
{
 “reaction_nodes”: [
 {“id”: id1, “type”: “Reaction”}
 {“id”: id2, “type”: “Reaction”}
          …]
    }

{
 “reaction_id”: id,
 “products”: [SMILES1],
     “reactants”: [SMILES2, SMILES3],
 “agents”: [SMILES4, SMILES5],
 …
    } 

precision          recall               F1
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Chemical synthesis in the era of LLMs

CO . CC(=O)O >> CC(=O)OC
SMILES notation[2]

Text-to-Pathway pipeline

Data representation

Chemical synthesis is the process of planning and executing reactions to 
produce target molecules (medicines, materials, etc.)[1]

Results

Conclusions References

…        ?

LLMs could aid in identifying chemical pathways from language prompts

Shortcomings of out-of-the-box LLM prompting include:

• Hallucination
• Limited domain knowledge
• Weak multi-step reasoning

Can we ground LLMs in chemical reactions databases?

(+ Corrector loop)

• Text2Cypher: LLM translates natural language to a graph query language (Cypher[3])

• Corrector loop: LLM checks and self-corrects graph queries over multiple attempts

• Execution: LLM executes the graph query on the chemical bipartite graph

• Extraction: LLM extracts molecules and reactions IDs and provides an answer

USPTO dataset: 50K reactions

What are the direct 
precursors used to 

synthesize {molecule}?

MATCH (target:Molecule 
{name: '{molecule}'})<-
[:PRODUCES]-(r:Reaction)

The direct precursors 
are: {id1: {mol}, id2: …}

Reaction Equations

Directed Bipartite Graph

Single-Step retrieval format Multi-Step retrieval format

Chemical reactions can be represented as graphs

[5][4]

Two step evaluation:
Text-to-Text generation 
Retrieval from executed queries

Good choice for reaction pathway encoding

Metrics: Bleu, Meteor, Rouge-L ∈	[0,1] [6]

Metrics: Keys and 
path matching

Query similarity is not a strong retrieval proxySelf-correction recovers missing molecules
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Zero-shot Zero-shot
+ corrector

Retrieval is strongly affected 
by correction loop

Most errors fall 
in the reported 

categories

The corrector focuses on directionality and missing molecules errors!

• Our results provide practical guidelines for reaction planning and 
database retrieval with LLMs

• Self-correction is beneficial, however it mostly helps with generic errors: we 
suggest to make the corrector task-aware

• Evaluate by execution: high text similarity can coexist with wrong retrieved 
answers, thus pipeline that goes beyond query semantics is crucial

• Exemplar-guided prompting alone solves most graph traversal errors

!

One shot prompting helps multi-step graph traversal
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bleu             meteor      rouge-L
High variance 

in retrieval 
scores

Best-Yielding Reaction

Best-Yielding Reaction

! Providing a single example greatly reduces execution errors
Cypher queries can be semantically 
similar while altering the retrieval
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