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ABSTRACT 

Data skew can result in load imbalance in parallel hash join. 
We introduce a new term, solid daia skew, and classify data 
skew into plane and solid categories in this paper. The ex- 
isting algorithms consider plane data skew only thus not ad- 
equate to approach solid data skew problem. A dynamic 
approach for handling solid data skew problem j s  proposed. 
I t  assigns join subtasks to processors during runtime using a 
method based on the estimation of execution time required 
for the computation. 

INTRODUCTION 

The multiprocessor environment of distributed database sys- 
tems provides the potential to execute database operations 
in parallel. The current trends in database applications in- 
dicate that relational queries are becoming more complex 
and relations are growing larger. It has attracted extensive 
investigations to explore parallelism in distributed database 
systems. As join is a time-consuming, yet frequently-used 
database operation, parallel join algorithm design is one of 
the most active research areas in parallel database research. 

Hash join algorithms can map the relations to be joined into 
a number of horizontal fragments (buckeis) in linear time 
such that a pair of buckets from each relation can be joined 
independently, i.e., without referencing any other buckets. 
It is potentially efficient for a parallel hash join algorithm 
to produce such buckets and distribute them to processors 
where the joins can he computed locally [5]. There exist a 
considerable number of hash-based parallel join algorithms 
11, 4, 5, 6, 8, 10, 121. Similarly to hash conflicting and over- 
Bowing problems in sequential hash join algorithms, there 
are some factors to he handled to improve the performance 
of parallel hash join algorithms. For example, as the response 
time is determined by the slowest processor involved in par- 
allel join processing, the fluctuation of bucket sizes (in terms 
of the number of tuples in them) has to he smoothed to avoid 
the situation that some processors assigned with larger buck- 
ets are still busy while those light-loaded processors are idle. 
Nonuniform data distribution, referred to as daia skew, can 
result in such problems of load-imbalancing. To keep load- 
balancing even in the presence of data skew is the key issue 
for parallel hash join algorithm design [4 ,6,7,  8 ,  10, 121. The 
GRACE join approach [5] maps the relations into many small 
suhbnckets and then pack them into equal-sized buckets of 
the number of available processors. [6] proposes storing each 
bucket across the network distributively, insteading of at a 

specific node where it will he joined, and also proposes to 
rebuild equal-sized buckets after network-wide buckei ium- 
ing. This communication-intensive procedure is supported by 
a specially-designed hardware R network. [4] suggests three 
ways to get equal-sized buckets within a general-purpose mul- 
tiprocessor environment after obtaining many small suhbuck- 
ets as in the GRACE join algorithm. 1121 uses hierarchical 
hashing and adds a scheduling phase between the hash map- 
ping phase and the local join phase to even up bucket sizes. 
These efforts provide efficient methods to smooth bucket sizes 
before the local join computation on each processor begins. 

As we will point out in this paper, data skew may occur either 
before or after hash mapping, as well as in the join result. We 
name the data skew associated with hash mapping as plane 
doia skew. It is a special case of the solid da ia  skew which 
additionally takes into account the data skew in join result. 
To the hest of our knowledge, all the previous work, which 
tries to achieve equal-sized buckets before joining, attempts 
to handle only plane data skew problems. As solid data skew 
is usually hard to predict before joining relations and can 
only he fully specified when a join is computed, thus it is 
impossible to maintain load balancing by assigning tasks to 
processors prior to join commencement. That is, rebalancing 
during join computing is necessary. This paper proposes a 
dynamic load balancing algorithm for solid data skew proh- 
lems in parallel hash join operations. I t  assigns join subtasks 
to processors during runtime based on the estimation of ex- 
cution time in the presence of data skew. The impreciseness 
of the estimation will be compensated by a dynamic schedule 
strategy. 

DEFINITIONS AND ASSUMPTIONS 

Let R and S he two relations with nondisjoint relational 
schemas. To join relations R and S, written as C = R W S, 
each tuple in one relation R is examined against all the tuples 
in relation S, and the join result C is generated by matching 
corresponding tuples. We only consider the eqni-join oper- 
ations on a single attribute. Without loss of generality we 
assume that a tuple is restricted to the field of the join at- 
tribute, thus a relation is represented by its join column only. 
The size of a relation R is the number of tuples in R, denoted 
as \RI. A tuple of R is represented as i .  

Let P = { p 1 . p 2 , . '  .,pn} he a set of processors to be used for 
parallel join computation. Assume that all these n processors 
are identical and interconnected. We do not distinguish the 
communication cost between each pair of processors. One 
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may assume that they are fully connected or connected by 
a bus. The network transmission rate is assumed to he very 
high, so to distribute a pair of buckets (Ri,S,)  to an under- 
utilized processor to perform the join is always profitable prw 
vided that the granularity of the buckets is well-controlled. 

We assume also that a pre-defined hash function f on the join 
attribute is available. Its image domain is partitioned by a 
set of boundary elements, which form an increasing (m + 1)- 
elementary sequence q ( f ,  m) = ( l o , l 1 , .  . . , I , , , )  where lo and 
I ,  are always defined as --oo and m respectively. 

A iriuial partition of R is a set of fragments Q, 1 5 i 5 m 
such that R = U:, Ri and R, n Rj = 0 for i # j. A bucket 
parlition of R, obtained by bucket pnrlilioning with a hash 
function f and a boundary element sequence q(f ,  m), is a set 
of fragments RI, 1 5 i 5 m such that R: = {t E R : li-I < 
f(t) 5 l i ) .  4 is called a bucket. Bucket partition is a special 
case of trivial partition. It is obvious that R = R: and 
all buckets are pairwise disjoint. 

Data skew can be measured by skew degree @. Let T : X - 
Y he a function where X = { zi : 1 5 i 5 1, 
Y = { v i  : 1  5 i 5 p ) , a n d p  5 L F o r y  E Y,define 
9 (9) = {z E X : ~ ( z )  = y), Data skew is measured by data 
skew degree P ( r , X ) :  

It is obvious that l / p  5 @(*,X) 5 1. If X is evenly mapped 
into Y, i.e., with no data skew, then /?(.,X) = l /p .  Other- 
wise, @(., X) > l /p.  P(n, X) = 1 means all data in X are 
skewed in a y  E Y. 

By saying 8ome data are skewed in a y E Y, we mean that 
the elements in ~ ( y )  are not distinguishable by T, and there 
are 00, at least we do not have at  hand, any fine function to 
provide distinction between them. To run a parallel hash join 
algorithm on n processors, we need a bucket partition con- 
sisting of at least n buckets for relation R and S respectively. 
If P( j ,  R )  > 1/n or @(f, S) > l/n, it is not always possible 
to keep load balancing, because the largest data skew, which 
can not be split by f ,  may already make a processor over- 
loaded. As in GRACE join algorithm, we consider mild data 
skew only. That is, we assume that both @(f, R )  5 a/n and 
,b’(f,S) 5 a/n, where a, 0 < a 5 1, is a system parameter 
used to determine whether a parallel hash join algorithm is to 
be employed. Under this assumption, the bucket partitioning 
will generate more than n/a pairs of subbuckets which gives 
room for load balancing among n processors. 

Other assumptions about join operations are: (1) Relations 
to be joined are large enough, so it is worth while distribut- 
ing the joiu operation among the n processors; (2) The join 
result is pretty large (otherwise solid data skew reduces to 
plane data skew); (3) No index on the join attribute is avail- 
able; (4) The final result is not required to he sorted on the 
join attributes. The parallel hash join procedure will not be 
invoked if a prejoin check finds that these conditions do not 
hold, and then some other parallel join algorithm, or even 
sequential join algorithm, can be employed. 

PARALLEL HASH JOIN AND DATA SKEW 

1. Parallel Hash loin Algorithms 

To join R and S using a set of processors P in parallel, we 

first need to distribute these two relations to each processor 
pi E P. To avoid a heavy communication penalty during join 
Computation, two kinds of data distribution patterns can be 
used, as illustrated in Figure 1. We estimate the time of a 

I I 

IS1 
(a) Relation S is fully duphtcd 

I 

IS’I 
(b) Non-duplication 

Figure 1: two basic data distribution patterns 

join operation as the product of the sizes of its two operand 
relations. Thus a rectangle in Figure 1 is the work-load on-a 
processor, or the parallel computation cost of the join, while 
the sequential computation cost is represented by the union of 
all the shaded rectangles. In Figure l(a), relation S (usually 
the smaller one) is fully duplicated on all processors, and r e  
lation R is aasigned to the processors using a trivial partition- 
ing method. It is easy to see that to duplicate both operand 
relations on a processor is not necessary. Figure l(h) shows a 
data distribution pattern without duplication. From Figure 1 
one can see that the non-duplication pattern reduces both 
parallel and sequential computation cost. However, bucket 
partitioning must be used here. To map R and S to R‘ and 
S’ respectively, sorting these two relations before distiibut 
ing 1111, or hash mapping are necessary. Hash mapping is 
normally a linear procedure (O(lRI+ IS/)) and it is easy to 
parallelize, whilesorting needs O(lRlloglRl+lSlloglSI) $me 
and it is not simple to paralleliee. So hash mapplng IS wlldly 
used in parallel join algorithms. 

A typical hash-based parallel join algorithm can be outlined 
as follows. Recall that n = jPI. 

Algorithml: parallel hash join algoriihm 

Stage  1 data distribuiion: Partition both R and S by trivial 
partitioning into n equal parts. Each p i ,  1 5 i 5 n, 
receives Ri and Si. 

Stage  2 partition: Each processor p i ,  1 5 i 5 n, maps Q 
and Si using the same f.and q ( f ,  n) into n subbuckets 
Rij and Sij, 1 5 j 5 n, respectively. 

S tage  3 data ezchanging: Each processor pi collects all Rj, 
and Sji, 1 5 i 5 n, 1 5 j 5 n, from other n - 1 
processors; R: = U;=, Rji and S: = Sji. 

Stage  4 independent join: Each processor pi  computes Ci = 
G.WS;,l 5 i 5 n. 

Stage  5 nsult ossembling: All resultant tuples on n proces 
sors are collected and returned to the processor where 
the final result C = U:=l Ci is required. 

The first three steps of Algorithm1 perform bucket partition- 
ing by hashing in parallel. The response time of this alg* 
rithm is determined by the processor which finishs last. To 
improve the performance (response time) of Algorithml-like 
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parallel join algorithms, it is imperative to keep load balanc- 
ing among all the processors such that they can terminate at  
almost the same time. 

2. Data Skew Classification 

As join may occur on any attribute, and sometimes the join 
relations are the intermediate results from some previous o p  
erations, it is not easy to find a suitable elementary sequence 
q(f, m) such that all the buckets are equal or nearly equal in 
size before they are actually generated. And also, it is not 
uncommon in database applications that nome values in the 
joining column appear more frequently than others. The tu- 
ples of the same value will be mapped into the same bucket, 
no’matter what f or q(f, m) will be used. Dofa skew arises 
when there are more than expected data being put into a 
place. In hash-based join algorithms, data skew can canse 
load-imbalancing, and consequently it affects response time 
because the number of buckets and then the sizes of buckets 
may not be chosen in an optimal way. 

Figure 2 depicts five general stages of a typical parallel hash 
join algorithm. Dataskew may occur at  each stage and in one 
of (single s tew) or both of (double stew) the two operand re- 
lations. While single skew is not easy to handle, double skew 
is even harder to approach. The factors causing data skew 

1 

hrsb partition skcw 
join product skew 
systcmJ skew 

Figure 2: parallel hash join with data skew 

have been studied in several research papers, and their clas- 
sification can be found in [lo]. More specifically, data skew 
can be classified into five classes. (a) Infrtnsic skew This 
kind of data skew occurs when attribute values are not uni- 
formly distributed. This situation often occurs in practice. 
It makes impossible to divide relations evenly into buckets 
by choosing a well-designed hash function because the tuples 
of the same value are always mapped into the same bucket 
regardless of what hash function is in use. (b) Selecfion skew 
Because of performance considerations, the join operations 
are usually postpoded to as late as possible hy query opti- 
mizers. These preceding operations could create two prob- 
lems: data distribution in the intermediate relations is hard 
to predict after selections and projections, and there may not 
he statistical information available about the relations to be 
joined. This kind of skew amplifies the negative effects of in- 
trinsic skew. (c) Hash portifioning s tew This is caused by the 
possible mismatch between the distribution of join attribute 
values and the expected distribution by the hash function. 

(d) Join nsvll skew Join selectivity [SI may vary from bucket 
to bucket. Two buckets with greater join selectivity may gen- 
erate a larger join result and thus need longer time for gener- 
ating output (I/O), communication (when returning results) 
and computation (if there are some other operations on the 
output, like eliminating duplicates). This means that even 
when the operand relations are distributed among the pro- 
cessors evenly, each procgaor still requires a different time 
to compute the join, i.e., load is still imbalanced; If there is 
not enough precise statistical information, this kind of skew 
is unpredicatable. (e) Sysfem skew Computational capabil- 
ities of the processors to be involved in parallel joins may 
be different in a distributed system. This uneven computa- 
tional capability requires the bucket sizes be proportional to 
the capabilities of computers rather than just being equal. 
Generally, how many and which Computers can he used for 
a join operation can vary for each execution of an algorithm, 
so an adequate q(f, m) must be determined according to the 
current system configuration. With incomplete knowledge of 
data distribution of the operand relations, it is not easy to 
choose such a q( f ,  m). Inadequate bucket sizes will introduce 
“system skew”, which means some computers are assigned 
nonproportional tasks. In a typical distributed system, some 
processors may become idle and then they can he used dur- 
ing the join. Moreover, some proceasors which are expected 
to take part in the join computation (or even have been al- 
ready assigned some subtasks of the join) may be required to 
quit to respond to their owners or because of some failure. 
This introduces dynamicn into P, and then data skew also 
becomes timedependent, i.e., balancing on a current P will 
be violated when P changes. In this paper we assume an 
even and fixed computing environment. So system skew is 
not considered here. 

3 Plane And Solid Data Skew 

When data skew occurs, bucket partitioning will generate 
buckets of the sizes as pictured in Figure 3(a), while what 
one expects to get is shown in Figure 3(b). We refer to 
data skew, which causes fluctuation of bucket sizes, as plane 
dnln skew. The first three kinds of data skew, discussed 
above, contribute to the plane skew problem, so does the 
last kind of data skew when in an environment with un- 
even computational capabilities. Plane data skew is well- 
recognized, and there exist a number of solutions to handle 
them [4,6,7,10,12]. Most of them rely on the design of a pro- 
cedure (which is either decentralized or centralized) to map 
the situation shown in Figure 3(a) to that in Figure 3(b). We 
classify this kind of attempt as slatte approaches. However, 

R’I R’I 

IS’I IS’I 
(a) Phe data rkcw (b) No p h e  dam skew 

Figure 3: plane data skew 

the fact that there is no plane data skew does not guaran- 
tee load balancing. Assume that a comparison of two tuples 
takes a unit of time, and to generate an output takes p unit of 
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time, then to  join a pair of buckets Ri and S: by nested-loop 
sequential join algorithm needs time: 

T = IeI. IS:l+ pIR: W $ 1  
The first part of the i expression can be reduced when a 
more efficient sequential join algorithm is used. For two 
paitsof buckets (4,s:) and ( R ; , S j ) ,  where = IRjI and 
IS:l = ISjl, which is the ideal case for all static approaches 
to expect, the time to join each pair may still be different 
as the sizes of the join results, 1% W Si1 and IR; W S;l 
may be different, Because the join result is large as we as- 
sumed, and p cannot be neglected in distributed environment 
(it includes not only IJO operations but also communication 
cost), the time differences to join equal-sized buckets have to 
be taken into account, Moreover, data skew in the operand 
buckets will make the time differences even bigger. Figure 4 
illustrates such an example. R and S in Figure 4 have the 
same domain (0,9), their value distribution is nonuniform. 
The hash function expects an even distribution so it uses the 
boundary element sequence (-00,4,00). Figure 4(a) shows 
the result after hash partitioning, data skew occurs in both 
Ri and Sb. Then one can adjust them, and get even buckets 
shown in Figure 4(b). The join result CI = R;‘ W S;‘ has 
only 2 tuples, while Cz = R;‘ W Sy has 8 tuples. This exam- 
ple shows that a pair of buckets with data skew will produce 
much larger join result than those of the same size without 
data skew. Thus join result skew can affect join execution 

..I .1 

(a) two pairs of buckets with plane dru skw 
r2 

E 6 1 7  9 8 7 8 1  

(b) WO pain of bockus without plane data skew 

Figure 4: example of solid data skew 

time significantly. We define data skew in both two operand 
relations and join result as sohd dafo skew. Plane skew is just 
a special case of solid skew when there is no join result skew. 
Solid data skew occurs when the join result is not very small 
and the time to process join output cannot be neglected. It 
can be caused by the skews in input relations of a join op- 
eration. It also occurs when the configuration of processor 
set P is allowed to change dynamically, as working load will 
be relatively skewed if there are some processors joining or 
quitting, Solid skew is shown in Figure 5. 

It is obvious that solid data skew cannot he approached by 
only static considerations unless a precise cost estimation 
model and enough accurate profile information are provided. 
Generally, it is impractical to make assumptions about avail- 
ability of such information. 

A DYNAMICAL SOLUTION 

Static approaches to solving plane data skew problems are 
basically concerned with achieving load balancing before the 
local join phase and then never again during run time, so 
they cannot tackle solid data skew arising from local join 
phase. We propose a new algorithm which balances the load 
during join phase (see Figure 2) dynamically, to minimize the 
response time of a join. 

Figure 5: solid data skew 

Algorithm 2: dynamic parallel hush join 

S tage  1 data distnbulion: Partition both Rand S by trivial 
partitioning into n equal parts. Each pi receives Q. and 
Si, 15 i 5 n. 

S tage  2 partition: Each processor pi maps Ri and Si using 
the same f and q ( f ,  m) into m subbuckets &j and Sij 
respectively, 1 5 i 5 n, 1 5 j 5 m and n < m. It re- 
ports {I&l, IRizl,...,IQml) and {lSiil,lSizl,~.., ISimI} 
to a designated processor, say PO. po gets global parti- 
tioning information: 

Stage 3 pwalleljoin: Each processor pi, 1 5 i 5 n, executes 
the following steps: 

S tage  3.1 task acqnisition: Processor pi asks for a task 
from w. If there is no task left, pi terminates. Oth- 
erwise, the “largest” remaining task R;. W 5’; is as- 
signed to pi. 

S tage  3.2 buctef collecting: Processor pi broadcasts 
the task it has just obtained to all the other pro- 
cessors in P, and collects Rkj and Skj, 1 5 k 5 n, 
from other n - 1 processors to get Ri = U;=, Rkj 
and sj = s k i .  

S tage  3.3 independenf join: Processor pi computes 
Cj = R; W S; and goes to Stage 3 . 1  when finished. 

S tage  4 result assembling: All resultant tuples on n proces- 
sors are collected and returned to the processor where 
the final result C = Ci is required. 

Instead of assigning all the tasks to be processed on a p r e  
cessor before join, which is unavoidably load-imbalancing as 
we have indicated by previous analysis, Algorithm2 assigns 
tasks only to the idle processors. In the presence of unknown 
solid data skew the work-load of processor pi can he under- 
timated, and therefore it takes a longer time. Subsequently, 
it will then be given asmaller task since other earlier-finished 
processors have requested the larger tasks from PO. There- 
fore, the difficulties in work-load estimation will he compen- 
sated for by the order to acquire the next task. This order is 
determined by the actual work-load. In Stage 3.1, po  always 
gives the currently largest task to the requiring processor. 
“Largest” task is the join of a pair of buckets which needs 
longest time to process. That is, in Algorithm2 LPT (longest 
processing time) scheduling strategy [2, 31 is used as a heuris- 
tic rule to balance the load among processors. In fact, LPT 
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scheduling strategy is also used by some parallel join algc- 
rithms ofstatic category [ll]. The algorithms which generate 
equal-sized buckets by packing subbuckets to overcome plane 
skew problem also face the siniilar difficulties to achieve pre- 
cise load balancing. In general, to pack n tasks into m groups 
optimally, known as bin-packing problem, is a NP-complete 
problem [3]. 

To use LPT scheduling strategy, the work-load of each task is 
to be known in advance. As solid data skew cannot be totally 
predicted before the join is finished, the work-load of a join 
task is not easy to determine by the traditional method. We 
use a rule of thumb to predict it. The number of buckets, 
m, is given before bucket partitioning, the expected size of 
each buckets of R and S are IRl/m,afld ISl/m respectively. 
To estimate execution time, rj, of joining a pair of buckets 
R: and 4, this formula is in use: 

We do not attempt estimate the size of R;. W S' by this for- 
mula. What one needs to know for load balancing is only 
which task is the biggest one. In other words, we just need 
to know the relative order of work-load of these tasks. This 
estimation is based on the observation that join selectivity is 
related to data skew and tbat double data skew can poteu- 
tially produce larger output. 

Unlike Algorithml, Algorithm2 does not include data ez- 
changing step. Subbuckets are collected when the corre- 
sponding bucket is assigned. By doing so it avoids the 'traffic 
jam" in Stage 3 of Algorithml, which is caused by all prc- 
ceeaors sending all subhuckets simultaneously. However, the 
processors performing join computations in Stage 1.3 of Al- 
gorithm2 may be interrupted for a while by the processor 
which just comes to Stage 3.2 of AlgorithmS. 

CONCLUSIONS 

Load-balancing is a critical issue to the performance of par- 
allel hash join algorithm. We have shown that even with- 
out plane data skew, the problem of load-imbalance still f r e  
quently occurs in applications. To model this phenomenon, a 
new notion, solid data skew bas been introduced. With pre- 
vious static solutions, solid data skew problems are imp- 
sible to overcome. We have preseuted a dynamic approach 
to handle data skew problem wbicb is based on scheduling 
tasks during join execution. In this pap< r we have presented 
a heuristic rule to dynamically aasigu tasks to processors ac- 
cording to the task execution time. We have also shown how 
to estimate the execution time of a join in the presence of 
data skew. 
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