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in Parallel Databases
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Abstract —In this paper, we explore two important issues, processor allocation and the use of hash filters, to improve the parallel
execution of hash joins. To exploit the opportunity of pipelining for hash join execution, a scheme to transform a bushy execution
tree to an allocation tree is first devised. In an allocation tree, each node denotes a pipeline. Then, using the concept of synchronous
execution time, processors are allocated to the nodes in the allocation tree in such a way that inner relations in a pipeline can be
made available at approximately the same time. Also, the approach of hash filtering is investigated to further improve the parallel
execution of hash joins. Extensive performance studies are conducted via simulation to demonstrate the importance of processor
allocation and to evaluate various schemes using hash filters. It is experimentally shown that processor allocation is, in general ,the
dominant factor to performance, and the effect of hash filtering becomes more prominent as the number of relations in a query
increases.

Index Terms —Hash filters, pipelining, bushy trees, hash joins.
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1 INTRODUCTION

N recent years, parallel database machines have drawn a
considerable amount of attention from both the academic

and industrial communities due to their high potential for
parallel execution of complex database operations [1], [3],
[8], [11], [17], [32]. In relational database systems, joins are
the most expensive operations to execute, especially with
the increases in database size and query complexity [23],
[38]. As a result, it has become imperative to develop solu-
tions for efficient execution of multijoin queries for future
database management [9], [13], [20], [25].

A query plan is usually compiled into a tree of operators,
called a join sequence tree, where a leaf node represents an
input relation and an internal node represents the resulting
relation from joining the two relations associated with its
two child nodes. There are three categories of query trees:
left-deep trees, right-deep trees, and bushy trees, where
left-deep and right-deep trees are also called linear execu-
tion trees, or sequential join sequences. Examples of the
three forms of query trees are shown in Fig. 1. A significant
amount of research efforts has been elaborated upon devel-
oping join sequences to improve the query execution time.
The work reported in [30] was among the first to explore
sequential join sequences, and there have been several re-
sults reported for sequential join sequences [14], [18], [33],
[34]. The bushy tree join sequences, on the other hand, did
not attract as much attention as sequential ones until very
recently. This can be explained, in part, by the reasons that,
in the past, the power/size of a multiprocessor system was

limited, and that the query structure used to be too simple
to require further parallelizing as a bushy tree. It is noted,
however, that these two limiting factors have been phased
out by the rapid increase in the capacity of multiprocessors
and the trend for queries to become more complicated
nowadays [38], thereby justifying the necessity of exploiting
bushy trees. As a result, it has attracted an increasing amount
of attention to explore the use of bushy trees for parallel
query processing. A combination of analytical and experi-
mental results was given in [16], [31] to shed some light on
the complexity of choosing left-deep and bushy trees. An
integrated approach dealing with both intraoperator and
interoperator parallelism was presented in [21], where a
greedy scheme taking various join methods and their corre-
sponding costs into consideration was proposed. A two-step
approach to deal with join sequence scheduling and proces-
sor allocation for parallel query processing was devised in
[6]. Several query plans in processing multijoin queries in a
shared-nothing architecture were investigated in [27]. In ad-
dition, experimental studies on evaluating various query
plan generation strategies were conducted in [36].

Among various join methods, the hash join has been the
focus of much research effort and reported to have per-
formance superior to that of others, particularly because it
presents an opportunity for pipelining [7], [12], [22], [24],
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Fig. 1. Illustration of different query trees.
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[26], [35]. A pipeline of hash joins is composed of several
stages, each of which is associated with one join operation
that can be executed, in parallel, by several processors.
Though pipelining has been shown to be very effective in
reducing the query execution time, prior studies on pipe-
lined hash joins have focused mainly on heuristic methods
for query plan generation. Most of the prior work on query
plan generation, such as static right-deep scheduling, dy-
namic bottom-up scheduling [29], and segmented right-
deep trees [5], resorted to simple heuristics to allocate proc-
essors to pipeline stages. Also, due to the shared-nothing
architecture assumed, prior methods mainly dealt with
memory as a constraint for the execution of pipelined hash
joins. Little effort was made to take processing power into
consideration and optimize processor allocation. It has been
shown that, for sort-merge joins, the execution of bushy
trees can outperform that of linear trees, especially when
the number of relations in a query is large [6]. However, as
far as the hash join is concerned, the scheduling for an exe-
cution plan of a bushy tree structure is much more compli-
cated than that of a right-deep tree structure. Particularly, it
is very difficult to achieve the synchronization required for
the execution of bushy trees such that the effect of pipelin-
ing can be fully utilized. This is the very reason that most
prior studies on pipelined hash joins focused on the use of
right-deep trees.

In this paper, we explore two important issues, processor
allocation and the use of hash filters, to improve the parallel
execution of hash joins. Clearly, to execute a given query,
processors should be allocated in such a way that the query
execution time is minimized. Also, the technique of hash fil-
tering can be employed to further reduce the query execution
time.1 Note that to exploit the opportunity of pipelining for
hash join execution, one would naturally like to identify and
execute a group of hash joins in the bushy tree in a way of
pipelining. However, it can be seen that such regrouping of
joins, while taking advantage of pipelining, makes the exe-
cution dependency2 in the bushy tree intractable, which, in
turn, causes the problem of processor allocation to be much
more complicated. To remedy this, we first devise in this pa-
per a scheme to transform a bushy execution tree to an allo-
cation tree in which each node denotes a pipeline. Then, us-
ing the concept of synchronous execution time [6], processors
are allocated to the nodes in the allocation tree in such a way
that inner relations in a pipeline can be made available at
approximately the same time, thus solving the execution de-
pendency for the parallel execution of pipelined hash joins. In
addition, the approach of hash filtering is investigated to im-
prove the query execution time. Note that depending on the
cost and the benefit of hash filters, there are various schemes
to determine the hash filter generation. Extensive perform-
ance studies via a detailed simulation are conducted to dem-
onstrate the importance of processor allocation and to evalu-
ate different schemes using hash filters. Among all schemes
for hash filtering evaluated, the one to build hash filters for
inner relations only emerges as a winner. It is experimentally

1. A study on using hash filters to improve the execution of sort-merge
joins can be found in [4].

2. Execution dependency means that a pipeline cannot be performed un-
til all of its input relations are available.

shown that processor allocation is in general the dominant
factor to performance, and the effect of hash filtering be-
comes more prominent as the number of relations in a
query increases.

The rest of this paper is organized as follows. Prelimi-
naries are given in Section 2. Schemes for processor alloca-
tion and hash filtering are described in Section 3. Perform-
ance studies on various schemes are conducted in Section 4
via simulation. This paper concludes with Section 5.

2 PRELIMINARIES

2.1 Notation and Assumptions
We assume that a query is of the form of conjunctions of
equi-join predicates. We use |Ri| to denote the cardinality
of a relation Ri and |A| to denote the cardinality of the
domain of an attribute A. As in most prior work on the exe-
cution of database operations, we assume that the execution
time incurred is the primary cost measure for the process-
ing of database operations. Also, we focus on the execution
of complex queries [33], i.e., queries involving many rela-
tions. Notice that such complex queries can become fre-
quent in real applications due to the use of views [38]. The
architecture assumed in the performance study in Section 4
is a multiprocessor system with distributed memories and
shared disks containing database data.

A pipeline of hash joins is composed of several stages,
each of which is associated with one join operation. The
relation in a hash join that is loaded into memory to build
the hash table is called the inner relation, while the other
relation, whose tuples are used to probe the hash table, is
called the outer relation. The inner relations of a pipeline
are the inner relations of its stages. The outer relation of a
pipeline is defined to be the outer relation of its first stage.
The execution of a pipeline of hash joins consists of two
phases:

1) the table-building phase, and
2) the tuple-probing phase.

In the table-building phase, the hash tables of the inner re-
lations are built using hash functions on join attributes. In
the tuple-probing phase, tuples of the outer relation are first
probed, one by one, against the entries in the hash table of
the first stage using the corresponding hash function. If
there are matches, the resulting tuples are generated, and
then sent to the next stage for similar processing. Pipelining
has two major advantages. First, I/O costs are significantly
reduced, since only the output tuples of the last join would
need to be written to disk. The output relations of the in-
termediate joins need not even exist as whole tables in
memory. Second, the first tuples of the resulting relation
(i.e., the output relation of the last join) can be produced
earlier, not only reducing the response time perceived by
the end user, but also enabling application programs to
start processing query results earlier. The execution of one
pipeline is given in Fig. 2 for illustration, where nine proc-
essors are allocated to execute a pipeline of three stages.

Both CPU and I/O costs of executing a query are consid-
ered in this paper. CPU cost is determined by the pathlength,
i.e., the total number of tuples processed multiplied by the
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number of CPU instructions required for processing each
tuple. A parameter on CPU speed (i.e., MIPS) is used to com-
pute the CPU processing time from the number of CPU in-
structions incurred. I/O cost for processing a query is deter-
mined by disk service time per page multiplied by the total
number of page I/Os. By doing such, we can appropriately
vary the CPU speed to take into consideration both CPU
bound and I/O bound query processing, and study the im-
pact of processor allocation and hash filtering in both cases.
A detailed performance model on the cost of hash joins and
system parameters used is given in Section 4. In addition, we
assume for simplicity that the values of attributes are uni-
formly distributed over all tuples in a relation and that the
values of one attribute are independent of those in another.
Thus, the cardinalities of resulting relations of joins can be
estimated according to the formula used in prior work [6]. In
the presence of data skew [37], we only have to modify the
corresponding formula accordingly [10].

2.2 The Effect of Hash Filters

A hash filter (HF) built by relation Ri on its attribute A, de-
noted by HF ARi

( ) , is an array of bits which are initialized to

0s. Let Ri(A) be the set of distinct values of attribute A in Ri,
and h be the corresponding hash function employed. The
kth bit of HF ARi

( )  is set to one if there exists an a Œ Ri(A)

such that h(a) = k. Similar to the effect of semijoins, it can be
seen that before joining Ri and Rj on their common attribute A,

probing the tuples of Rj against HF ARi
( )  and removing non-

matching tuples will reduce the number of tuples of Rj to
participate in the join. The join cost is thus reduced. An il-
lustrative example of the use of hash filters can be found in
Fig. 3, where an HF BR1

( )  is built by R1 and applied to R2,

with the corresponding hash function h(bi) = i mod 5. It can

be verified that after the application of HF BR1
( ) , R2 is re-

duced to the one given in Fig. 3b, thus reducing the join
cost of R1 �� R2. In this paper, we shall develop an efficient
scheme to interleave a bushy execution tree with hash filters

to minimize the query execution cost for hash joins. Let
HF A RR ji

( ) Æ  denote the application of a hash filter generated

by Ri on attributed A to Rj. Note that the reduction of Rj by

HF A RR ji
( ) Æ  is proportional to the reduction of Rj(A). The

estimation on the size of the relation reduced is thus similar to
estimating the reduction of projection on the corresponding
attribute. Let ri,A be the reduction ratio by the application of

HF ARi
( ) , and the cardinality of Rj after HF A RR ji

( ) Æ  can be

estimated as ri,A|Rj|. Clearly, the determination of ri,A de-
pends on the size of a hash filter since, as shown in Fig. 3, dif-
ferent attribute values may be hashed into a same hash entry.

As pointed out in [4], hashing k = |Ri(A)| different val-
ues into a hash filter of m bits is similar to the experiment of
drawing k balls from m different balls with replacement.
The following proposition, which is used to determine the
effect of hash filters in our simulation, thus follows.

PROPOSITION 2 [4]. The reduction ratio by the application of
HF AR i Ai

( ), ,r  can be formulated as

ri A
m

R A

R A
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where Ri(A) is the set of distinct values of attribute A in Ri,
and m is the number of hash entries in a hash filter.

3 PARALLEL EXECUTION FOR PIPELINED HASH
JOINS

In this section, we shall first derive a processor allocation
scheme and then introduce methods to generate hash filters
for a bushy execution tree.

3.1 Processor Allocation for Bushy Trees Using
Hash Joins

As mentioned earlier, to exploit the opportunity of pipe-
lining for hash join execution, one has to identify and exe-
cute a sequence of hash joins in the bushy tree in a way of

Fig. 2. Execution of one pipeline.

Fig. 3. An example of the use of hash filters.

Authorized licensed use limited to: National Taiwan University. Downloaded on January 16, 2009 at 01:25 from IEEE Xplore.  Restrictions apply.



HSIAO ET AL.:  PARALLEL EXECUTION OF HASH JOINS IN PARALLEL DATABASES 875

pipelining. However, such regrouping of joins makes the
execution dependency in the bushy tree intractable. Conse-
quently, we shall first transform a bushy execution tree to
an allocation tree where each node denotes a pipeline.
Then, using the concept of synchronous execution time [6],
processors are allocated to the nodes in the allocation tree.
Explicitly, to minimize idleness of processors, the idea of
synchronous execution time is to allocate processors for join
execution judiciously so that inner relations in a pipeline
can be made available at approximately the same time.

To transform a bushy tree to an allocation tree, we first
identify the groups of joins in the bushy tree that could be
pipelined. Then, an allocation tree can be obtained from the
original bushy tree by merging each group of joins together.
For example, suppose we determine seven groups of joins
to be pipelined as shown in Fig. 4. By merging each pipe-
line in Fig. 4 into a single node, we obtain the correspond-
ing allocation tree as given in Fig. 5. Next, we determine the
number of processors allocated to each node (pipeline) in
the allocation tree in the manner of top down. Clearly, all
processors are allocated to the pipeline associated with the
root in the allocation tree, say S1 in Fig. 5, since it is the last
pipeline to be performed. Those processors allocated to the
pipeline on the root are then partitioned into several clus-
ters which are assigned to execute the pipelines associated
with the child nodes of the root in the allocation tree in such
a way that those pipelines can be completed at approxi-
mately the same time. In other words, processors are so
allocated that input relations for the root pipeline, say S1 in
Fig. 5, can be available about the same time to facilitate the
execution of S1. The above step for partitioning the proces-
sors for the root is then applied to all internal nodes in the
allocation tree in a top down manner until each pipeline is
assigned with a number of processors. Specifically, define
the cumulative execution costs of a node in the allocation
tree as the sum of the execution costs of all pipelines in the
subtree under that internal node. Let Si be a pipeline associ-
ated with a node in the allocation tree TA, and C(Si) be the
set of child nodes of Si in TA. Denote the cost of executing Si
as W(Si). Then, the cumulative execution cost of the node
with Si, denoted by CW(Si), is determined by,

CW S W S CW Si i j
S C Sj i

c h c h e j
c h

= +
Œ
Â . (2)

Note that the cumulative execution cost of each node can be
determined when the original bushy tree is built bottom up.
Then, it is important to see that to achieve the synchronous
execution time, when partitioning the processors of a node
into clusters for its child nodes, one has to take into account
the “cumulative execution costs” of the child nodes, rather
than the “execution costs” of the pipelines associated with
the child nodes. Denote the set of processors allocated to
perform the pipeline Sx as P(Sx), and use #P(Sx) to represent
the number of processors in P(Sx). With Sx being a child
node of Si, we have,

# #P S P S
CW S

CW S
x i

x

jS C Sj i

c h c h c h
e jc h

=
L

M

MMM

O

P

PPPŒÂ
.     (3)

Formally, the processor allocation scheme based on an allo-
cation tree can be described below.

Algorithm G: Allocating processors to a bushy tree utilizing
pipelined hash joins.

Step 1: A join sequence heuristic is applied to determine a
bushy execution tree T.

Step 2: From the given bushy tree T, determine the corre-
sponding allocation tree TA by merging relations in each
pipeline together.

Step 3: Based on (2), determine the cumulative workload of
each node in TA in a bottom up manner.

Step 4: Using (3), allocate processors to each node in TA in a
top down manner.

For illustrative purposes, given a total of 32 processors, a
possible processor allocation for the allocation tree in Fig. 5
is shown by a set of numbers labeled next to nodes in the
tree. As mentioned earlier, these numbers are so deter-
mined that all child nodes (pipelines) of each internal node
can be completed approximately the same time. An exam-
ple scenario for the execution of the bushy tree in Fig. 4 is
given in Fig. 6, where the shaded area corresponds to the
idleness of processors. It is worth mentioning that when the

Fig. 4. Identifying pipelines in a bushy tree.

Fig. 5. Illustration of an allocation tree.
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number of processors passed to an internal node in a lower
level of the tree is too few to be further partitioned for effi-
cient execution of pipelines, sequential execution for the
pipelines in its child nodes could be employed for a better
performance. Note that the method described above deter-
mines the interpipeline processor allocation to execute
pipelined hash joins. Clearly, how to distribute processors
among many stages within a pipeline is also an important
issue, whose discussion is beyond the scope of this paper.
Readers interested in processor allocation within a pipeline
are referred to [19].

3.2 Interleaving a Bushy Execution Tree with Hash
Filters

To further improve the parallel execution of hash joins, we
would like to employ hash filters to reduce the cost of each
individual join. Note that, since the content of each relation
may change after every database update, precomputed
hash filters may become obsolete before any real use. Also,
hash filters of interest depend on the joins to perform. We
thus produce hash filters right before their use. Also, a hash
filter has to be received in time for its processing, which is,
however, difficult to achieve due to the nature of parallel
execution of hash joins. It can be seen that, based on the
processor allocation in algorithm G, we have Sj Œ C(Si) fi
P(Sj) Õ P(Si), meaning that a pipeline in a higher level of the
allocation tree will be executed by those processors allo-
cated to its offspring. This feature indeed resolves the tim-
ing constraint described above, since under such processor
allocation, a hash filter received late can still be applied to a
later pipeline which is executed by the same cluster of
processors, thus avoiding incurring any transmission of
hash filters among processors. Obviously, there are many
methods conceivable to generate hash filters. For example,
a straightforward method is to generate and apply hash
filters to the bushy tree first and then to proceed with the
normal execution. Such a scheme is termed “early genera-
tion” (denoted by EG) in what follows, whose algorithmic
form can be described below.

Algorithm EG: Interleaving a bushy tree T with hash filters.
HF Sender: for each leaf node Ri in T

     /* Let Ri be a relation in pipeline Sj. */
     begin
          Let Jatt be the set of all join attributes in Ri.
          if (Jatt π f)
          begin

Scan Ri, and "A Œ Jatt, build HF ARi
( )  by P(Sj).

Send HF ARi
( )  to P(Sk), where Sk contains a

relation joining with Ri on A.
          end
     end

HF Receiver: for each leaf node Ri in T
        begin
        if (Ri receives all HFs for its join attributes) then

Ri applies HFs to filter out nonmatching
tuples.
if (Ri is an inner relation) then building
the hash table
else starting tuple probing when inner
relations are available.

end

The first conditional statement in HF Sender to set up Jatt
assures that only necessary hash filters will be generated and
applied to other relations. Also, it can be seen that a relation
will be scanned at most once to build HFs for attributes in Jatt.
Every relation, after receiving and utilizing all its filters, starts
its normal operations. Clearly, depending on the cost and the
benefit of hash filters, there can be many schemes to deter-
mine the hash filter generation. To provide more insights into
the approach of hash filtering, extensive simulation will be
conducted in Section 4 to evaluate various schemes using
hash filters. Owing to the nature of hash joins, instead of be-
ing generated in advance, hash filters can be built together
with the hash join operations to reduce the overhead associ-
ated. Specifically, hash filters from inner relations are built in
their table-building phases and those from outer relations are
built in their tuple-probing phases. Such an approach will be
referred to as scheme CG, where CG stands for “complete
generation.” Also, as will be evaluated in Section 4, hash fil-
ters can be generated from inner relations only to reduce the
cost of hash filter generation while attaining the desired re-
duction effect. This alternative is denoted by IG, standing for
“inner relation generation.” The conventional approach
without using hash filters, denoted by NF (i.e., “no hash fil-
ters”), will also be implemented for a comparison purpose.

4 PERFORMANCE STUDY

In this section, we describe the simulation model and re-
sults of experiments that we have conducted to study the
relative performance of various processor allocation and
hash filtering (HF) schemes described in Section 3. The ar-
chitecture assumed in this study is a multiprocessor system
with distributed memories and shared disks containing
database data. This study also assumed that a processor
activates one I/O process for every relation scan to read its
portion of the relation from disk. Our goal was to evaluate
the performance of processor allocation and hash filtering
schemes in a variety of complex query environments. In the
following, the performance model used to evaluate the bene-
fit of different processor allocation and hash filtering schemes
is first described in Section 4.1. Parameters used in the ex-
periments are then given in Section 4.2. Finally, simulation
results are presented and analyzed in Section 4.3.

Fig. 6. Execution for the allocation tree in Fig. 5, where X axis repre-
sents the number of processors and Y axis corresponds to execution
time.
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4.1 Model Overview
The performance model consists of three major compo-
nents: Request Generator, Compiler, and Executor. Request
Generator is responsible for generating query requests as
follows. The number of relations in a query is determined
by an input parameter, sn. Relation cardinalities and join
attribute cardinalities are determined by a set of parame-
ters: Rcard, carv, fd(R), Acard, attv, and fd(A). Relation cardi-
nalities in a query are computed from a distribution func-
tion, fd(R), with a mean, Rcard, and a deviation, carv. Cardi-
nalities of join attributes are determined similarly by Acard,
attv, and fd(A). There is a predetermined probability, p, that
an edge (i.e., a join operation) exists between any two rela-
tions in a given query graph. The larger p is, the larger the
number of joins in a query will be. Note that some queries
so generated may have disconnected query graphs. With-
out loss of generality, only queries with connected query
graphs were used in our study, and those with discon-
nected graphs were discarded. Compiler takes a query re-
quest from Request Generator and produces a query plan
in the form of a bushy tree. The bushy plan tree is deter-
mined by the minimum cost heuristic described in [6] that
tries to perform the join with the minimal cost first.

Executor traverses the query plan tree and carries out
join operations in parallel according to join sequence de-
termined by the Compiler. Depending upon the hash fil-
tering schemes simulated, hash filters of join attributes are
generated at different stages of query execution. Hash fil-
ters are always generated from base relations, but they can
be applied to base relations as well as to intermediate rela-
tions. After being generated, a hash filter is sent to all nodes
(processors) that will perform join operation on the pipeline
containing corresponding relation. For every hash filter
received, it is applied to the corresponding base relation if
the filter is received before the start of the relation scan.
Otherwise, a received filter may be applied to the interme-
diate relation generated at the end of a pipelined join op-
eration. In the worst case, a hash filter may not be received
in time for applying to either base or intermediate relation.
In this case, the hash filter will be discarded (is wasted).

In pipelined hash join operation, a tuple from outer rela-
tion can probe successively hash tables of multiple inner
join relations in the same pipeline and a pipelined join op-
eration will not start until all inner relations of the pipeline
have completed building hash tables in memory. To mini-
mize processor idle time and thus maximize the perform-
ance benefit of parallel execution of a query, processors
should be allocated to join nodes such that the table-
building phase of all inner relations of a pipeline are com-
pleted approximately at the same time. To achieve this, the
number of processors allocated to a join node is determined
in a top down manner and the processors assigned to the
parent node are divided among the child nodes according
to the cumulative execution costs of the child nodes. In our
simulation model, processor allocation is done as part of
query compilation to simplify coding of the simulation
model. Therefore, a query plan node in our experiment also
contains the number of processors allocated to execute the
node, in addition to the information about join relations,
join attribute, join method, etc. In practice, allocation of

processors to a join node can be deferred to runtime to pro-
vide more flexibility.

Two schemes for assigning processors to join nodes are
studied in this paper. With the first scheme, the cumulative
execution cost is computed for every node of the query plan
tree generated by the Compiler. Processors are then allo-
cated to execute a query plan node according to the cumu-
lative execution cost of the node. In this scheme, the cumu-
lative execution cost of a node is computed as the sum of
the execution cost of joining the relations associated with its
two child nodes plus the cumulative execution costs of its
two child nodes. The cumulative execution cost of a leaf
node is defined to be the cost of scanning the base relation.
Henceforth, we shall refer to this as BOT (standing for
Based on the Original Tree) processor allocation scheme.
With the second scheme, a query plan tree is first trans-
formed to a new tree, termed allocation tree, by lumping
(join) nodes within each pipeline together to form a node of
the new tree. Cumulative workload is then computed for
each node of the allocation tree and processors are allocated
to nodes based on the allocation tree (henceforth referred to
as BAT scheme).

Our model computes both CPU and I/O costs of exe-
cuting a query. Without loss of generality, we assume that
each node (processor) has large enough physical memory to
hold hash tables of all inner relations of a pipeline in mem-
ory at the same time (i.e., bucket overflow will not occur).
But, the intermediate relation generated by a completed
pipelined join operation is assumed to always be written to
disks. When an intermediate relation is to be used by a later
(pipelined) join operation, it is read from the disks and, at
the same time, the hash table corresponding to the next join
attribute is built in memory.

The number of CPU instructions executed to read and
write a page of data from and to disk is assumed to be Iread
and Iwrite, respectively. The cost of extracting a tuple from a
page in memory is assumed to be Ituple while the cost of
building and probing hash tables is determined by the total
number of tuples processed multiplied by the number of
CPU instructions per tuple needed for table-building (Ibuild)
and tuple-probing (Iprobe). The total CPU cost of building a
hash table in memory for a relation of N tuples, including
the cost of reading the relation from disks and that of ex-
tracting tuples from pages, is thus equal to Iread ¥ N/psize +
Ituple ¥ N + Ibuild ¥ N, where psize is the number of tuples per
page. The CPU cost of carrying out the tuple-probing phase
of a join operation, assuming the outer relation size of Np
tuples, is equal to Iprobe ¥ Np, which is independent of the
inner relation size N. To execute a pipeline of n joins, the
total CPU cost is then equal to

N p I N I

N I N I

i size read
i

n

i tuple
i

n

i build
i

n

p probe
i

n

i

¥ + ¥ +

¥ + ¥

= =

= =

Â Â

Â Â
0 0

1 1

,

where Ni is the inner relation size of ith join (except N0 that
is the size of the outer relation of the first join operation)
and Npi

 denotes the outer/probing relation size of the ith
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join operation in the pipeline. When i = 1, Npi
 is equal to

N0. For i > 1, Npi
 is the size of the result relation generated

by the (i - 1)th join of the pipeline. The above cost does not
include the spooling of intermediate relation (result) to
disks at the end of a pipelined join. The cost of spooling is
equal to N p Ip size writen+

¥
1

/  instructions, which are added to

the CPU cost listed above for all pipelined join operations
except the one that the head of the pipeline is the same as
the root of the query plan tree.

The CPU processing time for executing a query is ob-
tained by dividing the total number of CPU instructions per
query by the CPU speed, Pspeed. By separating the path-
length per query and the CPU speed, we have the flexibility
of varying the CPU speed to make a query execution either
CPU bound or I/O bound, and studying the impact of us-
ing hash filters in both cases.

I/O cost for reading (writing) a relation of N tuples is
determined by disk service time per page, tpio, multiplied by
the total number of page read (written). To execute a pipe-
line of n joins, n + 1 relations are read from disks and the
total I/O cost for reading relations is thus equal to

N p ti size pio
i

n

¥
=
Â

0

.

The intermediate relation generated by a pipelined join is
always spooled to disks except the one that is generated by
the pipeline containing the root of the query plan tree. This
increases the I/O cost by an amount of N p tp size pion+

¥
1

/ . As

before, Npn+1
 denotes the size of the result relation gener-

ated by the nth (last) join of the pipeline.
For schemes that generate and apply hash filters, the

CPU cost of generating a hash filter from a relation of size
N is computed by multiplying Ihash by N, while the cost of
applying a hash filter to a relation of size N is computed by
multiplying Iapply by N. Where Ihash is the number of CPU
instructions required to generate a hash value from an in-
put tuple and set the corresponding bit in the hash filter,
and Iapply is the number of instructions needed to check
whether an attribute value of a tuple has a match in the
filter, and, if that bit is set, it adds the tuple to a temporary
relation to be joined later. Note that hash filter generation
phase can be combined with the base relation scan for join
operation, thus avoiding I/O overhead in hash filter gen-
eration (the IG and CG schemes). On the other hand, if all
hash filters are generated in a separated phase, prior to the
start of the first join operation of the query (the EG scheme),
N/psize additional I/Os per relation are required. Also note
that, in our simulation model, hash filters are implemented
as bit-vectors and can, in general, fit in memory, thus
minimizing extra I/Os required for maintaining them.

4.2 Parameter Setting
We select queries of five sizes, i.e., queries with four, eight,
12, 16, and 20 relations. This set of selections covers a wide
spectrum of query sizes ranging from a simple three-way
join to a more than 20-way join. For each query size, 500
query graphs were generated, and, as mentioned in Section
4.1, only queries with connected query graphs are used in

our study.
To conduct the simulation, [2], [8], [15], and [28] were

referenced to determine the values of simulation parame-
ters. Table 1 summarizes the parameter settings used in the
simulation. The number of processors in the system is set to
32 and the speed of the processor is assumed to be three
MIPS. The number of CPU instructions for reading (Iread)
and writing (Iwrite) a page is set to 5,000, while those for ex-
tracting a tuple from page in memory is set to 300. Apply-
ing hash function to an attribute to build either hash table
or hash filter is assumed to take 100 instructions each, while
probing hash table or probing hash filter to filter out non-
matching tuples is assumed to consume 200 instructions
each. Each page is assumed to contain 40 tuples and disk
service time per page (both read and write) is assumed to
be 20 milliseconds. The size of a relation varies from 700K
to 1,300K tuples, while each attribute has from 600K to
1,000K distinct values. Finally, the distribution functions for
relation cardinality and attribute cardinality are both as-
sumed to be uniform.

TABLE 1
PARAMETERS USED IN SIMULATION

parameters meaning setting

np num. of processors 32

Pspeed processing speed 3 MIPS

Iread inst. to read a page from disk 5,000

Iwrite inst. to write a page to disk 5,000

Ituple inst. to get a tuple from mem. 300

Ibuild inst./tuple for table-building 100

Iprob inst./tuple for tuple-probing 200

Ihash inst./tuple to get hash value 100

Iapply inst. to process a hashed tuple 200

psize tuples per page 40 tuples

tpio disk service time per page 20 ms

Rcard mean of relation card. 1M tuples

Acard mean of attr. card. 800K

carv deviation of relation card. ± 100K - 300K

attv deviation of attr. card. ± 100K - 200K

fd(A) dist. function of attr. card. uniform

fd(R) dist. function of relation card. uniform

4.3 Simulation Results
In the simulation program, which was coded in C, the ac-
tion for each individual relation to go through join opera-
tion, as well as hash filter generation and application, was
simulated. For each query in the simulation, four hash fil-
tering schemes, i.e., NF (no filter), EG (early generation), IG
(inner generation), and CG (complete generation), were
applied to execute the query, and the CPU cost, I/O cost as
well as total response time for each scheme was obtained.

The experiment was carried out in two stages. In the first
stage, we studied the relative performance of different
processor allocation schemes. Specifically, we wanted to
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explore the benefit, in terms of reduction in query response
time, of allocating processors to join nodes based on alloca-
tion tree (BAT) in a multiprocessor database environment.
In the second stage, we fixed the processor allocation
scheme to BAT and ran a set of experiments to study the
relative performance of the four different hash filtering
schemes.

4.3.1 Alternative Processor Allocation Schemes
Experiment 1: Performance of Processor Allocation
Schemes
In the first experiment, both attv and carv were set to 100K
and the number of processors was set to 32. The number of
processors allocated to execute a join node is determined by
either BOT or BAT. Fig. 7 shows the average response time
of the queries for the NF method using either BOT or BAT
processor allocation schemes. We deliberately turned off
hash filter application in this set of experiments to demon-
strate the importance of processor allocation in multi-
processor database systems. In this figure, the ordinate is
the response time in milliseconds, while the abscissa de-
notes the number of relations in a query. As illustrated in
Fig. 7, response time with BAT is significantly lower than
that with BOT in all queries evaluated. Using BOT proces-
sor allocation scheme, average response time for a join
query involving four relations (sn = 4) is about 354 seconds,
while it is 3,874 seconds for the case of sn = 20. When a
query plan is first transformed to an allocation tree and
processors are allocated to join nodes based on the allocation
tree, the average response times for sn = 4 and sn = 20 were
cut to 147 seconds and 1,235 seconds, respectively. This is an
improvement of more than 50 percent for query with sn = 4
and improvement of about 70 percent for sn = 20.

Fig. 7. The response time for the NF scheme.

This experiment shows that the BOT processor allocation
scheme, which was demonstrated to provide superior per-
formance with sort-merge and nested-loop join methods
[6], does not perform well with pipelined hash join method.
This is because, with pipelined hash join, a join operation
does not start until hash tables of all inner relations of the
pipeline are materialized in memory. Therefore, it is best to

allocate processors to join nodes such that all inner relations
are materialized around the same time (and thus minimize
processor idle time). The BAT processor allocation scheme
takes this into consideration and assigns processors to join
nodes accordingly. As a result, the BAT scheme performs
significantly better than the BOT scheme in our experiments.

Experiment 2: Impact on HF Schemes
In this experiment, we fixed the number of relations in a
query to 12 (sn = 12) and ran one simulation for each HF
scheme described in Section 3. carv and attv were again set
to 100K each and the number of processors in the system
was set to 32. This experiment was intended to study how
each HF scheme performs under different processor alloca-
tion schemes. Fig. 8 shows the results of this experiment.
With BAT processor allocation scheme, the response time of
the query is significantly lower than that with BOT across
all HF schemes. Specifically, the response time is reduced
by about 66 percent with NF and EG and by about 69 per-
cent with IG and CG when the processor allocation scheme
is changed from BOT to BAT. Fig. 8 also shows that, with
both allocation schemes, IG and CG perform comparably
well and both perform better than EG and NF. EG produces
moderately higher response time than either IG or CG,
while NF has the worst response time.

Fig. 8. The response time of each scheme with 12 relations (NF: no filter,
EG: early generation, IG: inner generation, CG: complete generation).

Table 2 shows the breakdown of the response time of the
query for each of the four HF schemes. The I/O cost and
CPU cost columns are, respectively, the average I/O time
and CPU time consumed by the query, while the fourth
column is the time that processors are idle, waiting for
peers to complete preceding join operations. The %-of-RPT
column shows the fraction of total response time that is due
to processor waiting for peers to finish and thus idle. For
comparison purpose, the table includes in the last column
the percentage of response time that a processor is idle
when BOT is used. Table 2 indicates that, with BAT, proces-
sor synchronization (waiting time) contributes (on average)
less than 12 percent to the total response time, while it con-
tributes more than 70 percent in the case of BOT.
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4.3.2 Performance of HF Schemes
In the second stage of our simulation study, processor allo-
cation scheme was fixed to BAT (unless indicated other-
wise). Our goal was to study the effectiveness of alternative
HF schemes for queries with varying complexity. As de-
scribed in Section 2, the EG scheme generates hash filters
from all base relations before the start of actual join opera-
tion and then applies hash filters to base relations during
join operations. This scheme provides the maximum re-
duction effect of hash filtering because all hash filters are
available (and thus can be applied) before the start of any
join operation. But, it also incurs the highest overhead be-
cause it needs to go through one extra round of disk I/O to
read the base relations from disks in order to generate the
hash filters. IG was designed to minimize the overhead as-
sociated with the hash filter generation while CG was de-
signed to maximize the effects of hash filtering. With IG,
hash filters are generated from inner base relation only and
they are generated at the time when inner relations are read
from disks to build in memory hash tables. Consequently,
no extra I/O are incurred and thus the overhead of apply-
ing hash filter is minimized. With CG, hash filters are also
generated from all base relations. But unlike EG, CG gener-
ates hash filters from a relation when the relation is to be
joined next and thus no extra I/Os are incurred. However,
because hash filters from outer relations are not generated
until the relations are to be joined next, they are generally
not received in time for applications by partner relations.
As a result, the number of hash filters generated with CG is
equivalent to that with EG, but the number of hash filters
applied per query is significantly less with CG.

Experiment 3: Low Variance, carv = 100K, and attv = 100K
In this experiment, relation cardinality ranges from 900K to
1,100K tuples, while attribute cardinality ranges from 700K to
900K. The average CPU cost, I/O cost, and response time for
this experiment are shown in Figs. 9, 10, and 11, respectively,
where AT stands for allocation tree. In these figures and all
following figures, the ordinate is the response time in milli-
seconds, while the abscissa denotes the number of relations
in a query. Figs. 9 and 10 show that with three MIPS CPU,
these queries using the pipelined hash join method are I/O
bound. The 20 ms page I/O time setting assumes no pre-
fetching or disk buffering (e.g., reading one track at a time).
The experiment also assumes that one I/O process is acti-
vated on each processor for every relation scan. Note that this
experiment could become CPU bound if disk buffering or
parallel I/O strategy (activate multiple I/O processes per
processor for every relation scan) was used.

Fig. 9 shows that applying hash filters results in a
slightly higher CPU cost with the CG methods than with
NF, while it results in a significantly higher CPU cost with
the EG method. IG consumes approximately the same

amount of CPU resource as NF. This experiment shows
that, with respect to CPU cost, the benefits of applying hash
filter (size reduction) is overshadowed by the cost of gener-
ating and applying hash filters with both EG and CG across
all queries evaluated. This is because, without bucket over-
flow, the CPU cost of a hash join is linearly proportional to
the size of two input relations. In the simulation, we as-
sume that intermediate relations are not spooled to disks
except at the end of a pipelined join and that bucket over-
flow does not occur. Consequently, the benefit of reduction
in intermediate relation size shows up only at the end of a
pipelined join, resulting in lower benefit of applying hash
filter. If more intermediate relations are spooled to disks,
the benefit of applying hash filter will be much higher.

Fig. 9. The CPU cost for each scheme based on AT.

Fig. 10 shows that applying hash filters results in a
slight performance improvement in I/O cost when sn is
small (sn £ 8). The improvement increases significantly as
the number of relations in a query increases. This is because
the number of pipelines increases as sn increases and, as
explained in the foregoing paragraph, the benefit of size
reduction thus becomes more prominent. It can also be seen
from Fig. 10 that CG performs the best among all schemes
evaluated while NF is outperformed by all other schemes.
As previously described, neither CG nor IG incurs any I/O
overhead in generating and applying hash filters. Because
more hash filters are generated and likely more hash filters
are applied with CG, the size of intermediate relations, on
average, is likely to be smaller with CG than with IG. Con-
sequently, CG provides the lowest I/O cost among all
schemes evaluated, while IG, the second lowest. For EG, it
applies more hash filters than all other schemes and thus
provides the maximum reduction effect. However, it scans

TABLE 2
BREAKDOWN OF RESPONSE TIME IN MILLISECOND—BAT

schemes I/O cost CPU cost idle time % of RPT % of RPT(BOT)
NF 468,597 119,531 59,084 9.1% 69%
EG 399,967 142,387 75,299 12.2% 69%
IG 355,665 124,236 62,431 11.5% 74%
CG 326,986 133,204 75,320 14.1% 75%
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the base relations one extra time to build the hash filters. As
a result, the total I/O cost with EG is lower than that with
NF, but higher than either IG or CG.

Fig. 11 shows that, except in the case of sn = 4, total
query response time can always be reduced by applying
hash filters. When sn =4, neither IG nor CG shows any per-
formance improvement or performace degradation over
NF. With EG, however, the response time increases by
about 21 percent compared to that with NF. When sn = 20,
the response time is reduced, related to NF, by more than
20 percent with either IG or CG, while the improvement is
about three percent with EG. The result clearly demon-
strates that either IG or CG is an effective means for reduc-
ing response time of complex query execution using the
pipelined hash join method, especially when sn is large. The
experiment also shows that the extra system resource con-
sumed by EG outweighs the benefit of size reduction when
sn £ 8. When sn is greater than eight, EG also shows per-
formance improvement over NF, but the reduction in re-
sponse time is limited to less than five percent.

For reference, Fig. 12 shows the response time of the
queries for each HF schemes using the BOT processor allo-

cation scheme. As indicated in the figure, IG remains to be
the best scheme evaluated and the improvement over NF in
response time is about 15 percent when sn = 20. Compared
to Fig. 11, Fig. 12 shows that the benefit of applying hash
filter is lower with BOT. This is because, with BOT, proces-
sor idle time (waiting for peers to complete preceding join
operations) contributes to a significant portion of the total
response time and, as a result, the saving in join execution
time by applying hash filter becomes less dominant.

Experiment 4: High Variance, carv = 300K, and attv = 200K
In this experiment, we increased the variance of relation
cardinality from 100K to 300K and the variance of attribute
cardinality from 100K to 200K. By changing the variances of
relation and attribute cardinalities, the effectiveness of hash
filters on hash based join operations with varied cardinali-
ties can be studied. Figs. 13, 14, and 15 show, respectively,
the CPU cost, the I/O cost, and the response time for each
scheme. Similar to Fig. 9, Fig. 13 shows that EG consumes
the most CPU resource, while NF and IG consume the least.
On the other hand, Fig. 14 shows that, except when sn = 4,
NF consumes the most disk resource, while CG, the least.
Overall, as indicated in Fig. 15, when sn > 4, both IG and
CG generate noticeable performance (response time) im-
provement over NF. When sn = 20, applying hash filters
can improve the response time by more than 20 percent
with the IG scheme. Compared to the results in Experiment 3,
these three figures indicate that the effectiveness of apply-
ing hash filter is very stable when the variances of relation
cardinalities and attribute cardinalities increase. As before,
this experiment shows that IG is the best scheme among all
schemes evaluated, while CG is a close second.

5 CONCLUSIONS

In this paper, we explored two important issues, processor
allocation and the use of hash filters, to improve the parallel
execution of hash joins. To exploit the opportunity of pipe-
lining for hash join execution, a scheme to transform a
bushy execution tree to an allocation tree was first devised.
Also, the approach of hash filtering has been investigated to

Fig. 10. The I/O cost for each scheme based on AT.

Fig. 11. The average response time for each scheme based on AT.

Fig. 12. The average response time for each scheme based on BOT
processor allocation.
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further improve the parallel execution of hash joins. Exten-
sive performance studies have been conducted to demon-
strate the importance of processor allocation and to evalu-
ate various schemes using hash filters via simulation.

Among all schemes for hash filtering evaluated, the one to
build hash filters for inner relations emerged as a winner. It
was experimentally shown that processor allocation is, in
general, the dominant factor to performance, and the effect
of hash filtering becomes more prominent as the number of
relations in a query increases. It is worth mentioning that a
query optimizer, in general, realizes a query plan according
to some estimations. If those estimations are later found to
be very far from execution results, re-generation of query
plans will be needed. How to determine a regeneration cri-
terion is a problem of practical importance and a matter of
our future study.
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