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The automated discovery of chemical and catalytic reactions remains a major
challenge in computational chemistry, particularly in complex systems where
conventional methods struggle to identify optimal searching directions. Here,
we propose Loxodynamics, a machine-learning-driven approach for reaction
exploration via biased molecular dynamics. By leveraging the skewness of local
probability distributions, Loxodynamics dynamically determines low-energy
barrier directions, efficiently guiding the system toward metastable states. The
core of our framework is Skewencoder, an Autoencoder augmented with a
skewness-based loss function that extracts reaction coordinates from minimal
sampling data. Through iterative sample-and-search cycles, the system adap-
tively maps the free energy surface, capturing finite-temperature effects cri-
tical to complex reactive environments. We validate our method across model

potentials, gas-phase reactions (Sy 2 and Diels-Alder), and catalytic alcohol
dehydration in acidic chabazite under operando conditions. Loxodynamics
provides a systematic framework for reaction discovery that addresses key
limitations of conventional techniques, notably by allowing acceleration
without elevated temperatures or a priori knowledge of collective variables.

Exploring chemical reactivity from first principles is a grand challenge
in computational chemistry'. This is fundamental across all fields of
chemistry and particularly critical in catalysis, where identifying mul-
tiple products, intermediates, and reaction mechanisms is key. Even
simple systems can generate a diverse range of possible outcomes, and
the complexity further increases when reactivity is influenced by
environmental factors such as interfaces, solvents, and catalytic
conditions®*,

The conventional workflow to tackle this problem typically
involves inferring the structures of reactants and products based on
known or anticipated reaction outcomes or relying predominantly on
chemical intuition.>®. Once potential products or intermediates have
been hypothesized, a guess structure is constructed, and its energy is
minimized through geometry optimization.

While this approach has achieved significant success, it faces two
main limitations. First, designing the guessed product structure
heavily relies on chemical intuition, which may not always yield rea-
listic predictions. To mitigate this, various methods have been

developed to explore the potential energy surface (PES). Many of these
techniques leverage the local curvature of the PES to identify the
minimum energy pathway connecting reactants, transition states, and
products”®?*. These methods have proven effective but are generally
restricted to small, low-complexity systems where complex dynamic
effects can be neglected.

Alternatively, for more complex scenarios, conceptual chemical
knowledge can guide the identification of potential intermediates,
such as by searching for a minimum energy path (MEP) connecting
them. If the two endpoints of an elementary reaction are known,
interpolation and string methods can be applied to locate the corre-
sponding MEP**%., Conceptual chemical insight can also be exploited
to rapidly identify potential intermediate candidates that are con-
nected to the starting structure via an elementary reaction—particu-
larly when the type of reaction mechanism relevant to the system
under study is known. These heuristic approaches have proven highly
effective in characterizing products and intermediates in well-
established processes’?°. However, their applicability is often
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constrained by the requirement for prior knowledge of the reaction
pathways. The use of graph theory and connectivity analysis offers an
efficient yet mathematically elegant alternative for exploring chemical
reaction networks?, with promising applications in catalysis"*.

For a detailed overview and classification of these reaction
exploration approaches, we refer the reader to the excellent reviews by
Reiher and coworkers>**%,

The second key challenge is that PES exploration methods very
often rely on structure optimization techniques that overlook finite-
temperature effects, thereby neglecting the broader configurational
space accessed by the system. This limitation increases the risk of
missing the true lowest-energy minimum corresponding to the reac-
tion product or intermediate of interest.

To incorporate finite-temperature effects in reactivity studies,
molecular dynamics (MD) simulations can be employed. However,
standard MD operates on timescales much shorter than those of
activated processes like chemical reactions, making it challenging to
capture such rare events.

To overcome this limitation, various enhanced sampling methods
have been developed to promote transitions across high-energy bar-
riers separating metastable states. Those strategies involve increasing
the system’s temperature®*, or adding a bias potential to the global
PES of the system®™, in order to boost the likelihood of barrier
crossing. These approaches often employ multiple replicas, as in par-
allel tempering, or constrain molecules within a small fictitious
volume®® while applying elevated temperatures. While effective in
facilitating exploration, these methods can also introduce artifacts,
leading to the identification of high-energy pathways and reaction
products that may not be experimentally relevant under realistic
conditions.

Another widely used approach involves applying bias potentials
along predefined collective variables (CVs) to accelerate transitions
between states. This category includes umbrella sampling®,
metadynamics®, and On-the-fly Probability Enhanced Sampling
(OPES)*. While highly effective for sampling known reaction pathways,
these methods rely heavily on prior knowledge of metastable states,
needed to design the CVs. This dependence makes them less suitable
for reaction discovery.

In general, designing a fully agnostic CV for reactivity exploration
with a high sampling efficiency is impractical without prior knowledge
of the expected products. Moreover, even with this information,
selecting the correct bias direction along the CV is essential to guide
the system along the lowest-energy reaction pathway and efficiently
drive the transition to the products.

Here, we propose a method that overcomes these limitations by
automatically constructing a low-dimensional CV while simultaneously
determining the optimal direction toward the most probable reaction
products. By following pathways with the lowest energy barriers, this
approach enables efficient and agnostic exploration of likely reaction
channels. To achieve this, we draw inspiration from two key concepts:
the Anharmonic Downward Distortion Following (ADDF) method"?
and the Artificial Force Induced Reaction (AFIR) method*’™*, com-
bined with pulling-based exploration techniques used in steered
MD**# and ratcheted-and-pawl MD*® simulations.

The ADDF method explores reaction pathways by following
anharmonic distortions by mapping on the PES based on the concept
of hypersphere search'*’, while the AFIR method identifies associative
reactions using artificial forces between reactants. Both have been
successful in mapping chemical reactivity, but neglect temperature
effects.

Conversely, dynamic approaches like steered MD and
ratcheted-and-pawl MD enable exploration of activated processes
but require prior knowledge of initial and final states to define an
efficient CV. Additionally, the pulling direction must be predefined
by the user.

Our approach unifies these concepts by automatically identifying
the CV along which anharmonicity is maximal, thereby guiding the
exploration along the slowest ascending directions of the PES. Instead
of explicitly evaluating high-dimensional PES directions, the method
first samples the local minimum of the reactant state. By analyzing
asymmetries in the local distribution—specifically its skewness—it
infers the optimal biasing direction. This eliminates reliance on pre-
defined knowledge, enabling automated reaction pathway discovery
and efficient sampling of the most probable reaction channels.

Results

Loxodynamics

The essence of our method can be illustrated, for the sake of simplicity,
by considering the dynamics of a finite mass particle in a one-
dimensional double-well potential (Fig. 1) at finite temperature, e.g.,
Langevin dynamics. Let us imagine that the shape of the potential is
not known and the temperature is sufficiently low, i.e., kgT < Ey¢, SO
that the particle is trapped in the left basin. In such a situation, it is not
trivial to decide whether the particle should be pulled toward the left
or the right along x to go to the other state. Our key idea is that the
local potential experienced by the particle inherently exhibits some
degree of anharmonicity, which, in turn, must be reflected in the
shape of its probability distribution. By sampling the vicinity of the
minimum for a sufficient duration, it is possible to estimate the local
probability distribution function and its moments, such as the skew-
ness. The latter, for a one-dimensional distribution, is defined in
Equation (1) as:

_ R =%
A0 — X))

where n is the number of samples, x; represents the i-th value of the
random variable, and x is the sample mean. A positive value of y
indicates a left-modal distribution, meaning that the tail of the
distribution becomes more pronounced as the random variable x
increases. Conversely, a negative y signifies that the tail is more
pronounced as it decreases. In the context of an asymmetric
anharmonic potential, a positive skewness implies that shifting the
mass along the positive direction of x is likely to guide the system
across the lowest energy barrier, where the tail of the distribution is
longer, thus leading it into a new metastable state. For this reason, we
named our method Loxodynamics, deriving from the Greek
word lox6s, meaning skewed, to emphasize its core principle of
leveraging skewness in probability distributions to guide the sampling
process.

In this model system, the initial sampling shows positive skew-
ness, indicating that the particle should move to the right to reach the
other basin. To implement this, a harmonic wall is applied, shifted by a
constant offset Ax to the right of the mean u of the distribution sam-
pled in the previous step, and sampling resumes. The new potential,
which combines the physical double-well potential and the restraining
bias, makes the particle sampling a new landscape and search itera-
tively for the next metastable state direction based on the skewness of
the updated distribution. The lower panel of Fig. 1 shows the evolution
of the local equilibrium distribution after applying the restraining
biases at each successive iteration. In this simple case, the skew
remains positive and, therefore, the direction along which the bias
must be applied is always positive along x. In this way, through suc-
cessive iterations of sample-and-search, the system gradually exits the
left basin and reaches the right one, completing the exploration
process.

Real chemical systems often require multiple dimensions to cap-
ture relevant anharmonicity changes in the potential. A practical
approach is to define N, descriptors d{R), functions of atomic coor-
dinates R, which serve as the basis for constructing the CV. The
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Fig. 1| Schematic representation of the Loxodynamics approach in 1D.

a Comparison of a double-well potential (solid black) with a local harmonic
approximation (dashed). The activation barrier between the two wells is denoted as
E.ce. The lower panel displays the corresponding probability distributions p(x): the
harmonic potential yields a symmetric Gaussian (gray), whereas the double-well
potential produces a positively skewed distribution (red). This skewness deter-
mines the biasing direction. b Successive sampling driven by half-harmonic
restraining walls. The upper panel shows the wall progression (half-parabolic
curves) and sample points (dots). The initial wall (red) is positioned at the unbiased
sample mean y. In subsequent iterations (blue, green, yellow), the wall is translated
by a fixed offset Ax while maintaining a constant spring constant k. The lower panel
illustrates the resulting evolution of the sample distributions, which become
increasingly asymmetric.

procedure remains similar to the 1D case: after defining these
descriptors, the system is briefly sampled at a given temperature,
generating an Ng dimensional distribution. However, extending
skewness to higher dimensions is non-trivial due to the complexity of
quantifying asymmetry*®,

To leverage the benefits of 1D skewness, dimensionality reduction
is necessary. This reduction must preserve key system features while
maintaining differentiability for CV construction. A tailored bias can
then be applied in this reduced space, enabling efficient exploration of
the potential energy landscape.

To achieve this, we developed Skewencoder, an Autoencoder-
based framework that reduces data to a 1D latent space while incor-
porating higher-moment statistical information. Autoencoder-based
CVs have been widely adopted as an initial means to identify essential
features relevant to reaction mechanisms and molecular transforma-
tions, thereby serving as a foundation for reaction space exploration.
Chen et al.***° developed an iterative exploration protocol that inte-
grates umbrella sampling with dynamically updated Autoencoder-
based CVs derived from the evolving set of sampled configurations.
Their approach employs a grid-based boundary detection method to
determine bias placement by identifying outlier configurations
potentially indicative of state transitions. In comparison, our frame-
work—while also employing iterative CV-accelerated discovery—
prioritizes the exploitation of collective statistical properties within
the sampled data, such as skewness, to guide and optimize transition
pathways. Ketkaew et al.”** introduced an autoencoder-based strategy
aimed at constructing data-driven collective variables for enhanced
sampling, trained exclusively on reactant-state configurations. Their
approach exploits deep autoencoders to extract latent representations
from unbiased trajectories and employs these representations within
flooding-based enhanced sampling schemes to reconstruct free
energy surfaces. While this methodology alleviates the need for
explicit product-state information in the definition of collective vari-
ables, it remains inherently tied to static CVs and relies on conven-
tional enhanced sampling paradigms, without introducing an explicit
directional bias capable of actively driving exploration toward new
regions of phase space.

The aforementioned approaches combine CVs with enhanced
sampling techniques such as umbrella sampling, metadynamics, or
OPES to accelerate phase-space exploration. However, these methods
do not encode an intrinsic directionality in the applied bias®. In con-
trast, Loxodynamics introduces a bias explicitly designed to drive the
system toward new states along a CV that is updated on-the-fly during
the exploration. Metadynamics and OPES, in particular, are flooding
approaches, in which the bias progressively fills local free-energy
basins defined along static, pre-defined CVs, thereby enhancing fluc-
tuations within those basins. The core principle of Loxodynamics is
fundamentally different: rather than amplifying fluctuations, it delib-
erately focuses them with the explicit goal of propelling the system
uphill in free energy.

By integrating an Autoencoder neural network (NN) with a loss
function based on the skewness of projected samples, Skewencoder
efficiently utilizes limited early-stage sampling data in a multitask
learning framework, as defined in Equation (2).

‘Ctotal(x§ a) = ‘CAE(X§ 0) + aﬁskew(x/§ 0) +ﬁ‘ I\ |2 (2)

where £,; denotes the Autoencoder loss function, and Ly, is a
skewness loss term designed to maximize the skewness of the latent
space distribution. Here, x and X’ represent the global and local set of
input descriptors, respectively, and @ comprises all neural network
parameters (i.e., weights and biases across all layers). The term ||w]|,
refers to the L2 regularization applied to the weights, while & and 8 are
hyperparameters that control the relative contributions of the skew-
ness and regularization terms, respectively.

The Autoencoder loss function is defined in Equation (3) using the
standard reconstruction error, based on the difference between the
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Fig. 2 | Schematic representation of the Skewencoder architecture, a multitask
learning framework based on an Autoencoder with a single bottleneck neuron
in the latent space. This design compresses high-dimensional data into projec-
tions on a one-dimensional manifold for skewness calculation. In our approach, the
input dataset is divided into two parts. Data from the global (incremental) dataset
(red path) contributes to the original Autoencoder loss function (AE loss)(i.e.,
reconstruction mean squared error (MSE) loss, which minimizes the difference
between the inputs and the decoder’s output. Data from the local dataset (blue
path) contributes to a custom loss function based on the skewness of the data, i.e. )*
loss, in the latent space. This figure is adapted from Neural Networks by Izaak
Neutelings, used under CC BY-SA 4.0. This figure is licensed under CC BY-SA 4.0.

inputs and the reconstructed outputs:

| RN .
Lap(:0)= > 11X;(x;: 0) — x;11° 3)
i=1

where n is the number of training examples, X; is the vector of inputs
for the i-th training sample, X; is the output vector of the Autoencoder,
which is a function of the NN parameters @ and the input descriptor x;
and the difference is calculated as the mean squared error (MSE) of the
samples, expressed in terms of vector norms. The global dataset
accumulated across iterations is used for optimizing the Autoencoder.

In contrast, the skewness loss, which is calculated based on the
projected CVs in the latent space (depicted by the light-blue path in
Fig. 2), is defined in Equation (4) as:

Lkew(X;0)=In(1+ e-V<S<X’:0))2) @)

where s(x’; @) denotes the latent representation computed by the
Autoencoder NN, y(s(x’; @) denotes the skewness, computed accord-
ing to Equation (1), and is derived solely from the local data x" gener-
ated by the MD simulation in the most recent iteration (refer to the
Supplementary Information (SI) for further details). The use of both
global and local datasets for calculating the loss functions defines the
multitask nature of our method.

In the early iterations of the sample-and-search process, designing
an effective CV is challenging due to the limited data available for
training the Autoencoder. To address this, we employed a warm-start
training approach, which has been widely successful in convex
optimization®". Instead of training the model from scratch at each
iteration, the parameters learned from the previous iteration are used
as the starting point, and the model is trained to converge from these
pre-initialized values (see SI for details).

Case study
2D model potential. As a proof of concept, we tested our method on
simple 2D model potentials using Langevin dynamics. For clarity, we
present results for one of the three tested potentials, shown in Fig. 3
(panel a). The explicit functional form and results for the other cases
are provided in the SI.

Starting in the upper basin, the algorithm progressively sampled
the potential. The panel b of Fig. 3 highlights key iterations of the
exploration, while the panel c shows the trajectory along the x and y
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Fig. 3| The Loxodynamics process on a 2-D potential energy surface (PES).a The
PES visualized as a colored heatmap. b Sampling distribution for the key iteration.
Blue points represent the incremental dataset accumulated from previous steps,
while red points correspond to the samples generated during the current iteration.
¢ Time evolution of the x (dark green) and y (light green) coordinates, reported in
Lennard-Jones units. The shaded windows highlight the specific time interval cor-
responding to the snapshot shown in panel b. A copy of this figure using a per-
ceptually uniform color palette is available in SI.

coordinates, illustrating how the system systematically gathers infor-
mation and transitions toward the second basin.

This potential features two pathways with barriers of different
heights. The algorithm iteratively analyzes the data distribution,
identifies the direction of maximal anharmonicity—where skewness is
highest—and applies harmonic walls to bias the system along the
lower-energy route, ensuring a smooth and efficient transition to the
next metastable state.
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In detail, the blue points in panel b of Figure 3 represent samples
from the incremental dataset, which aggregates data from all previous
and current iterations to form the global training set for the Auto-
encoder’s reconstruction loss. In contrast, red points correspond to
samples from the current iteration, constituting the local training
dataset optimized for the skewness loss. Sampling at each iteration
follows these criteria, progressively expanding the explored region
and allowing the system to identify new minima on the free energy
landscape.

In this example, both pathways lead to the same product. How-
ever, in realistic chemical systems, a single reactant can yield multiple
products, each requiring distinct transition regions. Our method
ensures that the system follows the lowest-barrier pathways, identify-
ing the most probable reaction routes and products.

Moreover, upon algorithm termination, the accumulated samples
provide sufficient data to construct a latent space that effectively
approximates a meaningful CV (see SI), ensuring an accurate repre-
sentation of the reaction pathway, even in complex energy landscapes.

Gas phase chemical reactions. To demonstrate the capability of
Loxodynamics in capturing chemical reactivity, we selected two pro-
totypical reactions: the Sy 2 nucleophilic substitution of chlor-
omethane by a fluoride anion and the gas-phase Diels-Alder reaction
between ethylene and 1,3-butadiene. These reactions exemplify key
aspects of reactivity, including simultaneous bond rearrangement
(synchronous bond breaking and formation) and significant differ-
ences in the shape of the reactant and product basins as well as
asymmetric barrier heights in the forward and reverse directions.

To detect whether the system has relocated into a new chemical
metastable state, bond topology changes were assessed by monitoring
variations in contacts between neighboring atoms (see “Methods”
section for details). In addition, how metastable states are identified in
different case studies is also discussed (see SI).

To begin, we investigated the Sy 2 nucleophilic substitution of
chloromethane by a fluoride anion. The reaction is characterized by
two key distances: df, the distance between the carbon and fluoride
ions, and d, the distance between the carbon and chlorine ions. These
distances were used as inputs for our Skewencoder. To ensure con-
sistent training, all distances were normalized to zero mean and unit
variance.

Figure 4a, c illustrate the progression of Loxodynamics, tracked
via the control variable d = d¢; — dg, which provides a simplified yet
effective one-dimensional CV to control the reaction progression®.
After a few iterations, the Skewencoder identified the most favorable
direction, enabling the bias to efficiently drive the system toward the
new metastable state.

Due to the asymmetric energy barriers between reactants and
products, a larger harmonic constant was applied when steering the
reaction in the direction CI- + CH5F » CH3Cl + F~ to account for the
higher barrier. The method consistently determines the optimal pull-
ing direction within the two-dimensional plane defined by key intera-
tomic distances.

This highlights the robustness of the approach: even with a simple
basis of chemical bond descriptors, it effectively identifies the reaction
pathway with the lowest barrier by targeting the most anharmonic
directions on the PES. Statistical asymmetries in locally sampled dis-
tributions are leveraged after short sampling trajectories.

Subsequently, we extended the application of our method to the
more complex chemical case of the Diels-Alder reaction between 1,3-
butadiene and ethylene. For this system, we deliberately chose to
include all 15 possible interatomic distances among the heavy (carbon)
atoms in the molecule as descriptors (see SI), rather than preselecting
only the two most relevant C-C distances involved in the reactive
process. This decision, made regardless of whether these distances

directly describe relevant bonds in either metastable state, was aimed
at testing the robustness and general applicability of the method.

Figure 4b, d illustrate the progression of Loxodynamics for the
Diels-Alder reaction. The method successfully identifies key reaction
pathways in both forward and reverse directions without relying on
predefined mechanistic knowledge.

The forward reaction presents significant challenges due to its
broad reactant state with high entropy, where the conformational
variability of the separated fragments complicates the identification of
an effective biasing direction. As shown in Figure 4b, after a few
iterations, the method successfully aligns the fragments, facilitating o
bond formation in the cyclohexene product state. By iteration 8, the
system surmounts the energy barrier and transitions to the pro-
duct state.

The reverse reaction is equally complex but for different reasons.
The deep and narrow ring state exhibits low anharmonicity, making it
difficult to determine the correct biasing direction without mistakenly
exploring alternative anharmonic channels, potentially leading to
undesired C-C or C-H rearrangements. Despite these challenges, the
method effectively identifies the ring-opening pathway and smoothly
guides the system out of the metastable state, as depicted in Figure 4d.

This highlights the method’s robustness in traversing complex
energy landscapes, enabling accurate and insightful reactivity
exploration.

Catalytic ethanol dehydration in acidic chabazite. In this section, we
apply our method to explore a highly complex catalytic system under
realistic operando conditions. We applied Loxodynamics to a reaction
occurring at the Brgnsted acid site (BAS) of a zeolite. Here, we focus on
the dehydration of ethanol to ethylene at the BAS of acidic chabazite
(H-CHA), a widely used zeolite, a complex reaction, and highly relevant
for the chemical industry.

Experimental®*® and computational®*®° studies have shown that
one mechanism is dominant, as it has a lower activation barrier: the
concerted mechanism. In this pathway, the acidic zeolite protonates
the hydroxyl group of the ethanol molecule, facilitating the elimina-
tion of water. Simultaneously, a hydrogen atom is abstracted from the
ethyl group, regenerating the BAS proton and restoring the catalyst.

However, evidence suggests the existence of an alternative
pathway with a slightly higher energy barrier, yet still kinetically fea-
sible. This mechanism, commonly referred to as the stepwise
mechanism, involves the formation of an ethoxy-framework complex
intermediate. More precisely, initially, the elimination of water leaves a
CH,CH, ! cation, which binds to a negatively charged BAS oxygen,
forming a relatively stable species. Subsequently, a proton of the
methyl group of the ethoxy group is abstracted by a neighboring BAS
oxygen, oxidizing the intermediate and yielding ethylene.

To set up our simulatio,n we started from the adsorption state of
ethanol at the BAS. To begin our exploration, our input set comprises
37 descriptors, including interatomic distances among heavy atoms,
such as C-O and C-C, but also with light atoms C-H and O-H, with
minimal reliance on chemical intuition (see “Methods” and SI for
details).

To our surprise, despite the simplicity and generality of these
descriptors, Loxodynamics successfully identifies the ethylene pro-
duct state through two distinct pathways. In one case, it follows a
direct route to the product, while in another, it first identifies an
intermediate corresponding precisely to the ethoxy-framework com-
plex, which subsequently evolves into ethylene via the expected
mechanism.

Figure 5 illustrates two detected reaction pathways from the
sample-and-search process, in agreement with the static calculations
by Kim etal’’, corresponding to the concerted and stepwise
mechanisms, respectively.
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Fig. 4 | System evolution in Loxodynamics process for two chemical reactions.
The Sy 2 reaction is analyzed in the forward (a, structures extracted at time 0.0,
51275, and 7.5 ps) and reverse (c, structures extracted at time 2.725, 7.6875 and
10.0335 ps) directions, alongside the Diels-Alder reaction in the forward

(b, structures extracted at time 7.8685, 21.6285, and 23.75 ps) and reverse

(d, structures extracted at time 5.938, 14.3 and 15.9 ps) directions. Each panel
depicts the reaction progression through representative molecular structures,
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projected 2D free energy maps, and the evolution of the 1D collective variable (CV).
The 2D maps are defined by the C-F (dg) and C-Cl (d¢) distances for Sy 2, and the
two primary reactive C-C distances (dy and de, see SI) for Diels-Alder. In these maps,
blue points denote the accumulated global dataset, while red points indicate the
local dataset of the current iteration (consistent with Fig. 3). The 1D CV is defined as
a linear combination of the bond descriptors (df + dc, for Sy 2, and d4 + d, for
Diels-Alder).

As shown in the upper panel, the method successfully identifies
the concerted reaction pathway, in which the framework proton is
transferred from the BAS to ethanol, leading to simultaneous water
elimination and proton abstraction from the ethanol methyl group by
an adjacent BAS acidic oxygen.

In contrast, the lower panel illustrates the stepwise mechanism,
which first involves the formation of an ethoxy group bound to a BAS
oxygen—a crucial intermediate in this pathway. To prevent back-
crossing to the original state upon reaching this intermediate state, we
restart the Loxodynamics simulation. While the Skewencoder para-
meters and the original CV are retained, an additional restraining wall
is applied along this CV to confine the system to the current inter-
mediate state. The simulation then proceeds with this constraint
active. (For further details regarding the restart protocol, refer to
the SI.) By restarting another Loxodynamics search from this inter-
mediate, the second step of the stepwise mechanism is observed,

consisting of proton abstraction from the methyl group by a vicinal
BAS oxygen.

This demonstrates that our method is capable of identifying not
only the most likely products but also of agnostically exploring reac-
tion pathways that transit through intermediates with a similar prob-
ability of occurrence.

This is a fundamental aspect of studying chemical reactivity in
complex catalytic systems, where experimental knowledge is often
limited due to the short-lived nature of such intermediates. Never-
theless, these intermediates play a crucial role in determining the
overall mechanistic network, which is essential for multiscale model-
ing of catalytic reactions, such as through microkinetic models.

Catalytic 1-butanol dehydration in acidic chabazite. Finally, we
extend our approach to the investigation of another highly complex
catalytic system involving a BAS in a zeolite framework. Specifically,
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Fig. 5 | Structures and atom-pair distance evolution for ethanol dehydration in
acidic chabazite (H-CHA). a shows the concerted mechanism, with deep green for
do-1 (O(BAS)-H(CH3) distance) and light green for dc.,; (C(CH3)-H(CHs) distance).

b depicts the stepwise mechanism, with blue for C(CH,)-O(BAS) distance and red
for C(CH3)-O(OH) distance.

Loxodynamics was applied to study the dehydration of 1-butanol to
butene at the BAS of acidic chabazite. As observed in the ethanol
dehydration mechanism discussed in the section “Catalytic ethanol
dehydration in acidic chabazite”, both concerted and stepwise path-
ways are present, each kinetically accessible but characterized by
slightly different energy barriers®. In the concerted mechanism for
1-butanol dehydration, analogous to that of ethanol, protonation of
the hydroxyl group by the acidic zeolite proton promotes water
elimination, while simultaneous abstraction of a hydrogen atom from
the butyl group regenerates the BAS proton and restores catalytic
activity. Conversely, in the stepwise pathway, formation of a butoxy
intermediate occurs: initial water elimination produces a
CH;CH,CH,CH, ! cation that associates with a negatively charged BAS
oxygen to yield a relatively stable intermediate. Subsequently,
abstraction of a methyl proton from this intermediate by an adjacent
BAS oxygen results in oxidation and formation of an alkene dou-
ble bond.

What radically differentiates the case of 1-butanol from ethanol is
the wide variety of possible reaction products, arising from the posi-
tion of the double bond along the alkyl chain and the associated iso-
merism. Both experimental studies® and computational
investigations®® have shown that the dehydration of 1-butanol can yield
all the different dehydration products and, under conditions of high
substrate loading, can also be accompanied by side reactions such as
oligomerization, cracking, and aromatization. In the present work, we
restrict our attention to single-site adsorption, focusing specifically on
the dehydration pathways.

The simulation was initialized from the adsorption state of
1-butanol at the BAS. For exploration, the input descriptor set con-
sisted of 28 features, encompassing interatomic distances among
heavy atoms as well as selected light atom pairs, thereby minimizing
dependence on prior chemical intuition (see “Methods” and SI for
further details). Fewer distances were incorporated to direct system
evolution toward the intended reaction space.

Figure 6 illustrates the reaction pathways identified through the
Loxodynamics sample-and-search procedure. Along the direct dehy-
dration route, the catalyst generates the three canonical products of
1-butanol dehydration: 1-butene, and the cis- and trans-isomers of
2-butene. As anticipated, 1-butene formation may also proceed via
stepwise mechanisms. In close analogy to the case of ethanol, this
mechanistic motif is preserved for longer alkyl chains. Notably, the
stepwise route exhibits high selectivity toward 1-butene, whereas the
formation of cis- and trans-2-butene is not observed.

Despite employing a descriptor set of remarkable simplicity and
generality, Loxodynamics reliably identifies the butene conformer
product. Furthermore, the method uncovers an intermediate corre-
sponding to a butoxy-framework complex, which subsequently
evolves into 1-butene through the expected mechanistic pathway,
without branching into alternative products.

These products and pathways have previously been reported by
John et al.®* for the same reaction in zeolite H-ZSM-5, where static DFT
calculations were employed to identify reactants, products, inter-
mediates, and transition states. In their study, however, the initial
guesses for all structures relied heavily on chemical intuition and
required extensive manual effort, including considerable trial-and-
error testing. By contrast, our approach offers a simple yet effective
framework to explore complex reaction networks in highly dynamic
systems such as zeolite catalysts under operando conditions.

This case study demonstrates that our approach is capable of
efficiently exploring energetically favorable conformer product
spaces, as well as identifying both the most probable products and
reaction pathways involving intermediates with comparable like-
lihoods of occurrence. This capability is particularly important in
investigations of chemical reactivity within complex catalytic systems,
where experimental information may be scarce due to the transient
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cis-2-butene

trans-2-butene

1-butene

1-butanol@BAS

1-butoxy@BAS

Fig. 6 | Reaction network identified by Loxodynamics for the dehydration of
1-butanol in acidic chabazite (H-CHA). The most thermodynamically favorable
products, as well as the principal intermediate detected during exploration, are
emphasized.

nature of intermediates and the presence of numerous conformers
with distinct thermochemical properties and implications for product
applications.

Discussion

In this work, we propose a method for dynamically exploring chemical
reactions, catalysis, and activated processes as a whole, grounded in
fundamental statistical concepts such as the asymmetry of the local
probability distribution function within a free energy basin. This
approach inherently accounts for finite-temperature effects, which are
critical when dealing with complex systems characterized by fluxional
molecular motions, dynamic rearrangements, and configurational
diversity. These effects play a decisive role in determining reactivity in
solvated environments and reactive interfaces. The proposed method
is simple, intuitive, and highly robust. Its modular implementation
ensures broad applicability across diverse systems and allows seamless
integration with MD simulation codes.

This framework has the potential to drive significant advances in
areas where the exploration of activated events is central, particularly
in condensed-phase phenomena. These include surface-mediated
processes such as heterogeneous catalysis—thermal, as exemplified
by the cases presented here, electrochemical, and potentially photo-
catalytic—as well as selectivity-driven challenges in asymmetric, enzy-
matic, and supramolecular catalysis. Furthermore, the method may
provide insights into other complex systems with unknown pathways,
such as those found in prebiotic, atmospheric, and combustion
chemistry. Conceptually, it is also applicable to non-chemical trans-
formations like ligand-protein unbinding, protein folding, or crystal
nucleation and polymorphism, offering a tool to probe transitions
where the final state is not known a priori.

Moreover, this method stands to benefit substantially from the
widespread availability of machine-learning interatomic potentials
(MLIPs)**%8 and related “foundation” or “general-purpose" models®’,
which enable simulations of large and complex reactive systems. In this
context, where models are predominantly trained on single-point
structures or short equilibrium trajectories and transition regions are
largely inferred rather than explicitly sampled, Loxodynamics provides
a systematic strategy to actively explore these regions, identify the
most informative configurations, and—after recalculation of their
associated energies and forces—iteratively fine-tune the underlying
model’®” to improve its accuracy in the transition-state configura-
tional space. This approach offers a compelling alternative to brute-
force exploration—which becomes especially intractable in catalytic
systems—by enabling a physically grounded and chemically mean-
ingful guided exploration of the most relevant metastable states at
finite temperature.

We acknowledge that the current implementation relies on
system-specific setups, including manually defined restraining walls
and state-detection criteria, which still require limited but necessary
chemical intuition and human intervention. Future work will focus on
further automating these aspects, for instance through the develop-
ment of an autonomous agent capable of managing the exploration
phase, launching multiple exploration runs, designing and adapting
biasing potentials on the fly, and automatically detecting new states
while storing and organizing the associated information.

Methods

Loss function design

Details regarding the Autoencoder architecture and the selection of
hyperparameters for Skewencoder are provided in the SI. This section
is devoted to the discussion of the formulation and implementation of
the skewness-related loss term, L., (defined in Equation (4)). Con-
sider the derivative of the additional skewness-related loss function
term, Lqew, With respect to the NN parameters {0}, : = {{wfj ), {b}}}n,
which include all trainable variables: the weight elements {wjf } from
matrix W, and the bias terms {b;} from vector b, across all layers [in the
Skewencoder. The subscript n denotes that these parameters are
optimized based on the n-th batch. The gradient of £, as shown in
Equation (5), appears in any gradient-based optimization method,
ensuring the integration of skewness considerations into the training
process.

dl:skew
dy?

Vo, Loew(X ;0)= -Vp(s(X';0) - Vg s(X';0) )

We calculated the derivative based on y 2 instead of y itself, primarily
because, within the scope of Skewencoder, only the magnitude of the
skewness is considered, regardless of its sign. Given the form of the
skewness loss function in Equation (4), the corresponding derivative
with respect to ) can be computed as shown in Equation (6).

dLoew = _ e’Vz
dy? 1+e? 6
e (©)
1+e?

Since the absolute value of this term monotonically decreases as y*
increases, it can be regarded as a correction factor for the learning rate,
fully based on skewness. When the skewness is small, the derivative
value approaches — 1, allowing for larger search steps during the early
training epochs. Conversely, when the skewness is large, the derivative
value approaches 0, contributing to the stable convergence of the loss
function minimization. In this way, the derivative term in Equation (6)
effectively acts as an exponentially decreasing learning rate, enhancing
the performance of the standard optimization algorithm. The
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Fig. 7 | Biasing the wall design of Loxodynamics. Qualitative illustration of the
influence of statistical moments on the wall configuration for a positively skewed
distribution across three consecutive iterations (colored blue, green, and yellow,
respectively). Half-parabolic curves denote the restraining walls, and scatter points
represent the samples. The latent collective variable (CV) space (gray axis) is
derived from the first iteration. The wall positions for the subsequent step (e.g., the
green curve) are determined by the sample mean g, standard deviation o, and offset
€ of the previous sample (blue), with the wall’s direction dictated by the sample
skewness (Equation (7)). The corresponding evolution of the sample distribution is
also depicted, highlighting the deviation of the initial distribution (blue) from a
symmetric normal distribution (gray).

effectiveness and efficiency of incorporating L., into the loss func-
tion are quantitatively analyzed using benchmark model poten-
tial (see SI).

Biasing wall design

Figure 7 illustrates the procedure for defining the biasing wall in latent
space, based on sampling from previous iterations of the Lox-
odynamics simulation. At each nth iteration, the multitask Auto-
encoder is retrained using the state-detection restart training protocol,
incorporating information from all preceding n - 1 iterations. The
resulting latent CV space is constructed, and samples from the local
dataset (as defined in Figure 2) at iteration n — 1 are projected onto this
updated latent space. This projection enables the calculation of sta-
tistical moments—specifically, mean, variance, and skewness—for the
sample distribution from iteration n - 1. These statistical properties are
then used to define a harmonic bias wall within this generalized
coordinate system, as described in Equation (7).

Apply wall :

K(Sps — (U(315) + 0(Sy5) + €))
when

SgN (V(Sys)) - Sis < 58N (V(S1s))(U(Sis) + 0(5;5) +e).

where s 5 is the CV in the latent space, k is the energy constant for the
wall, and u(5,5), 0(5.s) and y(s; ) are the sample mean, variance and
sample skewness of the local dataset projection in the latent space,
respectively. The term sgn (y(5s)) specifies that the direction of the
biasing wall in latent space is governed by the sign of the sample
skewness. For positive skewness, a lower boundary—corresponding to
a left-sided half-harmonic potential as depicted in Figure 7-is
imposed. In contrast, negative skewness results in the application of
an upper boundary. The parameter € > O is a custom offset.

As depicted in Figure 7, the inclusion of both o(5;s) and e shifts
the wall within the latent space, adaptively enhancing the asymmetry
of the local distribution and accelerating the search in the vicinity of

@

local minima on the PES. However, it is important to note that the
offset terms 0(5;s) and € also influence the resolution of the explora-
tion, which can be inferred from Figure 7. Values of €<1.0 are con-
sidered moderate.

Since the latent space is treated as a generalized coordinate with
an implicit direction, it is crucial to determine whether the projected
distribution is positively or negatively skewed and to set the wall
accordingly.

General workflow

In this section, we present an overview of our methodology, sum-
marized in the general workflow outlined in Box 1. The procedure is
initialized with a small swarm of independent trajectories, each char-
acterized by a different value of the biasing parameter ;. This strategy
allows us to explore multiple directions efficiently and identify suitable
paths for further exploration. The maximum number of allowed
iterations, nye,, is also specified to regulate computational cost. For
each k; in the sequence, Loxodynamics begins by performing an
unbiased simulation. During each iteration of the subsequent process,
Skewencoder is trained using a state-detection-informed restart
strategy (see Sl for details). To demonstrate the enhanced efficiency of
the warm start strategy, we compared Loxodynamics simulations uti-
lizing this approach against exploration training initiated from scratch
(see SI). The harmonic wall is configured as illustrated in Figure 7 and
Equation (7), and steered MD simulations are executed accordingly.
For every value of k; the Loxodynamics simulation terminates either
upon reaching nje, or upon identification of a new state. Lox-
odynamics outputs not only newly discovered states but also corre-
sponding MD trajectories and latent space CVs from Skewencoder,
which may be utilized for subsequent analysis of minimum energy
pathways.

Simulations settings
Model potentials. We performed Langevin dynamics using the pesmd
tool in PLUMED 2. 9.07%7, defining the potential directly in the input
file. SiAll parameters are in Lennard-Jones units, with temperature 1.0,
a Langevin thermostat friction coefficient of 10.0, and a time step of
0.05 for 20,000 steps.

Gas phase reactions. Simulations were performed using CP2K
2023.17*, patched with PLUMED 2. 9. 0, in the NVT ensemble with a 0.5
fs time step at 300 K, controlled by a canonical sampling through
velocity rescaling (CSVR) thermostat™. Each sampling iteration con-
sisted of 5000 steps in the biased MD simulation.

Energy and forces were computed using the PM67¢ semiempirical
Hamiltonian with a Self-Consistent Field (SCF) convergence tolerance
of 1.0 x 1075,

The system was placed within an orthorhombic simulation cell
with no periodic boundary conditions, set to 15.0 A for Sy 2 and 10.0 A
for Diels-Alder.

To detect new metastable states, bond topology changes were
assessed by monitoring atomic contacts, using the function in Equa-
tion (8)”’. The bond-dependent threshold p (0 < p < 0.5) distinguishes
different states:

Bond formed, if¢;;>1-p
Bond broken, if¢;;<p
Not stable, otherwise

(0

where dj represents the typical bond length between atoms of species
i and. The use of machine-learning-based classifiers that could offer a
more general or automated strategy.

While the implemented state detection method is straightforward
and effective for the presented case studies, complex systems may
necessitate more robust approaches. State-of-the-art machine learning

®

Ci,jz
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BOX 1

The general workflow of Loxodynamics

Require {k}, Niter
for each k; in {k;} do
iter=0
Run unbiased MD simulation
While iter < nye;and No new state is found do
iter = iter +1

Train Skewencoder based on loss function defined in Equation (2).

Apply harmonic wall in the latent space
Steered MD simulation
end while
if New state found then
Stop
end if
end for
return New states, MD trajectories, CVs.

classifiers, particularly those designed for transition state detection’®,
offer a generalized and automated strategy. These methods could 1.
provide the fast and precise state determination required for the
warm-start training of Loxodynamics. Alternatively, for simpler 2.
organic fragments or structures that can be chemically isolated from
their environment, SMILES-based fingerprinting’® serves as a valuable 3.
tool, allowing changes in bond topology to be rapidly identified via
string analysis. 4,

Catalytic ethanol dehydration in acidic chabazite. Simulations were
conducted with cP2K 2023. 1 patched with PLUMED 2.9.0 inthe NVT 5.
ensemble, using a 0.5 fs time step at 473 K, regulated by the CSVR
thermostat. Each iteration comprised 5000 steps in both biased and
unbiased MD simulations. 6.
Energy and forces were computed with the semi-empirical GFN-
XTB*° method, using an SCF convergence tolerance of 1.0 x 1075, The
simulation box was the relaxed primitive rhombohedral unit cell of 7.
natural H-CHA, with lattice constants of 9.514 A and angles of 94.07".

Catalytic 1-butanol dehydration in acidic chabazite. Simulations 8.
were conducted with cp2k 2025.1 patched with PLUMED 2.9.0 in the
NVT ensemble, using a 0.5 fs time step at 473 K, regulated by the CSVR
thermostat. Each iteration comprised 5000 steps in both biased and 9.
unbiased MD simulations.

Energy and forces were computed with the semi-empirical GFN-
XTB method, using an SCF convergence tolerance of 1.0 x 107, The
simulation box was the relaxed primitive rhombohedral unit cell of
natural H-CHA, with lattice constants of 9.514 A and angles of 94.07-.

10.

.
Data availability
Simulation inputs and generated simulation data are available at
zenodo®. More details can be found in SI. Source data are provided 12.
with this paper.

Code availability 13.
The code for running the simulations, along with input files for
reproducing the published results, is available at Github®. The
implementation relies on the m1colvar library as described by Bonati
et al.®, Likewise, the PLUMED input files and bias interface are available
at Zenodo®.

14.
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