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Chapter 1

Introduction

A central problem to database management systems is the question of query
optimization. The problem is very hard, due to the exponentially large
amount of possible and equivalent queries, and solutions often rely on heuris-
tics and approximations of running time. Since query optimizers are hard
and time-consuming to make, free and open source database management
systems usually only have basic optimizers available for study. Furthermore,
distributed and parallel database management systems have in recent years
been used to do all kinds of on-line analysis, as well as tasks within the
purview of classic database management systems. These systems have mostly
not utilized the classic static optimizers, and thus rendered them obsolete.
In this thesis, we present an overview of relevant fields and technologies,
such as the traditional row-based relational databases, as well as the newer
in-memory column-stores, query optimization and finally on-line analytical
processing before we implement query optimization features for an existing
database management system used for both on-line analytical processing and
transaction processing.

The system in question is the in-memory column-store FastormDB, a part
of RELEX, a supply chain planning program used for demand forecasting,
inventory optimization and replenishment automation for retail, wholesale
and manufacturing. FastormDB currently uses a naive approach to query
optimization, with unknown performance. This has been sufficient for smaller
customers, thanks to the inherent performance boosts offered by in-memory
column-store technology. Due to the huge database sizes required by large
RELEX customers, however, this approach is no longer enough for achieving
satisfactory query throughput. We analyze the use case for an optimizer,
and what kind of optimizer is needed to fulfill the requirements set by the
environment. We discuss how the optimizer should modify the queries and
then we implement it.
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We expect that the average query time for relatively simple queries involv-
ing 2 or 3 tables will decrease when the optimizer is used, and we estimate
how our solution will impact the performance of more complicated queries.

First we give an overview of classic row-based database technology and
database management systems in chapter 2, after which we go into newer
developments such as in-memory databases, data streams and NoSQL tech-
nologies in chapter 3. After that, we give an overview of the field of query
optimization and related subjects in the context of relational database man-
agement systems in chapter 4. In chapter 5, we delve into even newer pro-
cessing and analyzation techniques for databases, focusing on OLAP and
related technologies. The environment in which to implement the optimiza-
tion features is presented in chapter 6, and in chapter 7 we do the actual
implementation, which is evaluated in chapter 8 and discussed in chapter 9.
Finally, the thesis is summarized and final conclusions are drawn in chap-
ter 10.



Chapter 2

Relational Database Management
Systems

Since most of the research on query optimization has been done for relational
database management systems (RDBMS), this chapter will focus on those.

2.1 Basic terminology

In this thesis, we use the term database to denote any compilation of
data, stored on one or several computers. Database management sys-
tem means any software used to access, store and modify the data. Data
store is another term commonly used to denote both traditional DBMSs
and newer NoSQL systems, since 'DBMS’ is sometimes used to denote only
traditional systems (Cattell, 2011).

Following the example set by Codd (1970), we use the following terms in
this thesis (while mentioning and interchangeably using their common syn-
onyms): A relation (commonly referred to as a table) is the basis of a rela-
tional database, consisting of n-tuples (hereafter simply called tuples), also
known as rows or records. These tuples, in turn, consist of a list of attribute
(or column) values attributed to that tuple. The list of attributes—which
is common to all tuples in the relation—is called a heading, and the set of
tuples in the relation is called a body. The tuples in a relation are unordered
in the relational model.

An instance is a table with some actual data. A schema contains the
name of the relation as well as the names and types of the attributes. A
(candidate) key is a minimal set of fields such that distinct tuples do not
have the same values for the key. A superkey is a set of fields such that
distinct tuples don’t have the same values for the superkey.



CHAPTER 2. RELATIONAL DATABASE MANAGEMENT SYSTEMS 4

Queries are questions regarding the data in a database that users can
ask. Evaluating a query is called execution.

DBMSs provide a data-definition language to allow users to create a
schema, as well as a data-manipulation language (usually called a query lan-
guage) to allow for queries and updates to the database. These are usually
part of the same language, most commonly SQL (more on that later in this
chapter). Relational calculus and relational algebra are examples of other
formal query languages.

2.2 Storage

The descriptions of tables and indexes (including both the schema and stor-
age information) are stored in a system catalog, commonly a set of tables.
The system catalog also usually contains statistical information on the tables,
such as their cardinality (number of tuples), size (number of pages) or index
range (minimum and maximum key values for an index). Other statistical
information—such as histograms of value distribution for the tables—can
also be stored in a non-table format (Ramakrishnan and Gehrke, 2003).

Relations are stored as files of records. Reading through a file, one record
at a time, is called file scanning. Files can be organized in several ways,
depending on what operations should be optimized. There are e.g. heap
files, where records are stored in a random order, which can be used for
unordered access, sorted files for ordered access and indices which use
search keys for quickly looking up which tuples satisfy some condition (a
predicate) on a subset of attributes.

An index is created on a subset of the columns of a relation which form
a key, and the key values map to the identifiers for tuples having the same
values in the same columns as the key. The index is ordered, and usually in
the form of leaves of a B+4-tree. It is separately stored from relations and is
usually created by database administrators to speed up common queries. A
relation may have any number of indexes associated with it. A clustered
index has the additional property that the tuples of the relation are stored
in the same order as the index, and this order is actively being maintained
(Selinger et al., 1979). Another possibility is using hashing to create an index.

Reading from and writing to disks is usually done in units of 4KB or 8KB,
called pages. The page size corresponds to the physical size of a disk block.
The buffer manager is responsible for reading pages from the disk to main
memory. It also keeps track of whether the pages in memory are currently
being accessed or have been modified. The portion of main memory that the
buffer manager manages is called the buffer pool.
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2.3 Relational (query) algebra

Relational algebra is a formal description of the relational model, where each
operator accepts one or two relation instances as input and outputs one
relation instance. This means that any expression in relational algebra can
recursively contain other subexpressions (Ramakrishnan and Gehrke, 2003).

Queries expressed in relational algebra contain any amount of 5 basic
query operators or relational operators, operating on one or two tables
(Ramakrishnan and Gehrke, 2003):

e select (o)

e project ()

union (U)

cross-product (X)

difference (\)

Relational algebra defines a number of different types of expressions as
equivalent. The following are listed by Ramakrishnan and Gehrke (2003):

A selection in conjunctive normal form (CNF) can be decomposed
into several selections in any order, due to the selections being commutative.
A query is in CNF if it is a conjunction of selections (called conjuncts),
where single attributes are compared with single values.

O R.attr1AR.attr2AR.attr3 (R) = OR.attrl (UR.attTQ (UR.attr3 (R> ) )

= OR.attr3 (UR.attTQ (OR.attrl (R) ) )

Successive projections where attributes are being eliminated can be simplified
to only the final projection.

Tr Rattrl (R) = TR.attrl (’/TR.attrl/\R.attr2 (’/TR.attr1/\R.attr2/\R.attr3 (R) ) )

Selections and projections can be commuted if the selection only concerns
attributes that are preserved by the projection.

O R.attrl (WR.attrl <R>> = TR.attrl (UR.attrl (R)>

Joins (M)and cross products (x) are both commutative and associative.

RM(SNT)=(RXS)XNT=(SXR)MXT
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A join is equivalent to a combination of a selection and a cross product.
R NR.attrl S = OR.attrl (R X S)

Selections can be commuted with joins or cross products if the selection
only involves attributes of one of the operands.

O R.attrl (R X S) = OR.attrl(R) XS

Similarly, we can commute projections with joins or cross products by
splitting the projected attributes into disjoint subsets.

7TR.attrl/\S.attrQ(}% X S) = 7T-R.att‘rl(-R> X 7"-S.attTQ(S)

Another widely used query syntax, based on a subset of the operators
mentioned in section 2.3, is select-project-join (o-m-X, or SPJ), which can
express the same set of queries as conjunctive queries. Queries in this set can
always be optimized (although this optimization is N'P-complete), whereas
optimizing queries using the full relation algebra remains an undecidable
problem (Chandra and Merlin, 1977).

2.4 Queries

A parsed query can be visualized as a query tree. For instance, the SQL
query

SELECT =*
FROM A
JOIN B
ON A.x = B.x
JOIN C
ON A.x = C.x

could be represented as the query tree in figure 2.1. The query optimizer
generates the input for the query execution engine from a parsed query. It
is responsible for creating an efficient enough plan.

An executor plan can be considered as a tree of physical operators.
For instance, figure 2.2 shows a physical operator tree for the previous query.
A physical operator (or simply, operator) takes one or more input sets of
tuples and returns an output set of tuples. (Chaudhuri (1998) calls these sets
data streams, not separating finite sets from the potentially infinite streams
of data stream management systems.) At the leaf level, these operators
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JOIN(B,C)

JOIN(A,B)

B

Figure 2.1: A query tree.

Index nested loop (A.x = C.x)

Merge join (A.x = B.x) ’ Index Scan C ‘
|Sort | |Sort |
’ Table Scan A ‘ ’ Table Scan B ‘

Figure 2.2: A physical operator tree for the query in figure 2.1. Redrawn
from Chaudhuri (1998).
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can be e.g. index scans, otherwise they can be e.g. different joins or sort
implementations.

Chaudhuri (1998) additionally separates between physical and relation
operators: physical operators are the subroutines that make up the actual
query execution (the execution plan), represented by the operator tree
whereas relation operators are only used in the abstract query. Physical
operators are also known as methods by e.g. Graefe and DeWitt (1987).
To illustrate the difference: there are several different kinds of join types
that the user writing the query can specify (e.g. condition join, equijoin,
natural join and outer joins)—relation operators—as well as specific join
algorithms the choice of which the user cannot specify (e.g. block nested
loops, hybrid hash, index nested loops and sort-merge)—physical operators—
(Ramakrishnan and Gehrke, 2003).

The query execution engine implements the physical operators and
performs the execution that is used to generate an answer to a query, based
on the optimized plan provided by the query optimizer. Queries are in essence
treated as select-project-join expressions with the remaining operations car-
ried out on the result (Ramakrishnan and Gehrke, 2003).

Usually, the results of a subquery are re-used in later parts of the query.
There are two methods for handling the intermediate results returned by the
subquery: pipelining and materialization. Pipelining means using the
output from one operator as input to another one without creating tables for
the intermediate result. If the intermediate results are stored, it is called ma-
terialization (Silberschatz et al., 2006). It is also possible to materialize a
view (a virtual relation that is not part of the logical model of the database),
meaning that the contents of that view are stored in the database, instead
of only storing the query that defined the view. This can lead to great per-
formance improvements if the view is read often and the underlying query is
heavy to run, but the contents need to be updated whenever the underlying
data is updated. This process is called view maintenance.

A join index is a special kind of index where column values are associated
with rows from two tables. It’s a special case of a materialized view and
represents a precomputed join (O’Neil and Graefe, 1995). The generalized
form is called a domain index.

Any way of fetching tuples from a relation is called an access path, and
it consists of either a file scan or an index combined with a selection condition
(Ramakrishnan and Gehrke, 2003).
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2.5 Transactions

Usually, a database management system may receive several concurrent queries
or updates and try to execute them in as parallelized a fashion as possible.
That is why interdependent operations are formed into a logical unit called
a transaction.

While a transaction is being executed, it is in an active state. If it can’t
be successfully completed (committed) it will go to either the failed or
aborted stage. If the commit has been either committed or aborted, it is
in the terminated state. The changes made by an aborted transaction can
be undone by rolling back. If several transactions are dependent on one
transaction which has to be rolled back, they might have to be rolled back
as well. This is a cascading rollback.

Traditional DBMSs usually guarantee the following properties for their
transactions, called the ACID properties:

Atomicity—either the whole transaction is accepted or rejected

Consistency—all transactions move the database between valid states

Isolation—the result of executing transactions concurrently should be
the same as if they were executed serially

Durability—committed transactions should persist, even after e.g. crashes
or power outages

Sippu and Soisalon-Soininen (2014) list unwished phenomena that may
happen due to lower levels of consistency. They are:

e dirty reads—reading uncommitted data
e dirty writes—writing over uncommitted data

e unrepeatable read—reading data before it is updated in a subsequent
transaction

e phantom dirty reads—reading data that has been deleted (but the
delete is uncommitted)

e phantom unrepeatable reads—reading data before a new tuple (that
should have been read) is inserted before the read is committed

SQL is preset to use serializable transactions. Weaker levels of consistency
and isolation are also used when more concurrency is needed. Berenson
et al. (1995) give the following levels, going from increased concurrency and
simplicity to increased isolation and compexity to implement:
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1. Read uncommitted—may do dirty or unrepeatable reads
2. Read committed—may do phantom dirty reads or unrepeatable reads

3. Repeatable read—may do phantom dirty reads or phantom unrepeat-
able reads

4. Serializable—mno dirty or unrepeatable reads allowed

Locks are resources associated with parts of the software or data, such
as reading from and writing to the database. When a transaction acquires
a lock, no other transaction can access the associated parts of the software
(this achieves the I’ in the ACID properties) until the lock is released by the
transaction holding it. This ensures that transactions are serializable.

Latches are like locks, but with a much shorter duration: reading or
writing a single page. Whereas locks operate on tuples and therefore are on
the logical level of the software, latches operate on the physical layer, i.e. the
underlying storage medium.

One widely used lock-based protocol is the two-phase locking protocol
(2PL). It splits each transaction into two phases: first a growing phase where
it may only acquire locks, and then a shrinking phase where it may only
release locks (Silberschatz et al., 2006). Silberschatz et al. (2006) further
mention that by using a stricter protocol, called strict two-phase locking
protocol, it is also possible to avoid cascading rollbacks. (In fact, all strict
protocols are cascadeless.) One drawback of using locks is the possibility of
deadlocks, where transactions hinder each other from progressing forever.
Other protocols are based on the timestamps for the transactions or valida-
tion, such as optimistic concurrency-control (Silberschatz et al., 2006). These
protocols usually have lower levels of isolation, but offer better performance
due to being more concurrent than serializable or strict protocols.

Using optimistic concurrency control, transactions have three stages (Ra-
makrishnan and Gehrke, 2003):

1. Read from database to private workspace

2. Validate whether there are possible conflicts with other transactions,
abort and restart if that is the case

3. Write from private workspace to database
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2.6 System R

System R (Astrahan et al., 1976) was a highly influential research project at
IBM. It introduced or popularized, among other things, transaction process-
ing and partial rollbacks (Sippu and Soisalon-Soininen, 2014). Stonebraker
(2015) considers the transaction manager the biggest and most lasting legacy
of the project.

Another article written on the project, Selinger et al. (1979), is one of the
most influential articles in database theory. It describes the most important
features in relational query optimization, such as effective ways to prune the
search space (e.g. using heuristics for join order), what features have the
most impact on query time, and using dynamic programming for finding
optimal queries.

System R used the Research Storage System (RSS) as the subsystem that
maintains physical storage, locking, logging, recovery and access paths. The
Research Storage Interface (RSI) presented a tuple-oriented interface for RSS
to the rest of the system (Selinger et al., 1979). This separation meant that
the users did not have to consider the underlying storage structures, and
could instead exclusively use high-level data-manipulation languages—such
as SQL—and focus entirely on the tuple-based logical level, instead of having
to worry about details of the physical level. The Relational Data Interface
(RDI), implemented by the Relational Data System (RDS), functioned as the
interface between high-level languages and the RSI (Astrahan et al., 1976).

In System R, scans could take a set of sargable (SARG = search argu-
ment) predicates (conjuncts) in disjunctive normal form. A sargable pred-
icate is usually formatted as column comparison-operator value. These
predicates are used to allow lower-level storage systems to filter tuples with-
out incurring the overhead of storage interfaces (Selinger et al., 1979).

All popular RDBMSs have roots in System R (Stonebraker et al., 2007).
Some other influential research projects—which all are based on the work of
System R, to some degree—were EXODUS, GENESIS, Postgres, Starburst.
These will be referred to in greater detail in chapter 4.

2.7 SQL

SQL (Structured Query Language) is a query language standardized by both
ANSI and ISO (Chamberlin, 2012; International Organization for Standard-
ization, 2011). It was initially developed at IBM (Chamberlin and Boyce,
1974) under the name SEQUEL (Structured English Query Language) to
function as a data-manipulation language for System R. While it is based on
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the tuple calculus of Codd (1970), it uses lists of tuples instead of sets, mean-
ing e.g. that a query limited to returning only the first n tuples will always
return the same list. It also means that the user has to specify whether the
query should only return distinct tuples. This was a conscious design deci-
sion, as duplicates could be useful in some cases, e.g. customers purchasing
several identical items, and eliminating duplicates might be too expensive
for some situations (Chamberlin, 2012).

2.8 Distributed databases

When one CPU core is not enough for the DBMS to perform adequately,
upscaling is necessary. There are two ways to scale up: horizontally and
vertically. Horizontal scalability refers to the ability to distribute data and
computational resources to several servers which do not share memory or
disks (a shared-nothing architecture). This is separate from vertical scal-
ability, which refers to the ability to use several CPUs which share memory
and disks (Cattell, 2011).

Gamma (DeWitt et al., 1990) popularized the concepts of shared-nothing
architectures, hash-joins and partitioned tables; all of which are used by the
vast majority of the database warehouse market to this day (Stonebraker,
2015).

When it comes to storing relations, distributed databases employ two dif-
ferent strategies: replication, where the sites have identical copies of the re-
lation, and fragmentation, where the sites store different, non-overlapping
fragments of the relation (Silberschatz et al., 2006).

Homogenous distributed database systems have the same DBMS
and schema, and the member sites are aware of each other and process re-
quests cooperatively. By contrast, heterogeneous distributed systems
can use different DBMSs or different schemas, the sites may be unaware of
each other and they may cooperate in a more limited fashion (Silberschatz
et al., 2006).

Because distributed databases may have high communication costs, they
need bespoke algorithms, such as semi-joins (O’Neil and Graefe, 1995),
which entail scanning one table and removing duplicate values from the join
column, joining that column with the other table and finally joining the result
with the first table.
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2.9 Bitmaps and bitmap indices

Model 204, a commercial DBMS by Computer Corporation of America pre-
sented in O’Neil (1989), introduced bitmaps to the database world. These
have great performance compared to most other data structures.

A bitmap is a list of bits indicating whether a row is present in that map
based on some predicate. The bitmap’s length is the same as the number of
rows in the table.

Bitmap indices use different bitmaps for each unique value in e.g. a join
column. If there are few unique values, we only need a handful of bitmaps,
each of which take very little space compared to the corresponding list of
row identifiers. If there are many unique values, the bitmaps are likely to be
sparse and thus amenable to compression through e.g. run-length encoding
or by internally switching to lists of row identifiers (Chaudhuri and Dayal,
1997).

In addition to being less taxing on I/O and storage, bitmap indices also
exploit highly parallelizable bitwise operations when e.g. combining predi-
cates. For instance, a bitwise AND compares two words and gives the result-
ing word in one operation. Another benefit gained from using bitmap indices
is that it is possible to know how many records satisfy a predicate without
accessing the actual relation, just by counting the amount of ones in the final
bitmap (Silberschatz et al., 2006).

2.10 Hardware focus

Up until the mid-1990s, little attention was paid to SIMD (Single Instruction,
Multiple Data) architectures, because they were considered to be unsuit-
able for /O intensive multi-user databases (DeWitt and Gray, 1992). This
changed with the vectorized processing of MonetDB /X100 (Zukowski et al.,
2005) and the later commercial version VectorWise (now Actian Vector!).
At the same time, the focal point for optimization moved from disk 1/0
to CPU caches, due to larger main memories. This expanded main mem-
ory capacity caused a paradigm shift, as traditional DBMS systems usually
worked on the assumption of storing the database in a nonvolatile medium,
and only moving miniscule parts of it between the long term storage and
the buffer residing in main memory. (More on this in section 3.1.) It can
be considered an exemplary case of hardware development driving software

'https://www.actian.com/analytic-database/vector-smp-analytic-
database/
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development forward. This revolution enabled moving from tuple-at-a-time
to column-at-a-time processing (Manegold et al., 2009), mentioned in sec-
tion 3.3.3.

Ailamaki et al. (1999) point out that advances in processor technology
are based on striving to increase performance for programs that are simpler
than DBMSs, and that DBMSs don’t fully take advantage of the new hard-
ware. The paper analyzed 4 commercial DBMSs running memory-resident
databases on the same platform and concluded that half of the execution
time is spent stalling, especially due to second-level cache data misses and
first-level instruction cache misses. Cache-conscious techniques (such as those
evaluated by Shatdal et al. (1994)) also helped to some extent, although they
only improved the performance for specific tasks.



Chapter 3

Modern Developments

Stonebraker et al. (2007) claim that there is no use for the existing RDBMSs
anymore, since they can be outperformed by specialized engines in all sig-
nificant enough markets. These markets include data warehouses, scientific
databases and stream processing. Even in the last holdout, OLTP (On-line
Transaction Processing), commercial RDBMSs are being outperformed by
specialized engines taking advantage of new techniques such as dispensing
with expensive logging, concurrency control, knobs and ad-hoc transactions
in favor of distributed single-process databases executing only stored proce-
dures. These specialized engines often outperform even finely tuned commer-
cial RDBMSs by 1 or 2 magnitudes, suggesting that the overhead of using
several engines simultaneously is small enough to warrant it.

3.1 In-memory databases and computing

In-memory databases and computing are recent practices due to the increase
in RAM size. When RAM sizes increased enough, memory latency became
the new major bottleneck instead of disk latency (Boncz et al., 1999). In-
memory computing entails loading the entire database into RAM and using
it for either low-latency queries or heavy analysis. There is still usually a per-
sistent disk-based database that is regularly updated. Since writing to and
reading from RAM is much faster than doing the same with secondary stor-
age, what is possible to compute within a reasonable time greatly increases.
For in-memory databases, disk I/O is only necessary when initially loading
the database to memory during startup, when a checkpoint or fallback state
is written or when recovering from some error. This database can also utilize
things like transactions for rollbacks, etc. Apache Spark! is an increasingly

'https://spark.apache.org/
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popular data processing engine that utilizes in-memory computing. Redis?
is a popular in-memory key-value database system.

Previous work on in-memory (or main memory) databases has been done
for the telecom industry (Hvasshovd et al., 1995; Baulier et al., 1999; Lind-
strom et al., 2000, 2013). These telecom DBMSs are more challenging due
to being even more performance-critical than regular DBMSs and therefore
having extreme uptime requirements. Main memory DBMSs can outperform
disk-based DBMSs even when the entire database of the latter is cached
in the main memory, due to the former having data structures and access
methods optimized for in-memory tables (Lindstrém et al., 2013). Datastruc-
tures that are optimal for disk-based tables, such as the differential index by
Pollari-Malmi et al. (2000), have more overhead than what is required for
purely in-memory DBMSs.

Dali (Jagadish et al., 1994) was a research project and possibly the first
entirely main memory based database storage manager. While it did support
databases that did not entirely fit into the main memory, it was optimized
for those that did. It allowed features like concurrency control and logging
to be disabled in order to achieve greater performance. It split the database
into separate database files, meaning that different applications can load
only the necessary files into memory, and that the database can be split be-
tween several servers, if the database is too large for one server. It used a
shared virtual memory with a sequential consistency guarantee. User pro-
cesses could memory-map a database file to access and update the contents.
This was motivated by the fact that user processes seldom need all of the
data simultaneously.

Out of Dali came the commercial storage manager DataBlitz (Baulier
et al., 1999). It did not have any buffer manager, since it was purely in-
memory. It made it possible to disable logging (for non-persistent data)
and locking functionality (for single-process database access), depending on
what kind of applications and databases use the DBMS. For durability and
resilience, it used transactions and a hot standby. It also used codewords to
protect data from corruption and had a way of recovering latches. Instead of
traditional page-based storage or keys in indexes, DataBlitz used pointers.
This led to speed improvements and storage reductions, at the cost of making
compaction or relocation more expensive.

In addition to the purely in-memory DBMSs, such as Dali and Data-
Blitz, there are also DBMSs using in-memory techniques, such as ClustRa
(Hvasshovd et al., 1995), where some tables can reside in memory, but the
DBMS still being a traditional one, in that it uses logging, B-trees for access-

’https://redis.io/
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ing table files, and it features a buffer with a disk-based layout. Hvasshovd
et al. (1995) argue that this gives ClustRa more flexibility when it comes
to crafting queries and transactions. The same article does not mention
query optimizing at all; instead performance is improved by distribution and
techniques related to that, such as neighbor main memory logging.

3.2 Data Stream Management Systems

Colab and Ozsu (2003) define a data stream as a real-time, continuous,
ordered (implicitly by arrival time or explicitly by timestamp) sequence of
items. Because not all of the data coming from a stream can stored, queries
over data streams return different answers based on when the query is exe-
cuted, since new data arrives continuously and old data is deleted. Not being
able to store entire streams means that approximate summaries, called syn-
opses (Babcock et al., 2002) or digests (Zhu and Shasha, 2002), are used.
The nature of streams also means that blocking query plan operators cannot
be allowed. Backtracking over a stream is impossible and only one pass over
a stream is allowed, especially in on-line streams (Golab and Ozsu, 2003).

Data Stream Managements Systems (DSMSs) are used for monitoring
things like weather sensors, network traffic and financial markets. On-line
Transactions Processing is another use case, for instance when monitoring
call records or ATM transactions for suspicious activities or re-routing users
from overloaded servers (Golab and Ozsu, 2003).

3.3 NoSQL

NoSQL (Not Only SQL) is an attempt to step up to the challenges posed by
an enormous amount of database updates. For instance, trying to read the
monetary value of all point-of-sale transactions in every store of a nationwide
chain. Pair this with non-concern for the ACID properties, and we get a very
different architecture from regular RDBMSs.

Wlodarczyk (2012) defines NoSQL as ”a set of database technologies that
do not conform to relational data model usually with purpose of greater scal-
ability[...]”. Momjian (2016) divides NoSQL into four separate technologies:
key-value stores, document databases, columnar stores, and graph databases,
whereas Cattell (2011) excludes graph databases, due to them generally
having all the ACID properties. Object-oriented stores are also sometimes
counted as NoSQL with the same motivation as for graph databases: simply
not being relational DBMSs (Cattell, 2011).
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NoSQL has gained traction with the promise of being faster and more
flexible than SQL (relational) databases, for certain operations. Yet, accord-
ing to Li and Manoharan (2013), compared to a relational key-value store,
many NoSQL databases perform worse, and the performance differences vary
greatly by operation. Other concerns are difficulties writing complex queries
and lack of reliability and consistency (Leavitt, 2010). Some of this is due to
different prioritizations, with most NoSQL DBMSs entirely forgoing consis-
tency in favor of availability and partition tolerance (Cattell, 2011), following
the CAP theorem laid out by Fox and Brewer (1999). Brewer (2012) later
clarifies that although the theorem disallows perfect consistency, availabil-
ity and partition tolerance, that does not imply that any aspect has to be
entirely rejected.

3.3.1 Key-value stores

Some known key-value stores are Apache Cassandra® (Lakshman and Malik,
2010) and Amazon’s Dynamo (DeCandia et al., 2007). These resemble reg-
ular databases but offer a reduced API (finding, inserting or deleting tuples
or attributes based on a key, in Cassandra’s case). They operate in environ-
ments consisting of thousands of servers, where server failures are the norm.
This means that in order to maintain high availability or durability, some
ACID property has to be sacrificed. For Dynamo, this is consistency un-
der some failure scenario. Reliability and efficiency are the most important
properties. DeCandia et al. (2007) say: ”Reliability is one of the most impor-
tant requirements because even the slightest outage has significant financial
consequences and impacts customer trust.”

3.3.2 Document stores

Document stores (or document-oriented databases) are a subclass of key-
value stores, with the document id as a key and the document itself as the
value, used for storing semi-structured data. The data being semi-structured
means that there is no separation between schema and data. XML (Extensi-
ble Markup Language) stores are a common class of document stores. Other
common storage formats include JSON (JavaScript Object Notation) and
BSON (Binary JSON) (Li and Manoharan, 2013).

MongoDB*, Couchbase® and Apache CouchDB® are some examples of

3https://cassandra.apache.org/
‘https://www.mongodb.com/
Shttps://www.couchbase.com/
Shttps://couchdb.apache.org/
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document stores (Li and Manoharan, 2013).

3.3.3 Column-stores

Most traditional DBMSs are classified as row-stores (alternatively row-oriented
database systems), whereas column-stores have recently received attention
(Abadi et al., 2008). Column-stores (alternatively column-oriented database
systems or columnar DBMSs) differ from their row-based counterparts in
that the values for an attribute are stored sequentially, instead of values for
all attributes of a tuple (i.e. whole tuples) being stored sequentially. This is
useful in domains such as business intelligence or analytics, where tables con-
tain millions of records. Column-stores speed up aggregative functions such
as summing up all the values of a single attribute, and are read-optimized
instead of write-optimized, meaning they are well-suited for data warehouses,
customer relationship management (CRM) and similar read-mostly environ-
ments (Stonebraker et al., 2005). Column-stores also have better perfor-
mance with regards to caching, CPU use and I/O use, according to Abadi
et al. (2008).

One pioneering column-store DBMS is MonetDB7, which has features
such as run-time query optimizations. It is designed for parallel execution
on multiple cores and has some support for distributed processing (map-
reduce, partial replication)®. Since it supports several languages, it has a
query parser and optimizer for each of them?.

Another interesting forerunner is C-Store (Stonebraker et al., 2005). It
used technologies such as aggressive compression (not padding stored values
to whole bytes, using run-length encoding) and bitmap indices to reduce disk
space used and increase performance. Instead of storing whole tables in col-
umn order, it stored groups of columns sorted on the same attribute. These
sorted groups are called projections, and the same column might appear
in several different projections in different sort orders, adding more possibili-
ties for optimization. It also featured a column-oriented query optimizer and
executor which was claimed to be very different from the traditional row-
oriented optimizers. The query optimizer had to take into account that op-
erators could operate on both compressed and uncompressed data, and that
projections should have bitmap masks applied at the best possible point in
the query tree. Because it was read-optimized, C-Store used snapshot isola-
tion to allow for lock-less read-only transactions by giving these transactions

"https://www.monetdb.org/Home

Shttps://www.monetdb.org/content/column-store-features
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read-only access to some recent state of the database, guaranteeing that there
are no uncommitted transactions before that. C-Store was later the basis for
the commercial Vertica Analytical Database (Lamb et al., 2012), which of-
fered full ACID properties for large, distributed databases used for On-Line
Analytical Processing (OLAP). OLAP will be the focus of chapter 5, later
in this thesis. Lamb et al. (2012) is also one of the rare examples of articles
on column-store OLAP databases which describe the actual query planning
and optimization techniques used. Most of these are outside the scope of
this article, although one heuristic related to OLAP specifically is mentioned
in section 5.5, and some—which are common to most optimizers—are men-
tioned in chapter 4.



Chapter 4

Query Optimization

Good query optimization is one of the aspects that separate mature, com-
mercial DBMSs from free and open source ones (Hellerstein, 2015). A lot of
development time is spent on it, and since it also has a clear influence on
performance—and therefore adoption of the DBMS—companies are loath to
share their secrets with the competition.

4.1 Subtopics of optimization

Chaudhuri (1998) defines the components necessary to solving the query
optimization problems to be:

e A search space, consisting of possible plans
e A cost estimation function for the alternatives in the search space

e An enumeration algorithm, a method for going through part of the
search space

4.1.1 Search space

As mentioned in chapter 2, relational algebra defines many expressions as
being equivalent (due to most binary operators being associative and com-
mutative) and different physical operators—such as join algorithms—can also
be used for equivalent relational expression (Chaudhuri, 1998). The efficiency
of different physical operators is highly situational and hard to predict. A
search space is constructed by applying transformations to get equivalent
formulations. Since there are many equivalent queries—for instance, all per-
mutations of the order of joins—the search space is exponentially large and
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needs to be heavily pruned. In general, only a small portion of it is exam-
ined. Another issue is that the throughput time needs to be reasonable, so
the entire search space cannot be examined. Optimization does not usually
return an optimal query, but a good enough one, for some value of 'good’.

4.1.2 Cost estimation

There are many factors that influence the runtime of a query. Chaudhuri
(1998) lists some of these, and first in his list is that, for each table, we need
to know or estimate the number of rows it contains, since this determines
the costs and memory requirements of operators like scans and joins. We
also need to have some statistical information on the columns, since we can
estimate the selectivity of predicates based on this. The usual approach to
this is to use (usually equi-depth) histograms for the values in a column, or,
if histograms are infeasible, then at least the minimum and maximum values
(in practice the second smallest and second largest values since the min and
max values most likely are outliers (Chaudhuri, 1998)) in the column. In
addition to this, we can store information such as the number of distinct
values in a column, or information on the correlation between columns. For
large databases, sampling can be used in lieu of going through all the data. If
there is no statistical information available, conjuring up a constant (Selinger
et al., 1979) or a rule of thumb is a time-honored tradition, and sometimes
good enough. In general, more selective operators should be frontloaded in
a query.

In addition to the estimates on the purely logical level, we have to take
into account physical properties, such as buffer usage, locality of reference
and 1/0 costs (Chaudhuri, 1998).

4.1.3 Enumeration

One way of heavily pruning the search space is to place restrictions on
the structure of the query trees. There are two ways for a query tree to
branch out: linear and bushy branching. JOIN(JOIN(JOIN(A,B), C), D)
(figure 4.1) is an example of linear branching, whereas JOIN(JOIN(A,B),
JOIN(C,D)) (figure 4.2) is a bushy branching for the same query. Bushy
trees necessarily materialize intermediate results, whereas linear ones do not.
Most optimizers, starting with System R, only use left-linear branching, to
reduce the search space, as well as the amount of materializations (Chaud-
huri, 1998; Ramakrishnan and Gehrke, 2003). System R also used dynamic
programming and interesting orders (Selinger et al., 1979). Dynamic
programming is based on the idea that an optimal solution to a problem
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JOIN(C,D)

JOIN(B,C)

JOIN(A,B)

B

Figure 4.1: A left-linear join tree. Redrawn from Chaudhuri (1998).

JOIN(B,C)

JOIN(A,B) JOIN(C,D)

Figure 4.2: A bushy join tree. Redrawn from Chaudhuri (1998).

must contain an optimal solution to a subproblem, and this can be recur-
sively extended to find the optimal solution to the original problem. Inter-
esting orders are orderings of tuples in a streams which might have influence
on the efficiency of later parts of the query. This was later extended to
physical properties by Graefe and DeWitt (1987). Physical properties are
features that separate a plan from other plans expressing the same logical
expression and affect performance. The most obvious example is sort order.
Modern optimizers, following the Volcano optimizer generator, use physical
properties extensively (Chaudhuri, 1998).
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4.2 Traditional optimizers

The first known optimizer was that of Wong and Youssefi (1976). The most
influential optimizer design, however, was that of System R which was pre-
sented in Selinger et al. (1979). It introduced (or at least popularized) the
cost estimation as a basis for optimizer design. It used dynamic program-
ming to pick a minimum-cost plan, something that almost every subsequent
query optimizer also did.

4.2.1 EXODUS

EXODUS (Graefe and DeWitt, 1987) and later Volcano/Cascades (Graefe
and McKenna, 1993; Graefe, 1995) used optimizer generators, in order to
allow adding more access methods or new algorithms for certain operators
in the future, without having to rewrite the optimizer by hand. Before that,
the Postgres optimizer (Stonebraker and Rowe, 1986; Stonebraker, 1986) was
the only one to allow user-defined access methods or operators. An optimizer
generator could be used for several different data models and database man-
agement systems.

In EXODUS, a query tree was first generated and then re-ordered and
transformed into an operator tree according to a set of rules. The cost of
applying a transformation was calculated using a sliding average of the cost
of applying it previously. After applying a beneficial transformation, the
optimizer calculates the cost of two consequent transformations, in order to
accommodate for transformations that would not be tried in a strictly greedy
approach. This can be considered to be a priority queue, based on expected
cost benefit. The optimizer also used other search techniques, such as hill
climbing after finding a local optimum, in order to find even better results.
EXODUS also introduced the separation between logical and physical alge-
bra, as well as properties. In general, the goal of EXODUS was maximizing
modularization.

4.2.2 Starburst

Freytag (1987) also used an approach based on transformation rules to de-
scribe part of a modular optimizer, instead of the more complex optimizer
generator. The article describes how to generate a set of possible plans,
following the approach of Freytag and Goodman (1986a) and Freytag and
Goodman (1986b) for translating execution plans into executable code.
What makes rule-based approaches hard is that—unlike the transforma-
tion rules used in regular grammar—in query optimization, specifying the
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conditions for applying a transformation is more difficult than specifying the
transformation itself (Lohman, 1988).

Starburst (Lohman, 1988; Lee et al., 1988) used two different optimizers:
an entirely heuristics-based one for query rewrites (merging nested queries
and combining selections and joins, for instance) and a cost-based one for
select-project-join portions of the query. This second optimizer performed an
exhaustive search (using dynamic programming), within certain boundaries,
such as only considering left-linear trees or a subset of bushy trees, according
to Graefe and McKenna (1993).

Lee et al. (1988) point out that transformation rules require a sophisti-
cated pattern-matching algorithm, and that many rules might be applicable
at any moment. Some of the shortcomings of plan transformation rules are
addressed by the strategy rules of Lohman (1988). Strategy rules (called
STARs, STrategy Alternative Rules, in Starburst) are more akin to the rules
of declarative or functional programming, in that the elements (tokens) are
parametrized and may have complex conditions for when they are applica-
ble. A STAR consists of a parametrized object (a ”"non-terminal”) which
is defined in one or several alternative definitions. These definitions consist
of conditions of applicability and a plan, which in turn consists of low-level
operators (LOLEPOPs, LOw LEvel Plan Operators, in Starburst), which are
considered to be "terminals”, or other STARSs, both with arguments specified
for their parameters. This structure means that, starting from a root STAR,
the only applicable transformations are those of the alternative definitions,
and these can be evaluated in parallel. This was used in Starburst and it
was similar to the constructive approach of GENESIS (Batory, 1986), where
complex cost models were synthesized from simpler ones. Starburst used
a data structure, the Invocation Tree, to represent different possible plans.
Starting from the node STAR, the possible alternatives for a leaf node were
added as its children. Starburst used a generalized priority queue to pick the
next node in the Invocation Tree to evaluate, and this priority queue could
be modified by database implementors to perform any kind of search.

4.2.3 Volcano/Cascades

Building on the experiences from creating EXODUS, the Volcano optimizer
generator (Graefe and McKenna, 1993) was more extensible and also in-
cluded dynamic programming and branch-and-bound optimization. The
search (enumeration) algorithm that is common to all optimizers generated
by Volcano is claimed to be more efficient than earlier efforts such as the
System R and Starburst optimizers, because of the aforementioned optimiza-
tion techniques, as well as Volcano’s use of physical properties (Graefe and
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McKenna, 1993).

Volcano also made cost an abstraction, meaning that database implemen-
tors could choose what is to be minimized: processing time, 1/O operations,
any combination or cost factors, etc. Volcano also introduced two new types
of intra-query parallelism (Graefe, 1994).

Cascades (Graefe, 1995), continuing on from Volcano, introduced an even
more efficient search method which is claimed to be, even in the worst case,
as fast as its predecessor. It used search guidance (heuristics for picking
suitable rules for generating expressions matching a given pattern) and a
pattern memory (previously optimized subexpressions to remember, similar
to the table used in dynamic programming) to restrict the search space. It
did away with the two optimization phases of Volcano, and also allowed for
operators that are neither logical nor physical (as in Starburst’s expansion
grammar), or both (like the sargable single record predicates in System R).

Since there are algebras existing for data models other than the relational
one, extensible optimizers such as Volcano are not necessarily bound to any
one model.

4.3 Adaptive query processing

Over the last 15-20 years, large share-nothing databases and data integration
systems have become more common. These often lack statistical summaries
for relations, and so, selectivity is even harder to approximate than in a
single-server environment. As they often query other servers on a network,
latency and the unknown load on those servers, as well as redundancy, also
affect performance. Classic static optimizers are not well-suited for these
environments. Even for non-distributed databases, selectivity can vary wildly
during different stages of file or index scanning, especially if the selection
attribute correlates with the attribute used for sorting the file or index.

An improvement on the static query optimizer of System R is the con-
tinuously adaptive query processing technique, called the eddy framework,
developed by Avnur and Hellerstein (2000). The eddy framework solves the
problems of distributed databases by combining the planning and execution
stages (after performing a naive, heuristics-based pre-optimization) and mak-
ing it possible to change the order of operators for each tuple during runtime.
Using the eddy framework means that the cost and selectivity estimations of
traditional static optimizers can be rendered unnecessary, and the enumera-
tion algorithm can be very simple. Since eddies depend on a large amount
of what Avnur and Hellerstein (2000) termed moments of symmetry (e.g.
the end of an iteration of the outer loop in a nested-loop join), some oth-
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erwise efficient algorithms such as hybrid hash joins or merge joins cannot
be used with eddies. The work on the eddy framework and its actual im-
plementation builds on the work on River (Arpaci-Dusseau et al., 1999), an
adaptive parallel query processing framework.

Since the eddy framework is adaptive, it is also well-suited for continuous
queries over data streams, which Chandrasekaran and Franklin (2002) and
Madden et al. (2002) have extended it to accommodate.

Ives et al. (1999) point out that runtime operator re-ordering was already
present in Wong and Youssefi (1976), but was overlooked in favor of the Sys-
tem R optimizer before being re-introduced into a System R-type optimizer
by Kabra and DeWitt (1998). Before that, these methods were used only for
re-ordering materialized temporary results. Another contemporary approach
to dynamic reoptimization, only considering unary operators, was created by
Ng et al. (1999).

Query scrambling (Urhan et al., 1998) is another technique used to im-
prove performance in the face of unpredictable network delays.

4.4 Progressive query optimization

Since the values of runtime parameters are usually unknown during the query
optimization phase of statically optimized queries, it is easy to end up with
a suboptimal execution plan. This can be solved by either re-optimizing
a query whenever it is executed, or by using an adaptive query processing
framework. Another interesting possibility is progressive parametric query
optimization, introduced by Bizarro et al. (2009). The main idea is that
there exists a repository of parametrized plans to pick from whenever the
query is executed, and in case none of them fit well enough, a new plan can
be created and added to the repository.

Graefe and Ward (1989) create a similar, simplified concept of this, later
implemented by Graefe (1994), by having the optimizer create several plans
based on the unknown runtime parameter value and then having the DBMS
pick one of these plans. These plans are called dynamic query evaluation
plans.



Chapter 5

On-line Analytical Processing

Thomsen (2002) uses On-line Analytical Processing (OLAP) to refer to soft-
ware products providing descriptive models for use in analysis-based, decision-
oriented information processing (ABDOP). Data warehousing (DW), Busi-
ness Intelligence (BI) and decision support are sometimes used as synonyms
for ABDOP. Thomsen (2002) blames marketing departments for picking
whichever term sounds best and not keeping to some strict definition of each
word. As OLAP is the most widely used term, however, we will use that for
the rest of this thesis.

Thomsen (2002) defines the major requirements for OLAP to be "rich di-
mensional structuring with hierarchical referencing, efficient specification of
dimensions and calculations, flexibility, separation of structure and represen-
tation, sufficient speed to support ad hoc analysis, and multiuser support.”

Whereas OLTP is concerned with querying relatively small amounts of
raw up-to-date data frequently and predictably, OLAP is concerned with
querying large amounts of derived historical, current, and projected data in-
frequently and unpredictably (Thomsen, 2002; French, 1995). Where OLTP
wants to maximize transaction throughput, OLAP wants to maximise query
throughput and minimize response times (Chaudhuri and Dayal, 1997). OLAP
usually aims for real-time analysis with minimal latency, because there is
a human analyst involved who will be irritated by sluggish interactions.
However, a survey (Ma, 2016) made among customers of the open source
distributed analytics engine Apache Kylin! claims a latency of minutes is
acceptable for analysts.

'https://kylin.apache.org/
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5.1 Big Data

Big Data is a catchall term for recent practices involving either large data
sets or large amounts of (predictive) analytics on said data using ”massively
parallel software running on tens, hundreds, or even thousands of servers”
(Jacobs, 2009). The same article also points out that the tricky part of big
data (using traditional RDBMSs) is not that the data set is big, but that
analyzing the aggregated data is extremely costly. Data warehouses using
cubes and OLAP technologies have taken the place of RDBMSs when it
comes to data needing analysis, especially when the data has a temporal
component (or some other ordering).

One well-known and widely used distributed DBMS used for Big Data
is Apache HBase?, an open-source version of Bigtable (Chang et al., 2008),
and a subproject of Hadoop®. It is a hybrid between a columnar DBMS
and a key-value store, as is another Hadoop subproject, Cassandra. Apache
Kylin provides an OLAP engine, which is claimed to reduce query latency
for extremely large data sets in Hadoop.

5.2 MapReduce

MapReduce is a paradigm first developed by Google and described by Dean
and Ghemawat (2008), based on concepts from functional programming. Tt
gained a lot of popularity quickly, but was critized by DeWitt and Stone-
braker (2008) and Pavlo et al. (2009) for being a step backwards when it
comes to DBMS technology. Hellerstein (2015) additionally suggests that it
impeded the acceptance of declarative programming for Big Data environ-
ments, as well as query optimization for these systems. MapReduce was not
the only culprit mentioned, though. Big Data developers not understand-
ing query optimization, or basing optimizers on MySQL’s relatively naive
optimizer are blamed as well.

Several popular Big Data projects such as Hadoop, Apache Mahout* and
CouchDB use the MapReduce paradigm. The paradigm has started to go
out of fashion, and both Google (Sverdlik, 2014) and Mahout (Harris, 2014)
have moved from that to the newer technologies Cloud Dataflow® and Apache
Spark, respectively.

’https://hbase.apache.org/
3https://hadoop.apache.org/
‘https://mahout.apache.org/
*https://cloud.google.com/dataflow/
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5.3 Time series analysis

As Jacobs (2009) points out, what makes Big Data big is the continuous inser-
tion of time-dependent data. Time series analysis is naturally an important
topic for time-dependent database analysis, such as system monitoring or
analysis of sensor data. One of the first bespoke time series analysis DMBSs
is RRDtool®. Some examples of time-series databases are InfluxDB7, and
Whisper®, a fixed-size time-series database library used in Graphite. Another
example is OpenTSDB?, which uses Apache HBase. These all use disk-based
solutions. More recently, Facebook has developed and released an in-memory
time series database called Gorilla (Pelkonen et al., 2015). Gorilla is used as
an in-memory write-through cache for a disk-based HBase database, and the
first port of call for queries regarding system status for the last day.

5.4 Data warehousing

Data warehouses have several characteristics that separate them from regular
DBMSs. Additions are by far the most common operations, the warehouses
only contain a few large tables, they often use data from several sources for
analysis, and they are very read-intensive.

The data in a data warehouse is usually modelled using multiple dimen-
sions. These dimensions are also often hierarchical, such as time periods be-
ing organized in a day-month-quarter-year hierarchy (Chaudhuri and Dayal,
1997).

Data may come from several heterogeneous sources, using different rep-
resentations and being of different quality. This data need to be extracted
from their source using some standard interface, after which it is trans-
formed and integrated to conform to the same format as the rest of the
warehouse. Finally, this data is loaded into the data warehouse, usually in
a batch operation exploiting pipelining and partioned parallelism (Chaud-
huri and Dayal, 1997). The data in the warehouse may also be refreshed
intermittently, e.g. by changing the schema or representation, which means
that derived data (materialized views)—such as summary tables and join
indices—also have to be updated.

Shttps://oss.oetiker.ch/rrdtool/
"https://influxdata.com/
8https://graphite.readthedocs.org/en/latest/whisper.html
“http://opentsdb.net/


https://oss.oetiker.ch/rrdtool/
https://influxdata.com/
https://graphite.readthedocs.org/en/latest/whisper.html
http://opentsdb.net/

CHAPTER 5. ON-LINE ANALYTICAL PROCESSING 31

5.5 Dimensional modeling

In data warehouses, there are usually two kinds of tables:
e fact tables which contain the numerical data, such as sales statistics

e dimension tables which describe and contextualize the facts. These
contain data like store names or customer account numbers

Fact tables are usually normalized, dimension tables are not. If all the
tables were normalized, it would mean a lot more joins would have take place
in a typical query, reducing performance. Dimension tables are assumed to
be fairly static (Ramakrishnan and Gehrke, 2003). The database is usu-
ally in the form of a star schema, consisting of a central fact table that is
connected to many dimension tables, each of which corresponds to one di-
mension (Thomsen, 2002). A refinement of the star schema is the snowflake
schema, where the dimensional tables are normalized, meaning that dimen-
sional hierarchies are obvious from looking at the schema (Chaudhuri and
Dayal, 1997).

Fact tables are usually much larger than dimension tables, meaning that
effective query evaluation is needed. O’Neil and Graefe (1995) describe how
to efficiently perform star joins (multi-table joins of a large fact table with sev-
eral smaller dimension tables) using join indices, represented as compressed
bitmaps. Lamb et al. (2012) mention ofthand that—in a column-store, at
least—joining a fact table with its most selective dimensions first is usually
an efficient plan for queries involving star joins, because this makes sure that
fast scan and join operations are applied first, and the cardinality of data to
join later on is reduced as well.

5.6 OLAP cube

Because OLAP is about analysis, making it easy for an analyst to sift through
data means that something more intuitive and easier to use than the standard
SQL query is needed. Enter the OLAP cube. An OLAP cube (or data cube)
consists of cells (Harinarayan et al., 1996), which are views containing some
aggregation of data, e.g. total sales for a certain product.

There are several operations that the analyst can perform on the OLAP
cube. Drill-down means viewing data in more specificity or detail (e.g. sales
on a daily, instead of monthly, level). Roll-up (or drill-up) is the opposite,
e.g. sales on a yearly, instead of monthly, level. (Harinarayan et al., 1996).
Pivoting is the rearrangement of dimensions on screen at the time of a
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query, e.g. switching the place of column and row dimensions (Thomsen,
2002). Slicing means picking a value for an attribute that connects the fact
table to a dimension table. This reduces the cube dimensionality by one.
Dicing means picking several values from several dimension tables, which
creates a new sub-cube (Zaboli, 2013).

Static environments often rely on prematerialized results for common
queries to get good performance. As we mention in the beginning of this
chapter, however, OLAP is defined by unpredictable queries. To get simi-
lar performance, stored index structures such as those presented in Ho et al.
(1997); Roussopoulos et al. (1997) are needed to efficiently process e.g. range
queries.

Harinarayan et al. (1996) propose using lattices to visualize dependencies
between views (cells). Using that, they have a way of knowing which views
to materialize in order to save disk space and time. Still, the OLAP cube is
expensive to create and maintain (Roussopoulos et al., 1997). That is why
there need to be efficient multidimensional index structures that are stored
separately from the actual data.

Due to the cost of recreating these indices, data updates are often done
nightly in batches, after which the indices are recreated. The length of this
downtime can be significant and punitive, especially for companies with work-
ers in different time zones. Another obvious downside is that the contents of
the indices may become stale between the batch updates.

Dynamic index structures, such as DC-trees (Ester et al., 2000) have
been created to deal with this. They offer very small insertion times for
records and quick range queries, making it possible to forgo the batch up-
dates. An improvement on the regular DC-trees are parallel DC-trees (PDCs),
for increased performance in multicore environment, presented in Zaboli
(2013).

However, Dehne and Zaboli (2015) claim that: ”[f]or large data ware-
houses, pre-computed cuboids still outperform real-time data structures but
of course with the major disadvantage of not allowing real-time updates|...]”.
Most of the literature on data cubes concern static cubes which are updated
in weekly or daily batch runs. Real-time or near-real-time data cubes are an
important—but lofty—goal for e.g. Bruckner et al. (2002).



Chapter 6

Environment and Requirements

Now that we have gone through most of the applicable theory, let us start
with the practical part of this thesis. First, a presentation of the patient,
and a minimum viable solution to their problem.

6.1 Environment

RELEX is a supply chain management software by a company with the
same name. The RELEX DBMS (hereafter FastormDB) is a proprietary in-
memory column-based DBMS that has been in development since 2005. The
DBMS is the core of the RELEX software. By keeping the entire database
in memory, RELEX can perform magnitudes more calculations than disk-
based solutions. The RELEX software is used in retail, manufacturing and
wholesale companies for its capabilities in (RELEX, 2017):

e replenishment automation

demand forecasting

inventory management

supply chain analysis
e promotion management
e assortment management

The RELEX solution is described in a high-level way by Falck and Nikula
(2013). It chiefly leverages use of a column-based layout, an in-memory
database, aggressive compression, domain-specificity and parallelization.

33
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A company that uses RELEX (e.g. S-group or Coop Denmark (Pietar-
ila, 2017)) collects the transactions from every point of sale (POS) in every
store, every night. This massive amount of data is then used in the central
warehouse in the morning, to know which SKUs (stock keeping units) to re-
plenish, and what to order to the central warehouse. Pietarila (2017) further
mentions that S-group has about 1 000 stores. Let us estimate that they have
100 000 different products. This makes 100 000 000 possible product-location
combinations which have to receive demand forecasts each day.

Similar column-based technology can be found in commercial column-
stores HPE Vertica!, SAP IQ? and Teradata Columnar?®, whereas SAP HANA*
and Oracle Exadata® are examples of similar commercial analytical solutions
(Falck and Nikula, 2013).

6.2 What to optimize

The case chosen for analysis in this thesis is this: a query targets three tables
A, B, and C, with an inner join between A and B, and another inner join
between B and C. Both joins are done on foreign keys in table B, with a one-
to-many relation from A to B and C to B. The query has WHERE predicates
on tables A and C. The goal of the query planner here is to generate the
optimal plan for finding rows in table B satisfying the predicates. We will
refer to rows satisfying the current predicates as being live. The central
dimension table in the database is the product-location relation, meaning
a product (also known as an SKU) in a location (a store or warehouse), so
naturally this thesis will use that table as well as the product and location
tables for testing. This fragment of the schema can be seen in figure 6.1.
This is the most granular level possible for most kinds of analysis and large
retailers can have millions or even billions of these. Analysis and forecasting
for each one is usually performed nightly, after the stores have been closed
and before distribution centers have opened.

'https://www.vertica.com/

’https://www.sap.com/products/sybase-iq-big-data-management.html

Shttp://www.teradata.com/teradata-columnar/

‘https://www.sap.com/products/hana.html

Shttp://www.oracle.com/technetwork/database/exadata/overview/
index.html
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| Products | | Locations |

1 1
products.id locations.id
0.N\ 0..N

Product-Locations |

Figure 6.1: A diagram of the fragment of the database schema that will be
referred to in this thesis. For instance, a product-location can contain only
one product (products.id being a foreign key in the product-locations table),
but the same product may exist in many product-locations.

6.3 Query engine

For processing joins, the Fastorm query engine uses in-memory join in-
dexes. They allow for efficient access to the information stored in foreign
key columns. There is one join index corresponding to each traversal direc-
tion of a foreign key column, i.e. one for the one-to-many direction and one
for the many-to-one direction.

Predicates are evaluated in isolation for each table and the result is a
set of row identifiers matching the predicate. These row ids are stored in
two possible formats: bitmap (for dense results) or array (for sparse results).
Bitmaps consist of the same amount of bits as the amount of rows in the
table, a bit being set to "1’ if the corresponding row is live, '0’ otherwise.
Arrays are simply sorted lists of the row ids of live rows. Together with the
two special cases of all rows being dead and all rows being live, these are
collectively called live masks. The cardinality of a live mask corresponds
to either the length of the array or the amount of ones in the bitmap. Bitmaps
have a total size as well, which is the same as the amount of rows for the table
they are used for, whereas the size of an array is the same as its cardinality.

After evaluating the predicates, they are propagated to other tables using
join indexes.

Given the result set of evaluating predicates for both A and C, we need
to find the set of row ids of B such that predicates are satisfied via the joins.
We have two options:

e use a join index A — B to derive a set of candidate row ids for B, then
use join index B — C to check those candidates against the result set
of C
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e use a join index C — B to derive a set of candidate row ids for B, then

use join index B — A to check those candidates against the result set
of A

FastormDB has previously only had a greedy form of query optimization,
but increasing database sizes demand more efficient query execution.

An example query using FastormDB’s query language TQL (fasTorm
Query Language) would be to view product-locations where the product
name is 'TFOQO’ and the location name is 'BAR’:

cube.slice("products.name = ’F00’")
.slice("locations.name = ’BAR’")
.view("product_locations")

In SQL, this could be represented as

SELECT product_locations.*
FROM product_locations
JOIN products
ON products.id = product_locations.product
JOIN locations
ON locations.id = product_locations.location
WHERE products.name = ’FO0’ AND locations.name = ’BAR’

The query engine creates two live masks based on evaluating the predi-
cates (slices), one for live rows in the products table and one for live rows in
the locations table. Currently, the mask with the smallest cardinality (the
source mask) is chosen first to create candidate row ids (target mask) for
the product-locations table (target table) by using the join index between
them. After that, we go through all the candidate rows in the product-
locations table and use the join index between it and the remaining table
to check whether they are also live based on the result set of the remaining
table. The live masks on the remaining table(s) which the candidates are
checked against are called filters.

All of the database instances among all customers use the same basic
schema, although some may use additional, custom tables and calculation
logic in addition to the standard offering.

6.4 Complications

The sales for each product-location are added at least daily to the database
and used in forecasts, meaning that the size of the database grows quickly,
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unless other actions, such as extreme compression and removal of old trans-
actions, are taken.
Some factors that make the implementation task easier:

e the DBMS is domain-specific, and therefore all schemas are similar,
limiting the search space size

e being in-memory means that disk-specific costs don’t need to be con-
sidered

e the big dataset means that performance improvements are likely to be
measured in magnitudes

Some factors that make this task harder:
e specialized query engine & language developed in-house

e column-store, meaning that the literature on optimization is very lim-
ited.

e used for OLAP, which also has very limited literature on query opti-
mization.

6.5 Requirements

The main requirement is that queries of the specified type mentioned earlier
in section 6.2 are—on average—faster than before. We should also make
some preparations to optimize n-way joins by allowing the solution to be
easily extensible.

For this thesis, we will design and implement a cost estimation function
which will allow for join re-ordering, as well a way of performing the re-
ordering and testing how performance is affected.

We improve the current behavior by implementing:

e a cost model
e an enumerator for different join orders
e a finite-time optimization algorithm

e a test suite
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Design and Implementation

In chapter 4, we mentioned factors that need to be taken into account in order
to optimize queries. We have the following statistical data at our disposal:

e table sizes

e array live mask sizes

bitmap sizes

bitmap cardinalities

branching factors (a mean value of how many rows of another specified
table correspond to a random row in a specified table via a particular
foreign key reference)

We try to improve on the naive planning that is already being done,
following the example of Selinger et al. (1979) when doing our cost analysis.

Probably the most important part of relational query optimization is
having an optimal join tree (Selinger et al., 1979). This project will find
some way to optimize the join order that comprises that tree. To start with,
we make a cost approximation function.

7.1 Cost model

Going back to our query type introduced in section 6.2, we can write the
following pseudo-code for how a query involving 3 tables is currently handled
(assuming we have already chosen a join order):

38
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target_mask = {}
result_set = {}
for row in source_table.rows:
if source_table.predicate(row):
// Returns a set of corresponding row identifiers
target_mask +=
join_index(source_table, target_table).get(row)
for live_row in target_table.apply(target_mask):
// The size of ’filter_set’ is 1 in our case.
// In a one-to-many relation it would be larger.
filter_set =
join_index(target_table, filter_table).get(live_row)
live = false
for filter_row in filter_table.apply(filter_set):
if filter_table.predicate(filter_row):
live = true
break
if live:
result_set += live_row
return result_set

We assume that evaluating a predicate, as well as looking up a row in a
join index, is O(1).

First, we define n to be the number of live rows in the target mask. This
value can be approximated as m X b, where m is the number of live rows in
the source mask and b is the branching factor from the source table to the
target table (giving a mean value of how many target table rows are linked to
each source table row). The current greedy optimizer determines join order
by sorting all the live masks by their m x b value (assuming that the table
in question were the source table) in ascending order

To improve on this, we propose the following simple cost model:

c=d(n)+sn)+nxk

where ¢ is the total cost, d is the derivation (creation) cost for the target
mask and s is the scan cost for the same target mask (both factors being
dependent on n). The factor k is the cost to check all filters (one for the
queries in this thesis, but several in n-way joins) for a candidate live row in
that target mask. k& depends on the mask type of the filter, not the mask
type of the source mask like the rest of the variables. We guess that the
derivation cost for the initial target mask, i.e. the cost to create the mask
by looking up each live row (in the source mask) in the join index, is about
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the same as the scan cost for the target table with the applied target mask,
since join indices are very quick to use. We use the approximation n ~ m x b
throughout.

How to find values to use for the model? Initially, we mostly guess, based
on the time complexity of various operations.

For array live masks:

e scan cost is the array length

e k is log,(|array|), since binary search is O(log,(n))
For bitmaps:

e scan cost is the bitmap cardinality

e kis 1, since looking up a bitmap value should be O(1)

After creating these naive costs, we can see how well they conform to
reality by running several queries and comparing the results to the predicted
costs. This is further described in chapter 8.

Queries involving several filters (n-way joins) should also be optimal using
this model, assuming that dynamic programming could be used, similar to
how it was done in Selinger et al. (1979). At least, they should perform better
than currently, since our cost takes into account the different implementations
of the source masks, which the current optimizer does not.

We note that there are four combinations of live masks in our case: array-
array, bitmap-bitmap, array-bitmap and bitmap-array. The first two can
trivially be solved to show that we should always pick the mask with a
lower m first. Any big performance improvements are going to result from
picking either an array before a bitmap or vice versa. Recall that the current
optimizer always picks the mask with the smallest n ~ m x b to be the
source mask. So, to outperform the existing method, we need to have n, <
nyAcg > ¢ (the subscripts a and b stand for array and bitmap, respectively).
Inserting our approximations we get the two inequalities m, xb, < my xb, and
Mg X ba+Mg X bg+1mg Xbe X1 > myy X by4my X by+my, X by X1ogy (Mmy) = 3mgb, >
(2 + logy(mg))mpb, The latter inequality can be simplified to mgb, In(8) >
mpby In(4m,)

We can now graph where we expect to find improved performance for each
possible set of table instances by plugging in their branching factors, but a
general solution for all possible branching factors seems out of reach. An
example consisting of 25 000 products (b = 150), 1 500 locations (b = 2 500)
and 375 000 product-locations can be seen in figure 7.1. The trivial example
with equally sized product and location tables (and the same branching factor
for both) is shown in figure 7.2.
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Figure 7.1: Possible cardinalities for a bitmap live mask over products and
an array live mask over locations. We expect our solution to outperform the
existing solution within the shaded area.
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Figure 7.2: Possible cardinalities for a bitmap live mask and an array live
mask, with both tables having the same size and branching factor. The
shaded area denotes where we expect to outperform the existing solution.
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7.2 Search space

Our search space of plans consists only of the permutations of join order.
In the future, switching between mask implementations could be a possible
expansion of the search space, but that would have to be taken into account
in the cost model as well.

For the relatively simple queries we use for testing, exhaustive search
is still a reasonable strategy, and we will use it for this thesis due to its
simplicity. It makes our our initial tests when determining our cost model
parameters much more deterministic.

7.3 Enumeration

Since the search space is very limited in this thesis, the enumeration does not
matter that much when testing. For the final product, we estimate that the
enumeration will be done by picking the first mask greedily and then going
through all permutations of filters, choosing the one which minimizes total
cost for the plan.



Chapter 8

Evaluation

To evaluate the solution, we create a suite of performance benchmarks that
run repeatedly on databases created explicitly for benchmark use.

We use an in-house benchmark support library for these tests. The library
can create test databases in several sizes, as well as with different relative
table sizes, and run every benchmark a set amount of times. We use the
standard amount of 100 runs throughout this thesis.

We create benchmarks according to how we suspect the solution should
work. First, the improvements made in the context of this thesis should
not significantly affect the performance adversely in most queries. So, we
add some tests where both our solution and the existing one should perform
equally well and probably pick the same query plan.

Secondly, we add some tests based on where we expect the new plan to
differ from the old one. These include having a bitmap mask and an array
mask, where the array mask has a slightly larger cardinality than the bitmap
mask. We expect the new solution to scan the array only once and then go
through all the corresponding rows in the bit mask, since the cost of finding
all live rows in the array mask one-by-one would dominate all other costs.

In these tests we only measure the query time, not the time to optimize
the query. This is partly because of technical limitations, and partly because
the optimization time for our new optimizer in these tests is of cardinality
10 ms, and for the current optimizer even less, meaning that these costs will
mostly be dominated by the actual query times in real life, as well as in
most of these benchmarks. The difference in optimization time will likely
increase more for our new optimizer when optimizing n-way joins, but we
hope that this will be amortized by better caching of the query plans, as well
as reductions in total query time.

44
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8.1 Initial tests

We first do a sanity check of our cost model, i.e. see if it identifies the better
plan. We do this by adding a utility method to create query plans in a
specific order (that is, without optimizing them). We can then run the same
query for the same database state and get two different plans, from which we
will see at what point it is most efficient to switch plans, and compare that
to where our cost model would tell us to switch plans.

We change the following parameters in these benchmarks:

types of live masks

live mask cardinalities

live mask distributions

relative table sizes

We first test on a highly artificial database, having 25 000 products,
25 000 locations and 6 250 000 product-locations. The product-locations
are uniformly distributed, so we have the same branching factors. Our live
masks consist of a constant-sized mask for products, and a dynamically sized
bitmap for locations. The constant-sized mask is of cardinality 20 000, which
is unrealistically large for an array mask, but a useful test case for seeing
exactly how big the difference in performance is between the types of masks.

We define 3 different distributions for the live masks. Let m be the
number of live rows and n the number of total rows for a table. Front-heavy
masks set the rows in [1,m] to be live, the rest to be dead. They are used by
default in the benchmarks. Back-heavy masks set the rows [n —m + 1,n] to
be live, the rest to be dead. Uniform masks are a bit more involved. We have
an interval ¢ = Round(2), and set the rows 1 x 4,2 x 4,3 x .. min(%,m) x i
live. If 2 < m, we also set the rows 1 xi+1,2xi+1,3xi+1,...,(m—%)xi+1
to be live.

Figures 8.1, 8.2 and 8.3 deal with a front-heavy, back-heavy and uniform
bitmap on locations and a front-heavy array on products, where both tables
are the same size. We notice that there is no significant difference between
the figures, and they all seem to be similar to the estimated cost in figure 8.4,
intersecting in roughly the same amount of live locations. From these pictures
we see that a perfect optimizer would pick the locations bitmap as the source
mask whenever there are less than roughly 3 500 live locations, and the
product array whenever there are more than that.

Figures 8.5, 8.6 and 8.7 have one of each type of bitmap on locations
and a front-heavy bitmap on products. All the query times seem to overlap
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Figure 8.1: A constant-sized front-heavy array mask and a variable-sized
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Figure 8.3: A constant-sized front-heavy array mask and a variable-sized

uniform bitmap mask.
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Figure 8.5: A constant-sized front-heavy bitmap mask and a variable-sized
front-heavy bitmap mask.

within reason. The intersection happens later in figure 8.7 than the estimate
in figure 8.8 would predict, probably due to how the bitmaps are internally
represented, but not by a huge amount. These cases seem to confirm the
intuition that the optimizer should always pick the smaller of two bitmaps
as the source mask.

Figures 8.9, 8.10 and 8.11 deal with one of each kind of array on locations
and a front-heavy array on products, where both tables are the same size.
The datasets seem noisier, but they intersect roughly in the same place as
the estimate in figure 8.12. This seems in line with our intuition that the
smaller of two arrays should be the source mask.

From figures 8.1-8.12 we can conclude that the different distributions of
live rows do not seem to have that big of an effect on query time, and can
be ignored when trying to optimize join order. We will only use front-heavy
masks for the rest of these benchmarks.

8.2 Comparison against existing optimizer

We can now see how our optimizer compares against the existing one. Fig-
ures 8.13 and 8.14 seem to show no change, as expected. Figure 8.14 seems
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Figure 8.6: A constant-sized front-heavy bitmap mask and a variable-sized
back-heavy bitmap mask.
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Figure 8.7: A constant-sized front-heavy bitmap mask and a variable-sized
uniform bitmap mask.
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Figure 8.8: Estimated costs for a constant-sized bitmap mask and a variable-
sized bitmap mask.
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Figure 8.9: A constant-sized front-heavy array mask and a variable-sized
front-heavy array mask.
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Figure 8.10: A constant-sized front-heavy array mask and a variable-sized
back-heavy array mask.
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Figure 8.11: A constant-sized front-heavy array mask and a variable-sized
uniform array mask.
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Figure 8.12: Estimated costs for a constant-sized array mask and a variable-
sized array mask.

to contain some noise in the chart line for our new optimizer, but we presume
that it is due to a sudden spike in server load. In any cases, the difference
is < 60 ms, which is small compared to the rest of our query times in these
benchmarks. We need only test queries with one bitmap and one array from
now on. Figure 8.15 shows a clear improvement in runtime. The discontinu-
ity in the chart line for our new optimizer indicates that the query plan has
been changed.

8.3 Concluding tests

We can now go from the trivial example of tables with the same size to a
more realistic one, with clear size differences. We now have 25 000 products
(b = 150), 1 500 locations (b = 2 500) and 375 000 product-locations; a
bitmap mask on products and an array mask on locations. We can see a
clear improvement over the existing optimizer from figures 8.16, 8.17, 8.18,
8.19 and 8.20, illustrating an increasing array size, and notice that the results
seem very close to what would be expected from figure 7.1.
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Figure 8.13: A comparison between the current optimizer and the new one,
for one constant-sized array mask (size 20 000) and one variable-sized array
mask.
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Figure 8.14: A comparison between the current optimizer and the new one,
for one constant-sized bitmap mask (cardinality 20 000) and one variable-
sized bitmap mask.
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Figure 8.15: A comparison between the current optimizer and the new one,
for one constant-sized array mask (size 20 000) and one variable-sized bitmap

mask.
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Figure 8.16: A locations array of size 300 and a variable-sized products

bitmap.
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Figure 8.17: A locations array of size 500 and a variable-sized products

bitmap.
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Figure 8.18: A locations array of size 700 and a variable-sized products
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Figure 8.19: A locations array of size 900 and a variable-sized products
bitmap.
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Figure 8.20: A locations array of size 1 100 and a variable-sized products
bitmap.



Chapter 9

Discussion

In this thesis, we have shown that our optimizer did improve performance
on a sizeable subset of possible queries involving up to 3 tables, and we have
reason to believe that it will improve performance for larger queries as well.
Most of the improvement was due to our new cost model taking into account
the different time complexities of searching for a value in an array compared
to reading a certain bitmap bit.

We also saw that the existing solution was good enough for another subset
of queries, especially when the live masks are of the same type, but now it has
also been confirmed by benchmarks, and not just intuition. As mentioned
previously in section 5.5, reducing the cardinality of later joins seems to be a
good strategy in general. Were FastormDB to have only one implementation
of live masks, it would most likely only need the existing optimizer.

We concluded that distribution of queried rows within the same table did
not seem to notably affect performance. This could change with even larger
tables and more pathological distributions.

We only ran our benchmarks on a small test database. Before using this
implementation in production, it would be worthwhile to test it on a much
larger database, and possibly a copy of a production database. The small
test size might have led to various artifacts and a cost model that only works
on this scale. Suspiciously few factors seemed to be dominating the query
costs. We also tested a very limited set of possible mask distributions. In
real-life cases, large array live masks would be highly unusual, so many of the
theoretically possible live mask combinations seem inaccessible in practice at
the moment. It might be worth it to pursue testing whether forcibly changing
live mask types as part of the query optimization could be part of an optimal
plan.

o7
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9.1 Further work

N-way joins could be benchmarked to see if the optimizer presented in this
thesis will work as well for them as assumed.

Since FastormDB is strictly used for business data, exact query answers
may be expected, but since it is used mainly for forecasting (known to be
an inexact science), a case could be made for an evidence accumulation style
mentioned by Bernstein et al. (1998) and Abiteboul et al. (2005), where
approximative answers are returned quickly, along with statistical estimates,
and more exact ones can be returned in nightly or weekly batch forecasts.

FastormDB uses caching to save previous results, query plans and so on.
With regards to query plans, it currently also saves the exact cardinalities of
the masks used, so they have very limited re-usability. If the cost to optimize
queries turns out to be significant, it would be possible to use cached plans
also for queries that have only roughly the same cardinalities as the cached
plan, similar to the progressive query plans of Bizarro et al. (2009) that were
mentioned in section 4.4.

It might be worth it to check if the current query execution engine could
be improved by combining the derivation and scan steps (see section 7.1) for
the target table. This would mean that we could reduce the time to process
a query by up to 33%, according to our cost model.



Chapter 10

Conclusions

In this thesis, we have gone through the development of query optimization,
database management systems, OLAP, and related technologies. We noted
a lack of interest in query optimization in the Big Data community. We
presented the case for a query optimizer for a column-store OLAP DBMS,
FastormDB, and analyzed where we could improve performance compared
to the already existing optimizer. We presented a cost model and compared
it against actual query runtimes in several benchmarks, noticing that our
model was decently accurate. We implemented the optimizer improvements
and tested them as well, finding a niche where our new optimizer outperforms
the currently existing solution, even for simple queries involving at most 3
tables.

More work needs to be done to ensure that the solution proposed in this
thesis will be good enough to use in production, and we suggested several
other possible improvements related to query optimization for FastormDB,
such as a more complex cost model, using cached plans more liberally and
combining steps in the query execution.

This thesis showed that there is still use for the traditional query opti-
mization methods, even in DBMSs that are a far cry from the row-based
relational DBMSs of the "70s and '80s, and these techniques will likely be
important in deciding which OLAP DBMSs will be market leaders in analy-
tical processing. Like Hellerstein (2015) says, query optimizers are due for a
comeback in Big Data.
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