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GNN Course

Yukuo Cen
GNN Center, Zhipu AI

KEG, Tsinghua University
Course Info: https://cogdl.ai/gnn2022/

CogDL is publicly available at       https://github.com/THUDM/cogdl

https://cogdl.ai/gnn2022/
https://github.com/THUDM/cogdl
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Course Logistics

• Wednesday 7:30-8:30pm

• Structure of lectures:
– 45 minutes of a lecture 
– 15 minutes of a live Q&A/discussion session

• Slides will be shared before each lecture
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Course Outline
Date Description
13th July, Wed.
19：30-20：30 Basic Network Embedding (DeepWalk, LINE, node2vec)

20th July, Wed.
19：30-20：30 Advanced Network Embedding (NetMF, ProNE, NetSMF, LightNE)

27th July, Wed.
19：30-20：30 Basic Graph Neural Networks (GCN, GAT, GraphSAGE)

3rd Aug., Wed.
19：30-20：30 Panel Discussion / Invited Talk

10th Aug., Wed.
19：30-20：30 Simplified Graph Neural Networks (SGC, SIGN, SAGN, GAMLP)

17th Aug., Wed.
19：30-20：30 Training GNNs on Large-scale Graphs (ClusterGCN, GraphSAINT)

24th Aug., Wed.
19：30-20：30 Panel Discussion / Invited Talk

31st Aug., Wed.
19：30-20：30 Graph Semi-supervised Learning (GRAND, GRAND+, SCR)

7th Sept., Wed.
19：30-20：30 Graph Self-supervised Learning (GCC, GraphMAE)

14th Sept., Wed.
19：30-20：30 Applications of Graph Neural Networks
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Course Grading

• Attendance: 20%
• Homework: 40%

– 8 assignments
• Course project: 40%

– Build a demo based on GNN/CogDL

• Extra credit: code contribution to CogDL
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Reading Materials

• Blogs:
– Introduce to GNNs: https://distill.pub/2021/gnn-intro/
– Understanding GNNs: https://distill.pub/2021/understanding-

gnns/
• Books:

– https://www.cs.mcgill.ca/~wlh/grl_book/
– https://web.njit.edu/~ym329/dlg_book/

• Research Papers (DeepWalk, GCN, …)
• CogDL

– code: https://github.com/THUDM/cogdl
– doc: https://cogdl.readthedocs.io/

https://distill.pub/2021/gnn-intro/
https://distill.pub/2021/understanding-gnns/
https://www.cs.mcgill.ca/~wlh/grl_book/
https://web.njit.edu/~ym329/dlg_book/
https://github.com/THUDM/cogdl
https://cogdl.readthedocs.io/
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Basic Network Embedding

Yukuo Cen
GNN Center, Zhipu AI

KEG, Tsinghua University
Course Info: https://cogdl.ai/gnn2022/

CogDL is publicly available at       https://github.com/THUDM/cogdl

https://cogdl.ai/gnn2022/
https://github.com/THUDM/cogdl
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Networked World

• 2.7 billion MAU
• 17 billion photos/day

• 550 million MAU  
• 12 billion pageview/day

• 350 million MAU  
• 5 million tweets/day

•QQ: 600 million MAU
• WeChat: 1.2 billion MAU

• 1.15 billion MAU
• 95 million pics/day

• 2.3 billion trans. on 11/11
• ~500 billion GMV on 11/11

• 500 million MAU
• 30 minutes/user/day

• ~1.9 billion MAU
• 70 minutes/user/day
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Machine Learning on Graphs

• ML tasks on graphs: 
– Node classification

• Predict a type of a given node 
– Link prediction

• Predict whether two nodes are linked 
– Community detection

• Identify densely linked clusters of nodes 
– Network similarity

• How similar are two (sub)networks?
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Let us start with an application
—Academic Graph Mining
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Academic Graph Mining

• Input: 
– an academic graph (papers, citation links, …)

• Applications: 
– recommendation, tagging, disambiguation, …

How?
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Tasks on Academic Graphs

• Take a deep look at these tasks one by one:
– Paper recommendation

• Given past user-paper interactions, the objective is to 
predict the papers that the user will interact next.

– Paper Tagging
• given papers’ metadata, attach the most proper concept 

to each paper
– Influence Prediction

• Given publications and paper citations in year 𝑦𝑟 and 
before, the goal is to predict the citation number of 
authors at the end of 𝑦𝑟 + Δ𝑦𝑟
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Question

• How to represent a node in a graph to help 
downstream tasks?

• Node Embedding!
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Graph Neural Networks

Network Embedding

Origin of Representation Learning
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Recall word2vec for NLP
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Review Representation Learning for Graphs

0.8 0.2 0.3 … 0.0 0.0

d-dimensional vector, d<<|V|

Users with the same label are located in 
the d-dimensional space closer than those 
with different labels

label1

label2

e.g., node classification

Representation Learning/
Graph Embedding
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Why is it hard?

• Modern deep learning toolbox is designed for 
simple sequences or grids.
– CNNs for fixed-size images/grids...
– RNNs or word2vec for text/sequences...

• But networks are far more complex!
– Complex topographical structure (i.e., no spatial 

locality like grids)
– No fixed node ordering or reference point (i.e., the 

isomorphism problem)
– Often dynamic and have multimodal features.
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Node Embeddings
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DeepWalk

1. B. Perozzi, R. Al-Rfou, and S. Skiena. 2014. Deepwalk: Online learning of social representations. KDD, 701–710.

v1

v2

v3 v4

v6

v5

v4 v3 v1 v5 v6

Random walk One example RW path SkipGram with 
Hierarchical softmax

Hierarchical 
softmax
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DeepWalk

1. B. Perozzi, R. Al-Rfou, and S. Skiena. 2014. Deepwalk: Online learning of social representations. KDD, 701–710.
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Random Walk
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DeepWalk

1. B. Perozzi, R. Al-Rfou, and S. Skiena. 2014. Deepwalk: Online learning of social representations. KDD, 701–710.
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Representation Mapping
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DeepWalk

1. B. Perozzi, R. Al-Rfou, and S. Skiena. 2014. Deepwalk: Online learning of social representations. KDD, 701–710.
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v5

v4 v3 v1 v5 v6

Random walk One example RW path SkipGram with 
Hierarchical softmax

Hierarchical 
softmax
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Hierarchical Softmax
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Parameter Learning

• Randomly initialize the representations
• Each classifier in the hierarchy has a set of 

weights
• Use SGD (stochastic gradient descent) to 

update both classifier weights and vertex 
representations simultaneously
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Results: BlogCatalog
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Results: YouTube
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Homework 1: DeepWalk

• Implement DeepWalk for citation networks
– Cora citation dataset;
– Random walk algorithm;
– Call gensim.Word2Vec model;
– Train linear classifier for prediction

• Requirement:
– pip install cogdl
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• DeepWalk utilizes fixed-length, unbiased 
random walks to generate context for each 
node, can we do better? 
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Later…

• LINE[1]: explicitly preserves both first-
order and second-order proximities.

• PTE[2]: learn heterogeneous text 
network embedding via a semi-
supervised manner.

• Node2vec[3]: use a biased random 
walk to better explore node’s 
neighborhood.

1. J. Tang, M. Qu, M. Wang, M. Zhang, J. Yan, and Q. Mei. 2015. Line: Large-scale information network embedding. WWW, 1067–1077.
2. J. Tang, M.  Qu, and Q. Mei. 2015. Pte: Predictive text embedding through large-scale heterogeneous text networks. KDD, 1165–1174.
3. A. Grover and J. Leskovec. 2016. node2vec: Scalable feature learning for networks. KDD, 855–864.
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LINE: Large-scale Information Network Embedding

First-order proximity: two adjacent nodes
<latexit sha1_base64="1jjBM8tTWeEZs3sjQT/DRluiOJE=">AAACDnicbVDLSsNAFJ3UV62vqEs3g6XQopZEiroRim5cVugLmhgm00kdOnkwMym2oV/gxl9x40IRt67d+TdO2yy09cCFwzn3cu89bsSokIbxrWWWlldW17LruY3Nre0dfXevKcKYY9LAIQt520WCMBqQhqSSkXbECfJdRlpu/3ritwaECxoGdTmMiO2jXkA9ipFUkqMXIscsxsdwULq0PI5wYo4T88giD1HxZOTEd/WRMyiNHT1vlI0p4CIxU5IHKWqO/mV1Qxz7JJCYISE6phFJO0FcUszIOGfFgkQI91GPdBQNkE+EnUzfGcOCUrrQC7mqQMKp+nsiQb4QQ99VnT6S92Lem4j/eZ1Yehd2QoMoliTAs0VezKAM4SQb2KWcYMmGiiDMqboV4nukUpEqwZwKwZx/eZE0T8vmWblyW8lXr9I4suAAHIIiMME5qIIbUAMNgMEjeAav4E170l60d+1j1prR0pl98Afa5w/4YJrW</latexit>

p1(u, v) =
1

1 + exp(�zTu zv)

<latexit sha1_base64="GBTO1GxzEAkNrBRi+T/5Q3O3TIU="></latexit>

p̂1(u, v) =
wu,v

W
with W =

X

u,v2E

wu,v

Objective Function (KL divergence)：
<latexit sha1_base64="MIo5ypz0S8jrsVqWB4LmQ27tnMk="></latexit>

L1 = d(p̂1(., .), p1(., .)) = �
X

u,v2E

wu,vlogp1(u, v)

J. Tang, M. Qu, M. Wang, M. Zhang, J. Yan, and Q. Mei. 2015. Line: Large-scale information network embedding. WWW’15, 1067–1077.
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LINE: Large-scale Information Network Embedding

Second-order proximity:
<latexit sha1_base64="gdeaBjkhRVDgpgCxoJf3/EFGFrk="></latexit>

p2(v|u) =
exp(zTv zu)P

k2N(u) exp(z
T
k zu)

<latexit sha1_base64="qMw8GLP736gCH/bGQNgfAMVoHkU="></latexit>

p̂2(v|u) =
wu,v

du
with du degree of u

Objective Function (KL divergence, 𝜆! = 𝑑!)
<latexit sha1_base64="3J4OEufoJHh39ESFVmDQ/oo5Vto="></latexit>

L2 =
X

u2V

�ud(p̂2(.|u), p2(.|u)) = �
X

u,v2E

wu,v log p2(v|u)
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Results: YouTube 

• Better than DeepWalk when adds second-order neighbors
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Results: YouTube（cont.）
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node2vec

• Idea：apply a biased random walk to capture local and 
global structures

A. Grover and J. Leskovec. 2016. node2vec: Scalable feature learning for networks. KDD, 855–864.
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Biased random walk in node2vec

• Biased random walk via two parameters：
– Return parameter 𝑝：

• Revisit the previous node
– In-out parameter 𝑞：

• inward or outward nodes
• BFS v.s. DFS

• DeepWalk ≈ node2vec (p=q=1)

BFS-like：small 𝑝
DFS-like：small 𝑞
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node2vec
1. Preprocess random walk probabilities;
2. Apply biased random walk for each node;
3. Use SGD to optimize the objective

from Prof. Jure Leskovec’s slides

Different 𝑝, 𝑞
Different result
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Results: Blog / PPI / Wikipedia
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Short Summary

• DeepWalk: random walk + SkipGram
• LINE: both consider first-/second proximities
• Node2vec: Biased random walk

J. Tang, M. Qu, M. Wang, M. Zhang, J. Yan, and Q. Mei. 2015. Line: Large-scale information network embedding. WWW’15, 1067–1077.
J. Tang, M.  Qu, and Q. Mei. 2015. Pte: Predictive text embedding through large-scale heterogeneous text networks. KDD’15, 1165–1174.
A. Grover and J. Leskovec. 2016. node2vec: Scalable feature learning for networks. KDD’16, 855–864.

v1

v4

v6

v5

v2
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CogDL Introduction

CogDL provides researchers and developers with
a unified trainer, easy-to-use APIs, and high
efficiency for most graph tasks and applications.

Vision

Easy-to-use

Philosophy

Unified Efficiency

[1] Yukuo Cen, Zhenyu Hou, …, Peng Zhang, Guohao Dai, Yu Wang, Chang Zhou, Hongxia Yang, Jie Tang. CogDL: A 
Toolkit for Deep Learning on Graphs. In arXiv:2103.00959.
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CogDL Development

2020 2021

Prototype

Development 
started

v0.2
Experiment API

Pipeline APIv0.1.1
Hyper-parameter 

search

v0.1
Basic APIs

v0.1.2
Trainer API

Next steps

v0.3
Fast Ops

v0.4
Training 
Speedup

Prerequisite: PyTorch environment
CogDL installation: pip install cogdl
or git clone https://github.com/THUDM/cogdl

v0.4.1
Deep GNNs

v0.5
Modular 
Design

v0.5.x
More features

2022

https://github.com/THUDM/cogdl
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Tasks, Datasets, Models in CogDL

• >10 Tasks:
– node classification
– graph classification

• >60 Datasets:
– Social networks
– Academic graphs
– Molecular graphs

• >70 models:
– Network embedding
– Graph Neural Networks
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Basic Usage: Experiment API

• Quick start: 
– Dataset, model, (hyper-parameters), (search space)
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Results of Experiment API
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Summary

• Machine Learning on Graphs
– node-/link-/graph-level tasks

• Academic Graph Mining
• Basic Network Embedding

– DeepWalk (random walk + skip-gram)
– LINE (first-/second-proximities)
– node2vec (biased random walk)

• Basic Introduction to CogDL
• Homework 1: DeepWalk (due by 17th July)

– Find the homework material from the course website
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Yukuo Cen, KEG, Tsinghua U.                https://github.com/THUDM/cogdl
Online Discussion Forum https://discuss.cogdl.ai/

Thank you！
Collaborators:

Zhenyu Hou, Yuxiao Dong, Jie Tang et al. (THU)
Qingfei Zhao, Xinije Zhang, Peng Zhang (Zhipu AI)

Hongxiao Yang, Chang Zhou, et al. (Alibaba)
Yang Yang (ZJU)

https://github.com/THUDM/cogdl
https://discuss.cogdl.ai/

