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on Random Walks




networks

(universal language for describing complex data)



Classical ML Tasks in Networks

community detection link prediction node classification



Limitations of Classical ML Tasks

expensive computation

(high dimension computations)
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Limitations of Classical ML Tasks

extensive domain knowledge

(task specific)
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Network Representation Learning (NRL)

faster computations

(low dimension computations)

agnostic domain knowledge
(task independent)



Network Representation Learning (NRL)

Network Low-dimension space

several network structural properties can be learned/embedded
(nodes, edges, subgraphs, graphs, ...)



Random Walk-based NRL

Input network
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Learn a vector representation
for each node

Obtain a set of
random walks

Feed sentences to
Skip-gram NN model
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Treat the set of random walks as sentences
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Random Walk-based NRL

StaticNRL

DeepWalk
node2vec



But...

real-world networks are
constantly changing



how can we learn representations
of an evolving network?



Nailve Approach

t=0 t=1 t=2
3 5 3 5 3 5
' P “6 p “6 8
6 | i
VAV RvaV AvaVZ
9 i 9 i 9
2 7 i 2 / | 2 7
lStaticNRL lStatiCNRL lStaticNRL
2 o’
o’s ° ‘ 4
o “5 o
° 9@’ ° 0@/ ¢ XU
[ .35 [ [ )
[ 12




Limitation #1

~ DRV~

6 45
2 765
87 8543567
8 4 56 78 9
89 21356738
9 7421356

time expensive



Limitation #2
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Neural Network Optimization

iIncomparable representations
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EVONRL Key ldea

Obtain a set of

Input network random walks
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Feed sentences to

Learn a vector representation Skip-gram NN model 15

for each node



dynamically maintain a set
of random walks for every
change In the network
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need to update the RW set
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how can we efficiently
maintain a set of random
walks?



EVONRL Operations: edge addition
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Operations on RW

Search a node
Delete a RW

Insert a new RW
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EVONRL Operations: edge deletion
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EVONRL Operations: node addition
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EVONRL Operations: node deletion

87
88
89
90

Ll s S

I
w

N W
= Ol

w o Y wm

a~N®o
o 0~ ~N

87
88
89
90
91

100

I NN
~ N W
NS
o ~N®o»
0O o U~

856431

Operations on RW

Search two nodes
Delete a RW
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EVONRL Indexing
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each node is a keyword
each RW is a document
a set of RWs is a collection of documents

Postings and Positions

<2,1><89,2><90,4>

<89, 1>, <90, 3>
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when is the good time to obtain a new
representation of the network?



Arriving Edge Importance

edge addition
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Adaptive Algorithm
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Peak Detection

Changes In the network with arriving edges
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When to re-embed?

stream of edges
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on edge importance

(monitor #rw updated so far)
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Evaluation: EVONRL vs StaticNRL

Running Time
®m EvONRL << StaticNRL
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Accuracy: edge addition & edge deletion
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EVONRL has the similar accuracy as StaticNRL
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Time Performance
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Related Work

Gn H 5

Uses outdated temporal information

Nguyen, Giang Hoang, et al. "Continuous-time dynamic network embeddings." Companion Proceedings of the The Web C
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Summary

how can we learn representations of
an evolving network?

EVONRL

time efficient
accurate
generic method
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Thank you!



Questions?
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