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Introduction:

The parallel programming 

problem
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The challenge of our times
4

Widespread parallel programming Ÿ a dip in 

productivity. 

Our quest in software research is                         

(and has always been): improve productivity. 

In the near term Ÿ try to recover from the 

setback.



What to do ?
5

Ã Languages/Notation

Ã Tools (compilers/autotuning /libraries)

Ã Education. 



Focus of this talk6



Programming notation
7

ÄPrefer no new languages

ÄFocus on data types

ÂCan be used on its own or in combination with control 

parallelism

ÄExtensions for autotuning

ÂSecond best way to deploy autotuning after library 

generation



Arrays and Data Parallel Programming
8



Array Languages

Ã Popular among scientists and engineers.

ÄFortran 90 and successors

ÄMATLAB

Ã Parallelism not the reason for this notation.
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Array Languages

Ã Convenient notation for linear algebra and other 
algorithms

Ä More compact

Ä Higher level of abstraction

do i =1,n do i =1,n

do j =1,n do j =1,n

C(i,j )= A(i,j)+B(i,j ) S = S + A(i,j )

end do end do

end do end do  

C = A + B     S += sum(A)
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Arrays for parallel programming
11

ÅUsed in the past: Illiac IV, Connection 
machine, é 

ÅGoogleôs MapReduce

ÅIntelôs Ct.

Ã Surprisingly, not universally used.

Ã Vectorization has been used instead of explicit 
vector operations. 

Ã Fortran 90 is translated into loops and later 
vectorized



How well does vectorization work ? 
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Manual Vectorization

ICC 8.0

G. Ren, P. Wu, and D. Padua: An Empirical Study on the 

Vectorization of Multimedia Applications for Multimedia Extensions. 

IPDPS 2005
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Benefits of using arrays for parallel 

programming
13

Ã Data parallel programs based on arrays 
resemble conventional, serial programs.

ÄParallelism is encapsulated.

ÄParallelism is structured

ÄComposable

Ã Portable

ÄCan run on any class of machine for which the 
appropriate operators are implemented

ÂShared/Distributed Memory, Vector Intrinsics, GPUs

Operations implemented as 

messages if distributed memory

Operations implemented as 

parallel loops in shared memory

Operations implemented with 

vector intrinsics for SIMD



Benefits of using arrays for parallel 

programming

Ã Determinacy can be enforced or non-

determinacy encapsulated

Ã Autotuning/compiling is facilitated by the 

higher level notation:

ÄATLAS from MATLAB

ÄData structure selection

Ã Seems that many autotuning features can be 

included in declaration.
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Tiles  
15



A fundamental idea in 

computing
16



Wide range of applicability
17

Ã Locality

Ã Avoiding contention on centralized data 

structures

Ã Data distribution

Ã Load balancing



Ã Arrays where tiles are

ÄReferenced explicitly. 

ÄManipulated using array operations such as 

reductions, gather, etc..

G. Bikshandi, J. Guo, D. Hoeflinger, G. Almasi, B. Fraguela, M. Garzarán, D. Padua, 

and C. von Praun. Programming for  Parallelism and Locality with Hierarchically Tiled. 

PPoPP, March 2006. 
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Tiled Arrays



Locality

Locality

Distributed

Tiled Arrays
19



repmat(h, [1, 3])

circshift( h, [0, -1] )

transpose(h)

20

Array operations



Higher Level Operations
21

Ã Well-known

Ä reduce, circular shift, replicate, transpose, etc

Ã Programmers create new complex parallel 

operators with hmap

ÄApplies user defined operators to each tile of the 

HTA

ÂAnd corresponding tiles if multiple HTAs are passed 

as input

ÄApplication of operator occurs in parallel across 

tiles
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Cannon's Matrix Multiplication
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%Main loop
for i = 1:n

c = c + a * b;
a = circshift( a, [0, - 1] );
b = circshift( b, [ - 1, 0] );

end 
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Cannon's Matrix Multiplication



FT
24



Tuning: Number of tiles, tile size
25

Example: Samehôs Spike 

algorithm

OPTIMIZATION PARAMETER  PART OF DATA TYPE
A =hta( é tile_shape=[n?,n?]é)



A compact, readable notation

EP            CG           MG          FT            LU

L
in

e
s
 o

f c
o

d
e

Lines of Code. HTA vs. MPI
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User Defined Operations -

Merge
27

Merge (HTA input1, HTA input2, HTA output ) {

i = input1.size() / 2

input1.addPartition( i )

j = h2.location_first_gt( input1[i] )

input2.addPartition(j)

k = i + j

output.addPartition(k)

hmap( Merge(), input1, input2, output )

}

é

}

input1 input2

Merge() Merge()



Tuning: When to switch to serial 

merge
28

Optimization parameter part of data type

Merge (HTA[n?] input1, HTA[n?] input2, HTA output ) {   

é serial merge é  

}

Size Ò n?



NUMBER OF LINES FOR THE FIVE CODES PARALLELIZED IN THE HTA AND TBB

VERSION

29

SLOC comparison: HTAs vs. TBBs



void lu(HTA<double,2> A, HTA<int,1> p,int nb)

{

A.part((0,0),(0,0));

p.part((0), (0));

while(A(0,0).lsize(1)<A.lsize(1)){

int b = min(A(1,1).lsize(0), nb);

A.part((1,1),(b,b));

p.part((1),  (b));

dgetf2 (A(1:2,1), p(1));         

dlaswp (A(1:2,0), p(1));

dlaswp (A(1:2,2), p(1));

trsm (HtaRight, HtaUpper, HtaNoTrans,

HtaUnit, One, A(1,1),A(1,2));

gemm(HtaNoTrans, HtaNoTrans, MinusOne,                        

A(2,1), A(1,2), One, A(2,2));

A.rmPart((1,1));

p.rmPart((1));

}

}

FLAME HTA

Dynamic tiling


