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Abstract - Information Retrieval is the organization,
manipulation, and selection of documents that are potentially
relevant to a user's information need. To support the
computational demands of information retrieval systems,
various researchers have focussed on efforts that exploit
parallelism. As efficient exploitation of parallelism demands
fast access to the documents, data organization and placement
significantly affects the total processing time. The
determination of an optimal document allocation within a
distributed memory, distributed I/O multicomputer, the
Multiprocessor Document Allocation Problem (MDAP), is
an NP-Complete problem. Obtaining an optimal document
allocation, therefore, is computationally intractable, and
hence, heuristic approaches are required. We describe our
genetic-algorithm based approach to MDAP. We provide a
proof of convergence for our algorithm and present a brief
review of our experimental findings.

I. INTRODUCTION

Information retrieval is the organization,
manipulation, and selection of documents that are
potentially relevant to a user's information need.
Given the vast volume of data stored in modern
information retrieval systems, searching the
document database requires vast computational
resources. To meet these computational demands,
various researchers have developed parallel
information retrieval systems. As efficient
exploitation of parallelism demands fast access to
the documents, data organization and placement
significantly affects the total processing time.

The determination of an optimal document
allocation within a distributed memory, distributed
I/O multicomputer, the Multiprocessor Document
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Allocation Problem (MDAP), is an NP-Complete
problem. (A formal proof that MDAP is NP-
Complete is provided in Frieder and Siegelmann
[Fri91].) Obtaining an optimal document allocation,
therefore, is computationally intractable, and hence,
heuristic approaches are required.

We review and formally evaluate our heuristic
approach to solve MDAP. The approach, initially
introduced in [Fri91], is based on Genetic
Algorithms [DeJ89, Gol89, Hol87]. In [Fri91],
results from a simulation study of the algorithm are
presented. Here, we highlight some of these results
and provide a proof that, with a high probability, the
allocations derived by our algorithm converge to an
near optimal mapping.

Due to space limitations, we forgo our discussion
on prior heuristic approaches to mapping problems
that are similar to MDAP and refer the reader to
[Bok81, Bol88, Du88, Lee87]. Some prior efforts
related to multiprocessor information retrieval are
described in [As090, Cri90, Fri89, Lee86, Mako1,
Pog87, Pog88, Sha89, Sta86, Sta89, Sta90,
Sto87].

The remainder of this paper is organized as
follows. In Section II, we briefly review our
genetic algorithm based approach to MDAP. In
Section III, we provide the proof of convergence for
our algorithm. We present a brief review of our
experimental findings and conclude in Section IV.

II. A GENETIC ALGORITHM BASED
APPROACH TO MDAP

Given a document collection D, consisting of
documents Dj, (0 <i <d - 1), and partitioned into
clusters Cj, (0 <j <c - 1), and given an n-node
multicomputer architecture with an internode
communication matrix M, an instance of MDAP
requires that each document Dj, be allocated to a
node X}, (0 €1 <n - 1), such that the average
cluster diameter is at a minimum. The diameter of a
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cluster is the maximum distance between any pair of
nodes that contain documents belonging to the given
cluster. Each entry Mjje M, (0 <4, j <n- 1),
designates the cost of sending a single packet from
node i to node j.

Our genetic algorithm based approach to MDAP
assumes that the documents are clustered using any
one of the many clustering algorithms. For a
review of clustering algorithms, see [Rag87, Sal§3,
Wil88]. The cost function to be minimized is the
average cluster diameter.

The algorithm comprises of four steps
(Initialization, Reproduction, Crossover, and
Mutation) and is presented below. A detailed
example is provided in [Fri91].

ALGORITHM;

Initialization Phase;

1. Create a permutation matrix, P (0<i1 <p-1,
0<j<d-1). EveryrowP;,(0<i<p-1),is
a complete permutation of all documents Dj,
0<j<d- 1.

. Define the document to node mapping function
fi: D -> X for any given row of P;, 0 <i<p-
1) as fj(Dg) = j mod n, where j is the index in
row Pj of document Dy, (0 <k <d - 1).

Reproduction Phase:

3. Given the mapping function fj for a given row
P;, (0<i<p- 1), determine the cluster radii,
Rjj, (0 <j<c-1) for each cluster association
list array entry, Cj .

Rjj = Max (Mg(Dy), 0y |
0<k,1<d-1and Dy, Dje Cj}.
. Define an evaluation function, E. This function
measures the "goodness" of the allocation
defined by a row Pj, (0 <i <p - 1), and the

corresponding mapping function fj. In our
case,

c-1
E (Py) = )y Rjj
j=0

0<i<p- Ll

. Create a biased roulette. Compute the reciprocal
of each E(Py), (0 <i<p- 1). Call them E'1(P)).
Bias the roulette proportionally to E-1(Py).
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Assign each allocation an interval on the unit
vector 0 to 1 based on the corresponding biased
probability.

Replace the permutation matrix P. Randomly
choose p numbers from within the interval [0.0,
1.0]. For each of the p random values obtained,
copy the allocation permutation whose assigned
interval corresponds to the random value
generated into row Pj, (0<i<p-1). To
insure the survival of successful document
allocations (permutations), the lowest cost
allocation is always kept. Therefore, if the
permutation corresponding to the largest
interval, say Pj, (0 <j < p - 1), is not selected
within the first p - 1 selections, Pj is assigned to
row Pp.1.

Crossover Phase:

7. While maintaining a copy of the lowest-cost
permutation, say P', randomly pair up the rows
in P. If p is odd, ignore the unpaired row.
Randomly generate two integer values, i and j,
such that 0 <1<j <d- 1. For each pair of rows
in P, say A and B, position-wise exchange Aj,
Ait1, Ais2, ..., Aj-1, Aj, with Bj, Bi+1, Bis2,
..., Bj-1, Bj, respectively within the two strings.
Replace tﬁe highest cost permutation with P's.
The replacement of the resulting highest cost
permutation by P'; guarantees the survival of the
"most-fit" parents.

Mutation Phase:

8. Mutate the permutations periodically to prevent
premature loss of important notions [Gol89].
Randomly choose a number from the interval [0,
1]. If the number falls outside the interval [0,
q], where q is the probability of mutation, then
terminate the mutation step. Otherwise, select a
random number, t, 1 <t < T, that designates the
number of mutations that occur in the given
step. For each of t iterations, select three
random integer values i, j, k, such that 0 <i<p
-1,0<j,k<d- 1,j =k, and position-wise
exchange Pjj with Pik.

III. THEORETICAL FOUNDATION

Define Q as an equivalent, unique representation
of the permutation matrix P where permutation Qj,
(0 £i<p-1),is an allocation of the documents
onto the processors, such that document Dj, (0<j <
d - 1), is allocated on processor Xk, (0 <k <n- 1),



if and only if (Qj[j] mod n) = k. That is, position j
in the permutation represents document j. The
corresponding value modulus n is the processor
where the document is stored. For example, if P
is:

po 0 25 3 4
B 1102 4135
4 5 3 2 0
then the equivalent Q is:
0123435
9 1 02 45
- 1103142
543 20

Let P;j, (0 £i < p - 1), be an arbitrary
permutation in P. The equivalent representation of
Piin Qis Q;, (0 <i<p- 1). Replacing each value
Qjj € Qi with (Qjj modulus n) results in a vector of
length d with the values 0 to n-1. We refer to this
vector as the allocation vector s of the permutation
P; and Matrix S as the allocation matrix of P. Given
n =3, the equivalent allocation matrix for P, S, is:

012 3 435

01102120
110 011 2 2
212102090

Vector s defines an allocation where each
document D; is allocated to processor ij. Every

allocation is represented by a unique vector s.
Notice that the function AL: p -> s is not one to one.

dy, o . .
On the contrary, = different permutations

map to the same allocation. If the population size
(the number of rows in the matrix P) is k, than the
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probability that the initialization phase yields two or
more permutations that define the same allocation is:

k-1

v
1- I I—-——————d'd! 1X,wherex= ((%)!]D

i=0

Define the s-schema of an allocation vector s as
the vector itself, however, in some of the positions
in s, instead of the actual value appearing, a special
symbol & is present. This symbol designates any of
the valid orderings of the values O ton - 1. For
example, given the allocation vectors sg and s, sp =
"102120"s1="001122", s-schema Hy may
be "& 0 & 12 &". Hp is an s-schema of both s
and s;. Schema H; ="10 & 12 &", however, is
an s-schema of sg but not of s;. Note that each
value i, out of the possible set of n values, must

appear times in each vector s. Let #(i) designate
the number of the fixed positions that the value i
already appears in the schema. Then, % - #(@i) of

the appearances of the special symbol &, designate
the value i.

There are 2d schemata in a given allocation s. If
the population size is k, then there are between 24 to
k » 29 different schemata that are implied by the

population. Similar to the definitions in Goldberg
[Gol89], let

o(H) be the schema order. That is, o(H) is
the number of fixed positions in the schema
(positions not marked with a &).

6(H) be the difference between the first and
the last location of the fixed part of the schema H.

r(H) be the difference of d and the index of
the right most position of the fixed part of the
schema.

Consider the effects of reproduction, crossover
and mutation phases on the schemata implied by the
population permutations.  The effects of
reproduction precisely mimic the effects of
reproduction on binary strings. For complete details
of the effect of reproduction of binary strings, see
Goldberg [Gol89]. Briefly, suppose that at time t
there are m(H,t) copies of a particular schema H in
the population A(t). Let f(H) be the average fitness
of the permutations representing schema H at time t.



If f is the average fitness over the population, then
after a reproduction step rcf? I%mly

m(H,t+1) = m(H,t) * T

copies of schema H will exist. If for all time t,

f(H) > (1+c) * f, where c is a constant,
then

m(H,t) = m(H,0) * (c+1)d.
Thus, popular schemata grow exponentially.

In the crossover phase, two random numbers are
chosen as the boundaries. A schema can be
destroyed if the boundaries bound some of its fixed
values. Therefore, the probability of the survival of
a schema H is

(L(CEI_)Y + (d-r(H()i-S(H))Z.

This probability results in an increase of the
number of copies of short schemata.

The mutation phase modifies schema H of a
permutation Pj, (0 <i<p- 1), if and only if

1. Atleast one of the two positions chosen are of
the fixed part of the schema; (This occurs with
20 o(H
a probability of éH) - ((T))Z )
2. The positions do not designate the same

processor. (This occurs with a probability of
d-n

a1

During each mutation phase, i single mutations
result, 1 <1 < T. The probability of surviving a
mutation is:

T .
RENEC IS
i=1

where q is the probability that a mutation will occur.
A schema with a small number of fixed positions is
more likely to survive.
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We summarize the combined influence of the
three operations is the next formula (ignoring low
m(H,t+1) = m(H,t) = (—f J*

order numbers):
25(H) 1 dny 20D\
e [ ) )

This equation demonstrates that a schema grows
exponentially according to the ratio of its fitness and
the average fitness in the current population, and
inversely to the number of fixed positions and the
distance between the first and last fixed position
within the schema.

In summary, the reproduction phase
exponentially converges the population towards a
minimal cluster diameter. The crossover and
mutation phases guarantee that a wide search space
will be investigated. Therefore, given an initial
random population representing an arbitrary
assignment of documents onto nodes, with a high
probability, a near optimal document to node
allocation will be derived.

f(H)

IV. EXPERIMENTAL EVALUATION

A simulation was developed to evaluate the
described algorithm. Two document distributions
and various 16-node multicomputer configurations,
namely, a 4-dimensional hypercube, and a 4-by-4,
8-by-2, and 16-by-1 mesh topologies, were used in
the study. Each document distribution comprised of
64 items partitioned into 8 clusters, with the
distribution of documents varied across the clusters.
That is, in the first distribution, each cluster
comprised of 8 documents, while in the second, 25
percent of the clusters contained 50 percent of the
number of documents. Using the notation
prescribed in [Fri91], (64, 8, 25, 50) refers to the
latter document distribution, while the even
document partitioning is represented by (64, 8, x,
x), for all values of x, 0 < x < 100.

In Figures 1 and 2, a point on any curve
represents an iteration in which a better allocation
was derived. All runs terminated at either a point in
which the entire population (document allocations),
in this case 30, were identical or after 1000
iterations (premature termination), which ever came
first. A point at 1000 indicates that premature
termination occurred. As expected, the higher the
communication diameter of the architecture, the



95

“#= Hyper 16
=o- Hyper16 M
= Mesh1x16
= Mesh1x16M
- Mesh2x8
£ Mesh2x8M
“& Meshdx4
& Meshd4x4M

85

s

55

Cost (hops)

45

35

I S S S s e e S ae i p i
0 100 200 300 400 500 600 700 800 900 10001100

Iteration
Fig. 1. An even document distribution across the cluster

more significant was the improvement in the derived
allocation from the initial random document
distribution.

For each architecture studied, runs that
incorporated and those that did not incorporate the
mutation step as part of the genetic algorithm were
analyzed. As seen, all runs incorporating mutation
resulted in at least as good of an allocation as those
were the mutation step was not included. The
removal of the mutation step resulted in the
algorithm converging on a local minima; therefore a
global minima was not obtained.

V. SUMMARY

Exploiting parallelism in the information retrieval
domain requires the allocation of documents onto
nodes such that an efficient access to the documents
is supported. Determining an optimal allocation
based on access patterns and the relation of
documents to each other is not computationally
feasible. (The problem is NP-Complete.)
Therefore, heuristics are developed to derive a near
optimal allocation.We described one such heuristic
approach based on genetic algorithms. A proof of
convergence of the derived allocation to an optimal
distribution was outlined. Some experimental
results from a simulation study of the approach
were provided. The results presented illustrated the
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Fig. 2. A (64, 8, 25, 50) document distribution across the clusters

potential of our genetic-algorithm based approach
as a means of tackling MDAP.

Future efforts will consist of additional
simulation studies that will focus on the effects of
varying the population size and the probability and
maximum degree of mutation. Also, a hypercube
information retrieval system is currently being
developed. Once available, we will use the
hypercube engine as our experimental test-bed to
evaluate our derived mappings as compared to the
more traditional round-robin, hashed, and/or
attribute-based partitioning schemes.
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