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Abstract

Accurate prediction of protein-ligand interactions is central to computational drug discovery.
Recent foundation models such as Boltz-2 have achieved remarkable accuracy in binding
affinity prediction, yet their prohibitive computational cost remains a major barrier to
large-scale virtual screening. Here we introduce FlashBind, a lightweight structure-based
model that achieves a 50X speedup over Boltz-2 at inference time by replacing expensive
structure prediction with a fast docking model and substituting costly PairFormer modules
with a streamlined EGNN architecture. FlashBind matches Boltz-2 on standard virtual
screening benchmarks and demonstrates superior generalization to enzyme-substrate speci-
ficity prediction. To evaluate real-world applicability, we apply FlashBind to target-based
antibiotic screening against the essential bacterial proteins in E. coli and show that FlashBind
substantially outperforms Boltz-2 and other virtual screening baselines. Notably, several
top-ranked candidates exhibit potent inhibition of DnaG and effective bacterial growth
inhibition against E. coli in wet-lab validation. Together, these results demonstrate that
FlashBind bridges the gap between accuracy and efficiency, enabling ultra-fast, high-fidelity
screening of massive chemical libraries for drug discovery.

1 Introduction

The discovery of novel bioactive small molecules is a fundamental pursuit in pharmaceutical science, yet
it remains hindered by the vast chemical space, which is estimated to contain more than 10%° drug-like
compounds (Reymond} [2015). High-throughput virtual screening serves as the critical filter in this process,
aiming to identify potential binders from massive chemical libraries before experimental validation. Currently,
structure-based virtual screening methods are divided into two categories. Physics-based docking approaches,
such as AutoDock Vina (Trott & Olson, 2009), GNINA (McNutt et all [2021)), and Glide (Halgren et al.,
2004), are computationally expensive and struggle to scale to ultra-large chemical libraries. On the other
hand, deep learning models offer greater throughput but often suffer from limited generalizability across
diverse targets.

In recent years, this lack of generalizability has been reshaped by the emergence of foundation models trained
on immense biological datasets. Models such as Boltz-2 ([Passaro et al.| |2025)) have achieved remarkable
accuracy in predicting protein-ligand complex structures and binding affinities. However, these gains come
with prohibitive computational cost. The intricate architecture of such models, often relying on expensive
recycling mechanisms and PairFormer modules, poses a major barrier to their deployment in large-scale
virtual screening campaigns. For instance, processing a single protein-ligand complex with Boltz-2 requires
approximately 35 seconds, a timeframe that renders the screening of billion-scale libraries computationally
intractable. Therefore, a critical gap remains: the field lacks a solution that can match the predictive fidelity
of foundation models while maintaining the throughput required for industrial-scale discovery.

To address this challenge, we introduce FlashBind, a lightweight geometric deep learning framework designed
to bridge the gap between accuracy and efficiency. FlashBind achieves the accuracy-efficiency trade-off by
structurally decoupling the screening process into two streamlined stages: rapid structure generation and
geometric scoring. Instead of relying on computationally intensive diffusion-based generation or end-to-end
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Figure 1: Computational efficiency vs. screening accuracy. FlashBind (star) occupies the optimal
efficiency-accuracy trade-off, matching Boltz-2 with 50x faster inference (0.7s vs. 35s). The inference time is
measured on a single NVIDIA L40S GPU.

folding, our framework utilizes a fast docking model (FABind+) (Gao et al., 2025) to provide a physically
plausible structural prior. This structure is then processed by a highly efficient F(3)-equivariant Graph
Neural Network (EGNN) (Satorras et al.| [2022)), which replaces heavy attention mechanisms to capture local
physical interactions within the binding pocket.

This simple design proves remarkably effective: across virtual screening, enzyme-substrate specificity, and a
prospective antibiotic discovery campaign, FlashBind matches or exceeds far heavier foundation models at a
fraction of the computational cost. We summarize our main contributions as follows:

A lightweight, ultra-fast screening framework. We replace expensive diffusion-based structure
generation and PairFormer-based scoring with a fast docking model (FABind+) (Gao et al.l |2025)
followed by an E(3)-equivariant graph neural network (Satorras et al., 2022)), yielding a 50-fold
inference speedup over Boltz-2 (~0.7s vs. ~35s per complex on a single NVIDIA L40S GPU).

State-of-the-art enrichment at a fraction of the cost. On the MF-PCBA benchmark (Buterez
et al.l [2023)), FlashBind matches the foundation model Boltz-2 in early enrichment (EFQ1% of 14.13
vs. 13.95) while substantially outperforming physics-based and sequence-based baselines. Ablation
studies confirm that neither diffusion sampling nor a heavy PairFormer trunk is necessary to attain
this accuracy.

Generalization to enzyme-substrate specificity. Under the challenging “unknown enzyme &
substrate” setting of the ESIBank benchmark (Cui et al., 2025), FlashBind reaches an AUROC
of 0.7229, on par with the specialized EZSpecificity (0.7198) and well above the sequence-based
ESP (Kroll et al., [2023), while surpassing Boltz-2 on data-scarce enzyme families.

Prospective experimental validation. On a structure-based antibiotic benchmark against
essential E. coli proteins (Wong et al 2022), FlashBind attains an AUROC of 0.71 where Boltz-2 is
near-random (0.46). In a prospective campaign against E. coli DNA primase (DnaG), we screened
9,289 compounds, experimentally assayed 136, and confirmed 10 active inhibitors (a 7.4% hit rate), 4
of which further exhibited whole-cell antibacterial activity.

Together, these results establish FlashBind as a scalable and accurate framework for ultra-fast virtual screening
of massive chemical libraries.
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2 Related Work

Structure-based Virtual Screening. Virtual screening seeks to identify, from chemical libraries now
reaching the billion-compound scale, the small subset of molecules likely to bind a given target. The classical
workhorse is molecular docking (Trott & Olsonl [2009; Halgren et al., 2004), which predicts a ligand’s
binding pose and energy within a pocket. Docking is, however, computationally intensive, making exhaustive
screening of modern libraries impractical. Supervised learning offers a faster alternative: discriminative
models trained to classify protein-ligand pairs as binding or non-binding trade physical interpretability for
throughput, but often generalize poorly to unseen targets. A more recent paradigm reframes screening as
dense retrieval (Radford et al.| 2021)): methods such as DrugCLIP (Gao et al., 2023)) contrastively align
separate protein and ligand encoders into a shared embedding space, enabling library embeddings to be
precomputed and screening to reduce to fast similarity search. Geometric deep learning instead operates
directly on 3D complex structures for higher fidelity, typically by representing the complex as an atomic
graph and enforcing geometric symmetries (Satorras et all [2022)); this is the regime in which FlashBind
operates, with the key distinction that we decouple a fast docking prior from a lightweight equivariant scorer
to retain structural accuracy without per-compound conformational sampling.

Enzyme-Substrate Specificity. Predicting which substrates an enzyme acts upon is a functional task
governed by catalytic alignment rather than thermodynamic stability alone, and it has historically been
treated separately from binding prediction. Sequence-based approaches such as ESP (Kroll et al.l [2023)
pair enzyme representations with molecular fingerprints to classify enzyme-substrate pairs, but discard the
3D geometry of the active site. More recent structure-aware methods exploit predicted complex geometry:
EZSpecificity (Cui et al., |2025)) introduces a task-specific cross-attention architecture together with the
ESIBank benchmark, establishing the current state of the art under stringent unknown-enzyme-and-substrate
splits. Our work shows that a general-purpose equivariant encoder matches this specialized model, suggesting
that the geometric features useful for binding transfer to catalytic specificity.

Machine Learning for Antibiotic Discovery. Machine learning has emerged as a powerful tool against
the slowing pace of antibiotic discovery. Early efforts were predominantly ligand-based: deep classifiers
trained on phenotypic growth-inhibition data prioritize compounds by predicted antibacterial activity directly
from molecular structure (Stokes et al.; |2020). Such phenotype-driven models are agnostic to mechanism and
offer little insight into the molecular target. Structure-based formulations address this by scoring compounds
against specific essential bacterial proteins; the benchmark of Wong et al. (Wong et al.| |2022) couples docking
against a panel of essential F. coli targets with experimental inhibition assays, providing a realistic and
mechanistically grounded testbed. We adopt this structure-based setting and further close the loop with a
fully prospective wet-lab campaign.

Bridging the Accuracy-Speed Gap. A central obstacle in structure-based screening is the trade-
off between accuracy and throughput. Boltz-2 (Passaro et al., 2025) marked a turning point, reportedly
approaching the accuracy of free-energy perturbation for protein-ligand affinity while being orders of magnitude
cheaper, making high-fidelity prediction feasible in discovery settings. Even so, its per-complex inference
cost remains a bottleneck for routine large-library screening, motivating efforts to accelerate the architecture.
Derivative methods carry their own constraints: Boltzina (Furui & Ohue, [2025]), for instance, requires
predefined pocket information and retains the original Boltz trunk, leaving substantial headroom on speed.
FlashBind takes a more aggressive stance, replacing both the diffusion-based structure generator and the
heavy trunk with a docking oracle and an equivariant graph network, which removes the trunk bottleneck
entirely while preserving early-enrichment accuracy.

3 Method

3.1 Problem Formulation

We address structure-based virtual screening: identifying the small subset of compounds in a large chemical
library that bind a given protein target. This hit-discovery setting prioritizes ranking active compounds
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(binders) above inactive decoys over precisely quantifying binding strength, and we therefore formulate it as a
binary classification task. Formally, given a protein amino acid sequence S, and a ligand SMILES string
S;, FlashBind learns a mapping F : (S,,S;) — Poind € [0, 1], where ppina is the predicted probability that
the ligand binds the target. As described below, F is realized by mapping the raw inputs to a 3D complex
(X, H) via fast docking, cropping it to the binding interface, encoding the result as a geometric graph G, and
scoring G with an E/(3)-equivariant network. The same encoder is task-agnostic: replacing the classification
head with a regression head yields continuous affinity prediction (Yafanity), which we treat as an auxiliary
task and detail in Appendix [A]

3.2 The FlashBind Architecture

FlashBind resolves the accuracy-efficiency trade-off by structurally decoupling screening into two streamlined
stages: rapid structure generation followed by geometric scoring (Fig. ) This avoids both diffusion-based
conformational sampling and end-to-end folding, the two dominant bottlenecks in foundation-model pipelines.

Structure generation. For inputs given only as a sequence and a SMILES string, we obtain a protein
structure through a hierarchical retrieval cascade that prioritizes experimental fidelity: we first query the
PDB (Berman et al. 2000) for an experimental structure matching the target at 100% identity, otherwise
select the highest-pLDDT model from the AlphaFold Database (Varadi et all [2021), and only as a last
resort predict the structure de novo with Boltz-2x (Passaro et al., [2025). In practice, over 60% of targets
are resolved directly from the PDB or AlphaFold, sharply reducing prediction overhead. The ligand is then
docked into this structure with FABind+ (Gao et al., [2025), a regression-based docking model chosen for
its speed (< 0.7s per complex), producing a 3D complex (X, H) with atomic coordinates X € RV*? and
features H € RN*4. Crucially, this step supplies a physically plausible structural prior at a fraction of the
cost of diffusion-based generation.

Graph construction. To focus the encoder on the binding interface, an adaptive cropping function Feop
isolates the local pocket: residues are added greedily by proximity until an atom budget (B, = 2048) or
residue budget (B, = 512) is reached, after which residues beyond 20A are removed. The cropped complex is
converted into a multi-relational geometric graph G = (V, £, h, x), whose nodes V are protein and ligand atoms.
Node features h concatenate pre-trained ESM-3 (Hayes et al., 2025) protein embeddings with TorchDrug (Zhu
et al 2022) ligand descriptors computed via RDKit (Landrum et al., [2025). Following MEAN (Kong et al.l
2023)), the edge set £ captures interactions at multiple scales: internal edges for intra-molecular covalent
topology, external edges for non-covalent protein-ligand contacts (< 10A), and auxiliary edges that inject
global structural context through global nodes. Full node featurization, the budget-constrained cropping
algorithm, and the complete edge taxonomy with its priority scheme are detailed in Appendix and

B-3] respectively.

Equivariant scoring network. The graph G is processed by an F(3)-equivariant graph neural network
(EGNN) (Satorras et al.,|2022) of L = 5 layers with hidden dimension 192. Enforcing F(3)-equivariance makes
the prediction invariant to the arbitrary rotation and translation of the docked pose, removing any need for
orientation augmentation. The network produces a pooled graph representation zg, which a task-specific
MLP head maps to the binding probability pping (and, for the auxiliary regression task, to yafﬁnity).

3.3 Data Curation

A reliable binding signal can only be learned from high-quality supervision, yet high-throughput screening
(HTS) data are notoriously noisy. We therefore curate the training data with a multi-stage filtration pipeline

(Fig. [2h).

Virtual screening dataset. We build our screening corpus from PubChem BioAssays (Kim et al. [2022),
explicitly counteracting the high false-positive rates endemic to HTS. The pipeline begins with an assay-level
filter that retains only confirmatory and primary screens containing more than 100 compounds with hit rates
below 10%; assays targeting the same protein (matched by UniProt ID (Consortium) 2024))) are merged to
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Figure 2: The FlashBind framework. (a) Training data curation. To mitigate experimental noise, we
construct a multi-stage filtration pipeline with assay-consistency checks, secondary confirmation, and PAINS
removal. (b) Inference pipeline. FlashBind decouples structure generation from scoring: raw inputs are
mapped to a 3D complex with FABind+, cropped to the binding interface, and scored by an EGNN to predict
the binding probability.

maximize chemical diversity. We then apply a compound-level secondary-confirmation step: an active label is
kept only if corroborated by quantitative evidence (K4, K;, or ICsg), and conflicting entries lacking such
confirmation are discarded. Finally, Pan-Assay Interference Compounds (PAINS) (Baell & Holloway 2010)
are removed to eliminate frequent hitters. After balancing to a 1:9 binder-to-decoy ratio, the final training
set contains 2,237,058 protein-ligand pairs spanning 451 protein targets and 368,812 ligands. For
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validation we use a curated subset of LIT-PCBA (Tran-Nguyen et all, 2020) comprising 43,492 pairs sampled
across its 15 targets such that every target retains a hit rate above 0.5%.

Enzyme-substrate specificity dataset. For the fine-grained enzyme-substrate task, we use the ESIBank
benchmark (Cui et al.l |2025) directly. It comprises 323,783 pairs covering 8,124 enzymes and 34,417
ligands. To ensure a fair comparison, we adhere to the standard “unknown enzyme & substrate” splits
defined within the benchmark, matching the protocol of EZSpecificity (Cui et al.| [2025).

Leakage prevention. To rigorously assess generalization, we enforce strict train/test separation at two
levels. At the protein level, we cluster all sequences with MMseqs2 (Steinegger & Soding), |2017)) and remove
any training protein sharing > 90% sequence identity with a validation or test protein. At the ligand level,
we discard any training ligand whose Tanimoto similarity (Butinal [1999)) to an active test ligand exceeds 0.4,
preventing the model from exploiting memorized scaffolds.

3.4 Training and Inference

All models are trained on a cluster of NVIDIA L40S GPUs using a group-based mini-batch sampling strategy
(Appendix [B.4)), in which every batch is drawn from a single experimental assay so that the loss compares
compounds tested under identical conditions.

Virtual screening. To emphasize early enrichment, we optimize a Focal Loss (Lin et al., |2018) (v =1,
a = 0.7) under a per-assay sampling scheme that enforces a 1:4 binder-to-decoy ratio within each batch.

Enzyme-substrate specificity. We follow the EZSpecificity protocol exactly, performing 4-fold cross-
validation on the “unknown enzyme & substrate” split with the same Focal Loss. Because catalytic specificity
hinges on subtle functional-group chemistry that pure geometry can miss, we augment the geometric
representation with UniMol embeddings (Ji et al, 2024)) and Morgan fingerprints (Rogers & Hahnl 2010)) for
this task only, matching the input modalities of the baseline.

Inference and ensembling. At inference we ensemble the top & = 2 checkpoints selected on validation
performance, averaging their outputs for classification. Protein embeddings are computed once per target
and amortized across all candidate ligands, and ligand descriptors are generated by lightweight RDKit
featurization, so the per-complex cost is dominated by docking and EGNN scoring (analyzed in Section .

4 Experiments

We evaluate FlashBind across three increasingly demanding settings that probe complementary aspects
of structure-based prediction. We first establish its core competency in ultra-fast virtual screening on the
MF-PCBA benchmark (Buterez et al.| |2023)), where it matches foundation models in early enrichment at a
50-fold lower inference cost, and ablate each design choice to isolate the sources of this efficiency (Section [4.)).
We then test generalization beyond thermodynamic binding to enzyme-substrate specificity, a fine-grained
functional task governed by catalytic alignment (Section . Finally, we assess real-world utility in antibiotic
discovery: FlashBind substantially outperforms both physics-based docking and foundation models on a
retrospective E. coli benchmark (Section 7 and in a fully prospective campaign against DNA primase
(DnaG) we experimentally confirm 10 active inhibitors among 136 tested compounds, 4 of which show
whole-cell antibacterial activity (Section [4.4)).

4.1 Ultra-fast Virtual Screening

Enrichment performance. To assess the model’s capability in identifying active compounds from vast
chemical spaces, we benchmarked FlashBind on the MF-PCBA dataset (Buterez et al.| |2023)), a standard
benchmark adopted by Boltz-2 for evaluating virtual screening performance. The primary metric is the
enrichment factor (EF), the ability to rank true binders at the very top of a prioritized list.
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Figure 3: Enrichment Factor (EF) on the MF-PCBA benchmark and per-complex inference time
breakdown. (a) Comparison with deep learning and physics-based scoring baselines on the full benchmark.
FlashBind rivals the foundation model Boltz-2 while substantially outperforming traditional methods. (b)
Step-wise ablation study on a representative subset, validating each efficiency-oriented design choice. (c)
Comparison with traditional docking and rescoring pipelines on the same subset. (d) Per-complex inference
time breakdown. Each bar is decomposed into three pipeline stages: structure generation, feature extraction,
and scoring. FlashBind replaces Boltz-2’s diffusion sampling with FABind+, its deep trunk with pre-trained
ESM-3/torchdrug embeddings, and its PairFormer scorer with a lightweight EGNN, achieving a cumulative
50-fold speedup on a single NVIDIA 1.40S GPU. Bar widths are not to scale.

FlashBind demonstrates exceptional performance in this critical metric. As illustrated in Fig. [3h, our model
achieves an Enrichment Factor at the top 1% (EF@Q1%) of 14.13, significantly outperforming traditional
physics-based scoring functions like Chemgauss4 (Nishimoto & Fedorov, [2016) (EF@1% = 2.23) and sequence-
based deep learning baselines . Most notably, FlashBind rivals the performance of the
computationally intensive foundation model, Boltz-2 (Passaro et al., 2025|), which achieves an EFQ1% of
13.95 on the same test set. This indicates that our lightweight geometric encoder effectively distills the
complex structural signals required for hit identification.

Ablation study. To rigorously validate the sources of our efficiency and accuracy, we conducted a step-wise
ablation study on a representative subset of the benchmark (Fig. )7 constructed by sampling one-tenth of
the compounds per target proportionally to the hit rate, as running ablation variants and traditional docking
baselines on the full 500k-compound library is prohibitively expensive. Our analysis supports three key design
premises. First, we confirmed that a fast docking oracle provides a sufficient structural foundation. The
Boltz-2(FABind+) variant, which utilizes pre-computed poses from FABind+, maintains robust performance
compared to the original Boltz-2 (EF@Q1%: 11.12 vs. 10.45). This conclusion is further supported by
Boltzina (Furui & Ohuel [2025]), which substitutes the diffusion module with AutoDock Vina
and similarly achieves comparable results (EF@1%: 10.09). Together, these findings suggest that
precise conformational sampling from diffusion models is not strictly necessary if a high-quality docked pose
is available.

Second, we assessed the necessity of heavy-weight scoring architectures. By comparing Boltz-2(FABind+)
with a variant of our model using Boltz-2’s latent representations (FlashBind(Boltz trunk)), we observe that
replacing the massive PairFormer module with our lightweight EGNN results in no significant performance
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loss (EF@Q1%: 12.05 vs. 11.12). This confirms that a streamlined equivariant graph network is sufficient to
capture critical protein-ligand interactions.

Third, we validated the use of efficient pre-trained embeddings. The standard FlashBind model, which utilizes
accessible ESM-3 (Hayes et al) 2025) and torchdrug (Zhu et al., |2022)) features, achieves performance fully
comparable to the variant relying on computationally expensive Boltz-2 trunk outputs (EFQ1%: 12.85 vs.
12.05), effectively decoupling our framework from the foundation model.

Comparison with traditional pipelines. Beyond internal validation, we benchmarked FlashBind against
established traditional docking and rescoring methods on the same subset (Fig. ) Our geometric deep
learning approach substantially outperforms standard AutoDock Vina scoring (EF@Q1% = 3.21) as well as
random forest and neural network-based rescoring functions (e.g., RF-Score, GNINA (Ballester & Mitchell,
2010; |Wéjcikowski et al., 2017} 2019; Durrant & McCammon) 2010; [McNutt et al.l |2021))).

Inference efficiency. The cumulative effect of these architectural optimizations is a decisive improvement
in practical throughput, as visualized by the per-complex time breakdown in Fig. [Bld. For Boltz-2, each
complex requires ~35s of wall-clock time: ~20s for iterative diffusion-based structure generation, ~13s
for computing trunk representations through the deep PairFormer, and ~2s for final scoring. FlashBind
systematically replaces every expensive component with a lightweight counterpart. FABind+ generates a
docked pose in ~0.67s; ESM-3 protein embeddings are computed once per target and amortized across all
ligands, while torchdrug molecular features, based on lightweight RDKit descriptors, are generated at a
throughput exceeding 800 molecules per CPU-second, together contributing negligible per-complex cost; and
the equivariant EGNN scores each complex in only ~25ms (Table [5). The resulting end-to-end latency is
~0.7s, a 50-fold speedup, with the docking oracle as the sole remaining bottleneck. In a practical rescoring
scenario where a pre-docked pose library is already available, the scoring step alone enables evaluation of over
140,000 complexes per GPU-hour, making million-scale campaigns tractable on modest hardware. Fig.
further contextualizes this gain as a Pareto frontier of enrichment versus inference cost: FlashBind occupies
the optimal region, matching foundation-model-level enrichment at a fraction of the computational budget.

4.2 Enzyme-Substrate Interaction

In addition to virtual screening, another application of the protein-ligand binding predictor is the decoding
enzyme-substrate specificity, a functional property governed by precise catalytic alignment rather than
thermodynamic stability alone. To evaluate FlashBind’s ability in this fine-grained regime, we conducted a
case study using the ESIBank data set (Cui et al., [2025), a comprehensive benchmark for enzyme specificity
prediction, on which FlashBind was retrained from scratch.

We rigorously evaluated our model under the "unknown enzyme & substrate" split, the most challenging
setting, where neither the protein nor the small molecule have been seen during training. Following the
protocol of the state-of-the-art method EZSpecificity (Cui et al., 2025), we performed 4-fold cross-validation
to ensure statistical robustness. Recognizing that enzyme specificity is often governed by subtle chemical
functional group interactions that pure geometric scoring might miss, we adopted a similar strategy to the
EZSpecificity framework by augmenting our geometric encoder with explicit chemical descriptors (UniMol
embeddings (Ji et al 2024) and Morgan fingerprints (Rogers & Hahnl 2010)).

As shown in Fig. [fh, FlashBind achieves an overall AUROC of 0.7229, demonstrating performance fully
comparable to the specialized EZSpecificity model (AUROC = 0.7198) and significantly outperforming the
sequence-based baseline ESP (Kroll et al., [2023)) (AUROC = 0.6523). This result is particularly notable
given that FlashBind utilizes a general-purpose geometric encoder, whereas EZSpecificity employs a heavy,
task-specific cross-attention architecture designed exclusively for this problem.

We further investigated performance across specific enzyme families, including data-scarce categories like
Thiolases and Domain of Unknown Function (DUF) proteins (Fig. ) In these specific regimes, FlashBind
consistently outperforms the foundation model Boltz-2 and the sequence-based ESP, while maintaining parity
with EZSpecificity. For instance, in the Glycosyltransferase family, our model effectively captures the subtle
structural determinants required for sugar transfer, a task where pure sequence-based methods often falter.
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Figure 4: Evaluation of enzyme-substrate specificity prediction on the ESIBank benchmark.
(a) Overall performance comparison on the "unknown enzyme & substrate" split (4-fold cross-validation).
FlashBind achieves an AUROC of 0.7229, performing comparably to the specialized state-of-the-art model
EZSpecificity (0.7198) and significantly outperforming sequence-based baselines like ESP. (b) Fine-grained
analysis on representative enzyme families (Thiolase, Glycosyltransferase, DUF, Phosphatase, Esterase).
FlashBind demonstrates robust generalization in these specific categories, outperforming the foundation
model Boltz-2 and matching the specialized architecture of EZSpecificity, indicating that our geometric
encoder effectively captures functional catalytic patterns.

The ability to match a specialized SOTA model on its own benchmark serves as strong validation of our
architectural soundness, suggesting that the geometric features learned by FlashBind are not limited to
binding affinity but are transferable to complex functional prediction tasks.

4.3 Antibiotic Discovery Benchmark

While the previous section established FlashBind as an ultra-fast filter for large-scale screening benchmarks,
validating its utility in real-world discovery campaigns is the ultimate test. To this end, we apply FlashBind
to a structure-based antibiotic discovery task (Wong et al., 2022)). This task is particularly challenging, as a
model must not only identify compounds that bind bacterial targets but also inhibit bacterial growth, and
must do so within a chemical space distinct from standard training sets.

The benchmark dataset (Wong et al., 2022) comprises 218 active antibacterial compounds and 100 inactive
compounds docked to essential F. coli proteins, whose structures are predicted by AlphaFold2. Ground-truth
labels are derived from in vitro enzymatic inhibition assays across 12 essential proteins of E. coli (e.g., DNA
gyrase, MurA). A compound is labeled positive if it shows more than 50% inhibition in both replicates. Model
performance is evaluated via the area under the receiver operating characteristic curve (AUROC), averaged
across all 12 target proteins.

We compared FlashBind with Boltz-2, standard molecular docking tools such as AutoDock Vina
, and various machine-learning scoring functions (Fig. 5). To evaluate the zero-shot performance
of FlashBind, we tested all models without finetuning. We found that traditional physics-based docking
struggles to distinguish actives from decoys (Vina Avg. AUROC =2 0.48). Similarly, Boltz-2 does not transfer
effectively to this dataset, with performance comparable to random guessing (AUROC = 0.45).

In contrast, FlashBind demonstrates practical utility in this regime, achieving a mean AUROC of 0.710. As
shown in the target-specific ROC curves (Fig. ), our model consistently retrieves active scaffolds for critical
targets such as gmk and glmU. The performance gap compared to baselines suggests that our approach is
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Figure 5: Benchmarking performance on the antibiotic discovery task. (a) Comparison of average
AUROC across 12 essential E. coli targets. FlashBind (0.710) demonstrates practical ranking capability,
significantly outperforming standard docking (AutoDock Vina) and machine-learning rescoring functions. (b)
Representative ROC curves for key targets including guanylate kinase (gmk) and bifunctional acetyltransferase
(gimU). FlashBind (green) maintains higher true positive rates compared to baselines.

10



Under review as submission to TMLR

(a) 0.9 (c)
: Validated active . )
@ 0.8 ﬂ,‘%/,‘i“""s“395°39 Validated inactive ” ‘U ,{\7 % - o &‘2 7>
8 07 n.%ﬁjnn-xznogua 10/136 (7.4%) ( . - \,VVK/\AA/\f/ N '\/\
w - 4 DaWavy
c BRD_KEHHO,_;;"?""%& True discovery rate o N, N - 'S,
2 0.6 BRD-K10226135 _ BRD-Ka6578551 BRD-K54395039 BRD-K37209143 BRD-K68933095 BRD-K10226125 BRD-K00003155
% 0.5 BRD-K00003155 BRD-K32332065
@ BRD-K90780774 i
504 s
— BRD-K00003340 3
303 A SOSUS ¥\ e ~
(<] aRD-ngozAas’é"m) I J e~ VTT’
=202 "N b Y=o
0.1 N BRD-K86578551 BRD-K90780774 BRD-K32332065 BRD-K00003340 BRD-K92034669
0 20 40 60 80 100 120 140
Compound rank
b
(b) BRD-K54395039 BRD-K37209143 BRD-K68933095 BRD-K10226125 BRD-K00003155
1.00 1.00 1.00 1.00 1.00
0.83
0.75 0.74 0.75
20.75 9075 20.75 90.75 20.75 0.72
H ] H ] ]
* a a 057 & K- 0.58
§ 0.50 § 0.50 §050 § 0.50 § 0.50
s = = = ]
2 0.33 2 2 2 a
< 0.25 £ = £ 0.27 =
025 E025 025 E025 025 023
0.11 0.10
0.02 0.06 -
0.00 0.00 0.00 0.00 0.00
BRD-K86578551 BRD-K90780774 BRD-K32332065 BRD-K00003340 BRD-K92034669
1.00 1.00 1.00 1.00 1007 094 (g
0.89 087 :
90.75 0 0.75 90.75 ogs 2075 0 0.75 0.68
-] [-] o . -] o
* 059 3 058 @ @ 055
§ 050 §0.50 §0.50 §0.50 §0.50
= =] k= ] ]
2 2 = 2 2
E- K- E- K- -
£0.25 £025 016 £0.25 £0.25 £0.25
_ 0.13 0.12 0.09
0.00 - - [ REE
0.00 0.00 0.00 0.00 0.00
B EC Inhibition N EC+PMB Inhibition DnaG Inhibition

Figure 6: Prospective wet-lab validation of FlashBind on DnaG. (a) Rank-ordered FlashBind
prediction scores for the 136 selected compounds screened against E. coli DNA primase (dnaG). Teal points
indicate experimentally confirmed actives (DnaG inhibition > 50%), yielding a hit rate of 10/136 (7.4%).(b)
Experimental profiles of all 10 confirmed hits, showing EC inhibition, EC+PMB inhibition, and DnaG
inhibition for each compound. Higher values indicate stronger inhibitory activity. (c) Chemical structures of
all 10 confirmed hits identified by FlashBind.

sufficiently robust to prioritize candidates even in complex biological assays, making it a viable tool for the
initial stages of antibiotic discovery campaigns.

Furthermore, as illustrated in the Pareto frontier analysis (Fig. ), FlashBind lies above the Pareto front,
achieving superior accuracy while remaining over 6x faster than AutoDock Vina and other rescore method
(0.7s vs. 4.5s per complex). This positions FlashBind as the only method simultaneously surpassing both the
accuracy and efficiency of existing baselines in this benchmark.

4.4 Prospective Wet-Lab Validation

To assess whether FlashBind’s predictions translate into real-world success, we conducted a prospective
virtual screening campaign targeting E. coli DNA primase (dnaG). We scored all 9,289 compounds from
the Broad Institute compound collection using FlashBind (Fig. @a) From the top-ranked candidates, we
applied two filters to ensure chemical quality and diversity: compounds containing pan-assay interference
(PAINS) substructures were excluded, and redundant scaffolds were removed by retaining only compounds
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with pairwise Tanimoto similarity below 0.5. This yielded a final selection of 136 compounds for experimental
testing.

Following Wong et al. (Wong et al.| [2022), each compound was assayed against DnaG in two independent
replicates at a concentration of 100uM. Full assay conditions are provided in Appendix [C] Normalized
inhibition scores were averaged to produce a final activity score, where higher scores indicate stronger DnaG
inhibition, and a compound was classified as active if it induced more than 50% inhibition of DnaG. As
shown in Fig. [Bh, 10 of the 136 compounds tested were confirmed to be active, corresponding to a hit rate of
7.4%. This substantially exceeds the typical hit rates observed in unguided random screening campaigns,
demonstrating that FlashBind’s rankings provide actionable enrichment in a prospective setting.

We further evaluated each dnaG inhibitor for whole-cell antibacterial activity using two E. coli inhibition
assays at a concentration of 128ug/mL (Fig. |§|b) The first assay measures E. coli cell viability upon
compound treatment alone, while the second assay co-administers a sub-inhibitory concentration of polymyxin
B (PMB) to permeabilize the outer membrane. The goal of the second assay is to isolate intracellular target
inhibition from membrane permeability, since the screening process did not take into account permeability.
Among the 10 confirmed hits, 4 compounds exhibited strong EC+PMB inhibition (> 50%) alongside high
DnaG inhibition, demonstrating that FlashBind can effectively prioritize compounds with genuine whole-cell
antibacterial potential. All 10 confirmed hits span structurally diverse chemotypes (Fig. @c), for example,
BRD-K00003155 combines potent DnaG inhibition with whole-cell activity within a compact, drug-like
scaffold, illustrating that FlashBind captures genuine binding signals rather than overfitting to a narrow
chemical series.

5 Discussion and Conclusion

We presented FlashBind, a lightweight geometric framework that resolves the long-standing efficiency-accuracy
trade-off in structure-based virtual screening. By occupying the optimal region of the Pareto frontier, it attains
the early-enrichment capability of large-scale foundation models with a 50-fold reduction in inference latency,
making high-fidelity screening of massive libraries accessible to laboratories without immense computational
resources.

Our findings challenge the assumption that heavy-weight, end-to-end structure generation is a prerequisite for
high-accuracy scoring. The success of FlashBind indicates that precise conformational sampling via expensive
diffusion models is not strictly necessary for hit identification: a lightweight F/(3)-equivariant encoder can
capture the protein-ligand interactions present in fast docking priors such as FABind+ (Gao et al.| [2025),
relying on robust geometric features like heavy-atom contact patterns rather than precise atomic coordinates
that demand explicit hydrogen or solvent modeling. Equally, scale alone is insufficient: our expanded training
set was only effective when coupled with rigorous filtration to suppress experimental noise, suggesting that
data quantity and quality control must be pursued together.

This robustness extends to other biological tasks. In the antibiotic discovery and enzyme specificity campaigns,
where foundation models frequently suffered from negative transfer between stable crystal structures and
complex enzymatic assays, FlashBind maintained high predictive validity; by prioritizing explicit local
geometric constraints, it mitigates overfitting to the protein families and eukaryotic targets that dominate
standard training sets. The same task-agnostic encoder also extends to affinity regression (Appendix ,
where it surpasses traditional baselines but does not consistently match Boltz-2 (Passaro et al., 2025)), a gap
our ablation (Appendix attributes to training-data provenance rather than architecture.

The modular design underlying FlashBind’s efficiency also defines its principal limitation: its predictive
ceiling is bounded by the fidelity of the upstream docking oracle. Where FABind+ fails to produce a plausible
pose, under significant conformational plasticity or at cryptic binding sites, the downstream EGNN (Satorras
et al., 2022) may process incorrect geometric signals. Future work will reduce this dependency via lightweight
flexible-docking modules and more expressive geometric networks that capture higher-order many-body
interactions over broader bioactivity datasets. Taken together, FlashBind offers a scalable, accurate, and
physically grounded framework that redefines the practical limits of structure-based virtual screening.
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A Binding Affinity Prediction

While the main text focuses on the binary classification task for high-throughput virtual screening, the
geometric encoder of FlashBind is inherently task-agnostic. To adapt the framework for quantitative binding
affinity prediction (regression), we replaced the binary classification head with an architecturally identical
Multi-Layer Perceptron (MLP) regression head, simply removing the final sigmoid activation function to
produce a continuous scalar output. In this section, we demonstrate the model’s capability in this regime and
investigate the impact of encoder architecture on performance.

A.1 Data Curation and Filtering

To train the model for continuous affinity prediction (e.g., K;, K4, IC50), we utilized the SAIR dataset (Lemos
et al.l |2025)), a large-scale synthetic structural dataset integrating data from ChEMBL (Zdrazil et al., [2023)
and BindingDB (Liu et al.l [2006)). Our curated training set comprises 796,557 protein-ligand pairs, covering
28,821 proteins and 403,124 unique ligands.

Unlike the binary classification task where assays were merged to maximize chemical diversity, for the
regression task, we strictly grouped entries by their unique assay identifier defined by the combination of
protein (UniProt ID) (Consortium, 2024)), source (ChEMBL or BindingDB), and description. This
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ensures that all data points within a group originate from a single assay with a consistent experimental setup,
as continuous affinity values are highly dependent on specific experimental contexts.

We applied a rigorous filtration pipeline focusing on both label reliability and structural quality:

Label Quality Filtering Following the protocol of Boltz-2, we applied the following filters to each assay
group:

o All affinity values were standardized to a common logarithmic scale relative to a 1 uM baseline.

o We discarded assays where the mean pairwise Tanimoto similarity (using ECFP4 Morgan finger-
prints) (Rogers & Hahn| 2010]) between compounds was below 0.25. Such assays lack a discernible
chemical series, making them uninformative for learning structure-activity relationships.

e« We removed assays with fewer than 10 data points, fewer than 10 unique affinity values, or a
unique-to-total ratio below 0.2.

o We discarded assays where the standard deviation of internal affinity values was below 0.25 (log
scale), as a narrow activity range provides insufficient signal for regression.

o Assays containing extreme affinity values (less than 1076 ;M) were discarded to prevent artifacts
from unit inconsistencies.

Structural Quality Filtering For each protein-ligand complex, SAIR provides candidate structures
predicted by Boltz-1x (Wohlwend et al.l [2024]). We filtered individual data points based on structural fidelity:

e We discarded entries where the mean ipTM of the predicted structure was < 0.5, indicating low
confidence in the binding interface.

o We discarded entries where the PoseBusters (Buttenschoen et al., 2023) pass rate across the five
predicted poses was < 0.5 (i.e., fewer than three poses passed consistency checks).

The threshold of 0.5 was chosen as a deliberate trade-off between rigor and data retention, ensuring that the
retained structures are physically plausible while maintaining a dataset scale sufficient for training.

Validation and Test Sets To prevent data leakage, we removed any protein from the training set sharing
> 90% sequence identity with proteins in the validation or test sets, and any ligand with a Tanimoto similarity
> (0.4 to active ligands in the test set.

e Validation: Constructed by randomly holding out all data points from 20 diverse assays in the
SAIR dataset.

o Test: We evaluated performance on three benchmarks identical to those used in Boltz-2: the
OpenFE subset (Gowers et al.| [2023), a 4-target subset (CDK2, TYK2, JNK1, P38) of the
FEP+ benchmark (Hahn et al., [2022)), and the blind CASP16 benchmark (Gilson et al. 2025)).

A.2 Training Objective and Inference

Composite ranking objective. Because binding affinity is reported on assay-specific scales, absolute
values are far less transferable across experiments than the relative ordering of compounds within a single
assay. We therefore train the regression head with a composite objective that weights pairwise ranking
accuracy over absolute error (Huber} [1992)):

Eafﬁnity =09- »CHuber(yi — Y5, @Z - gj) +0.1- CHuber(yh gl) ) (]-)

where (i,7) index two compounds drawn from the same assay group (Appendix . The first term
penalizes errors in the predicted pairwise difference and dominates the loss, while the second term anchors
the predictions to the absolute scale. This emphasis on intra-assay ranking aligns the training signal with
the lead-optimization use case, where prioritizing compounds within a series matters more than exact Ky
recovery.
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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 keal/mol of the experimental
value. Baseline data sourced from Boltz-2.

Dataset Method Pearson R 1T Kendall 7t PMAE | MAE | PW17 Pw21
non-cent. cent. non-cent. cent. non-cent. cent.
Boltz-2 0.62 0.46 0.93 1.22 0.64 0.49 0.80 0.82 0.96
OnenFE BACPI 0.29 0.19 1.21 1.44 0.85 0.40 0.67 0.74 0.94
pe GAT 0.28 0.20 1.30 1.42 0.91 0.40 0.64 0.75 0.92
FlashBind 0.44 0.33 1.13 1.46 0.79 0.39 0.71 0.71 0.95
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
FEP+ (4 targets) — ap 0.40 0.28 1.07 1.19 0.71 0.43 0.72 0.86 0.95
FlashBind 0.53 0.38 1.10 1.44 0.76 0.39 0.71 0.74 0.95
Boltz-2 0.65 0.45 1.36 1.28 0.95 0.48 0.61 0.81 0.90
CASP16 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
FlashBind 0.65 0.51 1.14 1.21 0.88 0.29 0.68 0.94 0.94

Molecular-weight bias correction. Structure-based scoring functions are known to exhibit a systematic
bias toward larger ligands, as additional atoms tend to inflate raw interaction scores irrespective of true
binding strength. To mitigate this, we apply a post-hoc polynomial correction to the ensemble-averaged
predictions as a function of ligand molecular weight (MW), fitted on the validation set and applied at inference.
This calibration removes size-correlated artifacts without retraining and is applied only to the regression task;
the classification setting, which operates on within-assay ranking of pying, does not use it.

A.3 Benchmarking Results

We compared our method FlashBind against the state-of-the-art foundation model Boltz-2, as well as
sequence-based (BACPI) (Li et all 2022) and ligand-only (GAT) baselines.

The comprehensive results are summarized in Table [[] FlashBind consistently and significantly outperforms
the non-structural baselines across all datasets. For instance, on the FEP+ 4-target benchmark, our model
achieves a Pearson’s R of 0.53, a substantial improvement over the sequence-based BACPI (0.14). This
performance gap underscores the effectiveness of our geometric encoder in leveraging 3D structural information
for affinity prediction.

When compared to the computationally intensive Boltz-2 model, our lightweight approach achieves competitive
performance, particularly in ranking metrics. This is most evident on the blind CASP16 benchmark, where
FlashBind’s rank correlation matches and slightly exceeds that of Boltz-2 (Kendall’s 7 of 0.51 vs. 0.45),
highlighting its strong generalization capability in challenging, blind evaluation settings. While Boltz-2
generally yields lower absolute errors on the OpenFE and FEP+ benchmarks, FlashBind’s performance
remains comparable, validating its utility as an efficient alternative for rapid affinity estimation.

A.4 Ablation of Encoder Architecture

To further investigate the performance gap between FlashBind and Boltz-2 observed in the affinity prediction
benchmarks, we conducted an additional ablation study focusing on the model’s encoder capacity. A
potential hypothesis for the performance difference is that the F(3)-equivariant Graph Neural Network
(EGNN) (Satorras et al.,|2022) used in FlashBind might lack the representational power of the computationally
heavier PairFormer architecture employed by Boltz-2.

To test this hypothesis, we developed a variant of our model, denoted as FlashBind (PairFormer). In
this variant, we replaced the EGNN encoder with a PairFormer module with hyperparameters similar to
the Boltz-2 affinity head, while keeping the rest of the pipeline identical (i.e., using FABind+ generated
structures as input and the same MLP prediction head).
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The results are summarized in Table Contrary to the expectation that a more complex architecture
would yield significant gains, the PairFormer variant demonstrated negligible performance improvements
compared to the standard EGNN-based FlashBind. For instance, on the OpenFE dataset, the Pearson’s R
only marginally fluctuated (from 0.44 to 0.43), and on the FEP+ 4 benchmark, the performance remained
statistically comparable.

Consequently, this result validates our architectural choice: the EGNN provides a much more favorable
trade-off, offering comparable accuracy to a Transformer-based architecture at a fraction of the computational
and memory cost. Furthermore, this finding implies that the remaining performance gap between FlashBind
and Boltz-2 on affinity regression tasks is unlikely to originate from architectural differences. A more plausible
explanation lies in the disparity of training data: Boltz-2 is trained on a proprietary, rigorously curated
dataset that is approximately 1.5x larger than our training set derived from SAIR (Lemos et al., |2025), and
likely contains substantially fewer noisy labels. This data advantage, rather than the sophistication of the
scoring network, is the more probable driver of Boltz-2’s stronger affinity prediction performance.

Table 2: Ablation study on encoder architecture. Detailed performance comparison between the
proposed EGNN-based scoring module and a computationally heavier PairFormer-based variant across three
benchmarks. The results indicate that increasing the encoder complexity yields negligible performance gains.

Dataset Method Pearson R 1 Kendall tau1 PMAE | MAE | Pwit Pw21
non-cent. cent. non-cent. cent. non-cent. cent.
OnenFE FlashBind (EGNN) 0.44 0.33 1.13 1.46 0.79 0.39 0.71 0.71 0.95
pe FlashBind (PairFormer) 0.43 0.32 111 0.84 0.76 0.32 0.61 0.74 0.95
FEP+ 4 targets FlashBind (EGNN) 0.53 0.38 1.10 1.44 0.76 0.39 0.71 0.74 0.95
ATECYS PlashBind (PairFormer) 0.53 0.39 113 1.39 0.78 0.47 0.68 0.79 0.97
CASP16 FlashBind (EGNN) 0.65 0.51 1.14 1.21 0.88 0.29 0.68 0.94 0.94
FlashBind (PairFormer) 0.71 0.53 119 1.28 0.89 0.68 0.71 0.94 0.97

B Details about the Methods

This section supplements the "Methods" section by providing specific hyperparameters, feature definitions,
and algorithmic logic used for graph construction and model training.

B.1 Node Featurization

To construct the node representations for the EGNN, we generate initial features for proteins and ligands
using distinct pipelines before projecting them into a unified space.

Protein Features We utilize the ESM-3 (Hayes et al., 2025 language model (esm3_sm_open_v1) to
capture sequence-based semantics. We extract the representation from the final hidden layer for each residue.
To map these residue-level embeddings to the atomic graph, we broadcast the embedding of a residue to
all its constituent atoms. These embeddings serve as the initial sequence features and are computationally
efficient to generate, given the limited number of unique protein targets in screening tasks.

Ligand Features We adopt a featurization pipeline same to torchdrug (Zhu et al., |2022) using RD-
Kit (Landrum et al., [2025)). For each ligand atom, we extract a feature vector consisting of the following
one-hot encoded chemical properties:

e Atom symbol (e.g., C, N, O, S, F, CI, etc.).
o Atom degree (number of heavy-atom neighbors).
e Total number of attached hydrogen atoms.

e Implicit valence.
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e Formal charge.
o Aromaticity (boolean flag).

This pipeline is highly optimized for CPU execution, processing over 800 ligands per second, which allows for
on-the-fly feature generation during training.

Unified Representation Protein and ligand features are projected into a common hidden dimension via
separate linear layers and concatenated to form a base embedding. This base embedding is further augmented
by concatenating: (1) One-hot encodings for atom type and residue type; (2) A binary indicator for molecule
type (protein vs. ligand); (3) Positional encodings representing the residue’s sequence index.

B.2 Pocket Cropping

We apply a deterministic, budget-constrained cropping algorithm to isolate the binding interface. The
algorithm operates in a greedy manner to select a subset of protein residues P based on spatial proximity to
the ligand, subject to an atom budget B, = 2048 and a residue budget B, = 512.

The procedure is as follows:

1. Initialization: Calculate the effective budgets for the protein by subtracting the number of ligand
atoms: B), = B, — |Ar| and B, = B, — |AL|.

2. Distance Calculation: For every protein residue, calculate the minimum Euclidean distance
between any of its atoms and ligand center.

3. Sorting: Sort all protein residues in ascending order of this distance.

4. Greedy Selection: Iterate through the sorted list. Add a residue to the pocket candidates Pyydget
if adding it does not exceed B! or B..

5. Distance Filtering: Filter Pyyqge¢ to retain only residues within a cutoff dyax = 20.0 A, forming
the set Pgjst-

6. Robustness Fallback: If |Pgst| < kmin (where kpin = 100), ignore the distance cutoff and return

the top kmin closest residues from Pyyqger to prevent creating overly sparse graphs.

B.3 Edge Construction

Inspired by MEAN (Kong et al.l [2023), edges are constructed to capture interactions at multiple scales. All
edges are directed. If the total number of edges exceeds the budget B, = 16384, the edge list is truncated
based on the priority scheme described below.

Edge Categories

o Internal Edges (Einternal):

— Ligand Covalent: Single, double, triple, and aromatic bonds derived from the molecular graph.
— Protein Covalent: Intra-residue bonds based on standard amino acid templates.
— Protein Sequential: Connections between Ca atoms of adjacent residues (k to k + 1).

o External Edges (Eexternal):
— Protein-Ligand Prozimity: Connected if Euclidean distance ||x; — X;|| < deross (10.0 A).
o Auxiliary Edges (Eaux):

— Global: Connections from global virtual nodes (vp,vr,) to all respective atoms, and between vp
and VL.
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— Protein Spatial: Connections between atoms of different residues if distance < dprotein (4.0 A).

— Ligand LAS (Local Atomic Structure): Virtual edges between ligand atoms within a 2-hop
covalent distance or within the same ring.

Priority Scheme To ensure critical interactions are preserved under the edge budget, edges are added in
the following strict priority order (highest to lowest):

External (Protein-Ligand) > Global > Ligand Covalent > Protein Sequential > Protein Covalent > Ligand
LAS > Protein Spatial.

B.4 Group-Based Sampling

To optimize training stability across diverse datasets, we employ a group-based mini-batch sampling strategy.
Each training batch (B = 20) consists of multiple independent groups (N = 5 samples per group), where all
samples in a group originate from the same experimental assay.

The sampling procedure is performed as follows:

1. Assay Filtering: Prior to training, we discard invalid assays. Binary assays must contain at least
one binder and one decoy. Affinity assays must contain at least two ligands.

2. Dataset Selection: For each batch, a dataset is selected based on predefined probabilities.

3. Group Population:

e For Binary Datasets: An assay is sampled uniformly at random. A group is formed by sampling
1 binder and 4 decoys (1:4 ratio) from that assay.

o For Affinity Datasets: Assays are sampled with probability proportional to the Interquartile
Range (IQR) of their affinity values. A group is formed by uniformly sampling N ligands from
the selected assay.

4. Replacement: Sampling is performed without replacement by default, automatically switching to
replacement if the pool size is insufficient.

This strategy ensures that the model learns from consistent experimental contexts while balancing class
distribution for screening tasks and prioritizing informative dynamic ranges for regression tasks.

B.5 Optimizer Strategy

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

For the virtual screening 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 optimizer (Jordan et al.,
2024)). This allowed us to apply a high learning rate of 2 x 1073 and a weight decay 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 optimizer (Kingma & Bal
2017) with more conservative hyperparameters (8, = 0.9, B2 = 0.95, and a weight decay of 1 x 1073).

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.

Finally, for the enzyme-substrate interaction task, we strictly adhered to the hyperparameter settings of the
baseline method, EZSpecificity, to ensure a rigorous and fair comparison. Consequently, we employed the
standard AdamW optimizer with a learning rate of 3 x 10~% for all model parameters.
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C Experimental Protocols

This section provides the full experimental conditions for the prospective wet-lab validation, covering the
E. coli DnaG inhibition assay, the whole-cell antibacterial assay, and compound sourcing.

C.1 E. coli DnaG Inhibition Assay

Inhibition of E. coli DNA primase (dnaG) was assessed using an in vitro assay developed by ProFoldin
(Hudson, MA), following the manufacturer’s instructions. The assay is based on the measurement of the
RNA primers synthesized by DNA primase in the presence of DNA template and NTPs. For screening
experiments, reactions were performed using 40ul of reaction mixture including 24ul ultrapure Milli-Q water,
4pl of 10x assay buffer, 4ul of 10x DNA template, 4ul of 10x enzyme, and 4ul of 10x NTP mix, resulting
in final concentrations of 10mM HEPES (pH 7.5), 5mM magnesium sulfate, 0.5mM dithiothreitol, 0.003%
Brij-35, 100nM DNA, 0.5mM NTPs, and 100nM enzyme. 36ul of diluted buffer containing enzyme and NTP
mix was plated into standard black 384-well plates (Corning 3575). Where applicable, 0.8l of test compound
(or DMSO as a negative control) was added, and plates were incubated at room temperature for at least
5min. Four ul of 10x DNA template was then added to each reaction. For generating standard curves, the
amount of substrate (DNA template) added was decreased in proportion to activity. Plates were incubated
at 37°C for 2h. The provided 10x fluorescence dye was diluted 10-fold with ultrapure Milli-Q water. After
incubation, 60ul of 1 dye was added to each reaction, and mixtures were incubated at room temperature
for 5min. The fluorescence excitation/emission at 485/535nm was then measured using a SpectraMax M3
plate reader. For each sample, activity was determined by linear interpolation with respect to the standard
curves provided that the resulting fluorescence intensity value fell within the standard curve range. Otherwise,
fluorescence intensity values below that of the zero standard were clipped to that of the zero standard, and
fluorescence intensity values above that of the highest standard were linearly extrapolated with respect to that
of the highest standard. For subsequent validation dose-response experiments, half the indicated reaction
volumes—that is, 20ul for each reaction mixture—was used, and 40ul of 1x dye was added to each reaction.

C.2 E. coli Inhibition Assay

To test the antibacterial activity of each compound, we grow FE. coli cells overnight in 3 mL LB medium
and diluted 1/10,000 into fresh LB. In 96-well flat-bottom plates (Corning), cells are then introduced to
compound at an initial concentration of 128ug/mL, either mixed or not mixed with 32ug/mL polymyxin
B nonapeptide. The plates are then incubated at 37°C without shaking until untreated control cultures
reach stationary phase, at which time plates were read at 600 nm using a SpectraMax M3 plate reader. Cell
viability values are normalized by the mean of two DMSO controls.

C.3 Compound Preparation

Compounds with high purity were procured from the Broad Institute Center for the Development of
Therapeutics.

D Detailed Results

This section provides the detailed numerical data corresponding to the figures presented in the main text,
including specific Enrichment Factor (EF) values for virtual screening, precise inference speed measurements,
and fine-grained performance breakdowns for enzyme families.

D.1 Virtual Screening Performance

We present the comprehensive metrics for the MF-PCBA benchmark (Fig. [3|in main text). Table |3| details
the performance of FlashBind against primary baselines, and Table [4] provides the detailed results for the
ablation study and comparison against various docking and rescoring strategies.
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Table 3: Performance comparison on the MF-PCBA benchmark for binder classification. Our model
demonstrates competitive performance, particularly in enrichment factors, compared to established baselines.
All baseline data is taken from original Boltz-2 publication. AUROC is computed globally across all targets.

Method AUROC*+ EF at 0.5% 1t EF at 1% 1+ EF at 2% 1 EF at 5% ©
Boltz-2 0.8056 18.3916 13.9540 10.5706 7.0448
BACPI 0.7205 9.4818 9.2397 7.3983 9.5533
GAT 0.7867 11.1279 8.9897 7.5630 5.9055
Chemgauss4 0.5706 1.9969 2.2257 2.1136 1.6462
Boltz-2 iptm 0.6134 2.4242 3.1728 2.6881 2.2263
FlashBind 0.7826 16.2832 14.1343 9.4587 6.7300

Table 4: Ablation study and extended comparison on MF-PCBA subset. This table details the
performance of various architectural variants and traditional docking methods. “Boltz-2 (FABind+)” indicates
Boltz-2 scoring using FABind+ poses. “FlashBind (Boltz trunk)” uses the Boltz-2 trunk for feature extraction.
AUROC is computed globally across all targets.

Method AUROC*t EFat 0.5% 1t EFat 1%t EFat 2%t EF at 5% 1
Boltz-2 0.7788 15.3087 10.4519 8.2599 7.1524
Boltz-2 (FABind+) 0.7852 16.1420 11.1186 77377 6.4675
Boltzina 0.7699 10.1308 10.0894 7.8458 6.9278
AutoDock Vina 0.5956 5.0000 3.2143 1.6071 2.8661
AutoDock Vina (RF-Score) 0.4899 0.0000 2.6800 2.2581 2.1325
AutoDock Vina (RF-Score-VS) 0.4668 0.0000 0.9271 0.4589 0.6463
AutoDock Vina (PLEC Score) 0.4817 0.0000 0.0000 0.0000 0.3568
AutoDock Vina (NNScore) 0.5062 0.0000 0.0000 0.3571 0.7389
GNINA 0.5592 2.7767 2.7543 4.0957 2.5896
FlashBind (Boltz trunk) 0.7553 16.0468 12.0458 7.5255 5.6767
FlashBind 0.7778 14.9905 12.8531 7.9154 6.7143

D.2 Computational Efficiency

To quantify the efficiency gains, we benchmarked the inference speed of various methods. Table [5] reports
the average inference time per protein-ligand complex. Measurements were conducted on a single NVIDIA
L40S GPU, averaged over 100 randomly selected samples to account for variance in protein size and graph
complexity.

D.3 Enzyme Specificity Results

Table @] provides the numerical breakdown of the enzyme-substrate specificity performance (AUROC) across
five distinct enzyme families, corresponding to the radar plot in Fig. (b) of the main text. FlashBind
demonstrates robust generalization, particularly in the DUF and Esterase families, outperforming the
foundation model Boltz-2.
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Table 5: Inference time comparison per protein-ligand pair on a single NVIDIA 1L40S GPU. Our full pipeline
offers a 50x speedup over Boltz-2.

Method Boltz-2 BACPI ~ GAT  Chemgauss4 AutoDock Vina GNINA  Boltzina FlaSh-Bm.d Fla.Sthd
(Full Pipeline) (Scoring Only)
Avg. Time (s) 35 0.00065  0.00028 25 4.5 5 6.5 0.7 0.025

Table 6: AUROC performance on specific enzyme families (ESIBank). FlashBind consistently

matches or outperforms baselines across diverse enzyme categories, including those with sparse data (e.g.,
DUF).

Enzyme Family (AUROCQC)

Method

DUF  Glycosyltransferase Thiolase Phosphatase Esterase
Boltz-2 (Binary Prob.)  0.5468 0.7440 0.5307 0.6219 0.5755
Boltz-2 (Affinity Val.)  0.4409 0.6042 0.5545 0.4882 0.4101
ESP 0.4594 0.5878 0.6439 0.5921 0.5091
EZSpecificity 0.7067 0.7972 0.5970 0.6741 0.8035
FlashBind 0.7216 0.7688 0.7067 0.7010 0.7869
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