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GPUMD stands for Graphics Processing Units Molecular Dynamics. It is a general-purpose molecular dynamics (MD)
package fully implemented on graphics processing units (GPU). In addition to several empirical interatomic potentials,
it supports neuroevolution potential (NEP) models. GPUMD also allows one to construct the latter type of models using
the nep executable.
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CHAPTER
ONE

INTRODUCTION

GPUMD stands for Graphics Processing Units Molecular Dynamics. It is a general-purpose molecular dynamics (MD)
package fully implemented on graphics processing units (GPU). In addition to several empirical interatomic potentials,
it supports neuroevolution potential (NEP) models. GPUMD also allows one to construct the latter type of models using
the nep executable.

GPUMD is also highly efficient for conducting MD simulations with many-body potentials such as the Tersoff potential
and is particularly good for heat transport applications. It is written in CUDA C++ and requires a CUDA-enabled
Nvidia GPU of compute capability no less than 3.5.

1.1 Python interfaces

There are several packages that provide Python interfaces to GPUMD functionality, including calorine, gpyumd, and
pyNEP.

1.2 GitHub discussions

* For general discussions: https://github.com/brucefan1983/GPUMD/discussions

* For issue reporting: https://github.com/brucefan1983/GPUMD/issues

1.3 Discussion groups

There is a Chinese discussion group based on the following QQ number: 778083814



https://calorine.materialsmodeling.org
https://github.com/AlexGabourie/gpyumd
https://github.com/bigd4/PyNEP
https://github.com/brucefan1983/GPUMD/discussions
https://github.com/brucefan1983/GPUMD/issues
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CHAPTER
TWO

INSTALLATION

2.1 Download

The source code is hosted on github.

2.2 Prerequisites

Make

To compile (and run) GPUMD one requires an Nvidia GPU card with compute capability no less than 3.5 and CUDA
toolkit 9.0 or newer. On Linux systems, one also needs a C++ compiler supporting at least the C++11 standard. On
Windows systems, one also needs the c1.exe compiler from Microsoft Visual Studio and a 64-bit version of make.exe.

Alternatively, GPUMD can be built for AMD GPUs through ROCm/HIP (see Building for AMD GPUs below); this
requires a ROCm installation.

CMake (pre-release)

To compile (and run) GPUMD one requires an Nvidia GPU card and CUDA toolkit. On Linux systems, one also needs
a C++ compiler supporting the C++17 standard. On Windows systems, one also needs the cl.exe compiler from
Microsoft Visual Studio and CMake 3.24 or newer.

2.3 Compilation

Make

In the src directory run make, which generates two executables, nep and gpumd. Please check the comments in the
beginning of the makefile for some compiling options.

CMake (pre-release)

Configure and compile from the project root:

cmake -S . -B build
cmake --build build --config Release --parallel

The executables (gpumd and nep) will be placed in the build directory. Omit --parallel to fall back to serial
compilation.

To target a specific GPU architecture, add -D at configure time:



https://github.com/brucefan1983/GPUMD
http://www.equation.com/servlet/equation.cmd?fa=make
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-D CMAKE_CUDA_ARCHITECTURES=value # 80, 90, ... (default native)

2.4 Building for AMD GPUs (ROCm/HIP)

Make

GPUMD also runs on AMD GPUs through ROCm/HIP. In the src directory, build with the HIP makefile instead of the
default one:

make -f makefile.hip

This uses hipcc and links rocThrust/rocPRIM, hipBLAS, hipSOLVER, and hipFFT, so it requires a ROCm installation.
The target GPU architecture defaults to gfx90a; build for another AMD GPU by setting HIP_ARCH:

make -f makefile.hip HIP_ARCH=gfx1100

CMake (pre-release)
CMake build for AMD GPUs is not yet supported.

2.5 Examples

You can find several examples for how to use both the gpumd and nep executables in the examples directory of the
GPUMD repository.

2.6 GNEP setup

GNEP stands for a method of training NEP models using analytical Gradients (G stands for Gradients). See the imple-
mentation paper for details.

Make
To compile the gnep executable, run make gnep in the src directory.
CMake (pre-release)

To compile the gnep executable, configure with CMake as described in the Compilation section above, then run:

cmake --build build --target gnep

The usage of the gnep executable is similar to that of the nep executable. The major difference is that training hyperpa-
rameters are written in gnep . in instead of nep.in’ Below we use an explicit example with default parameters (except
for the type keyword) to illustrate the inputs in gnep.in:

type Ge Se same usage as in nep.in
prediction same usage as in nep.in

2 #
0 #
cutoff 8 4 # same usage as in nep.in
4 #
8 #
#

IS

n_max same usage as in nep.in

basis_size same usage as in nep.in

1_max 4 same usage as in nep.in but does not support 4-body and 5-
—body descriptors

(continues on next page)
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(continued from previous page)

neuron 30 # same usage as in nep.in

lambda_e 1.0 # same usage as in nep.in

lambda_£ 2.0 # same usage as in nep.in but defaults to 2

lambda_v 0.1 # same usage as in nep.in

start_lr le-3 # new keyword to set the starting learning rate, which should.
—~be a non-negative floating-point number

stop_lr le-7 # new keyword to set the stopping learning rate, which should.
—be a non-negative floating-point number

weight_decay 0.0 # new keyword to set the weight decay parameter, which should.
—~be a non-negative floating-point number

batch 2 # same usage as in nep.in but favors small values

epoch 50 # one epoch equals #structures/#batchsize training steps

2.7 NetCDF setup

To use NetCDF (see dump_netcdf keyword) with GPUMD, a few extra steps must be taken before building GPUMD. First,
you must download and install the correct version of NetCDF. Currently, GPUMD is coded to work with netCDF-C 4.6.3
and it is recommended that this version is used (not newer versions).

The setup instructions are below:
* Download netCDF-C 4.6.3

* Configure and build NetCDF. It is best to follow the instructions included with the software but, for the configu-
ration, please use the following flags seen in our example line

./configure --prefix=<path> --disable-netcdf-4 --disable-dap

Here, the --prefix determines the output directory of the build. Then make and install NetCDF:

make -j && make install

* Enable the NetCDF functionality. To do this, one must enable the USE_NETCDF flag. In the makefile, this will
look as follows:

CFLAGS = -std=c++14 -03 $(CUDA_ARCH) -DUSE_NETCDF

In addition to that line the makefile must also be updated to the following:

INC = -I<path>/include -I./
LDFLAGS = -L<path>/lib
LIBS = -1cublas -lcusolver -1l:libnetcdf.a

where <path> should be replaced with the installation path for NetCDF (defined in --prefix of the ./
configure command).
* Follow the remaining GPUMD installation instructions

Following these steps will enable the dump_netcdf keyword.

2.7. NetCDF setup 7
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2.8 PLUMED setup

To use PLUMED (see plumed keyword) with GPUMD, a few extra steps must be taken before building GPUMD. First, you
must download and install PLUMED.

The setup instructions are below:
* Download the latest version of PLUMED, e.g. the plumed-src-2.8.2.tgz tarball.

* Configure and build PLUMED. It is best to follow the instructions, but for a quick installation, you may use the
following setup:

./configure --prefix=<path> --disable-mpi --enable-openmp --enable-modules=all

Here, the --prefix determines the output directory of the build. Then make and install PLUMED:

make -j6 && make install

Then update your environment variables (e.g., add the following lines to your bashrc file):

export PLUMED_KERNEL=<path>/1ib/libplumedKernel.so
export LD_LIBRARY_PATH=$LD_LIBRARY_PATH:<path>/lib
export PATH=$PATH:<path>/bin

where <path> should be replaced with the installation path for PLUMED (defined in --prefix of the ./
configure command). Finally, reopen your shell to apply changes.

* Enable the PLUMED functionality. To do this, one must enable the USE_PLUMED flag. In the makefile, this will
look as follows:

CFLAGS = -std=c++14 -03 $(CUDA_ARCH) -DUSE_PLUMED

In addition to that line the makefile must also be updated to the following:

INC = -I<path>/include -I./
LDFLAGS = -L<path>/1lib -1plumed -lplumedKernel

where <path> should be replaced with the installation path for PLUMED (defined in --prefix of the ./
configure command).

¢ Follow the remaining GPUMD installation instructions

Following these steps will enable the plumed keyword.

2.9 DP potential support

2.9.1 Program introduction

This is the beginning of GPUMD support for other machine learned interatomic potentials.

8 Chapter 2. Installation
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Supported model formats

» .pb: TensorFlow backend, generated by dp --tf freeze
¢ .pth: PyTorch TorchScript backend (DPA2/DPA3), generated by dp --pt freeze
e .pt2: PyTorch AOTInductor backend (DPA4), generated by dp --pt freeze

Note: The DeePMD-kit C++ API auto-detects the backend from the file extension. No changes to run. in are needed
when switching between backends.

Installation dependencies

* You must ensure that the new version of DP is installed and can run normally. This program contains DP-related
dependencies.

* The installation environment requirements of GPUMD itself must be met.

2.9.2 Installation details

Use the instance in AutoDL for testing. If one need testing use AutoDL, please contact Ke Xu (twtdq@qq.com).

And we have created an image in AutoDL that can run GPUMD-DP directly, which can be shared with the account that
provides the user ID. Then, you will not require the following process and can be used directly.

2.9.3 GPUMD-DP installation (Offline version)

DP installation (Offline version)

Use the latest version of DP installation steps:

>> § # Copy data and unzip files.

>> $ cd /root/autodl-tmp/

>> $§ wget https://mirror.nju.edu.cn/github-release/deepmodeling/deepmd-kit/v3.0.0/deepmd-
~kit-3.0.0-cudal26-Linux-x86_64.sh.® -0 deepmd-kit-3.0.0-cudal26-Linux-x86_64.sh.0

>> § wget https://mirror.nju.edu.cn/github-release/deepmodeling/deepmd-kit/v3.0.0/deepmd-
~kit-3.0.0-cudal26-Linux-x86_64.sh.1 -0 deepmd-kit-3.0.0-cudal26-Linux-x86_64.sh.1

>> § cat deepmd-kit-3.0.0-cudal26-Linux-x86_64.sh.0® deepmd-kit-3.0.0-cudal26-Linux-x86_
+64.sh.1 > deepmd-kit-3.0.0-cudal26-Linux-x86_64.sh

>> § # rm deepmd-kit-3.0.0-cudal26-Linux-x86_64.sh.0 deepmd-kit-3.0.0-cudal26-Linux-x86_
—64.sh.1 # Please use with caution "rm"

>> $§ sh deepmd-kit-3.0.0-cudal26-Linux-x86_64.sh -p /root/autodl-tmp/deepmd-kit -u #.
—Just keep pressing Enter/yes.

>> § source /root/autodl-tmp/deepmd-kit/bin/activate /root/autodl-tmp/deepmd-kit

>> $ dp -h

After running according to the above steps, using dp -h can successfully display no errors.

2.9. DP potential support 9
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GPUMD-DP installation

The GitHub link is Here.

>> § wget https://codeload.github.com/Kick-H/GPUMD/zip/
—.7af5267£4d8ba720830c154£f11634a1942b66b0O8

>> $ cd ${GPUMD}/src-v0.1

Modify makefile as follows:

* Line 19 is changed from CUDA_ARCH=-arch=sm_60 to CUDA_ARCH=-arch=sm_89 (for RTX 4090). Modify
according to the corresponding graphics card model.

 Line 25 is changed from INC = -I./toINC = -I./ -I/root/miniconda3/deepmd-kit/source/build/
path_to_install/include/deepmd

e Line 27 is changed from LIBS = -lcublas -lcusolver to LIBS = -lcublas -lcusolver -L/root/
miniconda3/deepmd-kit/source/build/path_to_install/lib -ldeepmd_cc

Then run the following installation command:

>> $ sudo echo "export LD_LIBRARY_PATH=/root/miniconda3/deepmd-kit/source/build/path_to_
—install/lib:$LD_LIBRARY_PATH" >> /root/.bashrc

>> $§ source /root/.bashrc

>> $ make gpumd -j

Running tests

>> § cd /root/miniconda3/GPUMD-bu®/tests/dp
>> $ ../../src/gpumd

2.9.4 GPUMD-DP installation (Online version)

Introduction

This is to use the online method to install the GPUMD-DP version, you need to connect the machine to the Internet
and use github and other websites.

Conda environment

Create a new conda environment with Python and activate it:

>> $§ conda create -n tf-gpu2 python=3.9
>> § conda install -c conda-forge cudatoolkit=11.8
>> $ pip install --upgrade tensorflow

10 Chapter 2. Installation
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Download deep-kit and install

Download DP source code and compile the source files following DP docs. Here are the cmake commands:

>> § git clone https://github.com/deepmodeling/deepmd-kit.git

>> $ cd deepmd-kit/source

>> $ mkdir build && cd build

>> $ cmake -DENABLE_TENSORFLOW=TRUE -DUSE_CUDA_TOOLKIT=TRUE -DCMAKE_INSTALL_PREFIX="path_
—~to_install® -DUSE_TF_PYTHON_LIBS=TRUE ../

>> § make -j && make install

We just need the DP C++ interface, so we don’t source all DP environment. The libraries will be installed in
path_to_install.

Configure the GPUMD makefile

The GitHub link is Here.

>> $§ wget https://codeload.github.com/Kick-H/GPUMD/zip/
—7af5267£4d8ba720830c154f11634a1942b66b0O8

>> $ cd ${GPUMD}/src

>> $ vi makefile

Configure the makefile of GPUMD. The DP code is included by macro definition USE_DEEPMD. So add it to CFLAGS:
CFLAGS = -std=c++14 -03 $(CUDA_ARCH) -DUSE_DEEPMD

Then link the DP C++ libraries. Add the following two lines to update the include and link paths and compile GPUMD:
INC += -Ipath_to_install/include/deepmd

LDFLAGS += -Lpath_to_install/lib -ldeepmd_cc

Then, you can install it using the following command:

>> $ make gpumd -j

GPUMD-DP with PyTorch backend

DeePMD-kit C++ interface installation

The PyTorch backend requires the DeePMD-kit C++ interface libraries (1ibdeepmd_cc, 1ibdeepmd_c) and PyTorch
(LibTorch). Two installation methods are available:

Method 1: pip install (recommended)
Install DeePMD-kit with PyTorch support:

>> § pip install deepmd-kit[torch]

After installation, the C++ interface files are located under the Python package directory:

>> $§ python -c "import deepmd; print(deepmd.__path__[0] + '/1lib')"
# Output example: /path/to/python/site-packages/deepmd/lib
# Contains: include/deepmd/*.h, libdeepmd_cc.so, libdeepmd_c.so

2.9. DP potential support 11
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LibTorch libraries are bundled with PyTorch:

>> § python -c "import torch; print(torch.__path__[0] + '/1lib')"
# Contains: libtorch.so, libtorch_cpu.so, libcl0.so, libtorch_cuda.so, etc.

Verify the installation:

>> § dp --version

>> § python -c "import torch; print(torch.__version torch.cuda.is_available())"

Method 2: Build from source
Clone and compile the DeePMD-kit C++ interface with PyTorch backend enabled:

>> $ git clone https://github.com/deepmodeling/deepmd-kit.git
>> $ cd deepmd-kit/source
>> § mkdir build && cd build
>> $§ cmake -DENABLE_PYTORCH=TRUE \
-DUSE_CUDA_TOOLKIT=TRUE \
-DCMAKE_INSTALL_PREFIX=/path/to/install \
../
>> $ make -j$(nproc) && make install

The installed files will be at:

/path/to/install/include/deepmd/ # Header files
/path/to/install/lib/ # libdeepmd_cc.so, libdeepmd_c.so

Note: Method 1 is sufficient for most users. Method 2 is needed only if you require a custom build (e.g., specific
CUDA version, debug symbols, or a development branch of DeePMD-kit).

Compile GPUMD

With the C++ interface installed, configure the GPUMD makefile. Enable DP support with -DUSE_DEEPMD:
CFLAGS = -std=c++14 -03 $(CUDA_ARCH) -DUSE_DEEPMD
Link against the DeePMD-kit C interface and PyTorch/LibTorch libraries:

INC += -I$(shell python -c "import deepmd; print(deepmd.__path__[0])")/lib/include/deepmd
LDFLAGS += -ldeepmd_cc -ldeepmd_c

LDFLAGS += $(shell python -c "import torch; print(' '.join(['-L'+p for p in torch.__path_
«—_] + ['-L"+p+'/1lib"' for p in torch.__path__]1))")

LDFLAGS += -1torch -ltorch_cpu -1c10

For GPU support, also link CUDA-related torch libraries:

LDFLAGS += -ltorch_cuda -1c10_cuda

Then compile:

>> $§ make gpumd -j

12 Chapter 2. Installation
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Freeze a PyTorch model

To obtain a frozen model for the PyTorch backend:

>> § dp --pt freeze -o frozen_model.pth # DPA2/DPA3 -> .pth
>> § dp --pt freeze -o frozen_model.pth # DPA4 -> produces .pt2 automatically

For pre-trained universal models (e.g., DPA-2.3.1 from AIS Square), download from https://aissquare.com and freeze
as above.

The type map can be extracted from the frozen model:

>> § python -c "from deepmd.infer import DeepPot; print(' '.join(DeepPot('frozen_model.

~pt2').get_type_map()))"

Run GPUMD

When running GPUMD, if an error occurs stating that the DP libraries could not be found, add the library path tem-
porarily with:

LD_LIBRARY_PATH=path_to_install/lib:$LD_LIBRARY_PATH

Or add the environment permanently to the ~/.bashrc:

>> § sudo echo "export LD_LIBRARY_PATH=/root/miniconda3/deepmd-kit/source/build/path_to_
—install/1lib:$LD_LIBRARY_PATH" >> ~/.bashrc
>> $ source ~/.bashrc

Run Test

This DP interface requires two files: a setting file and a DP potential file. The setting file specifies the number of atom
types and their names. For example, the dp_settings.txt for a water system:

dp 2 0 H

Use in run. in:

potential dp_settings.txt frozen_model.pb # TensorFlow backend
potential dp_settings.txt frozen_model.pth # PyTorch TorchScript (DPA2/DPA3)
potential dp_settings.txt frozen_model.pt2 # PyTorch AOTInductor (DPA4)

Notice

The type list in the setting file and the potential file must be the same.

2.9. DP potential support 13
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Example

* Some water simulations using the DP model in GPUMD: https://github.com/brucefan1983/GPUMD/discussions

References

e DeePMD-kit: https://github.com/deepmodeling/deepmd-kit

2.10 NNAP support

2.10.1 Program introduction

This is the beginning of GPUMD support for NNAP in jse.

jse (Java Simulation Environment, GitHub: liqal024/jse) is a high-performance, extensible simulation framework
for atomistic and materials modeling. It provides the latest support for NNAP (Neural-Network Atomic Potentials),
including direct execution, ASE, LAMMPS, and GPUMD as described in this document. GPUMD invokes dedicated NNAP
support in jse via JNI to run simulations with NNAP potentials.

2.10.2 Necessary instructions

* This is a development version.

e The NNAP potential file (. json / . jnn) and the corresponding GPUMD setting file (. txt) must be correctly
prepared before running GPUMD-NNAP.

* The element order in setting file must be consistent with that in the NNAP potential file.

2.10.3 Installation dependencies

To compile and run GPUMD-NNAP, the following requirements must be satisfied:
* The new version (>= 4.1.0) of jse must be installed and able to pass JNI build jse --jnibuild.

 The installation requirements of GPUMD itself must be met, including a working CUDA compiler and a compatible
NVIDIA GPU.

2.10.4 Installation details

If you have any questions, please contact Qing’an Li (ligal024 @vip.qq.com) and Ke Xu (twtdq@qq.com).

This section describes how to compile GPUMD with NNAP support on Linux. For an introduction to NNAP/jse and
complete installation and usage guides, refer to ligal024/jse and liqa1024/jse-skill.

14 Chapter 2. Installation
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Prepare the environment

Check the system environment:

nvcc --version

Set the installation directory:

export install_dir="$HOME/software/GPUMD-NNAP"
mkdir -p ${install_dir}
cd ${install_dir}

Install jse

Install jse from the dev channel to obtain the latest development version (for linux):

bash <(curl -fsSL https://raw.githubusercontent.com/ligal024/jse/dev/scripts/get.sh)

Optionally, manually run the JNI build to detect any potential environment issues in advance:

jse --jnibuild
jse -t 'jse.gpu.CudaCore.InitHelper.init()'

Configure and compile GPUMD-NNAP

Make

Detect the required paths using jse and export them as environment variables:

export JSE_JAR_PATH=$(jse -t 'println(jse.code.0S.JAR_PATH)')
export JVM_INCLUDE=$(jse -t 'println(jse.clib.JVM.INCLUDE_DIR)')
export JVM_LLIB_DIR=$(jse -t 'println(jse.clib.JVM.LLIB_DIR)')

Enable NNAP support and add the jse class path by modifying CFLAGS:

CFLAGS = -std=c++14 -03 -arch=sm_60 -DUSE_NNAP -DJVM_CLASS_PATH=\"-Djava.class.path=
—$(ISE_JAR_PATH)\"

Add the JVM header paths by modifying INC:

INC = -I./ \
-I$(JVM_INCLUDE) \
-I$(JVM_INCLUDE)/linux

Here $ (JVM_INCLUDE) /linux corresponds to Linux; for other systems, replace it with the corresponding platform
directory.

Add the JVM library path and runtime path by modifying LIBS:
LIBS = -lcublas -lcusolver -lcufft \

-L$(JVM_LLIB_DIR) -1jvm \
-Xlinker -rpath -Xlinker $(JVM_LLIB_DIR)
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GPUMD documentation, Version 5.6

Here, JSE_JAR_PATH, JVM_INCLUDE, and JVM_LLIB_DIR should be replaced by the actual paths obtained from the
jse commands above, or exported as environment variables before running make.

Compile the executable files:

make -j
1s gpumd nep

If the compilation is successful, the executables gpumd and nep should be generated.
CMake (pre-release)
CMake uses PKG_NNAP to control NNAP support:

-D PKG_NNAP=yes

Add environment variable to import jse jar path:

export JSE_JAR_PATH=$(jse -t 'println(jse.code.0S.JAR_PATH)')

In Windows, you need to additionally specify the JVM library path (PowerShell):

$env:JSE_JAR_PATH "$(jse -t 'println(jse.code.O0S.JAR_PATH)')"
$env:JVM_LIB_PATH = "$(jse -t 'println(jse.clib.JVM.LIB_PATH)')"

2.10.5 Run the NNAP test

In the GPUMD input file, use the NNAP potential as follows:

potential nnap.txt CuZr-sphs.json

An example GPUMD setting file nnap. txt file is:

nnap 2 Cu Zr

The element order in nnap . txt must be consistent with that in the NNAP potential file CuZr-sphs. json.

For example, if the NNAP potential file uses the element order Zr Cu, then nnap. txt should be written as:

nnap 2 Zr Cu

Run the test with:

gpumd

2.10.6 Notice

The element list in the NNAP setting file and the NNAP potential file must be the same. Otherwise, the atom types
will be mapped incorrectly during the simulation.
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CHAPTER
THREE

THEORETICAL BACKGROUND

3.1 Forces and stresses

In classical molecular dynamics, the total potential energy U of a system can be written as the sum of site potentials
U, i

N

U=> U({ri}izi)

=1

Here, r;; = r; — 7, is the position difference vector used throughout this manual.

3.1.1 Interatomic forces

A well-defined force expression for general many-body potentials that explicitly respects (the weak version of) Newton’s
third law has been derived in [Fan2015]:

F;=> Fy
J#i

where

po__p 90U _0U; (Ui +U)
E A 37‘@' 87']-1- - a’l'ij '

Here, OU;/Or;; is a shorthand notation for a vector with Cartesian components OU; /0x;;, OU; /0y, and OU; /0z;;.

Starting from the above force expression, one can derive expressions for the stress tensor and the heat current.

3.1.2 Stress tensor

The stress tensor is an important quantity in MD simulations. It consists of two parts: a virial part which is related to
the force and an ideal gas part which is related to the temperature. The virial part must be calculated along with force
evaluation.

The validity of Newton’s third law is crucial to derive the following expression of the virial tensor [Fan2015]:
wW=>) W,
where

1
Wi=—§;7’ij®Fij,
VE)
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where only relative positions r;; are involved.

After some algebra, we can also express the virial as [Gabourie2021]

wW=>) W,

where
oU;
J#i
The ideal gas part of the stress is:
> mivg)
V )

where m; is the mass of particle $i$, v* is the velocity of particle $i$, and V' is the volume of the system.
The total stress tensor is thus

o _ W+ S imivgo]
= = :

O,Oé

3.2 Ensembles

The aim of the time evolution in MD simulations is to find the phase trajectory

{ri(t1), vi(t1)}iy, {rit2), vi(t2)}ily, -+

starting from the initial phase point

{ri(to), vi(to)}iL:-
The time interval between two time points At = t; — tg = to — t; = - - - is called the time step.

The algorithm for integrating by one step depends on the ensemble type and other external conditions. There are many
ensembles used in MD simulations, but we only consider the following 3 in the current version:

3.2.1 NVE ensemble

The NVE ensmeble is also called the micro-canonical ensemble. We use the velocity-Verlet integration method with
the following equations:

F;(tm)+ Fi(tm+1)
2mi
1F,

tm
ri(tnb-i-l) ~ T‘i(tm) + vi(t’m)At + 5%(At)2

At

Vi (tmt1) = vi(tm) +

Here, v;(t,,) is the velocity vector of particle i at time ¢,,,. 7;(¢,,) is the position vector of particle i at time ¢,,,. F';(¢,)
is the force vector of particle ¢ at time t,,,. m; is the mass of particle ¢ and At is the time step for integration.
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3.2.2 NVT ensemble

The NVT ensemble is also called the canonical ensemble. We have implemented several thermostats for the NVT
ensemble.

Berendsen thermostat

The velocities are scaled in the Berendsen thermostat [Berendsen1984] as follows:

At (T,
scaled 0
; all+ = (=2 -1).
v U\/ TT(I )

Here, 7 is the coupling time (relaxation time) parameter, T is the target temperature, and 7' is the instant temperature
calculated from the current velocities. We require that 7 /At > 1.

When 7 /At = 1, the above formula reduces to the simple velocity-scaling formula:

scaled __ T
Vi =
T

A larger value of 7 /At represents a weaker coupling between the system and the thermostat. We recommend a value
of 77/ At ~ 100. The above re-scaling is applied at each time step after the velocity-Verlet integration. This thermostat
is usually used for reaching equilibrium and is not recommended for sampling the canonical ensemble.

Nose-Hoover chain thermostat

In the Nose-Hoover chain (NHC) method [Tuckerman2010], the equations of motion for the particles in the thermostat-
ted region are (those for the thermostat variables are not presented):

dri _ p;
dtimi
dp; _ _ T
at QP

Here, 7; is the position of atom 7. p, is the momentum of atom 7. m; is the mass of atom 7. F'; is the total force on
atom ¢ resulting from the potential model used. Qg = ka‘BTOT% is the ““mass” of the thermostat variable directly
coupled to the system and 7 is the corresponding “’momentum”. N is the degree of freedom in the thermostatted
region. kp is Boltzmann’s constant and T}, is the target temperature. 77 is a time parameter, and we suggest a value of
71 /At = 100, where At is the time step.

We use a fixed chain length of 4.

Langevin thermostat

In the Langevin method, the equations of motion for the particles in the thermostatted region are

dr; _ Db
dat — my;
dt ‘ T v

Here, 7; is the position of atom ¢. p; is the momentum of atom . m; is the mass of atom ¢. F'; is the total force on atom ¢
resulted from the potential model used. f, is a random force with a variation determined by the fluctuation-dissipation
relation to recover the canonical ensemble distribution with the target temperature. 7 is a time parameter, and we
suggest a value of 77 /At = 100, where At is the time step. We implemented the integrators proposed in [Bussi2007a]
and [Leimkuhler2013].
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Bussi-Donadio-Parrinello thermostat

The Berendsen thermostat does not generate a true NVT ensemble. As an extension of the Berendsen thermostat,
the Bussi-Donadio-Parrinello (BDP) thermostat [Bussi2007b] incorporates a proper randomness into the velocity re-
scaling factor and generates a true NVT ensemble. It is also called the stochastic velocity rescaling (SVR) thermostat.

In the BDP thermostat, the velocities are scaled in the following way:

scaled

v;

= av;

where

N
T T
2 — —At/Tr 70 (1 _ 7At/TT) R2 R2 2) *At/QTTR 70 1— —At/Tr .
o’ =e + N, e 1+ ; P+ 2e W7, (1—e )

Here, v; is the velocity of atom ¢ before the re-scaling. Ny is the degree of freedom in the thermostatted region. 7' is
instant temperature and Ty is the target temperature. At is the time step for integration. 7 is a time parameter, and
we suggest a value of 7 /At =~ 100, where At is the time step. {Ri}ivfl are Ny Gaussian distributed random numbers

with zero mean and unit variance.

3.2.3 NPT ensemble

The NPT ensemble is also called the isothermal-isobaric ensemble.

Berendsen barostat

The Berendsen barostat [Berendsen1984] is used with the Berendsen thermostat discussed above. The barostat scales
the box and positions as follows:

scaled scaled scaled
Ay bm Cy Hzz MHzy Haz Qg b:z: Cy
scaled scaled scaled _
a by Cy = | Hyz Hyy Hyz ay by ¢y
azcaled bicaled cszcaled Pox oy ez a bz s
and

scaled

Z; Mz Hzy Hzz Ty

scaled —

i ed = Hyz  Hyy Hyz Yi

zlsca ¢ ,U/zm ,Ufzy /Lzz Zj

We consider the following three pressure-controlling conditions:

* Condition 1: The simulation box is orthogonal and only the hydrostatic pressure (trace of the pressure tensor)
is controlled. The simulation box must be periodic in all three directions. The scaling matrix only has nonzero
diagonal components and the diagonal components can be written as:

- o o ﬁhydroAt target instant
Koz = Hyy = Hzz = 1- 37 ( hydro ~ Phydro )
p

 Condition 2: The simulation box is orthogonal and the three diagonal pressure components are controlled inde-
pendently. The simulation box can be periodic or non-periodic in any of the three directions. Pressure is only
controlled for periodic directions. The diagonal components of the scaling matrix can be written as:

e
Tp
At :

:Ufyy —1— ﬂ:lél/ (pZa?;rget _ p;r;stant)
Tp

foy =1 — /BzzAt (p‘;e;rget _ piznzstant)_

37p
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* Condition 3: The simulation box is triclinic and the 6 nonequivalent pressure components are controlled inde-
pendently. The simulation box must be periodic in all three directions. The scaling matrix components are:

BapAt  target  instant
fag =1— =35 - (Do —Pag ™).
The parameter S,z is the isothermal compressibility, which is the inverse of the elastic modulus. At is the time step
and T, is the pressure coupling time (relaxation time).

Stochastic cell rescaling barostat

The Berendsen method does not generate a true NPT ensemble. As an extension of the Berendsen method, the stochastic
cell rescaling (SCR) barostat [Bernetti2020], combined with the BDP thermostat, incorporates a proper randomness
into the box and position rescaling factor and generates a true NPT ensemble.

In the SCR barostat, the scaling matrix is a sum of the scaling matrix as in the Berendsen barostat and a stochastic one.
The stochastic scaling matrix components are

%tochagtlc Baﬂ At 2kp Ttarget
Rap.
Couplc 3Tp

Here, 8,3, At, and 7, have the same meanings as in the Berendsen barostat. kg is Boltzmann’s constant. Ttarget jg
the target temperature. V' is the current volume of the system. Rz is a Gaussian random number with zero mean and
unit variance. Dcouple i the number of directions that are coupled together. Itis 3, 1, and 1, respectively, for condition
1, condition 2, and condition 3 as discussed above.

3.3 Heat current

Using the force expression, one can derive the following expression for the heat current for the whole system (E; is the
total energy of atom ¢) [Fan2015]:

J = JPO[ + Jkin _ Z JliJOt + Z Jl:m,
i i
where
J = v, By

and

oU;
pot _ _ © L J oy,
T = =5 o (e o= gyt o).

J#t
The potential part of the per-atom heat current can also be written in the following equivalent forms [Fan2015]:
ou;
T == 0my ( '”a‘);
J#i "
and

I =S (G )
Ji

J#i
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Therefore, the per-atom heat current can also be expressed in terms of the per-atom virial [Gabourie2021]:
t
J li)o = Wi s V.

where the per-atom virial tensor cannot be assumed to be symmetric and the full tensor with 9 components should be
used [Gabourie2021]. This result has actually been clear from the derivations in [Fan2015] but it was wrongly stated
there that the potential part of the heat current cannot be expressed in terms of the per-atom virial.

One can also derive the following expression for the heat current from a subsystem A to a subsystem B [Fan2017]:

ou; ouU,

3.4 Heat transport

3.4.1 EMD method

A popular approach for computing the lattice thermal conductivity is to use equilibrium molecular dynamics (EMD)
simulations and the Green-Kubo (GK) formula. In this method, the running thermal conductivity (R7C) along the
z-direction (similar expressions apply to other directions) can be expressed as an integral of the heat current autocor-
relation (HAC) function:

1 t
Ko (t) = T /0 dt'HAC ... (t').

Here, kg is Boltzmann’s constant, V' is the volume of the simulated system, 7" is the absolute temperature, and ¢ is the
correlation time. The HAC is

HAC,.(t) = (J2(0)Jx(1)),
where J,,(0) and J,(¢) are the total heat current of the system at two time points separated by an interval of ¢. The
symbol () means that the quantity inside will be averaged over different time origins.
» Related keyword in the run.in file: compute_hac
* Related output file: hac.out

We only used the potential part of the heat current. If you are studying fluids, you need to output the heat currents
(potential and kinetic part) using the compute keyword and calculated the HAC by yourself.

We have decomposed the potential part of the heat current into in-plane and out-of-plane components [Fan2017]. If
you do not need this decomposition, you can simply sum up some components in the hac.out file.

3.4.2 NEMD method

Non-equilibrium molecular dynamics (NEMD) can be used to study thermal transport. In this method, two local
thermostats at different temperatures are used to generate a non-equilibrium steady state with a constant heat flux.

If the temperature difference between the two thermostats is AT and the heat flux is @}/.S, the thermal conductance G
between the two thermostats can be calculated as

_Q/5

AT’
Here, @ is the energy transfer rate between the thermostat and the thermostated region and S is the cross-sectional area
perpendicular to the transport direction.

G
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We can also calculate an effective thermal conductivity (also called the apparent thermal conductivity) (L) for the
finite system:

_ A Q/S
k(L) =GL = AT/L

where L is the length between the heat source and the heat sink. This is to say that the temperature gradient should
be calculated as AT/ L, rather than that extracted from the linear part of the temperature profile away from the local
thermostats. This is an important conclusion in [Li2019].

To generate the non-equilibrium steady state, one can use a pair of local thermostats. Based on [Li2019], the Langevin
thermostatting method is recommended. Therefore, the ensemble keyword with the first parameter of heat_lan should
be used to generate the heat current.

e The compute keyword should be used to compute the temperature profile and the heat transfer rate ).

* Related output file: compute.out

3.4.3 HNEMD method

The homogeneous non-equilibrium molecular dynamics (HNEMD) method for heat transport by Evans has been gen-
eralized to general many-body potentials [Fan2019]. This method is physically equivalent to the £MD method but can
be computationally faster.

In this method, an external force of the form [Fan2019]
oU,
F,?Xt :E’LFC+Z (ar;®7‘w> ~FC
J#i :
is added to each atom ¢, driving the system out of equilibrium. According to [Gabourie2021], it can also be written as
F* = EF.+F.- W,

Here, F; is the total energy of particle 7. Uj is the potential energy of particle ¢. W is the per-atom virial. r;; = r; —r;,
and r; is the position of particle 3.

The parameter F'. is of the dimension of inverse length and should be small enough to keep the system within the linear
response regime. The driving force will induce a non-equilibrium heat current (J ), linearly related to F'.:

o
00 5™ o,

where x* is the thermal conductivity tensor, 7' is the system temperature, and V is the system volume.

A global thermostat should be applied to control the temperature of the system. For this, we recommend using the
Nose-Hoover chain thermostat. So one should use the ensemble keyword with the first parameter of nvt_nhc.

* The compute_hnemd keyword should be used to add the driving force and calculate the thermal conductivity.

¢ The computed results are saved to the kappa.out file.
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3.4.4 Spectral heat current

In the framework of the NEMD and HNEMD methods, one can also calculate spectrally decomposed thermal con-
ductivity (or conductance). In this method, one first calculates the following virial-velocity correlation function
[Gabourie2021]:

which reduces to the non-equilibrium heat current when ¢t = 0.
Then one can define the following Fourier transform pairs [Fan2017]:
K(w) = / dte™ K (t)
—00
where
Cdw ., =
K(t) = —e WK
0= [ otk

—0o0

By setting ¢ = 0 in the equation above, we can get the following spectral decomposition of the non-equilibrium heat

current:
Fdw [~
J:/O = [21{(@}.

From the spectral decomposition of the non-equilibrium heat current, one can deduce the spectrally decomposed ther-
mal conductance in the NEMD method:

with
G= / W ),
0 27T

where AT is the temperature difference between the two thermostats and V' is the volume of the considered system or
subsystem.

One can also calculate the spectrally decomposed thermal conductivity in the HNEMD method:

_2K()
~ VTF,

K(w)
with

 dw
143—/0 gﬁ(w).

where F, is the magnitude of the driving force parameter in the HNEMD method.
This calculation is invoked by the compute_shc keyword and the results are saved to the shc.out file.

3.4.5 Modal analysis methods

A system with NV atoms will have 3N vibrational modes. Using lattice dynamics, the vibrational modes (or eigenmodes)
of the system can be found. The heat flux can be decomposed into contributions from each vibrational mode and the
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thermal conductivity can be written in terms of those contributions [Lv2016]. To calculate the modal heat current in
GPUMD, the velocities must first be decomposed into their modal contributions:

\/% 27; €in - Xn(t)

V; (t) =

Here, X n is the normal mode coordinates of the velocity of mode n m; is the mass of atom ¢ e; ,, is the eigenvector
that gives the magnitude and direction of mode n for atom ¢ v; is the velocity of atom ¢

The heat current can be rewritten in terms of the modal velocity to be:

Jp"t — ZWL . l\/% Zei,n : Xn(t)] = Z < : \/%Wl : ei,n) . Xn(t)

K3

This means that the modal heat current can be written as:

1 .
JPot — (Z —W, e, |- Xn(t)

This modal heat current can be used to extend the capabilities of the EMD and HNEMD methods. The extended
methods are called Green-Kubo modal analysis (GKMA) [Lv2016] and homogeneous non-equilibrium modal analysis
(HNEMA) [Gabourie2021].

Green-Kubo modal analysis

The Green-Kubo Modal Analysis (GKMA) calculates the modal contributions to thermal conductivity by using
[Lv2016] [Gabourie2021]:

1 t
’iww,n(t) = m/o dt/<Jl,n(t/)Jl(O)>

Here, kp is Boltzmann’s constant, V' is the volume of the simulated system, 7" is the absolute temperature, and ¢ is the
correlation time. .J;(0) is the total heat current and and:math:J_{x,n}(¢’) is the mode-specific heat current of the system
at two time points separated by an interval of . The symbol () means that the quantity inside will be averaged over
different time origins.

* Related input file: eigenvector.in
* Related keyword in the run.in file: compute_gkma
* Related output file: heatmode.out

For the GKMA method, we only used the potential part of the heat current.

Homogeneous non-equilibrium modal analysis

The homogeneous non-equilibrium modal analysis (HNEMA) method calculates the modal contributions of thermal
conductivity using [Gabourie2021]:

n
<Jnj—(1€/)v>nc _ Z KJZVFQV,

Here, /" is the thermal conductivity tensor of mode n, T’ is the system temperature, and V" is the system volume. The
mode-specific non-equilibrium heat current is (J#(¢))ye and the driving force parameter is F'.

» Related input file: eigenvector.in
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* Related keyword in the run.in file: compute_hnema
* Related output file: kappamode.out

For the HNEMA method, we only used the potential part of the heat current. A global thermostat should be applied
to control the temperature of the system. For this, we recommend using the Nose-Hoover chain thermostat. So one
should use the ensemble keyword with the first parameter of nvt_nhc.

3.4.6 HNEMDEC method

A system with M components has M independent fluxes: the heat flux and any M — 1 momentum fluxes of the M
component. The central idea of Evans-Cummings algorithm is designing such a driving force that produce a dissipative
flux that is equivalent to heat flux or momentum flux. By measuring the heat current and momentum current, we obtain
onsager coefficents that can be used to derive the thermal conductivity.

In the case of heat flux J; as dissipative flux, for the 7 atom belonging to o component:

Mtot - Nmoc

Fq,ext — a % T
R T

I)-F,

where S§ = EfT+ W, S = ngwzl Zi-vfl Sf, Mo is the total mass of the system, IV is the atom number of the

system. Any physical quantity A(¢) is related to driving force by correlation funtion:

(A0) = (a) + ([ ar SO,

In the case of momentum flux J, of v component as dissipative flux:

a,ext
F =coFle

3

and cg = —%, M = ZM N.m. Similar to the former case,

where ¢, = =1,

N
N,

(A0} = (AO) + G + )| B0,

Then we can obtain any matrix element A;; of onsager matrix by:

1 t
Nj=— | dt/{J;(t')® J;(0
=5 ), A @ J50)
The onsager matrix is arranged as:
Agq Ag1 T Ag(rr-1)
A1g A1y e Ayov—1y
An—1)yg Aar—1 - Ar—nya-1

The thermal conductivity could be derived from onsager matrix:

1

K==
T2(A71)00

e The compute_hnemdec keyword should be used to add the driving force and calculate the thermal conductivity.

* The computed results are saved to the onsager.out file.
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CHAPTER
FOUR

INTERATOMIC POTENTIALS

4.1 Tersoff potential (1988)

The implementation of the Tersoff (1988) potential in GPUMD mimics the one in lammps [Tersoff1988]. The Tersoff-
1988 potential has a more general form than the 7Tersoff (1989) potential. When possible, it is, however, recommended
to use the Tersoff (1989) potential as it is faster.

4.1.1 Potential form

The site potential can be written as

Ui = %ch(ﬁj) [fr(rij) = bij fa(ri)] -
[ET

The function fc is a cutoff function, which is 1 when r;; < R and 0 when r;; > S and takes the following form in the
intermediate region:

fe(lriy) = % {1 + cos (W@):l .

The repulsive function fr and the attractive function f,4 take the following forms:

fr(r) = Ae™ "
fa(r) = Be #"i,

The bond-order is
bij = (1+p"¢5) ™,
where

Gij = Z folrin)gire® o —ms)"

ki, j

c? c?
A 1+ — — '
Gijk =7 ( + d?  d?+ (h—cos gijk)2)
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Parameter Unit

eV

eV

A— 1

10\7 1
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
A
dimensionless
Afm
dimensionless

22 I WP TUO IH®E >y

4.1.2 File format

We have adopted a file format that similar but not identical to that used by lammps.

The potential file for a single-element system reads:

tersoff_ 1988 1 element
A_000 B_000 lambda_000 mu_000 beta_000 n_000 c_000 d_000 h_000 R_000 S_000 m_000 alpha_
—000 gamma_000

Here, element is the chemical symbol of the element.

The potential file for a double-element system reads:

tersoff 1988 2 <list of the 2 elements>

A_000 B_000 lambda_000 mu_000 beta_000 n_000 c_000 d_000 h_000 R_000 S_000 m_000 alpha_
—000 gamma_000

A_001 B_001 lambda_001 mu_001 beta_001 n_001 c_001 d_001 h_001 R_001 S_001 m_001 alpha_
—001 gamma_001

A_010 B_010 lambda_010 mu_010 beta_010 n_010 c_010 d_010 h_010 R_010 S_010 m_010 alpha_
—010 gamma_010

A_011 B_011 lambda_011 mu_011 beta_011 n_011 c_011 d_011 h_011 R_011 S_011 m_011 alpha_
—011 gamma_011

A_100 B_100 lambda_100 mu_100 beta_100 n_100 c_100 d_100 h_100 R_100 S_100 m_100 alpha_
100 gamma_100

A_101 B_101 lambda_101 mu_101 beta_101 n_101 c_101 d_101 h_101 R_101 S_101 m_101 alpha_
—101 gamma_101

A_110 B_110 lambda_110 mu_110 beta_110 n_110 c_110 d_110 h_110 R_110 S_110 m_110 alpha_
110 gamma_110

A_111 B_111 lambda_111 mu_111 beta_111 n_111 c_111 d_111 h_111 R_111 S_111 m_111 alpha_
111 gamma_111

The extension to more than two components is accordingly.

30 Chapter 4. Interatomic potentials


https://lammps.sandia.gov/doc/pair_tersoff.html

GPUMD documentation, Version 5.6

4.2 Tersoff potential (1989)

The Tersoff (1989) potential supports systems with one or two atom types [Tersoff1989]. It is less general than the
Tersoff (1988) potential but faster.

4.2.1 Potential form

Below we use i, j, k, - - - for atom indices and I, J, K, - - - for atom types.

The site potential can be written as
1
Ui=3 > folri) [fr(rig) = big falrip)]
J#i

The function fc is a cutoff function, which is 1 when r;; < Ry and 0 when r;; > St and takes the following form
in the intermediate region:

1 Ti‘_R[]
) == |1 g TR
fo(rij) 2{ -+ cos (WSIJ—RIJ>:|

The repulsive function fr and the attractive function fa take the following forms:
fr(r) = Apje 7"
fa(r) = Brje "7,

The bond-order function is

1
bij = xrs (1+ B} 7;1) e
where
Gi= Y folri)gi
oy

G G
d?  d?+ (hr — cosb;jx)?’

gijk =1+

Parameter Unit

Ay Y

Bry eV

Arg At

Kmrg A1

Br dimensionless
nr dimensionless
cr dimensionless
dr dimensionless
hy dimensionless
Rpjy A

Sty A

XI1J dimensionless
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4.2.2 File format

Single-element systems

In this case, x s is irrelevant. The potential file reads:

tersoff_1989 1 <element>
A B lambda mu beta n cd hR S

Here, element is the chemical symbol of the element.

Two-element systems

In this case, there are two sets of parameters, one for each atom type. The following mixing rules are used to determine
some parameters between the two atom types ¢ and j:

Arg=VAirAy
Bry= /BBy
Rry=+RiR;y
Sy =\S1151s
Arg = (A1 +Asg)/2
prg = (prr + pg)/2.
Here, the parameter xo1 = X10 needs to be provided. xoo = x11 = 1 by definition.

The potential file reads:

tersoff 1989 2 <list of the 2 elements>
A_® B_® lambda_® mu_0 beta_® n.® c_0 d_® h ® R_0O
A_1 B_1 lambda_1 mu_1 beta_1 n_1 c_1 d_1 h_1 1
chi_01

S_0
S_1

4.3 Tersoff mini-potential

The Tersoff-mini potential is described in [Fan2020]. It currently only applies to systems with a single atom type. One
can use the GPUGA potential to fit this potential for new systems.

4.3.1 Potential form

The site potential can be written as
1
Ui=35 > folrig) [falrig) = bij falrig)] -
i

The function fc is a cutoff function, which is 1 when r;; < R;; and 0 when r;; > St and takes the following form
in the intermediate region:

fa(ri) = % [1 + cos (”Tg__;)} .
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The repulsive function fr and the attractive function f take the following forms:

D
fr(rij) = %1 exp (aro\/ﬁ) e—a\/ﬁr”-

S
DyS
fa(ri) = 5731 €xp (047”0\/2/75) e=oV2/STi

The bond-order function is

1
bij = (1+¢%) >,
where

Gj = Z fc(rik)gijr

k#i,j
gijk = 5 (h — COS gijk)Q .

4.3.2 Parameters

Parameter Unit

eV

A-l

A
dimensionless
dimensionless
dimensionless
dimensionless
A

A

N TSI 0 Ry
[=)

4.3.3 File format

The potential file reads:

tersoff_mini 1 element
D alpha r® S beta n h R S

Here, element is the chemical symbol of the element.

4.4 Lennard-Jones potential

The Lennard-Jones (LJ) potential is one of the simplest two-body potentials used in /D simulations. The pair potential

between particles ¢ and j is
12 6
Us: = de; s Tij _ i
ij = g | 12 6 |-

ij T'ij

For the implementation in GPUMD the potential has neither been shifted nor damped. This is important to keep in mind
when using this model as it implies that both energy and force change discontinuously at the cutoff.
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The implementation in GPUMD supports up to 10 atom types.

There are two parameters, which respectively control the depth (¢) and the position (o) of the potential well. They are
given in units of eV and A, respectively.

4.4.1 File format

If there is only one atom type, the potential file for this potential model reads:

1j 1 element
epsilon sigma cutoff

Here, cutoff is the cutoff distance and element is the chemical symbol of the element.

If there are two atom types, the potential file reads:

1j 2 <list of the 2 elements>
epsilon_00 sigma_00 cutoff 00
epsilon_01 sigma_01 cutoff 01
epsilon_10 sigma_10 cutoff_10
epsilon_11 sigma_11 cutoff_11

If there are three atom types, the potential file reads:

1j 3 <list of the 3 elements>
epsilon_00 sigma_00 cutoff 00
epsilon_01 sigma_01 cutoff 01
epsilon_02 sigma_02 cutoff 02
epsilon_10 sigma_10 cutoff_ 10
epsilon_11 sigma_11 cutoff_11
epsilon_12 sigma_12 cutoff_12
epsilon_20 sigma_20 cutoff 20
epsilon_21 sigma_21 cutoff 21
epsilon_22 sigma_22 cutoff 22

The extension to more than three atom types should be apparent from the examples above.
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4.5 Embedded atom method

GPUMD suppports two different analytical forms of embedded atom method (EAM) potentials. Using the form by Zhou
et al. can simulate alloys with up to 10 atom types [Zhou2004], while using the form of Dai er al. the implementation
only applies to systems with a single atom type [Dai2006].

4.5.1 Potential form

General form

The site potential energy is
1
Ui=35 ;éf’(ﬁj) + F(pi)-
JF

Here, the part with ¢(r;;) is a pairwise potential and F'(p;) is the embedding potential, which depends on the electron
density p; at site ¢. The many-body part of the EAM potential comes from the embedding potential.

The density p; is contributed by the neighbors of 4:

pi=Y_f(rij).

i

Therefore, the form of an EAM potential is completely determined by the three functions: ¢, f, and F'.

Version from [Zhou2004]

The pair potential between two atoms of the same type a is

(baa(?,,) _ A exp[—a(r/rg _ 1)} o B exp[—ﬂ(r/r? _ 1)]
T5 (rfre —r9® 1+ (rjre — AT

The contribution of the electron density from an atom of type a is

_ frepl-Blr/re ~ 1]

Fr) = S (jre =y
The pair potential between two atoms of different types a and b is then constructed as
L[ fo(r) fr)
¢ab r) == |: (baa r) + (b .

D=3 (™
The embedding energy function is piecewise:

5% Fos (p% - 1) p < 0.85p,

F(p)={S2  F (ﬁ - 1) 0.85p. < p < 1.15p,

Pe
n n
_ P P
F, [1 ln<ps> } (p) p > 1.15p.
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Version from [Dai2006]

This is a very simple EAM-type potential, which is an extension of the Finnis-Sinclair potential. The function for the
pair potential is

4 " r<ec
¢(r>={(’”0>22n=ocnr <

0 r>c

The function for the density is

_ (r—d?+B*r—d?* r<d
f(r)_{o r>d

4.5.2 File format

The potential file for the version from [Zhou2004] reads:

eam_zhou_2004 num_types <list of elements>
r_e f_e rho_e rho_s alpha beta A B kappa lambda F_n® F_nl F_n2 F_n3 F_0® F_1 F_2 F_3 eta.
—F_e cutoff

There are num_types rows of parameters but here we have only written a single row above. The order of the rows
should be consistent with the <list of elements> in the first line.

The last parameter cutoff is the cutoff distance, which is not intrinsic to the model. The order of the parameters is
the same as in Table III of [Zhou2004]. For multi-component systems, GPUMD will use the largest cutoff for every atom

type.
The potential file for the version from [Dai2006] reads:

eam_dai_2006 1 Element
AdccO®c.1lc2c3c4d8B

Here, Element is the chemical symbol of the element.

4.5.3 Table format

GPUMD supports the eam/alloy format as defined in LAMMPS.

Note: The user needs to modify the first line of the potential file as follows:

eam/alloy <num_types> <list of elements>

The last two parts can be directly copied from the fourth line of the original potential file. For example:

eam/alloy 2 Cu Ni

Since the first three lines are comments, this modification does not affect usage in LAMMPS.
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4.5.4 Maximum neighbour count (eam/alloy)

For the eam/alloy form, the potential keyword accepts an optional second argument that sets the per-atom upper
bound on neighbours used to allocate the neighbour list on the GPU:

potential <potential_file> # default: max_neighbor = 400
potential <potential_file> 150 # smaller value to save GPU memory

4.6 Force constant potential

The force constant potential (FCP) is obtained through a systematic expansion of the energy in displacements as de-
scribed [Brorsson2021].

4.6.1 Potential form

In the force constant potential, the potential energy is calculated as a Taylor expansion in terms of the atomic displace-
ments {u?} relative to a set of reference (equilibrium) positions as

U=U+Us+U;,+Us+Ug+---

with

1
U= SN otutub

ij ab
E § bc ud b
3'
ijk abc
1 § E abed, a b d
U4 = 4' klu Ukul
ijkl abed

1 bed b
Us = 51 Z Z P him Ui U ukul Uy,
" ijklm abede
1 abede f b d
U6 = @ Z Z (bzgklmn Za ukul ufnu'fL
" ijklmn abedef
Here, @;’Jb, q);’jbls, @fjb,gld, fbfjb,?ldg, and fl)fjb,:ldslfl are the second-order, third-order, fourth-order, fifth-order, and sixth-order
force constants. The indices ¢, j, k, [, m, and n refer to the atoms and can take integer values from 0 to N — 1, where
N is the number of atoms in the system. The indices a, b, ¢, d, e, and f refer to the axes in the Cartesian coordinate
Y
system and can take integer values 0, 1, and 2, which correspond to the x, y, and z axes, respectively. In GPUMD, we
only consider force constants up to sixth order.

4.6.2 File format

One needs to prepare several files related to this potential, which can be conveniently generated using the hiphive
package [Eriksson2019], except for the driver potential file below (which is very easy to prepare).
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driver file

The driver potential file for this potential model reads:

fcp number_of_atom_types <list of atom symbols>
highest_force_order highest_heat_current_order
path_to_force_constant_files

» fcp is the name of this potential and tells the code that we are using the force constant potential.
e number_of_atom_types is the number of atom types defined in the simulation model file.

e <list of atom symbols> is alist of all the elements in the potential (can be in any order).

* highest_force_order is the highest order of the force constants used in the potential. For example, when
highest_order is 4, second-order, third-order, and fourth-order forces constants will be used (and should be
prepared).

* highest_heat_current_order is the highest order of the force constants used for heat current calculations.
It can only be 2 or 3, which means using the second order force constants only or using both the second and third
order force constants for heat current calculations, respectively.

* path_to_force_constant_files is the path to the force constant files (see below). Important: There should
be no trailing slash (/) after the folder name.

force constant files

The force constant data should be prepared in some files named:

clusters_order2.in
clusters_order3.in
clusters_order4.in
clusters_order5.in
clusters_order6.in

fcs_order2.
fcs_order3.
fcs_order4.
fcs_order5.
fcs_order6.

in
in
in
in
in

These files should be in the folder you specified in the driver potential file (see above). If you only consider force
constants up to the 4th order, you do not need the files with numbers 5 and 6. These files can be generated by the

hiphive package. Here, we therefore do not describe the formats of these files.

equilibrium position file

Because this potential is defined in terms of the atomic displacements, one has to define the equilibrium (reference)
positions of the atoms in the system. A file called r0. in is used for this purpose. This file should be in the folder you

specified in the driver potential file (see above). The format of this file is:
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where each line gives the position of one atom. The order of the atoms should be consistent with that in the simulation
model file. The coordinates are in units of Angstrom. This file is also generated by the hiphive package.

4.7 Neuroevolution potential

The neuroevolution potential (NEP) approach was proposed in [Fan2021] (NEP1) and later improved in [Fan2022a]
(NEP2), [Fan2022b] (NEP3), and [Song2024] (NEP4). Currently, GPUMD only supports NEP4, as NEP1, NEP2, and
NEP3 are deprecated.

GPUMD not only allows one to carry out simulations using NEP models via the gpumd executable but even the construc-
tion of such models via the nep executable.

4.7.1 The neural network model

NEP uses a simple feedforward neural network (V) to represent the site energy of atom ¢ as a function of a descriptor
vector with N4.s components,

Ui = U ({a 155 )

There is a single hidden layer with N, neurons in the NN and we have

Nhieu Naes
U, = Z wy, (1) tanh (Z wu?,)qu b(O ) — bW,

where tanh(z) is the activation function in the hidden layer, w(® is the connection weight matrix from the input layer
(descriptor vector) to the hidden layer, w(!) is the connection weight vector from the hidden layer to the output node,
which is the energy U;, b is the bias vector in the hidden layer, and b1 is the bias for node U;.

4.7.2 The descriptor

The descriptor for atom ¢ consists of a number of radial and angular components as described below.
The radial descriptor components are defined as
@ =Y gn(rij)
j#i

with

where the summation runs over all the neighbors of atom i within a certain cutoff distance. There are thus nt, + 1
radial descriptor components.

For the angular descriptor components, we consider 3-body to 5-body ones. The formulation is similar but not
identical to the atomic cluster expansion (ACE) approach [Drautz2019]. For 3-body ones, we define (0 < n < n#
1<i<3

max)

max?

q;l: Z (71)m zzlm :Ll(—m)’
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where
nim = Zgn(rij)}/lm(eija ®ij)s
J#i
and Y;,,,(0;;, ¢i;) are the spherical harmonics as a function of the polar angle 6;; and the azimuthal angle ¢;;. For
expressions of the 4-body and 5-body descriptor components, we refer to [Fan2022b].

The radial functions g, (r;;) appear in both the radial and the angular descriptor components. In the radial descriptor
components,

R
Nbas

gn(rij) = Z C:fkfk(""ij)7
k=0

with
Fulriy) = % [Tk (2 (rij/rF —1)° — 1) + 1} Folrig),

and

1 Tig < PR
- { o) e

R
0, Tij > T¢ -

In the angular descriptor components, g,,(r;;) have similar forms but with N® . changed to N,?as and with & changed
A
tor..

4.7.3 Model dimensions

Number of ... Count

atom types Niyp

radial descriptor components nko +1

3-body angular descriptor components (nf o + DI

4-body angular descriptor components (nf.x + 1) or zero (if not used)

5-body angular descriptor components (&, + 1) or zero (if not used)

descriptor components Nyes is the sum of the above numbers of descriptor components
trainable parameters |’ in the descriptor N2 [(nf,, + 1) (N, + 1) + (nh. + 1 (Nip + 1)]
trainable NN parameters Non = (Ndes + 2) NpeuNeyp + 1

The total number of trainable parameters is the sum of the number of trainable descriptor parameters and the number
of NN parameters Nyy,.

4.7.4 Optimization procedure

The name of the NEP model is owed to the use of the separable natural evolution strategy (SNES) that is used for
the optimization of the parameters [Schaul2011]. The interested reader is referred to [Schaul2011] and [Fan2021] for
details.

The key quantity in the optimization procedure is the loss (or objective) function, which is being minimized. It is
defined as a weighted sum over the loss terms associated with energies, forces and virials as well as the £; and £,
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norms of the parameter vector.

+ Ay
% nv

6thr n=1 pv

1 Npar
+ M z

Npar 7;1 | n|
) Nyar 1/2

+ Ao Z?L

Npar n—1

Here, Ny, is the number of structures in the training data set (if using a full batch) or the number of structures in
a mini-batch (see the barch keyword in the nep.in input file) and N is the total number of atoms in these structures.
UNEP(n, z) and W}L\LEP (n, z) are the per-atom energy and virial tensor predicted by the NEP model with parameters
z for the n'" structure, and F} " (2) is the predicted force for the i*" atom. U (n), Wiar(n), and F;™ are the
corresponding target values. That is, the loss terms for energies, forces, and virials are defined as the respective RVMSE
values between the NEP predictions and the target values. The last two terms represent £ and Lo regularization terms
of the parameter vector. The weights Ae, Af, Ay, A1, and Ao are tunable hyper-parameters (see the eponymous keywords
in the nep.in input file). When calculating the loss function, we use eV/atom for energies and virials and eV/A for force
components.

4.8 Hybrid NEP+ILP potential

The hybrid NEP + ILP potential [Bu2026] in GPUMD combines the neuroevolution potential (NEP), [Fan2022b] (NEP3),
and [Song2024] (NEP4), for intralyer interactions and the interlayer potential (/LP) [Ouyang2018] [Ouyang2020] for
interlayer interactions to simulate van der Waals materials. Now this hybrid potential supports to simulate homo- and
heterostructures based on graphene, h-BN and transition metal dichalcogenides (TMDs) layered materials.

4.8.1 Potential form

The site potential of /LP can be written as:
UZ»ILP = Tap(rij) [Uatt (’I“ij) + UTCP(’I“Z'J'7 n;, 'I’L])]

The function Tap(r;;) is a cutoff function and takes the following form in the intermediate region:

7 6 5 4
T r . r
Tap(r;;) =20 =2 ) —70( = 84 =) —35( =L 1
ap(r J) (Rcut ) (Rcut ) * (Rcut ) (Rcut ) *

The repulsive term and the attractive term take the following forms:

1 C6,ij
6 -
ij

(4 7ij _(PijN2 _(Pii?
Urep(rmni,nj):ea”(l ) {Eij+cij {6 G e () ]}

Uatt rii) = —
(riy) 14 e~ bia[ris/(Srijrif)=1] 7
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where n; and n; are normal vectors of atom ¢ and j, p;; and p;; are the lateral interatomic distance, which can be
expressed as:
2 _ 2 2
pij =i — (Tij - i)
2 _ 2 2
Pii = Tij — (rij - my)
Other variables are all fitting parameters.

The site potential of NEP can be written as:

Nieu Naes
UNEP = Z w&l) tanh (Z wfﬁ,)qf, - bff”) — bW,
v=1

p=1

More details of NEP potential are in Neuroevolution potential. Note that in hybrid NEP + ILP potential, the NEP
potential will just compute the intralayer interactions.

4.8.2 File format

This hybrid potential requires 3 kinds of files: one for /LP potential, one for NEP potential and the other for mapping
NEP potential to groups in model file. We have adopted the /LP file format that similar but not identical to that used
by lammps. The NEP potential file is not required to modify, while to make the /LP and NEP potentials identify the
layers, it’s required to set some groups in model . xyz file.

In run.in file, the potential setting is as:

potential <ilp file> <nep map file>

where ilp file and nep map file are the filenames of the /LP potential file and NEP mapping file.

ilp file is similar to other empirical potential files in GPUMD. But in addition, /LP uses different group_ids to
identify the different layers, so you need to add two group_methods in ilp file:

nep_ilp <number of atom types> <list of elements>
<group_method for layers> <group_method for sublayers>
beta alpha delta epsilon C d sR reff C6 S rcutl rcut2

* nep_ilp is the name of this hybrid potential.
e number of atom types is the number of atom types defined in the model .xyz.
e list of element is a list of all the elements in the potential (can be in any order).

e group_method for layers is the group_method set in model. xyz to identify different layers. For example,
monolayer graphene and monolayer MoS, are both single layer so for the atoms in each layer the group_id of
group_method for layers are the same.

e group_method for sublayers is used to identify the different sublayers. For example, monolayer graphene
contains one sublayer while monolayer MoSs contains three sublayers, one Mo sublayer and two S sublayers.
For the atoms in each sublayer the group_id of group_method for sublayers are the same.

* The last line(s) is(are) parameters of /LP. rcutl is used for calculating the normal vectors and rcut2 is the
cutoff of /LP, usually 16A.

nep_map_file can map one or more NEP potential files to different layers. The setting is as:

42 Chapter 4. Interatomic potentials


https://docs.lammps.org/pair_ilp_graphene_hbn.html

GPUMD documentation, Version 5.6

<group_method for layers> <number of NEP files> <list of NEP files>
<number of groups>

<NEP_id for group_0>

<NEP_id for group_1>

e group_method for layers is the same as the setting in ilp file.
e number of NEP files is the number of NEP files used in your simulation.

e list of NEP files is a list of all the NEP filenames. Note that the first file will be identified as NEP_0 and
then NEP_1 and so on.

e number of groups is the number of groups in group_method for layers.

e The last number of groups lines map the NEP to each group. If NEP_id for group_0 is set to 0, the in-
tralayer interactions between atoms within group_id 0 are computed by the first NEP file (NEP_0) in 1list of
NEP files. If set to 1, then computed by the second NEP file (NEP_1) and so on.

4.8.3 Examples

Example 1: bilayer graphene

Assume your have three files: /LP potential file (C.1ilp), NEP potential file (C.nep) and NEP mapping file (map.nep).
The potential setting in run. in file is as:

potential C.ilp map.nep

Assume that the first line in C.nep is:

nep3 1 C

and group_method 0 is used to identify the different layers. Then C.1ilp is required to set as:

nep_ilp 1 C
00
beta_CC alpha_CC delta_CC epsilon_CC C_CC d_CC sR_CC reff CC C6_CC S_CC rcutl_CC rcut2_CC

The first 0 in the second line represents /LP potential uses group_method O to identify different layers. The second 0
represents group_method 0 is used to identify the sublayers. For the system with only graphene and h-BN, just set it
the same as the previous number.

Then, map . nep file required to set as:

1 C.nep

0
2
0
0

The first 0 in the first line represents NEP potential uses group_method 0 to identify different layers. The next 1
represents there is just one NEP potential file. The number in the second line represents there are two groups in the
group_method 0. The last two lines represent the group_©0 and group_1 in group_method 0 will use C.nep potential
file (NEP_O).
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Example 2: bilayer 7-BN / MoS,

Assume your have four files: /LP potential file (BNMoS. ilp), NEP potential files (BN .nep, MoS.nep) and NEP mapping
file (map.nep). The potential setting in run. in file is as:

potential BNMoS.ilp map.nep

Assume the first line in BN.nep is:

nep4d 2 B N

and in MoS .nep is:

nep4 2 Mo S

We also assume the group_method 0 is used to identify the different layers and group_method 1 is used to identify
the different sublayers for /LP. In group_method 1, atoms in the sublayers of Mo and S should be set as the different
group_id. Then BNMoS.ilp is required to set as:

nep_ilp 4 B N Mo S

01

beta_BB alpha_BB delta_BB epsilon_BB C_BB d_BB sR_BB reff BB C6_BB S_BB rcutl_BB rcut2_BB
beta_BN alpha_BN delta_BN epsilon_BN C_BN d_BN sR_BN reff BN C6_BN S_BN rcutl_BN rcut2_BN
beta_BMo alpha_BMo delta_BMo epsilon_BMo C_BMo d_BMo sR_BMo reff BMo C6_BMo S_BMo rcutl_
—BMo rcut2_BMo

beta_BS alpha_BS delta_BS epsilon_BS C_BS d_BS sR_BS reff BS C6_BS S_BS rcutl_BS rcut2_BS
beta_NB alpha_NB delta_NB epsilon_NB C_NB d_NB sR_NB reff NB C6_NB S_NB rcutl_NB rcut2_NB
beta_NN alpha_NN delta_NN epsilon_NN C_NN d_NN sR_NN reff NN C6_NN S_NN rcutl_NN rcut2_NN
beta_NMo alpha_NMo delta_NMo epsilon_NMo C_NMo d_NMo sR_NMo reff NMo C6_NMo S_NMo rcutl_
—NMo rcut2_NMo

beta_NS alpha_NS delta_NS epsilon_NS C_NS d_NS sR_NS reff NS C6_NS S_NS rcutl_NS rcut2_NS

beta_SS alpha_SS delta_SS epsilon_SS C_SS d_SS sR_SS reff SS C6_SS S_SS rcutl_SS rcut2_SS

Assume group_id of MoSs is 0 and of h-BN is 1. Then map.nep file is set as:

0 2 BN.nep MoS.nep
2
1
0

The 1 in the third line means group_0 (MoS-) uses MoS.nep potential file (NEP_1) and the last 0 means group_1
(h-BN) uses BN.nep potential file (NEP_O).

4.9 Hybrid SW+ILP potential

The hybrid SW + ILP potential [Jiang2025] in GPUMD combines the Stillinger-Weber potential (SW) [Stillinger1985]
for intralyer interactions and the interlayer potential (/LP) [Ouyang2018] [Ouyang2020] for interlayer interactions to
simulate homostructures based on transition metal dichalcogenides layered materials. The SW term of this hybrid
potential uses the modification version and more details are in [Jiang2015] and [Jiang2019].
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4.9.1 Potential form
The site potential of /LP can be written as:
Ui = Tap(ry;) [U™*(rij) + U™P(rij, i, m;)]
The function Tap(r;;) is a cutoff function and takes the following form in the intermediate region:

7 6 5 4
T r . r
T i) = 20 e — 70 £ 84 X —35 1 1
ap(r j) (Rcut) (Rcut) * (Rcut> (Rcut> +

The repulsive term and the attractive term take the following forms:

1 Cé.ij
14 eduslris/SragriH=1] 8

(4 i _(PijN2 _(Pii?
Urep(rij7ni’nj):eaw(1 B”) {Eij+cij {6 G ye <M> ]}
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where n; and n; are normal vectors of atom ¢ and j, p;; and p;; are the lateral interatomic distance, which can be
expressed as:

2 2 2
Pij = Tij — (rij - mi)
2 2 2
Pji = Tij — (rij - m;j)
Other variables are all fitting parameters.

The site potential of modified SW can be written as:
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where ¢4 and ¢3 are two-body and three-body terms. The cutoff of SW potential is a - 0. For some materials, such as
borophene and transition metal dichalcogenides, some unnecessary angle types should be excluded in the three-body
interaction by multiplying the cutoff function f-(6). Here, for transition metal dichalcogenides, d; is set to 0.25 and
0o is set to 0.35.

4.9.2 File format

This hybrid potential requires 2 potential files: /LP potential file and SW potential file. We have adopted the /LP file for-
mat that similar but not identical to that used by lammps. To identify the layers, it’s required to set two group_methods
in model.xyz file. group_method 0 is used to identify the different layers and group_method 1 is used to identify
different sublayers. One transition metal dichalcogenide layer has three sublayers, i.e., one M 0S5 layer has one Mo
sublayer and two S sublayers. For atoms in the same layer, the group_id of group_method 0 must be the same and
for atoms in the same sublayer, the group_id of group_method 1 must be the same. Now this hybrid potential could
be only used to simulate transition metal dichalcogenide homostructures (MX5), with M a transition metal atom (Mo,
W, etc.) and X a chalcogen atom (S, Se, or Te).

In run.in file, the potential setting is as:
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potential <ilp file> <sw file>

where ilp file and sw file are the filenames of the /LP potential file and SW potential file. ilp file is similar
to other empirical potential files in GPUMD:

sw_ilp <number of atom types> <list of elements>
beta alpha delta epsilon C d sR reff C6 S rcutl rcut2

* sw_ilp is the name of this hybrid potential.

e number of atom types is the number of atom types defined in the model.xyz. Here, this value must be set
to 2 for transition metal dichalcogenide homostructures.

* list of element is alist of all the elements in the potential.

* The last line(s) is(are) parameters of /LP. rcutl is used for calculating the normal vectors and rcut2 is the
cutoff of /LP, usually 16A.

More specifically, for MXs, the ilp file is required to set as:

sw_ilp 2 M X

beta_MM alpha_MM delta_MM epsilon_MM C_
beta_MX alpha_MX delta_MX epsilon_MX C_
beta_XM alpha XM delta_XM epsilon_XM C_
beta_XX alpha XX delta_XX epsilon_XX C_

_MM sR_MM reff MM C6_M
_MX sR_MX reff MX C6_M
_XM sR_XM reff XM C6_X
_XX sR_XX reff XX C6_X

S_MM rcutl_MM rcut2_MM
S_MX rcutl_MX rcut2_MX
S_XM rcutl_XM rcut2_XM
S_XX rcutl_XX rcut2_XX

L=

The sw file use the same atomic type list as the i1lp file and just contains parameters of SW. The potential file
reads, specifically:

A_ MM B_MM a_MM sigma_MM gamma_MM
A_MX B_MX a_MX sigma_MX gamma_MX
A_XX B_XX a_XX sigma_XX gamma_XX
lambda_MMM cos®_MMM
lambda_MMX cos®_MMX
lambda_MXM cos®_MXM
lambda_MXX cos®_MXX
lambda_XMM cosO®_XMM
lambda_XMX cos®_XMX
lambda_XXM cos®_XXM
lambda_XXX cos®_XXX

4.10 Hybrid Tersoff+ILP potential

The hybrid Tersoff + /LP potential in GPUMD combines the Tersoff (1988) potential [Tersoff1988] for intralyer inter-
actions and the interlayer potential (/LP) [Ouyang2018] [Ouyang2020] for interlayer interactions to simulate homo-
and heterostructures based on graphene and h-BN layered materials. The Tersoff term of this hybrid potential uses the
same implementation as Tersoff (1988) potential.
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4.10.1 Potential form
The site potential of /LP can be written as:
Ui = Tap(ry;) [U™*(rij) + U™P(rij, i, m;)]
The function Tap(r;;) is a cutoff function and takes the following form in the intermediate region:
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The repulsive term and the attractive term take the following forms:
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where n; and n; are normal vectors of atom ¢ and j, p;; and p;; are the lateral interatomic distance, which can be
expressed as:

2 2 2
Pij = Tij — (rij - mi)
2 2 2
Pji = Tij — (rij - m;j)
Other variables are all fitting parameters.

The site potential of Tersoff can be written as:

1
U;I‘ersoff — 5 Z fC’(Tij) [fR(mj) — biij("'ij)} .
i

The function f¢ is a cutoff function, which is 1 when r;; < R and 0 when r;; > S and takes the following form in the

intermediate region:
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The repulsive function fr and the attractive function f4 take the following forms:
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4.10.2 File format

This hybrid potential requires 2 potential files: /LP potential file and Tersoff potential file. We have adopted the
ILP file format that similar but not identical to that used by lammps. To identify the different layers, it’s required to
set one group_methods in model.xyz file. Now this hybrid potential could be only used to simulate homo- and
heterostructures of graphene and h-BN.

In run.in file, the potential setting is as:

potential <ilp file> <tersoff file>

where ilp file and tersoff file are the filenames of the /LP potential file and Tersoff potential file. ilp file
is similar to other empirical potential files in GPUMD:

tersoff_ilp <number of atom types> <list of elements>
<group_method for layers>
beta alpha delta epsilon C d sR reff C6 S rcutl rcut2

* tersoff_ilp is the name of this hybrid potential.
e number of atom types is the number of atom types defined in the model.xyz.
e list of element is alist of all the elements in the potential.

e group_method for layers isthe group_method setin model . xyz to identify different layers. For example,
monolayer graphene and monolayer ~-BN are both single layer so for the atoms in each layer the group_id of
group_method for layers are the same.

* The last line(s) is(are) parameters of /LP. rcutl is used for calculating the normal vectors and rcut2 is the
cutoff of /LP, usually 16A.

More specifically, for graphene, if group_method 0 is used for different layers, the i1lp file is required to set as:

tersoff_ilp 1 C
0
beta_CC alpha_CC delta_CC epsilon_CC C_CC d_CC sR_CC reff CC C6_CC S_CC rcutl_CC rcut2_CC

The tersoff file use the same atomic type list as the i1lp file and just contains parameters of Tersoff potential.
The potential file reads, specifically for graphene:

A_CCC B_CCC lambda_CCC mu_CCC beta_CCC n_CCC c_CCC d_CCC h_CCC R_CCC S_CCC m_CCC alpha_
—CCC gamma_CCC

More parameter details are in Tersoff (1988) potential and NEP+ILP potential.

4.11 Angular Dependent Potential (ADP)

GPUMD supports the Angular Dependent Potential (ADP), which is an extension of the embedded atom method (EAM)
that includes angular forces through dipole and quadrupole distortions of the local atomic environment.

The ADP was developed to provide a more accurate description of directional bonding and angular forces in metal-
lic systems, particularly for materials where traditional EAM potentials fail to capture the full complexity of atomic
interactions. The ADP formalism is especially useful for modeling complex crystal structures, defects, and phase
transformations in metals and alloys.
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4.11.1 Potential form

General form

The ADP is described in detail by Mishin et al. [Mishin2005] and has been successfully applied to various metallic
systems including the Cu-Ta system [Pun2015], U-Mo alloys [Starikov2018], etc. The total energy of atom 7 is given
by:

1 1 1 1
Ei=Fa | Y pslry) | + 5 Y Paslriy) + 5 D (mis)* + 5 > (ist)* = 6’/1'2

i i st
where:
» F, is the embedding energy as a function of the total electron density at atom ¢
* pg(r;j) is the electron density contribution from atom j at distance r;;
* ¢op(rij) is the pair potential interaction between atoms of types « and 3
* « and S are the element types of atoms 4 and j
* sand t are indices running over Cartesian coordinates (x, ¥, z)
* L;s is the dipole distortion tensor (3 components)
* \;s¢ is the quadrupole distortion tensor (6 independent components)

* y; is the trace of the quadrupole tensor

Angular terms

The dipole distortion tensor represents the first moment of the local environment:
His = Z Ua[a(rij)rfj
J#i
where u45() is a tabulated function and 7; is the s-component of the vector from atom i to atom j.

The quadrupole distortion tensor represents the second moment of the local environment:

Nist = > wagp(rij)riirl;
J#i
where wqg(r) is another tabulated function. The trace of the quadrupole tensor is:

Vi = Niga + Azyy + Nizz

The angular terms p and A introduce directional dependence into the potential energy, allowing the ADP to capture
angular forces that are absent in the traditional EAM formalism. These terms are essential for accurately modeling
materials with complex bonding environments.
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4.11.2 File format
General structure
The ADP potential file follows the extended DYNAMO setfl format, which is compatible with LAMMPS and other
molecular dynamics codes. The file structure consists of:
Header section (lines 1-5):
* Lines 1-3: Comment lines (can contain any text, typically author and date information)
e Line 4: Nelements Elementl Element2 ... ElementN
— Nelements: Number of elements in the potential
— Element1, Element2, etc.: Element symbols (e.g., Cu, Ta, Mo)
* Line 5: Nrho drho Nr dr cutoff

— Nrho: Number of points in the embedding function F'(p) tabulation

drho: Spacing between tabulated p values

Nr: Number of points in the pair potential and density function tabulations

dr: Spacing between tabulated r values

cutoff: Cutoff distance for all functions (in Angstroms)
Per-element sections (repeated Nelements times):
Each element section contains:

e Line 1: atomic_number mass lattice_constant lattice_type

atomic_number: Atomic number of the element

mass: Atomic mass (in amu)

lattice_constant: Equilibrium lattice constant (in Angstroms)
— lattice_type: Crystal structure (e.g., fcc, bee, hep)
* Next Nrho values: Embedding function F'(p)
— Tabulated values of F at p = 0, Ap,2Ap, ..., (N, —1)Ap
— Units: eV
* Next Nr values: Electron density function p(r)
— Tabulated values at r = 0, Ar, 2Ar, ..., (N, — 1)Ar
— Units: electron density
Pair potential section:
For all element pairs (4, j) with ¢ > j (upper triangular, since ¢;; = ¢;;):
* Nr values: Pair potential ¢;;(r)
— Tabulated as r x ¢(r) (scaled by distance)
— Units: eV-Angstrom
— Order: (1,1), (2,1), (2,2), (3,1), (3,2), (3,3), etc.
Dipole function section:

For all element pairs (7, j) with ¢ > j:
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* Nr values: Dipole function u;;(r)
— Tabulated as u(r) (NOT scaled by distance)
— Units: electron density-Angstrom
— Same ordering as pair potentials
Quadrupole function section:
For all element pairs (7, j) with ¢ > j:
* Nr values: Quadrupole function w;; (1)
— Tabulated as w(r) (NOT scaled by distance)
— Units: electron density-Angstrom?

— Same ordering as pair potentials

4.11.3 Table format

GPUMD supports the standard ADP format as defined in LAMMPS.

Note: The user needs to modify the first line of the potential file as follows:
adp <num_types> <list of elements>

The last two parts can be directly copied from the fourth line of the original potential file. For example:

adp 2 Cu Ta

Since the first three lines are comments in LAMMPS, this modification does not affect usage in LAMMPS.

4.11.4 Usage

To use an ADP potential in GPUMD, specify it in the run. in input file:

potential <potential_file>

where <potential_file> is the path to the ADP potential file.

Examples

Single-element system (pure Ta):

potential Ta.adp

Multi-element system (Cu-Ta alloy):

potential CuTa_LJ15_2014.adp.txt

Multi-element system (U-Mo alloy):

potential U_Mo.adp
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Note: Element types are automatically matched between model.xyz and the ADP potential file based on element
symbols. The order and number of atom types in model . xyz can be different from those in the potential file.

4.11.5 References
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CHAPTER
FIVE

GPUMD EXECUTABLE

5.1 Input files

To run one a simulation using the gpumd executable, one has to prepare at least two input files that respectively define
the simulation model, i.e., an atomic configuration (model .xyz), and specify the simulation protocol (run.in).

5.1.1 Simulation protocol (run.in)

The run.in file is used to define the simulation protocol. The code will execute the commands in this file one by one.
If the code encounters an invalid command in this file on start-up, it will report an error message and terminate. In
this input file, blank lines and lines starting with # are ignored. One can thus write comments after #. All other lines
should be of the form:

keyword parameter_1 parameter_2 ...

The overall structure of a run.in file is as follows:

* First, set up the potential model using the potential keyword. * Multiple NEP potentials may be used using the
dump_observer keyword. These NEP potentials may either be used to evaluate energy, forces and virials along
the trajectory, or averaged together to run the MD on an average PES.

* Then, if needed, use the minimize keyword to minimize the energy of the whole system.
* Then one can use the following keywords to carry out static calculations:

— Use the compute_cohesive keyword to compute the cohesive energy curve.

— Use the compute_elastic keyword to compute the elastic constants.

— Use the compute_phonon keyword to compute the phonon dispersions.

* Then, if one wants to carry out MD simulations, one has to set up the initial velocities using the velocity keyword
and carry out a number of MD runs as follows:

— Specify an integrator using the ensemble keyword and optionally add keywords to further control the evo-
lution and measurement processes.

— Use the run keyword to run a number of MD steps according to the above settings.
— The last two steps can be repeated.

The following tables provide an overview of the different keywords. A complete list can also be found /ere. The last
two columns indicate whether the command is executed immediately (Exec.) and whether it is propagted from one run
command to the next (Prop.).
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Simulation setup

Keyword Brief description Exec. Prop.

velocity Set the initial velocities Yes N/A

potential Set up the interaction model Yes N/A

dftd3 Add the DFT-D3 dispersion correction to the NEP model  Yes N/A

change_box  Change the box Yes N/A

deform Deform the simulation box No No

ensemble Specify the integrator for a MD run No No

fix Fix (freeze) atoms No No

time_step Specify the integration time step No Yes

Actions

Keyword Brief description Exec. Prop.
minimize Perform an energy minimization Yes N/A
run Run a number of MD steps Yes No
compute Compute some time and space-averaged quantities No No
com- Compute the cohesive energy curve Yes N/A
pute_cohesive
compute_elastic ~ Compute the elastic constants Yes N/A
compute_dos Compute the phonon density of states (PDOS) No No
compute_gkma  Compute the modal heat current using the GKMA method No No
compute_hac Compute the thermal conductivity using the £/ D method No No
com- Compute the modal thermal conductivity using the HNEMA method No No
pute_hnema
com- Compute the thermal conductivity using the HNEMD method No No
pute_hnemd
com- Compute the multicomponent system thermal conductivity using the No No
pute_hnemdec HNEMDEC method
com- Compute the phonon dispersion Yes N/A
pute_phonon
compute_sdc Compute the self-diffusion coefficient (SDC) No No
compute_msd Compute the mean-square displacement (M SD) No No
compute_shc Compute the spectral heat current (SHC) No No
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Output
Keyword  Brief description Exec Prop.
active Run on-the-fly active learning, saving structures that exceeds a set threshold maximum No  No
force uncertainty over all specified NEP potentials.
dump_exyz Write positions and other quantities in extended XYZ format No No

dump_obse Write positions and other quantities for each of the observing NEP potentials, or the No  No
average of them, in the extended XYZ format.

dump_force Write the atomic forces No No
dump_posii Write the atomic positions No No
dump_netcc Write the atomic positions in netCDF format No No
dump_resta Write a restart file No No
dump_therr Write thermodynamic quantities No No
dump_veloc Write the atomic velocities No No

5.1.2 Simulation model (model.xyz)

The model . xyz file defines the simulation model, including for example the initial positions, velocities, and boundary
conditions. The file needs to be provided in extended XYZ format, which is described here.

File format

Line 1

The first line should have one item only, which is the number of atoms in the model N.

Line 2

This line consists of a number of keyword=value pairs separated by spaces. Spaces before and after = are allowed.
All the characters are case-insensitive. value can be a single item or a number of items enclosed by double quotes,
such as keyword="value_1 value_2 value_3". Here, the different values are separated by spaces and spaces after
the left " and before the right " are allowed. For example, one can write keyword=" value_1 value_2 value_3

Essentially any keyword is allowed, but we only read the following ones:

* (Optional) pbc="pbc_a pbc_b pbc_c", where pbc_a, pbc_b, and pbc_c can be T or F, which means box is
periodic or non-periodic (free, or open) in the a, b, and c directions. We use the minimum-image convention to
account for the periodic boundary conditions for non-NEP potentials but will consider sufficiently many periodic
images for the NEP potentials. Therefore, one needs to make sure that the box size is large enough (the thick-
ness in each direction is larger than twice of the potential cutoff) to incorporate enough neighbors for non-NEP
potentials but does not need to care about this for NEP potentials. The default is pbc="T T T"

* (Mandatory) lattice="ax ay az bx by bz cx cy cz" specifies the cell vectors:
a = aze; +aye, +a.e,
b=b.e,+bye, +b.e,

C = cCgey; +cyey +c e,
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e properties=property_name:data_type:number_of_columns
We only read the following items:
— species:S:1 atom type (Mandatory)
— pos:R: 3 position vector (Mandatory)
— mass:R:1 mass (Optional: default mass values will be used when this is missing)
— charge:R:1 charge (Optional: default charge is zero)
— vel:R:3 velocity vector (Optional)

— group:I:number_of_grouping_methods grouping methods (Optional)

Line 3 and forward

Each line must contain the same number of items, which are determined by the property keyword on line 2. The
meaning of the grouping methods is illustrated by the example below.

Units

The mass should be given in units of the unified atomic mass unit (amu). The charge is in units of e (proton charge).
The cell dimensions and atom coordinates should be given in units of Angstrom. Velocities need to be specified in
units of A/fs.

Example

Assume we have the following model . xyz file:

10
pbc="T
cC 0
Si
C
Si
C
Si
C
Si
C
Si

lattice="4 0 0 0 1 0© ® ® 1" properties=species:S:1:pos:R:3:group:1:3

P PR RPRrRroee@@m

a
0
0
0
0
0
0
0
0
0
0

O 00 NO VT D WN -
(=B — B — R — R — R — I — R — I — I
O 0N VI b WDN R D

This means
* There are 10 atoms.
» Use periodic boundary conditions in the x direction and free boundary conditions in the other directions.
* The box lengths in the three directions are respectively 4 A, 1 A, and 1 A.

¢ There are 5 carbon atoms and 5 silicon atoms. The default masses will be used for the atoms (as there are no
specific values given in the input file).

« The 10 atoms are located along a line in the x direction with equal spacing, from 0 A to 9 A.

 There is no velocity data in this file.
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* There are 3 grouping methods

— In grouping method 0, atom O to atom 4 have group label 0 (which means they are in group 0), and atom 5
to atom 9 have group label 1 (which means they are in group 1).

— In grouping method 1, atom m (0 < m < 9) has group label m. That is, each group consists of a single
atom.

— In grouping method 2, all the atoms have group label 0. That is, all the atoms are in the same group.
5.1.3 k-points (kpoints.in)

This file is used to specify the k points needed for phonon calculations.

File format

The format of this file must be as follows:

# high symmetry points
k_points_x(0) k_points_y(0) k_points_z(0) name(0)
k_points_x(1) k_points_y(1) k_points_z(1) name(1l)

Example

For example, the command:

.333 0 K

[ — I — I —]

S wul 2
w

S w e

[ ==

(=]

00

(=]
(O]
(=]
(=N}

5 X

.625 0.25 0.625 U

(=]
(=]

.375 0.75 K

.25 0.75 W
.5 X

(= — R — = ]
Uil L1 @ W

0
G
.5 0.5 L
2
0

(— I — R — R — R

Here,

e The first three columns represent the coordinates of high symmetry points. The last column corresponds to
names.

* A blank line must be used to indicate a breakpoint or the start of a second path.
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5.1.4 Eigenvectors for modal analysis

5.2 Input parameters

Below you can find a listing of keywords for the run. in input file.

5.2.1 replicate

Syntax

This keyword is used as follows:

replicate <n_a> <n_b> <n_c>

Here, n_a, n_b and n_c are the numbers of replicas in the a, b and c directions. They must be positive integers.

Example

To build a 1¥2*4 supercell, just write:

replicate 1 2 4

Caveats

* Use this command before defining potential.
* The group information and velocities of atoms are also replicated.

* Don’t replicate along non-periodic dimensions.

5.2.2 velocity

This keyword is used to initialize the velocities of the atoms in the system according to a given temperature.

Syntax

* This keyword can be used in the following ways:

velocity <initial_temperature>
velocity <initial_temperature> seed <seed_number>
¢ The temperature is in units of kelvin (K).

* You can specify a seed for the random number generator to generate a fixed temperature distribution, which is
optional. If not specified, the velocities are initialized differently each time.
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Example

The command:

velocity 10

means that one wants to set the initial temperature to 10 K.

Caveats

* The initial velocities generated in this fashion do not obey the Maxwell distribution. This is, however, not a
problem since during the MD simulation, the Maxwell distribution will be achieved automatically within a short
time.

 The total linear and angular momenta are set to zero.

o If there are already velocity data in the simulation model file, the initial temperature will not be used and the
velocities will be initialized as those in the simulation model file.

« If there are not velocity data in the simulation model file, and this keyword is missing, velocities will be initialized
with a default temperature of 300 K.

5.2.3 correct_velocity

This keyword allows one to enforce zero linear and angular momenta at regular intervals.

Syntax

» This keyword can have one or two parameters, which are the interval between which the linear and angular
momenta are set to zero and an optional group method:

correct_velocity <interval> [<group_method>]
e interval must be larger than or equal to 10. A value between 10 and 100 should be good.
¢ The group_method must be defined in model . xyz.
Example 1

The command:

correct_velocity 10

implies that the linear and angular momenta are set to zero every 10 steps.
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Example 2

The command:

correct_velocity 50 3

implies that the linear and angular momenta for the individual groups in group method 3 are set to zero every 50 steps.

5.2.4 potential

This keyword is used to specify the interatomic potential model for the system.

Available potential models

o Tersoff-1989 potential

o Tersoff-1988 potential

e Tersoff mini potential

» Embedded atom method (EAM) potential
e Force constant potential (FCP)
* Lennard-Jones (LJ) potential

* Neuroevolution potential (NEP)
* Hybrid NEP+ILP potential

* Hybrid SW+ILP potential

* Hybrid Tersoff+ILP potential

* Deep Potential (DP)

Syntax

This keyword needs one parameter, potential_filename, which is the filename (including relative or absolute path)
of the potential file to be used.

Example

potential Si_NEP.txt

5.2.5 compute_extrapolation

This keyword is used to compute the extrapolation grade of structures in an NEP potential.
The extrapolation grade gamma can be considered as the uncertainty of a structure relative to the training set.
A structure with large gamma tends to have higher energy and force errors.

Similiar methods have been applied to MTP ([Podryabinkin2023]) and ACE ([Lysogorskiy2023]). You can refer to
their papers for more details.
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Before computing gamma, you need to obtain an active set from your training set. There are some Python scripts to do
it <https://github.com/psn417/nep_active>.

There are also some Python scripts to perform active learning automatically <https://github.com/psn417/nep_maker>.

Syntax

This keyword is used as follows:

compute_extrapolation asi_file <asi_file> gamma_low <gamma_low> gamma_high <gamma_high>,.
—check_interval <check_interval> dump_interval <dump_interval>

asi_file is the name of the Active Set Inversion (ASI) file. This file is generate by the Python script in <https:
//github.com/psn417/nep_active>.

gamma_low: Only if the max gamma value of a structure exceeds gamma_low, then the structure will be dumped into
extrapolation_dump.xyz file. The default value is 0.

gamma_high: If the max gamma value of a structure exceeds gamma_high, then the simulation will stop. The default
value is very large so it will never stop.

check_interval: Since calculating gamma value is slow, you can check the gamma value every check_interval steps.
The default value is / (check every step).

dump_interval: You can set the minimum interval between dumps to dump_interval steps. The default value is /.

Example

compute_extrapolation asi_file active_set.asi gamma_low 5 gamma_high 10 check_interval..
10 dump_interval 10

This means that the structures with max gamma between 5-10 will be dumped. The gamma value will be checked every
10 steps.

5.2.6 dftd3

This keyword is used to add the DFT-D3 dispersion correction to NEP. It has no effect when any other potential is used.
For theoretical background on DFT-D3, see [Grimme2010] and [Grimme2011].

Syntax

dftd3 <functional> <potential_cutoff> <coordination_number_cutoff>

where functional is the exchange-correlation functional used in generating the reference data for training
the NEP model, potential_cutoff is the cutoff radius (in units of Angstrom) for the D3 potential, and
coordination_number_cutoff is the cutoff radius (in units of Angstrom) for calculating the coordination numbers.

This keyword can be put anywhere in the run. in input file.

‘We have only implemented the Becke-Johnson (BJ) damping, and a full list of supported functionals can be found from
the following link: https://www.chemiebn.uni-bonn.de/pctc/mulliken-center/software/dft-d3/functionalsbj
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Example

dftd3 pbe 12 6

This will add the DFT-D3 dispersion correction to NEP with the PBE functional and a cutoff radius of 12 Angstrom
for the D3 potential and a cutoff radius of 6 Angstrom for the coordination number.

Tips
e It usually requires to test the convergence with respect to the cutoff radii, and a balance between accuracy and
efficiency must be achieved.

» The user is responsible for not double counting the dispersion correction, i.e., it is not a good idea to add the
DFT-D3 correction to a NEP model that has been trained against a dataset containing dispersion correction (no
matter what flavor it is).

¢ Currently cannot use DFT-D3 for the multi-GPU version of NEP.
5.2.7 change_box

This keyword is used to change the simulation box. The box variables and the atom positions are changed according
to the following equations:

CL;CW bgcw Cgcw Paz Moy Has agld bgld Cgld

qhew  pnew new — Pyr Mgy Hye azld bold Czld :

al;ew bLlew cgew Pox  foy ez a(;ld bcz)ld ccz)ld
x?ew HPrz  Hzy Haz I?Id
i | =t gy e yd
Ca few  Hay 1

The deformation matrix j,3 Will be specified by the parameters of this keyword, as we detail below.

Syntax

This keyword accepts 1 or 3 or 6 parameters.

In the case of 1 parameter § (in units of Angstrom):

change_box <delta>

we have
a4 0 0
Pz  HPry Hzz agld bl g
Hyz  fyy  Hyz | = 0 715101 0
Hzz  Hzy Hzz 0 0 c‘z’ldl-(ii-5
cg

In the case of 3 parameters, d,.,. (in units of Angstrom), dyy (in units of Angstrom), and 0., (in units of Angstrom):

change_box <delta_xx> <delta_yy> <delta_zz>
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In the case of 6 parameters (the box type must be triclinic), d,, (in units of Angstrom), dyy (in units of Angstrom), Osz
(in units of Angstrom), €y (dimensionless strain), ¢, (dimensionless strain), and ¢,,, (dimensionless strain):

change_box <delta_xx> <delta_yy> <delta_zz> <epsilon_yz> <epsilon_xz> <epsilon_xy>

we have
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5.2.8 deform

This keyword is used to deform the simulation box, which can be used to do tensile tests.

Syntax

The deform keyword supports two forms.

4-parameter form

deform <A_per_step> <deform_x> <deform_y> <deform_z>

Here, A_per_step specifies the speed of the increase of the box length, which is in units of Angstrom/step. For
example, suppose the box length (in a given direction) in the beginning of a run is 100 Angstrom and this parameter is
10~° Angstrom/step, then a run with 10¢ steps will change the box length by 10%. This gives a strain rate of 108 s ~*
if the time step is 1 fs. The second parameter deform_x can be 0 or 1, where 0 means do not deform the z direction
and 1 means deform the = direction. The last two parameters have similar meanings for the y and z directions.

In this form, the same deformation rate is applied to all directions that are flagged as deformed.

6-parameter form

deform <A_per_step_x> <A_per_step_y> <A_per_step_z> <deform_x> <deform_y> <deform_z>

Here, A_per_step_x, A_per_step_y, A_per_step_z specify the increment (or decrement) of the box length in the
X, y, and z directions per simulation step, respectively. The unit is Angstrom/step. For example, if the box length in the
x-direction is initially 100 A and A_per_step_x is set to 10~> A/step, then after 10° steps, the box length will change
by 10%. With a time step of 1 fs, this corresponds to a strain rate of 108 s ~1. Use deform_x, deform_y, deform_z to
enable or disable deformation in each direction. A value of / enables deformation, while O disables it. For a direction
where deformation is disabled, the box length remains constant throughout the simulation.

This form allows independent deformation rates in the x, y, and z directions.
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Example

For uniaxial tensile test, one can first equilibrate the system and then deform the box.

Using the 4-parameter form:

# equilibration stage
ensemble npt_scr 300 300
run 1000000

# production stage
ensemble npt_scr 300 300
deform 0.00001 1 0 O
run 1000000

Using the 6-parameter form:

# equilibration stage
ensemble npt_scr 300 300
run 1000000

# production stage
ensemble npt_scr 300 300
deform 0.00001 0 6 1 0 O
run 1000000

100 0 0 © 100 100 100 1000

100 0 ©® ©® 100 100 100 1000

100 0 0 © 100 100 100 1000

100 0 0 O 100 100 100 1000

Both examples achieve the same deformation (x-direction stretched at 0.00001 A/step).

Caveats

¢ Currently, one must use the NPT ensemble when using this keyword. That is, the code assumes that the pressure
components in the directions which are not deformed will be controlled. If one does not want to control the
pressure (box) in a direction that is not deformed, one can set the elastic constant for that direction to be larger

than 2000 GPa.

¢ In the equilibration stage, it is also recommended to use the NPT ensemble to obtain the zero strain state before

applying the deformation.

* One must control the three pressure components independently when using this keyword.

* The 6-parameter form is more flexible and is recommended for new input files.

5.2.9 time_step

Set the time step for integration.
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Syntax

This keyword can accept either one or two parameters. If there is only one parameter, it is the time step (in units of fs)
for a run:

time_step <dt_in_£fs>

If there are two parameters, the first one is the time step and the second one is the maximum distance (in units of
Angstrom) any atom in the system can travel within one step:

time_step <dt_in_fs> <max_distance_per_step>

Examples

Example 1

To set the time step to 0.5 fs, one can add:

time_step 0.5

before the run keyword.

Example 2

To set the time step to 2.0 fs and to require that no atom in the system can travel more than 0.05 A per step, one can
add:

time_step 2.0 0.05

before the run keyword.

Caveats
* There is a default value (1 fs) for the time step. That means, if you forget to set one, a time step of 1 fs will be
used.

* This keyword is propagating. That means, its effect will be passed from one run to the next. Most of the other
keywords are non-propagating.

5.2.10 ensemble (overview)
This keyword is used to set up an integration method (an integrator). There are different categories of methods acces-
sible via this keyword, which are described on the following pages:

* “standard” ensembles

* MTTK integrators

* integrators for thermal conductivity simulations

e integrators for path integral molecular dynamics simulations

o MSST integrator for simulating compressive shock wave
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* NPHug integrator for simulating compressive shock wave

* NEMD for simulating compressive shock wave

Units and suggested parameters

The units of temperature and pressure for this keyword are K and GPa, respectively.

The temperature coupling constant <T_coup> means 7r/At, where 7r is the relaxation time of the thermostat and At
is the time step for integration. We require 77 /At > 1 and a good choice is 7 /At ~~ 100.

When 7 /At > 100000, the Berendsen thermostat in npt_ber will be completely ignored, leaving only the Berendsen
barostat. In this case, the NPT ensemble reduces to the NPH ensemble that can be useful for melting point calculations
using the two-phase method. We have not yet achieved a similar NPH ensemble using the stochastic cell rescaling
method.

The pressure coupling constant <p_coup> means 7,/ At, where 7, is the relaxation time of the barostat and At is the
time step for integration. We require 7,/ At > 1 and a good choice is 7,/ At =~ 1000.

The elastic constants are in units of GPa.
Caveats

One should use one and only one instance of this keyword for each run keyword.

5.2.11 ensemble (standard)

The ensemble keyword is used to set up an integration method (an “integrator’’). The integrators described on this page
provide conventional methods for controlling temperature and pressure during classical MD simulations. Background
information pertaining to the different methods referred to on this page can be found /ere.

Syntax

nve

If the first parameter is nve, it means that the ensemble for the current run is NVE (micro-canonical). There is no need
to further specify any other parameters and the full command is simply:

ensemble nve

nvt_ber

If the first parameter is nvt_ber, it means that the ensemble for the current run is NVT (canonical) generated by using
the Berendsen method. In this case, one needs to specify an initial target temperature <T_1>, a final target temperature
<T_2>, and a parameter <T_coup>, which reflects the strength of the coupling between the system and the thermostat.
The full command is:

ensemble nvt_ber <T_1> <T_2> <T_coup>

The target temperature (not the instant system temperature) will vary linearly from <T_1> to <T_2> during a run. The
choice of <T_coup> is discussed below.
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nvt_nhc

If the first parameter is nvt_nhc, it is similar to the case of nvt_ber, but using the Nose-Hoover chain method.

nvt_bdp

If the first parameter is nvt_bdp, it is similar to the case of nvt_ber, but using the Bussi-Donadio-Parrinello method.

nvt_lan

If the first parameter is nvt_lan, it is similar to the case of nvt_ber, but using the Langevin method as proposed in
[Bussi2007a].

nvt_bao

If the first parameter is nvt_bao, it is similar to the case of nvt_ber, but using the Langevin method with BAOAB
splitting [Leimkuhler2013].

npt_ber

If the first parameter is npt_ber, it means that the ensemble for the current run is NPT (isothermal—isobaric) generated
by using the Berendsen barostat. In this case, apart from the same parameters as in the case of nvt_ber, one needs to
further specify some target pressure(s), the same number of estimated elastic moduli, and a pressure coupling constant
<p_coup>. The general format is:

ensemble npt_ber <T_1> <T_2> <T_coup> {<pressure_control_parameters>}

with three different options for specifying pressure_control_parameters:

* Condition I: Cell shape updates are isotropic

<p_hydro> <C_hydro> <p_coup>

This means you regard your system as isotropic and want to control the three box lengths uniformly according
to the hydrostatic pressure <p_hydro> = (p_xx + p_yy + p_zz)/3. All directions should have periodic
boundary conditions. Currently, we require the box to be orthogonal.

* Condition 2: Cell shape updates are orthorhombic

<p_xxX> <p_yy> <p_zz> <C_xx> <C_yy> <C_zz> <p_coup>

In this case, the simulation box must be orthogonal. The three box lengths will be controlled independently
according to their respective target pressures. Any direction can be either periodic or nonperiodic and pressure
controlling will only be effective in periodic directions.

* Condition 3: Cell shape updates are triclinic

<p_XX> <p_yy> <p_zz> <p_yz> <p_Xz> <p_xy> <C_xx> <C_yy> <C_zz> <C_yz> <C_xz> <C_xy>
—<p_coup>
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The simulation box must be triclinic and all the directions must be periodic. All cell components will be con-
trolled independently according to the 6 target pressure components.

Elastic constants in literature may use a different nomenclature. The correspondence is as follows:

C_xx=C_xxxx=C_11, C_yy=C_yyyy=C_22, C_zz=C_zzzz=C_33,
C_yz=C_yzyz=C_44, C_zx=C_zxzx=C_55, C_xy=C_xyxy=C_66

It is sufficient for the elastic constant tensor C_ab to be a (very rough) estimate as long as it is of the right
magnitude. It is used to convert the coupling constant (or relaxation time, see sere) of the barostat into suitable
internal units. If a elastic constant component exceeds 2000 GPa, the coupling constant for that component will
be zero and that box component will not be changed.

npt_scr

If the first parameter is npt_scr, it is similar to the case of npt_ber, but using the stochastic cell rescaling method.

5.2.12 ensemble (MTTK)

The variants of the ensemble keyword described on this page implement the Nosé-Hoover thermostat [Hoover1996]
and the Parrinello-Rahman barostat [Parrinello1981]. Both the thermostat and barostat are enhanced by the Nosé-
Hoover chain method as recommended in [Martynal994]. The resulting so-called Martyna-Tuckerman-Tobias-Klein
(MTTK) integrators enable one to perform simulations in the canonical (NVT), isothermal-isobaric (NPT), or isen-
thalpic (NPH) ensembles.

This implementation of the MTTK integrator provides more fine-grained control than “standard” ensembles. The style
of the nvt_mttk, npt_mttk, and nph_mttk keywords is therefore slightly different.

Syntax

The parameters for running in the isothermal-isobaric ensemble (NPT) can be specified as follows:

ensemble npt_mttk temp <T_1> <T_2> <direction> <p_1> <p_2> tperiod <tau_temp> pperiod
—<tau_press>

<T_1> and <T_2> specify the initial and final temperature, respectively. The temperature will vary linearly from <T_1>
to <T_2> during the simulation process. The optional <tau_temp> parameter, which defaults to 100, determines the
period of the thermostat in units of the timestep. It determines how strongly the system is coupled to the thermostat.

The <direction> parameter can assume one or more of the following values: iso, aniso, tri, x, y, z, Xy, Yz, XZ.
Here, iso, aniso, and tri use hydrostatic pressure as the target pressure. iso updates the simulation cell isotropically.
aniso updates the dimensions of the simulation cell along x, y, and 2z independently. tri updatess all six degrees of
freedom of the simulation cell. Using x, y, z, xy, yz, xz allows one to specify each stress component independently.

The parameters <p_1> and <p_2> specify the initial and final pressure, respectively. Finally, the optional parameter
<tau_press>, which defaults to 1000, determines the period of the barostat in units of the timestep. It determines
how strongly the system is coupled to the barostat and should be > 200 timesteps.

The nph_mttk keyword can be used in analoguous fashion to run simulations in the isenthalpic (NPH) ensemble:

ensemble nph_mttk <direction> <p_1> <p_2> pperiod <tau_press>
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The nvt_mttk keyword can be used to run simulations in the canonical (NVT) ensemble:

ensemble nvt_mttk temp <T_1> <T_2> tperiod <tau_temp>

Examples

Below follow some examples of how to use these keywords for different ensembles.

NPT Ensemble

ensemble npt_mttk temp 300 300 iso 10 10

This command sets the target temperature to 300 K and the target pressure to 10 GPa. The cell shape will not change
during the simlation but only the volume. These conditions are suitable for simulating liquids. If not constrained, the
cell shape may undergo extreme changes since liquids have a vanishing shear modulus (in the long-time limit).

ensemble npt_mttk temp 300 1000 iso 100 100

This command ramps the temperature from 300 K to 1000 K, while keeping the pressure at 100 GPa.

ensemble npt_mttk temp 300 300 aniso 10 10

This command replaces iso with aniso. The three dimensions of the cell thus change independently, but xy, xz and
yz remain unchanged.

ensemble npt_mttk temp 300 300 tri 10 10
All six degrees of freedom of the simulation cell are allowed to change. The simulated system will converge to fully

hydrostatic pressure. Note that with iso and aniso, there is no guarantee that the pressure is hydrostatic, as the system
is constrained.

ensemble npt_mttk temp 300 300 x 55y 0 0 z0 0

Using these settings one applies a pressure of 5 GPa along the z direction, and 0 GPa along the y and z directions.

ensemble npt_mttk temp 300 300 x 5 5

Using this setup one applies S GPa of pressure along the x direction while fixing the cell dimensions along the other
directions.

NPH Ensemble

ensemble nph_mttk iso 10 10

When using this command one performs a NPH simulation at 10 GPa, allowing only changes in the volume but not the
cell shape.
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NVT Ensemble

ensemble nvt_mttk temp 300 300

This command sets the target temperature to 300 K using the Nosé-Hoover chain thermostat. No barostat is used, so
the simulation cell is fixed.

ensemble nvt_mttk temp 300 1000 tperiod 100

This command ramps the temperature from 300 K to 1000 K and explicitly sets the period of the thermostat to 100
timesteps.

5.2.13 ensemble (QTB)

The variants of the ensemble keyword described on this page implement the Quantum Thermal Bath (QTB) method
[Dammak2009]. The QTB thermostat is a Langevin-type thermostat that uses colored noise with a quantum Bose-
Einstein energy spectrum instead of classical white noise. This allows approximate inclusion of nuclear quantum
effects (zero-point energy and quantum heat capacity) in otherwise classical MD simulations.

The npt_qtb variant combines the QTB thermostat with the Parrinello-Rahman (MTTK) barostat [Martynal994],
equivalent to LAMMPS fix nph + fix qtb.

Syntax

nvt_qtb

Run an NVT simulation with the QTB thermostat:

ensemble nvt_qtb <T_1> <T_2> <T_coup> [f_max <value>] [N_f <value>]

e <T_1> and <T_2>: Initial and final target temperature (K). The target temperature varies linearly during the run.

e <T_coup>: Thermostat coupling parameter (in units of timestep). Controls the friction coefficient: v =
1/(T_coup x dt).

« f_max: (Optional, default 200) Maximum frequency of the QTB filter in ps™!. Should be larger than the highest
phonon frequency in the system.

N_£: (Optional, default 100) Number of frequency points in the filter. The filter uses 2Ny points total.

npt_qtb

Run an NPT simulation with the QTB thermostat and Parrinello-Rahman (MTTK) barostat:

ensemble npt_qtb <direction> <p_1> <p_2> temp <T_1> <T_2> tperiod <tau_T> pperiod <tau_p>
— [f_max <value>] [N_f <value>]
Pressure control parameters:

e <direction>: One or more of iso, aniso, tri, x, y, z. Same syntax as npt_mittk.

e <p_1> and <p_2>: Initial and final target pressure (GPa).

Temperature and coupling parameters:
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* temp: Initial and final target temperature (K).
* tperiod: QTB thermostat coupling period (in units of timestep). Controls friction: v = 1/(tperiod x dt).
* pperiod: Barostat coupling period (in units of timestep, must be > 200).
QTB-specific optional parameters (same as nvt_qtb):
« f_max: Maximum frequency (ps~!, default 200).
e N_f: Number of frequency points (default 100).

Examples

NVT-QTB

ensemble nvt_qgtb 300 300 100

Run at 300 K with QTB thermostat. The coupling parameter is 100 timesteps.

ensemble nvt_qgtb 300 300 100 f_max 150 N_f 200

Same as above but with custom filter parameters.

NPT-QTB

ensemble npt_qtb iso ® O temp 300 300 tperiod 100 pperiod 1000

Run at 300 K and 0 GPa with isotropic pressure control.

ensemble npt_qtb aniso ® ® temp 300 300 tperiod 100 pperiod 1000 f_max 200 N_f 100

Anisotropic pressure control with explicit QTB parameters.

ensemble npt_qtb x 55y 0 0 z ® O temp 300 300 tperiod 100 pperiod 1000

Apply 5 GPa along x and 0 GPa along y and z.

Notes

* The QTB method generates colored noise whose power spectrum matches the quantum energy distribution
E(w) = hw[% 4+ npp(w, T)], where npp is the Bose-Einstein distribution.

The kinetic temperature reported in thermo.out will be higher than the target temperature due to zero-point
energy contributions. This is expected behavior.

For liquid water at 300 K, the kinetic temperature is typically around 1000-1100 K.

e The npt_qtb ensemble uses the MTTK (Martyna-Tuckerman-Tobias-Klein) integrator for pressure control,
which is the same as npr_mitk but with the Nosé-Hoover chain thermostat replaced by the QTB thermostat.

+ The f_max parameter should be set larger than the highest phonon frequency in the system. For water, 200 ps’!
is sufficient.
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References

5.2.14 ensemble (thermal transport)
The ensemble keyword is used to set up an integration method (an integrator). The integrators described on this page

provide methods for studying thermal transport via classical /D simulations. Background information pertaining to
the methods referred to on this page can be found /ere.

Syntax

heat_nhc

If the first parameter is heat_nhc, it means heating a source region and simultaneously cooling a sink region using
local Nose-Hoover chain thermostats. The full command is:

ensemble heat_nhc <T> <T_coup> <delta_T> <label_source> <label_sink>
The target temperatures in the source region with label <label_source> and the sink region with label <label_sink>
are <T>+ and <T>-, respectively. Therefore, the temperature difference between the two regions is two times

<delta_T>. In the command above, the parameter <T_coup> has the same meaning as in the case of nvt_nhc.
Both <label_source> and <label_sink> refer to the O-th grouping method.

heat_bdp

If the first parameter is heat_bdp, it is similar to the case of heat_nhc, but using the Bussi-Donadio-Parrinello
method.

heat_lan

If the first parameter is heat_lan, it is similar to the case of heat_nhc, but using the Langevin method.

ttm

If the first parameter is ttm, the run uses a two-temperature-model (TTM) integrator. The selected atom group is
coupled to an electron temperature grid.

The full command is:

ensemble ttm <grouping_method> <group_id> <Ce> <rho_e> <kappa_e> <gamma_p> <gamma_s> <V_
0> <nx> <ny> <nz> <T_e_init> [{optional_args}]

The meanings of the parameters and optional arguments are described in 77M integrators.
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heat_ttm

If the first parameter is heat_ttm, the run uses local source/sink Langevin thermostats together with the TTM electron
grid.
The full command is:

ensemble heat_ttm <T> <T_coup> <delta_T> <label_source> <label_sink> <grouping_method>
—<group_id> <Ce> <rho_e> <kappa_e> <gamma_p> <gamma_s> <v_0> <nx> <ny> <nz> <T_e_init> [
—{optional_args}]

The first five parameters, <T>, <T_coup>, <delta_T>, <label_source>, and <label_sink>, have the same mean-
ings as in heat_lan. The remaining parameters and optional arguments are described in 77M integrators.

5.2.15 ensemble (TTM)

This page describes the two-temperature-model (TTM) integrators ttm and heat_ttm.

Syntax

ttm

The full command is:

ensemble ttm <grouping_method> <group_id> <Ce> <rho_e> <kappa_e> <gamma_p> <gamma_sS> <V_
—0> <nx> <ny> <nz> <T_e_init> [{optional_args}]

heat_ttm

The full command is:

ensemble heat_ttm <T> <T_coup> <delta_T> <label_source> <label_sink> <grouping_method>
—.<group_id> <Ce> <rho_e> <kappa_e> <gamma_p> <gamma_s> <v_0> <nx> <ny> <nz> <T_e_init> [
—{optional_args}]

For heat_ttm, the first five parameters, <T>, <T_coup>, <delta_T>, <label_source>, and <label_sink>, have
the same meanings as in heat_lan.

Required parameters

For both ttm and heat_ttm:
e <grouping_method> and <group_id> specify the atom group coupled to the electron grid.
» <Ce> is the electron specific heat per electron in eV/K.
« <rho_e> is the electron number density in A~3.
» <kappa_e> is the electron thermal conductivity in eV/(ps K 10\).
e <gamma_p> and <gamma_s> are friction coefficients in amu/ps.

« <v_0> is the threshold velocity in A/ps.
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* <nx>, <ny>, and <nz> are the numbers of electron grid cells in the three directions.
e <T_e_init> is the initial electron temperature in K.
The product <Ce> times is the volumetric electron heat capacity in eV/(K A?).
Optional arguments
ttm_out_interval
Syntax:
ttm_out_interval <interval>

Set the output interval for trm_electron_temperature.out. The default value is 1.

ttm_infile

Syntax:

ttm_infile <filename>

Read the initial electron temperature from a file. The file must contain one line for each cell in the form:
ix iy iz T_e

The grid indices are 1-based.

ttm_properties_file
Syntax:
ttm_properties_file <filename>

Read per-cell electron properties from a file. The file must contain one line for each cell in the form:

ix iy iz C_vol kappa_e gamma_p eta
Here, C_vol is the volumetric electron heat capacity in eV/(K 10\3), kappa_e is in eV/(ps K A), gamma_p is in amu/ps,

and eta is the dimensionless source absorption efficiency. This file must define all grid cells and overrides the uniform
<Ce> times, <kappa_e>, and <gamma_p> values.

ttm_source
Syntax:
ttm_source <source>

Add a volumetric heat source to the electron grid. The source strength is in eV/(ps A3). When ttm_properties_file
is used, the source in each cell is multiplied by eta.
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ttm_active_x, ttm_active_y, ttm_active_z

Syntax:

ttm_active_x <range>
ttm_active_y <range>
ttm_active_z <range>

Set the active range of the electron grid in each direction. The range can be all, a single 1-based cell index, or an
inclusive interval such as 3:10 or 3-10. Cells outside the active region have zero electron temperature and do not
exchange energy with neighboring cells or atoms.

Notes

* The simulation box for the electron grid is the full MD box.
* The electron grid is always uniform in real space.
* Electron-temperature snapshots are written to ttm_electron_temperature.out.

e In heat_ttm, the source and sink labels always refer to grouping method 0.

Examples

Uniform pure TTM:

ensemble ttm @ O 1.0 1.0 0.005 0.01 0.0 100.0 1 1 12 300

Pure TTM with an input electron-temperature profile and periodic snapshots:

ensemble ttm @ © 1.0 1.0 0.005 0.01 0.0 100.0 1 1 12 300 ttm_infile te_init.dat ttm_out_
—interval 50

Pure TTM with per-cell properties:

ensemble ttm 0 O 1.0 1.0 0.005 0.01 0.0 100.0 1 1 40 300 ttm_properties_file properties.
—dat ttm_active_z 6:35 ttm_out_interval 100

Heat source/sink plus TTM:

ensemble heat_ttm 300 100 30 © 1 1 0 1.0 1.0 0.005 0.02 0.0 100.0 1 1 40 300 ttm_out_
—interval 100

5.2.16 ensemble (PIMD)

The ensemble keyword is used to set up an integration method (an integrator). The integrators described on this page
enable one to carry out path integral molecular dynamics (P/MD) simulations and thereby to incorporate quantum
dynamical effects.
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Syntax
pimd
If the first parameter is pimd, it means that the current run will use path-integral molecular dynamics (PIMD).

It can be used in the following ways:

ensemble pimd <num_beads> <T_1> <T_2> <T_coup>
ensemble pimd <num_beads> <T_1> <T_2> <T_coup> {<pressure_control_parameters>}

In both cases, num_beads is the number of beads in the ring polymer, which should be a positive even integer no larger
than 128. The first case is similar to the NVT ensemble with nvt_lan as the Langevin thermostat is used for both the
internal and the centroid modes [Ceriotti2010]. The second case is similar to the NPT ensemble with npt_ber, where
a Berendsen barostat is added compared to the first case. Note that pimd (that is, not rpmd or trpmd described below)
must be the first run that requires to set num_beads and one cannot change num_beads from run to run.

rpmd

If the first parameter is rpmd, it means that the current run will use ring-polymer molecular dynamics (RPMD)
[Craig2004].

It can be used as follows:

ensemble rpmd <num_beads>

This can be understood as the NVE version of PIMD, where no thermostat is applied.

trpmd

If the first parameter is trpmd, it means that the current run will use thermostatted ring-polymer molecular dynamics
(TRPMD) [Rossi2014].

It can be used as follows:

ensemble trpmd <num_beads>

This is similar to RPMD, but the Langevin thermosat is applied to the internal modes.

5.2.17 ensemble (TI_Liquid)

This keyword is used to set up a nonequilibrium thermodynamic integration integrator. Please check [Leite2016],
[Leite2019] and [Menon2021] for more details.
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Syntax

The parameters can be specified as follows:

ensemble ti_liquid temp <temperature> tperiod <tau_temperature> tequil <equilibrium_time>
— tswitch <switch_time> press <pressure> sigmasqrd <sigmasqrd-value> p <p-value>
» <temperature>: The temperature of the simulation.

e <tau_temperature>: This parameter is optional, and defaults to 100. It determines the period of the thermostat
in units of the timestep. It determines how strongly the system is coupled to the thermostat.

e <equilibrium_time>: The number timesteps to equilibrate the system.
e <switch_time>: The number timesteps to vary lambda from O to 1.
* <sigmasqrd> and <p>: Specify the TI settings. Implemented values for <p> are 1, 25, 50, 75, 100.

* <pressure>: Although this is an NVT ensemble, you can assign a pressure value to help GPUMD compute the
Gibbs free energy. It does not affect the simlation process.

If you do not specify <equilibrium_time> and <switch_time>, they will be automatically set in a 1:4 ratio.

Example

ensemble ti_liquid temp 1000 tswitch 4000 tequil 1000 press O tperiod 100 sigmasqrd 2 p..
100

This command switch lambda for 4000 timesteps, and equilibrate for 1000 timesteps.

Output file

This command will produce a csv file. The columns are lambda, dlambda, potential energy and UF energy (eV/atom).
This command will also produce a yaml file, which contains Gibbs free energy and other information.

Additionally, important information will be displayed on the screen during the simulation process, so it is recommended
to carefully review and take note of these details.

5.2.18 ensemble (TI_Spring)

This keyword is used to set up a nonequilibrium thermodynamic integration integrator. Please check [Freitas2016] for
more details.

Syntax

The parameters can be specified as follows:

ensemble ti_spring temp <temperature> tperiod <tau_temperature> tequil <equilibrium_time>
< tswitch <switch_time> press <pressure> spring <element_name> <spring_constant>
e <temperature>: The temperature of the simulation.

e <tau_temperature>: This parameter is optional, and defaults to 100. It determines the period of the thermostat
in units of the timestep. It determines how strongly the system is coupled to the thermostat.
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e <equilibrium_time>: The number timesteps to equilibrate the system.
e <switch_time>: The number timesteps to vary lambda from O to 1.
* <element_name> and <spring_constant>: Specify the spring constants of elements.

* <pressure>: Although this is an NVT ensemble, you can assign a pressure value to help GPUMD compute the
Gibbs free energy. It does not affect the simlation process.

Please note that the spring constants should be placed at the end of the command. If there are no spring key-
word, the spring constants will be computed automatically through the MSD of atoms. If you do not specify
<equilibrium_time> and <switch_time>, they will be automatically set in a 1:4 ratio.

Example

ensemble ti_spring temp 300 tequil 1000 tswitch 4000 spring Si 6 O 5

This command switch lambda for 4000 timesteps, and equilibrate for 1000 timesteps. The spring constant is 6 eV/A"2
for Si and 5 eV/A”2 for O.

ensemble ti_spring temp 300 tequil 1000 tswitch 4000

This command calculates spring constants automatically.

Output file

This command will produce a csv file. The columns are lambda, dlambda, potential energy and spring energy
(eV/atom).

This command will also produce a yaml file, which contains Gibbs free energy and other information.

Additionally, important information will be displayed on the screen during the simulation process, so it is recommended
to carefully review and take note of these details.

5.2.19 ensemble (TI_AS)

This keyword is used to set up a nonequilibrium thermodynamic integration integrator with Adiabatic switching (AS)
path. It calculates Gibbs free energy along an isothermal path. Please check [Cajahuaringa2022] for more details.

Syntax

The parameters can be specified as follows:

ensemble ti_as temp <temperature> tperiod <tau_temperature> <pressure_control> <pmin>
—,<pmax> pperiod <tau_pressure> tswitch <switch_time> tequil <equilibrium_time>

* <temperature>: The temperature of the AS simulation.

e <pmin> and <pmax>: The pressure range of the AS simulation.

e <pressure_control>: Please refer to MTTK ensemble for more information.

e <tau_temperature> and <tau_pressure>: These parameters are optional. Please refer to MTTK ensemble
for more information.

e <equilibrium_time>: The number timesteps to equilibrate the system.
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e <switch_time>: The number timesteps to vary pressure.

If you do not specify <equilibrium_time> and <switch_time>, they will be automatically set in a 1:4 ratio.

Example

ensemble ti_as temp 300 aniso 10 30 tswitch 10000

This command switch pressure from 10 to 30 GPa in 10000 timesteps.

Output file

This command will produce a csv file. The columns are pressure and volume per atom.

The following code can help you calculate the Gibbs free energy:

from pandas import read_csv

import matplotlib.pyplot as plt
import numpy as np

from ase.units import kB, GPa

import yaml

from scipy.integrate import cumtrapz

with open("ti_spring_300.yaml", "r") as f:
y = vyaml.safe_load(f)

T0 = y['T"]
GO = y['G"]

ti read_csv("ti_as.csv'")

n = int(len(ti)/2)

forward = ti[:n]

backward = ti[n:]J[::-1]
backward.reset_index(inplace=True)
p = forward["p"]

V1 = forward["V"]

V2 = backward["V"]

w = (cumtrapz(V1l,p,initial=0) + cumtrapz(V2,p,initial=0))*0.5

G=GO + w

plt.plot(p/GPa, G, label="AS")
plt.legend()

plt.xlabel("P (GPa)")
plt.ylabel("G (eV/atom)")
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5.2.20 ensemble (TI_RS)

This keyword is used to set up a nonequilibrium thermodynamic integration integrator with Reversible Scaling (RS)
path. It calculates Gibbs free energy along an isobaric path. Please check [Koning2001] and [Freitas2016] for more
details.

Syntax

The parameters can be specified as follows:

ensemble ti_rs temp <tmin> <tmax> tperiod <tau_temperature> <pressure_control> <pressure>
<, pperiod <tau_pressure> tswitch <switch_time> tequil <equilibrium_time>
e <tmin> and <tmax>: The temperature range of the RS simulation.

e <pressure_control> and <pressure>: The pressure of RS simualtion. Please refer to MTTK ensemble for
more information.

e <tau_temperature> and <tau_pressure>: These parameters are optional. Please refer to MTTK ensemble
for more information.

e <equilibrium_time>: The number timesteps to equilibrate the system.
e <switch_time>: The number timesteps to vary lambda.

If you do not specify <equilibrium_time> and <switch_time>, they will be automatically set in a 1:4 ratio.

Example

ensemble ti_rs temp 300 3000 aniso 10 tswitch 10000 tequil 1000

This command switch lambda for 10000 timesteps.

Output file

This command will produce a csv file. The columns are lambda, dlambda, and enthalpy (eV/atom).

The following code can help you calculate the Gibbs free energy:

import yaml

import numpy as np

import matplotlib.pyplot as plt

from pandas import read_csv

from scipy.integrate import cumtrapz
from ase.units import kB

# you need to run a ti_spring simulation at t_min
with open("ti_spring_300.yaml", "r") as f:

y = vyaml.safe_load(f)
T0 wenn
GO =

y["T"]
y["G"]

rs = read_csv("ti_rs.csv'")

(continues on next page)
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(continued from previous page)
n = int(len(rs)/2)
forward = rs[:n]
backward = rs[n:][::-1]
backward.reset_index(inplace=True)
dl = forward["dlambda"]
1 = forward["lambda"]
H1 = forward["enthalpy"]
H2 = backward["enthalpy"]
T = TO/1

W (cumtrapz(H1,1,initial=0) + cumtrapz(H2,1,initial=0))*0.5

G = (GO + 1.5*kB*TO*np.log(l) + w)/1
plt.plot(T, G, label="RS")
plt.legend()

plt.xlabel("T (K)")

plt.ylabel ("G (eV/atom)™)

5.2.21 ensemble (TI)

This keyword is used to set up a equilibrium thermodynamic integration integrator. It is for testing purpose and its only
differece from fi_spring keyword is that the lambda value is fixed instead of changing.

Syntax

The parameters can be specified as follows:
ensemble ti lambda <lambda> temp <temperature> tperiod <tau_temperature> spring <element_
—name> <spring_constant>

* <temperature>: The temperature of the simulation.

* <tau_temperature>: This parameter is optional, and defaults to 100. It determines the period of the thermostat
in units of the timestep. It determines how strongly the system is coupled to the thermostat.

* <element_name> and <spring_constant>: Specify the spring constants of elements.

e <lambda>: The lambda value of the simulation.

Example

ensemble ti_spring temp 300 lambda 0.3 spring Si 6 O 5

This command uses lambda value 0.3 (30% spring force and 70% original force field). The spring constant is 6 eV/A"2
for Si and 5 eV/A”2 for O.
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5.2.22 ensemble (NEMD shock methods)

In a typical NEMD shock simulation, a shock wave is generated by a moving wall. The wall can be simulated in
multiple ways:

* wall_piston: A fixed layer of atoms.
* wall_mirror: A momentum mirror that reflects atoms.
* wall_harmonic: A harmonic potential that pushes atoms away. It is softer than a momentum mirror.

Any of these methods can generate a shock wave. While there are other possible methods, the above methods are
usually sufficient.

Please note that the shock wave propagates in the x-direction. Another wall is placed on the opposite side of the cell
to prevent atoms from escaping. It is important NOT to use non-periodic boundary conditions in the x-direction, as
GPUMD currently does not handle it well. A vacuum layer is automatically added on the other side of the cell.

It is recommended to use this with the dump_shock_nemd keyword to get the spatial distribution of thermo information.

Syntax
The parameters are specified as follows:

ensemble wall_piston vp <vp> thickness <thickness>

* <vp>: Indicates the velocity of the moving piston in km/s.

e <thickness>: Defines the thickness of the wall in Angstroms. This keyword is optional with the default value
of 20.

ensemble wall_mirror vp <vp>

* <vp>: Indicates the velocity of the moving piston in km/s.

ensemble wall_harmonic vp <vp> k <k>

» <vp>: Indicates the velocity of the moving piston in km/s.

e <k>: Defines the strength of the harmonic wall in eV/A”2. This keyword is optional with the default value of 10.

5.2.23 ensemble (MSST)

This keyword is used to set up a multi-scale shock technique (MSST) integrator. Please check [Reed2003] for more
details.

Syntax

The parameters can be specified as follows:

ensemble msst <direction> <shock_velocity> gmass <gmass_value> mu <mu_value> tscale
—<tscale_value> p0® <p0®> vO <v0> e® <e®>

e <direction>: The direction of the shock wave. It can be x, y or z.

» <shock_velocity>: The shock velocity of the shock wave in km/s.
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* <gmass_value>: The mass of the simulation cell. It affects the compression speed. Its unit is amu? /4.
 <mu_value>: The artificial viscosity. It improves convergence. Its unit is v/amu x eV /2.

e <tscale_value>: The ratio of kinetic energy that turns into cell kinetic energy. This helps speed up the simu-
lation. This keyword is optional, and the default value is 0.

If keywords <p®>, <v0@> or <e®> are not supplied, these quantities will be calculated on the first step. In most cases,
you don’t need to specify these quantities.

Example

ensemble msst x 15 gmass 10000 mu 10

This command performs an MSST simulation with a shock wave velocity of 15 km/s in the x direction.

5.2.24 ensemble (NPHug)

This keyword sets up a Hugoniot thermostat integrator.
This integrator lets you specify a target stress, and adjust temperature to make the system converge to Hugoniot.
In this implementation, we use the barostat and thermostat of M7TK integrator, so it is very similiar to mttk ensemble.

Please check [Ravelo2004] for more details.

Syntax

The parameters can be specified as follows:

ensemble nphug <direction> <p_1> <p_2> tperiod <tau_temp> pperiod <tau_press> p® <p®> v0
—<v0> el <e®>

The <direction> parameter can assume one or more of the following values: iso, aniso, tri, x, y, z. Here, iso,
aniso, and tri use hydrostatic pressure as the target pressure. iso updates the simulation cell isotropically. aniso
updates the dimensions of the simulation cell along z, y, and z independently. tri updatess all six degrees of freedom
of the simulation cell. Using x, y, z allows one to specify each stress component independently.

The parameters <p_1> and <p_2> specify the target pressure, and they should be equal. Finally, the optional parameter
<tau_press>, which defaults to 1000, determines the period of the barostat in units of the timestep. It determines
how strongly the system is coupled to the barostat.

If keywords <p®>, <v0@> or <e®> are not supplied, these quantities will be calculated on the first step. In most cases,
you don’t need to specify these quantities.

Example

ensemble nphug x 300 300

This command performs a simulation using a Hugoniot thermostat with a 300 GPa Hugoniot pressure in the z direction.
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5.2.25 add_force

This keyword is used to add force on atoms in a selected group at each step during a run.

Syntax

This keyword is used in one of the following two ways:

add_force <group_method> <group_id> <Fx> <Fy> <Fz> # usage 1
add_force <group_method> <group_id> <add_force_file> # usage 2

* Force is added to atoms in group group_id of group method group_method.
* In the first usage, the constant force with components Fx, Fy, and Fz is added on each selected atom.

* In the second usage, a series of forces specified in the file add_force_file will be periodically added on each
selected atom.

e Force is in units of eV/A.

Example 1

Add a constant force of 0.1 eV/A in the x direction on atoms in group 1 of group method 2:

add_force 2 1 0.1 0 0

Example 2

Add force on atoms in group 2 of group method 0, where the file add_force. txt contains a number of rows of 3
values specifying a sequence of force vectors to be periodically applied during the run:

add_force 0 2 add_force.txt

Note

This keyword can be used multiple times during a run.

5.2.26 add_efield

This keyword is used to add force due to electric field on atoms in a selected group at each step during a run.

For gNEP models, the force equals to the dot product of the electric field and the Born effective charge (BEC). This is
only meaningful when the qNEP model was trained with target BEC.

For other models, the force equals to the product of the electric field and the charge of the atom as specified in model .
xyz via charge:R:1.
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Syntax

This keyword is used in one of the following ways:

add_efield <group_method> <group_id> <Ex> <Ey> <Ez> # usage 1
add_efield <group_method> <group_id> <add_efield_file> # usage 2
add_efield <group_method> <group_id> <Ex> <Ey> <Ez> <mode> # usage 3
add_efield <group_method> <group_id> <add_efield_file> <mode> # usage 4

* Electric field is applied to atoms in group group_id of group method group_method.

* In usage 1, the constant electric field with components Ex, Ey, and Ez is applied to each selected atom.

* In usage 2, a series of electric fields specified in the file add_efield_file will be periodically applied to each
selected atom.

 Inusages 1 and 2, if the potential model is qNEP, the added electric force equals to the dot product of the electric
field and the BEC; otherwise it equals to the product of the electric field and the charge of the atom as specified
in model.xyz via charge:R:1.

 In usages 3 and 4, mode can be charge or bec. * When mode is charge, the electric force will be calculated via
— the gNEP predicted charges for gNEP potential models
— the user-specified charges for other potential models

— When mode is bec, the potential model must be gNEP, and the BEC will be used to calculate the electric
force.

Electric field is in units of V/A.

Example 1

Add a constant electric field of 0.1 V/A in the x direction on atoms in group 1 of group method 2:

add_efield 2 1 0.1 0 ®

Example 2

Add electric field on atoms in group 2 of group method 0, where the file add_efield. txt contains a number of rows
of 3 values specifying a sequence of electric field vectors to be periodically applied during the run:

add_efield ©® 2 add_efield.txt

Note

This keyword can be used multiple times during a run.
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5.2.27 add_spring

This keyword adds spring interactions to selected atom groups at each step of a run.

It supports three modes: ghost_com, ghost_atom, and com_com, which add spring forces between a ghost atom and
the center of mass (COM) of a group, between ghost atoms and their corresponding atoms in a group, and between
the COMs of two groups, respectively. The ghost atom(s) can be static or move at a constant velocity. Each mode
supports two spring types: couple (a single radial spring) and decouple (three independent springs along the X, y,
and z directions).

Syntax

The complete syntax for the six combinations is:

add_spring ghost_com <group_method> <group_id> <ghost_vx> <ghost_vy> <ghost_vz> couple
—<k_couple> <RO®> <offset_x> <offset_y> <offset_z>

add_spring ghost_com <group_method> <group_id> <ghost_vx> <ghost_vy> <ghost_vz> decouple
—<k_decouple_x> <k_decouple_y> <k_decouple_z> <offset_x> <offset_y> <offset_z>
add_spring ghost_atom <group_method> <group_id> <ghost_vx> <ghost_vy> <ghost_vz> couple
—.<k_couple> <R®> <offset_x> <offset_y> <offset_z>

add_spring ghost_atom <group_method> <group_id> <ghost_vx> <ghost_vy> <ghost_vz>.
—.decouple <k_decouple_x> <k_decouple_y> <k_decouple_z> <offset_x> <offset_y> <offset_z>
add_spring com_com <group_method> <group_id_1> <group_id_2> couple <k_couple> <RO>
add_spring com_com <group_method> <group_id_1> <group_id_2> decouple <k_decouple_x> <k_
—.decouple_y> <k_decouple_z>

The coupled spring potential is:

1
Ucouple = ikcouple(R - R0)2

where R is the distance between the two points connected by the spring.

The decoupled spring potential is:

1 1 1
Udecouple = Ekdecouple,m(IQ - 1‘1)2 + §kdecouple,y (y2 - y1)2 + gkdecouple,z(ZQ - Zl)2

where (1,1, 21) and (z2, y2, 22) are the Cartesian coordinates of the two points connected by the spring.

In ghost_com mode, force is added to atoms in group group_id of group method group_method with mass-
weighted distribution. The ghost is initially placed at the COM + (offset_x, offset_y, offset_z) and is
displaced by (ghost_vx, ghost_vy, ghost_vz) at each step.

In ghost_atom mode, each atom in group group_id is attached to its own ghost anchor. The anchor is initially
placed at the atom position + (offset_x, offset_y, offset_z) and is displaced by (ghost_vx, ghost_vy,
ghost_vz) at each step. The input spring constant(s) (k_couple or k_decouple_x, k_decouple_y,
k_decouple_z) represent the total stiffness of the entire group and are divided internally by the number of
atoms in the group. Thus, each atom experiences a spring with an effective stiffness of k / N_atoms.

In com_com mode, a spring interaction is applied between the COM of group group_id_1 and the COM of
group group_id_2 under the same group_method. Equal and opposite forces are applied to the two groups
with mass-weighted distribution within each group.

In couple mode, k_couple must be positive and R® must be non-negative.
In decouple mode, k_decouple_x, k_decouple_y, and k_decouple_z must be non-negative.

In com_com mode, group_id_1 and group_id_2 must be different.
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« Force is in units of eV/A, distance is in units of A, velocity is in units of A/step, and spring constant is in units
of eV/A2.

» Spring forces are written to the file spring_force_%*. out, where the asterisk is replaced by a zero-based index
that increments with each invocation of the command. The meaning of each column in the file is:

# step mode Fx Fy Fz Ftotal energy

where mode is an integer flag: 0 = ghost_com, 1 = ghost_atom, 2 = com_com. In com_com mode, the reported Fx, Fy,
and Fz correspond to the net spring force applied to group_id_1.

Example 1 (ghost_com + couple)

Add a coupled spring with spring constant 10 eV/A? and equilibrium distance 0 A between a static ghost atom and the
COM of atoms in group 2 defined by group method 0. The ghost atom is initially located at the COM:

add_spring ghost_com ® 2 ® O® O couple 10 ® ® 0 0

Example 2 (ghost_com + decouple)

Add a decoupled spring with spring constants 10 eV/A? in the x direction and 0 eV/A? in the y and z directions between
a ghost atom moving at velocity (0.00005, 0, 0) A/step and the COM of atoms in group 2 defined by group method 0.
The ghost atom is initially located at the COM:

add_spring ghost_com ©® 2 0.00005 ® O decouple 10 0 0 ® O ®

Example 3 (ghost_atom + couple)

Add a coupled spring between each atom in group 2 defined by group method 0 and its corresponding moving ghost
anchor. Each anchor is initially placed at the corresponding atom position and moves at velocity (0.00005, 0, 0) A/step:

add_spring ghost_atom ©® 2 0.00005 O ® couple 10 0 0 0 O

Example 4 (com_com + decouple)

Add a decoupled Cartesian spring between the COM of group 1 and the COM of group 2 under the same group method
0:

add_spring com_com ® 1 2 decouple 10 0 O

Note

This keyword can be used multiple times during a run.
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5.2.28 deposit

This keyword is used to simulate a deposition process, where new atoms are periodically added to the system during a

run.

Syntax

This keyword is used in one of the following two ways:

deposit <interval> <direction> <height_min> [height_max] atom <type_1> <num_1> <velocity_
—1> [<type_2> <num_2> <velocity_2> ...] # usage 1
deposit <interval> <direction> <height_min> [height_max] file <add_atom_file> [velocity].

—

# usage 2

interval is the deposition interval (number of steps) and must be a positive integer. The number of steps in the
run keyword must be divisible by it.

direction is the deposition direction: 0, 1, and 2 correspond to the X, y, and z directions, respectively. New
atoms are placed at the given height along this direction and are given an initial velocity along it. The special
value -1 is only allowed in the second usage and means that the atoms are added at the exact positions and with
the exact velocities given in the file.

height_min and the optional height_max define the deposition height (in units of Angstrom) along the de-
position direction. If height_max is given, the height of each deposited atom is uniformly sampled between
height_min and height_max; otherwise, all the atoms are deposited at height_min. When directionis -1,
the height value(s) are not used.

In the first usage, one or more triplets <type> are given. For each triplet, num atoms of type type are added at
each deposition, at random lateral positions in the simulation box, with an initial velocity velocity along the
deposition direction. The atom types refer to those defined in the potential file, and the velocity is in units of
Affs.

In the second usage, the atoms to be added at each deposition are read from the file add_atom_file, which
contains one atom per row with 7 columns:

type X y z VX Vy VzZ

The positions are in units of Angstrom and the velocities are in units of A/fs. With a non-negative direction,
the coordinate along the deposition direction is replaced by the sampled height, and the optional velocity (in
units of A/fs) after the file name sets the velocity component along the deposition direction. With direction
set to -1, no velocity is allowed after the file name and the file is used as it is.

At each deposition, the new atoms are appended to the model and the run is effectively split into sub-runs of interval
steps, with one deposition between two consecutive sub-runs. After each sub-run, the current structure is written to a
file named deposited_N.xyz in extended XYZ format, including the velocities (and the group labels if the model has
grouping). If the simulation model file contains no velocity data, one extra sub-run of the pristine model is performed
before the first deposition.
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Example 1

Deposit 10 atoms of type 0 every 10000 steps, at a height of 30 A in the z direction, with an initial velocity of -0.1 A/fs
(towards decreasing z):

deposit 10000 2 30 atom ® 10 -0.1

Example 2

Deposit 5 atoms of type 0 and 5 atoms of type 1 every 5000 steps, at heights uniformly sampled between 30 A and 40
A in the z direction:

deposit 5000 2 30 40 atom 0 5 -0.1 1 5 -0.1

Example 3

Deposit atoms read from the file add_atoms. txt every 10000 steps, resetting the z coordinate to 30 A and the z
velocity to -0.1 A/fs:

deposit 10000 2 30 file add_atoms.txt -0.1

Example 4

Deposit atoms read from the file add_atoms. txt every 10000 steps, keeping the positions and velocities exactly as
given in the file (direction is -1 and no velocity follows the file name):

deposit 10000 -1 0 file add_atoms.txt

Caveats

* This keyword can appear only once in a run.in file, and only one run keyword is allowed when it is used.

* The original run.in and model . xyz are saved as run.in.original and model.xyz.original, respectively,
and the run.in and model . xyz files will be modified during the simulation.

* If the model has grouping, all the deposited atoms are assigned to new groups (with labels one larger than the
largest existing group label for each group method), such that they can be distinguished from the original atoms.

5.2.29 electron_stop

This keyword is used to apply electron stopping forces to high-energy atoms during a run. This is usually used in
radiation damage simulations.
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Syntax

This keyword is used as follows:

electron_stop <file>

The first line of the file should have 3 values: * the first is the number of data points to be listed /V; * the second is the
minimum of the energy range F,i,; * the third is the maximum of the energy range E\yax.

The stopping power data listed after this line should have IV lines, each corresponding to one energy, which increases
linearly from Epin to Epax with a spacing of (Fryax — Emin)/(N — 1). For these N lines, the number of columns
is the number of species for the potential energy model used. That is, there should be one column with the stopping
power for each species. The order of the species should follow that as defined in the potential file.

Example

An example is:

electron_stop my_stopping_power.txt

5.2.30 fix

This keyword can be used to fix (freeze) a group of atoms

Syntax

This keyword accepts 1 or 2 parameters. The atoms in the specified group will be fixed (velocities and forces are always
set to zero such that the atoms do not move). The full command reads:

fix <group_label>
fix <grouping_method> <group_label>

e If only group_label is given, grouping method O is used by default.

* If grouping_method is also specified, the given grouping method defined in the simulation model file will be
used.

Example
Fix group 0 using the default grouping method 0:
fix 0

Fix group 2 using grouping method 1:

fix 1 2
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Caveats

» This keyword is not propagating, which means that it only affects the simulation within the run it belongs to.

¢ When both fix and move are used, they must use the same grouping method.

5.2.31 kspace

This keyword is used to set the computation method for the reciprocal space contribution to the electristatic energy.

Syntax

This keyword is used as follows:

kspace <method>

where <method> can be either ewald or pppm. The default is pppm, which implies that the particle-particle particle-
mesh (PPPM) method is used.

Example

To use the Ewald method use:

kspace ewald

5.2.32 move

This keyword is used to move part of the system with a constant velocity.

Syntax

The move keyword accepts 4 or 5 parameters:

move <moving_group_id> <velocity_x> <velocity_y> <velocity_z>
move <grouping_method> <moving_group_id> <velocity_x> <velocity_y> <velocity_z>
* If only moving_group_id and velocities are given, grouping method 0 is used by default.

* If grouping_method is also specified, the given grouping method defined in the simulation model file will be
used.

The last three parameters specify the moving velocity vector, in units of Angstrom/fs.
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Example

One can first equilibrate the system and then move one group of atoms and at the same time fix another group of atoms:

# equilibration stage
ensemble npt_scr 300 300 100 0 0 ® 100 100 100 1000
run 1000000

# production stage

ensemble nvt_ber 300 300 100

fix © # fix atoms in group 0 (default grouping method 0)

move 1 0.001 ® ® # move atoms in group 1, with a speed of 0.001 Angstrom/fs in the x.
—direction (default grouping method 0)

run 1000000

Using a specific grouping method:

ensemble nvt_ber 300 300 100

fix 10 # fix group 0® in grouping method 1

move 1 1 0.001 ® O # move group 1 in grouping method 1, with a speed of 0.001 Angstrom/
—fs in the x direction

run 1000000

Caveats

* One cannot use NPT when using this keyword. Only nvt_ber, nvt_nhc, nvt_bdp, and heat_lan ensembles
are supported.

* When both fix and move are used, they must use the same grouping method.

5.2.33 mc

The mc keyword is used to carry out Monte Carlo (M C) trial steps, usually in combination with a MD simulation. Three
MC ensembles are supported, including the canonical, the semi-grand canonical (SGC), and the variance-constrained
semi-grand canonical (VCSGC) [Sadigh2012a] [Sadigh2012b] ensemble.

This keyword can only be used in combination with NEP models.
Syntax

canonical

If the first parameter is canonical, the system will be sampled in the canonical MC ensemble. It can be used as
follows:

mc canonical <md_steps> <mc_trials> <T_i> <T_f> [group <grouping_method> <group_id>]

This means that mc_trials MC trials are performed every md_steps MD steps, while the instant temperature for the
MC ensemble changes linearly from T_i to T_£.
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sgc

If the first parameter is sgc, the system will be sampled in the SGC MC ensemble. It can be used as follows:

mc sgc <md_steps> <mc_trials> <T_i> <T_£f> <num_species> {<species_0> <mu_0> <species_1>
—<mu_1> ...} [group <grouping_method> <group_id>]

This means that mc_trials MC trials are performed every md_steps MD steps, while the instant temperature for the
MC ensemble changes linearly from T_i to T_f.

num_species specifies the number of species that are to be included in the sampling. It must be no less than 2 and no
larger than 4. After specifying the number of species, one needs to specify their chemical symbols (species_i) and
chemical potentials (mu_1i) in units of eV. The species can be listed in arbitrary order. Note that only the differences
between the chemical potentials matter.

vesgce

If the first parameter is vcsgc, the system will be sampled in the VCSGC MC ensemble. It can be used in the following
way:

mc vcsgc <md_steps> <mc_trials> <T_i> <T_f> <num_species> {<species_0> <phi_0> <species_
1> <phi_1> ...} kappa [group <grouping_method> <group_id>]

This means that mc_trials MC trials are performed every md_steps MD steps, while the instant temperature for the
MC ensemble changes linearly from T_i to T_f.

num_species specifies the number of species that are to be included in the sampling. It must be no less than 2 and
no larger than 4. After specifying the number of species, one needs to specify their chemical symbols (species_i)
and chemical potentials (phi_i = ¢;). The species can be listed in arbitrary order. Next one needs to specify the
(dimensionless) kappa parameter (k).

The ¢ and « parameters constrain the average and variance of the species concentrations, respectively. One can usually
achieve a sampling of the full composition range by varying ¢; between -1.2 and +1.2, which thus play a role that
is equivalent to the u; parameters in the SGC ensemble. Typically a x value of 100 is suitable. If the concentration
fluctuations are too large (e.g., deep with miscibility gaps) one should increase this value.

The choice of parameters that we use here differs from the original papers [Sadigh2012a] [Sadigh2012b] in terms of
normalization and follows the expressions in e.g., [Rahm2021].

General

 The listed species must be supported by the NEP model.

* For all the MC ensembles, there is an option to specify the grouping method grouping_method and the group
ID group_id in the given grouping method, after the parameter group. The functionality is illustrated in the
example section below.

» There must be at least one listed species in the initial model system or specified group. For example, if you list
Au and Cu for doing SGC MC, the system or the specified group must have some Au or Cu atoms (or both);
otherwise the MC trial cannot get started.
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Example 1

An example for sampling in the canonical ensemble is:

mc canonical 100 200 500 100 group 1 3

This means
¢ Perform 200 MC trials after every 100 MD steps.
* Change the temperature for the //C simulation linearly from 500 to 100 K.

* Only the atoms in group 3 of grouping method 1 will be considered during M C sampling.

Example 2

Here is an example for MC sampling the SGC ensemble:

mc sgc 100 1000 300 300 2 Cu 0 Au 0.6

This means
 Perform 1000 MC trials after every 100 MD steps.
* The temperature for the //C ensemble will be kept at 300 K.

* Only the Cu and Au atoms are involved in the MC process. The Au atoms have a chemical potential of 0.6 eV
relative to the Cu atoms.

Example 3

Here is an example for sampling in the VCSGC ensemble:
mc vesge 200 1000 500 500 2 Al -2 Ag O 10000
This means

¢ Perform 1000 MC trials after every 200 MD steps.

* The temperature for the /M C ensemble will be kept at 500 K.

* Only the Al and Ag atoms are involved in the MC process. The dimensionless ¢ parameters for Al and Ag are
-2 and 0, respectively. The dimensionless x parameter is 10000.

5.2.34 plumed

Invoke the PLUMED plugin during a MD run.
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Syntax

This keyword has the following format:

plumed <plumed_file> <interval> <if_restart>

The plumed_£file parameter is the name of the PLUMED input file. The interval parameter is the interval (number
of steps) of calling the PLUMED subroutines. The if_restart parameter determines if the PLUMED plugin should
restart its calculations, which includes appending to its output files, reading the previous biases, etc.

Requirements and specifications

» This keyword requires an external package to operate. Instructions for how to set up the PLUMED package can
be found /Zere.

¢ Increasing the interval parameter will speed up your simulation if you only want PLUMED to calculate col-
lective variables (CVs). But you have to set it to 1 if your simulation was biased by PLUMED.

Examples

Example 1

To calculate the distance between atoms, one can add:

plumed plumed.dat 1000 O

before the run command. The plumed.dat file, for example, may look like:

UNITS LENGTH=A TIME=fs ENERGY=eV
FLUSH STRIDE=1

DISTANCE ATOMS=1,2 LABEL=dl
PRINT FILE=colvar ARG=dl

The output file created by PLUMED (the colvar file) will be updated every 1000 steps.

Example 2

To restrain the distance between atoms, one can add:

plumed plumed.dat 1 O

before the run command. The plumed.dat file, for example, may look like:

UNITS LENGTH=A TIME=fs ENERGY=eV

FLUSH STRIDE=1

DISTANCE ATOMS=1,2 LABEL=d1

RESTRAINT ARG=d1l AT=0.0 KAPPA=2.0 LABEL=restraint
PRINT FILE=colvar ARG=dl,restraint.bias
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Caveats

* This keyword is not propagating. That means, its effect will not be passed from one run to the next.

5.2.35 minimize

This keyword is used to minimize the energy of the system. Currently, the fast inertial relaxation engine (FIRE)
[Bitzek2006] [Guénolé2020] method and the steepest descent (SD) method have been implemented.

Syntax

This keyword is used as follows:

minimize <method> <force_tolerance> <maximal_number_of_steps> <box_change> <hydrostatic_
—strain>

Here, method can be sd (the steepest descent method) or fire (the FIRE method). force_tolerance is in units
of eV/A. When the largest absolute force component among the 3V force components in the system is smaller than
force_tolerance, the energy minimization process will stop even though the number of steps (interations) performed
is smaller than maximal_number_of_steps. maximal_number_of_steps is the maximal number of steps (intera-
tions) to be performed for the energy minimization process. box_change specifies whether to optimize the box during
minimization. It only supports the FIRE method now. hydrostatic_strain indicates whether hydrostatic strain
should be applied to change the box.

Examples

Example 1

The command:

minimize sd 1.0e-6 10000

means that one wants to do an energy minimization using the steepest descent method, with a force tolerance of 106
eV/A for up to 10,000 steps.

Example 2

If you have no idea how small force_tolerance should be, you can simply asign a negative number to it:

minimize sd -1 10000

In this case, the energy minimization process will definitely run 10,000 steps.
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Example 3

The command:

minimize fire 1.0e-5 1000

means that one wants to do an energy minimization using the FIRE method, with a force tolerance of 10~° eV/A for
up to 1,000 steps.

Example 4

The command:

minimize fire 1.0e-5 1000 1

means that one wants to optimize box during the energy minimization process.

The command:

minimize fire 1.0e-5 1000 1 1
means that one wants to optimize box using hydrostatic strain during the energy minimization process.
Example 5

If you want to ouput the optimized structure, use dump_xyz in the nve ensemble like the following command:

minimize fire 1.0e-5 1000 1

ensemble nve

time_step 0

dump_xyz -1 0 1 relaxed.xyz
run 1

Caveats

* This keyword should occur after the potential keyword.

5.2.36 run

Run a number of MD steps according to the settings specified for the current run.
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Syntax

This keyword only requires a single parameter, which is the number of steps to be run:

run <number_of_steps>

Example

To run one million steps, just write:

run 1000000

Caveats

* The number of steps should be compatible with some parameters in some other keywords.

* We can regard a run as a block of commands from the ensemble keyword to run:

# the first run
ensemble ...

# other commands
run ...

# the second run
ensemble ...

# other commands
run ...

# the third run
ensemble ...

# other commands
run ...

5.2.37 compute

This keyword is used to compute and output space and time averaged quantities. The results are written to the com-
pute.out output file.

Syntax

It is used in the following way:

compute <grouping_method> <sample_interval> <output_interval> {<quantity>}

The first parameter grouping_method refers to the grouping method defined in the simulation model file. This pa-
rameter should be an integer and a number m means the m-th grouping method (we count from 0) in the simulation
model file.

The second parameter sample_interval means sampling the quantities every so many time steps.
The third parameter output_interval means averaging over so many sampled data before giving one output.

Starting from the fourth parameter, one can list the quantities to be computed. The allowed names for quantity are:
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* temperature, which yields the temperature

* potential, which yields the potential energy

» force, which yields the force vector

e virial, which yields all virial components

* jp, which yields the potential part of the heat current vector
* jk, which yields the kinetic part of the heat current vector

* momentum, which yields the momentum

One can write one or more (distinct) names in any order.

Example

For example:

compute O 100 10 temperature

means using the O-th grouping method defined in the simulation model file, sampling temperature every 100 time
steps and averaging over 10 data points before writing to file. That is, there is only one output every 100 x 10 = 1000
time steps.

5.2.38 compute_chunk

This keyword computes space- and time-averaged per-chunk quantities based on dynamic spatial binning. Unlike the
compute keyword, which uses static group assignments defined in the model file, compute_chunk assigns atoms to
spatial bins (chunks) based on their real-time coordinates at each sampling step. This is particularly useful for systems
where atoms diffuse across spatial regions during the simulation, such as low-density, porous, or amorphous materials
in NEMD simulations.

The results are written to the compute_chunk. out output file.

Syntax

For 1D binning:

compute_chunk <sample_interval> <output_interval> bin/ld <dim> <origin> <delta> {
—<quantity>}

For 2D binning:

compute_chunk <sample_interval> <output_interval> bin/2d <diml> <originl> <deltal> <dim2>
<, <origin2> <delta2> {<quantity>}

For 3D binning:

compute_chunk <sample_interval> <output_interval> bin/3d <diml> <originl> <deltal> <dim2>
< <origin2> <delta2> <dim3> <origin3> <delta3> {<quantity>}

The parameters are defined as follows:

* sample_interval: Sampling interval in time steps. The quantities are sampled every this many steps.
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output_interval: Number of samples to average before producing one output. This is consistent with the
compute keyword: one output is produced every sample_interval x output_interval time steps.

bin/1d, bin/2d, bin/3d: The binning style, specifying 1D, 2D, or 3D spatial binning respectively.

dim (or diml, dim2, dim3): The axis along which to bin. Must be %, y, or z. For bin/2d and bin/3d, the
specified axes must be distinct.

origin (or originl, origin2, origin3): The bin origin. Currently only lower is supported, meaning bins
start from the lower boundary of the simulation box (coordinate 0).

delta (or deltal, delta2, delta3): The bin width in Angstréms. The number of bins along each axis is
automatically calculated as [ L /4], where L is the box length along that axis. The last bin may be narrower than
¢ if L is not an integer multiple of §; its volume and center coordinate are computed using the actual width.

Starting after the binning parameters, one can list the quantities to be computed. The allowed names for quantity are:

temperature, which yields the temperature of each chunk

density/number, which yields the number density (atoms per volume) of each chunk
density/mass, which yields the mass density of each chunk

vx, which yields the average velocity in the x direction

vy, which yields the average velocity in the y direction

vz, which yields the average velocity in the z direction

£x, which yields the average force in the x direction

fy, which yields the average force in the y direction

fz, which yields the average force in the z direction

One can write one or more (distinct) names in any order.

For triclinic (non-orthogonal) simulation boxes, the box length along each axis is computed as the geometric thickness
L = V/A, where V is the box volume and A is the cross-sectional area perpendicular to that axis. This is consistent
with GPUMD’s internal geometry calculations.

Example

Example 1: 1D temperature profile along z

compute_chunk 10 100 bin/ld z lower 1.0 temperature

This means:

sample the temperature every 10 time steps
average over 100 samples before writing output (one output every 10 x 100 = 1000 steps)
bin atoms along the z axis with 1.0 A bin width, starting from the lower boundary

compute the temperature of each bin

100
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Example 2: 1D temperature and density profile

compute_chunk 10 100 bin/ld z lower 1.0 temperature density/number

Same as above, but also computes the number density of each bin.

Example 3: 2D velocity field

compute_chunk 10 100 bin/2d x lower 2.0 z lower 2.0 vx vz

This creates a 2D grid of bins in the x-z plane with 2.0 A bin width in each direction, and computes the average x and
z velocity components in each bin.

Example 4: NEMD temperature profile

A typical use case for NEMD simulations:

ensemble heat_lan 300 300 50 0 1
compute_chunk 10 100 bin/ld z lower 1.0 temperature density/number
run 1000000

This computes the temperature and density profiles along z during a Langevin heat bath NEMD simulation.

Output file

The results are written to compute_chunk. out. The file is appended to if it already exists. For each output time, there
are Nchunk consecutive lines (one per chunk), with the following format per line:

<chunk_id> <coordl> [<coord2>] [<coord3>] <avg_count> <valuel> [<value2>]

The columns are:
e chunk_id: the zero-based index of the chunk (dimensionless integer).

* coordl (and coord2, coord3 for 2D/3D binning): the center coordinates (in units of A) of the chunk along the
corresponding binning axis.

e avg_count: the time-averaged number of atoms in the chunk (dimensionless).

e valuel, value2, ...: the time-averaged values of the requested quantities, in the same order as specified in the
command. The units for each quantity are:

temperature: K

density/number: A3 (number of atoms per volume)

density/mass: amu/A3 (total atomic mass per volume)

VX, VY, VZ: Asfs

- fx, fy, fz: eV/A

The temperature is computed from the kinetic energy of the atoms in each chunk as T' = 2Fy /(3kg N), where F is the
total kinetic energy, IV is the atom count, and kg is the Boltzmann constant. The velocity and force values are per-atom
averages within each chunk.

For example, the command:
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compute_chunk 10 100 bin/ld z lower 2.0 temperature density/number

produces output lines of the form:

0 1.000000 52.0 3.0012345678e+02 2.5000000000e-02
1 3.000000 48.0 2.9876543210e+02 2.4000000000e-02

Here, each line contains: chunk index, bin center along z (/3;), average atom count, temperature (K), and number density
(A-%). The output blocks for successive time points are written consecutively with no blank line separator; each block
contains exactly Npynk lines.

Caveats

* The origin parameter currently only accepts lower. Numeric origin values are not supported.

* This keyword addresses the measurement/analysis side of dynamic spatial binning. The NEMD heat baths
(ensemble heat_* source/sink regions) still use static group assignments. Dynamic heat bath regions would
require separate modifications to the integrator.

* Multiple compute_chunk commands can be used in the same run.

5.2.39 compute_adf

This keyword computes the angular distribution function (ADF) for all atoms or specific triples of species. Each ADF'is
represented as a histogram, created by measuring the angles formed between a central atom and two neighboring atoms,
and binning these angles into num_bins bins. Only neighbors with distances rc_min < R < rc_max are considered,
where rc_min and rc_max are specified separately for the first and second neighbor atoms in each ADF calculation.
Currently, this feature is only available for classical MD. The results are written to the adf.out file.

Syntax

For global ADF, the keyword is used as follows:

compute_adf <interval> <num_bins> <rc_min> <rc_max>

This means the ADF calculations will be performed every interval steps, with num_bins data points.

For local ADF, the keyword is used as follows:

compute_adf <interval> <num_bins> <itypel> <jtypel> <ktypel> <rc_min_jl> <rc_max_jl> <rc_
—min_k1> <rc_max_kl1> ...

This means the ADF calculations will be performed every interval steps, with num_bins data points. The angle
formed by the central atom I and neighboring atoms J and K is included in the ADF if the following conditions are met:
* The distance between atoms I and J is between rc_min_jN and rc_max_jN.
 The distance between atoms I and K is between rc_min_kN and rc_max_kN.
* The type of atom I matches itypeN.
* The type of atom J matches jtypeN.
* The type of atom K matches kzypeN.
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e Atoms I, J, and K are distinct.

The ADF value for a bin is computed by dividing the histogram count by the total number of triples that satisfy the
criteria, ensuring that the integral of the ADF" with respect to the angle is 1. In other words, the ADF is a probability
density function.

Example

» compute_adf 100 30 0.0 1.2 # Total ADF every 100 MD steps with 30 data points for bond lengths between 0.0
and 1.2

e compute_adf 500 5001 1 0.0 1.2 0.0 1.3 # Calculate 0-1-1 ADF every 500 MD steps with 50 data points for I-J
bond lengths between 0.0 and 1.2, and I-K bond lengths between 0.0 and 1.3

e compute_adf 5005001 10.01.20.01.31010.01.20.0 1.3 # Calculate 0-1-1 and 1-0-1 ADF every 500 MD
steps with 50 data points

5.2.40 compute_cohesive

This keyword is used for computing the cohesive energy curve. The results are written to the cohesive.out output file.

Syntax

This keyword is used as follows:

compute_cohesive <el> <e2> <direction>

Here, el is the smaller box-scaling factor, e2 is the larger box-scaling factor, and direction specifies the direction of
the scaling, which can take values from 0 to 6, corresponding to the X, y, z, Xy, yz, zx, and xyz directions, respectively.

Examples

The command:

compute_cohesive 0.9 1.2 0

means that one wants to compute the cohesive energy curve in the x-direction from the box-scaling factor 0.9 to the
box-scaling factor 1.2, with (e2 - el)*1000 +1 points. The box-scaling points will be 0.9, 0.901, 0.902, ..., 1.2.

Caveats

This keyword must occur after the potential keyword.
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5.2.41 compute_dos

This keyword computes the phonon density of states (PDOS) using the mass-weighted velocity autocorrelation (VAC)
function. The output is normalized such that the integral of the PDOS over all frequencies equals 3N, where N is the
number of atoms. If this keyword appears in a run, the mass-weighted VAC function will be computed and directly
used to compute the PDOS.

The results of these calculations will be written to mvac.out (for the mass-normalized VAC function) and dos.out (for
the DOS).

Syntax

For this keyword, the command looks like:

compute_dos <sample_interval> <Nc> <omega_max> [{<optional_arg>}]

with parameters defined as:
* sample_interval: Sampling interval of the velocity data
¢ Nc: Maximum number of correlation steps
e omega_max: Maximum angular frequency wy,q; = 2TVpmq, Used in the PDOS calculation

The optional arguments (optional_arg) provide additional functionality by allowing special keywords. The keywords
for this function are group and num_dos_points. These keywords can be used in any order but the parameters
associated with each must follow directly.

The option group has two parameters:

group <group_method> <group>

where group_method is the grouping method to use for computation and group is the index of the group to use. If
group is -1, it means to calculate the DOS for every group in the group_method. If each atom is in one group, one
can get the per-atom DOS and then calculate the phonon participation ratio.

The option num_dos_points has one parameter:

num_dos_points <points>

where points is the number of frequency points to be used in the DOS calculation. It defaults to Nc if the
num_dos_points option is not specified.

Example

An example for the use of this keyword is:

compute_dos 5 200 400.0 group 1 2 num_dos_points 300

This means that you
* want to calculate the PDOS
* the velocity data will be recorded every 5 steps
¢ the maximum number of correlation steps is 200

¢ the maximum angular frequency you want to consider is Wy, gz = 27Vipnqr = 400 THz
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* you would like to compute only over group 2 in group method 1
* you would like the maximum angular frequency to be evenly divided into 300 points for output.
Caveats

This keyword cannot be used in the same run as the compute_sdc keyword.

5.2.42 compute_dpdt
This keyword can be used to calculate the time derivative of the polarization via the dot product between the Born

effective charge (BEC) and the velocity. The keyword is only meaningful for a simulation with the qNEP model trained
with target BEC values. The results will be written to the file dpdt.out.

Syntax

This keyword has 1 parameter:

compute_dpdt <sampling_interval>
Here,

* sampling_interval is the sampling interval for calculating the time derivative of the polarization.
Examples

Example 1

compute_dpdt 5

This means to calculate the time derivative of the polarization every 5 time steps.

5.2.43 compute_elastic

This keyword is used to compute the elastic constants. The results are written to the file elastic.out.

Syntax

This keyword is used as follows:

compute_elastic <strain_value>

strain_value is the amount of strain to be applied in the calculations.

5.2. Input parameters 105



GPUMD documentation, Version 5.6

Example

For example, the command:

compute_elastic 0.01

means that one wants to compute the elastic constants with a strain of 0.01.

Caveats

This keyword must occur after the potential keyword.

5.2.44 compute_gkma

The compute_gkma keyword can be used to calculate the modal heat current using the Green-Kubo modal analysis
(GKMA) method [Lv2016]. The results are written to the heatmode.out output file.

Syntax

compute_gkma <sample_interval> <first_mode> <last_mode> <bin_option> <size>

sample_interval is the sampling interval (in number of steps) used to compute the heat modal heat current.

first_mode and last_mode are the first and last mode, respectively, in the eigenvector.in input file to include in the
calculation.

bin_option determines which binning technique to use. The options are bin_size and f_bin_size.

size defines how the modes are added to each bin. If bin_option is bin_size, then this is an integer describing
how many modes are included per bin. If bin_option = f_bin_size, then binning is by frequency and this is a float
describing the bin size in THz.

Examples

Example 1

compute_gkma 10 1 27216 f_bin_size 1.0

This means that
* you want to calculate the modal heat current with the GKMA method
¢ the modal heat flux will be sampled every 10 steps
* the range of modes you want to include of calculations are from 1 to 27216

* you want to bin the modes by frequency with a bin size of 1 THz
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Example 2

compute_gkma 10 1 27216 bin_size 1

This example is identical to Example 1, except the modes are binned by count. Here, each bin only has one mode (i.e.,
all modes are included in the output).

Example 3

compute_gkma 10 1 27216 bin_size 10

This example is identical to Example 2, except each bin has 10 modes.

Caveats

This computation can be very memory intensive. The memory requirements are comparable to the size of the eigen-
vector.in input file.

Depending on the number of steps to run, sampling interval, and number of bins, the heatmode.out output file can
become very large as well (i.e., many GBs).

This keyword cannot be used in the same run as the compute_hnema keyword. The keyword that appears last will be
used in the run.

5.2.45 compute_hac

This keyword can be used to calculate the heat current autocorrelation (HAC) and running thermal conductivity (RTC)
using the Green-Kubo method. The results will be written to the hac.out output file.

Syntax

This keyword has 3 parameters:

compute_hac <sampling_interval> <correlation_steps> <output_interval>

The first parameter is the sampling interval for the heat current data. The second parameter is the maximum correlations
steps. The third parameter for is the output interval of the HAC and RTC data.

Examples

Example 1

time_step 1
compute_hac 10 100000 1
run 10000000

This means that

* You want to calculate the thermal conductivity using the Green-Kubo method (the EMD method) in this run,
which contains 10 milillion steps with a time step of 1 fs.
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* The heat current data will be recorded every 10 steps. Therefore, there will be 1 million heat current data in each
direction.

* The maximum number of correlation steps is 10°, which is one tenth of the number of heat current data. This is
a very sound choice. The maximum correlation time will be 10° x 10 = 10° time steps, i.e., 1 ns.

 The HAC/RTC data will not be averaged before outputting, generating 10° rows of data in the output file.
Example 2

compute_hac 10 100000 10

This is similar to the above example but with one expection: The HAC/RTC data will be averaged for every 10 data
before outputing, generating 10* rows of data in the output file.

5.2.46 compute_hnema

The compute_hnema keyword is used to calculate the modal thermal conductivity using the homogeneous non-
equilibrium modal analysis (HNEMA) method [Gabourie2021]. The results are written to the kappamode.out output

file.

Syntax

compute_hnema <sample_interval> <output_interval> <Fe_x> <Fe_y> <Fe_z> <first_mode>
—<last_mode> <bin_option> <size>

sample_interval is the sampling interval (in number of steps) used to compute the heat modal heat current. Must
be a divisor of output_interval.

output_interval is the interval to output the modal thermal conductivity. Each modal thermal conductivity output
is averaged over all samples per output interval.

Fe_x is the x direction component of the external driving force F, in units of A™!.
Fe_y is the y direction component of the external driving force F, in units of A"
Fe_z is the z direction component of the external driving force F, in units of A"

first_mode and last_mode are the first and last mode, respectively, in the eigenvector.in input file to include in the
calculation.

bin_option determines which binning technique to use. The options are bin_size and f_bin_size.

size defines how the modes are added to each bin. If bin_option is bin_size, then this is an integer describing
how many modes are included per bin. If bin_optionis £_bin_size, then binning is by frequency and this is a float
describing the bin size in THz.
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Examples

Example 1

compute_hnema 10 1000 0.000008 ® ® 1 27216 f bin_size 1.0

This means that
* you want to calculate the modal thermal conductivity with the HNEMA method
¢ the modal thermal conductivity will be sampled every 10 steps
* the average of all sampled modal thermal conductivities will be output every 1000 time steps
« the external driving force is along the z direction and has a magnitude of 0.8 x 10~% A"l
* the range of modes you want to include of calculations are from 1 to 27216

* you want to bin the modes by frequency with a bin size of 1 THz.

Example 2

compute_hnema 10 1000 0.000008 ® ® 1 27216 bin_size 1

This example is identical to Example 1, except the modes are binned by count. Here, each bin only has one mode (i.e.
all modes are included in the output).

Example 3

compute_hnema 10 1000 0.000008 ® ® 1 27216 bin_size 10

This example is identical to Example 2, except each bin has 10 modes.

Caveats

This computation can be very memory intensive. The memory requirements are comparable to the size of the eigen-
vector.in input file.

This keyword cannot be used in the same run as the compute_gkma keyword. The keyword used last will be used in
the run.

5.2.47 compute_hnemd

This keyword is used to calculate the thermal conductivity using the homogeneous non-equilibrium molecular dynamics
(HNEMD) method [Fan2019]. The results are written to the kappa.out output file.
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Syntax

compute_hnemd <output_interval> <Fe_x> <Fe_y> <Fe_z>

The first parameter is the output interval.
The next three parameters are the x, y, and z components of the external driving force F, in units of Al
Usually, there should be only one nonzero component of F'.. According to Eq. (8) of [Fan2019]:

 Using a nonzero x component of F'., one can obtain the xz, yz and zax components of the thermal conductivity
tensor.

» Using a nonzero y component of F'., one can obtain the zy, yy and zy components of the thermal conductivity
tensor.

» Using a nonzero z component of F',, one can obtain the xz, yz and zz components of the thermal conductivity
tensor.

Examples

Example 1

compute_hnemd 1000 0.00001 0 0

This means that
e you want to calculate the thermal conductivity using the HNEMD method;

¢ the thermal conductivity will be averaged and output every 1000 steps (the heat current is sampled for every
step);

« the external driving force is along the  direction and has a magnitude of 10> Al

Note that one should control the temperature when using this keyword. Otherwise, the system will be heated up by the
external driving force.

Important: For this purpose, the Nose-Hoover chain thermostat is recommended. The Langevin thermostat cannot
be used for this purpose because it will affect the dynamics of the system.

Example 2

compute_hnemd 1000 0 0.00001 0

This is similar to the above example, but the external driving force is applied along the y direction.
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5.2.48 compute_hnemdec

This keyword is used to calculate the multicomponent system thermal conductivity using the homogeneous non-
equilibrium molecular dynamics Evans-Cummings algorithm (HNEMDEC) method. The results are written to the
onsager.out output file.

Syntax

compute_hnemdec <driving_force> <output_interval> <Fe_x> <Fe_y> <Fe_z>

driving_force determines which type of driving force to use. It could be zero or non zero positive integer, which
means thermal driving force or diffusive driving force. In the case of zero, heat flux is equilvalent to dissipative flux,
with driving force F. in the units of A", For a non zero positive integer such as 7, a momentum flux of the ith element
in the order of the first line of nep.txt is produced as dissipative flux, with driving force F, in the units of eV/A.

output_interval is the interval to output the onsager coefficients.
Fe_x is the z direction component of the external driving force F..
Fe_y is the y direction component of the external driving force F.

Fe_z is the z direction component of the external driving force F.

Examples

Example 1

compute_hnemdec 0 1000 0.00001 0 ©

This means that
* you want to calculate the onsager coeflicients using the HNEMDEC method with heat flux as dissipative flux;

* the onsager coeflicients will be averaged and output every 1000 steps (the heat current and momentum current
is sampled for every step);

+ the external driving force is along the z direction and has a magnitude of 10~5 A",

Note that one should control the temperature when using this keyword. Otherwise, the system will be heated up by the
external driving force.

Important: For this purpose, the Nose-Hoover chain thermostat is recommended. The Langevin thermostat cannot
be used for this purpose because it will affect the dynamics of the system.

Example 2

compute_hnemdec 2 1000 0 0.00001 0

The external driving force is diffusive driving force that will produced a momentum flux of the second element as
dissipative flux and has a magnitude of 10~° eV/A. The force is applied along the 3 direction.
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5.2.49 compute_ic

This keyword computes the iron conductivity (/C) from the mean-square displacement (A/SD) function. If this keyword
appears in a run, the /C function will be calculated as a time derivative of it. The results will be written to ic.out output

file.

Syntax

For this keyword, the command looks like:

compute_ic <sample_interval> <Nc> <type_iex> <charge>

with parameters defined as
e sample_interval: Sampling interval of the position data
e Nc: Maximum number of correlation steps
* type_iex: Type index of atom to be calculated which in potential

» charge: Charge of the ion to compute the conductivity.

Examples

An example of this function is:

compute_ic 5 200 0 1

This means that you
* want to calculate the iron conductivity from the mean-square displacement function
* the position data will be recorded every 5 steps
¢ the maximum number of correlation steps is 200

 you would like to compute only for the atom with type O in nep.txt and charge 1.

5.2.50 compute_orientorder

This keyword computes the local, rotationally invariant Steinhardt order parameters ¢; and w;, as described in
[Steinhardt1983] and [Mickel2013]. The results are written to the orientorder.out file.

For an atom 4, the parameter ¢; (7) is defined as:

I
. 47T N2
q(i) = ST > lam(@)]

m=—I

where the quantity ¢;,,,(¢) is obtained by summing the spherical harmonics over atom ¢ and its neighbors j:

Gim (i) = Nib > Vi (00, 6(r)).
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If wl is set to True, the quantity w; is computed. This is a weighted average of the ¢;,,,(¢) values using Wigner 3-j
symbols, yielding a rotationally invariant combination:

. l l l ) ) )
wy (i) = > <m1 - m3> Qs (1) Gims (1) Qs (1)
m1+mz+m3z=0

If the wl_hat parameter is True, the w; order parameter is normalized as:

l l l ’ . .
mp mg m3> Qmy (8)Gims (4) Qg (2)

z 3/2
( ;_l|qzm<z‘>|2>

If average is True, the averaging procedure replaces g, (i) with g;,,, (i), which is the mean value of g;,,, (k) over all
neighbors k of particle ¢, including atom 7 itself:

. mi1+mz+m3z=0 <
wy (i) =

1 &
T (1) = N, Zle(k)~
k=0

Syntax

compute_orientorder <interval> <mode_type> <mode_parameters> <ndegrees> <degreel>
—<degree2> ... <average> <wl> <wlhat>

e interval: perform the calculation every interval steps.

* mode_type: the neighbor selection mode. Currently supports cutoff or nnn (nearest neighbor number).

* mode_parameters: - for cutoff mode, this is the cutoff distance; - for nnn mode, this is the number of neigh-
bors. Note: if an atom has fewer neighbors than nnn within 6 A, the result is set to 0.

* ndegrees: number of spherical harmonic degrees (1) to compute.

* degreel..degreeN: individual degree values.

 average: whether to calculate the averaged Steinhardt order parameter. 1 = True, ® = False. Defaults to False.
* wl: whether to compute the w; version of the Steinhardt order parameter. Defaults to False.

» wlhat: whether to compute the normalized w; version. Defaults to False.

Examples

compute_orientorder 100 cutoff 4.0 3 4 6 8 — Every 100 MD steps, compute three degrees (4, 6,
and 8) using a 4 A cutoff.

compute_orientorder 50 nnn 12 2 4 6 ® 1 — Every 50 MD steps, compute two degrees (4 and 6) with
12 nearest neighbors. Additionally, compute the w; version.

compute_orientorder 100 nnn 12 2 4 6 1 1 1 — Every 100 MD steps, compute two degrees (4 and 6)
with 12 nearest neighbors. Use the averaged definition, and calculate both the original and the normalized wy;
versions.
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5.2.51 compute_phonon

This keyword can be used to compute the phonon dispersions using the finite-displacement method. The results are
written to the D.out output file and the omega?2.out output file.

To use this keyword, please make sure the following files have been preprared in the input directory:

Input filename  Brief description

kpoints.in Specify the k-points along the high-symmetry paths

To use this keyword, replicate keywords must write head in the run. in file.

Syntax

This keyword is used as follows:

compute_phonon <displacement>

displacement is the displacement (in units of A) for calculating the force constants using the finite-displacement
method.

Example

For example, the command:

compute_phonon 0.01

means that one wants to compute the phonon dispersion using a displacement of 0.01 A.

Caveats

This keyword should occur after all the potential keywords.

For two-body potentials, the cutoff distance for force constants can be the same as that for force evaluations. However,
for many-body potentials, the cutoff distance for force constants usually needs to be twice of the potential cutoff distance.
Also make sure that the box size in any direction is at least twice of this force constant cutoff distance.

Related tutorial

The use of the calculate_phonon keyword is illustrated in this tutorial.
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5.2.52 compute_sdc

This keyword computes the self-diffusion coefficient (SDC) from the velocity autocorrelation (VAC) function. If this
keyword appears in a run, the VAC function will be computed and integrated to obtain the SDC. The results will be
written to sdc.out output file.

Syntax

For this keyword, the command looks like:

compute_sdc <sample_interval> <Nc> [<optional_arg>]

with parameters defined as
e sample_interval: Sampling interval of the velocity data
e Nc: Maximum number of correlation steps

The optional argument optional_arg allows an additional special keyword. The keyword for this function is group.
The parameters are:

e group, where group_method is the grouping method to use for computation and group is the group in the
grouping method to use

Examples

An example of this function is:
compute_sdc 5 200 group 1 1
This means that you
* want to calculate the SDC
* the velocity data will be recorded every 5 steps

¢ the maximum number of correlation steps is 200

* you would like to compute only over group 1 in group method 1.

Caveats

This function cannot be used in the same run with the compute_dos keyword.

5.2.53 compute_msd

This keyword computes the self-diffusion coefficient (SDC) from the mean-square displacement (MSD) function. If
this keyword appears in a run, the MSD function will be computed and the SDC is also calculated as a time derivative
of it. The results will be written to msd.out output file.
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Syntax

For this keyword, the command looks like:

compute_msd <sample_interval> <Nc> [<optional_arg>]

with parameters defined as
* sample_interval: Sampling interval of the position data
e Nc: Maximum number of correlation steps

The optional argument optional_arg allows three additional special keyword. The first special keyword is group.
The parameters are:

* group, where group_method is the grouping method to use for computation and group is the group in the
grouping method to use

The second special keyword is al1_groups. This keyword computes the MSD and SDC for each group in the specified
grouping method. Note that group and all_groups cannot be used together. A typical usecase could be to compute
the MSD for each molecule in a system. The parameters are:

* all_groups, where group_method is the grouping method to use for computation

Finally, the third special keyword is save_every. This keyword saves the internal MSD and SDC computed so far
during the simulation, which can be helpful during long running simulations. The file will have a name formatted as
msd_step[step].out. The parameters are:

e save_every, where interval is the number of steps between saving a copy. Note that the copy can only be
written at most every sample_interval steps. Furthermore, the first msd_step[step] . out file will be written
after Nc times sample_interval steps. Subsequent files will be written every interval.

Examples

An example of this function is:

compute_msd 5 200 group 1 1

This means that you
* want to calculate the MSD
* the position data will be recorded every 5 steps
* the maximum number of correlation steps is 200
¢ you would like to compute only over group 1 in group method 1.

To compute the MSD for all groups in group method 1 and save a copy of the MSD every 100 000 steps, one can write:

compute_msd 5 200 all_groups 1 save_every 100000

116 Chapter 5. gpumd executable



GPUMD documentation, Version 5.6

5.2.54 compute_shc

The compute_shc keyword is used to compute the non-equilibrium virial-velocity correlation function K (t) and the
spectral heat current (SHC) J,(w), in a given direction, for a group of atoms, as defined in Eq. (18) and the left part of
Eq. (20) of [Fan2019]. The results are written to the shc.out output file.

Syntax

compute_shc <sample_interval> <Nc> <transport_direction> <num_omega> <max_omega> [{
—.<optional_arg>}]

sample_interval is the sampling interval (number of steps) between two correlation steps. This parameter must be
an integer that is > 1 and < 10.
Nc is the total number of correlation steps. This parameter must be an integer that is > 100 and < 1000.

transport_direction is the direction of heat transport to be measured. It can only be 0, 1, and 2, corresponding to
the z, y, and z directions, respectively.

num_omega is the number of frequency points one wants to consider.

max_omega is the maximum angular frequency (in units of THz) one wants to consider. The angular frequency data
will be max_omega/num_omega, 2*max_omega/num_omega, ..., max_omega.

<optional_arg> can only be group, which requires two parameters:

group <grouping_method> <group_id>

This means that K (¢) will be calculated for atoms in group group_id of grouping method grouping_method. Usu-
ally, group_id should be > 0 and smaller than the number of groups in grouping method grouping_method. If
grouping_method is assigned and group_id is -1, it means to calculate the K (¢) for every group_id except for
group_id O in the assigned grouping_method. Since it is very time and memory consuming to calculate the all
group K (t) for a large system, so one can assign the part that don’t want to calculate to group_id 0. Also, group-
ing method grouping_method must be defined in the simulation model input file. If this option is missing, it means
computing K (t) for the whole system.

Examples

Example 1

The command:

compute_shc 2 250 0 1000 400.0

means that
* you want to calculate K (t) for the whole system
* the sampling interval is 2
* the maximum number of correlation steps is 250
* the transport direction is x
* you want to consider 1000 frequency points

* the maximum angular frequency is 400 THz
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Example 2

The command:

compute_shc 1 500 1 500 200.0 group 0 4

means that
* you want to calculate K (t) for atoms in group 4 defined in grouping method ®
* the sampling interval is 1 (sample the data at each time step)
* the maximum number of correlation steps is 500
¢ the transport direction is y
* you want to consider 500 frequency points

* the maximum angular frequency is 200 THz

Example 3

The command:

compute_shc 1 500 1 500 200.0 group 1 -1

means that
* you want to calculate K (t) for all group_id except for group_id 0 defined in grouping method 1
* the sampling interval is 1 (sample the data at each time step)
¢ the maximum number of correlation steps is 500
¢ the transport direction is y
» you want to consider 500 frequency points

* the maximum angular frequency is 200 THz
Caveats
This computation can be memory consuming.
If you want to use the in-out decomposition for 2D materials, you need to make the basal plane in the zy directions.

5.2.55 compute_viscosity

This keyword can be used to calculate the stress autocorrelation function and viscosity using the Green-Kubo method.
The results will be written to the viscosity.out output file.
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Syntax

This keyword has 2 parameters:

compute_viscosity <sampling_interval> <correlation_steps>

The first parameter is the sampling interval for the stress data. The second parameter is the total number of correlations
steps.

5.2.56 compute_lsqt

This keyword is used to compute the electronic transport properties using the linear-scaling quantum transport (LSQT)
[Fan2021b] approach. LSQT and MD are coupled to account for electron-phonon scattering. Currently, only a
tight-binding model for carbon is supported (hard coded). The results will be written into the files 1sqt_dos.out,
Isqt_velocity.out, and Isqt_sigma.out. This feature is preliminary and changes might be made in the near future.

Syntax

This keyword is used as follows:

compute_lsqt <transport_direction> <num_moments> <num_energies> <E_1> <E_2> <E_max>

e transport_direction is the transport direction, which can take values x, y, and z.
e num_moments is the number of the Chebyshev moments for the energy resolution operator.
* The num_energies energy points increase linearly from E_1 (eV) to E_2 (eV).

* E_max (eV) is an energy value that should be (slightly) larger than the maximum of the absolute energy of the
tight-binding model. This can be determined by trial and error.

Example

compute_lsqt x 3000 10001 -8.1 8.1 8.2

5.2.57 compute_rdf

This keyword is used to compute the radial distribution function (RDF’) for all atoms or pairs of species. It works for
both classical MD and PIMD. The results will be written to the rdf.out file.

Mathematical details

The RDF is proportional to the relative probability of finding atomic pairs at a distance around r in the system, and to
a large extent, reflects the local structural information of the system. It is defined as
V dN(r,dr)
g (7") = N2 2 )
N? Anr2dr

where dN (r, dr) represents the number of particle pairs with distances between r and r + dr, V' is the volume of the
system, and N is the total number of particles in the system.
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It is also possible to calculate the RDF between different element types. In a system with NV, atoms of type a and N,
atoms of type b, gqp(r) and gy, (r) is defined as

V. dNgy(r,dr)
 NoNy  Awr2dr

Gab (T) = Gba (T)

where d Ny, (r, dr) = dNpo(r, dr) is the number of (a, b) particle pairs with distances between r and r + dr.

Syntax

This keyword is used as follows:

compute_rdf <cutoff> <num_bins> <interval>

This means that the RDF calculations will be performed every interval steps, with num_bins data points evenly
distributed from O to cutoff (in units of Angstrom) in terms of the distance between atom pairs.

Starting from GPUMD-v4.9, there is no need to specify the atom pairs and the code will calculate the partial RDF's for
all atom pairs.

Example

compute_rdf 8.0 400 1000 # Calculate all RDFs every 1000 MD steps with 400 data up to 8§ Angstrom

5.2.58 compute_angular_rdf

This keyword is used to compute the angular-dependent radial distribution function (ARDF’) for all atoms or pairs of
species. It works for classical MD. The results will be written to the angular_rdf.out file.

Mathematical details

The ARDF is defined as

n(r,0)

9(r.0) = p2r2ArAG’

where n(r, 0) is the number of pairs of atoms at a distance (r — Ar /2, + Ar/2] and an angle (6 — A0/2,6 + A0/2]
from each other, p is the number density, r is the distance between the atoms, 6 is the angle between the atoms, Ar is
the bin width in distance, and A# is the bin width in angle.

Syntax

This keyword is used as follows:

compute_angular_rdf <cutoff> <r_num_bins> <angular_num_bins> <interval> [atom <il> <i2>_
—atom <i3> <i4> ...]

This means that the ARDF calculations will be performed every interval steps, with r_num_bins data points
evenly distributed from O to cutoff (in units of Angstrom) in terms of the distance between atom pairs, and
angular_num_bins data points evenly distributed from -Pi/2 to Pi/2 in terms of the angle.

Without the optional parameters, only the total ARDF will be calculated.
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To additionally calculate the partial ARDF for a pair of species, one can specify the types of the two species after the
word “atom”. The types O, 1, 2, ... correspond to the species in the potential file in order. Currently, one can specify
at most 6 pairs.

Example

compute_angular_rdf 8.0 400 100 1000 # total ARDF every 1000 MD steps with 400 bins in distance and
100 bins in angle up to 8 Angstrom compute_angular_rdf 8.0 400 100 1000 atom 0 O atom 1 1 atom 0 1 #
additionally calculate 3 partial ARDFs

5.2.59 active

Run on-the-fly active learning, based on committee uncertainty estimates over a group of supplied NEP potentials. Note
that this mode is only supported with NEP potentials. Furthermore, the molecular dynamics simulation is propagated
using the first NEP potential specified in run.in.

The uncertainty o is estimated as the maximum force sample standard deviation on any atom ¢,

of =maxy /o7, + af’y +07.,

where 01-27 w k € x,y, 2, are the sample variances in the k Cartesian direction calculated over the M models. If the
uncertainty exceeds the specified threshold, o¢ > ¢, for a structure in a step of an molecular dynamics simulation, then
that structure is appended to the file active.xyz in the extended XYZ format. Additionally, the simulation time ¢ and o ¢
are written to the file active.out regardless of if oy > ¢.

active takes five arguments. The first four sets the interval for uncertainty estimation and what per atom quantities are
outputted in active.xyz, the fifth keyword sets the threshold ¢ in units of eV/A.

Syntax
active <interval> <has_velocity> <has_force> <has_uncertainty> <threshold>

interval is the interval (number of steps) between checking the uncertainty. If set to 1, the uncertainty will be
computed for every step of the MD simulation. has_velocity can be 1 or 0, which means the velocities will or will
not be included in the exyz output. has_force can be 1 or 0, which means the forces will or will not be included in
the exyz output. has_uncertainty can be 1 or 0, which means the per atom uncertainties will or will not be included
in the exyz output. threshold is a non-negative float, and corresponds to the threshold ¢ in units of eV/A.

Examples

Example 1

To run on-the-fly active learning using a committee of 5 NEP potentials, checking if the uncertainty exceeds 0.01 eV/A
every tenth MD step, write:

potential nep®
potential nepl
potential nep2
potential nep3
potential nep4

active 10 1 1 1 0.01
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before the run keyword. This will generate two output files, active.xyz and active.out.

Caveats

* This keyword is not propagating. That means, its effect will not be passed from one run to the next.

* Molecular dynamics will be run with the first potential specified.

* If the system has exploded, unphysical structures may be saved since no upper bound is set on the uncertainty
o y. Ensure that the resulting structures in active.xyz are physical.

5.2.60 dump_exyz

Write some data into dump.xyz in extended XYZ format.

Syntax

dump_exyz
dump_exyz
dump_exyz
dump_exyz

<interval>
<interval>
<interval>
<interval>

<has_velocity>

<has_velocity> <has_force>

<has_velocity> <has_force> <has_potential>
<has_velocity> <has_force> <has_potential> <separated>

Here, the interval parameter is the output interval (number of steps) of the data. has_velocity can be 1 or 0, which
means the velocities will or will not be included in the output. has_force can be 1 or 0, which means the forces will
or will not be included in the output. has_potential can be 1 or 0, which means the atomic potential energies will
or will not be included in the output. The atomic positions will always be included in the output. separated can be 1
or 0, which means the output will or will not be separated into individual frames.

Examples

dump_exyz
dump_exyz
dump_exyz
dump_exyz
dump_exyz
dump_exyz

—~200.xyz

Caveats

1000
1000
1000
1000
1000

S Rk = =

1
11
11

# dump positions every 1000 steps

# dump positions and velocities

# dump positions, velocities, and forces

# dump positions, velocities, forces, and potentials
# dump positions, forces and potentials

100 ® 1 1 1 # dump positions, forces and potentials into dump.100.xyz, dump.

and so on

* This keyword is not propagating. That means, its effect will not be passed from one run to the next.

* The output file has an appending behavior and will result in a single dump.xyz file no matter how many times the
simulation is run.
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5.2.61 dump_xyz

Write per-atom data into user-specified file(s) in extended XYZ format.

Syntax

dump_xyz <grouping method> <group_id> <inverval> <filename> {<property_1> <property_2> ..
—.}

* grouping_method and group_id are the grouping method and the related group ID to be used.
If grouping_method is negative, group_id will be ignored and data for the whole system will be output.

* interval is the output interval (number of steps) of the data.

e filename is the output file.

If it is ended by a star (*), the data for one frame will be output to one file, named by changing the star to the step
number.

* Then one can write the properties to be output, and the allowed properties include: mass, velocity, force,
potential, virial, charge, bec, group, and unwrapped_position.

» The wrapped positions will always be included in the output.

Examples

ensemble xxx # some ensemble

# dump positions every 1000 steps, for the whole system:
dump_xyz -1 1 1000 positions.xyz

# dump many other quantities every 100 steps, for atoms in group 0 of grouping method 1:
dump_xyz 1 ® 100 properties.xyz mass velocity potential force virial

run 1000000

Caveats

* This keyword is not propagating. That means, its effect will not be passed from one run to the next.
* The output file has an appending behavior.
* Different from many of the other keywords, this keyword is allowed to be invoked multiple times within one run.

* For qNEP models, the charge values dumped out are predicted by the qNEP models. For other models, the charge
values are those specified in model . xyz via charge:R:1.

» The Born effective charge (BEC) is only meaningful for a gNEP model trained with target BEC.
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5.2.62 dump_beads

Write some data (positions and optionally velocities and forces) into beads_dump_<k>.xyz in extended XYZ format,
where <k> runs from 0 to number_of_beads - 1 as set in a run related to path-integral molecular dynamics (P/MD).
Each file thus contains the data for one bead and the format is identical to the dump.xyz output file as generated by the
dump_exyz keyword.

Caveats

* The centroid data (the average over all the beads) for the ring polymer in PIMD-related runs are still output by
the dump_exyz keyword.

* This keyword should not be used in a run not related to PIMD.

5.2.63 dump_observer

Writes atomistic properties such as positions, velocities and forces for each of the supplied NEP potentials in the
extended XYZ format. Takes the same arguments as dump_exyz keyword, and additionally a keyword mode. mode can
either be set to observe or average.

If set to observe, the first of the supplied NEP potentials will be used to propagate the molecular dynamics run, and
the remaining potentials will be evaluated every interval_thermo and interval_exyz time steps. Every interval_thermo
timesteps files in the style of thermo.out will be written, and every interval_exyz timesteps extended XYZ-files will be
written. The files are named according to the following convention:

* .out: observerQ.out, observerl.out, ..., observer(N-1).out for N supplied potentials.
* Xyz: observer(.xyz, observerl.xyz, ..., observer(N-1).xyz for N supplied potentials.

The index of these observer(index) files correspond to the index of each potential in the run.in file. Thus, observer0
corresponds to the first potential, observer! to the second and so on. In this mode, observer0 corresponds to the main
potential.

If set to average, all supplied NEP potentials will be evaluated at every timestep, with the average of all potentials
used to propagate the molecular dynamics. In this case, two files will be written: observer.out every interval_thermo
timesteps, and observer.xyz every interval_exyz timesteps. These files contains the thermo and atomistic properties as
calculated with the average potential.

Note that the supplied potentials must have their atomic species written in the same order, i.e. the line nep* n_species
speciesO species] must be the same in all potential files.

Syntax

dump_observer <mode> <interval_thermo> <interval_exyz> <has_velocity> <has_force>

mode corresponds to the two cases described above, and can be either observe or average. interval_thermo param-
eter is the output interval (number of steps) for writing thermo files. interval_exyz parameter is the output interval
(number of steps) of writing exyz files. has_velocity can be 1 or 0, which means the velocities will or will not be
included in the exyz output. has_force can be 1 or 0, which means the forces will or will not be included in the exyz
output.
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Examples

Example 1

To use one NEP potential to propagate the MD (nep0), and another (nep) to observe thermo properties every 100 steps
and write exyz files every 1000 steps, write:

potential nep®
potential nepl

dump_observer observe 100 1000 1 1

before the run keyword. This will generate four output files, observer0.xyz, observer0.out, observerl.xyz and ob-
serverl.out, containing thermo properties and positions, velocities and forces as calculated with nep0 and nep1 respec-
tively.

Example 2

To run MD with an average of two NEP potentials, nep0 and nep 1, and dump the positions, velocities and forces every
1000 steps, write:

potential nep®
potential nepl

dump_observer average 100 1000 1 1

before the run keyword. This will generate two output files, observer.out containing thermo properties and observer.xyz,
containing positions, velocities and forces as calculated with the average of nep0 and nepi. observer.out will be written
every 100 timesteps, and observer.xyz every 1000 timesteps.

Caveats

* This keyword is not propagating. That means, its effect will not be passed from one run to the next.

* If mode is set to observe, then the output file has an appending behavior and will result in two files, 0b-
server(index).out and observer(index).xyz file for each potential no matter how many times the simulation is
run.

* If mode is set to average, then the output file has an appending behavior and will result in a single observer.xyz
file no matter how many times the simulation is run.

5.2.64 dump_dipole

Predicts the dipole for the current configuration of atoms during MD, using the second supplied NEP. The first potential
should be a regular NEP potential model and is used to run the MD, whilst the second NEP should be a nep*_dipole
model.

5.2. Input parameters 125



GPUMD documentation, Version 5.6

Syntax

dump_dipole <interval>

interval parameter is the output interval (number of steps) for evaluating and writing the dipole.

Examples

Example 1

To use one NEP potential to propagate the MD (nep0), and another (nepI) to compute and write the dipole every 100
steps, write:

potential nep®
potential nepl

dump_dipole 100

before the run keyword. This will generate a dipole.out output files containing the time step and predicted dipole at
that time step.

Caveats

* This keyword is not propagating. That means, its effect will not be passed from one run to the next.

5.2.65 dump_polarizability
Predicts the polarizability for the current configuration of atoms during MD, using the second supplied NEP. The first

potential should be a regular NEP potential model and is used to run the MD, whilst the second NEP should be a
nep*_polarizability model.

Syntax

dump_polarizability <interval>

interval parameter is the output interval (number of steps) for evaluating and writing the polarizability.

Examples

Example 1

To use one NEP potential to propagate the MD (nep0), and another (nep 1) to compute and write the polarizability every
100 steps, write:

potential nep®
potential nepl

dump_polarizability 100
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before the run keyword. This will generate a polarizability.out output files containing the time step and predicted
polarizability at that time step.

Caveats

* This keyword is not propagating. That means, its effect will not be passed from one run to the next.

5.2.66 dump_force

Write the atomic forces to force.out output file.

Syntax

dump_force <interval> {<optional_args>}

The interval parameter is the output interval (number of steps) of the atom forces. At the moment, the optional
arguments (optional_args) can only assume the value group. The option group shoud have two parameters:

group <grouping_method> <group_id>

which means only dumping forces of atoms in group group_id within the grouping method grouping_method. If
this option is not used, the forces will be written for all the atoms.

Examples
Example 1

To dump all the forces every 10 steps for a run, one can add:

dump_force 10
before the run keyword.
Example 2

Similar to the above example, but only for atoms in group 1 within grouping method 2:

dump_force 10 group 2 1

5.2.67 dump_netcdf

Write the atomic positions (coordinates) and (optionally) velocities in NetCDF format to a movie.nc file.
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Syntax

This keyword has the following format:

dump_netcdf <interval> <has_velocity> [{optional_args}]

The interval parameter is the output interval (number of steps) of the atom positions. has_velocity can be 1 or 0,
which means the velocities will or will not be included in the output. The optinal arguments (optional_args) provide
additional functionality. Currently, the following optional argument is accepted:

e precision
— If value is single, the output data are 32-bit floating point numbers.
— If value is double, the output data are 64-bit floating point numbers.

The default value is double.

Requirements and specifications

» This keyword requires an external package to operate. Instructions for how to set up the NetCDF package can be
found here.

The NetCDF format follows the AMBER specifications.

* The single option is good for saving space, but does not follow the official AMBER 1.0 conventions.
* NetCDF output files can be read for example by VMD or OVITO for visualization.

* The NetCDF files also contain cell lengths and angles, which can be used in the visualization software to illustrate
boundaries and show periodic copies of the structure.

Examples

Single precision without veolocities

To dump the positions every 1000 steps to a NetCDF file with 32-bit floating point values, one can add:

dump_netcdf 1000 0O precision single

before the run command.

Double precision with velocities

To dump the positions and velocities every 1000 steps to a NetCDF file with 64-bit floating point values, one can add:

dump_netcdf 1000 1

before the run command.
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Caveats

* Following the AMBER 1.0 conventions, length is in units of Angstrom and velocity is in units of
Angstrom/picosecond.

* This keyword is not propagating. That means, its effect will not be passed from one run to the next.

* The output appends to the same file for different runs in the same simulation. Re-running the simulation will
create a new output file.

« If the file “movie.nc” already exists in the current directory, it will not be overwritten. Instead, files will be

CLINT3

generated with names “movie_2.nc”, “movie_3.nc”, ..., “movie_n.nc”.

* If the precision changes between different runs, the first defined precision will still be used (i.e., changes in
precision are ignored during a simulation).

5.2.68 dump_position

Write the atomic positions (coordinates) to the movie.xyz output file.

Syntax

dump_position <interval> [{optional_args}]

The interval parameter is the output interval (number of steps) of the atom positions.
The optional arguments (<optional_args>) can be group or precision, which can be in any order.

The option group shoud have two parameters:

group <grouping_method> <group_id>

which means only dumping positions of atoms in group group_id within the grouping method grouping_method.
If this option is not used, positions will be dumped for all the atoms.

The option precision should have one parameter which can only be single or double:

precision single # output data with %0.9f format
precision double # output data with %0.17f format

If this option is not used, data will be output with the %g format.

Examples

Example 1

To dump all the positions every 1000 steps for a run, one can add:

dump_position 1000

before the run keyword.
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Example 2

Similar to the above example, but only for atoms in group 1 within grouping method 2:

dump_position 1000 group 2 1

Example 3
Similar to the above example, but using double precision:
dump_position 1000 group 2 1 precision double

or equivalently:

dump_position 1000 precision double group 2 1

Caveats

This keyword is not propagating. That means, its effect will not be passed from one run to the next.

The output file has an appending behavior and will result in a single movie.xyz output file file no matter how many times
the simulation is run.

5.2.69 dump_restart

Write a restart file.

Syntax

This keyword only requires a single parameter, which is the output interval (number of steps) of updating the restart
file:

dump_restart <interval>

Example

To update the restart file every 100000 steps for a run, one can add:

dump_restart 100000

before the run keyword.
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Caveats

This keyword is not propagating. That means, its effect will not be passed from one run to the next.

5.2.70 dump_thermo

This keyword controls the writing of global thermodynamic quantities to the thermo.out output file.

Syntax

This keyword only requires a single parameter, which is the output interval (number of steps) of the global thermody-
namic quantities:

dump_thermo <interval>

Example

To dump the global thermodynamic quantities every 1000 steps for a run, one can add:

dump_thermo 1000

before the run keyword.

Caveats

This keyword is not propagating. That means, its effect will not be passed from one run to the next.

5.2.71 dump_velocity

Dump the atomic velocities to the velocity.out output file.

Syntax

dump_velocity <interval> [{optional_args}]

Here, the interval parameter is the output interval (number of steps) of the atomic velocities. At the moment, the
only optional argument (optional_args) is group. The option group shoud have two parameters:

group <grouping_method> <group_id>

which means only dumping velocities of atoms in group group_id within the grouping method grouping_method.
If this option is not used, velocities will be dumped for all the atoms.
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Examples

Example 1

To dump all the velocities every 10 steps for a run, one can add:
dump_velocity 10

before the run keyword.

Example 2

Similar to the above example, but only for atoms in group 1 within grouping method 2:

dump_velocity 10 group 2 1

5.2.72 dump_shock_nemd

In shock wave piston simulations, it’s often crucial to compute thermo information at different regions, both before and
after the shock wave passage.

Piston simulations commonly involve millions of atoms. Dumping all the virial and velocity data for each atom can lead
to excessively large output files, making data processing cumbersome. The dump_shock_nemd command addresses
this by calculating spatial thermo information during the simulation.

This feature calculates the spatial distribution of partical velocity (km/h), stress (GPa), temperature and density (g/cm3)
in x-direction.

Syntax

dump_shock_nemd interval <time_interval> bin_size <size of each bin>

e The interval parameter sets the output interval (number of steps).

e The bin_size parameter, optional with a default value of 10, defines the thickness of each histogram bin, mea-
sured in Angstroms.

Examples

To output spatial thermo information every 1000 steps for a run in the x-direction, with a bin size of 20 Angstroms,
include the following before the run keyword:

dump_shock_nemd interval 1000 bin_size 20
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5.3 Output files

File name Generating keyword Brief description

thermo.out dump_thermo Global thermodynamic quantities

movie.xyz dump_position Trajectory (atomic positions, velocities etc)

restart.xyz dump_restart The restart file

dump.xyz dump_exyz Atomistic positions, velocities and forces

observer.xyz dump_observer Atomistic quantities as evaluated with observing potentials
observer.out dump_observer Thermodynamic quantities evaluated with observing potentials
active.xyz active Structures selected through active learning

active.out active Simulation time and uncertainty during active learning
dipole.out dump_dipole Predicted dipole

polarizability.out
velocity.out
Jforce.out
compute.out

lt}?l_@l@CIl’Oll_T6111p€I’LULH"@. out

hac.out
kappa.out
shc.out
heatmode.out
kappamode.out
dos.out, mvac.out
dpdt.out
sdc.out

msd.out

ic.out
cohesive.out
D.out
omega2.out
viscosity.out
onsager.out
rdf.out

adf.out
angular_rdf.out
memd.out
Isqt_dos.out
Isqt_velocity.out
lsgt_sigma.out
orientorder.out

dump_polarizability
dump_velocity
dump_force
compute

ensemble with ttm or heat_ttm

compute_hac
compute_hnemd
compute_shc
compute_gkma
compute_hnema
compute_dos
compute_dpdt
compute_sdc
compute_msd
compute_ic
compute_cohesive
compute_phonon
compute_phonon
compute_viscosity
compute_hnemdec
compute_rdf
compute_adf
compute_angular_rdf
mc

compute_lsqt
compute_lsqt
compute_lsqt
compute_orientorder

Predicted polarizability

Contains the atomic velocities

Contains the atomic forces

Time and space (group) averaged quantities

Electron temperature snapshots on the TTM grid
Thermal conductivity data from the £//D method
Thermal conductivity data from the HNEMD method
Spectral heat current (SHC) data

Modal heat current data from GKMA method

Modal thermal conductivity data from HNEMA method
Phonon density of states (PDOS) data

time derivative of the polarizability and its time integration
Self-diffusion coeflicient (SDC) data

Mean-square displacement (//SD) data

Iron conductivity (/C) data

Cohesive energy curve

Dynamical matrices D(k) for the input k points
Phonon frequency squared w? (k) for the input k-points
Viscosity and stress auto-correlation function

Onsager coeflicients

Radial distribution function (RDF)

Angular distribution function (ADF)
Angular-dependent radial distribution function (ARDF’)
Acceptance ratio and species concentrations

Electronic density of states

Electron group velocity

Electrical conductivity

Steinhardt bond-orientational order parameters
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5.3.1 cohesive.out

This file contains the cohesive energy data produced when invoking the compute_cohesive keyword.

File format

There are two columns, the first column gives the isotropic scaling factors (dimensionless) and the second column gives
the corresponding potential energies (in units of eV) after energy minimization.

5.3.2 compute.out

This file contains space and time averaged quantities. It is produced when invoking the compute keyword.

File format
Assuming that the system is divided into M groups according to the grouping method used by the compute keyword
keyword, then:

* if temperature is computed, there are M columns of group temperatures (in units of K) from left to right

* if potential is computed, there are M columns of group potentials (in units of eV) from left to right

« if force is computed: there are 3M columns of group forces (in units of eV/A) from left to right in the following
form:

fx 1 ... £x M fy 1 ... fy M fz_1 ... fz M

« if virial is computed, there are 9M columns of group virials (in units of V) from left to right in the order of xx,
Xy, XZ, YX, YY, YZ, ZX, ZY, ZZ.

« if the potential part of the heat current is computed, there are 3M columns of group potential heat currents (in
units of eV3/2 amu~1/2) from left to right in a form similar to that for force

« if the kinetic part of the heat current is computed, there are 3M columns of group kinetic heat currents (in units
of eV3/2 amu—"/2) from left to right in a form similar to that for force

+ if momentum is computed, there are 3/ columns of group momenta (in units of amu'/? eV'/2) from left to
right in a form similar to that for force

* if temperature is computed, the last second column is the total energy of the thermostat coupling to the heat
source region (in units of V) and the last column is the total energy of the thermostat coupling to the heat sink
region (in units of eV)

Note that regardless of the order of properties in the compute keyword, the order of the output data is fixed as given
above.

For runs that do not use explicit source and sink thermostats, such as a pure ttm run, the last two columns are present
but remain zero.
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5.3.3 ttm_electron_temperature.out

This file contains electron temperature snapshots from ttmand heat_ttmruns. Itis written every ttm_out_interval
steps and the output mode is overwrite.

File format

The file starts with a header such as:

electron temperature snapshots for TTM
nx 1 ny 1 nz 12

active_x 1 1 active_y 1 1 active_z 3 10
properties_file yes

electron_source 0.0000000000e+00
output_interval 50 step(s)

columns: ix iy iz T_e[K]

oW R W R R W%

Each snapshot starts with:

# step 2000

followed by one line for each electron grid cell:
ix iy iz T_e
where:

e ix, iy, iz are the 1-based electron-grid indices

* T_e is the electron temperature in K

Notes

* The grid order is x-fastest, then y, then z.

¢ Cells outside the active TTM region are written with zero electron temperature.

5.3.4 D.out

This file contains the dynamical matrices D (k) at different k-points.

File format

The file contains 3 * N_basis * N_kpoints rows and 6 * N_basis columns, where N_basis is the number of
basis atoms in the unit cell defined and N_kpoints is the number of k-points from kpoints.in input file created.

Each consecutive 3 * N_basis rows correspond to one k-point. For each k-point, the first 3*N_basis columns
correspond to the real part and the second 3*N_basis columns correspond to the imaginary part. Schematically, the
file is organized as:

D_real (k_0) D_imag(k_0)
D_real(k_1) D_imag(k_1)
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The matrix elements are in units of €V A~2 amu—!.

5.3.5 ic.out

This file contains the iron conductivity (/C) based on mean-square displacement (MSD). It is generated when invoking
the compute_msd keyword.

File format

The data in this file are organized as follows:
e column 1: correlation time (in units of ps)
e column 2: IC (in units of mS/cm) in the x direction
¢ column 3: IC (in units of mS/cm) in the y direction
e column 4: IC (in units of mS/cm) in the z direction

Only the element selected which in potential via the arguments of the compute_msd_keyword is included in this output.

5.3.6 dos.out

This file contains the data of the phonon density of states (PDOS). It is produced when invoking compute_dos keyword
in the run.in input file.

File format

The file is organized as follows:
e column 1: angular frequency w (in units of THz)
e column 2: DOS (in units of 1/THz) in the x direction
e column 3: DOS (in units of 1/THz) in the y direction
e column 4: DOS (in units of 1/THz) in the z direction

If there are multiple groups to be calculated as specified in the compute_dos keyword, data will be output group by
group, each occupying the same number of rows (the number of frequency points).

5.3.7 dpdt.out

This file contains the time derivative of the polarization and its time integration. The integration assumes a starting
value of zero for the polarization. It is produced when invoking compute_dpdt keyword in the run.in input file.
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File format

The file is organized as follows:

column 1: time (in units of fs)

column 2: time derivative of the polarization in the x direction dP,,/dt (in units of e A / fs)

column 3: time derivative of the polarization in the y direction dP, /dt (in units of e A / fs)

column 4: time derivative of the polarization in the z direction dP, /dt (in units of e A / fs)

column 5: polarization in the x direction P, (in units of e A)
column 6: polarization in the y direction P, (in units of ¢ A)

column 7: polarization in the z direction P, (in units of e A)

5.3.8 force.out

This file contains the per-atom forces of the atoms sampled at a given frequency. It is produced when invoking
dump_force keyword.

File format

fx_1(1) £fy_1(1)
fx_2(1) £fy_2(1)

j.:"}.c;N(l) fy_N(1)
fx_1(2) £y_1(2)
vx_2(2) fy_2(2)

£ N2 £y_N(2)

fz_1(1)
fz_2(1)

fz_N(1D)
fz_1(2)
fz_2(2)

fz_N(2)

There are three columns, corresponding to the x, y, and z components of the force.

Each N consecutive lines correspond to one frame at a given time point.

The number of lines equals the number of frames times N.

fx_m(n) is the  component of the m-th atom in the n-th frame.
fy_m(n) is the y component of the m-th atom in the n-th frame.
fz_m(n) is the z component of the m-th atom in the n-th frame.

Force components are in units of eV/A.
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5.3.9 hac.out

This file contains the heat current auto-correlation (HAC) function and the running thermal conductivity (R7C) from
the the EMD method for heat transport method. It is produced when invoking the compute_hac keyword in the run.in
input file.

File format

This file reads
* column 1: correlation time (in units of ps)
(JIn(0)J©4(t)) (in units of eV3/amu)
e column 3: (J%"(0)J©(¢)) (in units of eV3/amu)
(Ji1(0)Ji2(t)) (in units of eV?/amu)

e column 2:

* column 4:
*(0)Jy>*(t)) (in units of eV?/amu)

y
* column 5: (J;*(0
e column 6: (J©4(0)J(¢)) (in units of eV3/amu)
)

e column 7: &! () (in units of W/mK)
¢ column 8: k2" (¢) (in units of W/mK)
* column 9: s} (t) (in units of W/mK)
* column 10: x5 (t) (in units of W/mK)
o column 11: £%'(¢) (in units of W/mK)

Note that the HAC and the RTC are decomposed as described in [Fan2017]. This decomposition is useful for 2D
materials but not necessary for 3D materials. For 3D materials, one can sum up some columns to get the conventional
data. For example:

(TH0) (1) = (J(0)J3(1) + (T3 (0). T3 (1))
and
Ky (t) = Ky () + K3 (1)

Note that the cross term introduced in [Fan2017] has been evenly attributed to the in-plane and out-of-plane compo-
nents. This has been justified in [Fan2019].

Only the potential part of the heat current is included. If the convective part of the heat current is important in your
system, you can use the compute keyword to calculate and output the heat current data and post-process it by yourself.

5.3.10 heatmode.out

This file contains the modal heat current generated by the Green-Kubo Modal Analysis (GKMA) method. It is produced
when invoking the compute_gkma keyword in the run.in input file.
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File format

This file reads:
T ,in x,0ut Y,in y,out 2
Jl,l Jl,l ‘]1,1 Jl,l Jl 1
T,in z,out Y,in y,out z
J1,2 J1,2 JLQ J1,2 J1,2
x,in x,out Y,in y,out 2
Jl,n Jl,n Jl,n Jl,n J
x,in x,0ut Y,in y,out 2z
JZ,I J2,1 ‘]2,1 J2,1 J2,1
* Each output is in units of eV3/2amu~—1/2.

* The indices denote the output number (left) and the bin (right).

 Each output will have n bins, which are determined by the arguments of the compute_gkma keyword.

5.3.11 kappa.out

This file contains some components of the running thermal conductivity (R7C) tensor from the homogeneous nonequi-
librium molecular dynamics (HNEMD) method. It is generated when invoking the compute_hnemd keyword.

File format

If the driving force is in the p (i can be z, y, or z) direction, this file reads:
* column 1: s}, (t) (in units of W/mK)
e column 2: n;’;‘f t) (in units of W/mK)

T
xT
* column 3: £},
e column 4: K;ﬁ; t

tot
nz

(in units of W/mK)

t) (in units of W/mK)

(
(t)
(t) (in units of W/mK)
(t)
* column 5: K% (

Both k,,;(t) and &, (t) have been decomposed into comtributions from in-plane (hence superscript in) and out-of-
plane (hence superscript out) vibrational modes, as described in [Fan2019]. This decomposition is useful for 2D (or
layered) materials but is not necessary for 3D materials. For 3D materials, one can sum up some columns to get the
conventional data. That is:

Ry (1) = Ry (8) + K ()
Koy (1) = Ky (1) + K5y (L)

Only the potential part of the heat current has been considered. To simulation systems in which the convective heat
current is important, one would have to modify the source code.
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5.3.12 kappamode.out

This file contains the modal thermal conductivity generated by the homogeneous nonequilibrium modal analysis
(HNEMA) method. It is generated when invoking the compute_hnema keyword.

File format
This file reads:
T,in x,out Yy,in y,out z
ki1 K1 K11 K11 K11
T,in x,out y,in y,out z
K12 K12 Kl2 K1 K12
T,in x,out Y,in y,out z
K’l,n 1,n Kl,n Hl,n K’l,n
x,in x,out Yy,in y,out z
Ko1 Ko K1 K21 K21

* The output is in units of Wm—'K~1/2,
* The indices denote the output number (left) and the bin (right).

 Each output comprises n bins, which are determined by the arguments of the compute_hnema keyword.

5.3.13 mvac.out

This file contains the data of mass-weighted velocity autocorrelation (VAC). The file is generated when invoking the
compute_dos keyword.

File format

The file is organized as follows:
e column 1: correlation time (in units of ps)
e column 2: VAC (in units of A2/s?) in the math:x direction
¢ column 3: VAC (in units of Az/sz) in the math:y direction
e column 4: VAC (in units of A2/s?) in the math:z direction

Only the group selected via the compute_dos keyword is included in the output.

5.3.14 movie.xyz

This file contains the positions (trajectory) of the atoms sampled at a given frequency. It is geenrated when invoking
the dump_position keyword.
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File format

This file is written in extended xyz format. Specifically, it reads:

number_of_atoms
frame_label
type_1 x1 yl z1

number_of_atoms
frame_label
type_1 x1 yl z1

¢ The first line: number_of_atoms is the number of atoms for one frame.
* The second line: frame_label is the frame label (starting from 0) within a run.

e The third line: type_1 is the atom type for atom 1 and x1 y1 z1 are the position components (in units of
Angstrom) for this atom.

¢ Then there are number_of_atoms - 1 additional lines for the current frame.

* Then the pattern above is repeated.

5.3.15 omega2.out

This file contains the squared frequencies w? (k) at different k-points.

File format

There are N_kpoints rows and 3 * N_basis + 1 columns, where N_basis is the number of atoms in model.xyz,
and N_kpoints is the number of k-points generated from high-symmetry points in the kpoints.in input file.

*

Each line corresponds to one k-point. Each line contains 3 * N_basis + 1 numbers, the first column represents the

relative distance along the high-symmetry path, while the remaining columns correspond to the 3 * N_basis values
for w? (k) (in units of THz?) in the order of increasing magnitude.

5.3.16 restart.xyz

This is the restart file. It is generated when invoking the dump_restart keyword.

File format

This file has the same format as the simulation model input file.
¢ The output mode for this file is overwrite.

* By renaming (or copying) this file to model.xyz one can restart a simulation.
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5.3.17 dump.xyz

File containing atomistic positions, velocities and forces. It is generated when invoking the dump_exyz keyword.

File format

This file is in the extended XYZ format. The output mode for this file is append.

5.3.18 observer.xyz

File containing atomistic positions, velocities and forces. It is generated when invoking the dump_observer keyword.

¢ In the case of dump_observer being in observe mode, an XYZ-file for each potential will be written with the
potential index in the run.in-file appended to the filename. For example, observer0.xyz corresponding to the first
NEP potential specified in run.in, observerl.xyz to the second, and so forth.

* In the case of mode being average, only a single file will be written, corresponding to the average of the supplied
NEP potentials.

File format

This file is in the extended XYZ format. The output mode for this file is append.

5.3.19 observer.out
This file contains the global thermodynamic quantities sampled at a given frequency, for each of the specified potentials.
This file is generated when the dump_observer keyword is invoked, which also controls the frequency of the output.

* If mode in dump_observer is set to observe, then one file will be written for each of the N specified potentials,
with the name observer*.out.

¢ If mode in dump_observer is set to average, then only a single file will be written, correspond to the thermody-
namic quantities computed with the average potential.

Refer to thermo.out for the format of this file.

5.3.20 dipole.out

This file contains the global thermodynamic quantities sampled at a given frequency, for each of the specified potentials.
This file is generated when the dump_dipole keyword is invoked, which also controls the frequency of the output.

File format

The output mode for this file is append. The file format is as follows:

column 1 2 3 4
quantity time_step mu_x mu_y mu_z
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5.3.21 polarizability.out

This file contains the global thermodynamic quantities sampled at a given frequency, for each of the specified potentials.
This file is generated when the dump_polarizability keyword is invoked, which also controls the frequency of the output.

File format

The output mode for this file is append. The file format is as follows:

column 1 2 3 4 5 6 7
quantity time_step p_XX p_yy P_ZZ P_Xy P_YZ pP_zZX

5.3.22 active.xyz
File containing atomistic positions, velocities, forces and uncertainties for structures written during on-the-fly active

learning. It is generated when invoking the active keyword. Only structures with uncertainty exceeding the threshold
0 will be written; thus, if no such structure is encountered during the MD simulation, this file will be missing.

File format

This file is in the extended XYZ format. The output mode for this file is append.

5.3.23 active.out
This file contains the simulation time ¢ and uncertainty oy for each step of the MD simulation that has been checked

during active learning. This file is generated when the active keyword is invoked, which also controls the frequency
with which to check the uncertainty.

Note that the time and uncertainty will be written to this file regardless of if the structure exceeds the threshold §.
File format

There are two columns in this file:

column 12
quantity t s

where the first column is the time in fs, and the second is the observed uncertainty in eV/A.

5.3.24 sdc.out

This file contains the velocity autocorrelation (VAC) and self diffusion coefficient (SDC). It is generated when invoking
the compute_sdc keyword.
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File format

The data in this file are organized as follows:

* column 1: correlation time (in units of ps)

« column 2: VAC (in units of A%/ps?) in the x direction
« column 3: VAC (in units of A%/ps?) in the y direction
e column 4: VAC (in units of 10\2/p52) in the z direction
¢ column 5: SDC (in units of AZ/ps) in the x direction
« column 6: SDC (in units of A%/ps) in the y direction
+ column 7: SDC (in units of A%/ps) in the z direction

Only the group selected via the arguments of the compute_sdc_keyword is included in this output.

5.3.25 msd.out

This file contains the mean-square displacement (MSD) and self diffusion coefficient (SDC). It is generated when
invoking the compute_msd keyword.

File format

The data in this file are organized as follows:
e column 1: correlation time (in units of ps)
e column 2: MSD (in units of Az) in the x direction
e column 3: MSD (in units of A2) in the 1y direction
e column 4: MSD (in units of A2) in the z direction
* column 5: SDC (in units of A%/ps) in the z direction
e column 6: SDC (in units of Azlps) in the y direction
e column 7: SDC (in units of Azlps) in the z direction
Only the group selected via the arguments of the compute_msd_keyword is included in this output.

In the case of all_groups having been specified, a set of columns ordered like above will be written for each group in
the selected grouping method. For example, in a system with three groups, a total of 19 columns will be written. The
first column is the time, columns 2-7 are the MSD and SDC for the first group, columns 8-13 for the second group, and
columns 14-19 for group 3.

5.3.26 shc.out

This file contains the non-equilibrium virial-velocity correlation function K (¢) and the spectral heat current (SHC)
Jq(w), in a given direction, for a group of atoms, as defined in Eq. (18) and the left part of Eq. (20) of [Fan2019]. It is
generated when invoking the compute_shc keyword.
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File format
For each run, there are 3 columns and 2*Nc-1 + num_omega rows. Here, Nc is the number of correlation steps and
num_omega is the number of frequency points.
In the first 2*Nc-1 rows:
* column 1: correlation time ¢ from negative to positive, in units of ps
* column 2: K™(¢) in units of A eV/ps
* column 3: K°"(¢) in units of A eV/ps

K™ (t) + K°U(t) = K(t) is exactly the expression in Eq. (18) of [Fan2019]. The in-out decomposition follows the
definition in [Fan2017], which is useful for 2D materials but is not necessary for 3D materials.

In the next num_omega rows:

 column 1: angular frequency w in units of THz

* column 2: Jf;‘ (w) in units of A eV/ps/THz

* column 3: J¢"(w) in units of A eV/ps/THz
Jit(w) + Jo" (w) = Jy(w) is exactly the left expression in Eq. (20) of [Fan2019].
Only the potential part of the heat current has been included.

If group_id is -1, then the file follows the above rules and will contain K (¢) and J,(w) for each group id except for
group id 0. And the contents of the :attr: ‘group_id’ are arranged from smallest to largest.

5.3.27 thermo.out

This file contains the global thermodynamic quantities sampled at a given frequency. The frequency of the output is
controlled via the dump_thermo keyword.

File format

There are 18 columns in this output file, each containing the values of a quantity at increasing time points:

column 1234 5 6 7 8 9 10 11 12 13 14 15 16 17 18
quantity T K U Pxx Pyy Pzz Pyz Pxz Pxy ax ay az bx by bz cx cy cz

* T is the temperature (in units of K)

* K is the kinetic energy (in units of eV) of the system

* U is the potential energy (in units of eV) of the system

* Pxx is the pressure (in units of GPa) in the xx direction

* Pyy is the pressure (in units of GPa) in the yy direction

* Pzz is the pressure (in units of GPa) in the zz direction

* Pyz is the pressure (in units of GPa) in the yz direction

* Pxz is the pressure (in units of GPa) in the xz direction

* Pxy is the pressure (in units of GPa) in the xy direction
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* ax ay az bx by bz cx cy cz are the components (in units of Angstrom) of the triclinic box matrix formed
by the following vectors:

a = aze; +ayey +a.e,
b=be,+bye, +b.e,

C=cCzey +cyey +cre;

Caveats

» The data in this file are also valid for PIMD-related runs, but note that in this case the output temperature is just
the target one. The energy and pressure contain the virial-estimator contributions.

5.3.28 velocity.out

This file contains the velocities of the atoms sampled at a given frequency. It produced when invoking the dump_velocity
keyword.

File format

vx_1(1) vy_1(1) vz_1(1)
vx_2(1) vy_2(1) vz_2(1)

\.r}.(;N(l) vy_N(1) vz_N(1)
vx_1(2) vy_1(2) vz_1(2)
vx_2(2) vy_2(2) vz_2(2)

\./}.(;N(Z) vy_N(2) vz_N(2)

* There are three columns, corresponding to the z, ¢, and z components of the velocity.
» Each N consecutive lines correspond to one frame at a given time point.

¢ The number of lines equals the number the number of frames times N.

e vx_m(n) is the x component of the m-th atom in the n-th frame.

e vy_m(n) is the y component of the m-th atom in the n-th frame.

e vz_m(n) is the z component of the m-th atom in the n-th frame.

* Velocity components are in units of A/fs.

5.3.29 viscosity.out

This file contains the stress auto-correlation function and the running viscosity from the Green-Kubo method. It is
produced when invoking the compute_viscosity keyword in the run.in input file.
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File format

This file reads

column 1: correlation time (in units of ps)
column 2: (S, (0)S,.()) (in units of eV?)
column 3: (S, (0)S,,(t)) (in units of eV?)
column 4: (S,.(0)S..(t)) (in units of eV?)
column 5: (S;,(0)S,,(t)) (in units of eV?)
column 6: (S, (0)S,.(t)) (in units of eV?)

(Sy=(0)Sy=(t))

(Sya(0) )

(S22(0) )

t)
column 7: (S,.(0)Sy-(t)) (in units of eV?)
column 8: (S,;(0)Sy.(t)) (in units of eV?)
column 9: (S.,(0)S,.(t)) (in units of eV?)

column 10: (S.,(0)S,,(¢)) (in units of eV?)

column 11: 1., = ﬁ fg(Sm 0)Sy(t'))dt’ (in units of Pa s)

(

t
column 12: 7, = k}g%v Jo (Syy(
(

)
column 13: 7,, = kBlTV fof S..(0)S,.(t))dt’ (in units of Pa s)

: 1t
column 14: 1y = v [y

(
(
(
column 15: 7,2 = 7=y [ (Sez(0)Sez (¢
column 16: 7, = kB%V fot<
column 17: 1y, = TV 0<
column 18: 1., = = [, (
(

column 19: 1.y = =7 Jo

The shear viscosity can be calculated as ng = % (Ney + Nz + Myz)-

The longitudinal viscosity can be calculated as 7, = % (Naz + Nyy + Nzz)-

The bulk viscosity g can be calculated from ng + %ns =nL.

We have the following symmetric property, 17,3 = 7)g«, Which should be confirmed by the output data.

5.3.30 onsager.out

This file contains some components of the running onsager coefficients tensor from the homogeneous non-equilibrium
molecular dynamics Evans-Cummings algorithm (HNEMDEC) method. It is generated when invoking the com-
pute_hnemdec keyword.
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File format

If the driving force is in the p (¢ can be z, y, or z) direction and the dissipative flux is set as heat flux, for a system
with M elements, this file reads:

column 1: L3} (¢) (in units of W/mK)
column 2: L1, (¢) (in units of W/mK)

column 3: L3}, (t) (in units of W/mK)

(t)

(t)
column 4: Ly, (¢) (in units of 10~%kg/smK)
column 5: L, () (in units of 10~ 6kg/s/m/K)
(t)

column 6: L%, (¢) (in units of 10 5kg/s/m/K)

column 3M+1: LY4(¢) (in units of 10~kg/smK)

column 3M+2: Ly(¢) (in units of 10~ kg/smK)

column 3M+3: LY3(¢) (in units of 10~ kg/smK)

If the dissipative flux is changed to momentum flux of component ¢, this file reads:

column 1: L% (¢
column 2: LI% () (in units of 10~%kg/smK)
column 3: L4%(t) (in units of 10~ %kg/smK)

) (in units of 10~ %kg/smK)
n(t)
(1)
column 4: L1%(t) (in units of 107 12kgs/m3K)
n(t)
o (1)

T
column 5: L% (t) (in units of 10~ "?kgs/m*K

column 6: L1%(¢) (in units of 10~ 12kgs/m>K

column 3M + 1: L[ (t) (in units of 10~'?kgs/m3K)

column 3M + 2: LM (¢) (in units of 10~ *2kgs/m>K)

Yy

column 3M + 3: L/ (t) (in units of 10~ '?kgs/m3K)

Both the potential part and the kinetic part of the heat current have been considered. One can obtain the onsager
coefficent A7} by:

The thermal conductivity can be derived from the onsager matrix A, that is:

m
AT

K =

l — TQLZ;.Z

1

T2(A~")oo
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5.3.31 rdf.out

This file contains the radial distribution function (RDF). It is generated when invoking the compute_rdf keyword.

File format

The data in this file are organized as follows:
* column 1: radius (in units of A)
¢ column 2: The (RDF) for the whole system

 column 3 and more: The (RDF) for specific atom pairs if specified

5.3.32 adf.out

This file contains the Angular Distribution Function (ADF). It is generated when the compute_adf keyword is used.

File Format

For global ADF, the data in this file are organized as follows:
e Column 1: Angles (in degrees)
¢ Column 2: The (ADF) for the entire system

For local ADF, the data are organized as follows:
e Column 1: Angles (in degrees)

* The next Ntriples columns: The (ADF) for each specific atom triple

5.3.33 mcmd.out

This file contains some data related to (M/C) simulation. It is generated when invoking the mc keyword.

File format

The data in this file are organized as follows:
* column 1: number of MD steps
e column 2: acceptance ratio of the MC trials

* column 3 and more: species concentrations in the specified order
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5.3.34 lsqt_dos.out

This file contains the electronic density of states (DOS) from linear-scaling quantum transport (LSQT') calculations. It
is produced when invoking the compute_lsqt keyword in the run.in input file.

File format

» Each row contains the DOS values (in units of states/atom/eV) for the specified energies.
¢ The number of columns equals the number of energy points.

* Different rows are from different time points in the //D simulation (supposed to be an equilibrium one), which
can be averaged.

5.3.35 lsqt_velocity.out

This file contains the electron group velocity from linear-scaling quantum transport (LSQT') calculations. It is produced
when invoking the compute_lsqt keyword in the run.in input file.

File format

» Each row contains the electron group velocity values (in units of m/s) for the specified energies.
¢ The number of columns equals the number of energy points.

* Different rows are from different time points in the //D simulation (supposed to be an equilibrium one), which
can be averaged.

» Data within band gaps are not reliable and should not be trusted.

5.3.36 1lsqt_sigma.out

This file contains the running electrical conductivity ¥(E, ¢) as a function of energy E and correlation time ¢, from
linear-scaling quantum transport (LSQT') calculations. It is produced when invoking the compute_lsqt keyword in the
run.in input file.

File format
¢ The number of columns equals the number of energy points. The energy values can be inferred from the param-
eters to the compute_lsqt keyword.

* The number of rows equals the product of the number of MD steps for one run and the number of independent
runs (supposed to be equilibrium ones), and the results from different runs can thus be averaged to reduce the
statistical uncertainties.

* The electrical conductivity values are in units of S/m.
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5.3.37 angular_rdf.out

This file contains the angular-dependent radial distribution function (ARDF’) data.

File Format

The file has the following columns:
1. radius: The radial distance r (in A)
2. theta: The angle € (in radians, from -7 to 7)
3. total: The total ARDF g(r, ) for all atom pairs
4. type_i_j: The partial ARDF g(r, 6) for atom pairs of type i and j (if specified)

For each radius value, there will be multiple rows corresponding to different angle values.

Example

Here is an example of the file content:

#radius theta total type_0_0 type_1_1 type_0_1
0.05 -3.14159 0.00000 0.00000 0.00000 0.00000
0.05 -3.07959 0.00000 0.00000 0.00000 0.00000

5.3.38 orientorder.out

This file stores the Steinhardt order parameters. It is automatically generated when the compute_orientorder keyword

is invoked.

File format

The data are written in a repeating block structure:

* First line: the current simulation step.

¢ Second line: column headers indicating the computed degrees. For example, if degrees 4 and 6 are calculated

together with their w; versions, the column names will be: q14 ql6 wl4 wl6

* Subsequent lines: per-atom order parameter values for the given step.
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CHAPTER
SIX

NEP EXECUTABLE

6.1 Input files

To run a NEP construction using the nep executable, one has to prepare three input files that respectively specificy the
parameters of the NEP model (nep.1in), the training dataset (train.xyz), and the fest dataset (test.xyz).

6.1.1 nep.in

This file specifies hyperparameters used for training neuroevolution potential (VEP) models, the functional form of
which is outline /iere. The NEP approach was proposed in [Fan2021] (NEP1) and later improved in [Fan2022a] (NEP2),
[Fan2022b] (NEP3), and [Song2024] (NEP4). Currently, we support NEP3 and NEP4, which can be chosen by the
version keyword.

File format
In this input file, blank lines and lines starting with # are ignored. One can thus write comments after #.
All other lines need to be of the following form:

keyword parameter_1 parameter_2 ...

Keywords can appear in any order with the exception of the rype_weight keyword, which cannot appear before the 7ype
keyword.

The type keyword does not have default parameters and must be set. All other keywords have default values.
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Keywords

Example

Keyword Brief description
version select the NEP version
type number of atom types and list of chemical species

type_weight
model_type
charge_mode
prediction
zbl

cutoff
n_max
basis_size

[ _max
neuron
lambda_1
lambda_2
lambda_e
lambda_f
lambda_v
atomic_v
force_delta
batch
population
generation

force weights for different atom types

select to train potential, dipole, or polarizability

select the charge mode for a potential model

select between training and prediction (inference)

outer cutoff for the universal ZBL potential [Ziegler1985]
radial (r}}) and angular (r?) cutoffs

size of radial (n, ) and angular (n% ) basis

number of radial (N]f;s) and angular (Nfas) basis functions
expansion order for angular terms

number of neurons in the hidden layer (Vyey)

weight of £;-norm regularization term

weight of L£o-norm regularization term

weight of energy loss term

weight of force loss term

weight of virial loss term

fit atomic or global virial

bias term that can be used to make smaller forces more accurate
batch size for training

population size used in the SNVES algorithm [Schaul2011]
number of generations used by the SNES algorithm [Schaul2011]

A

Here is an example nep. in file using all the default parameters:

type
version
cutoff
n_max
basis_size
1_max
neuron
lambda_e
lambda_£
lambda_v
batch
population
generation

Te Pb

100000

#
#
#
#
#
#
#
#
#
#
#
#
#

this is a mandatory keyword
the only option

please choose these reasonably
default

default

default

default

default

default

default

default

default

default

The NEP tutorial illustrates the construction of a NEP model. More examples can be found in this repository.
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6.1.2 train.xyz and test.xyz

The train.xyz file, which contains the training data for the construction of a NEP model, and the test.xyz file,
which contains the corresponding test data, both need to be provided in extended xyz file format. Each structure (or
configuration or frame) occupies N + 2 lines, where N is the number of atoms in the structure.

Format for a single structure

Line 1

The first line should only contain one field, which is the number of atoms in the structure V.

Line 2

This line consists of a number of keyword=value pairs separated by spaces. Spaces before and after = are allowed.
All the characters are case-insensitive. value can be a single item or a number of items enclosed by double quotes,
such as keyword="value_1 value_2 value_3". Here, the different values are separated by spaces and spaces after
the left " and before the right " are allowed. For example, one can write keyword=" value_1 value_2 value_3

Essentially any keyword is allowed, but we only read the following ones:
e lattice="ax ay az bx by bz cx cy cz" is mandatory and gives the cell vectors:
a = aze; +aye, +aze,
b="b.e,+bye, +b.e,

C = cCgey +cyey +ce,

energy=energy_value such as energy=-123.4 is mandatory and gives the target energy of the structure,
which is —123.4 eV in this example.

virial="vxx vXy vXz vyx vyy vyz vzx vzy vzz" is optional and gives the 3 x 3 virial tensor of the
structure in eV. Positive and negative values represent compressed and stretched states, respectively.

stress="SXX SXy SXZ SYX SYy syz szx szy szz" is optional and gives the 3 x 3 stress tensor of the
structure in eV/A3. Positive and negative values represent stretched and compressed states, respectively. If both
virial and stress are present the former is used.

weight=relative_weight is optional and gives the relative weight for the current structure in the total loss
function.

properties=property_name:data_type:number_of_columns is mandatory but only read the following
items:

— species:S:1 chemical symbol in the periodic table (case-sensitive)

pos:R:3 position vector

force:R:3 or forces:R: 3 target force vector

— bec:R:9 target Born effective charge (BEC) tensor (optional)

If a dipole model is to be trained, energy, virial, stress, and force will be ignored and one should additionally
provide dipole="dx dy dz", which is the dipole vector of the structure.

If a polarizability model is to be trained, energy, virial, stress, force, and dipole will be ignored and one should
additionally provide pol="pxx pxy pxz pyx DYy PYyz pzx pzy pzz", which is the polarizability tensor of
the structure.
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Starting from line 3

Each line should contain the same number of items, which are determined by the property keywords on line 2.

Units

Tips

6.2

Length and position are expected in units of Angstrom.

The energy is expected in units of eV.

Forces are expected in units of eV/A.

Virials are expected in units of eV (such that the virial divided by the volume yields the stress).

Dipole and polarizability can be in arbitrary units (such as the Hartree atomic units) as liked (and remembered)
by the user.

BEC is in units of elementary charge e.

Periodic boundary conditions are always assumed for all directions in each configuration. When the box thickness
in a direction is smaller than twice of the radial cutoff distance, the code will internally replicate the box in that
direction.

The minimal number of atoms in a configuration is 1. The user is responsible for choosing a sensible reference
energy when preparing the energy data. But this is not crucial as the absolute energies are not relevant in the
present context. However, because NEP training uses single precision, accuracy will be lost if any reference
energy is smaller than -100 eV/atom. The code will give a warning message in this case.

The energy and virial data refer to the total energy and virial for the system. They are not per-atom but per-cell
quantities.

The BEC is optional. You can also have it only for some structures.

Input parameters

Below you can find a listing of keywords for the nep. in input file.

6.2.1

version

This keyword selects which NEP version should be used. The syntax is:

version <version_number>

Here, <version_number> must be an integer, which can only be 4, corresponding to NEP4.

More information about the NEP formalism can be found /ere.
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6.2.2 prediction

This keyword instructs nep to evaluate a model against a set of structures without starting an optimization. This requires
anep.txt file, in addition to the nep.in file, to be present. Note that only the structures in train.xyz are included
in the prediction. The syntax is:

prediction <mode>

where <mode> must be an integer that can assume one of the following values.

Value Mode
0 optimization mode (default)
1 prediction mode

6.2.3 model_type

This keyword allows one to specify the type of model that is being trained. The syntax is:

model_type <type_value>

where <type_value> must be an integer that can assume one of the following values.

Value Type of model

0 potential (default)
1 dipole
2 polarizability

6.2.4 type
This is a mandatory keyword that specifies the chemical species, for which a model is to be constructed.
The syntax is:

type <number_of_species> [<species>]

where <number_of_species> must be an integer and [<species>] must be a list of <number_of_species> chem-
ical symbols. The latter are case-sensitive and must correspond to species in the periodic table.

6.2.5 type_weight

This keyword allows one to specify different weights for different chemical species. These weights are employed in the
calculation of the force term in the loss function. Different weights for different species can be useful if the number of
atoms per species are very different, e.g., for a few impurity atoms embedded in a host.

The syntax is as follows:

type_weight [<weight>]

Here, [<weight>] must be a list of Vi, non-negative real numbers representing the relative force weights for the
different atomic species. By default all species carry the same weight (1.0).
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6.2.6 zbl

This keyword can be used to spline the pair potential to the universal ZBL potential [Ziegler1985] at short distances.
This is useful, for example, for models to be used in simulations of ion irradiation or extreme compression, when the
interatomic distances can become very short.

The syntax is as follows:
zbl <cutoff>

Here, <cutoff> is a real number that specifies the “outer” cutoff rZ2BL—outer ‘beyond which the ZBL potential is zero.
The “inner” cutoff of the ZBL potential, below which value the pair interaction is completely given by the ZBL potential,
is fixed to half of the outer cutoff, rZBL—inner — pZBL—outer /9 '\which we have empirically found to be a reasonable
choice.

ZBL—outer

z is irrelevant.

When this keyword is absent, the ZBL potential will not be enabled and the value of 7
Permissible values are 1 A < pZBL—outer < 3 4

One can also use flexible ZBL parameters by providing a zbl.in file in the working directory, in which case the <cutoff>
parameter is still needed but will not be used. For a n-species system, there should be n(n + 1)/2 lines in the zblin
files. Each line represents a unique pair of species. Counting from 1, the order of the lines is 1-1, 1-2, ..., 1-n,
2-2, 2-3, ..., 2-n, n-n. For each pair of species, there are 10 parameters to be listed from left to right: the first
two are the inner and outer cutoff radii, respectively; the next 8 are the parameters a; to ag in the ZBL function
d(x) = a1e™ %% + aze” %% + gy~ %T + qreT 8%,

6.2.7 use_typewise_cutoff_zbl

This keyword enables one to use typewise cutoff radii for the ZBL part of the NEP model. The syntax is:

use_typewise_cutoff zbl [<factor>]

with one optional (dimensionless) parameter <factor> that defaults to 0.7.

If this keyword is present, the outer ZBL cutoff between two elements is the minimum between the global outer ZBL

cutoff r“BL and <factor> times of the sum of the covalent radii of the two elements, and the inner ZBL cutoff is

always set to 0.
By default, this keyword is not in effect.

A good usage is to first set up a global ZBL cutoff of 2.5 A and then enable this feature:

zbl 2.5
use_typewise_cutoff zbl 0.7

6.2.8 cutoff

This keyword enables one to specify the radial (r}) and angular (r?) cutoffs of the NEP model. One syntax is:

cutoff <radial_cutoff> <angular_cutoff>
where <radial_cutoff> and <angular_cutoff> correspond to r® and r2, respectively. The cutoffs must satisfy
the conditions 3 A < rA < 7R <10 A.

The defaults are r = 8 A and ri =4 A. It can be computationally beneficial to use (possibly much) smaller 72 but the
default values should be reasonable in most cases.

158 Chapter 6. nep executable



GPUMD documentation, Version 5.6

Another syntax is:

cutoff <radial_cutoff species_1> <angular_cutoff species_1> <radial_cutoff_species_2>
-.<angular_cutoff_species_2> ...

which can be used to specify a set of radial and angular cutoffs for each species. The cutoff between two species (a and
b) is the arithmetic average of the cutoffs for the two species:

TE{/A(a) + rf”/A(b)

/A (a,b) = /A (b, a) = 2

6.2.9 n_max

A
max

R

This keyword sets the number of radial (n;,

and Eq. (2) of [Fan2022b]. The syntax is:

) and angular (n;},,) descriptor components as introduced in Sect. II.B

n_max <n_max_R> <n_max_A>

where n_max_R and n_max_A are nX, and n%__, respectively. The two parameters must satisfy 0 < nf_ < 12 and
A

0<nia <8.

The default values of n®, = 6 and n’,, = 6 are usually sufficient.

Note: These parameters should not be confused with N and N/

ihs» Which are set via the basis_size keyword.

6.2.10 basis_size

It sets the number of basis functions that are used to build the radial and angular descriptor functions, see Sects. II.B
and I1.C as well as Eq. (3) in [Fan2022b]. The syntax is:

basis_size <N_bas_R> <N_bas_A>

where <N_bas_R> and <N_bas_A> set NF_ and N , respectively. The parameters must satisfy 0 < NF_ < 8 and
0< NA, <8.

The default values of N} = 6 and N{fas = 6 are usually sufficient.

R and n®

max max?

Note: These parameters should not be confused with n which are set via the n_max keyword.

6.2.11 1_max

It sets the angular descriptors, see Sect. I1.C of [Fan2022b]. The syntax is:

1_max <l_max_3b> {<has_q_222> <has_q_1111> <has_q_112> <has_q_123> <has_q_233> <has_q_
134>}

where 1_max_3b sets the limit for the three-body descriptors, has_q_222, has_q_112, has_q_123, has_q_233,
and has_q_134 optionally specify which four-body descriptors are used, and has_q_1111 specifies if the five-body

descriptor is used.
lilbax can take values from 2 to 8, and has_q_222, has_q_1111, has_qg_112, has_qg_123, has_q_233, and

has_qg_134 can be O (not to use) or 1 (to use).

The default values are:
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1l max 4 1
lmax 4 1 0 0 0 0 0 # equivalent way to write it

The five-body descriptor switch has_q_1111 is only provided for backward compatibility. This five-body descriptor
is equivalent to the square of two three-body descriptors and thus does not provide new information. Its use is strongly
discouraged.

The new four-body descriptors (q_112,q_123, q_233, and g_134) have not been comprehensively tested, and should
be used with caution. More suggestions on this will be made in a future version.

6.2.12 neuron

This keyword sets the number of neurons in the hidden layer of the NN. The syntax is:

neuron <number_of_neurons>

where <number_of_neurons> corresponds to Ny, in the NEP formalism [Fan2022b]. Values must satisfy 1 <
Nyeu < 120.

The default value is 30, which is relatively small but can lead to relatively high speed. Larger values rarely lead to a
notable improvement.

6.2.13 lambda_1

This keyword sets the weight A; of the £;-norm regularization term in the loss function. The syntax is:

lambda_1 <weight>

Here, <weight> represents A1, which can be set to any non-negative values. The default value is Ay = /N /1000,
where [V is the total number of training parameters.

6.2.14 lambda_2

This keyword sets the weight A of the L£-norm regularization term in the loss function. The syntax is:

lambda_2 <weight>

Here, <weight> represents A2, which can be set to any non-negative values. The default value is Ao = /N /1000,
where NV is the total number of training parameters.

6.2.15 lambda_e

This keyword sets the weight ). of the loss term associated with the energy in the loss function. The syntax is:

lambda_e <weight>

Here, <weight> represents )., which must satisfy A\, > 0 and defaults to A\, = 1.0.

It might be beneficial to use a two-step training scheme, where ). takes a small value (such as 0.1) in the first training
and a large value (such as 10) in the second (restarting from the first). During the second training, the energy error
might decrease appreciably, while the force and virial errors are not much affected.
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6.2.16 lambda_f

This keyword sets the weight A ¢ of the loss term associated with the forces in the loss function. The syntax is:

lambda_f <weight>

Here, <weight> represents ¢, which must satisfy Ay > 0 and defaults to Ay = 1.0.

6.2.17 lambda_v

This keyword sets the weight ), of the loss term associated with the virials in the loss function. The syntax is:

lambda_v <weight>

Here, <weight> represents \,, which must satisfy A, > 0 and defaults to A, = 0.1.

6.2.18 lambda_g

This keyword sets the weight A, of the loss term associated with the total charge (the charge for a whole structure) in
the loss function. The syntax is:

lambda_q <weight>

Here, <weight> represents A\,, which must satisfy A\; > 0 and defaults to A\, = 0.1.

This keyword is only relevant for the gNEP models.

6.2.19 lambda_z

This keyword sets the weight A, of the loss term associated with the Born effective charge in the loss function. The
syntax is:

lambda_z <weight>

Here, <weight> represents )., which must satisfy A, > 0 and defaults to A\, = 0.5.

This keyword is only relevant for the gNEP models.

6.2.20 atomic_v

This keyword sets the mode atomic_v of whether to fit atomic or global quantities for dipole (model_type = I) or
polarizability (model_type = 2). Only one of atomic and global can be fitted at a time. Fitting both simultaneously is
not supported. For the virial tensor (model_type = 0), only the global model is supported. The syntax is:

atomic_v <mode>

where <mode> must be an integer that can assume one of the following values.

Value Mode
0 fit global tensor (default)
1 fit atomic tensor
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6.2.21 lambda_shear

This keyword sets the extra weight A4 of the loss term associated with the shear virials in the loss function. The syntax
is:

lambda_shear <weight>

Here, <weight> represents \g, which must satisfy A; > 0 and defaults to Ay = 1. The weight for the shear virials is
thus A\, A, where A, is set by the lambda_v keyword. We have tested that a value of A\; = 5 is sometimes helpful to
make the prediction of shear moduli more accurate.

6.2.22 force_delta

This keyword can be used to bias the loss function to put more emphasis on obtaining accurate predictions for smaller
forces. The syntax is:

force_delta <delta>

where <delta> sets the parameter §, which must satisfy § > 0 eV/A and defaults to § = 0 eV/A (i.e., no bias).

When § = 0 eV/A, the loss term associated with the forces is proportional to the RMSE of the forces:

1 & 2
oy o (P - Fi)
=1

When § > 0 eV/A, this expression is modified to read:

1 2 1
L FNEP _ Fpar)
3N ;( l R A

In this case, a smaller § implies a larger weight on smaller forces.

6.2.23 batch

This keyword sets the size of each batch used during the optimization procedure. The syntax is:

batch <batch_size>

Here, <batch_size> sets the batch size NVy,5¢, which must satisfy Ny,¢ > 1 and defaults to Ny, = 1000.

In principle one can train against the entire training set during every iteration of the optimization procedure (equivalent
to Ny, being identical to the number of structures in the training set). It is, however, often beneficial for computational
speed and potentially necessary for memory reasons to consider only a subset of the training data at any given iteration.
Npat sets the size of this subset.

Usually, training sets with more diverse structures require using larger batch sizes to achieve maximal accuracy. In
many cases, a batch size between Ny, = 100 and Ny, = 1000 should be sufficient to achieve good results. If you
have a powerful GPU (such as a Tesla A100), you can use a large batch size (such as Ny, = 1000) or the full-batch
(Npat > number of configurations in the training set). If you use a small batch size for a powerful GPU, you will simply
waste the GPU resources. If you have a weaker GPU, you can use a smaller batch size.

If you observe oscillations in the RMSE values for energies, forces, and virials even for generations > 10°, it is a sign
that the batch size is too small.
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6.2.24 population

This keyword sets the size of the population used by the SNES algorithm [Schaul2011]. The syntax is:

population <population_size>

Here, <population_size> sets the population size Ny, which must satisfy 10 < Np,, < 100 and defaults to
Npop = 50.

6.2.25 generation

This keyword sets the number of generations N, for the SNES algorithm [Schaul2011]. The syntax is:

generation <number_of_generations>

Here, <number_of_generations> sets Ngen, which must satisfy 0 < Ngen < 107 and defaults to Nge, = 10°. For
simple systems, Ngen = 10 ~ 10 is enough. For more complicated systems, values in the range Nge, = 10° ~ 10°
can be required to obtain a well converged model.

6.2.26 save_potential

This keyword sets the number of of generations between writing a nep. txt checkpoint file. If <format> is set to 0
the output file name is formatted as nep_gen[generation].txt. If <format> is set to 1 the output file name is
formatted as nep_y[year]_m[month]_d[day]_h[hour]_m[minute]_s[second]_generation[generation].
txt. These model files can be used to monitor the training progress of your model. Additionally, if <save_restart>
is set to 1 the nep.restart file is also written, following the naming format set by <format>. Note that the nep.restart
file is the file that is required to continue training.

The syntax is:

save_potential <number_of_generations_between_save_potential> <format> <save_restart>

The default number of generations between saved model files is N = 10° and the output file names use the extended
format.

6.2.27 output_interval

This keyword sets the number of generations between writes to [oss.out (and the corresponding console output, nep.
txt, and test-set output files).

The syntax is:

output_interval <number_of_generations>

Here, <number_of_generations> must be a positive integer and defaults to 100.
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6.2.28 output_descriptor

This keyword instructs nep to output the (normalized) descriptors for all the atoms in the train.xyz file. It is only in
effect for the prediction mode (see the prediction keyword). The syntax is:

output_descriptor <mode>

where <mode> must be an integer that can assume one of the following values.

Value Mode

0 not to output descriptors during prediction (default)
1 output per-structure descriptors during prediction

2 output per-atom descriptors during prediction

6.2.29 fine_tune

This keyword instructs nep to fine tune a model starting from a foundation model. The syntax is:

fine_tune <nep_model_file> <nep_restart_file>

where <nep_model_file> is the potential file for the foundation model and <nep_restart_£file> is the restart file
for the foundation model.

Currently, we provide one foundation model in GPUMD/potentials/nep/nep89_20250409.

For more details, see the following exemplary nep. in file:

# for prediction

#type 89 HHe Li Be BCNOF Ne Na Mg A1 Si P S Cl1 Ar K Ca Sc Ti V Cr Mn Fe Co Ni.
—Cu Zn Ga Ge As Se Br Kr Rb Sr Y Zr Nb Mo Tc Ru Rh Pd Ag Cd In Sn Sb Te I Xe Cs Ba La.
—Ce Pr Nd Pm Sm Eu Gd Tb Dy Ho Er Tm Yb Lu Hf Ta W Re Os Ir Pt Au Hg Tl Pb Bi Ac Th Pa.
—U Np Pu

#prediction 1

# for fine-tuning
fine_tune nep89_20250409.txt nep89_20250409.restart
type <your types>

# These cannot be changed:
version 4

zbl

cutoff
n_max
basis_size
1_max
neuron 80

e <" > @) W 2V
N 00 B Ui

# These can be changed:
lambda_1 0
lambda_e 1
lambda_f 1
lambda_v 1

(continues on next page)
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(continued from previous page)

batch 5000
population 50
save_potential 1000 0
generation 5000

6.2.30 import_g_scaler

By default, when training or resuming a NEP potential without fine_tune, nep computes g_scaler, the per-
descriptor-component normalization used by the neural network, from the training structures of the current run at
generation 0. This keyword instead tells nep to read q_scaler from the nep.txt file present in the run directory,
skipping that computation. This naturally requires such a file to be present. The syntax is:

import_q_scaler <0 or 1>

with a default value of 0.

This is intended for resuming training from a restart state (nep . restart) that was transplanted from a different model,
e.g. a foundation model restricted to a subset of species via a species-selection tool. In that case, the transplanted
network weights were tuned under the g_scaler of the original model, and recomputing a different one from a smaller
or less diverse training set can force the weights to spend part of the optimization readapting to the new descriptor scale,
rather than only to the new training data. Unlike fine_tune, this keyword does not perform any species extraction:
the nep. txt file it reads from is expected to already have the exact same architecture and species as the current run
(nep validates this and raises an error on a mismatch), which is why the file is referred to implicitly rather than by a
path argument, matching the way nep.restart is referred to. The mean/standard-deviation restart state (mu/sigma)
is unaffected by this keyword: it is unconditionally read from nep.restart, exactly as in any other non-fine_tune
run.

6.2.31 charge_mode

This keyword allows one to specify the charge mode of a NEP4 potential model to be trained.

The syntax is:

charge_mode <mode_value>

where <mode_value> must be an integer that can assume one of the following values.

Value Model description

0 original NEP without charge
1 gNEP model with charge, including both real- and reciprocal-space contributions
2 gNEP model with charge, including reciprocal-space contribution only

Here, qNEP means NEP with charge (q) [Fan2026]. Mode 1 in consistent with the approach first proposed by Song
et al. [Song2024b]. Mode 2 in consistent with the approach first proposed by Cheng [Cheng2025]. To train a gNEP
model, we do not need to provide target charges. One can choose to provide target Born effective charges (BEC), but
this usually only works for a single matter in a single phase, as we have assumed a constant high-frequency dielectric
constant for the whole training dataset.

6.2. Input parameters 165



GPUMD documentation, Version 5.6

6.3

Output files

The nep executable produces several output files. The loss.out file is written in “append mode”, while all other files
are continuously overwritten.

The contents of the energy_train.out, force_train.out, virial_train.out, stress_train.out, dipole_train.out, and polariz-
ability_train.out files are updated every 1000 steps, while the contents of the other output files are updated every 100

steps.

With the exception of the nep.zxt file, the output files contain only numbers (no text) in matrix form. All the files are
plain text files.

File name Brief description
loss.out loss function, regularization terms, and RMSE data as a function of generation
nep.txt NEP potential parameters

nep.restart
energy_train.out
energy._test.out
force_train.out
Jorce_test.out
virial_train.out
virial_test.out
stress_train.out
stress_test.out
dipole_train.out
dipole_test.out
polarizability_train.out
polarizability_test.out
charge_train.out
charge_test.out
bec_train.out
bec_test.out
descriptor.out

restart file

target and predicted energies for training data set

target and predicted energies for test data set

target and predicted forces for training data set

target and predicted forces for test data set

target and predicted virials for training data set

target and predicted virials for test data set

target and predicted stress values for training data set
target and predicted stress values for test data set

target and predicted dipole values for training data set
target and predicted dipole values for test data set

target and predicted polarizability values for training data set
target and predicted polarizability values for test data set
predicted charge values for training data set

predicted charge values for test data set

target and predicted BEC values for training data set
target and predicted BEC values for test data set
descriptor values for training data set in prediction mode

6.3.1 loss.out

This files contains the terms that enter the loss function, written every output_interval generations (100 by default).

If a potential model is trained, each row contains the following fields:

gen L_t L_1 L_2 L_e_train L_f train L_v_train L_e_test L_f test L_v_test

where

e gen is the current generation.

L_t is the total loss function.

L_1 is the loss function related to the £ regularization.

L_2 is the loss function related to the Lo regularization.

L_e_train is the energy RMSE (in units of eV/atom) for the training set.

L_f_train is the force RMSE (in units of eV/A) for the training set.
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e L_v_train is the virial RMSE (in units of eV/atom) for the training set.
* L_e_test is the energy RMSE (in units of eV/atom) for the test set.

e I_f test is the force RMSE (in units of eV/A) for the test set.

e L_v_test is the virial RMSE (in units of eV/atom) for the test set.

If a dipole model is trained, each row contains the following fields:

gen L_t L_1 L_2 L_mu_train L_mu_test

where
e L_mu_train is the dipole RMSE (per atom) for the training set.
e L_mu_test is the dipole RMSE (per atom) for the test set.

If a polarizability model is trained, each row contains the following fields:

gen L_t L_1 L_2 L_alpha_train L_alpha_test

where
* L_alpha_train is the polarizability RMSE (per atom) for the training set.

e L_alpha_test is the polarizability RMSE (per atom) for the test set.

6.3.2 nep.txt

This file contains the parameters of the NEP model generated by the training. It can be used by the gpumd executable
to run MD simulations.

6.3.3 nep.restart

This file enables restarting an optimization run. If the file is present, training will start from the state saved in this file.
The file is continuously updated during training.

The user does not need to understand the contents of this file. One must, however, ensure that the hyperparameters in
the nep.in input file related to the descriptor are the same as those used to generate the restart file.

6.3.4 energy_¥*.out

The energy_train.out and energy_test.out files contain the predicted and target energies for the training and test
sets, respectively. Each file contains 2 columns. The first column gives the energy in units of eV/atom calculated using
the NEP model. The second column gives the corresponding target energies. Each row corresponds to the configuration
at the same position in the train.xyz (if using the full-batch) and test.xyz files, respectively.
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6.3.5 force_*.out
The force_train.out and force_test.out files contain the predicted and target force components of the config-
urations provided in the frain.xyz and test.xyz input files.

There are 6 columns. The first three columns are the x, y, and z force components in units of eV/A computed using
the NEP model. The last three columns are the corresponding target forces. Each row corresponds to one atom.

6.3.6 virial_*.out

The virial_train.out and virial_test.out files contain the predicted and target virials.
There are N, rows, where N, is the number of configurations in the frain.xyz and test.xyz input files.

There are 12 columns. The first 6 columns give the zz, yy, 2z, zy, yz, and zz virial components calculated using the
NEP model. The last 6 columns give the corresponding target virials.

For a structure without target virial or stress, a target value of -1e6 will be output to remind the user about this.

The virial values are in units of eV/atom.

6.3.7 stress_¥*.out

The stress_train.out and stress_test.out files contain the predicted and target stress components.
There are N, rows, where N, is the number of configurations in the train.xyz and test.xyz input files.

There are 12 columns. The first 6 columns give the xx, yy, 2z, xy, yz, and zx stress components calculated using the
NEP model. The last 6 columns give the corresponding target stress components.

For a structure without target virial or stress, a target value of -1e6 will be output to remind the user about this.

The stress values are in units of GPa.

6.3.8 dipole_*.out

The dipole_train.out and dipole_test.out files contain the predicted and target dipole values.
There are N, rows, where N, is the number of configurations in the train.xyz and test.xyz input files.

There are 6 columns. The first 3 columns give the x, ¥, and z dipole components calculated using the NEP model. The
last 3 columns give the corresponding target values.

The dipole values are normalized by the number of atoms.

6.3.9 polarizability_*.out

The polarizability_train.out and polarizability_test.out files contain the predicted and target polariz-
ability values.

There are N, rows, where N, is the number of configurations in the frain.xyz and test.xyz input files.

There are 12 columns. The first 6 columns give the zz, yy, 2z, Yy, yz, and zz polarizability components calculated
using the NEP model. The last 6 columns give the corresponding target values.

The polarizability values are normalized by the number of atoms.
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6.3.10 charge_*.out
The charge_train.out and charge_test.out files contain the predicted partial charges of the configurations pro-
vided in the train.xyz and test.xyz input files.

There is a single column. Each row gives the predicted charge of one atom in units of the elementary charge e. The
order of the atoms is consistent with the training/test dataset for the prediction mode or the full-batch training mode.

6.3.11 bec_*.out

The bec_train.out and bec_test.out files contain the predicted and target Born effective charges (BEC) of the
configurations provided in the frain.xyz and test.xyz input files.

There are 18 columns. The first 9 columns are the predicted BEC components in units of e. The last 9 columns are the
corresponding target values. The 9 columns are arranged in the order of 11, 12, 13, 21, 22, 23, 31, 32, 33. Each row
corresponds to one atom. The order of the atoms is consistent with the training/test dataset for the prediction mode or
the full-batch training mode. For a structure without target BEC, a target value of 0 for each atom will be output.

6.3.12 descriptor.out

The descriptor.out file contains the per-structure or per-atom descriptor values for the input train.xyz file.

There are N rows and Nges columns, where N is the number of structures or atoms in train.xyz and Nges is the
dimension for the descriptor vector.

The row index is consistent with the global structure or atom index in the train.xyz file.

For each row, there are Ngos descriptor components, arranged in a particular order (radial components, three-body
angular components, four-body angular components, five-body angular components).
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ACE
atomic cluster expansion [Drautz2019]

ADF
angular distribution function

ADP
angular-dependent potential [Mishin2005]

ARDF
angular-dependent radial distribution function

BDP
Bussi-Donadio-Parrinello thermostat [Bussi2007b]

BEC
Born effective charge

DOS
density of states

EAM
embedded atom method

EMD
equilibrium molecular dynamics

FCP
force constant potential
GK
Green-Kubo
GPU
graphics processing unit
GKMA
Green-Kubo modal analysis [L.v2016]

HAC

heat current auto-correlation

HNEMA
homogeneous non-equilibrium modal analysis [Gabourie2021]

HNEMD

The homogeneous non-equilibrium molecular dynamics

GLOSSARY

211



GPUMD documentation, Version 5.6

HNEMDEC

homogeneous non-equilibrium molecular dynamics Evans-Cummings algorithm

IC
iron conductivity

ILP

interlayer potential for van der Waals materials [Ouyang2018] [Ouyang2020]

LJ
Lennard-Jones potential

LSQT
linear-scaling quantum transport

MC
Monte Carlo

MD
molecular dynamics

MSD
mean square displacement

MSST
Multi-scale shock technique [Reed2003]

MTTK
Martyna-Tuckerman-Tobias-Klein integrator [Martynal994]

NEMD
non-equilibrium molecular dynamics
NEP

neuroevolution potential

NHC
Nose-Hoover chain thermostat [Tuckerman2010]

NN
neural network

PDOS
phonon density of states

PIMD
path-integral molecular dynamics

RDF
radial distribution function

RMSE
root-mean-square error

RPMD
ring-polymer molecular dynamics

RTC
running thermal conductivity

SCR
stochastic cell rescaling barostat [Bernetti2020]
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SDC

self-diffusion coefficient
SGC

semi-grand canonical
SHC

spectral heat current
SNES

separable natural evolution strategy [Schaul2011]
SVR

stochastic velocity rescaling thermostat [Bussi2007b]
Sw

Stillinger-Weber potential [Stillinger1985]
TRPMD

thermostatted ring-polymer molecular dynamics
VAC

velocity auto-correlation
VCSGC

variance-constrained semi-grand canonical [Sadigh2012a] [Sadigh2012b]
ZBL

universal potential by Ziegler, Biersack, and Littmark [Ziegler1985]
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ACE, 211

active (keyword in run.in), 121
active.out (output file), 143
active.xyz (output file), 143
add_efield (keyword in run.in), 84
add_force (keyword in run.in), 83
add_spring (keyword in run.in), 85
ADF, 211

adf.out (output file), 149

ADP, 211

Angular Dependent Potential, 48
angular_rdf.out (output file), 150
ARDF, 211

atomic_v (keyword in nep.in), 161

B

basis_size (keyword in nep.in), 159

batch (keyword in nep.in), 162

BDP, 211

BEC, 211

bec_test.out (output file), 169
bec_train.out (output file), 169

Berendsen barostat, 22

Berendsen thermostat, 21

Bibliography, 171
Bussi-Donadio-Parrinello thermostat, 21

C

Canonical ensemble, 20

change_box (keyword in run.in), 62
charge_mode (keyword in nep.in), 165
charge_test.out (output file), 168
charge_train.out (output file), 168
cohesive.out (output file), 133

compute (keyword in run.in), 98
compute.out (output file), 134
compute_adf (keyword in run.in), 102
compute_angular_rdf (keyword in run.in), 120
compute_chunk (keyword in run.in), 99
compute_cohesive (keyword in run.in), 103
compute_dos (keyword in run.in), 103

INDEX

compute_dpdt (keyword in run.in), 105
compute_elastic (keyword in run.in), 105
compute_extrapolation (keyword in run.in), 60
compute_gkma (keyword in run.in), 106
compute_hac (keyword in run.in), 107
compute_hnema (keyword in run.in), 108
compute_hnemd (keyword in run.in), 109
compute_hnemdec (keyword in run.in), 110
compute_ic (keyword in run.in), 111
compute_lsqt (keyword in run.in), 119
compute_msd (keyword in run.in), 115
compute_orientorder (keyword in run.in), 112
compute_phonon (keyword in run.in), 113
compute_rdf (keyword in run.in), 119
compute_sdc (keyword in run.in), 114
compute_shc (keyword in run.in), 116
compute_viscosity (keyword in run.in), 118
correct_velocity (keyword in run.in), 59
Credits, 169

cutoff (keyword in nep.in), 158

D

D.out (output file), 135

Deep Potential, 8

deform (keyword in run.in), 63

deposit (keyword in run.in), 87
descriptor.out (output file), 169
dftd3 (keyword in run.in), 61
dipole.out (output file), 142
dipole_test.out (output file), 168
dipole_train.out (output file), 168
DOS, 211

dos.out (output file), 136

dpdt.out (output file), 136

dump . xyz (output file), 141

dump_beads (keyword in run.in), 123
dump_dipole (keyword in run.in), 125
dump_exyz (keyword in run.in), 122
dump_force (keyword in run.in), 127
dump_netcdf (keyword in run.in), 127
dump_observer (keyword in run.in), 124
dump_polarizability (keyword in run.in), 126
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dump_position (keyword in run.in), 129
dump_restart (keyword in run.in), 130

dump_shock_nemd (keyword in run.in), 132

dump_thermo (keyword in run.in), 131
dump_velocity (keyword in run.in), 131
dump_xyz (keyword in run.in), 122

E

EANM, 211

eigenvector.in, 57

electron_stop (keyword in run.in), 89
Embedded atom method, 34

EMD, 211

EMD method, 24

energy_test.out (output file), 167
energy_train.out (output file), 167
ensemble (keyword in run.in), 65
Ensembles, 20

F:

FCP, 211

fine_tune (keyword in nep.in), 164
fix (keyword in run.in), 90

Force constant potential, 37
force.out (output file), 137
force_delta (keyword in nep.in), 162
force_test.out (output file), 167
force_train.out (output file), 167
Forces, 19

G

generation (keyword in nep.in), 163
GK, 211
GKMA, 27, 211
Glossary, 210
GPU, 211
gpumd executable, 52
gpumd input files, 53
Atomic configuration, 55
Eigenvectors, 57
Simulation model, 55
Simulation protocol, 53
gpumd input parameters, 58
gpumd output files, 132
Green-Kubo method, 24
Green-Kubo modal analysis, 27

}*

HAC, 211

hac.out (output file), 137

Heat current, 23

heat current autocorrelation, 24
Heat transport, 24

heatmode.out (output file), 138

HNEMA, 27, 211

HNEMD, 211

HNEMD method, 25

HNEMDEC, 27, 212

Homogeneous non-equilibrium modal analysis,
27

Homogeneous non-equilibrium molecular
dynamics, 25

Homogeneous non-equilibrium molecular
dynamics Evans-Cummings algorithm, 27

IC, 212

ic.out (output file), 136

ILP, 212

import_q_scaler (keyword in nep.in), 165
Installation, 3

Interaction models, 28

Interatomic potentials, 28
Isothermal-isobaric ensemble, 22

K

kappa.out (output file), 139
kappamode . out (output file), 139
kpoints.in, 57

kspace (keyword in run.in), 91

L

1_max (keyword in nep.in), 159
lambda_1 (keyword in nep.in), 160
lambda_2 (keyword in nep.in), 160
lambda_e (keyword in nep.in), 160
lambda_f£ (keyword in nep.in), 160
lambda_q (keyword in nep.in), 161
lambda_shear (keyword in nep.in), 161
lambda_v (keyword in nep.in), 161
lambda_z (keyword in nep.in), 161
Langevin thermostat, 21
Lennard-Jones potential, 33

L], 212

loss. txt (output file), 166

LSQT, 212

1sqt_dos.out (output file), 149
lsqt_sigma.out (output file), 150
1sqt_velocity.out (output file), 150

M

MC, 212

mc (keyword in run.in), 92

mcmd . out (output file), 149

MD, 212

Microcanonical ensemble, 20

226

Index



GPUMD documentation, Version 5.6

minimize (keyword in run.in), 96
Modal analysis methods, 26
model .xyz, 55

model_type (keyword in nep.in), 157
move (keyword in run.in), 91
movie.xyz (output file), 140
MSD, 212

msd.out (output file), 144

MSST, 212

msst (keyword in run.in), 82
MSST integrator, 82

MTTK, 212

MTTK integrator, 68
mvac.out (output file), 140

N

n_max (keyword in nep.in), 159
NEMD, 212

NEMD method, 24

NEP, 212

nep executable, 151

NEP ILP,41

nep input files, 153

nep input parameters, 156
NEP loss function, 40

nep output files, 165
nep.in (input file), 153
nep.restart (output file), 167
nep.txt (output file), 167
NetCDF setup, 6
Neuroevolution potential, 39
neuron (keyword in nep.in), 160
NHC, 212

NN, 212

NNAP Potential, 14
Non-equilibrium molecular dynamics, 24
Nose-Hoover chain thermostat, 21
nph_mttk (keyword in run.in), 68
nphug (keyword in run.in), 83
NPHug integrator, 83

NPT ensemble, 22

npt_mttk (keyword in run.in), 68
npt_qtb (keyword in run.in), 70
NVE ensemble, 20

NVT ensemble, 20

nvt_mttk (keyword in run.in), 68
nvt_qtb (keyword in run.in), 70

O

observer.out (output file), 142
observer.xyz (output file), 142
omega2.out (output file), 141
onsager.out (output file), 147
orientorder.out (output file), 151

output_descriptor (keyword in nep.in), 163
output_interval (keyword in nep.in), 163

P

PDOS, 212

PIMD, 212

plumed (keyword in run.in), 94

PLUMED setup, 7

polarizability.out (output file), 142
polarizability_test.out (output file), 168
polarizability_train.out (output file), 168
population (keyword in nep.in), 162
potential (keyword in run.in), 60
prediction (keyword in nep.in), 156
Publications, 173

Q

Quantum Thermal Bath, 70

R

RDF, 212

rdf.out (output file), 148
replicate (keyword in run.in), 58
restart.xyz (output file), 141
RMSE, 212

RPMD, 212

RTC, 212

run (keyword in run.in), 97
run.in, 53

S

save_potential (keyword in nep.in), 163
SCR, 212

SDC, 213

sdc.out (output file), 143

SGC, 213

SHC, 213

shc.out (output file), 144

SNES, 213

Spectral heat current, 25
Stochastic cell rescaling barostat, 23
Stress tensor, 19

stress_test.out (output file), 168
stress_train.out (output file), 168
SVR, 213

Sw, 213

SW ILP, 44

T

Tersoff ILP, 46

Tersoff mini-potential, 32
Tersoff potential (/988), 29
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