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– A bridge for LLMs to understand molecular graphs.

N
o
v

elty
 N

o
.1

N
o
v

elty
 N

o
.2

Understand



Easy to understand 

as text

➪ Problem Statement
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Hard to Understand

As they are graphs 

or coordinates

Some researchers found the idea from vision-language model, from 

Q-Former (BLIP-2, the milestone for LLM understand images)

Learnable Modality Anchor
Pre-Training Tasks

Output will be 

concatenated with 

text inputs for LLM 

inference

These learnable (when training) anchor tokens will capture the feature of 

the image through cross attention with image embeddings

The image can usually be split into 

fixed-number of patches:

However, graphs that have vary 

length can not fit this very well.

Novelty of Q-Former:

1. LLM can understand 

images from now on;

2. The image encoder 

and LLM kept frozen 

during training, which 

save a lot of computing 

resources



➪ Current Challenges on LLM for Molecular Graph

1. Loss of Structure

2. Heavy Fine-tuning

⇧ Mol-Llama adapts a Q-Former to let LLM to understand Molecular 

2D&3D, has gained great performance on property, mol captioning tasks.

☜ Mol-LLM adapts a Q-Former  

as well, using which to 

process the output from a 

hybrid graph encoder, and 

concatenate with instruction 

and SELFISH for LLM

☜ 3DMol-T5 adapts a Q-Former  

as well, using which to 

process the output from a 

hybrid graph encoder, and 

concatenate with instruction 

and SELFISH for LLM



➪Novelty 1 –– Entropy Guided Patching To collaborate with dynamic tokens, capture the substructure features 

to overcome the ‘loss of structure’ issue

Logits of the correct atom, from the Next-Atom Prediction model

Next Atom

Probability of the correct next atom

Entropy 

y = - log x

We split patches at each entropy 

peak. That’s the position that 

Transformer model is hard to 

predict next atom.



➪Novelty 2 –– Dynamic Query Former To overcome the loss of structure issue caused by fixed length token

EDT-Former

Structure of EDT-Former Pre-Training Tasks of EDT-Former

Pre-Training

Finetuning

Evaluation

Take the original training tasks from Q-Former using the Mol-Llama-Instruct dataset. 

(Graph encoder + Dynamic Query Former)

End-to-end finetuning (joint with LLM) on 

conversation datasets.

Inference and Evaluation
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Baselines: General LLM, Molecular LLM, Large-scale LLM

Datasets: MoleculeQA, TDC, Mol-Instructions
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Baselines: General LLM, Molecular LLM, Large-scale LLM



➪ Ablation and Insights

Ablation on Each Component:

Shows each module has its contribution.

Attention Visualization:

Shows our Entropy-Guided Patching can 

capture substructures.



➪ Future Work

Plan to extend this model to scientific graph from molecular graph.

More general; More Useful; AI for Science.

Knowledge Graphs

Protein Interaction Networks

Protein Graphs

Material & Crystal Graphs

Reaction Graphs

Pathway / Metabolic Graphs
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