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ABSTRACT

Molecular orbitals describe the distribution of electrons in a molecule and are
frequently used by chemists to understand properties of molecules, yet machine
learning has neglected them so far. If atom coordinates are obtained through DFT
anyway, they can be obtained for free at the same time and are thus a useful source
of additional data, particularly when data is scarce. We give an introduction to
molecular orbitals for a machine learning audience and propose models to process
three different representations of them. Experiments on a dataset with experimental
properties show that including MOs significantly improves performance and sample
efficiency over a pretrained molecular foundation model on this real-world task.

1 INTRODUCTION

Machine learning requires quantity and quality of data to perform well. Unfortunately, in domains like
materials discovery, this data can be hard to come by: many properties of interest cannot be simulated
computationally, but must be measured experimentally. These experiments can be time-consuming
and expensive. For example, synthesizing new organic light-emitting diode molecules (OLEDs,
present in modern phone displays, among others) can take several months of lead time and cost
thousands of dollars, with only a throughput of a few molecules per month even in industrial labs.
Therefore, it is not realistic to obtain a substantial quantity of different molecules to use as a dataset.
Meanwhile, such domains where data are hard to acquire would also benefit most from improved
property predictors to help with screening promising molecules for synthesis.

One avenue is to finetune a large pretrained model (e.g., Cai et al., 2025) on the small dataset of choice.
Our focus is on the complementary path of using other modalities to enrich the existing molecule
information, thereby improving performance without requiring additional samples. A common type
of extra information is the ground-state conformation – a set of atom positions for which the molecule
is stable. This is usually obtained by geometry optimization using density functional theory (DFT,
Hohenberg & Kohn, 1964; Kohn & Sham, 1965) software, which moves atom positions to minimize
the molecule’s total energy. DFT software also produces many other types of data. We examine one
of these additional data types to enhance property prediction.

Figure 1: Two molecular orbitals of the same molecule, HOMO (left) and LUMO (right). Blue and
yellow indicate the sign of the level set and are interchangeable.
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Molecular orbitals (MOs, Hund, 1928; Mulliken, 1928) contain information about how electrons are
distributed in a molecule and are often analyzed by chemists to infer molecule properties (Szabo
& Ostlund, 2012). Conveniently, geometry optimization with DFT already computes molecular
orbitals as they are an integral part of the self-consistent field iterations (we explain this in section 2),
so no extra computation is needed to collect this data compared to the widely-used atom positions.
Including MOs provides information about the electronic properties of a molecule, which enables a
richer representation of molecules than the atom positions alone.

Contributions Surprisingly, very little work has been done in deep learning that utilizes these MOs
as inputs to a machine learning model despite their apparent utility in chemistry. Thus, we contribute
the following:

1. We give a pedagogical introduction to molecular orbitals intended for a machine learning
audience (section 2). This data modality has remained largely unexplored in deep learning for
molecules and materials. Our exposition does not require significant chemistry background
to be useful for machine learning researchers.

2. We propose three ways to represent MOs for processing by ML models, discuss their proper-
ties, and describe appropriate models for learning with these representations (section 3). The
choice of representation and accommodation of symmetries is crucial for sample efficiency.
Our innovation is not in the architectures themselves – we use standard convolutional and
graph neural networks – but how they are used to encode the symmetry properties of MOs.

3. Based on work by Joung et al. (2020), we propose a dataset of 2,336 OLED molecules with
experimental properties and MOs that allows for better evaluation of models using molecular
orbitals (section 4). This is important because many existing datasets use computational
properties as targets, which may exhibit the same errors as MOs compared to reality. By
targeting experimental properties, we ensure that the task is relevant to inferring molecular
properties in real-world settings.

4. We evaluate our methods on our dataset against (and in combination with) a number of
strong baselines (section 5). We show that incorporating MOs consistently improves results
and sample efficiency of a state-of-the-art pretrained foundation model.

To give the discussion of related works the detail that we desire, we move it to Appendix A.

2 MOLECULAR ORBITALS FOR MACHINE LEARNING

What are molecular orbitals? On the chemistry side, they are wave-like functions in 3D space that
provide a compact description of electronic structure at particular energy levels. On the machine
learning side, they can be represented as vectors of coefficients with a particular structure.

In this section, we aim to bridge these two worlds. We begin by providing context on the chemistry
side to explain where molecular orbitals come from, and then discuss the implications on the machine
learning side. We necessarily omit many details to get the most important points across concisely. For
more details, we recommend textbook references such as Jensen (2017a); Szabo & Ostlund (2012).

2.1 BACKGROUND ON MOLECULAR ORBITALS

A molecule is made up of atoms that are linked by chemical bonds. When forming these bonds, the
electronic structure is rearranged to minimize the total energy. Orbitals are useful for describing this
electronic structure and can be represented as wave-like functions over 3D space. In a one-electron
system, a normalized orbital ϕ : R3 → C can be interpreted as describing where to find that electron,
with |ϕ(r)|2 being the probability density (integrating to 1).

Electrons around individual atoms are often described using atomic orbitals (AOs), which are orbitals
centered on the atom. When atoms form a molecule, these AO basis functions combine to form
molecular orbitals (MOs), which provide a convenient representation of the electronic structure and
are used (e.g., in Kohn–Sham DFT) to construct the electron density ρ(r) for the molecule as a whole.

Their shape, as reflected in the regions where |ϕi(r)|2 is large, can be analyzed to develop chemical
intuition and to help explain various molecular properties. For example, in molecules such as N2, O2,
and F2, certain atomic orbitals on each atom called 2p combine to form bonding and antibonding
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molecular orbitals that extend over the entire molecule. The way these molecular orbitals are
occupied explains both the trend in bond order (3, 2, and 1 for N2, O2, and F2, respectively) and
the paramagnetism of O2, which arises from two unpaired electrons in antibonding π* orbitals.
This illustrates how the spatial structure and energies of MOs can encode chemically meaningful
properties.

Each MO is associated with a scalar (the MO energy), and MOs are typically sorted in ascending
energy. A particularly important subset of MOs is known as the frontier molecular orbitals (Fukui
et al., 1952). These are the MOs corresponding to the highest MO energy that is filled with electrons
(highest occupied MO, HOMO) and the next higher MO energy, which is the lowest energy MO that
is not filled with electrons (lowest unoccupied MO, LUMO). The HOMO-LUMO gap (the difference
in energy between the HOMO and LUMO) is frequently used in property prediction as higher gaps
tend to indicate more stable molecules. Adjacent frontier MOs can also be important (Berson, 1972);
the ones below the HOMO are denoted as HOMO-1, HOMO-2, . . ., and the ones above the LUMO
are LUMO+1, LUMO+2, . . .. We choose to work with six frontier MOs (HOMO-2 to HOMO,
LUMO to LUMO+2), as this is a common upper range we find in chemistry papers.

Representation So far, the discussion has treated orbitals as functions defined over 3D space. To
work with them in a more tractable manner in software, we discretize them from (infinite-dimensional)
objects to finite-dimensional vectors.

To accomplish this, MOs are represented as a linear combination of atomic orbitals (LCAO) in DFT
software. In this representation, an MO is a vector of coefficients for a number of basis functions that
roughly model the shape of atomic orbitals. Each atom is associated with a number of basis functions
centred on the atom, and the precise shape of these basis functions is defined by a basis set. There
are many different basis sets with names such as 6-31G(d,p) and def2-svp with different trade-offs
in size, speed, accuracy, and type of system being analyzed. The basis set and the atoms with their
positions determine how the MOs of a molecule are represented as coefficients. It is standard and
always possible to use real-valued coefficients and basis functions. A real molecular orbital Ψi is:

Ψi =

Ktotal∑
k=1

ck,iϕk (1)

specifying how to combine the Ktotal basis functions ϕk : R3 → R in the molecule to obtain the ith
MO Ψi. The MO coefficients ck,i – with the knowledge of the basis set and atom positions – give
us a finite-dimensional representation for a set of MOs. Additionally, there is a block structure: the
coefficients c1,i, . . . , cK1,i are the coefficients for the K1 basis functions of the first atom, the next
cK1+1,i, . . . , cK1+K2,i are the coefficients for the K2 basis functions of the second atom, and so on.

To design a model that takes this representation as input, we must encode not only the MO coefficients
but also the basis functions – the basis changes between different molecules (with a different set of
atoms), but also when the atom positions are changed. Each basis function ϕk is usually centered at a
corresponding atom position. It maps a radial distance r to the atom center and spherical coordinates
θ1, θ2 (to indicate direction from the center) to a scalar value.

ϕk(r, θ1, θ2) = Rk(r, l)Yl,m(θ1, θ2) (2)

This is done through a radial basis Rk : R → R and the real spherical harmonics Yl,m : S2 → R, a
standard orthonormal basis for functions defined on the sphere. The basis set defines how many ϕk

there are for each atom, and for each ϕk the shape of Rk and the angular momentum order l.

To be more precise, the basis set specifies for each chemical element a set of pairs, consisting
of radial basis R and angular momentum l = 0, 1, . . .. Depending on the l, there are a different
number of spherical harmonic components indexed by m, all with the same shared radial basis
R. Whenever a particular l is included by the basis set, the corresponding m takes values from
−l, . . . , l. This is referred to as an orbital subshell. For example, the basis set can specify one
parametrization of the radial basis R and l = 2, which results in five basis functions that use this
R with spherical harmonics from Y2,−2 to Y2,2. In Equation 2, we abuse some notation to re-index
these l and m combinations under the common index k; e.g. k = 1, 2, 3, 4, . . . could correspond to
(l,m) = (0, 0), (1,−1), (1, 0), (1, 1), . . . with k = 2, 3, 4 sharing the same function R.

Lastly, R is parametrized by several coefficients. For DFT efficiency reasons, these are usually
contracted Gaussian-type orbitals (GTOs), which linearly combine Gaussians with different exponents.
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The basis set specifies P pairs of exponents αp and linear combination coefficients γp:

R(r, l) = rl
P∑
p

γpB(l, αp)e
−αpr

2

(3)

with B normalizing the Gaussian so that
∫∞
0

r2|Rl(r)|2dr = 1. These coefficients are treated as
fixed and are not changed as part of DFT calculations.

Computation In Kohn–Sham DFT, a self-consistent field (SCF) procedure is commonly used to
solve the Kohn–Sham equations (Kohn & Sham, 1965), leading to a generalized eigenvalue problem:

FC = SCE (4)

Of particular note here is that C will contain the MO coefficients of each MO as column eigenvectors,
Cki = ck,i. F refers to the so-called Fock matrix, Sjk = ⟨ϕj , ϕk⟩ is the overlap matrix, and E is
a diagonal matrix containing the MO energies λi (all matrices here are RKtotal×Ktotal). It is called
self-consistent because the orbitals C (and their energies E) are derived from F , while F itself is
constructed from the electron density implied by C. Thus, the goal is to find an F (or equivalently a
pair (C,E)) that satisfies this equation self-consistently.

For a system of atoms and their positions, given a guess for F , DFT software obtains C and E
through the generalized eigendecomposition – C contains column eigenvectors (MOs) and E contains
eigenvalues (MO energies). The eigendecomposition is considered generalized because the basis
is typically not orthogonal. S specifies how to transform it to an orthogonal basis; if the basis is
orthogonal already, S is the identity matrix. From the occupied columns of C, DFT reconstructs the
electron density and then uses standard procedures (which are not important here) to build a new F .
This procedure is repeated until F has converged.

To obtain atom positions that minimize energy, the geometry optimization procedure starts with an
initial guess for the atom positions and solves Equation 4, with the atom positions (and thus the
basis) treated as fixed. Then, the atom positions are moved slightly, which changes the atom-centered
basis functions, and we solve Equation 4 again. This is repeated until the atom positions have
converged. We can see that geometry optimization within Kohn–Sham DFT involves solving the
electronic-structure problem and thus yields MOs as part of the procedure. More generally, MOs can
be computed for any fixed set of atom positions via a single-point calculation. Therefore, when DFT
is already part of the workflow (e.g., for geometry optimization), MO coefficients can be considered
“free” in the sense that they are available with negligible additional cost and can be used as extra
features. DFT software typically outputs MO coefficients at the end of such calculations, making
them easy to obtain.

3 MOLECULAR ORBITAL REPRESENTATIONS

Now that we have given a basic introduction to molecular orbitals, we need to decide on how to
represent them for the purpose of processing with machine learning models. We propose three
different approaches, their corresponding properties, and how to design models for them.

3.1 DIRECT MO REPRESENTATION

In this first approach, we use the existing MO coefficients ck,i directly, without modifying any of
their values. For the information to be complete, we also need to encode the position and (radial and
angular) shape of the basis functions. One MO would therefore be encoded as a set of pairs, each
consisting of a scalar MO coefficient and the corresponding basis function information. The benefit
of this approach is that it is closest to the data coming from DFT and reuses the well-established basis
functions of the particular basis set. Conversely, while these basis functions work well for DFT, their
suitability for machine learning purposes is unknown.

By maintaining some additional structure in the set to keep certain basis functions grouped together,
we may be able to gain some further modeling benefits. We consider two practical levels of partitions,
or blocks, of the basis elements. This choice governs the level of abstraction our model will be
working with. A subshell block contains all the basis functions of the same atom, same radial basis
Rk, and same l, but different m. As mentioned before, the number of m components in the same
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subshell differs with l. An l has 2l+ 1 valid values for m, meaning that the subshell block size varies
between these sizes as well. On the other hand, atom blocks group the basis functions based on
which atom the basis functions belong to and are centered on. Therefore, each atom block consists of
multiple subshell blocks. Each atom block has a unique position (two atoms cannot share the same
position in space), while subshell blocks of the same atom share the same position. Since different
chemical elements have different sets of basis functions, atom blocks will differ in size between
atoms of different chemical elements.

Symmetries One key property is the permutation symmetry of the set of individual or blocks
of pairs. If we change the order of the Ktotal basis functions and their corresponding coefficients,
then the MO being expressed is still the same. This is due to the linear combination in Equation 1,
which does not care about the order of summing the terms. One choice is therefore to design a model
that is equivariant to this transformation: permuting the basis and coefficients (or blocks of them)
should change the prediction predictably. If we want molecule-level properties, then we typically
desire invariance: permutations should not change the predicted property values.

Another important property is the 3D rototranslation symmetry. Molecules are positioned in 3D
space, but oftentimes the orientation and position of the molecule as a whole in the coordinate system
is arbitrary; the physics and properties do not change when moving and rotating the molecule.

Last and perhaps most interesting is the eigenspace symmetry of MOs. This is due to the fact that
each MO is also an eigenvector of the Fock matrix. Thus, there is an arbitrary choice in sign for the
eigenvector: if c:,i for a fixed i is an eigenvector, then −c:,i is the same eigenvector. In practice, we
want to take a group of frontier MOs as input, so this sign symmetry becomes eigenspace symmetry
(Lim et al., 2023): eigenvectors with different eigenvalues exhibit sign symmetry, but there is a free
choice of basis in the subspace spanned by the eigenvectors when multiple eigenvalues are the same.
In that case, the MOs are called degenerate.

Models How can we design models for this unique combination of properties? Fortunately, there
are plenty of existing works in molecular modeling that address two of them: permutation and 3D
rototranslation symmetry. We identify rotation-equivariant graph neural networks that use atoms
as nodes and spherical harmonics as node features as particularly suitable for MOs, since the MO
basis functions are already expressed in terms of spherical harmonics. With the atom block approach,
we can embed each block as additional node features of the corresponding atom in the graph. Once
embedded appropriately, we can use the existing graph neural network architecture without any
modifications.

We use a state-of-the-art architecture, eSEN (Fu et al., 2025), as an example. It uses a number of
spherical channels (Zitnick et al., 2022) as node features, each of which represents a function on the
sphere and is a vector of coefficients for spherical harmonics of l = 0, . . . , Lmax. To embed each
subshell block of an atom block, we copy the coefficients of the subshell into the part of a spherical
channel corresponding to the same spherical harmonics, matching up both l and m. Thus, we end up
with the same number of spherical channels as subshell blocks in the atom block. The shape of Rk is
encoded implicitly by each channel index being associated to a different set of input weights. We
perform this for each MO in the input in order of ascending energy.

There are two problems left: the differing number of subshells depending on the chemical element,
and the eigenspace symmetry. To solve the former, we propose to use a separate embedding model for
each chemical element. The embedding models have different numbers of input channels depending
on the chemical elements, but the same number of output channels. These outputs can then be used
to initialize the eSEN node features. To solve the eigenspace symmetry problem, we use the SignNet
(Lim et al., 2023) approach to make our embedding models invariant to sign flips for each MO
individually: any function f can be made sign-invariant with f̄(x) = f(x) + f(−x). We deliberately
omit the full basis invariance here due to the higher complexity in modeling it correctly (Lim et al.,
2023) and the fact that DFT is unlikely to produce exactly equal eigenvalues due to numerical errors
unless the molecular structure exhibits high degrees of symmetry.

3.2 CUBOID MO REPRESENTATION

Another approach is to represent each molecular orbital (MO) directly in real space. We sample
the MO values on a regular 3D grid to obtain a voxel cuboid for each MO. This representation
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avoids committing to a specific analytic expansion of the orbital in a chosen basis, although the
computed orbitals still depend on the electronic-structure method and basis set used in the underlying
calculation. 3D voxels are a relatively common data domain, so many models for processing them
exist. This representation exhibits translation and sign (eigenspace) symmetries, while rotational
symmetry is handled approximately in practice due to voxel discretization.

Models We design a simple 3D CNN to process this representation, details in Appendix D. A
drawback of standard CNNs is that while they are mostly translation-equivariant, they are not rotation-
equivariant. It is difficult to make CNNs rotation-equivariant to the same degree as an approach based
on spherical harmonics due to data discretization. Thus, we rely on data augmentation, where the
xyz axes can be permuted (6! options) and individually flipped (23 options), yielding 48 different
augmentations. In some domains, flips may not be allowed because properties can depend on the
chirality of the molecule.

To handle the eigenspace (sign) symmetry, we use an approach inspired by canonicalization (Kaba
et al., 2023). For each MO cuboid, we create two inputs: an absolute value channel, and three sign
flip channels (one for each xyz axis). The former simply takes the absolute value of the cuboid’s
values. For the latter, we perform edge detection, placing a 1 on a voxel if the sign of the cuboid flips
at that location in that axis. Both of these are sign-invariant, which accomplishes the same goal as
SignNet with less computation.

3.3 UNIFIED MO REPRESENTATION

A key concern with the direct MO representation is that the embedding model’s parameters are not
shared across chemical elements, which may lead to worse performance when data is scarce. We can
solve this by converting the cuboid representation back to a representation where basis functions are
shared across chemical elements. We further reduce discretization error by replacing the cuboid’s
coordinates with DFT integration grid coordinates (similar to Luise et al. (2025)), which are used
in DFT for numerical integration. So, we evaluate each MO at the integration grid coordinates and
project back to a shared basis, represented as spherical channels. This representation shares the same
three symmetries as the direct MO approach. We note that there is prior work using a representation
like this one, which we discuss in Appendix A.

Models We do the same as for the direct MO representation: embed the coefficients from the unified
basis into spherical channels, process them with an embedding model, and initialize the eSEN node
features. The only difference is that there is a shared embedding model across chemical elements.

3.4 MO ENERGIES

While the encoding of MO shapes is our primary concern, we can also use the MO energies to
enhance the three representations. We process the scalar energies corresponding to the frontier MOs
with a small multilayer perceptron and add this representation to the MO embedding.

4 DATASET: CHROMOPHOREV3-DCM

There is an abundance of chemistry-related datasets in machine learning that uses computational
properties from DFT. This is understandable as it is relatively easy to obtain this data. For example,
the popular QM9 dataset (Ramakrishnan et al., 2014) is often used with DFT atom positions as
input and DFT molecule properties as output. The problem is that these simulated properties may be
inaccurate and not match reality – DFT is not a perfect method by any means, with the “best” choice
of parameters highly dependent on the type of system being analyzed (Mardirossian & Head-Gordon,
2017) and certain types of systems and interactions simply not being modeled well by DFT (Jensen,
2017b). Therefore, if we use MOs from DFT to predict properties from DFT, it may not reflect real
improvements.

Instead, we propose to focus on experimental properties, which are more directly relevant to many
practical use cases. While experimental data is hard to obtain in large quantities, these are exactly the
domains where property predictors can have the biggest impact in speeding up materials discovery.

We create a dataset based on the work of Joung et al. (2020; 2024), which collects experimental
measurements of 20,247 organic light-emitting diodes (OLEDs) from literature. OLEDs have
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Table 1: Results for different MO representations (left) and ablation of MO input features (right) on
ChromophoreV3-DCM. cMO stands for Cuboid MO, uMO stands for Unified MO. Mean absolute
error (lower is better), the results shown are the average of 10-fold cross-validation standard error over 5 runs.

Representation EmiPeak EmiFWHM AbsPeak AbsFWHM

Constant input 76.920.29 20.440.02 80.490.37 20.900.30
HOMO, LUMO 42.451.88 20.340.04 43.832.03 19.880.11
vS1, vT1 40.680.69 19.740.16 41.080.45 19.560.29
Direct MO 43.400.34 17.630.19 37.880.27 17.590.16
Cuboid MO 34.210.18 17.860.06 29.980.41 17.330.19
Unified MO 32.730.17 17.540.19 28.390.26 16.280.08

cMO E EmiPeak EmiFWHM AbsPeak AbsFWHM

76.920.29 20.440.02 80.490.37 20.900.30
✓ 49.200.43 18.310.29 45.520.41 17.650.11

✓ 40.570.17 20.360.05 37.920.26 20.100.14
✓ ✓ 34.210.18 17.860.06 29.980.41 17.330.19

uMO E EmiPeak EmiFWHM AbsPeak AbsFWHM

46.140.22 17.980.09 40.310.09 17.920.09
✓ 38.120.17 16.220.07 35.200.34 15.630.13

✓ 33.580.13 17.950.05 29.200.13 16.160.13
✓ ✓ 32.730.17 17.540.19 28.390.26 16.280.08

applications in e.g. display technology, bioimaging dyes, and solar cells. We use four properties: the
peak wavelength of the emission spectrum (colour of emitted light), the full-width at half maximum
(FWHM) of the emission spectrum (“purity” of the colour), and the same peak and FWHM for the
absorption spectrum.

We filter the dataset to only use measurements from the same solvent (dichloromethane, the most
common, 2,336 samples) and split the data into 10 folds for cross-validation. To avoid potential for
data leakage, we ensure that if multiple papers measure the same molecule, the papers are assigned to
the same split. We run DFT geometry optimization in Gaussian09 (Frisch et al., 2009) to obtain atom
positions and MOs using B3LYP/6-31G(d,p) and switch to the def2-svp basis set at the optimum.

5 EXPERIMENTS

In the following experiments, we evaluate various aspects of using MOs for property prediction.
We begin with evaluating the effect of the MO representations (subsection 5.1) and MO-related
features (subsection 5.2) on their own. We follow this with more realistic setups that combine
MOs with larger models (subsection 5.3), test sample efficiency (subsection 5.4), and evaluate
general applicability to other datasets (subsection 5.5). We publish our code and dataset at https:
//github.com/SamsungSAILMontreal/molecular-orbitals.

5.1 DIFFERENT REPRESENTATIONS

We begin by evaluating the effect of the different representation and modeling approaches in section 3
for a prediction task that only takes MO features as input. This lets us determine a good baseline
model for the remaining experiments. Direct MO and unified MO are used with eSEN (6.6M
parameters), while the cMO representation is processed by a convolutional neural network (2.1M
parameters). We list more experimental details in Appendix D.

Results In Table 1 (left), all methods produce results better than the constant baseline performance,
as well as the linear regressions using features from DFT (HOMO, LUMO) and time-dependent DFT
(vS1, vT1), which shows the general feasibility of using MOs. The cuboid and unified MO (cMO,
uMO) models are best at leveraging MO features. We note that the cMO approach does not have
knowledge of atom positions, whereas the direct MO and uMO representations do (since they are
required to locate the basis functions). We deem the cMO and uMO results sufficiently close for the
following experiments.

5.2 DIFFERENT MO FEATURES

Next, we evaluate the effect of the representation of the MO shape compared to the MO energies.
The results in Table 1 (right) (full table: Appendix B) show that there is a clear benefit to including
each MO-related feature for both cMO and uMO representations. For example, while MO energies
contribute the most individually to the EmiPeak and AbsPeak predictions, they are less useful than the
MO shape to EmiFWHM and AbsFWHM. In fact, they lead to slight overfitting when combining both
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Table 2: Results for various models combined with MO features on ChromophoreV3-DCM. Mean
absolute error (lower is better), average of 10-fold cross-validation standard error over 5 runs.

Model EmiPeak EmiFWHM AbsPeak AbsFWHM

DimeNet++ 47.270.34 19.370.07 40.710.43 18.410.27
DimeNet++ cMO 31.650.31 17.160.30 27.140.20 16.210.26
eSEN 45.530.38 18.060.11 40.650.32 18.200.06
eSEN cMO 33.390.31 17.360.12 28.040.33 16.330.17
eSEN uMO 32.610.12 17.370.12 28.580.06 16.450.17
UMA 40.570.76 17.450.17 34.650.69 17.170.24
UMA cMO 31.650.45 17.050.26 26.630.23 15.990.19
UMA uMO 32.030.28 17.200.16 27.960.18 15.850.09

MO and energy features. Here, we see clearly that while uMO performance is slightly better than
cMO, this can be attributed to the fact that when zeroing all MO-related inputs, the eSEN model for
uMO still learns from the atom positions alone (first row of cMO vs first row of uMO in Table 1).

5.3 COMBINING MOS WITH EXISTING MODELS

Here, we evaluate the combination of existing models with MOs. This is the experiment most
relevant to how we envision MOs being used: a standard (possibly pretrained) molecular model is
enhanced with features derived from MOs. We choose two well-established base models for this.
DimeNet++ (Gasteiger et al., 2020a) is a 7.6M parameter model that uses angles between atoms and
has been shown to work well on a variety of property prediction tasks. eSEN (Fu et al., 2025) is a
state-of-the-art machine learning force fields (MLFF) method. At the time of writing, it is the top
entry on the matbench-discovery benchmark (Riebesell et al., 2025), which measures both accuracy
of MLFF as well as downstream property prediction performance. For eSEN, we use the UMA-S
mixture-of-experts version with 150M parameters (6.6M active parameters) (Wood et al., 2025); we
will use “eSEN” to refer to the 150M parameter model that is trained from scratch, and “UMA” to
refer to the same model that is initialized from the pretrained UMA-S 1.1 weights. To combine the
respective base model with the cMO model, we concatenate their global (molecule-level) features,
followed by a 3-layer MLP as output block. For uMO, we initialize the eSEN/UMA node features
with the uMO features as described in subsection 3.3.

Results Table 2 shows that across almost all properties, MO features provide substantial improve-
ments over the baseline for all models, including the 150M parameter pretrained UMA model. This
showcases the potential of using MO features to enhance existing models. The models enhanced with
cMO representations appear to be slightly better than uMO, likely due to the consistent use of atom
positions and atom types by being combined with the base eSEN and UMA models. Looking at the
cMO and uMO-only results in Table 1, they are already competitive to DimeNet++ and eSEN, even
though cMO does not use any knowledge of atoms. Every pure MO model in Table 1 already has
better results than eSEN without MOs, yet their combination improves even further. This is evidence
that MOs with their electronic information provide complementary rather than redundant features.
We also note that while the MO-enhanced UMA models do not improve over standard UMA on
AbsFWHM, this is likely due to the inclusion of MO energy features – Table 1 shows that not including
energies would likely improve on standard UMA on AbsFWHM.

5.4 SAMPLE EFFICIENCY IN LOW DATA REGIMES

We continue with measuring the benefit of MO features in a small-sample scenario. A key motivation
for introducing these extra MO features is to improve in settings where data is hard to acquire in large
quantities. To simulate this, we still perform 10-fold cross-validation as in all previous experiments
on ChromophoreV3-DCM, but use only a small fraction of the training examples. We vary this
fraction from 32% (∼673 training samples per fold) down to 1% (∼21 training samples per fold). We
focus on the UMA model here because it is pretrained – in settings where data is scarce, we expect
the finetuning of foundation models to be most representative and realistic. We combine it with cMO
due to its good performance on the previous experiment.
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Table 3: Mean absolute error on QM9 properties. Models are trained in a multi-task setting.
Property µ α ⟨R2⟩ ZPVE U0 U H G cv
Unit D α0

3 α0
2 meV meV meV meV meV cal

mol K

DimeNet++ 0.0404 0.0732 1.694 2.53 25.35 25.62 25.63 25.16 0.0305
DimeNet++ cMO 0.0272 0.0648 1.299 2.09 22.09 22.22 22.30 21.81 0.0293
eSEN 0.0172 0.0530 1.074 2.70 23.19 23.44 23.68 23.49 0.0260
eSEN cMO 0.0140 0.0472 0.881 2.19 19.57 19.68 19.74 19.37 0.0239
UMA 0.0162 0.0479 1.093 2.37 19.90 20.13 20.23 20.06 0.0244
UMA cMO 0.0131 0.0459 0.751 2.01 16.75 16.91 16.93 16.98 0.0224

1% 2% 4% 8% 16% 32% 100%
Fraction of training samples used
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Figure 2: Low data regime experiments on ChromophoreV3-DCM. 1% of the data corresponds to
only 21 training samples. Error bars show 95% confidence interval from 5 random seeds.

Results Figure 2 shows that including cMOs substantially improves the performance of UMA.
The performance at only 1% / 21 samples of training data when using MOs is similar to that of the
model without MOs at 4% / 92 samples. At 4% of data, the MO version beats the non-MO UMA at
32%. In practice, when each sample could take thousands of dollars and months to acquire, these
are substantial improvements, especially given that MO data about a molecule is essentially free to
acquire when atom positions are used anyway. In settings where acquiring samples is expensive, the
cost of performing DFT is negligible. We provide the full numerical results in Appendix B.

5.5 SIMULATED PROPERTIES ON THE QM9 DATASET

Last but not least, we perform experiments on the well-established QM9 dataset (Ramakrishnan
et al., 2014), which contains simulated properties. It could be argued that our previous experiments
are solely due to the specific nature of the ChromophoreV3-DCM prediction problem, with MOs
being uniquely suited only to those types of properties. This experiment is intended to address
that. QM9 contains 134k molecules and a variety of properties (geometric, energetic, electronic,
and thermodynamic) to predict. Most properties are not readily derived from MO features, as
they require more expensive types of DFT calculation. We obtain the MOs from the generalized
eigendecomposition of the Hamiltonians in QH9 (Yu et al., 2024).

Results Table 3 shows that including MOs improves the base model in every instance. This shows
that MOs are not only useful for a specific type of domain (ChromophoreV3-DCM), but provide
general improvements in a variety of types of properties. It is also clear that certain properties benefit
more from MOs than others, with α improving relatively little (average of 6.7% relative improvement)
compared to others like ⟨R2⟩ (24% relative improvement). We stress that our intention is not to beat
state-of-the-art; our results are not fully comparable to numbers in the literature (see Appendix C).

6 FUTURE DIRECTIONS

The methods we proposed to incorporate MO features into existing models have been rather simplistic
so far. For instance, the best approach we have found is a simple convolutional neural network with
data augmentation. We believe that a more sophisticated integration of MO features into existing
models would yield additional performance benefits. The unique combination of equivariance
properties required also presents interesting research problems.

9
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ETHICS STATEMENT

As with any work improving methods for materials discovery, there is a dual-use risk. The advance-
ments in this paper can be applied to domains beneficial to society, such as safer, more effective drugs
for medical treatment, more environmentally friendly materials, catalysts for carbon capture, and
many other applications useful to society. These are the main use cases that we envision the field
embracing. On the other hand, this could also include harmful drugs or technology used for warfare.
By developing models targeted at domains where data is scarce, we reduce the development costs of
both positive and negative advances. We focus on the relatively benign data from OLED molecules
for display technology in this paper, but we acknowledge that our methods can be applied equally to
harmful datasets. We believe that it is imperative that researchers focus on data that poses minimal
risk to the development of harmful technology.
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Johannes Gasteiger, Janek Groß, and Stephan Günnemann. Directional message passing for molecular
graphs. In International Conference on Learning Representations, 2020b. URL https://
openreview.net/forum?id=B1eWbxStPH.

Pierre Hohenberg and Walter Kohn. Inhomogeneous electron gas. Physical review, 136(3B):B864,
1964.

Friedrich Hund. Zur Deutung der Molekelspektren. IV. Zeitschrift fur Physik, 51:759–795, 1928.
doi: 10.1007/BF01400239.

Tamara Husch, Jiace Sun, Lixue Cheng, Sebastian J. R. Lee, and III Miller, Thomas F. Improved
accuracy and transferability of molecular-orbital-based machine learning: Organics, transition-
metal complexes, non-covalent interactions, and transition states. The Journal of Chemical
Physics, 154(6):064108, 02 2021. ISSN 0021-9606. doi: 10.1063/5.0032362. URL https:
//doi.org/10.1063/5.0032362.

Frank Jensen. Introduction to Computational Chemistry 3rd. ed. Wiley, 3rd edition, 2017a. ISBN
9781118825990.

Frank Jensen. Introduction to Computational Chemistry 3rd. ed., chapter 6.7. Wiley, 3rd edition,
2017b. ISBN 9781118825990.

Joonyoung F. Joung, Minhi Han, Minseok Jeong, and Sungnam Park. Experimental database of
optical properties of organic compounds. Scientific Data, 7(295), 2020. doi: https://doi.org/10.
1038/s41597-020-00634-8.

Joonyoung F. Joung, Minhi Han, Minseok Jeong, and Sungnam Park. DB for chromophore, 10
2024. URL https://figshare.com/articles/dataset/DB_for_chromophore/
12045567.
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A RELATED WORK

The closest work to ours is the concurrent research of King et al. (2025), which proposes a model that
takes molecular orbitals as input. We consider this the pioneering work in using molecular orbitals in
deep learning. Their representation is most similar to the unified MO representation (subsection 3.3).
The key difference is that they are concerned with making orbital-level predictions such as whether
an individual MO is bonding or antibonding (manually labeled), or the energy and entropy of that
MO (obtained from DFT). On the other hand, we are interested in making molecule-level property
predictions, primarily for experimental properties. That is why we use multiple MOs as input, not a
single MO at a time. We believe that our setting better matches current real-world usage: it is clear
that improving the prediction of experimental properties is beneficial, whereas inferring properties
of individual MOs is less directly applicable. An important scientific aspect of our work is that we
precisely characterize the effects of different MO representations and MO-related features. King et al.
(2025) instead propose a single method using MOs, so it is not possible to tell the contribution of
their model architecture from the contribution of using MOs in general.

There are a number of methods that derive features from MO-related inputs, which are then processed
using various (mostly traditional) machine learning techniques. The key difference is that these
typically use hand-designed features, whereas we take the deep learning approach of letting the
model do more of the feature learning with a less-processed input. MOB-ML (molecular orbital-
based machine learning) (Welborn et al., 2018; Cheng et al., 2019; Husch et al., 2021; Cheng et al.,
2022) specifically addresses the problem of using features derived from molecular orbitals to predict
correlation energies from post-Hartree-Fock methods (a class of methods usually significantly more
expensive than Kohn-Sham DFT). This cost motivates the use of machine learning to bridge the
gap between Hartree-Fock and post-Hartree-Fock. MOB-ML typically rely on localized MOs, a
unitary transformation of the canonical MOs we use. The task is then to predict a correlation energy
component for each pair of localized MOs, for which a variety of traditional machine learning
techniques can be used. This approach is different from ours in that it targets correlation energies
specifically (which admit this decomposition as a sum over pairwise MO energies), which does not
apply to general property prediction setups. SPAHM (Fabrizio et al., 2022; Briling et al., 2024)
uses the density matrix constructed from the occupied MOs as input. From this, they compute
atom-localized densities, from which they derive rotation-invariant features for each atom. Their
density matrix comes from the initial guess of the Fock matrix, similar to MAOC (Llenga & Gryn’ova,
2023). This is something we could use with our model as well if we have a setup where SCF iterations
are not performed, with the likely cost of less informative MOs. MAOC is another method that uses a
specific localization method to assign densities to atoms. SIMG (Boiko et al., 2025) uses information
from Natural Bond Orbital analysis of the converged Fock matrix to construct augmented molecular
graphs with new nodes and invariant features. A common thread among these approaches is that
they localize the density to obtain atom- or bond-specific features, with many different localization
methods having been developed. In our setup, while the direct MO and unified MO approaches
represent the MOs in terms of atom features, there is no need for an explicit localization method;
we use the canonical MOs from the DFT directly. However, it would be interesting to consider the
application of localized MOs in our setup – one drawback is that localized MOs usually no longer
correspond to explicit energies.

Qiao et al. (2020; 2022); Kang et al. (2025) is another line of related work. They propose to use
various DFT-related matrices (Fock, core Hamiltonian, density, and overlap matrices). This is opposed
to the much smaller set of eigenvectors that we make use of. Since our eigenvectors are derived from
the Fock and overlap matrix, their method uses a superset of the information that we do. For example,
if there are 500 atomic orbitals in a molecule, we use six 500d vectors (3,000d in total) corresponding
to the six frontier MOs, while they take four 500x500 matrices (1,000,000d) as input. We believe
that a benefit of focusing on the frontier MOs is their known chemical relevance and the greater ease
of working with data from the smaller size, which enables our method to be easily combined with
existing models. While their method is applied to molecule-level properties, their experiments are
limited to simulated data. A key aspect of our work is demonstrating the utility of these features for
experimental properties. Without this, it would be unclear whether the extra information only helps
because the simulated input data contains spurious information about other simulated properties, but
not experimental properties.
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Table 4: Contribution of different MO input features on ChromophoreV3-DCM for cuboid MO, split
into absolute channel (A), sign-flip channels (S), and MO energies (E). Mean absolute error (lower is
better), the results shown are the average of 10-fold cross-validation.

A S E EmiPeak EmiFWHM AbsPeak AbsFWHM

76.920.29 20.440.02 80.490.37 20.900.30
✓ 40.570.17 20.360.05 37.920.26 20.100.14

✓ 58.810.38 21.260.34 51.510.52 20.340.15
✓ 49.990.48 18.800.34 47.200.27 18.510.14

✓ ✓ 38.340.12 20.240.12 33.810.20 18.740.28
✓ ✓ 34.400.21 18.040.05 30.730.28 17.480.15
✓ ✓ 49.200.43 18.310.29 45.520.41 17.650.11
✓ ✓ ✓ 34.210.18 17.860.06 29.980.41 17.330.19

There is a separate line of work using DFT information that aims to predict the Fock matrix (so
indirectly the MOs) given the atom types and positions (Schütt et al., 2019; Unke et al., 2021; Li et al.,
2022; Yu et al., 2023). These either aim to speed up DFT calculations by initializing Equation 4 with
a good guess for the Fock matrix, or in the case of (Kaniselvan et al., 2026), be used for improved
representation learning compared to predicting the forces and total energy only, as is usually done
in MLFF pretraining. The latter in particular shows that the Fock matrix contains plenty of salient
information that we can utilize. We recommend the survey of Zhang et al. (2025) for a more in-depth
introduction, including coverage of other modalities in AI4Science.

Lastly, eigenvector inputs have also been used for positional embeddings of generic graphs (Belkin
& Niyogi, 2003; Lim et al., 2023). These are typically eigenvectors of the graph Laplacian or other
matrices related to the graph structure, and therefore do not have the same block permutation and 3D
rotation symmetries as our MO coefficients.

B EXTRA EXPERIMENTAL RESULTS

In this section, we provide additional experimental results.

In Table 4, we perform an extended ablation of the cuboid MO model corresponding to subsection 5.2.
We split the MO shape representation into its two components, the absolute value features and sign
features (see subsection 3.2). We see that while the absolute value provides more informative features
on its own, the sign features still provide a minor contribution to overall performance.

Figure 3 corresponds to the sample efficiency experiment of subsection 5.4. In it, we show the
performance on the other properties aside from EmiPeak. In Table 5, we provide a tabular version of
the same data for easier comparability. We see that for AbsPeak, it follows similar trends as EmiPeak
with the cMO-enhanced model vastly outperforming the baseline. The story is a bit more complicated
for the FWHM properties. Overall, cMO performs slightly better in general, though EmiFWHM on
1% and 2% of data are worse than the baseline. We believe this to be an effect of including MO
energies (which increased overfitting in other experiments as well) and some random variation from
the extremely small training set size.

C COMPARABILITY OF RESULTS ON QM9

There are a number of differences that limit comparability to existing results in literature for this
dataset. Since the purpose of this experiment is not to demonstrate state-of-the-art results, but to show
that including MO features can improve any base model, this does not detract from our results. The
following explanation is provided for completeness.

There are several differences that limit comparability. First of all, we use additional data (coming from
MOs) that existing models do not. Even if this additional data is easy to obtain, it is still extra data
and thus not a like-for-like comparison. Another key difference is that we perform multi-task training
while Gasteiger et al. (2020b) shows that training single-task models on each property individually
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Table 5: Sample efficiency results of Figure 2 and Figure 3 in tabular form. Mean absolute error
(lower is better), the results shown are the average of 10-fold cross-validation.

Data EmiPeak EmiFWHM AbsPeak AbsFWHM

UMA 100% 40.570.76 17.450.17 34.650.69 17.170.24
UMA cMO 100% 31.650.45 17.050.26 26.630.23 15.990.19
UMA 32% 47.100.91 18.970.21 41.741.09 19.280.18
UMA cMO 32% 35.550.09 18.630.17 30.290.49 17.490.13
UMA 16% 51.360.93 19.680.13 45.971.05 20.510.17
UMA cMO 16% 37.210.14 19.060.21 31.890.40 18.500.11
UMA 8% 56.841.35 20.120.30 51.951.29 20.730.22
UMA cMO 8% 39.600.49 19.710.31 35.290.86 19.250.17
UMA 4% 65.661.24 20.380.31 60.951.48 21.130.44
UMA cMO 4% 44.630.47 20.110.25 39.880.55 19.970.48
UMA 2% 72.870.86 20.280.19 71.861.39 20.980.14
UMA cMO 2% 55.731.06 21.350.20 53.871.17 20.840.56
UMA 1% 74.260.51 20.710.21 75.240.69 21.150.24
UMA cMO 1% 65.640.57 21.660.28 65.451.08 21.400.43
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Figure 3: Low data regime experiments on ChromophoreV3-DCM. Error bars show 95% confidence
interval from 5 runs.
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performs much better. This also means that during training, we have a particular weighting of loss
components determined by the scaling of the individual properties.

Next, we train for much fewer steps with different learning rate schedules. The results of DimeNet++
(Gasteiger et al., 2020a) in their paper used a budget of 3,000,00 steps with early stopping at a
batch size of 32 (90M samples seen) for every property separately. Meanwhile, our DimeNet++
reproduction is trained for 981,300 steps (300 epochs at batch size 32, 31M samples seen), not using
early stopping and a single model for all properties at once. This is also in comparison to the eSEN
and UMA models, which use 1,308,400 steps (100 epochs at batch size 8, 10M samples seen).

Lastly, there is an issue with the dataset in comparison to non-DimeNet results from the literature.
Due to a off-by-one error in DimeNet data processing, the set of molecules included is slightly
different to the correct set of QM9 data. We would have fixed this if not for QH9, which unfortunately
uses the DimeNet data and thus has the same off-by-one error. We did not want to recompute the
Hamiltonian data, so we stick with the existing data of QH9. Lastly, we did not take care to use
exactly the same random dataset split into train, validation, and test sets as existing results.

The reason for these discrepancies is because this experiment is somewhat orthogonal to the thesis
of our paper and we see no need or benefit to exactly reproduce their results. Our main comparison
between an existing model and the exact same model but using MOs is still valid.

D EXPERIMENTAL DETAILS

While we provide details here for completeness, we also recommend to consult our reference
implementation at https://placeholder.

D.1 CONVOLUTIONAL NEURAL NETWORK FOR CUBOID MO

We mostly follow a standard architecture that uses 3D convolutions, SiLU activations, and batch
normalization. Our network is split into two halves: the first half processes each of the six MOs
independently of each other, the second half combines them as separate channels.

The absolute channel and three sign-flip channels are encoded separately with a one layer CNN and
two layer CNN (each is uses a stride of 2 to halve the resolution), then added to a representation of
the MO energies that was processed by a 2-layer MLP. Once the information from these three sources
is combined, we process this with another strided convolution. After this point, we stack the channels
of each MO belonging to the same molecule together, followed by a convolution and two residual
convolution blocks. Each block has two sequences of BatchNorm, SiLU, and convolution. Lastly, we
follow this with average and max pooling of the spatial features and a 3-layer MLP output block with
the number of properties to predict as output and ReLU activations.

All convolutions use 3x3x3 convolution filters.

D.2 EMBEDDING MODEL FOR DIRECT MO AND UNIFIED MO

We use S2 activations (Cohen et al., 2018; Zitnick et al., 2022) as embedding model. That is,
the spherical functions that the spherical channels represent are sampled on a grid, which is then
processed by an MLP on each grid position, which is then converted back to spherical channels.

There is a slight difference in how the direct MO and unified MO are processed in this approach.
For direct MO, a 3-layer MLP that takes all 6 frontier MOs as input channels is used on the grid
representation, and this MLP applied to the positive and negative sign (following SignNet). The result
is converted back to spherical channels, which are used to initialize the eSEN node features.

For the unified MO, we keep them separate for slightly longer (like the cuboid MO model) and
process their grids separately with a 3 layer MLP first, with positive and negative signs added at the
end of the MLP. Then, the different MOs (still in the grid representation) of the same molecule are
reorganized to be different channels and transformed by another 2 layer MLP. Lastly, we convert this
back to spherical channels to obtain the initialization of eSEN node features.
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D.3 TRAINING DETAILS AND HYPERPARAMETERS

For the cuboid MO representation, we use a resolution of 0.8 Bohr (each voxel has this side length)
with a box margin of 3.0 Bohr around the molecule.

For the unified MO representation, we choose an Lmax of 4 for ChromophoreV3-DCM and 3 for
QM9. For both datasets, we use 16 channels in the unified representation. These correspond to 16
evenly-spaced Gaussians up to a radial distance of 3.0 Bohr – coordinates of the integration grid up
to 3.0 Bohr distance to an atom are captured in the 16 spherical channels. For the integration grid, we
use the PySCF (Sun et al., 2018) integration grid of the lowest level 0.

All models on the ChromophoreV3-DCM dataset are trained for 50 epochs with a batch size of 16.
As mentioned in Appendix C, the DimeNet models on QM9 are trained for 300 epochs with batch
size 32, while the eSEN/UMA models are trained for 100 epochs with a batch size of 8 due to GPU
memory limitations of these 150M parameter models.

The eSEN and DimeNet++ models use a hidden channel dimension of 128. For eSEN, this is
necessitated by the fact that the UMA-S 1.1 weights use this dimensionality. In subsection 5.1
and subsection 5.2, the cMO convolutional neural network has 64 hidden channels, while for the
remaining experiments when combined with either DimeNet++ or eSEN/UMA, we increase this to
128.

All of our experiments use the same learning rate schedule using the Adam optimizer. The first 4% of
training steps are used to linearly warm up from a learning rate of 6× 10−5 to 3× 10−4, which then
follows a cosine schedule to lower to 3× 10−6 at the end of training.

We use an exponential moving average over weights with a momentum of 0.99 to obtain the
model used for test set predictions. We apply gradient clipping with a parameter of 0.5. For
both ChromophoreV3-DCM and QM9, we apply z-standardization on the output properties during
training.
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