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Representation Learning on Networks (WWW-18 Tutorial)
http://snap.stanford.edu/proj/embeddings-www/
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Nicola De Cao, Thomas Kipf, "MolGAN: An implicit generative model for
small molecular graphs", https://doi.org/10.48550/arXiv.1805.11973
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* Traffic prediction with advanced Graph Neural
Networks (2020)

— https://www.deepmind.com/blog/traffic-
prediction-with-advanced-graph-neural-networks

Deeleﬂd > Blog > Traffic prediction with advanced Graph Neural Networks
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napter 19: GNNs in Modern Recommender Systems
napter 20: GNNs in Computer Vision

napter 21: GNNs in Natural Language Processing
napter 22: GNNs in Program Analysis

napter 23: GNNs in Software Mining

* Chapter 24: GNN-based Biomedical Knowledge Graph
Mining in Drug Development

* Chapter 25: GNNs in Predicting Protein Function and
Interactions

Jian Pei - Liang Zhao £ds.

* Chapter 26: GNNs in Anomaly Detection GlrabHthéural
* Chapter 27: GNNs in Urban Intelligence

"Graph Neural Networks: Foundations, Frontiers, and Applications”,
Lingfei Wu, Peng Cui, Jian Pei, Liang Zhao, Springer, 725 pages, 2022.
https://graph-neural-networks.github.io/
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Graph Neural Networks for Traffic Forecasting : A
Survey

— https://doi.org/10.1016/j.eswa.2022.117921

Graph Neural Networks for Natural Language
Processing : A Survey

— https://arxiv.org/abs/2106.06090

A Generalization of Transformer Networks to Graphs
— https://arxiv.org/abs/2012.09699v2

Quantum Graph Neural Networks

— https://paperswithcode.com/paper/quantum-graph-
neural-networks-1
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Embeddings: Translating to a Lower-Dimensional Space
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Network Embedding Application

"awesome-network-embedding", https://github.com/chihming/awesome-network-embedding
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original network embedding space

"Representation Learning on Networks" WWW-18 Tutorial
http://snap.stanford.edu/proj/embeddings-www/
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DeepWalk [Perozzi, KDD'14]
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(a) Input: Karate Graph (b) Output: Representation

Bryan Perozzi, Rami Al-Rfou, Steven Skiena, "DeepWalk: online learning of social representations", Proceedings of the
20th ACM SIGKDD international conference on Knowledge discovery and data mining (KDD'14) pp.701-710 (2014)
https://doi.org/10.1145/2623330.2623732  http://www.perozzi.net/projects/deepwalk/
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LINE [Tang, WWW’15]
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Jian Tang, Meng Qu, Mingzhe Wang, Ming Zhang, Jun Yan, Qiaozhu Mei, "LINE: 1

Large-scale Information Network Embedding", Proceedings of the 24th g O 5 8

International Conference on World Wide Web (WWW’15) pp.1067-1077 (2015) O . , O .

https://doi.org/10.1145/2736277.2741093 . . Q
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Wu et al., “A Comprehensive Survey on Graph
Neural Networks”, IEEE Transaction on Neural
Network and Learning Systems, Vol.32, No.1,

pp.4-24 (2021)

https://doi.org/10.1109/TNNLS.2020.2978386
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(a) 2D Convolution. Analogous
to a graph, each pixel in an image
is taken as a node where neigh-
bors are determined by the filter
size. The 2D convolution takes
the weighted average of pixel val-
ues of the red node along with
its neighbors. The neighbors of a
node are ordered and have a fixed
siZe.
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(b) Graph Convolution. To get a
hidden representation of the red
node, one simple solution of the
graph convolutional operation 1s
to take the average value of the
node features of the red node
along with its neighbors. Differ-
ent from image data, the neigh-
bors of a node are unordered and
variable in size.
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Spectral Convolution
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ChebNet [Defferrard, NIPS 2016}
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* g *X = leg=0 Hka(Z)X

~ 2
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— 0 € RKIFFIEL 2 DZIEBKDFZRBDAINIL

— T (x) = 2xTy_1(x) — T2 (%),

—To(x)=1,Ty(x) =x
o (kRMDZIBER D T)k-localizedZ B AHIAHSLD[E
BENVRLETERTE

Michael Defferrard, Xavier Bresson, Pierre Vandergheynst, "Convolutional Neural Networks on Graphs with Fast
Localized Spectral Filtering”, Proceedings of the 30th International Conference on Neural Information
Processing Systems (NIPS 2016), pp.3844-3852 (2016) https://dl.acm.org/doi/10.5555/3157382.3157527
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GCN [Kipf, ICLR 2017]
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Thomas N. Kipf, Max Welling, "Semi-Supervised Classification with Graph Convolutional
Networks", The 5th International Conference on Learning Representations (ICLR 2017) (2017)
https://arxiv.org/abs/1609.02907 https://tkipf.github.io/graph-convolutional-networks/
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GCN [Kipf, ICLR 2017]
* go' *x = 0(l +D 24D 2)x
° ;d)/ﬁiiﬁ’&% L)L?’k’?@ﬂzﬁ%l J:[')T

—>renormalization trick

_1 _1 ~_ 1 ___1
e [+ D 2AD 2->D 2AD =2
—A=A+1
- Dy = Y Ajj E*JL(E 14 %) |

¢« IS[ZEEXEX € RVXCIZ—§%1b

. 7 = D"E/ID"EX@ﬁ 24 L3175 |

-0 ER' S S L aHAX
]:ﬂ—’*;’%ﬂ N |




DI IRMHAHFD2OOT7ITO—F

e Spectral-based
- U575 :'O)_Liﬁf)\bjff)l//)v&%]\bf7
775_07%3&0—97&

— &P 5P _unﬂE’JE%HH 1T DO EF B
7b\n+ﬁij(

T

1'I'

*| Spatial-based
—IEED /o FHREREROLINELLTY
STBEMHIAATTERE

— RAT- B ERNICEFZLPIT - FERICZLD
INY)IT—3>

inm




Spatial Convolution
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GraphSAGE [Hamilton, NIPS 2017]
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1. Sample neighborhood 2. Aggregate feature information 3. Predict graph context and label
from neighbors using aggregated information

William L. Hamilton, Rex Ying, Jure Leskovec, "Inductive Representation Learning on Large Graphs", Proceedings of
the 31st International Conference on Neural Information Processing Systems (NIPS 2017), pp.1025-1035 (2017)
https://dl.acm.org/doi/10.5555/3294771.3294869 http://snap.stanford.edu/graphsage/
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GraphSAGE [Hamllton NIPS 2017]
(FoTIo T THAREE
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* hywy = AGGREGATE ({hE™,Vu € N(v)})
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. 3 DMaggregatorBi %k WIEDRBRDITE

— Mean aggregator
— LSTM aggregator
— Pooling aggregator
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Simplifying Graph Convolutional

Networks [Wu, ICML 2019}
* GCNOD(RelU7gE D) IEFRTZBE# ZFREL | Bk
EEODEHTHIZDST
o O—/N\RI4ILE2+EER D 5EES [2XS
° ——%m'ﬂf,—cl—J ﬁ'ﬂ: ﬁ**ﬂ_.rﬁbs *iix:u'ﬂf,'u'_d_

Input Graph Gcg /\ B Predictions
(). e . v Ry S} y =
AR T (K —1)
Q. foaﬁxl.p@m@’r—a vy ® @

ey / Feature Propagation /i Nonlinearity -~ \ /_ <
O ':'."”*—I’EE A SHE D N i i J HY  ReLU(H®) . U0
X1 A 6(2 N, 3 E . _

Yaon = softmax(SHE —1)9(:‘\’))

.
\ Predictions
@ e
/ = ]
7 Sl
s L
/ L ’/ y s "‘.
_/".j 4 = = B/
{ — K-step Feature Propagation O _r /I
0 \ () g . N\
X1 T X2 ~X3 X« 8fX

Logistic Regression

Feature Value: T X
Class +1: . Class -1: . Feature Vector: H im:?:'&lj YbG(.a = softmax (XG‘))
- +

Felix Wu, Tianyi Zhang, Amauri Holanda de Souza Jr., Christopher Fifty, Tao Yu, Kilian Q. Weinberger,
"Simplifying Graph Convolutional Networks", Proceedings of the 36th International Conference on
Machine Learning (ICML 2019) (2019) https://arxiv.org/abs/1902.07153
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GNNExplainer: Generating Explanations for
Graph Neural Networks [Ying, NeurlPS 2019]

« ED/—FDEFEMNFTRICHEE L= ZTEEE
* GCN, GraphSAGE, GAT, SGCETOD ./ —K 7 #A.
TS50, )0 FRIZFI AT

GNN model training and predictions Explaning GNN's predictions
At\ ia;hk.-n...n" 'H'

@ - \ * i “Basket bhall” iy “aailing”

s %

% } -._* _ GNNE‘“FI?WE"
...@J 5 %ﬂ;
N 'I‘:‘k)

“Cailling" ===
Rex Ying, Dylan Bourgeois, Jiaxuan You, Marinka Zitnik, Jure Leskovec, "GNNExplainer: Generating Explanations
for Graph Neural Networks", Proceedings of the 33rd International Conference on Neural Information
Processing Systems (NeurlPS 2019), pp.9244-9255 (2019) https://dl.acm.org/doi/10.5555/3454287.3455116

http://snap.stanford.edu/gnnexplainer/ B
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 Hao Yuan, Haiyang Yu, Shurui Gui, ShwwangJi,
“Explainability in Graph Neural Networks: A
Taxonomic Survey”, IEEE Transactions on Pattern
Analysis and Machine Intelligence, Vol.45, pp.5782-

5799 (2023)
— https://doi.org/10.1109/TPAMI.2022.3204236
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GNNExplainer
_ SA PGExplainer e PR .
Guided BP ZORRO o
CAM GraphMask Excitation BP RelEx XGNN
Grad-CAM Causal Screening GNN-LRP PGM-Explainer
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 Ryoma Sato, “A Survey on The Expressive Power of
Graph Neural Networks” (2020)

— https://arxiv.org/abs/2003.04078

* Pan Li, Jure Leskovec, “The Expressive Power of Graph
Neural Networks”, in “Graph Neural Networks”, pp. 63-
98, Springer (2022)

— https://graph-neural-
networks.github.io/gnnbook Chapter5.html
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* R. Sato, “A Survey on The Expressive Power of
Graph Neural Networks” (2020)

— https://arxiv.org/abs/2003.04078
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Weisfeiler-Lehman Procedure
. 290)’7“5775“@5275\.7:?75\%#5']%?:.15

Weisfeiler-Lehman Procedure )

elel 1 I 1 2 3
. OlO 2 Q.1 °C
o —| @O > 3 — _ O,
e \. @O 4 E-_}/ KCJ
G @O 5
@ 6 2 3
e Og. 2 NP
o —> @O > 3 —>» 0
@0 5 'S
GI
Sort Compress Relabel

A new subtree kernel

@ Count common labels after each iteration
® Process N graphs simultaneously
® Use a global hash function for compression

Karsion Boegward! and Oliver Stegla: Compulational Approsches for Analysing Comple Bislogical Sysiems, Pagae 12

Weisfeiler-Lehman Procedure

https://ethz.ch/content/dam/ethz/special-interest/bsse/borgwardt-
lab/documents/slides/CA10 WeisfeilerLehman.pdf

TSI = TN 7N d [l L W R S
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How Powerful Are Graph Neural

Networks? [Xu, ICLR 2019]
* GNNDJ ST AEE H T H=E THWL
(Weisfeiler-Lehman) test &[a] 5§
* GNNAWL test&RIZF D AIEE N EMEDHT=8

DITETRRADENEHEALELBAROEHZ
BAE1E

* GCNASGraphSAGEZF D GNNTIFFHAI TE4N
J5BEDREE

o WL test&[R1ZF D AIEE I D Graph
Isomorphism Network (GIN)DIEE

- -
¢ @ T v | ¢ T T
- - VS, VS, ‘\
- - - - - - - w
I p ut suUm - Multiset mean - distribution Mex - 86t (1) Mean and Max both fail ( ) (c )

Keyulu Xu, Weihua Hu, Jure Leskovec, Stefanie Jegelka, "How Powerful are Graph Neural Networks?", The 7th
International Conference on Learning Representations (ICLR 2019) (2019) https://arxiv.org/abs/1810.00826
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(a) 1-layer (b) 2-layer (c) 3-layer (d) 4-layer (e) 5-layer
Figure 2: Vertex embeddings of Zachary’s karate club network with GCNs with 1,2,3.4,5 layers.

Qimai Li, Zhichao Han, Xiao-Ming Wu, "Deeper Insights into Graph Convolutional Networks for Semi-
Supervised Learning", Proceedings of the thirty-second AAAI conference on Artificial Intelligence (AAAI-18),
pp.3538-3543 (2018) https://dl.acm.org/doi/10.5555/3504035.3504468
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DEEP
LEARNING
=g
% GRAPHS
= H

Yao Ma

Jiliang Tang

* Yao Ma, Jiliang Tang, “Deep Learning on
Graphs”, Cambridge University Press (2021)
— https://doi.org/10.1017/9781108924184

* Lingfei Wu, Peng Cui, Jian Pei, Liang Zhao,
"Graph Neural Networks -- Foundations,
Frontiers, and Applications®, Springer (2022)

— https://doi.org/10.1007/978-981-16-6054-2 GhN |
rapn Neura
— https://graph-neural-networks.github.io/ Networks

Foundations,
Frontiers,
and Application
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ISBN : 978-4-274-22887-2
F55H :2022/07/20
FiT7C . A — L%t

aHM
Ohmsha

o F—L%t
https://www.ohmsha.co.jp/book/9784274228872/

o« HIR—MR—I(BEERXDIK)
https://github.com/atarum/GraphNeuralNetworks
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A Gentle Introduction to Graph Neural
Networks

* https://doi.org/10.23915/distill.00033

A Gentle Introduction to
Graph Neural Networks

Neural networks have been adapted to leverage the structure and properties of graphs.

We explore the components needed for building a graph neural network - and
mativate the design choices behind them.

Layer 0 Layer 1 Layer 2 Layer 3

a node in the diagram below to see how it accumulates information from nodes around it through the layers


https://doi.org/10.23915/distill.00033

Graph Neural Networks
(deep learning for molecules & materials)

« ITVTZILEARDODMEZRITOHAF
https://dmol.pub/dl/gnn.html

60O X = Contents
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deep learning for C . Contributors
oleculos & materials deep learning for molecules & materials Ciaton
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VETVIEW

Overview

A. MATH REVIEW

1. Tensors and Shapes Deep learning is becoming a standard tool in chemistry and materials science. Deep learning is specifically

about connecting some input data (features) and output data (labels) with a neural network function. Neural

B. MACHINE LEARNING networks are differentiable and able to approximate any function. The classic example is connecting a

2. Introduction to Machine molecule’s structure and function. A recent example is dramatically accelerating quantum calculations to the
Learning point that you can achieve DFT level accuracy with a neural network. What makes deep learning especially
3. Regression & Model relevant is that it's a powerful tool for approximating previously intractable functions and its ability to generate
Assessment new data.

ERALIS I —RRIZEXRTE HMAEBE
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* CS224W: Machine Learning with Graphs
— http://web.stanford.edu/class/cs224w/
« 2021F D FE H YouTube THREE R RE

— CS224W: Machine Learning with Graphs | 2021
Lecture 1.1 - Why Graphs

— https://www.youtube.com/watch?v=JAB plj2rbA

CS224W Content Schedule Course Info Projects Office Hours FAQ Gradescope Canvas

CS224W: Machine Learning with Graphs
SNAP Stanford / Fall 2023

Logistics

» Lectures: are on Tuesday/Thursday 3:00-4:20pm in person in the NVIDIA Auditorium

» Lecture Videos: are available on Canvas for all the enrolled Stanford students.

» Public resources The lecture slides and assignments will be posted online as the course pragresses. We are happy for anyone to use these resources, but we
cannot grade the work of any students who are not officially enrolled in the class

« Contact: Students should ask af/ course-related questions on Ed (accessible from Canvas), where you will alse find announcements. For external inquiries, personal
matters, or in emergencies, you can email us at cs224w-aut2324-staff@lists.stanford.edu.

+ Academic accommodations: If you need an academic accommedation based on a disability, you should initiate the request with the Office of Accessible
Education (OAE). The OAE will evaluate the request, recommend accommodations, and prepare a letter for the teaching staff. Once you receive the letter, send it to
our staff email address. Students should contact the OAE as soon as possible since timely notice is needed to coordinate accommodations.


http://web.stanford.edu/class/cs224w/
https://www.youtube.com/watch?v=JAB_plj2rbA
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Nuttapong Chairatanakul, Noppayut Sriwatanasakdi, Nontawat Charoenphakdee, Xin Liu, Tsuyoshi Murata,
“Cross-lingual Transfer for Text Classification with Dictionary-based Heterogeneous Graph”,
Findings of EMNLP 2021. http://dx.doi.org/10.18653/v1/2021.findings-emnlp.130
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Nuttapong Chairatanakul, Nguyen Thai Hoang, Xin Liu, Tsuyoshi Murata, “Leaping Through Time with
Gradient-based Adaptation for Recommendation”, Proceedings of The Thirty-Sixth AAAI Conference on
Artificial Intelligence (AAAI-22), pp.6141-6149, 2022. https://doi.org/10.1609/aaai.v36i6.20562
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Ruidong Jin, Tiangi Xia, Xin Liu, Tsuyoshi Murata, Kyoung-Sook Kim, Predlctlng Emergency Medical Service
Demand With Bipartite Graph Convolutional Networks”, IEEE Access, Vol. 9, pp.9903-9915, 2021.
https://doi.org/10.1109/ACCESS.2021.3050607
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Zarina Rakhimberdina, Xin Liu, Tsuyoshi Murata, "Population Graph-Based Multi-Model Ensemble Method
for Diagnosing Autism Spectrum Disorder”, Sensors, Vol.20, No.21, 18 pages, 2020.
https://doi.org/10.3390/s20216001
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Hibiki Taguchi, Xin Liu, Tsuyoshi Murata, Graph Convolutional Networks for Graphs Containing Missing
Features", Future Generation Computer Systems, Vol.117, pp.155-168, Elsevier, 2021.
https://doi.org/lO.1016/i.future.2020.11.016
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Sunil Kumar Maurya, Xin Liu, Tsuyoshi Murata, "Graph Neural Networks for Fast Node Ranking
Approximation", ACM Transactions on Knowledge Discovery from Data, Vol.15, No.5, Article No.78, 2021.
https://doi.org/10.1145/3446217

Sunil Kumar Maurya, Xin Liu, Tsuyoshi Murata, "Fast Approximations of Betweenness Centrality with Graph
Neural Networks", Proc. of the 28th ACM Int'l Conf. on Information and Knowledge Management (CIKM'19)
pp.2149-2152, 2019.

https://doi.org/10.1145/3357384.3358080
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Jin Ruidong, Xin Liu, Tsuyoshi Murata, "Predicting Potential Real-time Donations in
YouTube Live Streaming Services via Continuous-time Dynamic Graph ", Machine Learning,

Springer (accepted)
https://github.com/Tracy-King/YouTube
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