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Abstract

This paper studies recursive join queries, which are witnessed in
recent industrial applications such as event sequence analysis and
traceability analysis. The recursive join query has the possibility to
invoke deeply nested joins. Known pruning techniques generating
pruning filters at compile time may not be able to exploit prun-
ing opportunities, in particular for deep joins, at full. This paper
explores dynamic pruning for recursive joins. Dynamic pruning
generates pruning filters during query execution; a pruning filter is
made based on the result of each recursive step, and it helps to more
significantly reduce the amount of relation records to be accessed
at the next recursive step, hence improving the query performance.
This paper presents the intensive and extensive experiments that
we have conducted with a commercial prototype database engine
to clarify the performance benefit of dynamic pruning with four
business benchmark scenarios. Our observation demonstrates that
dynamic pruning significantly speeds up recursive join queries and
non-recursive join queries having deeply nested joins; it works up
to 135.6 times faster than the baseline case and 3.99 times faster
even than the state-of-the-art pruning approach. In addition, our
concise filter design only yielded negligibly small processing over-
heads for ineffective queries, even though the filter was intensively
manipulated at runtime.
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1 Introduction

Recursion is a fundamental idea widely seen in data structures and
search algorithms [22]. How to incorporate recursion into database
queries was actively explored in the deductive database study in the
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1980s [3, 9, 11, 35, 77, 78, 82, 96]. To date, many commercial database
engines hold the processing capability of recursive queries [76].
The query optimization on recursive queries was not necessarily
actively studied in the academic community [69], but it is becoming
a lively topic due to the recent demand for complicated query
processing [6, 38, 39, 42, 98, 100, 102, 111].

We have explored the technical opportunity of more intensively
pruning the processing work necessary for recursive joins by ex-
ploiting execution information available at runtime. This attempt
has been motivated by recent emerging workloads, such as event se-
quence analysis [37, 44] and traceability analysis [14, 50, 53], since
they are naturally described by recursive queries.

This paper studies dynamic pruning that generates and prop-
agates pruning filters during query execution. Dynamic pruning
exploits the runtime available information for building the filter.
Specifically, a separate filter is allowed to be made based on the
result of each recursive step, and it helps to more significantly
reduce the amount of relation records to be accessed at the next
recursive step. Hence, dynamic pruning potentially improves the
query performance, particularly of recursive join queries having
deeply nested joins [10, 20, 68, 69, 75, 79].

This paper presents our experiments to clarify the performance
benefit of dynamic pruning. We have prototyped dynamic pruning
on HADB, Hitachi’s commercial database engine [40], and con-
ducted comparative studies with standard decision-making bench-
marks (TPC-H [93] and TPC-DS [92]), a manufacturing business
database benchmark (4mbench [29]) and citation network analysis
(cit-analysis). TPC-H and TPC-DS have the benefit of being utilized
in many database performance studies, but their original queries
have no recursive joins. Thus, we have appended four recursive
queries of event sequence analysis that work on the TPC-H schema
and dataset. 4mbench contains three recursive queries that simu-
late traceability analysis jobs on the manufacturing event history.
cit-analysis is composed of five recursive queries [83]. The experi-
ments have confirmed that dynamic pruning substantially speeds
up recursive join queries and even some non-recursive join queries,
specifically performing up to 135.6 times faster than the baseline
case and 3.99 times faster even than the state-of-the-art pruning ap-
proach. Interestingly, it yielded only negligibly small performance
penalties for queries for which the pruning is not effective. A vision
for applying runtime pruning techniques to complicated queries
was addressed in recent work [13, 21, 51, 55, 65]. The contributions
of this paper can be summarized as follows.

o This paper explores the unique opportunities brought by
dynamic pruning for recursive joins that have been witnessed
in recent industrial applications.
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Figure 1: A case of backward traceability in the food processing business [46, 59]. Each arrow indicates a transition step in the
traceability analysis. Starting from a processing event (indicated by the right-most pink circle) that produces a final product, the
query recursively traces back each of its associated events until it reaches all the associated primogenial events (i.e., blue circles).

o This paper formalizes a specific algorithm for dynamic prun- history from a final product (or intermediate product) to each of
ing to enable the transitive propagation of the pruning filter its previous products. Figure 1 illustrates the processing of such
among different operators to reduce the IO amount, and a backward traceability query. Another expected capability is fo-
its implementation techniques that we have employed to cused defect influence investigation; in case that a defective status
prototype it on a commercial database engine. is detected in a specific machine in a production pipeline, this capa-

o This paper presents the intensive and extensive experiments bility walks through the manufacturing history to identify all the
that we have conducted with the commercial prototype to intermediate and final products that are possibly affected by the
clarify the performance benefit of dynamic pruning with defect. The query involves a recursive step of tracing forward the
four business benchmark scenarios in comparison with other production dependency history. Traceability workloads are seen
pruning techniques. in other applications such as social network analysis [5, 7] and

software security management [24, 45].

A practical software solution for enabling this type of analysis
has been to employ a specialized technology like graph database
engines that have the capability of obtaining transitive closures
efficiently [23, 70, 88, 111]. Another possible solution is to allow
relational database engines to run this type of analytical query
efficiently in order to consolidate different analytical workloads into
one place. The recursive query is by no means new for relational
database engines. Modern commercial database engines support
the recursion, being able to answer recursive queries [76]. Yet,
2.1 Motivation the performance optimization of the recursive query has not been
actively explored [38, 69].

Dynamic pruning is our solution for relational database engines
to improve the execution efficiency of recursive join queries. The
basic idea of dynamic pruning is to generate a pruning filter based
on the result of each recursive step and to leverage the filter to
reduce the amount of relation records to be accessed at the next
recursive step during query execution. Being dynamically gener-
ated in the recursion loop, the filter remains effective even at deep
recursive steps. Our experiments with a commercial prototype, later
presented in Section 5, have demonstrated that dynamic pruning
performs better than the state-of-the-art pruning technique for
recursive join queries.

The remainder of this paper is organized as follows. Section 2
presents the motivation for this study and reviews the related work.
Section 3 presents a formal definition of recursive join queries and
a brief survey of its major algorithms. Section 4 explores dynamic
pruning in contrast with existing pruning techniques. Section 5
presents our experimental study to clarify the performance benefit
of dynamic pruning. Finally, Section 6 concludes the paper.

2 Motivation and related work

Let us motivate the study of the query optimization of recursive
joins by giving two specific applications.

One major application is event sequence analysis [37, 44]. Sup-
pose a retail history database that stores customer orders. Business
owners often try to figure out ordering patterns that are specific
to customers of high loyalty because they are helpful in designing
business improvement plans. Let us suppose a business query to
enumerate customers who ordered Z after ordering X once and
then ordering Y more than three times but placed no other orders
between the order of X and the order of Z; expected customers are
supposed to have ordering patterns like state transitions X->Y->Y->

. =>Y->Z in chronological order. One possible query definition
describes the iterative part by using the recursion; specifically, it

verifies the transition Y->Y recursively after the transitions X->Y 2.2 Related work
and then verifies the transition Y->Z. Similar queries are seen in The idea of passing sideways information (i.e., data other than
other business scenarios on clinical episode analysis [36, 60, 97] output tuples) from one portion to another portion during query
and online game activity analysis [17, 32]. execution was attempted in early studies on distributed database
Another major application is traceability analysis [14, 50, 53]. and deductive database in order to improve the efficiency of query
Suppose a manufacturing business database that stores every pro- processing. Bernstein et al. presented the semi-join operator to
cessing event in a manufacturing firm. A capability of exhaustive allow database nodes in the distributed environment to produce
production inspection or bill-of-materials inspection potentially and exchange projected attributes before performing a join opera-
reduces the delivery of defective products by thoroughly verifying tion [12]; the exchanged attributes helped each node to reduce the
the manufacturing history before shipping every product. Its query amount of tuples to be shipped to another node via the network
often involves a recursive step of tracing back the manufacturing for the join [49, 57, 107]. Mackert et al. presented another idea of
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using Bloom filters instead of projected attributes [58]. To date, the
Bloom filter and its variations, hash-based filters, have been actively
explored [18, 41, 62, 73, 90]. Typically, these filters are exploited
in join and join-like operations. The filter is generated from the
outer block (e.g., a build phase in hash join or a main subexpression
invoking a subquery), and it is then propagated to the inner block
(e.g., a probe phase or an invoked subquery); the inner block lever-
ages the filter to prune its output tuples to be shipped back to the
outer block, thus reducing the computation cost of the join. These
techniques have been employed in recent commercial database
engines [1, 26, 84]. Yet another filtering technique was magic sets
rewriting, presented by Bancilhon et al. [9] for declarative logic
programming. Similarly, it identifies the possible value bound from
the outer block (originally, a DataLog rule) and propagates it to the
inner block to reduce the costly work of the main query [11]. This
idea was later extended to SQL queries [63, 81].

These runtime pruning techniques work elegantly to reduce the
computation of the join and join-like operations. In contrast, dy-
namic pruning presented in this paper reduces the IO amount to be
issued for the inner block by merging the pruning filter generated
from the outer block with the summary information on the storage
layout. The idea of combining the pruning filter and the summary
information to reduce IOs was recently presented by Kandula et
al. [71]. Their design philosophy was to intensively exploit the pred-
icate information and the summary information at compile time
(i.e., instead of at runtime), while relieving the runtime overhead
by simplifying the execution mechanism. Our study has demon-
strated that the dynamic pruning approach performs much better
for recursive join queries with negligibly small overheads induced
by runtime filter generation and evaluation.

An early paper authored by Stocker et al. presented a poten-
tial benefit of applying the semi-join operator to reduce the IO
amount [85]. Nica et al. presented an idea of extending the runtime
partition pruning technique (skipping unnecessary partitions) to
partition-wise joins and reported the potential pruning effects [65].
Several papers on commercial/open-source implementation ad-
dressed a similar idea as a design option [13, 21, 51, 55]. To our
knowledge, the unique contributions of our paper are that we have
formalized an algorithm for dynamic pruning to enable the transi-
tive propagation of the pruning filter among different operators to
reduce the IO amount, and we have experimentally demonstrated
its pure performance benefits for recursive joins and deeply nested
joins on a commercial database engine.

Ives et al. introduced the adaptive approach to pass the sideways
information between separate joins mutually correlated through
predicates for push-style query processing [41]. Neumann et al.
extended this approach to concurrently running joins by passing the
on-the-fly information on RDF graph processing [64]. Our approach
uses only the completed result of every join step, offering significant
performance benefits for recursive queries.

Several recent query optimization studies have again shed light
on the DataLog engine [6, 39, 42, 98, 111]. Wang et al. proposed a
rewriting rule, called the FHG rule, for optimizing recursive Dat-
aLog programs with query synthesis [100]. Wu et al. developed
a parallel evaluation framework for recursive DataLog programs
tuned for the in-memory multicore environment [102]. Herlihy et
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Algorithm 1 Seminaive algorithm.

L Ry « 0ps (S) Mg y=Tx 0py (T) > Anchor step
2: R« R]

3: ford « 1;|Ry| > 0;d «— d+1do > Recursive steps
4 L Ras1  Rg MRy j=1.i oy (T)

5 R— RURy

6

: return R

al. proposed an adaptive mechanism for enabling runtime query re-
optimization and code regeneration [38]. Our study has focused on
the runtime pruning mechanism to reduce the IO amount necessary
for relational recursive queries.

3 Recursive join

This section formally defines a recursive join query and reviews its
algorithms that work on relational database engines.

3.1 Problem definition

A recursive query is a query containing recursion in its definition.
The study on recursive queries can be traced back to the deductive
database technology that was actively studied to combine logical
programming and relational database in the 1980s [3, 9, 11, 35, 77,
78, 82, 96]. A variety of forms are theoretically possible in recursive
queries. This paper studies a recursive join query [10, 20, 68, 69, 75,
79] of the following form to fit in the emerging business demand
discussed in the previous section.

Definition 3.1. (Recursive join query) A recursive join is defined
as an operation to obtain R satisfying:

R, = Ops (S) D<]S‘y:T.x Opr (T
Ras1 = Rg MRy j=1.i op; (T)

R=| Ry

from input relations S and T, where ps(s), pr(t) and p’T(t) are the
predicates of a tuple s in S and a tuple ¢ in T, respectively. A recursive
join query refers to a query containing the recursive join.

(d=1)

So far, major work on recursive join queries used a simplified
definition that considers a single relation T for recursion and joins
T with itself recursively [68, 69, 79]. We have, however, chosen
the above definition that extends the simplified definition since a
distinction between a relation S for the anchor step and a relation T
for the recursive steps is essential for business queries that we have
observed in industry applications. Obviously, assuming that S is a
unit relation that satisfies T = S X T and that pg (s),pT(t),p’T(t)
always return true, our definition is equivalent to the simplified
definition.

3.2 Algorithms to evaluate recursive join
queries

Known algorithms to evaluate recursive join queries can be grouped
into two approaches, seminaive and direct. The seminaive algorithm
is a straightforward bottom-up solution, being composed of an
anchor step for obtaining R; and one or more recursive steps for
obtaining Ry, 1(d > 1) [10]. Algorithm 1 presents a pseudo code,
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Algorithm 2 Static pruning.

Algorithm 3 Dynamic pruning.

: Yo, Y1 < FINDPRUNINGRANGE(S, y)

T} < PRUNESEGMENTS(T, X, Yo, Y1)

. ford=1;d < N-1;d++do

Jjos j1 < FINDPRUNINGRANGE(T, j)

Téﬂ « PRUNESEGMENTS(T, i, jo, j1)

Ry «— aps (S) NS.y:Tl’.x Opr (Tl/)
R (—Rl
ford « 1;|Ry| > 0;d «— d+1do

% Ran — Ra ¥y ot i op (T,
10: | R« RURy
11: return R

> Anchor step

I A A T o A

> Recursive steps

// Find a pruning range for attribute a of relation R.

12: function FINDPRUNINGRANGE(R, a)

13: if min/max statistics of a in R is not available then
14: L return —oo, co

15: kmin, kmax ¢ 00, —00

16: for all segment s in R do

17: L ag, ai < attribute a min/max from statistics of s
18: kmin < min (kmin, 40), kmax < max (kmax, a1)
19: | return kyin, kmax

// Prune segments of R with a range [kmin, kmax| of attribute a.
20: function PRUNESEGMENTS(R, 4, Kmin, kmax)

21: if min/max statistics of a in R is not available then
22: | returnR

23: R« 0

24: for all segment s in R do

25: ag, ai < attribute a min/max from statistics of s
26: if =(kmax < ao V a1 < kpin) then

27: | R <R U{s}

28: . return R’

where intermediate relations, Ry and Ry, are supposed to be stored
as temporary relations in the database. For simplicity, the algo-
rithm assumes the equi-join, but it can be directly applied to other
joins. For example, Section 4.4 will present a case with inequality
expressions. Although the presented code allows the recursion to
continue until it converges for simplicity, the code may be adjusted
to limit the recursion by a certain boundary. Another solution is
the direct algorithm that uses the spatial structure of a transitive
closure problem, being able to complete in a fixed number of steps
but potentially yielding redundant processing [3, 43, 80, 101].

The remainder of this paper focuses on the seminaive algorithm
for discussing the pruning technology because it often performs
better for business workloads that this paper assumes and it has
been studied in other papers [68, 70].

4 Dynamic pruning for recursive joins

This section reviews existing pruning techniques that potentially
work for general selection and join queries. Then, we present our
solution, dynamic pruning, to improve the execution performance
of recursive join queries.
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1: 8,10, y1 < SCANANDFINDRANGE(S, 4, ps)

> S’ may have scan processing states (e.g. hash build table).
2 T/ « PRUNESEGMENTS(T, X, Yo, §1)
‘R 9 M/ y=T/ x Opr (1) > Anchor step
: R« R]
: ford « 1;|Ry| > 0;d «— d+1do
R_;, Jo, j1 < SCANANDFINDRANGE(Ry, j,p(r) = T)

Té+1 <« PRUNESEGMENTS(T, i, jo, j1)

3 I ’ ’ : ’ 4

8: Rd+1 «— Rd MRd'J:TdH'l O'pT (Td+1)
9: R« RUR

: return R

> Recursive steps

N oW

// Scan oy (R) while finding a pruning range for attribute a
11: function sCcANANDFINDRANGE(R, a, p(r))

kmin, kmax < 00, —c0

13: R’ « ( with scan processing states (e.g. hash build table)
14: for all segment s in relation R do

15: for all record r in segment s do

16: if p(r) then

kmin, kmax_‘_ min(kpin, 7.a), max(kmax, .a)

AddrtoR’

17: L
18:

19: return R’, kyin, Kkmax
Scan Previous Previous
result ... result ., result temmsmsmans
Pruning R1 Pruning RZ Pruning
filter filter filter
S T T T

Anchor step

Recursive step #1 Recursive step #2

Figure 2: Dynamic pruning for recursive joins.

4.1 Summary information and trivial pruning

Modern database engines manage the summary or statistical in-
formation of stored datasets and their organization [15, 65, 86, 91].
Typically, the summary information contains ranges (i.e., minimum
and maximum values) for possible key attributes of relations in
each segment in the database [31, 47, 52, 61, 89, 112, 113]. This
paper uses a term, segment, to refer to a database part for which
the range information is managed. The definition of segment varies
with implementation; it may be a physical unit (e.g., a fixed number
of consecutive pages) or a logical unit (e.g., a database partition
storing records satisfying a specific condition). An example of the
summary information will be presented in Section 4.4 and Figure 3.

It is known that, coupled with predicate pushdown, the summary
information potentially allows a scan operator in a query to perform
more efficiently [56, 65, 87, 106]. Normally, the scan operator visits
every database segment, in which it scans or searches records in a
target relation and transfers only records satisfying the predicate
condition (described in a query) to its next operator. The summary
information enables the scan operator to make a decision about
whether to visit every segment by evaluating the compatibility
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between the range information of the segment and the predicate
condition. The scan operator is allowed to skip the scanning job
for segments, in each of which it is confirmed no possible records
satisfying the predicate condition are stored. This paper calls this
approach trivial pruning since the filtering condition is trivial to the
optimizer. Recent parallel/cloud platforms have eagerly employed
this pruning technique [4, 8, 19, 48, 103].

The join operation is binary. The trivial pruning technique is
independently applicable to a scan operator connected to each side
of the join operation [16, 27, 33, 34, 67, 72], and it is the case even
though the join is recursive. When it comes to the seminaive algo-
rithm (Algorithm 1), the scan operators may be able to exploit the
predicates ps(s) for S, pr(t), p7.(t) for T with the summary infor-
mation to skip incompatible segments, thus potentially reducing
the scan work and improving the query performance.

4.2 Static pruning

It is known that the pruning opportunity for the join operation
can be extended in consideration of the dependency induced by
the join predicate. One major approach is to generate a pruning
filter from the summary information on a left-handed (i.e. firstly
scanned) relation and the query predicate at compile time, and then
to apply the pruning filter to the scan job of a right-handed (i.e.
secondly scanned) relation during query execution [71].

Suppose that two relations R and S are stored in the database,
and the summary information reserves range values on R.r and R.x
for R and those on S.s for S. Let us think about a join operation,
0Rx(R) MR r=s.s S, where the scan job on S follows the scan job on
R. Merging the selection condition given at og , and the summary
information (i.e., range values on R.r and R.x) can yield a pruning
filter describing the ranges in R.r in which records possibly exist
in R. Further merging the join predicate R.r = S.s and the previous
filter can yield another pruning filter describing the ranges of S.s in
which records possibly exist. This calculation is feasible at compile
time [2]. The resulting pruning filter may be leveraged in the right-
handed scan of the join operation, being likely to offer a better
pruning effect for the join operation than trivial pruning. This
paper calls this pruning approach static pruning since a pruning
filter is statically determined at compile time.

Static pruning is also directly applicable to recursive joins. Al-
gorithm 2 presents a revised code of the seminaive algorithm with
static pruning. Lines 1 to 5 are a preprocessing part to generate
pruning filters ([yo, y1] for the anchor step and [jo, j1] for each
iteration of the recursive step) and apply these filters to obtain
pruned relations T)(d = 1,- - - ) at compile time and Lines 6 to 11
are a runtime part to process scan and join operators with pruned
relations T).

4.3 Dynamic pruning

Let us further extend the pruning opportunity for the join operation
by generating the pruning filter during query execution rather than
at compile time. The basic idea is to generate a pruning filter directly
from the scan job of a left-handed (i.e., firstly scanned) relation and
the query predicate during query execution and apply the filter
to the scan job of a right-handed (i.e. secondly scanned) relation.
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We have named this idea dynamic pruning since a pruning filter is
dynamically determined while the query is being executed.

Again, suppose a join operation, og x(R) Mg r=s.s S. Dynamic
pruning summarizes the scan result of og xR during query exe-
cution to yield a pruning filter along the R.r key space, and then
it converts the pruning filter along the S.s key space. In contrast
to static information that leverages the pre-determined summary
information, dynamic pruning exploits the runtime information,
which allows the query processing to obtain a more precise prun-
ing filter and thus achieves a better pruning effect, particularly for
deeply nested joins.

Algorithm 3 presents a revised code of the seminaive algorithm
where dynamic pruning is incorporated. A separate pruning filter
is generated at runtime ([yo, y1] at Line 1 and [jp, j1] at Line 6)
and applied for the scan job (Lines 2 to 3 and Lines 7 to 8), where
the filter is coupled with the summary information, identifying
segments that can be skipped for the scan job. Figure 2 illustrates
how the pruning filter is generated and propagated.

4.4 Case study

So far, we have presented two pruning approaches, static pruning
and dynamic pruning, which help to improve the execution per-
formance of recursive join queries. Here, we present a case study
to demonstrate that dynamic pruning offers better pruning effects
than static pruning.

Figure 3 illustrates an example case!. Suppose that the database
has two relations, CUSTOMER and ORDERS, and the ORDERS
records are partitioned among four separate segments for each
month of ODATE; this record distribution is managed in the sum-
mary information.

Let us think about a recursive join query (tracing forward the
order history of a specific customer) as follows:

Ri =0p,(c,0)(C Mcem=0.cm O)
where p;1(C, O) = C.CNAME = ’Jimmy Kudo’
A O.ODATE € [1994-01-01, 1994-01-15]

Rii1 =Rg Mp,0,ry) O
where p2(O,R) = R.cip = O.cID
A O.ODATE € [R.ODATE + 1day, R.ODATE + Imonth]

R=| JRy

where CUSTOMER and ORDERS are abbreviated to C and O, re-
spectively.

Consider how static pruning works for this query. Note that
static pruning generates a pruning filter by using the query predi-
cate and the summary information at compile time. (1) Looking into
the anchor step for obtaining Rj, the selection and join predicate
derives a pruning filter indicating that the compatible ORDERS
records exist only in the ODATE space of [1994-01-01, 1994-01-15].
Being coupled with the summary information, the query optimizer
is informed that the scan operator on ORDERS has to visit only seg-
ment #1 and it can skip segments #2 to #4. (2) When it comes to the
first recursive step for obtaining Ry, by applying the join predicate

1Obviously, the example case follows a simplified schema of TPC-H [93] because this
is familiar to the database technology community.
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Figure 3: A comparative case study of static pruning and dynamic pruning for recursive joins

to the pruning filter derived in the anchor step, the query com-
piler can obtain a next pruning filter indicating that the compatible
ORDERS records exist only in [1994-01-02, 1994-02-15]. This range
corresponds to segments #1 and #2; the query compiler invokes the
scan job on segments #1 and #2. (3) The remaining steps work simi-
larly. In the second recursive step for Rs, further application of the
join predicate yields a pruning filter of [1994-01-03, 1994-03-15].
The scan operator has to visit segments #1 to #3 since they are
corresponding to this range. In the third recursive step, the pruning
filter becomes [1994-01-04, 1994-04-15]; thus the scan operation is
invoked on the corresponding segments #1 to #4.

This example implies that static pruning propagates a pruning
filter beyond every join operation and thus offers effective prun-
ing performance for recursive joins. However, the pruning effect
degrades at deep recursive steps. Static pruning only generates
pruning filters by using the summary information and the given
query predicates at compile time. Clues available at compile time
are by no means sufficient to fully exploit the pruning opportunity
at deeply nested joins.

In contrast, dynamic pruning generates a pruning filter during
query execution, exploiting the intermediate result to sophisticate
the pruning. (1) Again, looking into the anchor step, the scan result
of CUSTOMERS derives a pruning filter indicating that the compat-
ible ORDERS records exist only at the ODATE value of 1994-01-10.
Being coupled with the summary information, the query optimizer
is informed that it needs to invoke the scan job only on segment #1
and it can skip segments #2 to #4. Hence, the anchor step obtains Ry
having Record #1 (1994-01-10). (2) In the first recursive step for ob-
taining Ry, the query executor applies the join predicate to the range
of R; to offer a next pruning filter indicating that the compatible
ORDERS records exist only in [1994-01-11, 1994-02-10]. This range
corresponds to segments #1 and #2; the query compiler invokes the
scan on segments #1 and #2. As a result, this step obtains Ry having
Records #3 and #4 ([1994-02-05,1994-02-10]). (3) The remaining
steps work similarly. In the second recursive step for R3, further
application of the join predicate to Ry yields a pruning filter of
[1994-02-06, 1994-03-10]. The scan operator has to visit segments
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#2 to #3 since they correspond to this range. This step finally obtains
Rs3 having Records #5 and #6 [1994-03-03, 1994-03-09]. In the third
recursive step, the pruning filter becomes [1994-03-04, 1994-04-09];
thus the scan operation is invoked only on the corresponding seg-
ments #3 to #4.

This study indicates that dynamic pruning offers better pruning
effects than static pruning, particularly performing successfully at
deep recursive steps. This benefit comes from its unique capability
of generating pruning filters by utilizing the runtime information
such as intermediate results. Specifically, dynamic pruning is able
to generate a pruning filter from the result of its previous step.

For simplicity, this example assumes that different segments are
responsible for disjoint ranges. The pruning mechanism works if
different segments overlap in range.

4.5 Implementation

We have prototyped dynamic pruning in Hitachi’s commercial
database engine, HADB [40]. This section summarizes our imple-
mentation strategy.

HADB manages the summary information for each relation at
two levels. Specifically, it embeds range index [61, 89, 113], a concise
data structure storing minimum and maximum values for concerned
key attributes, in every chunk (i.e., a table partition of records sat-
isfying a specific range condition) and every extent (i.e., a fixed
number of consecutive pages) for each relation. A chunk is a larger
allocation unit, being composed of multiple extents. At every query
block (i.e., a series of pipelined operators), HADB generates a prun-
ing filter by checking each outgoing record and keeping minimum
and maximum values for each attribute appearing in the predicate
to be evaluated at its next query block. At its next query block,
HADB combines the pruning filter and the summary information
to identify chunks and extents to be actually scanned.

In this way, we have employed a very concise filter design (only
managing a single range for each attribute in the summary infor-
mation and the pruning filter), but intensive filter generation and
evaluation (generating a filter by checking each outgoing record
and evaluating it for each chunk and extent). As shown in Section 5,
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Table 1: Recursive join queries on TPC-H and 4mbench.

(2) TPC-H

RQ1 | Enumerates the high-loyalty customers having placed
continuous orders.

RQ2 | Enumerates the order histories of customers having
placed orders in a specific purchasing pattern.

RQ3 | Enumerates the customers having bought products of a
specific brand repeatedly.

RQ4 | Makes a list of popular products that have been continu-
ously sold within a specific duration.

(b) 4mbench

Q3 ‘ Calculates the distribution of production lead time.

Q4 | Verifies the normality of all ancestor processing events
associated with a specific final product.

Q5 | Enumerates all the final products possibly affected by
specific defective materials.

this strategy works well; it offers significant speedups for many
recursive join queries and deeply-nested join queries, but it only
yields negligibly small overheads for ineffective queries.

5 Experiments

This section presents our intensive and extensive experiments to
clarify the performance benefit of dynamic pruning for analytical
queries on a commercial database management system on a modern
enterprise machine. Our observation indicates that dynamic prun-
ing speeds up recursive join queries and even some non-recursive
join queries more significantly than other pruning techniques.

5.1 Experimental setup

5.1.1 Test cases and business workloads. For a comparative study,
we prototyped the five pruning test cases as follows in HADB 05-
07/A, Hitachi’s commercial database management system tuned
for analytical workloads [40]. Baseline corresponds the basic al-
gorithm, Algorithm 1, with trivial pruning. Specifically, this case
does not generate or propagate any pruning filters in a recursive
join process. It only utilizes a trivial predicate to skip segments.
Static-A generates a pruning filter for an anchor step in a recursive
join process at compile time and then propagates it during execu-
tion. This case partially implements Algorithm 2. Static-AR (static
pruning) generates pruning filters for anchor and recursive steps
in a recursive join process at compile time and then propagates
them during execution. This case is equivalent to Algorithm 2, the
state-of-the-art pruning approach [71]. By nature, the necessary re-
cursive depth (i.e., N at Line 3) is unknown before query execution.
For comparison fairness, we conducted preliminary tests in advance
for every test query to figure out the recursive depth and utilized it
for performance tests so that we could observe the tuned perfor-
mance. Dynamic-A generates and propagates a pruning filter for
an anchor step in a recursive join process during execution. This
case partially implements Algorithm 3. Dynamic-AR (dynamic
pruning) generates and propagates pruning filters for anchor and
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(a) Query response time. (b) Query execution speedups.
Figure 4: Execution performance comparison among differ-
ent pruning techniques for a test recursive join query (RQ1)
on the TPC-H dataset (scale factor: 1,000). Dynamic pruning
of recursive joins (Dynamic-AR) speeds up the query execu-
tion by 30.8 times than the baseline case (Baseline) and 2.72
times even than the state-of-the-art technique (static pruning,
Static-AR).

recursive steps in a recursive join process during execution. This
case is equivalent to Algorithm 3. Obviously, Dynamic-AR denotes
the full-fledged implementation of dynamic pruning. Note that we
implemented these pruning techniques in a generalized fashion so
that they can work for non-recursive joins. This section highlights
the performance difference among Dynamic-AR and the others.

We prepared four different analytical database workloads and
utilized them for performance evaluation. The first and second
workloads that we chose were TPC-H [93] and TPC-DS [92], stan-
dard analytics database benchmarks. TPC-H has the great benefit
of having been used in many database studies and industrial tests.
However, its workload can be traced back to the industry experience
in the 1990s; their twenty-two standard queries do not consider or
contain recursive join operators that this paper focuses on. TPC-DS
is a newer benchmark with higher complexity, but it still contains
no recursive joins. Hence, we designed four additional test queries
(RQ1 to RQ4) containing recursive join operators that directly work
on the standard TPC-H schema and dataset?. Table 1(a) summarizes
their business questions. The third workload was 4mbench, a data-
base benchmark simulating an emerging business analytics work-
load in the manufacturing industry [29, 94]. 4mbench defines six
test queries in total; three (Q3, Q4, and Q5) of them involve recursive
join operators to perform traceability investigations throughout the
history of manufacturing events. Table 1(b) summarizes their busi-
ness questions. The fourth workload was citation network analysis
(cit-analysis). Specifically, we converted five recursive DataLog-
based queries (i.e., TC (transitive closure), SG (same generation),
Reachability (REACH), SSSP (single-source shortest path) and CC
(connected components)) [83] to SQL codes and tested them on the
cit-Patents dataset downloaded from Stanford Network Analysis
Project [54]. SQL codes and scripts utilized in the experiments are
available on the public repository [95].

For performance measurement, we first generated a dataset for
every test configuration and loaded it into the database. By default,
the dataset was generated for TPC-H and TPC-DS with a scale
factor of 1,000 (approx. 1,081 GB and 917 GB) and for 4mbench with

2We generated these four business queries by extending event sequence queries that
we designed on the TPC-H schema and dataset in our past work [37].
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Figure 5: (a) Read amount comparison among different pruning techniques for a test recursive join query (RQ1) on the TPC-H
dataset (scale factor: 1,000), and (b-f) their traces of data read commands on ORDERS. Dynamic pruning of recursive joins
(Dynamic-AR) reduces data reads necessary for the query execution of RQ1 by 52.2 times than the baseline case (Baseline) and 3.52
times even than the state-of-the-art technique (static pruning, Static-AR).
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Figure 6: Execution time comparison among different pruning techniques for (a, b) recursive queries (RQ1 to RQ4) and (c)
standard queries (Q1 to Q22) on the TPC-H dataset (scale factor: 1,000). Dynamic pruning of recursive joins (Dynamic-AR)
achieves significant speedups for many recursive queries and even for some standard queries on TPC-H. Note that (b) and (c)
assume the revised dataset (having a revised order for ORDERKEY to represent the business semantics), whereas (a) assumes the

original dataset.

a scale factor of 120 production days and 30 production lines (ap-
prox. 1,036 GB), respectively. Similarly, records of major fact tables
(e.g., ORDERS and LINEITEM for TPC-H ) were split into different
chunks by one day of their date attributes. All the relations were
organized in the columnar format [66]. The summary information
(implemented as a range index [61, 89, 113]) was set to reserve a
value range on each of the primary and foreign key attributes and
the major attributes appearing in query predicates in a relation
assigned for every chunk.

We executed each test query for each test case and measured
its performance metrics such as execution time and a read mount.
This paper reports an average value of five trials.

5.1.2  Test machine. We conducted all the experiments on a mod-
ern enterprise machine. The machine was composed of Hitachi
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HAB8000/DL380 Gen10, a database server (having 48 2.4GHz Intel
Xeon cores, 768GB memory, and a mirrored pair of two 960GB SSDs)
and Hitachi Virtual Storage Platform E790, an external storage sub-
system (having 24 7.6TB NVMe SSDs plus a RAID controller). The
database server and the external storage subsystem were connected
via two 32Gbps Fibre Channel cables. The database server ran Red-
Hat Linux 8.3 and HADB 05-07/A, in which the query execution
engine was revised to be able to execute a given query in any of the
five test cases. The database was built in a storage volume organized
by all the SSDs enclosed in the external storage subsystem in RAID-
5, whereas the operating system and the other files were stored in
an internal storage volume of the database server. The database
page size (table/index), the extent size, the buffer size, and the intra-
query execution parallelism [30, 105] were set to 32KB/8KB, 4MB,
41GB, and 48 threads, respectively.
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Figure 7: Execution time comparison among different pruning techniques for (a) TPC-DS (scale factor: 1,000), (b) 4mbench (scale
factor: 120 production days and 30 production lines) and (c) citation network analysis (cit-analysis) on the cit-Patents dataset.
Dynamic pruning of recursive joins (Dynamic-AR) achieves significant speedups: (a) more than 20% speedups for seven out of
18 standard queries on TPC-DS, (b) up to 39.5 times for recursive queries (Q3, Q4 and Q5), and up to 9.5 times for non-recursive
queries on 4mbench, and (c) 27.5% to 134.6% for recursive queries on cit-analysis.

5.2 A case of recursive join query (RQ1 on
TPC-H)

First of all, let us present a case of a test query (RQ1) containing a

recursive join operator that works on the standard TPC-H schema

and dataset. We compared the execution performance of dynamic

pruning with the other pruning techniques for RQ1.

Figure 4 shows that dynamic pruning of recursive joins (Dynamic-
AR) speeded up the query execution of RQ1 by 30.8 times than the
baseline case (Baseline) and 2.72 times even than the state-of-the-
art technique (static pruning, Static-AR).

Figure 4(a) comparatively summarizes the execution time taken
for different pruning techniques. The left-most bar indicates Base-
line, which took 83.2 seconds for the query execution. The next two
bars denote static pruning cases, Static-A (generating a pruning
filter merely on the anchor step at compile time) and Static-AR
(generating pruning filters on the anchor and recursive steps); the
former case reduced the execution time negligibly (by 0.96 seconds),
whereas the latter case reduced the execution time significantly
(by 74.9 seconds). The last two bars denote dynamic pruning cases,
Dynamic-A (dynamically generating a pruning filter merely on the
anchor step) and Dynamic-AR (dynamically generating pruning
filters on the anchor and recursive steps); the former case reduced
the execution time slightly (by 2.00 seconds), whereas the latter
case successfully reduced the execution time more significantly (by
80.5 seconds). Similarly, Figure 4(b) summarizes the speedup ratio
of each pruning technique; the speedup ratio was normalized to
Baseline. This chart shows that Static-A and Dynamic-A gained
negligible or slight speedups; however, Static-AR improved the
query execution significantly (by 11.3 times), and Dynamic-AR
offered a further significant speedup (by 30.8 time over Baseline
and 2.72 times over Static-AR).

To investigate the pruning effect on the internal query execu-
tion behavior, we measured read requests issued for the storage
volume while the query was being processed. Figure 5 shows that
dynamic pruning of recursive joins (Dynamic-AR) reduced data
reads necessary for the query execution of RQ1 by 52.2 times than
the baseline case (Baseline) and 3.52 times even than the state-
of-the-art technique (static pruning, Static-AR). Figure 5(a) com-
paratively summarizes the amount of data reads from storage for

601

every step of the recursive join processing for different pruning
techniques. Obviously, the test query conducted twelve recursive
parts following an anchor step; note that the read amount of each
step is stacked in the bar chart. The left-most bar indicates that
Baseline invoked almost the same amount of reads for each recur-
sive step after invoking a smaller amount of reads for the anchor
step. The next bar shows that Static-A worked very similarly even
though it reduced data reads for the anchor step slightly. The center
bar indicates that Static-AR successfully reduced data reads for
each recursive step significantly, but the reduction becomes smaller
at later recursive steps. Again, the next bar shows that Dynamic-A
behaved similarly to Static-A. Finally, the last bar indicates that
Dynamic-AR further significantly reduced data reads for each
recursive step, and the reduction successfully continued at later
recursive steps.

These observations are supported by Figure 5(b-f), each illus-
trating an IO trace of data read commands for retrieving ORDERS
records for a separate pruning case; the X-axis and Y-axis denote
elapsed time and IO address, respectively, and each point indicates a
separate read command. Figure 5(b) shows that Baseline performed
a similar scan on ORDERS for each recursive step. Figure 5(d) indi-
cates that Static-AR successfully reduced data reads on ORDERS
by exploiting the pruning filter; unfortunately, the pruning effect
degraded at later recursive steps, seemingly because the hint was
generated only at compile time. In contrast, Figure 5(f) indicates
that Dynamic-AR worked more successfully to reduce data reads,
and the pruning effect was valid even for later recursive steps. This
was seemingly caused by the dynamic nature of Dynamic-AR; it
dynamically generated the pruning filter, thus being able to offer
an effective pruning filter for a later recursive step in consideration
of its previous part.

In summary, the experimental observation indicates that Dynamic-
AR speeded up the test recursive join query significantly, and it
outperformed even Static-AR. Dynamic-AR dynamically gener-
ated the pruning filter so that it could offer effective pruning for
later recursive steps, whereas Static-AR generated the pruning
filter only at compile time so that the pruning effect could degrade
at later steps.
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The remaining part of this section will present our evaluation in a successfully works to offer only negligibly small overheads, even
variety of test configurations to clarify the coverage and significance though the filter is intensively updated and evaluated at runtime.
of the dynamic pruning technique. In addition, we tested the original standard queries (Q1 to Q22)

containing no recursive joins as well. As a result, any pruning tech-
niques yielded no significant performance improvement; specifi-

5.3 Four business benchmark scenarios cally, the 95% confidence interval of the observed speedup ratios
TPC-H. Next, we present the performance test that we conducted was [0.0%, 1.2%] by Static-AR and [-0.8%, 0.2%] by Dynamic-AR
for all of the additional recursive queries (RQ1 to RQ4) and the (not presented in the figure), where a negative value indicates per-
original standard queries (Q1 to Q22) on the TPC-H dataset in the formance degradation. The pruning was hardly effective for these
same configuration as presented in the previous subsection. queries. The penalty induced by Dynamic-AR was seemingly

Figure 6 shows that dynamic pruning of recursive joins (Dynamic- caused by the runtime mechanism of filter generation, but it was
AR) achieved significant speedups for many recursive queries and acceptably small. We also investigated the cause of this poor re-
even for some standard queries on TPC-H and performed better sult. Although the business scenario of TPC-H presumes that the
than the other pruning techniques. ORDERKEY and ORDERDATE values are correlated by nature, the

Figure 6(a) summarizes the execution time of different pruning standard dataset generator DBGEN provided by TPC [93] does not
techniques for the four recursive join queries (RQ1 to RQ4). Note implement this assumption, but it generates both values in an inde-
that the execution time is normalized based on the baseline case pendent order?, thus providing unrealistically ordered records for
(Baseline) for each query. The overall performance property was ORDERS. To this end, we revised the dataset to make it represent
similar among the queries, although the improvement significance the business semantics more accurately and conducted the same
varied. The pruning techniques limited to the anchor part (Static- experiment?. Figures 6(b) and (c) summarize the execution time
A and Dynamic-A) only yielded negligible performance effects. of different pruning techniques for the recursive queries and the
Static pruning (Static-AR) offered a significant reduction of exe- standard queries; Dynamic-AR achieved significant (up to 47.6
cution time by 8.35% to 91.2% from Baseline, indicating 1.09 to times) speedups for all the recursive queries, and interestingly, it

11.3 times speedups. Dynamic pruning (Dynamic-AR) consistently
outperforms Sta.tlc'.AR.’ reducmg exechlon time by 8.79% t0 96.8% 3The major implementation practice presumes that, every time a new order is reg-
from Baseline, indicating 1.10 to 30.8 times speedups. istered into the database, the sequencer generates a unique value by incrementing

Table 2 summarizes the CPU time consumed by Dynamic—AR its previous}y generated value and assigns the new value to ORDERKEY. Thus, later
f ti filt i d luati d with Li orders (having larger ORDERDATE values) have larger ORDERKEY values.
Or runtime er generation and evaluation, measured wi mnux 4We renumbered ORDERKEY in the order of ORDERDATE. Reference [65] employed

profiling tools. This result shows that our concise filter design a similar configuration by appending yet another key attribute to replace ORDERKEY.
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Table 2: CPU time (95% confidence interval) consumed by
dynamic pruning for filter generation and evaluation. (d) and
(r) indicate (default) and (revised), respectively, in Figure 6.

Database ‘ Queries ‘ Generation ‘ Evaluation

TPC-H (d) RQ1-4 0.0003% - 0.0028% | 0.0035% - 0.0503%
TPC-H (r) | RQ1-4 0.0013% - 0.0073% | 0.0056% - 0.0507%
TPC-H () Q1-22 0.1526% - 0.4659% | 0.0008% - 0.0023%
TPC-DS Q1-20 0.0344% - 0.5432% | 0.0363% - 0.4865%
4mbench Q1-6 0.0942% - 0.5924% | 0.0144% - 0.0569%
cit-analysis | all 0.0202% - 0.0744% | 0.0402% - 0.0830%

succeeded for seven out of 22 standard queries to achieve more than
20% speedups (up to 15.1 times). This result implies that Dynamic-
AR potentially works for such queries containing normal joins
as well as recursive ones. Table 2 shows that it only yielded very
small processing overheads for standard queries, implying that
Dynamic-AR does not slow down non-effective queries.
TPC-DS. Next, we present the performance experiment with TPC-
DS, another decision-support benchmark. We tested 17 standard
queries (Q1 to Q4, Q6 to Q13, Q15 to Q17, and Q19 to Q20) °. We
observed a similar result on TPC-DS with TPC-H. Figure 7(a) shows
that Dynamic-AR effectively worked for TPC-DS. Dynamic-AR
succeeded for seven out of 17 standard queries to achieve more than
20% speedups (up to 2.8 times), even though they only contained
normal joins rather than recursive ones. Filter processing overheads
were negligible (Table 2).
4mbench. We also present the performance test that we conducted
similarly with 4mbench, yet another benchmark simulating manu-
facturing business analytics. Figure 7(b) shows that Dynamic-AR
consistently offered significantly (up to 39.5 times) better perfor-
mance than the other pruning techniques on recursive queries (Q3,
Q4 and Q5) and even on non-recursive join queries (Q1 and Q6). It
always performed better even than Static-AR but its performance
improvement varies with different recursive queries. One exception
was that any pruning techniques yielded no significant performance
improvement or degradation on a specific query (Q2).
Citation network analysis (cit-analysis). Finally, we present the
test of citation network analysis, where five recursive queries were
run on the cit-Patents dataset. Figure 7(c) shows that Dynamic-AR
consistently performed effectively, offering significant speedups
(up to 134.6% faster), even though these recursive queries were orig-
inally designed for DataLog but converted to relational database.
In summary, our experiments clarifies that Dynamic-AR sub-
stantially speeds up recursive join queries and non-recursive queries
having deeply nested joins, performing better even than Static-AR.
The additional processing induced by Dynamic-AR is insignifi-
cant; an acceptably small performance penalty is observed for the
queries where the pruning is unsuccessful.

5.4 Dataset scales

We present the experimental study on the dataset scalability. We
conducted the same performance test as presented in the previous

SWe omitted Q5, Q14, and Q18 from the performance test because our current imple-
mentation did not support the pruning capability for ROLLUP or CUBE.
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subsection while changing dataset scales. Specifically, we gener-
ated datasets with different scale factors for TPC-H and different
production days for 4mbench, respectively. The remaining part
of the paper only highlights the recursive queries (RQ1 to RQ4)
for TPC-H® and all the test queries (Q1 to Q6) for 4mbench due
to the space limitation. Figure 8 presents the same performance
property for different dataset scales on TPC-H as we observed
in the previous experiments; dynamic pruning of recursive joins
(Dynamic-AR) offered better performance than the other pruning
techniques, even though the performance improvements varied
with different queries and different dataset scales. Particularly, Fig-
ures 8(a) and (c) show the execution of RQ1 and RQ3, indicating
that Dynamic-AR achieved significantly larger speedups as the
dataset scale increased. Our investigation confirmed that larger
dataset scales yielded lower selectivity ratios for these queries, thus
making the pruning more effective.

We observed similar performance properties on 4mbench. Fig-
ure 9 shows that dynamic pruning of recursive joins (Dynamic-
AR) offered better performance than the others, and the speedup
increased as the dataset scale grew for most of the test queries.

5.5 Chunk granularity

We present the experimental study on the chunk granularity sen-
sitivity. We conducted the same performance test while changing
chunk granularity values from one day. Specifically, we organized
the database with different chunk granularity values for TPC-H
and 4mbench, and then tested the query performance.

We basically observed that the choice of chunk granularity val-
ues did not significantly affect the performance improvement of
any pruning techniques for TPC-H (not shown in the figure) and
4mbench (shown in Figure 10), and dynamic pruning (Dynamic-
AR) consistently performed the best. Let us deeply dive into three
minor exceptions for Q3, Q4 and Q5 on 4mbench; the speedup
achieved by static pruning (Static-AR) degraded as the chunk
granularity increased. This was seemingly because larger chunk
granularity made each chunk cover a wider range of key values,
and the filter prediction generated at compile time became less
accurate. Despite these minor cases, Dynamic-AR offered better
performance than the others for all the test queries.

5.6 Dataset skewness

Finally, we present the experimental study on the dataset skewness
sensitivity. We generated datasets with different skewness factors
for TPC-H, and then tested the query performance. The standard
dataset generator DBGEN provided by TPC [93] does not have the
capability of generating a skewed dataset. Instead, we utilized a
third-party generator [108] with the capability of generating a
dataset according to Zipf’s law with a skewness factor. We chose
this generator since it was utilized for other academic studies [25,
71, 74, 99, 104, 109].

Figure 11 summarizes our observation. The x-axis of each chart
denotes the skewness factor; 0 indicates the uniform distribution
and larger values indicate higher skewness. We again observed that

®Hereafter, this paper presents only the result obtained with the revised dataset (in-
troduced in Section 5.3) rather than the original dataset for TPC-H. Dynamic-AR
outperformed the other pruning techniques on the original dataset similarly, but its
speedup ratio varied with queries and configurations.
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Figure 10: (a-f) Speedup ratios by different pruning techniques for different chunk granularity values (1 to 8 days) for test
queries (Q1 to Q6) on the 4mbench dataset (120 production days). The variation of chunk granularity does not significantly
affect the performance improvement enabled by Dynamic-AR.
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Figure 11: (a-d) Speedup ratios by different pruning techniques for different skewness factors for recursive queries (RQ1 to
RQ4) on the TPC-H dataset (scale factor: 1,000). Dynamic-AR performs better than the other pruning techniques on differently
skewed datasets, even though the skewness occasionally changes the query processing behavior, affecting the speedup ratio.

dynamic pruning (Dynamic-AR) offered better performance than that we have conducted with the commercial prototype to clarify
the others, although the dataset skewness affected the speedup ratio. the performance benefit of dynamic pruning with four business
Our investigation indicated that, as the dataset skewness changed, benchmark workloads. Our observation has demonstrated that dy-
the query processing behavior occasionally changed. For example, namic pruning significantly speeds up recursive join queries and
the execution of RQ2 needed four recursive steps on the uniform some non-recursive ones; it works up to 135.6 times faster than the
dataset, but it only needed two on the moderately skewed datasets baseline case and 3.99 times faster even than the state-of-the-art
(skew factor: 0.5). Such behavioral changes affected the pruning pruning approach. In addition, it is not harmful to queries to which
effect and then the speedup ratio. the pruning is not effective, since it only yielded negligible small
Summary. We have experimentally clarified that (1) dynamic processing penalties for runtime filter manipulation.
pruning performs up to 135.6 times faster than the baseline algo- Future work includes the sophistication of the data structure for
rithm, and it also outperforms the state-of-the-art static pruning the pruning filter. Our current prototype employs a single range
approach (by up to 3.99 times) for a variety of query and dataset in the pruning filter, keeping only the maximum and minimum
configurations; (2) the relative performance benefit comes from its values for each key attribute. Although this strategy experimen-
dynamic property of generating the filter to offer effective pruning tally demonstrates successful pruning effects, there are several
for deeply nested joins; and (3) the concise filter design successfully cases where we can achieve more pruning effects by extending the
offers only negligibly small performance overheads for intensive pruning filter [110]. On the other hand, complications of the filter
runtime filter manipulation, not being harmful to ineffective queries. design may cause other side effects such as processing overheads.

The tradeoff should be carefully studied. In addition, this paper
assumes that the join algorithm is static in the recursion, but it
may change [28, 38]. The extension to such cases is another open

6 Conclusion problem.

This paper has explored dynamic pruning for recursive joins. Dy-

namic pruning exploits the runtime information for building the

pruning filter; a separate filter is allowed to be made based on the

result of each recursive step, and it helps to significantly reduce ACknOWledgments

the amount of relation records to be accessed at the next recursive This work has been in part supported by “Big Data Value Co-
step. Hence, dynamic pruning potentially improves query perfor- creation Platform Engineering” social cooperation program at UTokyo-
mance, particularly, of recursive join queries having deeply nested IIS with Hitachi and Cross-ministerial Strategic Innovation Promo-
joins. We have presented the intensive and extensive experiments tion Program on Integrated Health Care System.
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