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Introduction
LES limitation

RANS vs LES1

LES will provide more accurate results than RANS

Much more computationally expensive, longer wall clock times

Not suitable for industrial simulations

1R. Fransen et al., “Comparison or RANS and LES in high pressure turbines,” 3rd INCA colloquium, 2011.
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Introduction
Improving memory-boundness

According to the roofline model2, CFD simulations are memory-bound, i.e. performance
bounded by data rate instead of flops.

Let’s introduce the arithmetic intensity concept...

AI =
Floating point operations

Data to transfer

Reducing amount of data to transfer, AI will increase ”for free”.

Exploiting symmetries3

Running multiple flow states simultaneouslly4

How is it done?

2S. Williams et al., “Roofline: an insightful visual performance for multicore architectures,” Commun. ACM 52, 2009.
3À. Alsalti-Baldellou et al., “Lighter and faster simulations on domains with symmetries,” Comput. Fluids 275, 2024.
4B.I. Krasnopolsky, “An approach for accelerating incompressible turbulent flow simulations based on simultaneous modelling

of multiple ensembles,” Comput. Phys. Commun. 229, 2018
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Introduction
Improving memory-boundness

Bottleneck is usually the sparse matrix-vector product (SpMV) (or equivalent in
stencil-based implementations).

Assume we need to do more than one SpMV:
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2 SpMV

A(u1 u2)

1 SpMM with 2 RHS

Comparison between operations

Number of floating point operations is the same in both cases

Need to transfer A only once, AI for SpMM is higher.

4 / 12



Introduction Parallel-in-time Methodology Results Conclusion

Introduction
Improving memory-boundness

Bottleneck is usually the sparse matrix-vector product (SpMV) (or equivalent in
stencil-based implementations).

Assume we need to do more than one SpMV:(
A

A

)(
u1

u2

)
2 SpMV

A(u1 u2)

1 SpMM with 2 RHS

Comparison between operations

Number of floating point operations is the same in both cases

Need to transfer A only once, AI for SpMM is higher.

4 / 12



Introduction Parallel-in-time Methodology Results Conclusion

Introduction
Improving memory-boundness

Bottleneck is usually the sparse matrix-vector product (SpMV) (or equivalent in
stencil-based implementations).

Assume we need to do more than one SpMV:(
A

A

)(
u1

u2

)
2 SpMV

A(u1 u2)

1 SpMM with 2 RHS

Comparison between operations

Number of floating point operations is the same in both cases

Need to transfer A only once, AI for SpMM is higher.

4 / 12



Introduction Parallel-in-time Methodology Results Conclusion

Parallel-in-time

Exploiting multiple right-hand sides...

Instead of running a long simulation, why not running m shorter ones in the same device,
and average the results?
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Exploiting the speed-up in SpMM can lead to speed-up in the simulation.
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Parallel-in-time

Running a more expensive case for TT + TA

m ...
TT will now be more expensive
The speed-up in the averaging part is key

Key parameter, times ratio

β =
TA

TT

The bigger is β, the bigger the effectiveness of the method.

According to Krasnopolsky3,

Pm =
1 + β

m + β

5m

5m − 3θ(m − 1)

θ, weight of the Poisson equation in the iteration
Speed-up of the iteration, Pm,ite

Extension to the whole simulation
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Methodology
Case definition

Differentially heated cavity of aspect ratio 4

Semi-discrete governing equations

Mus = 0c ,

Ω
duc

dt
+ C (us)uc −

Pr

Ra1/2
Duc + ΩGcpc + Ωfc = 0c ,

Ω
dθc
dt

+ C (us)θc −
1

Ra1/2
Dθc = 0c

3rd-order Heun Runge-Kutta5, SAT6

Ra=1010, Pr=0.71

fc = (0,Prθ, 0)

θC = −0.5θH = 0.5

5B. Sanderse and B. Koren, “Accuracy analysis of explicit Runge-Kutta methods applied to the incompressible Navier-Stokes

equations,” J. Comput. Phys. 231, 2012
6J. Plana-Riu et al, “Cost-vs-accuracy analysis of self-adaptive time-integration methods,” 10th THMT, 2023
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Methodology
Construction of test case

Characteristics

Run in 1 MN5 GPP-HighMem partition
node:

2x Intel Xeon Platinum 8480+ 56C 2GHz
1024GB of RAM memory
2x54 OpenMP threads within the socket
2 MPI processes (1x socket)

Mesh: 360x720x180 (46.6M cells)

432k cells per CPU

Run in three different discretizations for
the Laplacian operator: 7p,13p, and 27p

Influence of Poisson solver iterations:
(150, 350, 550)

Run for 1, 2, 4, and 8 simultaneous flow
states
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Results
Speed-up for SpMM
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Results
Speed-up for iteration
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Results
Speed-up estimates for simulation, 550 iterations
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Concluding remarks

Conclusions:

Usage of parallel-in-time techniques from Krasnopolsky in all SpMV operations to improve
arithmetic intensity.

Speed-ups strongly depend on discretization of the sparse matrix.

Strong dependance of β in the simulation speed-up.

Maximum speed-ups of around 1.45 for 550 iterations, 27p, 4rhs.

Perspectives:

Application of the method to GPU’s, with great results presented by Álvarez-Farré et al.
in ECCOMAS6

Application of the method to full large scale LES.

6X. Álvarez-Farré et al., “Performance analysis of SpMM in Distributed Parallel CFD Simulations,” Proceedings of 9th

ECCOMAS, 2024 [not yet available]
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