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v Powertful sentence embeddings from frozen
decoder-only LLMs like Mistral-7B
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Goal: Produce robust sentence representations from LLMs without requiring any fine-tuning

Key Idea: Reframe pooling as relational learning over latent token similarity graphs, followed by aggregation
Technique: Use a GNN to explictly learn multi-hop linguistic token relationships from frozen LLMs
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learning frameworks (Bronstein et al., 2021)
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