
論文 / 著書情報
Article / Book Information

題目(和文)

Title(English) Automatic Tuning and Software Modularization Techniques for
Optimized Large Scale Data Analytics

著者(和文) MIYURUDAYARATHNA

Author(English) Miyuru Dayarathna

出典(和文)  学位:博士（学術）,
 学位授与機関:東京工業大学,
 報告番号:甲第9347号,
 授与年月日:2013年9月25日,
 学位の種別:課程博士,
 審査員:鈴村 豊太郎,徳田 雄洋,横田 治夫,村田 剛志,小林 隆志

Citation(English)  Degree:Doctor (Academic),
 Conferring organization: Tokyo Institute of Technology,
 Report number:甲第9347号,
 Conferred date:2013/9/25,
 Degree Type:Course doctor,
 Examiner:,,,,

学位種別(和文)  博士論文

Type(English)  Doctoral Thesis

Powered by T2R2 (Science Tokyo Research Repository)

http://t2r2.star.titech.ac.jp/


Automatic Tuning and Software

Modularization Techniques for

Optimized Large Scale Data Analytics

A thesis submitted for the degree of

Doctor of Philosophy

Department of Computer Science

Tokyo Institute of Technology, Japan

Miyuru Dayarathna

Advisor: Prof. Toyotaro Suzumura

2013



Abstract

Large scale systems such as Exascale computing systems will be the key compute re-
sources that enable high-end discoveries in the next half century of sciences. Data
intensive large scale software systems need optimized software architectures focusing
on concurrency and resiliency. Currently MPI, MapReduce, and stream programming
models are famous for data intensive tasks. However, they are less optimal in terms
of programmability, maintainability, and execution performance which are fundamental
problems that need to be addressed in future systems. It is a technically challenging
problem because it is very hard to achieve a single generic solution in variety of systems
and programming environments. This thesis proposes new software modularization, au-
tomatic code transformation, and benchmarking techniques as solutions for improving
productivity and execution performance of large scale data analysis systems. Specifi-
cally, it focuses on optimizing the current state of the art stream/graph data processing
paradigms via the aforesaid techniques. First half of the thesis studies about automated
techniques for performance improvement of stream processing systems. The thesis inves-
tigates on methods for workload characterization and benchmarking of large scale data
analytics. The thesis evaluates performance of stream processing system architectures
using System S, S4, and Esper. It introduces operator graph transformation, a notion
for improving the concurrency of stream analytic tasks via automatic software tuning.
The techniques were implemented on optimization frameworks called Hirundo, Tahitica,
and Albatross.

The second half of the thesis describes graph analytics optimization. In order to
understand performance features of graph database systems and also to create realistic
benchmark framework for graph database systems, the thesis implemented XGDBench
following the Multiplicative Attribute Graph model. The thesis describes the importance
of having well-defined abstractions for batch/hybrid execution of large graph analysis
tasks. Especially it presents optimized software abstractions, libraries, and middleware
that can withstand software architectural challenges introduced by heterogeneous hard-
ware. It created the architecture of ScaleGraph 1.0, a Partitioned Global Address Space
(PGAS) library for analyzing graphs in the scale of billions of vertices and edges. Fur-
thermore, it implemented a domain specific language for large graph analysis called
Exerda, and showed how such languages can support specification of optimized graph
data analysis tasks efficiently.

Thesis made contributions to large scale stream computing systems by introducing an
automatic optimization mechanism for data stream programs. It created a scalable data
generator (StreamFarm) and a benchmark (XGDBench) for supporting performance op-
timizations. Thesis contributed for the area of large scale graph analysis by introducing
ScaleGraph library and Exedra which is a domain specific language for defining large
graph analysis processes.

Thesis identifies future expansions in the areas of high productive software develop-
ment, massive graph analysis, and software maintainability. Thesis describes the soft-
ware architectural aspects of Hirundo, Albatross, XGDBench, ScaleGraph, and Exedra
focusing on their contributions for performance optimization of large scale data analytics.

Key Words
Data Analytics, Stream Computing, Graph Analytics, Software Architecture,
Distributed Systems, Graph Databases, Exascale, Benchmarking, Software Automatic
Tuning, Software Performance, High Performance Computing
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1

Data Analytics in Large Scale

Settings

We live in an information age where massive amounts of data have been produced by
various sources in various different forms that we never thought before. The knowledge
that we gain by analyzing these data in an intelligent manner has become a fundamental
means of improving the living conditions of human beings. These data can be catego-
rized into different classes based on their attributes. This chapter provides background
information and motivation for the thesis. An introduction to large scale data analytics
is given in Section 1.1. Next, Section 1.2 explains the types of large scale data analytics
and highlights the importance of stream processing and graph data analytics as subdis-
ciplines of large scale data analytics. The thesis describes a brief historical background
of large scale data analytics in Section 1.3. Challenges faced by large scale data analytics
is described in Section 1.4. The research problem addressed by this thesis is given in
Section 1.5. Next, the aim and the objectives of the thesis are listed in Section 1.6.
Proposed solution of the thesis is explained in Section 1.7. The structure of this thesis
is elaborated in Section 1.8.

1.1 What is Large Data Analytics?

The term Data Analytics refers to application of computer systems to analysis of large
data sets for the support of decision making [1]. The field of data analytics has adopted
aspects from many other disciplines such as computational intelligence, signal theory,
machine learning, statistics, operations research, etc[1]. While data analytics has been
described as a synonym for Data Mining [2], data analytics is more concerned about the
technologies and tools used for data mining tasks. Data Mining on the other hand is
the process of discovering patterns from massive amounts of data. Data mining extracts
useful models of data. A model can be most extreme features of data or it can be a
summary of the data [3].
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1.2 Types of Data Analytics

Applications of large data analytics have appeared in various different areas of sci-
ences. Genome sequence alignment is a popular example of large data analysis. Some
single nucleotide variations present in human genomes can be associated with genetic
disorders. To search such genetic disorders one may typically collect about 1 billion of
short sequences of length 100 nucleotides at random from a personal gnome and then
align each of the one billion sequences to the reference human genome which consists
about 3 billion nucleotides. The alignment task can be run in parallel with dividing the
set of 1 billion sequences into subsets and by assigning each subset to a CPU core [4].

Another example for an application that generates large data sets is x-ray tomogra-
phy. A tomography beam line such as the one produced by the Advanced Photon Source
(APS) of Argonne National Lab may generate 1 terabyte of data per day. While many
users may carry the experimental data on external storage devices the increasing data
rates generated by future light sources will make such approaches infeasible for such
increasing data sizes [5].

A third example for a situation where large scale analysis of data “on the fly” happens
is large-field radio telescopes. Typically, array of antennas in such large radio telescope
are connected by high speed communication links and may lead to an enormous rate of
data collection. It was stated that Low-Frequency Array for radio astronomy (LOFAR)
can produce observational data at rates as large as 13 Tbit/s for typical 200MHz sampling
rate [6]. Such large data streams cannot be even transported in total [6]. In summary we
need scalable techniques to analyze such data to gain valuable information for various
different purposes.

1.2 Types of Data Analytics

Data analytics can be categorized into different classes based on the characteristics of
the data mining activities. There are a variety of sub disciplines in data mining such as
multi-relational data mining, text mining, web mining, stream mining, multimedia (or
image, video) mining, spatiotemporal data mining, biological data mining, information
network analysis, financial data analysis, etc [7]. Out of the various different types
of data mining subdisciplines, this thesis focuses on analytics applied for data stream
mining and graph data mining. These two categories of data analytics can be applied
to a number of different data mining application scenarios.

Increasingly data in the form of continuous streams appear from various hardware
and software sensors. E.g., Advances in Information Technology (IT) have lead to large
flows of data across IP networks [8]. Unlike traditional data sets, data streams are orga-
nized as sequences of data instances that flow in and out of a system continuously with
varying update rates [9]. Since the volumes of such data are often very large it is imprac-
tical for storing and conducting repeated analysis on such data. There is a growing need
to gather, process, and analyze such continuous streams to extract insights in real-time.
One of the solution technologies is Stream Computing (i.e., Stream Processing/Complex
Event Processing [10]/Information Flow Processing [11]) where continuous streams of
high volume data are processed online with very low latency. The middleware used
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1.3 A Brief History of Data Analytics

for this purpose are called Stream Processing Systems. Such systems are distinguished
from similar middleware such as Business Activity Monitoring (BAM) or Business Pro-
cess Monitoring (BPM) because the client of a stream processing application is often a
program rather than a human. Therefore, volume and latency requirements of stream
processing applications are much more stringent [12]. Stream processing is widely used
in online real-time analytics in areas such as financial services (stock ticker analysis
for market-making [13]), maintaining the state of massively multiplayer Internet games
[12], real-time risk analysis, health care informatics (physiological sensor monitoring in
intensive care units [14]), network monitoring, national security, traffic systems (highway
toll processing) [15][16][17], process control for manufacturing [18], fraud detection [19],
multi-modal surveillance for law enforcement, call detail record processing for telecom-
munications [20], advertising [19], radio astronomy [21][22], environmental monitoring
[23][24], etc.

Batch processing has been the widely adapted data analytics for many decades.
Batch processing is characterized by properties such as large unit of work, coarse-grained
resource allocation, sequential access patterns, isolated execution, etc [25]. The popular
relational databases [26][27][28] and MapReduce [29][30] model are examples for use of
batch processing. Example software that implement batch processing paradigm include
systems such as Hadoop [31]/Pig [32], SCOPE [33], MATE [34], Sawzall [35], Dryad
[36]/DryadLINQ [37], etc. However, batch processing as it is cannot be applied for
applications that need to operate on data in online basis.

In computer science and mathematics, graphs are used as mathematical structures
to model pairwise relationships between objects from a certain collection [38]. More
formally a graph G = (V,E) consists of a set of vertices V along with a set of E of
vertex pairs or edges [39]. The field of graph data mining had seen a rapid explosion in
recent years because of new applications in areas such as computational biology [40][41],
social and communication networking, national defense, politics [42], cheminformatics
[43], medical informatics [44][45][46][47], etc. need to process large scale graph data sets.
Mining these graphs to find deep insights require middleware and software libraries that
could harness the full potential of large scale computing infrastructures such as cloud
computing systems, and super computers [48]. Graphs are irregular data structures and
the software systems that are aimed for solving graph problems must address the irreg-
ular nature of the graphs [49]. Large graph analysis is a dilemma faced by programmers
due to complexity involved in specifying large graph analysis activities. For example,
the famous social networking site Facebook had 1.06 billion monthly active users with
more than 150 billion friend connections as of December 31st, 2012 [50].

1.3 A Brief History of Data Analytics

Roots of stream data analytics can be found in the areas of Active Database systems [11].
Active databases allowed for actions to automatically execute when given conditions are
satisfied. Data Stream Management Systems (DSMS) evolved from this idea to perform
query processing on continuous data streams [51]. Aurora developed by Brandeis, Brown,
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and MIT is one of the earliest DSMSs [52]. Aurora experiences resulted in development
of Borealis distributed stream processing engine [53]. STREAM is another contemporary
DSMS for Borealis which appeared circa 2004 [54]. While the initial DSMS prototypes
appeared in the academic community, they got huge attention from industry as well.
This led to the development of System S [55], S4 [19], Esper [10] like DSMSs.

Roots of graph data analytics can be found in several areas such as graph theory [56].
The seminal work by the great mathematician Leonard Euler around 1736 on solving
the seven bridges of Königsberg problem gave rise to the field of graph theory [57][39].
During Eulre’s time there were seven bridges linking the banks and two islands of Pregel
river which flowed across the Prussian city of Königsberg. Euler modeled the problem
as a multigraph with seven edges and four vertices [58]. Euler proved that there was
no path that allows for walking over each of the seven bridges only once and returning
home (Such path is called Eulerian cycle). Euler’s tour technique has been influential
in parallel graph algorithms even though it seems rather trivial in modern days [59].
There are many parallel graph algorithms that start by finding a spanning tree and then
traversing the tree using the Euler tour technique [39].

Many computer scientists have implemented a variety of graph analysis algorithms
as graph analysis packages. Most notable examples include Igraph [60], JUNG [61],
GraphStream [62], The Boost Graph Library [63], GraphLab [64], etc. However, all of
these software packages are intended for execution on single computer settings. This
leads to the amount of processing that can be conducted using these software limited to
the computer’s hardware resources such as RAM, Hard Disk Drive (HDD) capacity, and
CPU (number of threads, cache hierarchy). To increase the size of the graph problems
handled by such software applications, we have to follow a vertical scaling approach
(i.e., Add more hardware resources to the computer.). Still there are limitations to such
vertical scaling when handing very large graph data sets (e.g., A graph dataset with
more than 1 billion edges on a modern commodity class system). A solution is horizontal
scalability in which we conduct parallel graph analysis using multiple compute nodes.

In the current times scalability of graph data analysis in computing systems has
become a new frontier due to the massive sizes of graph data encountered compared to
the Euler’s time [65]. Graphs with millions (or even billion) of vertices and billions of
edges are abundant in areas such as web, Internet, social networks [66][50], etc.

Parallel graph data analysis is currently new area in computer science. Such graph
data analysis often happen through utilizing the existing software infrastructures such
as MPI [67], MapReduce, etc. A notable, inspirational early work in this relam is
PEGASUS which is a library built on top of Hadoop platform for mining graphs of scales
of terabytes or petabytes of storage [68]. PEGASUS was built around a highly optimized
primitive called Generalized Iterative Matrix-Vector Multiplication (GIM-V). There are
three operations in the GIM-V called combine2, combineAll, assign which if customized
separately gives a surprisingly large number of useful graph mining algorithms. However,
alternative MapReduce graph analysis platforms have also been introduced such as Ex-
MATE [69] which outperformed PEGASUS’s performance figures.

Another approach for parallel graph analysis has been MPI based parallel graph
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libraries. Parallel Boost Graph Library (PBGL) [70] is one of the most notable parallel
graph processing libraries since it has been implemented by extending the famous Boost
graph library. PBGL has been developed using C++/MPI. ParGraph [71] is a generic
parallel graph library which is comparable to PBGL. Combinatorial BLAS is a high-
performance software library written in C++/MPI for graph analysis and data mining
[72].

While the aforementioned approaches are widely applicable to a range of hardware,
there are several special classes of software libraries that utilize special hardware for
conducting massive graph analysis. Examples include the work by Madduri et al. [73],
Bader et al. [74][75], and Berry et al. (Multi Threaded Graph Library) [76]; which
describe the ability of using massively multi-threaded machines to implement graph
algorithms. While distributed memory application developers focus on maximization
of locality to minimize interprocess communication, program developers for massively
multi-threaded computers having large shared memory (e.g., Cray MTA-2) do not focus
on locality or data exchange [77]. Some of the work of this domain (e.g., Multi Threaded
Graph Library) have been extended to commodity processors yet with lesser performance
[78].

… 

Platforms 

Online Data Analytics 

Libraries 
Programming 

Models 

System S S4 Hadoop 

Pegasus 

GraphLab 

BoostGraph 

STAPL 

…
 

MapReduce 

MPI 

Pregel 

…
 

Operator-based 

stream 

processing 

Neo4j Trinity 

DBMS 

Titan … 

Asynchronous 

PGAS 

Figure 1.1: Software for Large Scale Data Analytics

1.4 Challenges for Large Scale Data Analytics

Exascale era which is expected to appear in 2018˜2020 time frame will revolutionize
many computing paradigms [79]. Transiting applications to new Exascale systems re-
quire very large investment in several areas of software research and development. Since
power and cooling constraints limit increases in microprocessor clock speeds; hardware
manufacturers are dramatically increasing on-chip parallelism to improve performance
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[80]. New hardware architectures such as multi-core, many-core processors, heteroge-
neous hardware such as GPGPUs, FPGAs, 1000x increase of parallelism, increase in
system faults, as well as complicated multicomponent software environment are some of
the most challenging issues [81]. Applications and algorithms need to adapt for evolving
machine architectures by managing locality and resilience to achieve high performance
[82].

Efficient parallel code needs to focus on maximizing parallelism. With modern mem-
ory hierarchies, both sequential and parallel codes must focus on improved locality [83].
Extreme scale computers provide the opportunity to read in and react to an enormous
amount of data in real-time. E.g., The ability to analyze in real-time one million sources,
such as field sensors that can produce > 1 GB/s of visual data each. A compute node
would have to be able to read in at a rate of one petabyte per second assuming there was
no further computation involved [84]. Programming system needs to provide a simple
execution model for the programmer. Simple execution models are needed which will
reduce the application programming complexity required to achieve the goals of exposing
all parallelism and locality [84] (Locality here means the logical or physical proximity
of data to the units that perform computation on them). While the execution model
may be defined at a high level of abstraction, the underlying programming systems need
to enable data analytics programmers to give transparent guidance when needed and
thereby providing a level of performance transparency.

The requirement for portable large scale data analysis parallelism demands that all
of the intrinsic parallelism need to be exposed at all levels in the application. This is
different from the current practice where programmers repeatedly rewrite applications
to expose incrementally more parallelism for the next generation hardware [84]. A
fundamental issue in the portable expression of parallelism is the need for data structures
that allow themselves naturally to do data-parallel operations [84]. While array or vector
data structures are very well suited for data parallelism streams represent another data
structure that is well suited for parallelism. Yet, graph and other pointer-based data
structures necessary for large scale data analytics in systems such as Exascale systems
create additional challenges for expressing parallelism and locality.

Code generators used with large scale data analysis systems need to change in re-
sponse to the need for agile code mappings that respond dynamically to execution context
such as input data set properties, machine load, and power constraints. Rather than
creating a single statically-generated implementation of a computation, the compiler
needs to represent a space of possible implementations that are generated either a priori
by predicting relevant features of the execution contexts or dynamically to respond to
changing execution contexts.

1.5 Issues of Current Data Analytics

Powerful integrated performance modeling, prediction, measurement, analysis, and opti-
mization capabilities are required to operate large scale data analysis system. However,
application of current HPC software architectures as it is for large scale data analysis

6



1.6 Aim & Objectives of the Thesis

is less optimal in terms of execution performance and programmability. The main rea-
sons are lack of programmer productivity, lack of suitable benchmarks, rapid changes
happening in the hardware technologies, and application scalability.

1.6 Aim & Objectives of the Thesis

Aim: The aim of this thesis is to use highly scalable software modularization, automatic
code transformation, and benchmarking techniques to improve productivity and execu-
tion performance of data analysis software architectures for large scale systems.

Objectives:

1. To conduct performance analysis of large data analysis software systems to identify
important performance characteristics

2. To implement automatic performance tuning of large scale data analysis applica-
tions

3. To create well-defined software modularization to improve programming produc-
tivity as well as support automatic performance tuning

4. To create data abstractions to hide complexities involved in performance tuning

5. To create supporting tools and libraries which utilize the aforementioned tech-
niques

6. To evaluate these tools and techniques in post peta-scale environments

1.7 Solution through Autotuning and Software Modular-

ization

The thesis proposes creation of new software automatic tuning, software modulariza-
tion, and benchmarking techniques for large scale data analytics that can withstand the
architectural challenges posed by large scale systems such as future Exascale systems.
The abstract view of the proposed solution is shown in Figure 1.2.

Software Automatic Tuning is a systematic process for evaluating alternative imple-
mentations of a computation with the aim of selecting best performing solution for a
particular system architecture [85]. Diversity and complexity of parallel architectures
increases burden on application programmers for porting and tuning their codes.
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Figure 1.2: Solution through benchmarking, software automatic tuning, and software

modularization

1.8 Structure of the Thesis

The thesis describes the work conducted in design and implementation of optimized data
analysis architectures. The thesis consists of 12 chapters which span across three main
sub sections. The rest of the chapters of this thesis are organized as follows.

Chapter 2 describes the related work in the area of large scale data analytics. The
thesis reviews the work done on performance characterization and benchmarking of large
scale data analysis systems. Related work on performance optimization of large scale
data analysis systems and stream program performance maintenance is described next.
The thesis surveys state-of-the-art on stream job performance optimization. Finally, re-
lated work on creation of modularized software architectures for large scale data analysis
is described including work on graph processing libraries, domain specific languages, and
graph data management and mining.

Chapter 3 provides a background for the technologies used for implementing the
data analytics optimization techniques described in this thesis. The chapter describes
the IBM System S and its associated SPADE programming language. The chapter also
describes Yahoo S4, and EsperTech’s Esper which are two popular stream processing
software. Furthermore, the chapter provides a brief introduction to X10 which is a
PGAS (Partitioned Global Address Space) language that promotes creation of high
performance computing applications in a scalable and productive manner. Finally, the
chapter concludes by providing an overview for graph database systems.

Part I of the thesis is dedicated for performance optimization of stream data an-
alytics. Chapter 4 describes workload characterization of stream processing systems
conducted with the aim of identifying software architectural properties that affect the
performance of stream processing systems. Chapter 5 describes StreamFarm which is a
workload generator platform for stream computing environments. StreamFarm has been
used as the workload generator during the experiments of Albatorss mechanism. Chap-
ter 6 explains Hirundo which is a mechanism for automated production of optimized
data stream programs. Hirundo’s auto-tuning mechanism is centralized around code
transformation algorithms based on parallel streams pattern which represents a core
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contribution of this thesis. The chapter describes three transformation algorithms called
Uni-Operator, Bi-Operator, and Tri-Operator transformation as well as the concept of
operator fusion. Chapter 7 describes automatic stream query graph optimization in the
presence of multiple stream jobs. It explains the multi-data stream optimization algo-
rithm proposed by this research and its implementation on a mechanism called Tahitica.
Chapter 8 describes Albatross which is a mechanism for performance maintenance of
stream computing systems. Albatross uses the same code transformation algorithm of
Hirundo; However, Albatross’s aim is to apply such automatic code transformation tech-
niques for performance maintenance of large data analysis systems that eliminate the
need for keeping additional backup compute nodes.

Part II of the thesis describes performance optimization of graph data analytics.
Chapter 9 describes performance aspects that need to be considered when implement-
ing graph database benchmarks. The chapter describes XGDBench which is a graph
database benchmarking platform intended for full filling the need for realistic bench-
marking of property graphs. The chapter elaborates on characteristics of different types
of workloads proposed by the benchmark as well as performance characterizations con-
ducted on graph database systems. Furthermore, the chapter describes how workload
spikes can be modeled and generated using XGDBench. Next, the thesis describes differ-
ent software modularization techniques carried out for defining optimized data analysis
processes. These software modularization techniques can be utilized in combination with
the software auto-tuning techniques described in Part I for creating optimized large scale
data analysis workflows. Chapter 10 describes the design of ScaleGraph 1.0 which is a
library for billion scale graph data analysis. The library’s design abstracts out the com-
plex graph data structures and offline graph analysis algorithms into simple API calls.
This enables creation of graph analysis workflows that can be autotuned using the soft-
ware auto-tuning techniques described in Part I. Chapter 11 describes Exedra which is a
domain specific language for large graph data analysis created with the aim of applying
the software autotuning techniques presented in this thesis. Exedra allows for creating
unified graph analysis processes using different graph analysis software which enables
creation of rich workflows that cannot be created using single software.

Part III describes the conclusions arrived as well as further work for thesis. Chapter
12 describes the overall achievements quantitatively. First, the chapter describes the
overall observations made during performance analysis conducted on stream processing
systems. Then the chapter provides the overall conclusions arrived by the experiments
conducted using Hirundo, Tahitica, and Albatross in the context of stream data analytics
optimization. Next, the chapter elaborates on the overall conclusions made on Scale-
Graph 1.0, Exedra. Furthermore, the chapter describes the problems encountered and
the limitations of the solutions in a general context. Next, the chapter describes some
further work for creating large scale optimized data analysis architectures. The chapter
describes application of software automatic tuning techniques for graph analysis work-
flows. Furthermore, the chapter describes Acacia, a distributed graph data base server
intended to operate in hybrid clouds. Acacia abstracts out the online graph analysis ac-
tivities that can be conducted on a data analysis workflow. Acacia addresses completely
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different aspect of large graph analysis compared to the ScaleGraph 1.0 because of this
reason.

1.9 Summary

The first chapter of this thesis focused on providing an introduction to the materials pre-
sented in the next chapters. The chapter provided an explanation about the term Large
Data Analytics in Section 1.1. The chapter described types of data analytics described
in this thesis 1.2. Next, the chapter made a brief survey of the historical background of
large scale data analytics in Section 1.3. Challenges faced by data analytics in future
large scale HPC systems such as Exascale systems is described in Section 1.4. Issues
of current data analytics software was described in Section 1.5. It specifically pointed
out the problem, that is the current large scale data analysis applications are less op-
timized in terms of execution performance and programmability. Next, the aim and
the objectives of the thesis were presented in Section 1.6. The proposed solution was
described in Section 1.7. An insight to the structure of this dissertation was provided
under the Section 1.8. Next chapter of this thesis surveys current state-of-the art in
creating optimized large scale data analytics.
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2

State of the Art in Large Scale

Data Analytics Optimization

The aim of this thesis is to introduce new techniques and concepts for highly scalable
software modularization, automatic code transformation, workload characterization, and
benchmarking to improve productivity and execution performance of data analytics soft-
ware architectures for large scale systems. The work described in this thesis builds up on
a number of previous work scattered in various areas in large scale data analytics such as
stream query performance optimization, highly availability and fault tolerance of stream
processing systems, workload characterization and benchmarking of stream processing
systems as well as graph databases, middleware, libraries for large graph analysis. This
chapter reviews the research efforts in these areas and explains how the work in this
thesis improves over them. The chapter begins with a survey of related work in the area
of workload characterization and benchmarking of stream processing systems in Section
2.1. Next, chapter describes benchmarking of graph database systems in Section 2.2.
Efforts in stream processing performance optimization and multiple stream query per-
formance optimization are described in Sections 2.3 and 2.4 respectively. Related work
on stream job performance maintenance are described in Section 2.5. Current state-of-
the-art in design and implementation of graph processing libraries is described in Section
2.6. Design and implementation of domain specific languages and related research are
described in Section 2.7. The chapter ends with a survey of related work on graph data
storage and management in clouds in Section 2.8.

2.1 Workload Characterization and Benchmarking of Stream

Processing Systems

There have been several previous work on characterizing performance of stream pro-
cessing systems. Among them, Mendes et al. have conducted a performance evaluation
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Systems

of three event processing systems by running several micro-benchmarks [86]. Their in-
tention was to provide a first insight into the performance of event processing systems.
In this thesis we try to delve more deep into the performance characteristics of such
systems. Mendes et al. have used Esper similar to this thesis, however, their study has
been conducted in single node settings. Different to them, this thesis implemented all
the benchmarks using Esper in distributed settings using Java Messaging Service (JMS)
[87]. Furthermore, the performance experiments described in this thesis were on different
node configuration from 1 to 12 nodes for all the three stream processing software.

Suzumura et al. made a performance study considering ETL (Extract-Transform-
Load) scenario of System S [88]. However, this thesis’s intention is completely different
from their work. While they evaluate performance of System S in the context of ETL
applications, the thesis aims for identifying the characteristics of stream processing sys-
tems in a more general context. The work done by Parekh et al., and Zhang et al. study
methods for characterizing resource usage profiles, and characterizing the resource usage
of Processing Elements (PEs) respectively [89][90]. Both these works are based on Sys-
tem S, and their aim is to provide solid foundation for modeling, and predicting resource
usage of stream programs which is different from the motivation of this thesis which is
on performance characterization.

Arasu et al. described a stream data management benchmark [15] which has been
originally used by members of Aurora [91], and STREAM [92] projects to compare per-
formance characteristics of Data Stream Management Systems (DSMS) (i.e., stream
processing systems). Recently Zeitler et al. implemented the Linear Road benchmark
[15] on SCSQ DSMS [93]. However, this thesis does not concentrate on single concrete
benchmark, rather the thesis uses a collection of applications which is another distin-
guishing point of this work from their’s. Yet Linear Road can be considered as a possible
avenue for extending the work described in this thesis.

On their paper introducing S4 [19], Neumeyer et al. have conducted two experi-
ments (online, and offline) on S4 with a Streaming Click-Through Rate computation
application. While they conducted their experiments maximum at 20000 input events
per second rate, this thesis conducts the experiments with several magnitudes higher
input data rates to compare performance of S4 with respect to System S.

Mendes et al. described FINCoS [94] Framework which is a Java-based framework for
load submission and performance measurement of Complex Event Processing systems.
They extended their work on FINCoS to create an event processing benchmark called
Pairs [95]. The key difference of their work with StreamFarm described in this thesis is
that StreamFarm goes beyond acting as a platform that delivers support for running user
defined benchmark applications. StreamFarm provides a flexible interface for controlling
the workload generation as well as infrastructure management. This allows StreamFarm
to be used by third party performance optimization applications (e.g., Albatross) easily.
There have been previous similar efforts for introducing query languages for controlling
distributed systems [96].

Thies et al. conducted an empirical characterization of large collection of stream
programs written in StreamIt [97] programming language [98]. However, the characteri-
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zation of the large set of stream programs has not been conducted in distributed settings.
Their focus was on architecture-independent program characteristics that are inherent
properties of an algorithm rather than the program’s mapping to any given machine.
But the workload characterizations conducted in this thesis are made on stream applica-
tions written for executing in distributed environments which is a significant difference
from the work done by Thies et al..

2.2 Benchmarking of Graph Databases

Relational databases have standard benchmark suites such as TPC [99] benchmark suite.
However, the emerging field of Graph DBMSs still lacks such support [100]. This
section reviews current landscape of graph database benchmarking and explains how
XGDBench: the graph database benchmark described in this thesis improves over the
present state-of-the-art.

HPC Scalable Graph Analysis Benchmark represents a compact application with
multiple analysis techniques that access a single data structure representing a weighted,
directed graph. This benchmark is composed of four separated operations (Graph con-
struction, classification of large vertex sets, graph extraction with Breadth-First search,
and graph analysis with Betweenness Centrality [101]) on a graph that follows a power-
law distribution [102]. However, this benchmark does not evaluate some features that are
inherent to graph databases such as object labeling, attribute management, etc. [102] a
feature that will dominate future graph database systems. Furthermore, HPC Scalable
Graph Analysis Benchmark does not evaluate the OLTP features of graph DBMSs.

A survey of graph database performance on the HPC Scalable Graph Analysis Bench-
mark was conducted by Dominguez-Sal et al. [103]. They evaluated the performance
of four graph databases/stores Neo4j [104], Jena [105], HypergraphDB [106], and DEX
[107]. However, a limitation of their work is that it only implements HPC Benchmark
and does not consider attribute graphs. In a different work Dominguez-Sal et al. pro-
vided a discussion on graph database benchmarking [108]. They reviewed application
of graph databases in different application areas such as social network analysis, pro-
teomics, recommendation systems, travel planning and routing. They explained that
social network analysis would be a representative application for general graph database
applications. Their work motivated us for using Multiplicative Attribute Graph (MAG)
[109] as the synthetic graph generator model for XGDBench.

Recently, a benchmark for graph traversal operations on graph databases was de-
scribed by Ciglan et al. [110]. They designed their graph database benchmark focusing
on traversal operations in a memory constrained environment where whole graph can-
not be loaded and processed in memory. Similar to them, XGDBench implements graph
traversal as one of the workload items. However, unlike them the study described in this
thesis is purely based on graph database servers. The thesis does not focus on bench-
marking embedded graph databases (i.e., graph databases that run on the same process
with the user application). It is because XGDBench is a benchmarking framework rather
than a benchmark specification. Further explanation on this decision is given in Section
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9.5.3.
Holzschuher et al. made a performance comparison of graph query languages [111]

using Cypher [112], Gremlin [113], and native access of Neo4j [114]. Their study is fo-
cused around Apache Shindig [115] which is a container for hosting social applications.
They replace the traditional relational back-end of Shindig with Neo4j and compare
alternatives for querying data with different back-ends in terms of their performance
characteristics. Their work is different from this thesis’s because the thesis’s focus is
on creation of a graph database benchmarking platform rather than characterizing the
performance of graph query languages. However, the graph database benchmarking plat-
form proposed in this thesis can be used to create such performance characterizations.

There are popular benchmarks for graph data stores from semantic web commu-
nity such as Lehigh University Benchmark (LUBM) [116], Berlin [117], DBpedia [118],
SP2Bench, [119] etc. None of these benchmarks employ statistical graph generator model
which allows very large scale, realistic synthetic graphs.

Vicknair et al. compared performance of Neo4j graph database and MySQL [120]
for graph data storage. However, their study did not focus specifically cloud environ-
ments. Rohloff et al. conducts an evaluation of triple-store technologies for large data
stores [121]. Triple-stores also have been used as graph database management systems
in various occasions. This thesis uses AllegroGraph: a famous triple-store (which is also
popular as a graph database) for evaluation of XGDBench due to this reason. However,
Rohloff et al.’s work was conducted using the LUBM and their study focused on evalu-
ating triple store technologies. Another similar work on benchmarking RDF stores has
been conducted by Thakker et al. [122]. However, they used the University Ontology
Benchmark (UOBM) [123] for this purpose.

Graph 500 is a benchmark suite intended for benchmarking data intensive super-
computing applications [124]. Similar to HPC Scalable Graph Analysis Benchmark the
intended application scenario of Graph 500 is a compact application that has multiple
analysis techniques accessing a single data structure representing a weighted, undirected
graph. Current implementation of Graph 500 does not consider different application
scenarios such as graph databases. Its focus is on benchmarking super computer per-
formance. Graph 500 has been implemented in C++ using MPI. In contrast to Graph
500, XGDBench framework has been implemented in X10 which provides support for
productive programming of future Exascale systems compared to use of MPI.

2.3 Stream Processing Performance Optimization

Optimization of data flow graphs has been widely addressed research issue. Earlier ef-
forts in automatic parallelization of sequential programs studied methods for automatic
data partitioning and distribution of computations in distributed-memory multicom-
puter systems [125][126][127]. PARADIGM is a compiler that makes data partitioning
decisions for Fortran 77 procedures. PARADIGM had the feature of decomposition of
the data partitioning problem into a number of sub-problems, each working on a differ-
ent distribution parameter for all the arrays [128]. However, the distributed computing
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model handled by these works differ from stream computing model. The Hirundo system
described in this thesis concentrates more on computations that are data-intensive, and
does not conduct any static code optimizations like these works.

Automatic composition of workflows has been addressed by Qin et al. [129] and Liew
et al. [130]. Compared to them, this thesis’s focus is on automatic optimization in the
context of stream computing, and Hirundo ensures the optimization process does not
get affected by node failures. This issue has not been addressed by these works.

MPI programs has been autotuned by various previous work. ATune is an automatic
performance tuning tool that uses machine learning techniques to identify program-
specific optimal settings for a subset of the Open MPI’s runtime parameters [131]. Sim-
ilar to the work conducted in this thesis, Faraj et al. describe that collective commu-
nication routines must be able to adapt to the system architecture and use different
algorithms for different situations. Their proposed system adapts to a given platform
and constructs routines that are customized for the platform [132][133]. A layout aware
optimization strategy for collective I/O has been described by Chen et al. [134].

Hirundo introduces use of Transformer Blocks during its data flow graph transfor-
mations in the context of stream computing. There has been similar use of recurring
patterns for optimizing workflows by Yaikhom et al. [135] and Hall et al. [136].

There have been work on performance prediction of parallel applications by partial
execution [137] using skeletons [138] etc. A major bottleneck in software autotuning is the
computation time required to test a large collection of possible code variants [139][140].
There have been previous work on reducing this time by creation of improved search
techniques that are capable of finding high-performing parameter configuration quickly
[140]. Furthermore, recent relational database servers use empirical cost information
for producing optimized query plans [141][142][143]. Yet Hirundo follows a different
approach for identifying optimized sample programs by integrating results from partial
execution of sample programs with empirical data.

Subquery optimization of relational database systems by Bellamkonda et al. [141] has
similarity to what Hirundo does since both the approaches use code transformation as
the means of optimization. Table partitioning in relational databases is a technique used
for optimizing SQL query performance [144]. This technique is analogous to Hirundo’s
Tri-OP Transformation.

Stream graph partitioning [145][146] tackles the problem of stream program perfor-
mance optimization at lower levels of stream processing environment compared with
the approach followed by this work. Hirundo approaches the solution from the source
program level of a stream application.

Recently there has been interest of automatically optimizing programs written for
MapReduce systems [147][148][149]. Similarly compiler of DryadLINQ [150] system per-
forms static optimizations which enables automatic synthesis of optimized LINQ code.
However, these systems do not perform high level code transformations like Hirundo
does during the process of optimization. Hirundo outputs a ranked list of optimized
sample programs, whereas these systems performs their optimizations in lower levels.

Evolutionary algorithms [151] (e.g., Genetic Programming [152]) are closely related
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to our stream program optimization approach. Similar to Hirundo an evolutionary al-
gorithm maintains a population of sample programs solutions for a given problem. Each
program is evaluated by a fitness function, which measures the quality of its correspond-
ing candidate solution [151]. Yet the main difference from this thesis’s work is that
each program evolves to better and better versions by cross over mutations with each
other. In Hirundo only the input stream program is mutated and the generated sample
programs are not used for further mutations. This is because our focus is on obtaining
higher performance versions of a given stream application within a short period of time
(i.e., within few minutes) which can be achieved by transforming the input program.

There is a class of programming languages which are also designed and implemented
with the motivation for supporting program construction with stream programming
model. Brook [153], StreamIt [97][154][155], Spidle [156], Cg [157] are examples for such
languages which follow stream programming model. However, all of these languages
are intended for programming only on single node settings. They exploit the hardware
parallelism available in multicore systems. StreamIt is a portable programming language
intended for programming high performance signal processing applications [158]. Gordon
et al. demonstrated how StreamIt compiler can attain robust multicore performance in
the face of varying application characteristics [159]. They exploited task, data, and
pipeline parallelism available in stream programming model for improving performance
of StreamIt applications. However, different from them the work described in this thesis
is focusing on distributed data stream processing systems’ job performance optimization.
Furthermore, they do not conduct any source code level program transformations. In
a different work Lamb et al. demonstrated that multiple algorithmic transformations
on Digital Signal Processing (DSP) which are traditionally hand tuned by DSP experts
can be completely autotuned by the compiler [160]. Castro et al. described design
space exploration technique for reducing the minimal memory requirement of running
stream applications on Multi-Processor Systems on Chip (MPSoC). Similar to Hirundo,
they explore a large number of equivalent program variants and select a set of variants
that minimizes a buffer evaluation metric [161]. They made a formalism of stream
data flow graphs which is very close to StreamIt using Cyclo-Static Data Flow (CSDF)
graphs [162]. However, both the aforementioned works are conducted in the context of
embedded systems.

2.4 Multiple Stream Query Performance Optimization

Multiple stream query optimization is relatively new area of stream query optimization
that descends from the broad and well established field of database query optimization.
Most of the work described in previous section are also related to multiple stream query
performance optimization.

This thesis’s work is closely related to the area of optimization of multiple continuous
queries. Seshadir et al. described a distributed stream query service that takes the
advantage of the opportunities to reuse the same distributed operator for multiple and
different continuous queries [163][164]. Their intent is similar to this thesis’s in the sense
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of sharing compute resources. However, unlike them this thesis do not reuse SPADE
operators in its optimizations because BUILT-IN operators of SPADE are lightweight
operators and therefore those can be easily instantiated rather than reusing. Nonetheless,
UDOPs which are in general heavy operators can be considered for reuse between stream
graphs.

Similar to this thesis’s use of parallel pattern for stream program optimization [165],
Schneider et al. described a compiler and runtime system that automatically extracts
data parallelism for distributed stream processing [166]. However, their paralleliza-
tion methodology requires support from the underlying runtime. Furthermore, through
SPADE annotation scheme introduced through Hirundo [165] this thesis is able to con-
duct transformations of UDOPs as well while they follow strict rules in code transfor-
mation and does not allow such transformations. Wu et al. described a framework
that supports parallelization of stateful operators. However, their method needs a state
sharing mechanism called CAPSULE [167] which introduces an additional overhead on
the cluster. The optimization mechanism described in this thesis creates a partitioned
state whenever its applicable. If not we do not transform such stateful operators. They
consider the fact whether parallelizing an operator could be beneficial or not during their
optimization. Similar to them, we determine which operator(s) to be parallelized based
on profiling results.

Wolf et al. described System S scheduler which is known as SODA (Scheduling Op-
timizer for Distributed Applications) [168]. The scheduler maximizes a utility-theoretic
function based on the “importance” measured at the terminal streams of the data flow
graphs in scheduling the stream data flow graphs. SODA is concerned with resource
allocation for each PE for the jobs that will be run in the environment. SODA tries
to balance the load across all resources (such as network bandwidth, node processing
capacity) in the system. Compared to query performance optimization mechanisms such
as Tahitica, the operations of SODA happens at the lower level of the stream process-
ing middleware. Since SODA is just a scheduler it does not involve in automatic code
transformations such as the ones done by Hirundo and Tahitica.

Operator fusion has been used as a method for optimizing SPADE applications in
System S. Khandekar et al. described COLA: an optimization scheme that is applied at
the compile time that groups operators in a SPADE program into appropriate run-time
software units called Processing Elements (PEs) [145]. This thesis’s methodology is dif-
ferent from them in two aspects. First, they follow a top-down fusion approach where all
the operators are fused together and then the large PE is split into two separate smaller
PEs. The optimization is continued until a suitable operator to PE partitioning is met.
This thesis follows a bottom-up method of fusion where we initially place all operators
into distinct PEs and iteratively fuse them into larger PEs till some criteria is met. Such
approach is followed because in the case of multiple stream query optimization, it is
rather impractical for fusing all the jobs’ operators into single PE at first. Gedik et al.
follows a similar bottom-up approach with their fusion strategy [169].
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2.5 Stream Job Performance Maintenance

Stream program performance maintenance is associated with work conducted on highly
availability, and fault tolerance of stream processing systems. Hwang et al. [170][171],
and Gu et al. [172][173] described two main approaches for highly availability called
Active Standby (AS) and Passive Standby (PS). In AS two or more copies of a stream
job run independently on different nodes. In PS a primary copy periodically checkpoints
its state to another node and uses that copy for recovery during failures. Both these ap-
proaches involve replication. The method described in this thesis is completely different
from AS since, our method is based on automatic code generation, and does not require
backup machines. However, we share a common feature with PS since our method keeps
incoming data tuples in main memory during the crash recovery period to avoid data
losses.

An in-situ MapReduce architecture was described by Logothetis et al. that mines
data (i.e., logs) on location where it appears [174]. They use load shedding techniques
to improve fidelity under limited CPU resources. Albatross, the mechanism proposed
for performance maintenance in this thesis also incorporates incremental load shedding
similar to these works that allows Albatross to maintain performance during drastic
failures. However, different from them our approach does not conduct load shedding
from the point it detects where there is resource deficiency. Instead the load shedding
is done only when the automatic code generation cannot withstand the workload.

As mentioned previously Khandekar et al. [145] and Wolf et al. [168] discussed opti-
mizing stream job performance in the context of operator fusion (COLA) and operator
scheduling (SODA) respectively. However, their approaches do not focus on maintaining
an agreed level of performance. Instead their focus is on performance improvement and
distributed scheduling of PEs. Furthermore, COLA works on finding the optimal fusion
of processing elements (using compiler outputs) of a single program whereas, Albatross
constructs and uses many versions of input program(s) during its operation. This is be-
cause Albatross needs different versions of sample programs with different performance
levels during performance maintenance process. Furthermore, Albatross uses parallel
pattern based code transformation which is different from fusion used in COLA.

Wang et al. [175] uses a generalized solution to avoid Single Point of Failure (SPOF)
in master-slave systems. They propose highly availability as a service (HAaaS) to provide
the high availability for several subsystems in an unstructured data management system.
Similar to this thesis they use Zookeeper [176] to elect a new leader whenever needed.

2.6 Graph Processing Libraries

Construction of graph processing libraries with support for variety of graph algorithms
has been a widely studied area. One of the famous examples for such graph libraries is
igraph [60]. Igraph has been heavily used by complex network analysis community. It
has support for classic graph theory problems such as Minimum Spanning Trees, and
Network Flow. Core of the igraph has been written in C. There are two extensions for
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igraph, one in R and another in Python. Lee et al. created Generic Graph Component
Library (GGCL) [177] which is a library built on C++ STL. Graph algorithms on GGCL
do not depend on the data structures on which they operate. Stanford Network Analysis
Package (SNAP) [178] is a general purpose network analysis and graph mining library
developed by Leskovec et al. SNAP version 2011-12-31 supports maximum 250 million
vertices and 2 billion edges [178]. The library calculates structural properties, generates
regular and random graphs. Similar to ScaleGraph library described in this thesis, SNAP
supports attributes on nodes and edges and has been used to analyze large graphs with
millions of nodes and billions of edges. However, compared to ScaleGraph, one of the
major limitation of all the above mentioned libraries is that they are made to run on
workstations.

Boost Graph Library (BGL) is a C++ STL library for graph processing [179][180].
Part of the BGL is a generic graph interface that allows access to the graph’s structure
while hiding the details of the implementation. A parallel version of the library (PBGL)
[70] has been developed using MPI. However, if the user is not well versed in use of C++
and STL, the learning curve of the BGL becomes very steep [181]. Hence BGL and PBGL
might not be an acceptable solution for application programmers at large. Note that
by using the term “Application Programmer” this thesis represents not only high-end
parallel application programmers but also application programmers on next generation
systems such as SMP-on-a-chip and tightly coupled Blade servers [182]. ParGraph [71]
is a generic parallel graph library which is comparable to PBGL. ParGraph is written in
C++ and it has similar syntax to PBGL. Different from BGL, PBGL, and ParGraph;
ScaleGraph 1.0 requires less amount of code for specifying a graph computation requiring
lesser programming effort. This way ScaleGraph promotes productivity in HPC graph
analysis.

Standard Template Adaptive Parallel Library (STAPL) [183] is a generic library with
similar functionality to Boost. STAPL targets scientific and numerical applications, also
intended for exploiting parallelism for graph algorithms. However, like Boost libraries,
STAPL does not define broadly applicable abstractions for graphs [184].

Java Universal Network/Graph (JUNG) is a comprehensive open-source graph li-
brary [61][185]. It supports variety of representations of graphs such as directed and
undirected graphs, multi-modal graphs, hypergraphs, and graphs with parallel edges
(i.e., multi-edges). Since JUNG has been developed using Java, it offers the interop-
erability with rich third party libraries written in Java. Current distribution of JUNG
includes a number of graph algorithms related to data mining and social network anal-
ysis [61]. Current version of JUNG does not support distributed implementation of
algorithms which is a limitation in applying it to distributed graph processing scenarios.

Combinatorial BLAS is a high-performance software library written in C++/MPI
for graph analysis and data mining [72]. Knowledge Discovery Toolkit (KDT) which is
a Python graph analysis package has been introduced recently utilizing Combinatorial
BLAS as the underlying graph processing infrastructure [186]. Different from them,
ScaleGraph 1.0 library is completely written in X10 which is a PGAS language aimed
for productive programming on multi-core, multi-node systems.
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While there has been large scale graph algorithm implementation on main stream
parallel architectures such as distributed memory machines; there are some other studies
focusing on specific machine architectures which are currently less popular. Examples
include the works by Madduri et al. [73], Bader et al. [74][75], and Berry et al. (Mul-
tiThreaded Graph Library (MTGL)) [76]; which describe the ability of using massively
multithreaded machines to implement graph algorithms. While distributed memory ap-
plication developers focus on maximization of locality to minimize interprocess commu-
nication, program developers for massively multithreaded machines having large shared
memory (e.g., Cray MTA-2) do not focus on locality or data exchange [77]. Some of the
work of this domain (E.g., MTGL) have been extended to commodity processors yet with
lesser performance [78]. Different from them, this thesis concentrates on productivity
of specifying graph computations in distributed settings while maintaining scalability
aspects in commodity machines ranging from developer laptops to super computers.

There have been prior work on specifying graph computations on X10. Cong et al.
worked on creating fast implementations of irregular graph problems on X10 [187][188].
They also worked on creating an X10 Work Stealing framework (XWS) with the aim
of solving the problem of present software systems not supporting irregular parallelism
well. However, both these works do not focus on creating a Graph API with well-
defined abstractions for representing graphs. This thesis emphasizes creation of such
library since we believe this will support X10 application developers to directly use the
support provided by the library for graph computations.

While ScaleGraph 1.0 creates a large graph analysis library in the domain of PGAS
languages, Pregel [77] is a computational model for analyzing large graphs with billions
of vertices and trillions of edges. Pregel focuses on building a scalable and fault tolerant
platform with an API that is flexible in expressing arbitrary graph algorithms using ver-
tex centric computations. Similar to PBGL, Pregel’s C++ API described in [77] requires
more programming effort compared to ScaleGraph 1.0’s API which is also targeted for
users outside the HPC domain.

Kulkarni et al. mentioned that concurrency should be packaged, when possible,
within syntactic constructs that makes it easy for programmer to express what might
be done in parallel, and for the compiler and runtime system to determine what should
be done in parallel [189]. Hall et al. emphasized the importance of abstractions for big
data analytics [190]. ScaleGraph 1.0 follows the same concept and tries to introduce
well-defined abstractions for massive graph analysis scenarios.

2.7 Design and Implementation of Domain Specific Lan-

guages

This section described related work for Exedra which is a domain specific language for
large graph analysis (presented in Chapter 11). Exedra provides a unique programming
interface for large graph analysis with the emphasize on programmer productivity. It
descends from large graph analysis software on High Performance Computing (HPC)
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environments yet significantly deviates from the current approaches. Several other re-
search have been conducted on creating DSLs for graph analysis, and increasing graph
analysis productivity. Yet Exedra is a DSL for creating unified large graph analysis
workflows to increase graph analyst’s productivity targeting large scale systems.

Green-Marl is a DSL designed specifically for graph analysis algorithms [191][192].
Compared to Exedra which is an interpreted language, Green-Marl is a compiled lan-
guage. Green-Marl code gets compiled to C++ code while Exedra statements are di-
rected to the underlying library/middleware. Furthermore, graph data structures in
Green-Marl are immutable. Yet, in Exedra graph’s content can be changed during exe-
cution. Currently Green-Marl does not cover broad set of analytics such as clustering,
community detection, etc. which are available in Exedra.

We adapt similar syntax to Igraph/R [60][193] package when creating Exedra DSL.
Igraph is written in C and we use Igraph/R to denote its R interface [193]. The main
reason for this design decision was due to the fact that Igraph/R package is currently
widely used by the community of complex network analysts and it would be easier for
domain experts to utilize the same syntax when they work with Exedra. However,
there are limitations for the Igraph/R grammar such as specification of graph traversal
operations that is addressed in Exedra.

Gremlin [194][195][196] and SPARQL [197] are two examples for DSLs that can be
used for specifying graph analysis tasks. Gremlin is a graph traversal language and is
completely oriented toward specifying queries over graph data. Yet, Gremlin does not
have constructs to express specific algorithms such as degree distribution calculation,
graph clustering, pattern matching, etc. Exedra improves over Gremlin in this aspect
which is very important for allowing users to specify a variety of graph analysis algo-
rithms. SPARQL on the other hand is the norm for accessing RDF graphs. Yet it also
lacks the support for expressing graph analysis algorithms. SPARQL’s syntax is closer
to SQL while Exedra adopts R syntax used in Igraph/R package.

As mentioned in Section 2.6 Knowledge Discovery Toolbox (KDT) is graph analysis
library written in Python which aims for high level exploratory graph analysis by domain
experts and lower level specification of graph operations by the developers of graph
analytics [186]. KDT is built on top of the CombinatorialBLAS [72] which is a C++
library for combinatorial computational kernels. Current version of KDT is interfacing
only CombinatorialBLAS, and it has not been extended for other back ends. Hence
KDT can only utilize the computational functions offered by Combinatorial BLAS.

Neptune is a DSL based on Ruby programming language which automates configu-
ration and deployment of scientific software frameworks over disparate cloud computing
systems [198]. Neptune integrates support for MPI, MapReduce, Unified Parallel C
(UPC) [199], X10 [200], etc. Neptune is closely related to Exedra, however Exedra’s
focus in only on large graphs.

Das et al. created Ricardo [201] a data analysis platform which allows analysts to
work on huge data sets using R language. Yet, Ricardo does only integration of R with
Hadoop. Dipper integrates multiple programming libraries/middleware for large graph
analytics.
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Ansel et al. presented PetaBricks [202][203] which is an implicitly parallel language
and compiler where having multiple implementations of multiple algorithms to solve a
problem is the natural way of programming. PetaBricks have a similar aim to Exedra
although Exedra is specifically for graph analysis where as PetaBricks is applicable to
other areas of computing.

Kennedy et al. described a strategy called Telescoping languages [204] where they
developed a framework for automatic generation of optimizing compilers for new domain-
specific languages. They generate a library aware optimizer which uses the information
gathered during preprocessing to carry out fast and effective optimization of high level
scripts. Different from them our focus is only on one single domain-specific language.
However, we do a library aware optimization, a similarity that we share with their
approach.

A summary of graph analysis software described in this section is shown in Table
2.1.

Table 2.1: A summary of graph analysis software.

Supports

Distributed

Processing?

Mutable

Graph

Data Struc-

ture?

Interpre-

ted?

Graph

analysis

library?

Multiple

graph

analysis

software

Igraph No Yes No Yes No

KDT Yes Yes Yes Yes No

ScaleGraph Yes Yes No Yes No

SPARQL No Yes Yes No No

Gremlin No Yes Yes No No

Green-Marl No No No No No

Exedra Yes Yes Yes No Yes

Note that the last column of Table 2.1 indicates whether the graph analysis software
supports utilization of multiple graph analysis software systems during its operation.
More details about this feature are available in Chapter 11.

2.8 Graph Data Storage and Management in Clouds

Graph data storage and management has been a rigorously addressed issue by database,
complex network analysis, and cloud computing communities in recent times [205]. Many
of these efforts have materialized in to solid implementations of graph database servers
such as Neo4j [206], OrientDB [207], AllegroGraph [208], DEX [107], etc. but all of these
run on single workstations only. Li-Yung Ho et al. [209] described a distributed graph
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database architecture for large social computing. Their focus was on creation of a dis-
tributed graph database server that runs completely on either public or private clouds.
They use Neo4j as their storage back end. However, their underlying communication
has been implemented using MPI. Barguno et al. described the architecture of Parallel-
GDB which is a graph database that uses random graph partitioning to avoid complex
partitioning methods on graph topology [210]. Trinity is a graph engine for analysis of
large scale graphs which incorporates graph storage functionality [211][212][213]. Their
in-memory distributed database supports both online query processing, and offline an-
alytics on graphs. Graph databases such as Trinity, Titan [214], InfiniteGraph [215],
FlockDB [216] etc. can operate distributedly. However, no known studies exist that
describe their capabilities for operating in hybrid cloud environments.

There is substantial amount of research literature [217][218][219] devoted for stream
processing in hybrid cloud environments. Gulisano et al. combined elasticity with dy-
namic load balancing to minimize the computational resources utilization [217]. Kleiminger
et al. presented a combined stream processing system that adaptively balances workload
between a dedicated local stream processor, and a cloud stream processor [218]. Ishii et
al. described a method and an architecture to use Virtual Machines (VMs) in a cloud
environment elastically to satisfy real-time processing requirements.

Yan-hua et al. described a cloud database route scheduling algorithm using a com-
bination of the genetic algorithm, and ant colony algorithm [220]. Das et al. mentioned
that elasticity, scalability, fault tolerance, and self-manageability are fundamental re-
quirements for database management systems [221]. They presented ElasTraS a database
management system designed for this purpose. ElasTraS borrows from the design philos-
ophy of scalable Key-Value stores to minimize distributed synchronization and remove
scalability bottlenecks. Yu et al. describe that multi-tenancy is one of the key fea-
tures of database-as-a-service (DBaaS) offering, where a large volume of databases with
different SLA requirements are co-located in one environment [222]. However, in this
thesis our focus is on single-tenancy. Minhas et al. describe a highly available database
management system that is based on VM replication, that leverages the capabilities of
the underlying virtualization layer [223].

TIRAMOLA is a cloud-enabled framework for automatic provisioning of elastic re-
sources on any NoSQL platform [224]. They apply this framework on top of a fully
distributed RDF store back-end by an elastic NoSQL database. Chen et al. developed a
novel graph partitioning framework to improve the network performance of graph par-
titioning itself, partitioned graph storage, and vertex oriented graph processing [225].

2.9 Summary

This chapter described related work for constructing optimized large scale data analytics.
The chapter described related work for performance characterization of stream process-
ing systems in Section 2.1. State-of-the-art techniques on graph database benchmarking
and other related work for graph database benchmarking was described in Section 2.2.
Next, stream processing optimizations related to Hirundo were described in Section
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2.3. Related work on multiple stream query optimization and stream job performance
maintenance were described in Sections 2.4 and 2.5 respectively. State-of-the-art graph
processing libraries were surveyed in Section 2.6. Related work on the design and im-
plementation of domain specific languages was presented in Section 2.7. Related work
on graph data storage and management in clouds were described in Section 2.8. Next
chapter provides background for the technologies used in the rest of the thesis.
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3

Technologies for Large Scale Data

Analytics Optimization

This chapter provides brief introduction for the technologies adapted for conducting
the work mentioned in this thesis. From the description provided in Chapter 1 on
the challenges faced by large scale data analytics architectures and the state-of-the-
art techniques for automatic optimization of large scale data analysis systems it was
obvious that the need for having well-defined abstractions and software modularizations
for constructing optimized data analytics scenarios. E.g., The programming model’s
design of the programming languages plays a big role in making many optimizations
easier or difficult to apply [226]. The advantage of data flow languages compared to
many contemporary approaches for data analytics is that data flow languages provide
better abstractions for implementing software autotuning techniques compared to use of
general purpose languages such as C, C++, Java, etc [227].

The thesis compares the features of the alternative technologies by comparing their
features. However, the thesis do not explain technical details of those alternative tech-
nologies for maintaining brevity. Section 3.1 gives an introduction to data flow languages,
one of the key programming paradigms that allows for creation of optimized large scale
data analytics. A description of stream processing software and systems is provided in
Section 3.2 which covers the details of System S, S4, and Esper. Next, an explana-
tion on what is meant by High Productivity Computing Systems (HPCS) programming
languages is provided in Section 3.3. An introduction to what is meant by a Graph
Database is provided in Section 3.4. The section highlights the key reasons for choice of
graph databases Neo4j, OrientDB, Titan, AllegroGraph, and Fuseki for benchmarking
experiments described in this thesis.
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3.1 Data Flow Languages and Their Importance for Large

Scale Data Analytics

Data flow languages are driven by the fundamental concepts of data flow graphs [228].
A data flow graph is a graph model of computer programs which expresses possibilities
for concurrent execution of program parts [229][230]. In a data flow graph, vertices are
called actors that represent operations(functions) and predicates to be applied to data
objects, and edges represent channels of data objects to move from a producing actor to
a consuming actor. This allows control and data aspects of a program to be represented
in one unified model. In this model of operation there is no current operation, and each
operator is free to execute when its data arrives. This promotes data flow languages to
be an ideal candidate for large scale data analytics because there are many data that
need to be processes online as and when those appear to the system.

3.1.1 SPADE - An Operator-Based Stream Processing Language

The Stream Processing Application Declarative Engine (SPADE) is a language as well
as a framework for developing stream processing applications [231]. One of the main
design goals of the SPADE language is to reduce the burden associated with designing
and implementing complex, large scale, scalable applications that run on the System S
[232].

Stream programs developed using SPADE are organized as data flow graphs con-
sisting of operators and streams [145]. Operators are the smallest possible building
blocks that are required to deliver the computation an application is supposed to de-
liver. Streams are directed edges that connect pairs of operators, and carry data from
source to destination operators. An example SPADE application’s code (Call Detail
Record Processing (CDR)) is shown in in Figure 3.1 which contains five different types
of operators.

Any SPADE application can be composed of up to six main sections called Applica-
tion meta-information, Type definitions, External libraries, Node pools, Program body,
Function debugging [231][233]. The application shown in Figure 3.1 consists of three
of these sections (Application meta-information, External libraries, Program body). In
general only two main (mandatory) sections (Application meta-information, and Pro-
gram body) are sufficient to create a SPADE data flow graph. Our main use of SPADE
in this thesis is data flow graph optimization. Therefore, the applications described in
this thesis consist of two (or maximumly three) main sections. These main sections of
SPADE applications and their purpose are listed in Table 3.1.

SPADE language (the latest version is referred to as Stream Processing Language
(SPL) [234][235]) consists of two types of operators called composite and primitive op-
erators [234]. A composite operator consists of a reusable stream subgraph that can
be invoked to define streams. Primitive operators are basic building blocks of com-
posite operators. Primitive operators can be further categorized in to built-in opera-
tors (BIOP), user-defined operators (UDOP), raw UDOPs, and user-defined built-in-
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[Application] 

CDR 

 

[Libdefs] 

package "/var/software/sqlite/include/sqlite3.h" 

libpath "/var/software/sqlite/lib" 

libs "sqlite3" 

 

[Program] 

stream SourceXDR(UserName : String, AcctSessionId : String, 

NASIPAddress : String, CallStationid : String, AcctInputPackets : Long, 

AcctOutputPackets : Long, AcctSessionTime : Long, Timestamp : Long)  

:= 

Source()["file:///INFILE.csv",nodelays,csvformat]{2,4,5,9,14,15,20,21} 

 

 

 

stream CAFCheckedXDR(UserName : String, AcctSessionId : String, 

NASIPAddress : String, CallStationid : String, AcctInputPackets : Long, 

AcctOutputPackets : Long, AcctSessionTime : Long, Timestamp : 

Long,type:Integer) := Udop(SourceXDR) ["CAFCheck"]{} 

 

 

 

stream ValidXDR(CallStationid: String, AcctSessionId: String, 

AcctPackets: Long, Timestamp : Long) := Functor(CAFCheckedXDR)[] 

{ AcctPackets := AcctInputPackets + AcctOutputPackets } 

 

stream AggregateXDR(CallStationid: String, AcctSessionId: String, 

AcctPackets: Long, Timestamp : Long) := Aggregate(ValidXDR 

<time(20),time(1)>) [CallStationid] { Any(CallStationid), 

Any(AcctSessionId), Max(AcctPackets), Max(Timestamp) } 

 

Nil := Sink(AggregateXDR)["file:///output.csv", noDelays, csvFormat]{} 

#Hirundo-meta:UnFroze:Start 

#Hirundo-meta:UnFroze:End 

Figure 3.1: SPADE code for CDR Application.
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operators (UBOP). In Figure 3.1 Source, Functor, Aggregate, and Sink operators are
examples for BIOPs. There is one UDOP in the example SPADE code. In the example
application the streams that flow into an operator are enclosed within the parenthesis
that appear just after the operator type declaration. The streams that flow out from an
operator are marked by using the stream key word.

Out of the BIOPs available with SPADE, Source operator is used to create a stream
from data flowing from an external source [231]. In the example code in Figure 3.1 the
Source operator reads a file called INFILE.csv stored in application’s data directory.
Source operator is capable of parsing, creating tuples as well as interacting with external
devices [231]. A Sink operator converts a stream of data from the program into a flow
of tuples that can be used by external entities (See Figure 3.2 for an example data flow
graph). Both the Source and Sink operators in the example code read/write tuples in
CSV format. Functor operator on the other hand is used for performing tuple-level
manipulations such as filtering, projection, mapping, attribute creation, transformation,
etc. In the sample code the Functor operator sums up the total input and output
packet counts mentioned in the data tuple it processes. Aggregate operators are used
for grouping and summarization of incoming tuples. Join operator correlates two streams
using join predicates. Split operator is used for splitting a stream into multiple output
streams using a split condition that determines which of the output streams a tuple will
be forwarded to.

SPADE language supports defining stream schemas with Byte, Short, Integer, Long,
Float, and Double numerical types; Boolean logical type, and String for representing
sequence of characters. SPADE language uses # character to create single line comments
while multi-line comments are created by surrounding the intended code with #* and
*#.

Another notable feature of SPADE language is its extensibility. There are three ways
for extending the language.

• User-Defined Operators (UDOPs) - These operators can be used to enclose external
libraries and to provide customized/domain specific processing.

• User-Defined Built-in-Operators (UBOPs) - These are fully templatized operators
[236]. UBOPs should be created when new, general purpose analytics are identified.

• User-Defined Functions - These are functions declared in C++ header files, and
are imported using the package key word under the [Libdefs] header.

This Section described the most important, and essential features of SPDAE language
that are related to the content presented in this thesis. More detailed information of
SPADE language can be found from [231] and [233].

3.2 Stream Processing Software

Stream processing software are the middleware/libraries that enable extraction of new
insights from data in online satisfying real-time constraints. Several stream process-
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Main section Header Description

Application

meta-information

[Application] Lists the application name fol-

lowed by debug/tracing level

desired when running the ap-

plication.

Type definitions [Typedefs] Programmer can create

aliases for built-in data types

to the types they intend to

use in the program.

External libraries [Libdefs] Programmer can include ref-

erences to header files that de-

scribe the interfaces to exter-

nal libraries and the file sys-

tem paths to any library ob-

ject code files that are used by

user-defined operators.

Node pools [Nodepools] Allows for defining a pool of

UNIX hosts.

Program body [Program] This is the place where appli-

cation itself is defined.

Function debug-

ging

[FunctionDebug] Under this section, program-

mer may enter expressions for

testing purposes only.

Table 3.1: Main sections of a SPADE program.
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ing platforms have been developed in the recent past [237][53][238][239][19][240]. These
software provide support for streaming and stored data ingestion, flexible and extensi-
ble analytics on streaming data, system support for distributed, scalable, dynamic, and
high-performance stream processing. Out of a number of stream processing systems
available for conducting research on stream processing, we have chosen IBM System S,
Yahoo S4, and EsperTech Esper during the studies conducted in this thesis. Implemen-
tation of the data analytics automatic optimization solutions described in this thesis
have been conducted on System S. However, S4 and Esper which are relatively new
stream processing software have been used for studying performance features of stream
processing applications.

3.2.1 System S

System S is an operator-based, large scale distributed data stream processing middleware
[232]. The project was initiated in 2003 and it went extensive development at IBM
Research [168]. System S comprises of a middleware runtime system and an application
development framework intended for supporting large scale, scalable structured as well
as unstructured data stream processing. Furthermore, System S can execute a large
number of long-running applications in the form of data flow graphs where operators
carryout portions of the data processing analytics by consuming and producing new
streams. When an application is compiled, a set of runnable processing elements are
created. Data flow graphs in System S consist of a set of Processing Elements (PEs)
connected by streams, where each stream carries a series of data tuples [237]. The
data stream analytics are implemented in Processing Elements (PEs) and they are basic
execution containers for portions of the flow graph that are distributed over the compute
nodes. The PEs communicate with each other through input and output ports that are
connected by streams. The PEs belonging to an application can be logically grouped
together to form jobs. The user can then startup the application by submitting it
to the middleware runtime system, thereby creating one or more jobs. The System
S management tools allows the jobs to be monitored, moved, and canceled. System
S provides background services such as scheduling, fault tolerance, storage services,
distributed job management, security etc [237]. Architecture of System S runtime is
shown on Figure 3.2.

3.2.2 S4

S4 is an open source operator-based stream processing system released by Yahoo Inc. in
October 2010 [19]. S4 follows Actors model which makes it considerably different from
System S. S4 has a decentralized, and symmetric architecture where all nodes share
the same responsibilities. Furthermore, S4 uses a pluggable architecture that keeps the
design generic, and customizable to a greater extent.

In S4, the computations are performed by PEs, and communication between the PEs
is done in the form of data events. A sequence of events in S4 is defined as a stream.
Event emission, and consumption is the only mode of communication between PEs.
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Current version of S4 provides several PEs for standard tasks such as count, aggregate,
join, etc. However, custom PEs can be easily created by extending the classes provided
by S4 API. All PEs consume exactly the events which corresponds to the values on which
they are keyed.

Programming model of S4 has been created in such a way that developers write
PEs in Java programming language, and the PEs are assembled into applications us-
ing Spring framework. Developers need to essentially implement input event handler
processEvent(), and output() which implements the output mechanism [19]. Archi-
tecture of S4 is shown in Figure 3.3.
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3.2.3 Esper

Esper is a software component for stream processing developed by EsperTech Inc. [241].
Architecture of Esper is shown in Figure 3.4. The software is available in Java with the
name Esper, and in.NET as NEsper. However, this thesis uses only Esper, since the aim
is to compare performance of S4 with a Java based stream processing software. One of
the important aspects of Esper which differentiates it from System S, and S4 is that it
is just a software library. Therefore, important features of stream processing systems
such as distributed processing, fault tolerance, etc. has to be coded manually. However,
since Esper is a software library it can be easily integrated with variety of applications
such as J2EE web servers, distributed caches, web browsers, etc. Moreover, Esper has
a Domain Specific Language (DSL) of relational syntax called the Event Processing
Language (EPL) which makes Esper’s programming model considerably different from
System S, and S4 which have operator-based programming models.
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Figure 3.4: Architecture of Esper

Since Esper is just a software library, the performance evaluations described in this
thesis implemented the distributed event processing functionality by using Esper with
ActiveMQ [87] which is an open source message broker implementation of the Java
Messaging Service (JMS) specification.
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3.3 High Productivity Computing Systems Programming

Languages

The DARPA’s High Productivity Computing Systems (HPCS) program was initiated
with the vision of developing economically viable high productivity computing systems
[242][243]. The initial phase of the project started in June 2002 with one-year study
contracts awarded to Cray, HP, IBM, SGI, and Sun Micro Systems. The end result of
the HPCS program was defined as gaining the ability for efficiently run a broad spec-
trum of applications and programming models in support of the national security and
industrial user communities. Two of the key areas that DARPA HPCS emphasized were:
Performance and Programmability. The project set achievement of performance goals
of 10X to 40X improvement of performance over 2002’s capability. Also the project set
programmability goal of reduced time to develop, operate, and maintain HPCS applica-
tion solutions to one-tenth of 2002’s cost. Another important project goal was to make
available the research and operational HPCS application software that is independent of
specific hardware and software architectures.

In the second phase of DARPA HPCS project, three vendors - Cray, IBM, and
Sun Microsystems - were commissioned to develop new programming languages that
would optimize performance on each vendor’s hardware as well as optimize program
development time. The languages developed by these vendors - Cray’s Chapel [244][245],
IBM’s X10 [246], and Sun’s Fortress [247] - provide a global view of data, together with
a more dynamic model of processes and sophisticated synchronization mechanisms [242].
These languages have different sequential bases. X10 language uses an existing object-
oriented language, Java while Chapel and Fortress use their own, new object-oriented
languages [242].

Partitioned Global Address Space (PGAS) languages are a type of programming
languages used to program high performance systems [248]. Examples for such lan-
guages include Unified Parallel C (UPC), Co-Array Fortran, Titanium which extends C,
Fortran, and Java respectively. These languages address the programmer productivity
problem in distributed-memory machines by providing a simpler, shared memory-like
programming model where the address space is partitioned, and the programmer has
control over the data layout [249]. The HPCS languages mentioned previously inves-
tigated use of asynchronous computation in the PGAS model which gave rise to the
concept of Asynchronous PGAS (APGAS). HPCS languages follow the PGAS memory
model and also provide mechanisms for asynchronous execution. These languages allow
to create an activity and return immediately (An activity is a computational unit that
can run in parallel with the main program).

Out of the three HPCS languages, Fortress project was wrapped up in 2012 due to
implications, technical challenges involved in creating a Fortress compiler targeted for
JVM [250]. Therefore, only two options were remaining as the implementation choices
for optimized large scale data analysis: X10 and Chapel. In this thesis we use X10
for creating optimizations of large scale data analytics because X10 provides seamless
interoperability with famous programming languages such as C/C++/Java. There are
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very few work conducted with Java/C/C++ interoperability with Chapel [251].

3.3.1 X10 - An Overview

This section explains what is X10 and briefly describe the X10 language constructs which
have been used to develop modularizations for optimized graph data analytics below.
More information on X10 language syntax is available from X10 language specification
[246] and from X10 web site http://x10-lang.org.

X10 is an experimental PGAS language currently being developed by IBM Research
in collaboration with academic partners [252][200]. The project started in 2004, and tries
to address the need for providing a programming model that can with stand architectural
challenges posed by multiple cores, hardware accelerators, cluster, and supercomputers.
The main role of X10 is to simplifying the programming model in such a way that it
leads to increase in programming productivity for future systems [182] such as Extreme
Scale computing systems [79]. X10 has been developed from the beginning with the mo-
tivation of supporting hundreds of thousands of application programmers and scientists
with providing ease of writing HPC code [200]. Previous programming models use two
separate levels of abstraction for shared-memory thread-level parallelism (e.g., pthreads,
Java threads, OpenMP, etc.) and distributed-memory communication (e.g., JMS, RMI,
MPI, etc.) which results in considerable complexity when trying to create programs that
follow both the approaches [253]. X10 addresses this problem by introducing the notion
of Places. Every activity in X10 runs in a place which is collection of non-migrating mu-
table data objects and the activities (similar to threads) that operate on the data [253].
Therefore the notion of Places includes both shared-memory thread level parallelism
as well as distributed-memory communication which makes the life of the programmer
easier. Supporting both concurrency and distribution has been the first class concerns
of the programming language’s design [254]. X10 is available freely under open source
license another motivation behind use of X10 for data analytics optimizations described
in this thesis.

X10 is a strongly typed, object-oriented language which emphasizes static type-
checking and static expression of program invariants. The choice of static expression
supports the motivation of improving programmer productivity and performance. X10
standard libraries are designed to support applications to extend and customize their
functionality which is a supporting factor for X10 library developers.

The latest major release of X10 is X10 2.3 and it has been constructed via source-
to-source compilation to either C++ or Java [254]. The C++/Java language specific
tools are then used to compile the translated code to platform specific versions. In
the case of C++ a platform specific C++ compiler is used to create an executable. In
the case of Java, compiled class files from a Java compiler are ran on a JVM. These
two methods of X10 language implementations are termed as Native X10 and Managed
X10 [254]. The design ScaleGraph 1.0 library is motivated for high performance rather
than portability advantages provided by Java, hence ScaleGraph 1.0 library has been
developed targeting the Native X10. Furthermore, by choosing Native X10, ScaleGraph

34



3.3 High Productivity Computing Systems Programming Languages

Immutable Data: 

Final variables, value type instances 

Local array section Distributed Array Remote array section 

Local object Remote object 

Outbound 

activities 

Inbound 

activities 

Globally Asynchronous 

… Activity 

Local Data 

Activity 

Local Data 

Activities Activities 

… … 

Local array section Distributed Array Remote array section 

Figure 3.5: Overview of X10 language features.

1.0 is able to integrate with many scientific libraries which are typically available via C
APIs [254]. However, in the case of XGDBench graph database benchmarking platform
the thesis uses managed X10 because XGDBench has been implemented as an extension
to YCSB which is written in Java. Use of X10 in Acacia is also motivated by the fact
that Acacia inter-operates with third party Java libraries. From X10 version 2.3 onwards
X10 provides very smooth interoperability with Java which indicates strong relationship
of X10 with Java [255].

X10 programmers can write code that get compiled and run on GPUs [256]. The
Native X10 has been extended to recognize the language constructs of CUDA code and
produce corresponding kernel code. The software modularization techniques described
in this thesis do not use the GPU programming features available with X10.

One of the fundamental language constructs of X10 is Place (See Figure 3.5). A
place in X10 corresponds to a processing element with attached local storage [257]. A
place can also be viewed as an address space [254]. Asynchronous activities (i.e., async)
work as a single abstraction for supporting a wide range of concurrency constructs such
as threads, message passing, direct memory access, streaming, data prefetching [246].
Activities specify logical parallelism using structured and unstructured constructs such
as ateach, async, and future. Throughout its lifetime, an activity executes at the place
where it got spawned and has access only to the data stored at that place. An activity
may spawn new remote activities which get executed asynchronously at remote places
using at. Termination detection of such spawned activities can be done using finish.
Activities can be coordinated using clocks and lock free synchronization atomic.

The thesis uses distributed arrays (DistArray) in creating the graph abstractions.
Every element in a distributed array is assigned to a particular place by following the
array’s distribution. X10 uses an annotation system to allow the compiler to be extended
to new static analyses and new transformations [246]. Annotations are created by an
“@” followed by an interface type. X10 provides full interoperability with C++ and
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Java through @Native(lang, code) annotation on classes, methods and blocks [257].
ScaleGraph 1.0 uses @Native(lang, code) annotation for implementing certain C++
language specific functions which are not currently supported by X10. For example,
directory listing is currently not supported by X10. As a solution, ScaleGraph 1.0
developed an X10 class and linked it to a C++ code that does directory listing. X10
has a special struct type called GlobalRef which is a global reference to an object at
one place that might be passed to a different place. The research in this thesis uses
GolbalRef as a support for coordinating activities between different places.

3.4 Graph Databases

Graph databases address one of the key areas of large data analytics that is online
analysis (i.e., online transaction processing (OLTP)) of graph data [211]. This thesis
uses the term “Graph Database” as a short form to represent the term “Graph Database
Management System”. Currently general-purpose graph databases have become a reality
allowing mainstream users to obtain the benefits of large data analytics on connected
data without having to invest in building their own graph infrastructure [258]. A unique
feature of graph databases is that they elevate relationships to be the first-class citizens
of the data model compared to the famous relational data model [259]. Unlike relational
databases which represent relationships just as a runtime constraint, graph databases
consider relationships on the same level as the data items themselves. The definition of
graph database model can be stated as a database model in which data structures for
the schema and instances are modeled as graphs or generalizations of them, and data
manipulation is expressed by graph-oriented operations and type constructors [260].
A graph database can be defined as a storage engine which supports a graph data
model backed by native graph persistence, with access and query facilities for the graph
primitives to make querying the stored data pleasant and performant [258].

Resource Description Framework (RDF) is a language for making statements about
resources [261] focused for representing information about resources in the World Wide
Web [262]. RDF allows for forming statements in the forms of triples. A triple is an
element <s,p,o> interpreted as a statement where “object o stands in relationship p with
subject s”. Therefore, the first element s is called the subject of the triple, p is called the
predicate, and o is called the object. The RDF graph model describes this set of triples as
a graph. A data store that follows such data model is usually called triple store or RDF
database [263]. RDF stores (also referred as triple stores) are purpose-built databases
for the storage and retrieval of any kind of data expressed in RDF. Generally, in graph
databases an entity is represented as a vertex and its associated set of attributes. The
relationships between the entities are represented as edges and their attributes. Graph
databases have close similarity to RDF (Resource Description Framework) stores because
RDF stores use triples which could be used to represent entities and the relationships
between them. Therefore, RDF stores can also be categorized as graph databases.

Currently there are many popular graph databases in use (Details of some of them are
listed in Table 3.2). Out of the graph databases listed on Table 3.2 this thesis have chosen
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Allegrograph, Fuseki, Neo4j, OrientDB, and Titan graph databases for the experiments
described in the thesis. The main reason for choosing these databases is that they are
published as open source software. Furthermore, their license allow for performance
comparisons. Furthermore they represent some of the leading graph databases in the
industry. A brief description of each chosen graph database server is given below.

Table 3.2: A summary of current graph databases.

Data

Model

Supports

Dis-

tributed

Process-

ing?

Published

as Open-

source?

Language Thrid-party back-

end

AllegroGraph RDF No No LISP None

BigData RDF Yes Yes Java None

FlockDB Network Yes Yes Java MySQL

Fuseki RDF No Yes Java None

Neo4j Network No Yes Java None

OrientDB Network No Yes Java None

Titan Network Yes Yes Java BerkelyDB/

Cassandra/HBASE

Trinity Network Yes No C# None

3.4.1 RDF Stores : AllegroGraph and Fuseki

AllegroGraph is a commercial RDF-Triplestore introduced by Franz Inc. [264][265] for
storage and querying of RDF data. AllegroGraph can be deployed as a standalone
database server and offers interfaces for accessing the server data remotely via HTTP
[266]. AllegroGraph has been written using LISP and there are client connectors avail-
able for Java, Python, List, Clojure, Ruby, Perl, C#, and Scala [266]. AllegroGraph’s
generic storage model allows any form of graphs whose elements can be represented as
tuples with node elements s and o, and an edge p, and additional data g [267][268].

Fuseki is a SPARQL server that provides a REST-style SPARQL interface [269].
Fuseki is completely written in Java and is running as non-distributed. Fuseki is a
component of the Jena framework.
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3.4.2 Neo4j

Neo4j is an open source graph database from Neo Technology, Inc [270][258]. Neo4j
emphasizes on ACID properties for graph databases and transactional support is one of
the strong points of Neo4j which differentiates it from the majority of NoSQL solutions
for graph data management [104]. Neo4j implements an object oriented API, a native
disk-based storage manager for graphs, and a framework for graph traversals [271]. Neo4j
architecture is shown in Figure 3.6. Neo4j stores graph data in a collection of store files.
Each store file contains the data for a specific part of the graph (e.g., nodes, relationships,
properties).
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Figure 3.6: Architecture of Neo4j. (a) High level Architecture of Neo4j. (b) Logical view

of the user-facing APIs in Neo4j.

Neo4j has its own high-level query language called Cypher that can be used to specify
many graph query tasks. The lower level programmatic APIs which Cypher uses are
also available for developers as well (See Figure 3.6 (b)).

3.4.3 OrientDB

OrientDB is an open source NoSQL database with both features of Document and Graph
DBMSs [207]. OrientDB can work both in schemaless mode as well as schema-full or
mix of both modes. OrientDB supports ACID transactions, fast indexes, native and
SQL queries. OrientDB uses an indexing algorithm called MVRB-Tree which has been
derived from the Red-Black Tree and from B+Tree which offers benefits of both the
algorithms [207].

3.4.4 Titan

Titan is a distributed graph database server written in Java [272]. Titan supports ACID
and eventual consistency and it can be configured to work with different storage back-
ends: Apache Cassandra, Apache HBase [31], and Oracle BerkeleyDB [273]. All the data
of Titan gets persisted in a storage backend. The choice of backend determines the trans-
actional guarantees and scalability of a Titan graph instance. During the benchmarking
experiments conducted with titan, the thesis used Apache Cassandra backend because
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of need to have highly available service. Titan is natively integrated with TinkerPop
graph stack including Gremlin [113] graph query language, Frames [274] object-to-graph
mapper, Rexster [275] graph server, Blueprints [276] standard graph API, etc.

3.5 Summary

Technology selection plays a key role in success of implementation of optimized large
scale data analysis architectures. This chapter explained the key technologies such as
programming languages and software systems used to implement the data analytics
optimization mechanisms. Data analytics optimizations described in this thesis are de-
veloped around data flow languages. Section 3.1 described about the data flow languages
used in this thesis and explained the syntax of SPADE language in Section 3.1.1. Sec-
tion 3.2 described the architectures of stream processing software used in this thesis.
Next, in Section 3.3 the thesis described HPCS languages which are considered one of
the important highly productive programming paradigms for implementing large scale
data analytics. Out of the three HPCS languages (Chapel, Fortress, and X10) the data
analytics optimizations described in this thesis have been implemented using X10. The
reasons for such decision are explained in Section 3.3. Online graph data analysis rep-
resents an important segment of data analytics. Currently, graph database systems are
used as the main technology for implementing OLTP on graph data. Hence Section 3.4
elaborated on what is meant by a graph database and also it listed details on Neo4j,
OrientDB, Titan, Allegrograph, and Fuseki which have been used as the representative
graph data stores during the experiments described in this thesis in Sub-sections 3.4.1 -
3.4.4. Chapter 4 which describes workload characterization and benchmarking of stream
processing systems starts the Part I of the thesis.
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4

Workload Characterization and

Benchmarking of Stream

Processing Systems

Before conducting any data analytics optimizations it is essential to identify the per-
formance characteristics of the data analysis software systems. This chapter addresses
the issue of workload characterization of stream processing systems that represent a key
category of data analysis software systems currently being used. Chapter provides an
introduction to stream application workload characterization and benchmarking in Sec-
tion 4.1. Methodology and performance metrics used for the evaluations are described
in Section 4.2. Next, a description of the benchmarking applications used during the
workload characterization is given in subsection 4.2.1. Details on performance evalua-
tion is provided in Section 4.3. The chapter provides a discussion on the performance
results in Section 4.4. Conclusions arrived by conducting the workload characterization
of stream processing systems is given in Section 4.5.

4.1 Introduction

There have been extensive studies for characterizing the workload, and performance
implications of computing systems. However, there has not been sufficient amount of
such studies carried out in the area of stream computing. This chapter describes stream
processing software performance characterization using System S, S4, and Esper; which
are currently three prominent stream processing software in the field [277][278]. As
explained in Section 3.2 of this thesis, decision to choose these three software was stim-
ulated due to their unique architectural designs. While System S is developed following
a manager and worker model, S4 has a decentralized and symmetric architecture and
follows Actors model [19]. Esper is completely different from System S and S4 because
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it is just a component for stream processing [241]. However, Esper provides a complete
software suite for stream processing which has been used by popular software vendors
for their event processing back-ends. Furthermore, current implementation of S4’s op-
erators are purely based on Java and also Esper is a pure Java library, whereas System
S allows for both C/C++ and Java versions, which leads to interesting results. The
licenses of these software were checked beforehand and was confirmed that they allow
for publishing performance comparisons.

In achieving the aforementioned objectives 70 different experiment scenarios were
created using three real-world application benchmarks and a micro benchmark. Perfor-
mance characteristics such as Job throughput, CPU usage, Memory Usage, and Network
I/O were observed in arriving at conclusions about the design of optimized stream pro-
cessing system architectures.

4.2 Methodology and Performance Metrics

The workload characterization methodology described in this chapter is based on two
level benchmarking. The chapter uses a micro-benchmark to get basic characterization
of the three software’s performance. Next, three different stream programs (Application-
specific benchmarks) are used for obtaining further insights to the characteristics of the
stream processing applications and software systems. These programs and the features
of their associated data sets are described below.

4.2.1 Sample Programs and Data Sets

4.2.1.1 Micro-benchmark

We use a three operator micro-benchmark program to get a basic understanding of the
behavior of the stream processing software. This program’s structure is shown in Figure
4.1 (d). It has only one functor (F1) that increments an integer value it receives from
the Source operator (S). The result from F1 gets stored in result.dat via Sink operator
(SI). The choice of this program was made because of its simple nature which allows for
revealing the behavior of the stream processing systems during heavy work loads.

A synthetic data set of two digit integer values (in CSV format) was used during the
experiment. The data set contained 10 million records.

4.2.1.2 VWAP

Calculation of Volume-Weighetd Average Price (VWAP) is a real world application
scenario of stream processing in the financial services domain. VWAP is calculated as
the ratio of the value traded and the volume traded within a specified time horizon. This
can be depicted as,

VWAP =

∑n
i=1(Pi.Vi)∑n
i=1(Vi)
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where Vi represents each traded volume and Pi represents the corresponding traded
price in a series of n transactions. Figure 4.1 (a) shows the data flow graph of the VWAP
application used for performance evaluation. This application is part of a larger financial
trading application described at [13]. The first functor (F1) filters the tuples for valid
records and the aggregate operator (AG) keeps a tuple window of 4 based on the ticker
id it receives from F1. Furthermore, it calculates the Pi.Vi portion of the VWAP formula
for each tuple. AG outputs a new tuple each time it receives a tuple from F1. Finally, F2
calculates the VWAP value and transfers to Sink operator (SI) which stores the result
in result.dat file.

The dataset available with System S’s sample VWAP application was used as the
sample data set during the experiments, but the data set was magnified to a larger data
set of 1 million tuples.

4.2.1.3 CDR

A Call Detail Record (CDR) is a piece of information produced by a telephone exchange
containing details of a phone call passed through it. Telecommunication networks process
massive amounts of CDR events, another application area for stream processing software
systems. Furthermore, it allows for testing how well different stream processing software
scale under massive data rates if programmers do not worry about producing optimized
version of their codes. These factors motivated the use the four operator CDR processing
application (shown in Figure 4.1 (b)) in this study to evaluate the three stream processing
software. First functor (F1) splits the input tuples read by Source operator to different
routes based on a hash value of call station ID (which identifies each user). The Aggregate
operator (AG) calculates the total packet count by adding input, and output packet
values mentioned in the tuple. Finally the result is stored in the disk via Sink (SI)
operators.

A synthesized data set with 2 million data tuples was used during the experiments
with each tuple having 22 fields for this experiment. The data set had information of
0.1 million users.

4.2.1.4 Twitter Topic Counter

A Twitter hash tag count application was used as the third application specific bench-
mark. Twitter users can label the key words of their tweets using # (e.g., #car) which
indicate to which conversations the messages relate to. As shown in Figure 4.1 (c) a six
operator SPADE program was developed with similar functionality to the Twitter Topic
Counter application (here onwards referred to as Twitter application) available with S4
and used both these applications during our performance evaluations.

A real data set with 90507 tweets gathered from twitter on 4th June 2011 in the
period 00:00-01:00 JST was used during this experiment.
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Figure 4.1: Data flow graphs of sample applications.

4.2.2 Experimental Setup

The experiments were conducted on 12 compute nodes each with AMD OpteronTM

Processor 242, 1600MHz 1MB L2 cache per core, 250GB hard drive. Seven out of twelve
nodes had 8GB RAM (Nodes labeled as sa0<n>, n is from 1 to 7) while the remaining
five (Nodes labeled as sb0<m>, m is from 1 to 5) had 4GB RAM. From the profiling
results that were obtained using Oprofile [279], and Nmon [280] it was observed that the
difference of main memory in the nodes did not affect the experiments. All the nodes
were installed with Linux Cent OS release 5.4, IBM Infosphere Streams Version 1.2, and
JRE 1.6.0, and were connected via 1Gigabit Ethernet. S4 version 0.3.0.0, Esper version
4.5.0. were used during the experiments by setting both initial Java heap sizes and
maximum Java heap sizes to 3GB to avoid CPU time being spent on increasing Java
heap memory during the experiments.

4.2.3 Performance Metrics

Job throughput, CPU usage, network I/O, and memory usage of each sample application
(i.e., job) were used as the metrics for the evaluations. While throughput is an important
metric for data intensive applications; CPU usage, network usage, and memory usage
information gathered via two profiling tools (Oprofile and Nmon) were used to further
understand performance characteristics of the System S and S4 applications.

• Job Throughput : Measures number of input tuples processed by each stream
processing system. On System S we measured this in Tuples per second while on
S4, and Esper it was measured in Events per second.

• CPU usage (%): Overall CPU utilization during the experiments. This metric
provides information on which nodes are busy processing data. Hence it allows for
identifying stream processing system’s node level bottlenecks.

• CPU usage by process (%): Measures what processes contribute to overall CPU
utilization and the amount of their contribution. This allows for identifying where
the performance bottlenecks exist (i.e., in stream processing system level or OS
level) and which processes are responsible for such behavior.

• Memory usage (MB) : The amount of main memory (RAM) use during applica-
tion execution. It is essential to maintain high percentage of free main memory
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for proper functioning of stream applications. Because unlike most batch process-
ing tasks, stream processing keeps all the required data in main memory during
the program execution and does not persist incoming stream data on secondary
storage. Hence, it is one of the important metrics for this study.

• Network I/O (KB/s) : Network I/O of each node of stream processing system
cluster was measured during the experiments to quantitatively understand what
kind of communication overhead exists between the nodes.

4.2.4 Objectives and Methodology

Measurement of throughput was done in two different ways for S4, Esper, and System
S. In S4 and Esper time required to process a specific amount of events was measured
while in System S time between processing first tuple and a last tuple was measured.

By measuring throughput the intention was to understand how well the applications
scale in both stream processing systems. Scalability of current S4 applications are char-
acterized by S4 runtime. The runtime determines what number of PEs to be created
to suit for a particular node allocation under different workloads. User of S4 cannot
explicitly allocate PEs for different nodes. Hence we used automatic node allocation for
S4. However, SPADE allows for allocating a node pool (a collection of hosts in a stream
processing cluster) and attaching different operators to specific nodes programmatically.
This feature was used to distribute workload of System S jobs among nodes. The Esper
applications had to be manually allocated for different nodes which provided us finer
grain control over their distributed execution. Furthermore, the sample programs shown
in Figure 4.1 were augmented in such a way that the modified versions allow for attaching
more nodes with the job. The objective was to use more nodes than the operators (PEs)
available in the data flow graph, and allocate multiple operators to each node. E.g., If
we used 12 nodes we need a data flow graph with at least 12 operators which is not
possible with any sample program layout shown in Figure 4.1. How the augmentation
of data flow graphs of sample applications developed for System S has been carried out
is shown in Figure 4.2.

Apart from the four augmented sample applications, an optimized version of the CDR
application (shown in Figure 4.2 (c)) was used in order to observe how the introduction of
multiple sources affects the throughput of a stream program. However, this program was
used only for this purpose, but we used normal augmented version of CDR application
(in Figure 4.2 (b)) in order to make the comparison a fair one. In order to supply four
source files to CDR Optimized data flow graph, the data file used for CDR was splitted
equally into four files using Linux’s split command and resulting files were checked to
make sure that the first and last packets were in the correct format.

As shown in Figure 4.2, a split operator (SP) was introduced for each sample program
that splitted the data stream from source operator to several sub graphs. The splitting
was based on a hash value produced for each incoming packet. It was made sure the
packets are evenly splitted among sub-graphs by choosing an appropriate filed to hash
and by generating the input data file with proper distribution of tuples. Furthermore,
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two Functor operators were introduced (FS (at the beginning) and FE (at the end))
which recorded the time of receiving start packet and a desired last packet.
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Figure 4.2: Augmentation of sample application data flow graphs on System S and S4.

Sub-figures (a) to (e) correspond to System S applications while (f) to (j) correspond to S4.

In the case of VWAP a data set of 1 million data tuples was used and the last packet
was attached with trade ticker “GMD”. The time it took to receive this packet at one of
the four PEs was taken as the total runtime and throughput was calculated. For CDR,
the input data file had 2 million data tuples and the time it takes to receive the last
packet was measured (i.e., 2 millionth packet) by one of the FEs. The same method was
employed to measure the runtime of CDR optimized version.

The data flow graph of Twitter application is significantly different from other aug-
mented versions in order to keep the similarity of program design with S4 version of
Twitter application. It should be noted that in CDR, CDR Optimized, and Twitter
application the measurement of last packet was done before Aggregate operators that
outputs only a subset of tuples they receive. The measurements of the throughput was
conducted on the corresponding Aggregate operators on S4 versions, hence this ensured
that the measurements were taken on the same operator on both System S and S4.

How the sample applications have been implemented on S4 is shown in Figure 4.2
(f) to (j). For data flow graphs shown in Figure 4.2 (g), (h), (i), and (j) the storing of
results was done without use of a Sink (SI) PE. However, a separate SI PE was defined
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for VWAP since data output involved an additional step of conversion to CSV format.
Furthermore, as shown in Figure 4.2 (g), (h) two versions of CDR application was
developed for S4 since the original version shown in Figure 4.2 (g) resulted in inefficient
use of system resources by spawning 0.1 million PEs. The solution was to reduce the
number of PEs to 100 by using a hash table on each PE with user id as the key. All the
PEs were distributed equally to all nodes during the experiments that ran on S4.
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Figure 4.3: Augmentation of sample application data flow graphs for Esper.
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Figure 4.4: Throughput comparison of sample applications. (a) System S Applications

(b) S4 Applications (c) Esper Applications.

Augmented versions of the Esper applications are shown in Figure 4.3. Each operator
denoted by OP (e.g., OP1) is attached to a JMS server running on the same node.

For each augmented sample program we allocated different number of operators per
node as the number of worker nodes involved in the processing vary. Each version of the
sample program was run three times for System S, Esper, and S4. Average value of the
running times was taken for calculating the throughput to improve the accuracy of end
results. Furthermore, both Nmon and Oprofile were ran on each node associated with
the experiment well before one of the experiments during three experiment runs begin.
The two daemons were shutdown after the experiment completed keeping enough delay
from the experiment end time.
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4.3 Performance Evaluation

4.3.1 Job Throughput

The throughput results obtained from running the four sample applications and the
micro-benchmark based on System S, S4, and Esper are shown in Figure 4.4 (a), (b),
and (c) respectively. Note that a tuple in System S corresponds to an event in S4 and
Esper. Since most research literature on System S uses the term tuple to represent a
data event the thesis uses the same terminology. The performance curves on Figure 4.4
(b) show that S4 achieves sub-linear scalability for CDR, VWAP, and micro-benchmark
because doubling the number of nodes did not result in a corresponding doubling of
the system’s performance. Two different curves for CDR on S4 were drawn due to the
optimization made on CDR application. The curve marked with CDR corresponds to the
data flow graph shown in Figure 4.2 (g) which is a naive unoptimized version while the
curve CDR Optimized is obtained by running the optimized program shown in Figure
4.2 (h). The latter was created to avoid inefficient resource usage as described in Section
4.2.4.

Out of the System S versions of these applications, micro-benchmark and CDR Op-
timized version produced almost linear throughput curves. CDR, VWAP, and Twitter
applications indicated sub-linear scalability (saturated) because doubling the number
of nodes did not result in a corresponding doubling of the system capacity. However,
considering the throughput characteristics obtained from optimized version of CDR, it
is apparent that having a single source operator in the data flow graph results in such
sub-linear scalability.

Esper reported more than 1.5 times higher performance for single node applications
compared to S4. This indicates that Esper is much suited for single node event processing
scenarios. However, the distributed versions of the Esper applications did not scale well,
compared to S4 or System S. It can be conjectured that the reason for such less scalability
was because of the overhead associated with object serialization.

Nmon and Oprofiler tools were used in order to get more details of System S and S4
middleware. The results are discussed below.

4.3.2 CPU Usage

CPU utilization of manager nodes and worker nodes of both S4 and System S are shown
in Figure 4.5. The node on which the S4 adapter component run during the experiment
is referred as Manager node and the remaining nodes as Worker nodes in the case of an
S4 cluster. In the case of System S the node on which Streams Application Manager
(SAM) [232] resides is referred as Manager node and the other nodes are taken as Worker
nodes.

To increase the legibility of results and to distinguish between application-level and
micro-level benchmarks the results of micro-benchmark experiments’ CPU utilization
are listed in Figure 4.6 separately.
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Figure 4.5: CPU usage on different nodes of System S and S4 while running CDR, VWAP,

and Twitter applications.

It was clear that System S’s workers used (in Figure 4.5 (c), (d)) less CPU compared
to S4 with VWAP and CDR applications. However, in the case of Twitter which operated
relatively low input data rate, S4 workers and manager node reported relatively less
CPU usage compared to their System S counter parts. Furthermore, in System S, a
considerable amount of processing has been performed by the system processes rather
than by user processes as can be observed from Figure 4.5 (c) and (d).

The system profiling results of Oprofile were used to construct a clear picture of what
happens in system and user processes in the case of the CDR and micro-benchmark
experiments with 12 nodes for both System S and S4. The results are shown in Figure
4.7. Each graph of Figure 4.7 shows the share of CPU CLK UNHALT events used by different
processes. It can be observed that in both experiments involved with S4 (Fig 4.7 (a),
(b)), in most of the nodes the Java virtual machine (java) had used slightly less than
30% of CPU CLK UNHALT events which is little less than the amount consumed by the
operating system’s kernel. However, in the case of System S when running both CDR
and micro-benchmark, the System S components had consumed roughly 20% to 30%
CPU CLK UNHALT events. However, unlike the case with S4, nodes’ kernel consumed 50%
to 60% CPU CLK UNHALT events. This gives an explanation for why a considerable amount
of processing conducted by system processes in Figure 4.5.

4.3.3 Memory Usage

Memory consumption of different nodes while running the four augmented applications
on S4 and System S are shown in Figure 4.8. It can be observed that worker nodes
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Figure 4.6: CPU utilization by nodes when running micro-benchmark on System S and

S4.
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Figure 4.7: Breakdown of CPU usage by processes for CDR and Micro-benchmark.
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4.4 Discussion

of System S consumed less memory compared to S4 workers. Twitter application in-
troduced relatively less data transfer rate among the nodes since it only injected 90507
events. This is a reason for why S4 nodes indicate less memory use with Twitter applica-
tion compared to other applications. Furthermore, representation of data tuples in the
form of Java events in S4 requires more memory compared to System S, another reason
for why such curve appear. Huge amount of memory consumption can be observed on
manager node (sa01). It should be noted that the node named sa01 was used as the
master node in all the experiments carried out in this chapter.
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Figure 4.8: Memory consumption of sample applications on System S and S4.

4.3.4 Network I/O

The network I/O happening between nodes of a stream processing system is a key
criterion that determines its performance. Figure 4.9 shows the network I/O of different
nodes when running CDR application on both S4 and System S. When considering the
eth0-write at master nodes and eth0-read at worker nodes, it is apparent that the
amount of data transferred between the master and the worker nodes is considerably
larger in S4 compared to System S. For the data shown in Figure 4.9, the average
eth0-write rate of Manager node of S4 is 60% larger than the average eth0-write rate
of System S’s Manager node. Moreover, average rate of eth0-read at worker nodes of
S4 is 120% larger than the average eth0-read at worker nodes of System S. However,
both System S and S4 applications used the same 2 million data set. This indicates that
S4’s data transfer protocol consumes more memory bandwidth compared to System S.
The network I/O for eight nodes while running CDR for both S4 and System S (shown
in Figure 4.9 (c) and (f)) confirms the aforementioned fact.

4.4 Discussion

The results obtained by running fourteen different applications (totaling 70 applications
considering 1,2,4,8,12 node scenarios including System S and S4 source code optimiza-
tion) on System S, S4, and Esper gave deep insight to the systems’ performance. It
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Figure 4.9: Network I/O for Manager node and Worker nodes while running CDR on S4

and System S.

became clear from the throughput comparison made on Figure 4.4 that the stream pro-
gramming models that allow/require programmers to write optimized codes should be
used carefully to maximize the throughput. E.g., A SPADE program written with single
source operator might not scale well in different hardware configurations. Also a S4 ap-
plication that generates huge numbers of PEs for incoming events cannot scale well with
limited PEContainer queue size. Yet introduction of multiple source operators resulted
in a 3.2 times speedup for CDR application on System S and a 1.34 times speed up for
reducing 0.1 million Aggregator PEs of S4 to 100 PEs (See Figure 4.4) which indicated
possible avenues for performance improvements in different stream programming models.

While Java based stream processing system architectures are gaining considerable
attention due to their portability, system designers and programmers have to think
carefully before choosing the desired solution. E.g., A light weight input event rate job
could be easily processed using S4 with few amount of PEs (e.g., Twitter application
run on S4). However, a large scale application with high commercial importance such
as VWAP and CDR might produce millions of PEs since S4 dynamically generates PEs
for each new data events it receives.

As with any other JVM related optimizations, setting of maximum and minimum
heap size values plays a key role in determining the performance of Java based stream
processing systems. However, in the case of S4 and Esper based stream processing
applications, system administrators need to be vigilant about the characteristics of the
data handled by their S4/Esper applications properly.

Furthermore, when using stream processing systems like S4; programmers, require-
ments engineers, software designers need to have a clear understanding of the highest
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data rates that will be faced by their applications and they need to design the appli-
cations to avoid event losses [281]. They need to fine tune S4 codes for such scenarios.
Also they need to develop their application codes in such a way that their applications
distribute processing overhead evenly among the nodes. Avoiding the bottlenecks in the
data flow graphs and the use of increased number of nodes tend to alleviate the problems
faced by S4.

Esper applications’s throughput results indicate that scalability is one of the key
challenges faced by JMS based distributed Esper applications. While there was a slight
scalability advantage scaling from one node to two nodes for all the benchmarks, the per-
formance tend to degrade when the application is scaled to more nodes. The reason for
such behavior can be traced to the slowness in network communication and serialization.
However, the Esper micro benchmark application had considerably higher performance
compared to its S4 counterpart.

While it was observed a heavy usage of network bandwidth by S4, by using optimized
protocols and techniques such as Java New I/O, InfiniBand Remote Direct Memory
Access [282] the conditions could be improved.

4.5 Conclusions

This chapter presented a performance study on three stream processing software: Sys-
tem S, S4, and Esper. Four application benchmarks were ran covering different domains
of stream processing. A micro-benchmark was used for further clarification of the per-
formance of these software systems. The study used job throughput, CPU usage, mem-
ory usage, network usage of each node as the performance metrics. By analyzing the
throughput, and profiling results it was observed that carefully designed stream applica-
tions results in high throughput. Another conclusion arrived was that choice of a stream
processing system need to be made considering factors such as performance, platform
independence, size of the jobs. Furthermore, the operating system kernel was observed
as a key factor that determines the performance of stream processing systems.

4.6 Summary

This chapter conducted a workload analysis of stream processing software which rep-
resent one of the key categories of large scale data analytics. Section 4.1 provided an
introduction to performance characterization of stream processing systems. Methodol-
ogy and performance metrics used in this study were listed in Section 4.2. Performance
evaluation experiment details were provided in Section 4.3. A discussion of the results
and the conclusions arrived are listed in Sections 4.4 and 4.5 respectively. Next chapter
describes StreamFarm which is a scalable stream workload generator platform with a
flexible control interface.
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5

StreamFarm a Workload

Generator Platform for Stream

Computing Environments

Stream computing (also known as Complex Event Processing [283][10]) has created a
paradigm shift in data analytics by introducing an effective means of dealing with vast
amounts of high volume, continuous data produced by various sensors. This chapter de-
scribes design and implementation details of StreamFarm which is a scalable workload
generator platform for stream processing system performance analysis and benchmarking
[284]. Section 5.1 provides an introduction to stream workload generation and Stream-
Farm. Section 5.2 describes the methodology followed by StreamFarm for implementing
a scalable workload generation. Implementation details of StreamFarm is given in Sec-
tion 5.3. StreamFarm’s query language is described in Section 5.4. Conclusions from
the experiment results of StreamFarm are described in Section 5.5.

5.1 Introduction

Although stream computing is currently a burgeoning technology with lots of future
applications, there has been little work done in stream related performance tuning,
measurements, and benchmarking [16]. While there are stream processing benchmark
suites such as FINCoS Framework [15] exist, these benchmark suites do not provide
flexible architecture that can be easily integrated with stream workload generation sce-
narios. For example most of the current stream workload generator suites do not allow
for flexible integration of the workload generator platform with third party applica-
tions/frameworks such as the performance optimization mechanisms described in this
thesis: Hirundo, Tahitica, Albatross, etc. The workload generator suite should be easily
attachable with such performance optimization mechanisms. StreamFarm addresses this
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5.2 Methodology

issue by allowing it to be automatically configured to use with optimization mechanisms
such as Albatross by using the StreamFarm’s query language. It should be noted that the
experiments described on Albatross has been conducted completely using StreamFarm
platform [284].

5.2 Methodology

The workload generation need to be conducted in a distributed and scalable manner in
order to emulate real world stream data sources. Therefore, architecture of StreamFarm
(shown in Figure 5.1) has been designed in a component oriented manner that can be
deployed distributedly. FarmManager is the main component of StreamFarm platform.
It instantiates FarmWorkers in the workload generation cluster which essentially carries
out the workload generation tasks. FarmWorkers create Springs and Sinkholes during a
workload generation session.

Stream Application 

Input stream 

Output stream 

Key 

Control 

Messages 

 Farm 

Manager 

Farm 

Worker 

Farm 

Worker 

Farm 

Worker 

Spring Sinkhole Spring Sinkhole Spring Sinkhole 

Third party 

applications/ 

frameworks 

Farm UI 

Queries/results 

Figure 5.1: Architecture of StreamFarm

5.3 Design and Implementation of StreamFarm

StreamFarm has been designed from the ground up following object oriented system
design concepts. The main classes of StreamFarm are shown in Figure 5.2.

The main entities of StreamFarm that are FarmManager and FarmWorker implement
Farmer interface. As mentioned earlier, stream data generation and consumption has
been conducted on two types of objects whose classes implement Spring and Sinkhole
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+ Farmer

<<interface>>

+ Sinkhole

<<interface>>

~close() : void
~getProtocol() : String
~getDataRate() : double
~getPort() : int

+ Spring

<<interface>>

~close() : void
~getProtocol() : String
~getDataRate() : double
~getPort() : int
~getAppName() : Object

+ FileSpringTCP

<<realize>>

+ FileSpringUDP

<<realize>>

+ SinkholeTCP

<<realize>>

+ SinkholeUDP

+ RunFarmUI

+ RunManager

+ RunWorker

+ FarmCLI+ org::streamfarm::worker::DataRepos

+ org::streamfarm::worker::FarmWorker

<<realize>>

+ org::streamfarm::worker::FlowerBedCheckupTimer

+ org::streamfarm::worker::PerfRegistry

+ org::streamfarm::worker::WorkerServiceSession

+ org::streamfarm::ui::StreamFarmUI

+ org::streamfarm::query::QueryResults

<<enumeration>>

+ org::streamfarm::query::StreamFarmLexer

+ org::streamfarm::query::StreamFarmParser

+ org::streamfarm::manager::FarmManager

<<realize>>

+ org::streamfarm::manager::ManagerServiceSession

+ org::streamfarm::manager::PerfMonitorTimer

+ org::streamfarm::db::FarmManagerDBComm

+ org::streamfarm::comm::ConnectionStateProtocol

+ org::streamfarm::comm::Protocols

+TCP : String
+UDP : String

+ org::streamfarm::comm::FramCom

+ org::streamfarm::comm::FarmManagerProtocol

<<realize>>

Figure 5.2: Main classes of StreamFarm
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interfaces. Currently there are two main types of Springs and Sinkholes: TCP types
and UDP types. The class names represent the type of protocol that these objects use
to communicate with the stream application. E.g., SinkholeTCP class creates Sinkhole
objects that communicate through TCP/IP protocol while SinkholeUDP class creates
objects that communicate through UDP protocol.

StreamFarm utilizes an HSQLDB [285] in-memory database to store meta informa-
tion during its execution. Coordination between the HSQLDB instance and the rest
of the components of StreamFarm has been conducted using FarmManagerDBComm class.
RunWorker, RunFarmUI, and RunManager are three classes with Java main() methods
that act as the starting points of the platform. Furthermore, classes for stream per-
formance monitoring and measurement, StreamFarm query language are also shown in
Figure 5.2.

(a) CREATE 4 TCP PSPRINGS FROM "/nfs/home/miyuru/Desktop/VWAP/data/TradesAndQuotes.csv" 

ON localhost AS "VWAP" 

(b) CREATE 8 TCP PSPRINGS FROM "/nfs/home/miyuru/Desktop/VWAP/data/TradesAndQuotes.csv" 

ON st01,st02,st03,st04 AS "VWAP" 

(c) CREATE 1 TCP PSPRINGS FROM "/nfs/home/miyuru/Desktop/VWAP/data/TradesAndQuotes.csv"  

ON st01,st02,st03,st04 AS "VWAP" WITH MAXDRATE 100 

(d) CREATE 1 UDP PSPRINGS FROM "/nfs/home/miyuru/Desktop/wc/data/words.dat" ON localhost AS 

"VWAP" 

Figure 5.3: An example set of StreamFarm queries that can be used to create Springs

StreamFarm has been designed with a collection of Event classes that model different
events which happen throughout the life cycle of an instantiation of StreamFarm. These
classes and their Listener classes are shown in Figure 5.4. It should be noted that these
events do not communicate between different components running in different JVMs but
rather used for communication and coordination happening between objects in the same
JVM process. E.g., When a Worker is informed by the Manager that the StreamFarm
is shutting down, the Worker emits a FarmShutdown event which shuts down all the
Springs and Sinkholes that were instantiated by the Worker.

Current version of StreamFarm has been implemented completely in Java. The
StreamFarm query language (described in the next Section) has been implemented us-
ing Antlr parser generator [286]. As can be observed from Figure 5.2; StreamFarmParser
and StreamFarmLexer utilize this grammar for parsing StreamFarm queries. Stream-
Farm includes a Java CLI interface as well as a Java SWING user interface (a screen
shot is shown in Figure 5.5) for management purposes.

5.4 StreamFarm Query Language

One of the unique features of StreamFarm is that it uses a custom query language
for life cycle management purposes. The language includes constructs for querying a
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~ org::streamfarm::worker::FarmWorkerPokeEventListener

~ org::streamfarm::worker::FarmWorkerShutdownEventListener

~ org::streamfarm::worker::FarmWorkerSinkholeCreationEventListener

~ org::streamfarm::worker::FarmWorkerSinkholeDeletionEventListener

~ org::streamfarm::worker::FarmWorkerSpringCreationEventListener

~ org::streamfarm::worker::FarmWorkerSpringDeletionEventListener

~ org::streamfarm::worker::SpringConnectedEventListenerImpl

~ org::streamfarm::manager::FarmManagerPokeEventListener

~ org::streamfarm::manager::FarmManagerShutdownEventListener

+ org::streamfarm::events::FarmShutdownEventListener

<<interface>>

<<realize>>
<<realize>>

+ org::streamfarm::events::ManagerPokeEventListener

<<interface>>

<<realize>>

+ org::streamfarm::events::SinkholeCreationEventListener

<<interface>>

<<realize>>

+ org::streamfarm::events::SinkholeDeletionEventListener

<<interface>>

<<realize>>

+ org::streamfarm::events::SpringConnectedEventListener

<<interface>>

<<realize>>

+ org::streamfarm::events::SpringCreationEventListener

<<interface>>

<<realize>>

+ org::streamfarm::events::SpringDeletionEventListener

<<interface>>

<<realize>>

+ org::streamfarm::events::WorkerPokeEventListener

<<interface>>

<<realize>>

+ org::streamfarm::events::FarmShutdownEvent

+ org::streamfarm::events::ManagerPokeEvent

+ org::streamfarm::events::SinkholeConnectedEvent

+ org::streamfarm::events::SinkholeCreationEvent

+ org::streamfarm::events::SinkholeDeletionEvent

+ org::streamfarm::events::SpringConnectedEvent

+ org::streamfarm::events::SpringCreationEvent

+ org::streamfarm::events::SpringDeletionEvent

+ org::streamfarm::events::WorkerPokeEvent

Figure 5.4: Event classes of StreamFarm
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Figure 5.5: A GUI interface for StreamFarm

StreamFarm instance’s operational statistics such as data rate information from different
Springs/Sinkholes, number of Springs/Sinkholes running on the platform and their host,
port information, etc. Furthermore, the language provides support for creating new
Springs/Sinkholes, deleting existing Springs/Sinkholes, etc. The statements shown in
Figure 5.3 are an example for StreamFarm queries used to create Springs.

(a) CREATE FILTER “y=x^2” AS “Q1” WITH DRANGE 0,1000 IN PERIOD 10  

(b) CREATE FILTER “y=sin(x)” AS “S1” WITH DRANGE 0, 3000 IN PERIOD 10 

(c) CREATE FILTER PULSEWAVE AS “S1” WITH DRANGE 0, 3000 IN PERIOD 10 

(d) SET FILTERS “Q1”, “N1”, “S1” ON TCP SPRINGS 567 ON st01 LIMIT 1 

(e) SET FILTERS “Q1” ON TCP SPRINGS * ON st01,st02,st08 LIMIT -1 

(f) REMOVE FILTERS “Q1”, “N1”, “S1” ON TCP SPRINGS 567 ON st01 

(g) DELETE FILTERS * 

Figure 5.6: An example set of StreamFarm queries for managing filters

There are four main types of Springs in the current design of StreamFarm. These
Springs are called Pure Springs (PSPRINGS), Graph Springs (GSPRINGS), Emulator
Springs (ESPRINGS), and Amplifier Springs (ASPRINGS). StreamFarm allows for cre-
ation of data streams using some sample data set files. When queries such as shown
in Figure 5.3 is executed, FarmManager fetches the file from the specified location and
sends it to all the Workers. Each line of the file is read and is pumped as a data tuple
through the network to the appropriate application by the Springs configured to do so.
The language allows for creation of any number of springs (e.g., In Figure 5.3 (b) the
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query creates 8 TCP springs).
Another important feature of the language is its support for definition of filters. The

filters allow for modifying the characteristics of data streams generated by StreamFarm.
Figure 5.6 shows some example filter related queries.

5.5 Conclusion

This chapter presented StreamFarm which is a stream workload generator platform for
benchmarking stream processing systems. Unlike most of the current approaches for
stream workload generation, StreamFarm provides a flexible interface for controlling
the workload generator platform which allows it to be used in multiple optimization
mechanisms directly.

5.6 Summary

StreamFarm which is a workload generator platform for benchmarking and performance
characterization of stream processing systems was described in this chapter. Section
5.1 provided an introduction to the field of stream workload generation. Methodology
followed in StreamFarm was described in Section 5.2. Design and implementation of
StreamFarm was explained in Section 5.3. StreamFarm query language was presented
in Section 5.4. The section provided some examples for StreamFarm queries. The
conclusions arrived are described in Section 5.5. Next chapter (Chapter 6) describes
construction of software automatic tuning techniques for stream application performance
optimization.
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6

Automatic Optimization of

Stream Programs via Source

Program Operator Graph

Transformations

As mentioned in Chapter 1 large scale data analysis applications need to be optimized
(i.e., fine tuned) for the environment they are intended to operate in. Tuning of a data
analysis system can be conducted at different levels such as application code level, mid-
dleware level, operating system level, network level, etc. This thesis focuses mainly on
the data analytics optimization techniques conducted at the application code level. This
chapter describes application of code transformation and software auto-tuning techniques
for optimizing stream applications. Section 6.1 provides an introduction to stream data
analytics optimization via auto-tuning. Terminologies used in the chapter are described
in Section 6.2. An overall view of the methodology followed is presented in Section
6.3. Program transformation including Ray transformation algorithms are described in
Section 6.4 while supporting software modularizations called Transformer Blocks are
presented in Section 6.5. Next, in Section 6.6 implementation details of Hirundo mecha-
nism which implements the software auto-tuning techniques is presented. Fault tolerance
characteristic of Hirundo is very important for conducting accurate optimization sessions
which is described in Section 6.7. Sample program space reduction and ranking tech-
niques used to find the optimized sample applications in a faster manner are described
in Section 6.8. Evaluation details of software-auto tuning technique and the Hirundo
mechanism are given in Section 6.9. A discussion of the evaluation results are presented
in Section 6.10 before presenting conclusions in Chapter 6.11.
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6.1 Introduction

High performance of a stream program is determined not only by its structure, but also
by the topology and performance characteristics of the stream processing system on
which it runs. However, stream programs deployed on most of the stream processing
systems produce low performance since they are less optimized for the target runtime
environment [165] which makes the target cluster’s CPU, memory, and network resources
to be under utilized. Such under utilized compute clusters result in wasted CPU cycles,
in efficient electricity usage, etc.

A solution for this issue is manual fine tuning of the program to consume the
unused system capacity and to produce efficient execution of streaming applications
[88][287][288]. Yet, this requires tremendous amounts of programmer’s time and ex-
pertise since there are various different ways a stream program’s flow graph can be
constructed that gives the same semantics but completely different performance char-
acteristics. Many organizations in different countries face the problem of lack of highly
skilled programmers for developing, deploying, and managing applications [20]. More-
over, in production environments run-time topology may change quite significantly [289].
For example, some of the existing nodes may be brought down for maintenance. There-
fore, manual fine tuning costs a lot for organizations and it might not be practical in
many production environments.

A second solution for this problem is to conduct a profile driven optimization [290].
Results obtained from profiling can be used to characterize the run-time behavior of
operators and an optimization model can be constructed to map operators to specific
node/process which enables the stream processing job to perform better. However,
such approach does not necessarily make any changes to the structure of the input
program which is an important factor that contributes to the performance of the stream
processing job. Hence we provide a solution from the point of view of the programmer
because source level design decisions could affect the entire application’s performance
even if profile driven optimization is used. We concentrate on performance optimization
of stream jobs at the level of query plan (i.e., DAG). Although our focus in this chapter
is on System S, our approach can easily be generalized to different operator based stream
processing systems due to the aforementioned reason.

Put in concrete terms our goal of performance optimization is to increase resource uti-
lization (CPU/Memory/Network) of stream applications that leads to increased through-
put. This in turn results in less idling CPU cycles of the system leading to reduced CPU
cost. We achieve our goal by automatically identifying and creating parallelized sections
of the stream application code that can utilize the idling CPU and memory resources.

We first identify the structure of the input stream program and represent it as a Di-
rected Acyclic Graph (DAG) [39]. In the constructed DAG vertices represent operators
and edges represent the streams that make connections between them. Next, the input
SPADE application is profiled to obtain its operator CPU usage. If the DAG is a multi-
path DAG the profile information is used to rank the directed paths from Source to Sink
of the DAG. The path with the highest CPU cost is selected for transformation. Next,
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the best transformation patterns are identified which could be applied to the selected
path using the path’s CPU usage profile information. The chosen code transforma-
tions are applied to the input application’s flow graph to obtain sample programs. This
chapter introduces Tri-Operator Transformation and Bi-Operator Transformation which
are novel methods for transforming operator-based data flow graph of a stream pro-
gram without violating their semantics. Bi-Operator Transformation is essential when
transforming multipath DAGs because often there arises the need for transforming two
operator block segments in multipath DAGs.

Out of the generated sample programs, a subset is chosen and ran in the target
distributed environment. A ranked list of sample programs are selected as the output.
The proposed performance optimization algorithms were implemented on a mechanism
called Hirundo1 [291][165]. We observed that our methodology is capable of producing
higher performance versions of a stream program within a short period (e.g., five minutes)
of time.

6.2 Preliminaries

This section provides formal definitions of a stream data flow graph.

Definition 1 (Stream Data Flow Graph). : A stream data flow graph (sdf-graph) G is

a triple G = (N, E, n0), where:

• N = Set of nodes representing operators

• E = Set of edges (E⊆N×N) representing streams of data that flow between oper-

ators.

• (N, E) = A directed graph

• n0 = Is the initial node, there is a path from n0 to each node in N.

• Us = Source set

• Ui = Sink set

All the sources (input operators) of a stream data flow graph belong to Source set
while all the Sinks (output operators) belong to Sink set.

Definition 2 (Fragment). : Any graph M being part of the G is called its fragment.

1Hirundo is a bird genus name used for representing a group of passerines in the family Hirundinidae.
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Definition 3 (Vertex predicates). : If (n1, n2) pair is in E, we denote the edge by n1 →
n2, and label n1 as a predecessor of n2 and n2 as a successor of n1. Predecessors of vertex

x is denoted by PRED(x). Successors of vertex x is denoted by SUCC(x). Arcs entering

vertex x is denoted by INARCS(x). Arcs leaving vertex x is denoted by OUTARCS(x).

Definition 4 (Path). : A path in graph G is a sequence of nodes n1, n2, · · · , nk, k ≥ 1,

such that ni → ni+1 for all i, 1 ≤ i < k (∀i∀j ni 6=nj , i 6=j).

Definition 5 (Ray). : A simple path L = (l1, · · · , ln), n ≥ 1 on the stream graph

G is called a linear part (i.e., basic block/ray) if SUCC(li) = 1 for any i ∈ [i:n) and

PRED(lj)=1 for any j ∈ [1:n)

Definition 6 (Operator Block). : An operator block B is a fragment of G (B⊂G).

Definition 7 (Transformed Operator Block). : An operator block BT that is produced

by transforming an operator block B is called the transformed operator block of B.

Definition 8 (Cardinality of an operator block). : The number of operator blocks of

type B present in a given ray of a stream application is called the operator block B’s

cardinality on that ray.

Definition 9 (Transformation Depth). : The maximum number of operator blocks that

can be present at the beginning/ending of a Transformed Operator Block during an

optimization session (i.e., run) is called the optimization session’s transformation depth

and is denoted by d (d > 1, d ∈ N).

6.3 Methodology

Input for Hirundo is a stream program, a sample data file, and a collection of meta-
information stored in configuration files. The input program is analyzed using a custom
grammar to identify operator blocks. After Hirundo identifies all the operator blocks
present within the input program it constructs a DAG where each operator is a node
and streams that connect operators are edges. Note that current version of Hirundo
optimizes stream programs having flow graph structure of DAGs.

This DAG along with the operator profiling information are used during the opti-
mization process. User can specify the optimization goal before the optimization process
begins in terms of expected throughput increase (e.g., 2 times, 3 times, etc.). During
run time Hirundo generates a sample program space with initial transformation depth
value (d). Transformation depth (defined in Section 6.2) is an integer (>1) specified prior
starting the optimization process and it plays a central role in determining the size of the
sample program space. An explanation of the relationship between the transformation
depth and the sample program space size is given in Section 6.8. Next, Hirundo runs the
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input application in the environment for a short period and obtains each operator’s pro-
file information (CPU usage, Memory usage, and network I/O data rates). These profile
information along with previous optimization run information are used to select a subset
of sample programs (U1). The selected programs are compiled in parallel in distributed
node cluster. Then each sample application in U1 are run in the intended environment
for a time window of Wt. A ranked list of programs R1 (R1:R1 ⊂U1; |R1|=m; m < n) is
selected based on the performance results obtained by running the programs. Based on
the performance results obtained, Hirundo determines whether the optimization goal is
met or not. If the optimization goal is not met, it increases the transformation depth by
2 and transforms the input application using the same transformations used to generate
the R1 sample programs. The generated sample programs are compiled as previously,
run in the environment for Wt time to obtain their performance. Similar to previous
run, a ranked list of programs are selected and is compared whether the optimization
goal is achieved or not. This process is continued until the performance optimization
goal is met or a less performance value was encountered for newly generated sample
applications. The performance optimization process is shown in Figure 6.1.

Analyze program 
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Run each program  

in for Wt time 

Ranked 

list of 

programs 

(R2) 

Input 
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data file 

Generate programs using the 
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Figure 6.1: Methodology of Hirundo

The performance optimization methodology consists of two main components, Pro-
gram Transformation and Sample Program Space Reduction which are described in two
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separate sections (Section 6.4 and Section 6.8) of this chapter in order for better orga-
nization of the chapter’s content. While more details are provided on the next sections;
an overview of the program transformation and sample program selection is provided in
this section for the completeness of the description of methodology.

Stream program optimization at the source code level can be conducted following
three main techniques; operator parallelization, pipelining, and fusion. We chose opera-
tor parallelization (also known as parallel pattern/Fission [158]) [233][292] for implement-
ing the code generator because in general stream applications are written as collections
of light weight operators. Pure use of pipelining and fusion have draw backs of increased
communication overhead and I/O bottlenecks. In pipelining, when an operator’s code
is divided in to separate stages of execution, it adds an additional communication path
to the flow graph which carries the same amount of information between them. In the
parallel pattern, the data are divided among streams which eliminates this problem. We
compared our approach with purely fusion based method in Section 6.9.6, and show that
our method is better in improving stream application performance.

During the optimization process, the input application is profiled for a short period
before sample programs are generated to identify the resource usage information of each
operator. These profile information are used to select the sample programs to be used for
sample program ranking. The program transformation algorithms used in our method
(Tri-OP and Bi-OP transformations) are aligned with the goal of optimizing the flow
graph by eliminating the performance bottlenecks. This is further explained in Figures
6.5 and 6.6.

Based on the transformation categorization presented in Figures 6.5 and 6.6, we select
half of the sample programs in U1. The other half of the sample programs are selected
using the results from previous optimization runs. The selection is made considering
the performance information of previous runs of the application as well as applications
which were optimized previously which had similar structure to the input application.
Results obtained from program ranking and selection are listed in Section 6.9.4.

6.4 Program Transformation

We describe a methodology for transforming a stream program to a variety of sample
applications which are used as sample programs for optimization process. First, we
describe example applications that are used during the rest of the chapter.

6.4.1 Example Stream Applications

This chapter uses five real world stream applications from different application areas such
as healthcare services, financial markets, web analytics, etc. to evaluate effectiveness of
the proposed approach.

The first application is Call Detail Record (CDR) processing application. A Call De-
tail Record (CDR) is a piece of information produced by a telephone exchange containing
details of a phone call passed through it. Telecommunication networks process massive
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amounts of CDR events, an application area for stream processing systems. CDR ap-
plication has five operators Source operator (S) injects tuples to the flow graph. For
each tuple received, UDOP (U) connects with a customer database and checks whether
the customer is blacklisted or not. The Functor (F) counts the total number of packets,
while Aggregate (AG) operator aggregates tuples by the call station ID.

The second application is a Twitter hash tag counter application (Twitter). Twitter
users can label the key words of their tweets using # (e.g. #rose) which indicates to
which conversations the message relates to. Twitter streams may contain thousands of
tweets per second [293] which could be analyzed using a stream processing system. This
is a six operator application (shown in Figure 6.2 (b)) including one UDOP (U), three
Functors (F1, F2, and F3), and an Aggregate operator (AG). UDOP reads data from a
dump of twitter data. F1 tokenizes the tweets and F2 extracts hash tags from the words.
F3 eliminates empty tuples. AG aggregates hash tag tuples, emits the has tag count for
every 10 tuples it receives, and emits summary of results for each tuple it receives.

Key S    – Source        F  – Functor        AG – Aggregate    U – UDOP        SI   – Sink 
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Figure 6.2: Data flow graphs of CDR, Twitter, and VWAP applications

The third application is a Volume Weighted Average Price Application (VWAP).
VWAP is calculated as the ratio of the value traded and the volume traded within a
specified time horizon. The data flow graph of VWAP contains five operators including
two functors (F1 and F2) and an Aggregate operator (AG).

Note that the VWAP, CDR, and Twitter applications are used to demonstrate how
linear data flow graphs (linear DAGs) are transformed by Hirundo. Also CDR and Twit-
ter are examples for transforming stream applications with UDOPs. The remaining two
applications (Apnoea and Bargain) are used to show how stream program optimization
is conducted on multipath DAGs.

The fourth application is named as Apnoea. Apnoea is the most common problem
of ventilatory control in premature infants [294]. Apnoea makes infants to be hospi-
talized frequently with the need for cardiopulmonary monitoring. Catley et al. [294]
implemented a framework for the real-time analysis of time series physiological data
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streams extracted from a range of medical equipment to detect clinically significant con-
ditions (such as apnoea) using System S. Their framework has been implemented on top
of Artemis analytics system [14]. This chapter implements the same apnoea detection
stream application (shown in Figure 6.3) described by them.
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Figure 6.3: Data flow graph of Apnoea detection SPADE application. Note that the

operator outlines using dotted lines and the arrows that connect operators using dotted

lines represent rays on the data flow graph. E.g., F2, AG2, and F5 are on a single ray.

The fifth application is a bargain detection application (here onwards Bargain) which
has been described in [231][13]. This application (shown in Figure 6.4) detects bargains
as stock quotes flow into the system. A bargain is simply how much cheaper some-
one is willing to sell a stock versus its moving average price as seen in older trades.
Bargain application includes the Volume Weighted Average Price (VWAP) calculation
application that is described in this chapter. Optimization of Bargain is much complex
than VWAP because Bargain application is a multipath DAG. The application ingests
a stream of tuples, obtains the configuration for the portfolio for which it should be
looking for a bargain, computes the moving averages on trades, compares the moving
average price with quotes, and computes and exports a bargain index to an algorithmic
trading application.

Programmer of Bargain can specify the list of n portfolio items (e.g., IBM, HPQ,
MSFT) during application compilation. Then the application gets translated in to a tree
like structure with n number of branches (e.g., Three branches in the above case).
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Figure 6.4: Data flow graph of the Bargain calculation SPADE Application.

6.4.2 Ray Transformation Algorithms

Hirundo’s program transforming algorithm generates many sample applications using
the input application’s DAG by transforming its rays. We use two ray transformation
algorithms that we call Tri-Operator Transformation (Tri-OP transformation) and Bi-
Operator Transformation (Bi-OP transformation). If a ray consists of at least three
operator blocks it applies Tri-Operator transformation. If the ray consists only two
operator blocks Hirundo applies Bi-Operator transformation. The next half of this
section explains how Tri-Operator transformation and Bi-Operator transformation are
performed on rays.

6.4.2.1 Tri-Operator Transformation

Lets consider three adjacent operator blocks (an operator block is a collection of opera-
tors) A, B, and C in a ray (Shown in Figure 6.5(a)). From here onwards such operator
blocks are denoted as A B C. Note that this thesis uses the term “Operator Block”
to denote each A, B, and C as well as A B C because A B C itself is a collection of
operators.

The aim of the Tri-Operator transformation algorithm is to generate a variety of data
flow graphs for a given stream program preserving the transformed operator blocks’ se-
mantics. We have chosen to transform three adjacent operator blocks at a time due
to several reasons. Transforming three operator blocks at a time provides more control
over the transformation process. By use of the term “more control” here means that size
of the transformed operator space does not increase drastically. Transformation logic
should not increase the number of operators exponentially and use of three operator
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Figure 6.5: Sample transformations using Tri-OP transformation. The figure also shows
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blocks at a time ensured this characteristics. We have shown the number of sample ap-
plications generated by Tri-OP transformation do not grow exponentially in Table 6.1.
Changing the number of middle operator blocks (i.e., operator block B in Figure 6.5(a))
in a three operator blocks combination, we can achieve the controllability of the trans-
formation process. Some of the transformation patterns that could have been produced
if the transformations were conducted four operator blocks at a time (Quadri-Operator
Transformation(Quadri-OP transformation)) are shown in Appendix B. However, as
explained in Appendix B it may produce an enormously large transformed operator
block space even at small transformation depth value compared to Tri-OP transforma-
tion. Furthermore, specifying Transformer Patterns (described in next sub-section) at
the level of Quardi-OP is relatively complex task because it is difficult to express con-
cepts such as Accelerated Transformation in Quadri-OP transformation. However, many
of the transformations of the Quadri-OP transformation can be achieved using Tri-OP
transformation and the concept of operator block fusion. Therefore, we conduct ray
transformation in Hirundo using up to Tri-OP transformation algorithm.

Similar to Palermo et al. we are also motivated by the two-dimensional Fast Fourier
Transformation’s (FFT) use of butterfly communication networks [126] in creating Tri-
OP transformation. During the Tri-OP transformation process we utilize a special set of
transformer blocks that work as adapters that support operator parallelization. These
operator blocks will be described more in detail in Section 6.5.

6.4.2.2 Transformer Patterns of Tri-Operator Transformation

In this thesis the notations i-j-k (i,j,k are positive integers including 0) are used to denote
a transformation pattern. In simple terms the i,j, and k values represent the number of
parallel operator blocks that will be created in three operator block pattern. Psuedocode
of transform triop() procedure in Algorithm 1 explains how an operator block A B C
is transformed by an i-j-k pattern.

Tri-OP transformation does not do any change to A B C operator blocks if it trans-
forms using the pattern 1-1-1. The meaning of 1-1-1 can be described as follows. Keep
one A, increase the number of Bs to 1 × 1, and map transformed B operator blocks to
one C. Tri-OP transformation does not consider any other patterns having only 0s or
1s (e.g., 0-0-0, 0-0-1) other than the pattern 1-1-1 to avoid duplication. Transformation
pattern 1-2-1 transforms A B C in to A 2B C (See Figure 6.5(c)). This means that keep
one A, increase the number of Bs to two, and map the two Bs to one C. This is an
example for increase of middle operator blocks. Minimum number of middle operator
blocks is 1.

Tri-OP transformation creates a single B when it finds j=0. E.g., When transforma-
tion pattern 2-0-2 is applied to A B C, it results in 2A B 2C (Shown in Figure 6.5(d)).
In this example two As are mapped to a single B. Then streams from B are mapped to
two Cs. The value of j plays an important role in describing the structure of the resulting
operator block. Lets take the scenario of applying 2-1-2 transformation to A B C. This
is an example for i = k, j = 1 in Line 13 of Algorithm 1. It will result in 2A 2B 2C,
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Algorithm 1 transform_triop(A_B_C, i, j, k) Algorithm 2  transform_biop(A_B, i, j) 

 

1:    if   all the transformation indices are 1 then 

2:          return A_B_C 

3:    end if 

4:    if   all   transformation indices  are 0  or  1  then 

5:          return 

6:    end if 

7:    if   both beginning and ending indices are 0 then 

8:          return 

9:    end if 

10:  if   mid transformation index is 0  then 

11:       return iA_B_kC 

12:  end if 

13:  if   mid index is 1 with left and right indices are equal then 

14:       return parallel(iA_iB_iC) 

15:   end if 

16:   return iA_(i×j)B_kC 

 

1:    if   all the transformation indices are 1  then 

2:          return A_B 

3:    end if 

4:    if  all transformation indices are either 0 or 1   then 

5:          return 

6:    end if 

7:    if   only left transformation index is 0 then 

8:          return 

9:    end if 

10:  if   only right transformation index is 0  then 

11:       return iA_B 

12:  end if 

13:  if   left transformation index is greater than 1 

14:       and right transformation index is 1            then 

15:        return parallel(iA_iB) 

16:  end if 

17:  return iA_jB 

/* Keep mid operator as it is and  

increase left and right operator count*/  

/* Increase all the operators by equal 

amount, connect the operators in parallel*/  

                        /* Increase left and right operators by 

corresponding transformation indices. Also, increase mid 

operators by the result of multiplying left and the mid 

transformation indices*/  

/* Note : transformation indices are i (left), j (mid), and k (right); operators 

are A (left), B (mid), and C (right)*/  

/* Note : transformation indices are i (left), and j (right); operators are 

A (left), and B (right) */  

/* Increase all the operators by 

equal amount, connect the 

operators in parallel*/  

                        /* Increase left and right operators by the 

corresponding transformation indices. */  

having two operator blocks from each category (shown Figure 6.5(g)). Furthermore,
these operator blocks will be connected in parallel. Yet when transforming by 2-1-1 it
will result in 2A 2B C, which changes cardinality of A and B operators to 2 and keeps
single C operator. Similarly 2-2-2 (shown in Figure 6.5(f)) and 2-2-3 transformation
patterns result in 2A 4B 2C and 2A 4B 3C transformed operator blocks respectively.
Transformation patterns 2-2-2 in Figure 6.5(f) is an example for an Accelerated Trans-
formation that happens in Tri-OP transformation. The term Accelerated is used because
we get (i×j) number of transformed operator blocks for mid operator block of the input
operator block.

The size of the entire transformation space possible with Tri-OP transformation
can be calculated as follows. The collection of the transformations shown in Figure
6.5 represents the entire possible transformation space from Tri-OP transformation. If
we specify transformation depth d (d>1) at the beginning of a transformation session,
sample transformations shown in Figures 6.5 (b), (c), (d), (e), (f), (g), (h), (i), and (j) can
produce (d−1), (d−1), [(d−1)(d−1)], (d−1), [(d−1)(d−1)(d−1)], (d−1), [(d−1)(d−1)],
[(d−1)(d−1)], and [(d−1)(d−1)] transformations respectively. The summation of these
transformation totals to d3 + d2 − d− 1. In the case of transformation shown in Figure
6.5 (i) we conduct the calculation assuming multiple right most operators scenario as
well. Also we eliminate the scenario having equal number of operators because that is
addressed by (g). But (d−1) was added to get the total of [(d−1)(d−1)] for Figure 6.5 (i)
because we need to consider the scenario having single right-hand side operator block. If
we define transformation space function ftri(d) to represent the total number of possible
transformations, we get ftri(d) = d3 + d2 − d − 1 (Note that the subscript tri denotes
that this function is for Tri-OP transformation.). This means that transformation depth
values 2, 3, and 4 will produce ftri(2) = 9, ftri(3) = 32, ftri(4) = 75 transformed operator
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blocks from Tri-OP transformation respectively.

6.4.2.3 Bi-Operator Transformation

Similar to Tri-OP transformation, the aim of Bi-OP transformation is to transform a
given ray which has only two operator blocks to a variety of flow graph patterns. Bi-
OP transformation is essential for transforming rays of the graphs which have only two
operator blocks. For example, the operator blocks F4 n and SI n shown in Figure 6.4 is
an example for such two operator block region which needs the Bi-OP transformation.
However, as can be observed from Figure 6.6 Bi-OP transformation does not result in a
much variety of transformed operator blocks such as produced by Tri-OP transformation.
Algorithm 2 describes how an operator block A B is transformed by an i-j pattern. Note
that Bi-OP transformation cannot be considered as a special case of Tri-OP transforma-
tion because Tri-OP transformation has the ability of producing unique transformations
based on the cardinality of the mid operator block.

6.4.2.4 Transformer Patterns of Bi-Operator Transformation

Similar to Tri-OP transformation, Bi-OP transformation does not do any change to A B
operator blocks if it transforms using 1-1. Transform pattern 1-2 transforms A B in to
A 2B. This transformation is Shown in Figure 6.6(b). When the transformation pattern
2-0 applied to A B it creates 2A B (shown in Figure 6.6(c)). However, the transformation
pattern 2-1 transforms A B to 2A 2B (shown in Figure 6.6(d)). This is an example for
parallel pattern. Any transformation pattern i-j (i > 1, j > 1) applied to A B results in
iA jB. For example, the patten 2-2 transforms Figure 6.6(a) to Figure 6.6(e).

Similar to Tri-OP transformation, the size of the entire program transformation
space from Bi-OP transformation can be calculated as follows. A transformation depth
d (d > 1) specified at the beginning of Bi-OP transformation will produce (d−1), (d−1),
[(d−1)(d−1)], (d−1) transformed operator blocks for the general transformation patterns
shown in Figures 6.6 (b), (c), (d), and (e). If we define transformation space function
fbi(d) to represent the total number of possible transformations, we get fbi(d) = d2+d−2.
Transformation depth values 2, 3, and 4 will produce fbi(2) = 4, fbi(3) = 10, fbi(4) = 18
transformed operator blocks from Bi-OP transformation respectively.

6.4.3 Program Transformation Algorithm

This section explains how program transformation is conducted on the CDR, Twitter,
VWAP, Apnoea, and Bargain example applications that were described in Section 6.4.1.

After Hirundo accepts an input program it parses the program using its Program
Structure Analyzer module. The Program Analyzer identifies each operator block and
creates a graph (G) which represents the structure of the input program. The transfor-
mation process is summarized in Activity diagram on Figure 6.7. The graph is checked
to see whether it is a linear one (i.e., ray/linear DAG) or a graph with multiple paths
(i.e., multipath DAG).
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Figure 6.7: An overview of Hirundo’s program transformation algorithm.
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Algorithm 3  tri_op_transform(G, d) Algorithm 4  generate(G, i, j, k) 

1:   oblist ← emptylist 

2:   for   i ← 0   to   d   do 

3:      for   j ← 0   to   d   do 

4:         for   k ← 0   to   d   do 

5:            outdictionary ← generate(G, i, j, k) 

6:            oblist.add(outdictionary) 

7:          end for 

8:      end for 

9:   end for 

10: weld(oblist, len(G)) 

 

1:  m ← 0 

2:  v ← getroot(G) 

3:  while v has next do 

4:      invarray ← getnextthreevertices(v) 

5:      if length[inarray] = 3 then 

6:        tvarray[m] ← transform(invarray, i, j, k) 

7:        m ← m + 1 

8:        v ← invarray[2] 

9:      end if 

10:  end while 

11:  return (tvarray) 

If the graph is a linear DAG the transformations are conducted using Tri-OP transfor-
mation. If not (the DAG is multipath) the most expensive path on the DAG is selected.
If the number of operator count is more than 2, Tri-OP transformation is applied. If
not the path is transformed with Bi-OP transformation. If the graph is multipath, the
transformed operator blocks from the operator fusion need to be fused back with the
original flow graph to construct the final sample applications. Finally, the generated
sample programs are saved in to different source files on the file system.

6.4.3.1 Program Transformation on Linear DAGs

As mentioned previously, if the graph is a linear DAG, it is fed to transform triop()

procedure (shown in Algorithm 3) along with a depth value d. Depth value d is a positive
integer that determines to what extent the input program will be transformed.

Initially an empty operator block list (oblist) is created. An operator block is repre-
sented as a dictionary object. The procedure traverses graph G in steps of 3 operator
blocks. This can be observed from the three for() loops (Lines 2-4, Algorithm 3). Each
pass generates an i-j-k pattern.

The tri op transform() procedure calls generate() procedure (see Algorithm 4)
passing the graph G and the i, j and k values. Functionality of the generate() procedure
can be visualized using Figure 6.8.
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Figure 6.8: How VWAP application’s DAG is traversed by GENERATE() procedure.
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First, generate() procedure moves to the root node of the graph (in the example
it is the source operator (S)). Then it selects three adjacent operator blocks from root
(S, F1, and AG) by calling getnextthreevertices() and applies the transformation
of the i-j-k pattern by calling transform(). This is termed as the pass1 in Figure 6.8.
Then generate() procedure moves to the neighbor of the root (that is F1), picks three
operator blocks (F1, AG, and F2) and applies the transformation of i-j-k pattern to them
(pass2). Note that we chose the second operator block rather than the fourth opera-
tor block because to enable transformation of graphs with vertex counts not belonging
to multipliers of three. Finally, it applies transformation of i-j-k pattern to operator
blocks AG, F2, and SI (pass3). If there are n operator blocks present in a linear DAG,
generate() procedure does the i-j-k pattern transformation n-2 times. The resulting n-2
operator blocks are saved in a dictionary. These resulting operator blocks are named as
Transformed Operator Blocks. The keys (i.e., labels) of the transformed operator blocks
are created using i,j,k values and the input operator block names (i.e., A, B, and C).
The dictionary gets saved in the oblist (See line 6 of Algorithm 3).

Finally, tri op transform() procedure calls weld() procedure (shown in Algorithm
5) by passing the transformed operator blocks list (oblist) and the input program graph
length (glen) to weld() (glen is 5 for the VWAP application shown in Figure 6.8).
The weld() procedure selects matching operator blocks from oblist and fuses them to
create sample programs. As shown in Algorithm 5, weld() procedure traverses the list
of transformed operator blocks that it received. If a particular operator block has one
or more source operators (i.e., It is a source operator block), the procedure creates a
matched operator blocks list (fList). Then it finds matching operator blocks for source
operator block by calling findoblist() (Line 5 in Algorithm 5) and stores in another
operator block list (tList). The pseudocode of findoblist() procedure is shown in
Algorithm 7. If tList is not empty it means that there are matching operator blocks for
source operator. In this case transformed operator blocks list received from generate()

procedure (oblist), tList, fList, maximum depth of traversal (glen - 3) are fed to a
recursive procedure called getmatchob() as shown in Line 7 of Algorithm 5.

The pseudocode of getmatchob() is shown in Algorithm 6. It finds matching opera-
tors for every operator in the transformed operator block list (oblist) and adds them to
fusionList, which is a globally defined list that holds the final result. Next, it appends
operator block ob to fList. A call to getmatchob() procedure returns a matched opera-
tor block list which keeps lists of matching operator blocks (fusions) in sequential order.
After getmatchob() completes execution, the duplicate operator blocks in fusionList
are removed by calling filter() procedure (Line 11 of Algorithm 5). Then weld()

procedure fuses each and every fusion that is stored with in the fusionList to construct
sample programs. A fusion in Lines 12-13 in Algorithm 5 refers to a sample program
with operator blocks which are not fused yet. Merging of operator blocks located in each
individual fusions is done by fuse() procedure (Line 13).
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Algorithm 5  weld(oblist, glen) 

1:    fList ← emptyList 

2:    for all oblock in oblist do 

3:        if oblock is sourceoblock then 

4:            fList ← add(fList, oblock) 

5:            tList ← findoblist(oblist, oblock) 

6:            if tList not empty then 

7:                getmatchob(oblist, tList, fList, glen - 3) 

8:            end if 

9:        end if 

10:   end for 

11:   filter() 

12:   for all fusion in fusionList do 

13:       resprog ← fuse(oblist, fusion) 

14:       save(resprog) 

15:   end for 

1:    for all ob in tList do 

2:       if ob is sinkoblock then 

3:            fList.add(ob) 

4:            fusionList.add(fList) 

5:       else 

6:            if depth <= 0 then 

7:                return 

8:            end if 

9:            kList ← findoblist(oblist, ob) 

10:          if kList is not empty then 

11:              for all obk in kList do 

12:                 fList.add(obk) 

13:                 return getmatchob(obList, kList, fList, depth - 1) 

14:              end for 

15:          end if 

16:      end if 

17:    end for 

Algorithm 6  getmatchob(oblist, tList, fList, depth) 

Algorithm 7 findoblist(oblist, ob) 

 

 

 

 

 

Algorithm 8  ismatch(opb1, opb2) 

1:  if sopb(opb1) = fopb(opb2) and topb(opb1) = sopb(opb2) then 

2:      inopb1  ← getIndexes(opb1) 

3:      inopb2  ← getIndexes(opb2) 

4:      if inopb2[1] = 1 then 

5:          if topb(opb2) = ‘SI’ and inopb2[2] = inopb2[3] then 

6:                    return true 

7:          else if  inopb1[3] = (inopb2[1]*inopb2[2]) then 

8:                    return true 

9           else 

10:                  return false 

11:        end if 

12:    end if 

13: end if 

1: tList ← emptyList 

2: for all oblock in oblist do 

3:     if ismatch(ob, oblock) then 

4:         tList.add(oblock) 

5:     end if 

6:  end for 

7:  return tList 
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6.4 Program Transformation

6.4.3.2 Operator Blocks Fusion on Linear DAGs

A typical stream program may consist of minimum three operators. They are Source,
a computational operator (e.g., Functor/Aggregate etc.), and Sink. Transformation of
such program directly creates sample programs since the three operators represent three
operator blocks. However, in most of the scenarios more than three operator blocks
are present in stream programs. In such occasions more than one transformed opera-
tor blocks are created by generate(). These transformed operator blocks need to be
stitched together meaningfully (i.e., with same semantics) to produce sample programs.
Synthesis of sample programs in such occasions is called Operator Blocks Fusion. This
process is shown in Figure 6.9.

A B C 

X Y Z 

A B C X Y Z 

A B C X Y Z 

Sink m=1 

p=r 
n=r 

m=1 n=r k=r 

opb1 

opb2 

opb1 opb2 

opb1 opb2 Transformed Operator Blocks 

Operator blocks Fusion Criteria 

Sample Program 

(a) (b) 

(c) 

Figure 6.9: Operator Blocks Fusion

A fusion mentioned in the previous section is a list of operator blocks which are
arranged in a sequential order which makes a complete sample program (semantically
equivalent to input program) if they are concatenated. Ordering of operator blocks is
done based on the decision given by ismatch() procedure call shown in Algorithm 8.
The ismatch() procedure determines whether two operator blocks opb1 (iA jB kC) and
opb2 (mX nY pZ) should be fused or not based on their operator types (A,B,C,X,Y,Z)
and the transformation pattern values (i,j,k,m,n,p). For two transformed operator blocks
opb1 and opb2 to match with each other, first and the second operators of opb2 should
be the same as the second and third operators of opb1 (See Line 1 of Algorithm 8). (i.e.,
X ≡ B and Y ≡ C ). This is the primary requirement for opb1 to match with opb2.
Next, if the opb2’s last operator block (i.e., Z) is a Sink operator block then if m = 1 and
n = p then opb1 and opb2 matches with each other (See Lines 4 to 6 of Algorithm 8). If
opb2’s last operator block is not a sink operator block then if the conditions k = (m×n)
and m = 1 holds, opb1 and opb2 are considered matching with each other. (Note the
function names fopb(), sopb(), and topb() correspond to first operator block, second
operator block, and third operator block respectively).
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6.4 Program Transformation

6.4.3.3 Program Transformation on Multipath DAGs

The program structure analyzer decides a DAG (G) as a multipath graph if more than
one out going edge is present on a vertex ( ∃x:OUTARCS(x) > 1). If the program is cat-
egorized as multipath DAG (e.g., Apnoea, Bargain, etc.) Hirundo compiles the program
in the target runtime and obtains each operator’s profile information. The SPADE com-
piler’s SPADE application profiling functionality has been used for this purpose [231].
SPADE application profiler returns a DAG (W) which essentially represents the SPADE
application’s structure with each vertex (operator) contains the percentage CPU usage
as a property of its corresponding vertex.

Next, the graph G is analyzed to identify rays (The rays identified in the example
graphs are marked using pink color vertices and dotted arrow edges in Figures 6.3 and
6.4). The identified rays are the fundamental element of the DAG on which the transfor-
mations are conducted on. If a ray contains at least three operator blocks, then Tri-OP
transformation is performed on it. If the ray contains only two operator blocks then,
Bi-OP transformation is applied.

Next, each individual directed path on the graph G are identified. For Apnoea DAG
these paths are S-F1-AG1-F4-J2-SI, S-F2-AG2-F5-J1-J2-SI, S-F3-AG3-F6-J1-J2-SI. For
Bargain application for the nth portfolio item (n > 0) the paths are S-F2 n-J1 n-F4 n-
SI n and S-F1 n-AG1 n-F3 n-J1 n-F4 n-SI n. These paths are shown in Figure 6.10.
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Figure 6.10: Paths on the example data flow graphs. (a) Apnoea (b) Bargain (for nth

portfolio item)

The paths are ranked based on the operator cost vales present in the graph W and the
path with the highest execution cost is chosen as the candidate path for transformation.
Furthermore, if there are more than one ray on a particular path (E.g., Both the paths on
Bargain application shown in Figure 6.10 (b) have two rays.) the most expensive ray is
chosen for transformation. This way we are able to reduce the size of the possible sample
program space. The rays on the candidate path are transformed using the Tri-OP/Bi-OP
algorithms.
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6.4 Program Transformation

6.4.3.4 Operator Blocks Fusion on Multipath DAGs

Operator blocks fusion is equally applicable to multipath DAGs as well because the
process of multipath DAGs transformation involves transformation of a linear DAG. If a
ray contains more than three operator blocks it generates multiple transformed operator
blocks. In such situations the same fusion algorithm is used to fuse the transformed
operator blocks mentioned before. However, if the two ends of a fused ray has cardinality
more than one they are attached with the main DAG using transformer blocks such as
DEMUX-STREAM or MUX-STREAM. This is because the two ends of the ray may not be
necessarily have similar cardinality as with the case of operator block fusion.

6.4.4 Preservation of Input Program Semantics

Several key measures have been taken to ensure the semantic equivalence of the sample
programs to their input program. We believe these measures preserve the semantics
of all the input programs processed by Hirundo. First, Operator Block Fusion uses
the fusions that have the same operation type sequence similar to the input program’s
corresponding ray. Next, we make sure by default that UDOPs are not transformed
by our code generator module. This is because currently Hirundo does not employ any
technique that can determine whether a UDOP is stateful or not. We have implemented a
SPADE program annotation scheme for the expert users who want to override the default
rule set of code transformations. If a UDOP is enclosed within UnFroze annotation
tags #Hirundo-meta:UnFroze:Start and #Hirundo-meta:UnFroze:End, Hirundo then
applies the code transformations on the UDOP as well.

Hirundo transforms Aggregate operators using the concept of partitioned state. For
example in the Apnoea application, path S-F3-AG3-F6-J1-J2-SI was selected as the
costliest path with operator graph profiling. Then the fragment F3-AG3-F6 was trans-
formed with Tri-Operator transformation. In this case the AG3 operator aggregates
tuples with the patient id (pid). When transformation has been applied for this frag-
ment, Hirundo introduces an additional Split operation to split the tuple stream to
multiple paths based on the pid. Therefore, tuples of a particular pid travels through
only one fragment on the transformed graph. Hence the Aggregate operator that is on
a particular path receives only a subset of pids consistently. Therefore, the Aggregate
operator maintains a separate state for each pid (i.e., tuples are grouped based on the
pid) in a partitioned manner. The state is partitioned across multiple parallel Aggregate
operators, and it is safe in conducting the DAG transformation in this manner.

Join operators are not transformed in the current version of Hirundo; because Hirundo
conducts transformations only along the rays of multipath DAGs. However, Join opera-
tor’s state can be partitioned similar to Aggregate operators. The Tahitica mechanism
described in the next chapter conducts transformation of Join operators as well.
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Figure 6.11: Some examples of Transformer Blocks used by Hirundo. (a) DEMUX-SINK

(b) MUX-SINK (c) MUX-SOURCE (d) PARALLEL-SOURCE (e) MULTI-FUNCTOR (f) PARALLEL-SINK

(g) DEMUX-STREAM (h) MUX-STREAM (i) DEMUX-FUNCTOR-N-TO-M (j) TRANSFORMER-N-TO-M (k)

TRANSFORMER-MODULUS-N-TO-M

6.5 Transformer Blocks

Hirundo uses a set of generic operator blocks called Transformer Blocks during trans-
formation of a data flow graph. These are introduced in between the identified opera-
tor blocks to create coupling between resulting operator blocks (transformed operator
blocks) of Tri-OP transformation.

DEMUX-SINK is a transformer block that de-multiplexes its input stream into N num-
ber of sink operators (shown in (a) of Figure 6.11). The opposite of this operation,
multiplexing of several streams in to a single sink operator is done by MUX-SINK (see
(b) in Figure 6.11). MUX-SOURCE transformer block merges N number of source opera-
tors in to one single stream. Yet, multiple streams from N number of source operators
can be obtained using PARALLEL-SOURCE transformer block. MULTI-FUNCTOR transformer
block creates N number of functor blocks. Similar to PARALLEL-SOURCE, PARALLEL-SINK
transformer block creates N number of sink operator blocks. A stream is converted to
multiple streams using DEMUX-STREAM transformer block and MUX-STREAM merges several
homogeneous streams to a single stream. DEMUX-FUNCTOR-N-TO-M transformer block cre-
ates N×M number of functor blocks accepting N input streams. TRANSFORMER-N-TO-M

is a transformer block that accepts N number of input streams which can output M
number of streams (see (j) of Figure 6.11). A slightly different transformer block to
TRANSFORMER-N-TO-M called TRANSFORMER-MODULUS-N-TO-M accepts N input streams
and outputs M streams. However, in the latter scenario, symmetry of the internal oper-
ators is not preserved. This can be observed from (k) of Figure 6.11.

Transformer blocks are created as supporting primitives for Tri-OP transformation
process. They are reusable and useful when Hirundo is updated to support new oper-
ator types in future. While Tri-OP transformation algorithm concentrates on increas-
ing/decreasing number of operator blocks in a data flow graph, transformer blocks con-
centrate on solving the problem of how to make links (i.e., streams) between the operators
in transformed operator blocks. Transformer blocks should not be confused with similar
constructs such as Composite Operators of IBM Stream Processing Language [234].

Furthermore, the decision of mapping output streams from split operators of trans-
former blocks such as TRANSFORMER-N-TO-M, TRANSFORMER-MODULUS-N-TO-M, etc. has
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been taken in order to preserve the isometry of data flow graph. Isometry of a data flow
graph is an important factor for highly availability of a stream application [145].

6.5.1 Preservation of Sequential Semantics

Certain stream applications deal with ordered series of information (e.g., time ordered)
that need to be processed in a sequential manner. For example tuples from a weather
sensor may carry a timestamp that indicates the time they get generated. However,
tuple ordering is dependent on the way how the tuple information is interpreted. For
example tuples in an input stream may carry a timestamp but may not necessarily require
ordering based on that field. Therefore, by default Hirundo does not enforce the ordering
of the tuples of the transformed segment of the graph. However, the default behavior
can be overridden by adding an Order tag (#Hirundo-meta:Order) in the application. If
Hirundo’s code analyzer identifies the presence of such Oder tag, it creates two UDOPs
at the beginning and at the end of the parallel region. The UDOP at the beginning of
the parallelized region inserts a unique sequence number at the beginning of the stream
split. The UDOP at the end of the parallel region observes this sequence number and
forwards the tuples in the order (If the last sent tuple’s sequence number is P, the UDOP
makes sure the next tuple sent will be P+1). When implementing the tuple sequencing
strategy we assume that there is no tuple loss in between the two UDOPs.

6.6 Implementation

Hirundo has been implemented using Python programming language. It has been sepa-
rated into two modules called Main module and Worker module. Architecture of Hirundo
is shown in Figure 6.12.

Current version of Hirundo has been developed targeting stream programs written
using SPADE language. Hence Hirundo depends on System S and SPADE compiler
during its operations. It should be noted that, although System S is dependent on a
shared file system such as NFS, Hirundo has been designed not to use such file systems
for optimization runs. It uses local hard disks to store the data it handles during opti-
mization runs. Hirundo uses a SQLite database to store its information. Main module
has been separated into ten sub modules based on different functionalities they handle.
Breif descriptions of the functions of important modules are given below.

6.6.1 Program Structure Analyzer

SPADE program analysis logic has been implemented in Program Structure Analyzer
of Hirundo. As pointed out in Section 6.3, Hirundo uses a bespoke grammar written
for parsing a SPADE program to identify its structure. Current implementation of
Hirundo’s grammar supports Source, Functor, Aggregate, Join, Split, Sink BIOPs, and
UDOPs. This module uses an LALR parser [295] which has been developed using the
GOLD parser generator created by Cook et al. [296]. The grammar has been coded
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Figure 6.12: System Architecture of Hirundo.

separately from Hirundo (independent of Python programming language) and can be
modified easily using the GOLD parser generator [296]. Hirundo’s grammar has been
written using Backus-Naur Form (BNF) notation which is a notation used to describe
context free grammars [297]. BNF breaks down the grammar into a series of rules which
are used to describe how the programming languages such as SPADE are tokenized in
to different logical units [296]. As many other grammars which are written using BNF
notation, Hirundo’s grammar consists of two main types of symbols called terminals and
nonterminals. In general terminals are delimited by single or double quotes or are left
without special formatting [296]. Figure 6.13 shows some of the BNF statements that
include terminals such as ’[Application]’, ’[Program]’, etc. Note that Figure 6.13
has been divided in to two parts using a vertical line to improve readability.

MULTI-STREAM = 'stream'{Whitespace}{AlphaNumeric}+'_@i' 

             |'stream'{Whitespace}{AlphaNumeric}+'%@i' 

STREAM = 'stream'{Whitespace}{AlphaNumeric}+ 

{PR} = {Printable} - [}] - [{] + {CR} + {LF} 

{COMC} = {Printable} - {CR} - {LF} - [#] 

PREAMBLE = '[Application]'{PR}+'[Program]' 

BODY = '{'{PR}+'}' 

NUMBER = {Number}+ 

 

{VARCHAR} = {AlphaNumeric} + [_]+[@]+[%] 

VARNAME = {Letter}{VARCHAR}+ 

 

PL_LOCAL_VAR = 'my' 

FILEPATH = '"''file://'{AlphaNumeric}+'.'{Letter}+'"' 

|'"''file:///'{AlphaNumeric}+'.'{Letter}+'"' 

|'"''file:////'{Printable}+'.'{Letter}+'"' 

Figure 6.13: A sample set of expressions of Hirundo’s grammar with terminals.

On the other hand nonterminals are structure names and are typically delimited
by angle-brackets (See Figure 6.14). A nonterminal is defined by a series of one or
more rules which are also known as productions. In BNF, a rule is denoted with a
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nonterminal and the rule statement consists of a series of zero or more terminals and
nonterminals (i.e., series of productions). To improve readability often the productions
are grouped together and separated by a “pipe” symbol (There are 18 pipes in the
rule shown in Figure 6.14). Current version of the grammar consists of 38 rules. The
rule that defines the structure of a program is shown in Figure 6.14. Each production
on Figure 6.14 starts with <PREAMBLE> that represent information such as application
meta-information ([Application]), type definitions ([Typedefs]), external libraries
([Libdefs]), and node pools ([Nodepools]).

<Program> ::= <PREAMBLE><SOURCE><FUNCTOR><SINK> 

|<PREAMBLE><SOURCE><FUNCTOR><MUX-SINK> 

|<PREAMBLE><AUTO-BUNDLE-SINGLE><PARALLEL-SOURCES-CSV><MUX-FUNCTOR-N-TO-M><DEMUX-STRM-M-N-To-1> 

                        <SINK> 

|<PREAMBLE><AUTO-BUNDLE-MULTI><PARALLEL-SOURCES-CSV><MULTI-FUNCTOR><TRANSFORMER-N-TO-M> 

                       <MUX-SINK-WITH-STRM-NAME> 

|<PREAMBLE><PARALLEL-SOURCES-CSV><MULTI-FUNCTOR><PARALLEL-SINK> 

|<PREAMBLE><AUTO-BUNDLE-SINGLE><PARALLEL-SOURCES-CSV><MULTI-FUNCTOR><DEMUX-SINK><SINK> 

|<PREAMBLE><AUTO-BUNDLE-MULTI><SOURCE><MUX-SOURCE-CSV><MULTI-FUNCTOR><TRANSFORMER-N-TO-M> 

                         <PARALLEL-SINK> 

|<PREAMBLE><SOURCE><MUX-SOURCE-CSV><FUNCTOR><AGGREGATE><FUNCTOR><AGGREGATE><FUNCTOR> 

                         <AGGREGATE><FUNCTOR><JOIN><JOIN><SINK> 

|<PREAMBLE><SOURCE><MUX-SOURCE-CSV><MULTI-FUNCTOR><TRANSFORMER-N-TO-M><PARALLEL-SINK> 

|<PREAMBLE><SOURCE><FOR-START><FUNCTOR><FUNCTOR><AGGREGATE><FUNCTOR><JOIN><FUNCTOR><SINK> 

                         <FOR-END> 

|<PREAMBLE><AUTO-BUNDLE-SINGLE><SOURCE><MUX-SOURCE-CSV><MULTI-FUNCTOR><DEMUX-SINK><SINK> 

| <PREAMBLE><AUTO-BUNDLE-SINGLE><DEMUX-SOURCE-CSV><FUNCTOR><MUX-SINK> 

| <PREAMBLE><AUTO-BUNDLE-MULTI><PARALLEL-SOURCES-CSV><MUX-FUNCTOR-N-TO-M><TRANSFORMERMODULUS> 

                          <MUX-SINK-WITH-STRM-NAME> 

|<PREAMBLE><SOURCE><STRING-OF-FUNCTOR><SINK>  

|<PREAMBLE><SOURCE><AGGREGATE><SINK> 

|<PREAMBLE><SOURCE><STRING-OF-FUNCTOR><AGGREGATE><STRING-OF-FUNCTOR><SINK> 

|<PREAMBLE><SOURCE><META><AGGREGATE><META><SINK> 

|<PREAMBLE><SOURCE><STRING-OF-FUNCTOR><META><AGGREGATE><STRING-OF-FUNCTOR><META><SINK> 

|<PREAMBLE><META><UDOP><META><STRING-OF-FUNCTOR><META><AGGREGATE><META><SINK> 

Figure 6.14: A sample rule from Hirundo’s grammar.

The first production on Figure 6.14 represents a most basic stream application that
can be written using SPADE which consists of three operators: Source, Functor, and
Sink. Note that there are operator blocks defined for collections of Functors (e.g.,
<STRING-OF-FUNCTOR>) which act as abstractions for lower level operator blocks like
Functors. Figure 6.15 shows a concrete example of how the rules in the BNF gets
mapped to the data flow graph of the stream application (CDR) shown in Figure 3.1.
The operator graph shown on the right-hand side is mapped with the corresponding
productions of the Hirundo’s grammar. To maintain brevity, we have omitted the rules
that define other operator block categories (e.g., Join) as well as terminal definitions
from Figure 6.15. Furthermore, Figure 6.15 shows only the production related to the
CDR application with the rule that defines a program.

Program structure analyzer creates a representative graph G for the program it
analyses if it can identify its structure. This graph keeps details of all the operators
(vertices) identified from the program and the links between them.
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<Program> ::= <PREAMBLE><SOURCE><META><UDOP><META><STRING-OF-FUNCTOR><AGGREGATE><SINK> 

<UDOP> ::= STREAM'('<SCHEM>')'':=''Udop''('')''['']'BODY 

|STREAM'('<SCHEM>')'':=''Udop''('VARNAME')''[''"'VARNAME'"'']'BODY 

|STREAM'('<SCHEM>')'':=''Udop''('VARNAME')''[''"'VARNAME'"'']{}' 

|STREAM'('<SCHEM>')'':=''Udop''('<port_n-streams>')''['VARNAME']'BODY 

<FUNCTOR> ::= STREAM'('<SCHEM>')'':=''Functor''('VARNAME')''['']'BODY 

|STREAM'('<SCHEM>')'':=''Functor''('VARNAME')''['<FILTER-PREDICATE>']'BODY 

|STREAM'('<SCHEM>')'':=''Functor''('VARNAME')''['<FILTER-PREDICATE-EXPR>']'BODY 

|STREAM'('<SCHEM>')'':=''Functor''(auto_bundle[:])''['']'BODY 

|MULTI-STREAM'('<SCHEM>')'':=''Functor''(auto_split@i)''['']'BODY 

|MULTI-STREAM'('<SCHEM>')'':=''Functor''('VARNAME'_@i)''['']'BODY 

|MULTI-STREAM'('<SCHEM>')'':=''Functor''('VARNAME'%@i)''['<FILTER-PREDICATE-EXPR>']'BODY 

|MULTI-STREAM'('<SCHEM>')'':=''Functor''('VARNAME')''['']'BODY 

|MULTI-STREAM'('<SCHEM>')'':=''Functor''('VARNAME')''['<FILTER-PREDICATE-EXPR>']'BODY 

<AGGREGATE> ::= STREAM'('<SCHEM>')'':=''Aggregate''('<WINDOWING-SCHEME>')''['']'BODY 

|STREAM'('<SCHEM>')'':=''Aggregate''('<WINDOWING-SCHEME>')''['VARNAME']'BODY 

|MULTI-STREAM'('<SCHEM>')'':=''Aggregate''('<WINDOWING-SCHEME>')''['VARNAME']'BODY 

<SINK> ::= 'Nil := ''Sink''('VARNAME')''['FILEPATH']''{}' 

|'Nil'':=''Sink''('VARNAME'@i'')''['FILEPATH']''{}' 

|'Nil := ''Sink''('VARNAME')''['FILEPATH']{}' 

|'Nil'':=''Sink''('VARNAME'_@i)''['FILEPATH']''{}' 

|'Nil'':=''Sink''('VARNAME'_@i)''['FILEPATH']{}' 

|'Nil'':=''Sink''(auto_bundle[:])''['FILEPATH']''{}' 

|'Nil'':=''Sink''(auto_bundle[:])''['FILEPATH']{}' 

|'Nil'':=''Sink''(auto_bundle_@i[:]'')''['FILEPATH']''{}' 

|'Nil'':=''Sink''(auto_bundle_@i[:]'')''['FILEPATH']{}' 

|'Nil := ''Sink''('VARNAME')''['FILEPATH',''nodelays'']''{}' 

|'Nil := ''Sink''('VARNAME')''['FILEPATH',''nodelays'']{}' 

|'Nil := ''Sink''('VARNAME')''['FILEPATH',''nodelays'',''csvformat'']''{}' 

|'Nil := ''Sink''('VARNAME')''['FILEPATH',''nodelays'',''csvformat'']{}' 

F 

U 

S 

A

G 

S

I 

Customer 

Database 

results 

Call 

Detail 

Records 

<SOURCE> ::= 

STREAM'('<SCHEM>')'':=''Source()''['FILEPATH',''nodelays'',''csvformat'']''{}' 

| STREAM'('<SCHEM>')'':=''Source()''['FILEPATH',''nodelays'',''csvformat'']{}' 

|STREAM'('<SCHEM>')'':=''Source()''['FILEPATH',''nodelays'',''csvformat'']'BODY 

|STREAM'('<SCHEM>')'':=''Source()''['FILEPATH']''{}' 

|STREAM'('<SCHEM>')'':=''Source()''['FILEPATH']{}' 

|MULTI-STREAM'('<SCHEM>')'':=''Source()''['FILEPATH',''nodelays'',''csvformat'']''{}' 

|MULTI-STREAM'('<SCHEM>')'':=''Source()''['FILEPATH',''nodelays'',''csvformat'']{}' 

<STRING-OF-FUNCTOR> ::= <STRING-OF-FUNCTOR><FUNCTOR> 

|<FUNCTOR> 

<META> ::= '#Hirundo-meta:UnFroze:Start' 

|'#Hirundo-meta:UnFroze:End' 

Key 
       - Annotation 

       - Stream 

       - Operator 

Figure 6.15: An example of how the rules get mapped to the data flow graph of CDR

application. The complete source code of CDR application is given in Figure 3.1.
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6.6.2 Data Preparator

Unlike most static program optimizers, Hirundo runs selected sample programs for fixed
time period in the stream processing environment to identify their performance. The
sample programs require representative data during their execution. Data Preparator is
the module that creates these required sample data. At the beginning of optimization
process, user should provide a sample data file along with input program. This file is
splitted in to total [d(d+1)/2 - 1] number of files staring from the groups 2, 3, up to d.
The number d is the depth value that is accepted by Tri-OP transformation algorithm.
The files are splitted in this way since Tri-OP transformation with depth d may produce
d number of maximum transformed source operator blocks for any optimization run.
Furthermore, such splitting ensures that all the input data are received by all the source
operators of the sample programs homogeneously. User should enter only required size
input data file (smaller size file is preferred) to Hirundo since very large files impose
unnecessary overhead on Hirundo during its optimization runs. Furthermore, Hirundo
uses a file rather than online data source in order to keep the input fixed during all the
optimization attempts the input program faces since this could directly affect the end
result of program ranking.

6.6.3 Parallel Compiler

Hirundo would have spent substantial portion of its processing time on compilation, if
Hirundo were to compile all the sample programs on a single node. E.g., Compiling
VWAP (25 programs) and Twitter (27 programs) applications described in this chapter
on a single node took approximately 11, 50 minutes respectively. To reduce total time
taken for compilation we created a parallel compiler for Hirundo. Current version of
Hirundo deploys one worker per each node of the node cluster of which it operates on
during its instantiation. Parallel compiler assigns compilation task of a single program
to one worker. This technique reduced the percentage of time required for compilation of
VWAP and Twitter applications to 5 and 8 minutes resulting 51% and 84% compilation
time reduction respectively on 8 nodes of the same cluster.

6.7 Fault Tolerance of Hirundo

Compared to many related work mentioned in Section 2.3 of this thesis, Hirundo empha-
sizes the importance of fault tolerance during automatic program optimization process.
Hirundo strives to eliminate instance failures that might occur in the stream processing
environment. An instance failure is just failure of a run-time instance (i.e., a process
spawned by stream processing environment). Unexpected failures may occur in stream
processing environment when such automatic optimization process has been conducted.
While the stream processing run-time could continue with the remaining set of instances,
it may not reflect the actual performance that could have been achieved by using a sam-
ple program. Ultimately this may lead to an inaccurate ranking of sample programs.
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Note that there are no such recording made during the experiments mentioned in this
thesis since all the faults were successfully resolved by Hirundo.

It was observed that certain large sample programs overload the run-time instances,
and they might run out of memory creating instance failures. Finding the set of sample
programs that provide highest performance without breaking the stream processing run-
time environment’s stability is a challenging issue. Hirundo uses streamtool of System
S periodically to obtain the health information of the System S runtime, and compares
those information with the runtime snapshot (original health record) obtained at the
beginning of the optimization run to detect failures. (Note that at the very beginning
of the optimization run, Hirundo displays the original health record to user and gets it
confirmed free of faults). If found a failure, Hirundo tries to restart the runtime and
compares the health of the newly started runtime with the original health record. If
the status of the runtime was restored, it starts running the interrupted job (sample
program). It follows the same procedure during three consecutive failures. If it cannot
succeed, it marks the sample program as a failure (by recording throughput as -1) and
continues the optimization run.

6.8 Sample Program Space Reduction and Ranking

Hirundo’s data flow graph transformation algorithm generates many sample programs
for a given input program. Number of sample programs generated per input application
for three transformation depth values is shown in Table 6.1. It was observed that out of
the five sample program spaces three were growing in an order between d2 and d3 while
VWAP grew in the orders between d and d2.

Transformation

depth (d)

Input Application

CDR VWAP Twitter Apnoea Bargain

4 16 8 25 12 12

8 240 24 124 59 59

16 2480 80 728 360 360

Table 6.1: Sample program space sizes.

Twenty four sample programs are generated for VWAP application during an opti-
mization run with d = 8. Running all these sample programs for small time period may
take time in the order of minutes. E.g., Running all the aforementioned 24 sample pro-
grams (+input program) in a System S environment with 8 nodes (cluster Y in Section
6.9.1) took 3 minutes and 22 seconds (an average value calculated over 5 optimization
runs). In the case of multipath DAGs the number of sample programs become even
greater because of high availability of various operator combinations for input program
transformation. To reduce the time taken to find optimized programs we follow two
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approaches. First, in the case of multipath DAGs we use operator profile information
to identify a particular path in the data flow graph to be transformed. This essen-
tially reduces the number of permutations of the sample programs that could be made
by our code generator for multipath DAGs. Second, we employ a performance predic-
tion technique to identify sample programs that could deliver higher performance, and
only use them to test in the target environment. Current Hirundo prototype supports
performance prediction only on linear DAGs.

Moreover, Hirundo removes some extreme mutations present on the generated sample
program set for multipath DAGs using a mode based elimination technique. Put in
simple terms, we count the mode (M) of the cardinality values of operator blocks of a
generated sample program. Then we check if the program contains any operator blocks
with cardinality greater than M. If so, we discard that sample program. For example,
the sample program SCSV F AG F 4F 16AG 4F F AG F J J SI generated for Apnoea
is such application discarded by mode based elimination.

As mentioned before it was observed that performance of a stream program in a
certain environment can be repeated. Hence we can predict up to a certain level, what
kind of performance could be obtained from a stream program using empirical data.
We have implemented an algorithm for linear DAGs (The Algorithms 9 and 10 corre-
spond to this prediction process.) in Hirundo that predicts similarity of optimization
runs considering the parameters of structure of data flow graph (G), performance met-
rics used (e.g., throughput, elapsed time), optimization run depth (d), input data tuple
schema (tschema). Hirundo uses a relational database to store its information. Current
optimization environment’s profile information such as number of hosts, CPU, RAM
capacity are stored in the database prior to any optimization attempt. All the impor-
tant optimization run information (i.e., optimization session information) such as start
time, end time, performance metrics used are recorded in the database. Furthermore,
performance information (i.e., throughput, elapsed time, etc.) of each sample program
which ran during the optimization session are also stored in this database.

6.8.1 Performance Prediction Mode

In this mode of operation Hirundo predicts what kind of performance could be obtained
from the input program. Note, that in current Hirundo prototype this mode of operation
is only applicable for linear DAGs.

Algorithm 9 first selects a list of optimization runs based on the optimization metric
used and the input data tuple schema. Next, it sorts the list based on the transformation
depth and the structure of the input data flow graph (i.e., A,B,C values of the graph
A B C). Finally, the optimization runs are sorted based on node performance values
and top m optimization runs are selected as matching optimization runs. Next, these
optimization run ids are fed to the getprogramlabels() procedure shown in Algorithm
10 to obtain sample program labels to run. For each optimization run, the performance
differences of sample programs are gathered and stored in a dictionary called alldict.
The items in the dictionary are sorted based on their performance difference values in
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Algorithm 10 getprogramlabels(optrunList, n) 

1:  inproglabels ← getinputproglabels() 

2:  alldict[label, avgdifflist] ← emptyDictionary 

3:  for all optrunid in optrunList do 

4:    labelslist ← getSampleProgLabels(optrunid) 

5:    filtlist ← removeInputProgLabels(labelslist, inproglabels) 

6:    labeldict[label, perfvalue] ← getperfvals(optrunid, filtlist) 

7:    perfdict[label, avgdiff] ← getAvgPerfvalDiffs(labeldict) 

8:    alldict.append(perfdict) 

9:   end for 

10: rlabels ← sortUsingAveragePerfDiffAsc(alldict)  

11: result_labels ← selectTopN(rlabels, n) 

12: return result_labels 

1:  optrunList ← getOptruns(metrics, tschema) 

2 : optrunList ← sortUsingTransformationDepth(optrunList, d) 

3:  optrunList ← sortUsingMatchingIndices(G, optrunList) 

4:  optrunList ← sortUsingMatchingNodes(nodePerf, optrunList) 

5:  optrunList ← selectTopN(optrunList, m) 

6:  return optrunList 

Algorithm 9 getmatchingoptruns(G, nodePerf, metrics, d,  m, tschema) 

ascending order. The top n labels of this sorted list are selected as the candidate la-
bels. These n labels correspond to half of the U1 subset of the sample program labels
mentioned in Section 6.3 (Methodology Section), and the remaining steps of the Method-
ology Section are followed to obtain a ranked list of sample programs (R2) as the output.
Such method of two phase ranking was used in order to increase the accuracy of the end
result. Section 6.9 demonstrates results obtained by operating Hirundo in this mode.

6.9 Evaluation

6.9.1 Experiment Setup and Methodology

We ran the experiments on two clusters (From here onwards Cluster X and Cluster
Y). Hardware specifications of each cluster is given on Table 6.2. Cluster X was highly
provisioned compared to cluster Y as can be observed from the Table 6.2. We used
two clusters because we wanted to prove that our mechanism creates optimized sample
applications even in different hardware environments. Cluster X ran Linux Cent OS
release 5.6 (Linux kernel 2.6.18-238) installed with IBM Infosphere Streams version 1.2
and Python 2.7.1. All the nodes were connected through 1 Gigabit Ethernet. Cluster Y
had all the software similar to Cluster X except it ran Linux Cent OS release 5.4 (Linux
kernel 2.6.18-164). Since both the OSs had the same major release number we believe
that there was no significant effect on the evaluation results. Both Clusters X and Y
were reserved only for running these experiments during the optimization sessions.

As mentioned in the Section 6.4.3 we obtain operator profile statistics of input ap-
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Cluster X Cluster Y

CPU Intel Xeon X5670 @

1600MHz, 24 cores

AMD Phenom 9850,

1250MHz, 4 cores

L2 Cache 12MB 512KB

RAM (GB) 47 8

Hard Disk (GB) 280 160

Network 1-Gigabit Ethernet 1-Gigabit Ethernet

Table 6.2: Hardware specifications of experiment environments.

plication to identify expensive paths in the DAG. During the input application profiling
step we set the reservoir size (-P) to 1000 (this means 1000 samples will be collected)
and sampling fraction (-S) to 0.1 (this means one out of 10 tuples will be used to collect
performance data).

We used sample files of sizes 241.3MB for CDR, 181MB for Twitter, 97MB for
VWAP and Bargain, and 81MB for Apnoea for all the experiments. In the first half of
the experiments we disabled the sample program ranking of Hirundo, and made it to run
all the sample programs it generated for a short period of time (each sample program less
than 1 minute). In the second half we enabled the sample program ranking of Hirundo. In
all of these experiments Hirundo ensured that the experiments are not affected by sudden
instance failures by re-instantiating the run-time environment and re-running the sample
program that faced an instance failure. Furthermore, the experiments were conducted
on two types of clusters. VWAP, Twitter and CDR applications were optimized in both
4 nodes and 8 node environments. Because we wanted to observe how different hardware
configurations affect the results of the optimization process. Note that all the results
shown in the result graphs are single runs (Opt run) of the experiment since we wanted
to avoid the effect of large deviations for the end result. Furthermore, we use only three
optimization runs in the graphs because three optimization runs are sufficient to come
into a conclusion about a sample stream program’s performance.

6.9.2 Sample Program Naming Convention

Unique labeling format is used to represent each sample program generated for a par-
ticular application. This section explains the labeling convention to improve the under-
standing of the readers about the experiment results presented in the later half of this
chapter.

Each label represents the operator blocks in the sample program along with their
new cardinality values created because of code transformation. This thesis uses the
letter combinations SCSV (Source which accepts tuples of CSV format), F (Functor),
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AG (Aggregate), U (UDOP), SI (Sink), J (Join) to denote SPADE operators. For linear
DAGs (such as CDR, Twitter, VWAP, etc.) the ordering of the letter combinations on
the label represents the relative ordering of the operators on the DAG as well as the
ordering of the operators on the SPADE file. For example, Twitter sample application
label U 4F 2F F AG SI means the DAG’s root is a UDOP, then there are three Functors,
an Aggregate operator, and a Sink at the leaf. Furthermore, the non-zero integers in
front of each letter combination represents the cardinality of the operator block. For
the above mentioned sample application, 4F means there are four F1 operator blocks
and 2F means there are two F2 operator blocks. Label SCSV 4F 8F 4F 4SI means the
sample program has one source, four F1 functors, eight F2 functors, four F3 functors,
and four sinks.

In the case of multipath DAGs such as Apnoea and Bargain, the label does not
indicate network structure of the DAG. But the label indicates the sequential order of the
appearance of the operators on the SPADE file and serves as a unique ID. Furthermore,
the label indicates each operator block’s cardinality which could be interpreted in the
same way as explained above.

6.9.3 Sample Program Performance
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Figure 6.16: Comparison of three optimization runs (Opt run 1,2,3) with CDR application

using equal optimization parameters (d=4, nodecount=4) on cluster X

The main parameter that determined the sample programs present in this section is
the transformation depth (d). As mentioned in Section 6.4.3.1, transformation depth was
the parameter that determined the amount of parallelism present in sample programs.
The X axis of the graphs lists the sample program labels sorted by the number of
operators present on the program label from left to right. We used throughput of sample
applications as the metric during the evaluations.

The results obtained by running the CDR application in cluster X is shown in Figure
6.16. It can be observed that eleven sample programs out of sixteen provided consistent
high performance compared to the input application. The use of term “consistent” here
means that there is no significant deviation of the performance results obtained during
the three optimization runs. Furthermore, two applications (4SCSV 4U 2F 2AG 2SI and
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Figure 6.17: Comparison of three optimization runs (Opt run 1,2,3) with CDR application

using equal optimization parameters (d=4, nodecount=8) on cluster Y

4SCSV 4U 2F 4AG 4SI) had 30.2 and 31.1 times performance improvement (calculated
considering the average of three runs) compared to the input application.

The results of optimizing the CDR application on cluster Y is shown in Figure 6.17.
A direct observation is that the input application as well as all the sample applica-
tions produced less throughput performance compared to cluster X because cluster Y
is less provisioned. The best performance application on both cluster X and Y was
4SCSV 4U 2F 4AG 4SI which had 1.34 times higher performance on cluster X com-
pared to cluster Y. In the experiment with cluster Y Hirundo was able to identify nine
sample programs out of sixteen with optimized performance compared to the CDR ap-
plication. However, the number of sample programs which provide consistent, high
performance compared to the input application is less in the case of cluster Y. Similar
to the experiment with 4 nodes, the sample applications 4SCSV 4U 2F 2AG 2SI and
4SCSV 4U 2F 4AG 4SI had the highest consistent performance.
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Figure 6.18: Comparison of three optimization runs (Opt run 1,2,3) with Twitter appli-

cation using equal optimization parameters (d=4, nodecount=4) on cluster X.

A similar program optimization result can be observed with the Twitter applica-
tion as well. Sample programs as well as the input program produced higher perfor-
mance in cluster X compared to cluster Y. The sample programs U 2F 2F F AG SI,
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Figure 6.19: Comparison of three optimization runs (Opt run 1,2,3) with Twitter appli-

cation using equal optimization parameters (d=4, nodecount=8) on cluster Y.

U 2F 2F 2F AG SI, U 4F 2F F AG SI, U 4F 4F 2F AG SI, U 4F 4F 4F AG SI ran in
cluster X and sample programs U 4F 2F F AG SI, U 4F 4F F AG SI, U 2F 2F 4F AG
SI ran in cluster Y produced higher performance compared to the input application. The
sample program U 4F 2F F AG SI produced consistent high performance (even though
it showed 1.13 times performance gain in cluster X compared to cluster Y) in both
the clusters. Highest performing applications for both CDR and Twitter had the high-
est performance for both clusters X and Y; which indicates that there can be sample
code transformations that could produce higher performance across different hardware
configurations.
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Figure 6.20: Comparison of three optimization runs (Opt run 1,2,3) with VWAP applica-

tion using equal optimization parameters (d=8, nodecount=4) on cluster X.

The results of optimizing the VWAP application on cluster X is shown in Figure
6.20. Unlike other optimization runs of this thesis we use a transformation depth of
8 for VWAP application because a transformation depth of 4 produced only 8 sample
applications. We wanted to observe performance across much larger sample program
space. Sample applications 8SCSV 16F AG F SI, 6SCSV 48F AG F SI had higher per-
formance compared to the input application. When the VWAP application was run in
the cluster Y we observed that sample applications 6SCSV 48F AG F SI, 4SCSV 24F AG
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F SI and 2SCSV 2F AG F SI produced consistent higher performance compared to the
input application.
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Figure 6.21: Comparison of three optimization runs (Opt run 1,2,3) with VWAP applica-

tion using equal optimization parameters (d=8, nodecount=8) on cluster Y.

Next, we optimized Apnoea and Bargain using Hirundo. Note that we used three
portfolio items (IBM, HPQ, and MSFT) during the experiments with Bargain applica-
tion. For Apnoea (See Figure 6.22), the sample program SCSV F AG F 2F 2AG 4F F
AG F J J SI produced higher performance compared to the original Apnoea application.
In the case of Bargain application, all the sample programs produced higher performance.
SCSV FOR S 4F 8AG 4F F J F SI FOR E and SCSV FOR S 4F 16AG 2F F J F SI
FOR E produced slightly lesser performance compared to other sample applications (See
Figure 6.23).
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Figure 6.22: Comparison of three optimization runs (Opt run 1,2,3) with Apnoea appli-

cation using equal optimization parameters (d=4, nodecount=4) on cluster X.
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Figure 6.23: Comparison of three optimization runs (Opt run 1,2,3) with Bargain appli-

cation using equal optimization parameters (d=4, nodecount=4) on cluster X.

Note that there is virtually no difference of the experiment settings between the three
optimization runs. The input data file(s) for each sample application remains the same
during three optimization runs and results from previous optimization runs have been
used only for selecting sample applications in performance prediction runs. Although
these optimal measures have been taken, Hirundo reports that certain stream applica-
tions might produce largely different performance figures across different optimization
runs because System S sometimes produces different behavior across different optimiza-
tion runs for each application. This is quite natural and observed behavior in distributed
systems that is out of the control of Hirundo’s optimization mechanism. However, we
have taken every measure to make sure that the measurements that we make are correct
in the Hirundo’s implementation.

6.9.4 Performance Prediction

As described previously, Hirundo’s performance prediction mechanism allows it to reduce
the time taken to conduct optimization runs for stream programs with linear DAGs. In
this section we demonstrate how the performance prediction mechanism work by using
VWAP, CDR, and Twitter applications. Note that the Hirundo database we used during
the performance prediction had optimization runs of the previous optimization sessions.

We enabled the performance prediction and sample program ranking feature of
Hirundo and ran the experiments with VWAP, CDR, and Twitter applications. In
this mode each experiment completed in less than 15 minutes time for cluster Y. This
is a 50% reduction of total experiment time compared to without use of performance
prediction. The results are shown in the corresponding graphs on Figures 6.16, 6.17,
6.18, 6.19, 6.20, and 6.21. It should be also noted that the total time taken for a per-
formance optimization run completely depends on the capacity of the node cluster. For
example, the average experiment time for optimization runs for Twitter application was
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about 5 minutes on cluster X. This is about 1.6 times faster compared to the average
experiment time of Twitter on cluster Y which requires about 8 minutes. Therefore,
we belive that with powerful hardware becomming increasingly prevalent, significance
of such performance predictions becomes less.

On cluster X, all the sample programs pointed by our sample program ranking algo-
rithm for VWAP and Twitter showed higher performance compared to their correspond-
ing input applications. On cluster Y, two out of five sample programs had higher per-
formance compared to CDR application. In the case of Twitter application one sample
program (U 4F 2F F AG SI) predicted by Hirundo had higher performance compared
to original Twitter application.

Input Application
Number of sam-

ple applications

selected from per-

formance predic-

tion which were

also presented

in the results of

non-predictive

runs

Applications with

higher perfor-

mance compared

to input applica-

tion

X Y X Y

CDR 2/5 2/5 3/5 4/5

VWAP 2/4 2/5 5/5 2/5

Twitter 3/5 1/5 5/5 2/5

Table 6.3: Summary of performance prediction runs.

A summary of the performance prediction run results is shown in Table 6.3. The
second major column shows the number of sample applications selected from perfor-
mance prediction which were also presented in the results of non-predictive runs (i.e., It
compares results of performance prediction results to the optimization that do not use
performance prediction). The third major column shows number of predicted sample
applications that actually had higher performance compared to the input application.

6.9.5 Performance Clusters

We conducted a cluster analysis on the data sets corresponding to Opt run 1, 2, and
3 of each performance curves of Figures 6.17, 6.19, and 6.21. We clustered throughput
values of each sample program recorded during optimization runs. Our intention was to
find the characteristics of data flow graphs which lead to higher performance. We used
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K-Means clustering [298] for this purpose since we needed to group the data points based
on their performance values. The data sets were of convex shape. We set the minimum
gap between the clusters as 100B/s. The algorithm was implemented using Python and
Scipy [299]. The results are shown in Figures 6.24, 6.25, and 6.26. We calculated average
performance values of each clusters, and also recorded program labels if all the three data
points corresponding to the three optimization runs fall into a particular cluster.
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Figure 6.24: Results of applying K-Means clustering for VWAP sample program perfor-

mance data.

VWAP data set resulted in 5 clusters. We saw that the cluster with the highest per-
formance (172,947B/s) had two data points corresponding to label 4SCSV 32F AG F SI
whereas the second highest cluster (124,082B/s) had two data points corresponding
to the labels 4SCSV 24F AG F SI, 6SCSV 36F AG F SI, 6SCSV 48F AG F SI. How-
ever, two low performance clusters had all the data points corresponding to the la-
bels SCSV 8F AG F SI and SCSV 2F AG F SI. Moreover, the high performance cluster
(black color) is concentrated on the right-hand side of Figure 6.24 whereas medium per-
formance (red color) is concentrated on the left-hand side. When comparing the labels
of the sample applications in black cluster with red cluster, it becomes clear that black
color cluster’s sample applications have more source operators compared to red color
cluster. Aforementioned observations indicate that having large number of Source oper-
ators has produced high throughput in the case of VWAP application described in this
chapter. Furthermore, it indicates that having higher operator density at the beginning
of the data flow graph tend to produce higher performance.

The clustering results for Twitter application is somewhat different than the VWAP
because Twitter application’s UDOP was frozen during program transformation. The
highest performing cluster (4824B/s) had all data points corresponding to the label
U 4F 2F F AG SI and U 4F 4F F AG SI whereas a medium performance cluster (2nd
cluster from the lowest end, having 1514B/s performance) had all the data points cor-
responding to label U 4F F 2F AG SI. The difference between these programs is that
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Figure 6.25: Results of applying K-Means clustering for Twitter sample program perfor-

mance data.

there are more mid level operators (F3’s in Figure 6.2 (b)) in low performing one. Fur-
thermore, when comparing the sample program labels in the highest performance (dark
blue color) cluster it becomes clear that having more tokenizer Functors (F1), hash-
tag extraction Functors (F2) with lesser mid level functors (F3) has supported for high
performance for Twitter sample applications.
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Figure 6.26: Results of applying K-Means clustering for CDR sample program performance

data.

CDR application’s highest performing cluster (437,515B/s) included all three data
points from 4SCSV 4U 2F 2AG 2SI and 4SCSV 4U 2F 4AG 4SI whereas second lowest
performing cluster (39987B/s) had all three data points from SCSV 2U 2F 4AG 4SI,
SCSV 4U 2F 2AG 2SI, SCSV 4U 2F 4AG 4SI. When comparing these two sample pro-
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gram sets it is clear that having higher number of source operators has produced high
performance in the case of CDR application. The lowest performing cluster (6722B/s)
had all three data points from 4SCSV 16U 2F 4AG 4SI. While this sample program
has similar number of source operators to highest preforming cluster, large number of
UDOPs and relatively larger operator density at the latter part of the flow graph has
produced lower performance.

Clustering of the sample applications in this chapter were conducted solely using
throughput performance of the sample applications. However, there can be multiple
other features that may result in higher performance (E.g., Network usage, memory
usage, etc.). We plan to conduct much higher resolution clustering of such features in
future to observe important performance characteristics.

6.9.6 Comparison with Operator Fusion

There are three popular techniques for stream program performance optimization at the
level of query plan; operator parallelization, pipelining, and fusion. The Tri-OP and
Bi-OP transformations used in Hirundo’s program transformer module is based on oper-
ator parallelization (i.e., Parallel Streams design pattern [233]/Fission [226]). Pipelining
is another pattern that segments operator functionality into multiple pipelined stages.
Since stream applications usually created by combining small, granular operators they
are well divided into stages. All the BIOPs of SPADE language have such characteristics
(See Figure 6.27 (a) for an example.). However, if a user includes significant amount of
user-defined logic in a single operator (E.g., UDOP) that could act as a bottleneck in
the data flow graph. Such user-defined logic can be partitioned into number of lesser
overhead operators by following the Pipeline pattern. Pipelining has a larger communi-
cation overhead compared to parallelism because in the case of pipelining every tuple is
sent to every operator while in parallelization only portion of the tuples need to be sent
to parallelized operators. Nonetheless, we consider pipelining as further work for the
automated performance optimization techniques presented here. Third approach, fu-
sion achieves optimized performance by grouping several operators into a single process
which eliminates communication overhead associated with other approaches. In SPADE
applications this is achieved by making the stream connections between the operators
within the same PE container reduced to function calls [169]. Note that in current
Hirundo’s program transformer, we fuse each individual operator to a separate PE. This
section compares our automatic code transformation based optimization technique with
operator fusion.

SPADE language provides the key word partition which allows for specifying the PE
to which an operator should be bounded. Figure 6.27 (a) shows a code snippet of the
Apnoea application with operators partitioned to different PEs by using the partition
key word. An example operator partitioning of Apnoea is shown in Figure 6.27 (b). We
modified Hirundo to use operator fusion to generate sample applications. We used the
same Hirundo mechanism for evaluating the alternative approach because it allows us to
utilize the same sample application performance measurement infrastructure available
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Figure 6.27: An example operator PE partitioning scheme for Apnoea data flow graph.

with Hirundo, which leads for a fair comparison of our code generation algorithm with
operator fusion. These applications did not use any code transformations proposed
in this chapter, instead had operators grouped into different PE combinations. We
employed a set partitioning scheme based on a restricted growth function to generate
fusion patterns [39]. For VWAP, CDR, and Twitter applications this resulted in 52,
52, and 203 sample applications respectively (excluding the input application). These
sample applications were run for a short period of time, and their throughput information
were recorded similar to the evaluations conducted in Section 6.9.3. We plot each sample
application’s average throughput for three optimization runs in Figures 6.28 and 6.29
with X axis showing the sample program label. Note that we do not do program space
reduction in these experiments. However, in System S, PE profile information is used for
selecting the optimized fusion to be used (Similar to our code transformation method).
The labels follow a naming convention that resembles how the operators are fused to
PEs. E.g., The label vwap 1 1 2 1 3 1 4 2 5 3 indicates first, second, and third operators
(from top) in the sample program file is bounded to PE1. Fourth operator is bound to
PE2 while fifth operator is bound to PE3. We do not plot the results of Twitter in this
thesis because all of the sample applications for Twitter (204 applications) could not be
presented on a graph clearly due to the limited space. Furthermore, we do not conduct
the experiment with Apnoea and Bargain because they could produce 191 million and
4140 (minimum) large numbers of sample programs.
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Figure 6.28: Average throughput of applications generated with different fusion combina-

tions of VWAP application on cluster Y.

The evaluation results indicated that operator fusion is capable of producing higher
performance applications for all the three applications (VWAP, CDR, and Twitter)

100



6.10 Discussion

0

2

4

6

8

10

12

14

16

18

T
h

ro
u

g
h

p
u

t 
(B

\s
) 

T
h

o
u

sa
n

d
s 

Program Label 

Average throughput of applications generated with different fusion combinations for CDR application (Nodes=8) 

Figure 6.29: Average throughput of applications generated with different fusion combina-

tions of CDR application on cluster Y.

compared to their input applications. However, the sample programs produced by fusion
did not provide high performance as some of the sample programs produced by our
code transformation technique. For example for VWAP application any fusion based
application did not pass the 108KB/s average throughput level whereas, all the three runs
of the two high performing applications 4SCSV 24F AG F SI and 6SCSV 48F AG F SI
had more than 108KB/s with each reporting average of 130KB/s and 133KB/s. A
similar result was observed from CDR as well. The highest performing application
had 16.5KB/s throughput whereas 14 out of the 16 sample applications produced by
Hirundo had more than 25KB/s average throughput with highest 429.5KB/s (This is
26 times higher performance compared to the best performing fusion.). Out of the 203
fusion based sample applications produced for Twitter application, the largest average
throughput reported was 3.1KB/s while 8 sample applications out of the 26 produced
by Hirundo had average throughput more than 3.19KB/s with largest having 4.78KB/s
throughput. These results clearly indicated that our approach is effective for producing
high performance stream applications compared to a performance optimization approach
which only uses fusion. We conjecture the reason for such higher performance from our
approach is due to the ability of I/O bottlenecks elimination in parallel pattern. An
I/O bottleneck of a single operator continues to exist even if it gets fused with other
operators.

6.10 Discussion

This chapter described a methodology for automatic production of optimized stream
programs. Our method creates higher performance gains (31.1, 2.7, 2.2 times for CDR,
VWAP, and Twitter applications on cluster X. Also 30.27, 1.3, and 1.65 times for CDR,
VWAP, and Twitter applications respectively on cluster Y). We list down the data flow
graphs of the high performance sample applications on Appendix A.

While it is difficult to exactly characterize the structure of stream programs that
deliver high throughput, it could be observed from the experiment results that programs
with higher number of source operators and the programs with higher operator density at
the beginning of an operator graph tend to produce more throughput. This observation
further strengthens the discussion made in Section 4.4 of the thesis on stream application
workload characterization. Moreover, stream programs that had higher operator density
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in the middle part of their data flow graphs tend to produce less performance. One
can point out the fact that certain topologies of sample programs are favored by certain
SPADE optimizations leading to higher performance in execution. However, the way how
the operators are grouped during SPADE application compilation is at the discretion of
the SPADE compiler [145]. Hence Hirundo can help programmers to identify common
characteristics of high performance versions of their programs. Furthermore, we observed
that two transformation patterns 1-j-1 (j > 1; j ∈ N) and i-1-k (i > 1; k > 1; i,k ∈ N)
appearing at the beginning of the flow graph were effective in improving the performance
of the input application.

Theoretically, our program transformation algorithm can generate sample programs
with very large number of operators (An analysis of sample program spaces generated by
Hirundo was made in Section 6.8 of this chapter.). However, we have observed that an
upper limit of such transformations is imposed by the stream computing environment.
It should be noted that our program transformation method is capable of exploring the
whole set of possible sample program combinations by varying the value of d.

Use of K-Means clustering on sample program database is a promising approach for
finding performance characteristics of sample programs. However, in the current version
of Hirundo we do not use K-Means clustering for identifying sample labels with high
performance. Instead, we use performance difference of sample programs in different
optimization runs. We believe this approach is capable of pointing out specific sample
programs with consistent high performance. In this thesis we conducted K-Means clus-
tering only on linear DAGs. While a similar performance clustering experiment can be
conducted on multipath DAGs as well, we keep it as a future work.

Presently Hirundo’s Program Structure Analyzer can identify and transform a class
of stream programs which are made out of combinations of Source, Functor, Aggregate,
Join, Split, Sink, and UDOP operators. These seven types of operator blocks are suf-
ficient to create many useful real world stream applications such as the ones discussed
in this chapter. However, there are other stream applications with different BIOP types
such as Sort, Punctor, Barrier, etc. that we hope to integrate in to Hirundo’s program
analyzer’s grammar and transformation logic in future.

Path and mode based filtering has been effective in reducing the sample program
space of Apnoea and Bargain by significant sizes. Without any filtering, for a depth value
of 4, our code generator produced 1935 and 1583 sample applications for Apnoea and
Bargain respectively. Path and mode based filtering techniques reduced these program
spaces to 12 programs each. Therefore, these techniques are effective in eliminating a
large amount of unnecessary sample applications. However, there are certain exceptions
such as the sample program SCSV FOR S 4F 16AG 2F F J F SI FOR E of Bargain
application which could not be filtered effectively by mode based elimination. We are
investigating different other techniques for filtering such applications.

Current version of Hirundo’s program structure analyzer and transformation sup-
ports only transformation of stream programs DAGs. Moreover, Hirundo assumes that
programmer does not manually allocate node pools in his/her program (Node pool is a
SPADE language construct that allows manual allocation of operators to specific hosts.).
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While performance prediction mode of operation was able to identify high perfor-
mance sample applications compared to the input application, performance prediction
accuracy need to be improved. This is because we got lesser number of sample applica-
tions with consistent higher performance as can be observed in the second major column
of Table 6.3. Furthermore, when the complexity of the DAG increases, the accuracy of
the performance prediction degrades because the probability of locating a similar per-
formance application becomes less unless the same application has been optimized by
Hirundo before.

As mentioned in Section 6.9.1, the decision of use of two different compute clusters X
and Y with X being a high performance cluster is motivated by the fact that optimized
versions of a program may vary between different compute environments. This was
demonstrated through the results of Section 6.9.3.

6.11 Conclusions

This chapter described a mechanism for automatically transforming data flow graph of
stream programs to high performance, optimized versions. The stream program auto-
matic optimization methodology uses the notions of Tri-Operator transformation, Bi-
Operator transformation, transformer blocks, and operator block fusion for stream pro-
gram transformation. We implemented Hirundo, an optimization mechanism for SPADE
applications using Python.

For a transformation depth value of four (i.e., d=4) Hirundo created at least 25
sample programs with different performance levels for the input applications with linear
DAGs described in this chapter. With use of the path and mode based filtering, the
same transformation depth created twelve sample applications for Apnoea and Bargain.
Larger depth values produce even more sample programs. Therefore, we came to conclu-
sion that Hirundo’s program transformation algorithm (including Tri-Operator transfor-
mation, Bi-Operator Transformation and operator blocks fusion) is able to produce large
number of programs with variety of performance levels. The second conclusion that we
arrived at is our approach is able to produce SPADE programs with consistent, high
throughput gains for SPADE applications having linear and multipath DAG structures.
This was demonstrated by optimizing five real world stream applications which include
three linear DAGs and two multipath DAGs. Our method creates higher performance
gains (31.1, 2.7, 2.2 times for CDR, VWAP, and Twitter applications on cluster X. Also
30.27, 1.3, and 1.65 times for CDR, VWAP, and Twitter applications respectively on
cluster Y). Another conclusion we arrived at is that having large number of source op-
erators is likely to produce more throughput. Relatively high operator density in the
middle regions of a data stream graph may produce less performance, hence stream pro-
grammers should avoid creating such programs. These two conclusions are supported
by the observations made using K-Means clustering.

We compared our stream program performance optimization approach with an alter-
native method called operator fusion, and we observed that our approach is better for
improving stream program performance. With CDR application our method was able
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to out perform operator fusion by a factor of 26 times on cluster Y with 8 nodes.

6.12 Summary

A source operator graph transformation based technique for automatic stream program
performance optimization was described in this chapter. Section 6.1 provided an in-
troduction to the requirement of having auto-tuning techniques for stream job perfor-
mance optimization. The preliminaries such as the definition of terms for the rest of the
chapter’s content was presented in Section 6.2. A high level view of the optimization
methodology of Hirundo was described in Section 6.3. Next, the program transforma-
tion algorithms of the auto-tuning technique were described in Section 6.4. Transformer
blocks which are modularizations of operator blocks for automatic tuning process were
described in Section 6.5. Implementation details of Hirundo as well as the fault tolerance
mechanism of Hirundo were described in Sections 6.6 and 6.7 respectively. Sample pro-
gram space reduction and ranking techniques were described in Section 6.8. Evaluation
results were presented in Section 6.9 while a discussion of the observations made was
conducted in Section 6.10. Conclusions of the chapter were provided in Section 6.11.
The remaining two chapters of Part I of the thesis present extensions made for the auto-
matic code transformation algorithms described in this chapter. Next chapter describes
automated optimization of multiple stream jobs with software auto-tuning.
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7

Automatic Stream Query

Optimization in the Presence of

Multiple Stream Jobs

Compute clusters used for running large scale data analysis applications often run multi-
ple jobs simultaneously. Most of the data analytics described in Chapter 3 promote the
concepts of multitasking. However, the stream job performance autotuning techniques
described in the previous chapter were conducted in single application settings. This
chapter extends the code transformation algorithms described previously to the domain
of multiple stream job performance optimization. Section 7.1 provides an introduction
to the domain of multiple stream job performance optimization highlighting the research
problem addressed. Methodology followed during multiple stream job optimization is
described in Sections 7.2 and 7.3 respectively. The proposed optimization techniques
were implemented on a mechanism called Tahitica which is described in Section 7.4.
Experimental evaluation details of the multi-query optimization mechanism is given in
Section 7.5. A discussion of the experiment results is presented in Section 7.6. The
conclusions are presented in Section 7.7.

7.1 Introduction

In this chapter we extend Hirundo to the domain of multiple stream program opti-
mization. In Hirundo, the optimization was conducted considering only a single stream
application. However, the stream jobs’ performance can be further improved by con-
sidering features of several stream jobs. E.g., We may need to allocate some specific
operator to a subset of nodes since that operator might need some special hardware re-
sources (such as a multicore processor) that are not present in other hosts. Furthermore,
Hirundo’s optimization mechanism was centered around parallel streams pattern [233].
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This is a very important technique for stream job performance optimization since we are
living in the multicore era, where parallelization of serial code is essential for exploiting
the hardware architecture’s performance potential [288]. However, operator fusion is
another technique that leads to higher performance [145] that was not used in Hirundo.
Fusion achieves optimized performance by grouping several operators into a single pro-
cess which eliminates communication overhead associated with operator parallelization,
and pipelining. In this chapter we utilize both these techniques for automatic tuning of
multiple stream jobs.

We implement the automatic multiple stream query optimization methodology on
a mechanism called Tahitica 1. During the optimization process we first identify the
structure of each input stream query and represent it as a Directed Acyclic Graph
(DAG) [39]. In this DAG vertices represent query operators while edges represent the
streams that flow between the operators. We profile each application to obtain their
operators’ CPU cost information. If the DAG is a multipath DAG we select the path
with highest CPU cost for transformation. Next, for each path we identify the best
transformation patterns to be applied based on the path’s CPU usage information. The
selected code transformations are applied on the input programs to obtain transformed
stream applications. The operator blocks in the transformed applications are stitched
together to obtain the optimized versions of the stream applications. Once the sample
applications are generated, they are profiled in the runtime environment for a short
period of time (1 or 2 minutes) to identify high performance sample applications. Each
identified high performance sample application is used to create the optimized operator
graph fusion.

7.1.1 Input Applications

This chapter uses two input applications during the experiments of Tahitica which rep-
resent real-world stream processing applications. The first application is Apnoea [294]
described in the previous chapter. Data flow graph of this application is shown in Figure
6.3.

The second application is a Streaming Click Through Rate (SCTR) calculation ap-
plication (shown in Figure 7.1). Click-Through Rate calculation is very important appli-
cation in search advertising business. In online advertising the advertisers are charged
each time their ads are clicked [19] and this model is called pay-per-click revenue model.
Click-Through Rate (CTR) is defined as the ratio between the number of clicks an ad-
vertisement receives divided by the number of times the advertisement is shown (i.e.,
Ad impressions). The CTR calculation application in Figure 7.1 computes the CTR at
Functor 3 (F3). However, the application needs to filter out the invalid data tuples as
well as some clicks that are generated by invalid user accounts (potentially these ac-
counts can be considered as bots). These activities are conduced at the upper-half of
the data flow graph.

1Tahitica is the species name of the Pacific Swallow.
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Figure 7.1: Data flow graphs of example input stream applications

7.2 Sample Program Generation via Automatic Code Trans-

formation

As mentioned previously, the code transformation algorithm of Tahitica generates many
sample applications using the input application’s DAG. The code transformation is con-
ducted focusing its rays. The transformation of the data flow graphs is conducted in
two directions, hence we call it 2D Transformation. The methodology followed during
the code transformation is shown in Figure 7.2.
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Figure 7.2: Methodology of Tahitica

Input to Tahitica is a collection of stream programs each having sample input data
file(s) and meta-data stored in configuration files. Each input program is analyzed using
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a custom grammar to identify operator blocks. After Tahitica identifies all the operator
blocks present within the input program it constructs a DAG where each operator is a
node and streams that connect operators are edges.

The constructed DAGs along with the operator profiling information are used during
the optimization process. User can specify the optimization goal before the optimization
process begins in terms of expected throughput increase (E.g., 2 times, 3 times, etc.).
During run time Tahitica generates a sample program space with initial depth value (d).
Also it runs the input application in the environment for a short period and obtains
each operator’s profile information (CPU usage, memory usage, and network I/O data
rates). These profile information along with previous optimization run information are
used to select a subset of sample programs (U1). The selected programs are compiled
in parallel in distributed node cluster. Then each sample application in U1 are run
in the intended environment for a time window of Wt. A ranked list of programs R1

(R1:R1 ⊂U1; |R1|=m; m < n) is selected based on the performance results obtained by
running the programs. based on the performance results obtained, Tahitica determines
whether the optimization goal is achieved or not. If the optimization goal is not met, it
increases the transformation depth by 2 and transforms the input application using the
same transformations used to generate the R1 sample programs. The generated sample
programs are compiled as previously, run in the environment for Wt time to obtain their
performance. Similar to previous run, a ranked list of programs are selected, and is
compared whether the optimization goal is achieved or not. This process is continued
until the performance optimization goal is met or a less performance was obtained for
newly generated sample applications.

Next, Tahitica selects the best performing sample applications for each input appli-
cation and constructs a unified stream application template. Sample program selection
is based on the fact that the program provides high consistent performance. During the
selection process we use three latest calibration session’s data per input application. The
constructed application template is transformed with Fusion Transformation to create
different operator graph fusion layouts (We call these secondary sample applications).
Each secondary sample application is run in the intended stream processing environment
to obtain their performance characteristics and a ranked secondary sample program list
is output from Tahitica.

7.2.1 2D Transformation

The code transformation algorithm of Hirundo described in the previous chapter was
conducted using only single depth value which determined the extent to which a flow
graph is transformed. Furthermore, in the case of multipath DAGs the code transforma-
tion was conducted on the most expensive ray on the most expensive path in terms of
CPU usage. In Tahitica we extend this code transformation algorithm further by trans-
forming stream data flow graph along the most expensive path. That means in Tahitica
it is possible to transform more than a single ray on the most expensive path. We intro-
duced a parameter called “Traversal Depth” that can be provided with the meta-data of
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(a) 
F2 

J1 
U

1 
AG

2 

S2 

SI 

F1 S1 

AG

1 

J2 F3 

F1 S1 

F2 

J1 

U

1 
AG

2 

S2 

SI 

AG

1 

J2 F3 

J1 

F1 S1 

F1 S1 

F

2 

J

1 U

1 

A

G

2 

S

2 

S

I 

A

G

1 

F

3 

J

1 

F

1 

S

1 

F

1 

S

1 

Number of Join operators is equivalent to the 

transformation depth 

U

1 

A

G

2 

J

1 

J

1 

S

I 

F

3 

(b) 

(c) 

- A candidate ray (stencil) 

- Junction 

- Transformed operator block 

- Transformer block 

Figure 7.3: 2D Transformation of Tahitica
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the input application. Program transformation of Tahitica happens through the costliest
path on a multipath DAG until it reaches the Traversal depth. This process is shown in
Figure 7.3. The code transformation algorithm of Tahitica is further illustrated in the
activity diagram shown on Figure 7.4.
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Figure 7.4: Overview of the program transformation of Tahitica.

7.3 Optimization of Multiple Stream Jobs

Once the input application’s corresponding sample applications are generated they are
calibrated in the intended runtime environment for a short period to identify the best
performing sample applications. The optimization process of multiple stream jobs starts
with selection of the best performing sample application for each input application. Next,
Tahitica creates a “unified sample application template” by merging the SPADE code
of these sample applications. Furthermore, Tahitica counts the number of rays available
on the unified sample application template and uses this number for generating a col-
lection of set partitions. These set partitions represent combinations of rays identified
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in the previous step. Using these set partition schemes operator partitions are created.
The generated operator partitions are used to create secondary sample applications. A
secondary sample application essentially has the same structure as the unified sample
application template. However, its PE allocation layout is chanced based on the set
partitioning scheme. In the current implementation of Tahitica we allow user to specify
beforehand the number of secondary sample applications (say N) to be generated since
the number of set partitions generated can be very large. Then it selects N number
of set partitioning schemes randomly and generates the secondary sample applications.
The evaluation section of this chapter lists performance results of 21 sample applications
that were generated by following the aforementioned method.

7.4 Implementation

Tahitica is implemented using Python programming language by extending the Hirundo
mechanism. Similar to Hirundo, Tahitica has two major components called Main module
and Worker module. Architecture of Tahitica is shown in Figure 7.5.
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Figure 7.5: Architecture of Tahitica

Tahitica has been developed targeting stream programs written using SPADE lan-
guage. Therefore, Tahitica depends on System S and SPADE compiler during its opera-
tions. Tahitica uses an SQLite database to store its information. Main module has been
separated into ten sub modules based on different functionalities they handle.

7.5 Experimental Evaluation

We evaluated the performance of the sample applications generated individually by
Tahitica as well as the generated unified single stream job on a cluster of four com-
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pute nodes (Cluster X described in Table 6.2).
We first ran Tahitica in the calibration mode of operation. In this mode of operation,

Tahitica runs the entire sample applications space (each sample application for a short
period of time) generated during the optimization run and records their performance in
the performance database. The performance results are shown in Figures 7.6 and 7.7.
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Figure 7.6: Comparison of three optimization runs (Opt run 1,2,3) of the Apnoea appli-

cation using equal optimization parameters (transformation depth (d) = 2, traversal depth

= 1).

Next, we ran Tahitica in the multiple stream optimization calibration mode. In this
mode of operation Tahitica selected two sample applications (SCSV 2F SCSV F AG 2J
U AG J F SI for SCTR and SCSV F AG F F 2AG 2F F AG F J J SI for Apnoea) which
produced high throughput compared to their corresponding input applications (These
two sample applications produced consistent high throughput as can be observed from
Figures 7.6 and 7.7.). These two applications were used for multiple stream query opti-
mization phase of Tahitica which generated 21 sample applications (We set the value 21
in advance as a parameter for the optimization phase). Since the optimization was run
in the calibration mode, Tahitica ran each secondary sample application produced in
the environment for a short period of time and gathered their throughput performance
information. These results are shown in Figure 7.8.
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7.6 Discussion

From the individual sample application calibration sessions we observed that several sam-
ple applications were able to produce consistent high performance compared to the input
applications. E.g., SCSV 2F SCSV F AG 2J U AG J F SI produced high throughput
compared to the input SCTR application when considering the entire three optimization
runs. In the case of Apnoea SCSV F AG F F 2AG 2F F AG F J J SI produced consis-
tent high throughput performance compared to the input application. This shows that
our optimization mechanism is able to produce high performance stream applications.

Furthermore, from the multiple stream job optimization session that created a hybrid
stream job by merging the top two optimized sample applications from Apnoea and
SCTR we observed that the unified job 1 1 2 1 3 1 4 1 5 1 6 1 7 2 8 3 produced high
throughput performance compared to the other applications. The average throughput
measured was 34,448B/s (33.64KB/s). The optimized fused job was able to produce high
throughput almost in par with the optimized jobs from Apnoea 34,466B/s (33.65KB/s),
and SCTR 179.8 B/s. Note that the notation used in the above unified secondary
sample application does not represent the operator arrangement of the secondary sample
application. It is just a representation of how the operator blocks are bound to PEs. E.g.,
The label unified job 1 1 2 1 3 1 4 1 5 1 6 1 7 2 8 3 indicates first to sixth operator sets
(from top to bottom) in the sample program file is bounded to PE1. Seventh operator
is bound to PE2 while eighth operator is bound to PE3.

There are several limitations for our current Tahitica mechanism that we list here.
First, the grammar of Tahitica is limited to sub set of SPADE language. Presently
Tahitica’s Program Structure Analyzer can identify and transform a class of stream
programs which are made out of combinations of Source, Functor, Aggregate, Join,
Split, Sink, and UDOP operators. These seven types of operator blocks are sufficient
to create many useful real world stream applications such as the ones discussed in this
chapter. However, there are other stream applications with different BIOP types such as
Sort, Punctor, Barrier, etc. that we hope to integrate into Tahitica’s program analyzer’s
grammar and transformation logic in future. In the current prototype we assume that
the sample programs with individual highest performance works better even when they
are fused into one unified job.

Furthermore, we plan to create a more sophisticated optimization mechanism for
Tahitica’s multiple stream job optimization algorithm in future based on graph parti-
tioning. Specifically we hope to use the profiling information of each operator to create
feature vectors, which can in turn be used to solve a multi-constraint graph partitioning
algorithm. Such technique could point out better unified sample jobs than the current
random selection technique.

7.7 Conclusions

This chapter described a methodology for automatic production of optimized multiple
data stream graphs. Our methodology is based on concepts of operator parallelization
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and operator fusion. The code transformation algorithm that we developed is based
on a concept called 2D Code Transformation which involves two main transformation
parameters (Transformation Depth and Traversal Depth). We used code transforma-
tion notions: Uni-operator transformation, Bi-Operator transformation, Tri-Operator
transformation, transformation blocks, and operator block fusion for stream program
transformation. We implemented the optimization methodology on a mechanism called
Tahitica and evaluated its feasibility.

We observed that our multiple stream job performance optimization mechanism is
able to create optimized unified stream processing jobs using multiple stream applica-
tions. We demonstrated this by using two real world stream applications: SCTR and
Apnoea. Tahitica was able to produce a high performance unified stream job with aver-
age throughput performance of 34,448B/s (33.64KB/s) using the two input applications.

7.8 Summary

Automatic tuning of large scale data analysis applications in the context of multiple
parallel jobs is an important area of data analytics optimization. This chapter provided
a technique for conducting such multiple data stream job performance optimization by
extending the automatic code generation and transformation algorithms described in the
previous chapter. Section 7.1 provided an introduction to the area of multiple stream job
optimization. Methodology followed for multiple stream job optimization was described
in Sections 7.2 and 7.3 respectively. We implemented the proposed multiple stream
job performance optimization on a mechanism called Tahitica. The implementation
details of Tahitica was given in Section 7.4. Evaluation of the proposed approach was
described in Section 7.5. A discussion of the proposed approach and the experiment
results was made in Section 7.6. Conclusions were presented in Section 7.7. The next
chapter describes performance maintenance of stream application in the presence of crash
failures in a stream processing environment.
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8

Stream Program Performance

Recovery in Resource Limited

Compute Clusters

System failures are frequent in large scale compute systems used for conducting large
data analysis. Crash failures introduce huge challenge for many organizations who con-
duct data analysis activities in their own compute clusters. Maintaining a decent level of
performance is of utmost importance for achieving the Service Level Agreements (SLAs)
defined on these systems. This chapter introduces a new technique for performance main-
tenance of data stream jobs, using the existing compute resources during crash failures.
The chapter extends the code transformation techniques described in Chapter 6 to the
domain of stream job performance maintenance. Section 8.1 provides an introduction
to stream job performance maintenance during crash failures. Methodology followed for
performance maintenance is described in Section 8.2. Sample program ranking algo-
rithm used for selecting appropriate sample applications for performance maintenance
is described in Section 8.2.1. Program switching model is explained in Section 8.2.2.
Load shedding technique used during drastic node failures is described in Section 8.3.
Implementation details of the performance maintenance mechanism (Albatross) is de-
scribed in Section 8.4. Details of how to eliminate single point of failure in Albatross
is described in Section 8.5. Experimental evaluation of the performance maintenance
approach is described in Section 8.6. A discussion of the evaluation results is presented
in Section 8.7 before providing conclusions in Section 8.8.

8.1 Introduction

Highly availability is one of the key challenges faced by large scale data analysis software
systems such as stream processing systems in providing continuous services. Operating
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system halts, power outages, virtual machine crashes, etc. are some examples for crash
faults which may paralyze or take an entire application out of service. Crash faults
introduce huge system downtimes and financial losses because those take more time to
recover since some of those need direct intervention from system administrators [173].
Physical replication is currently the widely adapted solution for recovering from crash
faults in stream computing systems [170]. These techniques require k replicas to tolerate
up to (k - 1) simultaneous failures [300]. Maintaining such large number of backup nodes
costs a lot in terms of electricity, rack space, cabling, and ventilation.

A possible solution is to balance local stream processing load with public cloud (i.e.,
use of Hybrid Cloud [301]) which allows for maintaining stream program performance
[218][219]. Yet such approaches require access to public clouds which makes it impossible
to use such solutions in certain applications. For example, if the stream application deals
with sensitive information (e.g., health care [302][303], national defense, etc.) it would
be very difficult to follow such solution. Certain stream processing systems have license
and software issues [219] which makes it impossible to deploy them in hybrid cloud
environments.

In the previous two chapters of this thesis we observed that data flow graphs tend to
maintain similar shaped performance curves (i.e., similar performance characteristics)
within similar stream environment conditions [165]. This is an indication that relative
performance of such data stream graphs is a predictable quantity.

Considering the infrastructure costs associated with replication approach for main-
taining performance and the limitations of the aforementioned alternatives, we introduce
a different, more efficient solution for maintaining stream program performance which
is applicable in resource limited stream computing clusters. Our solution is based on
automatic code generation and stream workload shedding [304]. For a given stream
program that is to be deployed in the node cluster we generate a variety of data flow
graphs (i.e., “sample programs”) with each giving different performance characteristics.
Sample programs (one per input program) with consistent high throughput performance
compared to the input programs are selected and run in the cluster. During a node fail-
ure (e.g., system crash/shutdown) which affects a sub set of nodes in the cluster, our
approach evaluates potential of performance maintenance of stream applications. Then
it introduces different sample applications which produce better performance in the new
environment. Our approach assigns priority to each input program and tries to main-
tain performance of high prioritized programs. During a drastic failure which reduces
system resources considerably Albatross conducts stream workload shedding along with
the automatic code generation to maintain the performance of the applications.

We implemented our proposed approach on Albatross1, which is a middleware that
monitors the performance status of each node and the stream processing jobs. Albatross
switches between different sample program appropriately to respond to the changes that
happen in the node cluster.

1Albatross is a large seabird which is among the largest flying birds. Albatrosses are highly efficient

in the air and they can fly great distances with little exertion.
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8.1.1 Resource Limited Stream Compute Clusters

While our approach can be applied in public compute clusters, dynamic resource alloca-
tion has become a great problem in resource limited small (typically private) compute
clusters. What we mean by use of the term “Resource Limited Stream Compute Clus-
ters” is a compute cluster with fixed set of nodes which cannot be expanded dynamically.
Our emphasize is on the number of available nodes rather than the amount of available
resources in a particular node of such cluster because we believe that it does not mat-
ter how much resources a node has if it crashes suddenly. Such compute clusters are
widely run by financial, academic, and healthcare [294] institutions that operate variety
of stream processing applications. An important feature of these clusters is that it takes
considerable amount of time to replace a defected node in such private clusters compared
to public clusters (e.g., Amazon EC2) which can easily provision nodes on demand. We
believe that our approach for performance recovery is best applicable to such resource
limited clusters.

8.2 Approach for Performance Maintenance

We formerly define our approach below. The notation used in our description is explained
in Table 8.1.

Table 8.1: Notation.

Notation Description

EN Stream processing environment with N nodes. (N > 1)

S Set of input stream programs. (|S| = n, n>0)

u Performance margin for stream processing environment E. (u∈{0, ..., 100}, u∈R+). This

value is calculated by Albatross using current performance information of E.

m A performance window set by user. (m∈ {0, ..., 100}, m∈R+)

Mi Input stream program priority margin. (∀i, j where i,j∈N, Mi,Mj∈R+, i,j∈{0,...,(n-1)}, i,j∈N,

Mi 6=Mj ,
∑n−1

i=0 Mi=100). Priority margin is used for ranking input programs based on their

importance. This value need to be specified by user prior running Albatross.

r Calibration run. If r = 0 it is a normal mode run. When Albatross is deployed in its usual

operation its called normal mode run.

P
(r)
S Sample program set generated for S during calibration run r. (r∈N, r6=0). A calibration is

a running of entire sample program space with the intention of obtaining the performance

information.

P
(0)
S Sample program set generated for S during normal mode run. Here 0 in P

(0)
Si

represents a

normal mode run of Albatross.

XN Selected sample program set. (XNi
∈P

(0)
Si

, |XN | = n, |XNi
| = 1)

perf(x) Predicate for performance (e.g., throughput, elapsed time, etc.) of sample program x

Given an EN which receives a steady flow of input data streams, a set of input
programs S each having a priority margin Mi, a set of sample programs generated during
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past calibration sessions (each represented as r) of S programs denoted by P
(r)
S , Albatross

generates P
(0)
Si

for each Si (i ∈{0,...,(n-1)}, i∈N). Then it selects sample program set XN

considering the empirical performance information of each P
(r)
Si

, compiles and runs them
in EN . The algorithm that selects each sample program XNi is described in the next
section.

During a sudden node failure which results in a different environment EN ′ with N’

nodes (N’<N; N’>0), Albatross selects XN ′ (XN ′i
⊂P

(0)
Si

, |XN ′ | = n, |XN ′i
| = 1) sample

programs if Mi≥(u+m) and compiles them. Then Albatross cancels the programs XN

and starts running both XN and XN ′ program sets in EN ′ (with N’ nodes) for a time
window of Wt. For each program XNi and XN ′i

, perf(XN ′i
) is compared with perf(XNi)

in the context of EN ′ . Programs with highest performance for each i is kept running
and the other jobs are canceled.

When the crashed nodes come back online, EN ′ changes back to EN . Therefore, the
programs XN ′i

are switched back to XNi .

8.2.1 Program Ranking Algorithm

It should be noted that the sample program sets generated by Albatross are not expo-
nential. E.g., For VWAP for a transformation depth of 4 it produces only 24 sample
applications. As described in Chapter 6, Transformation depth is a non-zero integer
which denotes the extent to which the input application’s data flow graph is expanded
[165]. Albatross uses the same program generator from Hirundo which was presented in
Chapter 6.

Albatross uses empirical performance information gathered from previous calibration
sessions to estimate which sample program version should be the best match for the
stream processing environment E. Note that in the case of System S it is assumed that the
operator placement decisions will be the same for multiple runs of a particular program
on a specific node configuration. The Algorithm 1 describes the selection process. To
maintain brevity we describe only the algorithm’s inputs and outputs below.

Input to the algorithm is the application’s name (this is the name assigned to a
SPADE application under its Application meta-information tag [Application]), the
structure of the input stream application G (G is a directed graph where each operator is
represented as a vertex, and each stream that connects two operators is represented by an
edge), transformation depth of the calibration run (i.e., d) and the number of nodes that
are currently available on the stream processing environment. As the output, algorithm
selects the first sample program which has higher average throughput compared to the
input stream application, and has a higher minimum throughput relative to maximum
throughput of the input application (lines 24 - 29).

If it could not find a suitable label then it reduces the restrictions, and tries to select
the sample program label which has higher average throughput compared to the input
application (lines 30 - 37). If this attempt also fails the algorithm returns the input
application’s name (appname) as the sample application label since the algorithm needs
to specify at least one application label (XNi) that should be run in the environment.
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Note that a label is an identification string (The naming convention of such sample
programs is described in Section 6.9.2).

Only the latest three calibration run results for sample program selection algorithm
are selected since a sample program produces similar performance behavior across mul-
tiple runs in the same stream computing environment. Selection of the sample program
labels are conducted in two steps (in lines 24 - 29 and in lines 30 - 37). The programs are
selected by considering the fact that having higher minimum throughput than the in-
put application’s maximum throughput, do have a higher probability of producing higher
throughput compared to a decision made considering only the average throughput values
(lines 24 - 29).

 

 
  

1:   optrunDict ← getLatestThreeOptrunIDs(appname, G, depth, nodes) 

2:   for  all optrun   in  optrunDict   do 

3:      perfDict[optrun] ← getPerfInfoForOptrun(optrun) 

4:   end for 

5:   labelDiffTable ← {} 

6:    for all optrun in perfDict do 

7:            for all label in optrun do 

8:                 labelDiffTable[label].append(optrun[label]) 

9:            end for 

10:  end for 

11:  inputStat ← Ø 

12:  labelPerfStat ← {} 

13:  for all label in labelDiffTable do:  

14:      labelPerfStat[label].range ← range(labelDiffTable[label]) 

15:      labelPerfStat[label].average ← average(labelDiffTable[label]) 

16:      labelPerfStat[label].min ← minimum(labelDiffTable[label]) 

17:      labelPerfStat[label].max ← maximum(labelDiffTable[label]) 

18:      if label is Input App then 

19:         inputStat ← labelPerfStat[label] 

20:      end if 

21:   end for 

22:   sortByRangeAsc(labelPerfStat) 

23:   selectedLabel ← Ø 

24:   for all label in labelPerfStat do:  

25:      if label.min > inputStat.max then 

26:          selectedLabel ← label  

27:          break 

28:      end if  

29:   end for 

30:   if selectedLabel = Ø then 

31:       for all label in labelPerfStat do:  

32:           if label.average > inputStat.average then 

33:               selectedLabel ← label  

34:               break 

35:          end if  

36:       end for 

37:   end if 

38:   if selectedLabel = Ø then 

39:           selectedLabel ← appname 

40:  end if 

41   return selectedLabel 

Input : Input application’s name (appname), structure of the input stream  

             application (G), transformation depth (d),  number of nodes (nodes) 

Output : Replacement sample program (selectedLabel) 

Description :  

Algorithm 1: Selection of Replacement Sample Program 

/* Get sample program performance details */ 

/* Aggregate throughput information for each label */ 

/* Sort labels ascending order using range values */ 

/* Find range, average, */ 

/*   min, max throughput */ 

/*     values for each group */ 

/* Select sample program with higher average  */ 

       /* throughput compared to the Input app*/ 

/* If could not find a suitable app, */ 

/* select using average throughput */ 

/* If no suitable app found then return the input app*/ 
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8.2.2 Program Switching Model

A program switching model is employed to remove programs (starting from low priority)
during drastic node failures that makes the remaining nodes fully or close to fully utilized.
The elimination model is formed by Cartesian product of resource availability functions
(u). If availability of a resource such as total amount of memory, total amount of CPU,
etc. is denoted by p(y) and program switching function (binary) is given by φ(x),

p(y) =
(current level of resource y)

(initial level of resource y)
(8.1)

u = 100×
∏

p(y) (8.2)

φ(x) =

{
1 [Mi − (u+m)] > 0

0 otherwise
(8.3)

Current implementation of Albatross uses only two resource availability variables:
RAM availability (p(R)) and Node availability (p(N)). Hence Equation 3 can be simpli-
fied to,

φ(x) =

{
1 [Mi − ((p(R)× p(N)× 100) +m)] > 0

0 otherwise
(8.4)

Successful operation of stream processing systems largely dependent on main mem-
ory availability. Node availability was also introduced to the program switching model
because p(N) directly reflects not only p(R), but also other resource availability metrics
such as CPU availability, network availability, etc. on a homogeneous cluster. This
results in simplified parabola shape u for which users of Albatross can easily specify the
priority value m before running Albatross.

8.3 Load Shedding for Drastic Node Failures

Our code generation approach as it is faces issues when large number of applications
demand maintenance of higher performance [284]. A solution that we introduce for this
issue is incremental load shedding. Load shedding is a well-known technique employed for
removing additional load from a system in order to keep query processing up according
to the input arrival rates [304]. We implemented random load shedding on Albatross
at two levels (called L1 and L2). Load shedding is conducted considering the priority
level (Mi) of each application. The Albatross code generator places a special set of
operator blocks (we name those as Valves) at the starting point of each ray. Such Valve
arrangement keeps minimum overhead on the transformed operator graph. Furthermore,
we get lesser impact of load shedding on the results when we drop tuples at ray level,
rather than dropping the tuples at the gateway from the very beginning.

At the L1 level the load shedding is done on the most costly ray on the DAG. The
load shedding decisions are made at the Gateway component. Based on the decisions,
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Figure 8.1: System Architecture of Albatross.

the Valves are informed with special data tuples (we call them as beats) to drop the
tuples at a specific frequency. The Valves send an acknowledgment back to the Gateway
module with a time stamp embedded. When the system resources reduces further below
a threshold, the Gateway starts shedding tuples of low priority applications. When
the system resources plummet further below the level that even load shedding cannot
sustain, the applications are removed from the execution stage starting from the low
priority applications.

8.4 Implementation

Albatross prototype was developed using Python. Architecture of Albatross is shown in
Figure 8.1. The input to Albatross is a collection of directories each with an input stream
program. Each program is associated with a configuration file which lists information
such as transformation depth (d) of the input program, the priority margin (Mi), etc.

Albatross was developed for performance maintenance of stream programs written
in SPADE language. Therefore, Albatross depends on System S and SPADE compiler
during its operations. System S is dependent on a shared file system such as Network
File System (NFS), General Parallel File System (GPFS), etc. since home directories of
install owner and Streams instance owner of System S must be on a such shared file sys-
tem [232]. However, Albatross does not use NFS as a secondary storage for calibration
of stream programs to avoid potential performance bottlenecks. The experiments con-
ducted using Albatross were supported by StreamFarm: the stream workload generator
platform described in Chapter 5. Hence Albatross does not depend on any significant
file I/O during its operations. An SQLite database is used to store Albatross’s infor-
mation. Brief descriptions of important components of Albatross are described in below
subsections.
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8.5 Elimination of Single Point of Failure

8.4.1 Runtime Orchestrator

Runtime Orchestrator module monitors health of the cluster using periodic heartbeat
messages (i.e., ping messages). If a node crash was detected, the Input Gateway is
informed to start the tuple buffering process. Next, the System S runtime is stopped
and the defected node is removed from the node list of System S instance configuration.
After this System S is restarted on the remaining nodes and the sample programs selected
by Albatross’s program ranking algorithm and the original programs are run in the
environment for a short period to select the best versions to be deployed. Next, the
programs not selected are stopped and removed from the environment. Finally, the
buffered data tuples are directed to the chosen applications.

8.4.2 Gateway

All the data streams that go into the sample applications and all the data streams that
come out of the sample applications travel through the module called Gateway. The
Gateway is used for measuring the data rates of the streams as well as incremental load
shedding. The data rate information is used by Program Version Selector to switch
between the sample programs that are suitable for a particular environment (EN ). How-
ever, in the experiments described in Section 8.6, we utilized the data rate reporting
mechanism of StreamFarm to obtain the data rate information.

Furthermore, the Gateway buffers the tuples in memory, while Albatross conducts
sample programs switching. After the appropriate sample programs are selected the
buffered tuples are released to System S jobs before the incoming tuples are served.
When the buffer gets emptied the incoming tuples are directed to System S jobs rather
than adding them to the tail of the tuple queue. The gateway of Albatross is located on
multiple nodes.

8.5 Elimination of Single Point of Failure

Albatross is controlled by the main module. If the node with the main module crashes
the entire Albatross system also crashes since there was no way of re-instantiating the
Albatross main module. This issue was solved by interfacing Albatross with Apache
Zookeeper [176]. We implemented an algorithm that selects a candidate, live node from
the node cluster and instantiates Albatross. The overall process of single point of failure
recovery for four node cluster is shown in Figure 8.2.

In this method, a Zookeeper instance is created in all the nodes when Albatross starts
its operation. Also all the workers register themselves with Zookeeper service, and keep
on monitoring the Zookeeper for changes happen to the main node. When the main
node faces a crash failure (Like Node 1 in Figure 8.2 (b)), its Zookeeper subscription
gets erased from the Zookeeper’s registry. This event is detected by the Workers of the
live nodes. The Workers start bidding on the Zookeeper service to become elected as the
next main node. The winner announces itself on the registry (as “recoverycandidate”)
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Figure 8.2: Recovery process from single point of failure.
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and waits for others to recognize the event. Next, the winner starts new Albatross
instance on the node (Node 3) that it runs on. Note that on Figure 8.2 (b) the status
on the registry is shown as running, because even though the worker on Node 1 gets
crashed, other workers were running so that the new Albatross instance (on Node 3) can
acknowledge the fact that it is a single point of failure recovery. Results of evaluation of
main node crash are shown in the Section 8.6.4.

8.6 Experimental Evaluation

8.6.1 Experimental Setup

Two compute clusters (lets call them A and B) of Linux Cent OS release 5.4 installed with
IBM Infosphere Streams version 1.2 and Python 1.7 were used during the experiments.
Each node in cluster A had a Quad-Core AMD PhenomTM9850 processor, 512 KB
L2 cache per core, 8GB memory, 160GB hard drive, 1 Gigabit Ethernet (The same
node cluster Y described in Table 6.2.). Each node of cluster B had a dual core AMD
OpteronTMProcessor 242, 1MB L2 cache per core, 8GB memory, 250GB hard drive,
1Gigabit Ethernet. We used SQLite version 3 as Albatross’s database and cluster B had
JRE 1.6.0 installed. Both the A and B clusters were reserved for running only these
experiments during the experiment period.

8.6.2 Evaluation of Stream Program Performance Variation

In the first half of the evaluations Albatross was modified not to respond to crash failures
and ran two sample applications of Regex and VWAP on Cluster A. Then we crashed
two nodes which left only 6 operational nodes. The two applications showed different
characteristics after the crash (See Figure 8.4). In the case of regex the throughput
dropped from an average of 84.16KB/s to an average of 21.38KB/s, a reduction of
average data rate by 74.6%. In the case of VWAP application it completely stopped
outputing data. Therefore, we observed that for certain applications, crash faults result
in no output of data from System S. Some other applications output data at a reduced
rate, but might produce different outcome than what is expected. In both the scenarios
an explicit intervention like done by Albatross is needed to restore the performance.

In the second half of the experiments Albatross was run in the calibration mode
with VWAP application in cluster A with 8 nodes. The results of six calibration
runs are shown in Figure 8.3. We observed that certain applications produce sim-
ilar performance behavior across the six experiments (E.g., SCSV 6F AG F SI) and
some applications produce higher performance compared to the input application (E.g.,
8SCSV 6F AG F SI). This indicates that our program transformation method generates
sample programs with consistent yet different levels of performance.
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8.6.3 Evaluation of Performance Recovery Process

The VWAP, Regex, and Apnoea applications were calibrated by Albatross for three
times prior the experiment for each node configuration (i.e., 8 nodes, 6 nodes, etc.).
After the calibrations were complete, the three applications were submitted to Albatross.
Albatross and System S were run in the cluster A, while StreamFarm was ran on cluster
B to avoid potential interferences. StreamFarm allowed us to maintain a steady, high
data rates throughout the experiments which gave us great support compared to file
based methods that we used in Chapters 6 and 7 [165].

While in the middle of the experiment run, two nodes were crashed. The resulted
throughput curves are shown in Figures 8.5 and 8.6. We observed that for Regex ap-
plication (See Figure 8.5) the new sample program introduced for 6 nodes environment
(SCSV 4F 8F 4F 4SI) was unable to produce a higher throughput compared to ini-
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Figure 8.5: Recovering performance of Regex application during two consecutive node

crashes.

tial sample application (4SCSV 4F 4F 2F 2SI) hence it’s execution was canceled. The
previous sample application (4SCSV 4F 4F 2F 2SI) was run in the environment since
Albatross could not find a better version of the Regex sample applications to run, yet
we get only partial degradation of the Regex stream job’s performance despite loss
of two nodes. However, in the case of VWAP application (see Figure 8.6 (a)) Alba-
tross’s choice was much more accurate and performance of the new sample application
(8SCSV 48F AG F SI) resembled almost the same performance of initial sample applica-
tion (8SCSV 64F AG F SI). Note that Regex application consists of a chain of Functors
where as VWAP application has an Aggregate operator that outputs data after gather-
ing a group of tuples. Hence the wavy curve of VWAP application compared to Regex
application is formed by the aggregation operation done by VWAP. The temporary high
throughput rise in both the graphs are due to the excess tuples during the release of
buffered tuples just after completion of recovery process. For Apnoea, the new sample ap-
plication SCSV F AG F F 4AG 4F F AG F J J SI was able to restore the performance
(with a partial degradation) while the initial sample application could not produce any
output.

During the rest of the experiment we used only Regex and Apnoea applications.
We used the full functionality of Albatross as with the previous experiment. After
the first crash we allowed sufficient time for the recovery process and then crashed an-
other two nodes. The results are shown in Figure 8.5 and in Figure 8.6 (b). after the
second crash we observed that for the Regex application, the initial sample program
(4SCSV 4F 4F 2F 2SI) was unable to restore the performance with 4 nodes and the job
was undertaken by (4SCSV 8F 4F 4F 4SI) which was able to produce almost the same
throughput of the initial program with 8 nodes. In the case of Apnoea application,
the new sample application (SCSV F AG F 2F 2AG 2F F AG F J J SI) could not re-
store the performance. Hence the previous sample application was deployed to maintain
performance with 4 nodes cluster.

8.6.4 Evaluation of Single Point of Failure Recovery Process

In a separate experiment with 6 nodes, we crashed the node with the main module.
The resulting data rate behavior of the Apnoea application is shown in Figure 8.7. It
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Figure 8.6: Performance recovery process when (a) two nodes were crashed for VWAP (b)

two consecutive node crashes for Apnoea

can be seen that the data rate dropped suddenly after the crash and Albatross started
rescheduling process. After about 6 minutes the Apnoea application is deployed again
in the node cluster and the data rate becomes stable in about 1.5 minutes later. This
indicates that Albatross is able to recover from such single point of failures.

8.7 Discussion

From the evaluation results it was clear that Albatross is able to restore the operations
back to the normal level (e.g., VWAP on 6 nodes, Regex on 4 nodes, and Apnoea on
4 nodes) or at least run the jobs with relatively less performance yet with a guarantee
of the correctness of the execution (e.g., Regex on 6 nodes, and Apnoea on 6 nodes).
Furthermore, Albatross was able to restore performance even when half of the nodes in
the cluster were crashed (e.g., Apnoea and Regex each on 4 nodes).

This chapter illustrated that automatic code generation is an effective approach for
maintaining performance of stream processing jobs. We believe this was successfully
demonstrated in the previous section through the evaluation results. However, there
are many further work and limitations of the current prototype. One of the limitations
is the types of input stream applications that the current prototype can support is
limited since Albatross’s grammar represents a subset of the constructs of the SPADE
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Figure 8.7: Output data rate variation of Apnoea during the recovery process when the

main node has been crashed.

language. Current version of Albatross discards the state of the operators during a crash
recovery. This is because SPADE language does not support state retrieval/injection of
BIOPs. Only UDOPs have such facility. Furthermore, data rate might not produce the
correct picture of performance of certain stream applications. E.g., An application that
aggregates tuples may emit one tuple per minute irrespective of the number of nodes that
serve data for the aggregate operator. Moreover, it takes considerable amount of time
(Rounded average recovery times: 6 minutes for VWAP, 3 minutes for Regex application,
and 5 minutes for Apnoea) to restore the normal operations of all the stream jobs. Most
of this time is spent for orchestrating the System S runtime (start/stop System S runtime,
reschedule PEs) which accounts for significant time compared to Albatross’s scheduling
algorithm. While the time period might be different for some other stream processing
system, we hope to investigate on how to reduce this time period. The release of tuples
buffered by Albatross temporarily increases the data rate which might not be expected
by some applications which receive data from System S jobs.

It should be noted that we do not conduct profiling of the stream applications for
each and every node combination. Profiling of the stream applications are conducted
only on several node combinations. E.g., If there are 8 nodes in the cluster, we may
conduct application profiling for 8 nodes, 6 nodes, and 4 nodes. The profiling results
conducted on closely related node configuration is used for selecting the sample applica-
tion for performance maintenance. E.g., In the case of having only 3 nodes on the node
cluster, 4 nodes configuration is used. However, to improve the possibility of perfor-
mance maintenance using the selected sample application, we profile the selected sample
application along with the previous sample application for a short time in the EN ′ (with
N’ nodes) for a time window of Wt as described in Section 8.2.
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8.8 Conclusions

This chapter described a technique for maintaining performance of data stream applica-
tions during crash failures. The approach is widely applicable for resource limited stream
processing clusters and is based on automatic code generation. The chapter presented
Albatross: a python based middleware that monitors the status of the node clusters,
and strives to maintain the performance via swapping the sample programs generated
for each input program. It was observed that Albatross can maintain the same perfor-
mance of the Regex (with 8 nodes, 4 nodes crashed), VWAP (with 8 nodes, 2 nodes
crashed), and Apnoea (with 8 nodes, 4 nodes crashed) stream jobs despite loss of nodes
from the stream processing environment. Therefore, we came to conclusion that our ap-
proach is capable of maintaining stream program performance even if 50% of the nodes
in the cluster has been crashed. Furthermore, we implemented a single point of failure
recovery algorithm on Albatross by using a Zookeeper service. It was observed that with
this extension Albatross was able to recover from single point of failures. Futhermore,
we incorporated a stream load shedding mechanism along with automatic code genera-
tion to maintain the stream program performance during drastic failures which reduces
system resources considerably.

8.9 Summary

Crash failures introduce challenges for maintaining large scale data analysis system per-
formance for resource limited compute clusters. A solution based on the techniques of
automatic code generation was presented in this chapter. Background information on
performance recovery was described in Section 8.1. The methodology followed for crash
recovery was described in Section 8.2. Stream load shedding to recover from drastic node
failures was described in Section 8.3. Implementation details of Albatross which imple-
ments the proposed approach was given in Section 8.4. Approach followed for recovering
from single point of failure vulnerability on Albatross was presented in Section 8.5. Ex-
perimental evaluation was presented in Section 8.6 while a discussion of the experiment
results was presented in Section 8.7. Conclusions were presented in section 8.8. Next
chapter starts Part II of this thesis and the chapter describes XGDBench a benchmark
for graph database systems.
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9

Benchmarking Graph Database

Systems

Graph databases provide a means of conducting online graph analysis and are specially
intended for OLTP style analysis. This chapter describes XGDBench which is a graph
database benchmark introduced by this thesis [305]. Section 9.1 provides an introduc-
tion to graph database benchmarking. Section 9.2 presents a background for the rest of
the chapter. It describes Yahoo! Cloud Serving Benchmark, Synthetic Graph Genera-
tors, and Multiplicative Attribute Graphs in subsections 9.2.1 to 9.2.3. Methodology of
XGDBench is explained in Section 9.3 and the requirements for the design of the bench-
mark is provided in Section 9.4. Implementation details of XGDBench is described in
Section 9.5. Ensuring reproducibility of the benchmarking sessions is described in Sec-
tion 9.6. Details on modeling workload spikes in graph database systems is presented
in Section 9.7. Evaluation of the benchmark is provided in Section 9.8. The chap-
ter investigates the graph database performance for graph traversal operations using
XGDBench. The chapter uses AllegroGraph, Fuseki, Neo4j, OrientDB, and Titan as
example databases for this purpose. A discussion of the benchmark as well as its lim-
itations are listed in Section 9.9. Conclusions arrived from the experiment results are
listed on Section 9.10.

9.1 Introduction

Cloud computing is an emerging infrastructure paradigm that eliminates the need for
maintaining expensive computing hardware and software resources. Cloud computing
provides many advantages for the deployment of data-intensive applications such as elas-
ticity of resources, low time to market, pay-per-use cost model, and the perception of
unlimited resources and infinite scalability [306][301]. These advantages enable deploy-
ment of novel applications which were not economically feasible in traditional enterprise
infrastructures. Multiple cloud services which offer data storage in the form of graphs
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have started their operations in recent times. NuvolaBase [307], Dydra [308], Cloud-
Graph [309], Heruko [270], etc. are some example services that operate on SaaS/PaaS
model and provide ability of hosting graph database instances in the cloud.

Current graph database benchmarks such as HPC Scalable Graph Analysis Bench-
mark focus on some core network analysis features of graph databases. However, the
application scenarios modeled by these benchmarks do not realistically model real world
applications that involve attribute (i.e., property) graphs. Many benchmarks have been
developed by Semantic Web community such as LUBM [116], SP2Bench [119], DBPedia
[118] that could be also used to benchmark graph databases. However, these benchmarks
are not smoothly scalable since they do not follow a statistical model.

Exascale technology will revolutionize future cloud computing paradigm by creating
power efficient cloud computing systems that offer huge performance per watt values.
Completely new programming models and programming techniques need to be used
when migrating the existing performance modeling and benchmarking infrastructures
to exascale clouds because such systems will include heterogeneous hardware such as
General-Purpose Graphics Processing Units (GPGPUs), multi-core/many-core CPUs,
etc. PGAS languages is a candidate programming technology which could be used to
program such systems. As mentioned in Section 3.3.1, X10 [200] is a new program-
ming language that follows Asynchronous Partitioned Global Address Space (APGAS)
model. Partitioned Global Address Space (PGAS) languages are potential candidates
for programming Exascale clouds. This chapter demonstrates the applicability of X10
programming language for benchmarking activities.

There is little work being done on benchmarking graph data stores on cloud and less
effort have been made to investigate the key performance implications and performance
characteristics of graph databases on cloud. Especially increasing numbers of cloud com-
puting platforms with different architectures such as public, private, and hybrid clouds
offer large amounts of possible choices for deploying graph databases. Understanding
the performance of graph database servers is of utmost importance because they are the
main contributors for future online transaction processing (OLTP) type graph queries
[212]. XGDBench is an extensible benchmarking platform that is aimed for addressing
the aforementioned issues [305] which promotes automated testing and benchmarking
of cloud graph databases. This essentially leads to efficient characterization of graph
database performance that results in a reduction of implementation/deployment costs
as well as time to market. XGDBench is based on Multiplicative Attribute Graph Model
(MAG) [109] which is a synthetic graph model for attribute graphs. Furthermore, a
multi-threaded version of XGDBench client was implemented that exploits multi-core
systems’ capabilities to improve time taken for graph generation as well as to direct
larger workloads to the benchmarked databases.

9.2 Background for Graph Database Benchmarking

As mentioned in the previous Section there is an increasing trend in deployment of online
graph database services in public cloud computing infrastructures. We describe how to
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automate the process of graph database benchmarking in cloud computing systems in a
way that it leads to better performance evaluation of graph databases on future exascale
clouds. This section describes several technologies and frameworks on which XGDBench
builds-up on. The Yahoo! Cloud Serving Benchmark (YCSB) and its intended appli-
cation scenario are described first. Then some popular synthetic graph models that
are currently used for benchmarking graph processing systems are illustrated. Next,
the chapter explains Multiplicative Attribute Graph (MAG) model that is used as the
synthetic graph data generator model of XGDBench.

9.2.1 Yahoo! Cloud Serving Benchmark

YCSB [310] framework was released by Yahoo! Inc. in 2010, with the motivation of
creating a standard benchmark and benchmarking framework to assist evaluation of
cloud serving systems (These systems provide online read/write access to data). In
their introductory paper on YCSB, Cooper et al. defined a core set of benchmarks and
reported results for four widely used cloud data serving systems: Cassandra, HBase,
Yahoo! PNUTS, and a MySQL system.

YCSB Client 

W
o
rk

lo
ad

 G
en

er
at

o
r 

Client  

Threads 

Stats 

D
B

 I
n
te

rf
ac

e 
L

ay
er

 

Cloud  

Serving  

Store 

Figure 9.1: Architecture of YCSB Client.

One of the key goals of YCSB is its extensibility. The framework is composed of
a workload generator client (the architecture is shown in Figure 9.1) and a package of
standard workloads that cover interesting parts of the performance space. The workloads
are composed of one of the operations: Insert (Insert a new record), Update (Update
a record via replacing the value of one field), Read (read a record either one randomly
chosen field or all fields), Scan (scans record in order, starting at a randomly chosen
record key.) The workload generator of YCSB supports definition of new workload
types which motivated for following YCSB’s approach for implementing XGDBench.
The random choices made by the workload generator client is controlled by using a
random distribution. YCSB has several built-in distributions such as Uniform, Zipfian,
Latest, Multinomial, etc. In all the experiments described in this chapter on XGDBench
we used Zipfian distribution since it resembles a general characteristics found in real
world graph data sets (Power-law characteristics). When choosing records according to
Zipfian distribution some records will be extremely popular while most records will be
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unpopular.

9.2.2 Synthetic Graph Generators

As mentioned by Chakrabarti et al. [311] graph models can be classified into five cate-
gories such as, Random graph models (e.g., Erdős Rényi), Preferential attachment mod-
els (e.g., Barabasi-Albert model), Optimization-based models (e.g., Highly Optimized
Tolerance model), Tensor-based models (R-MAT), and Internet-specific models (e.g.,
Inet). In random graph models the graphs are generated by a random process. Prefer-
ential attachment models are based on the notion of “rich” get “richer” as the network
grows. The optimization-based models are based on the concept that power-laws are
shown to evolve when risks are minimized using limited resources. Tensor based models
generate realistic graphs by utilizing self-similar mechanisms through tensor multiplica-
tion. Internet-specific models are special-purpose graph generators that model special
features of the Internet graph. Most of these are hybrids of the aforementioned cate-
gories.

Each generator model has its own pros/cons and the best generator model depends
on the application area. Out of these models R-MAT model has been used as a data
generator for Graph 500. R-MAT (Recursive MATrix) generates graphs by recursively
traversing the adjacency matrix of a graph without any edges in recursive manner [312].
Graphs generated by R-MAT depends on six parameters scale(n),a,b,c, d, and E. The
parameters a,b,c, and d are floating point values whose sum is 1. The number of vertices
in an R-MAT graph is set to 2n. The graph generation starts with an empty adjacency
matrix, and the process is conducted E times. Each round, one of the four partitions is
chosen with probabilities a,b,c, and d. The chosen partition is again divided into four
smaller partitions. This procedure is repeated until a simple cell is reached. The nodes
corresponding to the cell are linked by an edge in the graph.

9.2.3 An Overview of Multiplicative Attribute Graphs

Multiplicative Attribute Graph (MAG) is an approach for modeling the structure of
networks which have node attributes [109]. MAG naturally models the interactions
between the network structure and the node attributes. Compared to Kronecker graphs
(used in Graph 500) that follow R-MAT model, MAG model creates realistic attribute
graphs which are much suited for benchmarking graph databases. It has been proven
that MAG generates graphs with both analytically tractable and statistically interesting
properties [109].

A schematic representation of general MAG algorithms is shown in Figure 9.2. The
Figure 9.2 shows two vertices v, and u each having a vector of n categorical attributes
and each attribute have a cardinality di for i = 1,2,..., n. There are also n matrices
denoted by Θi, Θi∈di×di for i = 1,2,..., n. Each entry of Θi is the affinity of a real value
between 0 and 1. Values α, β, and γ are floating point values between 0 and 1. Given
these conditions, probability of an edge (u,v), P[u,v], is defined as the multiplication of
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affinities corresponding to individual attributes as shown in Figure 9.2. Here ai(u) and
ai(v) represent the value of i-th attribute of nodes u and v.
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Figure 9.2: Multiplicative Attribute Graphs (MAG) model

However, the MAG algorithm used in XGDBench generator is a simplified version
of the model shown in Figure 9.2. The simplification is done by considering undirected
version of the model by making each Θi symmetric. The node attribute values are made
binary (e.g., As shown in Figure 9.3 the attributes may represent yes/no answers received
for a question asked by each member of a social network). This makes the Θi to be a
2×2 matrix.

Information that  

can be treated as  

polar questions 

Figure 9.3: An example for attributes with binary values (yes/no) from Facebook online

social network.

Also it is assumed that all the affinity matrices are equal (i.e., Θi = Θ) to further
reduce the number of parameters [109]. The implementation of the MAG algorithm made
by this thesis is shown in Algorithm 1. It accepts number of vertices of the generated
graph (nVertices), number of attributes per vertex (nAttributes), a threshold value for
random initialization of attributes (attribThresh), an edge affinity threshold value that
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determines whether there is an edge between two vertices, and an affinity matrix (theta)
corresponding to the Θ mentioned above. The randZeroOrOne() function in Algorithm
1 constructs a zero initialized matrix of size nVertices × nAttributes. Then the matrix is
populated with 1s using randomly generated values if they exceeds the attribThresh. This
matrix is returned to Algorithm 1’s nAtt variable. The key feature why MAG model is
much suited for graph database benchmarking is that the probability of an edge between
pairs of vertices is controlled by the product of individual attribute-attribute affinities.
Most of the current graph databases are made to store not only vertices and their
relationships, but also attributes of these vertices and relationships. Therefore, MAG is
a more natural synthetic graph model suitable for benchmarking graph databases.

Algorithm 1 mag(nVertices, nAttributes, 

attribThresh, pThresh, theta) 

1: nAtt ←  randZeroOrOne(nVertices, nAttributes,  

                                                        attribThreshold) 

2: result ← ones(nVertices, nVertices) 

3: for i ← 0 to nVertices do 

4:    for j ← 0 to nVertices do 

5:          for k ← 0 to nAttribs do 

6:               if nAtt[i,k] = nAtt[j,k] then  

7:                   if nAtt [i,k] = 0 then 

8:                       result[i,j] = result[i,j] * theta[0] 

9:                   else 

10:                     result[i,j] = result[i,j] * theta[3] 

11:                 end if 

12:              else 

13:                 if nAtt[i,k] = 0 and nAtt[j,k] = 1 then 

14:                       result[i,j] = result[i,j] * theta[1] 

15:                 else if nAtt[i,k] = 1 and nAtt[j,k] = 0 then 

16:                       result[i,j] = result[i,j] * theta[2] 

17:                 end if 

18:             end if 

19:         end for 

20:    end for 

21: end for 

22: for i ← 0 to nVertices do 

23:      for j ← 0 to nVertices do 

24:               if result[i,k] > pThresh then 

25:                    result[i,k] = 1 

26:               else 

27:                     result[i,k] = 0 

28:               end if 

29:      end for 

30: end for 

31: return (result) 
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9.3 Methodology of XGDBench

Almost every software benchmark has been developed around a real world application
scenario of the software system that it intends for benchmarking [313]. XGDBench has
been developed focusing on a graph database application for social networking services.
It is because Online Social Networks (OSNs) is one of the rapidly growing areas of
data analytics that generates massive graphs. Data storage and analysis of such online
social networks are conducted in cloud infrastructures [314]. Therefore OSNs represent
a general representative application of graph databases [108].

It is a common phenomenon in social networks, that people with similar interests
(i.e., attributes) are more likely to become friends in real world. For example, if person
A and person B went to same high school, and both of them graduated in the same
year, there is a higher probability that they are friends in the real world, as well as in
the social network service than compared to a person C who did not go to the same
high school. The fact that people went to the same high school or people graduated in a
particular year can be represented as questions with binary answers (yes/no) which can
be represented as attribute vectors shown in Figure 9.2.

9.4 Requirements of XGDBench

This section describes the performance aspects that are specifically targeted by XGDBench.
These performance aspects are represented by individual operations. These individual
operations (which are listed in Table 9.1) gets intermixed according to some predefined
proportions to create workloads.

9.4.1 Attribute Read/Update

Graph databases in exascale clouds will have to handle massive graphs online and they
will partially load the graph into memory. The workloads will include both read/update
operations. However, in most of the future exascale applications the Read operations will
dominate the workload [315]. Therefore, it was decided to include a read-heavy (e.g., a
workload with 0.95 probability of read operation and 0.05 probability of write operation
[310]) and read-only (having only read operations) workloads with XGDBench.

Graphs need to be updated online. In a typical OSN a node represents a user and
an edge represents friendship/relationship. Properties of nodes/edges include messages,
photos etc. The friendship graph of OSNs change at a slower rate compared to their
properties. Therefore, performance of attribute update operation is critical compared
to node/edge update. Therefore, it was decided to include an Update Heavy workload
with XGDBench.

Moreover, the benchmarking platform needs to be scalable to store data in-memory
for update operations. This will eliminate unexpected delays involved in reading large
data from secondary storage.
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9.4.2 Graph Traversal

Unlike other database types graph databases have the unique property of having data en-
coded in their graph structures. These information could only be obtained by traversing
the graph. Therefore, the benchmark should have support for evaluating the performance
of graph traversal operations. While there are a variety of graph traversal techniques,
it was decided to use an algorithm that will be most frequently executed against the
graph database. This is because it is important to check the performance of frequently
used operations than operations that ran infrequently which does not have requirements
for real-time execution. A scenario of listing friends of friends was selected which is one
of the frequently used traversal operations in OSNs. This includes execution of BFS
(breadth-first search) from a particular vertex for detecting the connected component of
a graph. Breadth-first search traverses a graph in a level wise manner. Before visiting
the vertices at path length (k+1), the traverser first needs to visit all the vertices within
path length k [316]. BFS can be also considered as layers or waves growing outwards
from a given vertex. The vertices in the first wave are the immediate neighbors of the
starting vertex and they have distance 1. The neighbors of those neighbors have distance
2, etc [59].

Note that most real world graphs are irregular data structures [317]. Therefore, it is
possible for starting the traversal from a vertex that is heavily connected with the other
vertices as well as starting the traversal from an unconnected vertex.

Based on the aforementioned requirements the following set of basic operations can
be defined on a graph database (Shown in Table 9.1). We conjecture that these basic
operations are sufficient for defining many workloads that are frequently present in graph
databases.

Table 9.1: Basic operations of graph databases.

Operation Description

Read Reads a vertex and its properties

Insert Inserts a new vertex

Update Updates all the attributes of a vertex

Delete Deletes a vertex from the DB

Scan Loads the list of neighbors of a vertex

Traverse Traverses the Graph from a given vertex using BFS.

This represents finding friends of a person in

social networks.
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9.5 Implementation

Implementation details of XGDBench is shown in Figure 9.4. XGDBench Client is
the software application that is used to execute the benchmark’s workloads. Its main
components are Graph Generator, Graph Data Structure, Workload Executor, Graph
DB Workload, and Graph DB Interface Layer. The XGDBench client is written in
managed X10. The entire XGDBench client was compiled using X10 compiler (x10c)
and the benchmarking sessions were run using the X10 interpreter (x10). XGDBench
Client accepts a collection of input parameters that are used during the benchmarking
process. Each of these parameters are described in the below sub sections.
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Figure 9.4: Architecture of XGDBench Client

XGDBench has two phases of execution called loading phase and transaction phase.
The loading phase generates an attribute graph by using the MAG algorithm shown
in Algorithm 1. The transaction phase of XGDBench calls a method in CoreWorkload
called doTransaction(), which invokes the basic operations such as database read, up-
date, insert, scan, and traverse. We have implemented the workloads that satisfies the
requirements stated in Section 9.4 on XGDBench and these workloads are listed in Table
9.2. We use these workloads on five graph database servers and report performance in
Section 9.8.

We use throughput (operations per second), latency (milliseconds), runtime (mil-
liseconds) as the performance metrics in XGDBench. Furthermore, XGDBench can be
configured to output a histogram of latencies for each operation.

140



9.5 Implementation

Table 9.2: Core workloads of XGDBench.

A : Update heavy

Workload A is a mix of 50/50 read/update workload. Read operations

query a vertex V and reads all the attributes of V. Update operation

changes the last login time attribute of the vertices. Attributes related

to vertex affinity are not changed.

B : Read mostly

A mix of 95/5 read/update workload. Read/update operations are sim-

ilar to A.

C : Read only

Consists of 100% read operations. The read operations are similar to A.

D : Read latest

This workload inserts new vertices to the graph. The inserts are made

in such a way that the power-law relations of the original graph are

preserved.

E : Short Range Scan

This workload reads all the neighbor vertices and their attributes of a

Vertex A. This represents the scenario of loading the friend list of person

A onto an application.

F : Traverse heavy

Consists of 45/55 mix of traverse/read operations.

G : Traverse Only

Consists of 100% traverse operations.
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9.5.1 Graph Generator

XGDBench Client consists of a graph data generator (MAG Generator shown in Figure
9.4) for generating the data to be loaded to the database. The workload generator is
implemented using Multiplicative Attribute Graphs (MAG) model [109] as described in
the previous section. As can be observed in the line 1 of Algorithm 1, the graph generator
accepts an attribute matrix that is initialized with random attribute values (either 0 or
1). To ensure the repeatability of the benchmarking experiments, the attribute matrix
needs to be initialized with the same attribute values across different benchmarking
experiments that contain the same set of input parameters. The details of ensuring this
property is given in Section 9.6.

The initial graph generator implementation [305] was a single threaded one. Although
the graph generation time is not reflected on the benchmarking results, it acted as
a bottleneck when working with large graphs. To solve this issue we implemented a
multi-threaded version of the graph generator that generates large graphs on multi-core
systems faster. In the improved implementation, user can specify the number of threads
to be used in the generator. Then each generator thread is assigned a portion of the
attribute matrix to operate on which reduced the total time taken during the graph
generation process.

We use the DistArray of X10 to implement the distributed graph data structure of
XGDBench Client. This data structure is useful for storing very large graphs that cannot
be stored on a single node’s memory. By default the vertex, edge information are stored
in Place 0 (Place 0 runs on the node that invoked the XGDBench client.) and when
the graph grows exceeding the pre-specified vertex count per place, the excess vertices
are transferred to the next place. In Figure 9.4 the data structure is shown distributed
across n places.

9.5.2 Workload Executor and Graph DB Workload

The Workload Executor initializes multiple client threads which invoke operation se-
quences according to the workloads it handles. A sequential series of operations are
executed by each client thread. Graph database interface layer translates these simple
requests from client threads into calls against the graph database. Unlike its predecessor
(YCSB), XGDBench faces a problem when implementing the multi-threaded workload
execution. This is because each thread needs to access the same generator object to
get its next vertex/edge information. However, in YCSB there was no such require-
ment for querying a single object for information because the operations invoked did not
have relationships like edges in graphs. Currently only the code that obtains the next
vertex/edge information is synchronized from the generator which solves this problem.

Graph DB Workload (MAG Workload in Figure 9.4) is a component that represents
a workload that can be invoked on the Graph DB Interface Layer. It wraps-up the
workload’s properties that are specified in the property files as well as command line
arguments. Furthermore, it acts as the bridge between the client threads and the graph
generator. The Graph DB Workload component also forwards each operations invoked
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by the client threads to the Graph DB Interface Layer.

9.5.3 Graph DB Interface Layer

Graph DB interface layer consists of interfaces for different graph databases. Most of the
current graph database servers have their own optimized query interfaces. E.g., RexPro
[318] is a binary protocol that can be utilized to send Gremlin scripts to remote Rexster
instances. However, it was decided to use common protocols such as HTTP/REST
for implementing the Graph DB Layer because it enables for doing fair comparison of
different systems. Furthermore, there were limitations of the HTTP/REST interfaces of
certain graph database servers that made us to use some alternatives in combination in
HTTP/REST interfaces to implement the required functions. E.g., The Rexster server
2.1.0 used for Titan graph database server threw an error when POSTing edges through
HTTP/REST interface which made us to use the Rexster’s Gremlin interface to conduct
edge insertion.

In current XGDBench implementation the focus is on benchmarking graph database
servers. The reason is XGDBench is a benchmarking framework rather than a benchmark
specification. If XGDBench was a benchmark specification the specified benchmark
operations have to be implemented in the target graph database using its query language
which could be either an embedded graph database or a standalone graph database
server. Such approach can be categorized as rather a white box approach because the
developer can implement the benchmark specification in the way he/she wants. However,
XGDBench treats the graph database server completely as a black box which makes the
benchmarking process and the workloads executed on the graph databases work more
similar to a graph based application communicating with a standalone graph database
server. Nevertheless, if a user wants to benchmark an embedded graph database with
XGDBench that is completely doable with the current implementation. In such scenario
the graph database client will create an embedded graph database server instance within
the same JVM instance (Note that managed X10 is interpreted by the System’s JVM).
But the benchmarking result will be interfered by the benchmarking software itself. This
is another reason for why not to use XGDBench for benchmarking embedded graph
databases.

9.5.4 Implementation of Traversal Operation

Traversal operation of the XGDBench was implemented by creating BFS traversal for
finding friends of friends scenario for each graph database client. The BFS traversal
operation is conducted up to only two hops from a randomly chosen starting point. This
is because many of the social network users are interested of finding their friends’ infor-
mation as well as the friends of friends’ information. It is rare that users go beyond this
two hop traversal (Some social network services even do not allow such operation). Here
“two hop traversal” means visiting a vertice’s all neighbors and neighbors of neighbors
by traversing the graph. Social networking happens among peers not among strangers
[319].
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The code for implementation of traverse operation on Titan Client is shown in Figure
9.5. The traverse() method on each graph database client accepts a starting vertex
and the number of levels to be traversed. The output from the traversal is a Vector
object that contains all the discovered vertices.

9.5.5 Implementation of Insert and Update Operations

The update operations on the graph data preserves the power-law distribution that
is present in the original graph created by MAG because the update operations are
conducted only on attributes that are not related to calculation of probability of an
edge. Furthermore, the insert operations of the vertices are done during the workload
executions in such a way that it preserves the power-law structure. While it is rare to
find graph database applications that execute 100% traverse operations, the workload
G was created as a complete traverse only workload because traverse operation is one
of the inherent key features of a graph database server, and it is important to compare
graph traverse operation performance of graph databases.

9.6 Ensuring Reproducibility of Results Across Benchmark-

ing Sessions

The workload generator of XGDBench is based on Multiplicative Attribute Graphs.
Since this model is a stochastic probabilistic model there is a tendency for production
of graphs with different numbers of edges (Even though there is a fixed vertex count) if
a true random number generator was employed. This is because the edge probabilities
that are determined by MAG algorithm are random due to the random initialization
of the vertex attributes at the beginning of the graph generation process [305] (The
first line of Algorithm 1 shows how the random initialization of the node attributes
happen.). However, this issue can be easily overcome through use of Pseudo-random
number generators present with X10 (The same feature is available with Java using
java.util.Random class). Such number generators need an initial integer seed value
which determines the sequence of integers generated by the random number generator
subsequently. We have implemented the facility of specifying an integer seed at the
XGDBench client’s commandline interface so that users can repeatedly generate the
same property graph. We ran several experiments with specifying a seed value of 100
and found that the MAG generator produces the same property graph in all of the
experiments.
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 public int traverse(String startkey, int levels, Vector<String> result) { 

  ArrayList<String> unDiscoveredVertices = new ArrayList<String>(); 

  ArrayList<String> discoveredVertices = new ArrayList<String>(); 

   

  unDiscoveredVertices.add(startkey); //We start traversal from the first vertex given. 

   

  for(int i = 0; i < levels; i++){ 

   Iterator itr = unDiscoveredVertices.iterator(); 

    

   while(itr.hasNext()){ 

    String k = itr.next().toString(); 

    final String nodeEntryPointUri = SERVER_ROOT_URI + "/graphs/graph/tp/gremlin?script=g.V('pername','" + k + "').outE.gather.scatter.inV"; 

     

    WebResource resource = Client.create().resource(nodeEntryPointUri);   

    ClientResponse resp = resource.accept(MediaType.APPLICATION_JSON).type(MediaType.APPLICATION_JSON).get(ClientResponse.class); 

         

    InputStream entityStream = resp.getEntityInputStream(); 

     

    BufferedReader reader = new BufferedReader(new InputStreamReader(entityStream)); 

    StringBuilder builder = new StringBuilder(); 

    String line = null; 

       

    int ch = -1; 

    boolean appendFlag = false; 

    boolean withinEntityFlag = false; 

     

    try{ 

     while ((ch = reader.read()) != -1){ 

      if (ch == 91){ //91 corresponds to [ 

       appendFlag = true; 

       continue; 

      } 

       

      if (ch == 93){ //93 corresponds to ] 

       appendFlag = false; 

      } 

       

      if (appendFlag && (ch == 123)){ //123 corresponds to { 

       withinEntityFlag = true; 

       builder = new StringBuilder(); 

       continue; 

      } 

       

      if (appendFlag && (ch == 125)){ //125 corresponds to } 

       withinEntityFlag = false; 

       String entity = builder.toString(); 

        

       String[] kvs=entity.split(","); 

       int counter = 0; 

       int len = kvs.length; 

        

       for (counter = 0; counter < len; counter++){   

    

        if (kvs[counter].contains("pername")){ 

         String val = kvs[counter]; 

         int startInd = val.indexOf(":") + 1; 

         String inV = removeQuotes(val.substring(startInd)); 

          

         discoveredVertices.add(inV); 

        } 

       } 

        

      } 

       

      if (appendFlag && withinEntityFlag){ 

       builder.append((char)ch); 

      } 

     } 

    }catch(IOException e){ 

     e.printStackTrace(); 

    }finally{ 

     try{ 

      entityStream.close(); 

     }catch(IOException ec){ 

      ec.printStackTrace(); 

     } 

    }   

   

    resp.close(); 

   }//end of while 

    

   //Next we need to filter out already processed vertex IDs from the discovered vertex list. 

   Iterator itr2 = discoveredVertices.iterator(); 

   String k2 = null; 

   ArrayList<String> newUndiscoveredVertices = new ArrayList<String>(); 

    

   while(itr2.hasNext()){ 

    k2 = itr2.next().toString(); 

     

    if(!result.contains(k2)){ 

     result.add(k2); 

     newUndiscoveredVertices.add(k2); 

    } 

   } 

    

   //The vertices that were discovered but not in the processed vertex list are the genuine undiscovered vertices. These vertices need to be discovered. 

   unDiscoveredVertices = newUndiscoveredVertices; 

   discoveredVertices = new ArrayList<String>(); 

  }//end of for  

  return 0; 

 } 

Two array lists are used for holding the 

 discovered and undiscovered vertices. 

Traversal is conducted for specified number of levels. 

In Gremlin the gather step is  

used to aggregate all the results  

from previous step into a list. 

Issue an HTTP request 

to the server and obtain 

the response contents 

Filter the response contents and 

obtain the discovered vertices 

Filter out the already processed vertices and select 

vertices that have not been discovered. These vertices 

will be discovered in the next level of BFS 

Figure 9.5: Implementation of traverse operation on Titan client
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9.7 Modeling Workload Spikes in Graph Database Sys-

tems

Large scale data analysis systems need to be optimized for facing workload spikes because
sudden spikes could occur any time during a system’s life cycle. The system designers
need to have a means of testing their data analysis systems beforehand to face spikeful
situations. Modeling of spikeful situations is often complex for benchmarks because of
the need for generating a huge aggregated volume of requests to mimic a real world
spikeful situation is very challenging task. This section explains how spikeful workloads
are modeled in XGDBench.

As mentioned in the Section 9.1 the field of graph databases is still relatively young
and it lacks standards for benchmarking and performance comparisons [110]. The pop-
ular graph database benchmarks such as HPC Scalable Graph Analysis Benchmark are
intended for exploring the graph structural properties of graph databases. However,
most of the current graph databases implement property graph data model (i.e., at-
tribute graphs model). Furthermore, the properties of vertices and edges of the graph
data generally reflects the relationships between the vertices. Therefore, better synthetic
graph data models are required for modeling graphs on such graph database systems.

9.7.1 Spike Generation Methodology

As other compute systems such as web servers, relational database servers, etc.; graph
database systems are susceptible for workload spikes. Such spikes are becoming quite
frequent in famous websites such as Facebook, Twitter, Wikipedia, etc. Out of the differ-
ent spike types, “Volume Spike” refers to an unexpected sustained increase in aggregate
workload volume [320]. Another important category of spikes is called a “Data Spike”
which is an unexpected increase in demand for certain data objects.

The original design of XGDBench did not have support for modeling workload spikes
[305]. This is because the XGDBench client just accepted the number of threads (e.g., N)
to be used during a benchmarking session and then each thread executed portion of the
total number of operations that need to be executed on the database (i.e., (Total number
of operations)/N). By changing the number of client threads dynamically, a volume spike
can be emulated during a benchmarking session. We dynamically orchestrate places in
different nodes to achieve this aim. The methodology used for generating workload
spikes on XGDBench is shown in Figure 9.6.

The Figure 9.6 (a) shows how a volume spike is generated. The client activities
running at each place generates the same graph structure (shown in blue, black, and red
colors) but with different properties (i.e., Vertex attribute labels that do not correspond
to graph generation such as vertex name). During a volume spike, each activity directs
requests to its corresponding subgraph located on the graph database server. When
XGDBench is run with a large number of places it will stress all the components of the
graph database server (especially in the case of distributed servers such as Titan).

How a data spike is generated is shown in Figure 9.6 (b). In this case all the activities
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Figure 9.6: Methodology used for workload spike generation on XGDBench. (a) Scenario

of volume spike generation (b) Scenario of data spike generation.

running in different places generated the same graph structures with same property
values. However, during simulation of a data spike, the query requests for the graph
database server will be focused only onto a particular subgraph of the entire graph
database server. This is because each activity has the same content for formulating
queries; hence the graph database server needs to use the same section of its data storage
to answer the queries. This is similar to a scenario that requests information of a famous
person on a social graph by multiple applications simultaneously.

The spike generation workload model implemented in XGDBench is shown in Figure
9.7. During execution of a spiky workload, few places start execution of the requests (e.g.,
places 1, and 2). Once an initial time period Ti has elapsed, the remaining activities
start issuing requests to the database server. All the activities will be issuing queries
for a plateau time period Tp. Next, each place completes execution of its workload with
time steps Ts as shown in Figure 9.7 which results in a workload spike.
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Ts 
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Figure 9.7: Model of the workload spike.

9.8 Evaluation

First the evaluations are conducted on the XGDBench’s data generator model’s (MAG)
properties. We compare the degree distribution of MAG with a real world social net-
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work graph. Next, MAG is compared with the popular R-MAT model focusing on the
properties of the graphs generated by them. In the second half of the experiments we
evaluate the performance characteristics drawn out by XGDBench on five graph DBs.
Finally, evaluation details of the workload spike generation is provided.

9.8.1 Properties of the MAG Data Generator

Degree distribution and graph community structure of MAG model were used to evaluate
its properties as follows,

9.8.1.1 Power-law Distribution

Degree distributions of many real world graphs that arise in many applications such as
the web and social networks satisfy power-law distribution [321]. Two variables x and y
are related to each other by a power-law when,

y(x) = Ax−γ (9.1)

where A and γ are positive constants [311]. The degree distribution of a graph
with 1000 vertices produced by XGDBench generator was plotted to observe degree
distribution characteristics (shown in Figure 9.8(a)). Note that the “inout degree” in
Figure 9.8 means the total number of edges connected to a vertex without considering
the edges’ directions. It was observed that it creates a degree distribution similar to a
power-law distribution. Degree distribution of an online social network called Epinions
social network (described in [322]) was also plotted to compare and confirm that MAG
creates power-law degree distributions similar to real world graphs.

9.8.1.2 Categorical Prominence Within Communities

The data generator module of XGDBench need to model real life graphs that reside on
graph databases. As mentioned before, graph databases are designed to store not just
plain graphs (with only vertices and edges), but more colorful graphs with vertex and
edge attributes. The graph generator should generate such realistic attribute graphs in
order for XGDBench to generate realistic workload scenarios. The chapter compares fa-
mous non-attribute graph generator model R-MAT which is used by famous benchmarks
such as Graph 500 with MAG data generator to observe which model best fits for graph
database benchmarking scenarios.

For comparison purpose an R-MAT version of XGDBench was implemented by re-
placing the data generator algorithm with R-MAT algorithm. Furthermore, after gen-
erating the R-MAT synthetic graph the vertex attributes were randomly populated to
mimic the attribute graphs produced by MAG model. Five graphs from each model
were used with R-MAT scale (n) 10 to 14 for this purpose. R-MAT graph was generated
with parameters a=0.6, b=0.15, c=0.15, d=0.1 (these values closely resemble the Graph
500 R-MAT generator’s initiator parameters). For MAG, a probability threshold of 0.01
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(a) 

(b) 

Figure 9.8: Comparison of the degree distribution produced by MAG generator of

XGDBench with a real world social network
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was used with an attribute threshold of 0.25. Each graph had 4 attributes per vertex.
Details of the generated graphs are listed on Table 9.3.

Next, a community cluster analysis was conducted on each graph. Cytoscape [323]
which is a platform for complex network analysis and visualization was used for this
purpose. The vertices in the top 3 resulted clusters were further clustered based on
the vertex attributes. Next, the percentages of vertex counts in each sub cluster were
taken and were ranked based on their percentage values. A cluster prominence metric
called Categorical Prominance (Cp) was defined as the percentage difference between the
largest sub cluster and the second largest sub cluster (See Figure 9.9). The measured
Cp values are reported on the Table 9.3.

B A A B A B A B 

Categorical prominence (Cp) = Average of the vertex count  

      differences between A and B 

Figure 9.9: An illustration of categorical prominence in a graph data set. In the graph

data set the vertices are classified into two sets called A and B.

Table 9.3: Categorical Prominence

MAG R-MAT 

Vertices  

(Scale) 
Edges 

Cluster 

prominence (Cp) 
Edges 

Cluster 

prominence (Cp) 

1024 (10) 23077 24.00 2704 6.33 

2048 (11) 121298 23.33 3912 3.33 

4096 (12) 413281 29.33 1218 1.33 

8192 (13) 1634377 26.67 8782 3.33 

16384 (14) 6363791 36.67 15974 3.67 

From the results it was observed that the graphs generated by MAG model had
sub clusters with higher prominence indicating that the communities created by MAG
represented the phenomenon of social affinity that is present in real social networks.
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9.8.2 Graph DB Performance Comparison

Next, performance evaluation experiments of OrientDB, Allegrograph, Neo4j, Fuseki,
and Titan were conducted using XGDBench. The experiments were done on Tsubame
2.0 [324] cloud computing environment (A single node’s specifications are given on Table
9.4).

Table 9.4: Specification of a single compute node

CPU 
Two Intel Xeon X5670 @2.93GHz, each CPU has 6 cores (total 

12 cores) 

RAM (GB) 54 

HDD (GB) - 

Network SDR Infiniband × 2 

SSD (GB) 120 

OS SUSE Linux Enterprise Server 11 SP1 

File System Lustre 

Table 9.5: Specifications of Graph DBMSs

Name Data 
Model 

Programming 
Language 

Version JVM Heap 
Size (GB) 

Distributed? 

OrientDB Network Java v1.0rc9 2 No 

Neo4j Network Java community 
v1.6.1 

4 No 

Fuseki RDF Java v0.2.1 2 No 

AllegroGraph RDF LISP v4.6 - No 

Rexter with 
Titan 

Network Java 2.1.0 4 Yes 

Two nodes were used in each experiment for OrientDB, Allegrograph, Neo4j, and
Fuseki. In the case of Titan six nodes were used with Rexster [275] server (configured
to use a Titan database) running on one node, Cassandra running on four nodes and
XGDBench running on the remaining node (Figure 9.11 shows how each software is de-
ployed in Tsubame 2.0 in this configuration.). Rexster is a graph server that exposes any
Blueprints enabled graph through REST and a binary protocol called Rexpro [275][318].

The XGDBench Client was run on the remaining node. In the case of OrientDB,
AllegroGraph, Neo4j, and Fuseki the graph database server were set up in one node and
XGDBench was run on the next node. The JVM heap sizes were set as mentioned in the
Table 9.5. Since AllegroGraph is LISP based server it was need not to set JVM heap size.
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Figure 9.10: Data loading phase and transaction phases’ throughput of graph database

servers on Tsubame cloud
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For XGDBench a heap of 8GB was setup for X10 runtime. Large maximum heap sizes
drive garbage collection less frequently which reduces the consumption of CPU cycles for
garbage collection during the benchmark execution. This is the main motivation behind
choosing 8GB heap size for X10 runtime. X10 runtime 2.3.1 was used which is build
with fully optimized settings. XGDBench generated graphs with 1024 vertices during
these evaluations. For Titan the evaluations used Cassandra back-end with Rexster [275]
REST graph server. The decision to use Cassandra back-end for Titan was motivated
by the fact that Cassandra’s ability to provide scalable and highly available service. The
results are shown in Figure 9.10.

9.8.3 Performance Evaluation of Titan

The next half of the evaluations used Titan (through Rexster 2.1.0) configured on Tsub-
ame 2.0. Four Tsubame 2.0 nodes were used to setup Apache Cassandra cluster while
Titan Rexster server was run in another node. XGDBench client was run in a separate
node. The arrangement of the experiment node cluster is shown in Figure 9.11.

Node 2 

Node 3 

Node 4 

Node 5 

Apache Cassandra Cluster 

N0 

XGDBench 

Rexster Titan 

Server 

Node 0 

Node 1 

HTTP/REST 

requests and  

responses 

Figure 9.11: How XGDBench, Titan Rexster server, and Cassandra are deployed in the

experiment node cluster on Tsubame.

The data loading phase as well as transaction phase workloads were executed on
the Titan Rexster server for different vertex counts. Twenty four threads were used
for XGDBench during all the experiments because a single node on Tsubame contains
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24 hardware threads. Before each experiment round the Titan and Cassandra instances
were truncated to make sure each experiment is started with clean graph database server.
The initial random seed value of 100 was used with XGDBench. The results of the data
loading phase are shown in Figure 9.12.

The results of executing transaction phase are shown in Figures 9.13 and 9.14. Note
that the experiments results shown in Figures 9.12, 9.13, and 9.14 are single experiment
runs.

9.8.4 Evaluation of Graph Generation Time

The time taken for generating large graphs was evaluated with XGDBench’s graph gen-
erator. The purpose of this evaluation was to identify to what extent the generator
can generate large graphs. The results are shown in Figure 9.15. It was observed that
XGDBench’s generator is able to generate a graph with 250 thousand vertices and 622
million edges in about 315 seconds with using a JVM heap size of 32GB on a single
node of Tsubame. While such large scale graphs can be generated with XGDBench,
benchmarking graph database servers with such gigantic graphs cannot be achieved eas-
ily because most of the current graph database servers are not capable of handling such
large graphs efficiently.

9.8.5 Evaluation of Workload Spike Generation

Workload spike generation performance was evaluated using a graph data set generated
by XGDBench’s MAG graph generator with 3206 vertices and 18895 edges. Titan [214]
distributed graph database server was used as the representative graph database server.
Similar to previous experiments Titan server was exposed as a HTTP/REST server
through REXSTER 2.1.0 [275]. Rexster was configured to use Apache Cassandra 1.1.6
[325] backend. The Cassandra cluster used in this chapter consisted of eight nodes each
with AMD PhenomTMProcessor 9850, 8GB RAM, 4 cores, 1600MHz 512KB L2 cache
per core, 160GB hard drive. These nodes are denoted as Nodes Bi(i ∈ {0 . . . 7}) in
Figure 9.16. XGDBench client (on three nodes) and Titan server (on one node) were
deployed on a cluster of nodes denoted as Aj(j ∈ {0 . . . 3}) in Figure 9.16. each with
Intel CoreTMi7-2600K CPU @ 3.40GHz, 8 cores, 16GB RAM, 8MB L2 cache, 200GB
hard drive. All the nodes were installed with Linux CentOS (kernel 2.6.18), Oracle JDK
1.6.0 43. A JVM heap size of 4GB was used for Titan Rexster server. XGDBench was
configured to use a heap of 8GB and a stack of 1GB.

The experiments used workload C which is a read-only workload of XGDBench (De-
scribed in Table 9.2) for this evaluation. The plateau period (Tp) of the spike was set
to 5 seconds and activities terminated their workload execution within a time gap (i.e.,
spike decremental interval Ts) of 2 seconds. The non-spike activity count was set to
two, hence at the beginning of the spikeful workload execution (i.e., Time Ti) only two
activities executed their workloads. A total of 16 places were employed during the ex-
periment in such a way that each place having one activity. Hence 13 activities ignited
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Figure 9.12: Data loading phase of Titan on Tsubame cloud
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Figure 9.13: Average latency for transaction phase of Titan on Tsubame cloud
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Figure 9.14: Throughput and runtime for transaction phase of Titan on Tsubame cloud
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Figure 9.15: Evaluation of graph generation time on XGDBench graph generator on Tsub-
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the workload spike after the time period Ti (Activity running at place 0 did not run
workloads hence it was kept for workload coordination).

Nmon [280] which is a famous profiling tool was utilized to observe the behavior of
the Titan Rexster server during the workload spike. The results are shown in Figures
9.17, 9.18, 9.19.
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Figure 9.17: Network I/O
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From the results on Figures 9.17, 9.18, 9.19 it was observed that XGDBench is able
to generate realistic workload spikes for graph database benchmarking. Also it was
observed that during a workload spike the Titan Rexster server was busy accessing the
disks.

9.9 Discussion and Limitations

From the results obtained in Section 9.8.1 it was observed that XGDBench’s graph gener-
ator model is much suited for evaluating performance of graph databases. Furthermore,
the attribute graphs produced by MAG follow the power-law distributions which en-
ables realistic benchmarking scenarios. The chapter also demonstrated the XGDBench’s
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Figure 9.19: System summary

graph generator’s ability for generating gigantic graphs with hundreds of millions of
edges within short periods of time.

From the performance evaluation of the graph DBs conducted in Section 9.8.2 it was
observed that OrientDB performed well during the data loading phase and with all the
workloads having 1024 vertices. AllegroGraph showed better performance compared to
Neo4j and Fuseki during the transaction phases even though its performance was not as
higher as OrientDB. Titan had almost similar performance to AllegroGraph with work-
loads B, C, and D. AllegroGraph performed poorly for workloads that include traversal
operations (Workloads F and G).

One of the key reasons for why these different databases perform differently is be-
cause their external interface. Most of the graph databases studied in this Thesis other
than the OrientDB utilized an HTTP/REST web service to communicate with external
parties. This acts as a major bottleneck for database scalability even though REST
interfaces provide ubiquity. OrientDB used its own Java based communication interface
which made its faster performance. For read only workload (Workload C) AllegroGraph
and Titan indicated significant performance gain compared to read mostly workload
(Workload B). In the case of traverse workloads it can be observed that traverse only
workload (Workload G) has less throughput for Titan compared to traverse heavy work-
load (Workload F). AllegroGraph reported very low throughput for traverse workloads.
This indicates that Titan and AllegroGraph are optimized for read only operations.

The experiment results in Section 9.8.3 on performance evaluation of Titan indicated
scalability of Rexster Titan server. The details of the graphs generated during the
evaluation are shown in the Table on Figure 9.12 (e). Throughput of data loading phase
increased with larger graph sizes (See Figure 9.12 (a)). However, the data insert latency
increased with increase of the number of vertices (See Figure 9.12 (d)). Furthermore, the
running time of the entire experiment showed almost linear increase. This indicates that
the Titan server takes more time to answer queries when the size of the graph handled
is large. From the results obtained for transaction phase of Titan in Figures 9.13 and
9.14 it was observed that the average latency of scan and traverse operations increase
with the vertex count. Furthermore, for a graph with 8000 vertices it was observed a

159



9.10 Conclusions

sudden increase in the average latency, runtime parameters for workloads that involve
traverse (F and G) operations. Such increase was not observed for read only (A), read
latest (B) workloads. This indicates that the traversal operations conducted on the
graph with 8000 vertices had more connected components compared to the other graphs
which made the Rexster Titan server take more time in answering the traversal queries.
This is an example scenario of irregularity that is commonly found in real world graphs.
Read only workload (C) showed scalable throughput performance on the Rexster Titan
server.

Most of the current graph databases (including four of the databases used in this
study) are not distributed which is one of the limitations of this work. Even the dis-
tributed graph database servers that are available such as FlockDB [216] (An open source
graph DBMS from Twitter) do not provide full breadth of functionalities that are avail-
able in their non-distributed counter parts. For example the current implementation of
FlockDB does not support attribute graphs. Furthermore, although 1024 vertices is not
enough to throughly characterize performance of graph databases we had to use 1024
vertices because some database servers used in this evaluation performed poorly which
made the experiments restricted to 1024 vertices.

9.10 Conclusions

This chapter described XGDBench, a graph database benchmarking framework that
allows for realistic modeling and evaluation of graph database workloads. The chapter
provided a discussion on the architecture of XGDBench as well as how the traversal based
workloads are implemented. The data generator of XGDBench is based on MAG Model
which enables realistic modeling of attribute graphs. XGDBench has been implemented
using X10 which enables XGDBench to be extended easily to support benchmarking
future Exascale graph databases. The applicability of MAG model for graph database
benchmarking was evaluated through this work. The chapter also conducted a perfor-
mance comparison of graph databases to demonstrate the capabilities of XGDBench for
graph database benchmarking. From the cluster analysis it was observed that MAG
model creates more realistic attribute graphs compared to the popular R-MAT model
which is used in several graph based benchmarks. The performance comparison of the
graph databases revealed that OrientDB had better performance for both data loading
and transaction phases. Performance evaluation of the Titan database server indicated
its scalability.

9.11 Summary

Benchmarking of graph databases: a category of data analysis software that represent a
key area of large scale graph data analytics was explained in this chapter. An introduc-
tion to benchmarking graph database systems was given in Section 9.1. Next, Section
9.2 provided background information on YCSB, synthetic graph generators, and MAG
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model respectively. Methodology followed in designing XGDBench was explained in
Section 9.3 while Section 9.4 described the features that are expected from XGDBench.
XGDBench has been implemented using X10, and the implementation details of the
benchmark was presented in Section 9.5. How the reproducibility of the benchmarking
results across different benchmarking sessions was described in Section 9.6. Model-
ing spikes in graph database systems was described in Section 9.7. Evaluation of the
XGDBench was described in Section 9.8. A discussion of the benchmark’s experiment
results made in Section 9.9 before concluding the chapter in Section 9.10. Next chapter
describes ScaleGraph 1.0 which is a graph processing library developed for parallel and
distributed graph processing.
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10

An X10 Library for Billion Scale

Graph Analytics

Achieving optimized performance in large scale data analytics is a great challenge be-
cause of rapidly increasing complexity of hardware systems. Data analysis applications
need to be fine tuned for the target environment in a productive and efficient manner.
For improved productivity of data analysis applications, programming systems need to
provide simple execution model for the programmer. As mentioned in Chapter 1 simple
execution models reduce the application programming complexity required to achieve
the goals of exposing all parallelism and locality. The software autotuning techniques
described in the previous part of the thesis exploits the programming abstractions for
constructing optimized data analysis scenarios. However, for application of such au-
tomated techniques for performance optimization of large scale data analysis systems
we need to have well-defined software modularizations. SPADE is an example for such
software modularization for stream applications. However, in the case of data analytics
involving graph data processing there is very limited number of such software modu-
larizations exist. This chapter describes the design and implementation of ScaleGraph
1.0 (here onwards referred to as ScaleGraph), a graph processing library made to ad-
dress such requirements [48][326]. Section 10.1 of this chapter provides an introduction
to the research problem addressed. Architecture of ScaleGraph is described in Section
10.2. Implementation details of ScaleGraph is provided in Section 10.3. Performance
evaluations conducted using ScaleGraph is described in Section 10.4. A discussion of the
evaluation results of ScaleGraph as well as its limitations are described in Section 10.5.
Conclusions are provided in Section 10.6.

10.1 Introduction

Present high performance computing landscape is dominated by message passing com-
puters with distributed memory. For example, the K computer which is the top ranked
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10.2 ScaleGraph Architecture

super computer in Top 500 list of June 2011 is a distributed memory machine [327]. It
is expected that this trend will continue at the dawn of the Exascale era as well [83].

There are well known shortcomings of distributed memory machines that makes
them harder to program [73]. One of the key issues is latency of accessing non-local data
is relatively high compared with local data accesses. Another issue is load balancing
for applications with adaptive or dynamic computational requirements is challenging.
Moreover, writing message-passing software is very complex task that is limited to a small
community of HPC programmers from the software programmers at large. Creating
scalable large graph analysis activities on distributed memory machines remains a key
challenge for non-HPC programmers in Exascale era which is a key research question
addressed in this chapter.

PGAS (Partitioned Global Address Space) [328] languages such as UPC [329], X10
[246], Chapel [245], etc. provide a means of programming such distributed memory ma-
chines in Exascale environments. Development of comprehensive libraries for large graph
analysis in such PGAS languages is still in its infancy. We have developed ScaleGraph
which is an X10 library for massive graph analytics targeting large scale graph analysis
scenarios [48] to show the applicability of such PGAS languages for graph analysis.

10.2 ScaleGraph Architecture

ScaleGraph library has been designed from ground-up with the aim of defining solid
abstractions for large scale graph processing. Architecture of ScaleGraph is shown in
Figure 10.1. X10 application programmers can utilize ScaleGraph to write graph appli-
cations for Native X10. ScaleGraph library depends on third party C++ libraries such
as Xerces-C++ XML Parser [330], numerical packages such as SCALAPACK [331], etc.

X10 applications which use ScaleGraph can be written to operate in three different
scales called SMALL, MEDIUM, and LARGE. The SMALL scale represents a graph
application that runs on a single Place (Lets take the maximum supported graph size
as 2n (n : n > 0, n ∈ N). We created this configuration to support complex network
analysis community at large, who might be interested of using ScaleGraph in single
machine settings. If an application which uses the library in SMALL scale is run in
multiple places, the graph will be stored in the place designated by home (i.e., Place 0).

The second configuration type is MEDIUM scale in which the number of vertices
stored in one place is 2m (m : m > n, m ∈ N). However, the total graph size equals to
(2m ∗numberofP laces). For example, when the application is developed for MEDIUM
scale size with m=25 and is run on 32 places, the application can handle graphs up to
230 (i.e., ≈ 1 billion) vertices (As shown in Figure 10.2 (a)).

The third category of applications is the LARGE scale (shown in Figure 10.2 (b)).
This category has been created to support scenarios where the end-user does not have
enough compute resources to instantiate sufficient amount of places to hold billion scale
graphs. This type of application scenarios will be frequent for users with small compute
clusters with limited RAM or even in resource full compute clusters such as supercom-
puters when the processed graph need to be persisted on disks.
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Figure 10.1: ScaleGraph Architecture.

We have introduced such three scales of operations due to resource availability and
performance trade-offs present in many graph analysis applications. While the library
scales well with increasing numbers of machines, one cannot expect it to process a very
large graph that could not be kept on a single laptop’s memory. We believe the three
scales of operation modes lead to a more simpler yet robust architecture of ScaleGraph.

The library has been modeled entirely using object oriented software design tech-
niques. The design of the library contains six main categories; graph, I/O, generators,
metrics (graph structural properties), clustering, and communities. Package structure
of ScaleGraph is shown in Figure 10.3.

The graph package holds all the classes related to graph representation. All the
graphs of ScaleGraph implement a single interface called Graph. ScaleGraph separates
graph representation from rest of the algorithms. A Graph in ScaleGraph is just a data
structure and it has no associated operations implementing specific analysis algorithms
(E.g., degree, pagerank, centrality, etc.,). Graph algorithms are coded in separate classes.
ScaleGraph has two types of Graph classes named PlainGraph and AttributedGraph.
The PlainGraph is used to store non-attributed graphs (i.e., Graphs without attributes
for both vertices and edges) while AttributedGraphs can store attributes on both ver-
tices and edges.

ScaleGraph uses an adjacency list representation of graph data in its Graph interface.
Most of the real world graphs are sparse graphs which can be efficiently represented using
an adjacency list compared to an adjacency matrix. While adjacency matrices provide
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Figure 10.2: Medium scale and large scale configurations of ScaleGraph.
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Figure 10.3: Package structure of ScaleGraph.
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a marginal advantage over adjacency lists for memory utilization for representing big
graphs, and less time for edge insertion and deletion, it is well recognized fact that
adjacency lists are better for most applications of graphs [39].

ScaleGraph contains a set of classes for reading and writing graph files located under
org.scalegraph.io. All the readers implement Reader interface while all the writers
implement Writer interface both of which are located on org.scalegraph.io. There are
many different types of graph file formats used by complex network research community.
Out of them we support some frequently used file formats for attributed graphs such as
GML, GEXF, and CSV. For non-attributed graphs we support popular formats such as
edgelist and CSV. Certain file formats have more than single file reader/writer classes.
An example is ScatteredEdgeListReader which reads a collection of files created by
partitioning an edgelist file in small pieces.

The generators package includes a collection of graph generators. We have imple-
mented an R-MAT [312] generator which is located in the generators package. Scale-
Graph contains a set of classes for obtaining the structural properties of graphs. Scale-
Graph has implemented betweeness centrality and degree distribution structural prop-
erty calculation. The planned other graph structural properties include diameter, pager-
ank, density, complexity, cliques, KCores, Mincut, connected component, etc. The main
interfaces of ScaleGraph include Graph, Reader, and Writer interfaces which are de-
scribed above.

10.3 Implementation

This section describes the structural properties used for scalability evaluation study of
ScaleGraph.

10.3.1 Graph Structural Properties

10.3.1.1 Degree Distribution Calculation

Degree distribution is one of the widely studied properties of a graph [332]. Degree of a
vertex in a graph is the number of edges connected to it [333]. If one denotes degree by k,
then the degree distribution can be represented by pk. Two types of degree distributions
can be calculated for directed graphs such as world wide web graph, citation networks
called in-degree and out-degree distributions. In the context of a web graph, in-degree
of a vertex V is the number of vertices that link to V. Out-degree of V is the number
vertices that V links to [333]. ScaleGraph supports calculation of both in-degree and
out-degree for directed graphs. In ScaleGraph a boolean flag has been used to determine
the directedness of a graph. If the flag is set to true, the graph is treated as a directed
graph. In this chapter we only evaluate performance of in-degree calculation since both
in-degree and out-degree calculation algorithms are similar algorithms.
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10.3.1.2 Betweenness Centrality

Betweenness centrality (BC) [334][335] is a graph structural property which measures
the extent to which a vertex lies on paths between other vertices [59]. It is one of the
most frequently employed metrics in social network analysis [101]. We can define BC
of a general network as follows. Let nist be the number of geodesic paths (i.e., shortest
paths [336][337]) from s to t that pass through i (s,t, and i are vertices of the graph,
s 6=t 6=i). Lets denote the total number of geodesic paths from s to t as gst. Then the BC
of vertex i (i.e., xi) is given by,

xi =
∑
st

nist/gst (10.1)

We implement a more efficient version of BC introduced by Brandes [101]. For a
graph with n vertices and m edges this algorithm require O(n+m) space. The algorithm
runs in O(nm) and O(nm+n2log n) time on unweighted and weighted graphs respectively
[101]. Brandes algorithm traverses the vertices in non-increasing order of their distance
from source vertex (Brandes does not mandate use of a specific traversal algorithm for
this purpose [101]). Once this is done it backtracks through the frontiers to update sum
of importance values of each vertex [186]. However, it should be noted that in the case
of AttributedGraph we use Dijkstra’s algorithm instead of BFS in order to account for
edge weights. We do not do any approximation of BC rather calculate exact BC scores
on large graphs.

In our BC algorithm at the beginning, place 0 instantiates BetweennessCentrality
class objects in all the places. After construction of each object, it invokes the method for
constructing neighbor map that includes information of the neighbor connectivity. Once
each object constructs their own neighbor map, each object runs Brandes on assigned
vertices on them and calculates BC in parallel. Finally, betweenness scores are scattered
among each place via a distributed all reduce operation, which are then reported as an
Array object from place 0. A code snippet of our BC implementation on PlainGraph is
shown in Figure 10.4. Note that important X10 language constructs are highlighted in
bold italics font in Figures 10.4 and 10.5.

10.3.1.3 Spectral Clustering

Graph clustering is the act of grouping vertices of a graph into clusters considering the
edge structure of the graph in such a way that there should be many edges within each
cluster and relatively few edges between the clusters [338]. Graph clustering algorithms
can be divided in to two categories called “Node Clustering Algorithms” and “Graph
Clustering Algorithms” [65]. Spectral clustering is a node clustering algorithm.

If there are n objects labeled x1, x1, x2, ..., xn with a pairwise similarity function F
defined between them (F is symmetric and non-negative), spectral clustering includes all
methods and techniques that partition the set into clusters by using eigenvectors of ma-
trices, like F itself or other matrices derived using it [339]. Spectral clustering algorithm
includes two main steps as shown in Figure 10.5. First, spectral clustering algorithm
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val distVertexList:DistArray[Long] = this.plainGraph.getVertexList(); 

val localVertices = distVertexList.getLocalPortion(); 

val numParallelBfsTasks = Runtime.NTHREADS; 

   

finish { 

  for(taskId in 0..(numParallelBfsTasks -1 )) { 

 async doBfsOnPlainGraph(taskId, numParallelBfsTasks,  

                                                   this.numVertex, localVertices); 

   }   

} 

 

// If undirected graph divide by 2 

if(this.plainGraph.isDirected() == false) {   

     if(this.isNormalize) { 

          // Undirected and normalize 

          betweennessScore.map(betweennessScore, (a: Double) => a /  

                                                  (((numVertex - 1) * (numVertex - 2))) ); 

      } else { 

          // Undirected only 

           betweennessScore.map(betweennessScore, (a: Double) => a / 2 ); 

      } 

} else { 

     if(this.isNormalize) { 

          // Directed and normalize 

          betweennessScore.map(betweennessScore, (a: Double) => a /  

                                                       ((numVertex -1) * (numVertex - 2)) ); 

      } 

} 

 

if(Place.ALL_PLACES > 1) { 

 Team.WORLD.allreduce(here.id, betweennessScore, 0, 

betweennessScore, 0, betweennessScore.size, Team.ADD); 

} 

Figure 10.4: A code snippet of BC calculation on PlainGraph.
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makeCorrespondenceBetweenIDandIDX(); 

   

//Step 1: Make a degree matrix and a Laplacian matrix and solve a 

generalized eigenvalue problem 

val dm:DenseMatrix = getEigenvectors(); 

if(dm == null){ 

 return null; 

} 

   

//copy eigenvectors to DistArray 

val nPoints = dm.M; 

val points = DistArray.make[Vector](Dist.makeBlock(0..(nPoints-1)), 

(Point) => Vector.make(nClusters)); 

finish for(p in points.dist.places()) async at(p) { 

 for([i] in points.dist.get(p)){ 

  for(var j:Int = 0; j < nClusters; j++){ 

        points(i)(j) = dm(i, dm.N - j - 1); 

  } 

 } 

} 

 

//Step 2: Apply K-Means algorithm to eigenvectors 

val resultArray:DistArray[Int] = kmeans(nClusters, points); 

val result:ClusteringResult = makeClusteringResult(nClusters, 

resultArray); 

Figure 10.5: A code snippet of Spectral Clustering algorithm of ScaleGraph.

transforms the initial set of objects into a set of points in space, whose coordinates
are elements of eigenvectors. In spectral clustering an eigenvector or a combination of
several eigenvectors is used as the vertex similarity measure for computing the clusters.
Next, the set of points are clustered via standard techniques such as K-Means clustering
[298]. Spectral clustering has the ability of separating data points that could not be
resolved by applying K-Means clustering directly which is a key advantage compared
to other techniques. Spectral clustering has been applied for analysis of the network of
the Internet autonomous-system domains, graph partitioning, etc. [338]. A code snippet
depicting the Spectral Clustering implementation of ScaleGraph is shown in Figure 10.5.
Our spectral clustering code utilizes SCALAPACK [331] for solving eigenvalue problem
[340].

10.4 Evaluation

This section lists the evaluation results of the execution performance of degree distribu-
tion calculation, betweenness centrality calculation, and spectral clustering algorithms
on graphs stored in PlainGraph structure. All the evaluations of ScaleGraph has been
conducted on Tsubame 2.0 [324] on 8 nodes with the library set to operate in MEDIUM
scale. Each node has 2 Intel R©Xeon R©X5670 @2.93GHz CPUs each with 6 cores (total
12 cores per node/24 hardware threads). Each node has 54GB memory and 120GB SSD
and were connected with a Lustre file system for data storage. Each node runs on SUSE
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Linux Enterprise Server 11 SP1. We used X10 release version, X10.2.2.2. The X10 dis-
tribution was built to use MPI runtime with MVAPICH2-1.8 [341] and was built with
maximumly optimized versions of the class libraries by providing -DNO CHECKS=true

-Doptimize=true squeakyclean as arguments. We set X10 STATIC THREADS environ-
ment variable to 22. This allows us to avoid test applications generating excessive
amounts of threads. We used SCALAPACK version 2.0.0.

We used a Kronecker graph data set obtained from [342]. The graph contains 19,683
vertices and ≈40.3 million edges of the form A → B. We scattered the data file (193MB
on Lustre) in to 97 files each of size 2MB and used the ScatteredEdgeListReader

class to load the scattered data files. This allowed us to load the graph data into the
PlainGraph’s data structures faster than using the EdgeListReader class of ScaleGraph
which reads only a single file. However, a drawback of this method is that, since we used
Linux’s split command with specific file size (2MB), it cuts the original file exactly
into 2MB size which resulted in loss of few edges from the loaded graph since we had to
discard beginning/ending lines of certain small files. We hope to eliminate this problem
in future versions of ScaleGraph.

We also used a real data set obtained from LiveJournal with ≈69 million edges and
4.8 million vertices (file size 965MB) [343][344]. The dataset is available at Stanford
Network data sets repository which can be accessed from [345].

First, we obtained the performance information of running in-degree calculation on
PlainGraph. We used all the 8 nodes for this purpose and in each experiment we changed
the number of places as 8, 12, 16, 20, and 24. For each place combination we ran the
algorithm three times and got the average value. The results of this experiment for
Kronecker graph and for LiveJournal graph are shown in Figure 10.6 and Figure 10.7
respectively.
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Figure 10.6: Elapsed time for calculating in-degree distribution of Kronecker graph.

We saw the degree distribution calculation in multiple places scales well with the
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Figure 10.7: Elapsed time for calculating in-degree distribution of LiveJournal graph.

increase of the number of places. However, from 26 places onwards (not shown in
Figures 10.6 and 10.7) we saw reduced scalability due to saturation of X10 runtime.
It should be noted that we could not observe strong scaling across nodes (like we did in
BC) in the case of in-degree calculation because communication overhead between nodes
becomes a significant factor that determines elapsed time compared to the performance
gain obtained from added CPU/memory resources.

Next, we ran betweeness centrality calculation on PlainGraph. We followed a strong
scaling approach in BC experiment because BC is computation intensive algorithm.
Since, we get only 24 hardware threads per place, we believe this approach allows us to
observe scalability of our BC implementation. We ran BC on 1, 2, 4, and 8 nodes each
node having single place per experiment. Note that computations on single place were
parallelized across all the cores of a node using X10’s async statement. Each experiment
was conducted three times and we plot the average elapsed times on Figure 10.8. We
observed that our BC implementation is scalable across multiple places in all except with
two nodes. The reason why two nodes takes little more time compared to single node
experiment is that the Kronecker graph we used during this study had big connected
component which was processed at place 0 which made place 0 (on first node) to take
more time to complete compared to place 1 on second node.

Finally, we ran spectral clustering on PlainGraph (each experiment 3 times) and
obtained average elapsed time. We used the same node patterns similar to BC because
spectral clustering is also a computation heavy algorithm. We saw that the speed up
gain we achieved becomes less with increase of nodes. The results are shown in Figure
10.9. The spectral clustering algorithm identified two clusters on the Kronecker graph.
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Figure 10.8: Elapsed time for obtaining BC up to 8 nodes.
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Figure 10.9: Elapsed time for running Spectral Clustering up to 8 nodes.
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10.5 Discussion and Limitations

Unlike most contemporary graph libraries, ScaleGraph tries to introduce concrete ab-
stractions for representing graph data on distributed environments while providing a
simple programming interface for X10 application developer community [48][326]. One
of the key features that distinguishes ScaleGraph library from other contemporary li-
braries is that ScaleGraph creates a distributed index of graph data (i.e., the vertices
are indexed by their vertex ID) which makes it difficult to load the graph data in dif-
ferent places asynchronously. Current solution for this issue is to split the large graph
into pieces and then load them via our library. A future enhancement would be cre-
ating a cyclic version of the distributed index of graph data to enable scalable loading
of graph data on ScaleGraph. Since current X10 DistArray does not implement block
cyclic distribution we need to implement our own cyclic distributions. We also study
other different data distribution techniques that could evenly distribute computations
across all nodes during a distributed graph computation.

The scalability evaluations on this chapter have been presented up to 8 nodes. It
was observed that from 8 nodes onwards the scalability advantage reduce increasingly.
We believe that ScaleGraph can scale better with larger data sets (compared to the ones
presented in this chapter) on more than 8 nodes.

In the case of BC, limited concurrency and main memory in distributed memory
machines are the main bottleneck for scalability. It should be noted that we are cal-
culating the exact BC rather than making BC approximations for large graphs in such
constrained environments different from some of the works mentioned in the Related
Work (Section 2.6). The bottlenecks are same for Spectral clustering as well since it is
computation intensive algorithm. However, in the case of degree distribution calculation
which is less CPU intensive, its better to use lesser number of nodes because adding
more nodes increases the communication overhead which acts as the main bottleneck.

10.6 Conclusion

This chapter described ScaleGraph which is an X10 library for large scale graph data
analysis. ScaleGraph library has been designed ground up following the object-oriented
programming concepts emphasizing programmer productivity of creating scalable graph
analysis applications in distributed memory and heterogeneous environments. We eval-
uated the performance of degree distribution calculation, betweeness centrality, and
spectral clustering on PlainGraph in Tsubame 2.0 distributed memory computing envi-
ronment and observed the scalability of the library. We were able to calculate in-degree
distributions of Kronecker and LiveJournal graphs in 2.5 seconds and in 998 seconds re-
spectively on 24 places in 8 nodes. Running BC on Kronecker graph took 75 seconds to
complete on 8 nodes. Spectral clustering took 3006 seconds to complete on 8 nodes. We
observed that scalability of X10 graph algorithms in such distributed memory settings
is determined by communication overhead, number of available hardware threads, and
the amount of main memory.
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10.7 Summary

Well-defined software modularizations are required for improving productivity of large
scale data analysis software systems. Furthermore, such modularizations can act as the
input for automated performance tuning mechanisms (Such as the data analysis software
auto-tuning techniques described in Part II). Focusing on the research problem of lack
of scalable well-defined software abstractions for large graph processing, this chapter de-
scribed the architecture of ScaleGraph which is an X10 library for large graph processing.
Section 10.1 provided an introduction to the area of development of modularizations for
large graph analysis. The software design and architecture of ScaleGraph was described
in Section 10.2. Implementation details of ScaleGraph was provided in Section 10.3.
Evaluation details of ScaleGraph was given in Section 10.4. A discussion on the perfor-
mance characteristics of ScaleGraph was provided in Section 10.5. Conclusions of the
chapter were presented in Section 10.6. Next chapter presents Exedra which is a domain
specific language for large graph analysis.
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11

A Domain-Specific Language for

Large Graph Analytics

Many of the large scale data analysis activities are organized as workflows because data
analysis tasks involve application of multiple analysis algorithms on the target data.
Typically data analysis workflows are constructed using multiple data analysis software
using a general purpose programming language. Therefore, the workflow optimizations
need to be conducted at each different software library or middleware level which could
reduce the productivity of the workflow optimization due to the same reasons pointed
out in Section 6.1. This chapter describes a solution for this issue through use of Domain
Specific Languages (DSL). The chapter describes a domain specific language for large
graph analysis that provides a unified interface for the graph analysis workflow. Section
11.1 provides an introduction to the area of domain specific languages. Section 11.2
describes Exedra which is a DSL proposed for large scale graph analysis. The graph
analysis activities written in Exedra are executed in a middleware called Dipper. Design
and implementation of Dipper middleware is described in Section 11.3. Evaluation de-
tails of Exedra and Dipper are provided in Section 11.4. A discussion of the eveluation
results is presented in Section 11.5. Conclusions are presented in Section 11.6.

11.1 Introduction

As mentioned in Chapter 1 special classes of software have emerged to process graph
data on distributed computing infrastructures such as clusters and super computers.
Pegasus [346], Pregel [77], GBase [347], Trinity [212], Hama [348], Giraph [349], HipG
[350], PBGL [70], ScaleGraph [48], KDT [186], GraphLab [64], GraphBuilder [351], GPS
[352], GraphX [353] etc. are few examples for the large body of research on design and
implementation of graph analysis middleware and software platforms targeted for large
graph analysis in high performance computing systems. These software provide means
for modeling large graphs and allow conducting analysis on them.
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Exascale systems [79] which are expected to appear in the time frame 2018˜2020
will revolutionize data analysis technologies. However, programming on such Exascale
systems will have to operate on a diverse range of hardware such as multi-core processors,
hardware accelerators, etc. Furthermore, massive levels of parallelism, increase in system
faults, and complex, multi-component software environment are major challenges the
Exascale applications will face. There are different path ways for implementing data
processing systems in Exascale environments. First such method is use of a standard
general purpose programming paradigm and adapt it to different architectures. E.g.,
MPI is widely used programming model for programming parallel systems. Therefore,
we can either emulate MPI and different devices or combine MPI with device specific
languages to create graph data processing applications. In the same way we can use
novel general purpose parallel programming languages such as PGAS languages (UPC
[354], X10 [200], Chapel [245], etc.) to program data analysis tasks on Exascale systems.

However, a major drawback associated with the aforementioned approaches is that
each one of them have their own solution. User must be veteran of the general purpose
language rather than the application he/she is interested of. We need unified means
of doing large graph processing in future large scale systems that will enable broad
scientific community to leverage the benefits of multiple systems. This chapter proposes
an approach for programming large graph analysis on large scale environments (which is
currently less studied) with Domain-specific languages [355]. Domain-specific languages
(DSLs) are programming languages tailored to a specific application domain, and they
represent majority of the programming languages. They exploit domain knowledge for
productivity and efficiency. Use of DSLs offer substantial gains in expressiveness and ease
of use compared with general-purpose programming languages used for graph analysis.

We present Exedra which is a domain-specific language for conducting large graph
analysis on future large scale systems. Unlike current DSLs for graph analysis our focus
is to create a complete DSL for specifying graph analysis workflows. Through Exedra
we define a language for specifying graph representation and analytics. We apply this
language to a graph processing platform that we developed called Dipper. Dipper allows
for specifying large graph analysis tasks using R [356] which is a programming language
for statistical computing. Dipper extends the famous Igraph [60] graph analysis package
for specifying the large graph analysis tasks. Users can run graph analysis tasks using
their familiar Igraph/R [193][60] interface which gets translated to Exedra statements
by Dipper. These statements are interpreted by the Exedra interpreter and they get
mapped into the underlying high performance libraries.

11.2 Exedra Domain-Specific Language

As mentioned earlier, Exedra is a domain-specific language for large graph analysis. We
designed the language following data flow paradigm. Exedra is an interpreted language
similar to several related domain-specific languages such as R, Gremlin, etc. Exedra also
follows the design decision to use the Igraph/R syntax as mentioned previously. Exedra
has language constructs for defining computation compartments. Computations are

176



11.2 Exedra Domain-Specific Language

conducted on different compartments that makes a data flow path. A compartment is an
independent block of computation. It can either receive data from another compartment
or instantiate data from itself. After processing the data the compartment hands over
the data to another compartment in the flow graph.

exedra:begin[medium=scalegraph] 

Graph g = graph.empty() 

Vertex v = (1) 

add.vertices(g,c(1,2,3)) 

exedra:end 

exedra:begin 

Graph g = read.graph("/nfs/home/admin/Desktop/16.dl") 

summary(g) 

Vec v = clusters(g,alg="spectral") 

exedra:end 

exedra:begin[medium=scalegraph] 

Graph g = read.graph("/nfs/home/admin/Desktop/16.dl") 

exedra:end 

exedra:begin[medium=kdt] 

pageRank(g, epsilon=0.0000001) 

exedra:end 

exedra:begin 

exedra:end (a) 

(b) 

(c) 

(d) 

Figure 11.1: Example Exedra code segments.

Figure 11.1 shows some examples for codes written in Exedra depicting the language’s
core language constructs. An Exedra program consists of one or more compartments.
Every Exedra compartment starts with exedra:begin, and ends with exedra:end, thus
the simplest program is of the form Figure 11.1(a). User can pass parameters to a
compartment. One of the most important parameters is medium. The medium is the
library/middleware that the Exedra compartment runs on. Currently we implemented
support for ScaleGraph, KDT, and R mediums. While ScaleGraph and KDT are large
graph processing libraries, we provide R language also as a medium in Exedra since
non-graph computations can be specified in R. Furthermore, if a compartment has been
marked with execution medium as R, its contents are not interpreted by Exedra inter-
preter, rather directed to R interpreter directly.

If any parameter has not been provided (as in the case with compartments in Figure
11.1 (a) and (c)) the default medium’s language configured with Exedra interpreter is
used as the language of interpreted output.

Furthermore, variables in Exedra have an associated type. For example, the variable
g in Figure 11.1 (c) is of type Graph. The language has support for Graph, Arr (Array),
Vec (Vector), String, Int (Integer), Float, Double, Long types. Note that type system
is only valid on non-R Exedra compartments. Comments on Exedra begins with # and
Exedra supports only single line comments (see Figure 11.5).

If an Exedra program specifies more than one compartment (E.g., Figure 11.1 (d))
they are executed in sequential order. In Figure 11.1 (d), first the graph loading happens

177



11.2 Exedra Domain-Specific Language

exedra:begin[medium=scalegraph] 

Graph g = read.graph("/nfs/home/admin/Desktop/16.dl") 

Vec d = degree(g,mode=c("total")) 

exedra:end 

 

exedra:begin[medium=R] 

len = length(d) - 1 

from = c() 

to = c() 

 

repeat{ flg = 0 

   flg2 = 0 

   for(i in 1:len){ 

   if(d[i] < 0){ 

    flg = 1  

    break 

   }else if(d[i] != 0){ 

    flg2 = 1 

   } 

  } 

  if((flg == 1)||(flg2 == 0)){ 

   break 

  } 

  randval = sample(1:len, 1) 

  d[randval] = 0 

   

  largest = 0 

  counter = 0 

  len = length(d) 

  for(i in 1:len){ 

   if(randval != i){ 

    if(d[i] > largest){ 

     largest = i 

    } 

   } 

  } 

 

  d[largest] = d[largest] - 1 

  from = append(from, c(randval)) 

  to = append(to, c(largest)) 

} 

relation = data.frame(from,to) 

 

exedra:end 

 

exedra:begin[medium=scalegraph] 

Graph result = graph.data.frame(relation, directed=TRUE) 

exedra:end 

Figure 11.2: Example Exedra code for scenario 1.

Compartment 1 Compartment 2 Compartment 3 Compartment 4 

Graph g = 

read.graph("/nfs/home/admi

n/Desktop/16.dl") 

 

#Find the largest Connected 

Component 

Graph concomp = 

connectedcomp.giant(g) 

Vec cl = 

clusters(concomp,alg="spect

ral") 

Int len = length(cl) 

#contract all vertices with 

the same cluster ID into a 

single vertex 

Graph g2 = 

contract.vertices(g, rep(cl, 

cl.id), 

vertex.attr.comb=toString) 

X10 X10 Python Python 

Figure 11.3: Arrangement of compartments of Scenario 2.
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in ScaleGraph compartment. Once the ScaleGraph compartment finishes its execution,
PageRank is calculated on KDT compartment. Such type of multiple compartments can
be used to leverage several libraries/middleware to conduct a computation that cannot
be conducted single handed on any of those software. For example in the scenario shown
in Figure 11.1 (d), ScaleGraph is capable of loading edgelist files while present version
of KDT does not support such feature.

In this chapter we describe two scenario workflows for graph analysis and show how
they can be represented in Exedra. The first scenario is privacy preservation of graphs
and social networks [357]. In a social network an adversary can know any subgraph
around a certain individual A [358]. If such a subgraph has been identified in the
anonymized graph with high probability, user A has high identity disclosure risk. Liu
et al. described a technique for minimally modifying the graph to protect the identity
of each individual involved. In brief their technique involves two steps. First, they
construct an anonymous degree sequence d’ for a given degree sequence d of a graph G.
Next, they use d’ to construct an anonymized graph G’. More details on their technique
is available from [358]. The second step of this process is shown in Figure 11.2.

This involves three Exedra compartments. The first compartment loads the graph G
and calculates its degree sequence d. Next, the R compartment creates the anonymized
graph using the degree sequence d (Note that for simplicity we choose the same degree
sequence d as the d’ anonymized sequence). Next, the data frame named relation

constructed by the R compartment is fed to the third compartment which constructs
a ScaleGraph Graph instance. This is an example for an Exedra code that involves
multiple compartments. Also, the second compartment does not involve processing any
graph instances.

The second example scenario we have chosen is a Mini-workflow that was introduced
by Lugowski et al. while introducing the Knowledge Discovery Toolbox (KDT) library
[186]. The workflow is illustrated in Figure 11.4 which conducts spectral clustering
on the giant component of a graph. How this workflow gets executed on Dipper is
shown in Figure 11.3. The workflow first loads the graph of edge list format from
disk. This is done in a ScaleGraph compartment because KDT does not support this
feature currently. Next, the graph’s largest connected component is calculated on a KDT
compartment (Currently the largest connected component calculation is not supported
in ScaleGraph). The largest connected component is sent to a ScaleGraph compartment
to conduct spectral clustering which is not implemented in KDT yet. Finally, all the
vertices of each cluster are contracted in a KDT compartment. The Exedra code for this
workflow is shown in Figure 11.5.

11.3 Design and Implementation of Dipper

We have implemented a large graph processing platform called Dipper which uses Exedra
as the language for programming graph analysis tasks. This infrastructure is written in
C/C++. System architecture of Dipper is shown in Figure 11.6. It should be noted that
even though Dipper accepts instructions given in Exedra, the end-user of the system

179



11.3 Design and Implementation of Dipper

Load the 

graph 

Find and select the 

giant component 

Cluster the graph 

(Spectral clustering) 

Contract 

the clusters 

Edgelist File 

Figure 11.4: Example workflow of Scenario 2.

exedra:begin[medium=scalegraph] 

Graph g = read.graph("/nfs/home/admin/Desktop/16.dl") 

exedra:end 

 

exedra:begin[medium=kdt] 

#Find the largest Connected Component 

Graph concomp = connectedcomp.giant(g) 

exedra:end 

 

exedra:begin[medium=scalegraph] 

Vec cl = clusters(concomp,alg="spectral") 

exedra:end 

 

exedra:begin[medium=kdt] 

#contract all vertices with the same cluster ID into a single vertex 

Graph g2 = contract.vertices(g, rep(cl, cl.id), vertex.attr.comb=toString) 

exedra:end 

Figure 11.5: Example Exedra code for scenario 2.
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writes the graph analysis computations in Igraph/R syntax.

Exedra statements 

Igraph/R statements 

R 

Exedra-R Plugin 

Exedra Interpreter 

Query 

Cache 

Dipper Code  

Generator 

Target Language 

Compilers 

Dipper  

Compiler 

Target Runtimes 
Dipper 

Scheduler 

Exedra  

statements 

Figure 11.6: System Architecture of Dipper.

We have developed an R extension (Exedra-R Plugin) by extending the Igraph/R
package. Currently this extension converts a subset of the Igraph/R instructions into
Exedra instructions (The remaining Igraph/R instructions are interpreted by the Igraph/R
extension itself). The generated Exedra statements are fed to the Exedra Interpreter
component. It consists of an Exedra parser written using popular ANTLR [286] parser
generator. The Exedra parser identifies each available compartment on the Exedra pro-
gram. It also checks in its Query Cache whether same query (i.e., Exedra program) has
been executed recently. If the same query had been executed recently, it will just reuse
the program binaries available on Query Cache rather than moving to Dipper’s code
generation and compilation phases. If the query was not available in query cache the
Exedra Interpreter proceeds to the code generation phase. In this phase, once the target
medium is identified each statement in the program are translated to target medium’s
language (E.g., X10, Python, etc.) or operating instructions. Next, these instructions
are added to predefined compartments by the Dipper Code Generator.

A compartment is a standalone software module that runs as an application of its
target language. For example an X10 compartment is an X10 application. Compartment
has server/client interface; and each compartment communicates with its parent (i.e.,
predecessor in a compartment chain), and its child (i.e., successor) using a custom pro-
tocol written over TCP/IP. The location of a compartment is determined by the Dipper
Code Generator. The location where a compartment gets executed is determined during
the code generation time.
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Once the Dipper Code Generator’s code generation phase completes we get a com-
plete graph analysis workflow that is made out of different graph analysis software com-
ponents. Next, the Dipper Compiler compiles this workflow using each compartment’s
target programming language. This step is needed only for compiled languages such
as X10, C/C++, Java, etc. Once the complete workflow is ready to be executed; the
Dipper Scheduler instantiates the compartments and launches the workflow.

11.4 Evaluation

We evaluated the performance of running a Dipper workflow and also the performance
of running a similar workflow in a single library. The second scenario described in
the Section 11.2 has been chosen as the example workflow. Specifically we report the
execution time for execution of the workflow shown on Figure 11.5, and also its KDT
implementation. The KDT implementation’s code is shown in Figure 11.7.

import sys 

import kdt 

 

bigG = kdt.DiGraph.load("/tmp/data/qh768.mtx") 

bigG.spOnes() 

 

#Finding the largest component 

comp = bigG.connComp() 

giantCompRoot = comp.hist().argmax() 

G = bigG.subgraph(mask=(comp==giantCompRoot)) 

 

#Clustering 

clus, markovG = G.cluster('Markov', addSelfLoops=True, expansion=2, 

inflation=2, prunelimit=0.00001) 

 

#Contracting 

smallG = G.contract(clusterParents=clus) 

Figure 11.7: KDT version of the example scenario 2.

We use a compute cluster of 4 nodes each with Intel R©CoreTMi7-2600K CPU @
3.40GHz, 24 cores, 15GB RAM, 8KB L2 cache, 200GB hard drive to run both the
Dipper workflow and the KDT workflow. Each node was installed with Linux CentOS
kernel 2.6.18, X10 version 2.2.2, and Python 2.7.1. We used KDT version 0.2 during the
evaluation. All the four nodes were connected through 1 Gigabit Ethernet. We used the
University of Florida’s sparse matrices during this evaluation [359]. The details of the
graphs that were used are listed on Table 11.1. While we could have used larger graphs
during this initial evaluation, we used the graphs mentioned in the Table 11.1 because
the KDT implementation that we used has been evaluated using graphs of such scale.

The first half of the experiments were run on a single node. Our objective was to get
an idea of how the performance varies for each experiment setup with different graph
characteristics. The performance results are shown in Figures 11.8 and 11.9. Next, in
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Table 11.1: Experiment graph data sets

graph vertices edges 

bfwb398 398 2910 

dw256A 512 2,480 

qh768 768 2,934 

qh882 882 3354 

qh1484 1484 6100 

the second step we distributed the Dipper compartments on to 4 different nodes (of the
same specification described above). Each node had one Dipper compartment. However,
this step could not be performed on KDT since the application was made to run on single
node. The results of the second step are shown in Figure 11.10. All the results shown
in Figures 11.8, 11.9, and 11.10 are three times average values.
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Figure 11.8: Experiment results of running Dipper.

11.5 Results and Discussion

From the results in Figures 11.8 and 11.9 we saw that increase of the graph size increases
the elapsed time of the analysis process. However, Dipper spent more time in completing
the task because it had the overhead of format conversion. Furthermore, the workflow
used Spectral clustering rather than the Markov clustering (used in KDT). The dis-
tributed version of the experiment indicated that Dipper has the ability of reducing the
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Figure 11.9: Experiment results of running KDT workflow.

time consumed for completing the process when distributed (Even though this involves
additional network overhead during communication between compartments on differ-
ent nodes). Note that we were not able to get results for dw256A graph in distributed
environment due to an error thrown in KDT compartment.

0

0.5

1

1.5

2

2.5

bfwb398 qh768 qh882 qh1484

E
la

p
se

d
 T

im
e 

(s
) 

Graph Lable 

Elapsed Time for running Example Scenario 2 on 

Dipper on 4 Nodes 

Figure 11.10: Experiment results of running Dipper distributed on 4 nodes.

There are several limitations for current Exedra Language and the Dipper framework
that we list down here. Current version of Exedra grammar is limited to graph reading
and graph analysis algorithms such as degree distribution calculation, clustering, largest
component, etc. Current version of Exedra grammar does not support graph traver-
sal operations. Furthermore, we have implemented compartments for ScaleGraph and
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KDT libraries only which restricts us using other mediums. Despite the benefit that
Exedra provides for constructing large graph analysis workflows and distributing graph
computations; communication between different compartments introduces an additional
overhead of data format conversion. We are investigating on different approaches to
minimize the overhead involved with format conversion. Furthermore, the current Dip-
per framework is not able to withstand the changes made to the libraries/middleware
on which the compartments run on.

11.6 Conclusion

Mining valuable information from large graphs is essential in the era of Exascale which
is predicted to appear in next five or seven years time period. However, most of the
analysis, and mining of such large graph data organized as workflows need coordinated
effort of several software components since it is hard to find a single library/middleware
that provides all the features expected by users. This is because the rapid evolution of
the field of large graph analysis and the plethora of software written for this purpose have
different applications. In this chapter we described Exedra, a domain-specific language
that we believe will provide a unique way of specifying large graph analysis workflows.
The workflows get translated to the most appropriate middleware/library that it should
get executed. This provides ability of constructing scalable graph analysis workflows
that is not possible using single library or middleware.

11.7 Summary

This chapter described Exedra which is a domain specific language for large graph anal-
ysis. Section 11.1 provided an introduction to use of domain specific languages for large
graph analysis. Details of the Exedra language was presented in Section 11.2. The
design and implementation of Dipper graph analysis platform was provided in Section
11.3. Evaluation details of Exedra was provided in Section 11.4. Evaluation results were
discussed in Section 11.5 and the conclusions were provided in Section 11.6. The next
chapter provided the overall conclusions arrived by this thesis and also lists some future
work.
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Conclusion & Further Work

This chapter provides overall conclusions arrived by the research conducted in this thesis.
A summary of the research problem being addressed and the proposed solution are
described at the beginning of this chapter. The specific contributions made by this
thesis are listed on Section 12.1. A discussion and limitations of the overall approach is
presented in Section 12.2. Further work for this thesis are listed in Section 12.3.

Data analytics refers to application of computer systems to analyze large data sets
with the main motivation of providing support for decision making. As described in the
first chapter of this thesis, stream processing and batch processing are two computing
paradigms used for conducting large scale data analysis. Large scale computing systems
(such as Exascale systems) that are predicted to appear within the next decade will
offer huge computing power (i.e., performance per watt) for conducting large scale data
analysis in online within real-time constraints. However, the complexity involved in
programming such large scale systems are increasing rapidly due to the distributed
nature of these systems. Therefore, the thesis pointed out the research problem “Current
HPC software architectures as it is for large scale data analysis is less optimal in terms
of execution performance and programmability”.

The thesis proposed software automatic tuning that is supported by well-defined soft-
ware modularizations as a solution for this issue. As shown in Figure 1.2 the proposed
solution comprises of optimization of three closely related areas of large scale data ana-
lytics: Performance Analysis, Software Autotuning, and Software Modularization. The
thesis conducted workload characterization of stream processing systems, benchmarking
of graph database systems to identify important performance features present in large
data analysis systems. Based on the observations made through performance analysis
as well as based on the empirical research results the thesis proposed a new technique
for optimizing stream processing system performance which uses software automatic
tuning. Furthermore, proposed software automatic tuning techniques depend on well-
defined software modularizations and software abstractions [360]. To address this issue
the thesis proposed two levels of graph data analytics abstractions which are intended
to fulfill this requirement. The overall view of the proposed solution and categorization
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of contributions is shown in Figure 12.1.
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Figure 12.1: Summary of the contributions.

12.1 Contributions

This thesis made contributions to the following areas of large scale data analytics.

• Stream Processing Performance Characterization: The thesis conducted
performance analysis of three latest, popular stream processing systems. We iden-
tified that having higher operator density at the starting portion of an opera-
tor graph tend to produce better performance. Furthermore, the thesis created
StreamFarm which is a stream workload generator platform that can be used for
performance characterizations. StreamFarm provides flexible interface for third
party applications.

• Graph Database Benchmarking: Chapter 9 of the thesis described XGDBench,
which is a scalable graph database benchmarking platform. Furthermore, the-
sis conducted benchmarking and workload characterization of five popular graph
database systems: Neo4j, OrientDB, AllegroGraph, Fuseki, and Titan using XGDBench.
The thesis also described how to model different graph database workload scenarios
such as workload spikes using XGDBench.
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• Stream Processing Performance Optimization: The thesis proposed source
code level operator graph transformation and auto-tuning as a technique to improve
performance of stream processing performance. In Chapter 6 thesis described Tri-
Operator transformation and Bi-Operator transformation techniques for automatic
transformation of stream applications. Hirundo which is a stream performance
optimization mechanism based on these techniques was described in Chapter 6.
The automatic code transformation techniques were applied for multiple stream
job performance optimization in Chapter 7 and a multiple stream job performance
optimization mechanism was presented.

• Performance maintenance and Fault tolerance of stream processing: The
automatic code transformation techniques described in Chapter 6 were applied in
the context of performance maintenance. A mechanism called Albatross which
maintains performance during crash failures was introduced in Chapter 8. With
the experiments made using Albatross we demonstrated that software automatic
transformation is capable for maintaining performance of stream applications dur-
ing consecutive node failures.

• Large graph processing: The thesis contributed to the area of large graph
processing by creating the architecture of ScaleGraph which is an X10 library
for large graph analysis. Furthermore, the thesis introduced Exedra which is a
domain-specific language for large graph analysis in Chapter 11.

12.2 Discussion and Limitations

The thesis proposed software automatic tuning and software modularization based opti-
mizations for constructing optimized large scale data analytics. While discussions were
made on each research approach and their limitations in different chapters, this section
provides an overall discussion and limitations of this thesis.

One of the main objectives of this thesis was to conduct performance analysis of large
data analysis software systems with the aim of identifying their important performance
features. This objective was achieved by conducting performance evaluation of different
stream processing systems, as well as benchmarking graph database systems.

Implementation of automatic performance tuning mechanisms for large scale data
analysis applications is the main contribution of this thesis. This objective was achieved
by creating source operator graph level optimization mechanisms for stream processing
systems. The thesis described the architecture of Hirundo, Tahitica and Albatross mech-
anisms that are developed based on these concepts. An abstract view of the relationship
between these three software systems is shown in Figure 12.2.

The objective of creation of well-defined software modularizations for large scale
distributed data analysis systems was achieved by designing and implementing a scalable
graph processing library called ScaleGraph. Furthermore, the thesis demonstrated the
ability for use of a domain specific language for efficient specification of graph analysis
tasks.
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Figure 12.2: High-level view of the relationships between the stream program optimization

mechanisms and techniques described in this thesis.

The techniques described in this thesis were implemented on software performance
optimization mechanisms such as Hirundo, Albatross, and Tahitica. Furthermore, Scale-
Graph 1.0 was implemented in native X10 and was evaluated in the Tsubame 2.0 envi-
ronment. XGDBench benchmarking framework was implemented in X10 language and it
was used for evaluating performance of different graph database servers in Tsubame 2.0
environment. These activities have contributed to achievement of the last two objectives
mentioned in Section 1.6.

Current implementations of the automatic software tuning techniques are limited
to System S environment, which made it impossible to be deployed and evaluated in
Tsubame 2.0 like environments due to the licensing issues of System S.

12.3 Further Work

12.3.1 Stream Processing Optimization

From the performance analysis conducted on stream processing systems (specially with
S4) it was observed that the number of processing elements (PEs) spawned by the stream
processing system plays an important role in scalability of the application. A stream
processing system architecture that scales in terms of number of PEs is a further work
that is inspired by that observation. Another future work is to conduct a code level
performance study on S4, specially to identify which components, code segments are
most resource intensive.

As mentioned in Section 6.10 currently Hirundo’s program structure analyzer gram-
mar is limited to a subset of SPADE language. We hope to improve the program struc-
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ture analyzer and the program generator modules of Hirundo in future to support dif-
ferent other stream operator categories. We also plan to study different techniques
for performance prediction of multipath DAGs. Another planned future activity is to
identify important semantics of input programs and incorporate those during Hirundo’s
performance optimization process.

Multiple stream job performance optimization described in Chapter 7 is entirely
based on ray fusion. In future we hope to implement a more sophisticated fusion algo-
rithm that uses a multi-constraint graph partitioning algorithm.

Albatross mechanism indicated its ability for maintaining performance during mul-
tiple node crashes. In future we hope to create a sophisticated scheduling algorithm
for Albatross’s stream job control process to reduce the time taken for recovery process.
Experimenting Albatross with more complex stream applications is another future work.
We hope to conduct performance recovery experiments with multiple stream jobs. We
also plan to study techniques for predicting sample program performance to improve
Albatross’s calibration process.

Performance prediction on multipath DAGs is another area that we hope to inves-
tigate in future. Pipelining based automatic tuning of UDOPs, automatic optimization
of stream applications by changing the order of operators on the data flow graph are
some other future research directions. Automatic identification of a parallelizable code
segment of a stream data flow graph is another future work for the work described in
this thesis.

12.3.2 Graph Processing Optimization

Performance comparisons of the graph database servers described in this thesis were
limited to 1024 vertex graphs. A future work is to conduct much deeper evaluation
of graph databases using XGDBench. During this process we hope to investigate the
reasons for why graph databases perform poorly and find path ways to improve their
performance. In future we hope to investigate more deeply on the aspects of graph
database workload spikes and implement them on XGDBench. Another future direction
that we hope to take this research is random evolution of property graphs which will
enable creation of benchmarking sessions with reduced memory usage [361]. We also
plan to study more on different other types of realistic workload generators and evaluate
their feasibility for graph database benchmarking with XGDBench.

Current Exedra grammar has limited support for a variety of graph analysis tasks.
We hope to implement such analysis processes in future versions of Exedra grammar.
Currently Exedra provides support for specifying graph analysis workflows in sequential
manner. In a future version of Exedra we hope to support multipath workflows as well.
Furthermore, we hope to support different other types of mediums such as Pegasus,
Apache Giraph, GraphLab [362], PBGL, etc. in future. Another future work is to
conduct performance evaluation of Dipper framework with graph sizes of billions of
scale.

Exedra provides an abstraction of a unified graph analysis workflow. In future we
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hope to autotune Exedra applications by extending the code transformation and opti-
mization techniques described in Part I of this thesis [363]. Furthermore, we hope to
improve Exedra in such a way that it allows for implementing multipath DAGs (i.e.,
more complex graph analysis workflows with concurrent and cyclic execution). Since
Exedra will have to face huge serialization and deserialization overhead for billion-scale
graphs, in future we hope to investigate approaches for avoiding heavy communication
overhead.

Variable scope of the current Exedra Language has a single global scope. In future we
hope to implement more sophisticated levels of scope for Exedra. Furthermore, libraries
such as ScaleGraph changes rapidly. Therefore, Exedra interpreter’s and dipper’s inter-
nal representation of the libraries (specially their interfaces) need to be robust enough
to with stand such changes. This is another future work we plan to conduct on Exedra.

In future we hope to implement robust fault tolerance mechanism for Exedra and
Dipper to avoid unexpected crashes happen in Exedra workflows.

12.3.3 Distributed Graph Database Engine for Large Scale Elastic

Graph Data Management and Mining in Hybrid Clouds

The graph database benchmarking research presented in Chapter 9 indicated the scala-
bility issues of current graph database servers. This section presents a future work for
creating a scalable graph database server targeted for operations in hybrid clouds.

Public and private clouds represent the two established ends of the cloud computing
spectrum based on the ownership and efficiency of shared resources. Private clouds are
operated by organizations solely for their compute needs and such clouds provide cheap
access to compute resources with more control over aspects such as security, privacy, etc.
Public clouds allow for purchasing on demand compute resources and provide virtually
infinite amounts of compute resources. However, public clouds have associated issues
such as cost of resource provisioning and data communication costs between public
cloud and local compute clusters becomes challenging when required to transfer huge
amounts of data [364]. A third deployment model called hybrid cloud that incorporates
characteristics of public and private clouds is currently emerging as a solution. Hybrid
clouds provide the ability of extending an organization’s private cloud infrastructure by
providing elastic cloud computing resources in a cost-effective manner. There have been
previous work on hybrid operation of different data analysis applications in the domains
of stream computing [217][218][219], MapReduce [365][366], etc. However, there are not
much work been done on graph database operation in hybrid cloud settings. In this
future work we hope to address this important issue.

Operations in a hybrid cloud in the context of a graph database is challenging because
graphs by their nature are linked, irregular data collections. Therefore, we face the
common dilemma of cloud data management: data partitioning. There is a trade-off
between the partitioning decisions, and efficiency of query execution on graph databases.
The key research question that we try to answer is what will be the optimal method of
operating a hybrid graph database service in such a way that we get minimum economic
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cost and reduced latency.
In achieving our aim we plan to create an operation model for hybrid graph databases.

Also we plan to implement this method on a hybrid graph database service that we
develop called Acacia. Acacia is intended for managing attribute graphs and will be
developed using X10 [200]. Furthermore, Acacia will be using HSQLDB and Neo4j as
its storage back ends.

12.3.3.1 Proposed System Design

The design of Acacia is based on graph partitioning. While graph partitioning requires
sophisticated partitioning algorithms and considerable processing overhead, it provides
us the benefit of reducing the costly communication between different nodes among the
nodes in both public and private clusters. We plan Acacia to store attribute graphs
which has become a de facto standard in the industry. The overview the proposed
hybrid graph database model is shown in Figure 12.3.
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Figure 12.3: Overview of the proposed Acacia hybrid graph database system

Acacia comprises of a set of processes and associated data stores. When a new graph
is added to Acacia it first partitions the graph into number of subgraphs which is equal to
the number of nodes that it currently run. Initially, the partitioned graphs are distributed
to Local Instances (A local instance is a standalone, non-distributed collection of graph
databases) based on their available capacity. Acacia keeps on monitoring the local stores’
remaining capacities as well as the CPU utilization of each node on the local cluster.
When it finds the utilization exceeds the SLA values agreed before the execution, it
considers of migrating portion of sub graphs in to public cloud. Acacia calculates the
required number of nodes to be allocated in the public cloud. Then Acacia starts the
VMs on public cloud and instantiates new Remote Instances. As soon as the Public
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Figure 12.4: Proposed system architecture of Acacia

VMs are available, Acacia starts migrating the selected graph data to the public cloud.

12.3.3.2 Proposed Scheduling Methodology

We plan to model the operation of Acacia to a scenario of solving a Knapsack problem
[39][367]. Input for a Knapsack problem is a set of items S = 1, ..., n, where item i has
size si and value vi and a knapsack capacity of C. We find the subset S’ ⊂ S that max-
imizes the value of Σi∈S′vi, given that Σi∈S′si≤ C; [39]. We will use the most common
formulation of the Knapsack problem called 0/1 Knapsack problem where each item
must be added completely in the knapsack or not included at all [39]. This is because
in Acacia once a graph has been partitioned in to pieces we do not attempt to reparti-
tion the same graph in to different number again since it requires lot of computational
resources. However, this 0/1 property makes the solving of the Knapsack problem hard
since we cannot use simple greedy algorithms for this purpose.

12.3.3.3 Proposed Implementation Technology

We plan to implemented Acacia using X10. The choice of X10 is motivated by the
facts such as X10 is open source and its ability to withstand architectural challenges
posed by heterogeneous systems. The planned system architecture of Acacia is shown in
Figure 12.4. Graph partitioning component of Acacia can be plugged in to the system
separately. In the planned architecture we use Metis [368] as the graph partitioner soft-
ware. Graph partitioning is supported by a series of MapReduce jobs written in Hadoop
which conducts format conversion of graph data to suite for Metis partitioner. Fur-
thermore, the MapReduce jobs also contribute for construction of the graph partitions.
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The constructed partitions are transferred to Acacia Instances through a gzip based
protocol. File gzipping allows for sending large text data in a more efficient manner
over the network. Each subgraph partition is stored in a separate Neo4j instance. This
design decision was taken because having multiple subgraphs loaded into a single Neo4j
instance may lead to performance bottlenecks on the single Neo4j instance which might
make the entire system down. Furthermore, having each graph in separate embedded
neo4j instance allows the subgraph to be easily transferred to remote nodes by gzipping
the entire Neo4j instance folder. The preliminary evaluation results of the data loading
phase of Acacia made at the time of writing this thesis indicates that such mechanism
allows for scalable distributed operation of the system.

12.4 Summary

This chapter provided overall conclusions for this thesis. The research problem addressed
by this thesis as well as the proposed solution were presented at the beginning of this
chapter. Contributions of the thesis were summarized in Section 12.1. A discussion was
made on the overall achievement of the goals of the thesis as well as the limitations of
the thesis’s approach in Section 12.2. Next, the chapter provided future work for this
thesis in Section 12.3.
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Appendix A

Data Flow Graphs of the High

Performance Sample Applications

This appendix lists the optimized data flow graphs of input applications that are pro-
duced by Hirundo.
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Figure A.1: DAG of 8SCSV 16F AG F SI sample application of VWAP which produced

highest consistent performance compared to the original VWAP application on cluster X.
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Figure A.2: DAG of 6SCSV 48F AG F SI sample application of VWAP which produced

highest consistent performance compared to the original VWAP application on cluster Y.
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Figure A.3: DAG of 4SCSV 4U 2F 4AG 4SI sample application of CDR which produced

highest consistent performance compared to the original CDR application on clusters X and

Y.
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Figure A.4: DAG of U 2F 2F F AG SI sample application of Twitter which produced

highest consistent performance compared to the original Twitter application on cluster X.
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Figure A.5: DAG of U 4F 2F F AG SI sample application of Twitter which produced

highest consistent performance compared to the original Twitter application on cluster Y.
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Figure A.6: DAG of SCSV F AG F 2F 2AG 4F F AG F J J SI sample application of Ap-

noea which produced highest consistent performance compared to the original Apnoea ap-

plication on cluster X.
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Figure A.7: DAG of SCSV FOR S 2F 2AG 2F F J F SI FOR E sample application of

Bargain which produced highest consistent performance compared to the original Bargain

application on cluster X.
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Appendix B

Some Example Transformations

for Quadri-Operator

Transformation

An example collection of transformed operator blocks possible using Quadri-Operator
Transformation (Quadri-OP transformation) are shown in Figure B.1. Note that these
Quadri-OP transformations are listed only for illustrating the complexity involved in
transforming four operator blocks (A B C D) at a time. We list few possible transfor-
mations only for two corresponding transformations produced by Tri-OP Transforma-
tion. Transformed operator block from Tri-OP transformation shown in Figure B.1 (a)
has been produced by applying 1-2-1 transformer pattern. Similar possible transformed
operator blocks from Quadri-OP transformation are shown in Figures B.1 (a-1) to (a-4).
Similar analogous transformed operator blocks for Tri-OP transformed operator block
of 2-2-2 transformation (shown in Figure B.1 (b)) are shown in Figures B.1 (b-1) to (b-
7). These transformed operator blocks are produced only for a transformation depth of
2. Hence, transformations even at smaller transformation depths produce significantly
larger numbers of transformed operator blocks for Quadri-OP transformation which
makes Quadri-OP transformation not suitable for Hirundo’s code transformer. Further-
more, as can be observed from these figures such as Figures B.1 (a), (a-3) and Figures
B.1 (b), (b-1); many of the Quadri-OP transformed operator blocks can be produced
by using Tri-OP transformation along with operator fusion. Due to these reasons we
conduct only up to Tri-OP transformation in Hirundo’s program transformer.
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Figure B.1: Some transformations possible using Quadri-Operator Transformation.
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Appendix C

Representation of a

Communication Network with

ScaleGraph 1.0

This appendix lists an example X10 code for representing a communication network
with ScaleGraph. Note that the line numbers are included in the Figure C.1 as a sup-
port for explanation. ScaleGraph 1.0’s AttributedGraph class is used for this purpose.
AttributedGraph is composed of Vertex, Edge, and Attribute objects and it has prede-
fined schemas for vertices and edges. Use of the term “schema” is analogous to relation
schema in Relational Databases. The vertex and edge schemas are fixed for the rest of
the life cycle of the graph. Defining of such fixed schema allows for eliminating subse-
quent requests to add elements with different attribute schemas. As can be observed
from Figure C.1, each vertex and edge of the graph can be represented as objects which
is an advantage in modeling real world scenarios. However, the information of these
objects are not stored as objects to avoid the performance penalties such as excessive
memory use.

The X10 code in lines 2 to 5 define the vertex attribute schema. Lines 7 to 10 create
the first vertex corresponding to Alice in the communication network. Lines 12 to 15
create the vertex corresponding to Bob. In line 17 an empty AttributedGraph is created
and the two vertex objects are added to this new graph object in subsequent lines. Next,
an AttributeSchema object is created for edges and set in the graph object (In line 22
to 25). An Edge object that represents an email message exchanged between Alice and
Bob is created in line 30 and is added to the graph in line 32.
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1:    val attrArray:ArrayList[Attribute] = null; 

2:    schema: AttributeSchema = new AttributeSchema(); 

3:    schema.add("fname", AttributeSchema.StringAttribute); 

4:    schema.add("email_add", AttributeSchema.StringAttribute); 

5:    schema.add("age", AttributeSchema.IntAttribute); 

6:     

7:    attrArray = new ArrayList[Attribute](); 

8:    attrArray.add(new StringAttribute("fname", "Alice")); 

9:    attrArray.add(new StringAttribute("email_add", "alice@gmail.com")); 

10:  v0:Vertex = new Vertex(attrArray); 

11:   

12:  attrArray = new ArrayList[Attribute](); 

13:  attrArray.add(new StringAttribute("fname", "Bob")); 

14:  attrArray.add(new StringAttribute("email_add", "bob@gmail.com")); 

15:  v1:Vertex = new Vertex(attrArray); 

16:    

17:   g: AttributedGraph = AttributedGraph.make();  

18:   g.setVertexAttributeSchema(schema); 

19:   g.addVertex(v0); 

20:   g.addVertex(v1); 

21:    

22:   schema: AttributeSchema = new AttributeSchema(); 

23:   schema.add("title", AttributeSchema.DateAttribute); 

24:   schema.add("dtime", AttributeSchema.DateAttribute); 

25:   g.setEdgeAttributeSchema(schema); 

26:    

27:   attrArray = new ArrayList[Attribute](); 

28:   attrArray.add(new StringAttribute("title", "Meeting")); 

29:   attrArray.add(new DateAttribute(2012,2,10)); 

30:   e0: Edge = new Edge(v0,v1, attrArray); 

31:    

32 :  g.addEdge(e0); 

Alice 

Bob 

alice@gmail.com 

bob@gmail.com 

Figure C.1: An example X10 code for representing a communication network with Scale-

Graph 1.0.
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