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For What Should the Bell Toll?



Thanks for making it an enriching experience!

Make it a referenceable resource, speakers.  Please post your 
slides after any post-presentation revisions.  (Five sets of slides 
are already at the workshop website.)



Please remember to respond to the ICERM survey

Aspirations

1) to produce at least one article for the next ICERM quarterly 
that will have headline appeal to nonspecialists and convince 
the NSF of its wisdom in creating and sustaining the math 
institutes and ICERM in particular

2) to lead to papers by participants that incorporate ideas first 
heard or first understood or appreciated here

3) to lead to new collaborations that form this weekend by 
participants who have not previously worked together



A follow-up to my ICERM talk of 8 September 2024

• “Efficient computation through tuned approximation”
- based on four Gordon Bell finalist nominations in three years

• Written up with Halle Bryant for ICERM quarterly newsletter
- kicker: “Do linear algebra; see the world”

• Caught the attention of NVIDIA’s Tom Gibbs
- invited for GPU Technology Conference 2025: “For what the Bell tolls”

Marking the 90th birthday 
of Jim Glimm
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GB Prize winners in the room this weekend

• Adams (2004) 
• Gropp (1999)
• Hoefler (2019)
• Keyes (1999, 2024)
• Schulthess (2008, 2009)
• Smith (1999)
• Vuduc (2010)

“The ACM Gordon Bell Prize for peak 
performance recognizes a high-performance 
computing (HPC) application that achieves 
outstanding speed and efficiency, measured 
in floating-point operations per second 
(FLOPS), on a significant scientific or 
engineering problem.”

This has been an inspiring metric for 37 years.
Is this the most appropriate metric going 
forward?Let me know if I missed anyone!



Running on Frontier versus flying commercially

• Carbon footprint of a KiloWatt-hour is 0.5 kg CO2-equivalent
- 10,000 kg CO2e hourly carbon footprint for a 20MW exaflop/s system (10 

metric tons)
• Carbon footprint of one passenger-hour of commercial cruise 

Mach flight is about 0.25 metric tons CO2e
- 1 hour of exaflop/s is roughly equivalent to 40 passenger-hours of flight

Flying these 39 passengers costs 
about the same per hour as Frontier Carbon offset your 

next flight by efficient 
programming!

Better yet, please 
justify my flight here  

to give this talk J



Questions about the future of the GB Prize

• What should it measure?
• If operations per second, what kind of operations in the multi-

precision GPU era?
• Given its potential for focusing attention, by what better metrics 

might modeling and simulation benefit?
• Can such benefit be extended to machine learning?
• How will it adapt to the hybrid classical-quantum era?

- “flop equivalents”



Objectives for the next ~40 minutes

• Provide a quick update to last year’s talk
• Present perspectives from first 37 years of the GB Prize
• Present Bill Gropp’s involvement in a GB campaign 

(1999)
- alluded to by Rich Vuduc yesterday

• Promote discussion of the curation of the prize among 
several of its sharers and answer:

“For what should the Bell toll?”



For what has the Bell tolled?

•  Scaling (“Karp Prize”, 1987)
• Peak performance (1988)
•  Price/performance (1988)
•  Compiler parallelization (1989)
•  Speedup (1992)
•  Special purpose machine (1995)
• Parallel language (2002)
• Lifetime achievement (2003)
•  Algorithmic innovation (2008)
• Time to solution (2011)
• Scalability (2015)
• +COVID modeling(2020-2022)
•  +Climate modeling (2023-2032)

GB Prize committees and Gordon, 
himself, tinkered with the prize 
over the years…

It is not irreverent of us to be 
creative with a metric that will 
induce positive behaviors for the 
future



Tracking of Top500 by GB Peak Prize winners

1000 X
per decade



32 of 37 GB Peak Prize winners are from physics



Tracking of Top500 by GB Peak Prize winners

• Top500 #1 is non-decreasing

• GB Peak Performance twice 
exceeded the Top500 HPL 
on a specialty machine

- GRAPE
- Anton

• GB Peak Performance has 9 
times failed to exceed a GB 
precedent

• Ratio of GB to Top500 #1 
ranges from 9% to 160%, 
with a median of about 50%



Our journey covers four Gordon Bell Prize finalist papers in 
the past three years
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2022: Geospatial statistics 2023: Seismic processing

2024: Climate emulation2024: Genomic association
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2022: Geospatial statistics 2023: Seismic processing

2024: Climate emulation2024: Genomic association

Cholesky 
TLR, MP & DR

Matrix-vector mult.
TLR

Cholesky & Kernel Ridge Regression
MP & DR 

Cholesky & Spherical Harmonic Transform
MP & DR

Algorithm: adaptive low rank and low precision substitutions 
for (default) dense double

TLR = tile low rank, MP = mixed precision, DR = dynamic runtime system 
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2022: Geospatial statistics 2023: Seismic processing

2024: Climate emulation2024: Genomic association

Cholesky 
TLR, MP & DR

Time to solution @ Fugaku

Matrix-vector mult.
TLR

Memory BW @ Cerebras

Cholesky & Kernel Ridge Regression
MP & DR 

ExaOps @ Alps

Cholesky & Spherical Harmonic Transform
MP & DR

ExaFlops @ Alps

Gordon Bell finalist “merits” and machines



One goal throughout:

Computational efficiency through tuned approximation
• not necessarily highest performance (ops per sec), but lowest 

energy to solution
• satisfy application-worthy accuracy
• squeeze out “easyflop/s” rather than racking them up

In 2024, performance “caught up” w/ efficiency (2 trends)
• applications: increasing % of work tolerates low precision
• architecture: going low in precision pays more than ever –

“starring” FP8 and INT8 on Hopper 



A folk definition of insanity

- commonly misattributed to Einstein, 
actually from the 1980s

Our “insane”, contrarian behavior eventually paid off J.

“Insanity is doing the same thing over and over and 
expecting a different result.”    



Our journey in tuned approximation began in 2018 with 
these time traces for tile low-rank (TLR) Cholesky

Akbudak, Ltaief, Mikhalev, Charara & K., Exploiting Data Sparsity for Large-scale Matrix Computations, Euro-Par 2018

• TLR may score a lower percentage of peak (after squeezing out flops)
• TLR may have poorer load balance (a higher percentage of idle time 

(red) vs. computation (green))
• TLR may scale less efficiently (less able to cover data motion with 

computation) 
• TLR is, however, 10X superior in time for required application 

accuracy, at about 65% of average power compared to dense

18.1 s

Dense
Tile-based 
Cholesky 

factorization
(Chameleon)

c
o
r
e
s

time

1.76 s

c
o
r
e
s

Tile low rank
(TLR) 

Cholesky 
factorization

(HiCMA)

… for factorization of a dense 54K covariance matrix on four 32-core nodes of a Cray XC-40

node 1

node 4

. 

. 

. 



Algorithmic philosophy

Algorithms must span a widening gulf …

ambitious 
applications

austere 
architectures

adaptive 
algorithms

… a full employment program for algorithm developers 

increasingly 
dynamic and 
unstructured

increasingly 
optimized for 
uniformity
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Computational efficiency through tuned approximation: 
a journey with tile low rank and mixed precision

business as usual

Don’t oversolve: maintain just enough accuracy for the application purpose
Economize on storage: no extra copies of the original matrix

Dense DP

la renaissance

Dense DP

Dense SP

Dense HP

TLR DP

TLR SP

Dense DP

TLR DP

Dense DP

TLR DP

Dense DP

Dense SP

Dense HP

Dense DP

Dense SP

Dense HP

Now using four 
precisions: FP64, 
FP32, FP16 & FP8



Linear algebraic “secret sauce”

Where possible, without losing working accuracy:

• Replace default 64-bit IEEE standard double precision 
operations with lower precisions
- Save storage
- Save data motion
- Exploit special-purpose hardware optimized for low precision

• Replace default full rank blocks of discrete linear operators 
and/or discrete field data with lower rank blocks
- Save storage
- Save data motion
- Exploit special-purpose hardware optimized for BLAS3

secret



Renaissance in numerical linear algebra (1): rank

Many formally dense matrices arising from
• integral equations with smooth Green’s functions
• covariances in statistics
• Schur complements within discretizations of PDEs
• Hessians from PDE-constrained optimization
• nonlocal operators from fractional differential 

equations
• radial basis functions from unstructured meshing
• kernel matrices from GWAS & machine learning 

applications
have exploitable low-rank structure in “most” their off-
diagonal blocks (if well ordered, e.g., for  d > 1 by Hilbert)



Renaissance in numerical linear algebra (2): precision

Many matrices arising in applications have blocks 
of relatively small norm and can be replaced with 
reduced precision.

Mixed precision algorithms have a long history, 
e.g., iterative refinement (1963, Wilkinson), where 
multiple copies of the matrix are kept in different 
precisions for different purposes.

There are many such new algorithms; see Higham 
& Mary, Mixed precision algorithms in numerical 
linear algebra, Acta Numerica (2022), Carson’s EU 
Horizon project  inEXASCALE (2023- )



Renaissance in numerical linear algebra (3): combined

Moreover, these ideas can be combined, 
as in this 1M x 1M dense symmetric 
covariance matrix:
• Original in DP: 4 TB
• Replacement: 0.915 TB
Smaller workingsets mean larger 
problems fit in GPUs and last-level caches 
on CPUs, for data movement savings
• Also, net computational savings
• Data structures and programs are 

more complex



Rank: a tuning knob

• Replace dense blocks with reduced rank representations, whether “born 
dense” or as arising during matrix operations
- use high accuracy (high rank) to build “exact” solvers
- use low accuracy (low rank) to build preconditioners

• Consider hardware parameters in tuning block sizes and maximum rank 
parameters, to complement mathematical considerations
- e.g., cache sizes, warp sizes

• Select from already broad and ever broadening algorithmic menu to form 
low-rank blocks (next slide)
- traditionally a flop-intensive vendor-optimized GEMM-based flat algorithm

• Implement in “batches” of leaf blocks
- flattening trees in the case of hierarchical methods



Low-rank approximations for compressible tiles

Options for forming data sparse representations of the amenable 
off-diagonal blocks
• standard SVD: O(n3), too expensive, especially for repeated compressions 

after additive tile manipulations
• randomized SVD (Halko et al., 2011): O(n2 log k) for rank k, requires only a 

small number of passes over the data, saving over the SVD in memory 
accesses as well as operations

• adaptive cross approximation (ACA) (Bebendorf, 2000):  O(k2n log n), 
motivated by integral equation kernels

• matrix skeletonization (representing a matrix by a representative collection 
of row and columns), such as CUR,                                                                
sketching, or interpolatory decomposition



With such new algorithms, today’s HPC can extend many applications 
that possess
• memory capacity constraints (e.g., geospatial statistics,     

PDE-constrained optimization)
• power constraints (e.g., remote telescopes)
• real-time constraints (e.g., wireless communication)
• running time constraints (e.g., chemistry, materials,      

genome-wide associations)

Application opportunities



Example: covariance matrices from spatial statistics

• Climate and weather applications have many measurements located regularly 
or irregularly in a region; prediction is needed at other locations
• Modeled as realization of Gaussian or Matérn spatial random field, with 

parameters to be fit
• Leads to evaluating, inside an optimization loop, the log-likelihood function 

involving a large dense (but data sparse) covariance matrix 𝛴

• Apply inverse 𝛴-1 and determinant | 𝛴 | with Cholesky



Covariance functions 𝞢(𝝷 ) supported in ExaGeoStat

Univariate Matern Kernel

Multivariate Parsimonious Kernel 

Space/Time Nonseparable Kernel 

Tukey g-and-h Non-Gaussian Field with Kernel 

Multivariate Flexible Kernel Powered Exponential Kernel

(6 parameters to fit, add: time-range, time-smoothness, and separability)(3 parameters to fit: variance, range, smoothness)

Handful of parameters with physics, as opposed to trillions without physics J



Synthetic scaling test

Random coordinate generation within the unit square or unit cube with 
Matérn kernel decay, each pair of points connected by square exponential 
decay, aij ~ exp (-c|xi - xj|2)

2D 3D



O(n2)

O(n3)

TLR vs. Intel MKL on shared memory
Red arrows: 
speedups from 
hardware, 
same algorithm

Green arrows: 
speedups from 
algorithm, 
same hardware

Blue arrow:
from both

classical

tile low rank
w/StarPU

Akbudak, Ltaief, Mikhalev, Charara & K., Exploiting Data Sparsity for Large-scale Matrix Computations, Euro-Par 2018

NB: log scale

• Gaussian kernel to accuracy 1.0e-8 in each tile
• Three generations of Intel manycore (Sandy Bridge, Haswell, Skylake)
• Two generations of linear algebra (classical dense and tile low rank) 

HiCMA TLR vs. Intel MKL on shared memory



4 TB

1 to 2 orders of 
magnitude less, 
depending upon 
accuracy (x-axis)

Akbudak, Ltaief, Mikhalev, Charara & K., Exploiting Data Sparsity for Large-scale Matrix Computations, EuroPar 2018

NB: log scale

Memory footprint for TLR fully DP matrix of size 1M



Nearly 2 orders of 
magnitude for 0.5M size 
matrix on 16 nodes

HiCMA vs. ScaLAPACK on distributed memory

Green arrow: 
speedup from 
algorithm, 
same 16 nodes

NB: log scale

Akbudak, Ltaief, Mikhalev, Charara & K., Exploiting Data Sparsity for Large-scale Matrix Computations, Euro-Par 2018

Shaheen II at KAUST: a Cray XC40 system with 6,174 compute nodes, each of which has two 16-core Intel Haswell CPUs 
running at 2.30 GHz and 128 GB of DDR4 main memory

HiCMA TLR vs. ScaLAPACK on distributed memory



Peak Performance in TF/s V100 NVLink A100 NVLink H100 SXM B200
FP64 7.5 9.7 34 90

FP32 19.5 67 180

FP64 Tensor Core 15 19.5 67 40

FP/TF32 Tensor Core 156 495 1125

FP16 Tensor Core 120 312 989 2250

Two motivations for mixed precision
• Mathematical: (much) better than “no precision”

– statisticians often approximate remote diagonals as zero after performing a 
diagonally clustered space-filling curve ordering (no error bounds available)

• Computational: faster time to solution
– hence lower energy consumption and higher performance

16x8x 16x

rel. 2017            rel. 2020            rel. 2023               rel.2025

125x

0.6X



Peak Performance in TF/s V100 NVLink A100 NVLink H100 SXM B200
FP64 7.5 9.7 34 90

FP32 19.5 67 180

FP64 Tensor Core 15 19.5 67 40

FP/TF32 Tensor Core 156 495 1125

FP16 Tensor Core 120 312 990 2250

FP8/INT8 Tensor Core - 624 1980 4500

FP4 Tensor Core - - - 9000

Two motivations for mixed precision
• Mathematical: (much) better than “no precision”

– statisticians often approximate remote diagonals as zero after performing a 
diagonally clustered space-filling curve ordering (no error bounds available)

• Computational: faster time to solution
– hence lower energy consumption and higher performance

30x
8x

32x
225x



Energy and time savings

Abdulah et al., Sustainably Modeling a Sustainable Future Climate, Abu Dhabi Investment Authority, 2025

0 500 1000 1500 2000 2500

FP64 Dense

MxP Dense

MxP TLR

Energy (MegaJoules)

0 1000 2000 3000 4000 5000

FP64 Dense

MxP Dense

MxP TLR

Time (sec)

• Matérn 2D space kernel, matrix size 3.24M
• Solved to comparable accuracy by 3 algorithms

- FP64 dense 
- adaptive mixed precision dense
- adaptive mixed precision tile low rank

On 512 nodes 
of Shaheen III

53%

28%

56%

31%



Peak performance of four generations of NVIDIA GPUs

Log-scale

225X1,153X

c/o H. Bayraktar, NVIDIA



Mixed precision geospatial statistics on GPUs

• Gaussian kernel to accuracy 1.0e-9 in each tile 
• Three generations of NVIDIA GPU (Pascal, Volta, Ampere)
• Two generations of linear algebra (double precision and mixed DP/HP) 

Ltaief, Genton, Gratadour, K. & Ravasi, 2022, Responsibly Reckless Matrix Algorithms for HPC Scientific 
Applications, Computing in Science and Engineering



2022 Gordon Bell (regular)



GB’22 collaborators

Qinglei Cao                   Yu Pei                 George Boslica  Jack Dongarra

Rabab Alomairy            Pratik Nag             Sameh Abdulah          Hatem Ltaief                 Ying Sun                Marc Genton

KAUST Supercomputing Core Lab, HLRS-Stuttgart, Oak Ridge LCF, RIKEN, and:
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Accuracy on real 3D (2D space + time) dataset

mean-square 
prediction error



Performance on up to 16K nodes of Fugaku

~3x less time for same size

~3x greater size for same time

To be improved:

Pruning dynamic 
runtime system 
PaRSEC for Fugaku’s 
small 32GB/node 
memory



2023 Gordon Bell (regular)



Cerebras CS-2 Wafer-Scale Engine (WSE)

Hamburg, May 2022



GB’23 collaborators

Leighton Wilson         Mathias Jacquelin

Yuxi Hong                   Hatem Ltaief             Matteo Ravasi

Group42 (Abu Dhabi), KAUST Supercomputing Core Lab and:



TLR matvec for Multidimensional Deconvolution

Row 
dimension:
# sources

Column 
dimension: 
# receivers

One such matrix 
for each 
independent 
frequency



2023 Gordon Bell submission

Roofline 
models of 

6 CS-2’s
compared 
with other 
solutions

Roofline 
models of 
 48 CS-2’s 
compared 
with top 5
(Nov 2023) 



2024 Gordon Bell (regular)



GB’24 prize collaborators

Rached Abdelkhalek   Rabab Alomairy          Qinglei Cao        Benedikt Dorschner  Thorsten Kurth           Lotfi Slim

KAUST Supercomputing Core Lab, Oak Ridge LCF, CSCS Alps, CINECA Leonardo, and:

Salim Bougaffa          Hatem Ltaief                  Jie Ren



Motivation for epistatic genome association studies

• Train statistical model on genotype/environmental-to-phenotype data  
• Use to predict disease and other genetic/environmental characteristics
• Ridge regression is a linear association that considers individual SNPs
• Kernel ridge regression is correlates instances of multiple SNPs



Genome Wide Association Studies (GWAS)
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Euclidean distance between vectors is a GEMM!

Example: consider three 2D row vectors a, b, 
and c in matrix G :

Let and 

etc.
We want all-pair square distances, w/symmetry

sym

Then
sym

Now,
sym

so, from , etc.

Define



Kernel Ridge Regression is elementary linear algebra

Training Inference



Kernel Ridge Regression vs standard Ridge Regression

epistatic

Pearson corr := {



Motivation for epistatic genome association studies

• Two representative phenotypes from the UK Biobank 
• Box-and-whisker plots for 7 RR algorithms and KRR
• Increasing use of half precision in outer bands in first 5 plots
• Last 2 plots use adaptive precision, for RR and KRR, respectively

osteoarthritis depression

adaptive adaptive



“Hero runs”: Leonardo, Summit, Frontier & Alps

Overall



2024 Gordon Bell (climate)



GB’24 climate prize collaborators

Sameh Abdulah          Marc Genton           Zubair Khalid             Hatem Ltaief                 Yan Song                 Ying Sun

KAUST Supercomputing Core Lab, Oak Ridge LCF, CSCS Alps, CINECA Leonardo, and:

Allison Baker          George Boslica      Qinglei Cao          Stefano Castruccio    Gera Stenchikov



Motivation – statistical alternative to ESMs

• Earth System Models (ESMs) are fundamental to the Intergovernmental 
Panel on Climate Change (IPCC) sixth assessment report (AR6)

- climate statistics from ESMs based on PDEs require numerous runs 
- PDE simulations are inefficient (severely memory-bandwidth bound)

• The latest Coupled Model Intercomparison Project (CMIP6) is also 
storage intensive

- more than 28 PetaBytes data from 45 participating organizations

• Simulations at “global storm-resolving” scales needed to understand 
how weather and extremes will be affected by climate change

- compute and storage costs for ESMs escalate as climate community 
progresses toward ultra-high-resolution simulations



Enter climate emulators

• Climate emulators (CEs) are stochastic models 
parameterized a relatively small number of ESM runs
- reproduce the statistics without massive ensemble averaging

• CEs quickly generate multiple emulations of the output 
of an ESM

• However, previous global CEs had not attained … 
- spatial resolution finer than 100 km
- temporal resolution finer than daily



Contributions

• Developed and validated new climate emulator
- emulates up to 54.5 million spatial locations across the globe 

with spatial resolution of 0.034° (3.5 km) at an hourly 
resolution for 35 years (1988-2022)

• Addressed resolution limitations of existing emulators
- compresses 2D data on sphere with fast SHTs
- filters high frequency noise
- democratizes climate realizations (workstations)
- plays to architectural strengths (dense matrices)
- lowers storage barrier

2.5 km yesterday (Hoefler)



Climate emulation w/ Gaussian processes

Primary cycle-consuming routines for fitting the emulation model are tolerant 
of mostly lower precision (single and half)

January:

June:

emulation data



Algorithmic ingredients (2 stages, 2 major consumers)

SHT

Inv SHT

Cholesky 
Decomp

Parameterization

Emulation



HPC ingredients (tiling and DAG dynamic runtime)

DAG-based dynamic 
runtime system



Expanding emulation resolution w/ memory austerity

covariance 
factorization

covariance 
construction



Performance on four Top10 systems (eff. Pflops/s)



Performance on three generations of NVIDIA hardware

• Exploits adaptive precision
- PaRSEC dynamic runtime system to equi-distribute load adaptively

• Distributed memory over multi-GPU nodes
- excellent weak scaling efficiency
- up to 72% strong scaling efficiency on 12,288 V100 GPUs on Summit 

(“Summit’s last stand” – decommissioned shortly afterwards)

• Impressive per node performance compared to PDE-based codes
- 0.375 EFlop/s on 3,072 nodes Summit (V100)
- 0.243 EFlop/s on 1,024 nodes of Leonard (A100)
- 0.739 EFlop/s on 1,936 nodes of Alps (GH200) 



GPU comparison

• For largest problem addressable on 1024 nodes (memory saturating)
- 4 GPUs each for Leonardo, Alps, and Frontier
- 6 GPUs per node for Summit

• GH200 is 72% faster than MI250X and 64% faster than A100



25 years ago… NASA’s first Gordon Bell Prize

Anderson

SmithGroppKaushik



PETSc-FUN3D strong scaling (1999)

M6 wing with 
11M dof

128 nodes 
43min

3072 nodes 
2.5min 

226 Gf/s
15µs/unknown 

70% efficient

Jacobian-free Newton-Krylov-Schwarz (NKS) implicit solver



Hardware environment

• Scaling demonstrated on 3 Top 10 systems
- Intel ASCI Red, Cray T3E, and IBM ASCI Blue 
- different network topologies
- scaling efficiency in flop/s
- scaling efficiency in execution time

• Per-processor efficiency evaluated on 14 leading 
scientific computing nodes
- MIPS R10000, 2 DEC Alpha, 3 Sparc, 4 IBM Power, 4 Intel Pentium
- different ISAs and memory systems
- percentage of peak ranged from 7.6% (DEC) to 25.4% (MIPS)



Gordon Bell Prize Finalist TalkSC’99

Features of this submission
• Based on “legacy” (but contemporary) CFD application with 

significant F77 code reuse
• Portable, message-passing library-based parallelization, run on NT 

boxes through Tflop/s ASCI platforms 
• Simple multithreaded extension (for ASCI Red)
• Sparse, unstructured data, implying memory indirection with only 

modest reuse - nothing in this category has ever advanced to Bell 
finalist round

• Wide applicability to other implicitly discretized multiple-scale PDE 
workloads - of interagency, interdisciplinary interest

• Extensive profiling has led to follow-on algorithmic research



Gordon Bell Prize Finalist TalkSC’99

Four primary PDE solution kernels
• Vertex-based loops

- state vector and auxiliary vector updates
• Edge-based “stencil op” loops 

- residual evaluation
- approximate Jacobian evaluation
- Jacobian-vector product (often replaced with matrix-free form, 

involving residual evaluation)
• Sparse, narrow-band recurrences

- approximate factorization and back substitution

• Vector inner products and norms
- orthogonalization/conjugation
- convergence progress and stability checks



Gordon Bell Prize Finalist TalkSC’99

Fixed-size parallel scaling results (flop/s)



Excerpts from 1999 GB Special Prize paper

“Although these algorithms are efficient (in the sense of using relatively few floating-
point operations to arrive at the final result), they do not necessarily achieve the absolute
flops-per-second (flop/s) ratings that less efficient or less versatile algorithms may.”

“This level of performance (in excess of 100 Gflop/s) is well above what is commonly 
considered achievable for sparse-matrix and unstructured mesh computations and 
requires a combination of scalable algorithms and data structure optimizations, as well as 
powerful, tightly networked computers.”

“High sustained scalable performance has been demonstrated on simulations that use
implicit algorithms of choice for unstructured PDEs. In the history of the peak performance
Bell Prize competition, PDE-based computations have led […] in 1988, 1989, 1990, and 
1996. All of these leading entries have been obtained on vector or SIMD architectures, 
and all were based on structured meshes.”



FUN3D coloring slide 

Explored many code optimizations in this unstructured, integer-instruction laden code



Up to 8-fold single node performance boost



Early “Roofline Model” analysis



For what the Bell should toll

• Best algorithm for scientific outcome of interest
- Followed by best implementation for each stage

• High percentage of peak of the limiting resource for each 
phase of the algorithm, whether…
- flop/s
- byte/s
- floats/byte
- reductions

• “Science per Joule”, based on what is the state of the art 
for the relevant application

(1999)

(2025)

(prereq)



Sep
2025

Statistics – the original ML

The “regression” form of machine 
learning is “under control” with linear 
algebra advances.

The “classification” form and generative 
form of ML is out of control.



Sep
2025

Enter the QPUs

“Our analysis reveals a significant
overlap between the technological 
capabilities [of quantum computing] and 
the algorithmic requirements in 
[materials science, quantum chemistry, 
and high-energy physics]. We anticipate 
that the execution time of large-scale 
quantum workflows will become a major 
performance parameter and propose a 
simple metric, the Sustained Quantum 
System Performance (SQSP), to 
compare system-level performance and 
throughput for a heterogeneous 
workload.”



Sep
2025

Enter the QPUs – hybrid classical-quantum computing



A cascadic philosophy for future HPC  

• QPUs will be used everywhere they 
have advantage

• GPUs will be used for everything else 
with high arithmetic intensity and 
structured memory accesses

• CPUs will take up the low arithmetic 
intensity unstructured remainder

• Efficiently assigning the resources of 
a QPU-GPU-CPU hybrid 
supercomputer to multiple jobs will 
be a rich programming challenge



Allusion

For Whom the Bell Tolls
John Donne (1572 - 1631)

   
No man is an island,

Entire of itself.
Each is a piece of the continent,

A part of the main…

How prophetic of of High Performance Computing 
four centuries later!
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For follow-up



Thank you



Paraphrasing (by three characters) Samuel B. Morse’s first telegraph 
transmission from Washington, DC to Alfred Vail, on the other side of the test 
in Baltimore:

Final question –

.-- .... .- - .... .- - .... --. .-. --- .--. .--. .-- .-. --- ..- --. .... - 
..--.. 

   W   H   A   T   H   A  T  H    G   R    O    P    P      W   R   O   U   G    H   T

?




