ELU

o

Understanding

Understand mechanisms

chemical reaction i
mechanisms with

automation and
machine learning

involvement of solvent molecules

Accelerated
Discovery

Align theoretical models
with experimental data

Miguel Steiner
DTU Energy / DTU Compute / CAPeX




How can we
accelerate discovery?

Informed design should be
faster / more efficient than
serendipity

| want to understand chemical
reactions and processes at the
atomistic level

Computational approaches offer
insights that are otherwise
difficult to obtain with
experiments




What is computational
chemistry capable of?

Atomistic insights for
molecular reactions with gas-
phase approximations

Strongly limited knowledge
about complex systems

System-focused approaches,
general accurate methods
always out of reach

Polymer formation & degradation

Effects of solvents & additives

Solid state synthesis

Electrochemical
reactions at
triphasic interfaces



MATERIALS PROJECT £

What is computational
chemistry capable of?

Models are breaking crucial time
and size constraints

How can we assure that we
calculate the correct things?

o o909 . ‘
. e c@®o 0000 Y
- Realistic structural models . b X

- Connecting theory |,,m___. F—“Ei i

. + | + |l
and experiments I I!!!I e
- Become source of insights:

e . . Batatia, et al. J. Phys. Chem., 2025
Predictive instead of explanatory g

Wood, et al., arXiv:2506.23971, 2025



MLIP are as good as
their reference data

GMTKNS55 benchmark
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Data by Rowan Scientific Corporation



Reaction exploration is
prime use case for MLIP

Reaction exploration either
searching for individual transition
states (TS) or ab-initio molecular
dynamics

Difficult to locate TS or to enhance
sampling to find unknown
reaction mechanisms

Inherently large computational
cost




Automating reaction
exploration

Probable pa_thways

Appraximate E estimated reaction rates

E,=Eg+aAH

"Reaction families"
Concept 1

One elementary step is not =
enough: require broad coverage

—

Eo* Egq = Eap

R ti Force/coordinate driven TS optimization IRC calculation
o . . eacition S ) t )
which requires automation exploration Concau BN I N R | e A
Input i Alomic o, 2 a0 / - dj\o J ) [Enn
dab —y ? reacfant(s) guesses Jstance - —
Initially driven by top-level ™o o m| [T e
Concept3 | o Q / Q Q
General 2 ﬁ JE —» 2 e & - 1 lofo
approaches A - e A Y
I = Bonded \J%,O S T
Single-ended path searcl h

Connectivity changes

Systematic workflows ] @ || P

developed over time

Dewyer, Arguelles, Zimmerman, WIRE Comput. Mol. Sci., 2018



Steering explorations

Explorations require careful
balance, already for simple
systems, even more for
complex systems

Speed




Steering explorations

Explorations require careful
balance, already for simple
systems, even more for
complex systems




SCINE framework

Modular and open-source
reaction exploration

Flexible regarding the applied

optimization algorithm, reaction
sampling, and electronic
structure

Minimal chemical constraints

R

HERON Q

[

CHEMOTON

\

PUFFIN

) ReaDucT

@
u

MOLASSEMBLER

Structure optimization
Transition state opt.
IRC calculation
Elementary step search

I

CORE
Calculator
interface

I

Turbomole AMS Orca

DFTB+ 4
SwWo OSE
Serenity xTB Gaussian CP2K a

SPARROW

Weymuth et al., J. Phys. Chem., 2024
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Steering explorations

Explorations require careful
balance, already for simple
systems, even more for
complex systems

11



Steering explorations

Explorations require careful
balance, already for simple
systems, even more for
complex systems

This balance can come from
guiding the automated
algorithms

Guidance




Guiding automated algorithms




Steering explorations

Framework to guide ®
exploration campaigns
/ STEERING WHEEL
. . Network Expansion Steering Protocol [
Objectives are fully - . \

1) |v

customizable and workflow

2) |v

is reproducible by design

|-
J\_ )

4)

\ i y,

[
Explored reaction space can [
[

~—
S

be enhanced afterwards

Steiner, Reiher, Nat. Commun., 2024




Wilkinson
hydrogenation

Expanding reaction path from
small alley to a highway

Besides literature
intermediates, found

most variations in ligand
sphere in depth-first
exploration
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Steiner, Reiher, Nat. Commun., 2024
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Nanoscopic structures

Can we now explore all
possible chemical structures
in a steered manner?

But if they are too large?
— Hybrid methods (QM/MM)

If there is no MM
— System-focused model (SFAM)

Brunken, Reiher, J. Chem. Theory Comput., 2020
Brunken, Reiher, J. Chem. Theory Comput., 2021

Csizi, Reiher, WIREs Comput. Mol. Sci., 2023 17



Quantum Magnifying
Glass

Extend reaction explorations
to nanoscopic systems with
QM/MM hybrid models

Steered exploration of
extracted sub-system or

Real-time calculations to
generate reaction paths

QM/ MM

atomistic
input structure

Quantum Magnifying Glass
AUTOMATED MODEL GENERATION

——» QM/ MM model

——> QM model

EXPLORATION STRATEGY

interactive . path

path genera tion

w

>

=

&)

=

& 5

= QM/MM  MLP 2
<

= (]

E o

g SEQM  DFT

w

I

[)

automated

reaction search

Csizi, Steiner, Reiher, Nat. Commun., 2024

" optimization

TS5

product

reactant

QM/ MM reaction path(s)

—_ oM/MM
path refinement
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Quantum Magnifying
Glass

Example for real-time
approach:

Metal organic framework
catalyst HKUST-1 analog

Study propylene
hydrogenation with
interactive exploration

Electronic Energy Profile

Csizi, Steiner, Reiher, Nat. Commun., 2024
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Quantum Magnifying R ekt
Glass -,

With intuitive and fast o, Qf
exploration, a broader H
reaction space than in i
previous studies can be N
mapped out -
e e
Able to confirm previous 0T eon T feon I yon T
results and find new path, = = S T I
in agreement with experiment - = *_} o 15 —b ‘
MO06-L/def2-TZVPP/SFAM on T =

(~]
GFN2-xTB/SFAM structures

Activation energy

Reaction energy Csizi, Steiner, Reiher, Nat. Commun., 2024210



Steering automated
approaches

Achieves an initial reaction
network based on previous
hypothesis and on-the-fly

adaptation

No restriction in the
underlying chemistry or
underlying computational
potential

Reaction Path

Broadly applicable

Steiner, Reiher, Nat. Commun., 2024

Csizi, Steiner, Reiher, Nat. Commun., 2024211



Learn (from) the data




previously found

~~ b—/_
- newly found
NN

Strong guidance

establishes network

How do we move beyond the
base network?

Can we leverage the huge
amount of data generated?

Can we automate the

guidance as well?

Steiner, Reiher, Nat. Commun., 2024

Csizi, Steiner, Reiher, Nat. Commun., 2024213



Mechanisms from the
literature

Top-level literature based
approaches start to
incorporate mechanistic
approaches

Still limited in chemical scope
and biased by available
literature, but potential for
more

@ Reaction trajectory in chemical space
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Joung, Fong, et al., Nature, 2025
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a React-OT OA-ReactDiff + recommender OA-ReactDiff TSDiff

Can’'t we learn transition g e =
states directly? g..] = o
With enough data transition E

states can be learned, but D 3;5;;8;0;@; R I N T I
currently too much data

required to be applicable Transition-1x

Need a good model for sampling

and good sampling for a model

Schreiner et al., Sci. Data, 2022

Duan et al., Nat. Mach. Intell., 2025
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Can’t we learn transition
states directly?

With enough data transition
states can be learned, but
currently too much data
required to be applicable

Keep conventional algorithms
and use MLIPs?

TS were out-of-distribution, but
actually things are changing fast

Need algorithms for mechanism
discovery!

Cumulative probability

React-OT OA-ReactDiff + recommender OA-ReactDiff TSDiff
—— o —— ——————— G —
—_— e I ——— DO
1.0 — -
-~
0.8
0.6
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0.2
O I T T TTT T T T T T TTT] T T T T T T T T 1
- 2 3 4567890 2 3 456789 01 2 5 1 2 5 10 2 5 100
r.m.s.d. (R) |AE] (kcal mol™)
[ ] [ ]
[ransition-1Xx
a
GSM Success Intended reactions 836 : 852 851 853
828 ! 846 - 826
- 771
= 800 760 et |
= 62 664 < | eel
'-g 507 I e 621
& 600 558
@
S
a.’ 4‘]0‘
_g 20 294
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1
57 51 26 : 42
AP et (A et o o & aet ek (AR o
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Schreiner et al., Sci. Data, 2022

Zhao et al., Adv. Sci., 2025

Duan et al., Nat. Mach. Intell., 2025
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Circumvent chicken and
egg problem

Alternative learning
strategy based on on-the-fly
energy calculations during
training

Self-supervised improving model
guided by physical feedback

Continuous path expressed as
deviation from interpolation of
two stable states

O 0]
Nk N’l’lk A
7, ﬁ{ﬂ’“}_’ﬁ Hs X° [R ,XIR
H Y\z@’ . Y\z .
1 S8 TEP SV
Transition-1x [3+2] cycloaddition

Schreiner, Bhowmik, Vegge, Busk, Winther, Sci. Data, 2022
Stuyver, Jorner, Coley, Sci. Data, 2023
Nam, Steiner, Misterka, Yang, Singhal, Gomez-Bombarelli J. Phys. Chem. Lett., 2025
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Circumvent chicken and
egg problem

Alternative learning
strategy based on on-the-fly
energy calculations during
training

Self-supervised improving model
guided by physical feedback

Continuous path expressed as
deviation from interpolation of
two stable states

Chain-of-states path optimization

Initial Interpolated Reaction path
images images images

Jo 090 CS’Q‘O\\,O

\

o — 0 —

O Geometric Energy
O CHIetle O L
optimization optimization

Geometric Energy-based

/pre-training (—\D training C\Q
—_— _—

Initial path Interpolated Reaction path
model path model model

Transferable reaction path model

1 1
Lancla(t)] = 1oz | exp(BUG() a(0)]| dt

Nam, Steiner, Misterka, Yang, Singhal, Gomez-Bombarelli J. Phys. Chem. Lett., 2025 28



Circumvent chicken and
egg problem

Chain-of-states
path optimization

Alternative learning
strategy based on on-the-fly
energy calculations during
training

Geodesic-initialized
reaction path model
MEPIN-G

Linear-initialized
reaction path model
MEPIN-L

Self-supervised improving model
guided by physical feedback

Continuous path expressed as
deviation from interpolation of
two stable states

Training set reactions

Initial Interpolated Reaction path
images images images
50 4 o%0o = AN
O m— R
o Geometric ¢ Energy
optimization optimization
Initial Interpolated Reaction path
images images / path model
G eometric {f@\o Energy Q\l\ﬁ
optimization training
Initial path Interpolated Reaction path
model path model model
Geometuc (\O Energy QV\D
pre-training training

JE'ﬂu:n{ [ﬂ:( j’

Test set reactions

Reaction path
images

5 o

Interpolated
images

Initial
images
50 o0 @

1o —_—

o Geometric &
optimization

—ree—
Energy
optimization

Initial Interpolated Predicted
images images / path reaction path

.O/O = 4
O _— _
o Geometric Model

optimization Inference
Trained model parameters

Predicted
reaction path

g“\o

Linear
interpolation

e

Model
Inference

Trained model parameters

1
] = = log / exp (BU (2(1))) [l(2)]| dt

Nam, Steiner, Misterka, Yang, Singhal, Gomez-Bombarelli J. Phys. Chem. Lett., 2025



MEPIN benchmarks

Model can transfer learned
differences to test set

Models that learn energy

difference or TS directly are better,
but they have more data available

a5 b s € oo-
> —
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< c S
c 2 T
o = N
$ 24 § 021 | £ 2001
= = - I
£ 1- 2011 B O -
‘| o C I ——
O | ] = = [ ] | [
O T I 1 : 0-0 T 1 I Ll I 1
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Nam, Steiner, Misterka, Yang, Singhal, Gomez-Bombarelli J. Phys. Chem. Lett., 2025 20



MEPIN limitations

a;. b s € o
Only time-independent 3 =
: 54 a 041 8 400-
calculations 2 :
% 31 né 0.3 é 300 -
g o- 5071 | £ 200]
Full MEP learning is expensive, £ go.l— = s S 00 &
. =% . EE ° [
and MEP not always required Tol——, ?0— ol R
e& Q Q’\O N Q,K Q Q"\(’ N & e'\(" N>
o @(?@ob :\Qg\i\\é\% §§ @0606 :‘\é\i‘&\% $ 9 5 Qg\i‘\é\%

Want;

Generative model for TS ensemble
based on MD to be able to study
more complex systems

Nam, Steiner, Misterka, Yang, Singhal, Gomez-Bombarelli J. Phys. Chem. Lett., 2025 a1



Learn reaction sampling

from scratch

Learn bias potential with
differentiable simulations

Batches of MD simulations biased
by ML potential

Update weights to achieve
transitory paths

U(z,0) = Us(z) + Bz, 0)

.. ®

o,
)

e.g

s

Steiner, Gobmez-Bombarelli, unpublished
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Learn reaCtion sampling - —— Cartesian descriptor heavy atoms
from scratch

0.61
|

Learn bias potential with
differentiable simulations

Success ratio
o
D

0.2

Batches of MD simulations biased
by ML potential 0.0]

0 20 40 60 80 100 120 140
Iteration

Update weights to achieve
transitory paths

Steiner, Gobmez-Bombarelli, unpublished



ASTRA

A Priori Sampling of Transition
States with Guided Diffusion

Generative approach with

diffusion model driven by state
classification and physical forces

4 I
ASTRA Samples
State A
3- State B
TS
2 -
> 1
0 -
_1 .
—2 T T T T T
-4 -3 -2 -1 0 2 3

X

Lim, Yang, Pinede, Steiner, Du, Gbmez-Bombarelli,

under review in Nat. Mach. Intell., 2026

3.0

= N N
U o U
Training Data Density

~
o

T
o
un

0.0
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ASTRA

A Priori Sampling of Transition
States with Guided Diffusion

Generative approach with

diffusion model driven by state
classification and physical forces

N

Lim, Yang, Pinede, Steiner, Du, Gbmez-Bombarelli,

under review in Nat. Mach. Intell., 2026

I AN
S

p(x/B)
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ASTRA

A Priori Sampling of Transition
States with Guided Diffusion

Generative approach with

diffusion model driven by state
classification and physical forces

AN
G

-

—

Lim, Yang, Pinede, Steiner, Du, Gbmez-Bombarelli,

under review in Nat. Mach. Intell., 2026
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ASTRA

A Priori Sampling of Transition
States with Guided Diffusion

Generative approach with

diffusion model driven by state
classification and physical forces

- VURr1+VUR

X, Scaled update

N AN

Lim, Yang, Pinede, Steiner, Du, Gbmez-Bombarelli,

under review in Nat. Mach. Intell., 2026

.

" VUg:

XN

\

SeB

—
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ASTRA

A Priori Sampling of Transition
States with Guided Diffusion

Generative approach with

diffusion model driven by state
classification and physical forces

1.5

1.0 A

0.5

—0.5 A

—1.0 - e ~o N

ASTRA Samples
State A
State B
Low Energy TS
High Energy TS

_15 T T T
—-1.5 —-1.0 —0.5 0.0

X

Lim, Yang, Pinede, Steiner, Du, Gbmez-Bombarelli,

under review in Nat. Mach. Intell., 2026

0.5

1.0

1.5
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ASTRA

Generative approach with
diffusion model driven by state
classification and physical forces

Can reproduce baseline
optimization results for
conformational reorientation

' . . m ASTRA sample
37 " | ® Optimized ASTRA sample
T it e A NEBTS guess
":..‘.‘ s% :
2 e
1 4
°
o
> o
-1
[ ] d n
-2
-3 -2 -1 0 1 2
® [rad]

Lim, Yang, Pinede, Steiner, Du, Gdmez-Bombarelli,

under review in Nat. Mach. Intell., 2026
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ASTRA

Product MD simulation density |
. . Reactant MD simulation densit
Generative approach with +0 , Optimized ASTRA sample
. . . ot ASTRA sample L0.8

diffusion model driven by state S35] .
classification and physical forces 8 o MJ& .

g ZoH o 0.6§
Generates structures in TS region g 0uZ
for chemical reaction £ -

g1s ':: “ . . 0.2

1.0 ’!' “‘.'.:' = s
15 2.0 2.5 3.0 3.5 4.0 4.5

Carbon-Carbon atom distance / A

Lim, Yang, Pinede, Steiner, Du, Gbmez-Bombarelli,

under review in Nat. Mach. Intell., 2026



ASTRA

Generative approach with
diffusion model driven by state
classification and physical forces

Generates structures in TS region
for chemical reaction

Covers same conformers as
multiple baseline methods

~

w

N

Oxygen-Hydrogen atom distance / A

Optimized structure from B-Splines optimization
Optimized structure from Direct Max Flux method
Product MD simulation density

Reactant MD simulation density

Optimized structure from product NT2 maximum
Optimized structure from reactant NT2 maximum
Optimized ASTRA sample

1.35

1.30

=
"
o

Oxygen-Hydrogen atom distance / A

-
o
(V)]

1.00

2.000 2.025 2.050 2.075

2.100 2.125 2.150 2.175

Carbon-Carbon atom distance / A

Lim, Yang, Pinede, Steiner, Du, Gbmez-Bombarelli,

under review in Nat. Mach. Intell., 2026
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Chain-of-states path optimization

[ ) [ ]
Le a r n I n g r e a C tl O n Initial Interpolated Reaction path 0.81
images images images
th 0 a0 2o oA
p a Wa ys ¥e O 5 0 - 0.6
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] @
§ 0.4
7
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C a n e a r n CO e Ct Ive /D pre—training(\g training Q\M 0.21
iables f h
va rl a es ro m S C ra tC Initial path Interpolated Reaction path 0.01
model path model model 0 20 40 60 80 100 120 140

Iteration
Transferable reaction path model

MEPIN: on-the-fly data

4 T 3.0
@ ASTRA Samples 1.5
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] * i;ateB 2 1.0 ° StZtZB
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ASTRA: Augment diffusion model 2 .- —
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Nam, Steiner, Misterka, Yang, Singhal, Gomez-Bombarelli, . Phys. Chem. Lett., 2025
Lim, Yang, Pinede, Steiner, Du, Gbmez-Bombarelli, arXiv, 2026
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Pioneer Center
for Accelerating

P2X Materials
Discovery




Accelerating Materials
Discovery

Green transition needs more
efficient, durable and scalable

advanced materials for Power-to-X

Dependency on scarce materials,
and too low efficiency and
reliability

13 year Pioneer Center to
accelerate P2X materials discovery

Tejs Vegge, DTU
Frede Blaabjerg, AAU

o :.-. | C N 2 @ Stanford ' ‘ Unive}rlsiteit % UNIVERSITY OF AALBORG
> wamcs,  University v Dtrecht ® TORONTO  umiveRsITET
Z K R /v
S D U ,i‘ o AARHUS UNIVERSITET
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Four Complementary
“X-trails”

Focus on electrocatalysis at
intermediate temperatures and
pressures

X1: Water electrolysis and
hydrogen production

X2: Liquid fuels for aviation and
maritime applications

X3: Sustainable commodity and
specialty chemicals

X4: Electro-biocatalytic
productions of chemicals, fuels &
protein

X1: Seren H. Jensen, X2: Brian Seger,
AAU Energy DTU Physics

X3: Maria Escudero-Escribano,
i ICN2

X4: Anne S. Meyer,
DTU Bioengineering & s



Three Methodological
Research Themes

Develop new methods for
materials discovery

T1: An Integrated Discovery Loop

T2: An asynchronous Materials
Acceleration Platform

T3: A Digital Twin across scales

A
oA

T1: Jakob Kibsgaard,
DTU Physics




Three Methodological
Research Themes

Develop new methods for
materials discovery

T1: An Integrated Discovery Loop

T2: An asynchronous Materials
Acceleration Platform

T3: A Digital Twin across scales

(EFrS,

T2: Tejs Vegge,

DTU Energy
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Three Methodological
Research Themes

Develop new methods for
materials discovery

T1: An Integrated Discovery Loop

T2: An asynchronous Materials
Acceleration Platform

T3: A Digital Twin across scales

T2: Tejs Vegge,
DTU Energy



https://s3.amazonaws.com/media-p.slid.es/videos/3058456/80gV3YSU/zoomed_in_robot.mp4

Three Methodological
Research Themes

Develop new methods for
materials discovery

T1: An Integrated Discovery Loop

T2: An asynchronous Materials
Acceleration Platform

T3: A Digital Twin across scales

T3: Frede Blaabjerg,
AAU Energy

o O
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Three Methodological
Research Themes

Develop new methods for
materials discovery

T1: An Integrated Discovery Loop

T2: An asynchronous Materials
Acceleration Platform

T3: A Digital Twin across scales

(EFrS,

T2: Tejs Vegge,

DTU Energy
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MaterialsCommons:
Digital Infrastructure

Federated digital infrastructure for
advanced materials and develop
the components to unite the
efforts in materials research

Allow scientists and engineers to
visit a single entry point,

and get seamless, secure and
interoperable access to data
repositories, using a federated
infrastructure.

‘ Semantic Interoperability ELN
Workflows J —

BATTERY In-Line

2@%@ ufvl:)\/u ™ Characterization
— : X H — 1 3 Large Scale Facilities

 Archive 9 v —
i E Ontology ’ m—
| / 3 o= ) “| Laboratory

Databases — Equrpment

DATA 'NFRASTRUCTURE OPERANDO CHARACTERlZATION
App Store g

Al- orchestrated & Decentralized Research Infrastructure

&
-
r

- Electrolytes

MODELLING

Degradation & Sox;w,

Multi-Scale Models
R ,_/

Elements of the infrastructure: T

Dataspaces AN

Vogler et al. Adv. Energy Mater., 2024
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Anker et al., ACS Nano, 2026

Database

ScatterLab & MODEX

Modular setup of experiment for
high adaptability and easy
transport o QQQ
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Anker et al., ACS Nano, 2026

ScatterLab & MODEX

Modular setup of experiment for
high adaptability and easy
transport

Autonomous nanoparticle

synthesis with structural

Characterization and ML
prediction loop within synchrotron
facility

Database

i
B 1l ‘
- » \ I
0 fis RN
| \\  Move blank to X-ray beam
o
Al

e
synthesis | = o A
parameters B |l ) ] [
i ~ Move sample to X-ray beam
synthesis -
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Align HTE with HTVS

Cutting-edge closed loop
experiments based on

Bayesian Optimization, which
requires surrogate

model alignment with experiment

Alignment is not guaranteed, and
initial conditions are crucial

HTVS can provide much more
data, huge benefit if we ensure
alignment with experiment

Feature
selection
A Y

s{ Representation

Calculated
Data

Domain
knowledge

End-to-end
Automatization

Specialized
Design
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Research vision

Models are breaking crucial time
and size constraints

How can we assure that we
calculate the correct things?

- Realistic structural models
- Connecting theory

and experiments

- Become source of insights:

Predictive instead of explanatory

Understand mechanisms
of solid state synthesis
and reconstruction

Machine
learning

High-throughput
virtual screening

Accelerated
Discovery

Study reactions with the active Reaction

exploration

involvement of solvent molecules

Align theoretical models
with experimental data

55



X

o Schweizerische Eidgenossenschaft
Y _ Confédération suisse

o e Confederazione Svizzera
/ Confederaziun svizra
&% , NCCR

Catalysis

Prof. Markus Reiher Dr. Paul Turtscher
Dr. Jan Unsleber Dr. Katja-Sophia Csizi

FEE
5 _ Aa | 1 Prof. Rafael Gomez-Bombarelli
4\/ VT | Juno Nam
N T o il Dr. Soojung Yang

el AR Hyukjun Lim
Lucas Pinéde

Schweizerischer Nationalfonds
Fonds national suisse

Fondo nazionale svizzero

Swiss National Science Foundatigg




| Danmarks

iy novo
Ministry of High .
EducultT:n ::vnc:! Se'fgan:re Pord |Sk

Denmarl Kk onden

."I‘ [
S
JB

““ o* |ICN28 Stanford
PN Instiut Catala University

i Nanotecnologia

SDU&  °.°

Il Grundforskningsfond

CARISBERG FOUNDATION %

Prof. Tejs Vegge

Prof. Andy S. Anker

Dr. Jonas Busk

Dr. Bardi Benediktsson
Dr. Nis Fisker-Badker
Dr. Enzo Moretti

Dr. Sam Walton

Jonas H. Jensen

Emil Frost

i |E VILLUM FONDEN

A

«

e Z Universiteit - R U e
S Utrecht UNIVERSITY OF AALBORG
U 6 TORONTO  yniversiTET
/v
AARHUS UNIVERSITET

57



ELU

o
o

Understanding
chemical reaction
mechanisms with
automation and
machine learning

Miguel Steiner

Understand mechanisms
of solid state synthesis
and reconstruction

Machine

learning
High-throughput A
virtual screening .\“/.N'.

Accelerated
Discovery

Study reactions with the active Reaction
involvement of solvent molecules exploration

Align theoretical models
with experimental data




