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Abstract-In this paper, we present an efficient algorithm
for BLOCK-CYCLIC data redistribution to minimize
communication costs on symmetric matrix. The main
idea of the algorithmis to explore all identical elements
in local space. By realigning those elements into
corresponding destination data layout, inter-processor
data transmission overheads can be reduced. Given a
BLOCK-CYCLIC (x, *)1t0BLOCK-CYCLIC (y, *)
symmetrical matrix data re-decomposition over P
processors, the theoretical analysis shows 1/P data
packing/unpacking and communication costs can be
reduced. The experimental results reflect small extra
computational  overheads of the  Symmetric
Redistribution Algorithm (SRA) will be incurred.
However, the SRA technique can still provides superior
overall performance.

Keywords: data redistribution, coordinates transformation,
symmetric matrix, communication optimization

1 Introduction

The data parallel programming model is more and
more important for programming distributed memory
multi-computers. Suitable data decomposition in order
to efficiently execute a data paralel program on a
distributed memory multi-computer is important. A
good data distribution can let the computational load
balance, increase data locality, and minimize
interprocessor communication overloads.

Many data parallel programming languages such
as High Performance Fortran (HPF), Fortran D, Vienna
Fortran, and High Performance C (HPC) provide
compiler directives for programmers to design a data
distribution module. Regular distributions provided
by these languages, on general, one-dimensional array
distribution has three types, BLOCK, CYCLIC, and
BLOCK-CYCLIC(c). In a sdsmilar way,
multi-dimensional array distributions also have those
types. However, as a result of multi-dimension array
distribution has column-wise and row-wise orientation,
the structures become more complicated.

In some scientific applications, it is possible for an
algorithm to process more than one data distribution
layout during different computational phases in the
same program. For example, BLOCK-CYCLIC (*,
CYCLIC) and BLOCK-CYCLIC (*, BLOCK) are

good distributions for LU decomposition problem in
parallel program, the BLOCK-CYCLIC (CYCLIC, *)
distribution is suitable for matrix multiplication.
However, the LU decomposition and matrix
multiplication are usualy collaborated for the same
computation.  Therefore, data re-decomposition is
required to accomplish datalocality during runtime.

In general, data redistribution costs consist of
computation costs and communication costs. The
computation costs include indexing costs and message
packing/unpacking costs. The indexing
(communication sets generation) refers to calculate the
destination/source processors of local elements for
exchanging data with other processors. The
packing/unpacking costs refer as the time complexity to
construct data buffers for message passing. The
communication cost is the time to send/receive
messages with remote processors.

In this paper, we propose an efficient algorithm,
the Symmetric Redistribution Algorithm (SRA), for
symmetric matrix data redistribution. The main idea
of the SRA method is to reuse all identical elementsin
local space to minimize runtime data transmission
overheads. Given a BLOCK-CYCLIC (x, *) to
BLOCK-CYCLIC (y, *) symmetricd matrix data
re-decomposition over P processors, it is proved that
1/P packing/unpacking and data transmission costs can
be reduced.

The rest of this paper is organized as follows. In
Section 2, a brief discussion of related work will be
presented. In section 3, we will introduce notations
and terminology used in this paper and then present our
algorithm for redistribute a symmetric matrix with
BLOCK-CYCLIC (x,*) tOBLOCK-CYCLIC (y,*).
In Section 4, a theoretical model for performance
analysis and simulation test will be given. Section 5
briefly concludes this paper.

2 Related works

Data distribution and redistribution problems have
been studied for many years. Some work has been pay
attention to communication set generation, while some
specialize on communication optimization. For
example, the communication scheduling can avoid node
contention, the processor mapping technology can
increase data hits and minimize the amount of data
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exchange for reducing communication overheads, and
the multi-phase redistribution strategy can reduce
message dStartup cost.  We briefly explain these
researches in both multi-computer compiler techniques
and runtime support techniquesin the following.

For those studies, Walker et al. [10] used the
standardized message passing interface, MPI, to express
the redistribution operations. They implemented the
BLOCK-CYCLIC array redistribution agorithms in
both synchronous and asynchronous schemes. Since
the excessive synchronization overheads incurred from
the synchronous scheme, they also presented the
random and optimal scheduling agorithms for
BLOCK-CYCLIC array redistribution. The
experimental results showed that the performance of the
synchronous method with optimal scheduling algorithm
was comparable to that of the asynchronous method.

For communication optimization techniques, the
communication scheduling problem has been proved
step optimal on Jack Dongarra s study [2]. GGP [4] is
a novel inter-cluster scheduling agorithm for
redistributing data. The DAP optimization of
redistribution is to avoid unnecessary remapping by
eliminating partially dead and partialy redundant
distribution changes [5]. The Processor Mapping
Technique [7] solves block to cyclic(x) problem for
minimizing data transmission costs. In [6, 9],
techniques for overlapping communication and
computation were addressed on various cases.

For indexing techniques, the PITFALLS [8]
developed efficient agorithm to perform array
redistribution between two digoint processor sets in the
source and destination distribution; the Basic-Cycle
Calculation (BCC) method [1] is an example to
generate communication sets using pattern attribute in
each  section. The Generadlized Basic-Cycle
Calculation (GBCC) method [3] extends BCC to solve
array redistribution with different source and
destination processor sets.

3. Data Redistribution on Symmetric Matrix
3.1 Preliminaries

Generally, data redistribution can be performed in
two phases, the sending phase and the receiving phase.
The sending phase is proceeded with the original
distribution and source processor set P that composed
by numbers of processorsp;, wherei = 0, ...,P-1.
In the sending phase, p, hasto determine al data sets
which need to be sent to corresponding destination
processors, packs those data sets into messages, then
sends messages to their destination processors. The
receiving phase is to accomplish the target distribution
which is over destination processor set Q that composed
by numbers of processor gj, where j = 0, ..., Q-1.
In the receiving phase, g has to determine all data
sets which need to be received from their source
processors, unpacks elements in messages to their
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corresponding local array positions.  Without loose of
generality, we assume that P=Q and p; =0
Therefore, each processor has to calculate four
communication sets, i.e., the Destination Processor Set
(DPS [q;]), the Send Data Set (SDS [ R.,;]), the
Source Processor Set (SPS[ R ]), and the Receive Data
Set (RDS[ R, ;).

To simplify the illustration of this paper, we use
BC (x4, y1) =BC(x,, Ya) to represent
BLOCK-CYCLIC(x;, y:) t0 BLOCK-CYCLIC (x,,
v,) redistribution. Notations and terminologies used
in this article are defined as follows.

Definition 1 : GivenaBC (x;, y1) —»BC(x,, y,) data
redistribution on matrix M,
source local matrix of processor P is denoted by SLM,,

. over P processors, the
the destination local matrix of processor P, isdenoted
by DLM, , whereO<i,j < P.

Definition 2 : GivenaBC (x,, y1) »BC(x,, y,)data
redistribution on matrix M,
source processor of an elementin M,

over P processors, the
or DLM; is
defined as the processor that owns the element in the

n

source distribution. The destination processor of an
elementin M,
that owns the element in the destination distribution,
where0<i,j<P.

or SLM,; isdefined as the processor

Definition 3 : Given a matrix M,,,,, an Adjacent Block

denoted by M (')} is defined as the set of elements

clustered in a rectangular region with an upper-left
coordinate (x, y) and a lower-right coordinate (X', '),
where 0 < x < X <n-1,0<y<y <nl Eag
M ((g%)) ={A[0, 0:2], A1, 0:2], A[2, 0:2]}.

3.2 Cost Model

Given aBC(x,,y,;) — BC(x,,Y,) redistribution
on a two-dimensional matrix M [N: N] over P
processors, the time for an algorithm to perform the
redistribution, in general, can be modeled as follows:
T Tt T

cost = comp comm (1)

where  Teomp is the time for communication set
generation that employ an agorithm to compute
source/destination processors of local matrix elements
and the time to pack elements in source local matrix
that have the same destination processors to a sending
buffer, and unpack elements in messages that received
from source processors to their corresponding
destination local matrix positions; T, isthetime for
an agorithm to send and receive data among every
processors.  We sad that T, and T,,, ae the
computation and communication time of a data

redistribution algorithm, respectively.
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For the Symmetric Redistribution Algorithm
(SRA), according to the above description, we can have
the following formulation,

Teost (SRA) =Ty (SRA) + SX T, + DT, 2

Where T, (SRA) is the computation time of SRA to
perform BC(x,*) — BC(y,*) data redistribution; A
detail analysis of this part will be discussed in next
section; Sis the maximum number of processors that a
source processor needs to send data to, i.e.,, max{ |DPS
[P1]]10<i<P}; D is the maximum total message size
of a source processor P;; T, is the startup time of the
interconnection network of a parallel machine; and T,
is the data transmission time of the interconnection
network of a parallel machine.

3.3 The Proposed Algorithm

Communication time is an important factor to the
overall performance of runtime data redistribution.
Several optimizations have been proposed to minimize
the communication overheads in various ways. For
example, the multi-phase redistribution method was
used to reduce message startup cost, the communication
scheduling approach was used to avoid node contention,
and the processor mapping technique was used to
minimize data transmission cost. In this paper, we
attempt to discuss the method that can reduce data
transmission cost in redistributing symmetric matrices.
Utilize the symmetrical attribute of matrix elements, the
desired destination data layout can be achieved via
reconfigured parts of elements in local space without
receiving remote data from other processors.
Consequently, the data transmission overheads during
runtime could be reduced.

3.3.1 Motivating Example

Figure 1 shows an example of
BC(BLOCK,*) - BC(2*) on M,,,, over three
processors. Matrices figured in the upper and the
lower diagrams represent the layouts of the source and
the destination distributions, respectively.

According to the preliminary explication, the
communication sets of DPS and SPS for all processors
can be listed as follows,

DPS[R]={ R, P}
DPS[R]={F P}
DPS[R]={P.P}

SPS[R]={R, R}
SPS[ P, ]={ R, P}
SPS[R]1={R.R}

For the communication sets of RDS, we select P,
as an example to illustrate the generation of
communication messages. Considering source local
matrix of P, i.e, SLM; and the Receive Data Sets of
P, as listed follows, which can be determined by
mathematical close formsthat described in [3]

RDS[P, ] = {1b, 2b, 0, 3c, 3d, 3, 3f, 3g, 3, 3i, 3,

3k 1c, 2c, 3c, 0, 4d, 4e, 4f, 4qg, 4h, 4i, 4j, 4k},
RDS[ R, ,] ={1h, 2h, 3h, 4h, 5h, 6h, 7h, 8h, 0, 9i, 9j,

9% 1i, 2i, 3i, 4i, 5i, 61, 7i, 8i, 9, 0, 0j, Ok },
SLM, = {1d, 2d, 3d, 4d, 0, 5e, 5f, 5g, 5h, 5i, 5j, 5k, 1e,

2e, 3e, 4e, 5¢, 0, 6f, 69, 6h, 6i, 6], 6k, 1f, 2f, 3f,

af, 5f, 6f, 0, 7g, 7h, 7i, 7j, 7k, 1g, 29, 30, 49,

5g, 69, 79, 0, 8h, 8i, 8j, 8k}

We find that RDS [P, ,] and RDS [R,_,] have

some data which are the same with S_LM, , the boldface
fonts of above example show this situation.

Source Distribution

0 la Ib 1c¢ 1d le 1E lg b L 1 1k
0 2% 2¢ 2d 2 2 2¢ 2 24 23 Xk

b 2 0 3¢ s ke 3 3g 3h o3 3 3k
e Jc 0 44 d4e 4f 4z 4h 4 4] 4k
d

3d 4d 0 fe SE Sg Shoosi o5 Gk
le e de 4e Se 0 6F 6g 6h 6 6] dk
12 3 4f Sf 6f 0 g Tho oo Tk
lg 2g 3g 4g 5S¢ d6g 7¢g 0 Bh B B fk
Ih Zh 3h 4h sh 6h Th &h 1] 9 9 ak
2 4 A A R W om0k

Ho#nos 4 s &6 H & % 0 o0 ak
e 2 3 4k Sk 6k Tk 8k 9%k 0k sk O

Destination Distribution

0 la b e 1d le IE lg b L 1j 1k
la 0 2 2¢ 2d 2¢ 2f 2¢ 2 W Y
b b ] 3¢ 3 3e 3 3g 3k 5 k] 3k
le e ic n ad 4 af 4g 4h &4 4 Ak
1d 2d 3d 4d 0 se Sf s shoom % 5k
le 22 3¢ 4de 5S¢ 0 6f dg 6h & 6 dk
1 28 3 4 5 6 0 Tg TR O &
lg 2g 3g 4g S5g 6g Tg 0 Bh @ & B
th Zh 3h 4h Sk 6h Th Bh n L L} 9k
1 i T E in ki H L 1] ] ik
NoOoH O oM N & K OH % N 0 ak

tk 2k 3k 4k Sk fk Tk Bk %k 0k = 0

Figure 1. BC(BLOCK, *) to BC (2, *) data
re-decompositionon M, ,, over 3 processors.

3.32BC(x, *) toBC(y, *) dataredistribution on
symmetric matrix

To illustrate the symmetrical matrix redistribution
method, we use figure 2 as the follow-up example of
the motivating case. The first observation is made to
the source local matrix of Py in source distribution as
shovl/n in figure 2(a). Adjacent blocks S_Mlggjg)) and
SM 1‘3;;*{ are identica to the transposition of
SLI\-/TO%g:;‘f and  SLM,37 . respectivly.  This
relationship leads the following lemma.

Lemmal: Givena BC(x,*) — BC(y,*) redistribution
on an nxn symmetric matrix over P processors, for any

source processor p sends data to destination processor g,

in the source distribution, US—I\-}I‘pE(S)’tg)) =
= (00,7 ’
USMg ) where g=gxx/P, r=pxx/P,

s=n/P-1, t=g+x-1,u=g+x-1, 0<p,q<P.
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Proof: Due to page limitation, we omit the proof of

thislemmain thisversion. m

STV
ad 2d 3d 4d o S5e 5f 5g 5h 5i 5j 5k
le 2e 3e 4e Se | O ef 6g 6h 6i 6j 6k
af 2f 3f af 5f ef o 79 7h 7i 7j 7k
1g 29 3g 49 59 69 79 o] 8h 8i 8j 8k
YIS
o] la 1b lc id le af 1g 1h 1i 1j 1k
la | O 2b 2c 2d 2e 2f 2g 2h 2i 2j 2k
b | 2b | O 3c | 3d| 3e | 3 | 3g ] 3h | 3i 3j 3k
lc 2c 3c o] 4ad 4e 4f 49 4h 4i 4j a4k
S M
1h 2h 3h 4h Sh 6h 7h 8h o] Qi 9j 9k
1i 2i 3i 4i 5i 6i 7i 8i Oi [e] 0j Ok
1y |2 [si[a][si[ei[7 [8]o[o
1k 2k 3k 4k Sk 6k 7k 8k 9k Ok ak o]
@
DLM
1b 2b ] O 3c 3d 3e 3f 3g 3h 3i 3j 3k
1c 2c 3¢ [¢] ad 4e af 49 4h 4i 4j a4k
1h 2h 3h 4h 5h 6h 7h 8h o 9i 9j Ok
1i 2i 3i 4i Si Si 7i 8i Qi [¢] 0Oj Ok
DLM
o] la 1b lc id le af 1g 1h 1i 1j 1k
la | O 2b 2c 2d 2e 2f 2g 2h 2i 2j 2k
af | 2f | 3f | af | 5f | 6f | O 79l 7h | 7i 7i 7k
1g | 29| 39| 49 59 | 69| 79 | O 8h | 8i 8j 8k
DLM
id 2d 3d ad o] Se 5f 5g 5h Si 5j 5k
le 2e 3e 4e Se | O ef 6g 6h 6i 6j 6k
1 [ 2 f[si [a][si[e6i [z [8 o [o
1k 2k 3k 4k 5k 6k 7k 8k 9k Ok ak o]
(b)
Figure 22 S_M. and DLM; in the BC(BLOCK, *) to
BC (2, *) data redistribution on M, over 3

processors.

o
2

o
2

The above example shows that two difference
processors might have the same data in the source
distribution. Since data is distributed over processors
in a regular block-cyclic manner, to accomplish data
exchange, it is possible for one to reuse data elements
that reside in local spaceif the data is necessary for next
computation in the target distribution phase.

A similar observation can be extracted from the
target distribution layout as shown in figure 2(b). As
the above example, we examine the destination local
matrix of Pp.  Adjacent blocks DLM,&p U

7 (0,6 7 (0,4 7 (0,10
DLM,0® and DLM,SY U DLMSD  are
identical to the transposition of

7 (02) 71 (0.8) 7 (0.2 < (0,10)
DLMO(s,s) v DLM 0(39) and DLM 2(33) Y DLM 2(311)

respectively. We consequently obtain the following
two lemmas.

Lemma 2 : Given BC(x,*) — BC(y,*) redistribution
on an nxn symmetric matrix over P processors, for any

destination processor q receives data from source

processor p, in the target distribution, U DLM pég,g)
= (UDLM N where  g=qgxy/P

A(s,u)
r=pxy/P, s=n/P-1, t=g+y-1,u=g+y-1,

0<p,g<P.

Lemma 3 : Given BC(x,*) — BC(y,*) redistribution
on an nxn symmetric matrix over P processors, if P,
needs to send S, elements to P, then S;x(1/P)
elements within § exist originaly in DLM;, where
0<i,j<P, i#]j.

3.3.3 Algorithms

In general, data redistribution can be divided into
sending and receiving phases. The detailed operations
are performed in 6 steps.

Step 1 : Indexing of source distribution. Calculate the
data sets of source local array that need to be
transmitted.

Message packing. Gather the data according to
data sets that obtained in Step 1 and pack them
together into local buffers.

Sending messages. Send al messages to
corresponding destination processors.

Step 4 : Indexing of destination distribution. Calculate
the data sets of the destination local array that
need to be received.

Step 5 : Receive data. Receive all messages from their
source processors into local buffers

Step 6 : Message unpacking. Unpack messages from
receiving buffers to destination local array
according to the communication sets that
obtained in Step 4.

According to the descriptions in section 3.3.2, we add

two optimization phases into above operations. The

modified steps are given as follows and represented in
italic fonts.

Step 2 : Minimize Sending Data Sets. Calculate the
index that destination processors already have
the same data; message packing, gather the
data according to data sets that obtained in this
step and pack them together into local buffers.

Indexing of destination distribution. Calculate
the data sets of the destination local array that
need to be received. Minimize Receiving
Data Sets. Calculate the index that source
processors are already have the same data and
put the data into destination local matrix.

Step 2 :

Step 3¢

Step 4

The agorithm for symmetrical matrix redistribution is
given asfollows.

Algorithm_Symmetric_Redistribution

01. /*Indexing of Send*/

02. for i=0tolocal_row{

03.  golbal_row_index[i]= F’I *x+ (1%x)+ ((i/X)* ((numproc-1)*x));
04. }

05. for i=0tolocal_row{

06 send_index[i][*]=((golbal_row_index[i]/y)%numproc);
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07. }

08./*Minimize Sending */

09. forj=0tolocal_col {

10. brother_index[*][j]=] /x%P;

1.}

12. /* Message Packing*/

13. for i= Oto local_row{

14.  for j=0toloca_col{

15. if send_index{i][j]!=brother_index[i][j1{

16. k= ((gol_row_index[i]/y)%onumproc);
17. buffy [size]= a;
18 1}

19. /*Send data*/

20. send datain buff, to B

21 /*indexing of Receive*/

22. fori=0tolocal_row{

23.  golbal_row_index[i]= P *y+(i%y)+ ((i/y)* ((numproc-1)*y));
24. '}

25. for i=0tolocal_row{

26 receive_index[i][*]=((golbal_row_index[i]/x)%numproc);
27. '}

28./*Minimize Receiving */

29. for j=0tolocal_col {

30. brother_index(*][j]=] /y%P;

31 }

32, if receive_index[i][j]!=brother_index[i][j]{

33 M;[g][h] = &; ;//g=0to n/Pxx, h=n/Pxy
34}

35, transposition M; to M;";
36, for k=1tolocal_row {

37. for j=1tog{
38. if kiy% P=1 {
39, by = Mi[J1*];
40. 1}

41. [* Receive data*/

42. receivedatain buff, to R

43 [*Unpacking*/

44, for i= 0 to local_row{

45.  for j=0toloca_col{

46. if receive_indexX(i][j]!=brother_index[i][j]{

47. k=((gol_row_index{i]/x)%numproc);
48. b; = buff, [size]
49. 1}

50.  end Algorithm_Symmetric_Redistribution

4. Performance Analysis and Experimental Results

4.1 Theoretical Analysis

To investigate the efficiency of the SRA method,
we select atraditional redistribution algorithm, denoted
as TR, to proceed our analysis. GivenaBC (x, *) to
BC (y, *) redistribution on an nxn symmetric matrix
over P processors, the indexing cost of the traditional
redistribution algorithm (TR), according to [3], can be
defined as follow

lem(x,y)
Tindex(TR) = O] ——= 3
dex(TR) (gcd(x’y)J (©)

For packing/unpacking cost, since the size of loca
matrix isn? /P, we can obtain that
n

Tpack (TR) = Tunpack (TR) = O{ Pz j (4)

For the SRA method, in order to explore those
identical pairs of communication patterns, each
processor calculates the communication sets for matrix
elements in both dimensions. This is twice as
Tinde(TR), i.€, 2X Tingex(TR) . After the indexing
phase, an intersection operation with asymptotic
complexity is O(nz/P) should be carried out.
Therefore, we have

n2
Tindex(SRA) =0 ? ®)

For the packing and unpacking process,
according to lemma 3, each processor only needs to
transmit  S; x((P-1)/P) elements to destination

processors P;, where § is the size of message that
should be sent to P,. Therefore, the packing and
unpacking costs of SRA can be defined as

P-1

Tpack (S:\)A) = Tpack (TR) X (6)

For the communication costs, because the SRA
method minimizes the amount of data that need to be
communicated, the analysis of this part will be focused
on data transmission overheads. Since the data
transmission overheads is directly proportiona to the
size of outgoing messages, therefore the communication
costs can be similarly obtained from equation (6).
Given the communication costs of TR method as
Teormm(TR), then the communication cost of SRA can be
modeled as

P-1

Tcomm (SQA) = Tcomm (TR) X

@)

4.2 Experimental Result

To evauate the performance of the proposed
method, we have implemented the SRA and TR methods.
Both methods were written in the single program
multiple data (SPMD) programming paradigm with
C+MPI codes and executed on an SMP/Linux cluster
consisted of 16 SMP nodes, which are interconnected
by 100M switch. Each SMP node has one AMD
Athlon XP2000+ CPU and 1GB main memory. The
operating system used is Linux kernel version 2.4.18.
The mpich and gcc compiler we used is version 1.2.4
and gce 3.2.1, respectively.

Table 1 shows the results of SRA and TR
algorithms to perform aBC (BLOCK, *) to BC (CYCLIC,
*) data redistribution on different matrix size and
number of processors. In table 1, the terms
SRA _comm and TR_comm represent the communication
time of the agorithms, the terms SRA comp and
TR_comp represent the computational time for message
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generation, the terms SRA total and TR_total represent
the overall execution time of SRA and TR algorithms,
respectively. From table 1, we observed that
SRA compislarger than TR_comp. Although the SRA
method reduces 1/P message packing and unpacking
costs, the SRA method constructs message sets twice in
its local space as described in last section, which is two
times to that of TR agorithm, i.e, O(2x N/P);
Therefore, the SRA method has little extra
computational overheads.

For communication overheads, because SRA can
reduce 1/P transmission data, the SRA_comm is smaller
than TR_comm. Since the communication time plays
as the major factor to overal performance in runtime
data redistribution, the extra computational overheads
of SRA method will not offset the benefit of the reduced
communication costs. Consequently, we can observe
that SRA total outperforms TR total.

Table 1 : Execution time of different algorithmsto
perform BC(BLOCK, *) to BC(CYCLIC, *)

Processor # 3 6 9 12 15

Matrix Size NxN  N=1500 N=3000 N=4500 N=6000 N=7500
SRA_comm 0.5079 0.8354 1.3608 1.8112 24085
TR_comm 0.7797 1.0479 1.5390 2.0859 2.6626
SRA_comp 0.0958 0.2421 0.3742 0.6808 0.9785
TR_comp 0.0393 0.1409 0.3022 0.4969 0.7644

SRA total 0.6037 1.0775 1.735 24920 3.3870

TR total 0.8190 1.1888 1.8412 2.5828 3.4271

single precision second

Another minor discovery is that the improvement
rate of the SRA method decreased as the number of
processors increased.  This is because that the
improvement rate of data transmission cost for the SRA
algorithm is directly proportional to (1/P x matrix size).
Consequently, the SRA agorithm performs well when

matrix size is large or the number of processorsis small.

These phenomena match our previous theoretical
demonstrations.

5. Conclusion

In this paper, we have presented an algorithm for
efficient symmetric matrices data redistribution.
Applying the attribute of symmetrical matrices, parts of
identical data that located in local space can be reused
to avoid inter-processor data exchange (as illustrated in
lemmas 1 and 2). The theoretical analysis of lemma 3
also proved that 1/P message packing/unpacking and
communication costs can be reduced. The
experimental results reflect small extra computational
overheads of the SRA agorithm will be incurred.
However, the SRA technique can still provide superior
overall performance. A shortcoming of our proposed
algorithm is that SRA can handle only one of the two
dimensions of a matrix at aredistribution phase, i.e., BC
(x,*) toBC (v, *) and BC (*, x) to BC (*, y).

There are some possible extensions could be made.
One of the issues would be to consider the problem

with generalized arbitrary source and destination
processor sets.  Another important future research
direction would be to investigate the techniques in
irregular scientific computation problems. It would
aso be interesting to extend this technique on
computationa grid architectures.
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