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IT224 : Plan du cours
• Cette introduction

• Approche mémoire partagée
– programmation (OpenMP)
– architecture (pipeline, cache, SMP, NUMA)

• Calcul sur accélérateurs
– architecture des GPU
– programmation (OpenCL)
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Est-ce important de savoir écrire des programmes 
parallèles ? De savoir programmer un GPU ?
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Le parallélisme au service de la conduite automatique

La puce Nvidia Xavier Intègre :
• 8 cœurs généralistes
• 1 circuit video 8K HDR
• 1 GPU de 512 cœurs pour le 

deep-learning
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Des processeurs de plus en plus hétorégènes

La puce Apple M1 intègre :
• 4 cœurs généralistes haute performance
• 4 cœurs généralistes basse consommation
• 1 GPU de 8 pipelines
• 1 Neural Engine de 16 cœurs
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Pourquoi calculer en parallèle ?
• Traiter des gros problèmes (Simulation scientifique, big data)
• Gagner du temps

– Gagner en précision (simulation, jeu vidéo, apprentissage,…)
– Faire plus de tests (cryptanalyse)
– Prendre des décisions plus vite que les autres (finance)

La simulation haute performance est devenue
– Le troisième pivot de la science : 

• expérimentation / modélisation mathématique / simulation 
– Incontournable dans les grands groupes industriels :

• Simulation des phénomènes physiques / chimiques
• Maquette numérique pour la conception et la fabrication

La démocratisation de la simulation haute performance est une des 
clés de notre avenir industriel.
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Frontier (Oak Ridge, USA) #1

~40 000 GPU + 600 000= 8 730 112 cœurs AMD → 1,68 exaflops (1,68 1018 flops) 
22,7 MW (= 2 TGV Duplex)

https://www.olcf.ornl.gov/frontier/

https://www.olcf.ornl.gov/frontier/


Aurora (Argonne DOE) #2

4,742,808 CPU → 1,06 exaflops - 25 MW (> 2 TGV Duplex)

https://www.top500.org/system/180183


EAGLE – MICROSOFT (#3)

1,123,200 coeurs→ 850 petaflops



Fugaku (Riken, Japon) #4

7,630,848 CPU Fujitsu → 537 petaflops (537.1015 flops) - 30 MW (= 3 TGV Duplex)
https://www.r-ccs.riken.jp/en/fugaku/covid-19/msg-en.html

https://www.r-ccs.riken.jp/en/fugaku/covid-19/msg-en.html


Cray one (136 MFLOPS, 1976) 



Modélisation météorologique
Un exemple de simulation numérique

Objectif : calculer humidité, pression, température et vitesse du 
vent en fonction de x,y,z et t.
Résolution d’un système dynamique impossible à résoudre 
formellement

Simulation numérique déterministe :
• Discrétiser l’espace

– Illustration : 1 point pour 2km3

sur 20 km d’atmosphère => 5.109 points

• Initialiser le modèle
– Données satellites et autres capteurs
– Nécessité d’interpoler les valeurs manquantes



Modélisation météorologique

• Faire évoluer le modèle
– Discrétiser le temps 

• Ex: calculer par pas de 60 secondes

– Résoudre pour chaque 
maille un système 
d’équations
• calculer l’état suivant d’une 

maille en fonction de son 
voisinage, de l’apport solaire, de 
la rotation de la terre,…

• Coût illustratif : 100 FLOP / point



Modélisation météorologique
illustration du coût d’une simulation

Discrétisation du temps et de l’espace :
– pas de 60 secondes
– 1 point pour 2km3 sur 20 km d’atmosphère => 

5.109 points
Nombre de calcul par point : 100 opérations (flop) 
è Simuler 1 minute (un pas) coûte 5.1011 flop

Puissance de calcul nécessaire à une simulation:

• Temps réel - calculer 1 pas en 60s  : 5.1011 / 60 = 8,33 . 109 = 8,33 Giga flop/s

• Prévision -  calculer 7 jours en 1h : 5.1011 * 7j * 24h * 60m / 3600 = 1 400 Gflop/s 

• Climatologie - 50 ans en 1 jour : 1 060 000 Gflop/s = 1,06 péta flop / s



Composants d’un PC sur-vitaminé
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Les ordinateurs deviennent massivement parallèles.
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Performances d’un PC sur-vitaminé
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Temps pour calculer une prévision
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1 PC sur-vitaminé = 2 GPU + 2 processeurs 
= 1 prévision météo à 7 jours en 3 minutes 37  
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Temps pour calculer une prévision

M.

M.GPU

M.GPU

M.

NIC

CPU CPUCPU CPU
CPU CPUCPU CPU

CPU CPUCPU CPU
CPU CPUCPU CPU

CPU CPUCPU CPU
CPU CPUCPU CPU

CPU CPUCPU CPU
CPU CPUCPU CPU

Modèle

simpliste
• Une prévision n’est pas une masse 

informe d’opérations flottantes

• Il faut aussi tenir compte du temps 
d’accès aux données

1 PC sur-vitaminé = 2 GPU + 2 processeurs 
= 1 prévision météo à 7 jours en 3 minutes 37  

INTEL® XEON® 
PLATINUM 9282
56 cœurs
34 minutes 40

Nvidia A100 
128 SM  
9 minutes 07 



Est-il facile d’obtenir les performances crêtes ?

• C’est difficile, même dans les cas faciles 
– Produit de matrices à l’aide des bibliothèques Intel MKL et CudaBLAS
– E5-2680 v3 - 2.5 MHZ
– Kepler 40 (1430 GF/s -> 2013)
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Fig. 1. Performance of the matrix product kernel (DGEMM) on CPU and
GPU devices.

process coarse grain tasks in a parallel fashion. To do so,
we introduce a generalization of the concept of scheduling
contexts [17] to handle any type of parallel tasks. We illustrate
how state of the art scheduling heuristics are upgraded to deal
with parallel tasks. We then evaluate our solution on a dense
Cholesky factorization kernel and show that it outperforms
state of the art implementations to reach a peak performance
of 4.6 TFlop/s on a platform equipped with 20 CPU cores and
4 GPU devices.

II. RELATED WORK

A number of research efforts have recently been focusing
on redesigning HPC applications to use dynamic runtime sys-
tems. As an example, several sparse direct solvers have been
redesigned on top of task-based runtime systems [18], [19]
and exhibit high performance and improved portability. Similar
efforts have also been undertaken in the field of fast multipole
method computations [20], [21]. The dense linear algebra com-
munity has strongly adopted this modular approach, by relying
on task-based runtime systems, over the past few years [12],
[13], [14], [15] and delivered production-quality software
relying on it. For example, The MAGMA library [14], provides
Linear Algebra algorithms over heterogeneous hardware and
can optionally use the StarPU runtime system to perform
dynamic scheduling between CPUs and GPUs, illustrating
the trend toward delegating scheduling to the underlying
runtime system. Moreover, such libraries often exhibit state-of-
the-art performance, resulting from heavy tuning and strong
optimization efforts. However, these approaches require that
accelerators process a large share of the total workload to
ensure a good load balancing between resources. Additionally,
all these approaches require an identical tile size, consequently,
all tasks have the same granularity independently from where
they are executed leading to a loss of efficiency of both the
CPUs and the accelerators.

There are a few prior studies trying to resolve the granularity
issue between regular CPUs and accelerators in the specific
context of dense linear algebra. Most of these efforts rely
on heterogeneous tile sizes [22], [23] which may involve

extra memory copies when split data need to be coalesced
again [24]. However, in most of these efforts, the decision
to split a task is made statically at submission time. More
recently, a more dynamic approach has been proposed in [16]
where the large granularity tasks are hierarchically split at
runtime when they are executed on CPUs. Although this paper
successes at tackling the granularity problem, the proposed
solution is specific to linear algebra kernels. In the context
of this paper, we tackle the granularity problem with the
opposite point of view and a more general approach: rather
than splitting coarse grained tasks, we aggregate resources
which cooperate to process the task in parallel. By doing so,
our runtime system does not only support sequential tasks but
also parallel ones. Actually, our runtime system is able to cope
with several flavors of inner parallelism (OpenMP. Pthreads,
StarPU) simultaneously. However, calling simultaneously sev-
eral parallel procedures is a difficult matter because usually
parallel libraries make the assumption that each procedure has
exclusive access to the architecture of the machine. They are
not aware of the resource utilization of one another and they
may thus oversubscribe threads to the processing units. This
problem is referred to as the parallel composability problem.
This issue has been first tackled within the Lithe frame-
work [25] which is a runtime system enabling interoperability
between different parallel runtime systems, e.g. Intel TBB and
OpenMP. It is a resource sharing management interface that
defines how harts (i.e. abstraction of hardware threads) are
transferred between parallel libraries within an application.
Some efforts have been made within Intel TBB [25], [26],
[27] to ensure a good behavior when concurrent parallel TBB
kernels are used. These contributions suffered either from
the fact that they do not allow to dynamically change the
number of resources associated with a parallel kernel or from
the fact that they are restricted to a given inner runtime
system. Our contribution in this study is a generalization
of a previous work [28] where we introduced the so-called
scheduling contexts which aim at structuring the parallelism
for complex applications relying on concurrent parallel StarPU
kernels. We will present in the next section how we extend the
scheduling contexts to be able to manage any inner runtime
system.

III. BACKGROUND

Tackling the composability problem at the runtime system
level can ensure both the portability and the reusability of the
solution. Indeed, such an approach benefits from low level
information regarding the architecture of the machine and
allows the programmer to have full control on the resource
allocation of the application. We integrate our solution inside
the StarPU runtime system as it provides a flexible platform
to deal with heterogeneous architectures.

A. The StarPU runtime system

StarPU [8] is a C library that provides programmers with a
portable interface for scheduling dynamic graphs of tasks onto
a heterogeneous set of processing units (i.e. CPUs and GPUs).

Efficacité
95% 1 cœur   
93% 5 cœurs
87% 10 cœurs   
81% 1 GPU 2013
[9? %  GPU 2020]



1 int main()

{

3 int cpus[3] = {CPU_1, CPU_2, CPU_3};

5 /* define the table of resource ids */

ctx = starpu_create_sched_ctx(cpus,3);

7
/* submit the set of tasks to the context*/

9 for( i = 0; i < ntasks; i++)

{

11 /* indicate the prologue callback */

tasks[i].prologue = cl_prologue;

13
/* indicate the codelet of the task*/

15 tasks[i].codelet = codelet;

17 /* submit the task to the context */

starpu_task_submit_to_ctx(tasks[i], ctx);

19 }

}

#include "mkl.h"

2
void cl_prologue()

4 {

/* context on which the task executes */

6 int ctx = starpu_get_current_ctx();

8 /* get the CPUs of the current context */

int cpus[MAX_WORKERS];

10 int ncpus = starpu_get_cpus(ctx, cpus);

12 /* bind openmp threads to CPUs */

#pragma omp parallel num_threads(ncpus)

14 bind_to_cpu(cpus[omp_get_thread_num()]);

}

16
void codelet_cpu_func()

18 {

/* call the mkl parallel kernel */

20 DGEMM(...);

}

Fig. 6. Executing Intel MKL parallel codes within a scheduling context
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Fig. 7. Task diagram of a Cholesky factorization

and illustrate its benefits compared to the Chameleon library
in Figure 8. We then present a more detailed study of the
behavior of the Cholesky factorization using parallel-tasks in
Figure 9. Finally, we propose a scheduling optimization and
compare our work to the existing reference implementations
in Figures 11 and 10. We show in those last plots reference
lines (horizontal solid lines in the plots) representing the peak
performance of the most efficient BLAS3 kernel: DGEMM.
The numbers come from the experiment depicted on Figure 1,
where DGEMM reaches 700 GFlop/s on 20 cores; and 1.1
TFlop/s on each GPU. These are clearly upper bounds for
a Cholesky factorization, which involves several other less
efficient BLAS kernels.

It is important to note that on all figures we report our
performance with 2 clusters aggregating 10 cores each. Indeed,
empirical experiments showed that it is the configuration
providing the best performance. We remind that the platform
is composed of two CPU sockets having 12 cores each, from

which two are used to control the GPU devices.

We report in figure 8 the performance behavior of our imple-
mentation of the Cholesky factorization of, pt-Chameleon
framework, compared to the existing Chameleon library.
This figure is set out in two dimensions in order to make
the study more readable both in terms of scalability and gran-
ularity, which are two major benefits of our approach. We can
observe that for the single GPU case, pt-Chameleon greatly
outperforms Chameleon on relatively small matrix sizes.
Moreover, this gap widens as we increase both the number of
GPUs and the tile size. Indeed, the use of pt-Chameleon
allows the StarPU runtime system to view the machine with
less resources to give work to, the difference is two clusters
to schedule on for the CPUs against 20 single cores for the
Chameleon case. Since the amount of parallelism is limited
with quite small matrix sizes, our parallel task framework
is able to maximize CPU utilization with a smaller number
of tasks. By relying on the multi-threaded Intel MKL our
implementation exploits the internal parallelism of the tasks in
an efficient way using 10 threads for all BLAS kernels even on
tile sizes of 960 leading to an overall good performance. We
are able to reach our peak performance on a matrix of 15K
order with 1 GPU, 25K using 2 GPUs, 35K with 3 GPUs
and 40K with 4 GPUs. It is interesting to note that as matrix
size increases, the baseline Chameleon implementation is
able to catch up with pt-Chameleon. This is explained
by the high amount of parallelism available using tile sizes
of 960, rendering the scheduling decisions easier. The sheer
amount of parallelism allows the single core Chameleon

library to reach a good overall occupancy of the machine.
Another benefit of our approach is the flexibility regarding
the granularity (tile size). Indeed, a tile size of 960 is usually
used because it is a good trade-off for libraries such as
Chameleon between reaching maximum GPU performance
and providing enough parallelism for every CPU core. How-
ever, this trade-off limits the performance on architectures
like the one we are using for this study. In comparison, our

Est-il facile d’obtenir des performances ?

• Calcul matriciel plus complexe
(Factorisation de Cholesky)
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Intuitivement l’accélération est bornée 
par la durée d’exécution du chemin critique.

~90% de la borne théorique
80% de la puissance crête



Loi d'Amdahl

On note 
• s la part séquentielle d’un programme
• 1 - s est la part parallélisable de l’exécution
• p le nombre de processeurs 

𝑑𝑢𝑟é𝑒 𝑝𝑎𝑟𝑎𝑙𝑙è𝑙𝑒 ≥ 𝑆 + !"#
$

×𝑑𝑢𝑟é𝑒 𝑠é𝑞𝑢𝑒𝑛𝑡𝑖𝑒𝑙𝑙𝑒

L’accélération de l’exécution sur une machine à p processeur est ainsi bornée par 

𝑎𝑐𝑐é𝑙é𝑟𝑎𝑡𝑖𝑜𝑛 ≤
1

𝑆 + 1 − 𝑠𝑝
<
1
𝑆

« si 1% de l'application est séquentielle on n’arrivera pas à aller 100 fois plus vite »

accélération = speedup = temps du meilleur prog. séquentiel 
temps du prog. parallèle



Loi d'Amdahl



Amdahl et chemin critique : tri fusion
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Tableau de 2k éléments à trier à l’aide du tri fusion récursif simpliste :
• on trie en parallèle chaque moitié du tableau
• on fusionne en séquentiel les moitiés

Part séquentielle = Chemin critique = toute branche d’une feuille à la racine
  𝑑𝑢𝑟é𝑒	𝑝𝑎𝑟𝑎𝑙𝑙è𝑙𝑒 ≥ 𝑏𝑟𝑎𝑛𝑐ℎ𝑒 + !"#"$%#"!&'($

)

	 𝑎𝑐𝑐é𝑙é𝑟𝑎𝑡𝑖𝑜𝑛	 ≤ 56û8	9:	;!<=>=:
56û8	9!?@:	>=<@5A:

 



Amdahl et chemin critique : tri fusion
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Pire cas - recopie de tous les éléments à chaque niveau de l’arbre : 2k écritures par niveau

 CoutSeq(k)  le coût d’un tri de 2k éléments
 CoutPar(k) le coût d’une branche d’un tri de 2k éléments

 CoutSeq(k)  = 𝑘. 2* écritures   
 CoutPar(k) = 2 + 4 + ⋯+ 2*= 2*+, − 2	écritures

	𝑎𝑐𝑐é𝑙é𝑟𝑎𝑡𝑖𝑜𝑛(𝑘) 	≤ 56û8	9:	;!<=>=:
56û8	9!?@:	>=<@5A:

= H.I"

I"#$"I
≈ H

I
  (dès que 2! ≫ 2)
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Exemple Amdahl : tri fusion

Tri fusion parallèle simpliste  : on fusionne en séquentiel.
Accélération limitée ici à *

-
	⟹ inutile de paralléliser très profondément.

Nécessité de paralléliser la fusion pour améliorer l’accélération…
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Nos objectifs
• Se plonger dans des environnements de programmation parallèle

– Maitriser OpenMP
– S’initier à OpenCL

• Adapter des algorithmes à une machine cible
– Améliorer la localité mémoire
– Paralléliser l’exécution

• Initier une démarche scientifique pour optimiser un programme
– Observer, analyser, comprendre l’exécution d’un programme

• En faisant varier des paramètres
– Expliciter la démarche utilisée dans un rapport 



Comment obtenir des performances optimales ?

• Il faut extraire suffisamment de parallélisme
– Pour occuper toutes les unités de calcul
– Nécessite souvent du calcul supplémentaire

• Quelle finesse de grain de parallélisation ? 
– Gros grain

üEfficacité des unités de calcul
? Parallélisme

– Grain fin
? Efficacité  des unités de calcul
? Surcoût
üParallélisme

• Il faut utiliser correctement la mémoire 
– ne pas être inutilement limité par la bande passante de la mémoire
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