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Why should we care about chemical language models?
The Design-Make-Test-Analyse-Cycle (DMTA)

Chemical space: >10°°
molecules!
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Why should we care about chemical language models?
The Design-Make-Test-Analyse-Cycle (DMTA)

Chemical Language Models:

property prediction

reaction prediction
retrosynthesis

de novo molecule generation



How do we teach a model how to represent, read,
and think about molecules?



What do we need to train a chemical language model?

Caffeine

Pub@hem Caffeine (Compound)

2 Names and Identifiers

2.1 Computed Descriptors

2.1.1IUPAC Name

1,3,7-trimethylpurine-2,6-dione
Computed by Lexichem TK 2.7.0 (PubChem release 2025.04.14)

» PubChem

2.1.2 InChl

InChI=1S/C8H10N402/c1-10-4-9-6-5(10)7(13)12(3)8(14)11(6)2/h4H,1-3H3
Computed by InChl 1.07.2 (PubChem release 2025.04.14)

» PubChem

2.1.3 InChiKey

RYYVLZVUVIJVGH-UHFFFAQOYSA-N
Computed by InChl 1.07.2 (PubChem release 2025.04.14)

» PubChem

2.1.4 SMILES

CN1C=NC2=C1C(=0)N(C(=0)N2C)C

Computed by OEChem 2.3.0 (PubChem release 2025.04.14)

» PubChem



SMILES = Simplified Molecular Input Line Entry System

CN1C=NC2=C1C(=0)N(C(=0)N2C)C

L
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Not all SMILES are valid, but SELFIES are

A) S1MILES

Starting point
of decoding

oNe (¢) cc 1 =ce=c 2 c [(EeI1 [ oco 2

B) SELFIES

N

Krenn et al., 2020
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READ

THINK

SMILES

S1MILES
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‘oNe (©) ce 1i=ce=c 2 ¢ JEEI1 oco 2

SELFIES




How do we teach a model how to represent, read,
and think about molecules?

10



Tokenization controls how the model balances detail vs.

generalization
Character-level tokenization

T,‘,‘k”,‘,‘,‘,"‘t,‘,‘,‘,‘
d’ ‘e’ ‘f,“‘ ’4 ) ”t’ ‘h, £es ‘V o c
!!b!i !EI! !a! Er! Ey! ia

B EQALIVSIA TV A VN DA AN ER BERRIXMNE
ALAPEIENSPELNGOQALIVSTRNHTTINVA TDALINA

l\.-’\ll:nnl'\ -.\,\a\-a,\‘~\.‘\'I\I|\.\I.\Il\'\\'"{‘[‘\‘

N} Tokenization defines the vocabulary

I\ of a Ianguage model
INL| s
PRINIACERESFIRRONMORIALISVERTERETERRAR

- Subword-level Tokenization
‘Token’ ‘ization’  defines’ ‘the’
‘vocabulary’ ‘of’ ‘a’ ‘language’

CANSTHN K VAUAMGIANDESNIQARDN TASAUR Y model’
DEHCERENTSTINALLIVICTIVATDODONAN LGNRE
https://en.wikipedia.org/wiki/Scriptio_continua#/media/File:Vergilius_Augusteus,_Georgica_141.jpg
Word-level

‘Tokepiziatiniphdefines’ ‘the’
‘'vocabulary’ ‘of' ‘a’ ‘language’
model’



Tokenization controls how the model balances detail vs.

generalization | o
Atomwise tokenization

‘C! !n, ,1’ ’c! !(‘ !=! !O! !)! !c’ !2, !c’ ’(‘ !n, !c’ !n! !2!
CH3 !C! !)! !n’ ’(i !C’ ’)! !c! ’1! ,=! !0’
O

|
N
N
</ | \( SentencePiece tokenization
/N ~CHq ‘Cn1c’ ‘(=0) ‘c2¢(ncn2’ ‘C)n(C) ‘c1=0’

H5;C o

Cn1¢(=0)c2¢c(ncn2C)n(C)c1=0

https://de.wikipedia.org/wiki/Datei:Caffeine.svg
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Token IDs map to embeddings

France

< .Spain & Latin America

_ IDs link to L e
Assign Token IDs embeddings e, o,

Music . "’t_ "Latin 5 :

1 2 India

‘Token’=0 0 o
‘ization’ = 1 : l‘m(erngt.'»‘

A rchnéciire' o

Y & ¥ o2 S 4% Uinguistics . -

— S%E . a3 . . ® < Chrigti
defines’ = 2 £, DMl e,
3

.o @

1
‘  — 2 Coﬁputers, X ‘ "_gﬁ‘/':)to '
the' = 3 —

3

‘Vocabu Iary’ - 4 e | ' e cr e, ‘; ?Politics < Philosophy
o K é € oof¥er, L, . ) .
‘Of‘ = 5 Mathematics (’5“” ‘:f' " g .': \ Philosqpﬁy S % AR Bureacracy
. Physics .;-‘“. - ¢ tfiﬁ‘?@raph)’; £ 358
. ® *Gedlogy: 2

* Environment o
8 o G 2 Business
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“Medicine

https://medium.com/@oxburybill/using-topology-to-help-visualise-word-vectors-5e3db48 13
56b1a



Token IDs map to embeddings

Tiktokenizer

System You are a helpful assistant X Token count

0

User

X

Show whitespace

https://tiktokenizer.vercel.app/?model=gpt-40

gpt-40



REPRESENT READ THINK
SMILES Atomwise tokenization
SMI:ES C 1e’’(’=0’’) ’¢’’2 ¢’ ’(“ 'n
COA(“ ¢’ ZC)n(C) 1’=”0’
leNe (c) cc 1/=ce=c 2 c [JEE|1 Il oco 2
SELFIES SentencePiece tokenization
& S Vi ‘Cn1c’ /(=0)’ ‘c2c(ncn2’ ‘C)n(C)’ ‘c1=0’
ey | _— ﬁm_‘“j“&:’

1%



How do we teach a model how to represent, read,
and think about molecules?
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Models learn to predict masked token probabilities

This summer school
talk is

fmiIdIy entertaining] 0.3 v

( peer-reviewed ] 0.3

(making me hungry] 0.2

RoBERTa
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Models learn to predict masked token probabilities
MASKING

This summer school
talk is

Cn1c(=0)c2¢c(ncn2C)n(___ )c1=0

Zmildly entertaining} 0.7 v 0.01

kpeer-reviewed j 0.1 099 v

making me hungry} 0.2 ROBERTa
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...or to correct corrupted sequences

MASKING

This summer school
talk is

Cn1c(=0)c2¢c(ncn2C)n(___ )c1=0

0.01
0.99 v

RoBERTa

Zmildly entertaining} 0.7 v

[ peer-reviewed j 0.1

r

making me hungry} 0.2

CORRUPTION

summer school
... This .

(=O)c2¢(ncn2C)n(__)....Cn1c

_ Cn1¢(=0)c2c(ncn2C)n(C)c1=0
This summer

school talk is

mildly entertaining.

BART
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Training and /atent space

\ Methanol Solubility
run | eEthanol (data
o Sprint Finetuning
—>
. . ?
swim Ethane
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A) SMILES
o N ‘C, n’ ,15 ,c’ !(‘ =) sos s)s ,C, ,2’ !c, '((“’'n’
<Q©/\( ’cs n’ 32! sc’ !)! n’’(* ’C, !)! sc! s1s 1=’ so!
axe (@) cc&i—i\:ﬂi}ﬂ :

RoBERTa

Today’s IBMM seminar

. (8
IS . </N ‘ \N(
7 “cHs
H3C

Cn1c(=0)c2c(ncn2C)n(__ )c1=0

How do design choices shape chemical language modelé?

8) SELFIES . ‘Cn1c’ {(=0)’ ‘c2c(ncn2’ ‘C)n(C)’ ‘’c1=0’

BART

IBMM seminar
__ ... Today’s .

(=0)c2c(ncn2C)n(___)....Cn1c

Cn1c(=0)c2¢c(ncn2C)n(C)c1=0

Today’s IBMM
seminar is mildly
entertaining.



SMILES 1
PubChem
1(|)M

SELFIES
!

SMILES/SELFIES

oo

Jannik Gut
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Jannik Gut

SMILES o : —
Y Representation
PUt;.%rl]VTm & Tokenization -
| SMILES i1l Extensive evaluation
0=C1CCCCN1 .
SELFIES  c2cccec2 .%j I
SMILES/SELFIES m——p:::e::s vV /S ......... S eeoro V/S ......... ]&Q— _—
O ™ ©m=

SELFIES

[olI=ClclcIcIclN]  SentencePiece
[Ringll[=Branch1]lC] [ TT 1]
C& [=CICII=CIICI[=C]

[Ringl][=Branchl]
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Comparing performance on benchmarks

=

R

{*’

ABACE A#EBBP AciinTox AHIV  4Tox21
Benchmark

-15 -1.0 -0.5 00 05 1.0 1.5
Z-score

T
egression

SMILES
SELFIES

Atomwise
SentencePiece

RoBERTa

BART
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Comparing performance on benchmarks

performance between all
models is comparable — all
models learn & predict well

-0.71
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Comparing performance on benchmarks

e performance between all
models is comparable — all
models learn & predict well

e SMILES vs. SELFIES
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Comparing performance on benchmarks

e performance between all
models is comparable — all
models learn & predict well

e SMILES vs. SELFIES

e Atomwise > Sentencepiece
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Comparing performance on benchmarks

1.85 -0.54

e performance between all e

-0.51
models is comparable — all
models learn & predict well

e SMILES vs. SELFIES

—{_
e Atomwise > Sentencepiece | = ]
e BART vs. RoBERTa |
— subsequent focus on | —

atomWise mOdeIS Only ABACE 4BBBP AciinTox AHIV 4Tox21 yRegression

Benchmark

| 3 ¢ 3 e—
-15 -1.0 -05 00 05 1.0 15
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SMILES
SELFIES
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What is the shape of the latent space?

simple?

complex?

[ .-
.
.
. |
.
7’
7’
’
1
1
H ‘N
1
1
I
1
1
\

Linearly Separable

& 4
&
ol
+ +
'I"'._'_
s ¥

Not Linearly Separable

https://en.wikipedia.org/wiki/K-nearest_neighbors_algorithm#/media/File:KnnClassification.svg
https://medium.com/@suvigya2001/the-gaussian-rbf-kernel-in-non-linear-svm-2fb1c822aae0

Linear SVM

RBF SVM

29



How do latent spaces between models differ?

MolLogP

1.75 -

1.50 -

1254 local?  simple? complex?
oot e R |lR
= 0.75-:{:' \ .

0504 | |l )

0.25 -

0.00

KNN LinearSVM  RBF SVM



How do latent spaces between models differ?

MolLogP

1.761-80

1.75 i 1.71 1.71

1.58
1.48

KNN LinearSVM  RBF SVM

B BART, SELFIES s BART, SMILES

31
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How do latent spaces between models differ?

MolLogP

1.80
1.711.76

1.71

1.75 1.58
1.50 A
1.25 - 15120
o 1.01p 9g
2 1.007 complex!
 0.75 -

n ® oy
+ *

**
* 5 ok

KNN LinearSVM  |RBF SVM

B BART, SELFIES s BART, SMILES
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How does latent space differ?

64 molecules from:

‘ Steroids A Beta lactams
O 0
H3C_N \\S// R3
N Ry
R2
I Tropanes Sulfonamides

https://de.wikipedia.org/wiki/Datei: Trimethyl_steroid-nomenclature.svg, https://en.wikipedia.org/wiki/%CE%92-Lactam,
: i Tropan /490px:

........ pan_-_Tropane.svg/490px-Tropan_-_Tropane.svg.png,
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How does latent space differ?

64 molecules from:

‘ Steroids

A Beta lactams

HaC—N Q\S//O .
19N\ "
N Ry
R

I Tropanes Sulfonamides

https://de.wikipedia.org/wiki/Datei: Trimethyl_steroid-nomenclature.svg, https://en.wikipedia.org/wiki/%CE%92-Lactam,
: ikimedia Tropan_-_Tropane.svg/490px-Tropan_-_Tropane.svg.png,
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SELFIES

Does understanding of molecule similarities differ?

RoBERTa BART Untrained

Alkanes
Alcohols
Aldehydes
Ketones
Carboxylic acids
Ethers

Esters
Halocarbons
Amines

-1.0

-0.8

o
()]
Cosine Similarity

o
IS

0.2

0.0
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SELFIES

Does understanding of molecule similarities differ?

RoBERTa BART Untrained

Alkanes
Alcohols
Aldehydes
Ketones
Carboxylic acids
Ethers

Esters
Halocarbons
Amines
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SELFIES

Does understanding of molecule similarities differ?

RoBERTa BART Untrained
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What about atoms?
‘ramnm Trained

WAL

torsion angle

~Lennard Jones

PC 2 (6.96%)

'\,

Distance bond length or 3-atom angle
| RoBERTa SMILES | — | T T
WS BART SELFIES \ / =10 0 10
c PC 1 (40.00%)

[ BART SMILES

Edboas, CC BY-SA 3.0, Wikimedia Commons



What about atoms?
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Edboas, CC BY-SA 3.0, Wikimedia Commons
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What about atoms?
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What about atoms?
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There may not be a single best configuration, but..

e The way the models leverage representations and how and what details
they learn differs

e There are three main design choices to create a CLM:

o Representation
o Tokenization
o Model

e Latent space tells us how the model internally understands chemistry
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