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Recap

Retrieval Augmented Generation
Motivation: Traditional language models rely only on parametric knowledges which are

• hard to fine-tune

• hard to explain (e.g., why is this output generated?)

Idea: Retrieve, then generate

• A retriever retrieves query-relevant documents from a corpus (i.e., database containing text)

• A reader generates the output based on the query and the retrieved results

In this class, we have focused on two aspects of RAG

• How can we retrieve query-relevant documents? How can we use them to generate an answer?

• What are different modalities of retrieving documents? How should we modify our retrieval and 
reading method depending on the modality?
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Introduction
Textual Graphs
In recent years, the correlations between documents are heavily researched.

They can be expressed in the format of textual graphs where

• Nodes express documents

• Edges express the relationships between two documents

Citation graph Recommender system Knowledge graph

Figure 1. Example use cases of textual graphs 3

Some use cases of textual graphs:
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Problem Description
Textual Graph Question Answering
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“How can AI’s recent progress 
advance solar flare prediction?”
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Notation Definition

Textual Graph 

 

 H

 

 



Textual graph RAG problem first retrieves a subgraph from the original textual graph.

• The relationships between documents must be maintained after the retrieval.
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Textual Graph RAG Retrieves a Textual Subgraph
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Two Challenges of GRAG

Textual graph
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Overview of GRAG

- How did the subgraph retriever solve challenge #1?

Questions: 

- How did the reader solve challenge #2?
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Overview of GRAG

- How did the subgraph retriever solve challenge #1?

Questions: 

- How did the reader solve challenge #2?
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Challenge of GRAG’s Retriever
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GRAG’s Retriever
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[SEP]
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Retriever
Soft Pruning (Node & Edge Weighting)    
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Overview of GRAG (Revisited)

- How did the subgraph retriever solve challenge #1?

Questions: 

- How did the reader solve challenge #2?



Challenge #2: How should we deliver a retrieved textual subgraph’s textual (document-based) information and 
topological (relation-based) information jointly to the LLM? 

Motivation: Use two embedders that are specialized for each kind of information.

Idea: 

• (Hard prompting) Embed the textual information of the retrieved subgraphs

• (Soft prompting) Embed the topological information of the retrieved subgraphs
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Challenge of GRAG’s Reader
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GRAG’s Reader
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Reader
Hard Prompting

 

LLM’s Embedder
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Reader
Soft Prompting
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Experiments
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Goals of Experiment

•  



Dataset

• WebQSP
• ExplaGraphs

Metrics

• Recall

• F1

• Hit@1

• Exact Match
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Experiment Settings

Competitors 

• RAG (Retriever)
• BM25
• MiniLM-L12-v2
• LaBSE
• mContriever
• E5
• G-Retriever

• LLMs
• Llama—7b
• Llama-7b

+ Fine-tuning

Example of WebQSP Example of ExplaGraphs
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Accuracy Comparison

GRAG outperforms other RAGs and LLM baselines for both datasets.

• Fine-tuning offers only marginal performance gains in GRAG.
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Parameter Sensitivity



• w/o Retrieval: Uses only parametric knowledge of fine-tuned LLM

• w/o Graph Encoder: Does not use soft prompting in the reader

• w/o Soft Pruning: Does not weight node & edges in the retriever

• w/o Graph Descriptions: Does not use hard prompting in the reader

Weird point: Removing the retriever results in better results than using it partially.
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Ablation Study



APPENDIX
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Equation 1. Formal equation of GRAG.

 

Problem Definition

Textual Graph Retrieval-Augmented Generation (GRAG)
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