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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].

Machine Learning for Structural Biology Workshop, 2025.



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 ϕ, 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 final representation is then directed to a single, task-specific
prediction head. The regression task uses a dedicated head to predict affinity values (yaffinity), while
the classification 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 of L = 5 equivariant layers, and
its final pooled representation is passed to a task-specific 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-specific loss functions—Focal Loss [4] for classification 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
FlashAffinity 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
FlashAffinity 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
FlashAffinity 0.65 0.51 1.14 1.21 0.88 0.29 0.68 0.94 0.94

Table 1: Comprehensive performance comparison on affinity 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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Table 2: Performance comparison on the MF-PCBA benchmark for
binder classification. Our model demonstrates competitive perfor-
mance, particularly in enrichment factors, compared to established
baselines. All baseline data is taken from original Boltz-2 publica-
tion.

Method AP ↑
AUROC ↑

EF at 0.5% ↑ EF at 1% ↑ EF at 2% ↑ EF at 5% ↑
target avg. global

Boltz-2 0.0248 0.8122 0.8056 18.3916 13.9540 10.5706 7.0448

BACPI 0.0131 0.7575 0.7205 9.4818 9.2397 7.3983 5.5533

GAT 0.0133 0.7928 0.7867 11.1279 8.9897 7.5630 5.9055

Chemgauss4 0.0051 0.5450 0.5706 1.9969 2.2257 2.1136 1.6462

Boltz-2 iptm 0.0046 0.5657 0.6134 2.4242 3.1728 2.6881 2.2263

FlashAffinity 0.0192 0.7762 0.7826 16.2832 14.1343 9.4587 6.7300

Table 3: Inference time compar-
ison per protein-ligand pair on
a single NVIDIA L40S GPU.
Our full pipeline offers a 50x
speedup over Boltz-2, while
our core scoring model is or-
ders of magnitude faster.

Method Avg. Inference Time (ms)

Boltz-2 35,000

BACPI 0.65

GAT 0.28

FlashAffinity (Full Pipeline) 700

FlashAffinity (Scoring Only) 2.5

3 Experiments

3.1 Experimental Setup

To ensure a fair and direct comparison with the state-of-the-art, our evaluation strictly adheres to the
protocol of Boltz-2 [1], using identical test sets and metrics. We evaluate our model’s performance
on two critical drug discovery tasks: binding affinity prediction and binder classification. For affinity
prediction, we benchmark on the widely recognized OpenFE [7], a 4-target FEP benchmark
(CDK2, TYK2, JNK1, P38) curated in the protein-ligand-benchmark [8], and CASP16 [9] datasets.
For classification, we use the MF-PCBA [10] benchmark. We primarily compare our model against
Boltz-2. A comprehensive description of the datasets and evaluation metrics can be found in
Appendices B and D, respectively.

3.2 Main Results

Hereafter, we refer to our proposed lightweight model as FlashAffinity, reflecting its high speed and
function as a scoring model. We focus our comparison on machine learning (ML) based methods to
ensure a direct and methodologically consistent evaluation.

We selected three key ML baselines from the Boltz-2 study: Boltz-2, the state-of-the-art foundation
model representing the performance upper bound; BACPI [11], a sequence-based model to quantify
the gains from using 3D structure; GAT, a ligand-only model to assess dataset biases;

Results on Affinity Value Prediction The full results are presented in Table 1. Our structure-based
model consistently and significantly outperforms the non-structural baselines across all datasets. For
instance, on the FEP+ 4 targets benchmark, our model achieves a Pearson’s R of 0.53, a substantial
improvement over BACPI (0.14). This demonstrates the effectiveness of our architecture in leveraging
3D information for affinity prediction.

When compared to the larger Boltz-2 model, our lightweight approach achieves competitive and
often comparable results. This is particularly evident on the blind CASP16 benchmark, where our
model’s performance on rank correlation matches and even slightly exceeds that of Boltz-2 (Kendall
tau of 0.51 vs. 0.45), highlighting its strong generalization capability in a challenging setting. While
Boltz-2 generally shows lower error on the other benchmarks, our model’s performance remains
close, validating its position as an efficient and powerful alternative for rapid affinity estimation.

Results on Binary Classification For the binary classification task, which mimics a real-world
virtual screening scenario, In addition to the aforementioned ML baselines, we include two more for
broader context: Chemgauss4 [12], a traditional, non-ML docking score from OpenEye FRED [13],
and Boltz-2 iptm, the structure module’s interface TM-score, to test if a simple structural confidence
score is sufficient for ranking.

The results, summarized in Table 2, demonstrate the strong performance of our model in identifying
binders from a large pool of decoys. Our model dramatically outperforms both the traditional docking
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score (Chemgauss4) and the structural confidence metric (Boltz-2 iptm) across all reported metrics,
underscoring the value of an end-to-end trained, structure-aware scoring function.

Compared to other machine learning methods, our model again shows the benefit of its 3D-aware
architecture, achieving a higher Average Precision (AP) and superior enrichment factors than both the
sequence-based BACPI and ligand-only GAT models. This highlights our model’s enhanced ability
to correctly rank true binders at the top of the list—the most critical outcome for an effective virtual
screen.

Finally, our lightweight model is highly competitive with the state-of-the-art Boltz-2 model. To
specifically isolate and compare the performance of the scoring architectures, we conducted an abla-
tion study where both models used identical input structures generated by FABind+ (see Appendix F,
Table S1). Crucially, for the task of early hit discovery, our model shows exceptional performance in
enrichment, nearly matching Boltz-2 at the top 0.5% and even slightly surpassing it at the top 1%
threshold (EF@1% of 14.13 vs. 13.95). These results validate our model as a powerful and efficient
tool for large-scale virtual screening campaigns, where robust early enrichment is paramount.

Speed A primary advantage of our lightweight approach is the significant reduction in computational
cost compared to large foundation models, enabling practical high-throughput virtual screening. To
quantify this, we benchmarked the average inference time per protein-ligand pair on a single NVIDIA
L40S GPU. The results, averaged over 100 randomly selected pairs, are summarized in Table 3.

As shown in the table, our model’s full end-to-end pipeline requires approximately 700 milliseconds
(0.7 seconds) per prediction. This achieves a 50-fold speedup over Boltz-2 (35,000 ms), making
large-scale screening campaigns computationally feasible. The majority of this time is attributed to
the initial structure generation, as the FABind+ docking step itself takes nearly 0.7 seconds.

Crucially, we distinguish a second, highly relevant use-case: scoring a pre-processed library. In
scenarios where protein-ligand complex structures are already generated—a common workflow for
screening large enumerated libraries—our core EGNN scoring model is exceptionally fast, requiring
only 2.5 milliseconds per prediction. While sequence-based models like GAT and BACPI offer even
faster inference, our method provides a vital trade-off, delivering substantially higher accuracy (as
demonstrated in previous sections) for a computational cost that remains practical for screening
millions of compounds. This efficiency firmly establishes our model as a powerful tool for rapidly
prioritizing candidates from vast chemical spaces.

4 Conclusion

We introduced a lightweight, structure-based framework for high-throughput virtual screening that
addresses the accuracy-efficiency trade-off prohibitive in large foundation models like Boltz-2 [1].
Our simple combination of a fast docking model and an EGNN-based [2] scoring function achieves
near state-of-the-art performance on both affinity prediction and binder classification, while offering
up to a 50x inference speedup. Crucially, our work demonstrates that a well-trained EGNN, when
provided with a reasonably docked pose in a correctly identified pocket, can achieve performance that
approaches the results of more complex and computationally expensive architectures. This highlights
the foundational importance of rigorous data curation and offers a practical and efficient path toward
the accurate screening of massive chemical libraries.
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A Related Works

Binary Interaction Prediction. Virtual screening aims to efficiently identify potential drug candi-
dates from vast chemical libraries that are likely to bind to a specific protein target. The dominant
method for this task has traditionally been molecular docking[14–16], which predicts the binding
energy and orientation of a molecule within a protein’s binding site. However, docking is compu-
tationally intensive and time-consuming, making it impractical for screening the increasingly large
chemical libraries that now contain billions of compounds. To address the speed limitations of
docking, supervised learning methods[17] have been developed. These models are often trained as
classifiers to discriminate between positive (binding) and negative (non-binding) protein-molecule
pairs. Despite their speed, these approaches often suffer from poor generalization. More recently,
a new paradigm has emerged that reframes virtual screening as a dense retrieval task[18]. Models
like DrugCLIP[19] use contrastive learning to train separate encoders for proteins and molecules,
learning a shared embedding space where binding pairs have high similarity. Its key advantage is the
ability to pre-compute embeddings for entire molecule libraries, reducing the screening process to an
ultra-fast similarity search and enabling efficient screening at the billion-compound scale.

Binding Affinity Prediction. Predicting binding strength—a regression task to determine a con-
tinuous affinity value (e.g., Kd, Ki)—is a long-standing challenge. Physics-based methods like
free-energy perturbation (FEP) are highly accurate but too computationally expensive for large-scale
screening. Conversely, faster methods like molecular docking often lack the required precision,
creating a significant gap between accuracy and throughput. Deep learning models emerged to bridge
this gap, with early methods learning features from structure-free inputs like SMILES and protein
sequences using CNNs or GNNs[20, 21].

The field has since advanced toward geometric deep learning, which leverages 3D structural data
for higher accuracy, often by representing the complex as an atomic graph[22–25]. However, these
models face challenges with generalization to novel proteins and ensuring geometric invariance[26–
28]. Recent methods like IPBind[29] address these issues by using machine-learning interatomic
potentials to calculate the energy difference between bound and unbound states. Its SE(3)-invariant
architecture correctly handles molecular chirality, leading to robust performance even with dissimilar
proteins and imperfect, computationally predicted input structures.

Bridging the Accuracy-Speed Gap. Boltz-2[1] was a landmark effort to resolve this trade-off. It
was presented as the first AI model to approach the accuracy of FEP simulations for small molecule-
protein binding affinity while being over 1000 times more computationally efficient. By leveraging
its powerful structural representations, Boltz-2 made high-fidelity affinity prediction feasible for
discovery contexts. Despite this breakthrough, the inference time of Boltz-2 can still present a
bottleneck for the routine screening of large chemical libraries. This limitation has spurred recent
efforts to accelerate the Boltz architecture. However, these derivative methods, such as Boltzina[30],
are not without their own drawbacks. For instance, Boltzina requires predefined binding pocket
information as an input, restricting its applicability. Furthermore, by retaining the original trunk
module of Boltz-2, it leaves significant room for further improvement in inference speed.

B Data Preprocess

We constructed a large-scale dataset to train our model, comprising both experimental binary labels
and continuous affinity measurements (e.g., Ki,Kd, IC50). Our training set integrates the following
public datasets:

• PubChem HTS: PubChem[31] is a large, freely accessible chemical information database.
After initial filtering, our binary label training set derived from its high-throughput screening
(HTS) data contains 2,237,058 protein-ligand pairs, spanning 451 proteins and 368,812
unique ligands.

• SAIR: The SAIR[32] dataset is a large-scale synthetic structural dataset. Our continuous
affinity value training set, selected from SAIR, comprises 796,557 pairs, covering 28,821
proteins and 403,124 unique ligands, with structures predicted by Boltz-1x[33].
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For binary label validation, we utilized a curated subset of the LIT-PCBA[34] benchmark, a chal-
lenging virtual screening dataset derived from PubChem. Our validation set consists of 43,492
protein-ligand pairs, which were quantitatively sampled from each of LIT-PCBA’s 15 targets. The
sampling was designed to ensure that the hit rate for every target remained above 0.5%. For continu-
ous affinity labels, we constructed our validation set by holding out a portion of the SAIR training
data. This hold-out set was created by randomly selecting 20 different assays.

For our test set, we adopted publicly available datasets identical to those used in Boltz-2[1]. For
binary labels, we used MF-PCBA[10] for testing. For continuous affinity values, we employed the
OpenFE subset[7] of the FEP+ benchmark, a 4-target subset(CDK2, TYK2, JNK1, P38)[8] of the
FEP+ benchmark, and CASP16[9] for testing.

Following the data filtering, we performed structure preprocessing for entries lacking structural
information and feature preprocessing for all data. Finally, to prevent data leakage, we filtered out
data from the training set that is highly similar to the entries in the validation and test sets.

B.1 Data Filtering

For data filtering, our screening procedure is largely similar to the approach in Boltz-2, but with
differences in some details. The specific filtering steps are as follows.

B.1.1 Binary Data Filtering

We applied the following filtering method to the PubChem HTS data to construct a reliable binary
training set:

• We retained only assays that tested ≥ 100 compounds, had a hit rate (active/total) < 0.1,
and targeted a single protein. This step ensures that the selected assays are valid HTS assays.

• We merged multiple assays for the same protein target and classified the compounds as
active, inactive, or conflict, where conflict indicates contradictory labels across
assays. This merging step maximizes chemical diversity by avoiding the high scaffold
similarity within single assays. It also resolves common label conflicts between assays,
which can otherwise be misinterpreted by the model as noise.

• For active and conflict protein-ligand pairs, we sought corresponding quantitative
measurements from PubChem for secondary confirmation. We retained active compounds
only if they were also reported as active in a quantitative experiment and resolved conflict
compounds using the label from their quantitative measurement. The samples were discarded
if their corresponding quantitative measurements were also conflicting. This secondary
confirmation step helps to confirm the true labels for conflict compounds and filters out
majority false positives from the HTS data.

• We remove PAINS[35] compounds and standardize the SMILES for all molecules. This
step filters out this common class of false positive compounds.

• For each target, we subsampled the inactive molecules to an active-to-inactive ratio of
1:9. This step serves to mitigate data imbalance.

This filtering pipeline is deliberately designed to construct a large-scale, chemically diverse training
set suitable for a hit-discovery task. By merging assays, we maximize scaffold diversity and resolve
common label conflicts. The secondary confirmation against quantitative data and the removal of
PAINS compounds further serve to minimize the impact of false positives inherent in HTS data.

However, we acknowledge the limitations of this approach. While effective for broadening chemical
scope, merging assays inevitably obscures nuances arising from different experimental conditions.
Consequently, this pipeline yields a dataset for an initial, relatively coarse hit-discovery model, rather
than for precise affinity prediction. As noted in prior work like Boltz-2, a more refined strategy
would involve leveraging assay metadata to assess data quality, a step that remains challenging due to
inconsistencies in public database annotations.
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B.1.2 Affinity Value Data Filtering

SAIR, the dataset we use for continuous affinity value labels, integrates data from ChEMBL and
BindingDB. The dataset has been preprocessed to include only entries with a qualifier of "=" and
removed some invalid entries. Furthermore, for each protein-ligand complex, SAIR provides five
candidate structures predicted by Boltz-1x, with their structural fidelity evaluated by Posebusters.

Therefore, we apply the following filtering pipeline to the SAIR dataset, focusing on both label and
structural quality, to construct a reliable dataset for continuous affinity modeling.

• For each entry in the SAIR dataset, we group entries by a unique combination of protein
(UniProt ID[36]), source (ChEMBL or BindingDB), and description (the assay descrip-
tion). This ensures that all data points within a group originate from a single assay with
a consistent experimental setup. Unlike binary labels which represent a general binding
propensity, continuous affinity values (IC50, Ki, Kd, etc.) are highly dependent on the
specific experimental context. Therefore, we do not merge data from different assays, even
for the same protein target.

• For each assay, we filter based on label quality. Our approach here is consistent with that of
Boltz-2, as follows:

– All affinity values are standardized to a common logarithmic scale relative to a 1 µM
baseline.

– Discard assays where the mean pairwise Tanimoto similarity (using ECFP4 Morgan
fingerprints[37]) between compounds is below 0.25. Such assays lack a discernible
chemical series, making them uninformative for learning structure-activity relation-
ships.

– Discard assays with fewer than 10 data points, as their small size makes them prone to
spurious correlations.

– Discard assays where the standard deviation of internal affinity values is below 0.25. A
narrow activity range is uninformative for learning Structure-Activity Relationship.

– Discard assays with fewer than 10 unique affinity values or a unique-to-total ratio
below 0.2, as this indicates low measurement precision.

– Discard assays containing extreme affinity values less than 10−6 µM, which likely
result from data entry or unit inconsistencies.

• For data points within each qualified assay, we filter based on structural quality, as follows:

– Discard data points where the mean ipTM of the corresponding predicted structures is
≤ 0.5. This indicates low confidence in the predicted binding interface.

– Discard data points where the Posebusters[38] pass rate for the five predicted structures
is ≤ 0.5 (i.e., fewer than three poses pass). This filters out entries where the majority
of predicted poses are physically implausible and lack structural fidelity.

The threshold of 0.5 for structural quality metrics was chosen as a deliberate trade-off
between rigor and data retention. While a stricter cutoff would yield higher-quality structures,
it would also discard a prohibitive amount of data. This threshold ensures that the retained
structures are generally plausible in terms of both interface confidence and physical realism,
while still maintaining a sufficiently large dataset for model training.

After applying this filtering pipeline to the SAIR dataset, we obtain a reliable final dataset. From
this, we randomly sample all data points belonging to 20 assays to form the validation set, ensuring a
consistent data distribution with the remaining training set.

B.2 Structure preprocessing

After filtering the data, we perform structure preprocessing on datasets that lack structural information
(e.g., Pubchem, MF-PCBA). The process involves two main steps: first, determining the protein
structure from its sequence, and second, determining the docking pose from the protein structure
and the ligand’s SMILES string. In virtual screening, the number of proteins is far smaller than the
number of ligands, making ligand docking pose prediction the primary computational bottleneck.
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B.2.1 Protein Structure preprocessing

We employ the following hierarchical strategy to obtain protein structures:

• First, we query the Protein Data Bank (PDB)[39] for an experimental structure. We search
for polymer_entity entries with 100% sequence identity (identity_cutoff=1.0) and a
resolution of 3.5Å or better, prioritizing higher resolutions. The results are categorized as
either a full sequence match or a subsequence match (i.e., the query is a single chain within
a larger complex). We prioritize full matches. Each candidate is then validated: we ensure
all backbone atoms (N, Cα, C, O) are present for every residue. Furthermore, we verify that
the Levenshtein distance between our query sequence and the actual sequence extracted
from the PDB file is no greater than 5. This threshold is chosen to accommodate minor
discrepancies inherent to experimental structures, such as terminal missing residues or point
mutations, which are unlikely to significantly alter the overall protein fold or binding pocket.
Structures that pass these checks are renumbered and saved.

• If no suitable structure is found in the PDB, we search the AlphaFold DB[40]. The cor-
responding UniProt ID is identified from the sequence, and we download the predicted
structure with the highest mean pLDDT score. The mean pLDDT serves as a global indicator
of the prediction’s overall quality, allowing us to select the most reliable model. As these
are computational models, they are guaranteed to be complete and match the input sequence
perfectly, requiring no further validation.

• If a structure is available in neither the PDB nor the AlphaFold DB, we predict 10 structures
using Boltz-2x[1] and select the one with the highest pLDDT score.

This procedure allows us to quickly and accurately source high-quality structures. In practice,
we found that over 60% of protein structures were obtained from the PDB and AlphaFold DB,
significantly reducing the computational cost of de novo prediction. Our strict criteria ensure high
fidelity between the final structure and the query sequence.

B.2.2 Ligand Pose preprocessing

Once the protein structure is prepared, we employ the Regression FABind+[41] model to predict
the ligand’s docking pose. We selected FABind+ over traditional docking software primarily for its
inference speed, a critical factor for processing our large-scale dataset. The model exhibits strong
predictive accuracy, achieving a success rate where 43.5% of predicted poses have a ligand RMSD
below 2Å on the PDBbind[42] benchmark, a result that surpasses even powerful generative models
like DiffDock[43].

A key architectural feature of FABind+ is its decomposition of the blind docking task into two stages:
pocket prediction followed by pose generation. We leverage this by using the pocket coordinates
predicted by the model to define a localized structural region for our downstream affinity prediction
model. In terms of efficiency, the official reported runtime for the regression model is 0.16 seconds per
complex. In our production pipeline on a single NVIDIA L40S GPU, this translated to an end-to-end
processing time of about 0.7 seconds per pair, including all data I/O and featurization steps.

Finally, we acknowledge the limitations of using the regression mode. As noted by the authors of
FABind+, a regression-based approach cannot capture multiple potential binding sites or a diverse set
of ligand conformations in the way a sampling-based method can. However, for our task of generating
a single, high-quality structural complex for affinity prediction, the regression model provides an
optimal balance of accuracy and high-throughput efficiency.

B.3 Feature preprocessing

To construct the node representations for our EGNN[2] model, we preprocess proteins and ligands to
generate their respective initial features.

Protein Feature We generate protein base embeddings using the ESM-3[44] (esm3_sm_open_v1)
language model. From this model, we extract the final hidden layer’s representation for each residue.
These residue-level embeddings are then broadcasted to every atom within their respective residue.
These vectors constitute the initial sequence-based features for the protein atoms and are subsequently
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concatenated with other structural features (e.g., atom type, residue type) within the model itself
to form the final EGNN node representations. The amortized computational cost of this step is
manageable, given the relatively small number of unique protein targets in a typical virtual screening
task.

Ligand Feature For ligand features, we adopt a featurization pipeline inspired by FABind+,
generating features using the property_prediction utilities of torchdrug[45], which internally
leverages RDKit[46]. This process extracts a feature vector for each atom composed of the following
standard chemical properties:

• One-hot encodings for the atom symbol (e.g., C, N, O).

• One-hot encodings for the atom’s degree (number of heavy-atom neighbors).

• One-hot encodings for the total number of attached hydrogens.

• One-hot encodings for the atom’s total valence.

• One-hot encodings for the atom’s formal charge.

• A boolean flag indicating if the atom is part of an aromatic system.

This featurization pipeline is highly efficient, requires no GPU, and is easily parallelized across CPUs.
In our implementation, we can generate features for over 800 ligands per second on a single CPU
core, enabling on-the-fly feature generation within our data loader.

Node Feature To create a unified representation, the initial protein and ligand feature sets, which
may have different dimensions, are first projected into a common hidden dimension. These projected
vectors are then concatenated to form a base embedding. Finally, to construct the complete node
feature vector hi for each node i, this base embedding is further augmented by concatenating it with
several categorical and positional features: one-hot encodings for the atom type and residue type, a
binary indicator for the molecule type (protein or ligand), and a positional encoding for the residue’s
sequence index. This multi-faceted feature design ensures that each node is aware not only of its
local chemical environment and pre-trained semantics but also of its identity and position within the
larger biomolecular complex.

B.4 Avoiding Data Leakage

To ensure a rigorous evaluation of our model’s generalization capabilities, we implemented stringent
protocols to prevent data leakage between the training and test sets at both the protein and ligand
levels.

Protein-level Filtering We aimed to evaluate our model on protein families not encountered
during training, a protocol also employed by methods like Boltz-2 to ensure robust evaluation .
To this end, we removed any protein from the training set sharing ≥90% sequence identity with
any protein in our validation or test sets. This was carried out using MMseqs2[47] to cluster the
complete protein set with the command: mmseqs easy-cluster –min-seq-id 0.9 –cov-mode
0 -c 0.01. Subsequently, all training proteins belonging to a cluster that contained a validation or
test protein were discarded.

Ligand-level Filtering To prevent the model from exploiting learned chemical scaffolds, we filtered
the training set based on Tanimoto similarity to the test set. Any ligand in the training set with a
Tanimoto similarity of ≥0.4 to any active ligand in the test set was removed. This threshold is
commonly used to distinguish between different chemical scaffolds. Our decision to filter only
against active compounds was twofold: first, it directly addresses the most critical leakage scenario
where a model could achieve artificially high performance by recognizing analogs of known actives.
Second, given the vast number of inactive compounds, filtering against the entire test set would have
excessively reduced the size and diversity of our training data. This targeted approach is therefore
designed to prevent the most direct and meaningful forms of compound leakage.
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C Supplementary Details about the Our Method

C.1 Pocket Cropping

To create a computationally tractable and interaction-focused representation of the protein-ligand
complex, we apply a deterministic cropping algorithm that generates a localized subgraph around the
ligand. The algorithm selects a subset of protein residues based on three simultaneous criteria: spatial
proximity to the ligand, a total atom budget (Ba), and a total residue budget (Br). For budgeting,
each atom in the ligand is treated as a single-atom residue, so the effective budgets for protein residue
selection are pre-calculated by subtracting the number of ligand atoms from both Ba and Br. This
process can be initialized in two modes: operating on the entire protein structure to identify a pocket
de novo, or refining a smaller, predefined set of candidate pocket residues provided as a prior.

The selection process, detailed in Algorithm S1, begins by calculating the distance from each input
protein residue to the ligand. This distance is defined as the minimum Euclidean distance between
any atom in the residue and any atom in the ligand. All protein residues are then sorted based on this
distance in ascending order. A greedy selection is performed on this ranked list, iteratively adding the
closest residues until either the atom or residue budget is exhausted.

Finally, this budget-constrained set of residues is filtered to retain only those within a specified
distance threshold, dmax. To ensure the resulting pocket is not overly sparse, a fallback mechanism is
triggered if this final set contains fewer than a minimum number of residues, kmin. In such cases, the
algorithm instead returns the top kmin closest residues from the budget-constrained set, overriding the
distance threshold. For all experiments, we used the following parameters: Ba = 2048, Br = 512,
dmax = 20.0 Å, and kmin = 100.

C.2 Edge Construction

Inspired by MEAN[3], we provide a detailed specification for the construction rules of each edge
category defined in the main text. All generated edges are directed and added bidirectionally to the
graph representation unless otherwise noted. The parameters used in our experiments are summarized
at the end of this section.

Internal Edges (Einternal) These edges capture the covalent topology and local connectivity within
the protein and the ligand separately.

• Ligand Covalent Bonds: Edges are derived directly from the ligand’s molecular graph. We
define four distinct relation types to represent single, double, triple, and aromatic bonds,
respectively. This explicitly encodes the chemical structure of the ligand.

• Protein Covalent (Intra-Residue) Edges: Covalent bonds connecting atoms within each
amino acid residue are added based on predefined, chemically-valid bonding templates for
each of the 20 standard amino acid types.

• Protein Sequential Edges: To represent the polypeptide backbone, edges are created
between the α-carbon (Cα) atoms of sequentially adjacent residues (i.e., from residue k to
k + 1).

External Edges (Eexternal) This category contains a single but crucial type of edge that models the
non-covalent interactions at the protein-ligand interface.

• Protein-Ligand Proximity Edges: An edge is created between a protein atom vi ∈ VP and
a ligand atom vj ∈ VL if their Euclidean distance ∥xi − xj∥ is less than a predefined cutoff,
dcross = 10.0 Å. These edges are fundamental for modeling binding interactions.

Auxiliary Edges (Eaux) This class provides multi-scale contextual information, from local atomic
neighborhoods to the global structure of the complex.

• Global Edges: We first define two global nodes, vP and vL, whose initial coordinates and
features are the mean of their constituent atoms. Edges are then established: (1) from vP to
every protein atom vi ∈ VP; (2) from vL to every ligand atom vj ∈ VL; and (3) a single edge
connecting vP and vL.
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Algorithm S1 Pocket Cropping Algorithm
Input: Protein residues RP ; Ligand atoms AL; Budgets Ba, Br; Thresholds dmax, kmin.

# Calculate effective budgets by accounting for the ligand
1: B′

a = Ba − |AL|
2: B′

r = Br − |AL| # Each ligand atom consumes one residue slot
# Pair each residue with its distance to the ligand and sort

3: residue_distances = []
4: for r in RP do
5: dist = minxi∈r,xj∈AL ∥xi − xj∥2
6: Add (r, dist) to residue_distances
7: end for
8: sorted_residues = Sort(residue_distances, key=distance)

# Greedily select residues satisfying budgets, and track those also within distance threshold
9: Pbudget = [] # Stores residues respecting budgets only (for fallback)

10: Pdist = [] # Stores residues respecting budgets AND distance threshold
11: atom_count, residue_count = 0, 0
12: for (r, dist) in sorted_residues do
13: if (atom_count + r.num_atoms ≤ B′

a) and (residue_count + 1 ≤ B′
r) then

14: Add (r, dist) to Pbudget
15: if dist ≤ dmax then
16: Add (r, dist) to Pdist
17: end if
18: atom_count = atom_count + r.num_atoms
19: residue_count = residue_count + 1
20: else
21: break
22: end if
23: end for

# Apply robustness fallback if the distance-filtered set is too small
24: if len(Pdist) < kmin then

# Fallback: take the kmin closest residues that fit the budget
25: result_pairs = Pbudget[:min(kmin, len(Pbudget))]
26: else
27: result_pairs = Pdist
28: end if

# Extract only the residue objects for the final output
29: P = [r for (r, dist) in result_pairs]

Output: A selected subset of protein residues for the pocket, P .

• Protein Spatial Edges: To model long-range interactions within the protein pocket, an edge
connects two protein atoms if they belong to different residues and their spatial distance is
below a cutoff, dprotein = 4.0 Å. This explicitly avoids duplicating the intra-residue covalent
bonds.

• Ligand LAS (Local Atomic Structure) Edges: To enrich the ligand’s local conformational
information, we add "virtual" edges between pairs of ligand atoms that satisfy either of two
conditions: (1) they are within a kLAS = 2-hop distance in the ligand’s covalent graph, or (2)
they are members of the same minimal ring structure (identified via SSSR algorithm). This
strategy is inspired by a similar application in FABind+[41].

Graph Finalization and Truncation After generating all edges according to the rules above, a
finalization procedure is applied. First, all self-loops (i.e., edges from a node to itself) are removed.
Second, duplicate edges are removed by retaining only the first occurrence of each unique directed
pair (vi, vj). This step is crucial as it respects the priority ordering of the edge creation process.
Finally, if the total number of edges exceeds the maximum budget Be = 16384, the edge list is
truncated to size Be. Given the construction order, this ensures that higher-priority edges are always
preserved. The priority scheme, from highest to lowest, is as follows:

The priority scheme, from highest to lowest, is: External (Protein-Ligand) > Auxiliary (Global) >
Internal (Ligand Covalent Bonds) > Internal (Protein Sequential) > Internal (Protein Covalent) >
Auxiliary (Ligand LAS) > Auxiliary (Protein Spatial) Edges.
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This prioritization scheme is motivated by a hierarchy of informational importance for the affinity
prediction task. The highest priority is granted to edges that explicitly model the protein-ligand
interaction itself (External and Global). Subsequently, the ligand’s internal chemical structure is
prioritized over the protein’s, reflecting its central role in the binding event. Finally, the auxiliary
edges that provide additional, broader spatial context are assigned the lowest priority.

C.3 Sampling

To optimize the training signal for both affinity prediction and binary classification, we employ a
group-based mini-batch sampling strategy inspired by Boltz-2[1]. This approach supports training
on a mixture of multiple datasets and is designed for use with Distributed Data Parallel (DDP)[48],
ensuring that each parallel process (rank) receives a unique, non-overlapping stream of data. The
sampler constructs each training batch from multiple small, independent groups of samples, where
all samples within a single group are drawn from the same biochemical assay (i.e., they share the
same protein target). This ensures a consistent experimental context for stable gradient estimation.
A training batch of size B is partitioned into K = B/N groups of size N ; our experiments used
B = 20 and N = 5.

Prior to training, a one-time filtering step is applied to the assays of each dataset. For binary datasets,
we retain only those assays that contain at least one known binder and one decoy. For affinity datasets,
we retain only assays with at least two measured ligands. This ensures that all subsequent sampling
operations occur on valid and informative assays. When multiple datasets are provided, the sampler
first selects a dataset for the entire batch based on a predefined categorical distribution.

The procedure for populating the groups is then chosen based on the selected dataset’s type. For a
binary dataset, we first sample a valid assay uniformly at random. From this assay, we then form a
group using a fixed 1:4 ratio of binders to decoys. For an affinity value dataset, we first assign a
sampling weight to each valid assay proportional to the interquartile range (IQR) of its affinity values.
An assay is then selected according to these IQR-based weights, and a group is formed by uniformly
sampling N ligands from it.

For all sampling steps, we sample without replacement by default. However, if the number of
available ligands in a pool is less than the number requested, the sampler automatically switches to
sampling with replacement to ensure each group is fully populated. This entire process is driven by a
seeded random number generator to guarantee reproducibility while maintaining stochasticity across
epochs and ranks. The detailed logic is formalized in Algorithm S2.

C.4 Training Objectives

This section details the task-specific formulations of the group-level loss function, Lgroup. Our overall
training objective strategy is consistent with that of Boltz-2, employing task-specific losses for groups
sampled from binary or affinity datasets.

Binary Classification Loss For binary classification groups, the group loss is the mean Focal
Loss[4] computed between the true labels y and the predicted logits ŷ, i.e., LFocal(y, ŷ), for all
samples in the group. This loss is effective for handling class imbalance. We use a focusing parameter
γ = 1 and a positive class weighting factor α = 0.7.

Affinity Regression Loss For affinity regression groups, the group loss is a weighted combination
of a pairwise difference loss (Ldif) and an absolute value loss (Labs):

Laffinity
group = 0.9 · Ldif + 0.1 · Labs (1)

Here, Ldif is the Huber loss applied to the pairwise differences between true (yi, yj) and predicted
(ŷi, ŷj) affinities, i.e., LHuber((yi − yj), (ŷi − ŷj)), for all pairs within the group. Labs is the Huber
loss[5] on the absolute values for each sample, i.e., LHuber(yi, ŷi). For both components, the Huber
loss delta parameter is set to δ = 0.5.

C.5 Snapshot Ensembling

Our use of a cosine annealing learning rate scheduler with warm restarts[49] allows the model to
converge to several distinct local minima over the course of a single training run. This enables the use
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Algorithm S2 Sampling Algorithm
Input: A collection of datasets D; Batch size B; Group size N ; Binder-to-decoy ratio for binary tasks α;
Dataset sampling probabilities π.

# Pre-computation: Filter assays and build pools for each dataset
1: ValidAssayPools = {}
2: AssayWeights = {}
3: for dataset Di in D do
4: ValidAssays = []
5: for assay a in Di do
6: if Di is binary and a has ≥ 1 binder and ≥ 1 decoy then
7: Add a to ValidAssays
8: else if Di is affinity and a has ≥ 2 ligands then
9: Add a to ValidAssays

10: AssayWeights[a] = InterQuartileRange(affinity values of a)
11: end if
12: end for
13: ValidAssayPools[Di] = ValidAssays
14: end for

# Batch Generations Loop

15: num_groups_per_batch =
B

N
16: loop
17: batch_indices = []

# Select a dataset for the entire batch
18: selected_dataset = WeightedSample(D, π)
19: for k = 1 to num_groups_per_batch do
20: if selected_dataset is binary then
21: selected_assay = UniformSample(ValidAssayPools[selected_dataset])
22: binders = UniformSample(all binders of selected_assay, count=1) # with replacement if needed
23: decoys = UniformSample(all decoys of selected_assay, count=4) # with replacement if needed
24: group_indices = binders + decoys
25: else# selected_dataset is affinity value
26: weights = [AssayWeights[a] for a in ValidAssayPools[selected_dataset]]
27: selected_assay = WeightedSample(ValidAssayPools[selected_dataset], weights=weights)
28: group_indices = UniformSample(ligands of selected_assay, count=N ) # with replacement if needed
29: end if
30: Add group_indices to batch_indices
31: end for
32: yield Flatten(batch_indices)
33: end loop

of snapshot ensembling[6], where we aggregate predictions from multiple high-performing model
checkpoints to enhance predictive accuracy and robustness. The procedure involves two stages:
selecting the ensemble of checkpoints and then combining their predictions.

Checkpoint Selection During the training process, we save model checkpoints at predefined
epoch intervals. After the full training process is complete, we evaluate the performance of every
saved checkpoint on a held-out validation set. From this pool of candidates, we greedily select
the final ensemble of k = 2 models. The process starts by selecting the single best-performing
checkpoint. Subsequently, we iteratively add the next-best checkpoint that is at least T = 5000
training steps separated from all previously selected models. This minimum separation constraint
ensures a degree of diversity within the ensemble, preventing the selection of overly correlated models
from the same local performance basin. The ensemble size k and the minimum step separation T are
hyperparameters determined empirically on the validation set.

Prediction Aggregation Once the k = 2 snapshot models are selected, their predictions are
combined in a task-specific manner, following the strategy proposed by Boltz-2.

• For the Binary Model, the final prediction is a simple average of the probabilities from each
model in the ensemble. If pm is the predicted probability from model m for a given sample,
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the ensembled probability pensemble is calculated as:

pensemble =
1

k

k∑
m=1

pm (2)

• For the Affinity Model, we employ a calibrated ensembling strategy to correct for systematic
prediction biases. First, the raw mean prediction, ȳ, is calculated across the k models. This
average is then refined using a polynomial correction function that includes a bias term
related to the ligand’s molecular weight (MW):

ŷensemble = C0 · ȳ + C1 · MW0.3 + C2 (3)

The coefficients C0 = 2.177929, C1 = −0.218761, and C2 = 1.472271 are calibrated by
fitting this function to the ensemble’s predictions on the validation set. This allows the
model to learn a final correction for systematic errors, such as those correlated with ligand
size. These fitted coefficients are then used for inference on the test set.

C.6 Limitations and Future Work

Our work successfully demonstrates a lightweight and efficient alternative for virtual screening, but
we acknowledge several limitations that offer clear directions for future research.

Architectural Constraints Our model intentionally employs a standard EGNN[2] architecture
with a modest parameter count (about 4.5M). While this is the key to its efficiency, it also presents a
performance bottleneck. We observed that the model’s limited capacity made it challenging to perform
joint training on structural refinement and affinity prediction, a strategy successfully employed by
larger models like Boltz-2[1]. Furthermore, while GNNs are powerful, traditional architectures
can face challenges such as over-smoothing[50] when scaled to the depth of very large models,
potentially limiting their performance ceiling compared to the well-established scaling properties of
transformer-based architectures like the PairFormer used in Boltz-2’s affinity module.

Future work will involve exploring more scalable graph-based architectures, possibly by integrating
attention mechanisms or other advanced layers to increase model capacity while maintaining a
favorable efficiency profile.

Dependence on External Structure Prediction Our pipeline operates as a fast scoring function,
meaning its performance is inherently dependent on the quality of the input 3D structures generated by
external tools like FABind+[41]. This reliance creates an upper bound on our model’s accuracy—an
incorrect or poorly docked binding pose cannot be easily rescued by the scoring function. While
structure prediction is becoming increasingly reliable, this dependency does constrain our model’s
performance and positions our work as an improvement in scoring rather than a fully end-to-end solu-
tion. In the future, we plan to investigate methods to mitigate this dependency, such as incorporating
lightweight, local structure refinement capabilities directly into our model.

Data Dependency and Generalization Finally, like all data-driven methods, the performance of
our model is highly contingent on the quality and diversity of the training data. Despite our rigorous
curation pipeline, public biochemical datasets are known to contain significant experimental noise
and biases. Our model’s ability to generalize to novel protein families or regions of chemical space is
therefore directly linked to the breadth and quality of the data it was trained on. A continuous and
vital area for future work will be the exploration of more diverse data sources and the development of
more sophisticated data filtering and cleaning methodologies to further enhance model robustness
and generalization.

D Details about the Adopted Metrics

Our evaluation protocol follows that of Boltz-2. We assess model performance on two tasks: binary
binder classification and continuous affinity value prediction.
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D.1 Binary Label Prediction Metrics

For the classification task, all metrics are computed per-assay and then uniformly averaged across
assays.

• Average Precision (AP): The area under the Precision-Recall curve, which is particularly
informative for imbalanced datasets.

• Enrichment Factor (EF): The ratio of active compounds found in the top k% of the ranked
list compared to a random distribution. We report EF at k = 0.5, 1, 2, and 5 to evaluate early
retrieval performance.

• Area Under the Receiver Operating Characteristic Curve (AUROC): Representing the
probability that a randomly chosen binder is ranked higher than a random non-binder.

• Global AUROC: Calculated by treating all protein-ligand pairs across the entire dataset as
a single, unified ranking task, rather than averaging per-assay results.

D.2 Affinity Value Prediction Metrics

For the regression task, metrics are computed per-assay, with final scores aggregated via a weighted
average proportional to the number of compounds in each assay. All affinity predictions are converted
to kcal/mol before evaluation.

• Pearson’s R: Measures the linear correlation between predicted and true binding affinities.
• Kendall’s τ : Assesses the rank correlation (i.e., monotonic agreement) between predicted

and true affinities within each assay.
• Pairwise Mean Absolute Error (PMAE): The MAE applied to the predicted versus true

affinity differences between all pairs of compounds within an assay.
• Mean Absolute Error (MAE): The average absolute difference between predicted and true

affinity values.
• Percentage within (PW) 1 and 2 kcal/mol: The percentage of predictions with an MAE

less than X kcal/mol, reported for X = 1 and X = 2.

Note on Centering: For MAE, PMAE and PW, we also report a centered version. In this calculation,
predictions for each assay are first shifted to match the mean of the ground truth values. This
adjustment isolates the model’s performance on relative affinities, enabling fairer comparison to
methods like relative FEP.

E Details about the Implementations

This section provides supplementary details regarding our model architecture and training pipeline.

E.1 Training Setup

We trained two independent models for the binary classification and affinity value prediction tasks,
respectively. Each model was trained using PyTorch Lightning[51] on a cluster of 4 NVIDIA
L40S GPUs with 32-bit precision. To ensure training stability, we applied gradient clipping with a
maximum norm of 2.0. Training was conducted using a group-based mini-batch strategy, with each
batch containing 20 protein-ligand complexes, partitioned into 4 groups of 5 samples.

E.2 Model Architecture

Our model is built upon an E(3)-Equivariant Graph Neural Network (EGNN)[2]. The key architectural
parameters are as follows:

• EGNN Core: The network consists of 5 EGNN layers with a hidden dimension of 192. A
dropout rate of 0.1 is applied within the network to prevent overfitting.

• Prediction Head: The final graph representation is passed to a 3-layer MLP prediction
head, which utilizes SiLU[52] activation functions and has a hidden dimension of 192, to
produce the final scalar output.
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E.3 Optimization Strategy

The two models were trained with different optimization strategies to maximize performance on their
respective tasks.

Optimizer Selection For the binary classification task, we employed a hybrid optimization strategy
by mixing two different optimizers. Specifically, for the parameters within the EGNN hidden layers,
we used the Muon[53] optimizer. This allowed us to apply a high learning rate of 2× 10−3 and a
weight decay[54] of 0.01 to accelerate the convergence of the model’s core representation learning
component. All other model parameters (e.g., embedding layers, prediction head) were optimized
using a standard AdamW[55, 54] optimizer with more conservative hyperparameters (β1 = 0.9,
β2 = 0.95, and a weight decay of 1× 10−3).

However, for the more sensitive affinity value regression task, this aggressive, hybrid strategy led
to training instability. We therefore opted for a simpler and more stable approach, using only the
standard AdamW optimizer for all model parameters.

Learning Rate Scheduler For both training runs, we employed a cosine annealing learning rate
scheduler with warm restarts (cosine_restart)[49]. This scheduler is essential for our snapshot
ensembling strategy described in Appendix C.5. The learning rate for the AdamW optimizer was
warmed up over 100 steps to a maximum value of 1× 10−4, followed by cosine decay cycles with a
restart period (t_0) of 80,000 steps.

F Ablation Study on Key Architectural Choices

To rigorously validate the two core design principles of FlashAffinity, we conducted an ablation
study to decouple the effects of our simplified structure generation and scoring modules. Our central
hypotheses are: (1) a fast protein-ligand docking model can effectively replace the computationally
expensive structure prediction modules of large foundation models like Boltz-2[1] without a signifi-
cant loss in performance, and (2) a lightweight EGNN-based[2] scoring architecture is sufficient to
achieve effective performance for virtual screening tasks.

Due to the significant computational cost and time required to run the full Boltz-2 pipeline, conducting
this study on the entire MF-PCBA[16] test set was infeasible. Therefore, we created a representative
subset containing 50,000 protein-ligand pairs, sampled proportionally from each target based on its
hit rate. This provides a balanced and computationally tractable benchmark for direct comparison.
We evaluated three models on this subset:

• Boltz-2: The original state-of-the-art model, using its end-to-end structure prediction and
affinity scoring modules.

• Boltz-2(FABind+): An ablated version where the input to Boltz-2’s affinity scoring module
is replaced with protein-ligand complex structures generated by the fast docking model,
FABind+[41].

• FlashAffinity: Our proposed model, which uses FABind+ for structure generation and our
lightweight EGNN for scoring.

The results of our ablation study are summarized in Table S1. It provides strong evidence supporting
our design choices. First, by comparing Boltz-2 and Boltz-2(FABind+), we observe that replacing

Method AP ↑ AUROC ↑ EF at 0.5% ↑ EF at 1% ↑ EF at 2% ↑ EF at 5% ↑
target avg. global

Boltz-2 0.0233 0.7994 0.7788 15.3087 10.4519 8.2599 7.1524
Boltz-2(FABind+) 0.0244 0.8054 0.7852 16.1420 11.1186 7.7377 6.4675
FlashAffinity 0.0247 0.7414 0.7778 14.9905 12.8531 7.9154 6.7143

Table S1: Ablation study results on a 50,000-pair subset of the MF-PCBA benchmark. The study
compares the original Boltz-2, Boltz-2 using pre-computed docking poses from FABind+, and our
FlashAffinity model.
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the expensive structure prediction module with FABind+ docking poses does not harm performance.
In fact, the Boltz-2(FABind+) variant shows slightly improved AP and AUROC, demonstrating that
high-quality docked structures are sufficient for the downstream scoring task. This validates our first
hypothesis and justifies the use of fast docking to bridge the speed gap.

Second, the comparison between FlashAffinity and Boltz-2 (using FABind+ structures) isolates the
performance of the scoring architectures, as both use identical inputs. In this direct comparison,
FlashAffinity achieves a higher Enrichment Factor at the 1% threshold (EF@1%) and a marginally
improved Average Precision (AP). While its overall ranking ability as measured by AUROC is
lower, its effectiveness in these early enrichment metrics—which are critical for practical hit dis-
covery—demonstrates that our lightweight EGNN architecture is a valid and useful approach for
prioritizing top-ranking compounds. This result lends support to our second hypothesis regarding the
utility of a simpler scoring architecture.

In conclusion, this ablation study effectively demonstrates that the combination of a fast docking
model for structure generation and a computationally efficient EGNN for scoring is a powerful
and valid strategy. It allows FlashAffinity to achieve effective performance in binder classification
while offering a substantial speedup, thus successfully addressing the accuracy-efficiency trade-off in
large-scale virtual screening.
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