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Abstract

Few-shot learning is a promising approach to molecular property prediction as
supervised data is often very limited. However, many important molecular prop-
erties depend on complex molecular characteristics — such as the various 3D
geometries a molecule may adopt or the types of chemical interactions it can form
— that are not explicitly encoded in the feature space and must be approximated
from limited data. Learning these characteristics can be difficult, especially for
few-shot learning algorithms that are designed for fast adaptation to new tasks.
In this work, we develop molecular embeddings that encode complex molecular
characteristics to improve the performance of few-shot molecular property predic-
tion. Our approach leverages large amounts of synthetic data, namely the results of
molecular docking calculations, and a multi-task learning paradigm to structure
the embedding space. The embeddings improve few-shot learning performance on
multiple molecular property prediction benchmarks using Multi-Task, MAML, and
Prototypical Networks. Our code is available at https://github.com/cfifty/IGNITE.

1 Introduction

In stark contrast to common applications in computer vision and natural language processing,
little supervised data is available for many important molecular property prediction tasks [1, 24].
Determining the biological effects of a molecule—for example, a drug candidate—often involves a
lengthy period of cell cultivation followed by a multi-step assay requiring specialized equipment [16].
Animal studies may even be required to measure certain properties, such as toxicity [18]. The
throughput of these assays and studies is limited, and synthesizing molecules to be tested is often
expensive [5]. As a result, supervised datasets measuring molecular properties often contain on the
order of 10s or 100s of data points, and few-shot learning algorithms are necessary to cope with the
scarcity of labeled data [21].

Few-shot learning algorithms are designed for low-data paradigms, but the effectiveness of these
approaches for predicting molecular properties, such as the toxicity of a molecule or its binding affinity
with a specific protein, is constrained by the inherent complexity of molecular interactions [7, 9].
Molecules are specified as a connected graph of atoms, each with its own feature vector, but this feature
space does not directly encode complex molecular characteristics, such as the various 3D geometries
a molecule may adopt or the types of chemical interactions it can form in each geometry [27].
These characteristics are essential to the real-world properties of molecules and deterministic of how
molecules interact with other molecules, including proteins and nucleic acids [4].

While molecular representations encoding these attributes may be learned from the feature space,
doing so injects an additional layer of complexity into the learning process. As the learning dynamics
of few-shot learning algorithms are already quite complex — and sometimes even unstable [2] —
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Figure 1:The end-to-end paradigm of developing of IGNITE embeddings: (I) train a multi-task GNN to map a
small molecule to binding energies (kcal/mol) determined by the interactions between this small molecule and
protein targets by physics-based docking. (II) extract the pre-readout graph representation. (III) for a few-shot
learning algorithm, replace the default feature space with the learned molecular embeddings. The multi-task
targets 1we2, 1ax0, 2ydt, 4yff, and 6cv8, represent Protein Data Bank codes for 5 of the 2,034 targets in our
actual dataset.

training a model to develop both the capacity to rapidly adapt to new tasks as well as to approximate
complex molecule–target interactions may be dif�cult, or even impossible, for existing algorithms.

2 IGNITE: Implicit Geometry aNd InTeraction Embedding

We aim to develop molecular embeddings that encode complex molecular characteristics to improve
few-shot molecular property prediction. Our approach begins with curating a large-scale synthetic
dataset that measures how1;000s of molecules bind to each one of1;000s of different proteins,
therefore implicitly encoding the various 3D geometries a molecule may adopt as well as the chemical
interactions it may form within the modeling objective of this dataset. We then train a MPNN [12] with
a multi-task learning scheme—using a single model to predict the interactions among all molecules
and targets—to learn a single molecular representation that generalizes to all tasks. Finally, we extract
the �nal-layer learned representation of the multi-task MPNN as a molecular embedding, and use
it to initialize the feature space of other few-shot learning algorithms on down-stream molecular
property prediction tasks. This approach is visualized in Figure 1, and because of its ability to capture
the implicit characterics of a molecule, we call this methodImplicit Geometry aNd InTeraction
Embedding (IGNITE).

Synthetic Data Generation.We turn to computational “docking” methods to generate synthetic
data that depends on complex molecular characteristics. In particular, we use Glide, a physics-based
docking program [11] to curate a large-scale synthetic dataset measuring how1;000s of molecules
bind to each of1;000s of different proteins. Given the 3D structure of a target protein and the
chemical graph of a small molecule, docking methods estimate the binding energy between the two.

Docking matches the process by which real binding energies arise in two key ways. First, docking
considers many potential geometries of the protein–small molecule complex, including sampling
over the potential internal 3D geometries of the small molecule, and the �nal prediction is related to
the most favorable geometry found. Second, the favorability of each potential geometry is assessed
using a physics-inspired scoring function that quanti�es the complementary of molecular geometries
and presence of key chemical interactions.

We reason that pre-training on a suf�ciently large amount of synthetic data generated by molecular
docking would encode molecular attributes deterministic of their interactions into a model's learned
representations. To learn these representations, we turn to multi-task learning.

Multi-Task Learning Paradigm. The synthetic dataset naturally induces a multi-task learning
paradigm where each protein represents a separate task. Speci�cally, for each protein target, we map
a small molecule input to its binding energy (kcal/mol) as determined by molecular docking. This
process is then repeated across the1;000s of protein targets in our dataset to compose a multi-task
learning system that uses a single deep learning model to predict how a small molecule will bind to
each of the proteins in our dataset.
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