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represents a major fraction of HPC usage O e n FOAM
(e.g., 8% of total core-hours at CINECA). p

* Commercial CFD codes require per-core

licenses, becoming extremely expensive
for large-scale HPC.

* OpenFOAM is the leading open-source
alternative, currently used by 50% of CFD
professionals.

* The energy consumed in 2024 by the CFD
OpenFOAM jobs in the CPU partition of
Leonardo was approximately 182MWh.

* OpenFOAM scales efficiently across
thousands of cores (e.g., 32 768 CPU cores
at OpenFOAM® HPC Challenge).
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OpenFOAM current state limitations

$ blockMesh

* Based on sparse linear algebra;
strongly memory bound.

e Current Parallelism Status:

* Limited to domain decomposition |
and multicore execution using MPI $ deconposePar numberOfSubdomains 8;

* Poor vectorization (only compiler
auto vectorization limited by
internal sparse matrix format ).

 GPU supportis limited (e.g.
SPUMA) and not integrated with the
upstream version

* Virtually, no use of data-level
parallelism!

% Core0

% Core1

% Core2

$ mpirun -np 8 simpleFoam -parallel
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0
= +V-(pu)=0
e CFD mathematicsis based on the

discretization of fluid dynamics PDEs H
(e.g. Navier Stokes) = L
* The spatial domain is discretized into a S
mesh of control volumes to derive one = , 2
linear equation per cell. =

Figure 2.15: Geometry of flow round a cylinder
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%+ V- (pu) =

* CFD mathematicsis based on the
discretization of fluid dynamics PDEs
(e.g. Navier Stokes)

* The spatial domain is discretized into a E:
mesh of control volumes to derive one =

linear equation per cell.

* This approach collapses the entire
Froblem into solving a large sparse
inear system.
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Linear solvers and SpMV

dp
% 1+ V-(pu) =
e CFD mathematicsis based on the

discretization of fluid dynamics PDEs e e B ‘ ]
(e.g. Navier Stokes) = A = o |°|°
* The spatial domain is discretized into a = X A ‘
mesh of control volumes to derive one =
linear equation per cell. = -
* This approach collapses the entire n=b-Axw
FI’Oblem |nt0 Sol‘"ng a la rge Spa rse ifr(.)_isrsufﬁciently small, then return x; as the result
inear system. A
* We use linear iterative solvers . R
computationally based on sparse matrix M T Apy
vector product (SpMV) Xpi1 = X+ 0Py
Ipi1 =TI — apApg
ifkrkH is :ufﬁci]z:ntll)y small, then exit loop
r] o Tii
Br = ki—
rkrk
Pro1 = et + BePy
k:=k+1
end repeat

return xz,1 as the result
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computationally intensive kernel of a gy 1 oD .
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Multigrid methods and Smoothers

e Standard linear solvers effectively dampen
efficiently high-frequency errors but stall on low-
frequency errors across the mesh.

smoothing
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Multigrid
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Multigrid methods and Smoothers

e Standard linear solvers effectively dampen
efficiently high-frequency errors but stall on low-
frequency errors across the mesh.

* To solve this, modern CFD solvers use the Multigrid
Method, projecting the problem onto progressively
coarser meshes.

* Ateachgrid level, alinear solveracts as a e
"smoother," rapidly damp out high-frequency errors Error on the fine grid
specific to that scale. \restriction

* Asthe grid coarsens, large low-frequency errors
appear as high-frequency ones, allowing the

smoothing
relaxation)

prolongation
(interpolation)

\ ’
smoother to finally damp out them. Multigrid ‘\ /)
* Inourtest case, this smoothing operation V. | VS
- /
accounts for ~50% of the total compute time, cycie KW,

2
making it the most intensive phase and our Error approximated on IJ:I

. .. . a smallercoarse grid
primary optimization target.

Processor

i . European
e ALMA MATER STUDIORUM CIN ECA epl ] Initietive U. M. Yang, "Parallel Multigrid Tutorial", 20th Copper Mountain

RISC-V Summit Europe 2026  11.06.2026 Conference on Multigrid Methods, 2021.




OpenFOAM native sparse matrix format

RISC-V Summit Europe 2026  11.06.2026



OpenFOAM native sparse n;llatrix format
x Yy
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* LDU-COO isthe internal sparse

matrix format in OpenFOAM ,
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T

8
upper =[-1-1-1-1-1-1-1-1-1-1-1-1]
diag =[4 4 4 4 4 4 4 4 4]
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upperAddr = [ 1 3 2 4 5 4 6 5 7 8 7 8]
lowerAddr = [ @ 6 1 1 2 3 3 4 4 5 6 7]
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* LDU-COO isthe internal sparse

matrix format in OpenFOAM )
* Hostile to vectorization ;
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* Indirectaccesson xandy ' =
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T
8
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* LDU-COO isthe internal sparse
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a CFD simulation
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Multiple smoother calls

Format conversion

1 k+1) _ ., (k 1 k
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SpMV SELL-C-o vectorization

Aindexr Avalues are stored by slice and

within the slide by column

Contiguous and predicable vector loads

Apatues and Ajngex

No race conditions on y updates

|f|:::| M Especially in.long vectors architectures
] (e.g. EPAC with vlen=256) we get huge

benefits by hiding memory latency and

better use of bandwidth during vector

loads and stores [*]

A . A x y M. Kreutzer et al., "A Unified Sparse Matrix Data Format for Efficient General
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Sparse Matrix-Vector Multiplication on Modern Processors with Wide SIMD Units,"
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RISC-V Vector target architectures
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SpMV vectorization speedup
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SpMV vectorization speedup
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[EPAC] SpMV Speedup vs VPU Stalls [SG2044] SpMV Speedup vs L1/LLC Cache Misses
- 100 - 100
10 | ™= COO —e— ELL Stall% 7x | = coo — L1 Miss%
B ELL  =—A= SELL Stall% B ELL =~ LLC Miss%
EPI-EPAC 1.5 —— Y ——— 2X - Sophon SG2044
- : - = M
(Long-vector) E S . (Short-vector)
© 0
vimax=256 S . R vimax=2
g o o
o 9 =
=1 — [7)]
3 S ‘o
;;.,. rx———aﬁ———&,ﬁ-——-’#-—oﬁ—-——'é >
0
128k 256k 512k 1024k 2048k 4096k 128k 256k 512k 1024k 2048k 4096k
Matrix Dimension (N) Matrix Dimension (N)

ALMA MATER STUDIORUM CI ECA
UNIVERSITA DI BOLOGNA

RISC-V Summit Europe 2026  11.06.2026



SpMV vectorization speedup

* 7x speedup on EPAC (long vector) and 2x on SG2044 (short vector)
* The long-vector approach proves to be very efficient for SpMV in SELL format.
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Smoother speedup
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Smoother speedup

* 6x speedup on EPAC (long vector) and 1.5x on SG2044 (short vector)
* Marix format conversion is negligible (only 1-2% of total time)
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Smoother speedup

* 6x speedup on EPAC (long vector) and 1.5x on SG2044 (short vector)
* Marix format conversion is negligible (only 1-2% of total time)
* The long-vector approach proves to be more efficient for both sparse kernels (SpMV) and dense

kernels.
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