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Outline

Tutorial Site

Q&A after each session

For more information 

about this tutorial!
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Graphs

Graphs are general language for describing and 
analyzing entities with relations/interactions
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Social Graph Academic GraphTransportation Graph

Graphs
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Graphs

Protein Interaction Graph Communication Graph Knowledge Graph



Graph Representation Learning



Challenges

Graph Model Generalization Complex Relationships

Sparse Data Rich Textual Semantics



Graph Neural Networks Message Passing

Existing Graph Models
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Graph v.s Language

[1] Graph neural networks: A review of methods and applications
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Graph v.s Language

[1] Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer



Graph Model Paradigm



LLMs-Graph Intergration

LLMs Graphs
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ÅConduct Alignment between GNNs and LLMs

ÅCreate a Fused Model with LLM and GNN

ÅBuild Agents by LLMs for Graph Tasks
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LLMs-Graphs Intergration
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Alignment bet. GNNs and LLMs

ÅMotivation: Align the feature spaces of GNNs and LLMs

o GNNs and LLMs process different types of data

o Distinct feature spaces in GNNs and LLMs

ÅMethods

o Contrastive Learning

o EM Iterative Training
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Alignment bet. GNNs and LLMs

ÅSeveral Methods in BioScience Leverage Contrastive Alignment

o Both MoMu and MoleculeSTM uses GIN to handle molecular graphs and BERT to handle text data.

o MoMu can directly imagine new molecules from textual descriptions with a pre-trained model MoFlow.

o MoleculeSTM achieves molecule retrieval and editing with text descriptions.

[1] A Molecular Multimodal Foundation Model Associating Molecule Graphs with Natural Language, arXiv 2022

[2] Multi-modal Molecule Structureïtext Model for Text-based Retrieval and Editing, Nature Machine Intelligence 2022

[MoMu, 2022] [MoleculeSTM, 2022]
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Alignment bet. GNNs and LLMs

[1] ConGraT: Self-Supervised Contrastive Pretraining for Joint Graph and Text Embeddings, arXiv 2023

[2] Prompt Tuning on Graph-augmented Low-resource Text Classification, arXiv 2023

[ConGraT, 2023]

ÅSeveral Methods in Graph Learning Leverage Contrastive Alignment

o ConGraT designs node-level alignment of GNN-embeddings and LM-embeddings, and show improvement on 

node and text classification as well as link prediction tasks.

o G2P2 proposes text-node, text-summary, and node-summary alignment and improves the text classification 

performance in low-resource environments

[G2P2, 2023]
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Alignment bet. GNNs and LLMs

[1] Grenade: Graph-Centric Language Model for Self-Supervised Representation Learning on Text-Attributed Graphs, arXiv 2023

[2] Pretraining Language Models with Text-Attributed Heterogeneous Graphs, arXiv 2023

ÅSeveral Methods in Graph Learning Leverage Other Alignment

[GRENADE, 2023]

[THLM, 2023]

o Graph-Centric Contrastive Learning

o Graph-Centric Knowledge Alignment

o Minimize KL Divergence of the Distribution 
from two Encoders (GNN and PLM).

o Learning on Heterogenous Graphs

o THLM uses a positive-negative classification task with 
negative sampling to improve the alignment of embeddings 
from two different modalities.
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Alignment bet. GNNs and LLMs

[1] Learning on Large-scale Text-attributed Graphs via Variational Inference, ICLR 2023

ÅGraph and Language Learning by Expectation Maximization (GLEM)

Å Language Models (LMs) for Node Classification

Å Graph Neural Networks (GNNs) for Node Classification
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Alignment bet. GNNs and LLMs

[1] Learning on Large-scale Text-attributed Graphs via Variational Inference, ICLR 2023

ÅGraph and Language Learning by Expectation Maximization (GLEM)

Å GLEM leverages a variational EM framework for optimization

Å In the E-step, the GNN is fixed, and the LM 

mimics the labels inferred by the GNN.

Å In the M-step, the LM is fixed, and the GNN is 

optimized by using the node representations 

learned by the LM as features and the node 

labels inferred by the LM as target



20

Alignment bet. GNNs and LLMs

[1] Learning on Large-scale Text-attributed Graphs via Variational Inference, ICLR 2023

ÅGraph and Language Learning by Expectation Maximization (GLEM)

Å GLEM achieves better performance improvements with various GNN backbones
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Fusion of GNNs and LLMs

ÅMotivation: Achieve a higher level of integration between 

LLMs and GNNs

ÅMethods
o Fuse Transformer Layer with

Graph Neural Network Layer
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Fusion of GNNs and LLMs

[1] GreaseLM: Graph REASoning Enhanced Language Models for Question Answering, ICLR2022

ÅGreaseLM uses a cross-modal fusion component to inject information from the KG into language 

representation and  information from language into KG representation.

ÅAn interaction node will connect all nodes in 

the graph and conduct information fusion with 

the latent rep. of a specific token in the 

sequence.

ÅGreaseLM achieves high performance on 

Question-Answering tasks with the structured 

knowledge from graphs.
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Fusion of GNNs and LLMs

[1] Disentangled Representation Learning with Large Language Models for Text-Attributed Graphs, arXiv 2024

ÅDisentangled Graph-Text Learner (DGTL)

ÅDGTL injects the disentangled graph neural network representation into each layer of the large 

language models.

ÅDGTL achieves high performance on both citation network and e-commerce graph tasks.
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Fusion of GNNs and LLMs

[1] Efficient Tuning and Inference for Large Language Models on Textual Graphs, arXiv 2024

ÅEfficient tuninG algorIthm for large laNguage models on tExtual graphs (EGINE)

ÅEGINE introduces a lightweight and 

adaptable G-Ladder module that is 

added to each layer of the LLMs.

ÅThe G-Ladder employs a message-

passing mechanism to incorporate 

structural info. into the LLMôs output.

ÅThe output of G-Ladder is then used for 

classification from downstream tasks.
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Fusion of GNNs and LLMs

[1] Can GNN be Good Adapter for LLMs?, WWW 2024

ÅGraphAdapter uses a fusion module (e.g., MLPs) to combine the structural representations obtained from 

GNNs with the contextual hidden states of LLMs.

ÅThis results in a fused representation 

that can be used for supervised training 

and prompting.

ÅPre-training: Trains the GNN adapter 
through an autoregressive task, 

specifically predicting the next word.

ÅFine-tuning: insert task-specific prompts 

based on different downstream tasks to 
generate task-relevant node reps.
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LLMs Agent for Graphs

ÅMotivation: Build LLM-based Agent for Graph Tasks

o The model is capable of solving problems step-by-step by utilizing 

external tools and interacting with the graph.

ÅMethods

o Perception Module

o Memory Module

o Action Module
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LLMs Agent for Graphs

ÅGraph Agent (GA) builds memory module and reasoning module for LLMs to build an agent for graph tasks. 

[1] Graph Agent: Explicit Reasoning Agent for Graphs, arXiv 2023

ÅMemory Module: Graph Agent converts 

graph data into textual descriptions and 

generates embedding vectors, which are 

stored in long-term memory. 

ÅReasoning Module: During inference, GA 

retrieves similar samples from long-term 

memory and integrates them into a structured 

prompt, which is used by LLMs to explain the 

potential reasons for node classification or 
edge connection.
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LLMs Agent for Graphs

ÅGraph Agent (GA) has an inductive-deductive reasoning paradigm. 

[1] Graph Agent: Explicit Reasoning Agent for Graphs, arXiv 2023
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LLMs Agent for Graphs

ÅReadi proposes a Reasoning-PathEditing framework to solve questions with Knowledge Graphs (KGs). 

[1] Call Me When Necessary: LLMs can Efficiently and Faithfully Reason over Structured Environments, arXiv 2024

ÅStep 1: Reasoning Path Generation

ÅStep 2: Path Editing

ÅStep 3: Path Instantiation and Answering

Leverage LLMs to generate reasoning paths 

for the given questions. 

If the path can not be initialized on the KG, 

then edit it with error message by LLMs.

Instantiating the paths and merge the paths into 

prompts for LLMs to given the final answer.
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LLMs Agent for Graphs

ÅReadi achieves high performances on the QA tasks with knowledge graphs.

[1] Call Me When Necessary: LLMs can Efficiently and Faithfully Reason over Structured Environments, arXiv 2024
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LLMs Agent for Graphs

ÅReasoning on Graphs (RoG) answers graph-retaled questions in 3 steps: planning, retrieval, and reasoning.

[1] Reasoning on Graphs: Faithful and Interpretable Large Language Model Reasoning, ICLR 2024

ÅPlanning

ÅRetrieval

ÅReasoning 

LLMs generates a set of associated paths based on the 

structured information of the knowledge graph 
according to the problem

it uses the associated paths generated in the planning 

stage to retrieve the corresponding reasoning paths 
from the KG.

Finally, it uses the retrieved reasoning paths to generate 

the answer and explanation for the problem using LLMs.



32

LLMs Agent for Graphs

ÅRoG also achieves high performances on the QA tasks with knowledge graphs.

[1] Reasoning on Graphs: Faithful and Interpretable Large Language Model Reasoning, ICLR 2024
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LLMs-Graphs Intergration



llm4graph-tutorial.github.io

Thanks!
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