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Jack likes Les Mis.



Jack tells Elsa about Les Mis



Both Jack and Elsa now like Les Mis.



Elsa tells Leo about Les Mis.



Now everyone likes Les Mis.



Leo heard about Les Mis from Jack.



Information flow on a network is causal
Leo did not hear about The Hunger Games from Jack.



Information flow on a network is causal
Leo did not hear about The Hunger Games from Jack.

Unless you
have one of
these...



Temporal paths: causal connections in space and time

(Jack, Mon) → (Elsa, Mon) → (Elsa, Tues) → (Leo, Tues)

In general, not trivial to find all temporal paths



Temporal paths: causal connections in space and time
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Grindrod et al. (2011) only count static edges

Tang, Musolesi, and Mascolo (2009) only count causal edges



Active and inactive nodes
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Temporal paths connect active nodes only



Active and inactive nodes

active 
node inactive 

node

The same node may be active or inactive at different times



Forward neighbors

The forward neighbor of (Jack, Monday) is (Elsa, Monday)



Forward neighbors

The forward neighbor of (Jack, Monday) is (Elsa, Monday)

The forward neighbor of (Elsa, Monday) is (Elsa, Tuesday)



Forward neighbors

The forward neighbor of (Jack, Monday) is (Elsa, Monday)

The forward neighbor of (Elsa, Monday) is (Elsa, Tuesday)

(Elsa, Tuesday) is reachable from (Jack, Monday)



Forward neighbors

All forward neighbors are active nodes
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Breadth-first search finds forward neighbors
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Breadth-first search as a matrix-vector product

“High-performance graph algorithms from parallel sparse matrices”,
John R Gilbert, Steve Reinhardt, Viral B Shah, 2006, Applied 
Parallel Computing: State of the Art in Scientific Computing, 
Lecture Notes in Computer Science vol. 4699, pp 260-269. doi:
10.1007/978-3-540-75755-9_32

http://link.springer.com/bookseries/558
http://link.springer.com/chapter/10.1007/978-3-540-75755-9_32
http://link.springer.com/chapter/10.1007/978-3-540-75755-9_32
http://link.springer.com/chapter/10.1007/978-3-540-75755-9_32


Breadth-first search as a matrix-vector product

J E L



Breadth-first search as a matrix-vector product

J E L

Where does the temporal edge go?

Monday Tuesday



Static graph correspondence

Jack

Elsa

Leo

Problem: does not encode time ordering of edges



Static graph correspondence

Jack

Elsa

Leo

Problem: does not encode time ordering of edges



Static graph correspondence

(J, Mon)(E, Mon)(L, Mon) (J, Tue) (E, Tue) (L, Tue)
Jack
Mon

Elsa
Mon

Leo
Mon

Jack
Tue

Elsa
Tue

Leo
Tue



Breadth-first search as a matrix-vector product

Monday Tuesday

static 
edgecausal edge

static 
edge



Breadth-first search as a matrix-vector product
Monday Tuesday
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Breadth-first search as a matrix-vector product
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Static graph correspondence

(J, Mon)(E, Mon)(L, Mon) (J, Tue) (E, Tue) (L, Tue)
Jack
Mon

Elsa
Mon

Leo
Mon

Jack
Tue

Elsa
Tue

Leo
Tue

Problem: adjacency matrix of corresponding static graph is big



Adjacency matrix has structure!

(J, Mon)(E, Mon)(L, Mon) (J, Tue) (E, Tue) (L, Tue)

Can compute matrix-vectors products efficiently

Always 0
Can’t go back in 

time!

Diagonal 
projection matrix



1. Breadth-first search over temporal paths can be 
expressed as matrix-vector products

2. Evolving graphs correspond to static graphs with special 
structure in the adjacency matrix, enabling fast matvecs

3. Implemented in EvolvingGraphs.jl in Julia

Conclusions

https://github.com/weijianzhang/EvolvingGraphs.jl


1. Parallel implementation

2. Shortest temporal path algorithm using semiring algebra

3. Graph centrality algorithms (PageRank, eigenvector 
centrality)

4. Analyze citation networks

What’s next?



● Evolving graph models

- Leskovec, Kleinberg, and Faloutsos, (2007) Graph Evolving: Densification 
and Shrinking Diameters

- Leskovec et al. (2008) Microscopic Evolution of Social Networks

● Evolving graph metrics and centralities

- Tang, Musolesi, and Mascolo (2009)Temporal distance metrics for social 
network analysis

- Tang et al. (2010) Analysing information flows and key mediators through 
temporal centrality metrics

- Grindrod et al. (2011) Communicability across evolving networks.
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