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Motivation & Main Contribution

Proposed  Method​

❑ Molecular ML struggles to capture both chemical 

structure and textual (SMILES) semantics

❑ Graph and language models each miss 

complementary chemical cues

❑ Need representations closer to how chemists reason, 
via substructures and properties 

➢ We propose CHEMIST, combining graph and 
language embeddings of molecular fragments

➢ Use descriptor-based fragment tokens and 
contrastive alignment for unified molecular 

understanding

ROC-AUC metric for the classification tasks 

MAE metric for the regression tasks
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Argumentation Process

• Fragmentation: Break molecules into chemically 
meaningful substructures (e.g., BRICS)

• Descriptor Encoding: Compute physicochemical 
descriptors for each fragment → form descriptor 

tokens

• Text Encoder: Process descriptor sequences using a 

Transformer (LM-style)

• Graph Encoder: Encode molecular graphs with a 
GNN (e.g., GIN or Graphormer)

• Cross-Modal Alignment: Use contrastive loss to 

align text and graph embeddings in a shared latent 

space

• Unified Representation: Combine both modalities 

for downstream molecular property prediction

• CHEMIST unifies graph and language views of molecules for 
richer representations

• Substructure-based descriptors bridge human chemical 
intuition and machine learning

• Cross-modal contrastive learning effectively aligns molecular 

structure and text

• Achieves state-of-the-art performance across classification 

and regression benchmarks

• Offers a general, interpretable framework for molecular 
representation learning
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