SURVEY & TUTORIAL SERIES

Multiprocessor Algorithms for
Relational-Database Operators
on Hypercube Systems

xploiting parallelism in database
E processing has been aresearch goal

since the early 1970s. Originally,
special-purpose architectures were devel-
oped to provide the computational and input/
output bandwidth nceded for database
processing. More recently, many research-
ers have relied on commercial multipro-
cessor and local area networked systems
by such vendors as Sequent, Tandem, BBN,
DEC, and various hypercube system man-
ufacturers 1o improve database processing
performance.

This tutorial focuses on hypercube inter-
connected architectures as 4 computation-
al engine for relational-database process-
ing. Like other architectures with distributed
memory and resources ("shared-nothing”
architectures"), hypercube systems can
support the high I/O bandwidth required
for database processing. However, unlike
the other architectures, hypercubes are
scalable to thousands of nodes. For exam-
ple, NCube Corporation currently manu-
factures hypercubes comprising upto 8,192
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As databases expand
and applications
become more diverse,
demands on
computational engines
supporting database
processing increase.
With appropriate
algorithms,
commercially available
hypercube systems can
meet the demands.
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nodes. These engines can provide large-
scale concurrency for both interquery and
intraquery processing” and are well suited
for such computationally intensive pro
cessing as protocol verification using da-
tabase technology.’

Alter reviewing hypercube systems, this
tutorial briefly highlights several imple-
mentations of the many currently available
hypercube systems and comments on their
potential performance in evaluating rela-
tional database operators. All algorithms
assume that the relevant data are memory
resident

The hypercube
multicomputer

A hypercube graph is an n-dimensional
Boolean cube @, defined as a cross product
of the complete graph K, and the (n—1)-
dimensional Booleancube Q,, ;. withQ, =
K>. In an architecture based on hypercube
interconnection, each node is connected
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Figure 1. Various hypercube configurations: (a) one-dimensional, (b) two-dimen-
sional, (¢) three-dimensional, (d) four-dimensional.

(or adjacent) to each of its n = loga N
neighbors, where N is the number of nodes.
For example, in a four-dimensional cube
Q4. node 0000 is adjacent to nodes 0001,
0010, 0100, and 1000. Figures 1a through
Id illustrate the communication paths of
one-dimensional (two-node), two-dimen-
sional (four-node), three-dimensional
(eight-node), and four-dimensional (16-
node) hypercube systems. Note that each
system consists of N = 2" nodes, with n
being the cubical dimension of the system.
We assume that the node address bits are
numbered 0 to n-1. with the lefimost bit
(bit 0) being the most significant, Existing
hypercube machines include Caltech’s
Cosmic Cube,* Intel’s iPSC/2, and NCube's
NCube/10.

Nodes communicate by sending mes-
sages in packets. Packet size varies, but
protocol imposes a maximum. Packets,
which in database processing contain tu-
ples, can be sent between any two nodes in
the system, possibly being routed through
intermediate nodes. In current hypercube
systems, typical internode communication
times are on the order of microseconds.”

Synchronization among nodes can be
achieved either through hardware support
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or strictly through software. In software
synchronization, a receiving node “blocks”
until a message arrives. Thus, the arrival of
a message synchronizes the two nodes.
This blocking send/receive technigue can
be generalized to synchronize all nodes
within the system. A possible synchroniza-
tion algorithm for hypercube architectures
is based on a message-sending ordering
technique called recursive halving, which 1
will describe in a later section.

Other hypercube systems use global
hardware lines to synchronize the proces-
sors. A global wired-AND or wired-OR
line is connected to a number of nodes, and
each node has a local input. The global line
value is the logical AND"ing or OR"ing of
the local inputs. Synchronization is main-
tained by monitoring the changes in the
global line value. For example, if a “global
AND" line is used, all nodes maintain their
local input value at false throughout the
exccution of their local task. A global line
value of true implies that all nodes termi-
nated local execution. Similarly, wired-
OR lines can be substituted for wired-AND
lines by reversing the local line values. The
algorithms presented in this article assume
the availability of global synchronization

lines. These lines need not be supported by
hardware but may be provided logically by
sollware.

Other scalable “shared-nothing™ archi-
tectures include mesh-based multicomput-
ers and ring-based local area networks.
Each hypercube node requires more com-
munication ports than the nodes making up
meshes and rings, but the hypercube inter-
connection significantly reduces the max-
imal communications diameter as com-
pared with meshes and rings. The maximal
communications diameter in a hypercube
comprising N nodes is log,N as compared
with N/2 and YN in similarly sized rings
and meshes, respectively.

Hypercube
architectures as
database engines

Database processing requires vast 1/O
and data-access bandwidth and significan
computational resources. Hypercube sys-
tems provide all three. By horizontally
partitioning relations (see sidebar on pp.
16-17), across a parallel /O structure like
the disk-per-node 1/O subsystem in the
Intel iPSC/2, a relation can be read or
written in parallel, if appropriate synchro-
nization primitives are available. Thus,
currently available hypercube systems can
remedy the known /O bottleneck of data-
base processing.

The degree of 1/O parallelism depends
on the partitioning scheme and the data
values relevant to the query. Common
horizontal partitioning techniques include
random, round-robin, hash-based, range-
based, and user-specified distribution of
tuples across the sites. Both the hash-based
and the range-based partitioning approaches
allocate the tuples according to the hashed
oractual value of asetof specified attributes.
A round-robin partitioning scheme evenly
distributes the tuples across the sites.

The Gamma Project® is a hypercube da-
tabase engine initially developed for a
ring-based multicomputer. The system
currently runs on an Intel iPSC/2 hyper-
cube comprising 32 80386-based nodes
with a disk drive per node. Gamma exploits
the available parallel /O capability by
horizontally partitioning the relations
across the disk drives, The relational-
database operator algorithms presented
in this tutorial differ from those devel-
oped forthe Gamma project’ in that they
are not independent from interconnection
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topology, and hence are actually optimized
for the hypercube interconnection topolo-
gy.

Database performance is enhanced
whenever the variance in the data distribu-
tion across the various processing sites is
low. Poorly distributed relations result from
individual database operators that favor a
particular value, for example, a selection.
Independent of the data organization, data
skew is likely to resultduring the processing
of some user queries. Forexample, consider
the pathological case of a 50-processor
system on which a population database is
partitioned according to states: A range-
based horizontal partitioning scheme based
onthe STATE attribute is used, resulting in
each processor accessing data for only a
single state. A query interested in infor-
mation about only the state of Michigan
vields data at only a single processor.
Without redistributing the data, 49 of 50
processors remain idle for the duration of
the query.

Dynamic data redistribution (on-the-fly
data reorganization) preceding each multi-
scan operator in a query tree has been
proposed to guarantee a near-even workload
across the processors. A multiscan opera-
tor is any operator in which the processing
of an individual tuple involves comparing
its attribute value(s) against other tuples.
For example, the Select is not a multiscan
operator since the relevance of the tuple is
independent of any other tuples. However,
both the Join and Project are multiscan
operators because the relevance of each
tuple depends on the values of other tuples:
unique value in the case of Project, and a
similar value in the other joining relation in
the case of Join (see sidebar).

Baru and Frieder® have demonstrated the
reduction in time resulting from executing
a nested-loop Join on a hypercube instead
of a special-purpose, bus-based architec-
ture. The study also demonstrated that data
redistribution on a hypercube system as
part of the Join can be achieved with low
overhead. A 16-node hypercube system
using dynamic dataredistribution achieved
roughly a 15- to 80-percent reduction in
the processing times of various Join com-
putations. The exact savings depended on
the degree of skew in the data distribution.

As databases expand in size and appli-
cations using databases become more di-
verse, the computational engines support-
ing database processing must likewise
continue to improve. Currently, hyper-
cube systems comprising more than 8,000
processors are available commercially.
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Figure 2. Aggregation example.

Thus, for at least the near future, hypercube
systems meel the computational demands
of database processing.

Hypercube database
algorithms: Uniscan
operations

A query tree is a partially ordered se-
quence of operators initiating at the leaves,
with the result of the query obtained on
termination of root execution. The output
relation of the child operator is the input
relation of the parent operator. The rela-
tions accessed by the leaf nodes are called
base relations and typically are physically
stored in the database. All computed rela-
tions, except for the final output, are called
intermediate relations.

The relational operators can be viewed
as being in one of two categories: uniscan
and multiscan operators. Both Join and
Project are examples of a multiscan oper-
ators since each tuple, in turn, is compared
against a set of tuples. However, both Se-
lect and the aggregation operators are
uniscan operators because the processing
of each tuple is independent of the pro-
cessing of any other tuple.

The Select operator. In optimized
query trees, the Select operators are typi-
cally located near the leaf levels of the
query tree. Thus, in a selection on a hori-
zontally partitioned relation, it is common
to assume a uniform distribution of tuples
across the nodes. As Select is a uniscan

operator, each tuple can be processed inde-
pendently. Hence, computing a Select in
parallel requires each node to read its res-
ident tuple set and, for each tuple read,
compare the tuple attribute value against
the desired value. If the node detects a
match, it keeps the tuple.

Aggregation operators. Scalar aggre-
gation operators are an extension to the
relational algebra and include such uniscan
operators as Max, Min, Count, and Aver-
age. In parallel systems, aggregation is
generally performed in two phases. In the
first phase, each node computes its local
aggregate value. Tuples are accessed as
described for the Select operator. In the
second phase, the global aggregate value
is computed by combining all the local
values at the final destination or target
node.

On a hypercube the global aggregation
phase, phase 2, takes n steps and is based
on a common technique called recursive
halving. As the communications diameter
of the hypercube is n, n steps represent the
minimal number of steps required for the
scalar aggregation, since relevant data can
reside onany node inthe cube. Inthe kth step,
k=0ton-1,nodes whose leftmost k address
bits equal the leftmost £ bits of the target
address receive the intermediate aggregate
value from the nodes that differ in address
from the target in the kth bit.

Figure 2 illustrates an eight-node cube
where node 5 (101) is the target node.
Target node designation is specified in the
query. In step a (k = 0), each of the nodes 0
(000), 1 (001), 2 (010), and 3 (011) sends
its value to nodes 4 (100), 5 (101), 6 (110),
and 7 (111), respectively. The receiving
nodes, indicated with the letter a, compute
the new aggregate values. These new val-
ues are used 1n the second step, step b (k=
1), where nodes 6 (110) and 7 (111) send
their values 1o nodes 4 (100) and 5 (101),
respectively. Receiving nodes are marked
by the letter b. Once again. the receiving
nodes compute the new values. Finally, in
step ¢ (k= 2), node 4 (100) sends its value
to node 5 (101), the target node marked by
the letter ¢, which computes the final re-
sult.

Sometimes the user may wish to aggre-
gate values by categories. For example, in
apopulation database for the United States,
a user may want the average age of the
population in each state. In such cases, the
aggregation is performed by repartitioning
the data according to attribute values (cat-

(Continued on p. 18)
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Relational database primitives and nomenclature

Many database-management systems are available to-
day. A majority of the most recently developed systems are
based on the relational-database model, in which the oper-
ators available to the user operate on relational structures.
An attribute is any symbol from a finite set £ = {Aq, Ay, Az,
..., A}, A relation X on the set £ is a subset of the Carte-
sian product of dom (Ag) X dom (A,) x dom (Ag) x ... X dom
(A,), where dom (A) is the domain of A, R[Ag A A; ... Aj]
represents T on the set {Ag, Ay, Ay, ..., Ay} and is referred
to as the schema of RK. In R[Ag A, Az ... Aj], each column A,
is called an attribute of R, and is denoted as R.A;. Each row
of R, namely a tuple, is designated by <a,, a,, ap, ..., 2>,
where a, € dom (A). The value of attribute A, of tuple xe R
is denoted as x[A]. Similarly, if tuple x € R. then x{W] is the
value of the attributes of attribute set W in tuple x.

For illustration, assume the relations shown in Table A.
Relation EHW has three attributes — EHW.Employee_No.,
EHW.Height, and EHW.Weight — while relation EA has
only two attributes — EA.Employee_No. and EA.Age. Each
relation consists of 16 tuples.

Three of the more common operators in the relational
model include the Select, Project, and Join. These three
operators are formally defined as follows:

Select - The selection on R[XYZ], denoted as Ga., (R), is
defined by

Oa.z (R) = (x| x[A] = a, x= R},
where A is an attribute of R.

Project — The projection on R[XYZ], denoted as n, (R), is
defined by

na (R) = {(x{A] | x€ RL
where A is a set of attributes of R.
Join — The Join of two relations R[XYZ] and S[VWX], de-
noted as
R[XYZ] |x] S[VWX], is defined by
RI[XYZ] |%] S[VWX] = {x | x[VWX]
e S and x{XYZ] € R},
where V, W, X, Y, and Z are a disjoint set of attributes. If no
common joining attributes exists, the Join of R and S, is the
Cartesian product of R and S.
Using the above relations,

List all the employees who are 72 inches tall.

E72W [Employee_No. Height Weight]
= OgHW . Height = 72 (EHW) =

Selecton example:

Employee No. Height Weight
101 72 195
303 72 180
801 72 187

Table A. Sample relations EHW and EA.

195
141

182
108
185
172
201
180
165
180
125
212
187
198
170
210

Employee Height and
Weight Relation (EHW)
Employee_No. Height Weight

101 72
106 69
115 70
210 64
211 74
301 68
302 71
303 72
304 70
454 62
531 64
640 73
801 72
802 !
803 73
804 67

Employee Age

Relation (EA)
Employee No. Age
101 31
106 26
2 4 40
210 25
211 45
301 37
302 52
303 34
304 43
454 35
531 29
640 32
801 55
802 33
803 28
804 34

Enumerate all unique heights of the employees.
UH [Height] = mtepw Heign (EHW) =

Projection example:

Height
62

Find the weight and age of all the employees who are

72 inches tall.

E72W [Employee_No. Height Weight] [x| EA
[Employee _No. Age] =

A Join example:

Employee_No.
101
303
801

Height
72
72
72

Weight Age
195 3

180 34
187 55

in the project operator, only one <72> tuple exists. That is, the
duplicate <72> tuples generated were eliminated.

A common extension to the relational database is the aggrega-
tion operation. The operator, denoted by aggy(R), computes a
global aggregate function on attribute set X of the relation R. Ex-
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amples of an aggregate function, f(x), in-
clude Sum, Max, Min, and Average. For
example, the total sum of the EHW.Height
is

agQsum(enw.Heighy(EHW) = 1,112,

Note that the above is not equivalent to
the sum of TIP‘B(P},

aggsum{Tenw Heignt(EHW))= B90.

Additional operators such as Theta-Join,
Union, Difference, and Renaming have
also been incorporated in many existing
database-management systems. For a
complete treatise on the relational-data-
base model, see D. Maier, The Theory of
Relational Databases (Computer Science
Press, Rockville, Md., 1983).

Database Partitioning

In distributed and parallel database sys-
tems, two common relation-distribution
schemes are horizontal and vertical parti-
tioning. A relation R[Ag Ay Az ... An] is hor-
izontally partitioned across multiple sites
3, 0 0 < i < k, del‘lated H"HINJA‘I '“2 o ;n]‘ 0 <
ik ifxe Hh“l'\oﬁl A, Aj P XE R[ Aq
Ay As ... An] and UI (H,.m Ag At Az .. “n'l =
R[A; A; A, ... Ay). Informally, the tuples of
R are partitioned so each site contains a
possibly empty subset of the tuples of the
original relation. A relation R{Aq, Ay, Az,
..., Aj] is vertically partitioned across mul-
tiplﬂ sites 5, 0 < i < k, denoted Vi.H[xu- 0=
i<k if (Ag, A Ag ooy Ap} 2 X iy, (R) =
Vispr and Vo apcg 1% Vi apg) Bl .. 1%
v._ﬁ{x” =R[A; A; As .. A Slmply stated,
vertical partitioning distributes the relation
by attributes so each site contains a num-
ber of attributes from the base relation.
The Join of the partial relations at the indi-
vidual sites yields the original relation:
The Join composition is lossless.

The data-partitioning scheme signifi-
cantly affects the total query-processing
time. If an application requires that at
each site only tuples whose attribute val-
ues fall within a specified range are
present, but that the entire contents of the
resident tuples be available, then horizon-
tal partitioning should be used. Horizontal-
ly partitioning the relation reduces the vol-
ume of data that must be processed at
each site without incurring any interpro-
cessor communication. If vertical partition-
ing is used, additional Joins would be re-
quired to obtain the nonresident attribute
values. The additional Joins result in both
added interprocessor communication and
increased computation.

It an application requires at each site
only a subset of the tuple's attributes,
then vertical partitioning should be used.
Vertical partitioning of the relation reduces
the volume of resident data and makes
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unnecessary the projection of the desired
attributes from the original relation. Hori-
zontal partitioning requires a projection on
the union of all the local data sets and re-
sults in additional interprocess communi-
cation.

To see the advantages of each relation-
partitioning scheme, assume that a com-
pany has an Employee_No., Height,
Weight (EHW) database as in Table A
and that it has one geographically distant
division. Further assume that the employ-
ee numbers of all employees at site 1
range from 100 to 499, whereas all em-
ployees at site 2 have employee numbers
ranging from 500 to 899. As all the infor-
mation concerning each employee is re-
guired at the employee’s local site, hori-

zontal and not vertical partitioning of the
EHW relation is appropriate. Table B
shows a logical horizontal partitioning of
the EHW.

Now consider the hypothetical situation
that at each site there are freight eleva-
tors with maximum weight limitations and
storage rooms with low ceilings. For each
employee, only weight or height, respec-
tively, is needed to determine whether he
or she can join the people or cargo al-
ready in the elevator or enter the room. In
this case, each local database should be
vertically partitioned, as shown inTable C.

This simple example demonstrates that
a composition of both horizontal and verti-
cal partitioning can reduce the processing
demands.

Table B. A logical horizontal partitioning of the EHW.

H eHw[Employse_No. Height Weight]
Employee_No.  Height Weight
101 72 195
106 69 141
115 70 182
210 64 108
211 74 185
301 68 172
302 71 201
303 72 180
304 70 165
454 62 180

H2.EHW;EmDonee No. Height Weight]

Employee No. Height Weight
531 64 125
640 73 212
801 72 187
802 7 198
803 73 170
804 67 210

Table C. A logical vertical partitioning of the horizontal partitioning of EHW.

V1,H1 EHwiEmployee_No. Height Weight] |T Vz,H; xwiEmployee_No. Height Weight]
Employee_No. Height Employee_No.  Weight
101 72 101 195
106 69 106 141
115 70 115 182
210 64 210 108
211 74 211 185
301 68 301 172
302 i | 302 201
303 72 303 180
304 70 304 165
454 62 454 180

V1. Hz enwiEmployee_No. Height Weight]

Employee_No. Height
531 64
640 3
801 72
802 V&
803 73
804 67

VE-H?.EHWiEmponaa_Na Height Weight]

Employee_No. Weight
531 125
640 212
801 187
802 198
803 170
804 210
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Figure 3. Database partitioning for a multiprocessor Join example.

Node 2

Node 3

Figure 4. Broadcast-based Join result.

egories), with each node computing the
aggregate for the resident categories. 1 dis-
cuss data redistribution according to at-
tribute values in later sections.

Multiscan database
operators

Multiprocessor implementations of the
multiscan database operators can be clas-
sified into two main categories: broadcast-
based and bucket-based. The first catego-
ry. broadcast-based, requires that each node,
in turn, broadcast its portion of the smaller
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relation, R (in the case of a two-relation
operator), or the relation at hand (unirela-
tional operator), to all the system nodes.
All nodes receive the broadcast message
(tuple set) and perform the appropriate
local computation, which involves the res-
ident tuples and the received packet,
Bucket-based solutions include imple-
mentations that rely on sorting and/or
hashing techniques. (Numerous extensions
and modifications to the basic bucket ap-
proach described here appear in the liter-
ature.”?1%) We characterize any operator-
processing approach as bucket-based if the
approach partitions all the data elements
involved in the operation into buckets ac-

cording to theirattribute values. Each bucket
corresponds to a range of atiribute values,
and only tuples consisting of attribute val-
ues within the given range reside in the
bucket.

This approach has an advantage over the
broadcast-based approach: Only tuples that
are likely to match are compared with one
another. However, this approach suffers
from the need to repartition both relations
for amultirelational operator. Furthermore,
when one relation is significantly larger
than the other, the communication re-
quirements of the bucket approach resultin
greater processing time than a broadcast-
based Join. The time involved in partitioning
both relations instead of only the smaller
relation is greater than the savings ob-
tained by eliminating redundant compari-
sons.

An example illustrates both approaches,
Consider a Join of two relations Pand T on
attribute B, RIABCD] =P[ABC] IxIT[BD],
on a three-node multiprocessor where the
relations are partitioned as shown in Figure
3. In the figure, P is shown as the top
relation. Node 1 contains four tuples, two
of P and two of T. Node 2 contains two P
tuples and two T tuples, while node 3 has
only three T tuples. Clearly the P relation
consists of fewer tuples; hence, we refer to
it as the smaller relation.

A broadcast-based Join algorithm pro-
ceeds as follows. Since P is the smaller
relation, each node in turn broadcasts each
tuple of P to all other nodes. Thus, node |
will broadcast <1, 6, 4>and <4, 9, 2>, node
2 will broadcast <2, 6,4>and <3,4, 1>, and
node 3 will not broadcast any tuples. End-
of-tuple transmission is indicated by a de-
fault-value broadcast. All nodes monitor
the transmission and compute the local
Join of the broadcasted tuple value and
their local T tuples. Figure 4 illustrates the
resulting relation.

Continuing with the example, initially
the maximal possible joining attribute(s)
range is computed. This range consists of
actual attribute values and not necessarily
the domain of the joining attribute(s). For
example, the range of B of the “combined™
relation, R, is 1 109, designated attr-ran(R.B)
=[1,9]. However, dom(B) may comprise a
much greater range, say the set of natural
numbers. A tighter bound on maximal attr-
ran(R.B) is the intersection of the regions
attr-ran(P.B) = [4.9] and attr-ran(T.B) =
[1.7]. namely maximal attr-ran(B) = [4,7].

Once the attr-ran|R.B] is computed, the
corresponding disjoint attribute range is
assigned to each processor. Assigning each
processor an attribute range is accomplished
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either statically or dynamically. In a sys-
tem using static partitioning, the range
attr-ran(B) is partitioned equally across the
processors. Such a partitioning scheme re-
sults in a skewed processor workload
whenever the distribution of attribute val-
ues is biased.

A dynamic partitioning scheme nullifies
the effects of a skewed tuple distribution.
Randomly sampling a small number of the
joining tuples as part of the previous oper-
ation provides a crude histogram of the
data distribution and hence of the proces-
sor workload distribution. Using this in-
formation. the range attr-ran(R.B) is parti-
tioned to yield a near-optimal workload
partitioning of the Join processing across
the processors. However, like all dynamic
load-balancing algorithms, dynamic sam-
pling introduces some overhead. The pre-
cise observed reduction in processing time
depends on the skewness of the data and
various machine-specific parameters, for
example, communications overhead.

The example presented here uses static
partitioning. Nodes 1,2, and 3 are assigned
B attribute value ranges 4-5, 6, and 7,
respectively. All tuples of both relations
are redistributed on the basis of their B
attribute value to reside in the proper buck-
et. When the redistribution terminates, all
processors compute the local Join of their
P and T mples. Figure 5 illustrates the
resulting tuple distribution for the bucket
Join method. Comparison with Figure 4
shows that both schemes produce the iden-
tical relation; however, the relation-parti-
tioning differs.

The Join operator:
A broadcast-based
solution

Because broadcast-based solutions re-
duce communication costs (transmit less
data) at the expense of redundant compar-
isons, ensuring full processor use is vital.
Baru and Frieder® describe a three-stage,
broadcasi-based Join that guarantees a
nearly even processor workload. First, a
dynamic data-redistribution algorithm re-
ferred to as balancing ensures an even dis-
tribution of input tuples. Incorporating the
balancing step results in a minimal in-
crease in communication costs but roughly
a 35-percent reduction in the overall Join
processing time. Once they are evenly dis-
tributed, the tuples are sorted.

In the second stage, the Relation Com-
paction and Replication (RCR) stage repli-
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Figure 5. Bucket-based Join result.

cates the smaller relation R,, originally
stored in a cube of dimension n, so it is
replicated in each of the two equal-sized,
dimension n—1, logical-cube partitions of
the original cube. This primitive's goal is
to increase the number of tuples from R,
stored at each node until the volume of R,
tuples present at each node is the size of
one packet, or until R has been fully rep-
licated at each node. It ensures that packets
used in the cycling phase are as full as
possible. and that the packet-formation
overhead per tuple is minimized for the
cycling primitive.

Finally, the cycling primitive sends the
tuples of the smaller relation around in a
ring. Local Joins of the resident tuples and
the pipelined circulated relation are per-
formed simultaneously at each node. Often
the design of each node incorporates dual
buffers, so the broadcast of packet i+1 can
overlap the local computation of packet i,

Assuming multiple independent com-
munications processors, the balancing of
two relations simultaneously proceeds as
follows. Initially, the local tuple counts of
the relations R; and R, are compuied.
During each step j (0 < j < n—1), the nodes
whose addresses differ in the jth bir ex-
change their local-relation R tuple count.
The node with the greater number of tples
(if any) then sends the difference of the
average tuple count and its own tuple count
of tuples to its paired neighbor. Simulta-
neously, the nodes whose addresses differ
in the ((j+1) mod n)th bit balance R,. The
local wple counts for Ry and for R, are
then recomputed, and the next step is
initiated. After n steps. all nodes contain
roughly the same number of R; and R,
tuples. A more complex balancing algo-
rithm that incorporates the sending-node

number can guarantee a difference of one
tuple per node, per relation. Once balanc-
ing is complete, both relations are sorted
locally.

Figure 6 provides a simplified pseudo-
code description of the single-relation bal-
ancing algorithm. Several instructions re-
quire explanation. The send(addr, data)
and receive(addr, data) send or receive
from nodes whose address is addr the
tuples designated by the set data.
Rotate_right(num, count) rotates num's
binary representation ceunt bits to the right.
Similarly the rotate lefi{num, count) in-
struction in the RCR primitive (Figure 7)
rotates the num’s binary representation count
bits to the left. For example, using a four-
bit representation of 1 (0001), rotate_left
(1, 1) = 2, rotate_right (1, 1) = &, and
rotate_left (1, 2) = rotate_right (1, 2) = 4.
Finally, Global AND (GAND) is the global
synchronization line value obtained by
AND’ing all the local synchronization line
values. The ABS, XOR, and CE/L instruc-
tions are the mathematical absolute value,
exclusive OR, and ceiling functions, re-
spectively. The node address bits are num-
bered 0 to n—1.

The second stage of the broadcast Join,
relation compaction and replication, pro-
ceeds as follows. Initially the local tuple
count of the smaller relation, say Ry, is
computed. During each step j (0 £ j < n—1),
the nodes whose addresses differ in the jth
bitexchange theirlocal R tuple count. RCR
is possible if the combined volume (in bytes)
of R tples in each pairing of nodes does
not exceed the maximal size of a single
packet. When possible, all nodes transmit
their tuples to their paired neighbors. While
maintaining a sorted order, the local and
received tuples are merged, and the new
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begin [ BALANCE |

PREDEFINED FUNCTIONS:
FIRST (k)

XOR (k. j)

INPUT:

PRIOR TO EXECUTION:

for j ;= 0 to n — | do begin

end
else begin

end
end

end | for }
end { BALANCE |

| Redistribute data dynamically according to the volume of data, ensuring a
nearly even workload across the processors.

Function that moves the first k tuples of a
prespecified relation to a stated buffer (send_set)

Bitwise Exclusive OR of k and j

rotate_right (k, j) Rotate the binary representation of &, j bits to the right

Number of locally resident tuples (own_count)
Local address of the node (X)

Relation randomly distributed across nodes
EXECUTION TERMINATION: Evenly distributed relation across nodes |
send ( XOR( X, rotate_right ( I, j+1) ), own_count );
receive ( XOR( X, rotate_right ( 1, j+1) ), neighbor_count );
{ Simultaneously equate the tuples across each node pair. ]
if ABS ( own_count - neighbor_count ) > | then begin
avr := CEIL ( [ own_count + neighbor_count 1/2)
if own_count > neighbor_count then begin
send_set = FIRST ( own_count —avr )
send ( XOR( X, rotate_right ( 1, j+1 ) ), send_set );
loc_tuple_set == loc_tuple_set - seni_set;
own_count := own_count - | send_set I;

receive ( XOR( X, rotate_right ( 1, j+1) ), receive_sel );

loc_tuple_set := loc_tuple_set + recelve_sel:
own_count := own_count + | receive_set |

Figure 6. Data-balancing pseudocode.

tuple count is computed. RCR continues
until either n RCR steps have occurred or
the single-packet limitation is exceeded.
Each successful RCR step results in the
duplication of the smaller relation. After j
successful RCR steps, a copy of Ry is res-
ident in each of 2/(n—j) dimensional hy-
percubes. Figure 7 shows a pseudocode
description of the RCR stage.

The final stage, called cycling, creates a
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Hamiltonian cycle withineach logical cube
partition generated by the RCR primitive,
and pipelines the data packets throughout
the cycle. Only those address bits not used
in the RCR step are considered when
forming the cycle. All nodes within each
formed cycle have the identical bit values
in the ireration rightmost address bits. A
Hamiltonian cycle can be dynamically
generated with reflexive Gray codes, as

shown in Figure 8. Executing the
pseudocode results inareflexive Gray code
ring in Send_Array. Given any node num-
ber, say stored at Send_Array [i], its leftand
right ring neighbors are the values at
Send_Array [i — 1] and Send_Array |7+ 1],
respectively.

We now work through an example. Con-
sider tworelations partitioned over aneight-
node hypercube, N = 8 and n = 3. Figure 9
shows the initial distribution of the 24-
tuple relation R (upper portion of each
bin) and 16-tuple relation R (lower por-
tion of each bin). Initially, the balancing
stage is used, resulting in a uniform distri-
bution of both R, and R;. As shown in
Figure 10, in steps 1, 2, and 3 a maximum
of two, one, and one tuples, respectively.
are transferred in a neighbor pairing. The
figure illustrates two relations being bal-
anced simultaneously. Assuming a maxi-
mum packet limitation of four tuples —
because there are two R, tuples after bal-
ancing at each node — a single RCR step
is possible. After the RCR step, two full
copies of the smaller relation exist. The
first copy of R is partitioned over nodes 0
(000), 2 (010). 4 (100), and 6 (110), while
the second copy spans nodes 1 (001), 3
(011). 5 (101), and 7 (111). Note that a
sorted order is maintained. Finally, a
Hamiltonian cycle is generated in each of
the smaller cubes — (000— 010 — 110 —
100 = 000) and (001 =011 —= 111 =101
— 001) — and the compacted smaller
relation is circulated in both cubes simulta-
neously. Figure 11 gives the resulting re-
lation.

The Join operator: A
bucket-based solution

Nearest neighbor pairing algorithms —
for example, the balancing algorithm pre-
sented in Figure 6 — can implement buck-
ct-based Joins. Initially all nodes sort their
local tuple set of both relations based on
the joining attribute values. In bucket-based
Join algorithms, instead of computing the
average number of tuples between each
pair of nodes, at every node-pairing step j
(0 < j<n-1), each node partitions its tuple
set into two, The first set S, consists of all
tuples whose attribute values are assigned
to hypercube nodes whose jth bit address 18
0. All remaining tuples are placed in S,. With
a sorted tuple set, partitioning the tuples
into two sets only requires finding the
boundary condition.

During each step j (0 € j < n-1), nodes
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begin [ RELATION COMPACTION REPLICATION |

| Replicates a relation partitioned across the nodes of
Q, into each Q,_,. Via replication, the number of
nodes required for the later stage, cycling, is halved.
Replication continues until packet limitation is reached.

PREDEFINED FUNCTIONS:

FIRST ( k) Function that moves the first & tuples
of a prespecified relation to a
stated buffer (send_set)

XOR (k, j) Bitwise Exclusive OR of k and j

SYNCH (GAND) Global AND'ing of all local
feeds (GAND,,.)

Rotate the binary representation
of &, 7 bits to the left

rotate_left (K, j)

INPUT: Local address of the node (X)

PRIOR TO

EXECUTION: Relation distributed across all
nodes in Q,,

EXECUTION

TERMINATION: 2/'tion gopies of the relation, each
partitioned over a disjoint @, i.rution |

GAND,,, := true:

iteration := (;

SYNCH({ GAND );
While GAND and ( iteration < n— 1 ) do begin

{ Inform neighbor of own count |
f_send ( XOR( X, rotate_left ( 1, iteration ) ),
own_count );
I_receive ( XOR( X, rotate_left ( 1, iteration ) ),
neighbor_count );

{ Determine if compaction / replication is possible |
if (own_count + neighbor_count) >
MAX _TUPLES_IN_PACKET
then GAND,,, := false;

SYNCH( GAND );
if GAND then begin [ step is possible |

send ( XOR( X, rotate_left ( 1. iteration ) ).
tuple_set );

receive ( XOR( X, rotate_left ( 1, iteration ) ),
receive_set )

ileration := ileration + 1;
tuple_set := tuple_set U receive_sel;
OWn_count = own_count + | receive_set |;
end
end | step possible |
end | while |
end | RELATION COMPACTION REPLICATION |

begin { GENERATE CYCLE |

{ Generate a routing table that yields a reflexive
Gray code in each of the@, ;ruion that resulted
from the RCR step.

INPUT: Cube dimension (dimension_cube)

OUTPUT: Reflexive Gray code routing table

Send_Array [0]:=0
Send_Array [ 1] =1
curr_num_nodes := 2;

+

For dimen := 2 to dimension_cube do begin

curr_num_nodes := curr_num_nodes x 2;
Jr==ly

For i := ( curr_num_nodes /2 ) to
curr_num_nodes — 1 do begin

j=j+2;
Send_Array | i ] := Send_Array [ i —j |
+ curr_num_nodes / 2;
end;
end;
end; | GENERATE CYCLE )

J

Figure 8. Cycle-generation pseudocode.
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Figure 7. Pseudocode for relation compaction replication.
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Figure 9. Initial data distribution.
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Figure 10. Broadcast-based Join (balancing: (a) step 1, (b) step 2, and (c) step 3).

(d) represents the RCR stage.

whose n—jthaddress bitis O keep S and send
S,. Similarly, nodes whose n—jth address bit
is | keep S, and send S,. All nodes receive
the sent tuples and merge them with those
kept tuples. Sorted order is maintained.
The GET_BUCKET(a, b) primitive places
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logical buckets a through b, inclusive, into
send_set.

After n pairing steps, each node contains
only tuples whose joining attributes fall
within a disjoint subrange of the joining
domain. Once both relations are redistrib-

= — g
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<8, e N> 3.8, X» «12 0, ¥
«f ¢ Y= <5 8 X> <13 a X
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e
(0 o AL we )
<H, & Xs <o K 21,0, M
< nYs <8, d X <& & X»
< b, X» <A,d, Yor <16, & X
=B.b ¥

Figure 11. Final distribution of broad-
cast Join,

uted, the local Join computation proceeds
in parallel at each node.

Figure 12 shows a pseudocode descrip-
tion of the bucket data redistribution for a
single relation. As with the balancing oper-
ation, both relations can be redistributed in
parallel, with the one relation using link j at
step j, while the second uses link (j+1) mod
n at step . In this algorithm, however, ei-
ther the portion of the algorithm that se-
lects the buckets to exchange during each
node-pairing step or the attribute-range-
to-bucket-number assignment must be
modified in the code that simultaneously
repartitions the second relation. Also, in
both the balancing and the bucket redistri-
bution algorithms, simultancous redistri-
bution of both relations does not require
separate links. If the two relations can be
separated efficiently, both relations can be
routed together on the same link. However,
given independent communications pro-
cessors and buffers, the use of multiple
links generally reduces the data-transfer
time. (Omiecinski and Tien describe a
similar repartitioning algorithm that uses
hashing to redistribute the relations.'’)

With the example in Figure 8, using a
bucket Join algorithm that simultaneously
redistributes both relations results in the
following: In cach of the three steps, a
maximum of 5,4, and 3 tuples, respective-
ly.are routed inany internode communica-

COMPUTER



tion. Note the significant difference be-
tween the maximal tuple transfer in the
partitioning algorithm compared with the
tuple-balancing algorithm, Figure 13 shows
the result relation of the Join computation.
Asrequired, both Join approaches result in
the same relation; however, the final distri-
bution varies.

Characterizing
performance
potential

Here, 1 present experimental timings
obtained from a portable hypercube-based
database system. The system implementa-
tion issues are beyond the scope of this
tutorial but can be found in an upcoming
publication.!’ The evaluation focuses on
only the two Join approaches presented
here and includes a comparison of the tim-
ings obtained when the baluncing step in
the broadcast Join is omitted. Only timings
for the Join operator are provided since the
processing lime of the Jouin greatly exceeds
that of other common relational aperators,
making it the computational performance
bottleneck in database processing.

1 emphasize computational to differenti-
ate between the 1/O and CPU demands
associated with database processing. The
parallel 1/0 demands are commonly han-
dled through parallelization of the Select
operator, because the Select operators typ-
ically precede all other database operators
in optimized query trees. No inlerproces-
sor communication exists in the Select op-
erator, so performance measurements are
not provided.

The timings presented were obtained us-
ing macros developed at Argonne National
Laboratories'? executing on an Encore
Multimax running the Umax 4.2 operating
system. These macros provided a [ully
portable, simulated, distributed-memory
environment, allowing for system porta-
hility and independence from the hardware
limitations of a particular vendor. The abil-
ity to vary hardware parameters comes at
the expense of simulative overhead. Al-
though the assumed hypercube architec-
ture was simulated, all the database alpgo-
rithms actually executed as though they
were running on an actual hypercube. The
Multimax configuration consisted of 16
processors, enabling cach logical hyper-
cube node 1o execute on a dedicated node
in the Multimax. As the total system mem-
ory comprised 128 Mbyles, the entire data-
base was memory resident.
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begin

INPUT:

PRIOR TO EXECUTION:

[ BUCKET |

| Redistributes data by attribute(s) values. Each bucket has a nonoverlapping
subset of the global attribute domain. The union of the attribute value range
of all the buckets is the global domain. Assumed is that all local wples are
already partitioned into local buckets and must only be routed to the
appropriate processor.

PREDEFINED FUNCTIONS:

GET_BUCKET (k , j) Function that moves all the tuples assigned
to buckets k through j inclusive to
a stated buffer (send_set)

Bitwise Exclusive OR of k and j

Rotate the binary representation of &, j bits
to the right

Mark the corresponding bucket for each
tuple in buffer Y and move to the

appropriale memory location

XOR (k. j)
rotate_right (k. j)

merge (Y, buckets )

Local address of the node (X)

Relation randomly distributed across nodes

EXECUTION TERMINATION: Tuples distribuled across nodes according

to attribute value }

first := 0
last =N - 1;

forj:=0ton— 1 do begin

| Select buckets to send |
if X[j] = 0 then begin

send_set := GET_BUCKET ( (first + last + 1)/2, last );
last ;= (first + last - 1)/2;

end

else hegin

send set := GET_BUCKET ( first, (first + last - 1)/2 ):
first ;= (first + last + 1)/2;
end
end

send { XOR( X, rotate_right ( 1, j+1 ) ), send set );
receive ( XOR( X, ronate_right ( 1, j+1 ) ), receive_set )

[ Place received tuples into appropriate local bins }
merge ( receive_set, Incal_buckers );

end | for |
end { BUCKET }

Figure 12. Bucket-based partitioning pseudocode.
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Figure 13. Bucket-based Join example: (a) step 1, (b) step 2, and (c) step 3. Part

(d) represents the final result (bucket).

The emulative overhead significantly
alfects the actual imings observed in terms
of absolute time. Hence, these timings
should not be used for comparison against
other systems. but only as a tool for com-
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paring the two presented Join approaches.
Because we are interested only in seeing
the similarities and differences berween
these Join approaches, runs of a standard
benchmark data set are not presented. In-

stead, a synthetic database that better illus-
trates the behavior of the presented ap-
proaches was constructed,

The database comprised relations of four
different sizes: 1K, 10K, 100K, 1M tuples.
Each tuple had 24 bytes. Relations were
randomly generated using a uniform-at-
tribute value distribution. The tuples of
each relation were horizontally partitioned
across the nodes using cilher a uniform
(marked as “uniform™ on the graph) or a
bimodal skewed distribution (marked as
“skewed” on the graph),

Results for multiple-size Joins are pre-
sented: 10K x 10K (uniform), 100K x 100K
(uniform), 100K x 100K (skewed), 10K x
100K (uniform). 1K % 1M (uniform), and
1K % 1M (skewed). Each Join algorithm
was run on four different hypercube con-
figurations: two, four, eight, and 16 nodes.
By definition, the smallest hypercube is of
dimension 1, so single-node runs are not
included in the timing presemarion.

In general, the broadcast-bascd Join, as
compared with a bucket-based Join, reduc-
s the required communication at the ex-
pense of redundant computation. Redun-
dant comparisons in the broadcast Join
result from the unnecessary comparison of
every tuple in the smaller relation, Ry,
against all tples in the larger relation, Rs.
In the bucket-based Join, each tuple in R,
is compared with only the relevant portion
of R;. In terms of communication require-
ments, unlike the bucker Join where both
relations must be redistributed, the com-
munication demands of the broadcast Join
require that only R be routed. Thus, when
R, and R, are comparable insize, the bucket
Join is better. However, if the difference in
the communication times for the two Join
approaches is significant (R, is much
smaller than R;), the broadcast Join is bet-
ter. The precise size disparity is based on
the degree of data skew und various system
paramelers.

The timing results summarized in Fig-
ures 14a through 141 coincide with size
disparity intuition, The scalability of the
bucket Join exceeds that of the broadcast
Join when the relations are comparable in
size (Figures 14a-c), and the broadcasl
Join is superior when the relations differ in
size (Figures |4c-f).

The graphs also show the performance
obtained when the balancing step is not
performed as part of the broadcast Join.
When the tuples are uniformly distributed
across the nodes, the overhead of balanc-
ing is negligible, but the reduction in
processing time resulting from the balanc-
ing step is also negligible (Figures 14a, b,
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Figure 14. Experimental timing results.
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Figure 15. Theta-Join example.

begin | Bucket-Based Less-Than Theta-Join |

| Redistributes data of the smaller relation according to attribute(s) values
for a LESS-THAN Theta-Join.

PREDEFINED FUNCTIONS:
XOR (k, j) Bitwise Exclusive OR of k and j
rotate_right (k, j) Rotate the binary representation of &, j bits to the right

INPUT: Local address of the node (X)
An array indicating the lower bound of each bucket of
the larger relation (bounds)
An ordered set comprising all the tuples of the smaller
relation that are resident at the node (tuples).
tuples [i].attribute is the joining attribute value of
tuple 1.
PRIOR TO
EXECUTION:  Larger relation distributed according to attribute values
Smaller relation randomly distributed
EXECUTION
TERMINATION: Tuples distributed as required by Theta-Join |
first := 0
last:=N~ 13

for j :=0ton - I do begin

send_set 1= ;

num_tuples := | tuples [;

if X[j] = 0 then begin

fori:= | to num_tuples do begin
send_set := send_set v tuples [i];
if tuples [i].attribute 2 bounds [(first + last + 1) / 2] then
tuples := tuples — tuples[il;

end | for |
last := (first + last — 1)/2;
end | then |
else begin

fori:= 1 to num_tuples do
if tuples [i].attribute < bounds [(first + last + 1) / 2] then
send_set := send_set U tuples [i]:
first ;= (first + last + 1)/2;
end | else |

send ( XOR( X, rotate_right ( 1, j+1 ) ), send_set )
receive ( XOR( X, rotare_right ( 1, j+1 ) ), receive_set );
tuples := tuples w receive_set;
end | for |
end [ Bucket-Based Less-Than Theta-Join |

Figure 16. Theta-Join data-redistribution pseudocode.

26

d, and e). In fact, if the original tuple
distribution is exactly even across the nodes,
balancing will increase the total process-
ing time. The observed minimal perfor-
mance improvement results from the exist-
ence of some variance, albeit low, in the
number of tuples resident at each node.
However, as the variance of the wple dis-
tribution increases (Figures 14b and f), the
savings resulting from balancing become
substantial. Thus, at least when faced with
a skewed distribution of tuples across the
nodes, the balancing step should be incor-
porated as part of the broadcast Join. All
the results show that in a database system
both Join algorithms should be implement-
ed. The system should choose the approach
to employ. depending on the input data set.

The Project operator

Similar to an aggregation operator, com-
puting a Project operator (a multiscan, uni-
relational operator) involves two stages:
local and global duplicate-tuple elimina-
tion. The first stage is local tuple elimina-
tion. Traditionally, local elimination re-
quires each processor to sort its resident
tuples and remove the duplicates. The
second stage eliminates internode dupli-
cates, As the communication requirements
of the Project operator are a subset of the
Join, either a broadcast or an attribute-
partition scheme is possible.

If broadcasting is used. data replication
is unnecessary because Project is a unire-
lational operator. Hence, instead of RCR,
only relation compaction is required. That
is, in each node pairing, the projected rela-
tion is compacted to only a single node, as
in the aggregation algorithm. At each com-
paction, local duplicates are removed. Once
relation compaction terminates, the cycling
primitive is applied. In cycling, a copy of
the compacted, projected relation is circu-
luted. All nodes compare simultaneously
their tuple set against the circulated tuples.
If a duplicate is found, the local node num-
ber is compared with the node number
generating the circulated tuple set. The
local tuple is eliminated if the local node
number is smaller.

A bucket-based Project implementation
is nearly identical to a bucket-based Join
algorithm. As in the Join. the domain is
partitioned across the processors and the
tuples are routed to the appropriate proces-
sor. To reduce the data routed, after each of
the n steps, local duplicate elimination is
performed. Thus, duplicates are eliminat-
ed as soon as possible.
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Additional operators

Common set operators such as Union,
Intersection, and Difference are typically
incorporated into database systems. These
multiscan operators can be implemented
using the data-redistribution algorithms
previously described. For example, the
union of relations RIXYZ] and S[XYZ],
written T[XYZ] =R[XYZ] U S[XYZ], can
be implemented by defining the new rela-
tion T[XYZ] as all the tples of R and all
the tuples of S, and then eliminating the
duplicates in T, as in the Project operator.

The Intersection of RIXYZ] and S| XYZ].
TIXYZ] = RIXYZ]| n S[XYZ]. is the Join
of the two relations in which only those
tuples that match in all the attributes are
kept, namely R.X = S.X, R.Y = S.X, and
R.Z =S.Z. Finally, the difference of R and
S, TIXYZ] = RIXYZ] - S[XYZ], is com-
puted as a Join where only those tuples of
R that do nor join with any tuples in S are
maintained.

Another popular operator that includes
the Join described above as a special case
is the Theta-Join. The Theta-Join of rela-
tions R[X] and S[Y], where XnY =@, A
e X,Be Y,and 8 e = #, <, &, >, 2],
written R[A 0 BJS, is defined as T[XY] =
{xlye R,ze S, suchthat y[A] 8 z[B], y=
v[X]. and = = x| Y]]. Modifying a broad-
cast-based Join algorithm to encompass all
the Theta-comparators requires only that
the local equality comparison presently
made al each node be replaced by the ap-
propriate Theta-comparator.

Because a Theta-Join may require tuples
inan attribute range to be compared against
tuples in a set of attribute ranges, altering a
bucket-based Join algorithm to support
Theta-comparators requires not only that
the local equality comparator be replaced
by the appropriate Theta-comparator but
that the actual tuple-redistribution algo-
rithm be changed to support comparisons
between an altribute range and multiple
other attribute ranges.

Consider a Theta-Join where the com-
parator operator is Less Than. Relations
R[ABC] and S[DE] are joined so R[B <
DJS. Then, all the R tuples that map to
bucket 2 based on the B attribute must be
compared against all the S tuples that map
to buckets 2 through N inclusive based on
the D attribute, as illustrated in Figure 15.

The algorithm proceeds as follows. Ini-
tially, relation S is partitioned according to
attribute values using the algorithm in Fig-
ure 12. Then, using the same bucket rang-
es, relation R is partitioned into buckets so
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all tuples in bucket i (1 <i < N) are routed
to those processors that contain buckets j (i
< j £ N) of relation S. Figure 16 shows a
pseudocode description of an algorithm
that achieves the necessary bucket-based
Theta-Join data routing. In contrast to the
algorithm in Figure 12, where no addition-
al copy of the data is generated, here mul-
tiple copies of the data assigned to the
lower numbered buckets are produced, re-
sulting in a vast volume of internode data
transfer. Algorithms for the remaining
Theta-Join comparators likewise result in
a vast replication of data.

peratorimplementation is crucial,

but fully exploiting multiproces-

sors in database processing in-
volves numerous additional database con-
cerns not discussed in this tutorial. Such
topics as data placement, execution-site
selection, query optimization, security, and
recovery must be addressed before large-
scale (thousands of processors) multipro-
cessor database systems become an alter-
native to high-performance mainframe
solutions for very large databases and com-
plex database-based applications. ll

Acknowledgment

This work was partially performed while |
was at Bellcore using the computational resources
of the Syracuse University Northeast Parallel
Architectures Center (NPAC), which 1s funded
by DARPA/RADC contract #F306002-88-C-
0031.

I wish to thank Paul Jackson, Mark Segal,
Bruce Shriver, and the anonymous referees,
whose input vastly improved this article.

References

1. M, Stonebraker, “The Case for Shared Noth-
ing,” Data Eng., Vol. 9, No. 1, Mar. 1986,

[

. O. Frieder and C.K. Baru, “Query Schedul-
ing and Site Selection Algorithms for a Cube-
Connected Multicomputer System.” Proc.
IEEE Eighth Int'l Conf. Distributed Com-
puting Systems, June 1988, CS Press, Los
Alamitos, Calif., Order No. 865, pp. 94-101.

3, O. Frieder and G.E, Herman, “Protocol Ver-
ification Using Database Technology,” /EEE
J. Selected Areas in Comm., Vol. 7, No. 3,
Apr. 1989, pp. 324-334.

NEW
RELEASE

from IEEE COMPUTER
SOCIETY PRESS

-

THE TEST ACCESS
PORT AND BOUNDARY-
SCAN ARCHITECTURE

Colin M. Mouncer and Bodham | Tuos

\0

The Test Access And
Boundary-Scan
Architecture

This tutorial discusses approaches to
design-for-testability between comput-
ers and companies and explains its con-
nection to IEEE Standard 1149.1. Tt be-
gins by describing the circumstances that
lead to the development of the standard,
introduces boundary-scan techniques,
and provides solutions to problems that
are faced by this technology. Other key
topics include: the structure of a typical
board test program, testing and diagno-
sis of test logic, testing of boards, silicon
implementation and related costs, inter-
facing to scan design, and applications
to system debugging and emulation.
399 pages. September 1990. Hardbound.

Mlustrations. ISBN 0-8186-9070-4.
Catalog No. 2070.

List $55.00 Member $44.00
To order your copy call--
1-800-CS-BOOKS

or in CA call--
714-821-8380

@ |IEEE COMPUTER SOCIETY

THE INSTITUTE OF ELECTRICAL AND
ELECTRONICS ENGINEERS, INC,




4. C.Seitz, “The Cosmic Cube,” Comm. ACM,
Vol, 28, No. 1, Jan. 1985, pp. 22-33.

5. W.C. Athas and C.L. Seitz, “Multicomput-
ers: Message-Passing Concurrent Comput-
ers,” Computer, Vol. 21, No. 8, Aug. 1988,
pp. 9-24.

6. D.J. DeWitt et al., “The Gamma Database
Machine Project,” IEEE Trans. Knowledge
and Data Eng., Vol. 2, No. 1, Mar. 1990, pp.
44-62.

7. D. Schneider and D, DeWit, “A Perfor-
mance Evaluation of Four Parallel Join Al-
gorithms in a Shared-Nothing Multiproces-
sor Environment,” Proc. ACM SIGMOD
Conf., ACM, New York, May 1989, pp.
110-121.

8. C.K.Baru, and O. Frieder, “Database Oper-
ations in a Cube-Connected Multicomputer
System,” IEEE Trans. Computers, Val. 38,
No. 6, June 1989, pp. 920-927.

9. C.K. Baru et al, A Comparison of Join
Algorithms for Hypercubes,” Proc. Fourth
Hypercube Conf.,STAM, Philadelphia, 1989.

10. E. Omiecinski and E. Tien, “A Hash-Based
Join Algorithm for a Cube-Connected Par-
allel Computer,” Information Processing
Letters, Vol. 30, No. 5, Mar. 1989, pp. 269-
275.

11. O. Frieder, “A Database-Driven, Parallel
Protocol Verification System Prototype,”
George Mason Univ., Dept. of Computer
Science Tech. Report, TR-10-90, Oct, 1990,
Submitted for publication.

12. E. Lusk et al., Portable Programs for Par-
allel Processors, Holt, Reinchart and Win-
ston, Inc., 1987.

Further reading

The following list merely highlights some of
the more recent parallel database efforts, and is
not meant to be exhaustive. For additional back-
ground and earlier research, refer to the database
machine textbooks listed in the last section be-
low.

Hypercube-based algorithms

Arild, B., W. Baugsto, and I.F, Greipsland,
“Parallel Sorting Methods for Large Data Vol-
umes ona Hypercube Database Computer,” Proc
Sixih Ini’l Workshop on Darabase Machines,
1989,

Baru, C.K., et al., “Join on a Cube: Analysis,
Simulation, and Implementation,” in Darabase
Machines and Knowledge Base Machines, M.
Kitsuregawa and H. Tanaka, eds., Kluwer Aca-
demic Publishers, Boston, 1988, pp. 61-74.

Bratbergsengen, K., “Algebra Operations on a
Parallel Computer; Performance Evaluation,”

28

in Darabase Machines and Knowledge Base
Machines, M. Kitsuregawa and H. Tanaka, eds.,
Kluwer Academic Publishers, Boston, 1988, pp.
415-428.

Frieder, O., Database Processing on a Cube-
Connected Multicompurer, doctoral dissertation.
Univ. of Michigan, Ann Arbor, Mich., 1987.

Frieder, O., and P. Juckson, “On the Design,
Implementation, and Evaluation of a Portable
Parallel Database System,” Proc. [EEE Int' | Conf.
Darabases, Parallel Architectures, and Their
Applicarions, CS Press, Los Alamitos, Calif.,
Order No. 2035, Mar. 1990, pp. 516-518.

Frieder, O., “Fault Tolerance on a Hypercube: A
Database Application,” to be published in J. of
Svstems and Software, Nov. 1990,

Rishe, N., D. Tal, and Q. Li, "A Sequenced
Hypercube Topology for a Massively Parallel
Database Computer,” Proc. Second Symp.
Frontiers of Massively Parallel Computation, CS
Press, Los Alamitos, Calif., Order No. 892, Oct.
1988, pp. 521-524.

Gamma (ring-based LAN)

DeWitt, D.J., et al., "Gamma — A High Perfor-
mance Dataflow Database Machine,” Proc. Canf.
Very Large Dara Bases, 1986.

DeWitt, D.J., et al., “A Single-User Evaluation
of the Gamma Database Machine,” in Database
Machines and Knowledge Base Machines, M.
Kitsuregawa and H. Tanaka, eds., Kluwer Aca-
demic Publishers, Boston, 1988, pp. 370-386.

Bubba (hypercube interconnection used for
routing only)

Boral, H., “Parallelism in Bubba,” Proc. IEEE
First Int*'l Symp. on Databases in Parallel and
Distributed Systems, CS Press, Los Alamitos,
Calif., Order No. 893, Dec. 1988, pp. 68-71.

Copeland, G., et al., “Data Placement in Bub-
ba,” Proc. ACM SIGMOD Conf., ACM, New
York, 1988, pp. 99-108.

Smith, M., et al_, *An Experiment on Response
Time Scalability in Bubba,” Proc. Sixth Int'l
Workshop on Database Machines, 1989,

Tandem (fault-tolerant bus-based) Architec-
ture

Tandem Database Group, “Nonstop SQL, A
Distributed, High-Performance, High-Avail-
ability Implementation of SQL.,” Proc. Second
Int’l Workshop High Performance Transaction
Systems, 1987,

Tandem Performance Group, A Benchmark of
Nonstop SQL on the Debit Credit Transaction,”
Proc. ACM SIGMOD Conf.. ACM. New York.
1988, pp. 337-341.

BBN Butterfly

Rosenau, T.J. and S. JaJodia, “Basic Database
Operations on the Butterfly Parallel Processor:

Experiment Results,” Memorandum Report 6173,
Naval Research Laboratory, 1988,

Oracle (database software for NCube's
NCube-2 hypercube)

Oracle for the NCube 2 — Technology Over-
view, Doc. No. 50333-0789, Oracle, 1989,

Teradata DBC/1012 (a customized intercon-
nection network)

DBCI1012 Data Base Computer Systent Manu-
al, Doc. No. C10-0001-01, Teradata, 1985.

Database machine textbooks and tutorials

Boral, H., and P, Faudemay, Database Ma-
chines, Lecture Notes in Computer Science,
Springer-Verlag, New York, 1989,

Hurson, A.R., L.L. Miller, and S.H. Pakzad,
Parallel Architectures for Database Systems, CS
Press, Los Alamitos, Calif., Order No. 838,
1989,

Kitsuregawa, M.. and H. Tanaka, eds,, Darabase
Machines and Knowledge Base Machines,
Kluwer Academic Publishers, Boston, |988.

Ozkarahan, E.. Darabases Machines and Data-
base Managemenr, Prentice Hall, Englewood
Cliffs, N.J., 1986.

Sood, A.K., and A.H. Qureshi, Darabase Ma-
chines: Modern Trends and Applications,
Springer-Verlag, Heidelberg, Germany, 1986.

Su, S., Database Computers: Principles, Archi-
tectures, and Techniques, McGraw-Hill, New
York, 1988,

Ophir Frieder is a faculty member of the Com-
puter Science Department at George Mason
University. From 1987 o 1990, he was a mem-
ber of technical staff in the Applied Research
Arca of Bell Communications Research. His
research interests include parallel and distribut-
ed architectures, database systems, operating
systems, and medical imaging architectures.

Frieder received his BSc (1984) in computer
and communications science and his MSc (1985)
and PhD (1987) in computer science and engi-
neering, all from the University of Michigan, He
is a member of Phi Beta Kappa and the IEEE
Computer Society.

Frieder can be reached at the Department of

Computer Science, George Mason University,
Fairfax, VA 22030-4444.

COMPUTER



