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GNINA 1.0

https://github.com/gnina/gnina
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Open Access

Check for
updates

GNINA 1.0: molecular docking with deep
learning

Andrew T. McNutt', Paul Francoeur’, Rishal Aggarwal?, Tomohide Masuda', Rocco Meli?, Matthew Ragoza',
Jocelyn Sunseri' and David Ryan Koes'"
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Protein-Ligand Scoring
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Protein-Ligand Representation

(R,G,B) pixel _
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G|G GG RIR|R The only parameters for this
G|G G G|G R|R representation are the choice of
G|G G GG GRIR grid resolution, atom density,
GGG and atom types.
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G|G GG CHEMICAL INFORMATION —
G G G G AND MODELING pubs.acs.org/jcim

Protein—Ligand Scoring with Convolutional Neural Networks
Matthew Ragoza.,Jr’i Joshua Hochuli,*! Elisa Idrobo,’ Jocelyn Sunseri,|| and David Ryan Koes*
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Convolutional Neural Networks
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GNINA 1.3: the next increment in molecular docking
G N | NA 1 . 3 with deep learning

Andrew T. McNutt, Yanjing Li, Rocco Meli, Rishal Aggarwal & David Ryan Koes &

httpS //g |th u b . Com/g n | N a/g n | na Journal of Cheminformatics 17, Article number: 28 (2025) | Cite this article
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GNINA 1.3 Performance
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Cross-Docked Protein Ligand Scoring
>

Three-Dimensional Convolutional Neural Networks and a Cross-
Docked Data Set for Structure-Based Drug Design S
Paul G. Francoeur, Tomohide Masuda, Jocelyn Sunseri, Andrew Jia, Richard B. lovanisci, lan Snyder, and David R. Koes* '

@ Cite this: J. Chem. Inf. Model. 2020, 60, 9, 4200-

1420 17 5 2@ 18,450 complexes

https://doi.org/10.1021/acs.jcim.0c00411 LEARN ABOUT THESE METRICS
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73,687 followers

Isomorphic Labs
| LA
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nature > news > article

NEWS 19 February 2026

Isomorphic Labs has reached an exciting new milestone in computational drug

discovery. In a technical report published today, we show how our drug design
engine represents a massive leap forward in accurately predicting ...more
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GNINA vs End-to-en
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CACHE Challenge #1
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A Tale of Two Methods

Large-Scale Docking with GNINA  Pharmacophore Screening with Pharmit

Qha\rm

explor
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Round 1 Submission
molgort L .

Molecule Libraries

Large-scale
docking

Pharmacophore

2 screening methods
screen

2 scoring methods

1k ligands 3.5k ligands
gnina scores gnina scores
vina scores vina scores
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-Autodock Vina Score

Round 1 Results

Not Tested
e Docking
Pharmacophore

3 4 5 6 7
GNINA Score

- Selection
limited/skewed by
database availability

. 84 ligands tested
+ 59 from docking
. 24 from pharm

screen
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-Autodock Vina Score
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Round 1 Results
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Hit Optimization Results
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Final Results

Participant Aggregated

Computational and Systems Biology

Participant ID score
David Koes, University of Pittsburgh 1181 18
Olexandr Isayev & Maria Kurnikova, Carnegie Mellon University & Artem 1209 18
Cherkasov, University of British Columbia
Christina Schindler, Merck KGaA 1193 17
Dmitri Kireev, University of Missouri 1183 16
Christoph Gorgulla, St. Jude Children's Research Hospital and Harvard 1195 16
University
Didier Rognan, Université Strasbourg 1202 16
Pavel Polishchuk, Palacky University 1210 16
Kam Zhang, Centre for Biosystems Dynamic Research, RIKEN 1188 15
Shuangjia Zheng, Shanghai Jiao Tong University (previously Galixir) 1187 14
Carlos Zepeda, Treventis/UHN 1200 14
Fabian Liessmann, Leipzig University 1201 14
1179 13
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CACHE Challenge

- RNA binding site of SARS-COV2 NSP13

- “Deep Docking” of Enamine (4B)

Randomly
sample 100k
ligands

Dock 100k

ligands

r 3

Train XGBoost
model to predict

"| docking scores from

ligand fingerprint

Computational and Systems Biology

Select 100k
molecules by

highest predicted )

Score

Predict docking

scores for entire
database

Density

Batch 0
Batch 1
Batch 2
Batch 3
Batch 4
Batch 5
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CACHE #2 Results

5/50 compounds identified as potential hits

>2x the average hit rate

4/5 hits from last round of active learning
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Scalable Screening of Ultra Large Libraries
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McNutt AT, Adduri AK, Ellington CN, Dayao MT, Xing EP, Mohimani H, Koes DR.
Scaling structure aware virtual screening to billions of molecules with SPRINT.
ArXiv. 2025 Jan 20:arXiv-2411.
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proteins they bind to
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INT Co-embeddings
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Suspiciously Good Retrospective Virtual Screening

Table 2: Virtual Screening results on LIT-PCBA. SPRINT-ProtBert replaces
SaProt with the ProtBert model, and SPRINT-Average replaces learned
aggregation with average pooling and additional MLP layers. Parameter
counts are shown in parentheses.

AUROC (%) BEDROC (%) EF

0.5% 1% 5%

Surflex [20] 51.47 - - 2.50 -
Glide-SP [21] 53.15 4.00 3.17 3.41 2.01
Planet [22] 57.31 - 4.64 3.87 2.43

GNINA [23] 60.93 5.40 - 4.63 -

DeepDTA [24] 56.27 2.53 - 1.47 -

BigBind [25] 60.80 - - 3.82 -
DrugCLIP [9] 57.17 6.23 856 551 227
SPRINT-Average (15.7M) 67.49 7.80 7.23 6.26 3.71
SPRINT-ProtBert (15.9M) 73.4 11.9 11.68 10.19 5.27
SPRINT (16M) 73.4 12.3 15.90 10.78 5.29
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SPRINT can be crazy fast
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—nhanced Deep Docking with SPRINT

Retrospective CACHEZ2 Deep Docking

CACHE2 DeepDocking w/ GNINA batches vs SPRINT 010 CACHE2 DeepDocking w/ GNINA batches vs SPRINT
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2 =
3 5
& 03 . . 0
¥ master ~ gnina / scripts /| deepdock.py (5
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Generative Modeling
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Discriminative Model
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GGenerative Model
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Learning a Continuous Representation of 3D
Molecular Structures with Deep Generative Models
NeurlPS 2020 Workshop

Machine Learning for Structural Biology

Matthew Ragoza* Tomohide Masuda* David Ryan Koes : o
Comp. & Systems Biology Comp. & Systems Biology Comp. & Systems Biology we = |
University of Pittsburgh University of Pittsburgh University of Pittsburgh £
Pittsburgh, PA 15213 Pittsburgh, PA 15213 Pittsburgh, PA 15213 |
dkoes@pitt.edu

mtr22@pitt.edu tmasuda@pitt.edu
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libmolgrid
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structure density

3D CNN

libmolgrid

Chemical
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Cite this: Chem. Sci,, 2022, 13, 2701
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Diffusion Models

~—— Conditional generation
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STRUCTURE-BASED DRUG DESIGN WITH
EQUIVARIANT DIFFUSION MODELS
Quantitative Biology > Biomolecules
Arne Schneuingl* , Yuanqi Dll2*, Charles Harris3 , Arian Jamasb?’, Ilia Igashovl’ [Submitted on 4 Oct 2022 (v1), last revised 11 Feb 2023 (this version, v2)]
Weitao Du?, Tom Blundell®, Pietro Lié3, Carla Gomes?, Max Welling®, DiffDock: Diffusion Steps, Twists, and Turns for Molecular Docking

. . 6 .1

Mldlael Bronstein® & Bruno Correia Gabriele Corso, Hannes Stdrk, Bowen Jing, Regina Barzilay, Tommi Jaakkola
1Ecole Polytechnique Fédérale de Lausanne, 2Cornell University, 3University of Cambridge, =
4USTC, SMicrosoft Research Al4Science, 8University of Oxford
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Pocket Identification

Atomic Message Passing

Keypoint Generation

d I'(lV > g-bio > arXiv:2311.13466

Quantitative Biology > Biomolecules

[Submitted on 22 Nov 2023 (v1), last revised 8 May 2024 (this version, v2)]

Keypomt-Condltloned Accelerating Inference in Molecular Diffusion Models with Latent
Diffusion Representations of Protein Structure

lan Dunn, David Ryan Koes
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Pocket Identification

Atomic Message Passing

Keypoint Generation

Keypoint-Conditioned
Diffusion
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Keypoint Conditioned Diffusion
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Keypoint Conditioned Diffusion

Pocket Identification
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Keypoint Conditioned Diffusion
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Generated molecules are not synthetically accessible or
physically plausible
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Practical Measures of Molecule Quality

Existing literature primarily focuses on validity/valency;
necessary but insufficient dimensions of molecule quality

We propose to evaluate molecule quality at the level
of and
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Practical Measures of Molecule Quality
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Unconditional Generation with FlowMol

CTMC SimplexFlow FlowMol
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Exploring Discrete Flow Matching for 3D De Novo

Molecule Generation

Dept. of Computational & Systems Biology

Ian Dunn

University of Pittsburgh
Pittsburgh, PA 15260
ian.dunn@pitt.edu

David Ryan Koes
Dept. of Computational & Systems Biology
University of Pittsburgh
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FlowMol v3
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« State of the art validity
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Digital
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FlowMol3: Flow Matching for 3D De Novo Small-
Molecule Generation

lanDunn and David Ryan Koes
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Why Is FlowMol3 Better?
go ~ po(g) ——»dg = uy(g, t)dt ——g1 ~ p1(9)

Flow Matching dynamics (t=0.00) X X
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OMTRA: De Novo Design

Evaluated on Luo et al CrossDocked test set.
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OMTRA: Docking

Evaluated on PoseBusters test set.
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OMTRA: Pharmacophore Conditioning
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OMTRA: Transfer Learning?

Evaluated on PLINDER test set.
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Synthesizeability
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Web App

Input Files style

[ sticks
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1. Upload Protein i
p Backbone (Cartoon) Fix atoms (optional) 13 v

Upload PDB or CIF file defining the target. Pockets
Fixed atoms keep the same position
receptor.pdb x during generation.

(© PROCESSED
By fragment By atom

2. Binding Site Definition

(@ Click fragments in the viewer or
toggle below. Click to toggle -
Shift+drag to box-select.

Recommend deselecting protein surface
to view pocket.
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Ligand
| & Frag2 | | 4 Frag3
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(© PROCESSED 3 of 6 fragments fixed

CENTER 14 atoms fixed Clear Invert
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Takeaways &

Deep learning works for molecules!
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Are we at an inflection point?

A

nature > nature communications > articles > article

Article Open access Published: 06 July 2026

FLOWR.ROOT - A flow matching-based foundation
model for joint multi-purpose structure-aware 3D
ligand generation and affinity prediction

Djork-Arné Clevert

Nature Communications 17, Article number: 5883 (2026) | Cite this article

Inflection point?
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Mature stage
(slower change)
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Isomorphic Labs has reached an exciting new milestone in computational drug
discovery. In a technical report published today, we show how our drug design
engine represents a massive leap forward in accurately predicting ..more

A Unified 3D Generative Model for Synthesizable Structure-Based Drug Design

llia Igashov, Arne Schneuing, Adrian W. Dobbelstein, Irina Morozova, Rebecca M. Neeser, Kara Zielinski,
Luciano Andres Abriata, Aaron S. Petruzzella, David R. Pavel losub, Olivia Gampp, Artem Y. Lyubimoyv,
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Laurin Kanis, Joseph Schmidt, Mac Kevin E. Braza, Rommie E.Amaro, Nicolas Thoma, Davide M. Ferraris,
Roland Riek, James S. Fraser, Philippe Schwaller,; Michael Bronstein, Bruno Correia

doi: https://doi.org/10.64898/2026.09.15.751537
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Shameless Plugs . soma

F| OWM O| o g.;‘ZZiZTZT;ViEZ’iZZiT}"-“C“Zf;?ff;émmvm
https://github.com/Dunni3/FlowMol
go ~ Po(g) =————pdg = ue(g, t)de —>91 ~ p1(g)
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Pharmit
+ https://3dmol.org/

libmolgrid

https://github. Com/gnlna/Ol\/ITRA

https://gina.github.io/libmolgrid/
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Generating Descriptions of Molecules
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Pharmacolorge
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DeepFrag: a deep convolutional neural network for
fragment-based lead optimizationt

Harrison Green, 2@ David R. Koes® and Jacob D. Durrant {2 *2

https://durrantlab.pitt.edu/deepfrag/
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