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=prL Intro — The DMTAJ/L cycle

B Automated and data-driven chemistry

Generate Encode
experiment experiment

Hypothesis

Ogtimization In-synthesis
de novo
generation

Screening

Com?_?und
Process protiiing
data
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=PFL Intro — Why HTE cannot work and requires SDL ?

Encoding work for 300 reactions/day

Generative algorithms not
aware of setup properties

Reactivity to chemistry events :
- precipitation
- emulsion

Inert section

=
= Sampling (STORMS)
Stochastic micro
sampling

(g -> mg) .
{E Synthesis (Ch¢mspeed platforms)!
3 i
i
" Standardization Plate ! - . !
Experiment I i ot n Liquid mixing _* !
encoding (kg -> g) SERgR —Pcor;bl;:ea:on ! addition heating > work i

i

A

Optimization
algorithms

Report
generation

IT / Data management! =

High-resolution
characterization

SC+ known
molecule

Data < Data

analysis concatenation [

3

SFC-DAD-ELSD-MS
chiral separation

Analytical section

A 4

LC-DAD-MS-ELSD

reaction screening

)

B Automated and data-driven chemistry

Is the compound chiral ?
Is the compound already known ?

Best method choice ?
Best solvent for sample prep ?
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=prL Intro - lab automation strategies

Specificity & pre-optimization

& &

o

L
(=)
Production High- High- _S_elf-
automation Throughput Throu_ghput Driving Lab
Screening Experiments (SDL)

(HTS) (HTE)

Degrees of freedom & automation complexity

B Automated and data-driven chemistry
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=prL Intro — the embodied self-driving lab

B Automated and data-driven chemistry
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2. Memory layer
Short and long terms information storage

Can be supported by external memories
(Libraries, Cloud...)

-

\ y,
( 3. External communication layer k
Communication with humans
Communication with other laboratories
Communication with generative IA
4. Internal communication layer
Axons and synapses

Networks and APls )

( 5. Autonomic layer )
Continuous regulatory tasks (temperature,

pressure, waste managment) )

e N

6. Fast reflexive modules layer
Combination of sensors and decision

algorithm able to inform layer 1 and to adapt

actuator (layer 6) behaviors

J

.

-
7. Optimized actuators and sensors layer

Efficient hardware requiring
minimal operational load from top layers
Adaptative robotics

etz O
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=PFL Intro — e.g. of HTE data lifecycle

Experiment Data production @

definition

Data Data Data
structuration generation processing

Auton'Iated Optimization
experiment Data

Data .
lan
P analysis aggrega'tlon &
tagging

Libraries
exploration
Data analysis

De novo
Automated structure

retrosyntesis generation

Closing the loop

B Automated and data-driven chemistry
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=prL Intro — the expended SDL data lifecycle

B Automated and data-driven chemistry

ﬁm. Decision
algorithms
raining

A ¥

acqwsﬂons

Descriptors > A?geg:iilr?mns >

\

Workflow

adaptation

Experiment

definition

Automated
experiment
plan

Data Data

structuration generation

Optimization
Data

analysis
Libraries y

exploration

De novo

Automated structure

retrosyntesis generation
\ Closing the loop

ata production

processing

aggregation &
tagging

Data analysis

Data

Data
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=prL. SDL Algorithms

What kind of SDL algorithms can we imagine ?

B Automated and data-driven chemistry

Inert section

Sampling (STORMS)

Stochastic micro

sampling

(g -> mg)

:

;: Synthesis (Chemspeed platforms)!
|
|

|
i
: Standardization Plate | N -
» Experiment q ® E— I Liquid mixing _
encoding (kgi=>9) Siregr P> c &P on 17| addition g heating (P work-up
9->g rep !
A
[= IT / Data management [=] Analytical section
A 4
Optimization High-resolution $C+ known LC-DAD-MS-ELSD
9 characterization molecule reaction screening
Report Goal Data ¢ Data
generation achieved ? analysis concatenation | SFC-DAD-ELSD-MS
chiral separation

Best method choice ?

Is the compound chiral ?
Is the compound already known ?

Best solvent for sample prep ?

afhRAE2 @ 10
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prL. SDL Algorithms

Example 1: Automated selection of most appropriate LC method

+ 20’000 small molecules available at 51 @ Eiiff:iiifii&.?:::ﬁ::: .
EPFL |8 M, .
* Molecular descriptors-based classification ° . ° o« ©® o
LogP, MW, H_donor, H_acceptor, TPSA > AT LA e °
(extracted from Pubchem) ] o, | ® e * o e o, ¢
[
.. % ® ; e ° ’o. ® Yoo .: ¢
* 200 selected for transformer training g ] ®ee’s 00 & s o°
(K-mean sampling algorithm, blue dots) %o, ¥y , % A o
ol oo .!: : ’.‘ .'0.. X ° S °
« 40 selected for transformer testing cas A ;’s:ugg ‘e o
(K-mean sampling algorithm, green dots) 7 “ o ‘! % °% o o
[ & ® 2 )
« 10 for method matrix ID (gluttony N e °
approach, max distance between points, .
. . -2 0 2 4 6
cheap and easily accessible, red dots) PCA 1

Principal Component Analysis (PCA) of Five Molecular Descriptors: LogP, H-bond
Donors, H-bond Acceptors, Molecular Weight (MW), and Topological Polar Surface
Area (TPSA)

B Automated and data-driven chemistry

afhRAE2 @ 1



=prL. SDL Algorithms

B Automated and data-driven chemistry

Bluebird C18 and hydrophilic (OH) encapping

enczeping,
2 PolarTeg,  C18 with embedded polar group 1
SN NEEE Pentafluorophenylprooy multi- 1
encanping
4 RP18 C18 multi-endcapping 1
5  Sphinx Propylphenyl and C18 encapping (1:1) 1
6 RP18 C18 multi-encapping 2
7  Shoinx Propylphenyl and C18 encapping (1:1) 2

Example 1: Automated selection of most appropriate LC method
0 E s e

#1 - Bluebird, method 1

L oL o e
Q. O*ggpr i tEO

e %@
P
) ©©

o

o
z

E. Venancio, R. Guichonnet, V.-T. Nguyen, J.-C. Cousty, C. Portmann, P. Miéville, in preparation

molecule | RT A1o W,J/S
1 1.932 | 1.610 0.262
2 3.453 | 0.109 0.959
3 3.124 | 2.697 0.081
4 5.424 2.081 0.722
5 6.396 | 0.045 0.408
6 2314 | 1.691 0.984
7 1.181 | 1.936 0.825
8 4.126 | 0.051 0.614
9 6.449 | 2.980 0.271

1013692 | 0139 | 0.277

T id T | I | =TT

L — T T TUTTOT T

etz O
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prL. SDL Algorithms

Example 1: Automated selection of most appropriate LC method

Transformer training :

Molecular Descriptors (LogP, MW, H_donor, H_acceptor,
TPSA) 200 vectors of 5 dimensions each

Method & column couple represented by their 3x10 matrix
ID 7 vectors of 30 dimensions each

~— Training

\

0| [~|o[on[a|es ns] 7
2

o

2

s
N
£3
{3
S
o

Molecule 1, —

Separation Properties (RT, Aqo, W19/ S) for all the s 22 XG Boost
molecules with all methods 7 x 200 = 1400 vectors of 3 Ay | a5 regressor

W.,/S 3‘.)1 24

dimensions each

B Automated and data-driven chemistry

E. Venancio, R. Guichonnet, V.-T. Nguyen, J.-C. Cousty, C. Portmann, P. Miéville, in preparation 4 @ 1
PY 31 PRI



B Automated and data-driven chemistry

SDL Algorithms

Example 1: Automated selection of most appropriate LC method

New molecule 1

1 Reaction DB Query Descriptor| a.u.
LogP 1.932

output prediction h(‘f\* P g
PUEP fh" ’ MW 3.453
DFT calc H donor | 3.124
H accept | 5.424
TPSA 6.396

New molecule 1

Descriptor| a.u. NemecI:Ie:L;Ie 1 -__
. LogP 1.932 etho

2 Separation i a2
prt' dicti MW 3453 |, XG Boost __, |Descriptor| a.u. H
prope tlﬁsdpre Iction H donor 3.124 regressor RT 2.152 H.

er metno |
P H accept | 5.424 Aqo 0.453 [H|
W, /S 0.124 TH

TPSA 6.396 I "1E TO | U TZ=F -

E. Venancio, R. Guichonnet, V.-T. Nguyen, J.-C. Cousty, C. Portmann, P. Miéville, in preparation 4 @
NI FAC



=prL. SDL Algorithms

B Automated and data-driven chemistry

Example 1: Automated selection of most appropriate LC method

XG boost regressor :

predictions for 40 test
molecules (spots)
with 7 methods
(colors)

MW - 0.32
H donor -

H acceptor - 0.38
TPSA -

J. Bradshaw, A. Zhang Babak, M. David E. Graff, M. H. S. Segler, C. W. Coley, ACS Cent. Sci. 2025, 11, 4, 539-549, doi.org/10.1021/acscentsci.5c00055

Predicted Values

RT Prediction
Rz = 0.785, MSE = 0.239

6

4 5
True Values

w

E. Venancio, R. Guichonnet, V.-T. Nguyen, J.-C. Cousty, C. Portmann, P. Miéville, in preparation

Predicted Values

Predicted Values

22

20

A10 Prediction
R? = -0.645, MSE = 0.027

08 10 12 14 16 18 20 22
True Values
W10/S normalized Prediction
R? = -10.541, MSE = 32.117

True Values

etz O


https://doi.org/10.1021/acscentsci.5c00055

B Automated and data-driven chemistry

SDL Algorithms

Example 1: Automated selection of most appropriate LC method

Scoring
Scored New a
o molecule 1 [
New molecule 1 [ o e T ® Method 1
Method 1 I - Descriptor| a.u. [H|— >
Descri . H * il
escriptor| a.u | - RT 04 H
RT 2.152_H g "I Ag 0.6 Ml !
A 0453 [H| - T By
W 178 0 124 | | H 002“0603HUMS:;:;ZQ)SH W'1'0 /'SU O;JS_Q L Sum Scored %
W To otz | H G 'a‘“’.u’ N New molecule 1 ’*@ B
g — el . Method 1 ey
3 | Sum | ©

OITTT

1.8

Score
o o

Choose =
_— -
best score -

E. Venancio, R. Guichonnet, V.-T. Nguyen, J.-C. Cousty, C. Portmann, P. Miéville, in preparation 6{&}&*‘2 @ 16



B Automated and data-driven chemistry

SDL Algorithms

Example 1: Automated selection of most appropriate LC method
Selected method self optimization

Operator-free HPLC automated method development guided by Bayesian optimization

Weighted Single-Objective Multi-Objective

'- H . . Ix -
' R=O-6N+03Rcri | 5|« ° F
- g +0.1tg; < A 3
° 4
_’A ( . ta /min
= T. M. Dixon et al., Digital
cecm— R=Small Au R=Large ‘J Discovery, 2024, 3, 1591-1601
= 10.1039/D4DD00062E
Method time / min Method time / min

afhRAE2 @ 17



=prL. SDL Algorithms
Short explanation of BO

ol Gaussian process posterior on the objective function
1 4
E
g of 8
&
“1F o=
-2 Il Il 1
50 100 150 200 250 300
X
0.5 T — T
Acquisition Function
0.4
> 2
g sl 1
qg) g 0.3
S 5
$>
kel >
L] 0.1f i
3
he} \ /
% (1] = Y 1 1 | ~—— =
B 50 100 150 200 250 300
5 X
=
9
- Peter |. Frazier, A Tutorial on Bayesian Optimization, arXiv:1807.02811

aftiifz 00 18



=prL. SDL Algorithms

Example 2: New compound automatic identification

High-Throughput
Experiment

NxM
Wellplates
Reaction
Crudes

Deconvolution

DAD Peak Analysis I—DI

Deconvolution

MS Peak Analysis I—DI

Peak Alignment

A

Normalized Intensity

Comparison with

Comparison between

User Output
Visualization
Quantification

Downstream Analysis

Identification

B Automated and data-driven chemistry

P. Sandor Kelley, L. Choudhury et al. In preparation

Database Reactions
¥
Comparison
Algorithm
MS Spectrum
UV/Vis Spectrum
Database (Retention Time)

°
®

°
&

°
=

°

0.0

.a ® Peak data
* — At

20 40 60 80 00 120 140
Scan Number

(a) Two overlapping peaks.

° ° °
S & ®

Normalized Intensity

°

00

) e Peak data
— At

20 40 60 80 100 120 140
Scan Number

(b) Peak one.

0.6

Normalized Intensity

® Peak data
— At

60 80 100
Scan Number

(c) Peak two.

aftiifz 0o 19



=prL. SDL Algorithms

Example 3: Optimized robotics using vision and ML

| Z b ! 1
| |
-g _-4 . —

Combined with LLM to perform
automated classification of powders

B Automated and data-driven chemistry

Jasper Tan, Edy Mariano et al. in preparation “f&}&ﬁz @ 20
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=prL  Closing the loop Algorithms

Automated exploration and proposal of new possible molecules

Regio-MPNN: predicting regioselectivity for
general metal-catalyzed cross-coupling ...

Ol W Yool

\ 7o\ 0
& B @
. ® ® O
‘\ﬁ\j/" ) ® Baochen Li et al., Digital
" ® o Discovery, 2024
Mot Cammd Gros- s 10.1039/d4dd00244;

ChemSpaX: exploration of chemical space by
automated functionalization of molecular scaffold

A. V. Kalikadien et al., Digital
Discovery, 20221, 8-25
10.1039/d1dd00017a

B Automated and data-driven chemistry

afhRAE2 @ 22



=prL  Closing the loop Algorithms

B Automated and data-driven chemistry

New automatically generated synthetic pathways

Augmenting large language models with chemistry tools

Expert-designed = —
chemistry tools

Example input:
Plan and execute
the synthesis of an
insect repellent.

analyze

User-defined
scientific tasks

Molecule tools

1. Thought:
reason, plan

4. Observation:

Chain of thought reasoning loop

Chemistry-informed

S

ChemCrow

B =

2. Action:
elect tool

sequence of actions

1. Google search

2. Retrosynthesis

3. Procedure prediction
4. Execution on robot

Synthesis of

DEET without
) human
i 3. Action interaction.
input: use tool
| Autonomous

« SMILES to weight
« SMILES to price

« SMILES to CAS

« Similarity

« Modify molecule
« Functional groups
« Patent check

- Name to SMILES

o

\©)LN/\
- Safety assessment
« Explosive check

Autonomous interaction with tools and
the physical world (for example, RoboRXN)

experimentation

General tools

« Synthesis plan
- Synthesis execute

Safety tools

!
« Literature search
+ Web search
« Code interpreter
« Human expert
« RXN to name
F « RXN predict \@)L

NN— ?

Reaction tools

M. Bran, A., Cox, S., Schilter, O. et al. Augmenting
large language models with chemistry tools. Nat
Mach Intell 6, 525-535 (2024). 10.1038/s42256-024-

00832-8

aftiifz 00 23



=prL  Closing the loop Algorithms

Bayesian optimization of new formulations or reaction conditions

Machine- Generation
. Lea!'ningt | W1 |2 ms (g Os
Xperimenta .
Optimization Automated and high-
o ° throughput  synthesis and
Automated Data iutomated i i
= X Catalyst Library 2 04 73 testing of 144 catalysts in
rocessing Synthesis 2 o 84
2 8a °° 6 k
= 74 o o © WeekKs
ETHziirich *é 0.3+ %% ..""‘ 2
5 037 o () =7 . .
CATS £ k i 3.1’ o o O Significant improvement of
- = [ ] ’
EPFL g 3% o 9& o € the catalyst's performances
8 T e | OB g YO in 5 generations
HTP Fixed Bed Thermal 2 oy :)O ° @
testing Treatment S ) 9p 83 o
) o.1-»7»€-50 Similar to ca. 10 years of
%110 catalytic development
Automated Solid o ©
Dispensing 0.0] i

f
0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16
MeOH Formation Rate (mol/(h*gMetal))

Ramirez et al., Chem Catalysis 4, 100888, February 15, 2024

B Automated and data-driven chemistry

aftiifz 00 24



£PFL - Next session

Today
Automation in chemistry Ill - Workflows analysis

chemistry

B Automated and data-driven

affiifz 00 25



