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Abstract

Improving the performance of data systems for join operations has long been a critical challenge. Recently, substantial
attention has been focused on optimizing multi-way join performance, particularly in reducing the overhead caused by
generating intermediate tuples that do not contribute to the final result. In this paper, we propose a novel algorithm called
SieveJoin, which extends the established Bloomjoin approach to support multi-way joins. SieveJoin sets a new benchmark
for the efficiency of join query execution. A key innovation of SievelJoin is its ability to propagate Bloom filters along
the join path, allowing the system to terminate early and avoid producing superfluous intermediate results. The primary
design objective of SieveJoin is to efficiently estimate join results using Bloom filters, while maintaining minimal memory
overhead. We analyze the bottlenecks associated with deferred multi-way joins and detail how Bloom filters are utilized
to suppress the creation of redundant intermediate tuples. To assess the effectiveness of SieveJoin, we conduct a com-
prehensive experimental evaluation using the TPC-H benchmark, citation datasets, and a synthetic dataset. Our results
compare SieveJoin with a state-of-the-art column-store database and a worst-case optimal join algorithm, highlighting its
advantages in both response time and memory usage.

Keywords Multi-way join - Worst-case optimal join - Query processing - Bloom filter

1 Introduction

The majority of database systems predominantly utilize
binary join plans to process multi-way joins [1-3]. Binary
join plans execute the join operation on two relations at a
time and have been extensively studied and optimized over
several decades [4—6]. While binary joins are flexible and
robust across many scenarios, they are theoretically subopti-
mal [7, 8]. Recent studies [9—12] have shown that they often
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produce excessive intermediate tuples that do not contribute
to the final result, leading to wasted computation and higher
query latency.

In contrast, recent research on multi-way joins aims to
circumvent the generation of useless intermediate join
results by simultaneously accessing multiple tables [13—15].
These efforts have been applied or considered in commer-
cial database systems [9-11, 16, 17]. However, some have
been abandoned due to stability concerns and performance
issues [16]. Theoretical advancements in database systems
have led to the development of worst-case optimal join
algorithms (WCQJ), such as the leapfrog algorithm [10,
18, 19], the Umbra database system [11], among others [12,
20]. Despite their potential to outperform binary joins by
filtering intermediate join results, these methods exhibit
notable disadvantages, limiting their adoption into database
systems.

Another category of efforts to enhance join processing
involves the use of Bloom filters. A Bloom filter [21-24] is
a space-efficient data structure for fast membership checks,
allowing false positives but prohibiting false negatives. In
the context of table joins, if join results could be pruned in
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Fig. 1 Types of intermediate join
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(a) Pruned Relations without AIP

advance to filter out useless intermediate join results, the
total query processing time would be significantly reduced.
Previous efforts, including the Bloomjoin algorithm [25,
26], spectral bloom filters [27], bloom filter operations [28,
29], etc [30, 31], have been limited to binary joins or could
only be applied to the same join attribute. These methods
have shown more potential in reducing data transferred dur-
ing query processing than in query optimization.

1.1 Intermediate Join Results

As mentioned earlier, binary joins are not always the ideal
choice for multi-way queries as they may generate a large
number of intermediate join results. Here, we will provide
a detailed explanation of the different types of intermediate
join results. Consider, for example, a query in the following
form:

Q := R(a,b) >, S(b,¢) <. T(c,a) @)

with the join conditions RbO=2SD and
S.c = T.c, where R, S, and T are relations with attributes a,
b, or c. The results in the final join result fall into the form
(r(as, bi), s(bj, ¢;), t(ck, ax)), referred to as a complete
join path, denoted as (r, s, £). This is termed ‘complete’ as it
involves tuples from all joined tables. Similarly, (r, s) is an
incomplete join path. In addition, this acyclic query can be
extended to perform a cyclic query, with the join conditions
Rb=Sband Sc=T.cand T.a = r.a.

1.1.1 Acyclic Incomplete Path (AIP)

Figure 1 illustrates the intermediate join results during the
processing of the cyclic query Q that extended to cyclic
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(b) Pruned Relations without AIP and CMP

query. The majority of join paths are incomplete, like (r) or
(1,s) (refer to the join paths in gray in Fig. 1). We term such
join path as Acyclic Incomplete Join Path (AIP). Notably,
71% (5 out of 7) of the join paths are incomplete.

Acyclic incomplete paths are common across workloads
and inevitable with binary join plans. In low-selectivity
queries, they lead to significant overhead from processing
intermediate results that never reach the final output. As
illustrated in Fig. 2a, pruning such paths early by filtering
table entries or indexes can greatly accelerate query execu-
tion. For example, reducing table R to R’ eliminates 60%
of its tuples (3 out of 5). Notably, acyclic incomplete paths
arise in both cyclic and acyclic joins.

1.1.2 Cyclic Mismatch Path (CMP)

For cyclic joins, intermediate join results are more complex.
Apart from AIPs, many complete join paths do not satisfy
the cyclic join conditions and are discarded during the final
condition checks, such as the red tuple shown in Fig. 1.
Although they do not meet the join requirements, they
are generated during query processing. Though ultimately
invalid, these paths are still generated during processing.
We term them Cyclic Mismatch Path (CMP).

As shown in Fig. 2b, eliminating CMPs can further
reduce relation sizes. CMPs do not exist for acyclic joins
but usually dominate the exploding intermediate join results
for cyclic joins. To address the issues caused by AIP and
CMP, this work proposes a new method, coined Sieveloin,
to prune the relations based on Bloom filters.
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Fig.4 The bloomjoin algorithm
1.2 Challenge for Complex Queries

Multi-way joins find applications in graph querying
tasks, including the graph matching problem [20, 32-34],
the clique problem [35, 36], etc. Take the graph match-
ing problem as an example. As shown in Fig. 3, find-
ing the matching graphs of Query within Graph could be
obtained by processing the corresponding conjunctive query
R(a,b) > S(b, c) > T(c,a) using RDMSs [37-39], where
R, S, and T are edge relations representing links AB, BC,
and CA, respectively.

This method is straightforward, albeit arguably time-con-
suming, as the edge relations are typically very large. How-
ever, typically the number of matching graphs is relatively
small, and most of the time is wasted on generating useless
intermediate join results.

The situation for 3-clique/4-clique queries is similar. A
{3—4}-clique query aims to find subgraphs with {3,4} nodes
such that every two nodes are connected [40]. For instance,
finding the 3-clique graph of relation R is equivalent to
Ri(a,b) > Ra(b, ¢) <1 R3(c, a). Again, many intermediate
join results are generated during query processing. Unfor-
tunately, as we shall see, there is still much to be done with
respect to improving the efficiency and space overheads
when removing unnecessary intermediate results in multi-
way join queries. We propose SieveJoin, a Bloom-filter-
based method to address this.

1.3 Contributions

This paper presents the design and implementation of Sieve-
Join, a join-boosting method addressing the aforementioned

needs. It is based on using prebuilt, a priori state (i.e., Bloom
filters), while offering, compared to the state of the art:

e 1-3 orders of magnitude shorter query response times,

e significantly smaller memory overheads (with very
small Bloom filters),

e an easy-to-implement method for existing database
systems,

e support for scenarios with frequent insertions/updates.

This paper will:

e Propose a new easy-to-implement method to boost que-
ry processing by eliminating both AIP paths and CMP
paths based on Bloom filters,

e Analyze the abilities of SieveJoin for pruning table sizes
for multiple joins,

e Perform a comprehensive performance evaluation
of SieveJoin, comparing it against state-of-the-art
RDBMs(Umbra, MonetDB) using queries based on the
TPC-H datasets, a synthetic dataset, and other open-
source graph datasets.

The remainder of this paper is organized as follows: Sect. 2
provides background on multi-way joins and introduces the
core algorithm behind SieveJoin, including Bloom filter
propagation. Section 3 details the implementation, followed
by experimental evaluation in Sect. 4. Section 5 reviews
related work, and Sect. 6 concludes.

2 SievelJoin
2.1 The Bloomjoin Algorithm

In this section, we will recall the well-known Bloomjoin
algorithm[25, 26], which inspired our work. It is designed
for binary joins. Assume there are two relations S and T,
with the join condition on S.c = T'.c. Figure 4 shows the
typical Bloomjoin algorithm, which consists of four steps.

1. Generate a Bloom filter BF, on attribute ¢ within
relation S. The Bloom filter is a large vector of bits,
which is initially set to 0. By the linear scanning and
hashing of every tuple in Attribute ¢, the corresponding
bit within BF, is set to 1.

2. Send BF, to Relation T. The size of the Bloom filter
at most is 1 bit per tuple, which is significantly smaller
than transferring the actual relation S.

3. Hasing every tuple c; of Attribute C in Relation T. If
BF..contains(c; ), send this tuple to Relation S as tuple
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stream T”. The expected number of tuples in 7", or the
Bloomjoin cardinality BC of Relation 77, is given by

BC = SCrp + bitsg(1 — e~ “F5) )
where
SCr
= 1 _—
o Cr 3)

is the fraction of non-matching tuples in T,

D

bitsg =F(1—e_?s) “4)

is the approximate number of bits set to ‘1’ in BF}
[41], SCr is the semijoin cardinality of T, F is the size
of BF,., D is the number of distinct values of Attribute
¢ in Relation T.
4. Join the tuple stream 7’ to S, and return the join
result to the user.

The Bloomjoin algorithm is designed for binary(two-way)
distributed equi-joins, and is exceptionally advantageous
for cases where the message costs are high and any table
remote from the join site is quite large. One could envisage
a straightforward application of Bloomjoin for multi-way
joins, as follows: Produce a binary join plan for the multi-
way join and repeat the algorithm for each binary join in the
plan. However, this is still a binary-join plan, suffering from
all aforementioned drawbacks (e.g., AIP and CMP interme-
diate join paths).

2.2 The Sieveloin Algorithm

Motivated by the Bloomjoin algorithm, we propose the
SieveJoin algorithm that extends the application of Bloom
filters to multi-way joins. To simplify the problem, we will
re-use relations R, S and 7, as introduced in Fig. 1. Our tar-
get is to boost query processing of the multi-way acyclic
join @ := R <, S <. T. Figure 5 shows the query execu-
tion flow of SieveJoin.

alb| @ |b|lc| ® |c|a

propagate propagate

------ s BF

______ > ©

BF, ] BF,

@ enumeration

Fig.5 SieveJoin’s training flow
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1. Propagation Phase. In this phase, Bloom filters are
generated and propagated backward. Specifically, we
generate a Bloom filter BF. on T.c. After that, Relation
S receives BF,, which is used to generate Bloom filter
BF, on S.b.

Not all tuples in S are used to generate B Fp, tuples that
belong to S and occur in .S <, T are used instead. Thus,
Bloom filter BFj}, is pruned to eliminate unnecessary
intermediate join results. We repeat this propagation
phase from S to R to generate Bloom filter BF,, on R.a.

2. Enumeration Phase. In this phase, pre-generated
Bloom filters are employed to pre-filter all participating
tables, effectively avoiding the generation of redundant
intermediate results and facilitating the production of
the final join results.

The propagation phase relies on pre-built Bloom filters to
prune the current relation and/or Bloom filter. SieveJoin
trains propagative Bloom filters via a linear scan of the tar-
get attribute while simultaneously probing relevant Bloom
filters on the fly. The prune conditions are complex, and a
detailed discussion is given in Sect. 2.3.

Note, SievelJoin adopts a simple one-pass backward
propagation strategy. Another forward propagation phase
(from leftmost to rightmost) might be applied to further
prune relations on the right side, at the cost of doubling the
training time. It has to be noted that the two-pass strategy
produces more strict Bloom filters (and perfectly pruned
tables for all), while the one-pass strategy produces less
strict Bloom filters. (e.g. BF. on the right side is not com-
pact enough, while the BFs on the leftmost side are identical
for both strategies.) Both strategies eliminate intermediate
results and produce correct join results.

Suppose there are indexes built on join attributes, we
could boost the propagation phase by accessing the indexes
directly. In addition, for predictable workloads, such pre-
built Bloom filters might be generated in advance for faster
processing of such queries. SieveJoin is applicable to exist-
ing join algorithms, including nested loop join, index-based
nested loop join [42, 43], hash join [44—46], other multi-
way joins [9, 11], etc. In this study, we demonstrate Sieve-
Join based on binary join plans, assuming a given join order.

2.3 Propagation Conditions

The propagation of Bloom filters is the core component of
SieveJoin for multi-way joins. It enables the elimination of
useless intermediate join results, including AIPs and CMPs.
In this section, we describe how to propagate Bloom filters
for acyclic and cyclic queries.

Figure 6 lists the typical propagation conditions where
the Bloom filters are generated for multi-way joins, which
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are simple propagation and equality propagation. Other
more complex conditions are simply the combination or
extension of them. For instance, a join query over a star
schema on the same attribute is simply a combination of
simple propagation.

2.3.1 Simple Propagation

Simple propagation represents the common condi-
tion to propagate Bloom filters for acyclic queries. In
this example as shown in Fig. 6a, the query segment is
LR Ri+1 >XJ... on Ri.Cg = Ri+1.02. The sup-
port for simple propagation is straightforward, and only a
sequential scan of table R; is needed.

Algorithm 1: Simple Propagation

Input: relation R;, R;y1, and Bloom filters R;;1.BF5.
Output: the propagated Bloom filter R;.BF}.

1: Initialize bloom filter R;.BF; to ‘0s’

2. for each row (¢ j,¢2,;) in R; do

3: if R,11.BF;.contains(cy ;) then

4 Insert ¢y ; to R;. Bl

5 end if

6: end for

Line 34 is the ‘approximate’ equality check of the join
condition, and tuples that contribute to the final join results
are used to generate Bloom filters. In other words, tuples
that do not satisfy the join conditions are removed to avoid

(b) Equality propagation

intermediate join results. It is ‘approximate’ as Bloom filters
allow a small portion of false positives.

2.3.2 Equality Propagation

Simple propagation is effective for acyclic queries. Take
the 3-way join query R(a,b) < S(b,c) 1T (c,a) as an
example (as shown in Fig. 1). As illustrated in Fig. 7, if it
is an acyclic query, simple propagation suffices to eliminate
unneeded intermediate join results. However, if the target
query is cyclic, (which involves an extra equality condition
on R.a = T.a), simple propagation does not perform well
as the final equality condition is not met.

The solution is to generate another Bloom filter on 7 called
BF,’ to facilitate validation of the equality condition. In
this way, we need to visit two Bloom filters to build the
compact Bloom filter BF,, (one BF} for propagation, and
another BF,,’ for equality checks). Algorithm 2 summarises
this procedure.

Algorithm 2: Equality Propagation

Input: relation R, T. Bloom filters BF,, BF,’.
Output: the propagated Bloom filter BF,.
1: Initialize bloom filter BF, to ‘0s’
2. for each row (aj,b;) in R do
3 if b; in BF), and a; in BF,’ then
4: Insert a; to BF,
5 end if
6: end for

2.3.3 Limitation of Equality Propagation

Bloom filters are designed for efficient existence checks
but do not guarantee equality conditions. Thus, the equality
propagation introduced previously approximates the equal-
ity condition checks by examining the tuple’s existence
instead. As illustrated in Fig. 7, equality propagation is able
to eliminate join path 2 as it fails the existence checks. How-
ever, path 3 is unavoidable as a=2 exists in both R.a and T.a,
and equality propagation is not able to handle such kind of
situation.

In spite of this drawback, equality propagation still elimi-
nates a large number of CMPs, which will be demonstrated
in the experimental part. In addition, we could remove
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CMPs completely, by producing actual join results and re-
generating Bloom filters for equality propagation. This pro-
cedure takes a longer time but works well for scenarios with
less frequent updates.

2.4 Limitations

SieveJoin is more advantageous for popular queries with
expected workloads. For such queries, Bloom filters could
be trained in advance, leading to highly efficient query exe-
cution. SieveJoin could also be applied to ad hoc queries,
where Bloom filters are built on-the-fly. The improvement
is marginal, and sometimes even worse than state-of-the-art.
But the reduction in data being transferred is a crucial factor
to be considered in distributed computing tasks.

In addition, as Bloom filters allow false positives and
strictly prohibit false negatives, only equi-joins are sup-
ported. Queries with inequality conditions are not sup-
ported. It is possible that the query part holding inequality
conditions could be materialized in advance; such an imple-
mentation is not studied in this paper. Finally, the propaga-
tion of Bloom filters is trained sequentially, and the parallel
training of this procedure is not studied.

3 Implementation

Sieveloin' is implemented in C++. It adopts the column-
oriented fashion where columns are stored in a list of vec-
tors. B-tree indexes are generated in advance for relevant
columns.

3.1 Reuse of Bloom Filters

Sieveloin is designed for popular queries with predictable
workloads and might also be applied to solve ad hoc queries,
where applicable. Specifically, assuming we have generated
Bloom filter BFs for a popular query template Q. If @
is a sub-query of an ad hoc query @2, these pre-generated
Bloom filters could be reused for Q5.

The application to acyclic queries is achieved straight-
forwardly. For cyclic queries, we could only reuse part of

BF;

Fig. 8 Reuse of bloom filters for cyclic joins

! code is available at https:/github.com/qingzma/SieveJoin
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the pre-generated BFs, while the Bloom filter belonging to
the final closing condition has to be re-generated on the fly.
Figure 8 demonstrates the reuse strategy for cyclic joins in
more detail. We reuse the majority of the pre-generated BFs
(BF to BF,_1) and pay extra time to generate Bloom fil-
ters for R,, and R,, 41 on the fly.

3.2 Support for Updates

Since Bloom filters are the only additional data structures
used, update performance largely depends on them. Fortu-
nately, Bloom filters support constant-time insertions with
O(1) complexity. For a new tuple ¢; inserted into relation
R;, which maintains Bloom filter BF}, we first check if
BF .contains(ty ). If true, no update is needed, costing only
O(1). Otherwise, we search from R; to its adjacent rela-
tions. Assuming pre-built B-tree indexes, the total complex-
ity is O(nlog N), where n is the number of joined relations
and N is the largest relation size.

Currently, SieveJoin based on traditional Bloom filters
only supports frequent insertions. If counting Bloom filters,
which hold a counter for each existing tuple, are applied to
Sieveloin, deletions and updates will be supported straight-
forwardly, with the cost of slightly larger space overheads.

4 Performance Evaluation
4.1 Experimental Setup

In this section, we present a comprehensive evaluation of
the SieveJoin algorithm against state-of-the-art database
systems and methods. Specifically, we compare SieveJoin
with the following baselines:

e Umbra [11]: The state-of-the-art multi-way join data-
base, which uses a heuristic optimizer to trade-off be-
tween WCOJ and binary join plans.

e MonetDB [1, 47]: The well-known column-store data-
base that exclusively relies on binary join plans.

e Postgres [2]: A free and open-source relational database
management system (RDBMS) based on binary join
plans.

All experiments are run on a Ubuntu 20.04 server with
16 CPU cores (32 threads) on an AMD 7950X processor,
128GiB RAM, and 4TB of SSD disk space. Each experi-
ment is repeated three times, and the average values are
reported. Unless specified, all systems run in parallel.
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4.2 Synthetic Workload

To demonstrate SievelJoin’s performance for cases with
a controlled number of intermediate join results, we con-
duct experiments on a synthetic benchmark, as described
in [11]. Two parameters, r € {10% 10° 105,107}, and
d e {l,...,10}, are used to control the number of inter-
mediate join results. Three relations (R, S, and 7) are gener-
ated, with R containing integers from 1 to 107, S containing
integers from 1 to (107 4+17)/2, and T containing inte-
gers from (107 —r)/2 to 107. Each integer in R, S, and
T is duplicated d times. For a pair of parameters » and
d, the number of rows in the tables for R, S, and T are
107 x d, L;”) x d, and (10727”) x d, respectively. The
resulting natural join RS <1 contains exactly r dis-
tinct integers, each duplicated d° times. Thus, the final join
results contain rd> tuples.

Figure 9 compares the response time of the query
R 1S < T among different systems and methods. Clearly,
Postgres performs the worst among them, relying purely on
binary join plans. There are even some missing values for
Postgres and MonetDB as the system runs out of memory.
Also, we notice that as the number of duplicates increases,
the runtime of binary join plans, specifically Postgres and
MonetDB, increases much more rapidly than SieveJoin and
Umbra. Umbra is based on a multi-way join implementation
that meets the worst-case optimal criteria and is more robust
with increased duplicates. Interestingly, the performance of
Umbra is slightly worse than MonetDB. On the contrary,
the query response time grows much slower for SieveJoin,
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Fig. 9 Comparison of query response time for the synthetic data

as it has the ability to ‘stop early’ and avoid the generation
of exploding intermediate join results. SieveJoin is always
at least 1-2 orders of magnitude faster than other systems.
This demonstrates the strong abilities of SieveJoin at filter-
ing intermediate join results.

We quantify SieveJoin’s ability in pruning relations when
r=10* and d € {1,...,10}. Relative size change (RSC),
as defined below, is used to reflect the change in relation
size before and after pruning.

Size of the Pruned Relation
Size of the Original Relation

Relative Size Change =

©)

Figure 10a summarizes RSC with an increased number of
duplicates d. We do not include the statistics for Relation
T as it is the rightmost relation, and there is no reduction
for such a relation if the one-pass propagation strategy is
used (refer to Sect. 2.2). As shown, the size of relation S is
reduced to 0.2% of its original size. The size of the leftmost
relation R is reduced even further. This is expected as the
propagation phase will filter more and more tuples from the
rightmost to the leftmost relation.

As shown in Fig. 10b, we represent the training time of
SieveJoin, which includes the time to load data, the time to
build traditional tree-based indexes, and the time to build
Bloom filters. It is interesting to note that it takes less time
to build Bloom filters than to build indexes. This is expected
as the complexity of updating a Bloom filter is O(1), while
the complexity of updating a B-tree is O(log(N)).

Although the training time for building indexes and
Bloom filters is much longer than the query response time,
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we argue that SieveJoin targets popular queries with pre-
dictable workloads, and Bloom filters could be prepared in
advance.

4.3 TPC-H Workload

We use a scale factor SF = 1, resulting in the largest table
having approximately 6 million rows. (Note that we also ran
experiments for SF=10 and 40, the same conclusion holds,
and these results are omitted for space reasons.). We run
acyclic joins of query X involving 5 tables, as described in
[48]. Specifically, this query aims to find suppliers and cus-
tomers in the same nations with the purchase history of the
customers, which is:

SELECT n_nationkey,
1l _linenumber
FROM nation, supplier,
WHERE n_nationkey =
AND s_nationkey =
AND c_custkey =
AND o_orderkey =

o_custkey
1_orderkey;

For this experiment, we will measure the propor-
tion of intermediate join results over the total join
paths generated during query processing. To control the
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s_suppkey,

customer ,
s_nationkey
c_nationkey

configuration id

(b) Table Size Reduction for TPC-H

proportion of intermediate join results, we make 8 con-
figurations of table lineitem, with samples of size
€ {100%, 80%, 60%, 40%, 20%, 10%, 1%,0.1%}, which
generates =~ {0.6%, 5%, 10%, 20%, 40%, 60%, 80%, 95%}
of intermediate join results.

Figure 11a summarizes the query response time from dif-
ferent systems. As the proportion of intermediate join results
increases, query response time drops. This is expected as
fewer tuples are processed and generated during query
processing, showcasing various database systems’ abili-
ties to avoid the generation of intermediate join results. The
performance of Umbra and MonetDB is similar. Postgres

c_custkey, o_orderkey,

orders, lineitem

performs the worst, and the system runs out of memory
(128GB) in many cases.
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Fig. 12 Performance for citation
workload
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Figure 11b shows the reduction in table size with the par-
ticipation of Bloom filters. The leftmost tables nation and
supplier are small (with tens or hundreds of tuples), and
pre-trained Bloom filters indicate that all tuples in these two
tables are involved in the final join result.

Similar to Fig. 10a, we notice a significant reduction in
table size for cases with large intermediate join results (see
configuration id=8, where the proportion of intermediate
join result is = 95%). Specifically, customer enjoys two
orders of magnitude reduction in table size, and orders
enjoys three orders of magnitude reduction. For other con-
figurations, as there are fewer intermediate join results, the
reduction in table size becomes less significant.

4.4 Citation Workload

This section presents the experimental evaluation of cyclic
joins. The arXiv HEP-PH citation graph [49, 50] contains
27,770 papers and 352,807 citation edges, where each row
represents a citation from id1 to id2. A clique join on this
dataset identifies patterns where papers cited by paper p also
cite p. The 4-clique query is:

SELECT t1.k1,
FROM t1, t2,
WHERE t1.k2
AND t2.k2
AND t3.k2
AND t4.k2=

t2.kl,
t3, t4
t2.k1
t3.k1
t4 . k1
Wik ol g

t3.kl, t4.

, where table {14} are the same table in the dataset. We run
experiments for 3-clique and 4-clique queries.

Figure 12a compares the query response time. Clearly,
the parallel version of SieveJoin outperforms other systems
with 1-3 orders of magnitude reduction. For the 3-clique

350000

300000

250000

1ze

200000

table s

150000

100000

50000

363 1039

4-clique

3-clique 4-clique

query type

(b) Table Size Reduction for Citation

query, even a single-threaded SieveJoin beats other systems
by at least 10 times.

We further demonstrate SieveJoin’s effectiveness in
eliminating intermediate results from both AIPs and CMPs.
In cyclic joins, both types exist; in acyclic joins, only AIPs
appear. In Fig. 12b, the yellow bars show the original size
of the citation table, while black bars indicate the size
after pruning AIPs and CMPs. citation-AIP-{1-4} denotes
the pruned sizes of 3/4 views for 3-clique and 4-clique que-
ries. Removing only AIPs reduces table size by 20% for
3-clique and 25% for 4-clique. To further eliminate CMPs,
we apply equality propagation (Sect. 2.3) in Sieveloin,
leading to substantial reductions in final table size-down to
3639 and 10,396 rows—achieving one to two orders of mag-
nitude reduction.

The citation dataset is sparse but generates an over-
whelming number of intermediate results. Designed for
such cases, SieveJoin achieves orders-of-magnitude reduc-
tions in query time, even with simple binary join plans.

k1l

5 Related Work

With respect to multi-way joins, the existing solution space
mainly falls into two categories: binary joins, and worst-
case optimal joins.

@ Springer
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Binary joins target the join procedure between two rela-
tions, and are extensively studied and optimized over the
past several decades [4—6]. Techniques of various formats
are used to improve the execution efficiency of binary joins,
including indexes [51, 52], selections on row-store [2] and
column-store [1, 53, 54], design choice for on-disk and in-
memory databases [3, 55]. Binary joins provide great flex-
ibility, high reliability, and robustness for a variety of query
workloads, and are applied in to mainstream RDBMSs and
big data infrastructures for multi-way joins processing.
Recent advances in database theory show that binary join
plans are theoretically suboptimal [7, 8], a conclusion fur-
ther supported by empirical studies [9-12]. The main bottle-
neck lies in binary joins’ inability to eliminate exploding
intermediate results. Join paths are often generated only to
be discarded later due to missing matches, leading to unnec-
essary I/O and slower query processing.

Worst-case optimal joins (WCOJ) have gained atten-
tion following recent advances in database theory by Ngo
etal. [7, 8, 56]. This algorithm was proposed with a tighter
asymptotic runtime complexity compared with binary joins.
The Leapfrog Triejoin algorithm [10], extends the idea of
sort-merge join to multi-way joins, achieves great success
and is adopted in the LogicBlox system [57]. Extensions or
variations of the Leapfrog algorithms have been adopted in
distributed query processing [58, 59] and graph processing
[60, 61]. Umbra [11] uses a Hash Trie for fast tuple access
and introduces a heuristic optimizer to choose between
binary and WCOJ plans, achieving state-of-the-art perfor-
mance. Other multi-way join efforts include [12, 62, 63],
etc.

Works on applying Bloom filters for join query process-
ing are closest to SieveJoin. Bloomjoin [25, 26] was the
early study that adopted Bloom filters to reduce data trans-
ferred between sites. [26] shows that Bloomjoin consistently
outperforms the basic semi-join algorithm. LIP [64] relies
on Bloom filters to generate a robust and efficient query
plan for multi-way joins, the work focuses on the order of
applying Bloom filters and is limited to star schema. Bit-
vector filtering [65] further analyzes a much broader range
of decision support queries and plan search space, reducing
CPU execution time significantly. Bloom filter operations
[28, 29] are used for improving multi-way join performance
in the distributed environment, and they introduced new
bloom filter operations to support this. However, such oper-
ations could only be applied to the same join attribute.

@ Springer

6 Conclusion

In this paper, we introduce SieveJoin, a Bloom filter-based
algorithm designed to boost multiple join operations effi-
ciently. The distinctive feature of SieveJoin lies in its abil-
ity to ‘stop early’ by leveraging Bloom filters, thereby
eliminating unnecessary intermediate join results. The core
insight is the proactive pruning of tables involved in mul-
tiple joins, optimizing for popular workloads and maintain-
ing information integrity for accurate results. SieveJoin
delivers significant query speedups with minimal memory
overhead, leveraging the compactness of Bloom filters. The
introduction of acyclic incomplete paths (AIP) and cyclic
mismatch paths (CMP) intermediate join results, along with
the propagation of Bloom filters, opens up new avenues for
join processing optimization. The paper provides a com-
prehensive evaluation of SieveJoin against state-of-the-art
databases. The evaluation considers various aspects, includ-
ing query processing speedup, data size reduction, model
training time, and additional space overheads. Future work
will focus on exploring equality propagation and enhancing
the integration of SieveJoin with other database systems,
aiming to further advance the efficiency and applicability of
the proposed algorithm.
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