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Abstract

Flexible docking, which predicts the binding con-
formations of both proteins and small molecules
by modeling their structural flexibility, plays a
vital role in structure-based drug design. Al-
though recent generative approaches, particularly
diffusion-based models, have shown promising
results, they require iterative sampling to gen-
erate candidate structures and depend on sepa-
rate scoring functions for pose selection. This
leads to an inefficient pipeline that is difficult
to scale in real-world drug discovery workflows.
To overcome these challenges, we introduce FI-
GRDock, a fast and accurate flexible docking
framework that understands complicated inter-
actions between molecules and proteins with a
regression-based approach. FIGRDock leverages
initial docking poses from conventional tools to
distill interaction-aware distance patterns, which
serve as explicit structural conditions to directly
guide the prediction of the final protein-ligand
complex via a regression model. This one-shot
inference paradigm enables rapid and precise
pose prediction without reliance on multi-step
sampling or external scoring stages. Experimen-
tal results show that FIGRDock achieves up to
100x faster inference than diffusion-based dock-
ing methods, while consistently surpassing them
in accuracy across standard benchmarks. These
results suggest that FIGRDock has the potential to
offer a scalable and efficient solution for flexible
docking, advancing the pace of structure-based
drug discovery.
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1. Introduction

Molecular docking refers to predicting the three-
dimensional structure of a protein-ligand complex
given the individual structures of the protein and
the small molecule. This task is fundamental to
structure-based drug discovery, as it enables large-
scale screening and mechanistic understanding of
molecular interactions that underlie pharmacolog-
ical effects. While conventional docking meth-
ods typically assume a rigid protein conforma-
tion, flexible docking models the conformational
adjustments of both the ligand and the protein,
especially those arising from induced-fit effects.
By capturing this dynamic binding process, flexi-
ble docking provides a more biologically realistic
framework, though it also introduces significant
computational and modeling complexity.

Deep learning has recently brought significant
advances to the flexible docking problem, offer-
ing data-driven alternatives to traditional physics-
based methods. Among these, two major
paradigms have emerged: co-folding approaches
that predict complex structures directly from pro-
tein sequences, and generative approaches that
operate on given unbound(apo) protein and lig-
and structures. Co-folding models, exemplified
by AlphaFold 3 (Abramson et al., 2024), achieve
impressive accuracy but remain computationally
intensive due to the inherent complexity of pro-
tein structure prediction. In contrast, generative
methods (Corso et al., 2022; Plainer et al., 2023;
Huang et al., 2024b; Corso et al., 2025) leverage
diffusion models to sample ligand poses, includ-
ing global translation, rotation, and torsion an-
gles of ligand rotatable bonds and protein side
chains, conditioned on apo structures. By restrict-
ing the generative process to this product space,
these methods significantly reduce the dimension-
ality of the prediction task, and offer substantial
improvements in efficiency over co-folding ap-
proaches.

Despite these advances, current generative mod-
els still face notable limitations that hinder their
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Figure 1.0verview of FIGRDock. The model mainly comprises two modules: a conditional encoder and a regression-based docking
module. The conditional encoder, which is pre-trained using computational complex data, aims at providing a coarse pair representation.
The regression-based docking module, ne-tuned on more accurate experimental complex data, is tailored to conduct exible docking
with ef ciency and accuracy under the guidance of conditional pair representation.

practical deployment. They typically rely on
multi-step sampling to produce accurate protein-
ligand complexes and require repeated genera-
tion—scoring cycles, where performance improves
with more iterations (Corso et al., 2022; Plainer
et al., 2023; Huang et al., 2024b). Moreover, they
depend heavily on pre-trained protein language
models, such as ESM2 (Lin et al., 2023), to pro-
vide amino acid embeddings that serve as initial
node features (Pei et al., 2023; Corso et al., 2022).

In  contrast to diffusion-based models,
regression-based approaches have been widely
adopted in rigid docking frameworks such as
EquiBind (Sark et al., 2022) and TANKBind (Lu

et al.,, 2022), offering superior ef ciency via
one-shot pose prediction.  However, their
performance in exible docking scenarios is
often suboptimal (Corso et al., 2022), as one-shot
inference struggles to capture induced- t effects
and conformational changes in the ligand or
protein. This gap raises a compelling question:
Can we design a regression-based docking
framework that retains the efciency of
one-shot prediction while achieving high
accuracy under exible docking scenarios?

To the best of our knowledge, accurate interaction
modeling is essential to realize the full potential
of regression-based docking. Unlike generative
approaches, which re ne predictions through mul-
tiple iterations, regression models infer binding
conformations in a single pass. This one-shot
approach demands precise interaction modeling,
as there is no iterative correction process like in

generative methods. In exible docking scenarios,
where even subtle conformational adjustments are
critical, any misrepresentation of interactions can
lead to signi cant deviations in predicted binding
poses.

Building on this insight, we proposé-ast
InteractionGuided Regression foDocking (FI-
GRDock). This method directly regresses to an
accurate docking complex structure through a sin-
gle network inference, guided by interaction rep-
resentations, enabling both higher precision and
greater ef ciency in the docking process. FIGR-
Dock's training is organized into two stages, as
illustrated in Figure 1. The rst stage involves
conditional pair representation learning. We lever-
age the SIU dataset (Huang et al., 2024a), which
contains a substantial amount of synthetic com-
putational complex data generated by docking
software, as pre-training data to learn interaction-
informed paired representations between the pro-
tein and ligand. Despite the lower precision
compared to crystallographic data, computational
structures compensate for the limited availability
of experimental structures. In the second stage,
this learned pair representation is used as input for
the regression-based docking module, followed
by ne-tuning on more accurate crystal complex
structures. The regression approach requires only
a single network inference to predict the structure.
Guided by the interaction pair representation, it
produces more accurate predicted structures than
iterative generative methods.

Experimental results show that when compared to
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generative methods, FIGRDock reduces inference
time from the order of tens of seconds to hundreds
of milliseconds—a nearly 100speedup. Fur-
thermore, by leveraging pair representations as
conditions, FIGRDock achieves superior perfor-
mance across both holo and apo input test scenar-
ios. To the best of our knowledge, this is the rst
regression-based method to achieve comparable
or even better performance than diffusion-based

2024b) use diffusion or diffusion-bridge frameworks to cap-
ture pocket side-chain exibility. FlexDock (Corso et al.,
2025) and DynamicBind (Lu et al., 2024) further incorporate
backbone exibility using techniques such as unbalanced
ow matching and geometric diffusion. While these ap-
proaches have shown strong accuracy in modeling exible
binding, they often suffer from inef ciencies due to iterative
sampling and dependence on external scoring functions for
pose selection.

methods. In the context of the dominance of gen-
erative models in exible docking, our work of-
fers a promising alternative approach that could
provide valuable insights and solutions for future
research in the eld.

Recently, there have been several initial attempts to alle-
viate the inef ciency problem. A representative example
is FABFlex (Zhang et al., 2025), which directly predicts
protein-ligand conformation with a regression model. Un-
like diffusion-based methods that rely on iterative sampling,
regression models aim to directly predict the nal bound
structure in a single forward pass, offering signi cantly
improved inference ef ciency. FABFlex, which takes the
In this section, we brie y review related work on exi- apo ligand and protein backbone as input and regresses the
ble docking, focusing on two main approaches: co-foldingligand pose along with the Ccoordinates of binding site
methods and diffusion-based generative models. residues. While this approach greatly reduces computational
cost, its accuracy still lags behind state-of-the-art diffusion-
based models. Moreover, because it does not explicitly
model side-chain exibility, where much of the binding-
Co-folding methods aim to predict the three-dimensionainduced conformational change occurs, its ability to capture
structure of protein-ligand complexes in an end-to-end fashne.-grained interactions remains limited. These limitations
ion. These approaches take as input a protein sequence ang@tivate the development of more accurate and interaction-

molecular representation of the ligand, typically in the form aware regression-based approaches, such as our proposed
of a molecular graph or SMILES string, and directly output FjGRDock.

the bound complex structure. Recent advances such as Neu-
ralPLexer (Qiao et al., 2024), Umol (Bryant et al., 2024),
AlphaFold3 (Abramson et al., 2024), and HelixFold3 (Liu 3. FIGRDock

et al., 2024) have demonstrated the effectiveness of thig, this section, we present our proposed method, FIGRDock.
paradigm, achieving impressive accuracy in modeling prog/e pegin by introducing the notations and formalizing the
tein—ligand interactions from minimal input information. exiple docking task. We then describe the two key compo-
However, the high computational demands of training anchents of FIGRDock: (1) the conditional pair representation
inference in these models pose signi cant challenges, limitiearning module, which captures interaction-aware features
ing thejr scalapility and practicality for large-scale virtual petyeen the protein and ligand, and (2) the regression-based
screening applications. docking module, which directly predicts the bound complex
structure in a single forward pass.

2. Related work

2.1. Co-folding Methods

2.2. Diffusion-based Generative Models

Diffusion-based generative models have emerged as a leagtl- Préliminaries and Problem Formalization

ing paradigm for exible docking. These methods take asp protein-ligand complex can be represente@as( V; X ),
input the unbound (apo) structures of both the protein angyherev represents the set of atom typgdor the vertices
ligand and generate the bound complex structure by model- andx represents the set of coordinatedor each vertex.

ing the joint conformational changes that occur upon bindThe complex can be divided into two parts: a ligand and
ing. Instead of searching over large con guration spaceg protein. The ligand part is representedas: (V'; X'),

or simulating the full folding process from the sequencegnd the protein part is represented3ds= ( VP; XP). The
these models leverage generative diffusion processes to sagipm types for the small molecule (ligand) are consistent
ple binding poses in a data-driven manner. RepresentatiVgith those de ned by the periodic table (e.g., C, N, O...).
methods such as DiffDock-Pocket (Plainer et al., 2023)pjowever, for the pocket atom types, to model information
DiffBindFR (Zhu et al., 2024), and Re-Dock (Huang et al., apout side-chain variations, we treat the same element at dif-
TN ferent positions on the side chain and backbone as different

1The code is publicly available &ttps://github.com/ . o
types. For instance, for the element Carbon (C), we distin-

fengshikun/FIGRDock
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Figure 2.lllustrations of FIGRDock consist of three componertsApply a combination of noise to the pocket, including perturbed
dihedral angles and coordinates, then denoise it to train a pocket encoder that is aware of sidb:cdamsoarse structures generated
by docking software to learn a conditional pair representatiofrine-tune on accurate crystal complex structures, using the coarse
conditional pair representation to guide the regression-based docking module during the ne-tuning process.

guish between C (backbone carbonyl), CA (alpha carbon}.2. Conditional Pair Representation Learning

CB (beta carbon), etc. (Refer to the Appendix 7.1 for theF. sa illustrates th for | . ditional
complete list of side-chain atom types). igure 2a illustrates the process for learning conditiona

pair representations. Initially, the protein pocket and the
In the exible docking setting, the goal is to predict the ligand are processed by two separate pre-trained encoders
structural changes of both the protein and the small moleculéo obtain initial node representationis; = (G ) and

that occur during the binding process. Given the unboundy, = (G ). Here, p and | denote the encoders for
apo structures of the ligand and the protein, represented alse pocket and the molecule, respectively. For the ligand
G = (V;X')and@® = (VP;XP), respectively, the encoder, we adopt the pre-trained molecular encoder from
task is to predict their bound conformatio®: = (V'; X') Uni-Mol (Zhou et al., 2023).

for the ligand and3® = (VP; XP) for the protein. This T train th ket d desi ide-chai
requires modeling the mutual conformational adjustmentsOpre' rain tne pocket encodey, we design a side-chain

that occur upon binding, making the task signi cantly more denoising task using .pocket data provided by P-roFSA (_Gao
complex than rigid docking. et al., 2023). Spe_m cally, we apply a combme_d noise
scheme to the original pock€&®: rst, we perturb its ro-
tatable dihedral angles, and second, we add Gaussian noise
to the coordinates of all its atoms. This process yields the
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noised pockeG”. The learning objective for the pocket comparing the predicted intra-ligand atomic distances with
encoder pre-training can be represented as: the ground truth, encouraging the model to preserve realistic
molecular geometry.
= i p P Py;i2-
Lo = Eeelifp( (@)  (XP X Dz (D) m ey o Gifeth) X! X i3+ iifa() D i3 (3)
Among them X P andX P represent the coordinates @f o ) o
Perceptron) structure, which is used to predict the coordinatB® expressed as follows to enforce physically realistic ge-
noise of the pocket from the pocket representation. ometry within the binding pocket:

Subsequently, using the initial node representatigremd Lpocket = Egr o (iifpc(fie)  (XP X P)ji3+ jifpa(Rp) D pii3): (4)
h, obtained from the separate encoders, we learn the con-

ditional pair representation utilizing complex_ data from Lastly, the following loss is de ned to penalize deviations
SIU (anng etal, 2024a) (gengrated by docking SOftWar%etween the predicted and ground-truth inter-molecular
calculations). Speci cally, for this stage, we perturb the ro-

tatable dihedral angles within the ligand and the side chainéa,ltomIC distance matrix across the protein-ligand interface:
of the pocket in the complex data. This generates noised, ap- Linterface = Ego a1 (if pid (ﬁpl) D, i2): ()
proximately apo-like conformations denotedds(ligand) '

andG® (pocket). LetDp represent the distance matrix of | the above Iosseﬁ;;ﬁp;ﬁm = (G ;& ;hpi) denotes
the holo pocket structure and the small molecule structurg,e resulting node embedding of ligand, node embedding of
within the complex. As shown in Figure 2b, the purposepgcket and pairwise embedding encoded hyespectively.

of the interaction network modulg is to take the noisy Thefic, fia, f pe, fpa, @ndf yia represent the head network
conformations3” andG' as inputs, and leam the conditional for the prediction of the coordinate matrix and the distance.
pair representation by predictiidy, . Speci cally, the loss

function can be de ned as: The total regression docking loss is the sum of these three

components:
Lc= EGP;Gp]—jfi(h‘ﬁ) D pljjgi (2 Lr = Ligand *+ Lpocket + Linterface (6)

Wherd ; represents the MLP utilized for predicting the dis-
tance matrix, anth\ﬁ] = i( |(d); o(GP)) represents the
conditional pair representation learned by netwgrkDur- ~ 4.1. Main Experiments
ing the training of ;, the parameters of, and | are kept
frozen.

4. Experiments

Experimental SetupFor pocket encoder pre-training, we
use pocket data provided by ProFSA (Gao et al., 2023)
to perform sidechain-aware pre-training. Since the noise-
adding process involves perturbing sidechain torsions, we
As shown in Figure 2c, the regression-based docking moduldtered the dataset to remove samples with incomplete
; takes the unbound (apo) structu@s and@ , along  sidechains, reducing the total number of samples from 5
with the learned pair representatibp , as inputs to predict million to 4.8 million. The pre-training was conducted on 4
the bound (holo) complex structur€s andG>. GPUs for 10 epochs with a batch size of 64, taking approxi-

. . . . . mately 6 days to complete.
To enable direct coordinate regression while capturing both y y P

intra- and inter-molecular structural constraints, we conFor conditional pre-training, we pre-train on the SIU (Huang

3.3. Regression-based Docking Module

struct three distance matrices: et al., 2024a) dataset, which consists of 5.34 million com-
plex conformations generated by docking software. The
« D;: the intra-ligand atomic distance matrix, training was conducted using 4 A100 GPUs with a batch
size of 16, and the pre-training took approximately 20 days

+ Dp: the intra-protein atomic distance matrix, to complete.

* Dpi: the inter-molecular atomic distance matrix be-In the ne-tuning stage, we ne-tune FIGRDock on the
tween ligand and protein atoms. commonly adopted PDBbind v2020 dataset(Wang et al.,
2005), which contains 19K crystal complex structures. We

These matrices are computed from the predicted coordinatesmploy the time-split of PDBbind with 17k complexes from
and serve as targets in our training objective. Speci cally2018 or earlier for training and validation, and 363 test
the coordinate prediction loss for the ligand is de ned bystructures from 2019, ensuring consistency with previous

5
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works(Strk et al., 2022; Corso et al., 2025). The input most equitable model for comparison. FIGRDock signi -
apo ligand conformation is generated using RDKit with cantly outperformed FlexDock (Corso et al., 2025) in metric
a random seed, while the input apo protein structure i%RMSD< 2A by nearly 7% (46.6% vs. 39.7%) with apo
predicted by ESMFold (Lin et al., 2023). The ne-tuning is input. Furthermore, FIGRDock improves upon the previous
performed on 4 A100 GPUs for 100 epochs with a batch sizéest-performing method, ReDock (Huang et al., 2024b) in
of 16, taking approximately 3 days to complete. Detailedmetric %RMSDx 2A, by nearly 4% with both holo and apo
hyperparameters can be found in the Appendix 7.1. input (57.2% vs. 53.9% and 44.6% vs. 42.9%). At the
same time, in terms of model ef ciency, FIGRDock signi -
aﬁ:antly accelerates.inf'erence compared to ReDock (Huang
2024) test set. The PoseBusters V2 Benchmark is a curat gral. 20.24b)’ achieving over a 100-fold sp'eedup (0.4s VS
s). This demonstrates that under the guidance of condi-

collection of 308 high-quality, drug-like protein-ligand crys- .. . ) - )
tal complexes released after 2021, speci cally designed télonal pair embeddings, the regression-based module, which

assess docking methods not only in terms of RMSD bu{;\vmds repetitive sampling and iterative reasoning, not only

also based on chemical and geometric plausibility throughsubstantlally enhances ef ciency but also maintains state-

RDKit-based quality checks. The primary evaluation metricOT the-art aceuracy.

is the RMSD of Cartesian coordinates. We report the PeT 1 5 RySEBUSTERS

centage of samples with RMSD below different thresholds, "™

speci cally < 2A and < 5A for ligands, along with the On PoseBusters, as shown in Figure 3, rigid docking meth-
median RMSD value across all samples. We also report theds including DeepDock (Ehdez-Lucio et al., 2021), Uni-
average runtime to evaluate the model's ef ciency. Finally,Mol (Zhou et al., 2023), GOLD (Verdonk et al., 2003) and
for the PoseBusters benchmark, we report the PBValid scor&INA (Trott & Olson, 2010) receive holo pockets as in-
which re ects the model's ability to generate chemically and put. While exible docking methods, including FlexDock
structurally reasonable conformations. and FIGRDock use apo input generated by ESMFold. We

BaselinesFor the PDBbind benchmark, we compare FIGR-alSO report the result that FIGRDock uses holo as input.

Dock with search-based models SMINA (Koes et al., 2013}:'nn da%, ﬁogOII‘;'ggArE‘:trr‘:dsn"kf Lfm;éz(ir){aﬂt etal, 2n024)
and GNINA (McNutt et al., 2021), which are traditional a phaFold3 (Abramson et al., ) take sequences as

methods employing scoring functions and search algorithmgsu&' Iz:IGRDo::klpe;‘ct))ersns signi I(I:antlytlr)]ette(zjr thar|1 Fle>_<-
to effectively explore ligand poses at a considerable com- ck (Corso et al., ) as well as other deep learning

: . based rigid docking models like DeepDock&hdez-Lucio
putational cost. We also compare FIGRDock with genera:, al., 2021) and Uni-Mol (Zhou et al., 2023). Compared to

tion model-based pocket-level docking methods, DiffDock- .
Pocket (Plainer et al., 2023), ReDock (Huang et al., 2024b)search-based methods like GOLD (Verdonk et al., 2003)

and FlexDock (Corso et al., 2025). For the PoseBusters med VINA (Trott & Olson, 2010), although FIGRDock

benchmark, we measure FIGRDock against search-bas%ath apo input falls slightly behind, it is much faster and

models GOLD (Verdonk et al., 2003) and VINA (Trott & LAKeS on a prominently harder task. FIGRDock achieves
Olson, 2010), generation model-based FlexDock (Cors etter performance than GOLD and Vina with holo input.

et al., 2025), and co-folding models UMol (Bryant et al. IphaFold3 (Abramson et al., 2024) signi cantly outper-

'formed all methods, as it is trained using a larger volume
2024) and AlphaFold3 (Abramson et al., 2024). of data. FIGRDock can generate more physically plausi-

ble conformations, achieving 99.5% and 96.7% PBValid
for apo and holo input. Details of validity checks for the
As shown in Table 1, we compare FIGRDock's performancePoseBusters V2 benchmark are deferred to Appendix 7.2.
and runtime with search-based models SMINA (Koes et al.,

2013) and GNINA (McNutt et al., 2021), sidechain exi- 4.2. Ablation study

ble models DiffDock-Pocket (Plainer et al., 2023) and Re-

Dock (Huang et al., 2024b), and all-atom exible model 4-2-1. ®MPARISON WITHESM EMBEDDING

FlexDock (Corso et al., 2025). We report results for bothin thjs study, we compare our approach with the traditional
rigid and exible versions of SMINA and GNINA. Over-  method that uses protein language model—generated embed-
all, FIGRDock outperforms existing methods in both acings as conditions, as reported in Table 2. “Without con-
curacy and inference ef ciency. In terms of RMSD per- gition’ refers to the model trained without any conditional
formance, metric %RMSB2A is a crucial metric as the pre-training, while “With ESM' denotes the use of amino
predicted structure is considered successful when it meetgid—level node embeddings extracted from ESM2 (Lin
this criterion. FlexDock (Corso et al., 2025) is the only gt g, 2023). Our method, FIGRDock, employs the pro-
generative model that has modeled all atoms, making it thgosed conditional pair representation. All settings use the

Evaluation Metric We evaluate FIGRDock on the PDB-
bind test set and the PoseBusters V2 (Buttenschoen et

4.1.1. PDBIND
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Table 1.RMSD performance and runtime comparison of different methods on the PDBbind dataset. The best results are highlighted in
bold. FIGRDock demonstrates a signi cant advantage in both accuracy and ef ciency.

Holo Crystal Proteins Apo ESMFold Proteins Average

Models Runti

%<2" %<5" Med# %<2" %<5" Med# RuUntime(s)
SMINA(rigid) 32.5 54.7 4.5 6.6 22.5 7.7 258
SMINA 19.8 47.9 54 3.6 20.5 7.3 1914
GNINA(rigid) 42.7 67.0 25 9.7 33.6 7.5 260
GNINA 27.8 54.4 4.6 6.6 28.0 7.2 1575
DiffDock-Pocket(40)  49.8 79.8 2.0 41.7 74.9 2.6 61
ReDock(40) 53.9 80.3 18 42.9 76.4 24 58
FlexDock - - - 39.7 - 2.5 11
FIGRDock 57.2 82.3 1.6 46.6 76.8 2.3 0.4

Table 2.RMSD performance comparison of different protein rep-
resentations for docking. “Without condition' uses no conditional
pre-training; "With ESM' uses ESM2-based residue level node
embeddings; FIGRDock employs interaction-aware conditional
representations. The best results arkdid, showing the advan-
tage of our approach over general protein features.

Holo Crystal Proteins  Apo ESMFold Proteins

Models

%< 2" Med# %< 2" Med#
Without condition 46.2 2.2 37.8 2.8
With ESM 49.0 2.0 37.8 2.7
FIGRDock 57.2 1.6 46.6 2.3

4.2.2. MPACT OF APO STRUCTURE PREDICTION
Figure 3.Results of the PoseBusters V2 benchmark with known METHODS ONDOCKING PERFORMANCE
pockets. FIGRDock outperforms the exible docking method Flex-
Dock with apo input. Meanwhile, FIGRDock outperforms search-
based methods (Gold and Vina) with holo input. For methodslable 3.RMSD performance of FIGRDock models trained on apo
marked with *, we demonstrate results reported by the FlexDoclétructures predicted by different folding methods (AlphaFold2

paper (Corso et al., 2025). vs. ESMFold), evaluated on both AlphaFold2- and ESMFold-
predicted apo test sets.
Models Apo AlphaFold2 Proteins  Apo ESMFold Proteins
. . %<2" Med# %<2" Med#
same network architecture and ne-tuning strategy to eNSUre€ rigroock(Training by AlphaFoldz)  47.5 21 36.7 26
a fair Comparison. FIGRDock(Training by ESMFold) 48.1 21 46.6 2.3

Results shown in Table 2 demonstrate that our interactior}ipo protein conformations can be predicted using either

guided approach provides substantial bene ts for m0|eCU|aYESMFoId or AlphaFold2, both of which generate 3D protein

docking. First, the signi cant performance improvement 'Ts_tructures from amino acid sequences. However, prediction

of our method over the unguided baseline validates the e : .
. . . accuracy varies between methods, and few studies have
fectiveness of our conditional learning strategy. Moreover

FIGRDock consistently outperforms the ‘With ESM' setting explored how different predicted apo structures in uence

. . Mdownstream docking performance. Here, we evaluate the
across both holo and apo inputs—especially for apo ES robustness of our model when provided with apo structures
Fold proteins, where the success rate (%RMZB) in- P P

creases by nearly 9%. This performance gain is particularl predicted by different folding algorithms. This experiment

S . C ¥s critical to determine whether our model's performance
notable considering that our approach incurs signi cantly

lower training costs than ESM2. These ndings suggest thatCIependS on speci ¢ conformational inputs.
representations capturing interaction-speci ¢ knowledge offo this end, we constructed two dataset variants for training
fer more relevant and ef cient guidance for docking tasksand evaluation. In addition to the main experimental setup

compared to general-purpose protein representations.  using ESMFold, we created a variant based on AlphaFold2-
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Figure 4.Comparison of docking performance with different scales of pre-training data. Larger pre-training datasets lead to better
performance across both holo (left) and apo (right) settings.

predicted apo structures. The data processing and spli. Conclusion
strategy follows the same protocol as FABFlex (Zhang et al. i
2025). We trained two models separately using apo strud? this work, we present FIGRDock, a fast and accurate
tures predicted by ESMFold and AlphaFold2, and eValuatecgegressmn-based framework for exible molecular dock-

each model on both ESMFold- and AIphaFoIdZ—predictedng' Unlike mainstream generative methods that rely on
test sets. Results are shown in Table 3 repetitive sampling, scoring, and pre-trained protein embed-
' ' dings, FIGRDock adopts an interaction-aware conditional

We observe that when the training and testing apo structuregpresentation to guide direct regression of protein-ligand
come from the same folding method, FIGRDock performscomplex structures. By decoupling the learning of inter-
well in both cases. Interestingly, the model trained on ESMaction patterns from the nal docking prediction, FIGR-
Fold data generalizes well to AlphaFold2-predicted tesDock achieves high docking accuracy with a single forward
structures. In contrast, the model trained on AlphaFold%ass, signi cantly improving inference ef ciency. Exten-
data performs poorly on the ESMFold-predicted test set. Weive experiments on both holo and apo settings demonstrate
hypothesize that this is due to AlphaFold2's higher predicthat FIGRDock not only outperforms previous diffusion-
tion accuracy, which may result in less noisy apo conformabased models in accuracy but also achieves nearly 100
tions in the training set, thereby limiting the model's ability faster inference. These results highlight the promise of
to generalize to noisier samples in the ESMFold test set. regression-based docking under interaction-guided super-

vision and open new directions for ef cient and scalable
4.2.3. ALING STUDY OF PRE-TRAINING DATA structure-based drug design.
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Table 4. Hyperparameter settings for Pocket Pretraining, Conditional Pretraining, and Fine-tuning stages.

Conditional Pretraining

Fine-tuning

Pocket Pretraining
Batch Size 64
Training Epochs 10
Learning Rate 1 104
LR Scheduler polynomial_decay
Warmup Ratio 0.01
Optimizer Adam
Weight Decay 1 10 4
GPU Number 4

16
12
3 104
polynomial_decay
0.06
Adam
0
4

16
100
3 10 ¢
polynomial_decay
0.06
Adam
0
4

7. Technical Appendices and Supplementary
Material

7.1. Implementation Details

The training of FIGRDock consists of three stages: Pocket
encoder pre-training, conditional pre-training, and fine-
tuning. The hyperparameter settings used in all stages are
listed in Table 4.

For pocket encoding, to enhance the model’s sensitivity to
side-chain variations during the docking process, we treat
atoms with the same elemental type but different structural
roles, such as backbone versus side-chain atoms, as distinct
atom types. In particular, for side-chain atoms, we define a
comprehensive set of atom types to capture their structural
specificity, including:

c, CA, CB, CD, CD1, CD2, CE, CE1, CEZ2,
CE3, CG, CG1, CG2, CH2, Cz, Cz2, CZ3,
N, ND1, ND2, NE, NE1, NE2, NH1, NH2,
NZ, O, OD1, OD2, OE1, OE2, OG, 0OG1, OH,
SD, SE

We employ a Transformer-based architecture to encode
molecular and protein structures. Specifically, the encoding
schemes for atom types and 3D positions, along with the
design of the Transformer layers, are adopted from Uni-
Mol(Zhou et al., 2023).

7.2. Additional Experiment Results

We conducted a comprehensive evaluation of FIGRDock on
the PoseBusters V2 benchmark. As shown in Figure 5 find-
ings revealed that FIGRDock consistently passed various
validity tests in the vast majority of instances. Nevertheless,
instances of clashes were detected in a limited number of
cases.

7.3. Visualized Examples
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Figure 5. Detailed plausibility checks for predictions by FIGRDock on PoseBusters V2 benchmark with holo and apo input. FIGRDock
achieves 99.5% and 96.7% PBValid for apo and holo input, generating physically reasonable conformations.
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