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MOTIVATION

Graph-to-LLM methods pick an extreme. Feed every node (doesn't scale), or
mean-pool into one token (loses topology, as in G-Retriever). Can smarter
compression recover what mean-pooling loses? Is one token all it takes?
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GRAPH POOLING TOKENISATION
METHODS

 Pruning: TopK, Self-Attention Graph Pooling
e Clustering: DiffPool, MinCutPool
e Virtual Nodes for Pooling (VNPool)

Minimise both Cross-Entropy Loss for the LLM
and Pooling Loss for dense graph pooling methods.
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Pooling Loss is added only for DiffPool, MinCutPool

RQ1: Can we replace textual graph tokens using graph pooling tokens alone when training via

Soft Prompt Tuning?

We use k=8 graph tokens, TransformerConv as Graph Transformer and

LLAMA 2-7B.

" Method ExplaGraphs WebQSP
All Tokens 88.3% 56.7%
All Tokens + Textualization 87.3% 71.4%

concatenating with textualised graph tokens via PCST retriever input to

No, we require both textualised subgraph tokens and graph tokens for

more stable Soft Prompt Tuning.

RQ2: Can Low Rank Adapters(LoRA) fme -tuning stabilise the graph pooling tokens?
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LLMs with graph pooling tokens trained via Soft

Prompt Tuning(PT) remain unstable.
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Inserting LORA adapters into the g_proj and v_proj layers reveals that graph pooling tokens stabilise
pruning-based methods such as TopK pooling and SAGPooling. Compared to soft PT it improves
VNPool, but clustering-based approaches, such as DiffPool and MinCutPool, remain unstable.

RQ3: Can we quantify redundant signals from node features or edges alone in our datasets?
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Calculate FandE Score as the normalised intersection On ExplaGraphs, 315 examples are solvable
of solvable sets of predictions of Feature-only model
S(F) and Edge-only model S(E), keeping LLM frozen. FandE Scores across different encoders.
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