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Abstract How can we effectively compress big graphs composed of billions of edges? By con—
centrating non-zeros in the adjacency matrix through vertex rearrangement, we can compress big
graphs more efficiently. Also, we can boost the performance of several graph mining algorithms such
as PageRank. SlashBurn is a state-of-the—art vertex rearrangement method. It processes real-world
graphs effectively by utilizing the power-law characteristic of the real-world networks. However, the
original SlashBurn algorithm displays a noticeable slowdown for large-scale graphs, and cannot be
used at all when graphs are too large to fit in a single machine since it is designed to run on a single
machine. In this paper, we propose a distributed SlashBurn algorithm to overcome these limitations.
Distributed SlashBurn processes big graphs much faster than the original SlashBurn algorithm does.
In addition, it scales up well by performing the large-scale vertex rearrangement process in a distri—
buted fashion. In our experiments using real-world big graphs, the proposed distributed SlashBurn
algorithm was found to run more than 45 times faster than the single machine counterpart, and process
graphs that are 16 times bigger compared to the original method.

Keywords: graph compression, graph mining, distributed algorithm, SlashBurn
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Input: 1) Edge set E of a graph G=(V, E)
2) a constant k (number of hub vertices, default=1).
Output: Array I' containing the ordering V— [nl.

Step 1! Remove k-hubset from G to create the new
graph G'. Prepend the removed k-hubset to I

Step 2: Find connected components in G'. Append the
vertices in non-giant connected components to the back
of I'" such that vertices belonging to a larger connected
component are placed before those belonging to a smaller
one.

Step 3¢ Set G to be the giant connected component
(GCC) of G'. Return to step 1 and repeat until the size
of GCC is smaller than k.

29 1 SlashBurn ¢128]&(2]
Fig. 1 SlashBurn algorithm[2]
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(a) Iteration 1: before SlashBurn
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(d) Iteration 2: after SlashBurn
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Fig. 2 Running example of SlashBurn algorithm. Numbers
represent the order of each vertex in the adjacency

matrix rearranged by SlashBurn algorithm
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Map (u, v):
Emit (g, v), (v, ).

Reduce (y, T'(u)):
Let m= argmin veT+(w) /y,

Emit (v, m) for all v er (v where 7, > I,

% 3 LargeStar W-2]F72 A2HA4]
Fig. 3 LargeStar map-reduce operation[4]

Map (4, v):
if 1, < I,
Emit (g, v).
else
Emit (v, u).

Reduce (4, N € T'(u)):
Let m= argmin ve Nu {u} 1y,

Emit (v, m) for all ve M

% 4 SmallStar P-2lF2 A4H4]
Fig. 4 SmallStar map-reduce operation[4]
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Fig. 5 Examples of running LargeStar and SmallStar

fo it ro

operations. Blue color represents the vertex where
the operation is performed. Red and green color
indicates the vertex with the largest and the smal—

lest label, respectively
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Input: 1) Edges given as a list of key-value pairs
(u, v), 2) a unique label /, for every vertex ve V.
Output: Edges given as a list of key-value pairs
(u, ¢) where uis a vertex label, and cis the label of
connected component vertex u belongs to.

Do
LargeStar
SmallStar
Until the graph gets converged

3% 6 Alternating ¢38]Z([4]
Fig. 6 Alternating algorithm[4]
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Input: 1) Edge list £ of a graph G=(V, E)

2) A constant k& (number of hub vertices,
default=1).

3) A constant s (maximum size of a split)

Output: Set of files created on HDFS containing the
ordering V— [n].

Step 1.

1. Compute the degree of each vertex in G and
identify k& —hubset. Output & -hubset.

2. Get incident edges of k-hubset and identify
single-vertex spokes. Remove incident
edges from £'to create the new edge list £”.

Step 2.

1. Using distributed connected component (CC)
algorithm, find CCs in E".

2. Divide E” into the giant connected component
(GCC) edges and the non-GCC edges.

3.From the size of each CC, compute the
rearrangement range for each non-GCC such
that vertices belonging to a larger CC are
placed before those belonging to a smaller
CE;

4. Compute the aggregation key or split id of
each non—-GCC depending on the size of each
non-GCC and the given split size s.

5. Output vertices in the non-GCC edges in a
load-balanced manner and single-vertex
spokes if any.

Step 3.

1. Set £'to be the GCC edges. Return to step 1
and repeat until the number of vertices in
GCC is smaller than 4.

Iy 7 4 SlashBurn ¢agl&
Fig. 7 Distributed SlashBurn algorithm
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Input edges

Step 1
Edges E

| Compute the degree of each vertex.
{
| Identify and output k-hubset. ‘
v
*| Identify incident edges of k-hubset. ‘

1 1

L] Remove incident edges of Identify
’ Find connected components (CC).
non-GCC.
key/split id for each non-GCC.

k-hubset. single-vertex spokes.
!
Step 2
Edges E’
1
Non-GCCs Compute the size of each
v [T
‘ Compute the rearrangement range, aggregation
’ [ 3
| Rearrange and output spokes. ‘

Step 3
| Output remaining vertices. ‘

1% 8 ¥4} SlashBurn ¢112]59] A= gaglEe] A
5 A 7ke] #AI9} ZF AR gAY dEES By
=
T

Fig. 8 Flowchart of distributed SlashBurn algorithm show—
ing the relationship between substeps of the algorithm

and the input and output of each substep
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Table 2 Size of the graphs used for the experiments

Graph # Vertices # Edges
Amazon 334,363 925,872
Web-BS 685,230 7,600,595
LiveJournal-Links 5,204,176 49,174,620
LiveJournal-Membership 10,690,276 112,307,385
Orkut 11,514,053 327,037,487
Friendster 65,608,366 1,806,067,135
R-MAT 16 65,536 4,194,304
R-MAT 17 131,072 8,388,608
R-MAT 18 262,144 16,777,216
R-MAT 19 524,288 33,554,432
R-MAT 20 1,048,576 67,108,364
R-MAT 21 2,097,152 134,217,728
R-MAT 22 4,194,304 268,435,456
R-MAT 23 8,388,608 536,870,912
R-MAT 24 16,777,216 1,073,741,824
R-MAT 25 33,554,432 2,147,483,648
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