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ABSTRACT

Enterprises increasingly move their application data into the cloud
by employing data management offerings of database-as-a-service
providers, who specialize in hosting and managing database instances.
While being obligated to certain performance commitments stipulated
in service-level agreements (SLAs) with the customer, database-as-
a-service providers are incentivized to minimize internal costs to
enhance profitability. Since database workloads are often skewed and
DRAM constitutes the primary driver of hardware costs, internal costs
can be reduced by evicting rarely accessed (cold) data to cheaper
storage layers. Hence, only frequently accessed (hot) data should re-
main in DRAM. As most database management systems employ a
buffer manager to load and evict data at page granularity from sec-
ondary storage to DRAM and vice versa, keeping only disk pages with
hot data in DRAM can lead to substantial cost savings. The physical
database schema, however, is usually not defined according to the data
access pattern. Therefore, cold data may be stored on the same disk
page as hot data. As we will elaborate, polluting the buffer pool with
cold data wastes DRAM capacities, which offers a largely untapped
cost reduction potential to database-as-a-service providers.

In this dissertation, we aim at utilizing the buffer manager more
efficiently by recommending a physical database schema in which hot
disk pages contain mainly hot data. Our approach is based on the
observation that, in most cases, rows of a table are accessed either
frequently or rarely according to a value range of a specific column of
that table. In order to identify hot and cold data, we introduce a statis-
tics collector that gathers accurate workload statistics with low memory
and runtime overhead. By exploiting the collected statistics, our table
partitioning advisor proposes a range partitioning layout by grouping
rows into partitions belonging to hot- or cold-classified value ranges.
As a result, hot range partitions with a high density of hot data stay in
DRAM, whereas cold range partitions are evicted to cheaper storage
layers. This prevents the pollution of the buffer pool with cold data.
In addition, we periodically optimize the physical schema in light of
workload changes over time. We propose a forward-looking approach
by developing a workload predictor, which forecasts the approximate
future workload. The predicted workload is then fed into our table
partitioning advisor. Finally, we implement our ideas into a prototype
of a commercial database and showcase its applicability by incorpo-
rating a real-world database workload. Our experimental evaluation
demonstrates a buffer pool size reduction of up to 3.2x compared to
related approaches while still adhering to SLAs.
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ZUSAMMENFASSUNG

Unternehmen verlagern ihre Anwendungsdaten zunehmend in die
Cloud, indem sie Angebote von Dienstleistern nutzen, die sich auf
das Bereitstellen und Verwalten von Datenbankmanagementsystemen
in der Cloud spezialisiert haben. Diese Dienstleister sind zwar tiber
Vereinbarungen mit den Kunden an bestimmte Leistungsverpflichtun-
gen gebunden, versuchen jedoch innerhalb dieser Rahmenbedingen
durch interne Kostenminimierung ihre eigene Rentabilitdt zu stei-
gern. Da Zugriffe auf Daten in Datenbankmanagementsystemen oft
ungleichmiflig verteilt sind und der Hauptspeicher der primére Kos-
tentreiber von Hardware ist, konnen die internen Kosten gesenkt
werden, indem Daten mit wenigen Zugriffen (kalte Daten) auf kos-
tengiinstigere Speichermedien ausgelagert werden. In Folge dessen
sollten nur die sogenannten heiflen Daten, auf die hdufig zugegriffen
wird, im Hauptspeicher bleiben. Da die meisten Datenbankmanage-
mentsysteme einen Zwischenspeicher einsetzen, welcher Daten in
der Granularitdt einer Seite vom Sekundarspeicher in den Haupt-
speicher ladt, konnen erhebliche Kosteneinsparungen erzielt werden,
indem nur Seiten mit heiffen Daten im Hauptspeicher gehalten wer-
den. Jedoch ist das physische Datenbankschema in der Regel nicht
entsprechend dem Datenzugriffsmuster definiert. Daher konnen kalte
Daten auf derselben Seite wie heifie Daten gespeichert sein. Somit wird
unnotigerweise Hauptspeicher verschwendet, welcher Dienstleistern
von Datenbankmanagementsystemen in der Cloud ein weitgehend
ungenutztes Kosteneinsparungspotenzial bietet.

In dieser Dissertation ist unser Ziel, den Zwischenspeicher eines Da-
tenbankmanagementsystems effizienter zu nutzen. Wir schlagen dabei
ein physisches Datenbankschema vor, in dem heifse Seiten hauptséach-
lich heifse Daten enthalten. Unser Ansatz basiert auf der Beobachtung,
dass in den meisten Fallen auf Zeilen einer Tabelle entweder haufig
oder selten zugegriffen wird, entsprechend einem Wertebereich einer
bestimmten Spalte dieser Tabelle. Um heifSe und kalte Daten zu identi-
fizieren, entwickeln wir einen Statistiksammler, der prazise Statistiken
tiber das Datenzugriffsmuster erfasst und gleichzeitig nur wenige
zusitzliche Speicher- und Berechnungsressourcen beansprucht. Unser
automatisierter Ratgeber nutzt dann die gesammelten Statistiken und
schldgt eine Partitionierung vor, indem Zeilen in Partitionen gruppiert
werden, die entweder zu heif3 oder kalt klassifizierten Wertebereichen
gehoren. Dadurch verbleiben Partitionen mit einer hohen Dichte an
heiflen Daten im Hauptspeicher, wihrend Partitionen mit ausschliefs-
lich kalten Daten auf kostengiinstigere Speichermedien ausgelagert
werden. Dies verhindert das Fiillen des Zwischenspeichers mit kalten
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Daten. Aufierdem optimieren wir das physische Datenbankschema
in regelméafiigen Abstdnden angesichts des sich im Laufe der Zeit
dndernden Datenzugriffsmusters. Dabei schlagen wir einen voraus-
schauenden Ansatz vor, bei dem wir die zukiinftigen Anfragen an die
Datenbank vorhersagen, welche dann von unserem Tabellenpartitionie-
rungsratgeber verwendet werden. Abschlieffend implementieren wir
unsere Ideen in einen Prototyp eines kommerziellen Datenbankma-
nagementsystems und evaluieren die praktische Anwendbarkeit mit
Hilfe von praxisnahen Benchmark-Tests. Unsere Evaluierung zeigt da-
bei eine Reduzierung des Zwischenspeichers um bis zu das 3,2-fache
im Vergleich zu existierenden Ansétzen bei gleichzeitiger Einhaltung
der Leistungsverpflichtungen.
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INTRODUCTION

Data management is essential in most of today’s business processes.
Enterprises typically run their data-driven applications on top of
a database management system such as IBM DB 2 [33], Microsoft
SQL Server [112], Oracle Database [127], SAP HANA [54], or Post-
greSQL [155]. Alibaba’s e-commerce web application, for instance,
manages data about their products, customers, and orders in an opti-
mized version of MySQL [76]. There are numerous benefits of employ-
ing a database management system for data-driven applications and
end-users in general. First, database management systems promise
high performance and scalability. Second, the validity of managed
data despite errors and failures can be guaranteed by fulfilling the
ACID properties of atomicity, consistency, isolation, and durability [68].
Third, the complexity of data management is hidden from the end-
user as they simply formulate their data requests by a declarative
language like SQL [32]. Finally, database management systems can
extract valuable business intelligence.

Most database management systems employ the relational model
proposed by E. F. Codd to model the application domain [35]. A single
relation is a table (e.g., ordered products), where each row relates to a
tuple (e.g., a single order) and each column to an attribute (e.g., the
order date). The specification of all tables derived from the application
domain and their relationships to each other are defined as the logical
schema. Database administrators aim at finding a logical schema that
eliminates redundancy, e.g., by decomposing each relation into the
third-normal form [36]. This is because redundancy causes redundant
storage and a loss of data integrity due to data anomalies.

Once the logical schema is chosen, the physical schema defines how
tables are stored on disk and how data can be accessed. The phys-
ical schema considers aspects like compression, partitioning, or the
selection of indexes. Although some aspects are fixed by the database
(e.g., dictionary compression in SAP HANA [54]), database adminis-
trators are responsible for mutable aspects such as selecting indexes or
specifying partitionings. Since the physical schema strongly impacts
performance and memory characteristics [103], database administra-
tors focus on finding a physical schema that maximizes an objective
function, e.g., the number of SQL statements executed per second.
Due to the vast solution space, however, finding an optimal physi-
cal schema manually by the database administrator is, in most cases,
complicated or even infeasible. Therefore, academia and industry
developed tools for automated physical database design [131].



INTRODUCTION

1.1 MEMORY FOOTPRINT REDUCTION OF CLOUD DATABASES

Traditionally, enterprises have run database management systems
on their own hardware, i.e., on-premise. As hardware was typically
purchased for a more extended period of several years, the physical
schema was mainly optimized towards achieving the best performance
on the dedicated hardware [103]. Nowadays, enterprises are increas-
ingly moving their data into the cloud by using data management
offerings of database-as-a-service providers like Amazon Redshift [28],
Snowflake [39], or SAP HANA Cloud [146]. Database-as-a-service
providers specialize in hosting and managing database instances, also
called tenants. While offering high-performance data management
to their customers is essential, database-as-a-service providers also
need to consider their role as economic actors. As such, they are in-
centivized to minimize their internal costs to enhance profitability.
In addition, reduced internal costs may result in more differentiated
pricing to acquire new customers and increase market share.

One option to lower internal costs consists of utilizing the available
hardware resources more efficiently by placing as many database in-
stances as possible on shared hardware resources to increase the tenant
density. This is possible because database-as-a-service providers host
database instances of up to thousands of customers on shared hard-
ware resources, e.g., shared compute, memory, and storage nodes [71].
Therefore, the virtualized hardware of each database instance can be
flexibly adapted by database-as-a-service providers.

Previous work [106] identified the provisioned amount of DRAM as
the primary driver of hardware costs. To illustrate, the monthly cost
of a memory-optimized Google Cloud [60] instance in 2022 amounts
to 18 USD per vCPU and 170 USD per TB of provisioned SSD disk
space, whereas DRAM capacity is prized at 2610 USD per TB. Hence,
database-as-a-service providers are inclined to reduce the provisioned
amount of DRAM of each database instance. Reductions in memory
footprint thus translate into substantial hardware cost savings.

Although low internal costs crucially affect the profitability of
database-as-a-service providers, service-level agreements (SLAs) with
customers are defined such that customers can count on an agreed
level of performance. For example, the e-commerce platform Alibaba
needs to ensure that up to 491,000 sales per second can be processed
on Single’s Day [76]. As a result, database-as-a-service providers face
the challenge of meeting performance commitments while keeping the
memory footprint of hosted database instances as small as possible.

1.2 HOT AND COLD DATA

Database workloads often result in a skewed data access pattern [7, 20,
46, 51, 56, 76, 102, 162]. In particular, data accesses can be skewed over



1.3 PROBLEM STATEMENT AND CHALLENGES

the domain and over time. A domain skew can be observed in an e-
commerce web application, where everyday, low-priced items are more
frequently purchased than particularly expensive ones. By contrast,
orders of seasonal items illustrate a temporal skew as they are only
in high demand at specific time periods, e.g., around Christmas. In
summary, frequently accessed data are referred to as hot data, whereas
rarely accessed data are called cold data.

An efficient way to decrease the memory footprint of a database
instance while still fulfilling performance commitments assured in
SLAs is to leverage the workload’s access skew by moving cold data to
cheaper storage layers and retaining only hot data in DRAM. In order
to load and evict data from secondary storage to DRAM and vice versa,
most database management systems employ a buffer manager [70].
Since a buffer manager operates at page granularity (i.e., small chunks
of data), the database administrator is inclined to keep the disk pages
with hot data in DRAM, e.g., the working set [44, 46, 99, 120, 157].
However, the physical schema is often not defined according to the
data access pattern. Thus, cold data can appear on the same disk page
as hot data. To give an example, a single disk page may store data
about an entire product line, i.e., tuples (in a row store) or values
(in a column store) of both rarely accessed, expensive products and
frequently accessed, low-priced products. Consequently, no substantial
memory footprint reduction can be achieved as all hot disk pages
(including the respective cold data) must be kept in DRAM. The
reason is that reducing the buffer pool size, in this case, would violate
performance commitments as disk pages with hot data would have to
be evicted to secondary storage.

The buffer manager can be utilized more efficiently by adjusting
the physical schema (e.g., by data reorganization) such that hot disk
pages contain mainly hot data. This prevents cold data from polluting
the buffer pool, leading to a considerably smaller buffer pool size
which fulfills performance commitments. In addition, a smaller buffer
pool size can reduce the provisioned amount of DRAM for a hosted
database instance. This results in lower internal costs for database-as-
a-service providers and thereby enhances their profitability.

1.3 PROBLEM STATEMENT AND CHALLENGES

A skewed data access pattern can often be observed in database work-
loads. Since the physical schema is usually not defined according to
the data access pattern, cold data can appear on the same disk page as
hot data. As DRAM constitutes the primary driver of hardware costs,
keeping both hot and cold data in the buffer pool wastes expensive
DRAM capacities. This offers a largely untapped cost-saving potential
to database-as-a-service providers. We point out three challenges that
need to be addressed to propose a solution to this problem.

3



INTRODUCTION

1.3.1  Accurate Collection of Workload Statistics with Low Overhead

The first step toward reducing the buffer pool size is identifying hot
and cold data at a finer granularity than disk pages. To make this clas-
sification, accurate statistics about the database workload are essential.
In addition, statistics about the workload should be collected with
low overhead to avoid significant implications on currently executed
workloads in terms of performance degradation or memory consump-
tion enlargement. Therefore, the first challenge we identify relates to
the collection of workload statistics with high precision, low memory
consumption, and low runtime overhead.

1.3.2 Memory Footprint Reduction with Automated Table Partitioning

After hot and cold data are accurately identified, a physical schema
should be proposed by grouping hot data into hot disk pages and
cold data into cold disk pages. As we will elaborate on later, a typical
workload access pattern can be observed in which rows are either
frequently or rarely accessed according to a value range of a specific
column. For example, frequently accessed orders may have an order
date during the last three days. This observation infers that range
partitioning helps prevent the pollution of the buffer pool with cold
data. More specifically, rows that correspond to hot-classified value
ranges can be grouped into hot range partitions that remain in DRAM.
Further, rows that belong to cold-classified value ranges are grouped
into cold range partitions that can be evicted to cheaper storage layers.
Whereas range partitioning seems promising to separate hot and
cold data, hash and round-robin partitioning would do the opposite
because hot and cold data are likely distributed evenly across all
partitions. Accordingly, the second challenge we identify touches on
how to propose a range partitioning layout for each relation in order
to minimize the buffer pool size while adhering to SLAs.

1.3.3 Prediction of the Future Workload

As workloads are not only skewed over the domain but also over
time (i.e., drifting workloads), the proposed physical schema may
become outdated and is no longer optimal. This can lead to either a
significant increase in memory footprint or a violation of performance
commitments. Thus, a straightforward approach is to repeatedly adjust
the physical schema based on the observed workload. The proposed
physical schema, however, may already be suboptimal when it is
proposed as the workload has drifted. Ideally, a physical schema
should be proposed which is optimized for the future workload.
Hence, the third challenge we identify concerns the prediction of
the future workload based on an observed workload.



1.4 CONTRIBUTIONS AND OUTLINE

1.4 CONTRIBUTIONS AND OUTLINE

In this dissertation, we propose the following solution to the problem
introduced in Section 1.3. We recommend a range partitioning layout
for each relation by grouping tuples into partitions according to hot-
or cold-classified value ranges of a specific attribute based on a given
workload. This reduces the buffer pool size while still fulfilling per-
formance commitments as the pollution of the buffer pool with cold
data is prevented. The proposed range partitioning layout is either
based on collected workload statistics of an observed workload or a
prediction of the future workload in light of drifting workloads.

We address each of the three introduced challenges with the follow-
ing contributions made in this dissertation:

* A statistics collector that gathers accurate statistics about an exe-
cuted workload with low memory consumption and low runtime
overhead (cf. Chapter 3).

* A table partitioning advisor that proposes a range partitioning
layout based on a given workload in order to minimize the
buffer pool size while agreed-upon performance commitments
in SLAs are still fulfilled (cf. Chapter 4).

* A workload predictor that forecasts the approximate future work-
load based on the observed workload (cf. Chapter 5).

Before we elaborate on the contributions in this dissertation, we
sketch in Figure 1.1 two use cases that benefit these contributions.

In the first use case, we assume that the workload is only skewed
over the domain, e.g., an analytical workload with long-running and
static queries. Under this assumption, statistics about the workload,
executed on the current physical schema, are collected once. The
statistics are then used as input to the table partitioning advisor,
which proposes a future physical schema to minimize the buffer pool
size while adhering to performance commitments.

We assume that the workload is skewed over the domain and over
time for the second use case. This assumption is typical for transactional
workloads, e.g., the order fulfillment process in an e-commerce web
application. Therefore, we predict the future workload based on the
observed workload, which is then used as input to the table partition-
ing advisor in this use case. In addition to the predicted workload, the
table partitioning advisor also considers the current physical schema
because a change in the physical schema shall only be triggered when
the expected benefits of workload cost reduction outweigh the cost of
changing the physical schema, e.g., due to table repartitioning costs.
This is crucial as the physical schema may be adjusted regularly to
react to workload drifts. Furthermore, the workload prediction and
table partitioning advice phase are repeated periodically to adopt the
physical schema in small and cheap adjustments.
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Figure 1.1: Illustration of how the three contributions made in this disserta-
tion address the problem of buffer pool pollution with cold data.
In the proposed solution, a table partitioning advisor recommends
a range partitioning for each table in which hot and cold data
are separated into partitions. The proposed range partitioning is
based on collected workload statistics or a predicted workload.

In Chapter 3, we present the statistics collector as our first contri-
bution. We provide a formal description of which workload statistics
need to be collected for four physical database design advisors: an
index advisor, a data compression advisor, a buffer pool size advisor,
and a table partitioning advisor. Subsequently, we introduce low-level
data access counters, which collect statistics about an executed work-
load with high precision, low memory consumption, and low runtime
overhead. We then experimentally evaluate our low-level data access
counters and demonstrate that they outperform related approaches.
Parts of Chapter 3 were previously published in Brendle et al. [24].

The table partitioning advisor presented in Chapter 4 constitutes
the second contribution. We provide a formal problem description of
minimizing the buffer pool size while fulfilling performance commit-
ments assured in SLAs for range partitioning layouts. Furthermore,
we explain how we determine a range partitioning layout based on the
collected statistics in Chapter 3. In particular, we propose an optimal
range partitioning layout and a heuristic approach to lower optimiza-
tion time. The optimal approach is based on an estimator for data
accesses and storage sizes as well as a cost model that considers both
memory footprint and performance, whereas the heuristic approach
only utilizes the collected statistics. We also demonstrate that our
advisor substantially reduces the buffer pool size while still fulfill-
ing performance commitments compared to related approaches. In
Brendle et al. [25], we published parts of Chapter 4.

The third and final contribution of this dissertation is a workload
predictor, which is introduced in Chapter 5. We present an approach
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that predicts the future statement arrival rate and the future parameter-
ization of SQL statements in two stages. First, we introduce detectors
for common workload drift types in both stages and present a classifier
to resolve conflicts between multiple detected workload drift types.
Second, we describe a predictor for each classified workload drift
type that extrapolates the statement arrival rate and parameterization
of SQL statements into the future. Third, we present an algorithm
that combines the results of both stages to predict the future work-
load. Finally, we demonstrate how accurately our workload predictor
approximates the future workload.

We continue this dissertation in Chapter 2 by providing background
information and conclude the dissertation in Chapter 6.






BACKGROUND

In this chapter, we provide the background information required to
understand the following chapters. Throughout this dissertation, we
focus on reducing the memory footprint of database management
systems by changing their physical schema while still adhering to
performance commitments. Therefore, we begin by introducing no-
tation on physical database design and the workload of a database
(cf. Section 2.1). As finding an optimal physical schema that meets all
requirements (e.g., with respect to memory footprint and performance)
is usually a complex and challenging task, academia and industry
devised tools for automated physical database design [26, 38, 73, 8o,
89, 118, 119, 125, 133, 138, 149, 173, 174]. Hence, we introduce four use
cases of automated physical database design: an index advisor, a data
compression advisor, a buffer pool size advisor, and a table partition-
ing advisor (cf. Section 2.2). Afterwards, we describe the architecture
of the commercial database management system SAP HANA [54, 97,
109, 153] because we implement and evaluate the effectiveness of our
ideas on a prototype of SAP HANA (cf. Section 2.3). Finally, we intro-
duce the five-minute rule published in 1987 by Gray and Putzolu (cf.
Section 2.4). We use the five-minute rule to draw a reasonable border
between hot and cold data to move cold data to cheaper storage layers.

2.1 NOTATION

We now introduce notation on three popular aspects of physical
database design such as indexing (cf. Section 2.1.1), table partition-
ing (cf. Section 2.1.2), and data compression (cf. Section 2.1.3). Sub-
sequently, we define the physical schema of the database (cf. Sec-
tion 2.1.4). We then introduce the notation of a database workload
since the effectiveness of a physical schema strongly depends on the
executed workload (cf. Section 2.1.5). As an example, performance
can be improved if an index is created on a set of attributes that are
frequently referenced in selective predicates.

All introduced notation is summarized in Table 2.1. In addition, Fig-
ure 2.1 is a running example throughout this chapter, which illustrates
a physical schema of the orders relation of the JCC-H benchmark [22].

Definition 1 (Relations and Attributes). We denote by R = {Ry,...,R;,
..., Ry} asetof n € N relations, and by A(R;) = {An, ... ,Aijy -, Aim, }
a set of m; € IN attributes of relation R; € R. In addition, we denote by
dom(A;j) = H’f‘ij(Ri) the active domain of attribute A;;, and by d;; =
| dom(A;;)| the number of distinct values of Aj;.
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(a) A table partitioning layout 77 for orders (R1), generated by the range partitioning specification RPS13.
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Figure 2.1: lllustration of a physical schema for relation orders (R;) with three attributes
o_orderkey (A11), o_orderpriority (Ajp), and o_orderdate (Aj3). The table partition-
ing layout 7y is depicted in (a), an example of an uncompressed column partition Cf,,
in (b), a dictionary D153 in (c), and a dictionary-compressed column partition C{,5 in (d).



2.1 NOTATION

Note that ng (R;) is the duplicate elimination projection for values
from attribute A;; from tuples in relation R;. In Figure 2.1, we illustrate
orders as relation Ry, and o_orderkey (A1), o_orderpriority (A1»),
and o_orderdate (Aj3) as three attributes of R;. The active domain
of Ay is {1-URGENT, 2-HIGH, 3-MEDIUM, 4-NOT SPECIFIED, 5-
LOW}, consisting of 5 distinct values, denoted as d15.

2.1.1  Index Configuration

An index is a data structure to speed up data retrieval. In a database
management system, a single- or multi-column index can be defined
over a set of attributes to improve the performance of selections, joins,
or uniqueness checks [4, 26, 80, 89, 118, 125, 174]. In the following, we
start to define a single- or multi-column index before specifying an
index configuration for a relation.

Definition 2 (Index). Let Ajs € P(A(R;)) be a set of attributes from the
power set of all attributes of relation R; € R that is uniquely identified by
s € [1,|P(A(R;))|]. We define by 1 a single- or multi-column index over
the set of attributes Aj;.

For relation orders (R;) in Figure 2.1, for instance, indexes over
eight different sets of attributes are possible: A;; = @ (i.e., no in-
dex), A, = {An}, Az = {Ann}, A = {A}, Ais = {An, A},
A = {An, Az}, Az = {A1p, Az}, and Agg = {Aqq, A1, Arz}. The
index II;7 is then a multi-column index over the attributes o_order-
priority (A1) and o_orderdate (A13z).

Definition 3 (Index Configuration). Let Z; ={I;s |1 < s < |P(A(R;))|}
be the set of all possible indexes of relation R;. We define by ZC; C Z; an
index configuration for relation R; as a subset of L;.

To illustrate, for relation orders (R;) in Figure 2.1, an index con-
figuration ZCy = {l1, 117} would create a single-column index over
o_orderkey (A1) and a multi-column index over o_orderpriority
(A12) and o_orderdate (Aq3).

2.1.2 Table Partitioning

Table partitioning is a technique to divide the data of a relation into
disjoint units. This can be done horizontally by dividing the tuples
or vertically by dividing the attributes into partitions [103]. A typi-
cal use case of table partitioning is a scale-out system, where data
are partitioned and distributed across several server nodes (e.g., by
hash or round-robin partitioning) to balance the workload across the
system [38, 73, 119, 133, 138, 149, 173]. In this work, we focus on
horizontal range partitioning, where each partition contains data that
belong to a specific value range of a certain attribute of that relation. To

11
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give an example, a range partition contains all tuples of orders with
an o_orderdate in 1992. In addition, we focus on column stores be-
cause we implemented our methods into a prototype of SAP HANA's
column store (cf. Section 2.3). Note that column stores are already
vertically partitioned by definition.

Definition 4 (Partition-Driving and Passive Attributes). We define
Aix € A(R;) as the partition-driving attribute of relation R; € R, where
1 < A < m;. Any other attribute A;; # A;y is called a passive attribute.

Definition 5 (Range Partitioning Specification). We define a range par-
titioning specification RPS;y = {vj1,..., Uik, ..., Vip, } € dom(A;y) with
vi < ... <V <...<0jp, and vy = min(dom(A;,)) as a subset of the
active domain of the partition-driving attribute A;y. Further, we denote by
RIPS;, the set of all range partitioning specifications for A;y.

The right side of Figure 2.1 illustrates the range partitioning specifi-
cation RPS13 = {1992-01-01, 1993-01-01, 1995-01-01 } for the partition-
driving attribute o_orderdate (Aj3). The attributes o_orderkey (A1)
and o_orderpriority (Ajp) are passive attributes.

Definition 6 (Partitioning). We define a partitioning P(RPS;,) = {Px,
eoes Py, ..., Pip, } as a set of pjx € IN partitions, generated from a range
partitioning specification RPS; by

Oy < Air <0 Ri) (k< p;
Pz'k = vlkSAM<v'(k+l)( l) ( pl/\) ’ fOT all 1 < k < Pir-

Tv;p. <Air (Ri) (k=pin)

Note that ¢ is the selection operator, such that a partition Py is
generated by selecting only tuples of relation R;, where the value of the
partition-driving attribute A;, is between two partition boundaries v;;
and v;(;41) of the range partitioning specification RPS;,. For example,
Figure 2.1 shows the partitioning IP(RPS13) = { P11, P12, P13} generated
from the range partitioning specification RPSy3. Partition P;; contains
tuples with an o_orderdate (A13) between 1992-01-01 and 1993-01-01.

As we focus on column stores, we next define a table partitioning
layout as a set of all column partitions.

Definition 7 (Column Partition). We denote by C;j = Iy, (Py) a column
partition as a projection of attribute A;j in partition Py.

In Section 2.1.3, we define two physical representations of a column
partition C;j, either uncompressed or dictionary-compressed.

Definition 8 (Table Partitioning Layout). We define by
Ti={Cix|1<j<m,1<k<pp}

a table partitioning layout of relation R; € R as a set of m; - p;y column
partitions Cij.
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Figure 2.1 shows the table partitioning layout 7; for orders (R;),
consisting of nine column partitions Cy1, ..., Ci33, generated by the
range partitioning specification RPS13.

Definition 9 (Global and Local Tuple Identifiers). We associate with
every tuple in relation R; a unique global tuple identifier gid; € [1,|R;],
and with every tuple in a partition Py a unique local tuple identifier 1id; €
[1,|Pi|]. Given a partition Py and a local tuple identifier 1idy, the global
tuple identifier is retrieved by Py [lidy].get_gid.

We associate conceptual global and local tuple identifiers to identify
the same tuple of different partitioning layouts. Note that they do not
necessarily need to be stored in a database. The left side of Figure 2.1
shows for each tuple of orders (R;) its global tuple identifier gid; €
[1,15000000]. Further, for each tuple of the three partitions Pj1, P,
and Py3, the corresponding local tuple identifier 1idy is depicted. For
example, tuples in partition Pj; have a lidy; € [1,2281205].

2.1.3 Data Compression

Data compression is a technique of encoding data using fewer bits
than the original, uncompressed representation. In a database man-
agement system, compression of data stored in relations, attributes,
partitions, or column partitions can reduce the memory footprint.
A popular compression technique, particularly in column stores, is
dictionary compression [1, 2, 18, 91, 93, 94, 136, 139]. Therefore, we
present definitions for dictionary and dictionary-compressed column
partitions. In order to compare it with the original representation, we
start with the definition of an uncompressed column partition.

Definition 10 (Uncompressed Column Partition). We define an uncom-
pressed column partition C;‘jk of attribute A;j in partition Py as a vector of
length | Py | with

[ lidi] = Pu[lidy]. Ay, forall 1 < Uidy < |Pyl,
where Py [lidy].A;j retrieves the value of attribute A;j in partition Py for
the tuple with the local tuple identifier 11dy.

In Figure 2.1b, we illustrate an uncompressed column partition Ci,;.
It stores all values of attribute o_orderpriority (Ajp) in partition Pj3
in a vector of length 8,166, 236. The local tuple identifiers 1id;3 deter-
mine the placement of the values inside the vector.

Definition 11 (Dictionary). Let dom(A;;, Px) = HBU_(PZ-;{) = {vijk1,-- -,
Vijkys - "’vijkd[jk} With vijr < ... < Vjjgy < ... < Vijid denote the active
domain of attribute A;; in partition Py, where d;j = | dom(Ajj, Pi)| is the
number of distinct values of Ajj in Py.. We define a dictionary of attribute A;;
in partition Py as a bijection Dy = (vidij : dom(Ay;, Px) — [1,dij])
with Vid,‘jk(vijky) =Y.

13
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The dictionary D;j of attribute A;; in partition Py is a bijection
vid;j, where dom(A;j, Py) is the domain and [1,d;;] is the image of
the function, such that the y-th value of the domain returns number y.
As an example, Figure 2.1c shows the dictionary Dy3 of attribute
o_orderpriority (Ajp) in partition Pj3 with the five distinct values
1-URGENT, 2-HIGH, 3-MEDIUM, 4-NOT SPECIFIED, and 5-LOW.

Definition 12 (Dictionary-Compressed Column Partition). We define a
dictionary-compressed column partition ijk of attribute A;; in partition Py
as a vector of numbers in [1,d;j], such that

jcjk[lidik] = Vidi]'k(Pik[lidik].Ai]'), fOV all 1 < lidik < |Pik‘-

The dictionary-compressed column partition ijk stores the numbers
returned by the bijection vid;j of the dictionary D;j for all values
of attribute A;; in partition Py. The placement of the numbers inside
the vector Cf]-k is determined by the local tuple identifiers 1id;. For
example, Figure 2.1d visualizes the compressed column partition C{,,
of attribute o_orderpriority (Ajp) in partition Pj3.

As the major objective of data compression is reducing the data
size in bytes, we next define the number of bytes to store an uncom-
pressed column partition, a dictionary, and a dictionary-compressed
column partition. In order to understand these definitions, we need
to discuss the architecture of a buffer manager, which most database
management systems employ as a data cache to load and evict data
from secondary storage to main memory and vice versa [70]. As data
on secondary storage is partitioned in disk pages, the buffer manager
holds a subset of these disk pages in DRAM, in a so-called buffer pool.
To illustrate, a disk page may store for a set of local tuple identifiers
of a column partition a set of values. In most cases, the buffer man-
ager only holds a strict subset of all disk pages (e.g., the workload’s
working set [46]) because it may not be economically feasible to hold
all data in main memory as DRAM is the primary driver of hardware
costs [106]. For this purpose, buffer managers employ a replacement
policy (e.g., LRU-K [128]) to decide which disk page must be evicted
when a new disk page is requested that is not yet loaded, and no
slots are free in the buffer pool. A page request may come from the
execution engine that wants to materialize a tuple.

We now define the storage size of an uncompressed column parti-
tion, a dictionary, and a dictionary-compressed column partition. For
each physical representation, we define a page size in bytes and the
number of disk pages that are required to store the underlying data.

Definition 13 (Disk Pages). We denote by NUMPAGES the number of
disk pages to store an uncompressed column partition Clir where each disk
page has a page size of PAGEST ZE;k bytes. Further, we denote by NUMPAGES%k
and NUMPAGES the number of disk pages to store a dictionary D and a
dictionary-compressed column partition Clir with page sizes (in bytes) of
PAGESIZE}, and PAGESIZES,.
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Definition 14 (Storage Size). We define by HCZk] |, || Djjk||, and ||Cf]k]|
the number of bytes to store all disk pages of an uncompressed column
partition Cl.“jk, a dictionary Djj, and a dictionary-compressed column parti-
tion ijk:
||Ciji| | := NUMPAGES};. - PAGESIZEjj;
o d d
|[Dijk|| := NUMPAGES;. - PAGESIZEj;

||Ciji| | := NUMPAGESS;. - PAGESIZEj.

In order to choose between no compression or dictionary compres-
sion, both the memory footprint and the performance could be consid-
ered. The choice may depend solely on the effectiveness of dictionary
compression when aiming for minimal memory footprint. However,
dictionary compression adds one more level of indirection and may
degrade performance. During tuple materialization, for instance, both
the dictionary-compressed column partition and the dictionary needs
to be accessed. Accessing the dictionary incurs, in general, one ad-
ditional random memory access, e.g., when the dictionary does not
fit into the CPU cache. In addition, the performance of INSERT and
UPDATE statements may degrade as sorted dictionaries and dictionary-
compressed column partitions cannot be modified easily to apply the
data modifications.

In general, the decision of compressing a column partition or not
may depend on the objective function and constraints regarding per-
formance and memory footprint. Furthermore, database management
systems generally support several compression techniques. For ex-
ample, SAP HANA supports prefix, run-length, cluster, sparse, and
indirect encoding on top of dictionary compression (cf. Section 2.3.2).
In order to cover all possibilities of compression, we introduce a
data compression indicator function to decide if and how a column
partition should be compressed.

Definition 15 (Data Compression Indicator Function). We denote by
C = {uncompressed, dictionary-compressed, ...} a set of compression tech-
niques to compress a column partition. To identify the compression technique
for a column partition Cyj of attribute A;; in partition Py, we define by
comp;y : [1,m;] X [1, pir] — C a data compression indicator function.

We now illustrate an example of a data compression indicator
function comp;, that optimizes solely on the memory footprint, i.e.,
does not consider the aspect of performance during projections or
updates. For a set of compression techniques C = {uncompressed,
dictionary-compressed }, a data compression indicator function comp;,
can then be defined as

) dictionary-compressed if ||D;i || + ||CS, || < ||CH
uncompressed otherwise.
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The physical representation of a column partition C;j is then chosen
depending on the data compression indicator function comp;,:

c (Dijt, ijk) if comp;, (j, k) = dictionary-compressed
ijk =
CZ‘k otherwise.

The storage size in bytes of a column partition Cyj is defined as

Col| = |IDijil |+ 11C5xl | if comp;y (j, k) = dict.-compr.
ijkl| =

| |Ci”jk| | otherwise.

Finally, the storage size in bytes of a table partitioning layout 7; is
defined as the sum of the storage size of all column partitions Cj:

m; Pix

Tl =Y Y 1ICiel]-
T x

2.1.4 Physical Schema of a Database

For each relation, we can define an index configuration, a table parti-
tioning layout, and a data compression indicator function. To define
the physical schema of a database, we combine all three aspects of
physical database design for each relation.

Definition 16 (Physical Schema of a Database). We define the physical
schema of a database by

L= {(Icll 71/ Compl)\)/ ey (Icir 7?/ Compi/\)/ ceey (Icn/ 77”1/ Compn/\}r

where each triple (ZC;,T;, comp;)) € L consists of an index configuration
ZC;, a table partitioning layout T;, and a data compression indicator function
comp;, for relation R; € R.

2.1.5 Workload

As the effectiveness of indexing, table partitioning, and data compres-
sion strongly depends on the database workload, we now introduce
its notation. We begin by defining a set of parameterized SQL state-
ments and the host variables of a single statement. Next, we specify a
statement instantiation, which assigns parameter values to the host
variables of the statement. Afterwards, we define the physical execu-
tion plan of a statement instantiation. Finally, a workload is defined
as a set of statement instantiations.

Definition 17 (SQL Statements and Host Variables). We define by S =
{S1,...,54,...,Su} a set of u € IN parameterized SQL statements (e.g.,
SELECT, INSERT, UPDATE, and DELETE statements). Each statement S; € S
contains a vector Hy = [hg, ... hyr, ..., hqwq] of wy € IN host variables.
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Listing 2.1: Example of the Shipping Priority Query (S3) from the set of 22
SQL statements of the JCC-H benchmark, consisting of the two
host variables :1 (h31) and :2 (h3;) [22].

SELECT  top 10
1_orderkey,
sum(l_extendedprice * (1 - l_discount)) as revenue,
o_orderdate,
o_shippriority
FROM customer,
orders,
lineitem
WHERE c_mktsegment = :1
and c_custkey = o_custkey
and l_orderkey = o_orderkey
and o_orderdate < to_date(:2)
and l_shipdate > to_date(:2)
GROUP BY 1_orderkey,
o_orderdate,
o_shippriority
ORDER BY revenue desc,
o_orderdate

For example, the JCC-H benchmark consists of a set of 22 SQL
statements [22]. Note that the JCC-H benchmark extends the TPC-H
benchmark [159] with data and parameter skew. In Listing 2.1, we
illustrate statement S3 of the JCC-H benchmark, which retrieves the
10 unshipped orders with the highest revenue. We observe that the
statement contains two host variables :1 (h31) and :2 (h3p).

Definition 18 (Statement Instantiation and Assignment). We define the
triple (t, Sq Vq) as an instantiation of a statement S, € S with a vector
Vi of wy parameter values at timestamp t € IN. A statement instantiation
(t,S4,V,) contains w, assignments, such that parameter value Vy[r] €
dom(hy,) is assigned to host variable hy, at timestamp t, where dom (hy;)
denotes the domain of the host variable hy,.

To illustrate, statement S3 of the JCC-H benchmark in Listing 2.1 can
be instantiated with the vector V3 = [FURNITURE, 1993-05-29] at the
(UNIX) timestamp 1643900400 (i.e., 2022-02-03 16:00:00 GMT). Thus,
host variable :1 (h3;) is assigned by the parameter value FURNITURE
and host variable :2 (h3;) by the parameter value 1993-05-29.

Definition 19 (Physical Execution Plan). We define T(t,S,, V;) as the
physical execution plan of a statement instantiation (t,S,, V;) € W.

Figure 2.2 shows the physical execution plan produced by SAP
HANA’s query optimizer [54, 97, 109, 153] for the instantiation of
statement S3 of the JCC-H benchmark (cf. Listing 2.1) with the vec-
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Iﬂ[o,orderkey, revenue, o_orderdate, o_shippriority

10

SOortrevenue desc, o_orderdate, top 10
sum(l_extendedprice * (1 - l_discount)) as revenue

| 377,432

1—‘o,o rderkey
1,74,616
O1_shipdate>1993-05-29
3,045,935

INL
[><]o,orde rkey=1_orderkey
——

1,015,311~ S~ . 3,045,935
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37TAR96 " 29949
Oo_orderdate<1993-05-29 Uc_mktsegment='FURNITURE’ L --- Index lookup
| 15,000,000 | 1,500,000

orders customer |_ Hash table build

Figure 2.2: Illustration of the physical execution plan produced by SAP
HANA'’s query optimizer [54, 97, 109, 153] for the instantia-
tion of statement S3 of the JCC-H benchmark with scale fac-
tor 10 (cf. Listing 2.1) at timestamp 1643900400 with the vec-
tor V3 = [FURNITURE, 1993-05-29] of two parameter values.

tor V3 = [FURNITURE, 1993-05-29] at timestamp 1643900400, us-
ing scale factor 10 for generating the data of JCC-H. In the phys-
ical execution plan, every node represents an operator and every
edge an intermediate result with the actual output cardinality of
the previously executed operator. We observe that the selections on
o_orderdate and c_mktsegment are pushed down to their base rela-
tions orders and customer. For example, the output cardinality of the
selection 0, orderdate<1993-05-20(0rders) is 3,774,696. As orders con-
tains 15,000, 000 tuples, the selectivity of this selection is 0.25. The join
ordering shows that orders and customer are joined before lineitem
and orders. A hash join (HJ) is used between orders and customer
on o_custkey=c_custkey. The hash table is build on c_custkey of
customer. In contrast, an index nested loop join (INL) is executed be-
tween lineitem and orders on o_orderkey=1_orderkey. Note that the
index over 1_orderkey of lineitem is used for the lookup. Moreover,
we observe that the selection on 1_shipdate is executed after the join
between lineitem and orders and thus is not pushed down to the
base relation lineitem. Finally, the group by, sorting, and projection
operator are executed after all selections and joins.

Definition 20 (Workload). We define a workload of a database

W = {(tlrsquq])r Ty (tZquz/qu)}

as a set of z € IN statement instantiations.
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R ={Ry,...,R;...,Ry}

AR) = {A, ) Agy ) A}
dom(Ajj) = TI3 (R;)

dij = | dom(Aj;)|

A set of n relations (1 <i < n).
A set of m; attributes of R; (1 < j < my;).
The active domain of Aj;.

The number of distinct values of Aj;.

Ajs € P(A(R;))

A set of attributes of R; that is uniquely identified
by s € [1,|P(A(R))]]-

I A single- or multi-column index over Ajq.

i ={I;s |1 <s <|P(AR))|} The set of all possible indexes of relation R;.

IC; C1; An index configuration for relation R;.

Ajy € A(R)) The partition-driving attribute of R; (1 <A <m;).
Aij # Aix A passive attribute of R;.

RPSZ'/\ = {Uilr- « ey Oiks - - "Uipi/\} g dom(Ai)\)
RIPS;,

P(RPS;) = {Pit, ..., Py -, Pipy, }
Cijk
Ti = {Cij[1<j<m,1 <k<pi}

gid; € [1, [Ry]
lidy € [1, |Pyl]

A range partitioning specification for A;,.

The set of all range partitioning specifications for
a partition-driving attribute A;,.

A set of p;, partitions of R; with RPS;,.

A column partition of attribute A;; in partition Pj.

A table partitioning layout as a set of m; - pj)
column partitions of R;.

A unique global tuple identifier in R;.

A unique local tuple identifier in Pj.

Clll],k = [Pi[1]-Ajj, - - -, Pi[| Pix|]- Asj]
dom(Ajj, Pi) = {vijk1, - - -, Vijidy }

dijx = | dom(Ayj, Py)|

Djjr = (vidjj : dom(A;j, Py) = [1,dijk])

Ciy=Ividij(Pi[1]. Aj), ..., vidijic (Pic[| P[] Aif)]

[l 1Dl C ] 1 Ciel 1 T

An uncompressed column partition as a vector of
length |Pj| with values of A;j in Py.

The active domain of A;; in Py.

The number of distinct values of A;; in Py.

The dictionary for A;; in Py as a bijection between
dom(A;j, Pjx) and numbers in [1, d;].

A compressed column partition as a vector of
length [Py | with numbers in [1,d;j].

The number of bytes to store C?jk,Dijk,ijk,Cijk,ﬂ.

C={uncompressed,dictionary-compressed,...} A set of compression techniques.

comp;y : [1,m;] < [1,pin] — C

A data compression indicator function.

L={(ZCy,T1,compip, ..., (ZCy, Tu, comp,p)}

The physical schema of a database.

S - {Sl,...,Sq,...,Su}

Hy = [ty g o) g,

Vq

(t,S4,Vy), Vy[r] is assigned to hy,

T(t,Sq,Vy)
W ={(t1,54,, Vi.)s- -, (£, S0, Ve )}

A set of u parameterized SQL statements.
A vector of w, host variables of S;.
A vector of w,; parameter values.

A statement instantiation of S; with vector V; of
parameter values at timestamp t.

The physical execution plan of an instantiation.

A workload as a set of z statement instantiations.

Table 2.1: List of notations for automated physical database design and the database workload.
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2.2 AUTOMATED PHYSICAL DATABASE DESIGN

Finding an optimal physical schema with respect to memory foot-
print or performance is often done automated by physical database
design advisors since finding an optimal physical schema manually
by database experts is expensive or even infeasible. We argue that au-
tomated physical database design tools can be categorized according
to their objective function, aiming for minimum memory footprint or
maximum throughput. Besides that, advisor tools need to fulfill given
constraints, e.g., performance commitments agreed upon in SLAs or
a memory budget. In this dissertation, we focus on four use cases of
automated physical database design advice. We introduce an index ad-
visor, which focuses on maximum throughput by speeding up query
response times of a given workload with a memory budget. After-
wards, we present three tools that minimize memory footprint while
fulfilling performance commitments: a data compression advisor, a
buffer pool size advisor, and a table partitioning advisor.

2.2.1 Index Advisor

Creating a single- or multi-column index over a set of attributes can
improve the performance of the database. For example, if the workload
includes selective filter predicates, traversing the index is then faster
than performing a full-column scan. While performance is the objective
function of almost all index advisors, a memory budget is typically
assumed as a constraint to create indexes only over those attributes
where they yield the largest benefit [4, 26, 80, 89, 118, 125, 174].

Use Case 1 (Index Advisor). Let BS € IN be the buffer pool size in
bytes. An index advisor proposes an index configuration ZC; C Z; for each
relation R; such that the execution time £ of a workload VW executed on
the physical schema L with the buffer pool size BS is minimized while the
additional memory consumption M for all index configurations ZC; adheres
to a given memory budget MB:

n
argmin EW, L, BS) subjectto | Y M(ZC;) | < MB.
Ri€R,IC;CL; i=1

2.2.2  Data Compression Advisor

The memory footprint of a database management system can be re-
duced by compressing its data [1, 2, 18, 19, 40, 91, 93, 94, 100, 136,
139]. However, this is often done at the cost of degrading performance
as one or more levels of indirection are introduced. To give an ex-
ample: during a projection, accessing the dictionary in addition to
the dictionary-compressed column partition incurs, in general, an
additional random memory access compared to accessing only an
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uncompressed column partition. While memory footprint is typically
the objective function of a data compression advisor, an SLA may be
assumed to ensure robust performance of the database. A column
partition, for instance, should only be compressed if the latency of
critical SQL statement instantiations does not decline significantly.

Use Case 2 (Data Compression Advisor). Let BS € IN be the buffer
pool size in bytes, and Weir € W be a subset of critical SQL statement
instantiations in the workload V. A data compression advisor proposes a
data compression indicator function comp;y for each relation R; € R, such
that the storage size in bytes of all relations ||T;|| is minimized, while for
each critical statement instantiation (t, Sy, Vy) € Wy its execution time £
on the physical schema L with buffer pool size BS does not exceed a fixed
latency threshold of statement S;, denoted as SLA;:

argmin ) ||7i|

R;€R,comp;y i=1

2.2.3 Buffer Pool Size Advisor

Traditionally, disk-based database management systems employed
buffer pools to manage data larger than main memory [70, 128]. Since
DRAM capacity increased and DRAM costs decreased over time, it
became eventually possible to store all data in DRAM and avoid the
computation and memory overhead of a buffer manager [69]. Ac-
cordingly main-memory database management systems were initially
designed without a traditional buffer manager [21, 87, 156]. However,
research on buffer managers received renewed attention and showed
how modern architectures of buffer managers achieve in-memory
speed [99, 120, 151]. Modern designs of buffer managers are especially
crucial for database-as-a-service providers, which face the challenge of
meeting performance commitments assured in SLAs while minimizing
their internal costs to enhance profitability. As database workloads are
often skewed [7, 20, 46, 51, 56, 76, 102, 162] and DRAM is the primary
driver of hardware costs [60, 106], database-as-a-service providers may
employ a buffer pool size advisor to lower their internal costs. A buffer
pool size advisor may identify the workload’s working set [46] and
configures the buffer pool size so that all disk pages with hot data stay
in DRAM, whereas disk pages with cold data are moved to cheaper
storage layers and are loaded only on demand [157].

Use Case 3 (Buffer Pool Size Advisor). A buffer pool size advisor proposes
a minimal buffer pool size BS € IN, such that the execution time £ of a
workload VW executed on the physical schema L with buffer pool size BS
does not violate a maximum workload execution time, denoted as SLA:

argmin BS subject to E(W, L, BS) < SLA.
BSeN
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2.2.4 Table Partitioning Advisor

Existing table partitioning advisors focus on the classical database
objective of maximizing performance [38, 73, 119, 133, 138, 149]. In this
dissertation, we present a table partitioning advisor that recommends
a range partitioning layout for each relation to minimize the buffer
pool size while still adhering to performance commitments. Whereas
a buffer pool size advisor (cf. Section 2.2.3) is a simple approach to
retain data’s hot working set in DRAM, its most significant drawback
is that mixing hot and cold data within the same disk page pollutes the
buffer pool with cold data and works against its effectiveness. This is
because data are often not organized according to their access pattern.
As a consequence, we group tuples that belong to hot-classified value
ranges into hot range partitions, whereas tuples for cold-classified
value ranges are gathered into cold range partitions. We then keep
only hot-classified column partitions with a high density of hot data
in the buffer pool. This avoids polluting DRAM with cold data.

To illustrate the idea of a table partitioning advisor that minimizes
memory footprint, let us consider the following query:

SELECT o_orderpriority
FROM orders
WHERE o_orderdate < 1993-01-01.

Assume that orders is stored on pages in a disk-based column store
with a buffer pool, that orders is not clustered by o_orderdate, and
that orders does not have an index over o_orderdate. Under this
assumption, the whole o_orderdate column must be scanned to eval-
uate the selection predicate. Further, to project on o_orderpriority,
almost all pages of the o_orderpriority column are accessed because
the qualifying tuples are likely distributed over all o_orderpriority
pages. By contrast, the table partitioning layout 7; for orders (R;) (cf.
Figure 2.1), generated by a range partitioning specification RPSi3 =
{1992-01-01, 1993-01-01, 1995-01-01}, reduces the number of accessed
pages and thus the buffer pool size. There are two reasons for this:
First, due to partition pruning, only the column partition Cy3; must be
scanned to evaluate the selection predicate. Second, because of the cor-
related storage of the o_orderpriority column with the o_orderdate
column that follows from the range partitioning, only pages from
column partition Cyp; are accessed to project on o_orderpriority.

Use Case 4 (Table Partitioning Advisor). A table partitioning advisor
proposes for each relation R; € R a range partitioning specification RPS;,
to minimize the buffer pool size BS, such that the execution time £ of a
workload VW executed on the physical schema L with the buffer pool size BS
does not violate a maximum workload execution time, denoted as SLA:

argmin BS subject to E(W, L, BS) < SLA.
R;€R,RPS;, €RIPS;,
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2.3 THE SAP HANA DATABASE

Throughout this dissertation, we present novel ideas in the context of
automated physical database design advice. In order to evaluate the
effectiveness of those ideas, we implement them into a prototype of
the commercial, main-memory database SAP HANA [54, 97, 109, 153].
In this section, we provide an architecture overview of SAP HANA.
First, we describe its main and delta fragment, which allows SAP
HANA to quickly process transactional and analytical workloads on
the same copy of data (cf. Section 2.3.1). Second, we give an overview
of the supported compression techniques (cf. Section 2.3.2). Finally,
we describe SAP HANA's buffer manager (cf. Section 2.3.3).

2.3.1  Main and Delta Fragment

The physical representation of a table partition in SAP HANA is
split into a main and a delta fragment to efficiently process both
transactional and analytical workloads.

The main fragment is read-optimized storage for analytical work-
loads. It consists of a dictionary and a dictionary-compressed column
partition for each column partition (cf. Section 2.1.3). The dictionary-
compressed column partition allows evaluating a selection during
a SELECT statement only on the integer values in the compressed
column partition. This can improve performance compared to an un-
compressed partition with long strings, for which a comparison takes
much longer than integer comparisons. As the dictionary is order-
preserving, this works not only for equality predicates but also for
more complex predicates such as range predicates. In addition, the
column-scan on the dictionary-compressed column partition enables
effective vectorized processing using single instruction, multiple data
(SIMD) to improve the performance further [166, 167].

In contrast, the delta fragment is write-optimized storage for trans-
actional workloads, i.e., it holds all modified data. The delta fragment
consists of an unsorted dictionary filled by values in a first-come-
first-served manner from INSERT and UPDATE statements during the
workload execution. A dictionary-compressed column partition then
stores the number of the value position from the unsorted dictionary,
similar to the dictionary-compressed column partition of the main
fragment (cf. Section 2.1.3). To still efficiently access the values of
the unsorted dictionary, the delta fragment consists by default of an
in-memory cache-conscious BT tree (CSB™ tree) [140] to map values
to the value position stored in the dictionary-compressed column
partition. Such a search tree is not necessary for the main fragment
as the dictionary is sorted, i.e., a binary search is used to return the
value position in the dictionary for a given value.
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INSERT
UDPATE SELECT DELETE SELECT
DELETE
lidys gid;  Cip
8,166,236 4,750,172
CsB At
Troe gid Delta 5-LOW 5 |5,727,467
4 42 Merge 4-NOT SPECIFIED| 4 | 25,431
5-LOW 3 1,991 3-MEDIUM 3 2,559,199
1-URGENT | 2 1 2-HIGH 219,312,783
3-MEDIUM | 1 |5,727,467 1-URGENT 1 /1,026,679
Delta Fragment Main Fragment

Figure 2.3: lllustration of the main and delta fragment in SAP HANA. The main fragment is
read-optimized storage, whereas the delta fragment is write-optimized storage. The
delta fragment is then periodically merged into the main fragment.

DELETE statements may access both main and delta fragments. The
multiversion concurrency control (MVCC) manager stores visibility infor-
mation in delta and main fragments. When a tuple is deleted, the tuple
gets invalidated and may no longer be visible. Depending on where
the tuple is stored can affect which fragments’ visibility information
needs to be updated.

Due to data modifications, data in the main fragment get invalidated
over time. To still benefit from the read-optimized storage for analytical
workloads, the modifications of the delta fragment are periodically
merged into the main fragment. A system process called mergedog
periodically checks whether or not a delta merge is necessary based
on user-defined criteria, e.g., the storage size of delta fragment or the
duration since the last merge. Both data structures, order-preserving
dictionary and dictionary-compressed column partition, are read-
optimized and thus cannot be modified easily. As a result, a delta
merge can incur that both data structures are created from scratch [9o].

Figure 2.3 illustrates the main and delta fragment for partition Pjy3
from the table partitioning layout 7; for orders (R;) (cf. Figure 2.1).
For simplicity, we illustrate the data structures for column partition
Ci23. We depict the read-optimized main fragment on the right side,
consisting of the dictionary Dj»3 and the dictionary-compressed col-
umn partition Cf,;. The write-optimized delta fragment is shown on
the left side and consists of an unsorted dictionary, a CSBT tree [140],
and a dictionary-compressed column partition. In addition, we show-
case the global tuple identifier in both main and delta fragments
in order to identify the same tuple in both fragments. We observe
four data modifications, e.g., the o_orderpriority of the tuple with
gid; = 5727467 is updated from 2-HIGH to 3-MEDIUM.
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Cirs - 8,166,236
8,166,236 Byte 3,062,339 |- |
5
4 3 4 5
3 Byte2 | o | I [ |
2 1 2 3
1 Byte 1 | | | |
(a) Compressed (b) Compressed Column Partition with Bit Packing

Column Partition

Figure 2.4: Example of applying bit packing on the dictionary-compressed
column partition C{,, of attribute o_orderpriority (Aj2) in par-
tition Py3 (cf. Figure 2.1d).

2.3.2  Data Compression

Dictionary-compression is the default data compression technique in
both main and delta fragments. Apart from dictionary compression,
the compressed column partition of the main fragment is always en-
coded further with bit packing [165, 167]. More specifically, each num-
ber in the compressed column partition C;j is replaced by [log2(djx) |
number of bits, such that all numbers in [1,d;j] can be represented.
For example, in Figure 2.4a, the compressed column partition C{,,
consists of five distinct values. One additional value is in general
reserved for the NULL value. As a result, only 3 bits ([log2(6)] =3) are
required to represent all numbers using bit-packing. In Figure 2.4b, we
illustrate the compressed column partition C{,, using bit packing. To
demonstrate the benefit of bit packing for memory footprint reduction,
let us calculate their storage sizes. If bit-packing is applied to column
partition C{,;, the o_orderpriority value of all 8,166,236 tuples can
be stored in 748 disk pages of 4096 Bytes each, i.e., NUMPAGES{,; = 748
and PAGESIZE{,, = 4096 Bytes, resulting in 3.06 MB (cf. Section 2.1.3).
In addition, one disk page is required to store the 5 STRING values of
the dictionary, i.e., NUMPAGES{,, = 1 and PAGESIZE{,, = 4096 Bytes. In
contrast, without bit packing and assuming 32-bit unsigned integers to
store the numbers in the dictionary-compressed column partition, 7984
disk pages of 4096 Bytes each (= 32.7 MB) are required. Therefore, the
storage size can be reduced by a factor of 10.67 using bit packing.
Apart from dictionary compression and bit packing, SAP HANA
supports optional compression techniques. The dictionary-compressed
column partition can be compressed further by prefix, run-length,
cluster, sparse, or indirect encoding [100, 101]. Front coding can be
used to compress a string dictionary further [95, 116]. On the one hand,
further compression may additionally reduce the memory footprint.
Run-length encoding, for instance, can be very effective if the column
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partition consists of a few distinct values and is sorted on the domain.
On the other hand, yet another level of indirection is added, which
may degrade performance. To illustrate, a lookup with a given local
tuple identifier on a compressed column partition with run-length
encoding results in a binary or exponential search because each run
may group a different number of tuples. In contrast, a lookup with
a given local tuple identifier on a dictionary-compressed column
partition without further compression can be done in constant time
because the offset in the vector can be calculated statically. Moreover,
encoding dictionary-compressed column partitions and dictionaries
may also degrade the performance of delta merges. This is because
both data structures are read-optimized and cannot be modified easily.
As a consequence, it may incur that both data structures are created
from scratch. In summary, further encoding dictionary-compressed
column partitions or dictionaries must be carefully considered as it is,
in general, a trade-off between performance and memory footprint.

2.3.3 Native Storage Extension

The architecture of SAP HANA was initially designed so that only
the entire column partition could be loaded into DRAM. As a result,
accessing only a single value of a column partition (e.g., during tuple
materialization) implied that the entire column partition was loaded
from secondary storage. This wastes DRAM capacity as a huge amount
of non-accessed data are loaded. SAP HANA introduced the Native
Storage Extension to overcome this drawback, which allows loading a
column partition at page granularity through a buffer manager [151,
152]. Hence, accessing only a single value of a column partition may
result in accessing only a single disk page instead of the entire column
partition. This extension can especially reduce the memory footprint
when only a few pages of a column partition contain hot data.

The SAP HANA buffer manager supports the following seven page
sizes: 4 KB, 16 KB, 64 KB, 256 KB, 1 MB, 4 MB, and 16 MB. The
used page size depends on the column partition data type and their
usage. For example, a string dictionary consists of a larger page
size compared to a dictionary-compressed column partition with bit
packing. The buffer manager consists of a free and an LRU list for each
page size. In addition, a hot buffer list is used to keep pages with a
high access frequency in DRAM over a more extended period. This is
crucial as hot pages should not be flushed during a full-column scan,
opposed to an LRU list. Further, a housekeeping thread dynamically
grows and shrinks the lists of all page sizes depending on their usage,
such that the allocated memory for the buffer manager (i.e., the buffer
pool size) is utilized efficiently. Finally, the buffer manager can also
prefetch pages before accessing them to reduce the I/O waiting time,
e.g., during a full-column scan.
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2.4 THE FIVE-MINUTE RULE

In this dissertation, we present novel ideas to reduce the memory
footprint of a database management system while still adhering to
performance commitments. As DRAM constitutes the primary driver
of hardware costs [60, 106], an efficient way to reduce the memory
footprint while still fulfilling SLAs is to leverage access skew in the
workload [7, 20, 46, 51, 56, 76, 102, 162] by moving cold data to cheaper
storage layers and keeping only hot data in DRAM. For this, data need
to be classified as hot or cold. In order to draw a reasonable border
between hot and cold-classified data, we consider the five-minute rule,
published in 1987 by Gray and Putzolu, that states as a rule of thumb:
“[d]ata referenced every five minutes should be memory resident” [65].
The argument was based on economic considerations and hardware
costs of the 1980s, comparing the cost-performance ratio of DRAM
and secondary storage. As prices, capacities, and performance of these
two storage tiers evolve at a different pace, the five-minute rule was
revisited several times [8, 63, 64], resulting in different thresholds
to keep data in DRAM. As the exact threshold is not a constant but
depends on the underlying hardware parameters and prices, this
dissertation refers to the rule as a 7t-second rule, where 71 denotes the
break-even point in seconds and is calculated as follows:

_ Disk Costs [$/sec]
= 5 TOPS Page/sed] / DRAM Costs [$/Page/sec],

where

Page [Bytes] is the transfer unit of one IOP in
bytes;

DRAM Costs [$/Page/sec] is the costs in USD for one page of
main memory per seconds;

Disk Costs [$/sec] is the costs in USD for a single disk
per seconds;
Disk IOPS [Page/sec] is the amount of random read IOPs

per second (IOPS) of a disk.

In order to illustrate the 7r-second rule, Table 2.2 shows current
DRAM and persistent disk prices, capacities, and performance of-
fered by Google Cloud [60]. For DRAM costs, we consider a memory-
optimized machine family because it is offered that “[t]hese machine
series are well-suited for large in-memory databases such as SAP
HANA” [61], which is priced at $2610 per TB of DRAM. As page size
we consider 4096 Bytes because it is the minimum page size offered
by the buffer manager of SAP HANA (cf. Section 2.3.3). To calculate
the 7r-second rule, we now consider three different types of persistent
disks with different prices and performance to illustrate the impact of
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Description Parameter [Unit] Value

Disk Page Size Page [Bytes] 4096

DRAM Costs [$/TB/month] 2610

Memory-optimized Memory
DRAM Costs [$/Page/sec]  4.12-10712

(a) Page size and DRAM prizes of a memory-optimized Google Cloud instance.

Description Parameter [Unit] Value 71-Second Rule

Zonal Disk Costs [$/month]| (assuming 1 TB) 40
standard

. Disk Costs [$/sec] 1.54-1075 7 = 4983.82sec
persistent .
disks Disk IOPS [Page/sec] 750
Zonal Disk Costs [$/month]| (assuming 1 TB) 170
SsD Disk Costs [$/sec] 6.56-107° 7T = 530.74sec
persistent
disks Disk IOPS [Page/sec] 30,000
Extreme  Disk Costs [$/month] (assuming 1 TB) 125
SSD Prov. IOPS Costs [$/prov. IOPS/month]  0.065 T — 6189.32 sec
persistent  Disk Costs (120,000 prov. IOPS) [$/sec]  3.06- 1073 .
disks Disk IOPS [Page/sec] 120,000

(b) The calculated 7r-second rule for different types of persistent disks offered by Google Cloud, using the
page size and DRAM prices from Table 2.2a.

Table 2.2: The 7r-second rule calculated from current DRAM and persistent disk prices, capacities,
and performance offered by Google Cloud [60-62].

the hardware configuration on the 7-second rule. Since the 77-second
rule does not consider the disk capacity and only the disk prices and
disk performance, we assume for all disk types that 1 TB of disk space
is required, similar to the capacities of disk types considered in the
revisited five-minute rule in 2017 [8].

A standard persistent disk is the cheapest disk storage offered by
Google Cloud and is priced at $40 per TB of provisioned disk space, is
backed by standard hard disk drives (HDD), and reaches 750 random
read IOPS with a disk size of 1 TB, resulting in 77 = 4983.82 seconds.
However, the fastest enterprise HDDs spin at 15,000 rpm, such as
Seagate CheetAh 15K.5 [148], resulting in at most 200 random read
IOPS. Thus, we are concerned that the 750 random read IOPS for a
standard persistent disk is constantly achievable.

In addition, Google Cloud offers SSD persistent disks for a “high-
performance database [...] that require lower latency” [62]. These are
priced at $170 per TB of disk space, backed by solid-state drives (SSD),
and offer 30,000 random read IOPS with a disk size of 1 TB, resulting
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in 71 = 530.74 seconds. Note that the 7-second rule is ~10x lower
compared to the standard persistent disk because its price is ~ 4 X
higher but offers ~40x more IOPS.

Furthermore, Google Cloud offers an extreme SSD persistent disk,
which is “designed for high-end database workloads, such as Oracle
or SAP HANA” [62], and can be provisioned of up to 120,000 IOPS.
Contrary to both other disk types, a customer needs to pay per provi-
sioned IOPS per month, too. An extreme SSD persistent disk is priced
at $125 per month and one provisioned IOPS costs $0.065 per month.
As a result, an extreme SSD persistent disk with 120, 000 provisioned
IOPS results in T = 6189.32 seconds. In this case, the 7t-second rule
grows compared to an SSD persistent disk as the disk price increases
by a factor of ~50 compared to a ~4x higher IOPS rate.

In summary, we observe that the hardware prices, capacities, and
performance significantly impact the r-second rule. One insight is
that SSDs offer a better price-performance ratio compared to HDDs.
However, high-performance SSDs designed for high-end databases
workloads typically do not pay off as the customer needs to pay per
provisioned IOPS. Finally, disk storage with a better price-performance
ratio result in a lower 7t-second rule, such that data can be evicted
earlier from DRAM to reduce the memory footprint.
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COLLECTION OF WORKLOAD EXECUTION
STATISTICS

In this chapter, we address the challenge of collecting workload execu-
tion statistics with high precision, low memory consumption, and low
runtime overhead (cf. Section 1.3.1). The availability of accurate statis-
tics about the database workload is essential as it strongly impacts
the effectiveness of physical database design advisors, e.g., the quality
of the recommended range partitioning layout in Chapter 4. Besides
accurate statistics, we should gather statistics with low memory and
runtime overhead to avoid a significant impact on performance and
memory consumption for currently executed workloads. Therefore,
we design and implement low-level data access counters, which collect
workload execution statistics precisely, compact, and fast.

3.1 MOTIVATION

As finding an optimal physical schema that meets all requirements
(e.g., with respect to memory footprint or performance) is often com-
plex and challenging [131, 132], we introduced in Section 2.2 four
use cases of automated physical database design advice: an index
advisor, a data compression advisor, a buffer pool size advisor, and
a table partitioning advisor. All four advisors require an objective
function, e.g., aiming for minimal memory footprint or minimal query
response times, while satisfying given constraints like a maximum
workload execution time or a memory budget. In order to find an
optimal physical schema, each advisor considers a set of physical
schema candidates. A table partitioning advisor, for instance, enumer-
ates all range partitioning specifications RIPS;, (cf. Definition 5) for a
certain partition-driving attribute A;, (cf. Definition 4). Afterwards,
for each physical schema candidate, the advisor calculates a change
in the objective function based on the data, the workload, and the
current physical schema. During this calculation, accurate statistics
about the workload are of particular importance for the effectiveness
of the physical database design advice.

In order to demonstrate how accurate statistics about the workload
influence the decision of physical database design advisors, let us
consider the four advisors introduced in Section 2.2. First, an index
advisor (cf. Use Case 1) requires precise knowledge of query predicate
selectivities. This is because an index configuration can only improve
query response times if it includes an index over a set of attributes
that is part of a selective filter predicate. Second, a data compression
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advisor (cf. Use Case 2) relies on precise knowledge on how much data
are sequentially (e.g., during full-column scans) or randomly accessed
(e.g., during tuple materialization). The reason is that compression
adds one more level of indirection and may degrade performance. In
contrast, compression helps to keep a larger fraction of the working
set in DRAM or CPU caches. To illustrate, in a dictionary-compressed
column store, a projection accesses at least one page of the dictionary
and one page of the dictionary-compressed column partition, whereas
only one page of the uncompressed column partition might have been
accessed in an uncompressed setting (cf. Section 2.1.3). As a result,
compressing a column partition accessed by many projections may be
avoided. Third, a buffer pool size advisor (cf. Use Case 3) is based on
precise page access statistics to identify the workload’s working set,
such that the buffer pool size can be configured to hold only pages
with hot data in DRAM. Finally, a table partitioning advisor (cf. Use
Case 4) needs accurate access statistics at tuple- or value-granularity.
A range partition can group data items that belong to either a hot- or
cold-classified value range of a certain attribute of that table. To give
an example, all tuples of orders with an o_orderdate in the year 1995,
which are never accessed, could be grouped into a range partition that
is evicted to secondary storage and are loaded only on demand to
reduce the memory footprint of the database.

Apart from describing an executed workload accurately, the statistics
should ideally be collected with low memory and runtime overhead
on currently executed workloads. This is especially crucial to database-
as-a-service providers, which aim at optimizing the physical schema
of hosted database instances quickly and without noticeable impacting
their current performance and memory consumption. Adjusting the
physical schema is important to database-as-a-service providers as
internal costs can be reduced to enhance profitability. Whenever the
physical schema is defined in a way where hot disk pages contain
mainly hot data, the pollution of the buffer pool with cold data can be
avoided, and DRAM capacities are not wasted anymore.

Obviously, there is a trade-off between the accuracy of workload
execution statistics and their memory and runtime overhead. How-
ever, in practice nowadays, workload execution statistics are either
gathered offline or with low precision. Offline approaches execute a
representative sample of the workload on a separate node [4, 38, 141],
analyze log samples [102], or caches runtime access patterns [67]. The
drawback of these approaches is that they result in high memory con-
sumption and runtime overhead. Other approaches collect workload
execution statistics by tracking coarse-granular access frequencies and
combining them with sampling [56, 76, 122]. These approaches have
a low runtime and memory overhead but lack in precision. Hence,
no current approach collects workload execution statistics with high
precision, low memory consumption, and low runtime overhead.
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Figure 3.1: llustration of the physical execution plan produced by SAP
HANA's query optimizer [54, 97, 109, 153] for the instantiation
of statement S3 of the JCC-H benchmark (cf. Listing 2.1) with
vector V3 = [FURNITURE, 1993-05-29] and scale factor 10.

3.2 PROBLEM STATEMENT

In this section, we define the workload execution statistics that need
to be collected and formalize the problem of providing workload exe-
cution statistics with high precision, low memory consumption, and
low runtime overhead as input to physical database design advisors.
Throughout this section, we show exemplary the collected workload
execution statistics for statement S3 of the JCC-H benchmark with scale
factor 10 (cf. Listing 2.1), instantiated with vector V3 = [FURNITURE,
1993-05-29]. Figure 3.1 shows the corresponding physical execution
plan produced by SAP HANA's query optimizer [54, 97, 109, 153].

Definition 21 (Workload Execution Statistics for an Index Advisor).
Let |o(R;)| be the output cardinality of a selection 0, (R;) € T(t,Sy, Vy) in
the physical execution plan on a base relation R; € R. Further, let F(p) be
the free attributes contained in the selection predicate p. We define by FStat;g,
the workload execution statistics for an index advisor, which stores a tuple
(lop(Ri)|, F(p)) for each selection o,(R;) € T(t,Sq, V), (t,Sq,Vy) € W
that consists of an index-SARGable predicate p.

Table 3.1 shows the workload execution statistics FStatjgy for an
index advisor collected during the execution of the physical execution
plan in Figure 3.1. We observe collected statistics for two selections.
First, the selection 0, orderdate<1993-05-20(0rders), where o_orderdate
is a free attribute, has an output cardinality of 3,774,696, resulting
in a selectivity of 0.25 as orders contains 15,000,000 tuples. Second,
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7p(Ri)]
op(R;) jop(R)|  HEL - F(p)
Uo_orderdate<1993-05-29(0rders) 3,774,696 025 {o_orderdate}

Uc_mktsegment="FURNITURE’ (Customer) 299,496  0.20 {c_mktsegment)

Table 3.1: Collected workload execution statistics FStat;q, for an index advi-
sor while executing the physical execution plan of Figure 3.1. For
each selection 0y, (R;), the output cardinality |0 (R;)| is stored with
the free attributes on which the predicate p is applied for.

the selection oc_mktsegnent="rurniTure’ (CUstomer) with c_mktsegment as
a free attribute has an output cardinality of 299,496, leading to a
selectivity of 0.20 as customers contains 1,500,000 tuples. The selection
with 1_shipdate as a free attribute is not recorded since it is not
performed on a base relation (cf. Figure 3.1). An index advisor might
propose first an index over c_mktsegment as it is part of the most
selective filter predicate. Moreover, an index over o_orderdate could
be recommended depending on the memory budget.

Definition 22 (Workload Execution Statistics for a Data Compression
Advisor). We define by FStat oy the workload execution statistics for a
data compression advisor as a pair (s, tijx) for each column partition Cyj,
where sjjy. is the number of tuples in Cjj that were sequentially accessed
by workload W (e.g., by a selection 0,(R;) € T(t,54,Vy), (t, 54, V;) €
W, where p contains Ajj), and rij. is the number of tuples in Cjj that
were randomly accessed by workload VW (e.g., by a projection 114, (e) €
T(t,54, V), (t,Sq,Vy4) € W on some expression e).

R; Relation A;; Attribute Py Cijk Sijk Tijk
All 0_0 rderkey Pll Clll 0 1,015,311
Ry orders A1, o_orderdate P11 Cip1 15,000,000 377,432
A1z o_custkey Py Ci3p 0 3,774,696
A4 o_shippriority P;;  Cigq 0 10
R, customer A1 c_custkey Py Comn 0 299,496
Ay c_mktsegment P;1 Cypp 1,500,000 0
Asz1;  1l_orderkey P11 Csp 0 3,045,935
Ry lineitem Az l_discount Py Csm 0 1,074,616
Aszz  l_extendedprice Pj;  Cszp 0 1,074,616
Azy  1_shipdate P11 G 0 3,045,935

Table 3.2: Collected workload execution statistics FStatcomp for a data com-
pression advisor during the execution of the physical execution
plan of Figure 3.1. For each column partition C;j; of unpartitioned
orders, customer, and lineitem tables, the number of tuples that
were sequentially (s;jx) and randomly (r;j) accessed are stored.
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Figure 3.2: Collected workload execution statistics FStaty,¢ for a buffer pool size advisor during
the execution of the physical execution plan of Figure 3.1. For a column partition Cz3;
on attribute 1_extendedprice (A33) of an unpartitioned lineitem (Rj3) table, the y-
axis shows the access frequency f(page) to each page (x-axis), where in (a) page €

1, NUMPAGES%k] belongs to the dictionary D33 and in (b) page € [1, NUMPAGESfjk] belongs

to the dictionary-compressed column partition C55;.

Table 3.2 shows the collected workload execution statistics FStatcomp
for a data compression advisor during the execution of the physical
execution plan of Figure 3.1. In this example, the tables of orders (Ry),
customer (R3), and lineitem (R3) are unpartitioned. We observe that
column partition Cy; that belongs to attribute c_mktsegment (Az2)
exposes only sequential but no random accesses. As a result, a data
compression advisor might suggest compression because no perfor-
mance slow down is expected. A data compression advisor might also
propose compression on column partition Cy4; that belongs to attribute
o_shippriority (A14) because only 10 tuples are randomly accessed.
For this column partition, the data compression advisor needs to con-
sider the trade-off between the gain in reducing the memory footprint
due to compression and the potential loss of performance due to the
10 random accesses.

Definition 23 (Workload Execution Statistics for a Buffer Pool Size
Advisor). We define by FStaty,s the workload execution statistics for a buffer
pool size advisor that stores the access frequency f(page) by workload VW
for each page, where page € [1,NUMPAGESZ.k] is defined for an uncompressed

column partition Cl.”jk, page € [1,NUMPAGESZk] for a dictionary, and page €
[1,NUMPAGESl?jk] for a dictionary-compressed column partition.

Figure 3.2 shows the access frequency f(page) (y-axis) to each page
(x-axis) of the column partition Cs3; that belongs to attribute 1_exten-
dedprice (Aszz) of an unpartitioned lineitem (R3) table with dictionary
compression. In Figure 3.2a, we illustrate the access frequency to
each page of the dictionary D331 (40 pages), while in Figure 3.2b, we
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Figure 3.3: Collected workload execution statistics FStatpart for a table par-
titioning advisor during the execution of the physical execution
plan of Figure 3.1. The y-axis shows the access frequency f(v12)
to each value vy, of o_orderdate (Ayy) (x-axis).

show the access frequency to each page of the dictionary-compressed
column partition C54; (600 pages). We observe that only ~75% of the
pages of the dictionary-compressed column partition are accessed. A
buffer pool size advisor would identify the number of pages with an
access frequency above a certain threshold to set the buffer pool size
in a way that only the hot-classified pages fit in DRAM.

Definition 24 (Workload Execution Statistics for a Table Partitioning
Advisor). We define by FStatp, the workload execution statistics for a
table partitioning advisor that stores for each attribute domain value v;j, €
dom(A;;) the access frequency f(vi;,) by workload VW, where f(v;j,) is the
sum of sequential accesses to A;; by statement instantiations (t, Sq, Vy) € W,
such that IR;[gid;].A;j = vjj, that is part of the matching tuples (e.g., by
a selection 0,(R;) € T(t,S4,Vy),(t,Sq,Vy) € W where p references Ajj
and v;j, satisfy p), and random accesses to A;j by statement instantiations
(t,Sq, Vq) € W, where R;[gid;].Aij = vyjy (e.g., by a projection I1,(e) €
T(t,54, V), (t,Sq, V) € W on some expression e).

We record only sequential accesses to tuples that match the selection
predicate because we assume that a range partition generated for a
value v;j, is pruned, i.e., not accessed, if the value does not satisfy the
selection predicate (cf. Section 2.2.4).

Figure 3.3 shows for each value of the active domain of o_orderdate
(A12) (x-axis) the corresponding access frequency (y-axis) after exe-
cution of the physical execution plan of Figure 3.1. A table partition-
ing advisor might propose a hot range partition for tuples with an
o_orderdate between 1993-01-29 and 1993-05-28 since only those val-
ues are accessed frequently. In contrast, tuples with an o_orderdate
larger than 1993-05-28 are not accessed. As a result, a table partition-
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ing advisor might propose a cold table partition for tuples with an
o_orderdate larger than 1993-05-28 as this range partition will be
pruned by the selection 0, orgerdate<1993-05-20(0rders) (cf. Figure 3.1).

Based on our definitions of workload execution statistics for an index
advisor, a data compression advisor, a buffer pool size advisor, and a
table partitioning advisor, we now state the problem of providing an
approximation of workload execution statistics with high precision,
low memory consumption, and low runtime overhead.

Problem 1. The problem we consider is to provide an approximation of
workload execution statistics FStatiz,, FStatcomp, FStatyyy, and FStatygy,
which are precise (i.e., the statistics should be as accurate as possible), compact
(i.e., the memory footprint compared to the storage size should be as small
as possible), and fast (i.e., the runtime overhead during workload execution
should be as low as possible).

3.3 DATA ACCESS COUNTERS

In this section, we present data structures for collecting precise, com-
pact, and fast workload execution statistics. We begin by describing
the data structure for an index advisor (cf. Section 3.3.1), followed
by data structures for a data compression advisor (cf. Section 3.3.2),
a buffer pool size advisor (cf. Section 3.3.3), and a table partitioning
advisor (cf. Section 3.3.4).

3.3.1  Use Case 1: Index Advisor

The most popular approach of providing workload execution statis-
tics FStat;4x for an index advisor is to gather the instantiations of
SQL statements and feed them into the optimizer’s what-if API to
evaluate how the workload execution time would change if the index
configuration is adopted [4, 141]. This is an offline approach because
the optimizer’s what-if API is called with a representative sample of
the workload on a separate node. It fails to provide accurate statistics
as it relies on precise cardinality estimates.

To address these limitations, we track the actual output cardinalities
of all selections 0,,(R;) € T(t,Sy, V), (t,S4,V;) € W contained in the
workload )V at execution time. Since tracking the exact output cardi-
nalities |0, (R;)| of all selections would consume too much memory,
we introduce a threshold parameter ¢;;, € (0,1] to capture only se-
lections with an output cardinality less than ¢;;, - |R;|. The reason is
that only selective predicates benefit from indexes [88]. To reduce the
memory overhead further, we group the actual output cardinalities
into intervals and only count the number of selections per interval:

(07,61, b € Rup,0 < 7 < [logy(¢iax - |R:])].
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The estimated output cardinality for selections that are recorded
to the interval [b",b"1!) is Vb - b1, Obviously, the maximum error
between the actual and recorded output cardinality is v/b for arbitrary
complex predicates. In our experiments in Section 3.4, we set the
interval base parameter b to 2, such that the actual and recorded
output cardinalities differ at most by a factor of /2.

Since an index advisor may recommend multi-column indexes, we
would need one set of intervals per combination of free attributes per
relation R; with m; attributes, i.e., in total, 2" — 1 (= |P(A(R;)) \ {}|)
set of intervals. Accordingly, the memory consumption of our ap-
proach using 32-bit counters for a relation R; with m; attributes would
be ([logp(¢iax - |Ri|)] +1) - (2™ — 1) - 4 Bytes, which may not fulfill
the requirement on compactness for relations with many attributes. As
a result, to meet the memory requirements, we propose lazy counters,
only created if (i) the corresponding combination of free attributes
actually occurred in selection predicates, and (ii) the selectivity of
this attribute combination is below ¢;;,. We argue that this number of
attribute combinations is significantly smaller than the number of all
attribute combinations. For example, creating counters with b = 2 for
all attribute combinations of lineitem of the TPC-H benchmark [159]
with 16 attributes and 60,000,000 tuples (scale factor 10) would require
0.32% of the storage size of lineitem in SAP HANA (1.90 GB). In con-
trast, our lazy counters constitute only 0.02% of the storage size. The
reasons are twofold. First, in the set of 22 SQL statements of TPC-H,
selection predicates contain only a limited number of free attributes.
Second, some attributes are never referenced in a selection predicate.
Accordingly, there exists a large number of attribute combinations
where no counters are created.

Apart from a low memory consumption due to the lazy counters
and a high precision as the actual and recorded output cardinality
differ at most by a factor of v/b for arbitrary complex predicates,
Section 3.4 demonstrates that our approach also has a low runtime
overhead. We summarize the presented data structure in the following:

Access Counter 1 (Index Advisor).

PHYSICAL ACCESSES: We consider each selection 0,(R;) € T(t,S4,V;),
(t,Sq,Vy) € W consisting of an index-SARGable predicate p, and its
actual output cardinality |, (R;)|, collected during execution.

LAZY COUNTERS: Forabaseb € Rand aset of attributes A;s € P(A(R;)),
we create and maintain integer counters ngg, ey Xllfrx, Xzz‘.gfclogh(cp'd IRi])]
if there exists a selection 0, (R;) € T(t,Sq,Vy), (t,Sq, Vy) € W such

that A;s C F(p) and |0p(R;)| < digx - |Ry].

INTERVAL COUNTING: A counter X! is incremented by 1 for a selection
0p(R;) € T(t,54,Vy), (1,54, Vy) € Wif |0p(R;)| > 0 and r =
[logy(|op(Ri)|)] and | (R;)| < @iax - |Ri|. For |op(R;)| = 0, the

counter X% is incremented by 1.
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Figure 3.4: Illustration of how Access Counter 1 collects workload execution statistics FStat;qy for
an index advisor with high precision, low memory consumption, and low runtime
overhead. For each set of attributes A;; € P(A(R;)), a set of lazy counters is maintained.

Figure 3.4 shows how Access Counter 1 with base b = 2 col-
lects workload execution statistics FStat;y, for an index advisor for
five selections on orders (R;) with scale factor 10 (15,000,000 tu-
ples). We show the access counters for selection predicates contain-
ing attribute o_orderdate (left), and selection predicates contain-
ing o_orderdate and o_shippriority (right). The first selection on
o_orderdate matches 14,673,977 tuples. As 14,673,977 is larger than
Piax - |R1| for ¢igy = 0.1 no counter is updated. The counter Xi43,
is updated twice, by the second ([log»(1,142,442)] = 21) and the
third selection ([log»(1,142,946)] = 21). The fourth selection up-
dates the counter Xi‘é’é for the attribute set A1, of o_orderdate and
o_shippriority as 298 tuples match, and both attributes are refer-
enced in the predicate.

We also emphasize that the index advisor will evaluate the or-
dering of attributes for multi-column indexes. For example, let us
assume that our lazy counters only tracked output cardinalities over
A11 = {o_orderdate} and A1, = {o_orderdate, o_shippriortiy},
as illustrated in Figure 3.4. An index advisor then may recommend
only an index II;; over A1, with the attribute ordering o_orderdate,
o_shippriortiy. The reason is that this index can also be used for
selections that reference only o_orderdate as it is ranked first in the
ordering of the attributes. In contrast, creating an index I, over A
with the attribute ordering o_shippriortiy, o_orderdate could not
be used for selections that reference only o_orderdate. In this case, an
additional index II1; over Aq; should be created.

Finally, Access Counter 1 can be extended to collect the output car-
dinality of a join e < Any=Aj R;, where e is an arbitrary expression (e.g.,
a selection ¢, (R;7)). The reason is that an index over attribute A;; may
improve the performance if the output cardinality of the expression e
is small. Traversing the index over A;; is then faster than building a
hash table over Aj;;.
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3.3.2 Use Case 2: Data Compression Advisor

Existing approaches that collect workload execution statistics FStatcomp
for a data compression advisor do not consider the type of access (i.e.,
sequential vs. random access). This is crucial as compression adds
one more level of indirection and thus random accesses (e.g., by tuple
materialization) may degrade performance. To address this short-
coming, we propose to count both the number of tuples accessed
sequentially and randomly by the workload. Maintaining just two
counters per column partition fulfills the space efficiency requirement.
In Section 3.4, we show that our approach also achieves a low runtime
overhead. We also emphasize that in addition to workload execution
statistics FS tatcomp, data characteristics (e.g., number of distinct values,
value distribution, or whether data are sorted) are needed to propose
an optimal compression technique (cf. Section 2.2.2). However, modern
database management systems provide this information with high
accuracy already [40]. Therefore, workload execution statistics are suf-
ticient to propose if and how a column partition should be compressed.
We summarize the presented access counter in the following;:

Access Counter 2 (Data Compression Advisor).

PHYSICAL ACCESSES: We consider the physical data accesses during exe-
cution of workload WV .

ACCESS TYPE: For each column partition Cijx, we create and maintain an
. seq . .
integer counter X, which tracks the number of tuples sequentially

accessed in Cyjx, and an integer counter Xf].””d, which tracks the number
of tuples randomly accessed in Cjjy.

Figure 3.5 shows how Access Counter 2 collects workload execution
statistics FStatcomp for a data compression advisor while execution of
the physical execution plan of Figure 3.1. In this example, the tables
of orders (Rj), customer (Rz), and lineitem (R3) are unpartitioned.
For each accessed column partition C;j, we show the value of the
access counters Xf;j and Xf]?}(”d after executing the physical execution
plan with SAP HANA. Data accesses by an operator in the physical
execution plan (bottom) and updating the corresponding access coun-
ters Xf;? and Xf]?}(”d (top) are highlighted using a unique color and
number @ to identify the operator in the physical execution plan that
making the accesses. For example, the selection ¢, orderdate<1993-05-29
makes 15,000,000 sequential tuple accesses to the column partition
that belongs to o_orderdate. The sorting operator after grouping on
o_orderkey makes only 377,432 random accesses for materializing
tuples of o_orderdate but 1,074,616 random accesses for materializ-
ing tuples of 1_discount and 1_extendedprice. The reason is that an
order in JCC-H typically comprises 3 items. Note that in contrast to
TPC-H, where an order generally comprises 4 items, in JCC-H, there
are 5 special orders, where each comprises 3 million items.
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o_custkey Ci12 0| ® 3,774,696
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o_shippriority Ci14 01O 10
c_custkey Con 0| ® 299,496
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l_discount Cs12 0| @
1_extendedprice Cs13 0| @
1_shipdate Cs14 0| ©® 3,045,935
@ Ho orderkey, revenue, o_orderdate, o_shippriority
10
@
@ 1qo,orderkey
1,074,616
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Figure 3.5: Illustration of how Access Counter 2 collects workload execution
statistics FStatcomp for a data compression advisor with high pre-
cision, low memory consumption, and low runtime overhead. For
each column partition C;j, the number of tuples that were sequen-
tially Xf]f and randomly Xl-r]-”;{”d accessed are stored. Data accesses
by an operator in the physical execution plan and updating the
corresponding access counters Xff,f and Xl.r].‘}c”d are highlighted
using a unique color and number @ to identify the operator in
the physical execution plan that caused that access.
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3.3.3 Use Case 3: Buffer Pool Size Advisor

To collect workload execution statistics FStaty,s for a buffer pool
size advisor, existing approaches use an integer counter per disk
page [56, 76]. This approach provides precise access frequencies of
pages but may not fulfill the requirement on the runtime overhead.
For example, for an uncompressed column partition Cyjy,, in the worst
case, NUMPAGES ;, -many counters need to be incremented during a full-
column scan, i.e., the counters of all disk pages of Cliy. are updated
(cf. Section 2.1.3). Instead of updating the counters of all accessed
disk pages individually, we propose to update only the respective
start and end page counters. More specifically, if a physical execution
plan accesses the pages [u, w], where u,w € [1, NUMPAGES?jk], the cor-
responding counter to page u is incremented, while the counter of
page w + 1 is decremented. This enables counter updates in constant
time. Since page w is the last accessed page, we decrement the counter
of the following page. Thus, in total NUMPAGES;; + 1 counters for an
uncompressed column partition are needed. After collecting the work-
load execution statistics, the final page access frequencies are derived
by calculating the prefix sum of the counters up to the target page.

Furthermore, we argue that the statistics are updated considerably
more frequently than they are read (e.g., after a sampling phase) and
that we meet the runtime overhead requirements. In addition, the
memory overhead is low because only a single 64-bit signed atomic
integer counter per page is stored. The counters are signed as their
value may become negative. Since SAP HANA supports page sizes be-
tween 4 KB and 16 MB (cf. Section 2.3.3), the memory overhead varies
between 0.2% (64 bit/4 KB) and 0.00005% (64 bit/16 MB). Moreover,
we achieve high precision as we track all physical page accesses. We
present the data structure below:

Access Counter 3 (Buffer Pool Size Advisor).

PHYSICAL ACCESSES: We consider the physical data accesses during exe-
cution of workload WV.

START/END BLOCK COUNTING: We create and maintain integer coun-

buf buf s i
ters X1, ..., XNUMPAGEs;;k 41 for each uncompressed column partition Ci].k,
b b .. b
Xluf X for each dictionary Djj, and Xluf PR

T T NUMPAGES T +1

Xbuf

NUMPAGESfjk
accesses to disk pages in the range [u, w], where u, w € [1, NUMPAGES}; ],

u,w e [1,NUMPAGES§ijk], or u,w € [1,NUMPAGES(; |, counter x5 s
buf

w1 18 decremented by 1.

1 for each compressed column partition Cijy- For physical

incremented by 1, and counter X

ACCESS FREQUENCY: The access frequency f(page) for a page is defined

as f(page) = Y9 X2 where page € [1, NUMPAGES Y, ] for Ciy,

page € [1,NUMPAGES§?jk]for Dijk, or page € [1,NUMPAGES(;] for Cj.
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Figure 3.6: Illustration of how Access Counter 3 collects workload execu-
tion statistics FStaty,,¢ for a buffer pool size advisor with high

precision, low memory consumption, and low runtime overhead.
For each page € [1, NUMPAGESZL.;k] an integer counter ngge is main-
tained. The counter is incremented or decremented by 1 depend-
ing on the accesses by the workload W.

Figure 3.6 shows how Access Counter 3 collects workload execu-
tion statistics FStatp,s for a buffer pool size advisor for a selection
and a projection on o_orderdate. In this example, orders (R;) is un-
partitioned. For each page € [1,NUMPAGESZ.k] of the uncompressed
column partition Cf,; that belongs to attribute o_orderdate (A1), we

maintain one counter Xg;’ge. The projection Hoforderdate(e), after some
expression e, increments the counter of the accessed page by 1 and
decrements the counter of the following page by 1. In contrast, the
selection 0, orderdates'1992-01-01° (0rders) is a full-column scan but up-

dates only the first counter by +1 and the last counter by —1. Note that
buf
NUMPAGES;;-

We compute the prefix sum of the counters up to the target page to
obtain the access frequencies of individual pages. For example, the

for accesses to the last page, the counter X 1 is decremented.

second page has an access frequency of 2 (= Xi’”f + Xg”f ).

3.3.4 Use Case 4: Table Partitioning Advisor

A naive approach of tracking the access frequencies of values in the
active attribute domain is to group values into value ranges and to
increment a value range counter by one whenever a value or sub-range
of the value range is accessed. With the counter representing the access
frequency of each value in the range, frequencies are overestimated
substantially. Instead, we propose to increase the value range counter
by one when only a single value of the range was accessed (e.g.,
during tuple materialization) and increase the value range counter
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by the number of values in the range (i.e., the block size) when all
values of the range were accessed (e.g., during a full-column scan).
The access frequency of a value is then obtained by dividing the value
range counter by the block size. The calculated access frequencies are
nevertheless prone to skewed access patterns. More specifically, access
frequencies of heavy hitters are underestimated, whereas frequencies
of rarely accessed values (i.e., the long tail) are overestimated.

To improve precision in such situations, we propose employing the
space-saving algorithm and its stream-summary data structure [110]
to monitor the top-h most frequently accessed values of an attribute.
The stream-summary data structure creates and monitors / counters
for h values. If a value inserted into the stream-summary is already
monitored, the corresponding counter is incremented by 1. Otherwise,
the value with the lowest counter is replaced by the inserted value.
The counter of the replaced value is incremented by 1 and is then
used for the inserted value. Accordingly, values that correspond to the
counters with one of the lowest counts in the stream-summary tend
to be overestimated as their counters have likely been incremented
by many different values during the workload. In contrast, values
that correspond to the counters with one of the highest counts in the
stream-summary tend to be accurate (or only slightly overestimated)
as these values have likely been monitored by the same counter during
the entire workload. As a consequence, we need to identify which
values monitored in the stream-summary are true heavy hitters. To
do this, we consider the counter of the value range where the value
belongs. Since we assume that the estimated frequency of a heavy hit-
ter can only be slightly overestimated, we conclude that the estimated
frequency of a heavy hitter by the stream-summary is only slightly
higher than its corresponding value range counter. Therefore, we intro-
duce a tolerance parameter ¢,,+ € R>1, such that the estimated access
frequency of the stream-summary is only considered if its estimate is
at most ¢p,r¢-times larger than its corresponding value range counter.

Access frequencies are computed with a different approach depend-
ing on whether they are heavy hitters or not. We start calculating
the access frequency of a value by checking the stream-summary if
the corresponding value range contains heavy hitters. If this is the
case, we subtract their accumulated access count from the value range
counter. As heavy hitters can be slightly overestimated, we ensure non-
negative values after subtraction. Then, the estimated access frequency
of values from the long tail is given by the remaining non-negative
block count divided by the number of values from the long tail in the
value range. The estimated access frequency of heavy hitters is simply
taken from the stream-summary.

Our approach can be tuned to fulfill the space requirement by config-
uring the block size and the number of heavy hitter candidates tracked
by the stream-summary. We show in Section 3.4 that our approach
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also achieves high precision while having a low runtime overhead.
The presented data structure is summarized in the following:

Access Counter 4 (Table Partitioning Advisor).

BLOCK COUNTING: For each attribute A;;, we create counters de]%’”, een,
d d
Xl]%m, ¢ ‘Z’[Z 4y /bs))’ where the block size b;; is the number of values
grouped into a block.

STREAM-SUMMARY: For each attribute Al-]-, we create a stream-summary
data structure SSZ- such that dom(SSZ) is the domain of the mon-
itored top-h most frequently accessed values. For a value v;;, €
dom(A;;), the estimated access frequency is given by SS! i(viy) if
ijy € dom(SSZ), otherwise 0.

PHYSICAL ACCESSES: We consider the physical data accesses during ex-
ecution of workload V. For a sequential access to Ajj, Xz%m is incre-
mented by the number of values that fall into the given block and have
at least one matching tuple. The values are also inserted into S Sh For

a random access R;[gid;].A;; = vy, the block counter Xd"(’y”/b 1 is
]
incremented by 1, and the value is inserted into SSZ..

ACCESS FREQUENCY: The estimated access frequency f(vijy) of an at-
tribute domain value v;;, € dom(A;;) is calculated as follows:

SSZ’(Uz‘jy) if isHH (v;jy)
f(vijy) =4 | max (0 X Ly/b,]J numHHAcc) '
otherwise,
(bij — numHH)
where
1 ifvj, € dom(SSZ-)
iSHH(TJijy) = A SSZ(Ui]'y) < Ppart - X;-ijof;q/bijJ
0 otherwise
[y/bij)
numHH = Z v ;/bUJ isHH (vyj,)
/bij]-bi
numHHAcc = ZW Lj/szj isHH (vjj,) - SSZ‘(Uijy’)-

Figure 3.7 shows how Access Counter 4 collects workload exe-
cution statistics FStatpat for a table partitioning advisor during a
selection and a join. We illustrate the block counters and the stream
summary data structure for attribute o_orderkey (Aj1). The selec-
tion 0, orderkey>30(0rders) increments counter Xfﬂ“ by 1 since only
value 32 satisfies the predicate, while all following counters are incre-
mented by the block size by; = 4. The join D<y_orderkey=1_orderkey(€) after
some expression e increments counter X4 by 1 and counter X7
by 4 because in total four tuples with value 35 were accessed. Besides,

all accesses are inserted into the stream-summary SS%, with h = 2.
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Workload W
: Uo,orderkey>30(0rder5) XXXXXXXX) XXx)
°
[><]0,0rderkey=l,orderkey(€) 4 s
Attribute Domain Values of o_orderkey (A11)
: =
o1y € dom(A1) —eunoonSRHRSHEDT 8¢
Access Counter 4
Access Counters Xfﬂ” ’ 0 | 2 | 8 ‘ 4 | 4
E 5 f(ony) = 4 [« flvny) = 6
i Stream-Summary Data Structure 557,
: Ully =6 Ully =35
Estimated Access Frequency f(vlly) ’ 0 | 1 | 1 |6|1| 1 | I 1 ‘

Figure 3.7: Illustration of how Access Counter 4 collects workload execution statistics FStatpart
for o_orderkey (Aj1). A set of block counters tracks accesses to value ranges and a
stream-summary monitors the top-k most frequently accessed values.

To compute the access frequencies, both the block counter and the
stream-summary data structure are considered. For example, the value
35 is stored in S5, as a heavy hitter because 6 is not larger than ¢, -
Xﬁ’é” with ¢parr = 1.2. Therefore, the counter Xfi’é” is decremented by 6,
which results in an estimated access frequency of 1 for the values from
the long tail, i.e., 33, 34, and 36. In contrast, value 6 is not classified as
a heavy hitter because the estimated access frequency 4 is more than
¢part-times larger than X{lﬂ” with ¢par = 1.2.

3.4 EXPERIMENTAL EVALUATION

The evaluation of the presented access counters on their precision,
space efficiency, and runtime overhead is the final contribution of
this chapter. We implemented our access counters prototypically into
SAP HANA (cf. Section 2.3). The experimental setup is discussed in
Section 3.4.1. We then evaluate the access counter for an index advisor
(cf. Section 3.4.2), a data compression advisor (cf. Section 3.4.3), a
buffer pool size advisor (cf. Section 3.4.4), and a table partitioning
advisor (cf. Section 3.4.5), using real-world and synthetic benchmarks.



3.4 EXPERIMENTAL EVALUATION 47

Sq 12345678 91011121314151617 1819 2021 22 23 24 25 26 27 28 29 30 31 32 33

TPC-H 8 1111514169 5811511107 124 8 8109 9 9
JCCH 11157 14199 912 - 71410128 9 - 91410 - - 11
JOB 56 447114553629 46111216177 4 9 55 57 3 85 35710

Table 3.3: Illustration of the number of occurrences of each SQL statement S; in each of the three
considered workloads, i.e., TPC-H, JCC-H, and Join Order Benchmark.

3.4.1 Experimental Setup

Our test system is equipped with an Intel Xeon E7-8870 v4 CPU
(4 sockets) and 1 TB DRAM. Secondary storage is provided by a RAID
controller of 8 disks of type HGST HUC101812CS5204 HDD with 10k
rpm and a SAS 12 Gbit/s interface.

The first workload is the synthetic TPC-H benchmark [159] with
scale factor 10, consisting of 22 templated SQL statements. To create
a challenging environment for our access counters, we consider as a
second workload the JCC-H benchmark [22] (scale factor 10), which ex-
tends TPC-H with data and parameter skew. Special shopping events
like Black Friday are reflected by spikes in o_orderdate. In order to
cover the experiments in an acceptable time, we excluded SQL state-
ments Sy, S16, S20, and Sy; for JCC-H as parameter combinations led to
execution times larger than five minutes due to the data and parameter
skew. Our third workload is the Join Order Benchmark (JOB) [98]. JOB
consists of 33 different SQL statement templates (113 different SQL
statements in total) and uses real-world data from IMDb with data
skew and correlations that aggravate estimation errors.

For the evaluation, we randomly generated a workload of 200 state-
ment instantiations for each benchmark. Table 3.3 shows how often
each templated SQL statement occurs in each workload. For example,
SQL statement Ss3 of the JCC-H benchmark is executed seven times
with seven different parameter combinations.

3.4.2 Use Case 1: Index Advisor

We start by evaluating Access Counter 1 for collecting workload execu-
tion statistics FStat;qx for an index advisor. Since we group actual out-
put cardinalities into intervals [b",b"*!) and count only the number of
selections per interval, we calculate the precision ¢;q of our approach
by dividing the estimated output cardinality \(JR\Z-H = Vb b+l by
the actual output cardinality |0, (R;)|:

Piax = |0y (RD)| /|0 (Ry)].

We set the interval base parameter b to 2, such that the actual and
estimated output cardinalities differ at most by a factor of /2.
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Figure 3.8: Precision ¢j4y, i.e., the ratio of estimated and actual output cardinalities of selections on
base relations, for collecting workload execution statistics FStat;gy for an index advisor
using our Access Counter 1 with interval base parameter b = 2.

Figure 3.8 shows the precision ¢;qx for six sets of attributes A;; C
F(p),Yo,(R;) € T(t,S5, V), (t,55,V;) € W, executing the TPC-H,
JCC-H, and Join Order Benchmark. Overestimation is shown on the
top, underestimation at the bottom. Each boxplot shows the 0.00,
0.25, 0.50, 0.75, and 1.00 percentiles. Although the precision ¢;4x is
at most v/2 in accordance with our choice of b = 2, we observe that
estimated output cardinalities for selections in TPC-H are underes-
timated, e.g., selections with 1_quantity and 1_receiptdate as an
attribute referenced in the predicate. However, this is not a conceptual
problem. In those cases, the root cause for underestimation is that
assigned parameter values to host variables that reference 1_quantity
or 1_receiptdate do not differ substantially. As a result, the collected
output cardinalities for those selections are very similar. For example,
the host variable that references 1_quantity in SQL statement Sg is ei-
ther assigned with 24 or 25, according to the TPC-H specification [159],
whereas selections with 1_quantity referenced in statements Sy7, Sig,
S19, and Sy are not executed on base relations. Similar behavior is
observable for 1_receiptdate. In statement S, two host variables
reference 1_receiptdate. The first host variable is either assigned with
1992-01-01, 1993-01-01, 1994-01-01, 1995-01-01, 1996-01-01, or 1997-01-
01, while the second host variable is assigned with a date that is one
year later than the date of the first host variable. As data in lineitem
in TPC-H are not heavily skewed, the output cardinality for all those
selections is very similar in each case as precisely one year is selected.
Selections with 1_quantity referenced in SQL statements S4 and Sy;
are not executed on base relations, e.g., as a post-filter in Sp;.

Table 3.4 shows the results with respect to precision, space efficiency,
and runtime overhead of precise counting (i.e., one counter per output
cardinality) and our Access Counter 1 (i.e., lazy counters and interval
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Precise Counting Our Access Counter 1
Workload TPC-H JCC-H JOB TPC-H JCC-H JOB
Precision ¢y 1.0 1.0 1.0 <V2 <V2 <2

Memory Overhead 10.6%  10.6% 84% <01% <01% <0.1%
Runtime Overhead 1.4% 15% 1.6% 1.7% 2.6% 3.1%

Table 3.4: Precision, space efficiency, and runtime overhead for collecting
workload execution statistics FStat;q, for an index advisor using
either our Access Counter 1 with interval base parameter b = 2 or
precise counting (i.e., one counter per output cardinality).

counting). Precise counting trades off precision for memory overhead.

Indeed, its memory overhead varies between 8.4% and 10.6%, which
is substantial. Our approach instead still attains reasonably accurate
estimates, differing at most by a factor of v/2. The memory overhead
is also negligible due to lazy counting combined with intervals. Both
approaches yield a low runtime overhead since only the actual output
cardinalities of selections are tracked. We conclude that our access
counters are precise, compact, and fast.

3.4.3 Use Case 2: Data Compression Advisor

We now evaluate our Access Counter 2 to collect workload execution
statistics FStatcomp for a data compression advisor. Table 3.5 shows the

results, indicating precision, space efficiency, and runtime overhead.

Our approach is 100% precise because the exact number of tuples
accessed sequentially and randomly by the workload is counted for
each column partition. Maintaining just two 64-bit integer counters
per column partition is also space-efficient. For example, for the Join
Order Benchmark with 108 attributes in 21 relations and without
table partitioning, the total memory consumption is only 1.73 KB
(= 108 - 16 Bytes). This represents a mere 0.00008% of the storage
size in SAP HANA (2.28 GB). As the runtime overhead is also low
(between 4.7% and 9.1%), we conclude that our access counters for a
data compression advisor are precise, compact, and fast.

Workload TPC-H JCC-H JOB

Precision 100% precise
Memory Overhead < 0.1% <0.1% <0.1%
Runtime Overhead 4.7% 8.3% 9.1%

Table 3.5: Precision, space efficiency, and runtime overhead on workload
execution statistics FStatcomp for a data compression advisor using
our Access Counter 2.
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Naive Page Access Counters Our Access Counter 3
Workload TPC-H JCC-H JOB TPC-H JCC-H JOB

Precision 100% precise 100% precise
Memory Overhead < 0.2% <02% <02% <02% <02% <02%
Runtime Overhead  8.3%  13.1%  21.8% 5.2% 9.2%  13.5%

Table 3.6: Precision, space efficiency, and runtime overhead for collecting
workload execution statistics FStaty,,s for a buffer pool size advisor
using either our Access Counter 3 or naive page access counters
(i.e., updating the frequencies of all touched pages).

3.4.4 Use Case 3: Buffer Pool Size Advisor

In the third experiment, we evaluate our Access Counter 3 for col-
lecting workload execution statistics FStaty,s for a buffer pool size
advisor. Table 3.6 shows the results with respect to the precision, space
efficiency, and runtime overhead of naive page counters (i.e., updating
the frequencies of all touched pages) and our approach (i.e., updating
only the frequencies of start and end pages). Both approaches are
precise because all physical accesses to every page is tracked. We
use one signed 64-bit integer counter per disk page as counters may
become negative. As a result, the memory overhead is at most 0.2%,
given the smallest page size of 4 KB in SAP HANA (cf. Section 2.3.3).
The runtime overhead of naive page counters varies between 8.3%
and 21.8%. Our approach has a runtime overhead between 5.2% and
13.5%. This is because multi-page accesses require a constant number
of updates to the counters, regardless of the number of pages they
span. We conclude that our access counters for a buffer pool size
advisor are precise, compact, and fast.

3.4.5 Use Case 4: Table Partitioning Advisor

Finally, we evaluate our Access Counter 4 for collecting workload
execution statistics FStatpat for a table partitioning advisor. To fulfill
the space efficiency requirement, we limit the memory footprint of
our access counters to 1% compared to the storage size. For example,
for o_orderdate (23 MB, 2406 distinct values), we create one counter
per domain value, while for o_orderkey (105 MB, 15,000,000 distinct
values), domain values are grouped into ranges of 115 values each.
We also maintain a stream-summary data structure for attributes with
a block size larger than one to track the top-100 most frequently
accessed values. Finally, we set ¢pq;r = 1.2, i.e., a value is classified as
a heavy hitter if its access frequency estimated by the stream-summary
data structure is at most 1.2x larger than its value range counter.
We experimentally determined ¢,,+ = 1.2 to be a good choice. In
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Figure 3.9: Precision for collecting workload execution statistics FStatpart for a table partitioning
advisor using either our Access Counter 4 (with and without the stream-summary data
structure) or naive block-level access counters (i.e., the block counter is incremented by
one whenever a value or sub-range of the block is accessed), executing JCC-H.

~

order to evaluate the quality of the estimated access frequency f(v;j,)
obtained by our access counter for a value v;;, € dom(A;j), we define
a precision metric @part:

~

Ppart = f(vijy)/f(vijy)'

In the JCC-H benchmark, 29 of 61 attributes yield a block size larger
than one, i.e., they cannot grant 100% precision within a memory
budget of 1% of the storage size of a column partition. Figure 3.9
shows the precision @part of six representative attributes with a block
size larger than one for our Access Counter 4 (with and without the
stream-summary data structure) and naive block-level access counters,
executing the JCC-H benchmark. Overestimation is shown at the top,
underestimation at the bottom. The boxplot displays the 0.0001, 0.25,
0.50, 0.75, and 0.9999 percentiles. Outliers are highlighted as dots
above or below the boxplot.

Figure 3.9a shows the precision of naive block-level counters, i.e., the
block counter is incremented by one whenever a value or sub-range of
the block is accessed. The results confirm our claims in Section 3.3.4,
stating that access frequencies are overestimated substantially.

Figure 3.9b shows the precision of our approach counting the num-
ber of actually accessed block values, while the access frequency of
a value is obtained by dividing the total number of accessed values
by the block size. We observe that our approach improves precision
by several orders of magnitude. In addition, most of the estimates are
bounded by a factor of 2. However, heavy hitters are underestimated
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Figure 3.10: Precision for collecting workload execution statistics FStatpat for a table partitioning
advisor using either our Access Counter 4 (with and without the stream-summary data
structure) or naive block-level access counters, executing the Join Order Benchmark.

for all six attributes, and rarely accessed values are overestimated
(shown on the top and bottom of Figure 3.9b).

Figure 3.9c shows the precision obtained by adding the stream-sum-
mary data structure to identify heavy hitters. In order to highlight
the benefit of the stream-summary data structure, we mark the over-
and underestimated values in Figure 3.9b that are correctly estimated
in Figure 3.9c in red. For example, the heavy hitters of 1_orderkey
(shown in red at the bottom in Figure 3.9b) are estimated precisely
in Figure 3.9c. Accordingly, rarely accessed values of the correspond-
ing block are overestimated without the stream-summary (shown
at the top of Figure 3.9b) but estimated precisely with the stream-
summary. We observe similar results for o_custkey, 1_partkey, and
1_extendedprice.

The TPC-H benchmark’s precision is very similar to the JCC-H
benchmark without the heavy hitters of Figure 3.9.

In the Join Order Benchmark, 47 of 108 attributes yield a block size
larger than one. Figure 3.10 shows the precision Ppart for six repre-
sentative attributes. We again observe that naive block-level counters
overestimate access frequencies substantially (cf. Figure 3.10a), while
our approach improves the precision by 1-2 orders of magnitude (cf.
Figure 3.10b). However, we do not observe substantial improvement
by adding the stream-summary data structure like for the JCC-H
benchmark (cf. Figure 3.10c). The reason is that the JCC-H benchmark
exhibits heavy hitters by design, while the Join Order Benchmark
exposes limited data and parameter skew. Nevertheless, we argue that
our approach improves precision by orders of magnitudes compared
to naive block-level access counters.
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Block-Level Counters &

Value-Level Access Counter 4 Access Counter 4
Access Counters (without SSZ.) (with SSZ.)
Workload TPC-H JCC-H JOB TPC-H JCC-H JOB TPC-H JCC-H JOB

Memory Overhead 10.80% 10.82% 20.53% <1% <1% <1% <1% <1% <1%
Runtime Overhead 39% 14.7% 15.6% 21% 97% 9.6% 13.8% 22.7% 23.6%

Table 3.7: Space efficiency and runtime overhead for collecting workload execution statis-
tics FStatpart for a table partitioning advisor using either Access Counter 4 (with and
without the stream summary data structure), naive block-level access counters, or value-
level access counter (i.e., one counter per value), executing TPC-H, JCC-H, and JOB.

Table 3.7 shows the space efficiency and runtime overhead of value-
level access counters (i.e., one counter per value), naive block-level ac-
cess counters, and our Access Counter 4, with and without the stream
summary data structure. While value-level data access counters are
precise, they have high memory and runtime overheads. By contrast,
naive block-level access counters and our approach (without adding
the stream-summary data structure) use a fixed memory budget of 1%
and achieve low runtime overhead. However, naive block-level access
counters are imprecise, while our approach achieves precise estimates,
as demonstrated in Figures 3.9 and 3.10. Furthermore, adding the
stream-summary data structure improves the precision (cf. Figure 3.9)
at the cost of increasing the runtime overhead. Therefore, our ap-
proach (without the stream-summary data structure) is preferred for
workloads with critical runtime overhead. The stream-summary data
structure may be added to improve the precision by trading off the
runtime overhead on currently executed workloads.

3.5 RELATED WORK

We discuss related approaches in the literature, which collect workload
execution statistics, too. Our findings are also summarized in Table 3.8.

In order to feed a physical database design advisor with accurate
workload execution statistics, previous approaches propose to collect
physical accesses per tuple or value [67, 102]. A similar approach is a
graph representation of the workload, where each tuple is represented
as a node. An edge connect tuples accessed within the same trans-
action [38, 149]. These approaches yield precise workload execution
statistics because each physical access to the data is tracked. However,
in Table 3.7, we show that they result in high memory consumption
and in a critical runtime overhead due to a more fine-granular access
tracking. Therefore, these approaches are unable to collect workload
execution statistics precisely, compact, and fast.
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Approach for Collecting Precise Compact Fast
Workload Execution Statistics

FStatigy FStatcomp FStatyys FStatpart

Access counters per tuple/value [67, 102] X v v v X X
Graph representation [38, 149] X v v v

Block-level access counters [56, 76] X v v v
Memory access tracing [122] X X v v X X
SQL statements + What-if API [4, 141] v X
Our approach v v v v v v

Table 3.8: Comparison between different approaches for collecting workload execution statis-
tics FStatiqy, FStatcomp, FStatyys, and FStatpae as input to physical database design
advisors with respect to their precision, space efficiency, and runtime overhead.

Instead of tracking accesses fine-granular, block-level access counters
were proposed to reduce the memory consumption [56, 76]. However,
in Figures 3.9 and 3.10, we show that block-level access counters fail to
provide accurate workload execution statistics for a table partitioning
advisor in the presence of heavy hitters, e.g., due to events like Black
Friday. Furthermore, the runtime overhead of block-level access coun-
ters can be critical, e.g., when collecting workload execution statistics
for a buffer pool size advisor, as shown in Table 3.6. In the worst-case
scenario, i.e., in the presence of a full-column scan, all counters of all
accessed disk pages need to be updated.

Contrary to a collection of workload execution statistics inside the
database management system, memory access tracing [122] uses the
PEBS mechanism of Intel processors to trace memory accesses, which
are mapped to the data to determine precise access frequencies of
pages and values of the active attribute domain. However, while only
single memory accesses are traced, the access granularity and access
type cannot be identified. Moreover, since memory traces are logged
and analyzed offline, the memory and runtime overhead is high.
Hence, this approach is also unable to collect precise and compact
workload execution statistics quickly.

All aforementioned approaches collect physical data accesses. In
contrast, related approaches to collect workload execution statistics
for an index advisor rely on estimates of the query optimizer’s what-if
API [4, 141]. In particular, they feed instantiations of SQL statements
into the what-if API and evaluate how the response time of the state-
ments would change if the index configuration is adopted. However,
accurate workload execution statistics cannot be guaranteed as this
approach relies on the availability of precise cardinality estimates.
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3.6 DISCUSSION

In this chapter, we presented low-level data access counters to four
physical database design advisors. Our low-level data access counters
collect workload execution statistics with high precision, low memory
consumption, and low runtime overhead to address the first challenge
raised in this dissertation (cf. Section 1.3.1). Since the workload is
skewed over the domain, existing approaches that collect workload
execution statistics for a table partitioning advisor with low memory
and runtime overhead, e.g., block-level data access counters, lack pre-
cision due to the presence of heavy hitters during events like Black
Friday. The presented low-level data access counters improve preci-
sion in these situations. This is because we employ the space-saving
algorithm combined with a stream-summary data structure to cope
with heavy hitters and combine the counted accesses from the blocks
with the heavy hitters found by the stream-summary data structure.
Figures 3.9 and 3.10 demonstrate that our approach achieves precise
estimates while still having a low memory and runtime overhead, as
demonstrated in Table 3.7. As introduced in the next chapter, our table
partitioning advisor utilizes the collected workload execution statistics
and proposes a range partitioning layout.
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MEMORY FOOTPRINT REDUCTION WITH TABLE
PARTITIONING

In the previous chapter, we demonstrated how workload execution
statistics could be collected with high precision, low memory con-
sumption, and low runtime overhead. In this chapter, we utilize the
collected workload execution statistics for a table partitioning advisor
that addresses the second challenge pointed out in this dissertation (cf.
Section 1.3.2). The goal is to recommend a range partitioning layout for
each relation in order to minimize the buffer pool size of the database
management system while still adhering to performance commitments
between database-as-a-service providers and customers.

4.1 MOTIVATION

Since DRAM constitutes the primary driver of hardware costs [60,
106], database-as-a-service providers face the challenge of meeting
performance commitments assured in SLAs while keeping the memory
footprint of hosted database instances as small as possible to lower
their internal costs and enhance profitability. A way to decrease the
memory footprint while still adhering to SLAs is to employ a buffer
pool size advisor (cf. Section 2.2.3) and utilize the workload’s access
skew by evicting cold disk pages to cheaper storage layers and keeping
only hot disk pages in DRAM. Although this approach is simple, its
most significant drawback is that mixing hot and cold data within
the same page pollutes the buffer cache with cold data and works
against its effectiveness. This is because the physical schema is often
not defined according to the data access pattern. As a consequence,
cold data can be on the same disk page as hot data. Therefore, no
substantial reductions in memory footprint are achievable because all
hot disk pages (including their cold data) must be kept in DRAM. The
reason is that reducing the buffer pool size may violate SLAs since
disk pages with hot data would be evicted to secondary storage.

As discussed in Section 2.2.4, a sharper separation of hot and cold
data can be achieved by proposing a range partitioning layout for
each relation. This is because a typical workload access pattern can
be observed in which rows are either frequently or rarely accessed
according to a value range of a specific column of that table, as we
will see later. Therefore, rows that correspond to hot-classified value
ranges into hot range partitions that stay in DRAM, whereas rows
that belong to cold-classified value ranges are grouped into cold range
partitions that can be evicted to cheaper storage layers and are loaded
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(a) Non-partitioned orders (R;). (b) A table partitioning layout 77 for orders (R;) as chosen by our
approach, generated by the range partitioning specification RPS;3
with o_orderdate (Aj3) as the partition-driving attribute.

Figure 4.1: Example of page accesses to six attributes of orders (R;) for a non-partitioned and a
range-partitioned layout. After executing 200 statements of the JCC-H benchmark [22],
the pages are classified as hot or cold according to the m-second rule (cf. Section 2.4).
The range-partitioned layout proposed by our approach consists of fewer hot pages.

only on demand. As a result, only hot range partitions with a high
density of hot data stay in DRAM. This prevents the pollution of the
buffer pool with cold data.

In order to demonstrate the benefits of a table partitioning advisor
that reduces the number of hot-classified pages compared to a non-
partitioned layout, let us consider Figure 4.1. After executing 200 SQL
statements of the JCC-H benchmark [22] with scale factor 10, we show
the access frequency of each disk page for two partitioning layouts for
six attributes of orders (R;). Figure 4.1a shows the non-partitioned lay-
out, while Figure 4.1b depicts a table partitioning layout as chosen by
our approach, generated by the range partitioning specification RPSi3
(cf. Definition 5) with o_orderdate (Aj3) as the partition-driving at-
tribute (cf. Definition 4). Each column partition consists of multiple
4 KB disk pages (cf. Section 2.1.3), i.e., each horizontal line represents a
single 4 KB disk page. To each disk page, we count the number of page
accesses of all operators by the workload with our Access Counter 3
(cf. Section 3.3.3). To draw a reasonable border between frequently
(hot) and rarely (cold) accessed pages, we consider the 7r-second rule
to classify pages as hot or cold (cf. Section 2.4). Hot pages are shown
in red, whereas cold pages are white (no access) or blue (at least one
access). We observe that the range-partitioned layout proposed by
our approach consists of fewer hot pages than the non-partitioned
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layout. In particular, only a subset of o_custkey, o_orderdate, and
o_orderkey is frequently accessed in the range-partitioned layout com-
pared to the non-partitioned layout. Our approach also identified nine
column partitions (boxes in white) that are not accessed at all due
to partition pruning. For example, only a single column partition of
o_shippriority is accessed in the range-partitioned layout. In con-
trast, all accesses to o_shippriority are distributed over the entire
attribute in the non-partitioned layout. In summary, the buffer pool
size can be reduced with the range-partitioned layout compared to
the non-partitioned layout when only the hot-classified pages are kept
in DRAM during the entire workload.

While Figure 4.1 demonstrates how a range partitioning specifi-
cation can reduce the buffer pool size, existing table partitioning
advisors [4, 5, 38, 73, 119, 133, 138, 141, 149, 173, 174] focus solely on
the classical database objective of maximizing performance and do
not consider the aspect of minimizing memory footprint. In particular,
Schism [38], Clay [149], Horticulture [133], Mesa [119], Hilprecht et
al. [73], and Strife [138] do the exact opposite of what our approach
intends to achieve: To balance the load on partitions, they distribute
accesses evenly across all partitions and, therefore, generate disk pages
with mixed temperatures (i.e., pages with hot and cold data). This
pollutes the buffer pool with cold data because all disk pages with hot
data (including cold data on these pages) are required to be held in
DRAM to maximize performance.

Furthermore, existing table partitioning advisors are mainly de-
signed for row stores [4, 5, 38, 73, 119, 133, 138, 141, 149, 173, 174]. As
we focus on column stores in this dissertation, we present instead a
table partitioning advisor that is mainly designed for column stores.
In addition, we consider the impact of dictionary compression and
bit-packing on the memory footprint of table partitioning layouts.
This aspect is crucial since many column stores use and benefit from
dictionary compression and bit-packing (cf. Section 2.1.3).

4.2 PROBLEM STATEMENT

We present a table partitioning advisor that optimizes each relation
independently from other relations. Its objective is to decrease buffer
pool pollution and reduce data accesses. We consider derived parti-
tioning of multiple relations as future work. Our table partitioning
advisor focuses on range partitioning because hash and round-robin
partitioning distribute accesses evenly over all partitions and are thus
unsuitable for memory footprint reduction [103]. For large (fact) ta-
bles, a multi-level partitioning setup might be preferred, such that
hash partitioning can be used for scale-out as a first level and range
partitioning for memory footprint reduction as a second level.
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Problem 2. The problem we consider is to find for each relation R; €
R a partition-driving attribute A;y and a range partitioning specifica-
tion RPS;\ € RIPS;), such that the buffer pool size BS is minimized while
the execution time £ of a workload VV executed on the physical schema L
with the buffer pool size BS does not violate a maximum workload execution
time SLA (e.g., an agreement on the maximum workload execution time
between the customer and the database-as-a-service provider):

arg min BS subject to E(W, L, BS) < SLA.
R;€R,A;),RPS;) €RIPS;,

4.3 SYSTEM MODEL

We propose a solution to Problem 2 by presenting the table parti-
tioning advisor SAHARA: a storage advisor based on heavy and rare
accesses. SAHARA proposes a range partitioning specification for each
relation in order to minimize the buffer pool size while still adhering
to all performance commitments. Figure 4.2 shows the system model
of SAHARA. We first collect workload execution statistics on the
current physical schema Ly, (cf. Section 4.4), which may contain non-
partitioned tables if SAHARA was not applied before. We then enumer-
ate physical schema candidates, where each physical schema candidate is
identified by a partition-driving attribute A;, and a range partitioning
specification RPS;), € RIPS;, for each relation R;. Section 4.5 presents
exact and heuristic enumeration algorithms to determine a range parti-
tioning specification. Next, in Section 4.6, the statistics collected on the

Workload W | >| Buffer Pool Size BS

v t

Current Statistics Future
Physical »  Collector Physical
Schema Ly Section 4.4 Schema Ly,

A

Minimum of
Memory Costs M ytq1

Physical |} THI || Estimated [FFH||| Estimated
Schema e ] |> Accesses and sashoahen ..._ |> Memory
Candidate | Storage Sizes Hf  Costs
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Figure 4.2: The system model of the table partitioning advisor SAHARA con-
sists of four building blocks: a statistics collector, an enumerator
for physical schema candidates, an estimator for workload’s data
accesses and storage sizes, and a cost model for the memory costs.
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current physical schema must be transformed into estimates for each
physical schema candidate. The reason is that a workload’s data access
may differ for each physical schema candidate, e.g., due to partition
pruning. In addition, compression ratios can differ due to the number
of values replicated into the dictionaries of multiple partitions. Our
cost model is then used to calculate the memory costs M, for each
physical schema candidate based on the estimates, a given SLA, and the
hardware configuration (cf. Section 4.7). A physical schema candidate
with minimal memory costs M, is proposed as the future physical
schema Lg,;. As a consequence, the buffer pool size BS is adjusted to
tulfill the SLA. Finally, our system is evaluated in Section 4.8.

4.4 STATISTICS COLLECTION

In Section 3.3.4, we showed how workload execution statistics for
a table partitioning advisor are collected with high precision, low
memory consumption, and low runtime overhead. The proposed Ac-
cess Counter 4 groups domain values into ranges, counts the number
of accesses for each value range, and uses a stream-summary data
structure to keep track of the most frequently accessed values to
cope with heavy hitters. However, the access frequency provided by
Access Counter 4 could be dominated by many accesses occurring
only during a short period, cached in the buffer pool. As our goal
is to propose a physical schema that minimizes the buffer pool size
(cf. Problem 2), the distribution of data accesses over time is crucial
because it impacts the buffer pool eviction policy (cf. Section 2.3.3).
For example, a data item accessed twice within a short period is likely
cached in the buffer pool at the second access. Therefore, we modify
Access Counter 4 as follows to incorporate the behavior of the buffer
pool during statistics collection:

1. For each value range, we use a bitmap instead of a 32-bit integer
counter, such that each bit is mapped to a specified time window.

2. The bit is set if at least one value of the value range is accessed
during the specified time window.

3. The access frequency of the value range is obtained by the
popcount of the bitmap.

4. The time window length is set to 77/2 seconds.

There are two reasons why the time window length is set to 77/2:
First, according to the m-second rule (cf. Definition 2.4), the time
window length should not be substantially smaller than 77 because
two accesses to the same data item within 7t seconds generally result
in at most one page fault. Second, the Nyquist-Shannon sampling
theorem proves that a sampling rate of 71/2 is sufficient to achieve
precise statistics [150].
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The first building block for the statistics collector is to define a set
of time windows between the smallest and largest timestamp in the
workload W using a time window length of 71/2 seconds.

Definition 25 (Time Windows). Let tmin, tmax € IN be two timestamps,
such that ¥(t,Sq, Vy) € W tmin < t < tmax. We define by Q) a set of time
windows between tmin and tmax using a time window length of 7t /2:

O={[tmin+ 75 bitmin+5-(0+1)),b €N, tmin + 5 - b < tmax} -
We denote by wy, € Q) the time window [tmm + % b tmin+ 5 - (b+ 1))

As a second building block, we define a workload trace that contains
all accessed data during the execution of workload W.

Definition 26 (Workload Trace). We define a workload trace Tr as

Tr g {(Ri/ gldll Aijr (t/ Sq/ Vq)) | 1 S Z S nll S gldl S |Ri|/
1<j<m(t,S,V,) e W},

where each element in Tr denotes an access to attribute Ajj of relation R; for
the tuple with the global tuple identifier gid; during the execution of the
statement instantiation (t,Sg, V;) in the workload V.

As a third building block, we define a Boolean function eval that
evaluates if an attribute domain value v;;, € dom(A;;) satisfies a
predicate in a selection on a base relation in the physical execution
plan of a statement instantiation. This is crucial because we assume in
Section 4.6 that a range partition generated according to a value range
of a partition-driving attribute will be pruned, i.e., not accessed, if the
partition-driving attribute is referenced in the selection predicate and
the value range does not satisfy the predicate.

Definition 27 (Predicate Evaluation Function). We define a Boolean
function eval for an attribute A;; in relation R;, an attribute domain
value v;;, € dom(A;j), and a statement instantiation (t,S,, Vy) €W as

eval(R;, Ajj,vijy, (t,S4,Vy)) < there exists a selection 0,(R;) €
T(t,Sq,Vy), (t,54,Vy) € W, where
the selection predicate p references
attribute A;; and attribute domain
value vj,, € dom(A;;) satisfy p.

This leads us to the definition of domain block counters that collect
accesses to value ranges and are maintained per attribute A;; in each
relation R;. The domain block counters will be used in Section 4.5 to
enumerate range partitioning specifications. For instance, we present a
heuristic approach that groups consecutive value ranges with a similar
access pattern to merge hot rows into a hot range partition.
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Definition 28 (Domain Block Counters). For each attribute A;j in rela-

. . . dom dom dom
tion R;, we create domain block counters Xl-]-0 S, Xl-]-z S, Xz‘j(Ldij/DBSijJ)’

where the domain block size DBS;; is the number of consecutive values in the
active domain grouped into a block. Each counter ij‘;’" consists of a bitmap

with | Q| bits, where bit b € [0, |Q}|) is set as follows:

1 dgid; € [1, ’RiH,Z)i]‘y S dom(Ai]-), (t, Sq, Vq) eEW:
(Ri, gid;, Ai]', (t, Sq, Vq)) eTr
N eval(R;, Aij, vijy, (t, 54, V)
Xflj(;m [b] == A Ri[gidi]. Ajj = vjj,
A Ly/DBSz]J =2z
Nt € wy

L O otherwise.

The b-th bit of counter Xf};’m is set if the workload trace Tr contains
at least one element that accesses attribute A;; within time window wy,
for a tuple with attribute domain value v;j, that falls into the z-th
domain block and satisfies the predicate evaluation function eval.

Note that domain block counters are created per attribute and
not per column partition. The reason is that mapping domain block
accesses per column partition to the active attribute domain would
deteriorate statistics precision due to missing values between the active
domains of the column partitions. In addition, we avoid recording
duplicates between different column partitions.

In addition to domain block counters, we maintain tuple block coun-
ters to capture accesses to each tuple in a column partition C;j in each
relation R;. Tuple block counters will be used in Section 4.6 to estimate
access frequencies of column partitions enumerated by range parti-
tioning specifications of Section 4.5. These estimates are required to
calculate the memory costs M, for physical schema candidates (cf.
Section 4.7) and to compute an optimal range partitioning specification
from it recursively.

Definition 29 (Tuple Block Counters). For each column partition Cij in re-

tuple tuple tuple
ijkQ 77 Xisz T Xi]'k(UPiH/TBSiij)'

where the tuple block size TBS;j is the number of consecutive local tuple

lation R;, we create tuple block counters X

identifiers in partition Py grouped into a block. Each counter Xf};{’:e consists
of a bitmap with |Q)| bits, where bit b € [0, |QY]) is set as follows:

1 Jgid; € [1,[R;|], Lidy € [1, |Pil], (£, 54, V) € W
(Ri/ gidi/ Aij/ (t/ Sq/ Vq)) cTr
tuple AN Pik[lidik].get,gid = gidi
Xiikz [b] ==
N \_lidik/TBSiij =2z
Nt E wy

0 otherwise.
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The b-th bit of counter Xf]l.;fz)le is set if the workload trace Tr contains
at least one element that accesses attribute A;; within time window wy,
for a tuple with the global tuple identifier gid;, such that the local
tuple identifier 1idj, of partition Py corresponds to the global tuple
identifier gid; of the tuple and falls into the z-th block.

In our experiments in Section 4.8, we set the domain DBS;; and
tuple block size TBS;j, such that 1% additional memory is spent on the
collection of workload execution statistics compared to the storage size
of the physical schema. Note that domain and tuple block counters
may have different tuple and domain block sizes for a given memory
budget due to varying data type width and compression.

EXAMPLE Figure 4.3 presents the collected workload execution
statistics during one time window for the execution of SQL state-
ment Sz of the JCC-H benchmark (cf. Listing 2.1) with scale factor
10 and initialized with the vector V3 = [FURNITURE, 1993-05-29]. In
Figure 4.3a, we illustrate the tuple block counters on the top, whereas
the domain block counters are at the bottom. Note that the physical
schema of customer, orders, and lineitem are unpartitioned during
statistics collection. The physical execution plan produced by SAP
HANA'’s query optimizer [54, 97, 109, 153] is illustrated in Figure 4.3b.
Every node represents an operator, and every edge an intermediate
result with the actual output cardinality of the previously executed
operator. In addition, we highlight the build side of join operators. We
show the first access to each block because we only record whether or
not a block was accessed during a time window. Accesses of blocks
are highlighted using a unique color and number ® to identify the
operator in the physical execution plan that caused that access.

The selection operators @ and @ touch all tuple blocks of c_mkt-
segment and o_orderdate, but the respective domain blocks only
record if domain values satisfy the selection predicate (cf. Defini-
tion 28). Therefore, range partitioning orders on o_orderdate with
[1993-05-29, 1998-08-03) would create a column partition that is never
accessed. In particular, whereas all 15 million tuples of orders are
fetched without partitioning, a range partitioning specification with
partition boundary values 1992-01-01 and 1993-05-29 would fetch only
3,204,724 tuples. The subsequent hash join @ touches all tuple and
domain blocks on the build (customer) and the probe side (orders).
However, only a subset of the tuples is accessed. For example, the cus-
tomer with c_custkey ‘5004” was filtered out by @. Hence, the buffer
pool is polluted with cold data since all pages are accessed but not
all tuples. Next, an index nested loop join @ touches all tuple blocks
in orders but only ~75% of the tuple blocks in lineitem. For exam-
ple, the order with 1_orderkey ‘43’ comprises 3 million items, which
spans multiple blocks, but was already filtered out by . The follow-
ing selection @ filters all 1_shipdate values smaller than 1993-05-30.
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(a) Collected workload execution statistics on domain and tuple block counters for
a non-partitioned layout of customer, orders, and lineitem. Accessed blocks are
shown with a unique color, whereas blocks that are not accessed are white.
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(b) The physical execution plan produced by SAP HANA’s query optimizer [54, 97,
109, 153]. Every node represents an operator, and every edge an intermediate result
with the actual output cardinality of the previously executed operator.

Figure 4.3: Illustration of the collected workload execution statistics during
one time window for the execution of statement S; of the JCC-H
benchmark (cf. Listing 2.1) with scale factor 10 and initialized
with the vector V3 = [FURNITURE, 1993—05—29]. Accesses to
domain and tuple blocks are highlighted using a unique color
and number ® to identify the operator in the physical execution
plan that caused that access.
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Values larger than 1993-09-26 are not accessed since the 1_shipdate
of an item is at most 121 days after its o_orderdate, and orders with
an o_orderdate larger than 1993-05-28 were filtered out by ©. While
such constraints are only known to domain experts [23] and cannot be
extracted from physical execution plans, domain block counters can
provide this insight. The memory footprint can be reduced by creating
a range partition with [1993-05-30, 1993-09-27) on 1_shipdate. In par-
ticular, 75% of lineitem pages are fetched without partitioning, while
a partitioning layout based on the range partitioning specification
with partition boundary values 1992-01-01, 1993-05-30, and 1993-09-27
would access only 5% of the pages. While the following group-by
operator ® on o_orderkey does not create new accesses, the sorting
operator @ additionally accesses 1_discount and 1_extendedprice.
Finally, the projection ® accesses only ten blocks of 1_shippriority
because statement Sz is limited to the top-10 results. However, the ten
(block) accesses are distributed over the entire column partition.

4.5 DETERMINING PARTITIONING LAYOUTS

In this section, we determine a range partitioning specification RPS;,
with A;) as a partition-driving attribute for a relation R; based on the
collected workload execution statistics of the previous section. Since
any attribute A;y may be the partition-driving attribute, we compute
a range partitioning specification RPS;, for each possible A;,. We
then propose the range partitioning specification that minimizes the
memory costs most while fulfilling the maximum workload execution
time SLA. The calculation of the memory costs for a range partitioning
specification is explained in Section 4.7 based on estimated access
frequencies and storage sizes, as discussed in Section 4.6.

We first identify an optimal range partitioning specification RPS;,
for a partition-driving attribute A;, (cf. Section 4.5.1). Afterwards,
in Section 4.5.2, we present a heuristic that identifies a near-optimal
range partitioning specification RPS;, to lower the optimization time.

4.5.1 Optimal Range Partitioning Specification

Algorithm 1 finds an optimal range partitioning specification RPS;, for
a partition-driving attribute A; in relation R; using dynamic program-
ming (DP). The main idea is to calculate the optimal range partitioning
specification for d (1 <d <d;,) distinct values of the domain of the
partition-driving attribute A;) by using a previously calculated optimal
range partitioning specification with d—1 or less distinct values, where
d;) is the number of distinct values of A;, (cf. Definition 1). We find
the optimal range partitioning specification RPS;, for A;, iteratively.

To calculate the optimal range partitioning specification, Algo-
rithm 1 uses two two-dimensional arrays cost and split. Array cost
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Algorithm 1: Optimal Range Partitioning Specification

Memory: cost[d] [y]: optimal memory costs for a range partition of d
distinct values starting at attribute domain value v,
split[d][y]: optimal partition border for a range partition
of d distinct values starting at attribute domain value v;,,

1+ Function DP (L, R;, Ay, Xtuple, xdom .

2| forl1 <d<d; do// iterate over number of distinct values

3 for1 <y <djy —d+1 do// iterate over indexes of start values

4 Uyb < 00 // initialize upper partition boundary value

5 ify+d<d; then vy + ViA(y+d)

6 // calculate costs for a range partition on [vi,\y,vub)
cost[d][y] < O

8 for1 <j<m; do// iterate over each attribute index

9 // virtually create a column partition to assign statistics

10 Cyirt ¢ virtual column part. for a range part. [v;),, vyp) On Aj;

11 // estimate access freq. and storage size for Cyirt (cf. Sec. 4.6)

12 F(Cuir, W) + FreqEst(Ry, Ay, Ain, Viny, Dup, XIUPIE, Xdom)

13 |\Cvirt|| < SizeEst(Ri, Ai]‘, A, Vidys Uub)

14 // estimate memory costs for Cyirt (cf. Section 4.7)

15 cost[d][y] < cost[d][y] + Mtotal(cvirt/ W, ﬁcur)

16 sjplit[d][y] <— 00 // no partition border

17 for1 <b < ddo// iterate over partition borders

18 // check if beneficial to have a partition border at v;(, p)

19 if cost[b][y] + cost[d-b][y+b] < cost[d][y]

20 cost[d][y] < cost[bl[y] 4 cost[d-b][y+b]

21 Lsplit[d] [yl <= b // partition border at v;)(, )

22 EPSM < {} // create range partitioning specification

23 | build(d;,,1,RPS;)) // build range partitioning specification

24 | return (cost[d;3][1], RPS;y)

25 Procedure build(d, y, &RPS;)):// pass RPS;, as reference

26 | if split[d][y] = co then RPS;, = RPS; U{v;),}

27 | else

28 build(split[d][y]l, y, RPS;y)

29 L build(d-split[d][y], y+split[d][y]l, RPS;)

(respectively split) stores at position [d][y] the optimal memory
costs My, (respectively partition border) for a range partitioning
with d distinct values and the y-smallest value v;3, € dom(A;,) as the
lower bound of the range partition.

The first for loop (cf. Lines 2 to 21) iterates over the number of
distinct values d, while the second for loop (cf. Lines 3 to 21) iterates
over all possible indexes y of start values v;),, as the lower bound of the
range partition. For each combination of d and y, we then consider a
single range partition on the value range [0i1y, Vi (y+a)) (0T [Viry, 00) for
the last value range) with A;) as a partition-driving attribute. We then
calculate the memory costs for this range partition and assign it to the
cost array at position [d] [y] (cf. Lines 6 to 15). We do this by summing
up the memory cost for each column partition that would be generated
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for this range partition as we focus on column stores (cf. Lines 8 to 15).
In particular, we virtually create a column partition Cyjt on attribute A;;
for the range partition on [0jry, Vjx(y1a)) (OF [viry, 00) for the last value
range) with A;) as a partition-driving attribute (cf. Line 10). For Cyir,

~

we estimate the access frequency f(Cyirt, VW) by the workload W and

the storage size ||Cyirt|| based on the collected workload execution
statistics of Section 4.4 (cf. Lines 12 and 13). The estimation of the
access frequency and storage size is explained in Section 4.6. Both
estimates are used to calculate the memory costs My for Cyire (cf.
Line 15). Our cost model is defined in Section 4.7. In addition, we
initialize the split array with co to indicate that there is no partition
border (cf. Line 16).

Afterwards, we check if it is more beneficial to have a partition bor-
der at v;,(,4p) (1 < b < d) and update cost and split accordingly (cf.
Lines 17 to 21). For this, we combine the previously calculated optimal
range partitioning specification for b distinct values starting at v;),
with the previously calculated optimal range partitioning for d — b
distinct values starting at v;) 1)

Finally, we build and return the optimal range partitioning spec-
ification with its memory costs My, (cf. Lines 22 to 24). Lines 25
to 29 show the recursive build of the range partitioning specification
based on the split array. The building process terminates once the
splitting point is equal to the current number of distinct values d. We
then add the lower border of the range partition v;), to the proposed
range partition specification (cf. Line 26). Otherwise, it is recursively
called with the range from the start to the splitting point (cf. Line 28)
and from the splitting point to the end of the range (cf. Line 29).

coMPLEXITY The complexity of Algorithm 1 is O(d;)’). This is
because the three nested for loops over the distinct values d;, of the
partition-driving attribute A;, are the dominating term of the com-
putational complexity of Algorithm 1. The three for loops start in
Lines 2, 3, and 17. All other function calls and for loops are asymptot-
ically subsumed by d;). The reasons are threefold. First, the iteration
over the number of attributes m; (cf. Lines 8 to 15) in the second
for loop over d;, is negligible because the number of attributes is, in
general, substantially smaller than d;,. Second, the call of SizeEst (cf.
Line 13), as described in Algorithm 4, can be done in O(1). Finally, the
execution of FreqEst (cf. Line 12), as detailed in Algorithm 3, iterates
over all domain block counters X9°™ of d,, and all tuple block coun-
ters X'Ple of Ajj and Aj). The number of domain block counters Xdom
of d;) is, by definition, at most d;) (cf. Definition 28). In addition, the
number of tuple block counters is rather small and, in general, does
not exceed d;) because tuples are grouped into blocks to employ at
most 1% of the storage size for the statistics collection (cf. Section 4.4).
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CORRECTNESS We now prove that Algorithm 1 finds the range
partitioning specification RPS;, for a partition-driving attribute A;,
with minimal memory costs. To prove the correctness of the algorithm,
we assume precise estimates on the memory costs M, for single col-
umn partitions (cf. Line 15). We evaluate the precision of the estimates
in Section 4.8.4 and the impact of the estimates on the optimality of
the proposed range partitioning specification in Section 4.8.5.

Theorem 1. Algorithm 1 finds an optimal range partitioning specifica-
tion RPS;y for a partition-driving attribute A;) according to My,

Proof. We prove the correctness of Algorithm 1 by induction over the
number of distinct values d for value ranges [v;,, v; A(ﬁd)), respec-
tively, [0y, 00) for the last value range.

Base case (d = 1): The only possible range partitioning specifica-
tion for the value range [vmy, v; /\(y+1)) of any starting value v, €
dom(A;y) is a single range partition. Algorithm 1 is correct since
cost[1][y] is initialized with the memory costs of the single range
partition on the range [v;y,, vm(yﬂ)) (cf. Lines 8 to 15), split[1][y]
with the partition border oo (cf. Line 16), and both are not updated in
Lines 17 to 21 since the condition of the for loop is not satisfied for
any bifd = 1.

Induction step (d —1 — d): We now prove that Algorithm 1 finds
the optimal range partitioning specification for the value range [v;),,
Vir(y +d)) of any starting value v;), € dom(A;,) with d distinct val-
ues. We assume the induction hypothesis that Algorithm 1 finds the
optimal range partitioning specification for a value range with less
than d distinct values. First, we have to show that Algorithm 1 consid-
ers that the optimal range partitioning specification can be a single
range partition on the value range [0vj1y, Vjr(,+4))- This is considered
by the initialization of cost[d][y] and split[d][y] (cf. Lines 8 to 16).
Second, we have to show that Algorithm 1 considers that the opti-
mal range partitioning specification can be a combination of optimal
range partitioning specifications for the value ranges [viry, Vir(y+5))
and [, (y4+1), Vir(y+d)) With a partition border at v;,(,14) (1 < b < d).
This is considered since Algorithm 1 iterates over all partition bor-
ders v;)(,44) and updates cost[d][y] and split[d][y] if the sum of
the memory costs for the optimal range partitioning specifications
on the value ranges [vixy, Vjx(y+p)) and [0jy(y+p), Vir(y+a)) is smaller
than cost[d][y] (cf. Lines 17 to 21). By the induction hypothesis, the
memory costs of the optimal range partitioning specification for both
value ranges can be fetched from cost[b][y] and cost[d-b][y+b]
since b and d — b are smaller than 4. Hence, Algorithm 1 is correct. [

OPTIMIZATION  Our experimental evaluation in Section 4.8 uses an
optimized version of Algorithm 1. Instead of iterating over the number
of distinct values d;, of the partition-driving attribute A;,, we prune
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d=1 y=1 y=2 y=3
initialize initialize initialize
cost [1]1[1]=0 cost [1]1[2]=5 cost [1]1[3]=0
split[1][1]=00 split[1][2]=00 split[1][3]=00
[1992-01-02,1993-05-30) [1993-05-30,1993-09-27) [1993-09-27,00)

d=2 N Y=l o N
initialize ib=1" initialize b=1

cost [2][1]=10\cost [2][1l]=5 cost [2][2]=20 cost [2][2]=5:§
split[2][1]=c0 \split[2][1]=1 split[2][2]=0c0 split[2][2]=1:

[1992-01-02,1993-09-27) v. [1993-05-30,00)
d=3 sz ........................................ :.‘
initialize \ b=1 . b=2 7
cost [3][1]=25 cost [3][1]=5 cost [3][1]=5
split[3][1]=c0 split[3][1]=1 split[3][1]=2
[1992-01-02,00)

Figure 4.4: lllustration of how the optimized version of Algorithm 1 finds
the optimal range partitioning specification for lineitem with
L_shipdate as a partition-driving attribute based on the collected
workload execution statistics of Figure 4.3.

the search space: First, we iterate only over the domain blocks Xg\om
(cf. Definition 28) instead of all distinct values d;). Second, we consider
only borders between two consecutive domain blocks Xg\"zm, XS\O(I;‘ ")
as a partition border if at least one timestamp wj, € () is accessed dif-
ferently, i.e., 3b € [0,]Q) : Xom[b] £ ng’(r;ﬂ) [b]. We argue that both
pruning strategies have no impact on uncompressed column partitions,
i.e., we still find an optimal range partitioning specification by apply-
ing both pruning strategies. Otherwise, two partitions with the same
temporal access pattern would be generated. Since no dictionary com-
pression is applied, the storage size cannot decrease with partitioning.
In contrast, we may not find the optimal range partitioning specifi-
cation with dictionary compression and bit-packing if both pruning
strategies are applied. If some values occur only in a single column
partition, the storage size decreases because a dictionary-compressed
column partition with bit-packing may require fewer bits to store the
number representing the position of the value in the dictionary (cf.
Section 2.3.2). The reason is that only a subset of the active domain
of the attribute is present in this column partition. Nevertheless, we
argue that the performance benefit is superior to the pruning of the
search space. However, Algorithm 1 considers all values and finds the
optimal range partitioning specification.

EXAMPLE In Figure 4.4, we show exemplarily how the optimized
version of Algorithm 1 finds the optimal range partitioning specifi-
cation for lineitem with 1_shipdate as a partition-driving attribute
based on the collected workload execution statistics of Figure 4.3. The
domain block counters for 1_shipdate in Figure 4.3 show only three
potential lower bound values of a range partition: 1992-01-02, 1993-05-
30, and 1993-09-27. Therefore, Figure 4.4 shows the iteration over d
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(1 <d < 3) horizontally (cf. Lines 2 to 21) and the iteration over the
potential lower bound values v;), (cf. Lines 3 to 21) vertically. For each
combination of 4 and y, we show the initialize step (cf. Lines 4 to 16)
of the cost and split array at position [d][y] for a single range par-
tition on the value range [viay, Uiy (y+4)) (OF [Viry, o) for the last value
range). We also denote each step of the iteration over the partition
borders at vy, 4p) (1 < b < d) (cf. Lines 17 to 21). To illustrate, the
cost array for d = 3 and y = 1 is initialized with memory costs of 25
for the range partition [1992-01-02, o). The memory costs is reduced,
having a partition border at 1993-05-30 (b = 1) that uses the sum of the
previously calculated optimal range partitioning ford =1and y = 1
and for d = 2 and y = 2. The recursive build of the optimal range
partitioning specification from the split array is depicted in bold.

4.5.2  Heuristic Approach SumMaxMinDiff

Since Algorithm 1 finds an optimal partitioning but has cubic com-
plexity, we now present a heuristic to lower optimization time. The
idea is to leverage the domain block counters of the partition-driving
attribute and cluster value ranges with almost identical accesses. On
the one hand, we group consecutive domain blocks that were all ac-
cessed during the same time window to merge hot data into a single
partition. On the other hand, we split domain blocks that were not all
accessed during the same time window into partitions to separate hot
and cold data. While this might generate a partition for each domain
block, we introduce a heuristic that clusters consecutive domain blocks
such that the number of time windows that are partially accessed is
smaller or equal to a tuning parameter Agypp € IN. We call the Sum-
MaxMinDiff as the number of partially accessed time windows for a
set of consecutive domain blocks.

In Figure 4.5, we illustrate the calculation of the SumMaxMinDiff
for two boundaries 1 and r based on collected domain blocks on
attribute o_orderdate of orders (y-axis) while executing 200 SQL
statements of JCC-H [22] with scale factor 10 during 89 time windows
(x-axis). We highlight domain block accesses in red if, for a given time
window wy, € (), domain blocks between 1 and r are fully accessed
(i.e., in total 22 time windows). By contrast, we highlight domain block
accesses in blue if, for a given time window wj; € (2, blocks between 1
and r are only partially accessed (i.e., in total 16 time windows). Thus,
the SumMaxMinDiff for the two boundaries 1 and r is 16.

Algorithm 2 describes the heuristic for finding a near-optimal range
partitioning specification RPS;, for a partition-driving attribute A;,
in relation R;. Given domain block boundaries 1 and r, we search
for the domain block that was accessed during most time windows,
and place it into the current range partition, i.e., the boundaries 1
and T (cf. Lines 2 to 6). Afterwards, we iteratively extend the current
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Figure 4.5: Illustration of the calculation of SumMaxMinDiff for two bound-
aries 1 and r based on collected domain blocks on attribute
o_orderdate of orders (y-axis) while executing 200 SQL state-
ments of JCC-H [22] during 89 time windows (x-axis).

range partition to the left or right as long as the SumMaxMinDiff of
the current range partition is smaller or equal than Agppp (cf. Lines 7
to 12). Lines 18 to 26 show the calculation of the SumMaxMinDiff, as
illustrated in Figure 4.5. For each time window wj, € Q) (cf. Lines 20
to 25), we loop over all domain block numbers z between 1 and r (cf.
Lines 22 to 24) and add a time window wj, to the SumMaxMinDiff
if at least one (cf. Line 23) but not all domain blocks (cf. Line 24)
were accessed during wy, i.e., the blocks between 1 and r were only
partially accessed within wj;. Next, the heuristic is called recursively
on all domain blocks with a smaller domain block number than T and
on all domain blocks with a larger domain block number than ¥ (cf.
Lines 14 and 16). We also add the current lower bound value v, A(1.DBS;))
as partition border to the range partitioning specification RPS;, (cf.
Line 15). To obtain the index of the value in the domain of the partition-
driving attribute A;), we multiply the domain block number 1 by
the domain block size DBS;) of A;). Finally, the range partitioning
specification RPS;, is returned (cf. Line 17).

The heuristic leverages only domain block counters instead of uti-
lizing the memory cost function. Although the complexity is reduced
to O(d;)*), we cannot guarantee an optimal range partitioning specifi-
cation. Therefore, we evaluate in Section 4.8 the quality of the proposed
range partitioning specifications by the heuristic.

To address large domains, e.g., more than 100,000 different accessed
domain blocks, we propose a combination of Algorithms 1 and 2.
Before running Algorithm 1, the heuristic should be executed with a
small Agpyvp to reduce the number of partition border candidates.
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Algorithm 2: Heuristic Approach SumMaxMinDiff

1 Function Heuristic(Ri,Ai/\,XfA"m, 1, r,Aspqmp):
2 hot < 1, T« 0

3 | forl <z < rdo// search for hottest domain block
4 < popcount(Xdom)

5 if > f then hot « z

6 T+ hot; T < hot+1 // initialize range partition

7 | while 1l < TV r>7do// extend range partition

8 Ay ¢ 00; Ap o0

9 if 1 < T then Ay < SumMaxMinDiff(R;, A;y, th’m,i -1,7)
10 if r > 7 then A < SumMaxMinDiff(R;, A;y, X?fm,f,?—k 1)
11 if Ay > Aspmp A Ar > Aspmp then break

12 if A <A, then T+ T—1lelseT+ T+1

13 EPS,’)\ — {} // create range partitioning specification

14 ifl < /l\ then RPS,‘/\ — RPSI'/\ U Heuristic(Ri, Ai/\/ Xg\om, -L,T, ASMMD)
15 RPS;) + RPSMU{UM(T-DBSM)} // partition border at pos U - DBS;,
16 | if r > T then RPS;, < RPS;, U Heuristic(Ri,Ai/\,XS\"m,?, r, Aspmp)
17 | return RPS;,

18 Function SumMaxMinDiff (R;, Aix, X?X’”, 1,r):

19 Diff <0

20 | for0<b < |Qfdo

21 max <— 0; min <1

22 fori <z<rdo

23 max <— maximum(max, X5om[b])
2 min < minimum(min, Xf}f’zm [b])
25 Diff < max —min + Diff

26 return Diff

OPTIMIZATION In our experimental evaluation in Section 4.8, we
use an optimized version of Algorithm 2. During expansion (cf. Lines 7
to 12), we check if a minimal partition cardinality is satisfied all the
time, which can lead to a range partition that does not satisfy the Sum-
MaxMinDiff constraint. Nevertheless, we argue that this constitutes
only a small overhead since we add at most as many values as the
minimal partition cardinality. If the partition cardinality is too small,
the overhead of scheduling jobs, e.g., scans, as well as opening and
closing partitions becomes too large.

46 ACCESS FREQUENCY AND STORAGE SIZE ESTIMATOR

~

We now describe the estimation of the access frequency f(Cyixt, W)

and the storage size HE,;H for a column partition Cy¢ that would
be generated on attribute A;; for the range partition [viry, Vi (y44))
with A;) as the partition-driving attribute. These estimates are required
in Algorithm 1 (cf. Line 15) to calculate the memory costs My,
for Cyirt (cf. Section 4.7) and to compute an optimal range partitioning

73



74

MEMORY FOOTPRINT REDUCTION WITH TABLE PARTITIONING

Algorithm 3: Column Partition Access Frequency Estimation

1 Function FreqEst(R;, Aijr Ajp, Vidys vi/\(erd)rxtuple, Xdom):

2 | B < initialize bitset with length |Q)| and all bits set to 0

3 | for0<b < |Q|do// iterate over all time window indexes

4 // case 1: attribute Aij is not accessed

5 non < 0

6 for1 <k < p;) do // iterate over all partition indexes

7 for 1 <z < [|Py|/TBS;j| do // iterate over all block numbers
8 t non < nonV X:};fz)le[b]

9 if non =0 then B[b] + 0; break;

10 // case 2: Aj; is the partition-driving attribute A;

11 acc <0

12 for Ly/DBSi)\J <z < [(y + d)/DBS[/ﬂ do

13 L acc « acc v Xdom[p|

14 if Ajj = Ajy then B[b] < acc; break

15 // case 3: passive attribute Aj; correlates to A;

16 sub + 1

17 for1 <k < p;) do// iterate over all partition indexes

18 for 1 < lidy < |Py| do // iterate over all local tuple ids

tuple tuple

19 L Sub <= sub A (Xijkr()Uidik/TBSi]vkj)[b} = wa( Llidik/TBSMkJ)[b])
20 if sub =1 then B[b] < acc; break;

21 // case 4: passive attribute A; does not correlate to Aj,
22 B[b] —1
23 | return popcount(B)

specification from it recursively. The estimations are based on the
domain X9°™ and tuple block counters X"'P¢ of the current physical
schema Ly (cf. Section 4.4). We first describe the estimation of the
access frequency (cf. Section 4.6.1) and then the estimation of the
storage size (cf. Section 4.6.2).

4.6.1  Estimation of the Column Partition Access Frequency

~

In Algorithm 3, we detail the estimation of the access frequency f(Cuyirt,
W) during workload W for a column partition Cyit that would be gen-
erated on attribute A;; for the range partition [0y, Vi (,1q)) With Ajy
as a partition-driving attribute. Note that Algorithm 3 estimates the
access frequency for column partitions of both partition-driving and
passive attributes. We start by initializing a bitmap B of length |Q)| (cf.
Line 2). Afterwards, we estimate if the column partition Cyi;¢ would be
accessed for each time window wy, € Q) (cf. Lines 3 and 22). Whenever
the column partition Cyiy is accessed during a time window wj;, we
set the bit at B[b]. We argue that four cases exist to estimate an access
during wy, to column partition Cyir:
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cask 1: The attribute A;; was not accessed during wy, i.e., all tuple

block counters X;gle[b] over all partitions (1 < k < p;,) are zero.

In this case, we estimate that the column partition Cy;y is not
accessed during w;, and set B[b] = 0 (cf. Lines 4 to 9).

cask 2: The attribute A;; is the partition-driving attribute A;,. In this
case, we leverage its domain block counters X9™ [b]. The column
partition is accessed (i.e., B[b] = 1) if the domain block counters
record at least one access during wj, that falls into the partition
boundaries [v;ay, Vjx(y+a4))- If no access exists, we assume that the
column partition Cyiy is not accessed during wy, e.g., partition
pruning is applied, and set B[b] = 0 (cf. Lines 10 to 14).

cask 3: The range partition [v;)y, vjy(y44)) With A;; as the partition-
driving attribute influences accesses to the passive attribute A;;,
e.g., if partition pruning is applied [103]. This is the case if the set
of tuples accessed in the passive attribute A;; during wy, is a sub-
set of the tuples accessed in the partition-driving attribute A;,.
In particular, for each local tuple identifier 1id; over all parti-
tions (1 < k < pj)), the tuple block counter of A;; during wy is
smaller or equal than the tuple block counter of A;) during wy,.
Note that we need to iterate over all local tuple ids instead of
all tuple blocks because the tuple block size for the partition-
driving attribute A;) can be different than the tuple block size
of the passive attribute A;; due to varying data type width and
compression (cf. Lines 18 to 19). If the partition-driving attri-
bute A;) influences accesses to the passive attribute A;;, we use
the estimation of Case 2, i.e., we set B[b] = 1 if A;, is assumed
to be accessed; otherwise, we set B[b] = 0 (cf. Lines 15 to 20).

cAsE 4: The range partition [v;yy, 0jy(y44)) With Ajy as the partition-
driving attribute does not influence accesses to the passive at-
tribute A;;. In this case, we assume that the column partition Cyirt
is accessed during wj and set B[b] = 1 (cf. Lines 21 and 22).

Finally, we return the popcount of the bitmap B as estimated access

~

frequency f(Cyirt, VW) during workload W for Cyirt (cf. Line 23).

EXAMPLE Let us consider the collected workload execution statis-
tics in Figure 4.3. We observe that the domain block counters for
o_orderdate show no access to the value range [1993-05-29, 1998-08-
03). Thus, a column partition on o_orderdate, generated for the range
partition [1993-05-29, 1998-08-03) with o_orderdate as the partition-
driving attribute, would not be accessed. In addition, the accessed
tuples of o_custkey are a subset of the accessed tuples of o_orderdate.
Hence, the column partition of the passive attribute o_custkey, gener-
ated for the range partition [1993-05-29, 1998-08-03) with o_orderdate
as the partition-driving attribute, would not be accessed, too.
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Algorithm 4: Column Partition Storage Size Estimation

1 Function SizeEst(R;, Ajj, Air, Vipy, Vid(y+d)):
2 // estimated column partition cardinality provided by the database

)

4 // average storage size in bytes of a value v;j, € donn@Aﬁ)
5 | val_size < DBEstimate (||v;j||) [Bytes]

3 card <— DBEstimate (

O%MySAM<Umw+@(Ri)

6 // calculate storage size of an uncompressed column partition

, card - val_size [Bytes] "
7 | size_unpart < o - PAGESIZEY. . [Bytes]
PAGESIZEY, , [Bytes]
8 // estimated distinct count provided by the database
: : D
9 | distcnt < DBEstimate ( HAz‘j (vaSAil\@M(wd)(Ri)) )
10 // calculate storage size of a dictionary
distcnt - val_size |Bytes
u | size dict + . [Bytes| - PAGESIZE?, | [Bytes]
PAGESIZEY, . [Bytes]

12 // number of bits to represent all dictionary values and NULL

13 | num_bits < [logy(distcnt 4 1)]| [Bits]

14 // calculate storage size of a dict.-compressed column partition
num_bits [Bits] - card -‘

8 - PAGESIZES, . [Bytes]

16 | return min(size unpart,size_dict + size part)

- PAGESIZE®

virt

15 | size part <« { [Bytes]

4.6.2  Estimation of the Column Partition Storage Size

In Algorithm 4, we show the estimation of the storage size HE\:tH
for a column partition Cyir¢ that would be generated on attribute Ajj
for the range partition [v;)y, Vip(y+4)) With A;y as the partition-driving
attribute. Note that Algorithm 4 estimates the storage size of a column
partition for both partition-driving and passive attributes.

We start by estimating the cardinality of the column partition, using
a cardinality estimate provided by the database management sys-
tem [37] (cf. Line 3). Afterwards, we estimate the attribute data type
size in bytes (cf. Line 5). This estimate is precise for fixed-length data
types, whereas for variable-length data types, the data distribution
influences the precision of the estimate. As a next step, estimate the
storage size of an uncompressed column partition as the product of
the estimated cardinality and the attribute data type size (cf. Line 7).
The storage size is a multiple of the page size for an uncompressed
column partition PAGESIZEY, . (cf. Section 2.1.3).

In order to estimate the storage size of a dictionary-compressed
column partition, we first estimate the dictionary size, which is in-
fluenced by the number of values replicated within the dictionaries
of different partitions (cf. Line 9). The database provides the esti-
mated distinct count for the column partition [37]. Afterwards, we
multiply the estimated distinct count and the attribute data type size
in bytes to calculate the dictionary storage size. Note that we use a
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multiple of the dictionary page size PAGESIZE?, | (cf. Line 11). The
estimated storage size of a dictionary-compressed column partition
with bit-packing depends on the number of bits needed to represent
all values of the attribute’s domain within a column partition as de-
scribed in Section 2.3.2 (cf. Line 13). In general, one additional value
is reserved for the NULL value. We multiply the number of bits needed
by the estimated cardinality and use a multiple of the page size of a
dictionary-compressed column partition PAGESIZES, , (cf. Line 15).
Finally, we take the minimum of the estimated storage size of the
uncompressed column partition and the sum of the storage size of
the dictionary with the dictionary-compressed column partition as the

estimated storage size ||Cyirt|| (cf. Line 16).

4.7 COST MODEL

We now describe the calculation of the memory costs M, for a
column partition Cyyt that would be generated on attribute A;; for
the range partition [0jyy, Vip(y+4)) With Ajy as the partition-driving
attribute. The calculation is based on the estimated access frequency
f(Cyirt, W) for column partition Cyir during workload WV and the

estimated storage size ||Cyirt|| for column partition Cyiy, as described
in the previous section. The estimated memory costs M total fOr column
partition Cyir is then required in Algorithm 1 (cf. Line 15) to compute
an optimal range partitioning specification RPS;,.

The main idea is that the estimated access frequency f(CVirt,W)
for column partition Cyiy is utilized to classify the column partition
as either hot or cold, which then determines its memory costs. As
introduced in Section 2.4, we consider the 7r-second rule to classify a
column partition as hot or cold. We then assume that a hot-classified
column partition is configured to hold all data in DRAM, such that
its memory costs depend on DRAM prices and the storage size of the
column partition. In contrast, cold-classified column partitions can be
pruned during the evaluation of the selection predicate and, therefore,
are not required to be held in DRAM during the entire workload.
Since disk I/0O is performed instead for each access, their memory
costs depend on the number of accessed pages by workload ¥V and
the memory costs per disk IOP. As a consequence, the buffer pool
size BS can be calculated by summing up the storage sizes of all
hot-classified column partitions.

Definition 30 (Hot/Cold Classification). Given an estimated column
partition access frequency j?(Cm‘rt, W) by workload W, a maximum workload
execution time SLA in seconds, and 7t in seconds, a column partition Cyjy is
classified as hot if it is accessed more frequently than every rt-seconds:

isHot(Cyirt, W) < M < 71 [sec].
f(Cvirt/ W)
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We classify a column partition Cyi¢ as hot if the fraction of the
maximum workload execution time SLA and the estimated number of
accesses is smaller or equal to 7r. A misclassification of a hot column
partition as cold induces many expensive disk IOPs, degrades perfor-
mance, and potentially violates the SLA. By contrast, misclassification
of a cold column partition as hot increases the DRAM consumption,
resulting in higher internal costs for the database-as-a-service provider.
In terms of our cost model, the additional memory footprint for data
misclassified as cold is unbounded, whereas data misclassified as
hot is bounded. Nevertheless, in Section 4.8.4, we show that our esti-
mates are accurate so that expensive misclassifications of a hot column
partition as cold and vice versa are prevented.

The memory costs My, of a column partition Cyiyt are defined
in two steps. As a first step, we define the workload memory costs
M porkioad Of @ column partition Cyire that occur during the execution
of the workload W. As a second step, we define the table repartition-
ing costs Mepart incurred by generating column partition Cyjre. We
argue that considering table repartitioning costs is crucial because
Algorithm 1 should only propose a change in the range partitioning
specification RPS;, when the expected benefits of workload cost re-
ductions outweigh the cost of table repartitioning. Finally, we combine
the workload and table repartitioning costs into M.

Definition 31 (Workload Memory Costs). The the workload memory costs
in $ of a column partition Cyjyy during workload VW is defined as

Ml’lOf (Cvirt/ W) [$] lifiSHOt(CZ)il’ff W)
M o1 (Coint, W) [$]  otherwise.

Mworkload(cvirt, W) =

We now specify the cost functions My,,; and M_y;. The memory
costs of a hot-classified column partition are affected by the estimated
storage size of the column partition in bytes, the maximum workload
execution time in seconds, and the DRAM costs (in $ per byte per
second) because all data are held in DRAM.

Definition 32 (Memory Costs of a Hot-Classified Column Partition).

Given the estimated storage size of a column partition |m| in bytes, a
maximum workload execution time SLA in seconds, and the costs in $ for one
byte of main memory per seconds. The memory costs in $ of a hot-classified
column partition Cyys for workload W is defined as

Mot (Coirt, W) = DRAM Costs [?D/szgte

} ([Coine| | [Byte] - SLA[sec].

The memory costs of a column partition classified as cold consider
the estimated storage size in bytes of the column partition, the column
partition access frequency, and the hardware configuration because
data are fetched for every access.
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Definition 33 (Memory Costs of a Cold-Classified Column Partition).

Given the estimated storage size of a column partition HE;H in bytes, an
estimated column partition access frequency f(Cw-rt, W) by workload W,
the page size PAGESIZE.;; in bytes of Cyit, the costs in $ for a single disk
per seconds, and the amount of random read 10Ps per second (IOPS) of a
disk. The memory costs in $ of a cold-classified column partition Cyy for

workload WV is defined as

~ [Coirt]| [Byte Disk Costs|$/sec
Meoia(Coirt, W) ::f(CWf’W)"V ol yBJte -‘ ey [ Page ]
PAGESIZEoirt | pge| | Disk IOPS[- 7]

As a second step, we consider the table repartitioning costs that
would be incurred by generating column partition Cyir. A straightfor-
ward approach would be to calculate table repartitioning costs globally,
i.e., at the relation level. However, because Algorithm 1 operates at
the level of column partitions to find an optimal range partitioning
specification recursively, we need to compute the table repartitioning
costs per column partition. Furthermore, we decided to model table
repartitioning costs in $ to be able to compare the table repartitioning
costs to the specified workload memory costs (cf. Definition 31).

If a column partition Cyir already exists in the table partitioning
layout 7; of the current physical schema L, we set its repartitioning
costs to $0. Otherwise, the column partition Cyiy is created by splitting
or merging column partitions in the table partitioning layout 7; of the
current physical schema L, e.g., by separating hot and cold data
of a single range partition into two range partitions. In this case, we
make four assumptions:

1. As column stores often employ read-optimized data structures
(e.g., compressed dictionaries) that cannot be modified easily,
we assume that Cyj¢ is created from scratch (cf. Section 2.1.3).

2. Each value written to column partition Cyi;x was read from an
existing column partition in the table partitioning layout 7; of
the current physical schema L. Accordingly, we assume that
the total amount of data accessed during repartitioning is twice
the estimated storage size of the column partition Cyiy.

3. To reduce the impact on performance commitments, we ensure
fast repartitioning times by assuming that all data accessed
during repartitioning is held in DRAM.

4. We assume that the system exhibits a repartitioning rate Riate
in Byte/ sec for creating column partition Cyi, as well as a fixed
overhead Ryhg in sec for initializing Cyir (cf. Section 4.8).

Based on these assumptions, we define the table repartitioning
costs M epart that would occur for generating the column partition Cyy.
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Definition 34 (Table Repartitioning Costs). Given the estimated stor-

age size of a column partition ||Cyin|| in bytes, a repartitioning rate Ryae
in Byte/ sec, a fixed overhead R ,,mg in sec, and the costs in § for one byte of
main memory per seconds. The table repartitioning costs Myepart in § for a
column partition C;j based on the current physical schema Ly, is defined as

$O lfcvirt S 7?/ (ICi/ 7;; Compi)\) € ﬁcur
$/ Byt :
Moepart(Coirty Lour) = DRAM Costs [ 2221 - otherwise.

2. | ’CvirtH [Byte]' (W—i_Rovmd [SQC])
rate | “gec
We now combine the workload and table repartitioning costs into
the total memory cost My, in $ of a column partition Cyiyg.

Definition 35 (Total Memory Costs). We define the total memory costs
Miotar in $ for a column partition Cyiyy based on the workload VW and the
current physical schema L,y as

Mtotul (Cvirt; W/ »Ccur) = Mworkload<cvirt/ W) + Mrepart(cvirtz »Ccur)-

Finally, we argue that a minimum partition cardinality as a system-
specific restriction exists. The reason is that the overhead of scheduling
jobs and opening and closing partitions becomes too large when a
large amount of range partitions exists with a small partition cardi-
nality. As a consequence, we assign infinite memory costs to small
range partitions, such that Algorithm 1 proposes a range partitioning
specification, where the cardinality of each range partition is equal to
or larger than the threshold.

48 EXPERIMENTAL EVALUATION

The experimental evaluation of SAHARA is the final contribution
of this chapter. We implemented SAHARA as a prototype into SAP
HANA (cf. Section 2.3). The experimental setup is discussed in Sec-
tion 4.8.1. We then evaluate the memory footprint reduction achieved
by SAHARA (cf. Section 4.8.2), the hardware cost savings (cf. Sec-
tion 4.8.3), the precision of access frequency, storage size, and memory
cost estimations (cf. Section 4.8.4), optimality of range partitioning
specifications (cf. Section 4.8.5), and the runtime and memory over-
head as well as the optimization time of SAHARA (cf. Section 4.8.6).

4.8.1  Experimental Setup

We use the same test system as introduced in Section 3.4.1. As work-
loads, we consider JCC-H [22] (scale factor 10) and the Join Order
Benchmark (JOB) [98] (cf. Section 3.4.1). We argue that both workloads
pose a challenging environment for SAHARA as they include data and
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parameter skew, as well as data correlation. For both workloads, we
randomly sampled 200 SQL statements. In Section 3.4.1, we showed
how often each templated SQL statement occurs in each workload.

PARAMETERS We calculate 71 = 70 seconds by inserting the prices,
capacities, and performance of our hardware into the 7r-second rule
(cf. Section 2.4). As a result, we set the time window length to
/2 = 35 seconds, such that we fulfill the Nyquist-Shannon sam-
pling theorem (cf. Section 4.4). Furthermore, we set the minimum
partition cardinality to 100,000 based on the multi-threading and par-
titioning capabilities of SAP HANA. The page size varies between 4 KB
and 16 MB, depending on the column partition data type and their
usage (cf. Section 2.3.3). In order to spend at most 1% additional mem-
ory compared to the storage size on collecting workload execution
statistics, we set the block size of the tuple and domain block coun-
ters as follows: First, we group consecutive logical tuple identifiers
of dictionary-compressed column partitions (i.e., value identifiers)
into blocks such that the cumulative number of bits of each block
with bit-packing equals 4 KB. Second, we limit the number of domain
blocks per dictionary to 5000. Finally, we set Ryate to 133 MB/ sec
and Rgy:hg to 0.16 seconds using a g-error approximation [114]. In Sec-
tion 4.8.4, we analyze the impact of Rrate and Royrhg On the precision of
repartitioning costs. Overall, we argue that the parameters are neither
workload-specific nor need tuning by a database administrator.

BASELINE AND DATABASE EXPERTS: In order to demonstrate
SAHARA'’s effectiveness, we compare SAHARA against combinations
of partitioning layouts and buffer pool sizes. As a baseline, we include
the non-partitioned layout. Since related approaches (cf. Section 4.9)
optimize performance and, therefore, differ in their objective func-
tion to SAHARA, we compare ourselves to carefully hand-optimized
partitioning layouts proposed by database experts.

For JCC-H, the table partitioning layouts referred to as DB Expert 1
represents the recommendation [45] of hash partitioning the primary
key columns of orders and lineitem. The table partitioning layouts
referred to as DB Expert 2 represents the recommendation [34] of range
partitioning orders and lineitem on the columns o_orderdate and
1_shipdate. SAHARA also recommends range partitioning orders
and lineitem on o_orderdate and 1_shipdate but with a different
range partitioning specification. In particular, the partition boundary
values are picked based on the workload’s data access pattern. To give
an example, a range partition for orders with the value range [1995-
01-02, 1997-05-01) is created because it will be only rarely accessed (cf.
Figure 4.1). The table partitioning layouts from SAHARA and both
database experts for JCC-H are illustrated in Table 4.1.
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Relation  Partition-Driving Attribute Range Partitioning Specification

orders o_orderdate {1992-01-01, 1993-01-01, 1993-05-30, 1994-05-27,
1995-01-02, 1997-05-01, 1997-09-02 }
lineitem 1_shipdate { 1992-01-02, 1993-01-01, 1994-01-01, 1995-01-01,
1996-05-21 }
(a) SAHARA

Relation  Partition-Driving Attribute Number of Hash Partitions

orders o_orderkey 8

lineitem 1_orderkey 8

(b) DB Expert 1

Relation  Partition-Driving Attribute Range Partitioning Specification

orders o_orderdate {1992-01-01, 1993-01-01, 1994-01-01, 1995-01-01,
1996-01-01, 1997-01-01, 1998-01-01 }
lineitem 1_shipdate { 1992-01-01, 1993-01-01, 1994-01-01, 1995-01-01,

1996-01-01, 1997-01-01, 1998-01-01 }

(c) DB Expert 2

Table 4.1: Table partitioning layouts from SAHARA and both database experts for JCC-H [22].

To the best of our knowledge, no related work on partitioning the
tables of JOB exists. As JOB executes many joins between the foreign
key column movie_id and the primary key column id of table title,
DB Expert 1 might partition on these columns. The physical schema
referred to as DB Expert 2 creates range partitioning specifications
on columns with selective filter predicates, e.g., production_year of
title. SAHARA instead recommends range partitioning specifications
for the relations aka_name, cast_info, char_name, name, title, and
movie_info. In Table 4.2, we illustrate the table partitioning layouts
from SAHARA and both database experts for JOB.

For both JCC-H and JOB, we compare SAHARA against three strat-
egies to configure the buffer pool size. The strategy referred to as
ALL in Memory denotes the baseline where the buffer pool size is set
to the accumulated storage size of all partitions. This yields the best
performance but results in a high memory costs. The strategy referred
to as WS in Memory is a database expert, who profiled the workload
accesses and set the buffer pool size to the working set (WS) size, i.e.,
all accessed data fits into the buffer pool. The strategy referred to as
MIN in Memory (SLA) represents a database expert, who sets the buffer
pool size to the smallest value such that the SLA is still fulfilled.
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Partition-
Relation Driving Range Partitioning Specification
Attribute

aka_name person_id { 4,2534118 }

cast_info  note {’( (as Laura Bauer) (as Laura Cunningham)’,
"(episode 2 "Total Wedding")’,
’(location assistant) (as Anna Johansson)’,
"(printer: SQ Film Laboratories) (as Oscar Camposano)’,
"(production accountant) (as Jose Lichtig)’,
"(story "Langes radieux")’, ’(story) (as Martin Herbert)’,
‘(video "Loshadka" species of fishes remix)’,
‘(written by) (as Frank Wind)” }

char_name  name { "Nanseb’, ‘Benjamin Verdoodt’ "Dolores LeBeau’,
"Frania Caravelle’, "Herself’, ‘Inserviente piscina’, 'Lizuca’,
"Mrs. Hanton’, ‘Playground kid 2’, ‘Scullen’, ‘Tinkerbell the Dog’ }

name gender {f,m"}
title episode_nr {1,3434}
movie_info note { ’"3 Ways to Kill a Mook" Film Premiere Program’,

'(interiors: motel)’, "<Stever’, "Foreign Policy Association’, ‘trivia’ }

(a) SAHARA

Relation Partition-Driving Attribute Number of Hash Partitions
aka_title movie_id 8
cast_info movie_id 8
complete_cast movie_id 8
movie_companies movie_id 8
movie_info_idx movie_id 8
movie_keyword movie_id 8
movie_link movie_id 8
title id 8
movie_info movie_id 8

(b) DB Expert 1
Relation Partition-Driving Attribute Range Partitioning Specification
company_name country_code {’[ad], '[us]’, [uy] }
name gender {f, m"}
title production_year { 1, 1950, 1980, 2000, 2005, 2010 }

(c) DB Expert 2

Table 4.2: Table partitioning layouts from SAHARA and both database experts for JOB [98].
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Figure 4.6: Comparison of workload execution times £(W, L, BS) relative to
the SLA (y-axis) for varying buffer pool sizes BS (x-axis) between
SAHARA and table partitioning layouts proposed by database
experts, running the workloads JCC-H and JOB.

4.8.2  Experiment 1: Memory Footprint Reduction

The first experiment analyzes the effect of the proposed partitioning
specifications on the minimal required buffer pool size BS that still
fulfills a performance commitment, defined as a maximum workload
execution time SLA. For illustration purposes, we depict an SLA as
a maximum workload execution time that is 4x slower than the in-
memory workload execution time on a non-partitioned layout. We
observed similar memory footprint reductions for other SLAs.
Figure 4.6a shows on the y-axis the relative end-to-end workload
execution time for the previously explained table partitioning layouts
of JCC-H. The x-axis represents the buffer pool size BS. The storage
sizes differ for all table partitioning layouts since the partitioning
specification impacts dictionary compression and additional compres-
sion techniques such as bit-packing. For instance, hash partitioning
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produces many duplicate dictionary entries. The execution times of
all table partitioning layouts are approximately equal between the
storage size (ALL in Memory) and the size of the accessed data (WS
in Memory). In this segment, the buffer pool size may be reduced
without increasing execution times. Further lowering the buffer pool
size starts to increase the execution time. For the non-partitioned lay-
out, the smallest possible buffer pool size, which still fulfills the SLA,
is 900 MB. DB Expert 1 needs a buffer pool size of at least 1000 MB
because hash-partitioning does not cluster hot and cold data into sep-
arate partitions, while DB Expert 2 can decrease the buffer pool size
until 700 MB using range partitioning. The physical schema proposed
by SAHARA reduces the buffer pool size to 280 MB while still fulfill-
ing the SLA by separating hot and cold data into disjoint partitions to
avoid pollution of the buffer pool with cold data. As a consequence,
SAHARA increases the tenant density by 2.5x compared to table par-
titioning layouts proposed by experts. Compared to the total storage
size of each physical schema, SAHARA reduces the memory footprint
by a factor of 16.6, whereas the workload execution time increases, ac-
cording to the SLA, only by a factor of 4. Since SAHARA consistently
yields the best performance or comes close to the best performance
for all buffer pool sizes, SAHARA reduces the memory footprint for
all other possible SLAs, too.

The measurements for JOB in Figure 4.6b show similar effects.
SAHARA is again able to run the workload with the smallest buffer
pool (240 MB) and increases the tenant density by at least 1.7x com-
pared to database experts and the baseline. DB Expert 1 consumes
substantially more memory than other table partitioning layouts due
to many duplicate dictionary entries caused by hash partitioning.

4.8.3 Experiment 2: Hardware Cost Savings

The second experiment analyzes the hardware cost that a database-
as-a-service provider needs to pay for executing the workload W. As
SAHARA optimizes the memory costs, we calculate the hardware costs
with a fixed number of CPUs. The task of proposing an appropriate
number of CPUs [41, 43] is beyond the scope. We run the experiment
on the introduced on-premise hardware (cf. Section 3.4.1) but map
the provisioned hardware costs to a memory-optimized Google Cloud
instance, priced at $2610 per TB/month of DRAM and $80.00 per TB/-
month for regional standard provisioned disk space, as introduced
in Section 2.4. While DRAM and provisioned disk space are billed
per GB on Google Cloud, database-as-a-service providers can reduce
hardware costs internally on a more fine-granular level by placing
multiple database instances on the same node. As a result, we consider
memory costs Cgoogle Of @ Google Cloud instance per MB/s in ¢.
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Figure 4.7: Comparison of hardware memory costs Cgoogle in ¢ on Google
Cloud (y-axis) for varying buffer pool sizes BS (x-axis) between
SAHARA and table partitioning layouts proposed by database
experts, running the workloads JCC-H and JOB.

Figure 4.7a shows on the y-axis the memory cost Cgoogle in ¢ for
different table partitioning layouts of JCC-H and on the x-axis the
buffer pool size BS. We use the same definition of the SLA as in
Experiment 1. The costs of all table partitioning layouts decrease from
the storage size (ALL in Memory) until the first local minimum close
to the size of the accessed data (WS in Memory). By lowering the
buffer pool size further, the costs start to increase because increasing
execution times impact costs more heavily than reduced buffer pool
sizes. Below a buffer pool size of ca. 800 MB, costs for SAHARA and
both database experts are reduced since hot data are cached in the
buffer pool. While the SLA for both experts is no longer fulfilled,
SAHARA reduces the costs to 0.04¢ with a buffer pool size of 280 MB
and fulfills the SLA. For the non-partitioned layout and both experts,
the cost-optimal buffer pool size (0.06¢) that fulfills the SLA is 2.4 GB.
Thus, SAHARA yields the smallest buffer pool size and memory costs.
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The measurements for JOB in Figure 4.7b show similar behav-
ior. SAHARA achieves a cost-optimal buffer pool size, still fulfilling
the SLA, at only 240 MB (0.15¢), while other table partitioning layouts
require a buffer pool size of at least 1000 MB for minimal costs (0.16¢).

4.8.4 Experiment 3: Precision of Estimates

The third experiment evaluates how precisely SAHARA estimates
access frequencies, storage sizes, workload memory costs, and table
repartitioning costs. We generated for JCC-H 67 and for JOB 37 ran-
dom range partitioning specifications with a random partition-driving
attribute and then compared the estimated and actual values at rela-
tion, attribute, and column partition level. In summary, we analyzed
67 estimates at relation, 1030 at attribute, and 5699 at column partition
level for JCC-H, and 37 estimates at relation, 310 at attribute, and 2237
at column partition level for JOB. In contrast to estimates for access
frequencies, storage sizes, and workload memory costs, table reparti-
tioning costs can only be compared at the relation level. For this pur-
pose, we generated 363 random range partitioning specifications with
a random partition-driving attribute for 1ineitem and orders of JCCH
and makes, servers, install_sessions, test_profiles, test_cases,
test_case_info, test_log_files, and single_tests of the quality
assurance database (QADB) of the SAP HANA development project.
The QADB will be explained in more detail in Chapter 5.

ACCESS FREQUENCY The y-axis of Figure 4.8a shows the ratio
between the estimated and the actual access frequency at relation,
attribute, and column partition level using different range partitioning
specifications for JCC-H (on the left) and JOB (on the right). Overesti-
mated is shown on the top, underestimation is depicted on the bottom.
Since partition pruning impacts the access frequency and SAHARA
proposes a new range partitioning specification based on the collected
workload execution statistics of the current physical schema, the cur-
rent range partitioning specification can impact the precision of the
estimates (cf. Section 4.6.1). In general, we observe that most estimates
are bound by a factor of 4. Therefore, expensive misclassifications of a
hot page as being cold and vice versa are prevented.

STORAGE SIZE Figure 4.8b shows the ratio between the estimated
and the actual storage size at relation, attribute, and column partition
granularity using different range partitioning specifications for JCC-H
and JOB. An overestimated storage size is shown on the top, underes-
timation is depicted on the bottom. We observe that all storage size
estimation errors for JCC-H are bounded by a factor of 1.5. Although
JCC-H adds skew to the data compared to TPC-H, it is still a synthetic
benchmark and, therefore, not a challenging task for the storage size
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Figure 4.8: Precision of access frequency, storage size, workload memory costs, and table repartition-
ing costs at relation, attribute (except table repartitioning costs), and column partition
level (except table repartitioning costs) for random range partitioning specifications
with random partition-driving attribute.

estimator. For JOB, SAHARA tends to underestimate the storage size.
This is because commercial systems tend to underestimate the cardi-
nality for JOB, as shown by Leis et al. [98], and the cardinality estimate
mainly influences the estimated storage size (cf. Algorithm 4). Even
s0, most estimation errors are still bounded by a factor 2.

WORKLOAD MEMORY cOsTs Figure 4.8c shows the estimated-to-
actual workload memory cost ratio at relation, attribute, and column
partition levels. Again, overestimation is shown on the top, while
underestimation is depicted on the bottom. The estimated workload
memory cost depends on the estimated access frequency and the esti-
mated storage size. We observe that SAHARA tends to overestimate
the workload memory cost for JCC-H because the access frequencies
tend to be slightly overestimated, whereas the storage sizes are esti-
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mated nearly optimal. The estimated access frequency dominates the
estimated workload memory cost for JCC-H. In contrast, estimates for
JOB are underestimated because both access frequencies and storage
sizes tend to be underestimated.

TABLE REPARTITIONING COSTs In contrast to access frequencies,
storage sizes, and workload memory costs, table repartitioning costs
can only be analyzed at the relation level as repartitioning is a pro-
cess that is performed for the entire table. For each generated table
repartitioning process, Figure 4.8d shows on the x-axis the estimated
table repartitioning costs with Ryae set to 133 MB/sec and Rgyhg set
to 0.16 sec, while the y-axis then denotes the measured table reparti-
tioning costs. We observe a strong correlation between the estimated
and actual repartitioning costs as the maximum g-error [115] is 2.27.

4.8.5 Experiment 4: Optimality

The fourth experiment evaluates the impact of the estimates on the
optimality of the proposed range partitioning specification. For this
experiment, we created range partitioning specifications with the low-
est estimated memory costs M tota1 for all possible partition-driving
attributes and number of partitions. We then ran the workload and
compared the actual memory costs My, for each created table par-
titioning layout against the solution proposed by SAHARA, the non-
partitioned table partitioning layout, and the table partitioning layouts
proposed by database experts.

Figure 4.9 shows on the y-axis the actual memory footprint M, for
table partitioning layouts of six different partition-driving attributes
of lineitem. The x-axis denotes the number of partitions per layout.
We also highlight SAHARA, the non-partitioned layout, and the lay-
outs chosen by database experts. As SAHARA estimates are accurate
(cf. Section 4.8.4), the proposed table partitioning layout with five
partitions and 1_shipdate as partition-driving attribute is close to
the optimum with seven partitions. DB Expert 2 chooses the same
partition-driving attribute but has higher memory costs than SAHARA
due to a different range partitioning specification. DB Expert 1 picks
the wrong partition-driving attribute (1_orderkey) and has higher
memory costs than most other table partitioning layouts. Note that
1_receiptdate and 1_commitdate as partition-driving attributes also
have low memory costs due to their correlation with 1_shipdate. We
observed similar behavior for other tables of JCC-H and JOB.

As SAHARA'’s choice is close to the optimum, it particularly re-
duces the access frequencies while still considering the impact of
range partitioning specification on the storage size. The reason is
that an increasing number of partitions would separate hot and cold
data better into partitions by reducing the number of accesses and,
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Figure 4.9: Comparison between SAHARA, a non-partitioned layout, table
partitioning layouts proposed by database experts, and layouts
with the lowest estimated memory costs for all possible partition-
driving attributes and number of partitions (x-axis) of lineitem.
The y-axis shows the actual memory costs My, after running
the JCC-H benchmark on all table partitioning layouts.

therefore, reducing the memory costs. However, an increasing number
of partitions would also increase the storage size in most cases due
to dictionary duplicates and, therefore, increase the memory costs.
SAHARA instead balances both. In summary, SAHARA's partitioning
layout is close to the optimum, while other partitioning layouts may
fail due to the wrong choice of the partition-driving attribute or range
partitioning specification.

In Figure 4.9, we showed the output of SAHARA using Algorithm 1.
In order to lower the optimization time, we introduced the Sum-
MaxMinDiff heuristic (cf. Algorithm 2). However, the SumMaxMin-
Diff heuristic does not guarantee an optimal range partitioning spec-
ification with respect to estimated access frequencies and storage
sizes. When we apply the SumMaxMinDiff heuristic instead of Algo-
rithm 1 for proposing range partitioning specifications, we observe
that for JCC-H only the range partitioning specification for orders
and lineitem has higher memory costs M,;,;; compared to the range
partitioning specification proposed by Algorithm 1. The memory costs
increase by 0.6% for orders and by 0.8% for lineitem. For JOB, the
proposed range partitioning specifications for aka_name using the
SumMaxMinDiff heuristic results in 0.1% higher memory costs My,
compared to Algorithm 1. For cast_info the memory costs My,
increase by 2.9%, for char_name by 4.3%, and for movei_info by 6.5%
compared to Algorithm 1. In summary, the SumMaxMinDiff heuristic
provides near-optimal partitioning specifications because the memory
costs increase by at most 6.5%.
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Workload JCC-H JOB
Statistics Collection: Memory Overhead 0.39% 0.28%
Statistics Collection: Runtime Overhead 14.84%  18.74%
Optimization Time: Algorithm 1 (DP) 3.06 sec  1.45 sec

Optimization Time: Algorithm 2 (SumMaxMinDiff)  0.02 sec  0.01 sec

Table 4.3: Memory and runtime overhead for the collection of workload
execution statistics and optimization time for determining range
partitioning specifications.

4.8.6  Experiment 5: Overhead and Optimization Time

The final experiment evaluates the memory (relative to the storage size)
and runtime overhead (relative to the in-memory workload execution
time of Experiment 1) for collecting workload execution statistics, as
well as the optimization time of SAHARA, using either Algorithm 1
(DP) or Algorithm 2 (SumMaxMinDiff).

In Table 4.3, we see that SAHARA has a low optimization time and
a low memory overhead. However, the runtime overhead is notable
and similar compared to the runtime overhead of Access Counter 4,
as evaluated in Section 3.4.5. Nevertheless, we argue that although the
runtime overhead is notable, our approach enables substantial memory
cost reductions. Furthermore, the workload execution statistics may
be collected only periodically or sampling could be applied to reduce
the runtime overhead.

4.9 RELATED WORK

We now discuss the novelties of SAHARA compared to related ap-
proaches. Our findings are also summarized in Figure 4.10.

The objective function is the main difference between state-of-the-
art table partitioning advisors and SAHARA. While all other table
partitioning advisors focus on maximizing performance, the function
of SAHARA is reducing memory footprint.

Besides SAHARA, Casper [11] is the only table partitioning advi-
sor specifically built for column stores. All other table partitioning
advisors are mainly designed for row stores. Besides the different
objective function, Casper has the following two shortcomings: First,
the partition-driving attribute has to be provided by the database
administrator. Second, only selection operators are considered during
optimization. Instead, our approach recommends a partition-driving
attribute and a range partitioning specification (cf. Section 4.5). Further-
more, we handle all operators of the physical execution plan during
statistics collection (cf. Section 4.4) and estimation (cf. Section 4.6),
and, therefore, SAHARA can be used for any workload.
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Figure 4.10: Comparison between SAHARA and state-of-the-art table parti-
tioning advisors on their objective function and storage model.

Schism [38], Clay [149], Horticulture [133], Mesa [119], Hilprecht et
al. [73], Strife [138], and Chiller [173] are table partitioning advisors for
distributed DBMS and designed for row stores. They aim to minimize
cross-partition transactions by distributing hot accesses evenly across
all server nodes, thus generating pages with mixed temperatures (i.e.,
hot and cold data). As a result, the buffer pool is polluted with cold
data. Our approach does the exact opposite: SAHARA separates hot
and cold data into partitions, such that a buffer pool pollution with
cold data is avoided, and the memory footprint can be reduced.

Table partitioning advisors in IBM DB2 [79, 141, 174] and Microsoft
SQL Server [4, 5, 111] support column stores only partially. For exam-
ple, IBM DB2 does not support range partitioning specifications for
column store tables [78]. Both commercial tools minimize estimated
query costs, i.e., query response time, using the optimizer’s what-if
APIL Apart from a different objective function, our approach does not
rely on the optimizer’s what-if API and is not sensitive to any skew in
the distribution of data accesses. We determine a range partitioning
specification based on physical collected data accesses (cf. Section 4.4).

As DRAM is an expensive hardware resource [106], the following
approaches also focus on identifying hot and cold data, intending to
move cold data to secondary storage or compressing cold data with a
higher compression ratio. However, SAHARA is the first approach that
uses table partitioning as a technique to reduce the memory footprint.

Data skipping [158] and Qd-tree [172] analyze filter predicates and
group tuples into pages to minimize I/O cost by routing the statements
to the blocks that need to be accessed. Both approaches work on a
more fine-granular level and thus can be applied on top of SAHARA.

Project Siberia [7, 51, 102] and X-Engine [76] leverage access fre-
quencies at row, respectively, at extent granularity, to identify tuples
that can be moved to secondary storage. While X-Engine does not
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disclose details of its temperature metric, Project Siberia collects log
samples to estimate the access frequency. SAHARA instead collects all
physical data accesses of the workload (cf. Section 4.4) and proposes
a range partitioning specification rather than move individual tuples
from DRAM to secondary storage.

Anti-Caching [44] and LeanStore [99, 120] utilize replacement poli-
cies instead of access counters to identify cold data. Unlike both
approaches, SAHARA’s uses the rt-minute-rule to classify data as hot
and cold without additional tuning knobs, based only on the hardware
and the workload (cf. Section 4.7).

Hyrise [20] and Mosaic [162] determine hot and cold columns based
on a representative workload sample. Since data access patterns are
already heavily distorted within a column due to events like Black
Friday [22, 46, 76], SAHARA classifies hot and cold data at a more
fine-granular level and proposes a range partitioning specification.

HyPer [56] uses flags of the CPU’s MMU for each virtual memory
page to identify cold pages for compression. While HyPer considers
only compression and does not change the physical schema, we con-
sider partition pruning (cf. Section 4.6.1) and dictionary compression
(cf. Section 4.6.2) while determining an optimal range partitioning
specification. Both are excellent opportunities to reduce the memory
footprint of database management systems.

4.10 DISCUSSION

In this chapter, we presented a table partitioning advisor that utilizes
the collected workload execution statistics from Chapter 3. Our table
partitioning advisor focuses on minimizing the buffer pool size while
still adhering to performance commitments and, therefore, addresses
the second challenge of this dissertation (cf. Section 1.3.2). The pro-
posed solution is based on a typical workload characteristic, where
tuples of a relation are either frequently or rarely accessed according to
a value range of a specific attribute of that relation. As a consequence,
we group tuples that belong to hot-classified value ranges into hot
range partitions, whereas tuples for cold-classified value ranges are
gathered into cold range partitions. We then keep only hot-classified
column partitions with a high density of hot data in the buffer pool.
This results in a reduced buffer pool size and avoids polluting DRAM
with cold data. In addition, we consider dictionary compression with
bit packing and partition pruning during optimization. Both are ex-
cellent further opportunities to reduce the buffer pool size and are
employed in many column stores. Finally, we integrated SAHARA as
a prototype into SAP HANA. Our experimental evaluation (cf. Sec-
tion 4.8) demonstrates a buffer pool size reduction of up to 3.2x while
still adhering to SLAs compared to table partitioning layouts proposed
by database experts and the non-partitioned layout.
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In the previous chapter, we demonstrated how a table partitioning
advisor utilizes the collected workload execution statistics from Chap-
ter 3 to propose a physical schema that allows reducing the buffer pool
size while still fulfilling performance commitments. As real-world ap-
plications, however, are characterized by workloads where the arrival
rate and parameterization of SQL statements change over time, the
proposed physical schema may no longer be optimal. This may lead
to an increased buffer pool size, or performance commitments can
no longer be fulfilled. Therefore, we now address the third challenge
of this dissertation (cf. Section 1.3.3), which concerns predicting the
future workload based on an observed workload. The predicted work-
load can then be used as input to the table partitioning advisor from
Chapter 4 or by any other physical database design advisor that relies
on workload statistics to optimize the physical schema for the future.

5.1 MOTIVATION

As the physical schema of a database significantly impact its perfor-
mance and memory footprint, academia and industry developed tools
for automated physical database design advice (cf. Section 2.2). Most
existing advisor tools, particularly table partitioning advisors [4, 5, 25,
38, 73, 119, 141, 173], focus only on static workloads, i.e., a physical
schema is proposed under the assumption that the collected workload
execution statistics (cf. Chapter 3) are stable over time. However, work-
loads for real-world applications are in most cases not stable and thus
change over time [49, 74, 75, 107, 134]. More specifically, workload drifts
can be identified, which are characterized by a temporal change in the
arrival rate of SQL statements or in the parameter values assigned to
the host variables of a statement. In real-world applications, the five
drift types linear, exponential, reoccurring, static, and irregular have
been identified [57, 75, 107]. Whenever workload drifts are not ad-
dressed timely, the current physical schema may no longer be optimal.
As a consequence, the database-as-a-service provider may increase
the buffer pool size of hosted database instances to still adhere to
performance commitments. This may lead to increased internal costs
and lower the profitability of database-as-a-service providers.

A straightforward method to deal with workload drifts is to re-
peatedly feed the observed workload into a physical database design
advisor at fixed intervals [11, 133, 138, 149]. However, such an ap-
proach is inherently backward-looking as the suggested physical schema
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lags behind workload drifts and may already be suboptimal when the
data reorganization starts. By contrast, we propose a forward-looking
approach that determines the new physical schema using a prediction
of the future workload. We then feed the predicted workload into a
physical database design advisor, such that the physical schema is
optimized for the future workload.

To illustrate the benefits of a forward-looking approach, let us
consider the quality assurance database (QADB) of the SAP HANA
development project [12, 13] as a real-world scenario for workload
drift. The QADB records statistics about more than 30 billion test runs
to identify bugs or authorize patches. In QADB, related test cases (e.g.,
TPC-H benchmark queries) are grouped into test profiles. Therefore,
the following SQL statement returns the status (e.g., OK, running,
failed, skipped) of all test cases with the given test profile ID:

SELECT status
FROM  test_cases
WHERE id_test_profile = :1.

In Figure 5.1a, we depict on the left side the observed workload dur-
ing a six-hour time window on a regular workday. Each dot represents
a statement execution at a specific time (x-axis) with a specific parame-
ter value (y-axis) assigned to the host variable : 1. We observe that the
workload drifts over time as the later the statement is instantiated, the
larger the parameter value becomes. Using a backward-looking ap-
proach, the table partitioning advisor of Chapter 4 proposes the table
partitioning layout 7gps, illustrated on the right side in Figure 5.1a. The
table partitioning layout 7. is generated by grouping frequently ac-
cessed tuples of test_cases (Ry) with id_test_profile > 72,153,000
into a hot partition P;; and all other records into a cold partition Pj;.

Contrary to that, a forward-looking approach first predicts the
future workload based on the observed workload and then feeds
the predicted workload into a table partitioning advisor. On the
left side in Figure 5.1b, we illustrate the predicted workload. The
table partitioning advisor of Chapter 4 proposes then a table par-
titioning layout 7preq, illustrated on the right side in Figure 5.1b,
which groups frequently accessed tuples of test_cases (R;) with
id_test_profile > 72,164,500 into a hot partition P;3, while rarely
accessed tuples with 72,153,000 < id_test_profile < 72,164,500 are
grouped into a cold partition Pj; and all other tuples with no accesses
into another cold partition Pi;.

In order to demonstrate the benefits of the forward-looking ap-
proach in terms of memory footprint, we ran the actual future work-
load, as illustrated in Figure 5.2, in SAP HANA'’s column store (cf.
Section 2.3) for both partitioning layouts, where each layout is stored
on pages, is not clustered by id_test_profile, and no index exists
on id_test_profile. After running the future workload, we observed
that the table partitioning layout 7preq, as proposed by the forward-
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(a) Observed Workload O and the proposed table partitioning layout 7,,s (backward-looking approach)
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(b) Predicted Workload P and the proposed table partitioning layout 7peq (forward-looking approach)

Figure 5.1: The assignments of parameter values to the host variable :1 for statement “SELECT
status FROM test_cases WHERE id_test_profile = :1” of the observed O and pre-
dicted workload P. The backward-looking approach then proposes for relation
test_cases (R1) the table partitioning layout 7,s based on the observed workload O,
while a forward-looking approach proposes table partitioning layout 7preq based on the
predicted workload P.
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Figure 5.2: The assignments of parameter values to the host vari-
able :1 for statement “SELECT status FROM test_cases WHERE
id_test_profile = :1” of the actual future workload F.

looking approach, reduces the number of frequently accessed hot
pages held in DRAM by a factor of ~2 compared to the table partition-
ing layout 7Tops as suggested by the backward-looking approach. There
are two reasons for this: First, since the future workload (cf. Figure 5.2)
frequently accesses tuples with id_test_profile > 72,164,500, parti-
tion pruning during the evaluation of the selection predicate results
only in frequent scans of the small column partition Cy23 in layout Tpreq
(59,677 tuples), while in the backward-looking approach the larger
column partition Cip, in layout 7gps (145,886 tuples) must be scanned.
Second, the qualifying tuples to project on status are only distributed
on the smaller partition Pi3 in layout 7peq compared to the larger
partition Pj, in layout 7ops. As a consequence, only pages of the small
column partition Cjy3 in layout 7;)red are accessed during tuple mate-
rialization. In contrast, the qualifying tuples in layout 7ps are likely
distributed over all pages of the larger column partition Cy1, since the
tuples are not clustered by id_test_profile.

While this example demonstrates how a table partitioning layout
optimized on the future workload can reduce the memory footprint,
existing workload predictors focus solely on forecasting the future
statement arrival rate [49, 74, 75, 107, 134]. Consequently, their predic-
tions can only serve as input to index advisors but cannot be used for
table partitioning advisors. This is because a table partitioning advisor
needs knowledge about future assignments of parameter values in the
WHERE clause to propose a range partition that can be pruned in the
future workload. As we will see later in this chapter, for an individual
statement, the arrival rate and the assignments of parameter values
to host variables can be affected by different workload drift types,
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which can also overlap. Therefore, a workload predictor must be able
to handle workload drift types and combinations thereof at the arrival
rate and assignment level.

In order to address the shortcomings of existing workload predictors,
we present the OUTATIME framework that consists of two phases.
While the first phase predicts the future workload, the second phase
feeds the predicted workload into a physical database design advisor.
Both phases are periodically repeated to ensure a continuous adaption
of the physical schema. Within the workload prediction phase, we
predict the future parameter values assigned to the host variables and
the future arrival rate of statements. Hence, the predicted workload of
our approach can be used for any physical database design advisor
that relies on workload statistics. Our framework is also extensible
enough to support novel workload drift types in the future.

5.2 PROBLEM STATEMENT

In this section, we formalize the problem of predicting the future
workload based on the observed workload. We begin by defining the
observed and future workload, and subsequently state the problem.
All introduced notation of this chapter is summarized in Table 5.1. In
addition, Table 5.1 displays all relevant notation from Section 2.1 to
understand the definitions of this chapter, e.g., the notation of host
variables and statement instantiations.

Definition 36 (Observed and Future Workload). Let o, 0., fs, fo € IN
be four timestamps, such that os < 0, < fs < f.. We define an observed
workload as O, such that ¥(t,5,,V;) € O : 05 < t < 0., and a future
workload as F, such that ¥(t,5,,Vy) € F : fs <t < fe.

Problem 3 (Workload Prediction). The problem we consider is to find a
predicted workload P from an observed workload O, where ¥(t,S,,V;) €
P : fs <t < fe, such that the predicted workload P approximates the future
workload F.

Figure 5.1a shows an observed workload O, where the host vari-
able :1 is assigned frequently by parameter values between 72,160,000
and 72,167,000. By contrast, in the future workload F (cf. Figure 5.2),
the host variable :1 is assigned frequently by parameter values be-
tween 72,166,000 and 72,174,000. Figure 5.1b shows then the predicted
workload P that approximates the future workload F.

5.3 WORKLOAD DRIFT TYPES

We now discuss the characteristics of the five workload drift types
linear, exponential, reoccurring, static, and irregular that have been
identified in real-world applications [57, 75, 107]. We illustrate each
drift type using an example from SAP HANA'’s test environment.
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S={S1,..,Sq-.,Su}
Hy = (g1, oo Bgrs oo g,

A set of u parameterized SQL statements.
A vector of w, host variables of S;.

Vy A vector of w,; parameter values.

(t,54, V) A statement instantiation of S; with vector V; of parameter values at
timestamp t, where parameter value V;[r] is assigned to .

w A workload as a set of z statement instantiations.

O, F,P The observed, future, and predicted workload.

0s, 0p The start and end timestamps of O.

fsi fe The start and end timestamps of F and P.

0 A discretization interval between two successive, discrete timestamps.

A(os,0¢) A set of equidistant timestamps between o, and o,.

E(t,0,5,) The observed statement arrival frequency at ¢ for S; in O.

SAR(O,S;) The observed statement arrival rate for S; in O.

p(SAR(O,S;)) The Pearson correlation coefficient p applied on the observed SAR.

p(log(SAR(O, Sy))) The Pearson correlation coefficient p on the logarithm of the observed
SAR, where log is applied on the frequencies in the observed SAR.

Plins Pexp Two thresholds to detect either a linear or an exponential drift.

DFT(SAR(O,S;)) The discrete Fourier transform on the observed SAR.

uby, lb, The smallest and largest statement arrival frequency of S; in O.

0, A threshold for S, to detect a reoccurring drift based on a fixed @cyc.

RMSE(SAR(O, S;)) The root mean square error on the observed SAR.

Hq The mean statement arrival frequency for S, in O.

Pstatic A threshold to detect a static workload.

(O, hgr) The set of all assignments to 15 in O.

v-6 A threshold interval as a multiple of the discretization interval J to

SFA(O, hgy), SEFA(P, hyr)
‘Xsub (O/ hqr)/ ‘xreg(oz hqr)

(£, Vy[r])

Int(k)=[x-5,(k+1)-95)

distinguish time-dependent and time-independent assignments.
The observed (predicted) series of fresh assignments of 1y in O (P).
The set of subsequent (regular) assignments to f, in O.

The time difference between a subsequent assignment (t, V;[r]) €
K, and its corresponding fresh assignment.

A time interval with ¢ as the interval length.

Psub A probability mass function for subsequent assignments.
Preg A probability mass function for regular assignments.

1 The prediction confidence factor.

w The observation period.

Table 5.1: Notation for workload prediction.
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Figure 5.3: Reoccurring workload drift for parameter values of id_make in
“INSERT INTO install_sessions (id_make, id_server) VALUES
(:1, :2)”. A single dot represents one assignment to :1 by a
certain parameter value (y-axis) at a certain time (x-axis).

5.3.1 Linear / Exponential Workload Drift

A linear workload drift is characterized when the statement arrival
rate or parameter values assigned to a host variable increase or de-
crease linearly over time. For example, in Figure 5.1a, we observe
linearly increasing parameter values of the domain id_make assigned
to the host variable :1. Further, the statement arrival rate or param-
eter values assigned to a host variable can also increase or decrease
exponentially over time. For example, close to the release of a new
SAP HANA version, certain statements are instantiated exponentially
more frequently than during regular development phases.

5.3.2 Reoccurring Workload Drift

Since databases often interact with humans, workloads may follow
reoccurring patterns [74, 107]. For example, to test a specific SAP
HANA build, the following SQL statement is executed when a test
environment, called install session, is created on a dedicated test server:

INSERT INTO install_sessions (id_make, id_server)
VALUES (:1, :2).

In Figure 5.3, we show all instantiations of this statement between
December 11 and 31 in 2020 at a certain time (x-axis) using a specific
build ID (y-axis). We observe a steep increase of id_make on weekdays
alternated with much slighter increases on weekends, revealing a
weekly pattern. In addition, we observe that id_make increases more
moderately during Christmas than during the rest of the month, indi-
cating an annual pattern. Since id_make also grows piecewise linear
over time (e.g., between December 19 and 21), Figure 5.3 illustrates an
example of two overlapping workload drift types.
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Figure 5.4: Showing a static workload for the statement “SELECT id FROM
test_cases WHERE id_test_case_info = :1”. A single dot is one
assignment to the host variable :1 by a certain parameter value
(y-axis) at a certain time (x-axis).

5.3.3 Static Workload

A static workload is a workload where no temporal drift can be ob-
served. For example, in SAP HANA's test environment, the dimension
table test_case_info represents existing tests (e.g., their SQL string),
such that the following SQL statement returns all test case executions
with the given test case ID from the fact table test_cases:

SELECT id
FROM test_cases
WHERE id_test_case_info = :1.

In Figure 5.4, we show all instantiations of this statement between
08:00 and 20:00 on a regular working day at a certain time (x-axis)
and using a specific parameter value assigned to the host variable : 1
(y-axis). No change in the parameter values can be observed during
the considered time frame. This is expected as the same tests are
repeatedly executed over an extended period of time to identify bugs
or authorize patches.

5.3.4 Irreqular Workload Drift

An irregular workload drift is characterized by an abrupt and unex-
pected change of the statement arrival rate or the parameter values
assigned to a host variable [75, 107]. For example, occasional stress test
campaigns in addition to regular testing lead to an irregular drift of
the statement arrival rate. Unlike other workload drift types, irregular
workload drifts can only be detected retrospective (e.g., after a sudden
increase of the statement arrival rate) but cannot be anticipated in
advance. Nonetheless, the framework presented in this chapter can
handle irregular workload drifts, as we will see in Section 5.5.4.
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Figure 5.5: Illustration of the proposed OUTATIME framework that consists of a workload predic-
tion and a physical database design advice phase. The prediction phase is split into a
statement arrival rate prediction and an assignment prediction stage. Each stage consists
of a detection, a classification, and a prediction step.

5.4 FRAMEWORK OVERVIEW

In this section, we provide an overview of our framework for workload
prediction and its application to automated physical database design.
In Figure 5.5, we illustrate the proposed OUTATIME framework, which
consists of a workload prediction and a physical database design
advice phase. In the workload prediction phase, we solve Problem 3 by
predicting the future workload P based on the observed workload O
on a per-statement basis. As it may be computationally infeasible to
consider all statements in the observed workload for the prediction,
we only utilize statements in the SQL plan cache since they represent
typically more than 99% of the workload cost [109].

For each SQL statement S, € S, the future workload is predicted in
two independent stages. Stage I, as described in Section 5.5, predicts
the statement arrival rate, whereas Stage 1I, as described in Section 5.6,
predicts the future assignments of parameter values to host variables.
We obtain the predicted workload P by combining the results of both
stages, as described in Section 5.7. Stage I and Stage II are each com-
posed of three steps. In Step A, we detect which workload drift types
are present in the observed statement arrival rate and in the observed
assignments. In Step B, we resolve conflicts between multiple detected
workload drift types using a classifier. Finally, in Step C, we extrap-
olate the statement arrival rate and the assignments into the future
using a predictor based on the outcome of the prior classification. Our
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framework allows exchanging all detectors, classifiers, and predictors
to support workload drifts in novel environments.

The physical database design advice phase of the OUTATIME
framework, as described in Section 5.8, proposes the future physical
schema Ly,; with the smallest combined workload and data reorga-
nization costs based on the predicted workload P and the current
physical schema L. For example, the cost model of Section 4.7 can
be used that combines workload and table repartitioning costs. In
case the effort of a design change is not expected to pay off due to
high data reorganization costs, the current physical schema L, will
continue to be used. Finally, the workload prediction and physical
database design advice phase are periodically repeated to adopt the
physical schema in small and cheap adjustments.

5.5 STAGE I: PREDICTION OF THE STATEMENT ARRIVAL RATE

In the following, we elaborate on the statement arrival rate prediction,
which is Stage I of the workload prediction phase as established in
Section 5.4. In particular, we predict the future arrival rate for each
statement S; € S. As a prerequisite, we first discretize the workload
and formally define the observed statement arrival rate (SAR) in
Section 5.5.1. The prediction then consists of three steps. As Step A,
we introduce conditions to detect different workload drift types in the
observed SAR in Section 5.5.2. As Step B, we present a classifier to
resolve conflicts between multiple detected drift types in Section 5.5.3.
Lastly, as Step C, we predict the future SAR in Section 5.5.4.

5.5.1 Discretization

We start by discretizing the observed workload O to reduce noise and
other short-term fluctuations [86, 104]. For this purpose, we define
a set of equidistant timestamps using a discretization interval 6 € IN
between two successive, discrete timestamps. For the table partitioning
advisor of Chapter 4, the discretization interval 6 should be set to the
time window length 7t/2 of the statistics collector (cf. Section 4.4) to
still guarantee an advice with high quality. As our framework can be
used for any physical database design advisor that relies on workload
statistics, § might be initialized differently for other advisors. For
illustration purposes, we set ¢ to five minutes in this section.

Definition 37 (Equidistant Timestamps). We define A(os,0,) as a set of
equidistant timestamps between the start and end timestamps os,0, € IN:

A(0s,00) =={0s+xk-0|xk € IN,os <05+ K-35 <0} .

To calculate the observed statement arrival frequency, we aggregate
all statement instantiations in the observed workload O that fall within
interval [t, 4 ¢) for a timestamp t € A(0s,0,).
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Figure 5.6: Illustration of the observed statement arrival rate SAR(O, S;) of the observed work-
load O of Figure 5.1a and its discrete Fourier transform DFT(SAR(O, S)).

Definition 38 (Observed Statement Arrival Frequency). We define the
observed statement arrival frequency F(t, O, S;) at timestamp t € A(0s, 0.)
for statement S, € S in the observed workload O as:

F(t,0,5,) = H(t’,s;,vq) €O|S,=5,At<t < t+5}‘.

Finally, we define the observed statement arrival rate as a series of
consecutive statement arrival frequencies between the start and end
timestamps o, 0, € IN in the observed workload O.

Definition 39 (Observed Statement Arrival Rate). We define the observed
statement arrival rate (observed SAR) for statement S, € S in the observed
workload O as:

SAR(O,S,) = {(t,F(t,0,S;)) | t € A(0s,0¢) } -

In Figure 5.6a, we show the observed SAR for equidistant time-
stamps between 08:00 and 14:00 with a discretization interval § of five
minutes, calculated from the observed workload of Figure 5.1a. We
observe a wavelike pattern with peaks at 08:30, 11:00, and 13:00.

5.5.2 Step A: Detection

The first step to predict the future SAR is to detect which workload
drift types are present in the observed SAR. We introduce a detector
as a condition based on the observed SAR for each drift type.

To detect a linear workload drift, we use the Pearson correlation [135]
between the series of discrete timestamps and the series of statement
arrival frequencies. Both series are represented in SAR(O, ;). The
condition is satisfied if the absolute value of the Pearson correlation
coefficient p is greater than or equal to a threshold ¢y, € [0, 1]:

SAR(O,S;) is linear < [p(SAR(O,S;))| > @iin- (5.1)
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In order to spot exponential workload drifts, we take advantage
of the fact that a function grows exponentially if its logarithm grows
linearly. Therefore, the condition is satisfied if the absolute value of
the Pearson correlation coefficient p between the series of discrete
timestamps and the series of the natural logarithm of each statement
arrival frequency is greater than or equal to a threshold ey, € [0, 1]:

SAR(O,S;) is exponential < [o(In(SAR(O, 5;)))| > Pexp, (5.2)
where [n is only applied on the frequencies in SAR(O, S;).

To detect a reoccurring workload drift, we first compute the discrete
Fourier transform DFT, i.e., we convert the observed SAR from the
time domain into the frequency domain [124, 169]. Afterwards, we
evaluate whether a sinusoid with an amplitude greater than or equal
to a threshold 6, is present in the DFT. To specify the threshold 6,
we first determine the smallest and largest observed statement arrival
frequencies [b; and ub, of statement S; in the observed workload.
Given a fixed ¢cye € [0,1], the threshold 6, is obtained as ¢cy. times
the largest possible amplitude range but at least ¢y, times the smallest
statement arrival frequency:

uby = Maxyep (o, 0,) F(t, O, Sy) (5.3)
Ibg := mingep (o, 0, F(t, O, Sg) (5.4)
04 ‘= Qcyc - max (uby — by, Iby) (5.5)
)

SAR(O,S;) is reoccuring <> 3z € DFT(SAR(O, S;)): |z| > 6,. (5.6

In Figure 5.6b, we illustrate the DFT of the observed SAR of Fig-
ure 5.6a. Each dot represents a sinusoid with a certain period (x-axis)
and amplitude (y-axis). We also depict the threshold 6, =999 calcu-
lated using the smallest (1498) and largest (11491) statement arrival
frequencies and @cyc = 0.1. As can be seen, the amplitudes of two
sinusoids with periods of 120 and 180 minutes exceed the threshold,
which constitutes a reoccurring workload drift.

In order to identify static workloads, we examine whether the ob-
served SAR is stable, i.e., it fluctuates only within narrow limits around
the mean statement arrival frequency ;. Given a fixed @static € [0,1],
the condition is satisfied if the root mean square error (RMSE) [9] be-
tween the observed statement arrival frequencies and j is less than
or equal to Qstatic times pi4:

o ZteA(os,oe) F(t/ 0, Sq)
1= T A 0, 00)] (57)

Z(t,F(t,(’),Sq))eSAR((’),Sq)(P(tr 0, Sq)_l/’q)z (5.8)
|A(0s,00)| >

SAR(0,S,) is static & RMSE(SAR(O,S,)) < @uatic - Hg-  (5:9)

RMSE(SAR(O,S,)) = \/
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Observed SAR Steps A & B: Detection & Classification Step C: Prediction
— 10,000 Linear (Eq. 5.1) [0.99| > 0.8 v
» 8,000
Q 6,000 Exponential (Eq.5.2) 0.98] > 0.8 v/
- 4,000
& 2,000 Reoccurring (Eq.5.6) |—60+ 574i| #700 X  F(t,P,S1)=13t+7071
°T © © .o Static (Eq. 5.0) 1051 £ 0.1 889 X

QO . .Q .
%_0 Q- A %S
S A(gS/Oe)& Classification (Fig. 5.7) Linear

30007 Linear (Eq. 5.1) |0.78] # 0.8 X
% 2,000 ¢ Exponential (Eq.5.2) |0.99] > 0.8 v/
E 1,000 1 Reoccurring (Eq.5.6) 554 +598i] > 301«  F(t, P, Sy) =el09t+141
o 5 © P Static (Eq. 5.9) 816 £ 0.1-54 X
S A (8’:08)«)‘ Classification (Fig. 5.7) Exponential
- 10,000 Linear (Eq. 5.1) |0.24| # 0.8 X F(t,P,S3) = 4954
& giggg Exponential (Eq.5.2) [0.23| # 0.8 X +1216 cos(27tt)
Et; 42‘:888 Reoccurring (Eq.5.6) |—1004+1701i|>999v  +18sin(27t)
(?00 O P P Static (Eq. 5.9) 2203 £ 0.1-495 x —1004 cos(27tt)
S A(S’:: OE)&D‘ Classification (Fig. 5.7) Reoccurring —1701 sin(27tt)
/u? 13888 Linear (Eq. 5.1) |0.95| > 0.8 v F(t,P,Sy)=61t+5801
S 6,000 Exponential (Eq.5.2) 0.94] > 0.8 v/ +185 cos(27tt)
E’,:: iggg Reoccurring (Eq.5.6) |124 4 831i| >700 v/ +135sin(27tt)
(?00 O O PO Static (Eq. 5.9) 1337 £0.1-796 X —239 cos(27tt)
Sl A(g, Oe)/\)( Classification (Fig.5.7) Linear & Reoccuring —317 sin(27tt)
® 13:888 Linear (Eq. 5.1) |0.05] # 0.8 X
S 6,000 Exponential (Eq.5.2) [0.05] # 0.8 X
E:; 42‘:888 Reoccurring (Eq.5.6) |—41433i| #1000 X  F(t,P,Ss) = 10690
0 o ® . Static (Eq. 5.) 132 < 0.1-10250 /
Sl A(gz Oe)xb‘ Classification (Fig. 5.7) Static
= Z'ggg Linear (Eq. 5.1) |0.69] # 0.8 X
“: 41000 Exponential (Eq.5.2) [0.69] # 0.8 X F(t,P,S) =
I 2,000 Reoccurring (Eq.5.6) 164 + 597i| # 700 X F(t mod 72,0, Se)
© o o Static (Eq. 5.9) 829 £ 0.1- 7457 x

P P P
A(os,0¢) Classification (Fig.5.7) Irregular

Table 5.2: The detection and classification of the observed SAR for six SQL statements depend
on four conditions and the decision DAG of Figure 5.7. The outcome of the predicted
statement arrival frequencies is then based on the classification.
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Since irregular workload drifts by definition are abrupt and unex-
pected, we argue that there can be no condition that handles irregular
drifts. As a consequence, in Section 5.5.3, we will classify the workload
as irregular if none of the above conditions are met.

To demonstrate how workload drifts can be detected using the
conditions we proposed, Table 5.2 shows for six SQL statements the
observed SAR (first column) and whether the conditions are satisfied
(V') or not (X) (second column). For the condition of a reoccurring
drift, we present the sinusoid with the largest amplitude. As in our
experimental evaluation in Section 5.9, we set the parameters as fol-
lows: @iin = 0.8, @exp = 0.8, Pcye = 0.1, and @staric = 0.1. We observe
that in some cases multiple drift types are detected. For example,
statement S fulfills the condition of an exponential and reoccurring
drift. Next, we discuss how these cases can be handled.

5.5.3 Step B: Classification

The second step towards predicting the future SAR is to resolve con-
flicts between multiple detected workload drift types, such that the
observed SAR is classified as one drift type or a combination thereof.
As classifier, we propose the decision DAG shown in Figure 5.7: If
none of the conditions are satisfied, we classify the observed SAR as
irregular (e.g., S¢ in Table 5.2). If exactly one drift type is detected, we
classify the observed SAR as the detected drift type. If two or more
drift types are detected, we distinguish compatible and incompati-
ble drift combinations. We consider the combination of linear and
reoccurring as compatible (e.g., S4 in Table 5.2). In contrast, since an
exponential drift asymptotically subsumes a linear drift, both are an
incompatible combination. In this case, we prefer the drift type with

SAR(O,S,)

Equation 5.1

Equation 5.2

[0(SAR(O, 54))| = Plin

yes

vy Equations 5.1 and 5.2

no

\ 4

lp(log(SAR(O, 54)))| = @exp

yes no

vy Equation 5.6

[P(SAR(O, 5q))| = 0(log (SAR(O, Sg)))|

32€ DFT(SAR(O, S,)): |z| > 6,

yes v Equation 5.6

3z DFT(SAR(O,S,)):|z| > 6,

=] T

Linear & Reoccurring  Linear

yes

no

vy Equation 5.9

RMSE(SAR(O, Sq)) < @static ‘Mg

yes
Y Y

Exponential =~ Reoccurring Static

lno

Irregular

Figure 5.7: A decision DAG as a classifier to determine a workload drift type or combination
thereof for an observed SAR. The observed SAR is classified either as linear, exponential,
reoccurring, linear and reoccurring, static, or irregular.
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the stronger Pearson correlation coefficient p. Further, an exponential
drift is preferred over a reoccurring drift because the exponential drift
may appear as a sinusoid in the DFT (e.g., S; in Table 5.2).

5.5.4 Step C: Prediction

As the final step, we predict the future SAR using the observed SAR
and the outcome of the prior classification. To do this, we calculate
the predicted statement arrival frequency F(t,P,S;) at future time-
stamps t € A(fs, fe) for each SQL statement S, € S. Similar as in
Definition 39, the predicted SAR(P, S;) is then obtained as the series
of consecutive statement arrival frequencies between f; and f,.

The prediction is based on the classification of the observed SAR:

LINEAR: We use a linear approximation function obtained by ordi-
nary least-squares regression on the observed SAR [55].

EXPONENTIAL: We first perform ordinary least-squares regression
on the natural logarithm of the observed SAR. The future SAR is
calculated by raising e to the power of the prediction produced
by the linear approximation function.

REOCCURRING: We convert all sinusoids with an amplitude greater
or equal than threshold 6, (cf. Equation 5.5) into a sum of trigono-
metric functions in the time domain. Sinusoids with a small am-
plitude are filtered out because they may result from short-term
fluctuations or noise and would therefore lead to overfitting.

sTATIC: We use the mean observed statement arrival frequency p, (cf.
Equation 5.7) to predict future statement arrival frequencies.

IRREGULAR: Since irregular drifts can neither be modeled nor pre-
dicted, we cannot pretend to know the future. Instead, we copy
the observed SAR and paste it into the future, similar to a
backward-looking approach.

LINEAR AND REOCCURRING: We compute a sum of a linear func-
tion and trigonometric functions. The linear function is obtained
by ordinary least-squares regression on the observed SAR. We
then calculate a normalized observed SAR by subtracting the
linear function from the observed SAR. Finally, we obtain the
trigonometric functions by transforming all sinusoids in the DFT
of the normalized SAR with an amplitude greater or equal than
threshold 6, (cf. Equation 5.5).

Since the overhead of our workload predictor (cf. Section 5.9) and
our table partitioning advisor (cf. Section 4.8) is low, we run the
workload predictor and the advisor periodically, as illustrated in
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Figure 5.5. As a consequence, our framework responds timely to the
outcome of an irregular drift and thus is able to handle irregular drifts.

In the last column in Table 5.2, we show the predicted statement
arrival frequency at future discrete timestamps t € A(fs, f.) for all six
observed SARs. Because of a 6-hour observation window and a choice
of 5 minutes as discretization interval J, the timestamps of O range
between 0 and 71, while timestamps of P begin at 72.

56 STAGE II: PREDICTION OF THE HOST VARIABLE ASSIGNMENT

We now detail the prediction of assignments to all host variables,
which is Stage II of the workload prediction phase, as introduced in
Section 5.4. For pragmatic reasons, we predict the assignments to one
host variable independently of other host variables. To predict the fu-
ture assignments of parameter values to each host variable, we first de-
fine a set of all assignments to a host variable in the observed workload.

Definition 40 (Host Variable Assignments). We define a(O, hy,) as the
set of all assignments to host variable hy, in the observed workload O by
certain parameter values at certain timestamps t:

(O, hyr) = {(t, Vy[r]) | (t,S4, V) € O, Vy[r] is assigned to hy; }.

To illustrate the main idea of this stage, let us consider Figure 5.8,
which is an abstract representation of the observed workload in Fig-
ure 5.1a. Each dot represents a single assignment (t, V,[r]) € a(O, hy)
of parameter value V,[r] (y-axis) to host variable h;, at timestamp ¢
(x-axis). For now, it is sufficient to understand that an assignment
is classified as UNCERTAIN if it occurs close to the beginning of the
observation period, as REGULAR if V 7] is regularly assigned to hgr, as
FrEsH if V;[r] has not been assigned yet to h,, within a recent time
interval, and as otherwise.

In Figure 5.8, the fresh assignments follow a linear drift. Further-
more, subsequent assignments frequently occur shortly after fresh
assignments and rarely further on. Finally, the regular assignments
are distributed across the entire observed workload.

The prediction of assignments for the future workload consists of the
following steps: As a combined Step A and B, we classify each assign-
ment to a host variable in the observed workload as uncertain, regular,
fresh, or subsequent (cf. Section 5.6.1). As Step C, we extrapolate the
series of fresh assignments into the future, model the distribution
of subsequent assignments in relation to their corresponding fresh
assignments, and model the distribution of regular assignments (cf.
Section 5.6.2). Both models are used in Section 5.7 to predict future
subsequent and regular assignments.
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Figure 5.8: Illustration of the classification of assignments (t, V;[r]) €
& (O, hg) to host variable hy, in the observed workload O by
certain parameter values V;[r] (y-axis) at certain timestamps ¢
(x-axis) as uncertain, regular, fresh, and subsequent.

5.6.1 Steps A and B: Detection and Classification

In order to classify an assignment (t, V,[r]) € a(O,hy), we pick a
threshold interval of length v -4, with v € IN, as a multiple of the
discretization interval 6 € IN (cf. Section 5.5.1). As we will see in
a moment, the threshold interval 7 - § is used to distinguish time-
dependent and time-independent assignments.

Definition 41 (Assignment Classification). Given a threshold interval of
length vy - 6, we classify an assignment (t, V,;[r]) € (O, hy) as

UNCERTAIN ifos <t <os+7-6

REGULAR else if Vt € [0s,00 — 7y - 8) 3(H, Vo [r]) € (O, hyy)
F<t <t47-6

FRESH else if B(t', V,[r]) € &(O,hgy) it —y-6 <t <t

else.

We argue that assignments, where the same parameter value is
assigned to the same host variable at least once every 7 - § time units,
are independent of the time and thus part of the static workload.
Such assignments are classified as RecULAR. To illustrate, in Figure 5.8,
this is the case for parameter value V;[r]’. In contrast, the absence
of a repeated assignment of a parameter value every « - 4 time units
implies that the assignment is time-dependent and thus part of the
workload drift. If the parameter value in such assignments is first
assigned after <y - § time units, we classify the assignment as FresH,
otherwise (second, third, etc.) as . For example, in Fig-
ure 5.8, the assignment of V;[r]" at timestamp ¢ is fresh as V;[r]"’ was
not assigned in the previous 7 - § time units, whereas later assignments
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of V,[r]"" are subsequent. Finally, we classify assignments in the inter-
val [05,05 + 7y - §) as UNCERTAIN since we cannot exclude the possibility
that fresh assignments in this interval are subsequent assignments
that follow fresh assignments before o;. Including potentially sub-
sequent assignments into the extrapolation of fresh assignments (cf.
Section 5.6.2.1) would deteriorate the prediction quality.

5.6.2  Step C: Prediction

We now predict the future fresh assignments and model the distribu-
tion of subsequent and regular assignments. The predicted series of
fresh assignments and both models are then used in Section 5.7 to
predict the future workload.

5.6.2.1 Fresh Assignments

In order to predict the future fresh assignments, we first define a series
of all fresh-classified assignments in the observed workload.

Definition 42 (Observed Series of Fresh Assignments). We define the
observed series of fresh assignments (observed SFA) of host variable hy, in
the observed workload O as the set of all fresh assignments in & (O, hy;):

SFA(O, hge) == {(t, V4[r]) | (t, Vylr]) € (O, hgr), (t, Vylr]) is fresh} .

We then predict the series of future fresh assignments as follows:
First, we detect which workload drift types are present in the observed
SFA, similar to the described techniques in Section 5.5.2. Second, we
use our classifier (cf. Figure 5.7) to resolve conflicts between multiple
detected drift types, similar to Section 5.5.3. Finally, we predict the
future series of fresh assignments SFA(P, h;,) based on the observed
series of fresh assignments SFA(O, hy,) and the outcome of the prior
classification, like in Section 5.5.4.

To give an example, in Figure 5.9a, we show the observed series
of fresh assignments SFA(O, hqr) from the fresh classified assign-
ments of Figure 5.8. We can observe that the fresh assignments follow
a linear drift. As a consequence, the future series of fresh assign-
ments SFA(P, hy) is predicted by a linear approximation function ob-
tained by ordinary least-squares regression on SFA(O, h,.). We depict
the predicted series of fresh assignments SFA(P, hy,) in Figure 5.9b.

5.6.2.2  Subsequent Assignments

We model the distribution of subsequent assignments of parameter val-
ues in relation to their corresponding fresh assignments. In Section 5.7,
we use this model to predict future subsequent assignments in rela-
tion to their predicted fresh assignments. We now formalize the time
difference between a subsequent assignment and its corresponding
fresh assignment as the temporal offset between the two.
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Figure 5.9: Illustration of the observed series of fresh assignments in (a) and
the predicted series of fresh assignments in (b).

Definition 43 (Time Difference). Let &, (O, hyr) be the set of subsequent
assignments to host variable hy, in the observed workload O. The time
difference T(t, V;[r]) between a subsequent assignment (t, V;[r]) € Kgyp and
its corresponding fresh assignment is defined as:

T(t, Vy[r]) s=min({t—t"| (¢, Va[r]) € (O, hyy ), (¥, Vy[r]) is fresh, t' < t}).

Note that for the same parameter value, more than one fresh assign-
ment can exist. This may happen for example with a reoccurring drift.
In order to handle such ambiguities, we only consider the temporal
offset to the most recent corresponding fresh assignment.

Another special case is when no fresh assignment exists for a sub-
sequent assignment because the fresh assignment occurred at the
beginning of the observed workload and was classified as uncertain.
For example, in Figure 5.8, this happens for V,[r]”. In such cases, we
estimate a fresh assignment by extrapolating the observed SFA into
the past using the techniques described in Section 5.6.2.1.

We now build a probability mass function that models the proba-
bility of time differences between a subsequent assignment and its
corresponding fresh assignment. In Section 5.7, this model will be
used to predict future subsequent assignments in relation to predicted
fresh assignment. We model the time difference in terms of time inter-
vals Int(x) = k-0, (k+1) - 6),x € IN. We pick ¢ as the interval length
only for the pragmatic reason that the observed workload has been
discretized in steps of length & (cf. Section 5.5).

Definition 44 (Probability Mass Function for Subsequent Assign-
ments). We define a probability mass function pg,, as the probability that
the time difference T(t, V,[r]) between a subsequent assignment of parameter
value V;[r] to host variable hy and its fresh assignment falls into Int(x):

[ Vylr]) [ (8, Valr]) € Xsup (O, hgr) T(t, Vy[r]) € Int(x) }
‘“sub(ol hqr)‘ '

Psub (hqr/ K) =
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Figure 5.10: Illustration of the probability (y-axis) for time differences be-
tween subsequent assignments and their corresponding fresh
assignments in the interval Int(x) (x-axis), calculated from as-
signments in the observed workload in Figure 5.1a.

In Figure 5.10, we illustrate the probability mass function p,;, for
the observed workload in Figure 5.1a as a bar plot. For time inter-
vals Int(x),x € [0,72) (x-axis) the corresponding probability ps,;(hgr, k)
is depicted on the y-axis. We observe that larger time differences be-
tween subsequent assignments and their corresponding fresh assign-
ments are associated with smaller probabilities.

5.6.2.3 Regqular Assignments

Finally, we model the distribution of regular assignments in terms of
a probability mass function. Using this model, we predict the future
regular assignments in Section 5.7.

Definition 45 (Probability Mass Function for Regular Assignments).
Let 0yeq(O, hyr) be the set of regular assignments to host variable hy, in
the observed workload O. We define a probability mass function prq as
the probability of a regular assignment of parameter value V;(r| to host
variable hg,:

_ (Yol | (8, Valr) € (O, )|
prsthar ) = T ol

Our model is based on the following two assumptions: First, regular
assignments of a parameter value to a host variable in the observed
workload will continue in the future workload. Second, regular assign-
ments are uniformly distributed. To motivate both assumptions, let
us consider Figure 5.1a where parameter values of id_test_profile
between 72,154,000 and 72,159,000 belong to background jobs which
check the flakiness of tests. The goal of these periodic jobs is to ensure
that all tests are stable and produce deterministic results. Finally, our
framework is extensible enough to model the distribution of regular
assignments with any other parameterized distribution.
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5.7 WORKLOAD PREDICTION

In this section, we generate the predicted workload P by combin-
ing the results of the statement arrival rate prediction (Stage I) and
the prediction of assignments to each host variable (Stage II). In par-
ticular, we do this by describing an algorithm that computes the
predicted workload P. The algorithm expects as input for each SQL
statement S, € S the predicted statement arrival rate SAR(P, S;) (cf.
Section 5.5.4), and for each host variable &, in SQL statement S, the
predicted series of fresh assignments SFA(P, hy,) (cf. Section 5.6.2.1)
as well as the probability mass functions pg,(hyr, ) (cf. Section 5.6.2.2)
and pyeg(hyr, Vy[r]) (cf. Section 5.6.2.3).

Algorithm 5 shows the calculation of the predicted workload P.
We first initialize P as an empty set (cf. Line 1). Next, we iterate
over all SQL statements S; € S (cf. Line 2) and all future equidistant
timestamps t € A(f;, fe) (cf. Line 3). We then derive the number of
statement instantiations F(t, P, Sq) to be predicted in the current in-
terval [t,t 4 J) from the predicted SAR, where SAR(P, S;)|t] denotes
the statement arrival frequency at timestamp ¢ (cf. Line 4). For each
statement instantiation to predict, we draw a random timestamp f,,,,4
uniformly from [t,t + J) (cf. Lines 5 and 6) and allocate a vector V
with a capacity of w,; parameter values (cf. Line 7). Finally, we iterate
over all host variables i, to predict their assignment by parame-
ter values V;[r] (cf. Lines 8 to 20) and add the predicted statement
instantiation (tyand, Sy, V;) to the predicted workload P (cf. Line 21).

We assume that the distribution of fresh, subsequent, and regu-
lar assignments in the observed and future workloads is identical.
Therefore, to predict the future parameter value V;[r| that is assigned
to host variable 1, at timestamp t.,,q, we first draw an assignment
category FRESH, , or REGULAR with the same probabilities
as they occur in &(O, hy,) (cf. Line 9). For example, the probability of
generating a subsequent assignment is |&,;,(O, hyr)|/ (|&(O, hgr )| —
|€unc (O, hgr)|), where &g, denotes the set of subsequent assignments
to host variable /, in the observed workload O and &, is the set of
uncertain assignments in & (O, hy).

The prediction of parameter value V;[r| that is assigned to host vari-
able hg, at the future timestamp t.,nq depends on which assignment
category is drawn:

rrESH: We generate a fresh assignment with parameter value V,[r]|
set to the value of the predicted series of fresh assignments
SFA(P, hy) at timestamp tang (cf. Line 12).

: The timestamp and parameter value of subsequent
assignments are modeled in terms of their corresponding fresh
assignments (cf. Definition 44). We generate a subsequent as-
signment in two steps: In a first step, we draw a time differ-
ence tgf between the subsequent assignment to generate at
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Algorithm 5: Workload Prediction

Input: For each SQL statement S, € S:
— predicted statement arrival rate SAR(P, S;)
For each host variable h;, in statement S;:
— predicted series of fresh assignments SFA(P, hy;)
— probability mass functions p,, and preg
1 P = {} // initialize the predicted workload
2 for1 < g <udo// iterate over SQL statement indexes

35 | fort e A(fs, fe) do // iterate over future equidistant timestamps

4 F(t, P, Sq) = SAR(P, Sq)[t} // get statement arrival frequency

5 forl...F(t, P, Sq) do // iterate over statement instantiations

6 draw a random timestamp tanq € [t,t+J) // uniform

7 allocate vector V; with a capacity of w,; parameter values

8 for1 <r < w; do// iterate over host variable indexes

9 draw assignment category FRESH, , Or REGULAR

according to their distribution in & (O, ;)

10 switch assignment category do

11 case FrRESH do // generate fresh assignment

12 LVq[r] i= SFA(P, hgr)[trand) // get value from SFA at trang
13 case do // generate subsequent assignment

14 draw an interval [k -, (k + 1) - §) according to pg,p

15 draw a random time difference tgi € [k -6, (k + 1) - 9)

16 teresh = frand — fdiff // calculate time of fresh assignment
17 Vy[r] := SFA(P, hgr)[ttresn] // get value from SFA at tfresn
18 case regular do // generate regular assignment

19 L V;[r] := draw parameter value according to preq

20 insert parameter value V;[r] into vector V,
21 P =P U {(trand, Sq,Vy)} // add predicted stmt. instantiation

timestamp t.,nq and its corresponding fresh assignment at fegh.
More specifically, we first draw an interval [« -, (k +1) - §) ac-
cording to the probability given by pg,;, (cf. Line 14). Next, we
draw the time difference ¢4 uniformly from this interval (cf.
Line 15), and calculate tgegn as difference between t,,,4 and tq
(cf. Line 16). In a second step, we generate a subsequent assign-
ment with parameter value V;[r] set to the value of the predicted
series of fresh assignments SFA(P, ;) at tgesh (cf. Line 17).

REGULAR: We generate a regular assignment with a parameter value
drawn according to the probability mass function py., (cf. Line 19).

In Figure 5.11, we illustrate the prediction of regular, fresh, and
subsequent assignments to host variable h; at a random future
timestamp t,,,4 € [t,t + J). The x-axis represents the future time
frame [f;, f.) while the y-axis denotes the domain of k. Further,
we show the predicted series of fresh assignments SFA(P, hy;). We
obtain the parameter value of a FresH assignment V[r] from the
predicted series of fresh assignments at timestamp t,,n4. In case a

assignment is predicted, we illustrate as a first step the time
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Figure 5.11: Illustration of how Algorithm 5 predicts a parameter value (y-
axis) that is assigned to host variable h; at a random future
timestamp t,,,4 (y-axis) for each of the three assignment cate-
gories regular, fresh, and subsequent.

difference tqi drawn between tgegn and trang. As a second step, the

—

parameter value of the subsequent assignment V;[r] is obtained from
the predicted series of fresh assignments at timestamp tesn. Finally,
we show the parameter value V,[r]" drawn for a REGULAR assignment.
Note that the parameter value V,[r]’ is the identical parameter value
that is already regularly assigned to hg, in Figure 5.8.

58 PHYSICAL DATABASE DESIGN ADVICE PHASE

In the second phase of our framework, as described in Section 5.4,
we feed the predicted workload P from the previous section into a
physical database design advisor such as the table partitioning advisor
SAHARA from Chapter 4.

As SAHARA minimizes the total memory costs My, of an ar-
bitrary workload W (cf. Definition 35), we now feed the predicted
workload P into My, such that a future physical schema Ly, is
proposed that minimizes the total memory costs M, of P:

Mtotal (Cijk/ ,P/ Ecur) = Mworkloud(cijk/ 7)) + Mrepart (Cijk/ Ecur)~

Note that the total memory costs My, are the combined workload
and table repartitioning costs. A natural question arises: At which
timestamp in the future is a table repartitioning beneficial? In general,
table repartitioning costs can be seen as a mortgage that needs to
be amortized by the benefit in terms of workload costs in a future
physical schema. The longer the duration of the predicted workload
(i.e., fe — fs), the more likely the table repartitioning costs M epart (cf.
Definition 34) are amortized. On the contrary, the longer the prediction
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Figure 5.12: Impact of the prediction confidence factor # on the choice of the
future physical schema according to M.

horizon, the less accurate the prediction becomes. Thus, we may avoid
table repartitioning if the timestamp at which table repartitioning is
beneficial is too far in the future. To resolve this conflict, we calcu-
late the duration of the predicted workload as a prediction confidence
factor n € R times an observation period w € IN (i.e., 0, — 05):

05 := current timestamp (5.10)
0, '= 05 + W (5.11)
fs =0 (5.12)
fer=fs+1-w. (5.13)

In Figure 5.12, we illustrate the impact of the prediction confi-
dence factor 77 on the choice of a future physical schema Lg;;. The
x-axis shows a future start timestamp f; and two future end time-
stamps f; and f/' depending on the choice of #. The total memory
costs in $ for the current physical schema L., and two future physical
schemata L], and £2 are shown on the y-axis. The costs for both
future physical schemata are greater than $0 at the y-axis intercept
due to table repartitioning costs M,p.+. We observe that the current
physical schema L is optimal for a short-time prediction as the table
repartitioning costs of both future physical schemata are not amor-
tized yet. In contrast, the future physical schema £}ut, respectively £%ut’
become optimal for a mid-term, respectively long-term prediction. In
Section 5.9, we experimentally evaluate how the prediction confidence
factor 77 and observation period w should be chosen.

We finally describe the integration of the table partitioning advisor
SAHARA (cf. Chapter 4) into the proposed OUTATIME framework of
this chapter. For this, we assume a fixed observation period w € IN
and a fixed prediction confidence factor 77 € R as prerequisites. In Al-
gorithm 6, we start by initializing L., as the current physical schema
and o; as the current timestamp (cf. Lines 1 and 2). We then start
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Algorithm 6: Execution of the OUTATIME framework

Global Variables: — observation period w € IN
— prediction confidence factor 7 € R

1 Leyr = current physical schema
2 0g = current timestamp // initialize start timestamp of observation
3 start OUTATIME
4 while OUTATIME is executed do
5 O0¢ = 0s +w // set end timestamp of observation based on w
wait until timestamp 0, // wait until end of observation
generate observed workload O based on o5 and o,
fs = 0, // set start timestamp of prediction

o 0w 3 &

fe = fs+17-w // set end timestamp of prediction based on 7 and w
10 | predict workload P based on O, fs and f, // apply Algorithm 5

11 | Lgy = feed SAHARA with P and the current physical schema Leur
12 Lear = [.:fut // switch to the proposed physical schema Lyt

13 0s ‘= 05+ 1 -w // update start timestamp of observation

the OUTATIME framework (cf. Line 3) and describe one iteration of
the framework (cf. Lines 4 to 13). We begin by calculating the end
timestamp of the observed workload o, as 05 + w and wait until that
time to generate the observed workload O (cf. Lines 5 to 7). We then
calculate the future start and end timestamps f; and f,, as described
in Equations 5.12 and 5.13, based on the prediction confidence factor 7
and the observation period w (cf. Lines 8 and 9). This allows using Al-
gorithm 5 to generate the predicted workload P (cf. Line 10). Next, we
feed the predicted workload P and the current physical schema Ly,
into SAHARA and switch to the proposed future physical schema Ly
(cf. Lines 11 and 12). Note that the current physical schema L, could
also be considered as the best alternative. Finally, we increment o;
by 17 - w and start the next iteration of OUTATIME. Therefore, the
duration of one framework iteration is # - w.

5.9 EXPERIMENTAL EVALUATION

The experimental evaluation of the presented OUTATIME framework
is the final contribution of this chapter. We integrated OUTATIME into
a prototype of SAP HANA (cf. Section 2.3). As the physical database
design advisor, we use the table partitioning advisor SAHARA pre-
sented in Chapter 4. After discussing the experimental setup in Sec-
tion 5.9.1, we examine in Section 5.9.2 how accurately OUTATIME pre-
dicts the future workload. Next, we evaluate in Section 5.9.3 the hard-
ware cost and performance improvements achieved by OUTATIME
compared to existing approaches. We then investigate the impact of
the prediction confidence parameter 7 and observation period w on
the precision (cf. Section 5.9.4). Finally, we evaluate OUTATIME's
prediction time in Section 5.9.5.
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5.9.1 Experimental Setup

We use the same test system as introduced in Section 3.4.1. The work-
load predictor is implemented in Python and executed single-threaded
on the same hardware. For our statistical methods we utilize the
scipy [147] module which extends the numpy package [123]. We detect
linear and exponential drifts by employing scipy.stats.pearsonr for
the Pearson correlation. Further, we apply scipy.stats.linregress
to predict the future fresh assignments and statement arrival rates for
linear and exponential drifts. We also exploit the Fast Fourier Trans-
form (FFT) [124] by scipy.fft to detect and predict reoccurring drifts
quickly. To model subsequent and regular assignments, we utilize
scipy.stats.rv_discrete to create discrete random variables.

WORKLOAD As a real-world scenario for workload drift, we con-
sider the QADB of the SAP HANA development project [12, 13]. The
QADB records statistics about more than 30 billion test runs, in total
2.7 TB of compressed data. The most relevant tables are: makes (m),
servers (s), install_sessions (is), test_profiles (tp), test_cases
(tc), test_case_info (tci), and test_log_files (tlf). We recorded the
workload during a regular workday between 08:00 and 20:00.

PARAMETERS We set the observation period w to 360 minutes and
the prediction confidence factor # to 1.0. In Section 5.9.4, we analyze
the impact of both parameters on the accuracy of the predicted work-
load. Furthermore, we set the discretization interval § to 5 minutes.
As elaborated in Section 5.5.1, the discretization interval should not
be set larger than 77/2 to still guarantee a table partitioning advice
with high quality. Therefore, our choice is accurate enough for a table
partitioning advisor that evicts cold data to a standard persistent disk
offered by Google Cloud [60-62], resulting in 7w = 4983.82 seconds (cf.
Section 2.4). Following Buda and Jarynowski’s recommendation [27],
we set the parameters for detecting linear and exponential drifts @y,
and @exp to 0.8 each. In order to detect reoccurring drifts and static
workloads, we set @cyc and @gtatic to 0.1 each. Both parameters repre-
sent a maximal allowed fluctuation (cf. Section 5.5.2) and we argue
that fluctuations smaller than 10% are imperceptible.

BASELINES As a baseline, we consider the backward-looking approach
used by most existing work (cf. Section 5.10), where the observed
workload O instead of the predicted workload P is fed into SAHARA.
To demonstrate the potential of the OUTATIME framework, we also
perform a best-case analysis, called delphi approach, where the actual
future workload F is fed into SAHARA. For all approaches, the
physical schema is only changed if the expected benefits of workload
cost savings outweigh the costs of table repartitioning.
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TOP-k Statements Relative Execution Count Relative Execution Time

TOP-10 33.18% 31.85%
TOP-100 84.81% 70.08%
TOP-1000 99.66% 97.69%

Table 5.3: Showing the relative total execution count for the 10, 100, and
1000 SQL statements with the highest execution count, respectively,
their relative total execution time for the 10, 100, and 1000 SQL
statements with the longest execution time.

5.9.2 Experiment 1: Precision of Workload Prediction

The first experiment evaluates how accurately the proposed framework
predicts the future workload. We present a detailed investigation of
the accuracy for a representative subset of the workload. In particular,
we pick the 9 SQL statements with the highest execution count from
the SQL plan cache of the QADB. As these are only SELECT and UPDATE
statements, we add the INSERT statement with the highest execution
count as our tenth statement to investigate a more diverse set of SQL
statements. We argue that picking the SQL statements with the highest
execution count lead to a considerable amount of totally executed SQL
statements in the entire workload. This is because SQL statements in
QADB are heavily skewed. To illustrate this, let us consider Table 5.3,
where we show for the 10, 100, and 1000 SQL statements with the
highest execution count their relative total execution count. In addition,
we list the relative total execution time for the most long-running SQL
statements. We observe that considering the 10 SQL statements with
the highest execution count represents around one-third of the total
workload execution count. Further, adding the INSERT statement with
the highest execution count is important as the 100 SQL statements
with the highest execution count in QADB contain 72 SELECT and 12
UPDATE statements but also 16 INSERT statements. Therefore, adding
the INSERT statement with the highest execution count results in a
more representative workload sample.

5.9.2.1 Hot and Cold Classification

We start our accuracy analysis on the hot and cold classification of
parameter values assigned to host variables as we use the predicted
workload as input to our table partitioning advisor. This is crucial
as hot-classified parameter values in the observed workload tend to
cool down over time due to data aging. As a result, rows belonging
to hot-classified parameter value ranges in the observed workload,
however, cold-classified in the future, can be proactively grouped into
cold range partitions and evicted to cheaper storage layers.
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Table 5.4: Classifying parameter values to host variables /117 and h3; of SQL statements S; and S3 as
hot or cold based on the 7r-second rule for the observed, predicted, and future workload.
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In Table 5.4, we show the hot/cold classification for parameter
values assigned to host variables hy; and h3; of SQL statements Sq
and S3 for the observed, predicted, and future workload. For each
considered host variable, we pick the minimum and maximum pa-
rameter value assigned during the observed, predicted, and future
workload. We then illustrate on the x-axis the domain between the
minimum and maximum assigned parameter value as a continuous
range. On the y-axis, we visualize the relative frequency for assigned
parameter values as a probability density function. In addition, we
draw a reasonable border between frequently and rarely assigned
parameter values by considering the 7-second rule calculated for
a standard persistent disk offered by Google Cloud [60-62], resulting
in 1 = 4983.82 seconds (cf. Section 2.4). Since observed, predicted,
and future workloads are spanned over 6 hours (= 21600 seconds),
a parameter value is classified as hot if accessed at least five times
(21600 seconds / 4983.82 seconds = 4.33). Hot parameter values are
then shown in red, whereas cold parameter values are blue. As we
visualize the frequency as a probability density function, the total
number of assigned parameter values equals 1. Hence, the relative
hot/cold threshold is calculated by dividing the absolute hot/cold
threshold (= 4.33) by the total number of assigned parameter values in
the future (= |a(F, hqr) ). For example, there are 481248 assignments
to host variable h1; during the future workload, such that the relative
hot/cold threshold is 0.000009 (= 4.33/481248).

We observe from Table 5.4 that the hot/cold classification of the pre-
dicted workload P is very similar to the hot/cold classification of the
future workload F. In contrast, the hot/cold classification of the ob-
served workload O is far off since data cools down over time. To give
an example, the observed workload classifies parameter values to host
variable h11 in the value range [291670000,291720000) as hot while all
other parameter values are cold. By contrast, the predicted and the
future workloads classify the value range [291720000,2917600000) as
hot and all other parameter values as cold. This is because the pa-
rameter values classified as hot in the observed workload cool down
over time due to data aging and new parameter values become hot.
Our workload predictor detects this workload drift in the observed
workload and forecasts the future workload, which can be used to
accurately classify parameter values as hot or cold. Similar behavior is
recognizable to host variable /3, where the observed workload classi-
fies only the value range [407530000,407570000) as hot, whereas the
predicted workload classifies the value range [407578000,407610000)
as hot like the future workload.

We now extend our hot/cold classification analysis to all selected
10 SQL statements. In Figure 5.12, we show for each of the 18 host
variables of our 10 SQL statements the hot/cold classification of the
observed O, predicted P, and future workload F. We again pick the
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Figure 5.12: Density functions on assignments to host variables of the observed O, predicted P,
and future workload F for our-10 SQL statements in QADB’s plan cache.
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minimum and maximum parameter value assigned to the host vari-
able during the observed, predicted, and future workload to illustrate
a continuous value range on the x-axis. The relative frequency for as-
signed parameter values is visualized as a probability density function
on the y-axis. Additionally, we draw the same threshold for classifying
data as either hot or cold as in Table 5.4 by considering the 7-second
rule of 7w = 4983.82 seconds, calculated for a standard persistent disk
offered by Google Cloud (cf. Section 2.4).

We observe that classifying data as hot or cold by utilizing the pre-
dicted workload P is accurate in all 18 considered cases by comparing
it to the hot/cold classification for the future workload . By contrast,
the observed workload O fails in 10 of the 18 cases to classify hot and
cold data precisely for the future. This is expected as hot-classified
parameter values in the observed workload are often cold in the future
workload as the workload changes over time in QADB.

In the remaining 8 cases, the observed O and predicted work-
load P lead to a similar hot and cold classification as the future work-
load F. This is not surprising as the QADB workload also contains
host variables with static assignments. For example, in Figure 5.13d,
observed, predicted, and future workloads assign the same parameter
values to the host variable hy; of statement S, which belongs to at-
tribute tc.id_test_case_info. Since the dimension table test_case-
_info represents existing tests, e.g., their SQL string (cf. Section 5.3.3),
this behavior is expected as the same tests are repeatedly executed
over days and weeks to identify bugs or authorize patches.

While static assignments are the root cause in 7 out of the 8 cases,
the assigned parameter values to host variable hg; are far off in the
observed workload compared to the predicted and future workload (cf.
Figure 5.12r). The reason is that S1g is an INSERT statement in which
each parameter value of id is only assigned once to host variable /1.
Since we consider the 7t-second rule of 7t = 4983.82 during a workload
observation of 6 hours, a parameter value must be accessed at least five
times to be classified as hot (21600 seconds / 4983.82 seconds = 4.33).
As a result, all assigned parameter values to host variable hjy; are
classified as cold, and thus the hot/cold classification is the same for
the observed, predicted, and future workload.

5.9.2.2 Precision Metric R?

In addition to the analysis of hot and cold classification between the
observed O, predicted P, and future workload F in Figure 5.12, we
now examine how well the observed O and predicted workload P
approximates the future workload F in total. This is crucial as the
predicted workload of our approach can be used for any physical
database design advisor that relies on workload statistics and thus
may not focus on classifying data as hot or cold. To do this, we use the
coefficient of determination R?> € (—oo, 1] [77] between the observed O
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Predicted Actual Precision R2
Stat t Number of Number of  Attribute of the
atemen Statament Statament Host Variable Observed Predicted

Instantiations Instantiations Workload ©® Workload P

s 534,026 481,248 is.id —0.87 0.29
is.idobjstatus 0.99 0.99

S 412,080 328,784 tc.id_test_profile —1.45 0.67
tc.id_test_case_info 0.91 0.91

S5 327,471 263,909 tc.errors 1.00 1.00
tc.id —-1.29 0.47

Sy 327,259 263,715 tlf.id_test_case —-1.29 0.47
is.idinststatus 1.00 1.00

S5 260, 667 235,740 is.idobjstatus 1.00 1.00
is.id —1.16 —0.27

Se 177,048 232,719 tp.id_make —0.01 0.83
tp.testcases_planned 0.99 0.99

Sy 195,175 149,117 tp.testcases_executed 0.96 0.96
tp.id —1.44 0.61

Sg 118,872 156,281 tp.id_make 0.03 0.83
Sg 118,728 155,765 tp.id_make 0.03 0.84
S1o 38,336 36,824 tc.id —20.47 —6.16
tc.id_test_profile —6.20 0.01

Table 5.5: For our 10 SQL statements of QADB as a representative workload sample, we illustrate
the predicted number of statement instantiations, the actual number of statement instan-
tiations, and the R? score for observed and predicted assignments to each host variable.

and future workload F as well as between the predicted P and future
workload F. An R? score of 1 indicates a perfect prediction, while
especially negative values, which are unbounded, represent inaccurate
predictions. In Table 5.5, we show for our 10 SQL statements (column 1)
the R? score for the observed workload O (column 5) and the predicted
workload P (column 6) for each host variable (column 4). In addition,
we depict the predicted (column 2) and the actual number of statement
instantiations (column 3).

We observe that the predicted workload P has a higher R? score in
all cases than the observed workload ©. In addition, the R? score of
the predicted workload is frequently close to 1. Contrary to that, the
observed workload has a negative R? score for host variables whose
assignments drift significantly. The observed workload is expected to
be far off from the future workload in those cases because parameter
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values often drift over time. For example, the observed workload O
assigns parameter values between 72,160,000 and 72,167,000 to the
host variable hy; of SQL statement Sy, whereas the predicted P and
future workload F assigns parameter values between 72,167,000 and
72,174,000, as observable in Figure 5.13d. Nonetheless, we also observe
that a host variable with static assignments shows a strong R? score
for both the predicted and observed workload. As an example, the
host variable that belongs to tp.testcases_planned in statement Sy
has mostly static assignments (cf. Figure 5.121).

While the predicted workload has a high R? score in most cases,
we recognize that the R? score of the host variable that belongs to
attribute id in statement Sy is negative for the predicted and observed
workload. As statement Sip is an INSERT statement, all assignments
to the host variable belonging to attribute id are classified as fresh
(cf. Section 5.6.1). We then extrapolate the series of fresh assignments
from the morning and noon (08:00 to 14:00) into the afternoon and
evening (14:00 to 20:00). Since many developers start tests at 18:00,
however, a steeper slope for the series of fresh assignments can be
observed in the future workload compared to the predicted workload.
Nevertheless, we argue that this workload behavior does not indicate
a conceptual problem. The reason is that a more extended observation
period (e.g., three days) would detect and anticipate this workload
behavior as a daily reoccurring drift using discrete Fourier transform
(cf. Section 5.5.2). In addition, we note that this workload behavior
does not affect the hot/cold classification for assignments to the host
variables of statement Sjp. As discussed in Section 5.9.2.1, every pa-
rameter value is assigned only once to host variable h;, resulting in a
cold classification for all assigned parameter values (cf. Figure 5.12r).

We also observe that the predicted number of statement instan-
tiations differs at most by a factor of 1.31 (e.g., for statement Sg).
Additionally, we argue that the presented R? scores are representa-
tive of the entire workload as we considered a diverse set of SELECT,
UPDATE, and INSERT statements, as well as our 10 SQL statements with
their 18 host variables, contain around one-third of the total workload
execution count. We also recognize that the remaining SQL statements
with the highest 100 execution count tend to follow a similar workload
drift pattern. Some SQL statements, for instance, have only an addi-
tional host variable in the WHERE clause compared to a SQL statement
that we considered.

5.9.3 Experiment 2: Memory Costs and Performance

The second experiment analyzes how the table partitioning layouts
proposed by OUTATIME, a backward-looking approach, and a Delphi
approach affect the relation between memory costs and workload
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Figure 5.13: Relation between workload execution times (x-axis) and memory
costs on Google Cloud (y-axis) between OUTATIME, a backward-
looking, and a delphi approach.

performance. We consider the same memory costs Cgoogle Of @ Google
Cloud instance per MB/s in ¢ as introduced in Section 4.8.3.

In Figure 5.13, we show on the y-axis the memory cost Cgoogle in ¢
when running the actual future workload using the three proposed
partitioning layouts. Since DRAM costs comprise the majority of the
hardware costs, we achieve different memory costs by adjusting the
buffer pool size of SAP HANA (cf. Section 2.3.3). The resulting work-
load execution times are then shown on the x-axis. We observe that
OUTATIME consistently outperforms a backward-looking approach
in terms of performance. For example, with enough available memory
(i.e., high memory costs), OUTATIME improves the execution time
by 1.4x compared to a backward-looking approach.

In order to demonstrate the memory cost savings of OUTATIME, let
us consider the two possible SLAs in Figure 5.13, denoted as SLA; 4
and SLA; g. OUTATIME is able to satisfty SLA; 4 with 2x fewer mem-
ory costs compared to a backward-looking approach, respectively,
1.3x for SLA; g. Furthermore, we observe that the performance and
memory cost improvements of OUTATIME are close to the best case
of the delphi approach.

The observed memory cost savings mainly result from a sharper
separation of frequently and rarely accessed data into hot and cold
partitions in OUTATIME compared to the backward-looking approach.
More specifically, the physical schema proposed by OUTATIME groups
frequently accessed data in the future into hot partitions and, there-
fore, separates data that was accessed frequently in the past but will
only be accessed rarely in the future into cold partitions. This avoids
polluting the buffer pool with cold data, allows for more aggressive
partition pruning, and speeds up delta merges in SAP HANA.
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Figure 5.14: Impact of the prediction confidence factor # and observation
period w on the precision score R2.

5.9.4 Experiment 3: Sensitivity to n and w

The third experiment analyzes the impact of the prediction confidence
factor # and the observation period w on the prediction accuracy. To
demonstrate the impact of both parameters, we predict the future
workload for SQL statement Sg for all possible combinations of 7
between 0.1 and 8.0 in steps of 0.1 and w between 60 and 570 minutes
in steps of 30 minutes. We start the workload observation at o; = 08:00
for all parameter combinations. As we recorded the QADB workload
between 08:00 and 20:00, we only executed parameter combinations
of 7 and w so that the future workload ended at f. < 20:00. To
illustrate, the parameter combination 7 = 2.0 and w = 400 minutes
with o; = 08:00 is not executed as the future workload ends at 21:20.
We then calculate for each 7 between 0.1 and 8.0 and for each w
between 60 and 570 minutes the average R? score for all executed
parameter combinations in which the parameter is used.

In Figure 5.14, we show on the top the average R? score (y-axis)
for a different # between 0.1 and 8.0 (x-axis), and on the bottom the
average R? score (y-axis) for a different w between 60 and 570 minutes
(x-axis). In general, we observe that the longer the predicted period,
i.e., the larger 7 is, the less accurate predictions become. The poor
accuracy resulting from # larger than 1 is expected as it is no longer
possible to detect reoccurring drifts with a period longer than the
observation period. Furthermore, we observe that more extended
observation periods lead to higher R? scores.
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We conclude that our choice of w set to 360 minutes and 7 set to 1.0
leads to accurate predictions. In addition, a high prediction confidence
factor 77 such as 17 = 1.0 is beneficial because table repartitioning costs
are more likely amortized (cf. Section 5.8).

5.9.5 Experiment 4: Prediction Time

The final experiment analyzes the time required by OUTATIME to pre-
dict the future workload P for our 10 SQL statements, which demon-
strate a representative workload sample. We measured the prediction
time on the introduced hardware (cf. Section 5.9.1) while running
the workload predictor, implemented in Python, single-threaded for
observation periods w between 60 and 360 minutes, and a prediction
confidence factor 7 set to 1.0.

Observation period w [min] ‘ 60 120 180 240 300 360

Prediction time [sec] ‘44.9 2082 338.6 4251 b567.6 624.1

Table 5.6: Prediction time of OUTATIME with a prediction confidence fac-
tor 7 = 1 for observation periods w between 60 and 360 minutes.

Table 5.6 shows that the required prediction time ranges between
only 1.2% and 3.2% of the observation period. The prediction time can
be reduced by parallelizing the execution of our workload predictor.
Since we separately predict the future workload for each SQL state-
ment, our approach can be easily parallelized. Predicting the future
workload for the 100 SQL statements with the highest execution count
is also recommended when lowering the prediction time due to a
multi-threaded execution. Note that the prediction of the 100 SQL
statements with the highest execution count might only increase the
prediction time by a factor of 3 compared to the prediction of the
10 SQL statements with the highest execution count. The reason is
that the 10 SQL statements with the highest execution count already
predict around one-third of all statement instantiations in QADB.

5.10 RELATED WORK

In the context of automated physical database design, workload pre-
diction has become a popular research area [131, 132]. Early work
predicted the future workload type, e.g., the ratio of OLAP to OLTP
statements [52, 53, 108]. Other approaches determine the hardware
resources needed in the future, e.g., to adhere to performance guar-
antees assured in SLAs [117, 157]. In today’s cloud databases age,
cost-effective resource scaling received renewed attention when pre-
dicting the future [14, 29, 42, 59, 72, 83, 143, 154]. Others focus on
forecasting the query response time whenever the workload changes [6,
58, 66, 170, 171]. In summary, all of these approaches only predict
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high-level workload statistics, e.g., query response time or the hit ratio
of the buffer pool. Since physical database design advisors rely on fine-
granular statistics about the workload (cf. Chapter 3), the presented
workload predictors are unsuitable for most physical database design
advice. Our approach instead predicts fine-granular statistics about
the workload, such as the future statement arrival rate and the future
assignments to host variables, which can serve as input to arbitrary
physical design advisors.

Holze et al. propose a detector for reoccurring and irregular work-
load drifts at the granularity of statement arrival rates [75]. While this
approach considers only a limited number of workload drift types,
we propose a framework that considers the five workload drift types
in real-world applications: linear, exponential, reoccurring, static, and
irregular (cf. Section 5.3). In addition, we handle overlapping work-
load drift types such as linear and reoccurring. Our framework also
allows us to exchange all detectors, classifiers, and predictors in order
to support workload drifts in novel environments. Furthermore, Holze
et al. only detect workload drift types while our approach predicts the
future workload based on detected workload drift types.

Other works use Markov models to predict future OLTP statements
based on currently executed statements [49, 74, 134]. QueryBots000
and Proteus additionally predicts the future statement arrival rate,
which serves, for instance, as input to an index advisor [3, 107]. How-
ever, these approaches are limited to predict only the future statement
arrival rate. Consequently, their predictions can only serve as input
to index advisors but cannot be used for table partitioning advisors.
The reason is that a table partitioning advisor needs knowledge about
future assignments of parameter values in the WHERE clause to pro-
pose a range partition that can be pruned in the future workload (cf.
Chapters 3 and 4). Therefore, we present a workload predictor that
predicts future parameter values assigned to the host variables of
the statements and the future statement arrival rate. As a result, the
predicted workload by our approach can be used as input to arbitrary
physical database design advisors that rely on workload statistics.

5.11 DISCUSSION

In this chapter, we presented a workload predictor that forecasts the
future workload based on detected workload drifts in the statement
arrival rate (cf. Section 5.5) and in the parameter values assigned to
the host variables (cf. Section 5.6). The proposed workload predictor
addresses the third challenge that is considered throughout this dis-
sertation (cf. Section 1.3.3). Predicting the future workload is crucial
as real-world applications are characterized by drifting workloads,
such that the current physical schema may no longer be optimal. As
a consequence, the database-as-a-service provider may increase the
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buffer pool size of hosted database instances to still fulfill perfor-
mance commitments. This may lead to increased internal costs for
database-as-a-service providers and can lower their profitability. The
main contribution of this chapter is that the predicted workload by our
approach can be used as input to arbitrary physical database design
advisors that rely on workload statistics, e.g., the table partitioning
advisor from Chapter 4. This is because we predict future parameter
values that are assigned to the host variables of the statements, whereas
related work is limited to predicting only the future statement arrival
rate (cf. Section 5.10). In addition, being a framework, our workload
predictor allows exchanging its detectors, classifiers, and predictors
to support workload drifts in novel applications. Finally, our results
in Section 5.9 show accurate predictions of the future workload and
hardware cost savings of up to 2x compared to a backward-looking
approach, which uses the observed workload as input to a physical
database design advisor.
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Constrained by performance commitments assured in SLAs, database-
as-a-service providers are challenged to minimize their internal costs
in order to enhance profitability. Since database workloads are of-
ten skewed [7, 20, 46, 51, 56, 76, 102, 162] and DRAM constitutes
the primary driver of hardware costs [60, 106], database-as-a-service
providers can decrease their internal costs by evicting cold data to
cheaper storage layers such as HDD or SSD. Therefore, only hot data
should remain in DRAM. As database management systems load and
evict data at page level from secondary storage to DRAM and vice
versa [70], keeping only disk pages with hot data in the buffer pool
can result in substantial cost savings. For a current physical schema,
however, data are often not organized according to their access pat-
tern. Instead, data may be sorted, for instance, based on the insertion
order. Consequently, cold data can be stored on the same disk page as
hot data. This leads to the problem of polluting the buffer pool with
cold data. As a result, keeping both hot and cold data in the buffer
pool wastes expensive DRAM capacities, which offers substantial cost
reduction opportunities for database-as-a-service providers.

In this dissertation, we propose a solution to this problem by recom-
mending a range partitioning layout for each relation in which hot disk
pages contain mainly hot data (cf. Chapter 4). Our solution is based on
a typical workload characteristic, where tuples of a relation are either
frequently or rarely accessed according to a value range of a specific at-
tribute of that relation. As a consequence, we group tuples that belong
to hot-classified value ranges into hot range partitions, whereas tuples
for cold-classified value ranges are gathered into cold range partitions.
We then keep only hot-classified column partitions with a high density
of hot data in the buffer pool. This results in a reduced buffer pool
size while still adhering to SLAs and prevents the pollution of DRAM
with cold data. In order to propose a range partitioning layout with
high quality, we utilize accurate workload statistics collected during
workload execution with low memory consumption and low runtime
overhead (cf. Chapter 3). Furthermore, we periodically optimize the
physical schema by employing a forward-looking approach. In partic-
ular, we forecast the approximate future workload, which is unknown
during optimization, and use the predicted workload as input to our
table partitioning advisor (cf. Chapter 5).

We now discuss the key findings based on the contributions made
in this dissertation. Finally, we outline future research directions.
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6.1 DISCUSSION OF KEY FINDINGS

As a first key finding, we identify that range partitioning offers ex-
cellent potential to reduce the buffer pool size while still adhering to
performance commitments. We underpin this insight with our results
in Section 4.8.2, where the proposed physical schema by our table
partitioning advisor (cf. Chapter 4) reduces the buffer pool size by
up to 3.2x compared to a physical schema in which all tables are un-
partitioned. In addition, performance commitments are fulfilled with
both physical schemata. The substantial main memory savings can
be achieved as data accesses in JCC-H [22], JOB [98], and QADB [12,
13] follow a common access pattern: rows of a table are either fre-
quently or rarely accessed according to a value range of a specific
column of that table. To give an example, in JCC-H [22], rows of
orders with an o_orderdate in the value range [1993-05-30, 1994-05-
27) are frequently accessed, whereas rows for the value range [1995-
01-01,1997-05-01) are rarely accessed (cf. Section 4.1). We observe
similar behavior for workloads with temporal skews like QADB [12,
13]. Rows in test_cases, for instance, are frequently accessed with a
test_profile_id > 72,164,500, while rows with a test_profile_id
< 72,164,500 are rarely accessed (cf. Section 5.1). We take advantage
of this workload characteristic and group rows into partitions accord-
ing to either hot- or cold-classified value ranges of a specific column
of that table. As a consequence, a column partition contains either a
high density of hot data or purely cold data. This avoids the pollution
of the buffer pool with cold data when only the hot column partitions
remain in the buffer pool. Whereas our recommendation is based on
the workload’s access pattern, data in unpartitioned tables are often
not organized according to their access pattern. To illustrate, rows in
an unpartitioned orders table are sorted by their o_orderkey, which
does not correlate with their o_orderdate in JCC-H [22]. Therefore,
cold data can be on the same disk page as hot data. This leads to
an increased buffer pool size that still fulfills SLAs compared to our
approach because the buffer pool is polluted with cold data.

Our second key finding is that range partitioning layouts optimized
for memory footprint achieve similar performance as layouts solely
optimized for performance but require a substantially smaller buffer
pool size. This observation is derived from our results in Section 4.8.2,
where the proposed layout by our approach always requires a smaller
buffer pool size for different SLAs compared to layouts mainly opti-
mized for performance. Besides, we achieve similar performance even
when enough main memory is available. When optimizing a physical
schema for performance, common approaches are hash, round-robin,
and range partitioning [34, 45, 103]. For example, joins can be accel-
erated by employing hash or round-robin partitioning to tables on
their primary key—foreign key relationship. However, as hash and
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round-robin partitioning distribute data accesses evenly across par-
titions, hot and cold data are mixed on the same disk page, similar
to unpartitioned tables. This leads to the pollution of the buffer pool
with cold data. By contrast, range partitioning based on frequently
accessed value ranges in the WHERE clause of SQL statements improves
performance and reduces memory footprint due to partition pruning.
Nonetheless, range partitioned layouts proposed by our approach
achieve more considerable memory savings as several other aspects
are considered in addition to partition pruning. First, we gather statis-
tics for data accesses of all operators because every single data access
may impact the hot/cold classification (cf. Section 4.4). Second, we
consider dictionary compression and bit-packing because both impact
the storage size of range partitioning layouts (cf. Section 4.6.2). Finally,
we utilize a cost model (cf. Section 4.7) on memory footprint and
performance when determining a range partitioning layout.

The third key finding is that near-optimal range partitioning lay-
outs can be proposed with low optimization time, and low perfor-
mance and memory impact on currently executed workloads. Ideally,
an automated table partitioning advice should be proposed quickly
and without impairing system performance as well as memory con-
sumption, such that database-as-a-service providers can more easily
optimize their hosted database instances. However, collecting accu-
rate workload statistics, which are of particular importance to the
quality of the advice, can result in high memory consumption and a
noticeable performance impact. Further, proposing optimal range par-
titioning layouts may require considerable computation and memory
resources. To address this trade-off, we track data accesses block-wise
to reduce memory consumption and employ a stream-summary data
structure to cope with heavily skewed access patterns to achieve high
precision (cf. Section 3.3.4). Our results in Section 3.4.5 demonstrate
that our statistics collection is precise, compact, and fast. Addition-
ally, we propose a heuristic approach (cf. Section 4.5.2) to determine
range partitioning layouts by only utilizing the domain block coun-
ters without employing the cost model. This lowers the optimization
time (cf. Section 4.8.6) compared to the optimal approach using dy-
namic programming but does not guarantee optimality. Nevertheless,
we experimentally demonstrate that our heuristic approach proposes
near-optimal range partitioning layouts (cf. Section 4.8.5).

Our fourth key finding is that, in applications where the work-
load changes over time, range partitioning layouts should be opti-
mized for the future workload instead of the observed workload.
This insight is backed up by our experiments (cf. Section 5.9.3),
where a forward-looking approach reduces the buffer pool size by
up to 2x compared to a backward-looking approach, while per-
formance commitments are still fulfilled for both approaches. The
main reason for the reduction of the buffer pool size is that hot-
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classified value ranges in the observed workload, which cool down
over time, are proactively grouped into cold range partitions that
can be evicted to cheaper storage layers. To give an example: In
QADSB [12, 13], the backward-looking approach groups frequently
accessed rows of test_cases with id_test_profile > 72,153,000
into a hot range partition and all other records into a cold range
partition. As the future workload only frequently access rows with
id_test_profile > 72,164,500, the forward-looking approach gath-
ers rows with 72,153,000 < id_test_profile < 72,164,500 into an-
other cold range partition that is evicted to disk. Thus, only rows
with id_test_profile > 72,164,500 remain in the buffer pool, and
the pollution of the buffer pool with cold data is avoided in the future.

The fifth and final key finding is that a future workload can be pre-
dicted accurately based on an observed workload. We underpin this
takeaway with our results in Section 5.9.2, which show accurate predic-
tions of the future QADB workload [12, 13], employing our workload
predictor (cf. Chapter 5). Those results are of particular importance as
existing workload predictors share an exclusive focus on forecasting
the statement arrival rate and do not consider the prediction of future
parameterization of SQL statements. Consequently, their predictions
cannot be used for table partitioning advisors that optimize for mem-
ory footprint. The reason is that knowledge about future assignments
of parameter values in the WHERE clause is required to group rarely
accessed value ranges into cold range partitions, which the future
workload will prune. Hence, we predict the future parameter values
assigned to the host variables of SQL statements (cf. Section 5.6), in
addition to their arrival rate (cf. Section 5.5).

In summary, the five key findings demonstrate that the contributions
made in this dissertation enable substantial reductions in the buffer
pool size while still adhering to performance commitments. A reduced
buffer pool size by our approach then results in substantial hardware
cost savings, as our experiments in Sections 4.8.3 and 5.9.3 demonstrate.
This is particularly crucial for database-as-a-service providers, which
can adjust the virtualized hardware for each database instance in a
versatile manner [71]. As a result, database-as-a-service providers can
lower their internal costs to enhance profitability. Moreover, lower
internal costs can give database-as-a-service providers the ability to
compete for a higher market share by lowering their price offerings.

6.2 FUTURE RESEARCH DIRECTIONS

We start the discussion about future work on alternative partition-
ing criteria and models for workload prediction. Next, we broaden
our perspective on complementary approaches for memory footprint
reduction. Finally, we examine the implications of our approach to
commercial database management systems in the future.
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6.2.1 Table Partitioning

We demonstrate that our table partitioning advisor enables consid-
erable buffer pool size reductions while adhering to SLAs. The sub-
stantial memory savings are achievable as JCC-H [22], JOB [98], and
QADRB [12, 13] share a common workload characteristic: rows in a table
are either frequently or rarely accessed according to a value range of
a certain column of that table. For example, a range of o_orderdate in
orders of JCC-H [22], a range of episode_nr in title of JOB [98], or a
range of id_test_profilein test_cases of QADB [12, 13]. We benefit
from this workload characteristic by grouping rows into range parti-
tions that belong to a hot- or cold-classified value range. Nevertheless,
the variety of workloads in real-world applications can result in an
access pattern, where range partitioning may not be the best choice.
Let us assume a product table in which neither value ranges on price,
category, rating, or product identifier can accurately separate hot and
cold data. Therefore, future research should investigate alternative
partitioning criteria that better fit those circumstances. One promis-
ing research direction is list partitioning, e.g., supported by Oracle
Database [126], where tuples are grouped by a list of discrete, non-
consecutive values into the same partition. As an example, products
belonging to the categories iPhone and Playstation 5 could be merged
into a hot partition. Further, multi-level partitioning, e.g., supported by
SAP HANA [145], seems promising as tuples are grouped based on
values of two or more attribute domains. To illustrate, a partition may
consist of cheap products with an excellent rating.

Range, list, or multi-level partitioning are effective when hot and
cold data can be identified by values from attribute domains of that
table. However, they are ineffective when hot and cold data classifi-
cation depends on another table where a foreign key—primary key
relationship exists. Hence, another promising future research direction
is derived partitioning [31, 175], where tuples are grouped based on
the partitioning of a related table. For example, in JCC-H [22], the
partitioning of lineitem can be derived by grouping all tuples into a
partition that belongs to a range partition of orders. Note that range
partition lineitem on 1_shipdate and orders on o_orderdate may
lead to a similar physical schema as o_orderdate and 1_shipdate
can strongly correlate. Such a correlation may not hold for other
workloads, though. The benefits of derived partitioning are memory
footprint reduction and performance improvement of joins. To give
an example, whenever a filter on o_orderdate prunes range parti-
tions of orders before a semi-join between orders and lineitem is
executed, all derived partitions of lineitem must not be accessed,
reducing memory consumption [175]. Additionally, performance can
be improved within SAP HANA's partition-wise join strategy since
only the derived partitions must be pair-wise joined [121].
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As not all database management systems support list, multi-level, or
derived partitioning, another promising future direction is to add an
access frequency column to each table in which the access frequency of
each row is stored. This allows using range partitioning, supported by
almost every database [103], on access frequency ranges. SAP HANA,
for instance, supports a so-called DATAAGING column but delegates
the logic for determining the hotness of each row to the application
running on top of the database [144]. Therefore, future work may
revisit the classification of data as hot or cold at row granularity,
similar to Project Siberia [7, 51, 102] or SAP ASE [130]. Moreover,
to identify hot and cold data at row level with high precision, low
memory consumption, and low runtime overhead, future research
may consider the low-level data access counters of Section 3.3.4, too.

6.2.2  Workload Prediction

Since workloads are not only skewed over the domain but also over
time, we propose a framework for workload prediction in Chapter 5.
Although our approach achieves accurate predictions of the future
workload for QADB [12, 13] (cf. Section 5.9), our prediction may be less
accurate when forecasting workloads induced by other data-driven
applications. One root cause can be the occurrence of functional de-
pendencies between the parameters of multiple host variables. This is
because we predict assignments to each host variable independently
of each other. To illustrate, Ferrari and red strongly correlate when
assigned to host variables that correspond to attributes manufacturer
and color in a car dealership table. A promising future research direc-
tion is to employ techniques that have already improved cardinality
estimation when two or more attributes of the same table are involved
in the WHERE clause of an SQL statement, e.g., multi-dimensional his-
tograms [82, 137], sampling [37, 161], or a regression model [50].

In our framework for workload prediction, the detection and classi-
fication steps are based on statistical characteristics, e.g., the Pearson
correlation coefficient of the statement arrival rate, and a decision
DAG with threshold parameters. As we demonstrate the applicability
of our approach solely for QADB [12, 13], we may have over-fitted our
approach. One reason can be our selection of threshold parameters in
the decision DAG. Nevertheless, we propose a framework that allows
exchanging all detectors, classifiers, and predictors to make adoptions
for a more diverse set of workloads accomplishable. Thus, a promising
future research direction is to investigate more robust detectors and
classifiers. This can be achieved by leveraging complex statistical meth-
ods [163], utilizing a shape-based classifier [105, 129], or employing
a feed-forward neural network as a classifier [84]. In addition, future
work may study the benefits of more advanced predictors, e.g., kernel
regression [17] or recurrent neural networks [168].
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Instead of detecting workload drift types for classification and
utilizing a separate predictor for each drift type, future work may
investigate the benefits of a model-based approach, where the entire
workload is represented in a single model. The main benefit of a model-
based approach is that it is not limited to predefined workload drift
types. Model-based approaches have already been applied to predict
future statement arrival rates and future hardware resources, e.g., by
Markov chains [49, 74, 134], ARMA models [14, 143], or ensemble
methods [107]. Hence, one of the promising future research directions
is to extend the use case of model-based approaches and predict future
assignments to host variables, in addition to statement arrival rates.

6.2.3 Memory Footprint Reduction of Database Management Systems

We focus in this dissertation on evicting cold data to the storage
tiers HDD or SSD to lower hardware costs while still adhering to
performance commitments. Nowadays, new memory technologies
such as persistent memory (PMEM) aim to fill the gap between SSD
and DRAM. The benefit of PMEM over DRAM is lower prices per
GB at the cost of lower memory bandwidth and higher latency [85].
Compared to SSDs, PMEM offers lower latency but is more expensive.
Previous work, for instance, focused on placing columns [20, 162]
and data structures like dictionaries [96] on different memory and
storage tiers to reduce hardware costs. Additionally, multi-tier buffer
managers were designed to load and evict disk pages on a more
heterogeneous memory hierarchy [10, 16, 142]. Thus, one promising
future research question is how table partitioning can be used to
minimize hardware costs while fulfilling performance commitments
on a multi-tier buffer manager. Such an approach may aim to evict
never accessed (frozen) data to HDD, move rarely accessed (cold) data
to SSD, push moderately accessed (warm) data on PMEM, and keep
only frequently accessed (hot) data in DRAM. The 7t-second rule (cf.
Section 2.4) could be utilized for all considered memory and storage
devices to identify a more heterogeneous access frequency scale of
frozen, cold, warm, and hot data.

Table partitioning is one aspect of the physical schema that offers
excellent potential to reduce the memory footprint. Nonetheless, other
aspects also show great prospects for DRAM savings while adhering
to performance commitments. For example, data compression can re-
duce the memory footprint by compressing cold data heavily, whereas
hot data remain uncompressed to avoid performance degradation [2,
19, 30, 40, 56]. In addition, clustered indexes, including database crack-
ing, reorganize data such that accessing the index by selective filter
predicates reduces the number of accessed disk pages compared to a
full-column scan [80, 81, 89, 118, 125]. Furthermore, small materialized
aggregates (SMA) [113] cache metadata of data blocks in main memory
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to skip data without qualifying tuples, e.g., during filter predicate
evaluation. This leads to approaches like MTO [48] or Qd-tree [172]
that reshuffle data to minimize the number of accessed disk pages
when SMA are maintained per disk page. As most physical design
advisors focus only on a limited number of physical design aspects
at a time, future research should focus on advisors that consider a
large number of physical design aspects at once, similar to Proteus [3].
This is promising as each aspect of the physical schema can impact
the effectiveness of another physical design aspect. To give an exam-
ple, the effectiveness of dictionary compression is influenced by table
partitioning (cf. Section 4.6.2). Moreover, a clustered index or SMA is
less effective when applied to the partition-driving attribute of a range
partitioning layout and vice versa.

The allocated main memory for the buffer manager is one expensive
hardware resource in a database management system. However, other
building blocks of a database management system can also require
substantial DRAM costs, e.g., SQL plan cache, result cache, statistics
cache, query optimizer, or intermediate results during query process-
ing. Previous work focused, for instance, on reducing the allocated
main memory for intermediate results by utilizing a concise hash
table [15] or scheduling pipelines of the physical query execution plan
to minimize the lifetime of pipeline breakers [92]. As the physical
schema impacts the choice of a physical query execution plan (e.g.,
index nested loop join vs. hash join), one promising future research
direction is to investigate the impact of the physical schema on mem-
ory savings of intermediate results. For example, a physical database
design advisor may invoke the query optimizer’s what-if API [79,
111] to additionally consider the potential memory savings achieved
during query processing when recommending a physical schema.

6.2.4 Implications to Commercial Database Management Systems

We implement all approaches of this dissertation into a prototype
of the commercial database management system SAP HANA (cf.
Section 2.3) and demonstrate substantial main memory savings while
still adhering to performance commitments assured in SLAs. This
shows the applicability of the contributions made in this dissertation.
In addition, early research in this work impacted the architecture of
the NSE advisor [151], which recommends whether a column should
be kept in DRAM (i.e., column loadable) or is loaded in small pieces
(i.e., page loadable) through the buffer manager (cf. Section 2.3.3).
Consequently, the next step would be to integrate our entire approach
into production, e.g., by extending the NSE advisor, to ensure that the
contributions made in this dissertation become a daily companion in
many data-driven applications around the world.
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