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Supplementary Information

I. Benchmark Experiments

1. rMD17: Small molecules benchmark

The revMD17 dataset contains five different train test
splits of 10 different small organic molecules [1]. Each of
the splits comprises 1000 configurations for each molecule
sampled randomly from a long ab initio molecular dy-
namics simulation carried out at 500 K. The task is to
fit a force field model on the 1000 examples and report
the mean absolute error (MAE) of the total energy and
the force components. Table I on the left of the vertical
solid line shows the MAE of different models from the
literature trained on precisely this dataset. We show the
models on the right of the solid vertical line for complete-
ness, but it is important to note that they were trained
on an earlier version of this dataset which proved to be
noisy, with different train-test splits and DFT settings.
Both BOTNet and NequIP models far outperform the
other approaches in all the molecules.

2. 3BPA: Extrapolation to higher tempature

To test the extrapolation capabilities of the different
models to out-of-distribution input data we used the
3BPA dataset. This is well suited as the molecule is flex-
ible with 3 rotating bonds as illustrated on Figure 1. We
use the training set collected at 300K because it samples
only the pockets corresponding to the most stable dihe-
dral angle combinations, whereas the higher temperature
test sets contain geometries sampling the full dihedral
profile [3].

The root-mean-squared errors (RMSE) on energies and
force components of several different models are shown
in Table II. We have included the RMSE-s on the three
different temperature test sets and a 4th test set made
up of the DFT dihedral scan geometries. The 300K test
set measures the in-domain accuracy of the models. We
observe similar accuracy between BOTNet and NequIP
within the standard deviation, outperforming the closest
model linear ACE by a factor of 2. At 600K, we observe
higher RMSE over all the models as the data are further
from the training set and the magnitudes of the forces are
also larger. Compared to the other models, BOTNet and
NequIP are again more accurate by about a factor of 2.
The 1200K test set measures the most extreme extrapo-
lation. In this case, the BOTNet model has the highest
accuracy, performing around 20% better than NequIP
and over two times better than all other models. BOT-
Net is again the most accurate model on the dihedral
scan, a different set of out-of-domain samples, proving
its excellent extrapolation capabilities compared to the
other models.

We also inspect the shape of the potential energy sur-
face by scanning along lines in the three-dimensional di-
hedral space, keeping α and β fixed and varying γ. The
energy along three such cuts is plotted in Figure 1 show-
ing BOTNet, NequIP, and linear ACE predictions. The
three cuts present different degrees of prediction diffi-
culty, primarily because they probe the PES at different
energy levels above the equilibrium state. The β = 120◦

on the left and the β = 180◦ on the right of Figure 1
(b) are easier, because there are some training points
in the dataset with similar combinations of dihedral an-
gles, whereas the third cut in the middle (β = 150◦) is
the most challenging of the three, with no training data
points near it.
We can observe that all three models tested perform

similarly well on the two easier cuts, with NequIP being
the most accurate. On the most challenging cut in the
middle of Figure 1 (b), we see that linear ACE smoothly
reproduces the shape of the potential energy but over-
estimates the rotation barriers by about a factor of two.
Both NequIP and BOTNet can predict the overall shape
and barrier height with remarkable accuracy, with BOT-
Net even getting the overall energy shift right. Overall,
all three models perform well on these tests, linear ACE
is extrapolating smoothly, but very far from the training
set, it can make more significant errors. In contrast, the
nonlinear models are smooth and accurate even for input
data far from the training distribution.

3. Acetylacetone: flexibility and reactivity

The potential energy surface of acetylacetone has been
studied exhaustively in the past due to its many inter-
esting properties, such as the tunneling splitting of the
intramolecular hydrogen transfer [12]. In this paper, we
are not trying to create the most accurate PES of the
molecule but deliberately use a small training set, mak-
ing the task challenging for the inference methods. This
helps us see the distinctions between the different mod-
els. To prepare the training set, we run a long molecular
dynamics simulation at 300 K using a Langevin ther-
mostat at the semi-empirical GFN2-xTB level of theory.
We sampled several independent configurations and com-
puted the energies and forces with density functional the-
ory using the PBE exchange-correlation functional with
D3 dispersion correction and def2-SVP basis set using
the ORCA electronic structure package.
To test the models, we measure extrapolation both in

temperature and along two internal coordinates of the
molecule. The temperature extrapolation experiments
show similar results to the 3BPA case, though NequIP
performs slightly better than BOTNet. The results are
shown in Table III.
Figure 2 shows the predictions of the three models
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along two different internal coordinates. The left panel
shows the energy change as a function of one of the O-
C-C-C dihedral angles. The training set only samples
dihedral angles below 30◦, and we test the models on
angles up to 180◦. This is a significant extrapolation in
input space and energy space as the rotation barrier is
about 1 eV, much more significant than the typical en-
ergy fluctuations in the training set. All models produce
a smooth PES, reproducing the maxima at around 90
degrees, but remarkably NequIP and BOTNet also get
the height of the barrier very accurately. We also ob-
serve that NequIP achieves better reproduction of the
PES after the maxima.

On the right panel of Figure 2 we plot the energy
along a reaction coordinate of the intramolecular hy-
drogen transfer found using the Nudged Elastic Band
method [13]. This task probes how the models can cope
with reactivity not too far from the training set. We can
see that all models reproduce the shape of the barrier
accurately, with BOTNet and NequIP getting the height
of the barrier within 2 meV.

II. BOTNet: Body Ordered Equivariant Network

The design space of the Multi-ACE framework pro-
vides a setting to study the choices made by different
approaches. The most accurate model published to date
is NequIP, which uses an equivariant 2-body message
passing scheme. We probe the NequIP architecture to
understand which parts are crucial for its success and
study how changing different parts of the architecture
affects the properties of the fitted potential energy sur-
face, including smoothness and out-of-domain extrapola-
tion. The model introduced in this section, BOTNet, is a
simplified, body-ordered version of NequIP. We keep the
two-body interactions of NequIP within each layer, and
the body-order is increased by one in each iteration of
the message passing. This is made possible by removing
all pointwise non-linearities in the update, except in the
last layer. The different body-ordered contributions to
the total energy are predicted as a sum of functions of

the learnable t + 1-body features h
(t)
i at each iteration.

Note that the BOTnet model is still a nonlinear function
of its parameters due to the tensor product operation in
the message block.

The final energy expression of BOTnet can be written
as a body-ordered energy expansion,

Ei = E
(0)
i +

T−1∑
t

W (t)h
(t)
i + F

(
W (T )h

(T )
i

)
(1)

where W (t) are learnable weights representing a linear
combination of the features giving the body-ordered en-

ergy terms and F
(
W (T )h

(T )
i

)
is a generic nonlinear

function accounting for the residual higher order terms

in the truncated expansion. The terms h
(t)
i have exactly

correlation order t (body-order t+ 1).

The general body-ordered expansion is

F ({ri}Ni=1) = f (0) +

N∑
i=1

f (1)(ri) +
∑

1≤i<j≤N

f (2)(ri, rj)

· · ·+
∑

1≤i1<...<iN≤N

f (N)(r(i1), r(i2), ..., r(iN )). (2)

In Figure 4, we illustrate the hierarchical energy de-
composition learned by a BOTNet model for the in-
tramolecular hydrogen transfer reaction of acetylacetone.
In Eq. (2), the number of terms summed over grows with
the correlation order, but for an efficient expansion the
total size of each contribution should decrease. In the
case of BOTNet, we can observe that the terms are de-
creasing in absolute values (even after summing them for
each correlation order over all centers). The last term is
bigger than the correlation order three and four since it
is accounting for all higher-order terms in the truncated
expansion.

Below, we give a detailed description of the architec-
ture of BOTNet. It retains the most crucial elements
of NequIP while introducing some new architectural fea-
tures. The details of the two architectures are compared
in Figure 3.

a. Chemical embedding block The first block
of both BOTNet and NequIP is the chemical embedding.
The elements zi are mapped to vectors of lengths equal
to the number of elements via one-hot encoding. The
one-hot vectors are multiplied with a learnable weight
matrix of size Nelements×Nchannels outputting a learnable
invariant feature vector for each atom corresponding to

h
(0)
i .

b. Radial embedding block The radial features
are composed of a Bessel basis multiplied by a smooth
polynomial cutoff denoted by Rn(rji). The radial em-
bedding block outputs an array of size Nn for each edge
corresponding to the values of Bessel functions of differ-
ent frequencies.

c. Interaction blocks The interaction block takes

as input the node features h
(t)
i , the radial features Rn,

the spherical harmonics Y m1

l1
, and the node attributes

θi. First, the node features h
(t)
i undergo a learnable lin-

ear transformation to mix the k channels. Then, the ra-
dial features Rn are transformed together with the one-
hot encoding θi by a learnable bi-linear operation into

the learnable radial basis, R
(t)
kl1l2L

(rji). The interaction
block of the first layer differs from the rest of the layers
in a simple way: In the first layer, we use a standard

MLP having Rn as input and outputting R
(0)
kl1l2L

(rji).
In all subsequent layers we use a bilinear map combin-
ing the radial features Rn and the chemical attribute θj

outputting the radial basis R
(t)
kl1l2L

(rji). The reason for

having two different radial features (for the first and all
subsequent layers) is that at the first layer, the attributes
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θj are already present in the feature h
(0)
j , which makes

the element-dependent radial basis redundant.
A symmetrized tensor product operation forms the

edges features (one-particle basis) between the learnable
radial basis, the spherical harmonics, and the node fea-
tures. The symmetrized tensor product operation first
makes the tensor product between the different elements
and then decomposes it into irreducible representations
using Clebsch-Gordan coefficients. The edges features
are summed over the neighborhood of each atom to pro-
duce a message on each atom.

For the update phase of the message passing, we
use a linear transformation followed by a simplified
self-connection for the first layer and a residual self-
connection for all the subsequent ones.

d. Readout blocks After each update, a linear
readout maps the invariant part of the learnable feature

to the local state energy E
(t)
i = R(t)(h

(t)
i ). The last read-

out at iteration T , uses a nonlinear MLP to account for
the higher orders terms in the truncated order expansion
Eres.

In summary, there are no non-linearities present in the
network to preserve body ordering, except at the last
readout. We show below that the inclusion of the higher-
order term in the expansion results is sufficient to recover
the accuracy of a fully nonlinear model. We introduce a
self-connection to preserve body order at the first round
of message passing, ensuring that the network does not
learn any non-body-ordered energy shift. We will also
show that careful normalization induces a dramatic im-
pact on extrapolation and is crucial for its in-domain
accuracy as well.

1. Self-Connection

An essential and often neglected part of MPNN mod-
els is the self-connection. It is a mechanism used to mix
information from the previous layer with the output of
the current layer in a learnable way. The self-connection
mechanism is fundamentally related to the residual ar-
chitecture of convolutional neural networks [14].

In NequIP the general message passing operation of is
chosen to be independent of the receiver (central) atom
chemical element θi. The effect of this is that the suc-
cessive message passing iterations “dilute” the chemi-
cal information of the central atom. NequIP has intro-
duced a self-connection that re-injects chemical informa-
tion about the central atom after each message passing
step to overcome this issue. It is part of the update and
has the form reminiscent of residual neural networks:

h
(t+1)
i,kLM = h

(t+1)
ikLM +

∑
ak̃

Wkk̃Laθi,ah
(t)

i,k̃LM
, (3)

where Wkk̃La is a learnable weight matrix of size
[Nchannels ×Nchannels ×Lmax ×Nelements] of the attribute
θi which is in the case of NequIP the one hot encoding
of the chemical type zi of the central (receiver) atom.

When the residual update of Eq. (3) is applied after
the very first message passing iteration, during the train-

ing, the initial feature h
(0)
i which is independent of the

atomic environment, gets updated. This results in the
model learning a shift to the potential energy that is
only dependent on the central atom but not on the en-
vironment. To ensure that the model has the correct
limit for isolated atoms, this self-connection cannot be
applied at the first update. An alternative simplified
self-connection, implemented as a bi-linear map, serves
the purpose of reinjecting chemical information but does
not have the residual connection:

h
(t+1)
i,kLM =

∑
ak̃

Wkk̃Laθi,ah
(t)

i,k̃LM
(4)

This simplified self-connection has the advantage that
the features at the t = 0 layer do not enter the energy
expression removing the learnable shift. This is advanta-
geous if it is necessary to enforce that the model predicts
the correct energy for isolated atoms. Table IV shows
a comparison of NequIP and BOTNet models with the
residual and simplified self-connection. It appears that
the self-connection plays a crucial role in message-passing
accuracy. Moreover, using the residual self-connection,
the models can perform significantly better than no resid-
ual architecture. The mix sc BOTNet model has the
simplified self-connection in the first update followed by
the residual one. This architecture does not have an in-
ternal learnable shift and can match the performance of
the entirely residual architecture closely. The issue of
self connections does not arise in the case of linear ACE
because the chemical elements explicitly index the basis
functions.

2. Numerical stability

Numerical stability is of significant importance for
computations involving interatomic potentials. It affects
the smoothness of the PES and, consequently, the stabil-
ity of geometry optimisation and accuracy of molecular
dynamics simulations. In Figure 5 we show a potential
energy slice as one of the bond-angles is varied in the
3BPA molecule. The figure shows NequIP models trained
using PyTorch with 32 and 64-bit floats. Using the lower
precision results in a piecewise linear unsmooth potential
energy surface. By using higher precision, the smooth-
ness of the potential energy surface is significantly im-
proved. The same phenomenon was observed with BOT-
Net.

III. Normalization

This section inspects the influence of normalization
both inside the network and on the data. We show that
normalization plays a significant role in converging these
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over-parametrized models that rely on stochastic gradi-
ent estimation. However, non-physical normalization can
hurt the extrapolation of the models far away from the
training set.

A. Internal Normalization

Internal normalization refers to all procedures applied
to internal features and weights to make them respect
some statistical properties. It is of crucial importance
in the convergence of stochastic gradient-based opti-
mization, and one of the most used examples is batch-
normalization [15]. The first type of internal normaliza-
tion is that of learnable features. In NequIP and BOT-
Net, spherical harmonics are normalized such that the
second moment of features inside the network is close to
1:

||Yl(x)||2 = 2l + 1, x ∈ S2. (5)

The learnable features at each stage should also follow
the same statistical property at initialization〈

h
(t)
i,kLM

〉2
≈ 1. (6)

The underlying motivation for this normalization [16]
comes from the assumption that the weights obey

⟨wj⟩ = 0 (7)

⟨wjwk⟩ = σ2δij , (8)

such that the two first moments of the product h
(t)
i · w

are functions of
〈
h
(t)
i,kLM

〉2
only,〈

h
(t)
i · w

〉
=
∑
kLM

〈
h
(t)
i,kLM

〉
⟨wkLM ⟩ = 0 (9)〈(

h
(t)
i · w

)2〉
= σ2

∑
kLM

〈
h
(t)
i,kLM

〉2
. (10)

Another crucial normalization is the message-
normalization. As the message uses a sum operation,
it gathers an average of neighbors’ features. NequIP [17]
proposed to normalise the sum by the square root of the

average number of neighbors, so that λ =
√〈

#N (k)
〉
k

in the message function. We found that, for BOTNet,
dividing the sum by the average number of neighbors
⟨#N (k)⟩k across the training dataset yields the best re-
sults.

In Table V, we compare NequIP and BOTNet models
with and without the message normalization. We ob-
serve a significant effect of the message normalization
on the performance, especially at high temperatures, be-
ing responsible for a decrease in the error of over 30%.
As models with and without this normalization have the
same expressiveness, they only differ in their learning dy-
namics during optimization. These results highlight how
crucial internal normalization is for the convergence of
stochastic gradient optimization.

B. Data Normalization

Data normalization is widely used in many areas of
deep learning to accelerate the convergence of the opti-
mization [18]. We define data normalization as a general
transformation of the data prior to training. In the con-
text of machine learning interatomic potentials, normal-
ization can also play a unique role by constraining the
data to obey correct physical limits, for example in the
case of dissociation to atoms.
Given a data set of energies DE =

{
Ei
}N
i=1

and forces

DF = {F i,j}N,K
i=1 , where j is a multi-index running over

K = Natoms ×Ncoordinates, the normalization operation
is a function Φ : E 7→ Ê and by the conservation principle
Φ′ : F 7→ F̂ , which ensures that the transformed data D̂E
and D̂F has some statistical properties (statistical nor-
malization), or in the case of interatomic potentials one
might want these transformations to obey certain phys-
ical properties (physical normalization) such as correct
limit for isolated atoms.
The most widely used normalization schemes is stan-

dardization that we refer to as scale shifting (SSH), trans-
forming the data as,

Ê =
1

α
(E − EDE (E)) (11)

F̂ =
1

α
F, (12)

with EDE (E) is the average of the energies across the
training set and α can be chosen to be either the root
mean square of the forces across the dataset (referred
as SSH forces rms) or the standard deviation of the en-
ergies across the dataset. This ensures that the target
energies have zero-mean and unit variance meaning that
ED̂E

(E) = 0. This normalization scheme has the prop-
erty that the models have a non-physical offset of the
potential energy surface. This means that the arbitrary
shift of the potential energy does not correspond to the
energy of the isolated atoms. This does not affect the
simulations as long as no dissociation to atoms is in-
volved, for example, in bulk simulations, but can be prob-
lematic for reactive force fields.
The physical normalization can be written as:

Ê =
1

α

(
E −

N∑
i=1

E0,Zi

)
(13)

F̂ =
1

α
F, (14)

where N is the number of atoms in the molecule, α is a
scaling factor (can be interpreted as a change of units),
and E0,Zi

is the atomic energy of the chemical element
Zi. Atomic energies are usually computed using the iso-
lated energy method of the reference or using a linear
regression on a dataset. This approach ensures that the
dissociated limit with no-interaction energy is correct.
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In the following, we are testing the effect of data nor-
malization on both accuracy and extrapolation capabili-
ties. We compare the performance of models with differ-
ent data normalization in table VI on the 3BPA data set.
We observe that models learning from scale-shifted data
achieve the best accuracy, including at higher tempera-
tures. This difference stems from the radically different
learning tasks between the scale-shifted and the physi-
cally normalized models. The SSH models are learning
to reproduce a narrow part of the potential energy surface
near equilibrium. In contrast, the physically normalized
models are constrained to obey limits far from the data
distribution.

The right panel of Figure 6 shows the energy predicted
by each of the models and the ground truth DFT as the
O-H bond distance is varied with the position of the other
atoms being fixed. The configuration space sampled in
the training set along the O-H bond is very narrow, mak-
ing this a challenging extrapolation task. As the H is
moved far from the oxygen, the model has to predict the
energy of the ethyl radical, which is not in the training
set, and therefore predicting the exact energy is almost
impossible. Nonetheless, it is still valuable to compare
how smooth and physical the shape of the PES is. Over-
all, the models reach good fidelity to the DFT results
near the equilibrium where most of the training data is.
As expected, the scale-shifted models (NequIP SSH and
BOTNet SSH) give nonphysical results far from the train-
ing set. The barrier height is about 1 eV which is largely
underestimated compared to the DFT, which has a bar-
rier of 4eV. The models with correct atomic energy at the
limit (NequIP E0, BOTNet E0, and linACE) give a much
better barrier and can predict remarkably accurately the
energy of the radical. NequIP E0 and BOTNet E0 repro-
duce the potential energy surface between 1 Å and 2 Å
with very high fidelity while there is no data in this area.

The two right panels of Figure 6 show the poten-
tial energy surface of ethanol as the atoms are moved
along a low frequency (874cm−1) and a high frequency
(3005cm−1). The low-frequency mode probes a C-C
bending mode with no bond breaking. We see that both
scale-shifted and E0 models do equally well at the task,
likely due to the absence of bond breaking. The high-
frequency mode probes a C-H stretching mode, eventu-
ally getting close to bond breaking. We observe that
scale-shifted models with the wrong limit predict the C-
H stretching less accurately. In contrast, BOTNet and
NequIP models with the correct limit can accurately pre-
dict the potential energy surface up to bond breaking,
confirming that inputting the correct limit is crucial for
reactive interatomic potentials.

IV. Generalized Clebsch-Gordan Coefficients

The generalised Clebsch-Gordan coefficients are de-
fined as product of Clebsch-Gordan coefficients:

CLM
l1m1,..,lnmn

= CL2M2

l1m1,l2m2
CL3M3

L2M2,l3m3
...CLNMN

LN−1MN−1,lNmN

(15)
and

L ≡ (L2, .., LN ), |l1 − l2| ≤ L2 ≤ l1 + l2 and

|Li−1 − li| ≤ Li ≤ Li−1 + li ∀i ≥ 3 (16)

M ∈ {mi| − li ≤ mi ≤ li} (17)

In equivariant networks it is usually more convenient
to employ features in spherical coordinates. A spherical
tensor tl1···ldm1···mν

transforms as

Dl1
k1m1

· · ·Dld
kdmd

tl1···ldm1···md
◦R = tl1···ldk1···kd

,

where Dl = Dl(R) are the Wigner D-matrices, and a
symmetrisation analogous may be performed to enforce
this equivariance,

Bi,v,lm =

∫
O(3)

(
Dl

mkE
l
k

)
Aiv ◦RdR, (18)

where Dl
mk = Dl1

k1m1
· · ·Dld

kdmd
and El

k the canonical ba-
sis of d-dimensional tensors with indices kt = −kt, . . . , lt.

V. Equivariant non-linearities

The constraint of equivariance on non-linearities takes
very different forms depending on the details of the
group and can only be discussed case-by-case. A gen-
eral practice is to observe that the equivariance con-
straint is always satisfied for invariant messages. Let

m
(t)
00 be the channels of invariant messages. Then for

U(R) = I, ∀R ∈ SE(3):

m
(t)
00 (R[ri1 , ..., rin ]) = m

(t)
00 (ri1 , ..., rin),∀R ∈ SE(3)

(19)
So the application of any non-linearity F will be

F(m
(t)
00 (R[ri1 , ..., rin ])) = F(m

(t)
00 (ri1 , ..., rin)) (20)

For general equivariant channels LM of a message, the
trick is to use square-norm gated non-linearities [19] of
the form

F
(
m

(t)
LM (ri1 , ..., rin)

)
=

F
(
∥m(t)

LM (ri1 , ..., rin)∥2
)
m

(t)
LM (ri1 , ..., rin) (21)
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As the non-linearity is only applied to the squared norm
of a feature which is always an invariant scalar, this type
of nonlinear functions preserve equivariance. While tak-
ing the norm of the message does increase the body order
by one, it is not doing so in a complete way as many other
paths from equivariant features to invariants are ignored.

VI. Body-ordering of the SiLU non-linearity

Assume that

F(x) = SiLU(x) =
x

1 + e−x
. (22)

The Taylor expansion of SiLU can can be written as,

SiLU(x) =
x

1 +
+∞∑
k

(−1)k xk

k!

=

+∞∑
k=0

(−1)k(2n − 1)Bn

n
xn

(23)
where Bn corresponds to Bernoulli numbers. One can
immediately notice that

∂TSiLU(x)

∂xT
̸= 0 ∀T. (24)

Thereby formally T = +∞, and the resulting ht+1
i will

admit infinite body order.

VII. Alchemical learning - dimer curves

We have tested this alchemical learning by plotting the
2-body dimer dissociation of different chemical element
combinations, as inferred from the ethanol and methanol
dataset. This dataset contains complete molecules of
ethanol and methanol. Both have a single oxygen atom;
thus, the training set does not contain any configura-
tions with two or more oxygen atoms. The dimers curves
of linear ACE, NequIP, and BOTNet are shown in Fig-
ure 7. Our linear ACE implementation has no chemical
embedding, and thus the O-O dissociation curve is iden-
tically zero. In contrast, NequIP and BOTNet predict
the shape of the curves and the position of the minimum
in a chemically sensible way. Since no dimers were in the
training set, we do not expect to recover these dissoci-
ation curves with accuracy. However, the general shape
and particularly the repulsive interaction for small inter-
atomic distances is essential for obtaining stable molecu-
lar dynamics.

VIII. Description of data files for benchmark
experiments

A. Ethanol and Methanol

The ethanol and methanol dataset has two training
sets. The first is taken from the revMD17 dataset [1]

and was sampled from a long 500 K ab initio molec-
ular dynamics trajectory. The models trained on this
dataset can be evaluated on an independent test set com-
ing from the same distribution, i.e., decorrelated parts of
the same molecular dynamics trajectory. Further, they
can be tested for bond breaking extrapolation, by remov-
ing the hydrogen of the alcohol group and keeping the rest
of the molecule fixed. Finally, we can test extrapolation
by computing the energy change as atoms are displaced
along a high- and a low-frequency normal mode from the
optimal geometry.
The second training set contains the 1000 ethanol ge-

ometries of the first training set but is augmented by 300
methanol geometries also sampled from 500 K ab ini-
tio molecular dynamics simulation. The models trained
using this mixed dataset can be used to analyse the 2-
body component of the potentials. Having two different
molecules is required for this analysis because it elimi-
nates the possibility for the models to distribute the to-
tal energy amongst the bonds arbitrarily by having two
molecules where the ratio of the number of bonds be-
tween given element pairs is different.

B. 3BPA

The 3BPA dataset contains snapshots of a large flexible
drug-like organic molecule sampled from different tem-
perature molecular dynamics trajectories [3]. The mod-
els can be trained either on 300 K snapshots or on mixed
T snapshots sampled from 300 K, 600 K, and 1200 K.
There are three independent test sets for each tempera-
ture. The models can also be tested on the challenging
task of computing the energy along dihedral rotations of
the molecule. This test directly probes the smoothness
and accuracy of the part of PES that determines which
conformers are present in a simulation, and hence has a
direct influence on properties of interest such as binding
free energies to protein targets. In the following experi-
ments, we train models on 500 configurations sampled at
300K only and test on the three temperatures.

C. Acetylacetone

The potential energy surface of acetylacetone has been
studied exhaustively in the past due to its many inter-
esting properties, such as the tunneling splitting of the
intramolecular hydrogen transfer [20]. In this paper,
we are not trying to create the most accurate PES of
this molecule but deliberately use a small training set
of 500 configurations making the task particularly chal-
lenging. This helps us see the distinctions between the
different models. To prepare the training set, we ran
a long molecular dynamics simulation at 300 K using a
Langevin thermostat at the semi-empirical GFN2-xTB
level of theory [21]. We sampled configurations at an
interval of 1 ps and re-computed the resulting set of con-
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figurations with density functional theory using the PBE
exchange-correlation functional with D3 dispersion cor-
rection and def2-SVP basis set and VeryTightSCF con-
vergence settings using the ORCA electronic structure
package. To test the models, we measure extrapolation

both in temperature and along two internal coordinates
of the molecule, the hydrogen transfer path and a par-
tially conjugated double bond rotation, which has a very
high barrier for rotation.
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[7] K. T. Schütt, O. T. Unke, and M. Gastegger, CoRR
abs/2102.03150 (2021), 2102.03150.
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TABLE I. Mean absolute error on rMD17 dataset. Energy (E, meV) and force (F, meV/Å) errors of different models trained
on 1,000 samples. The models on the left were trained and tested using the same train-test splits of rMD17 except for NequIP
which uses 1,000 configuration sampled from the full rMD17 dataset [1], whereas models on the right use the original MD17 [2].
The best model for each molecule (on the left and the right) are shown in bold font. Bold numbers correspond to lowest error
in each row. For reference 43 meV = 1 kcal / mol.

BOTNet NequIP Linear ACE [3] sGDML [3] FCHL [4] GAP [5] ANI [6] PaiNN [7] GMsNN [8] DimeNet [9] NewtonNet [10] SchNet [11]

Aspirin
E 2.3 2.3 6.1 7.2 6.2 17.7 16.6 6.9 16.5 8.8 7.3 16.0

F 8.5 8.2 17.9 31.8 20.9 44.9 40.6 16.1 29.9 21.6 15.1 58.5

Azobenzene
E 0.7 0.7 3.6 4.3 2.8 8.5 15.9 - - - 6.1 3.5

F 3.3 2.9 10.9 19.2 10.8 24.5 35.4 - - - 5.9 16.9

Benzene
E 0.03 0.04 0.04 0.06 0.35 0.75 3.3 - 3.5 3.4 - -

F 0.3 0.3 0.5 0.8 2.6 6.0 10.0 - 9.1 8.1 - -

Ethanol
E 0.4 0.4 1.2 2.4 0.9 3.5 2.5 2.7 4.3 2.8 2.6 3.5

F 3.2 2.8 7.3 16.0 6.2 18.1 13.4 10.0 14.3 10.0 9.1 16.9

Malonaldehyde
E 0.8 0.8 1.7 3.1 1.5 4.8 4.6 3.9 5.2 4.5 4.1 5.6

F 5.8 5.1 11.1 18.8 10.3 26.4 24.5 13.8 19.5 16.6 14.0 28.6

Naphthalene
E 0.2 0.2 0.9 0.8 1.2 3.8 11.3 5.1 7.4 5.3 5.2 6.9

F 1.8 1.3 5.1 5.4 6.5 16.5 29.2 3.6 15.6 9.3 3.6 25.2

Paracetamol
E 1.3 1.4 4.0 5.0 2.9 8.5 11.5 - - - 6.1 -

F 5.8 5.9 12.7 23.3 12.3 28.9 30.4 - - - 11.4 -

Salicylic acid
E 0.8 0.7 1.8 2.1 1.8 5.6 9.2 4.9 8.2 5.8 4.9 8.7

F 4.3 4.0 9.3 12.8 9.5 24.7 29.7 9.1 21.2 16.2 8.5 36.9

Toluene
E 0.3 0.3 1.1 1.0 1.7 4.0 7.7 4.2 6.5 4.4 4.1 5.2

F 1.9 1.6 6.5 6.3 8.8 17.8 24.3 4.4 14.7 9.4 3.8 24.7

Uracil
E 0.4 0.4 1.1 1.4 0.6 3.0 5.1 4.5 5.2 5.0 4.6 4.5

F 3.2 3.1 6.6 10.4 4.2 17.6 21.4 6.1 14.3 13.1 6.4 3.3

TABLE II. Root-mean-square error on 3BPA dataset. Energy (E, meV) and force (F, meV/Å) errors of models trained and
tested on configurations of the flexible drug-like molecule 3-(benzyloxy)pyridin-2-amine (3BPA) collected at 300K. Standard
deviations are computed over three runs (seeds) and shown (if available) in brackets. Bold numbers correspond to lowest error
in each row.

BOTNet NequIP Linear ACE sGDML GAP FF ANI ANI-2x

300 K
E 3.1 (0.13) 3.0 (0.2) 7.1 9.1 22.8 60.8 23.5 38.6

F 11.0 (0.14) 11.6 (0.2) 27.1 46.2 87.3 302.8 42.8 84.4

600 K
E 11.5 (0.6) 11.9 (1.1) 24.0 484.8 61.4 136.8 37.8 54.5

F 26.7 (0.29) 29.4 (0.8) 64.3 439.2 151.9 407.9 71.7 102.8

1200 K
E 39.1 (1.1) 49.8 (4.0) 85.3 774.5 166.8 325.5 76.8 88.8

F 81.1 (1.5) 97.1 (5.6) 187.0 711.1 305.5 670.9 129.6 139.6

Dihedral
E 16.3 (1.5) 27.0 (4.2) 22.2 - - - - -

F 20.0 (1.2) 23.8 (2.4) 39.2 - - - - -
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(b)

(a) Training points

β = 120°
β = 150° β = 180°

FIG. 1. (a) Two dimensional slices of the potential energy surface of 3-(benzyloxy)pyridin-2-amine (3BPA).
Two of the three freely rotating dihedral angles (γ and α) vary between 0 and 300 degrees while the third
β is kept fixed for each slice. The white dots corresponds to configuration in the training set at 300K
that lie within ±5◦ of the fixed β. The black lines corresponds to the one dimensional cut of part (b)
(b) Energy predictions on slices of the DFT potential energy landscape of 3-(benzyloxy)pyridin-2-amine (3BPA). The ground-
truth (DFT) energy is shown in black. In all three panels, the energy scale is shifted so that the lowest point on the DFT curve
is at zero. The shaded bands represent one standard deviation of an ensemble of models fitted with three different seeds, and
the solid lines represent the mean.
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FIG. 2. On the left, mean energy predictions of a dihedral scan of the DFT potential energy landscape of Acetyl-Acetone. On
the right mean energy prediction of the proton transfer in Acetyl-Acetone as a function of O-H distance. The shaded bands
represent one standard deviation of an ensemble of models fitted with three different seeds, and the solid lines represent the
mean.

TABLE III. Root-mean-square error on the acetylacetone dataset. Energy (E, meV) and force (F, meV/Å) errors of models
trained on configurations of the acetylacetone molecule sampled at 300 K and tested on configurations sampled at 300 K and
600 K. Bold numbers correspond to lowest error in each row.

BOTNet NequIP Linear ACE

300 K
E 0.89 (0.0) 0.81 (0.05) 2.4

F 6.3 (0.0) 5.90 (0.46) 16.7

600 K
E 6.2 (1.1) 6.04 (1.54) 8.3

F 29.8 (1.0) 27.8 (4.03) 41.8

Num Parameters 2,756,416 3,190,488 35,594

TABLE IV. Root-mean-square Energy (E, meV) and force (F, meV/Å) error on 3BPA dataset of NequIP without self connection
(“no sc”) and with a fully residual self connection (“residual sc”), and BOTNet model with a fully residual self connection,
only the simplified self connection (“simplified sc”) and with the use of a simplified self connection at the first layer and fully
residual self connection in subsequent layers (“mixed sc”). As BOTNet and NequIP differ in many training settings, we bold
both sides. Bold numbers correspond to lowest error in each row.

Model NequIP residual sc NequIP no sc BOTNet residual sc BOTNet mixed sc BOTNet simplified sc

Code nequip nequip botnet botnet botnet

Normalization SSH forces rms SSH forces rms SSH forces rms SSH forces rms SSH forces rms

300 K
E 3.0 (0.2) 3.8 (0.1) 3.02 3.1 (0.13) 3.7

F 11.6 (0.2) 15.8 (0.6) 11.7 11.0 (0.14) 13.7

600 K
E 11.9 (1.1) 17.1 (1.1) 12.3 11.5 (0.6) 14.8

F 29.4 (0.8) 47.8 (2.9) 27.4 26.7 (0.29) 37.1

1200 K
E 49.8 (4.0) 108.5 (5.8) 43.5 39.1 (1.1) 81.4

F 97.1 (5.6) 225.5 (14.0) 79.9 81.1 (1.5) 126.93
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FIG. 3. Illustration of the architectures of NequIP (a) and BOTNet (b). Panel (c) contains illustrations of components the
architectures have in common.
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FIG. 4. Decomposition of the total energy predicted by BOTNet for the H-transfer pathway in Acetylacetone. E0 corresponds
to the “1-body” atomic energies. The contributions from E1 to E4 represent energies of increasing body order (2-body to
5-body, respectively). The curves are shifted by the energy of the last configuration in the transfer path, which is annotated in
red above each plot. All energies are in eV.
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FIG. 5. Floating point precision Comparison of cuts of
the 3BPA potential energy surface between NequIP models
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32 bit curve was shifted upwards as indicated by the black
arrow for better visibility.
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TABLE V. Root-mean-square Energy (E, meV) and force (F, meV/Å) error on 3BPA dataset of NequIP and BOTNet models
with different internal normalization. Bold numbers correspond to lowest error in each row.

NequIP BOTNet

no internal
√〈

#N (k)
〉
k

〈
#N (k)

〉
k

no internal
〈
#N (k)

〉
k

Code botnet nequip nequip botnet botnet

Normalization SSH forces rms SSH forces rms SSH forces rms SSH forces rms SSH forces rms

300 K
E 3.3 3.0 (0.2) 2.8 3.5 3.1 (0.13)

F 12.4 11.6 (0.2) 10.8 13.2 11.0 (0.14)

600 K
E 12.6 11.9 (1.1) 10.6 15.0 11.5 (0.6)

F 33.3 29.4 (0.8) 26.8 38.8 26.7 (0.29)

1200 K
E 54.6 49.8 (4.0) 43.1 89.6 39.1 (1.1)

F 117.6 97.1 (5.6) 85.5 138.5 81.5 (1.5)

-4210

-4208

-4206

-4204

-4202

-4200

E
[e

V
]

Hydrogen Abstraction = 874cm 1 = 3005cm 1

1.0 2.0 3.0 4.0 5.0

Distance

0

250

C
o
u
n
t

-1.0 0.0 1.0 2.0

Displacement

1.00.50.0-0.5

Displacement

BOTNet E0
BOTNet-SSH
DFT
NequIP E0
NequIP SSH
linACE

FIG. 6. Extrapolation capabilities of multiple models trained on the ethanol subset of the rMD17 dataset. Models that predict
standardized energies (and forces) are shown with dashed lines. Note that linear ACE predicts non-standardized energies and
forces. The ground-truth DFT energy is shown in black. (a): predicted energy for a range of O–H bond lengths (cf. dashed
blue arrow) while the remainder of the ethanol molecule is kept fixed. The bottom panel shows the distribution over the O–H
bond lengths in the training dataset. (b) and (c): predicted energy for molecular structures corresponding to displacements
along two normal modes starting from the equilibrium structure (cf. blue arrows). The shaded bands represent one standard
deviation of an ensemble of models fitted with three different seeds, and the solid lines represent the mean.
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TABLE VI. Root-mean-square Energy (E, meV) and force (F, meV/Å) error on 3BPA dataset of NequIP and BOTNet models
with different data normalization. Bold numbers correspond to lowest error in each row.

Model NequIP NequIP BOTNet (Element Dependent) BOTNet (Agnostic) BOTNet

Code nequip nequip botnet botnet botnet

Normalization E0 SSH forces rms E0 E0 SSH forces rms

300 K
E 3.5 3.0 (0.2) 3.6 3.5 3.1 (0.13)

F 13.0 11.6 (0.2) 14.1 13.4 11.0 (0.14)

600 K
E 13.4 11.9 (1.1) 14.6 15.7 11.5 (0.6)

F 33.7 29.4 (0.8) 35.7 33.5 26.7 (0.29)

1200 K
E 55.1 49.8 (4.0) 53.7 44.03 39.1 (1.1)

F 107.9 97.1 (5.6) 111.4 101.7 81.5 (1.5)
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FIG. 7. Dissociation of dimers from chemical elements presents in ethanol and methanol. All dimers (combinations) apart
from O–O dimers are present in the dataset. The shaded bands represent one standard deviation of an ensemble of models
fitted with three different seeds, and the solid lines represent the mean.
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