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The US Exascale Computing Project

© Paul Messina in 2016
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▪ 3 computers. (~2B)

▪ $600M each

▪ $400M to vendors for Design, 

Path, Fast - Forward

AMD Based
(Up & running)

AMD APU Based
(being commissioned)

Intel Based
(Up & running)

20 MW
40 MW

The US Exascale Computing Project
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▪ $600M each
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Path, Fast - Forward

AMD Based
(Up & running)

AMD APU Based
(being commissioned)
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(Up & running)

20 MW
40 MW

The US Exascale Computing Project

98% of FLOP/s in GPUs
2% of FLOP/s in CPUs

92% of FLOP/s in GPUs
8% of FLOP/s in CPUs
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AMD Based
(Up & running)

AMD APU Based
(being commissioned)

Intel Based
(Up & running)

20 MW
40 MW

The US Exascale Computing Project

▪ 3 computers. (~2B)

▪ $600M each

▪ $400M to vendors for Design, 

Path, Fast - Forward

▪ Application and Software Development(~2B)
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A few words about myself

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)

• Born and raised in Karlsruhe

• PhD in Numerical Mathematics from KIT 

in 2012

• 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
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Designing a math toolset for ECP applications
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Designing a math toolset for ECP applications
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Designing a math toolset for ECP applications
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Designing a math toolset for ECP applications
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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
In frastructure

Algorithms

• Iterative Solvers

• Precon ditioners

• …

REFERENCE OpenMP CUDA
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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
In frastructure

Algorithms

• Iterative Solvers

• Precon ditioners

• …

REFERENCE OpenMP CUDA HIP

Architecture-optimized kernels

~2 months
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Weak and strong Scalability

SpMV Weak scaling: problem size increases with parallel resources

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

Frontier (#1 TOP500)

Number of MI250 GCDsNumber of MI250 GCDs
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Weak and strong Scalability

Frontier (#1 TOP500)Strong scaling: problem size constant, parallel resources increase

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



Library core contains 
architecture-agnostic 
factionality

Runtime polymorphism selects the right 
kernel depending on the target architecture

Unit tests check 
correctness

CORE
In frastructure

Algorithms

• Iterative Solvers

• Precon ditioners

• …

REFERENCE OpenMP CUDA HIP

Architecture-optimized kernels
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We “forgot” the customer on the way…

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

Natalie Beams Tzanio Kolev
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Contribute and benefit from community

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/
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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
In frastructure

Algorithms

• Iterative Solvers

• Precon ditioners

• …

REFERENCE OpenMP CUDA HIP SYCL

~18 months

Mike Tsai
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Hardware Trends – ECP 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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Hardware Trends – ECP 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 Performance
• Low Precision  Perf > High Precision Performance
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Tensor Cores for Matrix Multiplication Are on the Rise 
– Is There Any Hope for 

Sparse Operations?

NVIDIA A100
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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
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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

Matrix fp64

Compute-bound operations

(dense linear algebra)

• run arithmetic in low precision

• faster because of higher FLOP/s

Matrix fp32
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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!
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• Traditionally, we use a strong coupling between the

precision formats used for arithmetic operations

the precision format handling data in main memory.

ECP Focus Effort Mixed Precision
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• Traditionally, we use a strong coupling between the

precision formats used for arithmetic operations

the precision format handling data in main memory.

• We should compute in fp64

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

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

ECP Focus Effort Mixed Precision
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ECP Focus Effort Mixed Precision

Input Compute Output

Bs

yD

(B|y)s

BD

yD

<B,y>D

Compressed Basis (CB-) GMRES

• Use double precision in all arithmetic operations;

• Store Krylov basis vectors B 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;
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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!
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Linear System Ax=b with cond(A) ≈ 107

( apache2 from SuiteSparse ) NVIDIA V100 GPU

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
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NVIDIA V100 GPU

af
_0

_k
10

1

af
_1

_k
10

1

af
_2

_k
10

1

af
_3

_k
10

1

af
_4

_k
10

1

af
_5

_k
10

1

af
_s

he
ll1

af
_s

he
ll1

0

af
_s

he
ll2

af
_s

he
ll3

af
_s

he
ll4

af
_s

he
ll5

af
_s

he
ll6

af
_s

he
ll7

af
_s

he
ll8

af
_s

he
ll9

ap
ac

he
2

at
m

os
m

od
d

at
m

os
m

od
j

at
m

os
m

od
l

at
m

os
m

od
m

au
di
kw

_1

bo
ne

01
0

bo
ne

S
10

B
um

p_
29

11

ci
rc

ui
t5

M
_d

c

C
ub

e_
C
ou

p_
dt

6

C
ur

lC
ur

l_
2

C
ur

lC
ur

l_
3

C
ur

lC
ur

l_
4

ec
ol
og

y1

ec
ol
og

y2

Fau
lt_

63
9

Fla
n_

15
65

G
3_

ci
rc

ui
t

G
eo

_1
43

8

H
oo

k_
14

98

in
lin

e_
1
ld
oo

r

m
c2

de
pi

M
L_

G
ee

r

pa
ra

bo
lic

_f
em

S
er

en
a ss

t2
em

th
er

m
al
2

tm
t_

sy
m

tm
t_

un
sy

m

Tra
ns

po
rt

Matrices

10
-10

10
-5

N
o
rm

a
liz

e
d
 r

e
s
id

u
a

l 
n
o

rm
af

_0
_k

10
1

af
_1

_k
10

1

af
_2

_k
10

1

af
_3

_k
10

1

af
_4

_k
10

1

af
_5

_k
10

1

af
_s

he
ll1

af
_s

he
ll1

0

af
_s

he
ll2

af
_s

he
ll3

af
_s

he
ll4

af
_s

he
ll5

af
_s

he
ll6

af
_s

he
ll7

af
_s

he
ll8

af
_s

he
ll9

ap
ac

he
2

at
m

os
m

od
d

at
m

os
m

od
j

at
m

os
m

od
l

at
m

os
m

od
m

au
di
kw

_1

bo
ne

01
0

bo
ne

S
10

B
um

p_
29

11

ci
rc

ui
t5

M
_d

c

C
ub

e_
C
ou

p_
dt

6

C
ur

lC
ur

l_
2

C
ur

lC
ur

l_
3

C
ur

lC
ur

l_
4

ec
ol
og

y1

ec
ol
og

y2

Fau
lt_

63
9

Fla
n_

15
65

G
3_

ci
rc

ui
t

G
eo

_1
43

8

H
oo

k_
14

98

in
lin

e_
1
ld
oo

r

m
c2

de
pi

M
L_

G
ee

r

pa
ra

bo
lic

_f
em

S
er

en
a ss

t2
em

th
er

m
al
2

tm
t_

sy
m

tm
t_

un
sy

m

Tra
ns

po
rt

Matrices

10
-10

10
-5

N
o
rm

a
liz

e
d
 r

e
s
id

u
a

l 
n
o

rm

GMRES<fp64,fp64>

GMRES<fp32,fp32>
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• CB-GMRES using 32-bit storage 
preserves DP accuracy 
(SP-GMRES does not)

NVIDIA V100 GPU
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GMRES<fp64,int32>

GMRES<fp64,int16>
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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

https://doi.org/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 

Mike Tsai

high precision

low precision
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Application Needs – ECP Batched Focus Effort

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

Carol Woodward     Cody Balos

https://amrex-codes.github.io/amrex/
https://amrex-codes.github.io/amrex/
https://amrex-combustion.github.io/PeleLM/overview.html
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Batched Functionality for the Collision Operator

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

Paul Lin   Dhruva Kulkarni

WDMApp

XGC collision operator: fully nonlinear multi-species Fokker-Planck-Landau
For each mesh vertex:
• Outer nonlinear solver: Picard method with inner linear solves

• Linear solve: discretize velocity space with approx 35x35 velocity grid
• direct solve on CPU using LAPACK banded solver dgbsv

• After GPU porting of XGC, this is the remaining CPU intensive kernel for collision operator

https://theory.pppl.gov/research/research.php?rid=10
https://xgc.pppl.gov/html/general_info.html
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Batched Functionality for the Collision Operator

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. 

● XGC DIII-D National Fusion Facility tokamak electromagnetic (EM) test case

● 8 nodes of NERSC Perlmutter: 32 A100s, 1 MPI per GPU; single socket 64-core AMD EPYC

● 8 nodes OLCF Frontier: 32 MI250X, 64 GCDs, 1 MPI per GCD; single socket 64-core AMD EPYC

● 8 nodes ALCF Aurora: 48 Intel Data Center Max 1550, 96 tiles, 1 MPI per tile; dual socket 52-core Intel CPU Max 9470C SPR
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Power Grid Simulations

© Slaven Peles
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Sparse Direct Solvers
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Sparse Direct Solvers
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After 6 years of development
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Lessons learnt

▪ 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.

▪ Strategic initiatives, interaction and collegial behavior are important. 

▪ Strategic focus groups, conferences, and meetings bring experts together and create collaboration. 

▪ Listen to the application needs. Value input and acknowledge collaborators. 
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Lessons learnt

▪ AI is dominating the hardware market.

▪ Low precision will become the major format supported by hardware (16 bit? 8bit?).

▪ We need likely have to emulate higher precision if we require it in applications.

▪ Bandwidth and Latency can not keep up with growth in compute power.

▪ We need use compression on all levels – likely hierarchically combined. 

▪ Optimizations need to focus on replacing communication with repetitive computation.

▪ Resilience has become more a “secret discussion” than a showstopper.

▪ We know that MTF rates are in the hours for some machines. 

▪ Often, the topic is silenced for political reason.

▪ AI is here to stay. 

▪ AI is an alternative to classical simulations and can enhance classical simulations. 

▪ Like classical simulations, AI needs highly optimized matrix and vector operations, communication, and algorithms.
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Activities going forward: There's plenty of room at the Top

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

Hope for Sparse Operations?

Matrix fp64

Matrix fp32

Unused Compute
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Activities going forward

Using the Tensor cores for better in-register compression
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Activities going forward

Sparse BLAS working group

- On the path to defining a standard for sparse BLAS operations

1st Sparse BLAS workshop, 2023

2nd Sparse BLAS workshop, 2024

Intel, NVIDIA, AMD, IBM, EVIDEN, Arm, MathWorks, 
LLNL, LBNL, SNL, MIT, UC Berkeley, UTK, KIT, TUM
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Activities going forward

Linear algebra functionality for AI software stacks

Speedup of GPU libraries on A100 vs scipy on CPU
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Activities going forward
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Activities going forward

• Cardiac disease is the #1 cause of death in Europe and half of 

these deaths are caused by electrical malfunctions.

• Structural muscle damage is crucial in most of these.
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