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Main-memory analytical databases have experienced a major surge of interest in re-
cent years, driven by increasing DRAM density and dropping prices that have made in-
memory analytics practical for many new workloads. Main-memory DBMSes have real-
ized signficant performance improvements over their disk-based counterparts, but many
existing systems still employ data processing methods (e.g. the implementation of core
relational operations like selection and joins) that were developed for a now-bygone hard-
ware era. This dissertation describes research aimed at closing the gap between the bare-
metal performance that modern hardware is capable of and the query-processing perfor-
mance that is actually achieved by analytics platforms. The approach taken is to develop
a working prototype DBMS, called Quickstep, as a platform for experiments. Quickstep
was designed from scratch to take advantage of modern hardware capabilities, particu-
larly large main memories (often in NUMA configuration), fast on-die caches, and CPUs
that expose a great deal of parallelism both in terms of multiple cores and instruction-level
parallelism. Quickstep employs a unique, flexible block-oriented storage design, and a
parallel and elastically scalable query scheduling and execution framework. The design
of the complete Quickstep engine is described in this dissertation, and various empirical
experiments are carried out to evaluate important aspects of the design. Key components
of Quickstep, the storage engine and the communication framework (called the Transac-
tional Message Bus or TMB), are covered in especially great detail. Experimental findings,
in single-node settings, regarding the in-memory performance and cache behavior of var-
ious storage organizations, as well as a detailed discussion and definition of messaging se-
mantics and their implementation in a reusable TMB library, are presented and are broadly

applicable beyond the Quickstep project.

Jignesh M. Patel
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ABSTRACT

Main-memory analytical databases have experienced a major surge of interest in recent
years, driven by increasing DRAM density and dropping prices that have made in-memory
analytics practical for many new workloads. Main-memory DBMSes have realized sign-
ficant performance improvements over their disk-based counterparts, but many existing
systems still employ data processing methods (e.g. the implementation of core relational
operations like selection and joins) that were developed for a now-bygone hardware era.
This dissertation describes research aimed at closing the gap between the bare-metal per-
formance that modern hardware is capable of and the query-processing performance that
is actually achieved by analytics platforms. The approach taken is to develop a work-
ing prototype DBMS, called Quickstep, as a platform for experiments. Quickstep was
designed from scratch to take advantage of modern hardware capabilities, particularly
large main memories (often in NUMA configuration), fast on-die caches, and CPUs that
expose a great deal of parallelism both in terms of multiple cores and instruction-level
parallelism. Quickstep employs a unique, flexible block-oriented storage design, and a
parallel and elastically scalable query scheduling and execution framework. The design
of the complete Quickstep engine is described in this dissertation, and various empirical
experiments are carried out to evaluate important aspects of the design. Key components
of Quickstep, the storage engine and the communication framework (called the Transac-
tional Message Bus or TMB), are covered in especially great detail. Experimental findings,
in single-node settings, regarding the in-memory performance and cache behavior of var-
ious storage organizations, as well as a detailed discussion and definition of messaging se-
mantics and their implementation in a reusable TMB library, are presented and are broadly

applicable beyond the Quickstep project.



1 INTRODUCTION

The present moment in the evolution of analytic database systems is one of incredible
possibilities, but also of difficult challenges. Hardware trends, particularly increasing
DRAM density and dropping prices, have led to a resurgent interest in main-memory
databases that can run complex queries on large datasets much more quickly than disk-
based systems. Despite the impressive performance that main-memory based analytics
systems have achieved relative to “legacy” database engines, the various systems in this
category still, to a greater or lesser degree, embody design decisions that are based in con-
ventional wisdom from a bygone hardware era (e.g. file-based storage layouts optimized
for disk I/O, or parallel execution models that assume “shared-nothing” even though to-
day’s multicore systems are shared-memory). This thesis demonstrates how redesigning
key analytical database components like the storage engine, the execution framework, and
the communication layer based on the actual capabilities and limitations of modern and
emerging hardware (i.e. thinking from the bare-metal up) can allow further significant
performance improvements to be realized in main-memory analytical databases.

Performance improvements resulting from hardware-aware database design will be
crucial in meeting the increasing demands that are placed on in-memory databases. These
demands are not merely an issue of growing data sets that can be solved by buying more,
denser memory and storage devices, but the complexity of workloads and the need for
low-latency query response times are also rapidly increasing. An in-memory analytical
database is often the underlying data management technology used by statistical model-
ing or machine-learning software, and such applications can issue many complex queries
in the course of their normal operations. There is also a need for fast “interactive” re-
sponse times to accomodate the needs of users, whether they are analysts and data scien-
tists exploring a data warehouse to extract insights and value, or end users of a data-driven
application.

The platform for the research described in this thesis is a new working prototype DBMS
called Quickstep. Quickstep was developed to serve as a high-quality real-world soft-
ware testbed to conduct practical experiments about efficient data processing on a modern
server. The focus is mainly on the single-node setting where data sets fit in main memory,
although the work described is for the most part also applicable to query processing on
individual nodes in a distributed database, and design choices have been made with the

intent of developing a distributed version of Quickstep in the future. Quickstep was de-



veloped from scratch at the University of Wisconsin, and the thesis author has been one
of the primary developers since the project’s inception.

The first major research undertaking with Quickstep was an in-depth empirical eval-
uation of different main-memory storage organizations for data. The Quickstep storage
manager is designed to support flexibility in terms of the physical layout of data along sev-
eral degrees of freedom, allowing different tuple-storage layouts (e.g. row-store, column-
store, or other possible designs like PAX or Data Morphing), different secondary index
structures (e.g. cache-sensitive B+-Trees, main-memory hash tables, etc.), and optional
teatures like compression, most of which can be freely used in combination with each
other for a truly “mix and match” storage architecture. The key to Quickstep’s flexible
storage organization is the concept of the Storage Block, a self-contained, self-describing
unit of storage for a segment of a data table whose internal organization is opaque to the
rest of the query processing system and supports an API consisting of simple, logically-
described relational operations like SELECT, INSERT, UPDATE, and DELETE. A block decides
for itself based on its own internal organization how to most efficiently perform these oper-
ations, masking the complexity of handling many different possible storage formats from
the rest of the system. This flexibility allowed one of the first truly apples-to-apples per-
formance comparisons of different storage organizations for read-optimized main mem-
ory databases to be carried out, which explored the design space of main memory data
storage in a single node along four dimensions: blocks vs. conventional files, row-stores
vs. column-stores, the use of indexing, and the use of compression. These experiments
showed that Quickstep’s novel block-based organization outperformed the traditional file-
based organization used by most legacy databases, and showed that different options for
tuple layout, indexing, and compression all had their own performance “sweet spots” de-
pending on data and query parameters. Chapter 3 covers these experiments in detail.

The next effort with Quickstep was to develop a communications framework that would
meet both the scalability and reliability needs of the project. Communication is at the
heart of any parallel or distributed application, and Quickstep is no different. Workers in
Quickstep need to be able to exchange messages with each other quickly and reliably in
order for the system to “scale up” to multi-socket NUMA servers with many CPU cores
and to “scale out” to distributed clusters of machines !. A new communication paradigm

!This thesis is largely concerned with Quickstep as a single node system, but work is already underway
on development of a distributed version of Quickstep. The TMB is key to this work, as it provides the
same network-transparent messaging services for Quickstep components both within a process and across
a cluster.



called the Transactional Message Bus (TMB for short) was developed to address these needs.
Realizing that the need for a robust communication subsystem with both intra-node and
inter-node scalability extends far beyond just the Quickstep project, TMBs were developed
as a self-contained library that can be released and used separately in other applications.
Briefly, a TMB is a message bus that provides clean, well-defined semantics for sending
messages between actors in a parallel or distributed system. TMBs are transactional in that
the act of sending or receiving a message is an ACID transaction with guaranteed deliv-
ery, data persistence and recovery support, and a consistent, deterministic set of semantics
for addressing and ordering messages. Several full-fledged TMB implementations were
developed based on existing SQL and NoSQL data processing engines (including SQLite,
VoltDB, LevelDB, and Apache Zookeeper), as well as a custom transaction manager, write-
ahead logging mechanism, and network protocol that were written from scratch. A per-
formance evaluation of these different TMB implementations was conducted, measuring
both their intra-node scalability in a high-end multi-socket NUMA server and their inter-
node scalability running on many servers in a cluster or cloud environment. The func-
tionality and performance of TMBs was also compared with existing message-oriented
middleware. The TMB paradigm and these experiments are discussed in detail in Chap-
ter 4.

Finally, with these core components (the Quickstep storage manager and the TMB) in
place, Quickstep was developed into a complete SQL analytics engine. This involved the
development of a multithreaded execution engine that uses storage blocks as a natural
unit of parallelism and data flow, and uses the TMB to coordinate inter-thread commu-
nication between the scheduler and workers. This also required the development of rela-
tional operator implementations that fit in with this parallel and elastic execution model.
For more complex operators like hash join and aggregation with GROUP BY, latch-free data
structures are used for shared state to minimize synchronization overhead and allow even
these more complex operators to scale well with additional resources. Members of the
Quickstep development team collaborated to integrate features like NUMA-aware data
partitioning and “WideTable” [71] schema denormalization and query transformations
with the Quickstep engine. The overall design of the Quickstep system is presented in
Chapter 2, and empirical experiments illustrating important properties of the holistic sys-
tem are presented in Chapter 5.

The rest of this dissertation is organized as follows. Chapter 2 discusses the design and
engineering of Quickstep at a high level. Chapter 3 details the design and implementation
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of the Quickstep storage engine in greater detail, including the novel block-oriented archi-
tecture. Chapter 3 also presents results from experiments measuring the performance of
different storage organizations in main memory, demonstrating above all the utility of a
flexible storage system that allows for many different data organization options. Chapter 4
presents the Transactional Message Bus, a scalable and reliable communications paradigm
that was developed for Quickstep, but has broader applications for other systems. Chap-
ter 4 develops the abstract semantics of the TMB in detail, then discusses experiences in
developing a number of compatible TMB implementations built on different underlying
database technologies and presents an experimental evaluation of the performance and
scalability characteristics of these different implementations, including a comparison with
existing message-oriented middleware. Chapter 5 presents results from experiments on

end-to-end query processing in Quickstep. Chapter 6 contains concluding remarks.



2 THE QUICKSTEP DATABASE MANAGEMENT SYSTEM

2.1 Introduction

This chapter describes the overall design of the Quickstep database management system.
Quickstep has been designed with the aim of exploiting important trends in server hard-
ware and closing the gap between the “bare-metal” capabilities of the underlying hard-
ware and the performance that is actually delivered by main-memory analytical databases.
The particular hardware trends that are of interest include large main memory capaci-
ties (which have motivated the recent surge in interest in main-memory DBMSes in the
tirst place), fast on-die CPU caches, parallel multi-core CPUs with steadily increasing core
counts in each hardware generation, and CPU cores that are capable of instruction-level
parallelism exposed in the form of SIMD (single-instruction multiple-data) instruction
sets.

A natural question is whether the technological factors listed above require a rethink-
ing of how we build modern analytical systems. Over the last five years Quickstep has
served as an experimental platform to explore these issues. Cumulative findings from the
Quickstep project include the following:

First, the Quickstep storage manager (discussed in detail in Chapter 3) has a unique
block layout, where each block behaves like a mini self-contained database. Thus, any
indices are packed in the block along with the actual tuple data. This design allows
Quickstep to easily transform data locally within a block to best suit the organization that
maximizes query performance, and reduces the need for global coordination for physical
schema changes. For example, data that is being loaded can be stored in a block that is a
row-store, and that block can be morphed into a compressed row store with BitWeaved in-
dices when it is full to speed up subsequent analytics queries. The Quickstep block-based
approach to storage management also naturally leads to a highly parallelizable query ex-
ecution paradigm in which independent work orders are generated at the block level.
Query execution then becomes a matter of creating and scheduling work orders, which
can be done in a generic way. This method of “breaking down” the query into work or-
ders at the block-level implies that system management aspects, such as dealing with elas-
ticity mid-flight through query execution, query progress monitoring, and dealing with
stragglers, become easier to handle (as it is done in one place —i.e. the scheduler, and in
a generic way across all queries). Thus, the query scheduler is a critical component of the



Quickstep architecture.

Second, Quickstep uses novel query processing techniques for high performance. The
scan/select operations use BitWeaved indices [70] (whenever possible) that are efficient
for scans. Quickstep also implements other relational operators, including hash-based
joins and hash-based aggregation, and uses state-of-the-art parallel latch-free algorithms
for these operators. In addition, a database in Quickstep can be “denormalized” using
WideTables [71], which examine the schema to flatten out the database into a set of denor-
malized tables that are materialized. With this approach, a large class of complex queries
can be converted to (fast) scans on the WideTables; queries that can’t be transformed are
evaluated in the “traditional” way by creating, scheduling, and executing a query plan
with the usual relational operations.

Finally, while Quickstep can work with data that does not fit in memory (it has an LRU-
k based buffer manager), it is really optimized for the case when the dataset fits in main
memory. Thus, it aims to leverage the in-memory technological trend to produce a data
analytics system that executes queries fast.

2.2 Quickstep Architecture

The logical view of the Quickstep architecture is that it implements a collection of rela-
tional algebraic operations, using efficient algorithms for each (more details are discussed
in Section 2.4). This kernel can be used to run a variety of applications that can be run on
top of a relational query processing engine. These applications include traditional SQL
Analytics (a.k.a. Data Warehousing), but can also include other analytical application
classes including Graph analytics and relational learning as programs in these applica-
tion classes can be mapped to an underlying relational algebra [34, 56, 111]. The focus of

this chapter is on the SQL analytics component.

Data Model and Query Language

Quickstep uses the standard relational data model, and SQL as the query language. Cur-
rently, the system supports the following basic types: INTEGER (32-bit signed), BIGINT /LONG
(64-bit signed), REAL/FLOAT (IEEE 754 binary32 format), DOUBLE PRECISION (IEEE 754 bi-
nary64 format), fixed-point DECIMAL, fixed-length CHAR strings, variable-length VARCHAR
strings, DATETIME/ TIMESTAMP (with microsecond resolution), date-time INTERVAL, and year
month INTERVAL. The type system code is internally organized as a (C++) hierarchy, allow-



Quickstep

Parser|Optimizer|Scheduler|Catalog Mgr.

RA Operator Library
Storage Manager

Buffer Manager
File Manager

Lock Mgr.
Log Mgr.

Figure 2.1: The Quickstep block-level architecture.

ing one to easily add in new types to the system. However, at this point adding in new
types requires recompilation of the system. Dynamic types or user-defined types are not
yet supported in Quickstep, but the type system has been designed to allow for such ad-
ditions in the future.

At this point, Quickstep supports a limited class of SQL, which includes correlated

queries, but does not include more advanced SQL, such as window functions.

System Overview

The block-level diagram of the components in Quickstep is shown in Figure 2.1.

The system has a SQL parser that converts the input SQL query into a syntax tree. This
syntax tree is then sent to an optimizer that converts the syntax tree to a physical plan. The
optimizer first converts the syntax tree to a logical plan, and uses a traditional rules-based
transformation-based approach [42] to convert the logical plan to an optimal physical plan.
The current optimizer is simple (but extensible) and supports projection and selection
push-down, and join-order optimization. Only left-deep trees are currently considered.

The catalog manager keeps track of the logical and physical schemas of the database.
The catalogs keep simple statistics at this point, including estimated table cardinalities.
More sophisticated statistics such as histograms are planned for addition in the future.



The catalog manager supports an API to write all the catalogs as a protobuf to allow export-
ing the schema for external purposes (e.g. sending the schema to a modular stand-alone
optimizer like Orca [93]).

Physical plans created by the optimizer are then handed over to the scheduler. The
physical plan is a directed acyclic graph (DAG) of relational operators. The current rela-
tional operator library contains the implementation of various relational operators including
selection, projection, joins, aggregation, sorting, and top-k. Additional details about the
operators are provided in Section 2.4.

The storage manager uses a unique block-based design that organizes the data into large
multi-MB blocks. Each block contains tuples from a single table, and is treated as a “mini-
database.” Different blocks, even within the same table, may have different physical orga-
nizations. The external view of each block is that of a bag of tuples, and query processing
simply invokes set-oriented methods on each block. This design allows for the physical
schema for each block to evolve independently. There are no global indices in Quickstep;
instead indices are self-contained within blocks. Different block formats are supported in-
cluding column stores and row stores (see Chapter 3 for more details) along with BitWeav-
ing and CSB+-Tree indices. This unique storage manager design implies that tuples in one
block for a table may be organized as a column-store (as queries on that block may involve
selecting only a few attributes), while another block for the same table may be organized
as a row-store (with perhaps CSB+-Tree indices). Each block can be optimized for its lo-
cal pattern of access, which can be recorded succinctly within each block, and the block’s
physical layout can be morphed to adapt to its actual pattern of access [47]. (Data morph-
ing techniques are not yet implemented in Quickstep and that is part of planned future
work; for now, Quickstep provides a tool that can specify the physical layout of each block
using user-supplied hints.) It is natural to wonder whether such a flexible storage system
complicates the optimizer, particularly the question of access path selection. Quickstep
addresses this issue by removing the responsibility of low-level physical access path se-
lection from the global query optimizer and embedding it in the individual blocks, which
locally decide for themselves based on their own physical organization how to implement
the simple relational operations like predicate evaluation and projection exposed to op-
erators by the storage block API. Thus, a scan on one block may involve scanning all the
columns in a column-store block, and the scan on another block that has an index on the
scan predicate may end up using the index. Simple statistics on attributes are kept within
each block to aid in this run-time decision.



The scheduler is another unique component of the system. The scheduler breaks up
a query into various work orders and query execution is essentially a series of work order
generation and completion tasks. Details about the scheduler are presented in Section 2.4.

2.3 Storage Management in Quickstep

The Quickstep storage manager is based on a novel block-based architecture that allows a
large variety of different physical data organizations to coexist within the same database,
and even within the same table. This flexible and extensible design for physical storage
was chosen based on empirical experiments that show that the performance of core data-
intensive relational operations like selection and projection can be sensitive to the layout of
data in memory, and there is no single “one size fits all” storage organization that achieves
good performance for all workloads. These experiments are described in detail in Chap-
ter 3.

Storage for a particular table in Quickstep is divided into many blocks, with individual
tuples wholly contained in a single block. Blocks of different sizes are supported, and
based on the results described in Chapter 3, blocks that are about 16 megabytes in size
are used as the default for current large memory systems. On systems that support large
virtual-memory pages, block sizes are constrained to be an exact multiple of the hardware
large-page size (e.g. 2 megabytes on x86-64) so that buffer pool memory can be allocated
using large pages.

The Quickstep storage manager maintains a buffer pool of memory that is used to cre-
ate blocks and to load them from persistent storage on-demand. Large allocations of un-
structured memory can also be made from this same buffer pool, and are used for shared
run-time data structures like hash tables for joins and aggregation operations. Thus, there
is a single place where memory requirements for the query-processing engine are man-
aged, and there is a holistic view of memory management. Slots in the buffer pool (either
blocks or unstructured “blobs”) are treated much like a larger-sized version of page slots in
a conventional DBMS buffer pool, and there is a mechanism where different “pluggable”
eviction policies can be activated to choose how and when blocks are evicted from mem-
ory and (if necessary) written back to persistent storage in accordance with user-specified
limits on memory usage. Currently, the default eviction policy is LRU-2, but a “random”
policy and LRU-k with arbitrary k are also supported, and the pluggable eviction policy

system allows implementing other strategies easily in the future.
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Data from the storage manager is backed by persistent storage through a file manager
abstraction that currently supports POSIX file systems, Windows file systems, and also
HDFS [10].

Block-Structured Storage

Internally, a block consists of a small metadata header (the block’s self-description), a sin-
gle tuple-storage sub-block and any number of index sub-blocks, all packed in the block’s con-
tiguous memory space. There are multiple implementations of both types of sub-block
available in Quickstep (several are described below), and the API for sub-blocks is generic
and extensible, making it easy to add more. When a tuple is inserted into a block, all col-
umn values are stored in the tuple-storage sub-block, and any applicable index sub-blocks
are updated (index sub-blocks always refer to tuples in the same block, and thus indices
are totally self-contained at the block level and always colocated with data).

In general, higher-level operator code need not concern itself with the internal structure
of different storage blocks. Instead, blocks provide a common API consisting of a simple
set of logical, relational operations including select/project (materializing output to other
in-memory blocks), tuple insertion (both tuple-at-a-time and batch-oriented), in-place up-
dates and deletes (with optional predicates), and sorting. The actual implementation of
these operations may be different depending on what sub-blocks are present in a partic-
ular block, and each block decides for itself, based on its own internal organization, how
to most efficiently execute a particular call.

As an example, a select operation may first select tuples based on a complex predicate
tree involving conjunctions and disjunctions of leaf comparison predicates. The block’s
micro-optimizer gets a cost estimate of how expensive it will be to evaluate each leaf predi-
cate using each sub-block (both the tuple-store and all the indices), and chooses the lowest-
cost block to evaluate each individual leaf predicate. The set of matches for a predicate
in a particular block is represented as a compact bit-vector. Arbitrary predicate trees are
evaluated by simply performing bit-wise operations on the bit-vectors of matches (a “fil-
ter” bit-vector can also be passed in when evaluating some predicates so that it is possible
to skip over or short-circuit evaluate some predicates within a conjunction or disjunction

that has already been decided for some tuples).
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Tuple Stores

Quickstep currently implements both row-store and column-store layouts for tuple-storage
sub-blocks, although other formats (e.g. PAX [4]) are also possible. A detailed analysis of
the in-memory performance characteristics of different options for tuple storage is pre-
sented in Chapter 3.

Row Stores

Row stores come in two flavors. The first is a “split” row-store that uses a conventional
slotted-page layout with storage for fixed length attributes growing from one end of the
sub-block memory, and storage for variable-length attributes growing from the other end.
The second variety of row-store is a “packed” row store which is simply a packed row-
major array of fixed-length values, and can not be used with relations that have variable-

length attributes.

Column Stores

A column store tuple-storage sub-block divides sub-block memory into contiguous stripes,
one for each column, and stores column values packed within the individual stripes. A
column store may optionally be kept sorted on the values of one column.

Compression

Both row store and column store tuple-storage sub-blocks may optionally be used with
compression. Quickstep implements simple ordered dictionary compression, with dic-
tionaries constructed on a per-block basis and, naturally, self-contained within the block.
Dictionary compression converts native column values into short integer codes that com-
pare in the same order as the original values. Depending on the cardinality of values in
a particular column within a particular block, such codes may require considerably less
storage space than the original values. In a row store, compressed attributes require only
1, 2, or 4 bytes in a single tuple slot. In a column store, an entire column stripe consists
only of tightly-packed compressed codes.

Because the implementation of dictionary compression is order-preserving, compari-
son predicates can be evaluated directly on the compressed codes without decompressing.
This means that considerably less memory bandwidth and cache space may be used when

scanning a compressed column (especially with a column store). Additionally, comparing
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integer codes requires only a simple single-cycle CPU instruction, while comparing some
more complex uncompressed data types (e.g. strings) can be considerably more CPU-
intensive.

On the other hand, compression does introduce an additional level of indirection when
native values have to be accessed by looking them up in a dictionary (e.g. when doing pro-
jection), so whether compression is valuable for a particular query workload is dependent
on selectivity.

Indices

Quickstep currently implements several index sub-blocks, including CSB+-Tree [87], BitWeav-
ing/H, and BitWeaving/V [70]. All index sub-blocks support the same interface allowing
parts of a predicate tree to be evaluated using different sub-blocks, with a bit-vector of

matching tuple positions as the common representation of predicate matches.

CSB+-Tree

The CSB+-Tree (cache-sensitive B+-Tree) [87] is a modification of the classic B+-Tree or-
dered index structure designed to achieve good performance in main-memory. Nodes in
a CSB+-Tree are physically aligned with cache lines, and are allocated in contiguous “node
groups” so that scanning across sibling nodes has a linear prefetching-friendly memory

access pattern. CSB+-Trees are generally useful for highly-selective lookup queries.

BitWeaving

BitWeaving /H and BitWeaving/V are bit-based indexing methods [70], that aim to exploit
the bit-level parallelism in the ALUs of modern CPUs. Briefly, BitWeaving /H (horizontal)
improves on standard bit-packing for compressed codes by adding a “padding bit” next to
each code packed into a word (using a technique originally proposed for computing byte-
level arithmetic operations on parallel on a CPU with a wider word size [66]), and using a
sequence of bitwise operations on the codes in a word that sets the value of the padding
bit to 1 or 0 depending on whether a comparison condition matches for the respective
code. Codes are organized into groups of words so that a word-long bit-vector of matches
can be efficiently constructed by masking and shifting the padding bits. BitWeaving/V
(vertical) decomposes the bits of a particular code vertically, packing the most-significant
bits of several codes together into one word, the second-most-significant bits into the next
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word, and so on. Comparisons are evaluated bit-by-bit on all the codes in parallel (e.g.
on 64 codes in parallel on a typical CPU with 64-bit word size, or 128-512 codes when
using SIMD registers). It is often possible to use “early pruning” to skip over some words
containing less-significant bits when a particular comparison can be totally decided for a
group of codes by only looking at some of the most-significant bits. The probability of
early-pruning is increased when a filter from some other part of a conjunctive predicate
is available. Experimental evaluation of BitWeaving techniques has shown that, for typ-
ical code lengths, the average number of CPU cycles/tuple required to evaluate a scan

predicate is less than 1, achieving true intra-cycle parallelism [70].

24 Quickstep Query Execution

Query execution in Quickstep takes advantage of the unique block-based design that is
employed by the storage manager (introduced in Section 2.3 and covered in more detail
in Chapter 3) and uses a workflow-based query execution paradigm, in which query ex-
ecution involves generating a series of work orders that are then executed independently
by workers. A work order largely corresponds to applying some operation on a block of

input tuples.

Operator Algorithms

This section briefly describes the operator algorithms that are currently implemented in
Quickstep.

Selection

Quickstep has a standard implementation of the selection operator. The key difference is
that selection operator can decide on a block-by-block basis as to what algorithm(s) to use
to apply the selection operation. When selecting with a predicate, the “micro-optimizer”
(see Section 2.3) may choose to evaluate some or all of the predicate using a fast-path like
an index lookup (using a BitWeaving or CSB+-Tree index), or a binary search on a sorted
column in a column-store. If no fast-path is available, it falls back to iterating over the
tuples in a block and evaluating the predicate for each. The expressions in the projection
list are then materialized, and the resultant tuples are bulk-inserted into a temporary in-
memory block for consumption by other operators. Both scan-based predicate evaluation
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and general expression evaluation benefit from vectorization, which is described below. In
the common case when the projection simply copies column-values as-is from the input,
expression evaluation is skipped entirely and data is directly copied from one block into

another.

Join

A hash join algorithm has been implemented consisting of a build phase and a probe
phase. These phases are implemented as separate operators. The build hash table oper-
ator reads blocks of the build relation, and builds a hash table in memory using the join
predicate as the key. The probe hash table operator reads blocks of the probe relation,
probes the hash table, and materializes joined tuples into in-memory blocks for consump-
tion by other operators, just like selection does. Both operators naturally take advantage of
block-level parallelism, and a latch-free concurrent hash table is used to allow many work-
ers to proceed at the same time. For non-equijoins, a block-nested loops join operator has
also been implemented (a “residual” filter predicate can also be used with a hash-join to
tilter joined tuple pairs on a non-equijoin predicate in addition to the equality predicate
evaluated by hashing).

Aggregation

For aggregation without GROUP BY, the operator reads blocks of the input relation and
generates work orders per block that compute the aggregates local to their assigned block
and merge them with the global aggregates for the query. For aggregation with GROUP
BY, the operator generates work orders per block that together build a hash table of ag-
gregation handles in parallel using the grouping columns as the key (again, a latch-free
hash table is used here). After processing all the blocks in the input relation, a work or-
der iterates through the hash table to output the grouping keys and their corresponding
aggregates, or just the aggregates in the case of aggregation without GROUP BY.

Sorting

A simple two phase algorithm was implemented for sorting and top-K. These phases are
implemented as separate operators. In the first phase, each block of the input relation is
sorted in-place, or copied to a single temporary sorted block. This phase is similar to the
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run generation phase of the traditional external sort. In the second phase, runs of sorted

blocks are merged to create a fully sorted output relation.

Vectorization

The work order execution model and dynamic scheduler in Quickstep are designed to
take advantage of hardware parallelism in the form of multicore CPUs. Instruction-level
parallelism is another level of parallelism within a CPU core that Quickstep also takes
advantage of by means of vectorization.

Modern server CPUs have SIMD (single-instruction multiple-data) instruction sets that
allow an arithmetic operation to be applied to vectors consisting of several elements of
the same data type in a single instruction. Compilers implement vectorization passes as
part of optimization and code generation, and these passes are able to transform scalar
loops that apply the same operations to many data items serially into a faster vectorized
form that uses SIMD instructions to process multiple data items in each loop iteration.
Relying on the compiler avoids the chore of hand-writing SIMD assembly, and also has
the advantage of portability across different instruction sets. However, not any loop can
be vectorized. In particular, branching within the inner loop will confound vectorization
(since different code-paths are taken on an element-by-element basis), as will most com-
mon forms of indirection like calling a function pointer or virtual method (or, for that
matter, any function call that can not be inlined). The key to compiler-assisted vectoriza-
tion, then, is to have simple, tight inner loops without branching or indirection.

Quickstep has a system of code templates for accessing column values of a particular
type in a particular kind of tuple-storage sub-block (a data-access template). There are also
code templates for evaluating different comparison predicates and simple scalar expres-
sions with arguments of the various built-in SQL data types in Quickstep (an expression
template). Combining an expression template with a data access template produces a func-
tion that evaluates an expression over all the tuples in a particular kind of tuple-storage
sub-block (optionally filtered by a bitmap indicating matches for a previously-applied
predicate). The functions produced have a simple inner loop with no branching or in-
direction, and are thus amenable to vectorization !. These functions produce output a

column-at-a-time in temporary in-memory arrays that other expressions can also process

IThis is true for integers (including compressed codes) and floating-point numbers that are supported
by the SIMD instructions on a particular CPU. Other data types like uncompressed strings do not benefit
from this technique.
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in a vectorized fashion. So, even though there are only expression templates for simple
arithmetic operations, arbitrarily complex expressions can be evaluated by doing a depth-
first traversal of an arbitrary expression tree and doing column-at-a-time vectorized eval-
uation for each simple-expression node. The cross-product of data-access templates and
expression-evaluation templates is pre-compiled into Quickstep so that the appropriate
vectorized function can be selected at runtime.

Other operations like data movement between blocks, building and probing hash-
tables for hash-joins, aggregation over a block (both simple and hash-based), and sorting
also use the data-access templates so that data-intensive tuple-by-tuple inner loops are as
simple as possible, even though SIMD isn’t necessarily applicable in these situations.

Threading Model

The Quickstep execution engine uses two kinds of execution abstractions (spun up as
threads), namely a foreman and workers. The foreman and workers all communicate via a
Transactional Message Bus (described in detail in Chapter 4), which provides a reliable and
network-transparent communication abstraction for the Quickstep components. (At this
point Quickstep uses a single process with an in-process TMB instance for the database
engine, but the design allows for a future version of Quickstep that has multiple processes,
potentially spread across multiple machines.)

Worker threads execute work orders produced by physical relational operators. The
foreman thread makes decisions about scheduling the work orders to the worker threads.
The current execution engine allows a single query to be controlled by a single foreman
thread. All worker threads are stateless. They simply keep executing work orders in a
loop. A worker thread can be terminated by sending a special poison work order. The
work order termination method can then be used to gracefully terminate the Quickstep
process, or to abort a query (for example, in response to the client issuing a query cancel-
lation command).

To minimize the thread initialization costs, all the worker threads are created when the
Quickstep process is started, and they stay alive until the Quickstep process terminates.
Note, however, that since workers are stateless, it is easy to add or remove them, even
mid-query. This property of “instant elasticity” is illustrated by a preliminary experiment
in Section 5.4.

A foreman thread is spawned for every new query that arrives to the system. A load

controller limits the number of concurrent queries, but this component is rudimentary at
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this point, and it is not discussed further here.

Work Order-based Scheduler

Query execution in Quickstep is based on a scheduler that breaks up the work for the entire
query into a series of work orders. This section describes this work order-based scheduler.

Work Order Generation

A physical query plan in Quickstep system is represented as a directed acyclic graph
(DAG) in which each node is a relational operator. Each relational operator presents the
work that needs to be done to execute the query using work orders. The following example

query is used to illustrate query execution using work orders:

SELECT SUM (sales)
FROM Product P NATURAL JOIN Buys B
WHERE B.date = ’June-30-2015’

AND P.category = ’swim’

The optimal query plan that is produced by the optimizer is converted to a DAG of
operators. This DAG representation of the query is then sent to the foreman for the query,
which is responsible for scheduling the work that makes up the query. The DAG for the
query above is shown in Figure 2.2. The edges of the DAG are annotated with whether
the consumer operator is blocked on the output produced by the producer/upstream op-
erator, or whether data pipelining is allowed between two neighboring operators. The
foreman goes over the query DAG and fetches all the “schedulable” work orders from
all the operators in the DAG. Initially, only the select relational operators (shown in the
DAG using the symbol o) generate work orders — one for each input block from both input
relations.

Each selection work order contains the following information: a globally unique input
block ID, input relation, filtering predicate, and the list of attributes (or general expres-
sions) to be projected. The foreman schedules these work orders on to the available worker
threads by sending messages containing a serialized representation of the work order to
the worker over the TMB. The worker threads execute these work orders by carrying out
the following steps: reading the input block, evaluating the predicate over the block, and
writing its output to another block. The predicate evaluation method for different blocks



18

Query Result
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Figure 2.2: DAG plan for the sample query.

may be different, subject to their layout, availability of indexes inside the block etc. The
complexity of predicate evaluation is abstracted within a block (cf. Section 2.3), and the
worker thread and work order code need not know anything about it.

Note that in the example query, the hash table is built on the output of the select op-
erator on the Product table. The edge connecting the select operator and the build hash
operator allows data pipelining. As soon as a filled block of output from an upstream
operator (the select operator in this case) is available, it is streamed to its consumer oper-
ator (the build hash operator). As soon as some input is available, a work order is created
which can then be scheduled by the foreman. Scheduling a work order is accomplished by
simply sending a message to a particular worker over the TMB. The scheduler policy can
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be tuned to favor different execution models, such as aiming of high performance, staying
with a certain level of concurrency/thread-level parallelism/CPU resource consumption
for a query, etc. Currently, there is only an eager implementation that schedules work
orders as soon as they are available, with execution of work orders for a given worker pro-
ceeding in FIFO order (as new work orders are generated, the foreman attempts some load
balancing by assigning new work to workers that have little or no pending work). There is
significant research in designing appropriate scheduling policies, which is ongoing work
that has been undertaken by other members of the Quickstep development team. The key
point to note is that by separating the scheduling policy from the scheduling mechanism
the design allows for easily varying the scheduling policy, and hence the overall system
behavior.

To begin the probe phase of the hash join, the building of the hash table needs to be
complete (note the pipeline-breaking dependency between the probe and the build oper-
ator in the DAG). After the build operator has completed, the foreman is free to schedule
a work order for each full block of tuples that is produced by the select operator that is
working on the Buys table. (Quickstep has a mechanism where the work orders signal
to the scheduler that a block is full. This mechanism ensures that if a single selection
work order produces a partially filled block, then a handle to that partially filled block is
available to another selection work order that runs later. Thus, there is minimal internal
fragmentation for blocks as query execution moves through the DAG.)

The probe hash work order execution involves checking the hash table for match(es)
and writing them to temporary output block(s). The edge from the probe hash operator
to the aggregate operator allows for data pipelining. Thus, fully-filled output blocks from
the probe hash operator can be streamed to the aggregation operator (shown using the
symbol v in the figure).

Finally, note the various drop operators in the DAG shown in Figure 2.2. These oper-
ators are used to drop the “temporary” data that is materialized during query execution
and is no longer needed beyond a certain stage of the DAG. Recall the structures such as
hash tables are created in buffer pool memory, so all memory management is purposely

designed to be within the purview of the buffer manager.

Work Order Execution

The work orders are implemented as C++ classes, and there is one implementation for each

operator in the system. Each work order class implements a virtual, thread-safe execute()
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method which contains the implementation of the work order. Each worker thread simply
executes this method. This design make it easy to add new operators or to extend an
existing operator.

Partitioning

Quickstep also has the notion of partitioning a table, which can be used to control the
distribution of data in a table in NUMA machines.

A relation can be partitioned horizontally using two types of partitioning: Hash and
Range. Both base and temporary relations can be partitioned (across the NUMA mem-
ory). Every relation that is partitioned has a partition scheme associated with it. A par-
tition scheme contains the details about the type of partitioning (hash or range), which
attributes” values are used for partitioning, the number of partitions, and which blocks of
the relation belong to which partitions.

When tuples are inserted into a relation, the partition scheme determines which par-
tition each tuple belongs to based on its own internal policy (e.g. computing the hash of
a particular attribute’s value and then computing the remainder modulo the number of
partitions), and divides the tuples so that they are inserted into blocks belonging to the
appropriate partition.

The following example illustrates hash partitioning, where the hash function for inte-
gers is the identity function. Consider a relation R, with a single attribute of type integer,
which is also the partitioning attribute. The relation is hash partitioned with 4 partitions.
In this scenario, when a tuple with value 0 or 4 is inserted, the tuple is placed in a block
belonging to partition 0. When the next tuple with value 1 or 5 is inserted, although there
is space left in the block that was previously created, a new block is created since this tuple
belongs to partition 1. In a similar way, all the tuples belonging to a particular partition
are inserted into blocks that belong to that partition.

Whenever an operator in Quickstep needs to write data to blocks, it uses a class called
InsertDestination, which has methods for inserting tuples one-at-a-time or in bulk. The In-
sertDestination interface is responsible for the common tasks of pushing data into blocks,
creating new empty blocks as needed, and signaling to the foreman when blocks are full
and ready to be consumed. InsertDestinations have an associated partition scheme (the
default is no partitioning). When inserting tuples into an InsertDestination, a pass is first
made to assign each tuple to a partition (querying the Partition Scheme), then tuples are
bulk-inserted into blocks belonging to the appropriate partition, with new blocks being
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created in each partition when needed. By implementing partitioning as an option in the
common tuple-insertion path, relations can easily be partitioned when data is loaded or
the output of any operator can be repartitioned on-the-fly as part of normal query execu-
tion.

To illustrate how partitioning works, consider the following query:

SELECT L_ORDERKEY
FROM LineItem NATURAL JOIN Orders;

Assume that the relations Lineltem and Orders are partitioned into four partitions each,
using hash-partitioning on the join key when they are created. When the data is loaded for
these relations, each tuple is inserted into a block belonging to the appropriate partition.
If the system has four sockets, then each corresponding partition of both the relations
are placed across the four sockets — one partition-pair per socket. When computing the
hash join between these two relations, four hash tables are created — one per partition-pair
across the four (NUMA) sockets. Work orders for both the build and the probe phase of
the hash join will access local memory on only one NUMA socket for input blocks, the
hash table, and for materializing join output.

The scheduler (described above) is also NUMA-aware, and aims to send each work
order to a worker thread running on the NUMA node where the input blocks referred
to in the work order reside. The scheduler can be configured to be strict with regard to
NUMA-aware scheduling (only giving workers NUMA-local work orders), or to allow a
relaxed work-stealing policy, where idle workers on other sockets can be assigned non-local
work orders at times when there are no NUMA-local work orders for them to process.

WideTables

Quickstep can also use a schema-based denormalization technique called WideTable [71].
This technique walks through a schema graph and converts all foreign-key primary-key
“links” to an outer-join expression (to preserve NULL semantics). The resulting flattened-
out tableis called a WideTable, and is essentially a denormalized view of the entire database.
The columns in this WideTable are stored as column-stores, and BitWeaving indices can
be additionally built on columns of interest.

This type of denormalization is largely agnostic of workload characteristics (it is a
schema-based transformation). It has been acknowledged that such techniques are expen-

sive for databases that are updated often, and the implementation in Quickstep is rudi-



22

mentary — there is currently no way to recreate the WideTable on updates. Techniques
for incrementally updating the WideTable (rather than recreating it from scratch) when
new data is appended to existing tables can be envisioned, but they have not yet been
implemented.

In addition, Quickstep has a relatively simple rule-based optimizer implementation
that currently only allows for simple transformation of queries. As a result, only a lim-
ited class of queries can be answered for databases on which WideTables are built. Note
that Quickstep does allow running queries using regular joins, so when a WideTable is
dropped and has to be reconstructed, the system can still execute queries using traditional
methods (although the performance may be lower).

2.5 Related Work

The focus of this chapter is on high performance in-memory analytics computing, and this
chapter narrows its focus to single machine NUMA settings. There is tremendous inter-
est in the broader overall main-memory database area, including MonetDB [25, 26, 53],
Blink [16, 85], Hyper [60], Shark [110]), SparkSQL [11], Vectorwise [113], SAP HANA [36],
and IBM DB2 BLU [84]). This work has similar inspiration as these other projects.

Within the area of fast columnar scans, there have been a number of recent proposals [1,
57,70, 83, 85, 105, 106, 112], and BitWeaving is largely used as an index in Quickstep,
which falls under a broader class of efficient bit-based indexing/storage methods that
are optimized for modern processors [16, 29, 37, 38, 57, 58, 66, 79, 85, 89, 104, 108, 109].
CSB+Tree [87] is also used as another indexing structure.

The implications of NUMA architectures for performance is well-known and has been
a subject of significant research over the past few years. Some of the earliest work on query
processing for NUMA includes the work by Bouganim et al. [27]. As NUMA architectures
have become more main-stream, there has been a renewed interest in determining the
impact of such change on analytical query processing [12, 14, 17, 23, 24, 61, 62, 69].

The use of a unique block-based storage architecture (which is explored in more detail
in Chapter 3) naturally leads to a block-based scheduling method for query processing.
The recent morsel-based query processing [68] method also philosophically belongs to
this style of query processing, and in this work we build on these ideas.

Overall, the key contribution of this chapter is presenting a holistic system that employs

a unique and flexible scheduler-based query processing architecture, with novel indexing
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and data normalization methods that are optimized for NUMA settings for in-memory

analytical data processing environments.

2.6 Quickstep Development & Acknowledgments

It should be noted that the development of Quickstep as described has been a very collab-
orative process, and the features described in this chapter were developed together with
other students, in particular Yinan Li, Harshad Deshmukh, Qiang Zeng, Shoban Chan-
drabose, Zuyu Zhang, Adalbert Gerald Soosai Raj, James Paton, and Sangmin Shin.

BitWeaving and WideTable were both conceived of and implemented by Yinan Li, and
are discussed in much greater detail in his dissertation Analytic Query Processing at Bare
Metal Speeds. Future publications and theses from other students will similarly expand on
aspects of Quickstep that are primarily their work, in particular the scheduler (Harshad
Deshmukh), partitioning and NUMA-awareness (Adalbert Gerald Soosai Raj), sorting and
aggregation features (Shoban Chandrabose), and the development of a distributed version
of Quickstep (Zuyu Zhang).
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3 STORAGE ORGANIZATIONS FOR READ-OPTIMIZED MAIN

MEMORY DATABASES

3.1 Introduction

Dropping DRAM prices and increasing memory densities have now made it possible to
economically build high performance analytics systems that keep their data in main mem-
ory all (or nearly all) the time. There is now a surge of interest in main memory database
management systems (DBMSs), with various research and commercial projects that target
this setting [25, 33, 35, 46, 60, 64, 75, 85, 103, 113].

This chapter presents results from an experimental survey/evaluation of various stor-
age organization techniques for a main memory analytical data processing engine, i.e. the
focus on a read-optimized database setting. Note that the focus of this chapter is on exper-
imental evaluation of a number of existing storage organization techniques that have been
used in a variety of DBMS settings (many in traditional disk-based settings), but the central
contribution of this chapter is to investigate these techniques for main memory analytic
data processing. In addition, an experimental platform has been made publicly available
for the community to use to design and evaluate other storage organization techniques for
read-optimized main memory databases.

Designers of read-optimized main memory database storage engines have to make a
number of design decisions for the data storage organization. Some systems use column-
stores for the data representation, whereas others use row-stores. The use of indexing is
not generally well understood or characterized in this setting. Other questions such as to
whether it is advantageous to store the data for a given relation in large (main memory)
“files” or segments, or to break up the data into traditional pages (as is done for disk-
based systems), or to choose some intermediate data-partitioning design, are also not well
characterized. In this chapter, an experimental approach is used to consider and evaluate
various storage-related design tradeoffs.

The approach taken for this research is to build a prototype main memory storage
engine with a flexible architecture, which then allows for a study of the cross section of
storage organization designs that is produced by examining the following dimensions: a)
large memory “files” vs. self-contained memory blocks, b) row-store vs. column-store,
c) indexing vs. no indexing, d) compression vs. no compression. This chapter describes

a comprehensive study of the storage design space along these axes and a number of in-
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teresting experimental findings. For example, experiments showed that a novel block-
based storage organization outperforms file-based organization at both query time and
load time, and that cache-sensitive index structures have a major role to play in accelerat-
ing query performance in this main memory setting.

Overall, the key contributions of this chapter are as follows: First, there is a systematic
characterization of the design space for main memory database physical storage organi-
zations using the four dimensions listed above.

Second, a flexible storage manager design that facilitates comparing the different stor-
age organization choices is presented. This storage manager has an interesting block-based
design that allows for a flexible internal organization. This framework allows direct com-
parison of a number of storage alternatives, and it may serve as a platform for other re-
searchers to improve on the methods described here and perhaps design and evaluate
other storage organization techniques.

Third, a rigorous, comprehensive experimental evaluation was conducted to character-
ize the performance of selection-based analytic queries across the design space, providing
a complete view of the various storage organization alternatives for main-memory data
processing engines. The study reveals several interesting experimental findings, includ-
ing that both row-stores and column-stores have performance sweet spots in this setting,
and can coexist in the Quickstep storage manager design. Experimental results also show
that indexing and compression continue to play an important role for main memory stor-
age, and are often required for high performance.

Finally, the results in this chapter allow designers of main memory storage engines to
make informed decisions about tradeoffs associated with different storage organizations,
such as figuring out what they leave on the table if they use a pure column-store vs. sup-
porting both row-stores and column-stores.

Note that, to keep this work focused on the core storage management aspect (as op-
posed to query evaluation algorithms, query optimization, etc.), the evaluation in this
chapter largely covers single relational access plans, which form the building blocks for
more complex query evaluation methods. Furthermore, previous work on main memory
analytical databases has emphasized the importance of these simple scan-based access
methods [16, 35, 92]. This approach keeps experiments focused on key storage organi-
zation issues. More complex query processing mechanisms can interact with the storage
engine in interesting ways, but they still need fast support for basic selection operations,

and currently there isn’t a clear consensus on how to best build a main memory query
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processing engine; for example, even single join methods are being rethought in this set-
ting [5, 13, 23, 63].

The remainder of this chapter is organized as follows: Section 3.2 describes the Quick-
step Storage Manager, a platform for read-optimized main memory storage experiments.
Section 3.3 describes the experimental setup that is used in this chapter, and Section 4.5
presents the experimental results. Related work is discussed in Section 3.6, and Section 3.7
contains concluding remarks.

3.2 Quickstep Storage Manager

The Quickstep Storage Manager (SM) is used as the experimental platform in this chapter
to systematically evaluate storage organizations for read-optimized main memory DBMSs.
This Storage Manager has a flexible architecture that naturally allows direct comparisons
of various storage organization choices within the same framework.

Designing a new storage engine with support for many different physical data orga-
nizations allows for experiments to be conducted that would not otherwise have been
possible. For instance, it would be difficult to draw any meaningful conclusions about the
relative performance of row-store and column-store layouts by simply comparing the per-
formance of a main-memory DBMS that uses row-stores (e.g. VoltDB [103]) with one that
uses column-stores (e.g. VectorWise [113]), since the entire code base and execution model
is different. It should be noted that some DBMSes like MySQL [80] allow some flexibility
in terms of storage within the same database by providing a “plug-in” system for different
storage engines. Nevertheless, there are some assumptions about the access patterns for
data that are built-in to the interfaces that such plug-in storage engines must implement
(for instance, the MySQL storage engine interface is oriented towards row-at-a-time “cur-
sor” access, which would prevent many of the possible benefits of a column-store from
being realized).

The Quickstep storage manager allows for different design choices in several dimen-
sions of in-memory organization to be evaluated directly against each other, and it has a
high-level, logical relational API that does not prejudice it towards any particular pattern
of data access.
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The Quickstep SM Architecture

The basic unit of organization in the Quickstep SM is a storage block. A table is typically
stored across many blocks, though each block belongs to one and only one table.

From the perspective of the rest of the system, blocks are opaque units of storage that
support a select operation. A select operation is specified as a projection list, a predicate,
and a destination. The destination is some (temporary) block(s) where the results should
be materialized. Blocks are independent and self-contained, and each one can decide for
itself, based on its own internal organization, how to most efficiently evaluate the predi-
cate and perform the selection. Blocks support update and delete operations that are also
described logically and performed entirely within the storage system.

Like System R [91], the Quickstep SM allows pushing down single-table predicates to
the SM, but Quickstep goes beyond System R in that Quickstep’s expression and predi-
cate framework allows any arbitrary predicate to be evaluated entirely inside the storage
system, so long as it only references attributes of a single table (i.e. it is not limited to a
narrow definition of “sargable” predicates). Like MonetDB [25] and Vectorwise [113], the
Quickstep SM does away with the traditional tuple-at-a-time cursor interface, and mate-
rializes the complete result of a selection-projection operation on a block all at once into
other in-memory block(s).

The Quickstep SM organizes the main memory into a large pool of memory “slots” that
are occupied by storage blocks. A given table’s tuples are stored in a number of blocks,
and blocks may be different sizes (modulo the size of a slot), and have different physical
layouts internally. The storage manager is responsible for creating and deleting blocks,
and staging blocks to persistent storage (5SD, disk, etc.).

Internally, a storage block consists of a single tuple-storage sub-block and any number of
index sub-blocks. The index sub-blocks contain index-related data for tuples in that block
and are are self-contained in the storage block. The index sub-blocks can be viewed as
partitioned indices [43].

The block-oriented design of Quickstep’s storage system offers a tremendous amount
of flexibility with regards to physical database organization. Many different tuple-storage
sub-block and index sub-block implementations are possible and can be combined freely
(the particular sub-block types studied in detail are described in Section 3.3). Not only is
it possible for different tables to have different physical layouts, it is possible for different
blocks within a table to have different layouts. For instance, the bulk of a table could be

stored in a sorted column-store format which is amenable to large-scale analytic queries,
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while a small “hot” group of indexed row-store blocks can support a live transactional
workload.
Storage blocks are a natural unit of parallelism for multithreaded query execution, and

temporary blocks are units of data flow between operators in complex queries.

3.3 Experiments

As discussed in the Introduction, the focus of this study is on core storage manager per-
formance for read-optimized main memory settings in which selection-based queries are
common. The workload builds on a previous study [51] that had a similar goal, but in
a disk-based setting. Specifically, the experiments use the tables and queries that are de-
scribed below.

Tables

The following set of four tables are used in experiments:

* Narrow-U: This table has ten 32-bit integer columns and 750 million rows. The val-
ues for each column are randomly generated in the range [1 to 100,000,000].

¢ Narrow-E: This table has ten 32-bit integer columns and 750 million rows. The values

for column i are randomly generated in the range from [1 to 227*1].

* Wide-E: A table similar to Narrow-E, except that it has 50 columns instead of 10 and
150 million rows instead of 750 million. Thus, the total size of the generated data is

the same. The values for column i are randomly generated in the range from [1 to
D4+(23/50)+1],

* Strings: This table has ten 20-byte string columns and 150 million rows. Each string

is a random sequence of mixed-case letters, digits, spaces, and periods.

As in the previous disk-based study [51], it is primarily integer columns that are stud-
ied. Integer types are common and generalize nicely. Some experiments also consider a
table composed entirely of strings, as their storage requires more space, and they are a

commonly encountered data type.
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Queries

The workload primarily consists of queries of the form:
SELECT COL_A,COL_B, ... FROM TBL WHERE COL_A >= X;

The projected columns COL_A ... are randomly chosen for each experiment. Each
query has a predicate on a single column COL_A. The literal value X is chosen based on
the range of values for COL_A to achieve a desired selectivity. These experiments consider
predicates with selectivity 0.1%, 1%, 10%, 50%, and 100%.

The number of columns that are projected is also varied. For the Narrow-U, Narrow-E,
and Strings tables, which each have ten columns, 1, 3, 5, or 10 columns are projected in
different experiments. For Wide-E, which contains 50 columns, 1, 15, 25, or 50 columns are
projected. For each query, a random subset of the desired number of columns is chosen to
project. For each table, there are also experiments which only measure the time to evaluate
a predicate without projecting any values or materializing any output (this is reported as
a projection of zero attributes).

With the exception of zero-projection queries (which produce no output), the output
of each query is materialized in-memory in a simple non-indexed row-store format.

Experiments with more complex predicates are also conducted to determine whether
observations for simple predicates hold. As in the previous study [51], the complex predi-
cates that are studied are conjunctions of three single-column predicates ANDed together.
As in other experiments, the selectivity and number of columns projected is varied.

Finally, some experiments with an aggregate query are conducted to gain some in-
sight into how the storage organizations studied here affect the performance of higher-
level query-processing operations. The experimental aggregate query is directly based on
the aggregate queries Q21 and Q24 (MIN with 100 partitions) from the Wisconsin Bench-
mark [32], and has the following form:

SELECT ONEPERCENT, MIN(COL_A) FROM TBL GROUP BY ONEPERCENT HAVING MIN(COL_A)

The Narrow-U table’s schema is slightly modified for the aggregate experiment, re-
placing one of the standard columns with a ONEPERCENT column which has 100 unique
values and is used as the group-by attribute.

As in previous work [2, 49, 51], the performance metric used for evaluation is single
query response time, which has a large impact on overall system performance. Individual

query response time is also an important metric in interactive analysis environments.
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Physical Database Organization

This chapter explores a number of key dimensions related to physical organizations for

read-optimized main memory DBMSs. These dimension are described below.

Files vs. Blocks

In traditional DBMSs, tuples are stored in large files which are subdivided into pages
(disk or memory pages). Pages are the units of buffer management and disk I/O. Non-
clustered indices are separate files, external to the base table files which they reference.
Modern column-store DBMSs store projections of distinct columns as separate column-
striped files, which nonetheless fit into the large-file paradigm [65, 96]. Even where mod-
ern main memory DBMSs have abandoned page-based buffer management and I/0O, they
typically still organize data into large file-like memory segments.

As described in Section 3.2, Quickstep’s SM is built around the concept of “blocks”
as self-contained, self-describing units of storage. A single table’s tuples are horizontally
partitioned across many blocks. Internally, blocks have a tuple-storage sub-block which
stores complete tuples, and any number of index sub-blocks that index the tuples in the
tuple-storage sub-block. Multiple implementations of both types of sub-block, with dif-
terent physical layouts, are possible. The choice of sub-blocks is represented by additional
dimensions in experiments below.

The first major dimension of experiments is a comparison between a traditional large-
file layout and a block-oriented layout where tuples are divided amongst blocks and in-
dices, if any, are co-located with data inside blocks.

Block Size & Parallelism An important consideration for the block-oriented layout
is the size of blocks (Quickstep allows differently-sized blocks). A sub-experiment was
conducted where the size of blocks was varied by powers of 2 from 128 KB to 256 MB and
the response times of queries of the form described in Section 3.3 on the Narrow-U table
were recorded. The number of worker threads used to process queries in this experiment
was also varied, using 1, 2, 5, or 10 threads pinned to individual CPU cores, and 20 threads
with one thread pinned to each hardware thread of a 10-core hyperthreading-enabled
CPU. The results of this experiment are reported in detail in Section 3.4. In summary,
a block size of 16 MB with 20 hyperthreading-enabled worker threads resulted in good
performance across the mix of queries and other physical organization parameters that
were tested, so the number of worker threads was fixed at 20 and the block size was fixed
at 16 MB for other experiments.
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Partitioning The block-oriented design also allows tuples to be partitioned into differ-
ent groups of blocks within a table depending on the value of some column(s). A number
of strategies for assigning tuples to partitions is possible, analogous to the choices for hori-
zontal partitioning in a clustered parallel database system [73, 88]. For the queries consid-
ered here, which involve a range-based predicate on a single column, experiments were
conducted with range-based partitioning based on the value of a single column. These
experiments use 16 partitions evenly divided by value range '. For all but the 100% se-
lectivity queries, this has the effect of assigning all relevant tuples for a predicate on the

partition-column to a limited subset of blocks.

Row-Stores vs. Column-Stores

The relative benefits of row-store and column-store organization for read-optimized databases
in disk-based settings have been extensively studied [2, 49, 51]. This chapter considers the
impact of this design choice in main memory settings. Both a conventional unsorted row-
store and a column-store sorted on a single primary column are evaluated in experiments.
Both layouts are evaluated in a large-file and block-oriented context, with and without sec-

ondary indices.

Secondary Indices

Secondary indices can often speed evaluation of predicates when compared to scans of a
base table. A cache-sensitive B+-tree [87] index is implemented in the Quickstep SM with
a node size of 64 bytes (equal to the cache-line size of the test system). The response time
of test queries is measured when evaluating predicates via a CSB+-tree on the appropri-
ate column’s values for both row-store and column-store layouts, with both the large-file
and block-oriented designs. The response time using the index is compared to predicate
evaluation using scans and a binary search of the sorted column for the column-store or-

ganization.

Compression

Compression is often effective in disk-based read-optimized database settings [51]. An

important consideration for main memory read-optimized databases is whether the ad-

!The choice of 16 partitions is somewhat arbitrary, and is meant to illustrate the potential benefits of
partitioning. A full study of partitioning strategies (including handling of skew) is beyond the scope of this
chapter.
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vantages of compression still apply for data that is entirely memory-resident. Dictionary-
coding and bit-packing? compression techniques are implemented in the Quickstep stor-
age manager. Compression is available for both row-stores and column-stores, and if a
CSB+-Tree index is built on a compressed column, it will also store compressed codes. All
queries considered in experiments can work directly on compressed codes. The Quickstep
compression implementation builds up sorted dictionaries for each column as a block is
being built and, if space can be saved by compressing that column, stores compressed
codes (which still compare in the same order) instead of native values. Dictionaries for
compressed columns are stored inside blocks. For integer columns whose values are in a
limited range, bit-packing is applied without a compression dictionary by simply truncat-
ing these values down to their lower-order bits.

The difference in performance by using compression is measured in block-oriented or-
ganization on the Narrow-E table, which contains several compressible columns. Various
experiments combine compression with both row-store and column-store layouts, with
and without indexing.

Experimental Setup

Experiments were run on a four-processor Intel Xeon E7-4850 server with 256 GB of SDRAM
in a NUMA configuration running Scientific Linux 6. Each processor has 10 cores and is
clocked at 2.0 GHz. Each core has dedicated 32 KB L1 instruction and data caches and
a dedicated 256 KB L2 cache, while each processor has a shared 24 MB L3 cache. The
cache-line size is 64 bytes. Because the experiments in this chapter are focused on the per-
formance impact of data organization, most experiments are run on a single CPU socket
(with up to 20 threads) using locally attached memory (64 GB). Some supplemental scale-
up experiments that use all four CPU sockets are also conducted.

The experiments are run by a test-driver executable which generates a table from Sec-
tion 3.3 in memory with a specified storage organization, and then proceeds to run a se-
ries of experiments, varying query selectivity and projection width as described in Sec-
tion 3.3. For each combination of physical organization, table, and query parameters, 10
query runs are performed and the total response time for each is measured. The mean
and standard deviation of the execution times are reported. The total number of L2 and

L3 cache misses incurred during each query run are also measured using hardware per-

2The bit-packing implementation in Quickstep pads individual codes to 1, 2, or 4 bytes, as it was found
that the cost to reconstruct codes that span across more than one word significantly diminished performance.
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formance counters on the CPU. For these experiments, Quickstep is compiled with GCC
4.8.0 using -march=native and optimization level -03.

In the initial block-size experiments, it was found that using 20 worker threads with hy-
perthreading enabled tended to produce the best performance, so all subsequent queries
are run using 20 worker threads. Queries are run one-at-a-time, with individual worker
threads operating on different blocks for intra-query parallelism. Since the focus of this
chapter is on read-optimized databases, no sophisticated transactional concurrency con-

trol or recovery mechanisms are enabled (queries simply grab table-level locks).

3.4 Results

Most of the results reported in this section are based on queries on the Narrow-U table.
How these findings are affected by the presence of wide attributes (as in the Strings table)
and wide rows (as in the Wide-E table) are discussed later in this section.

From Figure 3.2 onward, a series of graphs is presented that compares the performance
of various options in the large space of storage organizations studied in these experiments.
All graphs show total query response time on the vertical axis (lower is always better) and
vary either the selectivity or the projection width of test queries on the horizontal axis.
Error bars show the variation in query response time across 10 experiment runs. To make
these graphs easier to read, each graph is accompanied by a table that identifies what re-
gion of the design space is being shown (the organization, tuple layout, and indexing),
with the dimension that is being examined shown in bold text. The selectivity and pro-
jection width of queries are also indicated (for any given graph, one will be fixed and the
other varied along the horizontal axis).

Block Size & Threading Experiment

An experiment was conducted to determine how to tune the size of blocks in the block-
oriented layout, and the number of worker threads used for intra-query parallel process-
ing. For this experiment, the entire set of queries described in Section 3.3 were run on a
smaller version of the Narrow-U table consisting of 100 million tuples. The size of blocks
was varied by powers of two from 128 KB to 256 MB, and the number of threads from
1 to 20 (in the 1-10 thread cases, the threads are pinned to individual CPU cores, while
with 20 threads, the threads are pinned to individual hardware threads with 2 threads
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Figure 3.1: Block size vs. response time.

per hyperthreading-enabled core). Three queries are presented below that represent the
key behavior that was observed across the entire set of queries that were run.

Figure 3.1a shows a query with a 0.1% selectivity predicate on a column store’s sort
column. Observe that optimal block sizes are in the range of 16-32 MB, and that adding
threads for intra-query parallelism results in substantial speedup. Also observe that hy-
perthreading is useful in speeding up query execution, because predicate evaluation in
this layout involves a binary search of the sorted column, a random-access pattern of mem-
ory accesses which is not well-handled by prefetching. When one thread incurs a cache
miss, it is often possible for the other thread on the same core to immediately take over and
do some work, effectively “hiding” the cost of many cache misses. In the example shown,
at 16 MB block size, enabling hyperthreading reduces response time by 17.3% over the 10
thread case, even though the average total number of L3 cache misses is similar (35790
without hyperthreading and 37202 with hyperthreading). The 16-32 MB range of block
sizes is well-tuned to allow individual worker threads to often hit cache lines that had
already been faulted or prefetched as part of previous “random” accesses.

Next, Figure 3.1b shows the result for a 10% selectivity query using a row store with a
CSB+-Tree index. Similar to the column store case above, the optimal block size is approx-
imately 16-32 MB. Again, adding threads for intra-query parallelism improves the query
performance. Hyperthreading again improves performance because it is able to “hide” the
cost of cache misses arising from random access (using a non-clustered index produces a
sequence of matching tuples in an order other than their physical order in the base row-
store, so tuples are accessed in a random order when the projection is performed). In
the example shown, at 16 MB, hyperthreading reduces overall response time by 23.1%,
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even though the number of L3 cache misses incurred is actually slightly greater (18.4 mil-
lion without hyperthreading and 19.0 million with hyperthreading). Similar results were
observed when using a CSB+-Tree to evaluate a predicate on a non-sorted column of a

column store.

Observation 1. A block size of 16-32 MB with hyperthreading enabled and all hardware threads in
use provides optimal or near-optimal performance for combinations of storage formats and queries
that involve random access.

The last query for this experiment is a simple scan query. This result is shown in Fig-
ure 3.1c. Scan-based queries have a linear access pattern which works well with cache
prefetching. Hence, there is little variation in response time for block sizes below 64 MB
(most cache misses are avoided by prefetching), and cache misses are infrequent enough
that hyperthreading does not significantly improve performance. The results are similar

when scanning a column store.

Observation 2. Scan-based queries are less sensitive to block size and perform well for all block
sizes below 64 MB. Hyperthreading is not beneficial (but also not harmful) for scan-based queries,
and query performance increases with additional threads up to the number of physical CPU cores.

Based on these observations, for the rest of the experiments, the block size is fixed at
16 MB and the number of worker threads is fixed at 20.

Relationship to Cache Size & Number of Cores

Optimal block size is related both to the CPU’s cache size and its number of cores (since
multiple cores share a unified L3 cache). To test this, block-size experiments were also
conducted on a machine with a Core i7-3610QM CPU (4 cores/8 threads with 6 MB of
L3 cache), and one with a Xeon X5650 CPU (6 cores/12 threads with 12 MB of L3 cache).
The best-performing block size is in the range of 8-16 MB for the Core i7 machine, and
about 16 MB for the Xeon X5650 machine. This suggests a rule of thumb for tuning block
size: the optimal block size is approximately 5X to 10X times the L3 cache size divided by
the number of cores °. Cache locality is important for performance, but the optimal block
size somewhat “overuses” the L3 cache, because prefetching (especially when scanning)

3This is a purely empirical observation based on performance measurements on these three Intel CPUs.
On systems with significantly different hardware (particularly with respect to memory bandwidth or cache
hierarchy and capacity), this “rule” may not apply, and benchmarks should be repeated to appropriately
tune the block size.
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can reduce the number of cache misses, and hyperthreading can mitigate the performance

impact of cache misses when they occur.

Multi-Socket NUMA Scale-Up

Queries similar to those illustrated in Figures 3.1a-3.1c were run with a larger 3 billion row
dataset using all four sockets in the multi-socket NUMA server. Increasing the number
of cores used on a single socket yielded good, near-linear speedup (10 cores were 6.5X-9X
as fast as one core, depending on the query). However, using 20 cores on 2 sockets was
never more than 20% faster than using 10 cores on a single socket, and going to 3 or 4
sockets actually caused response time to increase. The poor NUMA scaling observed in
these experiments is a consequence of the fact that the experimental code-base used in
this chapter is NUMA-oblivious, and neither the creation of blocks nor the assignment
of blocks to worker threads is done with awareness of the different access costs for mem-
ory attached to different sockets or the contention for bandwidth on inter-socket links,
causing worker threads to frequently stall waiting for data from non-local memory. The
results here confirm the need for NUMA-aware data placement and processing observed
in previous research [5, 107], which is an active area of research in the community, and an

important area of future research with Quickstep.

Files vs. Blocks

The traditional large-file organization was compared with Quickstep’s block-oriented or-
ganization across the other dimensions of the experiments. So as not to penalize the file-
based organization for a lack of parallelism, the test tables are statically partitioned into
20 equally-sized files for 20 worker threads to operate on.

Figure 3.2 shows the difference in performance for queries at 10% selectivity where the
predicate is on the sorted column of a column-store (for partitioned blocks, this is also the
column whose value the blocks are partitioned on). The performance of files is similar to
the performance of blocks for narrow projections. When projecting 5 or 10 columns, blocks
outperform files due to improved locality of access and caching behavior when accessing
several column stripes within a relatively small block to reassemble tuples (in the example
shown, file-based organization incurs 77.4 million total L3 cache misses and 1.53 billion L2

misses, while block-based organization incurs only 73.6 million L3 misses and 1.14 billion
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L2 misses). This same pattern of results occurs at the other selectivity factors that were
tested.

Observation 3. For queries with a predicate on the sorted column of a column-store, using a file
or a block organization makes little difference in performance, except for wide projections, where
blocks tend to perform better.
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Figure 3.3: Files vs. Blocks — Non-Sorted Column

Figure 3.3 shows the difference in performance for queries at 10% selectivity where
the predicate is on a non-sorted column of a row-store, and a CSB+-Tree index is used for
predicate evaluation. Across all projection widths, the block-oriented organization out-
performs the file-based organization thanks to improved locality of access in relatively
small blocks (in the example shown, when projecting 5 attributes, file-based organization
incurred 166 million L3 cache misses and 1.63 billion L2 misses, while block-based orga-

nization incurred 177 million L3 misses but only 673 million L2 misses). This result holds
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across all of the selectivity factors tested. For projections of one or more attributes, re-
duction in response time for blocks vs. files ranges from 2.1% (projecting 1 attribute at
1% selectivity) to 37.7% (projecting 10 attributes at 50% selectivity). Similar reductions in
response times for blocks vs. files were observed when evaluating a predicate on an un-
sorted column of a column-store with a CSB+-Tree index, and when evaluating predicates

via a scan on a row-store or column-store.

Observation 4. For queries with a predicate on a non-sorted column, a block-based organization
outperforms a file-based organization. This result holds for both row stores and column stores, with
and without indexing.

The block-based organization in Quickstep adds little storage overhead compared to
files (there is less than 100 bytes of additional metadata per block). The total memory
footprint of the Narrow-U table without indices is 28610 MB for files and 28624 MB for
blocks (0.05% additional storage for blocks). With a secondary CSB+-Tree index, the total
memory footprint is 35763 MB for files and 35776 MB for blocks (0.04% additional storage
for blocks).

Column-Store Load Cost

It should be noted that the cost of building large sorted column-store files is higher than
the cost of building many individual sorted column-store blocks. In these experiments,
it takes 159.8 seconds to sort the 750 million tuple Narrow-U table into 20 partitioned
column-store files (using 20 worker threads, 1 per partition). Building sorted 16 MB column-
store blocks, on the other hand, takes only 87.8 seconds (only 55% as much time, again
using 20 worker threads). The sort algorithm used in both cases is introsort [76]. As seen
in Figure 3.2, the read-performance advantages of a sorted column-store are maintained

in the block-based layout, but the initial load time is smaller.

Observation 5. The build time for a sorted column-store in a block-based organization is smaller
than that for a file-based organization, but gives the same or better read query performance.

Row-Store vs. Column-Store

Comparing row-store and column-store tuple storage layouts in blocks, it was found that,
when selecting via a predicate on the sorted column of the column-store, the column-
store outperforms the row-store for narrow projections, whether or not a secondary CSB+-
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Tree index was built on the row-store to speed predicate evaluation (indexing is discussed
turther below). As one might expect, predicate evaluation is fast for the column-store,
merely requiring a binary search on the sorted column. After this search, performing the
actual projection involves linear access to a contiguous region of a few column stripes. The
column-store’s performance advantage for narrow projections is illustrated in Figure 3.4.
For wider projections (5 or 10 attributes), the performance of the column-store is nearly
equal to that of the row-store with a secondary index, as seen in Figure 3.5. Although
predicate evaluation is more complicated when using an index, and results in a random
access pattern for tuples, the row store makes up for this by storing all the column values
needed for a projection on one tuple in one or two contiguous cache lines instead of several
disjoint column stripes. Similar results were observed when comparing column-stores and
row-stores in the large-file organization (in fact, the performance advantage for column-

stores doing narrow projections was more pronounced).
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Observation 6. For queries with a predicate on a column-store’s sorted column, a column-store
outperforms a row-store (even when using an index on the appropriate column of the row-store) for
narrow projections. For wider projections, performance of column-stores and row-stores (with an
applicable CSB+-Tree index) is nearly equal.

14/ |HEE Column Store + CSB Organization Blocks
15 =1 Row Store + CSB Tuple Storage Layout | Column-Store
E Lol vs. Row-Store
0l Indexing CSB+-Tree
' Predicate 1% Selectivity on
2 0¢f Indexed  (Non-
= 0.4 Sorted) Column
0.2r Projection Width Varies
0.0

# Of Attrlbutes PrOJected

onse Ti

Figure 3.6: Column-Store vs. Row-Store — Indices

When testing queries that include a predicate on a column other than the column-
store’s sorted column, it was found that, when using blocks, row-stores outperform column-
stores for predicates that select a small number of tuples and benefit from using an index,
as seen in Figure 3.6. When accessing column values to perform the projection, all values
lie on one or two adjacent cache lines in the row store, whereas the each column value in
a tuple is on a different (non-contiguous) cache line in the column store. The performance
advantage for row-stores is larger for wider projections because column stores incur more
cache misses for each additional column in the projection, while row stores do not. In the
example shown, when projecting all 10 columns, 97.6 million L3 cache misses are incurred
when using a column store, but only 22.0 million when using a row store.

For predicates that select a large number of tuples and are better evaluated with a scan,
the performance of row stores and column stores is equal, as seen in Figure 3.7. When
scanning, the access pattern is linear and prefetching is effective at avoiding cache misses
(both for the single tuple-storage region in the row-store and the densely-packed values
in column stripes in the column store).

Observation 7. For queries with a predicate on a non-sorted column, with a block-based orga-
nization, row-stores outperform column-stores when using indexing. This result holds for various
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Figure 3.7: Column-Store vs. Row-Store — Scanning

selectivity factors and is more pronounced for wider projections. For scan-based queries, row stores

and column stores have similar performance.*

When these same queries (with predicates on a non-sorted column) were tested us-
ing large-file organization, it was found that for queries with 0.1% and 1% selectivity, a
row-store with a CSB+-Tree index outperforms a column-store with a CSB+-Tree index for
projections of 3 or more attributes. For narrower projections, and for all queries at 10%
selectivity, the column store and the row store (both with CSB+-Tree index) have the same
performance. Just as in the block-based organization, predicate evaluation using an in-
dex takes the same amount of time in either case, but row-stores benefit from the fact that
all column values for a projection lie on one or two adjacent cache lines when projecting
more than one attribute. For queries with 50% and 100% selectivity (where indices were
no longer useful) it was found that the column-store slightly outperforms the row-store
for projections of 1, 3, or 5 attributes, and that the row-store outperforms the column store
for projections of 10 attributes. Column stores perform better at high selectivity factors be-
cause, when scanning, column stripes are accessed in a prefetching-friendly linear pattern,
and when selecting 50% or 100% of tuples, there tend to be several matching attribute val-
ues on every single cache-line accessed (8 values/line on average at 50% selectivity). Row
stores do better when projecting all 10 attributes because a single contiguous row can be
directly copied rather than being reassembled from several disjoint column stripes.

Observation 8. For queries with a predicate on a non-sorted column, with a file-based organiza-
tion, whether row-stores or column-stores perform best is situational and dependent on selectivity,

“Note that, at 50% selectivity (where it is more efficient to evaluate predicates with a scan than an index),
column-stores outperform row-stores for wide columns and for narrow projections of wide rows.
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projection width, and indexing.

As a point of comparison, scans of column-stores vs. row-stores were also tested in a
leading commercial main-memory analytical database, which is referred to as DB-X. DB-X
supports both types of storage. The relative performance of column-stores and row-stores
in DB-X is similar to what was observed in files in Quickstep (i.e. column-stores slightly
outperform row-stores when scanning).

Queries comparing row-store and column-store performance at larger block sizes (64
MB and 256 MB) were also tested to see if, at large block sizes, blocks start to behave
more like files. 64 MB blocks have results similar to Observation 7. For 256 MB blocks,
when using an index at lower selectivities, column-stores perform similar to row-stores for
narrow projections, while row-stores perform best with wider projections. When scanning
at large selectivity factors, column-stores perform best when projecting 1 attribute, while
row-stores perform best when projecting all 10 attributes (performance is nearly equal
when projecting 3 or 5 attributes). The relative performance of row-stores and column-
stores in large blocks (256 MB) is similar to that in files.

Row-stores and column-stores have essentially identical memory footprints (there is
exactly the same amount of data, the only difference being whether it is organized in row-
major or column-major order). The Narrow-U table (without indices) takes up 28610 MB

in files and 28624 MB in blocks for both column-store and row-store layouts.

Effect Of Indices

As noted above and illustrated in Figures 3.4 and 3.5, when evaluating a predicate that
selects based on the value of the sort column in a column-store, a column-store tends to
slightly outperform indexed access. This section explores the effect of indexing on row-
stores, and when evaluating a predicate on a non-sorted column of a column-store.

Figure 3.8 shows the effect of using a CSB+-Tree index sub-block to evaluate a predicate
where the underlying tuple-storage sub-block is a row-store or column-store. At 0.1%, 1%,
and 10% selectivity, using the index is faster than scanning the tuple-storage sub-block.
At 50% selectivity, using the index is roughly equal in performance to a scan. Results for
100% selectivity are not shown, as queries that match all the tuples automatically skip any
indices. Similar results were observed for other projection widths.

Figure 3.9 similarly shows the effect of using a CSB+-Tree index in the large-file layout.

Using an index again reduces query run time at 0.1%, 1%, and 10% selectivity, whether
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the base table file is a row-store or column-store. At 50% selectivity, an index is no longer
useful, and for column stores it is faster to simply scan the base table.

Using an index outperforms scanning at lower selectivity factors, because predicate
evaluation with an index requires only a logarithmic-time traversal of the CSB+-Tree struc-
ture, after which only matching tuples are accessed to perform the projection. Scanning
requires accessing every tuple in the table individually to check the predicate (a linear-
time procedure). In the example shown in Figure 3.8, at 0.1% selectivity, the total number
of L3 cache misses is 1.38 million when using an index with a row store vs. 83.1 million
when scanning the base row store. At large selectivity factors, most tuples must be ac-
cessed anyway, so the advantage of the index is muted. Additionally, scans access data in
a purely linear pattern, which allows prefetching to be effective at avoiding cache misses.
In the same example, at 50% selectivity, using an index incurs 682 million L3 cache misses,

while scanning incurs only 148 million L3 misses (an index still performs competitively de-
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spite this cache-miss disadvantage because the predicate does not need to be individually

checked for every tuple).

Observation 9. For queries with a predicate on a non-sorted column, using a CSB+-Tree index
improves query performance for selectivity factors below 50%. This result holds for blocks and files,
for both column-store and row-store tuple-storage layouts, and across all projection widths.

These results demonstrate that secondary indices can play a major role in accelerating
query performance in a main memory analytic database. The scan-only approach of sys-
tems like Blink [16] greatly simplifies query optimization, but excluding indices from the
system can unnecessarily penalize the performance of queries with lower selectivity fac-
tors. Also note that Quickstep’s block-oriented storage allows the global query optimizer
to remain index-oblivious, with the decision of whether to use an index being made inde-
pendently on a per-block basis within the storage system.

Adding a secondary index necessitates using some additional storage. The additional
memory footprint of a CSB+-Tree index on a single column of the Narrow-U table is 7152
MB for blocks and 7152.56 MB for files (25% of the storage used for the base table in either

case).

Ordering and Cache Behavior

Asnoted above, at large selectivity factors, using an index can actually increase the number
of cache misses compared to simply scanning the base table. The increased cache misses
arise because the order of matches in the index is, in general, different from the order of
tuples in the base row-store or column-store, resulting in a random access pattern when
accessing tuples to perform the projection. It is natural to ask whether it is possible to
improve index performance by first using an index generate a list of tuple-IDs matching
a predicate, then sorting this list into ascending order before accessing values in the base
table to perform the projection. Tuples in the base table are then accessed in their physical
order, effectively changing a random access pattern into a linear one, helping to avoid
cache misses and take advantage of prefetching.

Experiments were conducted to determine the effectiveness of sorting the matches (i.e.
whether improvements in cache behavior are worth the additional time required to sort
the matches). The sorting optimization performs best in combination with a column-store
in a file-based organization. For example, when projecting 10 columns at a selectivity fac-
tor of 10%, sorting matches reduces the total number of L3 cache misses from 824 million
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to 430 million. Despite this improvement, the overall query response time remains nearly
the same (nearly all of the benefit of ordered access is negated by the cost of sorting). When
the table is in a row-store format, or when using block-based organization instead of files,
sorting was not as effective at avoiding cache misses, and as a result the overall response

time actually increased due to the additional cost of sorting.

Index Build Cost

The time to bulk-load CSB+-Tree indices was measured for both the file and the block orga-
nizations, with both row-store and column-store tuple-storage layouts. 20 worker threads
were used in all cases, with each thread working on one of the static partitions in the file
organization, and working on individual blocks in the block organization. For files, the
index build time is 111.6 seconds with a row-store and 87.3 seconds with a column-store.
For blocks, the index build time is 61.6 seconds with row-stores and 33.6 seconds with
column-stores. Index build time is only 38-55% as long for blocks as for files, and 55-78%
as long when the base table is a column-store as a row-store. Note that, when using indices
on a non-sorted column, performance is better with blocks than with files (see Figure 3.3).
Build times are smaller with blocks because the tuple values in relatively small blocks con-
stitute much smaller “runs” to sort into order and build a shallower tree from. Build-times
are smaller for column-stores because all of the values that are accessed to build the index
are in contiguous regions of memory, efficiently packed with 16 values per cache line.

Observation 10. The build time for CSB+-Tree indices is much smaller for blocks than for files,
even though block-based indices give better read query performance.

Effect of Compression

Bit-packing and dictionary-coding compression techniques described in Section 3.3 were
tested in combination with row-stores, column-stores, and CSB+-Tree indices on the Narrow-
E table. In general, columns 1 and 2 can be represented by single-byte codes, and columns
3, 4, and 5 can be represented by 2-byte codes. Compression reduces the size of the
Narrow-E table in blocks from 28624 MB to 20032 MB (compression ratio is sensitive to
data distribution, and is likely to be quite different for different tables). Predicates on a
compressed column (column 5) were tested, and the projected attributes were randomly
varied as in other experiments.
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Generally, compression improves performance at selectivity 10% and below, and wors-
ens performance at selectivity 50% and above. The performance effects of compression
are consistent for column-stores (with predicates on sorted or unsorted columns) and
row-stores, with and without indexing, for all projection widths. Compression speeds
up predicate evaluation, as predicates can be evaluated directly on compressed codes and
all storage formats are more densely packed in memory, leading to more efficient usage of
caches and memory bandwidth. However, compression also increases the cost of perform-
ing projections, as codes must be decompressed before they are written to (uncompressed)
output blocks. When selectivity factors are low, the cost of predicate evaluation is domi-
nant and compression improves performance. When selectivity factors are high, the cost
of decompression begins to overwhelm the advantage from faster predicate evaluation.
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Figure 3.10: Effect Of Compression (Column Store Scan)
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Figure 3.11: Effect Of Compression (Row Store With Index)

The effect of compression when scanning a non-sorted compressed column of a column-

store is illustrated in Figure 3.10. Here, the performance improvement for compression is
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most dramatic. Scans can go through small, dense compressed column stripes, avoid-
ing most cache misses thanks to prefetching. In the example shown, for a predicate with
0.1% selectivity, enabling compression on the column store reduced the total number of
L3 cache misses from 5.98 million to 3.32 million. The effect of compression when using a
CSB+-Tree index with a row-store is also illustrated in Figure 3.11. These results are more
typical of the benefit seen from compression (similar patterns for scans of row-stores, and
when evaluating predicates on a column-store’s sort column, or on a column-store with
an index were observed), which modestly improves performance at 10% selectivity and

below, and slightly worsens performance at 50% and above.

Observation 11. Dictionary-coding and bit-packing compression improve performance when se-
lecting via a predicate on a compressed column at selectivity 10% or below. Compression makes
performance slightly worse at selectivity 50% and above. These results hold for column-stores and
row-stores, with and without indexing. Performance improvements are most pronounced when

scanning column stores.

Complex Predicates

This section examines how conjunctive predicates affect the performance of different stor-
age organizations. The predicates in these queries are conjunctions of three single-column
predicates, and the projected columns are randomly chosen for each run as in other ex-
periments.

There are a number of strategies possible for evaluating complex predicates, depend-
ing on the storage organization. Four simple predicate evaluation strategies are evaluated
here across the space of storage organizations studied (note that not all of these strategies
are possible in every organization). A pure scan, where values for each predicate column
are explicitly read and checked, remains the simplest strategy for both column-stores and
row-stores. For a column-store where one of the predicates is on the sort column, a binary
search can quickly evaluate that predicate, and the matching tuples can then be scanned
and filtered by the remaining predicates on other columns (i.e. a scan, but with a sim-
pler predicate over a smaller range of tuples). When an index is present on one of the
columns in the conjunction, the index can be used to evaluate that predicate, and values
from matching tuples can be fetched to explicitly check the remaining predicates (again,
evaluating a simpler predicate over a smaller number of tuples, but in this case in random

order). Synergies between these specialized methods are possible. As a fourth strategy,
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the case where one predicate is on the sort column of a column-store and another is on an
indexed column is evaluated. The range of tuples that match the first predicate is deter-
mined first (using a binary search), then the index is used to evaluate the second predicate
and automatically skip over any tuples which aren’t in the range for the first. Finally, col-
umn values for any tuples which are known to match the first two predicates are fetched
to evaluate the third predicate.
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Figure 3.12: Conjunction — Evaluation With Column-Store & Index

The performance of these strategies is illustrated in Figure 3.12. Here it can be seen
that a pure scan performs worst, and using either a CSB+-Tree index or a search on the
column-store’s sort column is effective at reducing query response time. When projecting
three columns, the pure scan incurs 38.7 million L3 cache misses. Using a CSB+-Tree index
actually increases the number of L3 cache misses to 163 million (the random access pattern
is less amenable to prefetching), but it makes up for this by reducing the number of tuples
that predicates must be explicitly checked for by 78% (at 1% selectivity), and also reducing
the number of predicates that must be explicitly checked from 3 to 2. Doing a binary search
on the sort column has all the advantages of using an index, but also has the additional
advantage of reducing the number of L3 cache misses to 16.3 million.

The virtuous effects of the index and the sorted-column search compound each other
when they are used in combination to evaluate different parts of a conjunctive predicate,
significantly outperforming either used alone. The combination of both techniques re-
duces the number of tuples that must have predicates explicitly checked to just 4.6% of
the tuples in the table (at 1% selectivity), and only one predicate needs to be explicitly
checked. The number of L3 cache misses incurred when using the combined technique is

39.8 million (about the same as a scan, and worse than just the binary search, but overall



49

performance is better because there is only one remaining predicate, and it needs to be
checked for far fewer tuples). Similar results for conjunctions were observed at other high

selectivity factors.

Observation 12. For conjunctive predicates with overall high (<10%) selectivity, using a sorted-
column search and a CSB+-Tree index in combination outperforms either technique used on its

own.
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Figure 3.13: Conjunction — Column Store vs. Row Store — Indices

For most conjunctive queries, the previously stated observations regarding the rela-
tive performance of different storage organizations hold. One exception to this is Obser-
vation 7. When evaluating a conjunctive predicate with a low selectivity factor (0.1% or
1%) using an index on a single column in the predicate, column stores slightly outperform
row-stores for narrow projections as illustrated in Figure 3.13. After matches are obtained
from the index for part of the conjunction, the rest of the predicate must be checked by
tetching values from two other columns in the base table, and these additional values are
more densely packed in cache lines in a column-store (in the example shown, when pro-
jecting 1 column, the number of L3 cache misses is 202 million for the row-store, but only
148 million for the column-store).

Aggregation

As a final experiment, an aggregate query with a GROUP BY clause (with 100 partitions)
was run against the different storage organizations studied. A multithreaded hash-based
implementation of GROUP BY is used, where each worker thread maintains its own hash-

table keyed on the value of the grouping attribute, with a payload which is the aggregate’s
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“handle” (in this case the running value for MIN()). The final step in query execution is to
merge the per-thread hash tables together into a single global result and apply the HAVING
condition as a filter. Response time for aggregate queries is shown in Figure 3.14.
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Figure 3.14: Aggregate — MIN with 100 partitions

In general, the performance of aggregation closely tracks the performance of a scan
with a two-column predicate and no projected output. For every tuple, two columns val-
ues are read: the group-by column, which is used to probe the hash table, and the aggre-
gated column, which is compared with the running minimum for a given partition and
possibly replaces it. The hash tables for this 100-partition query are small and easily fit
in the L1 data cache, so the dominant cost is the cost of reading all the values from two
columns of the base table. Prefetching is effective for this linear-scan access pattern, and
the dense packing of values in the column store causes it to incur fewer cache-misses and
outperform the row store in this case (the block-based row-store incurred 172 million L3
cache misses, but the block-based column-store incurred only 10.8 million).

Efficiently computing aggregates in-memory is an active area of research, particularly
when data cubes and advanced holistic aggregates are involved [77, 90]. A full study
of main-memory aggregation is beyond the storage-engine focus of this chapter, but the
results do indicate that for simple aggregate operations, aggregate performance is closely

related to scan performance.

Effect of Wide Columns

In order to study the effect of wide columns, the experiments from previous sections were
repeated using the Strings table, which has ten 20-byte wide columns and 1/5 the number

of tuples as the Narrow-U table. Most of the queries tested experience a reduction in
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runtime on the order of 3X to 5X compared with the equivalent queries on the Narrow-U

table, which shows that table cardinality is a dominant linear factor in response time.
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Figure 3.15: Wide Columns (Strings Table) — Scanning

With the overall reduction in query response time, results for the Strings table are
remarkably consistent with those for Narrow-U. The previously identified observations
hold, with the following caveat: in the block-based organization, column-stores are more
competitive with row-stores for queries with a predicate on a non-sorted column. At0.1%,
1%, and 10% selectivities, when using an index, row-stores still outperform column-stores
when projecting more than one attribute, but the difference is less pronounced. At 50%
selectivity, when using a scan, column-stores outperform row-stores for narrow projec-
tions. This result is illustrated in Figure 3.15. This behavior is because tuples in the strings
table are 200 bytes wide and span over 4 or 5 cache lines in a row store, which mutes the
advantage row stores have when projecting small values for several columns which were

often on the same cache line in Narrow-U.

Effect of Wide Rows

In order to study the effect of wide rows, the experiments from previous sections were
repeated using the Wide-E table, which has 50 integer columns and 1/5 the number of
tuples as the Narrow-U table. Most of the queries tested have a runtime similar to the
equivalent queries on Narrow-U when producing the same volume of output (i.e. 1/5
as many tuples but 5 times as many columns). Results for the Wide-E table were also
consistent with those for Narrow-U. All previously identified observations hold for wide
rows, except that in the block-based organization, at selectivity factor 50% (at which point

indices are not useful, and predicates are evaluated via a scan), a column-store is faster
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Figure 3.16: Wide Rows (Wide-E Table) — Scanning

for narrow projections, while a row-store is faster for wide projections, as illustrated in
Figure 3.16. Again, this can be partially attributed to the fact that wide 200-byte rows are
spread across 4 or 5 cache lines in a row store, and it is necessary to project a substantial
portion of the columns to see a benefit from locality of access due to several projected
attributes from a matching row lying on the same cache line. Additionally, a column store
will typically store values from several matching tuples together on the same cache line
for a query with high (~50%) selectivity, so that a cache line which is fetched to perform a
projection for one tuple will typically remain resident and also be used when projecting the
same attribute for the next few tuples. For example, in the figure shown, when projecting
one column, the row-store incurs 241 million L3 cache misses, but the column-store incurs
only 3.72 million. Note that for smaller selectivity factors, when using an index, a row-
store still outperforms a column-store across the board in the block organization.

3.5 Summary of Experimental Findings

The experimental observations in this chapter can be distilled to the following insights for

physical organization of data in a read-optimized main memory database:

1. Block-based organization should always be used over file-based organization. Per-
formance for blocks is always at least as good as files, and often better. Additionally,
blocks have cheaper load costs, both for sorting column-stores and building CSB+-
Tree indices.

2. Both column-store and row-store organization should be available as options for
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tuple-storage layout. Column-stores perform best when there is a single dominant
(i.e. sorted) column which predicates select on, or when the selectivity factor is large
(~50%) and the columns are wide, or rows are wide and projections are narrow. Row-
stores perform best when selecting via predicates on various different columns, with
or without an index, except for edge cases at large (~50%) selectivity factors noted
previously. These results show that despite the fact that most leading analytic DBM-
Ses are purely or primarily column stores, there is a significant class of queries where

row-stores have the performance edge.

3. CSB+-Tree indices, co-located with data inside blocks, are useful in speeding
query evaluation with predicates on a non-sorted column. The advantages of CSB+-
Tree indices are applicable whether the tuple-storage format is a row-store or column-
store, for selectivity factors smaller than ~50%. At larger selectivity factors, it is bet-
ter to simply scan the base table. This shows that indexing can still play a role in
improving query performance in the in-memory setting, and in-memory database
designs that are purely scan based (e.g. BLINK [85]) miss an opportunity to apply a
technique that can significantly reduce query response time, particularly for highly

selective queries.

4. Compression can improve query performance across the other dimensions of stor-
age organization studied. When a column’s data is amenable to compression, com-
pression consistently improves performance for queries at 10% selectivity or be-
low, especially when scanning an unsorted column of a column store. On the other
hand, compression can slightly diminish performance at higher selectivity factors.
Previous studies [51] have emphasized the benefits of compression in speeding up
predicate evaluation, and compression is widely deployed in commercial analytical
DBMSes [35, 65, 84, 85, 92]. The results in this chapter demonstrate that some care
must be taken when applying compression, however, as the cost of decompressing
attribute values when performing compression can outweigh the advantages from

faster predicate evaluation when selectivity factors are high.

3.6 Related Work

The design of high-performance main memory databases to support analytical workloads

has been a vibrant area of research for over a decade. An early pioneer in this area (and



54

also in the field of column-stores) was MonetDB [25], and subsequently Vectorwise [113].
Quickstep applies lessons from MonetDB and Vectorwise, particularly in how it material-
izes intermediate results using tight execution loops.

There are a number of commercial products that target the main memory data analyt-
ics market, including SAP HANA [35], IBM Blink [16, 85], Oracle Exalytics [75], and Oracle
TimesTen [64], as well as academic projects like HyPer [60] and HYRISE [46]. These sys-
tems vary widely in terms of storage organization, with some employing row-stores, some
column-stores, and some both, and each system offering different options for compression
and indexing.

The space of possible data organizations is not limited to row-stores and column-stores,
and includes other alternatives such as PAX [3] and data morphing [47]. The HYRISE
project [46] has adapted data morphing techniques to the main memory environment. To
control the scope of the experiments presented here, only the widely-used row-store and
column-store layouts were studied in this chapter. It should be noted, however, that the
modular and flexible Quickstep storage system (see Section 3.2) makes it easy to integrate

new storage formats into Quickstep and conduct similar experiments with them.

3.7 Conclusion

This chapter identified and evaluated key parts of the design space of storage organiza-
tions for main memory read-optimized databases that can have a major impact on the
performance of analytic queries. The empirical evaluation presented here has found that
block-based organization performs better than file-based organization, that column-stores
and row-stores each have advantages for certain classes of queries (and both options should
be considered for high-performance), that CSB+-Tree indices, co-located with data inside
blocks, can play a major role in accelerating query performance, and that where data is
amenable to compression and selectivity factors are sufficiently small, compression can
also improve query performance.

The design space for storage organizations is large, and while the key dimensions of
the design space are explored in this chapter, there are also other open areas that are worth
exploring. The Quickstep storage manager produced as part of this work could be used
to explore portions of the design space that are not covered in this study.

Perhaps the most important overriding result in this chapter is that in most dimen-

sions of in-memory storage organization, there is no “one size fits all” design choice that
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consistently achieves the best performance across a range of queries. For instance, despite
the fact that a column-store is the default or only tuple storage layout available in many
leading analytical databases [65, 84,92, 113], row-stores still manage to outperform column
stores in many queries where several attributes are projected due to superior cache locality
properties. While some systems like BLINK [85] eliminate indices entirely and evaluate all
selections with scans, the experiments in this chapter showed that CSB+-Tree indices can
significantly reduce query evaluation time, especially for highly-selective queries. Which
storage organization choices are most efficient depend on the data and the query load, and
as such a flexible storage engine that allows different physical data organizations to coexist
within the same system is useful. Physical database design in such an open environment
is a challenge, but the specific experimental results in this chapter are a useful basis for
both manual physical schema tuning and the development of automated tools to choose
physical organization parameters.
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4 TRANSACTIONAL MESSAGE BUS: A RELIABLE AND SCALABLE

COMMUNICATION PARADIGM

4.1 Introduction

A crucial component of any scalable distributed system is a communication fabric that
allows different actors in the system to communicate with each other. For example, a
distributed search engine needs to send queries to different workers (each in charge of a
distinct partition of the data) in the system, and then collect these results. A distributed
data processing system needs a query coordinator to send sub-queries to different workers
in the system and aggregate results.

Even in a single-process version of Quickstep, communication between the scheduler
and many worker threads is an important concern. Simple mechanisms like a global FIFO
work queue do not scale well with many cores, especially in a NUMA setting where access
to shared memory often requires reading from non-local NUMA memory (which is slower
than local memory both in terms of latency and bandwidth) and generates a large amount
of cache-coherency traffic (and cache evictions) between sockets. The Transactional Mes-
sage Bus described in this chapter serves an important role for in-process communication,

and can also be used transparently over the network in a future distributed version of

’Feature H TMB ‘ActiveMQ ‘Spread Toolkit ‘ Kafka ‘Akka ‘Amazon SQS ‘ZeroMQ ‘
Point-to-point Messaging Yes |Yes Yes Yes Yes Yes Yes
Group Messaging Yes |Yes Yes Limited A | Limited* No Limited*
Guaranteed Delivery Yes |Optional |Yes Yes No Yes No
Persistent Queues Yes |Optional |No Yes Optional Yes No
Queryable Queues Yes | Yes No Yes No No No
Virtual Synchrony Yes |Optional-- | Yes No No No No
Robust to Client Failures Yes | Yes Partial® Yes Yes Yes No
Robust to Service Failures (highly available) || Yes | OptionalO | Yes Yes N/A Yes N/A
Tied Messages Yes |No No No No No No
Priority & Deadlines Yes |Yes No No Deadlines Only | Deadlines Only | No
Message Size Limit None | None 100 KB Varies Varies 256 KB None

A Publish subscribe or “consumer group” that routes each message to single recipient only.
* Publish-Subscribe Only

-+ Virtual synchrony only available in single-broker or master-slave configuration.

4 Messages can be lost if a client crashes during receive and later recovers.

O Highly available only in multi-broker or failover configuration.

Table 4.1: Messaging Framework Feature Comparison
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Quickstep.

In early distributed systems, communication was often ad-hoc and not cleanly ab-
stracted into a framework, which made programming and reasoning about concurrent
behavior difficult and error prone, especially in the presence of unreliable components
and networks. These challenges motivated the development of reusable general-purpose
communications systems, and the history and development of several notable examples
are covered in Section 4.2. Today, “Message-Oriented Middleware” (or MOM) is a major
industry, with many different products available that serve as key building blocks for di-
verse distributed applications. MOM systems have also been of particular interest to the
database community, since message queues can be viewed as a type of database and the
operation of a MOM system as a special case of transaction processing.

Surprisingly, there has not been a systematic evaluation of such communication frame-
works. This limitation is addressed in this chapter. There are many good ideas and fea-
tures in existing communication frameworks, but there isn’t a single system that provides
a comprehensive set of desirable features. Thus, this chapter introduces a new commu-
nication framework called a Transactional Message Bus, or TMB. Table 4.1 compares the
TMB'’s feature set with that of popular communication frameworks, including Apache
ActiveMQ [7] (a popular message broker implementing the Java Message Service [48]),
the Spread Toolkit [94] (a virtually synchronous messaging framework), Apache Kafka [8]
(a distributed, partitioned message logging service), Akka [100] (a Java-based toolkit for
building message-driven distributed applications), Amazon Simple Queue Service [6] (a
cloud based persistent queue service), and ZeroMQ [54] (a lightweight embedded broker-
free messaging library). None of these existing systems have the entire ensemble of features
present in a TMB, which this chapter will argue is needed to build distributed systems that
are scalable, performant, and reliable.

The second contribution of this chapter is to cleanly define the semantics of TMBs (see
Section 4.3). TMBs are transactional in that the sending and receiving of asynchronous mes-
sages are ACID transactions with guaranteed delivery, data persistence and recovery sup-
port, and a consistent, deterministic set of semantics for addressing and ordering messages
based on the well-known model of virtual synchrony [19] with some extensions, such as
application-defined message priority and cancellable messages. Although the message-
level transactions provided by the TMB do not automatically translate to application-level
ACID transactions in a distributed system, consistent and reliable messaging semantics

can make it easier to implement application-level transactions.
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The last contribution of this chapter is the design and evaluation of a “pluggable” mod-
ular software architecture for TMBs that allows components providing transaction man-
agement, durable persistent storage for messages, and network transparency to be freely
combined into a complete TMB stack. Building on, and inspired by, the observation that
communication between workflows via persistent queues is a database problem [44], these
TMB components have been implemented using a variety of both relational and NoSQL
database systems (SQLite, VoltDB, Zookeeper, and LevelDB). Additionally, lightweight
“native” components have been implemented at each level of the stack that are written
from scratch and do not depend on any third-party database. A key contribution of this
chapter is considering how a full-featured messaging framework can be built from various
transaction processing systems, and what implications different approaches to transaction
processing have for the reliability, performance, and scalability of messaging. Section 4.4
describes the design and tuning of these different TMB implementations in detail. Sec-
tion 4.5 contains a comprehensive experimental evaluation of the performance of these im-
plementations. Section 4.5 also presents an experimental comparison of the performance
of TMBs with Apache ActiveMQ [7] and the Spread Toolkit [94], two popular purpose-
built MOM systems.

4.2 Related Work

Communication is crucial to any distributed or parallel application, but it is impractical
and error-prone to design a custom communication subsystem from scratch for every such
application. As such, many distributed systems rely on a common reusable communi-
cation service that provides a useful abstraction for communication among many actors
while masking the complexity of the underlying implementation. There have been many
efforts to integrate rich feature-sets and strong guarantees about consistency and relia-
bility into such communication frameworks in order to make programming applications
easier and reduce the need to develop ad-hoc solutions to problems that can arise in an un-
predictable and sometimes unreliable network environment. This section describes some

of this related work.

Classical Communication

One of the earliest abstractions for communication is the remote procedure call [22] (RPC),
which allows invoking code on remote machines. More recent methods include Message
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Passing Interface (MPI) [45] to program distributed-memory systems, and CORBA [50,
102] to access “distributed objects.” These methods cover some, but not all, features in
TMBs. Notably, the notion of reliability of RPC has been addressed by systems like ISIS [20],
which introduces the “virtually synchronous” execution model that is the basis for the
TMB’s semantics. There is also work on pushing reliability and consistency features to
the communication layer in CORBA [86] to ease application programming (the TMB is
based on a similar design philosophy).

Virtual Synchrony

Virtual synchrony provides distributed processes the illusion of a serial, synchronous se-
quence of events that occur in the same order for every process. The key aspects of virtual
synchrony are address expansion, and delivery atomicity and order [19]. Address expan-
sion means that sending a multicast message to a named group of processes requires all
participants to have the same consistent view of group membership when the message
is sent and when it is delivered. Delivery atomicity requires that all of the recipients of
a multicast message will eventually receive or (only if the sender fails) none do. Finally,
delivery ordering may be either causal or absolute. Causal ordering merely requires that
for any two messages sent by the same sender to the same (or overlapping) receiver(s), the
messages are received in the same order that they are sent (this corresponds to Lamport’s
definition of the causal happens-before relation [67]). Absolute ordering extends this re-
quirement by imposing a total order on the receipt of messages for all processes in a group.
By default, TMBs provide virtual synchrony with at least causal message ordering. TMB
implementations that are based on relational database management systems (DBMSs) also
provide absolute ordering. TMBs also provide mechanisms whereby applications can in-
tentionally violate causal ordering so that, for instance, higher-priority messages arrive

before lower-priority ones.

Message-Oriented Middleware

MOM is a major industry [30], with products such as [6, 7, 52, 81, 82], and standards like
the Java Message Service [48] which provides a common API for many products.
MOM systems provide an asynchronous messaging service for cooperating applica-

tions. The MOM manages a queue of incoming messages on behalf of each client, and the
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acts of sending (enqueueing) and receiving (dequeueing) a message are decoupled and
asynchronous.

The basic MOM model has some limitations that have inspired extensions to integrate
messaging with distributed ACID transactions [74, 98] and to integrate enforcement of
logical conditions on message delivery into the MOM itself [97]. In this body of work,
a key focus is to “push down” features like at-least-once message delivery, deterministic
ordering, and failure recovery to the communications layer to make it easier to engineer
distributed applications. Systems like Horus [101] have even made such additional func-
tionality “pluggable” so that applications can select for themselves which features they
need from the messaging layer. This body of work has provided many cues in develop-
ing the TMB, which also provides point-to-point and group-oriented messaging that is
integrated with strong reliability, consistency, and ordering guarantees as detailed in Sec-
tion 4.3.

Persistent Queues

A major inspiration for the TMB was work on persistent queues. As the MOM industry
developed and began to integrate with DBMSs, it was realized that message queues are
themselves transaction-processing DBMSs, and can be implemented using existing rela-
tional DBMS features [44]. Some MOM advocates countered that existing DBMS products
were too “heavyweight” and slow for messaging applications [15], but DBMSs have con-
tinued to make performance improvements, especially in main-memory systems [53, 59],
and experience in developing the TMB has shown that modern transaction-processing
databases are more than up to the challenge.

The integration of transaction processing (TP) monitors and DBMSs with message-
driven distributed systems also lead researchers to realize that to build a truly reliable TP
system requires a persistent, recoverable system for request queues [18]. Reliable queue-
ing of requests has been integrated into leading commercial DBMS products as part of a
service-oriented database architecture [28]. TMBs owe a great deal to lessons learned from
persistent queues and generalize the concept to many different styles of asynchronous
communication suitable for diverse application domains. TMBs also include built-in fea-
tures such as tied messages, group messaging, and virtual synchrony which are crucial
for modern distributed applications; thus, making writing distributed applications with
TMB much easier.
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4.3 TMB Semantics

This section develops the TMB semantics, including reliable and consistent message de-

livery even in the face of failures.

Example

To illustrate the TMB API, consider a simple distributed search application as an example.
This application consists of a several servers that each contain a different partition of some
text data. Clients can search the data by sending a request to each server and collecting
all of their responses, using the following TMB pseudo-code:

search (keyword) :
for server in search_servers:
tmb.Send(server, SearchRequest(keyword))
responses = tmb.Receive()

return concatenate(responses)

The servers run a message-driven loop to service requests:

loop:

request = tmb.Receive()

matches = find request.keyword in local_data

tmb.Send(request.sender, SearchResponse(matches))

The server-side loop blocks until a message is available, then proceeds to search its local
partition of the data, and send results back to the client that made the request. Sending
and receiving a message are decoupled and asynchronous, so clients and servers don’t
have to wait for each other, but the guaranteed reliable delivery and abstract addressing
provided by the TMB means that the application code doesn’t need to worry about lost
messages or retry loops. Thus, writing the application becomes far simpler given the TMB
abstraction.

TMB API

The calls in the TMB API are as follows:



62

® Connect()/Disconnect(): Connects a “client” (i.e. some actor using the TMB) to the
bus so it can start sending and receiving messages, and permanently disconnects it,
respectively. The Connect () call returns a unique ID that the client uses to identify
itself to all other API calls.

® RegisterClientAsSender() /RegisterClientAsReceiver(): Informs the TMB that
a client is capable of sending or receiving a certain type of message. TMBs support
sending any number of different application-defined classes of messages, which is
discussed in detail below.

* Send(): Send a message to one or more other clients of the TMB. The arguments
to this call include the message itself (tagged with a type identifier) and an address
which specifies recipients. Other optional arguments allow a sender to use addi-
tional messaging features that are described below.

* Receive(): Receive pending messages. This method is available in both a blocking
version that waits until at least 1 message is available and a non-blocking version
that returns immediately if no messages are pending for a client. These methods
can be used to receive messages one at a time, or to get multiple messages in a batch.

* DeleteMessages(): Erase one or more received messages from the TMB. By default,
Receive () does not erase messages as they are received, so that if a client fails or
experiences some error, it can recover and not lose any messages. An explicit call
to DeleteMessages () can be issued when a client is actually finished processing a
message and no longer needs the TMB to retain it.

* CancelMessages(): Cancel a previously sent message, preventing any client from
receiving it in the future. This call can be made by the client that originally sent a
message, or by any of several clients that receive the message. Cancellation is dis-

cussed in detail below.

Every TMB API call is implemented as an ACID transaction on the TMB’s state (note
that this does NOT automatically mean that applications running on the TMB are trans-
actional, but it does help to reason more easily about concurrency and ordering). Below,

the semantics of these transactions are discussed in more detail.

Clients

A client is an abstract entity that sends and receives messages using a TMB. Depending

on the structure of an application, clients may be independent threads in a parallel pro-
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gram, independent processes running on separate machines in a distributed setting, or
some other application-specific entity (for example, nodes in a graph-oriented processing
model like Bulk-Synchronous Parallel). A client registers itself with the TMB by calling
Connect (), which returns a globally unique identifier that the client uses to identify itself
for any other call to the TMB APIL.

A TMB “remembers” a client and retains any metadata and pending messages until
that client explicitly disconnects by invoking the Disconnect () API call. This means that
even if a client fails and later recovers (for instance as a result of crash or hardware failure),
no messages are lost, and other active clients may still receive messages that the client sent
before failing, as well as send messages which a failed client can receive once it recovers.
In this way, the TMB provides highly available messaging even though clients may be

unreliable.

Messages

Messages are the basic unit of communication between clients. There are no restrictions
on the content or format of messages. A message is simply an arbitrary sequence of bytes
that are opaque to the TMB itself. From the application’s perspective, this abstraction
allows virtually any serializable data structure to be a message, including text strings, flat
programming language variables and structures, or any of several popular interoperable
formats for structured or semi-structured data, such as JSON, XML, Protocol Buffers, and
Apache Thrift.

It is natural that applications may use a TMB to send many different “types” of mes-
sages, and that different clients may be capable of sending or receiving only certain types
of messages. Each message has a “message type” identifier that is specified by the sender.
Clients can register as senders or receivers for a particular message type, and the TMB en-
forces the policy that a client may only send a message of a type for which it is registered
as a sender, and that any explicitly-specified recipients of a message must be registered
as a receiver of the type. These tests are performed immediately as part of the Send ()
transaction, aborting and returning an error code to the sender if the check fails.

Say  that the  example  distributed  search  application  defines
SearchRequest as message type 0 and SearchResponse as message type 1. A client con-
necting to the TMB for the first time has the following start-up procedure (the server’s
procedure is the same, with the message types reversed):
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my_id = tmb.Connect ()
tmb.RegisterClientAsSender (my_id, 0) // Request
tmb.RegisterClientAsReceiver(my_id, 1) // Response

Sending Messages

The core purpose of the TMB is to deliver messages between clients reliably, but asyn-
chronously. Asynchronous delivery has positive implications for the performance and
scalability of TMBs, since clients generally do not need to wait for each other, as well as for
availability, since senders can still send messages to clients that have temporarily failed or
are “lagging” (processing messages slowly).

To send a message, a client calls Send(), supplying the message (including its type
identifier) and an address that specifies one or more clients to receive the message (ad-
dressing is described below). The TMB checks that the client is connected and registered
as a sender of the specified message type, and that each explicitly specified recipient is
registered as a receiver of the message type. If the attempted send operation violates any
of these constraints, the transaction is aborted and an error code is returned to the client.
On the other hand, if the checks are successful, then a copy of the message (plus some
additional metadata, including the client ID of the sender and the timestamp at which the
message was sent) is pushed on each receiver’s queue of incoming messages. As with other
operations, pushing a message on a client/receiver queue is an ACID transaction. Indeed,
each of the four ACID properties is important to the correctness of the TMB implemen-
tation: enqueueing a message must be atomic so that no partial, garbled, or misordered
messages appeatr, consistent so that clients always see a valid queue state and that mes-
sages appear in the correct order (see Section 4.3 for details on ordering), isolated so that
multiple concurrent senders and the receiver itself do not interfere with each other when
enqueueing or dequeueing messages, and durable so that once a message is sent it is guar-
anteed to eventually be received by a client so long as that client (or a replacement that is

brought up for it after a failure) continues to receive messages. '

!There are two cases where a message might not be delivered. The first is when client permanently
disconnects from the TMB by calling Disconnect () without first emptying its queue, in which case “left-
over” pending messages are discarded. Disconnect () can be made conditional so that it only succeeds if
the queue is empty, but applications should still be aware of this edge case. The second case is when a client
fails and is never recovered or replaced, in which case messages will stay durably queued indefinitely in
anticipation of eventually being read or explicitly discarded.
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Addressing Modes

A TMB provides two ways of specifying which clients should receive a message. The
tirst is explicit addressing, where a sender simply specifies a list of unique client IDs that
should receive the message. A client may know these client IDs as a result of out-of-band
communication, or as a result of previous communication using the TMB (recall that the
ID of the client that sent a message is provided to each client that receives it). To validate
an explicit address, the TMB checks that each specified client is connected and, if so, if it
is registered as a receiver of the message’s type.

The second mode of addressing is implicit, where the sender simply requests that a
message be delivered to any client that is capable of receiving it (i.e. to any client which
is registered as a receiver for the message’s type). If no connected clients are capable of
receiving the message, then an error code is returned to the sender, otherwise the send
transaction proceeds as normal using the set of receivers for the message type as its list of
recipients.

Both modes of addressing allow for more than one recipient to be specified for a mes-
sage. If the sender specifies that a message should be broadcast, then a copy of the message
will be enqueued for every specified recipient. If the message is non-broadcast, then a
single client is chosen from the set of possible recipients to receive the message.

Combining implicit addressing and broadcast allows the clients in our distributed

search example to “discover” and send a search request to all servers, as follows:

status = tmb.Send(ANY, BROADCAST,
SearchRequest (keyword) )
if status == NORECEIVERS:
return {empty}

The combination of implicit addressing and broadcast also enables publish-subscribe
style messaging in a TMB by simply using a different message type ID for each channel.

Receiving Messages

Each client that is connected to a TMB instance has a persistent, transactionally-consistent
queue of incoming messages. The Receive () transactions observe a consistent snapshot
of the queue and retrieve messages from it. In order to amortize the costs associated with

accessing the queue, a client may choose to receive a batch of messages all at once, with
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an optional limit on the size of the batch. Both blocking and non-blocking versions of the
Receive() call are provided. A client that operates a purely message-driven main loop
(like the server in the example) would prefer the blocking version, since it has nothing
to do without any messages, and simply waiting for the blocking call to return is more
efficient than repeatedly polling the non-blocking version. On the other hand, a client
may not wish to block waiting for messages while none are available, instead performing
some other useful work. In that case, the client can use the non-blocking version that
returns immediately if it sees that no incoming messages are currently queued.

Deleting Messages

When and how messages are removed from queues is an important consideration for the
reliability of an application that uses a TMB. Messages could be removed from queues
when they are received as part of the same transaction. However, this approach can cause
problems for some applications when the client fails, which will now be illustrated. Con-
sider receiving and immediately deleting a message from the TMB’s durable store as soon
as a client receives it. Next, assume that the client fails before it can actually process the
message. Later, when the failed client restarts and is ready to receive messages, it will
simply start processing new messages. The message(s) that it received, but did not pro-
cess before the failure event, will seem to have “disappeared”. Thus, a client that fails can
cause a violation of the durability and guaranteed message delivery properties.

To address this problem, receiving and deleting messages are separate operations in a
TMB. Receive () is a read-only transaction that retrieves a message from the appropriate
queue, but leaves the message in-place. Once a client has processed a received message
and handled it in the appropriate, application-specific way (including possibly sending
out responses or other additional messages using the TMB), it then makes a separate ex-
plicit call using the DeleteMessages () APL This second call triggers a separate transaction
that actually erases the message from the queue. A client that makes multiple Receive ()
calls without deleting messages will see the same messages again, thus ensuring at-least-
once delivery of messages even when clients fails. TMBs optionally allow messages to be
deleted as they are received (admitting the anomaly discussed above for applications that
can tolerate it), but this is not the default behavior.

Say that the example distributed search application requires 100% recall, but servers
sometimes suffer temporary outages (the frequency of which naturally increases in a dis-

tributed setting). The application can be made robust to such outages by writing the
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server’s main loop as follows:

loop:

request = tmb.Receive()

matches = find request.keyword in local_data
tmb.Send(request.sender, SearchResponse(matches))

tmb.DeleteMessage (request) ;

Now, if a server fails after calling Receive (), but before calling Send (), it will reenter
the loop when it recovers, receive the request again, and proceed as it normally would.
Note that there is a small window where the server could fail after calling Send (), but be-
fore calling DeleteMessages (), in which case the server would do its local search and send
a response again. A client-supplied request ID can be added to the request and response
messages so that clients can discard such duplicate responses, achieving exactly-once se-

mantics even in the presence of failures.

Additional Messaging Features

Thus far, messages have been treated as opaque, aside from their type. This section devel-
ops some additional, but optional, features of messages that can make TMBs more useful

in various application settings.

Deadlines & Priority Levels

It is often a case that a sender may only want a message to be received within a certain
time frame, especially in interactive applications. In the distributed search example, if
some servers are lagging, then it may be preferable to return partial results to the user
within a limited time frame rather than to wait for all the servers to respond [31]. After
that window has passed, any outstanding requests are obsolete, and processing them is a
waste of time on servers that were already lagging (this can be a vicious cycle, as servers
that already have long queues have to do more work to catch up).

In order to avoid doing redundant work, which compounds the problem of lagging, the
TMB allows an optional expiration time to be specified with the Send () call. In the corre-
sponding Receive () call, each message’s expiration time is checked against the timestamp
of the transaction, and expired messages are silently discarded. Expiration times also af-
fect the order in which messages are received by clients. Messages that expire sooner are

received before those that expire later (messages that have no expiration time are received
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last). Thus, the TMB prioritizes messages with an earlier deadline so that, if possible given
time constraints, all messages will be received and processed.

The TMB can also give applications explicit control over the relative ordering of mes-
sages by allowing senders to specify a priority level for each message. Message queues
are ordered in descending order of priority, with ties broken using the earliest-deadline-
first policy described above. In the example application, there might be multiple classes
of clients sharing the same service. Some are interactive and sensitive to latency, while
others are doing offline batch-processing. It makes sense to assign a higher priority to
the interactive requests so that they get serviced first, with the long-running batch jobs
proceeding when the servers are not otherwise busy. This approach generalizes to any
number of priority levels, which can make it easier to achieve service level objectives for

different groups of clients.

Ordered Delivery & Streaming

The features described above affect the order in which messages are received, which re-
quires treating the queue of incoming messages for each client as a priority queue. Still,
unless a sender explicitly and intentionally changes the order in which messages it sends
to a particular client should be received by specifying different priorities or deadlines, it
is useful for a sequence of messages from a particular sender to a particular receiver to be
received in the same order as they were sent, i.e. to provide virtual synchrony with causal
ordering [19]. This semantics facilitates streaming of data via multiple discrete messages,
making it easier to reason about messaging between concurrent clients [21]. This func-
tionality is easily achieved by using the send timestamp attached to each message to order

messages by their send time when priority and expiration time are the same.

Message Cancellation & Tied Messages

Tied messages are an effective technique for dealing with latency variability in large-scale
interactive web services [31]. A major source of variable latency in large-scale distributed
services is queueing delay on servers. A tied message is a request which is sent to multiple
servers that are able to process it. A tied message includes information about each of
the target servers. Clients issue a tied request to two or more servers that are capable of
servicing it. Once a copy of the message reaches the head of one of the servers’ queue,

that server will “cancel” the message for its peers, preventing them from receiving it and
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doing unnecessary redundant work, while still allowing the client to benefit from having
its request serviced by the lowest-latency server.

Tied or cancellable messages are fully supported by TMBs. When a message is sent,
the sender may choose to make it cancellable. For such messages, the TMB creates a can-
cellation “token” that has information to locate and delete copies of the message in each
recipient’s queue. The cancellation token is attached to each copy of the message, and a
copy is also returned to the sender. The sender may cancel a message at any time using
the token. Similarly, receiving clients that receive a cancellable message can cancel it, thus
preventing their peers from receiving it in the future.

Note that (as with other tied message implementations [31]) there is a small window of
time during which it is possible for a client to receive a message that has just been canceled
by another actor in the system. This situation is not an error for the TMB, as cancellation
is treated as an idempotent operation. Nevertheless, programmers using a TMB should
be aware that tied messages do not guarantee only-once delivery and take steps to ensure
that multiple clients receiving the same message do not cause an application-level error
(e.g. by doing operations that are idempotent and adding the original message id to the
response message, ensuring that operations that modify a shared application state are
idempotent or commutative or, failing that, coordinating using a distributed locking or
commit protocol).

Tied messages can be used to improve the tail-latency of interactive searches in the run-
ning example. Say that each partition of the data set is replicated across multiple servers.
The client can then broadcast a cancellable message to multiple servers for each replica
set, using the pseudocode:

search (keyword) :
for server_set in partitioms:
token = tmb.Send(server_set,
BROADCAST,
CANCELLABLE,
EXPIRES (now + 100 ms),
SearchRequest (keyword) )
responses = {}
loop until all received OR 100 ms:
responses = concatenate(responses, tmb.Receive())
tmb.CancelMessage (token) // prevent redundant work

return re sponses
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While the server code looks like:

loop:
request = tmb.Receive()
tmb.CancelMessage (request)
matches = find request.keyword in local_data

tmb.Send (request.sender, SearchResponse(matches))

This way, the client benefits from having each partition’s search request serviced by the
earliest available server, but the amount of work done on the servers is limited by canceling
the tied requests when a server starts processing them, and after the client no longer wants

any more responses.

Summary of Logical TMB Structure

This section has developed the features and semantics of the Transactional Message Bus.
Any TMB implementation consists of a shared and globally consistent state, as well as
per-client priority queues of incoming messages. The global state is the set of connected
clients, and the set of message types that each connected client is capable of sending and
receiving. All transactions modifying the global state have a serializable order. The per-
client priority queues of incoming messages support push (i.e. send), read (i.e. receive),
and delete (explicit removal or cancellation of messages) operations. The push and delete
operations are atomic and serializable, and the read-only read operation observes a con-
sistent snapshot of the queue.

4.4 TMB Implementations

This section discusses the experience of implementing the TMB as a modular service,
leveraging some existing database systems as well as developing “native” implementa-
tions from scratch.

Modular TMB Architecture

The software architecture of a TMB implementation is broadly divided into three tiers, as
shown in Figure 4.1. At the heart of the TMB is a “Transaction/Bus Management” com-

ponent that implements the full TMB semantics described in Section 4.3 and enforces the
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Figure 4.1: TMB Component Architecture

consistency guarantees described there. Below the transaction manager is a durable stor-
age component responsible for storing TMB state persistently and recovering after a crash
or other failure. Finally, there is a networking layer that allows TMB clients in different
processes running on different machines to share a TMB instance and communicate with
each other.

The TMB implementation was designed so that the components in each tier are as
“pluggable” as possible. For instance, if a TMB is only being used by clients on a single
machine, there is no need for any networking component. Similarly, if there is no re-
quirement for long-term durability of messages, the Native TMB in-memory transaction
manager can be used without any persistent storage component as a high-performance
in-process “pure memory” message bus.

In the following sections, the different implementations of the three tiers are described
in more detail.

Transaction/Bus Management Tier

The bus-management core of the TMB is implemented by a custom in-memory transaction

manager, as well as systems of transactions leveraging the underlying features in SQLite,
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LevelDB, Zookeeper, and VoltDB. The native in-memory transaction manager can also
be used as an in-memory cache in front of any of the four third-party databases that have
been experimented with, in effect using the highly-tuned in-memory transaction manager
in combination with the durability and recovery afforded by the underlying database’s

storage system.

Custom In-Memory Transaction Manager

This section describes the custom in-memory transaction manager, which can be com-
bined with any of several options for persistence and recovery, or used alone as a “pure

memory” message bus.

Data Structures The global set of connected clients is represented by a hash table that
maps unique client IDs to per-client records. The per-client records, in turn, consist of a
hash table of sendable message type IDs, a hash table of receivable message type IDs, and
a priority queue of incoming messages (both max-heap and balanced binary tree-based
priority queue implementations have been evaluated). There is also a secondary index
that maps receivable message type IDs to client IDs to speed up the resolution of implicit
addresses.

Concurrency Control The initial transaction manager design used well-known concur-
rency primitives to control access to shared data structures. The global hash-table of clients
was protected by a read-write lock. Connect and disconnect transactions acquired this lock
in exclusive mode, while all other transactions acquired it in shared mode. Similarly, the
per-client hash tables of sendable and receivable message types as well as the secondary
receiver index hash-table were all protected by read-write locks that were acquired in ex-
clusive mode by RegisterAsSender (), RegisterAsReceiver(), and Disconnect () trans-
actions, and acquired in shared mode by other transactions. This use of read-write locks
was a first attempt at achieving good concurrency, while still having fully serializable cor-
rect behavior.

Each client’s queue of incoming messages is protected by a simple mutex, which is
locked whenever any operation (push, read, or delete) is performed on the queue. To effi-
ciently support the blocking version of the Receive () call, a read operation that sees an

empty queue releases its lock on the mutex, and waits on a condition variable. A subse-
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quent push operation that enqueues a message, which satisfies the minimum priority of
the waiting read operation, signals the condition variable, thereby waking the reader.

Experiments showed that the overhead associated with latching can cause severe per-
formance issues (especially when there are many actors in a highly multi-threaded envi-
ronment), so a lock-free user space concurrency control mechanism was developed, which
is described in the next section.

Lock-Free Data Structures To replace read-write locks for shared data structures, a hy-
brid multi-version concurrency control mechanism was implemented that borrows heav-
ily from the read-copy-update (RCU) [72] paradigm, as well as rw-locks and reference-
counting garbage collection. For the sake of brevity, this hybrid mechanism will be re-
terred to as HybridCC. The read-write locks for every shared data structure (with the ex-
ception of per-client queues) have been replaced with instances of HybridCC.

HybridCC keeps track of a version of an object in memory, with an atomic reference
count attached to it (the reference count starts at 1 for the current version of an object).
There is also an atomic “current” pointer that points to the most recent version of the
object. Client code that requires read-only access to the shared object loads the current
version pointer, and increments the reference count for that version (thus, reading the
most recent committed snapshot of the shared object). When a client is finished reading
the shared object, it automatically decrements the reference count for that version. Any
number of readers can access a HybridCC-managed shared object without any locking or
waiting at all and observe snapshot isolation.

If client code wishes to modify a HybridCC-managed object, it first acquires a mutex
(all writers are serialized), then it makes a copy of the current object version and per-
forms arbitrary modifications on its private copy. To commit the new version, the writer
atomically swaps the current-version pointer with its modified copy, then decrements the
reference count of the previous version (recall that when a version becomes “current” it
starts with a count of 1), and finally releases the mutex. When the atomic reference count
for a version reaches zero, the version is deleted (thus preventing memory leaks for old
versions). Unlike RCU, writers do not wait for all readers of an old version to finish before
deleting an old version (although writers may wait for each other). This also means that
HybridCC can have arbitrarily long-lived readers (readers do not have to finish within
a limited “grace period”), with a version finally being deleted and memory reclaimed
when the very last reader is done with it. This flexibility does, however, mean that read-
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ers need to do a minimal amount of non-blocking synchronization by incrementing and
decrementing reference counts, which is not required in RCU.

For each case where a read-write lock was previously used to protect a shared data
structure, the latch was replaced with a HybridCC instance managing the shared object,
with all code paths accessing shared data structures in the same order. For higher perfor-
mance, each version’s reference count and the current version pointer is placed in its own
separate cache line, reducing L1 cache misses from “false sharing” when multiple cores

access the same atomic words.

NUMA Optimizations Multi-socket NUMA (non-uniform memory architecture) sys-
tems present another scalability challenge for concurrency control mechanisms. HybridCC
requires incrementing and decrementing an atomic reference count for every read access
to a shared data structure. For a system with a single CPU socket, this isn't a problem
(the counter can remain resident in the CPU’s shared last-level cache). On a NUMA sys-
tem, though, any modification to a shared atomic word at one CPU socket forces that
shared word to be evicted from the caches of all other CPUs in the system in order to
maintain cache coherency. When the other CPUs wish to access that shared word (as
they are bound to do frequently) they must read remote memory, which has consider-
ably higher latency than the socket’s locally-attached memory. Benchmarks on a 4-socket
NUMA server showed that total message throughput actually decreased by more that 50%
going from 1 to 4 CPUs, even though there were 4X as many parallel CPU cores working.

To address this NUMA scaling catastrophe, the simple atomic reference counters were
replaced with a two-tier NUMA aware reference counting mechanism. In the new mech-
anism, there is a separate private reference count for each NUMA node that resides in its
own cache line (these are all initially set to 1), as well as a single global reference count
whose value is initially set to the number of NUMA nodes in the system. A thread that
wishes to read a HybridCC-managed data structure increments and decrements the pri-
vate counter for the NUMA node that it is running on. When a writer commits a new
version of an object, it decrements all of the per-socket counters. When a NUMA node’s
private counter reaches zero, the thread that decremented it then decrements the global
counter, indicating that there are no longer any readers on one of the NUMA nodes. When
the global counter reaches zero, the old version of the object and all of the reference counts
are deleted and their memory freed. Since reads are more common than writes, the com-

mon case only modifies the local, private reference count and does not result in any remote
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memory access or cache invalidations (this only happens when a new version is commit-
ted or an old version is deleted). A committed version of a HybridCC-managed object is
truly read-only, so it can be freely replicated across local memory and caches for multiple
NUMA nodes, resulting in fast read-only access from any CPU in the system. Experimen-
tal results in Section 4.5 show excellent scalability in a multi-socket NUMA system using
these optimizations.

SQLite Transactions

SQLite [95] is a popular embedded SQL database library that supports multi-statement
ACID transactions. TMB transactions are implemented as SQL queries over state stored
in five tables:

¢ client - Contains a row for each connected client with columns for a unique integer
ID, and timestamps for the connect and disconnect time.

* sendable - Contains two columns: client ID and message type ID, with one row for
each message type sendable by each connected client.

e receivable - This table has the same schema as the sendable table, but for receivable
message types rather then sendable.

* message - Contains columns for a unique serial message ID, BLOB for the message
body, and columns for message metadata (the ID of the sender, the timestamp when
the message was sent, an optional expiration time, the message priority, the type ID
of the message, and a boolean flag indicating whether the message is cancellable).

¢ queued_message - Contains one row with a foreign-key reference to a row in the

message table for each queued incoming message for each client.

In order to accelerate the performance of common queries, some indices have also been
created: an index on the message type column of the receivable table (to allow for quickly
looking up which clients are capable of receiving a certain type of message) and an index
on the receiver client ID, priority, expiration time, and send time columns of the queued_-
message table (these metadata columns are denormalized copies of values from the mes-
sage table, and this index allows quickly retrieving messages pending for a client in the

proper order).
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LevelDB Transaction Management

LevelDB [40] is an embedded NoSQL key-value store. It supports put, get, and delete oper-
ations on individual key-value pairs, as well as iterators that allow seeking and scanning
over keys in order. Multiple reads can be issued against the same consistent snapshot,
and multiple write operations can be combined into a single atomic batch. A minimal bus
manager has been built on the snapshot isolation and atomic commit features present in
LevelDB. Five different types of keys and mapped data structures are used in LevelDB that

correspond closely to the five tables used in the SQLite implementation.

Zookeeper Transaction Management

Apache Zookeeper [9] is a distributed NoSQL data store with strong consistency guar-
antees. Zookeeper servers are usually configured as an “ensemble”, with the service re-
maining available so long as a majority of the servers in the ensemble are up. A Zookeeper-
based TMB implementation is thus suitable for clients that are running on different ma-
chines to communicate reliably across a network, with the TMB maintaining high avail-
ability thanks to the redundancy of Zookeeper servers. Zookeeper servers synchronously
log data changes to disk as part of all modifying operations, and a single Zookeeper server
can be used without an ensemble if high availability in a cluster is not needed.

The Zookeeper data model is a tree of nodes not unlike a conventional filesystem, ex-
cept that there is no distinction between files and directories. The Zookeeper-based TMB
implementation has a directory structure that is broadly similar to the ordered key struc-
ture of the LevelDB implementation, although some changes were necessary to ensure
that nodes are ordered properly by lexicographical string comparison, since Zookeeper
does not allow custom comparison functions to be used. The implementation of TMB
transactions is also similar to the LevelDB implementation, but it was extended to handle
and resolve anomalies that can arise from multiple reads in a transaction observing dif-
ferent versions of the data tree (unlike LevelDB, Zookeeper does not have a mechanism to
provide snapshot isolation for multiple consecutive reads).

VoltDB Transactions

VoltDB [103] is a main-memory distributed SQL database that uses partitioning to im-
prove performance. Because VoltDB and SQLite are both SQL-based relational DBMSs,
the TMB implementations for each DBMS are similar, with many of the same tables and
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transactions. Because VoltDB allows stored procedures to be written in Java, some TMB
logic was implemented directly in the database that in other cases required implemen-
tation in the TMB client library. In order to take advantage of VoltDB’s ability to effi-
ciently execute transactions on different partitions of data in parallel, the message con-
tents and the metadata are denormalized into the queued_message table, which is then
partitioned on the receiver ID attribute. Stored procedures implementing the Receive ()
and the DeleteMessages () APIs are partitioned on client ID for parallel execution, as is a

fast-path version of Send () for the common case of a single explicit recipient.

Persistence & Recovery Tier

In order for the TMB state to be persistent and recoverable after failures, it requires a stor-
age component that logs transactions durably and allows consistent TMB state to be recon-
structed after a failure or interruption. Each of the four third-party databases which was
used to develop a TMB implementation provides durable storage and recovery of com-
mitted transactions. A custom, minimal synchronous write-ahead log was also developed
(including a checksum mechanism for verifying log record integrity) that can be used to
replay a TMB’s history and recover its state. The native write-ahead log is very simple,
using POSIX atomic I/O syscalls for writes and the fdatasync () syscall to synchronously

flush log records when committing.

Synchronous vs. Asynchronous Logging

By default, all TMB implementations synchronously flush logs to disk when committing
a transaction so that data loss is never experienced in case of a crash. Some implemen-
tations do, however, allow logging to be asynchronous so that the operating system can
buffer a number of log writes together before flushing them to disk, potentially allowing
both lower latency for log writes and higher overall messaging throughput, with the caveat
that some of the most recent messages may be lost in the event of a crash. Asynchronous
logging is optional for the native write-ahead log, as well as the LevelDB and VoltDB im-
plementations of the TMB. By default, synchronous logging is used for the strongest pos-
sible durability, but asynchronous logging is left as an option for users that are willing to
accept the trade-off for increased performance. Experiments in Section 4.5 compare both
styles of logging.
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Networking Tier

Finally, this section describes the networking tier, which is necessary for TMB clients run-
ning on different machines to transparently share a TMB and communicate with each
other. There are two different approaches that have been evaluated in the networking
tier. The first is a custom TMB network protocol that was developed on top of the GRPC
cross-platform RPC framework [41]. In this protocol, there is a single TMB server that is
responsible for running the TMB'’s transaction manager, and all client machines connect
to the server. If the server crashes, clients must wait for it to become available again to con-
tinue messaging (TMB calls will time out or fail with a network error during this window,
but clients can remain up and TMB state will be restored exactly as it was upon recovery).
It should be noted that a number of cloud-hosting services offer hot restart for VMs that
crash, quickly bringing up a replacement server connected to the same persistent disk. Al-
though this does not give truly uninterrupted TMB service, it may give sufficiently high
uptime for many applications.

The other approach to the networking tier is to leverage the built-in network trans-
parency of an existing distributed database (in these prototypes, this is possible with
both Zookeeper and VoltDB). In this case, the TMB library on clients communicates di-
rectly with Zookeeper or VoltDB servers, and transaction management is handled in the
database itself. Zookeeper servers are typically configured as an “ensemble” consisting
of an odd number of machines, with the overall system remaining available so long as a
majority of the servers are up and the network is not partitioned. VoltDB clusters have
a user-tunable “K-safety” parameter, which causes each partition of data to be replicated
across K different servers in the cluster, with replicas distributed so that any K servers can
fail simultaneously and the cluster will remain fully available with all partitions online.
This latter approach to networking has the advantage of high availability with zero inter-
ruptions in the face of individual server failures, although it may come at performance
penalty since transactions must be applied at multiple replicas instead of a single server.
Operational costs are also likely to be higher in this scenario, since multiple servers with
uncorrelated failure domains must be kept running. An experimental evaluation compar-

ing both networking approaches is contained in Section 4.5.

4.5 Experiments

This section presents empirical results comparing various TMB implementations.



79

Stress-Test Benchmark

To evaluate the performance of different TMB implementations, a stress-test throughput
benchmark was devised. This benchmark starts a configurable number of sender and re-
ceiver threads, each of which connects to an TMB instance as a client. The sender threads
repeatedly send messages as quickly as possible, randomly choosing one receiver for each.
The total aggregate throughput across all receivers is measured in messages per second.
Experimental runs were conducted with each TMB implementation, varying the number
of sender threads and measuring the impact on throughput.

Experiments were conducted to measure both the intra-node and inter-node (i.e. scale-
out) scalability of the various TMB implementations. Each TMB implementation was
benchmarked on a multi-socket NUMA server with four Intel Xeon E7-4850 CPUs run-
ning at 2.0 GHz (each CPU has 10 cores and 20 hardware threads with 64 GB of directly
attached memory), with a four-disk striped hardware RAID as persistent storage.

For the first round of experiments, the affinity mask of the benchmark executable was
set so that it would run on only one CPU socket and access only local memory.

Subsequently, another round of experiments was conducted where all four sockets
were used to measure NUMA scalability. When testing the Zookeeper and VoltDB im-
plementations, the server process was run on the same machine.

To measure inter-node performance, a cluster of dedicated virtual machine instances in
the Google Compute Engine [39] cloud hosting service was configured. Servers were set
up to run either the standalone TMB network protocol server or the underlying Zookeeper
or VoltDB service with 8 Xeon CPU cores at 2.3 GHz, 30 GB of RAM, and a 128 GB SSD.
When benchmarking the TMB network server, a single virtual server was used. For exper-
iments with Zookeeper and VoltDB, three servers were used, meaning that the Zookeeper
ensemble could tolerate the loss of one server and remain available, and VoltDB was simi-
larly configured with a K-safety factor of 1. A number of “application” nodes were brought
up to run the benchmark with 4 Xeon CPU cores and 15 GB of RAM. Experimental runs
were conducted with 1, 2, 4, 8, and 16 application nodes, varying the number of threads
running on each.

Additional experiments compare the performance of the TMB against existing best-
of-breed message-oriented middleware, specifically Apache ActiveMQ (a message broker
for the Java Message Service) and the Spread Toolkit (a multicast distributed messaging
service with virtual synchrony). The stress-test benchmark was ported to ActiveMQ and

Spread, and it was run under the exact same cloud server configuration that was used to
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evaluate distributed TMB implementations (three 8-core servers running ActiveMQ bro-
kers or Spread daemons, 1-16 quad-core application nodes running client threads). Ac-
tiveMQ was configured to use replicated LevelDB storage for persistent queues, with the
three servers acting as a quorum with automatic failover for high availability. The three
Spread daemons were configured as a single “segment” with safe, and fully atomic, multi-
cast. Note that Spread does not support durable message queues (i.e. messages can be lost
if daemons fail), so ActiveMQ and TMB are somewhat disadvantaged by their require-

ment to log messages durably in this pure performance comparison.

Distributed Search Application

A sample distributed search application was also developed using the TMB. The structure
of this sample application follows the example presented throughout Section 4.3, with the
addition of a simple term frequency-inverse document frequency (TF-IDF) ranking func-
tion. A client submits a set of keywords for text search, and servers scan plain text doc-
uments and return a hit list with frequency counts for each keyword in each matching
document. The client then counts the total number of matching documents for each key-
word to determine each keyword’s inverse document frequency, and finally ranks all the
matching documents according to TF-IDF.

Four search servers (matching the application node configuration above) were run,
each containing partitions of a large English plain text corpus with 44 partitions in total,
each approximately 100 MB in size. Each data partition was replicated on two different
servers, and the replicas were distributed so that each server contained a copy of 22 differ-
ent partitions, and no two servers had the same set of replicas. A client submits a keyword
search request to one server for each partition.

A straggler node was then simulated by causing one of the servers to make four passes
over the same data before responding.

The client was set up to submit tied messages to both servers for each partition in an
attempt to mitigate the performance impact of the straggler (servers cancel a request for
their peer when they begin working).

The VoltDB-based TMB implementation was used for this experiment. Except where

otherwise noted, all results below use the stress-test benchmark.
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Figure 4.2: Single Socket TMB Performance (Strong Durability)

Single-Socket Performance

Figure 4.2 shows the relative performance of five persistent and durable TMB implemen-
tations when running on a single CPU socket (10 cores / 20 hyperthreads). Recall that
these implementations were described in Sections 4.4 through 4.4. In Figure 4.2, the label
“Native” indicates the use of the TMB in-memory transaction manager in combination
with the TMB write-ahead log. The native log, LevelDB, and VoltDB are all configured to
use synchronous logging for the strongest possible durability.

The firstimportant finding from this experiment is that the Native, Level DB, and VoltDB
implementations vastly outperform and out-scale the SQLite and Zookeeper implemen-
tations. Both LevelDB and VoltDB scale throughput well with additional threads before
eventually leveling out when the number of sender threads far exceeds the number of
hardware threads. The Native implementation is I/O-bound and has flatter performance,
but it should be noted that it achieves the highest throughput when the number of threads
is equal to the number of physical CPU cores (10), and achieves throughput only 9.5%
below LevelDB'’s peak of 20318 messages/s when the number of threads is equal to the
number of hardware threads (20). VoltDB ultimately scales up to a higher peak through-
put when threads are heavily oversubscribed to cores.

Figure 4.3 shows the performance impact of optional asynchronous logging. With-
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out forcing fdatasync () syscalls to to flush logs to disk, all three of the persistent TMB
options that support asynchronous logging achieved higher messaging throughput. The
effect was especially pronounced for the Native TMB, which achieves peak throughput
more than 5X higher than any other TMB implementation when the number of sender
threads is equal to the number of CPU cores (10). Oversubscribing threads to CPU cores
caused throughput to be reduced from peak for both the Native and Level DB TMB imple-
mentations as more threads contended with each other in the I/O and logging subsystem.
Throughput at 120 threads was only 43% as high as the peak at 8 threads for Native, and
51% as high as the peak at 8 threads for LevelDB. VoltDB, on the other hand, did not expe-
rience a drop-off due to contention between many threads (this may be because VoltDB’s
lightweight “command logs” are partitioned and transactions executing serially within a
partition never interfere with each other and can buffer log records freely).

Figure 4.4 shows the performance impact of using the TMB in-memory transaction
manager as an in-memory cache as described in Section 4.4, using LevelDB as the un-
derlying storage engine as an instructive example. Using the custom TMB transaction
manager as an in-memory cache improves the scalability of the LevelDB-based TMB con-
siderably, regardless of whether synchronous logging is used. In the asynchronous case,

the TMB cache eliminates the need for any explicit snapshotting as well as any read con-
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Figure 4.4: Effect of Memory Cache (LevelDB - 1 Socket)

tention, reducing the interaction with LevelDB to a series of small point writes, with aver-
age throughput of up to 93764 messages/s with 180 sender threads. In the synchronous
case, the TMB cache allows the message bus to continue scaling up to 63272 messages/s
with 240 sender threads, a 55% improvement over sync logging without the cache.

The TMB in-memory cache was also tested with the SQLite, Zookeeper, and VoltDB-
based TMBs. The cache resulted in only a slight improvement for SQLite (SQLite calls
would still lock to serialize transactions), and had little impact on VoltDB (this is to be
expected, since VoltDB is already a main-memory database). The Zookeeper implemen-
tation experienced a 3.3X improvement in peak throughput with the cache, although the
highest average throughput achieved was still only 6685 messages/s.

In-Memory Concurrency Control

The in-memory TMB transaction manager was also benchmarked without any persistent
storage to investigate whether there were any performance or scalability issues in this core
bus-management component. In particular, different concurrency control mechanisms
were compared: conventional rw-locks vs. the HybridCC mechanism which is completely
lock-free for readers. These experiments showed that using rw-locks does not scale, with
overall throughput “flatlining” at about 1.5 million messages/s. HybridCC, on the other



84

+— Sync Log <—< Sync +Memory Cache
@@ Async Logm—® Async +Memory Cache

— 100K ‘ :
Phyls. Cores (40)

80K ' HW Threads (80)

60K}
40K

20K}

Throughput (messages/s

0o 50 100 150 200 250 300
Sender Threads

Figure 4.5: 4 Socket NUMA Performance (LevelDB Storage)

hand scales nicely, reaching a peak of 6.9 million messages/s with 160 sender threads.
Note that, even without the benefit of HybridCC, the “pure memory” TMB implementa-
tion substantially outperforms the best persistent implementations, since DRAM access is
much faster than disk access.

NUMA Scale-Up

This experiment moves from using a single CPU to using all four CPUs in the test server.
Since accessing remote memory in a NUMA system can be considerably slower than local
memory, three sets of tests were run: one where threads were not affinitized at all (i.e.
free to run anywhere), one where each thread was affinitized to run on one particular
CPU socket, and one where threads were affinitized to CPU sockets and would only send
messages to their peers on the same socket.

Figure 4.5 shows the performance of the various flavors of the LevelDB-based TMB im-
plementation under NUMA. For this experiment, the LevelDB-based TMB implementa-
tion was used, as it achieves the best performance of the persistent and synchronous TMB
implementations for NUMA. The results shown in Figure 4.5 are for affinitized threads
that send messages to any other threads on any socket, although the other result results

showed almost no difference in throughput for the other affinity configurations (this was
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true for the other persistent TMB implementations as well, suggesting that remote mem-
ory access is not a significant bottleneck compared to disk I/0O). Without the TMB in-
memory transaction manager as a cache, throughput using both synchronous and asyn-
chronous logging converges to about 30000 messages/s. With the cache, throughput scal-
ability improves, peaking at about 75000 messages/s (a reduction of 20% compared to
the single socket) with asynchronous logging and 60500 messages/s with synchronous
logging (nearly the same as the single socket).

The same 4 socket NUMA scale-up experiments were also on the other TMB imple-
mentations. The SQLite and the Zookeeper implementations continued to perform poorly
with NUMA. VoltDB also suffered considerable performance degradation compared to
the single node case, never exceeding 20000 messages/s for any experiment, even with
affinitized threads. Although client threads were affinitized to individual CPU nodes,
their corresponding VoltDB partitions were not, meaning that TMB operations would fre-
quently access remote memory, which is symptomatic of the fact that VoltDB is not partic-
ularly optimized for intra-node scalability on NUMA, instead focusing on scaling across
clusters.

The NUMA scalability of the TMB in-memory transaction manager was also tested
without any persistent storage (i.e. a “pure memory” TMB) with affinitized threads that
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communicate with their peers on the same socket. With the original NUMA-oblivious Hy-
bridCC implementation, scalability is poor, and throughput flatlines at about 2.3 million
messages/s (only 1/3 the throughput of the single-socket case). Switching to the mod-
ified HybridCC implementation with two-tier NUMA-aware reference counters solved
this problem, eliminating a great deal of the writes to shared memory (and hence remote
cache invalidation and memory access), and allowing the TMB transaction manager to
scale well in a NUMA environment, achieving over 12 million messages/s throughput.
Figure 4.6 compares the pure memory TMB throughput when running under NUMA for
unaffinitized threads, threads affinitized to run on a particular CPU socket, and threads
affinitized to run on a single CPU socket that also only send messages to their peers on
the same socket. As one would expect for a NUMA application, affinitizing threads is
necessary to achieve good performance scaling. Only messaging peers on the same socket
improves throughput further. Interestingly, affinitized threads that communicate globally
with all their peers do not perform dramatically worse than the local messaging-only case,
which suggests that any communication pattern using the TMB scales well in a NUMA
environment, so long as threads are affinitized. The explanation for this behavior is that a
push operation on another client’s queue already incurs the overhead of locking a mutex,
and writing to remote memory is limited and localized, unlike the pathological case of
NUMA-oblivious shared counters.

Cluster Scale-Out

Figure 4.7 shows the results of experiments using the TMB network protocol server for
communication in a cluster. The server uses the TMB in-memory transaction manager,
and uses LevelDB (with synchronous logging) for persistent storage *. 1, 2, 4, 8, or 16
application nodes were connected to the TMB, and throughput was measured with the
stress-test benchmark. This graph shows a similar relationship between the number of
sender threads and the message bus throughput regardless of the number of application
nodes (the line for 2 nodes is omitted for clarity; it is virtually identical to the 4 node
case). This shows that messaging throughput is effectively network-agnostic, with the
TMB delivering the same throughput for a wide range of cluster sizes. The data for 1
node and 16 nodes show throughput that is slightly diminished relative to the other cluster

2LevelDB was chosen for the TMB Net Server’s persistent storage, as it showed the best performance
and scalability characteristics of the (synchronous) persistence-tier options in the single-node experiments
described previously.



87

+— 1 App. Node <— 8 App. Nodes
e—® 4 App. Nodes B-® 16 App. Nodes
—_ 45K T T T T T T T
%2l
» 40K}
()
> 35K}
% 30K
()
£ 25K
-lé_ZOK
2 15K
S 10K
(®)
= 5K
= oK ‘ ‘ ‘ ‘ ‘ ‘ ‘
0 50 100 150 200 250 300 350 400

Total Sender Threads

Figure 4.7: Cluster Scale Out (TMB Net Server with LevelDB Storage)

sizes. The 1 node case is limited by the load from heavily oversubscribing threads to CPU
cores on the application node, while the 16 node case is limited by high CPU load and
many open network connections on the server node.

Figure 4.8 shows the results of a similar experiment for the distributed VoltDB TMB
implementation. Recall from Section 4.4 that a distributed database like VoltDB allows
for a different approach to networking, with clients communicating directly with VoltDB
servers and transaction management handled in VoltDB itself. VoltDB was run on three
server nodes (a cluster with K-safety factor of one), then application nodes were connected
to the TMB and ran the stress test benchmark. Once again, despite the different approach
to the networking tier, messaging throughput scales in an effectively network-agnostic
fashion, with throughput slightly diminished when client nodes are heavily loaded (the 1
application node case) or server nodes are heavily loaded (the 16 application node case).

Experiments were also conducted with a variable number of VoltDB server nodes (while
fixing the number of application nodes at 8). Adding additional servers increases the av-
erage message throughput in the cluster for any number of sender threads, with the dif-
ference more pronounced for a higher number of threads. It should be noted, though,
that the throughput scale-up from adding more VoltDB servers is less than linear (for in-

stance, with 384 sender threads, a configuration of 6 VoltDB servers achieved 27% higher
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Figure 4.8: Cluster Scale Out (TMB on VoltDB)

throughput than 3 servers, while 9 servers achieved 42% higher throughput).

Finally, the Zookeeper TMB implementation was evaluated in the cluster environment.
Similar to the VoltDB implementation, TMB on Zookeeper leverages Zookeeper’s own net-
work protocol to have TMB clients connect directly to Zookeeper servers in an ensemble.
As with the single-node case, performance was underwhelming compared to the alterna-
tives. The highest throughput was 4783 messages/s for 8 application nodes. Unlike the
TMB network server and TMB on VoItDB, the relationship between sender threads and
throughput was not cluster-agnostic, with smaller clusters of application nodes experi-
encing significantly lower throughput than larger clusters.

Comparison With ActiveMQ & Spread

Figure 4.9 shows the message throughput of the stress-test benchmark using the TMB
network server backed by LevelDB storage and TMB on VoltDB vs. the Apache ActiveMQ
message broker and the Spread Toolkit. With 8 application nodes, ActiveMQ’s message
throughput is in the range of 950 to 990 messages/s regardless of the number of sender
threads. Spread achieves its highest throughput when there are few threads running on
each node (30205 message/s with only a single sender and receiver thread on each VM),

with performance diminishing due to contention as additional threads are added. On the
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Figure 4.9: ActiveMQ vs. Spread vs. TMB (8 App Nodes Cluster)

other hand, the two TMB implementations’ throughput scales with additional threads,
with throughput from 6.4X to 34X higher than ActiveMQ depending on the number of
threads. Either TMB implementation also achieves higher throughput than Spread above
64 sender threads (the number of CPU cores in the cluster) and, unlike Spread, the TMB
stores messages durably.

Note that both the TMB network protocol server and TMB on VoltDB have similar
throughput curves. The comparison is not entirely fair, however, as the TMB network
server uses only a single machine, while TMB on VoltDB uses three. On the one hand,
this means that operational costs for the TMB network server should be lower. On the
other hand, TMB on VoltDB is more resilient to server failures, and can maintain high
availability with zero downtime if one server fails.

These results show that the TMB design approach, which leverages either a custom-
built lightweight transaction manager and network protocol or a high-performance dis-
tributed DBMS, compares favorably with leading purpose-built MOM systems.

Distributed Search Results

The sample text search and ranking application was run using a cluster of four search

servers each containing replicas of a large partitioned text data set as described at the
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beginning of this section. The results for this experiment are shown in Figure 4.10. A
tull-text keyword search on the unloaded servers completed in 3.66s. A straggler node
was then simulated, which caused the completion time to increase to 14.35 s. Finally,
cancellable tied messages were enabled, which allowed the search to complete in 5.05 s
despite the slow performance of the straggler node. This demonstrates the effectiveness of
tied messages in dealing with lagging and unreliable components in a distributed system.

4.6 Conclusion

This chapter has presented the Transactional Message Bus, a new communication frame-
work that provides a superset of desirable features from existing message-oriented mid-
dleware systems and is built as a modular, reusable software library. The development
of the TMB was originally motivated by the need for a communication fabric between the
scheduler and workers in Quickstep that would scale well in multi-socket NUMA servers,
and would also provide a foundation for a future distributed version of Quickstep.

A survey of message-oriented middleware (MOM) revealed many features that are
desirable in a messaging system, including features relating to reliability (e.g. at-least
once delivery, persistent queues, high availability), consistency (e.g. virtual synchrony),
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and manageability (e.g. tied messages, priority and deadlines). Crucially, no preexisting
MOM system delivered the complete set of these features (see Table 4.1). The first major
contribution of the TMB was the detailed definition of the logical semantics and client
interface for a message bus incorporating all of these features.

Building on the foundation of well-defined semantics for messaging, the next contri-
bution of the TMB work was the development of practical TMB implementations. The
TMB implementations expand on Gray’s insight that queues are databases [44] and treat
all aspects of message bus management as a form of transaction processing (hence the
term Transactional in Transcational Message Bus). Existing transaction-processing systems,
including both relational databases (SQLite, VoltDB) and NoSQL data stores (LevelDB,
Zookeeper) can be leveraged to implement the full TMB semantics. A “native” written-
from-scratch TMB stack was also developed, consisting of a custom in-memory transaction
manager, networking protocol, and write-ahead logging mechanism for persistence and
recovery.

Finally, an experimental evaluation of the various alternative TMB implementations
was carried out with a stress-test benchmark that measures overall messaging through-
put with an increasing number of clients connected to the bus. This study revealed a
number of interesting and at times surprising results. Firstly, it showed that both SQLite
and Zookeeper are a poor basis for a messaging bus, with throughput much lower than
the alternatives. Secondly, it revealed scalability problems with widely-used in-memory
concurrency control primitives like rw-locks and motivated the development of a much
more scalable hybrid concurrency-control mechanism combining ideas from rw-locks and
the read-copy-update paradigm (this hybrid mechanism was further tuned for high per-
formance in a multi-socket NUMA setting). In the NUMA setting, it was found that, so
long as the threads using the TMB are themselves affinitized to particular sockets, the
performance penalty for inter-socket messaging is surprisingly modest, and an applica-
tion need not be concerned about the “distance” between peers communicating using the
TMB. In benchmarking distributed TMB implementations (both a native TMB network
server and a TMB running on a VoltDB cluster), a property of network-agnostic scalability
was revealed; the relationship between overall messaging throughput and the number of
client threads was similar regardless of whether those client threads were distributed over
1 to 16 nodes. Finally, the performance of the distributed TMB implementations was com-
pared with other popular messaging frameworks (ActiveMQ and Spread) and the TMB
was able to achieve throughput far higher than ActiveMQ and competitive with Spread.
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The in-memory version of TMB satisfies the original need for a high-performance mes-
saging system within a single-process version of Quickstep that can scale up for many
threads across multiple NUMA sockets. The distributed versions of the TMB also provide
a path forward to develop a distributed version of Quickstep that uses exactly the same

interfaces and semantics to communicate over the network.
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5  EXPERIMENTAL EVALUATION OF THE QUICKSTEP DATABASE

MANAGEMENT SYSTEM

5.1 Introduction

This chapter presents results from a series of empirical experiments on end-to-end query
processing in the Quickstep database management system, whose overall architecture was
described in Chapter 2. These experiments complement the focused evaluation of the
Quickstep storage engine (see Section 3.4) and the TMB communications framework (see
Section 4.5). Note the key goal of the empirical evaluation is to highlight the advantages of
various aspects of the Quickstep design, rather than an extensive evaluation with various
other systems. The target for Quickstep is single node system with large main memory and
key aspects of such comparisons have been presented before (e.g. previous publications on
WideTable denormalization techniques [71]). Thus, the focus here is largely on evaluation

of the different aspects of designs choices made in Quickstep.

Experimental Setup

For these experiments, a server with four Intel Xeon E7-4850 CPUs clocked at 2.0 GHz
was used. Each CPU has 10 cores and 20 hyperthreading hardware threads. The machine
runs CentOS Linux 7.0 with Linux Kernel 3.10.0. The server has four NUMA nodes, one
for each socket, and 64 GB of directly-attached memory per NUMA node (total 256 GB for

the machine).

5.2 Comparison to MonetDB

This section presents results comparing Quickstep to a leading open-source in-memory
analytical DBMS — MonetDB (version 11.19, released in October 2014). MonetDB is a full-
fledged column-oriented DBMS developed at CWI. It is designed to provide high perfor-
mance on complex analytics queries, and is optimized for modern multi-core CPUs.

This evaluation uses the Star Schema Benchmark (SSB) [78]. The SSB is based on the
TPC-H benchmark, but is designed to measure performance of database systems in sup-
port of classical data warehousing applications. The goal here is to present end-to-end

results that run through the system. The front-end parser and optimizer in Quickstep are,
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Figure 5.1: MonetDB vs. Quickstep (SSB Benchmark - scale factor 10).

admittedly, not yet ready to run complex workloads like TPC-DS and TPC-H, but devel-
opment is ongoing to address those limitations. It should be noted that the SSB has been
extensively used in previous work [2, 99], and it helps illustrate the base performance of
Quickstep on this admittedly simple class of analytic queries.

Since MonetDB is not tuned for NUMA systems, this comparison was restricted to just
a single socket. SSB datasets at scale factor 1 and 10 were used. The total sizes of the raw
data set are approximately 0.6GB and 6GB, respectively.

In the evaluation below, each query in the SSB was run 10 times. The average execu-
tion time for the 10 runs for each query is reported. Both MonetDB and Quickstep were
warmed up before each experiment. The server thread(s) were also pinned on particular
CPU core(s), so that no thread migration occurs during this experiment.

Figure 5.1 shows the run times of MonetDB and two Quickstep variants with the 13
queries in the SSB benchmark. In the figure, the tag Quickstep refers to the basic settings:
a column-store was used, all variable-length attributes and all filter attributes were com-

pressed (i.e. the attributes that are used in selection predicates), and BitWeaving/V in-
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dices were built on all filter attributes. Below, the tag Quickstep-wide refers to the method
with the WideTable technique: the SSB schema was flattened out, and all tables were pre-
joined together to form a single denormalized table; all attributes in the wide table were
compressed and BitWeaving/V indices were created on all filter attributes. Experiments
were also conducted on other variants of Quickstep. The experimental results for other

Quickstep variants are shown in Section 5.3.

Single thread performance comparison

As shown in Figure 5.1a, with a single-thread execution, Quickstep is over 2X faster than
MonetDB on a subset of the SSB queries, e.g. Q1.1, Q1.2, and Q1.3. These queries include
joins with the Date table that contains only about 2500 tuples. Since the hash table of the
Date table can entirely fit in CPU cache, the join operator takes only a small portion of
the overall execution time, while the scan operators are the bottleneck for these queries.
Quickstep performs these scan operations efficiently thanks to the use of BitWeaving/V
indices, and significantly reduces the query execution times for these queries.

On the other hand, Quickstep is, on average, 2.2X slower than MonetDB on other
queries. The performance gap is further increased for the queries Q2.1, Q2.2, and Q2.3,
which contain joins with two large dimension tables. Quickstep performs poorly on the
Q2 variants mainly because the join operator in Quickstep is not yet optimized for the
CPU cache performance — a single global hash table is used, and it can grow considerably
larger than the CPU cache size. As a result, the number of cache misses quickly increases
and hinders overall performance. (Part of future work is to overcome these limitations and
employ techniques that optimize the join operator for CPU cache efficiency.)

As can be seen in Figure 5.1a, Quickstep-wide outperforms MonetDB on all queries,
with over 10X in speedup for a majority of the SSB queries. Quickstep-wide takes advan-
tage of the denormalization method, which evaluates complex join queries using sequen-
tial scans over compressed values with the BitWeaving technique. For a small subset of
SSB queries, the speedup of Quickstep-wide over MonetDB is relatively reduced. For ex-
ample, Quickstep-wide is only 2.8X faster than MonetDB on the query Q3.1. The reduced
speedup is mainly due to the fact that the group-by operator makes up a large portion
of the total run time for these queries. The group-by operator uses a hash table on the
group-by attributes, which does not fit in CPU cache and hinders the overall performance
for these queries (this is another manifestation of the same problem with overly-large hash
tables that was encountered with join queries on vanilla Quickstep without WideTable).
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Multithreading performance comparison

In the next experiment, the number of threads was set to 40, which is equal to the num-
ber of processors (cores). As noted earlier, since the execution engine of MonetDB is not
NUMA-aware, Quickstep was not forced to allocate memory space on all NUMA nodes or
to use NUMA-aware partitioning. Instead, in order to make a fair comparison with Mon-
etDB, the OS was relied upon to manage the memory allocation and decide the physical
memory location.

Figure 5.1b shows the performance comparison between Quickstep and MonetDB with
multithreading. Unlike the single thread execution, Quickstep outperforms MonetDB or
shows comparable performance on most all queries, except for Q2.1, Q2.2, and Q2.3 (which
still suffer from a hash-join implementation that is not yet cache-optimized). This im-
provement demonstrates the utility of Quickstep’s block-based storage architecture and
workflow-based scheduler, which naturally make use of the parallelism in many stateless
worker threads.

Not surprisingly, Quickstep-wide also outperforms MonetDB when running with 40
threads, with an average 6.7X speedup across all queries in the SSB benchmark. How-
ever, the relative speedup of Quickstep-wide over MonetDB generally decreases with mul-
tithreading, compared to a single-thread execution. In the 40 thread case, the worker
threads in Quickstep-wide sequentially access memory at a high speed, and quickly reach
the maximum memory bandwidth in the system. Since the OS allocates memory from a
single NUMA node, the memory channel between the NUMA socket and the associated
memory bank becomes the bottleneck to transfer all data into all cores. The bandwidth
of the memory channel is only about 10GB/s in the system, which significantly limits
the scalability (to multi-cores) of Quickstep-wide. It is expected that Quickstep-wide will
likely see better scalability by either running on a newer architecture (e.g. the maximum
memory bandwidth of the Intel Xeon E7 v3 families is 102GB/s [55]) or allocating memory
across all NUMA nodes and fully optimizing even complex queries for NUMA (see pre-
liminary results in Section 5.4 that show promising early gains from NUMA-aware data

placement and execution for simple queries).

5.3 Quickstep variants

In this section, the flexible block-based storage manager in Quickstep is used to produce

seven Quickstep variants. The space requirements and the query processing performance
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of these variants is then analyzed. The evaluation below focuses on four aspects of the
Quickstep engine: storage format, compression, indexing, and denormalization (building
on the experiments presented in Section 3.4, which contains in-depth experimental results
regarding the first three of these aspects for simple scan queries). To allow for comparison,
the same settings are used as in the previous experiment (cf. Section 5.2), and the SSB
benchmark with scale factors 1 and 10 is again used.

The seven Quickstep variants that were produced are col, col-zip, col-bw, wide-row, wide-
col, wide-col-zip, and wide-col-bw. Here, the tag col and row refer to column-store and
row-store formats, respectively. The tag wide refers to a denormalized method, where
the SSB schema is flattened out and all tables are pre-joined to form a single WideTable,
with the original queries on normalized tables translated into equivalent queries on the
WideTable. The tag zip indicates that all attributes in the storage layout are compressed
(only variable-length attributes and filter attributes are compressed for normalized ta-
bles). Quickstep automatically chooses the compression method between ordered dic-
tionary compression and truncation based compression (for integers), based on the com-
pression ratio and query performance. Finally, the tag bw means that all filter attributes
have BitWeaving indices built on them. Note that the tag bw implicitly indicates the zip

tag.
Quickstep | storage | compre- | indexing |denorm-| space
variants | format | ssion alization | (SF10)
col [ column| No None No 49GB
col-zip | column |  Yes None No 4.5GB
col-bw | column | Yes |BitWeaving No 4.6 GB
wide-row | row No None Yes 30.2 GB
wide-col | column | No None Yes [29.6 GB
wide-col-zip | column | Yes None Yes 7.0 GB
wide-col-bw | column | Yes | BitWeaving| Yes 7.6 GB

Table 5.1: Characteristics of the seven Quickstep variants.

Table 5.1 summarizes the characteristics and the space requirements of the seven Quick-
step variants with the SSB benchmark. For scale factor 10, the total size of the raw data set
is approximately 6GB. The denormalization technique dramatically increases the database
size from 4.9GB to 30.2GB (or 29.6GB for the columnar storage format). Compression is
effective in mitigating this, however, reducing the size of the denormalized table to 6.0GB,
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Figure 5.2: Single-thread performance comparison across Quickstep variants

which takes 40% - 55% more space than the normalized variants. The BitWeaving indices
need an additional 0.6GB and 0.1GB of space for denormalized and normalized variants,
respectively.

Figure 5.2 shows the performance of the seven Quickstep variants with the single-
thread execution of the 13 queries in the SSB (scale factor 10). The performance is nor-
malized with respect to that of the col variant. (Note that the y-axis has a log scale.)

As can be seen in Figure 5.2, the compression technique and the BitWeaving technique
improve the performance of Quickstep for a subset of queries, i.e. Q1.1, Q1.2, and Q1.3.
The join operators in these queries create a hash table on the Date table that can entirely fit
in CPU cache, and consequently takes only a small portion of the total execution time. As
a result, with the use of the compression and BitWeaving techniques, the col-zip and col-
bw variants significantly speed up the scan operators, and thus outperform the col variant
on these queries. However, these techniques have negligible performance impact on the
other queries, as the join operators are the bottleneck in these other queries.

Surprisingly, with the use of the simple denormalization technique, the wide-row vari-
ant is actually slower than the col variant for nearly all the SSB queries. The reasons are
threefold. First, although the wide-row variant might simplify query processing by con-
verting join operators into (potentially faster) scan operators, it can slow down the access
to each individual tuple. Access to individual tuples is slower because a tuple in the denor-
malized table is generally much larger than the tuple(s) in the original normalized tables,
as there are more attributes in the denormalized table. Consequently, memory bandwidth
is wasted in fetching attributes that are not needed for query processing. Second, as the
denormalized table is typically much larger than the original tables, the wide-row variant
requires a larger memory footprint and may reduce the locality and efficiency of the CPU

cache. Third, with the use of the denormalization technique, the scan operator may need
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Figure 5.3: Multithreaded performance comparison across Quickstep variants

to access more tuples to evaluate the selection predicates on the original dimension table.

Nevertheless, these limitations can be overcome by combining the columnar storage
layout (wide-col), compression (wide-col-zip), and BitWeaving/V indices (wide-col-bw) with
the simple denormalization technique. As shown in Figure 5.2, by storing all blocks of the
demoralized table in a columnar storage format, the wide-col variant outperforms the col
variant for all the SSB queries. These results are consistent with previous studies [2, 71].
The wide-col-zip variant compresses all attributes in the denormalized table, achieving an
additional 2X speedup over the wide-col variant. Finally, with the use of the BitWeaving
scans, the wide-col-bw variant is up to 10X faster than the wide-col-zip variant. Collectively,
the fastest variant, wide-col-bw, is on average 20.9X and 41.8X faster than the col and wide-
row variants, respectively, across the 13 SSB queries.

Figure 5.3 illustrates the performance of the seven Quickstep variants when running
with 40 threads (at scale factor 10). Compared to the single-thread execution (see Fig-
ure 5.2), the speedups of the wide-col-zip and wide-col-bw are relatively reduced. The scan
operators in these two variants access data at a higher speed than other variants, and sat-
urate the maximum memory bandwidth of the system, causing the relative speedup to
be reduced. Note that for this experiment, memory was from a single NUMA node. The
memory accesses are bottlenecked on the the memory channel between the CPU and the
memory bank in the NUMA node. NUMA-aware data partitioning and work scheduling
can help to balance the load on memory channels in the system, helping to alleviate this
issue (this is demonstrated by preliminary experiments on NUMA-aware data placement
in Section 5.4).
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5.4 Additional Experiments

Some additional experiments were carried out to evaluate NUMA-aware data partitioning
and mid-query elasticity in Quickstep. These experiments were conducted with a TPC-H
data set at scale-factor 10. Although the experiments described in this section are some-
what preliminary and are not discussed in great detail, they do provide a a promising
early look at the effectiveness of Quickstep features that are currently under heavy devel-

opment.

NUMA Awareness

A natural join between the TPC-H lineitem and orders tables was carried out. For the non-
NUMA version of the experiment, buffer pool memory for blocks was simply allocated
by mmap, with the OS kernel deciding where to physically place pages, and a single global
hash table was used for the join. For the NUMA-aware version of the experiment, the two
relations were both hash-partitioned on the join key attributes, with each partition stored
in local memory on a particular NUMA node. Similarly, in NUMA-aware join execution,
a separate hash table was constructed for each pair of matching partitions, with the hash
table’s memory allocated from local memory on the same NUMA node. In both cases,
the test query was run using 1, 2, or 4 sockets of the test system (using all 20, 40, or 80
hardware threads, respectively). In the NUMA-aware case, the foreman was configured
to send only NUMA-local work orders to worker threads pinned on a particular socket.
Going from 1 to 2 sockets, one would hope to see a perfectly linear 2X speedup in ex-
ecution time. Without NUMA-awareness, the speedup is only 1.47X. On the other hand,
with NUMA-aware data partitioning and work scheduling, the speedup is a nearly-linear
1.91X. Going to 4 sockets, execution time is actually 9% worse for the non-NUMA-aware
case with 4 nodes than it is with 2, despite using twice as many CPU cores. NUMA-
aware execution continued to improve with 4 sockets, although the speedup was a more
modest 1.23X over the 2 node case, or 2.35X relative to the single node. These results pro-
vide some early validation for ongoing work on developing NUMA-aware query execution
techniques, and development efforts continue to fine-tune NUMA-awareness techniques

in hopes of approaching linear performance scaling with 4 or more NUMA nodes.
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Instant Elasticity

Another set of preliminary experiments was carried out to evaluate “instant elasticity”
in Quickstep, i.e. whether additional workers can be added to an in-progress query to
make it finish faster. For this experiment, a natural join on the TPC-H lineitem and orders
tables was again carried out, although in this case all worker threads were pinned to a
single NUMA socket to avoid confounding NUMA effects in the experiment. The total
number of work orders needed to execute the query was determined up front, and the rate
at which work orders were completed was measured. The query started execution with
a single worker thread, and at each quartile boundary of query completion (i.e. 25% of
work orders completed, then 50%, then 75%) the number of worker threads was doubled
(increasing to 2, then 4, then 8 workers). As soon as new workers become available, the
Foreman begins scheduling work for them. The rate of work order completion scaled
almost perfectly linearly as more workers were added in this experiment, demonstrating
that instant elasticity is indeed possible in Quickstep. It should be noted, however, that
there are some queries where workers scan data from main memory so quickly that they
saturate the available memory bandwidth to a CPU socket (e.g. the WideTable scans with
40 threads illustrated in Figure 5.3), so perfect linear scaling will not always be possible.
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6 CONCLUSION

This dissertation has described the design and implementation of the Quickstep database
management system, which has been underway since 2011 at the University of Wisconsin.
The Quickstep project was started to investigate how in-memory analytic data process-
ing platforms might be redesigned to take advantage of the full capabilities of modern
hardware and begin to close the “deficit” between growing volumes of data and query
complexity and the slower growth in single-core CPU performance. The project has had
several major successes and key research results.

The first major research undertaking in the Quickstep project was the development
of a unique flexible block-based storage engine. Table storage in Quickstep is divided
into many self-contained, self-describing blocks that internally allow a variety of different
physical storage organizations. An evaluation of the in-memory performance implications
of several dimensions of physical storage organization (including row-store vs. column-
store tuple layout, the use of indices, and the use of compression) was carried out in this
framework. This sort of apples-to-apples performance evaluation of different storage de-
sign choices would not have been possible without the Quickstep storage manager, since
even databases with a plug-in mechanism for different storage engines (e.g. MySQL) make
assumptions about access patterns over data that bias them towards certain storage for-
mats (e.g. row-at-a-time iteration via a cursor). Blocks in Quickstep, on the other hand,
have a high-level logical relational API, and different blocks decide for themselves based
on their own internal organization how to most efficiently evaluate operations like selec-
tion and projection.

The experimental study of in-memory storage organizations produced a number of
interesting results, and the most important is this: there is no “one size fits all” stor-
age organization that consistently outperforms the others. For instance, while column-
stores are widely used as the primary or only layout for tuple data in many analytic DBM-
Ses [65, 84,92, 113] there are still a class of queries (particularly those that project multiple
attributes and may involve indexing) where row stores have a performance edge. While
some systems rely heavily on compression and deemphasize the use of indices or elimi-
nate them all together [35, 84, 85, 92], both techniques can actually improve or diminish
performance depending on query selectivity. The lack of a universally high-performing
storage organization points to a need for flexibility in the physical organization of data, so

that the right organization for a particular data set and work load can be chosen. Quick-
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step’s block-based storage architecture provides this flexibility. It must be acknowledged,
however, that the chosing storage parameters in such an open environment is a significant
challenge. The extensive results presented in Chapter 3, which include detailed explana-
tory information about cache behavior, are a useful basis for making such decisions.

Another key component of Quickstep is the communication framework, the Transac-
tional Message Bus (TMB). Even the single-node version of Quickstep that is the primary fo-
cus of this work needs a mechanism for communication between the scheduler and worker
threads that scales well in multi-socket NUMA systems. This component was also devel-
oped with an eye towards a future distributed version of Quickstep, so it was useful to
clearly define the semantics of messaging and develop practical implementations of the
TMB that would serve both the current need for in-process communication in Quickstep
and provide the same features transparently over the network for future work (and indeed,
for other applications).

The process of defining the TMB'’s semantics started by surveying the features of ex-
isting message-oriented middleware systems. Such systems provide desirable properties
relating to reliability (e.g. at-least once delivery, persistent queues, high availability), con-
sistency (e.g. virtual synchrony), and manageability (e.g. tied messages, priority and
deadlines), but the development of the TMB was further motivated by the fact that no
preexisting system delivered the complete set of these properties. The first key contribu-
tion of the TMB is a complete definition of messaging semantics incorporating all of these
features.

The actual implemention of TMBs builds on Jim Gray’s argument that queues are
databases [44] and treats message bus management as a form of transaction processing. A
modular TMB software architecture (with “pluggable” components for core bus manage-
ment, persistence and recovery, and networking) was developed, with implementations
based on existing database software (SQLite, LevelDB, Zookeeper, and VoltDB) as well as
written-from scratch “native” implementations. The performance and scalability of these
implementations was evaluated using a stress-test benchmark, which guided tuning and
optimization of TMB components like in-memory concurrency control mechanisms, and
revealed interesting properties of the various TMB implementations. One particularly
interesting result is that, when threads running on different sockets in a NUMA server
communicate with each other over a TMB, there is not a major performance drop from
inter-socket communication so long as the threads themselves are affinitized to run on par-

ticular sockets. Another interesting result is that the distributed TMB implentations (both
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the native TMB network server and TMB running on a VoltDB cluster) have a property
of network-agnostic scalability, which is to say that the relationship between the number
of clients (threads) using the TMB and the overall throughput is similar regardless of the
number of physical machines those clients are spread over.

The last major contribution of this work is the development of Quickstep as a com-
plete analytics engine building on the storage engine and TMB components. The query
execution model in Quickstep is designed to exploit the parallelism of modern CPUs at
multiple levels. At the lowest level, Quickstep incorporates bit-parallel indexing meth-
ods [70] to take advantage of the parallelism inherent in ALUs with wide word sizes. At a
slightly higher level, Quickstep uses a system of code templates for expression evaluation
that compile down to simple column-at-a-time loops that the compiler can transform to
use SIMD instructions for instruction-level parallelism. Finally, to take advantage of ever-
increasing numbers of CPU cores, Quickstep has a parallel and dynamic query execution
framework that delivers both inter-operator and intra-operator parallelism.

The block-based storage architecture in Quickstep plays a crucial role in the parallel ex-
ecution engine. Storage blocks are a natural unit of parallelism for multiple simultaneous
worker threads. Simple operations like selection and projection can be performed com-
pletely independently for different blocks. More complex operations require some shared
state between workers (e.g. building and probing hash-tables for joins and aggregation
with grouping). Quickstep still achieves block-level parallelism for more complex opera-
tors by using latch-free in-memory data structures for shared state and allowing multiple
workers to process different input blocks using these shared structures in parallel. Blocks
are also the units of data flow between operators in query plans, so that intermediate
results are materialized in blocks which can then be used as inputs for downstream op-
erators, with different workers simultaneously executing block-level “work orders” from
different operators in a query plan.

Quickstep has a dynamic scheduler, and does not attempt to statically set a degree of
parallelism for queries up-front. Instead, the scheduler opportunistically schedules what-
ever block-level work orders are available at a given moment using any available stateless
worker threads. As intermediate blocks are materialized by executing work orders, new
work orders are generated for downstream operators in the query plan, and these too are
opportunistically dispatched to any available workers. This dynamic multithreaded ex-
ecution model achieves excellent scaling with addition worker threads, as demonstrated

by benchmarking experiments in Chapter 5, and can even achieve instant elasticity for a
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running query as new resources become available.

Despite these successes, it must be acknowledged that challenges and open questions
remain for Quickstep. For instance, experiments in Section 5.2 showed that Quickstep’s
performance for large joins can be underwhelming compared with another leading main-
memory database, MonetDB. The hash-based algorithms used for joins and aggregation
in Quickstep need to be tuned to use CPU caches efficiently (much as the study of storage
organizations in Chapter 3 provided insights for tuning selection algorithms). The cur-
rent Quickstep prototype also runs on only one node, and a major long-term goal for the
project is to develop a distributed version that extends the scalability and elasticity of the
Quickstep execution engine across multiple nodes in a cluster or cloud setting, allowing
Quickstep to handle workloads and data sets that are too large for any one server.

Fortunately, the Quickstep project continues apace with contributions from both stu-
dent researchers and commercial developers. The issues and goals mentioned above,
along with many others, continue to be worked on by the thesis author and many col-
leagues. Quickstep’s future as both a research platform and a practical database product
is bright.
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