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Abstract

Over the past decade, as industry in nearly every sector of the economy has
moved to a data-driven world, there has been an explosion in the volume
of data and the need for richer and more flexible data processing tools and
environments. Processing and analyzing large volumes of data has become
easier over the last few years, and today there are many distributed data
processing tools and cloud computing platforms that can be readily used to
analyze large databases. In other words, users now have access to a variety
of open-source tools for “big data” management, tailored for different
types of workloads. Most of these systems can be easily deployed to large
clusters and can scale to thousands of nodes. Moreover, users do not need
to purchase expensive hardware to deploy their applications. There are
a variety of cloud computing platforms, adjusted for different types of
workloads and hardware requirements, which further simplify the process
of deploying, managing and controlling a large-scale application. At the
same time, the migration to a cloud-based environment can potentially
reduce the end-to-end cost for the user. As a result, users are increasingly
leaning towards cloud environments for data-centric applications.

Given the increasing number of available data management solutions
and the current computing trend towards cloud-based systems, the work
in this dissertation focuses on studying the design of different types of data
processing systems that can be deployed in cloud-based environments,
identifying its effects on workload performance, and proposing new ways
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to improve it.
This thesis has two main parts. In the first part of this dissertation,

we study the design choices made by the developers of a new class of
systems, called NoSQL systems, which have emerged over the last few
years. These systems are competing with the traditional and well-studied
relational data processing systems (SQL systems) in almost every type of
data processing application. We identify some of the performance bot-
tlenecks in these systems and propose new ways to improve them. The
second part of this thesis focuses on cloud-based Database-as-a-Service
(DaaS) environments. In these environments users execute their work-
loads on a relational database management system that is deployed in the
cloud. DaaS customers typically have certain performance and availability
expectations when running their workloads. In this work, we investigate
the database placement mechanisms which will allow to satisfy both the
performance and the availability requirements of the users and at the same
time will reduce the total operating cost for the DaaS provider.
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Chapter 1

Introduction

Over the past decade, there has been an explosion in the volume of data
and the need for richer and more flexible data processing tools and envi-
ronments. Users now have access to a variety of open-source tools for “big
data” management as well as to an increasing number of available cloud
computing platforms, which simplify the process of managing and deploy-
ing a data processing application. The available data processing systems
are optimized for a variety of workloads, namely analytical and/or trans-
actional workloads, and can address a variety of users’ needs . Similarly,
the existing cloud computing platforms which are adjusted for different
types of hardware and software requirements, can address almost all users’
expectations. However, as the volume of data that needs to be processed
continuously increases and as more and more databases and applications
migrate to cloud-based systems, it becomes challenging for both the cloud
service providers and the data processing systems designers to satisfy the
performance needs of the users, and at the same time continue to scale
their systems to larger cluster sizes.

Given the current computing trend towards cloud-based systems, this
thesis focuses on studying the design of different types of data process-
ing systems that can be deployed in cloud-based environments, iden-
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tify its effects on workload performance and proposing new ways to
improve it. More specifically, the work presented in this thesis can be
divided into the following two areas.

1.1 Big Data Platforms

In this part of the dissertation, we study the design choices made by the
developers of a new class of systems, called NoSQL systems, which have
emerged over the last few years. These systems are competing with the
traditional and well-studied relational data processing systems (SQL sys-
tems) in almost every type of data processing application. The newer
NoSQL systems have made different design choices than the traditional
RDBMSs and constitute a tempting choice when deploying large-scale data
applications, mainly due to the fact that they are open-source, they can
easily be deployed to large clusters of commodity hardware and they in-
corporate mechanisms to deal with hardware/software failures. This part
of the thesis focuses on evaluating and analyzing the performance of SQL
and NoSQL alternatives on different types of workloads and identifying
the drawbacks and the advantages of each of this class of systems. More
specifically, we evaluate these systems on two major types of applications,
namely decision support analysis and interactive data-serving.

In interactive data-serving environments, consumer-facing artifacts
must be computed on-the-fly from a database. An example of such an
application is a multi-player game in which the objects to be displayed
in the next screen must be assembled on-the-fly. In such environments,
newer NoSQL document systems are popular alternatives to using an
RDBMS. Our study reveals, that RDBMSs can still provide better perfor-
mance, in terms of both latency and throughput, for this type of workload.
This finding comes in contrast with the widely held belief that relational
databases might be too heavy weight for this type of workload, where
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the requests consist of a single simple operation and do not require the
complex transactional semantics that RDBMSs can handle.

At the other end of the big data application spectrum are analytical
decision support workloads that are characterized by complex queries on
massive amounts of data. Once again, (parallel) RDBMSs were largely
the only solution for these applications just a few years ago, but now they
face competition from another new class of NoSQL systems – namely,
systems based on the MapReduce paradigm [48]. Our analysis reveals that
although, the NoSQL system we tested, has greatly improved over the last
few years, its performance still lags behind the traditional RDBMS. More
specifically, we identify drawbacks in the storage layer, lack of cost-based
optimization techniques that would greatly improve the performance of
some class of queries, and failure to efficiently use mechanisms that are
already incorporated in the NoSQL system, which, if used properly, have
the potential to significantly improve performance. These findings are
presented in detail in Chapter 2 of this dissertation.

As identified in this study, an inefficient data storage layout can severely
impact the performance of data-analysis workloads in MapReduce-based
systems. Again, the well-studied RDBMSs have faced similar problems
and have tackled them by introducing columnar storage layouts. These lay-
outs have proven to be very efficient for queries that access a few attributes
of a dataset. Chapter 3, presents our work on incorporating columnar
storage in MapReduce. Incorporating column-oriented storage in a MapRe-
duce implementation such as Hadoop [3], presents unique challenges that
can lead to new design choices. More specifically, in this chapter, we in-
vestigate the tradeoffs between different data serialization formats, the
overheads of deserialization and decompression, and the importance of
data colocation. Moreover, we introduce a dictionary-based compression
technique which in combination with a novel columnar skip-list storage
layout can improve MapReduce’s performance by an order of magnitude.
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1.2 Database-as-a-Service Environments

The last part of this thesis focuses on cloud-based Database-as-a-Service
(DaaS) environments only. In these environments users execute their
workloads on a relational database management system (RDBMS) that is
deployed in the cloud. DaaS customers typically have certain performance
and availability expectations when running their workloads and they also
want to minimize the cost incurred when running their workloads. Guar-
anteeing such requirements is a challenging task for the DaaS providers.
Failure to satisfy the users’ needs directly translates into financial losses
for the service provider.

One way to increase data availability is through database replication.
Assigning replicas with different resource requirements to machines while
meeting the replication constraints and satisfying the performance SLOs
is a challenging task. The problem becomes even more complicated when
the impact of the replica placement algorithm to the data center’s operating
cost is taken into consideration. Typically, DaaS providers aim to satisfy the
performance and availability SLOs while minimizing the total operating
cost. In general, aggressively packing replicas on each machine reduces the
operating costs but degrades performance for the tenants, and vice versa.
In this thesis, we present a framework for designing and evaluating online
replica placement algorithms for multi-tenant DaaS environments. We
also design a number of replica placement algorithms and evaluate them
using multiple objective criteria that are established by our framework.
We find that an algorithm called RkC, has a unique combination of being
simple to implement, has good load balancing properties both in the initial
replica placement and in dealing with load-related changes following a
node failure, has low initial hardware provisioning cost, and is able to
guarantee tenant performance SLOs without requiring global knowledge
of every machine’s current load. Chapter 4 discusses in detail our proposed
techniques.
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Regarding, the cost of running a workload in a Database-as-a-Service
environment, this cost depends on the pricing model of the cloud service.
DaaS pricing models are typically “pay-as-you-go” in which the customer
is charged based on resource usage such as CPU and memory utilization.
Thus, customers considering different DaaS options must take into account
how the performance and efficiency of the DaaS will ultimately impact
their monthly bill. In our work, we show that the current DaaS model can
produce unpleasant surprises – for example, the case study that we present
in this paper illustrates a scenario in which a DaaS service powered by a
DBMS that has a lower hourly rate actually costs more to the end user than
a DaaS service that is powered by another DBMS that charges a higher
hourly rate. In Chapter 5, we present our evaluation on the DaaS pricing
models using two different database systems and a variety of workloads.
We also propose Benchmark-as-a-Service, which is a method for the end-
user to get an accurate estimate of the true costs that will be incurred
without worrying about the nuances of how the DaaS operates.

1.3 Outline

The remainder of this dissertation is organized as follows: Chapter 2
presents our experimental study on comparing SQL and NoSQL systems
on different types of workloads. Chapter 3 discusses our work on incor-
porating column-oriented storage in the MapReduce framework. Chap-
ter 4 presents our work on developing replica placement algorithms for
Database-as-a-Service environments. Chapter 5 presents our evaluation
of the current DaaS pricing models. Finally, Chapter 6 concludes this
dissertation and points to some directions for future work.
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Chapter 2

A Comparison of Data Processing
Systems for Cloud Environments

2.1 Introduction

The database community is currently at an unprecedented and exciting
inflection point. On one hand, the need for data processing products
has never been higher than the current level, and on the other hand, the
number of new data management solutions that are available has exploded
over the past decade. For over four decades, data management typically
meant relational data processing, and relational database management
systems (RDBMSs) became commonplace in any serious data processing
environment. Over the past decade, as industry in nearly every sector
of the economy has moved to a data-driven world, there has been an
explosion in the volume of data, and the need for richer and more flexible
data processing tools.

RDBMSs are no longer the only viable alternative for data-driven ap-
plications. First, consider applications in interactive data-serving environ-
ments, where consumer-facing artifacts must be computed on-the-fly from
a database. Examples of applications in this class include social networks
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where a consumer-facing web page must be assembled on-the-fly, or a
multi-player game in which the objects to be displayed in the next screen
must be assembled on-the-fly. Just a few years ago, the standard way to
run such applications was to use an RDBMS for the data management
component. Now, in such environments, newer NoSQL document sys-
tems, such as MongoDB [11], CouchDB [2], Riak [18], etc., are popular
alternatives to using an RDBMS. These new NoSQL systems are often
designed to have a simpler key-value based data model (in contrast to the
relational data model), and are designed to work seamlessly in cluster
environments. Thus, many of these systems have in-built “sharding” or
partitioning primitives that split large data sets across multiple nodes and
keep the shards balanced as new records and/or nodes are added to the
system.

This new interactive data-serving domain is largely characterized by
queries that read or update a very small amount of the entire dataset. In
some sense, one can think of this class of applications as the “new OLTP”
domain, bearing resemblance to the traditional OLTP world in which the
workload largely consists of short “bullet” queries.

At the other end of the big data application spectrum are analytical
decision support workloads that are characterized by complex queries on
massive amounts of data. The need for these analytical data processing
systems has also been growing rapidly. Once again, (parallel) RDBMSs
were largely the only solution for these applications just a few years ago,
but now they face competition from another new class of NoSQL systems
- namely, systems based on the MapReduce paradigm such as Hive on
Hadoop. These NoSQL systems are tailored for large-scale analytics, and
are designed specifically to run on clusters of commodity hardware. They
assume that hardware/software failures are common, and incorporate
mechanisms to deal with such failures. These systems typically also scale
easily when adding or removing nodes to an operational cluster.
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The question that we ask in this chapter is: How does the performance
of RDBMs solutions compare to the NoSQL systems for the two classes of
workloads described above, namely interactive data-serving environments
and decision support systems (DSS)? While [79] examined some aspect
of this question, it focused only on a small number of simple DSS queries
(selected join and aggregate queries). Furthermore, it only considered
MapReduce (MR) as an alternative to RDBMSs, and did not consider a
more sophisticated MR query processing system like Hive [5]. Further-
more, it has been several years since that effort, and the NoSQL systems
have evolved significantly since that time. So, it is interesting to ask how the
performance of the NoSQL systems compares to that of parallel RDBMSs
today.

In this thesis, we present results comparing SQL Server and MongoDB
using the YCSB benchmark [43] to characterize how these two SQL and
NoSQL systems compare on interactive data-serving environments. We
also present results comparing Hive and a parallel version of SQL Server,
called PDW, using the TPC-H DSS benchmark [21]. Our results show that
the SQL systems currently still have significant performance advantages
over both classes of NoSQL systems, but these NoSQL systems are fairly
competitive in many cases. The SQL systems will need to continue to keep
up their performance advantages and potentially also need to expand their
functionality (for example, supporting automatic sharding and a more
flexible data model such as JSON) to continue to be competitive.

On a cautionary note, we acknowledge that the evaluation in this chap-
ter only considers one data point/system in each class that is considered
in this work, namely a) NoSQL interactive data-serving systems (we use
MongoDB), b) MapReduce-based DSS systems (Hive), and c) RDBMS sys-
tems (SQL Server and SQL Server PDW). We understand that using other
systems in each of these classes may produce different comparative results,
and we hope future studies will expand this work to include other systems.
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In this thesis, we have (arguably) taken one representative and leading
system in each class, and benchmarked these systems against each other
to gather an initial understanding of the emerging big data landscape.

Finally, we note that while we have used some common benchmarks in
this thesis, the results presented are not audited or official results, and, in
fact, were not run in a way that meets all of the benchmark requirements.
The results are shown for the sole purpose of providing relative compar-
isons for this work, and should not be compared to official benchmark
results.

2.2 Background

In this section, we describe some background about the different data
processing systems that we examine in this thesis.

2.2.1 Parallel Data Warehouse (PDW)

SQL Server PDW [10] is a classic shared-nothing parallel database system
from Microsoft that is built on top of SQL Server. PDW consists of multiple
compute nodes, a single control node and other administrative service
nodes. Each compute node is a separate server running SQL Server. The
data is horizontally partitioned across the compute nodes. The control
node is responsible for handling the user query and generating an opti-
mized plan of parallel operations. The control node distributes the parallel
operations to the compute nodes where the actual data resides. A special
module running on each compute node called the Data Movement Service
(DMS) is responsible for shuffling data between compute nodes as neces-
sary to execute relational operations in parallel. When the compute nodes
are finished, the control node handles post-processing and re-integration
of results sets for delivery back to the users.
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2.2.2 Hive

Hive [5] is an open-source data warehouse built on top of Hadoop [3]. It
provides a structured data model for data that is stored in the Hadoop
Distributed Filesystem (HDFS), and a SQL-like declarative query language
called HiveQL. Hive converts HiveQL queries to a directed acyclic graph
of MapReduce jobs, and thus saves the user from having to write the more
complex MapReduce jobs directly.

Data organization in Hive is similar to that found in relational datab
ses. Starting from a coarser granularity, data is stored in databases, tables,
partitions and buckets. More details about the data layout in Hive are
provided in Section 2.3. Finally, Hive has support for multiple data storage
formats including text files, sequence files, and RCFiles [60]. Users can
also create custom storage formats as well as serializers/deserializers, and
plug them into the system.

2.2.3 MongoDB

MongoDB [11] is a popular open-source NoSQL database. Some of its
features are a document-oriented storage layer, indexing in the form of B-
trees, auto-sharding and asynchronous replication of data between servers.
In MongoDB data is stored in collections and each collection contains doc-
uments. Collections and documents are loosely analogous to tables and
records, respectively, found in relational databases. Each document is
serialized using BSON. MongoDB does not require a rigid schema for
the documents. Specifically, documents in the same collection can have
different structures.

Another important feature of MongoDB is its support for auto-sharding.
With sharding, data is partitioned amongst multiple nodes in an order-
preserving manner. Sharding is similar to the horizontal partitioning
technique that is used in parallel database systems. This feature enables
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horizontal scaling across multiple nodes. When some nodes contain a
disproportionate amount of data compared to the other nodes in the
cluster, MongoDB redistributes the data automatically so that the load is
equally distributed across the nodes/shards.

Finally, MongoDB supports failover via replica sets, which is its mecha-
nism for implementing asynchronous master/slave replication. A replica
set consists of two or more nodes that are copies of each other. More
information about the semantics of replica sets can be found in [12]. In
the following sections, we use the name Mongo-AS (MongoDB with auto-
sharding) when referring to the original MongoDB implementation.

2.2.4 Client-side Sharded SQL Server and MongoDB

For our experiments, we created a SQL Server implementation (SQL-
CS) that uses client-side hashing to determine the home node/shard for
each record by modifying the client-side application that runs the YCSB
benchmark. We implemented this client-side sharding so that we could
compare MongoDB(-AS) with SQL Server in a cluster environment. We
also took the client-side sharding code and implemented it on top of
MongoDB. This implementation of client-side sharding on MongoDB is
denoted as MongoDB-CS, allowing us to compare MongoDB-AS with
MongoDB-CS (and SQL-CS).

We note that both SQL-CS and Mongo-CS do not support some of the
features that are supported by Mongo-AS. First, whereas Mongo-AS uses
a form of range partitioning to distribute the records across the shards,
the Mongo-CS and SQL-CS implementations both use hash partitioning.
Another difference is that the Mongo-CS implementation does not use any
of the routing (mongos), configuration (config db), and balancer processes
that are part of Mongo-AS. As a result, load balancing cannot happen
automatically as in Mongo-AS, where the auto-sharding mechanism aims
to continually balance the load across all the nodes in the cluster. However,
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Mongo-CS makes use of the basic “mongo” process, which is responsible
for processing the client’s requests. Finally, Mongo-CS and SQL-CS do not
support automatic failover. We note that these features listed above were
not the key subject of performance testing in the benchmark (YCSB) that
we use in this thesis.

On the flip side, we also note that SQL Server has many features that
are not supported in MongoDB. For example, MongoDB has a flexible data
model that makes it far easier to deal with schema changes. MongoDB also
supports read/write atomic operations on single data entities, whereas
SQL Server provides full ACID semantics and multiple isolation levels.
SQL Server also has better manageability and performance analysis tools
(e.g. database tuning advisor).

2.3 Evaluation

In this section, we present an experimental evaluation of a RDBMS and a
NoSQL system on a DSS and a “modern” OLTP workload. More specifi-
cally, we use TPC-H [21] to evaluate Microsoft’s Parallel Data Warehouse
and Hive. We also compare MongoDB (Mongo-AS) with both client-side
sharded Microsoft SQL Server (SQL-CS) and MongoDB (Mongo-CS) im-
plementations, using the YCSB benchmark. The following sections present
details about the hardware and the software configuration that is used in
our experiments.

2.3.1 Hardware Configuration

All experiments were run on a cluster of 16 nodes connected by 1Gbit HP
Procurve 2510G 48 (J9280A) Ethernet switch. Each node has dual Intel
Xeon L5630 quad-core processors running at 2.13 GHz, 32 GB of main
memory, and 10 SAS 10K RPM 300GB hard drives. One of the hard drives
is always reserved for the operating system.
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When evaluating PDW and Hive, we used eight disks to store the data.
These disks were organized as one RAID 0 volume when the system was
running Hive, and configured as separate logical volumes when running
PDW. The log data for each PDW node was stored on a separate hard disk.

For Hive, we used one extra node to run the namenode and the job-
tracker processes only. PDW needs two extra nodes, used as a control
node and as a landing node respectively. The landing node is responsible
for data loading and does not participate in query execution. All the extra
nodes were connected to the same Ethernet switch that is used by the
remaining 16 nodes in the cluster. The operating system was Windows
Server 2008 R2 when running PDW, and Ubuntu 11.04 when running Hive.

For the YCSB benchmark experiments eight nodes were used as servers
(running SQL or Mongo) and eight were used to run the client benchmark.
Similar to the DSS experimental setting, eight disks were used to store the
data for the OLTP experiments. These disks were configured as RAID 0
when running MongoDB, and were treated as separate logical volumes
when running SQL Server. For the Mongo-AS experiments, we used one
extra node as the“config” server. The“config” server keeps metadata about
the cluster’s state. The operating system was, in both cases, Windows
Server 2008 R2.

2.3.2 Software Configuration

In this section, we describe the software configuration for each system
that we tested.

Hive and Hadoop

We used Hive version 0.7.1 running on Hadoop version 0.20.203. We
configured Hadoop to run 8 map tasks and 8 reduce tasks per node (a
total of 128 map slots and 128 reduce slots). The maximum JVM heap
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size was set to 2GB per task. We used a 256 MB HDFS block size, and the
HDFS replication factor was set to 3. The TPC-H Hive scripts are available
online [19]. However, since Hive now supports features that were not
available when these scripts were written, we modified the scripts in the
following ways:

1. Instead of using text files to store the data, we used the RCFile for-
mat [60]. The RCFile layout is considered to be faster than a row-store
format (e.g. text file, sequence file) since it can eliminate some I/O
operations [60]. All the TPC-H base tables are stored in compressed
(GZIP) RCFile format. Some TPC-H queries were split manually (by
the Hive team) into smaller sub-queries, since HiveQL is not expres-
sive enough to support the full SQL-92 specification; the output of
these intermediate queries is also stored in the RCFile format.

2. We enabled the map-side aggregation, map-side join and bucketed
map-join features of Hive, which usually improves performance by
avoiding executing the reduce phase of a MapReduce job.

3. We set the number of reducers for each MapReduce job to the total
number of reduce slots in the cluster (128 reducers). We found that
this setting significantly improves the performance of Hive when run-
ning the TPC-H benchmark, since all the reducers can now complete
in one reduce round.

Finally, all the results produced by the map tasks are compressed using
LZO, according to the suggestions of the Hive team [19] for appropriate
setting of Hive when running TPC-H.

PDW

For our experiments we used a pre-release version (November 2011) of
PDW AU3. Each compute node runs SQL Server 2008 configured to use
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a maximum of 24GB of memory for its buffer pool. Each compute node
contains 8 horizontal data partitions (a total of 128 partitions across the
cluster).

SQL Server PDW is only sold as an appliance. In an appliance each
node is configured much larger amounts of memory and storage and the
nodes are interconnected using Infiniband, and not Ethernet. Hence, the
results a customer would see would be much faster than what we report
below for an appliance with a similar number of nodes. Since, we wanted
to avoid an apples-to-oranges comparison between PDW and Hive we
used exactly the same hardware for both systems.

MongoDB (Mongo-AS)

We used MongoDB version 1.8.2. MongoDB supports auto-sharding so
that it can scale horizontally across multiple nodes. In our configuration,
the data is spread across 128 shards. We ran 16 “mongo” processes on
each one of our 8 server machines. Each “mongod” process is responsible
for one shard.

In MongoDB (version 1.8.2) any number of concurrent read operations
are allowed, but a write operation can block all other operations. That is
because MongoDB uses a global lock for writes (there is one such lock
per “mongod” process) . Consequently, we chose to run 16 processes per
server node instead of one. In this way, we can exploit the fact that our
nodes have 16 cores (hyper-threaded) and, at the same time, increase the
concurrency when the workload contains inserts or updates. Our single
node experiments have shown that running 16 processes per machine has
better performance than running one or eight processes when using the
YCSB benchmark. Except for the “config db” and “mongod” processes,
we launched 8 “mongos” processes, one at each server machine. The
“mongos” process is responsible for routing client requests to the appro-
priate “mongod” instance. All the clients that run on the same client node
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connect to the same “mongos” process. Since we have 8 client nodes, there
is a “1-1” correspondence between the “mongos” processes and the client
nodes.

MongoDB supports failover by using a form of asynchronous mas-
ter/slave replication, called replica sets. For our experiments, we did not
create any replica sets.

2.3.3 Traditional DSS Workload: Hive vs. PDW

In this section we describe the DSS TPC-H workload and various parame-
ters related to this workload for both PDW and Hive.

Workload Description

We used TPC-H at four scale factors (250 GB, 1000 GB, 4000 GB,16000 GB)
to evaluate the performance of PDW and Hive. These four scale factors
represent cases where different portions of the TPC-H tables fit in main
memory. We noticed that the TPC-H generator does not produce correct
results at the 16000 scale factor (this scale factor cannot be reported in
the official benchmark results). More specifically, the values generated
for the partkey and custkey fields in themk_order function are negative
numbers. These numbers are produced using the RANDOM function,
which overflows at the 16TB scale. Hence, we modified the generator
code to use a 64-bit random number generator (RANDOM64). For all
the scale factors, we executed the 22 TPC-H queries that are included in
the benchmark, sequentially. We didn’t execute the two TPC-H refresh
functions, because the Hive version that we used, does not support deletes
and inserts into existing tables or partitions (the newer Hive versions 0.8.0
and 0.8.1 do support INSERT INTO statements).
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Data Layout

A Hive table can contain partitions and/or buckets. In Hive, each partition
corresponds to one HDFS directory and contains all the records of the
table that have the same value on the partitioning attributes. Selection
queries on the partitioning columns can benefit from this layout since only
the necessary partitions are scanned instead of the whole table.

A Hive table can also consist of a number of buckets. A bucket is stored
in a file within the partition’s or table’s directory depending on whether
the table is a partitioned table or not. The user provides a bucketing
column as well as the number of buckets that should be created for the
table. Hive determines the bucket number for each row of the table by
hashing on the value of the bucketing column. Each bucket may contain
rows with different values on the bucketing column. During a join, if
the tables involved are bucketed on the join column, and the buckets are
a multiple of each other, the buckets can be joined with each other in a
map-side join only.

As seen in Table 2.1, a Hive table can contain both partitions and
buckets (e.g. Customer table in Table 2.1). In this case the table consists
of a set of directories (one for each partition). Each directory contains a
set of files, each one corresponding to one bucket. Hive tables can also be
only partitioned or only bucketed (e.g. Lineitem table in Table 2.1). In the
first case, selection queries on the partitioning columns can benefit from
the layout. However, join queries cannot benefit unless there is a predicate
on the partitioning columns on at least one of the tables. Bucketed tables
can help improve the performance of joins but cannot improve selection
queries even if there is a selection predicate on the bucketing column.

In PDW, a table can be either horizontally partitioned or replicated
across all the nodes. When partitioned, the records are distributed to
the partitions using a hash function on a partition column. Table 2.1
summarizes the data layouts for Hive and PDW.
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Hive PDW
Table Partition Buckets Partition Replication

Column Column
Customer c_nationkey 8 buckets c_custkey No

per partition
on c_custkey

Lineitem - 512 buckets l_orderkey No
on l_orderkey

Nation - - - Yes
Orders - 512 buckets o_orderkey No

on o_orderkey
Part - 8 buckets p_partkey No

on p_partkey
Partsupp - 8 buckets ps_partkey No

on ps_partkey
Region - - - Yes

Supplier s_nationkey 8 buckets s_suppkey No
per partition

on s_suppkey

Table 2.1: Data Layout in Hive and PDW.

As can be seen in Table 2.1, the bucket columns used in Hive are the
same as those used to horizontally partition the PDW tables. Each bucket is
also sorted on the corresponding bucket column. The PDW tables consist
of 128 partitions (8 data “distribution” per node).

Previous work [79] has shown that one of the major reasons why rela-
tional databases outperform Hadoop on some workloads is their inherent
indexing support. For our experiments we decided not to use any type
of index for the PDW tables (including primary key indices). The reason
behind this decision is that the Hive version we used does not support
automatic generation of query plans that consider the available indices.
Instead, the user has to rewrite the query so that it takes into account
the appropriate indices. This process quickly becomes complicated with
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complex queries like those in the TPC-H benchmark since the user has
to manually produce the “optimal” query plan. The newer versions of
Hive, have improved their index support and there is an ongoing effort
on seamlessly integrating indexing in Hive (e.g. [6, 7]). As part of future
work, we plan on comparing the performance of PDW with Hive, once
Hive’s optimizer starts considering indices.

Data Preparation and Load Times

In this section, we describe the data preparation steps for each system. We
also present data loading time for each system.

For Hive, we generated the TPC-H dataset in parallel across the 16
nodes of our cluster using the TPC “dbgen” program. All the data is
stored on a separate hard disk that is not used to store HDFS data files.
Before starting the loading process, we created one Hive table for each
TPC-H table. In the table definition, we provide the schema of the table,
the partitioning and bucketing columns (if applicable) and the storage
format (RCFile).

Data is loaded into Hive using two phases. First, the TPC-H data files
are loaded on each node in parallel, directly into HDFS, as plain text using
the HDFS command-line utility that copies data from the local filesystem
to HDFS. For each TPC-H table, an external Hive table is then created. The
table points to a directory in HDFS that contains all the relevant data for
this table. In the next phase, the data is converted from the text format
into the compressed RCFile format. This conversion is done using a Hive
query that selects all the tuples of each external table and inserts them
into the corresponding Hive table.

When loading into PDW, the TPC-H data is generated on the landing
node. Before loading the data, the necessary TPC-H tables are created
by using the CREATE TABLE statement and specifying the schema and
distribution of the tables (replicated or hash-distributed). The generated
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Load Time (in minutes)
250 GB 1 TB 4 TB 16 TB

HIVE 38 125 519 2512
PDW 79 313 1180 4712

Table 2.2: Load Times for Hive and PDW.

data is loaded using the “dwloader” utility of PDW, which splits the text
files that are generated at the landing node, into multiple chunks. These
chunks are then loaded to the 16 compute nodes of the cluster in parallel.
Table 2.2 presents the data loading times for both systems.

Experimental Evaluation

In this section we present an analysis of the performance and scalability
aspects of Hive and PDW when running TPC-H.

Table 2.3 presents the running time of the queries in PDW and Hive
for each TPC-H query for each of the four scale factors. For each scale
factor, the table contains the speedup of PDW over Hive. The table also
contains the arithmetic and geometric mean of the response times at all
scale factors. The values of AM-9 and GM-9 correspond to the arithmetic
and geometric mean of all the queries but Query 9, since Query 9 did not
complete in Hive at the 16TB scale factor due to lack of disk space.

Performance Analysis

Figures 2.1 and 2.2 present an overview of the performance results for
the TPC-H queries at the four tested scale factors for both Hive and PDW
(the detailed numbers are in shown in Table 2.3). Figure 2.1 shows the
normalized arithmetic mean of the response times for the TPC-H queries,
and Figure 2.2 shows the normalized geometric mean of the response
times; the numbers plotted in the figures are normalized to the response
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Figure 2.1: TPC-H Performance on HIVE and PDW based on the
arithmetic mean at different scale factors (normalized to PDW at Scale
Factor = 250).
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Figure 2.2: TPC-H Performance on HIVE and PDW based on the
geometric mean at different scale factors (normalized to PDW at Scale
Factor = 250).

times for PDW at scale factor 250. These numbers were computed based
on the AM-9 and GM-9 values.

As shown in the figures, PDW has a significantly lower (normalized)
arithmetic and geometric mean. Moreover, PDW is always faster than
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Query SF = 250 GB SF = 1000 GB SF = 4000 GB SF = 16000 GB
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Q1 207 54 3.8 443 212 2.1 1376 864 1.6 5357 3607 1.5
Q2 411 7 58.7 530 25 21.2 1081 115 9.4 3191 495 6.4
Q3 508 32 15.9 1125 112 10.0 3789 606 6.3 11644 2572 4.5
Q4 367 8 45.9 855 54 15.8 2120 187 11.3 6508 629 10.3
Q5 536 33 16.2 1686 80 21.1 5481 253 21.7 19812 1060 18.7
Q6 79 5 15.7 166 41 4.0 537 142 3.8 2131 526 4.1
Q7 1007 19 53.0 2447 80 30.6 7694 240 32.1 24887 955 26.1
Q8 967 9 107.4 2003 89 22.5 6150 238 25.8 18112 814 22.3
Q9 2033 207 9.8 7243 844 8.6 27522 3962 6.9 – 15494 –
Q10 489 14 35.0 1107 67 16.5 2958 265 11.2 13195 981 13.5
Q11 242 3 80.8 258 18 14.3 695 99 7.0 1964 302 6.5
Q12 253 5 50.6 490 44 11.1 1597 192 8.3 5123 631 8.1
Q13 392 51 7.7 629 190 3.3 1428 772 1.8 4577 3061 1.5
Q14 154 7 22.0 353 64 5.5 769 164 4.7 2556 640 4.0
Q15 444 21 21.1 585 99 5.9 1145 377 3.0 2768 1397 2.0
Q16 460 36 12.8 654 71 9.2 1732 223 7.8 5695 549 10.4
Q17 654 93 7.0 1717 406 4.2 6334 1679 3.8 25662 6757 3.8
Q18 786 20 39.3 2249 103 21.8 8264 482 17.1 25964 2880 9.0
Q19 376 16 23.5 1069 73 14.6 4005 272 14.7 17644 958 18.4
Q20 606 20 30.3 1296 101 12.8 2461 425 5.8 11041 1611 6.9
Q21 1431 31 46.1 3217 138 23.3 13071 927 14.1 40748 4736 8.6
Q22 908 19 47.8 1145 71 16.1 1744 255 6.8 3402 1270 2.7
AM 605 32 34.1 1421 136 13.4 4634 579 10.2 – 2360 –
GM 474 19 25.2 971 89 10.9 2727 352 7.7 – 1368 –

AM-9 537 24 35.3 1144 102 13.6 3544 418 10.4 11999 1735 9.0
GM-9 442 17 26.3 882 80 11.0 2443 314 7.8 8062 1219 6.6

Table 2.3: Performance of Hive and PDW on TPC-H at four scale factors.

Hive for all TPC-H queries and at all scale factors (see Table 2.3). The
average speedup of PDW over Hive is greater for small datasets (34.1X for
the 250 GB scale factor). This behavior can be attributed to two factors: a)
PDW can better exploit the property that, for small scale factors, most of
the data fits in memory, and b) As we will discuss below, Hive has high
overheads for small datasets.

In this section, we analyze two TPC-H queries in which PDW signifi-
cantly outperformed Hive at all scale factors, to gather some insights into
the performance differences.
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Query 5

As shown in Table 2.3, Query 5 is approximately 19 times faster on PDW
than Hive on the 16TB scale. This query joins six tables customer, orders,
lineitem, supplier, nation and region) and then performs an aggregation. The
plans produced by the PDW and the Hive query optimizers are as follows:

PDW: PDW first shuffles the orders table on o_custkey. The shuffle
is completed after approximately 258 seconds. Then, PDW performs a
join between the customer, orders, nation and region tables. This join can be
performed locally on each PDW node since the nation and region tables are
replicated across all the nodes of the cluster and the customer table is hash
partitioned on the c_custkey attribute. The output of the join is shuffled on
the o_orderkey attribute. The join and shuffle phases run for approximately
86 seconds. The table produced by the previous operations is locally joined
with the lineitem table, which is partitioned on the l_orderkey attribute and
then shuffled on the l_suppkey attribute. This shuffle and join phase runs
for 665 seconds. Then, the resulting table is joined with the supplier table
(locally). During this join, a partial aggregation on the n_name attribute is
performed. Finally, all the local tables produced at each PDW node are
globally aggregated on the n_name attribute to produce the final result.
The partial aggregation and the global aggregation operations complete
after 40 seconds.

Hive: Hive first performs a map-side join between the nation and the
region tables. A hash table is created on the resulting table and then a
map-side join is executed with the supplier table. Then, a common join
is executed between the table produced and the lineitem table. The com-
mon join is a MapReduce job that scans the two tables in the map phase,
repartitions them over the shuffle phase on the join attribute, and finally
performs the join in the reduce phase. This join runs for about 14880
seconds at the 16TB scale dataset. The map and shuffle phases run for
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approximately 12480 seconds. The output of this operation (TMP table) is
then joined with the orders table using the common join mechanism. The
running time of this join is 4140 seconds. Then, Hive performs a common
join between the customer table and the output of the previous operation.
During this operation the results are partially aggregated on the n_name
attribute. This join runs for about 720 seconds. Finally, Hive launches two
map-reduce jobs to perform the global aggregation as well as the order-by
part of the query.

The reasons why Hive is slower than PDW when running Query 5 are
described below.

First, the RCFile format is not a very efficient storage layout. We noticed
that the read bandwidth when reading data from the RCFile is very low.
For example, during the join between the lineitem table and the second
temporary table that is created, the read bandwidth during the map phase
is approximately 70 MB/sec and the map tasks were CPU-bound (the
8 disks used to hold the database can deliver, in aggregate, almost 800
MB/sec of I/O when accessed sequentially. Tests using the testdfsio bench-
mark showed that in our setup, HDFS delivers approximately 400 MB/sec
of read sequential bandwidth).

Another important reason for PDW’s improved performance over Hive
is that PDW repartitions the intermediate tables so that the subsequent join
operations in the query plan can be executed locally. This repartitioning
step is generated because the PDW optimizer computes a query plan, and
splits the query into sub-queries using cost-based methods that minimize
network transfers. As a result, large base tables, like lineitem, are not
shuffled. Hive on the other hand, does not use any cost-based model to
optimize query execution. The order of the joins is determined by the
way the user (in this case the Hive developers) wrote the query. This
approach results in missing opportunities to optimize joins. For example,
since the join order is determined by the way the query is written, the
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table produced by joining the nation, region and supplier table has to be
joined with the lineitem table. The lineitem table is not “bucketed” on an
attribute related to the supplier table. As a result, the join is executed using
the expensive common join mechanism that repartitions both tables and
joins them in the reduce phase. The running time of this task is higher
than the total running time of the PDW query at the 16TB scale factor.
Another, example is the join between the TMP table and the orders table.
Notice that the TMP table is produced by a join operation on the lineitem
table, which is bucketed on the l_orderkey attribute. However, the TMP
table is not bucketed at all. As a result the join between the TMP table
and the orders table cannot proceed as a bucketed map-side join and the
common join mechanism is used.

Query 19

Query 19 joins two tables ( lineitem, part) and performs an aggregation
on the output. This query contains a complex AND/OR selection predicate
that involves both tables. This query was approximately 18 times faster in
PDW at the 16TB scale factor. The plans produced by PDW and Hive are
as follows:

PDW: PDW first replicates the part table at all the nodes of the cluster.
This process is completed after 51 seconds. Then, it joins the lineitem
table with the part table at each node, applies the selection predicate and
performs a local aggregation operation; these three operations runs for
approximately 906 seconds. Finally, it performs a global aggregation of all
the results produced by the previous stage.

Hive: Hive performs a common join between the lineitem and the part
table. At the 16TB scale, this join operation runs for about 17540 seconds.
The map and shuffle phases run for 14220 seconds. During the reduce
phase, a partial aggregation is also performed. Then, Hive launches one
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SF = 250 GB SF = 1 TB SF = 4 TB SF = 16 TB
148 secs 339 secs 1258 secs 5220 secs

Table 2.4: Total time for the map phase for Query 1.

more MapReduce job that performs the global aggregation. This job runs
for about 25 seconds at the 16 TB scale factor.

As with query 5, PDW tries to avoid network transfers by. For this
reason, it replicates the small table ( part), and then performs the join with
the lineitem table locally. Hive, on the other hand, redistributes both the
part and the lineitem tables and then performs the join in the reduce phase
of the MapReduce job. Hive could have performed a map-side join instead
of a common join, but it doesn’t make that choice, probably because a hash
table on the part table wouldn’t fit in the memory assigned to each map
task.

Similar arguments hold for other queries where PDW significantly
outperforms Hive (e.g. Q7, Q8).

Scalability Analysis

As shown in Table 2.3, Hive scales well as the dataset size increases. In
this section we analyze some queries where Hive scales sub-linearly when
the dataset size increases by a factor of 4.

Query 1

Query 1 scans the lineitem table and performs an aggregation followed
by an order-by clause. The bulk of the time in this query is spent in the
map phase of the MapReduce job that scans the lineitem table. The map
tasks scan parts of the lineitem table and perform a map-side aggregation.
Table 2.4 shows the total time spent in the map phase at each scale factor.
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As shown in Table 2.4, when the dataset’s size increases from 250 GB
to 1TB, the map phase time increases by 2.3X. When the dataset increases
from 1TB to 4TB the map phase time grows by a factor of 3.7. This factor
becomes 4 when the dataset increases from 4TB to 16TB. The reason for
this behavior is as follows:

The lineitem table contains 512 buckets based on the l_orderkey attribute,
and it consists of 512 HDFS files (one file per bucket). We noticed that only
128 files out of the 512 contain data. The remaining 384 files are empty.
According to the TPC-H specification, the l_orderkey attribute is sparsely
populated (only the first 8 of every 32 keys are used). Hive uses hash
partitioning to determine the bucket number that corresponds to each row.
A hash function that assumes uniform distributions could have created
this uneven distribution of data in buckets.

For the 250 GB dataset, 512 map tasks are launched (one per file). The
map tasks that process non-empty files finish in approximately 75 seconds.
The map tasks that process the empty files finish in 6 seconds. The total
number of map tasks that can be run simultaneously on the cluster is
128 (128 map slots). Ideally, the first 128 map tasks would process non-
empty files and complete in 75 seconds, and then 3 rounds would be
needed to process the remaining empty files for a total time of 93 seconds.
However, the total time is 148 seconds. This behavior happens because in
the first round of map task allocation, both empty and non-empty files are
processed. As a result, there is at least one map slot that processes two
non-empty files, which then increases the total running time of the map
phase.

For the larger dataset sizes, more than one map tasks process the non-
empty files, and as a result, the ratio of the map tasks that do “useful”
work over those that process empty files increases. For example, at the 1TB
scale factor, 768 map tasks are launched (384 for the empty files and 384 for
the non-empty files). As the datasets get bigger, the overhead introduced
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SF = 250 GB SF = 1 TB SF = 4 TB SF = 16 TB
Sub-query 1 85 secs 104 secs 169 secs 263 secs
Sub-query 2 38 secs 51 secs 51 secs 63 secs
Sub-query 3 109 secs 236 secs 658 secs 2234 secs
Sub-query 4 654 secs 735 secs 797 secs 813 secs

Table 2.5: Time breakdown for Query 22.

by the empty files reduces.

Query 22

Query 22 consists of four sub-queries in Hive. The average time spent
in each sub-query for all scale factors is shown in Table 2.5. Sub-query 1
scans the customer table, applies a selection predicate, and finally stores
the output in a temporary table. The query consists of two MapReduce
jobs at the first three scale factors and of one MapReduce job at the 16TB
scale factor.

The first job executes the query (in a map-only phase), and outputs the
result to a set of files (one per map task). The second job is a filesystem-
related job that runs for 50 seconds at all the first three scale factors. This
job stores the result of the previous query across fewer files. In the first
MapReduce job, 200 map tasks are launched at the first three scale factors
(one per customer bucket) and 600 map tasks when SF = 16TB. This is
because at the 16TB each customer bucket consists of 3 HDFS blocks. The
job time is 34 seconds when SF = 250 GB, 47 seconds when SF = 1TB, 102
seconds for the SF = 4TB and 263 sec when SF = 16TB. The job’s running
time does not increase by a factor of 4 as the dataset size increases by 4X.
If we take a more careful look at the map phase of the job, we notice that
each map task processes approximately 9.4 MB, 37 MB, 148 MB and 256
MB of compressed data at each scale factor. Each map task runs for about
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9 seconds when SF = 250 GB, and 12 seconds when SF = 1000 GB. Since
each map task processes a small amount of data (in the order of a few
MB), the map task time does not scale linearly with the dataset size as
the overhead associated with starting a new map task dominates the map
task’s running time.

Sub-query 2 consists of one MapReduce job that scans the output of
the previous query, performs an aggregation, and stores the result into
another table. When SF = 250 GB, two map tasks are launched and they
finish after 12 seconds. When SF = 1TB, three map tasks are launched to
process a total of 735 MB of data, and each task finishes after 27 seconds.
When SF = 4TB, twelve map tasks are launched to process a total of 3 GB of
data, and each one finishes in 27 seconds. Finally, at the 16TB scale factor
600 map tasks are launched to process a total of approximately 12 GB
(each map task processes up to 102 MB and runs for at most 15 seconds).
Observe that the running time of this query is the same at SF = 1000 and
SF = 4000. The reasons for this behavior are:

• The map task time is the same at both scale factors since each map
task processes one HDFS block (256 MB).

• Since the available number of map slots is 128, the map tasks launched
at these two scale factors (3 and 12 map tasks respectively) can be
executed in one round.

Sub-query 3 scans the orders table, performs an aggregation and stores
the output in a temporary table. The orders table consists of 512 buckets on
the orderkey attribute. Similar to the lineitem table, only 128 files actually
contain data. The scaling behavior of this query is similar to that of Query
1 presented above.

Sub-query 4 performs two joins. The first one is executed between
the outputs of Sub-query 1 and Sub-query 3. Hive attempts to perform a
map-side join at all scale factors. However, the join always fails after about
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400 seconds due to Java heap errors (this time varies slightly across all
scale factors). Then, a backup task is launched that executes the join using
Hive’s common join mechanism. The join completes in 110 seconds, 150
seconds, 196 seconds and 300 seconds at the 4 scale factors. The reason for
this scaling behavior is the small amount of data processed per map task
(similarly to Sub-query 1). Similar observations hold for the remaining
MapReduce jobs of this query (the second join, the group-by part, and the
order-by part).

Discussion

Based on our analysis above, we now summarize the reasons that result
in PDW outperforming Hive. These reasons are:

1. Although the RCFile format is an efficient storage format, it has a
high CPU overhead.

2. Cost-based optimization in PDW results in better join ordering. In
Hive, hand-written sub-queries and absence of cost-based optimiza-
tion results in missed opportunities for better join processing.

3. Partitioning attributes in PDW are crucial inputs to the optimizer
as it tries to produce plans with joins that can be done locally, and
hence have low network transfer costs. In Hive although tables are
divided into buckets, this information is not fully exploited by the

4. PDW replicates small tables to force local joins. Hive supports the
notion of map-side join, which is similar to the replication mecha-
nism of PDW. In a map-side join, a hash table is built on the smaller
table at the Hive master node. The hash table is distributed to all the
nodes using Hadoop’s distributed cache mechanism. Then, all the
map tasks load the hash table in-memory, scan the large table and
perform a map-side only join. One disadvantage of this approach
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is that the hash table must fit in the memory assigned to each map
task. As a result, there is a tradeoff between the number of map
slots per node (which is determined by the user) and the memory
available to each map task. This memory restriction is frequently
the reason why this query plan fails. Another issue is that each
new map task at a node has to load the hash table in memory from
the local storage. (The hash table does not persist across map tasks
on the same node). The authors in [66] present another alternative
to map-side joins that avoids these issues. A related point is that
although bucketing can improve performance by allowing bucketed
map-side joins, the bucket should be small enough so that it can
fit in the memory available to each map task. Having many small
buckets at each table can help getting more bucketed map-side joins.
However, when scanning tables that consist of many small buckets,
the map task time can be dominated by the startup cost of the map
task. Moreover, it’s possible that the number of map tasks launched
is high so multiple map rounds of short map tasks are needed to
complete the scan (e.g. Sub-query 1 in Q22).

5. Finally, although Hive does not exploit bucketing as efficiently as
partitioning is exploited by PDW, it is worth noting that unlike PDW,
the buckets of two tables that are bucketed on the same attribute,
are not guaranteed to be co- located on the filesystem (HDFS). Even
if Hive is able to exploit the bucketing information more efficiently,
absence of co-location would translate to network I/O, which in turn
can significantly deteriorate performance [56].

Regarding scalability, Hive scales better than PDW (i.e. the scaling
factors in the six right-most columns of Table 2.3 are lower for Hive) for
the following reasons:

1. It has extra overheads for small datasets (e.g. overheads introduced
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by empty data files, startup cost of map tasks).

2. For some queries, increasing the dataset size does not affect the query
time, since there is enough available parallelism to process the data
(e.g. enough available map slots). Sub-query 2 of Q22 is such an
example.

3. Some tasks take the same amount of time at all scale factors (filesystem-
related job, map-side join fails after the same amount of time).

2.3.4 “Modern” OLTP Workload: MongoDB vs. SQL
Server

In this section, we compare the performance of MongoDB and SQL Server
in a cluster environment, using the YCSB data-serving benchmark [43].

Workload Description

We used the YCSB benchmark, to evaluate our MongoDB implementation
(Mongo-CS), the original MongoDB system (Mongo-AS), and our sharded
SQL Server implementation (SQL-CS) on the “modern” OLTP workloads
that represent the new class of cloud data-serving systems. The YCSB
benchmark consists of five workloads that are summarized in Table 2.6.
The YCSB paper [43] contains more details about the request distributions
used by each workload. We have extended YCSB in the following two
ways: First, we added support for multiple instances on many database
servers, so as to measure the performance of client-sharded SQL Server
(SQL-CS) and client-sharded MongoDB (Mongo-CS). Second, we added
support for stored procedures in the YCSB JDBC driver.

We ran the YCSB benchmark on a database that consists of 640 million
records (80M records per node). The dataset size per node is approximately
2.5 larger than the available main memory at each server machine. Each



33

Workload Operations
A - Update heavy Read: 50%, Update: 50%

B - Read heavy Read: 95%, Update: 5%
C - Read only Read: 100%
D - Read latest Read: 95%, Append: 5%

E - Short ranges Scan: 95%, Append: 5%

Table 2.6: Time breakdown for Query 22.

record in the database is 1024 bytes long and consists of one 24-byte key
and 10 extra fields of 100 bytes each. All the fields as well as the key are
stored as strings. Each key is generated by an integer, by using the string
representation of the integer prefixing it with a sequence of âŁ˜0’, so that
the total length of the key is 24 bytes. The data has an index on the record
key, both in SQL Server and MongoDB. No other indexes were built in
these systems. The record key is also used as the shard key for Mongo-AS.

We ran Mongo-AS and Mongo-CS in “safe” mode. This means that,
after each write request, the client waits for a response from the server.
This message shows that the server received the request and applied the
write. However, there is no guarantee that the data was actually written
to disk. We decided to not enable the “fsync” parameter that MongoDB
provides, and as a result we do not wait for the writes to be flushed to
disk before the response message is sent back to the client (this choice was
made to improve the write performance in MongoDB).

While SQL Server supports ACID transaction semantics (at the default
READ COMMITTED isolation level), the MongoDB experiments were
run without durability support. The version of MongoDB that we used
supports durability via write-ahead journaling. The journal is flushed to
disk every 100 ms. This 100 ms delay means that the redo log by itself
does not fully support durability, unless a commit acknowledgement is
provided. For our experiments, we elected to run MongoDB without
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logging so that it doesn’t pay any additional performance penalty.
In our setting, each client node runs 100 client threads for a total of 800

client threads (recall we have 8 machines dedicated to the clients). The
five YCSB workloads are run sequentially, and before every run the main
memory is flushed. After executing workloads D and E, which contain
insertions and alter the record keys, the database is dropped and reloaded.
Each read request reads all the record fields, and each update request
updates only one field. Each scan request reads at most 1,000 records
from the database. Finally, each append request inserts a new record in
the database whose key has the next greater value than that of the last
inserted key.

Each workload is run for 30 minutes. The values of latency and through-
put reported are the average values over the last 10 minutes of execution,
measured every 10 second interval. In the figures below, we also report
the standard error across these 60 measurements.

Data Preparation

During the load phase, we used 8 client nodes, each running 16 client
threads (as there are 16 hyper-threaded cores on each node). These threads
are responsible for generating the correct keys and loading the data across
the 8 server nodes.

Mongo-AS can automatically split and migrate data chunks across the
shards by using a “balancer” process that takes care of load balancing.
However, since the range and distribution of keys to be inserted are known
in advance, we manually defined the boundaries for all of the initially
empty chunks and spread them across the 128 shards of the cluster. Then,
we started loading the data. In this way, the high cost of chunk migration
across the shards is minimized. This technique is described in the Mon-
goDB documentation [14]. This process resulted in an even distribution
of the chunks across all the shards. The loading time with this strategy
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was 114 minutes.
The loading time for SQL-CS and Mongo-CS was 146 and 45 minutes

respectively. The SQL-CS load time is higher than that of the Mongo-
CS system because a bulk insert method was not used to load the data.
Instead, every insertion was a separate transaction issued at the database.

Experimental Evaluation

The YCSB benchmark focuses on the latency of requests when the data-
serving system is under load. However, as the load increases on a given
system, the latency of requests typically increases since there is more con-
tention for resources. In practice, the cloud service providers decide on
an acceptable latency, and then provision enough servers to achieve the
desired throughput. The YCSB benchmark aims to describe the tradeoffs
between throughput and latency for each system by measuring latency as
throughput is increased, until the point at which the system is saturated
and throughput stops increasing. To run the benchmark, the (benchmark)
user provides a target throughput as an input parameter, and the sys-
tem returns the average latency as well as the actual throughput that is
achieved. The user stops increasing the target throughput when the actual
throughput that is achieved is lower than the target value.
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Figure 2.3: Workload C: 100% reads.
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Figure 2.3 shows the latency vs. throughput curve for the “Read-
Only” workload (Workload C). The label on the x-axis shows the target
throughput values provided by the user. Each data point corresponds to
a pair of the actual throughput achieved and the average read latency for
that throughput.

As shown in Figure 2.3, SQL-CS is able to achieve the highest through-
put (125,457 ops/sec) with an average read latency of 6.4 ms. Mongo-AS
and Mongo-CS were not able to reach the 80,000 ops/sec of target through-
put and peaked at 68,533 and 60,907 ops/sec respectively. The average
read latency values at the highest throughput achieved for Mongo-AS
and Mongo-CS are 11.8 ms and 13.2 ms respectively. Moreover, SQL-CS
has lower latency than the other systems for all the target throughputs.
This workload is disk-bound is all the systems at the highest achievable
throughput. However, the latency of each read request is higher with the
Mongo-AS and the Mongo-CS systems compared to SQL-CS. We noticed,
that SQL Server reads 8KB from disk for each request that leads to a buffer
pool miss, whereas Mongo-AS and Mongo-CS read on average 32 KB from
disk for each read request. Since the I/O activity pattern in this workload
is largely random access, Mongo-AS and Mongo-CS waste disk bandwidth
by reading in data that is not needed.
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Figure 2.4: Workload B: 95% reads, 5% updates.

Figure 2.4 presents the latency vs. throughput curves for the “Read-
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Heavy” workload (Workload B). The workload consists of 95% reads and
5% updates. The left-hand curve presents latency results for the update
operation as the target throughput increases, and the right-hand curve
presents latency results for the read operation.

The Mongo-DB systems cannot achieve the 40,000 ops/sec throughput
target. Moreover, the update and read latencies increase abruptly (up to 24
ms. for read requests and 37 ms. for update requests) when the throughput
increases from 20,000 to 40,000 ops/sec. However, SQL-CS is able to
achieve 103,789 ops/sec with an update latency of 12 ms, and a read latency
of 8.4 ms. This workload is disk-bound in each of these three systems. We
noticed that each system achieves the same number of operations/sec as
in Workload C. However, during checkpointing in SQL-CS, or when the
MongoDB systems are flushing data to disk, the throughput decreases. For
example when checkpointing was not happening, SQL-CS is able to reach
on average about 15,000 ops/sec per server node (similar to workload
C), but during the checkpointing interval the throughput decreases to
7,000-8,000 ops/sec. This is the reason why the maximum throughput
achieved is lower in Workload B than with Workload C.

Figure 2.5 describes the “Update-Heavy” workload (Workload A). This
workload is similar to Workload B, but it contains a significantly larger
fraction of updates (50% updates compared to 5% updates for Workload
B).

Using the mongostat tool [13], we observed that the percentage of
time that was spent at the global lock ranges from 25%-45% at each one
of the 128 “mongod” instances. This percentage ranges from 4%-12%
when running Workload B, which contains a smaller fraction of updates.
Similarly, the increased locking activity in SQL-CS is the reason why both
the read and update latencies are higher than those in Workload B. To
verify this hypothesis, we reran the same workload but now using the
“read uncommitted” isolation level and measured the read and update
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Figure 2.5: Workload A: 50% reads, 50% updates.

latencies. When the target throughput was 40,000 ops/sec, the average
update latency was 69 ms. and the average read latency was 15 ms. The
read latency is significantly lower now, compared to that of the previous
experiment where the “read committed” isolation level was used. This
can be attributed to the fact that the read operations are not blocked by
the write operations and thus the waiting time is reduced.
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Figure 2.6: Workload D: 95% reads, 5% appends.

Figure 2.6 shows the append latency and the read latency vs. through-
put curves for Workload D. The read request distribution for Workload D
is “Read Latest”. This means that there is a high probability that a read
request will read the latest item that was just inserted into the database.
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We observed that in SQL-CS, 99.5% of the requests are to pages that are
in the buffer pool. This means that the majority of the read requests do not
hit the disk. Consequently, the read latencies for SQL-CS are in the order
of a few microseconds. During the execution of this workload, SQL-CS is
CPU-bound. SQL-CS has higher latencies for the low target throughput
values (up to 80,000 ops/sec) compared to the greater throughput values
(160,000 ops/sec and 320,000 ops/sec). This behavior happens because
at the low throughput values, memory is not fully filled with useful data
until after the 30-minute interval. For example, when the target through-
put is 20,000 ops/sec, only 19.2 GB of the main memory is filled (of the
32 GB that is available) and as a result many read requests still incur a
disk I/O. Mongo-CS has high read and append latencies when it hits the
highest achievable throughput (224,271 ops/sec) compared to SQL-CS.
Interestingly, this workload is neither CPU-bound nor disk-bound (in
MongoDB). Mongo-AS has a very high append latency (320 ms) for this
workload when the target throughput is at 20,000 ops/sec, which is why
this point does not appear in the graph in Figure 2.6. Moreover, Mongo-AS
crashes when running this workload when the target throughput is set to
a value greater than 20,000 ops/sec. After running the system with the
debugger enabled, we observed that at some point the client machines
wait for a response message from the server after an append request, but
this message never arrives due to socket exceptions. For this reason, the
clients stopped sending new requests to the servers and the throughput
went down to 0 ops/sec.

Finally, Figure 2.7 shows the performance of the three systems on
the “Short Ranges” workload (Workload E). All three systems are disk-
bound when the servers hit their maximum throughput. As shown in
the figure, Mongo-AS achieves the highest throughput (6,337 ops/sec)
and has the lowest scan latency (30.4 ms). This behavior can be attributed
to the fact that Mongo-AS uses range partitioning to distribute the data
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Figure 2.7: Workload E: 95% scans, 5% appends.

chunks across the servers, whereas both SQL-CS and Mongo-CS use hash
partitioning. That means that Mongo-AS can determine, based on the
range requested, which partitions contain the data and scan only those
(typically one partition for each short range query) whereas SQL-CS and
Mongo-CS need to scan as many partitions as needed until the appropriate
records are found. However, Mongo-AS has a very high append latency
(about 1832 ms) compared to SQL-CS (about 2 ms).

2.3.5 Discussion

In this section we compared a SQL system (PDW, SQL-CS) and a repre-
sentative NoSQL system (Hive and MongoDB) on a DSS and an OLTP
workload.

Our evaluation has shown that although NoSQL systems have signifi-
cantly evolved over the past years, their performance still lags behind that
of the relational database systems. On the one hand, the parallel database
system (PDW) was approximately 9X faster than the MapReduce-based
data warehouse (Hive) when running TPC-H at a 16TB scale, even when
indexing was not used in PDW. The robust and mature cost-based opti-
mization and sophisticated query evaluation techniques that are employed
by the relational database system allow it to produce and run more effi-
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cient plans than the NoSQL system. The MapReduce-based systems could
adopt these techniques to improve their performance.

Furthermore, SQL-CS was able to achieve higher throughput than the
MongoDB for the same number of clients, and it had lower latency across
for almost every single test of the YCSB benchmark. Interestingly, this
is the case even when the NoSQL system did not provide any form of
durability. This finding comes in contrast with the widely held belief that
relational databases might be too heavy weight for this type of workload,
where the requests consist of a single simple operation and do not require
the complex transactional semantics that RDBMSs can handle.

2.4 Summary

Today there are a number of popular alternatives to using relational data
processing systems, for both DSS workloads and the Web 2.0 data-serving
workloads. While there are many complex factors that go into the choice
of the system that gets deployed for specific data processing tasks (e.g.,
integration of the data processing system with an overall solutions stack,
manageability, open-source vs. closed-source, etc.), one crucial aspect that
is often a factor in choosing a data processing system is the performance
of the system. In this chapter, we examined this performance aspect of
NoSQL and SQL systems using two benchmarks - the TPC-H benchmark
and the YCSB benchmark. Our results find that the SQL systems continue
to provide a significant performance advantage over their NoSQL coun-
terparts, but the NoSQL alternatives are competitive in some cases. The
NoSQL and SQL systems also have different focuses on non-performance
related features, such as data models (the NoSQL systems tend to have
more flexible data models), support for auto-sharding and automatic load
balancing and different consistency models. It is likely that in the future
these systems will start to converge on the functionality aspects.
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Chapter 3

Column-Oriented Storage
Techniques for MapReduce

3.1 Introduction

Over the last few years, there has been tremendous growth in the need
for large scale data processing systems. These systems were once the
province of parallel database management systems (DBMSs), but lately
the MapReduce paradigm has gained substantial momentum. However,
there is a growing sense that there are advantages to both paradigms, and
that techniques which have been successfully used in one can be used to
fix deficiencies in the other. Performance is one area in particular where
parallel DBMSs currently enjoy an advantage over MapReduce as pointed
by our study, presented in Chapter 2 and by previous studies [79].

Hadoop [3] is the popular open-source implementation of MapRe-
duce. In this chapter, we describe how the column-oriented storage tech-
niques found in many parallel DBMSs can be used to dramatically improve
Hadoop’s performance. Our work is motivated by observing the needs of
real IBM corporate Hadoop users. These users are very familiar with par-
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allel DBMS technology, but they still pick Hadoop for certain applications
because of its ease of use, low cost scaling, fault tolerance on commodity
hardware, and programming flexibility.

Corporate users tend to be thrilled by how quickly they can get things
working in Hadoop. However, as they try to scale up their workloads,
they often face a real and sometimes crippling pain point with respect
to performance. For example, some users we worked with at a large
consumer bank were trying to use Hadoop to process the logs from web
applications. They started with raw log files in text format for a single
web application. As logs from additional applications were added and
the retention period for the logs grew to 90 days, the 20-node Hadoop
cluster they started with could no longer generate reports in a reasonable
amount of time. Critics of MapReduce would argue that such users would
be better off with a parallel DBMS, but given Hadoop’s current advantages
for certain applications and the growing investment in Hadoop by many
users, this is not a realistic option. The goal is to fix Hadoop, not replace it
with a parallel DBMS.

We have observed a recurring pattern of performance issues in Hadoop
that are related to: (a) the use of complex data types such as arrays, maps,
and nested records, which are common in many MapReduce jobs (b) the
ability to write arbitrary map and reduce functions in a programming
language instead of using a declarative query language, and (c) Hadoop’s
choice of Java as its default programming language. These issues do not
appear in a parallel DBMS; they are unique to the MapReduce paradigm
and Hadoop in particular. The column-oriented storage techniques we
describe are specifically designed to address these issues.

Besides column-oriented storage techniques, it should be clear that
other DBMS techniques can also be leveraged to improve Hadoop’s perfor-
mance, such as efficient join algorithms and indexing [51, 63, 38, 52]. These
techniques are beyond the scope of this work but should be complementary
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to the ones described here.

3.1.1 Our Contributions

We first present the design and implementation of a column-oriented,
binary storage format for Hadoop. We describe how such a format inter-
acts with the replication policy of the Hadoop Distributed File System
(HDFS) and the necessary mechanisms to co-locate column data. We
demonstrate through experiments that Hadoop can leverage this storage
format without incurring a large penalty for reconstructing records from
the constituent columns. Such a storage format assumes that the applica-
tion is willing to pay a one-time loading cost to organize the input data in
the appropriate column-oriented fashion. As argued in earlier papers [79],
this is a reasonable assumption to make for datasets that are expected to
be analyzed multiple times.

The use of text storage formats rather than binary storage formats in
performance evaluations of MapReduce has been criticized [49] but never
quantified. Other evaluations of Hadoop [79, 26] used text formats, so it
has not been clear how much Hadoop can actually benefit from binary
formats. We show that simply switching to a binary storage format can
improve Hadoop’s scan performance by 3x.

We identify performance challenges specific to complex data types
in Hadoop, and describe a novel skip-list column format that enables
lazy record construction. The lazy record construction we describe is
inspired by the late materialization techniques used in column-oriented
DBMSs [24]. We also examine techniques that allow lazy decompression
in Hadoop. We show that compression techniques like LZO [9] may be too
CPU intensive for many MapReduce jobs. Experiments on a real dataset
show that lightweight dictionary compression schemes, which provide
lower compression ratios than LZO but with less CPU overhead during
decompression, may be a better alternative for complex data types. We
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show that these methods can result in speedups of up to 1.5x over an eager
record construction strategy.

It is important to emphasize that our column-oriented techniques lever-
age extensibilty features that are already in Hadoop, so no modifications to
the core of Hadoop are required. Moreover, our techniques do not require
the use of a declarative query language and are designed to work with
hand-coded MapReduce jobs. Applications using popular serialization
frameworks like Avro [1], Thrift [20], or Protobufs [17] can benefit from
our techniques with almost no modification. In aggregate, our techniques
can improve the performance of MapReduce jobs in Hadoop by as much
as two orders of magnitude.

3.2 Hadoop Background

We first provide some background on Hadoop along with a description of
the extensibility points that were used to implement our column-oriented
storage format.

Consider the example MapReduce job shown in Figure 3.1. This is
a simplified version of a real Hadoop job that analyzes a collection of
crawled documents and finds all the distinct “content-types” reported
for URLs that contain the pattern “ibm.com/jp”. We initially focus on
the main program where the job is configured with an InputFormat and
OutputFormat.

An InputFormat is an important abstraction and extensibility point in
Hadoop. It is responsible for two main functions: first, to generate splits 1 of
the data that can each be assigned to a map task; and second, to transform
data on disk to the typed key and value pairs that are required by the map
function. An InputFormat implements the following three methods:

1 A split is the unit of scheduling and is a non-overlapping partition of the input data
that is assigned to a map task.
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class MyMapper {
void map (NullWritable key, Record rec) {

String url = (String) rec.get("url");
if (url.contains("ibm.com/jp"))

output.collect(null,
rec.get("metadata").get("content-type"));

}
}

class MyReducer {
void reduce(NullWritable key, Iterator<Text> vals){

HashSet<Text> distinctVals = new HashSet<Text>();
for (Text t: vals)

distinctVals.add(t);
for (Text t: distinctVals)
output.collect(null, key);

}
}

main() {
Job job = new Job();
job.setMapperClass(MyMapper);
job.setReducerClass(MyReducer);
job.setInputFormat(SequenceFileInputFormat.class);
SequenceFileInputFormat.addInputPath(job,"/data/jan");
job.setOutputFormat(TextOutputFormat.class);
TextOutputFormat.setOutputPath("/output/job1");
JobRunner.submit(job);

}
Figure 3.1: Example MapReduce job.

addInputPath() is used to specify input data sets when configuring the
job.

getSplits() is used by the Hadoop scheduler to get a list of splits for the
job.

getRecordReader() is invoked by Hadoop to obtain an implementation
of a RecordReader, which is used to read the key and value pairs from
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a given split.

Hadoop provides different InputFormats to consume data from text
files, comma separated files, etc. For example, the MapReduce job in
Figure 3.1 is configured to use a SequenceFileInputFormat. A SequenceFile
stores key and value pairs in a standard, serialized binary format. The dual
of an InputFormat in Hadoop is an OutputFormat, which is responsible for
transforming the key-value pairs output by a MapReduce job to a disk
format.

The key and value pairs consumed by map and reduce functions can
be of any object type. In this thesis, we assume that Record objects are used
for values. Serialization frameworks like Avro [1], Protocol Buffers [17], or
Thrift [20] can be used to provide a record abstraction with methods to
convert records to raw bytes, read them from disk, or pass them between
map and reduce tasks. The attributes of a record are accessed using a Java
get(name) method, which takes the name of an attribute as a parameter.
Type casting is usually required to access an attribute.

3.2.1 Record Abstraction

In a MapReduce job, the type of keys and values supplied to the map
function depends on the InputFormat. The programmer is responsible for
supplying a map function that is compatible with the InputFormat. For in-
stance, in the case of the job described in Figure 3.1, the programmer needs
to know that the SequenceFile being read contains keys of type NullWritable
and values of type Record.

In this thesis, we assume that MapReduce jobs are written using a
generic class that provides a record abstraction. We use the Record in-
terface supplied by the Avro serialization framework. LazyRecord and
EagerRecord described in Section 3.5 are classes that implement this inter-
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face. ColumnInputFormat produces keys of type NullWritable and values
of type Record.

Attributes are accessed using a get(name) method that takes the name of
the attribute as a parameter. The return type for this method is java.lang.Object.
As a result, type casting is required to access the field values. This Record
class can be used for records that conform to any schema. Figure 3.1
illustrates the use of this record abstraction in a map function.

Other serialization frameworks have emerged in the open source that
generate a binary representation for a record. Examples include Protocol
Buffers [17] and Thrift [20]. These frameworks typically allow developers
to specify a schema so that records can be serialized and deserialized
efficiently. The schema language supports complex fields like arrays,
maps, and nested records. While we used Avro, the principles we describe
in this chapter are also applicable to Thrift and Protobufs.

Avro also supports the notion of a “specific” record. Given a schema,
the Avro compiler can be used to produce a Java class containing specific get
methods for each of the attributes with precise return types. For instance,
one could generate a URLInfo class using the schema from Figure 3.2. The
equivalent map function for Figure 3.1 would be simplified to:

map(NullWritable key, URLInfoRecord rec)
{
if (rec.getUrl().contains.("ibm.com/jp"))
output.collect(null,

rec.get("metadata").get("content-type"))
}

Note that as of Version 1.3.3, by default, Avro supplies only a single
get() method in its generated classes, much like the generic Record class.
Extending the compiler to generate accessor methods with the appropriate
return types is not difficult. Using generated classes provides a small per-
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URLInfo {
Utf8 url,
Utf8 srcUrl,
time fetchTime,
Utf8[] inlink,
Map<String, String> metadata,
Map<String annotations,
byte[] content

}

Figure 3.2: Example schema with complex types.

formance advantage for serialization and deserialization when compared
to the Record class. A careful comparison with generated classes instead
of the Record class is left as future work.

3.3 Challenges

This section discusses the performance challenges outlined in the intro-
duction in more detail.

3.3.1 Complex Data Types

In large scale data analysis, it is often convenient to use complex types like
arrays, maps, and nested records to model data. Recent studies [70, 42]
have argued that it is better to use native, nested representations of complex
types in read-mostly analysis. This is in contrast to flattening complex
types into normalized relational tables.

Figure 3.2 shows an example schema with complex types. The example
is taken from an actual intranet search application where documents
are crawled and stored along with metadata, extracted annotations, and
inlinks. The annotations and the metadata vary widely from page to page
and are therefore stored using maps. Inlinks are stored in an array. The
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use of complex types causes two major problems: deserialization costs
and the lack of effective column-oriented compression techniques.

3.3.2 Serialization and Deserialization

Serialization is the process of converting a data structure in memory into
bytes that can be transmitted over the network or written out to disk.
Deserialization is the inverse of this process.

The overhead of deserializing and creating the objects corresponding
to a complex type can be substantial. Previous studies [42, 63] have noted
the importance of paying attention to the cost of deserialization and object
creation in Hadoop. Most column-oriented DBMSs are implemented in
C++, allowing column data from disk to be directly accessed in memory as
an array without any deserialization overhead [22]. For example, suppose
we want to compute the sum of 1 million integers in a file. In C++, the
integers can be read into a memory buffer, and an array pointer can be cast
to the beginning of the buffer. Then the array’s elements can be summed
directly in a tight loop. Java, on the other hand, would require deserializing
each integer from the memory buffer before summing it.

We conducted an experiment to measure this overhead. Our experi-
ments showed that the CPU overhead of deserialization and object creation
is so significant that it can quickly become a bottleneck in Hadoop. This
overhead even affects simpler data types such as integers. For more details
on this experiment, see Appendix 3.7.

3.3.3 Compression

Using compression results in lower I/O costs at the expense of higher CPU
costs. In general, column-oriented storage formats tend to exhibit better
compression ratios since data within a column tends to be more similar
than data across columns. Previous studies have looked at compression
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in the context of an column-oriented DBMS [23]. However complex types,
which are not as amenable to techniques like run-length compression,
dictionary compression, offset encoding, etc., were not considered in those
studies.

Lightweight compression schemes are critical in Hadoop. Anecdotal
evidence points to poor results when using “heavy” compression schemes
like ZLIB, which can achieve excellent compression ratios but incur sub-
stantial CPU overhead during decompression. LZO [9] is commonly used
in Hadoop to provide reasonable compression ratios with low decom-
pression overhead. In Section 3.5.3, we describe a lightweight dictionary
compression scheme for our column-oriented storage format that works
well with complex types and provides better performance than LZO.

3.3.4 Query Language vs. Programming API

In contrast to a DBMS, where a declarative query language is compiled
into a set of runtime operators, the basic MapReduce framework provides
only a programming API. Unfortunately, many of the advanced techniques
used by column-oriented DBMSs are not feasible with hand-coded map
and reduce functions – the programming task would be too difficult for a
human. These techniques include operating on compressed data [23], the
use of SIMD instructions [35], and late materialization [24]. Eventually
some of these techniques may appear in declarative languages for Hadoop,
such as Pig [16], Hive [5], or Jaql [8]. However, this work only focuses on
hand-coded MapReduce jobs written against the programming API of
Hadoop.

3.4 Column-Oriented Storage

We now describe the design and implementation of our column-oriented
storage format and its interaction with Hadoop’s data replication and
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Figure 3.3: Co-locating column files.

scheduling.

3.4.1 Replication and Co-location

A straightforward way to implement a column-oriented storage format in
Hadoop is to store each column of the dataset in a separate file. This im-
poses two problems. First, how can we generate roughly equal sized splits
so that a job can be effectively parallelized over the cluster? Second, how
do we make sure that the corresponding values from different columns in
the dataset are co-located on the same node running the map task?

The first problem can be solved by horizontally partitioning the dataset
and storing each partition in a separate subdirectory. Each such subdirec-
tory now serves as a split. The second problem is harder to solve. HDFS
uses 3-way block-level replication to provide fault tolerances on commod-
ity servers, but the default block placement policy does not provide any
co-location guarantees.

Consider a dataset with three columns C1, C2, and C3. Assume the
columns are stored in three different files, and for simplicity, also assume
that each file occupies a single HDFS block. In practice, a large file could
span many HDFS blocks The files of C1-C3 need to be accessed together as a
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split, but with Hadoop’s default placement policy, they could be randomly
spread over the cluster. Figure 3.3a illustrates what can happen with
Hadoop’s default placement policy. C1-C3 are co-located on Node 1 but
not co-located on any other node. Suppose a map task is scheduled for the
split consisting of C1-C3 but Node 1 is busy. In that case, Hadoop would
schedule the map task on some other node, say Node 2, but performance
would suffer, since C3 would have to be remotely accessed.

Recent work on the RCFile format [60] avoids these problems by re-
sorting to a PAX [27] format instead of a true column-oriented format.
RCFile takes the approach of packing each HDFS block with chunks called
row-groups. Each row-group contains a special sync marker at the start,
followed by a metadata region, and then a data region, with the data
region laid out in a column-oriented fashion. The metadata describes the
columns in the data region and their starting offsets, as well as the number
of rows in the data region. Since all the columns are packed into a single
row-group, and each row-group can function independently as a split, it
avoids the two challenges that arise when storing columns separately.

RCFile has multiple drawbacks. Since the columns are all interleaved
in a single HDFS block, efficient I/O elimination becomes difficult because
of prefetching by HDFS and the local filesystem. Tuning the row-group
size and the I/O transfer size correctly also becomes critical. With larger
I/O transfer sizes like 1MB, records that contain more than 4 columns
show very poor I/O elimination characteristics with the default RCFile
settings. Finally, extra metadata needs to be written for each row group,
leading to additional space overhead.

The next section describes an alternative to RCFile that uses separate
files for each column and still avoids these problems. Experiments in
Section 5.3 will show that this new format can significantly outperform
RCFile.
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Figure 3.4: Data layout with COF.

3.4.2 The CIF Storage Format

We solved the problem of co-locating associated column files by implement-
ing a new HDFS block placement policy. HDFS allows its placement policy
to be changing by setting the property “dfs.block.replicator.classname” to
point to the new class in the appropriate configuration file. This feature
has been present since Hadoop 0.21.0 and does not require recompiling
Hadoop or HDFS.

ColumnPlacementPolicy (CPP) is the class name of our column-oriented
block placement policy. For simplicity, we will assume that each column
file occupies a single HDFS block and describe CPP as though it works
at the file level. In effect, CPP guarantees that the files corresponding
to the different columns of a split are always co-located across replicas.
Figure 3.3b shows how C1-C3 would be co-located across replicas using
CPP. Subdirectories that store splits need to follow a specific naming con-
vention for CPP to work. Files that do not follow this naming convention,
are replicated using the default placement policy of HDFS.

We implemented the logic for our column-oriented storage format in
two classes: the ColumnInputFormat (CIF) and the ColumnOutputFormat
(COF). Data may arrive into Hadoop in any format. Once it is in HDFS, a
parallel loader is used to load the data using COF.

Consider a example scenario involving the data described in Figure 3.2.
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Assume that crawled data arrives at regular intervals and that a day’s
worth of data has arrived and needs to be stored in “/data/2011-01-01”.
When a dataset is loaded into a subdirectory using COF, it breaks the
dataset into smaller horizontal partitions. Each partition, referred to as
a split-directory, is a subdirectory with a set of files, one per column in
the dataset. An additional file describing the schema is also kept in each
split-directory. Figure 3.4 shows the layout of data using COF, with split-
directories s0 and s1.

When reading a dataset, CIF can actually assign one or more split-
directories to a single split. The column files of a split-directory are
scanned sequentially and the records are reassembled using values from
corresponding positions in the files. Projections can be pushed into CIF
by supplying it with a list of columns. This can be done while configuring
a MapReduce job as follows:

ColumnInputFormat.setColumns(job, "url, metadata");

The record objects created by CIF are populated only with the fields that
are selected. The files corresponding to the remaining columns are not
scanned.

3.4.3 Discussion

A major advantage of CIF over RCFile is that adding a column to a dataset
is not an expensive operation. This can be done by simply placing an
additional file for the new column in each of the split-directories. With
RCFile, adding a new column is a very expensive operation – the entire
dataset has to be read and each block re-written.

Adding columns is well known to be an important feature. This is a
particularly common operation when the dataset needs to be augmented
with derived columns computed from the existing columns. We have also
seen the need for this feature when a customer starts by extracting a set
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of columns from raw input files (such as logs) into organized storage for
efficient querying. As business needs evolve, additional columns from the
raw input files need to be moved to organized storage.

Experiments in Section 5.3 will show that CIF does not pay a per-
formance penalty for this flexibility advantage over RCFile. In fact, CIF
overcomes some drawbacks of RCFile with respect to metadata overheads,
poor prefetching, and I/O elimination.

On the other hand, a potential disadvantage of CIF is that the available
parallelism may be limited for smaller datasets. Maximum parallelism
is achieved for a MapReduce job when the number of splits is at least
equal to the number of map slots, saym. RCFile allows fine grained splits
at the row-group level (4MB) when compared to split-directories in CIF
(typically 64 MB). For RCFile, assuming that each HDFS block has r row-
groups, maximum parallelism is available when the total dataset size is
greater thanm/r blocks. With CIF, this happens when there are at leastm
split-directories. If we choose split-directories containing c blocks worth of
data in each directory (where c is the number of columns), full parallelism
is available when the dataset size exceedsm× c blocks.

Assuming a typical cluster with 200 map slots and 64M blocks, a dataset
with 10 columns would need to be at least 128GB in size before full par-
allelism is reached. Since we expect to deal with datasets in the terabyte
range on Hadoop, we expect to be able to utilize all the available paral-
lelism in a cluster with CIF. In practice even with RCFile, large row-groups
are preferred since they minimize metadata overhead and improve I/O
elimination (see Figure 3.9 in Appendix 3.7).

In summary, CIF offers flexibility and some performance benefits over
RCFile. This advantage comes at the cost of needing to install a special
block-placement policy for HDFS and potentially limiting the amount of
parallelism for smaller datasets. We do not expect either of these consider-
ations to be a problem for large deployments. A deeper analysis of other
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Figure 3.5: Lazy record construction.

considerations such as load-balancing and re-replication after failures are
important avenues for future work.

3.5 Lazy Record Construction

In this section, we describe our lazy record construction technique, which
is used to mitigate the deserialization overhead in Hadoop, as well as
eliminate disk I/O. The basic idea behind lazy record construction is
to deserialize only those columns of a record that are actually accessed
in a map function. Consider the example MapReduce job in Figure 3.1
that was described earlier. The metadata column is accessed in the map
function only for records where the URL column contains the pattern
“ibm.com/jp”. Using lazy record construction, we can avoid deserializing
the metadata column for the records where the URL column does not
contain this pattern.

3.5.1 Implementation

CIF can be configured to use one of two classes for materializing records,
namely, EagerRecord or LazyRecord. Both of these classes implement the
same Record interface. As a result, the map function code looks the same,
regardless of which class is instantiated.



58

EagerRecord eagerly deserializes all the columns that are being scanned
by CIF. LazyRecord is slightly more complicated. Internally, LazyRecord
maintains a split-level curPos pointer, which keeps track of the current
record the map function is working on in a split. It also maintains a lastPos
pointer per column file, which keeps track of the last record that was
actually read and deserialized for a particular column file. Both pointers
are initialized to the first record of a split at the start of processing.

Each time RecordReader is asked to read the next record, it increments
curPos. No bytes are actually read or deserialized until one of the get()
methods is called on the resulting Record object. Consider the example in
Figure 3.5. Since get(“url”) is called on every record, lastPos is always equal
to curPos for the URL column. However, for the metadata column, lastPos
may lag behind curPos if there are records where the URL column does
not contain the pattern “ibm.com/jp”. When the URL column contains
this pattern and get(“metadata”) is called, lastPos skips ahead to curPos
before the metadata column is deserialized.

Note that complex column types with variable lengths are the main
reason both the split-level curPos and per column file lastPos pointers are
needed for lazy record construction. Ostensibly, it might seem like just
a curPos pointer per column file could be used without a lastPos pointer.
However, in that case, each next record call would require all the columns
to be deserialized for length information to update their corresponding
curPos pointers. This in turn would defeat the purpose of lazy record
construction.

3.5.2 Skip List Format

A skip list format [80] can be used within each column file to efficiently
skip records. The skip list format used in CIF is shown in Figure 3.6. A
column file contains two kinds of values, regular serialized values and
skip blocks. Skip blocks contain information about byte offsets to enable
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Figure 3.6: Skip list format for complex types.

skipping the next N records, where N is typically configured for 10, 100,
and 1000 record skips.

Column files support a skip() method that is called by LazyRecord as
skip(curPos - lastPos). If a column file is not formatted as as a skip list,
each record is skipped individually, resulting in no deserialization or I/O
savings. The cost for creating a skip list format is paid once at load time.
Experiments in Section 3.7 show that the additional overhead incurred
during loading is minimal.

3.5.3 Compression

We propose two schemes to compress columns of complex data types: com-
pressed blocks, and dictionary compressed skip lists. Section 5.3 compares
these two schemes. Both schemes are amenable to lazy decompression
where portions of the data that are not accessed in the map function are
not decompressed.

Compressed Blocks: This scheme uses a standard compression algo-
rithm to compress a block of contiguous column values. Multiple com-
pressed blocks may fit into a single HDFS block. The compressed block size
is set at load time. It affects both the compression ratio and the decompres-
sion overhead. A header indicates the number of records in a compressed
block and the block’s size. This allows the block to be skipped if no values
are accessed in it. However, when a value in the block is accessed, the
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entire block needs to be decompressed. LZO is generally chosen for the
compression algorithm in favor of other strategies like ZLIB when low
decompression overhead is more important than the compression ratio.
We study both LZO and ZLIB in Section 5.3.

Dictionary Compressed Skip List: This scheme is tailored for map
column types. It takes advantage of the fact that the keys used in maps
are often strings that are drawn from a limited universe. Such strings are
well suited for dictionary compression. We build a dictionary of keys for
each block of map values and store the compressed keys in a map using a
skip list format. This scheme often provides a worse compression ratio
than LZO but compensates with lower CPU overhead for decompression.
The main advantage of this scheme is that a value can be accessed without
having to decompress an entire block of values.

3.6 Experiments

In this section, we present experimental results demonstrating that column-
oriented storage techniques can be effectively exploited in Hadoop. We
compare CIF with popular formats in use, namely text files (TXT), Se-
quenceFiles (SEQ), and RCFile.

3.6.1 Experimental Setup

The experiments were run on a cluster with 42 nodes. Two nodes were
reserved to run the Hadoop jobtracker and the namenode. The remaining
40 nodes were used for HDFS and MapReduce. Each node had 8 cores (via
two quad-core 2.4Ghz sockets), 32GB of main memory, and five locally
attached SATA disks. Datanodes spread their data across four of these
disks. Hadoop version 0.21.0 was used, and was configured to run six
mappers and one reducer per node.
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3.6.2 Benefits of Column-Oriented Storage

The first experiment was a microbenchmark to verify that using CIF can
indeed make scans faster compared to using SEQ and TXT. As in [63], these
experiments were run on a single node of the cluster. Data was read using
standard HDFS and InputFormat APIs. We present experiments using the
full cluster in Section 3.6.3.

We used a synthetic dataset generated as follows: Each record consisted
of 6 strings, 6 integers, and a map. The integers were randomly assigned
values between 1 and 10000. Random strings of length between 20 and
40 were generated over readable ASCII characters. Each map consisted of
10 items, the keys were random strings of length 4, and the values were
randomly chosen integers. The data was written out in each of the formats.
For SEQ, NullWritables were used as the keys. A record containing the
above fields was used as the value class. The total size of the dataset was
57GB in the SEQ format. The I/O transfer size – io.file.buffer.size – was
set to 128K. This is a commonly configured value for many deployments.
Repeating the experiment with 4KB and 1MB produced similar results and
are omitted. The time to scan various projections of the dataset for each
of the formats is shown in Figure 3.7. The filesystem cache was flushed
before each experiment. For TXT and SEQ, the time to scan any projection
was roughly the same and therefore only one value is reported.

Comparison with TXT: As shown in Figure 3.7, the scan time with
SEQ was approximately 3x faster than TXT. This is because parsing each
line of the text file quickly becomes CPU-bound while SEQ uses a bi-
nary format and does not need to run expensive parsing code for every
record. This ratio could be even higher for more complex records. This
is a straightforward way to dramatically improve on the naive use of text
files in previous Hadoop performance studies [79, 26]. This confirms the
criticism by Google engineers [49] where they argued these studies were
flawed in comparing Hadoop on plain text files with a DBMS using binary
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Figure 3.7: Microbenchmark comparing Text, SEQ, CIF, and RCFile.

formats.
Comparison with Sequence Files: When using CIF, the times for

scanning a single integer, string, or map were 2.5x to 95x faster than SEQ.
In each case, the speedup is directly attributable to the fact that CIF read
much less data than SEQ. When scanning all the columns of the dataset CIF
took about 25% longer than SEQ. This is because of the additional seeks
that CIF incurred when gathering data from columns stored in different
files. In all other cases, CIF is superior to both TXT and SEQ.

Comparison with RCFile: The uncompressed RCFile was approxi-
mately 69GB and the compressed RCFile was 43GB. The row-group size
for RCFile was set to the recommended value of 4MB [60].

When a small number of columns were chosen from the dataset, CIF
was more efficient than RCFile at eliminating unnecessary I/O. For the case
of a single integer, CIF was nearly 38x faster than the uncompressed RCFile.
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Measurements using iostat revealed that RCFile read 20x more bytes than
CIF even when instructed to scan exactly one column. Additionally, it
incurred more CPU overhead since it had to interpret the metadata blocks
for approximately every 4MB of data.

When using a compressed RCFile, the running time improved. How-
ever, CIF was still faster in all cases. For instance, when a single integer
was projected, CIF was 33x faster than the compressed RCFile. For the
case where all the columns from the dataset were examined, CIF, com-
pressed RCFile, and the uncompressed RCFile all had approximately the
same performance. SEQ was 1.2x faster than the rest. Experiments in
Section 3.7 show that CIF’s advantage over RCFile holds for other values
of the row-group size.

3.6.3 Comparison of Column Layouts

Next, we compared the performance of the different formats on a real
dataset consisting of crawled pages for an intranet search application. This
application currently uses Hadoop for its backend analytics. The data is
acquired using Nutch [15] and the crawled data is stored in HDFS. The
schema of the dataset used is described in Figure 3.2. Queries are fre-
quently run against this data as the analytics pipeline is being constantly
modified. Common tasks include determining if various pieces of meta-
data reported by a page are consistent. This includes fields like encoding,
language, location, and other custom metadata.

We used the following MapReduce job for our experiment: determine
all the distinct content-types reported by pages from IBM Japan i.e., URLs
containing “ibm.com/jp”. The content-type is an attribute that is part of
the metadata map along with many other fields returned by an HTTP
server in response to a request from the crawler. The code of the MapRe-
duce job is very similar to the example in Figure 3.1. The content-type is
one of the entries in the metadata column. The selectivity of the predicate
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Data Total
Read Map Map Time Time

Layout (GB) Cost Ratio (sec) Ratio
SEQ-uncomp 6400 339802 - 1482 -
SEQ-record 3008 196698 - 889 -
SEQ-block 2848 193338 - 886 -
SEQ-custom 3040 181056 1.0x 806 1.0x
RCFile 1113 168528 1.1x 761 1.1x
RCFile-comp 102 48389 3.7x 291 2.8x
CIF-ZLIB 36 3063 59.1x 77 10.4x
CIF 96 2978 60.8x 78 10.3x
CIF-LZO 54 2966 61.0x 79 10.2x
CIF-SL 75 2209 81.9x 70 11.5x
CIF-DCSL 61 1680 107.8x 63 12.8x

Table 3.1: Comparison of different storage formats. “Ratio” is the speedup
vs. SEQ-custom, while “Map Cost” is the sum of all map task times, not
wall-clock time.

on the URL was approximately 6%. We executed this job on a 6.4TB subset
of the crawl dataset. The total amount of data per node was approximately
160GB.

With SEQ, we tried 4 variants: uncompressed (SEQ-uncomp), block-
compressed (SEQ-block), record compressed (SEQ-record), and a custom
format (SEQ-custom) which used an uncompressed sequence file, but
compressed the content column using application specific code. We also
included the time taken with RCFile with and without Zlib compression
enabled (RCFile and RCFile-comp). For CIF, we laid out the metadata
column in five different ways: default (CIF), CIF with skip lists (CIF-SL),
CIF with block compression using LZO (CIF-LZO) and ZLIB (CIF-ZLIB),
and CIF with dictionary compressed skip lists (CIF-DCSL). TXT is omitted
from this experiment. ColumnPlacementPolicy (CPP) was used for all the
CIF experiments.
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Table 3.1 presents the time consumed along with the total bytes read
from HDFS for each of the formats. The entries are presented in increasing
order of performance. We report two numbers: the sum of the time
consumed by all the map tasks in the job (map cost) and the overall job
completion times. The map cost allows us to focus on the improvement in
the resource usage during scans with different formats and isolate effects
of scheduling delays between map and reduce which are present in wall
clock times, especially with shorter jobs.

As shown, SEQ variants were generally the slowest since they also
read the content field, which contains several KB of data for each record.
SEQ-record and SEQ-block were both better than SEQ-uncomp by approx-
imately 1.7x. SEQ-custom was the fastest by a small margin. The speedups
for RCFile and CIF are computed with respect to SEQ-custom.

RCFile and RCFile-comp were better than SEQ-custom in map cost by
1.1x and 3.7x respectively. Both RCFile and RCFile-comp eliminate some
of the I/O for unnecessary columns and read substantially less data than
SEQ-custom.

CIF was 60.8x better than SEQ-custom in the map cost. This speedup is
largely the result of 31.7x less data being read in CIF because of its column-
oriented storage format. The rest of the difference is due to caching effects
in the local filesystem improving the read performance of the smaller
working set (96GB vs 3040GB across 40 nodes). CIF-ZLIB was slightly
worse than CIF at 59.1x in spite of reading substantially less data – 36GB
vs 96GB for CIF. CIF-LZO also read less data than CIF, but only slightly
faster than CIF at 61.0x. This was largely because the CPU overhead
of decompressing the data does not pay for the increased bandwidth
available to the mappers. We also repeated the experiment with different
compression block sizes and did not find a significant difference.

CIF-SL was 81.9x better than SEQ-custom and it also read fewer bytes
of data. This speedup comes from the use of skip lists and the use of
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LazyRecord to avoid deserializing the metadata column unless the URL
contained “ibm.com/jp”. CIF-DCSL was the best, providing a 107.8x
improvement over SEQ-custom’s map cost. The dictionary compression
algorithm is extremely lightweight it also benefits from lazy record con-
struction and the use of skip lists. Table 3.1 also shows the overall speedups.
These are lower since the different formats do nothing to speed up the
shuffle, sort, and reduce phases. These vary from 10.4 to 12.8x for the
various column formats.

3.6.4 Impact of Co-Location

To measure the impact of co-location, we re-executed the same MapReduce
job as above but this time using CIF with the default HDFS block placement
policy rather than with CPP. The map cost with CPP was 5.1x better than
the map cost without CPP. CIF with CPP was faster because CPP ensured
that no column files had to be remotely accessed.

3.7 Additional Experiments

3.7.1 Cost of Deserialization

We conducted a simple experiment to illustrate the overhead involved
in deserializing simple and complex types. We created a dataset with 1
million records, each 1000 bytes wide. We filled a given fraction f of the
1000 bytes with integers. The remainder of the record was filled with a
byte array. The integers require deserialization when the data is scanned.
The byte array can be read into the record without any deserialization. We
vary the fraction f from 0.0 to 1.0. We measure the time taken to scan this
entire dataset in a simple Java program. The data was written to a local
file and the filesystem cache was warmed before reading the data. As a
result, the entire dataset was present in memory, and no-disk I/O was
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Figure 3.8: Microbenchmark examining overhead of serialization and
object creation.

incurred in any of the cases. We also repeated the experiment in C++. The
same single machine configuration that was described in Section 5.3 was
used here.

Figure 3.8 shows the total read bandwidth measured while scanning
this dataset as fwas varied for different data types: integers, doubles, and
maps. For the map implementations, we used java.util.map for Java and
std::map for C++.

As shown, in each case, the read bandwidth drops as f increases. This
is because deserializing typed data imposes a larger CPU overhead than
reading a simply byte array. As explained in Section 3.3.2, Java suffers
much more from this phenomenon than C++. The read bandwidth of the
C++ program is substantially higher for integers and doubles than the
Java program.

The case of deserializing maps is more interesting. Each map consisted
of 4 entries, the keys were mutable strings and the values were integers.
Since maps require new objects to be created, the total overhead of deseri-
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Figure 3.9: Tuning row-group size for RCFiles

alizing maps is substantially larger. In fact, as the figure shows, when f
exceeds 60%, the rate at which maps are deserialized can be slower than
the bandwidth of a typical SATA disk.

3.7.2 Tuning RCFile

We studied the impact of varying the row-group size of the RCFile on the
scan tests described in Section 3.6.2. Using the same dataset as before, we
varied the row-group sizes as 1MB, 4MB, and 16MB. The running times
for scanning various projections are shown in Figure 3.9.

For the case where a single integer was scanned, CIF read a total of
415MB. RCFile read 16.5GB, 8.5GB, and 4.5 GB for the 1MB, 4MB, and
16MB row-group size settings respectivey. The larger row-group size
clearly helped achieve better I/O elimination. However, a larger row-
group size has an adverse impact on the benefits from lazy decompression
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Layout Time (min)
CIF 89
CIF-SL 93
RCFile 89

Table 3.2: Load times with synthetic data.

as described by the authors of RCFile [60]. By eliminating this additional
tuning parameter, CIF is more robust and at the same time offers better
performance than RCFile.

3.7.3 Load Times

We measured the time taken to convert the synthetic dataset used in
Section 3.6.2 from SEQ to various formats. These are presented in Table 3.2.
Observe that the overhead of adding skip lists to the CIF was fairly minor.
We expect this cost to be representative. The additional overhead comes
from the fact HDFS exposes an append-only API. While writing the output
of a job, one can only append to the file. It is not possible to go back
and alter any values. As a result, building skip lists requires double
buffering the data so one can actually calculate the number of bytes for
each skip pointer before writing the data to disk. With the current load
algorithm, the largest skip is limited by the size of the main memory.
Another observation from Table 3.2 is that converting to uncompressed
RCFiles takes approximately the same amount of time as CIF. We do not
expect the load utilities that convert data to CIF to be any worse than those
that convert data to RCFile.

3.7.4 Varying Selectivity

Working with the same dataset as in Section 3.6.2, we measured the benefits
of skip lists and lazy deserialization as the selectivity of the predicate in
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Figure 3.10: Benefits of lazy materialization and skip lists.

the map function was varied. We measured the time taken to aggregate
the value in the map column under a given key for all the records where
the string column satisfied a given pattern. We varied the selectivity of
the predicate and measured the running time of the job. We compared
the running time of CIF vs CIF-SL. The results are shown in Figure 3.10.

The figure shows that for highly selective queries, CIF-SL provides
more savings by eliminating unnecessary deserialization and object cre-
ation. As the selectivity gets closer to 100% CIF-SL converges to the per-
formance of CIF. The overhead for CIF-SL with respect to CIF at 100%
selectivity is minor. The performance benefits of CIF-SL depend on the
complex type, and the associated cost of deserializing it.

3.7.5 Varying Record Size

In this experiment, we compared the performance of CIF and RCFile as
the number of columns in a record increases. We generated three datasets
with 20, 40, and 80 columns per record. Each column contained a random
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Figure 3.11: Comparison of CIF and RCFile as the number of columns in a
record increases.

string of length 30. In each case, the total data size was approximately
60GB. We conducted three scan tests where we projected 1 column, 10%
of the columns, or all the columns of the dataset. For the RCFile, we used
16MB as the row-group size. Figure 3.11 reports the read bandwidth
measured for each of the scan tests.

The figure shows that when projecting a small number of columns, CIF
performs better than RCFile in all cases. The overhead of CIF over SEQ
when scanning all the columns of a dataset are greater as the number of
columns in the dataset increases. This is consistent with previous research
on the overheads of column oriented storage [70]. Another interesting
observation is that as the number of columns in the dataset increases, the
read bandwidth for reading a single column decreases for RCFile, while
it remains relatively stable for CIF. With wider rows, the amount of data
corresponding to a single column in a row group (16MB) decreases, and
consequently the overheads associated with processing a row-group are
amortized over fewer records.
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3.8 Related Work

Our study presented in Chapter 2, and an older study [79] compared
the performance of Hadoop with various parallel DBMSs to find that
Hadoop suffers substantial performance penalties for query processing.
Subsequent studies have tried to bring some of the technologies from
DBMSs into MapReduce without affecting its advantages. HadoopDB [26]
advocates using database nodes to do the actual work and relying on
MapReduce only for scheduling and communication. A later study [51]
points out many drawbacks of the HadoopDB approach and demonstrates,
along with other independent efforts [63, 38, 52], how indexing can be
incorporated into MapReduce in a substantially less disruptive manner.
Incorporating optimization techniques from DBMSs for high-level lan-
guages like Pig has been suggested in [75]. Our focus in this thesis is on
MapReduce programs written directly in Java. The database community
has been interested in several other aspects of bridging the gap between
MapReduce and DBMSs [61, 41].

This work draws on many of the techniques advocated in the litera-
ture for column oriented databases. The advantage of column-oriented
storage for eliminating unnecessary I/O is well known. However, many
of the advanced techniques used in a column-oriented runtime such as
careful integration of compression with query execution [23, 69], late ma-
terialization [24], and use of SIMD instructions [35] and other organizing
techniques [62] are challenging to adapt to a MapReduce environment
without assuming a higher-level language and a special runtime for query
execution.

A recent paper describes Dremel [70] – a column-oriented storage
system at Google for large datasets involving nested types. The paper
describes a technique for nested data that shreds the constituent fields into
separate columns. It also provides algorithms for putting these complex
types back together with only the portions requested by the query. Dremel
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uses a SQL-like language and a special runtime. In contrast to Dremel, we
store complex types as a single column and do not shred it into separate
columns. In addition to nested records, we also deal with maps, which
is not a focus for Dremel. Our focus is on performance improvement in
the context of Hadoop and Java. We believe our approach complements
many of the techniques described in Dremel.

The Trojan Layouts [64] is another layout proposed for the MapReduce
setting. This layout organizes data blocks using a PAX layout but colocates
attributes together according to the workload and also uses different lay-
outs for different data replicas. Our CIF layout is agnostic of the workload,
doesn’t use the PAX layout as a basis and keeps the same layout across all
the data replicas.

3.9 Summary

The column-oriented storage techniques that have proven so successful
in parallel DBMSs can also be used to dramatically improve the perfor-
mance of a MapReduce system. However, translating these techniques to a
MapReduce system such as Hadoop presents unique challenges because of
different replication and scheduling constraints, the low-level MapReduce
programming API, and the more common use of complex types in MapRe-
duce jobs. In this chapter, we described a new column-oriented, binary
storage format for Hadoop that is not only compatible with Hadoop’s
programming APIs but also requires no changes to the core of Hadoop.
Our new storage format includes features such as lightweight compres-
sion and lazy record construction to avoid deserializing unwanted records.
Experiments on real data were used to show that our column-oriented
storage techniques can improve Hadoop’s performance by up two orders
of magnitude.
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Chapter 4

Design and Evaluation of Online
Replica Placement Algorithms

4.1 Introduction

As mission-critical workloads continue to move to cloud-based environ-
ments, there is an increased motivation for the Database-as-a-Service
(DaaS) providers to provide performance and availability guarantees to
their customers, typically in the form of Service Level Objectives (SLOs).
From the DaaS provider’s perspective, guaranteeing both the performance
and the availability SLOs to all the tenants is a challenging task as simple
methods that “safely” map tenant workload (so as to meet the performance
SLOs) to nodes in the cluster leads to underprovisioning the hardware
resources, which in turn increases the total operating cost for the DaaS
provider. In multi-tenant environments where each tenant needs only a
fraction of the resources of even a single node (e.g., in [32]), the degree
of multi-tenant concurrency per node is high, which makes guaranteeing
the performance SLOs challenging.

Another challenge is that the DaaS providers typically have an estimate
of the workloads that they expect to serve and provision resources based
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on this estimate, but the actual workload characteristics may deviate from
this estimate. An online data placement algorithm, as opposed to the
offline placement techniques, such as [45], tackle exactly this situation
– they find a placement for the replicas of a given tenant as soon as the
tenant arrives at the system, and without assuming a priori knowledge
of the workloads of the entire set of tenants. Thus the online placement
techniques, should gracefully adjust to unexpected workload changes
in case the actual observed workloads are different from the expected
workloads.

In this thesis, we tackle the online replica placement problem. Our
algorithms assume that the tenant’s database is replicated a few times
so that the availability SLOs are met. In the model that we consider in
this chapter, there is a master/primary replica which drives the load
on the slave/secondary replicas (e.g., as in [32]), by forwarding certain
operations to them. One of our main concerns, is to examine how each
replica placement algorithm distributes the load across all the machines.
As reported in [32] having a balanced load typically helps in handling
unexpected workload changes. This is because, a few aggressive tenants
on a highly-loaded machine can make it difficult to continue meeting the
performance SLOs of all the tenants.

In general, designing a data placement algorithm for multi-tenant DaaS
environments is a challenging task, since the replica placement algorithm
must: a) take into account the different performance requirements of all
the tenants (performance SLOs), b) take into account the differences in the
load between the replicas of the same tenant, c) not violate the replication
constraints, d) aim to balance the load across all machines, e) minimize
the total operating cost and f) gracefully adjust in unexpected workload
changes. This work makes the following contributions:

• We formulate and systematically explore the online replica placement
problem in multi-tenant DaaS environments which support both
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performance SLOs and the key mechanism (i.e., replication) that is
used to meet availability SLOs.

• We develop a framework to address the problem above and present
a set of evaluation criteria that examine the load balancing proper-
ties of different replica placement algorithms both during the initial
placement and following a failure event. The framework also consid-
ers the impact on the total operating cost , as well as the adaptivity
of the replica placement algorithm in case of unexpected workload
changes. .

• We design and evaluate a number of algorithms for the replica place-
ment problem, and find that an algorithm called RkC has very good
load balancing properties, low cost, and adaptivity in changing work-
load characteristics under a variety of multi-tenant environments
and also does not require global knowledge of the current load of all
the machines, making the algorithm desirable in online distributed
environments that lack of centralized control. Thus, this thesis makes
the case for RkC.

To the best of our knowledge, this work is the first attempt to explore
the online replica placement policies that do not require global knowledge
of the load across the cluster, relate them with load balancing in DaaS
settings, study their impact on the total operating cost and their adaptivity.

We note that studying the effects of different data placement mech-
anisms in cloud environments is a new and emerging area with many
open problems. To the best of our knowledge, this work is the first attempt
to explore the online replica placement policies, relate them with load
balancing in DaaS settings, study their impact on the total operating cost
and their adaptivity in changes in expected workload characteristics. In
this thesis, we use the initial hardware provisioning cost as a proxy for
the total operating cost. We recognize that other factors like the energy
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cost or related infrastructure costs are not taken into account, but these
are often directly impacted by the number of machines provisioned, and
considering these factors is an important direction for future work. In
this thesis, we focus on workloads that exert a steady load on the cloud
service (though we consider the impact of changing workload charac-
teristics). Dealing with dynamic workload fluctuations is a rich area for
future work, and potentially requires building workload characterization
and prediction models (a rich area of research by itself) and adapting our
framework to work with these models. We also note that our model for
load balancing in case of failures is focused on the impact of the replica
placement algorithm on a single node failure. Our work, shows that simple
techniques that can be used during the initial replica placement process
can actually help balance the load in case of single-node failures. Extend-
ing our model to incorporate multiple node failures as well as correlated
failures, and studying what guarantees our replica placement algorithms
can provide in these cases is an interesting path for future work. Finally
this thesis, adresses homogeneous clusters. Extending our framework to
accommodate heterogeneous clusters is part of future work.

4.2 Replica Placement Framework

This section describes our framework for designing and evaluating replica
placement algorithms in multi-tenant cloud environments where the ten-
ants have different performance SLOs.

4.2.1 Replica Placement Problem Formulation

Our framework assumes that each tenant’s data is replicatedn times across
the cluster. Every replica is assigned an initial role, either the primary role
or the secondary role. The load of a given replica may vary depending on
its role. For example, the primary replica which is assigned the primary
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role, may handle both the read and the write operations of a workload.
The remainingn−1 replicas are the secondary replicas and handle only the
write operations that synchronously receive from the primary replica. In
this scenario, the secondary replicas are used as a backup when a primary
replica fails to process the workload.

In our framework, the tenants are split into tenant classes, each one
corresponding to a different performance SLO. For example, assume that
a DaaS provider has tenants that have workloads that are like TPC-C
scale factor 10, and that the tenants are split into two classes. The perfor-
mance metric in this case, is transactions per second (tps). The tenants
in the 100tps class are associated with a high performance SLO of 100
tps, whereas the tenants in the 10tps class are associated with a lower
performance SLO of 10 tps. In our environment, each tenant is placed in a
separate database (similar to SQL Azure [32]). The tenants that belong to
the same tenant class are assigned to the same DBMS instance.

In our problem statement, we consider two phases of the data place-
ment process, namely the initial hardware provisioning phase and the replica
placement phase. In the initial hardware provisioning phase the DaaS
providers have an estimate of the expected number of tenants and they
need to know the minimum number of machinesM, they should provi-
sion based on this estimate. Then, they typically provision an additional
number of machines to account for hardware failures, future growth, un-
expected mix of new tenants, etc. Regardless, the DaaS provider needs to
know the value ofM. In the following phase (replica placement phase), the
DaaS providers need to find a placement for the replicas of each incoming
tenant. Note that during the provisioning phase the actual tenant work-
loads are not known in advance and in practice they may differ from the
expected workloads that the DaaS provider considers when determining
the number of machines that need to be provisioned. Thus, in our setting,
we do not assume a priori knowledge of the actual workloads.
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Problem Statement: Given a set of tenant classes C : {c1, ..., cT }, a repli-
cation factor n, a fill factor f > 1, an expected workloadWe = (Ne,C,Re,n)
comprised of Ne tenants with corresponding tenant ratios Re : {re1, ... ,
reT }, find:

Output 1: The minimum number of machinesM that need to be provi-
sioned in order to place theNe primary replicas and the (n− 1) ∗Ne

secondary replicas, in a way that guarantees the performance SLOs
of all the tenants and does not violate the replication constraints
(hardware provisioning phase).

Let MS : {m1, ...,mM∗f} be the set of provisioned machines, Qpi :

{p1, ...,pi} → {m1
k, ... , mi

k} the assignment of the primary replica pj of
the jth tenant to machine mj

k, where mj
k ∈ MS, ∀j, 1 6 j 6 i, and Qsi:

{s1, ..., si∗(n−1)}→{m1
z, ... ,mi∗(n−1)

z } the assignment of the corresponding
secondary replicas to the machines,mj

z ∈MS, 1 6 j 6 i ∗ (n− 1). Given
the incoming (i+ 1)th tenant find:

Output 2: The mapping Qp(i+1): {p1, ..., p(i+1)} → {m1
k, ... , m(i+1)

k } by
adding the primary replica of the (i + 1)th tenant to Qpi (replica
placement phase).

Output 3: The mappingQs(i+1): {s1, ..., s(i+1)∗(n−1)}→ {m1
z, ... ,m(i+1)∗(n−1)

z }

by adding the secondary replicas of the (i+1)th tenant toQsi (replica
placement phase).

The fill factor f determines the additional number of machines that the
service provider provisions to account for unexpected events. In this thesis,
we do not change the existing mapping of the replicas of the first i tenants
when placing the (i+ 1)th tenant, in order to avoid transferring data over
the network. Exploring the additional opportunities that may arise by
remapping a subset of the already placed tenants, similar to [83, 84], but
in our setting, is part of future work. Note that since the actual workload
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is not known in advance, heuristics that sort the incoming tenants based
on their load characteristics, before the tenants are placed on the machines
(e.g., offline bin packing heuristics like FFD [65]) are not applicable in our
framework. Our algorithms are online placement algorithms which assign
the replicas of each tenant to machines, as soon as the tenant arrives at the
system.

4.2.2 Evaluation Criteria

In this section we present four criteria to evaluate data placement algo-
rithms in multi-tenant cloud environments. These criteria cover a variety
of factors that the DaaS providers consider when they accommodate ten-
ants with different performance SLOs and they address both the initial
hardware provisioning phase (phase 1) and the replica placement phase (phase
2).

Since the actual workload observed may be different from the expected
workload, we define the actual workload as Wa = (Na,C,Ra,n) where
C,n are specified in the problem statement, Na is the number of tenants
that have already arrived at the system and Ra : {ra1, ... , raT } are the tenant
ratios. Based on this definition, our evaluation criteria are the following:

C1: The number of machines used (phase 1)

During the initial provisioning phase, the DaaS providers typically have
an estimate of the expected number of tenants and they provision the hard-
ware resources based on this estimate. Typically, the DaaS providers aim
to minimize their total operating cost. As a result, among all the replica
placement algorithms that can accommodate the expected number of ten-
ants and their associated performance requirements, the algorithm(s) that
use the fewest machines are preferred. Thus, given a function H(a(We))

which returns the number of machines that are used by algorithm a to
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place the replicas of the expected workloadWe, the DaaS providers would
prefer the algorithm a for which:

M = argmin
a

H(a(We)) (4.1)

C2: Load distribution across all machines (phases 1 and 2)

As discussed in the Introduction, in DaaS environments the functionality
of the primary and secondary replicas is often different. For example, in
SQL Azure [32] the primary replicas process more operations than the
corresponding secondary replicas. Since the primary replicas actually
do more work than the secondary replicas, the DaaS providers prefer
to host a mix of primary and secondary replicas in each server with the
goal of balancing the load across all the machines [32]. The C2 criterion
targets this property of the data placement algorithms, and focuses on
the distribution of the load across all the available machines. Note that
this criterion targets not only the replica placement phase but also the
initial hardware provisioning phase. This is because, from all the possible
algorithms used to place the replicas of the expected workload We, the
ones that are able to balance the load are desirable.

Let Lp(ci) denote a function that returns the load generated by a pri-
mary replica of tenant class ci, and Ls(ci) denote a function that returns
the load generated by a secondary replica of tenant class ci. If the num-
ber of primary replicas of tenant class ci placed on machine mj is pij,
and the number of secondary replicas of tenant class ci placed on that
machine is sij, then for this machine, the load Lj can be defined as Lj =∑T

i=1 pij ∗ Lp(ci) +
∑T

i=1 sij ∗ Ls(ci). Given a function X(a(W,M)) = σl

that returns the standard deviation σl of the load values [L1...LM] pro-
duced by algorithm a, on a set ofMmachines, then the algorithms that
return uniform distributions of the load are desirable. That is, from the
set of all replica placement algorithms, DaaS providers would prefer the
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algorithm a for which:

σl = argmin
a

X(a(W,M)) (4.2)

C3: Load generated by a failed machine (phases 1 and 2)

The C3 criterion is related to load balancing in the presence of failures.
When a machine that contains primary replicas is unavailable (for any
reason including hardware failure on that node), a set of new primary
replicas will be created for the database with primary copies on the failed
node. This operation is executed by promoting an existing secondary
replica that is placed on a different machine as the new primary. During
this operation, it is desirable to not overload any machine by assigning to it
a disproportionate number of new primary replicas. As discussed in [32],
it is desirable to spread the load created by a failed machine across as
many machines as possible. For example, an algorithm like Round Robin
that assigns a primary replica on one machine and its corresponding n− 1
secondary replicas on the n − 1 neighboring machines is a poor choice
with respect to criterion C3. If one machine fails, then all the primary
replicas hosted on that machine will be re-assigned to only n−1 machines.
Since the replication factor n is typically a small number (e.g., 3), the load
will not be spread evenly across all the remaining machines in the cluster.

Let LFjv be the load generated on machinemj when the machinemv

fails. This load is created by promoting some of the secondary replicas
on machinemj to primary replicas. Given a function Y(a(W,M, v)) = σfv
that returns the standard deviation σfv of the load values [LF1v...LFMv]

produced by algorithm a, on a set ofMmachines whenmv fails. Let da be
the maximum difference between any two standard deviations produced
by the function Y on a given set of machines for a fixed workloadW and
algorithma. From the set of all replica placement algorithms, the preferred
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algorithm a is one for which:

da = argmin
a

[max(|Y(a(W,M, i)) − Y(a(W,M, j))|)]

∀i, j 1 6 i, j 6M
(4.3)

Note that due to this objective, the well-known heuristics used for the
online bin packing problem (e.g. first fit, best fit etc.) are not directly
applicable in our setting. This is because these heuristics take into account
the load of the given machine (e.g., best fit) and/or the ordering of the
machines (e.g., first fit). Criterion C3, on the other hand, needs heuristics
that consider the relationship between the machine used to place a given
secondary replica, the location of its corresponding primary replica and
the locations of the primary replicas which have their corresponding secon-
daries on that machine. In Section 4.4, we present the additional heuristics
needed to account for this objective. Criterion C3 does not guarantee that
after the load of a failed machine is redistributed across the cluster, all
the tenants on the remaining machines will meet the performance SLOs.
It guarantees though, that the initial data placement is good enough so
that the failure-handling algorithms will be able to spread the load as
uniformly as possible without migrating replicas.

C4: The number of tenants served whenWa 6=We (phase 2)

In case the actual workloadWa observed, is different from the expected
workload We, the service providers would like the replica placement
algorithm to gracefully adapt to the change. This translates into being
able to pack as many tenants as possible on the provisioned number of
machines M*f. Given a function Z(a(Wa,M ∗ f)) = N that returns the
number of tenants from Wa that can be placed on M*f machines using
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algorithm a, the preferred algorithm a is one for which:

N = argmax
a

Z(a(Wa,M ∗ f)) (4.4)

4.2.3 Workload Characterization

Tenant placement requires workload characterization so that the impact on
existing tenants when a new tenant is placed on a machine, is quantified.
This problem has been studied in the context of different database environ-
ments [45, 68, 53, 55, 83]. Some of the approaches proposed in the litera-
ture for workload characterization in multi-tenant database environments
include the use of machine learning and prediction models [55, 53, 83],
empirical models [45] or direct benchmarking [68]. In our framework, we
also need to characterize the hardware that is used to build each node in
the cluster, so that we know what mixes of primaries and secondaries can
be “safely” (i.e., meet the performance SLOs) placed on each node. Given
tenants with different SLOs and replicas with different loads, we need to
characterize the performance that can be delivered by each machine to
each tenant class ci. For this purpose, we use a machine characterizing
function. As in [68], we directly benchmarked the tenants’ to generate the
machine characterizing function. However, machine learning techniques
or prediction models could also be used, especially in cases where multiple
tenant classes are involved. The general methodology for generating the
characterizing function using benchmarking when multiple tenant classes
are involved can be found in Section 4.3. The methodology is an extension
of the one presented in [68] that also accounts for the existence of replicas.

Figure 4.1 shows an example of a machine characterizing function for
a workload comprised of 1GB TPC-C tenants with 10 warehouses. TPC-C
is a well known database benchmark and has been used before to study
DaaS environments [46, 68]. All the tenants belong to one tenant class
whose performance SLO is 10 tps. This characterizing function presents
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how the number of primary replicas and the number of secondary replicas
can be varied on a machine so that this mix does not prevent any tenant
from achieving its 10tps performance target. As a performance metric, we
use the throughput of the new-order transactions, as is done for reporting
TPC-C results (more specifically, the average transactions per second over
a time interval of 900 seconds). The measurements are taken on a server
with 16GB of main memory and two Intel E5410 quad-cores running at
2.33GHz. The node runs Microsoft SQL Server 2012, and each tenant has
its own database file and its own log file. All the data files are spread across
five 136 GB 10K RPM SAS drives. The log files are stored on a separate
hard disk. The details on how to generate the machine characterizing
function are presented in Section 4.3.
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Figure 4.1: Machine Characterizing Function for the 10tps Tenant Class.

As shown, in Figure 4.1 the machine characterizing function for the
10 tps tenant class is almost linear and can be described by the following
equation: 4 ∗ p1 + 3 ∗ s1 − 240 = 0. Each diamond point on this line
represents an actual benchmark test that we ran. At each of these data
points the machine is disk-bound. Having defined the machine charac-
terizing function, the next question is to find acceptable operating zones
that deliver the required performance to each tenant. This zone is the one
below or on the frontier defined by the machine characterizing function,
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which is defined by the following inequality: 4 ∗ p1j + 3 ∗ s1j − 240 6 0.
We can generalize this example to incorporate multiple tenant classes for
which the machine characterizing function is multi-linear.

Definition 1. For a given machine mj, T tenant classes, −→p = [p1j ... pTj]
and −→s = [s1j ... sTj] where pij represents the number of primaries of class ci
scheduled on machine mj and sij represents the number of secondaries of class
ci scheduled on machinemj, 1 6 i 6 T, 1 6 j 6 M, and a machine characterizing
function that can be described by a multi-linear equation of the form:

a1 ∗ p1 + b1 ∗ s1 + ... + aT ∗ pT + bT ∗ sT + d = 0 (4.5)

where ai,bi > 0, ∀i 1 6 i 6 T and d < 0, all the primary and secondary
replicas scheduled on the machine deliver the required performance if a1 ∗ p1j +

b1 ∗ s1j + ... + aT ∗ pTj + bT ∗ sTj + d 6 0.

In this chapter, we only focus on multi-linear characterizing functions.
Previous work on characterizing main-memory database workloads has
shown that the resource models in these environments are typically lin-
ear [83]. For this reason, linear models have been used for tenant placement
in main-memory clusters [84]. The authors of [45] also observe additiv-
ity of CPU and memory consumption in disk-based systems. Modeling
shared disk I/O is more challenging [45, 68]. However, our real experi-
ments using TPC-C on the 10tps and 100tps tenant classes, on a disk-based
system have also produced almost linear functions. Relaxing this assump-
tion and considering the impact of other functions, to capture a larger
variety of systems is an important direction for future work.

The algorithms and the techniques described in this paper can also
be applied on non-linear machine characterizing functions, given that
a multi-linear function can be drawn within the area that is below the
frontier of the given machine characterizing function. In this case, the
algorithms that are designed to work well for criteria C2 and C3 on multi-
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linear characterizing functions would continue to produce good results
with respect to these criteria. Using this technique, the load would still
be balanced. However, the minimum number of machines used (criterion
C1) could vary with different performance characterizing functions. An
interesting part of future work, is to study the opportunities that arise
when non-linear characterizing functions are encountered.

Another interesting point to note is that if the machine characteristizing
function is not linear, then there are other interesting aspect of systems
research, including understanding why the function is not linear (e.g. is
some resource the bottleneck when shared across tenants), and leads to
questions about whether there are changes to the underlying software
that could be made to produce a more “efficient” machine characterizing
function. In fact, this line of thinking leads to a number of interesting
research questions in its own right, including asking what is the best
hardware one can buy for a given budget (e.g. should the machine have
more memory, or fewer disks but more flash storage, etc.). These problems
are beyond the scope of this initial work.

4.3 Obtaining the machine characterizing
function using benchmarking

In the following paragraphs, we describe our methodology to obtain Figure
4.1 of Section 4.2 using benchmarking.

We followed the approach presented in [68], to deploy multiple tenants
on the same machine and placed each tenant in a separate database. In [68]
all the tenants’ databases that belong to the same tenant class are placed
on the same DBMS instance. This work, though, does not consider the
existence of multiple replicas of the same database. In our setting, each
tenant has one primary and one secondary replica (n = 2). The primary
replica handles both the read and the write operations of the workload
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and synchronously forwards all the write operations to the secondary
replica. Since the load handled by the primary and secondary replicas
of one tenant class is not the same, we use two SQL Server instances
to place the replicas of the same tenant class. The first DBMS instance
holds all the primary replicas and the second DBMS instance holds all
the secondary replicas of the tenants that belong to the same tenant class.
The performance of each SQL Server instance is throttled by limiting the
amount of memory allocated to it. Exploring other placement options is
an interesting direction for future work.

Since the primary and secondary replicas on the same tenant cannot be
placed on the same machine (test machine), due to replication constraints,
to be able to fully characterize the workload performance, we used addi-
tional machines of the same configuration to place the extra replicas. Our
methodology is the following:

1. We first find the maximum number of primary replicas that can be
placed on the test machine (this step is repeated for each tenant class
if multiple classes are considered). For this purpose, one additional
machine that holds all the corresponding secondary replicas is used.
(Since the load on a primary replica is higher than the load of its
corresponding secondary replica, we expect to be able to host more
secondary replicas on one machine than primary replicas of the
same tenant class). As shown in figure 4.1, we can host up to 60
primary replicas of the 10 tps tenant class on the test machine. If
more primary replicas are placed, then the test machine becomes the
bottleneck and some tenants will not be able to meet the 10tps SLO.

2. We now investigate how many secondary replicas of the 10 tps tenant
class can be placed on the test machine this step is repeated for each
tenant class if multiple classes are considered). The corresponding
primary replicas are placed on as many machines as needed so that
each one does not hold more than 60 primary replicas. Figure 4.1
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shows that we can place up to 80 secondary replicas on the test ma-
chine. If we attempt to place more than 80 secondary replicas, then
the machine becomes the bottleneck and the corresponding primary
replicas on the remaining machines will not be able to handle a load
of 10 tps.

3. When the test machine contains a mix of primary and secondary
replicas, we use as many additional machines as needed to place
the corresponding secondary and primary replicas, respectively.
Each additional machine holds replicas of one type only, and the
number of replicas placed on the machine cannot be greater than
60 if these are primary replicas, or 80 in case these are secondary
replicas. After having estimated the maximum number of primary
replicas that can be placed on the test machine, we systematically
substitute a fixed number of the primary replicas with secondary
replicas. For each sample, we run a benchmark with the current mix
of replicas and record the observed per-tenant performance at all
the machines which hold primary replicas. If all the performance
SLOs are satisfied, we also try adding more secondary replicas on
the test machine (and the corresponding primary replicas on the
additional machines) and repeat the experiment. We keep increasing
the number of secondary replicas till the performance SLO of a tenant
(in any of the machines used) falls below 10 tps. In this case, we
know that we reached the boundary of the machine characterizing
function. (If multiple tenant classes are considered, we can iterate
through fixed size combinations of primary and secondary replicas
of the other tenant classes).
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4.3.1 Estimating the Number of Machines

In this section, we present the lower bound on the number of machines
used to accommodate the performance SLOs of all the tenants. Assume
that a replica placement algorithm that guarantees all the tenants’ SLOs
and does not violate the replication constraints usesMmachines, M > n,
where n is the replication factor. Then, given T tenant classes, n tenants,
the corresponding tenant ratios {r1, ... , rT } and a multi-linear machine
characterizing function the lower boundM∗ for the number of machines
can be estimated using the following procedure:

∀j 1 6 j 6M

a1 ∗ p1j + b1 ∗ s1j + ... + aT ∗ pTj + bT ∗ sTj + d 6 0

where ai,bi > 0, 1 6 i 6 T and d < 0

This expression ensures that the combination of primary and secondary
replicas, on every machine, is a point placed on or below the frontier
defined by the multi-linear machine characterizing function. By adding
theM inequalities,we get:

a1 ∗
M∑
j=1

p1j + b1 ∗
M∑
j=1

s1j + ... + aT ∗
M∑
j=1

pTj + bT ∗
M∑
j=1

sTj

+M ∗ d 6 0⇒

a1 ∗ r1 ∗N+ b1 ∗ r1 ∗ (n− 1) ∗N+ ...+

aT ∗ rT ∗N+ bT ∗ rT ∗ (n− 1) ∗N+M ∗ d 6 0

From the last inequality we can find a lower boundM∗ for the number
of machines used by any replica placement algorithm that guarantees the
performance SLOs for all tenants. Since this number must be an integer at
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least equal to n, we have:

M > max(dN ∗ [
T∑

i=1

ai ∗ ri + (n− 1) ∗
T∑

i=1

bi ∗ ri]/(−d)e,n)⇒

M∗ = max(dN ∗ [
T∑

i=1

ai ∗ ri + (n− 1) ∗
T∑

i=1

bi ∗ ri]/(−d)e,n) (4.6)

The lower bound of expression 4.6 is a positive number, since d < 0.
Note, that this bound denotes the minimum number of machines needed
to guarantee the performance SLOs of the tenants. However, there is no
guarantee that there exists a replica placement algorithm that meets all
the replication constraints and at the same time can use the number of
machines specified by this lower bound. In Section 4.5, we show how
the number of machines needed by the algorithms studied in this work,
compares to this lower bound. Algorithm 1 finds the number of machines
M that a replica placement algorithm a needs (Output 1).

Algorithm 1: Find the Minimum Number of Machines for algorithm
a

Data: Algorithm: a, Number of tenants: n
Result: M
found← 0;
while (found==0) do

if (algorithm a can produce replica mappings that meet the replication constraints using M machines)
then

for j← 1 to M do
if (a1 ∗ p1j + b1 ∗ s1j + ... +aT ∗ pTj + bT ∗ sTj +d6 0) then

M←M++;
continue;

end
end
found← 1;

end
end
return M;
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4.4 Replica Placement Algorithms

In this section we present a set of replica placement algorithms that we
study in this thesis and discuss some of their properties. In Section 4.5,
we evaluate these algorithms using the evaluation criteria presented in
Section 4.2.2.

Our algorithms are online algorithms and do not assume a priori knowl-
edge of the actual workload. When a tenant first arrives, all the replica
placement algorithms find a machine for the tenant’s primary replica
and then place the n − 1 secondary replicas one by one. In this chapter,
we study five algorithms, namely: the First Fit (FF) algorithm, the Static
Round Robin (SRR) algorithm, the Static Round Robin-Scattered (SRR-S) al-
gorithm, the k-Random Choices (Rk) algorithm and k-Random Choices with
Constraints (RkC) algorithm. The SRR and SRR-S algorithms are static al-
gorithms which are designed to be used only as reference algorithms with
respect to criteria C2 and C3 respectively. The FF algorithm is a generaliza-
tion of the First Fit heuristic used to solve the online bin packing problem
and is used to evaluate how an online bin packing algorithm performs
for the replica placement problem as defined in this chapter. Finally, the
Rk and RkC algorithms are more general algorithms that can also address
systems where central tracking of the state of the replica assignments may
not be feasible.

The algorithms, aim to balance the load across the available machines,
by uniformly spreading the primary replicas and the secondary replicas of
each tenant class across all the machines. We acknowledge that there could
be other ways that can balance the load uniformly across all the machines
(criterion C2), but our results show that there exist simple heuristic-based
algorithms that produce almost uniform load distributions and at the
same time the number of machines they use is no more than 5% over
the theoretical lower bound defined in Section 4.2. Similarly, regarding
criterion C3, our heuristics aim to spread the corresponding secondary



93

replicas of a given primary replica across all the valid machines (based
on the replication constraints). In this way, the algorithms that handle
failures can exploit this placement of the secondary replicas to produce
uniform load distributions after a node failure.

4.4.1 First Fit

The first algorithm that we study, is the First Fit (FF) algorithm. This
algorithm is based on the well-known First Fit [65] heuristic strategy that
has been used to solve the online bin packing problem, and has also been
studied in the context of virtual machine [78] and database placement [89].
Note, we chose to describe the FF algorithm and not other bin packing
algorithms like Best Fit, because this algorithm uses only the ordering of
the machines as a criterion to place a given replica and does not require
global knowledge of the load across all the machines. FF aims to minimize
the number of machines that are used to accommodate all the tenants
(Criterion C1). This algorithm differs from the traditional First Fit heuristic
by taking into consideration the existence of replication constraints and
the different performance requirements of the tenants. The FF algorithm
assumes a fixed ordering of the machines. For each incoming tenant, the
algorithm finds the first machine that can host its primary replica without
creating any performance bottlenecks (based on a characterizing function
as presented in Definition 1). Then, for each of the tenant’s secondary
replicas, the algorithm finds a set of candidate machines that could accom-
modate the replica without violating the replication constraints, and then
places the replica on the first machine that can host it without creating
any performance bottlenecks.
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4.4.2 Static Round Robin and Static Round Robin –
Scattered

The next two algorithms (SRR and SSR-S) that we study are specifically
designed to take into account the load balancing criteria presented in
Section 4.2.2, and use heuristics to produce good results with respect to
these criteria. As a result, they both constitute a good reference point
when evaluating the load distributions produced by the other replica
placement algorithms that are examined in this section. Both the SRR
and the SRR-S algorithms aim to assign the same number of primary and
secondary replicas per tenant class on every machine. These algorithms
are static methods since they pre-determine the load distribution across
all the machines (based on the tenant ratios of the expected workloadWe).
Consequently, the load generated by these algorithms is almost uniform.

The Static Round Robin (SRR) algorithm aims to balance the load of
all the primary replicas and all the secondary replicas (Criterion C2). The
Static Round Robin–Scattered (SRR-S) algorithm is based on SRR but also
attempts to balance the load in case of failures (Criterion C3).

Both the SRR and the SRR-S algorithms assume that all the machines
will host the same number of primary and secondary replicas for each
tenant class. For example, assume that a given DaaS environment supports
two tenant classes with the corresponding expected tenant ratios: r1 = 10%
and r2 = 90%. The SRR and SRR-S algorithms aim to spread the load in
such a way that each machine hosts z primary replicas and (n − 1) ∗ z
secondary replicas of tenant class c1, and 9 ∗ z primary replicas and 9 ∗
(n− 1) ∗ z of tenant class c2.

The number z denotes the number of primary replicas of the tenant
class with the lowest tenant ratio, that can be placed on one machine. Let
rmin = min{r1, ..., rT } where ri is the tenant ratio for class ci, 1 6 i 6 T .
The SRR and SRR-S algorithms use the pointQ(r1/rmin ∗ z, r1/rmin ∗ (n−
1)∗z, ..., rT/rmin ∗z, rT/rmin ∗ (n−1)∗z) that is placed on the multi-linear
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machine characterizing function:

a1 ∗ r1/rmin ∗ z+ b1 ∗ r1/rmin ∗ (n− 1) ∗ z+ ...+

aT ∗ rT/rmin ∗ z+ bT ∗ rT/rmin ∗ (n− 1) ∗ z+ d = 0⇒

z = (−d) ∗ rmin/[

T∑
i=1

ai ∗ ri + (n− 1) ∗
T∑

i=1

bi ∗ ri]

The number z could also be a real number. Since, the number of
replicas on a given machine is an integer, the SRR and SRR-S algorithms
use the point Qf = (r1/rmin ∗ bzc, r1/rmin ∗ (n − 1) ∗ bzc, ..., rT/rmin ∗
bzc, rT/rmin ∗ (n − 1) ∗ bzc) which is guaranteed to be on or below the
frontier defined by the machine characterizing function (given that point
Q satisfies this property). Note, that the SRR and the SRR-S algorithms
cannot be used when z < 1. This is the case when the machine capacity is
not enough to accommodate the number of replicas that the SRR and the
SRR-S algorithms assume that a machine should host.

The number of machines used by SRR and SRR-S is then:

M > max(drmin ∗N/bzce,n) (4.7)

where N is the total number of tenants.
Then, using Equation 4.6,M∗ can be rewritten using the number z as

follows:

M∗ = max(drmin ∗N/ze,n) (4.8)

From Equations 4.7 and 4.8 we observe that the ratio z/bzc largely deter-
mines how close the number of machines that are used by the SRR and
the SRR-S algorithms are to the lower boundM∗. Let z = X+ δwhere X
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is a positive integer and 0 6 δ < 1. Then:

z/bzc = (X+ δ)/X = 1 + δ/X

In the worst case, X = 1 and δ = 1−ε, which means that bzc ≈ 2 ∗ z. In
this case, the SRR and the SRR-S algorithms will use approximately twice
the lower bound on the number of machines given by Equation 4.6.

For every primary replica of an incoming tenant of class ci, the SRR
and the SRR-S algorithms find the set of machines with the same lowest
load (Sp) of primary replicas (pi) of class ci. Then, both algorithms pick a
random machinemp from Sp and place the replica there. This approach
is similar to the worst fit heuristic, used for the bin packing problem. The
intuition is that using this heuristic, the load will be balanced across all
the machines at any given point in time which is not possible when using
a best fit approach. For every secondary replica, the SRR and the SRR-S
algorithms find a set of candidate machines Src that meet the replication
constraints. Then, they both find the set of machines Ss from Src that
have the same lowest load of secondary replicas (si) for class ci. The
SRR algorithm picks a random machine from Ss to place the replica. In
contrast, the SRR-S algorithm, which is optimized to balance the load
during failures (criterion C3), keeps from Ss the machines with the lowest
load of sspi , where sspi is the number of secondaries of class ci that have
their corresponding primary replica on machine mp. This is the set Sss.
Finally, it randomly picks one machine from this set Sss, and assigns the
secondary replica to that machine. This heuristic guarantees that the load
generated after failure of the machinemp, can be redistributed to as any
machines as possible.
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4.4.3 k-Random Choices

The next algorithm is called the k-Random Choices (Rk) algorithm. Rk
is essentially a family of algorithms, each with a different value of k, 1 6

k 6 M. For each primary replica of a tenant class ci, 1 6 i 6 T , the Rk
algorithm randomly picks k machines, and then finds the set of machines
Sp that have the lowest number of primary replicas for the tenant class ci.
Then, it picks a random machinemp from Sp to place the primary replica.
For each secondary replica of a given tenant class, the Rk algorithm finds a
candidate set of machines that can host the replica based on the replication
constraints (Src) and randomly picks k machines out of Src. Then, it finds
the set of machines Ss that have the lowest number of secondary replicas.
As with the SRR-S algorithm, the Rk algorithm uses the same heuristic
to optimize for load balancing during failures. More specifically, the Rk
algorithm assigns the secondary replica to one of the machines in Ss that
has the lowest number of secondary replicas for tenant class ci with the
corresponding primary replica on machinemp.

The major difference between the Rk algorithm and both the SRR and
the SRR-S algorithms is that the Rk algorithm considers only k machines
when placing a replica and not the whole cluster. Moreover, the Rk al-
gorithm is a dynamic and not a static algorithm, since it does not pre-
determine the replica distributions across the cluster. The fact that the
Rk algorithm uses information about only k machines, and not about the
whole cluster, makes the algorithm desirable in cases where a machine has
to be contacted in order to get information about its current load. In this
type of environments, contacting all the machines in the cluster may signif-
icantly slow down the replica placement process. In our experiments, we
examine how similar the load distributions produced by the Rk algorithm
are to those produced by the reference algorithms, SRR and SRR-S.

When k = 1 the algorithm makes only one random choice for each
replica, so the load on the machines is not taken into consideration. The
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authors of [31, 72] showed that having just two random choices, instead
of one, results in a large reduction in the maximum load of a machine,
thus making this technique very useful in situations where load balancing
is important. This technique has been applied in a variety of different
environments (e.g., cuckoo hashing [77], peer-to-peer systems [37] etc). To
the best of our knowledge, this is the first time this technique is applied to
the replica assignment problem in multi-tenant cloud environments.

4.4.4 k-Random Choices with Constraints

Note, that the Rk algorithm does not make use of the machine characteriz-
ing function. Instead, it directly places the replica on the machine with
the lowest load. The next family of algorithms studied, called k-Random
Choices with Constraints (RkC) is similar to the Rk family of algorithms,
but it also considers the machine characterizing function to exclude the
machines that cannot accommodate the replica due to violations of the per-
formance SLO requirements. For each primary replica, the RkC algorithm
randomly picks k machines, checks which ones cannot host the primary
replica (based on the characterizing function), and then disregards those.
The RkC algorithm keeps picking machines until it finds k machines that
can host the replica or until the entire set of machines has been examined.
It then continues in the same way as the Rk algorithm. The RkC algorithm
follows a similar process for the secondary replicas. The pseudocode for
the RkC algorithm is shown in Algorithm 2.

The RkC algorithm finds the minimum load on the k machines, before it
decides which machine will host the replica. This operation is repeated two
times for each tenant’s secondary replica (given that the second heuristic
is applied), and one time for each tenant’s primary replica. When k =M,
the algorithm’s complexity is O(n ∗M).

In Section 4.5, we show how the Rk and the RkC algorithms compare
with respect to our evaluation criteria. More specifically, we present results
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Algorithm 2: k-Random Choices with Constraints (RkC)
Data: Incoming tenant: i+ 1, Replication factor: n, Set of machines: MS, Value of k: k, Qpi, Qsi

Result: Qp(i+1), Qs(i+1)
c← findTenantClass(i+1);
Qp(i+1)←Qpi;
Qs(i+1)←Qsi;
Sk← Pick randomly k machines out of MS;
Sk← Remove from Sk the machines which cannot hold the replica based on the multi-linear
characterizing function;
while (|Sk| < k and exist machines in MS that have not been examined) do

Stmp← Pick randomly k-|Sk| machines out of the machines in MS that have not been
examined;
Sk← Sk + Stmp;
Sk← Remove the machines from Sk which cannot hold the replica based on the multi-linear
characterizing function;

end
if (|Sk| == 0) then

exit;
end
Sp← Pick the set of machines from Sk with the minimum number of primaries of class c.;
mp← Pick randomly 1 machine from Sp;
Qp(i+1).add(p(i+1),mp);
for j← 1 to n− 1 do

Src← Pick the set of machines from MS that meet the replication constraints;
Sk← Pick randomly k machines out of Src;
Sk← Remove from Sk the machines which cannot hold the replica based on the multi-linear
characterizing function;
while (|Sk| < k and exist machines in Src that have not been examined) do

Stmp← Pick randomly k-|Sk| machines out of the machines in Src that have not been
examined;
Sk← Sk + Stmp;
Sk← Remove from Sk the machines which cannot hold the replica based on the
multi-linear characterizing function;

end
if (|Sk| == 0) then

exit;
end
Ss← Pick the set of machines from Sk with the minimum number of secondaries of class c.;
Sss← Pick the set of machines from Ss with the minimum number of secondaries of class c
whose primary is placed on mp;
mq← Pick randomly 1 machine from Sss;
w← ((i+ 1) − 1) ∗ (n− 1) + j;
Qs(i+1).add(sw,mq);

end

that highlight the effect of using the machine characterizing function on
the number of machines that need to be provisioned. We also evaluate
the impact of static (SRR, SRR-S) and dynamic (RkC) policies on each
algorithm’s ability to gracefully handle workload changes (Criterion C4).
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4.5 Experimental Evaluation

In this section we compare the algorithms presented in Section 4.4 and
evaluate them using the three criteria discussed in Section 4.2.2. More
specifically, we simulate different types of cloud environments by varying
several parameters such as: the number of tenant classes, the replication
factor, the machine capacity and the replication constraints and observe
how each algorithm handles these changes with respect to our evaluation
criteria.

Table 4.1 contains a brief description of our setup. We considered two
kinds of tenant classes, and following previous approaches [46, 68], use
TPC-C as the workload for each class. The tenants that belong to the first
tenant class have a performance requirement of 10tps, and the tenants
that belong to the second class have a performance requirement of 100tps.
For the variables in the multi-linear characterization function, we use the
suffix 1 to denote that the variable refers to the 10tps tenant class and the
suffix 2 to refer to variables of the 100tps tenant class.

As shown in Table 4.1, we experimented we three types of machines,
namely high capacity machine (HC), medium capacity machine (MC) and low
capacity machine (LC). At each level, the capacity of the machine differs by a
factor of 10 from the capacity of the machine at the lower level. For example,
the high capacity machine (HC) can hold up to 6000 primary replicas and up
to 8000 secondary replicas of the 10tps tenant class, whereas the medium
capacity machine (MC) can hold up to 600 primary replicas and up to 800
secondary replicas of the same tenant class. As shown in Table 4.1, when
experimenting with tenants of two tenant classes, we assume that a tenant
that belongs to the 100tps tenant class consumes 10X more resources than
a tenant of the 10tps tenant class. As a result, a medium capacity machine
can hold up to 600 primary replicas of a 10tps tenant, but only up to 60
primary replicas of a 100tps tenant.

To evaluate the algorithms based on criteria C2, C3 we use the following
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approach:

1. We summarize the distribution of the primary replicas for each
tenant class across all the machines, using a box plot (Criterion C2).

2. We summarize the distribution of the secondary replicas for each
tenant class across all the machines, using a box plot (Criterion C2).

3. For each machine that hosts some primary replicas of a tenant class,
we find the distribution of the corresponding secondary replicas
across the machines that can host them based on the replic ation
constraints. We take the union of these distributions and summarize
the resulting distribution it using a box plot (Criterion C3).

The bottom and the top of the box in a box plot, represents the 25th and
the 75th percentile, respectively. The ends of the whiskers represent the
lowest datum still within 1.5 IQR (interquartile range) of the first quartile,
and the highest datum still within 1.5 IQR of the third quartile. Any data
not included between the whiskers is plotted as an outlier with a circle.

In all the experiments where two tenant classes are considered, the
order in which tenants arrive is random, and in proportion to the tenant
class ratios.

In the first part of the experiments we assume that the actual workload
(Wa) is the same as the expected workload (We) and evaluate all our
algorithms using criteria C1, C2 and C3. In the last part, we evaluate how
the proposed algorithm performs whenWa 6=We using all the evaluation
criteria (including criterion C4).

4.5.1 Varying the number of tenant classes

In this experiment, we compare the algorithms presented in Section 4.4
using the MC machine type. Experiments with the other two machine
types (HC, LC) had similar results. We assume that the replication factor
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# Tenant Machine Machine Characterizing
Classes Type Function

1

LC 4 ∗ p1 + 3 ∗ s1 − 240 = 0
MC 4 ∗ p1 + 3 ∗ s1 − 2400 = 0
HC 4 ∗ p1 + 3 ∗ s1 − 24000 = 0

2
LC 40 ∗ p2 + 30 ∗ s2

+4 ∗ p1 + 3 ∗ s1 − 240 = 0
MC 40 ∗ p2 + 30 ∗ s2

+4 ∗ p1 + 3 ∗ s1 − 2400 = 0
HC 40 ∗ p2 + 30 ∗ s2

+4 ∗ p1 + 3 ∗ s1 − 24000 = 0

Table 4.1: Experimental Setup.

n is 3 and that according to the replication constraints, the replicas of the
same tenant must be placed on different machines. For the Rk and the
RkC family of algorithms, we consider the cases where k = 1 and k = 2.
In the following experiments, we will present results with higher values
of the parameter k.

In the first part of the experiment, we compare all the algorithms in an
environment where all the tenants belong to the 10tps tenant class. The
second part of the experiment includes tenants from both the 10tps and
the 100tps tenant class. In both experiments, we use N = 100000 tenants.
When two tenant classes are considered, 90% of the incoming tenants
belong to the 10tps tenant class and the remaining 10% of the tenants
belong to the 100tps tenant class, that is r1 = 90% and r2 = 10%. We also
performed experiments with different tenant ratios and the results are
similar to the ones presented here.

Table 4.2 presents the number of machines that are used by each al-
gorithm to place all the replicas in a way that meets the replication con-
straints and the performance requirements of the tenants. The last row,
M∗, denotes the lower bound on the number of machines used, given by
Equation 4.6. Table 4.2, shows that the R1 algorithm needs more machines
than the remaining algorithms. As presented in [31, 72], having two ran-
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Algorithm 1 Tenant Class 2 Tenant Classes
FF 418 793
SRR− S 417 834
SRR 417 834
R1 478 1200
R2 420 834
R1C 417 794
R2C 417 795
M* 417 792

Table 4.2: Number of Machines Used.
dom choices (R2) can lead to a large reduction in the maximum load of
a machine over having only one random choice (i.e., R1). This increased
maximum load results in some machines not being able to meet the per-
formance SLOs. By adding more machines, we can reach the point where
the maximum load produced by random placement is a point on or below
the multi-linear characterization function. Note, that this is not the case
for the R1C algorithm, which uses fewer machines than R1. The reason for
this behavior is that the R1C algorithm never places a replica on a machine
that is overloaded. Instead, the additional check that it performs forces
every replica to be placed on machine which has the capacity to host it
without creating any performance bottlenecks.

In the experiment presented below, to allow us to compare the algo-
rithms with each other, we used the maximum number of machines used
by any algorithm, that is 478 machines for the experiments with one tenant
class, and 1200 machines for the experiments with two tenant classes.

Figure 4.2 presents the replica distributions of the 10tps tenant class
when 478 machines are used. The first part of the figure, i.e., Figure 4.2(a),
presents the distribution of the primary replicas across the 478 machines.
While, Figure 4.2(b) presents the distribution of the secondary replicas
across the 478 machines. Since there are 100000 tenants, in a fully balanced
state we would expect to have 209 or 210 primary replicas per machine,
and 418 or 419 secondary replicas per machine. Both the SRR and the
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Figure 4.2: Comparison of all the algorithms on the 10tps tenant class on 478
machines.

SRR-S algorithms produce these distributions. The distributions produced
by the R2 and the R2C algorithms are similar, and so are the distributions
produced by the R1 and the R1C algorithms.

Figure 4.2(c), is related to Criterion C3. If the load is fully balanced,
then each machine would contain 209 or 210 primary replicas, which
would have 418 or 420 corresponding secondary replicas. Since, the num-
ber of machines is 478, these secondary replicas would be placed across
477 machines. As a result, if the load is fully balanced during failures,
each machine would host 0 or 1 secondary replicas whose corresponding
primary replica is placed on the same machine. The SRR-S algorithm has
the best behavior for this criteria (its median is 1). All the other algorithms,
except for FF, come close to SRR-S on this criteria. In the first few itera-
tions of FF, a tenant’s primary replica is placed on the first machine, its
first secondary replica is then placed on the second machine and the next
secondary replica is placed on the third machine, following the replication
constraints. This pattern continues till the first machine is fully filled with
primary replicas. All the corresponding secondary replicas are placed on
the two neighboring machines, even if there are more machines available.
A similar pattern also occurs in the later stages of the algorithm. This is
because the FF algorithm is an algorithm that aims to use as few machines
as possible, and it does not consider load balancing at all. However, our
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results suggest that there exist other simple algorithms that can use as
many machines as FF uses (see Table 4.2) and at the same time are able to
balance the load across all machines. For this reason, we omit FF from the
following experiments.
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Figure 4.3: Comparison of all the algorithms on the 100tps tenant class on
1200 machines.

Figure 4.3 presents the load distributions for the 100tps tenant class
when 1200 machines are used. The results for the 10tps tenant class are
similar and are omitted. As shown in the figure, the R2C and the R2 al-
gorithms produce more balanced distributions compared to the R1C and
R1 algorithms and at the same time use fewer machines (see Table 4.2).
Our experiments showed that these results hold with different machine
capacities, different replication factors, and different tenant ratios. For this
reason, for the rest of this section, we will not consider the R1 and the R1C
algorithms. Another interesting point, is that the R2 algorithm typically
uses more machines than the R2C algorithm. Experiments with one tenant
class have shown that the R2 algorithm uses up to 7% more machines than
the R2C algorithm. When two tenant classes are involved, we encountered
a case where the R2 algorithm used 80% more machines than the R2C
algorithm (when the replication factor n = 3, and LC machines are used).
In general, the RkC family of algorithms, typically needs fewer machines
than the Rk family of algorithms, due to the additional check that it per-
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forms. For this reason, we omit Rk in the following experiments. In this
experiment, SRR-S is the algorithm that produces almost uniform replica
distributions (Criteria C2 and C3). Compared to RkC which considers only
1 or 2 machines when placing the replicas, the SRR-S algorithm takes into
account the load on all the machines when it applies its first and second
heuristic. In the following experiment, we show how the RkC algorithm
improves as the value of k increases beyond 2.

4.5.2 Varying the machine capacity

In this section, we present experiments on machines with different capaci-
ties. More specifically, we use two tenant classes (10tps, 100tps) with 90%
and 10% as the corresponding tenant ratios, a replication factor n = 3, and
three types of machines, namely HC,MC and LC. The algorithms we con-
sider in this experiment are SRR, SRR-S and RkC where k = 2, 4, 8, 16, 32.
We run each experiment using the maximum number of machines needed
by any algorithm, which ends up being 80HCmachines, 834MCmachines
and 10000 LCmachines.

Regarding the number of machines that are used by each algorithm,
when HCmachines are considered all the algorithms need 80 machines
to place the replicas (M∗ = 80). When the MC machines are used, the
SRR and the SRR-S algorithms need 834 machines, whereas the remaining
algorithms only need 795 machines (M∗ = 792). Finally, the SRR and the
SRR-S algorithms use 10000 LC machines, whereas the RkC algorithms
use about 8200 machines (M∗ = 7918). This difference between RkC, SRR
and SRR-S is due to the round-off errors discussed in Section 4.4. More
specifically, when the LCmachines are used, the value of z is 1.2631. As
a result δ = 26.31%. This means that the number of machines used by
SRR and SRR-S is about 26.31% more thanM∗, which is actually the case
that we observe empirically. However, note that the RkC algorithm which
is less rigid can actually use 18% fewer machines than the SRR and the
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SRR-S algorithms.
Figure 4.4 presents the distributions produced by each algorithm for

the tenants of the 100tps tenant class on theHCmachine. The distribution
of the 10tps class tenants on HC machines as well as the distributions for
the 10tps and 100tps tenant classes onMCmachines are similar and are
ommitted here. The results for LCmachines, are similar to those on the
MCmachines, and are omitted here.
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Figure 4.4: Comparison of replica placement algorithms on the 100tps tenant
class on 80 HCmachines.

As shown in Figure 4.4 (a) and (b), the primary replica and the sec-
ondary replica distributions are very similar across all the algorithms,
especially for values of k greater than 2 (Criterion C2). Figure 4.4 (c) shows
that the heuristic that SRR-S uses has a clear advantage over the SRR
algorithm with respect to criterion C3. The RkC algorithms produce a
distribution similar to the one produced by SRR-S for values of k greater
than 8. This is expected, since as the value of k increases, the probability
that more machines will be compared when the second heuristic is applied
is higher. For example, when k = 2, R2C will pick 2 machines that are
valid candidates and it will compare the number of secondary replicas
that they host. R2C will evaluate the second heuristic, which is related
to criterion C3, only if these two machines have the same load. If they
have different loads, then the heuristic will not be applied. As k increases,
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the chance that some machines will have the same load is higher and as
a result the second heuristic will be used. This is the reason why larger
values of k produce distributions close to the one produced by SRR-S.
Note, however, that not all the machines need to be examined in order to
get good results. In the following experiments, we will not examine SRR,
but will use SRR-S as a reference.

4.5.3 Varying the replication factor

In this experiment we vary the replication factor and keep the number
of tenants, tenant classes, tenant ratios and machine type constant. More
specifically, we use the HC machine (other machine types have similar
results), 100000 tenants and the two tenant classes used before (10tps,
100tps) with a 90% − 10% tenant ratio. Since we have already examined
the HCmachine case when n = 3, we experimented with two additional
replication factor values, namely n = 5, 7.

As shown in the previous experiment, all the algorithms have very
good results with respect to criterion C2. This is also the case in this
experiment, at all the replication factors examined.
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Figure 4.5: Comparison of replica placement algorithms when the replication
factor is 5.
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Figure 4.6: Comparison of replica placement algorithms when the replication
factor is 7.

Regarding the number of machines used, all the algorithms needed
129 machines when n = 5 (M∗ = 127) and 176 machines when n = 7
(M∗ = 175). Figure 4.5 presents the distribution of secondary replicas per
machine (Criterion C3) for the 10tps and 100tps tenant class when the
replication factor is 5. Figure 4.6 presents the distributions of secondary
replicas per machine (Criterion C3) for the 10tps and 100tps tenant classes
when the replication factor is 7 and HCmachines are used. As shown in
the figure, RkC still produces good results with respect to criterion C3,
for values of k greater than 8. Another interesting point is that, SRR and
SRR-S cannot be used when the replication factor is 5 and LC machines
are used. The reason is that the value of z in this case is 0.78, which is less
than 1. On the other hand, the RkC algorithms were able to place all the
replicas using 1.4% more machines than the lower boundM∗.

4.5.4 Introducing rack constraints

In all the previous experiments, we assumed that the replication con-
straints require that all the replicas of the same tenant must be placed on
different machines. In this experiment, we introduce rack constraints and
study how the SRR-S and the RkC algorithms perform when this kind of
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constraints are involved. Our environment consists of two tenant classes
and 100000 tenants. The replication factor n is equal to 3 and each rack
consists of 40MCmachines (experiments with different types of machines
produced similar results). We used 21 racks for our experiment, that is
840 machines. Our experiment shows that the results seen in the previous
experiments still hold when rack constraints are involved.

We also performed experiments with more coarse-grained constraints
(e.g. switch constraints). As an example, we assumed that the replication
constraints require that each tenant’s replicas must be placed in different
failure zones, where each failure zone consists of 7 racks connected to one
switch. Using again 21 racks (3 failure zones), we were able to produce
similar results.

An interesting point is that the SRR-S algorithm is not always able to
use the same number of machines that RkC uses when rack constraints are
involved. For example, in one of our experiments, we used 200 machines,
divided into 5 racks and a replication factor equal to 3. In this case, the
number of racks is not a multiple of the replication factor. SRR−S actually
needed 6 racks to place all the replicas, whereas RkC used 5 racks only.
As part of future work, we plan on deeper investigating the relationship
between replica placement algorithms, arbitrary replication constraints
and number of available failure zones.

4.5.5 Handling Workload Changes

The goal of this experiment is to quantify the advantage that the RkC
algorithm(s) has over the static SRR-S algorithm when the actual workload
(We) changes from the expected workload (Wa) using criterion C4. (Recall,
that as mentioned in Section 4.4, the SRR-S algorithm is a reference point,
and it is expected to do worse than the RkC algorithm when the workload
changes, so the goal here is to quantify the difference).

We performed experiments where Na = Ne, but the actual tenant
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ratios differ from the expected tenant ratios, including extreme cases
where the expected workload contains tenants of one class but all the
arriving tenants belong to a different class. Our results show that RkC
can gracefully adapt to these changes. We omit these experiments and we
present an experiment on a more complicated setting where the actual
tenant ratios are initially the same as the expected tenant ratios but after a
while they change.

More specifically, we investigate how the replica placement algorithms
perform when the tenant ratios of new incoming tenants change from the
initial provisioning phase. We assume that the DaaS provider expects to
support approximately Ne = 100000 tenants that belong to two classes
with 10tps and 100tps SLOs, with 90% and 10% corresponding expected
tenant ratios, and that the replication factor is 3, i.e., n = 3. Based on
these expectations the service provider provisions a certain number of
machines. We used both HC andMCmachines for this experiment. Both
the SRR-S and the RkC algorithms need 80 HCmachines. When theMC
machines are used, the SRR-S algorithm needs 834 machines and the RkC
algorithm needs 795 machines to place 100000 tenants. Thus, as in the
previous experiments, we used 80 HC machines and 834MC machines to
cover both algorithms. We assume that the DaaS provider adds 20% of
extra machines (f = 1.2) to account for machine failures and additional
tenants, thus using 96 HCmachines or 1001MCmachines.

In our setup, 100000 tenants arrive with a 90% − 10% corresponding
tenant ratios (for the 10tps and 100tps SLOs respectively), and then the
tenant ratio changes to 10% − 90%. Our goal is to examine how many
tenants each algorithm is able to serve (Criterion C4), given this unexpected
change in the tenant ratios. If two different clusters of HCmachines were
used (for a total of 96 machines), each one handling tenants with different
tenant ratios, then, both the SRR-S and the RkC algorithms would use a
cluster of 80 HCmachines to place the 100000 tenants with a 90% − 10%
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tenant ratio. In the second cluster that consists of 16 HC machines, the
SRR-S algorithm can place 4160 tenants with a 10%−90% tenant ratio, and
the RkC algorithm can place 4200 tenants with a 10% − 90% ratio. When
using one cluster of 96 machines, the SRR-S algorithm can actually place
2270 tenants of the 10% − 90% ratio, which is about 55% of the maximum.
On the other hand RkC is able to place all the tenants (4200 tenants).

We repeated the experiment, using 1001MCmachines. In the case of
two separate clusters, the SRR-S algorithm needs 834 machines to place
100000 tenants with the 90% − 10% tenant ratio. In the second cluster that
consists of 167 machines, the SRR-S algorithm can place 3340 tenants with
the 10%−90% tenant ratio. The RkC algorithm would need a cluster of 795
machines to place 100000 tenants. The second cluster that consists of 206
machines, can accommodate about 5400 tenants with the 10%−90% tenant
ratio. When using one cluster of 1001 machines, the SRR-S algorithm is
able to serve 2200 tenants out of the 3340 (about 65%) whereas RkC placed
5150 out of 5400 tenants (about 95%). The main reason for this behavior is
that SRR-S’s static policy works perfectly if all the expectations are met
(number of tenants, tenant ratios). On the other hand, the additional check
that RkC performs, makes it more flexible and amenable to workload
changes.

Figure 4.7 presents the distribution produced by all the algorithms
for the 100tps tenant class, when the HCmachines are used and the total
number of tenants is 102270. This is the maximum number of tenants
SRR-S can handle. The results for the 10tps tenant class and the results on
theMCmachines are similar. As shown in the figure, all the algorithms
balance the load of both the primary and the secondary replicas. Regarding
load balancing during failures, as in the previous experiments, RkC has
similar results to SRR-S for values of k greater than 8.
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Figure 4.7: Comparison of replica placement algorithms on the 100tps tenant
class with varying tenant ratios.

4.5.6 Discussion

The experiments presented in this section show that RkC is a replica place-
ment algorithm with many appealing aspects. More specifically, RkC has
the following properties:

• It has low cost since the number of machines it uses is very close to
the lower boundM∗ (Criterion C1).

• It is able to spread evenly the primary and the secondary replicas
across all the machines (Criterion C2).

• It is able to place the secondary replicas in such a way that the load
could be balanced in case of machine failures (Criterion C3).

• It can accommodate rack constraints.

• It is flexible enough to accommodate changes in the tenant ratios due
to its dynamic behavior that results from making use of the machine
characterizing function during the replica placement process.

• The above properties hold for a variety of replication factors, tenant
ratios and machine capacities.
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The value of k chosen depends on how the system is designed to
perform the replica placement operation. If all the metadata about the load
(number of replicas) on each machine are stored on one central machine
that is responsible for assigning replicas to machines, then the value of
k can be as high as the cluster size. In this case, the complexity of the
RkC algorithm is O(n ∗M). Practically, this means that for very large
clusters (thousands of nodes), one may want to use smaller values of k.
However, we generally do not expect this to be a problem when the replica
placement process is done by only one machine. On the other hand, if the
system is designed in such a way that in order to get information about the
current load of a machine, the machine has to be contacted, a large value
of k could significantly slow down the placement process. In this case,
according to our experiments making k equal to 16 or 32, will produce
very good results with respect to our evaluation criteria. The algorithm
could be modified so that the system polls a larger (than k) number of
machines at run-time, and only waits for the first k valid responses.

4.6 Related Work

As shown in [59], provisioning and maintaining a cloud infrastructure is
a costly investment. For this reason, DaaS environments aim to maximize
server utilization by consolidating multiple tenants on each machine [39,
81]. The first step in providing performance SLOs in these environments is
to model the performance of the system under a real workload [25] using
benchmarking [68, 43, 86], empirical models [45] or machine learning [55,
83] in order to predict performance [53, 34].

A typical approach used in cloud environments to balance the load
is to either swap the roles of primary and secondary replicas [73] or to
migrate replicas to different machines [54, 47]. These techniques deal with
the problem of balancing the load in case of workload spikes. Our work,
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focuses on the initial replica placement problem and is complimentary to
these studies.

The work in [84] studies the problem of replica placement in multi-
tenant main-memory clusters and proposes algorithms for the static and
incremental replica placement problem. Our work, does not address the
incremental placement problem which accounts for variations in the load
of existing tenants. We focus on the online replica placement problem in
which the actual workloads are not known in advance. The work in [84]
studies the offline version of the problem since the heuristic algorithms
that proposes for the static placement problem, sort the set of incoming
tenants based on their load before placing them on the machines. In the
environment studied, the load of each tenant can be equally shared across
multiple replicas. Thus, in case of single-node failures the additional load
on the remaining replicas can be quantified in advance. In our setting,
the role of each replica is different and the load of a tenant cannot be
shared equally across all the replicas. As a result, we assume that the
failure-handling algorithms that will assign new roles to the remaining
replicas following a node failure, will be able to explore our load balancing
techniques in order to produce uniform load distributions. Finally the
heuristics proposed in [84] for the static placement problem, sort all the
machines based on their current load before making an assignment. Our
proposed algorithm does not require global knowledge of the load.

The work in [68] proposes a framework for using performance char-
acterizing functions to determine cost-effective hardware provisioning
policies, but that work does consider multiple database replicas, replica-
tion constraints or load balancing. Similarly, the work in [45] provides
non-linear programs for tenant placement, but the techniques proposed
assume knowledge of the entire workload (offline techniques).

Finally, our problem is related to the bin packing problem [65, 57, 40].
Our proposed techniques are related to the worst fit heuristic used for bin



116

packing when optimizing for load balancing during the replica placement
process (criterion C2). In our work, we also optimize for load balancing in
case of single-node failures (criterion C3), which the bin packing heuristics
cannot address directly.

4.7 Summary

To the best of our knowledge, this thesis presents the first study that ex-
amines the interactions between online database placement, replication
constraints, and load balancing in multi-tenant environments, where the
tenants have different performance SLOs. We present a framework to de-
sign and evaluate replica placement algorithms using four criteria. These
criteria consider the cost associated with each replica placement algorithm,
calculated as the number of machines needed to place all the replicas, the
way each algorithm balances the load during normal operation and in
case of a node failure and the adaptivity of the placement algorithm when
the workload characteristics change. Our framework requires as input a
characterizing function that determines which replica placement assign-
ments do not violate the performance SLOs. Based on this framework,
we designed a number of algorithms and found that the RkC family of
algorithms are particularly appealing as they can balance the load evenly
across machines, are simple to implement, are adaptive, and at the same
time require almost as few machines as theoretically possible.
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Chapter 5

Towards Benchmark-as-a-Service

5.1 Introduction

One of the greatest hurdles associated with deploying traditional on-
site relational database management systems (RDBMSs) is the overall
complexity of choosing, configuring, and maintaining the RDBMS as well
as the server it operates on. In choosing and configuring a particular
RDBMS and server to deploy, the users must have a firm understanding
of the characteristics of their particular workload. Some of the important
characteristics include the size of the database, the nature of the queries
(transactional or ad-hoc/analytic), and the desired metric of performance
(latency or throughput). Along with the upfront decisions of a particular
RDBMS and corresponding server, the user must consider the long-term
licensing, maintenance, and administration costs of running the system.
This complexity that is associated with managing onsite DBMSs is a key
reason why cloud-based Database-as-a-Service (DaaS) is starting to gain
in popularity as an alternative to on-site RDBMS systems, especially for
small and mid-sized database users.

The widely perceived advantage of the DaaS paradigm is that the user
has now transferred the complex and nuanced decisions, and the heavy
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costs of operating an on-site RDBMS to the DaaS provider. Specifically,
by turning to a DaaS, the user stores the data in the DaaS, and uses the
DaaS APIs to query their data, for a monthly subscriber fee. This monthly
fee incorporates all the responsibilities (such as data availability) that the
provider has taken on. This fee also includes an “on-demand” payment
model for computing resources that are consumed (this later component
includes the costs that are associated with the CPU cycles and the storage
that is consumed). However, the DaaS providers recognize that the needs
of the database users varies significantly, and that one fixed pricing model
will alienate one or more segments of the customer market. Consequently,
in order to appeal to the entire spectrum of potential users, the DaaS
providers have begun to diversify their offerings with multiple pricing
options, each promising different levels of computing power, storage capa-
bility, and measures of performance. However, from the users’ perspective,
there is now a bewildering set of choices. As with the process of choosing
an on-site RDBMS, they must now fully understand the characteristics,
such the raw DBMS performance and query workload characteristics,
when choosing an appropriate DaaS product. In fact, with the addition
of the pay-as-you-go model for the computing resources, they now have
an additional factor to consider – namely, the impact of the computing
resources usage on their bottom line.

Initially, it may seem that the DaaS products alleviate many of the pains
that are associated with running an on-site RDBMS. However, as we show
in this study, the truth is that the users are actually in a tough position
– they must now make an upfront decision of choosing a DaaS offering,
while the long-term performance and cost consequences of their decisions
are harder to figure out.

A crucial point that we make in this work is that currently the DaaS
users do not have an effective method to compare the suitability of one
DaaS option over another, and fully understand the actual “cost" of their
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service. In a traditional RDBMS setting, the database users know that they
can always turn to well-established benchmarks (such as the TPC bench-
marks), to estimate whether one solution is more suitable than another.
However, while such benchmarks identify price and performance as key
metrics, these metrics have not been defined for the complex variable pric-
ing models of DaaS products. For instance, they do not consider storage
costs of the database or the utilization hours as factors of the price/per-
formance. Moreover, TPC benchmarks usually take into consideration
the total cost of ownership as a primary metric. This is incompatible
with the “pay-as-you-go” model of cloud computing since the cloud cus-
tomers are not directly exposed to the hardware, software maintenance,
and administration costs of the deployment.

To highlight the practical need for an easy to use and accurate pric-
ing model, consider the popular Amazon Relational Database Service
(RDS) [28]. While Amazon initially provided users with a database service
backed by MySQL [74], recently they have unveiled an option to swap the
back-end to an Oracle RDBMS instance [76]. Of course, these two options
are not price equivalent, and currently the “Quadruple Extra Large DB”
instance cost of the MySQL option is $2.60 per compute-hour, while the
Oracle option is 31% more expensive at $3.40 per compute-hour. This price
difference is largely due to the licensing cost ($0.80 per compute-hour) of
the commercial Oracle system over the open-source MySQL system. While
a cursory glance at these numbers would suggest that the cost-conscious
user should buy the MySQL option, this choice ignores the fact that the
often superior performance of a commercial DBMS may actually result
in less computation time than the “free” MySQL option, and thus may
actually be the cheaper option in some cases!

To better illustrate this point, consider running the following Wisconsin
benchmark [50] query (Query 21):
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INSERT INTO TMP
SELECT MIN (unique3) FROM TABLE1
GROUP BY onePercent

When we run this query on MySQL and a commercial DBMS (SQL Server)
on the same physical machine (configuration details are described in
Section 5.3), SQL Server runs this query in 185 seconds while MySQL
takes 621 seconds to execute this query. How is the user’s cost affected by
this 3.3X performance gap when the user decides to run this workload on
a DaaS?

Assuming a simple pricing model where the user pays a fixed cost of
$1.30 per compute-hour for the specific DB Instance Class used, and a
monthly storage fee of $25 for a database of 250GB, Figure 5.1 shows the
cumulative monthly cost for the full deployment when these two RDBMSs
are used, and when the workload consists of repetitions of the above
query. For the SQL Server-based service, the user has to pay an extra
hourly license fee/cost. Figure 5.1 examines four possible pricing models
for the hourly license costs (lc) ranging from $0.65 to $3.90.

Figure 5.1: Cumulative monthly user cost as a function of workload
repetitions, DBMS type, and pricing model.

Interestingly, Figure 5.1 shows that although the user does not need to
pay any license fee for MySQL, using this DBMS results in a higher total
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cost when the license fee for SQL Server is less than $3.90, and the user
frequently issues such query requests. If the user load is high (e.g., around
4000 queries/month), then choosing the commercial-based RDBMS can
save the user up to 54%. The reason for this behavior is that the higher
efficiency of SQL Server results in decreased resource usage, and overall
reduces the end-to-end cost for the user.

5.1.1 Towards BaaS

As the example above illustrates, the actual cost that a DaaS user will
incur is hard to guess upfront. A simple approach to solve this pain point
is to take the existing pricing model a step further. So in this scenario,
the user provides the database and workload characteristics to the DaaS
provider and in return the DaaS provider gives a price quote for running
that workload. Along with the price quote the DaaS provider can attach
a Service Level Agreement (SLA) that make guarantees on aspects such
as performance variability and availability, and also lays out the penalty
associated with SLA violations. (Alternatively, some parameters in the
SLA could be provided upfront by the user, or the DaaS provider may
come back with multiple price quotes at different SLA levels.)

Thus, what we need is for the DaaS providers to run another service
– namely, “Benchmark as a Service” (BaaS) that makes it transparent to the
user what it would cost to run their workload. Such a BaaS service could
be free, and then would be crudely analogous to the utility model that is
present in other parts of our lives – for example, internet service providers
give an accurate price and specify the upper limit of the bandwidth. We
acknowledge that a DaaS provider may have a more complicated problem
at hand since the SLAs in a DaaS setting could be complex (hence, this
is a promising direction for future work). But, from the perspective of
the end-consumer of DaaS, a transparent pricing model could be very
appealing, and perhaps a competitive advantage for the DaaS providers
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that choose to simplify their DaaS offering by coupling it with a BaaS ser-
vice. As a side note, we would like to point out that the term “Benchmark”
in BaaS represents the user process of benchmarking a given workload
under all possible hardware/software configurations, with the goal of
figuring out the most cost-effective combination. BaaS removes the hassle
of benchmarking from the user and at the same time prices the user’s
workload.

The BaaS approach also has a number of potential advantages for the
DaaS provider as it provides a strong motivation to find the most optimal
way of running the backend DBMS engine (rather than punting this deci-
sion to the end user), thereby reducing their operational cost (and perhaps
improving their bottom line). Furthermore, the BaaS approach may pro-
vide more flexibility in managing the DaaS infrastructure – for example, a
DaaS provider may not need to offer a range of DBMSs or data processing
backends, and could simplify their infrastructure management by using
only a single data processing engine. Finally, with a BaaS approach, the
overall DaaS system potentially operates at a much higher operating effi-
ciency (generally the queries across the system are likely to run far more
efficient ly then when the end user has to make nuanced decisions about
configuring their DBMS and making bad choices), which in most cases is
also likely to produce a more energy-efficient way of operating the DaaS,
since in many cases the goal of energy efficiency lines ups with the goal of
optimizing for traditional performance goals.

The remainder of this chapter is organized as follows: Section 5.2
presents our cost model. Experimental results are presented in Section 5.3,
while Section 5.4 discusses related work. Section 5.5 contains our conclud-
ing remarks and points to some directions for future work.
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5.2 Cost Model

This section presents a simple cost model for using relational DBMSs in
the cloud. The model considers the cost that is incurred by the end user
in using a DaaS offering. We then use this model in our experiments (see
Section 5.3) to explore the costs associated with using a DaaS product.

We patterned a simple pricing model crudely using Amazon’s DaaS
product as a reference. According to the Amazon’s DaaS pricing model [28],
the users pay only for the resources that they consume. Several parameters
determine this cost. The first one, is an hourly fee that corresponds to the
specific DB Instance Class chosen by the customer. The DB Instance is a
database environment in the cloud with the compute and storage resources
that the customer specifies. For example, currently in Amazon’s RDS, 6 DB
Instance Classes are provided. The “Small” DB Instance Class has 1.7GB
of main memory and one 1.0-1.2 GHz CPU core (1 ECU), whereas the
“Extra Large DB Instance” has 15GB of main memory and four 2.0-2.4 GHz
CPU cores (8 ECUs). Generally, the hourly rates vary with the DB Instance
Classes, since each class has different hardware characteristics. An extra
hourly license cost/fee, is added for DB Instances backed by a commercial
DBMS, which also varies according to the DB Instance Class chosen. The
last parameter is a monthly storage fee per GB of the provisioned storage
needed by the workload.

Consider a fixed database instance type chosen by the user with cor-
responding hourly cost dbc, an hourly license fee for the DBMS equal to
lc, a monthly fee for the provisioned storage per GB equal to stc, and
H hours of utilization per month of the DB instance. Given that the DB
instance has associated capacity of DS GB, the monthly user cost (MUC)
can be determined as:

MUC = H ∗ (dbc+ lc) +DS ∗ stc (5.1)
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To keep our model simple, we do not consider the monthly network
related costs.We also do not consider the costs for the extra backup storage
that may be needed. These rates affect the total cost in a way similar
to the storage fee stc and can easily be added to the above equation.
Moreover, our model assumes that only one database instance is used
by the customer. Creating and validating a more complex model that
considers a combination of different database instance classes and multiple
database instances per class is part of future work.

5.3 Experimental Evaluation

In this section, we discuss our experimental results which include perfor-
mance measurements of a database server running different workloads
and using different storage organizations, using MySQL and SQL Server.
Based on these performance results and the pricing model presented in
Section 5.2, we compare the total cost that the user has to pay when using
these two DBMSs in a DaaS.

The work by Schad et al. [82] presents experimental results showing
that performance unpredictability is a major issue when running work-
loads in the cloud. The variance observed can be attributed to several
factors, including different types of virtual systems provided by the ser-
vice, different availability zones (distinct locations that are insulated from
failures in other availability zones), and time of the day/week when the
workload was run. Similar observations are discussed in the work of
Armbrust et al. [30]. All these parameters make it difficult to estimate
the impact on the cost and the performance of different database systems
serving applications in a cloud-based environment. In this study, in an
effort to eliminate these variances, we decided to measure the performance
of the different DBMSs on a stand-alone local server machine. We show
that even in this isolated environment, where variance due to the factors
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mentioned above is eliminated, the impact of the workload type and the
efficiency of the DBMS on the monthly user’s bill is not straightforward to
estimate.

5.3.1 Server Configuration

Our test platform is a HP Proliant server with a dual quad-core hyper-
threaded Intel Xeon L5630 processors (@ 2.13GHz), 32 GB of memory, and
12 HP 146GB 10K RPM SAS drives.

The server is dual booted with 64-bit Ubuntu Server 9.10 and 64-bit
Windows Server 2008 R2 Enterprise Edition. The Linux version is used to
run MySQL (MySQL Community Server 5.5.9) and the Windows version
to run SQL Server 2008 R2 (Data Center Edition). Each disk is partitioned
roughly evenly between the two operating systems. The first hard disk
is used for the installation of the operating systems and all the database
binaries.

5.3.2 DBMS Configuration

In our experiments, the database buffer pool is set to 24GB for both DBMSs.
One disk is used to store the log files and the remaining 10 disks are
reserved for the data files and the temporary space that is needed during
query execution.

For SQL Server, we created a “file group” of 20 data files across the 20
data disk partitions (the 10 Windows partitions are further subdivided
into two partitions). In this way, each of the 16 (hyperthreaded) cores
can be assigned to one disk partition to allow parallel query processing.
MySQL currently does not support such intra-query parallelism. For this
reason, we created one data file striped across the 10 data disks so that
we can get a high aggregate disk bandwidth. For MySQL we used the
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InnoDB storage engine, which is the default setting and the one used in
Amazon’s RDS.

5.3.3 The Wisconsin Benchmark

For our experiments we decided to use workloads based on the Wisconsin
benchmark [50]. Our decision was driven by the fact that it is a simple
“micro” benchmark that is fairly easy to set up and does not have compli-
cated rules about how to run and measure a benchmark. Furthermore,
this benchmark contains a variety of queries including selections, joins,
projections, aggregations and updates. These simple queries are building
blocks for more complex workloads and provide good insights about the
potential impact on more complex workload characteristics.

The benchmark uses three basic relations, two that have the same
number of tuples (T) and one that contains T/10 tuples. Each relation
consists of sixteen attributes, thirteen 4-byte signed integers and three
52-byte varchars. The most widely used attributes in the benchmark are
unique1, unique2 and onePercent. The values of the unique1 attribute
are uniformly distributed unique random numbers in the range 0 to T − 1.
The values of unique2 are in sequential order from 0 to T − 1. The original
benchmark paper [50] contains more information about each attribute and
its values.

The benchmark explores two different kinds of storage organizations.
The first one is called StorageOrg-H and contains one heap file for each
relation. This storage layout doesn’t contain any primary key indices. In
the second storage organization, called StorageOrg-I, each relation has
a clustered index on the unique2 attribute, a unique non-clustered index
on the unique1 attribute and a non-unique non-clustered index on the
onePercent attribute.
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5.3.4 Experimental Setting

For our experiments, we created six different types of workloads based on
the Wisconsin benchmark. The first two workloads contain all the queries
in the benchmark, and are called mixedworkload1 and mixedworkload2.
The first workload, mixedworkload1, uses heapfiles as the storage layout
(StorageOrg-H). The second workload, mixedworkload2, uses the clus-
tered and non-clustered indices defined by the benchmark (StorageOrg-I).
We generated a DSS-like workload using a subset of the Wisconsin bench-
mark queries. From this set of queries, we created two DSS workloads,
dssworkload1 and dssworkload2, corresponding to the two storage lay-
outs (StorageOrg-H and StorageOrg-I respectively). Similarly, we gen-
erated two OLTP workloads consisting of OLTP-like queries. These two
workloads are oltpworkload1 and oltpworkload2, and correspond to the
storage layouts StorageOrg-H and StorageOrg-I respectively.

Note that some of the queries of the mixed workloads are not presented
in the OLTP or in the DSS workloads. More specifically, the 10% selection
queries (Q2, Q4, Q6) as well as the 1% selection to screen query (Q8)
are only included in the mixed workloads. We did not include the 10%
selections in the other workloads because we wanted to experiment with
high-selective queries in the OLTP workloads, and we wanted the DSS
workloads to mainly consist of join and aggregation queries. Query Q8
was omitted since most of its execution time with MySQL was spent in
printing the output to the screen, and not actually evaluating the query
result. In the original Wisconsin benchmark paper [50], some of the queries
are executed only on either Storage-H or Storage-I. In this work, we
decided to execute all the queries using both storage layouts. This decision
was driven by the fact that for some queries the DBMSs don’t pick the
execution plan described in the benchmark. For example, Query 6 is
supposed to use a non-clustered index, that’s why it is tested only in
Storage-I. However, in our experiments the actual plan picked by the
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optimizer of both DBMSs is a scan on the table. That’s the reason why
some of the queries are presented twice in some workloads (e.g., Q6 in
mixedworkload1 and mixedworkload2).

We created three data files using a Wisconsin benchmark generator.
Each file corresponds to one relation of the benchmark. The two tables of
the database contain 400M tuples, and the third one has 40M tuples. The
size of the flat files for these tables is 80GB, 80GB, and 8GB respectively.
Thus, the total raw database size is approximately 168GB. Between the
executions of queries we purge the buffer pool (i.e., all reported numbers
are “cold”). We also update the statistics for all the tables that are used in
a query before its execution starts. The time to clean the buffer pool and
update the statistics is not included in the experiment’s total execution
time. The temporary (TMP) tables that are used to store the results of each
query are dropped after the query is executed and recreated when needed.
Each query was run 3 times and the average value is reported. We did not
see a lot of variance across runs of the same query. All the time values
are reported in seconds. The data loading times were fairly similar across
both DBMSs, and are not included in computing the total cost below.

We used the model presented in Section 5.2 to estimate the total cost
incurred by the end DaaS subscriber/user. To compute the monthly user
cost (MUC), we set the DB instance fee (dbc) to $1.30 per hour. This dbc is
equal to the rate of a high-memory double extra large DB Instance offered
in Amazon RDS, which is the closest Amazon Instance configuration to
our server. To get a better sense of how the total cost is affected by the
license cost/fee (lc), we experimented with the following hourly license
rates for the commercial DBMS: {$0.65, $1.30, $2.60, $3.90}. Since MySQL
is open-source, its licensing fee is $0. The monthly storage fee stc is set
to $0.10 per GB (similar to Amazon’s RDS rate). We set the provisioned
storage DS (data, log files and temporary space) for both DBMSs to 250GB.

To evaluate how the storage fee combined with the hourly fees affects
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the monthly user cost, we varied the number of repetitions of the workload,
so that we can experiment with short and long-running workloads of the
same type. We first report the cumulative user cost when the workload
is executed only once (#repetitions=1). The next number of repetitions
reported (#repetitions=N), corresponds to a total execution time close
to a period of one month (computed based on the execution time of the
workload on the slowest DBMS). This case represents the scenario were
the end user application is driving the provisioned DBMS instance nearly
to its peak capacity (for the slowest DBMS). Finally, we also present the
comparative monthly costs when N/10 repetitions are performed. For
example in Figure 5.1, N = 4, 000, since the slowest DBMS (MySQL) can
execute Query 21, approximately 4, 000 times in a period of a month.

5.3.5 Mixed Workloads

The mixed workloads contain all the queries in the Wisconsin benchmark
that finished within 3 hours with both DBMSs. Some queries (i.e., MySQL
running joins in mixedworkload1) were stopped after 14 hours of execution.
Although the same queries were completed using SQL Server, we do not
take into account these numbers. It is clear that having such queries in
the workload will lead to poor performance and higher cost, and hence
will favor the usage of the commercial DBMS. However, we believe it’s
interesting to see what happens with respect to performance and cost
when all the queries of the workload are completed in both systems in a
reasonable amount of time. Note that all the queries that MySQL could
finish within 14 hours were also completed by SQL Server within 14 hours.

Tables 5.1 and 5.2 contain the execution times for both DBMSs using
mixedworkload1 and mixedworkload2 respectively. The last rows of the
tables contain the total execution time for each database system used.
Figures 5.2 and 5.3 show the estimated monthly cost for the customer
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Table 5.1: Mixed Workload 1
SQL

Server MySQL
Query Time Time

Query Description (secs) (secs)
Q1 1% selection 224 665

on unique2
Q2 10% selection 482 1185

on unique2
Q5 1% selection 195 739

on unique1
Q6 10% selection 332 1191

on unique1
Single tuple

Q7 selection 191 555
to screen

Q8 1% selection 236 1721
to screen

Q18 1% projection 129 1523
Q20 Min. aggregate 190 482

Min. aggregate
Q21 with group by 185 621

Sum aggregate
Q22 with group by 187 747
Q26 Insert 1 tuple 0.20 0.23
Q27 Delete 1 tuple 192 637
Q28 Update on 192 595

unique2
Q32 Update on 197 609

unique1
Total 2932 11270

when MySQL or SQL Server is used.
As shown in Table 5.1, when the database consists only of heapfiles

(mixedworkload1), MySQL is approximately 3.84X (2.3 hours) slower than
SQL Server. Notice that Table 5.1 does not show the original Wisconsin
benchmark Queries 9-17 – these are join queries that did not complete
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Table 5.2: Mixed Workload 2
SQL

Server MySQL
Query Time Time

Query Description (secs) (secs)
Q3 1% selection 22 51

on unique2
Q4 10% selection 203 551

on unique2
Q6 10% selection 883 1146

on unique1
Single tuple

Q7 selection 0.75 0.60
to screen

Q8 1% selection 62 1245
to screen

Q12 JoinAselB 412 1071
Q13 JoinABPrime 408 1004
Q14 JoinCselAselB 583 1512
Q18 1% projection 864 1495
Q23 Minimum 0.21 0.83

aggregate
Q29 Insert 1 tuple 0.99 0.57
Q30 Delete 1 tuple 0.65 0.66
Q31 Update 1.47 0.73

on unique2
Q32 Update 0.75 0.71

on unique1
Total 3441 8079
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Figure 5.2: Cumulative monthly user cost as a function of workload
repetitions, DBMS type and pricing model (mixedworkload1).

with MySQL but completed using SQL Server in a reasonable amount of
time (between 400-1000 seconds for each query).

Figure 5.2 shows how the total user cost is affected by the performance
gap that exists between the two systems, when the repetitions of the
workload as well as the hourly license fee for the commercial DBMS is
varied. As shown in this figure, when the workload is executed only once,
the difference in cost between SQL Server and MySQL is very small. In
this case, the execution time is not long enough to make a significant
impact, and thus the total cost is dominated by the monthly storage fee.
The difference in the total cost between the two systems increases with the
number of queries issued. As shown in the figure, the “free” open-source
DBMS results in higher total cost when the license fee for the commercial
DBMS is below $3.90. When the workload is executed 20 times the cost
savings with SQL Server is 17%(lc = $2.60), 37% (lc = $1.30) and 47%
(lc = $0.65). In the case of 200 repetitions (almost a month running time
with MySQL), when the license fee is $2.60, using MySQL results in a 21%
increase in the user’s monthly bill. In the case of a license fee of $0.65, the
increase is more significant(59%).

Regarding, the performance of the mixedworkload2, as shown in Ta-
ble 5.2, when the clustered and non-clustered indices are used, MySQL
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is approximately 2.34X (1.28 hours) slower than SQL Server. In this case,
the existence of the clustered index on the unique2 attribute significantly
improved the execution of some joins (Q12, Q13, Q14) as well selections
(Q3, Q4) and updates (Q29, Q31). The existence of the non-clustered in-
dex on the unique1 attribute improved the performance of the queries 30
and 32. However, it had an adverse impact on other queries (e.g Q5 in
MySQL). This behavior can be attributed to the fact that the non-clustered
index contains only two attributes: unique1 and the primary key unique2.
However, the query result contains all the 16 attributes of the relation.
Evaluating this query using the non-clustered index as an access method
possibly results in high random I/O behavior. A clustered index scan
would probably result in a more efficient query execution (as was the case
for the similar Q6 in both MySQL and SQL Server).

Figure 5.3: Cumulative monthly user cost as a function of workload
repetitions, DBMS type and pricing model (mixedworkload2).

Figure 5.3 presents the total user cost, similarly to Figure 5.2, for
mixedworkload2. As before, the free MySQL systems often results in
higher costs, though now the license fee for the commercial DBMS has
to be lower (around or below $1.30) than it was in Figure 5.2 to win over
MySQL.
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Figure 5.4: Cumulative monthly user cost as a function of workload
repetitions, DBMS type and pricing model (DSS Workload 1).

5.3.6 DSS Workloads

In this section, we evaluate the performance of the two DBMSs when the
workload contains only decision-support queries. Similar to Section 5.3.5,
based on these results and the cost model developed in Section 5.2 we
estimate the total user cost for both cases. The DSS workload includes all
the join and aggregation queries of the Wisconsin benchmark. Again, we
report execution times only for the queries that were completed in both
systems.

Table 5.3: DSS Workload 1
SQL

Server MySQL
Query Time Time

Query Description (secs) (secs)
Q20 Minimum 190 482

aggregate
Minimum

Q21 aggregate with 185 621
100 partitions

Sum
Q22 aggregate with 187 747

100 partitions
All 562 1850
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Table 5.4: DSS Workload 2
SQL

Server MySQL
Query Time Time

Query Description (secs) (secs)
Q12 JoinAselB 412 1071
Q13 JoinABprime 408 1004
Q14 JoinCselAselB 583 1512

Minimum
Q23 aggregate 0.21 0.83
All 1403 3588

Regarding dssworkload1, as it is shown in Table 5.3, when using heap-
files as a storage layout only the aggregation queries were completed in
both systems. In this case, MySQL was approximately 3.29X slower than
SQL Server.

Figure 5.4 presents the total cost for the user varying the same param-
eters as in Figures 5.2 and 5.3. As it is shown in this figure, a similar
pattern to that of mixedworkload1 is observed. The per hour cheap option
(MySQL) does not always result in the lowest total cost. In fact, when the
hourly license fee for SQL Server is less or equal to $2.60, choosing that
over the free DBMS can result in cost savings of up to 53% (lc = $0.65, 1400
repetitions). On the other hand, using MySQL can result in cost savings
of up to 17% when the license fee is equal to $3.90 and the workload is
executed 1400 times.

Table 5.4 presents performance results for dssworkload2. The existence
of the indices allows many joins to complete with MySQL, but negatively
affected some aggregation queries. The reasons for this behavior are
discussed in section 5.3.5. In this case, MySQL is 2.55X slower than SQL
Server.

The corresponding user cost is presented in Figure 5.5. Similarly to the
previous results, the open-source DBMS is a more cost-effective choice
when the license fee is greater or equal to $2.60. As before, the cost savings
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Table 5.5: OLTP Workload 1
SQL

Server MySQL
Query Time Time

Query Description (secs) (secs)
Q1 1% selection 224 665

on unique2
Q5 1% selection 195 739

on unique1
Single tuple

Q7 selection 191 555
to screen

Q26 Insert 1 tuple 0.2 0.23
Q27 Delete 1 tuple 192 637
Q28 Update 192 595

on unique2
Q32 Update 197 609

on unique1
All 1191 3800

Figure 5.5: Cumulative monthly user cost as a function of workload
repetitions, DBMS type and pricing model (DSS Workload 2).

increases as the execution time increases, since in this case the monthly
storage fee does not have a significant impact on the total cost.
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Figure 5.6: Cumulative monthly user cost as a function of workload
repetitions, DBMS type and pricing model (OLTP Workload 1).

5.3.7 OLTP Workloads

The OLTP workload consists of the queries of the Wisconsin benchmark
that contain high-selective selections, insertions, deletions and updates.
Similarly to the previous experiments, only the queries that were com-
pleted in both DBMSs are reported for each workload.

As shown in Table 5.5, when the database consists only of heapfiles,
MySQL is 3.19X slower than SQL Server. The corresponding user’s cost is
presented in Figure 5.6. Similarly to the previous experiments, MySQL is
the most cost-effective option when the hourly license fee is equal to $3.90.
In all the other cases, the cost savings when using SQL Server can be as
high as 51%.

When indices are used, MySQL is approximately 2X slower than SQL
Server. Table 5.6 and Figure 5.7 present the performance results and the
associated user cost.

5.3.8 Discussion

We have shown that the process of estimating the cost of a DaaS is not
straightfoward, even in the simple case where the database system in
not deployed in a virtualized environment and factors such as different



138

Table 5.6: OLTP Workload 2
SQL

Server MySQL
Query Time Time

Query Description (secs) (secs)
Q3 1% selection 22 51

on unique2
Single tuple

Q7 selection 0.75 0.60
to screen

Q29 Insert 1 tuple 0.99 0.57
Q30 Delete 1 tuple 0.65 0.66
Q31 Update 1.47 0.73

on unique2
Q32 Update 0.75 0.71

on unique1
All 26.61 54.27

Figure 5.7: Cumulative monthly user cost as a function of workload
repetitions, DBMS type and pricing model (OLTP Workload 2).

availability zones, locations or points of time are not taken into consid-
eration. Parameters such as database efficiency, type of workload, and
pricing model can all affect the resulting user cost. Consequently, often
the option that initially seems cheap per hour, e.g., an open-source DBMS,
can actually result in a higher monthly bill than that of a non-free, licensed
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DBMS.

5.4 Related Work

DBMS benchmarking is an age-old sport in the database community. The
Wisconsin benchmark [50] was one of the first benchmarks developed
for evaluating RDBMSs. Today, the series of the TPC benchmarks [88]
are widely used for measuring the performance and the cost or relational
database systems.

Following the advent of cloud computing, recent work has evaluated
different cloud services on different types of workloads. More specifically,
a recent paper [33] presents some initial ideas on what a general cloud
benchmark should consider, focusing on the different kinds of cloud ser-
vices and architectures and their corresponding pricing plans. One of
the (many) considerations in this paper is the end-user cost. A follow-up
work [67] presents an evaluation of different cloud services when running
enterprise web applications with OLTP workloads. Along the same lines,
Berkeley’s Cloudstone project [87] proposes a workload and metrics to
study cloud infrastructures that deploy Web 2.0 applications. Compar-
ing different cloud services has also been the focus of the recent work
by Garfinkel [58], which evaluates three popular Amazon Computing
Services (EC2, S3 and SQS). Another work [44] compares a traditional
open-source RDMS and existing cloud computing technology (HBase).
Cooper et al. [43] propose a benchmark to compare different popular
datastores like Cassandra and PNUTS.

Virtualization techniques have been widely adopted in cloud-based en-
vironments. In a recent paper [71], the performance of relational database
systems running on top of virtual machines has been studied. Bose
et al. [36] present performance results from experiments running TPC
database workloads on top of virtual machines, and make the case for
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a database benchmark on top of virtual machines. The follow-up work [85]
presents a high-level overview of TPC-V, a benchmark designed for database
workloads running in virtualized environments.

Recently, Amazon announced its AWS Trusted Advisor Service [29].
This service checks existing user deployments for underutilization or idle-
ness and suggests ways to reduce the cost by eliminating the underutilized
components. The service also makes suggestions on how to potentially
improve performance or increase the level of security and fault-tolerance.
BaaS is a higher level abstraction that goes one step further. It is used
before the user actually makes any deployment decision.

5.5 Summary

This chapter has explored how two important dimensions in cloud envi-
ronments, namely performance and cost, are influenced when different
types of DBMSs are chosen by a DaaS user. More specifically, we have
used a variety of simple workloads and storage organizations to evaluate
two different relational DBMSs (one open-source and one commercial
RDBMS). Our results show that given the range of the pricing models and
the flexibility of the “on-demand” allocation of resources in cloud-based
environments, it is hard for a user to figure out their actual monthly cost
upfront. Interestingly, DaaS settings that at first sight seem cheaper per
hour (since the backend is an open-source DBMS) and thus more-cost
effective, can result in higher total costs in the long-run, since the backend
DBMS may have poor performance characteristics on the users’ workload.
On the other hand, a DaaS setting backed by a high performance commer-
cial DBMSs, while more expensive on a per hour basis, may be cheaper
overall since its higher performance more than makes up for the hourly
price differential. We note that these results should not be construed to
mean that free open source DBMSs are always more expensive in the DaaS
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environment (or vice versa) – we have only tried two DBMSs in this work,
picking the most popular free open-source DBMS and a commercial DBMS.
Rather, our work highlights that the real cost of running a workload in the
DaaS is complicated, and may in some cases produce surprising results.

Thus, what we need is real transparency and clarity in pricing DaaS. An
approach to this problem that we propose in this chapter is “Benchmark as
a Service” (BaaS), where by the DaaS provider can take the user workload
as input (with SLA parameters) and provide an accurate price for that
workload, or perhaps different prices at different SLA levels. This BaaS
approach would move the DaaS offering closer to a true utility model (like
gas and electricity, or internet service).
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Chapter 6

Conclusions and Future Work

This thesis has studied four aspects of efficient data processing under the
broader umbrella of “big” data applications in cloud-based environments.
First, we explored and evaluated the design of various data processing
systems that can be deployed in cloud environments and its impact on the
performance experienced by the users. Secondly, we focused on NoSQL
systems tailored for analytical workloads, and proposed new storage lay-
outs with the goal of improving their performance. Next, we focused on
Database-as-a-Service environments and studied the database placement
mechanisms that can be used in these environments, the guarantees that
they can provide with respect to performance and availability and their
impact of the total operating cost. Finally, we performed a study of the
available DaaS pricing models and explored their effectiveness in making
it easier for the end-user to determine the true cost that will be incurred
when running a workload.

6.1 Contributions

In the first part of the thesis, we have evaluated two different classes of
systems, SQL and NoSQL systems, on two major types of applications,
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namely decision support analysis and interactive data-serving using rep-
resentative benchmarks. Our study has revealed, that RDBMSs can still
provide better performance, in terms of both latency and throughput,
for interactive data serving workloads. Regarding the analytical decision
support applications, our analysis has revealed that the performance of
the NoSQL system studied, still lags behind the traditional SQL system
due to deficiencies in the storage layout and the optimization components
of the NoSQL system.

In the second part of the thesis, we have focused on NoSQL systems
tailored for analytical applications, like Hadoop [3]. The focus of this
work was on a) considering how column-oriented techniques can be in-
corporated in Hadoop, b) implementing these techniques in a way that
preserves the existing (and popular) programming paradigm offered by
MapReduce, and c) evaluating the overall performance impact of these
techniques. We have introduced a column-oriented storage format that
is compatible with the replication and scheduling constraints of Hadoop,
and have shown that with this technique we can speed up Hadoop jobs
from a real workload by an order of magnitude. We have also shown
that dealing with complex column types such as maps, arrays, and nested
records (which are common in MapReduce jobs) incurs significant CPU
overhead. We have introduced a novel skip list based column format and
a lazy record construction strategy to avoid unnecessary deserialization
and decompression providing an additional speedup of 1.5x for the map
phase. In aggregate, our techniques can improve performance on Hadoop
by one to two orders of magnitude.

In the next part of this thesis, we have investigated the replica place-
ment mechanisms that can be used in Database-as-a-Service environments.
More specifically, we have studied the online replica placement algorithms
for multi-tenant DaaS environments and we have proposed an algorithm
called RkC. Our study has shown that this algorithm has a unique combi-
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nation of being simple to implement, has good load balancing properties
both in the initial replica placement and in dealing with load-related
changes following a node failure, has low initial hardware provisioning
cost, and is able to guarantee tenant performance SLOs even without
requiring global knowledge of the load across all the machines.

Finally, we explored the “pay-as-you-go” pricing models that are used
in DaaS environments, by performing an experimental evaluation on
different database systems and workloads. More specifically, we show
that the current DaaS model can produce unpleasant surprises. Our study
illustrates a scenario in which a DaaS service powered by a DBMS that has
a lower hourly rate actually costs more to the end user than a DaaS service
that is powered by another DBMS that charges a higher hourly rate. Our
study points toward the need for a reform in the way the DaaS services
are offered and priced to make it easier for the end-user to consider the
true cost. One potential solution to this problem is for DaaS providers to
offer a new service called Benchmark as a Service (BaaS) where in the user
provides the parameters of their workload and SLA requirements, and get
a price quote.

6.2 Future Directions

There are interesting directions for future work associated with each com-
ponent of this thesis.

Regarding the performance comparison of SQL and NoSQL systems
presented in Chapter2, an interesting direction for future work is to expand
this work to other SQL and NoSQL systems and revisit the performance
differences in a few years.

The work presented in Chapter 3, focuses on systems like Hadoop [3]
and Hive [5] that are tailored for analytical workloads. However, there
is an increasing trend of creating hybrid systems or integrating multiple
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existing systems into one platform, to facilitate the process of runnng both
transactional and analytical workloads on the same data without having
to migrate data from one system to the other. As an example, Hadoop [3]
and HBase [4] can be installed on the same cluster and can operate on the
same HDFS data. An interesting direction for future work is to extend our
column oriented storage techniques to support transactional and analytical
workloads at the same time. For example, supporting concurrent readers
and writers and study the isolation guarantees provided is an interesting
path for future research. Another interesting path for future work is to
integrate our storage layouts with indexing and data partitioning.

For our work on the online replica placement problem presented in
Chapter 4, to limit the scope of this study, we have made some simplifying
assumptions on aspects such as performance models and tenant workload.
Analyzing additional optimizations that can be performed in the case
of non-linear characterizing functions is an interesting avenue for future
work. Moreover, accommodating tenants that do not always run at peak
performance is also an interesting direction for future research. Another
promising direction is to explore if the techniques presented in this paper
can be used in later stages of the replica placement process, for example
when unexpected workload spikes are detected in practice. Exploring the
modifications needed to accommodate heterogeneous clusters as well as
studying the guarantees that our algorithms provide in case of leaving
tenants are also important paths for future work.

Finally regarding our proposal on creating Benchmark-as-a-Service,
we acknowledge that setting up a BaaS is challenging as there are impor-
tant aspects that need to be considered. For example, how to specify the
workload. A starting point for describing this workload could be for the
user to provide the database schema, average tuple sizes for each table,
and a query set. But, additional parameters may be required, such as
estimated database growth rates, or acceptable ranges for SLA parameters
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(e.g., query/workload response time or throughput). For simplicity from
the users’ perspective it is desirable that the workload specifications should
not be overly complicated, but from the DaaS provider’s perspective more
details are probably required. Finding a good and practical balance is one
direction for future work. Other aspects of future work include designing
methods for a DaaS provider to efficiently run a mix of workloads that
started with a BaaS, and monitoring and reacting to changes in workloads
that started with a price quote from the BaaS.
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