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Abstract

Accurate prediction of protein-ligand binding affinity is central to computational
drug discovery. Recent foundation models, such as Boltz-2, have achieved remark-
able accuracy, but their high computational cost poses a major barrier to large-scale
virtual screening. We address this challenge by introducing a lightweight structure-
based virtual screening model, FlashAffinity, that achieves similar performance
as Boltz-2 in affinity prediction and binder classification tasks, while achieving
a 50x speedup at inference time. FlashAffinity replaces the expensive protein
structure prediction models with a simple protein-ligand docking model and the
PairFormer-based affinity scoring module with a cheap EGNN architecture. In
summary, this work bridges the gap between accuracy and efficiency, enabling
ultra-fast virtual screening of massive chemical libraries.

1 Introduction

Accurate prediction of protein-ligand binding affinity is a cornerstone of computational drug discov-
ery. This measure quantifies the interaction strength between a small molecule and its protein target,
directly informing its potential to modulate biological function. Consequently, reliable affinity predic-
tion is essential for prioritizing lead compounds, guiding molecular optimization, and accelerating
the progression of therapeutic candidates.

A longstanding challenge in the field is the inherent trade-off between predictive accuracy and
computational efficiency. Traditional computational methods have historically forced a compromise:
they are either too slow for screening million-scale chemical libraries or lack the accuracy needed for
reliable lead optimization, often because they do not fully leverage the rich 3D information of the
protein-ligand complex.

Recent advances in structural foundation models are beginning to bridge this gap. Notably, Boltz-2 [1]
represents a significant milestone, delivering binding affinity predictions that approach the accuracy
of physics-based methods while being orders of magnitude more computationally efficient. Its ability
to model dynamic conformational ensembles has established a new state-of-the-art in accuracy for
AI-driven methods.

Despite this remarkable progress, the inference time of Boltz-2 still presents a major barrier to its
application in large-scale virtual screening. The screening of ultra-large chemical libraries, which
now contain millions of molecules, demands inference speeds that are orders of magnitude faster
than what even leading models currently offer. To address this challenge, we introduce a lightweight,
structure-based model designed to retain the predictive power of methods like Boltz-2 while drastically
reducing computational overhead. Specifically, FlashAffinity replaces the expensive protein structure
prediction models with a simple protein-ligand docking model and the PairFormer-based affinity
scoring module with a cheap equivariant graph neural network (EGNN)-based architecture [2].
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Our primary contributions are as follows:

• A Lightweight and Efficient Architecture: We propose a computationally efficient model
based on a simple combination of docking and an EGNN-based scoring function, which
captures essential protein-ligand structural interactions while minimizing computational
overhead.

• Near State-of-the-Art Performance: Our model achieves performance approaching that of
Boltz-2 on key tasks, demonstrating that competitive accuracy can be maintained within a
lightweight framework.

• 50x Speedup for Large-Scale Virtual Screening: The model provides a 50x inference
speedup over Boltz-2. This efficiency unlocks the ability to perform high-fidelity virtual
screening on massive chemical libraries, directly bridging the gap between state-of-the-art
prediction and practical drug discovery workflows.

In the following sections, we describe our model architecture, data curation strategy, and present com-
prehensive experimental results that validate its accuracy and efficiency against leading benchmarks.

2 Methodology

2.1 Problem Description and Notations

Computational methods play a pivotal role in modern drug discovery by accelerating the identification
and optimization of potential therapeutic molecules. Our work addresses two critical stages of this
process: hit discovery and lead optimization. We formulate these challenges as distinct but related
machine learning tasks that leverage the 3D structure of protein-ligand complexes.

Hit discovery constitutes the initial screening phase, which aims to identify novel active compounds,
or binders, from vast chemical libraries. This stage prioritizes distinguishing these active compounds
from inactive decoys over precisely quantifying their binding strength. Formally, this corresponds to
a binary classification task.

Subsequently, the lead optimization stages involve refining a promising series of compounds to
improve properties such as binding affinity. This requires the model to discern subtle activity
differences among structurally similar molecules, a challenge that corresponds to a regression task
for predicting precise, quantitative affinity measurements like Ki;Kd, or IC50.

To address these distinct tasks, we designed an end-to-end prediction pipeline that transforms raw
molecular data into accurate affinity predictions. The process commences with a protein-ligand pair,
formally denoted as (Sp;Sl), where Sp is the protein’s amino acid sequence and Sl is the ligand’s
SMILES string. For inputs lacking experimental structures, a 3D complex is generated via docking
(Appendix B.2). The resulting structure (X;H) is localized to the binding site using a cropping
function Fcrop, and then converted into a molecular graph G = (V; E ;h;x). This graph serves as the
input to our core E(3)-equivariant graph neural network (EGNN) [2], denoted �, whose output is
passed to task-specific prediction heads for either affinity regression (yaffinity) or binary classification
(pbind).

2.2 Our Method

Our method is a lightweight and efficient framework built upon a carefully designed equivariant graph
representation. We first isolate the protein’s binding pocket, construct a rich multi-relational graph of
the protein-ligand complex, and finally process this graph with an EGNN to predict binding affinity.
All technical details, parameters, and mathematical formulations are provided in Appendix C.

Graph Construction and Representation. To focus on the relevant binding interface and ensure
computational efficiency, we first employ an adaptive cropping function, Fcrop, which isolates a
localized pocket region around the ligand based on spatial proximity (Appendix C.1). From this
cropped structure, we build a multi-relational graph where atoms are nodes. Node features are a rich
composite of pre-trained protein embeddings, ligand chemical properties, and categorical encodings
(Appendix B.3). Inspired by MEAN [3], the graph’s edge schema is designed to capture interactions
at multiple scales: internal edges model covalent topology, external edges model non-covalent
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Figure 1: The overview of our method. Raw inputs undergo structure and feature preprocessing
to generate a protein-ligand graph. This graph is processed by an E(3)-Equivariant Graph Neural
Network (EGNN) [2] The network's �nal representation is then directed to a single, task-speci�c
prediction head. The regression task uses a dedicated head to predict af�nity values (yaf�nity ), while
the classi�cation task uses a separate head to predict binary labels (pbind).

protein-ligand interactions, and auxiliary edges provide global structural context via global nodes
(Appendix C.2).

Equivariant Network and Training. The core of our model is an E(3)-equivariant graph neural
network (EGNN), which directly processes the 3D geometry of the graph while preserving rotational
and translational symmetries. The network consists of a stack ofL = 5 equivariant layers, and
its �nal pooled representation is passed to a task-speci�c MLP head for prediction (Appendix E).
To handle noisy biochemical data, we train our models using a group-based mini-batch sampling
strategy, where samples in each group are drawn from the same experimental assay (Appendix C.3).
We use task-speci�c loss functions—Focal Loss [4] for classi�cation and a weighted Huber loss [5]
for regression (Appendix C.4). At inference, predictive robustness is enhanced using a snapshot
ensembling [6] technique (Appendix C.5).

Dataset Method Pearson R " Kendall tau " PMAE # MAE # PW1 " PW2 "

non-cent. cent. non-cent. cent. non-cent. cent.

OpenFE

Boltz-2 0.62 0.46 0.93 1.22 0.64 0.49 0.80 0.82 0.96
BACPI 0.29 0.19 1.21 1.44 0.85 0.40 0.67 0.74 0.94
GAT 0.28 0.20 1.30 1.42 0.91 0.40 0.64 0.75 0.92
FlashAf�nity 0.44 0.33 1.13 1.46 0.79 0.39 0.71 0.71 0.95

FEP+ 4 targets

Boltz-2 0.66 0.48 0.85 0.75 0.59 0.69 0.83 0.97 0.98
BACPI 0.14 0.09 1.18 1.40 0.82 0.43 0.62 0.73 1.00
GAT 0.40 0.28 1.07 1.19 0.71 0.43 0.72 0.86 0.95
FlashAf�nity 0.53 0.38 1.10 1.44 0.76 0.39 0.71 0.74 0.95

CASP16

Boltz-2 0.65 0.45 1.36 1.28 0.95 0.48 0.61 0.81 0.90
BACPI 0.41 0.31 1.55 1.25 1.10 0.45 0.51 0.81 0.89
GAT 0.50 0.35 1.58 1.28 1.13 0.44 0.49 0.79 0.84
FlashAf�nity 0.65 0.51 1.14 1.21 0.88 0.29 0.68 0.94 0.94

Table 1: Comprehensive performance comparison on af�nity value prediction benchmarks. Metrics
are averaged per-assay. "non-cent." and "cent." denote metrics computed on raw and centered
predictions, respectively. PW1/PW2 refer to the percentage of predictions within 1 and 2 kcal/mol
of the experimental value. Performance data for all baseline models are sourced from the original
Boltz-2 publication.
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