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Chapter 1

Introduction

The trend in database applications is that databases are becoming orders of mag-
nitude larger and user queries are becoming more and more complex. This trend is driven
by new application areas such as decision support, multi-media applications, scientific data
visualization, and information retrieval. For example, NASA scientists have been collecting
terabytes of satellite image data from space for many years, and they wish to run vari-
ous queries over all the past and current data to find relevant images for their research.
As another example, several department stores have started to record every product-code-
scanning action of every cashier in every store in their chain. Ad-hoc complex queries are
run on this historical database to discover buying patterns and make stocking decisions.

It has become increasingly difficult for conventional single processor computer sys-
tems to meet the CPU and I/O demands of relational DBMS searching terabyte databases
or processing complex queries. Meanwhile, multiprocessors based on increasingly fast and

inexpensive microprocessors have become widely available from a variety of vendors in-



cluding Sequent, Tandem, Intel, Teradata, and nCUBE. These machines provide not only
more total computing power than their mainframe counterparts, but also provide a lower
price/ MIPS. Moreover, the disk array technology that provides high bandwidth and high
availability through redundant arrays of inexpensive disks [37] has emerged to ease the /O
bottleneck problem. Because relational queries consist of uniform operations applied to
uniform streams of data, they are ideally suited to parallel execution. Therefore, the way
to meet the high CPU and I/O demands of these new database applications is to build
a parallel database system based on a large number of inexpensive processors and disks
exploiting parallelism within as well as between queries.

In this chapter, we first introduce the issues in query processing on parallel database
systems that will be addressed in this thesis. Then, related previous work on parallel
database systems, especially work on parallel query processing is surveyed. The last section

of this chapter presents an outline of the rest of this thesis.

1.1 Query Processing in Parallel Database Systems

One of the fundamental innovations of relational databases is their non-procedural
query languages based on predicate calculus. In earlier database systems, namely those
based on hierarchical and network data models, the application program must navigate
through the database via links and pointers between data records. In a relational database
system, a user only specifies the predicates that the retrieved data should satisfy in a rela-
tional query language such as SQL [26], and the database system determines the necessary

processing steps, i.e., a query plan automatically. Since there may be many possible query



plans which differ by orders of magnitude in processing costs (see [27] for an example), the

key of database query processing is to find the cheapest and fastest query plan.

1.1.1 Conventional Query Processing

Conventional query processing assumes a uniprocessor environment and query
plans are executed sequentially. A query plan for a uniprocessor environment is called
a sequential plan. The common approach to optimization of sequential plans is to exhaus-
tively or semi-exhaustively search through all the possible query plans, estimate a cost for
each plan, and choose the one with minimum cost, as described in [47]. A sequential query
plan is a binary tree of the basic relational operations, i.e., scans and joins. There are
two types of scans: sequential scan and index scan. There are three types of joins: nest-
loop, mergejoin and hashjoin. Hashjoin is only useful given a sufficient amount of main
memory [48], hence has not been widely implemented until recently. All other scan and
join operations, as described in any database textbook such as [30], are applicable in any
environments. At run time, the query executor processes each operation in a plan sequen-
tially. Intermediate result generation is avoided by the use of pipelining, in which the result
tuples of one relational operation are immediately processed as the input tuples of the next
operation.

IBM’s System R requires the inner relation of any join operation to be a base table
(i.e., a stored, permanent relation) [47]. The resulting query plans are called deep tree plans.
The rationale is that this restriction allows the use of an existing index on the inner relation
of a join to speed up the join processing and reduces the search space of plans significantly.

In contrast to System R, both the university version and the commercial version of Ingres



Figure 1.1: Deep Tree Plan v.s. Bushy Tree Plan

allow query plan trees of all shapes, i.e., bushy tree plans [59, 29]. Figure 1.1 shows an
example of a deep tree plan and a bushy tree plan for the same four-way join query.
There are advantages and disadvantages for both deep and bushy tree plans. Ap-
parently, query optimization becomes more difficult as the set of possible plans grows. The
set of bushy tree plans is a superset of the set of deep tree plans, and is larger by several
orders of magnitude. More precisely, the number of all possible deep tree plans is n! for an
n-way join query, whereas the number of all possible bushy tree plans is n! x C,,_1, where

('}, represents the k-th Catalan number which counts the number of ordered binary trees



of using deep tree plans for queries with a small number of relations. However, a deep tree
plan eliminates the possibility of executing two joins in parallel. Therefore, it is important
to consider bushy tree plans in a parallel database system so that parallelism between joins
in the left subtree and those in the right subtree can be exploited. In this thesis, general
bushy tree plans are considered to exploit parallelism.

Query optimization usually takes place at compile time. However, in a multi-user
environment, many system parameters such as available buffer size and number of free
processors in a parallel database system remain unknown until run time. These changing
parameters may affect the cost of different query plans differently. Thus, we cannot simply
perform compile-time optimization based on some default parameter values. This issue of

query optimization with unknown parameters will be addressed in this thesis.

1.1.2 Parallel Query Processing

As we can see from the previous subsection, each sequential plan basically specifies
a partial order for the relation operations. We call a query plan for a parallel environment a
parallel plan. If a parallel plan satisfies the same partial order of operations as a sequential
plan, it is called a parallelization of the sequential plan. Obviously, each parallel query
plan is a parallelization of some sequential query plan and each sequential plan may have
many different parallelizations. Parallelizations can be characterized in the following three

aspects.

o Form of Parallelism



We can exploit parallelism within each operation, i.e., intra-operation parallelism
and parallelism between different operations, i.e., inter-operation parallelism. Intra-
operation parallelism is achieved by partitioning data among multiple processors and
having those processors execute this same operation in parallel. Since intra-operation
depends on data partitioning, it is also called partitioned parallelism. Inter-operation
parallelism can be achieved either by executing independent operations in parallel
or executing consecutive operations in a pipeline. We call parallelism between inde-
pendent operations independent parallelism and parallelism of pipelined operations

pipelined parallelism.

¢ Unit of Parallelism

Unit of parallelism refers to the group of operations that is assigned to the same
processor for execution. We also call a unit of parallelism a plan fragments since it is
a “fragment” of a complete plan tree. In theory, a plan fragment can be any connected

subgraph of a plan tree.

¢ Degree of Parallelism

Degree of parallelism is the number of processes that are used to execute a plan
fragment. In theory, the degree of parallelism can be greater than the number of

available processors.

Figure 1.2 shows an example parallel plan. It illustrates the above three aspects
for a parallelization of a mergejoin plan. As we can see, one input to the mergejoin is

a sequential scan followed by a sort and the other input is an index scan. We choose to



Figure 1.2: An Example Parallel Plan

parallelize the sequential scan and the sort together in the same plan fragment while the
mergejoin and the index scan are parallelized in separate plan fragments. The sequential
scan and sort are parallelized among three processes, i.e., the degree of parallelism is equal
to 3. FEach process scans one third of relation Ry and sorts the qualified tuples from
the sequential scan. Similarly the index scan is parallelized between two processes, each
scanning half of relation Ry. (The details of how to parallelize a sequential scan or index scan
will be described in Chapter 2.) These processes all pipeline their output to the mergejoin
process. This parallelization includes all three forms of parallelism. There is partitioned

parallelism within the sequential scan and sort on relation Ry and the index scan on relation



than the search space of sequential plans, how to schedule the processing of multiple plan
fragments in an optimal way, and how to allocate main memory among multiple parallel
plan fragments optimally. This thesis presents an integrated solution that addresses all

these new issues.

1.2 An Overview of Previous Work

In the past decade, an enormous amount of work has been done in the field of
parallel database systems. In the early days, most database machine research had fo-
cused on specialized, often trendy, hardware such as CCD memories, bubble memories,
head-per-track disks, and optical disks. However, none of these technologies fulfilled their
promises [8]. Parallel database systems did not become a success until the widespread adop-
tion of the relational model and the rapid development of processor and disk technology.
Now parallel database systems can be constructed economically with off-the-shelf conven-
tional CPUs, electronic RAM, and moving-head magnetic disks. To date, many successful
parallel database systems have been developed both in the commercial marketplace and in
research institutions, as will be described in this section.

Parallel database systems would not have enjoyed such a big success of today
had there not been a wealth of research results contributed by many researchers in this
field. This section will only survey those works that are most relevant to this thesis. As
pointed out in [50], there are three main architectures for parallel database systems: shared
disk, shared nothing, and shared everything. Each of these three architectures has different

characteristics for parallel query processing. In this thesis, we will concentrate on the shared



everything architecture. Because shared disk has not been a popular approach and there has
been little work done specifically for that architecture, we will not discuss the shared disk
architecture in this thesis. Interested readers are referred to IBM’s IMS/VS Data Sharing
product [52] and DEC’s VAX Rdb/VMS products [31] for more details about shared disk
systems. Most previous research on parallel query processing is done in the context of
the shared nothing architecture. Therefore, besides the shared everything architecture, we
will also survey works on the shared nothing architecture. Section 1.2.1 first introduces
the shared nothing architecture and describes parallel query execution in a shared nothing
system. Then, Section 1.2.2 discusses the shared everything architecture and introduces
XPRS, a prototype system which all the work in this thesis is based on. Last, Section 1.2.3

surveys previous work on parallel query optimization.

1.2.1 Shared Nothing Systems

The Shared Nothing Architecture

With a shared nothing system, each processor owns a portion of the database
and only that portion may be directly accessed or manipulated by that processor. A two-
phase commit protocol [49] is required to coordinate a transaction commit which involves
multiple nodes. Examples of shared nothing systems include Tandem’s NonStop SQL [56],
Teradata’s DBC/1012 [55], MCC’s Bubba [7] and University of Wisconsin’s Gamma [17].

The key to parallelism in a shared nothing system is based on the concept of
declustering. Declustering a relation involves distributing its tuples among multiple nodes

according to some distribution criteria such as applying a hash function to the key attribute
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of each tuple. Declustering has its origin in the concept of horizontal partitioning initially
developed as a data distribution mechanism for distributed DBMS [43]. After declustering,
each processor in a shared nothing system is in charge of a portion of the database residing
on its local disk drives. This enables the DBMS software to exploit the I/O bandwidth
reading and writing multiple disks in parallel.

There are three basic declustering schemes: range partitioning, round-robin and
hashing as illustrated in Figure 1.3. Range declustering maps tuples with a key value in a
certain range to a certain disk. Round-robin declustering maps the ¢’th tuple or page to
disk ¢ mod n (where n is the number of disks). Hashing declustering assigns tuples to disks
according to a hash function. Among the shared nothing systems, Teradata only supports
round-robin and hashing, while Tandem, Bubba and Gamma supports all three declustering
schemes.

For example, suppose that an employee relation is declustered among 5 sites using

range partitioning on the salary attribute as follows:

Site 1: salary < 10K
Site 2: 10K < salary < 20K
Site 3: 20K < salary < 30K
Site 4: 30K < salary < 40K
Site 5: salary > 40K.

In this case, a query to find all the employees who earn $25K will be processed only at
Site 3. In general, range partitioning can restrict the processing of a query to a minimum
number of processors, which complicates the issue of load balancing. Unless salaries of
employees are uniformly distributed and queries on salary ranges are likewise uniform, the

five sites in the system will not have an equal amount of work to do, and the entire system



Figure 1.3: Three Basic Declustering Schemes

will bottleneck on the overloaded processor.

The load balancing problem has prompted people to favor round-robin and hashing
declustering. However, hashing or round-robin declustering will almost guarantee that all
five processors will execute every query (except for an exact-match query on the hashed
attribute). For a query that only returns a single tuple, this will result in 5 times as much
work as necessary, which will certainly hurt transaction processing performance.

Another problem of a shared nothing system is the communication overhead.
When a query is executed in parallel on multiple systems, there is inevitable communi-

cation among the systems to synchronize multiple computation. At the same time, data
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be broadcasted to all the participating nodes. This generates more traffic on the network.
When the degree of declustering is increased, the response time of individual queries will
decrease at first because of higher parallelism, but after a certain point, the response time
will increase because the communication overhead has become a significant fraction of the
overall execution cost. This problem has prompted Bubba to advocate declustering only to
a subset of the disks to reduce communication cost [12]. However, this also raises a number
of new issues for physical database design. In Bubba, in addition to selecting a declustering
strategy for each relation, the number of disks over which a relation should be declustered
must also be decided. Copeland, et al. describe in [12] an approach based on the heat of
a tuple, i.e., the access frequency of the tuple over some period of time, which balance the

frequency with which each disk is accessed rather than the actual number of tuples on each

disk.

Parallel Query Execution in Gamma

We describe how query execution can be parallelized through the particular im-
plementation in Gamma, which is representative for shared nothing systems. As is pointed
out in [21], there are two models for parallelizing relational queries, i.e., the bracket model
and the operator model. Gamma adopts the bracket model. The operator model will be
described in the next subsection.

In the bracket model, there is a generic template process for each type of operations
that can receive and send data and can execute exactly one operation at any point of time.
A schematic diagram of such a template process for join operations is shown in Figure 1.4.

The code that makes up the generic template calls the code for the operation which then



Figure 1.4: Bracket Model of Parallelization

controls execution; network 1/O on the receiving and sending sides are performed as service
to the operation on request, implemented as procedures to be called by the operation. The
operation is surrounded by the generic template code which shields it from its environment.
The algorithms for the relational operations are still written as if they were to be run on a
uniprocessor.

In Gamma, this generic template is implemented through a structure called a split
table. As shown in Figure 1.5, the input to an operator process is a stream of tuples and

the output is a stream of tuples demultiplexed to multiple subsequent operator processes



Figure 1.5: Generic Template for Parallelization in Gamma

Value | Destination Process

0 (Process #3, Port #5)
(Process #2, Port #13)
(Process #7, Port #6)
(Process #9, Port #15)

WIN| =

Figure 1.6: An Example Split Table

executing a single relational operation. In other words, tuples are pipelined between the
parallel processes as soon as they are made available by an operation. In Gamma, each

query also has a scheduler process that creates and terminates all the operator processes for
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types of operations. For example, the template process for joins must listen to two input
ports, while the template process for scans only need to listen to one input port. These
operation-specific templates constraint the unit of parallelization as a single operation.
Therefore, one operation has to pay the overhead of inter-process communication (IPC) to
call another operation, whereas if more than one operations can be executed in the same
process, operations can call each other much more efficiently by simple procedure calls.
Next, we discuss the shared everything systems including XPRS and Volcano.
The operator model of parallelization will be described with the Volcano system since it is

originally proposed for that system.

1.2.2 Shared Everything Systems

In a shared everything system, main memory, in addition to disks, is also shared
across all the processors, making system management and load balancing much easier.
An example of shared everything systems is University of California at Berkeley’s XPRS
system [41] which we will describe in details throughout this thesis.

In the context of query processing, the main advantage of a shared nothing sys-
tem is its scalability. It may be possible to scale a shared nothing systems to hundreds,
even thousands of processors. The main disadvantage of a shared nothing system is the
communication overhead. Contrarily, a shared everything system has the advantage of no
communication overhead and easy load balancing, but is limited on scalability. Ultimately
bounded by the internal bus bandwidth, usually a shared everything system can at most
scale up to tens of processors. However, a shared everything system can be used as a node

in a shared nothing system to reduce the number of nodes and increase efficiency.



Figure 1.7: The Overall Architecture of XPRS

In this subsection, we discuss the shared everything architecture throug
system, which this thesis is based on. We also describe another shared everyth
the Volcano system of University of Colorado at Boulder to introduce the oper

for parallelizing relational queries.

The Architecture of XPRS

XPRS (eXtended Postgres on Raid and Sprite) of University of Californ

lov ¢ a m1lticticar naralleal datahace cveterm haced on the POST(IRECS novt
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tem. First, there are no communication delays because messages are exchanged through the
shared memory, and synchronization can be accomplished by cheap, low level mechanisms.
Second, load balancing is much easier because the operating system can automatically al-
locate the next ready process to the first available processor. The simulation results in [2]
show that a shared everything system will outperform a shared nothing system with an
equivalent number of processors, disks and megabytes of main memory by as much as a fac-
tor of two. As will be described in the rest of this thesis, XPRS is designed and implemented
to take full advantages of the shared everything architecture.

Database applications are often 1/0 intensive. In order to keep up with the 1/0
requests from multiple processors, XPRS uses a disk array to eliminate the I/O bottleneck.
All relations are striped [45] sequentially, block by block, in a round-robin fashion across the
disk array to allow maximum I/O bandwidth. Figure 1.7 only shows the non-redundant disk
array configuration, i.e., RAID Level 0 as classified in [37], which is the default configuration
for XPRS. XPRS also supports other disk array configurations. Performance implications
of running XPRS on other disk array configurations will be discussed in Chapter 5.

The goals of XPRS are high performance and high availability. This thesis only
deals with the high performance aspects of XPRS. Discussions on the high availability
aspects of XPRS can be found in [53]. XPRS is designed to achieve high performance for
both transaction processing and complex ad-hoc queries through parallelism within each

individual query as well as between different queries.
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Parallel Query Execution in Volcano

The Volcano query processing system is also a shared everything system. It tries to
combine extensibility with parallelism and introduced the operator model of parallelization
to overcome the problems of the bracket model. The basic idea is to encapsulate all the
issues of parallelization into a single operator, which is called the ezchange operator in
Volcano [21].

In Volcano, each operator is implemented as a iterator, i.e., it supports a simple
open-nezt-close interface similar to conventional file scans. For a given query plan, calling
open for the root operator results in initializations of execution states e.g., allocation of a
hash table, and open calls for all its inputs. After all iterators in a query plan are initialized
recursively, the query is processed by calling next for the root operator repeatedly until
it fails with an end-of-stream indicator. Finally, the close call recursively shut down all
iterators in the query plan.

The exchange operator is also implemented as an iterator, but it has a special
set of open, next and close procedures. An open call to an exchange operator will create
one or more child processes. The parent process will serve as the consumer and the child
processes will serve as the producers. Proper communication channels between the parent
process and child processes will also be set up by the open call. For a next call to the
exchange operator, the parent process will try to get the next tuple from the communication
channels from the child processes. Meanwhile, the child processes will be executing some
operations in parallel, packing the result tuples into packets and sending the packets to the

parent process. Flow control is also exercised in the exchange operator to keep the child
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processes from overflowing the communication buffers. Finally, when a close call comes to
the exzchange operator, the parent process will send a message to the child processes telling
them to clean up and terminate.

The advantage of implementing the exchange operator as an iterator is that it can
be inserted at any one place or multiple places in a complex query plan. Figure 1.8 shows
a query plan that includes both relational operators, i.e., scans and joins, and exchange
operators. An open call to the top exchange operator by the starting process will create
some processes to process the plan fragment consisting of the hashjoin, the nestloop join
and the index scan. These new processes will in turn call open to the exchange operators
above the two sequential scans which creates multiple processes to process the sequential
scans. In this way, all the parallel processes and communication channels between them are
set up. Then the query plan will be processed in parallel by these processes. As we can
see, the exchange operator can support not only different units of parallelism, namely single
operations or multiple operations (depending on where it is inserted), but also different
forms of parallelism, i.e., pipelining between operations (e.g, between the sequential scans
and the hashjoin), parallelism between operations (e.g., between the two sequential scans)
and parallelism within operations (e.g., within each sequential scan). More details about
the exchange operator are discussed in [21].

In summary, parallelization involves many new issues, such as, creation and termi-
nation of parallel processes, establishment of communication channels, flow control between
asynchronous processes, etc. The bracket model tries to deal with these issues in a sched-

uler and the template processes for different operation types. Therefore, these issues are



Figure 1.8: Query Plan with Exchange Operators

not encapsulated in one single module, which complicates extensions to the system. On
the other hand, in the operator model, all the issues about parallelization are dealt with in
one operator. The rest of the system can be implemented as in a conventional uniprocessor
environment, without concerning with parallelization issues.

There is also a large amount of work that has been done on parallelizing specific
relational operations, which we will not cover in this thesis. Interested readers are referred
to [3] and [57] for some early work on parallel execution of relation operations, [4] and [35]

for sorting, [14], [33] and [58] for hashjoins, also [58] for mergejoins.

1.2.3 Optimization Algorithms

After we understand the parallelization of relational queries, the next question is
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the large search space of parallel plans. In a multi-user environment as XPRS, parameters
such as the amount of available buffer space and number of free processors are unknown at
compile time. Therefore, compile-time optimization must generate plans for an uncertain
run-time environment. Second, the number of possible parallel query execution plans is so
enormous that any exhaustive search algorithm is impractical. As a result, the search space

must be heuristically reduced. Previous work on these two issues will be surveyed below.

Dealing with Unknown Parameters

Most current database systems avoids the unknown parameter problem by making
certain assumptions about values of system parameters (e.g., number of available buffers).
However, at run time these assumptions may be violated because the run-time workload
is unpredictable. When these assumptions are violated, queries need to be re-optimized to
avoid performance degradation.

To reduce the need for re-optimization, some researchers have studied the problem
of optimizing queries with unknown parameters. The earliest significant work in this area is
presented in [22], which discusses the implementation of dynamic query plansin the Volcano
optimizer generator. The main idea is to introduce choose-plan nodes to generate multiple
query plans, consequently, the run-time system must go through a decision tree to choose
a plan according to the current system parameters. The proposal is to introduce choose-
plan nodes at all places in a plan where the choice of subplans underneath is sensitive to
the values of system parameters. This work introduces many important concepts related
to query optimization with unknown parameters, but does not include a complete search

strategy to identify the dynamic plans and the places where the choose-plan operator should
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be placed.

The Starburst project has also considered incorporating a second optimization
phase that chooses plans at run time [23], but no technique has been developed to find
those plans. Also, [13] uses an integer programming model to optimize queries in a trans-
action processing environment and their buffer allocations simultaneously. However, in the
end, only one plan is produced per query, and that plan is susceptible to changes in the
environment.

The most recent work is presented in [24], which proposes a general framework
for dealing with unknown parameters in query optimization. The buffer size parameter is
considered in depth to illustrate the general approach, which is based on randomized query
optimization algorithms, such as Simulated Annealing [25] and Iterative Improvement [54].
In a randomized query optimization algorithm, the query plan space is represented as a
state transition graph with each state corresponding to a query plan and each transition
corresponding to an event such as change of join orders or join methods. A local optimal
plan is a plan that has lower cost than all its adjacent plans in the state transition graph.
A randomized query optimization algorithm randomly walks through the state transition
graph finding local optimal plans and returns the minimum-cost local optimal plan that is
ever visited. In the approach proposed in [24], there is a co-routine to optimize the query
plans for each value of an unknown parameter with a randomized algorithm. The key idea
of this approach is to have sideways information passing among the co-routines, i.e., for
each co-routine to let other co-routines know the minimum cost plan that it has visited.

The depth of sideways information passing is defined as the number of co-routines which
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each co-routine pass information to. The paper shows through experiments that for the
buffer size parameter, Iterative Improvement with sideways information passing of depth 1
is the most effective randomized optimization algorithm. The problem with this approach
is that it is only applicable to randomized algorithms and cannot be incorporated into
existing conventional query optimizers. This is because if a deterministic algorithm is used,
every co-routine will make the same move at each step, which renders sideways information

passing useless.

Optimizing Parallel Execution Plans

There has been little work done on this topic. To date, no query optimizers
consider all parallel algorithms for each operator and all possible query plans. The main
difficulty of this optimization problem is the enormous search space of all possible parallel
query plans.

In [9], Bultzingsloewen outlines six key issues in query optimization in loosely or
tightly coupled multiprocessors with private disks and sketches the optimization strategy
that was being implemented for the KARDAMOM database machine. However, the paper
does not give any details about how to cut down the size of the search space of parallel
query plans.

Schneider and DeWitt present in [46] an experimental analysis of the query pro-
cessing tradeoffs among left-deep and right-deep tree plans in a shared-nothing enironment.
An important finding is that right-deep trees are superior given sufficient memory resources.
However, there is no analytical cost expression which can be used by an optimizer to decide

whether and when to switch from a left-deep tree to a right-deep tree. Moreover, no algo-
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rithms are proposed for determining the degree of parallelism for each parallel operation.

In [36], Murphy and Shan propose an algorithm to parallelize a given sequential
plan to achieve minimum duration time with computational resource requirements less
than the given system bounds in a shared memory environment. It does not address the
problem of how to choose a sequential plan to parallelize, and it assumes that the amount
of available resources is known and therefore the algorithm cannot be used at compile time
for a multi-user environment. Moreover, the algorithm includes testing a series of target
duration times starting from the lower bound and therefore might be too expensive for
run-time optimization.

Lu, et al. propose in [32] an optimization algorithm that considers bushy tree
plans and inter-operation parallelism. The algorithm only handles synchronized bushy tree
plans, i.e., those without pipelining between joins, and uses a greedy algorithm to choose a
bushy tree plan that always tries to join as many pairs of relations as possible in parallel
for each step. This maximum inter-operation parallelism approach may not be a good
way to parallelize a query plan. A careful balance between inter-operation parallelism and

intra-operation parallelism need to be maintained.

1.3 Overview of This Thesis

In summary, extensive research and development have been done on paralleliza-
tions of relational query executions. There are two main approaches: the bracket model
used in Gamma which provides a generic template process that controls the parallel exe-

cution of single operations, and the operator model used in Volcano which encapsulate all
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the parallelization issues within an operator. The operator model is obviously cleaner and
supports automatic parallelism of any new operator added to the system. In fact, Gamma
has also recently adopted the operator model and introduced a merge operator and a split
operator to encapsulate parallelism issues [15]. In XPRS, parallelization of relational oper-
ations is not the main focus. Our emphases have been put on parallel query optimization,
parallel task scheduling and memory allocation strategies. There have been little work done
on these topics. In the following three chapters, we will present our solutions to each of these
problems integrated in the XPRS environment, which constitutes a complete approach to
parallel query processing.

In the following chapter, the design and implementation of parallel query pro-
cessing in XPRS is described along with some performance figures from our operational
prototype. We propose a two phase optimization strategy that solves the unknown param-
eter problem and significantly reduces the search space of parallel query plans while still
preserving the optimality of resulting plans. FExperiment results through XPRS benchmarks
are shown to verify the effectiveness of this optimization strategy.

Most parallel database systems such as Gamma and Bubba only consider intra-
operation parallelism. On the other hand, XPRS exploits both intra-operation parallelism
and inter-operation parallelism. In such an environment, there may be multiple tasks (con-
sisting of relational operations) that are ready to run at the same time and an optimal
processing schedule need be determined for these tasks such that the total processing time
is minimized. The task scheduling problem in parallel query processing is introduced in

Chapter 3. Our solution to the problem is an adaptive scheduling algorithm which is based
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on the concept of I0-CPU balance point that maximizes system resource utilizations. It
tries to execute [0-bound and CPU-bound tasks at their balance point and dynamically
adjusts parallelism to keep running at the balance point when workload changes.

Main memory is also one of the most important resources in parallel query pro-
cessing along with processors and 1/O bandwidth. When multiple tasks are running in
parallel, the problem of how to optimally allocate a limited amount of memory to these
tasks arises. The memory allocation problem for parallel hashjoin operations is studied in
Chapter 4. A theorem is developed for determining the optimal memory allocation between
parallel hashjoins. A mechanism for dynamic memory allocation adjustment is designed so
that the optimal memory allocation can be preserved when workload changes. Integration
of our memory allocation strategy with the task scheduling algorithm is also described.

Up to Chapter 5, this thesis only considers one particular disk array configuration,
the RAID Level 0 or the simplex configuration. Chapter 5 completes the discussion on
parallel query processing by studying the performance of different disk array configurations
in a parallel query processing environment. XPRS supports three different disk array con-
figurations: simplex, mirror disks and parity arrays. Experiment results have been obtained
from XPRS to illustrate the performance tradeoffs between these disk array configurations.
Chapter 5 reports these experiment results.

Last, our conclusions and discussions on future research directions are offered in

Chapter 6.
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Chapter 2

Optimization of Parallel Query

Execution Plans

The goal of parallel query optimization is to find the optimal parallel query execu-
tion plan for any given user query. As discussed in the previous chapter, the main difficulties
in this optimization problem are the compile-time unknown parameters such as available
buffer size and number of free processors, and the enormous search space of possible parallel
plans. In this chapter, we will present the XPRS solution to this problem, a two phase opti-
mization strategy, along with experimental evidence from XPRS benchmarks that supports
the effectiveness of this strategy. Considering inter-operation parallelism requires a solution
to the task scheduling problem, which is the topic of the next chapter. For ease of presen-
tation, this chapter only considers intra-operation parallelism. A more complete approach
that considers both intra-operation and inter-operation parallelism will be described in the

next chapter after the task scheduling problem is solved.
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This chapter is organized as follows. Section 2.1 defines the optimization problem
and presents our two phase optimization strategy along with the hypotheses that it is
based on. Section 2.2 then discusses the performance of parallelizations of a sequential plan
and presents the overall architecture for parallel query processing in XPRS. Section 2.3
then describes some experiments that we have performed on XPRS which largely verify
the hypotheses that our two phase optimization strategy is based on. Last, Section 2.4

summarizes the whole chapter.

2.1 Optimization of Parallel Plans

This section defines the optimization problem, presents our two phase optimiza-
tion strategy and the hypotheses that it is based on, and gives our intuition behind the
hypotheses. Experimental verifications of these hypotheses will be provided in Section 2.3.
We also demonstrate the necessity to dynamically adjust plans at run time according to

available buffer sizes and introduce a choose node to implement the plan adjustment.

2.1.1 The Optimization Problem

The overall performance goal of a parallel database system is to obtain maximum
throughput as well as minimum response time in a multi-user environment. The objective
function that XPRS uses for query optimization is a combination of resource consumption

and response time as follows:

cost = resource_consumption + w X response_time.
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Here w is a system-specific weighting factor. A small w mostly optimizes resource consump-
tion, while a large w mostly optimizes response time. Resource consumption is measured
by the number of disk pages accessed and number of tuples processed, while response time
is the elapsed time for executing the query.

Our optimization problem is to find the parallel plan with minimum cost among all
possible parallelizations of all possible sequential plans of a query. Suppose P is a sequential
plan and let PARALLEL(P) be the set of possible parallelizations of P. Suppose @ is a
given query and let SPLAN(Q) be the set of sequential plans of ). Then PPLAN(Q),

the set of parallel plans of @), is given by

PPLAN(Q) = UJ PARALLEL(P).
PEcSPLAN(Q)

PPLAN(Q) is the search space to explore for intra-query parallelism.

In a multi-user environment, many system parameters that affect query execution
cost are unknown at compile time. In XPRS, we specifically consider two of such parameters:
available buffer size, N BUFS and number of free processors, N PROCS. Buffer size not
only affects the buffer hit rate but also determines the number of batches in a hashjoin [48].
The number of free processors determines the possible speedup of query execution. For
ease of exposition, in the following formulation, we assume that the buffer size and number
of free processors are fixed during the execution of a single query. As we will describe in
Section 2.2.3, our operational prototype only fixes these parameters during the execution

of individual plan fragments.

For PP € PPLAN(Q), let Cost(PP,NBUFS,NPROCS) be the cost of the
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parallel plan PP given N BUF'S units of buffer space and N PROC'S free processors. Our

optimization problem is to find,

min{Cost(PP,NBUFS,NPROCS)|PP € PPLAN(Q)}.

There are two major difficulties in this problem. First, the search space PPLAN(Q)
is orders of magnitude larger than S PLAN(Q); therefore query optimization by exhaustive
search [47] is impractical. Second, the dynamic parameters, N BUFS and N PROCS are
unknown until query execution time; therefore compile-time optimization must deal with
these unknown parameters. Our goals are to reduce the search space of parallel plans by

heuristics and to perform as much compile-time optimization as possible.

2.1.2 Two Phase Optimization

We achieve our goals by the following two phase optimization strategy.

Let BPP(Q,NBUFS,NPROCS) be the best parallel plan for query ¢ given
N BUFS units of buffer space and N PROC'S free processors, BP(Q), N BUFS) be the best
sequential plan for ) given N BUFS units of buffer space, and Cost(P, NBUF'S) be the

cost of a sequential plan P given N BUF.S units of buffer space.

¢ Phase 1. Find the optimal sequential plan assuming that the entire buffer pool is
available, i.e., find BP(Q,ALLBUFYS) where ALLBUFS is the size of the whole

buffer pool.

e Phase 2. Find the optimal parallelization of the optimal sequential plan, i.e., find

min{cost(PP, NBUFS,NPROCS)| PP € PARALLEL(BP(Q, ALLBUFS))}
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where NBUFS and NPROCS are the run-time available buffer size and number of

free processors.

Because we have a fixed buffer size ALLBUFS in Phase 1, it can be performed
at compile time. Phase 2 still has to be performed at run time, because it takes the run-
time parameters N BUFS and N PROCS into account and tries to dynamically determine
the best parallelization of the sequential plan chosen in Phase 1. As we can see, this
two phase optimization strategy overcomes the difficulties in our optimization problem,
because it provides a nice partitioning between compile-time optimization and run-time
optimization and significantly reduces the search space by restricting to the parallelizations
of one particular sequential plan. The effectiveness of this strategy is based on the following

two hypotheses for a shared everything environment.

1. The Buffer Size Independent Hypothesis

The choice of the best sequential plan is insensitive to the amount of buffer space

available as long as the buffer size is above the hashjoin threshold, i.e.,

Cost(BP(Q.NBUFS),NBUFS) ~ Cost(BP(Q, NBUFS'), NBUFS),

where NBUFS # NBUFS',NBUFS > T,NBUFS' > T, and T is the hashjoin

threshold.

As we will discuss in details in the next subsection, certain exceptions to the above
hypothesis do exist; however, they can be localized within specific operations and han-
dled with a mechanism that dynamically chooses the implementation of an operation

at run time according to real buffer sizes.
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2. The Two Phase Hypothesis

For a shared everything environment where only intra-operation parallelism is ex-

ploited, the best parallel plan is a parallelization of the best sequential plan, i.e.,

BPP(Q,NBUFS,NPROCS) € PARALLEL(BP(Q,NBUFS)).

We will verify these two hypotheses with experiment results in the Section 2.3.

2.1.3 Introduction of Choose Nodes

We have identified two situations in the execution of single operations that may
cause problems with the buffer size independent hypothesis. One is choosing between an
indexscan using an unclustered index and a sequential scan. The other is choosing between
a nestloop with an indexscan over the inner relation and a hashjoin. These two situations
are not necessarily the only problematic cases, but they are the only cases that we have
discovered among a wide variety of queries as will be described in Section 2.3.1. Moreover,
the choose nodes that we are about to introduce are a general mechanism and can deal with
any additional cases as they are discovered.

We will show the two problematic cases that we have found by plotting the exe-
cution costs of some sample queries against varying buffer sizes. In general, the cost of a

sequential plan is measured by resource consumption [47], which is a linear combination of

I/O cost and CPU cost as follows,

Cost = #page_io+ ¢ X #tuples_processed.
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Figure 2.1: Cost of SeqScan v.s. IndexScan

Here ¢ is another system-specific weighting factor. Since buffer sizes only affect the 1/0
cost of query execution, we will only plot the I/O costs (i.e., number of page I/Os) of query

executions in the examples below.

e Sequential Scan versus Index Scan

A sequential scan only needs one buffer page and additional buffer pages do not reduce
query execution cost. However, the cost of an indexscan using an unclustered index
is very sensitive to buffer size. If there is enough buffer space to hold all the pages
that need to be fetched during the indexscan, then we only need to read each of those

pages once. Therefore, with sufficient buffer space, if an indexscan touches less than
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all pages, it will have lower cost than a sequential scan. On the other hand, with few
buffers, an indexscan may end up fetching the same page from disk many times and
becomes more expensive than a sequential scan. Figure 2.1 gives an example of this
situation by plotting the cost of each plan versus buffer size for the following selection

query on a 10,000-tuple relation from the Wisconsin benchmark:

retrieve (tenkl.all) where tenkl.ul > 110 and tenkl.ul < 510.

The I/O costs of this query are measured from real executions of this query sequen-
tially (in a single process) on XPRS configured with different buffer sizes. Obviously,
when the two curves cross, we require a mechanism to switch from a sequential scan
to an index scan, or vice versa. Note that this situation does not always happen.
In most cases, the two curves are far apart and do not cross each other. This situ-
ation only arises for a certain selectivity range which causes these two curves to be
close together. The example query in Figure 2.1 is carefully selected to illustrate this

situation.

Hashjoin versus Nestloop

A similar situation occurs in choosing between a nestloop with an indexscan over the
inner relation, which we will refer to as an indezjoin, and a hashjoin. With sufficient
buffer space, an indexjoin will fetch ultimately all the pages in the outer relation and
all the pages in the inner relation that match some tuple in the outer relation plus
a small number of index pages. On the other hand, a hashjoin will need to fetch all

the pages in both the outer and inner relations. If the join selectivity is small, the
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Figure 2.2: Cost of Nestloop with Index v.s. Hashjoin

indexjoin plan may not need to fetch all the pages in the inner relation and therefore
will have a lower cost than the hashjoin plan. On the other hand, with few buffers,
the indexscan in indexjoin may have to fetch the same page many times and cause the
indexjoin to become more expensive than a hashjoin. Figure 2.2 shows an example of
a “cross over” point between indexjoin and hashjoin of the following carefully selected

join query between two Wisconsin benchmark relations:
retrieve (onek.all, tenkl.all) where onek.ul = tenkl.al0.

Again, this situation only occurs for a certain range of join selectivities.

To solve these “cross over” problems, we introduce a new choose node into query
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plans, which can choose between the two join or two scan methods depending on which
side of the cross over point the actual buffer size belongs to. Now we modify the buffer size

independent hypothesis as follows.

Modified Buffer Size Independent Hypothesis

The choice of the best sequential plan with choose nodes is insensitive to the amount

of buffer space available as long as the buffer size is above the hashjoin threshold, i.e.,

Cost(BCP(Q,NBUFS), NBUFS) ~ Cost(BCP(Q, NBUFS'), NBUFS),

where BCP(Q, N BUFS) is the optimal sequential plan of Q) under buffer size N BUFS with
choose nodes, NBUFS # NBUFS' NBUFS > T,NBUFS' > T, and T is the hashjoin

threshold.

2.1.4 Intuition Behind Hypotheses

Now we explain the intuition behind these hypotheses. Let us first consider the
buffer size independent hypothesis for a single operation, i.e., a scan or a join. If there are no
indices that can be used to facilitate the operation, the hypothesis obviously holds, because
only a sequential scan plan is possible for scans and a hashjoin plan is always optimal for
joins as long as the buffer size is above the hashjoin threshold [48]. This is why requiring
the buffer size to be above the hashjoin threshold is important. Otherwise, a hashjoin plan
may not be possible and the optimal plan can be either nestloop or mergejoin depending
on the situation [6], thus, the hypothesis may not hold for two-way join queries. If there
are indices defined on a selection or join attribute, usually we want to take advantage of

the indices to form plans that involve index scans, and the problematic cases described
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above may occur. However, we can deal with all the problematic cases by encapsulating
all the necessary plan switching in a choose node. Therefore, with choose nodes, the buffer
size independent hypothesis is guaranteed to hold for all single operations. Furthermore,
we postulate that this remains to hold for complete query plans consisting of one or more
operations. Section 2.3.2 will show that this is generally true with only small errors.

The two phase hypothesis only holds for a shared everything environment and only
for intra-operation parallelism. In a shared nothing environment, communication cost must
also be considered. Thus, the hypothesis may become false because the optimal sequential
plan may incur excessive communication cost when parallelized and therefore its paralleliza-
tion can only be a sub-optimal parallel plan. For example, in an optimal sequential plan,
relation Ry and relation R, are joined first. However, if the relevant tuples of Ry and R, are
declustered among different sites, it may save a lot of communication overhead if the join
of Ry and R, is delayed to a later stage of the plan when many tuples are already filtered
out. Therefore, the two phase hypothesis is not always true in a shared nothing environ-
ment. The two phase hypothesis may also become false when inter-operation parallelism
is considered. As will be shown in the next chapter, inter-operation parallelism between
an 10-bound operation and a CPU-bound operation can achieve better resource utilization
than only intra-operation parallelism. Therefore, a bushy plan that contains a mixture
of independent 10-bound and CPU-bound operations may become cheaper than the op-
timal sequential plan when parallelized. On the other hand, if we only consider a shared
everything environment and intra-operation parallelism, as we will show in Section 2.2.2,

each sequential plan can be parallelized without incurring any extra resource consumption.
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Since the optimal sequential plan minimizes resource consumption, so does its paralleliza-
tion. Hence, the two phase hypothesis is trivially true if only resource consumption is
considered. For response time, we will also show in Section 2.2.2, each sequential plan
can achieve a near-linear speedup through intra-operation parallelism. Since the optimal
sequential plan is also the fastest sequential plan, its parallelization will remain the fastest.

Although this is not always true, Section 2.3.3 will show that the errors are very small.

2.2 XPRS Query Processing

Having explained our two phase optimization strategy, in this section, we present
the design and implementation of XPRS query processing. We first describe the paral-
lelization of individual operations in XPRS along with their performances, then present the

overall architecture of XPRS query processing.

2.2.1 Implementation of Intra-operation Parallelism

In XPRS, intra-operation parallelism (partitioned parallelism) is implemented in
two ways: page partitioning and range partitioning. In page partitioning we partition rela-
tions across disk page boundaries and assign a subset of disk pages to each participating
process to work on. In range partitioning we partition relations according the value of a
certain attribute. We assume that we can use the data distribution information such as
histograms stored in the system catalogs to obtain a well-balanced range partition. We can
also use the keys stored in the root node of a B-tree index for range partitioning. We apply

either page partitioning or range partitioning to scans directly, but joins are parallelized by
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appropriately parallelizing its outer and/or inner paths. Details of parallelization for each

type of operation are described below.

¢ Sequential Scan

A sequential scans is parallelized through page partitioning. In XPRS, we specifi-
cally use a simple mod function to partition pages among processes. If the degree of

parallelism is n, process ¢ scans page @ such that x mod n = 4.

e Index Scan

An index scan is parallelized through range partitioning. If the scan range is GG, the
degree of parallelism is n and the range partition is G, ¢ = 1,...,n, (UG; = G),

process ¢ scans tuple ¢ such that t € Gj.

e Sort

A sort is also parallelized through range partitioning. If the entire range of the sort key
is ¢, the degree of parallelism is n and the range partition is G;,i=1,...,n,(UG; =
(), process ¢ sorts the tuples in G;. In the end, the sorted segments produced by all
the processes are attached together in the order of the subrange G;’s and an entire

sorted relation is formed.

¢ Nestloop Join

A nestloop join is parallelized by partitioning its outer relation and each participating
process joins a portion of the outer relation with the inner relation. Suppose the outer
relation is R and the inner relation is §. If the degree of parallelism is n and R is

partitioned into R;, ¢ = 1,...,n, process i performs join R; < 5.
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e Mergejoin

A mergejoin can be parallelized similarly to a sort through range partitioning.

¢ Hashjoin

Parallelization of a hashjoin requires a segment of shared memory to store the shared
hash table and both inputs to the hashjoin properly partitioned among the participat-
ing processes. Suppose that the hashjoin is R .5 with R as the smaller relation and
R can fit into the available memory. Let the degree of parallelism be n, the partition
of R be R;, i = 1,...,n and the partition of 5 be S;, ¢ = 1,...,n. A hash table for
R is allocated in the shared memory. In the build phase, process ¢ inserts tuples in
R; into the shared hash table, and in the probe phase, process ¢ uses tuples in 5; to
probe the hash table of R and outputs the matched result tuples. If R cannot fit into
the available memory, the standard hybrid hashjoin [48] algorithm can be employed.
The same parallelization as we just described can be applied to each batch of a hybrid
hashjoin. Note that there may be access conflicts to the shared hash table among
the parallel processes. However, the access conflicts only occur in the build phase
when two processes try to insert tuples into the same hash bucket at the same time.
Therefore, to minimize the probability of conflict, the number of hash buckets should
be made large compared to the degree of parallelism. We also use hardware spin locks

for synchronization to make the overhead negligible.
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2.2.2 Performance of Intra-operation Parallelism

DeWitt, et al. has shown in [16] that intra-operation parallelism can achieve near-
linear speedup in response time in a shared nothing environments. We briefly show the
same near-linear speedup in XPRS in a shared memory environment. In addition, we show
performance varying the number of disks and number of processes independently and also
the degradation resulting from excessive parallelism.

In the experiments, we created the two 10,000-tuple relations from the Wisconsin
Benchmark, tenk! and tenk2. Because the tuple sizes in the Wisconsin Benchmark relations
are relatively small, we also created another 10,000-tuple relation, ltenk!, which has the
same fields as tenkl except that each tuple is filled to 1,000 bytes by an extra string field.
Appropriate indices were created according to the benchmark specification. All the relations
are striped across a set of disks using a simple mod function, i.e., block z, is stored on disk
(z mod #disks). For example, if we only use two disks, then all the odd number blocks
will be on one disk and all the even number blocks will be on the other. The relations are
also partitioned among the parallel scan processes with a simple mod function, i.e., process
1 scans block x such that z mod #processes = 1. Before each execution, the file system
cache is always cleared so that no blocks of the test relations are left in memory. All the
processes are pre-forked so that process startup overhead is negligible. As mentioned before,
our prototype runs on a Sequent Symmetry system running Dynix operating system with
12 processors and 7 disks.

We have measured the speedup of parallel scans and joins on the above relations

varying the number of processes and number of disks. We present sample results of the
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Query: retrieve (tenkl.all) where tenkl.ul > 647 and tenkl.ul < 1648
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Figure 2.3: Speedup of Parallel Scan: small tup.

speedup measurements in Figure 2.3 - 2.5. Figure 2.3 and Figure 2.4 show speedup of
scans, while Figure 2.5 shows speedup of joins. We have found that a sequential scan is
CPU-bound when the tuples are small and becomes 1/0-bound when the tuples get large.
Moreover, index scans are I/O-bound because they do not need to examine every tuple in a
page. Our experiment results show that parallel scans and joins can achieve close-to-linear
speedup until they run out of processors if they are CPU-bound such as the sequential scan
in Figure 2.3 and the join in Figure 2.5, or disk bandwidth if they are I/O-bound such as
the index scan in Figure 2.3 and the sequential scan in Figure 2.4. Figure 2.5 also shows
that the synchronization overhead caused by the shared hash table in hasjoins is negligible.

In Figure 2.4, we see a drop in the speedup when the number of processes exceeds
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Query: retrieve (ltenkl.all) where Itenkl.ul > 647 and |tenkl.ul < 1648
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Figure 2.4: Speedup of Parallel Seq. Scan: large tuple

the number of disks. This is caused by the operating system read-ahead. When we have
fewer processes than disks, the access pattern on each disk is sequential. Consequently
normal file system read-ahead will prefetch the next disk block to be processed. When
there are more processes than disks, the access pattern to each disk becomes random and
the file system read-ahead is ineffective.

Observe that there is always a performance drop when the degree of parallelism
exceeds the number of processors. It results from the extra context switches and virtual
memory overhead generated when the number of processes exceeds the number of processors.
In addition, a process holding the shared buffer pool spin lock might be descheduled and the

convoy problem[5] will occur. In a multi-user environment there will be multiple commands
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Figure 2.5: Speedup of Parallel Join: small tuples

concurrently being processed, it is important to ensure that the total degree of parallelism

does not exceed the number of processors.

2.2.3 Architecture of Parallel Query Processing in XPRS

The previous subsection has introduced the parallelizations of single operations
and their performance in XPRS. Based on those results, this subsection describes the par-
allelizations of complete query plans consisting of multiple operations. Figure 2.6 gives an
overall architecture of XPRS query processing, which consists of a master backend process
and multiple slave backend processes. The master backend is responsible for the optimiza-

tion, scheduling and coordination, while the slave backends execute in parallel whatever plan



Figure 2.6: Architecture of XPRS Query Processing

fragments assigned to them by the master backends. The XPRS optimizer is a modified
version of the POSTGRES optimizer that performs a System R style exhaustive search [47]
to find the optimal sequential plan. It is also capable of enumerating bushy tree plans if a
special flag is set. There is also a postprocessor that uses cost functions similar to those in
[48] and [34] to determine if two join or scan methods (specifically sequential scan versus un-
clustered index scan and nestloop with index versus hashjoin) may have “cross over” points
in their cost curves against buffer size. If such points exist, the postprocessor will modify
the optimal plan generated by the optimizer by adding appropriate choose nodes, which

completes the compile-time optimization, i.e., the first phase of our two phase optimization.
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parallelization for a selected sequential plan. It decomposes a sequential plan into a set of
plan fragments, decides a processing schedule for all the plan fragments and assigns a degree
of parallelism to each plan fragment that is to be executed, then passes a set of selected plan
fragments along with their parallelism back to the parallel executor. The parallel executor
then distributes the plan fragments to the slave backend processes according to the degree
of parallelism of each fragments. The slave backends execute the plan fragments in parallel
and send an acknowledgement back to the parallel executor after they finish executing.
The parallel executor will then ask the parallelizer for more plan fragments to execute. The
whole processes repeats until all the plan fragments are finished.

Since the XPRS parallelizer is the key component for exploiting parallelism, we

will describe it in more details from the following three aspects.

¢ Exploiting Different Forms of Parallelism

We have decided to only consider intra-operation parallelism and parallelism between
independent operations. Pipelining between operations is always achieved within the
same plan fragment so that operations can call each other with simple procedure calls
and do not have to pay the overhead of inter-process communication. Therefore in

XPRS, inter-operation parallelism does not include pipelined parallelism.

¢ Choice of Plan Fragments

Since we want to execute each plan fragment in a pipelined fashion, blocking between
any two operations in a plan fragment is not allowed. Blocking between two operations
occurs when one of the operations must wait for the other operation to finish producing

all the tuples before it can proceed. The common examples of blocking are introduced



Figure 2.7: Initial Plan Fragments

by either hashing or sorting. For example, between the two phases of a hashjoin, the
probe phase cannot start until the build phase finish constructing the entire hash table.
To ensure that there are no blocking edges in any plan fragments, the parallelizer
initially decomposes a sequential plan into a set of plan fragments across blocking
boundaries, which is the set of largest pipelineable subgraphs. See Figure 2.7 for an

example of this initial decomposition.

Obviously larger plan fragments will cause less temporary relation overhead because
temporary relations can be avoided by pipelining within a plan fragment. However,
the size of plan fragments is also constrained by the run-time available memory size.

For example, a plan fragment can contain as many as two hashjoins, i.e., one hash
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the intermediate results of the hash probe into a temporary relation and the following
hash build node will read from the temporary relation after the previous hash probe
is finished. Subsequent to the decomposition, we only need enough memory for one
hashjoin at a time. Even if the parallelizer can allocate enough memory to satisfy the
minimum memory requirements for both hashjoins, it still has to decide whether it
is better to execute the two hashjoins together or separately, and if together, how to
divide the memory between the two hashjoins. This is what we call the plan fragment

decomposition problem which will be solved in Chapter 4.

Determining Degree of Parallelism

Although the architecture in Figure 2.6 also allows inter-operation parallelism, we will
defer the details to the next chapter. For intra-operation parallelism, the parallelizer
only needs to choose one plan fragment that is ready to execute and assign it the
maximum degree of parallelism constrained by the disk bandwidth and number of free
processors. The performance curves in Section 2.2.2 have shown the consequences of
excessive parallelism. Suppose that N is the run-time number of available processors
and B is the run-time available disk bandwidth (I10s/second). The parallelizer will
estimate the I/O rate of the chosen fragment, for example, C' (10s/second), and choose

the degree of parallelism for the fragment as the following,

parallelism = min(N, B/C).
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2.3 Verification of Hypotheses

As described in the previous section, XPRS is designed and implemented based
on the hypotheses that supports the two phase optimization strategy. In this section, we
present experimental evidences that verify theses hypotheses. In the experiments, we first
run a wide variety of benchmark queries using all the possible execution plans under different
buffer sizes and measure the real execution costs and then calculate the the relative errors
that result from our hypotheses. We will show that such errors are extremely small. We first
present experiment results on the buffer size independent hypothesis, then present results

on the two phase hypothesis.

2.3.1 Choice of Benchmarks

We have chosen to use two benchmarks. The first benchmark is the Wisconsin
benchmark [3], a standard benchmark for measuring query processing power. We have only
used 10 of the 32 queries which are selections and joins. Other queries in the benchmark
that involve data manipulation are not used in our experiments. Because the Wisconsin
benchmark has no more than 3-way joins and has limited join selectivities, we also developed
a random benchmark generator to generate additional varieties of complex queries.

The relations in our random benchmark have the following POSTQUEL definition:

create r (ual=int4, al=int4, ua20=int4,

a20=int4, uab0=int4, a50=int4,
1al00=int4, al00=int4,

filling=text)
We generated 10 random relations with cardinalities ranging from 100 to 10,000. All the
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integer attribute values are randomly distributed between 0 and 9,999. All the “ua” at-
tributes are unclustered attributes and all the “a” attributes are clustered attributes. The
number following “ua” or “a” indicates the number of times each value is repeated in the
attribute. For example, each value in “ua20” is duplicated 20 times. We define indices on
all the integer attributes so that the optimizer can always have the choice of generating an
indexscan. The attribute “filling” is a variable length string, and is used to vary the tuple
size of different relations. The generator can make the “filling” attribute 68 bytes or 968
bytes so that resulting tuple size is 100 bytes or 1,000 bytes so that there can be a mixture
of 10-bound and CPU-bound queries.

The queries in the random benchmark are generated in the following way. To
generate a random join of k£ relations, we first randomly choose k relations. Then we start
with the first relation in the chosen list and the rest in the unchosen list. We randomly pick a
relation in the unchosen list, join it with a randomly picked relation in the chosen list on two
randomly chosen attributes and move it from the unchosen list to the chosen list. We repeat
this operation until the unchosen list becomes empty; and we have generated a random join
on k relations. Next we generate random selections on the relations. Fach relation has a 50%
probability of having a restriction of either an equality condition or inequality conditions
with a lower bound and a upper bound. The target list is also randomly selected from
all the attributes of all the relations with each attribute having 50% probability of being

chosen.
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2.3.2 Experiments on the Buffer Size Independent Hypothesis

In the experiments, we first have the XPRS query optimizer generate all possible
sequential plans for each query. The XPRS optimizer is capable of generating all possible
plans in the style of [47]. If a plan is known to be dominated by another plan, it is discarded.
For example, since we know that hashjoin is the best join plan without the use indices
(assuming that our buffer size is above the hashjoin threshold) [48], we can always remove
nestloop and mergejoin plans which do not use indices from the test plans, which cuts
down our experiment running time substantially. Another example is that mergejoin plans
with inner relation and outer relation exchanged always have the same cost and therefore
only one of them need to be executed. After selecting interesting execution plans, we run
each selected plan varying the buffer size from the minimum amount to make all hashjoins
possible to M AX BUF'S, the buffer size that can hold all the relations in main memory. For
each execution we measure the actual execution cost. To avoid the problem of inaccurate
estimate of intermediate result sizes to hashjoin, for a given join order, we always execute
the plans that do not contain hashjoins first. Size information of intermediate results is
collected during the execution of these plans. In this way, we can always use the the actual
size of intermediate results for hashjoins. The effect of inaccurate size estimates on our
results is left as a future research topic.

From the statistics collected in the experiments, we know for each query, @,
the real execution cost of each query plan under different buffer sizes, i.e., given any
plan P and buffer size NBUFS, we know Cost(P, NBUFS). Therefore, we can iden-

tify BP(Q,NBUFS). Let BCP(Q, NBULFS) be the plan obtained by adding appropriate
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choose nodes to plan BP(Q), N BUFS). Since we know the cost of all the plans that are
only different from BP(Q, NBUFS) in some join or scan methods, we can also calculate
the cost of BCP(Q,NBUFS) under any buffer sizes. The relative error of the buffer size

independent hypothesis is computed with the following formula:

FizBufCost = Cost(BCP(Q, MAXBUFS),NBUFS),

MinCost = Cost(BP(Q), NBUFS),NBUFS),

FizBufCost — MinCost

Error(Q,NBUFS)= inCost

Figure 2.8 shows the graph of average relative errors of the Wisconsin benchmark
queries. For each query @), we first compute Error(Q, N BUF'S) for each buffer size, then
we compute the average relative error over the buffer sizes. As we can see from the graph,
the first few queries have 0 error. This is because those are the selection queries and two-
way join queries for which the choose nodes can always choose the optimal plan. Errors
occur in the three-way join queries, but they are never above 4%.

Figure 2.9 shows the graph of average relative error on the random benchmark.
120 queries of up to 6-way joins are executed in the experiment. The relative error is
averaged over queries that have the same number of relations (20 of them each). As we can
see from the graph, the average relative errors remain below 5%.

Thus, two different benchmarks support the buffer size independent hypothesis.
With choose nodes we have encapsulated enough of the plan switches required when buffer

size changes so that average relative error is never above 5%.



53
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Figure 2.8: Relative Errors of the Buffer Size Independent Hypothesis on the
Wisconsin Benchmark

We have also studied the detailed statistics from our experiments to find out the
cause of these errors. We found that these errors are caused by plans with similar costs
but different join orders and thus different I/O access patterns. For example, the plan
Py : (Ava B) ea € may have a similar cost as the plan P : (B 01 (') a A when the buffer
size is fixed to MAX BUF'S, but they have different 1/O access patterns. Let Hp(B) stand
for the buffer hit rate of plan P with buffer size B. Suppose that P; is the optimal plan
with buffer size M AX BUF. Because Hp, and Hp, are different functions, it is possible for
Hp, to decrease faster than Hp, as B decreases. Therefore, P; may become more expensive
than P, at some buffer size, thus violate the hypothesis. However, since this only happens

between plans with similar costs to start with, the errors are very small, as shown by our
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Figure 2.9: Relative Errors of the Buffer Size Independent Hypothesis on the
Random Benchmark

experiment results.

2.3.3 Experiments on the Two-Phase Hypothesis

The experiments that we run to justify the two phase hypothesis are similar to
those described in the previous subsection. We have also used the queries from the Wisconsin
benchmark and the random benchmark. For each test query, we first generate all the possible
sequential plans as described in the previous subsection. We ran each plan with varying
degrees of intra-operation parallelism and buffer sizes. The degree of parallelism is varied
from 1 to 12 (the number of processors in our system ) and the buffer size is varied in the same

way as in the previous subsection. For each execution of a plan, P, with N BUFS buffers
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and N PROC'S processes, we measure the resource consumption and response time, and

compute the cost of the execution, Cost(P, NBUFS,NPROCS). Let BP(Q,NBUFS)
be the best sequential plan with buffer size N BUFS. The relative error of the two phase

hypothesis is calculated with the following formula:

TwoPhaseCost = Cost(BP(Q, NBUFS), NBUFS,NPROCS),

MinCost = mingpy Cost(P, NBUFS,NPROCS),

TwoPhaseCost — MinCost

Error(Q,NBUFS,NPROCS) = inCosl

Because the cost of parallel plans depends on the system-specific weighting factor,
w, we need to calculate errors for different values w.

Figure 2.10 shows the average relative error of the Wisconsin benchmark queries.
For each query, ), the relative error, Error(Q, NBUFS,NPROCS), is averaged over all
combinations of NBUFS and NPROCS. As we can see, for small values of w, (which
means that we mostly optimize resource consumption,) the relative errors are near 0. This
is because the parallelization of the optimal sequential plan also has the minimum resource
consumption. For large values of w, (which means that we mostly optimize response time,)
the relative error never exceeds 8%. This indicates that the parallelization of the optimal
sequential plan may not always have the minimum response time, but it is close to the
minimum.

Figure 2.11 shows the average relative error of the random benchmark. Due to

the enormous computing resources demands of this experiment, we have only run queries
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Relative Errorsof Hypo. 2: Wisc. Bench., w = 100 Relative Errorsof Hypo. 2: Wisc. Bench., w = 1,000,000
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Figure 2.10: Relative Errors of the Two-phase Hypothesis on the Wisconsin
Benchmark

of up to 5-way joins from the random benchmark. As we can see, the average relative error
never exceeds 6%.

By looking into the detailed statistics in our experiments, we have discovered that
errors only occur when there are two plans that have very close sequential costs but are
parallelized in different ways. For example, for a one-variable query with certain selectivities,
the cost of the index scan plan can be approximately the same as the cost of the sequential
scan plan (i.e., the sum of the number of index pages and the number of selected data pages
is about the same as the total number of data pages). However, index scans are parallelized
through range partitioning while sequential scans are parallelized through page partitioning,
which is easier to guarantee load balance. Therefore, even though the sequential execution
of the sequential scan plan may be slightly slower than the sequential execution of the index
scan plan, the sequential scan plan may get better speedup when parallelized. Thus, the

parallel version of the sequential scan plan may run faster than the parallel version of the
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Relative Errorsof Hypo. 2, Rand Bench., w = 100 Relative Errorsof Hypo. 2, Rand Bench., w = 1,000,000
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Figure 2.11: Relative Errors of the Two-phase Hypothesis on the Random Bench-
mark

index scan plan because of their different ways of parallelization, which violates the two
phase hypothesis if we optimize response time. Qur experiment results show that such
errors are very small because each plan can achieve a near-linear speedup when parallelized
through intra-operation parallelism and these plans have close sequential costs to start with.
Although we have only validated this for queries with a small number of relations due to
limited computational resources, we believe that this result is also true for queries with a

large number of relations.

2.4 Summary

In this chapter, we have described our approach to the optimization of parallel
query execution plans in a shared everything environment. We have demonstrated that
we can achieve near-linear speedup with intra-operation parallelism in XPRS and there is

severe performance penalty for excessive parallelism. We have presented experiment results
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that justify our two phase optimization approach, which reduces the complexity of parallel
query optimization without significantly compromising optimality of the resulting parallel
plan. The first phase of of our two phase optimization is a conventional query optimization
with a fixed buffer size that finds the optimal sequential plan augmented with appropriate
choose nodes that are encapsulated in individual operations. The second phase finds the
best parallelization of the sequential plan obtained from the first phase according to run-
time enironment. Qur approach achieves run-time flexibility while still doing most of the
optimization at compile time.

In the experiments presented this chapter, we have assumed perfect estimates
of intermediate result sizes and uniform data distribution. The effects of inaccurate size
estimates and skewed data distributions also need to be studied more carefully. This chapter
has only considered intra-operation parallelism. Issues involving inter-operation parallelism

will be discussed in the next chapter.
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Chapter 3

Parallel Task Scheduling

The previous chapter has only considered intra-operation parallelism. However,
intra-operation alone cannot guarantee maximum performance. As will be shown, a com-
bination of intra-operation parallelism and inter-operation parallelism must be exploited to
achieve maximum performance. In this chapter, we will address the issues involving inter-
operation parallelism, particularly the scheduling problem of parallel tasks. We will first
present a clean and simple algorithm for optimally scheduling a set or a sequence of tasks
(i.e., plan fragments) in parallel processing of a single query or multiple queries. The main
idea is to use inter-operation parallelism to combine 10-bound and CPU-bound tasks to
increase system resource utilization. The algorithm matches up [0-bound and CPU-bound
tasks with appropriate degrees of intra-operation parallelism to make both the processors
and the disks operate as close to their full utilizations as possible and thus to minimize the
elapsed time. Moreover, a complex packing problem in the optimization of task schedules

is avoided by a mechanism to dynamically adjust the degree of intra-operation parallelism
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of a running task to keep the system operating at the maximum utilization point as the
workload changes. The previous chapter has only addressed the parallel query optimization
problem with intra-operation parallelism. Having solved the scheduling problem, we can
estimate the cost of a parallel plan with inter-operation parallelism based on our scheduling
algorithm. We will extend the two phase optimization strategy presented in the previous
chapter to consider inter-operation parallelism by introducing a new cost estimation method
to the query optimizer.

This chapter is organized as follows. Section 3.1 first defines the scheduling prob-
lem that we are solving. Section 3.2 then describes our adaptive task scheduling algorithm
including calculation of 10-CPU balance point, dynamic adjustment to intra-operation
parallelism and task re-ordering heuristics. Section 3.3 then examines variations of our
scheduling algorithm and compares their performances through experiment results. After
the scheduling algorithm and its performance are presented, Section 3.4 extends the two-
phase optimization strategy to consider inter-operation parallelism based on the scheduling

algorithm, and last, this chapter is summarized in Section 3.5.

3.1 Problem Definition

Under the architecture of XPRS query processing given in Figure 2.6, plan frag-
ments are used as the units of parallel execution. In this chapter, they are also called tasks
for scheduling purposes. By inter-operation parallelism, we, in fact, mean inter-fragment
or inter-task parallelism. At any give time, there may well be multiple plan fragments (i.e.,

tasks) that are ready to run, such as the left subtree and the right subtree of a bushy tree
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plan, or in a multi-user environment, plan fragments from queries simultaneously submitted
by different users. As we can see in Figure 2.6, XPRS can also accept multiple user queries
at the same time and try to execute plan fragments from different queries in parallel. This
greatly increases the opportunity for inter-operation parallelism.

When there are multiple plan fragments that are all ready to run, it becomes the
XPRS parallelizer’s responsibility to schedule these tasks optimally. The following is the
scheduling problem that needs to be solved for the XPRS parallelizer.

Givenn (n=1,2,...,00) runable plan fragments (tasks), fi, fa, ..., fn, where the
plan fragments may be from a bushy tree plan of the same query or from different queries
that are simultaneously submitted,

1. decide a processing schedule for fi, fo, ..., fn;
2. choose a degree of parallelism for each f;,
such that the total elapsed time of processing fi, fo, ..., fn s minimized.

As we will see, our solution to the above described problem works for both a fixed
set of tasks or a sequence of tasks. Namely, we also allow n to be infinity in the above
description for online scheduling.

Some researchers have tried to model this problem as a modified version of the bin
packing problem or the multi-processor scheduling problem in combinatorial optimization
as in [38]. For example, each task can be represented as a rectangle with the width of each
rectangle as the elapsed time of the task and the height of each rectangle as the CPU usage
of the task. The problem becomes to pack the set of rectangles as tightly as possible into

a horizontal stripe as shown in Figure 3.1. There are two problems with this approach.



Figure 3.1: A Bin Packing Formulation of the Scheduling Problem

First, given the NP complete complexity of the bin packing problem, this formulatior
the task scheduling problem does not seem to be promising. Second, this approach does
exactly model the problem we are solving. In our problem, we considers not only paralleli
between different tasks but also parallelism within each tasks. When we adjust the inter
parallelism of each task, the shape of the corresponding rectangle changes. Therefore, {

approach does not work for our problem. We decide to take a completely different appro
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3.2.1 1I0-bound and CPU-bound tasks

The key idea of our solution to the task scheduling problem is to combine I0-bound
and CPU-bound tasks through inter-operation parallelism so that the utilization of both
the processors and the disks is maximized, and thus the elapsed time is minimized. Before
we describe our solution, we need to define our classification of 10-bound and CPU-bound
tasks.

Let C; (10s/second) be the rate of I/O requests of task f; if processed sequentially.

When f; is executed with parallelism , its 1/O rate becomes

Ioz(w) = CZ X x.

Suppose that the total disk I/O bandwidth is B (I10s/second) and the total number of
processors is V.

We define task f; as [0-bound if C; > B/N and CPU-bound if otherwise. Obvi-
ously, the function y = 10;(z) is a straight line with slope C;. If we draw the line with the
rectangle bounded by B and N as in Figure 3.2, we can see that 10-bound tasks are those
corresponding to the lines above the diagonal and CPU-bound tasks are those corresponding
to the lines below the diagonal.

Because the disk page size and tuple sizes are known, we can estimate how many
tuples of a relation can fit into one disk block. We can also how much CPU time will be
spent on each tuple for different database operations. Therefore, we can estimate the 1/0
rate, C; and do the classification beforehand.

As we can see in Figure 3.2, the parallelism of a task is limited by the rectangle



Figure 3.2: 10-bound and CPU-bound tasks

boundaries and the maximum parallelism of a task is achieved at the intersection betwe
the line corresponding to the task and one of the rectangle boundaries. An 10-bound ta
will run out of disk bandwidth before it runs out of processors. Its maximum parallelis
mazxp(f;) = B/C;. On the other hand, the parallelism of a CPU-bound task is only bound

by the number of processors N, i.e., mazp(f;) = N. In general,

maxn( £:) = min(B/C:. N).
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intra-operation parallelism, unless the line corresponding to a task is exactly the diagonal
line, the system will not be running at the upper right corner of the rectangle. Fither some
I/O bandwidth or some processors may be wasted.

When we run two tasks f; with parallelism z; and f; with parallelism x; together,
the system is running at the point with coordinate (z;+ z;, Ciz; + C;z;). We can maximize

the system resource utilization by choosing z; and x; according to the following equations:

X+ x; = N

Cizi +Cjz; = B

By solving the above equations, we get,

zi = (B-C;N)/[(Ci—C))

zj = (CiN = B)/(Ci=C)).

We call (2;,z;) the IO-CPU balance point for tasks f; and f;.

Suppose that C; > (), in order to make z; and x; both positive, we must have
C; > B/N and C; < B/N. In other words, valid solutions exist for the above equations if
and only if one task is IO-bound and the other CPU-bound. This formula also tells us that
one [0-bound task plus one CPU-bound task can always achieve maximum system resource
utilization with appropriate parallelism assignment. Although a combination of more than
two tasks may also achieve the same effect, it complicates the scheduling algorithm and
consumes more memory. Therefore, in exploiting inter-operation parallelism, it is sufficient

to only run two tasks at a time. In other words, we never need to run more than two tasks



Figure 3.3: I0-CPU Balance Point

in parallel. This result significantly simplifies the scheduling problem.

Figure 3.3 gives a graphical interpretation to the above analysis. If we draw th
line corresponding to an [0-bound task task; through the origin and the line correspondin;
to a CPU-bound task task; through the upper right corner of the rectangle, there wil
always be an intersection within the rectangle between the two lines. This intersection i

the IO-CPU balance point. We can see that if we run task; with parallelism z; and task

IR R s B i . | e . A T I . Y T B I B
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bandwidth and B, be the random I/O bandwidth. We can compute the effective bandwidth

B from B, and B,. There are the following two cases depending on the disk block size.

¢ Large Block Size

If we use track-size blocks, even though there may be seeks between the two tasks,

each task still sees a sequential bandwidth. Therefore, B = B,.

¢ Small Block Size

Normally, file systems use much smaller block sizes, for example, 8K bytes in XPRS.
In this situation, the effective bandwidth will be less than the sequential bandwidth
because of contention on the disk arms. We use a simple linear interpolation to
estimate B. There are two boundary cases. The best case is that the disks spend
most of their time handling I/O requests from one task and only occasionally seek to
the other task, thus B =~ B;. The worst case is that the disks spend half the time
on one task and half on the other seeking between the two tasks, thus B = B,. Note
that the ratio of I/O time is given by C;z;/Cjz;, or Cjz;/Ciz;. Therefore we can

calculate B as below,

B, + (1 — Cixi/ijj)(Bs — BT) if Cia; < C]w]‘
B =

B, + (1= Cjz;/Ciz;)(Bs — By) otherwise.

Similarly, we can also compute the effective bandwidth for a sequential I/O task and a
random I/0 task running in parallel.

Because of the possible loss of the sequential bandwidth in inter-operation par-
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allelism, it may be more efficient to run two sequential 1/O tasks separately using only
intra-operation parallelism even though one task is IO-bound and the other is CPU-bound.
For example, we have run a small experiment on XPRS using two sequential scans making
sure that one scan is CPU-bound and the other is I0-bound. When they are run separately
using intra-operation parallelism only, the total elapsed time is 45 seconds. However, when
they are run together using inter-operation parallelism at their I0-CPU balance point, the
total elapsed time becomes 65 seconds.

Therefore, it is not always better to run an I0-bound task and a CPU-bound
task in parallel if the tasks generate sequential 1/O’s. In our scheduling algorithm to be
described in Section 3.2.4, we compare the estimated time of executing two sequential 1/0
tasks in parallel and the estimated time of executing them separately to decide whether

inter-operation parallelism is worthwhile.

3.2.3 Dynamic Adjustment of Parallelism

Even though we have known how to calculate the I0-CPU balance point given
an [0-bound task and a CPU-bound task, we have not yet solved the scheduling problem.
Running two tasks at their I0-CPU balance point only guarantees full resource utilization
while both tasks are running. When one task finishes first and there is no other task to fill in
the newly available resources, resources are still wasted. An execution order of all the tasks
that minimizes resource waste need to be found. This is still the complex combinatorial
optimization problem discussed before. In XPRS, this combinatorial optimization problem
is avoided by a mechanism of dynamic adjustment of intra-operation parallelism taking

advantage of the low communication overhead feature in a shared memory environment.
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As described in Chapter 2, in XPRS, intra-operation parallelism is implemented
in two ways, page partitioning and range partitioning. In page partitioning, we partition
relations across disk page boundaries and assign a subset of disk pages to each participating
processors to work on. Specifically, given n processors, processor ¢ processes disk pages
{p| pmodn =i}, where i = 0,1,...,n — 1. For example, if we have 3 processors, then
processor 0 scans pages {0,3,6,...}, processor 1 scans pages {1,4,7,...}, and processor 2
scans pages {2,5,8,...}. Obviously, using our page partitioning scheme, unless the number
of processors that we use is exactly the same as the number of disks in the disk array,
the access to each disk is not exactly sequential because of the asynchronousness of the
parallel backends. However, assuming all the processors proceed at about the same speed,
the page in one disk request is always very close to the page in the previous request to the
same disk. Therefore, the seek distances are likely to be very small, and we can still get a
close-to-sequential bandwidth which is still much higher than the random bandwidth.

In range partitioning, relations are partitioned according to the value of a certain
attribute. For example, suppose that the employee relation is to be partitioned between 2
processors. We may have one processor work on tuples with emp.salary > 30000 and the
other processor work on tuples with emp.salary < 30000. We can try to find a balanced
range partition with data distribution information in the system catalog or in the root node
of an index.

Page partitioning is used for sequential scans while range partitioning is used for
index scans. Joins are parallelized using either page partitioning or range partitioning de-

pending on the type of scans in their inner and outer plans. Different parallelism adjustment



Figure 3.4: Page Partitioning Parallelism Adjustment

mechanisms have been designed for page partitioning and range partitioning operatic

Suppose that the current degree of parallelism for a task is n and we we
adjust it to a new degree of n’, where n’ can be greater than n, which means that v
putting in more available processors to work on this task, or smaller than n, which 1
that we are taking some processors away from this task to work on another task. We

implemented dynamic parallelism adjustment in XPRS as follows:

¢ For Page Partitioning



71

the master backend computes the maximum page number,

mazpage = max{curpage;}, i =0,1,....,n— 1.

Then the master backend sends mazpage and new parallelism n’ to all the slave
backends, which completes the communications between the master and the slaves
for the parallelism adjustment. If n’ > n, the master backend will start n’ — n free
slave backends to work on the task and make each of them start scanning after page
mazpage. After receiving mazpage and n', all the slave backends will resume their
work until they finish scanning all the pages before maxpage, at which point, they will
change from scanning every nth page to scanning every n'th page and complete the
parallelism adjustment. If » > n’, upon scanning past maxpage, the slave backends
i, 1 >=n’ — 1 will finish processing the current task and report back to the master
backend as available. The communication between the master backend and the slave

backends for page partitioning parallelism adjustment is shown in Figure 3.4.

For Range Partitioning

The master backend sends a signal to all the participating slave backends on the task.
Upon receiving the signal, each slave backend sends back the intervals of values that
remain for them to scan. For example, if a slave backend is assigned to scan for values
in interval [, h] and the current value that is being examined is ¢, the interval that
will be sent back to the master backend is [¢, h]. After parallelism adjustment, each
slave backend may get more than one intervals to scan instead of only one contiguous

interval. Upon receiving all the intervals from the slave backends, the master backend



Figure 3.5: Range Partitioning Parallelism Adjustment

redistributes the intervals among n’ slave backends and sends each slave backend a s
of repartitioned search intervals. If n’ > n, the master backend will start n’ — n fre
slave backends to work on the task. Meanwhile, the old slave backends will resun
their processing with the new search intervals. If n’ < n, the extra slave backenc
will finish the processing of the current task and report back to the master backen
as available. Figure 3.5 shows the communications between the master backend an

the slave backends for range partitioning parallelism adjustment.
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Because of errors in cost estimation models, the optimizer may label an 10-bound task
CPU-bound or vice versa, which may cause performance problems. The run time system
can detect this error by monitoring the I/O rate while the mislabeled task is running and

adjust it to its correct parallelism.

3.2.4 Adaptive Scheduling Algorithm

The main idea of our scheduling algorithm is to use our dynamic parallelism ad-
justment mechanism to keep the system running at the I0-CPU balance point, i.e., at the
maximum system resource utilization. At the same time, the algorithm also considers the
possibility that inter-operation parallelism may be disadvantageous when sequential 1/0
is involved because of the disk seeks between tasks, in which case only intra-operation
parallelism will be used to take advantage of the sequential disk bandwidth.

Given a set of n runable tasks, S = {fi, fo,..., fu}, suppose that the sequential
execution time of f; is T;. And suppose that Tj..q(fi) is the execution time of f; running
alone with only intra-operation parallelism and T (fi, f;) is the execution time of f; and
f; running at their I0-CPU balance point (z;,2;) with inter-operation parallelism. We

have,

Tintra(fi) = Tz/maxp(fz)v

Tinter(fis [;) = main(Ty /23, T 2 ;) + Ty / mazp;.

where T}; is the execution time of the remaining task when either f; or f; finishes first and

maxp;; is the maximum intra-operation parallelism of the remaining task. We have,
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T, — zji/xj if Ti/xi > T]‘/wj
Tij =

T; —Tix;/xz; otherwise,

mazxp(f;) i Tije; > T;/z;
maxp;; =

mazp(f;) otherwise.

The following is the description of our algorithm.

1. Divide § into S;, and S¢,, such that S = Si, U Scpu, 95 contains all the IO-bound

tasks and S¢p, contains all the CPU-bound tasks.

2. Choose tasky € 5, and set 51 = S, or if S;, = 0, choose tasky € 5., and set

1= Sopu.

3. Choose tasky € 5 — 51, such that

Tinter(ta*Skla taSkQ) < Tintra(tQSkl) + Tintra(tQSkQ)-

4. If tasky does not exist, run task; alone with parallelism mazp(task,) if task; is a new
task, or adjust the current parallelism of task; to maxp(tasky) if tasky is a running

task, set § = S — {task(}', go to 2 when task; completes.

5. If task, exists, calculate the IO-CPU balance point between tasky and taskq, (21, 22).

1When we remove a task from S, we also implicitly remove the task from S;, and Scpu.-
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6. Execute task; with parallelism zq if tasky is a new task, or adjust the current paral-

lelism of tasky to @y if tasky is a running task; Execute tasks with parallelism 5.

7. If task finishes first while tasks is still running, set S = 5 — {task,}, task, = tasky,

5125—51,g0t03.

8. If task, finishes first while tasky is still running, set S = 5 — {tasky}, go to 3.

9. If § =, algorithm terminates.

In the above algorithm, we try to pair up an 10-bound task and a CPU-bound
task for inter-operation parallelism only if it is better than running them separately with
intra-operation parallelism. If either I0-bound tasks or CPU-bound tasks run out, we will
simply execute the remaining tasks with intra-operation parallelism only.

At any point, there may be more than one possible pairs of 10-bound tasks and
CPU-bound tasks, f; and f;, that can be chosen. Our strategy is to pair up the most
10-bound task (the task with the greatest I/O rate) and the most CPU-bound task (the
task with the smallest I/O rate). In this way, we can keep the system running closer to
the maximum utilization point (the upper-right corner of the rectangle in Figure 3.3) when
either 10-bound or CPU-bound tasks run out first, because the remaining tasks will be
those corresponding to lines closer to the diagonal in Figure 3.3.

In a multi-user environment, if we want to minimize the response time of individual
queries instead of the the total elapsed time, a shortest-job-first heuristic can be used, i.e.,

to execute the tasks from the shortest query first.

The above algorithm can be easily extended to handle a sequence of tasks { f1, f2, f3, . ..
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instead of a fixed set of tasks. In other words, the above algorithm can also be used for
online scheduling. All we need to do is to represent 5;, and S, as queues. When a task
arrives, it is put into either the S;, queue or the S.,, queue according to its I/O rate. For
our most [0-bound and most CPU-bound task first strategy, we can easily keep the tasks in
the S5, queue in descending order of I/O rate and the tasks in the S;,, queue in ascending
order of 1/0 rate. Each time we simply take a task off the head of the task queues. The

rest of the algorithm still work as described.

3.3 Evaluation of Scheduling Algorithms

In this section, we evaluate the performance of our scheduling algorithm described
in the previous section through XPRS benchmark experiments. Fxperiments are performed
on XPRS configured with 8 processors and 4 disks?. In the experiments, we compare the

performance of the following three scheduling algorithms.

¢ INTRA-ONLY - No Inter-Operation Parallelism, i.e., executing tasks one by one

using intra-operation parallelism only.

o INTER-WITHOUT-ADJ - Inter-Operation Parallelism without Dynamic Adjust-

ment

This is almost the same as the algorithm in the previous section, except that when
one task finishes first, no dynamic parallelism adjustment is performed. The master

backend will simply start the task that can get closest to maximum utilization point

2We decided not to use the full configuration of XPRS, i.e., 12 processors and 7 disks, in order to make
it easier to generate IO-bound and CPU-bound tasks in our experiments.
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if executed using the currently available processors in parallel with the running task.

o INTER-WITH-ADJ - Inter-Operation Parallelism with Dynamic Adjustment, i.e.,

the algorithm described in the previous section.

We run the following four workloads against each of the three algorithms:

e all I0-bound tasks,

¢ all CPU-bound tasks,

o extremely 10-bound tasks with extremely CPU-bound tasks,

o random-mix tasks.

Each workload consists of ten tasks. Since our algorithms only depend on the
I/O rate of each task and other details of the operations in the tasks do not affect the
performance. we choose all the queries to be one-variable selection queries for simplicity
and ease of constructing tasks with specific I/O rates. Hence, all the tasks will be either
a sequential scan or an index scan. The length of each task is randomly chosen between
scanning 100 tuples and scanning 10,000 tuples. We adjust the I/O rate of each task by
varying the size of tuples that are scanned. All relations in the workloads have the same
schemas:

rila = intd, b = text),

where attribute b is a variable-size string and is used to adjust the tuple sizes. All queries
will be a selection on r;.a. An unclustered index may be created on a to make index scans

possible. For sequential scans, the I/O rate is determined by the tuple size. There is a fixed
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per-tuple overhead (evaluation of query qualifications) after each tuple is read into memory
from disks. Therefore, the time between two I/O requests is equal to the time to read in a
disk page plus the time to process all the tuples that reside in the read-in disk page. When
the tuple size is small, many tuples can be packed into one disk page, thus it takes longer
to process all the tuples in a page and the I/O rate is lower, so the task is likely to be
CPU-bound. On the other hand, if the tuple size is large, the I/O rate is higher and the
task is likely to be I0-bound. For index scans on an unclustered index, however, the I/0O
rate is always high because index scans can follow the pointer in an index to a qualified
tuple on a disk page and hence the time between two 1/O requests is small. Therefore,
index scans on an unclustered index are most likely 10-bound. On the other hand, index
scans on a clustered index have more or less the same situation as sequential scans.

In our experiments, the most CPU-bound task is a sequential scan on relation 7,
in which the b attribute in all the tuples is set to NULL so that the tuple size is the smallest.
The most 10-bound task is a sequential scan on relation 7,,,, in which the b attribute in all
the tuples is set large enough so that each disk page can only hold one tuple. In XPRS, the
disk page size is 8K bytes. We have measured the I/0 rate of sequential scans on both 7,,;,
and 74, The 75, 1/O rateis 5 (10s/second) and the 7,4, 1/O rateis 70 (10s/second). All
other tasks will have I/O rate in between these extremes. We have measured the bandwidth
of our disks (bandwidth after file system overhead) to be 97 io’s/second for sequential reads,
60 io’s/second for almost sequential reads and 35 io’s/second for random reads. Even for
parallel sequential scans, the effective bandwidth is at best the almost sequential bandwidth

because of the asynchronousness of the parallel backends. Since we use 4 disks, we have a



Figure 3.6: Experiment Results of Scheduling Algorithms

total I/O bandwidth of 4 « 60 = 240 io’s/second. Given 8 processors and a bandwidth of
240 io’s/second, according to our definition, those tasks with I/O rate above 240/8 = 30
io’s/second are 10-bound and those below 30 io’s/second are CPU-bound. We choose the

I/0O rate of the tasks in our experiments as in the following table.

| Type of Tasks | 10 Rate (I0s/second) ||
CPU-bound randomly chosen in [5, 30)
I10-bound randomly chosen in (30, 60]

Extremely CPU-bound | randomly chosen in [5, 15]
Extremely 10-bound | randomly chosen in [60, 70]

We run each workload in XPRS using each of the above three algorithms and
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INTER-WITH-ADJ can improve performance by as much as 25% over INTRA-ONLY.
We can also see that INTER-WITHOUT-ADJ loses to INTRA-ONLY because without
parallelism adjustment a task may have to run with a low parallelism even when other

tasks have finished and more processors have become available.

3.4 Optimization of Bushy Tree Plans for Parallelism

In the previous sections, we have studied the scheduling problem of a set or a
sequence of runable tasks. Qur algorithm can be used regardless of whether the parallel
tasks are from a bushy tree plan of the same query or from different queries. In this
section, we will concentrate on the optimization problem of parallel execution plans for a
single query and propose an optimization strategy based on the scheduling algorithm in the
previous sections.

Since we have shown that a proper combination of intra-operation parallelism and
inter-operation parallelism wins over only intra-operation parallelism given a workload of
mixed 10-bound and CPU-bound tasks. The intra-operation-parallelism-only optimization
strategy presented in the previous chapter obviously cannot always take full advantage of all
available resources and thus cannot guarantee the optimality of the execution plan chosen.
However, in a multi-user environment, this problem can be easily solved by combining the
two phase optimization strategy in the previous chapter with our scheduling algorithm. We
still find the best parallel plan for each query using only intra-operation parallelism with the
algorithm in the previous chapter, but we rely on the tasks from different queries submitted

by multiple users to achieve maximum resource utilizations using our scheduling algorithm.
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In this section, we will focus on the optimization problem of a single query in a single-user
environment where we have to depend on the tasks within a same plan to achieve 10-CPU
balance and where bushy tree plans have to be considered. Our idea is to preserve the same
optimization scheme as in the previous chapter, but use a new cost estimation method to
estimate and compare the costs of bushy tree plans.

Since use of parallelism only helps reduce response time of a query execution, we
will consider response time alone as our cost measurements in the following discussions.
For each sequential plan p, let seqcost(p) be the cost of sequential execution of p and
parcost(p,n) be the cost of parallel execution of p on n processors. As described before,
plan p can be decomposed into a set of plan fragments which are what we call tasks in
parallel executions. Unlike the situation in the previous sections, the tasks here have order-
dependencies among themselves because some task may take the output of another task
as input. However, obviously our scheduling algorithm can be easily modified to deal with
the order-dependencies. It only needs to check if a task is ready before choosing it to
execute and only execute the ready tasks. Suppose that F(p) = {f1, fa2,- .., fx} is the set of
plan fragments (tasks) of plan p. Using the cost estimation methods in conventional query
optimization, we can estimate the sequential execution time of each task ¢, T;. We can also
estimate the number of 1/0’s of each task i, D;. Thus, we can estimate the I/O rate of
each task 7 as

Ci = D;/T.

Let T,,(5) be the elapsed time of executing a set of tasks, S with n processors. We
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can compute T,,(5) with the following recursive formula:

Ti/maxp(fi) + To(5 — {fi})

if f; is run alone,

main(1; /a1, T;/xe) + T (S —{fi, ;1) U{fi; 1)

if f; and f; is run in parallel.

where f; and f; are two ready tasks chosen in 5 according to our scheduling algorithm to
execute in parallel at IO-CPU balance point (z;,2;), f;; is the remaining task of the longer
of f; and f; when one of them finishes first. This formula basically simulates each iteration
of our scheduling algorithm and computes the total elapsed time of processing all the tasks.

We compute parallel execution cost of a plan as,

parcost(p,n) = T,(F(p)).

Now for each plan p, we can estimate parcost(p,n) given n and since we are as-
suming a single-user environment, n is known beforehand. Therefore, we can find the plan
that minimizes parcost(p,n). The optimal plan can be found by a conventional query
optimization algorithm with parcost(p,n) replacing seqcost(p). Note that the calculation
of parcost(p,n) depends on the structure of the entire plan tree of p which makes local
pruning, a common complexity-reducing technique in conventional query optimization in-

feasible. Aside from this factor, we can solve the parallel optimization problem with the
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same algorithmic complexity as in conventional query optimization.

3.5 Summary

In this chapter, we have presented our approach to exploit inter-operation par-
allelism in XPRS. We have first studied the scheduling problem of a set or a sequence of
independent tasks that are either from a bushy tree plan of a single query or from the plans
of multiple queries and proposed a clean and simple scheduling algorithm. The scheduling
algorithm achieves maximum resource utilizations by running two carefully selected tasks in
parallel at their I0-CPU balance point, and avoids the combinatorial optimization problem
by dynamically adjusting the degree of parallelism of the tasks to keep the system running
with maximum resource utilizations. It takes full advantage of the low communication over-
head feature of a shared memory system, which a shared nothing system does not have. We
have also studied the optimization problem of parallel execution plans of a single query and
extended our optimization strategy in the previous chapter to consider inter-operation par-
allelism by introducing a cost estimation method for parallel execution costs of a sequential
plan based on the scheduling algorithm.

We have neglected the memory constraints on parallelism in the chapter. For
example, we cannot run two hashjoins in parallel unless there is enough memory for both
hash tables. Memory allocation strategies for parallel operations will be the topic of the

next chapter.
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Chapter 4

Memory Allocation Strategies

Processors, disk bandwidth and main memory are the three most important re-
sources in parallel query processing. The previous chapter has dealt with the allocations of
processors and disk bandwidth. This chapter will add in the third dimension, main mem-
ory to the resource allocation problem. The processing of a query ultimately consists of
a sequence of CPU instructions and disk 1/O requests. Therefore, the first two resources,
processors and disk bandwidth, directly contribute to query processing. On the other hand,
main memory only contributes in an indirect way by reducing the number of CPU instruc-
tions and I/0 requests in the query processing. Because of the special role of main memory,
we will treat the memory allocation problem separately in this chapter. However, in the
end of this chapter, we will integrate the memory allocation strategy to be presented in this
chapter with the task scheduling algorithm presented in the previous chapter to complete
our approach to resource allocation in XPRS.

The question to be answered in this chapter is how to allocate memory among par-
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allel operations optimally. In general, the contribution of main memory to query processing
is very hard to model, because memory usage depends on access patterns of different oper-
ations, competition for the shared buffer pool among simultaneous operations, and buffer
replacement policies. Therefore, we will not try to solve the memory allocation problem
for general operations, rather we will focus on the hashjoin operation, since it is the most
memory intensive operation. Because of its special memory usage, hashjoins usually allocate
separate memory space that bypasses the buffer manager. For other operations, we will rely
on the buffer manager to make the right decisions based on database buffer management
strategies such as those in [11].

Our memory allocation strategy for parallel hashjoins follows the same framework
as the task scheduling algorithm presented in the previous chapter. The main idea is to
find the optimal memory allocation for two parallel hashjoins and to dynamically adjust
the memory allocation when tasks change to preserve optimality.

In this chapter, the memory allocation problem to be solved is defined in Sec-
tion 4.1. Then, in Section 4.2, we describe our memory allocation strategy for XPRS in
details including finding the optimal memory allocation and dynamic adjustment of mem-
ory allocations. Last, our memory allocation strategy is integrated into our task scheduling

algorithm in Section 4.3 and the whole chapter is summarized in Section 4.4.

4.1 Notations and Problem Definition

This section introduces notations that will be used throughout this chapter and

defines the memory allocation problem.
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The important notations used in this chapter are summarized in Figure 4.1. Only
one I/0 access time parameter is given in our notations because we do not distinguish
sequential I/O and random I/O in this chapter to simplify the formulas. This is reasonable
since all reads and writes of any temporary files in a hashjoin are always sequential and
random I/Os may only happen during the initial read of the join relations. Therefore, our
formulas can be easily extended to also consider random I1/Os. In this chapter, we also
do not consider the possible overlap between CPU and I/O processing because it is too
difficult to model. Since hash tables take extra space for meta data, the incremental factor
F is introduced to indicate hash table overhead. For example, the size of the hash table of
relation R is I' X pages(R) instead of just pages(R). The available memory size parameter
M is not necessarily a fixed constant. Since XPRS is designed as a multi-user system, M
is allowed to change during query execution, but we assume that M is always above the
minimum memory requirement for any hashjoins as mentioned in Chapter 2. Our algorithm
is designed to be capable of adapting itself to the changing memory sizes. In this chapter,
we only consider the hybrid hashjoin since it is shown to be the best hashjoin algorithm [48]
and only consider elapsed time as the optimization objective. Also throughout this chapter,
we assume that the relation on the left side of a join operation is the smaller relation, i.e.,
for join R >« S, pages(R) < pages(.5), unless explicitly mentioned otherwise.

For simplicity, we will omit the degree of parallelism in the formulas in this chapter.
Therefore, the estimated execution time of a hashjoin is its sequential execution time. Since
we have shown in Section 2.2.2 that a hashjoin can be parallelized with linear speedup, the

actual execution time for a hashjoin is its sequential execution time divided by its degree
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Notation Meaning
comp time to compare keys in main memory
hash time to hash a key that is in main memory
Mmove time to move a tuple in memory
10 time to read or write a page between disk and main memory
F hash table incremental factor
pages(R) number of pages in relation R
tuples(R) number of tuples in relation R
M total available memory size

Figure 4.1: Important Notations in This Chapter

of parallelism.
As shown in [48], each hashjoin has a minimum memory requirement, minM and

a maximum memory requirement, max M. For hashjoin R v 5,

minM(R 1 S) = +/F X pages(R), mazM(R a1 S)=F X pages(R).

Chapter 3 shows that it is suflicient to only run two tasks at a time. Therefore,
in this chapter, we will only consider the memory allocation problem between two hashjoin
operations. Suppose that we have two hashjoins, Ry o< 57 and R < S5 that can be
executed in parallel. If mazM(Ry < S1) + maz M( Rz > S2) < M, the memory allocation
problem does not exist because we can satisfy the maximum memory requirement for both
hashjoins. If min M ( Ry o< S1)+minM(Rg < S3) > M, the memory allocation problem also
does not exist because there is not enough memory for executing both hashjoins together
and each hashjoin must be executed separately. The memory allocation problem arises only
if minM(Ryv0<51)+ minM(Rza53) < M < mazM(Rq < 51) 4+ mazM( Ry < S3), when

we have enough memory to execute both hashjoins in parallel but not enough to satisfy the
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maximum requirements of both hashjoins. In this case, we must answer the following three

questions.

¢ Question 1.

Is it worthwhile to execute the two hashjoins in parallel? If we execute each hashjoin
separately, each will have the entire M units of memory and will run faster. Hence,

we must decide whether to execute the two hashjoins in parallel or one after another.

¢ Question 2.

If we decide to execute the two hashjoins together, how do we divide M between the

two hashjoins optimally?

¢ Question 3.

If the optimal memory allocation changes when one hashjoin finishes and a new

hashjoin enters, how can we adjust the current allocation to the optimal allocation?

Section 2.2.3 also raised the issue of plan fragment decomposition. As discussed
in Section 2.2.3, there are at most two hashjoins in a plan fragment (actually a hash probe
followed by a hash build as illustrated in Figure 2.7) because of the blocking edge between
the two phases of a hashjoin. Questions 1 and 2 must also be answered for two hashjoins in
the same plan fragments. The only difference is that in this case, the two hashjoins are not
executed independently; they are in a pipeline. If the answer is to execute them separately,
the plan fragment will be decomposed into two, each containing one hashjoin; and instead
of pipelining, the results of the first hashjoin will be stored in a temporary relation. Hence,

the temporary relation overhead must also be considered. We will give a simple solution to
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the plan fragment decomposition problem based on our answers for the parallel hashjoins.

4.2 Memory Allocation Strategies for Hashjoins

This section presents our memory allocation strategy for parallel hashjoins and
gives our answers to Questions 2 and 3 posed in the previous section. Because the answer
to Question 1 is based on the answers to Questions 2 and 3, it is delayed to the next
section. This section is organized into three subsections. The first subsection introduces
a cost formula for hashjoins as the basis for our analysis. The second subsection then
introduces a theorem for optimal memory allocation for hashjoins and presents the answer
to Question 2 and a solution to the plan fragment decomposition problem. The third
subsection then describes our mechanism of dynamic memory allocation adjustment for

hashjoins and answers Question 3.

4.2.1 Cost Analysis of Hashjoins

We will first briefly recapitulate the hybrid hashjoin algorithm. A hybrid hashjoin
consists of a number of batches of simple hashjoins. In a hashjoin R e« S, if F' X pages(R) <
M | there is only one batch, i.e., the entire R is read and hashed into the main memory hash
table, then $' is read to probe the hash table of R for matching tuples. If F'X pages(R) > M,
there will be B + 1 batches in the hybrid hashjoin as described below, where

pages(R) X FF— M

B=1 M—1

1.
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1. First, we choose a hash function & and a partition of its hash values which will divide
R into Rg,..., Rp, such that the hash table for Ry has M — B pages, and Ry,..., Rp
are of equal size. Then allocate B pages in memory to B output buffers, one for each
Ry,...,Rp, and assign the remaining M — B pages of memory to the hash table of

Ry.

2. Scan R and hash each tuple with h. If it belongs to Ry it is inserted into the hash
table of Ry in memory. Otherwise it belongs to R; with ¢ > 0, so move it to the output
buffer of R;. When an output buffer is filled up, it is written to a disk file. When this

step finishes, the hash table of Rg is in memory and Ry,..., Rp are on disk.

3. Partition S with h in the same way as partitioning R, into So,...,55. Assign the
output buffer for R; in the previous step to .S;, for ¢ = 1,..., B. Scan S and hash each
tuple with h. If the tuple is in Sy, probe the hash table of Ry for a match. If there
is a match, output the result tuple, otherwise drop the tuple. If the tuple is not in
So, it belongs to S; for ¢ > 0, so move it to the output buffer of 5;. When an output
buffer is filled up, it is written to a disk file. In the end, Rg < Sp is produced and

Ry,...,Rp and 51,...,5p are left on disk.

4. For ¢ = 1,..., B, perform simple hashjoin of R; 0« 5;, since we can easily prove that

the hash table R; fits in memory, i.e., R; X FF < M.

For cost computation, we denote by T(R v« .S, M) the elapsed time for executing
the hashjoin R b« § sequentially with M units of memory. The following cost formula is

directly quoted from [48].



T(Rwa S, M) =
(pages(R) + pages(S)) x 10 Initial Read of R and 5.
+(tuples(R) 4 tuples(.S)) x hash Partition R and 5.

+(tuples(R) 4 tuples(.S)) x (1 — ¢) x move Move tuples to output buffers.
+(pages(R) + pages(S)) x (1 —q) x 1O Write from output buffers.

+(pages(R) + pages(S)) x (1 —q) x 1O Read batches into memory.

+(tuples(R) 4 tuples(S)) x (1 — ¢) x hash  Hash in joining R; > 5;,0=1,..., B.

+tuples(R) X move Move tuples to hash tables for R.
+tuples(S) X comp x F Probe for each tuple of §.
where

q = pages(Ry)/pages(R)

and

M_pages(R)xF—M
M-1

M? — pages(R) x F

pages(Ro) = (M — B)/F = ( (M~ 1)F

)E =

Thus,

_ M?—pages(R) x F
1= pages(R) x (M — 1)F’

4.2.2 Optimal Memory Allocation for Hashjoins
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This subsection proves a theorem for optimal memory allocation between two

parallel hashjoins and answers our Question 2.
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Definition 4.1 For hashjoin R S, let

2 x pages(S) x 10 + (tuples(R) + tuples(S))(move + hash)

MC
pages(R)

We call MC' the memory coeflicient of the hashjoin.

Theorem 4.1 If two hashjoins, J1 : Ry v S1 and Jo : Ry > 59 are to be executed in
parallel, and if minM(J1) + minM(J3) < M < maxzM(J1) + mazM(J3), the optimal
memory allocation for these two hashjoins is to allocate as much memory as possible to the
hashjoin with larger memory coefficient leaving only the remaining memory or the minimum
required memory to the other hashjoin, i.e., if J1 has the larger memory coefficient, J; should
be given M — max(M — maxM(J1), minM(J3)) units of memory while J should only get

maz(M — maxM(Jy), minM(J2)) units of memory.

Proof.

We can reorganize the formula for T'(R 01 5, M) as follows.

T(Rea S, M) = (pages(R)+ pages(S)) x 10 + (tuples(R) + tuples(S)) X hash
+ tuples(R) X move + tuples(S) x comp x F
+ 2 X (pages(R) + pages(S)) x (1 —¢) x 10

+ (tuples(R) + tuples(S)) X (1 — ¢) x (move 4 hash).

Since

_ M?—pages(R) x F
1= pages(R) x (M — 1)F’
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we have

_ pages(R)x I'—= M M
1= pages(R)x ' M —1

Because we always assume a large amount of memory M, % ~ 1. Hence,

_ pages(R) x F'— M
~ pages(R)x F

By substituting this into the formula for T'(R >« 5, M), we can derive the following formula.

T(Rea S, M) = 3 X (pages(R)+ pages(S))x 10
+ 2 X tuples(R) X (move + hash)
+ tuples(S) X (2 X hash + comp x F')

1
— (210 + MC) x M.

In brief,

1
T(R>a S, M) = A~ (210 + MC)M,

where

A = 3 x(pages(R)+ pages(5)) x 10
+ 2 X tuples(R) X (move + hash)

+ tuples(S) X (2 X hash + comp x F).

Obviously, A is independent of memory size M.
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Suppose that M; units of memory are allocated to hashjoin Jy, and M, units
of memory are allocated to hashjoin J;. We have, My + My = M,minM(J;) < M; <

maxM(J;),t = 1,2. The total cost of executing both hashjoins is,

1 1
T(J1 My) + T(J2. My) = Ay = (210 + MCO)M + Ay = (210 + MCo) M,

1

1
= (A1—|-A2)—FQIO(M1—|-M2) F(M01XM1—|-MCQ><M2)

1 1
= (A1—|-A2)—FQIOXM—F(M01XM1—|-MCQ><M2).

As we can see, in order to minimize the total cost, the term M C'y x M1+ M Coy x Mo
must be maximized, for which we should give as much memory as possible to the hashjoin
with larger memory coeflicient.

Q.E.D.

Theorem 4.1 answers our Question 2. It shows that memory coefficient is a measure
of the contribution of each unit of memory to a hashjoin. Therefore, the answer to Question
2 is to allocate as much memory as possible to the hashjoin with larger memory coefficient.

Theorem 4.1 can also be applied to solve the plan fragment decomposition problem.
Suppose that we have two consecutive hashjoins, (R > 5) 0T, Let U = R < S. We assume
that pages(U) < pages(T). If minM(R v« S) + minM(U = T) < M < mazM(R v<
S)+ maxzM(U > T), we need to decide whether to execute the two joins together in a
pipeline, or to execute R v« 9 first and store the result in a temporary relation U, then
execute U v« T. Suppose that My and My (My + My = M) are the optimal memory

allocation for these two hashjoins according to Theorem 4.1. We can calculate the cost of
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executing the two hashjoins together as:

T(Rwea S, My)+T(U T, Ms)— pages(R w1 5) x 10,

where pages(R 01 S) x 10 is the I/O cost saved by pipelining. We can also calculate the

cost of executing the two hashjoins separately as:

T(Rea S,M)+T(U T, M)+ pages(R 1 5) x 10,

where pages(R > 9) x 10 is the cost for writing the temporary relation to disk (buffering
is not considered here). These formulas can be easily modified by exchanging U and T
if pages(U) > pages(T). Therefore, we can decide whether to execute the two hashjoins

together or separately by comparing their costs and choose the way with lower cost.

4.2.3 Dynamic Memory Adjustment in Hashjoin

If two hashjoins are executed in parallel, when one of them finishes and a new
hashjoin starts, the optimal memory allocation may very well change, thus we may need to
adjust the amount of memory allocated to the currently running hashjoin. If the memory
coeflicient of the running hashjoin is larger than that of the new hashjoin, more memory may
need to be added to the running hashjoin. On the other hand, if the memory coefficient of
the running hashjoin is smaller than that of the new hashjoin, a certain amount of memory
may need to be taken away from the running task to be given to the new hashjoin. This

subsection describes our mechanism to dynamically increase or decrease the amount of
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memory of a hashjoin while it is running.

We will first describe the implementation of hashjoin in XPRS before the dynamic
memory adjustment mechanism is presented. The XPRS implementation of hashjoin is
similar to that described in [60], which also deals with dynamic changes in the amount
of available memory. However, [60] only considers dynamic memory adjustment in the
build phase of a hashjoin, while our implementation of hashjoin allows dynamic memory
adjustment in both phases of a hashjoin. Also [60] focuses on the situations when the
amount of available memory is less than expected or the join relation size is larger than
estimated, thus is mainly concerned with decreasing memory sizes. On the other hand, we
consider both decreasing and increasing memory sizes. If more memory becomes available
during the execution of a hashjoin, we also adjust the hashjoin to take advantage of the
newly available memory.

The important concepts in our hashjoin implementation are hash chains, hash
buckets and hash batches. A hash chain is a linked list of tuples with the same hash value.
A hash bucket is a set of hash chains that share the same set of pages. A hash batch is a set
of hash buckets that are used in the same batch in a hybrid hashjoin. As we can see, each
hash chain corresponds to one hash value, each hash bucket corresponds to a range of hash
values, while each hash batch corresponds to a larger range of hash values. Our hash table
consists of an in-memory hash directory which associates hash value ranges to corresponding
hash buckets, and a set of pages for all the hash buckets, as shown in Figure 4.2. Each page
also contains a local hash directory that identifies all the hash chains within the page. We

use relative addressing for pointers which allows the format of the pages in a hash bucket



Figure 4.2: The Hash Table Structure for Hashjoins in XPRS

to be the same regardless of whether they reside in memory or on disk. Therefore, when
there is not enough memory to hold a hash bucket, its pages can be swapped from memory
to disk and later on read back to memory without changing any internal format.

The advantage of our hashjoin implementation is that it is not tied to a particular
continuous segment of memory, thus can be very flexible. If too many tuples are hashed
into the same hash bucket and cause a bucket overflow, we can partition the hash bucket

into two hash buckets by dividing the range of hash values corresponding to the old hash
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memory initially, a hash bucket may be written to a bucket file on disk, but later on if more
memory becomes available, it can be read back into memory and become memory-resident.
We can also move a hash bucket from one hash batch to another by adjusting the hash value
ranges of the hash batches. In this way, we can dynamically adjust the hash-partitioning
in a hashjoin by rearranging the hash batches.

Let us consider hashjoin R b« 5. When there is a fixed amount of memory,
our hashjoin implementation performs exactly the same as the hybrid hashjoin algorithm
described in Section 4.2.1. First, R is hash-partitioned to batches Rg, R1,..., Rg, where all
the hash buckets of Ry are memory-resident, while all the hash buckets of R;,e = 1,..., B
are on disk with only one page for each hash bucket in memory as an output buffer. Then
S is hash-partitioned in the same way as R while performing Ry v« Sy during the same
pass through 5. After hash partitioning is finished, R; v« 5;,¢ = 1,..., B are performed
in turn. As we can see, in fact a hybrid hashjoin can be viewed as three stages: hash-
partitioning R, hash-partitioning .5 and subjoins R; > 5;,¢ = 1,..., B. Now suppose that
the amount of memory changes during the execution of a hashjoin. We consider dynamic
memory adjustment for each stage in a hashjoin separately. Suppose that the old memory
size is M and the new memory size is M'. Let k = ||M' — M|/bsize]|, where bsize is the

bucket size for the hash table of R.

o If the memory size changes while R is being hash-partitioned.

If M’ > M, k more hash buckets of R will be read from disk to memory. Namely, Rq
will be increased by k hash buckets. Since these hash buckets will have to be read into

memory for the subjoins, we do not introduce any extra overhead in this adjustment.
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By increasing Rg, we not only save the disk write cost of corresponding hash buckets
of § when 5 is hash-partitioned, but also may reduce the number of batches in the

hashjoin.

If M’ < M, k hash buckets of Rg will be swapped from memory to disk. The number of
batches in this hashjoin will therefore be increased. However, M — M’ units of memory
can be freed and allocated to another hashjoin with larger memory coefficient. The

overall cost is still reduced.

If the memory size changes while S is being hash-partitioned.

If M’ > M, k hash buckets of R will be read from disk to memory, The k corresponding
hash buckets of 5 will also be read and each tuple will be used to probe into the £ hash
buckets of R. If a match is discovered, a result tuple is output. Otherwise, the tuple
is dropped. After all £ hash buckets of § are scanned, the hashjoin just proceeds with
a larger Ry in memory. Since these k£ hash buckets of R and 5 will have to be read
into memory for the subjoins, this adjustment does not incur any extra overhead. By
increasing Ry, further writes to the & hash buckets of S are saved and the number of

batches in the hashjoin may also be reduced.

If M’ < M, k hash buckets of Ry will be swapped from memory to disk. Tuples of §
that belong to corresponding hash buckets and have not yet been scanned will from
now on be written to disk instead of be used to probe the k& hash buckets of Ry. The
number of batches in this hashjoin will therefore be increased. However, M — M’
unites of memory can be freed and allocated to another hashjoin with larger memory

coefficient and the overall cost is still reduced.
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o If the memory size changes while subjoins are being performed.

In executing a subjoin, we first always read as many hash buckets of R into memory
as possible then scan the corresponding hash buckets of S to probe the in-memory
hash table of R. Therefore, the actual sizes of R;, 5;,2 = 1,..., B change dynamically
according to the available memory size when each subjoin starts. If the memory
size changes during a subjoin, the same memory adjustment techniques as we have

described so far can be applied to each subjoin.

As we can see, the granularity of our dynamic memory adjustment is a hash bucket.

Therefore, the hash bucket size is an important parameter for performance tuning.

4.3 Integration with Task Scheduling Algorithm

The previous section has answered Question 2 and 3 raised in Section 4.1. This
section gives our answer to Question 1 and integrates our memory allocation strategy with
the task scheduling algorithm presented in Chapter 3. Our task scheduling algorithm use
the I/0 rate of each task to decide whether it is I0-bound or CPU-bound. The memory
allocation problem complicates task scheduling because the I/O rate of a hashjoin varies
with different amount of memory allocated. Therefore this variable I/O rate issue must
be dealt with in the integration of our memory allocation strategy and our task scheduling
algorithm. In this section, we will first give the answer to Question 1, then deal with
variations of I/O rates, and last present the modified task scheduling algorithm integrated

with our memory allocation strategy.
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4.3.1 Answer to Question 1

Question 1 can be answered by introducing the memory factor into the formula of
Tintra() and Tipe, () of Section 3.2.4 for hashjoins. Consider two hashjoins: Jy @ Ry v Sy
and Jy @ Ry »a S3. Suppose that Ji’s memory coeflicient is larger than Jy’s and M is
the total memory size. According to Theorem 4.1, the optimal memory allocation for the
two hashjoins is My = M — maxz(M — maxz M (J1), minM(J3)) to J; and My = maz(M —

maxM(Jy), minM(J3) to J3. Therefore, if we run the two hashjoins separately, we have

Tintra(Ji) = T(Ji, M)/ mazp(J;), i = 1,2.

On the other hand, if we run the two hashjoin together and suppose that (z1,23) is the

10-CPU balance point defined in Chapter 3 for the two joins, we have,

Tinter(J1, J2) = min(T(J1, My) /21, T(Jo, Ma)/22) + T(Ji2, M) /maxp(Ji2) + Tadgjust

where Ji5 represents the processing that remains to be done for the running join when the
other join has finished first, and 7} 4;,,s¢ represents the overhead for memory adjustment that
happens for the longer-running hashjoin to take advantage of the newly available memory.
We have,

T(Jl,M) — T(J27M2)$1/$2 if T(Jl,Ml)/$1 > T(JQ,MQ)/$2
T(Ji2, M) =

T(Jz, M) —T(J1, My)xz/21 otherwise,
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QXMQXIO ifT(Jl,Ml)/$1>T(J2,M2)/$2
Tadjust =
2x My x IO otherwise,

The answer to Question 1 is to compute Tipe,(J1,J2) and Tinera(J1) + Tingra(J2).
If Tinter(J1,J2) < Tingra(J1) + Tintra(J2), we should run the two joins together, otherwise
we should run them separately.

Note that the above analysis is somewhat simplified. It assumes each hashjoin
as one single task, while in fact each hashjoin has two phases and each phase belongs to
a different plan fragment because of the blocking between the two phases as discussed in
Section 2.2.3. However, the above analysis can be easily changed to treat each hashjoin as
two tasks. The details are omitted here. Moreover, the above analysis only considers the
case in which both hashjoins are to be executed from scratch. In general, a new hashjoin
may be chosen to start while another hashjoin still running. Therefore, we need to decide
whether to start a new hashjoin to run in parallel with the currently running hashjoin, or
to leave the currently running hashjoin alone until its completion. The above analysis can
also be easily extended to deal with this general situation, in which the memory size of a

hashjoin may be adjusted larger or smaller, but in either case, we can calculate Tygjys¢ as,

Tadjust = 2 X |new_memory_size — old_memory_size| x 10,

i.e., the overhead for swapping in and out and hash buckets held in the memory added or

removed.
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4.3.2 Variation of I/O Rate

In Chapter 3, we have assumed that the 1/O rate of a task is a constant that can
be pre-determined. However, for a hashjoin, the I/O rate varies depending on the amount of
memory allocated to the hashjoin. The range of I/O rate variation of a hashjoin is analyzed
below.

We will only consider the I/O rate in the build phase of a hashjoin R 0« 5. The I/O
rate in the probe phase can be similarly analyzed. Suppose that R will be hash-partitioned
into Ro, Ry,...,Rg. The 1/O rate C' can be written as C' = C, 4+ (', where C, is the
rate to read pages of R from disk and C,, is the rate to write pages of R;,2 = 1,..., B to
disk. Here C'. is a constant independent of memory size, but C,, varies with memory size.
Let P be the probability of an arbitrary tuple of R belongs to batch R;,z > 0. We have
Cy = P x C,. We can also calculate P as P = pages(R;)/pages(R), where

_ pages(R) — pages(Ro)

pages(R;) = 5 ,

M- B
r )

pages(Ro) =

F X pages(R) — M

B=] o 1.

Therefore, we can express (', and thus C as a function of memory size M. We represent
the function for C' of M as C(M).
We are mainly interested in the lower bound and upper bound of C,,. Obviously,

when M > F X pages(R), C, = 0. Hence the lower bound of C,, is 0. Because pages(Rg) >
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pages(R;), and B >= 1, we know that

pages(R;) = (pages(R) — pages(Ro))/ B < pages(R) — pages(R;).

Therefore, pages(R;) < pages(R)/2. Hence, P < 1/2, i.e., the upper bound of C\, is C, /2.
Thus, we have,

C, < C(M) < 1.5C,.

In other words, the range of variation of I/0O rate C is [C},1.5C,]. We may use this range
to determine if a task is I0-bound or CPU-bound in the modified scheduling algorithm to

be presented next.

4.3.3 Modified Scheduling Algorithm

Having answered Questions 1, 2 and 3, now we are ready to integrate our memory
allocation strategy with the task scheduling algorithm presented in Chapter 3. The main

idea of the integration is the following.

¢ In addition to running two tasks at their I0-CPU balance point, if the tasks are
hashjoins, we also allocate the optimal amount of memory to each task according to

Theorem 4.1.

¢ In addition to dynamically adjusting parallelism to the new 10-CPU balance point
when a new task enters, we also dynamically adjust memory allocation to the new

optimal memory allocation using the techniques described in Section 4.2.3.

Specific modifications to the task scheduling algorithm in Section 3.2.4 are described below.
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In Step 1, the set of tasks can no longer be divided to only 5;, and S,, because
the 1/0 rate of a task may vary with the amount of memory allocated to the task, thus we
may not be able to determine whether a task is I0-bound or CPU-bound. However, even
for a hashjoin, it is still possible to determine if it is 10-bound or CPU-bound using the
lower bound minC and upper bound maxzC' of its I/O rate. According to the definition
of 10-bound and CPU-bound tasks in Section 3.2.1, if minC' > B/N, we know that the
hashjoin is guaranteed to be 10-bound, and if mazC < B/N, we know that the hashjoin is
guaranteed to be CPU-bound (where B is the total disk bandwidth and N is the number
of processors). However, if minC < B/N < maaC, we cannot determine if the hashjoin
is I0-bound or CPU-bound until memory is allocated. Therefore, we introduce a third set
Sunknown Which contains all the tasks whose class (I0-bound or CPU-bound) cannot be
pre-determined. Now we have 5 = 5, U Sepu U Sunknown. When choosing a task in Step 2
or 3, if 5, or Scp, becomes empty, tasks in Sypknown Will be chosen.

In Step 3, if the two tasks are hashjoins, the check to decide whether to run the
two tasks together or separately should be performed with the new formulas for 7T},:., and
Tintrq in Section 4.3.1. If the two tasks are chosen from Sy, tnown, We Will first determine
the optimal memory allocation (M, M3) between the two tasks, then calculate the actual
I/0O rate (M) and Cy(My) of the two tasks to make sure that one task is I0-bound and
the other is CPU-bound. If it is not the case, the check fails.

In Step 4, if tasky is a running task, in addition to adjusting its parallelism to
mazxp(tasky), we also adjust it to use all the available memory. In Step 5, in addition

to calculating the I0-CPU balance point, (21,22), we also calculate the optimal memory
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allocation, (My, M3z). In Step 6, whenever parallelism is adjusted, we also adjust memory
allocation to the new optimal allocation, (M, M3).

Section 3.2.4 also proposed some heuristics for choosing the pair of 10-bound
and CPU-bound tasks, such as “most [0-bound and most CPU-bound first” and “shortest
query first”. Here we introduce yet another heuristic for a set of hashjoin tasks. Because
memory adjustment introduces extra overhead, we want to have a heuristic that tries to
minimize memory adjustment overhead. According to Theorem 4.1, we always allocate as
much memory as possible to the hashjoin with larger memory coefficient. We call a memory
adjustment a major memory adjustment if a hashjoin changes from the one with smaller
memory coeflicient to the one with larger memory coefficient or vice versa. Obviously, a
major memory adjustment is most likely to be expensive because it has to adjust from the
minimum required memory to most of the available memory or vice versa. Our heuristic
minimizes the number of major memory adjustments, in which we choose the 10-bound
hashjoins in memory coefficient descending order and the CPU-bound hashjoins in memory
coeflicient ascending order. It can be easily shown that we only need to make at most one
major memory adjustment under this heuristic. This is because that there may be exactly
one point when the memory coefficient of the I0-bound tasks becomes smaller than that of
the CPU-bound tasks. If such a point exists, then one major memory adjustment is made
at this point, but there is no major memory adjustment before or after this point. If such

a point does not exist, then no major memory adjustment will be made.
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4.4 Summary

In this chapter, we have presented our memory allocation strategy for hashjoins
in XPRS and integrated it with the task scheduling algorithm proposed in Chapter 3. Our
memory allocation strategy follows the same framework as the task scheduling algorithm.
We run two parallel hashjoins with their optimal memory allocation and dynamically adjust
memory allocation to the new optimal memory allocation when a new task starts. A
theorem on optimal memory allocation between two hashjoins is developed. According to
the theorem, if there is not enough memory to satisfy the maximum memory requirement of
both hashjoins, in the optimal memory allocation, as much memory as possible should go to
the hashjoin with larger memory coefficient leaving only the minimum required memory or
the remaining memory after the maximum memory requirement of this hashjoin is satisfied
to the hashjoin with smaller memory coefficient. The plan fragment decomposition problem
raised in Section 2.2.3 is also solved using this theorem. Our mechanism for dynamic
memory adjustment in hashjoins is made possible by the careful design of our hashjoin
implementation such that hash buckets can be moved in and out of memory easily depending
on memory availability. This chapter along with the previous two chapters completes the

approach to parallel query processing in XPRS.
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Chapter 5

Performance of Disk Array

Configurations

The previous chapters have only considered one particular disk array configura-
tion, the RAID Level 0 or the simplex configuration. This chapter completes the discussion
on parallel query processing by studying the performance implications of different disk array
configurations to parallel query processing. Disk arrays and shared memory multiprocessors
are complementary to each other because disk arrays automatically balance the I/O work-
load by striping data across all disks while shared memory multiprocessors automatically
balance the processing workload across multiple processors. XPRS supports several differ-
ent disk array configurations and each of them has its pros and cons. The question is how
these different disk array configurations perform in a parallel query processing environment
compared with each other. This chapter intends to answer this question through experi-

ment results on XPRS. As we will show, although different disk array configurations have
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different performance characteristics, the difference does not affect the results presented in
the previous chapters.

This chapter is organized as follows. In the next section, we will introduce the
concept of disk arrays and different configurations of disk arrays, particularly the mirrored
configuration and the parity array configuration in more detail. Then in Section 5.2, we
will describe the experiments that we have run on XPRS with different disk array config-
urations and present the experiment results that illustrate the performance of these disk

array configurations. Last, this chapter is concluded and summarized in Section 5.3.

5.1 Disk Array Configurations

A disk array consists of many small form factor disks which provide high aggregate
I/0 rate through data striping [45]. A significant disadvantage of striping is that if a single
disk within the stripe set fails, none of the data can be accessed. In other words, a single
failure renders the entire array unavailable. Even though disk technology has made each
individual disk highly reliable, a disk array may still fail very often because its failure rate
scales up with the number of disks in the array. Therefore, it is critical that a disk array
include some fault-tolerant mechanism to increase the availability. It is well known that the
best approach to supporting high data availability is through redundancy. Data is stored in
such a fashion that each bit of data contributes to another redundant bit store elsewhere in
the array. A disk array that stores redundant data for the purpose of achieving high data
availability is called a RAID, or a Redundant Array of Inexpensive Disks.

There are two intrinsic penalties to data redundancy: first, storage capacity is sac-
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rificed to store the extra redundant data, and second, write bandwidth is wasted in keeping
the redundant data up to date. There is a hierarchy of alternative RAID configurations from
level 0 to level 5 that represent different tradeoffs between availability, 1/O performance,
and capacity [37]. Data striping without redundancy is called RAID Level 0, or the simplex
configuration. The experiment results presented in the previous chapters are all based on a
RAID 0 configuration. The two configurations best suited for both high I/O rate and high
availability are RAID Level 1 also called mirrored disks and RAID Level 5 also called parity

arrays. These two configurations are described in more details below.

5.1.1 RAID Level 1: Mirrored Disks

In a mirrored disk configuration, each disk is associated with another disk as its
mirrored partner. Each data block on one disk is also stored redundantly on its mirrored
partner. Hence the capacity overhead for redundancy is 100%. Obviously, since each disk
has a mirrored partner, data can be read from either disk, but writes must be made to
both disks. Therefore, the effective write rate is only half of what the disks can collectively
provide. Because data is placed under two independent disks, we can further improve read
rate by a technique called seek scheduling, which schedules the disk with its head closer to
the requested data to service the request. Fifteen to twenty percent improvement to read
rate has been observed [10]. Assuming a reasonably short repair time, such as 72 hours, the
probability that both members of a mirrored pair fail at the same time is very small, and

thus a very large expected mean time to data loss (MTTDL) can be achieved.



Figure 5.1: RAID Level 5: Parity Array

5.1.2 RAID Level 5: Parity Array

In a N +1 disk parity array configuration, N disks are used to store real dat
one extra disk is used to store the redundant data in the form of parities. Every N
blocks that horizontally spread across the N data disks are exclusive-OR’ed into a -
block that is stored in the extra disk. In fact, the parity blocks do not have to be sto
the same disk, they are actually spread across all NV + 1 disks in the array, interleavec

data blocks, as shown in Figure 5.1, to avoid bottlenecking on the parity disk.

Ac s rat canmn 1 anmtr carrela dAlal 34 tha arrat falle +ha data Wlacl-o 3+ 41 A
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Gibson shows in [19] that parity arrays with hot spares can offer about the same availability
as mirrored disks. However, a parity array only requires one extra disk for every N data
disks to achieve tolerance to single failures while the mirrored configuration needs one extra
disk for every data disk.

The problem of parity arrays is write performance. In a parity array, for each data
block written, the associated parity block must also be updated. The new parity block can
only be computed by exclusive-OR’ing the old data block, the new data block and the old
parity block. Therefore, one logical write actually becomes four physical I/0s: read old
data, read old parity, write new data, write new parity. Thus the write rate is reduced to
25% of what a non-redundant array can deliver. However, this “read before write” overhead
can be avoided if data is written in units of IV blocks at a time. Therefore, parity arrays

only suffer performance penalties for small writes.

5.2 Performance of Parallel Query Processing on RAID

This section examines the performance of parallel query processing on different
RAID configurations, specifically simplex, mirrored disks and parity arrays. A set of bench-
mark queries are run on XPRS with each of the three disk array configurations and their
performance are reported to compare the three disk array configurations. We will first

describe the experiments on XPRS that are run and then present the experiment results.
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5.2.1 Experiments on XPRS

In our experiments, we run a standard set of benchmark queries on each of the
three disk array configurations, measuring the performance in terms of elapsed time. The

benchmark queries can be characterized as follows:

e sequential read (sequential scan),

¢ random read (unclustered index scan),

e sequential write (update consecutive tuples through sequential scan),

e random write (update through an unclustered index).

Each query is run on three disk array configurations: simplex, mirror and parity
array. For each configuration, we consider two situations: fixed total capacity and fixed
user capacity. Specifically, each query will be run six times on the configurations in the

following table.

‘ # of disks | fixed total capacity | fixed user capacity

simplex 6 3
mirror 2x3 2x3
parity array 541 341

We choose to use queries from a modified version of the Wisconsin Benchmark [3].
As shown in Section 2.2.2, a sequential scan is CPU-bound when the tuple size is small
and 10-bound when the tuple size becomes large. CPU-bound queries are uninteresting in
our experiments since our primary purpose is to compare the performance of different 1/0
configurations. In the original Wisconsin Benchmark, the tuple size is very small, only 200

bytes, which makes all the sequential scan queries in the benchmark CPU-bound. In our
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version of the benchmark, we have introduced an extra text field to pad each tuple to 1,000
bytes so that the sequential scan queries become 10-bound.

On the other hand, index scans using an unclustered index are all 10-bound be-
cause they do not need to examine every tuple in a fetched disk block. Rather, they can
directly access the qualified tuple in a block through an index pointer. The largest relations,
tenkl and tenk2 in the Wisconsin Benchmark only have 10,000 tuples. We have increased
the number of tuples in these relations to 20,000 so that each query will run longer and
we can get more stable results. Specifically, we have used the following query for both

sequential scans and index scans:

retrieve (twentyk.all) where twentyk.uniquel < 2648 and twentyk.uniquel > 647.

For index scan experiments, an unclustered index is defined on attribute uniquel. We also
use the same qualifications for updates.

Because XPRS runs on top of the Dynix file system, it is difficult for us to imple-
ment seek scheduling for the mirror configuration. Our experiments are run without seek
scheduling. This understates the performance results for the mirror configuration to be
presented below. However, we make a special effort to achieve better load balancing for this
configuration by directing 1/O requests from the even number slave backends to one set of

disks and those from the odd number slave backends to the disks’ mirrored partners.

5.2.2 Experiment Results

The experiment results are presented in Figures 5.2 - 5.7. For the retrieve queries,

we plot the query elapsed time against the degree of parallelism. Figures 5.2 - 5.4 show
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Figure 5.2: Performance of Seq. Scan 8K blocks, Fixed Total Capacity

the performance of read-oriented queries on fixed total capacity configurations. Figures 5.5
and 5.6 report the performance for the fixed capacity configurations. Figure 5.7 shows the
performance of the fixed capacity configurations normalized by the number of disks used.
The performance of sequential scan is shown in Figure 5.2. This figure shows that
when the degree of parallelism is low, both the mirror and the parity configuration perform
worse than the simplex configuration. However, when the degree of parallelism increases,
all three configurations have approximately the same performance. This is due to the fact
that the default block size (i.e., the stripe unit size) of XPRS is only 8K bytes. When the
degree of parallelism is low relative to the size of a stripe, the access pattern to each disk

in the simplex configuration is more or less sequential. Therefore, it takes advantage of the
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Figure 5.3: Performance of Seq. Scan 32K blocks, Fixed Total Capacity

read-ahead in the Dynix file system.

On the other hand, in the parity array configuration, the parity blocks are scattered

across all the disks. Thus each disk has to seek past the parity blocks frequently, which

turns off the file system read-ahead. The performance loss of the mirror configuration

can be explained by its smaller stripe size (half of simplex’s), hence the access pattern on

each disk becomes random at lower degrees of parallelism. Another factor for the mirror

configuration is the way we assign even number slaves to one set of disks and odd number

slaves to the mirror set does not balance the I/0O requests perfectly. When the degree of

parallelism becomes large, access patterns to each disk in all configurations become random

and thus there is essentially no performance difference between different configurations.
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Figure 5.4: Performance of Index Scan, Fixed Total Capacity

Figure 5.3 shows the performance of the same query when the block size of XPRS
is increased to 32K bytes. In this case, all three configurations have almost the same
performance because they all enjoy a sequential I/O bandwidth through the large track-size
blocks.

Figure 5.4 shows the performance of an unclustered index scan query on the three
disk array configurations. It shows that the three configurations have virtually the same
performance for random reads when the degree of parallelism is low. For higher degrees of
parallelism, the mirror configuration starts to show performance that is a little worse than
the other two configurations. This can be explained by the small stripe size of the mirror

configuration. Because the stripe size is small, it is more likely that two processes try to
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Figure 5.5: Performance of Seq. Scan 32K blocks, Fixed User Capacity

access blocks from the same disk at the same time, thereby causing more queuing delays.

In summary, if we fix the total capacity, all three configurations can achieve the
same query processing performance. Although the parity array configuration may have the
problem of losing sequential bandwidth because of the scattered parity blocks, it can be
avoided by increasing block size. If we compare these three configurations with fixed total
capacity for read-oriented queries, they can achieve the same performance, but the simplex
configuration has poor availability and the mirror configuration can only offer half the user
capacity; therefore the parity array configuration is obviously the best choice.

On the other hand, if we fix the user capacity, as in Figures 5.5 and 5.6, the

mirrored configuration has the best performance. This is not too surprising, since the mirror
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Figure 5.6: Performance of Index Scan, Fixed User Capacity

configuration has almost twice as many disks as the other two. However, Figure 5.7 shows if
we normalized the performance in terms number of I/Os per second to performance per disk,
the parity array configuration has the best performance per disk except for low degrees of
parallelism. For high parallelism, the parity array configuration achieves better performance
than simplex because it spreads data across more disks. However, this advantage is not
obvious at low parallelism because there are not enough outstanding I/0 requests. Although
the mirror configuration has the best raw performance in this case, it also wastes the most
space for redundancy. As a result, it has lower normalized performance.

Performance of write-oriented queries on the three disk array configurations is

shown in Figure 5.8, in which we present the measured elapsed time of updates to 1,000
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Figure 5.7: Normalized Performance of Index Scan, Fixed User Capacity

tuples through sequential scan or unclustered index scan in a table. To effectively make use
of the parity array configuration, a special stripe buffer is implemented which buffers blocks
in the same stripe and writes out an entire stripe at the same time if possible so that we
can avoid reading the old data block and the old parity block to compute the new parity
block for each write. Obviously, this stripe buffer is only effective for sequential writes.
As we can see in the table, the parity array configuration has the worst performance for
random updates because of its read-modify-write scheme. However, parity arrays perform
much better for sequential updates with the help of the stripe buffer. In fact, it can even
perform better than the mirror configuration because it has more disk drives that can write

in parallel.
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Fixed Total Capacity Fixed User Capacity
FElapse Time (sec) | simplex | mirror | array | simplex | mirror | array
(6) (2x3)|(b+1) (3) (2x3)| (3+1)
sequential update | 52.55 53.84 53.07 50.99 54.26 51.68
random update 53.44 56.34 73.42 54.09 55.28 71.86

Figure 5.8: Performance of Update Queries

5.3 Summary

In this chapter, we have compared the performance of three RAID configurations,
simplex, mirrored disks and parity arraysin a parallel query processing environment through
experiments on XPRS. From the experiment results, we have shown that for a fixed total
disk space, the parity array configuration can achieve the same read performance as the
mirror configuration while providing almost twice as much user disk space. For a fixed user
disk space, the parity array does not win on raw performance, but it wins on normalized
performance for read-oriented applications. For write-oriented applications, the parity array
configuration can achieve comparable performance with other configurations for sequential
writes, but loses in random writes. However, a write-optimized file system such as Log
Structured File System (LF'S) [44] can help solve the random write problem of parity arrays
by grouping random writes and turning them into sequential writes.

This chapter completes our discussion on parallel query processing in a shared
everything environment. Although different disk array configurations have different perfor-
mance characteristics, the difference does not affect the results presented in the previous
chapters. Qur parallel query processing strategies can be applied in a shared everything

system with any disk array configuration.
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Chapter 6

Conclusions and Future Work

This chapter concludes the whole thesis. Our conclusions are also followed by some
discussions on future research directions.

It is the general consensus that parallel database systems are the key to high
performance data management demanded by applications such as decision support systems
and multi-media data management. However, parallel database systems also introduce new
problems to query processing especially for query optimization and resource management.
If these problems are not well solved, parallel database systems still cannot achieve high
performance. This thesis solves these problems in parallel query processing in a particular
environment, i.e., the shared everything enironment and presents a complete design and
implementation of parallel query processing in our prototype multi-user parallel database
system, XPRS, with focus on three main issues: parallel query optimization, task scheduling
and memory allocation.

Query optimization has been traditionally handled with an exhaustive or semi-
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exhaustive search algorithm to find the optimal query execution plan. Although this ap-
proach is reasonable for sequential query plans, it is bound to fail for parallel query plans
because the search space of possible parallel query plans is orders of magnitude larger
than the space of sequential query plans. Another problem that has not been well solved
in query optimization is the unknown parameter problem. In a multi-user environment,
many parameters that affect query execution costs are unknown until run time. Therefore,
compile-time optimization must deal with these unknown parameters. XPRS specifically
considers two parameters, available buffer size and number of free processors. Both the
enormous search space problem and the unknown parameter problem are solved in XPRS
by a two phase optimization strategy. The first phase of our two phase optimization strat-
egy only optimizes sequential query execution plans based on fixed parameters at compile
time, and the second phase optimizes parallelizations of the chosen sequential plan from
the first phase based on resource availabilities at run time. Experiment results from XPRS
benchmarks have shown that this two phase optimization strategy almost always produce
an optimal or close-to-optimal parallel query plan.

In parallel query processing, there may be multiple tasks that are ready to run
at the same time. Therefore, an optimal processing schedule need be decided for these
tasks such that the total processing time is minimized. This scheduling problem is different
from the conventional multiprocessor scheduling problem. In this scheduling problem, both
parallelism between multiple tasks and parallelism within each task must be considered to
achieve maximum performance. A simple and eflicient adaptive scheduling algorithm has

been proposed as a solution to this task scheduling problem. The scheduling algorithm is
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based on the concept of an 10-CPU balance point that maximizes system resource utiliza-
tions. It executes an 10-bound task and a CPU-bound task at their IO-CPU balance and
dynamically adjusts the degree of parallelism of the running tasks to keep the system run-
ning at the I0-CPU balance point. Experiment results have also confirmed the efficiency
and effectiveness of this scheduling algorithm.

Main memory is also one of the most important resources in parallel query pro-
cessing along with processors and /O bandwidth. When multiple tasks are running in par-
allel, the problem of how to optimally allocate a limited amount of memory to these tasks
arises. This thesis specifically deals with memory allocation between parallel or pipelined
hashjoin operations. The optimal memory allocation between multiple hashjoins is discov-
ered through careful cost analysis on hashjoin executions. The memory allocation strategy
of XPRS always allocates the optimal amount of memory to parallel hashjoins and also
dynamically adjust the memory allocation to the new optimal allocation when one hashjoin
finishes and a new one starts. Because the memory allocation strategy follows the same
framework as the task scheduling algorithm, it can be easily integrated into the task schedul-
ing algorithm.

A theme through the approach to parallel query processing presented in this thesis
is adaptiveness, which is crucial for a multi-user environment where the amount of avail-
able resources is unpredicatable. In this approach, query plans can be dynamically adjusted
through Choose nodes according to buffer space availability; parallelism can be dynamically
adjusted to fully utilize both the processors and disk bandwidth; and memory allocation

can be dynamically adjusted to optimally utilize available main memory. We believe that
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this thesis presents the first complete approach to parallel query processing that integrates
optimization and resource allocation and has the ability to adjust to the changing environ-
ment.

A shared everything parallel database system relies on disk arrays to provide
enough I/O bandwidth for parallel query processing. This thesis also presents a perfor-
mance study of different disk array configurations based XPRS. The experiment results
show that parity arrays (RAID Level 5) can provide comparable read performance as other
configurations while providing high availability and high capacity efficiency. Parity arrays
can also provide comparable write performance if used under a write-optimized file system
such as LF'S.

Although this thesis presents results that constitutes a step forward towards mak-
ing parallel database systems highly effective and widely available, there are still many
research issues which need to be addressed in the future and among which only a few are

discussed below.

¢ Inter-Query Optimization

This thesis has only considered optimization of a single query. However, in a multi-
user environment, multiple queries may be issued simultaneously by different users,
or in a transaction processing environment, each transaction may consist of multiple
queries. Thus, it is desirable to optimize multiple queries at the same time. Although
multiple query optimization has been studied before, the focus was on sharing the
evaluation of common subexpressions. There are a lot more issues in this subject

especially in a parallel database. For example, even though two queries do not contain
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any common subexpressions, it is still possible to run them together to achieve better
system resource utilization. The results on task scheduling and memory allocation in

this thesis are a good starting point for further research on this topic.

Parallel Updates

Currently, XPRS only parallelizes data retrievals. Loading and updates are still
handled sequentially. However, loading and update performance is crucial for large
databases. Therefore, it is important to design parallel algorithms for loading, index
construction and maintenance, and large updates. For a multi-user environment, this
also leads to more issues in query optimization and resource management, such as

how to optimize and schedule queries while loading is proceeding.

Memory Allocation for General Operations

The memory allocation problem has only been solved for hashjoin operations in this
thesis. Although hashjoins are shown to be a very efficient hashjoin method, the mem-
ory allocation problem also needs to be solved for general operations. This will require
more cooperation between the database buffer manager and the query optimizer and

executor, thus lead to many new research issues.

New Architectures

Because of the limitation on scalability of a shared everything system, sooner or later,
a shared everything system will become a node in a shared nothing system. More
research needs to be done before a unified approach for parallel query processing in

such a hybrid environment can be designed. Another promising architecture is the
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massively parallel machines manufactured by vendors such as Thinking Machines,
nCUBE, and KSR. New algorithms need to be developed to fully utilize the massive

parallelism provided by such architectures.
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