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Networks
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The Network & Graph Mining Paradigm

feature engineering

x;;: node v;’s j" feature,
e.g., v;'s pagerank value

hand-crafted feature matrix

Graph & network applications
Node label inference;
I:> * Link prediction;
User behavior... ...

machine learning models



Representation Learning for Networks

[] Graph & network applications
Node label inference;

I:> 7 I:> * Node clustering;

Link prediction;

@ hand-crafted latent feature matrix

Feature engineering learning machine learning models

* Input: a network G = (V,E)
« Output: Z € RVIXk | « |V]|, k-dim vector Z,, for each node v.



Network Embedding: Random Walk + Skip-Gram
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« sentences in NLP skip-gram
» vertex-paths in Networks (word2vec)

Perozzi et al. DeepWalk: Online learning of social representations. In KDD’ 14, pp. 701-710.



Random Walk Strategies

« Random Walk
— DeepWalk (walk length > 1)
— LINE (walk length = 1)

 Biased Random Walk

e 27 order Random Walk
— node2vec

« Metapath guided Random Walk
— metapath2vec



Application: Embedding Heterogeneous Academic Graph
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metapath2vec: scalable representation learning for heterogeneous networks. In KDD 2017.
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Application 1: Related Venues

& Science

Science, also widely referred to as Science Magazing, is the peer-reviewed academic journal of the American Assodation for the
Advancement of Science (AAAS) and one of the world's top academic journals. It was first published in 1880, is currently circulated
weekly and has a subscriber base of around 130,000, Because institutional subscriptions and online access serve a larger audience,
its estimated readership is 570,400 people.

Website links: sciencemag.org, enwikipedia.org

& RELATED JOURMALS

’Er Mature l ’ & Proceedings of the National Academy of Sciences of the United States of America l [S' Mature Communications

. https://academic.microsoft.com/
. https://www.openacademic.ai/oag/

. metapath2vec: scalable representation learning for heterogeneous networks. In KDD 2017.
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Application 2: Similarity Search (Institution)

Microsoft
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metapath2vec: scalable representation learning for heterogeneous networks. In KDD 2017.
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Input:

Adjacency Matrix

A

=

Network Embedding

Random Walk

E:) [ Skip Gram ]

Random Walk
— DeepWalk (walk length > 1)
— LINE (walk length = 1)

Biased Random Walk

2"d order Random Walk
— hnode2vec

Metapath guided Random Walk
— metapath2vec

Output:

Vectors

Z




Unifying DeepWalk, LINE, PTE, & node2vec as Matrix Factorization

« DeepWalk log (VOMG) (%Z( 1A)T) Dl)

r=1
1(G)
- LINE log (VO D 'AD" )
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A Adjacency matrix b: #negative samples
D Degree matrix T: context window size

vol(G) = Z Z Ay
i J

1. Qiu et al. Network embedding as matrix factorization: unifying deepwalk, line, pte, and node2vec. In WSDM’18.



Understanding Random Walk + Skip Gram
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G = (V,E)

(w, c¢): co-occurrence of w & ¢

(w): occurrence of node w

(c): occurrence of context ¢

D: node—context pair (w, ¢) multi—set
|D|: number of node-context pairs

S

#(w,c)|D|

« Adjacency matrix A . o8 b#(w)#(c)

» Degree matrix D
* Volume of G: vol(G)

Levy and Goldberg. Neural word embeddings as implicit matrix factorization. In NIPS 2014



Understanding Random Walk + Skip Gram
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(c, d)

(c,

a)

(c,

e)

log(

#(w,c)|D]|
b#(w)#(c)

* (w,c): co-occurrence of w & ¢

* (w): occurrence of node w

* (c): occurrence of context c

» D: node—context pair (w, ¢c) multi-set
* |D|: number of node-context pairs



Understanding Random Walk + Skip Gram

#(w,0)|D|

o8 w20

* (w,c): co-occurrence of w & ¢
—_— * (w): occurrence of node w
* (c): occurrence of context c

» D: node—context pair (w, ¢c) multi-set
* |D|: number of node-context pairs

Partition the multiset D into several sub-multisets according to the
way in which each node and its context appear in a random walk

node sequence.
More formally, forr =1, 2,---,T, we define

Dy = {(w,c): (w,¢) € D,w =w},c=wj,,}
D = {(w,¢) : (w,c) € D,w=wl,, c=w!}

Distinguish direction and
distance




Understanding Random Walk + Skip Gram

#(w,c)
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Understanding Random Walk + Skip Gram

#(w,c)
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Understanding Random Walk + Skip Gram
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DeepWalk is asymptotically and implicitly factorizing

A Adjacency matrix

log vol(G) i i (D—lA)T D! D Degree matrix
b T r=1 vol(G) = 22,41-]-
Loj

b: #negative samples
T: context window size

1. Qiu etal. Network embedding as matrix factorization: unifying deepwalk, line, pte, and node2vec. In WSDM’18.



Unifying DeepWalk, LINE, PTE, & node2vec as Matrix Factorization
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Qiu et al. Network embedding as matrix factorization: unifying deepwalk, line, pte, and node2vec. In WSDM’18. The most cited paper in WSDM’18 as of May 2019



NetMF: explicitly factorizing the DeepWalk matrix

Matrix

@
® % 1
e ®

Ay Factorization

DeepWalk is asymptotically and implicitly factorizing

MEITE e

r=1

1. Qiu et al. Network embedding as matrix factorization: unifying deepwalk, line, pte, and node2vec. In WSDM’18.



the NetMF algorithm

1. Construction
2. Factorization

1. Qiu etal. Network embedding as matrix factorization: unifying deepwalk, line, pte, and node2vec. In WSDM’18.
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1. Qiu etal. Network embedding as matrix factorization: unifying deepwalk, line, pte, and node2vec. In WSDM’18.



Results

Explicit matrix factorization (NetMF) offers
performance gains over implicit matrix factorization
(DeepWalk & LINE)

1. Qiu etal. Network embedding as matrix factorization: unifying deepwalk, line, pte, and node2vec. In WSDM’18.



Network Embedding

E> [ Skip Gram ]

DeepWalk, LINE, node2vec, metapath2vec

Il

Random Walk

_ _ (dense) Matrix Output:
Input [ S =7(A4) ] E> Factorization
Adjacency Matrix |:> NetME |:> Vectors
A Z

Incorporate network structures A into the similarity matrix S, and then factorize §

f(4) = log (VOllSG) (%Z (DlA)T) Dl)

r=1




Challenges

NetMF is not practical for very large networks




NetMF

How can we solve this issue?
1. Construction
2. Factorization

1. Qiu et al. NetSMF: Network embedding as sparse matrix factorization. In WWW 2019



NetSMF--Sparse

How can we solve this issue?
1. Sparse Construction
2. Sparse Factorization

1. Qiu et al. NetSMF: Network embedding as sparse matrix factorization. In WWW 2019



Sparsifty §

For random-walk matrix polynomial L =D — ! o, D (D' A)’

where >°'_, o, = 1 and @, non-negative

One can construct a (1 + €)-spectral sparsifier L with O(nlog n6_2) non-zeros

intime O(T?me 2 log” n)
O(T?*me=2logn) for undirected graphs

Suppose G = (V, E, A) and G = (V, E, A) are two weighted
undirected networks. Let L = D — A and L = Dg — A be their

Laplacian matrices, respectively. We define GG and G are
(1 + €)-spectrally similar if

Ve eR", (1—¢)-a'Le<ax'Lx < (1+¢) - -x' L.

+ Dehua Cheng, Yu Cheng, Yan Liu, Richard Peng, and Shang-Hua Teng, Efficient Sampling tor Gaussian Graphical Models via Spectral Sparsification, COLT 2015.
+ Dehua Cheng, Yu Cheng, Yan Liu, Richard Peng, and Shang-Hua Teng. Spectral sparsification of random-walk matrix polynomials. arXiv:1502.03496.



Sparsifty §

For random-walk matrix polynomial L =D — ' o, D (D 'A)’
where >°'_, o, = 1 and @, non-negative
One can construct a (1 + €)-spectral sparsifier L with O(nlog ﬁe_Q) NoN-zeros

intime O(T?me ?log” n)

S = log° (VdéG) (% > (DlA)"“) Dl)
(

B =log° (VOIbG) D YD - L)D—l)

~ log® (VOlb(G) DD - E)D—1>

0{1:...
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1. Qiu et al. NetSMF: Network embedding as sparse matrix factorization. In WWW 2019



NetSMF --- Sparse

» Construct a random walk matrix polynomial sparsifier, L

» Construct a NetMF matrix sparsifier.

| ~
trunc_log® (VO éG) D (D — L)D_l)

»  Factorize the constructed sparse matrix

Time Space
O(MT log n) for weighted networks
Step 1 O(MT) for unweighted networks Al o - i)
Step 2 O(M) O(M + n)
Step 3 O(Md + nd* + d°) O(M + nd)

1. Qiuetal. NetSMF: Network embedding as sparse matrix factorization. In WWW 2019




NetSMF---bounded approximation error
log® (VOIZEG) (;i (DlA)T) Dl)
(

r=1
= log” (VOle) D (D - L)D1> M
~ log® (VOIZEG) D YD - I))D1> -M

Theorem -
The singular value of M — M satisfies

4de

a,;(M— M) < Vi € [n].

idmin

Theorem
Let ||-|| - be the matrix Frobenius norm. Then

{G) > (G de vol(G
trunc_log” (Voé )M) — trunc_log® (Vob( )M) < ;VZ( )
F V Umin

1. Qiuetal. NetSMF: Network embedding as sparse matrix factorization. In WWW 2019



Dataset | BlogCatalog | PPI Flickr | YouTube OAG
\4 10,312 3,390 30,513 1,138,499 67,768,244
|E| 333,983 76,584 | 5,899,882 | 2,990,443 | 895,368,962

#labels 39 50 195 47 19
#Non-zeros

1. Qiuetal. NetSMF: Network embedding as sparse matrix factorization. In WWW 2019

~4.5 Quadrillion - 45 Billion



—a— DeepWalk  —s— LINE #— node2vec —8— NetMF ¢— NetSMF
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1. Qiuetal. NetSMF: Network embedding as sparse matrix factorization. In WWW 2019



Effectiveness:

* (sparse MF)NetSMF = (explicit MF)NetMF > (implicit MF) DeepWalk/LINE
Efficiency:

« Sparse MF can handle billion-scale network embedding

1. Qiuetal. NetSMF: Network embedding as sparse matrix factorization. In WWW 2019



Embedding Dimension?
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1. Qiuetal. NetSMF: Network embedding as sparse matrix factorization. In WWW 2019



Network Embedding

Random Walk

E> [ Skip Gram ]

DeepWalk, LINE, node2vec, metapath2vec

Il

_ _ (dense) Matrix Output:
Input [ S =7(4) ] E> Factorization P
Adjacency Matrix |:> g NetME |:> Vectors
A Z
: (sparse) Matrix
[ Sparsify 5 ] E> Factorization
NetSMF

Incorporate network structures A4 into the similarity matrix S, and then factorize §

f(4) = log (VOléG) (%Z (DlA)T) Dl)

r=1




ProNE: More fast & scalable network embedding

4 )

Fast Embedding Initialization
via Sparse Matrix Factorization

=N g =

Input: G = (V, E) Output: R,

Enhance Embedding via
Spectral Propagation

ProNE

\. J

1. Zhang et al. ProNE: Fast and Scalable Network Representation Learning. In IJCAI 2019



Embedding enhancement via spectral propagation

R; <« D7YA(l, — L) R,

~

L = Ug(A)U" is the spectral filter of L = I, — D14

D~YA(I, — L) is D~1A modulated by the filter in the spectrum

The idea of Graph Neural Networks

1. Zhang et al. ProNE: Fast and Scalable Network Representation Learning. In IJCAI 2019



Performance

20 Th readS 1 Th read Dataset | training ratio 0.01 0.03 0.05 0.07 0.09

J X DeecpWalk | 493 550 571 570 584

LINE 487 526 535 541 545

\\ - node2vec 48.9 55.1 57.0 58.0 58.4

Dataset DeepWalk  LINE node2vec ProNE E GraRep 505 526 532 535 538

SER R - B .. EEE .

Wiki 494 87 939 6 ¥ ProNE 488 562 580 588  59.2

BlogCatalog 1,231 185 3,533 21 (+0) (£1.0) (£0.5) (£0.2) (£02) (+0.1)

Deepwalk 380 401 413 421 428

DBLP 3,825 1,204 4,749 24 2 CEFNEd 33.2 35.5 37.0 38.2 39.3

Youtube 68,272 5,890 >5days 627 2 | PoNEGME) | 365 402 412 417 4l

> ProNE 382 414 423 429 433

19hours 98mins 10mins (o) (£0.8) (£0.3) (£0.2) (£02) (£0.2)
ProNE offers 10-400X speedups

1. Zhang et al. ProNE: Fast and Scalable Network Representation Learning. In IJCAI 2019

(1 thread vs 20 threads)

ProNE embeds 100,000,000 nodes by 1 thread:

29 hours with performance superiority




A general embedding enhancement framework
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1. Zhang et al. ProNE: Fast and Scalable Network Representation Learning. In IJCAI 2019



Network Embedding

Random Walk

E> [ Skip Gram ]

DeepWalk, LINE, node2vec, metapath2vec

Il

_ _ (dense) Matrix Output:
Input: [ S=7(4) ] E> Factorization P
Adjacency Matrix |:> g NetME |:> Vectors
A Z
: (sparse) Matrix
[ Sparsify S ] E> Factorization
NetSMF

(sparse) Matrix
Factorization

> | z=7@2) |

ProNE

Factorize A, and then incorporate network structures via spectral propagation




Network Embedding

Random Walk

E> [ Skip Gram ]

DeepWalk, LINE, node2vec, metapath2vec

Il

_ _ (dense) Matrix Output:
Input. [ §=f(4) ] E> Factorization
Adjacency Matrix E> W NetMF: theory & better accuracy E> Veiors
A
: (sparse) Matrix
[ Sparsify S ] E> Factorization

NetSMF: handle billion-scale graphs

(sparse) Matrix
Factorization

> | z=7@2) |

ProNE: 10--400X speedups
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Thank you!

Papers & data & code available at https://ericdongyx.github.io/
ericdongyx@gmail.com

Joint work with Jiezhong Qiu, Jie Zhang, Jie Tang (Tsinghua University)
Hao Ma (MSR & Facebook Al) and Kuansan Wang (MSR)
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