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Data driven models S@NAR

virtual library vendor generative models
search compounds for new candiates
A ...I
- : ~1(023-60
organic chemical space ~10 ¢ S _ VAE
: ] .o iffusion models
for high energy density at low cost = i z z z transformers

speed & focus predictive models

—— . for screenin
efficient down-selection g

cheap filters first 1. compoqnds —
synthetic accessibility
then expensives solubility

redox potential

all fast

2. negolyte/posolyte pairs
basic cell performance
hand over to ZHAW
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Hands on session

S@NAR

+ page 20 in handout
+ jupyter notebook

+ webinterface
— chromium-browser &
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3. edit/draw
compounds

website
SMILES generator

2. filter
compounds

website
redoxfox

1. generate
compounds

notebook
demonstrator.ipynb




Background SSNAR
S\

Approximate
Underlying Unconditional: x ~ G
Distribution Conditional: x ~ G(y)

" g % _on O~
> 0 HO, e}

Generator G

v

Dataset: (x,y) pairs '

X - Molecule
y - Property RNNs Diffusion Transformer

Recurrent neural network

Use variational lower bound
: Pa(Xe—1x:) :
® ® ©® @ @—>—>@—>@—>—> BERT GPT
N I umm? tw T w . : Ko = ﬁ
\“‘\‘ [;] 4 S',:U} ‘-{1‘3?[——“‘%? Voglxlxeon) [ . Encoder Decoder
PN ik Al = : A __’,’ :
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Transformer S@NAR

Next Token
Qutput
Probabilities
Eg S
Linear

Gz Nom) Add & Layer

BERT Fonvara GPT Normalization
C-—rm'%]\

o= ey Feed Forward
Forward T 7 Nx
Encoder L = Decoder XN
" - . Add & Layer
hgtgté-nl-tu:;d M:g;;;and Normalization
At 2 At
C— J U — ) .
Positional D @ Positional M €S ked M - Itl .
Encoding Encoding Head Attention
Input Qutput
Embedding Embedding
! | »
Inputs Outputs Text & Positional

Embedding
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Transformer — Basic Generation S@NAR

Masked Self-Attention Matrix
Add & Layer E 0.00 0.00
Normalization
Feed Forward e 0.00 0.00
NX Add & Layer
Normalization ® - 0.17 0.00
Masked Multi-
Head Attention E 0.07 0.26
P | Text & Positional : =
This Is a test {  Embedding
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Molecule representation SSNAR

hi InChl= HANZ (0 4 =3)8-2-9-5/h1-2H,(H2,6,7,8,9,10)

MILES C1=NC2=C(N1)C(=S)N=CN2

—IN - DI RINQO \

[Ringl][Branchl_1][C][Branchl_2][C][=S][N][=C][N][Ringl][Branch2_1]

Coordinates Descriptors
« matter of choice

C -2.28752 -0.09279 0.00131 N naful
N -1.52093 -1.16587 0.00160 meaningiu
C -0.26385 -0.66545 0.00005 - Cheap
C -0.23058 0.70099 -0.00110
N -1.5;5044 1.065537 o.oczooo > LogP, SAScore and
' ' ' Molecular Weight
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Molecule representation — Conditions SSNAR

+ LogP [-4, 8]: How hydrophobic is a molecule?
— Negative: soluble in water
— Positive: attracted to non-polar environments

+ SAScore [0,10]: ease(0) or difficulty(10) to synthesize a molecule

+ Molecular Weight [0, 10]: proxy for the size of a molecule
— We divide it by the constant 100 to ,normalize”

+ SMILES Fragment: Can be a full molecule or a part of a SMILES
e.g. ,clcccc1” or ,csc”
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Transformer — Molecule Generation

S@NAR

LogP
SAScore
Molecular Weight

~ Fraunhofer
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Transformer — Performance LogP

logp - temperature: 0.8 - mse: 0.1278

A, I O\ o 10.091 @ Generated vs Prediction @ - 70000
\(l ' §i r( S o
J\'I . /O 7.541 @ Mean predicted values - 60000
L ¥ Dataset distribution
YO
A - 50000
logp: -4.0 vs -4.65 = i logp: 4.5 vs 4.74
ogp: -4.0 vs S - 40000 |
S '
E i
+ & - 30000 |
)_d Wi L(\/\( 0
- (w . L 20000 0\J<
: ‘oM N..-'-""NH:I
H
- 10000
logp: -4.0 vs -4.01 o , T I T T 0 logp: 0.5 vs 0.67
—4 -2 0 2 4 6
Generated
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Transformer — Performance SAScore S@NAR

sascore - temperature: 0.8 - mse: 0.6366

1041 @ Generated vs Prediction - 20000
HN
® Mean ed values l - 17500 N--..,N
o | W Dap ibution | /_</
- 15000 — N
HO /
- - 12500
sascore: 0.5 vs 1.14 2 B A
tl‘ sascore: 4.0 vs 3.93
= ® - 10000
i £
L
. ) o 8 © @ © L 7500
H 4 - .
H 7 ® @ ] @ . Uy
| L 5000 by
2 @ @
g
2 @ ® - 2500
,’ e o sascore: 5.5 vs 5.53
sascore: 1.5 vs 1.54 ‘ . . : 0
I I
2 4 3] 8 10
Generated
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Transformer — Performance Molecular Weight S@NAR

mol weight - temperature: 0.8 - mse: 0.1105

12 5
O— - icti - 60000 ‘
\/\\ @ Generated vs Prediction o ) /:...i
— ¥=x b\/YH\/[\/'\' ,{: _C
104 ® Mean predicted values !
Dataset distribution - 50000
mol_weight: 0.5 vs 0.68 8 L 40000
e mol_weight: 3.5 vs 3.48
=
T 67 - 30000
@
&
H
\,,-\ 4 4 - 20000
> | - 10000
I T T 0

mol_weight: 1.5 vs 1.56

2 4 6 a8 10
Generated
[ anmarks .
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Transformer — Performance Multi Condition S@NAR

N—

/\/g% Multi Property Distribution of Generated Molecules J
HJN \\ @
0 504 //\H/\__/
AN
4.5 - «  (-2.0,2.0) . :
» (-2.0, 3.0)
logp: 0.5 vs 0.32 4.0 - (-2.0, 4.0)
sascore: 4.0 vs 4.12 v (0.0, 2.0) logp: 3.0 vs 3.46
Q E 331 ‘ (0.0, 3.0) sascore: 5.5 vs 4.45
o H m a
‘h H, ] 30- {U.D. 40}
NL) | (20290 N
’ 55 (2.0, 3.0) V\,Q\{\)\)\{
+ (2.0, 4.0) |
2.0 -
I :-2.0 -2.06
PapEE T 1.5 —
sascore: 2.0vs 2.13 _4
| logp: -1.5 vs -1.54
Dgp sascore: 3.5 vs 3.53
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Transformer — Performance Multi Condition S@NAR

OH

(-2.0, 2.0, 4.0) H l

(-2.0, 3.0, 2.0)

(-2.0, 3.0, 3.0) §>< \"/
(-2.0, 3.0, 4.0)

(-2.0, 4.0, 2.0)

(-2.0, 4.0, 3.0)

(-2.0, 4.0, 4.0)

- . 1 :
< ° | o i (0.0, 2.0, 2.0) /
z‘ & 0 (0.0, 2.0, 3.0) "

logp: -2.5 vs -2.52 \t , c'& [ 353 (0.0, 2.0, 4.0) logp: -1.0 vs -1.25
[ |

L 0.0, 3.0, 2.0 :
sascore: 3.0 vs 2.95 n“' 3.0 ° ! } sascore: 5.5 Vs 5.61
o e (0.0,3.0 3.0 .
’ L o5 mol_weight: 4.5 vs 4.51
(0.0, 3.0, 4.0)

T 2. (0.0, 4.0, 2.0) :
(0.0, 4.0, 3.0)
(0.0, 4.0, 4.0)
(2.0, 2.0, 2.0)

(2.0, 2.0, 3.0)

mol_weight: 3.5 vs 3.49
(2.0, 2.0, 4.0)
(2.0, 3.0, 2.0)

Q&wwwww'
(2.0, 3.0, 3.0)

logp: 3.0 vs 3.07 s (2.0,3.0,4.0) logp: 2.0 vs 1.4
(2.0, 4.0, 2.0) sascore: 6.0 vs 5.92

mol_weight: 5.5 vs 5.66

Multi Property Distribution of Generated Molecules

NH,

/;
Q
® & & & 8 & @

5
ght

mol_weij

sascore: 6.0 vs 6.07

mol_weight: 6.5 vs 6.66
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chemist score

Synthetic accessibility score

S@NAR

Estimate SA score of drug-like molecules based on molecular
complexity and fragment contributions

1:» « chemists estimate 3¢

8 + SAscore ﬁ ﬁﬁ if
A e B

: )\/\Tﬁ/\g ﬂﬁ o 9

| "ém%ﬁ' %ﬁg

L
“o OF The aata

hard

15

== natural products
— bioactive molecules
= catalogue molecules

2

3

4 5 6 7 8 9

Synthetic accessibility score

Ertl & Schuffenhauer 2009. Estimation of synthetic accessibility score of drug-like molecules based on
molecular complexity and fragment contributions. Journal of cheminformatics, 1, 1-11.
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Mean price [$ ']

Molecular descriptor data
explain market prices of a
large commercial chemical

compound library
Polanski et al, 2016
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Solubility by AgSolPred v1.0 SSNAR

consensus model (sorkun, Vianney, Koelman & Er 2021, Pushing the limits of solubility prediction via quality-oriented data
selection’ science 24.1 : 101961)

trained on ~10k experimental data (sorkun, Khetan & Er. 2019, 'qSolDB, a curated reference set of aqueous solubility
and 2D descriptors for a diverse set of compounds, Scientific data 6.1, 1-8)

5 -®- AgSolPred oxidized
—&- reference " » 40 reduced
”m ’
- iJ'.' -, (1 8
o4 "--...__h+___-__ ;’ 1 \k"_‘-\. ,+"“»__ ’*—’ 5 35 4
- fi v s Te———— E
- ' N =
'\\ ._\--’":. 8 30
—2 ) 7 N Te————e -
— - . A 9 o
E % LY H r. _.- E; 25 4
= N ri rd =
E -4 o g
% - $ = 20 -
] @
= -~ g =
. L
— - - b=l
© z ' g 15 -
= . =
[N -
—8 L _3 B wy g S 10
= = = =] I =
=4 @ =4 ) & 5 B8 - 5 g g i
~10 4 5 & = P &= & B = = ~ =
T * r r 0 T T T T
o 2 4 6 8 10 0.0 0.1 0.2 0.3 0.4
compounds

intrinsic solubility [mol/l]

—> intrinsic solubility prediction neglects (de)protonation processes
—> oxidized states considered less soluble than reduced ones
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Redox potential via AH SSNAR

AG
on + HZ — Ared AG = AHG4(MP2) E°= _ﬁ
neutral, organic, closed shell
compounds in gas phase
N ,.-’I ST
>/ 1 > l
/y :_’r'l"
®
. " aliphatic C ~ y _.-"""n
l orN l
» - M or aromatic C M . -

SMARTS reaction templates
[OX1:1]=[CX3:2](-,:[C,N,n,c:3])-,:[CX3:4](-,:[C,N,n,c:5])=[O:6].[H:7]-[H:8]
[H:7]-[O:1]-[C:2](|C,N,n,c:3])=[C:4]([C,N,n,c:5])-[O:6]-[H:8]

SMARTSviewer smartsview.zbh.uni-hamburg.de, ZBH Center for Bioinformatics, University of Hamburg
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Predicting AH SSNAR
>

~ I ".:"-?ﬂ‘“}‘,' oy e,
134 k Rt e ap
molecules + 0polog S AR = onvolutional Wy NE
heat of atomization ormatic HARG | D C.4:H O NG H aiiif=
(Ramakrishnan (B3LYP), 2014,
Kim: G4(MP2), 2019) 0|-1 I 0 I 0O]l]010]O |-1 | 0 2IWO AH
2

define

[ working with 2D structures: atomic features + bond graph ]

reactants & products

amo ¢ - generate differential features from 2D . .
~ 4 get : predict heat of reaction for new mols
[~ « train model to heat of reaction
45 k
A/AH2 pairs + Barker, Berg, Hamaekers & Maass, 2021: Rapid prescreening of organic compounds for redox flow batteries: a graph convolutional

. network for predicting reaction enthalpies from SMILES, Batteries & Supercaps, 4(9), 1482-1490.
heat of reaction
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Model performance

——8— GNN feature gen
1 —®— GNN data prep
10° 4 —¢ GNN load model
1 - GNN_prediction
| —¢ GNN total
+

GNN molecules/s
total_min

102 3

timing

0 1wt 100
number of initial compounds
* 50 mols/sec — GNN feature generation most time
consuming step
* 10e+5 compounds = 2 hours on std desktop PC

(4 cores, 8 GB memory)
=

~ Fraunhofer
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1 ML validation

© all NIST data

» non cyclic C=C

* non cyclic C=N
cyclopropenes

14 overlap QM9/G4AMP2

I 2]
3 2
—3 A V<
R
_4 . !,;’
f’
’d"
54 7
-5 —4 -3 —2 -1 0 1

o
ﬂHGﬂ-M.F‘ 2

« limitation of the chemical space represented
within the training set
—> provide larger training set & train again
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Full cell performance: OCV

S@NAR

circuit voltage [V]

06
0.5
0.4
-03
-02
-01
1.5-A0D5 -
| O O e e R e e R A e e |
mmmm“mm“zzu'ﬂt = = ot
coogg'oggNaEg STIHo S
oo C:rg-q:-d.:Ezr:a o O §ooe o
=T =T = o
@E%ﬁ “eTEe ® 5 TRE
™ ™
reasonable Negolytes
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Full cell performance

S@NAR

circuit voltage [V]

0o

05

HQ-1.2 -
HQ-1.4 -
PECOZ -
PRZN -
DHA -
OMXLN -
DTT -
BODS -
ASC -
d-DPM -
PHMNZN -
MOt -
2-A05 -
1-AD5 -

g t-
2,7-A005 -
15-40D5 -
1.5-40D5 -

Posolytes

18-AQD5 -
1,5-A0D5 -

1-ADS -

PHNZMN -
Posalytes

2,6-A0D5 -
L5-A0D5 -
1,5-A0D5 -
2,7-A0D5 -
ot -
2A05 -
MOt -
d-DPM -
ASC -
BODS -
OTT -
ONXLN -

Negolytes

2.6-A0D5 -
15-A0D5 -
1,8-AQD5 -
2.7-A0D5 -

limiting log S_o [mol/l]

1405 -

gt -

2.805 -
MO t -
PHNZN -

- underestimated?

d-DPM -
ASC -
BODS -
DTT -
ONXLN -

MNegolytes

=
—
[
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Posalytes

-> reasonable matches found
- logS accuracy critical — consider pH

Ll

max. power density [mV/cm™2]

1-AD5 -

g t-
2,7-A005 -
1.5-40D5 -
1.5-40D5 -

2,6-AQDS -
1,5-A0D5 -
1.8-AQDS -
2,7-AQDS -
o t -
1-A05 -
2.805 -
MO t -
PHNZN -
dDPM -
ASC -
BQDS -

MNegolytes

- 2> underestimated?

0.35
.
0.30
0.25
0.20
- 015
-0.10
- 005

=000

DTT -
ONXLN -
DHA -
PRZN -
PZC02 -
HO-1.4 -

Dy
-3 2

Ve
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Generate compounds SSNAR

& demonstrator.ipynb - wpl - Visual Studio Code - B x

File Edit Selecton View Go Run Terminal Help

« code.

I__Ehl EXPLORER )Q Welcome @ demonstrator.ipynb @ @ merge_jsons.py chemiscope_gen.json chemiscope_gen_1.json € M -
1
v WP1 B demonstrator.ipynb > m#éDemonstrator > méLoad the model > @ import ipywidgets as widgets
[ ]
> ——pycache__ + Code —+ Markdown [> Run Al Y Restart == Clear All Outputs Variables = Outline --- LB torch2-bachelor (Python 3.8.16) Open
> data [> bl el | \""‘“:"‘“’""“"‘"2\ FOp_T e P — LA b — D D E .@
. ~ = 3 L PPN .
aljson e, A demonstrator.ipynb
chemiscope_gen json § display(temperature slider)
@ demonstrator.ipynb 4 display(generate button) °
@ fragment_creator.py display(output) >> RU n A”
[~ gen_smiles.txt 6| display(molecule output)
3 llama2-M-Full-RSS.pt _ e scroll down
v 0.0s Python
| @ merge_jsons.py |
@ model.py logp sascore [J mol_weight ° [ SpeCIfIy targets ]
@ plot_utils.py 3
@ preprocess_dataset.py > logp: . ight:
gp: 3.00 sascore: . 6.00 mol_weight: 3.00
@ sample.py - * Gen erate
test_l.json >
. Context SMI: = C1=CSC=C1
test_2json - scroll down
test_3.json
<N
@ test_allpy Temperature: 0.80 -
testjson - continue further
@ tokenizer.py > Generate 4 i
S analyses with output
@ trainer.py >
b chemiscope_gen.json
python env -
python merge jsons.py first experiment second experiment .. all experiments.json and/or gen_sm”es_txt
PROBLEMS QUTPUT DEBUG CONSOLE TERMINAL JUPYTER ’ bash + v [D Iﬁ] e X
> OUTLINE - IT
: (base) bash-4.4% <= ol
> TIMELINE

¥ ®WOA0 Juliaenv:vl9 Ln 120, Col40 &/



View results

EN

&« c # chemiscope.org

chemiscope

= Test Dataset®

2
set axes
3 Yl
P e

o
ogp

S@NAR

1
load/save

(i) structure 2

* open Tab
Chemiscope in
chromium-browser &

» upload
chemiscope_gen.json
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creening

S@NAR

Min. Solubility [mol / (] Min. OCV [V]

optional:
set thresholds

NC(=0) C3=N2) C[CR@H] ( [CHRH] ( [ Ciat 0P (=0) (0)0)0)0)0
JE(=0]NC (=0)H=3)C

Max. number of atoms

[lI(WHI((mH]K( =0}C{=0)C(=0]01)0)0
€1=0)0C)0C)C

~ Fraunhofer

2. start
calculations

>
>
>

ID

Smiles Ox
SAScare Ox
Smiles Red

SAScore Red

START CALCULATION

Danmarks
Tekniske Universitet

[(m U{] 1-[c: z]ll(xa o3: xll [0:4]. [H:5]-
3].[H

Reaction Templates

[H:6]>>[Cxa, Cx3:1] - [C: zlt[(xo cxz 3])([H:5])-[0:4]- [H:6]

-lc:s

2]([H]) ([H:4])- [0

N, c:i5] 6] ‘7] E]»[n 71-[0:1]-[C:2]([C,N,n, c:3] )=

-[H:i6]>>! -[#73 [#6X3:2]=[#6X3:3] - [#7X3:4]- [H:6]

1(Ic,n,e 1)=[0:6]. [n 71-[H:8]==[H:7]-[0:1]- [C: 2] ([C,N, €, n:9;
1-[H:8]

2>[C:1]1=0) (0) - [€:2]([H:5])- [C:3] ([H:B])-[C:4] (=0)0

CENTRE NATIONAL
DE LA RECHERCHE
SCIENTIFIQUE

DOWNLOAD

open Tab Redoxfox in
chromium-browser &
cat gen_smiles.txt

copy & paste

[ apply filters? ]

start calculation

scroll down

choose OCV as Y-label
click on point of interest

In diagram -> data row

SKIT
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Define target molecule/fragment SSNAR

HOME UTILITIES ~ DISPLAY DATA 3D MODELS

Draw a molecule to get the SMILES ? paSte |nt0

@O x| |8 2 D X|EH
~AO0O0OOO0F a) demonstrator

b) redoxfox

1. draw

molecule
N N

[x| [-|2[e|[o|o[z[o]t
I
I

JSME Molecular Editor by Peter Ertl and Bruno Bienfait - }J

SMIL
1 | ccecececc 2 COpy
SMILES

~ Fraunhofer
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Play around...

S@NAR

3. edit/draw 1. generate
compounds compounds

website

notebook
SMILES generator demonstrator.ipynb

2. filter
compounds

website
redoxfox

\

=
—
[

~ Fraunhofer
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Play around... -
v

3. edit/draw 1. generate smiles
compounds compounds |
paste smiles edit
website notebook
SMILES generator demonstrator.ipynb I e e e e
. 4
2 filter all data: list of SMILES: ]
- chemiscope_gen.json gen_smiles.txt smiles
compounds

rename & ri'rerge _jsons.py paste smiles paste-smiles

-
*

website ,

-

redoxfox
chrome bookmark: chrome bookmark:
2. chemiscope 3. redoxfox
load json start calculation
? DTU Danmarks CENTRE V'iew View
Tekniske Universitet DELA K
% F ra u n hOfer § SCIENT screening results cell results
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