CS247: ADVANCED DATA MINING

Graph and Network: Graph Embedding

Instructor: Yizhou Sun

yzsun@ccs.neu.edu

May 18, 2020


mailto:sun22@illinois.edu

Methods to Learn

Vector Data Text Data Graph & Recommender
Network Systems

Classification Naive Bayes; Logistic Label Propagation
Regression; NN

Clustering K-means; kernel k-means; PLSA; Spectral Clustering Matrix Factorization
Mixture Models LDA
Prediction NN Collaborative

Filtering;
Factorization
machine; Hybrid CF;
Recommendation
with graph
regularization

Similarity Search P-PageRank

Representation Word Network Deep collaborative
Learning embedding embedding learning




Graph Embedding

* What is Graph Embedding L
*Shallow Network Embedding
- Graph Convolution Network

- Knowledge Graph Embedding

Summary



How to represent nodes?

* A naive solution
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o Limitations:

* Extremely High-dimensional
* No global structure information integrated
e Permutation-variant




A Better Solution

-Map each node into a low dimensional

vector
-¢:V —> R
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Source: DeepWalk

(b) Output: representations
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Shallow Network Embedding
Approaches

Inspired by word embedding

* A node’s embedding 1s determined by its
context

«How to define the local context of a
node?

* DeepWalk |Perozzi, KDD’14]
« LINE [Tang, WWW’1)5]
* Node2Vec [Grover, KDD’106]



LINE: Large-scale Information Network

Embedding

* First-order proximity

:%3—-4':

» Assumption: Two nodes are similar if they are
connected
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u;: embedding vector for node i

- Limitation: links are sparse, not sufficient



Objective function for first-order

it

*Minimize the KL divergence between
empirical link distribution and modeled
link distribution

le

ﬁl(vgavj) = 2 "
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(m,n)eE

O, =KL(p,,p,)=— E w; log p,(v;,v))
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w;;: weight over edge(i, j)



Second-Order Proximity

* Assumption:

»"T'wo nodes are similar 1if their neighbors are

, .o—oé:

similar

(a - i)

exp(u; - u;

> exp(iy! - i)

u;: target embedding vector for node i

u]’-: context embedding vector for node j

p2(vj|vi) =
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Objective function for second-order

i
*Minimize the KL divergence between
empirical link distribution and modeled

link distribution

.. C ~ i
- Empirical distribution P, (V; 1v;) = 2
W,
ik

kv
» Objective function
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Negative Sampling for Optimization

- For second-order proximity derived
objective function

» For each positive link (1, j), sample K negative
links (1, n)

« An edge with weight w can be considered as w
binary edges

logo (i - ;) + Z By, np, ) llogo(=i," - ;)]
1=1

negative distribution: P,(v) « d3/4
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Limitation of Shallow Network

Embedding
- Too many parameters

 Fach node 1s associated with an embedding
vector, which are parameters

*Not inductive

« Cannot handle new nodes

«Cannot handle node attributes
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From shallow embedding to Graph
Neural Networks

- The embedding function (encoder) is
more complicated

» Shallow embedding

p(v) = UTxv, where U is the embedding matrix
and x,, is the one-hot encoding vector

 Graph neural networks

- ¢ (v) is a neural network depending on the graph
structure
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Graph Convolutional Network

«Recall CNN 1] 1]1]o]o
ol1l1[1]0]| [4
» Regular graph 0jof1l1]1
0O(0|1(|1(0
.GCN o({1|1(0]|0
Convolved

Image

- Fxtend to irregular graph structuré

eature

o
TARGET NODE B 4“.
A A --------- .
<+ D S . <'. #
' F

INPUT GRAPH
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Set up

- An attributed graph G=(V,E)
» A: adjacency matrix
» X: feature matrix for all the nodes

* N(v): degree of node v

-Representation vector at Layer |
. h,l,
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Each GCN Layer

*Neighbor Aggregation
» Aggregate neighbors’ representations
*Nonlinear transformation

*"T'ransform the representation

: >
h,U — 0 Wk
ueN (v)Uv \/‘N HN ‘

Wi.: weight matrix at Layer k,shared across dif ferent nodes
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lllustration

° Matnx form A = A+ 1,D:diagonal matrix of A
FHY A)=¢ (D 2AD * H(”W(Z))
* A toy example of 2-layer GCN on a 4-node graph

Message Feature HD Message Feature

Set
)
Passing Transformation Passing Transformation Reduction

19



How to train a GCN?

- Let z, be the final layer output for node v

*Define a task and the determine the loss
» Node classification

 Softmax(z,), then cross entropy loss
» Link prediction

0 (zlz,) for link (u,v), then binary cross entropy
loss

 Graph classification

» Softmax(aggregation ({z, }yewny))
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Question

-How many parameters are there in a
GCN?

 Assuming 1nitial features are with d
dimensions

 Representation 1n later layers are with d
dimensions
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Graph Embedding

* What is Graph Embedding
*Shallow Network Embedding

- Graph Convolution Network

* Knowledge Graph Embedding«

Summary
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An example of Knowledge Graph

A set of triples (h, r, t), which form a graph

Triple UCLA [Locatedin M

Donald
party Trump
} was_born_in
Republican
Michelle
Obama has spous
as_spouse was_born_in

8 G D B K is_located_in
select knowledge Pablo .
has_spouse S _Alborin Obama eraduated._from @

University
. has_award
was_nominated graduated_from

Nobel
Grammy Richard
Awards Hofstadter

was_born_in

has_award



Knowledge Graph Application

*When you search in Google

Go

gle

mike bloomberg

v Q

LAl E News [ Images [ Videos [} Books

About 73,600,000 results (0.89 seconds)

Mike Bloomberg 2020 | Fighting for our future

www.mikebloomberg.com/ «

¥ou demand change, Mike will fight. Gun safety, education, heaitheare, the environment. See how
Mike's been successful at fighting President Trump, and how he'll fight for you,

Paid for by MIKE BLOOMBERG 2020 INC

About Mike Get Involved
From childhood 1o today Let’s fight together
Mike's lifa stary Join us Michael Rubens Bl berg is an A i politician, businessman,

Top stories

Trump attacks ‘Mini
Mike Bloomberg' after
campaign bars news
outlet | TheHill

Trump Bars Bloomberg
News Journalists From
Campaign Events

The New York Times TheHill

6 hours aga 1 haur ago

= More for mike bloomberg

mike bloomberg on Twitter
https:/twitter.com/search/mike+bloomberg w

Ronna McDaniel Donald J. Trump

(@GOPChairwoman) (@realDonaldTrump)
Media outlats should be Mini Mike Bloomberg has

A Il e e L PR A T

i More Settings Tools

Michael Bloomberg <

CED of Bloomberg L.P.

and author. He is the co-founder, CEOD, and majority owner of
Bloomberg L P. He was mayor of New Yark City from 2002 to 2013
On November 24, 2019 he announced his candidacy for the 2020
United States presidential election. Wikipedia

Party: Democratic Party Trending

Born: February 14, 1942 (age 77 years), Brighton, MA
Height: 5'8°

Net worth: 54.6 billion USD {2019)

Trump attacks >
Bloomberg News after

his campaign says it

will deny press...

Partner: Diana Taylor (2000-)

Children: Georgina Bloomberg, Emma Bloomber

Profiles
Washington Post

51 mins ago u n l J E

Twitter Facebook  Instagram YouTube

View 15+ more

People also search for

Arldle Georgina Larry Larry Page

Cuoma Bloomberg  Ellison

Trene_'mi B-aua'ntor

Mike Bloomberg
(@MikeBloomberg)

The MRA's latest effort to

S e A e

Facts from KG
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KGs are everywhere

General-purpose KGs '/ _,
Bai iR EE » Goc gle.
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Product Graphs & E-commerce

sihude ebay €2 Walmart

Alibaba.com
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Bio & Medical KGs N
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Knowledge Graph Embedding

- Goal: represent entities and relations as
latent vectors or matrices and support
effective relation learning and inference

- Input: Relation facts (triples)

» Output: Embedding representations of objects
and relations

26



KG embedding algorithms

- Key idea

* Design a score function for each triple using
embeddings

Triple UCLA iogaie Cilﬁ- W

soreruncion | (@00 @00 @OO )
h

r t

The score for a positive triple should be higher
than a negative triple

* Define loss accordingly
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Popular approaches

- Differ in score function design

Model Score Function Embeddings

TransE (Bordes et al., 2013) —|h +1r — t| h,r .t e R"

TransX —|lgr1(h) + 1 — g.2(t)|] h,r t € R

DistMult (Yang et al., 2014) (hot)-r h,r t € R

HolE (Nickel et al., 2016) (hxt)-r h,r .t € R

ComplEx (Trouillon et al., 2016) Re(r, h, t) h,r,t € C*

ConvE (Dettmers et al., 2017) |(o(vec(o([r,h] * Q2))W), t) h,r,t € R*
RotatE (Sun et al., 2019) —|lhor — t||? h,r,t € C* |r;| =1
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More Details on TransE

- Objective Function
» Margin-based ranking loss

L= ) Y [y+dh+et)—dn +e.t)],

(h,jgﬂt)es (hflagat,)eszh,f,t)

» [x]+ denotes the positive part of x, i.e., max(0, x)

*y > 0 denotes the margin hyperparameter

* The higher the bigger difference between positive triple and
negative one

» S: positive triple set; S': corrupted triple set
(negative triples)

- Optimization: stochastic gradient descent
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Graph Embedding

* What is Graph Embedding
*Shallow Network Embedding
- Graph Convolution Network

* Knowledge Graph Embedding

Summary -
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Summary

-Graph embedding

-Shallow embedding
-E.¢., LINE

*Graph neural networks
* F.g., GCN

-Knowledge graph embedding
 I..g., Transk
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