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Abstract 
 

The size of global electronic data in need of storage and retrieval is growing with an 

increasing rate. As a result of this growth, the development of technologies to process such data is 

a necessity. The data is developing in both complexity and connectivity, particularly for social 

networks. Connectivity of data means that the records to be stored are highly interdependent.  

Conventional relational databases are poorly suited for processing highly connected data. On the 

contrary, graph databases are inherently suited for such dependencies. This is mainly due to the 

fact that graph databases try to preserve locality and store adjacent records close to one another. 

This allows retrieval of adjacent elements, regardless of graph size, in constant time. Furthermore, 

with the everyday growth of data volume these databases won’t fit on single server any longer and 

need more (distributed) resources.  Thus, partitioning of the data to be stored is required.  

 

Graph partitioning, based on its aim, can be divided into two major subcategories; a) 

Balanced partitioning where the aim is to find a predefined, N, number of equally sized clusters 

and b) Community detection where the aim is to find all underlying dense subgraphs. In this thesis 

we investigate and improve one particular graph partitioning algorithm, namely DiDiC, which is 

designed for balanced partitioning. DiDiC is short for diffusive and distributed graph partitioning. 

The algorithm is independently implemented in this thesis. The main testbeds of our work are real-

world social network graphs such as Wikipedia or Facebook and synthetically generated graphs. 

DiDiC's various aspects and performance are further examined in different situations (i.e. types of 

graph) and using various sets of parameters (i.e. DiDiC hyperparameters). Our experiments 

indicate that DiDiC fails to partition the input graphs to the desired number of clusters in more 

than 70% of cases. In most failure cases it returns the whole graph as a single cluster. We noticed 

that the diffusive aspects of DiDiC is minimally constrained. Inspired by these observations, we 

propose two diffusive variants of the DiDiC to address this issue and consequently improve the 

success rate. This is done mainly by constraining the diffusive aspect of DiDiC. The modifications 

are straightforward to implement and can be easily incorporated into existing graph databases. We 

show our modifications consistently outperforms DiDiC with a margin of ~30% success rate in 

various scenarios. The different scenarios include various sizes of graphs, with different 

connectivity and structure of underlying clusters. Furthermore, we demonstrate the effectiveness 
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of DiDiC in discovering underlying high density regions of graph a.k.a. “community detection”. 

In fact, we show that it is more successful in “community detection” (60% success rate) than 

"balanced clustering" (35% success rate). Finally, we investigate the importance of random 

initialization of DiDiC algorithm. We observe, while different initialization (and keeping the best 

performing one) can help the final performance, there is a diminishing return when the algorithm 

is randomly initialized more than 4 times. 
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1. Introduction 
 

 

The World Wide Web (WWW) is expanding with a high rate. Hundreds of millions of 

individuals are creating, changing and exploiting hyperlinked contents in a distributed fashion. 

Naturally these pages and hyperlinks between them can be viewed as nodes and edges of a huge 

graph respectively [1]. Growing and getting more entangled rapidly, this graph has formed an 

enormous connected world of data (called linked data1) which needs to be stored and retrieved.  

In a smaller scale, modern social networks such as Facebook, Twitter, MySpace, etc. have also 

become the new most popular service of Internet in recent years; nowadays a huge portion of web 

users are ordinary members of online social networks. For instance Facebook by itself has a 

monthly traffic of 750,000,000 unique visitors (See Figure 1). These modern social networking 

websites store and process terabytes of interconnected data each second [1]. Such an increase in 

the prevalence of social networks and the enormous volume of data in use, indicates the importance 

of efficient algorithms for maintaining these linked data. Thus the research to find a solution 

regarding the process of efficient storage and retrieval of linked data gets more and more crucial. 

Similar to WWW, the nature of social networks can be represented as graphs with nodes and 

edges. Besides, the frequent operations done over these data can be always mapped to graph 

traversals i.e. walks along vertices and edges of graph which is mainly how a query will return the 

search results. For example on a social network such as Facebook, sharing a photo with one's 

friends of friends list is done simply by  running a query with search operation. This query is to be 

run on user’s set of second order neighbors (i.e. neighbors of neighbors).  

                                                 
1 This type of data structure which is distributed and has notion of inter-connectivity between different entities is 

called “Linked Data”. 
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Figure 1 - Size of social media users. Source: GlobalWebIndex study [2] 

 

 

Particularly in social networks, nearly all members belong to dense communities of friends where 

most of them are connected to each other. From the graph theory perspective, the majority of the 
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nodes are highly clustered into locally dense neighborhoods. So in some regions of the graph the 

density of the nodes are much more while comparing to a random graph. With the same number 

of nodes and edges.  

Using conventional methods to store these datasets such as relational databases, which essentially 

store data in plain tables, is computationally very expensive. The same operation that takes only 

one traversal on a graph can consist of several joins and look-ups in tables of the “relational 

database”. Therefore, there has been an increasing amount of efforts to introduce new solutions 

that fit the highly-linked nature of these data such as “graph databases”. 

In a nutshell, graph database stores connected elements of data without using any index. Immediate 

data nodes can be accessed by a direct physical pointer. Storage is done by following the edges in 

graph without using any index and takes only constant time. In graph databases, the queries are 

answered by traversals starting from one root node contrasting global queries on relational 

database. This makes graphs a more scalable solution when modeling and operating on highly 

connected data. 

Therefore, graph databases are an effective tool for storing graph-like data of online social 

networks. Furthermore the massive amount of the data to be stored indicates the need to distribute 

the linked data over multiple servers. Thus, the use of graph partitioning algorithms to do the 

distribution is inevitable. 

   Nevertheless, it is not immediately known how to distribute the data; random partitioning 

may be the simplest solution that first comes to mind. However, it’s not the most efficient way due 

to the data’s high levels of connectivity; such data contains many dependencies between its items. 

After partitioning, some of these dependencies are across multiple partitions. These inter-partition 
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dependencies then lead to communication overhead between partitions as they are cut between the 

servers.  

In random partitioning the nodes placed in each cluster are selected randomly. On average 

random partitioning leads to majority of edges to be cut. Every edge cut induces a communication 

overhead. To minimize the communication overhead caused by these cuts, the number of inter-

partition dependencies should be kept minimal in a clustering. This has inspired many research 

works on the topic of distributing the data nodes of graph over multiple servers aka clustering. 

Compared to random partitioning the goal of clustering is to minimize the number of edges 

between cut partitions by assigning nodes that are similar or have high connectivity among their 

neighbors into the same partition. In graph theory, this problem is formalized as the Graph 

Partitioning and fortunately is a well-studied problem. 

In this thesis, we study graph partitioning algorithms and mainly we focus on distributed 

approaches. In particular, we study DiDiC which is a local view heuristic method that claims to 

partition graphs to high modularity clusters. DiDiC is a diffusive distributed graph partitioning 

algorithm which is designed for balance partitioning mainly. Disturbed diffusion is the process of 

spreading load across the vertices of a graph by exchanging them among nodes and their neighbors; 

it is similar to gossip algorithms and random walks [3]. 

We independently implemented DiDiC and examined its various aspects and how it 

performs under different situations. We tested DiDiC with different datasets and tried to tune the 

algorithm’s parameters to discover the configuration that DiDiC may need to reach its best 

performance based on variety of input graphs.  

Despite what DiDiC promises, our experiments show DiDiC’s success rate in partitioning 

graphs into the queried number of clusters is less than 30%. Most of the times DiDiC returns the 
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whole graph as one single cluster and basically fails to partition correctly. DiDiC is an iterative 

algorithm. One of the technical reasons for this algorithm’s failure is that the total amount of load 

spreading in the system is not preserved through the execution of diffusion. Based on the 

algorithm, the sum of nodes’ loads keep increasing at each iteration till algorithm terminates. We 

later show in details that this will in effect, reduce the possibility of converging into a meaningful 

clustering for DiDiC. 

Interestingly enough though, our investigations show that DiDiC is more successful in 

“community detection” rather than “balanced clustering”. Community detection is the task of 

finding the underlying high density regions of graph. Our experiments shows that DiDiC 

successfully detects the underlying communities in 65% of scenarios.  

Guided by the studies that we have conducted on DiDiC, we try to improve its balanced 

partitioning performance. In that regard, we present two new methods of “Simple Volume 

Exchange” and “Biased Volume Exchange” based on the main core diffusive idea of DiDiC with 

simple modifications. These new diffusive partitioning mainly differ from DiDiC by limiting the 

amount of load exchange between nodes at each iteration in a way that the total amount of load in 

the system stays unchanged. The new methods accordingly boost the success rate to almost 70% 

on the same datasets in various scenarios 

Two types of datasets were used for evaluation: first a synthetically generated sets of 

graphs by this thesis and second a few real world graphs from the “Graph Partitioning Archive” 

by Chris Walshaw [4] on which various centralized partitioning methods have been applied with 

their performance measured. 

In the next section we will formally define the problem that is addressed by this work. It 

will be followed by the background of the field and related works for the problem in Section 3. 
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We further explain the baseline method of distributed graph partitioning that we use (DiDiC) in 

section 4. In the same section, DiDiC and our modifications are theoretically explained in fine 

details. This will be followed by demonstrating the evaluation setup and the results in section 5. 

Finally, section 6 will conclude the thesis by providing a summary, conclusion and future potential 

directions. 
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2. Problem statement  
 

Graph. A graph is defined as an ordered pair G = (V, E) where 

 𝑉 = {𝑣1, 𝑣2, … , 𝑣𝑛} is a set of n vertices 𝑣𝑖(nodes) 
 𝐸 = {𝑒1, 𝑒2, … , 𝑒𝑚} is a set of edges 𝑒𝑖(links). 

 Each edge element 𝑒𝑖 = ⟨𝑢𝑖 , 𝑣𝑖 ⟩is a tuple of two vertices in V.  

 

Figure 1 – the Figures numbering will be updated 

 
Example: The picture above represents the following graph: 

 𝑉 = {𝐴, 𝐵, 𝐶, 𝐷, 𝐸, 𝐹} 
 𝐸 = {⟨𝐴, 𝐵⟩, ⟨𝐴, 𝐸⟩, ⟨𝐵, 𝐶⟩, ⟨𝐵, 𝐸⟩, ⟨𝐶, 𝐷⟩, ⟨𝐷, 𝐸⟩, ⟨𝐷, 𝐹⟩} 

 

In Online Social Networks (OSN), vertices represent users/people and edges represent any kind 

of connection and association between the nodes.  

The OSN’s data is stored over nodes and edges of Graph Databases They form a graph-like 

structure that provides an actual fit to store and even present the data. 

 

Graph Database.  Basically graph database are storing connected elements of data without using 

any index.  Immediate data nodes can be accessed by a direct physical pointer. Storage is done 

by following the edges in graph without using any index and takes only constant time. Moreover, 
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the operations performed on this data are often in the form of graph traversals. That is, they walk 

along elements (vertices and edges) of the graph. An easy example of graph database a graph of 

students as nodes and their friendship as edges among on a university network, as we can see 

on Figure 2, [2].  

Since OSNs are increasing per day in terms of the number of users and the existing amount of 

data, these data needs to be stored on several servers and distributed management is required 

on as opposed to a centralized storage management. 

 

Figure 2 - An example of graph database with nodes and edges, image taken from “Y. r. project, ”Graph 
Partitioning,” Yahoo" [5] 

 

Graph Clustering/Partitioning. Graph clustering is the act of partitioning the nodes into groups 

which all share some mutual feature. Let G = (V, E) be a graph and 𝑃𝑘 = {𝑉1, 𝑉2, … , 𝑉𝑘} a set of K 

subsets of V. Pk is said to be a partition of G, if: 

- No element of Pk is empty 
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 ∀𝑖 ∈ {1,2,3, … , 𝑘}, 𝑉𝑖 ≠ ∅ 

- The elements of Pk are pairwise disjoint 

 ∀(𝑖, 𝑗) ∈ {1,2,3, … , 𝑘}2, 𝑖 ≠ 𝑗, 𝑉𝑖 ∩ 𝑉𝑗 = ∅ 

- The union of all the elements of Pk , is equal to V 

 𝑖 = 1𝑘𝑉𝑖  = V 

- In general we want to find a clustering 𝑃𝑘 that minimizes an objective function 

𝑄(𝑃𝑘) which measures different clustering quality criteria. A few choices of the  

𝑄(𝑃𝑘) function will be discussed in the 3rd Section. 

 𝑃𝑘 = 𝑎𝑟𝑔𝑚𝑖𝑛[𝑄(𝐺, 𝑃𝑘)] 

In graph of a social network, a group of people/nodes who interact more often together can form 

a cluster through their links.  

The following picture in Figure 3 demonstrates a partitioned graph and the clusters are the 

students on the same program that most likely know each other more than the rest. [5] 
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Figure 3- Example of Graph Clustering, image taken from “Y. r. project, ”Graph Partitioning,” Yahoo" [5] 
 

 

Social networks’ databases are similar to large-scale graphs which interestingly are composed of 

different clusters in their own nature.  

These clusters are mapped from groups in real life, large groups of people living in same country, 

or small groups such as friend lists. The common feature of these clusters is the high intra-

connectivity among the members inside clusters and less inter-connectivity or less number of 

edges between clusters.  

Clustering Objective. The main goal of clustering in these kind of networks is to partition a graph 

in a way to mostly cut the edges between clusters (Inter-connections) and preferably not to cut 

the edges inside a cluster (Intra-connections). These will result in reduction of overhead of 

communications that need to be done between servers storing these graphs’ data. 
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Community Detection. Community detection is a form of clustering where the number of 

clusters is not known a beforehand. In networks its goal is to detect groups of highly connected 

nodes which have less connection toward outside the group. There are different approaches to 

detect such a dense subgraphs which can be either centralized or distributed. [6] 

Distributed Clustering. In this work we are interested in distributed clustering algorithms as 

opposed to centralized clustering. Centralized clustering methods are executed on a single 

machine which has the knowledge of the whole graph to be partitioned. There are a number of 

drawbacks for the centralized clustering methods. First, it might not be always true that we have 

a single system node containing the information about all the database. Secondly, if the number 

of nodes in the graph to be clustered is very high (e.g. orders of a billion in a social network), it 

will not be computationally feasible to do centralized clustering. Finally, the structure of the 

graphs for some tasks are constantly changing due to the dynamic nature of the task at hand, e.g. 

people sign up and unregister from a social network or make new friends (links). Centralized 

clustering by rearranging all the members each time a small change happens in a database 

induces a lot of overheads which can make it impractical. 

On the other hand, distributed diffusion is a process that scatters this load into vertices 

of the graph; it shares similarities with gossip algorithms and random walks [3] [7].It will also help 

to better cope with the local changes in the structure of the graph.  

 

Distributed Diffusive Clustering. “Diffusion is commonly used to model continuous transport 

phenomena such as flow of heat” [8]. Distributed Diffusive Clustering uses this model such that 

on a graph nodes exchange some loads between their neighbors continuously until load on all of 
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them is equal. This movement of loads between the loads can resemble the heat flow on 

molecules. Consequently, one of the goals of diffusive algorithms should be to discretize 

continuous problems on contexts such as graphs. 

Diffusive processes are similar to random walks in that they also tend to stay within within denser 

areas of the graph. In the context of graph partitioning, diffusion is the iterative mechanism of 

swapping units of load between neighbor vertices on every iteration to even out the amount of 

total load of graph over the nodes. 

If the exchange of units between the nodes is not stop and continue, eventually it will result in 

equal amount of units of loads on all the nodes. As a result of this balancing feature, diffusion is 

proven to be an effective means towards balanced load distribution in parallel computations [9]. 

Besides the balancing property, we noticed that load is diffused much faster in the denser areas 

of the graph compared to the sparser regions. This means that we can expect to detect clusters 

that have low outgoing links relative to the number inter-links. 

Following this observation, we expect to identify sets of vertices that possess a high number of 

internal edges in the sets but a small number of external edges between the sets [10]. 

 

Problem Statement. The goal of this thesis is to develop and demonstrate a distributed diffusive 

graph partitioning algorithm to cluster graph data, specifically social network graph databases, 

so that the created clusters preserve a relative balance and achieve a minimum number of edge 

cuts between clusters. 
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3. Background work 
 

There have been many studies on the field of Graph Partitioning. This problem is 50 years old. 

The early works are heuristic approaches such as Kernighnan’s graph partitioning. The history of 

these 50 years of investigation can be found on [11]. 

Graph clustering is a close field to graph partitioning,  [6]. The old studies focused on partitioning 

of static graphs, but recent ones try to solve the problem of dynamic changes that can happen to 

a graph database such as adding or removing nodes in real time [12].  

According to [8] distributed diffusion partitioning algorithms are dynamic and parallel but still 

they have this problem of using the global view2 which means that no distributed implementation 

of them already exists. 

With growing need of partitioning of large graphs such as social network databases, the need to 

local view algorithms gets inevitable because for graphs with sizes this big it is not practical to 

maintain a global view on the algorithms. 

Many methods have been proposed and investigated around the topic of graph partitioning. 

These methods are closely related to data clustering introduced there that can be implemented 

in any way. One example can be Nibble and Partition algorithm which is a local clustering 

approach. Nibble subroutine gets a seed node on the graph, and walks around the neighbor 

nodes to identify the host partition and then removes that partition from the main graph, 

                                                 
2 

Global View- the algorithm requires access to all of the graph state. Additionally, complexity of the 

algorithm is most dependent to the size of the graph. 
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partition subroutine periodically calls Nibble until no partition is left on the graph and all the 

partitions are removed. These two are implemented in [13]. 

These are very fast algorithms with nearly-liner complexity due to graph size, the problem though 

is that they are not dynamic, parallel or distributed, which makes them very difficult to use in real 

world practice. 

In the field of graphs theory many methods have been proposed and investigated around the 

topic of graph partitioning. These methods are closely related to data clustering [14]. 

One of the common approaches is to restrict the problem of k-partitioning to bi-partitioning the 

graph. Let  (S , Sc) denote a bi-partitioning of the vertex set V of a graph G =(V, E) and let ∑(𝑆, 𝑆𝑐) 

be the total sum of weights of edges between S and Sc, which is the cost associated with cutting 

the edge(S , Sc).  

 The maximum cut problem is to find a cut for a partitioning (S, Sc) which maximizes ∑(𝑆, 𝑆𝑐) 

and can be taken as our objective function in studying partitioning algorithms [15]. 

The problems of given a number L, is there a partition with a cost not exceeding L; are NP–

complete and also the optimization problems are NP–hard as well” [15], which means that there 

is only one practical way known to prove that a given solution is optimal; to list all other solutions 

and compare them with their associated cost and select the optimal one with lowest cost. 

In short, graph partitioning problems, in their general form, fall under the group of NP-hard 

problems which are usually solved by use of heuristic and approximation approaches. 

  

In the next section we explain one of the algorithms that optimizes for the modularity of 

partitioning while maintaining the balance of graph databases called Distributed Diffusive 
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Clustering Algorithm [9] in short DiDiC. Then we present our modifications to this algorithm and 

motivate them. 
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4. Method 
 
Our work is based on a previously published clustering method known as DiDiC (Distributed 

Diffusive Clustering). This is a local view heuristic method which claims to partition graphs to high 

modularity clusters. The evaluations on DiDiC shows the partitioning is not always successful as 

the authors claim and fails in meaningful clusters most of times. Due to these problems, several 

modifications are made on this basic method by optimizing a different quality measure. 

In the following we first go through a few different measures of clustering quality and explain 

them, then explain the DiDiC algorithm in details and eventually introduce different modifications 

of DiDiC which has been applied in this thesis to improve the clustering measure compared to 

DiDiC result. 

4.1 Quality of Clustering 

 
There are different approaches for identifying of good clusters in a graph, one group of these 

methods do some computations over the nodes and edges based on some parameters and values 

they have and group them based on the results some values for the vertices and then classify the 

vertices into clusters based on the values obtained. Another approach is to compute a set of 

different clustering and then choose the one that maximizes the intended objective [6]. 

In this work, we work on latter approaches; it is agreed upon that a subset of vertices forms a 

good cluster if the induced sub graph is dense, but the number of edges connecting the vertices 

inside the subgraph to the remaining vertices of the graph are relatively low. [10] [16] [6]. 

Generally a good partitioning is defined as one, which minimizes number of edge cuts, maximizes 

modularity of clusters and preserves the balance in clusters’ sizes.   
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Basically, minimizing number of edge cuts EC    all over the graph means to partition graphs in a 

fashion which minimizes the number of edges connecting different components. Measurement 

of edge cut helps to evaluate the scarcity of edges which connects the cluster nodes to the rest 

of the nodes in the graph. As the "cut size" is reduced the quality of clustering increases [6]. 

 

𝐸𝑐 = {𝑒 = ⟨𝑢, 𝑣⟩ ∈ 𝐸 ∨ 𝑢 ∈ 𝑉𝑐,𝑣 ∈ 𝑉𝑖 , 𝑖 ≠ 𝑐} 

𝑄𝑒𝑐(𝐺, 𝑃𝑘) =∑|𝐸𝑐|

𝑘

𝑐=1

 

Formula 1- edge cut definition on a graph partitioning 

 

 

Modularity is defined as the difference between the fraction of the edges inside the output 

clusters and the expected fraction of edges of a random graph (with the same number of edges). 

Thus, modularity value is within the interval of [-0.5, 1). If modularity value is positive, it means 

that the fraction of inlier edges of the proposed clustering is higher than a random graph of the 

same size. In other words, modularity measures the concentration of edges within the proposed 

clusters versus the distribution of links in a random graph [12]. 

𝐸´𝑐 = {𝑒 = ⟨𝑢, 𝑣⟩ ∈ 𝐸 ∨ 𝑢, 𝑣 ∈ 𝑉𝑐} 

 

𝑄𝑀𝑜𝑑1(𝐺, 𝑃𝑘) =∑(
|𝐸´𝑐|

|𝐸|
−(

∑ 𝑑𝑒𝑔(𝑣)𝑣∈𝑃𝑐

2|𝐸|
)

2

)

𝑘

𝑐=1
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𝑄𝑀𝑜𝑑2(𝐺, 𝑃𝑘) =∑(
|𝐸´𝑐|

|𝐸|
−(

∑ 𝑑𝑒𝑔(𝑣)𝑣∈𝑃𝑐 + |𝐸𝑐|

2|𝐸|
)

2

)

𝑘

𝑐=1

 

Formula 2 - definition of modularity on a graph partitioning 
 

     

 

As balanced clustering, we want the resulting clustering output to be a uniform graph 

partitioning. Uniform partitioning involves dividing the graphs into clusters of the same size. The 

size in this definition is determined by the number of nodes within each cluster [17]. 

This measure can be used for both general clustering as well as community detection. 

𝑄𝑏𝑙𝑛𝑐(𝐺, 𝑃𝑘) =∑(|𝑉𝑐| −(
|𝑉|

𝐾
)

2

)

𝑘

𝑐=1

 

Formula 3 - definition of a uniform graph partitioning 

 

4.2 DiDiC 

 
 
 The Distributed Diffusive Clustering algorithm (DiDiC) [8] is a local view heuristic, which 

attempts to optimize the modularity of a partitioning. DiDiC is based on distributed diffusion 

method [18]. 

DiDiC initially was implemented to balance the loads on virtual P2P supercomputers. The basic 

idea was to have a solution for dividing a network of machines into sub networks where these 

machines all have high bandwidth connections. The whole network can be mapped to a graph in 
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a way that machines are vertices of a graph and network connections show the weighted edges 

where weights are relative to available bandwidth. 

Basically, disturbed diffusion is the process of disseminating load across the vertices of a graph; 

it shares similarities with gossip algorithms and random walks [3] [6]. As with random walks, a 

diffusion process tends to stay within dense graph regions. 

Distributed diffusion is made of two main diffusive threads running at the same time: the first 

one that we call diff P or primary system, and the secondary system or diff S. 

The main goal of the primary diffusion system is to scatter the load over the graph and detect 

the relatively denser graph components. The role of the secondary system or diff S is to generate 

a disturbance among   diff P and prevents the system from converging into a uniform distribution 

where all the nodes are ended up with same amount of load and the initial load is distributed 

uniformly among all the nodes. 

The intended resulting distribution is such that high concentrations of load are located on the 

center of dense graph regions [18]. 
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Figure 4 - DiDiC: illustration of the primary load exchange, the loads are exchanged in this diffusion system in 
order to balance all the load colors 

 

 

DiDiC claims that no matter what kind of input graph the algorithm is started with, eventually it 

will end up towards a higher quality partitioning from the random configuration it had started 

with. So basically if we start with assigning nodes to random clusters at first, DiDiC will always 

converge to improved clusters.  

DiDiC will be explained in details at following section. 
 

4.2.1 Summary of DiDiC algorithm 
 

Every distributed diffusion system represents one cluster so if the required number of 

clusters is k, every node (vertex of the graph) will take place in k distributed diffusion systems. 

Accordingly, every vertex stores two load vectors of size k. One load vector 𝜔𝜖𝑅 for diffP and one 



 27 

 

𝑙 ∈ 𝑅 for diff S. Each load vector element represents the diffusion system of a partition. E.g. 

𝜔𝑉(𝐶) returns the primary load value of partition 𝜋𝑐  for vertex v. Load vectors are initialized as 

in Formula 4. 

  
 

Notations: 

 

 𝜋𝑐:Partition c 

 ω :Primary load value of partition 𝜋𝑐for vertex v. 

 L: Secondary load value of partition 𝜋𝑐 for vertex v. 

 

1. Before the algorithm is started the parameters are initialized; each diffusion system is 

represented by having a load vector for each node and the size of these vectors shows the 

number of partitions that is eventually required. The nodes are assigned to random cluster 

initially [8]. It claims these initialization to always converge to an improved clustering state 

(measured by modularity objective).  

 

 

Formula 4– DiDiC initialization for load vectors on each node   Source: [8] 

 

2. DiDiC is an iterative algorithm which is made of repetitive diffusions. Each diffusion 

happens T number of times. 



 28 

 

 t: shows the current iteration number 

 ψ : number of iterations that diffP should be repeated which is set to 11 according to the 

authors of DiDiC 

 

3. Per each main iteration t of DiDiC, diff P is executed ψ times 

 s : shows the current iteration of diff P 

 

4. Finally for each iteration of diffP, ρ iterations of diff S is performed 

 r : the current iteration of diff S 

 

 

Formula 5 – DiDiC’s equations of load exchange on each diffusion     Source: [8] 
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 Function α : represents the flow scale of an edge, which regulates how much load is transmitted 

across that edge 

 Function wt(e): returns the weight of edge and is designed to be in the range [0, 1]. 

 Parameter b: denotes benefit 

 

Benefit is the main parameter that keeps the algorithm tuned. It guarantees the nodes not 

belonging to partition 𝜋𝑐 to send the majority of their load in L to any neighbor vertices that do 

belong to partition 𝜋𝑐 . In other words function benefit is the way to generate disturbance in the 

system and stop the loads to be distributed totally evenly on the nodes. 

5. Each node is assigned to one partition at the end of every iteration. The selected 

partition 𝜋𝑐 is chosen based on the highest primary load value on the node which corresponds to 

that partition. It is very likely that if the load value of a partition is high, the neighbor vertices also 

belong to that partition. 

In real networks, nodes can be added and removed from networks at any time. When a new node 

is added to the graph it is simply randomly assigned to a partition and when a node has to be 

removed its load is divided equally among its neighbors. 

 

In following we can see the pseudo code of  DiDiC algorithm refer to Figure 5, the time complexity 

of DiDiC is O(k · ψ · ρ · 2 · | E | ). 
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The DiDiC algorithm aims to minimize the cut costs of partitioning based on distributed diffusion 

and optimize modularity. 

 

Figure 5 - Pseudo-code of DiDiC from one vertex point of view    Source: [8] 
 

 

4.3 Simple Volume Exchange 

 
 

As the experiments show, DiDiC does not always converge into the desired underlying 

clusters. When it fails and does not come together to spot the clusters, most frequently it 

takes all the nodes of graphs into one cluster and thus is unable to partition the graph 

properly. 
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While investigating on DiDiC to find out why it does not always converge, one of the technical 

problems that we figured out on DiDiC was that the total amount of loads on the nodes are 

not preserved. Based on the algorithm, the sum of node loads are actually increasing at the 

end of each iteration. As shown in the following formula the total amount of primary load 𝜔, 

is increased by a constant value at each iteration i . The total amount of load in the secondary 

diffusion, 𝑙𝑖  is preserved though. This constant 𝑙0 is added to the primary diffusion system ψ 

times as an effect of the inner FOS/T loop. 

𝜔𝑖+1 = 𝜔0 + 𝑖 ∗ 𝜓 ∗ 𝑙0 

Formula 6 – the value of primary load on each iteration 

 

This problem results in the growth of deviation between color loads of each node and 

eventually nodes end up losing all of their colors to the dominant color. 

At each iteration a constant amount of one load is added to the old total loads of dominant 

color on the nodes. This will, in effect, reduce the possibility of recovering from a “good” 

initial solution --which is achieved in the early iterations-- to a “better” solution.  

 To fix this problem, we implemented a simple version of diffusive partitioning that limits 

the load exchange between nodes each time in a way that the total amount of colors in the 

system stays the same and is preserved. 

The node is said to be color Ci, if Ci is the dominant color in its own color distribution. At each 

round, every node checks its neighbors to find out what the majority color among them is.  

If the node’s dominant color is different than the neighbors’ majority color, it will spread out 

that color equally among its neighbors. For example if a blue node is surrounded by a majority 
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of red nodes, it will spread out its blue color among all the neighbors with equal share to each 

of them. 

As a result, in contrary to DiDiC, at the last iteration we will still have the same amount of 

load as we had in the first iteration. 

1.  

2. SVE() 

3. for each node v in V do 

4.   v.colorLoads = setRandomInitialLoad(); 

5. endfor 

6. for iter t := 1 to T do 

7.    for each node v in V do 

8.      maxNeighColor := getmaxNeighborColor(v); 

9.      dominantColor := getDominantColor(v); 

10.      if u.dominantColor != maxNeighColor then 

11.         v.colorLoads(dominantColor) = (1-delta)*v.colorLoads(dominantColor); 

12.         for u in N(v) do 

13.            u.colorLoads(dominantColor) := u.colorLoads(dominantColor) + 

14.                 delta*v.colorLoads(dominantColor)/|N(v)|; 

15.         endfor 

16.      endif 

17.   endfor 

18. endfor 

Figure 6 - pseudocode to simple volume exchange (SVE), a simplified version of diffusive clustering 
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The delta parameter (delta ≤ 1), is the parameter that controls the rate of the load exchange at 

each iteration. We have tuned the algorithm with different values and came up with 0.01 to make 

algorithm converge around iterations up to 50. 

 

Figure 7 - SVE: illustration of the simple load exchange strategy of the SVE algorithm from the center node point 
of view. Each node looks at its neighbors and if its color is not the same as majority of its neighbor’s colors then 

it gives away a portion of its dominant color equally to its neighbors. 

   

4.4 Biased Volume Exchange 

 
As investigations with SVE (Simple Volume Exchange) showed more stable results, we 

tried to add more improvements on it. 

Basically here the main idea is similar but we try to organize and guide the load exchange that 

is done on the previous algorithm and make it in a smarter way. 
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This is done in a way that the load is exchanged with respect to the color of the neighbor 

nodes that are doing the exchange. So basically the neighbor node with a certain color Ci, will 

receive a bigger chunk of Ci relative to other neighbors colored differently. 

1. BVE() 

2. for each node v in V do 

3.   v.colorLoads = setRandomInitialLoad(); 

4. endfor 

5. for iter t := 1 to T do 

6.    for each node v in V do 

7.      maxNeighColor := getmaxNeighborColor(v); 

8.      dominantColor := getDominantColor(v); 

9.      if u.dominantColor != maxNeighColor then 

10.         v.colorLoads(dominantColor) = (1-delta)*v.colorLoads(dominantColor); 

11.         sumFactors := 0; 

12.         for u in N(v) do 

13.            if getDominantColor(u) == dominantColor then 

14.               sumFacotrs := sumFactors + biasedFactor; 

15.            otherwise 

16.               sumFacotrs := sumFactors + 1; 

17.            endif 

18.         endfor 

19.         for u in N(v) do 

20.            if getDominantColor(u) == dominantColor then 

21.               uFacotr := biasedFactor; 
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22.            otherwise 

23.               uFacotr := 1; 

24.            endif 

25.            u.colorLoads(dominantColor) := u.colorLoads(dominantColor) + 

26.                 delta*v.colorLoads(dominantColor)/sumFactors*uFactor; 

27.         endfor 

28.      endif 

29.   endfor 

30. endfor 

Figure 8 - pseudocode to biased volume exchange (BVE) 

 

 

 

Here, biasedFactor (biasedFactor >= 1) determines the extent to which a neighbor with the same 

dominant color will get an extra proportion during the load transfer. When the biasedFactor is 

set to 1, BVE becomes exactly similar to SVE.  

 

We have tuned the algorithm with different values and came up with 100 to make algorithm 

converge around iterations up to 30. 
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Figure 9 - BVE: similar to SVE, but the exchange of the color is now biased toward neighboring nodes of the same 
color 

 

 

4.5 Recursive DiDiC  
 

While investigating on DiDiC parameters with different configurations and datasets, we 

figured out that on highly clustered graphs when DiDiC is executed with  ‘n’ number of underlying 

clusters, in condition that the algorithm does not fail and do not converge into “one cluster” at 

the end, almost always it returns a correct ‘m’ number of clusters where  𝑚 ≤ 𝑛𝑚 ≤ 𝑛. 

In order to increase the chance of finding all the ‘n’ underlying clusters we do as follows. 

Whenever DiDiC succeeds to detect m clusters, we run DiDiC on these m clusters individually 
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and give it a chance to detect the inner clusters, we repeat this process recursively unless DiDiC 

converges to a single cluster. 

From some other perspective we can count this as an approach to solving “Community detection 

problem” instead of graph clustering. Thus, when we recur into an already found community, we 

are looking for inner-communities and so on.   

DiDiC can solve “community detection” problem under certain circumstances and we can use 

this as a benefit of our own. 

This modification requires a very straightforward implementation of recursive DiDiC (as 

illustrated in the following algorithm block) and increases the probability of finding as many 

clusters as possible. 

1. recursiveDiDiC(G) 

2.    foundClusters := DiDiC(G); 

3.    if  foundClusters.count > 1 then 

4.         returnClustering := emptyArray(); 

5.         for i:=1 : foundClusters.count do 

6.              C := foundClusters(i); 

7.              reCluster := DiDiC(C); 

8.              returnClustering := concat(returnClustering, reCluster); 

9.         endfor 

10.    otherwise 

11.         returnClustering := foundClusters; 

12.    endif 

Figure 10 - pseudocode to Recursive DiDiC algorithm  
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5. Evaluation and experiments 
 

We have empirically evaluated the original DiDiC algorithm and our modifications of it. 

In this section, we first go through the experimental setup consisting of the datasets that we 

have used for the evaluations. Then we’ll show the measured performances in terms of 

different graphs and diagrams. Using the result plots, we discuss the cons and pros of these 

algorithms and reason or speculate why they work or not in one case or another. 

 

5.1 Dataset 

 
We evaluate different methods and their parameters on various datasets. We used 

datasets consisting of real world graphs as well as a group of synthetically generated graphs. The 

synthetic graphs were generated automatically provided with some expected characteristics. In 

the following comes a description of these synthetic graphs and the way they are generated. This 

will be followed by the set of real world graphs that we use for evaluation.  

 

 

 

 

5.1.1 Synthetic graphs 
 

We generated synthetic graphs based on a few different input parameters. The code sets 

a number of predefined vertices at the start. Then it generates each edge based on a probability 

which is related to the average node degree for a fixed number of clusters. It writes down the 
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generated graph into a text file which contains the adjacency list of the graph edges with a format 

as shown in Figure 11. 

 

Short description of graph parameters 

Node1 Neighbors of node 1 

Node2 Neighbors of node 2 

Node3 Neighbors of node 3 

…  

Node n Neighbors of node n 

Figure 11 – format of a graph file 

 
 

Figure 12 shows an example of the layout of input files for a simple 6 nodes graph in Figure 

13. Afterward each of these graphs is used as an input file that will be fed to main partitioning 

algorithms later on. 

  

Node ID    

A C   

B C   

C A B D 

D C E F 

E D   

F D   

Figure 12 - Sample file of 6 nodes 
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Figure 13- Simple 6 nodes graph 

 

The graph parameters used for synthetic generation are explained in the following.  
 

1. Graph size 

We generated three groups of graphs with different average sizes and did the 

experiments on them to observe whether the size of graph has any influence on how the 

partitioning algorithms behave.  

We generated three groups of graphs: 

 Small size with average node number of 100,500, 

 Medium size with average node number of 1000, 

 Large size with average node number of 10000 

2. Cluster’s balance 

Equally balanced clusters in real world graphs are not that frequent and almost never 

happens. Thus most of the graphs that we generate are going to be unbalanced in the size of 

their clusters. 

The code generates both balanced and unbalanced graphs. This is manipulated by a parameter 

maxBalanceRatio that sets the size of each cluster relative to other clusters. 
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With this parameter we want to evaluate different algorithms on graphs with various relative 

cluster sizes. The relative clusters’ sizes are set in range of 0.3 to 0.7. 

 

3. Average Cluster Sizes 

The number of nodes that each cluster can roughly have is given to graph generator as an 

input.  This acts as a complementary parameter to total size of graph and balance factor. 

 

4. Average number of inter-clusters edges 

Since we consider the number of edges that connect two separate clusters as a measure 

to analyze the goodness of the clustering, we generate different graphs with different 

number of edges connecting the underlying clusters. 

5. Graph Topology 

The way that clusters are connected to each other disregarding the number of 

connections between the nodes inside each cluster, is established with changing the topology 

of the graph clusters. The topology of the graph clusters is defined as the connectivity of the 

clusters with each other. Two clusters are considered to be connected if there is at least one 

edge which connects a node in one cluster to a node in the other cluster. 

We tried two extreme topologies that stand farthest from each other, to evaluate the 

influence that inter-cluster connections can have on the results of partitioning algorithms. 

 

a) Complete Topology - We have one type of topology similar to the complete 

graphs where all the clusters are connected to each other and there exists some edges 
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between any two clusters. We call this topology “complete” which is based on its 

similarity to complete graphs. 

On the following Figure 14 and Figure 15, you can see an example of a complete 

topology where the clusters are  [A,B,C,D], [E,F,G,H,O] and [I,J,K,L,M,N] and they have at 

least one connection between any of pair of clusters. 

 

 

Figure 14 – Complete Topology of a 3 clustered graph 
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Figure 15 – complete topology of three clustered graph 
 

 
 

b) Line Topology – Compared to the complete topology where we have as much 

as connections that the clusters can have, in line topology the clusters have the least 

connections to stay connected which is almost like a simplified line-tree graph type. This 

topology is shown on Figure 16 and Figure 17. 
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Figure 16 - line topology of three clustered graph 

 
 

 

Figure 17 - line topology of three clustered graph 

 

 

6. Total Edge Number 

The total number of edges is set along with average node degrees and number of nodes. 
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7. Number of tries 

These graphs are generated randomly. To make the conclusions based on the 

performances on these graphs more statistically significant, we generate 5 different graphs 

for each configuration of parameters. The random generator seed is set to a different value 

for each of the 5 instances of the graph. 

 

Based on each of these parameters a group of 5 graphs is generated that later is experimented 

on. These groups of similar graphs are simply named GraphX or GX e.g. Graph1 or G1. 

 

5.1.2 Real graphs 
 

To eventually test the algorithms on graphs based on real world networks, we selected 

some graphs from “Chris Walshaw - The Graph Partitioning Archive” [4] and Stanford Network 

analysis project (SNAP) graph’s library [19].  

SNAP graphs that we selected for our testing, are small subgraphs of real online social networks. 

That is graphs of Facebook and Wikipedia. 

Walshaw graphs have been already tested with different centralized partitioning algorithms 

therefore it can be used to compare the existing results with ours from our distributed 

algorithms. 

The selection of graph database that we have used for the final experiments is listed on the 

following table. 
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Graph |V| |E| Original / Alternative Source 

add20 2395 7462 www.cise.ufl.edgrtu/research/sparse/matrices/Hamm/add20.html 

data 2851 15093 staffweb.cms.gre.ac.uk/~c.walshaw/partition/archive/data/data.graph 

3elt 4720 13722 ftp://riacs.edu/pub/grids/3elt.grid.gz 

uk 4824 6837 staffweb.cms.gre.ac.uk/~c.walshaw/partition/archive/uk/uk.graph 

add32 4960 9462 www.cise.ufl.edu/research/sparse/matrices/Hamm/add32.html 

Facebook 4039 88234 http://snap.stanford.edu/data/egonets-Facebook.html 

Wiki-Vote 7115 103689 http://snap.stanford.edu/data/wiki-Vote.html 

Table 1 – The selected dataset for test from Walshaw and SNAP database graphs  Source: Chris warshaw 
database [4] 

 

 

 

For two of these graphs, 3D illustrations are generated so we can take a closer look at how these 

graphs really are and how they can be partitioned.  The visualization of graphs is not always 

possible when it comes to giant graphs. We can see the pictures on Figure 18 and Figure 19. 

http://staffweb.cms.gre.ac.uk/~wc06/partition/archive/add20/add20.graph
http://www.cise.ufl.edgrtu/research/sparse/matrices/Hamm/add20.html
http://staffweb.cms.gre.ac.uk/~wc06/partition/archive/data/data.graph
http://staffweb.cms.gre.ac.uk/~c.walshaw/partition/archive/data/data.graph
http://staffweb.cms.gre.ac.uk/~wc06/partition/archive/3elt/3elt.graph
ftp://riacs.edu/pub/grids/3elt.grid.gz
http://staffweb.cms.gre.ac.uk/~wc06/partition/archive/uk/uk.graph
http://staffweb.cms.gre.ac.uk/~c.walshaw/partition/archive/uk/uk.graph
http://www.cise.ufl.edu/research/sparse/matrices/Hamm/add32.html
http://snap.stanford.edu/data/egonets-Facebook.html
http://snap.stanford.edu/data/wiki-Vote.html
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Figure 18 - graph add20 with 2395 nodes and 7462 edge   Source: Chris warshaw database [4] 

 

 

 

 

 

 

Figure 19 – Graph add32 with 4960 nodes and 9462 edges   Source: Chris warshaw database [4] 



 48 

 

 

5.2. Evaluations with DiDiC 

 
DiDiC is not guaranteed to always converge to the expected results and fails to partition 

graphs every now and then. 

 In the following we are going to present the experiments we have done on DiDiC while 

testing and tuning different parameters and explain how each of them effect the outcome of the 

algorithm. Here, our main effort is trying to Figure out a configuration to tune the algorithm in a 

way it does not end up converging into clustering all the nodes into the same group. 

Experiments show that the output of DiDiC is not only dependent on its inside parameters 

but it also depends on the characteristics of the input graphs: it depends on how clustered they 

are and what their clustering coefficient is; If the clusters are of the same size and balanced or 

they have different number of nodes; in what topology the clusters are connected to each other; 

if all the clusters are connected to each other or their connection is sparse and in a line shape.  

Finally, for each cluster individually, the average degree of nodes can affect the performance of 

algorithm. 

Different parameters 

5.2.1 Benefit Parameter  
 
 In the algorithm, benefit parameter (b) is the disturbance diffusion parameter which 

determines at which rate the colors are exchanged between nodes at every iteration. That is, the 

amount of 1/b of the whole load is exchanged at each iteration of the method.  
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According to authors of DiDiC, benefit (b) is the main parameter in keeping the algorithm tuned. 

It guarantees nodes which don’t belong to a partition πi at ith iteration to send the majority of 

their load, to neighbor vertices that do belong to partition πi.  

The value of benefit b is set to a fixed value (10) in DiDiC paper which is chosen based on the 

experimental tuning of the algorithm by trial and error.  

 The suggested value by the authors is 10, but we tried running the algorithm with 

different values from 1 to 1000. 

To find out if this parameter can improve the algorithm’s precision and if there is any range that 

we can be sure that the algorithm never fails in it compared to its default configuration, we tested 

different values for this parameter starting from 1 to 1000. 

The results are grouped based on the number of clusters that the graphs have. We generate plots 

using the results of these runs. The plots show the performance versus running time. The number 

of iterations is presented on the X axis and on the Y axis is shown what percentage of the whole 

graph is colored with a single color. For balanced graphs the ideal Y point is at 1/m with m being 

the number of underlying clusters. 

Figure 20 to Figure 28 depicts the evolution of the performance for different combinations of #of 

underlying clusters and the value of the benefit parameter. 
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Figure 20 – Convergence result for two clustered graph with benefit 10 

 

 

 

 
Figur 21 - Convergence result for three clustered graph with benefit 10 
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Figure 22 - Convergence result for four clustered graph with benefit 10 

 
 

 

Figure 23 - Convergence result for two clustered graph with benefit 100 

 
 

 

Figure 24 - Convergence result for three clustered graph with benefit 100 
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Figure 25 - Convergence result for four clustered graph with benefit 100 

 

 

Figure 26 - Convergence result for two clustered graph with benefit 1000 

 

 

Figure 27 - Convergence result for three clustered graph with benefit 1000 
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Figure 28- Convergence result for four clustered graph with benefit 1000 

 

We can see that in many graphs the percentage of one color eventually reaches to 0 or 1 which 

means some color is lost and some color has become dominant, painting all the graph into one 

color. 

The experiments can be interpreted as such that for the very small values of benefit less than 10 

(first three Figures), it seems the algorithm will paint the whole graph into one color at just few 

iterations. This can be explained by the fact that the inverse of the parameter has been used in 

the algorithm (1 / benefit). So a small value of “benefit” exchanges very large chunks of load at 

every step and converges very quickly into one cluster which the random initialization is in favor 

of. But for the other values we reach better results (4th to last Figure). We tested the algorithm 

with different sizes of graphs with 1000 to 10,000 nodes with different topologies where they 

have both balanced or unbalanced clusters.  
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Figure 29 – overall result of influence of benefit parameter on all the dataset 

 
 

48.5% of graphs converges when Benefit = 10 

58.5% of graphs converges when Benefit = 100 

37% of graphs converges when Benefit = 1000 

Table 2 – influence of benefit parameter on success rate of DiDiC 

 
 

The results on Figure 29 and Table 2. It indicates that a run with a higher benefit value of 100 will 

have less number of graphs fail in being partitioned by DiDiC. One the con side, this means that 

with decreasing the size of each chunk of load at each exchange we may have to wait more 

number of iterations for algorithm to converge but on the other side we relatively prevent the 

problem of ending up with one dominant color. 
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5.2.2 Graph size 
 

 Based on the experiments, DiDiC does not produce very accurate results on small sized 

graphs and leads in one color convergence at earlier iterations. The impact of the size of the 

graphs can be measured by the number of times DiDiC has succeeded in identifying the 

underlying clusters. The following charts is a demonstration of the success rates. 

The first chart represents the success results for graphs with size of about 1000 nodes. 

 

Figure 30 – results on graph size ~ 1000 

 
 
 
Next chart shows the success rate results for graphs with size of about 10000 nodes. We can see 

that the average success rate improves when the graph size increases but still it is far from the 

ideal results. 
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Figure 31 – results on graph size ~ 10000 

 
 
 

 Benefit =10 Benefit =100 Benefit =1000 

Graph size ~ 1000 Success Rate = 46% Success Rate = 55% Success Rate = 34% 

Graph size ~ 10000 Success Rate = 51% Success Rate = 62% Success Rate = 40% 

Table 3 – Graph size and the influence on success results of DiDiC 

 

This could be explained by the fact that when we have more number of nodes per cluster, the 

effect of a bad initialization can be better overcome by the algorithm. While when we have a 

small cluster, a strangely biased initialization of color loads might be very hard to recover from. 

5.2.3 Balance parameter in cluster sizes 
 

 The authors of DiDiC suggest to initiate algorithm on any kind of graph with assigning 

equal amount of all colors to each node disregarding the size of underlying clusters. This means, 

for example, even though if one cluster is twice as big as the other one, the nodes are initialized 

with 100 units of load of each color. 
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The parameter we checked was the balance in clusters’ sizes of graphs, we ran DiDiC on 

graphs that have equal sizes of clusters and are balanced and different unbalanced graphs as 

well. We tested this parameter with all of the graphs. On our dataset we manually changed the 

strength of connections between clusters low and high to see if this factor has any influence on 

the final result. 

 

Figure 32 – Clusters’ Balance parameter and the influence on success rate of DiDiC 

 

In a balanced-clustered graph which has almost equal clusters’ size, the rate of success is 

nearly the same for all values of benefit parameter.  

On the other hand, for the unbalanced graphs which have clusters with different sizes, it seems 

that the rate of success drops when the benefit rises and hits 1000, comparing to when it is 

around 100 and 10. In addition, the unbalanced graph success rate is consistently lower than that 

of balanced graphs with the same parameters. 
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 Benefit =10 Benefit =100 Benefit =1000 

Balanced Clusters Success Rate = 66% Success Rate = 66% Success Rate = 65% 

Unbalanced Clusters Success Rate =50% Success Rate =50% Success Rate = 25% 

Table 4 – Clusters’ Balance parameter and the influence on success rate of DiDiC 

 

This again can be explained by the not so proper way of initializing with the same load for all the 

colors. Since, for real graphs, it is usually the case that we have unbalanced graphs, it might be 

wise to initialize with unbalanced loads many times and pick the best resulting clustering. This 

might reduce the sensitivity of the success to the initialization. 

5.2.4 Average Node Degree  
 

We tested this parameter to check and see if the average number of neighbors of nodes 

has anything to do with how the algorithm behaves and if it impacts on its performance.  

I changed the average node degree of nodes within a range but there was no convincing 

conclusion in final output, and I could not find any pattern to be meaningful.  

5.2.5 Topology and different clustering forms 
 

We tried different topologies and connection forms between clusters, we had them fully 

connected that all clusters have at least one connection with all the other clusters as explained 

on section 5.1.1.5a known as complete topology. 

 On the other extreme side, we tested line topology that stands exactly on the opposite side of 

the mentioned one and has the least connections possible among clusters for the whole graph 
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to stay connected and it is as sparse as it can get, this was explained as line topology on session 

5.1.1.5b. 

Furthermore I have tried different types of connection between clusters, what I came up with 

was that for algorithm DiDiC to tell apart the clusters correctly, it is not enough for the clusters 

just to be connected, there is always a flexible range for proportion of intra-connection links to 

inter-connection links to make it work correctly and outside this range the results will be just 

random. 

To investigate this parameter, we chose a selection of my graphs in dataset that have already 

been verified that DiDiC converges successfully on them and the eventual results are meaningful 

clusters. 

 5.2.5 a) Fully connected or Complete graphs 

When the graph is fully connected among its clusters, the number of these intra-

clusters connections does not have much influence on the final partitioning of graph, only 

if the connections are increased to more than a certain high value, the whole graph will 

turn into one color and detected as one partition which is because of the fact that it 

becomes more probable that the color with the most number of nodes take over the 

whole graph.  

However the number of iterations needed for algorithm to converge, changes when the strength 

(number of direct edges between nodes of two different clusters) of these connections changes. 
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Figure 33 – number of iterations each graph takes to be partitioned 

 
 5.2.5 b) straight Line connected clusters 

The tested graphs for this experiment had balanced clusters so the size of clusters 

can`t have any influence on the results. 

With sparse graphs the results are different, when the number of connections between clusters 

is too low, the final colors for each cluster will be random and it is like the nodes do not have 

time to exchange their color and they will behave totally independent from each other. So the 

number of connections should be within a range for algorithm to work. I guess this range is 

related to the average node degree of algorithm and diameter of clusters. 
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Figure 34 – line topology and its influence on success rate on DiDiC 

 
 

  5.2.6 Community detection versus Clustering 
 
 

In our experiments, as described in section 5.2, we noticed an interesting characteristic of DiDiC 

which tends to find underlying communities (dense subgraphs). This means disregarding the 

query number of clusters (initial colors) it can so happens that some of the colors disappears in 

the next iterations of the DiDiC algorithm. The number of colors many times go down to the 

number of communities no matter with how many colors the algorithm has been initialized with.  

To put this hypothesis into test, we ran DiDiC on our set of graphs with a wider range of queried 

cluster numbers. The following Figure represents the success rate of DiDiC, being used for each 

of the above tasks; on each of which the success rate is defined as below: 
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 Clustering: the rate at which the algorithm returns the exact number of clusters that was 

queried with. 

Community Detection: the rate at which it returns the actual number of communities in 

the graph (only for the query number of clusters larger than or equal to the underlying 

communities). 

 

Figure 35 - Success rate of community detection task v.s. clustering task using DiDiC algorithm 

 

As results in and previous experiments suggest, DiDiC success rate is much higher when used as 

a community detection method rather than a clustering algorithm. 

We further investigate the clustering success rate for the two cases where the number of query 

clusters is equal to the actual clusters or otherwise. The plot in Figure 36 shows that most of 

DiDiC “clustering” success happens when in fact, the number of requested clusters is the same 

as the actual number of graph (a successful community detection). 
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Figure 36 - We further investigate the clustering success rate for the two cases where the number of query 
clusters is equal to the actual clusters or otherwise 

 

 

We also tested this community detection’s behavior of DiDiC on samples of real world data 

graphs. 

In the following we run DiDiC on a subset of Facebook database with around 4000 nodes and 

88000 edges. We run it with different exponential number of queried clusters i.e. 2,4,8, …,128.  

The result shows that after query number of 8, the algorithm always converges into 12 clusters. 

This suggests that there are 12 numbers of underlying communities in this sample graph.   
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Figure 37-Number of found clusters stays the same with increasing number of queried clusters 

 

Next image, shows the same results for sub-graph of Wikipedia with ~7000 nodes and 10300 

edges. Unlike Facebook the results for the Wikipedia graph does not converge into finding a fixed 

number of underlying communities. The resulting clustering shows that as we increase the 

number of queried clusters, there are a few clusters which grow rapidly, but still there remain 

many clusters with relatively small amount of members. You can observe that after increasing 

the query clusters to 128, the dominant clusters have completely taken over smaller ones. One 

explanation could be that Wikipedia graph is not as structured as Facebook graph. Due to this, 

DiDiC fails to find eventual communities.  
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Figure 38-Number of found clusters increase with increasing number of queried clusters 

 

5.2.7 Initialization 
 

 Since DiDiC is a heuristic algorithm which is implemented to solve an NP-hard problem 

[19], its exact output is not deterministic and varies every time that the random initialization of 

algorithm is altered. 

Our experiments show that for DiDiC,  the output partitioning of this algorithm is very reliable to 

the random color initialization of nodes of graph and by changing the initial state of graph and 

how the nodes are painted at the start of algorithm there is always this possibility to have 

different result in terms   algorithm ‘s success. 

To eliminate the influence of random initialization, I ran every configuration on each graph 

several times (5 times each) and selected the best result as result of them as the main result [19]. 

I also investigated the minimum number of runs that each of the graphs need before it returns 

at least one successful partitioning. In other words, I ran the same configuration but with 
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different random initializations for a number of times. Each entry point in the following plot 

indicates the success rate (y axis) after a set of n trials (x axis). A set of n trial is considered 

successful if at least one of the trials was successful in clustering the network to the desired 

number. Each trial is initialized differently with a random initial assignment of colors to each 

node. 

 

Figure 39 - Clustering success rate against the number of trials with random initialization 

 
 
It can observed that success rate plateaus after a number of trials (around 3-4). This means that 

for some graphs, no matter how many times we try, there is a very low probability that it is going 

to turn out successful.   

As we can see on these plots, the success rate on community detection is much higher than 

clustering success rate. 
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Figure 40 - Community detection success rate against the number of trials with random initializations 

 

5.3. FOS/C simplified centralized simulation of DiDiC  

 
As we noticed during experiments on my dataset the average success rate of DiDiC is around 45% 

on my synthetically generated dataset. 

The main problem with DiDiC is that it eventually paints all the nodes with same color and 

converges into one cluster basically. 

To spot where “coloring-into-one” problem of DiDiC lies, I implemented a simplified version of 

DiDiC, I removed the distributed diffusion and replaced it by a centralized exchange of loads 

which I called FOS/C, the centralized algorithm which is the basic idea for DiDiC. 

Therefore I let FOS/C run over all my dataset. The goal was to use its results as a baseline for 

comparison with DiDiC. 
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But the results came as a surprise to us, because the same problem of “coloring-into-one” also 

exist here and the success rate is slightly improved to approximately 50% and still not fixed. 

To have more experiments we tried to run it with different configurations as well. There is one 

manual parameter in the FOS/C that plays the role of drain. Drain says how much load should be 

exchanged on every iteration. 

 Trying to tune the algorithm, I ran FOS/C with several values for this parameter delta 

(1,2,5,10,50,100) trying to see if at some points the algorithm heals and converges toward correct 

clustering.  But the results did not follow any sensible pattern and seemed random. 

 

 

Figure 41 - Success Comparison of Centralized diffusion and DiDiC over dataset 
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Figure 42 - Success rate of Centralized diffusion and DiDiC 

 

Up to now, we reviewed the influence of different parameters and how they effect on DiDiC 

partitioning result, but further on we’re going to analyze final results of our new partitioning 

approach and test it in our dataset, we will present the comparison of our three different 

algorithms on our real dataset; DiDiC, SVE and BVE. 

Because of the many possible ways of measuring the performance, as of our objective function 

we just focused on the average number of cut edges between clusters. This is one of the main 

elements to show the performance of the partitioning algorithms. Following Figures will illustrate 

this comparison. 
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5.4. Simple Volume Exchange and Biased Volume Exchange 
 

 

Figure 43 - number of edge cuts on real graphs per approaches 

 
Figure 44 - number of edge cuts on real graphs per approaches 
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Figure 45 - number of edge cuts on real graphs per approaches 

 

As Figures 43-44-45 reveal, there are significant differences in value of edge cut of partitioning 

for different algorithms of DiDiC and Volume Exchange.  

In these Figures each color of column represents a different partitioning algorithm and each 

group of four columns belongs to one test graph of our real dataset. We tested the algorithms 

with different clustering queries to partition the graphs into 2, 4,8,16 clusters.  

We let the algorithm run for 200 iterations for all the graphs, measured the difference of edge 

cut with what DiDiC had resulted in, and it appeared that with SVE and BVE the number of cut 

edges between clusters at the eventual partitions has decreased remarkably. 
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The Simple Volume Exchange and Biased Volume Exchange has the least number of edge cuts 

among all the real data sets and almost in all the number of requested partitions which means 

the minimum cost when it comes to clustering a graph database. 

As pointed out before, new partitioning methods were inspired from the idea of fixing DiDiC load 

overflow and the quick fix for it with controlling and preserving the total amount of load on the 

graph, and handling the dominant color taking over all the nodes and painting the whole graph 

into one color. 

This method simply does not let any node gain more loads than its constant capacity and 

eventually this leads to preserving the initial loads of each cluster/color till the end of partitioning 

and as a result no color can become dominant and the algorithm never converges into one color. 

 

 

5.5 Discussion and Future work 

 
 
We have demonstrated the applicability of DiDiC to different graphs, and presented the flaws 

and problems existing in algorithm that lead to unsuccessful partitioning most of times.  

Having done experiments on DiDiC parameters to find a probable tuning for the algorithm to fix 

its problems, we came up with simple modifications of DiDiC that was a simplified load exchange 

algorithm we called “Simple Volume Exchange” and “Biased Volume Exchange”.   

Therefore, in this chapter we have introduced our partitioning methods SVE and BVE model and 

shared the results for these approaches compared to DiDiC. 
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With the evaluation of our results on different partitioning methods, we find that the BVE 

algorithm has the best performance in clustering of our graph datasets comparing with DiDiC and 

FOS/C. Finally, we proved practically that SVE/BVE methods can provide even higher 

performance which is a good starting point for further distributed diffusion algorithms. This 

finding becomes even more significant when considering that these modifications are much 

simpler to implement and intuitive to understand. 

On the other hand, our evaluation shows that DiDiC is not a strong solution for graph clustering, 

but it behaves relatively more successful as a community detection approach. 

Meanwhile the proposed future directions can be listed as follows:  

 Mixed sampling algorithms to generate a smaller sample of the main graph for faster 

convergence.  

 Since we have showed that initialization plays an important role on the success of the 

DiDiC, designing of more guided initialization (e.g. using above direction) can be 

beneficial. 

 Considering higher order neighborhoods (e.g. neighbors of neighbors) for message 

passing 

 Finally, a future direction can be to apply DiDiC in a recursive manner. One of the repeated 

observation was that DiDiC return less number of clusters than requested. One could run 

DiDiC on largest of those clusters, potentially with different parameters. This is related to 

the concept of hierarchical clustering. 
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6. Concluding Remarks 

6.1 Summary and Conclusions 

 
In this thesis we studied the effectiveness of DiDiC as a distributed diffusive clustering algorithm 

on social network graphs. By analyzing different parameters of the algorithm and various 

synthetic and real-world graphs, we showed that DiDiC is able to find the desired number of 

balanced partitions in some graphs, but there are many situations when it fails. In that regard, 

we proposed two simple alternatives which perform relatively better (on average 30% over DiDiC 

baseline) on various scenarios. We have shown that our suggested algorithm is more capable of 

successful partitioning in graphs where the DiDiC is not. We conjecture the effect is due to non-

load preserving nature of DiDiC.  

From the evaluation results, we have shown that not only the partitioning approach but also the 

input graph itself has an influence on the eventual clusters of graph. And also clustering 

algorithms are very sensitive on the initialization conditions.   

Finally, from numerous evidences, we observed that DiDiC is more successful in the task of 

“community detection” as opposed to “balanced partitioning”. In fact, we showed that in many 

of the cases where balanced partitioning is successful is due to the fact that the number of 

underlying dense regions of the graph is equal to the queried clusters. 
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