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Abstract
Locating the transition states in them remains a central computational bottleneck, particularly in
heterogeneous catalysis where reference data are scarce and the configurations that matter are not
known in advance. Most machine-learning approaches to transition-state prediction pursue increasingly
expressive architectures trained on abundant gas-phase data, a strategy poorly matched to data-limited
surface chemistry. We present an integrated workflow that couples our global optimization code with a
deliberately compact graph neural network with essential physical invariances encoded into the input
representation rather than learned by the network architecture. The global search maps not only ground
states but also the low-lying metastable configurations that conventional searches discard. A lightweight
network, using 2–3 orders of magnitude fewer trainable parameters than competing models, predicts
transition states for matching configuration pairs. Our results indicate that, in data-scarce scientific
domains, matching model capacity to the available data offers a robust and transferable alternative to
ever-larger models.

Introduction
Across chemistry, materials science, and biology, the rates of the processes that matter most, such as
chemical bond making and breaking, diffusion, nucleation, conformational change, phase
transformation, are governed not by the stable states a system spends most of its time in, but by the
fleeting, high-energy configurations it must pass through to get from one stable state to another.1–5 The
highest-energy configuration along the minimum energy pathway between two stable states is the
transition state (TS), a first-order saddle point on the potential energy surface whose relative energy sets
the kinetic barrier and therefore the timescale of the transformation. Despite its fundamental
importance, the reliable identification of TS remains one of the foundational computational problems in
diverse contexts, including chemical reactions6–8 and phase transformation9. TSs are extremely difficult
to observe directly by experiments due to their unstable and short-lived nature, and their characterization
has rested predominantly on computational approaches for decades.

Traditionally, computational TS searches fall into two families that differ in the information they require.
The single-ended methods10, e.g., eigenvector-following method and single-ended growing string
method, start from a single stable configuration or an approximate TS guess, and walk uphill toward the
saddle point. The double-ended methods11, 12, e.g., nudged elastic band (NEB) and double-ended string
methods, exploit the interpolation between the two endpoint configurations as input. Despite their
widespread use, both methods are often limited by high computational cost, limited scalability, and
persistent convergence difficulties, particularly when the initial TS guess is far from the true saddle point
or when the underlying energy landscape is rugged.13, 14

The rapid advance of deep learning has motivated a new generation of data-driven approaches that
directly predict TS configurations in chemical transformations, often in conjunction with double-ended
methods6, 15, 16. For example, Pattanaik et al. show a fully connected graph neural network (GNN) for TS
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prediction of isomerization reactions.17 Jackson et al. developed TSNet, a Siamese message-passing
neural network based on tensor field networks, for TS prediction in nucleophilic substitution reactions.18

Makos et al. proposed a set of generative adversarial networks (TS-GAN) for TS predictions of organic
reactions.19 Choi employed pair-sequence interaction layers containing transformer encoders for TS
prediction in gas-phase organic reactions.20 Schreiner et al. introduced NeuralNEB, an equivariant GNN
to perform NEB calculations for TS estimation.21 More recently, Duan et al. reported an equivariant

diffusion model (OA-ReactDiff) for TS prediction,22 while Kim et al. developed TSDiff, a diffusion-based
framework that generates TS configurations from two-dimensional molecular graphs.23 These generative
models expanded the accessible reaction space and explored diverse reaction pathways beyond single
predefined conformations. In addition, Si et al. combined bitmap representation, convolutional neural
networks, and a genetic algorithm to design a computational framework for organic TS prediction.24 This
trajectory of method development for TS prediction shows a steady trend toward increasingly expressive
model architectures, such as the equivariant GNN, diffusion models, transformers, etc., often leading to
improved predictive accuracy.

However, three fundamental questions that extend beyond chemistry and are pervasive across
computation in physical sciences are also exposed. First, the benchmark successes described above
rely largely on comparatively abundant datasets of gas-phase organic reactions.25, 26 In contrast,
reference datasets containing TS for heterogeneous catalytic systems, where reactions occur at
molecule/solid interfaces in most catalytic processes, remain extremely limited. The recently released
OC20NEB27 database contributes several hundred converged surface NEB trajectories for elementary
processes such as desorption, dissociation, and mass transfer of organic species on inorganic surfaces.
Yet, against the enormous combinatorial diversity of surface chemistry, topology, adsorbates and their
binding geometries, the available data is far too sparse to parameterize high-capacity models for direct,
single-shot TS prediction in practice.28

This data scarcity creates a second closely related problem on the mismatch between model complexity
and information scope of available data. Contemporary TS prediction models typically contain > 106

trainable parameters,17–23 whereas heterogeneous catalysis datasets typically comprise only ~ 103

examples27. Although such highly expressive models can achieve impressive performance on in-
distribution benchmarks, they can generalize poorly to chemically distinct systems. Improving predictive
robustness with limited, high-dimensional scientific data is still a central challenge throughout
computational science, and TS prediction in heterogeneous catalysis is a prime example of this difficulty.

A third question is rather methodological. Typically, TS searches almost always focus on pathways
connecting two local energy minima, most-often determined by a gradient-based optimization. Under
realistic, catalytic conditions, however, the kinetically dominant pathway does not necessarily proceed
via ground-state structures.2, 3, 29, 30 Finite-temperature fluctuations can transiently populate metastable
states that are slightly higher in energy yet connected by lower energy barriers. Therefore, restricting TS
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search to ground-state configurations alone can potentially overlook important operative pathways and
rate-determining steps, regardless of how accurately any single saddle point is computed.2, 31, 32

In this work, we address these challenges through an integrated TS search framework that pairs global
optimization with a deliberately lightweight GNN, providing an alternative to purely deep-learning-based
approaches for TS prediction. The TS prediction in heterogenous catalytic processes is focused on as an
example as illustrated in Fig. 1a. The framework proceeds in two stages. First, reactant, product, and
intermediate configurations are explored using RANGE,33 our global optimization code that identifies not
only ground-state structures, but also low-lying metastable configurations that are frequently neglected
in conventional TS searches. This exploration yields a broader view of the accessible reaction landscape
beyond pathways connecting only the lowest-energy states. Second, a compact edge-aware attention
GNN, pretrained on the Transition1x dataset25 and subsequently fine-tuned on OC20NEB27 through
transfer learning, predicts TS geometries for physically plausible reactant–product pairs. The predicted
TS structures may be further refined using established TS optimization methods such as NEB.

Rather than increasing model complexity, our strategy emphasizes physically motivated structural
representations and a model capacity commensurate with the available data. We demonstrate the
framework on propane dehydrogenation over a platinum cluster supported by carbon nitride. We show
that, despite employing approximately two orders of magnitude fewer trainable parameters than other
deep-learning models, the combination of global configurational exploration and lightweight learning
accurately reconstructs the relevant reaction landscape and identifies pathways that are inaccessible to
conventional ground-state-focused searches. More broadly, our results suggest that, in data-scarce
scientific domains, the integration of global optimization with compact machine-learning models can
provide a practical route toward transferable and chemically meaningful TS prediction across complex
energy landscapes.

Methods
Data and graph feature generation

To prepare appropriate training and validation data for the GNN, we utilized the Transition1x25 and
OC20NEB27 databases. From the Transition1x dataset, we extracted the reactant, TS, and product
structures for each reaction, resulting in 10073 three-frame trajectories. For the OC20NEB dataset,
reactant, TS, and product structures were similarly extracted from the converged NEB trajectories.
Although OC20NEB lists 932 converged NEB trajectories, about a third of pathways do not represent an
activated process and only exhibit a monotonic variance of the energy along the reported reaction
pathway. We therefore retained only trajectories featuring a distinct energy maximum, which was taken
as the TS structure. This filtering yielded 699 three-frame trajectories from the OC20NEB database. To
ensure consistency of atomic displacements, all trajectories were unwrapped using the reactant
configuration as the reference frame, thereby eliminating artifacts arising from periodic boundary
conditions.
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To ensure seamless integration of gas-phase molecular systems from Transition1x and surface-based
systems from OC20NEB, a unified feature representation applicable to both environments is required.
Here, we construct a common representation that can be applied to gas-phase molecules as well as
organic–inorganic surface interactions, as briefly shown in Fig. 1b. All three-frame trajectories from both
databases are processed to generate the corresponding inputs and target outputs for GNN training. For
a given three-frame trajectory, the feature construction proceeds as follows:

1. The displacement of each atom between the reactant and product configurations is computed.
Atoms with displacement distances greater than 0.3 Å are recorded in a list (called active list). For
systems with periodic boundary conditions, the minimum image convention is applied when
computing displacements.

2. For each atom in the active list, neighboring atoms within a cutoff threshold (RA, 5 Å by default,
optimized from our following parameter screening) are identified and added to the active list if not
already included. This procedure yields a subset of atoms that captures the structural changes
associated with the reaction. The resulting subset defines a cluster model, independent of whether
the original system is a gas-phase molecule or a surface slab and is used for subsequent feature
generation.

3. The geometric center of the cluster is computed using both reactant and product configurations to
define a common reference point. Atoms in the cluster are then reordered using a lexicographic
scheme: first by increasing displacement magnitude, then by atomic number, and finally by distance
to the common geometric center. This procedure yields a deterministic ordering of atoms, ensuring
permutation invariance.

4. The displacement vector of the atom with the largest displacement is rotated to align with the
positive X-axis. Subsequently, the cluster is rotated about the X-axis so that the displacement vector
of the atom with the second-largest displacement lies in the XY-plane and points in the positive Y-
direction. The resulting rotations are recorded in a rotation matrix that leads to rotational invariance.
Then the entire cluster is translated so that its geometric center coincides with the origin. The
corresponding translation vector is recorded, ensuring translational invariance.

5. A fixed dimension (Dmax, 36 by default, a number that was optimized based on tests presented
below) is imposed on the active list. If the number of atoms in the cluster (i.e. the length of the
active list) is smaller than Dmax, dummy atoms with zero atomic number and zero atomic positions

are added as padding. If the number exceeds Dmax, atoms with the smallest displacements are
removed until the final length equals Dmax.

6. In the end, for each reaction this procedure yields an ordered active atom list, a rotation matrix, and
a translation vector, derived from the reactant and product configurations. During GNN training, the
same transformations are applied to the corresponding TS structures, producing three-frame
trajectories with cluster representations that are invariant to translation, rotation, and atomic
permutation.

7. The resulting cluster representations are converted into graph structures for GNN input. Each atom
is represented as a node, with node features including information of atomic type and position
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changes between the reactant and product configurations, including atomic number, the
interpolated midpoint position between the reactant and product configurations, and the atom’s
displacement vector. Edges are defined between atom pairs whose distances are less than a cutoff
threshold (RG, 5 Å by default, optimized by parameter screening as shown below). The edge feature
contains the bonding distance changes between the reactant and product configurations, defined as
the difference in interatomic distances between them. These node and edge features constitute the
GNN graph input, while the target output is the displacement vector of each atom in the true TS
configuration relative to the interpolated midpoint of reactant and product configurations.

Additional details for the node and edge features, GNN architecture and data flow is provided in the
following section.

Graph neural network training and evaluation

A lightweight edge-aware attention GNN is developed to predict a TS configuration using a given pair of
reactant and product configurations. Considering the limited size of the available datasets and the need
for fast inference, large-scale models such as highly expressive equivariant GNNs or computationally
intensive models such as diffusion-based models are not employed in this work. As shown in Fig. 1c,
each retained atom in the selected representative segment becomes a node in the input graph, carrying
its atomic number, the interpolated midpoint position between the reactant and product configurations,
the displacement vector between them and its magnitude, and a local reaction score that measures the
cumulative change in interatomic distances over all edge on that atom. Each edge carries the change
and the mean of the interatomic distance between the two configurations, a categorical label indicating
whether the contact is formed, broken, or unchanged, the change in the interatomic unit vector, the
cosine alignment between the reactant and product bond directions, and the change in alignment
between each node's displacement vector and the bond direction.

The GNN network maps this graph to a per-atom displacement from the reactant and product
geometries to the predicted TS. Node features are first projected to the hidden dimension by a linear
embedding, then updated by a stack of edge-aware attention, message-passing layers, and finally
projected to three Cartesian components by a linear output head. Predictions are masked so that only
atoms displaced between the reactant and product configurations are assigned a displacement, and the
predicted TS geometry is obtained by adding this displacement to the input configuration.

Within each attention layer, illustrated in Fig. 1d, the edge features are first encoded by a multilayer
perceptron. The encoded edge representation, together with the features of the two nodes it connects, is
used along two parallel branches. The first computes an attention score for each edge, normalized over
the neighbors of the receiving node, and an independent sigmoid gate that scales the edge contribution.
The second constructs the message itself from the encoded edge representation and the sending node's
features. The message is multiplied by both the attention weight and the gate and summed over all
neighbors, and the aggregated result is combined with the node's own features through a further
multilayer perceptron with layer normalization and a residual connection. Summation rather than
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averaging is used for aggregation, as it preserves the magnitude of the localized geometric changes that
distinguish a transition state from its neighboring minima.

To optimize model performance, the number of hidden layers varies from 1 to 3, and hidden layer
dimensions ranging from 8 to 128 are explored, examining a wide range of GNN architectures while
avoiding oversized networks.34 The message-passing layers propagate residual messages to enhance
training stability. Model training is performed using the Adam optimizer35 with an initial learning rate of

1×10− 3 and a weight decay of 1×10− 4. A dropout rate of 0.15 is applied to mitigate overfitting given the
limited dataset size. The loss function consists of the root-mean-square deviation (RMSD) between the
predicted and target displacement vectors, augmented by a penalty term to discourage atomic overlaps.
Training is carried out for up to 300 epochs with a batch size of 128. Early stopping with a patience of 30
epochs is employed. If the validation loss does not improve over this interval, training is terminated to
prevent overfitting, see tests in Figure S1. The model achieving the lowest validation loss is retained as
the final model.

Ideally, TS predictions should be invariant to the ordering of the reactant and product configurations, thus
swapping the reactant and product positions in the inputs should not alter the predicted TS structure
significantly. To enforce this symmetry and augment the limited dataset, reactant and product
configurations are swapped for each trajectory, and the resulting data are added back to the dataset and
assigned to the same subset as the original frames.36 We found this approach has no significant impact
on the training results, but made the learning curve more stable.

Due to the extremely small size of the OC20NEB dataset for surface systems, a transfer learning strategy
is adopted. The GNN is first trained on the Transition1x dataset, which is split into training, validation,
and test sets using a 60%/20%/20% ratio. The model with the lowest validation loss is saved and used
as the initialization for subsequent fine-tuning. During fine-tuning on the OC20NEB dataset, the learning
rate is reduced to 1×10− 4 and the weight decay is increased to 1×10− 3. The OC20NEB dataset is split
using the same proportions as in the Transition1x dataset, and 5% of the Transition1x data are
incorporated to mitigate catastrophic forgetting. The final model is selected based on the lowest
validation loss at this stage, and is evaluated using the testing sets of Transition1x and OC20NEB, as
well as an isomerization dataset by Grambow et al.26 In addition to RMSD, distance mean absolute error
(D-MAE) is used to compare the our model with others. D-MAE quantifies the mean absolute error of
pairwise distance matrices between two structures, which focuses more on the relative positions of
atoms, while RMSD focuses more on the relative orientation and position differences of the entire
structure. All training and evaluation are performed on a NVIDIA A100 GPU using the Perlmutter machine
at NERSC.

Transition state search

The TS prediction consists of two main steps. The first step is the generation of reactant, product, and
possible intermediate configurations, which is carried out using RANGE.33 RANGE is a Python package
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for atomistic exploration of potential energy surfaces based on a global optimization algorithm that
combines the artificial bee colony37 and a genetic algorithm. In RANGE, the energies of candidate
structures can be evaluated using first-principles calculations, semi-empirical methods, or empirical and
machine-learning-based force fields. For an elementary step in chemical transformations, RANGE
explores the configurations of chemical species in both the reactant and product states and drives the
search toward energetically favorable configurations, while also identifying low-lying metastable
structures. RANGE is agnostic with respect to either gas-phase molecular assemblies or heterogeneous
systems involving surfaces or interfaces, as demonstrated in previous studies on gas-phase clusters,
supported particles, porous materials, or solvents.33, 38, 39

In this work, for a given reaction step, RANGE is used to identify possible configurations of reactants and
products independently and to rank them according to their energies within the respective
configurational spaces. All configurations with relative energies within 2 eV of the ground-state structure
are retained in each space, although the energy threshold can be user-defined. Configurations from the
reactant and product spaces are then paired to generate candidate reactant–product combinations. For
each pair, atomic displacement lengths between the reactant and product configurations are computed.
If the average of the three largest atomic displacements is below a threshold (3 Å in our study, but can
be adjusted by the user), the pair is considered a physically reasonable candidate reaction pair. This
procedure yields a set of plausible reactant-product configuration pairs for subsequent TS prediction.

The second step involves TS prediction using the GNN developed in this work. Each identified reactant–
product pair is passed to GNN, which predicts a corresponding TS configuration, providing a rapid and
computationally inexpensive estimation of the TS structure. These predicted TS structures can be
subsequently refined using established TS optimization techniques, such as saddle-point optimization
with Sella40, 41 or the NEB module via the Atomic Simulation Environment (ASE).42 Energy evaluations
during TS refinement are performed using the same computational methods employed during the
reactant and product configuration search in the first step by RANGE to ensure the energy consistency
from the same level of theory.

Framework demonstration: propane dehydrogenation

To demonstrate the capability of the proposed framework, we apply it to a heterogeneous catalysis
process to determine the propane dehydrogenation pathway on a platinum cluster (Pt4) supported on

carbon nitride (gC3N4), previously reported using conventional first-principles calculations with NEB43.

The choice of benchmark was motivated by the higher level of complexity of the system and its topical
relevance to light alkane conversion to selective product precursors. We reconstruct its reaction pathway
and energy landscape and identify additional reaction pathways that were not captured by the
conventional approach which pre-determines the positions of reactants. Due to the limited availability of
classical force fields for this modeling system, RANGE is coupled with the MACE force field44 via the
ASE interface for structure search and energy evaluation. For benchmarking the force field, several
structures of propane interacting with a tetrahedral Pt4 on gC3N4 were built, and their energies and
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atomic forces predicted by various versions of MACE are compared to density functional theory
calculations by CP2K45, as shown in Figure S2. Although none of the MACE force fields gives a highly
quantitative accuracy across energies and atomic forces, the MACE mh-1_omat_pbe provides the best
overall accuracy of energy ranking without defective atomic force and is used in this work for an initial
rapid energy ranking. Subsequent density functional theory calculations are performed on selected
structures from MACE ranking to allow for improved accuracy. A gC3N4 single-layer model with a XY

planar size of 2.14×2.47 nm2 and a Z vacuum of 3.0 nm is used as the substrate. RANGE first searches
1000 structures for the location of 4 Pt atoms on gC3N4, and we extracted two Pt4 configurations for
further use: the global minimum with a more planar Pt4 shape, and the tetrahedral shape reported in

other work43. The two substrates are geometrically refined by CP2K and kept frozen in the following
simulation steps. This constraint is required by the displacement-based graph representation used for
TS prediction. Atoms enter the reaction graph when they displace significantly between reactant and
product configurations. As a result, independent relaxation of the extended support across
configurations would populate the graph with substrate atoms unrelated to the reaction and, given the
fixed graph size, crowd out the atoms that are involved in the reaction. This constraint also removes the
rigid-body drift of the free-floating substrate atoms. The Pt4 geometry is sampled independently, so its
effects enter as a controlled comparison rather than continuous relaxation in our investigation.

For each substrate, four reaction states are considered: (1) propane adsorption on the substrate, (2) first
H abstraction, (3) second H abstraction, and (4) H2 gas formation and desorption. In the first state,
RANGE explores the location of a propane molecule on the Pt4/gC3N4 surface. In the second state, it
explores the location of an individual hydrogen atom and a C3H7 species on the surface. In the third
state, it explores the location of two individual hydrogen atoms and a propene molecule. In the fourth
state, it explores the location of a H2 gas molecule and a propene molecule. For each state, RANGE
searches for 4000 potential configurations and ranks these configurations by their energies in each
state. All structures from the four states are characterized by the following features: the distance of
carbon and hydrogen atoms from the propane molecule to the geometric center (centroid) of the Pt4

cluster, the distance between carbon and hydrogen in propane that have chemical bond
breaking/formation in these reactions, and the height of carbon and hydrogen in propane with respect to
the gC3N4 surface (average of surface carbon and nitrogen atoms in gC3N4). These features are used to
perform a principal component analysis (PCA) to extract two primary components that differentiate four
states on the same map. Then, in each elementary step from one state to the next, all structures from
these two states are paired as a reactant–product pair if their maximum atomic displacement is within
3Å. The trained GNN reads each successful pair and predicts their corresponding TS geometry. If a
generated TS structure shows an energy barrier lower than a threshold (2 eV in this case), it is further
refined by 9-image NEBs within ASE until the maximum force converges below 0.02 eV/Å. This removes
TS structures with unrealistic energy barriers regardless of geometric accessibility. The resulting TS
structures and their corresponding reaction state structures are grouped by atom coordinates and
structure energies, where the structures showing an average coordination difference below 0.02 Å and
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energy difference below 0.02 eV are treated as the same geometry. Based on these grouped geometries,
the reaction pathways are generated and re-assembled onto a common x-grid and compared using
Euclidean distance between the resulting curves. Pathways were grouped by average-linkage hierarchical
clustering, merging curves whose average distance to other cluster members fell below a fixed threshold
(15% of the maximum pairwise distance observed within the group). The actual curve closest on average
to all others in its cluster is selected as the representative curve. The final selected pathways are re-
optimized by the NEB module in CP2K to achieve higher level of accuracy. All CP2K calculations use PBE
functional46–48 with DZVP-MOLOPT-GTH basis set49 and D3 correction50.

Results and Discussion
Graph representation and neural networks parameterization

The number of atoms of the structures in the Transition1x database (T1x) ranges from 4 to 23, whereas
those in the OC20NEB dataset (OCN) span 19 to 102 atoms due to the presence of substrate surface.
However, not all atoms in the OCN are involved in the reactions. Consequently, a single graph
representation with appropriate size must serve both gas-phase molecular systems and surface-
interaction models, covering the structural features that matter in each without either truncating the
larger surface systems or burying the smaller molecular ones in padding noise. We examined this trade-
off across the atomic-neighbor cutoff (RA), the graph-connectivity cutoff (RG), and the maximum graph
dimension (Dmax) defined in the methods section.

Although the modeling sizes of the two datasets differ, the number of atoms that move between the
reactant and product structures is under 28 in both cases, as shown in Fig. 2a. Therefore, any Dmax value

except 25 is sufficient to capture essential moving atoms involved in the reactions. For the RA value,
which determines the radius used to search for neighboring atoms around the moving atoms, Fig. 2a
also reports the resulting graph representation sizes (i.e., the total number of moving atoms plus their
neighbors within the RA cutoff). In T1x dataset (orange), the gas-phase molecules are not constrained by
a surface, and most atoms exceed the 0.3 Å displacement threshold we defined in the Methods section.
As a result, nearly every atom is included in the graph, regardless of the RA cutoff. In contrast, for the
OCN dataset, the graph size depends strongly on both RA and Dmax values. The graph grows as either RA

(from 3 to 5 Å) or Dmax (from 25 to 100) value increases. When Dmax exceeds 49, the graph contains

many empty nodes relative to the number of actual atoms, introducing padding noise that hinders joint
learning across the two datasets. Conversely, the sharp peak in the OCN distribution at Dmax of 25
indicates substantial truncation of the surface models, suggesting a potential loss of important
structural information. In summary, a Dmax value of 36 provides the best tradeoff.

The impact of RG and the width and depth of GNN hidden layer is further assessed by screening GNNs
trained separately on each dataset. The full results of all screened hyperparameters are provided in the
supporting materials Figure S1, and representative results are illustrated in Fig. 2b. For T1x dataset, the

Page 10/32



predictive error is largely insensitive to the cutoff and graph parameters (RA, Dmax, RG), consistent with
their minor impacts observed in Fig. 2a. Instead, the GNN architecture matters more. Wider hidden layers
from 8 to 32 significantly reduce error, while further widening from 32 to 128 helps only marginally. The
increase of layer depth also effectively reduces predictive error, where 2 and 3 layers of the networks
show similar level of accuracy. On the contrary, the OCN dataset shows an inverse pattern that
deepening or widening the network yields little gain on predictive accuracy, because with a limited
number of data, the noise of neural network has dominated over genuine feature variation. Although
simply tuning RG at fixed graph size has little effect, enlarging the graph itself (Dmax from 25 to 36 and RA

from 3 to 5) sharply reduces predictive error, underscoring the minimum need to capture the longer-
range interaction between surface and reaction species. Further increasing Dmax from 36 to 64 does not

provide significant gain in the GNN accuracy for this dataset.

The interplay between complexity and accuracy in the model is summarized in Fig. 2c. On T1x dataset
with around 104 reaction systems, the predictive error falls as trainable parameters increase until the
parameter count approaches roughly 2–9 times the number of structures in the database, beyond which
added model capacity brings no gain. On OCN dataset, with only < 700 valid reaction systems, the
predictive accuracy is essentially flat with respect to GNN model size, which is a clear signature of a
data-limited region that motivates transfer learning strategy. Weighing graph representation size against
the capacity supported by data, a selection of RA=5, Dmax=36, RG=5 with a GNN of depth 3 and width 32
makes a suitable set of hyperparameters to pursue a minimal GNN model size and predictive error at the
same time (Fig. 2b). This GNN model contains 30089 trainable parameters.

Graph neural networks training and transfer learning

Using the representation and architecture selected above, a GNN model was first trained on T1x dataset
exclusively. Small variations in learning rate and weight decay changed accuracy negligibly. Since the
labels “reactant” and “product” are interchangeable in practice, an ideal TS predictor should be invariant
to their ordering. We first confirmed that swapping the two inputs left predictive accuracy essentially
unchanged for the same GNN setting. In addition, a data-augmentation strategy, where these reactant-
product swapped pairs are combined with the original dataset, doubles the number of training samples
and yields slightly improved predictive accuracy by reducing RMSD by only about 0.05 Å. We refer to this
T1x-trained model as GNN1 in the following discussions.

To extend this model to surfaces despite the scarcity of surface TS data, we fine-tuned GNN1 on the
OCN dataset with a reduced learning rate and increased weight decay as indicated in the method
section, yielding another model GNN2, and compared the two GNNs and the published models for TS

prediction in Fig. 3a. Before fine-tuning, it is not surprising that GNN1 performs very poorly on OCN since
gas-phase training in T1x alone transfers weakly to surface systems, which is structurally absent from
T1x. After fine-tuning, GNN2 improves substantially on OCN dataset (RMSD from 0.445 to 0.235) while
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losing very minor accuracy on original T1x dataset (RMSD from 0.216 to 0.221). It is evident that a single
compact model can span both data regimes with transfer learning strategies.

Furthermore, these two GNNs are benchmarked against other models for TS prediction on T1x dataset
and another independent isomerization data (Iso)26. On the T1x data, our GNNs show 20%—60% higher
predictive error than the other single model predictors such as OA-ReactDiff22 and NeuralNEB21. On the
Iso dataset, which contributed no training data and therefore measures strictly out-of-distribution
generalization, our predictive error is comparable to TS-GAN19, higher than TSDiff23 and Choi’s model20,
but lower than the TSNet18 and Pattanaik’s model17.

Although we do not claim state-of-the-art predictive accuracy of our GNNs, we highlight the outstanding
parameter efficiency of our approach when the model accuracy is plotted against the model complexity
in Fig. 3b. Those competing models in previous work carry more than two orders of magnitude more
parameters than our GNNs, and many of their reliance on SE(3)-equivariant, diffusion, or transformer
architectures naturally pushes them to 106–107 parameters, yet they are trained on datasets with only

104 structures. Admittedly, whether such models are "too large" is not settled by the raw parameter-to-
sample ratio alone. Strong architectural priors, such as equivariance, can reduce the effective degrees of
freedom by one to two orders of magnitude below the nominal parameter count, and each TS label
supplies full three-dimensional geometric information rather than a single scalar, potentially adding one
to two orders of magnitude of effective supervision. These effects synergistically narrow the gap
between model capacity and data information content, although achieving the same level of accuracy
with a less complex model would still be preferable with limited data.

Crucially, the success of such synergy of model architecture and data depends on dataset coverage and
quality, as well as on minimizing information leakage in the transformation from raw atomic structures
to network inputs. These conditions are often met with massive datasets in many modern data science
applications, but harder to meet in chemical reaction modeling where much less data is available.28 For
TS prediction in particular, the available data size on the order of 104 cannot hope to represent the full
breadth of the reaction space. In this regime, large models risk low in-distribution error alongside
degraded transfer to chemically distinct systems. We therefore argue that the model size deserves to be
treated as a first-class design consideration alongside accuracy, especially in data-scarce domains such
as TS prediction. Our developed GNN models contain only parameters on the order of 104, yet obtain
errors comparable or within roughly a factor of two, to other models that are much larger (106–107

parameters). These light-weighted GNNs show a favorable accuracy-complexity trade-off and build the
required physical invariances into the representation rather than paying for them in model parameters.
Finally, we note the corresponding limitation candidly: for surface systems, generalization remains
constrained by the scarcity of high-quality TS data, and until larger and more diverse surface-relevant
datasets exist, disciplined control of model capacity, not merely added complexity, is likely the more
dependable path to transferable, chemically meaningful predictions.15, 28, 51, 52
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Transition-state mapping for propane dehydrogenation

To examine the capability of our TS mapping framework using the trained GNN2 model, we explore the
reaction pathways of propane dehydrogenation (PDH) on a gC3N4-supported Pt4. Propane
dehydrogenation is a vital industrial process for production of propylene, a primary building block for
plastics and chemicals. Studying this pathway on supported transition metals is key to unlocking the
precise structural and electronic mechanisms that drive catalyst selectivity and longevity.53, 54

We first constructed the supported cluster by placing four individual Pt atoms on gC3N4 substrate and
started a search for stable Pt4 geometries with RANGE as described in the method section. The lowest-
energy configuration is a near-planar Pt4 cluster as shown in Fig. 4a, consistent with a previous study

that adopted the same structure to examine Pt, Pd, and Co cluster binding on gC3N4
55, although that

work did not establish whether this geometry is in fact the ground state of Pt4 cluster. RANGE
additionally locates two low-lying isomers shown in Fig. 4a, one of which is the tetrahedral Pt4 geometry

employed in an earlier PDH study43 and lies 0.99 eV (95 kJ/mol) above the ground state. Since Pan et
al.43 conducted a thorough study using the tetrahedral Pt4 structure for PDH reaction pathways, we

investigate the tetrahedral cluster for direct comparison with Pan’s work, but we also examine and
compare the pathways discovered on the planar cluster below.

For each cluster, we examined four interaction states that define the dehydrogenation sequence as
described in the method section: the reactant state (label R), in which propane adsorbs on the Pt4/gC3N4

surface; the first intermediate (label I1), in which the first C–H bond has broken to give co-adsorbed C3H7

and H; the second intermediate (label I2), in which a second C–H scission yields co-adsorbed C3H6 and

two H atoms; and the final product state (label P), comprising H2 and propene (C3H6) molecules. All
energies are referenced to the sum of an isolated gas-phase propane molecule and a bare gC3N4

surface, and are reported in kJ/mol to enable direct comparison with the earlier work43. To characterize
where each species resides, we track its distance from the Pt4 center and its height above the gC3N4

surface and use these two coordinates to project each state onto a two-dimensional map as illustrated
in Figure S3 and S4.

For the R state, RANGE samples a wide range of propane adsorption geometries by probing a propane
molecule at different positions on the Pt4/gC3N4 surface, with periodic boundary condition considered.

Figure 4b maps the resulting configurations for the tetrahedral Pt4 system, with the propane–Pt4

distance on the horizontal axis and the propane height above gC3N4 on the vertical axis. In the upper-
right region (label A in Fig. 4b), propane sits far from the surface and its energy approaches that of the
gas-phase reference (about 0 kJ/mol). As both coordinates decrease and the molecule nears the
surface, the energy falls, signifying favorable adsorption (from A to B in Fig. 4b). At a propane–Pt4

distance of ~ 5 Å and a height of ~ 6 Å (with respect to gC3N4 surface), propane binds atop the Pt4

cluster through a single H atom (label B in Fig. 4b); shorter distances reflect additional contact between
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a second propane H and the cluster. Beyond this point the propane–Pt4 distance only slightly increases
while the height continues to fall significantly, tracing the migration of propane from the top of the
cluster toward its base, adjacent to the gC3N4 substrate (from B to C in Fig. 4b). Finally, the propane
height stabilizes while the propane–Pt4 distance grows substantially, corresponding to propane

detaching from Pt4 and adsorbing on the gC3N4 surface (from C to D in Fig. 4b). It is noted that the
binding of propane is stronger at the gC3N4 support or at the interface of the support and Pt4 cluster,
rather than the Pt4 cluster itself. This interaction map resolves the full complexity of propane adsorption
on Pt4/gC3N4 surface, and shows how binding strength varies with the binding site not only on Pt4

cluster but also on gC3N4 substrate, suggesting the binding is strongest on the cluster/substrate

interface rather than the cluster alone. This observation also demonstrates the practical advantages of
RANGE sampling with minimal human bias since enumerating such configurations by hand is laborious
and prone to oversight. In fact, the identified strongest interaction geometry with propane bound at the
base of Pt4 and close to gC3N4 has not been considered in earlier studies.43, 55

The remaining states (I1, I2, and P) are less amenable to a two-coordinate description. Whereas a single
propane molecule in the R state is well described by its distance and height, the I1, I2, and P states each
contain two or three surface species, so a faithful description must account for the positions of all of
them simultaneously. The corresponding maps are therefore more intricate and do not project cleanly
onto two dimensions in Fig. 4c–4e, but they still reveal the dominant binding motifs. In state I1, the most
stable configuration has H bound between the upper and lower layers of the tetrahedral cluster and C3H7

bound to its apex Pt atom. Alternative low-lying arrangements place both C3H7 and H on the lower Pt
layer, both on the same apex atom, or H on the apex while C3H7 occupies a basal Pt atom.

Configurations in which C3H7 binds to the gC3N4 substrate rather than to Pt4 are consistently higher in
energy. In state I2, the most stable configuration has two H atoms bridging the upper and lower cluster
layers with C3H6 on the apex Pt. Shifting one H to the apex atom raises the energy modestly, while
relocating C3H6 to the gC3N4 substrate, or placing both H atoms on the apex, raises it further. For state P,
the ground-state configuration has H2 adsorbed on the apex Pt and C3H6 binding with two Pt atoms. The
interaction of either gas-phase product with the substrate, or simultaneous binding of both to the apex
Pt, again yields higher-energy states. These structures cover the geometries considered in Pan et al.43

work, but are generated without binding site assumption and manual building work.

The planar Pt4 cluster exhibits a comparably rich landscape but similar to the tetrahedral Pt4 cluster,
detailed in Figure S4 for the binding landscape map and representative structure snapshots. In the R
state, the propane can bind to the atop site of Pt4 cluster, bottom of cluster at the interface with gC3N4

substrate, and the gC3N4 substrate alone. In the I1 state, the first detached H atom can bind to either the
top or middle Pt atom of the cluster, where the top site is preferred. The C3H7 binds preferably on the top
Pt site. Similarly, in the I2 state, the two H atoms interact with both top and middle Pt atoms, while C3H6

prefers the top Pt site. In the P state, H2 is only weakly absorbed on the Pt cluster and the gC3N4
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substrate. Overall, the planar Pt4 cluster shows fewer interaction configurations with the reactive species
than the tetrahedral Pt4 cluster does, because the position of bottom Pt atom in the planar cluster is
lower in the gC3N4 substrate and this impedes interaction with the reactive species. As a result, fewer Pt

atoms are available than the tetrahedral cluster.

For each Pt4 cluster type, we used PCA as described in the Methods to place the structures from all four
states on a common map. The first two principal components capture roughly 60% of the total variance
in both cases and separate the four states on the single map shown in Figure S5. PCA is used here
solely to visualize all structures in a common low-dimensional frame; the analysis below rests on the
structures and their TS connections themselves, not on the projection, so the fraction of variance
captured does not affect our conclusions. In both systems the heights of the propane carbon and
hydrogen atoms above the support emerge as the variables that most strongly discriminate the reaction
states. We then paired structures both within and across states according to the criteria in the Methods,
applied the GNN2 model to predict TS for each pair, and refined these predictions with climbing-image
NEB (See Methods for details). The validated pairs and their TS structures are projected onto the PCA
maps in Fig. 5a and 5b for the tetrahedral and planar clusters, respectively, tracing the reaction
progression from R to I1, I2 and P. For both surfaces, the four reaction states occupy distinguishable
regions of the PCA map, connected by the corresponding TS structures. The tetrahedral cluster
separates the states more sharply, whereas the planar cluster shows greater overlap between them. This
difference reflects that the three-dimensional tetrahedral cluster imposes a distinct adsorption
configuration at each reaction state, while the more open, quasi-two-dimensional planar cluster permits
similar binding arrangements across several states. The same panels also present the connectivity as a
graph, in which each structure is a node and an edge links any two structures joined by a predicted TS.
Purple edges denote intra-state changes (pure displacement of adsorbed species) and green edges
denote inter-state changes (chemical reaction). Both networks show a great number of paths, and we
observed much more inter-state edges in the elementary step from I2 to P on the tetrahedral cluster.

To avoid the scaling of edge amounts with the node amounts, we normalized the edge numbers by
dividing the number of realized connections by the total number of possible pairs between the relevant
states. From the state configurations in Fig. 5c, the node counts differ modestly between the two
clusters: the two surfaces show similar R-state configurations, while the tetrahedral cluster yields 17%
fewer I1 and 27% fewer I2 configurations but 45% more P-state configurations than the planar cluster.
This pattern suggests that the tetrahedral cluster has fewer distinct interactive sites for chemisorbed
species, but more possible binding configurations for weakly bound closed-shell products. For the intra-
state transition, the tetrahedral cluster is more densely connected within R and I1 states (1.3–1.4 times
higher) and shows marginally less connectivity (< 12%) within I2 and P states than the planar cluster,
indicating more diverse displacements of adsorbed propane and the first detached H atom on its
surface. For the inter-state chemical steps, the tetrahedral cluster has slightly higher normalized
connectivity (1.3–1.4 times) for R-to-I1 and I1-to-I2 steps, and a much larger difference (8 times) for I2-
to-P step. Since this comparison is normalized by the number of available state-pairs, the difference is
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not attributed to unequal sampling. Instead, it suggests that the three-dimensional tetrahedral shape
provides more viable paths for two adsorbed H atoms to recombine to a H2 gas, whereas the two-
dimensional planar shape imposes more geometric restrictions for H recombination. Projecting these
elementary steps onto energy landscape maps in Figure S6 reinforces the thesis that the metastable
tetrahedral Pt4 cluster supports a richer pathway connectivity, albeit their accessibility may be hindered
by overall higher energetics. The tetrahedral Pt4 cluster allows for more readily rearrangement of

adsorbed species on its surface, particularly for displacements within the I1 and I2 states.

We then enumerated all complete routes connecting the initial state R to the final state P, as shown in
Figure S6. Not every elementary step joins with others to form an intact pathway. The minimal complete
route is a three-step sequence from R to I1, I1 to I2 and I2 to P. We additionally considered four-step
routes that augment this sequence with one intra-state displacement (for example, from one I1
configuration to another I1 configuration), which can bridge segments that would otherwise be
disconnected. These routes are grouped by hierarchical clustering to group marginally different routes
and the medoid of each group are selected as representative pathways (See Methods for details). This
gives 8 three-step and 13 four-step representatives for the tetrahedral cluster and 2 and 5 for the planar
cluster, consistent with the normalized connectivity analysis above, as shown in Fig. 5d. Note that in
Fig. 5d all pathways use one common reference (individual ground-state planar Pt cluster plus a gas-
phase propane), so all tetrahedral cluster pathways are displaced upward by 95 kJ/mol compared to the
planar cluster pathways. Within each set, the two routes with lowest barriers are also highlighted in
Fig. 5d. On both clusters, the first C-H activation shows a higher barrier than the second C-H activation,
and the two adsorbed H atoms bind strongly with the Pt clusters, giving a deep energy valley on the
reaction landscape, in good agreement with reported trends of Pt.43, 56, 57 The recombination of
adsorbed H into H2 gas requires crossing the highest single-step barriers on the pathways to escape the
deep energy valley. Overall, the four-step routes show slightly lower energy barriers than the three-step
routes, but the barrier reduction is limited (< 11 kJ/mol).

Although the tetrahedral cluster results in denser path connections and lower barriers in general, the
tetrahedral Pt4 geometry lies 95 kJ/mol above the ground-state planar geometry, which cannot be
compensated by its lower reaction energy barriers. Therefore, under practical conditions the planar
geometry still governs the observed kinetics. Whether a metastable catalyst geometry contributes to
turnover depends on the balance between the barriers it offers and the penalty for forming it, and this
balance is system-specific and cannot be anticipated without computing both.58 In a system with a
smaller isomer gap, or under conditions where cluster geometries are kinetically trapped rather than
equilibrated, the balance could resolve the other way. This bears directly on the earlier study of this
reaction43 that obtains its mechanism on manually built tetrahedral Pt4 cluster without establishing its
position relative to the ground state. Our framework of comprehensive TS mapping indicates that this
tetrahedral geometry, while chemically reasonable and reactive, is not likely to dominate the observed
kinetics.
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To obtain a more quantitative energy landscape, we refined the lowest-barrier pathways at the DFT level
(see Methods for details). Both state configurations and TS geometries undergo geometric changes
upon DFT-level optimization, and their energies shift accordingly, most notably for the I2-state structures,
as shown in the DFT-level energy landscapes in Fig. 6a. The tetrahedral pathways reproduce the
previously reported pathways using manually built structures.43 Across the R, I1 and P states on both
clusters, together with their TS, the force field and DFT results agree to within roughly 15 kJ/mol. On the
other hand, the I2 state, in which two H atoms are chemisorbed on the Pt cluster, shows a discrepancy
between the two methods by 20–40 kJ/mol. This is not unexpected, since the MACE force field was
neither trained on a broad range of TS structures and energies nor tuned for this particular reaction. Until
more robust force fields become available, DFT refinement of the generated structures, both stable
states and TS, remains necessary for quantitative barriers. Nonetheless, such a discrepancy in this work
is only limited to numerical values of the energy, and the relative ordering of two clusters and
enumerated pathway connectivity are all reproduced by DFT. The force field is therefore reliable for
exploring and ranking the reaction landscape, while DFT supplies quantitative energetics.

The elementary-step barriers of these DFT-level pathways, illustrated in Fig. 6b, confirm that the
tetrahedral Pt cluster has lower energy barriers in the activation of first C-H bond (R to I1, 15–20 kJ/mol
lower) and second C-H bond (I1 to I2, 20–60 kJ/mol lower), compared to the planar Pt cluster. However,
the last step for H recombination and H2 release has higher barrier (around 15–20 kJ/mol) on the

tetrahedral cluster than on the planar cluster. This is because the tetrahedral cluster stabilizes I2-state
intermediate (two co-adsorbed H atoms) more than the planar cluster does, by around 50 kJ/mol. As the
representative binding configurations in Fig. 6c show, the undercoordinated Pt atoms make C-H
activation facile but also bind the co-adsorbed H and propylene fragment strongly, creating a deep
potential well for products to climb out. The observed high barrier for H2 formation from two co-
adsorbed H atoms on Pt cluster is consistent with reports of surface hydrogen accumulation at low-
coordination Pt sites in PDH,59–61 where strongly bound surface H impedes product release and
promotes catalyst deactivation.

In addition, the overall energy barrier along the pathways is only slightly lower (< 20 kJ/mol) on the
tetrahedral cluster than on the planar cluster. This falls far short of compensating the 95 kJ/mol required
to form the tetrahedral isomer from the planar ground state. Taken together, these results confirm that
the planar Pt4 cluster governs the observed kinetics in practice, and that the intrinsic kinetic advantage
of the tetrahedral geometry is realized only if that geometry can be stabilized by additional geometric or
chemical constraints.58, 62–64 In summary, these findings validate the capability of the framework for
automated configurational sampling and TS mapping, and it recovers the established mechanism while
also uncovering comparable and competing pathways that manual construction did not reveal. The
mechanistic picture emerging from our finding also points to a broader principle: A metastable catalyst
geometry could be intrinsically more active than the ground state, but this activity is realized only if the
geometry can be stabilized sufficiently to offset its formation penalty. However, whether that balance is
favorable cannot be known in advance, because it depends on quantities, such as intrinsic barrier,
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binding strength, and formation energy, that must be computed rather than assumed. Tools capable of
mapping TS landscapes comprehensively are therefore not merely descriptive but predictive, providing
the first-principles basis on which targeted experimental synthesis of stabilized metastable catalysts can
be designed.

Discussion
The results above show that coupling global configurational optimization with a compact, physically
constrained TS predictor yields more than a faster route to individual saddle points. It produces a
connected map of the reaction landscape, including the metastable configurations and transport steps
that conventional, ground-state-anchored searches do not visit. Three aspects of that map deserve
emphasis. First, unbiased sampling of the adsorbate configurations determines which pathways are
visible at all. In the case of PDH, the strongest propane binding occurs not on the Pt cluster but at its
interface with gC3N4 substrate, a configuration absent from earlier studies of this system that
constructed adsorption geometries by hand. Because the operative route under reaction conditions need
not begin from the configuration an expert would anticipate, sampling the configuration space without
bias is not a convenience but a prerequisite for a correct mechanistic picture.

Second, and more consequential, the catalyst structure itself must be sampled rather than assumed, but
sampling it leads to a more nuanced conclusion than is often supposed. In our case, the metastable
tetrahedral Pt4 isomer is intrinsically the better catalyst, because it supports denser pathway
connectivity, rearranges adsorbed species more readily, and activates C-H bonds at lower cost than the
planar ground state. Yet it lies 95 kJ/mol above the ground state, and its reaction barrier advantage of at
most 20 kJ/mol cannot offset this penalty. Therefore, the planar geometry still governs the observed
kinetics among the two geometries. The lesson is therefore not that metastable geometries dominate
turnover, nor that they can be neglected, but that whether they contribute is a quantitative question with a
system-specific answer.2, 29 It depends on the competition between intrinsic barriers and formation
penalties, and neither quantity is available without explicitly computing both. In a system with a smaller
isomer gap, or where cluster geometries are kinetically trapped rather than equilibrated, the balance
could resolve the other way. This bears directly on the earlier study of this reaction,43 which built its
mechanism on the tetrahedral geometry without establishing its position relative to the ground state. Our
results indicate that this geometry, while chemically reasonable and intrinsically reactive, is not the one
that determines the rate. Restricting computation to the single lowest-energy geometry can
systematically misrepresent a catalyst's behavior. This further generalizes well beyond catalysis that any
activated process on a fluxional cluster, nanoparticle, or defective surface is subject to the same caveat.

Third, the explicit inclusion of intra-state displacement steps, such as adsorbate migration and
reorientation involving no bond breaking, emphasizes that transport and reactivity are entangled in
determining the accessible landscape. In our case of PDH, four-step routes incorporating one such
displacement step consistently appear among the low-lying pathways on both clusters. Their
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significance is less in the magnitude of direct barrier reduction than in joining pathway segments that
would otherwise be disconnected. A pathway search restricted to chemical steps alone would
misestimate these routes or even fail to identify them.

More broadly, our computational approach illustrates a strategy of general relevance to machine learning
in the physical sciences. Where reference data are scarce, encoding known physical structures into the
representation and matching model capacity to the information content of the data offers a more
dependable route to transferable predictions than increasing architectural expressiveness. The
framework itself is agnostic to whether the underlying system is molecular or extended and applies to
any activated process in which the identity of the operative configuration, rather than the accuracy of any
single saddle point, is the limiting uncertainty.

Several limitations define the path forward. On the methodological side, the TS predictor's accuracy on
surface systems remains bounded by the scarcity of high-quality heterogeneous TS data. Broader and
more diverse heterogeneous datasets, together with selective DFT refinement, would tighten quantitative
reliability. Related to this, machine learning force fields enhanced by additional TS training data would
also improve the efficiency and reliability of our pathway search. Finally, converting the computed
landscape into experimentally comparable kinetics requires free-energy corrections, such as zero-point
energy and vibrational entropy, and ultimately a microkinetic treatment that propagates the full network
of competing pathways into observables such as turnover frequency, apparent activation energy, and the
degree of rate control of each step. Such a treatment would also test directly whether the additional
pathways uncovered here alter the predicted kinetics relative to a ground-state-only model.

Conclusions
We have introduced a transition-state search framework that combines global configurational searches
with a lightweight, physically constrained graph neural network, and demonstrated it on propane
dehydrogenation over a carbon-nitride-supported platinum cluster. Rather than scaling model capacity,
the approach matches it to the limited transition-state data available for heterogeneous systems and
encodes translational, rotational, and permutational invariance directly in the structural representation,
reconstructing the reaction landscape at a small fraction of the parameter cost of contemporary deep-
learning models. By sampling metastable configurations of both the adsorbed species and the catalyst
itself, the framework reaches pathways that ground-state-anchored searches cannot access, and it
allows their kinetic relevance to be assessed rather than assumed. In the testing example, this
framework reveals that the metastable tetrahedral Pt4 isomer, although intrinsically more reactive than
the planar ground state, is too costly to form to contribute appreciably to turnover. Beyond the
demonstrated catalytic system, many activated processes, such as dissociation, nucleation or phase
transformation, share the feature that the configurations governing the rate are not known in advance.
For these, comprehensive configurational sampling coupled with compact learning offers a practical and
transferable route to mapping energy landscapes. Coupling these landscapes to free-energy and

Page 19/32



microkinetic analyses and expanding the still-limited corpus of heterogeneous transition-state data will
pave a path toward quantitative, predictive modeling of kinetics from first principles.
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Figure 1

(a) An overview of the computational framework developed in this work for reaction pathway mapping,
including three stages: the structural search for reactant (R) and product (P) configurations, the
prediction of TS configuration for each appropriate R/P pair, and the reaction pathway mapping using
connected R, TS, and P configurations. (b) The detailed two steps in the TS prediction stage: the
generation of representative fragments for molecular or surface modeling of R and P configurations, and
the prediction of TS configuration using converted graph from the representative fragment. (c) The

Page 26/32



detailed steps within the graph neural networks from the input of representative fragments to the output
of TS atomic coordinates. (d) The detailed message-passing steps in each attention layer of graph
neural networks.

Figure 2

(a) Distribution of the number of moving atoms with their neighboring atoms under different atomic
neighbor cutoffs (RA) and graph size upper boundaries (Dmax) in the two datasets. (b) Example of GNN
predictive error on the testing subset using different graph parameters and GNN width and depth for the
two datasets. (c) The GNN model capacity-accuracy relationship for the two datasets, with data points
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including all the different combinations of graph setting and GNN hyperparameters. The dashed vertical
lines mark the number of reactions included in the datasets.

Figure 3

(a) TS predictive error using different models for three datasets: OC20NEB (OCN), Transition1x (T1x),
and Isomerization (Iso). Bars filled with patterns indicate RMSD values, and empty bars indicate D-MAE
values. (b) The predictive performance of different models against their model complexity for two
datasets (T1x and Iso). The number of parameters for Pattanaik’s and Choi’s models is an estimation
based on their model architecture due to the lack of available specific model from their reports. The
estimated degree of freedom (DOF) of data is highlighted in the shaded area.
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Figure 4

(a) The modeling system size (nm) of the Pt4/gC3N4 surface, and the snapshots of three Pt4 cluster
configurations. Two top-view snapshots highlight the planar and tetrahedral configurations. Pt, C and N
atoms are in orange, gray, and blue color. (b) The energy landscape of the reactant state (R) for propane
adsorption on tetrahedral Pt4 cluster, mapped as a function of propane-Pt4 distance (D_Pt/C3H8) and

propane height to gC3N4 surface (Z_C3H8). Structure snapshots on the right side highlight representative
structures labeled on the map. Propane molecule is indicated in green. (c) Energy landscape of first
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intermediate state (I1) on tetrahedral cluster and representative configuration snapshots. (d) Energy
landscape of second intermediate state (I2) on tetrahedral cluster and representative configuration
snapshots. (e) Energy landscape of product state (P) on tetrahedral cluster and representative
configuration snapshots.

Figure 5

Comparison of the PCA maps for reaction landscapes between (a) tetrahedral and (b) planar Pt4

clusters. The graph on the right side in each case shows the connectivity of different reaction states.
Nodes indicate unique structures, with green and purple edges indicating inter- and intra-state change.
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(c) The number of unique binding configurations and the normalized number of edges on the two
clusters. (d) The energy landscape of representative three-step and four-step reaction pathways, with the
two lowest-barrier paths in each set highlighted by thicker lines.

Figure 6

(a) DFT-level reaction pathways for PDH on the planar and tetrahedral Pt4 clusters, refined from the
lowest barrier pathways in force field-based mapping. (b) Energy barriers of each elementary chemical
reaction in the DFT-refined pathways. The “Overall” bars indicate the highest barriers of all the
elementary steps in each pathway. Structural snapshots of representative binding configurations in each
state is highlighted for (c) tetrahedral cluster and (d) planar cluster. C, H, and Pt atoms are shown in gray,
white, and orange, respectively. The carbon nitride support is rendered as a wireframe for visual clarity.
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