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Abstract

A large number of parallel join algorithms has been
proposed o maintain load-balancing in the presence of
date skew. However, one important iype of data skew
~ join product skew (JPS)} - has been little studied. In
this paper, a dynamic parallel join algorithm, which
employs a two-phase scheduling procedure, is designed
to handle the JPS problem. Two sets of scheduling
heuristics are studied against various parameters. It
is shown that many of the eristing algorithms can be
regarded as a special case of our algorithm, whose cost
is based on the nature of data skew. While if can cope
with JPS whick other algorithms cannot approach, it
can be as efficient as most ezisting algorithms when
JPS does not ezist.

1 Introduction

Parallel database research centres on processing
database operations in very large databases us-
ing general-purpose parallel architectures to improve
database performance. As join is one of the most
time-consuming operations in the relational model,
substantial research has been done towards designing
efficient parallel join algorithms {2, 7, 8, 13, 16, 19, 21].

It is a consensus that hash-based parallel join algo-
rithms outperform other parallel join algorithms. Let
P = {pi : i = 1..n} be a set of processors, and r;
and r2 be two relations with a common attribute A
defined on domain D. There are basically two phases
to perform r, M r; in parallel by using hash function
f : D — (1.n). The hash partitioning phase is em-
ployed to obtain two sets of buckets ri; = {t € ry :
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fRA)=idlandry={t€r: ft.A)=i},1<i<n.
In such a way, the join operation is decomposed into
n subjoins; that is, ry M r3 = UL ;(rii X ry). In
the second phase, the local join phase, these bucket
pairs can be sent to different processors to execute
concurrently.

To minimize the response time of parallel join com-
putation, it is expected that each bucket pair carries
the same amount of workload. In general, the join
workload of »1; M ry; ¢an be defined as

IN(r1,r2) = gillrisl [r2dd) + g2(Jria Xrei]) (1)

where both g, and g; are non-decreasing functions
with respect to each of their parameters [20]. Data
skew, a phenomena of nonuniform data distribution,
can result in fluctuation of workload among bucket
pairs [17, 12]. Regarding to the parallel hash join
computation, there are three major categories of data
skew: intrinsic skew (IS) — some join attribute val-
ues appear more often than others in a relation; re-
distribution skew (RS) - the hash function cannot
distribute tuples evenly, due to a possible mismatch
between the data distribution the hash function ex-
pected and the actual data distribution in the join
operands; and join product skew (JPS) - the join se-
lectivity factors of bucket pairs may be different.

It is a key issue to handle data skew problem in
designing efficient parallel join algorithms. In the
GRACE join algorithm[9], each tuple is sent to a pro-
cessor determined by using a pre-defined hash fune-
tion. To overcome possible IS and RS, more than one
bucket pair is allocated to a processor so that it is
possible for each processor to adjust bucket sizes lo-
calty. The hybrid hash join algorithm in the GAMMA
system uses hashing for both bucket partitioning and
bucket pair joining [3, 4]. The joining relations are
split into a number of buckets by hashing such that
each single bucket of the building relation can fit in

Authorized licensed use limited to: Universitaet Mannheim. Downloaded on October 07,2026 at 13:44:33 UTC from IEEE Xplore. Restrictions apply.



the aggregate memory of the participating processors.
Then, all processors are used to join these bucket
pairs, one by one, cooperatively by letting all proces-
sors read tuples of the probing relation ahid’sending
each of them to a processor determined by hashing
in parailel. When a bucket of the building relation,
which is to be held in memory during the join phase,
overflows because of data skew, a new hash function is
employed to split this bucket. This procedure may be
repeated for further overflows. Both these algorithms
may suffer from data skew. For the GRACE join algo-
rithm, it is not always possible to even up bucket sizes
locally; for the hybrid join algorithm, when bucket
overflow occurs due to skewness, it loses the ground
to claim its advantages of having a minimum I/O cost.

An alternative way to approach data skew is to
spread one bucket over all the participating proces-
sors, instead of converging to a single node [9, 8, 7).
In [8], the tuples in these distributed buckets are
redistributed through the Q network, a multi-level
network containing control logic to balance buckets,
to obtain a balanced bucket-partition. As this ap-
proach requires to transfer tuples twice over the net-
work, some scheduling methods are proposed to re-
duce the communication cost by doubling the I/0 cost
(18, 7). These methods first apply a “fine” hash func-
tion to all the local tuples; then, all bucket sizes are
reported to a coordinator where a coarser but more
balanced bucket-to-processor distribution function is
established; finally, all tuples are redistributed using
this new function. Targeting to reduce both commu-
nication cost and 17O cost, the construction of a bal-
anced partitioning function can rely on some sampling
techniques so that only part of the relation needs to
be scanned twice[5}.

All these algorithms basically try to balance work-
load by making bucket sizes equal before the local join
phase. We call them the static scheduling algorithms.
They are explicitly or implicitly based on the assump-
tion that equal bucket sizes lead to equal workload,
ie, (Irul = Iryl Alra] = I"zjl) = JN("IM"B) =
JN(ryj,79;) where {(ry;,72;) : i = 1..n} is a bucket
partition of r; and r2. That is, JPS has not been con-
sidered. This assumes that the cost to generate an
output tuple is negligible or the join selectivity fac-
tors for all bucket pairs are uniform. In [16], it is
pointed out that to generate an output tuple takes
takes longer time than to evaluate a tuple to see if it
satisfies one or more predicates. In the case of having
a large join product, the output generation could even
dominate the response time .

In spite of the importance of this problem, the de-
sign of load-balanced parallel join algorithms to deal
with JPS has attracted little attention. The core
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problem to be solved is the method to estimate join
workload of bucket pairs in the presence of JPS, It is

~very difficult, if not impossible, to give a satisfactory

JPS estimiation without sufficient profile information
about both operand relations, which cannot be as-
sumed available in general [12]. In this paper, we
propose a flexible two-phase scheduling parallel hash
join algorithm for both RS and JPS problems. Two
sets of scheduling heuristics are proposed, and perfor-
mance of these heuristics are studied against various
parameters. We show that many of the existing par-
allel join algorithms can be regarded as a special case
of our dynamic algorithm. The cost of our algorithm
is based on the nature of data skew. It can be as
efficient as most existing algorithms for some types
of data skew when there is certain semantic informa-
tion about operand relation available. Moreover, it
can also handle, at an extra cost, the data skew cases
which other existing algorithms cannot approach.

The reminder of this paper is organised as follows.
Section 2 presents a new data skew classification and
some related properties. A typical static scheduling
parallel join algorithm is studied in Section 3, with
a new scheduling heuristic rule. As it is not always
possible to achieve load-balancing by static schedul-
ing, a two-phase scheduling approach is proposed for
parallel hash join computation in Section 4. A de-
tailed study on when the second scheduling phase is
necessary is also included in this section. Further per-
formance improvement are discussed in Section §. We
conclude this paper in Section 6.

2 Data Skew Classification

Data distribution is widely modelled by using the
Zipf’s law in parallel join computation research [14,
19, 18, 16]. Let a; be the appearance number of i**
most frequently appeared value in relation r, Zipf’s
law states that [10]

Ir|
% T O L )

i1-# Et—l =T

where £(r) is the number of distinct values in r. When
the Zipfian parameter 8 = 1, the Zipf distribution be-
comes a uniform distribution; § = 0 models highly
skewed distributions; and ¢ = 0.5 indicates mild-
skewed distributions such as the distribution of per-
sonal income. When 6 = log.80/log.20 = 0.1386,
Equation (2) fulfils the commonly observed “80-20”
rule of thumb that states that 80 percent of the trans-
actions deal with the most active 20 percent of a file;
and the same applies to this 20 percent.
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Most of the existing data skew classifications (e.g.,
(12, 17]) consider data skew in a single relation, and

are concentrated on the sources of data skew. To -

study the relationship between IS, RS and JPS and
to deal with them, what we are interested in is the
effects, rather than the sources, of various types of
data skew, and the co-relationship of data skew in
both operand relations of a join. In this paper, we
classify IS and RS into the following four categories:
1) uniform distribution (NS): both operand relations
are uniform; 2} single skew (SS): only one operand re-
lation is uniform; 3) double skew (D5): both relations
are nonuniform, but the value appears more often in
one operand also appears more often in another; and
4) messy skew {MS): both relations are nonuniform,
and value appearance frequence in one relation is not
related with that in another.

This classification can lead to a better understand-
ing of relationship among IS, RS and JPS. The fol-
lowing properties have been observed using this clas-
sification [20): Property 1: after hash partitioning,
all bucket pairs inherit the same data skew category
from the unpartitioned operand relations; Property
2: for a NS or SS join, the assumption that equal
bucket sizes lead to equal workload is correct (thus
many of existing parallel join algorithms ¢an achieve
load-balancing) provided that there is an inclusion
dependency relationship between the two operands.
Property 3: a DS join always produces a larger out-
put than a NS join, and a SS join produces the same
amount of output as a NS join, if the tuple numbers
and the value sets of the join attributes of the two
operand relations of one join ‘operation are the same
as those of another join operation respectively.

As to be used in this paper, this classification also
provides a systematic way to test performance of par-
allel join algorithms against various types of data
skew.

3 Single-Phase Scheduling Algorithm

In this section, we study parallel hash join algo-
rithms based on static scheduling. Different possible
scheduling heuristics are tested. We show that a new
static scheduling heuristic we proposed according to
the new data skew classification performs better than
other heuristics for all types of data skew. We also
show that single-phase scheduling algorithm cannot
always maintain load-balancing.
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3.1 Algorithm

Algorithm 1 is a typical parallel hash join algorithm
of static scheduling. We regard it as a representative
of algorithms in this category (e.g., [8, 7, 5]). For
simplicity, a tuple is represented by its join attribute
hereafter. To concentrate on performance of paral-
lel join computation, we assume that both operand
relations are eévenly distributed across all processors
before join (i.e., r1; and ry; reside on processor p;,
1<i,j <n,and Jry] = |ryj| A Jrai| = [ra]), and the
join result is not required to collect after join.

Algorithm 1 static parallel hask join algorithm

begin
1) for i = 0 to n do in_parallel
2) if (i > 0) then /* for ordinary processor p; */

3) partitions by hashing ri; and ry; into
bucket pairs {(riiz, 72ix) : k= 1..N};
4) reports |ry;:| and |raix| to po, £ = 1..N.

5) waits for the task pool partitioning
infor from po;
6) does (UR_171,k .0ia) M (U272 & 2.4ig) for
allteT;;
7)  else /* for the coordinator py */
8) T = @; /* initialise the task pool */
g) for j=1to N do
10} adds < j, 3 5oy Irijels iy Irajel, 0> to T
11)  endfor
12) partitions T to {T} : k = 1..n} by heuristic;
13) sets t.loc = j if ¢ is put into Tj;
14) broadcasts partitioning info to all processors;
15) end.f
16)end for

end .

In Algorithm 1, there is a scheduling phase be-
tween the hash partitioning phase and the parallel
join phase. In the partitioning phase, a set of bucket
pairs are generated. The number of bucket pairs, N,
is larger than the number of the processors, n, such
that these bucket pairs can be merged into larger but
balanced tasks (the effects of bucket number will be
discussed later). One processor, po, is designated as
the coordinator, and all other processors are ordinary
processors. A task pool T is maintained by the coor-
dinator. Each record of T is a task with the following
attributes: the task identifier tid, sizes of operand
buckets sizel and size2, and loc — the identifier of
the processor where the operand buckets are stored.

Lines 3-5 of Algorithm 1 are for the ordinary pro-
cessors to partition their local data and report such a
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partition to the coordinator pp. Lines 8-14 are for the
coordinator processor pg to obtain global partitioning
information and determine a destination processor for
each bucket pair. Then, each processor computes the
joins assigned to it (line 6). Clearly, the performance
of Algorithm 1, in terms of load-balancing, depends
significantly on the heuristic rule used. We compare
various heuristic rules in the next subsection.

3.2 Scheduling Heuristics

A fundamental scheduling problem, known as the
bin-packing problem, is to assign N independent tasks
of different execution costs to a collection of n identi-
cal processors in an effort to minimize the overall fin-
ish time. This problem is readily verified as NP-hard.
Fortunately, there exists a number of near-optimal ap-
proximation algorithms with linear or sub-linear time
complexities. The longest-processing-time-first (LPT)
heuristic, which always assigns the currently largest
task to the currently least loaded processor, can solve
such a task scheduling problem efficiently [6].

The LPT scheduling strategy is used in some static
scheduling algorithm to obtain equal-sized buckets by
packing subbuckets to overcome the RS problem (e.g.,
[19]). To assign tasks according to their workload,
the following heuristics can be used based on various
applications of bucket sizes, which are probably the
only available information before a join starts. We
assume that r is the more skewed relation if the skew
degree of two relations are different.

e HP;: packing by |r1i|. The workload of a bucket
join task is expected to be indicated by the bucket
size of the more skewed operand relation. This
can be used when the local join is still a hash join
and and r; is the probing relation (e.g.,[5]).

o HP,: packing by |rs;|. This is opposite to HP;.

e HP5: packing by [r1i| + {rai]l. This heuristic
rule assumes that the sum of tuples from both
operand buckets determines the workload. This
can be used when the local join algorithm is based
on sort-merge method[18];

H Py: packing by |rys]-}ra;]. This assumes that the
product of tuples from both operand buckets de-
termines the workload. As the nested-loops join
algorithm is often used to implement the local
bucket join (as in our simulation experiments),
this rule uses the tuple comparison cost as the
indicator of total local join cost;

o HPy: packing by |rysl-Irail-(1-+ {25} N)- (112 -
N) where N s the number of partitions. We sug-
gest this formula to determine a relative order of
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-workload among bucket pairs because join selec-

tivity is related to data skew and a double skewed

join can potentially produce a larger output.
After bucket partitioning, the join task ' =r; X 1, is
decomposed into N subtasks ¢; = r{; M rj; 1 <i < N.
Let T} C T be all the tasks assigned to processor p;

based on scheduling heuristic rule b, 1 < i < n. Then
the inaccuracy of a heuristic h is measured as:

max-, Z:e‘r} JN(t) 1 (3
WA, Terne IV "1 @

where TRC consists of the tasks assigned to p; by the
LPT heuristic using the real join costs.

Inaccuracy =

HP NS| .SS DS MS | Average
HP, | 10.55 | 12.55 | 10.76 | 23.71 14.39
HP, | 8.12]32.33 | 27.27 | 38.91 26.66
HPs | 11.563 [ 17.66 | 11.11 | 35.26 18.87
HPs | 1043 | 12.54 | 10.76 | 23.71 14.36
HP; | 505 6.32] 6.63 ] 10.19 7.05

Table 1: Inaccuracy rate of H.P heuristics (%)

Table 1 contains performance comparisons of var-
ious HP heuristics. These data are obtained from
a range of random joins with join selectivity factor
0.0002 < ¥ < 0.0013 (7 = 0.0006 by average). The
cases of severe skew, in which there exist some tasks
which are too large to be scheduled to maintain load-
balancing, are excluded. It is clear that H Pg performs
better than others, and its accuracy is stable for dif-
ferent @ and skew types.

4 A Two-Phase Scheduling Approach

Due to the inaccuracy of scheduling heuristics and
the existence of unexpected JPS, the workload carried
with the bucket pair cannot be predicted according to
only bucket sizes. Thus, the workload can be either
underestimated or overestimated. We propose a two-
phase scheduling approach in this section such that
the estimation inaccuracy can be compensated at run
time.

4.1 Algorithm

Instead of assigning multiple tasks io each proces-
sor before the local join phase starts in Algorithm 1,
an ordinary processor in Algorithm 2 obtains one
task each time from the coordinator when it becomes
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idle. This on-the-fly task assignment is also heuristic-
based.

Algorithm 2 dynamic parallel hask join algorithm

begin

1) for i =0 to n do in_parallel

2)  /* partitioning and 1st-phase scheduling */

3) if (i > 0) then /* for ordinary processor p; */

4) partitions ry;, r3; to {(rix, rai) : k = 1.N};
5) reports |ryx| and |roe], 1 < B < N, to po;
6) waits for task pool partitioning info from po;
7 obtains 1‘£"_“d =Ubo ik raid §= 1,2

forallte T;;
8) else /* for the coordinator pp */

9) T=19

10) for j=1to N do

11) add < 7, 4o Irjel, i Ir2jel, 0> to T
12) end for

13) partitions T to UR_, T} using an HP;
14) sets 1.loc = j if t is put into Tj;

15) broadcasts partitioning info to all processors;
16) end.if
17)

18) /* 2nd-phase scheduling and local joining */
19) if (i > 0) then /* for ordinary processor p; */
20) while (¢ # 0,  is task assigned by po) do
21) gets (r;,l.tid’ r’z,t.n'd) from py.ioc;

22) executes ;g M 15, s

23) end_while

24) else /* for coordinator po */

25) done = 0; /* num of finished processors */
26) while (done < n) do

27) waits for a request from po;

28) if (T = @) then t = B;done = done + 1;
29) else removes t € T using an HS heuristic;
30) endif

31) returns ¢ to the requester;

32) end_while

33) end.if

34)end for

end .

The first phase of Algorithm 2 (lines 2-16) is sim-
ilar to the scheduling phase of Algorithm 1. How-
ever, it is not necessary for a task to be processed
at where it is allocated to by this phase when JPS
occurs. The second scheduling phase (lines 18-33) is
used to re-balance workload dynamically during the
join phase to cope with JPS. This phase also contains
two segments, one for ordinary processors (lines 20—
23), and another for the coordinator (lines 25-32). In
this phase, each ordinary processor obtains only one
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bucket pair each time from pg (line 20). On receiving
a task from the coordinator (line 27), a processor ob-
tains the data of the task from the processor where
these data are stored (line 21) and joins them locally
(line 22). Once it finishes, another task is requested
until all bucket pairs have been processed. The coor-
dinator processor assigns tasks using some heuristic
rules (line 29), to be discussed later, to compensate
for the estimation inaceuracy in order to minimize the
total response time of the join as well as the schedul-
ing overhead.

Clearly, the second phase incurs extra cost in both
scheduling and data exchange. The gains obtained
from paying this price should be larger than the cost
of load-imbalancing. Therefore, the purpose of the the
second phase scheduling heuristic should be to avoid
any unnecessary overhead if the first phase scheduling
can already lead to a load-balanced execution.

4.2 Scheduling Heuristics

To apply the LPT heuristic (or any other heuristics
to the bin-packing problem), the current workload of
each processor and the workload for each remaining
task should be determined. We have shown that H P;
is a good estimation to the workload of subjoin tasks.
In Algorithm 2, the solution to the estimation of cur-
rent workload at each processor is simple: the one
that finishes earlier must have a smaller accumulated
workload.

Now, we give the heuristic rules of HS for the sec-
ond phase scheduling.

e HS;: a processor chooses any of lasks assigned to
it in the first phase. In this case, Algorithm 2 be-
comes the same as a static scheduling algorithm
(i.e, Algorithm 1). HS) is designed to avoid the
overhead of re-scheduling in the case that the es-
timate the workload in the first phase is already
precise enough.

o HS;: the coordinator repeais the HP heuristic
used in the first phase to choose a task. By re-
applying the same H P rule, the processor with
the smallest workload is then determined by the
actual workload. Thus, the inaccuracy of-the
workload estimation in the first phase can be
compensated. Note that without this schedul-
ing, this inaccuracy of the estimation in the first
phase may be accumulated on some processors.

Table 2 contains the results of H P rules coupled with
HS,, obtained under the similar conditions Table 1
is obtained. Compared with Table 1, it is clear that
H 53 can make a more balanced workload distribution
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across processors. Using H Ps and H S, the estimated
workload on each processor is very close to the real
workload. Note that some some negative values in
Table 2 (and also in Figure 1) are because that the re-
sponse time of scheduling by the real cost is obtained
by using the LPT heuristic, which is also a heuristic
rule.

HP NS | SS DS MS | Average
HP; | 346[165] 078} 9.49 3.85 |
HP; | 321|876} 951} 21.02 10.63
HP3 | 346|498 | 0.78 | 9.46 4.67
HP, | 346 164} 0.78 | 9.39 3.82
HP; | -0.0510.03|-003] 0.19 0.04

Table 2: Inaccuracy rate of HP with HS; (%)

In the next subsection, we will present results of an
empirical study in order to decide which H.S heuristic
to use for a given join.

4.3 Performance Study

We compare the performances between our two-
phase scheduling algorithm and Algorithm 1, which
is a representative of the static scheduling algorithms
(e.g., [8, 7, 5]), against varying parameters such as
join selectivity factor, skew degree, partition number,
processor number and the local cost function. Read-
ers are referred to the papers, as cited in Section 1, on
static scheduling algorithms for a performance com-
parison between a static scheduling algorithm and
other parallel join algorithms.

A simulation system is designed to compare these
heuristics. In this system, each tuple is expressed as
& 4-byte integer. The values of the distinct tuples are
generated at random. The number of overlapped val-
ues (thus, the join selectivity factor) can be controlled.
The Zipf's Law is used to determine the appearance
number of repeated values, where the Zipfian param-
eters 8; and 05 for r; and r; can be set to simulate
different data skew types and different data skew de-
grees.

The hash function for the initial bucket partitioning
is f{z) = £ mod N where ¥ is the number of buckets.
This is regarded as a uniform partitioning function.

The cost function JN(r; X r2) is of the form

IN(ry X)) =py - [ra| - fro] + pa-fra 2] (4)

where g3 = 1 and pp = 2 unless otherwise stated.
One can set u; = 0 for simulating the applications
where the output generation dominates the processing

time (e.g., [15]), and for the study on the relationship
between IS and JPS; or set u2 = 0 for the applications
where JPS is ignored.

The average workload for n processors to execute a
join which is decomposed into T = {t; : i = 1.N} is
defined as

N(t
JNgyg = 2*_57'5_£ (5)
Let {T} : i = 1..n} be a partition of T, where T}

is defined as before. The following performance mea-
sures are used:

max’. JN(t
axi., ?;:T{"-‘ ( ) -1 (6)
aug

JNapt =

J N_p; is the cost obtained by using the LPT schedul-
ing heuristic based the real cost of each task (note
that it is possible for some other heuristics to lead to
a workload distribution that is closer to JN,,, than
J Nopt occasionally). We also use

maxj, EteTf'P’+"s" JN()
JNaug

JNgp;,+Hs; = -1 (7N
where HP; and HS; are heuristics for the first and
second scheduling phases. If there exists any ¢t € T
such that JN(t) > JNyy,, we say this task set T is
not schedulable. In our experiments we exclude any
task decomposition which results in non-schedulable
subtasks,

4.3.1 Effects of Join Selectivity

Normalized TN (%)
301 o gps+Hs1
= HPS+HS2
0
104
ofetlens T
10 02 04 06 03 10 12 14 16 18
1 Selectiviry(1/1000)

Figure 1: Normalised performance (JNgp,4us; —
JNopt) of HS heuristics with &

Figure 1 shows the effects of join selectivity factor.
The performance results are normalised by the results
obtained from scheduling by the real costs. These re-
sults are from a range of randomly generated joins
with different data skew patterns and different skew
degrees. The normalised results for a parallel hash
join algorithm without any scheduling range from 30%
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to 85% in our tests; and the results based on schedul-
ing by real costs range from 1% to 10%. From Figure 1
one can see that when @ < 1/10000, HS, cannot make
much improvement with comparison to HS;. With
the increase of 7, the effect of JPS becomes appar-
ent, and the gains of using H S, increases accordingly.
Arocund the order of 1/1000 are typical join selectiv-
ity factors in real database applications [1}. When
F > 1/1000, the gain of Algorithm 2 with H Ps and
HS, over a static scheduling parallel join algorithm
becomes more evident. :

4.3.2 Effects of Partition Number

IN (%) —e HPS5+HS2

o] e
50-
404
30
204
10

Nh

1 2 3 4 5 6 7 8 9 10

Figure 2: Performance with varying partition num-
bers for mild-skewed joins

The performance of a scheduling algorithm also de-
pends on the number of partitions. It is obvious that
the scheduling costs for both phases of Algorithm 2
increase with the increase of the number of partitions,
while the resultant workload distribution can become
more even at the same time. Intuitively, a smaller
partition number is required for a less skewed join.
From our simulations, we find a rule of thumb clas-
sification of data skew situations for mild skew and
severe skew. The cases of the mild skew is listed in
Table 3, where 6; and 8, are Zipfian parameters in
r1 and r; respectively. And the severe skew describes
other cases. Figure 2 gives the relationship of the
performance of Algorithm 2 and number of partitions
for mild-skewed joins, where the x-axis is the ratio of
partition number over processor number. For mild-
skewed joins, the number of partitions must be larger
than at least 4 times of that of processors (other sim-
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NS SS DS MS
always | #>03[68>05[6>03

Table 3: Cases of mild skew (8 = min{6;,6,.})

ulation data in this paper is based on the ratio of 6).

4.3.3 Effects of Processor Number

Figure 3 shows the performance of Algorithm 2 us-
ing two HS heuristics over Algorithm 1 with vary-
ing number of processors (with fixed N = 806). With
the increase of processor number, the effect of JPS
on load-balancing also increases; thus, the gains of
the dynamic scheduling over the static scheduling in-
creases.

IN (%)
—s HPS5+HS1
~— HP5+HS2

5 //
P it P

2 4 6 8 Y

0 12 14 16 1820 22 24 26 B B

Figure 3: Performance with varying processor num-
bers

4.3.4 Effects of Cost Functions

Figure 4 shows the performance of two HS heuristics
with varying local join functions. When g increases
in the function JN(2) (i.e., Equation (4)), the effects
of JPS increase accordingly. Thus, as one can observe
from Figure 4, the gains of HS; over HS, increase
proportionally. In our experiments, there are some
cases that an originally schedulable task partitioning
become not schedulable when y» increase.

4.4 Selection of HS Heuristics

From our discussions above, one can see that
though HS, performs always better than HS;, the
gains of using HS3 over using HS) depends on some
other factors such as join selectivity and skew types.
Conservatively, the HS heuristic for Algorithm 2 to
use is HS,. This may be the only choice when there
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Figure 4: Performance with varying 3 in JN func-
tion

is no sufficient information about the operand rela-
tions is available. Now we discuss some cases where
heuristic HS; can be used.

4.4.1 NS and SS Joins With Inclusion Depen-
dency

For the case where there exists an inclusion depen-
dency between the join attributes and the data distri-
bution on the relation with the larger value set being
uniform, we choose HS). By the second property in
Section 2, we know that in this case any tasks with
both operands being the same size must have the same
workload. That is, the load-balancing of parallel join
computation can be obtained by assigning all proces-
sors with buckets which are equal in size. In this case,
Algorithm 2 becomes the same as a static scheduling
algorithm (e.g., [7]).

It is worthwhile to mention that this case covers a
large percentage of joins in relational database sys-
tems. The following are some important applications:
Case 1: foreign key join — in real database applica-
tions, most of the meaningful joins occur on the at-
tributes which have a foreign key constraint between
them. If ry.A is & foreign key referencing to r1.4, then
r1.A must be uniform (each tuple value appear only
once) and rq.A is included by ri.A. Therefore, it is
sufficient for Algorithm 2 to use HS; to achieve load-
balancing for any foreign key join; Case 2: domain
completeness — if r1.A is complete on its domain D
[11], i.e., every value in D appears in ry.A, and 1.4
is uniform, then HS; can be used for the joins be-
tween any relation defined on D and r;.A4, no matter
what kind of data distribution ancther operand rela-
tion has; Case 3: semi-join reduction - semi-join is
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often used in distributed database systems to reduce
data transfer cost. If one operand relation, say r, is

- “iniform on its join attribute, and the other one, r3.4,

has been semi-join reduced by »;.A, then HS; works
for ry M (rgD<r;).

As we mentioned before, most of parallel join algo-
rithms only make efforts to even up bucket sizes for
load-balancing. Though it is not sufficient for these
algorithms to maintain load-balancing for all kinds of
join applications, they do work well in many cases.
For these joins, HS, is used; so Algorithm 2 incurs
no extra cost than a static scheduling algorithm.

4.4.2 Join With Very Small &

For the case where the relational join selectivity is
smaller than 1/10000, from our experiments {see Fig-
ure 1) we find that HS; can also lead to a workload
distribution close to the distribution based on real
cost. When the join selectivity is small enough, the
cost of a local join can be approximated as

JN(rii, r2i) = g1([rul, |ras])

That is, JPS can be neglected. Table 4 gives a per-
formance comparison with very small join selectivity
factors. The raw performance is for a parallel hash
join algorithm without using either static or dynamic
scheduling phases.

5 Further Discussions
5.1 Handling Severely Skewed Data

Clearly, the best workload distribution for any
scheduling algorithm on a join task set 7" with n pro-
cessors to achieve is

Dt JN(*)} (8)

ma.x{r‘neaj.'x JN(t),

Our discussion in this paper is based on the assump-
tion that all the joins are mild-skewed, i.e.,
2aer IN()
maxJN(t) < ==—— %)
For a severe-skewed join in which some tasks are
larger than the average size, the response time could
be dragged by those non-schedulable tasks when
a “many-to-one” task-to-processor mapping is used.
This problem can be solved by allowing more than
one processor to process one non-schedulable task.
Algorithm 2 can be modified to use many-to-many
task-to-processing mapping in the following way: a

Authorized licensed use limited to: Universitaet Mannheim. Downloaded on October 07,2026 at 13:44:33 UTC from IEEE Xplore. Restrictions apply.



[ (1/1000) [ 0.00] 0.08] 0.04 [ 0.05] 0.06 ] 0.07] 0.08] 009} 0.10]
Raw 11.90 [ 43.43 | 16.90 | 39.41 [ 27.18 | 20.00 | 34.08 | 22.63 j 31.60
Optimal | 125| 657 ] 2.00| 624 402 463| 7.72| 517] 478
HPs, HS, | 1.30| 9.37] 200] 821 678] 5371180 | 937} 7.80
HPs, HS, | 1.25]| 657 | 200 | 633 408 460 7.38] 5.17] 4.77
Gain 0.05] 3007 0.00] 1.88] 270 0.77] 442 4.20] 3.03

Table 4: Gains of HS, over HS; with small join selectivity factors (%)

timestamp is attached to each record in the task pool;
and a field to record the processor to which this task is
assigned (in case of being assigned to more than one
processor, the first processor is recorded). Initially
the timestamp for each task is set to “free”; it is set
to the time when the task is assigned (this may be
repeated as a task can be assigned more than once to
several processors). When the first receiver of a task
requests for another task, the timestamp of the task is
set to “done”. When the coordinator pg finds a task
exceeds the expected finish time, an idle processor can
be assigned to this task. Then the first processor for
a task redistributes workload among the later-coming
processors. The parallel nested-loops join algorithm
is used to process the same task, which cannot be
further split by hashing, and the percentage of the re-
maining task needs to be moved to other processors
can be determined using the heuristics in [13)].

5.2 Reducing Scheduling Overhead

Both scheduling phases incur some scheduling over-
head in Algorithm 2. For the first phase of scheduling,
the sizes of bucket pairs need to be sorted in order to
use the LPT heuristic at the coordinator processor;
and some data need to be moved from one processor
to another. For the second phase of scheduling, an ex-
tra cost for communicating between an ordinary pro-
cessor and the coordinator to assign a task is attached
to each task when HS; is in use. And some data need
to be moved again from the processor where this task
is stored to where this task is to be processed.

Compared with a static scheduling algorithm, the
major extra cost for a dynamic scheduling algorithmis
for moving data in the second phase. It is possible to
modify Algorithm 2 such that a tuple is only moved to
where the actual join is to be done directly from where
it resides initially as in a static scheduling algorithm.
In this case, a processor needs to request data from all
processors (line 21), instead of from only one proces-
sor as in Algorithm 2, to obtain operand data before a
local join. The advantage of using the first data move-
ment (at line 7) in Algorithm 2 is that the run-time
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interference among processors can be reduced. In the
viewpoint of total communication cost, it is obvious
that this modification can reduce communication cost.
In terms of response time, which algorithm is better
depends on the multiprocessor systems in use.

As the scheduling overhead is proportional to the
number of tasks, it could be beneficial to merge small
tasks in the first phase such that the scheduling cost
of the second phase can be reduced.

6 Conclusions

Most existing parallel join algorithms cannot
achieve load-balancing when JPS occurs. In this pa-
per, a new parallel hash join algorithm based on dy-
namic task scheduling has been proposed to solve this
problem. A new data skew classification scheme has
been proposed to study the relationship among var-
ious types of data skew, and it is used to test the
performance of parallel join algorithm systematically.
The heuristic rule HPs is proposed to estimate the
workload order of bucket pairs, and the actual work-
load on each processor at run time can be captured by
dynamic nature of the second phase scheduling. Us-
ing H P; and H S,, our parallel join algorithm can lead
to a workload distribution which is very close to the
workload distribution determined by the real work-
load. Moreover, heuristic HS; is designed to avoid
the scheduling overhead for the joins where the dy-
namic scheduling procedure is not necessary. Some of
such cases, which cover a large percentage of joins in
practical database applications, have been identified.
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