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Given external corpora, RAG retrieves relevant context to augment 
the Large Language Model (LLM)’s generation (e.g., answer).

KET-RAG is based 
on Graph-RAG.
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• a 3.2MB dictionary + GPT-4o-mini = $21
• a single 5GB legal case + GPT-4o-mini = $33,000

Whole corpus → fully read by LLMs → complete KG

Graph-RAG Indexing Example

“Graph-RAG constructs a knowledge 
graph from text chunks to improve 
retrieval in LLM-based QA.”
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• Framework overview

1. A small subset of text is important
(=highly relevant to others in KNN graph)

𝐾-NN graph
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Act I, 
Scene IV

Act II, 
Scene II

Act III, 
Scene I

Romeo

Romeo

Mercutio
(Act I, Scene IV)

Text-keyword graph
from "Romeo and Juliet"

Complete KG 
from "Romeo and Juliet"

2. Text-keyword graph already encodes information from the KG

Log-log Plot of the degree distribution of 𝐾-NN graph

degree (large chunk size) degree (small chunk size)
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Tybalt
(Act III, Scene I)
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• Scenario
• Multi-hop QA (datasets: MuSiQue, HotpotQA)
• open-ended QA (datasets: RAG-QA Arena)

• Existing competitors
• (1) Vanilla RAG(Text-RAG)  (2) KNN-Graph-RAG  

(3) Microsoft’s Graph-RAG (4) Hybrid-RAG  
• (5) HyDE  (6) HippoRAG  (7) LightRAG

• Proposed baselines
• Keyword-RAG, Skeleton-RAG

• Final solutions
• KET-RAG-U, KET-RAG-P

• Overall performance (best = bold, second-best = underlined)
• Main result: KET-RAG-U, KET-RAG-P have superior performance and ≈80% of the cost compared to Graph-RAG

• Answer quality by varying budget (𝛽)

• Answer quality by varying ratio (𝜃)
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