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Introduction
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WHAT IS NETWORK/ GRAPH EMBEDDING?

Also network representation

DEFINITION (NETWORK/GRAPH EMBEDDING)
Map each node in a graph/network into a low-dimensional space.

@ Distributed representation for nodes
@ Similarity between nodes indicates the link strength

@ Encode network information and generate node representation

Original Adjacent Latent Applications
Network Matrix Representation PP

* Anomaly Detection
¢ Attribute Prediction
* Clustering

* Link Prediction

Wenbao Li (Data Mining Lab)
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WHAT IS NETWORK/ GRAPH EMBEDDING?

EXAMPLE

EXAMPLE (ZACHARY’S KARATE NETWORK)

Input
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Do you know some familiar network embedding techniques?
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WHAT IS NETWORK/ GRAPH EMBEDDING?

EXAMPLE

EXAMPLE (ZACHARY’S KARATE NETWORK)
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Do you know some familiar network embedding techniques?

@ Laplacian Embedding — Spectral Clustering
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LAPLACIAN EMBEDDING

INTRO.

@ Embed the graph in a k-dimensional Euclidean space. The
embedding is given by the n x k matrix F = [fif, ... f;] where the
i-th row of this matrix f(*) corresponds to the Euclidean coordinates
of the i-th graph node v;.

@ We need to minimize (Belkin & Niyogi '03):
n

argminflfszk Z w,]|f(l) — f(j)‘zwith: FTF=1. (1)
ij=1

@ The solution is provided by the matrix of eigenvectors corresponding

to the k lowest nonzero eigenvalues of the eigenvalue problem
Lf = Af where L =D — A.
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Discuss: IS THERE ANY DIFFERENCES FROM
THESE TOPICS?

@ Representation/Feature learning
@ Dimensionality reduction

@ Subspace learning
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HAVE A LOOK AT THESE DEFINITIONS

Representation/Feature learning

DEFINITION (REPRESENTATION /FEATURE

LEARNING (FROM WIKI))

In machine learning, feature learning or representation learning[1] is a set
of techniques that learn a feature: a transformation of raw data input to a
representation that can be effectively exploited in machine learning tasks.

@ Superv.: supervised neural networks, multilayer perceptron, and
(supervised) dictionary learning

@ Unsuperv.: dictionary learning, ICA, PCA, LLE, autoencoders,
matrix factorization, and various forms of clustering.

Maybe Feature Learning 2 Network Embedding.
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HAVE A LOOK AT THESE DEFINITIONS

Dimensionality reduction

DEFINITION (DIMENSIONALITY REDUCTION (FROM

WIKI))

In machine learning and statistics, dimensionality reduction or dimension
reduction is the process of reducing the number of random variables under
consideration,[1] via obtaining a set of principal variables. It can be
divided into feature selection and feature extraction

E.g.: ICA, Isomap, Kernel PCA, Latent semantic analysis, Partial least
squares, PCA, Multifactor dimensionality reduction, Nonlinear
dimensionality reduction, Multilinear PCA, Multilinear subspace learning,
Semidefinite embedding, autoencoder, Deep feature synthesis.

Most dimensionality reduction methods can be applied in network
embedding.(l think)
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HAVE A LOOK AT THESE DEFINITIONS

Subspace learning

DEFINITION (SUBSPACE LEARNING)

to transform the original input features to a lower dimensional subspace.

There are: PCA, LDA, Locality Preserving Projection (LPP),
Neighborhood Preserving Embedding (NPE) and so on.
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WHY LEARN EMBED?

LET’S GO BACK TO WORD EMBEDDING

DEFINITION (WORD EMBEDDING)

Word embedding is the collective name for a set of language modeling and
feature learning techniques in natural language processing (NLP) where
words or phrases from the vocabulary are mapped to vectors of real
numbers. Conceptually it involves a mathematical embedding from a
space with one dimension per word to a continuous vector space with
much lower dimension.

Methods to generate this mapping include neural networks,
dimensionality reduction on the word co-occurrence matrix, probabilistic
models,and explicit representation in terms of the context in which words
appear.

Word and phrase embeddings, when used as the underlying input
representation, have been shown to boost the performance in NLP tasks
such as syntactic parsing and sentiment analysis.
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WHY LEARN EMBEDDING? THE
MOTIVATION

NETWORK ~ TEXT

AUDIO IMAGES TEXT
T Bt
K‘ 15 7. o i
s I t ChLlmblele s Ts[=1-]
" Word, context, or
Audio Spectrogram Image pixels document vectors
DENSE DENSE SPARSE

Image and audio processing systems work with rich, high-dimensional datasets
encoded as vectors of the individual raw pixel-intensities for image data.
However, natural language processing systems traditionally treat words as
discrete atomic symbols

e.g. 'cat’: 1d537, 'dog’: |d143 = arbitrary,no useful information, sparsity
Using vector representations can overcome some of these obstacles.

Most networks are sparse too.

Wenbao Li (Data Mining Lab) Network Embedding April 9, 2017 16 / 60



INTRO: HOW TO EMBED?

@ Goal 1: Reconstruct the original network

@ Goal 2: Support network inference

» Reflect network structure
» Maintain network properties
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Network Embedding Models
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WORD2VEC

@ Input: a sequence of words from a vocabulary V.

@ Output: a fixed-length vector for each term in the vocabulary vy,

Given: the quick brown fox jumped over the lazy dog

Formed as < context, target > pairs.

([the, brown], quick), ([quick, fox], brown), ([brown, jumped], fox), ([for,
over|, jumped), ([jlumped, the], over), ...

April 9, 2017 19 / 60
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WORD2VEC

ARCHITECTURE 1: CBOW

@ CBOW: predicts the current word using surrounding contexts

» DPr(w;|context(w))
* Window size 2¢
* context(wt) = [Wi—c, ..., Witc]
» Using a K-dimensional vector to represent words

t+c
Ly
* ﬁwt = —Z:FZCC ,i # t

» Finally, use softmax function to classify.

exp (sim(dy, vy))
Y exp (sim(dy, vy ))

Pr(w’wcontext) ==

Wenbao Li (Data Mining Lab) Network Embedding April 9, 2017
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WORD2VEC

ARCHITECTURE 2: SKIPGRAM

@ SkipGram: predicts surrounding contexts using the current word

» DPr(context(w;)|w;)
* Window size 2c
* context(wt) = [Wi—c, ..., Witc]

» Finally, use softmax function to classify.

iy exp (sim(vy, vy ))
Pr(wlw) = Yoo €Xp (5im (Ve g )) (%)

E.g. :(quick, the), (quick, brown), (brown, quick), (brown, fox)...
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SKIPGRAM

Input Vector
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DEEPWALK
(PEROZZI. et al KDD 2014[1])

MOTIVATION

The similarity(Vertex VS. Word)

. _Frequency of Word Occurrence in Wikipedia

Frequency of Vertex Occurrence in Short Random Walks

10
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1
Vertex visitation count wiord mention count

(a) YouTube Social Graph (b) Wikipedia Article Text

Figure 2: The power-law distribution of vertices appearing
in short random walks (2a) follows a power-law, much like
the distribution of words in natural language (2b).

So, a transfer from language model to network model.
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DEEPWALK
(PEROZZI. et al KDD 2014[1])

BASIC IDEA

Transfer:
@ words<¢> vertices
@ sentences<> vertex sequences
@ articles<+ network
Input:
@ corpus: a set of short truncated random walks.
@ vocabulary: vertices

Output:

@ Vertex representation

o’
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DEEPWALK
(PEROZZI. et al KDD 2014[1])

Framework

P (vy) ol

(a) Random walk generation. (b) Representation mapping. (c) Hierarchical Softmax.

Figure 3: Overview of DEEPWALK. We slide a window of length 2w + 1 over the random walk W,,, mapping the central
vertex vy to its representation ®(v;1). Hierarchical Softmax factors out Pr(ws | ®(v1)) and Pr(vs | ®(v1)) over sequences of
probability distributions corresponding to the paths starting at the root and ending at vs and vs. The representation @ is
updated to maximize the probability of vy co-occurring with its context {vs,vs}.
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DEEPWALK
(PEROZZI. et al KDD 2014[1])

Algorithm 1 DEEpWALK(G, w, d, v, t)

Input: graph G(V, E)
window size w
embedding size d
walks per vertex -y
walk length ¢
Output: matrix of vertex representations ¢ € RIVIxd
1: Initialization: Sample ® from ¢!¥'*¢
2: Build a binary Tree T from V
3: forz=0to vy do
4: O = Shuffle(V)

»:  for each v; € O do

6: W, = RandomWalk(G, v;,t)
7 SkipGram(®, W, w)

8: end for

9: end for

Wenbao Li (Data Mining Lab) Network Embedding April 9, 2017
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DEEPWALK
(PEROZZI. et al KDD 2014[1])

Algorithm 2 SkipGram(®, W,,, w)
1: for each v; € W,,; do
2: foreachu, cW,[j—w:j+w| do

3 J(®) = —log Pr(uk | ®(v;))
4: O =0 —axgx 8J

5 end for

6: end for
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DEEPWALK

(PEROZZI. et al KDD 2014[1])
How to calculate Pr(ui|®(v;)) efficiently?
In the model: Hierarchical Softmax.

[log|V[]

Pr(ug®(v;)) = [T Pr(bi|®(v))) (4)

i=1

Pr(b;|®(vj)) could be modeled by a binary classifier that is assigned to
the parent of the node b;.

SEPR L, BAXANE REER]: EATEPr(b|P(v))?

TR ITE?]:
L(w)—1
Pr(wlw) = T o ({nw,j+1) =ch(n(w)) o}y 00,)  6)
j=1

where (x) be 1 if x is true and -1 otherwise.
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DEEPWALK
(PEROZZI. et al KDD 2014[1])

ANALYSIS

Q s KESHEENHEIFLES .

Q (Ques)UiIFHIRE XS EIET 42 ¢ (BREHAET, B
¥&SkipGramt=%Y)

Q (Ques)FENLIFEA AT EHIERMMN —FLLE 57 A K walksH
WRBEFETERA o T XA walks @ AN RIFHY -

Q (Ques) THIKERIRILE S (BFER) |, BREFwalkBEIERT
B, T EHCWwalkNH 2, FMRE 44> E Hrepresentation? {XX
R BB Z FMAEE? 2B AH? NMIZEALHE?

Q (Ques)Mf TRZHBINERE IR, RELKREMMOUAFRLIERE
B, MAERLEFFIRHNAELER, B5aH?

v
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HNE

CHANG. et al KDD 2015[2]

Heterogeneous Network Embedding via Deep Architectures

BASIC IDEA

@ Deep Learning: Feature Representation and Nonlinear embedding

» Image: CNN(Convolution Neural Network)
» Text: TF-IDF pre-process + FC(fully connected)

© Matrix Transformation: Linear embedding

Wenbao Li (Data Mining Lab) Network Embedding April 9, 2017 30/ 60



HNE

CHANG. et al KDD 2015[2]

prediction layer

[ ConvNet ]1:’[ ConvNet ] — [ ConvNet ] FC layer e FClayer < FC layer
I S T S T S S R S SRV S

: embeddings : : embeddings : H embeddings

R S S S ¢ 8 I i ¢ @ ¢t 3

[ ConvNet Iﬂ=’[ ConvNet : ConvNet ] [ FC layer ] R [ FC layer ]l=b[ FC layer ]

. eighs sharg " it shring., Teihis sharg

Pairwise nodes from
networks

FIGURE: An illustration of HNE
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HNE

CHANG. et al KDD 2015[2]

BASIC IDEA (HOW TO EMBED)

Transform vector representation:

s(xi, %)) = %] %) = (UTx;)"U xj = x] Myx; (6)
S(ZZ', Z]) = ZZ'TZ]' = (VTZi)TVTZ]' = ZITMTTZ]' (7)
s(x;, z]-) = xiTZ]- = (UTxi)TVTZj = ijMITZj (8)

Then define a distance function:

d(x;, %) = s(xi, xj) — tn 9)

Define loss function which can be seen as a binary logistic regression
guided by network linkages.

L(x;, x;) = log(1 +exp(—A; d(x;, xj))) (10)4
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HNE

CHANG. et al KDD 2015[2]

The linear embedding optimization objective:

OPTIMIZATION OBJECTIVE

1
mingy—— Y, L(xi,x)+~— Y  L(z;,z)
11 0;,0;EV] T o, v;EVr (11)
Ay
t- L Lz) + As(IUllE + VIR
IT UZEVI,U]EVT
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HNE

CHANG. et al KDD 2015[2]

The optimization objective:

OPTIMIZATION OBJECTIVE (DEEP LEARNING
VERSION)

1
Miny,y,p,br 3~ Y L(po,(Xi), po, (X)) + As([UlIE + [|VIE)
v,v]-eVI

A

o L(qp;(zi),q9p: (%)) 12
Ner ,, i, - 4Pr (0 4r (12)
Ao

tN- Y. L(pp,(Xi),qp.(2)))
IT UiGVI,’U]EVT
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HNE

CHANG. et al KDD 2015[2]

ANALYSIS

Q BERFASAET: RAREZEIFIARME M MESRE . [FEf
2> representation’5 embedding, H. A MG . BN AETIRE 2]
AE 2 ) et K embedding

© Target: images and texts which contain rich information themselves.
NTF RIS (RETAS5EZER)  TEEFRE—1TN
BRIE, RIS UX AR REN TERGORXREE
FRVRBE 27 >) SR AL BR R0 SR igh 2
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LINE

TANG. et al WWW 2015[3]

',./)o

© O

@ First-order Proximity: pairwise proximity, direct links. E.g.: < 6,7 >

@ Second-order Proximity: pairwise proximity, similarity between
neighbors. E.g. < 5,6 >
Challenges:

@ Deal with Large-scale network

@ Preserve the first and second-order proximity in various types of
networks (undirected, directed, weighted)
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LINE

TANG. et al WWW 2015[3]

(FIRST-ORDER PROXIMITY)

First, consider a predictive probability

1
e = e i0))

2 .

(13)

where p(-,-) is a joint distribution.

And p1(i,j) = 55, W = . ? 9 is the empirical probability.
i,j)€

Distance of distribution:

O1=d(p1(-,-), p1(--)) (14)
Here, use KL-divergence.

Ol = — Z wijlogpl(vi,v]-) (15)
(i,j)€E
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LINE

TANG. et al WWW 2015[3]

(SECOND-ORDER PROXIMITY)

First, given two denotations il; and il;.
Define predictive probability of "context” v; generated by vertex v;:

exp (@1 - ;)

p2(vjlor) = ]
Y exp (@ - ;)
k=1

(16)
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LINE

TANG. et al WWW 2015[3]

(SECOND-ORDER PROXIMITY)

Empirical probability distribution:
P Wij

i) = —

pZ( | Z) di

d; is the out-degree of vertex i, d; = YkeN(i) Wik-
Distance of distribution:

0, = ;/Aid(ﬁZ('|vi)rp2("vi))

Here, use KL-divergence, and set A; = d;

0O, = — 2 wi]-logpz(vﬂvi)
(i,j)€E

(17)

(18)

(19)

v
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LINE

TANG. et al WWW 2015[3]

How to learn:

@ train the LINE model which preserves the first-order proximity and
second-order proximity separately and then concatenate the
embeddings trained by the two methods for each vertex.

@ jointly train the two objective functions.
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NODE2VEC
GROVER. et al KDD 2016[4]

Motivation:

Figure 1: BFS and DFS search strategies from node u (k = 3).

@ < u,s; >: Homogeneity

@ < u,sg >: Structural equivalence
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NODE2VEC
GROVER. et al KDD 2016[4]

Biased Random Walk:

Pr(c; = x|ci-1 =v) = né’x,if(v,x) €E

The transition probability 7, = apg(, x) - Wox
The search strategy:

5 (=0
apg(t,X) = {1 ifdy =1
g ifdie=2

where p is return parameter, g is in-out parameter

Wenbao Li (Data Mining Lab) Network Embedding
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NODE2VEC
GROVER. et al KDD 2016[4]

Biased Random Walk:

@ Parameters p,q controls interpolation between DFS and BFS
@ Semi-supervised learning: decide p, q from labeled nodes

@ Similar optimization model as DeepWalk
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NODE2VEC
GROVER. et al KDD 2016[4]

ANALYSIS (NODE2VEC)
o [FII 2% R Biitk 5 45 S5 ik -

o 1FBFS5 DFS4: & — 1 iE (RFEHLITE -
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NODE2VEC
GROVER. et al KDD 2016[4]

ANALYSIS (DEEPWALK V.S. NODE2VEC)

@ KT word embedding, 47HI¥FT1 S E R AR
(neighborhood) #4171 & X -

o HREAFMIIIE-
o %A B BHIR -
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SDNE(INTRO.)

WANG. et al KDD 2016[5]

Idea:
@ Highly non-linear: Deep learning method

@ Structure-preserving and Sparse: jointly train first-order and
second-order proximity in LINE.

@ Semi-supervised architecture: 1st-order(local) with supervised
component while 2nd-order(global) with unsupervised component
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SDNE(INTRO.)

WANG. et al KDD 2016[5]

Unsupervised Component Unsupervised Component
(Local structure preserved cost) (Local structure preserved cost)

X

parameter sharing i
(1) ——! -1
7" 00e-ee) . @ee-e®) |5
Supervised Component ;
| N (Global structure preserved cost) N
i T T = T T Ta
() | Laplacian ! | ()
Yi i @7 Eigenmaps i LY
1 il

1 O)

:
1)

» | (eee ee® @ee e® |

n (000 008 rertn | (900 00

Vertexi Vertex j

Figure 2: The framework of the semi-supervised deep model of
SDNE
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I
i
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LANE(INTRO.)

HUANG. et al WSDM 2017[6]

@ Focus: Attributed network(node-to-node links and extra features)

@ Target: Leveraging both network proximity and node attribute
affinity, at the same time, combining label information

@ Challenges: sparse, incomplete, noisy, heterogeneous

@ lIdea: A supervised manner: with label information incorporated
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LANE(INTRO.)

HUANG. et al WSDM 2017[6]

\ Correlation
Projections
P
, N
| Informed®

—
~ v H )
m ~ e

L Attributed Network Embedding

Attributed Network ¢ [

L bl

Label Modeling Based on Homophily

Corresponding Labels Y: 13
ny

2 gm
1
ng| 1L Label Informed Embedding

0.54 027m
022 091(m
H=[055 028|n;
098 0.11(n,
032 0.87|ns
0.26 0.11)ng

< Latent Space >

Figure 1: LANE maps the node proximities in attributed network into U‘“) and label proximity into U, as
well as incorporates them into a joint embedding representation H via correlation projections.
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Conclusion
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CONCLUSION

1. Network embedding with deep learning methods.
2. Network embedding by preserving network structures such as:

@ Node context
@ Pair-wise proximity

@ Community structures

3. Network embedding with (or without ) label information.
4. Heterogeneous network embedding.
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SOME MATERIALS |

o [ftf1: T3A Ht&itHpart3.pdf

o [fff#2: Network Representation Tutorial.pdf by Peng Cui(http:
//media.cs.tsinghua.edu.cn/~multimedia/cuipeng/)

@ Word2vec homepage(https://www.tensorflow.org/versions/
r0.12/tutorials/word2vec/index.html)

Ffff43: GE4TE, FHNetwork embedding#HfiBfitext embedding

@ Related works

A list of network embedding from github(https:
//github.com/chihming/awesome-network-embedding)

DeepWalk: home
page(http://www.perozzi.net/projects/deepwalk/)
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SOME MATERIALS 11
@ DeepWalk: source code(https://github.com/phanein/deepwalk)

@ LINE: source code(https://github.com/tangjianpku/LINE)
@ Node2vec: home page(http://snap.stanford.edu/node2vec/)

@ Node2vec: source code(https://github.com/snap-stanford/
snap/tree/master/examples/node2vec)

o SDNEXIF-HFE[HBE
iC(https: //zhuanlan. zhihu.com/p/24769965)

o A FHIEiEpaperE
iC(https://zhuanlan.zhihu.com/p/24328777), HL£ A, N
B 5 BA 15295 2 ITRC A /7 4] -

@ Jian Tang
homepage(https://sites.google.com/site/pkujiantang/).
Related research direction: topic modeling.
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