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ABSTRACT

With the recent progress in geometric deep learning, generative
modeling, and the availability of large-scale biological datasets,
molecular graph and geometry generative modeling have emerged
as a highly promising direction for scientific discovery such as drug
design. These generative methods enable efficient chemical space
exploration and potential drug candidate generation. However, by
representing molecules as 2D graphs or 3D geometries, there exist
many both fundamental and challenging problems for modeling
the distribution of these irregular and complex relational data. In
this tutorial, we will introduce participants to the latest key de-
velopments in this field, covering important topics including 2D
molecular graph generation, 3D molecular geometry generation, 2D
graph to 3D geometry generation, and conditional 3D molecular ge-
ometry generation. We further include antibody generation, where
we particularly consider large-size antibody molecules. For each
topic, we will outline the underlying problem characteristics, sum-
marize key challenges, present unified views of the representative
approaches, and highlight future research direction and potential
impacts. We anticipate this lecture-style tutorial would attract a
broad audience of researchers and practitioners.
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1 TUTORIAL DESCRIPTION
1.1 Target Audience and Goals

In this tutorial, we will introduce the audience to the state-of-the-art
approaches in molecular graph and geometry generative modeling
for drug discovery. The tutorial will cover a wide range of topics,
including 2D molecular graph generation, 3D molecular geometry
generation, 2D graph to 3D geometry generation, conditional 3D
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molecular geometry generation, and antibody generation. Our goal
is to provide the audience with an in-depth understanding of the
underlying principles, challenges, and recent advancements in the
field. This target audience includes (1) researchers who work on or
are interested in advanced graph and geometry generative model-
ing, Al for science, or drug discovery, and (2) industry professionals
who are interested in the latest techniques and tools in graph and
geometry generative modeling applied to drug discovery.

1.2 Outline

We will first introduce the required preliminary knowledge and
then introduce the latest developments in the covered topics.
Preliminaries. To help participants better understand the deliv-
ered tutorial, we will first introduce the necessary preliminaries. We
will introduce the key ML methods including graph and geometry
representation learning [1] and the generative modeling methods
such as diffusion models [10]. We will also provide basic concepts
of molecular representations in 2D and 3D formats.

2D molecular graph generation. Machine learning for drug
discovery aims to automate the design of molecules with desir-
able properties, and an intrinsic and informative way to represent
molecules is the molecular graph, where nodes and edges are la-
beled with atom and bond type respectively. In this tutorial, we will
cover the most recent progress in this area, such as junction-tree
VAE (JT-VAE) [2] and graph flows [8, 9].

3D molecular geometry generation. Generating molecules in 3D
space is another critical problem since 3D molecular geometries are
directly related with many fundamental molecular properties. This
part will introduce two categories of 3D molecule generation meth-
ods. One type directly generates the atomic coordinates in 3D space,
such as Geometric Latent Diffusions [11]. The other type of method
considers generating invariant variables for obtaining coordinates
(distances, angles, and torsion angles) such as G-SphereNet [7].
2D graph to 3D geometry generation. Predicting 3D molecu-
lar geometries from 2D molecular graphs is another fundamental
problem in cheminformatics and drug discovery such as molecular
docking. In this tutorial, we will cover the recent progress in this
field, including ConfVAE [12] and the most recent GeoDiff [13],
which generates 3D molecular geometries by directly running dif-
fusion processes on the coordinates.

Conditional 3D molecular geometry generation. Structure-
based drug design (SBDD) seeks to design 3D molecules that bind
to given target proteins. In this tutorial, we will introduce the most
recent advancements in this direction. We will cover GraphBP [6]
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which adopts autoregressive models to generate atoms in the target
protein context one by one and recent methods which generate 3D
molecules in a one-shot fashion with diffusion models [5].

Antibody generation. In the last part, we will cover antibody
generation, which are large size molecular structures with high
realistic values for drug discovery. Antibodies are versatile proteins
that bind to antigens like viruses and stimulate the adaptive immune
system. The goal is to generate amino acid sequences with the right
3D structures to bind to a target antigen. We will introduce some
recent works in the tutorial, including RefineGNN [4], HERN [3].
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