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The key system for executing such 
analytics is a graph database
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Title = „Enabling...”
#authors = 4
#equations = 21
#pages = 12
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Weakness: in the naive setup, the LLM 
must infer entity types, relations, filters, 

aggregation, path structure, and business 
semantics all at once from the prompt 

and schema alone

Goal: let a user ask a question in natural language (NL) 
and obtain an answer by querying a graph database.

In the graph setting, this is often called Text2Cypher: generating 
a Cypher query from an NL request, given the graph schema. 

Solution: separate semantics („LLM part”) 
from execution („Non-LLM part”)
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It’s all about LLMs these days... 
But AI is not just LLMs!
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Main challenge: understanding how 

to merge these two conceptually
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We need the right 
encoder!
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Evaluation: Used Machine & Objectives

Main goal: show that LPG2vec 
successfully harnesses the label and 
property information from the LPG 

graph datasets to offer more accurate 
predictions in graph ML tasks
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In same cases, 
accuracy decreases

It is important to understand the data well and 
select the right encoded LPG information 
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