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Chapter 2

Related Work and
Background

It is clear that, by aiming at the design of a completely self-organizing DBMS,
cracking touches upon every angle of database design. As such, and even though
cracking introduces a completely novel query processing paradigm, the bigger
picture of the cracking initiated research is related to numerous important re-
search areas within the database field. If one looks carefully at the technical
details, cracking has been heavily inspired by past research while at the same
time it introduces numerous innovations and when all put together, the grand
vision of a self-organizing DBA-free DBMS becomes a reality.

In this chapter, we briefly discuss some of this related work and its con-
nection with cracking. We discuss about column-oriented versus row-oriented
processing and how cracking found a more fertile initial environment in column-
stores due to the simpler data layout as well as how cracking improves certain
core column-store processing issues, e.g., tuple reconstruction and updates. We
also relate cracking to auto-tuning tools and the use of materialized views and
indices, motivating its design goals towards the new challenge of completely
auto-tuned systems. In addition, we discuss how cracking can be exploited for
join processing bringing a new angle to the classic partitioned join problem. We
then motivate cracking for distributed environments where its self-tuned logic
can be exploited for better data placement.

Finally, we introduce the MonetDB database system, which is our imple-
mentation and experimentation platform.
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2.1 Row-oriented Storage and Data Access

As it should be already clear by our previous discussion, the way data is stored
in a DBMS defines/restricts the way we can process queries. All together,
storage and access methods define the possible optimizations we can think of
and implement over an existing architecture.

Traditional database systems store and process data one tuple at a time,
i.e., one row of a table at a time. This way, we will refer to them with the
general term, row-stores. In subsequent sections, we will discuss in detail about
column-stores as well which form our experimentation environment for cracking.

The storage layout in a row-store is typically based on pages. Each page
holds a certain amount of data, e.g., 8K, and contains a number of rows from
a given table. Given the variety of possible data types in a table, we need to
maintain a number of metadata entries for each page, for each row in a page
and for each attribute in a row. For example, we need to know information
regarding data sizes, starting position of attributes and rows, etc. All this is
necessary so that we can “navigate” through a page.

The processing model in a row-store is typically based on the volcano ideas,
i.e., the query plan is given one tuple at a time. Each tuple goes all the way
through every operator in the plan, before we move on to the next tuple. For
example, assume the following simple query.

select sum(R.b) from R where 5 ≤ R.a

A row-store plan would go one by one through all tuples of table R. For each
tuple it would first call the select operator to evaluate the predicate of the where
clause. In the case that the given tuple satisfies the predicate, it would then
call the sum operator.

This way of query processing adds to the need for this rather complex data
layout in row-store pages. During query processing, we continuously need to
move on to the next attribute of a row which means we need to know how many
bytes we need to read from the row and from which point exactly. We also need
to call the next operator in the plan and be aware of the data type which can of
course be different than that of the previous attribute. Then, once we are done
with one row, this has to happen again with the next row and so on.
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2.2 Column-stores

Row-store technology has been the basis for all major commercial products. It
prevailed in the early years for good reasons, e.g., organizing data in the form
of tuples allows to easily load, update and process all relevant data given a
database entry. This kind of processing was more typical when databases where
mostly used for online transaction processing (OLTP).

Over the years, the application needs changed. In addition to OLTP, ap-
plications now critically need the ability to handle analytical queries for online
analytical processing (OLAP). This kind of queries do not always need to pro-
cess full tuples. Instead, they focus on analyzing a subset of a table’s attributes,
e.g., running various aggregations to understand and analyze the data. For this
kind of applications a column-store architecture seems more natural which lead
to the design of a number of very interesting systems, e.g., MonetDB (Mon-
etDB, 2009), MonetDB/X100 (Boncz et al., 2005) and C-Store (Stonebraker
et al., 2005).

These systems are inspired by the Decomposition Storage model (DSM)
(Copeland and Khoshafian, 1985). Column-oriented DBMSs store data one col-
umn at a time as opposed to one tuple at a time. This brings the obvious
benefit of allowing a system to benefit a lot in terms of I/O for queries that
require only part of a table’s attributes. For example, assume a table repre-
senting employees in a company’s database. This table will typically consist
of numerous attributes, i.e., first name, last name, address, telephone number,
employee ID, salary, hire date, department, etc. Now imagine a series of queries
with a goal of analyzing the data, e.g., give me all employees that work in the
company for at least 5 years, give me all employees with a salary more than X,
give me the average salary, give me the average working experience, etc. This
kind of queries need to see only part of the whole table. However, in a row-store
the default action (assuming no indices are present) would still be to load the
whole table from disk to memory. A column-store, on the other hand, needs to
load only what is relevant to the query. However, a column-store is much more
than simply storing data one column at a time!

Another strong point of column-stores is the increased opportunities for com-
pression (Abadi et al., 2006; Zukowski et al., 2006). Physically storing together
columns, brings similar data closer, i.e., data of the same type with high chances
of having the same or similar values. This way, significant compression levels
can be achieved. For example, dictionary compression in a row-store would typ-
ically happen at the page level, i.e., there would be one dictionary for each page
and it would encode every possible value in this page. However, by containing
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full tuples with multiple different data types and unrelated values, the chances
for compression are restricted. In a column-store though, a page contains only
values of a single attribute, increasing the chances of finding good compression
cases. Similar arguments stand for run length encoding as well.

On the other hand, the obvious drawback of a column-store setting, is the
on-the-fly tuple reconstruction needed to bring the necessary columns back in a
tuple format. Each tuple reconstruction is a join between two columns based on
tuple IDs/positions and becomes a significant cost component in column-stores
especially for multi-attribute queries (Idreos et al., 2009; Abadi et al., 2007;
Harizopoulos et al., 2006; Manegold et al., 2004). Whenever possible, position-
based join-matching and sequential data access are exploited. For each relation
Ri in a query plan q, a column-store needs to perform at least Ni−1 tuple recon-
struction operations for Ri within q, given that Ni attributes of Ri participate in
q. This is obviously a tradeoff depending on various parameters, i.e., the num-
ber of attributes from a table R that are relevant to a given query, how wide R
is, etc. In fact, the definition of tuple reconstruction is not that straightforward
as it actually depends on the way a column-store is implemented.

2.2.1 Early Tuple Reconstruction

The simplest way to implement a column-store would be to extend an existing
row-oriented system, i.e., create a schema with multiple single column tables.
The drawback here is that we are still maintaining the complex page format
requiring all kind of metadata maintenance. The next step is to have a dedicated
column-store implementation but still maintain the typical N-ary processing
model, i.e., store data one column at a time with a simplified storage layout
but process data one tuple at a time in the same way as row-stores do. Tuple
reconstruction here is the act of gluing tuples together immediately after loading
data from disk, i.e., we load only the column necessary for a given query, we
then immediately physically glue the columns in a tuple format and then process
them as in a row-store setting. We call this early tuple reconstruction. The
benefit is that each tuple is reconstructed only once per column and that the
positional alignment of the base columns is exploited. Then, potentially a large
number of not required data is carried on through the query plan.

2.2.2 Late Tuple Reconstruction

As we already mentioned, a column-store is much more than simply storing
data one column at a time. In fact, some of the most significant benefits,
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optimizations and research questions come from processing data one column at a
time. This is actually how all advanced column-stores are designed (Stonebraker
et al., 2005; Boncz et al., 2005; MonetDB, 2009) while (Abadi, 2008) provides
a nice analysis on how a pure column-store design is much more beneficial than
the previously mentioned approaches.

This approach allows the query engine to exploit CPU- and cache-optimized
vector-like operator implementations throughout the whole query evaluation
allowing to minimize function calls, type casting, various metadata handling
overheads, etc.. All operators are heavily optimized by operating directly on
columns instead of tuples. Assume a query q that first selects a range over
attribute A1 of R. For example, the select operator is loaded only once and
operates directly on the A column in one go. Then, for each subsequent operator
(select, join, project etc.) on a different R attribute, A2, in the query plan of q,
the system first performs logical tuple reconstruction for A2, i.e., get in a column
form the proper/qualifying A2 values and in the correct order. All operators
benefit significantly by operating on dense data (of similar type) in a vector-like
model. In addition, the CPU caches are filled only with relevant data allowing
to exploit modern CPUs to the maximum. Furthermore, only the required data
is carried through the query plan.

Tuple reconstruction here is called late tuple reconstruction and allows to ex-
ploit the column-store architecture to the maximum. During query processing,
tuple “reconstruction” merely refers to getting the attribute values of qualifying
tuples from their base columns as late as possible, i.e., only once an attribute
is required in the query plan. Intermediate results are also in a column format
and are glued together in a tuple N -ary format only prior to producing the final
result. In fact, actual physical reconstruction is not even necessary. As far as
the user is concerned, viewing the results in a tuple format is mainly a presen-
tation issue, i.e., the system merely needs to print/output the result columns in
a tuple format.

The overhead is that a column/attribute might need to be reconstructed
more than once. Also, in some cases (unless a preparatory step is taken), exploit-
ing sequential access patterns during tuple reconstruction is not possible since
many operators (joins, group by, order by etc.) are not tuple order-preserving.
For example, joins, group by and order by operators destroy the tuple order
in intermediate results resulting in a significant performance decrease for tuple
reconstruction.
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2.2.3 Updates

Updates have been coined as one of the major differences between column- and
row-oriented systems. Updating a column-store seems naturally as a heavier
operation since we need to touch multiple data areas to update a single tuple
whereas in a row-store this can be done in a single step. Even further, a column-
store architecture that supports “projections”, i.e., multiple data copies sorted
in different orders, suffers even more from updates as it needs to update even
more data as well as maintaining the order in each projection.

2.2.4 Cracking on Column-stores

Cracking was inspired in a column-store environment as it inherently gives max-
imum flexibility by allowing to manipulate and reorganize columns indepen-
dently. Storing columns separately means that we can independently reorga-
nize each column without affecting the rest. Furthermore, the bulk processing
model allows to completely operate on columns in one go minimizing the over-
head of on-the-fly reorganization since we are “seeing” all to be reorganized data
anyway.

As we will show in subsequent chapters cracking even managed to signif-
icantly improve not only the selections but also the late tuple reconstruction
performance of column-stores even for dynamic and frequently updated envi-
ronments.

2.2.5 Future Column-store Research

Column-stores are a relatively young research field compared to how much re-
search has gone into row-store specific issues. In this sense, one should only
expect that there is a vast amount of research opportunities here in many dif-
ferent areas.

Regarding the core architectural design and tradeoff, i.e., store one column
at a time or store one tuple at a time, this is an area that future research is
called to study. Definitely a pure column-store design seems more flexible and
carries a significant amount of benefits. However, in the same way a pure row-
store design is the one extreme of the problem, a pure column-store is the other
extreme.

In research labs we have seen a number of very interesting hybrid directions,
i.e., (Ailamaki et al., 2001; Hankins and Patel, 2003; Ramamurthy et al., 2002;
Zhou and Ross, 2003; Shao et al., 2004). In these works, data placement is a
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compromise between rows and columns trying to create systems that span over
a broader application area. Studying how cracking could be applied in such data
layouts, the side-effects and the potential is a very interesting topic of future
work.

In addition, a number of interesting alternatives have emerged as part of the
MonetDB research and continuous development focusing more on the execution
part. One is the MonetDB/X100 system (Boncz et al., 2005) where the main
idea is that columns are split into multiple physical pieces that comfortably
fit in memory. This allows for a hybrid processing model, i.e., combining bulk
processing with volcano processing. MonetDB/X100 consumes pieces of full
columns at a time instead of the complete columns in one go. Partial cracking
(Idreos et al., 2009), i.e., physically splitting columns into multiple pieces and
cracking each piece separately, is introduced later in this thesis and provides
the basis for cracking to be exploited in these environments too. Another idea
goes as far as dynamically gluing columns in a tuple format if during processing
it is detected that a collection of operators can actually be processed more
efficiently in an N-ary way (Zukowski et al., 2008). Dynamically splitting and
gluing columns continuously through the query plan depending on query and
data is envisioned as a very promising research path.

2.3 C-Store

The recently proposed system C-Store (Stonebraker et al., 2005) is related to
cracking in many interesting ways. First, C-Store itself is also a brave departure
from the usual paths in database architecture. C-Store is a column oriented
database system and its main architecture novelty is that each column/attribute
is sorted and this order is propagated to the rest of the columns. Multiple
projections of the same relation can be maintained, up to one for each attribute.
The sorted order is exploited for fast selections while the alignment across the
columns of each projection is exploited for fast tuple reconstruction. To handle
the extra storage space required by the multiple projections compression is
extensively used (Abadi et al., 2006).

2.3.1 Cracking vs C-store

Thus, C-Store also physically reorganizes the data store. In many ways, a com-
parison between a cracking approach with the C-Store one would contain the
arguments used in the comparison with the sort and an index based strategy.
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The main characteristic of cracking is its self-organization based on the query
workload, doing just enough, touching enough of the data each time, and being
able to change the focus to different parts of the data dynamically. These prop-
erties are not explored in the C-Store approach. C-Store needs to prepare for
the workload, by creating and maintaining the proper projections. Another cru-
cial factor is that of updates. As we show in this thesis, updates can gracefully
be handled in a cracking setting. On the other hand, C-Store targets read-only
or infrequently updated scenarios as the cost of on-the-fly maintaining multiple
fully sorted copies of data is prohibitive.

A very interesting aspect of C-store is how compression is exploited especially
for the column in each projection that is fully sorted. In this case, the system
can have the best possible run length encoding compression. Compression is an
open topic for cracking. We can obviously have all the benefits of column-store
related flexibility by compressing one column at a time. Where it becomes very
interesting is when physical reorganization decisions within the crack operators
take compression into account when they decide which values to physically move
closer (see Chapter 8 in our discussion for the grand picture of cracking research).

2.4 Indices

Other than sophisticated query plan optimizations, the predominant way of
improving performance in row-stores is the use of indices. An index contains all
or part of a base table’s attributes and its main purpose is that it stores data
in a different way than the base table, i.e., in way that is actually preferable
for a given set of queries. When an index contains all table attributes is called
clustered. We can typically have at most one clustered index per table which
actually reflects a reorganization of the table itself and does not require any
extra storage. Then depending on the design we can have a large number of
non-clustered indices where we actually make partial copies of the base data
using only part of the attributes every time.

The index key, i.e., one or more of the table’s attributes, defines the order
the index data is stored. We can have multi-attribute keys defining a primary
order, a secondary order, etc.

By using indices, queries can be processed very efficiently. Other than uti-
lizing a useful order of the data, an index also helps to improve with the loading
of data. For example, an index typically contains only a small part of the at-
tributes of a wide table, i.e., a query using this index avoids loading the rest of
the data.
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The typical index used in database systems is the B-tree (Bayer and Mc-
Creight, 1972; Comer, 1979), i.e., the pages are logically organized in a tree form
where the index key defines how the various pages are linked. Typically, the
actual physical storage contains a number of tree pages that during query time
help us to navigate through the tree based on a key. Then, the main storage
is the actual data pages that reflect the leaf pages of the tree and contain the
data in the proper order.

2.4.1 Cracking vs Indices

One of the main questions is how cracking compares to traditional indices. An-
other interesting question is how cracking compares against a full sort strategy,
i.e., fully sort a column instead of continuously and incrementally cracking it.

Assume an environment where it is known up-front which data is interesting
for the users/queries, i.e., which single (combination of) attribute(s) is primarily
requested, and hence should determine the physical order of tuples. Assume also
that there is the luxury of time and resources to create this physical order before
any query arrives and that there are no updates or the time difference between
any update and an incoming query is sufficient for maintaining this physical
order (or maintaining the appropriate indices that provide an order, e.g., B-
trees). If all these are true, then sorting, or any kind of appropriate index is a
superior strategy.

Cracking is not challenging any strategy in such conditions. Instead, as we
already mentioned in our motivation in Chapter 1, cracking targets the vision
of self-organizing databases to autonomously adapt in dynamic environments
where:

• there is not any knowledge about which part of the data is interesting, i.e.,
which attributes and ranges (and with what selectivities) will be requested.

• the workload is changing often and/or with an unpredictable pattern.

• there is not enough time to prepare the complete physical design.

• there is not enough time to restore or maintain the physical order after
an update.

We will clearly show that cracking is a lightweight operation and that it
needs no up-front knowledge or idle time to achieve fast data access.
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2.5 Auto-tuning Tools

The first steps towards the vision of self-organization have already been made.
In the past years, there has been a lot of effort in designing tools to prepare the
database for the anticipated workload, e.g., (Agrawal et al., 2004; Bruno and
Chaudhuri, 2006; Chaudhuri and Narasayya, 1997; Qin et al., 2007; Schnaitter
et al., 2006; Valentin et al., 2000; Papadomanolakis et al., 2007; Zilio et al.,
2004). These tools fall under the umbrella of auto-tuning advisors/tools with
paper (Chaudhuri and Narasayya, 1997) being the pioneering work to bootstrap
this area.

In general, this line of work is based on the notion of monitoring the current
workload while the system is working or most typically the tools are offline
given a representative workload to analyze. After “enough” statistics have been
collected, clever algorithms are applied to predict the future workload taking
into account the past behavior. Then, the system makes a decision on whether
the current physical design should change or not. If yes, then a proper physical
design is chosen, i.e., indices that should be applied to speed up future queries.
This prediction is transferred to the database administrator that makes the final
judgment.

2.5.1 What-if Analysis

The core idea is based on a what if analysis (Chaudhuri and Narasayya, 1997).
The tool is given a set of queries and data to analyze. During the analysis, the
tool will observe each query independently and continuously “wonder”; what if
index X was available? It will then simulate the behavior of the whole query
workload assuming index X is available. Candidate indices are considered given
the structure of the query. Trying multiple possible indices per query and mul-
tiple different index combinations, the tool will try to make the best possible
choice for each query but also make choices that have the bigger positive impact
for the whole workload. Obviously, auto-tuning tools do not actually create and
try out all these indices. Instead, they rely on sophisticated techniques to pre-
dict the behavior of the system assuming an index was available. This way
these temporary and not materialized indices are called what if indices. Here
the query optimizer of the DBMS is called to give a proper cost estimation given
a query and a what if index.

Compression can also be considered by auto-tuning tools to boost perfor-
mance. In (Idreos et al., 2010a), we discuss the problem of what if compression
analysis to study how such tools can leverage compressed indices, i.e., how do



2.5. AUTO-TUNING TOOLS 35

we decide when a compressed index is useful for the workload. Numerous chal-
lenging research and technical problems arise. For example, estimating the size
and the expected performance of a hypothetical compressed index without ac-
tually creating the index itself or touching all its potential contents. And the
problem becomes even more complicated once we consider update queries and
storage restriction as well.

In general what-if analysis is a very hard problem, and even this off-line
approach studied so far, and implemented by major vendors, is a huge step for-
ward requiring to solve hard research and technical problems. The contribution
of this line of work is critical, i.e., a DBA can now analyze more in less time
leading to better and faster decisions. They simplify and shrink the role of the
DBA allowing less room for human errors and allowing the systems to scale
better.

However, in practice auto-tuning tools do not make any fundamental changes
to the system. They are external tools that try to simplify the role of the DBA,
i.e., they do most of the hard work of monitoring and analyzing the various
alternatives allowing the DBA to concentrate on making educated decisions of
what should actually change. But the basic model of physical design remains
the same relying on workload monitoring and subsequent index creation.

2.5.2 Cracking vs Auto-tuning Tools

Such an approach works well for off-line environments with a rather stable work-
load. In this case the following is true.

• There is enough time and resources to spend on monitoring and altering
the physical design.

• The future workload can be safely predicted.

However, the vision of self-organizing databases aims at removing these steps
such as to also cope with environments where the workload changes often and
rapidly. In such cases, an on-line approach is required to avoid high latency
during the migration step from one physical design to another and to avoid the
side-effects of a non-successful prediction or those of a rapid workload change.
Even more crucially, with auto-tuning tools the role of the DBA is still an
important one as the DBA is the one that makes the final decisions. Ideally, a
self-organizing system will need zero human input being able to automatically
tune and thus quickly and correctly adapt to changing environments. This is
exactly the motivation and contribution of this thesis.
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Database cracking can be seen as a natural successor of these ideas. It sets
a completely different example, though. Self-organization is not anymore a task
of an external tool. Instead, it is an integral part of the database kernel; every
operator is redesigned to provide a collectively self-organizing behavior. Thus,
cracking is not based on a static decision leading to a collection of indices.
Instead, it continuously learns how to better organize the data, with each op-
erator used in any query plan helping to adapt a bit better every time. This
way, cracking does not need to perform a prediction and suffer from the effects
of possible wrong judgments and delays. It reacts immediately on every query
and continuously prepares for future queries by on-line physical reorganization.
It removes the need for a DBA, it can handle random/unpredictable workload
patterns, as well as adapt to storage restrictions and updates.

2.6 Materialized Views

Other than using indices to speed up access times, modern database systems
can also exploit materialized views (Gupta and Mumick, 1999). A materialized
view is a copy of part of the table and represents a powerful tool to improve
performance as similar to an index, a materialized view allows the system to
restrict data access for queries that are “covered” by a view.

The contents of a view are typically expressed as a database query and the
DBA is responsible to create the proper views to match the workload. Naturally,
the more complex the definition of a view the less likely it is to be exploited
by future queries but the higher the potential benefits for queries that do use
the view. Multiple views can be created over the same table and over the same
data. The system then has to on-the-fly decide which views (if any) to exploit
when a relevant query arrives.

Recent ideas try to exploit views in a more dynamic way. For example,
partial views (Luo, 2007) exploit materialized views to give back incomplete
but quick answers so that the users can inspect these early results and possibly
decide to terminate the current query, e.g., because the current partial result
is already enough or because the results indicate that the query can be formu-
lated in a better way. While the user inspects these partial results, the system
continues to fully answer the query using the base data. In any case, the goal
here is to make the system more user friendly paying only a small performance
price as these partial views are only results from recent queries, i.e., these views
are still memory resident and can be accessed in a minimal cost. Similar ideas
have been also proposed in the context of semantic query caching (Godfrey and
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Gryz, 1997; Godfrey and Gryz, 1999).
Another, recent example of a more dynamic behavior is the dynamic mate-

rialized views as introduced in (Zhou et al., 2007). The idea here is that not
all tuples of a view are relevant at all times. For example, part of a view might
not be used so often by queries meaning that the system pays the overhead of
storing and maintaining this part of the view but without receiving the expected
benefits. In a dynamic view, we can keep only part of the view materialized
while the actual materialized tuples in a single view may even change over time
as the workload changes, i.e., based on access frequency.

2.6.1 Cracking vs Views

The crucial difference between cracking and materialized views is that cracking
is a direction purely designed for dynamic/unpredictable environments. The
physical design of a cracking DBMS can also be described by a set of queries.
However, in this case, everything happens completely dynamically with no ex-
ternal control needed. Initial creation, maintenance under updates, adaptation
when the workload changes, it all happens automatically as part of query pro-
cessing.

Most importantly cracking reacts at the individual operator level. For ex-
ample, a select operator will independently reorganize the relevant column in a
better way so that any future crack operator can exploit it. Similarly a crack
join or tuple reconstruction, etc. will bring relevant data together in the re-
spected column. This way, it all happens automatically at the operator and
column level as opposed to the tuple and table level by the DBA or an analysis
tool.

One of the main “problems” in a materialized view setting is always the
question of how we decide which views to exploit with a given query or set of
queries. The answer to a given query may be obtained by exploiting multiple
materialized views and by combining base data, leading to a stream of very
interesting research on complex decision algorithms that determine when to
use what. Simplicity is often the key for efficient, flexible and easy to maintain
systems. Especially in dynamic environments the problem becomes much harder
due to the unpredictability involved. Cracking sets a much simpler and clear
paradigm as there are no such decisions involved. Cracking instantly reacts
in every query performing the minimal necessary actions. The data used to
answer a query are always retrieved from the same place, i.e., the cracker maps
which are continuously kept aligned and populated purely based on the current
workload needs.
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2.7 Partial Indexing

Partial indexing has not received much attention as the prime scheme for or-
ganizing navigational access. Partial indices have been proposed to index only
those portions of the database that are statistically likely to benefit query pro-
cessing (Stonebraker, 1989; Seshadri and Swami, 1995). They are auxiliary
index structures equipped with range filters to ignore elements that should be
referenced from the index. Simulations and partial implementations in Postgres
have been undertaken.

Cracking goes a step further. Rather than being told by the DBA to index
a specific part of the data, cracking automatically analyzes only parts of the
data based on the workload. It learns more and more as more queries are
being processed. Similarly to a partial index, it has knowledge for only part
of the data but cracking can automatically expand/reduce its knowledge as the
workload evolves. Moreover, cracking does not simply index data. Instead, it
physically reorganizes the relevant data parts to cluster the data, which improves
processing significantly.

2.8 Join Processing

One of our contribution in this thesis, is a new set of algorithms to perform
joins (see Chapter 6). The join is the most challenging operation in a database
system. Through the many years of database research it has received a lot
of attention which has lead to the design of specialized algorithms for a large
number of cases that might occur in a typical query processing scenario (Graefe,
1993; Mishra and Eich, 1992).

Contemporary DBMSs implement a large number of variants of join algo-
rithms. The main characteristic of an efficient join algorithm, is that by having
a structure over the join attributes, e.g., a sort order, a hash table, etc., we
can more easily locate matching tuples. Otherwise a nested loop join has to be
performed, i.e., for each tuple from the one input we have to check all tuples
of the other input. The inputs are then called outer and inner, i.e., for each
tuple in the outer we try to find hits in the inner. This is extremely slow as it
means that we have to scan the inner as many time as the number of tuples in
the outer.

This way, a nested loop join is typically preferable only if the inner can
comfortably fit in the CPU caches in which case a scan is very fast. Otherwise,
systems use algorithms that exploit some sort of structure. For example, a sort
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merge join, first sorts both inputs (if they are not already sorted) and then walks
over the two inputs to find matching results. Exploiting the sorted order means
that the merge phase can be performed very fast. A hash join, first creates a
hash table over one of the two inputs and then walks over the other side and
for each tuple it prompts the hash table for matching values.

Efficient access patterns during the join operation is the key and the actual
cost has to be balanced against the preparation effort needed. A nested loops
join needs zero preparation but has a high join cost unless the inner is very
small. Similarly, a sort merge join has a very steep preparation to sort both
inputs but the joining phase is extremely fast exploiting the best possible access
patterns as every tuple is accessed sequentially and needs to be loaded at most
once. On the other hand, a hash join has a much smaller preparation cost but its
joining phase is slower since access to the hash table can create random access
patterns which can impact performance significantly if the hash table does not
fit in the CPU caches.

This way, for any given join operation in a query plan, the system chooses
one algorithm depending on various parameters that can affect performance,
e.g., the state of the system, memory restrictions, possible existing or beneficial
to built data structures over the data to be joined, the size of the inputs, etc.
This choice is made based on a cost model that takes into account all these
different parameters. It determines whether creating a data structure and using
a specialized join algorithm is expected to be faster than using a naive one, or
one that requires less effort in preparing the data.

2.8.1 Crack Joins vs Traditional Joins

The crack join techniques proposed in this thesis follow the cracking philoso-
phy towards a completely self-organizing system. They exploit but also enhance
the partitioning-like information created during query processing by on-the-fly
physically reorganizing the inputs in a cache conscious way. They share com-
mon ground with and are inspired by the rich literature on join query processing
(Graefe, 1993; Mishra and Eich, 1992). Especially, algorithms on partitioning
based joins (Manegold et al., 2002; Shatdahl et al., 1994) are very related to
crack joins. Most partitioned join algorithms aim at explicitly partitioning
(transient) join inputs only for the purpose and benefit of improving the per-
formance of the very join at hand. In contrary, a crack join exploits in the
best possible way an already existing and evolving data structure, and through
on-line physical reorganization achieves to speed up not only the current join
operation but also future joins, selections, updates, etc. The self-organizing
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nature of the cracker joins does not exist in any of the past algorithms.

2.9 Distributed and Peer-to-peer DBMSs

The characteristic of database cracking is the continuous physical reorganiza-
tion of data to match the workload. Even though in this thesis, cracking is
studied for a single machine environment, it is evident that these ideas can po-
tentially be explored for a distributed or multi-processor setting as well. The
database community has done a lot of work in the area of distributed and par-
allel databases. A large portion of this work is nicely surveyed in (Kossmann,
2000; DeWitt and Gray, 1992; Yu and Chang, 1984). The crucial parameter
is always the question of where data is placed so that future queries can have
better, faster, easier access. Data is partitioned on multiple disks or sites based
on some criteria, e.g., hash-based partitioning, range-based partitioning, etc.
Cracking does exactly that; it dynamically decides how data should be stored
based on incoming queries and thus an extension towards distributed cracking
seems a very interesting potential (see Chapter 8 for more detailed discussion
on this).

Mariposa (Stonebraker et al., 1996) is one of the most well known distributed
database systems and probably the most ambitious attempt to scale to thou-
sands of nodes. The authors based their work on different assumptions from
what had happened up to this point in the area of distributed databases and
based the protocols of interaction between the various nodes on economic mod-
els. Most importantly they took into account the fact that not all nodes in a
network are equal in terms of available resources (CPU, storage, network con-
nection etc.) and the fact that data should be able to move from one node
to another easily without requiring heavy operations. All this should happen
without global coordination while at the same time the network should adapt
its behavior according to current status. Most of these issues still remain open
research subjects.

Another well known distributed database system is LH* (Litwin et al., 1996).
The authors introduce the notion of the scalable distributed data structure
(SDDS) which shares a lot with the underline ideas of current structured overlay
networks in the sense that a SDDS is maintained in a distributed way even in
the presence of node connections, disconnections or failures without centralized
coordination.

Other typical examples include the series of work on exploiting hash based
techniques to distribute data and queries. For example, (Mehta and DeWitt,
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1997) study the problem of evaluating join queries in multiprocessor environ-
ments by parallelizing the join operation mainly through hash-based algorithms.

Dynamic environments Given the hard problems that have to be solved
and the strict requirements for consistency and correctness, attempts towards
distributed databases typically concentrated on stable environments. DBAs
would decide up-front how data should be spread on the network to match the
workload. This is very much the same as our discussion earlier in this chapter for
the use of indices and cracking can potentially have an impact to more dynamic
environments.

P2P DBMSs As the years gone by and both the hardware and the appli-
cations evolved, a new era of distributed computing emerged, i.e., peer-to-peer
computing. The goals and assumptions here are rather different, assuming no
centralized point of failure, clients contributing actively to query processing,
not all data and nodes are guaranteed to be available at all times, random
workloads, etc.

Data and query models in peer-to-peer systems were purposely kept simple
to concentrate on more critical distributed processing issues in dynamic en-
vironments. This lead to a series of very interesting system prototypes. For
example, in (Idreos et al., 2004) we study query processing in large unstructured
networks using models inspired from Information Retrieval. In (Tryfonopou-
los et al., 2005), we show how to support this kind of query processing in a
more structured environment, i.e., over Distributed Hash Tables (DHTs) (Sto-
ica et al., 2003). As peer-to-peer computing became more and more popular,
the community focused on multiple different kinds of processing. For example,
in (Liarou et al., 2006), we study RDF query processing over DHTs. All this
line of work is based on the notion of properly assigning parts of the data to
parts of the network so that when queries arrive we can efficiently process them
by spreading the query processing load quite evenly over the network nodes.

As the application started having more requirements, the idea of P2P DBMSs
was coined (Bernstein et al., 2002; Gribble et al., 2001), i.e., use relational data
and SQL queries in a P2P environment. Then, depending on the application
scenario we can possibly relax some of the strict requirements of relational query
processing, i.e., it is not necessary to always spend huge amounts of network
bandwidth to create a complete answer. PIER (Huebsch et al., 2003) was one of
the first attempts to support the full power of SQL over DHTs while in (Idreos
et al., 2006; Idreos et al., 2008) we introduced a series of algorithms to perform
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incremental continuous join query processing in a DHT environment.
Self-organization in the way data is stored and accessed over the network is

an even more crucial property than in a centralized system, i.e., the potential
gains in network delays are even more significant than the respective I/O. Crack-
ing is designed for relational query processing and self-organization is its main
property. Especially with partial sideways cracking, a cracked P2P DBMS looks
as a promising future. With partial cracking columns are adaptively split into
multiple physical pieces which the system can process separately, e.g., in sepa-
rate nodes. In Chapter 8 we have a more detailed discussion on this possibility
as well.

2.10 The MonetDB System

In this section, we will briefly describe the MonetDB system to introduce the
necessary background for the rest of our presentation. MonetDB is an open-
source column-store developed in the database group of CWI in Amsterdam
over the past decade.

MonetDB differs from the mainstream systems in its reliance on a decom-
posed storage scheme, a simple (closed) binary relational algebra, and hooks to
easily extend the relational engine. In MonetDB, every n-ary relational table
is represented by a group of binary relations, called BAT s (Boncz et al., 1998).
A BAT represents a mapping from an oid-key to a single attribute attr. Its
tuples are stored physically adjacent to speed up its traversal, i.e., there are
no holes in the data structure. The keys represent the identity of the original
n-ary tuples, linking their attribute values across the BATs that store an n-ary
table. For base tables, they form a dense ascending sequence enabling highly
efficient positional lookups. Thus, for base BATs, the key column is a virtual
non-materialized column. For each relational tuple t of R, all attributes of t
are stored in the same position in their respective column representations. The
position is determined by the insertion order of the tuples. This tuple-order
alignment across all base columns allows the column-oriented system to per-
form tuple reconstructions efficiently in the presence of tuple order-preserving
operators. Basically, the task boils down to a simple merge-like sequential scan
over two BATs, resulting in low data access costs through all levels of modern
hierarchical memory systems.

SQL statements are translated by the compiler into a query execution plan
composed of a sequence of simple binary relational algebra operations. Mon-
etDB is a late tuple reconstruction column-store; when a query is fired, the
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relevant columns are loaded from disk to memory but are glued together in a
tuple N -ary format only prior to producing the final result. This way, interme-
diate results are also in a column format. In MonetDB, each relational operator
materializes the result as a temporary BAT or a view over an existing BAT.
Intermediates can efficiently be reused (Ivanova et al., 2009). For example, as-
sume the following query:

select R.c from R where 5 ≤ R.a ≤ 10 and 9 ≤ R.b ≤ 20

This query is translated into the following (partial) plan:

Ra1 := algebra.select(Ra, 5, 10);
Rb1 := algebra.select(Rb, 9, 20);
Ra2 := algebra.KEYintersect(Ra1, Rb1);
Rc1 := algebra.project(Rc, Ra2);

Operator algebra.select(A,v1,v2) searches all
key-attr pairs in base BAT A for attribute values between v1 and v2. For
each qualifying attribute value, the respective key value (position) is included
in the result. Since selections happen on base BATs, intermediate results are
also ordered in the insertion sequence. In MonetDB, intermediate results of
selections are simply the keys of the qualifying tuples, thus the positions of
where these tuples are stored among the column representations of the relation.
In this way, given a key/position we can fetch/project (positional lookup) dif-
ferent attributes of the same relation from their base BATs very fast. Since
both intermediate results and base BATs have the attributes ordered in the
insertions sequence, MonetDB can very efficiently project attributes by having
cache-conscious reads.

Operator algebra.project(A,r) returns all key-attr
pairs residing in base BAT A at the positions specified by r. This is a tu-
ple reconstruction operation. Iterating over r, it uses cache-friendly in-order
positional lookups into A.

Operators algebra.KEYintersect(r1,r2) and algebra.KEYunion(r1,r2)
are tuple reconstruction operators that perform the conjunction / disjunction
of the selection results by returning the intersection / union of keys from r1 and
r2. Due to order-preserving selection, both r1 and r2 are ordered on key. Thus,
both intersection and union can be evaluated using cache-, memory-, and I/O-
friendly sequential data access. The results are ordered on key, too, ensuring
efficient tuple reconstructions.
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Figure 2.1: Join processing in a column-store

One of the most interesting features of MonetDB is that the actual algorithm
used for each operator it is decided at the very last minute as part of the operator
call, i.e., a select operator, will on-the-fly decide whether it will do a simple scan
select or a binary search if it finds out that the data is sorted. Similarly a join
will decide on the fly the proper algorithm depending on the input properties.
To a large degree this is one more positive side-effect of the column-based query
processing, i.e., processing one column at a time in a bulk mode. This way, we
can delay for example the decision of which join algorithm to use up until the
moment that we are about to call the join operator. By then, we have fully
created the join inputs and thus we can take better decisions.

The join operator in a column-store takes as input two BATs b1 =(key1,attr1)
and b2 =(key2,attr2). The operator finds the joinable attr1-attr2 pairs and
produces as output a new BAT that contains the qualifying key1-key2 pairs.
These keys are then used in the remainder of the query plan to fetch the quali-
fying values of the necessary attributes from the base tables and in the correct
order. An example of join processing can be seen in Figure 2.1. To find the
actual joinable tuples across the two columns, the operator decides on the fly
the most appropriate algorithm, e.g., hash join, nested loops join, etc. In ad-
dition, the choice of which is considered the inner or outer input is a dynamic
one taken at the operator level by exploiting the complete knowledge about the
inputs, i.e., their sizes.

The relational operations are grouped into modules, e.g. algebra, aggr
and bat. The modules represent a logical grouping and they provide a name
space to differentiate similar operations. The actual implementation consists of
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several tens of relational primitive implementations, but they are ignored here
for brevity. They do not introduce extra complexity either. Each relational
operator is a function implemented in C and registered in the database kernel
using its extension mechanism. At the moment of writing this thesis, the com-
plete MonetDB package is a sizeable project weighting roughly 2 million lines
of C code out of which roughly 250K is the extension required for building the
database cracking modules.

Database cracking is implemented within the heart of MonetDB. The crack-
ing implementation represents a set of new operators, algorithms and data struc-
tures that cooperate with the existing MonetDB features to give the desired
result.

2.11 Summary

In this chapter, we discussed a number of very interesting research areas that
have inspired cracking. We argue that the cracking research, as motivated by
the results in this thesis, can have a positive impact by bringing a new paradigm
and way of understanding database architectures. Of course, the road towards
a mature and fully functional system is long when such fundamental changes
are introduced. In the next chapters, we introduce in detail database cracking
and provide solutions for some of the most fundamental issues, i.e., updates and
tuple reconstruction as well as demonstrating further interesting cases where
cracking can be exploited, i.e., join processing. In the last chapter, we sketch
the bigger picture of the cracking research and potential, touching upon some
of the most important research directions that this thesis opens that will bring
us even closer to the vision of a truly self-organizing system.




