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In Short

• Accurate simulation of electrons enables better
materials and medicines, but exact quantum cal-
culations are only feasible for the very smallest
systems.

• Neural network variational Monte Carlo (VMC)
reaches high accuracy with favorable scaling, yet
remains costly to train.

• We attempt to speed up sampling with a surro-
gate sampler and reduce the cost of wave function
evaluations by introducing approximate antisym-
metrizers.

• Fewer and cheaper wave function evaluations, to-
gether with lower sample autocorrelation, are ex-
pected to cut wall-clock time and speed up conver-
gence while maintaining accuracy.

The behavior of electrons in molecules on the
quantum-mechanical level can explain a broad range
of macroscopic phenomena. An accurate model
of the electronic structure of molecules, therefore,
would facilitate the prediction and optimization of
material properties in simulations, benefiting many
fields, ranging from drug discovery to material devel-
opment. While we have a conceptually clear descrip-
tion of the electronic processes, computing solutions
to the equations governing the electrons’ behavior is
difficult. Solutions to these equations are functions,
called wave functions, that describe the state of a
quantum system.

The primary reason is that the computational re-
sources required to find the correct wave functions
increase exponentially with the size of the systems
under consideration. Thus, for any but the most triv-
ial systems, such as a single hydrogen atom in a
vacuum, we cannot compute the exact behavior of
electrons. However, over the past decades, a variety
of methods that approximate solutions have been
developed. Typically, they trade off accuracy and the
computational resources necessary.

One promising method for approximating solu-
tions to the electronic structure problem is variational
Monte Carlo (VMC). Here, the wave functions are

explicitly modeled as parameterized functions and,
in our case, as deep neural networks. To optimize
the parameters of the neural network, we minimize
the energy the system would have in the state given
by the neural wave function. Computing the energy
requires samples from the squared magnitude of
the wave function, which are typically drawn using
Markov chain Monte Carlo (MCMC) methods. These
samples are then used to compute Monte Carlo esti-
mates of the energy. This variant of VMC, employing
neural networks as parameterized wave functions,
has achieved extraordinary accuracy while scaling
favorably with system sizes [1,3]. While this means
that the computing resources required do not grow
as rapidly with system size as those of other highly
accurate methods, training neural networks to find
wave functions remains computationally expensive.

One of the first programs to enable large-scale
training of neural wave functions is the open-source
DEEPQMC library [2], developed in our group. It
delivers state-of-the-art performance both in com-
putational efficiency by leveraging modern compiler
technology to fully utilize multiple high-end graphics
processing units in parallel, and in accuracy by incor-
porating many recent advances in the field. Building
on this package, the computational resources pro-
vided by NHR enable us to apply neural network
VMC to relevant systems.

One aspect that makes electronic wave function
training expensive, even on modern accelerators, is
the special structure the functions must obey. Specif-
ically, they have to be antisymmetric in the exchange
of electron coordinates, such that if two same-spin
electrons swap places, the wave functions must
change their sign. Traditionally, in quantum chem-
istry, this is achieved with Slater determinants, which
are antisymmetric by construction. In the context
of neural network VMC, this choice, however, in-
troduces a computationally expensive operation in
every evaluation of the wave function.

At the same time, each training and evaluation
iteration requires new samples from the wave func-
tion. Since these samples are drawn using MCMC,
an iterative method, many wave function evaluations
are required at each step.

Here, our project aims to speed up the training
and evaluation process of neural network wave func-
tions. In particular, we propose departing from the
Slater determinant as the primary method for an-
tisymmetrization and approximating antisymmetry
with efficient antisymmetrizers. Furthermore, we
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Figure 1: Schematic illustration of a variational Monte Carlo calculation. Traditionally, the antisymmetrized wave function is used in
a Markov chain to sample new electron positions (represented in grey). We propose a surrogate model for directly sampling new
electron positions (represented in red). Figure adapted from [3].

aim to reduce the computational burden during sam-
pling: instead of running a Markov chain, we train
a lightweight surrogate neural network in parallel to
generate samples. Combined, these approaches
promise to reduce the number of wave function eval-
uations required at each step, as well as the compu-
tational cost of these evaluations.
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https://www.mi.fu-berlin.de/en/math/groups/
ai4s/index.html
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