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Abstract—Accurate and efficient prediction of Drug-Target
Interactions (DTIs) can potentially accelerate the drug discovery
process. We propose a framework, namely GeoPD-DTI, that
utilizes Geometric Edge Fusion to effectively integrate distance
information from various sources to model drugs and target
proteins, and leverages Point Downsampling to reduce the com-
putational burden of modeling protein 3D structures without
compromising prediction accuracy. Moreover, to alleviate the
ambiguity in substructure modeling of drug 3D molecular graphs,
we introduce molecular fingerprints as a supplement to the
3D molecular graphs. Our framework achieves state-of-the-art
performance on two benchmark datasets. We also visualize
the edge weights learned by our model, which demonstrates
clear patterns of interactions. Our code is available at https:
//github.com/Hienyriux/GeoPD-DTI.

Index Terms—drug-target interaction, 3D structure, edge fu-
sion, farthest point sampling

I. INTRODUCTION

Drug discovery is a time-consuming process and is always
accompanied by a high failure rate. In the early stage of drug
development, it is crucial to search for the drugs that can
specifically interact with and modulate the activity of the target
protein [1].

Nowadays, as a supplement to the laborious and costly
wet-lab methods and molecular docking [2], many machine
learning models have been proposed to solve the problem of
Drug-Target Interaction (DTI) prediction. These models are
based on similarity metrics [3], [4], or employ 1D SMILES
[5] or 2D molecular graphs for drug modeling, and 1D amino
acid sequence for protein modeling [6], [7]. However, they
ignore 3D information of drugs and targets which significantly
influences the drug-target binding affinity [1]. Jiang et al. [8]
leverage the predicted contact map of proteins to determine
edges between residues, which, however, introduces a heavy
computational burden.

In order to comprehensively model the rich 3D information
present in both drugs and target proteins, we introduce a
novel module called Geometric Edge Fusion (GEF), which

*Equal contribution.
fCorresponding author.
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incorporates multiple forms of distance information into the
edge weights, empowering the graph neural networks (GNNs)
to better capture the inherent structural properties of drugs and
proteins. Furthermore, for the effective and efficient modeling
of protein 3D structures, especially in cases with a significant
number of residues, we employ a Point Downsampling (PD)
approach, which utilizes Farthest Point Sampling (FPS) [9] to
evenly select representative residues in 3D space and subse-
quently aggregates neighboring residues to capture local struc-
tural information. While the 3D structure of drug molecules
is crucial for DTI prediction, certain essential substructural
information (e.g., functional groups) may not always be fully
preserved in the 3D molecular graph. Hence, we incorporate
molecular fingerprints through a gating mechanism to en-
hance the molecular representations. Our framework, namely
GeoPD-DTI, achieves the state-of-the-art performance on two
benchmark datasets. Our main contributions can summarized
as follows:

e We are the first to simultaneously model 3D structures
of both drugs and targets in DTI prediction. Instead of
merely constructing an unweighted graph using pairwise
distances, we integrate various types of structural infor-
mation via the Geometric Edge Fusion (GEF) module.

« We adopt Point Downsampling (PD), treating a protein
as a point cloud, to effectively capture the local structural
information of the protein without introducing excessive
computation costs.

o Experimental results show that our model achieves the
state-of-the-art performance on two benchmark datasets.

II. METHODOLOGY

A. Overview

GeoPD-DTI incorporates 3D structural information into the
modeling of drugs and target proteins. In drug molecular
graphs, we use atoms as nodes. In protein graphs, we obtain
super nodes from Point Downsampling module. To construct
the edges, we only retain the node pairs within a predefined
distance threshold in 3D space. Various types of distances
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