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The field of machine learning for atomistic systems
has rapidly advanced in the past decade.
SchNetPack [1,2] has established as a versatile
software package that addresses both the
requirements of method development and the
application of atomistic machine learning. It is based
on PyTorch and contains basic building blocks of
atomistic neural networks, manages their training,
and provides simple access to common benchmark
datasets.

Besides enabling to predict potential energy
surfaces and other quantum-chemical properties of
molecules and materials, the package also provides
a PyTorch implementation of molecular dynamics
and interfaces to ASE [3] and LAMMPS [4]. An
optional integration with PyTorch Lightning and the
Hydra configuration framework powers a flexible
command-line interface. Due to its modular design,
SchNetPack is easily extendable with a custom code
and ready for complex training tasks, as
demonstrated in the schnetpack_gschnet extension
for autoregressive generation of 3D molecules [5].

The package is under constant development and
here we provide an update on its current status and
the next updates. In recent years, the discovery of
novel structures has become increasingly popular,
with two main pathways emerging: active learning
and generative models. With version 3.0, we adapt
SchNetPack to these needs by providing basic tools
for active learning, such as ensemble calculators
and uncertainty estimation [6], as well as diffusion-
based generative modeling capabilities. Alongside
standard diffusion models, this includes MoreRed [7]
for molecular relaxation, the novel generative
pseudo-force field introduced at this workshop, and
an accompanying suite of sampling algorithms to
choose from. Additionally, we plan to roll-out pre-
trained models for both property prediction and
generative modeling tasks.
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SchNetPack Library

use standalone or with PL integration

schnetpack.nn

- general-purpose layers
- SO3 equivariant layers
- radial basis & cutoff

- sparse layers

- non-linearities

schnetpack.representation
- message-passing neural networks
- SchNet, PaiNN, FieldSchNet, ...

schnetpack.atomistic

- property-specific output layers

- distances, Ewald summation

- nuclear repulsion

- response properties
& external fields

schnetpack.model

- base classes to assemble atomistic
models using above components

schnetpack.data

- PyTorch dataset for atomistic data
based on ASE DB

- batching & partitioning

schnetpack.transforms
- modules for pre- and postprocessing

.

PyTorch Lightning (PL) Integration

takes advantage of PL features, e.g. a flexible training

pipeline and support for distributed training

schnetpack. task

- AtomisticTask combines model, outputs,
objectives and optimizers

schnetpack.train
- callbacks & training utilities

schnetpack.datasets

- AtomsDataModule combines downloading,
partitioning and loading of datasets
for direct use with the PL trainer

- predefined common datasets

SchNetPack MD (schnetpack.md)

molecular dynamics simulation in PyTorch

- initial conditions and simulation setup

- classical and ring-polymer MD

- predefined interfaces for
SchNetPack models and ORCA

- thermostats and barostats

- logging of MD results to tensorboard and
custom hdf5 datasets

- utilities for MD-generated datasets

- computation of vibrational spectra
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Figure 1. Overview of the four major components of the
current SchNetPack 2.0 toolbox: the atomistic neural
network library, PyTorch Lightning integration, command-
line interface, and molecular dynamics code. The arrows
indicate dependencies between the components, i.e.,
components that can be used independently of
components on their right.
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SchNetPack CLI

flexible configuration and running of atomistic models

- models & tasks are configured using
hierarchical configs powered by Hydra

- preconfigured experiment for typical
models & benchmark datasets

- automated logging of hyperparameters,
e.g. using Tensorboard or Aim

- start and modify training runs from the
command line

- configure and run molecular dynamics
simulations from the command line

- extend the functionality of SchNetPack CLI with
your own components & configs

> spktrain experiment=gm9 \
run.id=my_run \
model/representation=schnet

> spkmd simulation_dir=my_md \
system.molecule_file=ethanol.xyz \
calculator.model_file=my_run/best_model

S




	SchNetPack 3.0: A Neural Network Toolbox for Predictive and Generative Atomistic ML

