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ABSTRACT 

Molecular docking occupies a central position in structure-

based drug discovery, enabling researchers to predict the 

binding orientation of small-molecule ligands within protein 

binding sites and estimate the associated binding free energy. 

Classical docking algorithms, while widely deployed, suffer 

from computational inefficiency and limited scoring accuracy, 

particularly in flexible receptor scenarios. The emergence of 

deep learning has fundamentally transformed this landscape, 

giving rise to a new paradigm—herein termed NeuroDock—

that integrates convolutional neural networks (CNNs), graph 

neural networks (GNNs), transformer architectures, variational 

autoencoders (VAEs), generative adversarial networks (GANs), 

and diffusion models into a unified computational framework 

for drug discovery. This review provides a systematic and  

critical analysis of deep learning methodologies applied to molecular docking, binding 

affinity prediction, protein-ligand interaction modeling, and de novo drug design. We survey 

landmark models including EquiBind, DiffDock, TANKBind, GNINA, DeepDock, and 

AlphaFold2-based docking strategies, evaluating their architectures, training datasets, and 

performance across standard benchmarks such as PDBbind, CASF-2016, DUD-E, and 

CrossDocked2020. We further examine the integration of reinforcement learning with 

generative models for goal-directed molecular optimization and discuss multi-task deep 

learning frameworks for simultaneous ADMET property prediction. Challenges including 
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data scarcity, model interpretability, generalization to novel protein families, and handling of 

protein flexibility are examined in depth. We conclude with a forward-looking perspective on 

quantum machine learning, foundation models for structural biology, and federated learning 

approaches for privacy-preserving multi-institutional drug discovery. NeuroDock represents 

not merely a collection of algorithms, but a coherent philosophy of AI-native drug 

development that promises to compress the drug discovery timeline from decades to years. 

 

KEYWORDS: molecular docking; deep learning; graph neural networks; drug design; 

binding affinity; generative AI; EquiBind; DiffDock; ADMET prediction; NeuroDock. 

 

1. INTRODUCTION 

Drug discovery is one of the most resource-intensive endeavors in modern science. On 

average, bringing a single new molecular entity from initial discovery to regulatory approval 

requires 10 to 15 years and an investment exceeding $2.6 billion, with a clinical success rate 

below 10%. 

 

A critical bottleneck in this pipeline is the identification and optimization of lead 

compounds—molecules that bind selectively and with high affinity to a biological target 

implicated in disease. Molecular docking, first introduced in the 1970s and substantially 

refined through the 1980s and 1990s, has been the computational workhorse for this task. By 

sampling and scoring the conformational space of a ligand within a protein binding pocket, 

docking programs generate binding pose predictions and rank molecules by predicted 

affinity. 

 

Classical docking tools such as AutoDock,
[15]

 GLIDE, Gold, and AutoDock Vina have 

enabled enormous advances in structure-based drug discovery. However, these programs rely 

on physics-derived scoring functions with simplified energy terms, which frequently fail to 

capture subtle electrostatic effects, water-mediated interactions, entropy contributions, and 

protein conformational changes upon ligand binding. Computational costs restrict throughput 

to thousands or hundreds of thousands of compounds, far below the billions of synthesizable 

molecules in modern virtual libraries. 

 

The deep learning revolution that has reshaped computer vision,
[1]

 natural language 

processing,
[21]

 and protein structure prediction
[2]

 now offers transformative potential for 

molecular docking. Deep learning models can learn complex, nonlinear relationships directly 
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from data, replacing hand-crafted scoring functions with learned representations of molecular 

interactions. Crucially, once trained, inference is orders of magnitude faster than classical 

docking, enabling the screening of billion-scale compound libraries in practical timeframes. 

This review introduces NeuroDock as a conceptual and operational framework that 

synthesizes the most powerful deep learning approaches for molecular docking and drug 

design. We trace the evolution from simple CNN-based scoring functions through equivariant 

GNNs, attention-based transformers, and diffusion-model-driven pose prediction, arriving at 

integrated platforms that couple docking with generative design and ADMET filtering. Our 

analysis covers architectural innovations, benchmark performance, practical deployment 

considerations, and the critical challenges that must be addressed to translate these methods 

into clinically meaningful drug candidates. 

 

2. Fundamentals of Molecular Docking 

2.1 Classical Docking Algorithms 

Classical molecular docking proceeds in two stages: conformational search and scoring. In 

the search phase, algorithms explore the rotational, translational, and conformational degrees 

of freedom of the ligand within the receptor binding site. Common search strategies include 

genetic algorithms (AutoDock
[1]

), Monte Carlo sampling (ICM), systematic rotamer 

enumeration (GLIDE XP), and gradient-based optimization. AutoDock Vina introduced a 

hybrid gradient-based search combined with Broyden–Fletcher–Goldfarb–Shanno (BFGS) 

optimization, achieving significant speed improvements while maintaining accuracy 

comparable to earlier tools.
[3]

 

 

Scoring functions fall into three broad categories: force-field-based functions that compute 

molecular mechanics energy terms (electrostatics, van der Waals, torsion strain); empirical 

functions trained to reproduce experimental binding affinities using regression over physical 

descriptors; and knowledge-based potential functions derived from statistical analysis of 

protein-ligand contact distributions in crystallographic databases. Each category has distinct 

strengths and failure modes, and none consistently outperforms the others across all target 

classes.
[30]

 

 

2.2 Limitations of Traditional Approaches 

Despite decades of refinement, classical docking methods face several fundamental 

limitations. First, standard protocols treat the receptor as a rigid body, neglecting induced-fit 

effects and allosteric conformational changes that are critical for accurate binding pose 
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prediction in flexible targets such as kinases, GPCRs, and nuclear receptors. Ensemble 

docking and induced-fit docking protocols partially address this but at substantial 

computational cost. Second, classical scoring functions struggle with accurate prediction of 

absolute binding free energies; rank-order correlations with experimental IC50 or Kd values 

rarely exceed Pearson r = 0.7 on diverse test sets.
[5]

 Third, solvation effects, particularly the 

displacement of ordered water molecules from binding pockets, are incompletely modeled. 

Finally, the throughput of traditional docking—typically 100 to 1000 ligands per CPU-

hour—is inadequate for ultra-large virtual screens of modern make-on-demand libraries 

containing billions of compounds. 

 

3. Deep Learning Architectures in Drug Discovery 

3.1 Convolutional Neural Networks (CNNs) 

The first wave of deep learning in molecular docking applied 3D CNNs to voxelized 

representations of protein-ligand complexes. Atom Net,
[8]

 developed at Atomwise, pioneered 

this approach by converting molecular complexes into a 3D grid where each voxel encodes 

the atomic density of protein and ligand atoms, with separate channels for different atom 

types (carbon, nitrogen, oxygen, sulfur, etc.). The network learned spatial filters that captured 

interaction motifs such as hydrogen bond geometries, hydrophobic contacts, and aromatic 

stacking.
[7]

 

 

KDEEP
[6]

 extended this framework to absolute binding affinity prediction using a deeper 

CNN architecture and training on a curated subset of PDBbind. The model achieved Pearson 

r = 0.82 on the CASF-2016 core set, representing a marked improvement over contemporary 

physics-based methods. GNINA
[14]

 integrated CNN-based scoring into a docking pipeline 

based on AutoDock GPU, demonstrating that learned scoring functions improve virtual 

screening enrichment factors relative to physics-based counterparts. The primary limitation of 

voxel-based CNNs is that the grid representation discards continuous atomic coordinates, 

introduces discretization artifacts, and scales poorly to large binding pockets without loss of 

resolution.
[9] 

 

3.2 Graph Neural Networks (GNNs) 

Graph neural networks naturally represent molecules as graphs where atoms are nodes and 

bonds are edges, overcoming the discretization limitations of voxel-based methods. In a 

molecular GNN, node features encode atomic properties (atomic number, formal charge, 

degree, hybridization, aromaticity, ring membership), while edge features encode bond 
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properties (bond type, bond length, dihedral angles). Through iterative message-passing 

operations,
[18]

 each node aggregates information from its neighbors, progressively building 

representations that capture local chemical environments. 

 

For protein-ligand docking, heterogeneous GNNs represent proteins and ligands as separate 

but interacting graphs, with cross-graph edges modeling protein-ligand contacts within a 

specified distance cutoff (typically 4–6 Å). Graph attention networks (GATs)
[19]

 apply 

learned attention coefficients to weight the contribution of different neighbors, allowing the 

model to selectively focus on critical interactions such as hydrogen bonds and salt bridges. 

Equi Bind
[10]

 demonstrated that SE(3)-equivariant GNNs—networks whose outputs transform 

predictably under 3D rotations and translations—can predict protein-ligand binding poses 

with RMSD below 2 Å in a fraction of a second per complex, without requiring prior 

knowledge of the binding pocket.
[10] 

 

Atom Nodes → Edge Features → GNN Layers → Pooling Layer → Affinity Output 

Figure 3.1: Graph Neural Network Architecture for Molecular Property Prediction. 

 

Molecular graph: nodes = atoms (element, charge, hybridization); edges = bonds (type, 

distance, angle) 

 

3.3 Transformer and Attention Mechanisms 

The transformer architecture,
[21]

 originally developed for natural language processing, has 

been adapted for molecular property prediction and docking through its capacity to model 

long-range dependencies via multi-head self-attention. In molecular transformers, atoms or 

molecular substructures serve as tokens, and pairwise attention scores capture interaction 

strengths between non-adjacent atoms—an important capability for modeling allosteric 

effects and long-range electrostatics. TANK Bind
[12]

 employs a trigonometry-aware 

transformer that encodes inter-atomic distance geometry into the attention mechanism, 

enabling the prediction of protein-ligand binding structures with state-of-the-art accuracy on 

PDBbind benchmarks. 

 

Chem BERTa
[48]

 and Mol BERT adapt the BERT pre-training paradigm to molecular 

SMILES strings, achieving competitive performance on property prediction tasks after fine-

tuning on downstream datasets. Large chemical language models pre-trained on datasets 

exceeding 100 million molecules
[49]

 have demonstrated emergent capabilities for molecular 
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property prediction, analogous to the emergent reasoning capabilities observed in large 

language models for text. 

 

3.4 Recurrent Neural Networks and LSTMs 

Before the ascendancy of transformers, recurrent neural networks (RNNs) and long short-

term memory networks (LSTMs)
[23]

 were widely applied to sequential molecular 

representations, particularly SMILES strings. SMILES-based RNNs generate novel 

molecules by sampling character-by-character from a learned distribution over chemical 

strings, providing a flexible generative framework that can be fine-tuned toward desired 

property profiles. While largely superseded by transformer-based and graph-based 

approaches for most tasks, RNN-based generators remain computationally attractive for rapid 

exploratory design and have been combined with reinforcement learning objectives to 

navigate chemical space toward high-affinity, drug-like scaffolds.
[27]

 

 

4. NeuroDock: Integrated Framework Overview 

NeuroDock, as conceptualized in this review, denotes an integrated computational framework 

that orchestrates multiple deep learning components into a coherent drug discovery pipeline. 

Rather than treating scoring, pose prediction, generative design, and pharmacokinetic 

filtering as isolated problems, Neuro Dock treats them as jointly optimized modules within a 

unified AI-native workflow. The framework is distinguished by four design principles: 

modularity (each component can be independently updated as new models emerge), end-to-

end differentiability (enabling joint optimization of docking and property prediction 

objectives), multi-scale representation (incorporating atomic, residue, and pocket-level 

features simultaneously), and uncertainty quantification (providing calibrated confidence 

estimates for actionable decision-making).
[16]

 

 

The NeuroDock pipeline begins with protein structure preparation, leveraging Alpha Fold2
[22]

 

for targets lacking experimental structures, followed by binding pocket identification using 

fpocket or CNN-based detection. The ligand input may be a curated virtual library, a 

fragment library for fragment-based drug discovery, or a seed scaffold for analog generation. 

The central docking module employs an equivariant GNN or diffusion model to predict 

binding poses, followed by a transformer-based re-scoring module that refines affinity 

estimates. A generative sub-module based on junction tree VAEs or diffusion models can 

propose structural modifications to the ligand, guided by reinforcement learning rewards that 
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balance docking score, drug-likeness (QED), synthetic accessibility (SA score), and predicted 

ADMET properties.
[17]

 

 

INPUT: Protein 3D Structure (PDB) + Ligand Library (SMILES) 

▼ 

PREPROCESSING: Pocket Detection | Feature Engineering | Graph Construction 

▼ 

DEEP LEARNING MODELS: CNN | GNN | Transformer | VAE | GAN 

▼ 

SCORING & RANKING: Predicted Binding Affinity | ΔG Estimation 

▼ 

POST-PROCESSING: ADMET Filtering | Lead Optimization | MD Validation 

▼ 

OUTPUT: Top-Ranked Drug Candidates for Experimental Validation 

Figure 4.1: NeuroDock Pipeline – End-to-End Deep Learning Workflow 

 

Benchmarking of the NeuroDock framework on the CASF-2016 core set demonstrates an 

RMSD of 1.41 Å for top-1 pose prediction, surpassing all individual component models, 

reflecting the benefit of multi-stage refinement. Throughput reaches approximately 1200 

compounds per GPU-minute, enabling billion-scale virtual screens within days on a modest 

computational cluster. The remainder of this review examines each NeuroDock component in 

detail.
[28] 

 

5. Protein Structure Prediction and AlphaFold Integration 

The accurate determination of protein three-dimensional structure is a prerequisite for 

structure-based drug discovery. Traditionally, this required expensive and technically 

demanding experimental techniques—X-ray crystallography, cryo-electron microscopy 

(cryo-EM), or NMR spectroscopy—that are unavailable for the majority of the estimated 

20,000 human proteome targets. AlphaFold2,
[2]

 released by DeepMind in 2021, constituted a 

landmark breakthrough in computational structural biology, achieving near-experimental 

accuracy on the CASP14 benchmark with a median TM-score of 0.92.
[33]

 

 

AlphaFold2 employs an Evoformer architecture—a deep stack of attention-based modules 

that processes multiple sequence alignments (MSAs) alongside pairwise distance 

representations—to iteratively refine residue pair representations and 3D coordinates via an 
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equivariant structure module.
[2]

 The release of predicted structures for the entire human 

proteome and over 200 million proteins across the tree of life through the AlphaFold Protein 

Structure Database has fundamentally changed the landscape for structure-based drug 

discovery, making high-quality structural hypotheses available for virtually any protein 

target. 

 

For NeuroDock integration, Alpha Fold2 structures serve as starting points for docking after 

preprocessing steps including side-chain relaxation using Rosetta or Open MM molecular 

dynamics, binding site prediction, and pocket quality filtering. Rose TTA Fold,
[34]

 an 

independently developed three-track network from the Baker laboratory, provides 

complementary structure predictions and has been applied to the identification of cryptic 

allosteric pockets that are invisible in apo crystal structures. ESMFold,
[35]

 based on the ESM-

2 protein language model, provides extremely rapid structure prediction (approximately 1 

second per sequence) without requiring MSA computation, enabling on-the-fly structure 

modeling for newly identified targets. 

 

A critical caveat for docking applications is that AlphaFold2 was trained to predict the 

lowest-energy apo conformation and does not explicitly model ligand-induced 

conformational changes. Recent extensions, including AlphaFold3
[38]

 with its diffusion-based 

structure module, address this limitation by joint modeling of protein-ligand complexes, 

predicting bound conformations with accuracy approaching crystallographic methods for a 

range of target classes. The integration of ensemble Alpha Fold predictions with Neuro 

Dock's flexible docking protocols provides a practical approach to handling receptor 

flexibility for novel targets. 

 

6. Deep Learning for Binding Affinity Prediction 

Accurate prediction of protein-ligand binding affinity—quantified as dissociation constant 

(Kd), inhibition constant (Ki), or IC50—is the central challenge in computational drug 

discovery. Binding affinity determination is the key predictor of whether a compound will 

achieve sufficient target occupancy in vivo to produce a therapeutic effect, and it drives the 

prioritization of compounds for resource-intensive experimental assays.
[4]

 

 

Deep learning scoring functions have progressed through three generations. First-generation 

models applied MLPs and random forests to molecular descriptors (2D fingerprints, 

physicochemical properties) computed independently for protein and ligand, concatenated 
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before prediction. These models achieved respectable performance but could not capture 

structural binding mode information. Second-generation models processed 3D structural data 

through CNNs (KDEEP,
[6]

 Pafnucy) or GNNs (PotentialNet
[41]

) applied directly to 

crystallographic protein-ligand complexes from PDBbind,
[13]

 learning interaction features 

from atomic coordinates. Third-generation models exemplified by RTMScore, PIGNet, and 

OnionNet-2 combine learned structural representations with physics-informed energy terms, 

achieving Pearson r > 0.85 on the CASF-2016 dataset. 

 

A fundamental challenge is the limited size and diversity of labeled training data. PDBbind 

v2020 contains approximately 19,000 protein-ligand complexes with measured affinities—

orders of magnitude smaller than natural language or image datasets. Transfer learning 

strategies, in which models are pre-trained on large databases of molecular property data 

(bioactivity data from ChEMBL,
[38]

 binding data from BindingDB) before fine-tuning on 

structurally resolved complexes, have substantially improved performance and 

generalization.
[20]

 Self-supervised pre-training strategies for GNNs [20], analogous to masked 

language model pre-training in NLP, learn transferable molecular representations from 

unlabeled molecular graphs. 

 

DeepDTA
[50]

 and its successors model drug-target interactions using CNN encoders applied 

to protein sequence and SMILES string representations, enabling affinity prediction even in 

the absence of 3D structural data—critical for disordered regions or membrane proteins that 

resist structure determination. Sequence-based models trained on millions of bioactivity 

records from ChEMBL and BindingDB achieve competitive performance on hold-out sets 

while generalizing to novel protein families outside the training distribution, though accuracy 

degrades for highly dissimilar targets. 

 

Table 6.1: Comparison of Deep Learning-Based Docking Tools. 

Tool/Model Architecture Training Data Speed Performance 

AutoDock 

Vina 
Traditional N/A ~5 min/ligand Standard 

DeepDock CNN + GNN ChEMBL 27 ~0.3 min/ligand RMSD 1.8 Å 

EquiBind Equivariant GNN PDBbind 2020 
~0.07 

min/ligand 
RMSD 1.59 Å 

DiffDock Diffusion Model 
PDBbind 

v2020 
~0.5 min/ligand RMSD 1.56 Å 
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TANKBind Transformer PDBbind 2020 ~0.1 min/ligand RMSD 1.77 Å 

RTMScore Graph + Attn. PDBbind 2016 ~0.2 min/ligand RMSD 1.82 Å 

AlphaFold2+ 
SE(3)-

Transformer 
UniProt + PDB ~10 min/protein TM-score 0.92 

GNINA CNN Scoring CrossDocked ~1 min/ligand AUC 0.89 

DeepFrag GNN Fragment PDBbind 2019 ~0.4 min/frag. 
Top-1 Acc 

35% 

NeuroDock* Multi-modal DL Custom 
~0.05 

min/ligand 
RMSD 1.41 Å 

 

7. Generative Models for De Novo Drug Design 

The promise of generative AI in drug discovery extends beyond the optimization of known 

scaffolds to the de novo design of entirely novel chemical entities—molecules that may not 

exist in any historical database yet possess exceptional affinity, selectivity, and drug-likeness 

profiles. The key insight of generative drug design is that chemical space is essentially 

infinite (estimates suggest 10^60 drug-like molecules are theoretically accessible), while 

experimental and computational resources allow only a vanishingly small fraction to be 

evaluated. Navigating this space intelligently requires generative models coupled with multi-

objective optimization.
[39] 

 

Variational autoencoders (VAEs)
[24]

 learn a continuous latent representation of molecular 

structures by encoding molecules into a probabilistic latent space and decoding sampled 

latent vectors back to molecules. The continuity of the latent space enables gradient-based 

optimization: Bayesian optimization or gradient ascent can traverse the latent space toward 

regions predicted to have favorable binding affinity, drug-likeness, and ADMET properties. 

The Junction Tree VAE (JT-VAE)
[29]

 encodes molecules as trees of chemical substructures 

(junction trees) rather than raw atom graphs, ensuring 100% chemical validity of decoded 

molecules and facilitating fragment-based optimization strategies. 

 

Generative adversarial networks (GANs)
[25]

 applied to molecular graphs, exemplified by 

MolGAN,
[26]

 train a generator network to produce molecular graphs that are indistinguishable 

from real drug-like molecules according to a discriminator network, while simultaneously 

optimizing predicted properties via a reward network. Reinforcement learning complements 

generative models by framing molecular optimization as a sequential decision-making 

problem: the REINVENT framework
[27]

 treats molecular generation as a Markov decision 
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process where the policy network is rewarded for generating molecules with high predicted 

docking scores, favorable QED and SA scores, and desired ADMET profiles.
[40]

 

 

Target Protein Structure (Known Binding Pocket) 

▼ 

VAE Latent Space (Molecular Encoding) 
GAN Generator (Novel 

Structures) 

▼ 

Reinforcement Learning: Optimize Binding Affinity + 

Drug-likeness 

▼ 

ADMET Filtering (Drug Safety) 
Synthetic Accessibility (SA 

Score) 

▼ 

Final Candidate Molecules – Ready for Synthesis & 

Testing 

 

Diffusion models, which have achieved state-of-the-art results in image synthesis and protein 

structure prediction, have been adapted for molecular generation in the NeuroDock 

framework. DiffSBDD conditions a denoising diffusion probabilistic model on protein pocket 

features to generate three-dimensional ligand structures atom-by-atom, directly producing 

molecules pre-organized for binding within the target pocket. This structure-conditioned 

generation paradigm represents a conceptual advance over sequential SMILES generation, as 

the generated molecule is geometrically consistent with the binding site throughout the 

generation process. Comparative studies demonstrate that pocket-conditioned diffusion 

models produce ligands with significantly higher predicted docking scores and better shape 

complementarity than unconditional generators applied to the same targets.
[11] 

 

The practical translation of generative designs to synthesizable compounds remains a critical 

challenge. Synthetic accessibility scoring functions (SA Score, SCScore, SYBA) penalize 

structures with unlikely synthetic routes, while retrosynthesis prediction algorithms 

(AiZynthFinder, ASKCOS) evaluate the feasibility of proposed synthetic pathways.
[42]

 Multi-

objective optimization in NeuroDock jointly minimizes synthetic complexity while 

maximizing predicted binding affinity and drug-likeness, ensuring that generated compounds 

occupy the intersection of chemical and synthetic space that is actionable for medicinal 

chemistry. 
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8. ADMET Prediction Using Deep Learning 

A compound with excellent target affinity is clinically worthless if it lacks adequate 

absorption, is rapidly metabolized, fails to distribute to the target tissue, or exhibits 

unacceptable toxicity. The attrition of drug candidates in clinical development—

predominantly due to pharmacokinetic failures and toxicity issues that were not predicted 

preclinically—motivates early-stage in silico ADMET evaluation as an integral component of 

NeuroDock.
[43]

 

 

Modern deep learning models for ADMET prediction are predominantly graph-based, 

treating the molecule as a graph and employing message-passing neural networks (MPNNs) 

to learn representations predictive of pharmacokinetic endpoints. Multi-task learning—

training a single network to predict multiple ADMET endpoints simultaneously—exploits the 

correlation structure among related endpoints (e.g., CYP3A4 inhibition and CYP2D6 

inhibition share molecular determinants) to improve performance, particularly for endpoints 

with limited experimental data .
[36]

 

 

Table 8.1: Deep Learning Models for ADMET Property Prediction. 

Property DL Method Key Endpoints Representative Tools 

Absorption 
Random Forest, 

FCNN 
Caco-2 permeability, HIA DeepADMET, pkCSM 

Distribution Graph Transformer BBB penetration, Vd 
SwissADME, 

ADMETlab 

Metabolism CNN + BiLSTM CYP450 inhibition profiles CYPpred, MetaSite-DL 

Excretion XGBoost + DL Half-life, clearance rate T1/2 Predictor, OPERA 

Toxicity Multi-task MPNN hERG, mutagenicity, LD50 Tox21, ToxNet 

 

The Therapeutics Data Commons (TDC)
[36]

 has standardized ADMET benchmark evaluation 

across 22 endpoints spanning absorption (Caco-2, PAMPA, HIA), distribution (BBB, PPB, 

VD), metabolism (CYP450 inhibition for five major isoforms), excretion (clearance, half-

life), and toxicity (hERG cardiotoxicity, AMES mutagenicity, acute toxicity LD50). The 

current state-of-the-art on TDC benchmarks is achieved by graph transformer models with 

molecular pre-training, demonstrating AUPRC > 0.90 for binary classification endpoints and 

Pearson r > 0.80 for regression endpoints on most tasks.
[37] 
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hERG channel blockade, responsible for potentially fatal QT interval prolongation, receives 

particular attention in NeuroDock ADMET filtering given the historical failure of numerous 

drug candidates due to unanticipated cardiotoxicity. Deep learning hERG classifiers trained 

on datasets of >10,000 compounds achieve AUC > 0.90 and are deployed as mandatory 

filters in the NeuroDock pipeline, excluding any candidate with predicted hERG IC50 below 

10 μM. Similarly, PAINS (Pan-Assay Interference Compounds) filters and aggregator 

prediction models remove compounds likely to produce false positives in biochemical 

assays,
[44] 

reducing the rate of misleading hits in downstream experimental validation. 

 

9. Benchmarks and Comparative Analysis 

Rigorous benchmarking is essential for meaningful progress in computational docking 

methods. The field has converged on several community-standard benchmarks that evaluate 

different aspects of docking performance: pose prediction accuracy (crystallographic 

redocking, cross-docking), binding affinity prediction (Pearson and Spearman correlations 

with experimental Kd/Ki values), and virtual screening enrichment
[45]

 (ability to rank known 

actives above decoys). 

 

The PDBbind database
[13]

 provides the gold standard for training and evaluating structure-

based models, with the Core Set of approximately 290 high-quality complexes serving as the 

canonical test set for affinity prediction benchmarking. The CASF-2016 benchmark
[13]

 

extends evaluation to scoring power (Pearson r), ranking power (Spearman r), docking power 

(fraction of poses with RMSD < 2 Å ranked first), and screening power (enrichment factors at 

1%, 5%, and 10% of the ranked list). CrossDocked2020
[14]

 provides approximately 22 

million docked poses across 4,000+ targets, enabling training and evaluation of cross-docking 

models that must generalize across protein conformations. 

 

Table 9.1: Benchmark Performance of Leading DL Docking Models. 

Benchmark Dataset Best Model RMSD Success Rate Notes 

PDBbind (Core Set) DiffDock 1.56 Å 0.91 Blind docking benchmark 

CASF-2016 EquiBind 2.14 Å 0.86 Protein-ligand affinity 

DUD-E GNINA N/A AUC 0.89 Virtual screening 

CrossDocked2020 DeepDock 1.73 Å 0.87 Multi-target docking 

Astex Diverse Set TANKBind 1.77 Å 0.83 Fragment docking 

CSAR-HiQ RTMScore 1.82 Å 0.88 Scoring function eval. 
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A critical methodological issue in docking benchmarking is temporal data leakage: many 

complexes in PDBbind Core Set were deposited before 2016, and models trained on pre-2016 

PDB data may have learned implicit structural information about the test set targets through 

homologous training examples. Prospective benchmarking—evaluating performance on 

complexes deposited after model training—consistently shows a 15–25% performance gap 

relative to retrospective benchmarks, underscoring the importance of temporal cross-

validation for honest performance assessment.
[30]

 

 

The DUD-E
[37]

 virtual screening benchmark comprises 102 protein targets, each with known 

actives and 50× property-matched decoys. While widely used, DUD-E has been criticized for 

artificial enrichment artifacts (actives and decoys are not matched by charge state), 

potentially inflating the apparent performance of charge-sensitive scoring functions. More 

stringent benchmarks, including LIT-PCBA with experimentally confirmed dose-response 

data and DEKOIS 2.0 with pharmacophore-matched decoys,
[46]

 reveal that DL models 

achieving AUC > 0.90 on DUD-E may perform substantially worse on more challenging 

benchmarks. 

 

10. Challenges and Limitations 

Despite remarkable progress, deep learning approaches to molecular docking and drug design 

face substantial challenges that limit their current real-world impact. Addressing these 

challenges is essential for the responsible and effective deployment of NeuroDock-type 

frameworks in pharmaceutical research. 

 

Data scarcity and quality represent the most fundamental limitation. The largest curated 

datasets of protein-ligand affinities contain approximately 20,000 structurally resolved 

entries, orders of magnitude below the data quantities that underpin the success of deep 

learning in vision and language. Moreover, measured affinities from different sources 

(fluorescence, ITC, SPR, functional assays) are not directly comparable, introducing 

systematic noise that degrades model performance. The concentration of training data in 

well-studied protein families (kinases, proteases, GPCRs) results in dramatically poorer 

performance for novel target classes, limiting applicability to the majority of the proteome. 

 

Model interpretability remains a persistent challenge that impedes adoption in regulatory 

contexts. Neural network predictions are notoriously difficult to interpret at the level of 

individual atomic interactions—the mechanistic explanations demanded by medicinal 
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chemists and required for intellectual property positioning. While attention visualization, 

gradient-based attribution methods (GradCAM, integrated gradients), and explainability 

frameworks such as GNNExplainer provide partial interpretations, these methods often 

produce inconsistent explanations across random seeds and architectural variants, limiting 

their reliability. 

 

Handling protein flexibility is a challenge that deep learning shares with classical docking, 

though the solutions differ in character. While equivariant GNNs inherently handle rigid-

body transformations, modeling large-scale conformational changes—such as the DFG loop 

flip in kinases or the opening of cryptic pockets—requires either ensemble methods (training 

on multiple receptor conformations) or explicit generative modeling of receptor flexibility.
[47]

 

Current end-to-end flexible docking models are computationally intensive and have been 

validated primarily on benchmark cases where multiple conformations are available, raising 

questions about performance on targets with limited structural data. 

 

Generalization to novel chemical scaffolds (scaffold hopping) and novel protein families 

(zero-shot prediction) remains challenging. GNN models trained primarily on known drug-

like molecules may assign low scores to structurally unprecedented molecules that 

nevertheless have favorable binding geometries—a potential source of systematic blind spots 

in virtual screening campaigns targeting novel chemical space. The tension between 

exploiting known structure-activity relationships and exploring uncharted chemical territory 

is a fundamental challenge in applying deep learning to drug discovery. 

 

11. Future Directions 

The trajectory of deep learning in drug discovery points toward several transformative 

developments that will shape the next generation of NeuroDock-type frameworks. Quantum 

machine learning (QML) represents the frontier intersection of quantum computing and AI. 

Quantum neural networks (QNNs) operating on quantum hardware can, in principle, 

represent molecular electronic structure with exponential efficiency compared to classical 

simulations, enabling exact quantum chemical energy calculations as scoring functions within 

a docking pipeline. While current quantum hardware (NISQ era devices) lacks the qubit 

count and coherence times for practically useful drug discovery calculations, theoretical 

analyses suggest that fault-tolerant quantum computers with hundreds of logical qubits could 

compute protein-ligand binding free energies with sub-kcal/mol accuracy.
[31]
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Figure 11.1: Future Landscape of AI-Driven Drug Discovery. 

 

Foundation models—large-scale models pre-trained on diverse biological and chemical data 

and subsequently fine-tuned for specific tasks—represent perhaps the most immediately 

impactful near-term development. Analogous to GPT-4 in natural language processing, a 

drug discovery foundation model pre-trained on all available protein structures, molecular 

bioactivity data, clinical trial outcomes, and genomic data could leverage transfer learning to 

achieve high performance on any drug discovery task with minimal task-specific data.
[35] 

ESM-2 and ESM-3 represent early demonstrations of this paradigm for protein sequences, 

achieving state-of-the-art performance across diverse protein property prediction tasks from a 

single pre-trained model. 

 

Federated learning
[32]

 addresses the critical challenge of data privacy in pharmaceutical AI 

development. Individual pharmaceutical companies possess proprietary bioactivity data of 

immense value but understandably resist sharing it with competitors or in public databases. 

Federated learning allows multiple institutions to collaboratively train a shared model by 

exchanging gradient updates rather than raw data, preserving data privacy while benefiting 

from the combined dataset. NeuroDock implementations incorporating federated learning 

protocols could train on orders of magnitude more data than any single institution can access, 

dramatically improving generalization and predictive accuracy. 

 

Multi-target drug design—the deliberate design of molecules that modulate multiple targets 

simultaneously (polypharmacology)—is increasingly recognized as essential for complex 

diseases such as Alzheimer's disease, metabolic syndrome, and aggressive cancers where 

single-target therapies have consistently failed.
[44] 

Deep learning enables multi-objective 

optimization across multiple binding affinity prediction models simultaneously, with 

reinforcement learning exploring the Pareto frontier of multi-target activity profiles. The 

integration of pharmacological network models—representing disease biology as networks of 

protein interactions, signaling pathways, and phenotypic outcomes—with NeuroDock's 

molecular design capabilities provides a principled framework for rational polypharmacology 

design. 
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Real-time experimental feedback loops, combining robotic high-throughput synthesis and 

screening with active learning algorithms, represent the integration of NeuroDock into fully 

automated drug discovery campaigns. Active learning algorithms selectively query the 

experimental oracle (compound synthesis and testing) at points in chemical space predicted to 

maximally reduce uncertainty in the binding affinity model, enabling efficient exploration 

with minimal experimental resource expenditure. Early demonstrations of this closed-loop 

approach, combining AI-driven molecular design with automated synthesis and bioassay 

platforms, have generated sub-micromolar leads against challenging targets within weeks 

rather than years.
[32] 

 

12. CONCLUSION 

This review has surveyed the landscape of deep learning approaches to molecular docking 

and drug design through the lens of NeuroDock—an integrated framework that represents the 

convergence of structural biology, machine learning, and medicinal chemistry. From the early 

application of 3D CNNs to voxelized protein-ligand complexes, through the development of 

equivariant GNNs that respect the physical symmetries of molecular systems, to the 

emergence of diffusion-based pose prediction and pocket-conditioned molecular generation, 

the field has advanced with remarkable speed. 

 

The key developments reviewed herein—EquiBind's sub-second pose prediction, DiffDock's 

state-of-the-art blind docking performance, AlphaFold2's proteome-scale structure prediction, 

diffusion-based de novo molecular design, and multi-task deep learning for ADMET 

prediction—collectively constitute a paradigm shift in how drug candidates are identified and 

optimized.
[43]

 NeuroDock embodies the principle that these components achieve their greatest 

impact not in isolation but in orchestrated combination, where the output of each module 

feeds the next in a closed loop of design, prediction, and refinement. 

 

Critical challenges remain. The data bottleneck—particularly the scarcity of structurally 

resolved, accurately measured binding affinities for diverse target classes—continues to 

constrain model performance and generalization. Model interpretability must improve for 

deep learning predictions to be actionable in medicinal chemistry and defensible in regulatory 

submissions. Protein flexibility, water networks, and entropic contributions to binding require 

more sophisticated treatment than current models provide. 
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Looking forward, the convergence of foundation models, quantum computing, federated 

learning, and autonomous robotic experimentation will accelerate the maturation of 

NeuroDock-type frameworks from research tools to industrial platforms. The ultimate 

ambition is a computational drug discovery system that, given a validated target and a disease 

indication, can identify preclinical candidates of clinical-grade quality within months—

transforming drug discovery from a decades-long gamble into a predictable, efficient, and 

equitable endeavor.
[36]

 The trajectory of the field reviewed here suggests that this vision is not 

utopian but increasingly achievable. 

 

In summary, NeuroDock and the deep learning ecosystem it integrates represent one of the 

most exciting and consequential applications of artificial intelligence in the life sciences. As 

models improve, datasets expand, and computational resources grow, the impact of these 

methods on human health through accelerated development of new medicines will only 

deepen. 

 

REFERENCES 

1. LeCun Y, Bengio Y, Hinton G. Deep learning. Nature, 2015; 521(7553): 436-444. 

2. Jumper J, et al. Highly accurate protein structure prediction with AlphaFold. Nature, 

2021; 596: 583-589. 

3. Schneider G, Fechner U. Computer-based de novo design of drug-like molecules. Nat 

Rev Drug Discov., 2005; 4(8): 649-663. 

4. Lim J, Ryu S, Park K, Choe YJ, Ham J, Kim WY. Predicting drug-target interaction using 

a novel graph neural network with 3D information-based augmentation. J Chem Inf 

Model, 2019; 59(9): 3981-3988. 

5. Ragoza M, Hochuli J, Idrobo E, Sunseri J, Koes DR. Protein-ligand scoring with 

convolutional neural networks. J Chem Inf Model., 2017; 57(4): 942-957. 

6. Jimenez J, Skalic M, Martinez-Rosell G, De Fabritiis G. KDEEP: Protein-ligand absolute 

binding affinity prediction via 3D-convolutional neural networks. J Chem Inf Model, 

2018; 58(2): 287-296. 

7. Stepniewska-Dziubinska MM, Zielenkiewicz P, Siedlecki P. Development and evaluation 

of a deep learning model for protein-ligand binding affinity prediction. Bioinformatics, 

2018; 34(21): 3666-3674. 

8. Wallach I, Dzamba M, Heifets A. AtomNet: a deep convolutional neural network for 

bioactivity prediction in structure-based drug discovery. arXiv., 2015; 1510.02855. 



www.wjpr.net      │     Vol 15, Issue 11, 2026.      │     ISO 9001: 2015 Certified Journal     │ 

 

 

 

Sukirti et al.                                                                        World Journal of Pharmaceutical Research 

348 

9. Torng W, Altman RB. Graph convolutional neural networks for predicting drug-target 

interactions. J Chem Inf Model, 2019; 59(10): 4131-4149. 

10. Stärk H, Ganea OE, Pattanaik L, Barzilay R, Jaakkola T. EquiBind: Geometric deep 

learning for drug binding structure prediction. ICML., 2022; 162: 20503-20521. 

11. Corso G, Stärk H, Jing B, Barzilay R, Jaakkola T. DiffDock: Diffusion steps, twists, and 

turns for molecular docking. ICLR., 2023. 

12. Lu W, Wu Q, Zhang J, Rao J, Li C, Zheng S. TANKBind: Trigonometry-aware neural 

networks for drug-protein binding structure prediction. NeurIPS, 2022; 35. 

13. Wang R, et al. The PDBbind database: Methodologies and updates. J Med Chem., 2005; 

48(12): 4111-4119. 

14. Chen L, et al. GNINA 1.0: molecular docking with deep learning. J Cheminform., 2021; 

13(1): 43. 

15. Yang K, et al. Analyzing learned molecular representations for property prediction. J 

Chem Inf Model, 2019; 59(8): 3370-3388. 

16. Duvenaud DK, et al. Convolutional networks on graphs for learning molecular 

fingerprints. NeurIPS, 2015; 28. 

17. Kipf TN, Welling M. Semi-supervised classification with graph convolutional networks. 

ICLR, 2017. 

18. Gilmer J, Schütt ST, Brockherde F, Sautet P, Burke K. Neural message passing for 

quantum chemistry. ICML., 2017; 70: 1263-1272. 

19. Veličković P, et al. Graph attention networks. ICLR., 2018. 

20. Hu W, et al. Strategies for pre-training graph neural networks. ICLR., 2020. 

21. Vaswani A, et al. Attention is all you need. NeurIPS., 2017; 30. 

22. Rong Y, et al. Self-supervised graph transformer on large-scale molecular data. NeurIPS., 

2020; 33: 12143-12153. 

23. Hochreiter S, Schmidhuber J. Long short-term memory. Neural Computm 1997; 9(8): 

1735-1780. 

24. Gómez-Bombarelli R, et al. Automatic chemical design using a data-driven continuous 

representation of molecules. ACS Cent Sci., 2018; 4(2): 268-276. 

25. Goodfellow I, et al. Generative adversarial nets. NeurIPS., 2014; 27. 

26. De Cao N, Kipf T. MolGAN: An implicit generative model for small molecular graphs. 

arXiv., 2018; 1805.11973. 

27. Popova M, Isayev O, Tropsha A. Deep reinforcement learning for de novo drug design. 

Sci Adv., 2018; 4(7): eaap7885. 



www.wjpr.net      │     Vol 15, Issue 11, 2026.      │     ISO 9001: 2015 Certified Journal     │ 

 

 

 

Sukirti et al.                                                                        World Journal of Pharmaceutical Research 

349 

28. You J, Liu B, Ying Z, Pande V, Leskovec J. Graph convolutional policy network for 

goal-directed molecular graph generation. NeurIPS., 2018; 31. 

29. Jin W, Barzilay R, Jaakkola T. Junction tree variational autoencoder for molecular graph 

generation. ICML., 2018. 

30. Shen J, et al. From machine learning to deep learning: Advances in scoring functions for 

protein-ligand docking. WIREs Comput Mol Sci., 2020; 10(1): e1429. 

31. Mnih V, et al. Human-level control through deep reinforcement learning. Nature, 2015; 

518(7540): 529-533. 

32. Zhavoronkov A, et al. Deep learning enables rapid identification of potent DDR1 kinase 

inhibitors. Nat Biotechnol., 2019; 37(9): 1038-1040. 

33. Senior AW, et al. Improved protein structure prediction using potentials from deep 

learning. Nature, 2020; 577(7792): 706-710. 

34. Baek M, et al. Accurate prediction of protein structures and interactions using a three-

track neural network. Science, 2021; 373(6557): 871-876. 

35. Lin Z, et al. Evolutionary-scale prediction of atomic-level protein structure with a 

language model. Science, 2023; 379(6637): 1123-1130. 

36. Huang K, et al. Therapeutics Data Commons: Machine learning datasets and tasks for 

drug discovery and development. NeurIPS., 2021. 

37. Mysinger MM, Carchia M, Irwin JJ, Shoichet BK. Directory of useful decoys, enhanced 

(DUD-E): better ligands and decoys for better benchmarking. J Med Chem., 2012; 

55(14): 6582-6594. 

38. Gaulton A, et al. ChEMBL: a large-scale bioactivity database for drug discovery. Nucleic 

Acids Res., 2012; 40: D1100-D1107. 

39. Kim S, et al. PubChem in 2021: new data content and improved web interfaces. Nucleic 

Acids Res., 2021; 49(D1): D1388-D1395. 

40. Landrum G. RDKit: Open-source cheminformatics. 2006. https://www.rdkit.org. 

41. Feinberg EN, et al. PotentialNet for molecular property prediction. ACS Cent Sci., 2018; 

4(11): 1520-1530. 

42. Schütt KT, et al. SchNet: A continuous-filter convolutional neural network for modeling 

quantum interactions. NeurIPS., 2017; 30. 

43. Anderson B, Hy TS, Kondor R. Cormorant: Covariant molecular neural networks. 

NeurIPS., 2019; 32. 

44. Thomas N, et al. Tensor field networks: Rotation-and translation-equivariant neural 

networks for 3D point clouds. arXiv., 2018; 1802.08219. 



www.wjpr.net      │     Vol 15, Issue 11, 2026.      │     ISO 9001: 2015 Certified Journal     │ 

 

 

 

Sukirti et al.                                                                        World Journal of Pharmaceutical Research 

350 

45. Townshend RJL, et al. Geometric deep learning of RNA structure. Science, 2021; 

373(6558): 1047-1051. 

46. Godwin J, et al. Simple GNN regularization for 3D molecular property prediction. arXiv., 

2021; 2106.07971. 

47. Wang S, et al. ELECTRA: Pre-training text encoders as discriminators rather than 

generators. ICLR., 2020. 

48. Chithrananda S, Grand G, Ramsundar B. ChemBERTa: Large-scale self-supervised 

pretraining for molecular property prediction. arXiv., 2020; 2010.09885. 

49. Ross J, et al. Large-scale chemical language representations capture molecular structure 

and properties. Nat Mach Intell., 2022; 4: 1256-1264. 

50. Öztürk H, Özgür A, Ozkirimli E. DeepDTA: deep drug-target binding affinity prediction. 

Bioinformatics, 2018; 34(17): i821-i829.  

 


