Introduction

A Parallel Programming is hard
I'Why? 1 t’"s jJust hard

A What if there are good programming tools?
IProfil ers, Debugger s, Te¢
I Tools specialized parallel programming?

A Stateof-the-art tools for parallel programming

I Intel Parallel Studio \
i CriticalBluePrism \»

I VectorFabricgfAnalyst  « f




A What problems can Parallel Programming
Tools help? od
I Whereto parallelize?
AWhich code section do | need to look at?

I Is thiseffective?
AWhat would be the projected speedup?
AWhat would be the optimal parallel machine?

i [Howcan | parallelize the codé? Focus ofJ

Als the code embarrassingly parallel? | the paper
AOtherwise, must guarantesafeparallelization
AThe root causedata dependences

AParallelizable code should hawe dependences
I Except parallelizable reductions




A How can we analyze data dependences?

I Compilers can do the job, but limitations due to the
pointer-to analysis problem

A An alternative DataDependence Profiler
I Dynamicallyanalyze data dependences

A How it works?

for (I=1;1<N;++i) {
I Ali 0 1];

Prospector
Loop-Carried
Dependence

Z D
I\

ilf there i's npotendiadiyp e n d e n |
embarrassingly parallelizable

I Otherwise, we report the details of discovered
dependences for the parallelization

Alil =
}




Problems

A However, current datalependence profilers
I Too muchmemory and time overheads
I Limits features of parallel programming tools
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Memory Overheads of The Dependence Profiling of Intel Parallel Advisor, SPEC 2006(t




Overview of Prospector

A Prospector

I Parallel programming assistant tool based on a
dynamic datadependence profiler
AFinds potentiallyarallelizable loops
AProvidegdetailed dependence information
AExploring hidden parallelism

I Embarrassingly parallelizable? Yes, Prospector guides how to
change the code

I Otherwise, is there possibility to apply other types of
parallelism?

I Need ascalableandrich dependence profiler

AEven a large and long application can be profiled with
detailed information
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Scalable Dependence Profiler

A Memory-Scalable Algorithm .
I Key observation: Fincbompressible patirerns
| StridebasedDependenceé_heckingAlgorithm
I (1) Detects strides and compresses them

[ 10, 14,0C 1184;4*i],.0<3'0<:5J

I (2) Computedata dependences with strides
AA new algorithm: DynamiGCD

I (3) Effectively handles strid@ased structures
with non-stride structures




A TimeScalable Algorithm
I Key observation
ADependence profiling itself can be parallelizal_e

I A Hybrid Parallelization Model
APipelined parallelization + Datavel Parallelism

I Additional algorithms for the stride handling

Loop/Stride
'{ Profiling

Trace Generation

Data-Dependence J

» Profiling
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[Address space is divided for each ta}k Task = Task ... Task
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An lllustration of Prospector
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} // End of for -

: void match()

{
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reset_nodes();
while ('matched) {

int match_cnfd = simtest2();
if ((match_cnfd) > rho) {
pass_flag = 1:

le after Reduction]

oid scan_recognize (startx , starty , endx, endy, stride) :
/[ Hot Loop ]
. #pragma omp for private ( ikmn )
for (j = starty ;j< endy ; j += stride)
for ( i = startx ; i < endx; i +=stride){ Parallelizab
|.o.ass_flag =0;
match();
if (pass_flag == 1) {
if (set_high [tid ][0] ==TRUE) {
highx [tid ][0] =1, highy [tid ][0]=};
set_high [tid ][0] = FALSE; -
} _ _ ﬁ Loop-carried
if set_high [tid ][1] == TRUE) {

WAW: Privatizatior}

70: void reset_nodes()

71: {

72: for ( i =0;i<numfls;i++) {

73:  fl_layer [tid ][i].W=0.0;
74 Y [tid ][il.y=0.0;

if (match_cnfd > highest_confidence
highest_confidence
set_high [tid ] [winner] = TRUE;

}

[ tid ] [winner]){
[ tid ] [winner] = match_cnfd;

——

Loop-carried RAW:
Parallel Reduction MAX




Conclusion

A We claim the Dynamic Dependence Profiler
I WIll be a basis tool that assistants parallel
programming
A We presentProspector

I Parallelism extraction and parallel programming
guiding tool

| Based on acalabledata-dependence profiler

I Predictparallelizable loop# no dependences

I Guidescode change to avoid dependences




Future Work

A What about hareto-parallelize loops?

I Can Prospector guide parallelization for loops
which have true dependences?

Aldeally, we want to provide hints such‘as ns e r t
or use transactional memory at this point to parallelize
the | oop”

I Can Prospector give advice on parallelization
methodologies?

AUsemulticoresfor this loop withOpenMPor TBB, but
try to GPGPU or SIMD ftbrat loop




