
Introduction: Design of sustainable chemical processes

Methods and results

Conclusions

Specialized Machine Learning models[2,3] Large Language Models (LLMs)

Need for sustainable processes[1]

Standard chemical 
processes entail:
1.   High temperatures
2.  High emissions     
3.  Fossil-based

The use of enzymes can 
address these drawbacks

Discovery of new 
sustainable pathways?

AI-assisted reaction design

Substrates
Reactants
Enzymes
Products

…

We fine-tune LLMs using Low-Rank Adaptation 
(LoRA)[6] on different scenarios:
1. Single-task (ST): One model is fine-tuned per task

2. Multitask (MT): One model is fine-tuned for all tasks

3. Low-data regime: What if data availability is low?

4. Generalization: Does FT degrade general performance? 

Our tasks:
• EC number classification (EC)
• Product prediction (Forward synthesis, FS) 
• Substrate prediction (Retrosynthesis, RS)

(Some) data representation and tasks: Have you ever tried 
ChatGPT?[4]

Large* models trained on large* datasets
(+ best engineering practices)

 =
Emergent capabilities

* Hundreds of billions of tokens and parameters

Knowledge retrieval
Learning from examples

Basic reasoning
…

Impact in chemistry:
Compound captioning

Property prediction
De-novo design

…

Molecules
 

• SMILES

Enzymes
• Text description
• Enzyme Commission (EC)

 number 

Input

Model

Usually a transformer
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1. Fine-tuning greatly improves performance over in-context learning (ICL)

2. MT enhances performance across all tasks compared to ST scenarios

3. Fine-tuned LLMs have potential in low-data regimes (< 1000 samples)

4. ST fine-tuning improves performance on unseen related tasks

Large Language Models for enzymatic reaction prediction and characterization

What is the potential of fine-tuned LLMs for biochemical tasks?

We formulate natural language questions from the dataset
 “Given substrate S and product P in SMILES notation, provide the EC number!”

Our approach:  

Dataset: Brenda[5]      
Models: Llama-3.1 family
Strategies: • Fine-Tuning (FT)

• In-Context Learning (ICL)

21 MT performance improvementEC class prediction accuracy FS and RS prediction

Tanimoto score TS ∈ [0,1] is used to assess structural 
similarity of predicted molecules

ICL baseline (%): EC class     FS Match    RS Match                
29.6               <0.1             <0.1
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