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Abstract

Large-scale graph data analysis has been necessary for real-world analytics. Discrete sim-
ulations with graph structures are also fundamental techniques to investigate and validate
more detailed analytic results. Moreover, the scale of data has become much larger, and HPC
systems with ample memory space and multiple processors and computation nodes are indis-
pensable to conduct such analytics and simulations. The demand of large-scale simulation is
increasing in order to extract global statistical outcomes, and city- or country-level simulations
must be performed simultaneously even they assume these are local what-if simulation.

However, many performance issues happen such as load imbalances and communication
overheads, which often prevent the scalability of parallel and distributed computations. These
problems usually occur while running an application handling dynamic graph data. In an
agent-based traffic application, for example, even we partition road network equally the num-
ber of agents for each partition becomes imbalanced and the overall application will not scale.

To address the problem, we proposed performance optimization methods for dynamic
data management based on the graph structures. We set several goals of the performance
optimizations: to gain scalability of parallel processing by the reduction of costs such as load
imbalance and synchronization overhead, and use graph analytics for dynamic graph analytics
with incremental processing and adaptive parameter optimizations.

First, we proposed the performance optimization method to adjust synchronization inter-
vals among all threads and processes in a parallel and distributed agent-based traffic simu-
lation. It skips synchronization phases and allows all the distributed simulation processes to
run individually for most simulation steps. We also proposed an adaptive migration method
for an agent-based simulation framework to re-assign agent objects to threads and remote
processes. From the previous execution logs, it partitions the road networks, and then it au-
tomatically re-assigns computation processes and threads to cross points and vehicle agents
while running simulations. We evaluated these proposed methods in parallel and distributed
computation nodes of TSUBAME 2.5 supercomputer with real road network and commuta-

tion trip data in the Dublin city. The synchronization interval adjustment method achieves



up to 35% speed-up in more than four nodes, and dynamic agent object assignment method
across computation nodes achieves 25% speed-up on average.

Second, in order to minimize the computation time of graph analysis for time-evolving
graphs, we proposed incremental graph analytics algorithms.

We proposed an incremental community detection algorithm named Incremental DEMON
for time-evolving graphs more efficiently by extending the existing community detection al-
gorithms to support incremental processing with vertex and edge additions or deletions. The
Incremental DEMON consists of three core functions to construct overlapping communities,
and we added an incremental feature each of them. In the evaluation, we used time-evolving
social networks with millions of edges with timestamps, and our incremental community de-
tection algorithm performs up to 101 times speedup compared to the original algorithm.

We also proposed an incremental graph pattern matching (IGPM) algorithm as an ex-
tension of an existing approximate subgraph isomorphism algorithm, and parameter adjust-
ment framework named Partial Execution Manager (PEM) with reinforcement learning to
determine the vertex sets for re-computations. Similar to the Incremental DEMON, IGPM
algorithm consists of three core functions which are incrementally extended to find the most
likely matching vertices and edges in the best effort. The PEM consists of graph clustering
and reinforcement learning components. The graph clustering component detects the vertex
sets for re-computation, and the reinforcement learning component adjusts the granularity of
the graph clustering to find more matched patterns.

Our incremental graph pattern matching algorithm performs up to 10.1 times speedup
compared to the original subgraph isomorphism algorithm, and our adaptive optimization
framework achieves up to an additional 1.95 times speedup. Moreover, the adaptive and in-
cremental algorithm found up to 73% additional patterns compared to the original algorithm.

Finally, we made qualitative evaluations and discussions for our proposed methods about
adaptive parameter adjustment from environments and incremental graph algorithms such as
the applicability and limitations for other types of real-world graphs, other graph algorithms,
and agent-based simulations. We validated how these methods can apply to other real-world
applications and graph datasets with several representative cases, and how each optimization
method affects the precision of outputs such as the travel time of each vehicle in the traffic
simulation and subgraph size distributions in the community detections and pattern matching.

This thesis presents some contributions to discover the movement of real-world with a
graph structure. Our series of researches can apply to various fields of social data analytics
applications with other graph algorithms and social simulations with more extensive and

time-evolving graph data.
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Chapter 1

Introduction

1.1 Motivation

Recently, demands and practical applications of complex network analysis techniques have
been increasing to find peculiar patterns and characteristics of vertices and subgraphs from

million- and billion-scale data.

Agent-based simulations are also fundamental techniques to extract knowledge from real-
world large-scale graphs. For example, various traffic simulations have been proposed and
conducted to find out the distribution of trip time or the affects of city planning (e.g. construct
or close roads). City- or country-level simulations are required to extract more accurate
outcomes because even small differences of simulation scenarios affect to wide range of road

networks.

As of December 2014, the scale of social network at Facebook 1.39 billion users (vertices)
and more than 400 billion follower-following relationships (edges) [1]. In 2010, Twitter already
has 42 million users and 1.5 billion follower-following relationships. The million- and billion-
scale networks appear in not only social network services, but also other web services such
as question-answering and discussion forums, product co-purchasing networks in e-commerce

such as Amazon [2], and online web-page editing such as Wikipedia Talk [3].

Besides the largeness of its size, the real-data also has time-evolving features. It frequently
updates its structures and attributes second by second. For example, Twitter network growth
from 2006 to 2012 is shown in Figure 1.1 [4]. The users of Twitter is rapidly increasing from

2009, and the growth speed is also increasing.
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Figure 1.1: Transitions of the number of Twitter users (left) and monthly increase of users
(right) from [4]. The number of users have been increasing, and the increase speeds up since
the beginning of 2009.

Not only follower-following networks, but sending messages from one user to others directly
and posting messages with a mention of other users such as retweets can form a dynamic
network. Kwak et, al. crawled Twitter users, follower-following relationships, tweets and
trending topics [5] and extracted top-20 users by the PageRank of in the follower-following

networks and retweet diffusion networks.

Nowadays many graph analytics algorithms such as community detection and graph pat-
tern matching have been proposed as increasing demands for extraction of knowledge from
such large-scale and time-evolving networks. For example, community detection algorithms in
social networks are often used to find out account groups with similar organizations, interests,
and so on. Graph pattern matching algorithms are also used in social networks and personnel

networks to extract certain personnel relationships [6].

Besides graph analytics algorithms, social simulations are also fundamental to find knowl-
edge from large-scale data including graphs. Particularly, agent-based simulations can imitate
fine-grained and detailed real-world behaviors. The input and output data of some agent-based
simulations form graph structure. For example, a traffic simulator such as Megaffic [7] uses

road network data and trip data to simulate the behaviors of each vehicle agent step-by-step.

For the graph data as simulation outputs, we construct money transfer network from log
data of mobile money transfer simulator such as PaySim [8]. In this case, each bank account

corresponds a vertex, and each transaction corresponds an edge with timestamps.
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1.2 Problem Statement

While running graph analytics with large-scale and time-evolving attributed graph data, it
encounters several problems related to the performance. Some problems are related to its

scalability for high-performance computing environments with multiple computation nodes.

1.2.1 Load Imbalance in Parallel and Distributed Executions

It is hard to handle large geographical data with millions of cross points and roads as the
road network and millions of vehicles as agents in a standalone computation system. In
order to handle million- and billion-scale graphs, we have to partition the graph data into
many small clusters and assign them to CPU threads, processes or computation nodes equally.
However, data partitioning and clustering for complex networks is more difficult because graph

clustering algorithms have different trade-offs.

1.2.2 Communication and Synchronization Cost

Related to the load imbalance problem, communication costs are significant in parallel and
distributed executions. Even graph clustering process partitioned graphs into small subgraphs
with the same number of vertices or edges, it causes large communication costs while executing
parallel graph analytics or its simulations in distributed environment if these subgraphs have
a number of edge-cuts. Large number of edge-cuts affects more frequent synchronizations and
data copying between different threads and processes. Some options of METIS library [9]
tries to minimize such edge-cuts, but it cannot divide complex graphs into small subgraphs

with the similar size in general.

All processes and threads handling partitioned subgraphs must synchronize with neigh-
boring processes and threads to keep consistency. However, when the edge-cuts are large
and each subgraphs are neighboring to many other subgraphs, the synchronization frequency
becomes larger and an extra communication overhead emerges. Moreover, when some threads
and sub-processes take longer time to process vertices and edges in the assigned subgraphs
than others, all neighboring subgraphs have to wait for the finish. The load imbalance affects

to the synchronization problems and weakens the scalability by threads and processes.
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1.2.3 Computational Cost for Dynamic Graphs

Most real-world networks have time-evolving features. The structure are frequently updated
by adding and removing vertices and edges or updating these attributes. Some applications

require real-time analytics result outputs according to the dynamics of the graphs.

For example, banks need to find suspicious subgraph patterns from account-to-account
transaction networks. In this case, it is time-wasteful and not realistic to run graph pattern
matching algorithm from scratch seconds to seconds because the transaction network size
is more than one billion vertices and one trillion edges, and most of graph structure does
not change. Considering this situation, we need more sophisticated algorithms to minimize

computation costs with keeping precision.

In a traffic simulation, on the other hand, the road network structure itself does not
frequently change, but the edge attributes (road status) such as the number of vehicles running
and whether the road is closed or not due to an accident. In this case, the simulator has to
update the assignments of threads and processes to cross points, roads and vehicles adaptively
to balance these workloads and minimize the synchronization latency and communication

costs.

However, the efficiency of incremental processing sometimes decreases due to the changes
of many vertices and edges, and the level of changes are not always stable during the execution.
When many vertices and edges are updated, it needs whole updates of current results. On
the other hand, when a few vertices and edges are added or deleted, it only has to update

subgraphs around updated area.

The adaptive re-assignment method itself also causes the extra computation and commu-
nication costs because it has to migrate many agent vertices to another processes at the time.
For that reason, we need to consider the trade-off between the costs for temporal computation
and communication and the costs of load imbalance and communication overhead for long

time.

1.3 Approaches and Proposal

To overcome these problems related to the large-scale and time-evolving graph analytics and
its applications, we propose performance the following optimization methods; Adaptive Re-
assignment of Computational Resources and Objects, Incremental Graph Algo-

rithms and Adaptive Parameter Adjustments.



CHAPTER 1. INTRODUCTION )

1.3.1 Adaptive Reassignment of Computational Resources and Objects

We introduce an optimization method to reduce workload imbalance among processes and
threads in a distributed agent-based simulation to gain the scalability of parallel executions.
This method consists of two steps; First, it generates the mapping file to bind cross points to
Java threads and processes (computation nodes) from the distribution of running vehicles in
the previous simulation log snapshots. Then, it re-assigns vehicle agent object to threads and

processes periodically.

1.3.2 Incremental Graph Algorithms

To minimize the re-computation costs, we propose incremental graph analytics for dynamic

graph analysis.

First, we proposed an incremental community detection algorithm based on overlapping
community detection algorithm named DEMON. DEMON consists of three core functions to
build up communities with the bottom-up approach, and our incremental method also consists

of incremental version of these core functions.

Next, we proposed an incremental graph pattern matching algorithm. It is also based on
an existing graph pattern matching algorithm named G-Ray, which also consists of three core

functions to extract the best patterns.

Because our proposed incremental methods are extensions of existing community detection
and graph pattern matching algorithms, we also make discussion whether our incremental
algorithms are applicable to other community detection, graph pattern matching, and different

graph analytics.

1.3.3 Adaptive Parameter Adjustments

The structure of time-evolving graphs drastically updates with the

When the graph structure has drastically changed from the original state, the initial

incremental graph algorithms or these parameters do not optimize these algorithms.

In order to keep running graph analytics and simulations with the best conditions, we
propose adaptive parameter adjustment methods from the environment such as traffic status
and current graph structures. In a traffic simulation, we add a system to our simulation

framework to adjust the synchronization interval according to the congestion of whole road
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network.

1.4 Contributions

With the proposal mentioned above, we summarize the contributions below.

1.4.1 Adaptive data assignments and parameter adjustment in an agent-
based traffic simulation

First, we evaluated the performance bottleneck of our traffic simulation framework and appli-
cation in a parallel and distributed environment, and found that the synchronization overheads
and the waiting time caused by the load imbalances among all threads and processes is the
primary problem of the parallel execution. Based on the finding, we proposed an adaptive
and dynamic agent data assignment method to distribute the workload equally and synchro-
nization frequency parameter adjustment method to reduce the synchronization overhead.
Then, we evaluated these methods with the road network and commuter trip data in Dublin
city, and showed our agent re-assignment method reduced the performance overheads for

synchronization.

Here is the summary of our contributions:

o We developed parallel and distributed simulation framework named XAXIS to run
existent an agent-based traffic simulation named Megaffic with multiple Java processes
and threads.

o We evaluated the XAXIS with Megaffic using real traffic system data sets and generated
trip data based on the public traffic census data, and state the problem of the XAXIS.

e We proposed performance optimization method to resolve the problems, and showed

the reduction of the synchronization overheads from load imbalance.

1.4.2 Incremental community detection

First, we propose an incremental community detection algorithm based on overlapping and
bottom-up community detection algorithm named DEMON [10] by extending these core func-

tions to incremental fashion. Next, we propose a performance optimization method to one
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of the DEMON core function to merge small community into larger communities, which is
the main performance bottleneck of DEMON algorithm. Finally, we evaluated the perfor-
mance of our incremental algorithm and compared the speed-up against the original DEMON

algorithm.

Here is the summary of our contributions:

e We proposed an incremental community detection method as an extension of an existing

community detection algorithm named DEMON.

e We also proposed an optimization method to avoid unnecessary small community merg-

ing operations in order to reduce performance bottleneck.

e We evaluated the efficiency of our proposed algorithm with time-evolving graph data

set.

1.4.3 Adaptive and incremental graph pattern matching

In order to propose a proper incremental graph pattern matching algorithm for real-world
graphs and applications, we defined the requirements (subgraph isomorphism, vertex/edge
attributes and approximate patterns) for our graph pattern matching, and then we adopt an
approximate subgraph isomorphism algorithm named G-Ray [6] as a base algorithm of our
incremental algorithm. Next, we propose an incremental graph pattern matching algorithm
by extending the core functions of G-Ray. In order to adjust the number of vertices for
re-computations, we also propose an adaptive execution manager consists of reinforcement
learning and graph clustering components. Then, we evaluated our adaptive and incremental
graph pattern matching algorithm with time-evolving social network data. We compared
the speed-up between our incremental algorithm and the original G-Ray algorithm, and the
adaptive algorithm with our proposed execution manager and the naive incremental algorithm

with the fixed parameters.

Here is the summary of our contributions:

e We proposed an incremental and approximate graph pattern matching method based

on an approximate subgraph isomorphism algorithm named G-Ray.

e We also proposed an adaptive execution manager with reinforcement learning to select

vertices for re-computation of the incremental graph pattern matching.
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e To consider the efficiency of our incremental graph pattern matching, we gave quanti-

tative evaluation of it with several types of data graphs and query pattern graphs.

o We evaluated the efficiency incremental graph pattern matching algorithm and the ex-
ecution manager with real-world graph data sets and query patterns. Then we showed
our algorithm gained speed-up compared to the baseline algorithm and the execution

manager accelerated our incremental algorithm.

1.5 Thesis Outline

The rest of the thesis is organized as follows.

Chapter 2: Background and Related Work

In the chapter 2, we explain the overview of basic large scale graph analytic algorithms
and agent-based simulation with real-world data set in order to describe the background and
common problems more clearly. We also explain the state-of-the-art algorithms of community
detection (and graph clustering) and graph pattern matching and agent-based related to our

proposed methods.

Chapter 3: Adaptive Reassignment of Computational Resources and Agent
Objects

In the chapter 3, we propose performance optimization methods of an agent-based traffic
simulation in a parallel-distributed computation environment. In order to reduce the com-
putation overheads from load imbalances and synchronization costs, we proposed inner-node
threads assignments to agent objects, across-node threads and process assignments to agent
objects, and adaptive synchronization interval. We evaluated combinations of these methods,

and showed the best methods and parameters in a given data set and scenario.

Chapter 4: Incremental Community Detection

In the chapter 4, we propose an incremental community detection method named Incremen-
talDEMON. It is based on an existent bottom-up and overlapping community detection
algorithm named DEMON [10] by an incremental extension for each subroutine of DEMON.
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We also optimize a subroutine merging small communities to larger ones by judging whether
the merge process is really necessary or not every time. We implemented the incremental
extensions and optimizations and compared the efficiency of the incremental algorithm and

the optimization with the real social network data.

Chapter 5: Incremental Graph Pattern Matching

In the chapter 5, we propose an adaptive and incremental graph pattern matching algorithm
named IGPM-PEM. IGPM-PEM consists of incremental graph pattern matching (IGPM)
component as an incremental extension of existent algorithm of approximate subgraph isomor-
phism algorithm named G-Ray [6] and adaptive subgraph chooser named partial execution
manager (PEM) for re-computations of the IGPM. We evaluated the efficiency of IGPM and

PEM respectively with various time-evolving graph data sets and query patterns.

Chapter 6: Overall Discussion

We state overall discussions related to our proposed methods in the chapter 6. We make
algorithm-specific discussions about the validity of the adaptive optimization of Megaffic on
XAXIS, DEMON-based incremental community detection algorithm and G-Ray-based adap-
tive and incremental graph pattern matching at the chapter 3, 4, 5 respectively. However, we
did not yet verify the applicability or effectiveness of our optimization methods for general

graph algorithms or simulations.

In this chapter, we discuss the common consideration applicable to other graph algorithms
and agent-based simulation applications and frameworks. First, we discuss what kind of
graph algorithms can we apply our optimization methods such as incremental and adaptive
processing to. Second, we focus on various types of real-world graph data sets, parameters
and scenarios. For example, some IGPM cannot gain efficiency with some kind of conditions
including the shape of data graph and patterns. We discuss the applicability and limitations

of our proposed methods.

Chapter 7: Conclusion

Finally we describe the conclusion of the thesis in the chapter 7. We also describe the directions
of future research including generalization of our proposed methods, further optimizations to

handle larger data.



Chapter 2

Background and Related Work

2.1 Real-world Applications with Graphs

Graph analysis is the core technique, and it is used for various fields of real-world applications
such as social data analysis, bioinformatics, finance fraud detections, and cyber securities. In
this section, we introduce these various real-world applications with graph analytics especially
community detection, graph pattern matching, and agent-based simulations related to graph

algorithms.

These graphs usually have millions of vertices and edges with various type of attributes
(labels and properties). Moreover, some graphs are time-evolving, which means the vertices
and edges are added and deleted, or these attributes are updated frequently.

2.1.1 Social Networks

In the last several years, social network services have been developing rapidly, and the number
of users became more millions and billions, and the number of relationships between users

(friendships and follower-following) is now hundreds of billions.

2.1.2 World Wide Web

Recently the number of web pages and hyperlinks connecting them in the World Wide Web
(WWW) are increasing. Barabdsi et, al discovered the topology of the WWW network and

its growth [11]. TIts topology has a characteristics of scale-free as well as that of random

10
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networks. That means the incoming and outgoing link distributions follow a power-law with

random graph features.

In cyber security, graph-based outlier detection algorithms are applied for fraud detection
[12] with log-in network data. Both community detection and subgraph detection (graph
pattern matching) for dynamic graphs are used to find anomaly vertices, edges or subgraphs
[13].

2.1.3 Finance

Graph analytics are also widely used in the finance fields. Many banks are trying to suspicious
bank accounts, and transaction behaviors lead to money laundering or non-performing loans
from billions and trillions of transactions among millions of accounts. In order to extract

suspicious account groups and transaction sets, many graph algorithms are useful.

For example, outlier detection algorithms are used for fraud detection in suspicious amount
or frequency of transactions between bank accounts. Many algorithms to detect such fraud
transaction edges or subgraphs are also proposed, and some of them adopt a similar approach

to find subgraphs recently updated frequently in cyber securities [13].

2.1.4 Transportation

In public transportation systems, road networks and route maps can be treated as large graphs
with many attributes. Cross points, endpoints and other junctions are represented as vertices,

and roads connecting junctions are edges.

Table 2.1 represents the statistical characteristics of road networks (the former three data
sets) and social networks (the latter three data sets). Road networks usually have high
diameters, and the degree distribution is different from other social networks and WWW

hyperlink networks.

2.1.5 Bioinformatics

In a biological research field, graph analytics are also used for many applications. For ex-
ample, community detection or graph clustering algorithms can be applied to protein-protein
interaction (PPI) network to extract a group of proteins with similar functionality. Link pre-

diction method can also be applied to PPI network to predict some undiscovered interaction
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Name | Vertices Edges | Average Degree | Diameter
Road-CA | 1,957,027 | 2,760,388 2.82 865
Road-PA | 1,087,562 | 1,541,514 2.83 794
Road-TX | 1,351,137 | 1,879,201 2.78 1064

Flickr 404,733 | 2,110,078 10.43 18
LinkedIn | 6,946,668 | 30,507,070 8.78 23

LiveJournalO1 | 3,766,521 | 30,629,297 16.26 23

Table 2.1: Statistical characteristics of road networks (the upper three data sets) and social
networks (the lower three data sets) from [14]. Many vertices (e.g. cross points) in road

networks have smaller degrees while social networks have hub vertices with more degrees.

pairs.

Parthasarathy et, al. [15] showed that the subgraph mining and community detection
algorithms are frequently used for classifications of biological networks. For example, both
frequent subgraph mining (FSM) and community detection algorithms can be used to extract
new protein functions from large PPI networks, and tree mining can be applied for RNA

secondary structure networks to characterize RNA structure groups.

Zhang et, al. proposed GADDI [16], a distance index based subgraph matching especially

for biological networks such as PPI networks and gene regulatory networks.

2.2 Characteristics of Real-world Graph Data

Recently, the real-world graph data, especially WWW, finance and human-interactions such

as social networks becomes larger rapidly.

2.2.1 Dynamic Graphs

Most of real-world networks are time-evolving, and change the structure drastically.

Barabdsi [17] mentioned the growth of real-world networks such as WWW and proposed a
new graph growth model considering such networks have characteristics of power-law as well
as random graphs. The rapid growth of the WWW network became remarkable in 1999, and

an old network growth model cannot be applied to these networks.
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2.2.2 Large-Scale Graph Structures

The graph structures in the real world vary with applications. For example, social networks
are usually scale-free, which of degree distributions follow a power-law. On the other hand,
the road networks in traffic applications are near to mesh because most of cross points are

connected to a few number of roads.

2.2.3 Applications of Dynamic Graphs

Time-evolving real-world data analytics with dynamic graphs are common applications with

many research fields such as finance, cyber security, e-commerce, biology, etc.

2.3 Community Detection

Community detection is a graph processing to put the ”close” vertices together into some
groups or subgraphs. The metrics of closeness are different according to the algorithms, but
it mostly defined with topological closeness. Community detection is one of the mostly used

graph analytics for various real-world applications, and many algorithms have been proposed.

Graph clustering (partitioning) algorithms also divide a large graph into small subgraphs.
Strictly speaking, community detection and graph clustering are different algorithm in that
some community detection algorithms allow overlapping subgraph outputs and leftover ver-
tices which do not belong to any communities [18]. In this thesis, we consider graph clustering

algorithms are part of community detection algorithms.

2.3.1 Bottom-up and Top-down Approach

Community detection algorithms can be roughly categorized into ”bottom-up” and ”top-
down” algorithms. In the "bottom-up” approach, it merges similar vertices or small clusters
into large communities. In the ”"top-down” approach, on the other hand, it divides the original

input graph or large clusters into small communities.

Louvain method: Blondel et, al proposed a graph clustering method called Louvain
algorithm [19] to extract communities to optimize the modularity [20] of all communities.
The definition of modularity @ is as follows [21]:
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1 kik;
Q=5 2 (4= 5 ) 5
ij
Note that m is the number of edges, A is the adjacency matrix, k; is the degree of the
vertex i and 0;j is the Kronecker d-symbol (if the vertices i and j is the same community, the

value is 1, otherwise 0).

The Louvain algorithm is one of modularity maximization approaches. Because modularity
maximization problem is NP-complete [22], the authors an approximate algorithm to iterate
"modularity optimization” and ”community aggregation” phases in order to handle larger
graphs. The Louvain algorithm is relatively fast for million- and billion-scale graphs like the

WWW networks, but the output communities are usually unbalanced.

Many optimized algorithms based on Louvain method are proposed for larger graphs. Dinh
and Thai proposed polynomial-time approximation algorithms [23] for scale-free networks by
modularity maximization. Traag proposed a faster Louvain algorithm by moving vertices to

the community of a random neighbor while optimizing modularity [24].

Label propagation: Label propagation [25] is one of the main approaches for community
detection. It assigns the unique labels to all vertices (initialization), and then each vertex
updates the label of neighbor vertices with the highest frequency (label propagation). It
iterates the label propagation phase, and the correctness of the result increases if the number
of iterations is large. This algorithm is relatively simple and the computation complexity
is only O(m + n) when n and m are the number of vertices and edges respectively. The
computation time of label propagation depends on the number of iterations, but only a few

number of iterations is required to classify most of vertices correctly.

METIS: Karypis et, al proposed a graph partitioning algorithm named METIS [26], which
uses a coarsing heuristic named ”heavy-edge heuristic”. The process of METIS consists of
three phases; coarsening data graph into smaller graphs, partitioning of coarsed graph and
uncoarsening. It can partition an input graph into small clusters with minimum edge-cuts,

and tries to balance the output cluster sizes.

K-means clustering: K-means clustering is used not only for graph data but also for
other general high-dimensional data. Unlikely to other community detection and graph clus-
tering algorithms, it is the "top-down” approach, which repeats to divide the large graph into

smaller clusters.

Spectral clustering: Many graph community detection and clustering algorithms use
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bottom-up approaches with its topology. On the other hand, spectral clustering algorithm
[27, 28] uses linear algebra computations to extract eigenvectors of the graph Laplacian. The
elements of each index indicates the feature value of each vertex, and then it apply clustering

algorithm for feature vectors such as k-means to classify vertices.

2.3.2 Overlapping Community Detection

Some community detection algorithms allow overlapped community outputs.

Gregory proposed an algorithm to find overlapping communities with a label propagation
approach [29]. In this algorithm, each vertex has a unique label. When each vertex propagates
its label to the neighbors, it sends its own label to neighbors with weights, and then updates
the label from the received different labels with weights. Finally, some vertices have multiple

labels with the same weights, that means these vertices belong to multiple communities.

Coscia et, al proposed an overlapping community detection algorithm named DEMON
[10], which also partially uses label propagation. At first it create small subgraphs for each
vertices named EgoMinusEgo network, then partition them into smaller clusters with label
propagations, and then compare and merge all of these clusters into several overlapping com-

munities.

Particularly, some community detection algorithms have been proposed for social network
analysis [18]. Social networks usually have both local and global-scaled communities. More-
over, each vertex as a person have many attributes such as age, gender and interests. These

attributes can be keys of more accurate community detections.

2.3.3 Incremental Community Detection for Dynamic Graphs

With the increasing demand of real-time community detection algorithms for time-evolving
graphs, many incremental community detection algorithms including the extensions of existing

methods have been proposed.

Zakrzewska and Bader proposed a dynamic community detection algorithms [30] named
BasicDyn and its optimized version of FastDyn based on a greedy and modularity maxi-
mization approach. These algorithms store history of edge update histories, and merge them

to detect the community changes.

Liu et, al. proposed a generalized incremental community detection framework [31] ap-

plicable to some bottom-up community detection algorithms such as Louvain [19], Label
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Propagation [29] and DEMON [10].

2.4 Graph Pattern Matching

Graph pattern matching algorithms can be categorized into two groups based on whether it
considers graph topology matching as well as vertex matching. One group is called ”subgraph
isomorphism”, which also considers topologies between vertex pairs in the query pattern

graph.

2.4.1 Subgraph Isomorphism
Subgraph isomorphism is one of the typical graph pattern matching problem. The definition
of subgraph isomorphism is the following;

A subgraph G; of the input data graph G matches the query pattern graph Q if there
exists a (bijective) mapping function f from the vertices of @ to the vertices in G5 (Yu € Q
such that f(u) € G§) such that

1. For each vertices u € @ and f(u) € G has the same label.

2. There exists an edge (u, ') € @ if and only if there exists an edge (f(u), f(u')) € Gs.

The subgraph isomorphism requires topological restrictions, but the computation com-
plexity of subgraph isomorphism algorithms is NP-complete, so many algorithms of optimized

subgraph isomorphism have been proposed such as Ullmann’s method [32].

2.4.2 Graph Simulation

Graph simulation graph simulation [33, 34] is more relaxed graph pattern matching prob-
lems compared to the subgraph isomorphism. The definition of the graph simulation is fol-

lowing;;

A graph G matches a pattern @) via graph simulation if there exists a binary relation
S € Vg xV, where Vg and V are the set of the vertices in () and G such that

1. For each vertex pair (u,v) € S, u and v have the same label.

2. For each vertex u € @, there exists an edge (v,v’) € G such that
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(a) (u,v) €S
(b) For each edge (u,u’) € Q, there exists an edge (v,v’) € G such that (uv/,0) € S

The computation complexity graph simulation is quadratic time, which is much less than
subgraph isomorphism of which complexity is NP-complete. However, graph simulation does
not guarantee the topological matching. Figure 2.1 shows an example of a matched pattern

in graph simulation. However, the subgraph does not satisfy the requirements of subgraph

isomorphism.
f. Mapping
Function
G:Input AR T T < -~ L Q: Query
Data Graph Pattern Graph

e _—_a

e

————
e = ————

Figure 2.1: An example of a query pattern graph (right) and a matched subgraph in a input
data graph (left) by graph simulation, but not subgraph isomorphism

Even the computation cost is smaller compare to subgraph isomorphism, it is still unrea-
sonable for large-scale input data graphs. To reduce the computation complexity, other graph
pattern matching problems based on the graph simulation such as bounded simulation [35]
and strong simulation [36] are proposed. These graph pattern matching problems are based
on the graph simulation, but they have some additional restrictions regard to the topological
connections. In [37], Fan mentioned the computation complexity of the bounded simulation

and strong simulation is cubic time while that of graph simulation is quadratic time.

2.4.3 Incremental Graph Pattern Matching

Incremental graph pattern matching algorithms are fundamental to handle time-evolving

graphs efficiently.

Kao et, al. proposed a vertex-centric incremental graph pattern matching algorithm for
streaming graph updates [38] working on distributed graph computing framework. The algo-

rithm updates. The algorithm consists of three phases; update, self-checking and propagation.
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When an edge is added or removed, the source vertex and destination vertex send the mes-
sages about the update and the matched pattern set. Next, each vertex checks the status of
matching and send messages to itself. Finally, propagate the matching status to the neigh-
bor vertices. Compared to the batch pattern matching algorithm, the incremental algorithm

achieved from 3 to 10 times speed-up.

Fan et, al proposed incremental algorithms [39, 37, 40] based on graph simulation algo-

rithms.

2.5 Agent-Based Traffic Simulation

Traffic simulation is a fundamental field of the social application. It is mainly used for
city planning such as constructing new roads, road closures in irregular events and disaster
preventions. In order to find the best traffic planning, it is important to simulate a number
of scenarios with complex hyper-parameters. Moreover, the simulation area should be larger
(e.g. city- or country-level) and the simulation time span (or the number of simulation steps)

should be longer for more accurate simulation results.

Many traffic simulation applications use agent-based models. In agent-based simulations,
each agent object has its states (e.g. positions) and a decision-making model. In agent-based
traffic simulations, generally, each vehicle or pedestrian corresponds to an agent object, which
checks the front vehicles, pedestrians and signals, and updates the speed, position and route
for every simulation steps.

2.5.1 Motivation of the Parallel and Distributed Traffic Simulations

In order to gain global statistical insights, urban or country-scale traffic simulations must
be conducted simultaneously because even a regional traffic congestion may affect the traffic
status in remote regions. However, it is difficult to put all geographical data such as cross
points and roads and all vehicle agents to a single computation node due to the limited

memory capacity and number of CPU cores.

Consequently, a parallel and distributed execution with multiple nodes is indispensable. It
is possible to port the simulation implementation to C/C++ to reduce the memory overhead
and gain the efficiency of the CPU usage, but distributed simulations are fundamental for
certain scale of road networks because the use distributed computation environments reduce

the memory usage for each computation node and handles more CPU cores.
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2.5.2 Simulation Framework for Parallel and Distributed Environments

Some frameworks support parallel executions in distributed environments. However, agent
assignments for agent-based social simulations is a critical problem especially in parallel and
distributed computation environments to avoid load unbalancing and keep scalability with

the number of threads and processes.

D-MASON [41, 42] is a parallel agent simulator in distributed environments extended from
MASON [43]. MASON is a multi-agent simulation framework. All agents in MASON run

step by step, but each agent runs in its own thread asynchronously within a step.

dSUMO [44] is a traffic simulation in distributed computation nodes. dSUMO is developed
as an extension of an agent-based traffic simulation framework named SUMO [45]. In order
to communicate other physical machines which the same simulation instances are running on,
the authors defined dSUMO Container. Each machine has a container to manage the SUMO

processes in this machine and communicate with other containers in the different machines.

Both of D-MASON and dSUMO are supposed to use multiple remote servers including

commodity desktop computers.

2.5.3 Traffic Simulation and Graph Algorithms

In traffic simulations, many graph algorithms are used for preprossessing and postprocessing.
For example, shortest path extraction algorithms are frequently used to compute routes.
When a traffic simulation is executed in a parallel and distributed computation environments,

we need to partition road networks into small clusters.

Shortest Path Extraction

All agents in traffic simulations (vehicles and pedestrians) need to compute the route from
the origin and destination points and their preferences (minimize travel times, distances or
tolls) in advance. In traffic simulations, many shortest path computation methods [46, 47]

based on Dijkstra algorithm have been proposed.

Graph Partitioning

As we mentioned in the beginning of the section, large-scale and long time-span traffic simula-

tions with many scenarios are important to output accurate results. Parallel and distributed
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computation environments and a better graph partitioning algorithm are indispensable for
such large-scale traffic simulation in the realistic time by distributing road network subgraphs
into computation processes. In agent-based simulations, it should minimize the synchro-
nization and agent migrations to keep scalability. The requirements of a graph clustering

algorithm for agent-based traffic simulation are as follows:

Balanced subgraphs Generally, the simulation runtime for each iteration in a partition of
road network depends on the number of vehicle agent objects running in the partition,
and these numbers for all partitions should be always balanced. In this case, using
graph partitioning algorithms which accept vertex-weighted graphs is better to balance

the total workloads for each thread and/or process and to reduce the idle time.

Minimum edge-cut Communication cost as well as load balancing is critical for parallel
and distributed executions. In agent-based traffic simulations, when some vehicle agents
running on a partitioned road network are about to move to another road in the different
partition, these agent objects needs migrations from a process handling the current
road network to another process handling the destination road network. The cost of
these migrations is remarkable because it contains costs of synchronizations between
these partitions, serializations and deserializaitons of agent objects, and communication
overheads. In order to reduce the costs, we have to minimize the frequency of the
migrations, and we have to partition the original road network with minimum edge-cut

to reduce the frequency.

Small computation complexity It is ideal that the number of running agents in each
partition are totally equal and the total edge-cut is minimum, but the computation
complexity of exact graph partitioning algorithms is too large to execute for every times.
Therefore, approximate algorithms with low complexity is necessary not to affect the

performance of simulation executions.

In chapter 3, we partitioned road network using METIS [26] with the minimum edge-cut
option to reduce the frequency of migration. Recently we conducted traffic simulation in
Tokyo bay are network [48]. Figure 2.2 shows the partitioned Tokyo bay area network into
16 subgraphs.

In dASUMO [44], the authors tried some road network partitioning methods; uniform and
irregular square partitioning, graph partitioning and SParTSim [49]. SParTSim partitions
road networks based on the hierarchy of roads (e.g. expressways or regional roads) to minimize

inter partition communication in SUMO.
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Figure 2.2: Road network of Tokyo bay area retrieved from [48], which is partitioned into 16

subgraphs to minimize edge-cut.



Chapter 3

Adaptive Assignment of Agent
Objects

It is indispensable to make full use of parallel and distributed systems with increasing de-
mands for large-scale traffic simulation, but problems remain about insufficient scalability
due to costs of synchronization by load unbalancing among compute nodes. To tackle this
problem, we propose performance optimization methods for traffic simulations to underlying
road networks prepossessed by graph contraction introducing dynamic re-assignment vehicles
and cross points to threads and nodes based on time-series traffic congestion. By applying the
optimization and running the simulation of the real-world Dublin city on 16 compute nodes
of TSUBAME 2.5, the simulation performance has improved by four times with the proposed
graph contraction method. We compared the effect of optimizations between the agent as-
signment method and the existing adaptive synchronization method with the comparison to

regular one synchronization per step.

3.1 Introduction and Motivation

In recent years, demands of large-scale traffic simulation are increasing from disaster preven-
tion and city plannings. Such simulations are required to be faster especially about evacuation
simulation against sudden disasters. With increasing demands for more massive simulations,
it is hard for a standalone computer to simulate large-scale social behavior in that all agent
objects exceeds memory capacity. Even a large single computation node can handle large

road networks with millions of cross points and connecting roads, it takes more than several

22
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minutes to simulate single simulation step corresponding one second in a real-world traffic.
Therefore, large-scale road networks must be partitioned and distributed to many computa-
tional threads, processes and nodes. Figure 3.1 is the visualization of a traffic simulation in

Japan.

- NaX} 1M Mega Trafthc Viewer

Start animagion... © 2007-2008 1B Corporation Color map: 10 Redraw interval: 500 mse time: 303

Figure 3.1: The traffic simulation in Japan with a million cross points, two million connecting
roads and 10 million vehicles. Because it takes more than a few minutes per simulation step
corresponds to one second in the real world in a standalone computation nodes, we partitioned

the road network into 16 partitions and distributed them to Java processes.

Consequently, parallel distributed computation environments are usually used to handle
large-scale simulation objects in a shorter time by distributing these objects to each compu-

tation nodes.

As a means to apply an agent-based simulation program to distributed computation nodes,
however, there are some problems related to the performance we have to overcome. First,
distributions of agents and other objects must be distributed equally to each computation
nodes for better speed-up and scalability. Unfortunately, such distribution will change dy-
namically in traffic and other ITS simulations according to as running simulations. For a
reason, the scalability will be sometimes worse while conducting such simulations for a long

time. Second, communication cost between CPU cores and computation nodes must be taken
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into consideration. Agent objects will have to be distributed to each node in order to they can
handle in-memory, but some agents will send data to other neighboring agents at the different
nodes. The effect will be more significant by increasing the number of nodes and processors.
Moreover, all nodes must synchronize with each other frequently to keep consistency. When
some nodes simulate their role area very faster, and the other do slower, inconsistent outcomes

may be generated.

In this research, we executed agent-based traffic simulation in a distributed parallel sim-
ulation base and showed that the principal overheads are load imbalance between nodes and
synchronization time. Then we proposed and applied a method to counter these overheads to
our simulation base, and evaluated effects of the method. We also discussed the most suitable

scale of computation environments with input data.

Our contributions are following.

e We found the primary overhead of agent-based traffic simulation in parallel distributed

environment.

e We proposed more effective method for agent-based simulation and implemented it to

our agent simulation platform.

e We evaluated the method in several clusters up to 16 computation nodes and found

limitations of speed-up by the number of nodes.

The rest of the paper is organized as follows. Section 2 describes our agent-based simu-
lation platform for the parallel distributed environment. Section 3 describes an agent traffic
simulator we used. In section 4, we explain problem findings of performance overhead. In
section 5, we present our proposed method. In section 6, we present evaluation conditions and
results of our implementations. Section 7 describes related work. In section 8, we conclude

and show future work.

3.2 XAXIS: Agent-based Simulation Platform

As previous work, we developed XAXIS (X10-based Agent eXecutive Infrastructure for Simulation)[50,
51, 52] as agent-based simulation middleware. Simulation applications run on each X10 places
independently, and XAXIS supports multiple node execution like message exchanges, agent
migrations and synchronizations for all places. XAXIS is based on ZASE[53] simulation base,

which can run on a single node. We extended ZASE using X10 so that ZASE applications



CHAPTER 3. ADAPTIVE ASSIGNMENT OF AGENT OBJECTS 25

can be executed distributed parallel computation system to handle larger environment and
gain scalability. XAXIS provides the same API as ZASE, and the same applications can
be executed the parallel and distributed environment without any modifications. Figure 3.2

represents the software stack of the agent-based simulation.

Agent Simulation(Java)(e.g. Traffic, Sirﬁﬁgr:on
CO2 Emission, Auction, Marketing) (X10)
ZASE API (Java)

ZASE-XAXIS-Bridge ZASE-XAXIS-
(Java) Bridge (X10)

ZASE
Simulation

XAXIS : X10-Based

Simulation Runtime

Runtime (Java)

X10 (Java, C++)

Figure 3.2: Agent-based simulation software stack with XAXIS, ZASE and Java-based simula-
tion applications. The simulation applications can run at parallel and distributed applications
with the same ZASE API.

XAXIS executes following procedures at a simulation step and repeats: handles agents,
exchanges messages, and exchanges migrating agents. XAXIS entrust these simulation pro-
cedures with all X10 places, but in order to keep accuracy, it has some check points where
places will stop until rest places reach this point in every simulation steps. Some places will
wait until all places handling agents by X10 Team library so that they can send messages and
agents to correct destination.

3.3 Megaffic: IBM Mega Traffic Simulator

Megaffic (IBM Mega Traffic Simulator)[7] is agent-based traffic simulation application. It can
run in the distributed node system on the XAXIS simulation middleware. Megaffic used to

run on ZASE API, so we improved methods about agent behavior a little.

In the Megaffic application, cross points handles incoming roads to move vehicles on the

roads. Moving vehicle method is implemented at Java classes related to cross point, and
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vehicle repositories is implemented at road class. When vehicles are about to run on the
roads, destination cross point of the running road extract vehicles object from road and
adjust speeds and positions of the vehicles one after another. If some vehicles reached to a
cross point, the cross point calculates the next road and cross point, and then leave the vehicle
with the cross point. In this simulation program, each cross point is correspond to Driver
Agent at XAXIS, and vehicle is corresponded to Citizen Agent because the road network is
always stable but vehicles will be handled different cross points in other places.

Vehicle
Road

Cross Point

Driver
Agent

Driver
Agent

Drive Driver Drive
Age Agent Age

Thread0 = = Thread n-1 Thread 0 = = Thread n-1 Thread0 = = Thread n-1

gent Manager  [RU M0y oroger
hmeﬁ et

Agent Simulator [Node 0]

Figure 3.3: Agent assignment and handling from XAXIS to Megaffic. Each X10 place (process)
invoke X10 activities (threads). These threads handle agent objects (cross points) and control

vehicle objects via these cross points.

Figure 3.3 describes how XAXIS works and executes the Megaffic application in the parallel
computation environment. In XAXIS simulation platform layer, Agent Simulator will be
invoked at first when simulation program is launched. Agent Simulator creates Agent Manager
at each computation node (X10 Place), and invoke them to run Driver Agent objects. These
Agent Manager objects start several Java threads (X10 Activities) to handle Driver Agent
objects. Each thread call run method at Driver Agent, and Driver Agent objects will make
Megaffic application objects work.

In the Megaffic application layer, all cross points will call method to move vehicles running

on inner roads. Actually the Megaffic class of vehicle is treated as subclass of Citizen Agent
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on XAXIS and managed by Agent Manager in XAXIS, but vehicles will be moved by Driver

Agent via cross points and roads.

In traffic simulation at multiple-node execution, the road network as simulation subject
will be divided to sub-graphs to be stored each node. Some vehicles will be handled by a cross
point in the other nodes when running Megaffic application at distributed environment. In this
situation, the vehicle objects should be sent to the destination nodes. XAXIS supports Citizen
Agent migration like message-passing methods. First, the application creates a message object
and store the vehicle (subclass of Citizen Agent) to this message. The message is sent from

application, and restored as vehicle objects.

3.4 Preliminary Evaluation and Problem Findings

The execution speed should increase as the program use more computation nodes because the
number of agents (cross points) each thread or node handles will decrease. However, some
problems will happen when agent-based traffic simulation program is executed in parallel
distributed systems. Many vehicle objects run in a long distance, and sometimes they will have
to reach other cross points in the different nodes. In this situation, vehicle object implemented
as Java class must be serialized and deserialized. And all nodes must synchronize each other

to keep consistency.

Furthermore, some specified nodes will have to handle many vehicles while the others will
handle few of them because vehicles move to them in some simulation scenarios. Even all
vehicles are distributed to all nodes equally, congested and clear areas will be separated with
simulation running. It causes a lack of scalability because of workload imbalances between

nodes and more wait time for synchronizations.

To detect the main performance overheads, we evaluated by preliminary execution with
some computation nodes. The result of simulation is Figure 3.4. MoveVehicles means
average elapsed time that each Java thread handles cross point and have vehicles to run.
SendMessages means the elapsed time that each vehicle sends messages to neighbor vehicles.

Migration means the elapsed time that all computation nodes send vehicle data to other nodes.

Our simulation program got the best performance at 6 nodes, and there are no performance
improvements at more than 8 nodes. Procedure time of cross points’ moving vehicles was
decreased as increasing the number of nodes and the average time at 16 nodes is about

1/16 of 1 node execution. However, the time is calculated as average, and about 80% of
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Figure 3.4: Simulation time details in preliminary execution. With increasing the number
of computation nodes, the elapsed time to move vehicle decreased, but the waiting time for
synchronizations drastically increased. In the result, the number of nodes with the least

simulation time was 6.
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total simulation time is wait time for finishes of other nodes. Communication overheads by

migrating vehicles to other nodes are also remarkable in multiple node execution.

3.5 Optimization Methods

We propose several performance optimization methods: dynamic agent assignment inner
nodes (to threads) and assignment across nodes (to threads and nodes). We compare ef-

fects of these methods to reducing synchronization frequency method.

3.5.1 Synchronization Interval Extension

At first, we implemented our existing idea [51] to XAXIS.

In the XAXIS simulation base, all computation threads and nodes have to synchronize
each other in order to send and receive messages and agents correctly. In this system, however,
most nodes will be idle while some nodes take a long time to manage many agents. And what
is worse, when all threads and nodes synchronize, each node will have to communicate to the

other nodes. Those result lack of scalability.

To reduce these synchronization overheads, we added frameworks to adjust constant syn-
chronization interval to XAXIS. If the interval is set to longer, each node can execute indepen-
dently and does not need to communicate except sending messages and agents asynchronously.

Figure 3.5 shows the work flow of the optimization method.

3.5.2 Dynamic Agent Assignment

We found that the main overhead of agent-based simulation is load imbalances by distribution

of agents.

To overcome the load imbalance problem, we propose dynamical Driver Agent assignment
methods as one of the optimization method types. One is completed at each node, only re-
assign threads to agents. The other is more costly, but also more powerful method re-assigning

agents among X10 Places.
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Figure 3.5: Synchronization interval adjustment work flow.
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DYNAMIC AGENT ASSIGNMENT AT EACH INNER NODE

The first assignment method changes only the mapping between threads and Driver Agents.
It is completed in each node, and no vehicles will be migrated during this assignment. In
order that the workload will be equal among threads at each place, the mapping what thread
will handle cross points in this place regularly. There are no change among road network and

vehicles.

In the whole of a simulation, the number of cross points handled by each node is not
changed. That means load imbalance among distributed nodes will not be resolved. However,

the procedures of re-assignment are very simple and no extra vehicle migration is not necessary.

DYNAMIC AGENT ASSIGNMENT ACROSS NODES

The dynamic agent assignment inner nodes will keep load balance in each node, but load
imbalance between nodes is not yet resolved. The reason is that the total number of vehicles in
each node may change drastically. To tackle that problem, we also proposed and implemented

agent assignment across nodes together with handled vehicles.

In this method, all nodes have whole road network. It will require more heap memory and
extra runtime costs, but the usage of memory from cross points and roads is much less than
that of vehicles.

The agent assignment procedure is shown at Figure 3.6.

1. When some cross points should move to other nodes, deactivate them (stop thread

assignments) and no threads will handle such cross points.

2. In order to continue moving vehicles, migrate these vehicles to other nodes where these

handling cross points will be activate.

3. Activate cross points (assign them to threads) in the destination nodes.

By re-assigning cross points with vehicles, all vehicles handled by the cross points need
to migrate to destination node. It causes other performance overheads for communications
and calculations. However, by the communication among all nodes, load imbalance will be

resolved in the whole simulation environment.
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Figure 3.6: Agent assignment across nodes. First, deactivate the cross points of the origin
of the migration. Second, serialize the vehicle objects for the migration and send to the
destination cross points in the remote computation node. Then, deserialize the object to the

destination cross points and activate these cross points.

3.6 Evaluation

3.6.1 Input Data Set

For preparing input files for traffic simulation, we obtained Open Street Map (OSM)[54] XML
file and General Transit Feed Specification (GTFS)[55] files as road network data and person

trip file as vehicle trip data. However, Megaffic application can only input specify formatted
CSYV file, so we had to convert these XML and GTFS text files to the CSV files.

Because curved roads in OSM road network data are represented as many connected short
roads, it will be hard to handle whole network as it is with fewer computation nodes. In
order to improve efficiency, we connected such roads to one straight one. In this optimization,
curved roads are treated as straight ones. However, the affect of the optimization is little
because road network structure will never change and the lengths of connected roads are sum
of short straight ones. After the contraction, the number of cross points is reduced from
118,856 to 19,062 and the number of roads is from 269,869 to 40,965.

After aggregating networks from input data, we divided the road network into the number
of computation nodes or threads. In default, XAXIS reads a definition mapping file what
agents are assigned to each X10 place. We used METIS[9] as network partitioning program
to generate a mapping file from agent ID to X10. In the default option, METIS divides
network into the non-contiguous network. It has option to try to partition each network
cluster contiguous, but this option can be applied only when input network is contiguous. We

extracted largest Strongly Connected Component (SCC) as input data of METIS to apply
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”contig” option, which means it tries to make output clusters are contiguous. Although the
original OSM network has many isolated cross points and roads or very small road networks,
we removed them because such networks are not related to traffic simulation as no vehicles

will likely run on them.

For dynamic agent object re-assignments, we partitioned the snapshots of road networks
from the previous simulation logs for each 1,800 steps in order to balance the workload of all
computation nodes and threads. First, we create road networks with weighted vertices (cross
points) by the number of vehicles running in this step. Then, we partition the road network

with METIS so that each partition have the same sum of vertex weights (Figure 3.7).

Partitioning
(METIS)

Figure 3.7: Partitioning the weighted network with METIS in order to all computation nodes

and threads can handle the same number of vehicles.

We prepared 234,378 person trip data about commuting in Dublin city for vehicle routes.
Most of trips will go from suburbs to Dublin City Centre. For privacy preserving, we obtained
limited data: the location of origin, destination and departure time for each person. Megaffic
application needs full path data including all cross points to be passed, so we have to generate

trip paths for all people from our generated road network.

In the Megaffic application, one simulation step is corresponded to one second at default
setting. In our experiments, simulation steps are set to 14,400, which is corresponded to

4 hours. The start time of trips is based 6:00 AM, so this experiment is expected people
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Figure 3.8: Road network of Dublin city and the suburbs from [54] (©OpenStreetMap Con-
tributors). Many people commute from the suburbs to center of Dublin city using vehicles

via expressways (blue lines).
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commuting simulation from 6:00AM to 10:00AM.

3.6.2 Environment

We executed simulation program at TSUBAME 2.5 supercomputers Thin-nodes at Tokyo
Institute of Technology . The specification data is Table 3.1. These Thin-nodes have GPU

cores, but we used only CPU cores because of XAXIS architecture.

Intel Xeon X5670 2.93 GHz (6 cores)
CPU x 2 (Hyperthreading enabled)
Operating Systems | SUSE Linux Enterprise Server 11 SP3
Memory PC3-10600 54GB
Network QDR InfiniBand x 2 (80Gbps)

Table 3.1: TSUBAME 2.5 Thin-Node Specification

Megaffic application and XAXIS simulation base are running on Java and X10. The

version of Java and X10 is following.

The parameters are shown at Table 3.2.

Number of X10 Places 1,2, 3,4,6, 8,12, 16
Number of X10 Threads 12
Maximum Java Heap Memory | 48GB

Minimum Java Heap Memory | 24GB
Java Stack Size 64MB
X10 Version 2.5.1

java version 71.7.0_09”
Java(TM) SE Runtime Environment
Java Version Java HotSpot(TM) 64-Bit Server VM

Table 3.2: Multi-Node Execution Parameters

In X10, more than one places can be launched in a node. For example, if we launch XAXIS
application with setting environment valuable X10_NPLACES to 2 at single node, two Java
Virtual Machines will launch at the same node. But we assigned one place for each node in

this time because we wanted to use sufficient heap memory.
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3.6.3 Performance with Reduction of Synchronization Frequency

When we reduce synchronization frequency, the simulation time reduced at more than 4 nodes.
Especially at 16 nodes it reduced by 35% while there was little effect at less than 3 nodes.
However, the best number of nodes was 6 and the simulation time at more than 6 nodes
became worse. The main reason is that the number of message objects including vehicle
objects sent between physical computation nodes were increased and our method could not

cover these message handling overheads.
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Figure 3.9: Simulation time by changing synchronization interval.
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3.6.4 Performance with Dynamic Agent Assignment

We performed experiment with each our optimization method, dynamic agent assignments
inner and among nodes. The result of reduction of dynamic agent assignment method is
Figure 3.10.

800

700

fen)
o
o

w
o
o

H Wait

Elapsed Time (s)
D
o
o

w
o
o

“ Migration

200 i SendMessages

& MoveVehicles
100

)
¥ .
|

n
3 8
5| ©
= o
T2
gy
€| 8
)
<

InnerNode
InnerNode
AcrossNodes
InnerNode
InnerNode
AcrossNodes
InnerNode
InnerNode

AcrossNodes
InnerNode

AcrossNodes
AcrossNodes
AcrossNodes
AcrossNodes

i
N~
=
=Y

1 | 2 | 3 | 4 | 6 | 8
Number of Nodes

Figure 3.10: Simulation time with dynamic agent assignment method.

3.7 Related Work

As our previous work [51], we implemented dynamic adaptive synchronization method to
XAXIS and Megaffic. The synchronization overheads are remarkable, so we added a frame-
work to control synchronization according to congestion of road network. However, the origins
and destinations for trip of vehicles are selected randomly, so load imbalances were hidden.
In this our paper, we used real origin-destination data and found load imbalances as new kind

of overhead.

MATSIM[56] is one of the most popular traffic simulator. It is on large-scale agent-based

system, and many simulation models can be applied like mixture of public and private vehicles.



CHAPTER 3. ADAPTIVE ASSIGNMENT OF AGENT OBJECTS 38

There are many related researches about MATSIM, most of which are case studies on many
cities or model extensions. In [57], the authors tried to gain scalability of MATSIM by Java
thread. They reached 6 times speed-up using 8 threads. But these evaluation simulations are

performed standalone system, not distributed computation nodes.

SUMO[45] is also microscopic traffic simulator, implemented in C++. It is said that there
is no limitation the volume of input data like network size and the number of vehicles, but

not mentioned that it will work on distributed parallel system.

dSUMO[44] is an extended version SUMO of distributed feature, and it is evaluated using
Dublin road network. The author implemented Container and interfaces such as Server and
Clients. However, the authors used only primary roads, and evaluated with up to only 3080

vehicles, and they compared performance up to 2 machines and 4 CPU cores.

3.8 Summary

We will have to evaluate our simulation program with these optimization methods for larger
road networks and more vehicles. In these experiments, we used whole Dublin city road
network and found that the result is the best at 6-node and 72-core execution, and that
performance was saturated and become worse at more than 6 nodes. The reason is that the
problem size is fixed and these experiments are performed at strong scaling. Using too many
computation nodes caused increase of communication costs like vehicle migrations. In order
to show these optimization methods are effective, we need further experiments with various

road network or trips.

Our optimization methods leave room for improvements. In our current implementation,
whole agent assignment rules are decided before running simulation. The same preliminary
simulation have to be executed and obtain log files about the number of running vehicles on
roads and cross points. It causes waste of simulation time and computation resources, so we
will have to re-assign agents automatically while running simulations by monitoring workloads

at nodes or threads.

It also needs much more sophisticated improvement on XAXIS simulation base to syn-
chronize only partial calculation nodes at our current simulation base, so we will re-design

XAXIS to be available more elastic model as our future work.

Furthermore, it needs additional evaluations with different traffic data sets to verify our

proposed methods. Traffic maps of various scales of cities are available from OSM, but it is
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difficult to obtain public real vehicle trip data because of privacy issues. Our optimization
method assumes real traffic situation with unbalanced road congestion, so we have to consider
how we can generate trip data from limited traffic information and apply to our simulation

program.



Chapter 4
Incremental Community Detection

Community detections (community discoveries) for large-scale real-world networks have been
more popular in social analytics. In particular, dynamically growing network analyses become
essential to find long-term trends and detect anomalies. In order to analyze such networks,
we need to obtain many snapshots and apply the same analytic methods to them. However,
it is inefficient to extract communities from these whole newly generated networks with little
differences every time, and then it is impossible to follow the network growths in the real time.
We proposed an incremental community detection algorithm for high-volume graph streams.
It is based on the top of a well-known batch-oriented algorithm named DEMON [10]. We
also evaluated performance and precision of our proposed incremental algorithm with large
real-world networks with up to 410,236 vertices and 2,439,437 edges and computed in less
than one second to detect communities incrementally - which achieves up to 101 times faster

than the original algorithm without sacrificing accuracy.

4.1 Introduction of Community Detection

Community detections for large-scale networks have been significant research problems in
graph computing, and real-time analyses of complex social networks are also essential to
discover trends. Most of the real-world networks like user-relationships on social networking
services are time-evolving and dynamic networks. Consequently, in order to detect and extract
communities from large-scale and time-evolving dynamic social network in nearly real-time
fashion, it is inefficient to compute them from the beginning of the entire network every time,

even though there is little change. To overcome the problem, several approaches have been

40
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proposed for community detection algorithms working in an incremental fashion, which is

often called incremental community detection.

We propose an incremental community detection algorithm based on one of well-known
and scalable community detection algorithms named DEMON [10] for incrementally growing
networks. We implemented the incremental algorithm in C++ and conducted performance
evaluations with real-world networks representing relations of people. Then we showed that
our method took only less than a few seconds to compute incrementally updated networks
while original DEMON needed to execute community detections for a whole network in a

batch fashion - which brought the tremendous amount of overhead.

Our contributions are following: we proposed an incremental version of DEMON algo-
rithm with DEMON devising core functions, reduced unnecessary community comparison
procedures by defining a community mapping table, and proved the effectiveness of these

proposed optimizations using real-world networks.

4.2 DEMON - An Overlapping Community Detection Algo-

rithm

In this section we will introduce an overlapping community detection algorithm called DE-

MON, since our proposed incremental algorithm uses this as a base algorithm.

4.2.1 DEMON Overview

DEMON [10] is a scalable algorithm for detecting overlapping communities in complex net-
works. In this context, a community is a group of nodes densely connected to each other. It
outputs overlapping communities, that means some nodes will be in different communities at

the same time. We choose this algorithm as baseline of our research with several reasons.

First, DEMON has fine-grained scalability. Because communities will be generated in a
bottom-up way and some of the required computation for all the vertices can be independently
executed, it would fit with parallel and distribution computation. We considers it is also

suitable for incremental extension.

Second, it is the state-of-the-art community detection algorithm that outperforms other
algorithms in terms of accuracy. DEMON algorithm allows overlapped community outputs,

that is usual for real-world networks. Most of large-scale social networks contains many
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vertices with multiple properties, so DEMON algorithm should output proper communities
from these properties. Moreover, The author of [10] showed DEMON provided higher accuracy
than other community detection algorithms in that the F-Measure scores based on labels of
vertices are the largest. They also described that the community size distribution of DEMON

were more balanced than that of Infomap [58] algorithm.

Furthermore, three steps of DEMON algorithm including Fgo Minus Ego, Label Propaga-
tion and Merge functions are performed for all vertices in an independent manner. Because
each vertex is processed independently, some functions could be executed by incremental

procedures.

4.2.2 Algorithm Details

DEMON algorithm repeats the following functions including Extracting Ego Minus Ego Net-

works, Label Propagation and Merge functions for each vertex in the input network.

1. Extract an Ego Minus Ego network from a vertex.

2. Group vertices from the extracted Ego Minus Ego network according to the result of

label propagation.

3. Merge generated groups by the overlapping degree.

Next, we will describe details of these three functions DEMON algorithm consists of.

4.2.3 Extracting Ego Minus Ego Networks

In DEMON algorithm, the first step extracts an Ego Network for the chosen vertex. Ego
Network is a sub-graph of original input network consists of the specified vertex (Ego), ver-
tices neighboring the Ego vertex and edges connecting these vertices. Obviously a single node
connecting the entire sub-graph are connected directly and affect the similarities of neighbor-
ing vertices, even if they are not in the same community. For this reason, the ego vertex is
removed from its own ego network in this function. Ego Minus Ego network is a sub-graph

removed the Ego vertex from the Ego Network.
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4.2.4 Label Propagation

After the Ego Minus Ego graph is extracted from the specified vertex, the next step is to
compute communities subsets of this network by Label Propagation. The label propagation

method is based on [25], updating vertices labels by other label frequency of neighbor vertices.

This function repeats the following procedures to find small communities with the graph

structure.

1. Set numerical labels to all vertices. Each label must be different from those of other

vertices.
2. Set time stamp t = 1.

3. Choose a vertex from the network randomly and put labels gather from neighboring

vertices.
4. Find the majority of gathered labels and set it as the new label of this vertex.

5. After processing all vertices, if all labels are larger number than those of neighbors or

time stamp reaches to the upper limit, finish this label propagation algorithm.

6. Otherwise, increment the time stamp (¢t = ¢ + 1) and process vertices again.

4.2.5 Merge

Label Propagation function generates many small communities and they are restricted to be
sub-graphs of Ego Minus Ego networks. In order to find the larger and global communities

in the given whole graph, they will be merged in Merge function.

In Merge function, generated communities by Label Propagation will be merged. Parameter
€ is a given threshold indicating overlaps between communities. They will be merged if and
only if at most the € of the smaller one is not included in the bigger one. When € = 0, two
communities will be merged only if one of them is a proper subset of the other, and when
e = 1, they will be merged together even these communities do not share any nodes. In

general, two overlapped community will be more likely merged if the value of € is large.

In this example described in Figure 4.8, two communities are overlapping each other. The
left one has 4 nodes, the right one has 6 nodes and 2 vertices are overlapped. In this situation,

they are 50% (%) overlapped. If € = 0.6, at least 40% vertices of the smaller community must
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be overlapped to be merged, then these communities will be merged as a community with 8
vertices. On the other hand, if € = 0.3, at least 70% vertices must be overlapped for merge,

then they will not be merged.

The Merge function also randomly chooses an existing community to be chosen next by
shuffling orders of communities to prevent choosing the same communities in every iterations,

which causes unequal output of communities.

4.2.6 Performance Characteristics of DEMON algorithm

Coscia et. al. [10] evaluated their original DEMON algorithm with real-world networks in Java
implementation. In these performance evaluations, they used Amazon data set with 410,236
vertices and 2,439,437 edges. They mentioned the core of DEMON algorithm (Ego Minus
Ego and Label Propagation) took less than a minute, while Merge function with increasing

thresholds elapsed one minute to one hour.

In Congress and IMDb data sets, the original DEMON program detected the better com-
munity in F-Measure than other referred algorithms (HLC [59], Infomap [58], Modularity [60]
and Walktrap [61]). However, they did not evaluate more detailed DEMON’s performance
comparing with those algorithms or network data.

4.3 IncrementalDEMON - Proposed Algorithm

We propose an incremental version of DEMON algorithm named ” Incremental DEMON” that
incrementally detects communities over time from streaming data. Incremental DEMON is
comprised of three functions: incremental Fgo Minus Ego network extraction and modifica-

tion, incremental Label Propagation and optimized Merge function.

Figure 4.1 and 4.2 are the pseudo codes of the original DEMON algorithm and Incremen-
talDEMON algorithm.

4.3.1 Incremental Functions Description

In the original DEMON algorithm, intermediate networks and communities are generated for
all vertices (ego) in the given graph from the first state. However, most of the results of
Ego Minus Ego extractions, Label Propagation and Merge procedures from the incrementally

updated network are the same as from based networks if there are few differences between
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Require: Input data graph G : (V, E), community set C' = ¢, overlapping threshold e € [0, 1]
Ensure: Overlapping community set C
1: for veV do
2: e <+ EgoMinusEgo(v,G)
C(v) < Label Propagation(e)
for c € C(v) do
c<cUv
C <+ Merge(C,c,¢)
7. end for

8: end for

9: return C

Figure 4.1: Original DEMON algorithm retrieved from [10]

Require: Input data graph G : (V, E), community set C' = ¢, overlapping threshold € € [0, 1],
added /removed vertex set in this step AV

Ensure: Overlapping community set C'

1: for v € AV do

2: e < Incremental EgoMinusEgo(v, Q)
C(v) < Incremental Label Propagation(e)
for c € C(v) do

c<cUv

C + IncrementalMerge(C,c,€)
7. end for
8: end for

9: return C

Figure 4.2: Incremental DEMON algorithm
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network difference like only additional a couple of vertices or edges with the real social network

growth in a few seconds.

In this situation, it is time-wasting to repeat same graph processing every time and im-
possible to catch up a real-time network growths. To overcome this problem, we proposed
an incremental version of DEMON by introducing incremental algorithms for these three
functions, and enabled it to minimum modification for existing communities. We will show

incremental versions of them.

4.3.2 Incremental Ego Minus Ego Function

In the incremental situation, An added vertex or edge will affect only the neighbor vertices,
and almost all Ego Minus Ego networks will not be changed before and after the incremental
process. When a new vertex is added, we need only to re-construct Ego Minus Ego networks
for the neighboring vertices of the newly added vertex like Figure 4.3. When a vertex is
removed, we need only to remove a vertex and edges from Fgo Minus Ego networks for the

neighboring vertices of the removed vertex.

t=
Tt 1

Added vertex

Update
grap

original graph G Updated graph G’

Added vertex
EgoMinusEgo(vs, G’) ‘ \

Added vertex

EgoMinusEgo(vs, G’)

Added vertex

EgoMinusEgo(v,, G’)

Figure 4.3: An Example of Incremental Ego Minus Ego (add single vertex and neighboring
edges).
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The pseudo code of the incremental Ego Minus Ego function is shown in Algorithm 4.5.
When single vertex and connecting edges to neighbors are newly added, The algorithm is
repeated for each added edge. Compared with the original Fgo Minus Ego function con-
structing Fgo Minus Ego networks for all vertices (Algorithm 4.4), the incremental function

only updates two vertices for origin and destination of an newly added edge.

Require: G: (V,E),v eV
Ensure: G': (V' E')
for allv eV do
V' « neighbors(v)
for all v' € V' do
for all ¢’ € outer(v') do
if target(e’) = v then
E' +— F'ueé
end if
end for
end for

end for

Figure 4.4: Original Ego Minus Ego algorithm

4.3.3 Incremental Label Propagation Function

The incremental label propagation for each extracted Ego Minus Ego network will perform
independently. At Label Propagation algorithm, a frequently appeared vertex is selected or if
the frequency is the same, and then it randomly selects a vertex. Repeat the Label Propagation
algorithm only near the added / removed vertex. Because the idea of label propagation method
in original DEMON is based on [25], which chooses and sets the label with highest frequency
in neighbor vertices, it is natural to set the highest frequently appeared labels to those added

vertices.

An example of incremental Label Propagation procedure with addition a vertex is shown
Figure 4.6.
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Require: G: (V,E),e€ E,
EgoMinusEgo : G' = (V',E') C G
Ensure: Updated G’
for all v € [source(e),target(e)] do
V' < neighbors(v)
for all v' € V' do
for all ¢’ € outer(v') do
if target(e’) € V' then
E' + F'ueé
end if
end for
end for

end for

Figure 4.5: Incremental Ego Minus Ego algorithm (add single edge)

4.3.4 Merge Function

DEMON algorithm applies ”local-first” approach rather than top-down view. Generated
communities from previous Label Propagation procedure are too small and local. In order
to detect more global communities, all overlapping communities should be merged together.
Needless to say, the result of incremental Label Propagation is incrementally changed, so we

need to apply a little modification to the original result of Merge process.

The authors of [10] mentioned, however, the Merge function does not hold the incremen-
tality property, and an alternative simpler algorithm keeps incrementality were needed as

their future work.

On the other hand, an alternative Merge function can be defined to combine the results
provided by the core of the algorithm, thus preserving its possibility to scale up in a parallel
framework. We cannot adjust the result of merge function only by adding or removing sub-
graphs because the decisions whether some communities should be merged would change and

future scenarios might be different.

On the other hand, most communities with no common vertices do not have any rela-
tionships with added single vertex, and we can reduce the number of comparisons between
an incrementally updated community and other communities. In order to specify commu-

nities which each vertex belongs to, we defined a mapping table between vertex ID and set
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Figure 4.6: Incremental Label Propagation.
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of community ID. Elements of the table will be constructed and refereed during the initial

Merge function and the construction cost of this table object can be ignored in the incremental

process by reusing it.
We describe optimized merge function to Algorithm 4.7.

Require: C : Total community set,
¢ : Updated community,
T : Mapping table,
€ : Threshold

Ensure: Updated C and T
Cset < ¢
for all v € ¢ do

Cset < Cset UT|v]
end for
merged < False
for all ¢ € Cset do
if ¢/.size < c.size and ¢ C,. c then
u+cdUc
c—-d, C—c
C+—CUc
merged < True
Return
end if
end for
if merged = False then
C=CuUc
for all v € ¢ do
T[] «+ Tv]Ue
end for
end if

Figure 4.7: Pseudo Code of Optimized Merge Algorithm with Community Mapping Tables

In the first for-all loop, this function extracts possible communities to compare. Keys of
the mapping table T' are vertex IDs and values are sets of community ID which the vertex
belongs to (7T[v] means the community ID sets with vertex v). At the end of this for-all loop,

the community set C'set stores the all possible community IDs which might be merged to the
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given community c.

These communities are compared in the second for-all loop one after another. The inside
of this loop is the exactly same as the comparison procedure of Merge function in original
DEMON algorithm. If a community should be merged is found, merge these communities
and finish this optimized Merge function. If there are no communities to be merged, register

the given community ¢ as the new global community and update this mapping table.

In fact, our optimized method has extra cost for constructions and references the mapping
table. However, the number of comparison and merge process were reduced by referring
this table. While original Merge function compared all-to-all small communities even most
communities are never overlapped, our optimized Merge function compares only overlapping

communities, then it eliminates unnecessary merging repetition.

Furthermore, we can reduce the community comparison processes in the Merge function of
our Incremental DEMON algorithm. In order to find communities we should actually compare
quickly, we defined two types of tables. The first table represents mapping between vertex ID
and community IDs the vertex belongs, and the second one represents the number of vertices
and overlapping communities for each community. These tables will be updated when vertices

or edges are incrementally added to or deleted from communities.

We will show an example of the way with how incremental Merge processing with updates

of these tables when an edge is added (Figure 4.8(.
1. Suppose an edge between vy and vg is added, and vy is about to join community Cy by
the result of incremental Label Propagation function.

2. Update these tables describe member vertices and overlaps according to updated vertices

and communities where they belongs.
3. Apply Merge function only to communities which of statuses are updated.

4. If they are actually merged, update these mapping tables again.

4.3.5 Computation Complexity

Suppose the degree of the updated (added or removed) vertex v is k,, and the average degree
of graph is k. n and m is the number of total vertices and edges of a given graph. We also

define |C] as the number of generated communities.
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Figure 4.8: An Example of Incremental Merge Processing with Optimized Data Structures.

4.3.6 Ego Minus Ego Network Extraction

The Ego Minus Ego function extracts Ego Minus FEgo networks from neighbor vertices of
the update vertex, and then add or remove the neighbor vertices. From the discussion, the

computation complexity for an Ego Minus Ego function is O(k, X k).

Considering that Fgo Minus Ego networks must be stored for all vertices, the space com-
plexity is O(n+m) x k. That means it needs large heap memory space to store the number of
average degree of a graph, and it is impossible to manage billion-scale networks in this method.
We will need a scalable method such as data optimization and leveraging distributed-memory

environments for our future work to handle larger-scale data.

4.3.7 Label Propagation

The Label Propagation function puts or updates a label to the newly added vertex. The
computation complexity is O(k,) because it only updates the added vertex label from neighbor

vertices.

The space complexity is only O(n x k2), because the function stores the member of com-
munities for each Ego Minus Ego network. The required heap memory space might be much

larger than Ego Minus Ego network extraction.
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4.3.8 Merge Function

In the original DEMON;, the computation and space complexity in the Merge function is |C|
and |C| x n. On the other hand, our optimized Merge function, the computation and space
complexity is up to |k, | and |k,| x n because we have only to compare near communities from

neighbor vertices.

4.4 Performance Evaluation

4.4.1 Implementation

We implemented original and incremental DEMON algorithms in C++ on top of our own
graph database called IBM System G [62]. The original DEMON algorithm has been im-
plemented as a Python script and can be downloaded from DEMON homepage [63], and we
ported this script to C++ code.

4.4.2 Experimental Data Set

In order to compare our proposed incremental method and the original one, we obtained the

same data sets as the experiment of the authors of [10] did as follows.

Congress
The network of legislative collaborations between US representatives of the House and
the Senate during the 111st US congress. It is a relatively dense network, with 536
vertices and 14,198 edges, and average degree is 53.98.

IMDb
We also used the part of the data set of actors who star in at least two movies during
the years from 2001 to 2010, filtering out television shows, video games, and other
performances. The number of vertices and edges are 56,542 and 185,247. The average

degree is 6.55.

Amazon
As a larger real network, we used Amazon purchases data. It has frequent co-purchases
of products are recorded for the day of May 5th 2003. The number of vertices and edges
are 410,236 and 2,439,437, and the average degree is 11.89.
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Input files for the experiments have edge list in the CSV format where each line is com-
prised of one edge from a source vertex to a destination vertex. In order to simulate time-
evolving dynamic graph, we have 2 different files - one for baseline graph data and another
file for dynamically added edge list. Base graph data to be added will be read at once and
additional edge data to be added incrementally.

4.4.3 Experimental Environment

In the original DEMON algorithm, we executed the whole algorithm for dynamic networks.
We generated each network input file by newly added edge data one by one, then start
DEMON program and measure execution time and obtain communities. On the other hand,
our incremental DEMON algorithm loads a baseline graph data and calculate the initial
community only once. We evaluated performance by executing the original and incremental
DEMON algorithm on IBM System G process. The execution environment is 64bit Red Hat
Linux, with single core Intel(R) Xeon(R) CPU E5-2660 @ 2.20GHz and 378 GB random access

memory.

4.4.4 Performance Results

The execution times for community detections with additional 100 edges with Congress, IMDb
and Amazon data sets are shown in Figure 4.9, Figure 4.10 and Figure 4.11 respectively. These
figures describe the elapsed time for the first step (the lower part of each bar) to generate
and analyze baseline graph objects and the changed graph with additional new 100 edges to
update and analyze them (the upper part of each bar).

With Congress data set, the original DEMON algorithm took about 1.3 seconds in the
first step and constantly more than one seconds in each step. The total execution time was
about 130.4 seconds with the parameter € used in Merge function was 0.25. In our incremental
DEMON algorithm, it took about 1.29 seconds in the first step, almost same as the original
algorithm. However, it took only 0.049 seconds for incremental steps to add 100 edges, resulted

1.34 seconds in total and 98.4 times faster than that of the original method.

In IMDb data set, the original algorithm took more time, about 4.79 seconds per each
step, and the total execution time was more than 6 minutes. In our incremental DEMON
algorithm, the first step took 4.868 seconds, but the incremental phase took only 0.96 seconds
in the first step. The total execution time was only 5.828 seconds which achieved about 83.0

times faster with the parameter € was 0.25. When € was 0.5 or 0.75, our incremental method
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Figure 4.9: Elapsed time using Congress graph data when new 100 edges are added
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Figure 4.10: Elapsed time using IMDb graph data with additional 100 edges
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was around 101.5 times faster than that of the original method.

Amazon Data (Add 100 Edges)
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Figure 4.11: Elapsed time using Amazon graph data with additional 100 edges.

In Amazon data set, the effect of our incremental method was still remarkable. The original
DEMON algorithm almost constantly took 36.6 seconds for each step, and total execution
time was more than one hour. On the other hand, our incremental DEMON algorithm took
about 44.1 seconds for the first step, but the incremental steps for additional 100 edges was
only about 10.1 seconds. The total time was 54.2 seconds, 69.2 times faster than the original
method.

The main reason why the incremental method took more time in the first step with
Amazon data set than with Congress and IMDb data is that the number of vertices and edges
are much larger, and the overheads for inner rearranging intermediate data structures such

as C++ standard map structures became visible.

Even if the threshold parameter e for the Merge function was changed, the total time for
DEMON algorithm was not drastically changed. Generally, if € is large, small communities
would be frequently merged and the communities for comparison would drastically decrease.
On the other hand, when ¢ is small, the number of merge processes will decrease, but many
communities overlapped but not merged must be compared for every iterations. These com-
parison procedures could be reduced if we introduce additional data structure for comparison

tables like in Figure 4.8. It will be our future work.
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4.5 Related Work of Incremental Community Detection

Zhenyu and Ming propose a scalable community detection method for tag assignments stream
clustering (TASC)[64]. The method requires not only network structures, but needs tag set
and user data for all network vertices. They used three types of data sets with about 10,000
to 70,000 vertices and 50,000 to 440,000 tag assignments, and no initial edges were specified.

Their performance experiment showed that it took about 10 ms to 30 ms with one assignment.

Sheng et. al. focused an incremental label propagation algorithm and added the time
sequences as well as labels to vertices [65]. The average computation complexity was the
same as the total number of local edges connected to the local vertices O(m) (m: the number
of edges), and the worst case of the overall time was O(m+n) (n: the number of vertices). The
authors showed that the average iteration time was 4.411 seconds with on-line game players
networks. In this algorithm, additional tag data were necessary and the final results of network
division might change with the number of iterations. Our proposed method considers only

network structures, and output results are stable.

Jingyong and Hongsheng proposed an incremental algorithm based on growing social net-
works considering that most communities tended to evolve gradually over time[66]. They
used computer-generated data sets and internet peer-to-peer network data with 10,876 ver-
tices and 39,994 edges for their experiments. Compared with RI (based on Radicci method)
and IC (finding nodes that are connected with increments: almost same as this method), the
computation time was almost same as the IC method, and better than the other methods

especially increasing the total number of vertices.

4.6 Summary

We proposed an incremental community detection algorithm based DEMON algorithm for
real-world network analyses. We also showed our algorithm reduced the execution time of
community detection to less than single second for incrementally updated networks, and makes

around 100 times faster than original method in 100 steps iterations.

Besides the speed-up of community detections for incrementally growing networks, it took
much more time to generate EgoMinusFEgo networks and set labels for all these networks in
the first step. Moreover, it consumed much larger heap memory space than these original
three functions we mentioned and it was not realistic to apply it for much larger networks

with a standalone commodity machine with limited memory size.
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As a future work, we will optimize FgoMinusEgo network extractions and storing func-
tions, and improve this method on parallel and distributed-memory machines with running
incremental community detections. We will only show the result on a single node, but as our

next work, we will implement a distributed version of our proposed method.

In this research, we implemented and evaluated incremental method only for adding edges.
We will also propose additional incremental procedures for deleting edges and vertices as

another future work.

We will also need more precise evaluations about outputs like distributions of generated
community sizes and precision. Original DEMON mentioned that the distribution was better
than that of other popular community detection methods. Because our method especially
LabelPropagation is supposed approximation to set labels, the final result may be different

from the original results.



Chapter 5

Incremental Graph Pattern
Matching

Graph pattern matching algorithms to handle million-scale dynamic graphs are widely used in
many applications such as social network analytics and suspicious transaction detections from
financial networks. On the other hand, the computation complexity of many graph pattern
matching algorithms is expensive, and it is not affordable to extract patterns from million-
scale graphs. Moreover, most real-world networks are time-evolving, updating their structures
continuously, which makes it harder to update and output newly matched patterns in real
time. Many incremental graph pattern matching algorithms which reduce the number of
updates have been proposed to handle such dynamic graphs. However, it is still challenging to
recompute vertices in the incremental graph pattern matching algorithms in a single process,
and that prevents the real-time analysis. We propose an incremental graph pattern matching
algorithm to deal with time-evolving graph data and also propose an adaptive optimization
system based on reinforcement learning to recompute vertices in the incremental process
more efficiently. Then we discuss the qualitative efficiency of our system with several types of
data graphs and pattern graphs. We evaluate the performance using million-scale attributed
and time-evolving social graphs. Our incremental algorithm is up to 10.1 times faster than
an existing graph pattern matching and 1.95 times faster with the adaptive systems in a

computation node than naive incremental processing.
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5.1 Introduction

5.1.1 Background

Graph pattern matching is a fundamental graph data processing method. It extracts sub-
graphs with some restrictions such as topologies or vertex and edge attributes represented
as a small graph (query pattern graph) from a large-scale graph (input data graph).
Graph pattern matching algorithms are widely used in many applications, such as social
network analysis [37] and suspicious financial transaction detection [67]. In social network
analysis, for example, graph pattern matching algorithms enable the extraction of particu-
lar organizations and clubs of members and relationships with typical roles. In suspicious
financial transaction detection, it allows frequent screenings of bank accounts involving suspi-
cious transactions. These networks typically used in these real-world applications are usually

million-scale, and their structures update frequently.

5.1.2 Problem Definition

There are several significant challenges to apply graph analytics to time-evolving graphs.

First of all, real-world graphs update their topologies and attributes of their vertices and
edges frequently. Many graph analytics needs to follow the update, but it is hard to re-compute

for the entire graph after every change to avoid missing newly matched patterns.

It is also difficult to apply a pattern-matching algorithm to full graph structures with
million edges because it has at least polynomial time complexity. In particular, the computa-
tion complexity of subgraph isomorphism is NP-complete [68]. In order to run graph pattern
matching in realistic execution time, we need to adjust the computation area and adopt an

approximate algorithm with less computation complexity.

5.1.3 Requirements of Graph Pattern Matching

Optimization methods for graph pattern matching algorithms have been proposed to deal
with these problems. However, some of them are not suitable for real-world network analysis
because they do not support topological matching and vertex or edge attribute matching.
There are pattern matching algorithms which support exact topological matching, but it
takes a long time to update results incrementally even it outputs few matched patterns with

the time constraint.
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To propose a graph pattern matching method addressing these problems, we define the
following requirements of our proposed graph pattern matching method. These requirements
are fundamental to conduct flexible and real-time graph pattern matching for real-world

applications.

Subgraph isomorphism: There are graph pattern matching algorithms such as graph
simulations which do not consider the topological matching in order to reduce the compu-
tational cost of subgraph isomorphism. However, for many applications, such topological

restrictions restrict the patterns that are worth exploring.

Attributes of vertices and edges: Vertices and edges in real-world graph data usu-
ally have attributes such as labels and properties. In financial transaction data, for example,
vertices (bank accounts) have account ID, customer name, or account type while edges (re-
mittances) have transaction date and amount. Users extract patterns with restrictions of such

attributes.

To address this issue, we add to our graph pattern matching method a requirement to
support the label and property filtering for both vertices and edges. In other words, when
the vertices and edges in a query graph have labels and properties, we require that the

corresponding vertices and edges in the matched subgraphs also have labels and properties.

Approximate patterns should also be found: As we mentioned at the first require-
ment, topological restrictions are necessary for many graph pattern matching applications.
On the other hand, some applications favor outputs of topologically approximate patterns.
For example, in a suspicious transaction pattern detection from financial transaction graphs,
it is unrealistic to prepare all criminal transaction patterns and match them exactly. There
might be potentially suspicious transaction patterns similar to obviously suspicious patterns.
In this situation, our proposal allows to topologically approximate patterns as well as exact

patterns.

5.1.4 Research Challenges and Contributions

Many matching problem for large-scale and time-evolving graphs have been proposed. Previ-
ous work proposed in [37, 69, 70, 71] updates the results partially by the update of input data
graph structures and attributes. However, the efficiency of the incremental process depends

on the types of the input data graphs and query pattern graphs.

We define the following research challenges.
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e How can we reduce computation costs of an approximate subgraph isomorphism algo-
rithm for dynamic graphs? Can we update the partial result of graph pattern matching
efficiently?

e Can we adjust the incremental processing from the type of input data graphs and query
pattern graphs automatically?

e Can we make the optimization method applicable to various input graphs and query

patterns?

In this work, we propose an adaptive and incremental graph pattern matching algorithm

with reinforcement learning.

First, we propose an incremental graph pattern matching (IGPM) algorithm based on an
existing approximate graph pattern matching algorithm named G-Ray [6]. G-Ray supports
a “best-effort” topological pattern matching with reduction of the computation complexity.
It has core functions to search for the best matched vertices and edges. We extend the
incremental version of these functions according to the type of graph updates: edge additions,

edge removals and vertex label updates.

We also propose “partial execution manager” (PEM) to choose subgraphs for re-computation
by our incremental graph pattern matching algorithm. The best matching vertices set de-
pends on several factors including the number of vertices and edges in the input data graph
and required time limit. It partitions input data graphs into small clusters and output vertices
in the updated clusters. The PEM component has a reinforcement learning sub-component to
receive feedback such as elapsed time and the number of matched patterns. This information

is used to adjust these parameters of the graph clustering.

In summary, our technical contributions are as follows.

1. We propose an incremental graph pattern matching (IGPM) algorithm based on an

approximate and fast graph pattern matching algorithm to reduce re-computation cost.

2. We propose a performance optimization component named partial execution manager
(PEM) for IGPM to output the best vertex set for re-computations in the incremental

processing.

3. We show the efficiency of our algorithm and system using some input data graph and
query pattern graph types commonly used in real-world graph data sets and pattern

matching applications.
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4. We evaluate the performance of IGPM and PEM using real-world time-evolving graph

data sets and several types of query pattern graphs in a multi-core computation node.

5.2 Related Work

Previous works proposed graph pattern matching algorithms which deal with large-scale
graphs. Some of them relax topological restrictions of subgraph isomorphism due to the
high computation complexity, and others apply clustering algorithms to input data graphs to

prune unnecessary re-computation areas.

5.2.1 Graph Pattern Matching for Large-scale Graphs

Graph pattern matching algorithms are categorized to subgraph isomorphism [72] and graph
simulation [34]. The main difference is whether it requires topological matching including
edges or it considers only corresponding vertices. Subgraph isomorphism extracts subgraphs
with the same graph topology as the query graph. On the other hand, graph simulation

relaxes the topological restriction and only take vertex matching into considerations.

Because most real-world applications require the topological constraints, subgraph isomor-
phism is a better fit as it can extract specific patterns by specifying topological constraints.
However, because the computational complexity of subgraph isomorphism problem is NP-

complete [68], many relaxed pattern matching algorithms have been proposed [37] [39] [73].
plete [68], many p g alg proposed [37] [39] [73]

The computation cost is linear with the number of matched patterns; hence it is unrealistic
to extract all possible patterns. [74] [75] [76] [77] extract only top-k patterns. These methods
do not guarantee to extract all possible patterns, but they consider the topological matching

to a certain degree.

Some graph pattern matching algorithms for large-scale and attributed graph are proposed
with the graph data optimization techniques such as query graph decomposition [75] [78] [79]
and input data graph compression [80] to reduce the computation costs keeping the output

qualities.

5.2.2 Incremental Graph Pattern Matching

Table 5.1 represents the state-of-art incremental graph pattern matching algorithms recently

proposed for large-scale graph data. It also represents the compatibility with the requirements
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we defined in Section 5.1.3. Columns "ISO” (subgraph isomorphism), ” Attr” (vertex and edge
attributes), "Time” (real-time processing) and ”Approx” (approximate matching) indicate
whether these methods fulfill each requirement. Our system with the incremental graph
pattern matching algorithm and an optimization component for incremental process supports

all four features.

Paper Method ISO | Attr | Time | Approx
IncGM+ Compute fringe subgraphs | v/ v v
D-ISI Distributed graph pruning | v/ v v
Bounded Simulation | Graph compression v v
Turborso NEC & COMB/PERM v v v

(Our Method) IGPM-PEM v v v v

Table 5.1: The state-of-art incremental graph pattern matching methods

Abdelhamid et al. proposed IncGM+ [69], a heuristic subgraph isomorphism algorithm
for large evolving graphs. It separates the input data graph into frequent and infrequent
updated subgraphs and prunes the update area by adjusting the boundary subgraphs named
"fringe”. They also proposed the optimization of subgraph embeddings in the fringe to reduce
the memory overhead for storing fringe subgraphs. It reduced the computation time keeping
the small memory overhead, but some data sets did not improve the performances because of

too much graph pruning were performed.

Wickramaarachchi et al. proposed a distributed graph pruning algorithm for dynamic
graphs (D-IDS) and a distributed incremental subgraph isomorphism algorithm (D-IST) [70].
D-IDS limits the search space for subgraph isomorphism with small diameter graphs. This
method can extract exact patterns with lower latency in small-diameter input graphs, but the

latency is much longer in the large-diameter graphs.

Fan [37] proposed a notion of graph pattern matching the revised incremental version of
"Bounded Simulation” [35] for social network data with optimizations by query preserving
graph compression and distributed graph pattern matching. However, even though it considers
the connectivity of the two matched vertices connected each other, the limitation is still
permissive, and it does not evaluate the similarity between the query pattern and extracted

patterns.

Han et al. proposed an optimized incremental subgraph isomorphism algorithm named

Turborso [71]. Tt uses region exploration by the neighborhood equivalence class (NEC) and
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combine and permute (COMB/PERM) techniques to prune unnecessary searches.

5.3 Proposed Method

To process incremental graph pattern matching efficiently, we propose an adaptive graph
pattern matching algorithm named IGPM-PEM, with incremental graph pattern matching
(IGPM) algorithm and partial execution manager (PEM) to re-compute the updated sub-
graphs.

In this section, we present our proposed IGPM algorithm and PEM for re-computation
optimization. First, we introduce an incremental and approximate subgraph isomorphism
algorithm based on G-Ray [6] algorithm. Next, we introduce PEM to optimize the IGPM
consists of reinforcement learning and graph clustering components. Finally, we discuss the

efficiency of several types of input data graph and query pattern graph qualitatively.

Figure 5.1 represents our system with IGPM-PEM component. It iterates our incremental
graph pattern matching algorithm, reinforcement learning, and graph clustering processes to

optimize the performance of graph pattern matching.

First, when some topological or attribute updates occur in the input data graph such as
edge additions or vertex label changes in the IGPM component, the PEM component inputs
the accumulated features of the data graph such as the number of vertices and edges. It also
inputs the elapsed time of the IGPM phase and the number of extracted patterns and their

similarities as rewards of the reinforcement learning.

The reinforcement learning component computes the best granularity of subgraphs for the
re-computation process from the reward and input parameters such as input graph data size.

It sends the minimum number of the subgraph size to the graph clustering component.

The graph clustering component partitions the input data graph into the clusters with
the appropriate size. It repeats the Louvain method [19] until these partitioned clusters
cannot be divided further or the size of clusters is smaller than the parameter defined at the
reinforcement learning component. If a cluster has at least one updated graph element such
as an added edge, all vertices in the cluster will be subject to the re-computation of IGPM in

the next iteration. Finally, PEM sends the resultant vertex set to the IGPM component.
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Figure 5.1: Components of our adaptive IGPM system

5.3.1 Approximate Graph Pattern Matching

Previously we mentioned the requirements of graph pattern matching that topologically
matches exact patterns and similar patterns should be extracted from the input data graph.
For this reason, we extended an existing approximate subgraph isomorphism algorithm which

extracts both exact and approximate patterns.

G-Ray [6] is an approximate subgraph isomorphism algorithm which extracts subgraphs
matched with the desirable patterns which are “best-effort results”. That means each vertex
in the subgraph corresponds to a vertex in the query graph, and the connectivity is main-
tained even when the exact pattern does not exist in the input data graph. Additionally, the
computation cost of the G-Ray is linear concerning the size of the data graph compared to

the polynomial complexity of the exact subgraph isomorphism algorithms.

We adopt G-Ray as a baseline of our method since it has following properties, which satisfy

part of the requirements we defined.

Approximate subgraph isomorphism: It exacts the most proper subgraphs for the
query pattern as subgraph isomorphism algorithms. When it finds matched edges directly
connecting two matched vertices, it will choose the most suitable one with the highest goodness

score.

Vertex attribute matching: It finds each matched vertex from input data graph with

the same vertex label as in the query pattern graph.

Extract a specified number of best-effort subgraphs: It extracts similar patterns
as well as exact patterns by the best-effort matching process. Users can specify the number

of patterns to extract.
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Linear computation complexity: Graph pattern matching algorithms based on sub-
graph isomorphism are NP-complete, which is prohibitive for large-scale graphs. On the other
hand, the computation complexity of G-Ray algorithm is the linear of the number of vertices

in the data graph.

G-Ray has the following three core functions to find the best matched first vertex named
“seed” vertex, neighbor vertices of the previously matched vertices, and edges connecting

these matched vertices.

Seed-finder: It finds the most suitable vertex (seed vertex) from the input data graph,
producing the largest goodness function score corresponding to a query graph with the same
label.

Neighbor-expander: It finds the best matching neighbor vertex from the input data
graph of the previously matched vertex, producing the best goodness function from the input

graph to indicate the closeness of two vertices.

Bridge: It finds the best path (one or more connecting edges) between these two matched
vertices with the derivative of the EXTRACT [81] algorithm, and connects them from the
input data graph with intermediate edges.

The two matched vertices are not always neighboring each other because there are no such
directly connecting edges between these vertices which exist in the query graph. Even in this
case, G-Ray finds the best (usually the shortest) paths in the bridge function and output the

"best-effort” approximate query.

5.3.2 Incremental Graph Pattern Matching

To execute IGPM efficiently of time-evolving graphs, we design the incremental version of the
G-Ray algorithm by extending these three core functions of the original G-Ray. Figure 5.2
shows the algorithm of IGPM.

The incremental extension of seed-finder function performs different procedures by the
change of graph structures or attributes. It re-computes the RWR scores and goodness scores
of vertex pairs should be directly connected. Then, it iterates the incremental extension of
“neighbor-expander” and “bridge” functions for each vertex as a “seed” connected to the

added or removed edges.

The incremental extension of neighbor-expander function updates the best-matched neigh-

bor vertex of the previously matched vertex. When the added edge is connected to the ”seed”
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Require: The input data graph G, the query pattern graph Hy, vertices list V; from updated
edges
Ensure: Updated subgraphs H;
1: for v € V; do
2:  Update all RWR values r, , from v to reachable vertices u
. end for
: for v € V; do
seed < v

for u € neighbors(v) do

3

4

5

6: repeat
7

8 Compute goodness function g,, from 7,
9

end for
10: u = argmax,(gy)
11: Update the best path by bridge algorithm with r, 4,
12: Mark the edge (v,u) in H, as ”processed”

13:  until All nodes in H, are "processed”
14:  Add the extracted pattern to H;
15: end for

Figure 5.2: IGPM Algorithm
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vertex, it re-computes the goodness function of the seed vertex and all the neighboring ver-
tices. If some different neighbor vertices produce the higher goodness function score than that

score of the current neighbor vertex, replace it with the new vertex with the highest score.

When the seed vertex or the neighbor vertices are updated after applying the incremen-
tal seed-finder or incremental neighbor-expander, it needs to re-compute the original bridge
function with these updated matching vertices. If these origin and destination vertices the
same as in the previous state, it only checks the updates of intermediate vertices and edges,
and re-computes and reconnects the path partially,. When an edge is added to the input
data graph, it extracts all existing paths passing the source and destination vertices and

re-computes goodness score and these intermediate paths between them if needed.

5.3.3 Partial Execution Manager

To execute our IGPM algorithm with real-world dynamic graphs more effectively, we also
propose Partial Execution Manager (PEM), an adaptive vertex assignment component
for dynamic graphs. PEM computes a vertex set for re-computation from the current graph

states and parameters.

It consists of two sub-components: the graph clustering component and the reinforcement
learning component. The reinforcement learning component adjusts the parameter of the
graph clustering component which determines the area of subgraphs to extract vertices for

re-computations through the Louvain method.

Figure 5.3 shows the optimized IGPM algorithm with PEM. Lines from 7 to 20 represents
the PEM process: reinforcement learning and graph clustering are performed at line 7 and
13.

Re-computation Vertices Extraction

In incremental graph pattern matching, we need to re-compute neighboring vertices of the
updated area to find new patterns because even an edge update will affect the result of RWR
in the neighboring vertices. On the other hand, it is inefficient to re-compute all unaffected
vertices to find patterns with only a few vertex or edge updates. To extract re-computation
vertices, determining the subgraph areas is important. PEM adjusts the area adaptively using

graph clustering and reinforcement learning to extract new patterns.

When too many vertices updated to be re-computed all vertices, PEM extracts the mini-
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Require: The input data graph G, the query pattern graph H,, initial community size c,

total number of steps T'

Ensure: Subgraph patterns H;

1: step <0
2: repeat
3:  Vj « vertices from updated edges at step
4  H;+ IGPM(G,H,, V)
5.t <« elapsed time of IGPM
6:  x < number of vertices and edges of G
7:  y < reinforcement learning with input = and reward %
8 if y == 0 then
9: ci—c—1
10:  else
11: c+—c+1
12:  end if
13:  communities < clustering with recursive Louvain from G into communities with size
c
14: [ < vertices from updated edges at step + 1
15: Vi =list()
16:  for com € communities do
17: if com and [ has common vertices then
18: Add all vertices in com to V]
19: end if
20:  end for

21: until step > T

Figure 5.3: Optimized IGPM with Partial Execution Manager
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mum number of vertices from fine-grained subgraphs. The reinforcement learning component
outputs the smaller number of community size for the graph clustering component to output

the fine-grained vertex set.

Then, the graph clustering component repeats the Louvain methods recursively until each
size of clusters is less than the specified size threshold and outputs small communities. Finally,
PEM extracts vertices from these communities, and output all vertices in each community if

at least one of vertices in the community also belongs to the updated vertex set.

Data Graph Clustering

PEM has a graph clustering component to divide input data graph into small clusters and

extract vertices for re-computation from the several clusters where edge updates occur.

We use the Louvain method [19] as a clustering algorithm. It is a heuristic community
extraction method with optimizing modularity. It iterates changes of communities locally to

maximize modularity and aggregates these communities.

The main reason we use the Louvain method as clustering in PEM is that we can adjust
the size of communities by the number of iterations. When it has insufficient time and does
not want so many patterns, it partitions the graph into fine-grained clusters and output
minimum vertices for re-computations. Moreover, it can handle larger (million-scale) graphs
in the reasonable computation cost and the additional time for the graph clustering process

itself is relatively small.

Reinforcement Learning

There are many factors to find the best subgraph area for re-computations, such as the input
data graph and query pattern graph, updated edges and so on. However, it is difficult to find
out the best parameter because there is no answer data (the best parameter) for unknown
data sets (input data graph and query pattern graph), and it is also hard to learn parameters

for all combinations of data sets.

To avoid the problem, we used the reinforcement learning model to adjust parameters of
graph clustering component automatically. The main reason we adopt reinforcement learning
is that the reward and action patterns are clear to be defined, while the primary graph features

to affect the performance of IGPM are not obvious.

PEM has reinforcement learning component to adjust the parameter. It updates its learn-
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ing model to output the best parameter during the iteration of IGPM and PEM process, so

we do not have to try many parameters and formulas of the model manually.

We use a Deep-Q Network (DQN) [82] for our reinforce learning model. The observation
of the reinforcement learning agent, i.e., input layer of this DQN, are two-dimensional real-
valued variables: the density of input data graph (a proportion of the number of edges out of
the number of vertices) and the proportion of the affected communities. The DQN has two
hidden layers with four units, and each layer is fully connected. The output layer to determine
an action has two units. The action is to increment or to decrease the threshold of minimum

community size.

5.3.4 Qualitative Discussion of Graph Types

In graph pattern matching applications with real-world data set, users may want to try several
kinds of queries according to the kind of applications or data sets. In this section, we discuss
the combinations of input data graph and query pattern graph types in detail to prove the
validity of our method using PEM qualitatively.

Input Data Graphs

Considering our method is used in primary large-scale real-world applications, first we discuss
the validity for the following five types of input data graph and kind of clustering algorithms.

1. Scale-free graph

2. Random graph

3. Sparse graph (with isolated edges)

4. Sparse graph (with dense subgraphs)

5. Dense graph

Scale-free graph: Scale-free graphs are considered as the representation of real-world
networks. They have a few hub vertices and many leaf vertices and usually appear in many

real-world domains such as social networks. However, clustering algorithms which maximize

the modularity are not suitable for such graphs. Since the degree distribution is unbalanced,
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clustering algorithms usually output unbalanced clusters, and it is difficult to adjust these

sizes. The cluster size depends on the degree of hub vertices.

Random graph: Since the degree distributions of random graphs are relatively decen-
tralized, compared to scale-free graphs, the result of clustering can be more balanced and
flexible.

Sparse graph with isolated edges: Sparse graphs appear as the initial states of real-
world networks such as social network and bank transactions. These type of graphs usually
have many isolated vertices, edges and tiny components, which should be excluded in advance

to apply clustering operations to large components.

Sparse graph with dense subgraphs: When a sparse graph is growing to a certain
degree, it usually has dense subgraphs. Such a graph is the most suitable graph type for
clustering. It is also suitable for dense, cycle query graphs, but not for line query graphs.

Line patterns found in previous steps will be disconnected by clustering.

Dense graph: Since there are many edges compared to the number of vertices, it has high
computation costs for re-computation of G-Ray, particularly about neighbor-expander and
bridge functions. Also, because many edges are disconnected by a clustering algorithm such
as Louvain method, IGPM may miss many patterns. A minimum-cut clustering algorithm
such as METIS [26] may provide better results for such graph type. Such clustering algorithms
will output unbalanced clusters and results to less efficiency, but it minimizes the number of

new missed patterns.

Query Pattern Graphs

Not only input data graphs but query pattern graphs have many structure types, and the
compatibility depends on the structure of input data graphs. To explain our adaptive IGPM
system is effective for various query pattern graphs as well as input data graphs, we need to

confirm the efficiency of significant types of query patterns one by one.

1. Star query
2. Cycle query

3. Dense query

Star query graphs consist of a single high-degree "hub” vertex and many ”leaf” vertices

which directly connect to the hub vertex. Such hub vertices exist in the scale-free, random and
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dense graphs or clusters, so it can be applied these input data graphs. In our IGPM algorithm,
the ”seed” vertex of the G-Ray is always "hub” vertex because high-degree vertices derived
from RWR usually have high goodness score in the G-Ray algorithm. When we use star query
graphs in our IGPM derived from the G-Ray algorithm, we have only to find and re-compute
subgraphs with hub vertices with the similar degree to the hub vertices in query graphs. That
means it has only to re-compute hub vertices in many cases because other leaf vertices can

never be ”"seed” vertices.

Cycle query graphs are also sequences of vertices and edges such as line query graphs, but
the structure is closed. Such patterns are used for some specific applications. For example,
they can detect transaction loops involving money laundering in bank transaction graphs and
suspicious corporation relationships in finance risk detection applications. The diameter of
the cycle query is relatively large so that when graph clustering process divides dense input
data graphs and many edges are disconnected, some pattern subgraphs crossing clusters will
be missed. In dense graphs, IGPM of cycle query graph is difficult because it needs to update
long matched cycles. However, there are some hints to choose vertices for re-computation.
First, all vertices must be at least 2-degree. Second, hub vertices are likely to be part of

cycles. By the hints, we can set the priorities to high-degree vertices for re-computation.

Dense query graph means a query graph with many edges compared to the number of
vertices because our IGPM algorithm needs to repeat neighbor-expander and bridge functions
many times. One or more vertices in a dense graph have high degree and usually connected
to all other vertices. There are some features of the pattern matching using dense query
graphs. First, it can match only with dense graphs (or dense subgraphs). Moreover, such as
cycle query graphs, when many edges are disconnected by a clustering, some patterns will be

missed.

Summary of the qualitative discussions

Based on these above discussions, the compatibility of input data graphs, graph clustering
algorithms and query pattern graphs is the Table 5.2. ”Min-Cut” or "Max-Mod” in the
”Clustering” column means that minimum cut (e.g. METIS [26]) or modularity maximization

(e.g. Louvain [19]) is preferable.
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Input Data Graph Clustering | Star | Cycle | Dense
Scale-free Min-Cut v v

Random Max-Mod | v/ v

Sparse, isolated edges | Max-Mod v

Sparse, dense clusters | Max-Mod | v/ v v
Dense Min-Cut v v

Table 5.2: Compatibility of input data and query pattern graph types and clustering methods

5.4 Evaluation

To verify the effect of our IGPM-PEM system, we conducted performance evaluations with

real-world graph data sets. We also validate the qualitative discussion in section 5.3.4.

5.4.1 Implementation

We implemented batch and incremental graph pattern matching algorithm, Partial Execu-
tion Manager in Python 2.7.13 and the NetworkX 2.1 package for graph processing. As the
reinforcement learning framework in PEM, we used keras-rl [83], TensorFlow 1.7.0 and Keras
2.1.5 and these Python interfaces. We also used NumPy package (version 1.14.2) for RWR
computation with 28 hardware threads. Figure 5.4 represents the software stack of IGPM
and PEM.

IGPM: Incremental PEM: Partial Execution Manager
Gra_ph Pattern Graph Clustering Reinforcement | Our
MatChll'lg (BaSEd on (Louvain Learning (Deep Q- |mp|ementation
G-Ray Algorithm) S — ——
‘ MNetworkX | ‘ NumPy / SciPy ‘ ‘ python-louvain ‘ ‘ keras-rl ‘
‘ multiprocessing ‘ ‘ NetworkX ‘ ‘ Keras ‘
‘ Python ‘ ‘ TensorFlow ‘

Figure 5.4: Software stack of IGPM and PEM. We implemented IGPM and PEM components
in Python.



CHAPTER 5. INCREMENTAL GRAPH PATTERN MATCHING 76

5.4.2 Computing Environment

We conducted all performance evaluations on one of parallel and distributed compute nodes
in TSUBAME 3.0 supercomputer in Tokyo Institute of Technology. Each compute node has
Intel Xeon E5-2680 V4 Processor CPUs (Broadwell-EP, 2.4GHz, 14 cores, 2 sockets), 4 Tesla
P100 for NVLink-Optimized Server GPUs and 256GB (DDR4-2400 32GBx8) RAM.

5.4.3 data sets and Scenario

We used temporal graph data from Harvard Dataverse [84] and SNAP Network data sets [85].
Table 5.3 is the list of temporal graph data we used in the experiments. The column “Steps”
means the number of graph structure updates when edges are added. In the graph data
“friends2008”, we extracted all friendship edges created in 2008 from friends network [84],
and set the step value from the hour of each timestamp. In other graph data, we extracted
all edges with timestamps and set the step value from the day.

Name Category | Vertices Edges | Steps
friends2008 [84] Social | 224,879 | 3,871,909 | 6,893
transactions [84] Social | 112,130 538,597 | 1,779
sx-askubuntu [85] Webpage | 159,316 964,437 | 2,060
sx-mathoverflow [85] | Webpage 24,818 506,550 | 2,350

Table 5.3: Temporal Graph Data Sets Used in Our Experiments

As query pattern graphs, we used the following type of small graphs: triangle, square, star
and complete graph.

1. Triangle (loop graphs with 3 vertices)
2. Square (loop graphs with 4 vertices)
3. Star query graph with 5 vertices (4 leaf vertices)

4. Complete graph with 4 vertices and 6 edges

In the reinforcement learning component of PEM, we used Epsilon-greedy policy as the
decision making policy from unit values of the output layer of the DQN. This policy selects

an action corresponding to the unit with the highest state-action value(greedy action) with
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probability 1 — ¢, and it chooses an action uniformly at random with probability €. In the

following experiments using reinforcement learning, we set the value of € to 0.5.

We measured elapsed time and the number of re-computed vertices for 10 steps, from 101
steps to 110 steps. We started the measurements of them after edge additions for 100 steps
because the initial state of input data graphs do not have enough edges and too sparse to

extract many patterns.

In the following experiments, we compared the three graph pattern matching algorithms:
batch (re-compute graph pattern matching process from scratch for each step), naive in-
cremental (incremental pattern matching using results of the previous step, with the fixed
community size) and adaptive incremental (incremental pattern matching with adaptive com-

munity size).

5.4.4 Performance of the naive IGPM

Figure 5.5 shows the elapsed time of the batch (Batch) and naive incremental (Inc) graph
pattern matching with the square query pattern graph. The highest speedup ratio against
the batch processing is 9.98 in friends2008 data set. On the other hand, the ratio in sx-
mathoverflow and sx-askubuntu is 3.10 and 3.37. The efficiency of our naive incremental
algorithm depends on the data graphs, but at least 3 times faster than the batch version in

these data sets.

Batch and Incremental (10 steps, square)

5000 12

10

o
Speedup Ratio

1000 :
500
o || — o

friends2008 transaction sx-mathoverflow  sx-askubuntu

. Batch INC == Speedup

Figure 5.5: Elapsed time and speedup ratio of the batch and the naive incremental graph

pattern matching with a square query
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Figure 5.6 shows the total elapsed time and speedup ratio of the batch (Batch) and naive
incremental (Inc) graph pattern matching using friends2008 data set and four query pattern
graphs. Overall, the naive incremental version is from 9.5 to 10.1 times faster than the batch

version. The speedup ratio is stable in the same data graph.
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Figure 5.6: Elapsed time and speedup ratio of batch and naive incremental graph pattern

matching with friends2008 graph

5.4.5 Performance of the adaptive IGPM with PEM

Figure 5.7 shows the total elapsed time and speedup ratio of naive and adaptive incremental
graph pattern matching with the square query pattern graph. The adaptive version is from

1.17 to 1.96 times faster than the naive version.

Figure 5.8a shows the total elapsed time and speedup ratio of naive and adaptive incre-
mental graph pattern matching using friends2008 data set and four query pattern graphs.
The speedup ratio of adaptive version is at most 1.17. Figure 5.8c shows the total elapsed
time and speedup ratio of naive and adaptive incremental graph pattern matching using sx-
mathoverflow data set and four query pattern graphs. The speedup ratio of adaptive version

is around 1.9 for all query patterns.

From the result of Figure 5.8, the efficiency of our adaptive incremental pattern matching

algorithm also depends on the type of data graph rather than query patterns.

In friends2008 data set, the total number of re-computed vertices is 37,018 in the batch

version, which is 14.8 and 13.0 times as large as naive and adaptive incremental version.
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Naive and Adaptive Incremental (10 steps, square)
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Figure 5.7: Elapsed time and speedup ratio of naive and adaptive incremental graph pattern

matching with a square query

Because the computation time of our graph pattern matching algorithm depends on the num-
ber of vertices for re-computation, the ideal speedup ratio should be 14.8 in the incremental
processing. In transactions data set, on the other hand, the total number of re-computed
vertices in the batch version is 6.97 and 9.00 times as large as that of incremental version.
The speedup ratios of naive and adaptive are 5.80 and 8.08 respectively, which is better than
that of friends2008 data set. There are several reasons the actual speedup ratio is smaller
than the ideal value in the data set. First, the RWR computation cost is still significant for
dense graphs. When some vertices in large dense subgraphs are re-computed, it needs to up-
date RWR results of all vertices in these subgraphs, which reduces the benefits of incremental

computations.

5.4.6 Precision Evaluation

Figure 5.9 shows the total number of patterns correctly extracted from the friends2008 graph.
Except for the star query graph, the naive and adaptive incremental version extracts from
37% to 73% additional patterns. Figure 5.10 shows the total number of patterns correctly
extracted with a square query graph. The adaptive incremental version extracts 25% to 73%

additional patterns. The reason more patterns can be extracted in the IGPM is that our
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Figure 5.9: Number of found patterns from friends2008 graph
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Figure 5.10: Number of found patterns with a square query
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incremental algorithms re-compute all updated vertices as ”seed” vertices and repeat the G-
Ray algorithm respectively, and therefore these algorithms extracted more patterns which the

batch version could not find.

5.5 Discussion

5.5.1 Reinforcement Learning for Adaptive Incremental Pattern Matching

In adaptive graph processing frameworks, one of the approaches is pre-executions or profil-
ing before actual executions. From the sampled profiling or log data, it estimates the best

parameters and update strategies.

The adaptive agent assignment method in the agent-based traffic simulation we proposed
in Chapter 3 is the similar approach. Our method requires pre-executions to obtain the dis-
tributions of running vehicles in each snapshots, and then it defines the schedules of adaptive

vehicle migrations.

Schiller et, al. proposed frameworks [86, 87] to estimate the most efficient data structure
from the size, structure, update frequency of the given static and dynamic graphs. The
estimation is performed while compiling and profiling, and then it re-compiles the source
code to fit the hardware. This framework will work on the same data sets and hardwares, but

it will need to the profiling and re-compilation again for new data sets.

In this solution, the cost of pre-execution or profiling must be small enough compared
to the actual executions. Moreover, even it work well for the same data sets, scenarios and

computational environments, some different situations will not work well.

In order to apply the optimized algorithms and parameters to various data sets and hard-
wares, we should use machine-learning approaches. In machine learning executions, Although
the machine learning approach also requires pre-executions for learning phase and it is hard
to generate more accurate parameters compared to the profiling approach, it can adopt to

new data sets and environments.

We used a reinforcement learning approach to extract matching patterns with the best-
effort throughput (largest number of patterns found within the unit of execution time). The
advantage of reinforcement learning compared to supervised learning is that we only have to
define the reward (the goal of incremental graph pattern matching) and we do not need to

know the best parameter in advance.
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In our proposed PEM model, the input parameters are only the number of vertices and

the number of edges in the entire graph, and the throughput as the reward.

In order to send better feedback from the result and environment of IGPM to the PEM
framework, we used the scale of the data graph (number of vertices and edges) as the input

and the throughput defined above as the reward of reinforcement learning.

5.5.2 Graph Clustering Algorithms

We adopted the Louvain method as a graph clustering algorithm to extract vertices for re-
computations in the IGPM process so that the PEM can adjust the size of these vertices set
accurately. We discuss the requirements of graph clustering algorithms for adaptive incremen-
tal graph analytics and some representative graph clustering algorithms which satisfy these

requirements.

The requirements of graph clustering for adaptive incremental graph analytics are follow-

ing:

Adjustable Cluster Size by Parameters The main purpose of graph clustering is to min-
imize the number of vertices for re-computation with keeping the higher accuracy. By
adjusting the size of graph clustering outputs, we can extract the only minimum number

of vertices.

Small Computation Complexity Compared to the IGPM processing, the computation
complexity of PEM itself must be small. The computation complexity of exact cluster-
ing algorithms usually too high to apply every iterations, so we need an approximate

clustering algorithm.

Following these requirements, the Louvain method is actually suitable for the graph clus-
tering in PEM. Then, we list some representative graph clustering algorithms (label propa-
gation, METIS and spectral clustering) and discuss what kind of graph clustering algorithms

are suitable for adaptive graph pattern matching.

Label propagation [25] has small computational complexity (linear to the number of ver-

tices and edges), and the granularity can be adjustable by the number of iterations.
METIS [26] is also fast graph partitioning algorithm with a coarsening heuristics technique.

Spectral clustering [27] consists of two phases; computing eigenvectors of the graph Lapla-

cian and k-means clustering. Because the output eigenvectors of the first phase is determin-
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istic, we need to specify the number of clusters in the k-means clustering phase.

5.6 Summary

We proposed an adaptive IGPM system with an approximate IGPM algorithm and PEM for
adaptive assignment of vertices for re-computations. We also discussed the qualitative effect
of our system with various input data graph type, query pattern type, and graph clustering
algorithms. Then, we designed and implemented the whole system and components. Finally
evaluated the efficiency of our IGPM algorithm and PEM component, and then showed up to
10.1 times speed-up in IGPM against the original G-Ray algorithm, and 10.8 times faster in

our adaptive and incremental system with PEM.

We still have room for improvements of the IGPM and PEM. First, we discussed the
compatibility of input data graph type and query pattern type, but we did not conduct all
experiments for all combinations of these graph types. We excluded line query graphs due to
the poor assumption of qualitative discussion in section 5.3.4, but we will run experiments for

such inefficient patterns in the future.

We could improve the reinforcement learning model of the partial execution manager. We
used only the number of vertices and edges from an input data graph as input parameters of
the DQN, but it will extract many patterns more efficiently if we use detailed graph structure
or other features of graphs. That might increase the computation cost for reinforcement

learning due to the size of DQN, but it can improve the overall efficiency of the IGPM.

In this work, we implemented the proposed system in Python. However, it causes perfor-
mance overheads and cannot handle large data sets and number of update steps than we used.
As future work, we plan to implement it in C++ to make maximum use of more efficient par-
allel and distributed libraries such as OpenMP and MPI and computing environments such

as multi-core CPUs and GPUs to handle larger graph data in parallel.



Chapter 6

Overall Discussion

We proposed several performance optimization methods for specific agent-based traffic sim-
ulation, community detection algorithm, and graph pattern matching algorithm. However,
we have a question remaining about the applicability of these methods for other simulation
frameworks, graph algorithms and data sets. Even we considered it for each proposed method
to the specific traffic simulation application or a graph algorithm individually, we did not still
discuss whether our adaptive and incremental methods can be applied to other agent-based
simulation applications such as a money transaction simulation and other graph algorithms
such as the shortest pathfinder.

6.1 Applicable Graph Algorithms

In this section, we discuss the applicabilities, limitations and other requirements for general-

izations of our proposed methods.

First, we make a quantitative discussion about the applicabilities of our adaptive object
re-assignment and parameter adjustment methods in traffic simulation. Based on these pro-
cedures of our proposed methods, we discuss additional requirements and generalizations for

other agent-based simulation frameworks and applications.

Next, we discuss the possibility of generalizations and applications about our proposed
incremental community detection algorithm. Some community detection algorithms have
different requirements from the baseline algorithm we used. We verify the applicability of

several other community detection algorithms considering the properties or requirements each

85
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algorithm has (e.g., whether it allows overlapping communities or not, and what kind of
metrics for detected communities such as modularity and other requirements and metrics it

optimizes).

Finally, we discuss the requirements and limitations of our proposed adaptive and in-
cremental graph pattern matching with reinforcement learning for generalization. As many
adaptive graph analytics algorithms have been proposed for dynamic graphs, we evaluate the

qualitative effectiveness of our method in these adaptive algorithms.

6.1.1 Adaptive Object Reassignments in Traffic Simulations

We discuss the applicability of our adaptive method to other agent-based frameworks and

traffic simulation applications.

There are many adaptive load-balancing methods for agent-based simulations, and most
of them assume the continuous spaces geographically partitioned into squares. For example,
Cosenza et, al presented a load balancing schema for distributed agent-based simulations [88].
It assumes particle simulations and partitions the space in a certain dimension, and then

assigns them to MPI processes.

On the other hand, our optimization application assumes traffic simulations, and the
running vehicles move along the road network. Unlike in particle simulations, it needs to

consider the road network structure and the trip of each vehicle to balance the workloads.

We used Megaffic [7], which is also an agent-based traffic simulation application for our
performance optimization methods such as adaptive agent object re-assignments. However,

Megalffic is different from other agent-based traffic simulations in the following aspects.

First, the road network as a simulation environment forms graph structure rather than
continuous space used for particle simulations. In this case, an appropriate graph clustering

algorithm is necessary to partition road networks for better load balancing.

Second, the unit of agents are not only vehicles but also cross points. Vehicle and cross
point agents exchange messages every simulation steps about its statuses such as its position
and speed. Subsequently, vehicles which receive these messages update its position and speed.
In this case, when some vehicles migrate to other partitions, the workload for all partitions
will be gradually unbalanced. To reduce the load unbalancing, dynamic re-partitioning of the

road network and re-assignments of vehicle agent can be approaches to solve it.
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6.1.2 Adaptive Adjustment of Synchronization Intervals

In distributed simulations, synchronizations and communication among computation pro-
cesses are fundamental to keep the consistency of whole simulations. There are two types to
manage them; frequently synchronizations for each simulation step, and asynchronous pro-

cessing.

In the simulation framework we implemented named XAXIS, it uses a centralized simula-
tion manager for global synchronizations. One of the simulation processes manage simulation
steps, and some processes need to wait until all other processes finish this simulation step.
In this approach, the synchronization overhead such as waiting time will be significant when
the workload of each process becomes gradually unbalanced. On the other hand, because the
message exchanges including vehicle migrations are performed only once per simulation step,

the communications among simulation processes are simple and relatively lower cost.

Hanai et, al. proposed an adaptive resource provisioning method and an asynchronous
migration mechanism [89] to reduce the effects of load imbalance in Megaffic. When some
vehicles are ready for migrations, it sends the vehicle objects and messages between vehicles
and cross points asynchronously. They also proposed a staged asynchronous migration method

to reduce its overhead in [90].

6.1.3 Incremental Community Detection

We proposed an incremental community detection algorithm (IncrementalDEMON) based
on an existing algorithm by extending the three core functions of the based algorithm with
incremental processing features: EgoMinusEqgo, LabelPropagation and Merge. We discuss the

applicability of the algorithm extension approach for other graph algorithms.

First, the incremental EgoMinusEgo function updates subgraphs for all neighbor vertices
from the updated (added or removed) vertices. When a hub vertex is removed, the many

neighbor vertices will be affected to construct the EgoMinusEgo networks.

The incremental LabelPropagation also updates the labels of neighbor vertices from the
updated vertices. As we discussed in the section 6.5, the output of this function may differ to

the original LabelPropagation when only part of the data graph is updated.

The incremental Merge function is more complex compared to the EgoMinusEgo and La-
belPropagation functions. When at least one of small subgraphs are updated in EgoMinusEgo

or LabelPropagation, the incremental Merge function need to compare and merge these can-
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didate subgraphs again.

6.1.4 Incremental Graph Pattern Matching

Besides incremental graph pattern matching algorithm, we also proposed an incremental al-
gorithm about graph pattern matching (IGPM-PEM). This approach of the IGPM is similar
to the Incremental DEMON in that we extended several core function of the base algorithm to
support incremental processing. G-Ray, which is the base graph pattern matching algorithm

of IGPM, consists of three core functions: SeedFinder, NeighborExpander and Bridge.

In order to make this discussion more simple, we generalize our IGPM method. Based on
the G-Ray [6] we adopted as the baseline algorithm of IGPM, the graph pattern matching is

processed the following direction.

1. Find the first matched vertex with the same label (Seed-Finder)

2. Find the second matched vertex neighboring the previously matched vertex (Neighbor-
Expander)

3. Connect the matched vertex pairs with edges (Bridge)

With this notion of the graph pattern matching process, we explain how our proposed

method can be applicable to graph pattern matching algorithms.

In subgraph isomorphism algorithms, each vertex in the query pattern graph and the input
data graph must be matched one-by-one, and if a vertex pair in the query pattern graph are
connected with an edge, the corresponding vertex pair in the input data graph must be also

connected with an edge.

In graph simulation algorithms, each vertex pair connected by an edge must be matched,

and vertices in the matched subgraph must be matched only about the vertex label.

Some graph pattern matching algorithms use query-decomposition approach, which ex-
tracts matched subgraphs of the decomposed query pattern graphs and then merge them into
matched patterns. STwig [75], SJ-Tree [78] and MC-GPM [91] adopt this approach to reduce

the computation complexity for large-scale graphs.
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6.1.5 Partial Execution Manager for IGPM

Besides IGPM method, our proposed IGPM-PEM has the PEM component consists of graph
clustering and reinforcement learning to adjust the number of re-computation vertices adap-
tively. In this section, we discuss what kind of input parameters and rewards are necessary

to adopt PEM for various adaptive graph pattern matching algorithms.

In our proposed PEM, the input parameters are only the number of vertices and edges,

and the reward is defined as the throughput (the number of patterns found per unit of time).

6.2 Limitations of Our Methods by Input Data Sets and Pa-

rameters

In the previous section, we discussed the applicabilities of our proposed method in the aspect of
the properties of other graph algorithms. On the other hand, effectiveness and applicabilities
of our adaptive and incremental optimization methods might be depend on the input data
such as the scale of the road network in traffic simulations and query pattern graphs for graph
pattern matching. In this section, we make quantitative discussions about the effectiveness

and limitations of our proposed methods by the input data including parameters and scenarios.

6.3 Performance Modeling

In this section, we discuss the total execution costs with performance modeling. Then, we
evaluate the effectiveness of our adaptive and incremental methods from the formulated result

of the performance model.

6.3.1 Agent Migrations and Worker Reassignments in the Traffic Simula-
tion

Because our implementations of Megaffic and XAXIS are based on Java, we should consider
the overhead of runtime Java object managements such as serialization, deserialization and

garbage collections.

In [86] Benjamin et, al. proposed framework for dynamic graph analysis in Java from data

size, structure, read and update frequency in the runtime.
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To discuss the qualitative effectiveness, we formularize the total computation time as

follows. Table 6.1 shows the symbols for the formularization.

Symbol | Description

T Total number of simulation steps

N, Number of X10 processes (computation nodes)

Ny Total number of X10 threads (for all X10 processes)
Ny Total number of vehicles

Ncp Total number of cross points

Ng Total number of roads

top Execution time to process a cross point per step
Iy Execution time to process a vehicle object
(to send messages and adjust position and speed)
- Execution time to migrate a vehicle object to another X10 process

(including serialize and deserialize of the Java object)

Table 6.1: Symbols for formularization of Megaffic/XAXIS performance

In the single process executions without any external communications and synchroniza-

tions, the minimum computation time 7T,;, per step with the ideal load balancing is following.

Trmin = tcpNcp/Nr + ty Ny /Nr (6.1)

In actual, it is very hard to keep the load balancing because the number of vehicle agents
each thread handles changes dynamically by continuous movement of vehicles. Suppose some
vehicles are running part of the road network handled by the thread A, and Ny, of them
are about to move to another part of the network handled by the thread B. In this case, the
execution time for the thread A (T4) and B (1) will be the following formulas.

Ty = tepNep/Nr + tv(Nv/Nr — Npig) (6.2)
T = tepNep/Nr+ty(Ny /Ny + Npig) (6.3)

In this case, the simulation time per step will be longer than the ideal time by ty Nyg.

In the multiple processes (nodes) execution, vehicle migration costs among processes must

be taken into consideration. We show an example of the performance model in two-process
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execution with vehicle migrations between them. Note that the the performance model in

multiple processes is essentially same as that of two-process.

Assume the process A and B are ideally balanced with the same number of running
vehicles. Before vehicle migrations, the computation time is same as 6.1. When T5,,;, vehicles
migrate from the process A to B, the execution time in the next step for the process A (T4)

and B (Tg) will be the following formulas.

Ta = tepNep/Nr +tv(Nv/Nr — Nimig) + tmigNmig (6.4)
Tg = tepNep/Nr+tyv(Ny /Nt + Niig) + tmigNmig (6.5)

Note that t,,,gNmig is the cost of migration itself. The simulation time in this step will

be longer than the ideal computation time by tv Niig + tmigNmig-

Next, assume the simulation perform agent reassignments of cross points and vehicles after
this migration. We suppose the result of reassignments is ideal, which balances the number
of vehicles per process again. In this case, Ny, vehicles and Noppig cross points will be
reassigned from the process B to A. The cost of agent reassignments is almost same as the
vehicle migrations (¢ig/Nmig) because the execution cost of cross point reassignments is much
smaller than vehicle migrations. The execution time (includes the reassignment time) in the
next step after this reassignment for the process A (T4) and B (T) will be the following

formulas.

Ta = tep(Nep/Nr + Nopmig) + tv Nv /N1 + timigNmig (6.6)
Tg tep(Noep/Nr — Nepmig) + tvNv /N7 4 timigNimig (6.7)

The total overhead of the agent reassignments compared to the ideal balanced situation
is topNCPmig + tmigNmig- After all, the agent reassignments will be effective if the cost of
vehicle migration is larger than that of cross point reassignments (ty Nyig > tcpNcPmig)-
In our implementation of Megaffic/XAXIS, the reassignment cost of a vehicle is much larger
than that of a cross point (tyy >> top), so the agent assignment contributes to the overall

performance improvement.
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6.3.2 Adaptive Parameter Adjustments

The total cost of agent-based traffic simulations mainly consists of the computational costs
in each computational process, communication costs between processes for vehicle migrations

and synchronization costs due to load imbalances among all processes.

First, the computational cost of a partition is depend on the number of agents (cross
points and vehicles). Because the Megaffic application we used assigns worker threads to
cross points and these cross points handle running vehicles, we need to predict how many

vehicles are running in each cross point.

6.3.3 Incremental Community Detection

Suppose the number of vertices and edges in the data graph are defined as the table 6.2.

Symbol | Description

Ny Number of vertices in the data graph

Ng Number of edges in the data graph
k Average degree (Ng/Ny)

Ky Degree of the vertex v
K Maximum degree
N¢ Number of communities at just after LabelPropagation

Av(t) | Number of vertices added at the step ¢

Table 6.2: Symbols for formularization of the DEMON and Incremental DEMON performance

First, we formulate computation costs of the core functions (EgoMinusEgo, LabelPropa-
gation and Merge) of the original DEMON algorithm.

The computation costs of EgoMinusEgo and LabelPropagation functions are O(k(Ny +
Ng)) and O(Ny + Ng) respectively. In the Merge function, the computation cost is O(NZ)

because it has to compare all small communities generated at the LabelPropagation.

Next, we formulate the costs of our proposed method Incremental DEMON. The com-
putation costs of the incremental FgoMinusEgo and incremental LabelPropagation functions
are O(kAv(t)) and O(kAv(t)) respectively because the number of updated EgoMinusEgo
networks is at most kAw(t). The cost of the (optimized) incremental Merge function is
O(k?Av(t)) because the optimized function has to compare only neighboring subgraphs around
the updated Aw(t) vertices.
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6.3.4 Incremental Graph Pattern Matching

Suppose the number of vertices and edges in the data graph and query pattern graph are
defined as the table 6.3.

Symbol | Description

Ny Number of vertices in the data graph

Ng Number of edges in the data graph
k Average degree (Ng/Ny)
Ngv | Number of vertices in the query pattern graph

Ngr | Number of edges in the query pattern graph

ny(t) | Number of vertices for re-computations at the step ¢

Table 6.3: Symbols for formularization of the G-Ray and IGPM performance

Here are formularized computation costs of the G-Ray and IGPM. The computation
costs of the core functions (Seed-finder, Neighbor-ezpander and Bridge) are O(NyNgy),
O(kNyNgy) and O(Ng) respectively. However, the main performance bottleneck is ran-
dom walk with restart (RWR) process, the computation cost is at least O(NZ) even iterative

approximate algorithm is applied.

We also proposed the IGPM-PEM, of which incremental graph pattern matching com-
ponent is also consists of three incremental core functions (Seed-Finder, Neighbor-Expander
and Bridge). The re-computation cost is primary determined with the number of vertices for
goodness score re-computations. The goodness score is based on the closeness of each vertices
computed from the random walk with restart (RWR), and the computation complexity of

RWR is more than square of the number of total vertices.

We applied graph clustering approach to reduce the cost of RWR. The computation time
of RWR may also be reduced by the implementations such as using GPU, but it is still hard

to handle large graphs with million or billion-scale vertices.

Figure 6.1 shows the breakdown of the elapsed time for the original (Batch) G-Ray and

the naive version of IGPM (Incremental).

In the Seed-Finder, it must re-compute the goodness scores of the updated vertex and
its neighbor vertices. Neighbor-Ezpander and Bridge functions also must re-compute the

goodness scores to find better neighbor vertices and paths than current ones.

The computation costs of IGPM is following. The complexities of incremental RWR, Seed-
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Figure 6.1: Breakdown of the original (Batch) G-Ray and the naive version of IGPM (Incre-
mental) processing for IMDb and Amazon data sets.

finder, incremental Neighbor-expander and incremental Bridge are O(ny (t)Nv ), O(ny (t)Ngv ),
O(kny (t)Ngv) and O(Ng) respectively. In the incremental version, RWR is still primary per-
formance bottleneck, but the absolute computation time for RWR is much smaller than the
original G-Ray. The reason is that the number of vertices for RWR computations becomes

much smaller due to the graph clustering.

6.4 Precision of the Parallel and Distributed Traffic Simula-

tion

In the agent-based traffic simulation, we proposed performance optimization methods in adap-
tive adjustment approaches. One is a dynamic synchronization interval adjustment and the

others dynamic agent re-assignment inner and across computation processes.

These methods, however, may cause a little inconsistency of the status of the migrated
vehicles. If some simulation processes iterate simulation steps relatively quickly and others do
slowly, many vehicles migrated among these processes will run on wrong positions. Even such

a partial inconsistency of vehicle positions, it propagates to other areas and leads to unusual
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traffic congestion.

Figure 6.2 is an example of the inconsistency in a parallel and distributed traffic simulation.
There are two simulation processes running in parallel without sufficient synchronizations.
Suppose the current simulation step of the process 1 is T' and process 2 is T'+ 1" (the process
2 is running faster than the process 1), and the vehicle V;j is about to migrate from the
process 1 to process 2 at the cross point C'P,. After the migration, V; is located at C'P» in
the process 2. However, the C'P; is the position where V; is running at the timestamp 7T,
and it should have run further in the timestamp 7'+ 7”. It might cause inconsistencies of the
vehicle ordering. For example, V; runs following V5 towards C' P5 after this migration, but V;
should have been in front of the V5.

Migration Should
be here

Process 1 (t=T) Process 2 (t=T+T’)

v

Figure 6.2: An example of the inconsistency due to lack of synchronizations in the parallel

and distributed agent-based traffic simulation.

Ajay et, al. proposed several heuristic methods for iterative graph algorithms such as
PageRank in [92]. They reduced the computation costs of the iterative processing by the loop
perforation and incomplete synchronizations, which are approximate approach and similar to

one of our performance optimization method in the traffic simulation.

6.4.1 Evaluation Experiment

In order to inspect the influence of the parallelization and the reduction of synchronization
frequency as our optimization method, we conducted additional experiments and evaluated
the precision as follows: (1) The number of vehicles with the travel time drastically changed
by the number of the road network partitions (X10 processes), (2) The number of vehicles
with the travel time drastically changed by the synchronization intervals. The metrics of
"precision” means the number (or proportion) of vehicles ran from origin to destination with

the near travel time compared to the baseline simulation with a single X10 process (no road
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network partitions) and consecutive synchronizations for every simulation steps.

We conducted traffic simulation at TSUBAME 3.0 supercomputer nodes. The specification

data of the computation nodes is in Table 6.4.

Intel Xeon E5-2680 V4 Processor
CPU (Broadwell-EP, 14 cores, 2.4GHz) 2 Sockets
Operating Systems | SUSE Linux Enterprise Server 12 SP2
Memory 256GB (DDR4-2400 32GB x 8)
Intel Omni-Path 100 Series
Network 24 Slot Director Class Switch

Table 6.4: TSUBAME 3.0 Node Specifications.

The parameters for the experiment are shown in Table 6.5. Other specifications of the
simulation including number of simulation steps, road network and trip data are same as the

previous experiments.

Number of X10 Places (computation nodes) | 1, 2, 4, 6, 8
Number of X10 Threads 12
Maximum Java Heap Memory 80GB
Minimum Java Heap Memory 160GB
Java Stack Size 64MB
X10 Version 2.5.4
Java(TM) SE Runtime Environment

Java Version (build 1.8.0-181-b13)

Table 6.5: Megaffic/XAXIS Execution Parameters in TSUBAME 3.0.

Figure 6.3 shows the total simulation time with number of computation nodes (X10 Places)

and synchronization intervals.

In single node executions, the simulation times with larger synchronization intervals are
a little longer than that with synchronizations in every step. In the distributed executions
with four or more computation nodes, on the other hand, the simulation time with larger
interval becomes faster. Compared to the single-node execution, the simulation time of 6-
node execution decreased by 41% in 100 steps/synchronization, while it decreased only by
32% in 1 step/synchronization. As a result, parallel execution with multiple computation
nodes and the increase of synchronization interval are effective to optimize the agent-based

traffic simulation.
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Figure 6.3: Total simulation time with number of nodes and synchronization intervals

There are several reasons why the speed-up ratio is only up to 41% even using six com-
putation nodes. One of the most significant reason is the scale of the simulation: the num-
ber of cross points, roads, and running vehicles. In [48], we evaluated the scalability of
Megaffic/XAXIS with TSUBAME2.0 supercomputer nodes and road network data sets of
Tokyo. With more than 100,000 vehicles, we achieved about eight times speed-up with 16
nodes.

Another reason is the serialization and deserialization costs of Java objects such as vehicle
migrations. If we port the Megaffic/XAXIS implementation to X10 and C++ and execute
it as a native application, it will reduce these overheads and the effect of scalability will be

more significant.

6.4.2 Precision Evaluation with Real Trip Data Set

Even the increase of computation nodes and synchronization interval make the traffic simu-
lation faster, the error of simulation results such as travel time might also be increasing. In

this section, we evaluate the precision of the simulation outputs quantitatively.

We used the relative error RE of vehicle travel time of the baseline (single node and

1 step/sync) simulation 7} and the optimized simulation 7, results as the measure of this
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precision evaluation (Formula 6.8). In [93], we evaluated the precision of multi-modal traffic
simulation in Dublin city using the fitness confirmation of vehicle (private cars and Dublin
buses) travel time. In [94], the authors used the modeled and observed travel time differences
as one of the measures for model calibrations. Their system calibrates traffic model so that

more than 85% of vehicles run within 15% error of travel time.

T, — 1T
RE(%) = ITo = Tl x 100 (6.8)
Ty
Figure 6.4a is the distribution of the travel times (simulation steps) for all vehicles in the
simulation with a single computation node and every-step synchronizations. Figure 6.4b is
the distribution of the travel times in the fastest simulation with six computation nodes and

100 steps/synchronizations.

Vehicle Trip Time Vehicle Trip Time

40000 40000 A

30000 4

20000 4

Number of vehicles
Number of vehicles
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a 2000 4000 6000 8OO0 10000 12000 14000 a 2000 4000 6000  BOOO 10000 12000 14000

Time (s) Time (s)
(a) Baseline (Single node, 1 step/synchronization) (b) Fastest (6 nodes, 100 steps/synchronization)

Figure 6.4: Distribution of elapsed travel times for all vehicles

In both simulations, most of the vehicles finished their trips within 3,600 simulation steps,
which corresponds to an hour in the real world. Roughly there is little difference between

these distributions.

To investigate the difference more microscopically, we compared travel times based on
the result of single-node and every-step synchronization for each vehicle and counted the

proportion of vehicles with large trip-time differences.

Figure 6.5a and 6.5b are the distributions of the travel time ratio compared to the baseline

simulation with 10 steps/synchronization and 100 steps/synchronization respectively. The
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horizontal axis indicates the ratio of travel time: the travel time of this simulation divided by
that of baseline simulation. The number of vehicles with more than twice travel time than

the baseline (more than 2.0) is indicated at the position of 2.0.
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Figure 6.5: Distribution of the travel time ratio with single node executions against the

baseline simulation.

Figure 6.6 shows the proportions of outlier trips with large travel time difference compared
to the baseline simulation. Only 1.2% and 1.0% of vehicles ran for more than twice travel
time respectively, and 98% of vehicles are within 10% difference of travel times compared to

the baseline simulation.

Figure 6.7a and 6.7b are the distributions of the travel time ratio with 6-node executions.
With 6-node simulations, the proportions of the number of vehicles in the with twice or more
travel time increased to 2.6%. However, the travel time difference of 93% of vehicles is still
within 10%.

Figure 6.8a and 6.8b are the proportions of outlier trips with large travel time difference
compared to the baseline simulation (single node execution and every-step synchronizations).
The horizontal axis indicates the threshold of the ratio of the travel time difference, and the
vertical axis indicates the proportion of the number of total vehicles with outlier travel time.
In the simulation 8-node and 10 steps/synchronization execution, for example, 60% of the

travel times have more than 2% errors compared to the baseline execution (Figure 6.8a).

In the result of 10 steps/synchronization (Figure 6.8a), even it is also a single-node exe-

cution 33% of travel times have more than 1% error compared to the result of the baseline
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Figure 6.6: Proportion of outlier trips from the single-node and larger synchronization-interval

simulations.
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Figure 6.7: Distribution of the travel time ratio with 6-node executions against the baseline

simulation.
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Figure 6.8: Proportion of outlier trips with multiple-node and larger synchronization-interval

simulations compared to the baseline simulation.
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simulation synchronizes in every step. It is the effect of the synchronization interval adjust-
ment, but the proportion can be regarded as small enough if a higher error rate is allowed. If it

allows 5% and 10% errors, the proportions of outlier trips will be 4.0% and 2.0% respectively.

In parallel executions with 2, 4 and 6 nodes, the proportions of outlier trips have a little
difference regardless of the error rate thresholds. If it allows only 1% travel time errors, the
outlier proportion will be from 63% to 67%, and it will be from 5% to 7% for 10% travel
time error allowances. For 1,2,4,6-node executions, moreover, the proportions of outlier trips
with more than 50% error are similar (1.2% - 2.6%). That means the number of vehicles
mostly affects the multiple nodes are almost constant, and these trips might be stuck in

traffic congestion.

The result of 100 steps/synchronization execution (Figure 6.8b), is similar to that of 10
steps/synchronization, but the proportion of outlier trips is up to 5% larger. In particular,
the proportions from 6-node execution is 6.8% larger than that of 2-node with the 5% error
allowance. That means the synchronization interval also affects the precision for many-node
execution, but the difference is much smaller than the difference between single-node and

multi-node executions.

To sum it up, the number of computation nodes affects the travel time rather than the
synchronization interval. Notably, the result of single-node executions much differs to that of

multiple-node execution even it is 2-node.

6.4.3 Evaluation with Random Trip Data Set

Previously we used the real trip data set of commuting vehicles in Dublin city, and showed
the limitation of performance with the number of computation nodes and possible error rates.
However, the effect of parallel distributed simulaiton with many nodes and the error rates
may differ with the data sets. For example, if the number of running vehicles is large, the
scalability will be gained. In this section, we evaluated the performance and precision of our

proposed methods with a synthetic trip data set.

We generate 100,000 vehicle trips. For each trip, we choose two cross points from the road
network data in Dublin city which we used, and then we compute the shortest path between
these cross points. In this case, the trip lengths vary according to the chosen cross point set.
We perform the traffic simulation with these generated trips. The number of simulation steps

is the same (14,000 steps, corresponds four hours).

Figure 6.9 shows the total simulation time with 100,000 synthetic trips. Compared to the
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Figure 6.9: Total simulation time with 100,000 synthetic trips.

real trip data, the simulation time has almost constantly decreased to eight nodes. Although
the total number of trips is smaller than half of the real trips, the scalability becomes better.
The reason is that all vehicles start at the first simulation step, so many vehicles are running
simultaneously from the beginning of the simulation. On the other hand, there is no significant
effect by larger synchronization intervals. The main reason is that too many vehicles migrated
in every step, so the synchronization cost itself is hidden by the communitcation cost by the

vehicle migrations.

Figure 6.10 shows the proportions of outlier trips with large travel time differences com-
pared to the baseline simulation (single node execution and every-step synchronizations). The
error rates of parallel executions are still around 15% even the error rate threshold is 50%.
The high error rates are from traffic congestions and frequent migrations. As a consequence,
our optimization method is suitable for low-congestion traffic simulations with large road
networks and decentralized trip time, but not for congested traffics with simultaneous many

running vehicles.
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Proportion of Outlier Trips (10 steps/sync)
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Figure 6.10: Proportion of outlier trip times with multiple computation nodes and synthetic

trips and 10 steps per synchronization compared to the baseline simulation.

6.5 Incremental Overlapping Community Detection

In the previous section, we evaluated the performance efficiency of our proposed algorithm.
We also evaluate and discuss the precision of our incremental algorithm compared to the
original DEMON algorithm in this section.

Our Incremental DEMON algorithm reduces computation costs by updating local struc-
tural changes. However, the result may differ from the original DEMON because of the

following reasons.

1. When only part of local vertices and edges are added, the Incremental DEMON out-
puts very large communities because the added vertices have the same labels by the

incremental label propagation.

2. Even some edges are removed and large communities are divided, the output communi-
ties as the result of Incremental DEMON might not be divided.
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6.5.1 Precision Evaluation of IncrementalDEMON with Real Data Set

To evaluate the effect of these incremental updates, we conducted additional experiments.
First, we applied the original DEMON to the social networks and outputted the distribution
of output community size. Figure 6.11 describes the community size distribution of a subgraph
of the Amazon data set with 100,000 vertices.

«* ™
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Figure 6.11: Distribution of community size by the original DEMON algorithm with the
Amazon data set. The horizontal axis and vertical axis indicate the community size and the

number of communities respectively.

Next, we applied Incremental DEMON processes to the subgraph removing the latest 1,000
vertices and then restoring the removed 1,000 vertices and connecting edges. Figure 6.12
shows the difference of community size distributions. After applying Incremental DEMON
(red dots), the number of communities with 10-100 vertices are drastically different from

before incremental processes (green dots).

Table 6.6 shows the statistical features of the number of communities and community size
as a result of a dense graph (Amazon data set). ”Before” means the result of the original
DEMON algorithm with 100,000 vertices and ” After” means the result of the IncrementalDE-
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Figure 6.12: Distribution of community size after the incremental DEMON algorithm with
removing 1,000 vertices and restoring these vertices and edges. The green and red dots indicate

the results before and after applying Incremental DEMON respectively.
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MON algorithm removing and restoring 1,000 vertices and connecting edges. The parameter
€ is the threshold for the Merge function of DEMON algorithm.

e=0.2 e=10.5 e=0.8

Before | After | Before | After | Before | After
Number of communities 103 103 28 28 6 6
Maximum size 497 538 841 841 1547 1823
Minimum size 4 4 25 25 327 327
Average size 88.4 | 91.0 | 269.3 | 309.5 | 980.7 | 1091.0
Median size 49.0 49.0 272.5 | 279.0 | 1040.5 | 1128.5
Standard deviation of size | 106.3 | 110.6 | 175.6 | 201.3 | 465.2 | 582.9

Table 6.6: Statistical features of communities of the original DEMON and IncrementalDE-
MON with Amazon data set.

With the all parameter values e for Merge function, the standard deviation of community
size increase after applying Incremental DEMON, particularly for larger parameter value even
the maximum and minimum sizes of communities do not change drastically. The reason is
that newly added vertices in our Incremental DEMON algorithm are likely to join large com-
munities due to the implementation of LabelPropagation function, and some vertices moved

from smaller communities to larger neighboring communities.

In the Figure 6.13a and 6.13 describes the community size distribution by the original
DEMON algorithm and Incremental DEMON algorithm with 10,000 vertices of the IMDb

data set.

Table 6.7 shows the statistical features of the number of communities and community size
as a result of a sparse graph (IMDb data set). Because the number of vertices is relatively
small, the initial number of vertices of the subgraph is 10,000. For the IMDDb data set,
the distribution of community size does not drastically change before and after applying
Incremental DEMON process. The reason is that most of the removed and restored vertices
are not connect to many other vertices which belong to large communities and rejoin to

neighbor small communities after restoration.

Our Incremental DEMON algorithm is suitable for sparse graphs to provide similar results
as the original DEMON algorithm. For dense graphs, on the other hand, it is likely to generate

a few unusually large communities and many small communities.
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(a) Community size distribution by the original DEMON(b) Community size distribution by the IncrementalDE-

algorithm

MON algorithm with removing/restoring 1,000 vertices.

Figure 6.13: Distribution of community size by the original DEMON and Incremental DEMON

with IMDb data set.

e=0.2 e=0.5 e=0.8

Before | After | Before | After | Before | After
Number of communities 165 165 130 129 110 110
Maximum size 96 96 110 114 198 198
Minimum size 4 4 4 4 4 4
Average size 11.1 | 11.2 129 | 13.1 13.1 13.4
Median size 7.0 7.0 7.0 7.0 6.5 6.5
Standard deviation of size 13.6 | 13.6 17.5 | 17.8 23.1 | 23.3

Table 6.7: Statistical features of communities of the original DEMON and IncrementalDE-

MON with IMDb data set.
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6.5.2 Precision Evaluation of Incremental DEMON with Synthetic Data Set

We found that the scale, number of added vertices and edges, and density of graphs will
affect the output precision. In order to evaluate the influence of the incremental process more

quantitatively, we conducted another experient with synthetic data.

First, we generated two types of synthetic grah data. First is ”Barabasi-Albert Graph”
[95], which has scale-free and time-evolving features and such kind of graphs can be found at
WWW and citation networks. The second is ”Powerlaw-Cluster Graph” [96], which is similar
to the Barabasi-Albert graph, but it has high clustering and local transitivity to describe the
follower-follwing relationships in social networks more accurately. We generated the following
data sets (Table 6.8) with NetworkX random graph generator. We set the number of vertices
of the base graph to 10,000, and then we generated larger graphs with 18,000 vertices to

simulate the network growths.

Graph Name | Graph Type Number of Vertices | Average Degree
BA-4 Barabasi-Albert 10,000 4
BA-6 Barabasi-Albert 10,000 6
BA-8 Barabasi-Albert 10,000 8
PC-4 Powerlaw-Cluster 10,000 4
PC-6 Powerlaw-Cluster 10,000 6
PC-8 Powerlaw-Cluster 10,000 8

Table 6.8: Synthetic graph data set.

We performed the batch version of DEMON and our Incremental DEMON algorithms with
adding 1,000, 2,000, 4,000 and 8,000 vertices and connecting edges to the base graph.

Figures 6.14 are the result of community size. In the all data sets, the difference of
community size between the batch and incremental algorithms is within one vertices. The
trend of the community size difference is still same for larger communities with more then 100
vertices in the Figure 6.14b and Figure 6.14d. As a consequence, the Incremental DEMON is

suitable for sparse scale-free graphs with lower average degrees.
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Figure 6.14: Average community size of batch DEMON and Incremental DEMON with syn-
thetic graph data
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6.6 Data Size and Implementation

We used Megaffic as the traffic simulation application written in Java, and implemented
XAXIS as the simulation base in X10 (Java back-end). We also implemented IGPM-PEM in
Python with its packages such as NetworkX and Keras. The main reason we used Java and

Python instead of C and C++ is to reduce engineering and implementation costs.

Our implementation and environment can handle only up to million-scale graphs, and we
plan to port these implementations to lower-level programming languages such as C and C++
and parallel programming libraries and devices such as MPI and GPU to manage larger graphs
in parallel. These implementations of porting and parallelization are not directly related to

our proposed methods, and we will work on them in the future.



Chapter 7

Conclusion

7.1 Overall Conclusion

Large-scale graph analytics and agent-based simulations are widely used at many real-world
applications. In the real-world applications, time-evolving and large-scale data represented
as a large graph with million and billion vertices and edges. Various graph algorithms have
been proposed with the demands of feature extractions from real-world graph data, and

optimization methods of these graph algorithms have also been proposed.

Although many performance optimization methods for graph analytics algorithms and
agent-based simulations have been proposed, these methods did not yet catch up with the
growth of real-world networks. Moreover, many graph algorithms have limitations of input
graphs and output results. For example, some graph pattern matching algorithms do not
guarantee topological matching with the query pattern graph, and many community detection
algorithms do not allow overlapping communities. Such limitations prevent us from applying

these algorithms to time-evolving and billion-scale complex networks.

To address these performance problems, we proposed performance optimization methods
applicable to time-evolving and large-scale real-world graphs; adaptive object re-assignments
and synchronization interval adjustment for agent-based traffic simulations in parallel and dis-
tributed computing environments, incremental community detection algorithm named Incre-
mental DEMON, and adaptive and incremental graph pattern matching algorithm named
IGPM-PEM.

In the agent-based traffic simulation, we investigated the prime performance bottleneck

112
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of the simulation framework named XAXIS and traffic application Megaffic at first. With
the result of the investigation, we proposed three types of adaptive performance optimization
methods to gain the scalability; synchronization interval adjustments, agent re-assignments
within each computation process and agent re-assignments in among computation processes.
The adaptive synchronization interval adjustments method achieved up to 35% speed-up with
16 computation nodes. In the dynamic agent re-assignment methods, the re-assignments in

among processes reduced the total computation time.

Incremental DEMON updates the overlapping communities incrementally with the addi-
tional and removals of vertices and edges. It updates and merges small communities incre-
mentally in the minimum frequency. With our proposed incremental processing, we achieved

up to 101 times speed-up compared to the original community detection algorithm.

IGPM-PEM is an adaptive, approximate and incremental pattern matching algorithm
based on an approximate subgraph isomorphism algorithm named G-Ray, and consists of two
components; incremental graph pattern matching (IGPM) to find other matching patterns
incrementally and partial execution manager (PEM) to adjust the number of vertices for re-
computations adaptively. The IGPM achieved up to 10.1 times speed-up compared to the
original G-Ray algorithm, and adaptive IGPM with PEM gained the speed-up by up to 1.17

times.

The series of researches, proposals shows some guides and sample solutions to the problem
how can we analyze the real-world graph data efficiently with the parallel and distributed
computing environment such as supercomputers. The discussion of our proposals also shows

the possibility of a broader range of real-world applications with graph analytics.

7.2 Future Work

As future work, we still have some research issues related to our proposed methods. The
following work will be further directions to enhance the possibilities of more extensive appli-

cations of our proposals.

First, we need more discussion and verification about the generalization of our proposed
methods for incremental graph processing. In our IGPM-PEM method, we proposed the par-
tial execution method framework specialize to our incremental graph pattern matching, so we
need to generalize the framework for other incremental graph analytics such as community

detection algorithms. Moreover, our proposed adaptive optimization methods are also spe-
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cialized our traffic applications (Megaffic and XAXIS). Based on our series of discussions in
Chapter 6, we will improve our processing models and the implementation of our proposed
algorithms, and then verify the efficiency and applicability in other algorithm and simulation

frameworks.

Second, the implementations and performance evaluations of our proposed algorithms
have many issues to be improved. Although our incremental and adaptive algorithms are
intended to be used at parallel and distributed computing environments with million- and
billion-scale graph data, we still cannot make full use of such environments because we mainly
implemented them in Python and Java. In the future, we will re-implement them to C/C++
with parallel processing libraries and devices such as OpenMP, MPI and GPU, and re-evaluate
the effectiveness of our methods again. Our current evaluation results have limitations due
to Java and Python object management such as serializations and deserializations, so the

re-implementations will result to show more remarkable scalability with our proposals.

With these remaining works of generalization and re-implementations, we will apply these

applications to other real-world applications with more massive data sets.
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