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Abstract

Atoms rearrange themselves during materials synthesis; understanding this self-
organization choreography would help the design of novel synthesis recipes. Yet,
the mechanisms of such phase transformations are often governed by statistically
improbable atomic transitions — known as rare events — that are challenging to
investigate by direct, brute-force sampling with conventional atomistic simulations.
The transition-state theory framework has been successfully applied for numerous
rare-event sampling techniques, which require prior knowledge of reaction coordi-
nates to be encoded in a committor function. Here we show how E(3)-equivariant
graph neural networks can be used to simultaneously learn physically appropriate
reaction coordinates and committors, solely from molecular dynamics simulations
near the start and end states of a reaction. This approach is applied to two dramat-
ically different systems and associated mechanisms, namely the conformational
transition in a alanine dipeptide molecule and the solid-liquid transition in the
solidification of the CrFeNi metallic alloy. We demonstrated that this approach
reduces the need for human intervention in designing reaction coordinates and
committor functions, which may enable the high-throughput study of transition
states.

1 Introduction

Autonomous and high-throughput laboratories promise a reduction in time and labor required for
experiments, yet they still lag far behind the rate at which simulations can propose new candidates'=.
However, in light of evidence that current thermodynamic heuristics cannot reliably predict successful
syntheses®’, the community stands to benefit from the development of new atomistic modeling
techniques that can guide the synthesis of solid state materials, and enhance synthesis success rates.

In solid-state materials synthesis, it is understood that reactions occur through a sequence of interme-
diate phases generated from an initial combination of precursors®®. Given that reactions happen at
the interfaces of phases (fig. 1a), the number of unique interfaces can grow exponentially, creating
a combinatorial challenge'®!!. The tools of transition state theory allow detailed understanding of
reaction dynamics, but are labor intensive and require prior knowledge of the system. Therefore,
reducing the labor required to identify and sample rare, rate-limiting interfacial reaction events from
molecular dynamics (MD) would be highly valuable to understanding reaction kinetics'?, especially
as modern machine-learned interatomic potentials offer long time-and length-scale dynamics with
quantum mechanical accuracy'32°.
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Figure 1: Simultaneous discovery of reaction coordinates and committor functions. dhpterfacial
dynamics are often dominated by rare transition events. We aim to automate the identi cation
of reaction coordinates and committor functions, minimizing the need for human dfjo@ur

model architecture processes molecular dynamics data by converting it into a graph representation.
We employ an E(3)-equivariant graph neural network (E(3)-GNN) to reduce both structural and
chemical information to a lower-dimensional representation, referred to as reaction coordinates.
These reaction coordinates are then fed into a feed forward neural network to compute the committor
function. The model is optimized to learn both the committor function and reaction coordinates
simultaneously through a variational and a boundary loss (see app. A for detp@s)r approach

identi es physically-appropriate reaction coordinates and committor functions based solely on the
dynamics near the initial and nal states of the reaction.

Enhanced rare-event sampling has been shown to allow deeper insights into interfacial dfnamics
This approach relies on the concept agaction coordinatdr): a lower-dimensional representation

of atomic coordinates that tracks the evolution between two distinct states. A committor function
g(r) is employed to map the reaction coordinate to a continuous range between 0 and 1, where values
near 0 and 1 respectively correspond to the initial and nal states of the system, and a value of 0.5
marks the transition state

Recently, the authors of ref. 23 demonstrated lgowy could be bootstrapped from atomistic simula-
tions of con gurations near the initial and end states of the reaction, and how its gradient magnitude
can be used to create biasing potentials that guide the system's time evolution towards the transition
state (see app. A for a brief summary of their approach). A key limitation of ref. 23, and of other
known approaches for committor function learrfifig® is the requirement that a reaction coordinate

r be known ahead of time. Identifying physically-appropriatequires detailed knowledge of the
system's transition, often requiring complex human-designed mathematical fuséfibfisrender-

ing rare-event sampling methods unsuitable to high-throughput approaches. Using machine learning
for reaction coordinate discovery is becoming more poptié The work of Suret al3? shows

a multi-task framework that identi es low dimensional system descriptors and basin classi cation
that behaves as a committor. They encode system con guration with a multi-layer perceptron-like
architecture and use potential energy to help distinguishing reaction progress (which the authors note
may not help for diffusion-dominated transitions). Equivariant models may remove both the need for
energy to distinguish environments and exploit the ef ciency of equivariant networks to learn from
atomistic dat¥"2%33 This approach is desirable because it makes no assumptions about either the
reaction coordinate or the functional form of the committor.

Here, we enhanced the framework presented in ref. 23 by leveraging an upstream equivariant graph
neural network ( g. 1b) to simultaneously identify both reaction coordinat@siid committor
functions §) directly from atomistic simulation data ( g. 1c). We demonstrate the ef cacy of our
framework to discover physically-appropriatandq(r) by applying it to atomistic simulations of the
conformational transition of a alanine dipeptide molecule ( g. 2), and of the solid-liquid transitions
during solidi cation of the CrFeNi metallic alloy ( g. 3), and comparing the learmeathdq(r) with

known well-established representations.



Figure 2: Learned alanine dipetide committor function. a) lllustration of the conformational
space of alanine dipeptide, and of its dihedral angles; and! . b) Projection of the learned
committor function onto the discovered reaction coordinate plane, with committor valgés pf

0:5 identifying the transition statec) Dihedral angles and learned committor value for atomistic
simulations undergoing the conformational transition. To enhance visualization, atomistic systems
with a learned committor valug(r;) 2 [0:45; 0:55]were assigned the highest drawing order. Observe
the correlation between the transition state (TS) dihedral angles, digitized from ref. 35, and the
dihedral angles of atomistic systems where our method assigns a committor vg{ug of 0:5.

Our framework accurately identi es a physically relevant transition state () directly from the
structure, without prior knowledge of the transition states, and of dihedral angles.

2 Results

2.1 Learned alanine dipeptide committor function

Alanine dipeptide is a widely used benchmark molecule for studying transition%St&té$ Its
molecular conformation states ( g. 2a) have well-de ned energy mirfhascribed by the dihedral
angles; ; ; and! 23 Notably, con gurations at the transition state between conformatizas
(state A) andC;. (State B} are characterized by the inverse relationship 232833

Here, we showcase how our model discovers a committor function and corresponding reaction
coordinate of alanine dipetide, by training exclusively on MD data from states A and B without any
prior knowledge of the transition state or expert-derived reaction coordinate. The rst step in our
process involves converting the unbiased atomistic data of states A and B (collected in ref. 23) into a
graph representation, which is subsequently inserted into our committor network (see sec. 4.1 for
details). Our framework enables simultaneous learning of both the reaction coordiaattshe
committor functiong(r). Figure 2b shows the discovered reaction coordinate space; notice that a
clear transition state is identi ed with a committor valg@;) 0:5. Next, we investigate whether

this transition state corresponds to the correct physical transition state of alanine dipeptide. This
is accomplished by comparing in g.2c the dihedral angles and learned committor of atomistic
simulations undergoing the conformational change (taken from the biased atomistic simulations of
ref. 23), to the dihedral angles from ref. 35, which were obtained using well-established rare-event
sampling techniques. While it is clear that there is a strong correlation between our discovered
committor and previously-known reaction coordinates, a more de nitive validation would involve
running atomistic simulations with a biasing potential derived directly from our learned committor —
an approach we plan to explore in future work. Nevertheless, our ndings suggest that it is possible
to learn relevant committors and reaction coordinates directly from the atomistic data near the start
and end states.

2.2 Learned CrFeNi solid-liquid committor function

We next turn to the study of materials synthesis by applying our method to some 100,000 atom MD
simulations of solidi cation from a spherical crystalline seed of the CrFeNi metallic alloy ( g. 3a, see
sec. 4.2 for details). The kinetics of the atomic transitions from the all-liquid (state A) to the all-solid
phase (state B) is governed by rare ev&nts Figure 3b compares the learned committor with the

1So named due to the orientation of te atom being in an axial or equatorial orientation relative to a
7-atom ring formed by intramolecular hydrogen bondfng



Figure 3:Learned CrFeNi committor function. a) Crystal growth from a spherical CrFeNi seed,
with atoms colored by their local crystal structure (see app. B for dethjl§)he learned committor
over simulation time approximates the fraction of solid atoms in the systp@omparison of local
atomic environment classi cation (top) and per-atom committor values (bottom) after removing the
network's pooling layers post-training. Atoms identi ed as liquid (top) and wjith 0:9999(bottom)

are hidden.

fraction of solid atoms in the simulation, which was obtained from a crystal-structure classi er known
as polyhedral template matchifigsee app. B for details). Notice the close proximity between the
curves, showing that from structure, we were able to derive a physically relevant global description
of the system state which captures the increase of solid-like atomic environments. Addtionally, the
correlation of pre-pooling values with local descriptors of crystallinity ( g. 3c) suggests that the
learned committor gradients, propagated backwards through the reaction coordinates, could direct
atomic movements towards solid or liquid-like committor-derived biasing potentials.

Note that unlike in the molecular case, where the conformation is a global variable, it appears that the
global system state is roughly tracking the fraction of atoms that are in the solid versus liquid phase.
This, and the fact that our formalism requires the identi cation of only two distinct states, raises the
questions of how to proceed in (1) precisely identifying the transition state for local phase transitions,
and (2) how to study complex multi-step processes that involve intermediate species or by-products.
We leave deeper study of both of these for future work, but propose here some initials thoughts. For
(1), two possible ways to do this are to study the contribution of individual atoms to the committor
along the natural trajectory, or to use a biasing potential to examine the trajectory that maximizes an
atom's contribution to the committor. We hope that this procedure may reduce the labor of identifying
and studying a transition state given molecular dynamics data (e.g., do atoms with intermediate
local contributions to the committor represent those undergoing local transformations? Could these
local transformations provide insights into the mechanisms driving variations in growth behavior?).
For (2), multi-step processes, we do not know a priori how intermediate or byproduct phases could
interact with this framework. However, making it easier to generate intermediate steps could enable
easier sampling campaigns while zooming in to proposed transition states, iteratively applying this
framework to successively smaller in-between steps in a more complex phase transition. However,
further study would need to be conducted to estimate the risk of a non rate-limiting transition pathway
to be picked up by the model.

Optimizing computational performance is crucial for realistic simulations of materials processing
and synthesis, which often require models capable of handling millions of atoms per tirtfe step
Enhancing the inference speed of our E(3)-GNN (currently operating at approximately 14 seconds
per hundred thousand atom without just-in-time compilation) should not be overlooked. Integrating
eSCN layer® offers an effective solution to reduce computational complexity by repls2D¢p)
convolutions with mathematically equivaleBO(2) convolutions. Additionally, investigating alterna-

tive equivariance methods, such as EGNN's use of relative atomic disténcesld provide insights

into the differences in representational richness and computational complexity. Finally, examining the
role of symmetry-inductive bias could highlight its bene ts in low-data regithésand determine if
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