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Abstract—Accurately predicting the three-dimensional structures of protein–ligand complexes remains a fundamen-
tal challenge in computational drug discovery that limits the pace and success of therapeutic design. Deep learning
methods have recently shown strong potential as structural prediction tools, achieving promising accuracy across
diverse biomolecular systems. However, their performance and utility are constrained by scarce experimental data,
inefficient architectures, physically invalid poses, and the limited ability to exploit auxiliary information available at
inference. To address these issues, we introduce PEARL (Placing Every Atom in the Right Location), a foundation model
for protein–ligand cofolding at scale. PEARL addresses these challenges with three key innovations: (1) training recipes
that include large-scale synthetic data to overcome data scarcity; (2) architectures that incorporate an SO(3)-equivariant
diffusion module to inherently respect 3D rotational symmetries, improving generalization and sample efficiency, and (3)
controllable inference, including a generalized multi-chain templating system supporting both protein and non-polymeric
components as well as dual unconditional/conditional modes. PEARL establishes a new state-of-the-art performance in
protein-ligand cofolding. On the key metric of generating accurate (RMSD < 2 Å) and physically valid poses, PEARL

surpasses AlphaFold 3 and other open source baselines on the public Runs N’ Poses and PoseBusters benchmarks,
delivering 14.5% and 14.2% improvements, respectively, over the next best model. In the pocket-conditional cofolding
regime, PEARL delivers 3.6× improvement on a proprietary set of challenging, real-world drug targets at the more
rigorous RMSD < 1 Å threshold. Finally, we demonstrate that model performance correlates directly with synthetic
dataset size used in training.

1. Introduction

Small molecule therapeutics are an essential component of modern medicine, but their discovery remains a
slow, expensive, and high-risk endeavor. A common approach involves building structure-activity relationship
(SAR) models to predict how changes to a ligand’s chemical structure will affect its activity. While both
qualitative and quantitative SAR models have been successfully used to design drugs, they require large
amounts of expensive experimental data, making the process inefficient and often yielding an incomplete
understanding of the activity landscape, especially activity cliffs. A key strategy to improve SAR modeling
and to accelerate this process is structure-based drug design (SBDD), where scientists design new ligands
by applying chemical and physical principles to 3D protein-ligand structures. Historically, SBDD has been
limited by its reliance on experimentally determined structures, which are still slow and expensive to acquire.
The rise of computational methods presents an opportunity to apply this approach at an unprecedented scale,
using predicted 3D structures—referred to as poses—to triage candidates and to produce more information-
rich SAR models.

Traditionally, 3D structure prediction has been performed using physics-based ligand docking methods [1–8].
However, these methods tend to treat the protein (semi-)rigidly, and are unable to account for protein confor-
mational changes that may occur during ligand binding [9–11]. On the other hand, early protein folding
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Figure 1. (a) Pearl prediction (magenta) superimposed on the experimental ground truth (blue) for SARS-CoV-2
(PDB: 8S8X, in the Runs N' Poses, released March 2024); Pearl performance in the (b) unconditional (Runs N' Poses)
and (c) pocket-conditional (InternalXtals) cofolding modes; (d) Pearl training and inference �ow.

models treat the protein as fully �exible, but are unable to jointly predict protein-ligand complexes [12].
Recently, deep learning models have evolved beyond protein-only folding to predict more general biomolec-
ular complexes. Pioneering systems, such as AlphaFold 3 [13] and RoseTTAFold All-Atom [14], have
demonstrated that a single model could jointly model proteins, ligands, nucleic acids, and other cofactors,
predicting structures directly from their sequences and chemical topologies. The development of these
models, and their descendants [15�20], is a major advancement in biomolecular modeling. Crucially, these
cofolding models adapt the protein binding pocket geometry to di�erent ligands, accounting for �exibility
more fundamentally than previous approaches. Despite this, achieving the reliability needed to advance
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