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ABSTRACT

Molecular docking that predicts the bound structures of small molecules (ligands)
to their protein targets, plays a vital role in drug discovery. However, exist-
ing docking methods often face limitations: they either overlook crucial struc-
tural changes by assuming protein rigidity or suffer from low computational ef-
ficiency due to their reliance on generative models for structure sampling. To
address these challenges, we propose FABFlex, a fast and accurate regression-
based multi-task learning model designed for realistic blind flexible docking sce-
narios, where proteins exhibit flexibility and binding pocket sites are unknown
(blind). Specifically, FABFlex’s architecture comprises three specialized modules
working in concert: (1) A pocket prediction module that identifies potential bind-
ing sites, addressing the challenges inherent in blind docking scenarios. (2) A
ligand docking module that predicts the bound (holo) structures of ligands from
their unbound (apo) states. (3) A pocket docking module that forecasts the holo
structures of protein pockets from their apo conformations. Notably, FABFlex
incorporates an iterative update mechanism that serves as a conduit between the
ligand and pocket docking modules, enabling continuous structural refinements.
This approach effectively integrates the three subtasks of blind flexible dock-
ing—pocket identification, ligand conformation prediction, and protein flexibility
modeling—into a unified, coherent framework. Extensive experiments on public
benchmark datasets demonstrate that FABFlex not only achieves superior effec-
tiveness in predicting accurate binding modes but also exhibits a significant speed
advantage (208 x) compared to existing state-of-the-art methods. Our code is re-
leased at https://github.com/tmlr-group/FABFlex.

1 INTRODUCTION

Molecular docking is a pivotal technology in drug discovery, aiming at predicting the binding struc-
tures of ligand-protein complexes to elucidate how drug-like small molecules (ligands) interact with
target proteins (Morris et al., 1996; Morris & Lim-Wilby, 2008; Agarwal & Mehrotra, 2016). Over
the past decades, the development of molecular docking has seen continuous breakthroughs, evolv-
ing from traditional simulation software grounded in the principles of physics and chemistry to
recent deep learning-based methods (Crampon et al., 2022). Traditional methods typically utilize
empirical energy scoring functions to rank numerous searched conformations (Trott & Olson, 2010;
Friesner et al., 2004; McNutt et al., 2021; Koes et al., 2013), often resulting in excessive processing
times and heavy computational burdens.

The shift towards deep learning-based docking approaches represents a significant transformation
in the field, offering an alternative pathway for exploring protein-molecule interactions. Despite
technological advances, a substantial number of these methods (Lu et al., 2022; Zhang et al., 2023;
Stérk et al., 2022; Zhou et al.; Pei et al., 2024; Gao et al., 2024; Corso et al., 2023) rely on the rigid
docking paradigm, which assumes that proteins are rigid and remain static during the docking pro-
cess. This simplification contradicts the physiological reality of molecular docking, where proteins
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Holo Protein Apo Protein (AlphFold2) . Holo Ligand Ligand Predicted by FABind

Figure 1: The two cases illustrate our motivation. These two cases, involving PDB 6HHJ and PDB
601IM, highlight the structural discrepancy between apo proteins (AlphaFold2) and holo proteins.
In the two cases, existing rigid docking method FABind (Pei et al., 2024) yields incorrect molecular
docking results when apo proteins are inputted as direct substitutes for the original holo proteins.

exhibit significant flexibility and dynamic behavior (Henzler-Wildman & Kern, 2007; Lane, 2023;
Popovych et al., 2006), thereby restricting the practical applicability of these methods in real-world
scenarios. Consequently, it is imperative to explore and develop flexible docking methods that more
faithfully reflect the realistic docking process (Sahu et al., 2024).

The advent of AlphaFold series (Senior et al., 2020; Jumper et al., 2021; Abramson et al., 2024) has
revolutionized the technology of protein structure prediction, enabling precise 3D protein structure
predictions without relying on laborious methods such as X-ray crystallography (Ilari & Savino,
2008), or cryo-electron microscopy (Bonomi & Vendruscolo, 2019). Yet, integrating AlphaFold-
predicted apo structures into existing docking workflows remains challenging. For instance, as
two cases shown in Fig. 1, a notable discrepancy often exists between the AlphaFold2-predicted
apo structures (Jumper et al., 2021) and the actual docked holo structure. Moreover, existing rigid
docking methods (Lu et al., 2022; Pei et al., 2024) often yield wrong docking results when the
AlphaFold2-predicted apo proteins are used as direct substitutes for previously used holo protein.

Recent flexible docking methods (Lu et al., 2024; Huang et al.; Zhang et al., 2024; Qiao et al., 2024)
predominantly rely on diffusion models and sampling strategy (Yang et al., 2023) due to the strong
distribution modeling capability of generative models. For example, DynamicBind (Lu et al., 2024)
utilizes equivariant geometric diffusion networks with multiple sampling iterations to reconstruct
holo protein structures from AlphaFold2-based conformations. Though effective, the step-by-step
diffusion process and extensive sampling requirements inherently reduce computational efficiency.
In contrast, regression-based methods (Lu et al., 2022; Zhang et al., 2023; Stérk et al., 2022), offer
a faster alternative by directly predicting the bound structures of protein-ligand complexes using
well-designed neural networks. Notably, regression-based approaches have not yet been explored
for flexible docking scenarios. Within this category, the FABind series (Pei et al., 2024; Gao et al.,
2024) is committed to balance docking accuracy with computational efficiency through a multi-
task model. However, the FABind series still adheres to the rigid protein assumption, limiting its
efficacy in realistic flexible docking scenario. Consequently, the challenge of developing a method
that combines both accuracy and speed for blind flexible docking remains largely unexplored.

In this study, we propose FABFlex, a regression-based multi-task learning model crafted to achieve
both Fast and Accurate Blind Flexible docking. Specifically, FABFlex consists of three designed
modules, each targeting a subtask decomposed from the process of blind flexible docking: (1) a
pocket prediction module that identifies binding pocket sites; (2) a ligand docking module that pre-
dicts the structure of holo ligand; (3) a pocket docking module that predicts the structure of holo
pocket. Each module is built using an E(3)-equivariant graph neural network layer, called “FABind
layer” (Pei et al., 2024), which is tailored to handle the ligand-protein heterogeneous graph. The
operational pipeline of FABFlex begins with the pocket prediction module, which determines the
protein residues constituting the binding pocket, effectively navigating the challenge of the blind
setting. Subsequently, the ligand and pocket docking modules leverage the predicted pocket in-
formation to predict the holo structures of the ligand and pocket, respectively. An iterative update
mechanism facilitates the exchange of structural predictions between the ligand and pocket docking
modules, allowing for further coordinate refinements. Collectively, these three modules function in
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a seamless end-to-end process, allowing FABFlex to simultaneously predict the holo structures of
both the ligand and pocket in a single operation, thus ensuring faster computation.

We conduct experiments on public docking benchmark PDBBInd to evaluate our FABFlex against
a variety of docking methods. Compared to the baselines, FABFlex effectively increases the per-
centage of ligand RMSD belowA2to 40.59% and reduces the pocket RMSD to A1MWotably,
FABFlex signi cantly accelerates the computational speed, approximately 208 times faster than the
recent state-of-the-art exible docking method, DynamicBind (Lu et al., 2024).

2 REeLATED WORK

Molecular docking. As a cornerstone of drug discovery, molecular docking, often synonoymous
with ligand-protein docking, focuses on the interactions between ligands and proteins. Traditional
methods like Vina (Trott & Olson, 2010), Smina (Koes et al., 2013), Glide (Friesner et al., 2004),
Gnina (McNutt et al., 2021) and Gold (Jones et al., 1997), use physics-based scores to analyze
these interaction, which, though effective, tend to be computationally intensive. Recent progress
in geometric deep learning has sparked the development of deep learning-based docking strate-
gies (Crampon et al., 2022), which can be broadly categorized into regression-based and sampling-
based methods. Regression-based methods like EquiBiack(&tal., 2022), TankBind (Lu et al.,
2022), E3Bind (Zhang et al., 2023) and FABind (Pei et al., 2024) leverage various geometric neu-
ral networks to directly predict binding structures. Conversely, sampling-based methods like Diff-
Dock (Corso et al., 2023), manipulate the rotation, translation and torsion of ligands using diffusion
models. These methods generally simplify the problem by assuming protein rigidity, neglecting the
dynamic nature of protein in realistic docking scenarios.

Flexible molecular docking. Recent methods in exible docking, such as DynamicBind (Lu et al.,
2024), ReDock (Huang et al.), PackDock (Zhang et al., 2024) and NeuralPLexer (Qiao et al., 2024),
are primarily based on diffusion models with sampling strategy. For example, DynamicBind (Lu
et al., 2024) uses equivariant geometric diffusion networks to reconstruct the holo structures of both
ligand and protein from their apo states. ReDock (Huang et al.) adopts the neural diffusion bridge
model that employs energy-to-geometry mapping on geometric manifolds to predict protein-ligand
binding structures. While these methods effectively enhance the docking performance, they suf-
fer from the typical aws associated with diffusion models and multi-round sampling strategy, i.e.,
low computational ef ciency. This limitation impedes the scalability of these methods in assessing
extensive volumes of potential, unknown molecule-protein interactions, which are crucial for ad-
vancing drug discovery. In this paper, we attempt to provide a regression-based solution aimed at
achieving both fast inference and high docking accuracy.

3 METHODOLOGY

3.1 PROBLEM STATEMENT AND PRELIMINARY

Notations. Each ligand-protein complex is denoted as a heterogeneous @aph fV =
(V';VP).E := (E';EP;EP)g, whereV andE denote the sets of nodes and edges, respectively.
Speci cally, in the ligand subgrap® = V' E'g, each node; = (h;;x;) 2 V' corresponds

an atom of ligand, witth; 2 Rd representing the pre-extrated feature by TorchDrug (Zhu et al.,
2022) andx; 2 R® specifying its spatial coordinate. The edge Beencompasses the chemical
bonds within the ligand. In the protein subgra@gh = fV P; EPg, each node; = (h;;x;) 2 VP
represents a residues, with 2 R derived from ESM-2 (Lin et al., 2022) as the pretrained
feature, and; 2 R?® indicating the coordinate of th€ atom in the residue. The edge set

EP connects residues that are within @A distance. Additionally, the set of external interface
edges, denoted &8P, comprises edges that connect nodes from the ligand/'sév the pro-

tein setVP when they are spatially withidOA of each other. When speci cally focusing on

the true pocket region, the ligand-pocket complex is depicted as a reduced heterogeneous graph
G =1V :=(V;VP)E = (E;EP ;EP )g, whereVP ;EP andEP are derived from the
subsets of the protein that constitutes the pocket. Similarly, a hat is used in the notation to represent
the predicted pocke = f¥ :=(V';¥P );E = (E;EP ;EP )g.
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Figure 2: The overview of proposed FABFlex model, which consistspafcket prediction moduje

a ligand docking moduleand apocket docking moduleThe pocket prediction module identi es
pocket residues within the protein. Based on the predicted binding pocket sites, the ligand docking
module and pocket docking module predict the holo structures of the ligand and pocket, respectively.
An iterative update mechanisfacilitates the exchange of predictions between the ligand and pocket
docking modules, enabling further coordinate re nements. These modules work together within a
uni ed end-to-end model for the blind exible docking scenario, i.e., “(apo protein, apo lighnd)
(holo pocket, holo ligand)”.

Blind Flexible Docking. Given an unbounded pair of conformations: ego ligandrandomly ini-
tialized by RDKit (Landrum et al., 2013) and apo proteinpredicted by AlphaFold2 (Jumper et al.,
2021), the aim of blind exible molecular docking is to predict the bound structure of ligand-pocket
complex, i.e.,holo ligand andholo pocketdenoted ag = ff Xig; | n;fRj01 j ne 9, Where

n' = jv'jandn®P = jVP j indicate the number of ligand atoms and pocket residues respectively.
Unlike most existing studies that assume protein rigidity (Pei et al., 2024) or rely on pre-known
pocket sites (Zhang et al., 2024), the blind exible setting re ects the challenges encountered in
real-world molecular docking scenarios.

Fundamental Component: FABind Layer. FABind (Pei et al., 2024) and its enhanced version,
FABind+ (Gao et al., 2024), establish an end-to-end deep learning framework that simultaneously
predicts binding pocket sites and holo ligand structure under rigid setting. The fundamental ge-
ometric graph neural network used in both two approaches is called “FABind layer”, denoted as
F( ), which is an improved E(3)-equivariant graph neural networks (EGNN) (Satorras et al., 2021)
tailored for ligand-protein complex graph. Th¢éh FABInd layer is denoted as follows:

hi(|+1) ;hj(|+1) ;Xi(l+1) ;Xj(|+1) ;pi(j|+1) - F(hi(l);hj(l);xi(l);xj(l);pi(jl)); )
wherep; 2 RY is the pair embedding of the ligand-protein node [Kainvy) 2 V! vV P and

d is the hidden size. Similar to general graph neural networks (Wu et al., 2020), we can stack
multiple FABInd layers to extract deeper features and capture high-order information within the
graph. Inspired by the fast inference of the FABind series methods, we employ the FABInd layer as
our fundamental component in constructing each module of our FABFlex.
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3.2 FABHEX

3.2.1 DeSIGNPHILOSOPHY

The design philosophy of FABFlex centers on achieving both high ef ciency and accuracy in blind
exible docking task, which can be decomposed into three key subtasks: identifying pocket sites,
predicting the bound holo structure of ligand, and predicting the bound holo structure of pocket.
Speci cally, the rst subtask can be modelled as a binary classi cation problem to determine which
protein residues form the docking pocket, while the other two subtasks are 3D coordinate regression
problems. To pursue faster docking computation, the FABFlex model is designed to predict the
docking results in a single-pass operation, without requirements of extensive sampling and repetitive
computations. Additionally, FABFlex aims to operate without relying on external tools that could
add extra computational overhead, such as the pocket detection tool P2Rardék (&riktoksza,

2018), which is used in existing studies (Lu et al., 2022; Zhang et al., 2023) to detect candidate
pocket sites. According to above philosophy, the FABFlex model builds on an end-to-end multi-task
learning framework tailored for blind exible docking.

3.2.2 ARCHITECTURE OFFABFLEX

An overview of the proposed FABFlex model is illustrated in Fig. 2. Designed to tackle the intricacy
of blind exible docking, FABFlex employs a collaborative architecture consisting of three special-
ized modules: (1) gocket prediction moduledenoted adM s(); (2) aligand docking module
denoted a®l | (); (3) apocket docking modulelenoted a$/ p (). All modules are implemented
using stacked FABInd layers, while each tailored to a speci ¢ subtask decomposed from blind ex-
ible docking. Speci cally, the pocket prediction module is responsible for identifying the residues
that form the pocket, addressing the “blind” issue, as formulated below:

901 | ne = Ms(GThi;xigr i n;fhjiXj01 j ne);

2
fvigr j ar =F%  ViOL e 2 0P @

whereGis the ligand-protein grapfig; g1 j ne (95 2 f 0; 19) is an indicator vector predicted by the
pocket prediction module to locate the pocket sif¥s, denotes the predicted set of pocket residues
andAP = jOP j, symbolizes the selection operation based on the indicator vector. The predicted
pocket sites by pocket prediction module enable the subsequent ligand and pocket docking modules
to concentrate effectively on the crucial pocket area, narrowing the large ligand-protein graph to a
more targeted ligand-pocket graph.

The ligand docking module and the pocket docking module cater to the “ exible docking” by pre-
dicting the bound structures of holo ligand and holo pocket respectively, formulated as follows:

20 i v =ML(Gifhisxigr i nifhiX00 ae ); 3)
201 a0 = Mp(Gifhisxigr i nsfhiixjgr j ae );

whereG is the ligand-pocket graphfig; ;| o andf®jg: j ne are predicted structures of ligand

and pocket respectively. In current model, the ligand docking module and the pocket docking module
predict the structures in isolation, which has a gap to re ect the interactive in uence between ligand
atoms and pocket residues in docking process. To rectify this, there is a need for a bridge that
connects the ligand docking module and pocket docking module, enhancing the model to capture
the nature of interactive dynamics of docking.

3.2.3 ITERATIVE UPDATE MECHANISM

To facilitate the exchange of predicted structures between the ligand docking module and the pocket
docking module, we introduce an iterative update mechanism to further promote the coordinate
re nement. Speci cally, the predicted ligand and pocket, which together form the updated ligand-
pocket graph, are fed back into their respective modules to produce new predictionsk-thhis
iterative process can be formulated as follows:

g = MG thirWa ity e );

(4)
fk‘fkﬂ) gij ar = Mp(GW ;fhi;k‘i(k)gl i n';fhj;k‘j(k)gl i oae )

5
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whereG) denotes the ligand-pocket graph updated bykthieiteration's predicted coordinates of

ligand atoms‘k‘i(k)gl i n and pocket residue‘sé-(k)gl i ne , and the number of iteration§ is

a hyperparameter discussed in Appendix C.5. Notably, the update mechanism iterates solely on the
coordinates, excluding the features. Additionally, inspired by AlpahFold2 (Jumper et al., 2021), we
only record the gradient at the nal iteration during training process. These strategies are bene cial
in reducing the memory demands and easing computational burden.

3.2.4 TRAINING LOSS ANDPIPELINE

Training Loss. FABFlex is built on a multi-task learning framework, utilizing multiple losses to
supervise different modules from various aspects. Referring to FABind series (Pei et al., 2024,
Gao et al., 2024), the training loss comprises pocket prediction loss, ligand coordinate loss, pocket
coordinate loss, and distance map constraint loss, formulated as follows:

L= 1 L pocketpred + 2 L ligand.coord + 3 L pocketcoord + 4 L di&map; (5)

where the pocket prediction logs,ocketpred ENCOMpasses a residue classi cation loss and a pocket
center loss. The ligand coordinate ldSgandcoord IS @ Huber regression loss to measure the distance
between predicted and ground-truth coordinates of ligand atoms. Similarly, the pocket coordinate
l0SSL pocketcoord IS @ Huber loss to compute the coordinate distance between predicted and ground-
truth pocket residues. The distance map lbgsmap SUpervises the predicted relative distance of
atom-residue pairs. The details of implement of training loss are provided in Appendix A.1.

Pipeline. Given an apo ligand initilized by RDKit and an apo protein predicted by AlphaFold2,
the ligand is initially positioned at the center of the protein to construct the ligand-protein Graph
This graph is passed through the pocket prediction module to identify the binding pocket residues
fvigr ; e . Navigated by the predicted pocket, the ligand is translated from the protein center to

the pocket center, creating the ligand-pocket gréph This graph is then fed into the ligand and
pocket docking modules, where it undergoes re nement through an iterative update mechanism. At
the nal iteration, the predicted holo structures of ligamtd g, ; , and pockef®;g; ; s are
obtained from their respective docking modules. The pseudo code is provided in Appendix A.2.

Notably, we adopt a partial teacher-forcing (Lamb et al., 2016) strategy during training process.
When passing pocket information from the pocket prediction module to the docking modules, a
probability factomp is set to control whether the true pocket sites (with probalplityr the predicted
pocket sites (with probabilith.  p) are passed to the docking modules. This strategy allows the
model to rely partially on ground-truth pocket sites for stability, while progressively learning to
depend on its own pocket predictions.

4 EXPERIMENTS

4.1 BEXPERIMENTAL SETTING

Dataset Construction. Our experiments are conducted on the widely used public PDBBind v2020
dataset, which contains a comprehensive collection of 19,443 protein-ligand crystal complex struc-
tures with experimentally measured binding af nities. For each complex, we align the protein com-
ponent with its corresponding AlphaFold2-predicted structure to obtain the apo protein conforma-
tions. To ensure consistency with previous work (Pei et al., 2024; Lu et al., 2024), we employ
the same dataset splitting and adhere to similar data preprocessing steps. Speci cally, complexes
deposited before 2019 are utilized as the training set (12,807 complexes) and validation set (734
complexes), while those recorded after 2019 are designated as test set (303 complexes). Additional
data preprocessing details are provided in Appendix B.1.

Baselines.We compare our proposed FABFlex against a spectrum of competitors, which are cate-
gorized into traditional docking software and deep learning docking methods. Within the traditional
software category, we compare against well-established software including Vina (Trott & Olson,
2010), Glide (Friesner et al., 2004) and Gnina (McNutt et al., 2021). For deep learning-based meth-
ods, we include TankBind (Lu et al., 2022), FABind (Pei et al., 2024), FABind+ (Gao et al., 2024),

Yhttp://pdbbind.org.cn/



Published as a conference paper at ICLR 2025

Table 1: Ligand performance comparison of blind exible docking.

Ligand RMSD
- Average
Method On All Cases On Unseen Protein Receptors Runtime (s)
Percentilegt % Below" Percentilegt % Below"
25% 50% 75% Mean < 2A < 5A \ 25% 50% 75% Mean < 2A < 5A \
Traditional Docking Software
Vina 479 7.14 921 7.14 6.67 2733|527 706 884 715 6.25 2321 205
Glide 284 577 804 581 1466 40.60| 2.38 501 7.17 521 2136 49.51 1405
Gnina 258 5.17 842 576 19.32 4847| 2.03 496 7.35 533 2455 50091 146

Deep Learning-based Rigid Docking Methods
TankBind 282 453 7.79 7.79 891 5446|288 445 753 7.60 439 58.77 0.87

FABind 219 3773 839 6.63 2211 60.73| 2.73 4.83 935 7.15 8.77 50.88 0.12
FABind+ 158 279 6.69 5.63 3564 66.01| 1.93 3.13 859 6.76 27.19 57.89 0.16
DiffDock 182 392 6.83 6.07 29.04 60.73| 1.97 4.82 8.03 7.41 26.32 51.75 82.83

DiffDock-L 155 322 686 599 36.75 6258 1.86 3.16 9.09 7.14 29.82 61.40 58.72

Deep Learning-based Flexible Docking Methods
DynamicBind 157 3.16 7.14 6.19 33.00 64.69| 2.23 4.02 10.23 827 20.18 54.39 102.12

FABFlex 140 296 6.16 544 4059 6832 1.81 3.51 803 7.17 3246 59.65 0.49

Notes: The best results are highlighted in bold, and the second best results are underlined. The average runtime for each method is presented in
seconds. The asterisk (*) indicates that the method is executed on the CPU. The left part of the table compares ligand RMSD on all test cases,
while the right part provides a more rigorous comparison for those cases involving protein receptors that were unseen during training process.

DiffDock (Corso et al., 2023), DiffDock-L (Corso et al., 2024) and DynamicBind (Lu et al., 2024).
Among these, TankBind, FABind, FABind+, DiffDock and DiffDock-L maintain the rigid protein
assumption, while DynamicBind is a recently published exible docking method. From another
perspectives, TankBind, FABind and FABInd+ are rooted in regression-based approaches, whereas
DiffDock, DiffDock-L and DynamicBind employ a sampling-based strategy with diffusion models

to re ne the conformations of proteins and ligands. Further details are provided in Appendix B.2.

Evaluation Metrics. Our primary evaluation metric is the root-mean-square deviation (RMSD)

of Cartesian coordinates, which assesses the accuracy of predicted versus ground-truth structures
for both ligands (Ligand RMSD) and binding pockets (Pocket RMSD). These metrics re ect the
capability of docking model in accurately predicting ligand structures at atom level and pocket
structures at residue level. For Ligand RMSD, we report the percentile values (25%, 50%, 75% and
mean) and percentages of RMSD below the thresholdA and< 5A).

Implementation Settings. The initial apo ligand structures are generated using the Experimental-
Torsion Knowledge Distance Geometry (ETKDG) algorithm (Riniker & Landrum, 2015) in RD-

Kit (Landrum et al., 2013) from the molecules' SMILES sequences. The initial apo protein struc-
tures are obtained through AlphaFold2 (Jumper et al., 2021) predictions based on the proteins' amino
acid sequences. The more details of hyperparameter setting are provided in Appendix B.3.

4.2 LIGAND PERFORMANCE OFBLIND FLEXIBLE DOCKING

Table 1 summarizes the comparison of ligand performance across various docking methods. The
left part of the table performs the comparison on the all test cases. It can be observed that FABFlex
consistently outperforms both traditional docking software and contemporary deep learning-based
methods almost across all metrics. Typically, a prediction of a ligand's structure is considered suc-
cessful if its predicted structure is within a RMSD2# from the true holo ligand structure (Lu et al.,
2024). Thus, the ligand RMSPB 2A is a critical metric to evaluate the capacity of molecular dock-

ing methods. FABFlex excels in this metric, achieving the ligand RMSRA at 40.59%, which

has generated a signi cant margin compared to the second-best competitor, showcasing FABFlex's
superior ability in predicting accurate binding structures of ligands.

The right part of Table 1 performs a more rigorous assessment of docking methods using 114 ligand-
protein complexes that involve protein receptors that were not seen during the training process. This
assessment is crucial for evaluating the generalization capability of each method. Although FABFlex
does not achieve the best results in every metric, it excels signi cantly in the critical measure of
ligand RMSD< 2A. Notably, FABFlex reaches 32.46%, markedly outperforming all competitors,
which fall below 30%. This performance underscores FABFlex's ability to generalize effectively to
new and unseen proteins. Additional analysis of ligand performance is provided in Appendix C.1.
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Figure 3: Pocket performance comparison of blind exible docking. The left gure shows the
cumulative percentage of pocket RMSD on all test cases, while the right gure evaluates on those
cases with protein receptors that were unseen during training process.

4.3 POCKET PERFORMANCE OFBLIND FLEXIBLE DOCKING

Fig. 3 illustrates the cumulative distribution of pocket RMSD performance. In the left gure, which
evaluates all test complexes, we observe that although FABFlex does not outperform DynamicBind,
it still has a positive effect on re ning pocket poses from the initial AlphaFold2 structures. The
right gure focuses on complexes with unseen protein receptors. It can be observed that for pocket
RMSD below 0.73\, the DynamicBind distribution curve almost always stays at the lowest position,
while FABFlex maintains results that are not worse than those of AlphaFold2. This suggests that for
these unseen protein receptors, FABFlex demonstrates better robustness compared to DynamicBind,
as it does not degrade the protein structures. These outcomes are not surprising, as DynamicBind
employs a diffusion model to adjust the conformation of the entire protein, rather than just the pocket
region. While this approach reduces the degrees of freedom and enhances the accuracy, it may limit
its ability to generalize to new proteins, and face computational ef ciency challenges.

4.4 INFERENCEEFFICIENCY

High ef ciency facilitates the widespread adoption of a method in real-world applications. In the
last column on the right of Table 1, we showcase a comparison of the average inference time for
each ligand-protein pair. Traditional docking software such as Vina, Glide, and Gnina exhibit no-
tably longer inference times. Among regression-based methods, TankBind, FABind, and FABind+
demonstrate considerably faster speed than sampling-based approaches such as DiffDock and Dy-
namicBind. Notably, FABFlex achieves an inference speed of only 0.49 seconds, which is approx-
imately 208 times faster than DynamicBind, a recently developed method for exible docking that
averages 102.12 seconds. This ef ciency gain is attributed to the design philosophy of FABFlex
that directly predicts the bound structures without requiring multiple rounds of sampling or extra
external pocket detection tools. Additionally, FABFlex speci cally focuses on the conformational
changes in the core pocket region, rather than the entire protein. As the pocket constitutes a small
part of the protein, this design effectively reduces the computational burden.

Table 2: Performance of pocket prediction.

Given Apo Proteins Given Holo Proteins
Method Pocket CenterX) Pocket CenterX)
CLS ACC %" CLS ACC %"
MAE # RMSE# EucDist# \ MAE # RMSE# EucDist#

P2Rank - 4.04 5.69 7.85 | - 4.11 6.17 8.05
FABInd 73.32 3.06 5.30 6.18 73.54 3.08 5.35 6.18
FABind+ 87.18 3.49 5.09 6.94 87.52 3.50 5.13 6.69
FABFlex 87.08 3.29 4.83 6.59 | 87.06 3.31 4.89 6.63

Notes: “-” means that P2Rank is an external pocket detection tool without pocket residue classi cation.
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Figure 4: Case PDB 60IM to intuitively present the process of iterative update.
4.5 POCKETPREDICTION ANALYSIS

Table 2 illustrates the performance of FABFlex's pocket prediction module in comparison with to
existing P2Rank, FABind and FABind+. Among them, P2Rank (&ki& Hoksza, 2018) is an open-
source tool widely used in existing docking methods for pre-determining potential binding pocket
sites (Lu etal., 2022; Zhang et al., 2023). To intuitively analyze the effectiveness of pocket prediction
across different methods, we evaluate the quality of pocket prediction from two perspectives: residue
classi cation and pocket center position. For classi cation, we report the accuracy (CLS ACC). For
the pocket center, we employ the mean-absolute-error (MAE), the root-mean-square-error (RMSE),
and the Euclidean distance (EucDist), each calculated between predicted pocket center and native
pocket center to quantify the accuracy of pocket localization. From Table 2, we can observe that
regardless of apo or holo protein, FABFlex predicts pocket sites that are comparable to FABind and
FABind+, and consistently outperform P2Rank. These results indicate the effectiveness of FABFlex
in identifying pocket residues, even when confronting apo proteins. Additionally, integrating pocket
prediction into the exible docking process appears to be more advantageous than relying on an
external pocket detection tool. Notably, FABFlex achieves the lowest RMSE at 4.83 and 4.89, and
the lower RMSE suggests FABFlex's stability in error control, with fewer cases of extreme errors.
Moreover, we provide intuitive visualization of two pocket prediction cases in Appendix C.12.

Table 3: Experimental results of ablation studies.

Method Ligand RMSD @) Pocket RMSD A) Pocket Center4)

Mean# Median# <2A(%)" Mean# Median# MAE# RMSE# EucDist#
FABFlex 5.44 2.96 40.59 1.10 0.63 3.29 4.83 6.59
One Docking Module  5.73 3.91 27.06 1.59 1.08 3.46 4.83 6.90
w/o lterative Update 6.14 3.78 19.80 111 0.63 3.33 4.88 6.67
Iterative Internally 5.35 2.94 35.31 1.42 0.88 3.36 4.86 6.73
Using P2Rank 7.28 3.07 34.22 1.15 0.68 4.04 5.69 7.85

4.6 ABLATION STUDY

We conduct a series of ablation studies to investigate different factors affecting model performance,
including the following: (1) Using a single docking module to predict both the holo structures of
the ligand and pocket degrades performance for both, indicating that decomposing exible docking
into two subtasks helps reduce the complexity each module needs to handle. (2) Removing iterative
update mechanism signi cantly impairs the ligand performance (with ligand RMSPA from
40.59% to 19.80%), indicating the critical role of iterative update in ligand coordinate re nement.
(3) Applying the iterative update mechanism only internally within the ligand and pocket docking
modules negatively impacts both ligand RMSD and pocket RMSD, underscoring the importance of
prediction exchange to connect the two docking modules. (4) Replacing the pocket sites predicted
by the pocket prediction module with those predicted by P2Rank reduces overall performance, sug-
gesting that integrating pocket prediction within the docking process may be more effective than
relying on an external pocket detection tool.

4.7 ANALYSIS OF ITERATIVE UPDATE

We take a case of PDB 60IM as an example to visualize the structural re nements in iterative
update process to intuitively analyze its function in FABFlex. As shown in Fig. 4, we observe
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Figure 5: Two case studies of PDB 60IM (left) and PDB 60RT (right).

that the ligand gradually approaches the true position of holo ligand from iteration 1 to iteration 6.
This resembles a simulation of the ligand docking process, where the molecule is attracted to and
interacts with the binding pocket sites. This observation suggests the effectiveness and reasonability
of the iterative update mechanism adopted in FABFlex. Additionally, we notice that as iterations
increase, the structural changes become smaller, indicating that an appropriate number of iterations
is suf cient. More iterations appear unnecessary and may even increase the computational burden
without signi cant bene t. More case studies are provided in Appendix C.7 for further analysis.

4.8 CASE STUDY

Fig. 5 visualizes two cases of PDB 60IM and PDB 6ROT, to demonstrate the effectiveness of our
FABFlex in blind exible docking. We have following observations:

FABFlex can pinpoint the binding pocket site. In the case of PDB 60IM, existing methods such
as FABind, FABind+ and DynamicBind wrongly determine the binding sites. In contrast, FABFlex
successfully locates the correct binding pockets, achieving signi cantly lower ligand RMSD of
3.85A. This underscores FABFlex's ability to accurately pinpoint binding pockets, even in such
dif cult case where other methods fall short.

FABFlex excels in ligand structure prediction. In the case of PDB 6ROT, while all methods
successfully identify the correct binding pocket, the ligand structures predicted by FABFlex are
signi cantly closer to the ground truth compared to other methods, with ligand RMSD of merely
0.77A. This low ligand RMSD means that the ligand predicted by FABFlex is nearly identical to the
actual holo ligand. This visualization suggests FABFlex's pro ciency in predicting ligand structure.
Additional case studies are provided in Appendix C.11.

5 CONCLUSION

A high-ef ciency molecular docking method is an effective tool in drug discovery, as it enables the
fast assessment and screening of millions or even billions of potential molecule-protein interactions
within a limited time, discovering promising drug candidates early in the development process. This
work proposes FABFlex, a regression-based, end-to-end neural model tailored for real-world blind
exible docking scenarios. FABFlex offers a solution, different from existing generative model-
based sampling approaches, to achieve both fast computational speed and accurate docking per-
formance. Looking ahead, we aim to explore fast and accurate multi-site docking, a task of great
signi cance and heightened complexity, as it allows for the investigation of intricate interactions
across multiple binding sites.

10
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6 ETHICS STATEMENT

This paper proposes a model aimed at enhancing both computational ef ciency and accuracy in
blind exible docking. All data used for model training and evaluation were obtained from publicly
available molecular docking benchmark datasets. The advancement of molecular docking technolo-
gies has both positive and potential negative implications. On the positive side, our method can
contribute to advancements in drug discovery. However, there is also the risk of misuse or ma-
licious use, as molecular docking models could be applied to explore harmful or non-therapeutic
compounds. To mitigate this risk, we are releasing our code with the explicit intent of support-
ing ethical and medically approved drug discovery efforts, in full compliance with relevant legal
standards and institutional guidelines. This paper adheres to strict research integrity protocols and
responsible dataset usage, ensuring that our contributions support the broader objectives of ethical
scienti ¢ progress.

7 REPRODUCIBILITY STATEMENT

The experimental settings for our model are described in detail in Section 4.1. The experiments
are all conducted on the widely used public molecular docking benchmark PDBBind v2020 dataset.
We provide the link to our source codes to ensure the reproducibility of our experimental results:
https://github.com/tmlir-group/FABFlex
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A METHODOLOGY DETAILS

A.1 DETAILS OF TRAINING LOSSES

The blind exible docking is modelled as a supervised learning task. The ground-truth encompasses
residues that form binding pocket sites, along with the actual coordinates of both holo ligand and
holo pocket. The training loss implementations draw extensively from the methodologies outlined
in FABind (Pei et al., 2024) and FABind+ (Gao et al., 2024). Corresponding to the statement in
Section 3.2.4, we provide detailed descriptions of each training loss to improve the reproducibility
of our study:

Given that only a small fraction of the residues in a protein belong to the pocket, the pocket residue
detection is treated as an imbalanced binary classi cation task using binary-classi cation cross en-
tropy loss (BCELosg) aiming at identifying which residues belongs to the pocket. The formulation
of this loss is given by:

1 X P

i
Lpocketcls = ﬁ - [yj |Og(9j ) + (1 Yi ) lOg(l 9} )]g; (6)

iz1 9 j=1

whereN is the total number of training complexgs,the number of residues in theh protein,g

the count of residues that form the pocket in itkth protein. The weighting factqs =q adjusts the
emphasis on proteins with fewer pocket-forming residues, ensuring their adequate importance in the
training process. Additionally, the pocket center loss, denotéd,@getcentes adopts a Huber lods

to supervise the position of the predicted pocket, formulated as follows:

1
L pocketcenter= N HuberLos$center;; denter; ); @)
i=1

wherecenter; is the actual centroid coordinate of pocket in tkl protein, andenter; is the pre-

dicted centroid coordinate, which is calculated using a weighted average of all residue coordinates in
thei-th protein, with the weights derived from the output probabilities of the Gumbel-Softmax dis-
tribution. After that, the residue classi cation l0E$ocketcis and the pocket center lo&Socketcentes

are combined to formulate the overall pocket prediction l0ggetpred as follows:

— cls cente .
L pocketpred = 1 L pocketcls + 1 L pocketcenter (8)

The ligand coordinate loss and the pocket coordinate loss both utilize the Huber loss to regress the
predicted structures towards their respective real holo structures:

1 X ool 1 X PP
L ligand.coord = N HuberLosgx;;®;); L pocketcoord = N HUbGI’LOSﬁXi Ry )i 9
i=1 i=1
wherex! ®P) andx! (%) are the predicted ligand (pocket) coordinates and actual holo ligand
(pocket) coordinates respectively, for thth complex.

The distance map loss serves as an auxiliary objective, employing mean-squared-error loss
(MSELoss} to supervise the relative positions between ligand atoms and pocket residues, formally
expressed as follows:

1 X
Lasmep= «y  MSEL0s$D;; Di); (10)
i=1
whereD; andD; represent the actual and predicted distance maps respectively. Each dlrii\‘nent
in D is the Euclidean distance between ki atom in the ligand and tHeth residue in the pocket.
Similarly, Iﬁ{k in D corresponds to the predicted pairwise distances.

2https://pytorch.org/docs/stable/generated/torch.nn.BCEWithLogitsLoss.html#bcewithlogitsloss
3https://pytorch.org/docs/stable/generated/torch.nn.HuberLoss.html#huberloss
“https://pytorch.org/docs/stable/generated/torch.nn.MSELoss.htmi#mseloss
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Algorithm 1 Pseudo code of FABFlex's inference.
. Inputs:

[y

2: 3D coordinates of apo ligandx; 2 R3g; ; , and apo proteinsx; 2 R3g; j ne

3: Ligand atom featuresh; 2 RY 0; i n and protein residue featuréh; 2 R% g, i ne
4: Outputs:

5. Predicted coordinates of holo ligafid; 2 R3g; ; , and holo pocketé®j 2 R3g; | a»
6: Inference:

71901 ;) ne = Ms(GThi;xigr i nisfhj;Xj01 j ne), # predict pocket sites
8:fvigr j a» =T% VvjO1 ; ne, # pickout pocketresidues with =1

9: for iterative updatd : 1! K do

10 G0 FE e LifaWar o g # construct ligand-pocket graph
11: fk\i(k"l) O i =ML (EK ;fhi;x\i(k)g1 i n|;fhj;k‘j(k)gl i e ), #predictligand
12: fk‘j(kﬂ) G one = Mp(G0 fhixMg, nufh,-;%fk)gl i ar ), # predict pocket

13: end for
14: fRigr i o f X\i(K)gl i n R0 oA k‘j(K)glj ar , # nal predicted structures
15: Return: Predicted coordinates of holo ligafdig; ; ,+ and holo pocket®;g; j nr .

A.2 PseuboCobDE oFFABFLEX

To intuitively elucidate the comprehensive inference processes of FABFlex, we delineate the pseudo
code in Algorithm 1. The inference begins with the pocket prediction module, which identi es the
binding pocket sites. Subsequently, the ligand and pocket docking modules iteratively re ne and
predict the holo structures of ligands and pockets.

B EXPERIMENTAL DETAILS

B.1 DETAILS OF DATASET PREPROCESSING

PDBBInd v2020 is a widely utilized benchmark database in related molecular docking research (Pei
etal., 2024; Lu et al., 2024; 2022; Corso et al., 2023). It collected 19,443 experimentally measured
protein-ligand complexes along with their 3D structures. Due to the absence of apo protein structures
in the dataset, we follow Lu et al. (2024) and employ the well-established AlphaFold2 to predict
the apo conformations of these protein structures. Consistent with above mentioned studies, we
adopt the same dataset split strategy to enhance comparability. From the dataset, we select 303
test complexes recorded after 2019 and 734 validation complexes recorded before 2019, with the
remaining complexes allocated for training. For the training set, complex samples that could not be
processed by RDKit (Landrum et al., 2013) or TorchDrug (Zhu et al., 2022) are excluded. Further
Itering excludes samples with protein amino acid chains longer than 1500 residues and molecules
larger than 150 heavy atoms, resulting in a re ned set of 12,807 training complexes. The statistics
of the dataset are summarized in Table 4.

Table 4: Dataset statistics of preprocessed PDBBind v2020.

PDBbind  # Complexes avg. residues max. residues avg. heavy atoms max. atoms

in proteins in proteins in ligands in ligands
Train 12,807 310.59 1,290 31.30 149
Validate 734 312.14 1,025 32.52 177
Test 303 280.92 1,098 35.77 147

B.2 BASELINES

We compare our proposed method with a variety of competitors, including traditional molecular
docking software and recent deep learning-based methods:
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Table 5: Implementation con guration of FABFlex.

Con guration | Pretraining Stage 1 Pretraining Stage 2 Joint Training Stage

Learning rate 5e-5 5e-5 5e-6
Epoch 1000 600 600
Batch size 2 4 4
Dropout 0.1 0.1 0.1
Teacher-forcing Yes Yes No (p=0:5)
Optimizer Adam Adam Adam
Scheduler LinearLR LinearLR LinearLR
Residue classi cation § 1.0 1.0
Pocket center §enter 0.05 0.05
Loss weights Ligand docking » 15 - 15
Pocket docking 3 - 15.0 15.0
Distance map 4 1.0 1.0 1.0

« Traditional molecular docking software:

— Vina (Trott & Olson, 2010): AutoDock Vina is among the most widely used open-source

docking programs, renowned for its enhanced docking performance. It achieves this through
improvements to its scoring function, optimization algorithm and search strategy. Speci cally,
Vina enhances the X-score (Wang et al., 2002) and employs the Broyden-Fletcher-Goldfarb-
Shanno (BFGS) (Nocedal & Wright, 1999) method for local optimization.

— Glide (Friesner et al., 2004): Glide distinguishes itself from other docking software by per-

forming a systematic and comprehensive search of the conformational, orientational, and po-
sitional spaces of the docked ligand to a rigid protein receptor. This process involves technolo-
gies such as hierarchical Iters, ChemScore function (Eldridge et al., 1997), among others.

— Gnina (McNutt et al., 2021): Gina is an advanced molecular docking software that incor-

porates convolutional neural networks into its scoring function, and leverages Monte Carlo
sampling to comprehensively explore the conformational space of ligands.

» Deep learning-based methods following protein rigidity assumption

— TankBind (Lu et al., 2022): TankBind employs the external tool P2Rank @ki& Hoksza,

2018) to detect potential binding pocket sites, segmenting the entire protein into functional
blocks. Subsequently, TankBind uses a trigonometry-aware graph neural network to model
protein-ligand interactions, predicting the distance matrix and optimizing ligand structures.

— FABInd (Pei et al., 2024): FABind adopts an end-to-end framework that streamlines the mod-

eling of protein-ligand interactions by integrating binding pocket predictions with docking
tasks. This approach accelerates the docking computation process by eliminating the need for
external pocket detection tools.

FABind+ (Gao et al., 2024): FABind+ is an enhanced version of FABind, incorporating ad-
ditional improvements such as dynamic pocket radius adjustments for each complex and per-
mutation invariance loss to supervise ligand structures. These enhancements boost the perfor-
mance of predicted ligand structures.

DiffDock (Corso et al., 2023): DiffDock utilizes diffusion models (Yang et al., 2023) to man-
age the conformational re nements of ligands in molecular docking. This approach conceptu-
alizes docking as a generative modeling task by mapping ligand poses onto a non-Euclidean
manifold, effectively reducing the degrees of freedom for structural re nements. Additionally,
DiffDock trains a con dence model to estimate the poses for multiple samplings.

DiffDock-L (Corso et al., 2024): DiffDock-L is an enhanced version of DiffDock (Corso

et al., 2023) that improves docking model performance by scaling data and model size and
incorporating synthetic data to boost generalization capacity.

* Recent deep learning-based exible docking methad

— DynamicBind (Lu et al., 2024): DynamicBind is a recent exible docking method breaking
down the rigid protein assumption. It leverages equivariant geometric diffusion networks to
manipulate the structure changes in both ligands and proteins, recovering ligand-speci ¢ poses
from their apo stages.
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Figure 6: The cumulative distribution of ligand RMSD.

B.3 DETAILS OF IMPLEMENTATION SETTING

Model Con guration. The dimensiord' of initial features extracted via TorchDrug (Zhu et al.,
2022) for ligand atoms is set to 56, and the dimensi®f ESM-2 (Lin et al., 2022) features for
amino acid is 1280. The number of FABind-layers is con gured &s5, 5 for pocket prediction
module, ligand docking module and pocket docking module, respectively. The number of hidden
size is settd 128, 512, 518 for the same modules in the corresponding order. The pocket radius of

20A is used to delineate the binding pocket sites for each ligand-protein complex.

Training details. Simultaneously optimizing all three subtasks of blind exible docking from
scratch is a challenging task. We introduce a two-stage pretraining process to warm up the model.
In the rst stage, the model is trained under rigid docking conditions, using a (holo protein, apo
ligand) pair to predict the holo ligand structure. In the second stage, the model is trained using an
(apo protein, holo ligand) pair to predict the holo pocket structure. After that, the model under-
goes joint training to predict both the holo ligand and holo pocket from (apo protein, apo ligand)
inputs. This progressive approach allows the model to learn from simpler tasks to more complex
ones, facilitating the solution of blind exible docking.

Training Con guration. Table 5 summarizes the training con gurations in this study. The ex-
periments are conducted using the Pytorch framewofkhe model is trained on eight NVIDIA

RTX 4090 GPUs. The pretraining stages 1 and 2 reduce task dif culty by xing either the small
molecule or the protein as the holo structure while keeping the other as the apo structure, to warm
up the model. The approximate training durations for pretraining stages 1 and 2, as well as the joint
training stage, aré€l0, 5, 5 days, respectively. The con gurations vary slightly across different
stages, mainly in terms of learning rate, and the application of teacher forcing. During the pretrain-
ing stages, and teacher forcing are utilized to kick-start the model effectively. As the progress to the
joint training stage, the learning rate is reduced to better adapt the model to exible docking.

Shttps://pytorch.org/
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Table 6: Analysis of the number of samplings.

Ligand RMSD @A) Pocket RMSD A) Average
Methods Runtime (s)
Mean# Median# <2A(%)" Mean# Median#
DynamicBind(1) 6.26 3.45 27.15 0.84 0.59 22.04
DynamicBind(10)  6.21 3.41 27.48 0.84 0.57 47.22
DynamicBind(40)  6.19 3.16 33.00 0.84 0.58 102.12
FABFlex 5.44 2.96 40.59 1.10 0.63 0.49

Figure 7: Performance from holo proteins to apo proteins. Left: ligand RMSD. Right: ligand RMSD
< 2A.

C ADDITIONAL EXPERIMENTAL RESULTS

C.1 DISTRIBUTION OF LIGAND PERFORMANCE

To showcase the ligand performance comprehensively, Fig. 6 provides the cumulative distibution of
ligand RMSD. It can be observed that FABFlex occupies the topmost position in the distribution
curve in the majority of cases. Especially for the cases of ligand RMSI3\, which are crucial in-
dicators for evaluating a molecular docking method, the superiority of FABFlex becomes even more
distinct. This ndings corroborates previous results in Table 1, further highlighting the advantages
of FABFlex in ligand performance.

C.2 ANALYSIS OF NUMBER OF SAMPLINGS

In this section, we speci cally vary the number of samplingd ih 10; 40g of DynamicBind for

further analysis. Table 6 illustrates the experimental results. It can be observed that as the number
of samplings decreases, there is a notable performance degradation for DynamicBind, for example,
the percentage of ligand RMSD less thakdops from 33.00% with 40 samplings to 27.15% with

one samplings. Besides, even DynamicBind(1) only sample once, its runtime is still much slower
than that of regression-based models. These observations re ect the inherent trade-off between
performance and ef ciency in these diffusion-based methods like DynamicBind, where the runtime
grows with the number of samplings.

C.3 PERFORMANCE FROMRIGID TO FLEXIBLE

In this section, we conduct experiments to evaluate the performance differences between rigid pro-
tein docking and exible docking. Fig. 7 illustrates comparative performances when holo and apo
proteins are employed as inputs in molecular docking experiments. We observe a notable decrease
in performance when transitioning from holo to apo structures across all rigid docking methods in-
cluding FABind, FABind+ and DiffDock-L. Conversely, FABFlex consistently maintains its perfor-
mance, whether measuring ligand RMSD or the percentage of ligand RM3B. These results
indicate that FABFlex's superior ligand performance over the FABind series can be attributed to
its self-adaptive capability to accommodate protein conformational changes. This capacity allows
FABFlex to effectively handle molecular docking under both rigid protein assumption and exible
docking condition.
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Figure 8: Results of adding noise. Left: ligand RMSD. Right: ligand RMSDRA.

Table 7: Impact of the number of iterative updates.

Iteration Ligand RMSD @) Pocket RMSD A) Pocket CenterA) Average
Mean# Median# <2A(%)" Mean# Median# MAE# RMSE# EucDistt <untime(s)
#ITER=1 6.11 3.69 21.45 1.12 0.64 3.33 4.90 6.69 0.11
#ITER=2 5.50 3.01 36.96 1.13 0.65 3.31 4.86 6.63 0.18
#ITER=4 5.41 291 39.27 1.14 0.64 3.31 4.88 6.64 0.33
#ITER=6 5.44 2.96 40.59 1.10 0.63 3.29 4.83 6.59 0.49
#ITER=8 5.33 2.87 38.94 1.10 0.63 3.28 4.79 6.58 0.60

C.4 ROBUSTNESSEVALUATION

To further evaluate the robustness and corroborate the discussion in Appendix C.3, we conduct the
experiments that introduce perturbations into the input protein conformations. Speci cally, we in-
crementally introduce standard Gaussian noise (mean = 0, standard deviation = 1) to the coordinates
within the binding pocket. The noise is added based on a probability parapggtewhich varies

from 0.1 to 1.0 with interval 0.1, that is, meaning that each coordinate has a probphijlityof

having noise added. To enhance the reliability of the results, each experiment is repeated with three
different random seeds, and the mean results along with their standard deviations are reported. The
results are illustrated in Fig. 8. As expected, the performance of all methods inevitably deteriorates
as the noise increases, as observed in the gure. However, the curve corresponding to FABFlex
consistently demonstrates the better performance. This suggests that, despite the lack of specic
robustness-focused design in FABFlex, it still exhibits a certain degree of robustness, capable of
handling a certain level of perturbation in the input protein structures.

C.5 HYPERPARAMETERANALYSIS

We conduct experiments to analyze the impact of varying the number of iterative updates. Table 7
summarizes the results. We observe that as the iterations increase, the ligand RMSD metrics improve
and tend to stabilize, and the average inference times also increase. In contrast, the improvement in
the metrics of pocket RMSD is minimal, and the metrics for pocket center show a slight improve-
ment. These ndings underscore the impact of the number of iterative updates on re neing ligand
structures, as an appropriate number of iterations can greatly enhance the structures of ligands.

Table 8: Assessment of PoseBuster test suites.

Methods | Ligand RMSD< 2A (%) PB-valid & Ligand RMSD< 2A (%)
FABind 22.52 1.32
FABind+ 34.11 8.94
DiffDock-L 37.42 16.89
DynamicBind 30.79 14.57
FABFlex 39.40 13.91
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Figure 9: Assessment of 20 aspects by PoseBuster test suites.

C.6 ASSESSMENT OFPOSEBUSTERTEST SUITES

To assess the physical validity of generated ligand structures, we use the PoseBuster (Buttenschoen
et al., 2024) test suites performing on the exible PDBBInd to evaluate the ligand structures pre-
dicted by various docking models. Table 8 summarizes the experimental results. Following Pose-
Buster, we call that molecule poses which pass all tests in PoseBusters are “PB-valid”. It can be
observed that FABFlex achieves the highest RMSRA percentage of 39.40% among all competi-

tors, demonstrating its superior accuracy in predicting docking poses close to the ground truth holo
ligands. However, the percentage of “PB-valid & RMS[R2A” of FABind, FABind+, and FABFlex

is lower than those of DiffDock-L and DynamicBind, re ecting the strength of diffusion-based mod-
els in generating physically valid molecular poses. This may be attributed to that diffusion-based
models adjust molecular structures through translational, rotational, and torsional movements, re-
ducing the degrees of freedom. Notably, FABFlex achieves a “PB-valid & RMSIA" (13.91%)
comparable to DynamicBind (14.57%), larger than poor FABind (1.32%) and FABind+ (8.94%),
showcasing its balance in pursuing both accuracy and physical validity. Moreover, to analyze the
physical validity comprehensively, we showcase the validity rates of all aspects by PoseBuster test
suites in Figure 9. It can be observed that a core limitation regarding the physical validity of deep
learning-based docking models lies in the “minimuiistanceto_protein”, that is, the distance be-
tween protein-ligand atom pairs is larger than 0.75 times the sum of the pairs van der Waals radii.
All docking methods demonstrate a low validity rate in this aspect. Additionally, the validity of
other critical factors, such as “tetraheddlirality”, “internal_stericclash”, “internalenergy”, and
“volume_overlapwith_the protein”, also requires further improvement.

C.7 ADDITIONAL CASES FORANALYSIS OF ITERATIVE UPDATE

Fig. 10 provides additional three cases to further support the discussion in Section 4.7. In case PDB
6PGO and PDB 6GZY, we observe a similar iterative update process as seen in PDB 60IM. The
ligands gradually approach the true holo structures from iteration 1 to iteration 6. The case of PDB
6CJJ is slightly different. We observe that the ligand is already positioned close to the holo ligand at
iteration 1. From iterations 1 to 6, the ligand undergoes continuous re nement, and by iteration 6, it
aligns very closely with the true holo structure. Consequently, these cases suggest that the iterative
update process not only recti es ligand positions when far from the holo ligands, but also re nes the
ligand conformations that are already near the correct binding position.

21






	Introduction
	Related Work
	Methodology
	Problem Statement And Preliminary
	FABFlex
	Design Philosophy
	Architecture of FABFlex
	Iterative Update Mechanism
	Training Loss and Pipeline


	Experiments
	Experimental Setting
	Ligand Performance of Blind Flexible Docking
	Pocket Performance of Blind Flexible Docking
	Inference Efficiency
	Pocket Prediction Analysis
	Ablation Study
	Analysis of Iterative Update
	Case Study

	Conclusion
	Ethics Statement
	Reproducibility Statement
	Methodology Details
	Details of Training Losses
	Pseudo Code of FABFlex

	Experimental Details
	Details of Dataset Preprocessing
	Baselines
	Details of Implementation Setting

	Additional Experimental Results
	Distribution of Ligand Performance
	Analysis of Number of Samplings
	Performance from Rigid to Flexible
	Robustness Evaluation
	Hyperparameter Analysis
	Assessment of PoseBuster Test Suites
	Additional Cases for Analysis of Iterative Update
	Analysis of steric clash
	Analysis of Binding Affinity
	Performance on Pocket-based Flexible Docking
	Additional Case Studies
	Case Studies of Pocket Prediction

	Broader Impacts and Limitations

