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Abstract

Equijoin between two relations is one of the basic operations in relational database
and a large volume of research have been devoted to it. However, in recent years,
there hasn’t been a survey which objectively compares a wide spectrum of various
join techniques in their relative performances. This survey compares performance
and practicality between various join techniques. Main criteria for performance
comparisons are disk I/Os. For comparing of practicality, criteria used are easiness
and flexibility of implementation. When comparing join techniques, each join tech-
nique is evaluated in its full potential, which means that if other techniques are
available to enhance this join technique while retaining the main philosophy of it,
the later techniques are applied.

The main contribution of the paper is that it confirms the believe that no dra-
matical performance improvement of three major join techniques (nested loops,
sort-based, and hash based) of relational database can be made. The future of
join performance improvement in relational database systems lies in more radical

approach: parallel join, join index, composite index, and layered database.

Key words: Relational database, query execution, join, join index, equijoin, band join,

selection, index, access path, disk I/O, performance.



1 Introduction

There are two parts in query processing in relational database: to find an optimal strategy
(query optimization), and to execute (query execution) it. Usually query execution takes
much more time than query optimization and the most expensive part in query execution
is join. Join execution techniques in relational database is a mature subject and have
been extensively investigated for over 20 years, and yet in recent years, due to its extreme
importance in commercial applications, much research have been done in this area and
some new progresses have been made.

Common join techniques in relational database can be classified into three classes:
nested loops join, sort-merge join, and hash join. There have been much discussions on
their relative merits. Some new database architectures and join techniques have been
proposed in recent years which hold hopes to further improve the performance of join
execution in relational database. These techniques include signature method [15, 31, 34],
clustering of data tuples and partition of relations [59], join index [28, 61], composite
index [33], layered relational database [52], etc. Essentially, the improvements these new
techniques made are either better organizing of physical storage of data on the disk to
take advantage of some special cases such as sequential disk accesses, or adding some new
clever indexing schemes to gain faster access to specified data values. In the proposals
of most new techniques, usually some special circumstances are assumed or emphasised
which either simplify the comparison or favor the application of the new techniques and
favorable performance results are obtained.

This is a valid way of conducting research because of the limit in the scope of the
research. This phenomenon brings up the need to objectively compare a wide spectrum
of join techniques in order to make clear the relative merits of each technique and future
research direction, and to facilitate the selection of join techniques by database system
designers and implementors.

In this paper discussions are restricted in join execution of query execution only. The
focus of comparisons is the relative performance and the practicality. Main criterion
for performance comparison is the amount of disk I/Os for each join technique and the
criterion for practicality is the easiness and flexibility (which often means stability in a
dynamic environment) of implementation.

Band join as a terminology was introduced in 1991 [43] and can be regarded as an
extension of equijoin in ordered data domain. This is discussed in Section 10 due to its

similarity to equijoin.



2 Assumptions

When comparing and evaluating join techniques, many techniques are evaluated according
to their principal philosophies. This means that in evaluation of a join technique, if other
tricks and methods are available to improve this join technique, these tricks and methods
are assumed to be incorporated in the join technique, as long as the incorporations are
faithful to the original philosophy of the join technique. So each join technique is evaluated
by its full potential, not necessarily in the exact same form as originally proposed. Such
is the case of hybrid hash join, we assume that dynamic change of roles of two joining
relations based on sizes of partitions as that in Grace join can be readily used in hybrid
hash join.

In many papers that proposes a join techniques and/or evaluate performances between
two or three join techniques, many particular assumptions are made to make the compar-
ison as accurate as possible. Since this paper evaluates and compares a large number of
join techniques, we feel the best strategy is to keep it simple: only essential assumptions
are made, and the assumptions are consistent across difference join techniques to ensure
reliable and fair comparisons.

Let | R | be the number of pages in relation R. Assuming R and S are two joining
relations and | R |<| S |. Let R.A and S.B be join attributes between R and S, i.e., R.A
and S.B share the same data domain. For simplicity of discussion, it is assumed that
there is only one join attribute in each relation.

An equijoin between R and S is defined as for each pair of tuples ¢, and t,, t, € R,
ts € S, if t,[R.A] = t,[S.B], then tuples ¢, and ¢, are concatenated into one joined tuple.
Duplications among joined tuples are removed.

Let | R | be the number of pages in relation R and | S | be the one in S, and 6 be the
ratio of the execution times between random and sequential accesses of the disk. Tuples
in R and S are of approximately the same length. Let it be that || R || is the number of
tuples in R and || S || is the one in S. Roughly, || R || /|| S||=|R|/|S |-

« is the percentage of tuples in R that can match with tuples in S. beta is the average
number of tuples of S that each matchable tuple of R can match, So, a8 | R | is the
number of pages in the join result.

Let M be the size of memory, and L be the size of the larger relation, then it is
assumed that for sort-based joins, at least M > +/L/2 and for hash-based joins, each
bucket or partition can be allocated at least one page in memory as its own buffer area.

On the other hand, both R and S are assumed to be far larger than available memory.



If there is no further explanation, it is assumed that | R |= 50,000, | S |= 500,000,
6 =200, a = 0.05, 8 =3, and M = 20, 000.

To distinguish indexes that can help to do selection and are defined on one or several
attributes of one relation to more complicated ones such as join index, the former are
called selection index. No indexes are assumed unless explicitly stated.

In performance evaluation, only disk I/Os are compared between various join tech-
niques. The unit of disk I/O is disk page, which usually ranges from a half a kilobyte to
a few kilobytes. For easiness of comparison, it is assumed that one tuple occupies exactly
one page. One reason for this decision is that in current technology, CPU speed usually
far exceeds the disk I/O speed and is still growing fast. Another reason is that in to-
day’s computer, CPU operations and disk I/O operations can be done parallelly and the
execution times are often overlapped. Since in this paper the emphasis is on comparing
differences of major cost factors, we can afford to concentrate our attention on disk I/Os
only.

Random disk access time is usually orders of magnitudes bigger than sequential disk
access time and this difference cannot be ignored. This decision is reflected in various
cost formulas and analyses throughout this paper.

The writing out step of the first phase, which is sorting for sort based join techniques
and hashing for hash based join techniques, and the reading in step of the the second
phase, the joining phase, are assumed to be sequential. If each write operation can write
a sufficient large amount of data out to disk, the sequential read/write assumptions are

close to the reality. In Section 7, a paragraph is dedicated to discuss this issue.

3 A Taxonomy of Join Techniques

Essentially, join between two relational tables are a binary match operation executed
between two potentially very large lists. Without exploiting any clustering in the data
and without using any indexing, there can be only one join technique, that is, to compare
join attribute value of every tuple in one relation to join attribute value of every tuple in
the other relation. This is called the nested loops join technique. The cost of this join
technique in terms of disk I/Os is the cross product of the numbers of tuples in the two
joining relations and it is often huge: for two relations with 10, 000 tuples each, the cost of
nested loops join is 10,000 x 10,000 = 100, 000, 000 tuples. If each tuple occupies exactly
one page, this means 100 millions of disk I/Os.



Any other join technique becomes possible only by exploiting some special character-
istics of the data and join attribute values distribution. For a general purpose database,
there are very few special characteristics of the data can be assumed. One characteris-
tic that often can be assumed is that there is an order among join attribute values and
another is that the join attribute values are either clustered or can be partitioned into
groups. The first assumption makes possible sort based join techniques and the second
assumption makes possible hash based join techniques.

Looping Sorting Hashing
Nested loop join Sort-mergejoin Hash join
Buffer A GSM Hybrid hash join
Tricks Dynamic Destaging

Adaptive hash join
Partially preemptible join

Block 1/0 Nested block join JAN A
Relation Join by Distributive join Shin’sjoin
partition fragmentation

Selectionindex | O Hybrid join O

Joinindex | O A A

join page index Page indexing nested loop  Page indexing sort-merge  Page indexing hybrid hash
(pointer-based) Page indexing Hash-L oops

Page indexing PID-Partitioning
Signature filtering A A A
Layered approach | A\ JAN JAN

Figure 1: The join combination table

Therefore, there are three basic join techniques: nested looping, sorting and hashing.
These techniques are somewhat exclusive with respect to one another. Nested looping
compares every tuple from one relation to every tuple from the other relation, so in the
same execution doing sorting and hashing are obviously wasted efforts. Sorting makes it
possible to compare two lists of values in sequence, so no longer is it necessary to compare
each tuple from one relation with every tuple from the other relation (nested loops join).
Hashing would disrupt the order created by sorting and void the result of sorting.

On the other hand, these techniques can be used together in a join execution: they
can be applied for different relations and at different stages of join execution.

Besides characteristics of data, there are other factors that can affect the speed of join
execution: existence of indexes and the types of indexes; organization and sequencing



of disk I/O; partitioning of joining relations and the methods employed to make the
partitioning; sorting of data values and the methods employed to do the sorting; size of
memory buffer and the way to use the buffer. However, all these factors would not have
any effect without assuming the existence of at least one of the two basic characteristics
of the join attribute values as mentioned above.

Figure 1, let’s call it the join combination table, is organized in three columns, rep-
resenting three major join techniques that are essentially exclusive with respect to one
another. The join techniques at the cross point of two techniques is the combination of
the two techniques. For example, Hybrid join applys both sorting and selection index. For
each basic join technique there are many other techniques that can be combined: memory
management (Buffer Tricks), I/O management (Block 1/0O), disk storage management
(Relation partition), and indexing. All join techniques in the middle column assume the
existence of order among join attribute values. All join techniques in the right column
assume the possibility of clustering or grouping among the join Attribute values. In the
left column, only the nested loops join that does not combine with any other technique
doesn’t make use of any assumption on the characteristics of the data. All other join tech-
niques in the left column assume either order exist among attribute values or grouping or
partition is possible.

The distinct advantage of the hybrid hash join is that it utilizes memory buffer as
much as possible. Since hashing and sorting are complimentary methods, in [54], the
same idea used in hybrid hash join was applied to sort based join techniques. So observing
relationships between various join techniques and understanding the reason behind the
relationship could provide insights into the rule of designing join techniques and give
hints on the possible existence of new join techniques. In this sense, the join combination
table is very useful. It is by no means exhaustive. The places marked with triangles are
possible places to design new join techniques or some join techniques have already been

in existence but this survey doesn’t cover or simply it is not yet published at all.

4 Nested Loops Join

Simple nested loops join: In this technique [2], tuples of R are read sequentially from
disks into memory. For each tuple of R, all tuples of S are read in memory at least once
to have their join attribute values compared. R is called the outer relation and S is called
the inner relation. R can be scanned (tuples to be read into memory and have their join
attribute values compared) sequentially and only need to be scanned once. S is scanned
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once for each tuple of R.
The disk I/O cost of disk I/O fo a simple nested loops join is:

Csimplenest :|R|+(|R|*|S|)+O‘ﬁ|R| (1)
Plug in numbers that are assumed in Section 2, the I/O cost is:
Cimple nest = 50,000 + (50,000 x 500, 000) + 0.05 * 3 * 50, 000 = 2.5 x 10'° (2)

This is a very slow join technique. There are many improvements of it have been

proposed and major improvements have been discussed in the rest of this section.

Blocked nested loops join: It is sometimes called the nested block join [46]. It is a
very effective and straightforward improvement over the simple nested loops join. The
number of times the inner relation S is read into memory is equal to the number of times
the memory is refreshed with tuples of the outer relation R. The strategy of nested block
join is to hold as many tuples of the outer relation R in memory as possible so that
number of times memory has to be refreshed with tuples of R can be minimized. When
the available memory of the computer is large but not so large to hold any of the joining
relations, this technique can significantly reduce the disk I/Os over that of the nested
loops join [46]. The word “block” in nested block join refers to the chunk of tuples from
either relation that are read and reside in memory in batch, and should not be confused
with the block that is the unit of disk storage. For clearness of discussion, in the following
discussion, “block” refers to the unit of disk storage and “partition” refers to the chunk
of tuples of either relation that are read together into memory. In nested block join,
relations are usually evenly partitioned.

The available memory of the computer can be divided into three parts. One part is
allocated as a buffer area for storing tuples from R and is denoted as B,. Another part
is allocated as a buffer area for storing tuples from S and is denoted as B,. Still another
part is used as an output buffer area for temporarily storing joined tuples before they are
written out to disk, and is denoted as B,. One way of organizing the available memory
is to allocate M — 2 pages for B,, 1 page for By, and 1 page for B,.

Then, M — 2 blocks of tuples from the outer relation R can be held simultaneously
in memory. The disk I/O of reading R is not affected by the size of B,. The number of
times to read the inner relation S is greatly reduced by the relative size of B, and | R |:

Cblocknest:|R|+(|R|/(M—Q)|S|+Oz*ﬁ*|R| (3)
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Plug in numbers that are assumed in Section 2, the I/Os cost is:

Climpte nest = 50, 000+(50, 000500, 000) /(20, 000—2)+0.05+3x50, 000 = 1.25x 10°(4)

Using hashing to reduce the number of comparisons: To reduce the number of
comparisons between tuples from B, and B,, hashing can be used. Hashing partitions
memory resident tuples into buckets and comparisons only to be carried out between
tuples of two relations that fall into the same bucket. Only tuples from B, need to be
built into a hash table. The hash table is built by hashing tuples from B, on their join
attribute values and place them into appropriate hash buckets. Collisions in a bucket are
usually resolved by chaining of tuples in the bucket. The tuples from B, are hashed on
their join attribute values by using the same hash function. Comparisons between join
attribute values of tuple from R and S can be carried out right after each tuple in B; be
hashed and its corresponding bucket in hash table of B, is known. The hash table of B,
needs only to be built once for the entire S. Usually, the extra CPU cost of hashing can

be well justified by the savings in number of comparisons.

Using rocking to reduce I/O: Rocking is proposed by Kim [8]. In nested block
join, the entire inner relation S is read from disk into buffer B; each time the buffer B,
is refreshed with tuples from R. However, beginning from the second time, when start
reading blocks of S, there are tuples of S already in buffer B, and these tuples don’t have
to be read again if reading is carefully organized.

A simple arrangement can save some disk readings of S: in the first pass to read S
file, it is read forwardly from the top to the bottom of the file. In the second pass, it is
read backwardly from the bottom to the top of the file, and tuples at the bottom of S file
don’t have to be read again. In the third pass, S file is read forwardly from the top to
the bottom and tuples at the top of S file don’t need to be read again. The name rocking
comes from the fact that the reading of S file is done alternatively from the top and from
the bottom.

Another implementation of the rocking technique [59] is to read S file in a circular
manner. This implementation could be useful if forward access is more efficient than
backward access, or if backward access is simply impossible. Assume there are m blocks
in S file and buffer B, can hold up to 100 blocks. The first pass is to read blocks 1, 2,

., m. The second pass is to read blocks m — 99, m — 98, ... , m, 1, ... , m — 100. The

blocks m — 99 through m are reused and no actual reading is performed for them. The



third pass is to read blocks m — 199, m — 198, ... , m, 1, 2, ... , m — 200, and no actual
reading is performed for blocks m — 199 through m — 100.

Suppose there are total M pages of available memory, the size of B, is M — 1 — p, the
size of By is p, and the size of B, is one page. Then, the disk I/O of performing a nested
block join is:

| R |

m)*(|5|—P)+\S| (5)

C'bloclc rocking :| R ‘ +(

Regarding all other variables as constants and optimizing on p, one gets:

‘R‘ )*(|S|—p)]’=‘R|(|S‘_M+1)

G- (0 —1—pp? ©)

the above derivative is always positive. So to minimize the I/O cost, the value of
p should be chosen as small as possible, i.e., p = 1. However, take into account that
sequential access is much fast than random access, p should be chosen somewhat bigger
and in this case, rocking makes sense. However, the effect of employing rocking in nested

block join is marginal.

Using indexing to reduce I/O for inner relation: Indexes such as B+ tree can
greatly reduce the number of disk access to fetch a particular data value if data values
are ordered in some way. In general, indexes can help speed up join execution with the
cost of using extra disk storage space for index itself.

When indexes are available on the join attribute of the entire inner relation in the
nested block join, no longer the entire inner relation has to be scanned for each partition
of the outer relation. With index, usually only a few disk read are suffice to fetch matching
tuples from the inner relation for each tuple of the outer relation. This could mean a great
saving on disk readings if | R | is far smaller than | S |, and/or join result is small. On the
negative side, disk accesses to and through an index are often random and cost at least a
few random disk reads for each tuple of R (If | S | is large). If two joining relations have
approximately the same size, this means that disk I/O is at least a few times the size of
the outer relation, and this is very costly in time.

The disk I/O is:

Cblock nest index :l R | +0(| R | *f)/(M - 2) + o * ﬁ* | R | (7)



where f is a factor that on average, for each tuple of R, f tuples of S are fetched for

comparison. If f =5, then,
Chiock nest indez = 50, 000+200(50, 000%5) /(20,000 —2)+0.05%3%50,000 = 6 x 10*.(8)

Much better than nested block join.

Concluding remarks for nested loops join: One of the critical factors in determining
the performance of nested block join is the buffer size allocated to each relation. The
simple analysis above seems to favor either maximize or minimize one of the buffers and
adjust the size of other buffers accordingly. This is not completely true since often the
disk storage of a relation is clustered and disk head seek time makes up a large part of disk
access time. In order to reduce disk head seek time, it is beneficial to give either buffer of
the two relations a comparable size, or to have two relations reside on two separate disks.

Generally speaking, nested loops join techniques are not fast join techniques. The
nested block join can perform better than simple nested loops join if large memory is
available. If the outer relation R can fit entirely in memory, then the I/O cost of the join

execution reduces to just a linear scan of both relations:
C=lR[+[S5]|+af| R (9)

In this special case the nested block join becomes very efficient in comparison with
sort based and hash based join techniques.

However, for large databases, very often available memory space of the computer is
much smaller than either of the joining relations and in this case, compared to other join
techniques, even nested block join is not a fast join technique.

There are advantages of these join techniques and they are still widely used in today’s
commercial database. One of the main advantages of these techniques is their simplicity
and no intermediate relations need to be generated. For joins performed entirely in the
memory, such as joins between small in-memory fragments of relations, these techniques
remain competitive and therefore, nested loops join or nested block join can be used along
with other join techniques such as sort-merge join and hash join. Also, nested loops join
(or nested block join) is the only well-known join technique that works for complex join
predicates [46].

For many applications, there is no partial order among values of join attributes, there-

fore neither sort-merge join nor hash join, nor any indexing scheme can be effectively

10



used, and in this case the nested loops (block) join is the only available method. In [46],
two kinds of applications were given as examples of such applications. One is the fuzzy

comparison between names or addresses, the other is the document recognition [46].

5 Sort-Based Join

sort-merge join This join technique [4, 17] sorts both joining relations on the join
attributes into two sorted lists and then merges these two sorted lists. Tuples are joined
on the fly in the merging phase. As soon as two tuples from the two relations have
their join attribute values match, these two tuples are joined and outputted and merging
resumes in the tuples (they are sorted and therefore are ordered by their join attribute
values) that follow. Otherwise, the tuple with the smaller attribute value between the
two is dropped because it has no hope to be joined with other tuples. A study by M.
W. Blasgenm and K. P. Eswaran [3] shows that the sort-merge join can almost always
outperform the nested loops join when no index is used. However, if there are too many
duplicated join attribute values, sort-merge join can degenerate to the performance of
nested loops join [41].

In sort-merge join, it is possible to take advantage of prefetching in the merging phase
since tuples are sorted. This feature makes difference in performance if the memory space
of the computer is large and fast disk devices are deployed.

Sort-merge join is useful for joins between large relations without indexing supports
[46], especially when the join predicate does not offer much filtering (the join result is
large). Sort-merge join technique has an additional advantage over nested loops join in
that it can efficiently handle inequality join.

The I/O cost of the sort-merge join is [63]:

Cunerge =2 | R | log | R|+2| S |log| S|+ | R|+|S|+aB| R (10)

The first two terms are the cost to sort the two relations and the last two terms are
the cost to merge the two relations. The factor 2 in the first two terms reflects the fact
that the sorted relations have to be written back to disk before merging. Read and write
are done mostly sequentially. If M > \/m /2, a faster sorting technique [1] can be used.
Both R and S can be sorted into runs of approximately size of 2M by a sequential scan.

Then these runs are merged. If enough memory is available, each run can have its own
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buffer in memory and merging of these ordered runs can be accomplished within one pass.

The I/O cost of the sort-merge join becomes:
Crmerge =4[ R +4|S[+|R[+[S[+af | R (11)

The first term represents the cost of two passes to sort R into ordered runs (each pass
needs both read and write). The second term represents that cost for S. The third term
and fourth term represent disk accesses to read in ordered tuples of R and S to merge.
The fifth term is the cost to write out joined tuples. All the I/Os are sequential. The
large memory is needed to give at least one page of buffer space to each sorted run.

If M > \/m (recall that | R |<| S |), the ordered runs of R and S do not even
need to be merged into one ordered list before joining with tuples of other relation. After
first scan, each run of R and S is allocated one buffer in memory and tuples in runs are
read in memory in sorted order. There are enough memory pages to make this allocation
possible because the total number of runs of R is approximately M /2, and this number
is also M/2 for S. In memory, merging happens first within buffers of R, and separately
within buffers of S. These two in-memory merging processes can supply tuples of R as S
as two ordered lists for merging join. All these can be done in one scan. In this case, the
I/O cost is:

Crerge =3 | R|+3|S|+af |R|—2min(|R|+|S|,M—+/| S| (12)

The last term is disk I/O saving due to availability of extra memory, i.e., if after
allocating at most B buffers there are still extra memory pages, sorted results in these
extra pages don’t have to be written out to temporary file during sorting phase and then
read back in memory again during merging phase. This is the mirroring of the same idea
used in hybrid hash join.

Plug in numbers assumed in Section 2, and assume M = /| S |, the I/O cost is:

Crnerge = 3 X 50,000 + 3 x 500,000 + 0.05 x 3 x 50,000 = 1.5 x 10° (13)

Distributive join: Distributive join is proposed by N. Negri and G. Pelagatti [47]. This
method tries to save some sorting work by only sorting one of the relations completely,
and the other relation is only partitioned. The cost saving is at the sorting phase, not at

the joining phase.
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First, relation R is completely sorted by join attribute values of its tuples and parti-
tioned in m + 1 partitions Ry, ... , R, Ry1. Any join attribute value in a tuple of R;
is less or equal to the join attribute value in a tuple of R;, if 7 < j.

A distribution table is built during sorting and partitioning of R. Let us assume that
v; is the maximum join attribute value in R;, then the distribution table contains join
attribute values vy, ... , v,,. The distribution table is used to partition S into partitions
Sty -y Sm, Sma1. Any join attribute value in a tuple of S; is between the value v;_; and
v, with vg = —00, U1 = 400, for 1 <7 < m + 1. Inside each partition S;, the tuples
are not sorted.

In the joining phase, the partitions of R is read into memory one at a time, assuming
that the memory can hold each individual partitions of R. When a partition R; is in
memory, blocks of partition S; are read into memory one at a time. In any given moment,
only one whole partition of R; and one block of S; reside in memory. The join then takes
place entirely in memory between R; and a block of S; that reside in memory using nested
loops join, benefiting from the fact that R; is sorted. The size of R;’s should be large
enough as long as each of them can fit entirely in memory along with one page as the
input buffer of the inner relation and one page as the output buffer.

The disk I/O cost of the distributive join is:

Crerge =% | R| +3% | S| +af | R | (14)

The first term includes I/O cost of sorting R (2 passes, sorting results are written back
to disk) provided that enough memory is available to give at least one page to each run
of R and the second term includes the I/O cost of partitioning S using the distribution
table. The first and the second term also include the I/O cost of reading sorted R and
partitioned S in memory for joining. Compared with formula 11 and 12, it is clear that
distributive join outperforms sort-merge join if memory is less than \/m and R is much
smaller than S.

Combining indexing with sorting A hybrid join technique was proposed [44] to
combine the advantages of indexing and sorting. It is assumed that R is unsorted and
there is an index on the join attribute of S. The basic idea is to sort R and access S
via index. TIDs are fetched along with join attribute values of the S. This can be done
without extra access to disk since TIDs can be kept in the index (index is assumed to be

sufficiently small to be kept in memory). If matches are found, then matching tuples of
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S are fetched. By combining sorting and indexing, performance improves over pure sort
base join when join result is small or midR | is much smaller than | Smid.
The disk I/O cost is:

Cmerge:5*|R‘+0f‘R‘+aﬂ‘R‘ (15)

f represents the number of nodes to be visited in index for each value accessed through
index. Note that this formula is very similar to that of the Distributive join. By comparing
these two formulas, it is clear that using index is especially good when | R | is much smaller
than | S |.

Concluding remarks of sort-based join: In general, sort-based join performs better
than nested loops join when both joining relations are large, no indexes are provided and
especially the join result is large.

When the join selectivity is low, i.e., most tuples fetched are unmatchable, involving
these tuples in sorting and merging is wasteful. In this case, nested block join with

indexing could be a better choice.

6 Hash Join

There are two basic ideas in hash join. The first idea is the partitioning of both relations
R and S by hashing using a hash function ¢;. Two relations are hashed into exactly
the same number of partitions using exactly the same criteria for partitioning. These
partitions are in pairs: each partition of R corresponds to one partition of S and tuples in
the partition of R can only match tuples of S in the same pair. The partitioning should
be done such that partitions of R are approximately the same size and each individual
partition of R can reside entirely in the available memory buffer. This ensures that after
partitioning, during the joining phase the other relation S only needs to be read once. The
second idea is that in each step an entire partition of the smaller relation R be read into
memory and be built into a hash table, i.e., further partitioned into many small buckets
inside the memory buffer, possibly using a different hash function ¢,. The blocks of the
corresponding partition of the other relation S are read in memory one by one and are
hashed by hash function ¢, to appropriate buckets of the memory resident hash table of

R to be compared for possible matches.
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In spirit, hash join follows the divide and conquer principle and aims to turn the join
execution between two relations into a series of join executions between corresponding

partitions of the relations.

Simple hash join: This is the simplest implementation of hash join [17] and is basically
a nested block join with modification that hashing is used for the in-memory processing.
To be specific, first as many tuples of R as possible are read in memory an built into a
hash table. Then S is scanned and its pages are read in memory one by one. The memory
resident tuples of S are hashed and be used to probe the memory resident hash table of
R. If matches are found, joined tuples are written out. After scanning S, the remaining
part of R is read in the memory and the same process repeats.

The performance of simple hash join is slightly better than the nested block join
because of saving in CPU executions and in memory moves of data, but disk I/O cost of

the two techniques are the same.

Grace hash join: A Grace hash join [10, 14] technique clearly separates two phases of
hash join. In the first phase, each of two relations R and S is partitioned into the same
number (N) of buckets by hashing on the join attribute and using the same hash function
¢1. These buckets form N pairs. In each pair, one bucket is from R and the other is from
S. At least one of the buckets in each pair must be able to fit in available memory of
the computer. If not, additional partitionings may need until this is true. In the second
phase, in-memory operations as nested looping or hashing is used to perform join between
two buckets in each pair.

To ensure an even partitioning, part of memory can be set as output buffers for a
large number of buckets with individual bucket size much smaller than available memory.
After partitioning has been done, buckets are combined to form larger partitions whose
size are close to the available memory size. This is called bucket tuning. The I/O cost of
the Grace hash join is:

Chasn = 2(| B[+ | SN+ (R[+[S])+ab| R (16)

If both R and S are much larger than available memory space, a Grace hash join can
be expected to outperform simple hash join. But in case that most of the R can be fit
in memory, the I/O cost of simple hash joinis | R |+ | S|or | R|+2 | S |, and may
very well outperform the Grace hash join because the Grace hash join has the extra cost
of partitioning.
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Hybrid-hash join: Instead of using extra memory space to set up more buffers as in a
Grace hash join, a hybrid hash join [17] uses extra memory to do joining while partitioning.
The outer relation R is hashed on the join attribute and be partitioned into N buckets
R;, 0 <i < N — 1. Tuples from Ry (anchor bucket) is used to build an in-memory hash
table and the rest N — 1 buckets are written back to disks. The hash function phi; and
bucket criteria are so chosen that each bucket of R can fit in available memory. phi; is
also used to partition S into N buckets S;, 0 < i < N — 1. Tuples of S; is only joinable
to tuples in R;. Again, except Sy, all other N — 1 buckets are written to disks. Tuples
belong to Sy are used to probe the memory resident hash table for matches immediately
after hashing. Tuples of Sy are dropped unless they can form joined tuples with tuples of
Ry. This means that all tuples of Sy don’t have to be memory resident at the same time
and a large portion of available memory can be used for Ry. In the second phase, the
remaining N — 1 buckets of R and S are joined through a series of small joins. In each
small join, a whole R; is read in memory and built into a hash table and then blocks of S;
are read one by one in memory to probe the hash table. Again, all tuples of S; don’t have
to be memory resident at the same time and a large portion of available memory can be
used to hold R;. These small joins can use, for in-memory processing, either nested loops
join or hash join on a smaller scale.

The number of buckets, and thus the number of small joins is determined by the size
of the smaller relation R, and independent of the size of S. However, this is true only
when partitions are approximately even. In the case that a few partitions of R cannot fit
in available memory while all partitions of S can, roles of R and S can be reversed after
partitioning phase. Recursive partitioning can be used if neither all individual partitions
of R or S can fit in memory. An approach similar to that in a Grace hash join is that in
each step of the joining phase, if | R; |<| S; |, then the whole R; are read in memory and
build into a hash table. Otherwise, the whole S; are read.

The I/O cost of the hybrid hash join is:

Chybridhash = 3| R| =2 | Ro [) + (B[ S| -2 S |)+af | R | (17)

The first term is the cost to read in R, write out hashed result of size R — Ry, and
read in buckets of size R — Ry to participate in the join. Similar explanation can be given
to the second term an the third term is the cost to write out join results.

In a hybrid hash join, it is preferable that the size of bucket Ry is close to the available
memory because the larger the size of Ry, the more tuples can be joined during the
partitioning phase. Though it is also preferable that the sizes of the rest of buckets of R
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are large, it only affects the number of times to initialize hash tables in memory and is
not that critical. If there are total IV pairs of buckets after partitioning and M pages of
available memory space on the computer, because each bucket of R must have at least
one page as output buffer during partitioning of R, it must be that | Ry [< M — N —1
(one extra page is needed as input buffer for R), and | R; [< M — 1, for 1 <i < N. To
ensure more evenly partitioning of R, bucket tuning such as that used in the Grace hash
join can be used.

A Grace hash method is relatively insensitive to the size of available memory since the
amount of memory mainly affects only the number of times hash tables be initialized and
does not affect disk I/O. In comparison, hybrid hash join is much more sensitive to the
size of available memory of the computer. A hybrid hash join takes advantage of a large
memory space and if the memory space is small, the performance of the hybrid hash join
may degrade to that of the Grace hash join. Hybrid hash join is also very sensitive to
data skew for if the anchor bucket is too small or too large, in such cases either the use
of the anchor bucket is ineffective or bucket overflow occurs.

There are some other variations of hash join, most of them aim at improving hash join

in case severe data skew result in very uneven distribution of tuples in different buckets.

Dynamic destaging strategy (DDS): In standard hybrid hash join, the anchor
bucket is pre-determined. This strategy could have problem since the anchor bucket
may be too large to fit in memory or too small to be effective. Because usually the data
distribution is unknown before join, the decision to choose the anchor bucket should be
delayed as much as possible [32].

In DDS, the intended bucket size is chosen to be much smaller than the intended
partitions to avoid bucket overflow. Actually in implementation not bucket sizes are set,
rather, the number of buckets are set so that if data is distributed evenly, the bucket size
will be small enough to fit in memory. Each bucket is allocated one page in memory to
begin with and will grow as scanning progresses. As memory becomes full, some filled
pages of memory buffer should be paged out. The bucket to be chosen for output is a
bucket who already has page out, or in case such bucket cannot be found, e.g., the first
time when this happens, the largest bucket is chosen. All but one page of the chosen
bucket are paged out. The retaining page serves as the output buffer for this bucket
and could be an empty page or an partially filled page. This process is repeated during
partitioning phase until all tuples in R and S are scanned. The decision of which bucket
or set of buckets serves as the anchor bucket is made dynamically. After partitioning of
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R and S, buckets are grouped into partitions of approximately the same size. The join
phase is the same as that of the hybrid hash join.

The cost formula of DDS is the same as that of the hybrid hash join. The difference
is the possible time saving due to reduction of bucket overflows and reduction of re-
initialization of hash tables, both are made possible by bucket tunning, and the time
saving due to a more appropriately sized Ry, which should be as large as possible, but
within the limit of available memory.

Adaptive hash join(ADH): This method is proposed by Zeller and Gray [41] and is
similar to DDS, and can be considered to be a generalization of it. This method allows
change of memory size during join execution.

In ADH, the number of buckets is fixed and is quite large. Each bucket is allocated
to a buffer in memory and a buffer may have several buckets. The number of buckets and
the limit of buffer size are predetermined. The large number of buckets are offset by the
sharing of buffers so the number of buffers are not too large and initially it is possible
to offer each buffer at least one page of memory space. A group of buckets that share
the same buffer constitutes one partition. A buffer is the memory resident part of the
partition and a partition may also have a disk resident part.

In the first phase, R is scanned and buffers grow as scanning progresses. If a buffer
grows beyond its limit, it can be split in two smaller buffers. No new pages in memory
are allocated for the newly split buffers: the same memory pages that are used by the old
buffer are now used by the two newly split buffers. If a buffer overflows but contains only
one bucket, no split is done.

When a buffer overflows (but not exceed its limit yet) and no buckets have been paged
out before, and enough memory is available, a new page is allocated to the buffer.

Eventually, buffers used up all available memory and some of the data in memory has
to be written out to disk. If no buffer has been outputted before, the largest buffer in
memory is chosen to be the buffer to output. All but one page of this buffer are written
out to disk. The retaining page serves as the output buffer of this partition. If there is
a partition which already has some disk resident blocks, then buffer of this partition is
chosen as the buffer to be outputted.

After the scanning of R is finished, scanning of S starts. In this phase, there are
buckets of R in memory. Some of these buckets should be written out to disk to make
room for output buffers of buckets of S. After that, there are still some buckets of R in
memory. These buckets collectively serve as the anchor bucket in a standard hybrid hash
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join. If a tuple of S falls in the range of memory resident buckets of R, this tuple is used
to probe the buckets of R for matches. If matches are found, joined tuples are formed
and written to the result output buffer and the contents of the result output buffer are
flushed to disk when it is full. If no matches, this tuple is dropped. If this tuple falls
within the range of a disk resident bucket of R, this tuple is written to the output buffer
of that bucket and the contents of the buffer are flushed to disk when it is full.

This stage of ADH works just like hybrid hash join, except that there may be several
memory resident buckets of R instead of just one, and the number of memory resident
buckets of R can adjust depending on the availability of memory.

ADH basically follows the same philosophy as that of DDS. Split of buffers is the

main new feature added.

Partially preemptible hash join (PPHJ): A class of partially preemptible hash
joins were proposed in [50]. DDS and ADH can be regarded as restricted versions of
PPHJ. Here we only discuss the most sophisticated version of it, i.e., with dynamic
expansion and contraction of memory buffers and prioritized spooling policy, and name it
PPHJ. This technique is more flexible than either DDS or ADH. In addition to writing
excess blocks of tuples out to disk when memory is full, PPH.J also reads in blocks of
tuples when memory space become more available.

As Grace hash join, PPHJ explicitly sets the number of partitions to be \/Fx | R |,
where F' is a fudge factor which represents a slightly increase of the space requirement of
R due to overhead of making it into a hash table. The purpose of this choice is to strike a
balance between the number of partitions (so the number of buffers) and the size of each
partition. If R is partitioned evenly, the size of each partition is about /Fx | R |.

Like DDS or ADH, PPHJ moves the overflowing buckets of R out of memory. Both
DDS and ADH only allows buckets of R to be moved out of memory during scanning of
R. PPHJ also allows this to be done during scanning of S (when memory availability
decreased). In addition to that, PPHJ also moves buckets of R into memory when
memory becomes more available. Unlike DDS or ADH, PP H J does not combine buckets
of R into large partitions and let each bucket itself to be a partition. This decision affects
the number of buffers in memory.

PPHJ uses a large number of partitions so the number of buffers is also large. When
there is not enough memory to hold all the buffers of R, DDS and ADH flush out
some of the buffers using LRU (the least recently used flush out first) spooling strategy.
In contrast, PPH J uses prioritized spooling strategy. Pages from R have higher priority
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than pages from S and are more memory resilient, i.e., when memory space is not enough,
pages of S are more likely to be flushed out of memory and when memory becomes more
available, pages of R are more likely to be read in memory.

Experiments [50] shows that if memory availability fluctuates, hybrid hash does not
have a satisfactory performance. Unless memory availability fluctuates too fast, PPHJ
has a substantial better performance than DDS and ADH in a wide variety of parameter
settings. The reduction of execution time comes mostly from dynamic expansion and
contraction of buffers. The priority spooling also has some effect on reduction of execution

time.

Shin’s join algorithm:(SHIN) In SHIN [56], both joining relations are repeatedly
divided by up to five statistically independent hash functions. The number five is not a
magic number and it can be adjusted to other appropriate numbers. The buckets obtained
from applying the first hash function are divided again by applying the second hash
function, and so on. The main idea is that after applying several statistically independent
hash functions, the buckets are very small and many of them are empty. Let B, and B
be two correspondent buckets of R and .S, that is, they are tuples from R and S obtained
by applying the exact same number of hash functions in exactly the same sequence and
using exact the same criteria. If B, is empty, then, all tuples in B, can be safely dropped.
The dropping can happen at any stage of the hashing process and the idea is to drop
unmatchable tuples as early as possible and when the last hash function is applied, nearly
all unmatchable tuples are filtered out. To achieve this, the number of buckets to the
power of the number of pairs of hash tables should be sufficiently large. For example, if
each hash table has 256 buckets and there are five hash functions, then 256° is a sufficiently
large number.

Because SHIN uses an extensive and repeated hashing process, in [56] it is recom-
mended to use linked list instead of array data structure for tuple storage in buckets.
SHIN does not need preprocess to estimate hash table sizes. It sets up the fixed number
of fixed hash table buckets. Clearly the performance of SHIN is linear with respect to
the size of the relations, and it is simple and likely to be a stable algorithm. But in worst
case, after repeated hashing it could happen that almost no buckets are dropped. In this
case, SHIN has cost 10 x (| R | 4+ | S |). The relative performance of SHIN compared
to other join techniques obviously very much depends on data distributions.
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Concluding remarks for hash join: If initially tuples are already fully or partially
sorted, sort based join techniques may very well outperform hash join since for sorted
data, sort based join execution reduces to one linear scan of each relations.

Hash join can generally expect to outperform sort-merge join [7, 14, 17, 19, 23, 26].
However, mostly their performances differ by percentages rather than factors [54].

In [54], Graefe et al. presented a quite detailed comparison between sort based join
and hash join. Their conclusion is that these two classes of join techniques are to a large
extent complimentary to each other. The duality stems from the fact that hashing is the
opposition of merging. Contrary to previous believes, their conclusion is that criteria to
choose between sort based join and hash join is neither relation sizes nor memory size,

but the followings:

e the relative sizes of the two relations. This is because hashing stops as soon as every
partition of either relation can be fit in memory. In case of sorting, the available
memory space vs. the size of the larger relation S is the dominant factor that
determines the cost of sorting.

e possibility that partitions generated by hashing are uneven. This is because in hash
base join, for all the individual partitions of one relation to be fit in memory, the
maximal partition of that relation must be able to fit in the memory. This is not a

concern for sort based join.

e number of duplicated values [41]. If there are a large number of duplicated join
attribute values, at least the sort-merge join is able to degenerate to the performance
of the nested block join while hash join can perform even worse than nested block

join due to high overhead caused by heavy hash collisions.

Since the number of duplicated values in join attributes are positively correlated to
the size of join result, an estimated large join result can also be used as a indication

that favors use of sort based join.

e opportunities to explore interesting ordering, such as the case that the physical
storage of tuples on disk are already be sorted based on the order of join attribute
values. Sorting is the primary source of disk I/O in sort based join execution and if
sorting has been done, the sort based join execution reduces to a linear scan of two
relations. In addition, the request that join results to be sorted also favors the use
of sort base join.
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In most cases, hash join outperforms sort-merge join by some noticeable percentages,
especially when the smaller relation R can be partitioned evenly and is much smaller than
the larger relation S. However, in case of heavy data skew, i.e., the hash buckets generated

by hashing have very different sizes, sort-merge join could outperform hash join.

7 Some Speed Up Techniques for Join Executions

This section discusses some general techniques that can be used along with other join

techniques to speed up join executions.

Bit vector filtering: Join execution can be improved by using bit vectors [7, 16, 21,
25, 38| for small or medium sized joins. Before performing join, an vector of n bits is
initialized and each bit is set to 0. During the first phase (sorting phase for sort-merge
join and hashing phase for hash join), each join attribute value in R is hashed and the
result is used to set bits in the bit vector. Then, during scan of S, join attribute values
in relation S is hashed using the same hash function. The hashed results are compared
with the bits in the bit vector. If at least one bit in the hash result can’t match the bits
in the bit vector, the corresponding tuple of S is dropped. The purpose of doing this is to
filter out tuples of S that will not match tuples of R in an early stage of join execution.
If R is much smaller than S (this means bit vectors are created from not too many values
from R), and a large number of tuples of S can be filtered out by bit vectors, the saving
of disk storage and processing by using bit vector filtering is significant.

The effect of this filtering depends on data quantity, data distribution, the choice
of hash function, and whether it is implemented in hardware or software (bit vectors as
arrays in memory). If only one or a few bit vectors are used and implemented in hardware
[7], the filtering may be very effective for small or medium sized data files, and may not
be effective if the sizes of two relations or the number of distinct attribute values are too
large. This is because if the size of data files are very large, the bit vectors could be
inundated by set bits. For large data, array of bit vector can be used to do the filtering
and this array can be kept in memory while scanning S. This method actually has another
name called signature method [11, 20]. This is slower than implementing filtering using
special hardware [7]. Still, using signature method can achieve significant reduction of
the size of S and hence speed up the join execution.

A special type of bit vector is called Babb array [7]. A boolean array is built while
scan R and each bit in the array corresponds to a hash bucket. The bit is set when there
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are tuples of R be hashed into its corresponding bucket. While scan S, tuples are checked
against the bits in the Babb array and dropped if the corresponding bit is not set.

Semijoin: Semijoin is initially proposed in the distributed database environment to
reduce the transmission of data between sites when performing join [9]. However, it can

be applied to centralized system as well. The semijoin of S with R is performed as follows:

1. project R on its join attribute, obtain 7(R).

2. join 7(R) with S. The result semi(S)g of the join is the set of tuples of S that
joinable to tuples of R.

After this, semi(S)g can be used to join with R to achieve the effect of an equijoin. If
the size of semi(S)g is small, this practice can substantially reduce the number of tuples
of S to be further processed.

Assume that 7(R) can fit in memory, then the I/O cost of join using semijoin is:
Cieminasn =2 | R |+ | S | +0a8 | R | (18)

The first term include the cost to scan R and project it to obtain w(R) and also the
cost to scan R to join with semi(S)g. The second term is the cost to scan S and obtaining
semi(S)g. The third term is the cost to write out join result.

Not only join attribute values themselves, but also signatures made from join attribute
values can be used to filter out unmatchable tuples of S while scan S. This is a similar
but more generalized method than semijoin. Other more general methods of semijoins
can be found in [18, 26].

Eliminating random I/O: Hash join has two phases: partitioning and joining phases.
In [62], disk I/Os are divided into four phases: PR, PW, JR, JW. PR represents parti-
tioning phase read, PW represents partitioning phase write, JR represents joining phase
read, and JW represents joining phase write. For convenience of comparison, in this paper
we assume PW and JR are sequential. Actually, this assumption is not totally true. The
proposed optimization targets reducing random disk I/Os on two phases: PW and JR.
In [62], hash buckets are comprised of bucket segments. Each bucket segment is a

physically contiguous storage area. Several bucket segments can form a write group.
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The memory for performing join operation are divided into three parts: IB, the input
buffer, SB, the staging buffer, and OB, the output buffer. The staging buffer holds bucket
contents in the partitioning phase and hash table in the join phase.

Initially, before partition, no memory pages are allocated to SB. As tuples from either
relation be read into IB and be hashed into buckets, memory pages are being allocated to
SB and being linked to buckets. When a new tuple is hashed to a full bucket and no free
memory pages are available for allocation, some pages in some buckets have to be written
out to disk so that those memory pages can be reclaimed for further allocation. The key
technique adopted in [62] is to write out as much a collection of contiguous buckets as
possible so that during the joining phase read, as much blocks as possible can be read
sequentially. All buckets are organized into write groups. Each write group may have
one or more buckets. On disk, each write group is allocated a contiguous area. When SB
becomes full, one or more write groups are chosen to be written out to disk in one batch
write. Usually, all bucket segments in a bucket of a write group are chosen to be written
if the write group is chosen. To extend the length of sequential read as much as possible
in joining phase read, usually, the largest write group is chosen to be written out.

Let n,4 represents the number of write groups, H, represents the number of buckets,
Ayqn represents the cost of an average random access to disk, A, represents the cost of
an average sequential access to disk. For convenience of analysis, it is assumed that all
write groups are about the same size. Then, the cost to read one write group into memory

in the joining phase is [62]:

17l

Amn + (
Nawg

1) % Ageq (19)

Let 6 = Ay4n/Aseq- The cost to read relation R into memory in the joining phase is
[62]:

H,
C(JRg) <> C(read write group of t) = Hs(| il +0—1) % Ageq (20)
t=1 Mg

It is claimed in [62] that the performance of their technique is several times better
than that of Dynamic-Hashing GRACE Hash-join [32, 35].

Orders of executions: It has long been accepted that if a query has projection, selec-
tion and join operations, it is usually more efficient to perform projection and selection

before performing join. This practice may greatly reduce the size of data entering join
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and since join is the most expensive operations among all relational algebraic operations,
the overall execution time of query may be greatly reduced.

Only recently the order of executions between join and group-by has been investigated
[58]. The benefit to push down group-by is similar to push down executions of selection
and projection.

A difficulty that is special to exchange order of group-by and join is that the exchange
may not always be valid and the condition under which the exchange is valid could be
very expensive and even impossible to test [58]. So, in [58] a fast algorithm to test a

sufficient condition of the validity of order exchange is developed.

8 Parallelism and Multiprocessors

The parallel join techniques can be employed depends very much on the hardware archi-
tectures. Here the discussions are limited on join techniques in two classes of machines:
shared-nothing and shared-everything parallel machines. The current trend in technology
is that the share-nothing architecture is wining up hand among different parallel archi-
tectures because the easiness in scalability and the high bandwidth (up to 200MB/s) in
interprocessor network [51].

In analyzing parallel join, we distinguish between I/O cost and time cost. 1/O cost
is the amount of I/Os that needs to be performed, and time cost is the time to perform

that amount of I/Os, possibly parallelly by many processors.

8.1 Shared-Nothing Parallel Machine

It can also be called distributed memory or message passing parallel machine. It is
assumed that each processor has its own local memory and disk [22] as shown in Figure
2, and pairwise interprocessor communication cost (PICC) is significant enough to be
considered in the overall join cost. Each processor in a parallel machine has much less
processing capacity (MIPS) compared to the processor in a single processor machine, but
the collective processing capacity can be much higher than that of the single processor

machine.

Factors that affect the speed up in using parallel join: PICC and the syn-

chronization overhead of various join techniques play very important role in determining
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Figure 2: A share nothing parallel machine

relative performances of various parallel join techniques. For shared nothing parallel ma-
chine, not only time cost is important, but also communication cost. Communication
cost is the amount of communication that needs to be conducted. If there is enough
bandwidth in the communication network of the parallel machine, communication cost
can be ignored. However, if the communication bandwidth isn’t enough, a join technique
that has larger communication cost is more likely to be slowed down due to congestion
in the communication network of the parallel machine. These factors can be analyzed in
static. Other important factors are sensitivity to data skew in the join attribute values
and the stochastic nature of join executions [37]. These factors are statistic in nature and

are usually analyzed through simulations.

Comparisons of three classes of parallel joins: The nested loops join can be fully
parallelized. The speed up of join execution is almost linear with respect to the number
of processors. In parallel nested loops join, first each processor read its own part of R
from local disk, and then read in entire S from local disk as well as disks of all other
processors to do the join. Assume < is the ratio of time spent on transporting data
over communication network between processors and disk I/O, both are assumed to be
sequential. Let n be the number of processors. Then, the time cost, including both
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transporting data and disk I/O of parallel nested loops join is:
Cparallel nest time :| R | /n + (1 +’7) | S | +OZ5 | R | /n (21)

The communication cost, i.e., the total amount of messages that have to be transported

over the network is:

C'pa.rallel nest communication — n(l - 1/7'L) | S ‘ Y (22)

The significance of the communication cost is: if the speed and topology of the com-
munication network allows sufficient bandwidth compared to the communication cost,
time cost is roughly what the time cost formula predicates. Otherwise, the time cost can
be much bigger due to congestion in the network.

In parallel sort-merge join, first each processor sort parts of R and S in its local disk,
then the sorted run from local disk are merged with sorted run from other processors.
The merge is repeated until the total number of sorted runs of R and S in the join is less
than the number of pages in memory of one of the processors in the system. At this time,
all sorted runs of R and S are read in sequence in memory of this processor to be joined.

Assume M > /| S| /n, the time cost of parallel sorted merge join is:

Coarattet sort time = 2(| B | + | S [)/n+Q2+7)logayp(| R |+ [ S [)/ntaf | R | /n(23)

The first term is the time to sort tuples in local disk of each processor and the second
term is the time to read and transport sorted runs from individual processors to do M/2
way merge repeatedly, and the third term is to write out join result to the local disk of a
processor which is selected as the one to do the final joining of tuples.

The communication cost over the network is:

[R[+15]

)l (24

Cparallel sort communication — (‘ R | + | S |) + (logM/2

This is much lower than that of parallel nested loops join because | R | is usually
smaller than | S |, and logM/ZW is usually a small number. So parallel sort-merge
join is likely to be faster than parallel nested loops join when data size is very large, to
be more specific, parallel sort-merge join is less likely to be communication bandwidth
bounded.

In case of small data sizes, parallel sort-merge join often perform inferior to parallel

nested loops join [5] because in this case, the system is not communication bounded and
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the parallel sort-merge join cannot fully utilize all processors and memories at the later
stage of joining.

In parallel hash join, first each processor hashes its part of R and S in its local disk into
buckets, and then sends all buckets except one to disks of appropriate processors. After
that, each processor joins local buckets of R and S. Since after partition, all possible
joining tuples are between local buckets of each processor, no more communication is
needed.

The time cost of parallel hash join is:

CVparallel hash time — (4+7)(| R | + ‘ S |)/n+aﬂ | R ‘ /n (25)

The first term include the time to hash R and S locally in each processor, assuming
the hashing is being done separately for R and S. The hashing needs one read and one
write for each tuple. The first term also include the time to read, transport and write
data tuples to disks of appropriate processors. The time cost of parallel hash join is lower
than that of the parallel sort-merge join.

The communication cost is:

Cpa’rallel hash communication — (| R | + | S |)7 (26)

It has even less communication overhead than parallel sort merge join. So in case that
the system tends to be communication bandwidth bounded, parallel hash join performs
even better.

Parallel hash join is the best among three major classes of parallel join techniques [22]
in case of large data and little data skew.

Vulnerability of parallel hash join: Parallel hashing join in shared-nothing parallel
machine has been demonstrated to be very sensitive to data skew and the stochastic
nature of the processing time (caused by random placement of original data set on the
disk, random delay in communication, random nature of locations of disk heads, etc.)
in shared-nothing parallel machine. In [37], it is shown that with 5% data skew, even
if the collective processing power of a multiprocessor architecture is 10 times that of a
single processor architecture, there can be no performance advantage of using parallel
hash join. In [37], total of 300 processors and each processor has 2 MIPS were used in a
parallel architecture. This is compared to a processor of 60 MIPS in a single processor

architecture. An even distribution means each processor should have about 0.33% of
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total data. 5% data skew means that instead of 0.33%, one of the processor has 5% of
total data, 15 times higher than an average figure. The 5% data skew also means that a
processor in a parallel architecture with only 1/30 processing power is to process 1/20 of
data. All these figures are compared to a single processor architecture. The work of the
parallel architecture is not complete unless this processor’s work is complete.

The stochastical join processing time also exact a similar penalty on performance of
parallel hash join. One needs to be cautious about the conclusion of very high performance
sensitivity to data skew and variations of processing time obtained in [37]. They used
a large number of very small processor to compare with a very fast processor. If the
number of processors be lowered and the number of processing capacity of each processor
be increased, the sensitivity as shown in their experiment can be much reduced. Actually,
a top notch fast processor costs dramatically higher than a reasonable fast processor, so
it is conservative to assume the collective processing capability in a parallel machine is
only 10 times that of a single processor machine, and it is also conservative to assume
in a parallel architecture, each processor has only 1/20 of processing capacity as a good

processor in a single processor architecture.

Effects of using semijoin as preprocessing: Semijoin used in a shared-nothing par-
allel machine for preprocessing in parallel hash join can be implemented as follows [39].
Let R and S be two relations in the join and | R [<| S |. In disk of each processor i

resides R; which is a partition of R and S; which is a partition of S. For each processor,

1. read Rz

2. project the join attribute values from R; and sort them. Sorting takes no extra work

since projection involves sorting to eliminate duplicates.
3. send local set of join attribute values to all other processors.
4. wait to receive all join attribute values from other processors.
5. merge all the sorted sequences and eliminate duplicates, obtain R.A.
6. read S;.

7. restrict S; by R.A, obtain semi(S)g.
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After this step, R and S are joined by sending either semi(S;)g or semi(R.A)g, to all
other processors.

If semi(S;) g is sent, upon receiving it, the join can be readily performed. If semi(R.A)g,’s
are sent, upon receiving them, semi(R;)s can be obtained. If on average semi(R;)s is
much small than semi(S)g, then it is better to send semi(R;)s over the network to do
the join. In the second approach, the saving of amount of communication is traded by an
extra round of sending semi(R.A)g, over the network. If the system is not communication
bounded, the first approach is faster. Otherwise, the second approach wins.

The benefit of using semijoin preprocessing is also very sensitive to data skew. It
is shown that with even 5% data skew, the use of semijoin has only a marginal effect
(figure 14 in [39]). The reason for this is that data skew tends to move the bottleneck of
processing from communication network to individual processors that are overburdened.
Again, here one needs to be cautious about the conclusion made in [39] since it is drawn
upon a parallel machine with a large number of very small processors. The sensitivity
would be less had they increased processing capacity of each processor and decreased the

number of processors.

8.2 Shared-Everything Parallel Machine

It can also be called the shared-memory multiprocessor parallel machine(SM). Instead of
communication costs in a shared-nothing parallel machine (SN), contention for shared-
memory is the major limiting factor of performance in SM. Work on parallel join tech-
niques on SM in open literatures is far less than that on SN. Parallelism in SM is
achieved by executing independent and parallel threads of processes on available proces-
sors. Since processors share a common memory space, parallel join techniques on SM are

much less sensitive to data skew than those on SN.

Separate I/O channels Since we are analyzing I/O cost, the I/O part of the assump-
tion of the parallel machine is essential to the evaluation. Let’s assume that each processor
can read and write the disk in parallel with other processors. In other words, there are n
processors and n [/O channels, each control separately by a processor as shown in Figure
3. Also, for the following analysis, it is assumed that no disk head contention takes place.
This is an ideal situation and can be actually achieved by using many physically different
disks, each for one I/O channel.

The main difference in performance between shared-nothing and shared-everything
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Figure 3: A share memory parallel machine with separate I/O channels

parallel machines is the communication cost. The above analysis shows that with or
without sufficient communication bandwidth, parallel hash join generally outperforms
other two major parallel join techniques. So here we concentrate our attention only on
parallel hash join.

In [55] a SM with up to 10 processors was used to test parallel join techniques. Three
parallel hash join techniques were tried: Hash loops, Grace and Hybrid hash.

Parallel Hash loops join reads as many blocks of R (the smaller relation) as possible
in memory. The following is done in parallel: on each processor, join attribute values of
tuples are hashed and pointers to tuples are inserted in buckets of a hash table. There is
only on hash table and it is used by all processors. Then, blocks of S are read in memory
and be used to probe the hash table of R. Matched tuples are written to output buffers
and unmatched tuples of S are dropped. This constitute one pass to S. Then, if there
are still blocks of R remain unexplored, this process is to be repeated until the whole R
is processed.
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The time cost is (only I/O times are counted):
|R| M—n
M — n( n +

Cshmem hash loops —

SRR (27)

The first term has two factors. The first factor is the number of partitions to be made
on R due to limited memory, and is also the number of times to re-initialize hash tables.
M — n in the denominator represents the need to set aside n pages of memory for each
of the n processors. The first term of the second factor is the time to read in memory a
partition of R by n processors. The second term of the second factor is the time to read
S in memory by n processors. The second term is the time cost to output results.

Grace hash join has four phases: the first two phases are to partition R and S by
hashing in the memory, and the last two phases work as that in hash loops join for each
partition. In each phase in-memory processing are being done parallelly.

The time cost is (only I/O times are counted):

_ LRI+ ]S]
Cshmem Grace hash — 3 7’L/2 +aﬂ | R | /n (28)

It is assumed that during partitioning phase, half of the processors are working to
partition R and the other half is to partition S. In the first term, the factor 3 represents
one read from disk to do partition, one write to disk to write the partition results, and
one read from disk in the joining phase. The second represents I/O to write out the join
result. In Grace hash join, it is assumed that memory is enough for each processors to
set up its own input and output buffer pages.

Hybrid hash join improves upon Grace hash join in that a large portion of memory is
reserved for the first partition Ry of . When scan S, tuples of S that fall in Sy will be
used to probe hash table of Ry immediately and do not have to be written out to disk.

The time cost is (only I/O times are counted):

3|R|-2[Ro| 3[S[-2[5|
+
n/2 n/2

Cishomem Hybrid hash = +aB|R|/n (29)

The first term is the time to read in tuples of R, write out partitions after hashing,
and then read in tuples of R again to do join. R; is the anchor partition and tuples in
Ry do not need any more I/O once they are in memory, so amount of 2 | Ry | I/Os are
subtracted from the total amount of I/Os. It is assumed that only half of all processors
are involved in I/Os for R, thus the denominator is /2. The similar explanation can be
given to the second term. The third term is the time to write the join results.
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Shared I/O channels Although CPU time were considered in [55], it is still the I/O
time that dominate the overall time of join. If a shared-memory parallel machine has
only one or a few shared I/O channels as shown in Figure 4, the general behavior of
the parallel machine when performing join is not that different from a single processor
machine with a very fast processor. The join execution is for most part I/O bounded
due to high combined processing capacity of using many processors. This is confirmed by
[55]. With their parameter setting, they found that there is little effect on performance
in increasing number of processors—of course, it is I/O bounded. The response time of
Hash loops join and Hybrid hash join reduced substantially when the amount of memory
increases while this increase has virtually no effects on Grace hash join— this is exact as

the behavior of a single processor machine.

Q processor Q

A /

memory

>

disk >
Figure 4: A share memory parallel machine with shared I/O channels

Nevertheless, some very useful observations from [55] are worth mentioning with regard

to their influences on performance:

e it is important to use pointers as much as possible to reduce moving tuples in the

memory.

e locking granularity is an extremely important issue in SM. Locking granularity
should be as small as possible in space and as short as possible in time. It is

observed that the processing time (other than I/O) is even increased with more
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memory added in parallel Hybrid hash. This is because that the whole Ry used a
single lock, and they fixed the size of Ry to be 50% of the available memory. Had
Ry be split into many smaller buckets and separate locks were used, the contention

would be much less.

e Hybrid hash join has the best performance for relatively small (less than 20% of
| R |) memory sizes.

e surprisingly, Hash loops algorithm has the best performance when memory size
varies from 20% to 80% of | R |. This is because in Grace hash algorithm and
Hybrid hash algorithm, the time spent in the partitioning phase overweighted the
saving of time during joining phase due to partition of relations.

e with their parameter setting, they found the effects of data skew to Grace hash join
and Hybrid hash join are small. Compared with [39], the insensitivity to data skew
reported in [55] not only comes from the difference between architectures of SM
and SN, but also comes from the fact the in [55], fewer processors are used in the

parallel machine.

8.3 Shared Virtual Memory

Shared virtual memory [36, 42] SV M provides a single virtual address space in a shared-

nothing parallel machine. The main reasons that SV M is useful are [51]:

1. ease of coding

2. ease of conceptualization of shared data structures.

Knowing the sensitivity of parallel hash join to data skew, Shatdal et al. proposed
a parallel join technique using shared virtual memory [51] to alleviate the effect of data
skew in S, the probing relation. The novice is in the joining phase. For a processor p;
finished its own share of work ahead of others, it randomly pick a busy processor, say
P2, to help out. Stream of local tuples of the inner relation S read from local disk at
po then be split between p; and p,. p; uses tuples of S from p, to probe hash table of
R at py. Initially, this causes a page fault to read a page of hash table from ps’s local
memory to p;’s. As pages of hash table in py be copied to p;, the page fault will decrease
and eventually stop. p; is unaware of the locality of the pages of the hash table during
this process and this greatly simplifies the programming complexity. The sharing of hash

34



tables is in read-only mode and therefore there is no conflicts between executions of p;
and ps.

To reduce the effect of data skew in the partitioning phase, in building relation R,
Shatdal et al. suggested to use the idea proposed in [48], which is to use range partitioning
instead of hashing. The cutoff values that ensures approximate equal number of tuples
in each range can be obtained by sampling. However, this practice add extra processing
time if data skew is not severe in R.

9 Structures Specially Designed for Join

9.1 Generalized Access Path Structure

Idea to design special indexing structure to help join operation came as early as 1978
[6] in the form of a binary link. A binary link connects together matching tuples from
both operand relations and often be implemented as chains of TIDs or physical pointers
(storage addresses). The binary link reduces execution cost for a join in that a selection
in the binary link can replace expensive join operation between operand relations. In a
sense, a binary link is a data structure of a pre-computed join.

Let R be a relation with attribute A;, ... , A,. In [6], an image is defined on a
individual attribute A; as “a mapping from values in A; to those tuples in R which have
those values for the ith attribute”. An image is implemented by an (clustered or inverted)
index. In [6] the concept of image and binary link were combined to propose a combined
access path structure and a generalized access path structure. A combined access path
structure is an index, e.g. a B+ tree, implemented image on an attribute of a relation,
with index nodes populated with not only TIDs or physical pointers of the tuples in this
relation, but TIDs or physical pointers of matching tuples of other relations as well. The
difference between combined access path structure and generalized access path structure
is that the later also stores the value of the join attribute, along with TIDs or physical
pointers.

This is a data structure that essentially stores a pre-computed join and can vastly
speed up join execution. However, it is also a very heavy data structure: each node of
it contains a lot of information and in the worst case, the number of nodes could be the

cross product of the numbers of tuples in two joining relations.
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9.2 Join Index

Similar idea re-appeared in 1987 in the form of join index [28], which is simpler than
the generalized access path structure. Join index is a relation with only two attributes.
Each tuple in the join index contains two TIDs of two matching tuples from the two
operand relations. Join index is also a pre-computed join and can turn join operation into
selection operation. A join index needs to be clustered for fast access if it cannot be fit
into memory. Let R and S be two joining relations and a tuple of the join index is in the
form of (r, s), where r is a TID from R and s is a TID from S. The clustering should be
done on either r or s. If more space is allowed, a better solution is to have two copies of
join indexes, each clustered along one of the attributes r or s. The copy of the join index
clustered on 7 (or s) makes join execution from R (S) to S(R) very fast. To further speed
up the performance, each copy can be implemented by an index, for example, a B, -tree.

The difference between a binary link and a join index is that in the binary link, the
connection between the matching tuples are, as claimed in [6], often implemented by
chaining of TIDs or physical pointers while join index does not restrict the form of im-
plementation. Join index can be characterized as a concept at an appropriate abstraction
level. Th join index does not restrict the implementation details. In fact, the combined
access path structure or generalized access path structure are, in essence, join index added
with clustered or inverted indexes.

Both generalized access path structure and join index serve the purpose of turning a
join execution into a selection and thus achieve the desired speed up. The achieved speed
up can be far greater than using clustered index or inverted index, which are primary
designed for speed up of the selection operation. However, the drawback is that both
the generalized access path structure and the join index could require very large storage

space.

9.3 Join Page Index

This technique is a generalization and modification of the pointer-based join techniques
proposed in [40]. Though pointer-based join techniques are mostly be considered for
Object-oriented databases, they could be used to improve the performance of relational
databases. In relational databases, a pointer to a tuple can be just the physical address
of the tuple. Let this address be called a physical TID, or simply TID. Such pointers
could exist in forms of foreign key-primary key relationship. In [40], it is claimed that

pointer-based join techniques are not suited for select-project joins in which the selection
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predicate on one of the relation is a more restrictive one, since in this case, the most
efficient way to execute join is first to perform selection, and then travel opposite to the
direction of pointers to perform join. This becomes a restriction because they assumed
that pointers are one-directional and only pointing from tuples of one relation to tuples
of the other. If bi-directional pointers are used, either in the form of actual pointers in
both relations, or in the a separate data structure such as the join index, this restriction
can be removed.

For uniformity of discussion, let’s assume that pointers in a relation are page addresses
of matching tuples in the other relation, denoted as PID. These PIDs are stored along
with the tuples of this relation and such is the case for both relations. Each tuple can
have multiple PIDs. Let this PID data structure be called the join page index to emphasis
the similarity with the join index [28]. Of course, join page index can be stored separately
from the relations, just like a join index.

Each of nested loops join, sort-merge join and hybrid hash join has its own counterparts

in page indexing join techniques.

Page indexing nested loops join(PNL): Tuples in one of the relations, the outer
relation, are read into memory and their PIDs are examed. The pointed tuples in the
other relation, the inner relation, are read into memory when needed. The reading of
outer relation is sequential and could be totally random for the inner relation.

Assume « is the percentage of R tuples that match with the other relation and each
tuple in R has on average  matching tuples in the other relation. The random access
factor is #. Then, the disk I/Os of PNL is:

CPNL :‘ R ‘ +(0 + 1)(aﬂ ‘ R |) (30)

In the second term, af | R | is the size of the join results. A factor of (theta + 1)
exists because these matching tuples are read into memory using random disk accesses
and write out disk in sequential. Note that the I/O cost is not affected by the size of S.
If | R |is 50,000, « is 10%, §is 1.2, and 6 is 200, then the I/O cost is:

Cpnr = 50,000+ (200 + 1) 0.1 % 1.2 x 50, 000

(31)
= 1,256,000

This is tens of thousands times faster than the simple nested loops join. This is no

wonder since it is a nontrivial work to construct the page indexes and to store them along
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with the tuples. However, if the size of join result is large, i.e., a and 3 are large, the
comparison may not be so favorable to PN L. As nested loops join, PN L does not require

large amount of memory to operate.

Page indexing sort-merge join (PSM): PNL generate a lot of random disk I/Os
when reading S. To improve upon this, the tuples of the outer relation R could first be
sorted by their PIDs instead of join attribute values before matching starts. After sorting,
the tuples of the outer relation R are physically placed as close as possible if their pointed
tuples in the inner relation S are close to each other. The sorting could cost many disk
I/Os but the reading of the inner relation S could be made more sequential. The outer
relation should be chosen as the smaller one of the two relations to reduce sort time. Let
the random access factor in this case be f,,+. The best sorting algorithm takes 4 | R |
disk I/Os: first sort R in runs of size approximately 2M and this can be done in one scan.
Then merge these runs into a single sorted list. This can also be done in another scan.
For both scans the read and the write are sequential. Finally, tuples in sorted sequence

are read in memory to be joined. The overall 1/O cost is:
CPSM = 5 | R | -2 ‘ R() | +(esort + 1)(Ckﬁ | R |) (32)

Tuples in Ry are sorted and R, is part of R. In the final stage of sorting, if enough
memory is available, some of the sorted tuples don’t have to be written out to disk and
therefore no need to be read in during the joining phase. This is an idea similar to that of
the hybrid hash join and can save up to 2 | Ry | disk I/Os. 6,4+ should be much smaller
than theta and that’s the whole purpose of involving sorting. If | R | is 50,000, | S | is
500, 000, | Ry | is 10,000, « is 10%, B is 1.2, and 6y, is 10, then the I1/0 is:

Cpsy = 5%50,000 — 2% 10,000 + (10 + 1) % 0.1 % 1.2 % 50, 000

(33)
= 236, 000

The performance is better than that of the PN L due to less randomness when reading
tuples from S. Compared with formula (31), it is clear that the advantage of sorting will
be more prominent if the join result is large, i.e., o and [ are large. For PSM, large
memory is good: if the whole R can reside in memory, the sorting is reduced to a linear
scan of R.
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Page indexing hybrid hash join (PHH): The clustering of tuples in R according to
their pointed tuples in S can also be achieved by hashing. The hashing can be done as
in standard hybrid hash join, except hash values are TIDs of tuples in S instead of join
attribute values. First R is partitioned by hashing (function ¢;) into Ry, R, ... , Ry,
and all R; but Ry are written out to disk. Ry is then built into a hash table in memory
by possibly a different hash function ¢,. When S is hashed by ¢4, it is partitioned into
So, Sty ... , Sg. If a tuple of S belongs to Sy, this tuple is then hashed by ¢, and the
appropriate bucket in the hash table are probed for a match. Thus the matching of R,
and Sy is done along with partitioning of S. Then, R;’s are read into memory one by one
to build into hash tables and corresponding S;’s are read to find matches.

The difference between the performance of PSM and PH H is the difference between
sorting and hashing and resembles that between standard sort-merge join and the standard
hybrid hash join. The cost to read and write R during hashingis 2 | R | — | Ry |, and the
cost to read the remaining part of R other than Ry is | R | — | Ry |. All the reading and
writing are basically sequential. SO the disk I/O cost is:

CPHH = (3 | R | -2 | RO D + (Hhash + 1)Ckﬂ ‘ R ‘ (34)

Onasn should be comparable in value to 6, and much smaller than 6. If | R | is
50,000, | Ry | is 10,000, « is 10%, beta is 1.2, and thetapqs, is 10, then the 1/O cost is:
and theta is 200, then the I/O cost is:

Cpun = (3%50,000 — 2% 10,000) + (10 4 1) % 0.1 % 1.2 % 50, 000

35
=196, 000 (35)

The performance is slightly better than that of PSM.

Page indexing PID-partitioning join (PPP): To use this technique [40], the PIDs
of tuples of S need to be stored separately from S. First the PIDs of S are read into
memory and sorted, and then partitioned into B + 1 partitions L; (0 < ¢ < B) by their
PID values. If ¢ < j, any PID in L; is smaller than any PID in L;. PIDs remain memory
resident after partitioning. The set of tuples in S with their page addresses fall into L;
will be denoted as S;. After partition, Sy is read into memory. B pages in memory are
set up as buffers for R;, 1 < i < B, one for each buffer. Then, tuples of R is read into
memory block by block. If a tuple of R whose PID pointers fall into partition Ly, then
Sp is probed for matches. Otherwise, the tuple is placed in the appropriate output buffer
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of R;, and the whole buffer will be written out to disk if it is full. After R be scanned
and Ry joined with Sy, the rest is similar to hybrid hash join. In each step all tuples of
R; are read into memory and tuples of S; are read block by blocks. This process repeats
until all the R;’s and S;’s be joined.

The performance analysis of PPP is very similar to that of PH H, except the cost of
sorting PIDs of S needed to be added and the random access factor Op,tition, in this case
should in general be equal or smaller than 6,,,. Assume the size of the PIDs list of S is
| L |, the disk I/O cost is:

CPPP =14 ‘ L ‘ +3 | R | —2 | RO | +(0partiti0n + ].)O[ﬂ | R ‘ (36)

Since | L | is much smaller than | R |, it is possible that entire list of L can fit in

memory. In this case, the factor 4 in the first term can be eliminated:
CPPP :‘ L | +3 | R | —2 ‘ R() | +(0partition + 1)0!,8 ‘ R | (37)

If the cost of sorting PIDs is small, PPP can generally be expected to outperform

PHH due to reduced randomness and PPP is more resistant to data skew.

9.4 Domain Based Internal Schema

Another special data structure designed to facilitate join execution is a data structure
to store each join attribute domain values separately, and store pointers associated with
the values in this data structure pointing to tuples of relations that have this value in
attributes of this domain [12]. This data structure can achieve speed up of join execution
slightly more than a join index do. However, this method favors join operation at the
expense of other operations. Not only that, if there are many relations that are mutually
joinable in a relational database, join attribute values has to be duplicated many times

over.

9.5 Composite B+ Tree

A composite B+ tree, also called a B, tree by author [33], can be seen as a generalization
of the generalized access path structure approach [6] and this approach is an improvement
over the domain based internal schema approach. The idea is to create one B+ tree for
each data domain. Many attributes in the database share the same data domain, so values

in these attributes are indexed by the same B+ tree. The B+ tree of a data domain is

40



further modified in its leaf node to have pointers to all values in all different attributes
that share this data domain. Such a B+ tree is called a B, tree. A B, tree can be used
to do join executions just like a join index with the added advantage of B+ tree access.
Using a B, tree to do join can increase performance several times than a tradiitonal join
method when at least one full scan over each joining relation is needed.

B, tree is a much simplified approach than the generalized access path structure and
therefore is much easier to implement and the performance could be better due to smaller
size of overhead structures. The size of data structure in B, tree approach is also much
smaller than that in the join index approach. In B, tree approach the number of B, trees
in a database is the number of different data domains. In join index approach, the number
of join indexes can be as high as C3*, where m is the number of relations in the database.
In worst case each join index could have number of tuples as many as the cross product
of the numbers of tuples in two joining relations. So B, tree approach has a much smaller

data structure than that of the join index.

10 Band Join

An ordered data domain is one that order between data values makes sense. Examples of
ordered data domain are numerical data domain, string data domain in lexicographical
ordering, etc. In ordered data domain, the join predicate can be relaxed using inequalities.
Let ¢; and ¢y be two non-negative integers, not both equal to zero, ¢, € R and t; € S are
two tuples from R and S, respectively. A join predicate is characterized by its predicate
which can be stated as t,[R.A] — ¢; < t,[S.B] < t,[R.A] + ¢o. A match in a band join is
defined as a join that attribute values from one relation fall within a specified range of
attribute values of the other relation.

In most commercial databases today, the job of a query with a band join can be
accomplished by breaking down the query into two queries each has an inequality join,
and then combine the results of these two joins. As band join is very similar to the
equijoin both in concept and in execution, it is likely that band join will become a standard
operation in future commercial relational databases.

While a large number of papers have been presented for processing equijoins, only
a few papers [43, 49, 60] are devoted for processing band joins. Most of the band join
algorithms require sorting of at least one of the relation. Truncating-hash band join [49]
is an attempt trying to do away with the sorting and has considerably improved the speed
of band join processing. The essential idea of the truncating-hash band join is to group
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data values that are near one another. For example, if the query is between R and S,
join attributes are R.A and S.B, and the query predicate is R.A —c; < S.B < R.A+ ¢y,
where ¢; > 0 and ¢ > 0 are two constants that cannot be both zero, then, the truncating
can be done as the join attribute values divided by c¢; + cs.

As its counterpart equijoin, truncating-hash band join has two phases: the building
phase and the joining phase. In the building phase, a tuple tg from R first has its join
attribute value tg.A be truncated [49]:

T, = tR.A - ((tR.A)mod(01 + 02)) (38)

into bucket h; of a hash table. Collisions are resolved by chaining values in the same
bucket.

|

Figure 5: Choose buckets

In the joining phase, tuples from S are hashed using the same method as that for R,
except right after hashing, appropriate buckets in R’s hash table are found and values in
the buckets are probed for a match.

Let t5 be a tuple from S. It’s join attribute value tg.B is truncated as:
Sj1 = ts.B — ((ts.B)mOd(Cl + 62)) (39)

sj1 is an index into a hash bucket of R. Another bucket of R is chosen based on

following criterion:

Zf tsB < (8]'1 + 02)
then sjo =sj — (c1+ c2)

else  sjo = s+ (1 + ¢2)
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The reason to use this criterion is that if t5.B < (sj1 + ¢2), then, some R’s attribute
values in the bucket s;; — (¢1 + c2) could possibly satisfy the join predicate, but not any
attribute value in the bucket s;j; + (¢1 + ¢2). Otherwise, it must be that ts.B > (sj1 + ¢2),
ie., tg.B > (sj1 + (¢1 + ¢c2) — ¢1), and bucket s;1 + (¢1 + ¢3) may have some tuples satisfy
the join predicate, but not bucket s;; — (¢; + ¢3). This is shown in Figure 5.

It is a well known fact that for equijoin, hash based algorithms are in general better
than sort-merge join and nested block join [17, 23, 26]. The truncating-hash band join
is an attempt trying to carry this performance advantage over to the band join and
analytical comparisons show that this approach is successful [49]. In essence, this is a
hash join facilitated by truncating.

A later improvement of the sort-merge band join [60] by H. Lu and K.-L. Tan appeared
to offer competitive performance. It is essentially a sort-merge technique. Instead of
merging two sorted lists of R and S, it merges m, + m; sorted runs, where m, sorted runs
are from R and my sorted runs are from S. This technique makes better use of the large
memory available to speed up join execution. After sorting, substantial number of tuples
from one relation is kept in memory to form a window. The window is characterized by
its upper limit and lower limit. Tuples from the other relation are read in memory to
probe the window to find match. Important issues to be addressed in this technique are:
(1) which relation should be the window relation ? (2) how to divide memory space to
various buffers, especially to a window, to achieve the best performance ? (3) how to
adaptively adjust window size 7

Let the join predicate be R.A —c¢; < S.B < R.A — ¢y, D be the number of distinct
values in the join attribute of R and Dg be such a number for S. The criterion to decide
the window relation is [60]:

elR - [SI]
- foﬁ\ - Il
S ZfD—R > Ds

R|S, otherwise

where || . || represents number of tuples, not pages. For R, the number of tuples in the
band is about ”D—IZH X (¢1 +¢2). If R is the window relation, it is desirable that at least this

many tuples should be in the window. The same argument is true for S with the number
IE]
Ds
buffer space for holding the window, a reasonable choice is to pick the relation that gives

be replaced by X (€1 + ¢2). Without knowing (or computing) precisely the available

the smaller number between the two as the window relation.
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A too small window lowers performance because often the tuples from the other rela-
tion needs to compare tuples that are outside the window and thus cause tuples in window
be repeated read from the disk. A too large window lowers performance because this may
cause the buffer space too small for the other relation, and tuples from the other relation
may need to be read repeatedly.

The goal of buffer allocation is try to have a sufficient window size that (most likely)
can store all tuples in a band for the window relation, which is % X (1 + ¢9) if R is the
window relation, and yet left enough space for sorted runs of R and S. At least one page
of buffer should be allocated to each run of R or S. If there are total B pages and w is
allocated to the window of R, then there should be no more than B — w runs from R and
S.

If memory is not enough for the window and buffers of runs of R and S, several small
(means with less tuples) runs can be merged and their buffer pages be freed except one
page that is left for the merged run. This adjustment may be needed during the join
execution due to data skew or change of available memory.

11 Summary

Nested loops join (late 70’s), sort-merge join (late 70’s) and hash join (early 80’s) are
mature join techniques that have been widely used in commercial relational database in
the 90’s. Each of them has an area that it can perform better than others. In general,
nested loops join offer most robust performance in all situations, sot-merge join usually
performs better than nested loops without indexing, especially if the join result is large.
Hash join can usually be expected to perform even better than sort-merge join, especially
when join result is small and data distribution is even. However, hash join is much less
robust in performance than sort-merge join.

Join indexes (late 80’s) is a relatively new join technique and offer much greater po-
tential for further speed up of join execution. But ut has not been deployed to commercial
relational databases, at least in popular ones. Before this new idea can be used in com-
mercial databases, some problems must be solved. Size of the join index is perhaps the
biggest problem needs to be addressed.

Join page index, i.e., pointer-based join, was proposed in 1990. It is mainly used in
object-oriented database but can be used in relational database as well. It uses pointers
in tuples to materialize join connection without actually duplicate joined tuples. The
obvious drawback of this join technique is the same as that of the join index, i.e., it has
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a huge data structure.

B, tree was proposed in 1989 by Bipin C. Desai. B, tree serves the same purpose as
that of the join index, i.e., to materialize a join but not to store all joined tuples away
from joining relations. The size of the data structure in B, tree approach can be in general
expected to be much smaller than that of the join index.

Multi-layer concept (early 90’s) on relational databases are relatively new. However,
the term “multi-layer” has different meaning in different papers. Many used multi-layer
as a way for improving database security. some have used multi-layer to improve modeling
capability, few paper used multi-layer as a way to speed up query execution. However,
none has used multi-layer to do join. Conceptually, multi-layer approach offers greatest
potential for further speed up of join execution.

The use of parallel machines and parallel join techniques can turn join execution
into a heavily I/O bound execution, so join execution can be speeded up. Types of
parallel join techniques are very much dependent on the types of parallel machine used.
Shared-nothing (message passing) parallel machines are gaining popularity because of
the easiness of scalability of hardware and software. However, join executions on shared-
nothing parallel machines are very sensitive to data skew. On way to alleviate this problem
is to use shared virtual memory and encourage workload sharing. Shared-everything
(shared-memory) parallel machines are more complicated in scaling, both in hardware
and software. However, they show less sensitivity to data skew as compared with shared-
nothing parallel machines.

Conceptually, a parallel join offers an easy way to enhance performance by sheer power
of the hardware. However, a parallel join is more sensitive to data skew. A large part of
research in parallel join are devoted on alleviate the impact of data skew.

Band join is not a hot research branch. However, because of its usefulness and simi-
larity to equijoin, it could become a standard feature in commercial relational database
and several approaches are discussed and compared here.

Adaptivity seems the ultimate improver of every join technique: every join technique
eventually evolves into an adaptive one. This is especially clear in the evolution of the
hash join technique. The reason is simple: a DBMS has to share the hardware, especially,
disk heads, memory space and processors on the computer, with many other software
processes, and the ultimate response time to the user not only to share the hardware
with many other software and processes, and the ultimate join response time appears
to the user is heavily affected by the fluctuation of the hardware (disk heads, memory

space, processors, etc.) and software (operating system process scheduler, for example)
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resources.
The ultimate performance winner of join technique seems to be a parallel, adaptive

join technique with fast indexes (join index, multiple layer DB).
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