Large Language Models for enzymatic reaction prediction and characterization
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Large Language Models (LLMs)
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Methods and results

I o
! Our approach. We formulate natural language questions from the dataset

“Given substrate S and product P in SMILES notation, provide the EC number!”  We fine-tune LLMs using Low-Rank Adaptation

(LoRA)®! on different scenarios:

1.

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

: Dataset: Brendal®!
' Models: Llama-3.1 family

|
I Strategies: ° Fine-Tuning (FT)
In-Context Learning (ICL)

System: You are an Al assistant with expertise in biochemistry. When provided
with [TASK] you should be able to [OBJECTIVE]. Please strictly stick to [RULES]
and provide [RESPONSE] to [REQUEST].

User: [REQUEST]
Assistant: [RESPONSE]

Single-task (ST): One modelis fine-tuned per task
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Our tasks:

L Low-data regime: What if data availability is low?
EC number classification (EC)

Substrate Product

Generalization: Does FT degrade general performance?
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* Product prediction (Forward synthesis, FS) |0_O=p(0)(O)OC(CO)CO|>>| 000(0)co| —) 3.1.3.8
* Substrate prediction (Retrosynthesis, RS) Request
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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
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ST fine-tuning improves performance on unseen related tasks
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Fine-tuned LLMs have potential in low-data regimes (< 1000 samples)
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