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Problem Statements
Evolution of the ar
hite
ture (Multi
ores, GPUs...)Evolution of parallel exe
ution environments (OpenMP, MPI, OpenCL...)Parallel software developed by 
onverting sequential programs by hand
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Context
in = InitHarris();
//Sobel
SobelX(Gx, in);
SobelY(Gy, in);
//Multiply
MultiplY(Ixx, Gx, Gx);
MultiplY(Iyy, Gy, Gy);
MultiplY(Ixy, Gx, Gy);
//Gauss
Gauss(Sxx, Ixx);
Gauss(Syy, Iyy);
Gauss(Sxy, Ixy);
//Coarsity
CoarsitY(out, Sxx, Syy, Sxy);

SobelX
MultiplyGx

S
heduling ⇒ minimize 
ompletion time.length(path) = 
ommuni
ation_
ost(edges)+
omputational_
ost(nodes).Dynami
 vs. Stati
.List-s
heduling heuristi
s. 3/17



List-S
heduling Pro
essesPriorities are 
omputed of all uns
heduled nodes:Top level (tlevel(τ)): length of the longest path from the entry nodeto τ ⇒ earliest possible start-time.Bottom level (blevel(τ)): length of the longest path from τ to theexit node ⇒ latest start-time = Criti
alPathLength - blevel(τ).The node τ with the highest priority is sele
ted for s
heduling.
τ is allo
ated to the 
luster that o�ers the earliest start-time.

task tlevel blevel
τ4 0 7
τ3 3 2
τ1 0 5
τ2 4 3

τ1 1 τ4 2
τ2 3 τ3 221 1

Figure: A Dire
tedA
y
li
 Graph 4/17



DSC (Dominant Sequen
e Clustering)[Yang and Gerasoulis 1994℄priority(τ) = tlevel(τ) + blevel(τ).A zeroing(τp, τ) puts τ in the 
luster of a prede
essor τp ⇒ redu
estlevel(τ) by setting to zero the 
ost of the in
ident edge (τp, τ).
step task tlevel blevel DS scheduled tlevel

κ0 κ1
1 τ4 0 7 7 0*
2 τ3 3 2 5 2* 3
3 τ1 0 5 5 0*
4 τ2 4 3 7 5 4*

κ0 κ1
τ4 τ1
τ3 τ2 τ1 1 τ4 2

τ2 3 τ3 221 1
Figure: A Dire
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DSC Algorithm Weaknesses
Number of pro
essors is not prede�ned → blind 
lustering.Memory size is not prede�ned → blind 
lustering.Creates a new 
luster when no zeroing is a

epted → 
reates longidle slots in already existing 
lusters.

⇒ xDSC: A MEMORY-CONSTRAINED, NUMBER OFPROCESSOR-BOUNDED EXTENSION OF DSC
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xDSC: Resour
e Constraint Warranty1 Memory Constraint Warranty (MCW):Verifying that the zeroing does not ex
eed a memory threshold M.task_data(τ) is an overapproximation of the amount of memoryused by Task τ .
luster_data(k) is an overapproximation of the amount of memoryused by Cluster k.size_data(data_merge (
luster_data (k) , task_data (τ))) ≤ M.2 Bounded number of pro
essors:Verifying that new allo
ations do not ex
eed a 
luster numberthreshold P.
luster_time(k) is the start time of the last s
heduled task in k +its task_time.otherwise, argmink∈
lusters 
luster_time(k) under the 
onstraintMCW. 7/17



xDSC: E�
ient Allo
ation
τ1 1

τ2 5 τ3 2
τ4 3 τ5 2

τ6 2
1 11 11 91Figure: A DAG amenable to 
lusterminimization

Allo
ation of τ to the last idleslot of κ,De
reases tlevel(τ).For all nodes τs in κ:s
heduled(su

essors(τs)),su

essors(τ) are in
ludedin su

essors(τs).
step task t b DS tlevel

level level κ0 κ1
1 τ1 0 15 15 0*
2 τ3 2 13 15 1*
3 τ2 2 12 14 3 2*
4 τ4 8 6 14 7*
5 τ5 8 5 13 8* 10
6 τ6 13 2 15 10*

κ0 κ1 κ2
τ1
τ3 τ2

τ4 τ5
τ6 κ0 κ1

τ1
τ3 τ2
τ5 τ4
τ6 8/17



DAG: Hierar
hi
al Clustered Dependen
e Graph (KDG)

A test (both bran
hes: true+false) 
onstitutes one node (task).A loop nest is an indivisible node.A simple instru
tion is an indivisible node.
⇒ Hierar
hy: re
ursively in
lude KDGs. 9/17



Edge Cost, Task Time and Used DataFrom Convex polyhedra to Polynmials1 Edge Cost:Number of bytes of dependen
es RAW to annotate edges in theKDG,edge_
ost(τi, τj) = size_data(regions_interse
tion(read_regions(τi), write_regions(τj))).2 Task Data:task_data(τ) = data_merge(read_regions(τ), write_regions(τ))data_merge(R1,R2) =regions_union(R1,R2) - regions_interse
tion(R1,R2)3 Size of regions (
onvex polyhedra) ⇒ Ehrhart polynomialsrepresent the number of integer points 
ontained in a givenparameterized polyhedron.4 Task Time:An estimation of 
omplexity for ea
h node in the KDG,task_time(τ) = 
omplexity_estimation(τ) ⇒ Polynomials. 10/17



Experiments1 Appli
ationsSignal pro
essing appli
ation ABF (Adaptive Beam Forming)[Gri�ths 1969℄.Image pro
essing appli
ation Harris 
orner dete
tor [Harris andStephens 1988℄: dete
t the point of interest in an image.SPEC ben
hmark equake [Bao et al. 1998℄: simulation of seismi
wave propagation in large valleys.2 Ma
hinesSMP: 2-so
ket AMD quad
ore Opteron with 8 
ores, M = 16Gb ofRAM, 2.4 GHz.DMP: 6 bi
ore pro
essors Intel(R) Xeon(R), M = 32Gb of RAM perpro
essor, 2.5 GHz. 11/17



From Polynomial to ValuesSimple CasesWhen data are known numeri
al parameters, then ea
h taskpolynomial is a 
onstant (
ase of the appli
ation ABF).However, when input data are unknown at 
ompile time (
ase ofthe appli
ation Harris), we use a simple heuristi
 to 
he
k thebehavior of that polynomials, by 
omparing the 
oe�
ients of theirmonomials.Assume that all polynomials are monomials on the same bases.
Function Complexity (polynomial) Static time estimation

InitHarris 9 × sizeN × sizeM 9
SobelX 60 × sizeN × sizeM 60
SobelY 60 × sizeN × sizeM 60

MultiplY 20 × sizeN × sizeM 20
Gauss 85 × sizeN × sizeM 85

CoarsitY 34 × sizeN × sizeM 34
One image transfer 4× sizeN × sizeM 4 12/17



From Polynomial to ValuesInstrumentation
FILE *finstrumented = fopen("instrumented_equake.in","w");
...
fprintf(finstrumented, "62 = %ld \n", 179 * ARCHelems + 3);
for (i = 0; i < ARCHelems; i++){

for (j = 0; j < 4; j++)
cor[j] = ARCHvertex[i][j];

...
}
...
fprintf(finstrumented, "163 = %ld \n", 20 * ARCHnodes + 3);
for(i = 0; i <= ARCHnodes-1; i += 1)

for(j = 0; j <= 2; j += 1)
disp[disptplus][i][j] = 0.0;

fprintf(finstrumented, "163 -> 166 = %ld \n", ARCHnodes * 9); //edge_cost(163,166)
fprintf(finstrumented, "166 = %ld \n", 110 * ARCHnodes + 106); //task_time(166)
smvp_opt(ARCHnodes, K, ARCHmatrixcol, ARCHmatrixindex, disp[dispt], disp[disptplus]);
fprintf(finstrumented, 167, 6);
time = iter*Exc.dt;
fprintf(instrumented_equake, 168, 510.50 * ARCHnodes + 3);
for (i = 0; i < ARCHnodes; i++)

for (j = 0; j < 3; j++){
disp[disptplus][i][j] *= -Exc.dt*Exc.dt;
disp[disptplus][i][j] +=

2.0*M[i][j]*disp[dispt][i][j]-M[i][j]-Exc.dt/2.0*C[i][j])*disp[disptminus][i][j] -
Exc.dt * Exc.dt * (M23[i][j] * phi2(time) / 2.0 +
C23[i][j] * phi1(time) / 2.0 + V23[i][j] * phi0(time) / 2.0);

disp[disptplus][i][j] = disp[disptplus][i][j] / (M[i][j] + Exc.dt / 2.0 * C[i][j]);
vel[i][j] = 0.5 / Exc.dt * (disp[disptplus][i][j] - disp[disptminus][i][j]);

}
fprintf(finstrumented, "175 = %d \n", 2);
disptminus = dispt;
fprintf(finstrumented, "176 = %d \n", 2);
dispt = disptplus;
fprintf(finstrumented, "177 = %d \n", 2);
disptplus = i; 13/17



Experiments: ABF and equake

Figure: OpenMP/MPI vs. sequential speedup(ABF) Figure: OpenMP/MPI vs. sequential speedup(equake) 14/17



Experiments: Harris

Figure: Speedup with three 
ores/pro
essors vs. sequential 
ode (Harris) 15/17



Con
lusionxDSC: a new stati
 s
heduling,Pre
ise and e�
ient 
ost model,Targeting both shared and distributed memory ar
hite
tures,Memory 
onstraint, Bounded number of pro
essors, E�
ientpro
essor allo
ation.Future WorkAutomati
 
ode generation : OpenMP + MPI.E�
ient hierar
hi
al pro
essor allo
ation strategy in order to yielda better xDSC-based parallelization pro
ess 16/17
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