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2 4B TR/ ¥ Individual Study Hours 16

¥4 Credits 2
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Machine Learning with Graphs

URE P2 20 Lecture Hours: 16

R S 22 Laboratory Hours: 16

PRI 20 Colloquial Hours: 0

AR O Individual Study Hours: 16
224y Credits: 2

TFRFEZ A b R ER N 208, SN AT RAAIED)  Occurrence: Summer
Course

S 18 1 FE  Prerequisite(s): Programming-related courses* (*Recommended, not
required as prerequisite) Linear Algebra, Probability Theory, Fundamentals of Computer

Science

URAEMEEL Course Description: 100 FLAN , 2% 2] 4 DAZZ AR OCHE ] H 3
This course teaches core technologies of graph machine learning, covering graph

representation learning, graph neural networks, knowledge graphs, Graph Transformer,

generative models, 3D geometric deep learning, and the integration of LLM and GNN, targeting

large-scale graph analysis and practical applications.
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PRFE TS ST Course Outcomes:
By the end of successful completion of this course, the student will be able to:

Students are expected to achieve a comprehensive understanding of underlying graph
structures and their features, successfully applying machine learning and data mining tools
to extract insights from massive networks. In detail:

Analyzing Massive Graphs: Students will tackle the computational, algorithmic, and
modeling challenges that are specific to analyzing massive network structures.

Applying ML to Networks: The course aims to equip students with the machine learning
techniques and data mining tools necessary to reveal insights across various systems,
including social, technological, and biological networks.

Mastering Graph Concepts: Key learning topics include representation learning, Graph
Neural Networks (GNNs), reasoning over Knowledge Graphs, algorithms for the World Wide

Web, influence maximization, disease outbreak detection, and social network analysis.

Practical Coding and Theory: Students will solidify their learning through a mix of practical
coding in assignments and theoretical concepts which will be tested in the final assessment.
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Module 1[2 hour Lecture, 2 hour labs]: Foundations and Node Embeddings: Introduction
to the course, followed by techniques for node embeddings, including DeepWalk,
node2vec, and Network Embedding as Matrix Factorization.

Module 2 [2 hour Lecture, 2 hour labs]: Graph Neural Networks (GNNs): Introduction to
GNNs (Geometric Deep Learning, Graph Convolutional Networks), followed by a general
perspective on GNN design, inductive representation learning, and Graph Attention
Networks.

Module 3 [2 hour Lecture, 2 hour labs]: GNN Training and Theory: GNN augmentation
and training (e.g., differentiable pooling) and two sessions dedicated to the theory of
GNNs, exploring their limits, positional awareness, and substructure counting.

Module 4 [2 hour Lecture, 2 hour labs]: Advanced Architectures: Exploring Graph
Transformers, spectral graph representation, and handling Heterogenous graphs to model
complex relational data.

Module 5 [2 hour Lecture, 2 hour labs]: Knowledge Graphs: Embedding entities/relations
for knowledge base completion, complex embeddings, and reasoning over knowledge
graphs using logical queries and box embeddings.

Module 6 [2 hour Lecture, 2 hour labs]: Applications and Relational Deep Learning:
Applying GNNs to web-scale recommender systems (e.g., Neural Graph Collaborative
Filtering, LightGCN), followed by Relational Deep Learning on relational databases.

Module 7 [2 hour Lecture, 2 hour labs]: Advanced Topics & Foundation Models:
In-context learning over graphs, uncertainty quantification, and moving towards
Foundation Models for Knowledge Graphs (inductive link prediction, relation graphs) .

Module 8 [2 hour Lecture, 2 hour labs]: Generative Models & Geometric Deep Learning:
Deep generative models for realistic graphs and goal-directed generation, followed by
Geometric Deep Learning focusing on rotation/translation-equivariant networks for 3D

point clouds and molecular conformation.
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Homework+Project: 100%

H M, =% Text & Reference Book: Yang, C. (2017). Introduction to GIS

Programming and Fundamentals with Python and ArcGIS. (1st edition). CRC Press

%m 5 2 Jfi Course Lecturer:  Ayush Joshi, Sanyuan Zhao

HEZUT Course Lecturer (Z57) .



