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Summary5

Proteins carry out most biological functions by interacting with other proteins, and6

understanding these interactions at the molecular level is essential for drug design and7

biomedical research. Computational docking predicts how two proteins bind together by8

searching for arrangements that are both physically plausible and consistent with experimental9

data.10

gdock is a command-line tool that performs protein-protein docking guided by user-supplied11

restraints—information about which residues are likely at the binding interface. It uses12

a genetic algorithm to efficiently explore possible orientations of one protein relative to13

another, scoring each candidate with a physics-based energy function. Written entirely14

in Rust, gdock compiles to a single executable with no external dependencies, making it15

straightforward to install and integrate into automated workflows. On a standard workstation,16

most docking runs complete in under 20 seconds. Documentation and source code are available17

at https://github.com/rvhonorato/gdock and https://gdock.org.18

Statement of need19

Information-driven docking incorporates experimental data—from mutagenesis, cross-linking20

mass spectrometry, or NMR—to guide protein complex structure prediction (Noort et al.,21

2021). While several tools support this approach, they typically require complex runtime22

environments or offer limited restraint integration. gdock contributes to this ecosystem as a23

fast, minimal implementation:24

• Single binary: No runtime dependencies or environment setup25

• Speed: ~15 seconds per complex on standard hardware26

• Rust implementation: Native energy functions, memory-safe, readable27

• CLI-first: Designed for scripting and pipeline integration28

The tool provides an accessible option for researchers who need restraint-driven docking without29

the overhead of larger software packages.30

State of the field31

Protein-protein docking software spans a range of complexity and capability. For example,32

ClusPro (Kozakov et al., 2017) and ZDOCK (Pierce et al., 2014) provide FFT-based sampling33

with web interfaces, though restraint integration is limited. HADDOCK (Dominguez et al., 2003)34

offers comprehensive information-driven docking with flexible refinement, symmetry handling,35

and multi-body support; LightDock (Jiménez-García et al., 2018) uses swarm optimization36

with restraint support—both require managed Python environments with specific package37

versions, and HADDOCK additionally depends on CNS (Crystallography and NMR System)38
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(Brünger et al., 1998). A limited Rust implementation of LightDock exists (Jiménez-García,39

2020) and served as one inspiration for gdock.40

gdock occupies a distinct niche: a dependency-free, single-binary tool for restraint-driven rigid-41

body docking. Rather than extending existing software— which would require adapting to their42

architectural constraints—gdock was built from scratch in Rust to prioritize minimal deployment43

overhead and scripting integration. Crucially, the entire scoring function is implemented from44

scratch in modern, readable code, making it fully transparent and easy to verify—unlike tools45

that depend on legacy Fortran engines or opaque external libraries. gdock does not aim to46

replace full-featured docking platforms but provides a lightweight alternative for users with47

reliable interface information who need rapid, reproducible results without environment setup.48

Software design49

gdock is a Rust rewrite of an earlier Python prototype, compiling to a ~7,000-line statically-50

linked binary with no runtime dependencies.51

Search algorithm. A genetic algorithm explores rigid-body transformations of the ligand relative52

to the receptor. Each chromosome encodes six genes: three Euler angles (α, β, γ) for rotation53

and three displacement values (x, y, z) for translation. A generation consists of a population54

of chromosomes that evolves through tournament selection, uniform crossover, creep mutation55

(Gaussian perturbations for local refinement), and elitism. Fitness evaluation is parallelized56

across the population. The search terminates early upon convergence.57

Scoring function. The energy function combines four terms:58

𝐸𝑡𝑜𝑡𝑎𝑙 = 𝑤𝑣𝑑𝑤𝐸𝑣𝑑𝑤 +𝑤𝑒𝑙𝑒𝑐𝐸𝑒𝑙𝑒𝑐 +𝑤𝑑𝑒𝑠𝑜𝑙𝑣𝐸𝑑𝑒𝑠𝑜𝑙𝑣 +𝑤𝑎𝑖𝑟𝐸𝑎𝑖𝑟

• 𝐸𝑣𝑑𝑤: Soft-core Lennard-Jones potential that remains finite at short distances, allowing59

the search to explore conformations with minor clashes60

• 𝐸𝑒𝑙𝑒𝑐: Coulombic interactions with distance-dependent dielectric (𝜀 = 𝑟) to dampen61

long-range effects62

• 𝐸𝑑𝑒𝑠𝑜𝑙𝑣: Empirical atomic solvation parameters penalizing burial of polar atoms and63

rewarding burial of hydrophobic atoms64

• 𝐸𝑎𝑖𝑟: Flat-bottom harmonic potential on Cα–Cα distances between user-specified residue65

pairs (no penalty within 0–7 Å, quadratic penalty beyond), conceptually inspired by66

HADDOCK’s distance restraints (Dominguez et al., 2003) but using a simpler purely67

harmonic form without the linear switching at long distances68

Weight calibration. The weights 𝑤𝑣𝑑𝑤, 𝑤𝑒𝑙𝑒𝑐, and 𝑤𝑑𝑒𝑠𝑜𝑙𝑣 were calibrated using the69

Dockground decoy set (Gao et al., 2008), which provides 100 decoy structures per complex70

with exactly one near-native conformation. A grid search tested weight combinations by71

re-scoring all decoys and measuring how often the near-native structure ranked in the top72

50. The final weights (𝑤𝑣𝑑𝑤 = 0.4, 𝑤𝑒𝑙𝑒𝑐 = 0.05, 𝑤𝑑𝑒𝑠𝑜𝑙𝑣 = 3.4) maximize this ranking73

performance. The restraint weight 𝑤𝑎𝑖𝑟 is fixed at 1.0 since calibration was performed without74

restraints.75

Output. Final models are clustered using Fraction of Common Contacts (FCC) (Rodrigues et76

al., 2012), re-implemented natively in Rust, and ranked by score, providing both diverse and77

top-scoring solutions.78

Code quality. The codebase includes 174 unit tests covering parsing, energy calculations,79

and algorithm behavior. Continuous integration enforces code formatting (rustfmt), linting80

(clippy with warnings as errors), and test passage on every commit. Rust’s ownership model81

provides compile-time guarantees against data races and use-after-free errors. The software is82

released under the permissive 0BSD license.83
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Research impact statement84

gdock was validated on 271 complexes from the Protein-Protein Docking Benchmark v5 (Vreven85

et al., 2015), a standard dataset for assessing methods, using the bound-bound conformations.86

Restraints were derived as explicit Cα–Cα residue pairs from native interface contacts (within87

5 Å), simulating ideal contact information. Unlike HADDOCK’s ambiguous interface restraints,88

each restraint specifies a single receptor–ligand residue pair.89

Using the DockQ metric (Basu & Wallner, 2016) to assess model quality, gdock achieved a90

95.9% success rate (260/271 complexes with at least one acceptable model, DockQ � 0.23).91

Medium-quality models (DockQ � 0.49) were obtained for 55.7% of complexes, and high-quality92

models (DockQ � 0.80) for 3.7% (Figure 1).93
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Figure 1: Distribution of docking quality across 271 benchmark complexes. Each complex is categorized
by its best DockQ score among 10 output models.

Performance benchmarks on a 48-core machine show a median docking time of ~15 seconds94

per complex, with 56% of cases completing within 20 seconds (Figure 2).95
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Distribution of Docking Times
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Figure 2: Distribution of docking times across benchmark complexes. Most cases complete within 20
seconds; outliers correspond to larger protein systems.

These results reflect ideal restraint conditions; real-world performance depends on restraint96

quality. As a rigid-body method, gdock is best suited for cases where conformational changes97

upon binding are minimal.98

Scripts to reproduce these experiments are available at: https://github.com/rvhonorato/gdock-99

benchmark.100
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