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ABSTRACT

Analytical database systems process data to find insights. Database systems today are

facing challenges from multiple fronts: First, there is an unprecedented data being gen-

erated by machines and humans. Second, there is a diverse demand for analytics which

includes data warehousing and predictive analytics. Third, the hardware landscape keeps

evolving which means the database system need to keep up in order to reap the best out

of the hardware. Finally, cloud computing challenges the many assumptions regarding de-

ployment environments, availability of compute resources, storage and network resources

that the traditional systems were built with. Given these challenges, modern database sys-

tems need to manage the resources at their disposal efficiently - to produce faster results,

effectively - to fully utilize the resources and transparently - to be accountable to its users.

We present a query scheduler designed for the Quickstep database system that imparts

efficiency, effectiveness and transparency to the resource management of the system.

In the first chapter we present the makeup of the Quickstep system. We describe a

task abstraction called work orders, which is used by the scheduler for co-ordinating the

execution of a query. Through work orders, Quickstep scheduler gets a fine grained control

over query execution, and thus allows the system to exploit large amounts of parallelism

offered by the modern hardware.

Next we showcase the usefulness of the Quickstep scheduler as it solves two challenges:

resource governance and performance. In the second chapter, we employ the Quickstep

scheduler for allocating resources such as CPU to concurrent users of the system. The



xiii

resource allocation can understand high level policies such as fair and priority-based, and

enforces them while allocating the resources. The scheduler has a learning component,

which constantly monitors the resource consumption happening in the system, anticipates

the future resource requirements and adjusts the resource allocation so as to meet the

policy goals. Our experiments demonstrate that we are able to meet these policy goals.

In the final chapter, we highlight the impact of scheduling techniques on query perfor-

mance. We turn to pipelining, which is a well known query processing technique, used

since the times of disk-based systems. We revisit the importance of pipelining in the in-

memory systems and examine the role of various parameters such as block size, paral-

lelism, storage format and hardware prefetching. We find that the performance of queries

with and without pipelining does not differ as radically as it does in the disk-based en-

vironment. We explain the reasons for this similarity of performance between strategies

through empirical evaluation as well as an analytical model. Our study points to a reduced

role of pipelining in the in-memory environments for systems using a block-based query

processing approach.



xiv



1

Chapter 1

Introduction

Computer programs need computing, storage and communication resources to func-

tion. Usually the availability of such resources is limited and the system has to share them

among multiple users. Resource management is an important aspect of running a system.

Scheduling falls under the umbrella of resource management. It can be viewed as a gover-

nance model that governs how resources are shared among users and how various parts of

the system function together. The governance model is designed so as to meet goals about

resource management and performance of the system. For example, an operating system

uses resources such as memory, CPUs, and disk. It allows multiple processes to use these

resources at the same time through sophisticated scheduling techniques.

Scheduling has been studied extensively in many communities including computer sci-

ence theory, computer systems, and industrial engineering [25, 31, 32, 54, 70, 78, 101,

123, 125]. Typically a scheduling problems involves finding a schedule with a certain ob-

jective. The desired solution is the one that either meets the objective or gets close to

meeting it. Many scheduling problems are difficult in nature. For example, the problem of

scheduling N jobs each with a unit execution time on k processors such that the makespan

of the schedule is minimized, is NP complete [123]. Some of the standard techniques used

to solve scheduling problems are: using domain specific heuristics, dynamic programming,

greedy algorithms, and approximation algorithms.

In this dissertation, we establish the role of scheduling in modern database systems. We

show that scheduling can play a critical role in the functioning of the database system and

can be used to meet various objectives such as resource allocation and query performance.
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Before understanding the scheduling problem itself, we dive into the modern aspect of

modern database systems.

1.1 Modern Database Systems and the need for Scheduling

We distinguish traditional database systems and modern database systems based on

three aspects which are closely related to the scheduling problem: modern hardware,

growing data volumes, and deployment environments. We discuss these aspects below

and explain how they are related to the scheduling problem.

Modern hardware: Over the past few years hardware has drastically evolved. Modern

hardware includes large main memories, Non-Uniform Memory Access (NUMA) patterns

and large number of CPU cores. Traditional database architecture comes from a time when

memories were smaller, data were mostly resident on disks and multi-core parallelism

was uncommon. Therefore modern systems have high availability of two resources: CPU

parallelism and memory. Scheduling involves managing resources, therefore we believe

that there is a place for schedulers in modern database architecture.

Growing data volumes: We are in the era of big data and witnessing tremendous amount

of data generation. To process the large amount of data efficiently, data processing engines

must effectively leverage all the hardware features. However, what we are experiencing is

a growing deficit between the pace of hardware performance improvements and the pace

that is demanded of data processing kernels to keep up with the growth in data volumes.

Figure 1.1 illustrates this deficit issue by comparing improvements in processor perfor-

mance (blue line) with the growth rate of data (green line), using the number of pages

indexed by Google as an illustrative example. The processor performance improvements

presented in Figure 1.1 are measured by the highest reported CINT2006 benchmark result

for Intel Xeon chips from [118]. We use the number of pages indexed by Google (us-

ing estimates made by [119]) as a proxy for data growth. Figure 1.1 does not show the
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Figure 1.1: Deficit - Widening gap between hardware evolution and data generation

increase in the number of queries (which is about 2.5X for Google search queries from

2011–14), and the increase in the complexity of queries as applications request richer ana-

lytics. These aspects make the deficit problem worse. The figure also shows the maximum

number of cores per chip used in reported CINT2006 results over time. Interestingly (and

not shown in the figure), both the minimum and the average amount of memory per chip

in the reported CINT2006 results has grown by ≈4X from 2011 to 2017.

The presented data growth rate is conservative for many organizations, which tend to

see a far higher rate of increase in the data volume; for example, Facebook’s warehouse

grew by 3X in 2014 [98]. Figure 1.1 also shows (using a dotted orange line with squares)

the growth in the number of cores per processor over time. As one can observe, the number

of cores per processor is rising rapidly. In addition, since 2011 the main memory sizes are

also growing rapidly, and there is an increasing shift to larger main memory configurations.

In addition to the data growth, there is a growing interest in finding more insights from

the data as quickly as possible. In addition to the traditional online analytical processing

(OLAP), there is an increased interest in advanced analytics [69] (which involves machine

learning algorithms), both from academic community as well as industry. Thus, there

is a critical need for in-memory data processing methods that scale-up to exploit the full

(parallel) processing power that is locked in commodity multi-core servers today.
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Deployment environments: The most common deployment method few years ago was

"on-premise database", in which an enterprise would host and maintain the database soft-

ware on private servers. Deployment concerns such as failover handling, installing addi-

tional capacity, upgrading hardware would be taken care by the in-house database admin-

istrator.

Today cloud databases have drastically changed the modus operandi of database de-

ployment. Cloud providers host and manage databases on cloud platforms and abstract

away all the deployment pain points from the users. The database engine may be hosted

on a number of hardware platforms or virtual environments in the cloud.

Cloud databases promise the quality of their service in the form of a Service Layer

Agreement (SLA). The most common form of SLA today is in terms of availability, which

quantifies the extent to which the cloud database service would be available in a given

time window. As the extent of availability increases, the cost to the customer increases.

We now discuss the implications of such a SLA in terms of resource management. To meet

the SLA, the database service may need to elastically add more nodes. Occasionally to

reduce operational expenses and to lower the energy consumption, the database service

may need to downsize the number of operational nodes. Some cloud databases provide

differentiated service guarantees to users based on the Service Layer Agreement (SLA). To

guarantee the SLA for all users, the database service may require to reshuffle resources

from one customer to another.

Considering the above challenges, the resource management layer of the cloud database

needs to be flexible enough to withstand dynamicity in the resource availability. Hence the

scheduler should have built in resource allocation flexibility, helping the resource manage-

ment of the database become dynamic.

Next we take a deeper look into the scheduling problem in database systems. The scope

of our work is relational analytics (warehouse settings) where data primarily resides in

memory. In relational analytics, questions on data are posed via queries, that are made up

of relational operators. To get an idea of the problem of scheduling in database systems,
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we compare traditional database systems with MapReduce [36] based systems such as

Hive1 [122] in the next section.

1.2 Scheduling: Databases and MapReduce

We focus on two aspects of scheduling to compare databases and MapReduce frame-

works: a) an abstraction for tasks b) connecting resource management with relational

operators’ semantics.

MapReduce is a parallel data processing framework where a job is broken up in several

parallel map and reduce tasks. MapReduce programs consists of only map tasks and reduce

tasks. The mappers and reducer tasks form the scheduling abstractions for the MapReduce

framework.

In databases, a query is made up of several relational operators such as selection, join,

aggregation. Each logical operator may have multiple physical implementations. For ex-

ample an equi-join operator can be performed using hash-join and sort-merge join. Given

the variety in terms of relational operators and their physical implementations, databases

so far did not have a common scheduling abstraction for tasks within a query. We hypoth-

esize that the lack of a common scheduling abstraction is a reason why scheduler is not

considered a first class citizen in database architecture.

By having a scheduling abstraction the database system can have a greater control over

how resources are managed, and allotted to its users. The abstraction makes it easy to

estimate resource availability. If the scheduling abstraction is amenable to parallelism, it

may help the system to leverage parallelism offered by the hardware.

Next we discuss specialized resource management for relational operators. Database

community has for long focused on finding specialized resource management techniques

to improve performance of either individual relational operators or query as a whole [35,

25, 16, 83, 88]. Such a specialization is difficult to achieve in MapReduce framework, in

1We acknowledge that Hive now supports Tez and Spark run time environments in addition to MapRe-
duce.
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which every task is either a mapper or a reducer. It is difficult to reason about what is the

logical task being performed through the mappers and reducers. For example a mapper

could belong to the probe phase of a join or aggregation operator.

Through our work, we would like to achieve the best of both (databases and MapRe-

duce framework) worlds. We want scheduler as a first class primitive in the database

architecture and the ability to perform operator centric resource management in query

execution. We now present the contributions of this dissertation.

Design and Implementation of the Quickstep Database System: The work in this the-

sis is carried out in the Quickstep Database System [1, 99, 100]. We begin by presenting

the design and implementation of Quickstep.

Quickstep targets high performance for in-memory relational analytics. We describe the

various components of the system including storage manager, query optimizer, query exe-

cution engine (which consists the query scheduler), and the expression evaluation module.

Through benchmarking against other systems, we show that Quickstep is faster than other

systems, often by an order of magnitude.

Design and Implementation of the Quickstep Scheduler: The core focus of this dis-

sertation is Quickstep’s query scheduler. We describe the nuts and bolts of the scheduler.

We propose a novel task abstraction called work orders used for query processing in Quick-

step. The work done in a query is broken up in several work orders. Thus the work orders

abstraction is used by all the relational operators implemented in Quickstep and it enables

the system to exploit the large degree of parallelism offered by modern hardware.

Using the Quickstep Scheduler to meet different objectives: We showcase the ver-

satility of the Quickstep scheduler by demonstrating how it can be used to meet vari-

ous objectives. Specifically we show the Quickstep scheduler in two scenarios. First, we

show how the scheduler can allocate resources such as CPU to concurrent queries through

well defined policies such as fair and priority-based policies. We propose a probabilistic
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scheduling approach, which gives the resource administrators a knob to allocate resources

to concurrently running queries in the system. We believe that this work can be useful in

the age of cloud databases, where the pay as you go philosophy for resource consumption

can become the norm.

Second, we analyze the impact of scheduling strategies on query performance. For this

analysis we focus on pipelining, a well known technique in database systems that deals

with the interaction of two adjacent relational operators in a query plan DAG. Disk-based

database systems prefer pipelined query processing over non-pipelining query processing.

We question this preference in the in-memory based systems and show that the gap be-

tween pipelining and non-pipelining is not as wide. We study the connection between

pipelining performance and parameters such as degree of parallelism, storage formats,

block size and hardware prefetching. We compare the performance of TPC-H queries with

and without pipelining. We come up with a surprising conclusion that pipelining does not

really help query performance significantly. We show the reasons for why these two strate-

gies result in a similar performance through an analytical model and through extensive

empirical evaluation on Quickstep.

Readers are advised that the content in this dissertation is based on previously pub-

lished papers [37, 38, 100] and another manuscript under submission. Large sections

of this dissertation are taken directly from these papers. Quickstep is an open source

project. Interested readers can find its source code at: https://github.com/apache/

incubator-quickstep.

https://github.com/apache/incubator-quickstep
https://github.com/apache/incubator-quickstep
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Chapter 2

Design and Implementation of Quickstep System

2.1 Introduction

Query processing systems today face a host of challenges that were not as prominent

just a few years ago. A key change has been dramatic changes in the hardware landscape

that is driven by the need to consider energy as a first-class (hardware) design parameter.

Across the entire processor-IO hierarchy, the hardware paradigm today looks very different

than it did just a few years ago. Consequently, we are now experiencing a growing deficit

(illustrated in Figure 1.1) between the pace of hardware performance improvements and

the pace that is demanded of data processing kernels to keep up with the growth in data

volumes.

Our attempt to pay off this deficit is through a system called Quickstep. Our goal is to

exploit the full (parallel) processing power that is locked in commodity multi-core servers

today. We describe the initial version of Quickstep that targets single-node in-memory

read-mostly analytic workloads. Quickstep uses mechanisms that allow for high intra-

operator parallelism. Such mechanisms are critical to exploit the full potential of the high

level of hardware compute parallelism that is present in modern servers (the dotted orange

line in Figure 1.1).

Unlike most research database management systems (DBMSs), Quickstep has a stor-

age manager with a block layout, where each block behaves like a mini self-contained

database [27]. This “independent” block-based storage design is leveraged by a highly

parallelizable query execution paradigm in which independent work orders are generated
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at the block level. Query execution then amounts to creating and scheduling work orders,

which can be done in a generic way. Thus, the scheduler is a crucial system component,

and the Quickstep scheduler cleanly separates scheduling policies from the underlying

scheduling mechanisms. This separation allows the system to elastically scale the resources

that are allocated to queries, and to adjust the resource allocations dynamically to meet

various policy-related goals.

Recognizing that random memory access patterns and materialization costs often dom-

inate the execution time in main-memory DBMSs, Quickstep uses a number of query pro-

cessing techniques that take the “drop early, drop fast” approach: eliminating redundant

rows as early as possible, as fast as possible. For instance, Quickstep aggressively pushes

down complex disjunctive predicates involving multiple tables using a predicate over-

approximation scheme. Quickstep also uses cache-efficient filter data structures to pass

information across primary key-foreign key equi-joins, eliminating semi-joins entirely in

some cases. Overall, the key contributions of our work are as follows:

Cohesive collection of techniques: We present the first end-to-end design for Quick-

step. This system brings together in a single artifact a number of mechanisms for in-

memory query processing such as support for multiple storage formats, a template metapro-

gramming approach to both manage the software complexity associated with supporting

multiple storage formats and to evaluate expressions on data in each storage format effi-

ciently, and novel query optimization techniques. The impact of each mechanism depends

on the workload, and our system brings these mechanisms together as a whole. For exam-

ple, the waterfall chart in Figure 2.1 shows the contributions of various techniques on the

performance of TPC-H Query 10.

Novel query processing techniques: We present Quickstep’s use of techniques to ag-

gressively push down complex disjunctive predicates involving multiple relations, as well

as to eliminate certain types of equi-joins using exact filters.
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Figure 2.1: A waterfall chart showing the impact of various techniques in Quickstep

for query 10 from the TPC-H benchmark running on a 100 scale factor database. RS

(Row Store), and CCS (Compressed Column Store) are both supported in Quickstep

(see Section 2.3.1). Basic and Selection are template metaprogramming optimiza-

tions (described in Section 2.3.3), which relate to the efficiency of predicate and ex-

pression evaluation. LIP (Lookahead Information Passing, described in Section 2.5.3)

is a technique to improve join performance. Starting with a configuration (Basic +

RS), each technique is introduced one at a time to show the individual impact of each

technique on this query.
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Manageability: The design of the system focuses on ease-of-use, paying attention to

a number of issues, including employing methods such as using a holistic approach to

memory management, and elastically scaling query resource usage at runtime to gracefully

deal with concurrent queries with varying query priorities.

Comparison with other systems: We also conduct an end-to-end evaluation compar-

ing Quickstep with a number of other systems. These system are: Spark [133, 15], Post-

greSQL [103], MonetDB [60], and VectorWise [137]. Our results show that in many cases,

Quickstep is faster by an order-of-magnitude, or more.

We also leverage the multiple different storage implementations in Quickstep to better

understand the end-to-end impact of the popular row store and column store methods on

the SSB and TPC-H queries. To the best of our knowledge, an apples-to-apples comparison

of these benchmark queries does not exist. We show that overall column stores are still pre-

ferred, though the speed up overall is only about 2X. Earlier comparisons, e.g. [12], have

been indirect comparisons of this aspect of storage management for the SSB benchmark

across two different systems, and show far larger (6X) improvements.

Open source: Quickstep is available as open-source, which we hope helps the repro-

ducibility goal that is being pursued in our community [24, 81, 82]. It also allows other

researchers to use this system as a platform when working on problems where the impact

of specific techniques can be best studied within the context of the overall system behavior.

The remainder of this chapter is organized as follows: The overall Quickstep architec-

ture is presented in the next section. The storage manager in presented in Section 2.3.

The query execution and scheduling methods are presented in Sections 2.4 and 2.5 re-

spectively. Empirical results are presented in Section 2.6, and related work is presented in

Section 2.7. Finally, Section 2.8 contains our concluding remarks.
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Numeric types

INTEGER (32-bit signed)

BIGINT/LONG (64-bit signed)

REAL/FLOAT (IEEE 754 binary32 format)

DOUBLE PRECISION (IEEE 754 binary64 format)

fixed-point DECIMAL

Non-numeric types

CHAR strings

variable-length VARCHAR strings

DATETIME/TIMESTAMP (microsecond resolution)

Date-time INTERVAL

Year-month INTERVAL

Table 2.1: Types in Quickstep

2.2 Quickstep Architecture

Quickstep implements a collection of relational algebraic operators, using efficient al-

gorithms for each operation. This “kernel” can be used to run a variety of applications,

including SQL-based data analytics (the focus of our work) and other classes of analytics/-

machine learning (using the approach outlined in [44, 134]). Our work only focuses only

on SQL analytics.

2.2.1 Query Language and Data Model

Quickstep uses a relational data model, and SQL as its query language. Table 2.1

describes the various types currently supported by Quickstep.

2.2.2 System Overview

The internal architecture of Quickstep resembles the architecture of a typical DBMS

engine. A distinguishing aspect is that Quickstep has a query scheduler (cf. Section 2.4.2),
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which plays a key first-class role allowing for quick reaction to changing workload man-

agement (see evaluation in Section 2.6.9). A SQL parser converts the input query into a

syntax tree, which is then transformed by an optimizer into a physical plan. The optimizer

uses a rules-based approach [48] to transform the logical plan into an optimal physical

plan. The current optimizer supports projection and selection push-down, and both bushy

and left-deep trees.

A catalog manager stores the logical and physical schema information, and associated

statistics, including table cardinalities, the number of distinct values for each attribute, and

the minimum and maximum values for numerical attributes.

A storage manager organizes the data into large multi-MB blocks, and is described in

Section 2.3.

An execution plan in Quickstep is a directed acyclic graph (DAG) of relational opera-

tors. The execution plan is created by the optimizer, and then sent to the scheduler. The

scheduler is described in Section 2.4.

A relational operator library contains implementation of various relational operators.

Currently, the system has implementations for the following operators: select, project,

joins (equijoin, semijoin, antijoin and outerjoin), aggregate, sort, and top-k.

Quickstep implements a hash join algorithm in which the two phases, the build phase

and the probe phase, are implemented as separate operators. The build hash table operator

reads blocks of the build relation, and builds a single cache-efficient hash table in memory

using the join predicate as the key (using the method proposed in [19]). The probe hash

table operator reads blocks of the probe relation, probes the hash table, and materializes

joined tuples into in-memory blocks. Both the build and probe operators take advantage

of block-level parallelism, and use a latch-free concurrent hash table to allow multiple

workers to proceed at the same time.

For non-equijoins, a block-nested loops join algorithm is used. The hash join method

has also been adapted to support left outer join, left semijoin, and antijoin operations.
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For aggregation without GROUP BY, local aggregates for each input block are com-

puted, which are then merged to compute the global aggregate. For aggregation with

GROUP BY, a global latch-free hash table of aggregation handles is built (in parallel), us-

ing the grouping columns as the key.

The sort and top-K operators use a two-phase algorithm. In the first phase, each block

of the input relation is sorted in-place, or copied to a single temporary sorted block. These

sorted blocks are merged in the second (final) phase.

2.3 Storage Manager

The Quickstep storage manager [27] is based on a block-based architecture, which we

describe next. The storage manager allows a variety of physical data organizations to

coexist within the same database, and even within the same table. We briefly outline the

block-based storage next.

2.3.1 Block-Structured Storage

Storage for a particular table in Quickstep is divided into many blocks with possibly dif-

ferent layouts, with individual tuples wholly contained in a single block. Blocks of different

sizes are supported, and the default block size is 2 megabytes. On systems that support

large virtual-memory pages, Quickstep constrains block sizes to be an exact multiple of the

hardware large-page size (e.g. 2 megabytes on x86-64) so that it can allocate buffer pool

memory using large pages and make more efficient use of processor TLB entries.

Internally, a block consists of a small metadata header (the block’s self-description), a

single tuple-storage sub-block and any number of index sub-blocks, all packed in the block’s

contiguous memory space. There are multiple implementations of both types of sub-blocks,

and the API for sub-blocks is generic and extensible, making it easy to add more sub-

block types in the future. Both row-stores and column-store formats are supported, and

orthogonally these stores can be compressed. See [56] for additional details about the

block layouts.
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2.3.2 Compression

Both row store and column store tuple-storage sub-blocks may optionally be used with

compression. Quickstep supports two type-specific order-preserving compression schemes:

(1) simple ordered dictionary compression for all data types, and (2) leading zeroes trun-

cation for numeric data types. In addition, Quickstep automatically chooses the most

efficient compression for each attribute on a per-block basis.

Dictionary compression converts native column values into short integer codes that

compare 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. We note that in the column-store case, we could more

aggressively pack codes without “rounding up” to the nearest byte, but our experiments

have indicated that the more complicated process of reconstructing codes that span across

multiple words slows down scans overall when this technique is used. Thus, we currently

pack codes at 1, 2, and 4 byte boundaries.

2.3.3 Template Metaprogramming

As noted above, Quickstep supports a variety of data layouts (row vs. column store, and

with and without compression). Each operator algorithm (e.g. scan, select, hash-based

aggregate, hash-based join, nested loops join) must work with each data layout. From a

software development perspective, the complexity of the software development for each

point in this design space can be quite high. A naive way to manage this complexity is to

use inheritance and dynamic dispatch. However, the run-time overhead of such indirection

can have disastrous impact on query performance.

To address this problem, Quickstep uses a template metaprogramming approach to al-

low efficient access to data in the blocks. This approach is inspired by the principle of

zero-cost abstractions exemplified by the design of the C++ standard template library



16

Data 
Block

All the columns 
for a block of 

tuple, including 
the attributes 
discount and

price and stored 
here in some 

storage format)

V
al

ue
A

cc
es

so
r

(d
is

co
un

t)

V
al

ue
A

cc
es

so
r

(p
ri

ce
)

V
al

ue
A

cc
es

so
r

(d
is

co
un

t*
pr

ic
e)

1 2

3 4

Figure 2.2: Evaluation of the expression discount*price.

(STL), in which the implementations of containers (such as vectors and maps) and algo-

rithms (like find and sort) are separated from each other.

Quickstep has an analogous design wherein access to data in a sub-block is made via a

ValueAccessor in combination with a generic functor (usually a short lambda function)

that implements the evaluation of some expression or the execution of some operator al-

gorithm. The various ValueAccessors and functors have been designed so that the compiler

can easily inline calls and (statically) generate compact and efficient inner loops for ex-

pression and operator evaluation described in more detail below in Section 2.3.3.1. Such

loops are also amenable to prefetching and SIMD auto-vectorization by the compiler, and

potentially (in the future) mappable to data parallel constructs in new hardware. (We ac-

knowledge that there is a complementary role for run-time code generation.) We describe

the use of this technique for expression evaluation next.

2.3.3.1 Expression Evaluation

The ValueAccessors (VAs) play a crucial role in efficient evaluation of expressions

(e.g. discount*price). Figure 2.2 illustrates how VAs work using as example an ex-

pression that is the product of two attributes. There are various compile time optimizations

that control the code that is generated for VAs. When using the “Basic” optimization, the
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VA code makes a physical copy of the attributes that are referenced in the expression.

These are steps 1 and 2 in Figure 2.2. The vector of the two attributes are then multiplied

(step 3 in the figure) using a loop unrolled by the compiler (possibly generating SIMD

instructions). The output of the expression is another VA object, from which (efficient)

copies can be made to the final destination (likely a sub-block in a result block).

When using the “Selection” optimization level, the code that is generated for the VAs

uses an indirection to the attributes (regardless of the storage format in the block). Thus,

in steps 1 and 2 in Figure 2.2, the resulting VA “vectors” contain pointers to the actual

attributes. These pointers are dereferenced as needed in step 3. With the Selection opti-

mization, copies are avoided, and if the columns are in a columnar store format the VAs

are further compacted to simply point to the start of the “vector” in the actual storage

block.

To understand the impact of the template metaprogramming approach we compared

the code generated by the template metaprogamming (i.e. VA) approach with a standalone

program that uses dynamic dispatch to access the attributes. With the dynamic dispatch

option, a traditional getNext() interface is used to access the attributes in a uniform way

regardless of the underlying storage format. For this comparison, we created a table with

two integer attributes, set the table cardinality to 100 million tuples, and stored the data

in a columnar store format. Then, we evaluated an expression that added both the integer

attributes (on the same 2 socket system described in Section 2.6). The resulting code

using the Selection optimization is 3X faster compared to the virtual function approach

when using a single thread (when the computation is compute-bound, and drops to 2X

when using all the (20) hardware threads when the computation is more memory-bound.

2.3.4 Holistic Memory Management

The Quickstep storage manager maintains a buffer pool of memory that is used to create

blocks, and to load them from persistent storage on-demand. Large allocations of unstruc-

tured memory are also made from this buffer pool, and are used for shared run-time data
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structures like hash tables for joins and aggregation operations. These large allocations for

run-time data structures are called blobs. The buffer pool is organized as a collection of

slots, and the slots in the buffer pool (either blocks or blobs) are treated like a larger-sized

version of page slots in a conventional DBMS buffer pool.

We note that in Quickstep all memory for caching base data, temporary tables, and run-

time data structures is allocated and managed by the buffer pool manager. This holistic

view of memory management implies that the user does not have to worry about how to

partition memory for these different components. The buffer pool employs an eviction

policy to determine the pages to cache in memory. Quickstep has a mechanism where

different “pluggable” eviction policies can be activated to choose how and when blocks are

evicted from memory, and (if necessary) written back to persistent storage if the page is

“dirty.” The default eviction policy is LRU-2 [94].

Data from the storage manager can be persisted through a file manager abstraction

that currently supports the Linux file system (default), and also HDFS [117].

2.4 Scheduling & Execution

In this section, we describe how the design of the query processing engine in Quick-

step achieves three key objectives. First, we believe that separating the control flow

and the data flow involved in query processing allows for greater flexibility in reacting

to runtime conditions and facilitates maintainability and extensibility of the system. To

achieve this objective, the engine separates responsibilities between a scheduler, which

makes work scheduling decisions, and workers that execute the data processing kernels

(cf. Section 2.4.1).

Second, to fully utilize the high degree of parallelism offered by modern processors,

Quickstep complements its block-based storage design with a work order-based scheduling

model (cf. Section 2.4.2) to obtain high intra-query and intra-operator parallelism.
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Finally, to support diverse scheduling policies for sharing resources (such as CPU and

memory) between concurrent queries, the scheduler design separates the choice of policies

from the execution mechanisms (cf. Section 2.4.3).

2.4.1 Threading Model

The Quickstep execution engine consists of a single scheduler thread and a pool of

workers. The scheduler thread uses the query plan to generate and schedule work for the

workers. When multiple queries are concurrently executing in the system, the scheduler

is responsible for enforcing resource allocation policies across concurrent queries and con-

trolling query admittance under high load. Furthermore, the scheduler monitors query

execution progress, enabling status reports as illustrated in Section 2.6.10.

The workers are responsible for executing the relational operation tasks that are sched-

uled. Each worker is a single thread that is pinned to a CPU core (possibly a virtual core),

and there are as many workers as cores available to Quickstep. The workers are created

when the Quickstep process starts, and are kept alive across query executions, minimizing

query initialization costs. The workers are stateless; thus, the worker pool can elastically

grow or shrink dynamically.

2.4.2 Work Order-based Scheduler

The Quickstep scheduler divides the work for the entire query into a series of work

orders. In this section, we first describe the work order abstraction and provide a few

example work order types. Next, we explain how the scheduler generates work orders for

different relational operators in a query plan, including handling of pipelining and internal

memory management during query execution.

The optimizer sends to the scheduler an execution query plan represented as a directed

acyclic graph (DAG) in which each node is a relational operator. Figure 2.3 shows the DAG

for the example query shown below. Note that the edges in the DAG are annotated with

whether the producer operator is blocking or permits pipelining.
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Figure 2.3: Plan DAG for the sample query
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SELECT SUM(sales)

FROM Product P NATURAL JOIN Buys B

WHERE B.buy_month = 'March'

AND P.category = 'swim'

2.4.2.1 Work Order

A work order is a unit of intra-operator parallelism for a relational operator. Each

relational operator in Quickstep describes its work in the form of a set of work orders,

which contains references to its inputs and all its parameters. For example, a selection work

order contains a reference to its input relation, a filtering predicate, and a projection list

of attributes (or expressions) as well as a reference to a particular input block. A selection

operator generates as many work orders as there are blocks in the input relation. Similarly,

a build hash work order contains a reference to its input relation, the build key attribute, a

hash table reference, and a reference to a single block of the input build relation to insert

into the hash table.

2.4.2.2 Work Order Generation and Execution

The scheduler employs a simple DAG traversal algorithm to activate nodes in the DAG.

An active node in the DAG can generate schedulable work orders, which can be fetched by

the scheduler. In the example query, initially, only the Select operators (shown in Figure 2.3

using the symbol σ) are active. Operators such as the probe hash and the aggregation

operations are initially inactive as their blocking dependencies have not finished execution.

The scheduler begins executing this query by fetching work orders for the select operators.

Later, other operators will become active as their dependencies are met, and the scheduler

will fetch work orders from them.

The scheduler assigns these work orders to available workers, which then execute them.

All output is written to temporary storage blocks. After executing a work order, the worker
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sends a completion message to the scheduler, which includes execution statistics that can

be used to analyze the query execution behavior.

2.4.2.3 Implementation of Pipelining

In our example DAG (Figure 2.3), the edge from the Probe hash operator to the Ag-

gregate operator allows for data pipelining. As described earlier, the output of each probe

hash work order is written in some temporary blocks. Fully-filled output blocks of probe

hash operators can be streamed to the aggregation operator (shown using the symbol γ

in the figure). The aggregation operator can generate one work order for each streamed

input block that it receives from the probe operator, thereby achieving pipelining.

The design of the Quickstep scheduler separates control flow from data flow. The

control flow decisions are encapsulated in the work order scheduling policy. This policy

can be tuned to achieve different objectives, such as aiming for high performance, staying

with a certain level of concurrency/CPU resource consumption for a query, etc. In the

current implementation, the scheduler eagerly schedules work orders as soon as they are

available.

2.4.2.4 Output Management

During query execution, intermediate results are written to temporary blocks. To mini-

mize internal fragmentation and amortize block allocation overhead, workers reuse blocks

belonging to the same output relation until they become full. To avoid memory pressure,

these intermediate relations are dropped as soon as they have been completely consumed

(see the Drop σ Outputs operator in the DAG). Hash tables are also freed similarly (see the

Drop Hash Table operator). An interesting avenue for future work is to explore whether

delaying these Drop operators can allow sub-query reuse across queries.
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2.4.3 Separation of Policy and Mechanism

Quickstep’s scheduler supports concurrent query execution. Recall that a query is de-

composed into several work orders during execution. These work orders are organized in

a data structure called the Work Order Container. The scheduler maintains one such con-

tainer per query. A single scheduling decision involves: selection of a query → selection of

a work order from the container→ dispatching the work order to a worker thread. When

concurrent queries are present, a key aspect of the scheduling decision is to select a query

from the set of active concurrent queries, which we describe next.

The selection of a query is driven by a high level policy. An example of such a policy is

Fair. With this policy, in a given time interval, all active queries get an equal proportion

of the total CPU cycles across all the cores. Another such policy is Highest Priority First

(HPF), which gives preference to higher priority queries. (The HPF policy is illustrated

later in Section 2.6.9.) Thus, Quickstep’s scheduler consists of a component called the

Policy Enforcer that transforms the policy specifications in each of the scheduling decisions.

The Policy Enforcer uses a probabilistic framework for selecting queries for scheduling

decisions. It assigns each query a probability value, which indicates the likelihood of that

query being selected in the next scheduling decision. We employ a probabilistic approach

because it is attractive from an implementation and debugging perspective (as we only

worry about the probability values, which can be adjusted dynamically at anytime, includ-

ing mid-way through query execution).

The probabilistic framework forms the mechanism to realize the high level policies and

remains decoupled from the policies. This design is inspired from the classical separation

of policies from mechanism principle [71].

A key challenge in implementing the Policy Enforcer lies in transforming the policy

specifications to probability values, one for each query. A critical piece of information

used to determine the probability values is the prediction of the execution time of the

future work order for a query. This information provides the Policy Enforcer some insight

into the future resource requirements of the queries in the system. The Policy Enforcer
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is aware of the current resource allocation to different queries in the system, and using

these predictions, it can adjust the future resource allocation with the goal of enforcing the

specified policy for resource sharing.

The predictions about execution time of future work orders of a query are provided by

a component called the Learning Agent. It uses a prediction model that takes execution

statistics of the past work orders of a query as input and estimates the execution time for

the future work orders for the query.

The calculation of the probability values for different policies implemented in Quickstep

and their relation with the estimated work order execution time is presented in [37].

To prevent the system from thrashing (e.g. out of memory), a load controller is in-built

into the scheduler. During concurrent execution of the queries, the load controller can

control the admission of queries into the system and it may suspend resource intensive

queries, to ensure resource availability.

Finally, we note that by simply tracking the work orders that are completed, Quickstep

can provide a built-in generic query progress monitor (shown in Section 2.6.10).

2.5 Efficient Query Processing

Quickstep builds on a number of existing query processing methods (as described in

Section 2.2.2). The system also improves on existing methods for specific common query

processing patterns. We describe these query processing methods in this section.

Below, we first describe a technique that pushes down certain disjunctive predicates

more aggressively than is common in traditional query processing engines. Next, we de-

scribe how certain joins can be transformed into cache-efficient semi-joins using exact fil-

ters. Finally, we describe a technique called LIP that uses Bloom filters to speed up the

execution of join trees with a star schema pattern.
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The unifying theme that underlies these query processing methods is to eliminate re-

dundant computation and materialization using a “drop early, drop fast” approach: aggres-

sively pushing down filters in a query plan to drop redundant rows as early as possible, and

using efficient mechanisms to pass and apply such filters to drop them as fast as possible.

2.5.1 Partial Predicate Push-down

While query optimizers regularly push conjunctive (AND) predicates down to selec-

tions, it is difficult to do so for complex, multi-table predicates involving disjunctions (OR).

Quickstep addresses this issue by using an optimization rule that pushes down partial

predicates that conservatively approximate the result of the original predicate.

Consider a complex disjunctive multi-relation predicate P in the form P = (p1,1 ∧ · · · ∧

p1,m1) ∨ · · · ∨ (pn,1 ∧ · · · ∧ pn,mn), where each term pi,j may itself be a complex predicate

but depends only on a single relation. While P itself cannot be pushed down to any of

the referenced relations (say R), we show how an appropriate relaxation of P , P ′(R), can

indeed be pushed down and applied at a relation R.

This predicate approximation technique derives from the insight that if any of the terms

pi,j in P does not depend on R, it is possible to relax it by replacing it with the tautological

predicate> (i.e., TRUE). Clearly, this technique is only useful ifR appears in every conjunc-

tive clause in P , since otherwise P relaxes and simplifies to the trivial predicate >. So let

us assume without loss of generality that R appears in the first term of every clause, i.e., in

each pi,1 for i = 1, 2, . . . , n. After relaxation, P then simplifies to P ′(R) = p1,1∨p1,2∨. . .∨p1,n,

which only references the relation R.

The predicate P ′ can now be pushed down toR, which often leads to significantly fewer

redundant tuples flowing through the rest of the plan. However, since the exact predicate

must later be evaluated again, such a partial push down is only useful if the predicate is

selective. Quickstep uses a rule-based approach to decide when to push down predicates,

but in the future we plan to expand this method to consider a cost-based approach based

on estimated cardinalities and selectivities instead.
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There is a discussion of join-dependent expression filter pushdown technique in [22],

but the overall algorithm for generalization, and associated details, are not presented. The

partial predicate push-down can be considered a generalization of such techniques.

Note that the partial predicate push down technique is complimentary to implied pred-

icates used in SQL Server [85] and Oracle [96]. Implied predicates use statistics from the

catalog to add additional filter conditions to the original predicate. Our technique does

not add any new predicates, instead it replaces the predicates from another table to TRUE.

2.5.2 Exact Filters: Join to Semi-join Transformation

A new query processing approach that we introduce (which, to the best of our knowl-

edge, has not been described before) is to identify opportunities when a join can be trans-

formed to a semi-join, and to then use a fast, cache-efficient semi-join implementation

using a succinct bitvector data structure to evaluate the join(s) efficiently. This bitvector

data structure is called an Exact Filter (EF), and we describe it in more detail below.

To illustrate this technique, consider the SSB [95] query Q4.1 (see Figure 2.4a). Notice

that in this query the part table does not contribute any attributes to the join result

with lineorder, and the primary key constraint guarantees that the part table does

not contain duplicates of the join key. Thus, we can transform the lineorder – part

join into a semi-join, as shown in Figure 2.4b. During query execution, after the selection

predicate is applied on the part table, we insert each resulting value in the join key

(p_partkey) into an exact filter. This filter is implemented as a bitvector, with one bit for

each potential p_partkey in the part table. The size of this bitvector is known during

query compilation based on the min-max statistics present in the catalog. (These statistics

in the catalog are kept updated for permanent tables even if the data is modified.) The

EF is then probed using the lineorder table. The lineorder – supplier join also

benefits from this optimization.
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Figure 2.4: Query plan variations for SSB Query 4.1

The implementation of semi-join operation using EF rather than hash tables improves

performance for many reasons. First, by turning insertions and probes into fast bit opera-

tions, it eliminates the costs of hashing keys and chasing collision chains in a hash table.

Second, since the filter is far more succinct than a hash table, it improves the cache hit ra-

tio. Finally, the predictable size of the filter eliminates costly hash table resize operations

that occur when selectivity estimates are poor.

The same optimization rule also transforms anti-joins into semi-anti-joins, which are

implemented similarly using EFs.

2.5.3 Lookahead Information Passing (LIP)

Quickstep also employs a join processing technique called LIP that combines the “drop

early” and “drop fast” principles underlying the techniques we described above. We only

briefly discuss this technique here, and refer the reader to related work [136] for more

details.

Consider SSB Query 4.1 from Figure 2.4a again. The running time for this query plan

is dominated by the cost of processing the tree of joins. We observe that a lineorder

row may pass the joins with supplier and part, only to be dropped by the join with

customer. Even if we assume that the joins are performed in the optimal order, the

original query plan performs redundant hash table probes and materializations for this
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row. The essence of the LIP technique is to look ahead in the query plan and drop such

rows early. In order to do so efficiently, we use LIP filters, typically an appropriately-

configured Bloom filter [20].

The LIP technique is based on semi-join processing and sideways information pass-

ing [18, 61, 17], but is applied more aggressively and optimized for left-deep hash join

trees in the main-memory context. For each join in the join tree, during the hash-table

build phase, we insert the build-side join keys into an LIP filter. Then, these filters are all

passed to the probe-side table, as shown in Figure 2.4c. During the probe phase of the

hash join, the probe-side join keys are looked up in all the LIP filters prior to probing the

hash tables. Due to the succinct nature of the Bloom filters, this LIP filter probe phase is

more efficient than hash table probes, while allowing us to drop most of the redundant

rows early, effectively pushing down all build-side predicates to the probe-side table scan.

During query optimization, Quickstep first pushes down predicates (including partial

push-down described above) and transforms joins to semi-joins. The LIP technique is then

used to speed up the remaining joins. Note that our implementation of LIP generalizes

beyond the discussion here to also push down filters across other types of joins, as well as

aggregations. In addition to its performance benefits, LIP also provably improves robust-

ness to join order selection through the use of an adaptive technique, as discussed in detail

in [136].

2.6 Evaluation

In this section, we present results from an empirical evaluation comparing Quickstep

with other systems. We note that performance evaluation is always a tricky proposition

as there are a large number of potential systems to compare with. Our goal here is to

compare with popular systems that allow running end-to-end queries for TPC-H and SSB

benchmarks, and pick three popular representative systems that each have different ap-

proaches to high performance analytics, and support stand-alone/single node in-memory

query execution. We note that a large number of different SQL data platforms have been
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built over the past four decades, and a comparison of all systems in this ecosystem is

beyond the scope of our study.

The three open-source systems that we use are MonetDB [60], PostgreSQL [103] and

Spark [133, 15] and the commercial system is VectorWise [137]. We note that there is a

lack of open-source in-memory systems that focus on high-performance on a single node

(the focus of the Quickstep system). VectorWise and Hyper [63] are newer systems, and

though informal claims for them easily outperforming MonetDB can often be heard at con-

ferences, that aspect has never been cataloged before. We hope that using both VectorWise

and MonetDB in our study fills part of this gap. We would have liked to try Hyper, as both

VectorWise and Hyper represent systems in this space that were designed over the last

decade; but as readers may be aware, Hyper is no longer available for evaluation.

Next, we outline our reasons for choosing these systems. MonetDB, is an early column-

store database engine that has seen over two decades of development. We also com-

pare with VectorWise, which is a commercial column store system with origins in Mon-

etDB. PostgreSQL is representative of a traditional relational data platform that has had

decades to mature, and is also the basis for popular MPP databases like CitusDB [33],

GreenPlum [50], and Redshift [111]. We use PostgreSQL v. 9.6.2, which includes about a

decade’s worth of work by the community to add intra-query parallelism [104]. We chose

Spark as it is an increasingly popular in-memory data platform. Thus, it is instructive just

for comparison purposes, to consider the relative performance of Quickstep with Spark. We

use Spark 2.1.0, which includes the recent improvements for vectorized evaluation [112].

2.6.1 Workload

For the evaluation, we use the TPC-H benchmark at scale factor 100 as well as the Star

Schema Benchmark (SSB) at scale factors 50 and 100. Both these benchmarks illustrate

workloads for decision support systems.

For the results presented below, we ran each query 5 times in succession in the same

session. Thus, the first run of the query fetches the required input data into memory, and
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the subsequent runs are “hot.” We collect these five execution times and report the average

of the middle three execution times.

2.6.2 System Configuration

For the experiments presented below, we use a server that is provisioned as a dedicated

“bare-metal” box in a larger cloud infrastructure [113]. The server has two Intel Xeon

E5-2660 v3 2.60 GHz (Haswell EP) processors. Each processor has 10 cores and 20 hyper-

threading hardware threads. The machine runs Ubuntu 14.04.1 LTS. The server has a total

of 160GB ECC memory, with 80GB of directly-attached memory per NUMA node. Each

processor has a 25MB L3 cache, which is shared across all the cores on that processor.

Each core has a 32KB L1 instruction cache, 32KB L1 data cache, and a 256KB L2 cache.

2.6.3 System Tuning

Tuning systems for optimal performance is a cumbersome task, and much of the task

of tuning is automated in Quickstep. When Quickstep starts, it automatically senses the

available memory and grabs about 80% of the memory for its buffer pool. This buffer pool

is used for both caching the database and also for creating temporary data structures such

as hash tables for joins and aggregates. Quickstep also automatically determines the max-

imum available hardware parallelism, and uses that to automatically determine and set

the right degree of intra-operator and intra-query parallelism. As noted in Section 2.3.1,

Quickstep allows both row-store and column-store formats. These are currently specified

by the users when creating the tables, and we find that for optimal performance, in most

cases, the fact tables should be stored in (compressed) column store format, and the di-

mension tables in row-store formats. We use this hybrid storage format for the databases

in the experiments below.

MonetDB too aims to work without performance knobs. MonetDB however does not

have a buffer pool, so some care has to be taken to not run with a database that pushes the
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edge of the memory limit. MonetDB also has a read-only mode for higher performance,

and after the database was loaded, we switched to this mode.

The other systems require some tuning to achieve good performance, as we discuss

below.

For VectorWise, we increased the buffer pool size to match the size of the memory

on the machine (VectorWise has a default setting of 40 GB). We also set the number of

cores and the maximum parallelism level flags to match the number of cores with hyper-

threading turned on.

PostgreSQL was tuned to set the degree of parallelism to match the number of hyper-

threaded cores in the system. In addition, the shared buffer space was increased to allow

the system to cache the entire database in memory. The temporary buffer space was set to

about half the shared buffer space. This combination produced the best performance for

PostgreSQL.

Spark was configured in standalone mode and queries were issued using Spark-SQL

from a Scala program. We set the number of partitions (spark.sql.shuffle.partitions)

to the number of hyperthreaded cores. We experimented with various settings for the num-

ber of workers and partitions, and used the best combination. This combination was often

when the number of workers was a small number like 2 or 4 and the number of partitions

was set to the number of hyper-threaded cores.

Unlike the other systems, Spark sometimes picks execution plans that are quite expen-

sive. For example, for the most complex queries in the SSB benchmark (the Q4.X queries),

Spark choses a Cartesian product. As a result, these queries crashed the process when it

ran out of memory. We rewrote the FROM clause in these queries to enforce a better join

order. We report results from these rewritten queries below.

2.6.4 TPC-H at Scale Factor 100

Figure 2.5 shows the results for all systems when using the TPC-H dataset at SF 100

(~100GB dataset).
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Figure 2.5: Comparison with TPC-H, scale factor 100. Q17 and Q20 did not finish on

PostgreSQL after an hour.

As can be seen in Figure 2.5, Quickstep far outperforms MonetDB, PostgreSQL and

Spark across all the queries, and in many cases by an order-of-magnitude (the y-axis is on

a log scale). These gains are due to three key aspects of the design of the Quickstep system:

the storage and scheduling model that maximally utilize available hardware parallelism,

the template metaprogramming framework that ensures that individual operator kernels

run efficiently on the underlying hardware, and the query processing and optimization

techniques that eliminate redundant work using cache-efficient data structures. Compar-

ing the total execution time across all the queries in the benchmark, both Quickstep and

VectorWise are about 2X faster than MonetDB and orders-of-magnitude faster than Spark

and PostgreSQL.

When comparing Quickstep and VectorWise, the total run times for the two systems

(across all the queries) is 46s and 70s respectively, making Quickstep ∼34% faster than

VectorWise. Across each query, there are queries where each system outperforms the other.

Given the closed-source nature of VectorWise, we can only speculate about possible reasons

for performance differences.

VectorWise is significantly faster (at least 50% speedup) in 3 of the 22 queries. The

most common reason for Quickstep’s slowdown is the large cost incurred in materializing

intermediate results in queries with deep join trees, particularly query 7. While the use of

partial push-down greatly reduced this materialization cost already (by about 6X in query

7, for instance), such queries produce large intermediate results. Quickstep currently does
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not have an implementation for late materialization of columns in join results [116], which

hurts its performance. Quickstep also lacks a fast implementation for joins when the join

condition contains non-equality predicates (resulting in 4X slowdown in query 17), as well

as for aggregation hash tables with composite, variable-length keys (such as query 10).

On the other hand, Quickstep significantly outperforms VectorWise (at least 50% speedup)

in 10 of the 22 queries. Across the board, the use of LIP and exact filters improves Quick-

step’s performance by about 2X. In particular, Quickstep’s 4X speedup over VectorWise in

query 5 can be attributed to LIP (due to its deep join trees with highly selective predicates

on build-side). Similarly, we attribute a speedup of 4.5X in query 11 to exact filters, since

every one of the four hash joins in a naive query plan is eliminated using this technique.

The combination of these features also explains about 2X speedups in queries 3 and 11. We

also see a 4.5X speedup for query 6, which we have not been able to explain given that we

only have access to the VectorWise binaries. Query 19 is 3X faster in Quickstep. This query

benefits significantly from the partial predicate push-down technique (cf. Section 2.5.1).

VectorWise appears to also do predicate pushdown [22], but its approach may not be as

general as our approach.

For the remaining 9 queries, Quickstep and VectorWise have comparable running times.

We have also carried out similar experiments using the SSB benchmark; these results are

reported in [99].

As noted above (cf. Section 2.6.3), Quickstep uses a hybrid database format with the

fact table is stored in compressed column store format and the dimension tables in a row

store format. For the TPC-H SF 100 dataset, we ran an experiment using a pure row store

and pure compressed column store format for the entire database. The hybrid combination

was 40% faster than the pure compressed column store case, and 3X faster than the pure

row store case, illustrating the benefit of using a hybrid storage combination. We note that

these results show smaller improvements for column stores over row stores compared to

earlier comparisions, e.g. [12]; although this previous work has used indirect comparisons

using the SSB benchmark and across two different systems.
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Figure 2.6: Comparison with denormalized SSB, scale factor 50.

2.6.5 Denormalizing for higher performance

In this experiment, we consider a technique that is sometimes used to speed up read-

mostly data warehouses. The technique is denormalization, and data warehousing soft-

ware product manuals often recommend considering this technique for read-mostly databases

(e.g. [86, 59, 121]).

For this experiment, we use a specific schema-based denormalization technique that

has been previously proposed [77]. This technique walks through the schema graph of the

database, and converts all foreign-key primary-key “links” into an outer-join expression (to

preserve NULL semantics). The resulting “flattened” table is called a WideTable, and it is

essentially a denormalized view of the entire database. The columns in this WideTable are

stored as column stores, and complex queries then become scans on this table.

An advantage of the WideTable-based denormalization is that it is largely agnostic to

the workload characteristics (it is a schema-based transformation). Thus, it is easier to use

in practice than selected materialized view methods.

We note that every denormalization technique has the drawback of making updates

and data loading more expensive. For example, loading the denormalized WideTable in

Quickstep takes about 10X longer than loading the corresponding normalized database.

Thus, this method is well-suited for very low update and/or append only environments.

For this experiment, we used the SSB dataset at scale factor 50. The raw denormalized

dataset file is 128GB.
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The results for this experiment are shown in Figure 2.6. The total time to run all

thirteen queries is 1.6s, 3.2s, 23.2s, 1,014s, and 111.9s across Quickstep, VectorWise,

MonetDB, PostgreSQL and Spark respectively. Quickstep’s advantage over MonetDB now

increases to over an order-of-magnitude (14X) across most queries. MonetDB struggles

with the WideTable that has 58 attributes. MonetDB uses a BAT file format, in which it

stores the pair (attribute and object-id) for each column. In contrast, Quickstep’s block-

based storage design does not have the overhead of storing the object-id/tuple-id for each

attribute (and for each tuple). The disk footprint of the database file is only 42 GB for

Quickstep while it is 99 GB for MonetDB. Tables with such large schemas hurt MonetDB,

while Quickstep’s storage design allows it to easily deal with such schemas. Since queries

now do not require joins (they become scans on the WideTable), Quickstep sees a signif-

icant increase in performance. Quickstep is also about 2X faster than VectorWise, likely

because of similar reasons as that for MonetDB. To the best of our knowledge, the inter-

nal details about VectorWise’s implementation have not been described publicly, but they

likely inherit aspects of MonetDB’s design, since the database disk footprint is 63 GB.
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(b) Detailed query speedups

Figure 2.7: Impact of storage format on performance for SSB scale factor 100

Quickstep’s speedup over the other systems also continues when working with tables

with a large number of attributes. Compared to Spark and PostgreSQL, Quickstep is 70X

and 640X faster. Notice that compared to the other systems, PostgreSQL has only a pure

row-store implementation, which hurts it significantly when working with tables with a

large number of attributes.
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2.6.6 Impact of Row Store vs. Column Store

As described in Section 2.3, Quickstep supports both row store and column store for-

mats. In this experiment, we use the multiple storage format feature in Quickstep to

study the impact of different storage layouts, and specifically we compare a row-store ver-

sus a column-store layout. A notable example of such comparison is the work by Abadi

et al. [12], in which the SSB benchmark was used to study this aspect, but across two

different systems – one that was a row-store system and the other was a column-store (C-

store) [120]. In this experiment, we also use the SSB benchmark, but we use a 100 scale

factor dataset (instead of the 10 scale factor datase that was used in [12]).

In Figure 2.7, we show the speedup of the (default) column store compared to the row

store format. The use of a column store format leads, unsurprisingly, to higher performance

over using a row store format. The simpler Q1.Y queries show far bigger improvements

as the input table scan is a bigger proportion of the query execution time. The other

queries spend a larger fraction of their time on joins, and passing tuples between the join

operations. Consequently, switching to a column store has a less dramatic improvement in

performance for these queries.

An interesting note is that the impact of column stores here is smaller than previous

comparisons [12] which have compared these approaches across two different systems and

showed about a 6X improvement for column-stores. Overall, we see a 2X improvement for

column-stores, which is lower than these previous results. One key reason for the lower

improvement is because column stores typically help speed up scans (select operators).

However query plans are often complex with several different types of operators. Thus

while considering overall query execution time, selection forms one fraction of the overall

time distribution.

We have also experimented with compressed column-stores in this same setting, and

find that they are slower than non-compressed column stores. Compressed column stores

are still faster than row store by about 50% overall. But compression adds run-time CPU

overhead which reduces is overall performance compared to regular column stores. The
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results for TPC-H are similar. We present the TPC-H results in Chapter 4, where we also

discuss the impact of various dimensions like storage format, parallelism and block size on

the performance of pipelined query processing.

2.6.7 Template Metaprogramming Impact
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Figure 2.8: Impact of template metaprogramming: Changes in total time and individ-

ual query times

Next, we toggle the use of the template metaprogramming (see Section 2.3.3.1), us-

ing the SSB 100 scale factor dataset. Specifically, we change the compile time flag that

determines whether the ValueAccessor is constructed by copying attributes (Basic) or

by providing an indirection (Selection). The results for this experiment are shown in Fig-

ure 2.8.

The overall performance impact of eliminating the copy during predicate evaluation

is about 20%. As with the previous experiment, the benefits are larger for the simpler

Q1.X queries and lower for the other queries that tend to spend most of their time on join

operations and in the pipelines in passing tuples between different join operations.

The result for this experiment with TPC-H show far smaller improvements (see Fig-

ure 2.1 for a typical example), as the TPC-H queries spend a far smaller fraction on their

overall time on expression evaluation (compared to the SSB queries).
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Figure 2.9: Impact of Exact Filter and LIP using SSB at scale factor 100.

2.6.8 Impact of Optimization Techniques

We described the novel optimization techniques in Quickstep optimizer in Section 2.5.

In this experiment, we measure the impact of these techniques individually, viz. LIP and

join to semi-join transformation.

As with the previous two sections, we use the SSB 100 scale factor dataset. (The results

for the TPC-H dataset is similar.) Figure 2.9 shows the impact of these techniques over a

baseline in which neither of these techniques are used. As shown in Figure 2.9, these

techniques together provide a nearly 2X speedup for the entire benchmark. The LIP and

semi-join transformation techniques individually provide about 50% and 20% speedup

respectively. While some queries do see a slowdown due to the individual techniques, the

application of both techniques together always gives some speedup. In fact, of the 13

queries in the benchmark, 8 queries see at least a 50% speedup and three queries see at

least 2X speedup. The largest speedups are in the most complex queries (group 4), where

we see an overall speedup of more than 3X.

These results validate the usefulness of these techniques on typical workloads. Further,

their simplicity of implementation and general applicability leads us to believe that these

techniques should be more widely used in other database systems.
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Figure 2.10: Prioritized query execution. QX.Y(1) indicates that Query X.Y has a

priority 1. Q4.2 and Q4.3 have higher priority (2) than the other queries (1).

2.6.9 Elasticity

In this experiment, we evaluate Quickstep’s ability to quickly change the degree of

inter-query parallelism, driven by the design of its work-order based scheduling approach

(cf. Section 2.4.2). For this experiment, we use the 100 scale factor SSB dataset. The

experiment starts by concurrently issuing the first 11 queries from the SSB benchmark

(i.e. Q1.1 to Q4.1), against an instance of Quickstep that has just been spun up (i.e. it has

an empty/cold database buffer pool). All these queries are tagged with equal priority, so

the Quickstep scheduler aims to provide an equal share of the resources to each of these

queries. While the concurrent execution of these 11 queries is in progress, two high priority

queries enter the system at two different time points. The results for this experiment are

shown in Figure 2.10. In this figure, the y-axis shows the fraction of CPU resources that

are used by each query, which is measured as the fraction of the overall CPU cycles utilized

by the query.

Notice in Figure 2.10, at around the 5 second mark when the high priority query Q4.2

arrives, the Quickstep scheduler quickly stops scheduling work orders from the lower pri-

ority queries and allocates all the CPU resources to the high-priority query Q4.2. As the

execution of Q4.2 completes, other queries simply resume their execution.

Another high priority query (Q4.3) enters the system at around 15 seconds. Once

again, the scheduler dedicates all the CPU resources to Q4.3 and pauses the lower priority
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queries. At around 17 seconds, as the execution of query Q4.3 completes, the scheduler

resumes the scheduling of work orders from all remaining active lower priority queries.

This experiment highlights two important features of the Quickstep scheduler. First, it

can dynamically and quickly adapt its scheduling strategies. Second, the Quickstep sched-

uler can naturally support query suspension (without requiring complex operator code

such as [34]), which is an important concern for managing resources in actual deploy-

ments.

2.6.10 Built-in Query Progress Monitoring

An interesting aspect of using a work-order based scheduler (described in Section 2.4.2)

is that the state of the scheduler can easily be used to monitor the status of a query, without

requiring any changes to the operator code. Thus, there is a generic in-built mechanism to

monitor the progress of queries.

Quickstep can output the progress of the query as viewed by the scheduler, and this

information can be visualized. As an example, Figure 2.11 shows the progress of a query

with three join operations, one aggregation, and one sort operation.

2.7 Related Work

We have noted related work throughout this chapter, and we highlight some of the key

areas of overlapping research here.

There is tremendous interest in the area of main-memory databases and a number of

systems have been developed, including [72, 21, 108, 63, 132, 13, 15, 137, 45, 97], While

similar in motivation, our work employs a unique block-based architecture for storage and

query processing, as well as fast query processing techniques for in-memory processing.

The combination of these techniques not only leads to high performance, but also gives

rise to interesting properties in this end-to-end system, such as elasticity (as shown in

Section 2.6.9).
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[0] SelectOperator
Input stored relation [supplier]

Span: [0ms, 38ms] (6.15%)
Effective concurrency: 6.89

Completed

[1] BuildHashOperator
Span: [45ms, 80ms] (5.61%)
Effective concurrency: 1.12

Completed

[6] HashJoinOperator
probe side stored relation [lineorder]

Span: [111ms, 620ms] (81.96%)
Effective concurrency: 37.92

In progress

[7] HashJoinOperator
Not started

[2] SelectOperator
Input stored relation [customer]

Span: [0ms, 88ms] (14.32%)
Effective concurrency: 27.55

Completed

[3] BuildHashOperator
Span: [89ms, 96ms] (1.27%)
Effective concurrency: 10.58

Completed

[8] HashJoinOperator
Not started

[4] SelectOperator
Input stored relation [ddate]
Span: [78ms, 83ms] (0.87%)
Effective concurrency: 1.00

Completed

[5] BuildHashOperator
Span: [84ms, 84ms] (0.06%)
Effective concurrency: 1.00

Completed

[9] AggregationOperator
Not started

[10] FinalizeAggregationOperator
Not started

[11] DestroyAggregationStateOperator
Not started

[12] SortRunGenerationOperator
Not started

[13] SortMergeRunOperator
Not started

Figure 2.11: Query progress status. Green nodes (0-5) indicate work that is completed, the

yellow node (6) corresponds to operators whose work-orders are currently being executed,

and the blue nodes (7-13) show the work that has yet to be started.
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Our vectorized execution on blocks has similarity to the work on columnar execution

methods, including recent proposals such as [135, 109, 62, 128, 127, 76, 11, 105, 46].

Quickstep’s template metaprogramming-based approach relies on compiler optimizations

to make automatic use of SIMD instructions. Our method is complementary to run-time

code generation (such as [62, 128, 127, 11, 105, 46, 57, 92, 15, 102, 89, 135, 109]). Our

template metaprogramming-based approach uses static (compile-time) generation of the

appropriate code for processing tuples in each block. This approach eliminates the per-

query run-time code generation cost, which can be expensive for short-running queries.

An interesting direction for future work is to consider combining these two approaches.

The design of Quickstep’s storage blocks has similarities to the tablets in Google’s

BigTable [26]. However, tablets’ primary purpose is to serve sorted key-value store ap-

plications whereas Quickstep’s storage blocks adhere to a relational data model allowing

for optimization such as efficient expression evaluation (cf. Section 2.3.3).

Our use of a block-based storage design naturally leads to a block-based scheduling

method for query processing, and this connection has been made by Chasseur et al. [27]

and Leis et al. [73]. In this work, we build on these ideas. We also leverage these ideas to

allow for desirable properties, such as dynamic elastic behavior (cf. Section 2.6.9).

Philosophically, the block-based scheduling that we use is similar to the MapReduce

style query execution [36]. A key difference between the two approaches is that there is

no notion of pipelining in the original MapReduce framework, however Quickstep allows

for pipelined parallelism. Further, in Quickstep common data structures (e.g. an aggregate

hash table) can be shared across different tasks that belong to the same operator.

The exact filters build on the rich history of semi-join optimization dating back at least

to Bernstein and Chiu [18]. The LIP technique presented in Section 2.5.3 also draws on

similar ideas, and is described in greater detail in [136].

Achieving robustness in query processing is a goal for many database systems [49].

Quickstep uses the LIP technique to achieve robust performance for star-schema queries.

We formally define the notion of robustness and prove the robustness guarantees provided
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by Quickstep. VectorWise uses micro-adaptivity technique [107] for robustness, but their

focus is largely on simpler scan operations.

Overall, we articulate the growing need for the scaling-up approach, and present the

design of Quickstep that is designed for a very high-level of intra-operator parallelism

to address this need. We also present a set of related query processing and optimization

methods. Collectively our methods achieve high performance on modern multi-core multi-

socket machines for in-memory settings.

2.8 Conclusions & Future Work

Compute and memory densities inside individual servers continues to grow at an as-

tonishing pace. Thus, there is a clear need to complement the emphasis on “scaling-out”

with an approach to “scaling-up” to exploit the full potential of parallelism that is packed

inside individual servers.

We presented the design and implementation of Quickstep that emphasizes a scaling-up

approach. Quickstep currently targets in-memory analytic workloads that run on servers

with multiple processors, each with multiple cores. Quickstep uses a novel independent

block-based storage organization, a task-based method for executing queries, a template

metaprogramming mechanism to generate efficient code statically at compile-time, and

optimizations for predicate push-down and join processing. We also present end-to-end

evaluations comparing the performance of Quickstep and a number of other contemporary

systems. Our results show that Quickstep delivers high performance, and in some cases is

faster than some of the existing systems by over an order-of-magnitude.

Aiming for higher performance is a never-ending goal, and there are a number of ad-

ditional opportunities to achieve even higher performance in Quickstep. Some of these

opportunities include operator sharing, fusing operators in a pipeline, improvements in in-

dividual operator algorithms, dynamic code generation, and exploring the use of adaptive

indexing/storage techniques. We plan on exploring these issues as part of future work. We

also plan on building a distributed version of Quickstep.
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Chapter 3

Design and Implementation of Quickstep Scheduler

3.1 Introduction

Concurrent queries are common in various settings, such as application stacks that issue

multiple queries simultaneously and multi-tenant database-as-a-service environments [91,

90]. There are several challenges associated with scheduling concurrent execution of

queries in such environments.

The first challenge is related to exploiting the large amount of hardware parallelism

that is available inside modern servers, as it requires dealing with two key types of paral-

lelism. The first type is intra-query parallelism. Modern database systems often use query

execution methods that have a high intra-query parallelism [27, 74, 126]. Concurrent

query execution adds another layer of parallelism, i.e. inter-query parallelism.

The second challenge is that workloads are often dynamic in nature. For each query,

its resource (e.g. CPU and memory) demands can vary over the life-span of the query.

Furthermore, different queries can arrive and depart at any time. Maintaining a level

of Quality of Service (QoS) with dynamic workloads is an important challenge for the

database cloud vendor.

To address these issues, we present a concurrent query execution scheduling framework

for analytic in-memory database systems. We cast the goals for the scheduler framework

by relating it to a governance model, since the framework governs the use of resources for

executing queries in the system. Next, we describe some goals for a governance model and

translate them in the context of our framework.
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First, an ideal governance model should be transparent, i.e. decisions should be taken

based on the guiding principles and they should be clearly understandable. In the context

of scheduling, we can interpret this goal as requiring high level policies that can govern

the resource allocation among concurrent queries. This goal also highlights the need to

separate mechanisms and policies, a well-known system design principle [71]. The sched-

uler needs to provide an easy way to specify a variety of policies (e.g. priority-based or

equal/fair allocation) that can be implemented with the underlying mechanisms. Ideally,

the scheduler should adhere to the policy even if the query plan that it has been given has

poor estimates for resource consumption.

Second, the governance model should be responsive to dynamic situations. Thus, the

scheduler must be reactive and auto-magically deal with changing conditions; e.g., the ar-

rival of a high-priority query or an existing query taking far more resources than expected.

A related goal for the scheduler is to control and predictably deal with resource thrashing.

Finally, the governance should be efficient and effective. Thus, the scheduler must work

with the data processing kernels in the system to use the hardware resources effectively

to realize high cost efficiency and high performance from the underlying deployment. In

main-memory database deployments, one aspect of effective resource utilization requires

using all the processing cores in the underlying server effectively.

Contributions: We present the design of a scheduler framework that meets the above

goals. We have implemented our scheduler framework in an open-source, in-memory

database system, called Quickstep.

A distinguishing aspect of this paper compared to previous work is that we present

a holistic scheduling framework to deal with both intra and inter query parallelism in a

single scheduling algorithm. Therefore, our framework is far more comprehensive and

more broadly applicable than previous work.

Our framework employs a design that cleanly separates policies from mechanism. This

design allows the scheduler to easily support a range of different policies, and enables

the system to effectively use the underlying hardware resources. The clean separation
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also makes the system maintainable over time, and for the system to easily incorporate

new policies. Thus, the system is extensible. The key underlying unifying mechanism is

a probability-based framework that continuously determines resource allocation among

concurrent queries. Our evaluation (see Section 3.8) demonstrates that the scheduler can

allocate resources precisely as per the policy specifications.

The framework uses a novel learning module that learns about the resources consumed

by concurrent queries, and uses a prediction model to predict future resource demands for

each active query. Thus, the scheduler does not require accurate predictions about resource

consumption for each stage of each query from the query optimizer (though accurate pre-

dictions are welcome as they provide a better starting point to the learning component).

The predictions from the learning module can then be used to react to changing work-

load and/or environment conditions to allow the scheduler to realize the desired policy.

Our evaluations underline the crucial impact of the learning module in the enforcement of

policies. The scheduler has a built in load controller to automatically suspend and resume

queries if there is a danger of thrashing.

Collectively, we present an end-to-end solution for managing concurrent query execu-

tion in complex modern in-memory database deployment environments.

The remainder of this paper is organized as follows: Section 3.2 describes some pre-

liminaries related to Quickstep. The architecture of the scheduler framework is described

in Section 3.5. Section 3.7 describes the formulation of the policies and the load control

mechanisms. Section 3.8 contains the experimental results. Related work is discussed in

Section 3.9.

3.2 Background

In this section we establish some prerequisites for the proposed Quickstep scheduler

framework. Quickstep [100] is an open-source relational database engine designed to

efficiently leverage contemporary hardware aspects such as large main memory, multi-

core, and multi-socket server settings.
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The control flow associated with query execution in Quickstep involves first parsing the

query, and then optimizing the query using a cost-based query optimizer. The optimized

query plan is represented as a Directed Acyclic Graph (DAG) of relational operator prim-

itives. The query plan DAG is then sent to a scheduler, which is the focus of this chapter.

The scheduler runs as a separate thread and coordinates the execution of all queries. Apart

from the scheduler, Quickstep has a pool of worker threads that carry out computations on

the data.

Quickstep uses a query execution paradigm, which is built using previously proposed

approaches [27, 74]. In this paradigm a query is executed as a sequence of work or-

ders. A work order operates on a data block, which is treated as a self-contained mini-

database [27]. (c.f. Section 3.4 for examples of work orders) The computation that is

required for each operator in a query plan is decomposed into a sequence of work or-

ders. For example, a select operator produces as many work orders as there are blocks

in the input table. We first describe the storage management in Quickstep in Section 3.3.

Quickstep’s work order abstraction (described in Section 3.4) is tied with its storage man-

agement (described in Section 3.3).

3.3 Storage Management in Quickstep

Data organization in the Quickstep storage manager holds the key to intra-query par-

allelism [27]. Data in a relation are organized in the form of blocks. Each block holds

a collection of tuples from a single table. A unique aspect of the storage organization

in Quickstep is that blocks are considered to be independent and self-contained mini-

databases. Thus, when creating an index, instead of creating a global index with “point-

ers” to the tuples in blocks, the index fragments are stored within the blocks. Each block

is internally organized into sub-blocks. There is one tuple storage sub-block, which could be

in a row store or a column store format. In addition, each block has one sub-block for each

index created on the table. CSB+-tree [110] and BitWeaving [76] indices are currently

supported. The blocks are free to self-organize themselves and thus a given table may
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have blocks in different formats. For example, new blocks in a table may be in a row store

format, while older blocks may be in a column store format.

This storage block design, as articulated earlier in [27] enables the query execution to

be broken down into a set of independent tasks on each block. This is a crucial aspect that

we leverage in the design of our scheduler.

The storage manager also contains a buffer pool manager. It organizes the memory as

an array of slots, and overlays blocks on top of the slots (so block sizes are constrained

to be a multiple of the underlying slot size). Memory allocations for data blocks for both

permanent and temporary tables are always made from a centralized buffer pool. In addi-

tion, all allocations for run-time data structures, such as hash tables are also made by the

buffer pool. The buffer pool manager employs an LRU-2 replacement policy. Thus, it is

possible for a hash table to get evicted to disk, if it has become “cold”; e.g. if it belongs to

a suspended query.

3.4 Work Orders

Work done for executing a query in Quickstep is split into multiple work orders. A

work order contains all the information that is needed to process tuples in a given data

block. A work order encapsulates the relational operator that is being applied, the relevant

input relation(s), location of the input data block, any predicate(s) to be applied on the

tuples in the input block, and descriptors to other run-time structures (such as hash tables).

Consider the following full table scan query to illustrate the work order concept:

SELECT name FROM Employee WHERE city=‘San Diego’

The plan for this query has a simple selection operator. For the selection operator, the

number of work orders is same as the number of input blocks in the Employee table. Each

selection work order contains the following information:

• Relation: Employee, attribute: name

• Predicate: city=‘San Diego’
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• The unique ID of an input block from the Employee table

The work orders for a join operation are slightly more complicated. For example, a

probe work order, contains the unique ID of the probe block, a pointer to the hash table,

the projected attributes, and the join predicate. Each operator algorithm (e.g. a scan

or the build/probe phase of a hash-join) in the system has a C++ class that is derived

from a root abstract base class that has a virtual method called execute(). Executing a

work order simply involves calling the execute() method on the appropriate operator

algorithm C++ class object.

3.5 Design of the Scheduler

In this section, we present an overview of the components in the proposed Quickstep

scheduler.

3.5.1 Scheduler Architecture Overview

Figure 3.1 shows the architecture of the Quickstep scheduler. We begin by describing

the Query Manager, that coordinates the progress of a single query in the system. It main-

tains the query plan DAG, and a data structure called the Work Order Container to track all

the work orders that are ready for scheduling. Recall from Section 3.2, a description of the

work carried out on a block of data is a work order. The Query Manager generates schedu-

lable work orders for each active operator node in the DAG. It also runs a rudimentary

DAG traversal algorithm to determine when to activate nodes in the DAG. The algorithm

is decribed in Appendix A.1.

An important component of the system is the Policy Enforcer. It selects a query among

all the concurrent queries, and schedules its work order for execution. This in essence

is a scheduling decision, and is taken based on a high-level policy provided to the system.

The policy is described in Policy Specifications, which is an abstraction that governs how

resources are shared among concurrent queries.
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Figure 3.1: Overview of the scheduler

Policy Enforcer (PE) and various Query Managers (QM) communicate with each other

as follows: QM→PE: Provides work orders that belong to the managed query for dispatch-

ing (to get executed). PE→QM: Upon completion of a work order, send a signal so that

the QM can then decide if new nodes in the DAG can be activated, and if existing nodes

can be marked as completed. A detailed description of the Policy Enforcer is present in

Section 3.6.1.

The Policy Enforcer contains a Load Controller module, which is responsible for ensur-

ing that the system has enough resources to meet the demands. A new query in the system

presents its resource requirements for its lifetime in the form of a Resource Map to the Load

Controller. A sample resource map is presented in Appendix A.2.

The Load Controller determines the fate of a new query. If enough resources are avail-

able, it admits the query. If the system risks thrashing due to the admission of the new

query, it can take a number of decisions, including wait-listing the query or suspending

older active queries to free up resources for the new query. We describe the Load Con-

troller in Section 3.7.4.

The Policy Enforcer works with another module called the Learning Agent. Execution

statistics of completed work orders are passed from the Policy Enforcer to the Learning
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Agent. This component uses a simple learning-based method to predict the time to com-

plete future work orders using the execution times of finished work orders. Such predic-

tions form the basis for the Policy Enforcer’s decisions regarding scheduling the next set of

work orders (cf. Section 3.6.2 for details on Learning Agent).

The Foreman module acts as a link between the Policy Enforcer and a pool of worker

threads. It receives work orders that are ready for execution from the Policy Enforcer,

and dispatches them to the worker threads. The Foreman can monitor the number of

pending work orders for each worker, and use that information for load-balancing when

dispatching work orders. Upon completion of the execution of a work order, a worker

sends execution statistics to the Foreman, which are further relayed to the Policy Enforcer.

New work orders due to pipelining are generated similarly (more details on pipelining can

be found in Chapter 4). We describe Quickstep’s thread model in the next section.

3.6 Thread Model

Quickstep currently runs as a single server process, with multiple user-space threads.

There are two kinds of threads. There is one Scheduler thread, and a pool of Worker

threads. All the components in the scheduler architecture except the worker thread pool

run in the scheduler thread. In the current implementation, all threads are spun upfront

when the database server process is instantiated, and stay alive until the server process

terminates.

The threads use the same address space and use shared-memory semantics for data

access. In fact the buffer pool is stored in shared memory, which is accessible by all the

threads. Each worker thread is typically pinned to a CPU core. Such pinning avoids costs

incurred when a thread migrates from one CPU core to another, which results in loss of data

and instruction cache locality. We do not pin the scheduler thread, as its CPU utilization is

low and it is not worth dedicating a CPU core for the scheduler thread.

Every worker thread receives a work order from the Foreman, executes it and then

waits for the next work order. In order to minimize worker’s idle time, typically each
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worker is issued multiple work orders at any given time. Thread-safe queues are used

to communicate between the threads. The communication happens through light-weight

messages from the sender to the receiver thread, which is internally implemented as plac-

ing a message object on the receiver’s queue. A receiver reads messages from its queue. A

thread (and its queue) is uniquely identified by its thread ID.

The thread communication infrastructure also implements additional features like the

ability to query the lengths of any queue in the system, and cancellation of an unread

message.

3.6.1 Policy Enforcer

The Policy Enforcer assigns a probability value to each active query in the system. A

scheduling decision is essentially probabilistic, based on these probability values. The prob-

ability value assigned to a query indicates the likelihood of a work order from that query

being scheduled. These probability values play a crucial role in the policy enforcement.

In Section 3.7, we formally derive these probability values for different policies and also

establish the relationship between probability values and the policy specifications.

An important information to determine such a probability value is an estimate about

the run times of future work orders of the query. This information provides the Policy

Enforcer some idea about the future resource requirements of each query. As the Policy

Enforcer continuously monitors the resource allocation to different queries in the system,

using these estimates, it can control the resource allocation with the goal of enforcing

the specified policy for resource sharing. In the next section, we describe an estimation

technique for the execution time of future work orders of a query.

3.6.2 Learning Agent

The Learning Agent module is responsible for predicting the execution times of the

future work orders for a given query. It gathers the history of executed work orders of

a query and applies a prediction model on such a history to estimate the execution time
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of a future work order. This predicted execution time is used to compute the probability

assigned to each query (cf. Section 3.7 for probability derivations).

An alternative to the Learning Agent could be a static method that assigns fixed proba-

bility values to active queries in the system. We now justify the need for the Learning Agent

and highlight the limitations of the alternative mentioned above. An illustrative example

is presented in A.4.

The time per work order metric doesn’t stay the same throughout a query’s lifetime,

for reasons such as variations in input data (e.g. skew), CPU characteristics of different

relational operators (e.g. scan vs hash probe). In each phase of the query, the time per

work order is different. As the query plan gets bigger, the number of phases in the plan

increase. In addition, different queries may be in different phases at a given point in time.

To make things more complicated, queries can enter or leave the system at any time.

Therefore, it is difficult to statically pick a proportion of CPU to allocate to the concur-

rent queries. Hence there is a need to “learn” the various phases in the query execution

and dynamically change the proportion of resources that are allocated to each query, based

on each query’s phase. Next, we study the methodology used by the Learning Agent.

3.6.2.1 Learning Agent Methodology

The Learning agent uses the execution times of previously executed work orders

(tw1 , tw2 , . . . , twk
) to predict the execution time of the next work order (twk+1

) for a given

query.1 Figure 3.2 shows the Learning Agent’s interaction with other scheduler compo-

nents.

The set of previously executed work orders can belong to multiple relational operators

in the query operator DAG. The Learning Agent stores the execution times of the work

orders grouped by their source relational operator, e.g. the execution statistics of select

1In the beginning of a query execution, when enough information about work order execution times is
not available, we use the default probabilities in the Policy Enforcer, instead of using default predicted times
in the Learning Agent.
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Predict Work Order Execution Time
(Learning Agent)

Dispatch Work Order
(Foreman)

Execute Work Order
(Worker)

Decide Resource Allocation
(Policy Enforcer)

Figure 3.2: Interactions among scheduler components

work orders are maintained together and kept separate from those of aggregation work

orders.

Quickstep’s scheduler currently uses linear regression (specifically autoregression, which

is a smaller class of linear regression) as the prediction model. We chose linear regression

as it is fast, accurate, and efficient w.r.t. the computational and the storage requirements

of the model. More details about our use of linear regression is described in A.5.

The problem of estimating the query execution time is well-studied, but requires com-

plex methods [43, 130, 75, 28]. The Learning Agent does not require such methods.

However, it can combine estimates from other methods with its own estimates.

3.7 Policy Derivations and Load Controller Implementation

Our work focuses on two critical system resources for in-memory database deploy-

ments: CPU and memory. The policies treat CPU as a divisible resource, and the policy

specifications are defined in terms of relative CPU utilizations of queries or query classes.

The load controller implementation treats memory as a gating resource and its goal is to

avoid memory thrashing. We justify the choice of resources for policies and load controller

implementations in Appendix A.6.

A policy specification consists of two parts: an inter-class specification (resource allo-

cation policy across query classes), and an intra-class specification (resource allocations

among queries within the same class). The default setting is uniform allocations for both

intra and inter-class policies.
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Policy Interpretation

Fair In a given time interval, all active queries should get

an equal proportion of the total CPU cycles across all

the cores.

Highest Priority First (HPF) Queries are executed in the order of their priority val-

ues; i.e. a higher priority query is preferred over a

lower priority query for scheduling its work order.

Proportional Priority (PP) The collective resources that are allocated to a query

class (i.e. all queries with the same priority value)

is proportional to the class’ priority value based on a

specified scale; e.g. (linear, exponential).

Table 3.1: Interpretations of the policies implemented in Quickstep

In Section 3.7.4, we describe Quickstep’s load control mechanisms. The load controller

takes admission control and query suspension decisions based on the memory resource.

The scheduling policies, described below in Sections 3.7.1, 3.7.2, and 3.7.3 are subject

to the decisions made by the load controller, i.e. the policies apply to the queries that are

admitted by the load controller and have not been suspended.

The interpretations of various policies are presented in Table 3.1. Note that for the Fair

policy, there is only one class. For the priority-based policies, we assume that queries are

tagged with priority (integer) values. Next, we describe the probabilistic framework that

we use to implement various policies (cf. Table 3.2 for notations).

3.7.1 Fair Policy Implementation

We assume k concurrent active queries: q1, q2, . . . qk. The probability pbj is computed

as: pbj = ( 1
tj
)/(

k∑
i=1

1
ti
)
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Symbol Interpretation

qi Query i

pbi Probability assigned to qi

PVi The priority value for qi

ti Predicted work order execution time for qi

tPVi
Proportion of time allocated for the class with priority value PVi

probPVi
Probability assigned to the class with priority value PVi

Table 3.2: Description of notations

Observe that pbj ∈ (0, 1] and
k∑

j=1

pbj = 1. Therefore, the pbj values can be interpreted as

probability values. As all the probability values are non-zero, every query has a non-zero

chance of getting its work orders scheduled.

Notice that ∀i, j such that 1 ≤ i, j ≤ k, pbi/pbj = tj/ti. If ti > tj, it means that the work

orders for query qi take longer time to execute than the work orders for query qj. Thus, in

a given time interval, fewer work orders of qi must be scheduled as compared to the query

qj.

The probability associated with a query determines the likelihood of the scheduler

dispatching a work order for that query. Thus, when ti > tj, pbj > pbi, i.e. the probability

for qi should be proportionally smaller than probability for qj.

3.7.2 Highest Priority First (HPF) Implementation

Let {PV1, PV2, . . . , PVk} be the set of distinct priority values in the workload. A higher

integer is assumed to imply higher importance/priority. The scheduler first finds the high-

est priority value among all the currently active queries which is PVmax. Next, a fair

resource allocation strategy is used to allocate resources across all the active queries in

that priority class.
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In some situations, the queries from the highest priority value may not have enough

work to keep all the workers busy. In such cases, to maximize the utilization of the avail-

able CPU resources, the scheduler may explore queries from the lower priority values to

schedule work orders.

3.7.3 Proportional Priority (PP) Implementation

Let P = {PV1, PV2, . . . PVk} be the set of the distinct priority values in the workload.

We assume a linear scale for the priority values. A higher integer is presumed to imply

higher priority.

In a unit time, a class with priority value PVi should get resources for a time that is

proportional to its priority value i.e. PVi. Therefore, the class with priority PVi should be

allocated resources for tPVi
= PVi/

k∑
j=1

PVj amount of time.

We now estimate the number of work orders for priority class PVi that can be executed

in its allotted time. For this task, we need an estimate for the execution time of a future

work order from the class as a whole, referred to as wPVi
for the class with priority value

PVi. Therefore, assuming m queries in a given class and the individual estimates of work

order execution times for queries with priority PVi are t1, t2, . . . , tm, then the predicted

work order execution time for the class is wPVi
=

m∑
j=1

tj/m. Therefore the estimated number

of work orders executed for priority class PVi is nPVi
= tPVi

/wPVi
.

After determining nPV1 , nPV2 , . . . , nPVk
, which are the estimated number of work orders

executed by all the priority classes in their allotted time, computing probabilities for each

class is straightforward. The probability of priority class PVi is probPVi
= nPVi

/
k∑

j=1

nPVj
.

Next, we describe the load control mechanism.

3.7.4 Load Control Mechanism

Recall that the load control mechanism in Quickstep is designed to manage the avail-

ability of memory resource to the queries in the system. This task requires continuous

monitoring of memory consumption in the system. The load controller component has
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two functions: 1) Determining if new queries are allowed to run (a.k.a. admission con-

trol). 2) Suspending queries if the system is in danger of thrashing. We now explain how

the load control mechanism realizes these two functions.

Recall from Section 3.5, that a new query entering the system presents to the Load

Controller its Resource Map that describes the query’s estimated range of resource require-

ments.

We denote the minimum and maximum memory requirements for a given query as

mmin and mmax, the threshold for maximum memory consumption for the database as M

and the current total memory consumption as mcurrent. The term mcurrent includes total

memory occupied by various tables, run time data structures such as hash tables for joins

and aggregations for all the queries in the system.

In the simplest case, when there is enough memory to admit the query, we have mmax+

mcurrent < M . In this case, the load controller can let the query enter the system.

When memory is scarce, i.e. mmin + mcurrent > M , the query can not be admitted

right away. Its admission depends on the system’s policy (i.e. one of the policies described

earlier).

If the system is realizing the fair policy, all queries have the same priority. In this

scenario, the load controller simply suspends the new query until enough memory becomes

available, after which the query can be admitted.

For both priority-based policies, if the new query’s priority is smaller than the minimum

priority value in the system, then the load controller suspends the query. The suspended

query can be admitted in the system when enough memory is available to admit it. In the

other case, the load controller finds queries from the lower priority values that have high

memory footprints. It continues to suspend such queries from the lower priority levels (in

decreasing order of memory footprints) until enough memory becomes available to admit

the given query.
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3.8 Evaluation

In this section, we present an evaluation of our scheduler. The goals of the experimental

evaluation are as follows:

1. To check if the policy enforcement meets the expected criterion defined in the policy

behavior.

2. To illustrate the role of the learning component, we compare it against a policy im-

plementation that doesn’t use the learning-based feedback loop.

3. Examine the behavior of the learning-based scheduler in the presence of execution

skew.

4. To observe the behavior of the load controller component of the scheduler in ex-

treme/overloaded scenarios.

We use an instance from the Cloudlab [113] platform for our evaluation, which we

described in Table 3.3.

Parameter Description

Processor 2 Intel Xeon Intel E5-2660 2.60 GHz (Haswell EP) pro-

cessors

Cores 10 per socket, 20 per socket with hyper-threading

Memory 80 GB per NUMA socket, 160 GB total

Caches L3: 25 MB, L2: 256 KB, L1 (both instruction and data):

32 KB

OS Ubuntu 14.04.1 LTS

Table 3.3: Evaluation Platform
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Figure 3.3: CPU utilization of queries in fair policy

3.8.1 Quickstep Specifications

We now describe Quickstep’s configuration parameters that are used in the experi-

ments. All 40 threads in the system are used as worker threads. The buffer pool is con-

figured with 80% of the available system memory (126 GB). Memory for storage blocks,

temporary tables, and hash tables is allocated from the buffer pool. The block size for

all the stored relations is 4 MB. We preload the buffer pool before executing the queries,

which means that the queries run on “hot” data.

3.8.2 Experimental Workload

For the evaluation, we use the Star Schema Benchmark (SSB) [95]. We justify the

choice of SSB for our evaluation in Appendix A.7. We use two variants of the SSB SF 100

dataset, namely uniform and skewed. For the skewed dataset, the skew is introduced in

the lo_quantity column of lineorder table, as described by Rabl et al. [106]. In the uniform

dataset, each value in the domain [1, 50] is equally likely to appear in the lo_quantity

column. In the skewed dataset, 90% values fall in the range [1, 10].
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3.8.3 Evaluation of Policies

In this section, we evaluate the policies that are currently implemented in the system.

Specifically, we verify if the actual CPU allocation among queries is in accordance with the

policy specifications. To calculate CPU utilization, we use a log of start and end times for

all work orders.

3.8.3.1 Fair

In this experiment, we execute all 13 queries from the SSB concurrently using the fair

policy. As described in Table 3.1, the policy specification implies a fair sharing of CPU

resources among concurrent queries. The CPU utilization of the queries is depicted in

Figure 3.3. As we can see, the CPU utilization of all the queries remains nearly equal to

each other during the workload execution, despite queries belonging to different query

classes with varying query complexities.
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Figure 3.4: Standard deviation of CPU utilization of active queries for fair policy

Notice that the available CPU resources also get automatically distributed elastically

among the active queries (e.g. at the 10 and 18 seconds marks) when a query finishes its
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Figure 3.5: CPU utilization in HPF policy. Note that a.b(N) denotes a SSB query a.b

with priority N

execution. This elasticity behavior allows Quickstep to fully utilize the CPU resources at

all times.

In order to quantify the fairness metric, we compute the standard deviation of the

relative CPU utilizations of queries. At a given instant, we only consider the active queries

and compute the standard deviation of their relative CPU utilizations.

The result for this experiment can be found in Figure 3.4. Notice that for the first

7 seconds when all 13 SSB queries are under execution, the standard deviation of CPU

utilizations is nearly zero, which means the fair policy gives all queries nearly equal share

of CPU. As more queries finish their execution, there is a transient phase (notice the peaks)

after which the standard deviation drops to low levels. This experiment also reinforces the

previous results quantitatively, and shows that the implementation is able to meet the

policy specifications.
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3.8.3.2 HPF

Now we validate if the implementation matches the specification of the HPF (cf. Ta-

ble 3.1) policy.

All queries have the same priority value (1) except Q4.2 and Q4.3 which have a higher

priority value (2). The execution begins with 11 queries having the same priority value. We

inject Q4.2 in the system at around 5 seconds and Q4.3 at around 15 seconds. Figure 3.5

shows the CPU utilization of queries during the workload execution.

As the high priority queries arrive (at the 5 and 15 seconds marks), the existing queries

pause their execution and the scheduler makes way for the higher priority query. As the

higher priority queries finish their execution (i.e. at the 7 and 16 seconds marks), the

paused queries resume their execution.

The result of this experiment also demonstrates that Quickstep’s scheduler design natu-

rally supports query suspension, which is an important concern in workload management.

3.8.4 Proportional Priority Policy

Now we examine the scheduler’s behavior to the proportional priority policy in which

the higher priority integer implies higher importance.

We pick two queries from each SSB class, and assign them a priority value. Our pri-

ority assignment reflects the complexity of the queries from the corresponding class. For

instance, query class 1 has one join, class 2 has two joins and so on. Recall that in our

implementation a higher priority integer implies higher importance.

Figure 3.6 shows the CPU allocation among concurrent queries in the proportional

priority policy. We can see that a higher priority query gets proportionally higher share of

CPU as compared to the lower priority queries. When all queries from the priority class

8 finish their execution (11 seconds), the lower priority classes elastically increase their

CPU utilization, so as to use all the CPU resources. Also note that among the queries

belonging to the same class, the CPU utilization is nearly the same, as described in the

policy specifications.
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with and without learning implementation

3.8.5 Impact of Learning on the Relative CPU Utilization

In this experiment, we compare the learning-based scheduler with a static non-learning

based implementation (baseline). We perform the comparison using fair policy, which

should be the easiest policy for a static method to realize.

In the baseline, the probability assigned to each query remains fixed unless either a

query is added or removed from the system. If there are N active concurrent queries in

the system, each query gets a fixed probability 1/N .

We runQ1.1 andQ4.1 concurrently with the fair policy using both the learning and non-

learning implementations. Our metric for this experiment is the ratio of CPU utilizations

of Q4.1 and Q1.1. As per the policy specifications, the CPU utilization for both queries in

the fair policy should be equal. Figure 3.7 shows the results of this experiment.

Observe in Figure 3.7, that the ratio in the non-learning implementation is closer to 2,

meaning that the implementation is biased towardsQ4.1. This behavior stems from the fact

that the time per work order for Q4.1 is higher than Q1.1 (c.f. Figure A.2 in Appendix A.4).

In contrast, the ratio of CPU utilizations in the learning implementation is nearly 1. The

learning based implementation can identify various phases in query execution for both

the queries and adaptively change the CPU allocation as per the changing demands of the

queries. The non-learning implementation however fails to recognize the fluctuations in

the CPU demands of queries and therefore does an unfair allocation of CPU resources.
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3.8.6 Impact of Learning on Performance

Here we analyze the impact of the learning-based approach on the performance of

queries. We use two query streams, one for Q1.1 and another for Q4.1. As one instance

of Q4.1 finishes execution, another instance of Q4.1 enters the system (likewise for Q1.1).

We compare the throughput for both Q4.1 and Q1.1 using the learning implementation of

the fair policy against its non-learning implementation.
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Figure 3.8: Impact of learning on the throughput

Figure 3.8 plots the result of this experiment and shows the throughput for each query

stream. The throughput for the Q4.1 stream is not affected considerably by the choice of

the implementation. However using the learning implementation, the throughput of the

Q1.1 stream improves significantly (up to 3x better than the non-learning implementation).

The reasons for the improvement are as follows: Following the result of the previous

experiment (cf. Figure 3.7), in the non-learning implementation, Q1.1 which has shorter

work orders, is starved of CPU resources due to Q4.1, which has longer duration work

orders. In the learning-based implementation however, the Q1.1 stream gets its fair share

of CPU resource (more than that in the non-learning implementation). Therefore, Q1.1’s

performance is improved, resulting in its increased throughput.

This experiment highlights a two-fold impact of the learning module – first, it plays a

crucial role in the fair policy enforcement. Second, it improves performance of queries with

lower CPU requirements when they are competing with queries with higher CPU demands,

thereby also increasing overall system throughput with such mixed and diverse workloads.
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Figure 3.9: Comparison of predicted and observed time per work order

3.8.7 Experiment with Skewed and Uniform Data

In this experiment we test the learning capabilities of the Quickstep scheduler under

the presence and absence of skew (skew description in Section 3.8.2). We execute Q1.1

and Q4.1 on the skewed and uniform data. We sort the skewed lineorder table on the

lo_quantity column, to amplify the impact of skew. For the predicate lo_quantity ≤ 25 on

the skewed table, some blocks have high selectivity and others have low selectivity.

We compare the predicted work order times for each query with its observed work

order times. Figure 3.9 presents the results of this experiment, with relative error of the

prediction on the Y-axis and time on X-axis. We can see that the relative error is very low

in both the datasets for both queries. The execution of Q1.1 with skewed data takes longer

than the uniform dataset. The intermediate peaks in the relative error correspond to phase

change in the execution plan. Note that the scheduler learns the phase changes quickly,

and adjusts its estimates after each phase change.
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Figure 3.10: Load control: An SSB query a.b with priority N is denoted as a.b(N)

3.8.8 Load Controller

In this experiment, we evaluate the effectiveness of the load controller. We use two

queries from each SSB query class. The priority value assigned to a query reflects its

complexity e.g. proportional to number of joins in the query plan. We configure the load

controller with the threshold for suspending queries as 56 GB. As the buffer pool size grows

close to the threshold, the load control mechanism kicks in.

Quickstep’s buffer pool stores the relational tables as well as hash tables used for joins

and aggregations. If the requested memory cannot be allocated, the load controller can

suspend a query with the highest memory footprint. In the current implementation, we

check for reactivating the suspended query upon every query completion. Figure 3.10

shows the CPU utilization of the queries.

The execution begins with 6 queries. At around 4 seconds, a higher priority query

Q4.1 enters the system. At this point Q3.1 has the highest memory footprint and the load

controller picks it as the victim for suspension. We can observe in Figure 3.10, that from 4

to 11 seconds, the CPU utilization of Q3.1 is zero, reflecting its suspended state. The same

pattern is repeated as another high priority Q4.2 enters the system at around 12 seconds.

Once again Q3.1, that has the highest memory footprint, is suspended in order to allow

Q4.2 to enter the system. Observe that in the 12 to 15 seconds time interval, Q4.2 gets

executed and the suspended query Q3.1 doesn’t utilize any CPU resource.
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This experiment demonstrates the load control capabilities of the Quickstep scheduler.

It stresses an important feature of our scheduler, which integrates load-controller func-

tionality. Thus, admission control and query suspension is handled holistically by the

scheduler.

3.9 Related Work

The work orders abstraction is similar to other abstractions like morsels in Hyper [74]

and the segment-based parallelism [126]. Such abstractions provide a means to achieve

high intra-query, intra-operator data parallelism. Hyper [74] uses a pull-based scheduling

approach i.e. workers pull work (morsels) from a pool. We use a push-based model, where

the scheduler controls the assignment of work to workers. The pull-based dispatch model

suffices for executing one query at a time. However, a push-based model can be simpler to

implement sophisticated functionalities such as priority-based query scheduling, incorpo-

rating a flow control across multiple pipelines, (as shown in [126]), cache-conscious task

scheduling.

The elastic pipelining implementation [126] uses a scalability vector to vary the degree

of parallelism of segments of the query plan. The scalability vector tracks the query per-

formance when number of cores are varied, and it does not use any prediction technique.

Their objective is to maximize the performance of a single query executed on a cluster. Our

work focuses on resource sharing among concurrent queries, by enforcing policies using a

learning-based approach. Additionally, we can accommodate estimates provided by other

techniques.

There is related work [52] on ordering queries in a workload with different objectives

such as fairness, effectiveness, efficiency and QoS. This work is complimentary to our

scheduler design as it deals with ordering the queries before they enter the system, where

as we focus on scheduling admitted queries.

Several enterprise databases [6, 7, 5, 9, 2, 3] offer workload management solutions

which classify queries based on their estimated resource requirements, encode resource
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allocation limits as resource pools and map workloads to such resource pools. While such

estimation methods can be used to complement our approach, our scheduler can also

work without such detailed estimation techniques. Prior research in this area [67, 68] has

focused on identifying misbehaving queries, prioritizing/penalizing queries to meet the

service level objectives. Our load controller can be complemented with such functionali-

ties.

Predicting query performance is an active area of research. Earlier work [130, 131,

43] includes analytical models based on the optimizer’s cost models for both single query

and multiple concurrent queries. By design, our Learning Agent can incorporate such

techniques, but can also function without them. More accurate work order execution time

estimates can further improve adherence to the policy specifications.

Scheduling problem has also been studied in the OS and the networks community. Our

scheduler’s probabilistic framework is inspired by the seminal lottery scheduling [125]

in which different processes are assigned certain number of lottery tickets, A lottery is

conducted after every fixed time intervals and the winner process gets to execute in the

next quantum.

A key difference in lottery scheduling and our work is that the OS scheduling is usually

preemptive. The OS maintains a process context that captures the state of the preempted

process. Quickstep’s scheduling is non-preemptive, which means once a work order be-

gins its execution on a CPU core, it continues to do so until completion. Non-preemptive

scheduling provides us an exemption from maintaining work order context (similar to

process context), thereby simplifying the relational operator execution algorithms.

Quickstep’s design philosophy is to make scheduling transparent and fine-grained, and

to decouple mechanism from policies [71] - a common theme found in the OS literature.

Deficit Round Robin (DRR) [115] is a technique for network packet scheduling. Our

usage of work order execution time as a metric is similar DRR’s usage of packet sizes.

However DRR scheduling is inherently round robin based (with additional maintenance of

quantum information), where as our scheduling is based on dynamic probabilities.
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Chapter 4

Revisiting Pipelining for In-memory Database Systems

4.1 Introduction

Pipelined execution of operators in a query plan is ubiquitous in database management

systems [60, 63, 100, 126, 137]. A key aspect of pipelining that is exploited by many

systems is the prevention of materialization of intermediate results of an operator. In a

disk-based system, read and write operations involving disk are expensive. Thus pipelin-

ing significantly improves query performance in disk-based systems. In the in-memory

setting, query processing involves little or no disk involvement. Thus data movement

across memory hierarchies (e.g. caches to memory) is no longer a bottleneck in query

execution. Pipelining has been studied extensively in the disk setting and shared-nothing

environments [29, 39, 40, 47, 48, 114] and the interest in pipelined query processing has

continued in the in-memory settings [23, 80, 126, 129].

In this work, we revisit the notion of pipelining in the in-memory settings, and present

an in-depth study on the effect of pipelined and non-pipelined execution on the perfor-

mance of a query. Our focus is on systems that use block-based query processing tech-

nique. Block-based query processing is used in many systems including Quickstep [100],

MonetDB [60], Hyrise [4], Hive [58], Impala [66], and RocksDB [42].

We first describe the basics of pipelining in query processing. In a query execution,

data are often streamed between two or more physical relational operators. One of the

operators in the pipeline acts as a producer operator, that processes the data and streams

it to the consumer operator for further processing. When the consumer can start processing
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its input data, even before the producer has processed all of its input, we say that the in

the query plan, these relational operators form a pipeline. A commonly found pipeline

found in query plans is made up of selection operator and probe (hash join) operator.

We compare the importance of pipelining in query processing in the disk setting and

in-memory setting through an example below.

Example 1. Let us consider a query which has 1 million intermediate tuples. We assume that

in a disk-based system that uses pipelining, the query runs for 10 minutes. Without pipelining,

all tuples need to be stored to the disk and brought back. We assume the combined disk read

and write latency to be 1 millisecond. The time to write the tuples to disk and reading them

back to memory is 1 million × 1 millisecond = 1000 seconds.

Note that in Example 1, the overhead of materializing the intermediate tuples to disk

and reading them back is almost twice the query execution time itself. Thus there is a big

incentive to pipeline the intermediate data, in order to improve query performance. Let us

consider the same query for in-memory systems.

Example 2. Consider the earlier query in the in-memory settings by assuming the run time

of the query to be 10 seconds. We assume the combined read and write latency from cache

to memory to be 10 nanoseconds. Without pipelining, the overhead of writing and reading

intermediate data is 1 million × 10 nanoseconds = 10 milliseconds.

The materialization overhead which was nearly 100% in the disk setting, is merely

0.1% in the in-memory setting.

Admittedly our example is simple and glosses over many important details. However

it raises an important question: Is pipelining for in-memory setting as important as the

disk setting? Answering this question turns out to be challenging, primarily because a

combination of factors jointly impacts the performance of a query when there is no I/O

bottleneck. We first identify these factors, which are parallelism, block size, storage format,

sequence of pipelines in a query plan, and hardware characteristics. The collective space

of combinations of these dimensions is large. Through our study, we explore this space by



73

identifying the impact of these dimensions on the relative performance of pipelining and

non-pipelining strategies.

Prior work has looked at individual dimensions and studied their impact on overall

query execution. (Related work is in Section 4.2). However to the best of our knowledge,

this is the first work aimed at finding the difference between pipelining and non-pipelining

strategies, while also studying the impact of various dimensions on this comparison.

There are multiple dimensions associated with pipelining in the in-memory settings.

We give a brief overview of these dimensions next, a more elaborate discussion is present

in Section 4.4.

Block size Block size refers to the unit of storage for the data movement in query execu-

tion. A small block size results in a more frequent pipelining and vice-versa.

Storage Format The storage format of stored tables play an important role in query

performance. We look at two storage formats: row store and column store and study their

impact on pipelining.

Pipeline Sequence A query plan often has multiple pipelines connected to each other,

such that there can be several permutations of these pipelines for execution; each with

potentially different performance characteristics.

Parallelism Intra-operator parallelism is an important technique to leverage multi-core

hardware and improve performance. We look at aspects such as scalability of operators

with varying parallelism and their impact on the two pipelining strategies.

Hardware Characteristics Modern database systems try to leverage features provided

by the hardware. We look at one such feature which is prefetching and study its impact on

pipelining.
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Studying these factors in a single systems requires implementation of pipelining and

non-pipelining styles of query processing in the same system. Systems often have a fixed

way of coordinating work execution in a pipeline, which makes the comparison a challeng-

ing task.

Our study is done in a system called Quickstep [100] (system background presented

in Section 4.3). A key aspect that enables us to perform this comparison is Quickstep’s

novel scheduler design (described in detail in earlier works [100, 37]). The scheduler

relies on a work order abstraction for representing work to be done in a query. The work

order abstraction gives the Quickstep scheduler a powerful control over query execution.

We leverage a key insight that pipelining and non-pipelining strategies result in different

schedules of work. Thus by changing the scheduling strategy, query execution in Quickstep

can be done in pipelined or non-pipelined way.

We compare the performance of pipelining execution strategy to a non-pipelining exe-

cution strategy through various combination of knobs. The pipelining and non-pipelining

strategies differ in terms of the eagerness with which the output of producer is processed

by the consumer. We also present an analytical model which takes into account many

aspects such as cache miss penalties, block size, number of threads. We perform micro-

benchmarking experiments as well as execute TPC-H queries on Quickstep. Although

our analysis is based on TPC-H query plans generated by Quickstep, we believe that our

methodology should be broadly applicable to other systems.

Summary of results and contributions : We summarize our contributions as follows:

• We show that the performance of pipelining in the in-memory environments for sys-

tems using block-based query processing depends on many dimensions like paral-

lelism, block size, storage format and hardware characteristics like prefetching.

• The benefits of pipelining on query performance cannot be considered in isolation,

rather they depend a lot on the query structure.
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• As block sizes increase, pipelining and non-pipelining strategies start to behave sim-

ilarly. This is a surprising result given the amount of attention pipelined query pro-

cessing has received in the past.

• We propose an analytical model to compare the differences between pipelining and

non-pipelining strategies. We perform micro-benchmarking experiments and their

results ustify the conclusions from the analytical model.

This chapter is organized as follows: In Section 4.2 we provide a background about pipelin-

ing in database systems and also discuss related work. We give a brief overview of Quick-

step in Section 4.3. We discuss the dimensions associated with this study in Section 4.4. We

present an analytical model to understand the behavior of pipelining and non-pipelining

strategies along with micro-benchmarking results in Section 4.5. In Section 4.6, we present

the experimental evaluations. Section 4.7 summarizes our experimental findings.

4.2 Pipelining Background and Related Work

In this section we give a background about pipelining in database systems and discuss

the related work.

A simplest pipeline of relational operator consists of two operators: A producer op-

erator and a consumer operator. The output of the producer operator can be passed (or

streamed) to the consume operator. An example of such a simple pipeline can be a hash

based join. If there’s a selection on the probe side, the selection operation and the subse-

quent probe operation can form a pipeline (assuming the hash table is already built).

Deeper pipelines may consist more than two operators, such that any two adjacent op-

erators can form a producer and consumer pair. Data from the original producer operator

can be passed all the way to the last operator in the pipeline. An example of such deep

pipeline could be a left-deep plan for a multi-way join query.

There are two aspects about pipelining: Materialization (or the lack of) and eager ex-

ecution of consumer operator on the output of the producer operator. Note that various
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systems may have different representations for the temporary data, which is the output

of a producer operator. Systems such as MonetDB [60] and Quickstep [100] that operate

with the block-style processing model fully materialize the output. Vectorwise [137] has

a compact representation of the intermediate output and does not fully materialize the

ouptut. Systems such as Hyper [63], LegoBase [65] generate compiled code for the full

pipeline, therefore they do not need to have a representation for the temporary data.

Pipelining in database systems has been studied extensively. Most recently Wang et

al. [126] proposed an iterator model for pipelining in in-memory database clusters. Their

key idea is to provide flexibility in the traditional iterator through operations such as ex-

pand and shrink. Neumann [93] proposed compilation techniques for query plans, which

is used by Hyper [63, 74]. As we mentioned earlier, query compilation is one of the tech-

niques for realizing pipelining in a query plan. Vectorwise [137] pioneered the vectorized

query processing model through the hyper-pipelining query execution [23]. Breaking up

from the tradtitional tuple-at-a-time processing model, Vectorwise used batches (or vec-

tors) of tuples. These batches could be amenable to parallel SIMD instructions and thus

could provide greater speedups over Vectorwise’s predecessor MonetDB [60].

Menon et al. propose Relaxed Operator Fusion model [84] that puts together tech-

niques like compilation, vectorization and software prefetching in a single query process-

ing engine Peloton [8].

There is large body of prior work on the effect of storage format and page layouts on

query performance [27, 14, 53, 51, 12]. In our work, we only focus on using row store

and column store format for the comparison between pipelining and non-pipelining.

Incorporating parallelism for query execution within single node database deployment

has been an active area of study since the prevalence of multi-core computing which is

exemplified by many modern systems [100, 74, 137, 4].

Liu and Rundensteiner [79] study pipelined parallelism in bushy plans and propose al-

ternatives to maximal pipeline processing. Our work differs from them in multiple aspects:

We focus on single node in-memory query execution with large intra-operator parallelism.
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We focus on the query scheduler phase, which comes after the optimal query plan has

been generated by the optimizer. Their work focuses on optimizing query plans in the

distributed execution environment with limited memory per node.

Zhu et al. propose look ahead techniques to increase robustness of query plans [136] in

the Quickstep system [100]. Their key technique is to minimize the data that passes from

the producer operator to the consumer operator in a pipeline through the help of bloom

filters.

Work sharing across queries has been studied extensively. [55, 138]. Scan sharing

has shown to have significant improvements in query performance, especially in the disk-

setting. Such sharing typically happens for the selection operation on large tables (e.g.

lineitem in TPC-H schema), which in many query plans is the starting point of a pipeline.

4.3 Quickstep Background

In this section we provide a brief background of Quickstep and its implementation of

different pipelining strategies. Quickstep is designed with a goal to get high performance

for in-memory analytic workloads. One of the techniques used by Quickstep to get high

performance is through large intra-operator parallelism.

Quickstep uses a cost-based optimizer to generate query plans. Joins in Quickstep use

non-partitioned hash based implementation. The operators in Quickstep process a batch of

input tuples, rather than one tuple at a time. Prior work [23] has shown that the vectorized

style processing outperforms tuple-at-a-time processing technique.

Quickstep uses an abstraction called work orders, which represents the relational op-

erator logic that needs to be executed on a specified input. The work done for a query is

broken up in a series of work orders. These work orders can be executed independently

and in parallel.

Quickstep has two kinds of threads - a scheduler thread and several worker threads.

The worker threads execute these work orders. The scheduler thread coordinates the

execution of work orders which includes dispatching the work orders to worker threads
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and monitoring the progress of query execution. Once assigned a work order, the worker

thread executes it until its completion.

4.3.1 Managing Storage in Quickstep

Quickstep supports a variety of storage formats such as row store, column store with

the optional support of compression. The data in a table is horizontally partitioned in

small independent storage blocks, as proposed in some earlier designs [27, 100]. The

size of each storage block is fixed, yet configurable. The intermediate output of relational

operators (e.g. filter) is stored in temporary output blocks, which follow a similar design

as the storage blocks of the base tables.

Each relational operator work order has a unique set of input, described based on the

semantics of the operator. For instance, a select work order’s input consists of a storage

block and a filter predicate. A probe join hash table work order’s input is made up of a

pointer to the hash table and a probe input block. A work order execution involves reading

the input(s), applying the relational operator logic on the input(s) and writing the output

to a temporary block.1

Quickstep maintains a thread-safe global pool of partially filled temporary storage

blocks. During a work order execution, a block is checked out from the pool, output gets

written to the block, and it is returned to the pool at the end of the execution. Therefore

a block is used by atmost one operator work order simultaneously. This approach has two

benefits: first, we maintain locality of output block when output gets written to it and

second, by reusing output blocks memory framgmentation is minimized.

4.3.2 Pipelining Implementation in Quickstep

Quickstep’s implementation of pipelining is at a block level. As described earlier, the

output of a relational operator work order is stored in temporary blocks. As soon as a

1Output of majority of the operators is represented in the form of storage block, except when the output
itself is a data structure like hash table; in the case of a build hash operator, or hash-based aggregation
operators.
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Figure 4.1: Interplay between scheduling strategies and pipelining behavior. A sample

pipeline of a filter operator (σ) and a probe operator (P) for a hash join is shown on

the left. On the right are two possible interleaving of the work orders of these two

operators, resulting in pipelining and non-pipelining schedules

block is full, it is deemed ready for pipelining. The scheduler receives a signal as soon

as an intermediate output block gets filled, after which it dispatches a work order for the

consumer operator for execution.2

4.3.3 Pipelining and Scheduling

The scheduler for Quickstep can implement different scheduling strategies that can

have an impact on the sequence in which different work orders for different operators

are executed. We view pipelining and non-pipelining strategies as manifestation of two

different scheduling strategies.

For pipelining behavior, a consumer operator work order is scheduled as soon as it is

available. For the non-pipelining behavior, a consumer operator work order is not sched-

uled until all the corresponding producer work orders have finished execution.

The implementation of Quickstep scheduler allows to write more sophisticated schedul-

ing policies, such as pipelining implementation with an upper or lower limit on the num-

ber of concurrent consumer work orders under execution, or pipelining under a specified

2All partially filled blocks are pipelined at the end of the operator’s execution.
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memory budget. To keep our analysis focused, we only discuss the two extremes which

are pipelining (eager) and non-pipelining (lazy) strategies.

4.4 Discussion on Dimensions

The performance of pipelining and non-pipelining strategies depends upon multiple

factors associated with query processing. We broadly classify these dimensions in three cat-

egories: physical organization of data (storage format and block size), execution environ-

ment (parallelism and hardware characteristics), and structural aspects of query (pipeline

sequence). In this section we discuss these dimensions.

4.4.1 Storage Format

Data processing time is impacted by the way data are organized. We look at two

common storage formats: row store and column store. In column store format, values of

a given column are stored in contiguous memory region. Accessing a single column which

has a sequential access pattern, results in a good cache behavior. In row store format, all

columns of a tuple are stored in a contiguous region. Thus accessing a particular column

involves bringing unnecessary data (non-referenced columns) in the caches.

Column stores have shown to have higher performance for analytical workloads [12].

The difference between the performance of column store and row store format is promi-

nent for scan operators. Typically scans are faster with column store than in row store.

Recent studies [100] have shown that the performance gap between column stores and

row stores is not as high as shown in the prior work. Therefore we experiment with both

storage formats. For our comparison, all the base tables in the TPC-H schema are stored

in the same storage format. We use row store format for temporary tables irrespective of

the storage format of the base tables.
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4.4.2 Block Size

We start by explaning the concept of block size. As the producer operator processes the

input, it materializes the output to a temporary block. We let the temporary block to reach

a threshold size (known as block size) and then pass the block to the consumer operator.

We would like to examine the impact of block size on the performance of the pipelining

strategies. Consider an example pipeline: select operator → probe hash table operator. A

smaller block size in the pipelining strategy would mean that the block can potentially get

filled quickly. Therefore, compared to a larger block size, the probe tasks may be scheduled

more frequently and each task itself may be shorter.

4.4.3 Parallelism

Intra-operator parallelism is prevalent in many modern database systems [60, 74, 100,

137]. Pipelining encapsulates inter-operator parallelism, as it exemplifies simultaneous

execution of producer and consumer operators in a pipeline. We would like to study the

impact of parallelism on the relative performance of pipelining and non-pipelining.

We define some terminologies that are relevant for our study in the context of con-

currency. Degree of parallelism (DOP) of an operator refers to the number of concurrent

threads involved in executing work orders of that operator. The scalability of an operator

(using T threads) is its performance with DOP as T relative to its performance when DOP

is 1.

We now discuss the DOP behavior of operators in Quickstep. Recall from Section 4.3.3

that Quickstep has a scheduler that dispatches work orders of relational operators to

worker threads. In Quickstep, the pipelining strategy can result in a fluid DOP of oper-

ators. Consider the example from Figure 4.1. Until there is enough input available to

schedule a probe work order, all worker threads operate on filter operator, thus the DOP

of the filter operator is same as number of threads in the system. As soon as a probe work

order is generated it gets scheduled, at which time the DOP of the probe operator is 1. If
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multiple probe work order are generated simultaneously, the DOP of the probe operator

could be higher.

In the non-pipelining strategy, the DOP of operators remains roughly the same. As

shown in Figure 4.1 for the non-pipelining schedule, the DOP of select and probe operator

remain maximum (equal to number of threads).

4.4.3.1 Scalability

In an ideal environment, adding more threads for an operator execution should offer

linear speedup. The assumption being that each parallel work order operates at the same

speed and thus by executing more tasks concurrently, the overall execution time reduces

proportionally.

Linear speedups for operators (or for queries as a whole) are not always possible. De-

Witt and Gray [41] propose reasons for less than ideal speedup for parallel databases such

as startup costs, interference from concurrent execution and skew. We can extend some of

their ideas to in-memory systems. For example interference can come from various sources

such as contention due to latches, and shared use of a common bandwidth like memory

bandwidth or bandwidth for data movement across NUMA sockets.

For an operator that exhibits poor scalability, increasing its DOP beyond a limit de-

grades its performance. Specifically the execution time for each work order of the operator

increases. We observe that poor speedup can have contrasting impact on pipelining (pos-

itive) and non-pipelining (negative) strategies. The reason for such contrasting behavior

lies in the difference in the DOP values of a consumer operator in query processing with

and without pipelining. Recall from Figure 4.1 that pipelining yields in a lower DOP for

the consumer operator, where as non-pipelining results in a higher DOP for the consumer

operator.
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4.4.4 Hardware Prefetching

We start by explaining what hardware prefetching is. It is a technique used by modern

hardware to proactively fetch data in caches by speculating its access in the future. The

prefetcher observes patterns of data accesses from memory to caches and speculates the

access of a data element in advance. Prefetching hides the latency due to a cache miss and

thus potentially improves performance. There are two kinds of prefetching: spatial and

temporal, among which we focus on spatial prefetching.

Now we describe why prefetching is important to our study. Pipelining involves a

context switch on the kinds of work orders that get executed (c.f. Figure 4.1). Thus

pipelining may affect prefetcher’s understanding of data access pattern. Therefore we are

specifically interested in the impact of hardware prefetching on pipelined query processing.

In addition to the hardware-based prefetching implementation, there are software-

based techniques for prefetching. There is prior work on using software-based prefetch-

ing to improve the performance of database operators [30, 84]. We restrict ourselves to

hardware-based prefetching, as we can observe the impact of hardware prefetcher without

modifying the implementation of the relational operators.

For our study, we run the queries with pipelining in two scenarios: a) hardware prefetch-

ing is enabled (default behavior of the hardware) b) hardware prefetching is disabled (by

setting bit 0 and 1 in Model-specific Register (MSR) at address 0x1A4) as disclosed by

Intel [124].

4.4.5 Pipeline Sequences

A query plan is composed of several pipelines that are connected to each other. To exe-

cute a query, there are many possible permutations of such pipelines each with potentially

different performance characteristic.

To compare query performance with and without pipelining, we should ensure that

both strategies use the same sequence. Therefore to come up with a sequence given a

query plan, we present an algorithm. This algorithm generates a pipelining sequence that
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maximizes the opportunity for pipelining. We call this algorithm MPS (Maximal Pipeline

Sequence) Algorithm.

We make the following assumptions for the use of our algorithm. Only one pipeline

gets executed at a time. Simultaneous execution of multiple pipelines could pollute the

cache, thus making it harder to reason about performance. We assume a hash-based im-

plementation of join algorithms. A logical join operation has corresponding two physical

operators: a build operator that builds the hash table and a probe operator that lets the

input probe the hash table. The probe operator does not begin its execution until the build

operator’s execution is over. We assume no disk spilling during a query execution.

Algorithm 4.1 Pipeline Sequencing Algorithm

1: function GETSEQUENCE(Operator op)

2: if op.name() == select then

3: return op.ID();

4: end if

5: if op.name() == build then

6: return GetSequence(op.child()) + op.ID();

7: end if

8: if op.name() == probe then

9: return GetSequence(op.buildOp)) + GetSequence(op.child()) + op.ID();

10: end if

11: end function

Algorithm 4.1 describes the MPS algorithm which is a variation of depth first traversal

of the query plan DAG. The key heuristics behind the algorithm is to construct the hash

tables for the join early and facilitate the pipelining for the probing, by delaying the ex-

ecution of the probe operator. There are two kinds of inputs for a probe operator - the

probe relation and the hash table. By nature, the accesses within the hash table are ran-

dom, where as the access pattern for the probe relation is sequential. Therefore during the



85

probe operation we prefer probe relation being hot in caches, as opposed to the hash table

being hot.

The function GETSEQUENCE produces a sequence of pipelines in a recursive manner.

We describe rules for each kind of operator such as select, build, and probe. Each

rule determines the position of the given operator w.r.t to the sequence generated by the

subtree rooted at this operator. For example, a select operator terminates the pipeline

sequence, or a build operator appends itself before its subtree.

4.5 Analytical Model

In this section we model the performance of queries with and without pipelining, using

parameters such as cache misses, number of threads used for execution, and block size.

Our model is primarily meant for in-memory environments, but it can be easily extended

to disk settings, as we show in Section 4.5.2. We use two key ideas in formulating our

model, which we describe below.

First idea is to focus on the difference between the two strategies while ignoring the

similarities between them. Many operations are common to query processing with and

without pipelining: e.g. the total cost of reading from L1 cache is the same irrespective of

the schedule. As we are interested in a relative comparison of the two strategies, it is safe

to ignore the costs of operations which are common to both strategies and focus on the

additional work for each strategy that is not present in the other strategy.

Our second idea is that when dealing with multi-megabyte blocks in a sequential access

pattern, the cost of L3 cache misses of reading the block is less than missing the entire

block. This idea is based on the usefulness of hardware prefetching. As the block is read

into memory, initial few tuples would incur an L3 cache miss, but we assume that the

prefetcher can quickly detect the access pattern and thus beyond a point, the miss penalty

would decrease.

We analyze a basic pipeline of length two, in which the producer is a select operator

and the consumer is a probe operator for a hash-based join. This pipeline can be found in
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Notation Description

Rh Cost of reading a block to memory hierarchy h from

lower level hierarchy

ARh Amortized cost of reading a block sequentially to mem-

ory hierarchy h from a lower level hierarchy

Wh Cost of writing a block to memory hierarchy h from a

higher level hierarchy

IC Cost of an instruction cache miss

Mh Cost of a data cache miss from memory hierarchy h

N in
op Number of input blocks for operator op

N out
op Number of output blocks for operator op

T Number of threads in the system

B Block size

Table 4.1: Notations used for the analytical model
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many TPC-H queries like Q07 and Q19 in which the selection is performed on the lineitem

table and the output is subsequently used to probe a join hash table. Pipelines of higher

lengths and/or different operators can be dealt with similarly. Table 4.1 contains various

parameters that we use to determine the costs for different scheduling strategies.

In the pipelining based execution, the input for probe (which is the output of select)

is presumed to be hot in caches while it is read to perform the probe operation. In the non-

pipelining case, the output of select is not immediately consumed by the probe, thus an

input probe block is likely to be cold in the caches when it is read for the probe operation.

Thus, in the no-pipelining case, the extra work done can be quantified as:

ARL3 ∗N in
probe + p1 ∗N in

probe ∗ML3 +Wmem ∗N out
select

Here’s the explanation of terms: ARL3 ∗N in
probe indicates the total cost of reading probe

blocks sequentially from the memory, expressed as the amortized cost of reading a block

sequentially times the number of blocks.

Note that a probe task has two input components: probe input block and a hash

table. As the reads in a hash table are random, it disrupts the sequential access pattern

used for reading the probe input blocks. Therefore we account for the penalty caused in

reading the probe input blocks as p1 ∗ N in
probe ∗ML3 where p1 is the probability that there

is a L3 cache miss for reading probe input after the context switch back from reading the

hash table.

Finally, Wmem ∗ N out
select is the penalty incurred in writing the output of the select

operator from cache to memory in the non-pipelining case. Next we quantify the additional

work done In the pipelining case:

N out
select ∗ IC +N in

probe ∗ IC+

p1 ∗N out
select ∗ML3 + p2 ∗ (Rmem +Wmem) ∗N out

select

Notice that in a pipelined execution, every probe task execution involves two context

switches: First from select to probe and another from probe to select. Thus we
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account for two instruction cache misses; one for each of such context switch, which is

represented by the terms N out
select ∗ ic and N in

probe ∗ IC.

Now we explain the term p1 ∗ N out
select ∗ ML3, which represents the cache misses due

to disruption in sequential access pattern of a select, due to the intermittent probe

operations. The term p1 is the probability of an L3 cache miss for select after the context

switch back from probe to select.

Finally the term p2 ∗ (Rmem +Wmem) ∗ N out
select reflects the impact of block size on the

reading and writing of probe input blocks. As multiple threads share the L3 cache, each

write for creating probe input, and subsequent probe input read may not be guaranteed

to be served from the L3 cache especially when the block sizes are higher. The term p2

represents the likelihood that the reads and writes incur L3 cache misses, and is expressed

as min(1, 2b ∗ T/size(L3)). The term p2 is smaller for smaller block sizes, and it is 1 for

large block sizes and when T is high.

4.5.1 Difference between strategies for large blocks

We now look at the difference between two strategies while focusing on their behavior

for large block sizes. We make few observations below that can help simplify the difference

of two strategies. As the block sizes are typically of few megabytes, the instruction cache

miss penalty get amortized, thus we can ignore the penalty associated with instruction

cache misses. Second, we observe that N in
probe = N out

select. Thus the ratio of costs of non-

pipelining and pipelining strategies looks as follows:

ARL3 ∗N in
probe +Wmem ∗N out

select

p2 ∗ (Rmem +Wmem) ∗N out
select

This ratio can be simplified to

ARL3 +Wmem

p2 ∗ (Rmem +Wmem)

We consider few representative cases below to estimate the difference between the two

strategies. For high block sizes (size > |L3|
2∗T ), p2 is close to 1. For such large blocks, the
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amortized cost of sequentially reading a block to L3 (ARL3) is similar to reading a block

on its own from memory (Rmem), as prefetching is not going to provide much help. Thus

we expect for larger block sizes, the difference between two strategies to be negligible.

We acknolwedge that our model does not adequately capture the behavior for smaller

block sizes. Smaller block sizes result in a large number of blocks, which incurs a large

overhead in storage management. Some examples for such overhead include creation cost

of several blocks, maintaining references for blocks present in-memory, synchronization

costs in the data structures for storage management etc. Moreover linux hugepages facil-

itate using pages with large sizes (such as 2 MB), so that the TLB misses are reduced. A

detailed analysis of overheads for small block sizes is beyond the scope of our study.

4.5.2 Applying the Model to Disk Setting

Our model can be easily applied to the disk setting. We change the parameters from

Table 4.1 appropriately to fit the disk setting. The terms p1 and p2 can be nearly 0, assuming

that the hash table is always kept in the buffer pool. Thus, we can see that the additional

work done in the non-pipelining setting is

Rdisk ∗N in
probe + wdisk ∗N out

select

which could be in the order of seconds for thousands of blocks. The additional work done

in the pipelining setting:

N out
select ∗ IC +N in

probe ∗ IC

is substantially less (order of nanoseconds or microseconds for thousands of blocks) than

that in the non-pipelining case. Thus the analytical model is consistent with the expected

behavior for disk-based systems.

4.5.3 Micro-benchmarking

To test the correctness of the analytical model, we use a micro-benchmark, which is

written in C++ and it mimics a two operator pipeline of selection and probe operators.
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Figure 4.2: Results of the micro-benchmarking experiments. The size of the base table

is 8 GB.

The micro-benchmark uses a tuple of single attribute (8 byte integer) and a C++ vector

to abstract the storage. We can vary parameters used in the micro-benchmark such as the

selectivity of the select operator, number of threads, and the size of the hash table.

The results for our micro-benchmarking study are presented in Figure 4.2. We use the

same setup as described in Section 4.6.2 and use 10 threads on a single NUMA socket.

We can observe that the difference between pipelining and non-pipelining is small

across all the variations. Second, for larger block sizes, the two strategies behave quite

similarly which is in accordance to our explanation in Section 4.5.1.

4.6 Experimental Evaluation

We now describe the experiments to be conducted for this study. The goals for our

experiments is to understand the performance characteristics of queries with and without

pipelining and while doing so, observe the impact of the dimensions presented in Sec-

tion 4.4.
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4.6.1 Workload

We use queries and dataset from the TPC-H benchmark [10] for scale factor 50. Note

that the query plans generated by Quickstep may result in different query plans, pipelines

of varying lengths if compared with other systems. Therefore the results for pipelining

analysis for Quickstep may not be directly applicable to other systems. However we believe

that our methodology is broadly extensible.

4.6.2 Hardware Description

We now describe the hardware configuration and Quickstep specifications used for our

evaluation. The hardware configuration of the machine that we used are described in

Table 4.2.

Parameter Description

Processor 2 Intel Xeon Intel E5-2660 v3 2.60 GHz (Haswell EP) processors

Cores 10 physical, 20 with hyper-threading per socket

Memory 80 GB per NUMA socket, 160 GB total

Caches L3: 25 MB, L2: 256 KB, L1 (both instruction and data): 32 KB

OS Ubuntu 14.04.1 LTS

Table 4.2: Evaluation platform

Our analysis focuses on performance of single socket, and thus we use only one of the

two NUMA sockets on the machine. Unless specified, we use all 20 threads as Quickstep

workers. The buffer pool size of Quickstep is configured with 80% of the system’s memory

viz. 126 GB. We run each query 11 times, discard the first two runs and report the median

of the remaining nine runs.
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4.6.3 Results

In this section we present the results of our experimental evaluation. We focus on the

following metrics: Overall query response time, execution time of a pipeline, and execution

time of individual operator work orders.

4.6.3.1 Impact of pipelining on query performance

We are interested in measuring the impact of pipelining on a query’s performance. The

only observable metric for a user of the system is the response time of a query. Complex

queries like the ones in TPC-H are made up of several pipelining consisting of multiple

operators. Thus it is not immediately clear of the impact of pipelining on the entire query’s

response time. We claim that not all queries benefit from pipelining equally.

To analyze the impact of pipelining on a query’s response time, we first look at where

does time go in a TPC-H query execution. The intuition is that if there is only one operator

in the query where majority of the query execution time is spent, pipelining may not play

a big role in the overall execution time of the query. To make the analysis simpler, we

analyze the most dominant operator (where the highest time is spent) and the second most

dominant operator. Note that for this analysis, we run the queries in the non-pipelining

mode, so that the percent time spent metric is accurate.

Figure 4.6b shows the results of this experiment, for tables stored in column store

format. For some queries (Q1, Q6, Q13, Q15, Q17, Q19, Q22) the dominant operator

takes up the majority of the query execution time (more than 50%). We also note that the

dominant operator for many of these queries is a leaf operator (e.g. Selection on a base

table, building a hash table on a base table, Aggregation on a base table). Thus, these

queries may not really get benefits from the pipelining by the virtue of their query plan

structures.

In many queries large data are pruned out at the beginning of the pipeline. Therefore

not enough data is passed on to the consumer operators and hence the impact of pipelining

is not significant.
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Figure 4.3: Performance comparison of probe hash operator when it is the first con-

sumer operator in a pipeline

4.6.3.2 Performance of Consumer Operator

Pipelining should benefit the consumer operator as its input should be hot in caches.

To verify if pipelining improves the performance of the consumer operator, we perform the

following experiment.

We compare the work order execution time for the deepest pipelines in which the first

consumer operator is a probe operator for a join. If there are multiple deep pipelines in a

query with equal length, we pick the pipeline that has more number of tasks at the starting

operator. The reason we pick probe hash table operator is that selection→ probe pipeline

is commonly found in query plans. To reduce noise, we consider only such probe operators

for which there are at least 5 work orders.

Figure 4.3 plots the mean work order execution times for the first consumer operator.

We can observe in Figure 4.3 that in general pipelining benefits the performance of the

probe operator. The extent of improvement diminishes as we increase the block size from

1 MB to 4 MB. This behavior is consistent with the findings from the analytical model (c.f.

Section 4.5).
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4.6.3.3 Performance of Deep Pipelines

Having looked at the performance of the consumer opertors, we zoom out to examine

the performance of pipelines in each query. To do that, we measure the execution time of

the deepest pipelines from each query. The execution time of a pipeline is defined as the

time difference between two events: end of execution of the last work order of the last

operator in the pipeline and beginning of the execution of the first work order of the first

operator in the pipeline. Figure 4.4 shows the results of this experiment.
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Figure 4.4: Execution times of operator pipelines in TPC-H query plans using pipelin-

ing and non-pipelining strategies with block size 2 MB

Recall that the pipelines in consideration are ones which are deep and the first oper-

ator in these pipelines has large amount of work. Hence these pipelines form a signifi-

cant fraction of the total query execution time. We can observe from Figure 4.4 that the

pipeline execution times in the pipelining and non-pipelining implementation are fairly

similar, despite some individual consumer operator getting performance improvement due

to pipelining (c.f. Figure 4.3).
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4.6.3.4 Overall Execution Time:

After analyzing the performance of deep pipelines, we further zoom out to look at the

overall execution times of the queries. We compare the overall execution time of queries

using pipelining and non-pipelining strategies.
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Figure 4.5: Execution times of TPC-H queries with base tables in column store format

and block size 2 MB

The absolute times for all TPC-H queries for block size 2 MB are shown in Figure 4.5.

We can observe that there is little to no difference between query execution times for

pipelining and non-pipelining strategies.

From these experiments we can conclude that pipelining though benefits individual

operators in a query, the overall impact of the choice of with and without pipelining is

fairly minimal.

4.6.3.5 Effect of Storage Format

Next, we study the effect of storage format of base tables on the pipelining perfor-

mance. We use two configurations: a) All TPC-H tables stored in row store format b)

All TPC-H tables stored in column store format. Then we compare the improvement of

pipelining over non-pipelining for each configuration. Note that in both configurations,

temporary tables are stored in row store format. We run the queries using 20 threads and

block size of 2 MB.
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Figure 4.6: Distribution of time spent in each TPC-H query among its operators

Let us start by understanding the time distribution across operators when we use the

row store format. We present the time distribution for the row store format in Figure 4.6a.

Contrast with column store (similar distribution for column store is presented in Fig-

ure 4.6b). Typically selection operation is faster for tables stored in column store than

in row store. Thus we can observe that the dominance of the selection operation on the

overall query execution time is higher in case of row store, e.g. Q03, Q07, Q10, Q11, Q12,

Q14, Q16, Q18, Q19, Q20. As a result, we expect that the impact of pipelining on overall

query execution time should further diminish when using the row store format.

We plot the absolute execution times Figure 4.7. First, we can observe that column

store queries are slightly faster than their row store counterparts. Second, the total query

execution time is not significantly different between using pipelining and non-pipelining

strategy.

Note that query plans start with accessing base tables in the leaf nodes. Base tables

usually have more number of columns as compared to the intermediate tables, due to

projections. As we progress upwards (from leaf to root nodes), the number of referenced

columns keep decreasing. Thus the performance gap for operations on intermediate tables

is narrow when using row store vs column store formats.
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and block size of 2 MB

4.6.3.6 Effect of Parallelism

Next, we study the effect of parallelism on the performance of pipelining and non-

pipelining strategies. We run the TPC-H queries with 10 threads (instead of the 20 threads

used for other experiments) and observe that the relative performance of pipelining and

non-pipelining remains similar. Hence we don’t report the results for experiments with 10

threads.

We present a result from TPC-H Q07 that shows the impact of scalability of operators on

the performance of pipelining and non-pipelining strategies. In TPC-H Q07, the deepest

pipeline has three probe operators, let us call them P1, P2 and P3. One of these probe

operators (P2) involves probing a large hash table, which is constructed on entire orders

table without any filter. The other probe operators (P1 and P3) have relatively smaller

hash tables as input. Recall from Section 4.4.3.1, the degree of parallelism (DOP) of an

operator in a pipeline is usually lower in the pipelining strategy.

We find the scalability of these operators and present them in Figure 4.8a. Note that

though P1 (small hash table, marker u) has less than ideal scalability, it still gives some

performance improvement as the number of threads increase. For P2 (large hash table,

marker q), the scalability curve dips as the number of threads increase. Therefore for

P2, increasing parallelism beyond a limit hurts its performance. The reason for such a

poor scalability is the large size of its probe hash table, because of which results in a large

random read traffic during the tuple reconstruction phase of the probe operator.
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the ideal scalability. Also shown are the execution times for the probe operator with

poor scalability in various settings

To verify if our hypothesis regarding the impact of poor scalability on pipelining and

non-pipelining (c.f. Section 4.4.3.1) is correct, we compare the mean work order execu-

tion time for the probe operator P2 with poor scalability in pipelined and non-pipelined

implementations. Figure 4.8b presents the result of this comparison. We can see that P2 is

faster with pipelining for all three block sizes. The difference between the two strategies

is higher for lower block size and it reduces as the block size increases. For lower block

sizes, the number of probe work orders are higher resulting in a larger contention which

causes higher performance degradation.

This behavior leads us to the next question: What is the impact of poor scalability on

TPC-H Q07’s performance? The percent improvements of pipelining over non-pipelining

in TPC-H Q07’s execution times for different block sizes are 20% (1 MB), 12% (2 MB),

and 9% (4 MB). The improvement depends on the position of the poorly scalable operator

in a deep pipeline. If the operator is at the end of the pipeline with less work to be done

(compared to the operators at the beginning of the pipeline), the extent of overall query

time improvement is low.
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Figure 4.9: Performance of row store format with and without hardware prefetching.

Shown above are total TPC-H execution times and median work order execution

times for selection, probe and build hash operators in Q07 with various block sizes

This experiment highlights an aspect of parallelism which causes performance differ-

ence between pipelining and non-pipelining strategies. Systems can have scalability issues

due to various external (hardware interference, slow network) and internal factors (skew,

poor implementation of operators). We would like to stress that the reason for poor scal-

ability of the probe operator in Quickstep when the build side is large, is not our focus3,

rather it is the impact of poor scalability on the performance of pipelining strategies.

4.6.3.7 Effect of Hardware Prefetching

We examine the effect of prefetching on the relative performance of pipelining strategy.

We run this experiment using row store format and use three values for block sizes namely

1 MB, 2 MB and 4 MB. Figure 4.9 presents the improvements in query execution times due

to hardware prefetching.

In the row store format, even if a single attribute is scanned, a lot of unnecessary data

from the tuple is read. As row store tuples are fixed width4, the hardware prefetcher can

detect the access pattern of scanning a single attribute. We observe that hardware prefetch-

ing has a small impact on the total execution time, as shown in Figure 4.9a. Notice that

the impact of prefetching on the total execution time increases as the block size increases.

3The specific probe operator in TPC-H Q07 can be made more scalable by partitioning the join or by
putting the payload in the hash table bucket.

4variable length attributes are stored in a separate region, with a pointer to the region stored in the tuple
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For a higher block size, the prefetcher can observe more data traffic per block and thus it

can speculate and prefetch more efficiently.

Beyond the overall execution time, we are interested in understanding the impact of

hardware prefetching on individual operators. We pick three operations from Q07 and

compare their execution times with and without prefetching: selection (Figure 4.9b),

building a join hash table (Figure 4.9c) and probing a join hash table (Figure 4.9d).

Our observations are as follows: Prefetching generally benefits selection operators. The

extent of improvement increases as the block size increases. This behavior is understand-

able as selection has a sequential access pattern and the prefetcher can understand the

strides in the memory accesses across tuples in the row store format.

Prefetching seems to have no impact on probe hash table operator. A probe operation

involves reading two data streams - a sequential read access pattern for the probe input

and a random read access pattern for the hash table. Perhaps due to a mix of these two

access patterns, probe operator does not seem to be benefited by hardware prefetching.

For the build hash table operation, prefetching seems to have an adverse effect as its

work orders get slower with prefetching. A possible explanation for this slowdown could

be the mixed access patterns of sequential read and random write behavior in the build

hash operation.

We ran the same experiment for column store format and found little to no perfor-

mance difference due to prefetching. We speculate that the prefetcher does not make any

significant contribution to an already optimized access pattern of column stores.

4.6.4 Effect of Pipeline Sequences

We now evaluate the effect of using different sequences of pipelines in a query plan.

Note that some TPC-H queries have a large plan (e.g. Q07, Q21), in which several se-

quences are possible. On the flipside, plans for some queries are so small such that we

cannot produce multiple pipeline sequences (e.g. Q01, Q06). Thus to keep our analysis

manageable, we produce pipeline sequences which can be given a semantic information.
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Figure 4.10: Comparison of query performances that use two different pipeline se-

quences. MPS refers to the pipeline sequence output by the MPS algorithm proposed

in Section 4.4.5 and another sequence in which probe input is cold, but the hash

table is hot at the time of first probe

One such sequence is the output of the MPS algorithm proposed in Section 4.4.5. Re-

call that the heuristics for the MPS algorithm was to produce a maximal probe pipeline,

in which the probe input would be hot in caches, as much as possible. We use another

sequence in which the probe input is cold, however the hash table is hot.

We use the following criterion for selecting a query for this experiment: We should

come up with multiple pipeline sequences from the given query plan. In the deepest

pipeline, there should be a probe operator whose input is not a stored table, and the input

itself should generate substantial work (at least 10 work orders).

In all the previous experiments, we use the pipeline sequence which is an output of the

MPS algorithm. Thus we only show the results for the cold probe sequence in Figure 4.10.

In majority of the cases, overall query performance remains similar in both sequences.

To find out if the cold probe sequence affects probe operator’s performance, we plot the

median execution times of the first probe operator in the deepest pipeline of the query plan.

Figure 4.11 shows the results of this experiment. In some queries (e.g. Q05, Q07), the

performance of the probe operator remains similar in both sequences. However in some

other queries cold-probe sequence results in a slower probe operator (e.g. Q12, Q14)

than its MPS counterpart. The small performance improvement in the probe operator’s
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performance translates in a smaller performance improvement in overall query execution

time.

4.7 Summary of Experiments

We have described a large number of experiments in Section 4.6 on queries from the

TPC-H benchmark. In this section, we summarize our findings and connect our results

back to the original dimensions (c.f. Section 4.4) we used for our analysis. Recall that

our focus is to understand the relative performance of pipelining strategy compared to a

non-pipelining strategy.

Our high level conclusion is that in the in-memory setting, for systems using block-

based architecture, the performance of pipelining and non-pipelining strategy is similar.

We now discuss the impact of individual dimensions.

Block size We find that a higher block size bridges the gap between pipelining and non-

pipelining. A larger block size results in a lower degree of parallelism for operators in a

pipeline and thus also aides those operators that suffer from poor scalability. A very large

block size however can cause memory fragmentation. It may also result in a very low DOP

such that CPU cores are left underutilized.

Parallelism Parallelism can affect the performance of pipelining and non-pipelining strat-

egy in different ways. We saw in Section 4.6.3.6, how a poorly scalable operator can benefit

the performance of pipelining strategy, where as it can adversely impact the performance

of pipelining strategy.

Storage Format The gap between pipelining and non-pipelining performance is largely

unaffected by the choice of storage format for the base tables. We note that individually

some queries execute faster when run on base tables stored in column store format. The

benefit of using column store format over row store format is the highest for base tables
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(typically leaf operators in a query plan). As the number of attributes in tables reduce from

the leaf levels of the query plans to the root, the advantage of using a column store starts

to diminish.

Hardware Prefetching Hardware prefetching improves pipelining query performance.

The effect is more prominent in row store than in column store format. We saw that

prefetching improves scan performance in a representative query. Prefetching had no effect

on probe operations and it affected the performance of build hash operations adversely.

As L3 cache size increase becomes a less viable option due to power constraints, hard-

ware prefetching techniques are being looked at with greater interest [87]. Combined

with the software-based prefetching efforts [30, 84], hardware prefetching could provide

greater benefits in the future.
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Chapter 5

Conclusions and Future Work

In this chapter, we discuss the lessons learnt, present our conclusions, and describe

the future work. Through this dissertation, we present the design and implementation of a

query scheduler. The goal of this scheduler is to efficiently execute queries in an in-memory

environment while effectively exploiting the features provided by the modern hardware.

A key contribution of this dissertation is to demonstrate that the scheduler is capable of

playing an important role in the database system architecture.

5.1 Lessons Learnt

We now discuss the lessons learnt from this dissertation.

5.1.1 Importance of Abstraction and Contracts

A good abstraction is vital for developing a good system. The work order abstraction in

Quickstep proved to be a boon for the query scheduler. It allowed us to construct different

layers on top of simple operator execution, for which the abstraction was created.

There was a clarity of the contract between query optimizer and query scheduler: the

query optimizer creates an immutable query plan (DAG of relational operators), which is

then passed on to the query scheduler. Once the query scheduler starts to operate on the

query plan, there is no going back to the optimizer.

We designed the operators to be stateful and allowed the scheduler to access their

state thereby getting more insights about the query execution progress. The book-keeping
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related data structures are handled only by the scheduler thread, thus they need not be

thread-safe, which helped simplify their design.

5.1.2 Importance of Query Scheduler for High Performance

Achieving high performance is a never unending pursuit for database systems. Though

the scheduler has a lot of power in terms of controlling resources and co-ordinating the

query execution, it still needs support from other modules in the database system for high

performance. Query optimizer is a vital component of the system. Scheduling work for

an optimal query plan is far more effective than that for a poor plan. Moreover, efficient

implementation of relational operators is crucial to leverage the most from the hardware.

Therefore, even though the scheduler is an important piece in the overall puzzle, it must

work in tandem with other components in the system.

5.1.3 Importance of Measurement, Estimation, and Analysis

Measuring and estimating performance in systems is highly important. Back-of-the-

envelope calculations is a handy technique that can be useful to anticipate the effect of

a technique or a change. By doing such calculations, we may be able to save a lot of

development effort.

Our work on revisiting pipelining relied heavily on measuring performance and analyz-

ing the impact of various techniques on performance. Putting the performance improve-

ment of pipelining into perspective was only possible due to the emphasis on measurement.

We made lot of mistakes in attributing performance changes to wrong reasons and learnt

some valuable lessons the hard way.

While dealing with many parameters, it is important to adhere to basic scientific prin-

ciples, e.g, not changing two parameters simultaneously, while studying the effect of one.
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5.2 Conclusions

We now discuss the conclusions from individual chapters of this dissertation.

In Chapter 2, we present the design and implementation of the Quickstep database

system. Quickstep has a unique block based storage management system, that supports

variety of storage formats such as row store, column store along with support for compres-

sion. The query execution in Quickstep happens with the help of a task abstraction called

work orders. The work orders abstraction connects storage management in Quickstep

with the execution engine. Quickstep’s query scheduler, which is the focus of this disser-

tation controls the execution of these work orders and thus manages query execution in

the system. Through our experimental evaluation, we show that the intra-operator and

inter-operator parallelism through the work orders abstraction speeds up the query execu-

tion in Quickstep. The work order abstraction is instrumental for realizing intra-operator

parallellism. Comparison with other systems also show that Quickstep is faster than other

systems, often by orders of magnitude.

In Chapters 3 and Chapter 4, we show that the scheduler can be used to meet multiple

objectives. In Chapter 3 we use the scheduler for the problem of resource governance. We

specifically target the problem of allocating resources such as CPU to concurrent queries

according to well defined policies. A key challenge in this problem is the fluctuation in

the resource requirements of a query. We target real time queries setting, in which queries

could arrive at any time, thus it further complicates the problem. Our solution uses a prob-

abilistic framework for taking the scheduling decisions and thereby allocating resources to

queries. The probabilistic framework is backed by a learning agent, that monitors the

resource consumption in the system and using learning techniques, predicts the resource

requirements of queries in the near future. We form a close loop between scheduling deci-

sions and the learning, where the learning agent monitors the system, predicts the future

resource requirements and tweaks the probabilities. The adjusted probabilities result in
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change in the resource allocation, leading the system closer to meeting the high level pol-

icy goals. Our experimental evaluation shows that Quickstep scheduler can meet the goals

for a variety of policies including fair and priority-based.

Chapter 4 uses the scheduler for the performance objective. Here we analyze the role of

pipelining in the in-memory settings. We cast pipelining as a schedule in which consumer

tasks (or work orders) are interleaved with the producer tasks. We compare pipelining

with a non-pipelining strategy in which the said interleaving is not present. The two

strategies differ primarily in the eagerness of data processing by the consumer operator. We

underscore the impact of various parameters such as number of threads, the size of blocks,

and hardware prefetching on the relative performance of the two pipelining strategies.

Our analysis (based on evaluation on TPC-H queries as well as an analytical model and

microbenchmarking) shows that the relative gap between the two strategies is not as high

as in the disk based settings. We highlight that the impact of pipelining on query processing

should be considered holistically with all the parameters listed earlier.

5.2.1 Future Work

Our scheduling work leads to many interesting future work directions. There is an

ongoing effort to make Quickstep work efficiently on a distributed setup. The distributed

setting offers some challenges which are not as relevant in the in-memory single node

setting. Locality of a work order execution is quite important in the distributed setting.

The penalty of a non-local execution involves high data movement cost over network,

which can degrade query performance.

Load balancing is another important aspect that a distributed query scheduler has to

worry about. Overloading a node with work can throttle the query processing and may

cause bottlenecks. A subtle aspect in distributed query scheduling is that the control traffic

(e.g. dispatching a work order, reeving work order completion feedback) may be expen-

sive. Therefore the scheduler may have to batch or aggregate control messages.
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In the single node setting, the scheduler can play a big role in query processing on

heterogeneous hardware. An example of such system can be a server configured with an

FPGA or a GPU. If the scheduler can understand the strengths and weaknesses of each

heterogeneous hardware component, it can route work orders to different components

appropriately. A key challenge in this problem is to understand the memory access costs

for different hardware components and thus estimating the cost of executing operations.
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APPENDIX

We describe the various implementation details, design choices and algorithms used in

the Appendix.

A.1 DAG Traversal Algorithm

The Query Manager is presented with a DAG for each query, where each node in the

DAG represents a relational operator primitive. The edges in the DAG are annotated with

whether the consumer operator is blocked on the output produced by the producer operator,

or whether data pipelining is allowed between two adjacent operators.

Consider a sample join query and its DAG showed in Figure A.1. The solid arrows in

the DAG correspond to “blocking” dependencies, and the dashed arrows indicate pipeline-

able/non-blocking dependencies. To execute this query we need to select tuples from the

ddate table, stream them to a hash table, which can then be probed by tuples that are

created by the selection operator on the lineorder table. The output of the probe hash

operation can be sent to the print operator, which displays the result. Note that the “drop

hash” operator is used to drop the hash table, but only after the “probe hash” operation

is complete. Similarly, the other drop operators indicate when intermediate data can be

deleted.

The Query Manager uses a DAG Traversal algorithm (cf. Algorithm A.1) to process the

DAG, which essentially is an iterative graph traversal method. The algorithm simply finds

nodes in the DAG that have all their dependencies met, and marks such nodes as “active”

(line 15). Work orders are requested and scheduled for all active nodes (line 18), and the

completion of work orders is monitored. Operators are stateful and they produce work
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Algorithm A.1 DAG Traversal
1: G = {V, E}

2: activeEdges = {e ∈ E | e.isNotPipelineBreaking()}

3: inactiveEdges = {e ∈ E | e.isPipelineBreaking()}

4: completedNodes = {}

5: for v ∈ V do:

6: if v.allIncomingEdgesActive() then

7: v.active = True

8: else

9: v.active = False

10: end if

11: end for

12: while completedNodes.size() < V.size() do

13: for v ∈ V – completedNodes do

14: if v.allIncomingEdgesActive() then

15: v.active = True

16: end if

17: if v.active then

18: v.getAllNewWorkOrders()

19: if v.finishedGeneratingWorkOrders() then

20: completedNodes.add(v)

21: for outEdge ∈ v.outgoingEdges() do

22: activeEdges.add(outEdge)

23: end for

24: end if

25: end if

26: end for

27: end while
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orders when they have the necessary data. The work order generation stops (line 19)

when the operators no longer have any input to produce additional work orders. When

no more work orders can be generated for a node, that node is marked as “completed”

(line 20). When a node is marked as completed, all outgoing blocking edges (the solid

lines in Figure A.1) are “activated” (line 22). Pipelining is achieved as all non-blocking

edges (dotted lines in Figure A.1) are marked as active upfront (line 2). The query is

deemed as completed when all nodes are marked as “completed.”

A.2 Resource Map Discussion

An example Resource Map of an incoming query to the system is shown below:

CPU: {min: 1 Core, max: 20 Cores}

Memory: {min: 20 MB, max: 100 MB}

This Resource Map states that the query can use 1 to 20 cores (i.e. specifies the range

of intra-operator parallelism) and is estimated to require a minimum of 20 MB of memory

to run, and an estimated 100 MB of memory in the worst case.

In Quickstep, the query optimizer provides the estimated memory requirements for a

given query. Other methods can also be used, such as inferring the estimated resources

from the previous runs of the query or other statistical analyses. The scheduler is agnostic

to how these estimates are calculated.

A.3 Pipelining in Quickstep

During a work order (presumably belonging to a producer relational operator in a

pipeline) execution, output data may be created (in blocks in the buffer pool). When

an output data block is filled, the worker thread sends a “block filled” message to the

corresponding query’s manager via the following channel: Worker → Foreman → Policy

Enforcer→ Query Manager. The Query Manager may then create a new work order (for a
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consumer relational operator in the pipeline) based on this information; e.g. if this block

should be pipelined to another operator in the query plan.

Note that pipelining in Quickstep works on a block-basis, instead of the traditional

tuple-basis.

A.4 Motivation for the Learning Agent Module

One might question the need of the Learning Agent and instead consider assigning a

fixed probability value to each query (say 1/N , with N queries in the fair policy). In the

following section, we address this issue. A motivational example for the learning agent is

described in Appendix A.4.

We perform an experiment, where the goal is to analyze the patterns in work order

execution times of two queries. The dataset used for the experiment comes from the Star

Schema Benchmark (SSB) [95] at a scale factor of 100. We pick two SSB queries Q1.1 and

Q4.1, and execute them on a machine with 40 CPU cores. Q1.1 has a single join operation

and Q4.1 has four join operations. Figure A.2 shows the observed average time per work

order for both queries. We now describe the trends in time per work order for the queries.

We can observe Q1.1’s execution pattern denoted by the dashed line in Figure A.2. The

time per work order remains fairly stable (barring some intermittent fluctuations) from

the beginning until 1.8 s. This phase corresponds to the selection operation in Q1.1 which

evaluates predicates on the lineorder (fact) table. A small bump in time per work order can

be observed at the 1.8 s mark, when the probe phase of Q1.1 begins and continues until

2 s. Towards the end of the execution of Q1.1, (2.2 s) there is a spike in time per work

order when the query enters the aggregation phase. The output of the hash join is fed to

the aggregation operation. The results of aggregation are stored in per-thread private hash

tables, which are later merged to produce the final output.

Now we analyze the execution pattern for Q4.1 which has 4 join operations. This query

is more complex than Q1.1.Therefore, the execution pattern of Q4.1 exhibits more phases,

with different times per work order as compared to Q1.1. Various small phases before the
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Figure A.2: Time per work order for SSB Q1.1 and Q4.1

0.5 s mark correspond to the selection predicates that are applied to the dimension tables.

(Note that in Q4.1 there is no selection filter on the lineorder table). The selections on

dimension tables get executed quickly. The longer phases denote the different probe hash

table operations in the query. Towards the end, similar to Q1.1, there is a spike in the

execution time per work order which correspond to the aggregation phase.

It is clear that the work order execution times for both queries are different, and the

difference between them changes over time. If the scheduler assigns the same probability

to both queries (i.e. 0.5), it is equally likely to schedule a work order from either of them.

As a result, the queries will have different CPU utilization times in a given epoch, thus

resulting in an unfair CPU allocation. In order to be consistently fair in allocating CPU

resources to the queries, we should continuously observe the work order execution times

of queries and adjust the CPU allocation accordingly.
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A.5 Usage of Linear Regression in Learning Agent

The Learning Agent uses linear regression for predicting the execution time of the

future work orders. To lower the CPU and memory overhead of the model, we limit the

amount of execution statistics stored in the Learning Agent. We discard records beyond

a certain time window. When all the work orders of an operator finish execution, we

remove its records completely. In a query, if multiple relational operators are active, linear

regression combines the statistics of all active operators and predicts a single value for the

next work order execution time.

A.6 Resource Choices for Policy Implementations and Load Controller
Implementations

In the current implementation of Quickstep, we have focused on two key types of

resource in the in-memory deployment scenarios – CPU and memory. Both these resources

have different resource characteristics, which we outline below.

First, consider the CPU resource. On modern commodity servers there are often tens

of CPU cores per socket, and the aggregate number of cycles available per unit time (e.g.

a millisecond) across all the cores is very large. Further, an implication of Quickstep’s

fine-grained task allocation and execution paradigm is that the CPU resource can be eas-

ily shared at a fine time-granularity. Several work orders, each from different query can

be executed concurrently on different CPU cores, and each query may execute thousands

or millions or even more number of work orders. Thus, in practical terms, the CPU re-

source can be viewed as a nearly infinitely divisible resource across concurrent queries.

In addition, overall system utilization is often measured in terms of the CPU utilization.

Combining all these factors, specifying a policy in terms of the CPU utilization is natural,

and intuitive for a user to understand the policy. For example, saying that a fair policy

equally distributes the CPU resource across all (admitted) concurrent queries is simple to

understand and reason.
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Memory, on the other hand, is a resource that is allocated by queries in larger granular

chunks. Active queries can have varying memory footprints (and the footprint for a query

can change over the course of its execution). Thus, memory as a resource is more naturally

viewed as a “gating” resource. Therefore, it is natural to use it in the load controller to

determine if a query can be admitted based on its requested memory size. Actual memory

consumption for queries can also be easily monitored, and when needed queries can be

suspended if memory resource needs to be freed up (for some other query, perhaps with a

higher priority).

A.7 Applicability of SSB for our evaluation

The SSB is based on the TPC-H benchmark, and is designed to measure the query

performance when the data warehouse uses the popular Kimball [64] approach. At a scale

factor of X, the benchmark corresponds to about X GB of data in the corresponding TPC-H

warehouse. The SSB benchmark has 13 queries, divided in four categories. Each query is

identified as qX.Y, where X is the class and Y is the query number within the class. There

are four query classes, i.e. 1 ≤ X ≤ 4. The first and second classes have three queries

each, the third class has four queries, and the fourth class has three queries. The queries in

each category are similar with respect to aspects such as the number of joins in the query,

the relations being joined, the filter and aggregation attributes. The grouping of queries in

various classes makes this benchmark suitable for our experiments, as it provides a way of

assigning priorities to the queries based on their class.

A.8 Policy Enforcer

The Policy Enforcer applies a high level policy for resource allocation among concurrent

queries. It uses a probabilistic-framework to select work orders from a pool of work orders

belonging to different concurrent queries for scheduling. The Policy Enforcer assigns a

probability to each active query, which indicates the likelihood of a work order from that
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query getting scheduled for execution in the near future. The probability-based work order

selection strategy brings powerful control to the scheduler through a single parameter –

i.e. by controlling the probability setting, the scheduler can control the resource sharing

among concurrent queries.

The challenge in designing the policy enforcer lies in transforming the policy specifi-

cations to a set of probabilities. A critical piece that we use in such transformations is

the prediction of work order execution times for the concurrent queries, which is done by

the Learning Agent. In the remainder of this section, we provide an intuition for deriving

probability values from the work order execution times.

We now motivate the probabilistic approach used by the Policy Enforcer with an ex-

ample. Consider a single CPU core and two concurrent queries q1 and q2. (The idea

can be extended to multi-cores and more than two queries.) Initially, we assume perfect

knowledge of the execution times of work orders of the queries. Later, we will relax this

assumption.

Let us assume that as per the policy specifications, in a given time interval, the CPU

resources should be shared equally. Suppose that work orders for q1 take less time to
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execute than work orders for q2, as shown in Figure A.3. As the Policy Enforcer aims

to allocate equal share of the CPU to q1 and q2, a simple strategy can be to schedule

proportionally more work orders of q1 than those of q2, in a given time window. The

number of scheduled work orders is inversely related to the work order execution time.

This proportion can be determined by the probabilities pb1 and pb2 for queries q1 and q2,

respectively. The probability pbi is the likelihood of the scheduler scheduling next work

order from query i. The probability is assigned by the Policy Enforcer to each active query

in the system. Note that, pb1 > pb2 and pb1 + pb2 = 1.

Notice that the Policy Enforcer is not concerned with the complexities of the operators

in the query DAGs. It simply maintains the probability associated with each active query

which is determined by the query’s predicted work order execution times.

The Policy Enforcer can also function with workloads that consist of queries categorized

in multiple classes, where each class has a different level of “importance” or “priority”. The

policy specifies that the resource allocation to a query class must simply be in accordance

to its importance, i.e. queries in a more important class should collectively get a higher

share of the resources, and vice versa. In such scenarios, the Policy Enforcer splits its work

order selection strategy in two steps - selection of a query class and subsequent selection of

a query within the chosen query class. Intuitively, the Policy Enforcer should assign higher

probability to the more important class and lower probability to the less important class.

Once a query class is chosen, the Policy Enforcer must pick a query from the chosen

class. Each query class can specify an optional intra-class resource allocation sub-policy. By

default, all queries within a class are treated equally. Thus, the probability-based paradigm

can be used to control both inter and intra-class resource allocations.

There could be many reasons for categorizing queries in classes, including the need to

associate some form of urgency (e.g. interactive vs batch queries), or marking the impor-

tance of the query source (e.g. the position of the query submitter in an organizational

hierarchy). In addition, the resource allocations across different classes can also be chosen

based on various scales, such as linear or exponential scale allocations based on the class
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number. An attractive feature of the Policy Enforcer is that it can be easily configured for

use in a variety of ways. Under the covers, the Policy Enforcer simply maps each class

to a collective class probability value, and then maps each query in each class to another

probability. Once these probabilities are calculated, the remaining mechanisms simply use

them to appropriately allocate resources to achieve the desired policy goal.
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