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Abstract

In this paper we try to describe synthetically the main
problemswhich arisein the design of parallel relational da-
tabase systems. Due to the breadth and the depth of the top-
ic, it is obviously very hard to capture all good issuesin a
short paper. The issues that are tackled include data place-
ment, static and dynamic query optimization, resource allo-
cation, statistics extraction, and cost estimation.

1. Introduction

The optimizer’s role is to generate, in a considered
search space and for a given SQL query, an execution plan
close to optimum (or optimum). The optimization goal is to
minimize response time, maximize throughput while simul-
taneously minimizing optimization costs. The general prob-
lem for query optimization may be expressed as follow
[17]: given a query g, a space of execution plans E, and a
cost function cost(q) associated with an execution plan p €
E, find the execution plan calculating q such as the cost(q)
is minimal. Generally, the design of an optimizer can be
split in three components [17]: <Search Space which de-
fines the syntax of all aspects relating to execution, Search
Srategy which generates a close to optimum execution
plan, Cost Model which assigns a cost to an execution
plan>.

Due the importance and complexity of the optimization
problem in relational queries and since publication of [59],
the database community has expended much effort to devel-
op optimization methods in different way for various data
base systems: centralized (uniprocessor), distributed, de-
ductive, and parallel. A complete, and elegant review of op-
timizers and their methods in relational systems is described
in [12]. Those optimizers are based on query rewrite and dy-
namic programming approach relies on the partial optimum
principle.

In parallel database systems, and parallel query optimi-
zation, [15, 28, 41, 61] provide an excellent review: the au-
thors identify issues that are relevant, discuss several open
issues, and propose some directions of research offering
new challenges.

Parallel (relational) query optimization methods can be
considered as an extension of conventional relational query
optimization methods which integrate the parallelism di-
mension. Indeed, the generation of a parallel execution
plan, close to optimum, is either a two-phase approach [2, 4,
5,13, 19, 20, 25, 26, 27, 30, 31, 39] or one-phase approach
[9, 10, 14, 43, 44, 50, 56, 58, 64]. The two-phase approach
comprises two distinct stages in sequence: (i) execution
plan generation (i.e. logical optimization followed by phys-
ical optimization), and (ii) resource allocation to the execu-
tion plan (i.e. parallelism extraction followed by physical
allocation of resources). As for the one-phase approach, the
plan generation and resource allocation are packed into one
integrated component [49].

Whatever approach is used to generate a parallel execu-
tion plan, four different types of optimization methods ex-
ist: static, dynamic, hybrid, and quasi-hybrid. This last
method [3, 34, 39] first applies a static method, followed by
a dynamic method which may re-invoke, contrary to the
purely hybrid method [22], the query optimizer (e.g. physi-
cal optimization) during execution for corrective purposes.

The rest of the paper is structured as follows: the Section
2 specifies elements important for the relevant choice of in-
itial data placement and describes the data skew phenome-
non. Following the presentation of the main characteristics
of parallel query optimization methods, in Sections 4, and 5,
we present a few parallelization-optimization methods, stat-
ic and dynamic, separating the one-phase and two-phase ap-
proaches. Section 6 hints to the importance and complexity
of obtaining accurate and efficient cost estimates. Finally,
Section 7 gives a glance at problems which constitute a
challenge for future parallel relational database systems.
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2. Data partitioning and data skew

The main problem concerning data partitioning, also
called data placement, involves finding and keeping the best
compromise between processing costs and the cost of data
communication and control. More precisely, relatively ac-
curate information concerning databases and applications is
needed (e.g. SQL query characteristics, host variables) as
well as information on the evolution of data and the exten-
sibility of the parallel system. This allows the database ad-
ministrator DBA to select meaningfully: (i) a data
partitioning approach: full declustering vs partial decluster-
ing. [51] propose a detailed and complete study of data
placement in shared-nothing systems, (ii) a partitioning de-
gree for a relation, often called Home of relation, which cor-
responds to the number of nodes over which the relation is
partitioned, and (iii) a data partitioning method as a function
of available algorithms, of data access modes, and query
characteristics (e.g. number of relations, number of predi-
cates, query form).

Data skew phenomenon is mainly due to choices made
during data partitioning approach (i.e. selection of partition-
ing degree for a relation), with placement method, and the
quality of the quantitative informations the DBA has. Sev-
eral types of skew have been identified [51, 62] tuple place-
ment skew, selectivity skew, redistribution skew and join
product skew. Data skew phenomenon generates, mainly,
intra-operator load balancing problems which many consid-
erably deteriorate the performance expected for parallel re-
lational operators. Indeed, load balancing for intra-operator
parallelism has been intensively studied [33, 42, 62]. Quite
a few of the methods have been proposed as algorithms,
mainly, for specific joins integrating appropriate mecha-
nisms to avoid or solve different types of skew.

3. Main characteristics of parallel query opti-
mization methods

Generally, a parallel query optimization method can be
characterized by the following quartet and accompanying
components < Context, Environment, Parallel Architecture
Type, Search Space Nature>:

- Context: may be static, dynamic, hybrid, or quasi-hy-
brid.

- Environment: multi-user, or single-user. In this last
case, the system’s resources are allocated to the operations
of a single query.

- Parallel architecture type: based on MIMD execution
model, five parallel architecture types have been used as
platforms to develop parallel DBMS. Shared-everything,
shared disk, shared-nothing, hybrid architecture, and
NUMA/COMA.

- Search space nature: this is mainly characterized by the
considered or valid tree types (i.e. left deep trees, right deep
trees, and bushy trees), and the different types and forms of
parallelism considered.

The principal interest in this characterization is twofold:
(i) to establish an optimization method classification to
compare methods between themselves, and (ii) to describe
the degree of complexity of methods with respect to their
characteristic components.

In the following two Sections, we critically look at few
query parallelization-optimization methods, first mostly
static, then dynamic. Such critiques are relevant to high-
light: (i) the guidelines for query parallelization strategies,
(ii) the reasons why the proposed strategies become quite
sophisticated in both static and dynamic contexts, and (iii)
the central importance of parallel query optimization prob-
lems.

4. Parallelization strategiesin static context

In this section, we describe scheduling strategies and
(logical) allocation of resources taking into account paral-
lelism form and space search type [13, 14, 17, 19, 20, 26, 27,
58, 64]. In the framework of two-phase parallel optimiza-
tion methods, [13, 17, 26, 27] propose several scheduling
strategies for a relational operator tree linked only by pipe-
line. After having observed the importance of communica-
tion overhead in the study NonStop SQL/PM DBMS and
shown the interest of taking this into account, they develop
a response time model leading to a trade-off between paral-
lel execution and communication overhead. This is funda-
mental to achieve query response time improvements.
Several approach scheduling, based on heuristics, are then
proposed. They are inspired of the LPT (Largest Processing
Time) heuristic and based on symmetrical and equilibrated
algorithm classes [27]. These algorithms use pipeline and
partitioned (intra-operation) parallelism but neglect prece-
dence constraints which may exist depending on the opera-
tor tree.

As far as [19, 20] are concerned, they can be seen as a
very elegant extension of the work proposed in [13, 17, 26,
27] which only consider the CPU resource in a single-user
context. In this way, in [19, 20], optimizing and scheduling
of execution plans on hierarchical parallel systems which
communicate by message-passing are dealt with. Several
heuristics are suggested which realize static simultaneous
scheduling/mapping of operator fragments (a fragment is a
chain of pipeline communicating operators) by taking into
account multiple preemptable (e.g. CPU, disk, network) and
non preemptable (e.g. memory) resource sharing between
concurrent operators, the different types of parallelism (e.g.
pipeline, independent and intra-operation), and data place-
ment, in single- and multi-user contexts. However, the heu-

Proceedings of the 11th International Workshop on Database and Expert Systems Applications (DEXA'00)
0-7695-0680-1/00 $10.00 © 2000 IEEE



ristics proposed, based on quite drastic assumptions, remain
only valid in a static context.

In the one-phase approach, [58] propose a parallel pro-
gram for processing of a query composed of N joins, for
each form of search space (i.e. left deep tree, right deep tree,
and bushy tree). The authors investigate in detail for each
form of search space the memory size requirements, sched-
uling possibilities, and the ability to use the different types
of parallelism. The study includes that case where resource
memory is unlimited as well and the more realistic case
where resource memory is limited. In the first case, the right
deep tree is well suited to exploit parallelism at it’s best.
However, this structure is no longer the best when memory
is limited. In this case, [58] propose to split the processing
tree into many disjointed sub-trees such that all the relations
of each sub-tree fit into memory. Temporary relations T1,
T2,..., Tn will be stored on disks between two-phasesl. The
drawback of this approach is that the number of sub-trees
increases with the number of base relations which do not fit
into memory. Thus, this method reduces pipeline length and
increases response time. Two elegant solutions have been
proposed; the former is based on segmented right-deep trees
[14], and the latter, on zig-zag trees [64].

5. Parallelization strategiesin dynamic context

There is motivation to introduce a dynamic strategy of
resource allocation [21, 22, 63]. This strategy is based on
the will to use information not available at compile time and
concerning mainly resource availability and quasi-optimal
in metrics. The proposals [9, 10, 21, 22, 31, 39, 43, 44, 50]
point out the importance not only load balancing [6, 8, 55,
56], but also correcting sub-optimal execution plans gener-
ated at compile time and detectable at run-time [3, 5, 34,
39]. The methods developed become very sophisticated and
present in fact ‘re-parallelization’ if not re-optimization
strategies at run-time, far from simple resource allocation
methods. The requirement for execution plan readjustment
prescribes a new parallelization phase if not also a “new
static optimization” (e.g. physical optimization). Further-
more, these recent strategies are not always purely dynamic,
but can be also hybrid or quasi-hybrid [3, 5]. They are all
based on the will to fully exploit the capabilities of the cost
evaluator [18, 24].

Thus, [50] propose: (i) a RateMatch dynamic algorithm
to determine the intra-operation parallelism degree for a sin-
gle join operator which respects the initial data placement,
and (ii) many alternative processor allocation methods to
the operator instances by considering heuristics such as
Random or Round-Robin, and criteria related to the system
resources such as available memory, CPU or disk utiliza-

1. A phase corresponds to a sub-tree execution.

tion. Both these algorithm classes can be combined to ob-
tain a large variety of processor allocation strategies. The
processor allocation algorithms proposed don’t integrate
the allocation constraints (i.e. data locality, data localiza-
tion, pipeline and independent parallelism types). They sep-
arately integrate resources of the preemptable type and of
the non preemptable one. The proposals of [56], which
deepen the work proposed by [50], deal with the problem of
dynamic load balancing of single simple-hash join queries
in shared-nothing systems. The intra-query parallelism de-
gree and the choice of the processors to process the sub-que-
ries are determined in an “integrated” manner, and the
current state of the system is considered with regard to the
disk, memory and CPU resources. Several multi-resource
load balancing dynamic strategies are proposed which ena-
ble to re-adjust at run-time the processor allocation on the
basis of the operation I/O and CPU consumption. In this
way, the parallelism degree adjustment in case of CPU-bot-
tleneck is performed by systematically reducing the number
of processors in keeping with the average CPU utilization
[55]. As to the parallelism degree adjustment in case of
memory-bottleneck, it is realized by systematically increas-
ing the number of processors to limit memory contention,
which may lead to the CPU-bottleneck symmetric problem.
Moreover, the parallelism degree adjustment is performed
from the optimal number of processors which is generally
calculated from a more or less complex analytical expres-
sion (i.e. single-user or multi-user mode) associated to the
most adequate join method. At completion of this adjust-
ment, the problem is that keeping the same join algorithm
may not be assured because a better algorithm is likely to
exist for this new number of processors.

In XPRS adaptive scheduling approach [30], the method
proposed is relies on maximum resource utilization (i.e. I/O
bandwidth and processor capacities), by executing in paral-
lel two fragments at their IO-CPU balance point. When one
of the two fragments is completed, [31] propose a dynamic
method to adjust the parallelism degree of this fragment de-
pending on the partitioning method used (i.e. page partition-
ing or range partitioning). The implementation, on a shared-
everything system, of this adjustment method is based on
communication and cooperation between master and slave
processors.

The most recent work of [9, 10, 43, 44] is particularly in-
terested in multi-join processing, by considering the current
state of the system in terms of multi-resource contention. [9,
43, 44] cover, more generally, complex decision query op-
timization in a shared-nothing system. The proposed opti-
mizer determines dynamically the intra-operation
parallelism degree for bushy tree join operators, and simul-
taneously allocates logically the resources. The authors sug-
gest a four-level resource allocation heuristic (i.e. data
locality, memory size, buckets, bushy tree serialization).
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Serialization [43] consists in introducing, in the operator
tree, precedence constraints between some join operators
unrelated by any data dependence. This models a new
scheduling of operators in case of resource contention. This
technique is also used if inter-operator load balancing is too
difficult to achieve.

The sprite of recent work proposed by [39] is very close
to the one of [9, 43], but they use a two-phase approach. The
authors propose an algorithm, implemented in the Paradise
database system [16] based on the static optimizer OPT++
[40], which detects sub-optimality of a complex query exe-
cution plan while the query is being executed, and attempt
to correct the defects. It is based on statistics collected at
certain key points during the execution of the query, and
then used to optimize the query execution, either by improv-
ing resource allocation for this query, or by changing the ex-
ecution plan concerning the part of the query not yet
executed. Finally, in the context, more wide, of data integra-
tion systems, the proposals of [34] can be seen as an exten-
sion of the work proposed in [3, 5, 39] in the means where
the authors demonstrate that the Tukwila architecture ex-
tends previous innovations in adaptive execution (such as
mid-execution re-optimization, and rescheduling).

6. Accuracy of cost estimates

Clearly, query optimization quality depends strongly on
the accuracy and the efficiency of the cost estimates [12].
There are many reasons for imprecise cost estimates ‘calcu-
lated’ at compile time. The statistics stored in the system’s
catalogue on base data may be obsolete or erroneous. Based
on such estimates, predicate selectivity (join and selection)
as well intermediate results size can only be more impre-
cise. [35] has in fact demonstrated that errors increase expo-
nentially for complex queries. Furthermore, static
optimization lacks information on both system (i.e. current
state of the system) and application information which can
only be obtained at run-time (e.g. available memory size,
system load, host variable values).

Generally, for each database relation [12], a few basic
statistics are hold: number of tuples, attribute statistics,
number of physical pages, number of distinct values, and
construction of histograms [1, 37, 38, 54] indicating the dis-
tribution of attribute values. In order to more accurately and
more efficiently estimate these parameters, data sampling
techniques [11] are intensively used. The real challenge
consists in improving the estimates made with these statis-
tics [12]. Indeed, a restricted data sample can work out an
accurate histogram for only one given query and not for a
large class of queries as well be desired [53]. Furthermore,
they are two causes for potential imprecision in the con-
structed histogram: (i) the uniformity hypothesis for the dis-

tribution of values inside each histogram bucket, and (ii) the
impossibility to capture the correlation between attributes.

In dynamic optimization, for a given query, even if the
generation of estimates deduced from basic statistics is im-
proved, together with information derived from base data
related static context, it is still necessary to readjust the re-
mainder of the query execution plan (i.e. the remaining
fragments of the query not yet executed). This is done with
real system informations obtained during execution and not
priorly available at compile time. For this, Statistics Collec-
tor Operators (sampling) and Construction of System and
Application informations SCO&CSA have been developed
at compile time [4, 34, 39]. These operators, which need to
be inserted in fragments at precise points, use recent results
[38, 54] dealing with quasi-optimum data distribution and
relational operator intermediate results cardinalities using
specific histogram constructions. In the work of [39] spatial
points to insert SCO&CSA operators are determined at
compile time, as a function for join and selection predicates.

The construction cost for a histogram is far from negligi-
ble. It would be best to add these operators only where need-
ed to improve the execution of the rest of fragments.
Insertion of SCO&CSA in a fragment would not be allowed
if the information produced does not concern at least one
operator still to be executed. Thus, it will be interesting to
evaluate whether or not improvement obtained by selective
insertion is better then systematic SCO&CSA insertion.
This last approach certainly generates a very high cost but
enables detection and processing of all possible execution
skews to appear.

7. Conclusion and open issues

Optimization of relational queries in conventional (i.e.
uniprocessor) environment is recorgnized as an important,
even crucial topic since the 1970’s [59, 63]. Relational que-
ry optimization in a parallel environment is even more prob-
lematic due to difficulties in the development of new
optimization methods and techniques taking into account
the parallelism dimension, particularly in a dynamic con-
text. In this overview, we have only considered part of the
optimization problems for parallel queries in relational sys-
tems. We have not covered, for example, parallel join and
short, minimizing communication costs, parallel deductive
database (e.e. parallel transitive closure), and the impact of
parallel architectures.

According to the state of the art on parallel query optimi-
zation, we feel several sub-themes should be more investi-
gated: (i) dynamic memory allocation for shared-nothing
systems [46, 52], (ii) design of new methods and efficient
techniques for the construction of quasi-optimum estimates
[1, 38], the optimization quality depends largely on the ac-
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curacy of the cost estimates and the efficiency of techniques
used to calculate them, (iii) mobile code technology integra-
tion in the dynamic optimization of parallel and distributed
queries, and (iv) parallelization methods for parallelizer-re-
source allocator due to server bottleneck.
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