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The primary purpose of this work is to study, implement and analyze the 

performance of parallel algorithms related to subsequence problems. The problems 

include string to string correction problem, to determine the longest common subse-

quence problem and solving the sum-range-product, 1 — D pattern matching, longest 

non-decreasing (non-increasing) (LNS) and maximum positive subsequence (MPS) 

problems. The work also includes studying the techniques and issues involved in 

developing parallel applications. These algorithms are implemented on the Sequent 

Multiprocessor System. 

The subsequence problems have been defined, along with performance met-

rics that are utilized. The sequential and parallel algorithms have been summarized. 

The implementation issues which arise in the process of developing parallel applica-

tions have been identified and studied. 
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CHAPTER 1 

INTRODUCTION 

1.1. Parallel Computing 

There axe several problem instances where high speed (performance) computing or 

very large scale computing (VLSC) is needed. Such problems arise in space explo-

ration, medical field, fluid dynamics and oil exploration, where the volume of data 

to be processed is very large and the present day super computers may not have the 

capability for cost-effective high speed computing of such data [16]. This void can 

be satisfied by the use of parallel computers in which multiple processors work in a 

coordinated manner to solve a given problem [36]. 

From the viewpoint of instruction and data streams, existing parallel computers 

have been classified into two classes: Single Instruction Stream and Multiple Data 

Stream (SIMD), and Multiple Instruction Stream and Multiple Data Stream (MIMD). 

In an SIMD computer, there are several identical processors having their own local 

memory and each processor holds a copy of the instruction stream but has a different 

data stream. At each step, each one of the processors performs the same operation on 

a single datum synchronously. On the other hand processors in MIMD machines can 

operate asynchronously, executing possibly different instructions at any time instant. 

The class of parallel computers can further be sub-divided into two broad categories 

based on the mode of communication among the processors - via shared memory 

or via message passing through fixed interconnection networks, as briefly discussed 

below. 



1.1.1. Shared-Memory (SM) Computers 

This class is also known as the PRAM (parallel random access machine) model, which 

is one of the most widely used theoretical model for synchronous parallel computing. 

In this model each of the N processors is a general purpose sequential processor and 

possesses a small amount of local memory. There is a global shared memory accessible 

by all processors, each of which can perform scalar arithmetic, comparison or boolean 

operations in a unit time and can read from or write into the global memory. Each 

processor has an index by which it can be controlled. The net effect is that the 

processors can execute different instructions on different data, resulting in a multiple 

instruction stream. 

In the shared memory computers, two processors communicate as follows: one 

processor writes into a known location in the shared memory, which is then read by 

the other processor. Depending on whether more than one processor can read/write 

from/to a shared memory location simultaneously, this class of machines is further 

subdivided into various categories, as follows [3, 10]. 

(i) Exclusive-Read and Exclusive Write (EREW) : No more than one processor can 

read/write from/to a memory location at any particular time. 

(ii) Concurrent-Read and Exclusive Write (CREW) : Here more than one processor 

can read from a memory location simultaneously (i.e. read-conflicts are allowed), but 

only one processor can write into a memory location at any particular time. 

(iii) Concurrent-Read and Concurrent-Write (CRCW) : Multiple processors are per-

mitted to read/write from/to a memory location at any particular time (i.e. both 

read and write conflicts are permitted). Based on how the write-conflicts are resolved, 

there are further subclassiffcations of the CRCW PRAM model. 



1.1.2. Interconnection-Network Based Computers 

The second category of parallel computers is the interconnection-network computers, 

in which the processors are connected by a fixed topology, the memory is divided 

into several modules and the access to these modules is made exclusive. These pro-

cessors can be interconnected in several ways and some of the network models are 

linear arrays, two-dimensional arrays, trees , shuffle exchange, hypercubes, butter-

fly and pyramid [34]. Interprocessor communication takes place via message passing 

mechanism. 

1.2. Subsequence Problems 

There are many applications such as in molecular biology (comparison of DNA se-

quences), syntactic pattern recognition, string editing, database applications and sig-

nal processing, which can be formulated as subsequence problems [7,12,21,27,38,39]. 

Recently a lot of parallel algorithms have been developed for the subsequence prob-

lems, which include correction of one string to another, the identification of a longest 

common subsequence of two sequences, 1-D pattern matching, sum-range-product-

problem, longest non-decreasing (or non-increasing) subsequence and the maximum 

positive subsequence [5, 11, 24, 25, 29, 35]. Another problem which is closely related 

to this class is the well known string matching problem. 

1.3. Parallel Programming on Sequent Symmetry 

The primary purpose of this work is to study, implement and analyze the performance 

of parallel algorithms related to subsequence problems. All these algorithms are 

implemented on a Sequent Symmetry, a shared memory MIMD machine, with 16 



identical processors, running DYNIX operating system. The main features of Sequent 

Symmetry and those of the parallel programming supported by this machine are 

summarized as follows [31]. 

The DYNIX operating system on the Sequent Symmetry is a version of 4.2bsd and 

also supports most of the utilities, libraries and system calls of UNIX System V. This 

machine is tightly coupled sharing a single pool of memory, which enhances resource 

sharing and communication among different processors. It also provides hardware 

support for mutual exclusion, where the user can lock any section of physical memory 

to provide exclusive access to shared data structures. 

There are two types of parallel programming - multiprogramming and multitasking, 

which are supported by Sequent Symmetry. Multiprogramming is an operating sys-

tem feature, which permits multiple unrelated programs to run concurrently, whereas 

multitasking is a programming technique that lets multiple processes of a single ap-

plication to run concurrently. We utilize the multitasking technique to implement the 

algorithms under consideration. The programs are coded in parallel C. 

1.3.1. Multitasking 

The primary goals in designing an application for multitasking are to parallelize the 

program as much as possible, to equally distribute the load among the processors, 

and to reduce the communication among the different processors. 

The multitasking methods are generally categorized into data partitioning and 

function partitioning [31]. 

Data Partitioning : Here multiple identical processes are created and assigned a por-

tion of data to work on. This is also known as homogeneous multitasking as all the 

processes perform the same operations on the data assigned to them. It lends itself 



naturally to applications involving loops, performing the same operations, so that the 

loops can be distributed over all the processes. The DYNIX Parallel Programming 

Library provides a microtasking library, routines for general use in data partitioning 

programs and routines for memory allocation while using data partitioning. 

Data partitioning is applied in the cases where the computing time is approx-

imately equal for every iteration of the loop and the loops are evenly distributed 

among different processes. This is generally accomplished by utilizing the process ID. 

A few of the cases where this method is applicable are algorithms involving matrix 

multiplication and sorting. 

Function Partitioning : This method involves creation of multiple processes, which 

perform different operations on a shared data set. This method is also known as 

heterogeneous multitasking. The two general techniques of function partitioning are 

fork-join and pipeline. In the fork-join technique, the processes (or functions) are 

independent of each other and the created (or forked) processes execute different 

functions and later they are joined (or killed) at a barrier for serial computation. 

Whereas in the pipeline technique the processes (or functions) are dependent on each 

other and one process executes a function, writes the result into shared memory and 

notifies the second process for reading this result. Each process is terminated when the 

task is accomplished or relinquishes its processors if there are other tasks to be done 

or spins until a new task is assigned. When all the parallel tasks are accomplished, 

the processes axe killed and serial computation is done. This method is advantageous 

to applications involving a wide variety of tasks, which have to be parallelized. 

The method of data partitioning is said to be more effective than function parti-

tioning in that the workloads are easy to be balanced among different processors and 

the programs can be easily adapted to the number of processors. 



1.3.2. Scheduling 

Multitasking involves three types of scheduling which are presckeduling, static schedul-

ing and dynamic scheduling. In prescheduling, the tasks are predetermined by the 

programmer and generally this is appropriate for function partitioning where a va-

riety of tasks have to be performed and each process can be assigned a particular 

task. In static scheduling, each process is assigned a predetermined amount of work 

whereas in dynamic scheduling each process looks up a task queue and assigns itself 

a task if there is any or waits for a task. Static scheduling may result in some of 

the processors to be idle, as they wait for other processors to complete their assigned 

task. This emphasizes the point that the predetermined distribution of work should 

be evenly balanced and also that the dynamic scheduling involves a certain amount 

of overhead for looking up the task queue. 

The different processes can be synchronized by using semaphores, which ensure 

that only one process can access a shared data structure at a time. This type of 

semaphore is a lock. The processes can be synchronized at a point by using barriers. 

Sequent Symmetry provides a microsecond clock which is used to monitor the 

execution times of the programs. This clock is mapped into the process address 

space with the usclkJnit library routine and then read with the getusclk routine. 

The getusclk routine has a negligible overhead of 2 microseconds. The timing for a 

particular section of the code is measured by reading the clock before and after the 

execution of that section of that code. The difference of these two time measurements 

is the time taken for execution of that section of code. 



1.4. Contribution of the thesis 

The primary purpose of this work is to study, implement and analyze the performance 

of parallel alogrithms related to subsequence problems. The problems include string 

to string correction problem proposed by Edmiston and Wagner [11], to determine 

the longest common subsequence of the two given sequences A and B proposed by 

Lin, Lu and Abello [24] and solving the sum-range-product, 1-D pattern matching, 

longest non-decreasing (non-increasing) (LNS) and maximum positive subsequence 

(MPS) problems proposed by Chin, Tsang and Lam [8]. 

The work also includes studying the techniques and issues involved in developing 

parallel applications. All of these alogirthms are implemented on a Sequent Symme-

try, a shared memory MIMD machine, with 16 identical processors, running DYNIX 

operating system. 

The thesis is organized as follows: Chapter 2 defines the subsequence problems, 

along with the summary of the sequential and parallel algorithms. Several perfor-

mance metrics which have been utilized are also defined. Chapter 3 discusses the 

string-to-string correction algorithm proposed by Wagner and Fischer [38] and the 

corresponding parallel algorithm for comparison of sequences proposed by Edmiston 

and Wagner [11]. The implementation of the parallel algorithm with data partitioning 

and static scheduling mechanisms is discussed. The performance of the implementa-

tion is also analyzed. In Chapter 4, the parallel algorithms for the sum-range-product, 

1-D pattern matching, the longest non-decreasing (non-increasing) subsequence and 

the maximum positive subsequence problems are discussed. The implementation of 

the parallel algorithm for the sum-range-product problem with data partitioning and 

dynamic scheduling mechanisms is discussed, along with the performance analysis of 

the implementation. Chapter 5 discusses the algorithm for the longest common subse-
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quence problem proposed by Lin, Lu and Abello [24], along with the implementation 

strategy and its performance anlysis. 

1.5. Summary 

The classification of the existing parallel computers and the models of these parallel 

computers have been briefly discussed. The applications of subsequence problems 

have been identified. The main features of the Sequent Symmetry and of the paral-

lel programming environment that this machine provides have been discussed. The 

contribution of the thesis is presented. 



CHAPTER 2 

BACKGROUND 

The definitions of the subsequence problems are as follows. 

2.1. Definitions 

Definition 2.1. String Matching Problem : 

It is to determine all the occurences of a pattern string (PS) in a text string (TS) . 

For example, if PS = babe and TS = bababcaa, then the occurence of PS in TS is at 

the position 3 of TS. 

Definition 2.2. Longest-Common-Subsequence (LCS) : 

Given two sequences A and B of lengths | A |= m and | B |= n respectively, such 

that m < n, a sequence that exists in both A and B is called the common subsequence 

of A and B. The longest such subsequence is called the longest common subsequence 

(LCS). Clearly | LCS |< m, the length of the shortest sequence. For example, if A 

= tcaggattba and B = aagctttdba, then the LCS = agttba and | LCS | = 6. 

Several sequential algorithms have been designed for this important problem. Ta-

ble 2.1 summarizes the time and space complexities of these algorithms. In this table, 

the notation r is the number of ordered pairs of matched positions between the two 

given sequences, d1 is the number of dominant matches, p is the length of the LCS 
1If the LCS Cij of Ai = 010203 ...a,- and Bj = (16263 ...bj, has length k, then k is the rank of 

[i, j]. The match [i,j\ is said to be k — dominant, if it has rank k and for any other pair [i ' , / ] of 

rank k, either »' > i and j' < j or i' < i and j' > j. The total number of k — dominant matches in 

L[i,j) will be denoted by d [4]. 



10 

and e — e + 1, where c is the number of elements of A that do not appear in the 

LCS. 

Table 2.1: Summary of Sequential Algorithms for LCS Problem 
Researcher(s) Technique Time Complexity Space 

Complexity 

Apostolico [4] Dynamic 

Programming 

0(m logn + d log(mn/d)) 0(r + n) 

Hirschberg [17] Dynamic 

Programming 

0(pn + nlogn) 

0(p(m + 1 - p)logn) 

0(mn) 

0(e2 + n) 

Hirschberg [18] Divide and 

Conquer 

0(mn) 0(m + n) 

Hunt and Szymanski [19] Dynamic 

Programming 

0((r + n)logn) 0(r + n) 

Kumar and Rangan [22] Divide and 

Conquer 

0(n(m - p)) 0(m + n) 

Mukhopadhyay [30] Dynamic 

Programming 

(0(r + n)logn) 0(m + n) 

Wagner and Fischer [38] Dynamic 

Programming 

0(mn) 0(mn) 

Given a sequence of real numbers x i ,x 2 , . . . , x n some related problems can be 

defined as follows [8]: 

Definition 2.3. 1-D pattern matching (1DPM) : 

This problem is to find the maximum sum in any contiguous subsequence of the input 

i.e. 
max , , 

1 < ?' <k<n + *' • + 3 s t s n "J ' ' - -T- (2.1) 

which is utilized to provide the maximum likelihood estimator for a particular pattern 
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in a digitized picture [6]. For example in the sequence (13,2, —17,8,14,32, —5,40), 

the maximum sum is 89 consisting of the subsequence 8,14,32, —5,40. 

Definition 2.4. The sum-range-product (SRP) : 

It is to evaluate 

^(n) = L £ Hx< (2-2) 
k= 1 j=1 i=j 

It is easy to see that 1-D pattern matching problem is a special case of the sum-

range-product problem. If n = 4, then the sum-range-product of 21,2:2, £3,24 is 

A(4) = xi + x\x2 + x2 + X1X2X3 4- x2x3 + x3 + X1X2X3X4 + X2X3X4 + X3X4 + 24. 

Definition 2.5. Longest non-decreasing (non-increasing) subsequence (LNS) : 

This problem is to determine the maximum length of any non-decreasing (non-

increasing) contiguous subsequence. 

1 < Jn<Xk <n ~ j + 1 I xi - '" * - ®*} (2.3) 

In the sequence (7,8, 3,3,4,8,9,2,6,9), the length of the longest non-decreasing sub-

sequence is five. 

Definition 2.6. Maximum positive subsequence (MPS) : 

This determines the maximum sum (or product) of any contiguous subsequence of 

positive numbers. 

TfldX f i l l ^ 

1 < j < k < n h ^ Xk I xi>' *' > ( 2 . 4 ) 

In the sequence (—3,5,6,2,4, —1,11,16,12), the maximum sum of any contigous sub-
N 1 V" * 

sequence of positive numbers is 11 + 16 + 12 = 40. 

2.2. Parallel Algorithms for Subsequence problems 

Several parallel algorithms have been designed for the above mentioned subsequence 

problems on the PRAM or systolic models (see Table 2.2). 
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Wagner and Fischer [38] proposed an 0(mn) time sequential algorithm to deter-

mine the least cost of converting one sequence to another (sequence lengths are m 

and n respectively) by assigning a particular value for insertion, deletion and con-

version of one symbol to another symbol of a sequence. The computed costs at each 

stage are stored in a matrix called cost matrix. They also proposed an algorithm 

of 0(m + n) time complexity, to determine the longest common subsequence. This 

algorithm makes use of the least cost conversion at each stage. 

The algorithm to determine the cost of conversion was later parallelized by Ed-

miston and Wagner [11]. In fact, the sequential algorithm is simulated by pipelining 

on an SIMD machine, which requires 0(m + n) time using m + 1 processors. Three 

algorithms, were introduced, one of which is a sequence-to-sequence matching (to find 

the best match between two complete sequences), and the other two for sequence-

to-subsequence matching (to find the best match between one complete sequence 

and part of another sequence). We have modified the algorithm for implementation 

efficiency and accuracy, and it is explained in Chapter 3. 

Lu [25] proposed a CREW algorithm to determine the longest common subse-

quence using r processors, where r is the number of pairs of positions where the two 

strings match. This algorithm has the time complexity O(log p log2 n), where p is the 

length of the longest common subsequence. Here also the cost matrix is used as in 

the sequential algorithm due to Wagner and Fischer [38]. 

Apostolico, Atallah, Larmore and Mcfaddin [5] presented a CREW algorithm to 

determine the longest common subsequence, with time complexity O(logmlogn) 

using 0(mn/ log m) processors. They make use of a directed acyclic graph (DAG) 

to define a matrix DQ- They also proposed another CRCW algorithm with time 

complexity 0(log n (log log m)2) with 0(mnf(log log m)) processors. 
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Lin, Lu and Abello [24] proposed a CREW algorithm, where a DAG is utilized 

to define a distance matrix Da- Unlike the algorithm in [5], where the entries of DQ 

are the lengths of the shortest paths from the top (or left) boundary to the bottom 

(or right) boundary of DAG, here these are the vertices on the bottom row of the 

DAG. A distance matrix smaller than DQ is used to determine the longest common 

subsequence in time O(log2m + logn) using 0(mn/log m) processors. 

Chin, Tsang and Lam [8] proposed EREW algorithms for 1-D pattern match-

ing, Sum-range-product, longest non-decreasing (non-increasing) and the maximum 

positive subsequence problems. Here they propose a dynamic programming algo-

rithm by a recurrence relation to solve the sum-range-product (SRP) problem. This 

recurrence relation is then expressed as a product of matrices. The 1-D pattern 

matching problem is solved as a special case of the SRP problem, whereas the LNS 

and MPS problems are solved by reducing them to the SRP problem. The time com-

plexity of these algorithms is 0(logn) with n/logn processors. They also propose 

a CREW algorithm to solve the longest subsequence problem in 0(logm logn) time 

using 0(nme/(logmlogn)) processors. 

Systolic or hardware algorithms have also been designed for the longest common 

subsequence problem. Mukherjee [29] proposed two systolic algorithms. In the first 

algorithm, the string B is loaded into the n cells and the string A is shifted into 

them. This is also based on the cost matrix as in [11, 25] and the time complexity is 

0(m + n — 1) where n cells are utilized. In the second method, the strings A and B 

move in opposite directions across the (n + m — 1) cell array, providing again a time 

complexity of 0(m + n — 1). 

Robert and Tchuente [35] developed a systolic algorithm to determine the length 

of the longest common subsequence, in time r(n + 2m) where r is the cycle time of 
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the basic cell, using m cells. They extend this linear array to a two dimensional array 

to determine the longest common subsequence. 

Table 2.2 summarizes the time, processor and space complexities of the preceeding 

algorithms, where the notations are the same as in Table 2.1, except that here c is 

the exponent of matrix multiplication. 

Table 2.2: Summary of the Parallel Algorithms for the LCS Problem 

Reseacher(s) PRAM Time Processor Space 

Model Complexity Complexity Complexity 

Apostolico et al [5] CREW 0(log m log n) 0(mn/ log m) 0(mn) 

CRCW (log n (log log m)2) 0(mn/(log log m)) 0(mn) 

Chin, Tsang and Lam [8] CREW O(logmlogn) 0(nme/( log m log n) 0(nm3) 

Lin, Lu and Abello [24] CREW 0(log2 m + log n) 0(mn/ log m) O(mn) 

Lu [25] CREW 0(log p log2 n) r 0(mn) 

Edmiston and Wagner [11] SIMD 0(m + n) 0(m +1) 0(mn) 

Mukherjee [29] Systolic 0(m + n — 1) 0{m) 

0(m + n — 1) 

0(n) 

Robert and Tchuente [35] Systolic 0(n + 2m) O(m) 0(n) 

2.3. Performance Metrics 

The measures that are commonly used to analyze the performance of parallel algo-

rithms are speedup (Sp), efficiency (Ep), and cost (Cp). 

Definition 2.7. The speedup (Sp) is the ratio of the worst case running time T\ of the 

parallel algorithm with one processor to the worst case running time Tp of the parallel 

algorithm using multiple processors. 

Note that this definition of speedup is slightly different from that used in standard 

practice, where T\ is taken as the worst case running time of the fastest known 
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sequential algorithm for the given problem. This deviation is to study the performance 

of the parallel algorithm in our Sequent implementation with respect to the variation 

in the number of processors employed and in the input size. 

Definition 2.8. The cost (Cp) of a parallel algorithm is the product of the parallel 

running time and the number of processors. That is, Cp = pTp. 

Definition 2.9. The processor efficiency (Ep) is the ratio of the speedup to the number 

of processors. Thus Ep = Sp/p — T\(CP. 

Das [9] has proved that pTp
2 is another effective performance measure of parallel 

algorithms for a particular problem on a particular model. He has shown that by 

minimizing pTp
2, an optimal number of processors can be computed for a parallel 

algorithm as a function of the input size. We also use pTp
2 measure for studying the 

behaviour of parallel algorithms in our implementation. 

2.4. Summary 

In this chapter, the subsequence problems have been defined and the sequential and 

parallel algorithms for these problems have been summarized. Also the performance 

metrics utilized to analyze the performance of the implementations have been defined. 



CHAPTER 3 

STRING TO STRING CORRECTION PROBLEM 

The parallel algorithms proposed by Edmiston and Wagner [11] solved the following 

subsequence problems 

1. finding a best match between two sequences 

2. finding a best match of a short sequence to a subsequence of a long sequence. 

3.1. Sequential Algorithm 

The first problem is solved by pipelining the sequential algorithm due to Wagner 

and Fischer [38] in 0{m + n) time, using (m + 1) processors. This algorithm is 

then applied to solve the second problem above. The concept behind the sequential 

algorithm is briefly summarized here for the sake of completeness. The sequential 

algorithm results in the cost of converting a sequence A to another sequence B by 

using such edit operations as the insertion or deletion of a symbol, and changing a 

symbol of A to another of B. 

An edit operation is defined as a pair (a, b) ^ (A, A) of sequences of length less 

than or equal to 1 and is denoted by a —*b. Here A is a null symbol. For example, if 

A = aa(3 B = c*6/?, then the sequence B can be obtained from A written as A ==£• B 

by applying the operation a —* b (i.e. a changed to 6). 

The sequence of operations S = (si,$2,s3, • • • sm) required to convert A to B is 

called the edit sequence. The cost of this conversion is given by j(S) = 7(5,). 
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The minimum cost of edit operations for converting A to B is denoted by edit distance, 

S(A, B) = min {7(5) | S is an edit sequence from A to B}. 

The algorithm due to Wagner and Fischer [38] is based on the following equation. 

D(i,j) = min {£>(»- l,j - 1) + 7(^(1) B(j)\ 

+ A), 

D{i,j — 1) + 7(A -+ £(i))} (3.1) 

where D(i,j) is the least cost trace from the sequence A of length i to the sequence 

B of length j, f(A(i) —* B(j)) = the cost of converting A(i) to B(j), *i{A{i) —* A) = 

cost of deleting -A(t), and 7(A —• B(j)) = the cost of inserting B(j). 

9f WS of A and B-

Let p(A, B) be the length of the LCS of A and B. Clearly p(A, B) is the maximum 

number of pairs ( i , j) such that A(i) = B{j). By associating a cost of 1 for insertion 

and deletion operations, and a cost of 2 for a change operation we obtain 

8{A,B)=\A\ + \B\ - 2 p ( A , B ) (3.2) 

Hence the required length of LCS is 

MAB) = | (M I + I-B|-<(AB)) (3.3) 

3.2. Parallel Algorithm 

A direct parallelization of the sequential algorithm [38] is accomplished by pipelining 

with m + 1 processors and in 0(n + m) time. Equation 3.1 which represents the 

sequential algorithm, is now expressed in terms of the processor PE{ with index i as 

follows: 

PEi(t) = min {PEi(t - 1) +1, PEi-x(t — 1) + D, PEi-i(t — 2) + C) (3.4) 
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J or D is the cost of inserting (or deleting) an element of the sequence, C is the cost 

of converting an element of the sequence to another and t is the time step. 

The parallel algorithm presented in [11] does not take care of the case where the 

deletion of symbols of A is required, while converting sequence A to sequence B. We 

present a modified version of the alogrithm in the following. 

3.2.1. Modified Alogrithm 

The variables in the algorithm have to be initialized with one set of values for processor 

PEQ and with a different set of values for the remaining processors with index 1 < 

i < m. The variables at a processor PEi are 

.ftl,- - stores the cost at PEI(T) 

Kli - stores the cost at PE{-i(t — 1) 

RZi - stores the cost at PEi-i(t — 2) 

i?4, - temporary storage variable 

R5I - stores the symbol A(i) 

R6i - stores the symbol of B 

These variables are initialized as shown in 3.1. 

Table 3.1: Ini tialization of varia iles of a processor PEi - Sequence Matching 

index Rli R2i R3i R4i Rbi R6i 

i = 0 0 oo oo 0 0 0 

1 < t < m oo 0 0 0 A(i) 0 

Algorithm Sequence Matching : 

Initialize the variables for each processor PEi 

for t = 1 to n + m do 
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if (t > n) then k = [I — (n +1)] + 1 

else k = 0 

parfor » = k to min(t, n) do 

if (i = 0) then Ri = Ri + 1 

else { 

if (first step of PEi) then Rli = 121,_i + D 

else { 

Rli = Rh +1 

R4{ = R2i + D 

if (R5{ # R6i) then R3i = i23< + C 

Rli = min(Rli, RSi, R4i) 

RSi = R2{ j* the cost computed at PEi-\(t — 1)*/ 

} 
if (processor ID ^ 0) then { 

R2i = cost computed at PEi-i(t) 

R6i = the next symbol of B i.e. B(t — i + 1) 

} 
} 

end parfor 

end for 

Table 3.2 shows the sequence of steps, for converting sequence abaa to abed. 

3.3. Implementation Strategy 

The sequences A and B of equal sizes (i.e | A |= | B |= n) are generated at random. 

In the implementation, the cost for change operation is assumed as C = 2, the cost 

for insertion 1 = 1, and that for deletion D = 1. The cost of converting sequence A 

to sequence B is determined by data partitioning mechanism discussed in Chapter 1. 

This is accomplished by dividing the columns of the cost matrix into blocks among p 



20 

Table 3.2: Stei os of computation 1 to convert sequence A to sequ 

Proc. Sequence B=* a b c d 

PEo A ^ < = 0 t = 1 t = 2 < = 3 t = 4 

PE\ a t = 1 t = 2 
CO II < = 4 t = 5 

PE3 b t = 2 t = 3 < = 4 t = 5 < = 6 

PE3 a < = 3 t = 4 t = 5 t = 6 t = 7 

PE4 a < = 4 t-5 < = 6 t = 7 t = 8 

processors, such that the size of each block (i.e. number of columns) is [jjj. The tasks 

are now assigned to each processor by static scheduling. As the number of blocks are 

equal to the number of processors, each procesor is assigned a block to compute, 

according to its ID. If the division ® is not exact, then the last block is assigned the 

additional columns. The processor which computes the last block determines the cost 

of converting sequence A to sequence B. 

Since the computation at the begining of a row of each block requires the values 

from the previous block, synchronization is necessary to ensure that the processor 

computing a row in a block does not catchup to a row, before it is computed by the 

processor in the previous block. This is achieved by making the processor wait in a 

busy wait state till the results are available. Table 3.3 gives the timing results for 

different input sizes and varying number of processors. 

Figure 3.1 represents the plot Tp vs. p for different input sizes (i.e sequence 

lengths). As can be observed there is a decay of parallel time Tp with the increase 

in the number of processors (p). This is in accordance with the principle in general 

that the parallel time decreases with the increase in the number of processors for a 

particular input size. 



21 

Table 3.3: Timing results - Sequence Matching 

Sequence Length 200 

Processors 1 2 4 6 8 10 12 14 15 

Block Size 200 100 50 33 25 20 16 14 13 

Block Size 

(last proc.) 

200 100 50 35 25 20 24 18 18 

Tp (sec) .797 .408 .210 .149 .110 .090 .104 .080 .080 

Speedup 1.0 1.953 3.795 5.349 7.245 8.856 7.663 9.963 9.963 

Sequence Length 400 

Processors 1 2 4 6 8 10 12 14 15 

Block Size 400 200 100 66 50 40 33 28 26 

Block Size 

(last proc.) 

400 200 100 70 50 40 37 36 36 

Tp (sec) 3.174 1.6 0.81 .571 .415 .336 .310 .303 .321 

Speedup 1.0 1.984 3.919 5.559 7.649 9.446 10.239 10.475 9.888 

Sequence Length 600 

Processors 1 2 4 6 8 10 12 14 15 

Block Size 600 300 150 100 75 60 50 42 40 

Block Size 

(last proc.) 

600 300 150 100 75 60 50 54 40 

Tp (sec) 7.208 3.626 1.829 1.229 .930 .775 .630 .729 .572 

Speedup 1.0 1.988 3.941 5.588 7.751 9.301 11.441 9.888 12.601 

Sequence Length 800 

Processors 1 2 4 6 8 10 12 14 15 

Block Size 800 400 200 133 100 80 66 57 53 

Block Size 

(last proc.) 

800 400 200 135 100 80 74 59 58 

Tp (sec) 12.813 6.457 3.250 2.212 1.680 1.325 1.136 1.154 1.01 

Speedup 1.0 1.984 3.942 5.792 7.627 9.670 11.279 11.103 12.686 
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Figure 3.1: Plot Tp vs. p (sequence length as parameter) - Sequence Matching 

The plot Spvs.p in Figure 3.2 indicates that the speedup Sp is an increasing 

function of the processors and also input size. This is because with the increase in 

the number of processors for a particular load, the work done in parallel increases. 

Also the speedup increases with the increase in the input size for a particular number 

of processors, as the parallel execution costs axe overcome by the increased amount of 

computation. Here the speedup is almost linear within a small constant factor. Also 

it is observed that practically it is not possible to achieve linear speedup (i.e. =p), 

even though it is possible theoritically under certain assumptions [13, 14, 20, 33]. 

Figure 3.3 shows the plot Tp vs. n with the number of processors as parameter. 

This plot adheres to the general principle that with the increase in the workload for 

a particular number of processors, the parallel time Tp increases. Also here the rise 

in Tp is less than linear. This is because the cost of static scheduling is the same for a 
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Figure 3.2: Plot Sp vs. p (sequence length as parameter) - Sequence Matching 
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Figure 3.3: Plot Tp vs. n (processors as parameter) - Sequence Matching 
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Figure 3.4: Plot Sp vs. n (processors as parameter) - Sequence Matching 

particular number of processors irrespective of the size of the input. But the parallel 

overheads such as starvation loss and synchronization cost increase with the input 

size. 

The plot Sp vs. n of Figure 3.4 shows the increase in speedup Sv with the increase 

in the workload for a fixed number of processors, except in the case of a uniprocessor, 

where speedup is one. It can also be observed that the rise in speedup is not directly 

proportional to the increase in the workload. This can be attributed to the fact that 

linear speedup was not achieved as observed in the plot Sp vs. p of figure 3.2. This 

contributes to the curve observed in Sp vs. n of figure 3.4. For a particular number of 

processors the curve starts with a linear increase and attains a plateau after certain 

work load. From this it is inferred that for a fixed number of processors, increase in 

workload does not result in an increased speedup after a certain amount of work load. 
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Table 3.4: Extrapolation of Speedup for 8 processors - Sequence Matching 
Sequence Length Speedup 

850 7.57 

900 7.504 

950 7.431 

1000 7.353 

1500 6.5105 

2000 6.393 

For example for the case of 8 processors in the Figure 3.4, the formula obtained by 

polynomial interpolation with least squares fit is 

Sp = 7.245+ (.00202+ (-3.775 10"6 +1.58333 10-9(-600 + n))(-400+n))(-200 + n) 

(3.5) 

By extrapolation, the speedup obtained for an increased input size is as shown in 

Table 3.4. As can be observed from the table the speedup decreases with the increase 

in the workload after a certain amount of workload. 

The reasons for not achieving linear speedup can be attributed to the following 

parallel overheads. 

1. Allocation of parallel tasks. 

2. Starvation loss, which is the time required for the pipeline to be filled at the 

begining of the computation [28]. 

3. Necessity for synchronization because of the fact that the processors run at 

different speeds. Here for synchronization, the processors are made to spin in a busy 

wait state, till they can lock onto the data. The overhead is the time the processor 

spends spinning. 

4. At the begining of each row of each block, the processor computing that block 
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Figure 3.5: Plot SPEP vs. pT? (sequence length as parameter) - Sequence Matching 

requires the results from the previous block. Because of this, bus traffic is generated 

to access the results from the cache memory of the processor operating on previous 

block. Also from Table 3.5 one can observe that the increase in speedup is higher 

when the distribution of load is equal among the processors compared to the situation 

where the distribution of load is not equal. 

Thus a better performance can be achieved by equal distribution of the load 

among the processors, which is one of the primary goals in designing an application 

for multitasking. 

The plot SpEp vs. pT% is shown in Figure 3.5. This plot proves that by minimizing 

pTp, the product SPEP of speedup and processor efficiency is maximized, which is a 

trade-off between the necessity to maximize speedup and to minimize cost as proved 

in [9]. 
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Table 3.5: Timing results - Sequence Matching 

Sequence Length 200 

Processors 1 7 8 9 10 11 12 13 14 15 

Block Size 200 28 25 22 20 18 16 15 14 13 

Block Size 200 32 25 24 20 20 24 20 18 18 

(last proc.) 

Tp (sec) .797 .137 .110 .105 .090 .089 .104 .088 .080 .080 

Speedup 1.0 5.818 7.245 7.59 8.856 8.955 7.663 9.057 9.963 9.963 

Sequence Length 400 

Processors 1 7 8 9 10 11 12 13 14 15 

Block Size 400 57 50 44 40 36 33 30 28 26 

Block Size 400 58 50 48 40 40 37 40 36 36 

(last proc.) 

Tp (sec) 3.174 .476 .415 .397 .336 .334 .310 .336 .303 .321 

Speedup 1.0 6.668 7.648 7.995 9.446 9.503 10.239 9.446 10.475 9.888 

Sequence Length 600 

Processors 1 7 8 9 10 11 12 13 14 15 

Block Size 600 85 75 66 60 54 50 46 42 40 

Block Size 600 90 75 72 60 60 50 48 54 40 

(last proc.) 

Tp (sec) 7.208 1.106 .930 .891 .775 .746 .630 .603 .729 .572 

Speedup 1.0 6.517 7.751 8.09 9.301 9.662 11.441 11.954 9.888 12.601 

Sequence Length 800 

Processors 1 7 8 9 10 11 12 13 14 15 

Block Size 800 114 100 88 80 72 66 61 57 53 

Block Size 800 116 100 96 80 80 74 68 59 58 

(last proc.) 

Tp (sec) 12.813 1.926 1.680 1.631 1.325 1.332 1.136 1.124 1.154 1.01 

Speedup 1.0 6.653 7.627 7.856 9.670 9.619 10.485 11.279 11.103 12.686 
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Table 3.6: Existing Timing results - Sequence Matching 

Sequence Length 200 

Time (sec) Speedup 

Processors 1 2 4 8 

Pipeline .730 1.77 3.19 5.20 

Another important factor that has to be considered while developing parallel ap-

plications is the grain size. The grain size is the amount of computation performed 

by a processor in between two consecutive communication steps. If the grain size is 

too fine then the overheads involved in the communication and the necessary syn-

chronization prevail. 

3.4. Comparison between present and existing results 

Here the existing results of Almquist, Anderson and Lazowska [1] and the present 

results obtained from the implementation, discussed earlier in this chapter are com-

pared. The results from Table 2 of [1] for the pipeline method of implementation are 

reproduced here in Table 3.6. As observed from Table 3.3 and Table 3.6 the speedup 

is more in the present case. This can be attributed to the higher uniprocessor time in 

Table 3.3 compared to that in Table 3.6. But if the speedup is computed with the ex-

isting uniprocessor and the present multiprocessor times, then the resulting speedup 

is as shown in Table 3.7. This computed speedup is still greater than the existing 

speedup. This indicates that the parallel execution time is better in the present case. 

3.5. Sequence-to-Subsequence Matching 

Given two sequences A and B of length m and n respectively, this algorithm gives 

the best match between them. It differs from the previous algorithm in the following 
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Table 3.7: Speedup With Existing Uniprocessor and Present & 

Sequence Length 200 

Processors 1 2 4 8 

Tp (sec) Existing Present 

.730 .408 .210 .110 

Speedup 1.0 1.789 3.476 6.636 

uniprocessor Timings 

aspects. 

1. Cost of converting sequence A whose size is zero, is zero. This is because the 

best match between a sequence B of any size and a sequence A of size zero, 

is null. Hence we do not have to insert the elements of B into A as in the 

algorithm Sequence Matching, by the first processor. 

2. Since the goal is to determine the best match between the two strings A and 

B, there is no need to insert the elements of B after the last element of A as 

accomplished by the last processor in the algorithm Sequence Matching. 

Thus, by permitting the processors to step through the elements of A, while 

comparing with the elements of B, we can determine the best match. At the end of 

the computation, the last processor gives the last element of the best match between 

the two strings A and B. The algorithm to accomplish this with the required minor 

modifications from the algorithm Sequence Matching is presented below, assuming 

the processor index (or ID) starts from 1. 

Algorithm Sequence-to-Subsequence Matching : 

for i = 1 t o n + m do 

if (t > n) then k — [* — (n + 1)] + 1 

else jb = 0 
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parfor i=k to min(t,n) do 

if (t = 1) then { 

if (first step of PE{) then RU = D 

else Rli = RU +1 

} 

else { 

if (first step of PEi) then iJl,- = iZl,_i + D 

else { 

if (processor ID ^ m) then Rli = Rli +1 

R4i = R2i + D 

if (R5t # R6i) then R3{ = R3{ + C 

Rli = min (Rli, i23<, J24,) 

R8m = RSm + 1 /* R8m keeps track of the current index of B */ 

} 

if (Rim = Rim) or ((/eim = RAm) then Rlm = RSm 

R3i =R2i /* the cost computed at PEi-i(t — 1) */ 

if (processor ID ^ 1) then 

R2i = cost computed at PEi-i(t) 

Rj&i = the next symbol of B, i.e. B(t — i + 1) 

} 

end parfor 

end for 

At the end of the computation, the variable R7m gives the last element of the 

best match of the two sequences. Since this algorithm is similar to the algorithm 

Sequence Matching with the same amount of computation, similar timing results as 

of the first algorithm can be expected. Edmiston and Wagner [11] also present another 

parallelization method for the algorithm Sequence-to-Subsequence Matching. Here the 

number of processors p should be a multiple of (m +1), so as to be able to subdivide 
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the problem into S = [(p/(m + 1))J subproblems. In this algorithm, the sequence A 

with which sequence B is compared, is subdivided into several subsequences, such that 

there is an overlap of O among the two subsequences. Clearly O = n)/(S—1)J, 

where L is the length of the subproblem which is equal to m. The best match obtained 

by solving each of these subproblems in parallel can be combined to obtain the final 

solution. 

3.6. Summary 

The sequential and parallel algorithms in [11, 38], to determine the cost of converting 

one sequence to another have been briefly discussed. The parallel algorithm is fur-

ther modified for implementation accuracy and efficiency. This modified algorithm 

is implemented on the Sequent Symmetry by data partitioning with static schedul-

ing. Several graphs are plotted and the experimental results have been discussed. 

The experimental results obtained in this implementation have been compared with 

the existing results of [1]. Parallel algorithms for sequence-to-subsequence matching 

derived from the algorithm Sequence Matching have also been discussed. 



CHAPTER 4 

SUM-RANGE-PRODUCT PROBLEM 

Chin, Tsang and Lam [8] proposed an algorithm which solves the sum-range-product 

(SRP) problem. They also proposed methods for solving 1-D pattern matching 

(1DPM), longest nondecreasing (nonincreasing) subsequence (LNS) and the max-

imum positive subsequence (MPS) problems by reducing them to the sum-range-

product problem. 

4.1. Sum-Range-Product Problem 

Given a sequence of elements i/1,y2) J/3, • • • yn the sum-range-product is defined as 

n k k 

^( n ) = it Y , I [ f» C4-1) 
fc=l j=l i=j 

which can be expressed in terms of a recurrence relation as 

0 if m = 0 
B(m) 

B(m - 1 )*ym + ym if m > 0 

A{m) = 
0 if m = 0 

A(m — 1) + B(m) if m > 0 

For m = 1, . . . , n the above relations are reduced to 

B ( m ) = 2 I I y< (4-2) 
i=l «=i 

TTI k k 

= ] £ Ilyi (4-3) 
fc=i j=i i=j 
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For example let n = 3, then J9(3) = yi * Jte * y3 + 1/2 * + V3 ^ j4(3) = 

yi + yi*y2 + y2+yi*V2*y3 + y2*y3 + y3- The recurrance relation of B(m) can be 

expressed as a product of matrices, which is fi(m) = fim-i * 0 m where 

r 1 T -

B(m) 
and 0 m = 

ym 0 

1 ym l 

. 0 
Hence it can be inferred that /3m = A) * 0i * 02 * • • • * 0m where /Jo = 

' 1 

As has already been mentioned that A(m) = J2iLi &(*)•> the problem is now 

reduced to two prefix-sum-like computations. The first is to compute B(m) for 

1 < m < n and the second is to compute A(m) for 1 < m < n. 

4.2. Implementation Strategy 

For a given sequence of real numbers yi, 3/2,3^ • • • >y« the computation of A(n) in 

Equation 4.1, is broken down into the following steps. 

1. For all i, 1 < i < n, compute Ct- = 0i * 02 * • • • * 0»-

2. For all t, 1 < i < n, compute = /30 * Ci = 
B(i) 

1 

3. Compute A(n) = 5Z?=i B(i), from the B(i)s obtained in Step 2. 

A sequence of numbers yi, y2, y3,... , y„ were generated at random between 1 and 

100 and stored in a two dimensional array mat as shown in Table 4.1 and the mul-

titasking technique is used for implemention by creating multiple processes and allo-

cating a processor for each process. Each of these processes is assigned a portion of 

data to work on. This method of multitasking is the data partitioning as explained 

in Chapter 1. In this table, each of the 2 x 2 represents a matrix 0,- where 1 < i < n. 
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Tab e 4.1: Two Dimensional Array mat 

02 0n 

yi 0 i/2 0 Vn 0 

yi 1 y2 1 yn 1 

a, a 

b2 b3 b„ 

a* a. 

b6 b7 

a, 

s=1 

s=2 

s=3 

Figure 4.1: Parallel prefix computation for eight inputs 

Now to perform the first of the three steps mentioned earlier, i.e. to compute 

Ci = ipi * ip2 * * *!>% for 1 < i < n, the method of parallel prefix computation 

[23, 32] is used. Figure 4.1 represents parallel prefix computation for eight inputs 

<*i» ct2) • • •, ag and eight outputs bi, 62, • • • h , where 6,- = ax * a2 * . . . * a,. In Figure 4.1, 

represents a processor with two inputs to compute their product and s represents 

the step number. As it is known, the parallel prefix computation for n inputs takes 

0(logn) time and hence the number of steps for n = 8 is s = 3. As shown in 
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Figure 4.1, at every step the processsors have to rearrange their positions to compute 

correctly (i.e. dynamic scheduling) and the time required for this is represented by 

Ttk, say. 

To accomplish this dynamic scheduling, two arrays product and procid, each of 

size are maintained. The contents of these arrays are the indices of the data. 

For a particular index k, procid points to a matrix, say rpg, where a processor Pu 

is located and the corresponding index of product points to a matrix, say fa. The 

processor Pk computes the product of these two matrices and replaces rf)g with this 

product. Processors index through these arrays and compute the products rf>g * iph-

The contents of the arrays at each step s for the Figure 4.1 are shown in the Table 4.2. 

Table 4.2: Contents of the arrays product and procid at each step s 

product procid 

s = = 1 

1 3 5 7 

5 = = 2 

2 2 6 6 

s = = 3 

4 4 4 4 

s = = 1 

2 4 6 8 

5 = = 2 

3 4 7 8 

s = = 3 

5 6 7 8 

Also while computing the product of the two matrices t/>g and iph, the computation 

is reduced by computing only 1) and ^<(2,1) of the matrix ipi = fa * fa since 

V>,(1,2) and V>,(2,2) are always 0 and 1, respectively. 

After the completion of Step 1, the value fa(2,l) is that of B(i). Hence Step 2 

has been computed as part of Step 1. 
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Even though it is stated in [8] that the computation of A{ri) is another prefix prob-

lem, v4(n) can be computed by simulating a tree organization of processors instead 

of the parallel prefix method. This is because the solution for the sum-range-product 

problem is -A(n) and it is not necessary to compute A(l), J4(2), . . . , /l(n — 1) as a 

by product. By simulating a tree organization, the processors can be used more ef-

fectively, as the number of processors required at every stage of the computation is 

reduced by one half. Synchronization is necessary here, so that a processor spins till 

all the partial sums are computed before proceeding to the next step. 

4.3. Performance Analysis 

Table 4.3 gives the timing results for the sum-range-product problem, for varying 

input sizes and processors, where T,h is the time for scheduling the processors. 

The plot Tp vs. p is shown in Figure 4.2. As observed, the parallel time Tp 

decreases with the increase in the number of processors and also the time Tp increases 

with the increase in the input size for a particular number of processors. 

The plot Sp vs. p of Figure 4.3 shows a speedup very close to the linear speedup. 

But if we compare the timing results of the Table 4.4 with those of the Table 3.3 for 

a sequence length of 800, it is observed that the speedup is less in the present case. 

This is because even though the amount of computation is less in the case of the SRP 

problem, the costs involved for parallel execution still exist. It is once gain observed 

that practically it is not possible to achieve linear speedup (i.e. =p). 

Figure 4.4 represents the plot Tp vs. n with the number of processors as parameter. 

As is observed, the time Tp increases with the workload (i.e. sequence length n) and 

decreases with the increase in the number of processors for a particular workload. 

This is in agreement with the general principle, as proved by the plot of Figure 3.3. 
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Table 4.3: Timing results - SRP 

Sequence Length 10000 

Processors 1 2 4 6 8 10 12 14 15 

Tp (sec) 13639 7.052 3.639 2.433 1.83 1.469 1.229 1.068 1.041 

T,\ (sec) 11435 5.821 2.946 1.969 1.478 1.183 0.987 0.861 0.782 

Speedup 1 1.934 3.748 5.606 7.453 9.285 11.098 12.771 13.102 

Sequence Length 15000 

Processors 1 2 4 6 8 10 12 14 15 

Tp (sec) 20.566 10.577 5.457 3.643 2.741 2.198 1.842 1.630 1.659 

T,h (sec) 17.173 8.727 4.425 2.946 2.216 1.769 1.477 1.288 1.313 

Speedup 1 1.944 3.769 5.645 7.503 9.357 11.165 12.617 12.397 

Sequence Length 20000 

Processors 1 2 4 6 8 10 12 14 15 

Tp (sec) 29.397 15.094 7.786 5.202 3.909 3.137 2.626 2.509 2.759 

T,h (sec) 24.735 12.559 6.360 4.247 3.183 2.547 2.124 1.899 2.27 

Speedup 1 1.948 3.776 5.651 7.520 9.371 11.195 11.717 10.655 

Sequence Length 25000 

Processors 1 2 4 6 8 10 12 14 15 

Tp (sec) 36.804 18.869 9.733 6.499 4.893 3.919 3.279 2.833 2.713 

Tth (sec) 30.932 15.697 7.95 5.294 3.982 3.179 2.659 2.290 2.147 

Speedup 1 1.951 3.781 5.663 7.522 9.39 11.224 12.991 13:566 

Sequence Length 30000 

Processors 1 2 4 6 8 10 12 14 15 

Tp (sec) 44.185 22.646 11.685 7.807 5.868 4.721 3.944 3.552 3.751 

T,k (sec) 37.133 18.830 9.538 6.366 4.779 3.822 3.274 2.731 2.711 

Speedup 1 1.951 3.781 5.66 7.530 9.359 11.203 12.439 11.78 
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Figure 4.2: Plot Tp vs. p (sequence length as parameter)- SRP 

Also it is observed that the rise in Tp in this case is linear. From Figure 4.4, consider 

the plot with 15 processors. Using polynomial interpolation with least squares fit, 

the following function is obtained, which approximates the nature of the plot. 

Tp = 1.041+ (.0001236 + (9.64 10"9 + (-2.17067 10"12 + 2.572 10"16(-25000 + n)) 

(-20000 + n))(—15000 + n))(-10000 + n) (4.4) 

In this equation, the values 9.64 10"9, -2.17067 10~12 and 2.572 10~16 are negligible. 

Hence the equation reduces to 

Tp = -0.195 + 0.0001236n (4.5) 

which is linear. This is not the case in Figure 3.3 as the input size is small with small 

increments, which enables minor variations to be observed, unlike in Figure 4.4. 
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Figure 4.3: Plot Sp vs. p (sequence length as parameter)- SRP 

The plot Sp vs. n represented by the Figure 4.5 shows almost a linear increase 

in Sp with the increase in n, for a particular number of procesors. To elucidate this 

consider the plot of Figure 4.5 with 12 processors. By polynomial interpolation with 

least squares fit, the approximation of the plot is 

Sp = 11.098+ (.0000134 + (-7.4 lO"10 + (4.8 10"14 - 5.66667 10~18(-25000 + n)) 

(-20000 + n))(—15000 + n))(-10000 + n) (4.6) 

This reduces to 

Sp = 10.964 + .0000134n (4.7) 

which is linear. 

Figures 4.6 and 4.7 show the plots T,k vs. p with sequence length as parameter and 

T,h vs. n with processors as parameter, respectively. It is observed from Figure 4.6 
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Table 4.4: Timing results - SRP 

Sequence Length 800 

Processors 1 2 4 6 8 10 12 14 15 

Time Tp (sec) 0.782 0.408 .212 .143 .108 .087 .074 .064 .06 

Speedup 1 1.917 3.689 5.469 7.241 8.989 10.568 12.218 13.033 

that the scheduling time for processors decreases exponentially with the increase in 

the number of processors. This is due to the fact that for a particular workload, 

as the number of processors are increased, the distribution of workload is more and 

hence the scheduling time per processor decreases. We also observe that there is a 

rise in the processor scheduling time with the increase in the workload for a particular 

number of processors (as seen in Figures 4.6 and 4.7), which is in accordance with 

the implementation strategy as discussed. It is also observed from Table 4.3, that on 

the average eighty percent of the time Tp is utilized for dynamically scheduling the 

processors. This emphasizes that dynamic scheduling involves a certain amount of 

overhead as mentioned in Chapter 1. 

The plot SpEp vs. pT* shown in Figure 4.8 reemphasizes the fact that by mini-

mizing pTp, the quantity SPEP is maximized, as was also proved by Figure 3.5. 

In this implementation the factors affecting linear speedup can be identified as 

1. Time for allocation of parallel tasks. 

2. As discussed a certain amount of overhead is incurred because of the dynamic 

scheduling of processors. 

3. While using parallel prefix method, as shown in Figure 4.1, there are situations 

after step 5 = 1, where more than one precessor reads from the same memory 
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10 12 14 16 18 20 22 24 26 28 30 

n (sequence length in thousands) 

Figure 4.4: Plot Tp vs. n (processors as parameter)- SRP 

location. In such cases, it is not necessary for the implementation to set up 

locks, as the hardware of Sequent machine takes care of that and in the process 

certain amount of overhead is incurred. 

4. Time spent for synchronization while computing A(n) = £"= 1 B(i) by simulat-

ing a tree organization of processors. Here again the processors are made to 

spin in a busy wait state as in the case of implementation of Chapter 3. 

4.4. ID Pattern Matching Problem 

Given n real numbers t/i,y2,... yni the 1DPM is to find the maximum sum in any 

contiguous subsequence of the input 

max I I l i U r i / • | 

i < i < * < » y> — " (4.8) 
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Figure 4.5: Plot Sp vs. n (processors as parameter) - SRP 

This problem is solved as a special case of the SRP problem. Since the solution of 

1DPM is max ( y t , yx + y2)y2, yi + y2 + Ste, V2 + Jte, Sta, • • • , Vn-i + yn, y»), it is obtained 

by replacing the '+ ' operation and operations in the SRP problem by 'max' and 

operations and at the same time keeping track of of the index k of Once this 

k has been determined, the index j of y, is determined by solving the same problem 

for the input sequence y*,...,y\. 

4.5. Longest Non-decreasing (Non-increasing) subsequence (LNS) problem 

Given a sequence of real numbers zj, x2,..., xn, this is to find the maximum length 

of any non-decreasing (non-increasing) contiguous subsequence i.e. 

1 < [<% < n ~ J + 1 I < ' * ' < ( 4 . 9 ) 
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Figure 4.6: Plot T,h vs. p (sequence length as parameter) - SRP 

It is also a special case of the SRP problem. As mentioned in [8], this problem 

is reduced to an SRP problem in 0(logn) time using O(n/logn) processors. A two 

dimensional matrix mat is maintained as in the case of SRP problem and the sequence 

xi,x2 , . • • ,xn is transformed into a sequence j/i,t/2) • • • ,J/n by the following rule as 

proposed by Chin, Tsang and Lam [8] i.e. yi = 1 and y, = 1 if x t_j < x, else —oo. 

Hence the sequence xj, £2,. . . , xn is now transfomed into a sequence of l's and —oo's. 

Now the maximum sum in any contiguous subsequence gives the length of LNS. 
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Figure 4.7: Plot T,h vs. n (processors as parameter) - SRP 

4.6. Maximum Positive Subsequence (MPS) Problem 

It finds the maximum sum in any contiguous subsequence of the positive real numbers 

in a given sequence reals, Xi,X2,... ,x„ i.e. 

max r . , . - -
1 < j < k < n {sj H M* I Xj < • • • < Xk] (4.10) 

The MPS problem is solved by applying the rule y,- = x< if x, > 0 else y, = —oo and 

then by computing its sum-range-product. To determine the maximum product of 

any contiguous subsequence, the rule is y,- = x, if x, > 0 else y, = 0. 

Since the amount of computation in the 1DPM, LNS and MPS problems is the 

same as in the case of SRP problem, similar timing results are obtained. 
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Figure 4.8: Plot SPEP vs. pT? (sequence length as parameter) - SRP 

4.7. Summary 

The parallel algorithms for SRP, 1DPM, LNS and MPS problems have been discussed. 

The multitasking technique of data partitioning is utilized here, coupled with dynamic 

scheduling for implementing the parallel algorithm for sum-range-product problem. 

It is observed that for the same input size, a low amount of computation results in 

low speedups compared to the case where the amount of computation is high. Also 

the dynamic scheduling incurs overhead. 



CHAPTER 5 

LONGEST COMMON SUBSEQUENCE PROBLEM 

5.1. Parallel Algorithm 

Lin, Lu and Abello [24] determine the longest common subsequence of two sequences 

by a divide-and-conquer technique by formulating it as a problem to determine the 

longest path on a grid directed acyclic graph (DAG). 

For example for sequences A — acaabdf faaklamsp and B = asaaaaaaaahfgbko, 

of lengths m and n respectively, the grid DAG G is as shown in Figure 5.1. In this 

grid, the only edges from the grid point (i,j) or (i,j)th vertex are to the vertices 

(t + l,j), (i,j +1) and (t + 1 ,j +1). In this grid vertex (1,1) is the source and vertex 

(m + l ,n + 1) is the sink. There is an edge of cost 1 from vertex (i,j) to vertex 

(t -f- l,j 4- 1) if -A(i) = -B(j), else the edges are of cost 0. The length of a path on G 

is defined as the sum of the costs on the path. The longest path between the source 

and the sink gives the LCS. In Figure 5.1 the thick arrows indicate the longest path 

from the source to the sink and the elements at the tails of these arrows constitute 

the LCS. 

This problem of finding the longest path between the source and the sink is solved 

in general by computing the longest path from every vertex in the top row to every 

vertex in the bottom row. A vertex in the bottom row of DAG is said to be the jth 

breakout vertex of vertex (1, t), if it is the leftmost vertex on the bottom row of length 

j from vertex (1, i). By applying the divide-and-conquer strategy the (m+1) x (n+1) 

grid DAG G is divided into (m/2 + 1) x (n + 1) grid DAGs, which are Gv and GL-
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Figure 5.1: Grid DAG G 
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The longest paths in the upper half Gu and the lower half GL are determined in 

parallel and recursively. 

The central idea of solving this problem as mentioned earlier is divide-and-conquer. 

The DAG is divided into 2 x (n + 1) DAGa and each of these subdivided DAGs is 

converted into distance matrices DG\,DG2,. ..,DGm. The (i,j)th element of Dak is 

the jth breakout vertex of vertex (k, i), where k denotes the subdivided part of DAG 

which has been converted to Dak. These m matrices are then combined to obtain the 

final matrix. The n x m distance matrix DQ for DAG G is defined as follows. 

p if vertex (m + l,p) is the jth breakout 

Dc(i,j) = < vertex with respect to the vertex (1, t) 

oo if vertex (1, i) does not have the jth breakout vertex, 

for 1 < i < n and 1 < j < m. The Davs and the DQL S of the DAG G shown in 

Figure 5.1 are shown in Table 5.1. Here in this table each of the adjacent DGJJS and 

DGLS are combined. 

5.2. Steps of Computation 

The main steps of the algorithm as mentioned in [24] are 

1. Compute DGHY corresponding to GH which is a 2 x (n+1) grid DAG comprising 

of h and (h + 1) rows of G, for 1 < h < m. 

2. Recursively compute DA from DQV and DQL • 

3. Determine the vertices constituting the longest path between the source and 

the sink. 

4. From the vertices of the longest path identify the longest common subsequence. 

Each of the above steps is accomplished as follows. 
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5.2.1. Computation of Doh (an n x 1 matrix) 

1. All the symbols of sequence B are sorted. 

2. Let 6,-,, &,-2, . . . bir be the i\th , tV*, ... ir
th symbols in B identical to a&, an htk 

symbol of A. Then 

DGh(ik-1 + 1) = ik - «*-i for 1 < fc < r; 

= *i +1; 

3. Compute the prefix sum of the entries of Dah(l) to Dah(ir) which is obtained 

DGh(k) = £*=1 DGh(j) for 1 < k < ir 

4. Dah(ir + p) — oo where 1 < p < n 

5.2.2. Computation of DG from DGv and DGL 

As mentioned earlier the matrices DGv and DQL are each of size of n x y . The 

computation of DG from DGV and DQL is given by 

min 
Da(i,j) =1 <k<j {Z)Gy(«'1i).OGx,(.J),DGi(DGu(«-,fc)j-<:)> (5.1) 

where 1 < i < n and 1 < j < m and DGL(DGv{i,k),j — k) = oo, if Dav{i,k) = oo 

and this is reduced to 

min 
Da(i,j) =1 < k < I iDotr(i'})'DaL(i.})MlD'a](k,j)} (5.2) 

where / is the number of breakout vertices with respect to the (1, t)"1 vertex on Gu-

Here in this equation M\Dl
a\ is 

1. An / x m matrix where I is the number of breakout vertices with respect to the 

(l,i)tfc vertex on Gu-
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2. The jth row of this matrix is given by CY\j + 1 for 1 < j < I. 

Here CY\j + 1,DQ°u^] is an array where CY\J +1, D^°V^)(J +1) to CY\J + 

1, -Dcf u ^ ] ( j + 1 + m — 1 ) is a copy of the contents of DQ°v^ and the remaining 

entries of CY\J + 1, are oo. 

From Equation 5.1 it can be seen that the computation of Da(i,j) is an identi-

fication of the column minimum of n matrices M[DQ] for 1 < i < n. It has been 

proved in [24] that the matrix M[DQ] is k-variant and totally monotone [2]. By using 

these two properties of M[DQ], the computation is reduced. 

k-variant: It has been proved that (k + 1) consecutive rows of DQ are k variant i.e. 

the first and (k-\- l)tfc rows differ at most in k elements and these elements need not be 

consecutive. This implies that there are atleast (m — k) elements which are common 

to these m rows, if m is the number of elements in each row of DQ- Let this common 

row vector be L. 

Totally Monotone: A two-dimensional matrix is monotone if the m i n i m u m value of 

its ith column is below or to the right of the minimum value in (t — l)*fc column. A 

matrix is said to be totally monotone if every 2 x 2 submatrix is monotone. 

After determining this common row vector L, it is divided into groups L\, L2,..., Lr 

such that in each group the elements are consecutive in each of the (k +1) rows from 

which L has been determined. From this L, the common matrix MC can be obtained 

which comprises of matrices AfCi,AfC2,... ,MCr corresponding to LX,L2, ...,Lr. 

This MC froms a part of M[DQ]. Since this L is common to all M\DQ\s for all 

1 < i < n, the minimum of columns of MCi,MC2,MC3,. .. ,MCr can be deter-

mined and substituted in their corresponding positions in M[D*G]. 

Also it has been proved that the matrices M[DQ\ and MCU MC2, MC3,..., MCR 

are monotone. As proved in [2], the minimum of each of the monotone matrices can 
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be computed in 0(logn) time with (m logm) processors on a CREW — PRAM. 

5.2.3. Determination of the cross vertices constituting the longest path 

between the source and the sink 

From equation Equation 5.1 it can be seen that the computation of the Da(i,j) (i-e. 

determining the j,k breakout vertex y with respect to the (l,i)ik vertex x) is the 

minimum of Dcv{i,j), DGL(i,j) and DaL{DGv{i,k),j — k) for 1 < k < j. If the 

minimum of these values is Dav(i,j) then the cross vertex, which is the vertex on 

the boundary between Gu and GL is (m/2 + l,Dau(iij))
ttl vertex. If the minimum 

is DGL(},j) then the cross vertex is (m/2 + l,t) tfc vertex, else the cross vertex is 

(m/2+1, DGV (», K))TH vertex. After storing these cross vertices, given any two vertices 

x and y, the cross vertices can determined in a parallel and recursive manner, which 

are the vertices on the longest path between the x and y. While storing these cross 

vertices, the encoding scheme as discussed in [5] utilized. This particular scheme is 

applicable as the contents of the columns of the matrix, where the cross vertices are 

stored are always in a nondecreasing order. This technique is utilized in determining 

the LCS. 

5.3. Implementation Strategy 

Consider the grid DAG shown in Figure 5.1 as an example. Now this grid is divided 

into 2 x (n + 1) grid DAGs and for each of these subdivisions, the DQ is determined 

as mentioned earlier. The results obtained at various stages of the computation by 

implementing this algorithm on the sequences A = acaabdf faaklamsp and B = 

asaaaaaaaahfgbko are shown and explained here, along with the implementation 

technique. The DQ is shown in Table 5.1. Now these DGs are combined in the 
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conquer stage as shown in Table 5.1. The Tables 5.2, 5.3, 5.4, and 5.5 show 

the contents of DA after each step. Once the DQ of Table 5.1 has been computed, 

the processors are assigned to a DQV. and the rows of of DGv. are assigned to a 

processor. If the division £ is not exact then the additional rows are assigned to the 

last processor. 

All the processors have been assigned to work on the same group of Daa., rather 

than assigning each processor to a different group of DQV. This is because after the 

second conquer stage, the number of groups of DQV and DQL to be conquered becomes 

less than the number of processors available and hence the work has to be reassigned 

to the processors. Also another reason is that there is no interaction among the 

processors assigned to different rows even if they are assigned the same DQV, , hence 

reduces the need for synchronization. 

5.3.1. Determination of LCS 

After the final conquer stage of DQ, the only remaining step of solving the problem is 

determination of LCS. As mentioned earlier in this chapter, the symbols of LCS can 

be determined by storing those cross vertices in a global matrix Q and printing them 

out recursively. To perform this recursion in parallel an array Prow is utilized. For 

the example under consideration, the number of levels of recursion is log m = 4. The 

last non-infinity entry in the first row of DA gives the last symbol of LCS. This entry 

is noted down into the Prow array as shown in Table 5.6. Now the processors are 

permitted to index through this array and determine the cross vertices. In general, 

here a processor with index i will determine the cross vertex from the array Q, which 

is Q[Prow[l][i - l]][Proio[l][i]] and here Prou;[l][0] = 1. For example at step 3 in 

Table 5.6, the processor with index 1 determines the cross vertex from the array Q 
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which is <3[0][4], the processor with index 2 determines the cross vertex from the array 

Q which is Q[4][4] and these cross vertices are stored in the second row of each step, 

along with the vertices of the first row. The vertices of the second row of a step are 

the entries of the first row of the next step. At the end of step 4, in this figure, the 

consecutive non-equal and non-infinity entries of Prow give the symbols of B which 

form the LCS. 

5.3.2. Timing Results 

Table 5.7 gives the timing results for varying input sizes and processors. As observed 

from the plot Tp vs. p shown in Figure 5.2 there is a decay in the parallel time with 

the increase in the number of processors. This is in conformance with the principle 

that the parallel time decreases with the increase in the number of processors, as has 

been proved in Chapters 3 and 4. It can also be observed from the plot, that there is 

a large increase in parallel time (Tp), when the sequence length is doubled compared 

to the plots shown in Figures 3.1 and 4.2. This is because of the large amount of 

computation involved in the present case. 

The plot Sp vs. p is shown in Figure 5.3. It can be observed from this plot 

that there is an exponential rise in the speedup (Sp) with the increase in the number 

of processors. Also it is observed that the speedup tends to stabilize. This can 

be attributed to the fact that with the increase in the number of processors for a 

particular input size, the parallel overhead increases. As also observed in Figures 3.2 

and 4.3, there is a rise in speedup in the present case with an increase in the input 

size for a particular number of processors. This is again because of the conclusion 

drawn as in Chapters 3 and 4, that with an increase in the input size, for a particular 

number of processors, the parallel overheads are overcome by the increased amount 
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Figure 5.2: Plot Tp vs. p (sequence length as parameter) - LCS 

of computation. 

Plot Tp vs. n of Figure 5.4 proves that with an increase in the input size for 

a particular number of processors, the parallel time Tp increases. Also it can be 

observed that there is a decrease in parallel time Tp with the increase in the number 

of processors for a particular sequence length. This is in conformance with the general 

principle, that the distribution of work load is more with an increase in the number 

of processors. These observations were also made earlier in Chapters 3 and 4, from 

the Figures 3.3 and 4.4. It can also be observed that as the processors are increased 

for a particular input size (or sequence length), the reduction in Tp is at a lower rate. 

This is because of the fact that with the increase in number of processors, the parallel 

overhead increases. 

Figure 5.5 represents the plot Sp vs. n. It can be observed that there is a linear 
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Figure 5.3: Plot Sp vs. p (sequence length as parameter) - LCS 

rise in speedup, with the increase in input size. It is also seen that in the case of higher 

number of processors, the rise in speedup is not linear with the increase in the input 

size. This can be attributed to the fact that with the increase in sequence length, for 

a fixed number of processors, the parallel overheads dominate after a certain input 

size, as concluded in the case of Figure 5.4. For example for the case of 2 processors 

in Figure 5.5, the formula obtained by polynomial interpolation is 

Sp = 1.704047 + (0.000748531 - 2.11686 10~6(-64 + x)(-32 + x) (5.3) 

which reduces to 

Sp = 1.704047 - 0.0239 + 0.000749* (5.4) 

which is almost constant as depicted in the figure. Also for the case of 8 processors, 
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figure 5.4: Plot Tp vs. n (processors as parameter) - LCS 

the formula obtained by polynomial interpolation is 

Sp = 2.744068 + (0.0194104 - 0.000224636(-64 + x))(-32 + x) (5.5) 

which reduces to 

Sp = 1.6772574 + 0.026598752a: - 0.000224636 x2 
(5.6) 

which is not linear. 

From the plot SPEP vs. pT2 as shown in Figure 5.6, it is re-emphasized that by 

minimizing pTp
2 product SPEP is maximized, which is a trade-off between ma-rim^lng 

speedup Sp and minimizing cost. 

The parallel overheads for not achieving linear speedup can be summarized as 

follows. 
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Figure 5.5: Plot Sp vs. n (processors as parameter) - LCS 

1. The solution to this problem involves several steps as mentioned in section 5.2. 

Also each step is again subdivided into several sub-steps. Hence the synchronization 

is essential, so that the processors are in step and partial results can be combined 

properly. As the number of sub-steps are large, synchronization is required very often, 

resulting in a parallel overhead. 

2. Because of the large number of steps, there is a necessity for combining these 

partial results and re-distribute the load among the processors, which again results 

in a parallel overhead. 

3. Also during the stage of determining the LCS, recursion is involved, which is 
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Figure 5.6: Plot SPEP vs. pT* (sequence length as parameter) - LCS 

again distributed among the processors, which results in parallel overhead. 

5.4. Summary 

The parallel algorithm [24] to determine the longest common subsequence of two 

given subsequences is discussed along with the implementation strategy. The results 

of computation at several stages of the algorithm have been provided for two example 

sequences. The experimental results along with several graphs have been discussed. 
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Table 5.3: The Dg after Conquer Stage 2 
DGU 

DGT &GU *>GL 

1 3 4 oo 12 oo 00 oo 1 3 15 oo 1 2 oo oo 

3 4 5 oo 12 oo oo oo 3 4 15 oo 2 oo oo oo 

3 4 5 oo 12 oo oo oo 3 4 15 oo 3 oo oo oo 

4 5 6 oo 12 oo oo oo 4 5 15 oo 4 oo oo oo 

5 6 7 oo 12 oo oo oo 5 6 15 oo 5 oo oo oo 

6 7 8 oo 12 oo oo oo 6 7 15 oo 6 oo oo oo 

7 8 9 oo 12 oo oo oo 7 8 15 oo 7 oo oo oo 

8 9 10 oo 12 00 oo oo 8 9 15 oo 8 oo oo oo 

9 10 oo oo 12 oo oo oo 9 10 15 oo 9 oo oo oo 

10 oo oo oo 12 oo oo oo 10 15 oo oo 10 oo oo oo 

oo oo oo oo 12 oo oo oo oo 15 oo oo oo oo oo oo 

oo oo oo oo 12 oo oo oo oo 15 oo oo oo oo oo oo 

oo oo oo oo 14 oo oo oo oo 15 oo oo oo oo oo oo 

oo oo oo oo 14 oo oo oo oo 15 oo oo oo oo oo oo 

oo oo oo oo oo oo oo oo oo 15 oo oo oo oo oo oo 

oo oo oo oo oo oo oo oo oo oo oo oo oo oo oo oo 
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Table 5.4: The Dg after Conquer Stage 3 
D o v 

d G L 

1 3 4 12 oo oo oo oo 1 2 4 oo 00 oo oo oo 

3 4 5 12 oo oo oo oo 2 4 5 oo oo oo oo oo 

3 4 5 12 oo oo oo oo 3 4 5 oo oo oo oo oo 

4 * 6 12 oo oo oo oo 4 5 6 oo oo oo oo oo 

$ 7 12 oo oo oo oo 5 6 7 oo oo 00 oo oo 

6 7 ft 12 oo oo oo oo 6 7 8 oo oo oo oo oo 

T 8 9 12 oo oo oo oo 7 8 9 oo oo oo oo oo 

8 9 10 12 oo oo oo oo 8 9 10 oo oo oo oo oo 

9 10 12 oo oo oo oo oo 9 10 15 oo oo oo oo oo 

10 12 oo oo oo oo oo oo 10 15 oo oo oo oo oo oo 

12 oo oo oo oo oo oo oo 15 oo oo oo oo oo oo oo 

12 oo oo oo oo oo oo oo 15 oo oo oo oo oo oo oo 

14 oo oo oo oo oo oo oo 15 oo oo oo oo oo oo oo 

14 oo oo oo oo oo oo oo 15 oo oo oo oo oo oo oo 

oo oo oo oo oo oo oo oo 15 oo oo oo oo oo oo oo 

oo oo oo oo oo oo oo oo oo oo oo oo oo oo oo oo 

'able 5.5: The Dg after Conquer Stage 4 
1 2 4 5 6 7 oo oo oo oo oo oo oo oo oo oo 

2 4 5 12 oo oo oo oo oo oo oo oo oo oo oo oo 

3 4 5 12 oo oo oo oo oo oo oo oo oo oo oo oo 

4 5 6 7 8 9 oo oo oo oo oo oo oo oo oo oo 

5 6 7 8 9 10 oo oo oo oo oo oo oo oo oo oo 

6 7 8 9 10 15 oo oo oo oo oo oo oo oo oo oo 

7 8 9 10 15 oo oo oo oo oo oo oo oo oo oo oo 

8 9 10 12 15 oo oo oo oo oo oo oo oo oo oo oo 

9 10 12 15 oo oo oo oo oo oo oo oo oo oo oo oo 

10 12 15 oo oo oo oo oo oo oo oo oo oo oo oo oo 

12 15 oo oo oo oo oo oo oo oo oo oo oo oo oo oo 

14 15 oo oo oo oo oo oo oo oo oo oo oo oo oo oo 

14 15 oo oo oo oo oo oo oo oo oo oo oo oo oo oo 

15 oo oo oo oo oo oo oo oo oo oo oo oo oo oo oo 



63 

Table 5.6: The contents of Prow at each stage of determination of the LCS 
Step 1 

7 00 oo oo oo 00 oo oo oo oo oo oo oo oo oo oo 

4 7 oo 00 oo oo oo oo oo 00 oo oo oo oo oo oo 

Step 2 

4 7 oo oo oo oo oo oo oo oo oo oo oo oo oo oo 

4 4 6 7 oo oo oo oo oo oo oo oo 00 oo oo oo 

Step 3 

4 4 6 7 oo oo oo oo oo oo oo oo oo oo oo oo 

1 4 4 4 6 6 7 7 oo oo oo oo oo oo oo oo 

Step 4 

1 4 4 4 6 6 7 7 oo oo oo oo oo oo oo oo 

1 1 3 4 4 4 4 4 5 6 6 6 7 7 7 7 

Table 5.7: Timing Results - Longest Common Subsequence 
Sequence Length 32 

Processors 1 2 3 4 5 6 7 8 

Tp (sec) 1.824 1.07 .842 .711 .689 .674 .724 .665 

Speedup 1.0 1.704 2.165 2.565 2.646 2.705 2.518 2.744 

Sequence Length 64 

Processors 1 2 3 4 5 6 7 8 

Tp (sec) 10.63276 6.15269 4.54147 3.85867 3.610 3.44911 3.297 3.160 

Speedup 1 1.728 2.341 2.756 2.945 3.083 3.225 3.365 

Sequence Length 128 

Processors 1 2 3 4 5 6 7 8 

Tp (sec) 69.220 29.265 29.401 25.122 22.152 21.331 21.623 21.448 

Speedup 1 1.763 2.354 2.755 3.125 3.245 3.201 3.227 



CHAPTER 6 

CONCLUSION 

The parallel algorithms for subsequence problems have been studied and implemented 

on the Sequent Multiprocessor System. The techniques and issues involved in devel-

oping parallel applications have been studied. The performance of these implemen-

tations has been analyzed. The implementation issues which were encountered have 

been identified and studied. 

From the parallel progrmaming point of view, it has been identified that the dy-

namic scheduling involves more overhead compared to the static scheduling. This 

is evident from the implementations of string-to-string correction and sum-range-

product problems in Chapters 3 (static scheduling) and 4 (dynamic scheduling) re-

spectively. Another important factor that requires attention for parallel implemen-

tation is the appropriate partition of the problem among the processors to minimize 

synchronization. It is also advantageous to adapt and re-use the data structures at 

several stages of a particular implementation, so as to reduce the required memory 

space. 

From the speedup point of view, it is determined that there should be an appro-

priate balance between the load and the number of processors. Increasing either one 

of these beyond a certain limit results in a deteriorated speedup. It is observed that 

the resulting speedup is good where there is an equal distribution of load among the 

processors, as is evident in the implementation of string-to-string correction problem. 

It is also concluded that a small amount of computation does not result in increased 

speedup, becasue the parallel overheads dominate at this juncture. 
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Few of these implementation issues may be alleviated by the use of parallel data 

structures, which is under active research at this time, because of which some of the 

synchronization issues while accessing data may be overcome. 
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