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KEY WORDS Abstract  Accurate prediction of protein—ligand complexes and binding affinity is critical for hit iden-
tification and optimization for structure-based drug design. Traditional docking simulates binding pro-
cesses with searching algorithms guided by energy-scoring functions, which are quite computationally
expensive and time-intensive. In contrast, deep learning approaches offer a cost—effective alternative,

Structure-based drug
design;
Protein—ligand docking;

Binding affinity
prediction;

Machine learning in drug
discovery;

Bayesian flow networks;

Deep equivariant
generative models;

Latent space optimization

*Corresponding authors.

yet often generate conformations with limited physicochemical validity and fail to account for protein
flexibility. To address these pitfalls, we propose FlowDock, a multitask framework enhanced by Bayesian
Flow Networks. FlowDock simultaneously generates accurate protein—ligand complex structures and
predicts binding affinity while incorporating protein conformational flexibility. By leveraging multimodal
intramolecular representations with a deep equivariant generative model, our method iteratively refines
complex in latent space, ensuring rapid and stable generation. Benchmark evaluations demonstrate that
FlowDock achieves state-of-the-art performance in binding pose prediction, especially physical plausibil-
ity, and virtual screening capability, alongside reliable binding affinity predictions. By providing deeper
molecular insights into dynamic protein—ligand interactions, FlowDock represents a robust tool for accel-
erating the rational development of therapeutics.
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1. Introduction

Accurate prediction of protein—ligand binding interactions con-
stitutes the foundation of modern structure-based drug design' >,
which is critical for virtual screening and therapeutic
discovery® . Elucidating molecular interactions between proteins
and potential ligands facilitates the identification and design of
compounds to specific targets, thereby optimizing their functions
to achieve pharmaceutical effects” ''. Over the years, a diverse
array of computational methodologies has been devised to address
this challenge, ranging from traditional search-and-energy-based
methods to cutting-edge deep learning techniques 10. Classical
docking methods, which leverage the physicochemical properties
of molecules to simulate interactions and predict binding poses
with optimal binding energies®'*'3, have laid the foundation for
more advanced, data-driven deep learning frameworks'* '8,
Despite significant progress in predicting either binding poses or
binding affinities, there remains a lack of a unified and open
framework capable of simultaneously addressing the core tasks
required for virtual screening: binding pose generation, binding
pose selection, and binding affinity prediction. Such an all-in-one
framework is highly sought-after in the early stages of drug dis-
covery and developmentlg‘m.

Moreover, most docking tools require prior knowledge of the
binding pocket?'~?*, which is often unavailable in many real-
world scenarios. From this perspective, blind docking is of more
value for drug discovery of new targets without the information on
the binding pocket. Most docking methods based on deep learning
typically treat proteins as rigid structures, neglecting their inherent
flexibility. This violates the fact that proteins also undergo
conformational changes during interactions with ligands®* 2,
which are critical for accurate binding predictions.

To address these limitations, we propose FlowDock, a novel
multi-modal framework boosted by Bayesian Flow Networks, to
study protein—ligand blind flexible docking while balancing low
computational cost with high accuracy. This multimodal frame-
work integrates the sequence data of residues combined with a
coarse-grained 3D protein structure as the initial protein input. For
small molecules, it incorporates sequence-level SMILES
(Simplified Molecular Input Line Entry System) data®’ and the
3D conformation of the ligand. After initializing these inputs as
graph embeddings, the generative model, Bayesian Flow Net-
works (BFNs)*® iteratively samples molecular representations to
learn the underlying data distribution. The model then predicts the
translation, rotation, and side-chain dihedral changes for the
protein, as well as the translation, rotation, and torsion angles for
the ligand. Simultaneously, FlowDock outputs a confidence score
for each binding pose generated from the learned probabilistic
distribution. These poses are ranked based on their likelihood of
matching the ground-truth binding pose within an acceptable error
tolerance. Additionally, FlowDock predicts binding affinities in
parallel, further enhancing the utility of the framework for protein-
ligand interaction studies and virtual screening tasks. Compared
with diffusion-based models, which have recently obtained sig-
nificant progress in structure prediction tasks, our BFNs-based
framework effectively generates more rational conformations by
enabling a more stable and consistent sampling, focusing on
operations in parameter space rather than directly in data space.
This approach achieves a superior balance between efficiency and
quality, yielding substantial improvements in both processing
speed and predictive accuracy over diffusion-based methods.

In line with prior studies, FlowDock was trained on PDBbind
v2020%, excluding the core set, and evaluated on the CASF 2016
benchmark™. To assess its generalizability to novel proteins and
ligands, we further tested it with PoseBusters dataset®’ and
TrueDecoy set®?; we also evaluated its screening power with the
DEKOIS 2.0 dataset®. Experimental results demonstrate that
FlowDock achieves state-of-the-art performance in binding
pose generation and virtual screening across various metrics,
showing comparable binding affinity prediction performance to
complex-based methods** > while surpassing all complex-free
methods*®™**.  Experimental results also reveal significant
improvements in generation stability and reduced computational
costs.

To the best of our knowledge, FlowDock represents the first
unified, multi-modal, multi-task flow-based framework designed
to generate protein—ligand complex structure alongside the cor-
responding binding affinity for structure-based drug design.
Unlike traditional approaches reliant on predefined binding sites,
FlowDock employs flexible blind docking, allowing for a more
comprehensive exploration of protein—ligand interactions. We
anticipate that FlowDock has the potential to facilitate structure-
based virtual screening tasks and hit compound identifications in
drug development.

2. Materials and methods
2.1. Datasets curation

We downloaded the PDBbind database to train and evaluate
FlowDock. This dataset contains a total of 19,443 protein—ligand
complex structures, each with an experimentally determined
binding affinity. To ensure a fair comparison with baseline
methods, we followed the same dataset splitting protocol ' >#+4>_ A
general set excluding the complexes that exhibited protein
sequence similarity above 40% and ligand fingerprint similarity
above 80% with any complex in the test dataset (18,404 com-
plexes) is used for training, while the core set CASF 2016 con-
taining 285 complexes is used for testing. Our scaffold-based
splitting strategy (ligand fingerprint similarity <80%) evaluates
the model’s ability to generalize to novel chemotypes, providing a
complementary perspective to the commonly employed time-
based splitting approach, which assesses temporal generalization.

Furthermore, to evaluate the generality of our framework, we
used another dataset, PoseBusters’', as the benchmark and
compared it with the baseline methods. The PoseBusters set en-
compasses a diverse array of high-caliber, recent protein—ligand
complexes characterized by drug-like molecules. With 308
distinct complexes, inclusive of unique proteins and ligands
released since 2021, it ensures no overlap with the complexes
found in the PDBbind v2020 dataset.

Moreover, DEKOIS 2.0 provides 81 structurally diverse pro-
tein sets spanning a broad range of protein classes, each accom-
panied by 1200 carefully selected decoys and 40 true binding
ligands. The data from this dataset is guaranteed to be unseen for
FlowDock training to prevent data leakage*®. We use it to evaluate
the screening performance for 81 diverse protein targets.
Furthermore, to assess the ultra-VS performance, we use
ChemDiv, which contains over 1.5 million compounds, to
compare the screening speed.

Nevertheless, TrueDecoy set is a recently published dataset for
benchmarking Al-powered deep learning tools*’. It contains a
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wide range of 147 targets, including kinases, GPCRs, peptidases,
etc. With the decoys being all truly experimentally valid, this
provides another perspective for evaluating docking tools.

In summary, the exclusive core-set-exclusive general set from
PDBbind v2020 served as the training dataset, while CASF 2016,
PoseBusters, DEKOIS 2.0, and TrueDecoy sets were utilized to
evaluate the model.

2.2.  Problem formulation

To investigate protein-ligand interactions, we primarily focus on
predicting both binding poses and corresponding binding affin-
ities. Two main challenges arise in binding pose prediction. First,
in real-world applications, prior knowledge of the protein binding
pocket is often unavailable, making blind global docking more
pertinent than docking with a known pocket. Our objective is to
predict the binding pose of a protein—ligand pair using only the
apo structures of the protein predicted by AlphaFold2 and the
ligand initialized with RDKit. Second, while most approaches to
binding pose prediction concentrate solely on ligand conforma-
tional changes, they often overlook the fact that proteins also
undergo conformational changes during the docking process. In
summary, our work emphasizes the importance of capturing the
conformational dynamics of both the ligand and the protein in
unconditioned pockets.

To address these challenges, we formulate the problem as
follows. Given a pair of proteins and ligand (P, L), where P de-
notes the protein and L denotes the ligand, our objective is as
follows:

(1) Predict the binding pose, which involves not only changes
in ligands: translation #, rotation #/, and torsion T’; but also
changes in proteins: the dihedral angles of side chains 77,
translation # and rotation ¥ of backbones.

(2) Rank generated binding pose based on the output confi-
dence score C, which demonstrates how reliable the pre-
dicted structure is within the preset tolerance error;

(3) Predict the binding affinity 4 for each of the generated
samples.

To model the joint conformational landscape of flexible
protein—ligand systems under the constraints of 3D geometric
invariance, we adopt the Bayesian Flow Networks (BFNs)
framework, designed to operate over 3D molecular geometries in a
manner that is invariant to rigid-body transformations, including
rotations and translations under the SE (3) group. Unlike discrete
diffusion models that struggle with gradient discontinuities in
torsional space, BFNs operate in parameter space to smoothly
evolve joint probability distributions over ligand torsion angles 1’
and protein side-chain dihedrals 7. This framework naturally
accommodates the correlated flexibility of bimolecular systems
through factorized distributions that concurrently represent
continuous variables like coordinates. This makes them particu-
larly well-suited for tasks involving spatially flexible molecular
systems. The generative process can be interpreted as a flow of
information from noise to structured data, where the latent vari-
ables are designed to change smoothly and progressively capture
more structural detail. This formulation enables the BFNs to
jointly model the conformational changes of both the ligand and
the protein. During inference, the BFNs generate candidate
binding poses by sampling from the learned latent space, with
each sample representing a plausible protein—ligand complex.

These samples are then scored and ranked to identify the most
likely binding conformation and estimate the associated binding
affinity.

2.3.  Development of the FlowDock architecture for protein-
ligand complex generation and binding affinity prediction

FlowDock structure consists of two stages: the representation
learning stage and the docking prediction stage. On the repre-
sentation learning stage (Fig. 1A), FlowDock takes both the
sequence-level and structure-level data of molecules. On the one
hand, for proteins, amino acid sequences are processed with a
protein language model (PLM), ESM2*, to get corresponding
sequence embeddings. Meanwhile, the coarse-grained 3-
dimensional protein structures are represented via graph neural
networks (GNNs). On the other hand, for small molecules, we use
RDKit* to handle SMILES (Simplified Molecular Input Line
Entry System) data to obtain a seed conformation. RDKit is
employed to generate initial three-dimensional ligand conforma-
tions from their corresponding two-dimensional molecular graphs,
in our case, the input SMILES strings. This is accomplished using
RDKit’s ETKDG algorithm, which produces chemically and
physically plausible conformers by integrating knowledge-based
torsion preferences with distance geometry. We also use molec-
ular graphs to encode structural attributes, including bond types,
atomic number, chirality, degree, bond length, and formal charge.
The graph representations combined with the sequence embed-
dings are concatenated together as a complete initialization of
molecules and are put into the docking prediction stage, as shown
in Fig. 1B, executing core computational tasks. The input em-
beddings are first fed into an MLP module to obtain a joint rep-
resentation for proteins and ligands. Then, a triangular attention
module, inspired by AlphaFold2’°, processes the matrix to learn
important weights of nodes to capture inter-molecular in-
teractions. Next, an SE (3)-Equivariant module®® is added to
guarantee the equivariance of geometric properties. Subsequently,
the BFN Module generates the predicted translation, rotation, and
torsion updates for both proteins and ligands. Specifically, a
simple prior (Gaussian) distribution serves as the input distribu-
tion. At each generation step, the parameters of this input distri-
bution are passed to a neural network, which generates an output
distribution that integrates all messages across variables of data.
At the same time, a sender distribution is created by adding noise
to the sampled data, and a receiver distribution is then formed by
combining the output distribution with the same noise used in the
sender distribution.

Using Bayesian updates, the receiver distribution is employed
to refine the input distribution, progressively improving learning
of underlying data distributions. After the Bayesian updates, the
refined input distribution is passed through an SE (3)-Equivariant
module. The module captures geometric relationships in graph-
structured data, allowing the model to learn spatial interactions
and further refine node embeddings. The embeddings are then
integrated back into the output distribution. This iterative process
is repeated for multiple steps, and after sufficient refinement, the
output distribution represents the best estimate of the original data
distributions, allowing for accurate sample generation (Fig. 1C).

Unlike diffusion models, which sample from the original data
space directly®?, the BEN module samples in the differentiable
parameter space, resulting in a continuous training procedure even
for discrete data like formal charges. A graphical model has been
displayed to clarify the procedure. Diffusion-based models exhibit
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Figure 1  Overview of FlowDock architecture. (A) Representation learning. Multimodal ligand and protein data are taken as inputs to get

sequence embeddings and graph representations. (B) Docking Prediction. The input embeddings are firstly mapped by a projection module, and
then processed by a triangular attention module. To maintain the equivariance of modules, we utilize a SE (3)-equivariant module. Lastly, the BFN
module is used to generate the binding pose. Additionally, we train a confidence model to rank the quality of generated conformation and also
output corresponding binding affinity. (C) Structure of BEN Module. The BFN Module learns data distribution by recursive sampling in the latent

space.

noise sensitivity as perturbing the native complex with multiple
magnitudes of noise and denoising to learn distributions. Our model
addresses this issue by sampling from the parameters of the distri-
bution instead of the data itself, which guarantees the complete
continuity of the transmission process and the stability and con-
sistency of generation for various data types. In this way, FlowDock
strikes a balance between generation quality and efficacy.

2.4.  Multimodal intramolecular representations of proteins and
ligands

To extract features of proteins, we use the multimodal represen-
tations of proteins. For the sequence representation of protein, we
take the sequence of amino acids as input, and then process it with
protein large language model (PLM), ESM2*¥, to get the corre-
sponding embeddings .7 that contain the whole protein infor-
mation, including its structure and function. For the geometric
representation of a protein, we model the 3-dimensional pocket in
a coarse-grained pattern of backbone plus residues. The protein
graph was represented by £” = ( 77 EP), where each node V/e
7P refers to the residue located at C, position. sf’ € EP denotes
the edge, denoting the bonds between residues. The node attri-
butes contain encoding of amino acid types and side-chain dihe-
dral angles computed from at most five rotatable x angles and two
symmetric x angles of each amino acid. For the uniqueness and
consistency of the side-chain angles, we uniformly process the
dihedral angles with:

[max(x,,altx,), min(x,,altx,), max(x,,altx,),
min(x,,altx;), X3, Xa» Xs ]

(1)
instead of [x;, X2, X3, X4, X5]. Furthermore, the orientation of the
backbones are determined by the positions of atoms {C,, C, N},
which are represented by two vectors ﬁ and ﬁ for every
node. For edge attributes, we incorporate the bonds types and
length. In this way, we construct the protein graph containing the
important spatial information that facilitates the model to derive the
relative positions of all heavy atoms of proteins. In short, the rep-
resentations for protein initializations concatenate the sequence
embedding and the graph embedding, represented as Eq. (2):

P’ = (97, 2") (2)

Here, .77 denotes the sequence embeddings, and Z” denotes
the 3D structural embeddings for proteins.

For small molecules, we also extract the features in two pat-
terns. On the one hand, we take the 1D SMILES sequence I as
input and process it with RDKit. On the other hand, we also use
the molecular graph = ( W’I,E’) to represent the 3D structure
of ligands abstracted from complex structures. Nodes denote
atoms and edges denote covalent bonds. In this ligand graph 7
the node attributes contain the atom types, degree, chirality, tor-
sion angles, and number of formal charges, which are concate-
nated with sinusoidal embeddings. The edge features contain bond
types and length, processed with radial basis embeddings. In
summary, the initial representations for ligands also connect the
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sequence embedding 7" and the graph embedding 7, repre-
sented as Eq. (3):
L’ = (3’, 55’) (3)

Together, we acquire the initial input embeddings of a
protein—ligand pair (PO7 LO).

2.5.  Generation via Bayesian Flow Networks

The initial embeddings of ligands and proteins are processed
through an MLP (multilayer perceptron) layer, yielding a unified
representation of the protein—ligand pair. This unified pair rep-
resentation is then analyzed by a triangular self-attention module
to examine the weights of each node (Eq. (4)).

G’ = TrianAtten(LinProj(P’,L")) (4)

When generating the rational binding pose of ligands and
proteins, SE (3) equivariance must be guaranteed. Therefore, we
use an EGNN module to update the features (Eq. (5)).

G = EGNN(G") (5)

Next, we process the embeddings with a BFN module, which
leverages Bayesian inference to learn the distribution of given data
through several interconnected distributions. For simplicity, we
take x to denote the initial input of the BFN module as an
example. The input distribution p;(X|6), set as factorized isotropic
Gaussian distributions ,A/’(- } u, pfll) with parameters 6 : = {pu,
p}, serves as a starting guess of data. And the sender distribution
ps is also set as a Gaussian distribution, allowing the model to
sample different variations of the input with a specific known
noise level a (Eq. (6)):
ps(lx;ed) =7 (x|a™ 1) (6)

As illustrated in Fig. 1C, the Bayesian update function is uti-
lized to update the parameters (Eq. (7)):
h({t; 1, pi1 }, 9, @) = {w, p;}, where p; = p +
Mi1piy Ty (7)
Pi

o, =

h,—h, @ BN’

e{/ r} l

Z Vab hb

(

with vy, ="

And the corresponding Bayesian update distribution is derived
as (Eq. (8)):

. X + [Py O
pU(Bi\H,-,l,x;a)=,/Z/<u[# 1) 8)

i

Simultaneously, a neural network ¥ takes # and time ¢ as input
to generate the output distribution (Eq. (9)):

po(y|f,1) = 6(x—¥(6,1)) ©)

where 6 denotes Dirac delta dietribution and the accuracy
scheduler is defined as B(¢) fﬂ oalt)dt te [0, 1].

The receiver distribution subsequently combines information
from the output distribution p and sender distribution pg to assess
the reconstruction of noisy data (Eq. (10)):

pr0lf) = E IpsOixsa)] (10)

Finally, the variational lower bound of likelihood is optimized
as proven in GeoBFN>?. For learning the probability distribution
Py over given x, a series of noisy versions < yp, - -+, y, > of x are
introduced as latent variables (Eq. (11)):

> Dia(ps(-x; )| |pr (-6 )

i=1

]VLB (X) =

Pd)(ﬁz»'“-ﬂ;

(11)

—log py (x|6)

With the learned distribution being Bayesian update distribu-
tion factorized (Eq. (12))'

p¢(0f)’,,7 n
R(’M—ﬁ“t‘): [E

prolt, ;47)

H PU 6 ‘01 1,X5 al)
[pS(yi‘xivai ]7[74)( |6:1 _pO(xwiv(ﬁ)

(12)

Unlike diffusion models operating on a noisy version of data
samples, the BEN module acts upon the distribution parameters of
data. And this inherent scheme guarantees the generative process
is completely continuous and differentiable, even when dealing
with discretized data like residue and atom types.

In particular, during each step of the graph propagation process,
the ligand and protein graphs undergo both intramolecular and
intermolecular interaction updates. For intramolecular interactions,
the representation of each ligand atom is refined based on its
neighborhood ligand atoms within a 6 A radius. Similarly, each
amino acid in the protein graph is updated based on its neighboring
residues within a 12 A radius, with a maximum of 30 neighbors per
residue enforced to optimize computational efficiency during
training. Once the overall graph is established, the message between
nodes is updated by spherical harmonics and the tensor product.
More specifically, the updated procedure follows (Eq. (13)).

W (e, by, hy) (13)

Here, h, denotes the node embeddings belong to type a (either
being a residue or atom), /') ={b|(a,b) € &, .} the neighbors
of a of type t, 7, the unit vector in the direction of node ato b, ¥
being the spherical harmonics and BN the batch normalization
layer. All weights are included in the MLP module ¥ to compute
the message passing along the scalar features h?”hg and edge
embeddings egp.

Following the final interaction layer, the node representations
are utilized to generate the output predictions. As illustrated in
Fig. 1B, their final output consists of four parts. For generating
the pLDDT, binding affinity, translation, and rotation of ligands, a
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convolution of each ligand atom node with the geometric center of
the ligand is employed (Eq. (14)):

1
Ve 7 Z Y(?Oa)®‘lfm,h“ with ‘Poa =

ae 7!

W (4, hY) (14)

where 7, denotes the unit vector from center of ligand to node a,
eoq denotes the edge embedding of center and node a. The output
V = [Vscalars Vodds Veven] consists of 36 even scalars, 1 odd vector
and 1 even vector, prepared for further processing.

2.6. Confidence score and binding affinity regression

To effectively train a pLDDT model for molecular docking poses,
we employ a systematic approach involving the generation and
evaluation of pose candidates using a trained generative model.

For each training instance, a trained BFN model is used to
generate a comprehensive range of candidate docking poses,
exploring a broad conformational spectrum and capturing multiple
plausible binding scenarios for target protein—compound in-
teractions. Every generated pose is meticulously evaluated to
calculate pLDDT scores for specific regions or residues within the
binding interface. These scores, ranging from 0 to 1, indicate the
local accuracy of docking conformations, with higher values
reflecting greater confidence. They are derived from the deviation of
each candidate pose from a high-confidence reference binding pose,
focusing on per-residue accuracy. The training process employs a
regression approach, using a loss function MSE (Mean Squared
Error) to optimize the model’s pLDDT predictions. During the
inference phase, the BFN module generates N candidate poses
simultaneously, ensuring comprehensive examination of potential
docking configurations. Each pose is evaluated by pLDDT, which
assigns scores indicative of the pose’s local accuracy.

The output V = [Vscqiar; Vodds Veven) coOnsists of 36 even scalars, 1
odd vector and 1 even vector. The scalars are used for predicting
the confidence score C and negative logarithm of the binding af-
finity 4 by the following Eqgs. (15) and (16):

C = MLP(Vsetar[: 18]) (15)

MLP
A=Clip(ﬁ min=0,max=15) (16)

)
&

The binding affinity regression is also trained using MSE.
Poses are ranked based on their computed confidence scores,
thereby enabling the identification and prioritization of the most
promising poses for further experimental validation or subsequent
computational analysis.

V.44 1 used to predict the ligand translation # and V..., is used
to predict ligand rotation 7/ (Eqs. (17) and (18)):

/ Vodd
t =——MLP(||Vouil|,s 17
Tvoare M Veatl,50) (17)
\4
H=—2 MLP(||Veven||, s 18
Hvevenll'i'g (H || t) ( )

where s, is the sinusoidal embeddings of schedule time of BFN
and e=10"1 is added in case the nominator vanishes. Moreover,
a scalar torsion update for each rotatable bond b of ligand is
predicted by a convolution (Eq. (19)):

1 ~
TZZMLP WA Z Y(rou)®Y2(rb)®Ymh“
|L/ h‘ae,,/,, (19)

with v,, = U (g, h’, h! + hg)

a’’a

For generating the conformation changes of protein, we require
to output the translation, rotation, and torsion of side-chains,
denoted as £,/ and T for the i-th residue, respectively.

These are obtained from the representations 4; of i-th residue
after the final interaction layer (Egs. (20)—(22)):

'[f = MLP (hi,udda hl}even) (20)
Hi odd h
i =————MLP hi‘o »S 21
Tl ve (I[ sl [ 52 ) 21
And
Ei even h
rot[i):/\’i'MLP(Hhi,even”ast)
{ |hi‘even } +e (22)
with h[—m Zhl,

Jjet'i

where ./; denotes the neighborhood of i-th residue, and Tf is a
five-dimensional scalar vector as defined in Eq. (1).

2.7.  Train and inference procedure

2.7.1.  Training procedure
The network is trained with a loss that consists of eight compo-
nents. The total loss is defined as follows Eq. (23):

1 1 _ 1 _ 1 _ 1 _ 1 .
L= GgP g P~ P _('/l e ) 0.1.7
6Jt + 6Jr + 6jr + 6m/t + 6jr + 6JT + <y
+0.97¢, (23)

where 7, 27, % denote the loss for translation, rotation, and
torsion of dihedral angles of residues for proteins. 7, ! and 7%
are the losses for heavy atoms of compounds. The translation loss is
computed after the optimization process with the Kabsch algorithm.
The rotation loss is computed in consideration of symmetry to take
the minimum of the orientation. The torsion loss is computed using
the cosine of the angle difference. 4 denote the loss for binding
affinity, and Z¢ denote the pLDDT loss calculated by RMSE (more
details of the calculation are provided in “Evaluation strategies”).
Hyperparameters used during training are listed in Supporting
Information Table S1, and the complete training procedure is out-
lined in Supporting Information Algorithm S1.

2.7.2.  Inference procedure

Our framework necessitates multi-modal data input, and these
diverse modalities complement each other to achieve optimal per-
formance as demonstrated in the Results section. However, if not
given the multimodality of data, the structural data is of more
importance than sequence data. During the inference phase, we
begin with ligand conformations generated by RDKit and protein
structural predictions from AlphaFold2 as the initial configuration,
with SMILES sequence or residue sequence being optional. The
conformation of this complex undergoes an iterative update process
spanning 20 steps. To mitigate the risk of the final conformation
becoming trapped in a local minimum, a small random perturbation
is introduced to the refined ligand pose at each step. For each ligand-
protein pair, we conduct 40 sampling iterations and rank the
resultant binding conformations according to the pLDDT values.
The detailed inference methodology is described in Supporting
Information Algorithm S2.
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2.8.  Evaluation strategies

With the framework established, we evaluated FlowDock on the
test set CASF 2016 and then on two additional benchmarks,
PoseBusters and DEKOIS 2.0, which we don’t use for training but
only for testing to guarantee the data is unseen when training the
model. Meanwhile, we independently evaluate three tasks: bind-
ing pose generation, binding affinity regression, and screening
power. The following metrics pertain to each task.

2.8.1.  Evaluation metrics for binding pose quality

Most research studies utilize the Root Mean Square Deviation
(RMSD) of ligands to assess the predictive quality of ligand con-
formations without taking the conformation of proteins into ac-
count. However, the measurement of protein conformation is also of
importance. Thus, we evaluate the quality of the side chain con-
formations using pLDDT, which assesses the reliability of predicted
atomic positions within a protein model. Specifically, it provides a
per-residue measure of confidence in the local geometry of the
predicted structure, with higher pLDDT values indicating greater
confidence. Here are details of how these metrics are calculated.

2.8.1.1.  Ligand RMSD. To evaluate the generated complexes,
we compute the heavy-atom RMSD between the predicted and the
crystal ligand atoms when the protein structures are aligned. We
consider RMSD of ligand corrected for symmetry. The precise
calculation formula is given below as Eq. (24):

N

argmin l Z (XiS”’” (1) — Xpred (l))2

Ligand RMSD =
Xisom ~ isom(Xe) N i=1

(24)

In this context, N denotes the quantity of heavy atoms present
in the ligand, while isom refers to the various isomers associated
with the molecular graph of the ligand. After calculating the
RMSD, the cumulative plot of ligand RMSD distribution is pre-
sented for comparison with baselines. The higher the proportion of
the ligand RMSD below a certain threshold is, the better the model
performance is.

2.8.1.2.  Success rate. A widely accepted benchmark for suc-
cessful docking is achieving a ligand RMSD less than 2 A. The
success rate is calculated by dividing the number of successful
docking pairs by the total number of samples in the test set.

2.8.1.3. pLDDT. Predicted Local Distance Difference Test
(pLDDT) assesses the confidence in local structural predictions by
estimating how well the prediction agrees with experimental
structures. The pLDDT score measures the proportion of conserved
interatomic distances against four specified tolerance thresholds:
0.5,1,2,and 4 A. This score is calculated using the predicted his-
togram densities associated with each entity (Eq. (25)).

PLDDTIi] = 1.0 % pg_o5[i] + 0.75% pos_1[i] + 0.5 % py_1[i]

+0.25%p,_4]i] 25)

2.8.1.4.  Physical validity. The structural validity of predicted
molecular binding poses was evaluated using PoseBusters, a
computational tool leveraging the RDKit library to perform
standardized quality evaluations on docked structures. These as-
sessments encompass three primary criteria: (a) chemical validity

and consistency, ensuring ligand conformations adhere to stereo-
chemical rules including chirality, bond stereochemistry and
chemical feasibility; (b) intramolecular validity, assessing geo-
metric rationality through bond lengths, angles, internal steric
clashes, and energy profiles; and (c) intermolecular validity,
scrutinizing steric and electronic complementarity between ligand
and protein binding sites. Conformations satisfying all three
criteria were deemed physically valid.

2.8.2.  Evaluation metrics for virtual screening
The enrichment factor™* ¢ computed from the top-x% samples
are denoted by EF,¢ (x =0.1,0.5,1,5) (Eq. (26)):

EF.., = Nacz[ve,mp—x% (26)
X% T Nr . ol
’ ]vactive *x%

Moreover, area under the receiver operator characteristic curve
(ROC_AUC), area under the precision recall curve (PR_AUC),
and Boltzmann-Enhanced discrimination of the receiver operating
characteristic setting «=80.5% (BED_ROC,, =g 5%) are also used

: . 54-56
for evaluation of screening performance .

2.8.3.  Evaluation metrics for binding affinity accuracy

In drug discovery, both the screening process and the reverse
screening process play essential roles®’. The efficacy of these ap-
proaches hinges upon the rapid and precise prediction of binding
affinities, a critical metric quantifying the interaction strength be-
tween a protein and a ligand, providing valuable insights into mo-
lecular recognition and the underlying mechanisms of protein-
ligand interactions®. The following are the metrics that we use.

2.8.3.1. MAE. The evaluation uses MAE (Mean Absolute
Error) for prediction accuracy. MAE is commonly used for
regression-based tasks, which measure the average absolute dif-
ference between the predicted binding affinity 47’ and the true
values A7*¢. The formula is as follows (Eq. (27)):

— l - true __ pred
MAE =~ > |y — 4t (27)

i=1

2.8.3.2.  RMSE. Root Mean Square Error (RMSE, Eq. (28)) is
used to be more sensitive to significant errors.

_ 1 < true pred 2
RMSE—\/n;(A,. A7) (28)

2.8.3.3.  Spearman’s correlation. This evaluates the correlation
of predicted with true experimental affinities (Eq. (29)).

6i (Af'me _Afred)z
i=1

n(n*—1) (29)

pszli

2.9.  Data availability

Raw data for training FlowDock were collected from PDBbind
v2020 (http://www.pdbbind.org.cn). The PoseBusters dataset used
was downloaded from https://github.com/maabuu/posebusters.
The DEKOIS 2.0 was downloaded from http://www.dekois.com.



4074

Jing Li et al.

The TrueDecoy set was downloaded from https://zenodo.org/
records/13684010. Source data are provided with this paper.

2.10.  Code availability

The code is available in our GitHub project https://github.com/
Daisyli95/FlowDock. Extensive details of our experiments in the
Methods and Supporting Information sections are presented to
assist verification of our research.

3. Results

3.1.  FlowDock achieves superior performance on binding pose
prediction

To benchmark the performance of FlowDock against widely used
docking tools, we initially trained the model on the PDBbind
v2020 dataset. Subsequently, we evaluated it on the CASF 2016
dataset and the widely recognized PoseBusters test set. Empirical
cumulative distribution function plots (Fig. 2A and B) depict the
fraction falling below each unique RMSD value for the docked
complexes. FlowDock outperforms all the baseline methods,
including KarmaDocle, DiffDockm, Glideg, LeDockl3, and
AutoDock Vina'? in the two benchmarks. Specifically, the method
achieves a success rate of 89% for ligand RMSD below 2 A on the
CASF 2016 benchmark and 67% on the PoseBusters dataset,
respectively. Fig. 2C further illustrates the overall distribution of
ligand RMSD values predicted by each tool, confirming that

FlowDock yields high accuracy and consistency with a higher
density of predictions at lower RMSD values compared to other
methods.

To take advantage of the model’s capability to generate diverse
conformations, we introduced the pLDDT scoring module, based
on AlphaFold LDDT*® score, aimed at selecting the optimal
complex structure from the generated results. As illustrated in
Fig. 2D, our predicted ligand pLDDT score has a strong correla-
tion with native ligand RMSD, proving the efficacy in assessing
complex structures. The ROC_AUC™ using a ligand RMSD
below 2 A as the criterion for a positive sample is 0.81. Further-
more, the success rate improves as the number of samples in-
creases, highlighting the model’s ability to enhance prediction
quality with increased sampling (Fig. 2E). Ligand RMSD alone is
not a sufficient standard for evaluating docking quality; the
physical plausibility of the generated conformation, as discussed
in the Method Section, is equally critical. Our approach signifi-
cantly outperforms both the leading energy-based method, Glide,
and the diffusion-based method, DiffDock'®. Notably, the fixed
number of samples generated by Glide is primarily due to the
elimination of physically implausible conformations. A flat line
denotes the best docking result of Glide®, reflecting the success
rate of its optimal sample. FlowDock’s superior performance is
attributed to its capacity to accommodate substantial protein
conformational changes, resulting in a more accurate fit between
the protein and ligand.

FlowDock has shown the capability to reduce protein RMSD
compared to the initial AlphaFold2 predicted structure (Fig. 2F).
This demonstrates the method’s ability to handle conformational
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Figure 2

Number of generated samples

Original protein RMSD (A)

Performance of binding pose prediction on CASF 2016 (n= 285) and PoseBusters v2 (n= 428). (A, B) Empirical cumulative

distribution function (ECDF) plots depicting the proportion of complexes with RMSD below thresholds for various tools using the CASF 2016
(A) and PoseBusters dataset (B). (C) Distribution of ligand RMSD values across different prediction tools: FlowDock, KarmaDock, DiffDock,
Glide, LeDock and AutoDock. (D) Correlation between ligand RMSD and model-predicted pLDDT scores, highlighting pLDDT as an effective
predictor of true ligand RMSD (ROC_AUC = 0.81). (E) Success rate (ligand RMSD <2 10\, clash rate<0.4) increases as the number of generated
samples increases. (F) FlowDock predicted protein RMSD is less than the original Alphafold2 predicted protein RMSD, indicating better

alignment with native crystallized structures.
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changes and recover holo-structures where other approaches
might struggle. While our method outperforms other approaches
on both CASF 2016 and PoseBusters benchmarks, we observe that
its performance is notably stronger on CASF 2016 compared to
PoseBusters. This highlights potential issues with overfitting or
limited generalization ability to unseen data, underscoring the
need for further refinements to improve the framework’s robust-
ness. Beyond the reduced protein RMSD, we have also calculated
the predicted system energy in comparison with the crystallized
structure, and the results show that our system is very close to this,
as illustrated in Supporting Information Fig. S1.

In addition, we investigated the influence of ligand complexity
on binding pose accuracy. As shown in Supporting Information
Fig. S2, FlowDock maintains consistent performance regardless
of the number of heavy atoms or rotatable bonds in the ligand,
indicating strong generalization capabilities across a broad range
of molecular sizes and flexibilities. However, for exceptionally
complex ligands—specifically those with more than 40 heavy
atoms—we observed significant deviations in the predicted
structures (Supporting Information Fig. S3). These cases were
further analyzed to understand better the limitations of the model
under extreme molecular conditions.

Overall, we conclude that FlowDock shows promising poten-
tial as a robust framework for protein—ligand complex refinement.
Its ability to recover accurate holo-structures, generalize across

diverse ligand chemistries, and outperform existing methods on
standard benchmarks underscores its utility. Nevertheless,
addressing outlier cases with highly complex ligands remains an
area for future development, potentially through the incorporation
of ligand-specific attention mechanisms or enhanced sampling
strategies.

3.2.  FlowDock exhibits better screening ability in terms of
accuracy and speed

FlowDock’s virtual screening performance was comprehensively
evaluated on the DEKOIS 2.0 dataset, benchmarking it against a
suite of traditional docking tools and state-of-the-art deep
learning-based methods KarmaDock'® and TankBind*. The re-
sults, summarized in Fig. 3, indicate that FlowDock consistently
demonstrates superior screening power across all six evaluation
metrics. Here, we used a new baseline, TankBind, as some of our
baseline methods, DiffDock'®, FLEXDOCK™, and FABFlex®,
were not designed for screening. Notably, our method is among
the few deep learning approaches capable of both predicting
binding poses and screening.

Moreover, the docking speed of each method is compared. The
results demonstrate that FlowDock is significantly faster than
traditional docking tools and comparable to regressive methods,
KarmaDock and FABFlex, which generate a single binding pose
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Figure 3  Screening performance on DEKOIS 2.0 dataset containing 81 targets. (A) Distributions of key metrics including BED_

ROCa= 80.5%, ROC_AUC, PR_AUC, EF_0.5%, EF_1%, EF_5% obtained from the various docking models (n= 81 data points per box). (B)
The average results of these metrics obtained from these models. (C) Average runtime per binding pose. Average results from five independent
runs are reported.
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per molecule. Better than that, FlowDock efficiently produces
multiple binding poses simultaneously, potentially aiding in the
identification of optimal binding configurations or interactions.

3.3. FlowDock captures conformational changes of proteins and
exhibits enhanced stability during the generation phase

Conventional docking tools and deep learning docking methods
treat a protein as a rigid body and often ignore its flexibility and
dynamics. This leads to a huge bias between the predicted binding
pose and ground-truth complex structures®'. Our method, in
contrast, takes the protein flexibility of residue changes into account

and can capture the protein conformation changes as illustrated in
Fig. 4A—C. As a representative example, for PDB 4lIx, the gener-
ated protein RMSD is 0.326 A, compared to a protein RMSD of
0.433 A for the AlphaFold2-predicted structure calculated by
Pymol. Similarly, for PDB 4m0y, the predicted complex RMSD is
0.349 A, outperforming the AlphaFold2 pocket RMSD of 0.620 A.
These results indicate that FlowDock-predicted protein structures
are more native-like and effectively capture the dynamic confor-
mational changes associated with protein—ligand docking.

To evaluate the generalization ability concerning different
ligand structures, we chose the ligand with a variable number of
rotatable bonds as shown in Fig. 4D—F. None of these ligands was

PDB ID: 4LLX
Complex RMSD: 0.266

PDB ID: 4MOY
Complex RMSD: 0.349

PDB ID: 3COY
Protein RMSD: 0.275

£

» \

PDB ID : 4LLX
Ligand RMSD: 0.712

PDB ID: 4M0OY
Ligand RMSD: 0.526

PDB ID: 3COY
Ligand RMSD: 0.480

Figure 4

Po(91Y1, Y2, Yn)

lustration of FlowDock predicted results on diverse PDB and ligand structures. The ground-truth structures downloaded from PDB

website are colored in yellow and the FlowDock predicted structures are colored in violet. (A—C) Predicted results of small ligands with 0, 4 and 8
rotatable bonds and 9, 22, 31 heavy atoms on PDB 4LLX, 4M0Y and 3COZ, respectively. (D—F) Local illustration on corresponding ligand
conformations. All protein RMSD values, as well as ligand RMSD values, are below 2 A. (G) lustration of generation procedure of PDB 4MOY
with ligand. The ground-truth complex structure is colored in green, and the predicted structure is colored in cyan and magenta. Protein
conformation and ligand pose keep updating as the iterative sampling continues until n steps.
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used in the training set. The results show that the predicted
complex structures have low ligand RMSD and low protein
RMSD, regardless of the number of rotatable bonds and heavy
atoms. This demonstrates the FlowDock framework’s capability to
capture the flexibility and dynamics of proteins and ligands, as
well as its generality across diverse protein and ligand structures.

A key principle underlying FlowDock is that a model is more
likely to learn and generalize patterns or structures that align well
with the underlying data characteristics when the changes or
transitions between intermediate steps in the generation process
are more coherent and smoother®®. The generation process tran-
spires within the parameter space of FlowDock, whose regulation
is achieved via the Bayesian update functions. In this procedure,
samples with higher noise levels are assigned reduced weight,
resulting in a marked decrease in variance within the parameter
space®®. Consequently, this enables a smoother transformation of
molecular geometries, including translation, rotation, and torsion
angle adjustments for both proteins and ligands. As presented in
Fig. 4G, the intermediary structures progressively converge to-
wards the final structure. This highlights the efficacy of the
smoother transformation approach.

3.4.  FlowDock generates more physically plausible
conformations among deep learning methods

Physical plausibility is a critical criterion for evaluating the val-
idity of predicted binding poses, yet it remains a persistent chal-
lenge for deep learning-based methods®'*’. In this study, we
assess our approach using the most widely applied benchmark
dataset, PoseBusters, and demonstrate a substantial improvement
in physical plausibility compared to existing deep learning
models. As shown in Fig. 5, our method achieves a whole validity
of over 51.2%, while other deep learning methods best achieve
40.7%. While deep learning models often struggle with physical

plausibility due to limited training data and the absence of explicit
physical constraints, our method significantly outperforms other
state-of-the-art approaches, narrowing the gap between data-
driven models and physics-based docking tools. However, there
still remains a gap towards Alphafold3 with 84% whole validity.
But we note that Alphafold3 was trained on a dataset 10 times
larger than ours, and its computational cost is high. This evalua-
tion is performed using the PoseBusters package, which quanti-
tatively measures the physical realism of predicted poses. In
addition to performing the standard physical validity checks on the
PoseBusters dataset, we also applied the same evaluation to the
recently published TrueDecoy benchmark set. This further dem-
onstrates FlowDock’s capability to generate physically plausible
conformations across diverse datasets. The results are presented in
Supporting Information Fig. S4.

3.5.  FlowDock reaches better performance on binding affinity
prediction

By effectively capturing molecular representations and intricate
interactions between ligands and binding pockets, FlowDock
could make accurate predictions of binding affinity. We evaluate
its performance (Top-1 result) on the CASF 2016 dataset,
comparing it to both complex-based and complex-free baseline
methods. Complex-based methods leverage the holo-structure of
protein—ligand complexes, utilizing more detailed structural in-
formation than complex-free approaches, which rely solely on
ligand or protein data without the bound complex structure. The
results are presented in Fig. 6. Even without relying on prior
knowledge of the complex structure, like complex-based methods,
FlowDock achieves comparable performance, showcasing its
capability of capturing the characteristics of molecules. The
comparison between FlowDock’s predicted and experimental
binding affinity highlights a strong alignment between the two,
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Performance of different docking methods on the PoseBusters v2 benchmark (n= 428). AlphaFold3 was trained on a dataset 10 times
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Figure 6  The performance of FlowDock on binding affinity prediction on CASF 2016 (n= 285). (A) MAE measures the average magnitude of

the prediction error by taking the absolute difference between predicted and experimental affinities, with FlowDock’s MAE being 1.018. (B)
RMSE evaluates the prediction accuracy by calculating the square root of the average squared differences between predicted and experimental

binding affinities. (C) Spearman’s correlation coefficient assesses the

rank-order correlation between predicted and experimental affinities. It

evaluates how well the predictions preserve the relative ranking of binding affinities, regardless of the exact values. (A—C) Average results from
five independent runs are reported. (D) Regression curve comparing predicted binding affinity with experimental binding affinity on the CASF

2016 dataset with R? = 0.805.

demonstrating a high level of correlation. As the sample size in-
creases from 1 to 40, the ensemble average of predicted affinity
exhibits a lower RMSE and shows stronger Spearman correlations
with the ground truth. (Supporting Information Table S2).

3.6.  Case study: application of FlowDock to HPKI using
curated experimental data

Hematopoietic Progenitor Kinase 1 (HPKI, also known as
MAP4K]1) is a critical negative regulator of immune cell signaling
and has recently emerged as a promising target in immuno-
oncology. Due to its well-characterized kinase domain and the
availability of high-resolution structural data, HPK1 serves as an
ideal test case for structure-based drug discovery and virtual
screening approaches.

To assess the practical utility of FlowDock, we curated a
dataset of over 12,000 experimentally validated HPK1 ligands
from the BindingDB database, each annotated with quantitative
binding affinity measurements. Ligands were classified as active

or inactive using a threshold of 1 umol/L, enabling a robust
benchmarking framework for evaluating virtual screening perfor-
mance. The results are shown in Fig. 7.

Firstly, we compared the HPK1 binding pocket conformation
used in FlowDock with both the AlphaFold2-predicted structure
and an experimentally determined crystal structure (PDB ID:
7L24). The RMSD between the FlowDock-predicted structure and
the crystal structure is 0.637 A, whereas the RMSD between the
AlphaFold2-predicted structure and the crystal structure is
0.804 A. Structural alignment revealed that FlowDock’s model
more accurately captured the protein’s conformational state,
particularly in flexible regions critical for ligand binding. This
suggests that FlowDock not only enhances virtual screening per-
formance but also benefits from a more realistic representation of
protein flexibility, which is often a limiting factor in structure-
based modeling.

In addition, FlowDock demonstrated strong discriminative
power, as reflected in both ranking metrics and early enrichment
performance, indicating its effectiveness in prioritizing true
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Figure 7  Benchmarking FlowDock on the HPK1 target using experimentally curated data. (A) Structural alignment between the AlphaFold2-
predicted HPK1 model and the crystallographic structure (PDB ID: 7L.24), highlighting deviations in the binding pocket. (B) Structural com-
parison between FlowDock’s protein model and the same crystallographic reference, demonstrating improved conformational agreement and
better modeling of flexible regions relevant for ligand binding. (C) Ranking performance of FlowDock in distinguishing active from inactive
HPK1 ligands, evaluated using ROC AUC, PR AUC, and BEDROC (a¢= 80.5%). (D) Enrichment analysis showing the early retrieval perfor-
mance of FlowDock at the top 0.5%, 1%, and 5% of the ranked compound library. (E) Regression analysis of predicted versus experimental
binding affinities for HPK1 ligands. FlowDock predictions show strong quantitative accuracy, as reflected by a MAE, RMSE, and Spearman
correlation. MAE, RMSE, and Spearman correlation are calculated on the full dataset (n= 5248) across five independent runs.

binders from an extensive compound library. These results
confirm the model’s ability to recover active compounds with high
precision at the top ranks, a key requirement for practical drug
discovery applications.

To further investigate the model’s ability to predict quantitative
binding affinities, we extracted a subset of 5248 compounds from
this curated dataset with experimentally determined affinity values
against HPK1. The corresponding log-transformed values were
calculated to ensure consistency and facilitate comparison. Model
performance was then evaluated using standard regression metrics,
including MAE, RMSE, and Spearman’s rank correlation coeffi-
cient between predicted and experimentally measured binding
affinities. FlowDock achieved an MAE of 1.128, an RMSE of
1.413, and a Spearman correlation of 0.719, indicating strong
agreement with experimental values. These results suggest that
FlowDock not only excels in virtual screening and early enrich-
ment but also provides reliable affinity estimation, which is
essential for downstream lead optimization stages.

Together, these findings highlight FlowDock’s potential as a
reliable and effective tool for real-world drug discovery pipelines,

particularly in the context of challenging immuno-oncology tar-
gets like HPK1.

4. Discussion

Predicting binding poses of small molecules to target proteins can be
solved using two main categories of deep learning methods:
regression-based approaches and probabilistic generative modeling
approaches®!. Regression-based approaches focus on optimizing
metrics reflecting the probabilistic likelihood of the given data,
instead of directly minimizing a loss function designed to identify
the most accurate binding pose within a specific pocket. In contrast
to that, generative models directly sample from complex structures
and learn data distributions of ligands and proteins, often leading to
higher accuracy, yet are more computationally costly when gener-
ating multiple poses. Our established framework, FlowDock, is a
generative framework with a relatively low computational expense
while generating rational complex structure (Ligand RMSD<2 A,
clash rate<0.4), achieving higher speed and accuracy.
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In our work, we present significant advancements in addressing
the multifaceted challenge of studying protein—ligand in-
teractions. We demonstrate that FlowDock, a generative deep
learning framework incorporating compound information, protein
dynamics, and biophysical inductive bias®®, consistently surpasses
the performance of existing molecular docking methods. Contin-
gent upon the availability of required features, FlowDock effi-
ciently produces high-fidelity structural predictions within
seconds. This functionality enables the systematic investigation of
protein—ligand interactions across extensive chemical landscapes,
leveraging the continual advancements in databases of chemically
diverse compound libraries and computationally predicted protein
structures®”*%3,

FlowDock integrates two traditionally distinct processes—
complex structure generation and binding affinity prediction—into
a unified framework. As a data-driven deep learning approach,
FlowDock achieves computational speeds that are orders of
magnitude faster than traditional docking tools, particularly in
sampling extensive protein conformational changes. Without the
demand of user-defined binding pockets™'>%*, this framework is
highly effective for virtual screening of compounds when binding
to unknown binding sites. In this way, it significantly improves the
probability of identifying compounds with selective binding af-
finity to the intended protein target, thereby minimizing the risk of
off-target interactions—a critical consideration in rational drug
design. Additionally, this methodology can aid in target decon-
volution by identifying the binding partner of compounds whose
biological activity was originally observed through phenotypic
screening®.

FlowDock demonstrates state-of-the-art performance across
our benchmark evaluations; however, there is still scope for
improvement, particularly in enhancing its ability to generalize to
novel proteins not represented in the training set. More specif-
ically, its superior performance on the CASF 2016 dataset
compared to PoseBusters highlights potential overfitting and un-
derscores the challenges of extrapolating to unseen data-
—limitations that are characteristic of many deep learning-based
approaches. Despite these challenges, FlowDock’s performance is
poised to benefit substantially from the ongoing advancements in
Cryo-EM techniques, which are rapidly expanding the availability
and diversity of high-resolution structural data®. Recent de-
velopments in all-atom protein structure prediction tools, such as
AlphaFold3 and RFAA, offer exciting opportunities further to
enhance the modeling of protein flexibility in docking tasks.
While these tools were not included in our current benchmarking
due to their high computational cost, we recognize their potential
to improve the accuracy of protein conformational sampling and
binding site prediction. We believe the active exploration of
integrating such models into future versions of FlowDock is a
promising avenue. These technological advancements will
enhance the diversity and comprehensiveness of our training data
by providing a wider variety of protein—ligand complex confor-
mations at an accelerated pace®>®’.

To summarize, FlowDock introduces an innovative strategy for
exploring protein—ligand interactions, distinguishing itself from
conventional docking techniques that consider proteins as rigid, as
well as from molecular dynamics simulations, which are often
computationally demanding. This method’s ability to account for
comprehensive protein flexibility holds substantial promise for
identifying drug molecules and potential binding pockets. This
multi-modal multi-task framework demonstrates its power for
real-world applications to facilitate drug design.

5. Conclusions

This study presented a novel multimodal multi-task deep gener-
ative  framework, FlowDock, to generate high-fidelity
protein—ligand complex structures and binding affinities, with
low computational cost. This newly established framework has
shown a significant improvement in structural rationality, pre-
dicting binding pose. We anticipate that the tool could facilitate
structure-based drug design with its high speed and accuracy.
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