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Chemical intuition on bond-dissociation
energies as an emergent ability of universal
machine-learning interatomic potentials

Shinnosuke Hattori 1 , Kohei Shimamura 2, Ken-ichi Nomura 3,
Aiichiro Nakano 3, Rajiv K. Kalia 3 & Priya Vashishta 3

Machine-learning interatomic potentials have demonstrated power-law scal-
ing in predictive accuracy as training data and model capacity increase, but it
remains unclear whether models trained at scale acquire interpretable che-
mical concepts. Here we show that an E(3)-equivariant machine-learning
interatomic potential learns local bond informationwithout direct supervision
of bond properties. To expose this information, we develop an edge-wise
emergent energy-decomposition framework and apply it to an Allegro neural-
network potential trained on SPICE2, a dataset composed of stable molecular
structures. The framework analyzes edge-wise energy contributions obtained
from the trained model and their distributions together with information
entropy to examine how data size, data composition and model-training sce-
narios shape the internal representation of chemical bonds. The resulting
bond-dissociation energy estimates for archetypal bond types agree quanti-
tatively with literature values and are consistent across models trained on
organic and inorganic datasets. We further examine a hybrid training set and
find that combining complementary chemical data improves transition-state
energy-prediction accuracywhile reshaping the learned bond representations.
These results indicate that scalable interatomic potentials can acquire trans-
ferable bond concepts without explicit bond-energy labels, providing a way to
analyze the transition-state energy-prediction problem.

Machine-learning interatomic potentials (MLIPs) and universal
machine-learning interatomic potentials (uMLIPs) have advanced
computational simulation by delivering near-quantum accuracy at
substantially reduced computational cost1–3. Recent progress has been
driven primarily by scaling—increasing model size and dataset diver-
sity—leading to predictable power-law improvements in accuracy4,5.
This scaling success has enabled software frameworks6–13, also large
and diverse datasets including SPICE14,15, MPTrj13, Alexandria16, TM2317,
OMat2418, OMol2519, and MatPES20. These advances have produced
increasingly generalizable MLIPs for applications ranging from battery
materials21, catalysts22,23, drug discovery24,25, and nanodevices12,26–28.

While current trends of MLIP development follow a “bigger and
more diverse” strategy4,5,29, it has become increasingly clear that the
strategy faces challenges in the prediction of complex chemical
reactions22. Recent studies have shown that scaling based on conven-
tional loss functions (energy, force, and stress) does not ensure
smooth and stable molecular-dynamics (MD) trajectories30,31. To fur-
ther advance uMLIP development32, a deeper understanding of the
nature and characteristics of internal representations (IRs) within
uMLIPs is needed33,34. Chorna et al. have compared uMLIPs using the
feature reconstruction error35 and found that IRs are stored in a dis-
tinctmanner. Edamadaka et al. have demonstrated an alignment of IRs
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across architectures and training-data modalities using 59 MLIP
models34.

Accurate prediction of chemical reactions is one of the long-sought
capabilities of MLIPs. Figure 1a,b schematically presents the potential
energy surface (PES) and reaction pathway learned by an MLIP. A
mechanistic understanding of reaction pathways and energy barriers
may help accelerate materials development and synthesis. Therefore,
many studies have addressed this problem, such as large-scale data-
generation initiatives, e.g., the Open Catalyst Project22,23,36, and active
learning for reaction modeling including ANI potential29. Recent
development in foundation models has also demonstrated predictive
capability for chemical reactions. These models have shown improved
performance in chemical reaction prediction through training on a
hybrid dataset that combines organic and inorganic materials data37,38.

Despite these advancements, it remains challenging to interpret
how models learn IRs relevant to chemical bonding and reactions
during training. For example, Fig. 1c illustrates a disparity in the scaling
behavior of reaction energy (ΔE) and activation energy (Ea) using
Allegro39 models trained on SPICE2 dataset14 and evaluated on Tran-
sition1x (T1x) dataset40. The accuracy of ΔE improves consistently with
increasing training data in all tensor sizes, consistent with previously
reported scaling behavior. In contrast, the predicted Ea plateaus
around the data size of 105, hitting a “scaling wall" where additional
data provides little to no benefit. This disparity is observed con-
sistently across larger model sizes, indicating limitations beyond
model capacity alone.

This observation of the scaling disparity has given rise to several
scientific questions: Why does the model learn to predict ΔE while
struggling with Ea? The training is performed solely on SPICE2
dataset14, which consists primarily of stable molecular structures and
includes isolated atoms, small radicals, and molecules spanning neu-
tral, cationic, and anionic charge states; however, it does not contain
any transition-state (TS) geometries. At the same time, we observe that
the prediction accuracy of Ea continues to improve as the size of
training set grows to ≈ 105. While the scaling behavior of Ea is some-
what expected, elucidating the underlying mechanism of the distinct
scaling behaviors may help further advance MLIP development. Are
there underlying data representations that could explain the learning
behaviors? Is there a metric to capture the mechanisms behind these
scaling disparities and help quantify chemical information that is
internally learned by an MLIP?

To address these questions, we propose an edge-wise emergent
energy-decomposition (E3D) framework based on the chemical bond
and its associated bond-dissociation energy (BDE)41. Unlike the con-
ventional approach, where the total energy is defined as the sum of
atomic energies, we consider the total energy as the sum of bond
energies. Because the bond energy does not explicitly appear in the

loss function, it provides a way to assess whether a model has learned
relevant chemical information.

E3D further leverages a set of IRs, i.e., the symmetric (Dij) and
asymmetric (Aij) terms given in Eq. (7). The two-dimensional prob-
ability distribution of Dij vs. Aij and associated Shannon entropy H2D
enable quantitative assessment of training progress and provide a way
to track when and how an MLIP learns bond-related representations
during training.

In this study, we employ the E(3)-equivariant Allegro
architecture39 and use E3D to characterize bond-related information
learned by the model. We also apply E3D to “the unreasonable effec-
tiveness of hybrid data”42, where TS energy prediction may be
improved by hybridizing organic and inorganic materials datasets37,38.
We evaluate hybrid training and discuss its relationship to the scaling
wall problem. Additional methodological details, dataset summaries,
and validation analyses are provided in the Supplementary Informa-
tion (Supplementary Figs. 1–3 and Supplementary Tables 1–6).

Themain contributions of this study are as follows. First, we show
that a scalable model trained on large materials datasets learns con-
sistent bond-type-dependent representations, and that this behavior is
observed across different materials datasets. Second, we show that
probability distributions of IRs and their information entropy provide
a tool for qualitative and quantitative evaluation acrossmodel-training
scenarios. Third, we examine how a hybrid dataset affects TS energy
prediction and discuss its implications for the scaling wall during
training.

Results
Emergent bond-dissociation energy
First, we demonstrate that the Allegro model39 can acquire knowledge
of BDEwithout explicit supervision. Specific constraints were imposed
onAllegro to achieve output decomposition asdescribed in Eq. (4).We
trained the Allegro model using SPICE214 and evaluated the general-
ization performance using the T1x40 dataset. Subsequently, we ana-
lyzed changes in IRs with increasing amounts of training data and
verified that this monitoring functioned appropriately.

Figure 2a compares Dij against BDEs from literature. The model
generates a distribution that aligns well with established chemical
trends. Not only is the order of bond energies for C-H, N-H, and O-H
correctly predicted, but the average bond energies also show quanti-
tative agreement with the reference BDE. The model also appears to
have learned the concept of bond order correctly, for example, single,
double, and triple bonds for C-C, C-N, C-O, and N-N bonds, despite the
fact that the model was trained solely on the total system energy. We
refer to this model capability as ‘emergent BDE’.

BDE is a thermodynamic quantity that is often evaluated by
comparing the enthalpy difference before and after bond breaking43,
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Fig. 1 | Schematic of potential-energy surface learning. a Contour plot of a
potential energy surface learned by an MLIP. Blue markers indicate sampled data
points near the ground states, and red marker indicates near transition state (TS).
b Energy profile along reaction coordinate. ΔE denotes the reaction energy, and Ea
denotes the activation energy. c Scaling behavior of prediction errors for ΔE and Ea

on the Transition1x (T1x) dataset40. Mean absolute error (MAE) is plotted as a
function of the number of SPICE214 training structures. Diamonds, circles and
squares indicate Allegro tensor sizes 32, 64, and 128, respectively. While ΔE accu-
racy improves consistently, Ea predictions plateau, indicating a scaling wall.
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for exampleD = EAB− EA− EBwhere EAB, EA and EB are the total energy of
the molecule AB and the separated constituent fragments A and B,
respectively44. A previous study usingMACEmodels trained on a drug-
like molecule dataset demonstrated that the aliphatic C–H BDE could
be learned only with near equilibrium configurations24. These results
indicate that a model trained on a large-scale dataset (SPICE2) can
encode BDE-related information in its IRs, with learned values that
quantitatively agree with literature values across bond types and bond
orders.

The decomposed Dij values and their corresponding BDEs are
enumerated in Fig. 2b for four molecules: methane, ethane, ethylene,
and 4-methyl-1,2,3,5-oxatriazole.

Scaling of emergent BDE with data size
Our E3D framework enables analysis of how the quality of IR changes
with dataset size, providing a means to analyze the scaling wall. As
shown in Fig. 2c,d, themeandifferenceΔEBDE and varianceσBDE relative
to reference BDEs show signs of convergence in energy-error reduc-
tion trends when training structure counts exceed 105 − 106. This
corresponds to the position of the scaling wall in Fig. 1, indicating that
BDE emergence may be related to predictive capability for reac-
tion tasks.

Figure 2 c,d also illustrates the effect of tensor size on the scaling
wall. While increasing the tensor size to 128 produces negligible
changes in ΔEBDE and σBDE, reducing it to 32 increases σBDE, indicating
that a tensor size of 64 performs best among the values tested.

To further assess the dataset dependency of the emergent BDE,
we alsoapplied E3D to anAllegromodel trainedon theMatPESdataset,
most of which consists of inorganic crystalline data. Figure 3 shows the
resulting Dij distribution, where the model encodes bond-type and
bond-order features consistent with the MatPES data.

Distribution of internal representation entropy
Figure 4a shows the distribution of the IRs, the symmetric Dij and
asymmetric Aij terms given by Eq. (7). We have examined the dis-
tributions over archetypal chemical bond types (C-H, C-C, C-O, C-N)
across varying training conditions. Here, each training set with dif-
ferent size is randomly sampled from the entire SPICE2 dataset. The
distribution function shows progressive development and structural
refinement that evolve into isolated peaks as the training size increa-
ses. This result indicates increasing development of complex and
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Fig. 2 | Emergent BDE. a Distributions of learned symmetric bond energies (Dij)
from the Allegro model (tensor size 64) trained on the SPICE2 dataset14, compared
with reference BDEs (star markers)52 for the bond types commonly found in the
SPICE2 and T1x datasets. Individual data points indicate bond-wiseDij samples, and
error bars indicate the mean ± standard deviation. The distributions are con-
structed from n ≈ 2.7 × 105 bonds extracted fromT1x reactant structures (per-bond-
type n in Source Data). No statistical hypothesis testing was performed. The Dij

values correspond to the BDE order in C–O–N–H chemical bonds. b Evaluated Dij

and BDEs (shown in parentheses) for methane, ethane, ethylene, and 4-methyl-

1,2,3,5-oxatriazole. N.A. indicates that no reference BDE is assigned for H--H pairs
because they do not form chemical bonds in these molecules. c BDE distribution
shift with training-data size (ΔEBDE): MAE between learned Dijmeans and reference
BDEs. d BDE distribution width (σBDE): three standard deviations of learned Dij

distributions. As the number of training structures exceeded 105–106,ΔEBDE showed
a smaller slope and a tendency toward saturation, whereas σBDE continued to
decrease monotonically. Energy values are given in eV. OVITO was used for
visualization55. Source data are provided as a Source Data file.

Fig. 3 | Emergent BDEs. Distributions of learned symmetric bond energies (Dij)
from an Allegromodel (tensor size 128) trained on theMatPES dataset32, compared
with reference BDE values (star markers)52. Data points indicate bond-wise Dij

samples, and error bars indicate the mean ± standard deviation. The distributions
are constructed from n ≈ 2.7 × 105 bonds extracted from T1x reactant structures
(per-bond-type n in Source Data). No statistical hypothesis testing was performed.
Distributions are qualitatively consistent with those from the SPICE2-trainedmodel
(Fig. 2). Source data are provided as a Source Data file.
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multi-modal features inside the model. Each island of the distribution
corresponds to distinctive bond characteristics such as bond order;
therefore, the obtained IR distributionmay be seen as a fingerprint of a
given atomic pair.

UsingH2D, we also quantify the changes in the distribution during
training as a function of the training-set size. Figure 4b shows con-
sistent decreasing trends inH2Dwith respect to the size of training set.
The entropy computed from the combined distribution of all exam-
ined bond types converged at ≈ 105–106 training structures, as shown
in Fig. 4b. Bond-resolved analysis reveals distinct learning behaviors.
For C–C, C–N, and C–O bonds, ΔH2D steadily decreases between
Ndata = 103 and 105, with an approximate slope of − 0.5 with respect to
logðNdataÞ. The trend then substantially slows down for Ndata > 105. In
contrast, ΔH2D of the C–H bond remains essentially flat, indicating
convergence even with Ndata < 103. These results suggest greater
complexity in the C–C, C–N, and C–O bond distributions than in the
C–H bond distribution.

Hybrid dataset and TS energy prediction
Lastly, we examine the effect of the hybrid dataset on TS energy pre-
diction. We trained the models on either SPICE2 alone or a hybrid
dataset consisting of SPICE2 + MatPES (labeled as Hybrid).

Table 1 summarizes the model performance using mean absolute
error (MAE) of Ea andΔE. As previously reported, we have also confirmed
that the performance of TS energy prediction improves consistently
using the hybrid dataset regardless of the tensor size, for example,
achieving an Ea MAE of 0.44 eV (Hybrid) compared to 0.58 eV (SPICE2).

Entropy on Transition1x subsets
Figure 5 shows the breakdown of H2D by bond types tested on the T1x
dataset. Here we divide T1x into three groups, that is, the reactant
structures (labeled T1x:r), TS structures (labeled T1x:ts), and the pro-
duct structures (labeled T1x:pr). We found that entropy tended to
increase across various bond types, particularly in C-H bonds across all
T1x groups.

Fig. 4 | Evolutionof bond-energy representations. a IR distributions for C-C, C-H,
C-O, and C-N bonds at varying training-data volumes Ndata. Here, we employ the
structure of the test set, which has been separated from the training set in SPICE2.

b H2D plot as a function of Ndata, in which the entropy value at Ndata = 920 as
reference. As Ndata increases, more refined structures and boundaries develop,
resulting in the consistent reduction of H2D.
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Discussion
The E3D framework provides a way to analyze how BDE representa-
tions develop within MLIPs. The emergent BDE may help explain MLIP
generalizability because anMLIP that captures basic chemical building
blocks can, in principle, support stable simulations of large molecular
systems (e.g., proteins)5. Currently, most MLIPs are trained on system
energy, atomic force, and system stress; therefore, other scalable
MLIPs10–12 may have acquired similar IRs. Representative molecular-
dynamics stability trajectories for crystalline silicon and aspirin are
provided as Supplementary Movies 1 and 2.

The emergent BDE is achieved neither with a specific loss function
nor inductive bias but is learned from data. Unsupervised BDE learning,
therefore, leaves room for improved prediction accuracy. For instance,
supervised BDE models such as BonDNet41 have achieved a prediction
error of 0.022 eV, while the emergent BDE differs from literature values
by about 0.3 eV. Here, two approaches may be considered: (1) explicit
BDE supervision in the loss function, and (2) further increasing the size
of training data. For example, OMat2418 and OMol2519 contain over 100
million structures, which is over two orders of magnitude greater than
the dataset used in this study. While evaluating whether these approa-
ches outperform existing BDEmodels is beyond the scope of this study,
it is useful to assess them as model and dataset scales increase45.

We found that the emergent BDE is observed with the twowidely-
used large-scale materials datasets, SPICE2 and MatPES. This result
suggests that the observed behavior is not specific to the SPICE2
dataset that predominantly consists of the bond types we examined,
and is also present in the MatPES-trained model.

The IR distribution and information entropy provide insights into
MLIP development and enable us to inspect the process frommultiple
aspects. By changing the data size, the distributions exhibit the for-
mation of domains that go through the refinement of their boundaries
and the shrinkage in size. In addition, such domains can split into

further smaller clusters as the training set increases (see Fig. 4a). The
result indicates that a better understanding of the local atomic envir-
onment and bond energies has developed inside the model.

The change in entropy with respect to the size of the training set
provides insight into model training and correlates with model scal-
ability. It is useful for comparing several training scenarios, for exam-
ple, SPICE2 versus MatPES or different training-set sizes.

Adeclining trend shown inFig. 4b suggests that the IRdistribution
converges to narrower peaks with a smaller variance. Howmany peaks
(possible BDE values) exist depends on the training set, for example,
the C-C bond with different multiplicity. The value of entropy could
remain the same when the distribution barely changes (for example,
C-H bond in Fig. 4a) or increases if more complex structures emerge as
model training proceeds.

We found that the hybrid dataset exceeds the scalingwall with the
SPICE2 dataset on the prediction of TS energy, achieving a further
reduction of the MAE loss by ≈ 25% for Ea and ΔE. The increased
entropy suggests the formation of more complex multi-modal IR
structures than the one with SPICE2 alone. Material datasets that
consist of molecules or bulk systems usually have very different
characteristics due to their symmetries, boundary conditions, and
underlying quantum mechanics theory used to generate training set;
therefore, a common practice is to train separate MLIPs depending on
target applications.

E3D analysis indicates that SPICE2–MatPES hybrid training
improves out-of-distribution performance for TS energy prediction.
Although the mechanisms underlying these gains remain to be
understood, several studies have reported similar observations46–49.

In summary, we have developed the E3D framework that provides
a mechanism-based perspective on the generalization of universal
MLIPs. Current MLIP advancements largely rely on methodologies
designed for generic AI models; a physically inspired method such as
E3D may help guide analyses of model scaling and generalization
limits.

Methods
N-body interaction
The potential energy Esystem of a system composed of N atoms can be
described using a body-order expansion that includes terms up to the
N-body interaction:

Esystem =
X

i

Eð1Þ
i +

X

ij

Eð2Þ
ij +

X

ijk

Eð3Þ
ijk + � � � + ðN � body termÞ: ð1Þ

Since the computational cost of N-body interactions scales as
O(NN), directly incorporating such terms into MLIPs is not practical.
Many of the currentMLIPs allow the Esystem to be expressed as a sumof
single-atom energies ~E

ð1Þ
i that include many-body effects:

Esystem =
X

i

~E
ð1Þ
i : ð2Þ

To accomplish this, the existing MLIPs, such as Behler-Parrinello
neural-network potentials1, describe many-body interactions by
combining two-body and three-body descriptors through nonlinear
functions, such as activation functions used in neural networks. In
particular, atomic cluster expansion (ACE) 9, which enables the
construction of many-body descriptors in a computationally efficient
manner, has improved the accuracy of the representation in Eq. (2).

However, it is not necessary to represent the total energy with the
single-atom energy ~E

ð1Þ
i . Here, the cohesive energy is defined as

Table 1 | Performance improvements with hybrid dataset
training on T1x reactive properties

Dataset Tensor size Ea MAE (eV) ΔE MAE (eV)

SPICE2 64 0.61 0.31

128 0.58 0.33

Hybrid 64 0.49 0.27

128 0.44 0.25

Fig. 5 | Entropy change in IR distributions usingmodels trained on SPICE2 and
Hybrid (SPICE2+MatPES).The entropy is evaluated using theT1x dataset, which is
divided into three mutually exclusive sets of atomic configurations: reactant
structures (T1x:r), TS structures (T1x:ts), and product structures (T1x:pr). Four
types of chemical bond (C–H, C–C, C–O, and C–N) are examined here. Entropy
increases in various chemical bonds. C-H bonds show this across all T1x datasets.
C–O and C–N bonds show especially high entropy increases in T1x:pr.
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Ecoh � Esystem �P
iE

ð1Þ
i , and then Eq. (1) becomes,

Ecoh =
X

ij

Eð2Þ
ij +

X

ijk

Eð3Þ
ijk + � � � + ðN � body termÞ: ð3Þ

Ecoh is preferred to Esystem for the training target ofMLIPs, because
it eliminates dependencies on computational settings such as pseu-
dopotentials in first-principles calculations, thereby providing an
unbiased energy reference.

Similar to that the representation from Eq. (1) to Eq. (2) was
achieved, MLIPs should be able to expand Ecoh in Eq. (3) using two-
body interactions ~E

ð2Þ
ij that include many-body effects, as follows:

Ecoh =
X

ij

~E
ð2Þ
ij : ð4Þ

Since ~E
ð2Þ
ij canbe naturally interpreted as a quantitativemeasure of

the attractive or repulsive interatomic interactions, Eq. (4) provides a
basis for evaluating interatomic bond strengths using MLIPs
themselves.

Model and energy-decomposition formulation
We employ the E(3)-equivariant Allegro architecture39 for our analysis
due to its inherent energy decomposability shown in Eq. (4). We
trained Allegro models with internal tensor representation sizes of 32,
64, and 128, spherical harmonic expansion lmax = 2, and radial cutoff
rcut = 5.2 Å. For most analysis, we employed a tensor size of 64,
prioritizing computational efficiency without compromising accuracy.
This specific size proved optimal: a smaller tensor (size 32) resulted in
lower accuracy due to its limited parameter count and thus reduced
representational capacity, whereas a larger tensor (size 128) demon-
strated comparable performance to size 64.

Allegro decomposes total system energy Esystem into per-node
(atom) energies εi and per-edge energies εij

39:

Esystem =
PN

i= 1
ðσZi

εi +μZi
Þ,

εi =
P

j2NðiÞ
σZiZ j

εij ,
ð5Þ

where σZi
, σZiZ j

are learnable per-species scale parameters, μZi
are

learnable shift parameters for atoms of species Zi and Zj, N is the total
number of atoms, andN(i) represents atom i’s local neighborhood. The
Allegro model, which is based on the ACE formalism9 and combined
with their connection via nonlinear functions, enables the expression
of Esystem in terms of the per-edge energies εij

39.
Therefore, to implement an architecture that satisfies Eq. (4)

within the Allegro model, we standardize the normalization para-
meters by setting the shift parameters μZi

=0 and scale factors
σZi

= σZiZj
= 1:0 in Eq. (5). Furthermore, instead of learning Esystem, the

model is trained to predict Ecoh. With these settings, Eq. (5) becomes a
direct sum of edge energies εij:

Ecoh =
XN

i= 1

X

j2NðiÞ
εij , ð6Þ

which is equivalent to Eq. (4).
Importantly, εij and εji are generally not the same (i.e., εij ≠ εji)

reflecting the local environments of i and j atoms independently. Thus,
these energy values differ based on which atom index to be taken as
the central atom. We define a set of metrics, i.e., the symmetric com-
ponentDij and asymmetric componentAij, to capture the degree of the

bond-energy strength and its asymmetry:

Dij = εij + εji,

Aij = εij � εji:
ð7Þ

Here, Dij represents total bond energy between ith and jth atoms. The
summation of Dij for all atomic pairs in the system, i.e.,PN

i

P
j2NðiÞ, j > iDij is equal to Ecoh. The asymmetric component Aij

quantifies energy imbalance arising from the difference in the local
environment of the two atoms. For example if ith and jth atoms are of
the same element, Aij reflects the difference between the two local
environments.

Model training
All modelswere trained using the NequIP framework10 with the Allegro
architecture39. For models with tensor size 64, the two-body latent
multilayer perceptron (MLP) had dimensions [64, 128, 256], the later
latent MLP had dimensions [256, 256, 256], and the final edge-energy
MLP used one hidden layer with dimension 128. All models used three
interaction layers. The models were optimized using Adam with a
learning rate of 1 × 10−3. Batch sizes were varied between 8 and 128
depending on the training-set size. Training was continued until con-
vergence according to the validation loss, with at least 100 epochs for
each training run.

The model parameters were optimized by minimizing a weighted
sum of root-mean-square errors for per-atom cohesive energy, atomic
forces and, for periodic systems, stress:

L= λE
Ecoh � Epred

N

����

����
2

+ λF Fref � Fpred

�� ��2 + λS σref � σpred

�� ��2, ð8Þ

where N is the number of atoms, Epred =
PN

i

P
j≠iεij is the predicted

cohesive energy,Fref andσref are the reference forces and stress tensor,
and Fpred and σpred are the corresponding predicted quantities
obtained by automatic differentiation. The stress term was used only
for periodic systems. The loss weights were set to λE: λF = 1: 1 for SPICE2
and to λE: λF: λS = 1: 1: 1 for MatPES and the hybrid SPICE2 + MatPES
dataset.

Datasets and pre-processing
The molecular training data were taken from SPICE214, which contains
stable molecular configurations. Inorganic training data were taken
from the r2SCAN subset of MatPES20. The hybrid dataset was con-
structed by combining SPICE2 and MatPES. For molecular structures
from SPICE2 used in hybrid training, the molecules were placed in a
cubic cell with a side length of 500 Å and assigned zero target stress.

T1x40 was used as an out-of-distribution benchmark for reactive
properties. For the T1x reactant, TS and product structures, energies
and forces were recalculated using Psi450 at the same level of theory as
SPICE2, ωB97M-D3(BJ)/def2-TZVPPD.

E3D protocol
We assigned bondmultiplicities (single, double, triple, aromatic) using
general Amber force field (GAFF) atom types from antechamber in
AmberTools 2351, followed by manual validation for ambiguous cases.
For aromatic bonds, 0.5 was added to the assigned bond multiplicity
for the E3D analysis. Reference BDE values from experimental
measurements52 and established theoretical values53 enable quantita-
tive comparison with learned Dij distributions, providing a direct
comparison between the learned representation and reference bond
energetics.

In addition we define two key metrics, the BDE distribution shift
ΔEBDE and the BDE distribution width σBDE, to enable a unified eva-
luation metric across different model training settings. ΔEBDE and σBDE
are computed from a single distribution combining the BDE
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distributions of all bond types, each of which is shifted by their
reference BDE value (see inset in Fig. 2).

To analyze correlations between the symmetric (Dij) and asym-
metric (Aij) components of learned bond energies, we generated 2D
histograms of Dij versus Aij. This analysis focused on C–C, C–H, C–O,
and C–N from T1x dataset structures, considering covalent bonds
shorter than 2.2Å to ensure chemical relevance. We constructed these
histograms using uniform 0.1 eV energy bin widths for both axes over
their observed ranges.

Shannon entropy quantifies organization structure of repre-
sentational spaces:

H2D = �
X

k, l

pkl logpkl ð9Þ

where pkl is the normalized frequency in bin (k, l) of the 2D histogram.
Lower entropy values indicate more organized, well-defined IRs,
suggesting that the model has developed structured chemical under-
standing. This metric provides a quantitative measure of how clearly
the model distinguishes different chemical environments and
structure.

Table 2 summarizes the metrics employed in the E3D framework
to characterize learned representations and their relationship to phy-
sical quantities. Numerical source data for the quantitative main-text
figures and tables are provided in the Source Data file.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The data that support the findings of this study are available from the
corresponding author upon request. The publicly available datasets
used in this study are available from their original sources: SPICE214,
MatPES20, and Transition1x40. The hybrid dataset used in this work was
constructed by combining SPICE2 and MatPES. Unprocessed data,
including raw bond-wise edge-energy data used for the E3D analysis,
are provided in Supplementary Data 1. Representative MD trajectories
used for the stability tests are provided as Supplementary Movies 1, 2.
The third-party datasets listed above are subject to the access terms
and licenses of their original providers; we imposed no additional
restrictions. Source data are provided with this paper.

Code availability
The code used in this work is available from Zenodo54. The imple-
mentation used PyTorch version 2.5.1, NequIP10 version 0.6.1, and
Allegro39 version 0.3.0.
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