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EvoNRL: Evolving Network 

Representation Learning Based 

on Random Walks

Joint work with Farzaneh Heidari



(universal language for describing complex data) 

networks



Classical ML Tasks in Networks
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node classification

?

?

?

link predictioncommunity detection

anomaly detection

?

graph similaritytriangle count

Limitations of Classical ML: 
Å expensive computation (high dimension computations) 

Å extensive domain knowledge (task specific)



Network Representation Learning (NRL)

several network structural properties can be learned/embedded

(nodes, edges, subgraphs, graphs, é)

Low-dimension spaceNetwork

Premise of NRL: 
Å faster computations (low dimension computations) 

Å agnostic domain knowledge (task independent)



Random Walk-based NRL
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Feed sentences to a 

Skip-gram NN model
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Input network
Obtain a set of 

random walks

Treat the set of random walks 

as sentences

Learn a vector representation

for each node
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StaticNRL
(DeepWalk, node2vec, é)



but real-world networks are 
constantly evolving



Evolving Network 

Representations Learning



Naive Approach
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Impractical (expensive, incomparable representations)



EvoNRL Key Idea
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Feed sentences to a

Skip-gram NN model

4

5
3

1

6

7

8

9

2

1 3  5  8  7  6  4  5

2 1  3  5  8  7  6  5

.

.

.

.

.

.

.

.

87 8  5  4  3  5  6  7

88 4   5   6   7  8   9

89 2  1  3  5  6  7  8

90 7  4  2  1  3  5  6

Input network
Obtain a set of 

random walks

Treat the set of random walks 

as sentences

Learn a vector representation 

for each node
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dynamically maintain a valid 

set of random walks for 

every change in the network



Example: Edge Addition
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addition of edge (1, 4)
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need to update the RW set
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{simulate the rest of the RW

similarly for edge deletion, node addition/deletion



Efficiently Maintaining a 

Set of Random Walks



EvoNRL Operations
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+ edge(n1,  n2)

2 1  4 3  5  6  7  8

Operations on RW

Search a node

Delete a RW

Insert a new RW

need for an efficient indexing data structure



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
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Term Frequency Postings and Positions

1 3 < 2, 1 >, < 89, 2 >, < 90, 4 >

2 2 <89, 1>, <90, 3>

3 5 <1, 1>, <2, 1>, <87, 3>, <89, 3>, <90, 5>

4 4 <1, 6>, <87, 3>, <90, 2>

5 9 <1, 2>, <1, 7>, <2, 3>, <2, 7>, <87, 5>, <88, 2>, <89, 4>, <90, 6>

6 6 <1, 5>, <2, 6>, <87, 6>, <88, 3>, <89, 3>, <90, 5>

7 5 <1, 4>, <2, 5>, <87, 7>, <88, 4>, <89, 6>, <90, 7>

8 5 <1, 3>, <2, 4>, <87, 1>, <88, 6>, <89, 7>

9 1 <88, 7>



Evaluation of EvoNRL



Evaluation: EvoNRL vs StaticNRL

Accuracy
EvoNRLҒStaticNRL

Running Time
EvoNRL<<StaticNRL



EvoNRL has similar accuracy to StaticNRL

Accuracy: edge addition

(similar results for edge deletion, node addition/deletion)



Time Performance

EvoNRL performs orders of time faster than StaticNRL

100x
ὀ



Takeaway

EvoNRL

time efficient 

accurate

generic method

how can we learn representations of an 
evolving network?



A. Network Representation Learning B. Trajectory Network Mining

C. Streaming & Dynamic Graphs D. Social Media Mining & Analysis
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Current Research focus



Node Importance in Trajectory 

Networks

Joint work with Tilemachos Pechlivanoglou


