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ABSTRACT

In this era of big data, graph, which adds the advantage of structural representation

of data has gained extreme importance. Analyzing the graphical structure of the

data provides deep, meaningful insights about it and is widely used for a vast number

of applications. Enumerating triangles is one of the crucial pillars of complex graph

analysis and lays the basis for two most fundamental measures of the stability of a

network, clustering coefficient, and transitivity ratio. Besides, triangle listing also has

applications in wide range of domains, such as spam detection, finding communities,

fake account detection in social networks, and many more. Several internal memory

algorithms have been proposed to tackle this problem. However, these algorithms are

not scalable for the massive graphs generated from big data. One way to solve this is

by utilizing the power of parallel computation and thereby distributing the work to

various machines. Google’s map-reduce model implements parallel computation and

also manages data partition.

In this project, our goal is to list triangles in massive directed and undirected

graphs using map-reduce. For triangle enumeration in undirected graphs, we im-

plement existing map-reduce algorithmic solution. We also propose an extension to

the algorithm for directed cycle and trust triangles detection. Finally, we perform

an extensive evaluation of the proposed map-reduce solution for both directed and

undirected graphs on real-world datasets. Experimental results show that these al-

gorithms are able to enumerate the triangles in very large within a very short span

of time.
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Chapter 1

Introduction

In recent years, the rapid growth of Internet has resulted in an exponential increase

in the amount of data that can be accessible. With this boom in data availability,

graphs have become extremely important as they are powerful means to visualize the

relationships in data and can provide decisive insights. The emerging social networks

have transformed the way we interact with the rest of the world. These networks

have become forums for the netizens to express their views and opinions on almost

every aspect of human life ranging from entertainment to political views. All these

interactions and relationships can be mapped to a graph that is self-contained with

an enormous amount of vital information. However, the size of such graphs can

be gigantic. For example, the number of active monthly users on popular social

network, Facebook, are 2.2 billions [34]. Thus, extracting crucial information from

such enormous graphs is a big challenge.

1.1 Motivation

Enumerating triangles is one of the paramount tasks in graph analysis. As discussed

in [26], triangles in a social graph are generated either because of homophily or tran-

sitivity. The former means that people with similar interests are friends with each

other [32] [29], and according to the later people with mutual friends tend to become

friends themselves [29]. Thus, the knowledge of triangles in a social graph, we can

detect people with similar interests. With access to this information, one can easily

target the audience with similar interests and utilize it for marketing various products

and services.
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Besides this, two fundamental metrics for graph analysis, clustering-coefficient,

and transitivity ratio (also known as global clustering coefficient) [15] are based on

the density of triangles in a graph. These measures are highly relevant to quantify the

degree of clustering in a graph and also to evaluate the stability of a graph [7]. They

have been widely used for various applications such as differentiating normal networks

and tumor networks by using gene expression data arising from microarray experiment

[10], identifying fake accounts in social networks [33] and measuring potential risks

in complex banking networks [24].

Figure 1.1: A Sample Graph of Social Network Communities

[28]

Lastly, one of the most useful applications of these metrics is that they help to

estimate the dense sub-graphs (communities) within the graph and also the extent of

connectivity within each community [8]. Figure 1.1 represents a social network as a

graph. In this graph, we can observe clustering of different communities. There are

broad applications of detecting such communities including, building efficient product

recommendation system utilizing the community of customers with similar interests

[1], clustering the web-clients geographically for improving the performance [11] and

identifying group of correlated genes in a biological network [31].
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1.2 Contribution

The goal of this project is to explore, analyze and extend the Pre-partitioned Triangle

Enumeration (PTE) MapReduce algorithms suggested by Park et al. in [18].

Park et al. proposed three versions of PTE algorithm, namely PTEbase, PTEcd and

PTEsc for listing triangles in undirected graphs. As part of this project, we propose

the extended version of all three PTE algorithms for calculating two main type of

triangles in a directed graph: Trust and Cycle (explained in chapter 3). Specifically,

the contributions of this project are as follows:

1. We implement the PTEbase, PTEcd and PTEsc algorithms as proposed in [18]

for undirected graphs. We also perform an evaluation of these algorithms.

2. We extend the PTE algorithms for directed graphs. We propose the algo-

rithm for cyclic-triangle enumeration and trust-triangle enumeration in directed

graphs.

3. We conduct extensive experiments on a variety of real-world network datasets

to evaluate the performance of the PTE algorithms. Our experiments are setup

for both, directed and undirected graphs. The largest directed graph used for

experimentation has 639 billion edges.

1.3 Organization

Chapter 1 includes a brief introduction about the relevance of triangle enumeration,

the motivation behind taking this project and the contributions.

Chapter 2 provides the literature review for the triangle enumeration problem. It

provides a brief description of the major contributions made in the field of

triangle computation. It also talks about the limitations and advantages of

each approach.

Chapter 3 talks about the background knowledge for triangle enumeration problem.

It contains basic terminologies and concepts of graph theory including the type

of triangles.

Chapter 4 describes the Pre-partitioned Triangle Enumeration (PTE) algorithms in

detail. It explains each of the three PTE algorithms along with their limitations.
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Chapter 5 explains the extension of Pre-partitioned Triangle Enumeration algo-

rithm for directed graphs. It is divided into two sections covering the two

possible types of triangles in directed graphs.

Chapter 6 contains the experimental results which show the triangle enumeration

done on some large real-life datasets. It also provides the comparison of all

three PTE algorithms with each other.

Chapter 7 concludes the problem statement and the contributions made. It also

contains the discussion about possible future work in this area.
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Chapter 2

Related Work

This project is inspired by the extensive research in progress to solve triangle enu-

meration problem. Finding the triangles in large graphs holds a crucial role in graph

analysis. Two fundamental algorithms to perform triangle enumeration on single

machine are node-iterator and edge-iterator algorithm. The node-iterator algorithm

determines the neighboring nodes for each node and verifies whether the neighboring

nodes are connected to each other. In a similar fashion, the edge-iterator algorithm

traverses through the edges. For each edge (u, v), the algorithm identifies the com-

mon neighbors of the nodes u and v to find the triangles. There also have been

several proposed refinements of these algorithms [13]. Forward algorithm and the

compact-forward algorithms propose the improved version of edge-iterator algorithm

by which there is no need to compare all the neighbors of the nodes u and v. These

algorithms have been discussed in detail by T. Schank in [20]. However, single ma-

chine algorithms can only work when the graph is small enough to fit in the main

memory.

It is possible to tackle large graphs by utilizing the power of parallel computing.

Map-Reduce is a parallel distributed programming model which has been designed to

deal with large datasets [6]. A MapReduce framework consists of three main steps:

Map, Shuffle and Reduce. Map step transforms the data into a tuple form, that is,

each instance is converted to a key-value pair. The shuffle step bounds the output by

the keys. The last step is the reduce step, combines the values with same keys across

all the partitions and outputs the reduced key-value pair. Hadoop is a Java-based

open source implementation of MapReduce Framework and is widely used because

of its availability, scalability, and cost-effectiveness. Spark [35], another open source

framework is a cluster computing tool which can run on top of Hadoop and enhances
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its computation speed. Ralf Lömmel provides a rigorous description of Google’s map-

reduce programming paradigm in [12].

The first map-reduce algorithm to enumerate triangles was proposed by Cohen

[5]. The proposed algorithm is a modification of node-iterator algorithm [21]. He

suggested to use two map-reduce jobs to enumerate triangles; the first step maps the

edges to lower degree vertex, then reduces it to emit each pair of edges with that

vertex as the apex. This leads to finding all the triads in the graph. The next map-

reduce job finds if the open vertex ends of triads are connected to each other, and

hence, finding the triangles. However, the performance of this algorithm reduces for

graphs with a large degree of nodes.

Doulion [26], another map-reduce algorithm proposed for counting triangles uses

a randomized probabilistic approach. Along the similar lines, [16] and [27] also use

some sampling techniques to reduce the number of edges and get the approximate

number of triangles. However, the approach cannot be used to list the triangles and

can only be used to get a rough estimate of the number of triangles.

Suri and Vassilvitskii [23], proposed a map-reduce algorithm, GP, based on par-

titioning the graph to list the triangles in gigantic graphs. The idea is to partition

the graph into overlapping subsets of sub-graphs such that each triangle in the graph

comes in at least one of the partition. Dealing with small sub-graphs solves the

memory capacity problem of [5]. After partitioning the graph into n partitions, GP

algorithm considers the edges in three partitions at a time and enumerates triangles in

the merged sub-graph using any internal memory algorithm. This process is repeated

until all three partition combinations are covered. For instance, for a graph divided

into 4 partitions(1, 2, 3 and 4), the triangles are enumerated in the subgraphs created

by following partition combinations: (1, 2, 3), (1, 2, 4), (1, 3, 4) and (2, 3, 4). However,

GP algorithm performs a weighted count of the triangles, has a lot of redundant oper-

ations which results in creation of unwanted intermediate data and thereby increasing

the processing time.

To rectify the duplication problem in GP algorithm, Park and Chung [17] proposed

a new triangle enumeration Map-Reduce algorithm, Triangle Type Partition (TTP).

After partitioning the graph, TTP classifies the triangles into three types, type − 1,

type− 2 and type− 3 triangles. This classification is based on the partition in which

the nodes of a triangle belong to. The triangles with all three nodes in the same

partition are classified as type− 1 triangles, triangles with two nodes in one partition

and one node in another partition as type − 2 triangles and the triangles with each
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node in a different partition as type− 3 triangles. Type of these triangles have been

discussed in detail in chapter 3 because of its relevance to this project. TTP separates

the enumeration of type− 1 and type− 2 triangles from the enumeration of type− 3

triangles. Thus, avoiding the duplicate counting experienced in GP and reducing the

computation time. However, in case of very large graphs, the algorithm causes out of

memory error when the size of shuffled data is larger than the total available space.

Park et al. [19] proposed a multi-round MapReduce algorithm Colored Triangle

Type Partition (CTTP) to reduce the amount of shuffled data. The idea is splitting

the TTP algorithm into multiple rounds and thus limiting the shuffled data in each

round and increasing the performance. However, the net shuffled data across all

rounds remains the same as TTP.

Park et al. [18] proposed a new MapReduce algorithm, Pre-partitioned Triangle

Enumeration algorithm which significantly reduces the shuffled data. They present

three versions of the PTE algorithm. All three PTE algorithms have been discussed

in detail in chapter 4. The first is the PTEbase algorithm which separates the graph-

partitioning from triangle enumeration. After partitioning the graph, the set of edges

are stored in a distributed file system because of which results in reducing the shuffle

time considerably. The second algorithm PTEcd extends PTEbase algorithm and con-

siders color-direction of each of the edges to reduce redundant operations. The final

algorithm, PTEsc schedules triangle computation carefully to reduce the net network

read. However, the PTE algorithm has been implemented just for triangle computa-

tion in undirected graphs. As a part of this project, we have implemented the PTE

algorithms for undirected graphs and also extended the algorithm for directed graphs.

The extended algorithms have been explained in detail in chapter 5. The next chapter

covers the preliminary information required to understand this project.
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Chapter 3

Preliminaries

The importance of finding triangles and the purpose of this project has been discussed

in detail in previous two chapters. This chapter provides the background information

and the terminologies that are essential in understanding the future chapters. Section

3.1 covers the basics of graph theory which are widely used throughout the course

of this project report. The next section (section 3.2), explains the concept of graph

partitioning and assigning types to the triangles after partitioning as per [17].

3.1 Graph Theory

A graph is a representation which is used to define the relationship between two

entities. The study of the graphs is referred to as Graph Theory. The theory of

graph is of immense importance primarily because of the wonderful new insights a

graph can lead to and also because of the large amount of applications of graphs.

Typically a graph consists of two entities, vertices and edges, and can be represented

as G = (V,E) which implies that graph G is composed of the vertex set V and edge

set E. The out− degree of a vertex can be defined as the number of edges going out

from that vertex, and the in − degree of a vertex can be defined as the number of

edges going towards that vertex. Figure 3.1 shows two graphs, the one on the left is

directed, and the one on the right is undirected. In each of these graphs, the nodes

labeled a, b, c, d, e are the vertices and the lines connecting them are called the edges.

The Undirected and Directed graphs can be defined as:
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Figure 3.1: Undirected and Directed Graph Example
The graph on the left represents a directed graph, and the graph on the right repre-
sents an undirected graph.

3.1.1 Undirected Graph

When the edges of the graph have no direction, the graph is referred to as undirected

graph (right side of the figure 3.1). A real-life application of undirected graph is a

graph representing friends on social media such as Facebook, if we say a is friends

with b, this implies b is also friends with a, the relationship between a and b can easily

be defined using an undirected graph.

3.1.2 Directed Graph

When the edges of the graph have direction, the graph is referred to as directed graph

(left graph of figure 3.1). Directed Graph can be used to represent the cases when

vertexes are connected to each other, but both vertexes do not share the same sort of

relationship. For instance, the social-network graph of Twitter can be represented as

a directed graph, and an edge from a directed towards c, can be used to depict that

a follows c, but the reverse is not true, i.e. c does not follow a.

3.1.3 Triangles in Undirected and Directed Graph

A triangle can be defined as a closed figure with three vertexes and three edges. In

Figure 3.1, graph on left and right, both contain two triangles each, (a, c, d) and

(a, b, d). The immense applications of finding such figures have been discussed in the

previous chapters. The type of triangles differs in a graph depending on whether its

directed or undirected, figure 3.2 shows the different variants of the triangles in such

graphs. These variants have been discussed in detail below:
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a

c

b

a

c

b

a

b

c

1) In undirected graph 2) Trust (Directed graph) 3) Cycle (Directed graph)

Figure 3.2: Triangles in directed and undirected graphs

Undirected Graph

In an undirected graph, a triangle can be defined as any three vertexes fully connected

to each other. The leftmost graph of figure 3.2 represents a triangle in an undirected

graph. In this triangle, there exist edges from a to b and c, b to a and c and c to a

and b, which implies that the figure is a fully connected, three vertex closed figure

and hence a triangle.

Directed Graph

A closed figure with three vertexes and three directed edges is a triangle in a directed

graph. The middle graph and the right graph of figure 3.2 represent the triangles in

a directed graph. Depending on the direction of the edges, the directed triangles can

be further categorized into two types.

Trust Triangles Three-connected vertexes in a graph forming a closed figure, in a

way that the out-degree of each of these vertexes are two, one and zero respectively,

forms a trust triangle [25]. The middle graph of figure 3.2, represents a trust (a, b, c)

with a′s out-degree as two, b′s out-degree as one and c′s out-degree as zero.

Cycle Triangles Three-connected vertexes in a graph forming a closed figure, in

a way such that the out-degree of each of these vertexes is one, forms a cycle [25].

The right most graph of figure 3.2 represents a cycle. Each of the vertexes a, c and b,
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have one edge going out of them, (a, c), (c, b) and (b, a) respectively. Thus, the graph

(a, c, b) represents a cycle.

3.2 Graph Partition and Triangle Types

This section covers in detail the essence of graph partition and how triangles can

be divided according to that. As the name suggests, the Graph Partition means

partitioning the graph in a way such that only a portion of the graph is read for

triangle computation. The reason for partitioning the graph is that because of the

large amount of data; some graphs are so big that its hard to compute triangles in the

entire graph at once. Thus, [23] suggested that such graphs can be partitioned in a way

that each triangle appears in at least one partition. For triangle enumeration, only

a portion of the graph is loaded, and triangles are computed in that. Depending on

whether the vertexes of the triangle are in the same partition or different partitions,

triangles can be categorized into different types [17] shown in figure 3.3. Section

contains the description of how they are differentiated. Further, [23] divides the sub-

problems in two types depending on the type of triangles being enumerated. Details

of this have been discussed in section 3.2.2.

Figure 3.3: Type of triangles in partitioned graph

3.2.1 Partitioned-Graph Triangle Types

To reduce redundant operations in GP [23], Park and Chung [17], propose a map

reduce algorithm, Triangle Type Partition (TTP), which categorizes triangles into
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following three categories:

Type-1 Triangles When all three vertexes of the triangle are in same partition,

the triangle is referred to as type-1 triangle. In the figure 3.3, the left most graph has

two partitions 0 and 1, and a type-1 triangle (a, b, c) with all three vertexes in same

partition (partition 0).

Type-2 Triangles With two vertexes of the triangle in same partition, and one in

different partition, as triangle (c, d, e) in the middle graph of figure 3.3 with vertex

c, e in partition0 and vertex d in partition1, the resulting triangle can be categorized

as type-2 triangle.

Type-3 Triangles The last case covers the triangles with all three vertexes in three

different partitions (as shown in the last graph of the figure 3.3). The type-3 triangle

(f, g, h) has vertex f in partition0, vertex g in partition1 and vertex h in partition2.

3.2.2 Partition-Pair and Partition-Triplets

After categorizing the triangles into above three categories, TTP [17] divides the

triangle enumeration problem into sub-problem of two types, one with considering

two-partitions at a time (referred to as (i, j) subproblem by TTP, where the two

partitions considered are ith and jth partition) and the other one with considering

three-partitions at a time (referred to as (i, j, k) subproblem by TTP, with partitions

considered being ith, jth and kth partition). Throughout the course of this project,

triangle enumeration in these two types of sub-problems has been referred to as trian-

gle enumeration in partition-pair (referring to (i, j) sub-problem) and partition-triplet

(referring to (i, j, k) sub-problem). Figure 3.4 gives a good example to explain the con-

cept of partition-pair and partition-triplet, the details of which have been discussed

below:

Partition-Pair The edge set in a partition-pair (i, j) sub-problem (as shown in

equation (3.1)) comprises of all the edges with both vertexes in ith partition, edges

with both vertexes in jth partition and the edges with one vertex in ith and one vertex

in jth partition. Triangle enumeration on this edge set results in finding all type-1
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Figure 3.4: Triangle enumeration in partitioned graph

triangles in ith and jth partition and type-2 triangles in the inter-partition i, j.

Eij = Eij ∪ Eii ∪ Ejj (3.1)

Partition-Triplet In a partition-triplet (i, j, k) sub-problem, the edge set comprises

of just the inter-partition edges that is, edges with one vertex in ith partition, other

in jth partition, edges with one vertex in jth partition, other in kth partition and

the edges with one vertex in kth partition and the other in ith partition (as shown

in in equation (3.2)). Thus, enumerating triangles in such sub-problem results in

enumerating type-3 triangle enumeration in that partition-triplet.

Eijk = Eij ∪ Eik ∪ Ejk (3.2)

This chapter covered the necessary information which is essential to understand

before proceeding further. The next chapter gives a detailed description of the Pre-

partitioned Triangle Enumeration algorithm for undirected graphs.
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Chapter 4

Methodology

This chapter explores the map-reduce triangle enumeration methods suggested by

Park et al. in [18]. The algorithms proposed in the paper perform considerably well

in comparison to the previous work done along the similar lines. For a large graph,

Clue Web 9 (with 7.9 billion edges), the algorithm outperforms CTTP [19] by 27x

times. The proposed method uses TTP [17] algorithm as base that is it partitions the

graph, classifies triangles as type-1, type-2 and type-3 (mentioned in section 3.2.1) and

divides the sub-problems generated into two types (mentioned in section 3.2.2). Based

on that, they proposed three algorithms which considerably reduce the computation

time.

The first proposed algorithm, PTEbase, addresses the key issue of reducing the

shuffled data to increase the performance. The key idea is to store the partitioned

graph before triangle enumeration. The second proposed algorithm, PTEcd focuses

on reducing the redundant operations and hence results in improving the performance

further. PTEcd introduces a color-direction to each of the edges, that means direction

based on the partition. This helps in further sub-classifying the edges which should

be considered together to enumerate triangles in a partition. The final algorithm,

PTEsc recommends the approach of scheduling triangle computations to minimize

the network read.

Park et al. proposed these algorithms for undirected graphs. As part of this

project, we have re-implemented them using spark and have also performed a thor-

ough evaluation of their performance. The results of which have been discussed in

detail in chapter 6. In this chapter we discuss the PTEbase (section 4.1), PTEcd

(section 4.2) and PTEsc (section 4.3 ) algorithms, their shortcomings and their im-

plementation in detail.
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4.1 PTE BASE Algorithm

In this section, we discuss the base algorithm, PTEbase, proposed in [18]. Previously

proposed MapReduce algorithms produce an enormous amount of shuffle data for

large graphs, because of which the program fails with out of memory errors when the

size of shuffled data is larger than the total available space. PTEbase pre-partitions

the graph and decreases the shuffled data significantly. The idea is to partition the

graph and save the sub-graphs in some form of distributed storage. After this, when

the algorithm needs some edge-set for enumeration, it directly accesses it from the

storage system. Thus the data shuffle is converted to network read which is a much less

expensive task. Thereby, resulting in a decrease in computation time, especially for

larger graphs which have a massive amount of edges. For a huge graph ClueWeb09

with 7.9 billion edges, PTEbase reduces the shuffled data by 175x times [18]. This

section describes each step of the algorithm in detail. In the end, we discuss the

shortcomings of this algorithm and how can it be further improved.

4.1.1 For Undirected Graphs

Figure 4.1 shows the basic flow architecture of the PTEbase algorithm. The steps

involved are: get the number of partitions, partition the graph and save the sub-

graphs in some file system. The final step is to enumerate triangles by loading the

significant edges in memory. Below is a description of each and every step:

Figure 4.1: PTE Base Flow Architecture

Step 1: Get the number of partitions

Prior to creation of sub-graphs, it is important to decide the number of parti-

tions. As per [18], for ρ number of partitions, the estimated size of edge set for

each partition is 2E/ρ2. Since for enumeration of type-1 triangle, we need edge
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set from one partition, for enumeration of type-2 triangle, we need edge set from

two partitions and for enumeration of type-3 triangle, we need edges-set from

three partitions. Therefore, the estimated size of edge-set for type-1, type-2 and

type-3 triangles are 2E/ρ2, 4E/ρ2 and 6E/ρ2 respectively. As we need these

edge-sets to fit in main memory(M), hence:

For Type -1 problem,

2E/ρ2 < M (4.1)

For Type-2 problem,

2E/ρ2 + 2E/ρ2 < M (4.2)

For Type-3 problem,

2E/ρ2 + 2E/ρ2 + 2E/ρ2 < M (4.3)

Thus, from (4.1), (4.2) and (4.3) number of partitions should be:

max(2E/ρ2, 4E/ρ2, 6E/ρ2) < M

6E/ρ2 < M

ρ =
√

6E/M (4.4)

Step 2: Partition the nodes

The next step is to assign a unique color to each node. The method used to

assign color to nodes is:

Color of each vertex = V ertex% number of Colors(ρ) (4.5)

where each color represents each partition. With this method, each edge u, v

gets mapped to the partition-pair x, y where x is the color assigned to u, and y

is the color assigned to v

Step 3: Storing the sub-graph from each partition-pair into a distributed storage

system

Since all edges are mapped to a partition by now, in this step we store the

partitioned sub-graph in some distributed file system. For instance, if the edges
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(u, v) and (w, z) are mapped to partition-pair (x, y), they are stored together.

When needed, these can be directly accessed from the distributed file system

instead of shuffling the data to access the sub-graph.

Step 5: Generate the Seed File

Once we have all the partitioned graphs, the next step is selecting the right

partition-pairs/partition-triplets sub-problems to enumerate triangles such that

we each triangle is counted only once. Lets consider a toy example to under-

stand this better. Lets assume we have two partitions/colors, 0 and 1. With 2

partition, the possible partition-pair combinations are: 00, 01, 10 and 11. Since

we know that partition-pair counts both type-1 and type-2 triangles (equation

(3.1)), therefore considering just one of these partition-pair (either 01 or 10)

would be a wise decision. To make the selection simple, we have used the con-

dition i < j (in case of a pair) and i < j < k (in case of a triplet). We can

choose the pair/triplet in any order, all we need is to avoid any duplicity during

enumeration.

Step 6: Enumerate Triangles

For each sub-problem listed in the seed file, read the corresponding sub-graphs

and enumerate triangles. A partition-pair sub-problem finds triangles of type-

1 and type-2 (reading the edge-sets as in equation (3.1)). A partition-triplet

sub-problem, finds the type-3 triangles (reading the edge-sets listed in equation

(3.2)).

Once we have read the subgraph, we can use any single machine algorithms to

enumerate triangles.

4.1.2 Redundant Operations in PTE BASE algorithm

While the PTEbase algorithm reduces the computation time considerably, but still it

performs some redundant operations which if avoided, can result in significant per-

formance improvement. In this section, we are going to discuss first the problems in

PTEbase and then the solution to overcome them. To understand redundant opera-

tions in PTEbase, lets try to find triangles in the undirected graph as shown in figure

4.2 using PTEbase algorithm.

Figure 4.3(a) shows the partitioned graph and the generated seed file. The number

of partitions is decided as per Step 1, equation (4.4). Next, the graph is partitioned



18

Figure 4.2: Graph Example

as per equation (4.5). After that, edges mapped to the same partition-pair are stored

together. For instance, partition-pair 1, 2 stores the edges (4, 5) and (7, 5). In figure

4.3(b), since the number of partitions are three, the seed file has four values (calculated

using procedure mentioned in Step 5). For the seed input (0, 1) , the edges loaded

in memory are the ones belonging to partition (0, 0), (0, 1), (1, 0) and (1, 1) . In the

similar fashion, edges are loaded for partition-pair (0, 2) and (1, 2) as per equation

(3.1). For the partition-triplet, (0, 1, 2), all the cross partition edges (across partition

0, 1 and 2) are read (equation 3.2). Based on the edges read, the triangles are

enumerated for each seed input, but there are two critical problems in using PTE

Base Algorithm:

1. Redundant Triangle Counting For Type-1 Triangles

The issue with type-1 triangle enumeration using PTEbase algorithm is that

type-1 triangle present in jth partition appears every time the partition-pair

sub-problem with j as one of the partition appears in seed file. This implies,

that such triangles get enumerated ρ − 1 times, where ρ is the number of par-

titions. For instance, in Figure 4.3, the type-1 triangle(0, 6, 3) in 0th partition,

gets counted two times (since ρ is 3). The solution to this scenario is simple,

assuming that there are k number of type-1 triangles in a given graph, and each

such triangle appears ρ− 1 times, giving a total type-1 triangle count of l, the

actual number of type-1 triangles (k) can be calculated as:

k = l/(ρ− 1)
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(a) Partitioned Graph

(b) Triangle enumeration in sub-graphs

Figure 4.3: Triangle Enumeration using PTEbase

But still there is redundant computation of such triangles which adds up in the

overall computation time.

2. Access edges loaded in memory for Type-2 and Type-3 Triangles

The second issue is while enumeration of type-3 triangles, the algorithm consid-

ers unnecessary access edge combinations. To understand this using figure 4.3,

for the type-3 triangle, (0, 4, 5), if edge a is (4, 0), edge b or c can not be (4, 3),

since it lies in the same partition-pair. However, PTEbase doesn’t rule out this

possibility and considers the edges in same partition-pair too, which eventually

affects the enumeration time of the algorithm.

The next section explains how considering the color direction of edges can help in

reducing the enumeration time.
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4.2 PTE CD algorithm

The problems with PTEbase algorithm can be solved if each edge (a, b) is assigned

a direction from a to b. The same rule can be applied to a partition pair, each

partition-pair (x, y), can be assigned a direction from x to y. The idea is to use only

the edges with the desired direction and enumerate triangles accordingly . All possible

color direction for type-2 and type-3 triangles are listed in the table 4.1. Thus, while

enumerating triangle (a, b, c) of any type, let’s consider the color-direction (i, i, j) ,

the edge a should belong to partition-pair (i, i), similarly edge b to partition-pair (i, j)

and edge c to (j, i). Same rule applies to all the combinations listed in table 4.1.

Type-2 Type-3
(i, i) , (i, j) , (i, j) (i, j) , (j, k) , (i, k)
(i, j) , (j, i) , (i, i) (j, i) , (i, k) , (j, k)
(j, i) , (i, i) , (j, i) (k, i) , (i, j) , (k, j)
(j, j) , (j, i) , (j, i) (i, k) , (k, j) , (i, j)
(j, i) , (i, j) , (j, j) (j, k) , (k, i) , (j, i)
(i, j) , (j, j) , (i, j) (k, j) , (j, i) , (k, i)

Table 4.1: Color-Direction combinations for undirected graph

Considering the color-direction solves the huge problem of using access edges for

type-2 and type-3 triangles. To solve the ρ−1 redundant enumeration of each Type-1

triangle, the algorithm filters out the other conditions and enumerates triangle in ith

partition only when

i+ 1 = j mod ρ (4.6)

This ensures that each type-1 triangle gets counted only once.

4.2.1 For Undirected Graphs

To see how PTEcd works on the undirected graphs, let’s reconsider the example in

figure 4.2. For each edge (a, b) in the graph, we’ll consider the color direction from

a to b. After reading the seed file, the edges loaded in the memory are same, but

only a partition/chunk of those edges are sent for enumerating triangle (based on

the color direction). Figure 4.4 illustrates the process of reading input from seed file,

loading edges to the main memory and then enumerating triangles based on the color

direction. The input graph consists of all three types of triangles. Type-1 triangle

(0, 6, 3), gets enumerated only once, when the equation (4.6) gets satisfied i.e., i = 0
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and j = 1 (since number of partitions ρ = 2). The color direction for type-2 triangle

(0, 4, 3), can be considered as (i, j, i) where i = 0th partition and j = 1st partition.

Thus, for this triangle, the edges a, b and c should be from partition-pair (0, 1),

(0, 0) and (1, 0) respectively (as shown in Figure 4.4). Lastly, the type-3 triangle

(0, 4, 5) gets counted when counting the triangle for the color-direction, (i, j, k), where

i = 0th partition, j = 1st partition and k = 2nd partition. The edges a, b and c for

this triangle come for partition-pair (0, 1), (1, 2) and (0, 2).

Figure 4.4: Enumerate Triangles using PTE CD

Thus, this further distributes the triangle into categories based on the color-

direction, eventually reducing the number of edges needed for any triangle computa-

tion.

4.2.2 Excessive Network Read in PTE CD

Although PTE Color Direction reduces the redundant operations, still the amount of

network read can be reduced further. The problem is that for a type-3 triangle, all the
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edges loaded are not required for all six color direction triangle computation. However,

PTECD never releases those edges and hence they occupy memory unnecessarily. For

instance, in table 4.1, edges in partition-pair (i, j) aren’t required by Color Direction,

[j, i, k] , [j, k, i] and [k, j, i] (row 2, 4 and 5 of Type-3 column), thus they can be released

before computation of triangles in these color direction, reducing the network read.

4.3 PTE SC algorithm

PTE Scheduling calls address the problem mentioned above with PTE CD by re-

ordering the type-3 Color Direction Triangle Enumeration in a way that the color-

directions requiring same edges in same partition-pair are grouped together, so that

the memory can be released after computation of that set of color-directions. Table

4.2 shows the data loading scheduling order in PTE SC algorithm. The rows in table

4.2 depict the edges in the partition-pair and the columns depict the triangles in the

color-direction . A check-mark in nth row with mth column, represents that the nth

edge-set is required to enumerate the mth triangle. For instance, the first row of check-

marks can be interpreted as the edges in partition-pair (i, j) are required for triangle

enumeration in color-directions, [i, j, k], [i, k, j] and [j, i, k]. Thus, by scheduling this

way, the edges in partition-pair (i, k) can be released after triangle enumeration in

color direction [i, j, k], [i, k, j] and [j, i, k] and so on.

4ijk 4ikj 4jik 4jki 4kij 4kji

Eij X X X
Eik X X X
Eji X X X
Ejk X X X
Eki X X X
Ekj X X X

Table 4.2: Data Loading Schedule in PTE SC

4.3.1 For Undirected Graphs

The enumerate triangles process for PTESC can also be explained using figure 4.4,

just like PTE color direction, the input is read from the seed File, and then the

corresponding edges are loaded in the memory, after that the edges are sent for

enumeration based on the color direction, with just a slight variation in the order of
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color-direction calls for type-3 triangles (typically the last seed input of figure 4.4).

As per table 4.2, the order of color-direction will change to: (0,1,2), (0,2,1), (1,0,2),

freeing up the edge-set 0,2 and then considering the color-direction (1,2,0) (2,0,1) and

(2,1,0) . Thereby, reducing the network read and the computation time.
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Chapter 5

Extended Implementation for

Directed Graphs

Park et al. in [18] have given the Pre-partitioned Triangle Enumeration algorithm

for undirected graphs. As part of this project, the PTE algorithm has been extended

for directed graphs. This chapter is divided into two sections. The first section

gives the modified PTEbase, PTECD and PTESC algorithms to list all the cycles in a

graph. The second section describes how existing PTE algorithms can be leveraged

for trust enumeration in a directed graph. The results of this implementation have

been discussed in chapter 6.

5.1 Cycle-Triangle Enumeration

The definition and the structure (the rightmost graph of figure 3.2) of cycle directed

triangles has been discussed in Chapter 3. Listing these structures in a social network-

ing graph can help in providing deep insights about its stability [7]. The application

of cycle enumeration also lies in detecting a deadlock in any distributed system [4].

Presence of a cycle (a, b, c) implies that a wants some resources which are currently

allocated to b, the resources b wants are allocated to c, and c is waiting for resources

held by a, thus resulting in a deadlock. Considering the immense applications of

cycle listing, there has been a lots of research going on about how to optimally detect

cycles in massive graph. This section covers the details of the new extended Base,

Color Direction and Scheduled Calls algorithms for cyclic-triangle listing.
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5.1.1 PTE BASE

Before getting into the details of how PTEbase algorithm can be tweaked to enumerate

cycles, it is important to understand the process of triangle enumeration in a single

machine. As discussed in Step 6 of section 4.1.1, once we have the sub-problem

and the sub-graph associated with it, the triangle enumeration can be done using any

single machine algorithm. This section illustrates the enumeration using edge-iterator

algorithm which was introduced in [9] and discussed in [21].

Algorithm 1 Edge− Iterator Algorithm
1: A(G)← Adjacency List representation of G

2: N(u)← Neighbors of any vertex u in Graph G

3: for all vertex u ∈ A(G) do

4: for all vertex v ∈ N(u) do

5: for all w ∈ N(u) ∩N(v) do

6: Enumerate triangle {u,v,w}

The input to the algorithm 1 is the the adjacency list representation of the

sub-graph G (where G contains the edges of the partition-pair/partition-triplet sub-

problem being considered). The output is the triangles present in that sub-problem.

Example Figure 5.1 shows a sample subgraph along with its adjacency list and

adjacency matrix representation. To find the trust triangles in this graph, we can

use the edge − iterator (algorithm 1). The input to the algorithm A(G) can be the

adjacency list representation. For each of the vertex u, find the neighbor list for each

of u′s neighbor v, and intersect N(u) and N(v) to list the triangle. For the sample

graph:

N(1) ∩N(2) = (2, 3) ∩ (3)

results in listing the triangle (1, 2, 3) and

N(1) ∩N(3) = (2, 3) ∩ (4)

returns φ. Similar process is repeated for all the vertex in adjacency list and results

in φ, since there is only one trust triangle present. However, this algorithm can not

capture the cyclic-triangle ((1, 3, 4)).

The core concept behind edge-iterator algorithm is to find a connected edge from



26

Figure 5.1: Sample Graph

a to b; if there is a common neighbor amongst neighbors of a and neighbors of b, then

there exists a directed trust triangle. For instance, consider the edge from 1 to 2,

since 3 is a common neighbor of both vertex 1 and 2, edge-iterator finds the triangle

1, 2, 3. However, the same methodology cannot be used to find the cyclic-triangle

1, 3, 4, considering the edge 1 to 3, 4 isn’t the common neighbor of 1 and 3. Now, if

we tweak the algorithm and instead of intersecting neighbors of node 1 and node 3,

we intersect the neighbors of adjacency list of node 1 in transposed graph G with the

neighbors of node 3, we will get node 4 and hence can detect the cycle.

Algorithm 2, sums this up and gives the procedure to find cycles in a directed

graph.

Algorithm 2 Enumerate Cycles in Directed graph(G)

1: A(G)← Adjacency List representation of G

2: A(G′)← Adjacency List representation of transposed edges of G(ET )

3: N(u)← Neighbors of any vertex u in Graph G

4: N(u′)← Neighbors of any vertex u in graph of transposed edges of G

5: for all vertex u ∈ A(G) do

6: for all vertex v ∈ N(u) do

7: for all w ∈ N ′(u) ∩N(v) do

8: Enumerate cycles {u,v,w}

Figure 5.2 shows two tables, the left one represents the adjacent list of the sub-

graph G with edge-set E and the right one represents the adjacent list of the transpose

of the sub-graph G with edge-set ET . To create the edge-set ET , the direction of each
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edge in the graph is reversed. Cyclic triangle is enumerated when:

N ′(1) ∩N(3) = (4) ∩ (4)

listing cycle 1, 3, 4

Figure 5.2: Adjacency Lists of Edges and Transposed Edges

Thus, to sum up, PTEbase algorithm can be used to find the cycles in a directed

graph but we need the adjacency-list of transposed edge-set E (i.e ET ) along with the

adjacency-list representation of edge-set E for triangle enumeration (algorithm 2).

5.1.2 PTE Color Direction

As discussed in section 4.2, PTECD imparts the color direction to each edge and

enumerates triangles accordingly. This section covers how PTEcd can be extended to

list the cycles present in the graph. To enumerate a triangle (a, b, c), PTEcd reads

edge-sets from three partition-pairs (for instance: ij, ij, ii) such that a belongs to

ij, b belongs to ij and c belongs to ii. These edge-sets are read according to the

color-direction (as discussed in table 4.1 for Type-2 and Type-3 triangle). The core

concept for cycle enumeration using PTECD is instead of reading three edge-sets from

the sub-graph G, two edge-sets are read from G and one is read from transposed graph

GT .

Figure 5.3 shows one example each of type-1, type-2 and type-3 triangle. Each of

the sub-figures shows three graphs. The first graph shows the trust enumeration with

color-direction (i, i, i), (i, j, i) and (i, j, k) for type-1, type-2 and type-3 triangles re-

spectively. The second graph shows how does a cycle look like in same color-direction.

The last graph shows how can we transpose an edge-set and list the cycles present

within the same color-direction. For type-2 triangle, the cycle equivalent triangle

(a, b, c) for color direction (i, j, i) is the cycle with edge-sets present in partition ii,

ij and ji. Instead of edge-set in partition ji, if we consider the transposed edge-

set jiT , as shown in last graph of figure 5.3 (b), we can then list this triangle by

EjiT ∩Eij where EjiT and Eij represents edge-sets of directional-partition jiT and ij
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Figure 5.3: PTECD for cycle enumeration

respectively. Similarly, type-1 cycle can be listed by finding the common vertexes in

EiiT and Eii(i.e EiiT ∩Eii) and type-3 cycle with color-direction (i, j, k) can be listed

using EkiT ∩ Ejk. Table 5.1 sums up and shows all possible color-directions and the

corresponding edge-sets required for cyclic-triangle enumeration.
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Type-2 Type-3

(i, i) , (j, i)T , (i, j) (i, j) , (k, i)T , (j, k)

(i, j) , (i, j)T , (i, i) (i, k) , (j, i)T , (k, j)

(i, j) , (i, i)T , (j, i) (j, i) , (k, j)T , (i, k)

(j, j) , (i, j)T , (j, i) (j, k) , (i, j)T , (k, i)

(i, j) , (j, i)T , (j, j) (k, i) , (j, k)T , (i, j)

(j, i) , (j, j)T , (i, j) (k, j) , (i, k)T , (j, i)

Table 5.1: Color Direction Combinations for Cycle Enumeration

5.1.3 PTE Scheduled Calls

PTEsc algorithm (discussed in Chapter 4) also uses the color-direction, but it sched-

ules the sequence of triangle computation in a way that edge-sets which are commonly

required by specific color-directions are called together (as shown in figure 4.2). We

can leverage the same pattern while enumerating cycles, but the triangle schedule is

now different from the schedule for trust enumeration. This is primarily because of

the difference in the edges required for cycle and trust listing. Table 5.2 sums up

the fairly efficient way to enumerate triangles as per the color-direction. As clearly

indicated in the table, the memory used by edge-sets, Eik, Eji and Ekj can be released

after triangle computation of the color-directions kji, ikj and jik. Thus, this results

in speeding up the algorithm further.

4kji 4ikj 4jik 4jki 4kij 4ijk

Eij X X X

Eik X X X

Eji X X X

Ejk X X X

Eki X X X

Ekj X X X

Table 5.2: Data Loading Schedule for cycles in PTE SC
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5.2 Trust-Triangle Enumeration

Section 3.1 gave a quick introduction about trust-triangles and their structure (the

middle graph of figure 3.2). Detection of such triangles in a directed-graph can

be very powerful in understanding relationships in a social graph. Trust-triangles

exhibits transitivity, which implies that if a is connected to b and b is connected to

c, that means a should also be connected to c [30]. The property of transitivity is

widely studied to understand the nature of a graph and often holds more importance

for a social-networking graph rather than other graphs [14]. Also, [29] describes

how transitivity is a key structural property for a social graph and can be used to

measure how balanced are the relationships in it. This section covers how we can use

the existing PTE algorithms for detecting such trust-triangles in huge graphs with

reduced computation time.

While describing the problem, Park et al. in [18] explain that PTE algorithm

is designed to work for undirected graphs. The way each edge (u, v) is ordered is

such that d(u) < d(v) where d(u) and d(v) are degrees of u and v respectively. The

reason for such ordering is that in the core, PTE uses Compact-Forward Algorithm

[13] which requires the edges to be sorted by decreasing order of degree. We can use

the PTE algorithm to identify the trust-triangles just by changing the input and the

core single machine algorithm used for triangle identification after partitioning the

graph. The input edge of the form (u, v) is such that the edge is directed from u to v.

With this, all three PTE algorithms can be utilized to calculate the trust-triangles in

a directed graph. The basic steps of the algorithm remain same. Below is a detailed

example showing the flow of PTEbase algorithm for a directed graph.

5.2.1 Example

Figure 5.4 shows the sample input file where each edge (u, v) is directed from u to v.

Step 1: Find the number of partitions

The number of edges in graph shown in figure 5.4 is 7. Thus, using equation

(4.4), the number of partitions is:

number of partitions = max(
√

6 ∗ 7/M, 2)

= 2
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Figure 5.4: Sample graph for Triangle Enumeration

Step 2: Partition Graph to two partitions: 0 and 1

We can use (4.5) equation to assign each vertex to a partition. Figure 5.5 shows

the partition created. The vertexes which are on the left side of the solid line

are in partition 1 and the vertexes which are on the right side of the solid line

are in partition 0.

Figure 5.5: Partition Graph based on the edge color

Step 3: Create small sub-graphs and save them

The entire graph is divided into n number of sub-graphs where n depends on

the number of partitions. Each partition-pair combination formulates a unique

sub-graph and is stored separately. These can be later loaded into the main-

memory as and when required for triangle enumeration. Figure 5.8(a) shows

the edges saved for each partition-pair.

Step 4: Create seed file and enumerate triangles
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The sub-problems are selected based on the number of partitions (using the logic

shown in Figure 5.8(b)). The final step is to select the sub-problems from the

seed-file, load the required edge-sets and enumerate triangles for the generated

sub-graph(shown in Figure 5.8(c)). In this example, the edge set loaded are:

E01 = E01
∗ ∪ E10

∗ ∪ E00 ∪ E11(3.1)

.Hence, resulting in enumeration of the trust triangles (2, 4, 0) and (4, 1, 5).

(a) Save generated sub-graphs

(b) Generate Seed File

(c) Enumerate Triangles

Figure 5.6: Extended PTE CD for cycle enumeration

The above steps give an example of how PTEbase can be used to enumerate trust

triangles. Similarly, PTEcd and PTEsc can also be leveraged for trust-triangle listing.
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Chapter 6

Evaluation, Analysis, and

Comparisons

In this chapter, we discuss evaluation experiments and results for the three algo-

rithms covered in previous chapters. The experimental study has been performed on

undirected graphs using the algorithms discussed in chapter 4 and on directed graphs

using the extended algorithms discussed in chapter 5. Section 6.1 provides the details

of various datasets used for analysis. In section 6.2, we have discussed the details of

equipments used for conducting these experiments. Finally, section 6.3 and 6.4 gives

the experimental results and analysis based on comparison of directed and undirected

graphs.

6.1 Datasets

We perform the evaluation of these algorithms on five real word datasets of varied

sizes. All these datasets have been obtained from the Laboratory of Web Algorithms

which provides the compressed form of large datasets using Layered Label Propaga-

tion [2] and WebGraph [3] . Below is a brief overview of each of the datasets:

dblp-2011 Digital Bibliography and Library Project is a popular service which pro-

vides the bibliography for published papers. The nodes in dataset dblp-2011

represent the publishers, and an edge between two publishers implies that they

have worked together. This dataset has roughly 6.5 million researchers. This is

the smallest dataset used for analysis.

dewiki-2013 This graph represents the Wikipedia in German (https://de.wikipedia.

https://de.wikipedia.org/wiki/Wikipedia:Hauptseite
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org/wiki/Wikipedia:Hauptseite). Its named dewiki as .de is the country

code top-level domain for Germany. The nodes are the title of individual pages,

and an edge represents reference of one article in another. dewiki-2013 is roughly

six times the size of dblp-2011 dataset.

ljournal-2008 Live Journal is a virtual social-networking site started in 1999. The

node represents the users, and an edge from user a to user b represents that

a registered b among his friends. ljournal-2008 dataset has approximately 79

million edges, and it can be categorized as a medium-sized graph amongst the

graphs used for experimentation.

hollywood-2009 The hollywood-2009 graph is an interesting social-network graph

of movie actors. An edge between the nodes represents that these actors have

done a movie together. hollywood-2009 dataset can be categorized as a large

dataset and has 113 million edges.

arabic-2005 Arabic-2005 is the largest dataset used for evaluation with a total of

639 million edges. This dataset has been obtained from a crawl which focused

on fetching websites with pages potentially written in Arabic.

6.2 Equipments

All our experiments are conducted on Amazon Elastic Map Reduce (EMR) Service

with a cluster of 1 master node and four slave nodes. Both master and the core nodes

are m4.2xlarge instances with specification 16 vCore, 32 GiB memory and physical

processor as Intel Xeon E5-2676 v3. We implemented all our algorithms in Java, and

we used Spark for implementing map-reduce. We used the latest version of spark

(Spark 2.3.0) and the Java version, ’Open JDK 1.8.0’.

6.3 Results

This section summarizes the triangles obtained for directed and undirected versions

of the datasets mentioned in section 6.1. For undirected graph, we implemented the

algorithms mentioned in [18] and described in detail in chapter 4 . Table 6.1 shows

the summary of number of triangles captured for undirected graphs. For the largest

https://de.wikipedia.org/wiki/Wikipedia:Hauptseite
https://de.wikipedia.org/wiki/Wikipedia:Hauptseite
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graph, the arabic-2005 dataset, the number of triangles retrieved are approximately

36.8 billion.

Datasets Nodes Edges Triangles

arabic-2005 22,744,080 553,903,073 36,882,260,984

hollywood-2009 1,139,905 56,375,711 4,916,056,794

ljournal-2008 5,363,260 49,514,271 411,138,537

dewiki-2013 1,532,354 33,093,029 88,611,129

dblp-2011 986,324 3,353,618 7,005,235

Table 6.1: Summary of triangles in undirected graphs

For the directed graphs, we perform triangle enumeration using the extended

version of algorithms mentioned in chapter 5. Table 6.2 summarizes the number of

cycles and trust triangles found in directed graph datasets.

Datasets Nodes Edges Trust Triangles Cycle Triangles

arabic-2005 22,744,080 639,999,458 133,008,851,527 32,922,986,977

hollywood-2009 1,139,905 113,891,327 29,836,646,935 9,888,583,427

ljournal-2008 5,363,260 79,023,142 1,356,906,465 339,359,031

dewiki-2013 1,532,354 36,722,696 148,604,080 19,033,503

dblp-2011 986,324 6,707,236 42,031,410 14,010,470

Table 6.2: Summary of triangles in directed graphs

The number of triangles shown in table 6.1 and table 6.2 have been calculated

using all three algorithms discussed, namely, PTEbase, PTEcd and PTEsc. The next

section performs analysis on the results retrieved from these algorithms for both

directed and undirected graphs.

6.4 Comparisons

This section lists out various experiments performed to evaluate the performance of

the algorithms proposed. Section 6.4.1 compares the triangle computation time taken

by PTEbase, PTEsc and PTEcd algorithms for directed and undirected graph datasets.

The goal of second part of the experiment (section 6.4.2) is to find the correlation

between the number of edges and computation time for PTEbase, PTEcd and PTEsc
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algorithms. Finally, section 6.4.3 summarizes the experiment done to study the effect

of the number of partitions on the performance of the algorithm.

6.4.1 Computation Time for different datasets

For each dataset we computed two categories of triangles for directed graph dataset,

namely trust triangles and cycle triangles, and one category of triangle for undirected

version of dataset, for simplicity we refer them as ’undirected’ triangles. The number

of triangles retrieved have been summarized in section 6.3. This section provides

comparison of the computation time taken by PTEbase, PTEsc and PTEcd algorithms

for these triangles enumeration. Figure 6.1, 6.2, 6.3, 6.4 and 6.5 shows results for

five datasets: dblp-2011, dewiki-2013, ljournal-2008, hollywood-2009 and arabic-2005

respectively.

Figure 6.1: DBLP-2011

Triangle computation time in DBLP-2011 dataset
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Figure 6.2: Dewiki-2013

Triangle computation time in Dewiki-2013 dataset

Figure 6.3: Ljournal-2008

Triangle computation time in Ljournal-2008 dataset
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Figure 6.4: Hollywood-2009

Triangle computation time in Hollywood-2009 dataset

Figure 6.5: Arabic-2005

Triangle computation time in Arabic-2005 dataset

These charts show that the PTEsc algorithm outperforms PTEcd and PTEbase

algorithm. This observation is in accordance with our discussion in previous chapters.

Also, one interesting thing to note is that for each of these graph datasets, triangle
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enumeration in undirected graphs takes much less time than in directed graphs. This

is primarily because the number of edges in an undirected graph is much less than

the directed graph (see table 6.1 and 6.2). A directed graph can have an edge from

u to v and v to u, whereas in undirected graph we have an edge between u and v.

We can also observe that computation of cycle triangles takes maximum time. This

is because for cycle computation we need the transpose of the neighbor graph too

for each node in each partition (refer chapter 5). There is a considerable difference

between the performance of PTEbase and PTEsc for each of these graphs. For cycle

enumeration of the smallest dataset (figure 6.1), PTEsc outperforms PTEbase by 4

seconds (PTEbase takes 31 seconds, whereas PTEsc takes 27 seconds). Also, for the

cycle enumeration of largest graph, PTEsc outperforms PTEbase by 9,314 seconds

(PTEbase takes 24,791 seconds, whereas PTEsc takes 15,477 seconds).

6.4.2 Effect of number of edges

Here, we compare the computation time taken by PTEbase, PTEcd and PTEsc al-

gorithms for triangle enumeration of datasets of varied edges. Figure 6.6, 6.7 and

6.8 shows the comparison of these algorithms for undirected triangles, directed cycle

triangles and directed trust triangles computation respectively.

Figure 6.6: Undirected Triangles

Computation time for undirected triangles with various number of edges
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Figure 6.7: Directed Cycle Triangles

Computation time for directed cycle triangles with various number of edges

Figure 6.8: Directed Trust Triangles

Computation time for directed trust triangles with various number of edges

The above graphs show the performance of PTEbase, PTEsc and PTEcd for edges

varying from 1 to 100 million. It is clear from these graphs that the performance of
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these three algorithms are comparable for smaller graphs. However, with increase in

the number of edges, the number of redundant operations for PTEbase also increases.

Thus, for larger graphs with the humongous number of edges, reducing the redundant

operations and network read results in a significant improvement in performance.

This is clear from the above graphs as PTEsc and PTEcd performs much better than

PTEbase as the number of edges increases.

6.4.3 Varying number of partitions

In this section, we show the effect of increasing the number of partitions on the

performance of PTEsc algorithm. For this experiment, we have used the Hollywood-

2009 dataset for which the ideal number of partitions is 5 (using equation (4.4)).

Figure 6.9: Hollywood-2009

Computation time for Undirected, Trust and Cycle enumeration with varied number

of partitions

Figure 6.9 shows the effect of increasing the number of partitions on the perfor-

mance of PTEsc algorithm for trust and cycle computation in the directed Hollywood-

2009 dataset and undirected triangle computation for the undirected Hollywood-2009

dataset. All the three lines in the graph start from partition value 3. This is because

the program fails with out of memory error for the number of partitions smaller than
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that. For such cases, the size of sub-graph created is too big to fit in the memory.

Thus, having a feasible number of partitions is important. For partition values ap-

proximately close to the ideal value of partitions (5 in this case), the computation

time is approximately similar. However, with the increase in the number of partitions,

the graph gets divided into many more sub-graphs hence increasing the computation

time exponentially.
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Chapter 7

Conclusions

This project focuses on three existing fast map-reduce algorithms: PTEbase, PTEcd

and PTEsc [18], for listing triangles in very large undirected graphs. The primary

focus of each of these algorithms are as follows:

1. PTEbase targets the reduction of shuffle data generated during sub-graph cre-

ation by previous algorithms proposed in this field.

2. PTEsc addresses the issue of redundant operations performed and thereby re-

ducing the computation time.

3. PTEcd aims at minimizing the amount of network read done during the triangle

enumeration.

Then we propose an extension of all three of these algorithms for trust-triangle and

cycle-triangle computation in directed graphs. The information of trust-triangles

and cycle-triangles present in a directed graph have varied applications, the presence

of trust-triangles in a graph can help us understand the degree of transitivity and

homophily present in a directed graph, whereas, the existence of cycle-triangles can

help us to deduce any deadlocks in a system.

Finally, we perform an evaluation of PTEbase, PTEcd and PTEsc algorithms for

enumeration of all three types of triangles, namely undirected triangles, directed-

trusts and directed-cycles on five real-life datasets. The biggest directed graph dataset

used, arabic-2005 has about 22.5 million vertexes and 639 million edges. Our results

show that the arabic-2005 directed graph dataset has approximately 133 billion trust-

triangles and 33 million cycle-triangles.
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We observe that PTEsc algorithm performs better than PTEbase and PTEcd for

enumeration of both directed and undirected triangles. We are able to compute

the directed triangles in these real-life datasets within reasonable amount of time.

Also, the computation of directed trust-triangles takes slightly more time than the

computation of undirected triangles. This is primarily because the number of edges

in directed and undirected graphs is different. And hence, there is a huge difference

in the number of directed-trust and undirected triangles. For instance, for arabic-

2005, the number of edges for undirected graph is approx 554 million and number

of undirected triangles found is roughly 36 billion. Likewise, for directed arabic-2005

graph dataset, number of edges is roughly 640 million, which has approx 133 billion

directed-trust triangles (3.7 times the number of undirected triangles). Hence, there

is a slight difference in the computation time.

Moreover, there is a significant difference between the computation time of directed-

cycle triangles and the undirected triangles. This happens because for cycle enumera-

tion we need the transposed sub-graph as well as the original graph for each partition.

But, considering the complexity of cycle computation, PTE algorithms take signifi-

cantly less time for even large graphs such as arabic-2005.

This project lays the ground for future work in several different directions. We

have implemented PTE algorithms for two types of directed triangles. However, in

[22], Seshadhri et al. explain seven possible types of directed triangles. Each of these

types have their unique application. It will be great to extend PTE algorithm to per-

form enumeration of all six types of directed triangles for huge graphs. Furthermore,

with the ever-growing sizes of the graphs, the evaluation of the algorithms can be

extended to much more massive datasets spread across various domains.
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