Mapping Nested Loops onto Distributed Memory Multiprocessors

Nectarios Koziris, George Papakonstantinou and Pana yotis Tsanakas

National Technical Universit yof Athens

Dept. of Electri cal and Computer Engineering

Computer Science Division

Zografou Campus, Zografou 15773, Greece e-mail:{nkoziris, papakon}@dsclab.ece.ntua.gr

Abstract

This paper presents Chain grouping; a new low complexity method for the problem of partitioning the index space into groups with little intercommunication requirements, for mapping onto distributed mesh-connected architectures.

First the loop iterations are scheduled in time, according to the hyperplane method, taking into consideration the minimum time displacement. Then, the index space is divided into discrete groups of related computations, which are assigned to different processors, while preserving the optimal makespan. The Chain grouping method is based on grouping along a uniform chain of computations, formed by a particular dependence vector. This vector will be proved as the best to reduce the total communication requirements.

Inside every group, the optimal hyperplane scheduling is preserved, and the references to intragroup computations are considerably increased. The partitioned groups are afterwards assigned to meshes of processors. The resulting space mapping maximises processor utilisation and cuts down overall communication delays while preserving the optimal hyperplane time schedule .

Index Ter ms --- Loop partitioning, hyperplane method, distributed architectures, uniform chains of computations .

1.

� I NTRODUCTION

T he primar ytask in parallelizing a FOR-loop is

finding a sched ule of co mp utatio ns into time, while

preserving the data dependencies of the initial lexicographic

loop order. Manymethods were proposed for finding the

dependencies between different statements, and ho w these

affect the loop´s inherent parallelism. Dependence analysis

methods, such as these evaluated in [12], are used to trace

the actual dependence set. Since dependence vectors

describe the flo w of co mp utatio ns theyare used to find the

optimal parallel execution time. T he lo wer bound on the

parallel executio n time and on the number of processors for

nested loops with unifor m dependencies were presented in

[1]. As far as linear schedules are concer ned, the wid ely

used method is the hyperplane method, presented b y

Lamport in [9]. T his method was further extended byother

researchers such as Shang in [14] with the introduction of

displacement, or Darte [3] by affine b ystatement sched ules, thus allo wing more co mputations to be executed in parallel.

T he main notion behind such scheduling is the introduction

of a linear transfor mation, which organizes indexed

comp utatio ns into well-defined distinct groups called

hyperplanes. Mathematical conditions which guarantee

validityfor a linear schedule were well defined and

presented, and algorithms which find the optimal linear

schedule were extensively elaborated [4], [10], [14].

Linear sched ules in loop parallelization were used in

almost ever yattempt to map a nested loop into systolic

architectures. Linear transformations affect all indexed

comp utatio ns unifor mly, thus producing time sched ules

which fit into regularly interconnected parallel

architectures. T ypical examples for linear transfor mations

are mapping transfor matio ns for systolic arrays [10], which

due to their linearity, impose no artificial co mmunication

overhead, or job management requirements which would

increase circuitr yco mplexity, or schedules for grid task

graphs with zero or unit co mmu nication delays [2], [8].

Once optimal parallel executio n is fo und, an efficient

method of mapping the co ncurrent groups of co mp utations

into a parallel architecture should be applied. In the past,

many proposed mapping methodologies were focused upon

special purpose parallel architectures such as systolic

arrays. Since systolic cells are synchrono usly operating,

there is no need for co mmunicatio n efficient mapping.

Fewer papers dealt with the problemof mapping nested

loops into MIMD architectures. I n message passing

multiprocessor systems, co mmunication delays playthe

mo st important role, since they can increase dramatically

the total executio n time. Researchers are tr ying to minimise

the interprocessor communication, thus increasing the

intraprocessor activity, b ydividing the index space into as

much as possible independent groups o f co mputations.

Shang in [13], Hollander in [5] and Peir in [11], have

presented methods for dividing the index space into

independent sets of co mp utations which are assigned to

different processors, thus zeroing the co mmunicatio n cost.

Unfortunatelythe independent partitioning of the index

space in not always feasible. Sheu and T ai, in [15],

presented a systematic method of partitioning the index

space into groups and assign them into different processing

elements. T heir method is based on hyperplane time

scheduling. T he space partitioning is done along an axis perpendicular to the optimal hyp erplane. Unfortunately this,

as it will be sho wn, does not lead to the best results.

Altho ugh such a grouping preserves the optimal time

execution policy, it does not consider increasing the local

references inside ever ygroup. Further more, space

partitioning is done without taking into consideration the

notion of displacement, thus giving poor results when

displacement is greater than one. Nevertheless, this

approach had the advantage of proposing a linear space

scheduling, with lo w co mplexity. I n addition to this, King

et al in [6], have presented a method, which gro ups related

comp utatio ns, together, follo wing one or more dependence

vectors. Ho wever, their method exhaustively transverses

the whole index space, to define the group where each

comp utatio n belongs. T ime sched ule is not explicitly

defined. Further more theyo nly discuss co mp utatio nal

structures on two dimensional index spaces. Ho wever, they

introduced the idea of gro uping along dependence vectors,

which reduces overall co mmunication requirements.

In this paper we will present Chain Gro uping, a

method which co nsiderablyenhances the results presented

by Sheu and T ai, in [15]. We propose a different index

space partitioning. Grouping is done along a unifor mchain

of co mputations for med b ya specific dependence vector.

Grouping alo ng a dependence vector ensures that, for ever y

index point, references to previous co mputation through

this dependence vector, will be satisfied inside the same

processor. Further more, the grouping vector is chosen so as

to maximise the references inside the same processor,

through other dependence vector paths. In other words,

chain grouping not onlyincludes directlydependent

comp utatio ns to be executed on the same processor, but

also co mputatio ns which depend on each other through

additional non-unifor mdependence paths. In addition to

this, Chain grouping preserves the optimal time sched ule

determined b ythe hyperplane method of [9]. T he

outperfor ming results of our proposed Chain Grouping are

sho wn through a co mplete examp le, together with a

compariso n with the method presented in [15].

T he rest of the paper is organised as follo ws: Basic

ter minologyand definitions used throughout this paper are

introduced in Section 2. In Section 3 the structural

properties of the index space are presented. Finally, Section

4 presents the Chain grouping , the proposed method for

dividing the index space into co mmunication reduced

groups while preserving efficient co mmunication and

processor utilisatio n, together with an illustrative example.

2. P

RELIMINARY C ONCEPTS

AND D EFINITIONS

2.1. The Model of the Algorithms

In this paper we will use as a co mp utatio nal model

nested FOR-loop algorithms with uniform data

dependencies. T hat is, our algorithms are of the for m:

FOR I

1

=l

1

TO u

1

DO

...

FOR I

n

=l

n

TO u

n

DO

AS

1

(I)

...

AS

k

(I)

ENDFOR

where: (1) l

i and u

i are integer-valued constants, (2) I =(I

1

,

..., I

n

) and (3) AS

1

, ..., AS

k are assignment statements of the

for mV

0

=E(V

1

, ..., V

l

), where V

0 is an outp ut variable

indexed b y I and produced byexpressio n E operating on

input variables V

1

, ..., V

l

, also indexed b y I .

2.2. Notation

T hroughout this paper the follo wing notation is used:

N is the set of naturals, Z is the set of integer s, n is the

number of nested FOR-loops of the algorithm and mis the

number of dependence vectors of the algorithm. J n Ì Z n is

the set of indices: J n = {(I

1

, ..., I

n

) |I

i

Î Z Ù l

i

£ I

i

£ u

i

, 1 £ i £ n}.

Each point in this n-dimensional integer space is a distinct

instantiation of the loop body. A dependence vector is

denoted d

i

=(d

i1

, ..., d

in

), 1 £ i £ m. T he dependence set D of an

algorithm A is the set of all dependence vectors of this

algorithm: D={ d

1

, d

2

, ..., d

m

}. Notice that all dependence

vectors are considered uniform, i.e. independent of the

indices of co mp utatio ns.

3. � S

TRUCTURAL P ROPERTIES OF THE I NDE X

S PACE

In this sectio n we shall present the partial ordering

introduced b ythe dependence vectors. Dependencies

impose precedence constraints, and partition the index

space into sets, chains and antichains through the

establishment o f a partial ordering among co mp utations.

We no wproceed to define the follo wing sequences of

sets and binar yrelations over J n :

� A subset C={ j

1

,..., j r

} of J n is called a chain iff ever y two elements of this set are related with <

D

. For mally, there exists an order j

1

<

D

....<

D

j i

<

D

....<

D

j r

· � A subset A={ j

1

,.., j r

} of J n is called antichain iff no two distinct elements are related with <

D

. n

Definition 3.4: Given an algorithm A( J n , D), a base set k d

B with respect to a specific d k

Î D, is defined as k d

B ={ k d

b Î J n

| " i Î J n we have that i + d k

¹ k d

b }. n

In Appendix I we give a lo wco mplexityalgorithm for finding the base set k d

B .

Definition 3.5: A chain C d

= j

0

, ..., j k

of J n is a uniform chain with respect to d Î D iff:

(1) j i+1

= j i

+ d , 0 £ i £ k-1,

(2) j

0

- d Ï J n and j k

+ d Ï J n .

C d

is co mpletelydeter mined by its minimu melement j

0 because j i

= j

0

+i d . We shall call j

0

the basis of C d

. Clearly j

0

Î B d

. n

Recall that a linear transfor matio n

�

� organizes a j comp utatio n to be executed at t j

= ú û

ú ê ë

ê

P

+ P disp

0

t j

, j Î J n where t

0 is the initial time instant. From no w on, we will assume t

0

=0 for simplicity reasons.

Given an n-dimensio nal nested loop, everysingle iteration is depicted as a unique point j (j

1

,�, j n

) of the index space. According to the algorithmic model defined in

Section 2, the dependence vectors link different points of the index space. T his dependence relation between the loop iterations, introduces a partial ordering inside the index space. T his ordering creates chains of co mp utatio ns, which are closelyrelated one to another b ya dependence.

Definitio n 3.3 gives this partial ordering relation between points of the index space. Since there exist different dependence vectors, there exist manyalter native paths which link various nodes of the J n . Consequently there exist many ways o f dividing the index space into chains of comp utatio ns.

Applying a schedule of co mp utatio ns into time is equivalent to dividing the index space into antichains, where each antichain co ntains co mp utations, which should be scheduled at the same time instance. Once the partitioning into time antichains using a time schedule is done, we should gro up co mputatio ns together using a grouping method. Grouping of co mp utatio ns is done keeping track of the follo wing criteria: minimising the overall makespan (co mpletion time of the last point) and minimizing the co mmunication between co mputations, which belong to different processing elements. Our objective is to reduce the interprocessor communication while preserving the minimum makespan.

In this paper, we co nsider as time schedule the hyperplane method introduced by Lamport in [9]. Since the time antichains are uniquely defined b ythe

K \SHUSODQH� �

� the minimization of co mmunicatio n is done b yorganizing comp utatio ns into chains which have the maximum possible intrachain activity. Our method for efficient communication sched ules is based on the fact that reducing the overall co mmunication is equivalent to maximizing the intraprocessor communication. Our space sched ule is based on assigning chains of co mp utations to the same processor.

T hus, the dependence vector which incurs the partial ordering inside ever ychain is satisfied inside the processor.

On the other hand we tr y to use co mpo und chains which are

for med b ydependence vectors, which are linear combinatio ns of other simpler dependence vectors.

4. � T HE C HAIN G ROUPING M ET HOD

Given a finite index space J n and the dependence set

D, the fir st step is to find the hyperplane vector � � which determines the optimal executio n time. Once � � is found b y applying one of the methods presented in [4], or in [14], we should partition the index space into disjoint groups of related computations. An efficient grouping method should reduce the amo unt of intergroup co mmunication while preserving the execution ordering imposed b ythe time scheduling step. As far as the grouping problemis concerned, Sheu in [15] proposed the projection of the whole index space V p onto a plane perpendicular to the projection vector �

� T his method does not lead to efficient

grouping, since it ignores the clustering o f related

comp utatio ns inside the same group. Further more it needs

the transversal of the whole index space, since ever y point

of J n is projected to the plane perpendicular to �

>�@� Consider two points j

1

(0, 1) and j

2

(1, 2). Projecting them on the perpendicular to � plane, we have the same projection vector

q

�

M . Obviously

j

1

, j

2 are grouped inside the same group, but there are no

direct dependence relations between them. Of cour se j

1

, j

2

are linked through the path (0,1)>

D

(0,2)>

D

(1,2), but this

path contains points which belong to different groups

according to the mapping proposed in [15], thus imposing

communication o verhead. In example 4.1, we will apply

both this method and our proposed Chain grouping and the

comparative results will sho who w much the

communication is further reduced with Chain gro uping.

Chain grouping proposes a slight different procedure.

Given an algorithm A( J n , D), the first step is to find the

optimal time linear schedule given b y the hyperplane

method. Once � � is found, the partitioning p hase of the

index space into groups is starting. According to the

criterion of reducing the overall co mmunication cost, we

should tr yto group related comp utatio ns together. Recall,

that fro mthe structural properties of the index space, two

comp utatio ns i , j are related if there exists a partial ordering

i <

D j or vice versa. Obviously, when this partial order

relation is deter mined onlyb y the same dependence vector

d

k

, then the chain of co mp utatio ns which is for med is called

uniform . Chain scheduling tries to put into the same

processor, unifor mchains o f co mputations for med b yone

selected dependence vector. T his vector is called the

projection vector d

k and it is selected fro mthe dependence

set b ysatisfying the follo wing criterion: Grouping as many

as possible similar unifor mchains of co mp utatio ns

together, while preserving the hyperplane time execution

order. T his means that all index points belonging to

different chains which are mapped to the same processor,

are executed at different time instances. In addition to this,

the fact that as manyas possible unifor mchains along d

k

are grouped together, means that we tr yto encapsulate into

the same processor-group as manyas possible dependence relations. Obvio usly, since ever y chain for med b y d

k is

inside the same processor, there are no communication

overheads for this particular vector. Also, since the

grouping factor r is the biggest possible, this means that

mo st of references fro mone point i to another j through the

d Î D-{ d

k

} are kept inside the same processor, thus not

contributing to the overall communication over heads.

T heorem4.1 proves that when the projection vector is

selected as the one with the maximum grouping factor r ,

then the time execution order given b ythe optimal � � is

preserved. In addition to this, since r is the maximum

possible, there exist index points belonging to the same

group which are linked through dependence vectors other

than d

k

. T he follo wing definitio n gives the properties of the

projection dependence vector d

k

:

Definition 4.1 ( Projection vector ): Given an algorithm

A( J n , D) and the corresponding optimal hyperplane � �WKH

projection vector d

k is selected as

d

k

: ú

û ú

ê

ë ê

P

P

disp

) d gcd( /

ki k d

=max ú

û ú

ê

ë ê

P

P

disp

) d gcd( /

ji j d

, d

j

Î D,

i=1.., n where gcd() is the greatest co mmo n divisor of the

coordinates d

ji of d

j

. n

In addition to the above definition, we call r

= ú

û ú

ê

ë ê

P

P

disp

) d gcd( /

ki k d

the grouping factor with respect to d

k

projection vector.

Once the projection vector d

k is selected fro mthe set

D, we should project all points of J n to the plane

perpendicular to d

k

. Since the index space J n is n-

dimensional, the projection of all points to the n-1

dimensional plane perpendicular to d

k

, gives n-1

dimensional projection points. T he follo wing definitio n

determines the projection of a point j (j

1

,�, j

n

) with respect

to the projection vector d

k

.

Definition 4.2 ( Projected Point ): Given a projection vector

d

k

(d

k1

,�, d

kn

), we define the projected point j d k as the

projection of the index point j (j

1

,�, j

n

) onto a plane

perpendicular to d

k

. n

Mathematically, j d k = j -

k

k k k d

d d d j

×

×

, as sho wn in figure 2.

Conseq uently, the projection of all points of J n produces

the Projected Index Space:

Definition 4.3 ( Projected Index Space ): Given an index

space V and a projection vector d

k

, we define the Projected

Index Space V d k as the set V d k = { j d k : j d k = j -

k

k k k d

d d d j

×

×

,

j Î J n }. n

All projected points of the index space are linked through

the corresponding projected dependence vectors. If j

1

, j

2 are

two points of J n , where j

1

= j

2

+ d , d Î D -{ d

k

}, then the

corresponding projected points

N

�

M , N G

�

M are linked through

N G

G : N G

�

M = N G

�

M + N G G where N G G is the projection of the d on the plane perpendicular to d k

.

Definition 4.4 ( Projected Dependence Vector ): Given a projection vector d k

and a dependence vector d Î D-{ d k

}, the projected dependence vector d d k is defined as:

d d k = d - k k k

k d d d

d d

×

×

. n

T he vector that is used to group the projected points of J n into groups is called the grouping vector. T he follo wing for mally defines the grouping vector d g

:

Definition 4.5 ( Grouping vector ): Given an algorithm A( J n ,

D) and the corresponding optimal hyperplane � � the grouping vector is selected as d g

: � d g

= min{ � d i

, i=1,...,m, d i

Î D}

Once the projection vector d k

is selected, we find the set k d

B (definitio n 3.5) , the base set with respect to d k

. T he algorithm of Appendix I gives a straightfor ward way o f finding k d

B . We do not need to project all points of J n to the plane perpendicular to d k

, but onlythe points o f k d

B as lemma 4.3 proves. T he follo wing definition presents the properties of the projected Base Set with respect to d k

:

Definition 4.6 ( Projected Base Set ): Given a base set k d

B with respect to a specific d k

Î D and a projection vector p , we define the projected base set k d k d

B as the set k d k d

B = { j p : j p = k d

b - p p p

p j

×

×

, k d

b Î k d

B } n

T he projected base set k d k d

B contains all projected points of k d

B onto the plane perpendicular to d k

. Since ever y k d

b Î k d

B is the base element of ever ychain k d

C for med b ya d k

vector, the set k d k d

B contains the projected basis (see definition 3.6) of all possible k d

C . Our method groups together subsequent chains k d

C , whose basis are linked with the projected grouping vector k d g

d .

Once the projected base set k d k d

B is found, we cluster together r projected points k d o

b , ..., k d

1 - r

b along the direction of k d g

d into a k d k d , l

B subset. Since a k d k d , l

B subset co ntains r basis points of r unifor m k d

C chains, ever ygroup G l includes r k d

C chains. Each gro up G l

is for med bythe base subset k d k d , l

B follo wing ever ychain of co mputations k d

C along the grouping vector d k

. T he partitioning in such

G i

groups is the partitioning of the index space with the

Chain Grouping method.

Each sub set G i

is called a partitioned group of J n with respect to d k

. Obvio usly, depending on the selectio n of d k

, we can split the index space J n into various different G i

´s.

T he follo wing gives the for mal description of a Chain grouping:

Definition 4.7 : Given an algorithmA( J n , D), we define as

Chain Grouping G( J n , � , d k

) the partitioning of the index set J n into disjoint groups G i

such that:

· � J G n

a

0 i

i

=

=

�

· � G i

={ j Î J n : j = k d

b +

� d

k

,

k d b Î k d

k d , l

B Ù � � Î Q}

Where k d

k d , l

B is a subset o f the projected base set

k d

k d

B containing r basis grouped b yd

g

.

Finally, in order to evaluate the different proposed

partitioning schemes of the index space J n , in ter ms of total

communication requirements, we count the total number of

edges between co mp utatio ns belonging to different group

pairs.

Algorithm( Chain Grouping )

Input: An algorithmA ( J n , D) and the corresponding time

hyperplane �

ù � J n ,D), Chain grouping

G( J n , � � d

k

) preserves the optimal time scheduling defined

bythe hyperplane � . ( Proof: Derived fro mLemmata 4.1

and 4.2, see [7]) p

Exa mple 4.1:

Consider the follo wing algorithm A(J 2 ,D)

For j

0

= 0 to 4 do

For j

1

= 0 to 4 do

a(j

0

, j

1

) = a(j

0

-1, j

1

-2) + a(j

0

,j

1

-1) + a(j

0

-1, j

1

)

end

end

Clearlythe index space is J 2 ={(j

0

,j

1

) |0 £ j

o

,j

1

£ 4}, and the

set of dependence vectors is D={d

1

,d

2

,d

3

} where d

1

=(0,1),

d

2

=(1,2), d

3

=(1,0)

Applying the hyperplane method on A(J 2 ,D) we find that

the optimal in ter ms of total execution time hyperplane is

� >�@� We will applyboth Chain Grouping and the

grouping presented in [15] to see the outperfor ming results

of our proposed method.

a)

� Chain grouping:

T he grouping factor r is r =max ú

û ú

ê

ë ê

P

P

disp

) d gcd( /

ji j d

, j=1 ,..,3

and it is r =3 for d

2 vector which is chosen to be the

projection vector. T he grouping vector is one of the d

1

, d

3

.

We arbitrarilychoose d

1

=(0,1).

Consider the point j

1

(0,2). Fromdefinition we have the

projected point

� G

�

M =(-4/5,2/5). In similar way, we find the projections of the other points belonging to

2 d

B . T he projection of the grouping vector d

1

with respect to d

2 is: � G

G (-2/5,1/5).

0

3

2

1

1 2 3

�

j 1 j

1

P

j

1 plane

perpendicula r

to

he grouping factor r is r=max { r i

}, where r i

is the smallest positive integer such that r i

d i

Î Z n , and in this example r=2.

0

3

2

1

1 2 3 4

j

1 j

1

d k j

1

d k

�

plane perpendicu lar to d k

Fig. 3: Projection using � � as the projection vector t i

G

1

G

2

G

3

G

4

G

5

0 (0,0)

1 (0,1) (1,0)

2 (0,2) (1,1) (2,0)

3 (0,3) (1,2) (2,1) (3,0)

4 (0,4) (1,3) (2,2) (3,1) (4,0)

5 (0,5) (1,4) (2,3) (3,2) (4,1)

6 (1,5) (2,4) (3,3) (4,2)

7 (2,5) (3,4) (4,3)

8 (3,5) (4,4)

9 (4,5)

T able 2: Schedule produced by Sheu Grouping

0

5

4

3

2

1

1 2 3 4

G 1

G 2

G 3

G 5

G 4

Fig. 4: Chain Grouping along d

3

0

5

4

3

2

1

1 2 3 4

G 1

G 2

G 3

G 4

G 5

Fig. 5: Sheu Grouping alo ng �

G

1

G

2

G

3

G

4

G

5

G

1

5 - - -

G

2

5 11 - -

G

3

- 11 11 -

G

4

- 11 5

G

5

- - - 5

T able 3: Communication cost for grouping of table 3.

G

1

G

2

G

3

G

4

G

5

G

1

5 - - -

G

2

5 8 - -

G

3

- 8 8 -

G

4

- 8 3

G

5

- - - 3

T able 4: Communication cost for grouping of table 1

Both grouping methods preserve the time schedule given b y

�

>�@�VHH�ILJ� and 5). If we co mpare the results of tables

3 and 4, we will see that Chain Grouping has a total of 24

links whereas Sheu [15] grouping has 32 interprocessor

links. T hus there has been a 25% improvement when the

grouping was perfor med along d

3 dependence vector.

5. � C

ONCLUSI ON

In this paper we presented Chain grouping, a new method

for partitioning the index space into gro ups of co mp utations

which have little interco mmunication requirements.

Grouping is perfor med b yprojecting the index space onto a

plane perpendicular to the projection dependence vector.

T he projection vector was proved to be the best in ter ms of

reducing the overall inter group co mmunicatio n . Chain

grouping reduces the overall co mmunication costs and

maximises processor utilization, while preserving the

optimal time schedule introduced bythe optimal h yperplane

� . It has also been sho wn that the suggested method

outperfor ms similar methods presented in [6] or [15], in

ter ms of total co mmunicatio n requirements, while having

lo wer co mplexity.

A PPENDIX

I. Algorithm for generating B

d k

begin

for i=1 to n

if d

ki

> 0 then boundar y( i)=d

ki

+l

i

-1

else if d

ki

< 0 then boundar y( i)=d

ki

+u

i

-1

generate j=(j

1

, ..., j

n

) Î J n such that

if d

ki

>0 then l

i

£ j i

£ boundary( i) else if d ki

<0 then boundar y( i) £ j i

£ u i else j i

=0 end

R EFERENCES

1. T. Andronikos, N. Koziris, Z. Tsiatsoulis, G. P apakonstantinou and P . Tsanakas, ^Lo wer Time and P rocessor Bounds for

Efficient Mapping of UniformDependence Algorithms into

Systolic Arrays, ~ Journal of Parallel Algorithms and

Applications, vol. 10, no. 3-4, pp. 177-194, 1997.

2. T. Andronikos, N. Koziris, G. P apakonstantinou and P.

Tsanakas, ^Optimal Scheduling for UET-UCT Generalized n-

Dimensional Grid Task Graphs,~ Proceedings of the 11 th

IEEE/ACM International Parallel Processing Symposium

(IPPS97), pp. 146-151, Geneva, Switzerland.

3. A. Darte, Y. Robert, ^Mapping UniformLoop Nests onto

Distributed MemoryArchitectures,~ Parallel Computing, vol.

20, pp 679-710, 1994 .

4. A. Darte and Y. Robert, ^Constructive Methods for Scheduling

UniformLoop Nests,~ IEEE Trans. Parallel Distrib. Syst ., vol.

5, no. 8, pp. 814-822, Aug. 1994.

5. E. H. Hollander, ^P artitioning and Labeling Loops by

Unimodular Transformations~, IEEE Trans. on Parallel

Distributed Systems , vol. 3, no. 4, pp. 465-476, Jul. 1992.

6. Chung- Ta King, W-H Chou and L. Ni, ^Pipelined Data-

P arallel Algorithms: P art II Design~, IEEE Trans. on Parallel

Distributed Systems , vol. 2, no. 4, pp. 430-439, Oct. 1991.

7. N. Koziris, G. P apakonstantinou and P. Tsanakas, ^Mapping

Nested Loops onto Distributed MemoryMultiprocessors,~

Technical Report CS-DSCLAB-TR-2-97, Digital Systems and

Computers Laboratory , NTUA, 1997 .

8. N. Koziris, T. Andronikos, G. Economakos, G.

P apakonstantinou, and P. Tsanakas, ^Automatic Hardware

Synthesis of Nested Loops using UET Grids and VHDL,~

Proceedings of the International Conference on High

Performance Computing and Networking (HPCN97), Lecture

Notes in Computer Science, Springer-Verlag, pp. 888-897,

Vienna, Austria 1997.

9. L. Lamport, ^The P arallel Execution of DO loops,~ Commun.

ACM , vol.17, no.2, pp. 83-93, Feb. 1974.

10. D.I. Moldovan and J.A.B. Fortes, ^Partitioning and Mapping

Algorithms into Fixed Size Systolic Arrays,~ IEEE Trans.

Comput ., vol C-35, no 1, pp. 1-11, Jan. 1986.

11. J.K. P eir and R. Cytron, ^MinimumDistance: A Method for

P artitioning Recurrences for Multiprocessors,~ IEEE Trans.

Comput ., vol. 38, no. 8, pp.1203-1211, Aug. 1989.

12. K. P sarris, ^On Exact Data Dependence Analysis,~

Proceedings of the 1992 International Conference on

Supercomputing , ACM P ress, pp. 303-312, Washington, 1992.

13. W. Shang and J.A.B. Fortes, ^Independent P artitioning of

Algorithms with UniformDependencies~, IEEE Trans.

Comput ., vol. 41, no. 2, pp. 190-206, Feb. 1992.

14. W. Shang and J.A.B. Fortes, ^Time Optimal Linear Schedules for Algorithms with UniformDependencies,~ IEEE Trans.

Comput ., vol. 40, no. 6, pp. 723-742, June 1991.

15. J.-P. Sheu and T.-H. Tai, ^P artitioning and Mapping Nested

Loops on Multiprocessor Systems~, IEEE Trans. on Parallel

Distributed Systems , vol. 2, no. 4, pp. 430-439, Oct. 1991.