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k-core decomposition

iGoaI: Given k, find a maximal subgraph of
'minimum degree at least k. (k-core)
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k-core decomposition

:Goal Given k, find a maximal subgraph of
' mlnlmum degree at least k. (k-core)

——————————————————————————————————————————

' The coreness number of a vertex v is the
"maximum k for which v is part of the k-core.
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Massively Parallel
. Computation .
. (MPC) model

An approach to handling
massive data

Examples:

MapReduce [DG, ‘04, ‘08]
Hadoop [W, ‘12]

Pregel [Google, "09]
Dryad [IBYBF, ‘07]

Spark [ZCFSS, ‘10]
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High-level idea:
' Simulate the sequential algorithm.
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'Run the sequential algorithm
“locally to find (1 + €)-
- approximate k-cores for k =
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- Given a threshold k, repeatedly
remove all the vertices of degree
less than (2 + €)k.

-  The approximate coreness value
of a vertex is the largest k for
which it is not removed.

k=1
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(2 + €)-approximate algorithm in log n iterations

(2 + e)-approximate 1-coreness

= ~

> l-coreness

~
~
N
N




(2 + €)-approximate algorithm in log n iterations

(2 + e)-approximate 1-coreness

 The algorithm terminates
' in O(logn) iterations!

i High-level idea: i
 Simulate 0 (log n) sequential

'in O0(,/logn) MPC iterations.
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Sparsification

' Given a parameter k, sparsify : - The approximate k-core is

- the graph by keeping each preserved after the

edge with probability © (<57, ‘sparsification. (Chernoff bound)

Some vertices still might ’ “Freeze” all the vertices of i The number of frozen vertices
' have too large degree. E.g., |:> "degree more than 2vélogn . _is small and affects the round

vertex of degree n for k=n®1, |

________________________________________________
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Densest subgraph vs. k-core decomposition
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