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Cesta zpatky INFRA

...aneb duvod, proc¢ jsme $li tam

® Pomoci techniky plynové chromatografie a hmotnosti spektrometrie zmérime
spektrum vzorku
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Cesta zpatky .

...aneb duvod, proc¢ jsme $li tam

® Pomoci techniky plynové chromatografie a hmotnosti spektrometrie zmérime
spektrum vzorku

® ze spektra se snazime ziskat strukturu molekuly (vzorec)
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Standardni pristup

® Podobnostni vyhledavani v databazi namérenych spekter

® Problém, pokud v databazi dana molekula neni (de novo predikce)
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® Databaze NIST
maélo kvalitnich spekter
260k unikatnich molekul
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Standardni pristup

Podobnostni vyhledavani v databazi namérenych spekter

Problém, pokud v databazi dana molekula neni (de novo predikce)
Databaze NIST

maélo kvalitnich spekter

260k unikatnich molekul

fidké porkyti chemického prostoru (odhadem 10%° moZnych molekul)

Vice dat umozni predikci molekul mimo databazi

Vice dat umozni trénink vétSich modell

Proto "Cesta tam"
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Fragmentaéni metody GC-MS INFRA

® Jednofazova fragmentace (MS)

molekula je ionizovana a fragmentovana pouze jednou
nami zvolena metoda

® Dvoufazova fragmentace (MS/MS, tandemova spektrometrie)
dva (nebo vice) spektrometrd spojenych za sebou
po prvni fragmentaci ziskdvame spektra tzv. prekurzord (vétsi odlomky molekuly)
prekurzory jsou dale fragmentovény v dalSim pfistroji
k dispozici je vice informace o vzorku
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PFistupy pomoci ML INFRA

® DeepkEl

Hongchao Ji et. al, 2020, https://doi.org/10.1021/acs.analchem.0c01450
spektrum — fingerprint, dile databazové vyhledavani
metoda fragmentace molekul MS

® MassGenie

Aditya D. Shrivastava et. al, 2021, https://doi.org/10.3390/biom11121793
spektrum — SMILES, encoder-decoder transformer

metoda fragmentace molekul MS/MS

model ani kdd nejsou verejné

® Spec2Mol

Eleni E. Litsa et. al, 2023, https://doi.org/10.1038/s42004-023-00932-3
spektrum — SMILES, CNN encoder, GRU decoder
metoda fragmentace MS/MS
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https://doi.org/10.1038/s42004-023-00932-3

Nas pristup k problému

...cesta zpatky

® Metoda neuralniho prekladu spektrum — SMILES
® Encoder-decoder transformer architektura

® Autoregresivni generovani SMILESU (podobné jako u pfirozeného jazyka)
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Vstup a vystup modelu ps

...cesta zpatky
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Vstup a vystup modelu ps

...cesta zpatky

® ystup

vektor m/z hodnot
[70,84,98,100,112,115,129,155,182,196,210,224,225,253,268,281,296,2,2,2,2,2,2,2,2]

vektor intenzit
[7: 6) 6: 9: 6: 7: 9} 8) 9} 8: 8} 9} 7} 6} 9)4) 8) -l: '1; '1:'1; '-Z; _l) '1; '1]
® vystup
tokenizovany SMILES:
[3, 1234, 224, 276, 11, 70, 20, 280, 286, 12, 286, 11, 38, 289, 38, 12, 38, 12, 50, 0, 2, 2, 2]

— SMILES v textové podobé
[<bos><neims>CCC(cIlccc(cc10C)OC(C)(C)C)O<eos><pad><pad><pad>]
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Architektura INF Ré

...cesta zpatky
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Nas pfistup k problému @I NFRA

...cesta tam a zase zpatky

: - NIST (260K) > ks
i el

SMILES — FINGERPRINT SPECTRA

TRAINING
ZINC (4.6M)

v
SMILES — FINGERPRINT — — SPECTRA

CC1=Cc(BrcCC1 [0,1,0,0, ... 1,0
NEIMS
\ TRAINING /
RCX spektra
SPECTRA —> —> SMILES
uthh CC1=CC(Br)CCC1

our model
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Nas pfistup k problému @I NFRA

..cesta zpatky

ZINC (4.6M)

SMILES —> FINGERPRINT —

CC1=CC(Br)CCC1 [0,1,0,0, ... 1,0]
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Nas pfistup k problému @I NFRA

..cesta zpatky

ZINC (4.6M)

SMILES —> FINGERPRINT —

CC1=CC(Br)CCC1 [0,1,0,0, ... 1,0]

RASSP
\ TRAINING /

— SPECTRA

our model
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Nas pfistup k problému @I NFRA

...cesta zpatky

ZINC (4.6M)

SMILES —> FINGERPRINT —
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Nas pfistup k problému @I NFRA

...cesta zpatky

ZINC (4.6M)

SMILES —> FINGERPRINT —

CC1=CC(Br)CCC1 [0,1,0,0, ... 1,0]

— SPECTRA
o

TRAINING

our model
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Trénink na vice datasetech p

Myslenka: kazdy dopredny model miiZe pokryvat ¢ast dovednosti, kterou chceme
zpétny model naudit

® Trik ze strojového prekladu

® Prvnitoken v sekvenci oznacuje dopredny model
napr. <neims>, <rassp>
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Trénink na vice datasetech p

Myslenka: kazdy dopredny model miiZe pokryvat ¢ast dovednosti, kterou chceme
zpétny model naudit
® Trik ze strojového prekladu
® Prvnitoken v sekvenci oznacuje dopredny model
napr. <neims>, <rassp>

® Data z rGznych zdrojl se v hlavicce transformeru nebiji

‘feature extraction’ ze spekter je spole¢na
generovani SMILESu je podminéno informaci o zdroji
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Trénink

Pretraining
® Velka datova sada chemickych formuli (ZINC)
® Spektra vygenerovana doprednymi modely
® Uceni "do Sirky"

Finetuning
® Mala datova sada (NIST)
o (Cistd namé&rena spektra
® Uceni "do hloubky"
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Experimenty

... prehled natrénovanych modeli

Pretraining

None

4.8M NEIMS

4.8M RASSP

4.8M RASSP + 4.8M NEIMS
30M NEIMS

Finetuning
NIST
NIST
NIST

*

NIST

Tabulka: Prehled natrénovanych modell
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Experimenty p

Pretraining
eval/RASSP cosine similarity eval/NEIMS cosine similarity
= 9.2M_rassp1_neims1 = 4.8M_rassp = 9.2M_rassp1_neims1 4.8M_neims

.4
0 0.3

0.3
0.2

0.2
0.1

0.1

train/global_step train/global_step
0 0
20k 40k 60k 80k 100k 20k 40k 60k 80k 100k

® model trénovany na RASSPu dosahuje za stejny ¢as vyssich valida¢nich hodnot
— lepsi konzistence dat
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Experimenty
Finetuning
eval/nist_cos_simil

— 4.8M_rassp_finetune = 4.8M_niems_finetune
— no_pretrain_finetune = 30M_neims_finetune

train/global_step

20k 40k 60k 80k

eval/NIST loss
= 4.8M_rassp_finetune = 4.8M_niems_finetune
— no_pretrain_finetune = 30M_neims_finetune

0.5

train/global_step

20k 40k 60k 80k

® predtrénované modely maji vyssi konvergencni hladinu a maji mensi sklon k

overfittingu
® vice dat pfi pretrainingu pomaha
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Experimenty

Pretraining

Pretraining

None

4.8M NEIMS

4.8M RASSP

4.8M RASSP, 4.8M NEIMS
30M NEIMS

Finetuning NIST cosine similarity

NIST 0.60
NIST 0.64
NIST 0.67
NIST -

NIST 0.69
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Experimenty

Ukazky predikci, aneb najdi pét rozdila

2

90 ClcccceINC(=0)cinclnHIcIC(=010

COerececaeel-e3nel-cacecccanod)e(=Ojoc12

NNC(=0)Celecc(Brlccl

predicted_smiles

CeleccceINC(=O)cInclnHIcIC(:0)0

Coctceczeet-cnct
edecce(Cledinod)cl=0)oc2c

CCl=0Ne1cee(BrlciN)eL

gt_molecule predicted_molecule cos_simil

0598

0.1884

INFRA
cz

raw_predicted_smiles.

<bos<nist-
CelccceINC(-OlcInclnHlc1C(=0)0<e0s>
<pad><pad><pad><pad><pad><pad><pad>
<pad><pad><pad><pad><pad><pad><pad>
<pad><pad><pad><pad><pad><pad><pad>
<pad><pad><pad><pad><pad><pad><pad>
<pad><pad>

<bos><nist> COclccezeel-cin
cdcece(C)ed)no:

3)c(-O)oc2c1<cos><pad<pad>
<pad><pad><pad><pad><pad><pad>
<pad><pad><pad><pad><pad><pad><pad>
<pad><pad><pad><pad><pad>

<boss<nist> CC(-O)Nclcce(Brlc(N)c1<eos>
<pad><pad><pad><pad><pad><pad><pac
<pad><pad><pad><pad><pad><pad><pad>
<pad><pad><pad><pad><pad><pad><pad>
pad><pad><pad><pad><pad-<pad><pad>
pad><pad=<pad><pad=<pad=<pad=<pad:
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Experimenty

Ukazky predikci, aneb najdi pét rozdila

predicted_smiles

2 o
CClOI0eIceeelOCOlcteccccICIAF JKO)( o ar296
T e [;

predicted_molecule

gt_smiles

9 CClCOcleecec10C(=O)clecc

03671

€lece(COCCCCEN2CCIeel

97 CCNICCCIC(=0)0Cclceccel

95 S=CINCCCNICNICCOCCI

INFRA
cz

raw_predicted_smiles

<bosrist
CCCI0ctcecce10C(-0)cteccce ClF)FF<eos>
<pad><pad><pad-<pact><pad-<pad><pad>
<pad><pad><pad><pacd><pad><pads<pad~
<pad><pad><pad><pad><pad><pads<pad~
<pad><pad><pad><pac><pad><pad><pad>

<bos><nist> c1ccc(COCCCCCN2CC)ccl<eos>

<bos><nist> S=CINCCCNICNICCOCCI<eos>

<pad><pad>
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- b4
Dalsi cile cz

Experimenty s mixovanim datasetl

Vyuziti dalSich doprednych modeli

Srovnani vysledkd modelu s podobnostnim vyhledavanim na de novo datech

Vétsi modely
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Zdroje obrazkii

® https://www.mooreanalytical.com/gc-ms/
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