample input file is provided
under the name reweight.arg. Note that the reweight
program only accepts a single time series at a time. The
script ExponentialReweighing.py provided in the scripts
folder can be used to reweigh the probability distribution
of interest pR(ϕ,ψ). ExponentialReweighing.py first dis-
cretizes the two-dimensional dihedral angle matrix into a
one-dimensional time series. The probability distribution of
this time series is then computed and reweighted using the
reweight program. Finally, the one dimensional reweighted
probability distribution is mapped back to a two dimensional
probability distribution, pY (ϕ,ψ), and converted to energies
to be able to plot them.
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$ python ExponentialReweighing .py --cv1
phi.out --cv2 psi.out --vr totpot .dat
--vy totunbiased .dat --xdim -180 180 10
--ydim -180 180 10

An alternative way of reweighting the trajectories would
be to use cumulant expansion to the second order to approx-
imate the reweighting factor. The reweighted free energy
FY (ϕ,ψ) will then be calculated as:

FY (ϕ,ψ) = FR(ϕ,ψ) –
2∑
k=1

βk

k! Ck + Fc (19)
where Fc is a constant, FR(ϕ,ψ) is the free energy obtained
from the unreweighted trajectory, FR(ϕ,ψ) = –kBT lnpR(ϕ,ψ)and the first two cumulants are:

C1 = ⟨∆V⟩,
C2 = ⟨∆V2⟩ – ⟨∆V⟩2 = σ2v (20)

This can be achieved by using the pyreweight script that is
provided in the scripts directory or that can be downloaded
from its original repository [49].

The version provided in the scripts folder contains a
small modification to provide the results in kJ/mol to ease
the comparison with the results provided by GROMOS. The
script takes as input a file with the CVs in columns and an-
other file with the biasing potential energy in three columns,
biasing in kJ/mol, time, and biasing in kcal/mol. An example
of how to run the script can be found in the scripts folder
in the file pyreweight_command.txt.

Because the trajectories performed are too short to ob-
tain converged PMFs, the dihedral and energy trajectories of
a 100 ns run are provided in the subfolder data. The same
analysis can be performed on the files provided there, pro-
ducing the 2D-PMFs in Figure 10.
3.4.6 Common errors
Selection of parameters
A common source of error in GaMD simulations is an unde-
sired or erroneous parameter selection for acceleration and
interaction groups. If the selected inputs are incompatible,
the program will terminate with an error. More concerning,
however, is the possibility that the simulation completes suc-
cessfully but produces accelerations that deviate from those
intended by the user. It is therefore recommended to ensure
the following:

- All atoms in the system are assigned to at least one in-
teraction group.

- No atom is assigned to more than one acceleration
group.

Figure 10. Potential of Mean Force (PMF) profiles over the ϕ and
ψ angles of the alanine dipeptide. A) Simulation using the standardGaMD approach reweighted with cumulant expansion to the secondorder. B) Simulation using the standard GaMD approach reweightedwith exponential reweighing. C) Simulation using the selective GaMDapproach reweighted with cumulant expansion to the second order.D) Simulation using the selective GaMD approach reweighted withexponential reweighting.

- All interactions between the defined interaction groups
are assigned to one acceleration group. If no accelera-
tion is desired for a given interaction group, use accel-
eration group 0.

- In total, one should have:(
n + 12

)
= n(n + 1)2 (21)

sets of interaction pairs where n is the number of inter-
action groups.

- A set of force constants (K ) and energy thresholds
(E) should be provided for each defined acceleration
group.

SHAKE errors
Since GaMD pumps energy into the system, although rarely,
this can lead to the system blowing up, resulting in SHAKE
errors.

A solution for this problem is to decrease the amount of
acceleration used on the system or to decrease the integra-
tion time step (e.g. from 2 fs to 1 fs) for a few steps to allow
the system to stabilize.
3.5 Tutorial 5: Accelerated Enveloping

Distribution Sampling (AEDS)
Alchemical free-energymethods have been established as an
irreplaceable tool in computational drug design. A vast vari-
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ety ofmethods to perform alchemical transformations exists.
We have already seen the extended-TI approach outlined in
section 3.2.4. One family of free-energy methods is the free-
energy perturbation (FEP) based on Zwanzig’s equation (eq.
22) [57]. Defining the free-energy difference ∆Gi,j betweentwo states i and j, represented byHamiltoniansHi andHj overthe positions r⃗ as an ensemble average over state i.

∆Gi,j = Gj – Gi
= –kBT ln

〈
e–(Hj (⃗r)–Hi (⃗r))/kBT

〉
i

(22)

As mentioned in section 3.2 sampling relevant phase-
space is of utmost importance to converge to plausible
results. While methods like TI [25] or BAR [28] aim to con-
nect physical states through non-physical states, one-step
perturbation methods take a different approach. Here, a
reference Hamiltonian, constructed from the end-states,
is sampled. This avoids spending simulation time on non-
relevant states. This method fits perfectly to investigate
closely related systems like derivates. In this tutorial, we
will take a look at accelerated enveloping distribution sam-
pling (AEDS) [58, 59]. In enveloping distribution sampling
a reference Hamiltonian HR (⃗r) is constructed by combining
several different end-state Hamiltonians Hi (⃗r). To achieve
equal sampling of each of the end-states, Hi (⃗r) is biased by
an offset ∆FRi . The partition function of HR (⃗r) results now as
the sum of the biased end-state partition functions (eq. 23).

HR (⃗r) = –kBT ln
 N∑

i=1
e–(Hi (⃗r)–∆FRi )/kBT

 (23)
Since this approach can lead to high energy barriers be-

tween the minima and thus to sampling problems, the origi-
nal EDS version introduced a smoothing parameter s (eq. 24)
to smoothen the energy landscape.

HR (⃗r) = –kBTs ln
 N∑

i=1
e–s(Hi (⃗r)–∆FRi )/kBT

 (24)
This can lead to a deformation of the energy landscape,

without preserving the position of the energyminima. There-
fore, a refined approach using a boosting potential-energy
term was proposed [58, 59]. Similar to Gaussian-accelerated
MD, a harmonic boosting potential-energy term is used to
accelerate defined regions, namely the non-bonded inter-
actions of the perturbed atoms. The accelerated reference
Hamiltonian H∗

R (⃗r) is defined as shown in equation 25, wherethe acceleration range is defined by Emax and Emin.

H∗
R (⃗r) =


HR (⃗r) – Emax–Emin2 ifHR (⃗r) ≥ Emax
HR (⃗r) – 12(Emax–Emin) (HR (⃗r) – Emin)2 if Emin < HR (⃗r) < Emax
HR (⃗r) ifHR (⃗r) ≤ Emin (25)

To obtain parameters for Emax , Emin, and the offsets, a pa-rameter search simulation is necessary. In the search simula-
tion, the currently sampled state is defined as the state with
the lowest energy for Hi (⃗r) –∆FRi . Emax is defined as the maxi-
mum observed transition energy after a full state round trip,
meaning that each state was sampled at least once. Emin isbased on the fluctuations of Hi (⃗r) of the state with the low-
est energy. The offsets have different definitions depend-
ing on the search algorithm in use. Generally, the difference
between two offsets ∆∆Fij is the free-energy difference be-tween the accelerated end-states i and j. In older iterations of
the search algorithm, the offsets were estimated as the free-
energy difference between an accelerated end-state and the
accelerated reference state and afterward anchored to one
of the end-states. The search algorithm used in this tutorial
uses an approach similar to local elevation by continuously
adding to the offsets based on their sampling probability. In
this approach, all offsets are averaged around zero. This has
proven to be a more robust search algorithm and removed
the dependency on the anchor state. The parameters ob-
tained from the search simulation are then used in a produc-
tion run.
3.5.1 Preparations
In this tutorial, we will use two SPC water molecules as a test
system. Wewill use AEDS to calculate free-energy differences
and use it as a tool for water probing in a protein-ligand sys-
tem [60].

The preparation of the topology, coordinates, energymin-
imization, and equilibration of the system follows the same
procedure as described in Tutorial 1. The final equilibrated
structures can be found in the directory eq. The perturbation
topologies can be created as shown in Tutorial 2 and are pro-
vided in the directory topo.
3.5.2 Acceleration parameter search
To get the acceleration parameters(Emax , Emin, offsets), asearch simulation needs to be performed. The search run
starts from an equilibrated structure. If no initial parameters
are given, the search starts as a conventional MD simulation.
After each simulation step Emax , Emin, and the offsets are
updated. After approximately 5-25 ns, the parameter search
simulation converges. The needed simulation time depends
mostly on the complexity of the system and the perturbation
since we are dependent on visiting all end-states to adjust
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the acceleration parameters. In this tutorial, we will run a
very short search simulation of 0.5 ns and use parameters
from a longer simulation for the production run.

Go to the directory search. In this folder, you will find
three files, namely aeds.arg, aeds.job, and aeds.imd. Let’s
start with the aeds.imd file. This file is a simulation input file
we already know from previous tutorials. At the bottom of
the file, we have an additional AEDS block.
AEDS
# AEDS

1
# FORM NUMSTATES

5 4
# EMAX EMIN

0 0
# EIR [1.. NUMSTATES ]

0 0 0 0
# NTIAEDSS RESTREMIN BMAXTYPE BMAX

1 1 2 2
# ASTEPS BSTEPS

1000 10000
END

In the second line, we set FORM to 5, specifying an all-
parameter search using the adaptive search. Later we
will change this to FORM 1 to run a production run. Other
options are described in the GROMOS manual. NUMSTATES
specifies the number of end-states in this simulation. Since
we perturb two SPC water molecules, A and B, we get four
possible end-states as all combinations of A and B being
present or dummies as shown in table 3.

In the third line, we set both EMAX and EMIN to zero as well
as for the offsets in the line underneath. If we had prior infor-
mation about these values we could give them as a starting
point for the search instead of starting from scratch. Line five
is specific to search runs. With NTIAEDSS 1 we initialize the
search run. You will see that we turn it off in the jobscript af-
ter the first initialization. RESTREMIN restricts Emin to the min-
imum average end-state energy before all states have been
visited at least once. BMAXTYPE and BMAX are used to control
the estimated maximum barrier height. By default, we set
both of them to 2. ASTEPS is used to control the change rate
in offsets. A higher number means a faster change in off-
sets. BSTEPS is used for initial free-energy guesses in other
search algorithms. In the argument file, we need to specify
the folder location and the location of the md binaries as ab-
solute paths. The imd file uses the INNERLOOP block for CUDA
support. If the used GROMOS binary does not support CUDA,
comment out the block using hashtags. The jobfile is used to
create ten imd and run files of the same simulation length as
specified in aeds.imd. The only changes in the settings are

A B

end-state 1

end-state 2

end-state 3

end-state 4

Table 3. Showing the resulting end-states 1-4 for the perturbationof two SPC water molecules A and B.

that NTIAEDSS is set to zero after the first jobscript.
With all input files prepared, we can now generate the run

files using mk_script from gromos++ package with:
$ mk_script @f aeds.arg

For this tutorial, we provide two mk_script libraries,
one to prepare the run files for a cluster using SLURM as a
queueing system (libs/mk_script.lib) and one for running
the simulations locally (libs/mk_script_local.lib).

After running the parameter search simulation, we can
extract the acceleration parameters using ene_ana. The anal-
ysis files are provided in the subfolder ana in the search di-
rectory. We will use this program to read out the energy and
offset of each end-state as well as Emax and Emin.You can run the program with
$ ene_ana @f ene_ana .arg

The file ene_ana.arg contains the information about
which parameters to extract from the defined energy
trajectories. The definitions of those parameters can be
found in the library file libs/ene_ana.md++.lib. ene_ana will
generate trajectories of the selected parameters. We could
plot eds_emin.dat, eds_emax.dat, and e*r.dat to check for
convergence, where the * in e*r.dat is to be replaced by the
end-state number. These files contain the offsets for each
end-state. Another way is to use search.py in the scripts
folder. This script splits the trajectories into ten blocks and
gives us the average Emin and Emax of the last block in the firstline. Below, the offsets with an error estimate for each end-
state averaged for each block are shown. It also calculates
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the theoretical offsets, as the free-energy difference to the
accelerated reference state, shown in the third column. In
an ideal case, the offset values converge to a single value in
the later blocks and have a small error estimate. In addition,
they should be similar to the theoretical offset meaning the
free-energy difference between the accelerated end-state
and the accelerated reference state. Keep in mind that the
offsets in column one are averaged around zero. To call
search.py in the search/ana folder, do the following:
$ python ../../ scripts / search .py

The output of the longer search run can be found in
search/ana/long. We will use Emin and Emax as well as theoffset parameters from the last block of each end-state,
found in search.out.
3.5.3 AEDS production run
With the parameters from the search run, we can now start
a production run. From the production run, we can calculate
our relative free energies. Go into the directory prod. Here,
we see two files, aeds.arg and aeds.imd. We do not use the
@joblist argument in the argument file, but the @script ar-
gument to specify the number of jobs. If we take a short look
into aeds.imd we will spot a few differences:
AEDS
# AEDS

1
# FORM NUMSTATES

1 4
# EMAX EMIN

43.08 -187.95
# EIR [1.. NUMSTATES ]

16.32 -43.66 12.99 14.35
# NTIAEDSS RESTREMIN BMAXTYPE BMAX

0 1 2 2
# ASTEPS BSTEPS

1000 10000
END

We now use FORM 1 for a production run. We have also
inserted values for Emax , Emin and the offsets. We also set
NTIAEDSS to zero, which is optional since this line is not
read in a production run. Similar to the search run, we
now use mk_script to create our input files. Again, the
INNERLOOP block in the imd file has to be commented out if
the used gromos binary does not support CUDA. Since we use
well converged parameters we can get away with a short
production run of 1 ns. In practice, production runs are
mostly between 20-100 ns.

3.5.4 Production run analysis
The analysis will be done in the subfolder prod/ana. We will
do two kinds of analysis. Firstly, wewill take a look at the free-
energy difference between the end-states using ene_ana and
dfmult. Secondly, we will take a look into the fractional occu-
pancy of the end-states. We will use this information in the
water probing section later on. All values shown are from
a longer production run. The files can be found in the sub-
folder prod/ana/long. To start with analysis, we will run the
following commands:
$ ene_ana @f ene_ana .arg

and after that we use
$ dfmult @f df.arg > df.out

ene_ana generates the trajectories of the selected param-
eters as before. We use dfmult to calculate free energies and
save them in df.out. If we take a look at the df.out file we
will see the following:

#DF (kJ/mol) err
DF_1_R 2.1428295 e+01 6.9032914e -02
DF_2_1 5.3410399 e+01 7.9494696e -02
DF_3_1 2.5792504 e+01 3.0323318e -01
DF_4_1 2.6096480 e+01 1.9175297e -01
DF_2_R 7.4838694 e+01 3.8460413e -02
DF_3_2 -2.7617895e+01 2.9776361e -01
DF_4_2 -2.7313919e+01 1.8298067e -01
DF_3_R 4.7220799 e+01 2.9514515e -01
DF_4_3 3.0397569e -01 3.4513025e -01
DF_4_R 4.7524775 e+01 1.7868847e -01

In each row, we see a specifier like DF_1_R meaning
end-state 1 to the reference state, the relative free energy
in kJ/mol, and an error estimate in kJ/mol. From two waters
present to no water present we get a free-energy difference
of 53.3 ± 0.1 kJ/mol. From two waters to one water present
and one not present we get 25.9± 0.3 kJ/mol and 26.2± 0.3
kJ/mol. Turning two different single waters into dummies
produces free energies in good agreement with each other
as well as doing two at the same time which is roughly
double the solvation free energy of a single water molecule.
The values also agree with values from the literature [60].
To estimate the quality of our free energies as well as to
estimate the time of occupancy for each end-state we use
the prevalence.py script like:
$ python ../../ scripts / prevalence .py

This script gives us an output as follows:
ENDSTATE WEIGHT PERCENTAGE # FRAMES
Endstate 1 53399.95 26.7 37491
Endstate 2 52681.49 26.34 58881
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Endstate 3 42163.19 21.08 5621
Endstate 4 50356.36 25.88 7325

Showing the accumulated probability of each end-state
over all frames (WEIGHT), the same value in percentage
(PERCENTAGE) and the total number of frames that con-
tributed to the final free energy within a cutoff of one kBT(#FRAMES). The more frames contribute to the free energy
the more certain we are to sample the true minimum of that
state. Free energy estimates based on just a few frames are
less trustworthy. If we use too much acceleration, this leads
to a very flat energy surface and we struggle to sample the
real minima. In such a case, one would still find a lowest
energy for that end-state which does not necessarily repre-
sent the true minimum, since the information was lost due
to the flattening of the energy surface. As you can see the
parameters used resulted in a roughly equal sampling of all
of the end-states. This means that we converged to values
that result in an equilibrium between our end-states during
the production run. Endstate 3 is slightly underrepresented
in comparison and one could try to refine the parameter
set to get more equal sampling. We will use this set of
parameters in the water probing to catch the influence of a
change in the environment on the sampling times.
3.5.5 Water probing
To capture the influence the environment has on our sam-
pled water, we set up a production run with the parameter
set optimized for the water environment in a protein-ligand
environment. The Woodhead-2 system (pdb:2XJG[61]) is
used in this tutorial. Go into the folder water_probing.
Similar to the production run in water, we have two files,
aeds.arg and aeds.imd in the directory. Looking into
aeds.arg, we will see a few changes. Besides using the
topology and coordinates for the Woodhead-2 system we
also use a different perturbation topology since the pertur-
bation file depends on the atom number in the topology
which is changed because we now have a protein in our
system. Additionally, we are also using distance restraints
on the water molecules. The reason is that the end-states
with the water turned into dummies have no interactions
to keep them in place and the dummies would move out of
the binding site. If we now take a look into the aeds.imd file,
we can see that besides the system-specific changes like the
number of atoms, a distance restraint block is added. For
more information about distance restraints read Tutorial
2 or check in the GROMOS manual. If we take a look at
the AEDS block we will see that the same parameters are
used as in the production run in water. Since this system is
quite large we provide the output files from ene_ana in the
water_probing/ana/long subdirectory.

After running dfmult and the prevalence script we will get
the following:
ENDSTATE WEIGHT PERCENTAGE # FRAMES
Endstate 1 3646.0 7.29 3634
Endstate 2 0.06 0.00 23413
Endstate 3 46353.94 92.71 25127
Endstate 4 0.00 0.00 3368

We see that in the protein environment opposing the pro-
duction run in water environment, where end-states 1,2,4
were equally likely and end-state 3 a little less likely, that end-
state 3 is solely favorable in the protein environment, and al-
most all of the simulation time is spent to sample this state.
As we used a parameter set that gives us roughly equal sam-
pling over all end-states in a water environment this shift in
sampling is due to the change in environment. This indicates
that just a single water at the position of water A is favored
to be present in the binding site.
3.5.6 Common errors
General errors in topologies
A prevalent issue arises from incorrect or incomplete topolo-
gies and perturbation topologies. Since AEDS equilibrates
the systemwith only one end-state active at a time, structural
or topological inconsistencies in the other end-states may re-
main unnoticed until the AEDS search simulation. A telltale
symptom is a consistent SHAKE failure during the first few
steps of the simulation. This typically indicates faulty geome-
tries, missing parameters or unrealistic interactions in one or
more inactive end-states.
Mismatched atom indices in perturbation topologies
A subtype of the first error involves incorrectly matched
atom indices to the atoms to be perturbed. A frequent mis-
take occurs when users copy a ligand-in-water perturbation
topology for use in the protein complex, without updating
the atom indices to match the protein context. Since the
perturbation relies on these indices to define the alchemical
transformation, a mismatch results in nonsensical transfor-
mations, again leading to SHAKE errors at the start of the
simulation.
Methodological instabilities due to acceleration
Even with correct topologies, AEDS simulations can en-
counter SHAKE failures due to methodological factors. The
application of boosting potential-energy terms can amplify
interatomic forces, leading to bond length violations that
exceed the SHAKE tolerance. In addition, the potential
energy surface of the AEDS reference state may exhibit a
cusp, leading to a sudden increase in the gradients and
accordingly high forces.
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In both cases, restarting the simulation with a reduced
time step (e.g., 1 fs) and appropriately adjusted trajectory
write-out frequency is often sufficient to stabilize the system.
If reducing the time step is insufficient to resolve the error,
reinitializing the velocities of the affected atoms may help
stabilize the simulation. However, persistent SHAKE errors
even at reduced time stepsmay still indicate underlying topo-
logical issues, such as missing exclusions or incorrect charge
assignments.
3.6 Tutorial 6: NN(QM)/MM simulations with

the BuRNN approach
The Buffer Region Neural Network (BuRNN) approach
[62] is a hybrid quantum mechanics/molecular mechanics
(QM/MM) [63, 64] simulation method. The system is parti-
tioned into regions having different levels of theory, a QM
(inner) and a classical MM (outer) region.

In between the two regions, an additional buffer region is
introduced to be treated at both levels of theory (Figure 11,
a). The inner region and the interactions between the inner
region and the buffer region are described by an atomistic
neural network (NN) model, approximating a QM energy.

The total potential energy of the system is calculated as
follows:

Vtot = VQMI+B – VQMB + VMMB + VMMO (26)
The energy difference of the first two terms is then di-

rectly described by a neural network potential-energy term:
Vtot ∼= VNNI+∆B + VMMB+O (27)

As the NN model we use SchNet [65, 66], a continuous fil-
ter convolutional NN. The deep learning architecture SchNet-
Pack [67] is interfaced to the MD engine of GROMOS.

In this tutorial, we will use methanol in water as a model
system. In the context of BuRNN, methanol will be the in-
ner region, while water molecules within a radius of 0.5 nm
around themethanol will form the buffer region. The remain-
ing water molecules will serve as the outer region.

We will learn how to install GROMOS with the interface to
SchNetPack, generate a training dataset, train the NN model
and run the BuRNN simulation.
3.6.1 Installation
Prerequisites
Before compiling the NN-enabled version of GROMOS to run
Schnetpack (SPK) NN models, we recommend compiling the
standard version first. This will help isolate issues with miss-
ing or mismatched libraries that may arise during compila-
tion. After successfully compiling the standard GROMOS en-
gine, you are ready to compile the NN-enabled version. To

Figure 11. (a) BuRNN scheme with its three regions: Inner region(orange) described by quantummechanics (QM), buffer region (blue)described by QM andmolecular mechanics (MM), outer region (gray)described by MM. (b) Test system: methanol solvated in SPC water.Methanol is the inner region, approximately two shells of water arethe buffer region, and the rest of the water box builds the outer re-gion.

do that, you first need to have installed SchNetPack and the
pybind11 library [68]. The interface uses the pybind11 library
to call the model-prediction functions in the Python code of
SchNetPack. To install SchNetPack and the pybind11 library
on your system, you can use the YAML file, which can be con-
veniently installed using conda [69]

conda create -f spk_gromos .yml

For a system-wide installation without using the environ-
ment, please follow the installation instructions of the respec-
tive packages. The tested version of SchNetPack is v1.0.1 and
pybind11 v2.6.2.
GPU acceleration
This part is optional to improve the efficiency of the simula-
tions. The tasks in this tutorial are small enough to be run
CPU only in a reasonable time. For the production runs this
is inefficient since the training and evaluation of models on
a GPU is usually manifold faster. NN/MM MD simulations
in GROMOS benefit from this as well. Setting up your sys-
tem to support the GPU acceleration is strongly architecture
specific and is dependent on the installed CUDA and Pytorch
versions. Please follow the installation instructions for CUDA
and Pytorch to run tasks with the GPU acceleration.
GROMOS compilation
The NN feature of GROMOS is activated with the --enable-
schnetpack flag in the configuration step. The configure
script automatically looks for the pybind11 library; however,
depending on the specific versions of the packages, archi-
tecture and configuration, it might not be found. In that
case, you should provide the PYFLAGS and PYLDFLAGS flags
to the configure script. The PYFLAGS variable holds the C
preprocessor flags, which can be obtained by calling
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python3 -m pybind11 --includes

The PYLDFLAGS are the linker flags. Depending on the
Python version, they can be generated by calling either
python3 - config --ldflags

for Python version older than 3.8, or
python3 - config --ldflags --embed

for newer versions. If you have installed the packages using
the provided conda environment, we recommend installing
GROMOS to the specific environment it depends on using the
--prefix flag. An example of the configure script usage then
could be:
$ mkdir build
$ cd build
$ ../ configure --enable - schnetpack --prefix =

$CONDA_PREFIX PYFLAGS =’-I/path/to/
include / python3 .7 -I/path/to/lib/ python3
.7/ site - packages / pybind11 / include ’
PYLDFLAGS =’-L/path/to/lib/ python3 .7/
config -L/path/to/lib -lpython3 .7 -
lcrypt -lpthread -ldl -lutil -lrt -lm’

Further steps follow the standard compilation:
$ make
$ make install

3.6.2 Training dataset generation and model training
The BuRNN approach replaces expensive QM calculations
with NN predictions during MD simulations. In order to train
NN models, QM data points for building a training dataset
have to be generated first. In this tutorial, an example
QM dataset has been generated using the semi-empirical
program MOPAC [70, 71]. In practice, the choice of the QM
software and the reference method to be used is entirely up
to the user, depending on the system and accuracy require-
ments. However, in order to prepare the training dataset
in a reasonable time, it is necessary to automate the QM
calculations. In addition, it takes a certain amount of time to
perform the QM calculations for all the snapshots generated
by MD. Therefore, a small QM dataset has been prepared
in advance (train_dataset_tutorial/QM_dataset_example).
The initial dataset uses molecular configurations generated
from a purely classical MD simulation. The entire process is
described in the following section.

This tutorial is accompanied by a Jupyter notebook
(train_dataset_tutorial/tutorial.ipynb) to give a hands-
on example of building the training database. It uses an
in-house-written Python module additional_spk_utils.py
for building the training dataset.

Extracting the QM regions from the MD trajectory
The resulting QM dataset will contain the inner-plus-buffer
(IPB) region and the buffer region for each training configu-
ration. Our protocol for creating such a dataset is as follows:

1. Classical MD simulation of the system of interest.
2. Extraction of the IPB regions from the MD trajectory.
3. QM energy minimization for all (or selected) extracted

IPB regions.
4. Include all configurations along the minimization pro-

cess into the dataset.
5. Extraction of the buffer regions from all the data points.
6. Single-point QM calculations for the IPB and buffer re-

gions separately.
7. Create the training database
Classical MD simulations are performed as described

in Tutorial 1. QM regions (inner-plus-buffer regions) are
extracted from each snapshot of the MD trajectory using the
GROMOS++ program filter. The program writes out coor-
dinate trajectories for atoms that are within a specified dis-
tance of a certain part of the system. All coordinates are writ-
ten into one configuration file (filter_output_example.cnf)
in the train_dataset_tutorial/filter directory.

For methanol, we specify all methanol atoms as filtering
centers (@atoms 1:a) and filter with a charge-group-based
cut-off (@pairlist CHARGEGROUP) of 0.5 nm radius (@cutoff
0.5). The optimal/reasonable size for the buffer region can
be determined from an rdf analysis. It should be as small as
possible, since we want to save computational effort for the
following QM calculations. The chargegroup cut-off scheme
is important as we want to include full water molecules in
the QM calculations. Then we extract individual QM regions
into separate configuration files using an in-house-written
Python script. The arguments we use for filter are as
follows:
@topo <topology file >
@pbc r cog
@atoms 1:a
@pairlist CHARGEGROUP
@cutoff 0.5
@outformat cnf

@traj <trajectory file(s)>

We provide an example of two configuration files (in
train_dataset_tutorial/separated_cnf_files) which will
be further used in this tutorial. An example of the argument
file for filter is provided in filter/filter_meoh_example.arg.
QM calculations
In this part, we mainly focus on the concept of QM geome-
try optimization and single-point calculations in the context
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of BuRNN. Once we have the coordinates of the IPB region,
geometry optimization will optimize the atomic positions to
find the local minimum according to the QMpotential energy
surface. This calculations will not only find the local energy
minimum but also connect the classical snapshots with the
optimal QM conformations and thus represents a sufficient
part of the conformational space of the system. Therefore,
we include all the optimization steps in the training dataset,
but we have to be aware that the training dataset will be sig-
nificantly increased in size. Many similar structures will be
present at the endof theminimization and thus clustering be-
fore proceeding with the next step is recommended. Alterna-
tively, the minimization can be stopped well before reaching
a strict energy minimum. We use MOPAC with the following
keywords to perform the GO:
PM7 GRAD AUX( PRECISION = 9, XP , XS , XW)

CHARGE =0

For each (remaining) configuration in the optimization
procedure, a single-point QM calculation is required to
obtain the associated QM energy and gradients (forces). The
single-point calculation is not only performed for the IPB re-
gion but also for the buffer region alone. The coordinates of
the buffer region are identical for the two calculations. The
number of atoms for the inner region is required, as these
atoms need to be deleted for the second calculation (buffer
region only). Furthermore, the geometry of water molecules
in the buffer region has to be preserved as in the following
BuRNN simulations, the bonds will be constrained by the
SHAKE algorithm [72]. The following MOPAC keywords are
used for the single-point calculations:
PM7 GRAD AUX( PRECISION = 9, XP , XS , XW) 1SCF

CHARGE =0

The whole process of geometry optimization and sub-
sequent single-point calculations is automated by our
Python module. The examples of the geometry optimiza-
tion outputs (MOPAC_minimization_files) and single-point
outputs (in QM_dataset_example) are provided. Geometry
optimization was performed for two previously mentioned
MD configurations. The size of the dataset increased to 860
configurations after including the geometry optimization
steps.
Building a training database
In this chapter, we will explain how to build the ASE
(atomic simulation environment) [73] database from the
previously calculated energies and forces of the config-
urations. The procedure is described in more detail in
the executable tutorial.ipynb Jupyter notebook. The
additional_spk_utils module will be used for parsing and

storing the relevant properties and metadata in the ASE
database.
Model training
The last step before running BuRNN simulations is the NN
model training. In the previous parts, the ASE database was
created based on structures fromQMgeometry optimization
and single-point calculations. We will now use SchNetPack
for training of the example NN model. Due to the significant
computational requirements of NN model training, we pre-
pared fully trained NN models in advance, which can all be
found in the models directory.

The SchNet model [66] is a convolutional neural network
(CNN) with a continuous filter. It is very similar to the com-
mon CNNs used in image recognition. In contrast to images,
molecules can not be described by the discrete matrix of pix-
els and thus a continuous filter is applied instead of a discrete
one. The SchNet model is composed of two NNs. The main
one is responsible for the prediction of the given property
itself and uses the vector of atomic numbers for the given
structure as input. The second one generates the filter for
the convolution using the atomic positions as the input. The
main NN is divided into three blocks. The first is the embed-
ding layer which creates the feature vectors for the individ-
ual atoms within the structure. Therefore, the whole struc-
ture is represented by the 2D matrix of shape: number of
atom-wise features × number of atoms. The second part of
the model is a series of interaction blocks. One interaction
block contains one convolutional layer. This block is respon-
sible for creating the representation of the system. The last
part is the output module which predicts the desired prop-
erty of the structure, which is in our case the energy.

For model training, we use two scripts, the spk_run.py
script and the train.sh bash script, which runs the Python
script with all the specified arguments. The Python script
loads the data from the previously prepared ASE database
(the datapath variable) and splits it into a training, validation
and test set. The split is controlled by the –split argument.
We will use a split of 80/10/10%. The NN model is built by fit-
ting the hyperparameters. It is reasonable to use the default
values to start with the training and then optimize them later.
The number of atom-wise features and the number of inter-
action blocks are the most important hyperparameters of
the SchNet architecture, as they define themodel complexity
and therefore the precision and computational costs. In our
case, we will train very small models with only a few features
and interactions (arguments features and interactions),
and we will train it only for two epochs (argument n_epochs).
The complete list of arguments (hyperparameters) for the
spk_run.py is listed in the tutorial.ipynb. The following
parameters are defined in our example training:
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- property = property to be predicted by the model (de-
fault energy)

- derivative = derivative of the property to be predicted
- rho = weight factor for the property and derivative, re-
spectively

- split = determines how many training, validation and
test datawill be selected, the first value for training data
size, the second for validation data size, and the rest of
the dataset is used for the model evaluation (default
(None, None))

- batch_size = batch size (default 8)
- n_epochs = maximum number of training epochs (de-
fault 5000)

- lr = learning rate (default 0.0001)
- lr_patience = learning rate will be decreased after a
certain number of epochs without improvement of the
model (default 25)

- lr_min = minimal learning rate, when the value is
reached, the training process is stopped (default
1e-06)

- cutoff = cutoff for long-range interactions (default 5.0)
- num_gaussians = number of Gaussians to describe the
local environment (default 50)

- features = number of atom-wise features (default 128)
- interactions = number of interaction blocks (default 3)
The main goal of the training is to obtain a potential-

energy function that is as close as possible to the reference
one. Since, besides the energies, we also have the analytical
gradients or negative forces, it is beneficial to provide them
for the training as well. They carry essential information
about the shape of the function at the provided data points,
which significantly improves the accuracy of the generated
model. For that purpose, SchNetPack has a built-in func-
tionality, which uses a loss function combining energies and
forces. A loss weight (the argument –rho) is introduced to
control the trade-off between the energy loss and the force
loss. In this tutorial, we provide the optimized weights of
0.01 for the energies and 0.99 for the gradients. Please note
that the loss function mixes units of energies and forces and
therefore the weights are unit-dependent. The gradients are
not trained as a separate property; instead, they are used
to improve the representation of the energy landscape by
the model. In production runs, the model then provides the
analytical gradients, which is essential for the conservation
of energy in MD simulations.

The train.sh bash script, which calls the Python script for
training, is written as follows:
#!/ bin/bash

datapath = your path to the ASE database

modelpath = your path where the model will be
stored

# model training
python spk_run .py train schnet custom

$datapath $modelpath --property energy
--derivative forces --rho property =0.01
derivative =0.99 --split 688 86 --
batch_size 8 --n_epochs 2 --lr 0.0001 --
lr_patience 10 --lr_min 1e -06 --cutoff
100.0 --num_gaussians 50 --features 32
--interactions 1

The script also calls the spk_run.py in the evaluation
mode, which evaluates the model against the test data:
# model evaluation
python spk_run .py eval $datapath $modelpath

--split test --batch_size 1

Run the script to train and evaluate the example model:
$ ./ train.sh

The trainingwill produce several files in the model-path di-
rectory. These include the model, the evaluation file, a train-
ing log file, a file with the random split, a checkpoint file and
a JSON file with themodel settings. The checkpoint file is writ-
ten periodically and can be used to restart the training. For
BuRNN simulations, we train at least two NN models, as we
use the second model to evaluate the predictions of the first
model.
3.6.3 BuRNN simulation
For the BuRNN simulation, we have to specify which atoms
are in the inner and buffer regions. GROMOS allows for an
adaptive buffer region, i.e. the atoms are allowed to move
freely between the outer and buffer region. The atoms of the
inner region are not allowed to change. This information, to-
gether with other specifications are specified in an additional
input file (meoh.qmm) in the md_burnn directory:
TITLE
qmmm specification file for BuRNN
END
QMUNIT
# QMULEN QMUENE QMUFOR QMUCHR

0.1 4.184 -41.84 1.0
END

The QMUNIT block may convert units of the model by a
conversion factor for distances (QMULEN), energies (QMUENE),
forces (QMUFOR), and charges(QMUCHR).
NNDEVICE
auto
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END
NNMODEL
/path/to/ best_model
# MT LT

0 1
END
NNVALID
/path/to/ best_model2
# NUMSTP THRSH FCON

1 4.184 0.0
END

The NNDEVICE block specifies the architecture for model
execution. Allowed options are auto, cuda or cpu. Selecting
auto instructs the program to run on GPU if available, or else
to fall back to CPU.

In the next block, NNMODEL, the path to the prediction
model is specified. The model type (MT) is set to 0, which
means that BuRNN will run with a single NN evaluation on
the previously trained energy differences. It would also
be possible to calculate differences directly during the
simulation in a combined model or even calculate it with QM
on the fly by setting it to 1. The learning type (LT) is set to 1
for a standard calculation.

The NNVALID block is optional and is used if one or more
validation model(s) are evaluated during the simulation. In
this case, we use a validationmodel that also predicts the en-
ergy of the given configuration. The predictions of the two
individually trained models are compared to estimate the ro-
bustness of the prediction. The models are trained with the
same hyperparameters on the same dataset but with a dif-
ferent random split.

The models will be compared at every nth step (NUMSTP),
and the energy difference will be deemed accurate if it is be-
low the threshold (THRSH). If it is above the threshold, the
force constant (FCON) can be set to a positive value, to push
back the atoms to a configuration with a better agreement
between the models (This option is not recommended).

We set the threshold to 4.184 kJ/mol, which reflects the
chemical accuracy of 1 kcal/mol. The difference between the
models is calculated at each time step (NUMSTP=1). This is con-
venient if we need to generate coordinates that are not in-
cluded in the training set or if the simulation is not stable yet.
Once we have a stable simulation, we can e.g. check the dif-
ferences only every 100th step.
QMZONE
# CHG MULT

0 1
# RESIDUE ATOM QMI QMZ QMLI

1 MeOH CA 1 6 0
1 MeOH OB 2 8 0

1 MeOH HA1 3 1 0
1 MeOH HA2 4 1 0
1 MeOH HA3 5 1 0
1 MeOH HB1 6 1 0

END
BUFFERZONE
# CHG MULT CUTOFF

0 1 0.5
# RESIDUE ATOM QMI QMZ QMLI

1 SOLV OW 7 8 0
1 SOLV HW1 8 1 0
1 SOLV HW2 9 1 0
2 SOLV OW 10 8 0
2 SOLV HW1 11 1 0
2 SOLV HW2 12 1 0
...

END

These blocks finally contain the atoms that belong to the
inner region (QMZONE) and that are allowed to be a part of the
buffer region (BUFFERZONE). In the first line of both blocks, we
specify the charge and multiplicity of the given zone. In the
BUFFERZONE block we also define the cutoff which we choose
to be 0.5 nm. The atoms specified in the BUFFERZONE block
are considered as buffer region as soon as they come within
the cutoff of any atom of the inner region. We use a group-
based cutoff, to ensure that only complete water molecules
(residue) enter the buffer region.

In addition, the QMMM blockmust be specified in the md.imd
file:
QMMM
# NTQMMM NTQMSW RCUTQM NTWQMMM QMLJ QMCON

MMSCALE
-1 5 1.4 0 0 0

-1.0
END

Most of the parameters are only relevant for conventional
QM/MM simulations and are therefore not explained in de-
tail.

QM/MM hybrid simulations (in mechanical embedding
with constant charges) are enabled by setting the first
parameter NTQMMM=-1. The interactions between the inner
region and the outer region are treated at the mechanical
embedding level. NTQMSW determines which software will
be used for the QM calculation. SchNetPack corresponds
to NTQMSW=5. The cutoff determined by RCUTQM is only rele-
vant for electrostatic or polarizable embeddings, while for
mechanical embedding (NTQMMM=+-1) it is ignored. NTWQMMM
can be used if QM/MM related data should be written to a
separate trajectory every nth step. For BuRNN simulations
LJ interactions are not calculated for pairs of atoms within
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the inner region QMLJ=0. Constraining the bond lengths in
the QM zone is optional (QMCON). With MMSCALE we can scale
MM charges (by a scaling factor), but if MMSCALE<0 no scaling
is applied.

In analogy to Tutorial 1, job scripts can be gener-
ated with the mk_script program. The argument file
(md_mk_script.arg) is provided. In the env.sh script, you
might need to specify the name of the environment, the
number of OpenMP processes to use and the full path to
the conda command. You might also need to specify the
correct full paths to @bin and @dir in the md_mk_script.arg
file. Finally, you can execute the run files.
3.6.4 BuRNN (example) analysis
The trajectory files produced by the BuRNN simulation are
the same as those produced by the standard MD simulation
in GROMOS, which means that we can perform any analy-
sis. Here we decided to show hydrogen bonds and the radial
distribution function (rdf) between the methanol treated at
the QM level and the surrounding MM water molecules. The
argument files (hbond_meoh.arg and rdf_ob_ow.arg) for the
GROMOS programs hbond and rdf are provided in the ana
directory. The results can be seen in Figure 12.
3.6.5 Advanced options
Charge model
For running BuRNN simulations with dynamic QM charges,
charges need to be calculated with the QMmethod of choice
and included in the training dataset. A separate NN must be
trained for the charges. The adapted version can be found
in this repository. To use charge models, the NNCHARGE block
has to be added to the charge.qmm file and NTQMMM must be
set to +1.
NNCHARGE
/path/to/best/ charge_model
# NUMSTP

1
END

This block contains the path to the NN charge model and
how often the charges are updated (every NUMSTP steps).

Including a charge model was, for example, relevant for
the hexa-aqua iron, the model system of the original BuRNN
paper [62]. In this case, a considerable amount of charge
transfer between the inner and buffer regions was observed,
which needed to be reflected in their interactions with the
outer region.
3.6.6 Common errors
Buffer region size
The buffer region is defined by a cutoff during atom selec-
tion with the filter program and determines which atoms

Figure 12. BuRNN simulation analysis. (a) The number of hydro-gen bonds formed between methanol and water for each snapshotof the trajectory. (b) Radial distribution function (rdf) between themethanol’s oxygen and all oxygen atoms of thewatermolecules. Theresults are based on a 2 ns BuRNN simulation of themethanol in wa-ter.

are included in QM calculations and the subsequent neural
network (NN) training. Incorrect buffer region handling can
cause major issues:

- Inconsistent cutoff use: The same cutoff size must be
applied in the BuRNN simulations as in the training
dataset preparation. The neural networks predict
reliable energies and forces only in the trained region,
extrapolation beyond the trained buffer size can
result in unphysical energies and forces which will be
detected with the validation model.

- Poor cutoff placement: The cutoff should not lie in
structurally or chemically ambiguous regions such as
peaks in the solvation shells. We recommend analyzing
radial distribution functions (rdfs) to ensure the cutoff
falls outside these regions.

- Buffer sizing: An excessively large buffer increases QM
calculation and NN training costs. If the buffer is too
small, relevant environmental effects (e.g. polarization,
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charge redistribution or steric constraints) may be
missed, leading to an incomplete description and
inaccuracies.

Charged molecules
Simulation of charged molecules with BuRNN will most likely
require the optional charge model. If atom crowding or de-
pletion at the buffer cutoff occurs, this can be detected with
an rdf analysis. If artifacts occur directly at the cutoff, it is
strongly recommended to prepare a charge model by train-
ing on the partial charges of inner-plus-buffer region.
Hyperparameter settings
Neural network training requires careful selection of hyper-
parameters. When applying the model to a new system,
these parameters should be adjusted accordingly to avoid
common issues:

- Low accuracy: Too few features or interaction blocks
(features, interactions) can lead to underfitting, re-
ducing the precision of predicted energies and forces.

- Overfitting: Too many features or interaction blocks
(features, interactions) can lead to overfitting,
especially with limited training data.

- Missed interactions: A small cutoff (cutoff) may ignore
relevant long-range interactions, especially in larger or
charged systems.

- Inefficient training: Too few epochs or a poorly chosen
learning rate (n_epochs, lr, lr_patience, lr_min) can
prevent convergence or result in slow learning.

- Memory problems: An overly large batch size
(batch_size) can exceed available GPU memory,
causing crashes or slowdowns.

- Insufficiently robust dataset: Inappropriate data splits
(split) may cause weak performance on unseen data.

- Unresolved environments: Too few Gaussians
(num_gaussians) may not capture chemical detail
in the local atomic environment.

In order to assess model quality, it is recommended to
investigate the training and validation loss.
Incorrect unit conversion
BuRNN simulations require external quantum chemical soft-
ware, which leads to frequent errors from incorrect unit con-
version between software packages. When coupling QM and
MM components, the unit conversion block QMUNIT must be
correctly configured. Although GROMOS is unit independent,
the use of Standard International (SI) units (e.g. kJ/mol for en-
ergy and nm for length) is recommended.

While this tutorial uses MOPAC (which uses kcal/mol
and Å), other QM software typically operate in atomic units
(Hartree and Bohr). If incorrect unit conversion factors are
applied, the simulations will usually fail, as indicated by:

- Exploding or collapsing structures due to extreme force
magnitudes.

- Non-physical forces and dynamics that lead to dis-
torted structures (e.g. the optimized geometry
changes rapidly).

- Unrealistic energies, e.g., large energy differences be-
tween steps or replicates.
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