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A. Rutz et al., ‘The LOTUS initiative for open knowledge management in natural products research’, eLife, vol. 11, p. e70780, May 2022, doi: 10.7554/eLife.70780.
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LOTUS: An Open Knowledge Base for natural products
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A. Rutz et al., ‘The LOTUS initiative for open knowledge management in natural products research’, eLife, vol. 11, p. e70780, May 2022, doi: 10.7554/eLife.70780.

Imbalance toward model organisms, few data for more exotic organisms 

LOTUS: An Open Knowledge Base for natural products

Data on > 276,518 natural products 
Sitosterol



Databases
Scientific literature & patents

Aspergillus ochraceus - Ochratoxin A
Aspergillus westerdijkiae - Ochratoxin A
Aspergillus steynii - Ochratoxin A
…
Monascus purpureus - Citrinin
Penicillium expansum - Citrinin

Extracted relations

Named Entity Recognition for Bio-entities

End-to-end 
NER / RE

Automatic extraction of relations from the literature
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But there is no curated datasets … 

+

In the era of machine learning, efficient models are supervised

L. Luo, P.-T. Lai, C.-H. Wei, C. N. Arighi, and Z. Lu, ‘BioRED: a rich biomedical relation extraction dataset’, Briefings in Bioinformatics, vol. 23, no. 5, p. bbac282, Sep. 2022, doi: 10.1093/bib/bbac282.
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How to build a Relation Extraction model - recipe
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Discrepancies between text and expected output labels

Can LLM help us in this context ?

But what about LOTUS ?

Not design for building NLP related datasets
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GPT: Generative Pre-trained Models

the architecture
(the weights - Billions)

Task: Predict the next word

Indonesian specimens of the marine sponges Hyrtios erectus and H. reticulatus were 
found to contain 5-hydroxytryptamine-derived alkaloids. Their structures were 
determined on the basis of their spectral properties ….

Learn a representation of the text

+

ALL available text

trained 
model

(e.g GPT)

Pre-trained / Fundation models



Text as a projection of the world: real knowledge ?



> 35 million citations Hard to process …

But, this literature has already been “digested” during pre-training ! 

LLM as Knowledge bases ?



> 35 million citations Hard to process …

But, this literature has already been “digested” during pre-training ! 

- Short answer: No …

- Low global retrieval performances

- Correct predictions are mostly leaks
E.g: Monascus Pilosus produces monascin

- Some predictions are generics
E.g: Aspergillus Niger or Ergosterol

Prediction of 
the Fungus

Prediction of 
the chemical

M. Wysocka, O. Wysocki, M. Delmas, V. Mutel, and A. Freitas, ‘Large Language Models, scientific knowledge and factuality: A systematic analysis in antibiotic discovery’. arXiv, Dec. 05, 2023. doi: 
10.48550/arXiv.2305.17819.

LLM as Knowledge bases ?



- Short answer: No …

- Low global retrieval performances

- Correct predictions are mostly leaks
E.g: Monascus Pilosus produces monascin

- Some predictions are generics
E.g: Aspergillus Niger or Ergosterol

Kandpal, N., Deng, H., Roberts, A., Wallace, E., Raffel, C., 2023. Large Language Models Struggle to Learn Long-Tail Knowledge.

> 35 million citations Hard to process …

But, this literature has already been “digested” during pre-training ! 

LLM as Knowledge bases ?
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Supervised

+

text ≠ output labels

precision recall f1
Seq2rel 47.3 5.8 10.4
GPT-2 44.8 21.7 29.3
BioGPT 42.2 26.5 32.5

Manually curated test set
(GME-sampler)

(Weakly) supervised

“The model is conditioned on a natural language 
instruction and/or a few demonstrations of the task 
and is then expected to complete further instances of 
the task simply by predicting what comes next.”

We need to extract the relation from the text !



Use the representation learned during pre-training

T. B. Brown et al., ‘Language Models are Few-Shot Learners’. 2020.

LLM completing ….

LLM are Few shot learners
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The task is to extract relations between organisms and chemicals from the input text.

INPUT: The antimicrobially active EtOH extracts of Maytenus heterophylla yielded a new dihydroagarofuran alkaloid, 
1beta-acetoxy-9alpha-benzoyloxy-dihydroagarofuran, together with the known compounds beta-amyrin, maytenfolic acid, …

OUTPUT: Maytenus heterophylla produces 1beta-acetoxy-9alpha-benzoyloxy-dihydroagarofuran. Maytenus heterophylla produces beta-amyrin. Maytenus 
heterophylla produces maytenfolic acid. 

INPUT: Ten new ergosteroids, gloeophyllins A-J (1-10), have been isolated from the solid cultures of Gloeophyllum abietinum.
OUTPUT: Gloeophyllum abietinum produces gloeophyllin A. Gloeophyllum abietinum produces gloeophyllin B. Gloeophyllum abietinum produces gloeophyllin C. 
Gloeophyllum abietinum produces gloeophyllin D. Gloeophyllum abietinum produces gloeophyllin I. Gloeophyllum abietinum produces gloeophyllin J.

INPUT: The present work describes the isolation of the cyclic peptides geodiamolides A, B, H and I (1-4) from G. corticostylifera and their anti-proliferative effects against 
sea urchin eggs and human breast cancer cell lineages.
OUTPUT: G. corticostylifera produces geodiamolide A. G. corticostylifera produces geodiamolide B […]

INPUT: Four new cyclic peptides, patellamide G (2) and ulithiacyclamides E-G (3-5), along with the known patellamides A-C (6-8) and ulithiacyclamide B (9), were isolated 
from the ascidian Lissoclinum patella collected in Pohnpei, Federated States of Micronesia.
OUTPUT: Lissoclinum patella produces patellamide G. Lissoclinum patella produces ulithiacyclamide E. Lissoclinum patella produces ulithiacyclamide F. 
Lissoclinum patella produces ulithiacyclamide B.

INPUT: Chemical investigation of Trogopterus faeces has led to the isolation of seven flavonoids. Their structures were elucidated by chemical and spectral analyses. In an 
anticoagulative assay, three kaempferol coumaroyl rhamnosides had significant antithrombin activity. This is the first report on the occurrence of flavonoid glycosides in 
Trogopterus faeces.
OUTPUT: Trogopterus faeces produces flavonoids. Trogopterus faeces produces kaempferol coumaroyl rhamnosides. Trogopterus faeces produces flavonoid 
glycosides.

INPUT: ** Abstract **

OUTPUT: [LLM completing … ]

Instruction

Demonstrations

Archetypal 
sentences

New Instance

To fill

LLM are Few shot learners
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OUTPUT: G. corticostylifera produces geodiamolide A. G. corticostylifera produces geodiamolide B […]

INPUT: Four new cyclic peptides, patellamide G (2) and ulithiacyclamides E-G (3-5), along with the known patellamides A-C (6-8) and ulithiacyclamide B (9), were isolated 
from the ascidian Lissoclinum patella collected in Pohnpei, Federated States of Micronesia.
OUTPUT: Lissoclinum patella produces patellamide G. Lissoclinum patella produces ulithiacyclamide E. Lissoclinum patella produces ulithiacyclamide F. 
Lissoclinum patella produces ulithiacyclamide B.

INPUT: Chemical investigation of Trogopterus faeces has led to the isolation of seven flavonoids. Their structures were elucidated by chemical and spectral analyses. In an 
anticoagulative assay, three kaempferol coumaroyl rhamnosides had significant antithrombin activity. This is the first report on the occurrence of flavonoid glycosides in 
Trogopterus faeces.
OUTPUT: Trogopterus faeces produces flavonoids. Trogopterus faeces produces kaempferol coumaroyl rhamnosides. Trogopterus faeces produces flavonoid 
glycosides.

INPUT: Indonesian specimens of the marine sponges Hyrtios erectus and H. reticulatus were found to contain 5-hydroxytryptamine-derived alkaloids. Their structures were 
determined on the basis of their spectral properties. H. erectus contained hyrtiosulawesine (4), a new beta-carboline alkaloid, together with the already known alkaloids 
5-hydroxyindole-3-carbaldehyde (1), hyrtiosin B (2), and 5-hydroxy-3-(2-hydroxyethyl)indole (3). H. reticulatus contained the novel derivative 
1,6-dihydroxy-1,2,3,4-tetrahydro-beta-carboline (11) together with serotonin (5), 6-hydroxy-1-methyl-1,2,3,4-tetrahydro-beta-carboline (7), and 
6-hydroxy-3,4-dihydro-1-oxo-beta-carboline (9). 

OUTPUT: Hyrtios erectus produces hyrtiosulawesine, Hyrtios erectus produces 5-hydroxyindole-3-carbaldehyde. Hyrtios erectus produces hyrtiosin B

Instruction

Demonstrations

Archetypal 
sentences

New Instance

To fill

LLM are Few shot learners



Supervised

+

text ≠ output labels

precision recall f1
Seq2rel 47.3 5.8 10.4
GPT-2 44.8 21.7 29.3
BioGPT 42.2 26.5 32.5

(Weakly) supervised

Manually curated test set
(GME-sampler)

LLM precision recall f1
Llama-7B 27.0 9.04 13.55

Llama-13B 35.64 23.64 28.49
Llama-30B 38.51 23.24 28.99
Llama-65B 40.16 22.97 29.23
Alpaca-7B 15.14 2.21 5.86
Vicuna-13B 38.4 20.43 26.48

Only Open Models !

Competitive  

with only 5 
examples

We need to extract the relation from the text !
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text ≠ output labels
2 trillion tokens

input text

Aspergillus ochraceus - Ochratoxin A
Aspergillus westerdijkiae - Ochratoxin A
Aspergillus steynii - Ochratoxin A
…
Monascus purpureus - Citrinin
Penicillium expansum - Citrinin

Expected relations

What about reversing the task ?

Creating controlled synthetic input text 
from the expected relations

text = output labels

The data is the main bottleneck
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Some keywords / keyphrases

What do we need ?

A title

The abstract (What we want to generate)
Given a title, some keywords and the 

main findings (expected relations), create 
a scientific abstract

What is inside a PubMed entry ?
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relations

Original
article

(organism x, chemical a)
(organism x, chemical b)

…
(organism y, chemical c)

Synthetic generation



Synthetic generation
Reported
relations

      Keyword Extraction

Title + Abstract

Original
article

> Extract a comma-separated list of keywords from 

the following abstract of a scientific article.

Title

kw1, kw2, …kwn

exclusion-list

(organism x, chemical a)
(organism x, chemical b)

…
(organism y, chemical c)

Not all articles have MeSH

Abstract

output: kw1, kw2, …kwm



       Findings verbaliser

Reported
relations

      Keyword Extraction

Title + Abstract

Original
article

(organism x, chemical a)
(organism x, chemical b)

…
(organism y, chemical c)

Synthetic generation
(Cystoseira usneoides, Cystodione A)
(Cystoseira usneoides, Cystodione B)
…
(Cystoseira usneoides, Amentadione-1'-Methyl Ether)
(Cystoseira usneoides, Usneoidone E)

Main findings:  Five Meroterpenoids and 
cystodiones A-D were isolated from 
Cystoseira usneoides.

Class conversion:
Derivatives contraction: 
Numbering: 

> Extract a comma-separated list of keywords from 

the following abstract of a scientific article.

Title

kw1, kw2, …kwn

exclusion-list

Abstract

output: kw1, kw2, …kwm



       Findings verbaliser

Reported
relations

      Keyword Extraction Title       Instructions builder

Title + Abstract

Original
article

Title

(organism x, chemical a)
(organism x, chemical b)

…
(organism y, chemical c)

> Instructions: Given a title, a list of keywords and main findings, 

create an abstract for a scientific article.

Title: Antioxidant and anti-inflammatory meroterpenoids from the 

brown alga Cystoseira usneoides.

Keywords: proinflammatory cytokine tnf-ɑ, anti-inflammatory assays, 

radical-scavenging activity, etc.

Main findings: Ten Lysine alkaloids, Pungenin and ficuseptamines A-C 

were isolated from Ficus septica.

Abstract:

> Instructions: Given a title, a list of keywords and main findings, 

create an abstract for a scientific article.

Title: Antioxidant and anti-inflammatory meroterpenoids from the 

brown alga Cystoseira usneoides.

Keywords: proinflammatory cytokine tnf-ɑ, anti-inflammatory assays, 

radical-scavenging activity, etc.

Main findings: Ten Lysine alkaloids, Pungenin and ficuseptamines A-C 

were isolated from Ficus septica.

Abstract:

> Instructions: Given a title, a list of keywords and main findings, 

create an abstract for a scientific article.

Title: Antioxidant and anti-inflammatory meroterpenoids from the 

brown alga Cystoseira usneoides.

Keywords: proinflammatory cytokine tnf-ɑ, anti-inflammatory assays, 

radical-scavenging activity, etc.

Main findings: Five Meroterpenoids and cystodiones A-D were isolated 

from Cystoseira usneoides.

Abstract: [   completing …]

Synthetic generation
(Cystoseira usneoides, Cystodione A)
(Cystoseira usneoides, Cystodione B)
…
(Cystoseira usneoides, Amentadione-1'-Methyl Ether)
(Cystoseira usneoides, Usneoidone E)

Main findings:  Five Meroterpenoids and 
cystodiones A-D were isolated from 
Cystoseira usneoides.

Class conversion:
Derivatives contraction: 
Numbering: 

> Extract a comma-separated list of keywords from 

the following abstract of a scientific article.

Title

kw1, kw2, …kwn

exclusion-list

Abstract

output: kw1, kw2, …kwm

Title + Abstract
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Reported
relations

      Keyword Extraction Title       Instructions builder

       Abstract Generator

Title + Abstract

Original
article

Title

(organism x, chemical a)
(organism x, chemical b)

…
(organism y, chemical c)

> Instructions: Given a title, a list of keywords and main findings, 

create an abstract for a scientific article.

Title: Antioxidant and anti-inflammatory meroterpenoids from the 

brown alga Cystoseira usneoides.

Keywords: proinflammatory cytokine tnf-ɑ, anti-inflammatory assays, 

radical-scavenging activity, etc.

Main findings: Ten Lysine alkaloids, Pungenin and ficuseptamines A-C 

were isolated from Ficus septica.

Abstract:

> Instructions: Given a title, a list of keywords and main findings, 

create an abstract for a scientific article.

Title: Antioxidant and anti-inflammatory meroterpenoids from the 

brown alga Cystoseira usneoides.

Keywords: proinflammatory cytokine tnf-ɑ, anti-inflammatory assays, 

radical-scavenging activity, etc.

Main findings: Ten Lysine alkaloids, Pungenin and ficuseptamines A-C 

were isolated from Ficus septica.

Abstract:

> Instructions: Given a title, a list of keywords and main findings, 

create an abstract for a scientific article.

Title: Antioxidant and anti-inflammatory meroterpenoids from the 

brown alga Cystoseira usneoides.

Keywords: proinflammatory cytokine tnf-ɑ, anti-inflammatory assays, 

radical-scavenging activity, etc.

Main findings: Five Meroterpenoids and cystodiones A-D were isolated 

from Cystoseira usneoides.

Abstract: [   completing …]

Synthetic generation
(Cystoseira usneoides, Cystodione A)
(Cystoseira usneoides, Cystodione B)
…
(Cystoseira usneoides, Amentadione-1'-Methyl Ether)
(Cystoseira usneoides, Usneoidone E)

Main findings:  Five Meroterpenoids and 
cystodiones A-D were isolated from 
Cystoseira usneoides.
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Numbering: 
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> Instructions: Given a title, a list of keywords and main findings, 

create an abstract for a scientific article.

Title: Antioxidant and anti-inflammatory meroterpenoids from the 

brown alga Cystoseira usneoides.

Keywords: proinflammatory cytokine tnf-ɑ, anti-inflammatory assays, 

radical-scavenging activity, etc.

Main findings: Ten Lysine alkaloids, Pungenin and ficuseptamines A-C 

were isolated from Ficus septica.

Abstract:

> Instructions: Given a title, a list of keywords and main findings, 

create an abstract for a scientific article.

Title: Antioxidant and anti-inflammatory meroterpenoids from the 

brown alga Cystoseira usneoides.
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Main findings: Ten Lysine alkaloids, Pungenin and ficuseptamines A-C 

were isolated from Ficus septica.

Abstract:
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create an abstract for a scientific article.

Title: Antioxidant and anti-inflammatory meroterpenoids from the 

brown alga Cystoseira usneoides.

Keywords: proinflammatory cytokine tnf-ɑ, anti-inflammatory assays, 

radical-scavenging activity, etc.

Main findings: Five Meroterpenoids and cystodiones A-D were isolated 

from Cystoseira usneoides.

Abstract: [   completing …]

Abstract: The brown alga Cystoseira usneoides has been chemically studied to isolate and 

identify the bioactive compounds present in its tissues. In this study, five meroterpenoids 

and cystodiones A-D were isolated from the alga. The structures of these compounds were 

elucidated using spectroscopic techniques …

- Output labels: (Cystoseira usneoides, Meroterpenoids); (Cystoseira usneoides, Cystodione 

A); (Cystoseira usneoides, Cystodione B); (Cystoseira usneoides, Cystodione C); (Cystoseira 

usneoides, Cystodione D)
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…
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Main findings:  Five Meroterpenoids and 
cystodiones A-D were isolated from 
Cystoseira usneoides.

Class conversion:
Derivatives contraction: 
Numbering: 

> Extract a comma-separated list of keywords from 

the following abstract of a scientific article.

Title

kw1, kw2, …kwn

exclusion-list

Abstract

output: kw1, kw2, …kwm



Abstract

A search for biosynthetic precursors of salvinorin A (1) led to 
the isolation of a new neoclerodane diterpenoid hemiacetal 
mixture, salvinorins J (2), from the chloroform extract of 
Salvia divinorum. A leaf surface extraction method was used 
on S. divinorum, affording a chlorophyll-free extract 
containing predominantly neoclerodane diterpenoids, 
including the new salvinorins J (2) and 14 known analogues. 
Salvinorins J (2) represent an example of a neoclerodane 
hemiacetal (lactol) susceptible to mutarotation with the 
formation of an equilibrium mixture of C-17 epimers.     

Abstract

The neoclerodane system of Salvia divinorum has been 
found to undergo mutarotation, resulting in the formation of 
c-17 epimers. This was confirmed through the isolation and 
identification of several compounds from the plant using a 
leaf surface extraction method. The compounds isolated 
include Salvinorin A (1), Salvinorin B (2), Salvinorins F-H 
(3-5), (-)-Hardwickiic acid (6) and divinatorins A-C (7-9). 
These findings provide new insights into the chemical 
diversity of Salvia divinorum and highlight the importance of 
considering mutarotation in the study of neoclerodane 
systems.
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found to undergo mutarotation, resulting in the formation of 
c-17 epimers. This was confirmed through the isolation and 
identification of several compounds from the plant using a 
leaf surface extraction method. The compounds isolated 
include Salvinorin A (1), Salvinorin B (2), Salvinorins F-H 
(3-5), (-)-Hardwickiic acid (6) and divinatorins A-C (7-9). 
These findings provide new insights into the chemical 
diversity of Salvia divinorum and highlight the importance of 
considering mutarotation in the study of neoclerodane 
systems.
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Seq2rel 47.3 5.8 10.4
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BioGPT 42.2 26.5 32.5
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model precision recall f1
BioGPT-Large 69 51.6 59.0
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● Fine-tuning: garbage in, garbage out ! 

● Impressive few-shot learners, but language models above all

● Better Synthetic Data Generator (Knowledge distillation)

● Multi-lingual opportunities

But,

● Narrow range of “styles” compared to human-written abstracts

● Hard to control the quality

● LLM evolve fast (15 Feb. 2024 - BioMistral)

Conclusion: LLM are versatiles



Magdalena
Wysocka

André
Freitas

Thanks for your attention

https://github.com/idiap/abroad-re
https://github.com/idiap/gme-sampler

https://arxiv.org/pdf/2311.06364.pdf

https://github.com/idiap/abroad-re
https://github.com/idiap/gme-sampler
https://arxiv.org/pdf/2311.06364.pdf
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model Training precision recall f1
Llama-7B

Few-shots learning
(5-shots)

27.0 9.04 13.55
Llama-13B 35.64 23.64 28.49
Llama-30B 38.51 23.24 28.99
Llama-65B 40.16 22.97 29.23
Alpaca-7B 15.14 2.21 5.86
Vicuna-13B 38.4 20.43 26.48

Seq2rel

Random-raw 43.2 +/- (6.67) 4.8 +/- (1.16) 8.6 +/- (2.00)
Diversty-raw 39.6 5.4 9.5

Extended-raw 47.3 5.8 10.4
Full 45.6 7.1 12.2

GPT2-QLoRA

Random-raw 32.5 +/- (4.83) 11.8 +/- (5.25) 15.0 +/- (2.54)
Diversty-raw 22.3 19.2 20.6

Extended-raw 44.8 21.7 29.3
Full 47.5 22.5 30.5

BioGPT-QLoRa

Random-raw 47.2 +/- (4.01) 19.8 +/- (2.71) 27.6 +/- (2.48)
Diversty-raw 37.1 28.4 32.2

Extended-raw 42.2 26.5 32.5
Full 46.7 21.3 29.3



model Dataset precision recall f1

Seq2rel

Random-synt. 62.4 +/- (1.03) 26.8 +/- (1.96) 37.5 +/- (1.90)
Diversty-synt. 61.5 30.7 40.1

Extended-synt. 65.1 29.9 41.0

GPT2-QLoRA

Random-synt. 42.6 +/- (2.89) 32.7 +/- (2.81) 37.2 +/- (2.80)
Diversty-synt. 28.5 39.4 33.0

Extended-synt. 52.0 44.6 48.0

BioGPT-QLoRa

Random-synt. 56.4 +/- (2.26) 38.8 +/- (1.92) 46.0 +/- 1.08
Diversty-synt. 53.1 41.6 46.6

Extended-synt. 63.7 46.5 53.8



vs. Originals
vs. LOTUS
vs. Randoms

Model Dataset Precision Recall f1

Seq2rel
Diversity-synt 61.5 30.7 40.1
Diversity-synt-2-selector 65.2 28.7 39.9
Diversity-synt-2-NO-selector 60.3 24.0 34.3

GPT-2
Diversity-synt 28.5 39.4 33.0
Diversity-synt-2-selector 15.3 22.7 18.3
Diversity-synt-2-NO-selector 15.4 20.1 17.4

BioGPT
Diversity-synt 52.5 41.2 46.2
Diversity-synt-2-selector 44.5 36.4 40.0
Diversity-synt-2-NO-selector 45.8 34.3 39.2

A

B C

Diversity-synt
Diversity-synt-2


