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• 3 computers
– $600M each
– $400M to vendors for Design, 

Path, Fast - Forward
21 Applications

US$4B – what is it spent on?

AMD Based
(Up & running)

AMD APU Based
(panned)

Intel Based
(Up & running)

The US Exascale Computing Project

20 MW 40 MW



• 3 computers
– $600M each
– $400M to vendors for Design, 

Path, Fast - Forward
21 Applications

US$4B – what is it spent on?

Sustainable software development

AMD Based
(Up & running)

AMD APU Based
(panned)

Intel Based
(Up & running)

The US Exascale Computing Project

20 MW 40 MW



MAGMA-sparse as a “child” of 
MAGMA explores the development of 
sparse linear algebra functionality for 
NVIDIA GPUs.

Limitations:
• C code with hand-written build system
• Sparse unit testing
• Focus on NVIDIA GPUs
• Design-specific limitations (flexibility/extensibility)

A few words about myself 

• Born and raised in Karlsruhe
• PhD in Numerical Mathematics from KIT
• Focus on computational linear algebra 

and high performance computing (HPC)
• Linear solvers, preconditioners, …

• During my PostDoc at the University of 
Tennessee, I developed MAGMA sparse



Designing an ECP math library
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Starting with the CUDA backend
Library core contains 
architecture-agnostic 
factionality

Runtime polymorphism selects the right 
kernel depending on the target architecture

Unit tests check 
correctness

CORE
Infrastructure
Algorithms

• Iterative Solvers
• Preconditioners

• …

REFERENCE OpenMP CUDA



Extending to AMD GPUs
Library core contains 
architecture-agnostic 
factionality

Runtime polymorphism selects the right 
kernel depending on the target architecture

Unit tests check 
correctness

CORE
Infrastructure
Algorithms

• Iterative Solvers
• Preconditioners

• …

REFERENCE OpenMP CUDA HIP

Architecture-optimized kernels

~2 months



Input from the “first customer”
Library core contains 
architecture-agnostic 
factionality

Runtime polymorphism selects the right 
kernel depending on the target architecture

Unit tests check 
correctness

CORE
Infrastructure
Algorithms

• Iterative Solvers
• Preconditioners

• …

REFERENCE OpenMP CUDA HIP

Architecture-optimized kernels

MFEM is a free, lightweight, scalable C++ library for finite element methods.



Part of the xSDK effort
Library core contains 
architecture-agnostic 
factionality

Runtime polymorphism selects the right 
kernel depending on the target architecture

Unit tests check 
correctness

CORE
Infrastructure
Algorithms

• Iterative Solvers
• Preconditioners

• …

REFERENCE OpenMP CUDA HIP

Architecture-optimized kernels

xsdk-examples v.0.3.0

November 2022
• 26 math libraries
• 2 domain components
• 16 mandatory xSDK 

community policies
• Spack xSDK installer

xSDK community policies:
• 16 mandatory policies, 
• 8 recommended policies, 
• 4 Spack variant guidelines
• Available on Github

https://xsdk.info/policies/

The xSDK provides infrastructure for and interoperability of a
collection of related and complementary software
elements—developed by diverse, independent teams
throughout the high-performance computing (HPC) community—
that provide the building blocks, tools, models, processes, and
related artifacts for rapid and efficient development of high-
quality applications.

https://xsdk.info/policies/


Extending to Intel GPUs
Library core contains 
architecture-agnostic 
factionality

Runtime polymorphism selects the right 
kernel depending on the target architecture

Unit tests check 
correctness

Architecture-optimized kernels

CORE
Infrastructure
Algorithms

• Iterative Solvers
• Preconditioners

• …

REFERENCE OpenMP CUDA HIP SYCL

~12 months



• Bi-Weekly technical meetings with Intel 

• Long list of bug reports, feature requests, performance data discussions, documentation improvements …

… but also docker image contributions and bug fixes!
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Matrix size (m=n=k) 

OneAPI MAGMA 
Performance of DPC++ MAGMA SGEMM on Intel GPUs 

Arcticus at ALCF 
Intel Xe-HP GPU (Arctic Sound 2x) 
7,680 x2 Cores @900 MHz 
FP32 peak 13,820 x2 GFlop/s 
 
Transitional system to Aurora 
Exascale supercomputer at ANL 

Extending to Intel GPUs



Portability as central design principle

This software design gives portability, performance, and sustainability.



Focus efforts as lightweight tool in ECP to address challenges
Library core contains 
architecture-agnostic 
factionality

Runtime polymorphism selects the right 
kernel depending on the target architecture

Unit tests check 
correctness

Architecture-optimized kernels

CORE
Infrastructure
Algorithms

• Iterative Solvers
• Preconditioners

• …

REFERENCE OpenMP CUDA HIP SYCL

Focus efforts

• Mixed precision

• Batched Routines

• Address recent hardware trends (tensor cores, etc.)

• Address application requirements



Mixed precision focus effort

Trends in the relative performance of floating-point arithmetic and several classes of 
data access for select HPC servers over the past 25 years. Source: John McCalpin
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• (Dense) Matrix Performance 
> Vector Operation Performance

• Low Precision Performance 
> High Precision Performance



Tensor Cores for Matrix Multiplication Are on the Rise 
– Is There Any Hope for 

Sparse Operations?

24

NVIDIA A100



Tensor Cores for Matrix Multiplication Are on the Rise 
– Is There Any Hope for 

Sparse Operations?

25

Matrix fp64

Matrix fp32



Tensor Cores for Matrix Multiplication Are on the Rise 
– Is There Any Hope for 

Sparse Operations?

Memory-bound operations
(sparse linear algebra)

• data access in low precision
• faster access

Compute-bound operations
(dense linear algebra)

• run arithmetic in low precision
• faster because of higher FLOP/s

26

Matrix fp64

Matrix fp32



Linear System Ax=b with cond(A)≈ 107

( apache2 from SuiteSparse ) NVIDIA V100 GPU

Relative residual ~10-12

forward error ≈ ( unit round-off ) * (linear system’s condition number)

N. Higham: Accuracy and stability of numerical algorithms. SIAM, 2002.

Double precision GMRES
Initial residual norm 
sqrt(r^t r): 9670.36
Final residual norm 
sqrt(r^T r): 9.6639e-09
GMRES iteration count: 23271
GMRES execution time: 43801 ms

Relative residual ~10-7
Single precision GMRES
Initial residual norm 
sqrt(r^t r): 9670.36
Final residual norm 
sqrt(r^T r): 0.00175464
GMRES iteration count: 25000
GMRES execution time: 27376 ms

~2x faster!

27



Mixed precision focus effort

Input Compute Output

• Traditionally, we use a strong coupling between the 
precision formats used for arithmetic operations and 
storing data.

• We should compute in fp64

• Data should be compressed for main memory access
(low precision/compression)

• Compression / Conversion needs to happen on-the-fly

See Felix Liu’s thesis
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Compressed Basis (CB-) GMRES

• Use double precision in all arithmetic operations;

• Store Krylov basis vectors in lower precision;
• Search directions are no longer DP-orthogonal;
• Hessenberg system maps solution to “perturbed” 

Krylov subspace;
• Additional iterations may be needed;
• As long as the loss-of-orthogonality is moderate, 

we should see moderate convergence degradation;

arithmetic precision    memory precision

MGS-GMRES<fp64,fp64>
GMRES<fp64,fp64>
MGS-GMRES<fp32,fp32>
GMRES<fp64,fp32>
GMRES<fp64,fp16>
GMRES<fp64,int32>
GMRES<fp64,int16>

MGS-GMRES<fp64,fp64>
GMRES<fp64,fp64>
MGS-GMRES<fp32,fp32>
GMRES<fp64,fp32>
GMRES<fp64,fp16>
GMRES<fp64,int32>
GMRES<fp64,int16>
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Relative residual ~10-12
Double precision GMRES
Initial residual norm 
sqrt(r^t r): 9670.36
Final residual norm 
sqrt(r^T r): 9.6639e-09
GMRES iteration count: 23271
GMRES execution time: 43801 ms

Relative residual ~10-7
Single precision GMRES
Initial residual norm 
sqrt(r^t r): 9670.36
Final residual norm 
sqrt(r^T r): 0.00175464
GMRES iteration count: 25000
GMRES execution time: 27376 ms

Relative residual ~10-12Compressed Basis GMRES
Initial residual norm 
sqrt(r^t r): 9670.36
Final residual norm 
sqrt(r^T r): 9.6591e-09
GMRES iteration count: 23271
GMRES execution time: 29369 ms

Accuracy of DP GMRES
Performance similar to SP GMRES

Linear System Ax=b with cond(A)≈ 107

( apache2 from SuiteSparse ) NVIDIA V100 GPU

30



NVIDIA V100 GPU
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• CB-GMRES using 32-bit storage 
preserves DP accuracy 
(SP-GMRES does not)

NVIDIA V100 GPU
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• CB-GMRES using 32-bit storage 
preserves DP accuracy 
(SP-GMRES does not)

• Speedups problem-dependent

• Speedup ∅1.4x (for restart 100)

• 16-bit storage mostly inefficient

NVIDIA V100 GPU
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Aliaga JI, Anzt H, Grützmacher T, Quintana-
Ortí ES, Tomás AE. Compressed basis 
GMRES on high-performance graphics 
processing units. The International Journal of 
High Performance Computing Applications. 
2022;0(0). doi:10.1177/10943420221115140
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• Preconditioning iterative solvers

• Idea: Approximate inverse of system matrix to make the system “easier to solve”:

and solve                                                                                             .

• Mixed Precision Multigrid Preconditioner 

Ax = b , P�1Ax = P�1b , Ãx = b̃
<latexit sha1_base64="IUm2v07pZRAFXId01jf8VRSrjc8="></latexit><latexit sha1_base64="IUm2v07pZRAFXId01jf8VRSrjc8="></latexit><latexit sha1_base64="IUm2v07pZRAFXId01jf8VRSrjc8="></latexit><latexit sha1_base64="IUm2v07pZRAFXId01jf8VRSrjc8="></latexit>

P�1 ⇡ A�1
<latexit sha1_base64="w1QOo3Lu6ctNF0cuiHu2ZcTuJXs=">AAAB/XicbVDLSgMxFL3js9bX+Ni5CRbBjWVGBF1W3LisYB/QjiWTZtrQTCYkGbEOxV9x40IRt/6HO//GtJ2Fth64cHLOveTeE0rOtPG8b2dhcWl5ZbWwVlzf2Nzadnd26zpJFaE1kvBENUOsKWeC1gwznDalojgOOW2Eg6ux37inSrNE3JqhpEGMe4JFjGBjpY67X73LTvxRG0upkgd0OXl13JJX9iZA88TPSQlyVDvuV7ubkDSmwhCOtW75njRBhpVhhNNRsZ1qKjEZ4B5tWSpwTHWQTbYfoSOrdFGUKFvCoIn6eyLDsdbDOLSdMTZ9PeuNxf+8VmqiiyBjQqaGCjL9KEo5MgkaR4G6TFFi+NASTBSzuyLSxwoTYwMr2hD82ZPnSf207Htl/+asVPHyOApwAIdwDD6cQwWuoQo1IPAIz/AKb86T8+K8Ox/T1gUnn9mDP3A+fwBY7pRw</latexit><latexit sha1_base64="w1QOo3Lu6ctNF0cuiHu2ZcTuJXs=">AAAB/XicbVDLSgMxFL3js9bX+Ni5CRbBjWVGBF1W3LisYB/QjiWTZtrQTCYkGbEOxV9x40IRt/6HO//GtJ2Fth64cHLOveTeE0rOtPG8b2dhcWl5ZbWwVlzf2Nzadnd26zpJFaE1kvBENUOsKWeC1gwznDalojgOOW2Eg6ux37inSrNE3JqhpEGMe4JFjGBjpY67X73LTvxRG0upkgd0OXl13JJX9iZA88TPSQlyVDvuV7ubkDSmwhCOtW75njRBhpVhhNNRsZ1qKjEZ4B5tWSpwTHWQTbYfoSOrdFGUKFvCoIn6eyLDsdbDOLSdMTZ9PeuNxf+8VmqiiyBjQqaGCjL9KEo5MgkaR4G6TFFi+NASTBSzuyLSxwoTYwMr2hD82ZPnSf207Htl/+asVPHyOApwAIdwDD6cQwWuoQo1IPAIz/AKb86T8+K8Ox/T1gUnn9mDP3A+fwBY7pRw</latexit><latexit sha1_base64="w1QOo3Lu6ctNF0cuiHu2ZcTuJXs=">AAAB/XicbVDLSgMxFL3js9bX+Ni5CRbBjWVGBF1W3LisYB/QjiWTZtrQTCYkGbEOxV9x40IRt/6HO//GtJ2Fth64cHLOveTeE0rOtPG8b2dhcWl5ZbWwVlzf2Nzadnd26zpJFaE1kvBENUOsKWeC1gwznDalojgOOW2Eg6ux37inSrNE3JqhpEGMe4JFjGBjpY67X73LTvxRG0upkgd0OXl13JJX9iZA88TPSQlyVDvuV7ubkDSmwhCOtW75njRBhpVhhNNRsZ1qKjEZ4B5tWSpwTHWQTbYfoSOrdFGUKFvCoIn6eyLDsdbDOLSdMTZ9PeuNxf+8VmqiiyBjQqaGCjL9KEo5MgkaR4G6TFFi+NASTBSzuyLSxwoTYwMr2hD82ZPnSf207Htl/+asVPHyOApwAIdwDD6cQwWuoQo1IPAIz/AKb86T8+K8Ox/T1gUnn9mDP3A+fwBY7pRw</latexit><latexit sha1_base64="w1QOo3Lu6ctNF0cuiHu2ZcTuJXs=">AAAB/XicbVDLSgMxFL3js9bX+Ni5CRbBjWVGBF1W3LisYB/QjiWTZtrQTCYkGbEOxV9x40IRt/6HO//GtJ2Fth64cHLOveTeE0rOtPG8b2dhcWl5ZbWwVlzf2Nzadnd26zpJFaE1kvBENUOsKWeC1gwznDalojgOOW2Eg6ux37inSrNE3JqhpEGMe4JFjGBjpY67X73LTvxRG0upkgd0OXl13JJX9iZA88TPSQlyVDvuV7ubkDSmwhCOtW75njRBhpVhhNNRsZ1qKjEZ4B5tWSpwTHWQTbYfoSOrdFGUKFvCoIn6eyLDsdbDOLSdMTZ9PeuNxf+8VmqiiyBjQqaGCjL9KEo5MgkaR4G6TFFi+NASTBSzuyLSxwoTYwMr2hD82ZPnSf207Htl/+asVPHyOApwAIdwDD6cQwWuoQo1IPAIz/AKb86T8+K8Ox/T1gUnn9mDP3A+fwBY7pRw</latexit>

Stephen F. McCormick, Joseph Benzaken, Rasmus Tamstorf: Algebraic error analysis for mixed-precision multigrid solvers, https://arxiv.org/abs/2007.06614

Mike Tsai

Mixed precision AMG on GPUs

high precision

low precision

https://arxiv.org/abs/2007.06614
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Mixed precision focus effort



Batched focus effort – Combustion Simulations

Batched iterative solvers for SUNDIALS / PeleLM

PeleLM is a parallel, adaptive mesh refinement (AMR) code that
solves the reacting Navier-Stokes equations in the low Mach
number regime. The core libraries for managing the subcycling
AMR grids and communication are found in the AMReX source
code.
https://amrex-combustion.github.io/PeleLM/overview.html

https://amrex-codes.github.io/amrex/
https://amrex-codes.github.io/amrex/
https://amrex-combustion.github.io/PeleLM/overview.html


XGC is a gyrokinetic particle-in-cell code, which specializes in
the simulation of the edge region of magnetically confined
thermonuclear fusion plasma. The simulation domain can
include the magnetic separatrix, magnetic axis and the biased
material wall. XGC can run in total-delta-f, and conventional
delta-f mode. The ion species are always gyrokinetic except for
ETG simulation. Electrons can be adiabatic, massless fluid,
driftkinetic, or gyrokinetic.

Source: https://xgc.pppl.gov/html/general_info.html

• Two species
• Ions easy to solve
• Electrons hard to solve
• Banded matrix structure
• Non-symmetric, need BiCGSTAB
• n = ~1,000
• nz =  ~9,000

Batched focus effort – Fusion Plasma Simulations

https://theory.pppl.gov/research/research.php?rid=10
https://xgc.pppl.gov/html/general_info.html


Batched focus effort – Fusion Plasma Simulations

Aditya Kashi, Pratik Nayak, Dhruva Kulkarni, Aaron Scheinberg, Paul Lin, and Hartwig Anzt. Batched sparse iterative solvers on gpu for the collision 
operator for fusion plasma simulations. In 2022 IEEE International Parallel and Distributed Processing Symposium (IPDPS), pages 157–167. IEEE, 2022. 



Sparse direct solvers for power grid simulations
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Sparse direct solvers for power grid simulations
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See Felix Liu’s thesis
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Sparse direct solvers for power grid simulations

© Slaven Peles
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Now, after the completion of ECP
Library core contains 
architecture-agnostic 
factionality

Runtime polymorphism selects the right 
kernel depending on the target architecture

Unit tests check 
correctness
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• …

REFERENCE OpenMP CUDA HIP SYCL

• Sustainable software design ready for the addition 
of new backends. 

• EuroHPC Project MICROCARD uses Ginkgo

• BMBF PDExa and ExaSIM projects use Ginkgo

• Companies are evaluating Ginkgo

https://www.microcard.eu

https://www.microcard.eu/


Scalability of Ginkgo on Frontier (#1 TOP500, AMD MI250)

Weak scaling: problem size increases with parallel resources

Weak scaling up to 8k AMD MI250 GPUs (16k GCDs)

Number of MI250 GCDs # of MI250 GCDsNumber of MI250 GCDs

Significant Compute Waste!



Scalability of Ginkgo on Frontier (#1 TOP500, AMD MI250)

Strong scaling: problem size increases with parallel resources

Strong scaling up to 8k AMD MI250 GPUs (16k GCDs)

Number of MI250 GCDs Number of MI250 GCDs Number of MI250 GCDs



Lessons learnt over the years

• ECP earmarking roughly half the budget to Software & App development is a game changer.
– Central component for the success of ECP.
– This concept needs to – and does become - the blueprint for other nations, companies, and projects.

• Workforce recruitment and workforce retention are the key to success in software development.
– Money does not write software. RSEs do. We need to create attractive career plans.
– We need to make research software development attractive to students. Academic recognition. Industry career 

paths.

• Anticipating the future in hardware development accelerates the porting process.
– Blueprints and early access systems both useful. 
– Interaction with industry is mutually beneficial.

• Management, tools, and strategic initiatives, interaction and collegial behavior are important. 
– Jira/Notion/[…] milestones and deliverables give projects and collaborative interactions a structure and timeline.
– Strategic focus groups, conferences, and meetings bring experts together and create collaboration. 
– Listen to the application needs. Value input and acknowledge collaborators. 


