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Computational/AI approaches streamlining early drug discovery

Sadybekov & Katritch (2023) Nature, 616: 7958



Core Computational Technologies in Drug Discovery

Molecular Dynamics

Molecular Mechanics

Molecular Docking Structural data/Bioinformatics 

CheminformaticsMachine Learning & AI

Physics-Based AI/Data-Based 
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From Structure-Function to Discovery of Novel Ligands and Drugs 

3D structure Molecular Modeling Virtual Screening Drug Discovery

Rational Design



Classical HTS approach and optimization (3-5 years)   

Ultra-Large Screening Paradigm (weeks) 

Lyu  et al (2019) Nature 566:224-229;  Stein et al (2020) Nature 579:609-614; Gloriam DE (2019) Nature 566:193-194

Size Matters: Ultra-Large Screening for Lead Discovery

AmpC beta-lactamase and D4 dopamine receptor

Melatonin MT1 receptor 



Drug-Like space: 

1023 – 1063

REAL Space: On Demand Virtual Libraries for Screening

> 1015-18

Tangible REAL Space

>3*1010

REAL Space

107 
VLS 

Stock770M

Tangible (MADE)

Building Blocks

>125K

Building 

blocks

➢ Virtual, but REAL:

3-4 weeks, 80% rate 

➢ Drug Likeness

➢ Diversity

106

HTS

Drug

Lead

>180 optimized

reactions

Drug

Lead

WuXi, Otava, Merck, GSK, AstraZeneca

>$1,000,000 computing cost! 



Concept: Use chemical modularity of REAL libraries
Standard Ultra-Large Virtual Screening:

1. Fully enumerate and prepare the ligand library:

 >10B cmpds – hard to work with 

2. Screen by docking each molecule to the pocket 

 Years on a cluster or  ~$1M on a cloud   

Modular chemical library Virtual Screening:

1. Screen for best scaffold-synthon combinations:

 Medium size library suitable for docking

2. Enumerate only best scaffolds

 Medium size library suitable for docking

R2R1

R2R1

R2R1

R3

Ndock~ N(R1) x N(R2) Ndock~  N(R1) + N(R2)

Ndock ~ N(R1) x N(R2) x  N(R2) Ndock ~ N(R1) + N(R2)  + N(R3)

R1 REAL Space Synthons

Target Pocket

R2 REAL Space Synthons
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V-SYNTHES:

Virtual SYNThon Hierarchical 

Enumeration Screening



V-SYNTHES: How relevant are binding poses of MEL fragments?

2-comp 3-comp
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Pose reproduced in >90% of 100K top-ranking enumerated molecules!

Manuscript in preparation



𝐸𝐹 𝑋 =
𝑁 𝑜𝑓 ℎ𝑖𝑡𝑠 𝑤𝑖𝑡ℎ 𝑠𝑐𝑜𝑟𝑒𝑠 < 𝑋 𝑖𝑛 𝑆𝑌𝑁𝑇𝐻𝐸𝑆 

𝑁 𝑜𝑓 ℎ𝑖𝑡𝑠 𝑤𝑖𝑡ℎ 𝑠𝑐𝑜𝑟𝑒𝑠 < 𝑋 𝑖𝑛 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑉𝐿𝑆
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Enrichment, standard 2-component reactions, 
1M

EF100 = 40

Random Enumerated Subset, 1M

Standard VLS

V-SYNTHES: How relevant is MEL fragments selection in Steps 1-2? 

Sadybekov et al. (2022) Nature 601:452-459



V-SYNTHES: How relevant is MEL fragments selection in Steps 1-2? 

EF100 ~ 250
EF100 ~ 450

Sadybekov et al. (2022) Nature 601:452-459



V-SYNTHES: Does it work in prospective screening?
(Discovery of selective CB2 Antagonists)

Bryan Roth

V-SYNTHES for 11B Enamine REAL Space

➢ Synthesized and tested 60 cmpds 

➢ 19 hits Ki<10M 14 hits Ki<1M

Alex 

Makriyannis

SAR-by-catalog for 3 best hits 

➢ Made and tested 109 cmpds (#523- best series) 

➢ 5 hits Ki<10nM, best Ki =0.9nM, CB2/CB1>200x

Sadybekov et al. (2022) Nature 601:452-459



V-SYNTHES application to ROCK1 kinase

Blake 

Houser 

Nikos 

Petasis
6 hits (28.5% hit rate) better than Ki<10M, 

best IC50 and  Ki < 10nM   

Sadybekov et al. (2022) Nature 601:452-459



➢ Extremely challenging target: best hits are 15-150 M potency

➢ Methods:  combination of physics-based docking,  machine learning, 

and “crowdsourcing” – contributing to the best results

Critical assessment of computational hit-finding experiments
(CACHE Challenge 2) 

https://cache-challenge.org/results-cache-challenge-2 

Mikola 

Protopopov

Olga 

Tarkhanova

Manuscript in preparation (including CACHE #4 results)

ChemSpace was one of the top 5 teams, used 

V-SYNTHES/ICM-Pro (best cmpd 21 M, selective):

https://cache-challenge.org/results-cache-challenge-2


On-demand chemical spaces as “unlimited” source for drug discovery:
the Bigger, the Better!!!

16

HTS Standard VLS V-SYNTHES



17

On-demand chemical spaces as “unlimited” source for drug discovery:
the Bigger, the Better!!!
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xREAL

~3 Trillion Compounds

✓ More diverse

✓ More non-planar

✓ Suitable for larger pockets

>$100K,

No IP

~$20K

Unrestricted IP

On-demand chemical spaces as “unlimited” source for drug discovery:
the Bigger, the Better!!!



How to scale from Billions to Trillions & more? 

Deep Learning - 

accelerated 

screening

3 Trillion

<2M

10K-100K

>100M

V-SYNTHES-DL:  

AI to the rescue!

RTCNN Docking

Score



V-SYNTHES-DL accelerator: 
Deep Learning filter yields additional >200-fold speedup

10K-100K

<100M

3 Trillion

Manuscript in preparation

Hits

NonHits

Model

Predicts

Hits

Graph-CNN model

Train on 0.5M compounds

Apply to 100M compounds

>90% recovery

>200-fold speedup

>1,000,000 total speedup!!

<2M

Anastasiia

Sadybekov



Computational efficiency of 
V-SYNTHES-DL vs V-SYNTHES 10M

0

10

20

30

40

50

60

70

80

90

100

0 20 40 60 80 100

C
o

m
p

u
ta

ti
o

n
a
l 

s
p

e
e
d

u
p

, 
fo

ld

Retrieval rate vs V-SYNTHES 10M, %

10K
20K
50K
100K
200K
300K
500K
10K

Score -33.5

>10K hits

Score -37.5

>1K hits

Score -41.0

>100 hits

Docking set 

size:

91-fold speed-up;

18% retrieval rate

17-fold speed-up;

90% retrieval rate

47-fold speed-up;

51% retrieval rate

Speedup=
𝑁 𝑜𝑓 𝑑𝑜𝑐𝑘𝑖𝑛𝑔 𝑉𝑆𝑌𝑁𝑇𝐻𝐸𝑆 𝐷𝐿

𝑁 𝑜𝑓 𝑑𝑜𝑐𝑘𝑖𝑛𝑔 𝑉𝑆𝑌𝑁𝑇𝐻𝐸𝑆 (10𝑀)
=

= 
𝑁 𝑜𝑓(𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑠𝑒𝑡+𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑠𝑒𝑡+𝐷𝑜𝑐𝑘𝑖𝑛𝑔 𝑠𝑒𝑡)

10𝑀

➢ Choosing docking set size, one can 

chose the best compromise 

between speed and retrieval

➢ The speed advantage will further 

grow with the space size

Training set 100K + Validation set 10K  

Sadybekov et al. (unpublished)



Leads HitsDrugs

Best scores           Medium scores          Poor scores
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Yes!!! – The more the better!

➢ The bigger the library, the more potential hits 

with good scores (Millions!!!)

➢ “hit rates improved with library size, as did 

the potency of the inhibitors” (Liu et al, Nature 

Chem. Bio. 2025.) 

How to exploit this embarrassment of riches 

to get better leads and drug candidates?

➢ Consensus of several orthogonal scoring 

functions, especially DL-based (e.g. RT-CNN)

➢ More rigorous (but slow) affinity predictors like 

abFEP

➢ Apply additional predictive DL filters 

(bioavalability, BBB, selectivity etc.) 

Sadybekov & Katritch (2023) Nature, 616: 7958

1nM        100nM       10uM



https://molsoft.com/RTCNN.html 

➢ Radial Convolutional Neural Net with 2 types of layers:

➢ Topological (chemical graph) convolutions 

➢  3D Radial convolutions

➢ Trained on clean PDB and generated decoy 

ligand/receptor poses

RTCNN – a Neural Network Score   

CASF 2016 screening benchmark EF1%

Can be used as an “orthogonal” filter with 

physics-based docking score.

https://molsoft.com/RTCNN.html


V-SYNTHES-DL
Added key AI components

Scales 11B to 1015 cmpds

Easy Lead Optimization

Tested on many targets

V-SYNTHES collaborative applications to diverse targets 

Hussein 

Yassine

Steven 

Grossman

Yali 

Dou

Steve 

Kay

Charles 

McKenna

Xiaojiang 

Chen
Cornelius 

Gati

Kate 

White



CNT3D drug discovery pipeline (since 2023)

V-SYNTHES-DL
AI components

> 3 Trillion compounds

Easy lead optimization

Target ID
Quality 

hits
Hit-to-Lead

Lead 
Optimization

Preclinical 
Studies

Clinical 
Trials

AT2R antagonist for neuropathic pain (UH3 grant) 

DOR bitopic agonist for chronic pain

Covalent MOR blocker as fentanyl antidote (licensed)

Optically controlled analgesic (IP) 

D2R PAMs for Parkinson’s

cPLA2 antagonist for Alzheimer’s 

Glioblastoma

Addiction disorders

Fungal infection 

>10 targets - partnered

- seeking a partner

- In development

Collab w/ Drs. Cherezov (USC) Shepherd (MDACC) & Majumdar (WashU)  

Collab with Dr. Yassine (USC Keck) 

Collab with Drs. Fokin (USC Dornsife) & McLaughlin (UF)

Collab with Drs. Levitz (Cornell) & Trauner (UPenn) 

Collab with Dr. Rosenbaum (UTSW) 

Collab with Drs. Majumdar & Tao (WashU) 

Collab with Dr. Majumdar (WashU)

Collab with Dr. Kay (USC)

Collab with Dr. McKenna (USC)



AT2R antagonist for neuropathic pain
from first hits to a pre-clinical candidate BPN-36970  

- 953 cmpds 

synthesized

- In vitro ADME

- In vivo PK

- 2 key groups

~200 cmpds 

synthesized

- In vitro potency

- In vivo efficacy

Initial Hit (Ki=903 nM)

Giga-VLS
SAR-by-

Catalog

Analogs (Ki =154-600 nM)

Potency

Optimization
Medchem

Leads (Ki =1-10 nM) Optimized properties

Preclinical

Candidate

Andrew 

Shepherd

Vadim 

Cherezov
Sush Majumdar
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 M
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EMA401 3mg/kg p.o n=8

EMA401 10mg/kg p.o n=8

Vehicle p.o. n=10

***
***

**

EMA401 1mg/kg p.o n=8

***
***

*

Improved Neuropathic pain relief  (SNI model) High bioavailability and PK in oral delivery (rats)

UG3NS116929  and BPN CRO services

Normal 

Sensitivity



➢ Target: cPLA2 in APOE4 pathway, strongly 

associated with early Alzheimer’s

➢ V-SYNTHES screen of >18B compounds 

in Enamine “REAL” space 

cPLA2 antagonist BRI-50460 as anti-inflammatory 
treatment of Alzheimer’s disease

Hussein 

Yassine
Stan Louie

Sadybekov et al. 2025, BioRxiv https://doi.org/10.1101/2025.03.09.641748



IF: Synapsin (green), CaMKII (red), DAPI (blue)

S
y
n
a
p
s
in

 

s
y
n
a
p
ti
c
 p

u
n
c
ta

S
y
n
a
p
s
in

 p
u
n
c
ta

 d
e
n
s
it
y

C
a
M

K
II


 d
e
n
d
ri
ti
c
 d

e
n
s
it
y

M
A

P
2
 d

e
n
d
ri
ti
c
 

 i
n
te

n
s
it
y
 (

A
U

)

**

****
****

***

****
***

CTRL  A  A+460 CTRL  A  A+460

CTRL  A  A+460CTRL  A  A+460

BRI-50460 protects against A42 oligomer-induced 
synaptic loss in human iPSC-derived neurons 

Isaac Asante Qiu-Lan Ma

Sadybekov et al. 2025, BioRxiv https://doi.org/10.1101/2025.03.09.641748



Design of  bitopic ligands  for -Opioid Receptor

Orthosteric Pocket:

Affinity, Selectivity 

Allosteric Pocket:

Modify Function

W6.48

D2.50

D3.32

N7.45

D2.50

Flexible Linker

Modulate Function!

Liu et al. 2012 Science 337, 232-236;     Fenalti et al. 2014,  Nature 506, 191-196.;

Katritch et al. (2014) TiBS  39:233-44;   Zarzycka et al (2019)  Pharmacol. Reviews 71:571-595



In vitro
Majumdar/Che, Roth (UNC)
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Fentanyl 
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CryoEM of -OR
Skiniotis, Stanford 

-Opioid:  Faouzi et al (2022) Nature. 2023;613(7945):767-74

Converting Fentanyl into a safe non-addictive painkiller
(no respiratory depression, no addiction) 

Design / Modeling 
Katritch, USC

Synthesis
Majumdar, WashU
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In vivo pharmacology
McLaughlin, UF



Naltrindole-based -OR bitopic agonists: 
Analgesia without Seizures

Varga et al (2025) Nature Com 16:2518

Sush

Majumdar Tao Che
Balazs 

Varga 
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Sarah 

Bernhard



MOR

Inactive

Functionalized naloxone for selective 
irreversible inhibition of fentanyl at MOR  

Y150

New Sulfur (VI) Fluoride Exchange (SuFEx):

bioorthogonal proximity-guided click chemistry

PCT Patent Application  (USC)

Manuscript in preparation

MOR

Acivated

MOR
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➢ Quickly reverses fentanyl respiratory depression

➢ Long – term action (>24 hours in mice)

➢ Compatible in vivo with s.c. or i.m. delivery

Jay McLaughlin Valery Fokin



Optical control of peripheral analgesia 
by reversible MOR photoswitches

Posa et al (2025) https://doi.org/10.1101/2024.12.16.628735 

Cryo-EM validates design

Structure-based design of AM-3 AM-3 optically controls analgesia in vivo

https://doi.org/10.1101/2024.12.16.628735


Small Molecule Computer-driven Drug Discovery: Applications

Physics-Based AI/Data-Based 

Initial Hit Identification (Protein Structure-based) 

Scaffold hopping, optimization (Ligand-based) 

Rational design (bitopics, conjugates, covalent)

Property predictions (solubility, PK, ADMETox)  

Lead optimization for potency & selectivity

Fragment-based drug design



➢Modular V-SYNTHES approach makes possible fast structure-based screening of on-

demand chemical spaces of billions of compounds

➢Combination of Physics-Based Docking and Deep Learning approaches 

in V-SYNTHES-DL enables further growth into terra-scale space screening `  

➢V-SYNTHES and rational design provide cost effective entry points for drug 

discovery for challenging clinically relevant targets 

➢Accurate structural information is critical for both initial hit/lead finding and 

rational design of new functionalities

Take home message 



Thanks!
Katritch Lab

Arman Sadybekov, 

PhD (now Scientist 

@ Schrodinger LLC)

U01 NS120824; R61 DA051529 ; 

R35 GM153437; R01 DA045020 
UG3 NS116929

R61 NS136307  

Quantitative and
Computational Biology

Collaborators:
USC (Dornsife)

❖ Ray Stevens 

❖ Vadim Cherezov

❖ Cornelius Gati

❖ Charles McKenna 

❖ Valery V. Fokin

❖ Nicos Petasis

USC (Pharmacy)

❖ Stan Louie

USC (Keck)

❖ Hussein Yassine

❖ Steven Grossman

❖ Yali Dou

❖ Steve Kay

Anastasiia Sadybekov, 

PhD

❖Sush Majumdar (WashU)

❖Abdel Faouzi

❖Balazs Varga 

❖Tao Che (WashU)

❖Amynah Pradhan (WashU)

❖ Jay McLaughlin (U Florida)

❖Yiorgo Skiniotis (Stanford) 

❖Brian Kobilka (Stanford)

❖Haoqing Wang 

❖ Vera Moiseenkova-Bell (Penn)

❖ Ruth Pumroy

❖ Amy Newman (NIH)

❖ Ale Bonifazi (UTMB)

❖ Javi Garcia Nafria (U Zaragosa)

Saheem Zaidi, PhD 

(now Scientist @J&J) 

❖Tom Gardella (Harvard)

❖Alex Makriyannis (NE) 

❖Spyros P. Nikas

❖Bryan Roth (UNC)

❖Xi-Ping Huang

❖Yongfeng Liu

❖ Jeffrey DiBerto

❖ Dirk Trauner (UPenn)

❖ Josh Levitz (Cornell)

❖Yurii Moroz (Enamine)

❖Olga Tarkhanova (Chemspace)

❖Ruben Abagyan

❖Eugene Raush

❖Max Totrov 

Accept PhD Students 

& Postdocs!!!

Homing Jordy Lam, PhD 

Antonina Nazarova,

PhD

Woojin Lee, PhD 

My Nguyen, PhD



Questions? 

Questions?
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