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Efficiency in Large-Scale Graphs
Message-passing requires full graph loading → high inference 
compute costs (billions of edges).  

High-dimensional embeddings (128-256 dim) → storage and 
interpretability issues.  

Introduction: Challenges in GNNs



Message-passing Mechanism

The message-passing mechanism creates new node representations, where each 
node gathers information from its neighbors and combines it to update its own 
embedding. 

Due to the smoothing effect of message passing, the node representations 
generated by GNNs exhibit distinct clustering patterns.



Our Solution: Node IDs

We present a novel end-to-end framework that generates highly compact 
(typically 6-15 dimensions), discrete (int4 type), and interpretable node 
representations—termed node identifiers (node IDs).



Methodology: NID Framework

1. Node ID Generation:  
Residual VQ (RVQ) quantizes embeddings per layer into codewords (integer 
indices) tuples:  (Each layer has M codebooks (RVQ))

Node_ID 𝑣 = 𝑐 11 , … , 𝑐 1𝑀 , … , 𝑐 𝐿1 , … , 𝑐 𝐿𝑀

2. Downstream Task Application.



Node ID Generation via RVQ

No reconstruction loss → guided by VQ loss.



Theoretical Analysis

Theorem 1 illustrates that the optimized C∗ of VQ objective (7) ensures 
that the obtained IDs from different classes are distinct. Then, we 
demonstrate that with node IDs in the training set, a linear head can be 
learned to achieve a zero classification error.



Experiments: Key Results

Supervised Tasks (Node/Graph Classification, Link Prediction):  

- Matches or outperforms SOTA GNNs.

- 10-1000x Faster Inference:  

ogbn-products: 11.9s → 0.7ms per inference.  

Node IDs, typically comprising 6 to 15 int4 integers, serve as 
effective node representations.



Experiments: Key Results

Unsupervised Tasks (Graph Clustering, Unsupervised Prediction):  

- Matches or outperforms SOTA GNNs.

- Faster Clustering. 

Node IDs, typically comprising 6 to 15 int4 integers, serve as 
effective node representations.



Analysis of Node IDs

Avoiding Codebook Collapse:
It was observed that VQGraph suffers from severe codebook collapse. In contrast, 
NID achieves high codebook utilization, effectively avoiding codebook collapse.



Analysis of Node IDs

Subgraph Retrieval:
Using the  Graph Edit Distance (GED) of Node IDs for subgraph matching yields 
superior results compared to the existing VQGraph tokenizer.



Analysis of Node IDs

Inference Acceleration:
On the ogbn-products dataset (with millions of nodes), NID reduces inference time 
from 11.9 seconds to 0.7 milliseconds.



Analysis of Node IDs

Interpretability:
By analyzing the distribution of Node IDs' codeword indices, it was found that 
they can effectively distinguish between nodes of different categories, 
demonstrating strong interpretability.



Conclusions

https://github.com/LUOyk1999/NodeID

Node IDs without reconstruction task:

⚫ No performance drop → seamless integration with existing GNNs 

⚫ Compact (6-15 dim int4) → ideal for large-scale

⚫ Interpretable → meaningful and human-understandable node 
features
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Thanks for listening!
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