
Published as a conference paper at ICLR 2024

SELF-SUPERVISED POCKET PRETRAINING VIA
PROTEIN FRAGMENT-SURROUNDINGS ALIGNMENT

Bowen Gao1∗, Yinjun Jia2∗, Yuanle Mo3, Yuyan Ni4, Weiying Ma1, Zhiming Ma4, Yanyan Lan1,5†

1Institute for AI Industry Research, Tsinghua University
2School of Life Sciences, IDG/McGovern Institute for Brain Research, Tsinghua University
3School of Information and Software Engineering, UESTC
4Academy of Mathematics and Systems Science, Chinese Academy of Sciences
5Beijing Frontier Research Center for Biological Structure, Tsinghua University

ABSTRACT

Pocket representations play a vital role in various biomedical applications, such as
druggability estimation, ligand affinity prediction, and de novo drug design. While
existing geometric features and pretrained representations have demonstrated
promising results, they usually treat pockets independent of ligands, neglecting
the fundamental interactions between them. However, the limited pocket-ligand
complex structures available in the PDB database (less than 100 thousand non-
redundant pairs) hampers large-scale pretraining endeavors for interaction model-
ing. To address this constraint, we propose a novel pocket pretraining approach
that leverages knowledge from high-resolution atomic protein structures, assisted
by highly effective pretrained small molecule representations. By segmenting pro-
tein structures into drug-like fragments and their corresponding pockets, we obtain
a reasonable simulation of ligand-receptor interactions, resulting in the generation
of over 5 million complexes. Subsequently, the pocket encoder is trained in a
contrastive manner to align with the representation of pseudo-ligand furnished by
some pretrained small molecule encoders. Our method, named ProFSA, achieves
state-of-the-art performance across various tasks, including pocket druggability
prediction, pocket matching, and ligand binding affinity prediction. Moreover, our
work opens up a new avenue for mitigating the scarcity of protein-ligand complex
data through the utilization of high-quality and diverse protein structure databases.
The code and data is available at https://github.com/bowen-gao/ProFSA.

1 INTRODUCTION

In drug discovery, AI-driven methods have made significant strides, with a growing focus on the task
of representing protein pockets. These pockets play a pivotal role in binding small molecule ligands
through diverse interactions like hydrophobic forces, hydrogen bonds, π-stacking, and salt bridges
(de Freitas & Schapira, 2017). While traditional handcrafted features like curvatures, solvent-
accessible surface area, hydropathy, and electrostatics (Guilloux et al., 2009; Vascon et al., 2020)
have provided valuable domain insights, their computational demands and inability to capture intri-
cate interactions limit their utility.

In contrast, data-driven deep learning methods, such as the two-tower architectures proposed by Gao
et al. (2022), Karimi et al. (2019) and Öztürk et al. (2018), show promise but are constrained by the
scarcity of complex structure data (less than 100 thousand non-redundant pairs in BioLip2 database
(Zhang et al., 2023)). To address this limitation, self-supervised learning techniques, like the one
introduced by Zhou et al. (2023), focus on restoring corrupted data, allowing them to leverage ex-
tensive unbounded pocket data for representation learning. However, these methods often overlook
the vital ligand-pocket interactions due to the lack of proper supervision signals from the ligand
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side. To fully exploit the potential of pocket representation learning and emphasize interactions be-
tween pockets and ligands, there is a pressing need for the development of large-scale datasets and
innovative pretraining methods.

To address the aforementioned challenges, we introduce an innovative methodology that utilizes
a protein fragment-surroundings alignment technique for large-scale data construction and pocket
representation learning. The fundamental principle of this approach is the recognition that protein-
ligand interactions adhere to the same underlying physical principles as inter-protein interactions,
due to their shared organic functional groups, like phenyl groups in the phenylalanine and carboxyl
groups in the glutamate. Therefore, we could curate a larger and more diverse dataset by extracting
drug-like fragments from protein chains to simulate the protein-ligand interaction and learn ligand-
aware pocket representations with the guidance of pretrained small molecule encoders, which have
been extensively explored by many previous works by using large scale small molecule datasets,
e.g. Uni-Mol (Zhou et al., 2023), Frad (Feng et al., 2023).

To bridge the gap between fragment-pocket pairs and ligand-pocket pairs, we employ three strate-
gies. Firstly, we focus on residues with long-range interactions, excluding those constrained with
peptide bonds absent in real ligand-protein complexes (Wang et al., 2022a). Secondly, we sample
fragment-pocket pairs based on their relative buried surface area (rBSA) and the joint distribution of
pocket and ligand sizes to mimic real ligands. Thirdly, we address property mismatches caused by
the segmentation process by applying terminal corrections (Marino et al., 2015; Arbour et al., 2020)
to fragments. This results in a dataset of 5.5 million pairs from the PDB database.

With this dataset, we introduce a molecular-guided contrastive learning method to obtain ligand-
aware pocket representations. Our approach trains the pocket encoder to differentiate between pos-
itive ligands and other negative samples in the same batch. Our contrastive framework is capable
of encoding diverse interaction patterns into pocket representations regardless of inconsistency be-
tween protein fragments and real ligands. To counteract biases from peptide fragments used as
ligands, we align the pocket encoder with a pretrained small molecule encoder, whose weights are
�xed. This pretrained encoder serves as a guide, transferring binding-speci�c and biologically rele-
vant information from extensive molecular datasets to our pocket encoder.

Our contributions are articulated as follows:

1. The proposal of a novel scalable pairwise data synthesis pipeline by extracting pseudo-ligand-
pocket pairs from protein-only data, which has the potential to be applied to much larger predicted
structure data generated by AlphaFold (Jumper et al., 2021) or ESMFold (Lin et al., 2023).

2. The introduction of a new molecular guided fragment-surroundings contrastive learning method
for pocket representations, which naturally distillates comprehensive structural and chemical knowl-
edge from pretrained small molecule encoders.

3. The achievement of signi�cant performance boosts in various downstream applications, including
tasks that solely require pocket data, as well as those involving pocket-ligand pair data, underscoring
the potential of ProFSA as a powerful tool in the drug discovery �eld.

2 RELATED WORK

2.1 POCKET PRETRAINING DATA

Currently available protein pocket data are all collected from the Protein Data Bank (PDB) (Berman
et al., 2000). The most famous database is the PDBBind (Liu et al., 2015; Wang et al., 2005; 2004),
which consists of 19,443 protein-ligand pairs in the latest version (v2020). While the PDBBind
database focuses on protein-ligand pairs with available af�nity data, other databases also collect
pairs without af�nity data. Biolip2 (Zhang et al., 2023) is one of the most comprehensive ones,
which includes 467,808 pocket-ligand pairs, but only 71,178 pairs are non-redundant (the weekly
version of 2023-09-21). Due to the expensive and time-consuming nature of structural biology
experiments, it is not feasible to expect signi�cant growth in these types of databases in the near
future. On the other hand, individuals may rely on pocket prediction softwares, such as Fpocket
(Zhou et al., 2023), to expand the pocket dataset. However, pockets identi�ed by these programs
inherently lack paired ligands, thus resulting in insuf�cient knowledge of protein-ligand interactions.
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