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Abstract. We propose a new strategy to use Bit Filters for complex
pipelined queries on large databases that we call Pushed Down Bit Fil-
ters. The objective of the strategy is to make use of the Bit Filters already
created for upper nodes of the execution plan, in the leaves of the plan.
The aim of this strategy is to reduce the traffic between the nodes of
the execution plan. When traffic is reduced, the amount of CPU work is
reduced and, in most of the cases, I/O is also reduced. In addition, this
technique shows no degradation in cases with little effectiveness.

1 Introduction

The execution time of queries to large relational databases is greatly influenced
by the I/O. However, the pipelined nature of execution engines makes the task
of minimizing the I/O very complex, especially for large multi-join queries.

There are many strategies to reduce the I/O of multi-join queries like hash

teams [9], the use of bitmaps to implement joins [10] or the use of Bloom Filters,
also called Bit Filters [1].

In this paper we deal with Bit Filters. They are an efficient tool to reduce
the amount of I/O in the execution of pipelined queries. In particular, they are
used in commercial DBMSs like DB2 [6], Oracle [5] and SQLServer [6] to reduce
the I/O of Hash Join operations.

In those commercial DBMSs, Bit Filters are created during the build phase of
the Hash Join operation. Then, during the probe phase, they are used to filter out
records of the probe Relation. Quite interestingly, they may reduce considerably
the amount of I/O of the Hash Join nodes [12] at the cost of keeping a bit
map structure in memory during a part of the query execution. In addition, Bit
Filters adapt naturally to the execution of Hash Joins; they are created during
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the build phase, which is sequential by nature, and are used during the probe
phase, which is pipelined by nature.

In this paper we want to take a step further in the use of Bit Filters. We
explain and analyze how, being created for their local use in one Join node,
they can be used by the Scan nodes of pipelined execution plans. We call these
Pushed Down Bit Filters (PDBF) because, with our strategy, Bit Filters are
Pushed Down to the leaves of execution plans.

We evaluate Pushed Down Bit Filters with queries implemented in Post-
greSQL [11] on a 1 GB TPC-H populated database. We measure the amount
of data traffic among nodes. We also measure the I/O and execution time for
different join heap sizes. While the data traffic among nodes is independent of
the DBMS, the I/O depends on the amount of memory available to perform the
query and the execution time depends on the platform used and the DBMS.

We compare the Pushed Down Bit Filters to the basic PostgreSQL execution
and the classic use of Bit Filters. The results show that our strategy reduces the
execution time of some queries in more than a 50% both compared to the basic
implementation and to the classic use of Bit Filters.

This paper is organized as follows. Section 2 describes our strategy, Pushed
Down Bit Filters, explains in detail when the strategy can be used and the
implementation details of the strategy in the execution engine. In Section 3 we
describe and analyze the results obtained. Section 4 describes the previous work
in the area. Finally, in Section 5 we conclude.

2 Pushed Down Bit Filters

The objective of Pushed Down Bit Filters is to obtain the maximum benefit from
the Bit Filters created in the Join nodes of a query. In this paper we concentrate
on Hash Joins and the Bit Filters created by them although our strategy could
be generalized to other join operations with little changes.

PDBF are as simple as using the Bit Filters generated in the Hash Join
nodes of the query plan in the lower leaves of the plan. This will be possible
in those leaf nodes scanning a Relation with attributes on which the already
created Bit Filters can be applied. Even the attributes that have non-functional
dependencies with the attribute used to create the Bit Filter can be filtered.

The aim of this early elimination of tuples is to reduce the amount of data to
be processed by the plan, and consequently, to decrease the work of its nodes.

Figure 1 shows a simple example of the strategy. The upper Hash Join oper-
ation starts with the build phase creating a Bit Filter on attribute a of relation
R3. Once the build phase is finished, the join node invokes the probe subtree
to obtain tuples. In the example, the subtree is formed by a join on attribute
b, and two Scan nodes. When the Scan node of relation R2 is invoked, it will
look up the Bit Filter given that Relation R2 contains attribute a. With this, we
reduce the output cardinality of the Scan node, thus, the volume of data to be
processed by join node “R1.b = R2.b”. Also, the output cardinality of join node
“R1.b = R2.b” is reduced and, consequently, the amount of data to be processed
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Fig. 1. An example of the Pushed Down Bit Filters.

by the Hash Join node. If R1 contained attribute a, the Scan of R1 could also
look up the Bit Filter. This would happen in the case of composed primary keys.

Our strategy does not require the creation of any special large data structure.
The only information necessary in the Scan nodes is a link between each attribute
and its corresponding Bit Filter.

Applicability. The special characteristics of Bit Filters and query plans impose,
at least, the following restrictions to our strategy:

– A Scan node can only look up the Bit Filters created by Hash Join operations
within the same select statement. Two different select statements have data
flow streams that do not interfere.

– A Bit Filter can only be pushed down to the Scan nodes of the subtree that
belongs to the probe Relation of that Hash Join.

Implementation details. Once the target Scan nodes are chosen, it is nec-
essary that those Scan nodes maintain some information about the Bit Filters
they have to look up and the attribute affected by each Bit Filter. We define the
set S∗ of pairs <Bit Filter, attribute> as the data used by a Scan node to apply
the Pushed Down Bit Filters. With this information, for every tuple processed
by a Scan node, each Bit Filter of the set S∗ will be applied to the corresponding
attribute. If any of the Bit Filters returns a zero for a tuple, that tuple can be
immediately discarded.1

It is important to note the low cost of our strategy:

– Memory space: It is only necessary to keep the set S∗ for each Scan node.
Thus, the memory space necessary is not significant at run time.

– CPU time: If the Bit Filters are looked up during the Scan operations, it will
not be necessary to look them up during the probe phase of any of the upper
Hash Joins. Thus, our strategy does not imply any replication of work.

1 All the Bit Filters are accessed with one only hash function, h



3 Evaluation

In this section we present different results. First, we evaluate a query with differ-
ent parameter sets to show the features of our strategy. The evaluation results
measure traffic volume and execution time. Then, we give measures for the I/O
volume using one of the parameter sets. Before starting with the detailed eval-
uation, we explain the query that we analyze and the software and hardware
setups we used.

Query description. We have executed a synthetic query with four different
parameter sets on a TPC-H populated database. Figure 2.a shows the query
used and Figure 2.b shows its execution plan. The query counts the number
of units of each product of brand z (“p brand = z”) sold starting on date x
(“o orderdate > x”) for available quantities of stock larger than y (“ps availqty
> y”). We have varied the query restrictions to obtain different behaviors of the
same query. This leads to the four different parameter sets that we call query
executions, shown in Table 1.

It is frequent to have queries with several joins on a central table (called Star
Joins) as it happens here on Lineitem. This does not mean that our strategy can
only be applied to this type of queries (see Section 2 for the applicability of our
strategy). However, this is a good example for the evaluation of our technique.

Figure 2.b also shows (in bold) the application of the PDBF in this query.
There, we can see how the Scan on Lineitem looks up the Bit Filters of HJ1,
HJ2 and HJ3, while the Scan on Part only looks up the Bit Filter of HJ2.
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Table 1. Percentage of tuples eliminated by each combination of parameters and
efficiency of the Bit Filters. (P) for Part, (PS) for Partsupp and (O) for Orders.

set Fraction of Efficiency
Tuples eliminated of Bit Filter

# P.”z” PS.”y” O.”x” HJ3 HJ2 HJ1

1 0.0 0.7 0.8 0.0 0.16 0.81
2 0.0 0.7 0.15 0.0 0.16 0.18
3 0.8 0.15 0.15 0.81 0.0 0.18
4 0.0 0.15 0.15 0.0 0.0 0.18

We have used restrictions ”x”, ”y” and ”z”, to control the amount of tuples
projected from the build Relation of each Hash Join. Table 1 shows the fraction
of tuples eliminated with each restriction for each different query execution. The
restriction is one of the factors determining the effectiveness of a Bit Filter. The
efficiency of the Bit Filters (fraction of tuples filtered out from the scan where
the Bit Filter is applied) is also shown in Table 1 for each Hash Join. We have
computed these figures using the data obtained after the execution of the query.

Software Setup. We have generated a TPC-H database with scale factor 1 (1
GB) and executed the 4 queries on it.

We have used PostgreSQL to implement the use of Bit Filters and PDBF.
Therefore, we have used three versions of the PostgreSQL query engine; the
original engine without Bit Filters, the engine with Bit Filters and the engine
with PDBF. The size of the Bit Filters we use is larger than the number of
distinct values of the attributes used to build the Filters.

The implementations do not include any modification of the Optimization
engine. Instead, they only implement the query plan and the modifications of
PostgreSQL necessary to execute the query that we designed for the tests.

PostgreSQL decides the number of partitions in the Hybrid Hash Join at
optimization time. With the application of our strategy, some Hybrid Hash Join
nodes end up having a very small number of tuples in the build Relation. This
means that the number of partitions could be smaller than planned by the opti-
mizer of PostgreSQL. However, our implementations keep the number of parti-
tions planned by the optimizer at the cost of making our strategy less efficient.

The memory space assigned to each Hash Join node is called Sortmem in
PostgreSQL. For the following analysis, we use different Sortmem sizes ranging
from very restrictive to a size that allows the execution of Hash Joins in memory
with one only data read per Relation. The Sortmem sizes range from 5 MB (very
restrictive) to 60 MB (one data read). The Bit Filters that we have implemented
are always used unless we know its effectiveness is zero, in which case, they are
not created. The Bit Filters used are stored in a Bit Filter Heap that we created.

Hardware Setup

We run all the experiments on a 550M Hz Pentium-III based computer, with
512 MB of main memory and a 20 GB IDE Hard Disk. The Operating System
used was Linux Red Hat 6.2.



Traffic and Execution time

Figure 3 shows results of execution time, and tuple traffic. The plots show results
for the basic implementation of PostgreSQL, for the use of Bit Filters in the nodes
where they are created, and PDBF. The execution time plots show results for
different Sortmem sizes while the traffic plots show the total traffic per node in
the execution plan (the traffic is independent from the Sortmem size). The traffic
of a node is equivalent to the output cardinality of that node. It is important to
note that only the traffic of nodes HJ3, HJ2, Scan Lineitem and Scan Part are
affected by PDBF.

While the execution time is specific to the PostgreSQL implementation, the
traffic avoided depends on the data and can be regarded as a general result of
applicability to any DBMS.

We divide the analysis into two groups of queries.

Query executions #1 and #2: These are the query executions that obtain
better results both in execution time and tuple traffic. As shown in the plots of
those query executions, the major improvements in the traffic are obtained by
nodes HJ2, HJ3 and the Scan of Lineitem. This is because the Bit Filter created
in HJ1 with Relation Orders has significant efficiencies in query execution #1
(see Table 1). When pushing down that Bit Filter, the Lineitem table is filtered
out significantly, reducing the traffic in all its upper nodes. The plots show that
the smaller the traffic, the larger the reduction in execution time.

Another aspect to understand is the fact that the size of the Sortmem has
an insignificant influence on query execution #1 for our strategy while it has
a somewhat more significant influence on the execution time of executions #2.
The reason is that the Bit Filter of HJ1 has a large efficiency (81%) in query
execution #1 which reduces the Lineitem table to an extent that minimizes the
I/O to the compulsory reads from disk even for small Sortmem sizes.

One final aspect to note is that the executions on Sortmem sizes of 60 MB
show the reduction in CPU effort of the total execution time. In the three Post-
greSQL implementations, the size of the Sortmem reduces the amount of disk
reads to the compulsory ones. It is important to note that, even in those cases,
the amount of CPU time saved is significant which gives strength to our strategy.

Query executions #3 and #4: These executions achieve good results but
are not as significant as those in the previous query executions. They also show
that PDBF are not a burden even when there is little benefit to obtain. Query
execution #3 has a significant restriction on Part. This means that HJ3 only
has the compulsory reads from disk because the build Relation fits in memory.
Therefore, the output cardinality of HJ3 is very small in any of the three engines
tested. Also, almost all the tuples filtered out by our strategy on Lineitem are
caused by the Bit Filter created in HJ3 and the only work saved is that of
projecting the tuples from the Scan of Lineitem up to HJ3, which implies a very
little amount of execution time.

Query execution #4 does not have a restriction on Part and it has very
weak restrictions on Partsupp and Orders. Most probably, Bit Filters would not
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Fig. 3. Execution time and traffic across nodes for executions #1, #2, #3 and #4.
PDBF stands for Pushed Down Bit Filters.

be used in this case (the optimizer would not trade memory for an uncertain
execution time benefit).

I/O for query execution #1

Figure 3 shows that PDBF on query execution #1 improves the execution time
of the basic and Bit Filter implementations of PostgreSQL by more than a 50%.
Now we analyze the implications of the I/O on that query execution.

Figure 4 shows the I/O performed by each of the three Hash Joins involved in
query execution #1. We do not include the I/O for the Scan operations because
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Fig. 4. I/O for query execution #1. PDBF stands for Pushed Down Bit Filters.

it does not change. The amount of I/O in Hash Join operations varies depending
on the amount of data in the build Relations and the amount of memory available
for the Hash Joins. If the amount of data in the build Relations fits in memory,
the amount of I/O is zero in those operations, as shown in Figure 4.

The plots show a significant improvement of more than a 50% of PDBF
compared to the other implementations. There is no improvement of our strategy
in HJ1 compared to the only use of Bit Filters. This is because the Bit Filter
is in the topmost Join and the Bit Filter already reduces the probe table before
partitioning it. The amount of I/O on HJ2 and HJ3 is reduced due to the fact
that the Bit Filters are applied in the bottom leaves of the plan. Notice that as
the SortMem size is incremented, the I/O of the basic and Bit Filters executions
is reduced but is still very far from that of the I/O of our strategy.

As shown in Figure 4, the execution on 60 MB Sortmem just uses the amount
of IO necessary for compulsory reads, even for the original implementation in
PostgreSQL. However, PDBF show a significant reduction of execution time (see
Figure 3) because the amount of CPU work incurred by the tuple traffic saved
is significant.

4 Related work and discussion

The use of Bit Filters is a popular strategy to support decision support queries.
They have been used both in parallel Database management systems [7, 12, 13]
and in sequential DBMSs [2] in order to speed-up the execution of joins. The
original idea of the Bit Filter comes from the work by Bloom [1] where he
designed them to filter out tuples without join partners.



The most relevant related work is [4]. Its aim is also to reduce the traffic
between query nodes in order to reduce the I/O and the CPU costs. However,
this proposal has a couple of limitations that we overcome with our Pushed Down
Bit Filters. First, the algorithm proposed in [4] creates Bit Filters whenever an
attribute belonging to one Relation or to the outcome of an operation can filter
out tuples from another Relation. This leads to additional work and an extra
need for memory space. Our technique relies on the Bit Filters already created,
as we have shown in the paper. This saves time and memory space.

Second, as a consequence of the exhaustive creation of Bit Filters, the algo-
rithm in [4] requires a non-pipelined execution. This is so because Bit Filters
have to be created in full in order to be used. Thus, operations that create Bit
Filters have to materialize their results. Materialization of nodes always incurs
additional I/O. Our technique does not change the pipelined model of query
execution. The pipelined execution of Hash Joins yields a better performance
for multi-join queries as shown in [14], which also concludes that pipelined algo-
rithms should be used in dataflow systems. In addition, most of the commercial
DBMSs such as DB2 or Oracle use the pipelined execution philosophy to im-
plement their DBMS engines [8]. Our Pushed Down Bit Filters require a small
effort to be included in modern pipelined execution engines.

Generalized hash teams also use Bit Filters with a different purpose than we
do here [9]. The idea comes from the original idea of hash teams in [6].

The technique uses a cascaded partitioning of the input tables using bitmaps.
The partitioning is aimed at reducing the amount of I/O during the joining
process and on the final aggregation. The bitmaps are used as a partitioning
device. Our approach is not limited to multi-joins with aggregation but to a
more general class of joins and allows one table being filtered by as many Bit
Filters as different join attributes are projected from that table.

Generalized hash teams also have the limitation of false drops. When two
different values map into the same Bit Filter position there may be false drops.
False drops may cause a considerable amount of I/O in skewed environments.
Our approach, given that it is not based on partitioning, does not have the false
drops problem.

Other lines of related work include the use of Bit Filters as bitmap indexes [3,
10, 15]. In those cases, Bit Filters are used to perform joins in data warehousing
contexts with the only use of bitmaps that reduce the I/O cost.

5 Conclusions

In this paper we propose PDBF, a strategy to use the Bit Filters created in the
upper leaves of pipelined query execution plans, in the Scan nodes of the plan.

We can outline the following conclusions for our strategy. First, our strategy
reduces the amount of tuple traffic of the query plan significantly. This has a
direct influence on the amount of work to be performed by the nodes. Second, as
a consequence of the reduction of traffic, it is possible to reduce significantly the
amount of I/O of some queries. Third, the direct consequence of the reduction



of traffic and I/O is the reduction of execution time whenever the strategy can
be used. The amount of benefit varies depending on whether it comes only from
the traffic or both the traffic and the amount of I/O. Fourth, our strategy is
simple to use. It just uses the Bit Filters already created by the Join nodes of
the plan. PDBF require very simple run time data structures that only have to
be managed by the Scan operations of the plan.

As a consequence of the benefits that can be obtained and the low imple-
mentation cost, it is most advisable to use PDBF in modern pipelined DBMSs.

Topics of future research related to PDBFs are optimization and scheduling
issues and a further understanding of their applicability.
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