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Protein-Ligand Representation
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Protein-Ligand Representation
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Convolutional Neural Networks
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Convolutional Filters
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Protein Ligand Scoring
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Cross-Docked Protein Ligand Scoring

Clustered Cross-validation

Three-Dimensional Convolutional Neural Networks and a Cross-
Docked Data Set for Structure-Based Drug Design " A A 0 <>
Paul G. Francoeur, Tomohide Masuda, Jocelyn Sunseri, Andrew Jia, Richard B. lovanisci, lan Snyder, and David R. Koes* ‘
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Virtual Screening with GniNna 1.0

by @ Jocelyn Sunseri 8@ and @ David Ryan Koes = &
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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 &
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GNINA vs End-to-end Deep Docking
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Generative Modeling
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Machine Learning for Structural Biology
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Generative Adversarial Networks
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Generative Adversarial Networks
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4.5 years of GAN progress on face generation. arxiv.org/abs/1406.2661
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Diffusion Models

Conditional generation
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Quantitative Biology > Biomolecules
Arne Schneuingl*, Yuanqi Du2 *, Charles Harris3’ Arian JamaSb3, Ilia Igashovl , [Submitted on 4 Oct 2022 (v1), last revised 11 Feb 2023 (this version, v2)]
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Diffusion Models

Conditional generation
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Keypoint Conditioned Diffusion

Pocket Identification

Atomic Message Passing

Keypoint Generation

d I'><1V > 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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Keypoint Conditioned Diffusion
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Keypoint Conditioned Diffusion
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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
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Exploring Discrete Flow Matching for 3D De Novo
Molecule Generation
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FlowMol v3
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OMTRA

FlowMol3 De novo Generation

Unconditional Pharmacophore Conditioned Pocket & Pharm. Conditioned

Conformer Generation Docking

Ramith
lan Dunn Tyler Katz Liv Toft Riya Shah  Juhi Gupta \attisrachcehi
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OMTRA: Docking

Evaluated on PoseBusters test set.
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OMTRA: Transfer Learning”

Evaluated on PLINDER test set.

De Novo Design Docking
Multitask  Pretrained | % Valid %PB-Valid strain | % < 2A  9%PB-Valid
Data 94.0 39.2
X X 08.4 71.2 96.2 02.0 75.0
X v 96.6 674 125.6 91.0 73.0
v v 97.6 69.7 69.6 95.0 75.0
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OMTRA: Pharmacophore Conditioning
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Prot Conditioning  Prot + Pharm Conditioning

de novo design  %PB-Valid 67.5 66.2
interaction recovery 51.0 67.4
% Pharm Matches - 96.9
% RMSD < 2A 93.0 99.0
%PB-Valid 73.0 81.0
% Pharm Matches - 99.5

. docking
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Computational and Systems Biology

Prot Conditioning  Prot + Pharm Conditioning

de novo design  %PB-Valid 67.5 66.2
interaction recovery 51.0 67.4
% Pharm Matches - 96.9
% RMSD < 2A 93.0 99.0
%PB-Valid 73.0 81.0
% Pharm Matches - 99.5

. docking




University of Pittsburgh Computational and Systems Biology

OMTRA: Pharmacophore Conditioning

Ground Truth _ _ Multi-Task OMTRA Model
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Pharmacororge
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PharmacoForge: pharmacophore
generation with diffusion models

1,2 : 1 1,2 : 12
Emma L. Flynn™, Riya Shah *, lan Dunn *<, Rishal Aggarwal & frontiers | Frontiers in Bioinformatics
and David Ryan Koes **
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. Chemical
DeepFrag: a deep convolutional neural network for | Science

fragment-based lead optimizationt

Harrison Green, 22 David R. Koes® and Jacob D. Durrant (& *2

https://durrantlab.pitt.edu/deepfrag/
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-------------------------------
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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
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® @ (L] pharmit.csb.pitt.edu/search.htmi ¢ th ) (3 IT
Search PubChem v £ ' | 4 Pharmacophore Results (%

Name RMSD v Mass RBnds
Pharmacophore Search -> Shape Filter PubChem-13960682 0.223 392 5
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(52.08,44.85,-2.15) Rad O ( [
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HIgh-throughput Docking Pipeline

mOlmrt U Top 1k Molecules

by GNINA score
~7 million molecules

1000 molecules,

Docking with - +
GNINA

GNINA Scores

Docking with
GNINA

MD Ensemble Structures
Crystal Structure
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Pharmacophore Generation via Fragment Docking

Molecule Fragments‘

Docking with -
GNINA

Pharmacophore Generation

Crystal Structure
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Pharmacophore Pipeline

Pharmacophore

. Pharmacophore Screenin
Generation P S J

with PHARMIT

3572 molecules
+

GNINA scores

MD Ensemble Docking
with GNINA

« ZINC20: 20 mil molecules
« MCULE: 45 mil molecules
« MCULE-ULTIMATE: 126 mil molecules

Molecule Libraries
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Pharmacophore Pipeline

Pharmacophore

. Pharmacophore Screenin
Generation P S J

with PHARMIT

3572 molecules
+

GNINA scores

MD Ensemble Docking
with GNINA
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Molecule Libraries
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Round 1 Submission

 ZINC20: 20 mil molecules
« MCULE: 45 mil molecules
e MCULE-ULTIMATE: 126 mil molecules

molort -

Molecule Libraries

Large-scale
docking

Pharmacophore

2 screening methods
SClreen

2 scoring methods

1K ligands 3.9k ligands
gnina Scores gnina SCores
vina SCOres vina SCOres
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Round 1 Results

-Autodock Vina Score

Docking
Pharmacophore

4 ) 6 7
GNINA Score (CNN_VS)

+ Selection limited/
skewed by database
availability

+ 84 ligands tested
+ 59 from docking
+ 24 from pharm
screen
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Round 1 Results
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3 4
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-Autodock Vina Score
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Round 1 Results

Not Tested
12 - Docking
Cq O Pharmacophore
Hit
11 - HJ\/ H
CACHE_1181_33
10 - Kd=123 uM
9 -
8 -
7 -
CACHE_1181_50
. Kd=136 uM
2 3 4 6 7

GNINA Score (CNN_VS)

2/84 were hits
- Both from docking
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Parent Compound

Similarity screen against
Enamine REAL Docking with
Return 5000 most similar - GNINA

igands by tanimoto score

"

Crystal Structure

Computational and Systems Biology

Hit Optimization Pipeline

—

5000 molecules
+

GNINA scores
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Hit Optimization Results

Parent Compound
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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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* RNA binding site of SARS-COV2 NSP13
- “Deep Docking” of Enamine (4B)

Train XGBoost
Randomly Dock 100k mode] to predict
sample 100k — iqands —> docking scores 0.7 — Batch o
ligands J from ligand . Batch 1
¢ fingerprint | — Batch 2
0.5 / —— Batch 3
l A' —— Batch 4
_430-4 '/ —— Batch 5
Select 100k Predict docking S 03
molecules by .
highest predicted +— scores for entire 0.2
J P database ‘
score 0.1
0.0 T —
0 1 2 3 4 5 6 7
CNN VS
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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

Highest affinity round 1 hit in the competition
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Scalable Screenmg Of Ultra Large Libraries
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Quantitative Biology > Biomolecules

[Submitted on 23 Nov 2024 (v1), last revised 20 Jan 2025 (this version, v2)]

Scaling Structure Aware Virtual Screening to Billions of Molecules with SPRINT
Andrew T. McNutt, Abhinav K. Adduri, Caleb N. Ellington, Monica T. Dayao, Eric P. Xing, Hosein Mohimani, David R. Koes
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Enhanced Deep Docking with SPRINT
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Deep learning works for molecules!

Occurence Rate of OOD Ring Systems

DiffSBDD

Rigorous evaluation is essential

606



University of Pittsburgh Computational and Systems Biology

lakeaways &

Deep learning works for molecules!

N -

-

=5,

Rigorous evaluation is essential

Spearman Correlation
o
~

Clustered Random Core Set DiffSBDD

SPR

No replacement for prospective evaluation % [/3/1935] .

Still pretty bad

Measured/Expected RU

Compounds 66



University of Pittsburgh

lakeaways

Deep learning works for molecules!

p -

e
N7,
29°

aaaaaaaaaa

't IS pronounced NEE-na

SPR

Computational and Systems Biology

No replacement for prospective evaluation

Still pretty bad

Measured/Expected RU

Compounds

606



University of Pittsburgh Computational and Systems Biology

Acknowledgements

Current Srevf°“§ |
ocelyn Sunseri
lan Dunn Matthew Ragoza
Emma Flynn Tomohide Masuda
Riya Shah Paul Francoeur
- Jonathan King
Rishal Aggarwal R o0eo Mel
Drew McNutt Josh Hochul
Daniel Penaherrera  Elisa ldrobo
Jacky Chen -y furner
, , Alec Helbling
Somayeh Pirhadi Andrew Jia
-Fareeda Abu-Juam  Rich lovanisci

Ben Krummenacher lansnyder
Nick Rego @,

N

, , RO1GM108340
National Institute of ==
General Medical Sciences R35GM140753 CHE-1800435

6/


http://github.com/3dmol

University of Pittsburgh

https://github.com/gnina

Pharmit

(] ([ J @ Pharmit Search Engine X +

< C' @& pharmit.csb.pitt.edu/search.html

Search MolPort > <
Name

Shameless Plugs

RMSD “ Mass

h % * 20 €&

> Pharmacophore Results (<]

RBnds

Pharmacophore Search -> Shape Filter - y
\ MolPort-044-566-440

Load Receptor... Load Features... MolPort-002-455-603

Pharmacophore 2 MolPort-038-429-350
7

N ' Aromatic o’ MolPort-019-937-051

/' (3.92,-6.02,52.44) Radius 1.0
MolPort-038-429-350
~ ﬁ/‘ HydrogenAcceptor o

(4.69,-1.77,51.21) Radius 1.0 MolPort-044-335-860

MolPort-005-945-419

", HydrogenDonor
. ﬁ ) (1.07,-1.94,50.37) Radius 1.0 o MolPort-038-429-350
" HydrogenDonor MolPort-002-541-124
A M/‘ (4.69,-1.77,51.21) Radius 1.0 o

\ MolPort-038-430-746
" Hydrophobic
' a /‘ (4.47,-7.61,56.12) Radius 1.0 0

Add © Sort & \
A

» Inclusive Shape

MolPort-038-429-597
MolPort-027-848-831
MolPort-004-878-749
MolPort-042-646-781

@ MolPort-038-429-350
» Exclusive Shape

» Hit Reduction

MolPort-027-850-935
_ 4| MolPort-038-429-350
" MolPort-002-641-316

0.126
0.129
0.131
0.140
0.141
0.144
0.145
0.146
0.152
0.156
0.157
0.159
0.159
0.160
0.165
0.166
0.168
0.170

469
411
401
328
401
526
458
401
428
411
393
405
423
411
401
356
401
276

9

-
=

A 0O 0O 0 VW N N N OV O O 0 Vv o » ©

» Hit Screening

Visualization Previous |1 2 3 ..
Ligand: Stick v 1 / :
Load Session... Save Session... M - ) Minimize
[ 1

Showing 1 to 18 of 50,832 hits
2824 Next

Save...

https://pharmit.csb.pitt.edu

FlowMol

https://github.com/Dunni3/FlowMol

go ~ po(g) == dg = ug(g,t)dt =———3g1 ~ p1(g)

1.0 1.0 1.0 1.0 -
0.5 0.5 0.5 0.5 1
0.0 - 0.0 0.0 - 0.0 -

CTMC SimplexFlow FlowMol

CHNOWM CHNOWM CHNOWM

* @dkoes.compstruct.org

liomolgrid

https://gina.github.io/libmolgrid/

[

[

1

]

Computational and Systems Biology

import py3Dmol

y3Dmol

p = py3Dmol.view(query='mmtf:lycr')

p.setStyle({'cartoon':
p

hitps:

{'color':'spectrum'}})

/[3dmol.org/



University of Pittsburgh Computational and Systems Biology

Shameless Plugs

FlowMol
https://github.com/Dunni3/FlowMol

g n I na go ~ po(g) =——pdg = uy(g,t)dt =——pg1 ~ p1(9)

pronounced NEE-na

py3Dmol

[ ] import py3Dmol

https://github.com/gnina

Pharmit

[ 1 p = py3Dmol.view(query='mmtf:lycr')
p.setStyle({'cartoon': {'color':'spectrum'}})
p

CTMC SimplexFlow FlowMol

L L
CHNOWM CHNOWM CHNOWM CHNOWM

([ J ([ J @ Pharmit Search Engine x + v
< C @& pharmit.csb.pitt.edu/search.html M N *» 00 @ :
Search MolPort - < > Pharmacophore Results [x]
Name RMSD * Mass RBnds
Pharmacophore Search -> Shape Filter
MolPort-044-566-440 0.126 469 9

Load Receptor... Load Features...

MolPort-002-455-603  0.129 411 11

P MolPort-038-429-350  0.131 401 8
~ a ) 2;22::12.44) . o C;/ MolPort-019-937-051  0.140 328 4
MolPort-038-429-350  0.141 401 8

o @ (':‘5'3 e Q,‘f:,':}?: ) | MolPort-044-335-860  0.144 526 9

. @ ) Hverogenbonor o MolPort-005-945-419  0.145 458 8
GRS LS i, MolPort-038-429-350  0.146 401 8

o @ 2!5'3??:‘3;’5::; — ) MolPort-002-541-124  0.152 428 6

. \ MolPort-038-430-746  0.156 411 9

' GI?‘ 5.‘!;’,5‘.’3233!%“51.0 o ) MolPort-038-429-597  0.157 393 7
2dd© | [ sort ¢ \ MolPort-027-848-831  0.159 405 7

N MolPort-004-878-749  0.159 423 7

_ y MolPort-042-646-781  0.160 411 9
bmnlusive,Shapg ~ \@ MolPort-038-429-350  0.165 401 8

» Exclusive Shape MolPort-027-850-935 0.166 356 8
_ o _ f MolPort-038-429-350  0.168 401 8
» Hit Reduction & " MolPort-002-641-316 ~ 0.170 276 4

» Hit Screening Showing 1 to 18 of 50,832 hits

Previous 1 2 3 .. 2824 Next

Visualization

Ligand: Stick =

| L
Load Session... Save Session... k/ ‘ = Minimize Save...

Tl https://gina.qgithub.io/libmolgrid
https://pharmit.csb.pitt.edu ps://gina.github.lofliomolgrid/ https://3dmol.org/ N

—



