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n The Dominant Paradigm: LLM as Predictor.
Ø LLM as Predictor gained widespread attention due to its strong generalizability across different level tasks 

and diverse datasets/domains.
Ø The core bottleneck: how to feed non-Euclidean graph structure for serialized LLM inputs.
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n Limitations of Existing Approaches.
Ø Graph-to-Text: excessive token consumption, scattered attention and permutation sensitivity.(not concise)
Ø Graph-to-Embedding: severe misalignment, weak cross-modal compatibility. (not accurate)

How to concisely and 
accurately feed graph 
topology information 

into an LLM?
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n Framework of < 𝑺𝑶𝓖𝒌 >
Ø Topology-Aware Graph Tokenizer:

Ø Map each topology to only one structural token < 𝑺𝑶𝓖𝒌 > to provide structural information to 
LLMs (concise)

Ø Hybrid Structure QAs Alignment: 
Ø Design topology-based hybrid QAs instruction tuning to align the embedding space of textual and 

structural tokens (accurate)
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n Topology-Aware Graph Structural Tokenizer:
• Each graph gets an explicit topology-aware structural descriptor < 𝑺𝑶𝓖𝒌 > and nodes are 

pooled by a global node.
For each graph we extract its topology G = 𝑉, 𝐸 and choose the most ”important” node as anchor. Based on anchor node 
we provide each node a spatial coordinate to reinitialize node features. Finally, we add a virtual global node to summarize 
graph-level information to get                                                                            .

• GNN turns explicit structural attributes into topology-aware latent features
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n Topology-Aware Graph Structural Tokenizer:

• Continuous topology features are discretized into LLM-friendly structural vocabulary.
We introduce a learnable vocabulary 𝐶 = 𝑐!, 𝑐", … 𝑐#  and retrieve the nearest vocabulary entry based on Euclidean distance:

Finally, code selection of the global node is chosen as structural token for the graph.
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Use three losses jointly to guide codebook selection:
Reconstruction loss: preserve graph topology by reconstructing adjacency
Codebook update loss: pull codewords toward encoded features
Commitment loss: force encoded features to stay close to selected codewords
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n Token Alignment with Hybrid Structure QAs:
Align newly added structural tokens with native LLM text tokens for unified understanding.
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n Token Alignment with Hybrid Structure QAs:
Align newly added structural tokens with native LLM text tokens for unified understanding.
k-NN-Neighbor Matching: Predict top-k nearest structural tokens for a target token. -> encourages local agreement.

Here is the target structural 
token <SOGi>, and its five 
nearest graph structural tokens 
are:

<SOGj>,…

Large Language Model

Here are two tokens <SOGi> 
and <SOGj>, judge whether 
they represent similar structures 
or not.

Large Language Model

Yes,...

Here is the target graph: node A and 
node B is connected; node A and node C 
is connected ...... The corresponding 
graph structural token is:

Large Language Model

<SOGk>,…

k-NN Match T/F Judgment Description Match
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n Token Alignment with Hybrid Structure QAs:
Align newly added structural tokens with native LLM text tokens for unified understanding.
k-NN-Neighbor Matching: Predict top-k nearest structural tokens for a target token. -> encourages local agreement.
T/F Similarity Judgment: Predict whether two structural tokens represent similar structures.-> clarifies similarity boundary.
Description-Token Matching: Match a textual structural description to its corresponding token.-> bridges text and structural 
understanding.

Here is the target structural 
token <SOGi>, and its five 
nearest graph structural tokens 
are:

<SOGj>,…

Large Language Model

Here are two tokens <SOGi> 
and <SOGj>, judge whether 
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n Performance Comparison
Ø < 𝑺𝑶𝓖𝒌 > achieves the highest average performance across all five graph benchmarks while effectively 

extending to node-level tasks, and effectively aligning with textual tokens in LLMs.
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n Case Study, Ablation Study and Further Eexperiments 

Ø Case study demonstrate consistent alignment, high selectivity and low redundancy of structural tokens.
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n Case Study, Ablation Study and Further Eexperiments 

Ø Ablation studies verify the effectiveness of each module in < 𝑺𝑶𝓖𝒌 > .
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n Aligning Graph Topology Perception with LLMs with a Single Token

n We use a single structural token < 𝑺𝑶𝓖𝒌 > to feed each graph into LLMs and design hybrid 
structure QAs alignment to enable unified topology understanding.
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