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Graph Mining

Networks (graphs)
A Node (vertex) : individual, actor, social entity
A Link (edge) : interaction between individuals

Popular problems

A Community detection, °
link prediction, recommendation,
influential user identification,
social contagion prediction, etc.

Facebook ~2B users

Importance of graph mining WeChat ~1B users
A Tounderstand behaviors and interactions Linkedin  ~0.6B users
through the structure and dynamics on networks ~20B relations
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Graph Embedding

Representation learning on graphs
A Finding embedding of nodes to low -dimensional space

5

A Solving the graph mining problems in a vector space

0 w
Vector space Network inference
Community detection
Link prediction
Node importance

Node classification

Network evolution

v
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Easy to parallel

Can apply classical ML methods

Reference P. Cui, Network Embedding,KDD 2019 Tutorial[link]
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http://pengcui.thumedialab.com/papers/KDD19 Tutorial on NE_Peng.pdf

Graph Embedding

Problem Formulation
A Input: nodes, links, substructures, graphs

A Output: positions preserving graph structures (or properties)

A Goal:solving graph mining problems in an efficient way

1.2
N,

"
““'-6 0.2
1.

7.}’

(a) [nput Graph {” 71

L ]
5 g**9

[
€5 (3
C3
€4 56
erq €45
A €34
€79
Ch7

Gz
G{4.5.ﬁf

e
G {7.8.9}

0 1.5 30
(b) Node Embedding

-3

0.0 1.5 3.0
(c) Edge Embedding

Reference: H.Caiet al., A Comprehensive Survey of Graph Embedding, TKDE 201[8nk]
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https://arxiv.org/abs/1709.07604

Goal of Graph Embedding

Goodgraph +db +]| | GI 6
A Input: nodes (usually)
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A Output: positions preserving local graph structures
A Goal:preserving similarity between neighboring nodes

Goal: similarity(u, v) & zIzu
~
Need to deflnel ................................. 7
............ ENC(u) o
o Zu
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original network embedding space

Reference W. L. Hamilton et al., Representation Learning on Networks, WWW 2018 Tutoria[link]
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http://snap.stanford.edu/proj/embeddings-www/

Goal of Graph Embedding

A

. Goodgraph+db+| | GI 6 " OWzb"W gAT ol Ko +
A Input: nodes (usually)
A Output: positions preserving global graph structures

A Goal: preservingsimilarity considering connectivity patterns

Structural equivalence Homophily

Reference P. Cui, Network Embedding,KDD 2019 Tutorial[link]
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http://pengcui.thumedialab.com/papers/KDD19 Tutorial on NE_Peng.pdf

Approaches to Graph Embedding

. General framework

1. Define encoder & similarity
2. Learn node positions in a vector space

Main approaches

Adjacency-based similarity [WWW 2013, CIKM 2015 KDD 2016 KDD 2018 etc.]
Random walk approaches KDD 2014 KDD 2016 KDD 2017, WWW 2018, etc.]
Graph neural networks [ICLR 2017NIPS 2017 Deep Learning on Graphs etc.]
Neighbor embedding [ ICML 2014 ICDE 2016 JSTAT 2016TKDE2019, etc.]
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https://static.googleusercontent.com/media/research.google.com/ko/pubs/archive/40839.pdf
https://dl.acm.org/citation.cfm?id=2806512
https://www.kdd.org/kdd2016/papers/files/rfp0184-ouA.pdf
https://www.kdd.org/kdd2018/accepted-papers/view/arbitrary-order-proximity-preserved-network-embedding
https://arxiv.org/pdf/1403.6652.pdf
https://cs.stanford.edu/~jure/pubs/node2vec-kdd16.pdf
https://www.kdd.org/kdd2017/papers/view/struc2vec-learning-node-representations-from-structural-identity
https://arxiv.org/pdf/1803.04742.pdf
https://openreview.net/pdf?id=SJU4ayYgl
https://papers.nips.cc/paper/6703-inductive-representation-learning-on-large-graphs.pdf
https://arxiv.org/abs/1812.04202
http://proceedings.mlr.press/v32/yange14.pdf
http://dm.kaist.ac.kr/lab/papers/icde16_blackhole.pdf
http://dm.kaist.ac.kr/lab/papers/jstat16.pdf
https://ieeexplore.ieee.org/document/8485425
https://ieeexplore.ieee.org/document/8485425
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Adjacency -Based Similarity

) y z ¥ -brider adjacency similarity
A Encoder: minimizing the difference between edge weights & vector similarities
A Vector similarity: dot products between node positions (cosine similarity)

A Edge weights:one-hop [WWW 2013] & multi -hop [CIKM 2015

: ERCR

adjacency matrix

from a vector space

where 6h): nodes in a graph, 0: (weighted) adjacency matrix,

» I : node positions, fl: lossfunction defined on the node positions
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https://static.googleusercontent.com/media/research.google.com/ko/pubs/archive/40839.pdf
https://dl.acm.org/citation.cfm?id=2806512

Adjacency -Based Similarity

- ¢ G 06 Gatder adjacency similarity
A Encoder: learning vector positions using eigenvalue decomposition
A Edge weights:higher -order [KDD 2016] & arbitrary order [KDD 201§

A HOPE [KDD 2016]: similarity measures from social network analysisY 0 10 )

=

A AROPE [KDD 2018]: similarity is a polynomial of adjacency’Y (6) 0 6 E 0 0)

f 2 e w7 a7 Proximity Measurement M, M,
IZrFZIY Yo | Katz T-3-A| B A
Personalized Pagerank | I—aP | (1—a)- I
. Common neighbors I A“
Yho N g : embedding vectors Adamic-Adar I A-D-A
0 M8 hy :arbitrary weights T
@ dimensionality of the space from social network analysis

THM [_Pd] is an eigenpair of 6 + [ ()] is an eigenpair of "Y(the order is different)
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https://www.kdd.org/kdd2016/papers/files/rfp0184-ouA.pdf
https://www.kdd.org/kdd2016/papers/files/rfp0184-ouA.pdf
https://www.kdd.org/kdd2018/accepted-papers/view/arbitrary-order-proximity-preserved-network-embedding

Random Walk Approaches

. Randomwalk-b" d+| ~ 1 z|]+ dqGaGW" 1T GAI
A Encoder: minimizing the difference between RW similarities & vector similarities
A Vector similarity: dot products between node positions (cosine similarity)
A RW-based similarities:language modeling [KDD 2014 & biased RW [KDD 2016
A DeepWalk [KDD 2014]: similarity is a degree of cooccurrence in simple random walks

A node2vec [KDD 2016]: similarity is a weighted sum of BFSlike & DFS-like random walks

1d the cold , close moon " . And neither ¢
the night with the moon shining so bright
in the light of the moon . It all boils dc
ly under a crescent moon , thrilled by ice
the seasons of the moon ? Home , alone ,

lazzling snow , the moon has risen full ar
1 the temple of the moon , driving out of

Language sentences

= BFS-like walk: Low value of p

Vg — W3 —> Y3 Y — Vi 2> V38— .

dr = s Vg ¥ B Veg = DFS-like walk: Low value of g
V73— Vg4 — VUs—> V1 > V2 —> V1 —

s Vi Y6 v i3 Vet BFSlike walk: local microscopic view
Random walk in a graph DFSlike walk: global macroscopic view
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https://arxiv.org/pdf/1403.6652.pdf
https://cs.stanford.edu/~jure/pubs/node2vec-kdd16.pdf

Random Walk Approaches

Randomwalk -b " d+| ~ AT ol AoT1 +_ 1T zW+ dgGAaGW"1
A Encoder: minimizing the difference between RW similarities & vector similarities

5

A Vector similarity: dot products between node positions (cosine similarity)
A RW-based similarities: structural identity [KDD2017] & roles [WWW 2018§]

A struc2vec [KDD 2017]: similarity measureshe structural distance between nodes

A VERSE [WWW 2018]: similarity measuressing personalized PageRankSimRank etc.

'Y (0): set of nodes at distance "Qfrom 0
"(PO HO ): distance between degree sequences

Structural distance:
Q) Q (6) "AY (6)hY (V)

t construct a multilayer graph (for each Q

(a) Community structure (b) Roles (c) Structural equivalence

to encode structural similarity
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https://www.kdd.org/kdd2017/papers/view/struc2vec-learning-node-representations-from-structural-identity
https://www.kdd.org/kdd2017/papers/view/struc2vec-learning-node-representations-from-structural-identity
https://arxiv.org/pdf/1803.04742.pdf

Graph Neural Networks

Graph convolutional networks
A Embedding using convolutional networks [ICLR 2017]
A Everynode defines a unique computation graph
A Same aggregation parameters are shared for all nodes

5

1) Sample neighborhood &

Target node aggregate information from neighbors

N Y
-~y

INPUT GRAPH

2) Define a loss function on the embeddings

Reference W. L. Hamilton et al., Representation Learning on Networks, WWW 2018 Tutoria[link]
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https://openreview.net/pdf?id=SJU4ayYgl
http://snap.stanford.edu/proj/embeddings-www/

Graph Neural Networks

Graph convolutional networks
A Embedding using convolutional networks

5

A Inductive capability : can be generalized to completely unseen data [NIPS 2017]

3) Trainon a set of nodes, i.e., a batch of compute graphs
4) Generateembeddings for nodes as needed

Even for nodes we never trained on

INPUT GRAPH
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Reference W. L. Hamilton et al., Representation Learning on Networks, WWW 2018 Tutoria[link]
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https://papers.nips.cc/paper/6703-inductive-representation-learning-on-large-graphs.pdf
http://snap.stanford.edu/proj/embeddings-www/

Graph Neural Networks

Deep learning on graphs

A Interest in graph neural networks has exploded over the past years JArXiv 2019]
A SDNE[KDD 2016} AE (Autoencoder) is used to learn node representations
A DVNE[KDD 2018]: VAE (Variational AE) is used to learn node representations
Local structure preserved cost Localvstr_ucturepr_eser_ved cost Parameter sharing
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Reference Z. Zhang et al., Deep Learning on Graphs: A Surveffink]
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https://arxiv.org/abs/1812.04202
https://arxiv.org/abs/1812.04202
https://arxiv.org/abs/1812.04202
https://arxiv.org/abs/1812.04202
https://arxiv.org/abs/1812.04202
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Neighbor Embedding

Divergence minimization on graphs
A Encoder:minimizing the sum of divergences for each node (B 'O(e ot ))

5

A It covers Laplacianeigenmap, elastic embedding, SNE and its variants on graphs,
force-directed embedding, etc. [ICML 2014

Force-directed graph embedding
A Find node positions that minimize

O f o 00 Lo
3(h$0 (E 5@ A®I  I© Al )k
{ h} N AN J
Y Y
Attraction Repulsion

where 0 ) : node weights, 0 j: edge weights, ¢hi : attraction/repulsion weights
n(6)M(0): node positions, 3: energy defined on the node positions
A Attraction: adjacent nodes are located close to each other
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http://proceedings.mlr.press/v32/yange14.pdf

Neighbor Embedding

BlackHole embedding

5

A BlackHole embedding [ICDE2016]: set ¥ \/Biandd') i mm

A Due to the strong attraction , it attracts the nearby nodes into a black hole &
conventional algorithm finds communities of node positions (and nodes)

A LinkBlackHolet [TKDE 201%: it finds overlapping communities by finding

communities in the link -space graph of the original graph
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http://dm.kaist.ac.kr/lab/papers/icde16_blackhole.pdf
http://dm.kaist.ac.kr/lab/papers/icde16_blackhole.pdf
https://ieeexplore.ieee.org/document/8485425
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Part |

BlackHole embedding

BlackHole: Robust Community Detection Inspired by Graph Drawing
IEEEICDE 2016

Joint work with J. Kim (NTU, Singapore) and J.-G. Lee (KAIST)
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Proposed Algorithm: BlackHole

Proposing the BlackHole embedding that transforms a given graph into
the points in a low-dimensional space

Developing an algorithm that performs clustering on the embedded space,
which enables us to discover highly mixed communities

BlackHole Point Membership
Embedding Clustering Translation
Original Positions in Communities Communities
Graph aSpace ™= f positions of Vertices

=
! Q Qﬂ

7 Z \ k\

Community
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