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Abstract
Parallel databasesystemshave to supportboth inter-transaction as well as intra-transaction parallelism. Inter-uansaction parahelism (multi-user mode) is required to achieve
high throughput, in particular for OLTP transactions, and
sufficient cost-effectiveness.Irma-transactionparallelism is
a prerequisitefor reducing the responsetime of complex and
data-intensive transactions (queries). In order to achieve
both goals dynamic strategiesfor load balancing and scheduling are necessarywhich take the current systemstateinto
accountfor allocating transactionsand subqueriesto processorsand for determining the degreeof intra-transactionparallelism. We study the load balancing problem for parallel
join processing in Shared Nothing database systems. In
these systems,join processing is typically based on a dynamic redistribution of relations to join processors thus
making dynamic load balancing strategiesfeasible. In particular, we study the performanceof dynamic load balancing
strategiesfor determining the number of join processorsand
for selection of the join processors.In contrast to previous
studies on parallel join processing, we present a multi-user
performanceanalysis for both homogeneousand heterogeneous/mixedworkloads as well as for different databaseallocations.

1 Introduction
Parallel databasesystemsare the key to high performance
transaction and databaseprocessing [6]. These systemsutilize the capacity of multiple locally distributed processing
nodes interconnected by a high-speed network. Typically,
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fast and inexpensive microprocessorsare usedas processors
to achieve high cost-effectivenesscomparedto mainftamebasedconfigurations. Parallel databasesystemsaim at providing both high throughput for on-line transactionprocessing (OLTP) as well as short responsetimes for complex adhoc queries. To achieve high OLTP throughput, inter-transaction parallelism (multi-user mode) is required in order to
overlap transaction deactivations for I/O or remotedatabase
requests.Furthermore,single-usermodewould result in poor
cost-effectivenesssince the available processing capacity
could not fully be utilized. Intra-transaction (inua-query)
parallelism is neededin order to provide short responsetimes
for complex queries [23]. OLTP and query performance
should scale with the number of nodes: ideally adding processingnodeslinearly improves OLTP throughput and query
responsetimes.
Unfortunately, supporting both high OLTP throughput and
short query responsetimes are partially contradicting subgoals due to increasedresourceand datacontention between
the two workload types. Data contention problems may be
solved by a multiversion concurrency control schemewhich
guaranteesthat read-only queriesdo not suffer from or cause
any lock conflicts [l, 211.Increasedresourcecontention, on
the other hand, is unavoidable since complex queries pose
high CPU, memory and disk bandwidth requirementswhich
can result in significant delays for concurrently executing
(OLTP) transactions. Furthermore, intra-query parallelism
inevitably causesincreasedcommunication overhead(compared to a sequentialexecution on one node) thereby reducing the effective CPU utilization and thus throughput. In
addition, it may be difficult to find a physical databaseallocation supporting both workload types. Efficient OLTP processing can be supported by a clustering of data so that
selective queries can be processedwith a minimum of communication. Effective parallelization of complex queries,on
the other hand, requires a declustering of data acrossmany
disks so that many processorscan be utilized in parallel to reduce responsetime.
To limit and control resourcecontention betweenconcurrent
transactions and queries, there is a clear need of dynamic
scheduling and load balancing strategies.Within a processing node, local scheduling componentshave to be extended
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to control local resourcecontention, e.g., by adding support
for transaction priorities [16, 8, 21. To effectively utilize a
distributed system, the workload must be allocated among
the processingnodessuch that load balancing is achieved(so
that the capacity of different processingnodesis evenly utilized) to limit resource(CPU) contention. At the sametime,
workload allocation should support a compromise with respectto communication overheadsuchthat both a sufficiently high throughput and intra-transaction parallelism can be
achieved. This requires a dynamic query processing approachwhere the degreeof intra-query parallelism as well as
the determination of which processingnodesshould process
a given query are madedependenton the current systemstate
at query run time. As we will show, the optimal degreeof intra-transaction parallelism (which yields the best response
time) is generally the lower the higher the systemis utilized.
This is becausethe communication overheadassociatedwith
a high degreeof inua-transaction parallelism is less affordable when processorsare highly utilized.
In this paper,we study the performanceof severalstatic and
dynamic load balancing (workload allocation) alternatives
for parallel query processing in Shared Nothing systems.
Currently, SharedNothing representsthe major architecture
for intra-query parallelism and is adoptedby several DBMS
productsand prototypes [6]. Unfortunately, the potential for
dynamic load balancing is limited for SharedNothing becausefor many operationsthe execution location is statically
determinedby the partitioning and allocation of the database
among processing nodes. This is particularly the case for
scan(selection) operationswhich arealways executedwhere
the data to be processedresides.However, for databaseoperatorslike join which typically work on derived data(intermediateresults), dynamic load balancing becomesfeasible
by dynamically redistributing the data.
For this reason,our performance(simulation) study primarily concentrates on parallel join processing in multi-user
mode.While severalprevious studieshave analysedthe performanceof parallel join processing(seenext section), these
studies were all restricted to single-user mode. This correspondsto a best-casesituation with little or no resourcecontention; as a result there is little need for dynamic load
balancing in this case(seeSection 3). For dynamic load balancing in multi-user mode, we investigate several heuristics
for choosing the degree of join parallelism and/or the join
processorsthemselvesaccording to the current systemstate
at query run time. Multi-user experiments will be presented
for both homogeneousand heterogeneous(mixed) workloads.We also consider the influence of the databaseallocation, in particular the degreeof declustering (full vs. partial
declustering). For comparison purposes, results for static
load balancing strategiesand single-usermodearealso analysed.

The remainderof this paperis organized as follows. The next
section contains a brief survey of related studieson load balancing and parallel join processing.In Section 3 we motivate
the needfor dynamic load balancing strategiesby presenting
some basic simulation experiments demonstrating that the
optimal degree of join parallelism depends on the current
system utilization. Section 4 provides an overview of our
simulation system.In Section 5 we describeand analysesimulation experimentsthat were conductedto study the performance of different load balancing strategies for different
databaseand workload configurations. Finally, we summarize the major findings of this investigation.

2

Related Work

A substantialamountof researchhasbeenconductedon load
balancing in general distributed systemsand in distributed
operatingsystems[4,34,29]. However, thesestudiesusually
assumedthat eachjob can be equally processedby any node
and that eachjob only requires CPU and memory resources.
Load balancing is much more complex for distributed databaseprocessingsince the performanceis influenced by additional factors like disk I/O, data contention and
communication frequency. For non-parallel (distributed) databaseprocessing,a so-called affinity-based workload allocation is generally advisable [33,24]. It assignstransactions
with an affinity to the samedatabaseportions to the same
processingnodes to support locality of referenceand to reduce the communication requirements. Such a workload allocation is primarily concerned with assigning entire
transaction requeststo processing nodes; a survey of such
transaction routing strategiescan be found in [24]. For distributed and parallel databaseprocessing,an additional load
distribution for smaller work granules(subqueries)hasto be
performed by the nodes’ DBMS. As already mentioned, for
SharedNothing this load distribution is largely influenced by
the physical databaseallocation, but parallel processing of
somecomplex query types, in particular join queries,permits
a dynamic load balancing.
A numberof studieshasalready addressedload balancing issuesfor parallel query processing. However, dynamic load
balancing was mainly consideredfor parallel SharedMemory (multiprocessor) DBMS so far [14, 15, 13, 181.In this
case,dynamic load balancing is easily achievedsincethe operating systemcan automatically assign the next ready process/subqueryto the next free CPU. Furthermore, the shared
memory supportsvery efficient interprocesscommunication
so that the overhead for starting/terminating subqueriesis
much lower than for SharedNothing. On the other hand, the
number of processorsis typically small for SharedMemory
(I 30) thus restricting the degree of inter-/intra-transaction
parallelism and the potential for dynamic load balancing.
For SharedNothing, physical databasedesign aims at supporting a static form of load balancing for complex queries
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by decbering relations across manynodes to support a
high degreeof intraquery parallelism [3, lo]. Such an approach is not only static but also limited to intra-query load
balancing. In multi-user mode, the chosendatabaseallocation can easily lead to poor load balancing since the actual
workload mix may constantly change while physical databasedesign must be basedon an expectedaverageload profile. Another form of static load balancing has been
consideredin [5] in order to find a processorallocation for
inter~perator parallelism (processing of multi-way joiis).
The processorallocation was already determined at query
compile time assuming single-user mode, thus only intraquery load balancing can be achieved.
Dynamic forms of load balancing have been proposed for
join processing in or&r to deal with data skew [31,30,7].
These approachesdynamically determine the size of intermediate results in order to redistribute the data amongjoin
processorssuch that they have to perform about the same
join work (in order to minimize execution skew). However,
this also can only guarantee in&a-query load balancing
which may easily be destroyed in the case of multi-user
mode.Other performancestudiesof parallel join processing
for SharedNothing (without data skew) also assumedsingle-usermode,e.g., [26,27,22]. The only multi-user performance studies of intra-transaction parallelism for Shared
Nothing we are aware of are [9,19]. However, thesepapers
only consideredscan(selection) queriesand did not address
dynamic load balancing.

3 The Need for Dynamic Load Balancing for
Parallel Join Processing
In this section, we present somebasic simulation results on
parallel join processing to illustrate the need for dynamic
load balancing. The results were obtained with a detailed
simulator of Shared-Nothingsystemsto be describedin Section 4. Join processing is basedon a dynamic redistribution
of the relations to be joined. Typically the input data for the
join is obtainedby scanoperationsthat redistribute their output to a specified number of join processorsby applying a
hash function on the join attribute. By using the samehash
function for the two relations to be joined, it is guaranteed
that all matching tuples arrive at the samejoin processor
WI.
Apparently, the number of join processors(degree of join
parallelism) is a critical parameterof this approach since it
determinesthe maximal responsetime speedupcomparedto
a sequentialjoin processing.To study which degreeof join
parallelism minimizes responsetime we conducted a number of simulation runs for both single-user and multi-user
environments.For this experiment we assumeda join query
similar to the Wisconsin joinABprime query 1121,but with
additional selections on both input relations. One relation
(A) contains 1 million tuples, the other (Bprime) 100.000 tu-

pies; the join result has the samesize as the scanoutput on
the smaller relation. The scanson both relations are supported by a clustered index. The systemwas assumedto consist
of 80 processingnodes;both relations are declusteredacross
40 disjoint nodes(disks).
Fig. 1 shows the averagesingle-user responsetimes for this
join query and systemconfiguration for different degreesof
join parallelism (l-80) and scan selectivities. The join processorsare selectedat random. For each selectivity we have
# of join
processorsvs.
scanselectivity

E

40

80

10 %

786 1 741

1%

219 1 255

0.1 %

162 1 201

Figure 1: Single-user responsetime (in ms) for different
degreesof join parallelism and scanselectivities

printed the best responsetime in boldface in Fig. 1 to indicate the optimal number of join processors.One observes
that a high number of join processorsis most effective for
“large” joins, i.e., for high scan selectivity (10%). In this
case,responsetimes could continuously be improved by increasing the degreeof join parallelism. For small joins (selectivity 0.1%) responsetimes improved only for up to 10
join processors.This is because the work per join processor
decreaseswith the degreeof join parallelism, while the communication overhead for redistributing the data increases.
Note that the responsetime improvements are constrained
not only by communication delays, but also by the fact that
the scanportion of the responsetimes is not improved when
increasing the number of join processors.

We observedthat in single-usermodewhen the entire system
is at the disposalof a single query, the optimal degreeof join
parallelism can statically be determined at query compile
time (if no data skew occurs). This is becausethe optimal
number of join processorsis mainly determined by the ratio
of communication overhead and useful work per node and
thus by rather static parameterssuch as the cost of message
passing,CPU speed,network capacity, databaseallocation,
relation sizes and scan selectivity. Provided thesebasic parametersare known or can be determinedexperimentally, we
can thus use an analytical formula to calculate the approximate responsetime for a given number of join processors.
This also allows calculation of the optimal degree of join
parallelism by setting the derivative of the responsetime formula to zero, similarly as describedin [32].
For the multi-user experiment, we varied the arrival rate for
our join query. The resulting response time results for differ-

ent degreesof join parallelism and 0.1% scan selectivity are
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shown in Fig. 2. The results show that multi-user mode significantly increasesquery responsetimes due to increased
resource(CPU) contention and higher communication overhead.Furthermore, the effectivenessof join parallelism increasingly deteriorates with growing arrival rates (queries
per second,QPS). As a result, the optimal degreejoin parallelism for single-user mode doesnot yield the best response
times in multi-user mode. Rather the optimal degreeof join
parallelism dependson the arrival rate and thus on the current system utilization; it becomesthe lower the higher the
systemis utilized. This is becausethe communication overhead increaseswith the number of join processorswhich is
the less affordable the more restricted the CPU resources
are.
For the join with 0.1% scan selectivity (Fig. 2) the optimal
join parallelism was only 1 (sequentialexecution) for an arrival rate of 55 QPS. For this arrival rate, the single-useroptimum of 10join processorsresults in a responsetime that is
2.7 times higher than for the multi-user optimum.
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Figure 2: Multi-user response time (in ms) for different degrees
of join parallelism and arrival rates (selectivity 0.1 %)

Our experiment shows that the degree of join parallelism
may be statically determined for single-user mode, but that
thereis a strong needfor dynamic load balancing for parallel
join processingin multi-user mode. This leads to the problem of how the degreeof join parallelism can be determined
dynamically? For this purpose,we have implementeda simple heuristic in our SharedNothing simulator. It usesthe optimal single-userjoin parallelism asthe default which is then
dynamically decrementedaccording to the system (CPU)
utilization at query run time. Apart from dynamically determining the degreeof join parallelism p, we are also studying
several alternatives for selecting the p join processorsfrom
the available processingnodes.In Section 5, the various load
balancing strategiesare described in more detail when we
presentthe simulation results.

4 Simulation Model
Our simulation system models the hardware and database
processinglogic of a generic SharedNothing DBMS architecture.The systemhasbeenimplementedusing the discrete
event simulation languageDeNet [ 171.Our systemconsists
of three main components:workload generation, workload
allocation and processing subsystem (Fig. 3). The workload
generation component models user terminals and generates
work requests(transactions,queries). The workload allocation component assigns these requests to the processing
nodes (processing elements, PE) where the actual transaction/query processing takes place. We tirst describe workload generation and allocation; in 4.2 we sketch the
modelling of workload processing.

4.1 Workload Generation and Allocation
Database model

Our databasemodel supportsfour object granularities: database,partitions, pagesand objects (tuples). The databaseis
modeledasa setof partitions. A partition may be usedto representa relation, a relation fragmentor an index structure.It
consistsof a number of databasepageswhich in turn consist
of a specific number of objects (tuples, index entries). The
number of objects per page is determinedby a blocking factor which can be specified on a per-partition basis. Differentiating between objects and pages is important in order to
study the effect of clustering which aims at reducing the
number of page accesses(disk I/OS) by storing related objects into the samepage. Furthermore, concurrency control
may now be performedon the pageor object level. Each relation can have associatedclustered or unclustered B+-tree
indices.
We employ a horizontal data distribution of partitions (relations and indices) at the object level controlled by a relative
distribution table. This table defines for every partition Pj
and processingelement PEi which portion of Pj is allocated
to PEi.This approachmodelsrangepartitioning and supports
full declustering as well as partial declustering.
Workload generation

Our simulation system supports heterogeneousworkloads
consisting of several query and transaction types. Queries
correspondto transactions with a single databaseoperation
(e.g., SQL statement).Currently we support the following
query types: relation scan, clustered index scan, non-clustered index scan,two-way join queries, multi-way join queries, and update statements(both with and without index
support). We also support the debit-credit benchmarkworkload (TPC-B) and the use of real-life databasetraces [191.
The simulation systemis an open queuing model and allows
definition of an individual arrival rate for each transaction
and query type.
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For parallel join processing we have implemented a representative strategy based on hash partitioning. It applies a
hashfunction on the join attribute to partition both input relations (scan output relations) to a specific number of join
processors(dynamic data redistribution). This hash partitioning guaranteesthat tuples with the samejoin attribute
value areassignedto the samejoin processor.This approach
has the advantagethat it offers a high potential for dynamic
load balancing since the number and selection of join processorsconstitute dynamically adjustable parameters.We
also support the specialcaseswhereone or both relations are
partitioned on the join attribute so that only one or no relation may have to be redistributed (seeSection5). This reduces the communication overheadfor join processingbut may
limit the potential for dynamic load balancing. For local join
processing we have modelled a sort-merge algorithm. At
eachjoin processorthe input relations are first sortedon the
join attribute. The sorted relations are then scanned and
matching tuplcs are added to the output stream.The completejoin result is obtainedby merging the results of the distributed local joins.
In the query graphsof our model, parallelism is exprcsscdby
means of a so-called paruffeliration meta-operator (PAROP). This operator implements inter- as well as intra-opcrator parallelism and encapsulates all parallelism issues,
similar to the exchangeoperator used in the Volcano prototype [l 11.In particular, the PAROP operatorcomprisestwo
basic parallelization functions: a merge function which
combinesseveralparallel data streamsinto a single sequcntial stream,and a split function which is usedto partition or
replicate the streamof tuplcs produced by a relational opcrator [6].
Workload allocation
Two forms of workload allocation have to bc distinguished.
First, each incoming transaction (query) is assignedto one
PE (acting as the coordinator for the transaction) according
to a placementstrategy.Our simulation systemsupportsdiffcrent placementstrategies,in particular a randomallocation

or the use of a routing table’. The secondform of workload
allocation dealswith the assignmentof suboperationsto processorsduring query processing and dependson the operators to be executed. For scan operators, the processor
allocation is always basedon a relation’s dataallocation. For
join processing,we support several static and dynamic strategies for determining the degreeof join parallelism and for
allocating the join processesto processors(e.g., random allocation or basedon the current CPU utilization). More details are provided in Section 5.

4.2 Workload Processing
The processingcomponentmodels the execution of a workload on a SharedNothing systemwith an arbitrary numberof
PE connectedby a communication network. EachPE hasaccessto private databaseand log files allocated on external
storagedevices (disks). Internally, eachPE is representedby
a transaction manager,a query processing system,a buffer
manager,a concurrency control component, a communication managerand a CPU server (Fig. 3).
The transactionmanagercontrols the (distributed) execution
of transactions.The maximal number of concurrent transactions (inter-transaction parallelism) per PE is controlled by a
multiprogramming level. Newly arriving transactions must
wait in an input queue until they can be served when this
maximal degree of inter-transaction parallelism is already
reached.The query processingsystemmodelsbasic relational operators(sort, scan,join) as well as the PAROP meta-operator (seeabove).
Execution of a transaction starts with the BOT processing
&gin of transaction) entailing the transaction initialiiration
overhead.For eachdatabaseoperation of the transaction,the
actual query processingis performed according to the relational query tree. Basically, the relational operatorsprocess
local input streams(relation fragments,intermediateresults)
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1. The routing table specifies for every transaction type T, and
processing clement PE, which percentage of transactions of
type T. will bc assigned to PE,. It can be used to achieve an affinity-based transaction routing.

,

and produce output streams.The PAROP operatorsindicate
when parallel sub-transactionshave to be started and pcrform merge and split functions on their input data streams.
An EOT step(end of transaction)triggers two-phasecommit
processing involving all PE that have participated during
execution of the respectivetransaction.We support the optimization proposedin [20] where read-only sub-transactions
only participate in the first commit phase.
CPU requestsare servedby a single CPU per PE. The averagenumber of instructions per requestcan be defined separately for every request type. To accurately model the cost
of query processing,CPU service is requestedfor all major
steps,in particular for transaction initialization (BOT), for
object accessesin main memory (e.g., to compareattribute
values,to sort temporary relations or to mergemultiple input
streams),I/O overhead,communication overhead,and commit processing.
For concurrency control, we employ distributed strict twophaselocking (long read and write locks). The local concurrency control managerin each PE controls all locks on the
local partition. Locks may be requestedeither at the pageor
object level. A central deadlock detection schemeis usedto
detect global deadlocks and initiate transaction aborts to
break cycles.
Databasepartitions can be kept memory-resident (to simulate main memory databases)or they can be allocated to a
number of disks. Disks and disk controllers have explicitly
been modelled as servers to capture I/O bottlenecks. Disks
are accessedby the buffer managercomponentof the associated PE. The databasebuffer in main memory is managed
according to a global LRU (Least Recently Used) replacement strategy.
The communication network provides transmissionof messagepackets of fixed size. Messagesexceeding the packet
size (e.g., large sets of result tuples) are disassembledinto
the required number of packets.

5 Simulation Experiments and Results
Our experimentsconcentrateon the performanceof parallel
join processingin multi-user mode.For comparisonpurposes, single-user experiments have also been conducted.The
focus of the study is to comparedifferent static and dynamic
load balancing alternatives for determining the degree of
join parallelism and for selection of thejoin processors.For
this analysis, we considerdifferent databaseallocations with
full and partial declustering and the use of dedicatedjoin
processorswith no associatedpermanentdata. These separate join processorsmay be able to improve load balancing
sincethey have no scanoperationsto execute.Two load profiles are studied for multi-user mode: a homogeneousworkload only consisting of join queries that are concurrently
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executedas well as a heterogeneous(mixed) workload with
both short OLTP transactionsand join queries.
In the next subsection,we provide an overview of the parameter settings that are used for these experiments. In 5.2, we
describe the single-user experiments. Multi-user experimentsfor the homogeneousand heterogeneousworkload are
analyzed in 5.3 and 5.4, respectively.

5.1 Workload Profile and Simulation Parameter
Settings
Fig. 4 showsthe major database,query and configuration parameters with their settings. Most parametersare self-explanatory, some will be discussed when presenting the
simulation results. The join queries used in our experiments
perform two scans(selections) on the input relations A and
B in parallel and join the correspondingresults. The A relation contains 1 million tuples, the B relation 250.000 tuples.
The selectionson A and B reduce the size of the input relations according to the selection predicate’s selectivity (percentage of input tuples matching the predicate). Both
selections employ clustered indices. The join result has the
samesize as the scan output on B. Scan selectivity on both
relations is set to 0.25%. The number of processingnodesis
varied between 10 and 80.
We investigate three different strategiesfor databasepartitioning and allocation:
- Full Declustering (FD):

Both relations are uniformly declusteredacrossall PE.
- Partial Declustering (PD):

Both relations are uniformly declusteredacrossdisjoint
setsof PE. To supporta static load balancing for scanoperations,eachPE is assignedthe samenumber of tuples.
As a result the larger relation A is declustered across
80% of the PE, while the remaining 20% of the PE hold
tuplcs of relation B.
- Separate Join Processors (SJP):

In this casewe reserve20 processorsfor join processing
and use partial declustering for allocating the two relatrons across the remaining PE (i.e., A and B reside on
disjoint PE). This allocation is only studied for contigurations with 20 and more PE; in the caseof 20 PE only
10 processorsare reservedfor join processing.
The number of dedicatedjoin processorsin the SJPallocation wasset to 20 since this wasdeterminedto be the optimal
degreeof join parallelism for our join query in single-user
mode when both relations have to be redistributed.
Parametersfor the I/O (disk) subsystemhave beenchosenso
that no bottlenecks occurred (sufficiently high number of
disks and controllers). The duration of an I/O operation is
composedof the controller servicetime, disk accesstime and
transmissiontime. The parametersettings for the communi-

cation network have beenchosenaccording to the EDS prowpe 1281.

5.2 Single-User Experiments
In single-user mode we employed only static strategiesfor
allocating thejoin work. Fig. 5a showsthe averageresponse
times for our join query in the caseof full declustering,Fig.
5b for partial declustering and the use of separatejoin processors.Parallel join processing is either performed on the
optimal number of join processors(20 for #PE 2 20,lO otherwise) or on all PE holding tuples of relation A. Except for
SJP,join processorsare selectedat random when not all PE
are used for join processing; for SJPjoin ptocessingis performed on the dedicatedjoin processors.In most cases,the
scan output of both relations was completely redistributed
and sent to thejoin processors.We also consideredtwo special casespermitting a smaller communication overheadfor
data redistribution. For full dechtstering, we additionally
studiedthe casewhen no redistribution is necessarybecause
both relations are partitioned on the join attribute and assignedto the sameset of PE. For partial declustering,we included results for the casewhen only the smaller relation B
needsto be redistributed, assumingrelation A is alreadypar-
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titioned on thejoin attribute and thejoin is performedon the
A nodes.
Fig. 5 shows that the use of intra-query parallelism for scan
and join processingreducesresponsetimes for up to 40 PE
(20 PE in the caseof full declusteringwhen both relationsare
redistributed). However, no linear speedupis achievedsince
the communication overheadfor starting/terminating suboperations and data redistribution is comparatively high due to
the high selectivity; for more than 40 PE the increasingcommunication overhead prevents further response time improvements. For full declustering and single-user mode,
performanceis primarily determinedby the communication
overheadand not by the potential for dynamic load balancing. Thus the best responsetimes were achieved for the special casewhere no dataredistribution was necessaryfor join
processing.In the casewhen both relations are redistributed,
choosing the optimal number of join processors(20) outperforms the casewhere thejoin is performedon all nodesholding fragments of relation A. This is because the latter
strategy causesmore communication overhead for data redistribution for more than 20 PE since the join is then performed on more than 20 PE (80% of all PE). Similar
observationshold for partial declustering. However the special casewhereonly relation B is redistributed performsbest
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only for up to 40 PE, for larger configurations it is outperformed by the strategy redistributing both relations but limiting join processing to 20 PE. This was becausethe high
number of join processorsin the former strategy causesa
comparatively high number of messagesfor redistributing
relation B in addition to the high communication overhead
for startup and termination of join processing.
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Static load balancing experiments
Fig. 6 compares the single-user with multi-user response
times for arrival ratesof 0.4 and 0.5 QPS per PE in the case
of full declustering for both relations. With respect to join
processing,results for the special casewith no data redistribution are shown as well as for a redistribution of both relations. In the latter case, we always use the optimal singleuserjoin parallelism (20 for #PE 2 20) and randomly select
the join processors.One observesthat for the consideredarrival rates,the multi-user results are not much higher than for
single-usermode if the joins can locally be performed without any data redistribution. While the communication overhead for redistributing both relations only causesa modest
responsetime increasein single-user mode, responsetimes
rapidly deteriorate in multi-user mode for more than 20 PE.
This is mainly causedby three factors. First, the use of full
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5.3 Multi-user
workload

The homogeneousworkload still consists of a single (join)
query type, but we employ intra-query parallelism in combination with inter-query parallelism. Since we want to support
not only short responsetunes but also good throughput we
increasethe query arrival rate proportionally with the number of PE. We first presentmulti-user results for someof the
static workload allocation strategies used in the preceding
section. Afterwards we analyze the effectivenessof four dynamic load balancing strategies.

a) Full De&s&-ring
300 F , , , , , , I , I , I

-

munication overheadof PD is more significant than the lower scanparallelism. This is also due to the comparatively low
number of tuples to be processedper scannode for a higher
number of PE.

70

0.4 QPS/PE,no dataredistribution

80

Single-userresults

The useof separatejoin processors(SJP)did not prove useful since all PE were lightly loaded in single-user mode so
that they are all good candidates,for join processing.However, reserving 20 PE for join processingresults in a smaller
degreeof scan parallelism since the two relations had to be
assignedto fewer nodes. Hence, SJP responsetimes were
substantially worse than for FD or PD and the SJPoptimum
lies at 60 PE rather than 40 PE. Full declustering achieved
better responsetimes than partial declustering for a lower
number of nodes, while PD outperforms FD for more than
20 PE. This is becauseFD allows a higher degreeof scan
parallelism, but also leads to a higher communication overhead for starting the scan operations and redistributing the
scanoutput. For a higher number of nodesthe reducedcom-
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declusteringcausesa maximal communication overheadfor
scan and data redistribution as discussed above. Second,
since we increase the total query load proportionally with
the number of PE the communication overhead even increasesquadratically with more processors.Thus, above a
certain number of PE excessiveresourcecontention is introduced.Finally, load balancing is static and doesnot consider
the current system utilization, e.g., for determining the degree of join parallelism.
To analyse the impact of the databaseallocation in multiuser mode, we compare the full dcclustering results with
partial declustering and the use of separatejoin processors
(Fig. 7). For this purpose,we only consider the generalcase
with redistribution of both relations for an arrival rate of 0.5
QPS per PE. Fig. 7 shows that partial declustering clearly
outperformsfull declustering for more than 10 PE due to its
lower communication overheadwhich is much more significant in multi-user than in single-user mode.The useof separatejoin processorsis slightly moreeffective than in singleuser mode, but is still outperformed by PD and FD. The
smaller number of scan processorsfor SJPallows for a reducedcommunication overhead,but this cannot fully compensate the smaller degree of scan parallelism. SJP also
suffersfrom load imbalancesbetweenthe scanandjoin processors,in particular for more than 40 PE when the join processorsbecomeoverIoaded2.

selecting thejoin processorsis the current CPU utilization of
the processors.For this purposewe assumethat a designated
control node is periodically informed by the PE about their
current utilization. During the execution of a query, information on the current CPU utilization is requestedfrom the control node in order to support a dynamic load balancing. The
following four dynamic strategieshave been implemented
for parallel join processing:
- Dynamic adaptation of the degree of join parallelism

(DJP)

This strategyonly determinesthe numberof join processors dynamically; selection of the join processorsfrom
the available PE is at random. We usethe single-useroptimum psu+ as the maximal degree of parallelism for
multi-user mode and reduce this value according to the
current systemutilization. We testedseveralalternatives
for finding a good multi-user degreeof join parallelism
pmuand finally usedthe following formula:
P,” = Psuq (1 - u3>.
In this formula, u denotesthe current averageCPU utilization of all PE obtained from the control node. For an
averageCPU utilization of 50% (u = 0.5), this approach
reducesthe single-user value by 12.5%; for u = 0.9 the
degreeof join parallelism is reducedby about a factor 4.
The formula reflects our observation that for a low CPU
utilization (u c 0.5), reducing the degreeof join parallelism is more detrimental to performancethan the communication overhead associated with the optimal singleuserdegreeof join parallelism. For u > 0.5, on the other
hand,communication overheadmust be reducedto keep
resourcecontention acceptable.
- Join processing on least utilized processors (LUP)

In this approach,the degreeof join parallelism is statically determined (e.g., P,,-+) but the join processorsare
selecteddynamically. We simply selectthe least utilized
processorsasjoin processors.
- Adaplive LVP (ALUP)

separate join PE (SJP)

10
Figure 7:
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This strategyis an adaptive variation of the previous one
which exhibited an undesirable behavior. We observed
that the simple LUF’ policy tends to select the samejoin
processorsfor two consecutivequeries(causingload imbalances)since information on CPU utilization is updated only periodically. The ALUP strategy tries to correct
the problem by artificially increasing the utilization of
thoseprocessorsat the control node which havebeenselected for join processing.This makesit less likely that
following queries choosethe samejoin processors.

80

Multi-user results for different database allocations (0.5 QPWPE)

Dynamic load balancing experiments

The preceding multi-user experiments showed that static
load balancing leads to poor performancefor a higher number of PE when both relations are to be redistributed. We
now study whether performance can be improved by dynamic load balancing. The primary metric we use for dynamically adapting the degree of join parallelism and for
2. CPU requirements for the join portion of our query are
slightly higher than for the scan portion. For more than 40 PE
however, there are more scan than join processors for SJP.

- Combined dynamic strategy (DJP + ALUP)

This combined strategy dynamically determinesthe degreeof join parallelism pmuaccording to the DJPpolicy.
In addition the p,,,” join processorsare chosenaccording
to the ALUP approach.
Simulation results for thesestrategiesare shown in Fig. 8 for
an arrival rateof 0.5 QPSper PE andpartial declustering.For
comparison,we have also included the result for static load
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Multi-user results with dynamic load balancing
for partial declustering (0.5 QPS per PE)

Figure 9:

balancing (random selection of psu+ join processors).Fig.
8 showsthat the dynamic strategiesclearly outperform static
load balancing for more than 40 PE, except the simple join
processorselection policy LUP. This was due to the abovementioned problem of LUP which preventeda more effective load balancing than for random allocation. Note, that
even the static caseallowed for a comparatively good load
balancing for the homogeneousworkload. This is because
the scan workload is evenly balanced for the chosen database allocations and random selection of join processors
also achievesa balancedaverage CPU utilization. However,
the actual CPU utilization may still vary significantly for
different PE and this fact is utilized by the ALUP policy.
This adaptive strategycould substantially improve response
times for higher utilization levels (large number of PE) by
selecting lowly utilized processorsfor join processingto reduceresourcecontention. The DJP was even more effective
since it reduced the communication overhead by selecting
fewer join processorsfor a higher number of PE. The combined dynamic policy was clearly the best load balancing
strategy. It could actually combine the advantagesof the
DJP and ALUP policies so that communication overhead
and resourcecontention are reduced.The fact that response
times kept comparatively low despite the fact that arrival
rams increaseproportionally with the number of PE shows
that the combined dynamic strategywasable to support both
a linear throughput increaseas well as short responsetimes.
In Fig. 9 we comparethe effectivenessof the combined dynamic load balancing strategy for full declustering, partial
declusteringand the useof separatejoin processors.A comparison with Fig. 7 shows that in all three casesthe dynamic
strategysubstantially improves responsetimes comparedto
static load balancing. This was particularly the casefor the
use of separatejoin processorswhich were overloaded for
more than 40 PE under static load balancing. The dynamic
strategy eliminated the join bottleneck by also considering
the scanprocessorsfor join processingso that an even CPU
utilization could be achievedacrossall PE. For more than 40
PE, SJP outperforms partial dcclustering since it incurs a
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Dynamic load balancing (DIP + ALUP) for different
database allocations (0.5 OPVPE)

smaller communication overhead-for scan processing.
Again, full declustering incurs the highest communication
overheadthus causinga high resourcecontention for a larger
number of PE even under optimal load balancing.

5.4 Multi-user
workloads

experiments with heterogeneous

In the homogeneousmulti-user experiments,a comparatively good load balancing was already supportedby the chosen
databaseallocation. Furthermore, the use of a single query
type resulted in a similar load situation at the different processingnodes(except for SJP).We now study the effectiveness of dynamic load balancing for heterogeneous
workloads consisting of one OLTP transaction type and our
join query. For OLTP processing,we assumea simple transaction type accessingonly one relation (A or B) and that an
affinity-based routing can achieve a largely local processing
(similar to debit-credit). For the concurrent execution of join
queries, we study single-userjoin processing(only one join
query is executed at a time concurrently with OLTP) and
multi-user join processing.
Fig. 10 showsthe averagejoin responsetimes for two mixed
workloads differing in whether the OLTP transactiontype is
accessingrelation A (Fig. 10a) or relation B (Fig. lob). In
both caseswe assumea partial declustering of the relations
and an OLTP transaction rate of 150 TPS (transactionsper
second)per A (B) node. The OLTP workload causesa CPU
utilisration of about 50% per A (B) node. For multi-user join
processing,we usean arrival rate of 0.1 QPS per PE. Static
load balancing for thejoin query refers to the casewhere the
join is performedon psu+ processorsthat are randomly selected. For dynamic load balancing we use the combined
strategy which dynamically adaptsthe degreeof join parallelism (DJP) and which selectsthe join processorsbasedon
the current CPU utilization (ALUP).
We observethat for the mixed workloads dynamic load balancing is in deed even more effective than for the homogeneous load, in particular for multi-user join processing.
Again, the differences betweenstatic and dynamic load bal-
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In contrast to scan operations,parallel join strategiesoffer a
high potential for dynamic load balancing. This is because
1100
joins are generally performed on intermediate results which
are dynamically redistributed among severaljoin processors
MO
to perform the join in parallel. The number of join processors
(degreeof join parallelism) and the selection of theseproces700
sorsrepresentdynamically adjustableparameters.Our exper500
iments demonstrated that effectively parallelizing join
operations is much simpler in single-user than in multi-user
300
mode. In single-user mode the optimal degreeof join parallelism is largely determined by static parametersknown at
zoo1o 20 30 40 50
query compile time, in particular the databaseallocation, relation sizes and scan selectivity. Selection of the join operab) OLTP on B nodes
tors is also easy since all processorsare lowly utilized in
single-user-mode.
In multi-user mode,the optimal degreeof join parallelism dependson the current systemstateand is the lower the higher
the nodesare utilized. Using static load balancing strategies
is therefore not appropriate for join processingin multi-user
mode and was shown to deliver sub-optimal performance.
We therefore studied four simple dynamic load balancing
strategiesfor dynamically determining the degreeof join parallelism and for selection of the join processors.Most effec10 20 30 40 50 60 70 80
tive was a combined strategy which adjustsboth parameters
according to the current load situation. It determines the
Figure10: Staticvs. dynamicloadbalancing(DJP+ ALUP)
for mixedworkloads
multi-user join parallelism by reducing the optimal singleuser
join parallelism according to the current CPU utilization.
ancing increasewith the number of PE. This is becausethe
Join
processingis assignedto the leastutilized processors.To
communication overheadper join query increaseswith more
avoid
that consecutivequeries selectthe sameprocessorsfor
processorsand thus the averageCPU utilization. The absojoin
processing,
we found it necessaryto artificially increase
lute join responsetimes are substantially higher for OLTP
the
utilization
of
newly selectedjoin processorsto accountfor
processingon the A nodes(Fig. 1Oa)since we have the fourfold OLTP throughput in this caseand thus a reducedpoten- the delayedupdating of information on the current CPU utilitial for load balancing. For OLTP processingon the B nodes, zation. With the dynamic strategy it waspossible to keepjoin
the A nodesare only lightly loadedand thereforeideally suit- responsetimes low while increasing throughput linearly with
ed for join processing.This could be utilized by our dynamic the number of nodes.The effectivenessof the dynamic load
load balancing strategy and caused a substantial response balancing strategy was particularly pronounced for mixed
time improvement for more than 20 PE (Fig. lob). For 80 workloads consisting of short OLTP transactions and comPE, dynamic load balancing could cut responsetimes by half plex join queries.
While the dynamic adaptation of the degreeof join parallel(100% improvement) comparedto static load balancing.
ism was able to reduce the communication overhead, the
communication
requirementsand thus the potential for load
6 Summary
balancing
are
largely
influenced by the static databaseallocaWe have presenteda simulation study of parallel join protion.
We
studied
different
configurations with a full and parcessing in Shared Nothing databasesystems,In contrast to
tial
declustering
of
relations
and the use of separatejoin
previous studies, we focussedon the performancebehavior
processors.
In
multi-user
mode,
full declustering of relations
in multi-user modasince we believe this will be the operating
is
generally
not
acceptable
for
higher
number of nodes.This
mode where parallel query processingmust be successfulin
is
because
the
increased
potential
for
scan
parallelism is then
practice. Multi-user mode meansthat only limited resources
outweighed
by
the
high
communication
overhead
which is
are available for query processing and that both response
the
less
affordable
the
higher
the
system
is
utilized.
The use
time and throughput requirementsmust be met. This necesof
separate
join
processors
can
improve
the
potential
for dysitatesdynamic scheduling and load balancing strategiesfor
namic
load
balancing
since
these
processors
have
no
scan
assigningrelational operatorsduring query processing.
work to perform. However, as our results for mixed workloadshaveshowna similar potential for dynamic load balanca) OLTP on A nodes

,,M#PE
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ing may also be achieved without separatejoin processors [ 171 Livny, M.: DcNct Users’s Guide, Version 1S. Computer
Science Department, University of Wisconsin, Madison,
since the current utilization of the nodes may substantially
1989.
differ.
1181 Lu. H., Tan, K.: Dynamic and Load-Balanced
TaskIn future work, we will study further aspectsof parallel query
Oriented Database Query Processing in Parallel Systerns.Proc.HIB7’. LNCS580.357-372.1992
Drocessinr!in multi-user mode that could not be covered in
‘,is papery In particular,

we plan to investigate

the impact of

data skew in multi-user mode. Furthermore, we will study
dynamic load balancing strategies for parallel Shared Disk
systems. These systems are not basedon a static databaseallocation among nodes so that there is a high load balancing
potential even for scanprocessing [25].
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