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ABSTRACT A graph generator is a tool which allows to create graph-like data whose structural properties
are very similar to those found in real world networks. This paper presents two methods to generate graphs
with power-law edge distribution based on the MapReduce processing model that can be easily implemented
to run on top of Apache Hadoop. The proposed methods allow the generation of directed and undirected
power-law distributed graphs without repeated edges. Our experimental evaluation shows that our methods
are efficient and scalable in terms of both graph size and cluster capacity.
INDEX TERMS Graph generator, MapReduce, Hadoop.

I. INTRODUCTION

Graphs are a recognized abstraction model as they can be used
to represent structured and semi-structured data occurring in
many application domains [1]. A graph generator is a tool
which allows to generate graphs resembling (ideally) characteristics found in real world networks, such as a power-law
distribution, a large clustering coefficient, a small diameter
or a community structure [2]. There are several methods and
tools for graph generation [3], [4], most of them designed to
run in a single computer. This aspect restricts their scalability
as the biggest graph a method is able to produce is directly
related to the available main memory. A natural solution to
such problem is the design of methods based on parallel
and distributed computing. In this article, we concentrate our
interest on the methods designed to run on top of the Apache
Hadoop framework.
According to our review of the literature, several methods
and tools have been created to exploit the advantages of parallel and distributed systems, allowing the generation of very
large graphs (see Section II-A). However, our analysis of such
methods shows that most of them are unable to generate undirected edges, suffer from duplicate edges, provide a reduced
number of parameters (to personalize the generation), and
their documentation and comparison is restricted.
The associate editor coordinating the review of this manuscript and
approving it for publication was Walter Didimo
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This paper presents the novel methods H4DG and H4UG to
generate power-law distributed graphs based on the MapReduce programming model, so they can be implemented to
run in Apache Hadoop. H4DG generates directed graphs
whilst H4UG produces undirected ones. They are inspired by
R3MAT [5], a method that uses the graph degree distribution
as the basis to conduct the generation process.
In general terms, the Map phase of H4DG generates (in
parallel) a set of key-value pairs of the form (k, 1), each one
indicating the existence of an edge for the node k. In its
Shuffle phase, where the pairs with the same key are joined
automatically by Hadoop, H4DG computes a second set of
key-value pairs of the form (k, m), where m is the number
of pairs having the same key k. In the Reduce phase, these
pairs are used to generate the final edges. For example, given
the pair (3, 4), the output will contain the edges n3 → n1 ,
n3 → n2 and n3 → n4 , i.e. the target node identifier nt could
be lower o greater than the source node identifier ns , but not
the same. H4UG follows a similar procedure, but the target
node identifier is always greater than the source node one,
avoiding the incorrect generation of symmetric edges.
We conduct several experiments to evaluate the efficiency,
scalability, and realism of the proposed methods. We test
the generation of graphs having billion nodes and edges,
using clusters of different size and capacity. In the largest
experiment, H4DG produces a directed graph having one
billion nodes (1 · 109 ) and fourteen billion edges (14 · 109 )
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in 41.8 minutes, whereas H4UG produces a similar undirected graph in 40 minutes, both running on a cluster
with 32 machines. We verify that the produced graphs do
present the characteristic power-law distribution found in
real-world graphs. We also include a comparison with two
competitors (TeGViz and PegasusN), showing that H4DG is
mildly slower, but overcomes their deficiencies to generate
undirected graphs without duplicate edges and exceeds their
capacity of producing very large graphs.
The rest of the paper is organized as follows. Section II
presents the related work and a summary of R3MAT.
Section III shows our novel graph generation methods H4DG
and H4UG. The experimental evaluation is presented in
Section IV. Finally, conclusions and guidelines for future
works are presented in Section V.
II. RELATED WORK

We present previous work on parallel and distributed alternatives for generating graphs and a brief description of R3MAT.
A. PREVIOUS WORK

There are several works proposing and comparing tools and
methods for graph data generation [3], [4]. Considering that
the methods proposed in this article have been designed to
run on top of Apache Hadoop, we concentrate our interest
on the solutions based on parallel and distributed computing.
We present a brief description of each method, including
their main features and issues. The methods are presented in
chronological sort.
The Parallel Boost Graph Library is a collection of graph
algorithms designed to exploit fine-grained parallelism by
using the Bulk Synchronous Parallel (BSP) model. This
library provides graph generators based on R-MAT [6] and
Erdös-Rényi [7], two very-well know models for graph
generation.
PegasusN [8], [9] is a graph mining system that provides
algorithms for graph structure analysis, subgraph enumeration, graph visualization, and graph generation. It is fully
written in Java and runs in parallel and distributed manner on
top of Hadoop and Spark. PegasusN implements three models for graph generation: R-MAT [6], Kronecker [10], and
Erdös-Rényi [7].
In [11], the authors present an implementation of R-MAT
based on the Message Passing Interface (MPI, a standard
designed to operate on parallel computing architectures). The
advantage of this library is the compatibility with C, C++,
and Python. The disadvantages, inherited from MPI, are data
redundancy and the lack of failure tolerance.
Graph500 [12], [13] is a benchmark for supercomputers
based on the analysis of large scale graphs. One of its components is a graph generator that implements the Kronecker
model [10]. It is able to create graphs having trillion nodes,
although it requires several computers connected by a high
speed network.
S3G2 [14] is a generator that creates synthetic social
graphs containing non-uniform value distributions and
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structural correlations. It is part of the Social Network Intelligence Benchmarks [15], a scientific benchmark created to
evaluate RDF triple stores. Its experimental evaluation shows
that it is able to generate 1.2TB of graph data in half an
hour on a 16-node Hadoop cluster. Its implementation is
unavailable.
BTER [16] is a scalable model that produces graphs with
different degree distributions and clustering coefficients. The
scalability is based on independent edge generation; i.e., there
is no knowledge of previously-generated edges in deciding
on the next one. There exists a reference implementation
in MATLAB that is available at [17]. In [18], the authors
show that a Hadoop implementation of BTER allows to create a graph with 120M nodes and 4.4B edges in less than
25 minutes on a 32-node Hadoop cluster. This implementation is not available.
XGDBench [19] is a graph database benchmarking platform for cloud computing systems. XGDBench is written in
X10, a language intended for exascale systems. XGDBench
includes a graph generator, called MAG, that implements
the R-MAT model [6]. MAG is able to produce graphs with
power-law distributions and real community structure.
PaRMAT [20] is a graph generator designed to take advantage of using threads. It is based on R-MAT [6], so it
divides the adjacency matrix in small matrices so they are
processed by multiple threads. PaRMAT allows the generation of directed and undirected edges, without duplicate
edges. A C++ implementation of PaRMAT is available in
GitHub [21].
TeGViz [22] is a tool to generate and visualize large scale
graphs in a distributed way. The module for graph generation implements three generation models: Erdös-Rényi [7],
R-MAT [6], and Kronecker. Its Hadoop implementation is
available at [23]. In [22], the authors argued that TeGViz is
able to generate a graph having 106 nodes in 10 seconds.
GraphX [24] is a component of Apache Spark which allows
graph-parallel computation. GraphX includes generators for
creating specific graph types such as log normal graphs,
R-MAT graphs, grid graphs, and star graphs. The information available in the GraphX website [25] just describes the
parameters of the generators.
Darwini [26] is an extension of BTER which follows the
Vertex Centric Model. It is able to model a number of core
characteristics of real graphs, including degree distribution,
local clustering coefficient, and joint-degree distributions.
The experimental evaluation of Darwini talks about an open
source implementation [27] on top of Apache Giraph which is
able create synthetic graphs with one trillion edges. We were
unable to test such implementation.
TrillionG [28] is a tool designed to generate big graphs in
short time and using a small amount of memory. The authors
argued that TrillionG is able to create a graph having trillion
nodes, following the RMAT or Kronecker models, in two
hours using a cluster equipped with 10 computers. TrillionG
was implemented in Scala to work on Apache Spark, and the
source code is available in GitHub [29].
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DataSynth [2] is a framework for property graph generation with customizable schemas and characteristics. DataSynth is based on a property-to-node matching algorithm that
allows to resemble real-life characteristics, like correlation
between properties and the structure of the graph. DataSynth
was implemented to run on top of Apache Spark and the
source code is available at [30].
B. R3MAT

Our methods H4DG and H4UG are inspired by R3MAT [5],
so we present a brief R3MAT description. A full R3MAT
explanation can be found in [5].
R3MAT is an efficient method to generate power-law
graphs of hundred million nodes, running on a single
machine. R3MAT defines a two-steps process: first, it creates
an array containing the degree distribution of the graph; and
second, it generates the corresponding edges.
Specifically, to generate a graph G = (N , E), where N is
the set of nodes and E is the set of edges, R3MAT initializes
an array D of size |N | where each element D[i] contains
the degree of the node i. Then, in order to produce a graph
with a power-law distribution with law’s exponent 2, R3MAT
generates |E| = 23 |N |ln|N | + 0.384 81|N | edges following
the method shown in Algorithm 1. For each generated edge
(i, j), R3MAT increases the value of D[i] for both directed
and undirected graphs, and increases the value of D[j] just for
undirected graphs. So, at the end of this first step the array D
contains the degree distribution of the graph.
The method GenerateEdge, shown in Algorithm 1,
simulates a recursive partition of the adjacency matrix of the
graph (similar to the R-MAT generation method [6]). The
variables x1 , y1 indicate the top-left position of the matrix,
and the variables xn , yn indicate the bottom-right position. In
the first call, the method is executed with parameters x1 = 1,
y1 = 1, xn = |N | and yn = |N |, i.e. the entire matrix.
In the subsequent recursive calls, the matrix is divided into
four partitions, and one of them is selected according to a
given probability (Line 8). When the matrix is tiny enough
(e.g. a single element), the coordinates are returned as an edge
(see Lines 2 to 6).
In the second step, R3MAT runs over the array D and, for
each element 1 ≤ x ≤ |N |, it generates D[x] edges of the
form (x, y), where the index of the target node y goes in the
range {1, . . . , x−1, x+1, . . . , |N |} for directed graphs, and in
the range {x+1, . . . , |N |} for undirected graphs. It means that,
for directed graphs, the target nodes are selected by going
backward in the array and then by going forward, whereas
for undirected graphs it just goes forward.
III. GRAPH GENERATION METHODS

This section presents H4DG and H4UG, two methods for
generating directed and undirected graphs respectively, both
designed according to the MapReduce processing model.
The design of H4DG and H4UG is inspired by two key
features of the generation model introduced by R3MAT. The
first key feature is the use of the array containing the degree
VOLUME 9, 2021

Algorithm 1 GenerateEdge(Long x1 , Long y1 , Long xn ,
Long yn )
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26

begin
long div1 ← x1 − y1 , divn ← xn − yn
if div1 ∈ {−1, 0, 1} ∨ divn ∈ {−1, 0, 1} then
long[] edge ← new long[2]
edge[0] ← x1 , edge[1] ← y1
return edge
end
double(a, b, c, d) ← (0.67, 0.19, 0.10, 0.04)
double ab ← a + b, abc ← a + b + c
long xl , yl , xr , yr
double r ← random.getDouble()
if r < a then
xl ← x1 , yl ← y1
xr ← d(x1 + xn )/2e, yr ← d(y1 + yn )/2e
else if r < ab then
xl ← b(x1 + xn )/2, yl ← y1 c
xr ← xn , yr ← d(y1 + yn )/2e
else if r < abc then
xl ← x1 , yl ← b(y1 + yn )/2c
xr ← d(x1 + xn )/2e, yr ← yn
else
xl ← b(x1 + xn )/2c, yl ← b(y1 + yn )/2c
xr ← xn , yr ← yn
end
return GenerateEdge(xl , yl , xr , yr )
end

distribution. This intermediate structure only needs linear
memory, which is reasonable in comparison to the quadratic
memory used by the adjacency matrix required by other methods. The second key feature is the two-steps process, which
avoids the generation of duplicated edges, and consequently,
enables a fair generation of undirected graphs.
A. GENERATION OF DIRECTED GRAPHS

In this section we describe the method to generate
directed graphs using MapReduce H4DG. In general terms,
the method begins with the creation (in parallel) of an array
containing the degree distribution of the graph, and then produce the edges. This is basically the R3MAT method adapted
to the MapReduce programming model.
The MapReduce application is divided in three steps:
Preparation, Map, and Reduce. Algorithm 2 shows
the pseudocode of the preparation step. The method
GenerateDirecteGraph receives as parameters the
expected number of nodes of the graph and the number of
workers (machines in the cluster). The number of nodes is
used to calculate the number of edges (Line 2), as defined by
the R3MAT method, and the number of edges to be produced
by each worker (Line 3). For each worker, it creates a file
whose content is the number of edges to be generated by
the worker (Lines 4 to 8). These files are the input for the
94407

R. Angles et al.: Power-Law Distributed Graph Generation With MapReduce

Algorithm 2 GenerateDirectedGraph(Long n, Long w)
Input: n ← number of nodes of the graph; w ←
number of workers in the cluster.
Output: A list of edges.
1 begin
2
long e ← (2/3 · n · ln n) + (0.384 81 · n)
3
long edgesByWorker ← e/w
4
for long i ← 0 to w do
5
String filename ← "inputFile" + i
6
File file ← new File(filename)
7
file.write(edgesByWorker)
8
end
9
conf .setLong("nodes", n)
10
conf .setLong("edges", e)
11
job.setMapperClass(DirectedGraphMapper.class)
12
job.setReducerClass(DirectedGraphReducer.class)
13
job.setMapOutputKeyClass(LongWritable.class)
14
job.setMapOutputValueClass(LongWritable.class)
15
job.waitForCompletition(true)
16 end

Algorithm 4 DirectedGraphReducer(LongWritable key,
Iterable<LongWritable> values, Context context)
1
2
3
4
5
6
7
8
9

10
11
12
13
14
15

16
17
18

mapper. The number of nodes and edges are saved as global
variables by using the conf object provided by MapReduce
(Lines 9 and 10).
Algorithm 3 shows the map step pseudocode. The method
DirectedGraphMapper is executed in parallel for each
input file created in the preparation step. First, the number
of nodes of the graph is recovered from the global variable
‘‘nodes’’ (Line 2). The number of edges to be generated by
the worker is obtained from variable value as it is stored in
the input file (Line 3). Using the method GenerateEdge,
see Algorithm 1, the mapper generates e edges. For each of
them, it creates a pair (s, 1) where s is the source node index.
The list of pairs created by the map step is later transformed
into an array containing the graph degree distribution.
Algorithm 3 DirectedGraphMapper(LongWritable key,
Text value, Context context)
1 begin
2
long n ← conf .getLong("nodes")
3
long e ← Long.valueOf(value.toString())
4
for long i ← 0 to e − 1 do
5
long edge[] ← rmat.GenerateEdge(1,1,n,n)
6
LongWritable source ← edge[0]
7
context.write(source, new LongWritable(1))
8
end
9 end
Algorithm 4 shows the reduce step pseudocode. Each
instance of the method DirectedGraphReducer
receives a list of edges having the same source node. The
source node index is stored in variable key and the indexes of
the target nodes are stored in variable values. Note that the
94408
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begin
long degree ← 0
forall the v ∈ values do
degree ← degree + 1
end
long cnt ← 0
long target ← source − 1
while cnt < degree ∧ target > 0 do
context.write(new LongWritable(source), new
LongWritable(target))
cnt ← cnt + 1
target ← target − 1
end
target ← source + 1
while cnt < degree ∧ target < n do
context.write(new LongWritable(source), new
LongWritable(target))
cnt ← cnt + 1
target ← target + 1
end
end

size of the array values corresponds to the degree of the node
key. Hence, the reducer generates degree edges for the source
node with index key, such that the index of the target node is
selected first going backward (Lines 8 to 12) and then going
forward (Lines 14 to 18).
Figure 1 shows a simulation of the process described
above, thought to generate a 16-edge graph, running on
a cluster of two worker machines. In the initialization
step, the application creates two files, each having the
value 8 inside (i.e. the number of edges to be generated for
each worker). Let us analyze the process inside Worker 1. The
mapper reads an input file and generates eight key-value pairs
by using the method GenerateEdge shown in Algorithm 1.
Although each generated edge is formed by a source node
index s and a target node index t, the method just consider the
former to create a pair (s, 1). Note that the second worker also
generates eight key-value pairs following the same approach.
In the Shuffle step, the key-value pairs are grouped by key,
and the corresponding values are stored in a list. In the Reduce
step, the values for the same key k are added to determine the
number of edges to be generated for the source node identified by index k. Finally, the method generates (as output) the
corresponding edges for each node k by using the forward
and backward traversal described in Section II-B.
B. GENERATION OF UNDIRECTED GRAPHS

In this section we describe H4UG, a method to generate
undirected graphs using MapReduce. Although, the method
described in Section III-A can be used to generate undirected
graphs, it has the problem of generating duplicates in the form
VOLUME 9, 2021
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FIGURE 1. Example of the MapReduce process to generate a directed graph.

of symmetric edges. Next we describe the changes required
to avoid such problem.
Recall that, during the reduce step, the method for directed
graphs generates the final edges by exploring the array containing the degree distribution of the graph. Specifically, for
a source node index x, the method generates edges in the set
{(x, y) | 1 ≤ y < x}, i.e. the backward edges; and edges in the
set {(x, z) | x < z ≤ n}, i.e. the forward edges. It implies that
it is possible to generate symmetric edges, i.e. pairs of edges
of the form (a, b) and (b, a).
A naive solution to the problem described above is to
remove symmetric edges in a second MapReduce job. Hence,
the second job must take the list of edges and apply any algorithm to remove duplicates. Note that this solution increases
the complexity and the runtime of the algorithm.
A simple solution to the problem is to avoid the generation
of backward edges. It means that, for a source node index x,
the target nodes have an index greater than x. Just in the case
when the number of subsequent edges is not enough to cover
the degree of x (i.e. D[x] > n−x), the method produces edges
of the form (x, 1), (x, 2), and so on. Note that, the second case
has a low probability of occurrence as the last nodes in the
array contain a low degree (usually one) in order to satisfy
the power-law distribution.
Hence, the MapReduce application for generating undirected graphs is very similar to the one for directed graphs.
The difference occurs in the reduce step, whose pseudocode
VOLUME 9, 2021

Algorithm 5 UndirectedGraphReducer(LongWritable
key, Iterable<LongWritable> values, Context context)
1
2
3
4
5
6
7
8
9
10
11
12

13
14
15
16

begin
long degree ← 0
forall the v ∈ values do
degree ← degree + 1
end
long cnt ← 0
long target ← source + 1
while cnt < degree do
if target > n then
target ← 1
end
context.write(new LongWritable(source), new
LongWritable(target))
cnt ← cnt + 1
target ← target + 1
end
end

is shown in Algorithm 5. The main characteristic of the
UndirectedGraphReducer method is the generation of
edges (Lines 7 to 15). Note that the variable target, that stores
the index of the next target node, is initialized with source+1
(Line 7). In most cases, the target nodes have an index greater
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than the source node. However, if the amount of forward
edges is lower than the number of edges to be produced,
then the target node index is changed to 1 (Line 10) and the
generation continues until all the edges are generated.
In order to show our method to the generate undirected
graphs, consider the process shown in Figure 1. The preparation (Input file), Map, and Shuffle steps are the same,
i.e. they produce a list of pairs (k, v), where k is a source
node index and v represents the degree of the node k. In
the example, these pairs are (0, 6), (1, 4), (2, 3), (3, 2), and
(4, 1). In comparison to generate directed graphs, the change
is given by the way to generate the edges for each pair (k, v).
Specifically, for a pair (k, v), the method generates v edges
of the form (k, k + 1), (k, k + 2), . . . , (k, k + v); switching
to (k, 1), (k, 2), etc., if the target node arrives to n + 1. For
example, the pair (3, 2) produces the edges (3, 4) and (3, 5).
IV. EXPERIMENTAL EVALUATION

This section presents an experimental evaluation of the graph
generation methods presented in this article. Specifically,
we evaluate the performance of the methods and compare
them with the available alternatives in the state of the art. This
section includes the evaluation methodology, the experimental results, and the corresponding discussion.

determine the relationship between efficiency and processing
power (determined by cluster size and power).
We perform this evaluation under two notions of scalability. The first one studies the behaviour of the methods after
increasing the number of nodes, so as to determine the largest
graph the method is able to generate. The second notion
is related to an increment of the computational resources,
to determine its dependency with regard to the hardware.
The realism of a method is given by its ability to generate graphs whose statistical distribution of edges follows a
power-law [31]. Such notion of realism is measured by using
the Kolmogorov–Smirnov statistic. Additionally, we produce
charts to observe the degree distribution of the graphs.
B. EXPERIMENTAL SETUP

All the experiments of this work are executed in EMR,
the cloud big data platform provided by Amazon. EMR
allows to create Hadoop clusters composed by several types
of virtual machines. We use three types of virtual machines,
whose technical specifications are given in Table 1. All the
machines are configured with a 100GB SSD storage, and
installed with Amazon Linux release 2 (Karoo) as operating
system.
TABLE 1. Amazon machines used in the experimental evaluation.

A. METHODOLOGY

Our experimental evaluation includes several experiments,
where each experiment implies the execution of a generation
method in a cluster of computers. Specifically, each experiment combines the following variables:
•

•

•
•

•

Generation method. We evaluated both methods proposed in this article, namely, H4DG and H4UD. From
the state of the art, we initially considered TeGViz, PegasusN and TrillionG. TrillionG runs on top of Apache
Spark, so we assumed that it is not comparable with
our Apache Hadoop implementations. Hence, we just
selected TeGViz and PegasusN as they provided enough
information to be evaluated.
Graph size. We considered the generation of graphs
having 10 thousand, 100 thousand, 1 million, 10 million,
100 million, and 1 billion nodes.
Graph type. It refers to the generation of directed or
undirected graphs.
Cluster size. It defines the number of computers in the
cluster. We use clusters composed of a master node
plus 8, 16, and 32 worker nodes.
Cluster power. It indicates the processing power of the
computers in the cluster. For each cluster size, we considered three configurations (small, medium, and large).

Considering the above variables, we evaluated the methods
in terms of efficiency, scalability, and realism. The efficiency
refers to the runtime required to generate a graph (of a given
size and type) by using a method over a cluster (of a given size
and power). The main objective is to determine the fastest
and the slowest methods. Additionally, we would like to
94410

Table 2 shows information about the nine clusters used in
our experimental evaluation. The clusters differ in size (number of worker machines) and machine type. It is important
to mention that, in addition to the worker machines (acting as
Hadoop Data Nodes), every cluster includes a master machine
(acting as Hadoop Name Node). All the clusters worked with
Apache Hadoop 2.10.1 (emr-5.32.0).
TABLE 2. Types of Amazon EMR Hadoop clusters used in the experiments.

The source code of the Hadoop implementation of the
methods H4DG and H4UG is available at GitHub (https://
github.com/FerLopezGallegos/MapreduceGraphGenerators).
The corresponding JAR files are h4dg.jar and h4ug.jar.
These files are executed in Hadoop using instructions of the
form
hadoop jar h4dg.jar -n <n> -m <w>
VOLUME 9, 2021
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where <n> indicates the number of nodes of the graph, and
<w> indicates the number of worker machines.

TABLE 4. Runtimes (in seconds) obtained during the generation of
directed graphs. The lowest times are in bold.

C. EXPERIMENTAL RESULTS

An experiment is defined by a specific combination of generation method, graph size, graph type, cluster size, and
cluster power. Table 3 shows general information about the
graphs generated during the experimental evaluation. Every
experiment is executed three times, so we report the average
execution time (runtime). Next, we present and discuss the
results of our experimental evaluation.
TABLE 3. Graphs generated during the experimental evaluation.

1) EFFICIENCY

Tables 4 and 5 show the runtimes obtained during the generation of directed and undirected graphs respectively. Note that
TeGViz and PegasusN does not appear in Table 5 as they are
unable to generate undirected graphs.
In the case of directed graphs (Table 4), we can see that:
TeGViz obtains the lowest time for most of the experiments;
PegasusN goes in second place, although just for small
graphs; and H4DG obtains the highest times in all cases.
Analyzing the runtimes obtained for graph G5 with cluster
C32L, we can say that PegasusN is 2.5 times slower that
TeGViz, and H4DG is 4.8 times slower. Figure 2 allows a
visual comparison of the methods by showing the runtimes
obtained over the C32L cluster, the most powerful used
here. In defense of H4DG, we would like to mention that
TeGViz and PegasusN generate graphs with repeated edges.
TeGViz provides an option to eliminate duplicates, however it
increases its runtime greatly. Also, H4DG is the only method
capable to produce the biggest graph G6.
Similarly, we can compare the cluster performance under
different graphs. Figures 3, 4, and 5 show the runtimes
obtained for each cluster during the generation of the directed
graphs. As expected, it applies that the bigger the cluster
the lower the runtime. This behavior is clear for big graphs
(G5 and G6), but not so obvious for small and mid-size ones
(G1 – G4). In this sense, we can say that a small cluster
(e.g, C8S) is enough to generate small and mid-size graphs,
whereas a large cluster (e.g. C16L) is required to generate big
graphs.
2) SCALABILITY

The scalability of the methods is studied from the points of
view of both graph size and processing power.
VOLUME 9, 2021

Consider the charts shown in Figures 6, 7, and 8.
We can observe that the three methods scale well for
graphs G1 to G5. However, only H4DG is able to generate the biggest graph G6 (i.e. the one having a billion
nodes) when operate over the clusters C16L, C32S, C32M,
and C32L.
With respect to the scalability under processing power,
let us analyze the combination of methods and clusters. We
observe that the runtimes for graphs G1, G2, and G3 are
94411
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TABLE 5. Runtimes (in seconds) obtained by H4UG during the generation
of undirected graphs.

FIGURE 5. Efficiency of clusters with respect to the directed graphs
generated with PegasusN.

FIGURE 2. Efficiency of the methods using the C32L cluster.
FIGURE 6. Scalability of H4DG under different directed graphs.

FIGURE 3. Efficiency of clusters with respect to the directed graphs
generated with H4DG.
FIGURE 7. Scalability of TeGViz under different directed graphs.

FIGURE 4. Efficiency of clusters with respect to the directed graphs
generated with TeGViz.

FIGURE 8. Scalability of PegasusN under different directed graphs.

very similar. Hence, we can argue that the cluster processing
power is not so relevant for such graphs. However, for graphs
G4, G5, and G6, the methods show increasing and variable

runtimes, so the type of cluster is relevant in such cases. This
analysis is very important from a financial point of view as
the size of the cluster determines its cost.
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FIGURE 9. Degree distribution, in logarithmic scale, of four graphs generated with H4DG and H4UG. Plots (a) and (b) show the degree distributions for
directed graphs of types G1 (n = 10 thousand nodes) and G4 (n = 10 million nodes), respectively. Plots (c) and (d) show the degree distributions for
undirected graphs with the same sizes.

3) REALISM

Finally, we use two methods to evaluate the realism of
H4DG and H4UG, that is, their ability to generate graphs
whose statistical distribution of edges follows a power-law.
The first method is a statistical verification by applying
the Kolmogorov–Smirnov statistic (KS-stat). The second
one is a visual verification by plotting the graph degree
distributions.
The KS-stat metric [31] allows to test whether a sample
distribution fits a power-law distribution. In this case, we used
VOLUME 9, 2021

the igraph R package1 to compute the KS-stat for directed and
undirected graphs. Table 6 shows the KS-stat scores obtained
for graphs G1, G2, G3, and G4 (it was not possible to compute
the KS-stat for the rest of the graphs). According to the literature, a small score for KS-stat denotes a better fit between the
observed and the power-law distribution. We observe that all
the scores have a value lower than 0.09, so it can be argued
that all the graphs do follow a power-law distribution. Note
1 Available at https://igraph.org/r/doc/fit_power_law.html.
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TABLE 6. KS-stat scores for directed and undirected graphs generated
with H4DG and H4UG, respectively.

also that the scores decrease with the size of the graph, so we
can conjecture that graphs larger than 10 million nodes (G4)
also maintain the power-law distribution.
For the visual verification, we used the igraph R package
to generate scatter plots showing the degree distribution of a
graph. Figure 9 shows the plots for directed and undirected
graphs of types G1 (ten thousand nodes) and G4 (ten million
nodes). Each plot includes the sample distribution (point
cloud) and the power-law distribution (red line). In general,
we can say that all the sample distributions are very close to
the power-law baseline. Note that the distributions differ with
respect to the size of the graph (i.e. sparse for the smaller
ones). However, they show a very similar shape independent
of graph type (directed or undirected).
We would like to mention that we also create the plots for
the graphs generated with PegasusN (they are not included
here in order to save space). For smaller graphs, PegasusN shown a good distribution. However, for larger graphs
the plots shown an erratic distribution with respect to the
expected power-law. In the case of TeGViz, it is impossible
to obtain the plots because the igraph R package found some
errors in the output data files.
V. CONCLUSION

We have presented two methods, H4DG and H4UG, to generate graphs with power-law edge distribution based on MapReduce that can be easily implemented to run on top of Apache
Hadoop. H4DG produces directed graphs whilst H4UG produces undirected ones. Our experimental evaluation shows
that our methods are efficient (in terms of runtime and computational resources) and scalable (in terms of graph size and
cluster capacity). Our comparison with TeGViz and PegasusN
shows that our methods are a little less efficient in terms
of runtime. However, H4DG is the only method able to
generate the largest directed graph in our evaluation (the one
with one billion nodes and fourteen billion edges). Moreover,
our method H4UG is capable of creating undirected graphs
without duplicate edges; a requirement that both TeGViz and
PegasusN are unable to satisfy.
As future work, we plan to study other properties of the
graphs generated by our methods, such as clustering coefficient and community structure. Our goal is to check and
improve the realism of the generator, and produce graphs
satisfying the properties found in real networks.
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