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What should I look next?

Addressing real-world problems desire knowledge

Just can’t remember…… What are they talking about?

Solution/Answer

Missing

Knowledge!
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Internet

Knowledge Base

Textbook

Knowledge Base

Neural

Knowledge Base

158 million books 1.1 billion websites 405 billion parameters

ISBN DB 2023 Musemind 2024 Hugging Face 2024

2.5 petabytes, 1 billion books

• We remember meanings, not details.

• We forget on purpose.

• Tiny active memory, Larger long-term memory.

Retrieval Knowledge to Augment

Downstream Task is Necessary!

Real-world knowledge is too much!

https://isbndb.com/blog/how-many-books-are-in-the-world/?utm_source=chatgpt.com
https://isbndb.com/blog/how-many-books-are-in-the-world/?utm_source=chatgpt.com
https://isbndb.com/blog/how-many-books-are-in-the-world/?utm_source=chatgpt.com
https://musemind.agency/blog/how-many-websites-are-there?utm_source=chatgpt.com
https://musemind.agency/blog/how-many-websites-are-there?utm_source=chatgpt.com
https://huggingface.co/blog/llama31
https://huggingface.co/blog/llama31
https://huggingface.co/blog/llama31
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Retrieval-augmented Generation (RAG)

(1) Query 𝑄 (2) ෠𝑄 = 𝛀𝐏𝐫𝐨𝐜𝐞𝐬𝐬𝐞𝐫(𝑄) (3) 𝐶 = 𝛀𝐑𝐞𝐭𝐫𝐢𝐞𝐯𝐞𝐫( ෠𝑄, 𝐺)

(4) መ𝐶 = 𝛀𝐎𝐫𝐠𝐚𝐧𝐢𝐳𝐞𝐫( ෠𝑄, 𝐶) (5) 𝐴 = 𝛀𝐆𝐞𝐧𝐞𝐫𝐚𝐭𝐨𝐫( ෠𝑄, መ𝐶)

(3)

Retriever

Answer

Generator

Knowledge Base
Raw

Data

Indexing

Inquire Return

(2) (4)

(5)

Retrieval-augmented Generation with Graphs (GraphRAG). arXiv 2024

(1)
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RAG in Personalization

Personalization of Large Language Models: A Survey. TMLR 2025
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RAG in Social Influence Steering

Where should we seed the social content to maximize the influence?

What content to maximize the influence?

Engagement

Reward Model

Engagement-Driven Content Generation with Large Language Models. KDD 2025
Amplifying Your Social Media Presence: Personalized Influential Content Generation with LLMs. arXiv 2025

Chen Ling et al.

https://arxiv.org/abs/2305.02200
https://arxiv.org/abs/2305.02200
https://arxiv.org/abs/2305.02200
https://arxiv.org/abs/2305.02200
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RAG in Scientific Review

How can we generate substantive critiques and suggestions?

https://iclr.cc/Conferences/2026/ReviewerGuide 

https://aclrollingreview.org/reviewerguidelines 

Ground the review in official 

rubrics and existing literature!

ReviewGrounder: Improving Review Substantiveness with Rubric-Guided, Tool-Integrated Agents. Under Review.

Deepreview: Improving LLM-based paper review with human-like deep thinking process. ACL 2025

https://iclr.cc/Conferences/2026/ReviewerGuide
https://aclrollingreview.org/reviewerguidelines
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RAG in Drug Discovery

• 119M Compounds

• 329M Substances

• 297M Bioactivities

• 42M Literature

• 54M Patents pubchem

Compounds Knowledge Base

Chemical Property 

Depends on 3D structures

Optimizing the 

binding affinity

≤ −4.9 kcal/mol

Retrieval-based Controllable Molecule Generation. ICLR 2023

https://pubchem.ncbi.nlm.nih.gov/
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RAG in Natural Disaster

Debris Flow Impact ≈ Flowing Concretes

Wildfire → Vegetation Loss + Soil Changes

Decreased Infiltration & Cohesion

Rainfall Runoff Increase

Surface Erosion + Rill Formation

Debris Flow

𝑥 = −3.63 + 0.41𝑋1𝑅 + 0.67𝑋2𝑅 + 0.70𝑋3𝑅

𝑃 = 𝑒𝑥/(1 + 𝑒𝑥) Debris Flow Probability

𝑋1𝑅

𝑋2𝑅

𝑋3𝑅 Soil Erodibility

Burn Severity

Geomorphic
15-min

Rainfall

Accumulation

Triggering

Retrieve all factorsInfographic courtesy of National Weather Service 

Insights from a 25-year database of post-fire debris flows in California. WILDLAND FIRE 2025

Prediction of spatially explicit rainfall intensity–duration thresholds for post-fire debris-flow generation. Geomorphology 2017

https://thebulletin.org/2020/12/double-whammy-after-the-fires-the-mudslides-begin/
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RAG in Agentic AI

Retriever

Answer

Generator

Knowledge Base
Raw

Data

Indexing

Inquire Return

Agent for RAG Management RAG for Agent Memory

User MemoryAgent

Memory in the Age of AI Agents: A Survey Forms, Functions and Dynamics. arXiv 2026
Rethinking Memory Mechanisms of Foundation Agents in the Second Half: A Survey. arXiv 2026

Reasoning Planning

Tool Invocation

Lexical Search

Structure Search

Semantic Search

<Think>Now I need to

find out ……<Think>

Multi-round

RAG
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Retrieval-augmented Generation

Retriever

Answer

Generator

Knowledge Base
Raw

Data

Indexing

Inquire Return

• Real-world knowledge is ubiquitous
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Structured Knowledge is Everywhere – Explicit

Transportation Network

Infrastructure Structure
Gas Network

Power Network

Scientific Structure

Protein

Brain Neural 3D GridPhylogenetic Tree

Small Molecule Virus

Social Interaction Structure

Citation Network

Virtual Village with AI Agents

User-Entity Interaction GraphTransaction Network

Submarine Cable

Terrestrial Cable

System of Systems/Network of Networks

Interdependent social-infrastructures

Retrieval-augmented Generation with Graphs (GraphRAG). arXiv 2024
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Structured Knowledge is Everywhere – Implicit

Document Structure Abstract Syntax Tree

Pages

Section

Section

…

…

[1, 2, 3, 4, 5, 6, 7, 8, 9]

Title: “2 Related Works”
Pages: [2, 3]

Title: “2.1 Tool and Retrieval Augmented LLMs”
Pages: [2]

Table

Caption: “Table 1: GPTriage for Document QA”
Pages: [4]

Structured Metadata Representation

Structure

Extraction

Document

Section 1 Section 2 Section 3

Paragraph 1 Paragraph 2

Table 1 Figure 1
Python

Document

Structure exists in Large Foundational Models

Knowledge Structure Reasoning Structure

Knowledge Homophily in Large Language Models. WSDM 2026
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Retrieval-augmented Generation

Retriever

Answer

Generator

Knowledge Base
Raw

Data

Indexing

Inquire Return

• Real-world knowledge is ubiquitous

• Different knowledge exhibits heterogeneous structures
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Document Knowledge Structure

PDFTriage: Question Answering over Long, Structured Documents. EMNLP 2024
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Social Knowledge Structure

Subreddit Post Tree

Root Post

t1 t3

t2

t4 t5
t7

t6

t0

Comment

A Personalized Conversational Benchmark Towards Simulating Personalized Conversations, arXiv 2025
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Social Knowledge Structure

Engagement-Driven Content Generation with Large Language Models, KDD 2025

User-User/Content Interaction
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Knowledge Graph Structure

Scientific Literature

Institution Author Paper

PaperField of Study

Author PaperPaper

Search

Insights

Publications by University

of Toronto authors on 

Machine Learning

Institution Author Paper

PaperField of Study

MAG

Anatomy

DiseaseGene/Protein

Symptom

Medical Treatment

Biomedical Healthcare

Drug

Protein
Gene

Anatomy

Disease

Molecule

Phenotype

Interact

with

Interact

with

Expression

present

Present/

absent

Cure

Present/

absent

Drug Disease

Gene/Protein

What is the name of the 

inflammatory disease 

targeting the small intestine?

Anatomy Disease

Symptoms DiseasePrime

Profile/

Interest

Recommendation

E-commerce 

Personalization

Brand Product

ProductProduct

Color Product

Category Product

Category
- 

Can you suggest some imported 

women's yoga pants with a stylish 

screen print on the left leg?

Category Product

Style Disease

Category
- 

Amazon

Stark: Benchmarking LLM retrieval on textual and relational knowledge bases, NeurIPS 2024

https://www.google.com/url?sa=i&url=https%3A%2F%2Fwww.flaticon.com%2Ffree-icon%2Fcategory_1077340&psig=AOvVaw14TPHmaRiYxoc6y4LVN5d1&ust=1761056360444000&source=images&cd=vfe&opi=89978449&ved=0CBYQjRxqFwoTCPClitT8spADFQAAAAAdAAAAABAE
https://www.google.com/url?sa=i&url=https%3A%2F%2Fwww.flaticon.com%2Ffree-icon%2Fcategory_1077340&psig=AOvVaw14TPHmaRiYxoc6y4LVN5d1&ust=1761056360444000&source=images&cd=vfe&opi=89978449&ved=0CBYQjRxqFwoTCPClitT8spADFQAAAAAdAAAAABAE
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Agentic Memory Knowledge Structure

Memory in the Age of AI Agents: A Survey Forms, Functions and Dynamics. arXiv 2026
Rethinking Memory Mechanisms of Foundation Agents in the Second Half: A Survey. arXiv 2026
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Retrieval-augmented Generation

Retriever

Answer

Generator

Knowledge Base
Raw

Data

Indexing

Inquire Return

• Real-world knowledge is ubiquitous

• Different knowledge exhibits heterogeneous structures

• Different structured knowledge requires RAG strategy design
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Integrate Structured Knowledge into RAGs

Mining: Is there any structure knowledge in the problem we study?

Representation: If so, how to represent this structural knowledge?

Integration: After represent, how to infuse it into RAG?

Structural

Knowledge

Mining

Representation

Integration
Trust

Mining Representation Integration

Gun Control Opinion

Birds of a feather 

flock together

Citation Network

1 2

3 5

4 6

2 4

…

7 9

8 0

… ……

Dating Network

Graph Adjacency

List
N-Gram

Table

Physical Rule AST Tree

2

1

43 1

5 4 1 6 1 7 2 1 2 4 3

Message-

passing

Structure Embedding Fusing

LLaGA: Large Language and Graph Assistant. ICML 2024
Conditional Memory via Scalable Lookup: A new axis of sparsity for LLMs. arXiv 2026 - DeepSeek

Reasoning by Exploration on Graphs. WWW 2026 GraphDancer. arxiv 2026
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Integrate Structured Knowledge into RAGs

Answer

Knowledge

Base

Raw

Data

Indexing

Inquire Return

Agentic

RAGs

(1) User Extraction

(2) Knowledge Base Poisoning

(4) System Hardware

Fault Injection

(3) Workflow Profiling

Healthcare

Legal

Education

Cybersecurity

Data/Model Extraction

Structured Knowledge

Extraction

A survey on model extraction attack and defenses for LLMs. KDD 2025

Benchmarking Knowledge-Extraction Attack and Defense on Retrieval-Augmented Generation. ArXiv 2026
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Integrate Structured Knowledge into RAGs

Mining: Is there any structure knowledge in the problem we study?

Representation: If so, how to represent this structural knowledge?

Integration: After represent, how to infuse it into RAG?

Structural

Knowledge

Mining

Representation

Integration
Trust

Document

& Table

30 min

Scientific

Literature

30 min

Knowledge

Graph

30 min

Security &

Privacy

30 min

Haoyu Han

9:30-10:00 am

Harry Shomer

11:30-12:00 am

Yu Zhang

11:00-11:30 am

Personalized

& Social

30 min

Utkarsh Sahu

10:00-10:30 am

Zhisheng Qi

12:00-12:30 am

Coffee Break (10:30-11:00)
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Integrate Structured Knowledge into RAGs

Mining: Is there any structure knowledge in the problem we study?

Representation: If so, how to represent this structural knowledge?

Integration: After represent, how to infuse it into RAG?

Structural

Knowledge

Mining

Representation

Integration
Trust

Document

& Table

30 min

Scientific

Literature

30 min

Knowledge

Graph

30 min

Security &

Privacy

30 min

Haoyu Han

9:30-10:00 am

Harry Shomer

11:30-12:00 am

Yu Zhang

11:00-11:30 am

Personalized

& Social

30 min

Utkarsh Sahu

10:00-10:30 am

Zhisheng Qi

12:00-12:30 am

Coffee Break (10:30-11:00)
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Document Graph

Connections between different documents or various granularity of documents.

Why should we build document graphs? 

Entity

Entity

Entity
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Document Graph Motivation - Beyond Semantic Similarity

Question

High 

similarity

Connection

Target documents may have low similarity with the question.

But can still be retrieved via graph-based connections.

Target Document
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Document Graph Motivation - Multi-hop Reasoning

The graph structure inherently supports multi-hop reasoning.

Cognitive graph for multi-hop reading comprehension at scale. ACL 2019
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Document Graph Motivation - Global Summarization

Hierarchical graph structure supports global information retrieval.

Hierarchical graph representation learning with differentiable pooling. NeurIPS 2018
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Document Graph Construction – Explicit Construction

Building graphs using (pre)-defined relationships present in the data.

Citation Web Hyperlinks

Social Relation Spatial Relation

User

Profile Traffic

Document
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Document Graph Construction – Explicit Construction

PDFTriage: Question Answering over Long, Structured Documents. EMNLP 2024

Building graphs by leveraging latent relations between nodes

Document Structure
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Tabular Graph Construction – Explicit Construction

Supervised Learning on Relational Databases with Graph Neural Networks, arXiv’20

Building graphs by leveraging database schema
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Document Graph Construction – Implicit Construction

Building graphs by leveraging latent or implicit relations between nodes

Word Co-Occurrence Semantic Similarity

Roses are red

Violets are blue

Sugar is sweet

Text Embedding Space
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Document Graph Construction – Implicit Construction

Building graphs by leveraging latent or implicit relations between nodes

Entity and Relation Extraction
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Document Graph Construction – Implicit Construction

Leverage Large Language Models
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Document Graph – Question-Answering

Retrieval-Augmented Generation with Knowledge Graphs for Customer Service Question-Answering. SIGIR 2024

Leverage the solution of previous tickets to answer the current ticket

Inter-Relations:

• Clone

• Similarity
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Document Graph – Question-Answering

Retrieval-Augmented Generation with Knowledge Graphs for Customer Service Question-Answering. SIGIR 2024

Leverage the solution of previous tickets to answer the current ticket
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Document Graph – Question-Answering

From RAG to Memory: Non-Parametric Continual Learning for Large Language Models. arXiv 2024

HippoRAG 2 - Implicit graph construction from documents

1. Triplet Construction: LLMs extract entities/relations

2. Identify synonymous entities and connect them

3. Connect Extracted Entities with Originating Passages
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Document Graph – Question-Answering

From RAG to Memory: Non-Parametric Continual Learning for Large Language Models. arXiv 2024

1. Passage Retrieval by Semantic Similarity

2. Triplets-Retrieval

a. Query Entity Extraction and map to the graph

b. Similarity (Query, Nodes) 

c. Similarity (Query, Triplets) 

3. Retrieve on the Graph: Personalized PageRank search

4. Answer Generation

HippoRAG 2 - Retrieval & QA
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Document Graph – Question-Answering

GraphRAG is typically more effective for multi-hop QA.

From RAG to Memory: Non-Parametric Continual Learning for Large Language Models. arXiv 2024
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Document Graph – Question-Answering

Lexical similarity 

Semantic similarity

Document Structure

Knowledge graph prompting for multi-document question answering. AAAI 2024
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Document Graph – Question-Answering

Knowledge graph prompting for multi-document question answering. AAAI 2024

1. Graph Construction

a. TF-IDF construction

b. KNN construction

c. Connect passages share same entity

d. Add Table/Page Document Meta-Structure
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Document Graph – Question-Answering

2. Retrieval (LLM traversal agent for reasoning and grounding)

a. Initialize the seeding passage with similarity search

b. LLMs predict the next passage to explore 

c. Retrieve passages based on LLM's generation

Logically right but factually wrong

generation and then match!

Knowledge graph prompting for multi-document question answering. AAAI 2024
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Document Graph – Question-Answering

Raptor: Recursive abstractive processing for tree-organized retrieval. ICLR 2024

RAPTOR – Tree-based Retrieval
Tree structure to capture High/Low-level information

1. Graph Construction

a. Represent each leaf node as a text chunk 

b. Apply clustering algorithms to group related chunks 

c. Summarize each cluster to form higher-level nodes

d. Repeat the construction process
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Document Graph – Question-Answering

Raptor: Recursive abstractive processing for tree-organized retrieval. ICLR 2024

RAPTOR – Tree-based Retrieval
Tree structure to capture High/Low-level information

2. Retrieval

a. Tree Traversal Retrieval: Root-to-Leaf Traversal, Progressively Narrowing Down

b. Collapsed Tree Retrieval: Flatten Tree Structure, Independently Retrieve
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Document Graph – Question-Answering

Raptor: Recursive abstractive processing for tree-organized retrieval. ICLR 2024

RAPTOR – Tree-based Retrieval
Tree structure to capture High/Low-level information

Tree-based retrieval improves global QA performance.
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Document Graph – Question-Answering

GraphRAG-R1 – Iterative Retrieval

GraphRAG-R1: Graph Retrieval-Augmented Generation with Process-Constrained Reinforcement Learning. WWW 2026
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Document Graph – Question-Answering

GraphRAG-R1 – RL-enhanced Retrieval

GraphRAG-R1: Graph Retrieval-Augmented Generation with Process-Constrained Reinforcement Learning. WWW 2026
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Document Graph – Question-Answering

GraphRAG-R1 – Reward Design

1.    Format Reward

a. <|begin_of_query|>...<|end_of_query|>  (Call external retrieval tools)

b. <|begin_of_documents|> ... <|end_of_documents|>

2.     Progressive Retrieval Attenuation (PRA) to encourage multiple retrieval

3.     Cost-Aware F1 (CAF) 

GraphRAG-R1: Graph Retrieval-Augmented Generation with Process-Constrained Reinforcement Learning. WWW 2026
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Document Graph – Question-Answering

GraphRAG-R1: Graph Retrieval-Augmented Generation with Process-Constrained Reinforcement Learning. WWW 2026
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Tabular Graph – Question-Answering

MultiTableQA

GTR: Graph-Table-RAG for Cross-Table Question Answering. arXiv 2025
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Tabular Graph – Question-Answering

GTR: Graph Construction

GTR: Graph-Table-RAG for Cross-Table Question Answering. arXiv 2025
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Tabular Graph – Question-Answering

GTR: Retrieval

Hyperedge Retrieval Table retrieval

GTR: Graph-Table-RAG for Cross-Table Question Answering. arXiv 2025
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Document Graph – Document Summarization

From local to global: A graph rag approach to query-focused summarization. arXiv 2024

Microsoft GraphRAG

Corpus to summarize too large vs LLM context window is limited

Extract a knowledge graph 

from the whole corpus.

Hierarchical Community

Detection and Summarization

Multiple Granularities
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Document Graph – Document Summarization

From local to global: A graph rag approach to query-focused summarization. arXiv 2024

Microsoft GraphRAG

1. Local Retrieval from leaf nodes

2. Global Retrieval from summarization nodes

Rag vs. GraphRAG: A systematic evaluation and key insights. arXiv 2025
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Document Graph – Document Summarization

Microsoft GraphRAG

GraphRAG is typically superior in both comprehensiveness and diversity.

From local to global: A graph rag approach to query-focused summarization. arXiv 2024
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Document Graph – Document Retrieval

G-RAG：A document-graph-based reranker 

Don't forget to connect! improving rag with graph-based reranking. arXiv 2024

AMR graph: Ryan's description 

of himself: a genius

1. Graph Construction

a. Build Abstract Meaning Representation (AMR) graphs

b. Connect documents share same nodes
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Document Graph – Document Retrieval

G-RAG：A document-graph-based reranker 

2.  GNNs for Reranking

Document and query embedding:

Ranking based on the similarity:

Ranking loss

Don't forget to connect! improving rag with graph-based reranking. arXiv 2024
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RAG vs. GraphRAG

RAG vs. GraphRAG: A systematic evaluation and key insights. arXiv 2025

A systematic evaluation between RAG and GraphRAG.
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RAG vs. GraphRAG: QA Task

RAG vs. GraphRAG: A systematic evaluation and key insights. arXiv 2025

• RAG excels on detailed single-hop queries.

• GraphRAG usually excels on multi-hop queries.

• Community-GraphRAG (Global) often struggles on QA tasks.

• KG-based GraphRAG also generally underperform on QA tasks due to the incomplete graph.

Single-Hop Multi-Hop
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RAG vs. GraphRAG: QA Task

RAG vs. GraphRAG: A systematic evaluation and key insights. arXiv 2025

• Advanced techniques such as reranking and iterative retrieval can enhance the performance of 

both RAG and GraphRAG.

• The conclusions regarding RAG and GraphRAG remain valid under these advanced settings.
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RAG vs. GraphRAG: QA Task

RAG vs. GraphRAG: A systematic evaluation and key insights. arXiv 2025

RAG and GraphRAG are Complementary!

Combining RAG and GraphRAG yields better performance!
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RAG vs. GraphRAG: Summarization Task

RAG vs. GraphRAG: A systematic evaluation and key insights. arXiv 2025

Ground Truth (Human Answer) as Judge

RAG aligns more closely with human-written answers.
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RAG vs. GraphRAG: Summarization Task

RAG vs. GraphRAG: A systematic evaluation and key insights. arXiv 2025

1. Strong position bias is observed

2. Community-based GraphRAG with global search prefers corpus global structure

LLM as Judge
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Integrate Structured Knowledge into RAGs

Mining: Is there any structure knowledge in the problem we study?

Representation: If so, how to represent this structural knowledge?

Integration: After represent, how to infuse it into RAG?

Structural

Knowledge

Mining

Representation

Integration
Trust

Document

& Table

30 min

Scientific

Literature

30 min

Knowledge

Graph

30 min

Security &

Privacy

30 min

Haoyu Han

9:30-10:00 am

Harry Shomer

11:30-12:00 am

Yu Zhang

11:00-11:30 am

Personalized

& Social

30 min

Utkarsh Sahu

10:00-10:30 am

Zhisheng Qi

12:00-12:30 am

Coffee Break (10:30-11:00)
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Personalization

Personalization of Large Language Models: A Survey, TMLR 2025
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Social Dynamics

Engagement-Driven Content Generation with Large Language Models, KDD 2025  

Community 

Evolution

Retweet

Cascade

Popularity Prediction

Influence Maximization

Ling et al. (2023)
Ling et al. (2023)

Dakiche et al. (2019)
Dakiche et al. (2019)

https://proceedings.mlr.press/v202/ling23b/ling23b.pdf
https://www.sciencedirect.com/science/article/abs/pii/S0306457317305551
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Why RAG? : The Bridge

RAG:
News Articles

CrediRAG: Network-Augmented Credibility-Based Retrieval for Misinformation Detection in Reddit, WWW 2025 | LaMP: LLMs Meet Personalization, ACL 2024

User u

Cite ?

Ref. 1

Ref. 2
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Structured Knowledge: Personalization

Personalization of Large Language Models: A Survey, TMLR 2025 | Deep Learning on Knowledge Graph for Recommender System: A Survey, arXiv 2020

Social Graph
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Structured Knowledge: Forum-based Social Networks

Subreddit Post Tree

Root Post

t1 t3

t2

t4 t5
t7

t6

t0

Comment

Reddit: Researchers found a strain of bacteria buried under 5000 year of cave....

r/Science r/Politics r/Finance

www.reddit.com/dev/api/

www.reddit.com/dev/api/ www.moltbook.com/developers

https://www.reddit.com/r/science/comments/1r72xyw/researchers_found_a_strain_of_bacteria_buried/
https://www.reddit.com/dev/api/
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Forum-based Social Networks: Moltbook

Root Post

t1 t3

t2
t4 t5

t7

t6

t0

Comment

Technical Advisory: OpenClaw Exploitation in Enterprise Networks

r/Science r/Politics r/Finance

Moltbook

(Persona/

Identity)

https://businessinsights.bitdefender.com/technical-advisory-openclaw-exploitation-enterprise-networks
https://businessinsights.bitdefender.com/technical-advisory-openclaw-exploitation-enterprise-networks
https://businessinsights.bitdefender.com/technical-advisory-openclaw-exploitation-enterprise-networks
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Structured Knowledge: Micro-blogging Social Networks

MUFFLE: Multi-Modal Fake News Influence Estimator on Twitter, Applied Sciences 2022 

Retweet Network

Follow Networkhttps://docs.bsky.app

https://docs.bsky.app

https://www.reddit.com/dev/api/
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Applications: Social-LLM

Challenge: Graph Representation heterogenous multimodality

      LLMs           structure

Solution:

Social-LLM: Modeling User Behavior at Scale using Language Models and Social Network Data, Sci 2025

Key Insight: 

Outperformed both pure-text and pure-network 

baselines across 7 datasets.

Retrieves User-content 

User i User j

Cosine Similarity

Connected via edge k

User u

Social-LLM

Embeddings

Classification, etc.
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Applications: Social-RAG

Challenge: AI agents miss the shared context of the previous chat.

Solution:

Social-RAG: Retrieving from Group Interactions to Socially Ground AI Generation, CHI 2025

Key Insight: 75.7% conversations were human-rated relevant.
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Applications: Recommendation Systems 

Alleviating the Long-Tail Problem in Conversational Recommender Systems, RecSys 2023

Challenge: Long-Tail Problem - Few Interactions

Solutions:

• CoRaL: RL Agent based Retrieval

• K-RagRec: High Order Ineractions
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Applications: CoRaL

CoRAL: Collaborative Retrieval-Augmented Large Language Models Improve Long-tail Recommendation, KDD 2024

Long-Tail Problem: Few Interactions

LLM Reasoning

Problem:

Too many interactions

LLM

(a) Conventional LLM reasoning process.

….
Source: PGL

Source: PGL

https://pgl.readthedocs.io/en/latest/quick_start/hetergraph_quick_start.html#example-of-heterogenous-graph
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Applications: CoRaL

CoRAL: Collaborative Retrieval-Augmented Large Language Models Improve Long-tail Recommendation, KDD 2024

Long-Tail Problem: Few Interactions

LLM Reasoning

Problem:

Too many interactions

Solution:

RL Agent  → Retrieval

Key Insights: Avg. 21.1%     for AUC

Avg. 25.1%      for F1 (b) Collaborative Retrieval Augmented LLM reasoning process.

RL Agent: 

Minimal Sufficient Info.
LLM
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Applications: K-RagRec

Knowledge Graph Retrieval-Augmented Generation for LLM-based Recommendation, ACL 2025

Challenge: LLM Rec. Systems suffer 2) Outdated Knowledge1) Hallucination

Solution:
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Applications: K-RagRec

Knowledge Graph Retrieval-Augmented Generation for LLM-based Recommendation, ACL 2025

Challenge: LLM Rec. Systems suffer 2) Outdated Knowledge1) Hallucination

Solution:
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Applications: K-RagRec

Knowledge Graph Retrieval-Augmented Generation for LLM-based Recommendation, ACL 2025

Challenge: LLM Rec. Systems suffer 2) Outdated Knowledge1) Hallucination

Solution:



80

Applications: K-RagRec

Knowledge Graph Retrieval-Augmented Generation for LLM-based Recommendation, ACL 2025

Insights: Llama-2 Hallucination     93.1%; Accuracy     41.6%   
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Applications: Explainable Recommendation System

Explanation Mining: Post Hoc Interpretability of Latent Factor Models for Recommendation Systems, KDD 2018

Challenge: 

Graph/embeddings ≠ Natural Language Explanation

           Representation Mismatch

Recommendation + Human readable Explanation

GNN (Embeddings) LLMUser/Item Graph Explanation
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Applications: G-Refer

G-Refer: Graph Retrieval-Augmented Large Language Model for Explainable Recommendation, WWW 2025

Converting network paths into 

text for LLM to reason over.

Solution:

Challenge: 

Representation Mismatch



83

Applications: G-Refer

G-Refer: Graph Retrieval-Augmented Large Language Model for Explainable Recommendation, WWW 2025

Converting network paths into 

text for LLM to reason over.

Solution:

Prune easy profile-explainable 

samples

Interest: 

Avengers

Name: 

Avengers: Endgame
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Applications: G-Refer

G-Refer: Graph Retrieval-Augmented Large Language Model for Explainable Recommendation, WWW 2025

Key Insights:

~ 8% Improvement on Recall;

Human Evaluators prefer in 

80% cases.

Converting network paths into 

text for LLM to reason over.

Solution:
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Applications: SKAPP

Improving Multimodal Social Media Popularity Prediction via Selective Retrieval Knowledge Augmentation, AAAI 2025

Challenge: Popularity prediction methods for social posts lack context

Solution:

Great Beach!

#summer
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Applications: SKAPP

Improving Multimodal Social Media Popularity Prediction via Selective Retrieval Knowledge Augmentation, AAAI 2025

Challenge: Popularity prediction methods for social posts lack context

Solution:

Great Beach!

#summer
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Applications: SKAPP

Improving Multimodal Social Media Popularity Prediction via Selective Retrieval Knowledge Augmentation, AAAI 2025

Challenge: Popularity prediction methods for social posts lack context

Solution:

Great Beach!

#summer

Key Insights:

26.68% to 48.19% relative improvement;

Selective Refiner is Critical
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Applications: LAID

An LLM-enhanced Agent-based Simulation Tool for Information Propagation, IJCAI 2024

Challenge: Information Diffusion models ignore content

                   and How it changes as it spreads

Solution:
Influence Probability:

𝒑𝒊𝒋
𝒌 = 𝜶 ⋅ 𝒔𝒊𝒎 𝒎𝒌 𝒗𝒊 + 𝟏 − 𝜶 ⋅ 𝒔𝒊𝒎 𝒗𝒊 𝒗𝒋

Key Insight:

Open-ended messages resulted in 

the highest degree of information 

alteration across the network.

S1: Political Election

S4: Daily Conversation
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Applications: Engagement-Driven Content Generation

Engagement-Driven Content Generation with Large Language Models, KDD 2025

𝑶𝒑𝒊𝒏𝒊𝒐𝒏 𝒖 = 𝒙𝒖 ∈ [0,1]

PPO Training Loop:

• Generate post 𝒕 ∼ 𝑳𝑳𝑴 𝒒

• Score: 

• 𝒇𝒕 = 𝑭𝒍𝒖𝒆𝒏𝒄𝒚 𝒕

• ∣ 𝑨 ∣= # 𝐞𝐧𝐠𝐚𝐠𝐞𝐝 𝐮𝐬𝐞𝐫𝐬

• Reward + update:

    𝑹 = 𝒇𝒕 ⋅∣ 𝑨 ∣ → PPO (KL ≤ 𝝉)

Retrieve: 

Local Neighborhood + User Opinions

𝑺𝒆𝒏𝒕𝒊𝒎𝒆𝒏𝒕 𝒕 = 𝒔𝒕 ∈ [0,1]

Engage if ∣ 𝒔𝒕 − 𝒙𝒖 ∣< 𝝐

Engagement Model

Challenge: LLM strong in one-on-one persuasion

                   How to optimize for Social Networks?

Solution:
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Applications: Engagement-Driven Content Generation

Engagement-Driven Content Generation with Large Language Models, KDD 2025

Engage if ∣ 𝒔𝒕 − 𝒙𝒖 ∣< 𝝐

Engagement Model

𝑺𝒆𝒏𝒕𝒊𝒎𝒆𝒏𝒕 𝒕 = 𝒔𝒕 ∈ [0,1]

Challenge: LLM strong in one-on-one persuasion

                   How to optimize for Social Networks?

Solution:

Key Insight:
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Future Work

Modeling Human Psychology & Behavior Modeling Social Environment

Social Network Security

Privacy-Aware Personalization Unbiased Personalization
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Integrate Structured Knowledge into RAGs

Mining: Is there any structure knowledge in the problem we study?

Representation: If so, how to represent this structural knowledge?

Integration: After represent, how to infuse it into RAG?

Structural

Knowledge

Mining

Representation

Integration
Trust

Document

& Table

30 min

Scientific

Literature

30 min

Knowledge

Graph

30 min

Security &

Privacy

30 min

Haoyu Han

9:30-10:00 am

Harry Shomer

11:30-12:00 am

Yu Zhang

11:00-11:30 am

Personalized

& Social

30 min

Utkarsh Sahu

10:00-10:30 am

Zhisheng Qi

12:00-12:30 am

Coffee Break (10:30-11:00)
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Explosion of Scientific Text Data

• The volume of scientific publications is 

growing exponentially.

• Doubling every 12 years [1]

• Reaching 240,000,000 in 2019 [2]

[1] A Century of Science: Globalization of Scientific Collaborations, Citations, and Innovations. KDD 2017.

[2] Microsoft Academic Graph: When Experts are Not Enough. Quantitative Science Studies 2020.

[3] https://www.economist.com/science-and-technology/2020/05/07/scientific-research-on-the-coronavirus-is-being-released-in-a-torrent 

• Papers on emerging topics can be released in a 

torrent.

• About 4,000 peer-reviewed papers on COVID-

19 by the end of April 2020 [3]

• DeepSeek-R1 was uploaded to arXiv on January 

22, 2025 and cited 578 times on April 8, 2025.
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RAG on Scientific Literature

Explosion of Scientific Text Data

• The volume of scientific publications is 

growing exponentially.

• Doubling every 12 years [1]

• Reaching 240,000,000 in 2019 [2]

[1] A Century of Science: Globalization of Scientific Collaborations, Citations, and Innovations. KDD 2017.

[2] Microsoft Academic Graph: When Experts are Not Enough. Quantitative Science Studies 2020.

[3] https://www.economist.com/science-and-technology/2020/05/07/scientific-research-on-the-coronavirus-is-being-released-in-a-torrent 

• Papers on emerging topics can be released in a 

torrent.

• About 4,000 peer-reviewed papers on COVID-

19 by the end of April 2020 [3]

• DeepSeek-R1 was uploaded to arXiv on January 

22, 2025 and cited 578 times on April 8, 2025.How can we help researchers stay updated 

on their fields of interest?

https://www.economist.com/science-and-technology/2020/05/07/scientific-research-on-the-coronavirus-is-being-released-in-a-torrent
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How can NLP assist scientific research?

Finding Relevant Literature Understanding Literature

• Example tasks:

• “Retrieve top-cited papers relevant to both 

Betacoronavirus and Paxlovid.”

• “Find papers published in Nature refuting the 

claim CX3CR1 impairs T cell survival.”

• Example tasks:

• “Which protein is relevant to 

Parkinson's disease?”

• “What is the relation between Tremor 

and Sleeping Disorder.”
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How can NLP assist scientific research?

Generating Hypotheses and Suggesting Directions Reviewing Research Outcomes

• Example tasks:

• “Generate a new hypothesis on polypharmacy 

side effects.”

• “Evaluate the novelty of using GNNs for 

polypharmacy side effect prediction in 

comparison with previous studies.”

• Example tasks:

• “Provide constructive feedback to the 

following paper.”

• “Revise the paper according to the 

following reviews.”
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Have LLMs fully solved all these tasks?

ChatGPT 3.5, queried on January 23, 2024

HIN2Vec was 

published in 

CIKM 2017.

HIN2Vec was 

written by 

Tao-yang Fu,

Wang-Chien Lee, 

and Zhen Lei.
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Have LLMs fully solved all these tasks?

ChatGPT 4o, queried on October 12, 2024
Transformer was published 

in NeurIPS 2017.



99

RAG on Scientific Literature

Have LLMs fully solved all these tasks?

DeepSeek-R1-Distill-Llama-70B, queried on March 21, 2025 DeepWalk was published 

in KDD 2014.

How to make LLMs aware of 

external (structured) 

information?
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How to make LLMs aware of external information?

• RAG

• Teach an LLM to know one more edge, and you help it answer one question; teach an LLM to explore the 

graph, and you help it answer many questions.

What is the most cited 

paper in WWW 2017?

Hallucinating!

Directly generating

the answer

Querying

(e.g., function call)

Augmenting

the input

Neural 

Collaborative 

Filtering

Academic Graph

Correct Answer!

Reasoning
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What if we need multiple rounds of information seeking?

• Iterative reasoning, interaction and execution

• Reasoning – The LLM analyzes: (1) what additional external information from the graph is 

required; and (2) whether the question is answerable with the current contexts from graphs.

Graph Chain-of-Thought: Augmenting Large Language Models by Reasoning on Graphs. Findings of ACL 2024.
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What if we need multiple rounds of information seeking?

• Iterative reasoning, interaction and execution

• Interaction – The LLM writes function calls.

• Execution – The LLM fetches relevant information.

Graph Chain-of-Thought: Augmenting Large Language Models by Reasoning on Graphs. Findings of ACL 2024.
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Idea 1: Chain-of-Thought (CoT) Prompting

• Add a series of intermediate reasoning steps in the demonstration examples(s)

• Get the model to explain its reasoning steps before making an answer

Chain-of-Thought Prompting Elicits Reasoning in Large Language Models. NeurIPS 2022.

Graph Chain-of-Thought: Augmenting Large Language Models by Reasoning on Graphs. Findings of ACL 2024.
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Performance Comparison

R-L: ROUGE-L (lexical overlap with the ground-truth answer)

GPT4score: Ask GPT-4 to judge if the prediction and the ground truth are equivalent.

Graph Chain-of-Thought: Augmenting Large Language Models by Reasoning on Graphs. Findings of ACL 2024.



105

RAG on Scientific Literature

Performance of Graph-CoT at Different Difficulty Levels

• Easy questions: one-step reasoning/interaction

• “Who are the authors of {paper}?”

• Medium questions: multi-step reasoning/interaction

• “Who is the closest collaborator with {author} 

in {year}?”

• Hard questions: graph information alone is not 

sufficient to answer the question, but the graph can 

be useful by providing informative context

• “Which paper should be recommended to the 

reader of {paper}?”

0

20

40

60

Academic Healthcare

G
P

T4
sc

o
re

Easy

N/

A

Graph Chain-of-Thought: Augmenting Large Language Models by Reasoning on Graphs. Findings of ACL 2024.
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Idea 2: Reinforcement Learning (RL)

• Establish some criteria (e.g., whether the final answer is correct, whether the graph function call 

format is correct)

• The model receives the corresponding reward if its output satisfies these criteria.

• Train the model to maximize the reward

DeepSeek-R1 Incentivizes Reasoning in LLMs through Reinforcement Learning. Nature 2025.
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Internalizing LLMs’ Ability to Interact with Graphs via RL

• State 𝑠

• Question text 

• History of reasoning (<think>...</think>) and actions (<graph>...</graph>)

• History of graph observations (nodes/edges returned so far)

• Action 𝑎

• Reasoning

• Writing a graph function call

• Generating the final answer

• Environment

• Graph

GraphDancer: Training LLMs to Explore and Reason over Graphs via Curriculum Reinforcement Learning. arXiv 2026.
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Internalizing LLMs’ Ability to Interact with Graphs via RL

GraphDancer: Training LLMs to Explore and Reason over Graphs via Curriculum Reinforcement Learning. arXiv 2026.
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Easy-to-Hard Curriculum RL

• Learning principles from simpler problems and applying them to more complex ones

• One-hop information seeking → Multi-hop information seeking

• Gradually increase the proportion of harder questions during training

“Who wrote 

Paper X?”

“How many 

papers were 

published in the 

same venue as 

Paper X?”

“Which venue did 

Author A and 

Author B 

collaborate 

most?”

GraphDancer: Training LLMs to Explore and Reason over Graphs via Curriculum Reinforcement Learning. arXiv 2026.
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Performance Comparison

GraphDancer: Training LLMs to Explore and Reason over Graphs via Curriculum Reinforcement Learning. arXiv 2026.

• We train GraphDancer on only one domain (i.e., Academic) and evaluate it on the other 

domains.

• During evaluation, there are never-seen-before, completely out-of-distribution question types.

• Despite using only a 3B backbone, GraphDancer outperforms Graph-CoT equipped with either a 

14B backbone or GPT-4o-mini.
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RAG for Brainstorming and Long-Horizon Reasoning
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OpenResearcher
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OpenResearcher

• A deep research agent capable of 100-step information seeking and reasoning

• Live demo: https://huggingface.co/spaces/OpenResearcher/OpenResearcher 

OpenResearcher: A Fully Open Pipeline for Long-Horizon Deep Research Trajectory Synthesis. Under Review.

https://huggingface.co/spaces/OpenResearcher/OpenResearcher
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How can LLMs learn to perform long-horizon research?

• We train LLMs using long-horizon information seeking and reasoning trajectories.

• How to synthesize such trajectories?

• Challenge 1: Number of steps

• Vanilla RAG: 1 step

• Search-R1 / Graph-CoT / GraphDancer: 2-5 steps

• Scientific research: often 20-100 steps

• Challenge 2: No offline environment

• Most approaches rely on live search APIs

• Expensive

• Non-deterministic

OpenResearcher: A Fully Open Pipeline for Long-Horizon Deep Research Trajectory Synthesis. Under Review.
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Solution: GPT-OSS-120B + An Offline Corpus + A Retriever

• Practical Observation 1: GPT-OSS-120B is good at long-horizon searching.

• Practical Observation 2: We can replace expensive, non-deterministic online search APIs with a 

locally served search engine.

OpenResearcher: A Fully Open Pipeline for Long-Horizon Deep Research Trajectory Synthesis. Under Review.

retrieve candidate 

documents given a 

query → search

inspect a 

document in detail 

→ open

locate specific 

evidence within a 

document → find

overall objective: 

simulate the scenario 

of online search
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Performance Comparison

• GPT-OSS-120B + an offline corpus + a retriever → long-horizon trajectories

• Use these trajectories to fine-tune a smaller model: Nemotron-3-Nano-30B-A3B-Base

BrowseComp-

Plus

(Offline Corpus)

Online Corpus
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RAG for Paper Reviewing
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How should we evaluate the novelty of a submission?

• The authors claim that their method is novel. 

• By searching for and comparing with prior related work, identify 

the key distinctions of this submission. 

ReviewGrounder: Improving Review Substantiveness with Rubric-Guided, Tool-Integrated Agents. Under Review.

retrieval

generatio

n

ground the review in 

prior related work!
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How can we generate substantive critiques and suggestions?

• Superficial and formulaic comments (e.g., “add more 

datasets/tasks”) 

• Follow official reviewer guidelines that specify what to attend 

to in different review sections and which criteria to consider 

across evaluation dimensions 

ReviewGrounder: Improving Review Substantiveness with Rubric-Guided, Tool-Integrated Agents. Under Review.

https://iclr.cc/Conferences/2026/ReviewerGuide https://aclrollingreview.org/reviewerguidelines 

ground the review in 

official rubrics!

https://iclr.cc/Conferences/2026/ReviewerGuide
https://aclrollingreview.org/reviewerguidelines
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Performance Comparison

ReviewGrounder: Improving Review Substantiveness with Rubric-Guided, Tool-Integrated Agents. Under Review.

• ReviewGrounder, using a Phi-4-14B drafter and a GPT-OSS-120B grounding stage, consistently 

outperforms baselines with substantially stronger/larger backbones (e.g., GPT-4.1 and DeepSeek-

R1-670B) in both alignment with human judgments and rubric-based review quality.
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Integrate Structured Knowledge into RAGs

Mining: Is there any structure knowledge in the problem we study?

Representation: If so, how to represent this structural knowledge?

Integration: After represent, how to infuse it into RAG?

Structural

Knowledge

Mining

Representation

Integration
Trust

Document

& Table

30 min

Scientific

Literature

30 min

Knowledge

Graph

30 min

Security &

Privacy

30 min

Haoyu Han

9:30-10:00 am

Harry Shomer

11:30-12:00 am

Yu Zhang

11:00-11:30 am

Personalized

& Social

30 min

Utkarsh Sahu

10:00-10:30 am

Zhisheng Qi

12:00-12:30 am

Coffee Break (10:30-11:00)
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Node = Entity
Edge Type = Relation

Knowledge Graph - What are Knowledge Graph (KGs)?



123

Knowledge Graph - What are Knowledge Graph (KGs)?

Nikola Jokić Jamal Murray
Fact = (                , Teammate of,                 )

Head Entity Tail Entity
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Knowledge Graph - Tasks

KG Reasoning

“Where did Canadian citizens with Turing Award graduate?”

Query2box: Reasoning over knowledge graphs in vector space using box embeddings. ICLR 2021.
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Knowledge Graph - Tasks

Query2box: Reasoning over knowledge graphs in vector space using box embeddings. ICLR 2021.

Question Answering
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Knowledge Graph - Tasks

FactKG: Fact Verification via Reasoning on Knowledge Graphs. ACL 2023

Fact Checking
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Knowledge Graph - Using KGs for GraphRAG

FactKG: Fact Verification via Reasoning on Knowledge Graphs. ACL 2023

“Where does Nikola Jokic live?”

Generator
Retrieved 

Content



128

Knowledge Graph - How are KGs are Constructed?

1) Manual Construction 

• Done via human annotation

• Popular example is the WikiData database

Wikidata: a free collaborative knowledgebase. Communications of ACM 2014
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Knowledge Graph - How are KGs are Constructed?

Wikidata: a free collaborative knowledgebase. Communications of ACM 2014

Facts with Hinton 

as Head Entity 

Entity
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Knowledge Graph - How are KGs are Constructed?

Wikidata: a free collaborative knowledgebase. Communications of ACM 2014

1) Manual Construction 

● Done via human annotation

● Popular example is the WikiData database [1]

2) Rule-Based Construction

3) LLM-Based Construction

Covered earlier 
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Knowledge Graph - Pipeline for GraphRAG on KGs

Retrieval-augmented generation with graphs (GraphRAG). arXiv 2024

(1) Query 𝑄 (2) ෠𝑄 = 𝛀𝐏𝐫𝐨𝐜𝐞𝐬𝐬𝐞𝐫(𝑄) (3) 𝐶 = 𝛀𝐑𝐞𝐭𝐫𝐢𝐞𝐯𝐞𝐫( ෠𝑄, 𝐺)

(4) መ𝐶 = 𝛀𝐎𝐫𝐠𝐚𝐧𝐢𝐳𝐞𝐫( ෠𝑄, 𝐶) (5) 𝐴 = 𝛀𝐆𝐞𝐧𝐞𝐫𝐚𝐭𝐨𝐫( ෠𝑄, መ𝐶)

(3)

Retriever

Answer

Generator

Knowledge Base
Raw

Data

Indexing

Inquire Return

(2) (4)

(5)
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Knowledge Graph - GraphRAG for KGs

Retrieval-augmented generation with graphs (GraphRAG). arXiv 2024

● A key difference in KG GraphRAG frameworks is the retrieval method

○ “How do we retrieve relevant facts for our query?”

● What we want:
○ Only retrieve information relevant to our query

○ Exploit graph structure in retrieval

○ Avoid retrieving excessive information
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Knowledge Graph - GraphRAG for KGs

Simple is Effective: The Roles of Graphs and Large Language Models in Knowledge-Graph-Based Retrieval-

Augmented Generation. ICLR 2025

● A key difference in KG GraphRAG frameworks is the retrieval method

○ “How do we retrieve relevant facts for our query?”

● What we want:
○ Only retrieve information relevant to our query

○ Exploit graph structure in retrieval

○ Avoid retrieving excessive information

Identify entities in query

“Where does Nikola Jokic live?”
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Knowledge Graph - GraphRAG for KGs

Simple is Effective: The Roles of Graphs and Large Language Models in Knowledge-Graph-Based Retrieval-

Augmented Generation. ICLR 2025

● A key difference in KG GraphRAG frameworks is the retrieval method

○ “How do we retrieve relevant facts for our query?”

● What we want:
○ Only retrieve information relevant to our query

○ Exploit graph structure in retrieval

○ Avoid retrieving excessive information

➔ E.g., Extract all triples with 

identified entities

➔ Key design choice

➔ Must balance retrieval of 

relevant vs. non-relevant 

information

“Where does Nikola Jokic live?”
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Knowledge Graph - GraphRAG for KGs

● Keys retrieval strategies:

○ Traversal-based

○ Subgraph-based

○ GNN-based

○ Reinforcement-Learning-based

○ Other (Agent, Semantic similarity)

● A key difference in KG GraphRAG frameworks is the retrieval method

○ “How do we retrieve relevant facts for our query?”
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Knowledge Graph - GraphRAG for KGs

● A key difference in KG GraphRAG frameworks is the retrieval method

○ “How do we retrieve relevant facts for our query?”

[1] “Reasoning on Graphs: Faithful and Interpretable Large Language Model Reasoning.” ICLR 2024.

[2] "MindMap: Knowledge Graph Prompting Sparks Graph of Thoughts in Large Language Models”. ACL 2024.

[3] “GNN-RAG: Graph Neural Retrieval for Large Language Model Reasoning.” 2024.

[4] “Reasoning by Exploration: A Unified Approach to Retrieval and Generation over Graphs.” TheWebConf 2026 (to appear).

● Keys retrieval strategies:

○ Traversal-based: RoG [1]

○ Subgraph-based: MindMap [2]

○ GNN-based: SubGraphRAG [3]

○ Reinforcement-Learning-based: RoE [4]

○ Other (Agent, Semantic similarity)
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Knowledge Graph - Reasoning on Graph (RoG)

Motivation: How to extract a subset of “faithful and reliable” paths for the query?

Basic Idea: Extract relevant paths from a KG for a given query

Reasoning on Graphs: Faithful and Interpretable Large Language Model Reasoning.  arXiv 2024
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Knowledge Graph - Reasoning on Graph (RoG)

Motivation: How to extract a subset of “faithful and reliable” paths for the query?

Basic Idea: Extract paths that follow specific templates, outputted by a LLM

Reasoning on Graphs: Faithful and Interpretable Large Language Model Reasoning.  arXiv 2024
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Knowledge Graph - MindMap

MindMap: Knowledge Graph Prompting Sparks Graph of Thoughts in Large Language Models. ACL 2024

Motivation: Explainable and diverse reasoning process to mitigate hallucinations 

Basic Idea: For a query, extract both relevant subgraphs and paths
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Knowledge Graph - MindMap

MindMap: Knowledge Graph Prompting Sparks Graph of Thoughts in Large Language Models. ACL 2024

Motivation: Explainable and diverse reasoning process to mitigate hallucinations 

Basic Idea: For a query, extract both relevant subgraphs and paths
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Knowledge Graph - MindMap

MindMap: Knowledge Graph Prompting Sparks Graph of Thoughts in Large Language Models. ACL 2024

Motivation: Explainable and diverse reasoning process to mitigate hallucinations 

Basic Idea: For a query, extract both relevant subgraphs and paths
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Knowledge Graph - MindMap

MindMap: Knowledge Graph Prompting Sparks Graph of Thoughts in Large Language Models. ACL 2024

Motivation: Explainable and diverse reasoning process to mitigate hallucinations 

Basic Idea: For a query, extract both relevant subgraphs and paths
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Knowledge Graph - MindMap

MindMap: Knowledge Graph Prompting Sparks Graph of Thoughts in Large Language Models. ACL 2024

Motivation: Explainable and diverse reasoning process to mitigate hallucinations 

Basic Idea: For a query, extract both relevant subgraphs and paths
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Knowledge Graph - MindMap

MindMap: Knowledge Graph Prompting Sparks Graph of Thoughts in Large Language Models. ACL 2024

Motivation: Explainable and diverse reasoning process to mitigate hallucinations 

Basic Idea: For a query, extract both relevant subgraphs and paths
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Knowledge Graph - MindMap

MindMap: Knowledge Graph Prompting Sparks Graph of Thoughts in Large Language Models. ACL 2024

Motivation: Explainable and diverse reasoning process to mitigate hallucinations 

Basic Idea: For a query, extract both relevant subgraphs and paths
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Knowledge Graph - MindMap

MindMap: Knowledge Graph Prompting Sparks Graph of Thoughts in Large Language Models. ACL 2024

Motivation: Explainable and diverse reasoning process to mitigate hallucinations 

Basic Idea: For a query, extract both relevant subgraphs and paths
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Knowledge Graph - MindMap

MindMap: Knowledge Graph Prompting Sparks Graph of Thoughts in Large Language Models. ACL 2024

Motivation: Explainable and diverse reasoning process to mitigate hallucinations 

Basic Idea: For a query, extract both relevant subgraphs and paths
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Knowledge Graph - MindMap

MindMap: Knowledge Graph Prompting Sparks Graph of Thoughts in Large Language Models. ACL 2024

Motivation: Explainable and diverse reasoning process to mitigate hallucinations 

Basic Idea: For a query, extract both relevant subgraphs and paths
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Knowledge Graph - MindMap

MindMap: Knowledge Graph Prompting Sparks Graph of Thoughts in Large Language Models. ACL 2024

Motivation: Explainable and diverse reasoning process to mitigate hallucinations 

Basic Idea: For a query, extract both relevant subgraphs and paths
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Knowledge Graph - MindMap

MindMap: Knowledge Graph Prompting Sparks Graph of Thoughts in Large Language Models. ACL 2024

Motivation: Explainable and diverse reasoning process to mitigate hallucinations 

Basic Idea: For a query, extract both relevant subgraphs and paths
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Knowledge Graph - GNN-RAG

MindMap: Knowledge Graph Prompting Sparks Graph of Thoughts in Large Language Models. ACL 2024

Motivation: How to better consider the graph structure during retrieval? 

Basic Idea: Incorporate a Graph Neural Network (GNN) in the retrieval process
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Knowledge Graph - GNN-RAG

MindMap: Knowledge Graph Prompting Sparks Graph of Thoughts in Large Language Models. ACL 2024

Motivation: How to better consider the graph structure during retrieval? 

Basic Idea: Incorporate a Graph Neural Network (GNN) in the retrieval process

➔ Use a GNN to compute probability of different entities being the answer

➔ Extract shortest paths for entities with probability above threshold
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Knowledge Graph - GNN-RAG

MindMap: Knowledge Graph Prompting Sparks Graph of Thoughts in Large Language Models. ACL 2024

Motivation: How to better consider the graph structure during retrieval? 

Basic Idea: Incorporate a Graph Neural Network (GNN) in the retrieval process

➔ Supplement GNN-based paths via fine-tuned LLM
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Knowledge Graph - GNN-RAG

MindMap: Knowledge Graph Prompting Sparks Graph of Thoughts in Large Language Models. ACL 2024

Motivation: How to better consider the graph structure during retrieval? 

Basic Idea: Incorporate a Graph Neural Network (GNN) in the retrieval process
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Knowledge Graph – Reasoning by Exploration (RoE)

Reasoning by Exploration: A Unified Approach to Retrieval and Generation over Graphs. TheWebConf 2026. 

Observation: In-Distribution performance of various retrievers performance is good

Ground-truth performance
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Knowledge Graph – Reasoning by Exploration (RoE)

Reasoning by Exploration: A Unified Approach to Retrieval and Generation over Graphs. TheWebConf 2026. 

Observation: In-Distribution performance of various retrievers performance is good 

but cross-distribution generalization is much lower 

In-Distribution performance is shaded
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Knowledge Graph – Reasoning by Exploration (RoE)

Reasoning by Exploration: A Unified Approach to Retrieval and Generation over Graphs. TheWebConf 2026. 

Observation: In-Distribution performance of various retrievers performance is good 

but cross-distribution generalization is much lower 

Motivation: Existing static retrievers struggle to adapt to new graphs
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Knowledge Graph – Reasoning by Exploration (RoE)

Reasoning by Exploration: A Unified Approach to Retrieval and Generation over Graphs. TheWebConf 2026. 

Observation: In-Distribution performance of various retrievers performance is good 

but cross-distribution generalization is much lower 

Motivation: Existing static retrievers struggle to adapt to new graphs

Basic Idea: Teach the retriever how to effectively explore the graph via 

reinforcement learning
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Knowledge Graph – Reasoning by Exploration (RoE)

Reasoning by Exploration: A Unified Approach to Retrieval and Generation over Graphs. TheWebConf 2026. 

Motivation: Existing static retrievers struggle to adapt to new graphs

Basic Idea: Learn to effectively explore the graph via reinforcement learning

➔ Fine-tune LLM to predict the “gold” reasoning paths
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Knowledge Graph – Reasoning by Exploration (RoE)

Reasoning by Exploration: A Unified Approach to Retrieval and Generation over Graphs. TheWebConf 2026. 

Motivation: Existing static retrievers struggle to adapt to new graphs

Basic Idea: Learn to effectively explore the graph via reinforcement learning

➔ Previous stage may lead to memorizing fixed paths, hurting generalization

➔ Also encourage model to find diverse and valid reasoning paths that aren’t “gold” paths

➔ Done via multiple rewards functions
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Knowledge Graph – Future Work

Reasoning by Exploration: A Unified Approach to Retrieval and Generation over Graphs. TheWebConf 2026. 

1. How to best construct KGs? What granularity should the node/edges be?

2.  How do we balance retrieval efficiency and coverage?

3.  What’s the best way of organizing the triples or paths for the LLM?
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Integrate Structured Knowledge into RAGs

Mining: Is there any structure knowledge in the problem we study?

Representation: If so, how to represent this structural knowledge?

Integration: After represent, how to infuse it into RAG?

Structural

Knowledge

Mining

Representation

Integration
Trust

Document

& Table

30 min

Scientific

Literature

30 min

Knowledge

Graph

30 min

Security &

Privacy

30 min

Haoyu Han

9:30-10:00 am

Harry Shomer

11:30-12:00 am

Yu Zhang

11:00-11:30 am

Personalized

& Social

30 min

Utkarsh Sahu

10:00-10:30 am

Zhisheng Qi

12:00-12:30 am

Coffee Break (10:30-11:00)
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Knowledge Poisoning in Real Life

Spotify's spam flood   

Low quality content ⋅ Royalty fraud

Image Search Manipulation

Adversarial images ⋅ Ad injection

Agent skill markets  

Malicious skills ⋅ Elevated privileges 

Knowledge Poisoning is

Critical Emerging Threat in 

AI-driven Systems!
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What is Knowledge Poisoning Attack?

Retriever

Answer

Generator

Knowledge Base
Raw

Data

Indexing

Inquire Return

Poisoning Retrieval Objective

max
𝐷poi

𝐸𝑄 𝑤 𝑄 ⋅ 𝐼 ΩRetriever 𝑄 ∩ 𝐷poi ≠ ∅ − 𝛾𝒞 𝐷poi

Poisoning Generation Objective

max
𝐷poi

𝐸𝑄∼𝑄adv
𝟙 ΩGenerator 𝑄, ΩRetriever 𝑄, 𝐷clean ∪ 𝐷poi = 𝑦𝐴 𝑄

Stealthy Constraint

൝

 

Attack mode

Targeted

Untargeted

Understanding data poisoning attacks for rag: Insights and algorithms. ArXiv 2025



How to optimize the Injected Content?

Continuous (Image, Audio)

max
|𝛿|𝑝≤𝜖

𝜙 𝑥 + 𝛿 𝑇𝜙 𝑄• GreyBox

• Perturbation optimization

Discrete (Text)

Gradient-Based

HotFlip

Token Search

LLM 

Generation

Embedding 

Inverse

• WhiteBox for gradient calculation

• GreyBox for similarity calculation, guiding search

• Unnatural sentences (easy to detect)

• GreyBox

• Natural sentences

• Error and trails, aimless optimization 

• GreyBox

• Natural sentences

• High-cost for training embedding specific inverse model

max
𝑖,𝑏

∇𝑒𝑖
𝐽 ⋅ 𝑊𝑏 − 𝑊𝑎

one time 

forward-backward

embeddings of token 

𝑏 and 𝑎
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Ebrahimi et al., ACL 2018

Morris et al., ACL 2023

Wang et al., ACL 2025; Zhong, et al,. ACL 2023

Liang et al., ArXiv 2025 

Zhang et al., ArXiv 2025

https://aclanthology.org/P18-2006/
https://aclanthology.org/anthology-files/pdf/emnlp/2023.emnlp-main.765.pdf
https://aclanthology.org/2025.naacl-long.210.pdf
https://aclanthology.org/2023.emnlp-main.849.pdf
https://arxiv.org/pdf/2501.14050
https://arxiv.org/abs/2412.14113
https://arxiv.org/abs/2412.14113
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Poisoning Attacks in Unstructured RAGs

Narrowing the search space

• Order doesn’t matter

• Identify influential tokens

Dynamic Importance-Guided Genetic Search

1. Compute token importance (TF–IDF).

2. Fitness = cosine similarity to centroid.

3. Genetic algorithm: 

selection, crossover, mutation.

Tricking Retrievers with Influential Tokens: An Efficient Black-Box Corpus Poisoning Attack. ACL 2025
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Poisoning Attacks in Unstructured RAGs

min
𝑥𝑡∈HotFlip 𝑚

ℒ𝓊𝓃𝒾 + 𝜆ℒ𝒸𝓅𝓉 s.t. ℒ𝒸ℴ𝒽 ≤ 𝜂, ℒ𝓉𝒶𝓇 ↓

Agent Poison

AgentPoison: Red-teaming LLM Agents via Poisoning Memory or Knowledge Bases. Neurips 2024
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Poisoning Attacks in Unstructured RAGs

Adversarial Hubness

From natural geometric artifact to deliberate weapon — one injected item 

corrupts retrieval across all queries.

Clean input +𝛿 (|𝛿|∞ ≤ 𝜖) 

→ GD minimizes cosine distance to 

query centroid 

→ adversarial hub

Adversarial Hubness in Multi-Modal Retrieval. ArXiv 2025
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Poisoning Attacks in GraphRAGs

GraphRAG under Fire. ArXiv 2025

Why RAG Poisoning Fails

• Injected text gets diluted during extraction

• Low-degree nodes ignored

• Noisy content merged/corrected during summarization
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Poisoning Attacks in GraphRAGs

GraphRAG under Fire 

(Community Summary)
→ Mislead global answer generation 

→ Poison community summaries 

→ Corrupt indexed entities & relations 

→ Inject poisoned documents

From Local to Global: A GraphRAG Approach to Query-Focused Summarization. Microsoft Research 2025
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Poisoning Attacks in GraphRAGs

greedy search 𝑟

compete

cover benign
support

GraphRAG under Fire 

(Community Summary)

Relation Selection → Injection → Enhancement 

Greedy Search For Relation Selection

𝑞1

𝑞2

𝑞3

𝑞4

𝑞5

target relation

covers most 𝑞

GraphRAG under Fire. ArXiv 2025
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Poisoning Attacks in GraphRAGs

Poisoning on KG-RAG (Reasoning Path)

Minimal injections, maximum disruption, by targeting the exact paths the reasoner will follow.

Where? relation path extraction

What? adversarial answer generation

How? 

perturbation 

triplet 

insertion

RAG Safety: Exploring Knowledge Poisoning Attacks to Retrieval-Augmented Generation. Information Fusion 2026
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Defense Against Poisoning Attack

Generation Activation Defense

• Poisoning Data Collection

• Activation Collection & Preprocessing

• Activation Poisoning Detection Model

=> Need WhiteBox Access to Generator LLM

Defending Against Knowledge Poisoning Attacks  During Retrieval-Augmented Generation. ArXiv 2025
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Defense Against Poisoning Attack

Retrieval Document Defense

=> Attack-specific, may not generalize

• Adversarial texts are statistically separable 

from clean texts

• Filter intercepts poisoned texts before they 

reach the LLM

RevPRAG: Revealing Poisoning Attacks in Retrieval-Augmented Generation through LLM Activation Analysis. ACL 2025

Zou, et al,. USENIX 2025

https://www.usenix.org/system/files/usenixsecurity25-zou-poisonedrag.pdf
https://www.usenix.org/system/files/usenixsecurity25-zou-poisonedrag.pdf
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Defense Against Poisoning Attack

Retrieval-Generation Layered Defense

RAGuard: A Layered Defense Framework for Retrieval-Augmented Generation Systems Against Data Poisoning. Neurips 

2025

Adversarial-Trained Retriever 

Zero-Knowledge Inference Patch

down-rank malicious passages 

Poisoned doc 

-> 

high influence 

to the answer 



Knowledge Extraction in Real Life

Microsoft Copilot for M365: Enterprise RAG over emails, files, chats, SharePoint

Crafted email → RAG retrieves sensitive docs → silently exfiltrated

176

OpenAI

Training Data

Extraction

OpenReview



What is Knowledge Extraction Attack?

Extraction Retrieval Optimization

ℐ∗ = arg max
ℐ

𝜙 ΩRetriever 𝑄, 𝒟∗ − 𝜆𝜙 ΩRetriever 𝑄, 𝒟 ∖ 𝒟∗

Extraction Generation Optimization

𝐶∗ = arg max
𝐶

𝜙 ΩGenerator 𝑄, 𝒟∗ − 𝜆𝜙 ΩGenerator 𝑄, 𝒟 ∖ 𝒟∗

Retriever

Answer

Generator

Knowledge Base
Raw

Data

Indexing

Inquire Return

Benchmarking Knowledge-Extraction Attack and Defense on Retrieval-Augmented Generation. ArXiv 2026 177



Extraction Attacks in Unstructured RAGs

Dynamic Greedy Embedding Attack (DGEA)

Unleashing Worms and Extracting Data: Escalating the Outcome of Attacks against  RAG-based Inference in Scale and Severity Using Jailbreaking. ArXiv 2024

Choose the farthest embedding from current extracted docs

greedy optimization

1. Centroid computation 

2. Greedy token optimization



Extraction Attacks in Unstructured RAGs

CopyBreak

Feedback-Guided Extraction of Knowledge Base  from Retrieval-Augmented LLM Applications. ArXiv 2025 179

1. Exploration: discover new region

2. Exploitation: dig deeper



Extraction Attacks in Unstructured RAGs

Implicit Knowledge Extraction Attack (IKEA)

Silent Leaks: Implicit Knowledge Extraction Attack on RAG Systems through Benign Queries. ArXiv 2025 180

1. Anchor pool

2. Adaptive weighting



Extraction Attacks in Graph RAGs

GraphTraversal

How much can a query reveal? Structural Knowledge Stealing from Graph RAG via Traversal Reconstruction. ArXiv 2026 181

• High assumption on Graph RAG system

• Consider generator as a repeater (no summary)



Extraction Attacks in Graph RAGs

All Your Knowledge Belongs to Us

first-order conjunctive reasoning

train

All Your Knowledge Belongs to Us: Stealing Knowledge Graphs via Reasoning APIs. ArXiv 2025 182

My home School

Starbucks Store Bathroom

left straight right right

Validate pathGet path

Construct graph



Defenses 

Different Stage of Defenses in RAG Pipeline

• Retrieval: Threshold Defense

• Generation:  System Block, Summary

• Input: Query Block

Query

Processor
Retriever Organizer Generator

Raw

Data
Knowledge Base

Structuring

Prompt Injection Attack

Benchmarking Knowledge-Extraction Attack and Defense on Retrieval-Augmented Generation. ArXiv 2026 183

Cohen, et al., ArXiv 2024; Jiang, et al., ArXiv 2024

Zeng, et al., ACL 2024; Liu, et al., ArXiv 2025

Wang, et al., ArXiv 2025; Zhang, et al., ACL 2025

https://arxiv.org/abs/2409.08045
https://arxiv.org/abs/2411.14110
https://aclanthology.org/2024.findings-acl.267/
https://arxiv.org/abs/2508.17222
https://arxiv.org/abs/2505.15420
https://arxiv.org/abs/2505.15420
https://aclanthology.org/2025.coling-main.199/
https://aclanthology.org/2025.coling-main.199/


Retrieval Threshold Defense 

Benchmarking Knowledge-Extraction Attack and Defense on Retrieval-Augmented Generation. ArXiv 2026 184

• Key: semantical unnaturalness

• Relevance constrain: 

Top-K + min similarity threshold

Top-K Retrieval

.45

.51
.62

.64
.71

.88

.62

.64
.71

.88𝜃 = 0.60

Filtered Results

Threshold

• Tradeoff: 

stricter threshold 

→ less leakage, but lower 

retrieval utility

Retriever



Generation System Block, Summary Defense

Benchmarking Knowledge-Extraction Attack and Defense on Retrieval-Augmented Generation. ArXiv 2026 185

Generation-side defenses 

reduce leakage by 

constraining output:

• blocking sensitive content

• replacing verbatim with 

minimal summarization

System Block

Be mindful to not generate 

sensitive information …

Be cautious …, but avoid directly 

exposing raw data from it  …

Sensitive content generation is 

strictly prohibited.

Summary

Based on …, generate a concise 

summary of the relevant 

information. Rewrite ...

If the provided context is not 

relevant to the question, you must 

reply with 

NO_RELEVANT_CONTENT.

Generator



Input Query Block Defense

Benchmarking Knowledge-Extraction Attack and Defense on Retrieval-Augmented Generation. ArXiv 2026 186

• LLM classifier detects intent to 

block malicious / pass benign 

queries.

• Effective against explicit extraction 

commands involved attacks.

• Weak on benign-looking attack 

queries (IKEA).



Future Work – Structure Mining and Representation

187Conditional Memory via Scalable Lookup: A New Axis of Sparsity of LLMs. arXiv 2025, DeepSeek



Future Work – Trustworthy RAG

188

Answer

Knowledge

Base

Raw

Data

Indexing

Inquire Return

Agentic

RAGs

(1) User Extraction

(2) Knowledge Base Poisoning

(4) System Hardware

Fault Injection

(3) Workflow Profiling

Healthcare

Legal

Education

Cybersecurity

Reliability

Robustness

Safety

Privacy

Interpretability

Accountability

Structure-Dimension

Multi-Agent

Towards Trustworthy Retrieval Augmented Generation for Large Language Models: A Survey. arXiv 2025

Towards Trustworthy Knowledge Graph Reasoning: An Uncertainty Aware Perspective, AAAI 2025



Future Work – Diversity/Innovation-aware RAG

189Artificial Hivemind: The Open-Ended Homogeneity of Language Models (and Beyond), NeurIPS 2025



Thank you for your listening!

190

Survey Collaborators
(Order by Random)

GraphRAG Trustworthy RAG

We really appreciate the travel

support from NSF for some of our

teammates in presenting this tutorial!

WSDM Conference (@WSDMSocial) / Posts 
/ X

Lead Tutors

https://arxiv.org/abs/2501.00309
https://arxiv.org/abs/2502.06872
https://arxiv.org/abs/2502.06872
https://x.com/WSDMSocial
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