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Biomolecular structure determination is essential to a mechanistic understanding
of diseases and the development of novel therapeutics. Machine-learning-based
structure prediction methods have made significant advancements by computation-
ally predicting protein and bioassembly structures from sequences and molecular
topology alone. Despite substantial progress in the field, challenges remain to
deliver structure prediction models to real-world drug discovery. Here, we present
NeuralPLexer3 — a physics-inspired flow-based generative model that achieves
state-of-the-art prediction accuracy on key biomolecular interaction types and
improves training and sampling efficiency compared to its predecessors and alter-
native methodologies [1}[2]]. Examined through existing and new benchmarks, Neu-
ralPLexer3 excels in areas crucial to structure-based drug design, including blind
docking, physical validity, and ligand-induced protein conformational changes.

1 Introduction

For decades, predicting the 3D structures of proteins has been a transformative goal in structural
biology and drug discovery. Experimental techniques like X-ray crystallography and cryo-electron
microscopy have provided invaluable structural data. Still, these methods are resource-intensive and
time-consuming, making it challenging to scale their application across the immense diversity of
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proteins and small molecules. Most drug development programs still rely on these experimental
structures, leaving countless therapeutic opportunities and hypotheses unexplored.

Breakthroughs in Al-driven structure prediction, notably with AlphaFold2 (AF2) [3]], brought the field
closer to experimental accuracy. Despite this progress, a significant challenge remained: accurate
modeling of interactions between proteins and different biomolecules, particularly small molecules,
nucleic acids, and other proteins. Understanding and accurately modeling these interactions is
essential for adapting structure prediction models into effective drug discovery workflows.

NeuralPLexer (NP) [4] was one of the first Al models to directly address these complex interactions
by pioneering the use of Al for protein-ligand structures, with NeuralPLexer2 (NP2) [2] advancing
further in prediction accuracy and covering all essential categories of biomolecules including protein
complexes, nucleic acids, small molecules, and covalent modifications.

AlphaFold3 (AF3) [1] recently set a new standard in interaction modeling. While taking us another
step further for drug discovery applications, this geometrical approach to interaction prediction still
limits its usability. Drug discovery requires precise, atom-level details on how small molecules
interact with specific protein atoms and how these interactions induce conformational changes. Rapid
screening of large numbers of potential compounds is also necessary.

Specifically, several technical challenges persist in state-of-the-art structure prediction models:

» Unphysical hallucinations: AF3 and related methods [|1,|5, 6] sometimes generate structures
that are not physically plausible, such as ligands with incorrect chiral centers, unrealistic
torsion angles, or misfolded chains for disordered regions.

* Computational cost: The resource-intensive nature of current diffusion-based structure
predictors can limit their scalability in large-scale studies, such as virtual screening.

* Performance assessment for drug discovery: There is a need for thorough model eval-
uation in drug discovery contexts, particularly in predicting ligand-induced protein con-
formational changes and the recovery of physical interactions such as hydrogen bonds [[7,
8.

Here we present NeuralPLexer3 (NP3), offering the following key contributions:

* NP3 improves protein-ligand binding structure prediction with greater accuracy than AF3
while retaining broad applicability across all categories of biomolecular interactions.

* By combining physics-informed priors, fast sampling alorithms, and hardware-aware opti-
mizations, NP3 typically delivers a prediction within seconds of GPU time while preserving
accuracy.

* We introduce novel benchmarks to evaluate conformational predictions related to binding
pocket/ligand interactions and their potential effects on protein conformation across a diverse
dataset. For specific protein classes, such as kinases, NP3 provides downstream functional
insights, such as predicting protein inactivation from ligand binding.

We also present scaling studies for flow-based encoder-decoder structure prediction models and
estimate the compute-optimal frontier, improving training efficiency relative to AF3 and related
methods. This detailed breakdown of model performance offers insights about learning behaviors
across various biomolecular modalities and identifies future areas for improvement.

2 Results

NeuralPLexer3 (NP3) (Figure ) is a generative modeling framework for the de novo prediction and
sampling of generalized biomolecular complex structures composed of, but not limited to, proteins,
nucleic acids, ligands, ions, and post-translational modifications (PTMs). The system is also designed
to provide all-atom and pairwise confidence estimation of predicted complexes.

2.1 Model architecture

Underpinning NP3 is a conditional flow-based generative model that samples the 3D coordinates of
all heavy atoms of the complex from a model distribution [10, |11].



A NeuralPLexer3 Architecture

Multi-scale Polymer Prior | Ground truth .
o structure (training) i

Langevin
dynamics
(64 steps)

v
Confidence
module (4x)

Optimal transport
permutation

Random

noise T
Encoder Blocks (32x) Flow Blocks (24x)

Biopolymers/

PTMs Extract Diffusion Diffusion
chemical Attention Attention

Small features (global) (sparse)

molecules

Prediction
= Flow ODE (40 iterations;
Conditioning Modules :
B PoseBusters v2, No Ground Truth Structure Provided Inference Time
1007 ) 1007 4007
RMSD <2 A
[EE RMSD <2 A & PB-valid = 3507
801 77 > %] e 3
200007 77.9 g 5 350
%
— [
= 731 £ ]
o 601 < 96 ‘5 2507
“G VAR AAA g 95.6 "_
7 7555 g : I 2001
[%] IS IIIA F o
@ 7505 @ £
g 0117 g% g 1507
5 I 4 °
VA = =
2777777 I=3 o
70000 o o
Vs @ 1009
i N »
20114555552 921 4
Vi
VA AIIIA % 7
VAR [0) 50
75555
o 75055 o
NP2 AF3 NP3 AF3 NP3 AF3 NP3

(A100 GPU) (L40S GPU)

Figure 1: NeuralPLexer3 (NP3) accurately predicts biomolecular structures with improved
physical quality and prediction speed. (A) Schematics of the NP3 system. To perform a predic-
tion, NP3 uses molecular topology extracted from input biopolymer sequences and small molecule
graphs as primitive inputs, with additional conditioning signals from sequence language models
and multiple sequence alignments (MSAs). NP3 adopts a flow-matching framework that samples
from an informative globular polymer prior (Algorithm|[S3). (B) Performance of NP3 on the Pose-
Busters benchmark [9]]. Left panel: success rate for predicting the ligand-protein structures to within
2 A RMSD, with and without additionally requiring that the structures are physically reasonable
(PB-valid). Center panel: percentage of predicted structures where ligand stereochemistry is correct.
Right panel: timing for running a single inference on a 1024-residue protein. Comparisons are made
to NeuralPLexer2 (NP2) and AlphaFold 3 (AF3).

Continuous normalizing flows: The core model of NP3 is a flow-based generative model that uses
continuous normalizing flows (CNFs) [10] and is trained without the use of simulations. CNFs
transform simple probability distributions into complex ones through continuous-time dynamics.
CNFs sample new data by integrating an ordinary differential equation (ODE) using initial conditions
from the prior distribution: .
t
Xt = Xo + Us(Xs) ds (D
0

Flow matching: Flow matching enables efficient and stable training of CNFs by aligning the model’s
vector field with a target vector field derived from predefined conditional probability paths:

L( ) = Evuuro:1]Expe KU (X)) u(t;x)k? : )



Figure 2: @) Comparison of relative encoder/decoder capacity in terms of oating-point operations
per second (FLOPs) among different methods. The asterisk indicates an estimate based on our
reproduction of AF3.B) Key model training and inference improvements included during the full
course of model development and their impact on PoseBusters accuracy.

Improving ow matching for biomolecular structure prediction : We introduce several key
enhancements to make ow matching more suitable for probabilistic structure prediction:

First, we take advantage of physically informed priors. Flow matching offers greater exibility in
choosing the prior distribution functional form, and we reason that more appropriate prior distributions
will better capture the underlying data structure. In NP3, we introduce a physics-motivated, globular
polymer prior that preserves the distance structure among linked atoms and residues belonging to the
same chain (Figurg 1A). This informative prior is ef ciently implemented by relaxing random atom
con gurations with a limited number of Langevin dynamics iterations using an energy model with
harmonic connectivity terms (Algorithin §3).

Second, by incorporating optimal transport principles, ow matching can create simpler ows that are
more stable to train and lead to faster inference|[12—-14]. We introduce a simulation-free symmetry
correction module to straighten the conditional ow trajectories that connect the prior samples and
ground truth structures. The symmetry correction module permutes equivalent entities, then permutes
local atom indices while preserving the underlying chemical graph structures (§eclion S.5).

Finally, instead of directly tting the vector eldi, we predict the denoised coordinates and estimate
the vector eld following an optimal rigid structure alignment. Following previous wbik [4], we also
apply a rigid alignment against the previous-step structure estimate to improve trajectory continuity

(Algorithm[S2).

More details on model training and inference can be found in Algorifhms SP gnd S1. Altogether,
these contributions led to two main advantages: (1) a substantial reduction in the number of integrator
steps needed to sample from the model, leading to improved inference ef ciency; and (2) alleviating
the need for expensive diffusion rollouts [1] before each optimizer step, which both speeds up and
simpli es the procedure for training the main model and con dence modules.

We have implemented several architectural enhancements to support these contributions.

Model architecture: Leveraging components from both its predecessors and recent structure predic-
tion methods[11, 15], we adopt an encoder-decoder architecture that separates the tasks of anchor-level
conditioning and atom-level structure generation (Figufe S1). Anchors are selected with a prespec-
i ed budget from all atoms, with priority given to residue backbones and ligand atoms. Paired
multiple sequence alignment (MSA) [16,/17] features obtained via an improved pairing algorithm are
assigned to these anchor atoms. The encoder comprises embedding layers to project all atom, bond
and stereochemistry features; a hierarchical MSA Module; and AF3-style PairFormer blocks. The
decoder consists of ow blocks using a diffusion transformer [18] (DiT) architecture with additional
geometric bias and modern normalization layers and layer initialization techniques. Each ow block
operates rst on anchor atoms using dense attention and then on all heavy atoms using a linear-scaling
sliding window attention [19], both using bias terms from input topology and encoder representations.
Refer to the Supplementary Information sections S.3 and S.4 for further details.



Compute-optimal scaling The Chinchilla project [20] introduced compute-optimal scaling laws,
demonstrating that an optimal balance between model size and training data can be identi ed
by extrapolating from a series of iso-training-compute Pareto frontiers. However, applying these
frameworks to structure prediction models presents unique challenges due to their (1) heterogeneous
architectures; (2) the simultaneous training of conditioning and structure generation modules (Figure
S1); (3) the use of decoder parallelism, where multiple independent coordinate initializations are
passed to the decoder network within each training iterations to improve ef ciency (Figure S2); and
(4) the vast number of modalities corresponding to each category of biomolecular interaction. To
resolve these challenges, we reason that the total computational cost, measured in oating-point
operations (FLOPSs), serves as a more accurate indicator of model capacity than parameter count.

To optimize the computational ef ciency of training our encoder-decoder architecture, we conducted

a series of experiments and determined the ideal balance (Figure S4): an encoder-decoder FLOP ratio
of 10 with 20 decoder replicas. While intra-molecular prediction accuracy tends to saturate upon
reaching a critical decoder size, inter-molecular interaction prediction continues to bene t from jointly
scaling the model and data up to the production model size. We plot the relative encoder/decoder
capacity among different methods, including NP3 scaling models and the production 700M-parameter
model, and an estimated result for AF3 based on our reimplementation in Figure 2A).

Reaching full model scale required a custom triangular attention kernel. See Supplementary Informa-
tion section S.6 for details of its implementation and computational performance.

Model ablations: We illustrate the impact of each modi cation included during the full course

of model development on PoseBusters accuracy, categorized into data engineering, training loss
improvements, improvements to the ow sampler, and better sample ranking protocols (Figure
2B). Key improvments came from weighting interface-based training data sampling and cropping,
AdaLN-Zero [18], QK-Norm [21], an improved weighting scheme in rigid structure alignment that
improves training (Algorithm S2), and the incorporation of clash and chirality penalties in conformer
ranking.

2.2 Protein Structure and Interaction Accuracy

On the PoseBusters benchmark [9], NP3 achieves state-of-the-art accuracy in predicting protein-
ligand complexes. This benchmark evaluates two critical aspects that determine whether a model
truly enables structure-based drug discovery: whether the predicted structures match experimental
data to within the necessary accuracy (<2 A RMSD) and whether their molecular geometries are

physically valid (PB-valid).

Given only a protein sequence and a ligand's chemical structure, without prior knowledge of the
protein’s structure, binding site location, or ligand conformation, NP3 achieves a 78.4% combined
success rate across both metrics, outperforming AF3's 73.1% (Figure 1B). On the coordinate error (%
RMSD < 2 A), NP3 achieves similar performance to AF3 (80.2% versus 80.4%, shown in Table 1).
NP3 similarly demonstrates substantial performance advantages over traditional docking methods that
rely on experimental holo structures and explicitly de ned pocket residues, including Vina (59.7%),
GOLD (58.1%), and Uni-Mol (21.8%) [22—24]. Newer Al-based approaches, such as EquiBind,
TankBind, and DiffDock [25—-27], which eliminate the need for explicitly de ned pockets but still
depend on reference protein structures, achieved lower success rates of 1.9%, 15.9%, and 38%,
respectively.

Importantly, NP3 also achieves 98.8% accuracy in predicting ligand stereochemistry (Figure 1B).
This is critical for downstream drug design applications, as accurate stereochemical predictions are es-
sential for optimizing ligand binding af nity and pharmacological activity, ensuring the development

of effective and selective therapeutic compounds.

To further evaluate NP3's performance on nucleic acids, covalent ligands, and protein interaction
accuracies, we introduced a new benchmarking suite, NPBench. NPBench addresses several limita-
tions in existing benchmarks for structure prediction. Standard molecular docking benchmarks are
typically limited to binary interactions (single target, single ligand) and therefore fail to capture the
diversity of biomolecular interactions and stoichiometry inherent to molecular biology. Moreover,
many of these benchmarks exhibit signi cant overlap with training structures, which can lead to an
overestimation of model performance on novel targets.



Table 1:Quantitative model performance across biomolecule and interaction typesProtein-

ligand interaction prediction accuracy is evaluated on the PoseBusters-V2 dataset [9]. Nucleic acids,
covalent ligands, and protein prediction accuracies are evaluated using 1,143 chains or interfaces
from low-homology, high-resolution, and deduplicated Protein DataBank (PDB) structures released
after 2023. Sub- and super-scripts in the value column indicate the 95% con dence interval. Unless
otherwise stated, no structural input is providédolo protein structure input providedPocket
residues speci ed*Requires human input.

Task Dataset Metric Method N Value
% RMSD< 2A NP3 308 779814
and PB-valid AF3 (2019 cutoff) 308 73.1
% RMSD< 2A NP3 308 80:2842
AF3 (2019 cutoff) 308 805848
, % RMSD< 2AY  EquiBind 308 1932
Ligands PoseBusters V2 TankBind 308 1519%858
DiffDock 308 3804
% RMSD< 2A? VinaonAF-M2.3 308 153198
DeepDock 308 19527
Uni-Mol 308 21:8%8
GOLD 308 58187
Vina 308 597%:3
Low-homology Noncovalent ligands % RMSD2A NP3 572 607842
Ligands Covalent ligands % RMSD 2A NP3 584 696{31
Modi ed residues % RMSD< 2A NP3 320 82683
Protein—Protein % Dock® 0:23 AF-M 2.3 239 52338¢
NP3 239 527801
Protein—Peptide % Dock® 0:23 AF-M 2.3 47  76:683:2
Proteins NP3 47 85135
LDDT AF-M 2.3 123 87:1%8
NP3 123 86:281'%
Monomers TM-score AF-M 2.3 123 90:9339
NP3 123 8g7Le
Protein—RNA % DockQ 0:23 NP3 49 327153
Protein—~DNA % DockQ 0:23 NP3 116 56:2332
o RNA Monomers LDDT NP3 20 53353
Nucleic Acids  CASP 15 RNA LDDT NP3 12 49957
CASP 15 RNA LDDT NP3 8 46553
(AF3 version) AF3 8 47337

Alchemy RNAZ 8 545523

While AF3 provided a RecentPDBEval evaluation protocol that covers diverse molecular interactions,
the associated code is not publicly available, limiting its accessibility for broader benchmarking
efforts [1]. In parallel, PLINDER introduced a comprehensive collection of protein-ligand interactions
with strati ed splits; however, it does not currently support nucleic acids, generalized stoichiometry,
or holdout splits aligned with the time-based evaluation splits commonly used in modern structure
prediction models [28].

To address these gaps, NPBench comprises 1,143 chains or interfaces derived from low-homology,
high-resolution, and deduplicated PDB structures released after 2023. Further details of this bench-
mark are described in section S.2, and the code will be made publicly available to support repro-
ducibility and future advancements in the eld.

On this benchmark, NP3 exhibited an overall strong performance across diverse biomolecular targets
and interactions:



 Protein monomers and protein-protein interactions (PPls) NP3 demonstrated compara-
ble performance in predicting protein-protein interactions, achieving a success rate of 52.7%
on low-homology interfaces with DockQ [29] scores greater than 0.23, closely matching
AlphaFold2-Multimer v2.3 (AF2-M 2.3) [30], which achieved 52.3%. For monomers,
NP3 and AF2-M 2.3 also showed similar results, with success rates of 87.1% and 86.2%,
respectively, as measured by LDDT.

» Protein-peptide interfaces On protein-peptide interfaces—where peptides are de ned
as standard or modi ed polypeptide chains with fewer than 20 amino acids—NP3 largely
outperformed AF2-M, achieving an 85.1% success rate compared to AF2-M's 76.6%.

« Noncovalent ligands NP3 achieved a success rate of 60.7% (ligand RMSD <2 A) for
noncovalent ligands in the evaluation set, compared to 80.2% on the PoseBusters benchmark.
Notably, the evaluation set consists of ligand-target interfaces where either the binding
pocket or the ligand exhibits signi cant structural dissimilarity from the training data. These
results demonstrate NP3's ability to generalize effectively to unseen targets and novel
molecules, maintaining satisfactory performance under more stringent evaluation criteria.

» Covalent ligands and PTMs For covalent ligands, NP3 achieved a high success rate of
69.6%, while for modi ed residues it reached 82.6%. These results underscore NP3's ability
to generalize to proteins with chemical modi cations and covalent chemistry, making it
particularly relevant for drug discovery applications targeting chemically modi ed proteins.

* Nucleic acids On CASP15 RNA targets [31, 32], NP3 demonstrated comparable
performance to AF3 (46.5% versus 47.3%, respectively) and slightly below that of
Alchemy RNAZ2 [33] (54.8%), which relies on explicitly curated human inputs. While
AF3 conditions its predictions on RNA MSAs, NP3 uses RNA language models (LMs) and
achieves similar performance—a noteworthy result, as MSAs are typically considered more
effective than LMs for conditioning structure predictions. This outcome also highlights the
potential of utilizing LM-based approaches in scenarios where RNA MSAs are unavailable
or impractical to generate. For protein-DNA interactions, NP3 achieved accuracy compara-
ble to protein-protein interactions (56.2% versus 52.7%, respectively) and lower, though
reasonable, accuracy for protein-RNA interactions (32.7%).

Figure 3:Model con dence estimation. (A) Scatter plot of ligand RMSD against ligand pLDDT and

on PoseBustersBj PoseBusters ligand RMSD success rate statistics grouped into NP3 con dence
percentiles. Prediction success rates are consistently higher for higher con dence prediction bins.
(C) Scatter plot of DockQ score against the pDockQ score on NPBench protein-protein and protein-
nucleic acid interfaces)) PPI DockQ success rate statistics grouped into NP3 con dence percentiles.
Vertical lines on the scatter plot indicate the median prediction con dence. 95% con dence intervals
are indicated by error bars in pan&sndD.

A strong correlation was also observed between NP3's model-estimated con dence and true pre-
diction accuracy, highlighting its ability to effectively gauge the reliability of its outputs (Figure 3).

Con dence for ligand predictions was quanti ed using the pLDDT score, while polymer-polymer
interface predictions were assessed using the newly introduced pDockQ score (see Sl, S.9). To further
analyze the relationship between con dence and accuracy under a cutoff that de nes prediction
successful-ness, prediction success rates were aggregated into percentiles based on model-estimated
con dence. Results showed that higher con dence predictions achieved substantially better outcomes.
Speci cally, for predictions in the top 50% con dence subset, NP3 achieved a 96.7% RMSD success
rate on the PoseBusters benchmark and a 93.1% DockQ success rate on the NPBench dataset.
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