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Updating 

 For each starting node: For each starting node:
 Once you know:
 The depth of each node i

Th t lit d t f The centrality updates fo
 The shortest path counts

 Can determine centrality o Can determine centrality o
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d t d th dr nodes at depth d, u
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of nodes at depth d-1:of nodes at depth d 1:
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Updating 
Si l PSingle P

Varia
V : 
d :d : 
Q : 
P : 
 : 
S :
: 

Algorithm
rocessor

bles: Storage:
set of vertices O(M+N)
depth of vertices O(N)depth of vertices O(N)
BFS queue O(N)
shortest path parents O(M+N)
number of paths O(N)p ( )
order seen O(N)
centrality update O(N)

Storage: O(M+N)
Time: O(MN + N2)



Updating 
PP proc

Varia
V : 
d :d : 
Q : 
P : 
: 
S :
:

Algorithm
essors

For each vertex in parallelFor each vertex, in parallel

bles: Storage:
set of vertices O(PM+PN)
depth of vertices O(PN)depth of vertices O(PN)
BFS queue O(PN)
shortest path parents O(PM+PN)
number of paths O(PN)p ( )
order seen O(PN)
centrality update O(PN)

Storage: O(PM+PN)
Time: O((MN + N2)/P)



Updating 
A BArray Base

Variables:
A : spars
f : sparsf : spars
p : short
S : spars
u : centr

Algorithm
d V ied Version

Storage:
se adjacency matrix BS(NxN) O(M+N)
se fringe vector ZS(N) O(N)se fringe vector Z ( ) O(N)
est path vector ZN O(N)

se depth matrix BS(NxN) O(N)
ality update vector RN O(N)y p ( )

Storage: O(M+N)
Time: O(MN + N2)
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A BArray Base

Algorithm
d V ied Version

Variables:
A : sparse adjacency matrix
f : sparse fringe vector
p : shortest path vectorp : shortest path vector
S : sparse depth matrix
u : centrality update vector

Discover Paths:
f fAf = fA
f = f .* ¬p
p = p + f
Sd = boolean(f)



Updating 
A BArray Base

Algorithm
d V ied Version

Variables:
A : sparse adjacency matrix
f : sparse fringe vector
p : shortest path vectorp : shortest path vector
S : sparse depth matrix
u : centrality update vector

Update Centralities:
S * (1 ) /w = Sd .* (1+u) ./ p

w = Aw
w = w .* Sd-1 .* pd 1
u = u + w
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Si l PSingle Processo

SSCA#2 Kernel 4 (Betweenness Centrali

Data Courtesy of Prof. David Bader & Kamesh Ma

Matlab

(Traversed Edges Per Se

ed Version
P for Performance

ity on Kronecker Graph)

adduri (Georgia Tech)

N 8MNedge    =8M
Nvert     =1M
Napprox=256

Matlab achieves
• 50% of C
• 50% of sparse matmul

N hidd t h• No hidden gotchas

econd)
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Wh i itWhy is it

ed Version
t U f l?t Useful?

 Linear Performance within:
Factor of 2 of C code

 Fewer Lines of Code
(More work behind-the-scenes)(More work behind-the-scenes)

 Natural Implementation in:
M tl b Matlab

 Maple
 ...

 Processes full depth at a time:
 Low-level parallelism Low-level parallelism



Array Base
P PP Proc

ed Version
cessors

Storage: O(M+N)
Time: O((MN + N2)/P)Time: O((MN + N2)/P)

Discover Paths in Parallel

Update Centralities in Parallel



Array Based P P
Wh i itWhy is it

rocessor Version
t U f l?t Useful?

 Performance
Currently UntestedCurrently Untested

 Memory per machine
S l E dScales as Expected

 Fewer Lines of Code Fewer Lines of Code
(More work behind-the-scenes)

Natural Implementation in: Natural Implementation in:
 PMatlab
 StarP
 ...
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Choose a verte
(Optimal Size i

Variables:

(Optimal Size i

A : sparse adjacency ma
f : sparse fringe vector
p : shortest path vector
S : sparse depth matrixS : sparse depth matrix
u : centrality update vect

Time: 
Storage:Storage: 

ed Version
it k?s it work?

ex block size V
n tests, V = 16)

Storage:

n tests, V  16)

trix BS(NxN) O(M+N)
ZS(VxN) O(VN)
Z(VxN) O(VN)
BS(VxNxN) O(VN)BS(VxNxN) O(VN)

or R(VxN) O(VN)

O(N2+MN)
O(VN+M)O(VN+M)
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