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* Need for Smart Scheduling in OpenMP

« Toward Smart Scheduling in OpenMP via
« Expert-based Automated Scheduling Algorithm Selection
« RL-based Automated Scheduling Algorithm Selection

* Results: Expert-based vs. RL-based Selection
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Performance Degradation due to Load Imbalance

#Cores/node in top systems

* Increasing #cores/node on the Top500 list

256
128
- Increased complexity to parallelize and ¢
exploit available computing power S s
Q e
4
* Load imbalance degrades performance, f
scalability, and wastes energy 23235358927 VTS9N RTY
CLEEZETE3;338£5E828352 8
Fi05E38%E5E fEafeTus
0o<2lgd F¢ = =4
Thread 1 [N s g : 9 O
Thread 2 5 2 E 3 -
Thread 3 [ =
Thread 4 =

Toward Smart Schedulingin OpenMP | Miiller Kordérfer, Mohammed, Eleliemy, Guilloteau, Ciorba University of Basel 4



Impact of Optimizing OpenMP Parallel for/do Constructs
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Scheduling of Worksharing (for) Loops in OpenMP

static(default)

dynamic runtime #iteration assigned/round =2 static/dynamic
guided auto threshold for #iteration assigned 2> guided

#pragma omp parallel for schedule(kind, chunk)
for(i = 0Q; i < size; i++)
{

computations ...
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Making a Case for More Efficient Scheduling Algorithms in OpenMP
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F. M. Ciorba, C. Iwainsky, and P. Buder, “OpenMP J. H. Muller Korndoérfer, A. Eleliemy, A. Mohammed,
Loop Scheduling Revisited: Making a Case for F. M. Ciorba. “LB4OMP: A Dynamic Load
More Schedules” Balancing Library for Multithreaded
iWomp 2018, Barcelona, Spain, September 2018. Applications”. TPDS, August 2021.
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“Decision Paralysis”: Which Scheduling Algorithm is Most Efficient?

* Many choices for OpenMP schedule (kind)
* Too many values for OpenMP chunk

* Tuples of scheduling choices needed

— per loop

— per time-step
— per application
— per system

The schedule kind auto allows* an OpenMP
implementation to choose any possible
mapping of iterations in a loop construct to
threads in the team. p

* According to OpenMP Specification 5.2
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Toward Smart Scheduling in OpenMP via Automatic Algorithm Selection

For a problem instance x € P, with features f(x) € F, find the selection mapping S(f (x)) into algorithm
space A, such that the selected algorithm a € A maximizes performance y(a(x)) € Y when applied.

scientific parallel time,
application and robustness, energy,
system variable resource
fp capacities, ...
feature H _
extraction f Sele.ct o to y(oux)) apply algorithm o
maximise ||y||
Irregular _
- tfolio of
Igorith ' B
o 9oTme, » scheduling

system variability, _ :
load imbalance o.=S(f(x)) algorithms
Selection Mapping

Figure from [Smith-Miles, 2008] Cross-disciplinary perspectives on meta-learning for algorithm selection. ACM Comput. Surv. 41(1)
[Rice, 1976] “The algorithm selection problem,” in Advances in Computers, 1976, pp. 65-118
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Expert-based Automated Scheduling Algorithm Selection

http://github.com/unibas-dmi-hpc/LB4OMP E

_ LB4OMP
 Leverages auto as a scheduling
option for schedule (]{l.nd) | Worksharing S ——
« 3 expert-based scheduling algorithm loop A
selection methods £ e 0
—RandomSel | L AutodoMP. AutodOMP
—ExhaustiveSel i ; —
* = init — next —»> finish
—ExpertSel 0
- Selects from a portfolio of scheduling %) 3._
. o*e sync c‘hu”k
algorithms o . .
—STATIC, SS, GSS, GAC, TSS, Static Steal, ’ o & i
mFAC2, AWF-B, AWF-C, AWF-D, AWF-E, mAF ® loopierafion n U
#=e Chunk of loop iterations .
E . E ‘ OpenMP thread «
A. Mohammed, J. H. Miller Korndérfer, A. Eleliemy, F. M. ®%
Ciorba. “Automated Scheduling Algorithm Selfzction : « Extends the LLVM OpenMP runtime I|brary with the
gr;c(j:ecn?gjenrl;g;;émeter Calculation in OpenMP”. TPDS, Em expert chunk parameter
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RL-based Automated Scheduling Algorithm Selection

Leverages auto as a scheduling
option for schedule (kind)

2 RL-based scheduling algorithm
selection methods

Worksharing

http://github.com/unibas-dmi-hpc/LB4OMP E

LB4OMP RL-based selection methods

kmp_dispatch.cpp <¢—» kmp_agent_provider.cpp

loop AL
—Q-learn wl N
e Auto4OMP
—sarsa W= Aot
2 reward types Fe it ——  next —» finish
—Loop execution time (LT) 4| Automated \
'... RL-based alg_. and .
—Loop load imbalance (LIB) ..‘1 e Qv'chu% ® Loop iteration
: : e ™ = m Chunk of loop iterations
Sel ec_:ts from a portfolio of scheduling t ? B § coene treas
al gorlth ms kmp_agent_provider.cpp 'T':

—STATIC, SS, GSS, GAC, TSS, Static Steal,
mFAC2, AWF-B, AWF-C, AWF-D, AWF-E, mAF
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Results: Comparison between Expert-based vs. RL-based selection

Mandelbrot (3 loops)
SPHYNX Evrard Collapse (1 loop)

Stream Triad (1 loops) Oracle
Triangle counting (1 loop) (ground truth)
HACCKernels (1 loop) : Parallel execution time
Lulesh (4 loops) Auto4OMP: Performance variation
RandomSel
miniHPC: Intel 2x10 cores Broadwell, [RSSIECEINEEE . J
2x28 cores CascadelLake, and 2x32 ExpertSel
cores AMD EPYC | RLAOMP: R y(ou(x)) apply algorithm o
I Q-Learn ise |ly|l 720 configurations
: : SYAYRESYAN x 5 repetitions
Loop _executlon time (LT) —_— STATIC, SS, GSS, GAC - 3’600 total
Load imbalance (LIB) :
_ _ DU Re a0l /@R (LLVM auto), TSS, Static .
Change of loop execution time T T Steal, mFAC2, AWF-B, AWF- experiments

C, AWF-D, AWF-E, mAF

Change of load imbalance

y

Selection Mapping
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Results: Comparison between Expert-based vs. RL-based selection

Toward Smart S

Application, system

Mandelbrot  0.0%
Broadwell 3163.4s
Mandelbrot  0.0%
Cascade-Lake 1126.1s
Mandelbrot  0.0%
EPYC 496.9s
STREAM Triad  0.0%
Broadwell 18.9s
STREAM Triad 0.0%
Cascade-Lake  28.5s
STREAM Triad ~ 0.0%
EPYC 64.8s
TC  0.0%
Broadwell 432.1s
TC  0.0%
Cascade-Lake 166.7s
TC  0.0%
EPYC 130.2s
HACCKernels  0.0%
Broadwell 9588.2s
HACCKernels  0.0%
EPYC 1292.7s
LULESH  0.0%
Broadwell 508.9s
LULESH  0.0%
Cascade-Lake 297.1s
LULESH  0.0%
EPYC 403.4s
SPHYNX Evrard collapse  0.0%

Broadwell  3867.2s
SPHYNX Evrard collapse  0.0%
Cascade-Lake 1054.5s

SPHYNX Evrard collapse  0.0%
EPYC 1388.3s

Oracle

[0 Ideal combination of the scheduling algorithm w/ or w/o expChunk param.

Expert-based selection methods
RL-based selection methods
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9.0%
1226.9s
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70.8s
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107.1s

37.3%
178.8s
0.1%
9593.4s5
0.1%
1294.5s
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12.1%
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11.3%

8.2%
1502.4s

ExhaustiveSel

3.5%
3272.8s
1.1%
1138.3s
7.8%
535.65
35.6%
25.7s
11.7%
31.8s
4.0%
67.4s
21.0%
523.0s
30.4%
217.5s
17.5%
153.1s
0.0%
9588.7s
0.0%
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4.6%
532.3s
12.3%
33358
13.8%
458.9s
0.7%
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1.1%
1066.5s
-1.4%
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6.6% 2.7% 6.0%
3373.4s 3249.5s 3353.5s
11.3% 2.9% 6.1%
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36.8% 2.7% 29.3%
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Results: Comparison between Expert-based vs. RL-based selection

Toward Smart S

Application, system

Mandelbrot  0.0%
Broadwell 3163.4s
Mandelbrot  0.0%
Cascade-Lake 1126.1s
Mandelbrot  0.0%
EPYC 496.9s
STREAM Triad  0.0%
Broadwell 18.9s
STREAM Triad 0.0%
Cascade-Lake  28.5s
STREAM Triad ~ 0.0%
EPYC 64.8s
TC  0.0%
Broadwell 432.1s
TC_ 0.0%
Cascade-Lake 166.7s
TC  0.0%
EPYC 130.2s
HACCKernels  0.0%

Broadwell  9588.2s

HACCKernels  0.0%
EPYC 1292.7s
LULESH  0.0%
Broadwell 508.9s
LULESH  0.0%
Cascade-Lake 297.1s
LULESH  0.0%
EPYC 403.4s
SPHYNX Evrard collapse  0.0%

Broadwell  3867.2s pigfv

SPHYNX Evrard collapse  0.0%
Cascade-Lake 1054.5s

SPHYNX Evrard collapse  0.0%
EPYC 1388.3s

Pure compute-
bound application

[0 Ideal combination of the scheduling algorithm w/ or w/o expChunk param.

Expert-based selection methods
RL-based selection methods
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7.0%
3383.7s
16.4%
1310.9s
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3297.2s
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1168.1s
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524.7s

6.6%
3370.9s
9.0%
1226.9s
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642.1s
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3078.1s 70.8s
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1575.0s 107.1s
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2320.9s
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9590.8s
1.3%
1309.1s
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178.8s
0.1%
9593.4s
0.1%
1294.5s
6.2%
540.7s
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321.1s
10.4%
445.4s
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4334.8s
11.3%
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8.2%
1502.4s

9595.5s

2.0%
1318.6s

2606.0s

366.2
1880.4s |

1410.1s

19.4%
1658.3s

6100.0s

ExhaustiveSel

65.3%

3.5%
3272.8s
1.1%
1138.3s
7.8%
535.65
35.6%
25.7s
11.7%
31.8s
4.0%
67.4s
21.0%
523.0s
30.4%
217.5s
17.5%
153.1s
0.0%
9588.7s
0.0%
1293.2s
4.6%
532.3s
12.3%
33358
13.8%
458.9s
0.7%
3893.8s
1.1%
1066.5s
-1.4%
1368.7s

ExhaustiveSel,expChunk

6.6% 2.7% 6.0%
3373.4s 3249.5s 3353.5s
11.3% 2.9% 6.1%
1253.0s 1158.8s 1194.4s
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658.7s
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1167.0s
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26.2s
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33.1s
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| 253.6%
1528.1s |
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9613.7s
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1310.9s
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10.0%

12.1%
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Selection method and paramerters
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Results: Comparison between Expert-based vs. RL-based selection

Application, system

->

Toward Smart S

Mandelbrot  0.0% 7.0% 4.2% 6.6%
Broadwell 3163.4s 3383.7s 3297.2s 3370.9s
Mandelbrot  0.0% 16.4% 3.7% 9.0%
Cascade-Lake” 1126.1s 1310.9s 1168.1s 1226.9s
Mandelbrot  0.0% 5.6% 29.2%
EPYC 496.9s 524.7s = 642. 15
STREAM Triad  0.0% :
Broadwell  18.9s
STREAM Triad  0.0% 148.4%
Cascade-Lake  28.55 [ElUrglES 70.8s
STREAM Triad  0.0% |[PEENNGE 65.3%
EPYC™ 64.8s [REYENS
TC  0.0% 6 | 381.6%
+ Broadwell 432.1s 2081.0s
TC  0.0% 1292.1%
Cascade-Lake  166.7s 2320.9s
TC  0.0%
EPYC 130.2s
+ HACCKernels  0.0% 0.0%
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Results: Comparison between Expert-based vs. RL-based selection
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Results: Comparison between Expert-based vs. RL-based selection
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Results: Comparison Between Expert-based vs. RL-based Selection
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Take Away’S ~'s DAPHNES]
Q-learn and SARSA are %E%E _
o ideal for scheduling DaphneSched DMI HPC Group website LB4OMP LB4OMP w/ Auto4OMP
algorithm selection in
Auto40OMP Autotuning OpenMP el
Random, 1 expert algorithm
Exhaustive, chunk For now, expert-based selection for
Expert paramete selection outperform Ofaesnk'\élp
RL-based
Exploration of RL-based Scf?er?jiﬁng Next
algorithms that require : steps
less steps for learning sgllg?:[il:)t:lni]n A J
IS required
DAPHNE Smart
scheduling
algorithm
LBA4OMP LB4OMP portfolio of selection in
scheduling algorithms is LB4AMPI

already available in
http://github.com/unibas-dmi-hpc/LB4OMP DAPHNE (DaphneSched)
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