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Abstract

Multi-modal learning by means of leveraging both 2D graph and 3D
point cloud information has become a prevalent method to improve
model performance in molecular property prediction. However,
many recent techniques focus on specific pre-training tasks such as
contrastive learning, feature blending, and atom/subgraph masking
in order to learn multi-modality even though design of model ar-
chitecture is also impactful for both pre-training and downstream
task performance. Relying on pre-training tasks to align 2D and
3D modalities lacks direct interaction which may be more effective
in multimodal learning. In this work, we propose MOLINTERACT,
which takes a simple yet effective architecture-focused approach
to multimodal molecule learning which addresses these challenges.
MOLINTERACT leverages an interaction layer for fusing 2D and 3D
information and fostering cross-modal alignment, showing strong
results using even the simplest pre-training methods such as pre-
dicting features of the 3D point cloud and 2D graph. MOLINTERACT
exceeds state-of-the-art multimodal pre-training techniques and
architectures on various downstream 2D and 3D molecule property
prediction benchmark tasks.

CCS Concepts

« Applied computing — Chemistry; - Computing methodolo-
gies — Neural networks.

Keywords
Multimodal learning, Molecular representation learning

ACM Reference Format:

Patrick Soga, Zhenyu Lei, Camille Bilodeau, and Jundong Li. 2018. Deep
Interactions for Multimodal Molecular Property Prediction. In Proceedings
of Make sure to enter the correct conference title from your rights confirmation
email (Conference acronym ’XX). ACM, New York, NY, USA, 3 pages. https:
//doi.org/XXXXXXX XXXXXXX

Unpublished working draft. Not for distribution.

2025-06-30 16:18. Page 1 of 1-3.

Zhenyu Lei
vjd5zr@virginia.edu
University of Virginia
Charlottesville, Virginia, USA

Jundong Li
jlegk@virginia.edu
University of Virginia
Charlottesville, Virginia, USA

1 Introduction

Al-assisted drug discovery has driven recent research interest in
utilizing neural networks for molecule learning, especially for pre-
dicting molecular properties for a variety of downstream chemin-
formatic tasks. Self-supervised learning (SSL) on molecular data has
emerged as a prevalent research direction to achieve this, leveraging
the 2D graph structures of molecules [3, 12, 17]. In parallel, many
SSL strategies for 3D point cloud representations of molecules have
also been developed [5]. More recent works demonstrate the effec-
tiveness of multimodal SSL techniques which combine 2D and 3D
modalities 6, 11, 14, 22]. These recent approaches consider improv-
ing molecular SSL via specific pre-training strategies and tasks, but
not the underlying architecture, often resorting to using separate
models for encoding 3D and 2D structures and then designing a
pre-training task to align their output embeddings. Alternatively,
other works take a single modality-agnostic model and task it with
predicting 2D and 3D properties. Both of these approaches rely on
a chosen pre-training task to align 2D and 3D views of molecules.
However, it is not clear to what extent such approaches are able
to fully learn cross-modal interactions. To achieve finer-grained
multi-modal information with simpler pre-training tasks, we turn
our focus to the role of architectural design for more effective SSL.
This work introduces MOLINTERACT, a deep learning architecture
designed to fuse 2D and 3D modalities of molecules to better fos-
ter multimodal performance. MOLINTERACT consists of 2D and 3D
message-passing towers whose unimodal embeddings are repeat-
edly fused and split apart to exchange 2D and 3D information. We
pair MoLINTERACT with a set of simple pre-training tasks from
the existing literature and show that MOLINTERACT yields strong
multimodal performance on various 2D and 3D benchmark tasks.

2 Method

Architecture. MOLINTERACT is composed of two parallel branches,
one based on 2D graph message-passing neural networks (MPNNs)
and the other based on 3D MPNNS. Specifically, given a molecular
graph Gyp and one of its nodes i, its 2D node embedding h; at the
(¢ + 1)th layer of an MPNN is given by

h{*L) = Update (h(“), Agg l,//(h([’i),h([’j),eij)) (1)
JEN()
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Figure 1: Pipeline of MOLINTERACT. The output of 2 towers of
unimodal message-passing are combined per-layer to create
a fused embedding.

where Update is a node update function, Agg is a permutation-
invariant function on the neighbors of i, and ¢ is a function which
computes messages between the node i and its neighbor j with the
edge between them as context. In our case, we use layers from
the GINE [3] architecture, which is a variant of GIN [18] that
incorporates edge features during message-passing. To compute
3D atom embeddings, we use the continuous convolutional layers
from SchNet [10] which conduct message-passing according to rel-
ative distances between atoms, incorporating both geometric and
atom information into its embeddings. At the ¢th layer of unimodal

message-passing, we take the 2D and 3D atom embeddings z([ )

and 24 and pass them to an interaction layer gb([). Formally, the
multimodal embeddings at layer ¢ + 1 are given by

(i) _(6i) _  (6i) _ (60)
ZDI ’ 3Dl :,:dl ’W:,d:l (2)
hgg—l,z)’h§[D+l,l) :f(m) (z;f)’l)),g(m) (Z;f),z)) 3)

where || denotes concatenation. We use a 2-layer MLP with SiLU
activation. Then, our atom embeddings are updated accordingly:

Z;{Sl’l), Z'gl[)ﬂ’l) _ Wf:t;l—l,l)’ Wfs-j—l,l) (4)
where f(+1) and g(**1) are per-layer MPNNs and 3D-GNNs. In-
tuitively, the interaction layer ¢ serves as a exchange pathway
between the unimodal towers. As the sole point of contact between
the 2D and 3D towers, ng([) routes cross-modal information relevant
to each pre-training task. Figure 1 shows the full pipeline.
Pre-training. To enforce multi-modality, we use the embeddings
from the 2D branch of the model to predict 3D quantities and the
3D branch to predict 2D quantities. For 3D quantities, we predict
interatomic distances and bond angles using MSE loss. We also pre-
dict the dihedral angle bins with width 20 using cross-entropy loss.
For 2D quantities, we predict bond-types, shortest-path distances,
and node eigenvector centrality ranking using cross-entropy loss.
We train using the sum of these loss functions during pre-training
with uniform weight for simplicity.

3 Experiments

We pre-train an 8-layer MOLINTERACT with 9M parameters for 50
epochs on PCQM4Mv?2 2] containing over 3.3M molecules. We then
fine-tune on QM9 [7] and MoleculeNet [16] and compare against
baselines comprehensively reported in [21].

Trovato et al.

Table 1: Performance on QM9 measured in MAE.

Method o Egomo  Erumo Cy R? ZPVE

Stock SchNet [10], 8 layers  0.076 33.17 26.53  0.031 0.146 1.605

Distance Prediction [5] 0.065 27.61 2334  0.033 0.248 1.837
3D InfoGraph [5] 0.062 29.29 24.60 0.030 0.133 1.644
3D InfoMax [11] 0.057 25.90 21.60 0.030 0.141  1.670
GraphMVP [6] 0.056 25.75 21.58 0.029 0.136  1.609
MoleculeSDE [4] 0.054 2574 2141 0028 0151 1587
MoLEBLEND [21] 0060 2147 1923 0031 0417 1580
MOLINTERACT 0.047  20.60 17.88 0.025 0.136 1.327

Table 2: Performance on MoleculeNet measured in ROC AUC.
Higher is better.

Method Tox21 ClinTox HIV

GraphCL [20] 73.9+0.6 76.0+2.6  78.5+1.2
InfoGraph [12] 73.240.4  76.5+1.0  75.1+0.9
GROVER [9] 74.3+£0.1 81.2+3.0 62.5+0.9
MOolCLR [15] 73.0+0.1 86.1+£0.9 76.2+1.5
GraphLOG [19] 75.7+0.5 76.7+3.3 77.8+0.8
GraphMAE (1] 75.5+£0.6 82.3+1.2 77.2£1.0
Mole-BERT [17] 76.8+0.5 78.9+£3.0 78.2+0.8
3D InfoMax [11] 74.5+0.7 79.9+3.4  76.1+1.3
GraphMVP [6] 74.5£0.4  79.0+2.5 74.8+1.4
MoleculeSDE [4]  76.8+0.3 87.0+£0.5 78.8+0.9
MoLEBLEND [21] 77.8+0.8 87.6%0.7 79.0+0.8
MOLINTERACT 77.3+£0.5 88.4+1.0 79.5+0.4

3D performance. Following [13], we finetune on 110K random
molecules and use the remaining 10K and 10.8K molecules as val-
idation and test sets and evaluate by MAE. In Table 1, see that
MoLINTERACT exhibits a substantial lead in performance compared
to baseline 3D pre-training methods, even without pre-training,
demonstrating the effectiveness of the deep multimodal interaction
layers and validating the use of deep interactions even with simple
predictive SSL tasks.

2D performance. For the MoleculeNet datasets, we conduct ex-
periments on Tox21, ClinTox, and HIV and measure performance
by ROC AUC. Since 3D information is unavailable, we freeze the
2D embeddings of the 2D branch of MoLINTERACT. We report the
mean and standard deviation across three random seeds and use the
Bemis-Murcko scaffolds recommended in DeepChem [8]. In Table
2, we see that MOLINTERACT outperforms nearly all baselines with
the exception of Tox21, further validating the use of multimodal
pre-training and a deep multimodal architecture.

4 Conclusion

In this work, we introduce MOLINTERACT an architectural approach
to improving multimodal self-supervised learning that leverages
deep interactions to fuse 2D and 3D representations of molecules.
Our method is able to access fine-grained cross-modal informa-
tion without sacrificing rich embeddings from modality-specific
backbones, allowing for more effective interplay between 2D and
3D information when paired with even a simple set of predictive
pre-training tasks, achieving new state-of-the-art performance on
benchmark datasets as a result and contributing to the growing
field of multimodal property prediction for small molecules.
2025-06-30 16:18. Page 2 of 1-3.
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