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Abstract

In this paper we explore the distributed database
allocation problem, which is intractable. We also
discuss genetic algorithms and how they have been
used successfully to solve combinatorial problems.
Qur experimental results show the GA to be far
superior io the greedy heuristic in obtaining opti-
mal and near optimal fragment placements for the
ullocation problemn with various data sets.

1 Introduction

Computerized databases have become an essential part of
our lives. They play a critical role in nearly all areas
where computers are used. A few of the areas include
business, engineering. science, medicine, law, and educa-
tion. Traditionally, databases and database management
systems (DBMS) have resided on a single site. This is called
a centralized database system. Recently, there has been
a rapid trend toward distributed models of computation,
where several remote sites are connected via a communi-
cations network. Distributed database systems (DDBS) and
distributed database management systems (DDBMS) have
been developed in response to this trend. For convenience,
we will use the term distributed databuses (DDBs) to refer
to DDBSs and DDBMSs, collectively. The advantages of
distributed databases include greater reliability and avail-
ability as well as impreved performance. Unfortunately, dis-
tributed databases are accompanied by increased overhead
and complexity in the system design and implementation.
This complexity is often combinatorial in nature.

Genetic alzorithms ((GAs) provide an excellent technique for
dealing with the combinatorial problems found in distributed
databases. (iAs borrow the techniques and mechanisms from
genetics and natural evolution to effectively find optimal and
near-optimal selutions t. complex and difficult problems.
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This ;)aper is organized as follows: Section 2 provides an in-
troduction to distributed databases. This includes a discus-
sion of the advantages and disadvantages of DD Bs. A simple
D DB model is presented which proves to be intractable. Sec-
tion 3 provides an introduction to genetic algorithms. Sec-
tion 4 describes our application of a GA to the DDB problem
as well as the experimental results obtained. Finally, Sec-
tion 5 provides a summary and conclusions.

2 Distributed Databases

Distributed databases is the term we use collectively for dis-
tributed database systems and distributed database manage-
ment systems. These systems were developed in response to
the current trend toward distributed computing. Unlike tra-
ditional centralized database systems, DDBs are spread over
many sites. These sites are connected by a communications
network.

Site 1 Site 2 Site n

[Communications}
Network

Figure 1: A Typical Distributed Database

Figure 1 illustrates the architecture of a typical distributed
database. Portions of the entire database are spread out over
multiple computers, called sites or nodes. The computers
are connected by a communications network with a given
topology. Each local site may have its own local database,
which can be maintained by a traditional DBMS. Each site
may also contain fragments, or portions of the distributed
global database. Fragments are u]la.naged by application and
communication processing software.

Some of the advantages of DDBs include reliability and avail-
ability. Reliability is loosely defined as the probability that
a system is up at a particular moment in time. Availabil-
ity refers to the probability that a system is continuously
available during some time interval. In a traditional cen-
tralized database system, the failure of the single site means
failure of the entire system. In a DDB, the failure of a sin-
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gle site will only effect access to data Jocated at that site.
Clearly, this leads to improved reliability and availability.
Another advantage of DDBs is the performance improve-
ment obtained by distributed processing. Local queries and
transactions accessing data at a single site are much faster
since the local database is smaller. Transactions involving
different sites can be processed concurrently, red ucing execu-
tion and response time. This is especially an advantage when
the database is naturally distributed over different locations,
such as in a business with databases used by regional offices
which are all accessible from the corporate headquarters.
These types of database systems are typically dominated by
local queries and transactions. Finally, DDBs allow sharing
of data while at the same time retaining localized control.
This can be an important issue in database security when
maintaining a ‘need to know’ authorization scheme.

A potential drawback in a DDB is the added complexity
and overhead involved in its design and implementation.
The DDB must be designed to preserve consistency in the
database yet provide acceptable response time for transac-
tions across many different sites. Strategies must be devel-
oped to handle distributed queries and transactions. The
distribution design step involves fragmentation of relations
and allocation of these fragments. The objective of fragmen-
tation is to achieve better units of distribution. Allocation is
concerned with optimal placement of the fragments among
the available sites. Special care must be taken in the place-
ment of replicated fragments to maintain consistency and
access efficiency. Finally, the DDB must be able to grace-
fully recover from failures such as site crashes or network
hangups.

The additional functionality and flexibility in a DDB is a
difficult problem to deal with. Finding optimal solutions is
a step beyond. In addition to the normal database design
issues and the fragmentation process, the designer of a dis-
tributed database must also decide on how to distribute the
fragments over the sites. We now present a formal descrip-
tion of a simple distributed database allocation problem.

A distributed database is composed of a collection S of m
sites, where each site ¢ is characterized by its capacity, c,

S={c1.62,62,..0, 1, cec, O },

and a set F of n fragments, where each fragment ; is char-
acterized by its size, s,,

F= {51,32,33, BENAIE .~-,-511}-

Each fragment is required by at least one of the sites. The
site requirements for each fragment are indicated by the re-
quirements matrix,

T1,1 T1,2 Ti,n
2,1 T2,2 T2,n
Tm,1 Tm.2 ot Tmon

where 7, ; indicates the requirement by site 1 for fragment ;.
In general, this requirement is represented by a real value,
that is, a weight. A variation of this is to use a boolean value
to indicate that fragment j is either required or not required

by site 1. Transmission cost is given by the transmission cost
matrix, -
: 1y tiz -0 tim

t2x t22 - t2m
T=
tm,l tm,2 s tm,,m

where t; ; indicates the cost for site ¢ to access a fragment
located on site j.

(siven the above definitions, the distributed database alloca-

_tion problem is one of finding the optimal placement of the

fragments at the sites. That is, we wish to find the place-
ment,
P=Api,p2,p3,-sps, - Pn}
(where p, = 1 indicates fragment j is located at site ¢) for the
n fragments so that the capacity of any site is not exceeded,
n

Y riss; S o

=1

Vil <1< m

and the total transmission cost,

m n
5 E Tl,]‘tl,pj

1=1 ;=1

is minimized.

By restricting the use of the requirements matrix and having
zero transmission cost, the distributed database allocation

problemn can be transformed to the bin packing problem,

which is known to be NP-complete {7]. The DDB allocation
problem is considerably more difficult than bin packing. so it
is clearly also NP-compiete. Consequently, unless an efficient
algorithm has been found to solve intractable problems and
it 1s proven that P = NP, then we must turn to heuristic
methods to obtain approximate solutions. Also, in this paper
we ignore exhaustive methods such as branch and bound due
to their inability to solve large combinatorial problems.

For a more detailed treatment of databases and distributed
databases, the reader is referred to works by Bell [1], Bell and
Grimson [2], Ceri et al. [3], Chang and Shielke {4], Elmasni
and Navathe [6], and Ozsu and Valduriez [10].

3  Genetic Algorithms

A genetic algorithm ((GA) is an adaptive search technique
based on the principles and mechanisms of natural selection
and ‘survival of the fittest’ from natural evolution. GiAs
grew out of Holland’s [9] study of adaptation in artificial and
natural systems. By simulating natural evolution, in this
way, a GA can effectively search the problem domain and
easily solve complex problems. Furtherinore, by emulating
biological selection and reproduction techniques, a (A can
perform the search in a general, representation-independent
manner.

The genetic algorithm operates as an iterative procedure on
a fixed size population or pool of candidate solutions. The
candidate solutions represent an encoding of the problem
into a form that is analogons to the chromosomes of biologi-
cal systems. Each chromosome represents a possible solution
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for a given objective function. Associated with each chro-
mosome is a fitness value, which is found by evaluating the
chromosome with the objective function. It is the fitness of
a chromosome which determines its ability to survive and
produce offspring. Each chromusome is made up of a string
of genes (whose values are called alleles). The chromosome is
typically represented in the (A as 2 string of bits. However,
integers and floating point numbers can easily be used.

The (A begins by geunerating ar initial population, P(t = 0),
and evaluating each of its members with the objective func-
tion. While the terminatior condition is not satisfied, a por-
tion of the populatiou is selected, somehow altered, evalu-
ated, and placed back into the population. At each step
in the iteration, chromosomes are probabilistically selected
from the population for reproduction according to the prin-
cipie of the ‘survival of the fittest’. Offspring are generated
through a process called cros-over, which can be augmented
by mutation. The offspring are then placed back in the
pool, perhaps replacing oiher members of the pool. This
process can be modeled using either a ‘generational’ [8, 9]
or a ‘steady-state’ [12] genetic algorithm. The generational
(GA saves offspring in a temporary location until the end of
a generation. At that time the offspring replace the entire
current population. Conversely, the steady-state GA imme-
diately places offspring back into the current population.

4 Experimental Results

We developed a genetic algorithm for the distributed
database problem using Lib(GA [5]. The problem was en-
coded so that each gene in the chromosome corresponds to
a fragment. An integer representation was used in which
the allele values correspond to site locations. For example.
an allele value of 5 in gene 7 would indicate the placement
of fragment 7 at site 5. This corresponds to the placement
vector. P, in Section 2. Initial allele values were selected at
random. ranging from 1 to the number of sites, m. It is pos-
sible with this encoding scheme to have infeasible solutions,
that is. solutions which violate the site capacity constraints
or which place fragments in inaccessible sites. (lonsequently,
our objective function calculated the proper cost for feasi-
ble solutions and used a penalty for the infeasible solutions.
The penalty depended on the number of sites, m. For each
fragment placement which violated a constraint, the objec-
tive function added a penalty of 500m to the fitness. Such a
mild penalty balances the preservation of beneficial genetic
material with the selection pressure of feasibility {11].

The genetic algorithm was tested with several different pa-
rameters. We used two different population modeis: gen-
erational and steady-state. We also used three different
crossover operators: simple {one point), uniform, and asex-
ual. Note, asexual crossover is simply a swap of two ran-
domly selected genes. When mutation occurred, a randomly
selected gene was replaced with a randomly selected choice
from the range of valid allele values. The mutation rate was
fixed at 0.1, and the pool size was fixed at 500. Note, all of
our reported results represent feasible solutions.

We began with a small problem in order to better visualize
our results. A problem was generated which had 3 sites and

:5 fragmeniz to allocate. The fragment size was fixed at 1
and the site capacity was fixed at 3. Consequently, the final
result has no wasted site capacity and exactly 3 fragments
per site. A requirements matrix was generaied with each
iragment required by a randomly selected site. Additional

-requirements were generated randomly with a 21% probabil-

ity that a particular fragment is required at any particular
site. Network topology was also generated randomly with a
70% probability that any two sites are adjacent. Transmis-
~on cost was fixed at 1 unit per hop.

Figure 2: ‘Bow Tie’ Network Topology

Figure 2 illustrates the resulting network topology gener-
ated. Ceincidentally, this topology resembles a ‘bow tie'.
The requirements were as follows:

[ Site | Required Fragments |
1 6,9 10 12, 13, 14
2 7, 11
3 3,4,5,6,10, 12,13, 14
4 2,4,5,8,9, 10,11, 14
5 1,2 3,6, 10,15

We applied a greedy heuristic to this problem which places
each fragment in turn in the least cost location. The greedy
heunistic determined the following allocation:

| Site | Fragments |

1 6,9, 10
2 2,8.7

3 4,512
4 8. 11.13
5 1,14, 15

with a total transmission cost of 27. This allocation places
4 fragments at sites in which they are not required.

| Model | Crossover | zpmin § & | o [ o |
| Sunple 26 | 30.10 | 4.322 | 2.079 |
(Gen. ; Uniform 24 26.70 | 2.678 | 1.636
Asexual 23 23.00 0 ]
Simple 25 27.40 | 1.822 | 1.350
QS Uniform 24 25.80 | 3.511 | 1.874
Asexual 23 23.00 0 0

Table 1: Results for ‘bow tie’ data set

Table 1 summarizes the results we obtained with the GA.
For each reproduction modei and crossover operator, the ta-
ble lists thv best result obtained {Z,m.n) after running the
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(GA with 10 different random seeds. Other columns list the
average (%), variance (0%), and staadard deviation (o) of the
10 runs. From the z,in values, we see the GA easily outper-
forms the greedy heuristic. However, on the average, simple
crossover did worse than greedy under both models. Uniform
crosscver performed slightly better on average than greedy.
Asexual crossover was the best performing crossover, consis-
tently obtaining apparently optimal results. The following
is an allocation generated by the Ga:

[ Site | Fragments |

1 9,12, 13
2 7, 10, 11
3 3,5, 14
4 2,4, 8

5 1,6, 15

This allocation places 2 fragiments at sites in which they are
not required, half as many as by the greedy.

34 T i ‘ ‘ !
32k ’ )
GA
3017 i
Fimess 28 7 N« Greedy_ _ _ _____..-.
26 ]
24 | y
L) . . * - :
0 2 3 <] 8 10 12

Gienerations
Figure 3: Convergence Profile (Bow Tie)

Figure 3 illustrates the convergence profile of the genetic
algorithm. The greedy result is indicated by the dashed
line. While the (GA begins with a worse result than greedy,
it is able to quickly converge to a better answer.

Figure 4: ‘Ring’ Network Topology

Figure 4 illustrates the next problem we examined. In this
case we changed the network topology to a ring and left the
other parameters identical to the ‘bow tie’ problem. For
this problem, the greedy heuristic resulted in the following
placement of the fragments:

| Site | Fragments !
1 6,9, 12
2 7,11, 13

g 3 3,4, 5
4 2,8, 10
5 1; 14; 15

with a total transuussion cost of 24. In this case the greedy
only placed two fragments at sites in which they were not
required.

[ Moder | Crussover | Toin ] 2 | 00 | o |
Simple . 22 36.40 | 2.044 1.430
Gen. Uniform 24 26.80 | 3.956 1.989
Asexual 23 23.00 0 0
Simple 24 27.70 | 4.011 2.003
SS. Uniform 25 26.00 | 0.8889 | (428
Asexual 23 23.10 | 0.1000 | 0.3162

Table 2: Results for 'ring’ data set

Table 2 lists the results for tne GGA on the “ring’ data set.
Under this topology, the simple and uniform crossovers could
only equal the performance of the greedy at best, and were
much worse on average. Asexual crossover proved to be the
best, with apparently optimal results under both models.
The following is an assignment generated by the GA:

{ Site | Fragments ]

1 6,9, 13
2 7,11, 12
3 3.5, 14
4 2,4.8

5 1.10, 15

The GA placed only one fragment at a site in which it was
not required. This was half as many as in the greedy.

9r GA 1

Fitness 27 -1

Gienerations
Figure 5: Convergence Profile (Ring)

Figure 5 illustrates the convergence profile for the GA ou
the ring data set. As before, the (GA started with a worse
answer than the greedy but quickly converged to the optimal.
However, for this data set the greedy was able t -ULtain
nearly optimal results.

We next turned our attention to a complex fragment allo-
cation problem. We generated a data set with 20 «itzs and
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50 fragments. This corresponds to a search space of 20°°,
or about 10% possible solutions. Not all of these solutions
are feasible. Fragment sizes were randomly generated in the
range from 1 to 10. Site capacities were randomly generated
in the range from 20 to 40. The probability that more than
one site required a fragment was 40% and the probability
that any any two sites were adjacent was 30%. Transmis-
sion cost was randomly generated in the range from 1 to 10.
All of these values and ranges were chosen arbitrarily. For
this data set, the greedy obtained a placement with total
transmission cost of 2014.

[ Model | Crossover | Zmin | £ | o | o |
Stmple | 1978 | 2007.40 | 237.4 | 15.41
Cien. Uniform 1972 | 1985.70 | 113.8 | 10.67
Asexual 1952 | 1958.70 | 31.79 | 5.638
Simple 2036 | 2065.80 | 821.3 | 28.66
SS. Uniform 2001 | 2030.00 | 394.9 | 19.87
Asexual 1990 | 2017.80 | 506.6 | 22.51

Table 3: Results for 20 site data set

Table 3 summarizes the results obtained with the GA on
the 20 site data set. The best (FA result was better than the
greedy in all cases except for the steady-state model with
simple crossover. The greedy was able to beat the average
performance of the steady-state model under all crossover
operators. However, under the generational model, the aver-
age performnance of all crossover operators was able to beat
the greedy. The clear victor for this data set was asexual
crossover under the generational model.

As a final test of our GA, we ran it on a variation of the
20} site data set. This new data set was generated using the
samme parameters as before except that there were 100 frag-
ments and site capacities were generated in the range from
50 to 55. With 100 fragments and 20 sites, this corresponds
to a search space of 20'°°, or about 10'*° possible solutions,

not all of which are feasible. The greedy heuristic obtained’

4142 for this data set. We only tested the generational (A
with asexual crossover on this data set as it is clearly the
best choice. We obtained the following results over ten runs:

3

t.

o
9.028

Lmin

4013 | 402

3] &
~la

(=3}
[u

.80 | 81.

As before, the (A was a clear winner over the greedy heuris-
tic. With this data set we see the (FA’s solution quality did
not degrade as the search space size was increased.

5 Conclusions

In this paper, we have explored the distributed database al-
location problem, which is intractable. We introduced the
genetic algorithm as a technique which has been used to
obtain optimal and near optimal solutions to combinatorial
problems. We found the (GA to have superior performance
to the greedy heuristic on fragment allocation problems of
various sizes. While the greedy heuristic took time and effort
to implement, the GA was very straightforward: an encod-
ing was decided upon, and a simple function was written to

evaluate candidate solutions. We found the best parame-
ters for the GA to be the use of a generational reproduction
model with asexual crossover. This is most likely due to the
fact that the fitness landscape is rather rugged, and since
asexual crossover is much like a mutation, it performs well
on such rugged landscapes.

In future, we plan to extend our DDB allocation problem
to include explicit replication of fragments. We have found
that the GA allows us to easily obtain solutions to the al-
location problem and is easily extended to the solution of
other related problems.
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