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Network Embedding

Suppose G(V/, E) represents a network then Network Embedding refers to
generating low dimensional network features corresponding to Node, Edge,
Substructure, and the Whole-Graph [1].
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Figure: Different taxonomies of Network Embedding, Picture Source: Cai et. al.
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Applications
@ Automatic feature vector generation helps in solving traditional

problems on graph e.g. node classification, relation prediction,
clustering, etc.
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Network Embedding Applications

Applications

@ Automatic feature vector generation helps in solving traditional
problems on graph e.g. node classification, relation prediction,

clustering, etc.
© Recent Uses

»
Knowledge
Representation

GenVector
(Yang et al. 2015)

RDF2Vec
(Ristoski et al. 2016)
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Systems Processing

PLE

Music (Ren et al. 2016)

Recommendation
(Chen et al. 2015)

CANE
(Chen et al. 2016) (Tuetal. 2017)
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Social Network
Analysis

User’'sAge Prediction
(Perozzi et al. 2015)

DeepBrowse
(Chen et al. 2017)
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Network Embedding Why Neural Network ??

Why Neural Network based Network Embedding 77

e Traditional approaches based on matrix factorization (e.g. SVD) are
not scalable to networks with large number of nodes.

@ Recent advances in unsupervised word embedding using single layer
neural network (e.g. Word2Vec [3]).
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Word Embedding (Word2Vec)

Barak Obama was the president of United States of America

Window =1
Qutput Layer

Input (1) Context / 5

Output (C) HEA
Barak Obama :
Obama Barak a
Obama president Max P(CIE(1))
president Obama
president United .
United president di B
United States e
States United H
Sates America ; "
America States Sidp-Gram Motiel

Akash Anil Network Embedding September 11, 2019 6/25



Skip-Gram Based Neural Node Embedding

A generalized framework used for Node Embedding

Output Layer

G(V,E)

Skip-Gram Model
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Skip-Gram Based Neural Node Embedding

A generalized framework used for Node Embedding

Output Layer
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=

Node Sequences
Using Sampling
S (Input Corpus) Skip-Gram Model

G(V,E)

A General Framework for Unsupervised Node Embedding using Skip-Gram
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DeepWalk [4]

@ DeepWalk is the first network embedding model exploiting neural
networks.

@ Scalable to the large real-world networks.
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Designing DeepWalk Model

© Generate node sequences (input corpus) using truncated random walk.

@ lterate random walks from same source node 80 times for
convergence.

© Supply the node sequences as input to skip-gram model.

@ Maximize the probability of neighborhoods for the given node.
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T
Multi-label Classification for Blog-Catalog Data

% Labeled Nodes 10% 20% 30% 40% 50% 60% 70% 80% 90%

DEepWALK 36.00 | 38.20 | 39.60 | 40.30 | 41.00 | 41.30 | 41.50 | 41.50 | 42.00
SpectralClustering 31.06 34.95 37.27 38.93 39.97 40.99 | 41.66 | 42.42 | 42.62

EdgeCluster 27.94 30.76 31.85 32.99 34.12 % 34.63 35.99 36.29

Micro-F1(%) | Modularity 27.35 | 30.74 | 31.77 | 32.97 | 34.09 .15 36.08 | 37.23 | 38.18
wvRN 19.51 | 24.34 | 25.62 | 28.82 | 30.37 31.81 | 32.19 | 33.33 | 34.28

Majority 16.51 16.66 16.61 16.70 16.91 16.99 16.92 16.49 17.26

DEEPWALK 21.30 | 23.80 | 25.30 | 26.30 | 27.30 | 27.60 | 27.90 | 28.20 | 28.90
SpectralClustering 19.14 23.57 | 25.97 | 27.46 | 28.31 | 29.46 | 30.13 | 31.38 | 31.78

EdgeCluster 16.16 | 19.16 | 2048 | 22.00 | 23.00 | 23.64 | 23.82 | 24.61 | 24.92

Macro-F1(%) | Modularity 17.36 | 20.00 | 20.80 | 21.85 | 22.65 | 23.41 | 23.89 | 24.20 | 24.97
wvRN 6.25 10.13 11.64 14.24 15.86 17.18 17.98 18.86 19.57

Majority 2.52 2.55 2.52 2.58 2.58 2.63 2.61 2.48 2.62
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DeepWalk Results

Multi-label Classification for Flickr Data

% Labeled Nodes 1% 2% 3% 1% 5% 6% 7% 8% 9% 10%
DEEPWALK 32.4 | 346 | 359 | 36.7 | 37.2 38.3 | 38.5 | 38.7
SpectralClustering | 27.43 30.11 | 31.63 | 32.69 | 33.31 34.81 | 35.14 | 35.41
Micro-F1(%) EdgeCluster 25.75 28.53 | 29.14 | 30.31 | 30.85 31.76 | 32,19 | 32.84
Modularity 22.75 25.29 27.3 27.6 | 28.05 | 29.33 | 29.43 | 28.89 | 29.17 29.2
wvRN 17.7 | 14.43 2| 2097 | 19.83 | 19.42 | 19.22 | 21.25 | 22,51
Majority 16.34 16.31 16.46 | 16.65 | 16.44 | 16.38 | 16.62 | 16.67 | 16.71
DEEPWALK 14.0 173 | 19.6 | 21.1 | 22.1 | 22.9 | 23.6 | 24.1 | 24.6 | 25.0
SpectralClustering | 13.84 | 17.49 | 19.44 | 20.75 | 21.60 | 22.36 | 23.01 | 23.36 | 23.82 | 24.05
Macro-F1(%) | EdgeCluster 10.52 14.10 16.72 | 18.01 | 18.54 | 19.54 | 20.18 | 20.78 | 20.85
Modularity 10.21 | 13.37 15.11 | 16.14 | 16.64 | 17.02 17.1 | 17.14 | 17.12
wvRN 1.53 2.46 347 | 4.95| 556 | 582 | 6.59 | 800 7.26
Majority 0.45 0.44 046 | 047 | 044 | 045 | 047 | 047 | 047
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Results
Limitations of DeepWalk

@ Relying on rigid notion of network neighborhood or local
characteristics.

o Fails to captures proximity of different semantics.
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Node2Vec [2]

@ Uses 2nd Order Random walk to generate corpus.
@ Presents a semi-supervised model which balances the trade-offs of
capturing local and global network characteristics.

@ Scalable model applicable to any type of graph e.g., (un)directed,
(un)weighted, etc.
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Designing Node2Vec (1)

Suppose a random walker just traversed edge (t,v) € E and now resting
at node v. To estimate the transition probability to visit next node x
originating from v, Node2Vec sets the transition probability w,x to

Tux = Qpg(t, V).Wyx, where

% if dic=0
apg(t,v) = } if dne=1
a If th = 2

here d;, is the shortest distance be-
tween nodes t to x.
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Designing Node2Vec (lI)

p is treated as Return Parameter.
q is treated as in-out parameter.
High q gives BFS like behaviour and low represents DFS.

BFS is helpful in capturing local proximities between nodes.

DFS is helpful in capturing global proximities between nodes.
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Designing Node2Vec (lI)

p is treated as Return Parameter.

q is treated as in-out parameter.

High q gives BFS like behaviour and low represents DFS.
BFS is helpful in capturing local proximities between nodes.
DFS is helpful in capturing global proximities between nodes.

Node sequences are generated using truncated random walks of
length 80.

@ From each node random walk iterates 10 times.

@ Using 10% of the dataset sample, Node2Vec sets the
hyper-parameters p and q.

@ Supply the node sequences as input to skip-gram model and maximize
the neighborhood probability.

Akash Anil Network Embedding September 11, 2019 16 /25



Efficiency of Node2Vec over Multi-label classification

o BlogCatalog vs . PPlI(Homo Sapiens) Wikipedia
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Limitations of DeepWalk and Node2Vec

o fail to capture different types of similarity naturally observed in
real-world networks.
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Limitation

Limitations of DeepWalk and Node2Vec

o fail to capture different types of similarity naturally observed in
real-world networks.

(a) Community structure (b) Roles (c) Structural equivalence
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Versatile Graph Embeddings (VERSE) [5]

@ Proposes a model capable of capturing different types of similarity
distributions.

@ Uses state-of-the-art similarity measures to instantiate the model.
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Designing VERSE

@ Select a similarity measure, such as Personalized PageRank, SimRank,
etc. and generate the similarity distribution matrix Simg.

@ Initialize the Embedding space Simg with random weights.

@ Minimize the KL-divergence between distributions Sim¢g and Simg:
> ovev KL(Simg (v, .)||Simg(v,.))
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=T
Efficiency of VERSE over Multi-class classification for

Co-cit data
labelled nodes, %

method 1% 3% 5% 7% 9%

FVERSE 27.52 29.83 31.01 31.68 32.24
VERSE 27.32 29.42 30.67 31.32 31.83
DEEPWALK 26.81 29.27 30.37 31.04 31.43
GRAREP 27.68 29.21 30.24 30.23 30.79
LINE 23.68 26.90 27.89 28.49 28.80
HOPE 22.81 26.63 27.59 28.19 28.58
HSVERSE 27.46 29.45 30.67 31.38 31.92
NODE2VEC 27.45 29.66 30.82 31.54 32.04
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