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Abstract

Accurate molecular descriptors are central to property prediction and similarity screen-
ing in computational drug discovery, but prevailing approaches rely on two-dimensional
graphs that underuse 3D geometry. We introduce REM3DI, a framework that builds 3D
molecular representations by leveraging latent atomic features from equivariant machine-
learned interatomic potentials (MLIPs). The local atom centred MLIP features are pooled
with permutation-invariant attention aggregation to obtain molecule-level embeddings. To
add chiral sensitivity, REM3DI constructs pseudo-scalar channels, which change sign under
mirror reflection. Given the scarcity of experimental training data, we pretrain the model
via self-supervised denoising. Across small-molecule benchmarks and dedicated chirality
tests, REM3DI achieves competitive performance with strong 2D baselines and consistently
distinguishes enantiomers on tasks where stereochemistry matters. Importantly, REM3DI
sidesteps limitations of 2D cheminformatics descriptors which encode the presence of molec-
ular substructures. REM3DI provides a unified route from physics-based atomic embed-
dings to versatile, chirality-aware molecular representations for property prediction and
virtual screening.

Keywords: Equivariance, pseudo-scalar, ML force fields, molecular representations, drug
discovery, atomistic foundation models

1. Introduction

Modern machine-learning interatomic potentials (MLIPs) trained on quantum-mechanical
energies and forces learn rich, physics-grounded latent representations of atomic environ-
ments. These models are typically used to drive atomistic simulations (e.g., molecular
dynamics) to estimate observables such as density, solubility, or protein-ligand binding
affinities, often requiring 10°-10% model evaluations over multiple days to obtain statis-
tically significant calculation of observables. In this work we ask a simple question: can
the latent features of state-of-the-art atomistic foundation models Batzner et al. (2022);
Anderson et al. (2019); Batatia et al. (2024); Kovécs et al. (2025); Wood et al. (2025);
Plé et al. (2025); Neumann et al. (2024); Bronstein et al. (2021); Rhodes et al. (2025); Fu
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Figure 1: REM3DI architecture. Leveraging atom centred features from atomistic foun-
dation models to construct a fixed dimension molecular descriptors for property
prediction task.

et al. (2025) be repurposed for direct quantitative structure—property prediction (QSPR)
on drug-like molecules, thereby sidestepping costly free-energy calculations Cournia et al.
(2017)7?

Classical cheminformatics pipelines in drug discovery often rely on fixed molecular de-
scriptors (e.g., ECFP Rogers and Hahn (2010)) that encode hand-crafted patterns or sub-
structures in the 2D molecular graph. Here, we extract invariant per-atom embeddings from
pretrained MLIPs and aggregate them into a fixed-size, 3D molecular representation suit-
able for downstream tasks such as property prediction and virtual screening. In summary,
we:

1. Propose a compact, physics-informed, 3D-aware, and transferable molecular descriptor
REM3DI that outperforms ECFP fingerprints on pharmaceutical property prediction
tasks.

2. Introduce a principled construction of chirality-sensitive features (pseudoscalar chan-
nels) from equivariant MLIP embeddings to model stereochemistry of molecules.

3. Introduce a pre-training method for our architecture that exploits large unlabelled
datasets to allow for interpretable descriptors of complex chemistry. The lack of
requirement for bonding networks for example allows for the treatment of transition
metal complexes.

2. REM3DI architecture

Overview An overview of the REM3DI (REpresentation learning for Molecules using 3D
Information) architecture is shown in Figure 2a, showing how 3D molecular structures are
converted to a fixed length molecular descriptor. Given atomic species and 3D coordinates,
a foundation MLIP produces per-atom invariant and equivariant features. The equivariant
MLIP features used to create chiral embeddings, which encode stereochemical information
of each atoms environment. A structure-encoding block builds a geometric tensor G that can
encode either (i) 2D graph topology via featurised random-walk probabilities or directly (ii)
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Figure 2: Constructing pseudo-scalars from equivariant features to capture
molecular chirality. Showing the overall REM3DI architecture (a), focusing
on the chiral embedding block. A plot of the chiral atom level embeddings of a
molecule as it smoothly transforms to its mirror image, showing the even and odd
properties of the relative scalar and pseudo-scalar features (b). Final performance
on chiral prediction tasks (c).

3D geometry via radial basis function embeddings of the pairwise distances. The encoder
then iteratively refines a pair P and atomic representation S. The encoder outputs are
subsequently aggregated into a fixed-size molecular descriptor that supports downstream
tasks such as property prediction and similarity screening.

Constructing pseudo-scalars from equivariant features We propose a chiral em-
bedding that encodes stereochemical information explicitly from equivariant latent features.
The MLIP scalar features are invariant to inversion and therefore cannot distinguish two
enantiomers (mirror images of molecules). By contrast, many pharmacologically relevant
properties are not inversion-symmetric, since they depend on interactions with chiral en-
vironments such as proteins and solvents. Augmenting invariant descriptors with chiral-
sensitive terms (e.g. pseudoscalars that change sign under inversion) allows the model to
resolve mirror configurations and predict enantiomer-specific properties.

We construct pseudo-scalars, which are invariant with respect to rotation but change
sign upon reflection using the MLIPs equivariant features. Firstly, we construct three
tensors a, b, ¢ using learnable linear mixing of node features across the channel dimensions,

a,l'7k- == Z W]g’ak)/ i}/i,k/? bi,k - Z Wk(i,lz’ i”i,k” Ci,k - Z Wk(I,Ck)J’ il’i,k’? (1)
k' k! k!

where k and k&’ are channel dimensions, h; are equivariant node features on atom 7 and W
are weights that maintain the equivariant of h as implemented in the e3nn library Geiger
and Smidt (2022). Taking e3nn tensor products between these three tensors with spherical
order L > 1 leads to paths that result in odd-scalars. In the case of an L=1 tensor (vector)
this is just the vector triple product (axb)-c, which is known to result in chiral features. The
cross product (a x b) results in an even vector (ie a pseudo vector) which when dot producted
with an odd vector (polar/standard vector) results in an odd scalar. Similar paths exists
for higher order tensors (L > 1) resulting in multiple paths to pseudo scalars. To construct
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Figure 3: Denoising pretraining. Showing a UMAP (a) of the resulting pre-trained
molecular representations, with insets showing that chemically similar molecules
are clustered together. Performance on HOMO-LUMO gap regression tasks on a
10k subsplit of QM9 (b) as a function of pre-training dataset size.

pseudo scalars one needs a minimum of three tensors and two equivariant tensor products
(see proof in Appendix A.4). As shown in Figure 2 (left), an environment-aware gate learns
to amplify pseudo-scalar channels, and a subsequent chiral embedding (i.e. linear/identity
or bias-free MLP with odd activation function) outputs the chiral embedding.

Figure 2 (right) shows how the chiral embeddings and normal scalar features vary as a
molecule smoothly transforms between its mirror image through the rotation of a functional
group. As visible the scalar features are identical for their mirror images (6 = —90,90). Con-
versely the pseudo features are exactly negative each other. Furthermore, as the molecule
transitions through an a-chiral conformation at 8 = 0, the pseudo scalar features are strictly
zero, showing the correct encoding of the underlying symmetry.

We test REM3DI on chiral retention time dataset Xu et al. (2023) with and with-
out chiral embedding. Without the chiral embedding, REMEDI cannot distinguish mirror
images and so predicts identical retention times, leading to high errors. As outlined in Ap-
pendix C.4, the errors decrease from 0.458 to 0.237 in log normalised retention times with
the chiral embedding. Post workshop submission we will test our method on a recently
released Pfizer dataset Elijosius et al. (2025a) to be able to compare to state of the art
approaches.

Denoising pretraining of REM3DI Experimental labels for pharmaceutically rele-
vant molecules are scarce, while unlabeled molecules are abundant (e.g., ZINC, PubChem,
ChEMBL) as SMILES convertible to graphs; 3D conformers can be generated at scale via
MLIP-driven relaxations Irwin et al. (2012); Kim et al. (2024); Mendez et al. (2018); Co-
hen et al. (2025). We exploit this by pretraining REM3DI with a denoising objective: the
encoder produces a molecular descriptor that a decoder uses to reconstruct intentionally
corrupted atomic embeddings via descriptor-to-atom cross-attention. Denoising is a stan-
dard self-supervised paradigm Ho et al. (2020); Song et al. (2020); prior molecular work
perturbs Cartesian coordinates Liao et al. (2024); Liu et al. (2022); Zaidi et al. (2022);
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Figure 4: Pretrained REM3DI descriptors outperform ECFP fingerprints on
drug property prediction tasks. We trained ridge regression and random for-
est (RF) model on both REM3DI (blue) and ECFP descriptors (red). REM3DI
Ridge based regressors perform best in 11 out of 12 tasks.

Wijaya et al. (2024), which can yield unphysical, high-energy structures Feng et al. (2023);
Liu et al. (2025). Instead, we inject isotropic Gaussian noise at a fixed level directly in the
MACE descriptor space, preserving chemical validity while encouraging robustness to lo-
cal perturbations. Pretraining on large unlabeled sets (e.g., PCQM4M Nakata and Maeda
(2023)) yields rich, interpretable representations: on QM9, a UMAP of our descriptors
forms clusters that share functional groups but differ in their arrangement around aromatic
rings; conformers from short (200,fs) MD map to nearby regions (Fig. 3).

3. Results: Property prediction in drug discovery

We evaluate pretrained REM3DI on pharmacological property prediction against ECFP
Rogers and Hahn (2010). Benchmarks are two polarishub datasets, the Polaris antiviral
set MacDermott-Opeskin et al. (2025) and the ADME Fang set Fang et al. (2023), cover-
ing 12 ADMET tasks with only hundreds of labels Wijaya et al. (2024). We pretrain on
200k GEOM Drugs molecules Nikitin et al. (2025); Axelrod and Gémez-Bombarelli (2022),
compute REM3DI descriptors and ECFPs, and fit task-specific ridge regression Hilt and
Seegrist (1977) and random forests Breiman (2001) with hyperparameters tuned via re-
peated k-fold cross-validation Ash et al. (2024). Across all tasks, REM3DI outperforms
ECFP; ridge is typically the strongest regressor. Further experimental results on transition
metal complexes and the effect of positional encoding are show in in Appendix C. These are
particularly challenging examples for traditional hand-built descriptors, which often assume
a fixed covalent bonding pattern which don’t apply to transition metal complexes.

4. Conclusion

REMS3DI is a physics-informed, smooth, conformation-aware descriptor that aggregates
equivariant equivariant MLIP features into a fixed-size molecular embedding. It combines
(i) a chiral embedding that forms pseudoscalars from MLIP features, (ii) positional encod-
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ings of molecular structure, and (iii) denoising pretraining on large unlabeled data. On
pharmacological benchmarks, REM3DI consistently outperforms ECFP while remaining
broadly applicable wherever the underlying MLIP is valid (including transition-metal com-
pounds). Small, noisy datasets still limit absolute accuracy, but denoising pretraining yields
structured “maps of chemistry” that improve data efficiency.

Outlook We observe strong initial performance and scaling with data set size. To push
towards SOTA performance on larger datasets, we suggest various improvements which will
be investigated before the workshop.

e Scale and efficiency. Increase pre-training data, parameters, and train time; reduce
encoder cost with linear/FlashAttention, gradient checkpointing, and fused kernels
for near-linear memory and higher throughput. Sweep descriptor width (a 256-D
REM3DI already competes with 2048-bit ECFP).

e Unified pretraining with MLIPs. Co-pretrain REM3DI and an equivariant MLIP
end-to-end with multi-task losses (energy/force consistency + descriptor denoising)
to improve sample efficiency and reduce reliance on a single foundation model.

e Broader domains & evaluations. Extend to charged/spin systems and periodic
materials using MLIPs with electrostatics and PBCs; evaluate retrieval and MD-
trajectory embeddings. Emphasize OOD splits, conformer /chirality robustness, and
provide reproducible releases (code, configs, checkpoints).
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Appendix A. Pseudo-scalar construction

Below we outline the required background for the pseudo scalar construction in the chiral
embedding block. Firstly we define a spherical tensor expressed in the spherical harmonic
basis and then outline the tensor products needed to construct pseudo scalars which change
sign upon inversion but remain invariant to rotations.

A.1. Spherical tensors and their transformation law

A spherical tensor of rank [ in a spherical harmonic basis has 2/ + 1 components indexed
by m

{T m——l7 (2)
that transform under a rotation R € SO(3) as
(R-T)Y) = Z p" (ryTY), (3)

where DM (R) is the Wigner D-matrix, i.e. the (2 + 1)-dimensional irreducible representa-
tion of SO(3).

A.2. Parity and the orthogonal group
To extend to the full orthogonal group O(3) we must specify the action of inversion
I:r— —r. (4)
This action is encoded by a parity label 7 € {4, —}:
I-T¢™ = gplbm), (5)
For tensors constructed from ordinary proper tensors the parity is give by

r=(-1), (6)

such that eg. scalars (Tj) are even and vectors (T} ) are odd. We define pseudo tensors
as those where the parity is 7 = (—1)"*!,. As such chiral features are an example of a
pseudo-scalar T},

A.3. Clebsch—Gordan decomposition in words

Given two spherical tensors T(1:™) and U(272) | their tensor product decomposes into irre-
ducible spherical tensors of various ranks:

I+l

1 T2 ~ 172

eur = @ v (7)
I3=[l1—1l2]

where the possible ranks I3 range from |l; — 2| up to l; + I3, in integer steps also called
the triangle rule. The parity is the product my7s.

12



REM3DI

A.4. Constructing a pseudoscalar

Suppose we want a pseudoscalar, V;;”. By the triangle rule, rank /3 = 0 can only appear if
l1 = ly. The parity of the result is my7m2. To obtain # = —, we need opposite parities. If
only one parity per [ is available in the primitive feature set (e.g. only the “normal” proper
tensors with 7 = (—1)!), then this is impossible. Hence we must firstly construct higher
order [1,lo > 1 pseudo tensors from models containing only polar tensor representation. We
couple a tensor 7™ with a polar tensor U(2~)

(l,m)® (l2,—) D (I, —m), (8)

which produces a new tensor of the same rank [ but flipped parity. Couple this tensor with
with another tensor W™ of the same order [ to produce a scalar [ = 0:

(l,—m) @ (,7) D (0,—). 9)

An example of this for a set of 3 tensors of order {; = lo = [3 = 1 is a simple vector
triple product ¢ - (u x w).

Appendix B. Related Work

2D cheminformatics descriptors. Cheminformatics fingerprints remain strong base-
lines for molecular property prediction and similarity screenings. Extended Connectivity
Fingerprints (ECFP) iteratively hash atom neighborhoods on the molecular graph and fold
identifiers into a fixed-length bit vectorRogers and Hahn (2010). The ECFP4 (radius 2) is
especially common and are used with a variety of regression models, traditionally random
forests Breiman (2001). These descriptors are fast and interpretable, but do not consider
3D geometry. Further, as they rely on the definition of a molecular graph, they partic-
ularly struggle with systems with non-covalent bonds such as transition metal complexes
Rasmussen et al. (2025).

Machine-learned interatomic potentials (MLIPs) E(3)-equivariant message-passing
MLIPs approximate potential-energy surfaces with near-DFT accuracy across broad chem-
ical space. Architecturally, they (i) build local, learned atomic descriptors via message
passing within cutoffs and (ii) read out energies with a permutation-invariant head. Forces
come from gradients of the energy wrt. the atomic positions to ensure energy conser-
vation. Internally, node features are decomposed into spherical tensors (scalars/vectors/
higher-order tensors) that transform with rotation according to the wigner D matrices, the
irreducible representations of the SO(3) group (see Appendix A for more details. These
learned atomic embeddings encode strong physical priors (symmetry, locality, smoothness)
and provide rich, transferable descriptions of local environments and can be reused beyond
energy/force prediction, e.g.. in generative models Elijosius et al. (2025b); Baek et al.
(2021).

Atomistic foundation models Recently, MLIPs have been trained on large quantum
mechanical datasets of energies and forces Merchant et al. (2023); Batatia et al. (2024);
Kovécs et al. (2025); Wood et al. (2025); P1é et al. (2025); Neumann et al. (2024); Rhodes
et al. (2025); Fu et al. (2025). These models generalise to very diverse chemistries without
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the need for expensive quantum mechanical calculations and training from scratch. We
leverage latent node features from these pre-trained models as atom centred representations.

Learned 3D molecular representations. Recent molecular representation learning
architectures incorporate geometry explicitly. 3D Infomax jointly learns from a 2D molec-
ular graph and a 3D positional graph by maximizing mutual information between the two
views Stérk et al. (2021). UniMol Zhou et al. (2022) injects pairwise distance encodings to
bias attention toward spatially proximate atoms and is pretrained on ~ 209M conformers
via masked-atom prediction and 3D position denoising before fine-tuning on property tasks,
but still relies on manually selected atom features. We use a more expressive local descrip-
tion, transfer the atomic representation from atomistic foundation models and introduce a
novel chiral embedding.

Appendix C. Additional Experiments

This section outlines additional experiments, including validation of various positional
encoding approaches, as-well as performance on transition metal complexes.

C.1. Positional encoding

Without positional encoding only local geometry feeds into the molecular descriptor through
the MLIP graph neural network. To ensure the relative position of the highly expres-
sive node features can be captured by the architecture, we extend the model by injecting
positional information via a pair representation into the attention calculation, which is
conditioned on the location and interaction of neighbours. The positional information is
contained in the pair representation P which biases the attention calculation in the update
of the atomic representation S.

QK"
AS = Softmax ( + MLP(P)> V. (10)
vy,
Some positional information is already contained in MLIP descriptors which cover short-
range physics. Including the positional encodings to bias the attention reflects both local
and long-range effects (conjugation, electrostatics, and 7—m stacking) because REM3DI uses
all-pairs global attention. This also allows the model to learn distance-dependent weights
for atomic neighbourhoods prior to aggregation into the molecular descriptor. The downside
of calculating global pairwise distances is its O(N?) scaling in compute time, where N is
the number of atoms in the system. This is mitigated by the fact that the time complexity
of our architecture is already O(N?) due to the self-attention calculation, so computing
pairwise distances does not negatively impact scaling. We discuss how to reduce the scaling
of the self-attention and pairwise distance calculation in the outlook by drawing inspiration
from linear scaling attention architectures Frank et al. (2024); Dao et al. (2022).

C.2. Interpretable descriptors for transition metal complexes

REMS3DI is designed to operate on a wide variety of atomistic systems without relying
on hand-crafted, domain-specific features. This is particularly useful for transition-metal
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Figure 5: Positional encoding in encoder. Showing the construction of the geometric
representation G utilising the 2D molecular graph or the 3D distance matrix (a)
and its use in the Pair Encoder Block (b). Improved performance with positional
encodings both from the 2D graph structure and 3D distance matrix (c).

complexes (TMCs), where chemical diversity is enormous: metals from different rows
(3d/4d/5d), a wide range of oxidation and spin states, many ligand classes, and multi-
ple coordination geometries. Hand-built descriptors often assume a fixed covalent bonding
pattern. In TMCs, the metal-ligand interaction is typically coordinate (dative) bonding,
frequently involves multi-center 7 interactions, and the very notion of a unique “bond or-
der” is ambiguous Brammer et al. (2022). As a result, classical cheminformatics descriptors
that depend on well-defined covalent graphs struggle or require restrictive assumptions (e.g.
a small set of metals/ligands and a few interatomic distances chosen a priori, or removing
all dative bonds as in InChi) Nandy et al. (2021); Heller et al. (2015); Rasmussen et al.
(2025). The lack of general cheminformatics descriptors hinders the further exploitation
of transition metal compounds as pharmaceutical agents, particularly as anti-cancer drugs
Meggers (2009); Mjos and Orvig (2014). REM3DI captures important chemical trends in
transition metal complexes in the tmQM dataset Balcells and Skjelstad (2020). The UMAP
projection in figure 6 show that clusters based on the transition metal centre species, the
ligand chemistry, or the geometry form. Specific clusters, such as the Rh/Ir/Re/Ru half-
sandwich complexes show that the model can also capture complex interactions between
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Figure 6: Transition metal complexes. UMAP of the molecular descriptors after de-
noising pre-training without ground-truth labels. Insets highlight the clustering
of chemically similar compounds, that group TMCs by geometry, ligand chem-
istry, and metal centre identity.

different important structural features of the transition metal complexes. This shows that
REM3DI is transferable to any system that can be modelled with the underlying MLIP,
without having to hand pick relevant descriptors for systems under investigation.

C.3. Quantum Mechanical dataset

We present regression results on the QM9 dataset in Table 1. The performance difference
between the two positional encodings is small, with the 3D positions marginally outper-
forming the 2D encodings. The multitask model shows a 10.8% drop in performance, which
shows that here training on multiple tasks in does not lead to performance gains through
exploiting shared information between different tasks, but rather to task interference.
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Table 1: Performance of REM3DI benchmarked against GNNs on QM9. REM3DI shows
reasonable but not competetive performance on response/thermodynamic proper-
ties.

SchNet E(n)-GNN DimeNet++ SphereNet PaiNN TorchMD-NET Pre-trained
GNS-TAT+NN REM3DI

+ 3D REM3DI

+ 2D REM3DI

Multitask

Ae (meV) 63.0 48.0 32.6 32.3 45.7 36.1 22.0 47.3 47.8 52.4

© (D) 0.033 0.029 0.030 0.027 0.012 0.011 0.016 0.0620
« (ag) 0.235 0.071 0.043 0.047 0.045 0.059 0.040 0.132
ZPVE (meV) 1.700 1.550 1.210 1.120 1.280 1.840 1.018 9.90

¢y mol T K1 0.033 0.031 0.023 0.022 0.024 0.026 0.020 0.0675

C.4. Chiral dataset

Please see the extended chiral plots in Figure 7 showing the errors of various models with
and without chiral embedding.
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Figure 7: Constructing pseudo-scalars from equivariant features to capture
molecular chirality. Showing the overall REM3DI architecture (a), focusing
on the chiral embedding block. A plot of the chiral atom level embeddings of a
molecule as it smoothly transforms to its mirror image, showing the even and odd
properties of the relative scalar and pseudo-scalar features (b). Final performance
on chiral prediction tasks (c).
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