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ABSTRACT

A DISK-BASED GRAPH DATABASE SYSTEM WITH
INCREMENTAL STORAGE LAYOUT OPTIMIZATION

Dogukan Cagatay
M.S. in Computer Engineering
Advisor: Assoc. Prof. Dr. Bugra Gedik
January, 2016

The world has become ever more connected, where the data generated by people,
software systems, and the physical world is more accessible than before and is
much larger in volume, variety, and velocity. In many application domains, such
as telecommunications and social media, live data recording the relationships
between people, systems, and the environment is available. This data often takes
the form of a temporally evolving graph, where entities are the vertices and the
relationships between them are the edges. For this reason, managing dynamic
relationships represented by a graph structure has been a common requirement for
modern data processing applications. Graph databases gained importance with
the proliferation of such data processing applications. In this work, we developed
a disk-based graph database system, which is able to manage incremental updates
on the graph structure. The updates arrive in a streaming manner and the
system creates and maintains an optimized storage layout for the graph in an
incremental way. This optimized storage layout enables the database to support
traversal based graph algorithms more efficiently, by minimizing the disk 1/O
required to execute them. The storage layout optimizations we develop aim at
taking advantage of spatial locality of edges to minimize the traversal I/O cost,
but achieves this in an incremental way as new edges/vertices get added and

removed.

Keywords: Disk-based graph database, Data streaming, Storage layout.
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OZET

ARTIMLI DEPOLAMA DUZEN OPTIMIZASYONLU
DISK TABANLI CIZGE VERITABANI

Dogukan Cagatay
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Danigmani: Dog¢. Dr. Bugra Gedik
Ocak, 2016

Artik insanlarin, yazilim sistemlerinin ve fiziksel diinyanin daha 6nce hi¢ ol-
madigr kadar biiylik bir hizda, hacimde ve cesitlilikte veri trettikleri, hergeyin
bagl ve daha erisilebilir oldugu bir diinyada yasiyoruz. Telekomiinikasyon, sosyal
medya ve canli veri kaydi gibi bir ¢ok uygulama alaninda insanlar, sistemler
ve bulunduklar1 ortamlar arasinda kolayca bir iligki bulunabilir. Bu iligkiler
cogunlukla, varliklar1 diigimler, aralarindaki iligkiler ise kenarlar1 gosterecek
sekilde zamanla geligen bir ¢izge olarak karsimiza c¢ikabilmektedir. Bu yiizden,
bir ¢izge yapisi iginde dinamik degigebilen iligkileri yonetmek, modern veri
isleme sistemlerinin ortak gereksinimlerinden biri olmugtur. Veri igleme sistem-
lerinin yayginlagmasi da ¢izge veritabanlarinin 6nem kazanmasina sebep olmugtur.
Bu caligmada, artimli giincellemeleri destekleyen, disk tabanli bir ¢izge verita-
bami geligtirdik. Veritabanina ¢izge giincellegtirmeleri (ekleme/¢ikarma) bir akig
seklinde gelir, sistem gelen veriye gore bir depolama diizeni olusturur ve en op-
timize olacak sekilde bu diizeni yonetir. Bodylece, optimize depolama diizeni
tizerinde diiguiriilen disk girdi-giktisi, gezinme tipi algoritmalarin daha verimli
olarak kogulabilmesini saglar. Gelistirdigimiz depolama diizeni optimizasyonlari,
artimli bigcimde ¢izge giincellemeleri gelirken olusan cizge kenarlarinin boyutsal
lokalitelerini hesaba katarak, c¢izge iizerinde gezinme sirasinda olusan disk girdi-

¢ikt1 sayisini digiirmeyi amaclamaktadir.

Anahtar sézcikler: Disk tabanl ¢izge veritabani, Veri akimi, Depolama diizeni.
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Chapter 1

Introduction

Today, the world is experiencing a data deluge. Improvements in technology has
led us to a point where data became the most significant role-player for business
as well as research. Data generation is ubiquitous now, as various types of devices
generate streams of data, in a continuous way. Examples include airplane motors,
servers, computers, cell phones, etc. As humans, we also generate data with our
actions on social media such as Facebook and Twitter, and via our queries on
search engines, such as Google. The increase in the amount of data produced
has reached a point where it is impractical to store and process the data with

conventional methods in most of the cases.

An important portion of this data takes the form of graphs, where nodes in the
graph represent entities, and the relationships between these entities represent
edges. Accordingly, there has been various recent works on scalable graph process-
ing, management, and storage systems. Examples include Neo4j [1], Hadoop [2],
Giraph [3], Pregel [4], GraphChi [5], GraphLab [6], etc. Each of these systems
has their differences in their graph processing schemes, graph algorithm execution

models, data structures, programming models and graph storage subsystems.

In this work, we present a graph database system called GraphDB, which stores

a graph structure on disk and accepts streaming updates to continuously refresh
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this structure so that ad-hoc queries can be answered in an efficient manner.
GraphDB dynamically changes the graph layout on disk with incoming streaming
data, using incremental disk layout optimization algorithms. Updating the on-
disk graph layout while the data is streaming requires creating and reordering
graph partitions in an on-the-fly manner, so that online queries can be answered

more efficiently.

Storing/querying data into/from graph databases requires organizing the graph
data using a series of disk blocks. This can be seen as a form of graph partitioning
and ideally nodes that are “close” in terms of their connections should be co-
located on the same disk blocks as much as possible. In other words, the goal
is to store graph data on the disk with high locality. 1f data is static, the disk
blocks can be created by looking at the already existing connections in the graph.
There are very good performing partitioning algorithms on static graphs, such
as METIS [7] and ParMETIS [§]. However, streaming graph data dynamically
changes, and thus a static partitioning cannot be used. As a result, GraphDB
aims at dynamically updating the disk blocks in order to maintain high locality

in the presence of streaming updates.

Graphs are ideal for representing relationship data and graph databases are ideal
for accessing data associated with a related set of nodes within a graph. For
example, assume that Facebook stores user data in a graph database and represent
a user as a node in the graph. When we want to access the data associated with
a user and all its friends, the graph database will be able to answer this query
by reading a few disk blocks, since due to locality of storage, data for these users
will mostly be co-located in a few disk blocks. However, in relational databases,
the data for a user and its friends may be scattered over different disk blocks of a
table. The latter is because the locality of nodes cannot be captured by a simple

key order in a relation table.

Most graph algorithms are traversal-based, which is an access pattern efficiently
supported by graph databases. In a typical graph traversal, at each iteration,
you visit a node, access its data, perform an operation and probably move on

to perform similar operators for one or more neighbors of the current node. If
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this kind of access pattern results in too many disk accesses, the traversal will
be very slow. GraphDB aims to optimize the on-disk graph layout so as to lower
the number of disk access operations needed when executing graph algorithms
that rely on traversals. Number of disk access operations is key to speed up the
processing of a graph, because access speed of a disk is significantly lower than
that of memory. Even though access speed is drastically increased with Solid

State disks, frequent data retrieval from disk is still an expensive operation.

In order to provide access to a large graph, GraphDB partitions the graph into
sub-graphs and creates disk blocks out of these sub-graphs. Main memory is
used a buffer cache to store sub-graphs. However, since GraphDB is designed for
incremental updates, this partitioning is incrementally updated as new nodes and
edges are inserted and removed. This online repartitioning aims at improving the

disk layout of the graph in order to reduce the cost of queries.

The design of GraphDB introduces several challenges. First, online updates to the
graph structure means that we cannot apply traditional methods for partitioning
the graph and creating the on-disk layout. Instead, incremental algorithms are re-
quired for this purpose. Second, the incremental algorithms should be lightweight,
so as not to significantly increase the cost of graph updates. Third, the incre-
mental partitioning algorithm should result in a disk layout that decreases the

disk access cost for traversal based graph algorithms.

Our contributions in this work include creating a system called GraphDB that
can effectively store a dynamically growing graph structure on-disk and provide
efficient access to it for running traversal-based graph algorithms. We assume
that at first we don’t have any data and the graph structure doesn’t exist and
as the data starts to arrive, GraphDB starts to create the graph structure, incre-
mentally updating its on-disk layout to adapt to the structure of the data. For
this purpose we propose effective and lightweight partition selection, partition

splitting, partition reordering algorithms, and disk layout creation algorithms.

In summary, contributions of this thesis include:



CHAPTER 1. INTRODUCTION 4

e We developed a disk-based graph database system that supports incremen-
tal updating of the on-disk layout to improve traversal-based graph data

aCcCess.

e We developed lightweight incremental graph partitioning algorithms for up-
dating the on-disk layout of the graph as graph updates are processed.

e We experimentally evaluated the performance of our system and showcased

the effectiveness of our algorithms and techniques.

The rest of this thesis is organized as follows:

First, an overview of the system architecture of GraphDB is given in Chapter
Basic concepts are presented in Section [2.1] and a detailed system architecture is
given in Section 2.2l Experimental evaluation follows in Chapter [3] The related
work is given in Chapter [l Finally, Chapter [5] concludes the thesis.



Chapter 2

System Overview

2.1 Basic Concepts

2.1.1 Graph Structure

We assume that the graph or graphs to be managed by our system are large
enough that a memory-based solution is not feasible and thus the graphs are to
be stored on the disk. Our general approach is to maintain a graph as set of
partitions such that each partition is a relatively small piece of the graph that
fits in memory. Partitioning the graph is also important from storage point of
view. Storing and loading a large graph from storage would take too much time.
Instead, reading smaller partitions of the graph as they are needed, is a much
effective approach from performance point of view. Hence, our graph structure
consists of partitions that composes the whole graph. We call those partitions
subgraphs in our system and throughout this thesis. In our graph structure, we
don’t store individual nodes, but subgraphs. The subgraph holds the nodes and
edges associated with its partition of the nodes. Cross edges, which are edges that
connect vertices belonging to different subgraphs, are stored in both subgraphs.
In order to be able to tie any node in a graph to a subgraph we use a global index

over the nodes that maps nodes to their subgraphs. This global index is also

5
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persisted as part of the graph storage. Since a graph in our system is composed
of subgraphs and a node index, all we need to store is those two types of data on
the storage medium. Therefore, the storage method we use to store the graph is
composed of two components, a block which represents a subgraph on the storage,
and an index to identify which node is in which block. The high level view of the
graph structure is given in Figure [2.1}

/% ;\EE]E]
|8s|-®m B — B2
\g_,g/v@

N i/

Figure 2.1: The graph structure used in GraphDB. Graph is partitioned into
subgraphs. Subgraphs are in-memory data structures that hold the nodes and
the edges. In order to store the graph on storage and load from storage we
serialize/deserialize subgraphs/blocks.

In the process of storing a graph in our database, we are serializing subgraphs into
disk blocks, together with the global index. Loading the graph from storage is the
opposite of this process. The system loads blocks from the storage and deserializes
graph data from the blocks into subgraphs with the help of the global index stored
on the storage. The details of serialization of subgraphs and deserialization of

blocks are explained in Section [2.2.6| and [2.2.6]

In GraphDB, the block size is a system configurable constant. This ensures that
a fixed number of partitions fit into the main memory reserved for the operation
of the database. Recall that GraphDB is not designed to load all the blocks from
storage to main memory at any point, unless the graph fits in to the memory in

the first place. Even if the graph fits into the memory, GraphDB will not load the
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unneeded blocks of the graph. However, having a constant block size creates a
challenge for some graphs. Particularly, when there are nodes that have so many
edges that a single node does not fit into one block when serialized, we have a
problem. The edges of a node take considerable space in a block, because each
edge take a fixed space plus additional space for its attributes. The purpose of
creating GraphDB is to work with very large graphs, so this situation is very likely
to occur in real-world graphs with power law properties. Such graphs contain a
few nodes with very large number of connections. If this kind of situation is
observed, our one-to-one subgraph block correspondence wouldn’t work. Hence,
we pair the subgraphs and blocks in a way that a subgraph might represent more
than one block in the memory but one or more associated blocks will create only
one subgraph. This type of multiple block correspondence of a subgraph only

happens when a node doesn’t fit in a block when serialized.

As new nodes and edges are added to a graph, the subgraphs start to grow.
Subgraphs that get too big to fit into a single block are split to create smaller
subgraphs. In the rare case that a single node becomes too large in size (in terms
of its neighbors), it starts to occupy its own subgraph. Such subgraphs are marked
and does not admit other nodes. With this solution, when a marked subgraph
is serialized, it produces potentially more than one disk block. In GraphDB,
there is no limit to the number of disk blocks that can be created from a marked
subgraph. However, since a marked subgraph has to fit into memory, the only
restriction is that a single node, with its edges and edge properties, has to fit into
the main memory reserved for the operation of GraphDB. The main memory

reserved for holding the subgraphs is referred to as the subgraph buffer.

2.1.2 Storage Backend

In an earlier iteration of GraphDB, the system was designed to support only
a file system backend for storage. However, there are many storage systems
that we could make use of and there will be new ones in the future. Since

the GraphDB system is designed to process large graphs, alternative storage
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systems might be necessary in some cases. For instance, distributed storage
systems like HDFS [2], HBase [9], Cassandra [10], etc., are strong candidates
and can be used successfully as a storage backend of GraphDB, because of their
scalability and speed. Therefore, we decided to make the storage backend of
GraphDB transparent to the rest of the system. In other words, the rest of the
system does not know what storage medium is being used. In order to achieve
this functionality, we designed an interface for GraphDB to talk to any storage
backend. The interface is what one really needs to know to create a connector
that will integrate GraphDB with a new backend. For example, if one wants
to connect GraphDB to MySQL Database [I1], then a StorageConnector should
be implemented using the libraries of MySQL Database System and GraphDB
should be configured to use that connector to access the storage backend. In

Section StorageConnector interface will be explained in detail.

Storage Layout

By partitioning the graph, GraphDB creates a storage layout for the graph.
The storage layout determines the performance and efficiency of the system. In
GraphDB we experimented with many algorithms for creating different storage
layouts and measured their performance, which will be explained in detail in
Section [3.3] The storage layout of a graph determines the performance of the
system because, as mentioned earlier, significant amount of time is lost when
loading data from disk or other storage medium, because storage mediums are
often very slow compared to main memory. Today, a fast mechanical hard disk’s
raw data bandwidth is about 180MB/s [12] and a SATA Solid State Disk can read
compressed data at around 500MB/s and minimum bandwidth of most common
PC3-12800 DDR3 SDRAM is 12.8 GB/s [13], with DDR4 SDRAMs this band-
width can increase to 17-25GB/s. As can be seen, even the fastest SSD is not
even comparable to main memory. Therefore, we need a storage layout to in-
crease the performance of GraphDB by decreasing the number of disk accesses
made by the system. GraphDB makes disk accesses to read blocks of data, it de-

serializes the blocks in memory into subgraphs, and uses the subgraphs to serve
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requests. Unless a node that is not in the subgraphs currently loaded in the sub-
graph buffer is requested, no further data is read from the disk. In the worst case,
a storage layout that does not consider locality of access would make GraphDB
go to disk too frequently. In GraphDB, we tried to decrease the number of disk
accesses with locality-aware partitioning algorithms that would create locality-
aware graph layouts on storage. Locality awareness is important in GraphDB
because we assumed the algorithms we run on GraphDB will be traversal-based
algorithms where nodes are traversed with respect to their relationships. In most
of the cases, after a node is processed an adjacent node will be selected to be
processed. Therefore, in our storage layout we needed to put adjacent nodes
together into the same block, in order to reduce the need to load another block

from disk.

Storage Medium

Essentially in our original design of GraphDB, the storage medium of GraphDB
was the disk. However, we changed the design of GraphDB and it would work on
other storage mediums such as network disks or distributed storage structures,
databases, distributed databases, etc., as long as necessary connector interfaces
are implemented for GraphDB. The terms disk and storage medium is used in
this thesis interchangeably because our evaluation is done only on disk as the

storage medium.

Storage Structure

As explained earlier, disk access is a very significant factor for the efficiency of
GraphDB system, where it directly impacts the access time when saving or load-
ing blocks of graph to/from disk. A key-value store is basically a non-relational
database where data is held by addressing it with an identifier key. It is like a
dictionary or a hash table where with the key you can address corresponding data
in a very fast way. A key-value database can be a complex distributed system like

Google’s BigTable [14] or Amazon’s Dynamo [I5], or simpler standalone system
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like BerkeleyDB [16]. In GraphDB we used a Java implementation [I7] of Lev-
elDB [18] which stores the graph blocks containing node and edge data, as well
as graph metadata like the name of the graph, the number of nodes and various
counters. LevelDB is a disk-based fast key-value database. It stores data sorted
by its key as byte arrays addressed by a byte array key. LevelDB uses LSM-
trees [19]. In GraphDB, data is held in LevelDB mainly as graph blocks that are
addressed by their unique id. Non-relational databases doesn’t have tables in the
relational sense, but for the sake of understandability, we will call them tables.
GraphDB maintains three tables on a Level DB database. First table holds state-
ful data of graphs existing in the system, where the state is determined by its
unique name, unique id, number of nodes, and node counter. This table is read
by the system once in every execution and when a new graph is added, the system
updates this table. The second table is for the nodes and their block(s) where
they reside. This table contains the block id(s) identified by id of the node and
graph id combined. For example, when system wants to load the block of node
with id nid in graph with id gid, GraphDB concatenates gid and nid (gid + nid)
and finds the id(s) of block(s) wherein that node resides. The third table is the
one that holds the serialized block data addressed by block id. After finding the
id(s) of block(s) in the first step it asks LevelDB to bring the block(s) with id(s)
from the third table. LevelDB is designed as a fast database for random writes,

but it is also fast on random reads.

2.2 System Architecture

Today’s trend for deriving information from various digital sources has led to huge
amounts of data being collected and processed. Graph databases are excellent
choice for storing and processing the data since many times the data contains
relationships and algorithms on graphs are mature enough to derive useful in-
formation from these relationships. However, when the data is big enough that
it doesn’t fit into memory, graph databases remain slow compared to other so-
lutions. We designed a graph database framework called GraphDB, a graph

traversal and processing system for big graphs which doesn’t fit in memory. Our



CHAPTER 2. SYSTEM OVERVIEW 11

framework basically holds the graph in partitioned blocks on a storage medium.
When a graph is being processed, the relevant blocks are brought from the storage
medium as partitions, converted to a subgraph, processed and written back to the
storage medium as partitioned blocks again. The blocks that are being processed
are held in a buffer. GraphDB consists of two main component groups, namely
base graph elements and architectural elements. The base graph elements are
graph manager, graph, node, edge, property. The data that is stored is attached
to nodes and edges as property objects. Properties attached to a node or edge
represent data attached to that particular element. The architectural elements
of the system are storage backend, storage connector, memory buffer, subgraph,
block, buffer manager, block manager, and graph manager. In this section, the
graph structure of GraphDB will be explained first, then the components of the

system that implement the graph structure we created will be explained.

2.2.1 Graph Manager

The GraphManager is one of the main components we use for managing the
system and the graphs. GraphManager provides functionality related to graph
manipulation and system management. On the system management side, it is
responsible for maintaining in memory and on storage state of the graphs. It
can initiate the process to bring a block from storage if needed. On the graph
manipulation side, the graph manager manages the graph creation, and orches-
trates the graph retrieval and update. It is implemented as a singleton class, so
only one instance of it could be created and used. This design choice is preferred
because there are elements that the graph manager instance needs to track and
in order to prevent synchronization between different GraphManager instances
we designed it as a singleton. In the programming order for the user the graph
manager comes first and must be instantiated in the beginning in order to be
able to start the system functions. Without instantiating the graph manager,
user cannot access any graphs on the database or create graphs. That is why
we designed the system to start with the instantiation of GraphManager for the

first time. There are two other manager classes that are used by the system and
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are instantiated when the system starts. These are the BufferManager and the
BlockManager classes. They are purely related to the background (system re-

lated) jobs which is hidden from the user. These elements will be explained later

in Section 2.2.7 and Section 2.2.91

GraphManager instantiation is triggered with the call to its getInstance()
method for the first time. At first the system tries to create the two other system
elements BufferManager and BlockManager respectively. The details of these
operations are too much interconnected so, it is explained here from a higher
point of view. The GraphManager initiates the instantiation of BufferManager
which searches for an existing database on the storage medium. In our initializa-
tion procedure, BufferManager is started when any graph manipulation operation
of the GraphManager is called. If the system has never been started up before,
system is lacking the necessary database files, it initiates the system properties
for the first time. If a graph is added in that state, GraphManager would save
the state. Next time, GraphDB is started, GraphManager reads that initiated
state. Otherwise, initiates system initialization. If it can find it, it loads the last
state of the system which are called system properties. The state of the system is
defined with number0fGraphs, blockIdCounter and the metadata of the latest
states of the graphs.

In GraphDB, blocks are addressed by their unique ids. The state of a graph can
be defined with graphName, graphId and nodeIdCounter. The retrieved data
related to graphs is passed on to GraphManager. The GraphManager instantiates
the graph objects (SuperGraph) with graphName, graphId and nodeIdCounter
data for each graph. Hence, the graphs that were in the system before becomes

available after GraphManager initiates in their previous state.

System shutdown is also initiated by GraphManager, the rest of the shutdown
process is carried out in control of BufferManager. In the system shutdown, the
opposite of system initialization is done. The system state is saved to the storage
medium. The details of shutdown process can be found in the Section [2.2.7 The

system needs to save the blockIdCounter while shutting down.
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2.2.2 Graph

Graph element in GraphDB is used for handling graph operations within the
system. It has two faces. The first is the system-level implementation and the
second is the end user interface. We created an interface called Graph, which is
visible to the end user. For managing graphs at the system level, an implementa-
tion of this graph interface, SuperGraph, is defined. The reason behind creating
two interfaces is that we tried to give a basic graph abstraction to the end user
which can be handled with a small set of commands, without having visibility
into what is happening behind the scenes. In other words, we tried to hide the
background processes from the end user and show the user only what she needs

to see.

Graph creation in the system is one of the straight forward operations. A graph
is created in control of the GraphManager. A graph may have a descriptive
graph name, but it must have an integer i¢d. The id of the graph is given by
the GraphManager, which is stateful. When the system shuts down, its state is
written to the storage medium for future usage. The graphs are held by their

unique id, but for the convenience, users can locate graphs via their name.

When the graph is created, an object of type SuperGraph is instantiated. Since
the SuperGraph class is an implementation of the Graph interface, when user
needs a Graph handle, system returns a Graph type reference which only includes
the user interface methods. Hence, the SuperGraph object will be able to used
by the user (using Graph interface) with restricted operations as well as, by the
system itself to achieve management goals of the system. The user interface is
used for end user operations and allows higher level access for graph manipulation.
On the other side, the system interface allows various atomic operations and low-
level access to the graph operations. Therefore, the number of operations for

low-level access is considerably larger than the high-level access operations.

When a graph is loaded from storage, the graph objects are instantiated again in
their last state when the system was shut down. However a graph load operation

from storage doesn’t require that the nodes are loaded from the storage medium.
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From the user point of view, the object with Graph type is just a handle to
access graph manipulation operations. The operations of Graph interface may
make the system load nodes from storage medium on demand. For example,
calling the method for getting the identifier name of the graph doesn’t require of
any node to be brought from storage and consequently does not trigger any block
loading operation from storage medium. However, adding a node to the graph

may require some blocks to load from storage medium.

From the system point of view, the SuperGraph class is not just a handle. It
implements the Graph interface so that, it can be used as a handle to graph
interface in the user view. In the user view, the user cannot access the operations
of SuperGraph class. It can access only the Graph interface operations. The
main data held in the SuperGraph is the node id counter, node count, subgraph
count. These are metadata associated with the graph structure we use. The state
of the graph that has to be preserved is in the node id counter. The function of
the node id counter field is that the graph gives new nodes identifier long integers
consecutively, so when we save the graph on storage medium, we need to be able
to revive the graph with the exact state that it had been before. Saving state of
a graph is more involved, so there are a few more items we use to preserve the

state of a graph, which will be mentioned in the future sections.

Tracking subgraphs is another job that SuperGraph is responsible for. However,
SuperGraph is only responsible for Subgraphs in the memory. Subgraphs have
ids, but the id of a subgraph is not unique and is not an identifier for the subgraph
since it is only a image of a block or blocks in the memory. Therefore, subgraphs
are identified by the id(s) of the blocks that they are associated with. We don’t
need a counter for subgraphs. When it is written on the storage medium, the
subgraph id loses it significance and when the same partition is loaded from
storage, the subgraph id may be different than before. It is just for tracking
partitions in memory. The node counter is kept just for convenience, in case the
user wants to get the total number of nodes in that graph. It is a relatively small

state field that is preserved.

Nodes in GraphDB do not belong to SuperGraph element but the subgraph. A
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SuperGraph consists of subgraphs and they consist of nodes and edges. However,
SuperGraph keeps track of the nodes that are loaded into the memory (as part
of the subgraphs). Determining a node is in memory or on the storage medium

is done with the help of this information.

2.2.3 Node

Node class is one of the classes that is being used just as a handle to provide a
functional interface to the end user. The only data that a Node instance holds is
the node id in its graph, a reference to its graph and its dummy state. Thus, the
operations that the node methods offer are internal operations requiring deeper
access to the system internals, so the reference to its graph is held as a SuperGraph
object. The dummy state of a Node object tells us whether the subgraph of that
node is in memory or not. It becomes true when the subgraph of a node is
not in the memory and the subgraph of another node that has an edge with
the other node is in memory. The subgraph retrieval from storage is triggered
from almost all actions that node object takes. Triggering subgraph retrieval is
ignored by the system if the subgraph is already loaded to the memory otherwise
the retrieval procedure is started. For example, node A and node B has an edge
and they reside in different subgraphs. Consider a situation where the subgraph
of B is in memory but the subgraph of A is not, so the node for A is created
but marked as dummy, which means the node is not in the memory. If user tries
to call a method of a dummy node, A, the subgraph of A would be loaded from
storage. This situation happens in a couple of cases. For example, the subgraph
of a node is being loaded, and some of the nodes in the subgraph have cross
edges. The subgraphs of the incident nodes of those cross edges are not loaded
so dummy nodes are created for those incident nodes. Another case would be
when a subgraph is being written to storage (see invalidation in Section for
any reason. Then the nodes of the invalidated subgraphs, which has cross edges
with incident nodes that are in memory at that moment, are deleted from node
index in SuperGraph but marked as dummy. As such, when they are needed to

take action, their subgraphs can be reloaded to the memory from storage. In
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GraphDB a node can have its properties (data) identified by Property object,
which is held by the database.

2.2.4 Edge

An edge is represented with two Nodes in GraphDB. It is a wrapper class for an
edge in the system at the structure level. Edge class functionality is provided in
parallel with the rest of the wrapper classes. It has two references to the identifiers
of two nodes it connects, source and destination, which are long integers, and a
reference to its SuperGraph object. The reference to its graph object is explained

in Section [2.2.3] as part of Node class.

Edge creation is only done through the provided end user interface, with Node
objects. An edge may have node references where one or both of the referenced
nodes are not loaded to the memory (written to the storage medium) at a moment
in execution, but the edge is still valid and open to take action by the user because
the referenced nodes are marked as dummy by the system when they are written to
their blocks on storage. Thus, whenever an action has to be taken with that edge,
if the action requires a block to be fetched from storage, it is fetched. Edges are
held in subgraph objects in an adjacency list format, which can be accessed via
the adjacent Nodes of the Edge. Since the system can hold directed graphs, the
subgraph has two adjacency lists having that Edge, one is incoming, and the other
one is outgoing. If the Nodes of an edge resides in two different subgraphs/blocks,
only incoming or outgoing part of the adjacency list is kept on each subgraph.
However, when the subgraph is serialized into a block the node identifiers are
written to both nodes’ blocks. In this case, when the block is retrieved from
storage, the edge is created with two references to its nodes, but one of the Node
references are marked as dummy if that node is not already loaded to the system
memory. With this type of behavior, we achieve lazy loading when an edge with
connections to two different blocks is retrieved. If the edge connections are to the
nodes in the same block, then both of the nodes’ adjacency lists will contain the

edge when serialized.
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Like nodes, edges might also have properties attached to them, which enables the
system to hold data for the each edge and use that data for processing. Therefore,
the edges can hold data. Edge properties are held in the same fashion as the Node
properties. A property is described with a key, which is a String instance, and
the data, which can be of arbitrary type. It can be saved, retrieved or deleted
with that key. The details of the Property class and management of properties
is described in Section 2.2.4

Property

In our graph definition, we declared that nodes and edges might have data at-
tached to them. Since, the system is a database, we must provide a way for
user to store the data related to the graph elements. Accordingly, we created
the Property class. It provides APIs for modification, removal, and addition of
properties where data is accessed via a unique String key. A property object
can hold a number of atomic data. Property attached to nodes and edges is basi-
cally a hash table, which holds data with a String key. Attached data can be of
any type, but it must be serializable. Otherwise, GraphDB gives an error, indi-
cating given property is invalid. Therefore user-defined classes must implement
the Serializable interface of Java when user is attaching custom class property
values to nodes and edges. An improper implementation of Serializable interface
would result more bytes to be serialized than needed. The user must be careful
using user-defined classes with the Property class. In each serialization procedure
of a subgraph, the Property objects attached to nodes and edges are serialized
with elements in them and put into the same block. Edges that have two nodes
in different blocks repeat the property data in each block, trying to make less
disk access. If we hold only one copy of the data in two blocks, we always need
to load the block that contains the data.
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2.2.5 Storage Connector

Our system is designed in a way that the storage medium can be customized for
different storage types and needs. This separation eases interfacing GraphDB
with other systems that can be used as a storage medium. For example, you can
use the file system, HDFS or MySQL, etc. as a storage medium on GraphDB. In
order to gain this ability, first one needs to implement the StorageConnnector
interface, providing intended system methods. Then one can configure GraphDB
to use your custom connector. For our experiments, we implemented storage

interfaces for LevelDB.

In order to separate the connector implementation further from the GraphDB
system, the provided and requested data are in byte array form. This enables the
implementation not to include or require one to use any library/class from the
GraphDB system. The implementation only needs to include its storage system
specific libraries, if there are any. For example, if you want to use the file system
as the storage, you need to implement the StorageConnector interface using

Java file input/output functions.

In our storage implementation, the data is kept in table-like structures. We will
call them tables for convenience. In the storage structure, there are three tables,
the graph table, the node table and the block table. Graph table holds the graph
id to graph properties mapping, since this is a graph database it may hold more
than one graph and each graph has two properties for saving their state, node id
count, and node count. The graph table also holds the main database properties,

which includes block id count.

The node table holds the block id list that the node resides on. The row mapping
of the table is node id — block id. The node id is not a unique value throughout
the database, so we added the graph id to the mapping and it became graph
td + node 1d — block id list in the node table. When a node is requested by
the system, the block id(s) are looked up from the node table and brought into

memory when needed.
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In the GraphDB system, a node is held with its edges and its data, so if the node
has too many edges a block may not present enough storage are for that node,
and thus it is split into multiple blocks. Therefore, we are mapping node id to a
list of block ids.

The third table GraphDB uses is the block table. It holds a block id — block
mapping, where block ids are unique in the system. In terms of size, this is the
table that holds the most graph data, as all node data, edge data, and their
attached property data is held in this table.

2.2.6 Subgraph

A subgraph in GraphDB represents a partition of a graph. As many partitions
makes up a full graph, one or many subgraphs creates a graph. Our graph
structure consists of a graph and inside many subgraphs. A subgraph in our
system holds all data about the partition. Nodes, edges, their properties, are all
held in the Subgraph element. The graph element is only responsible from keeping
track of the nodes (global node index) that are in memory and the subgraphs.
All other graph operations related to nodes and edges of the graph are redirected
from Graph to the corresponding Subgraph. Finding the corresponding Subgraph
is the responsibility of Graph.

As we said before, a subgraph represents a partitions of a graph but, a block on
the storage cannot be directly mapped to a partition. Subgraphs are images of

blocks when they are loaded to the memory.

Subgraphs that belongs to a graph are held in the same Graph object but there is
a limit that how many subgraphs, the system may hold according to the running
machines memory configuration. However it is not infinite, so we brought a limit
to the number of subgraphs that the system may hold in its memory which is

determined by the size of the block that a subgraph represents.
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Subgraph Types

We have two different subgraph types, partitioned and non-partitioned. The pur-
pose of creating two kinds of subgraphs is that we designed the storage structure
to contain blocks with certain capacities, because we wanted the capacity of a
block to be tunable, since the storage backend is flexible and it might be crucial
from performance point of view that the block size is tunable for different storage
backends.

Non-Partitioned

Non-partitioned subgraphs are basic subgraphs that hold nodes, edges, and their
data. These subgraphs take only one block-size in the buffer.

Partitioned

Partitioned subgraphs are for the exceptional subgraphs, where the capacity of
a block is not enough to hold a node, its edges, and their data. In this case
we create a special Subgraph object that contains only one node, its edges and
data attached to them. This type of subgraphs are serialized into blocks in a
different way than non-partitioned subgraphs. Normally, subgraphs are serialized
into byte array and the byte array is written to storage with the given block id
and necessary updates/inserts are done with the block id in the database tables.
However, Partitioned subgraphs hold nodes that do not fit into a block with the
specified capacity. In this case, we serialize the subgraph into a byte array as if it
is not a partitioned subgraph, but at the final step we run a split procedure that
splits up the byte array into pieces that would fit in a block. These subgraphs
hold more than one block-size in the buffer. Since writing this type of subgraph
would trigger writing multiple blocks into storage. The only difference when
updating the database tables is that we update node table with a list of block ids

instead of a single block id. The details of serialization part will be explained in
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Section [2.2.6

Block

A block represents the serialized version of a subgraph or part of a subgraph in
the GraphDB. The block resides on storage mainly, and it is loaded into memory
to be deserialized and when a subgraph will be written to storage, it is serialized
into a block or blocks. The capacity of a block is determined by the system. In
our system, we set the block size to 10K B in our experiments. A block has a
unique id and it is universally unique, a block of any graph in the system cannot
have the same id. The block id is a long integer. The track of blocks are handled
by GraphDB by saving the state of block id generating system, which is done by
saving the last given block id to system properties. Next time the system boots

up, GraphDB knows which block id to generate next.

Blocks are held in storage by their ids in the block table. The block ids are
also listed in the node table to indicate the node’s block(s). At any time in the
system, the number of blocks loaded from storage is known and and is limited by
the buffer size. The system holds the raw blocks in the buffer, but it is actually
not a buffer but a tracking mechanism. It only tries to limit the number of blocks
that can be loaded from storage and when it is full, it forces the system to write
a block or blocks to storage. When a block write operation is initiated, system
checks if the block belongs to a partitioned subgraph, if it is it will be writing all
other blocks to the storage too, along with the meta data of blocks.

Serialization

Serialization phase of a subgraph is takes place when the system buffer is full and
some of the buffer space should be released by writing a subgraph into the storage
medium. As explained in Section[2.2.6] there are two types of subgraphs, and they
are serialized differently. The non-partitioned type of subgraph would correspond

to one block of bytes. The process starts with the serialization request of a
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subgraph from the buffer. Each and every element of that subgraph is serialized
into bytes. In this process, GraphDB uses descriptors to separate and identify the
data that is being serialized. The nodes are represented with long integers, edges
are represented with two long integers. The related data of nodes and edges are
also serialized. That’s why the serialization interface implementation is a must
for the data that is being attached to a node or edge. GraphDB serializes their

related data after the descriptor and identifier of a graph element is serialized.

In case of serialization of a partitioned subgraph, the serialization mechanism is
similar. All elements of the subgraph are iterated and serialized with the help of
descriptors. One difference is that, a partitioned subgraph corresponds to not one
but multiple blocks of data. The partitioned subgraph is converted to a big block
of graph data which exceeds the number of bytes that limits the block size, and
then it is divided into maximum block size of blocks. Afterwards, the generated
blocks are sent to be written to storage medium and subgraph is deleted from the
buffer. The number of disk blocks that a subgraph would need to be serialized is
known and calculated at each update in the subgraph. Therefore, we can ensure

that the memory holds exactly memory buffer size of bytes.

Deserialization

Deserialization process is the direct opposite of the serialization process, where
the blocks are read from storage into memory buffer, and with the help of de-
scriptors and element identifiers. GraphDB reconstructs the subgraph as it was
before serialization. For partitioned subgraphs, merging of the multiple blocks is

performed on the fly while subgraph elements are being reconstructed.

2.2.7 Buffer Manager

Buffer manager is responsible for managing the blocks in the buffer. There can be
multiple blocks in the buffer and the size of the buffer can be adjusted according

to the memory amount configured by the user for the buffer. Buffer manager
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uses StorageConnector interface methods for reading, writing and querying. A
custom StorageConnector implementation should be provided initially through

configuration utilities.

When the buffer is full, the blocks are written to the storage in the least recently
used (LRU) fashion. If the graph can fit in the buffer memory, it would be served
from the memory until the program completes. When the program completes,
the buffer is flushed, all blocks in the buffer are written to the disk. The buffer
flush function can be manually called by the user at any time. When the graph
does not fit into the memory, the blocks are brought from storage to the memory

as needed and expired blocks are written to the storage when the buffer is full.

2.2.8 Memory Buffer

In GraphDB, memory buffer is composed of blocks, where each block corresponds
to a block/partition on disk. However, when a block is brought from disk to mem-
ory, it is not kept as it was on the disk. It goes over the deserialization proce-
dure and is deserialized into subgraphs. Vice verse, this process has serialization
counterpart where the graph is serialized into disk blocks. Due to the serializa-
tion/deserialization process, the space that blocks hold on disk and subgraphs

hold on memory will be different.

2.2.9 Block Manager

Block manager keeps track of the blocks that have been created. Each block has
an id which is used to describe that block in the database. A block is defined as
a byte stream, it may have nodes, edges of nodes, node data and edge data. The

data is written on a block using integer identifiers followed by the identified data.
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2.3 Storage Layout

When a graph us started to be inserted into GraphDB, as graphs dynamically
changes, the layout on disk will change as well. Storage layout is basically the
result of partitioning model that GraphDB uses. Storage layout is the key element
which directly effects the efficiency of the system.

2.3.1 Layout Policies

In GraphDB partitioning models are called layout policies. They are divided
into two main categories, Select Policies and Split Policies. Each category looks
at the graph from different aspects and effect the partitioning from a different

perspective, which gives us the ability to control partitioning in detail.

2.3.2 Select Policy

Select policy determines where a node with no other connection in the graph goes
to. In our streaming model, when a node is added to the system it would have no
connections in the graph to other nodes, it can be the first node in the graph or
the last node. After that node is added, the connections will be made and that
node may be moved to another subgraph or not, which is determined by the Split

Policy in GraphDB. There are two select policies we used in our system.

Random Select Policy

In this select policy, when a new node insertion is initiated, it is placed in a random
subgraph at the time of insertion. If there are no subgraphs in the memory at
that time, a new empty one will be created and the node will be placed into the

new subgraph. For load balancing purposes, randomization in this case is useful.
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Algorithm 1: EXECUTESPLITPOLICY(G, S, P)

Param : GG, graph

Param : S, subgraph

Param : P, split policy

if S1zE(S) >= MaxBlockSize then > If subgraph size exceeded max block size
if ISNOTPARTITIONED(S) then > Split if .S is not partitioned

L L Sy, 52 « spLiT(P,S,G) > Execute the split policy for the subgraph

First Available Select Policy

In this policy, when a new node insertion is initiated, the currently loaded sub-
graphs will be processed and the node will be inserted into the first subgraph
that has available space in it. When insertion is initiated, if there are no sub-
graphs loaded in the memory, First Available Select Policy will create a new
subgraph and insert the node into that subgraph. This method provides superior
subgraph/block density compared to Random Select Policy. It creates denser
subgraphs/blocks compared to Random Select Policy.

2.3.3 Split Policy

Split policies are the main algorithms for creating the disk layouts. In our stream-
ing model, subgraphs grow larger and larger as graph elements are populated, and
at some point these subgraphs should be broken into parts to ensure the block
size we specified in the configuration of GraphDB. There are four split policies
we use in GraphDB. These are: Affinity Based Subgraph Split Policy, BFS Sub-
graph Split Policy, Half Subgraph Split Policy, and Random Subgraph Split Policy.
Split policies are executed when a graph element is being inserted to a subgraph
that reaches maximum block size after insertion. After each insertion, GraphDB
checks impacted subgraphs and decides if a split is needed or not. Algorithm
gives the pseudo code of the split policy execution. The moveNode () function is
used in all split policiesl which simply moves the node and all its incident edges

and properties from one subgraph to another subgraph.
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Algorithm 2: AFFINITYSPLITPOLICY (S, G)
Param : S, subgraph
Param : G, graph
HALFSPLITPOLICY(S, G) > call directly Half Subgraph Split Policy

Affinity Based Subgraph Split Policy

Affinity Based Subgraph Split Policy uses different rules for moving nodes com-
pared to other split algorithms. This policy basically measures a node’s affinity
and decides whether it should stay where it is or moved to another subgraph.
Unlike other policies, this policy does not only move nodes to other subgraphs
when executeSplit Policy presented at Algorithm [I]is called. At split time, it uses
Half Subgraph Split Policy to partition the subgraph to ensure that the locality
is not affected negatively (see Algorithm . It moves nodes when a new edge is
added to the graph using Algorithm [3] Add edge action uses the Equation to
calculate the affinity of each subgraph in the memory at that time and decides
to move the node to one of the subgraphs or not. In the equation, T represents
the number of total edges of a node, A represents the number of cross edges to a

subgraph, f a tuning parameter.

BFS Subgraph Split Policy

BFS Subgraph Split Policy is a graph partitioning policy where half of the nodes
in one subgraph is moved to a new subgraph (or subgraphs) according to the
BFS execution order. The policy stops moving nodes when 50% of the nodes
have moved from the splitted subgraph.
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Algorithm 3: AFFINITYADDEDGEACTION(E, S, G)
Param : F, edge
Param : S, subgraph

Ngre ¢ GETSOURCE(E) > get the source node of the edge
Ssre <~ GETSUBGRAPH(Ngpc) > get subgraph of source
for for each s; € {S}memory do > for each subgraph in memory
L M; < CALCAFFINITY (Ngpe, Ssre, Si) > calculate affinity for s;
if getMaxAf finitySubgraph(M) # Sgrc) then
MOVENODE(ngc, maxAf finitySubgraph(M)) > move node to the max
L affinity subgraph
Ngest < GETDESTINATION(E) > get the destination node of the edge
Sdest  GETSUBGRAPH(Ngest) > get subgraph of destination
for for each s; € {S}tmemory do > for each subgraph in memory
L M; < CALCAFFINITY (Ngest, Sdests Si) > calculate affinity for s;
if getMaxAf finitySubgraph(M) # Sgest) then
MOVENODE (ngest, max A f finitySubgraph(M)) > move node to the max
L affinity subgraph

Half Subgraph Split Policy

Half Subgraph Split Policy partitions a subgraph into two (or more) subgraphs
with equal number of nodes. The order of assignment of nodes to subgraph is

done according to the id of the node.

Random Subgraph Split Policy

Random Subgraph Split Policy partitions a subgraph into one or more pieces by
distributing nodes to subgraphs in random order without regarding the locality
of other measures. Algorithm [6] shows the Random Subgraph Split Algorithm

internals.
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Algorithm 4: BFsSpLITPOLICY (S, G)

Param : S, subgraph

Param : G, graph

Snew  CREATENEWSUBGRAPH(G)
Nyoot < SELECTRANDOMNODE(S)
@ < CREATEQUEUE()

> create a new subgraph
> start from a random node
> create an empty queue

numM oved < 0 > initialize number of nodes moved

ADDTOQUEUE(Ny0t, Q) While

subgraph.numNodes()/2 do

Ntemp <— PEEK(Q)

for for each e € getEdges(niemp) do
Nadj < GETADJACENT(€, Niemp)
if lisVisited(nqq;) then

MOVENODE(temp; Snew)
POLL(Q) if isPartitioned(Spew ) then
L Spew < CREATENEWSUBGRAPH(G)

> lisEmpty(Q) && numMoved j

> peek the first element of queue
> for each edge of nsemp
> get an adjacent node of nepmp

| ADDVISITED(n,4;) ADDTOQUEUE(n445, Q)

> move node to new subgraph

> create a new subgraph

Algorithm 5: HALFSPLITPOLICY (S, G)

Param : S, subgraph
Param : G, graph
numg < NUMNODES(S)
Snew < CREATENEWSUBGRAPH(G)
for for i — numyodes(S)/2 do
MOVENODE(7;, Spew)
if isPartitioned(Spew ) then
L Spew ¢ CREATENEWSUBGRAPH(G)

> get number of nodes in S

> create a new subgraph

> for half of the nodes in S

> move node to new subgraph

> create a new subgraph

Algorithm 6: RANDOMSPLITPOLICY (S, G)

Param : S, subgraph
Param : GG, graph
Snew  CREATENEWSUBGRAPH(G)
for each node n € S do
if GENERATERANDOMBOOLEAN() then
MOVENODE(7;, Spew)
if isPartitioned(Spey ) then
| Snew ¢ CREATENEWSUBGRAPH(G)

> create a new subgraph
> for each node in subgraph

> move node to new subgraph

> create a new subgraph




Chapter 3

Experimental Evaluation

3.1 Experimental Setup

Hardware platform. We conducted our experiments on a server equipped with
two Intel Xeon E5-2620 2.00 Ghz CPUs, 32 GB DDR3 RAM in NUMA scheme,
and on the disk side, five 300 GB 15K SAS disks in RAID 5 configuration.

We experimented with six graphs that are generated with Erdos-Renyi generator
of Boost Graph Library [20], in three different sets. These sets have 10K, 100K,
1M nodes and 5 and 10 edge degrees. In the experiments, these graphs are

inserted into GraphDB in a streaming manner.

For the insertion of the graphs, we experimented with different combinations of
policy algorithms that will create unique disk layouts. The select policies that
are used in the experiments were explained in Section [2.3.2] and split policies in
Section 2.3.3

In order to be able to see the performance effect of different disk layouts we ran

some traversal based queries on graphs that are created with our layout policies.

29
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3.2 Experimental Scenarios

In the first part of the experiments, combinations from split and select policies,
which are listed in the Table 3.1, are used to create a different graph layout
on disk with each combination, as the graph is inserted into the system. Even
though the graph elements are inserted every time in the same order, and the
Affinity Split, BF'S Split, and Half Split policies deterministically partition the
subgraphs; since the selection algorithms have randomness, it results in variation

in the generated layouts, even with the same settings and the same workload.

Layout No | Split Policy Select Policy
1 Affinity Split Random Select
2 BFS Split First Available Select
3 BF'S Split Random Select
4 Half Split First Available Select
5 Half Split Random Select
6 Random Split | First Available Select
7 Random Split Random Select

Table 3.1: Generated disk layouts with select and split policies.

When experimenting with First Available Select Policy, we only experimented
with three of our split algorithms, because our Affinity Split Algorithm uses
Random Selection Algorithm by default.

In the second part of the experiments, we ran traversal based queries using algo-
rithms listed below, on the graphs that were inserted into GraphDB as part of

the first part of our experiments.

PageRank

Clustering Coefficient

BFS (Breadth First Search) Walk

Random Walk
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Edge Degree | BF'S Split Pol. | Half Split Pol. | Avg.
5 -9.26% -5.10% -7.18%

10 -8.99% -5.09% -7.04%
Avg. -9.13% -5.10% -7.11%

Table 3.2: Random Split Policy average running time differences compared to
other policies on insertion with First Available Select Policy.

Edge Deg. | Affinity Sp. Pol. | BFS Sp. Pol. | Half Spl. Pol. | Avg.
5 -13.81% -4.36% 3.73% -4.82

10 -24.53% -7.49% -2.53% -11.52
Avg. -19.17% -5.93% -0.60% -8.17%

Table 3.3: Random Split Policy average running time differences compared to
other policies on insertion with Random Select Policy.

3.3 Results

3.3.1 Insertion Results

In the insertion results, in Figure [3.1} we can see for graphs with edge degree
5 (Figures and and with edge degree 10 (Figures and the
fastest algorithm was Random Split Policy. Especially for graphs with edge degree
10, the average running time difference between Random Split Policy and other
algorithm is 11% for the Random Select Policy and 7% for the First Available
Select Policy. Tables[3.3]and [3.2]show the detailed run time difference of Random
Split Policy compared to other policies.

The edge degrees have a big impact on the performance. The denser graphs
would have more edges per node, so as we add edges to the graph, more blocks
are required to be brought from the storage medium. That is why the difference

between algorithms would increase as the graphs get denser.

First Available Select Policy has slower graph insertion times compared to Ran-
dom Select Policy as we can see in Table [3.4] even though there are a few cases
in which the former performs better. However, in general Random Select Policy

is faster. The key difference between those algorithms, although both algorithms
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Edge Deg. | Nodes | BFS Sp. | Half Sp. | Random Sp. | Avg.
5 10K 35.61% 46.36% 42.27% 41.42%
10 100K 56.00% 59.44% 57.25% 57.56%
5 100K -0.84% -0.24% -19.82% -6.97%
10 100K 8.43% 7.68% 5.83% 7.31%
5 1000K 5.89% -0.57% -1.29% 1.34%
10 1000K 2.99% -1.83% -1.25% -0.03%
Avg. 18.01% 18.47% 13.83% 16.77%

Table 3.4: Random Select Policy running time compared to the First Available
Select Policy on average.

have O(n) run time in the worst case scenario (where randomly selected subgraph
is not accepting nodes because it is full or for other reasons), First Available Select
Policy checks the subgraphs in the order of creation and Random Select Policy
checks subgraphs randomly. First Available Select Policy creates more denser
graphs since it tries to fill up the capacities of subgraphs in some order, which
means when edges are inserted to the system number of split operations will in-
crease, since the subgraphs are already filled up. However, this might not always

be the case for the Random Select Policy.

3.3.2 Query Results
PageRank Algorithm

Figures , , , and show us comparative results of the Pagerank [21]
algorithm that was run on graphs with edge degrees 5 and 10, inserted with First

Available Select Policy, Random Select Policy, Affinity Split Policy, BFS Split
Policy, Half Split Policy, and Random Split Policy. At first, we can clearly see that
using Random Split Policy draws a worst case baseline for us. It performs almost
always the worst for both of the select policies. For the PageRank algorithm,
Random Split Policy took 11% more time on 5 degree graphs and 29% more time
on average (Table compared to the best alternative.

The best performing Split Policy for Random Select Policy was Affinity Split
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Figure 3.1: Insertion Result Graphs
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Edge Deg. | Affinity Sp. Pol. | BFS Sp. Pol. | Half Sp. Pol. | Avg.
5 10.80 % 12.98 % 10.18 % 11.32 %

10 37.80 % 32.77 % 18.39 % 29.65 %
Avg. 24.30 % 22.87 % 14.28 % 20.48%

Table 3.5: Split Policy comparison for PageRank algorithm for Random Select
Policy against Random Split Policy.

Edge Deg. | BFS Sp. Pol. | Half Sp. Pol. | Avg.
5 16.51 % 12.53 % 14.52 %
10 38.75 % 22.45 % 30.60 %
Avg. 27.63 % 17.49 % 22.56 %

Table 3.6: Split Policy comparison for PageRank algorithm for First Available
Select Policy against Random Split Policy.

Policy for the edge degree of 5 and BFS Split Policy for the edge degree of 10.

In the case of First Available Select Policy, split policies took 14% and 30% less
time compared to Random Split Policy, respectively for edge degree 5 and edge

degree 10 (Table [3.6)).

The PageRank algorithm performed best with the BFS Split Algorithm on the
graphs inserted with First Available Select Policy.

In terms of select policy PageRank algorithm ran 3.24% faster on graphs inserted
with First Available Select Policy compared to Random Select Policy.

Connected Components Algorithm

In our experiments CC algorithm took considerably more time to compute than
PageRank algorithm. The results shows us the concept from another angle. When
we compare the split algorithms to the Random Split Algorithm, for the Random
Select Policy, the edge degree 5 graphs took 7% and edge degree 10 graphs took
20% less time to compute CC. These numbers were higher when we were doing

the same comparison for PageRank.
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Figure 3.2: PageRank Query on First Available Select Policy created layout with
edge degree of 5.
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Figure 3.3: PageRank Query on First Available Select Policy created layout with
edge degree of 10.
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Figure 3.4: PageRank Query on Random Select Policy created layout with edge
degree of 5.
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Figure 3.5: PageRank Query on Random Select Policy created layout with edge
degree of 10.

Edge Deg. | Affinity Sp. Pol. | BFS Sp. Pol. | Half Sp. Pol. | Avg.
5 9.79 % 6.95 % 5.07 % 7.27 %
10 30.71 % 20.91 % 8.98 % 20.20 %
Avg. 20.25 % 13.93 % 7.02 % 13.73 %

Table 3.7: Split Policy comparison for Connected Components Algorithm, Ran-
dom Select Policy against Random Split Policy.

The best performing split algorithm for Random Select Policy was Affinity Split
Algorithm. Which can be seen in the split algorithm comparison table, that is
Table B.7

The First Available Select Policy again performed slightly better than Random
Select Policy. In particular, the difference is 8.7% on average when we comparing
the shared split policies (BFS, Half, and Random Split Policy).

When we compare the split algorithms for the First Available Select Policy, BFS
Split Algorithm was the best performing algorithm (Table as for PageRank.

Edge Deg. | BFS Sp. Pol. | Half Sp. Pol. | Avg.
5 9.62 % 6.33 % 7.97 %

10 12.87 % 4.66 % 8.76 %
Avg. 11.24 % 5.49 % 8.37 %

Table 3.8: Split Policy comparison for Connected Components Algorithm for
First Available Select Policy against Random Split Policy
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Figure 3.9: Connected Components Query on Random Select Policy Created
Layout with Edge Degree of 10.
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Figure 3.10: BFS Walk Query on First Available Select Policy Created Layout
with Edge Degree of 5.
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BFS Algorithm

For these experiments, BFS algorithm is implemented to search for a node in the
graph. It starts from a node ngyq in the graph and tries to find 744yget. For
the sake of the experiments we limited the maximum hop count to 30. In the
experiments we selected as 1n44,+ the node with id 0 and as 74,4+ an appropriate

node in the graph.

When we compare the split algorithms to Random Split Policy with the BFS
algorithm on the Random Selection Policy graphs, the average run time difference

is 14.6% for the edge degree 5 and 22.7% for the edge degree 10 (Table[3.9). This
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Edge Deg. | Affinity Sp. Pol. | BFS Sp. Pol. | Half Sp. Pol. | Avg.

5 17.09 % 14.36 % 12.39 % 14.61 %

10 32.56 % 22.68 % 13.12 % 22.79 %

Avg. 24.83 % 18.52 % 12.75 % 18.70 %

Table 3.9: Split Policy comparison for BFS algorithm for Random Select Policy
against the Random Split Policy.

Edge Deg. | BFS Sp. Pol. | Half Sp. Pol. | Avg.
5 14.87 % 12.89 % 13.88 %
10 21.77 % 17.16 % 19.47 %
Avg. 18.32 % 15.02 % 16.67 %

Table 3.10: Split Policy comparison for BFS algorithm for First Available Select
Policy against Random Split Policy.

difference decreases to 23.8% and 19.4% respectively for the First Available Select

Policy (Table [3.10).

Comparing First Available Select Policy and Random Select Policy, the difference
on average is 3.7% between comparable split algorithms in favor of First Available
Select Policy. The best performing graph layout is Half Split Policy and First
Available Select Policy with 5.3% better results compared to Random Select
Policy.

In the BFS algorithm, we can see in both Table and Table [3.10, when we
increase the edge degree of the graphs the run time percentage increases drasti-
cally (in comparison to worst case baseline). As the graph get denser, the locality

aware algorithms provides increased run time efficiency.

Random Walk Algorithm

Random Walk Algorithm is implemented in a similar fashion to the BFS algo-
rithm. We start a random walk from ng.,+ and take a fixed number of steps.
At each step, the algorithm selects a random adjacent node. For the sake of the
experiments, to get the correct results, our random number generator is started

with a seed, to ensure that as we repeat the test, we go over exactly the same
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Figure 3.11: BFS walk query on First Available Select Policy created layout with
edge degree of 10.
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Figure 3.12: BFS walk query on Random Select Policy created layout with edge
degree of 5.
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Figure 3.13: BFS walk query on Random Select Policy created layout with edge
degree of 10.
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Edge Deg. | Affinity Sp. Pol. | BFS Sp. Pol. | Half Sp. Pol. | Avg.
5 4.06 % 9.29 % 4.19 % 5.85 %

10 26.73 % 26.83 % 10.47 % 21.34 %
Avg. 15.39 % 18.06 % 18.06 % 13.59 %

Table 3.11: Split Policy comparison for Random Walk algorithm for Random
Select Policy against Random Split Policy

Edge Deg. | BFS Sp. Pol. | Half Sp. Pol. | Avg.
5 9.09 % 4.25 % 6.67 %
10 36.52 % 14.48 % 25.50 %
Avg. 22.80 % 16.08 % 15.39 %

Table 3.12: Split Policy comparison for Random Walk algorithm for First Avail-
able Select Policy against Random Split Policy

path.

We observe that for the Random Select Algorithm the split algorithm comparison
against the Random Split Algorithm shows (Table [3.11]) 5.8% difference for edge
degree 5 graphs, and 21.3% for edge degree 10 graphs on average.

In the case of First Available Select Policy the overall results did not change.
But the comparison against Random Split Algorithm vs. other split algorithms
shows us 6.6% improvement for edge degree 5 graphs and 25.4% improvement on
average. When compared to BFS Algorithm results from Table and Random
Walk Algorithm Results from Table [3.12] the decrease for sparse graphs can be
explained with the locality. The denser the graph, the higher the probability of
the selected next node to be an unseen one. Therefore, even if we increase the
locality, the randomness of the random walk decreases the probability of choosing

a node that is already loaded into the GraphDB memory buffer from disk.

3.4 Evaluation Summary

In this section, we are going to summarize the results of our experiments presented

in Section [3.3] The results of our experiments shows us that the following points.
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Figure 3.14: Random walk quert on First Available Select Policy created layout

with edge degree of 5.

10°

10°

Time

10*

=
o
w

Figure 3.15: Random walk quert on First Available Select Policy created layout

with edge degree of 10.

Figure 3.16: Random walk quert on Random Select Policy created layout with

edge degree of 5.
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Figure 3.17: Random walk quert on Random Select Policy created layout with
edge degree of 10.

First Available Select Policy with BFS Split Policy performed well in
most of the experiments. If we look at only the query results, the winner
between Affinity Split and BFS Split Policies is Affinity Split. On comparable
conditions, Affinity Split took almost 3% less time to complete the query. How-
ever, if we take insertion times into account, BFS split beats Affinity Split. The
insertion time difference between Affinity Split and BFS Split is almost 6% in fa-
vor of BFS Split. Unfortunately, the insertion-query time trade-off doesn’t work
out well for Affinity Split, the average maximum gain for Affinity Split is 3%.
For the BFS Split the average maximum gain is 13%. Inspite of the difference in
gain, we cannot say that Affinity Split fails to compete with BFS Split, because in
an environment where graph updates are rare and database querying is frequent,
Affinity Split Algorithm would be the split algorithm of choice. However, BFS

Split would work almost good as Affinity Split in more general use cases.

Creating denser blocks increase the processing speed. FA Select Policy
creates denser blocks on disk when compared with Random Select Policy, since it
creates a new subgraph when there are no available subgraphs left. The average
query time of FA Select with comparable split policies (BFS, Half and Random
Split) is 3.8% less than Random Select Policy.

Increasing the edge degree, makes GraphDB run more effectively. As
we can see from the split policy comparison tables such as Table and as
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edge degree has gone from 5 to 10 other split policies did a better job compared
to Random Split Policy, the base line. On average query algorithms took 9.7%
less time to complete with split algorithms(Affinity, BFS, Half Split) on graphs
with edge degree 5 and 23.4% on graphs with edge degree 10.



Chapter 4

Related Work

Graph analysis systems and graph databases are not something new, and there
is a lot of research being done on the subject. Hadoop [2] is one of the most
used distributed platforms and in many graph applications it is being used as
a distributed processing and storage system. One example is Giraph [3]. Gi-
raph is an in-memory graph processing/analysis system that runs on the Hadoop
platform. It is not a database system, but it runs distributed and very large
graphs can be processed with it. The processing system of Giraph is called
vertex-programming. It is an implementation of Pregel [4]. Pregel is a propri-
etary software of Google. Vertex-programming is unlike traversal based graph
processing. The vertex-centric approach makes graph processing possible by ex-
ecuting a program for each vertex in such a way that each vertex runs their
program independently and only communicate via messages. Each vertex has
its own state and this state changes at each iteration of the vertex programs.
Giraph layouts the graph in the cluster randomly for load balancing. Another
example to vertex-centric graph processing systems is GraphLab [6]. Graphlab
differs from Pregel-like systems because it uses an asynchronous model for paral-
lelization of the computation. It can be also run as a distributed system that uses
MPI based distribution mechanism behind the scenes. Examples up to now were
all in-memory systems. An example of a disk based graph processing system is

GraphChi [5]. The point of GraphChi is that it runs on a single computer and
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is designed to process very large graphs with limited amount of memory. The
power of GraphChi comes from its asynchronous bulk processing model with a
sliding window processing scheme. All these systems focus on graph processing,

and not so much on graph management. The latter is the focus of GraphDB.

There are also similar systems to GraphDB in terms of changing graph layouts
as the data is changing, such as Trinity [22], GBASE [23] and Cassovary [24].
These systems are in-memory systems that use graph layout techniques to effi-
ciently process the data. Trinity is a distributed system that tries to efficiently
process very large graphs with a reasonable amount of memory in a distributed
system. It focuses on partitioning the graph in terms of network communications
between cluster computers. GBASE is a graph processing system that focuses
on increasing query performance using query optimization and different storage
layout techniques. However, none of these systems have investigated the tradeoff

between insertion time and query time with respect to adaptive layout.

GraphDB is a graph management system that focuses on both processing and
storing graphs. The most notable example to graph databases is Neo4j [1]. It
is a disk based graph database that uses disk layouts like GraphDB. However,
it is not designed to adapt its layout on the fly while the data is streaming. It
provides tools for indexing data using Apache Lucene [25]. It also provides ACID
properties. Another example is Titan [26]. Titan is built on top of Hadoop and
and similar to GraphDB it uses key-value stores for storage. But unlike GraphDB
it uses random layout strategy for load balancing between the machines in the
cluster. However, Titan can also be configured to use a basic graph layout that
groups together related nodes, with constant number of clusters. Titan is also
like Neo4j in that it does not adapt its graph layout as the data is inserted into
the database. Titan can also utilize Apache Lucene like indexing mechanisms to

accelerate query processing.



Chapter 5

Conclusion

In this work we presented GraphDB, a disk based graph database system that is
capable of storing and processing large graphs, when the data is being inserted in a
streaming fashion. Excessive data generation is a part of today’s problems and the
velocity of generated data requires migration from batch data processing systems
to streaming data processing systems. Motivated by this need, we proposed a
disk based graph database system, GraphDB, that is capable of storing streaming
data.

GraphDB, is designed for storing and managing large graphs that may not fit
into the main memory of a single computer. It provides traversal APIs to process
the data. The novel part our system is that, as the data is streaming the graph
layout is updated to improve locality and thus query I/O performance. Therefore,
we proposed online layout update algorithms, which are constantly changing the
graph layout as the graph data is added to the system, for effective processing
of the graph. As part our experimental evaluation, we showed that the proposed
techniques have the potential to be used for effective storage and querying of
large graphs. For instance, our BFS Graph Split Policy is a good example of how
effective online layout updating can be during the processing of the stored graph
data.
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