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graph, are not applicable to large datasets. This challenge has led to the appearance
of a new approach called streaming graph partitioning. In streaming graph partition-
ing, a stream of input data is received by a partitioner, and partitioner decides which
computational machine the data should be transferred to. Often, streaming partitioner
does not have any information about the whole graph, and usually distributes the
vertices based on some greedy heuristics which may not be optimal for incoming
vertices. Hence, partitioner’s decision can be significantly improved if more information
about the graph is utilized. In this paper, we present a new vertex-cut streaming graph
partitioning approach. The proposed method uses the idea of postponing the decision
for some of the edges (by means of an intelligent buffering) and corrects some of the
past decisions to improve the quality of the graph partitioning. The proposed approach
is evaluated using from real-world graphs. The experimental results show that the per-
formance of the proposed method is superior in comparison with the previous HDRF
method.
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Introduction
In recent years rapid development of Internet has led to the emergence of large graphs.
Graph partitioning is one of the useful algorithms of this new era where graphs repre-
sent connections and relationships of a real-world problem such as social networks, road
networks, telecommunication networks [1] and etc. Graph partitioning is an NP-com-
plete problem [2] and balanced edge-cut partitioning [3, 4] and vertex-cut partitioning
[5, 6] are partitioning schemes that partition a graph based on the minimum edge cut
and minimum vertex cut, respectively. Real-world graphs follow power-law distribu-
tion with few high degree vertices and many low degree vertices. It has been shown that
edge partitioning can be more efficient for partitioning of power-law graphs [7, 8].
Emergence of large graphs introduces a new challenge where a large graph cannot be
processed using non-streaming methods [9, 10] on a single machine anymore, because
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the entire graph is not available and it is growing over time. To address this challenge,
streaming graph partitioning [11, 12] has been proposed for large and dynamic graphs.

The HDRF (High-Degree vertices (are) Replicated First) algorithm [13] is a one-pass
streaming partitioning algorithm for power-law graphs that produces balanced parti-
tions. HDRF improves on the standard greedy approach [14] and decreases the replica-
tion factor considerably. HDRF mostly tries to balance the partitions and it may assign
edges to improper partition as it cannot speculate the pattern of future edges of the
graph.

In this paper, we propose the Reassignment and Buffer based Streaming Edge Parti-
tioning (RBSEP) that not only produces balanced partitions, but also improves partition-
ing quality in terms of vertex-cut. RBSEP achieves this by reassigning and postponing
the edge assignment through buffering mechanism where buffer space is allocated based
on the available memory of a partitioner machine. Also, the decision for postponing the
assignment of an edge is made based on the neighboring vertices of an edge, and if the
neighborhood has not been visited yet, the edge assignment will be postponed.

The main contributions of this paper are briefly outlined as follows:

+ Proposing the idea of postponing the assignment decision for the edge which not
enough neighbor vertices have been visited yet.

+ Defining and employing a buffer space based on available memory of partitioner
machine in order to enhance partitioning quality.

+ Minor but effective correction of previous assignment decision during graph parti-
tioning process.

Background

Problem statement

Natural graphs have a prominent property which is their skewed power-law degree dis-
tribution. It means most of the vertices have relatively few neighbors, while a few verti-
ces have many neighbors and the probability that a vertex has degree d is

P(d) xd™* (1)
where a is a positive constant that controls the skewness [14, 15]. To formally define
the k-way vertex-cut partitioning problem, we represent a graph as follows: G = (E,
V) where V is the set of vertices and E is the set of edges, also the set of partitions is
P = (p1,p2,...,px)- Each vertex v is replicated in multiple partitions which are formed
a set called A(v) CP. Finally, the goal of vertex-cut graph partitioning is to minimize the
average number of vertex replicas (replication Factor) and balance size of the partitions:

1 |E|

Minm % ‘A(v)| s.t. TEaIzc ‘E(p)’ < ﬂum 2)

where A > 1 is a small constant that defines the system tolerance to load balance [7, 12].
Note that the input data is a random list of edges which are received and processed by
partitioner in a streaming manner.
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Related work

In the last years, partitioning of large scale graphs has become a challenging issue
and has absorbed many researchers’ interest. Graph partitioning is an NP-hard prob-
lem, and often solved by edge-cut and vertex-cut heuristics. On the other hand, huge
growth of graphs led to appearance of streaming graph partitioning. In 2012, Stanton
and Kliot [11] for the first time, proposed a streaming graph partitioning approach.
In this approach a stream of graph data is received and simultaneously graph par-
titioning is done. One of the state of the art of streaming edge-cut partitioning
approach is Fennel [16]. In this approach vertices are allocated based on the exist-
ence of the largest and smallest neighborhoods. Based on Fennel, Shi et al. [17] devel-
oped an asynchronous distributed streaming partitioning system on Apache Hadoop
using map-reduce. In addition, Dong Dai et al. [18] argued it is necessary to consider
the connectivity and the Vertex degree changes during graph partitioning and they
designed IOGP (an incremental online graph partitioning) algorithm that responds
according to the incremental changes of vertices degree. IOGP achieved better local-
ity and generated balanced partitions while increasing the parallelism degree for
accessing high-degree vertices of the graph. These researches mostly covered the
problems of edge-cut-based partitioning on power-law graphs. Recently, a new heu-
ristic greedy streaming edge-cut partitioning called HGSP [19] is introduced which
creates balanced partitions that minimizing total cut edges for the constrained graph
partitioning problem.

Given most of big graphs are power-law graphs and many researchers demonstrated
the vertex-cut partitioning has better performance on power-law graphs [20], many
heuristics have proposed in this area in the last decade. Greedy-heuristic [14] and
HDREF are two of the best streaming vertex-cut partitioning algorithms where HDRF’s
idea of replicating highest degree vertices leads to lower replication factor value. Fol-
lowing HDRE, CLDA [21] takes advantage of both greedy-heuristic and HDRF algo-
rithms. CLDA used greedy-heuristic for low-degree vertices and HDRF for other
vertices. In addition, SGVCut [22], ADWISE [23] and TLP [24] are among recent
edge partitioning approaches. SGVCut is a workload-aware Block-based partition-
ing method which tries to go beyond size balancing and to lower graph processing
time by reducing the inter-partition communication. ADWISE is the window-based
streaming partitioning algorithm which permits to invest more partitioning time to
improve partitioning quality, and thus, reduces graph processing time. Finally, TLP
is a two-stage local graph partitioning algorithm. TLP makes its partitioning deci-
sions based on the local information instead of information from the whole graph.
TLP divides the partitioning process of each partition into two stages according to
modularity changes of local partitions. A different partitioning strategy is applied for
each stage. HoVerCut [25] and Distributed NE [26] algorithms are also proposed with
the purpose of having fast and effective partitioning. They are parallel and distributed
vertex-cut partitioning which can provide higher partitioning quality in a very large
scale.
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Methods

As formerly mentioned, HDRF is one of the one-pass greedy algorithms which has a
good performance on power-law graphs. In these kinds of algorithms, the decisions
for assigning an edge will not be changed in the future. Therefore, because of lack
of information about the unseen part of the graph, the decision made for placing an
edge can be non-optimal. However, observing the following cases, we speculate that
by postponing the assignment process of the partitioning algorithm, the performance
could be improved. (1) A partitioner like HDRF assigns edges that have not been cop-
ied to any partition, to the partition with smallest number of edges only based on its
balanced criterion. We believe postponing the decision for assigning an edge to the
future could lead to a better partitioning. (2) Consider an edge connected to a vertex
that has already been copied to a partition. A partitioner like HDRF decides to assign
that edge to the partition with smallest number of edges because of its balancing pur-
poses. This decision leads to extra copies of the corresponding vertex for future con-
nected edges of its neighborhood. However, it is possible to increase the chance of
placing the edge in its right partition by postponing its assignment process to a later
time when the majority of the graph has been observed.

In this paper, we propose to extend the HDRF algorithm with a buffering mecha-
nism that can help to postpone the edge assignment decision. Since the buffer space
of the partitioner is limited, we implemented an efficient buffering strategy to deter-
mine the buffer size optimally.

Postponing the assignment decision of an edge by buffer

We consider a buffer in accordance with the partitioner’s memory space. Edges enter
to the partitioner and are processed by it in a streaming manner. As show in Fig. 1 the
edges are categorized into four groups to have more precise buffer allocation mecha-
nisms for them. These groups are defines as follows:

(a) Group 1: None of the vertices of the edge at both ends have been copied in a parti-
tion yet.

(b) Group 2: Just one of the end vertices of the edge has been copied in one or more
partitions.

(c) Group 3: The two ends of the edge have been copied in one or more common
partition(s).

(d) Group 4: The two ends of the edge have been copied in non-common partitions.

a b c d
Fig. 1 Four group of the edges. Empty circles demonstrate the vertices which have not been assigned in any
partitions and each color demonstrates a different partition
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Strategies for inserting edges into the buffer

The buffering strategy for group 1 is to certainly transfer them to the buffer. No informa-
tion about the adjacent edges of this group is available at the moment of their arrival,
and thus, it is better to postpone the assignment process for them. For group 2, simi-
lar to HDRE, the new edge is allocated to one of the partitions which contain a copy
of the edge’s vertex; however, if the calculated score becomes maximum for the other
partitions (the ones which have no copy of the edge’s vertex), the edge will be trans-
ferred to the buffer. In the latter case, HDRF allocates the edge to a partition just based
on the balancing factor. For the group 3 edges, there would be 3 possible cases: first,
the selected partition by HDRF does not have a copy of the edges’ vertices; second, the
selected partition by HDRF only has a copy of one of the edge’s vertices; and third, the
selected partition by HDRF has a copy of the both vertices of the edge. In the first and
second cases, the edge will be transferred to the buffer; while in the third case the edge
would be assigned to selected partition by HDREF. Finally, the edges in group 4 would be
sent to the buffer, unless the selected partition by HDRF has a copy of the either edge’s

Algorithm 1 Inserting strategy into the buffer
Procedure Buffer-insert (e, A(v;), A(v;), hdrfpart)
if Aw)NA(v;) # @ then
if hdrfpart € A(v;) N A(v]-) then
assign edge e to partition Adrfpart;
end if
else
put edge e into the buffer;
end else
end if
elseif A(v;) UA(v;) # @ then
if hdrfpart € A(v;)) n A(v;) then
assign edge e to partition Adrfpart;
end if
else

put edge e into the buffer;
end else
end elseif
else
put edge e into the buffer;
end else
end procedure

vertices. Pseudocode of the edge buffering strategy is given in Algorithm 1.

The strategy for assignment an edge which is in the buffer

As mentioned in previous section, some edges may be transferred into the buffer dur-
ing the graph partitioning process, because it is preferred to postpone their assignment
decision to a future time when more information about the graph is available. In fact,
keeping an edge in the buffer increases the chance of assigning it to a better partition
which can leads to better graph partitioning totally. The partitioner will come back to
process an edge inside the buffer again, after assignment of a certain amount of edges
from graph stream. This way of decision making is shown in pseudo code of Algorithm 1.
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Therefore, a parameter is defined for the proposed method, which is called Alpha. The
value of Alpha indicates the number of edges which should be processed and assigned to
the partitions before reconsidering an edge located in the buffer again. In other words,
after inserting an edge into the buffer, periodically, it will be reconsidered to determine
whether it could be assigned into an appropriate partition this time or it should still remain
in the buffer. In addition to Alpha, another threshold is used to show that how long edges
can be remained in the buffer because the buffer capacity is limited compared to a large
graph. To solve this challenge, two thresholds called Yellow-line and Red-line are defined.
The applications of these thresholds are showed by explaining three scenarios:

Scenario 1: Assuming that after assignment of Alpha edges, the partitioner wants to
reconsider an edge inside the buffer. By checking its vertices, it will become evident that
both vertices of the edge are at least in one common partition (i.e. A(v;) N A(vj) # 0),
afterwards, if the selected partition by HDRF is not one of these common partitions, the
edge should remain in the buffer based on the pseudo code proposed in Algorithm 1.
But, how long it should remain there? If the number of times that this edge is reconsid-
ered by the partitioner reaches the Yellow-line threshold, then the edge could not remain
in the buffer anymore and must be assigned to the emptiest common partition (unlike
the HDRF decision). However, some reassignments are needed for this scenario which
will be discussed in “The strategy for edge reassignment” section with details.

Scenario 2: Assuming the case that only one or both endpoint vertices of an edge have
a copy in at least one or more non-common partitions (i.e.A(v;) UA(vj) # (). If HDRF
does not decide to assign the edge to one of the partitions of A(v;) UA(v;), it should be
placed in the buffer. However, the Yellow-line threshold again sets a limit on the amount
of times that this type of edges can remain in the buffer. It is proposed to assign the edge
to the emptiest partition from the mentioned partition set (A(v;) U A (Vj)) in these cases.

Scenario 3: assuming that none of the edge’s vertices has already had a copy in any
partition. In this case, the edge must remain in the buffer again unless the number of
times that it is reconsidered by the partitioner reaches the Red-line threshold. If the
Red-line threshold is reached, the edge is assigned to the emptiest partition in this case.
The pseudo code of the edge removing strategy from buffer is given in Algorithm 2. The
impact of these thresholds’ value on the performance of the proposed method is evalu-
ated in “Results and discussion” section. In general, it should be noted that the Red-line
threshold must have higher value in comparison with the Yellow-line one.

The strategy for edge reassignment

This reassignment technique is used for the correction of the former decisions (but in lim-
ited cases). The purpose of using this technique is to avoid making extra copies, improving
the graph partitions’ integrity as well as keeping the balance among the size of the partitions.
As discussed in the previous section, HDRF does not select a partition which has a copy of
the edge’s vertices in the first two scenarios because of their higher sizes in compared to
other partitions. The idea behind the reassignment technique is to moving a few edges (if
it is possible and can help to improve the partitioning quality) from the partition which has
copies of vertices to the other partition. By so doing, the proposed algorithm both makes
room for the new edge to be assigned to the proper partition (no extra copies created) and
also correct a previous assignment which has now been found to be inadequate.
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Algorithm 2 Removing strategy from the buffer
Procedure Buffer-remove (e,A(v;), A(vj), hdrfpart, counter_v;vy)
if A(v)NA(v;)# @ then
if hdrfpart € A(v;) N A(v;) then
assign edge e to partition hdrfpart;

end if
else
p «the emptiest partition in A(v;) N A(vj)
if counter_v;v; >= yellowline x Alpha then
Reassignment (e, p, hdrfpart);
end if
else
keep edge e in the buffer;
end else
end else
end if

elseif A(v;) UA(v;) # @ then
if hdrfpart € A(v;) U A(vj) then
assign edge e to partition hdrfpart;
end if
else
p «the emptiest partition in A(v;) U A(vj);
if counter_v;v; >= yellowline x Alpha then
Reassignment (e, p, hdrfpart);
end if
else
keep edge e in the buffer;
end else
end else
end else if
else
if counter_v;v; >= redline x Alpha then
assign edge e to the emptiest partition;
end if
else
keep edge e in the buffer;
end else
end else
end procedure

The reassignment technique will be applied in two cases: The first case is the time that
the Yellow-line threshold of an edge is reached while its two vertices have copies in some
common partitions and HDRF does not select any of them. In fact, the selected partition
by HDRE, in this case, has been either the one that contains only a copy of one vertex or
the one that has no copy of the edge’s vertices. In both cases transferring the edge to the
partition which is selected by HDRF creates extra copies. The second case is the time
that the Yellow-line threshold of an edge is reached while one of its vertices has a copy
in some partitions which are not selected by HDRF. Assigning the edge to the partition
suggested by HDRF leads to an extra copy. The reason behind these selections by HDRF
despite the availability of a copy of vertices in the other partitions is the high difference
between the size of the partitions that have a copy and the partition selected by HDRF.

Two different approaches are proposed for reassignment. In the first approach, it is
tried to move a very small sub-graph out of the intended partition to a more appro-
priate one; and in the second approach, an edge that one of its endpoints vertices is
placed in a partition will be moved to another partition which either has a copy of
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its vertices or has a smaller size than the source partition. These two approaches are
explained in more details in following sections. Algorithm 3 demonstrates the pseudo
code of reassignment strategy.

Algorithm 3 Reassignment strategy
Procedure Reassignment (e, p, hdrfpart)
for i € number of sub-graphs of partition p
if There is a sub-graph with size S-percentx|p| which is called S then
f1<Subgraph-transfer (S);
break;
end if
end for
if f1#1 then
f2<Edge-transfer (p);
end if
if 2==1 or fI==1 then
assign edge e to partition p;
end if
else

assign edge e to partition Adrfpart;
end else
end procedure

Algorithm 4 Reassigning a sub-graph
Procedure Subgraph-transfer ()
p < the partition that has the maximum number of copies of sub-graph S’s vertices;
if p==-1 then
p « the emptiest partition;
end if
transfer the sub-graph S to partition p;
return 1;
end procedure

Reassignment of a sub-graph

In this approach, we are looking for a sub-graph in the intended partition, which is
appropriate for reassigning to another partition. This sub-graph should have a smaller
size compared to the current size of the partition (for example less than 5 percent). The
reason behind selecting a small size sub-graph is that such a sub-graph probably has lit-
tle chance to grow while transferring it to a partition which some of its vertices have
copy there not only increases the integrity in partitions but also decreases the number
of the copies totally. In addition, the assignment of an edge that must leave the buffer
can be done with minimum copy creation. Therefore, this reassignment decreases the
replication factor. Moreover, transferring sub-graphs with larger size is not appropriate
because of high computation and communication overheads.

A threshold called S-percent is defined and applied in this approach which deter-
mines that to what percentage of the partition size a sub-graph can be to be proper for
reassignment. For example, if the size of a sub-graph is equal to 4 percent of the parti-
tion size (i.e. there is a sub-graph in the assumed partition which its size is equal to the
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partition size x 0.04) and if the value of S-percent threshold is 5%, then the mentioned
sub-graph could be suitable for transferring. Algorithm 4 demonstrates the pseudo code
for reassigning a sub-graph.

Reassignment of an edge

The second reassignment approach is to transfer an edge with a degree one vertex to
another partition. Therefore, when an edge must leave the buffer and be assigned to a
partition which is not selected by HDRE, the proposed method searches for an edge
which has a vertex with partial degree equal to one in the intended partition. The idea
is to transfer this edge to another partition (which has a copy from one or both of its
vertices). By this transfer a room also is made for the exiting edge from the buffer in
the intended partition. This reassignment leads to a decrease in replication factor either
there is a copy just of one vertex or both vertices have copies in the destination partition.
Pseudo code for reassignment of an edge is given in Algorithm 5.

Algorithm 5 Reassignment of an edge
Procedure Edge-transfer (p)
if There is an edge, called ed with a degree 1 vertex in partition p then

if There is a partition, called pr that has the copy of both vertices of edge ed then
transfer edge ed to partition pr;
return 1;
end if
elseif There is a partition, called pr that has the copy of one of vertex of edge ed then
transfer edge ed to partition pr;
return 1;
end elseif
else
return 0;
end else
end if
else
return 0;
end else
end procedure

Results and discussion
The purpose of this section is to evaluate the performance of RBSEP in comparison with
HDRF and two other algorithms, greedy-heuristic and CLDA. For fulfilling this purpose,
the proposed algorithm, which consists of the partitioner, buffering and reassignment
functions are implemented and their performances on the real and large graphs, are
evaluated. The proposed algorithm is implemented in the Visual Studio by C++-. More-
over, for having a fair evaluation, the other algorithms are also implemented in C++.
The graphs used in the experiments are taken from SNAP [27] and KONECT [28]
Websites. All the graphs are undirected and their edges are without any weights. These
graphs are usually following power-low distribution and are contextual files. Each line
of these files includes the information of the edges. The real-world graphs are shown in
Table 1.
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Table 1 The real-world graphs

Dataset 1%l |E|
Hamsterster 1.858 K 12.534K
Ego-Facebook 4.039K 88.234K
Astro-Ph 18771 K 198.05 K
Douban 154.908 K 327.162 K
WordNet 146.005 K 656.999 K
com-DBLP 317.08K 1.049866 M

Time and space complexity analysis

The proposed approach, as mentioned before, processed most edge of the graph only once.
However, a few edges whose neighborhoods have not yet been visited will be moved to
the buffer. In the worst case, these edges should be processed as many times as the Red-
line threshold indicates. Experiments show that this delay in assignment of these edges
increases the quality of partitioning. But in very few cases, this is not enough to delay deci-
sion and some of the earlier decisions should be also amended. In fact, this situation occurs
when the partition with the largest number of neighbors on an edge is crowded and the
proposed approach tries to correct a past decision by moving one resident edge of this par-
tition to a more proper one. For doing this, the partition which has higher number of copies
of edge’s vertices should be searched. Based on the details described about the proposed
algorithm its computational complexity is O (n+m1*r)+ O (p*I*k log k), where n is the num-
ber of edges, m is the number of edges that entered into the buffer and p is the number of
reassignments. Likewise r is Red-line, k is the number of partitions and | is the partition
size.

The space complexity of the proposed approach is as much the same as the HDRF
method. The partitioner needs to maintain the partial degree of the visited vertices just
like the HDREF algorithm. However, a fixed size buffer space based on the available mem-
ory of the partitioner machine is also allocated and used by the proposed algorithm.

Criteria for evaluating the partitioning quality

For showing the partitioning quality of a vertex-cut approach, two parameters are usu-
ally used: replication factor and balance factor. Replication factor is a criterion for eval-
uating the expenses of communication among distributed systems and indicates the
average number of copies of vertices in the system. The formula for calculation of repli-

cation factor is as follows:

1
RF = 2> IAW)] (3)

veV

where V is the total number of the vertices and A(v) is a set includes all the partitions in
which the vertex v is copied. The closer to 1 the replication factor value is, the higher the
partitioning quality would be.

Balance factor is another criterion for analyzing the graph partitioning process. The
following formula is used for the calculation of balance factor:
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|E|
r;l:llg( E()| < im (4)
where E is the total number of edges, P is the total number of partitions, E(p) is the num-
ber of edges assigned to p and A is a parameter which is determined by the user and
shows the degree of acceptable deviation from the balance. The value of A should be real
(AeR) and greater than 1 (1> I). The above inequality shows the acceptable value for E(p)
in comparison to the number of expected edges of each partition (L£]). Thus, the follow-

1P|
ing equation can be written for A parameter:
7 = B e £ )
|E| peP

where 1 is the balance factor and used as a criteria for evaluation of the graph partition-
ing quality.

Evaluation of the proposed method

In the following sections, the performance of the proposed method is discussed and
evaluated compared with HDRE, greedy-heuristic and CLDA based on the replication
and balance factors. In addition, the impact of the value of the RBSEP’s defined param-
eters (such as Red-line) on the graph partition quality was explored.

The comparison of replication factor of RBSEP and HDRF

In these experiments, the values of the thresholds have been fixed. The value of Alpha is
equal to 5, Yellow-line is 1, Red-line is 4 and the sub-graph parameter is assumed to be
0.1.

In Fig. 2, the comparison of the replication factor of the proposed method and three
mentioned algorithms for the mentioned graphs is shown. As it can be seen, by increas-
ing the number of the partitions, applying the proposed graph partitioner led to lower
replication factor values in comparison to the other algorithms. As the number of the
partitions increases, the proposed method has wider functional range and can better
show its capability. Despite the fact that the ‘Douban’ graph does not follow ‘Power-law’
distribution, but the functional superiority of the RBSEP over the other algorithms is
indicated in the Fig. 2d.

The impact of balancing on the performance of the algorithms

One of the effective factors on the behavior of a graph partitioning algorithm is the
degree of balancing. In general, a graph can be partitioned with lower vertex copies
when less balance between the partitions must be met. In order to investigate the impact
of the balance level on the functionality of the proposed algorithm, its performance for
different ranges of balance factor was evaluated and compared to HDRF and two other
algorithms. For the experiments of this section, ‘Facebook’ graph has been used.

By increasing the balance level in HDRE, greedy-heuristic and CLDA, the replica-
tion factor increases; while for RBSEP, the replication factor remains almost the same
(Fig. 3a). The reason behind this result is the reassignment ability of the proposed
method.
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Considering less limitation in keeping balancing, more candidate partitions can be

considered for edges to be placed in; and thus, there is less necessity for reassignment

so that the number of reassignment reaches zero for balancing factor equal to 1.066. As
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shown in the Fig. 3b, by increasing the replication factor, the need for reassignment is

extremely diminished.

The impact of the thresholds on replication factor and reassigning

As mentioned earlier, for controlling the behavior of the proposed algorithm, some
parameters are defined. These parameters determine some thresholds in buffering and
reassignment processes. In this section, the impact of these thresholds on the func-
tionality of the proposed algorithm is discussed. For the experiments presented below,
‘Hamsterster’ graph has been used.

The impact of the Red-line threshold on replication factor and reassigning As it was men-
tioned in “Methods” section, the edge that has no copied vertices yet in any partitions
must wait in the buffer unless the time it spent in buffer exclude the Red-line. In such situ-
ation, it must be assigned to the emptiest partition. Figure 4a indicates that by increasing
the value of the Red-line parameter, replication factor decreases. The reason for this issue
is that higher values of the Red-line threshold give more chance to an edge for remain-
ing in the buffer and consequently higher opportunity for placing in the partition where
at least one of the edge’s vertices has been copied before. However, it is apparent that
by increasing the value of this parameter, the volume of computations increases as well.
Therefore, the suitable value for this parameter depends on the application requirements.
However, since the graph is partitioned once and the result of this partitioning is used
several times, thus the quality of partitioning is preferred to a bit more computation gen-
erally.

Figure 4b shows the number of reassignment for different values of Red-line threshold.
As it is shown, by increasing the value of the Red-line parameter the number of reas-
signment increases as well. Therefore, higher value of Red-line means lower replication
factor (based on Fig. 4a) and higher number of reassignment. In fact, there is trade off
here between the number of the copies and the computation overhead. Consequently,
the Red-line parameter has a controlling role in the proposed method and can be tuned
properly based on the partitioning goals.

3.75 — £ 3500 —&— transferring of subgraph
< 3.7 — * a 1] —{ll— transferring of one degree edge )
S \ £ 3000
§ 365 @ 2500
R, N\ =
5 N\ ® 2000
2 355 3] /
8 ;s \v‘ 4 1500
% 3.45 g 1000
= 34 € 500
>
3.35 =2 0
4 6 10 14 30 60 100 150 4 6 10 14 30 60 100 150
Red-line Red-line
a b
Fig. 4 Impacts of various range of Red-line on a replication factor and b number of reassignment
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Fig. 5 Impacts of various range of Yellow-line on a replication factor and b number of reassignment
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Fig. 6 Impacts of various range of Yellow-line on a replication factor and b number of reassignment

The impact of the Yellow-line threshold on replication factor and reassigning This
threshold determines that how many Alpha times the edges (which at least one of their
vertices has a copy in a partition), could remain in the buffer. This group of the edges
is the ones that should be assigned to the partition which at least has a copy of one
of their vertices, but HDRF decides to assigns them to another partition because of
balancing; however, RBSEP postpone the decision for these edges by putting them into
the buffer. Figure 5a shows the effect of Yellow-line threshold value on the replication
factor criteria. As it can be seen, the replication factor generally increases by growth of
the Yellow-line threshold value. Nevertheless, the total changes are not considerable.

Figure 5b shows the number of the reassignment for different values of the Yellow-
line threshold. The increment of this threshold leads to a decrease in the number of
reassignment. However, based on the results presented in Fig. 5a, the replication fac-
tor does not change significantly. Therefore, it could be noted that although postpon-
ing the assignment of this kind of edges do not affect the replication factor noticeably;
the number of reassignment is decreased greatly.

The impact of the sub-graph size on replication factor and reassigning By increasing
the size of the sub-graph parameter, the number of reassignment also increases and the
replication factor decreases in contrary. Figure 6a shows the reduction of the replica-
tion factor by increment in the sub-graph size parameter.
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As discussed above, it is expected that increment in the value of sub-graph size param-
eter leads to less number of reassignment. The sub-graph size parameter called ‘S-per-
cent’ is defined as a percent of the partitions’ size. Experiment indicated that higher
value of ‘S-percent’ causes an increase in the number of reassignments (see Fig. 6b). This
threshold is also a tool in the hands of the partitioner for balancing between computa-
tion expenses and replication factor. However, the value of 0.1 seems to be reasonable
for the ‘S-percent’ parameter (suggested based on the results).

Performance of RBSEP for different input volumes

As it can be seen in Fig. 7, the proposed approach can better show its ability in graph
partitioning for graphs with larger size. The proposed approach is able to reach lower
replication factors, in general, for larger input volumes. Furthermore the number
of partitions will not have significant negative effect on this ability of the proposed
approach especially in the case of larger graphs. In fact, when the size of the input graph
becomes larger, the chance that the vicinity of an incoming edge has been visited already
decreases.

As a result, the importance of the idea of postponing edge assignment decisions can
be more prominent. In addition, making the wrong decisions is more common in large
graphs. For this reason, the ability to correct past wrong decisions has made the pro-
posed method suitable for large scale graphs.

Conclusion

Since the streaming partitioning decisions are made based only on the observed part
of the graph, they might be non-optimal. Therefore, we have tried to improve the par-
titioning quality by postponing the decision for edges which cannot be allocated prop-
erly because of lack of information and reassigning some of the edges formerly allocated
incorrectly.

Therefore, we considered two ideas for achieving these goals. First, a buffer is consid-
ered according to the partitioner’s memory space. When an edge enters the partitioner
and there is no information about neighboring edges, it will be kept in the buffer until
more information becomes available and a better assignment can be achieved.

In addition, the proposed reassignment technique helps improve the partitioning qual-
ity. The idea is to reassign an edge which previously allocated to a partition incorrectly
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Fig. 7 Performance of RBSEP on large scale graph
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because of balancing or incomplete information, to a more appropriate one. As experi-
mental results show, the proposed method has decreased the replication factor further
than HDRF while keeping the partitions’ size balanced.
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