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Statistics: 
A spacious home for HPC



A “spacious home,” indeed!

Last week at SC’25, for the second year in a row, HPC’s 
top prize was awarded to a statistics application.

Many other statistics applications await their HPC re-
implementation, often to accommodate bigger data.

Many other elements of the HPC ecosystem (hardware, 
software, algorithms) await greater fulfillment in statistics 
apps, often reusing existing solutions. 
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Motivation (1): data is no longer small

“Increasing amounts of data are being produced (e.g., by remote 
sensing instruments and numerical models), while techniques to 
handle millions of observations have historically lagged behind… 
Computational implementations that work with irregularly-spaced 
observations are still rare.”  - Dorit Hammerling, NCAR, July 2019

1M ✕ 1M dense sym DP matrix requires 4 TB,  N3 ~ 1018 Flops 

Traditional approaches:
• Global low rank
• Neglected (zeroed) outer 

diagonals

Better HPC approaches:
• Hierarchical low rank
• Reduced precision outer 

diagonals



“Computational efficiency through tuned approximation”
• Solve with lowest possible energy (∫ power⋅dt) , not necessarily 

highest performance (in operations per sec)
• 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 

Motivation (2): energy cost is no longer small



Our journey actually 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

2024: Climate emulation

Cholesky 
TLR, 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

2024: Climate emulation

Cholesky 
TLR, MP & DR

Cholesky & 
Spherical Harmonic Transform

MP & DR

TLR = tile low rank, MP = mixed precision, DR = dynamic runtime system 

Gordon Bell finalist “merits” and machines

Time to solution @ Fugaku ExaFlops @ Alps



“A good player plays where the puck is, 
while a great player skates to where 

the puck is going to be.”  
– Wayne Gretzsky

Our HPC metaphor:
“algorithms follow 
architecture”



flying to where the prey ●  

will be

flying towards the prey ●

C. H. Brighton, et al., 
PNAS (2017)

“I fly not to where the prey is, but to where it will be.”



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
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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



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
- Compress homomorphically (block-by-block, without decompression)
- 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
• covariances in statistics
• Hessians from PDE-constrained optimization (RSQP) 
• integral equations with smooth Green’s functions
• Schur complements within discretizations of PDEs
• 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



Block 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



Block precision: another tuning knob

Higham & Mary, Mixed Precision Algorithms in Numerical Linear Algebra (2022), Acta Numerica, pp. 347-414

• Consider 2-precision case, with machine epsilons (unit roundoffs) uhigh and 
ulow , resp.

• Let  || A ||F  be the Frobenius norm of the global matrix square matrix A, 
which is computable by streaming A through just once

• Let nT be the number of tiles in each dimension of A
• Then any tile Aij such that   nT  || Aij ||F / || A ||F <  uhigh / ulow   is stored in low 

precision; otherwise kept in high
• The mixed precision tiled matrix  A   thus formed satisfies 
                                           ||A  - A ||F <  uhigh || A ||F 

• Generalizes to multiple precisions
• Tiles can be converted dynamically at runtime



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



HPSC software

• Synthetic Dataset Generator
– Generates large-scale geospatial datasets 

which can be used separately as benchmark 
datasets for other software packages

• Maximum Likelihood Estimator (MLE)
– Evaluates the maximum likelihood function on 

large-scale geospatial datasets
– Supports dense full machine precision, Tile 

Low-Rank (TLR) approximation, low-precision 
approximation accuracy, and now TLR-MP

•  ExaGeoStat Predictor
– Infers unknown measurements at new 

geospatial locations from the MLE model 
(kriging)



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



The portable ExaGeoStat software stack

Shaheen-2Intel X86

Fugaku
Fujitsu A64FX

Summit
NVIDIA V100

HAWK
AMD EPYC



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:



θ0

W
ea

k

0.5

1.0

1.5

θ1

0.020

0.025

0.030

0.035
θ2

0.48

0.49

0.50

0.51

0.52

M
ed

iu
m

0.5

1.0

1.5

0.06

0.08

0.10

0.12

0.14

0.48

0.49

0.50

0.51

0.52

St
ro

ng

0.5

1.0

1.5

Dense FP64

MP+dense

MP+dense/TLR

0.1
0.2
0.3
0.4
0.5
0.6

Dense FP64

MP+dense

MP+dense/TLR
0.48

0.49

0.50

0.51

0.52

Dense FP64

MP+dense

MP+dense/TLR

Accuracy on synthetic 2D space dataset
de

gr
ee

 o
f c

or
re

la
tio

n
Maximum Likelihood Estimation (MLE) parameters

variance range smoothness



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



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 parts in red



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)



2025 Gordon Bell



Physical situation being modeled



Prediction capability
• Eight quantities of 

interest (“QoIs”)
• Waveheights versus time 

over a 7-minute period 
from the initiative of the 
tsunami at sensitive 
coastal locations for 
people or infrastructure

• Comparing real-time 
prediction from 
surrogate to full fidelity 
model

• Showing confidence 
intervals (CIs)



HPC considerations of the workflows

• Offline computations for high fidelity model require over 
250K A100 GPU-hours

• Online computations for digtal twin require less than a 
second per set of observations



HPC scaling merits

Weak (left) and strong scaling (right)
• El Capitan (#1)
• ALPS (#7)
• Perlmutter (#30)



Outline of presentation
Examples of High Performance Statistical Computing
• Gordon Bell campaigns of 2022, 2024*, 2025*
• Open source HPSC software

Twelve “universals” of HPC algorithms and software
• Things you wouldn’t consider in a proof of concept app
• Things you must consider in a high-perfornamce app

Twelve “elements” of the HPC ecosystem
• No need to start from scratch – HPSC can ride the HPC wave
• Will greatly enrich an existing HPC ecosystem



12 universals of HPC algorithms and software

• Reside high on the memory hierarchy 
• Reduce synchrony in frequency and/or in span
• Reduce communication in number and/or volume of messages
• Employ dynamic scheduling and balancing 
• Avoid over-resolving with respect to output accuracy requirements
• Reformulate applications before computing 
• Exploit the “right to re-order”
• Exploit multiple hierarchical versions of the same system
• Exploit data sparsity to meet “curse of dimensionality” w/ “blessing of low rank” 
• Take resilience into algorithms, relieving hardware and systems 
• Code to specialized back-ends while presenting high-level APIs to users 
• Consider multiple parallel programming models in one application



Reside high on the memory hierarchy 



Reduce synchrony in frequency and/or in span

Frequency of inner 
products in 
preconditioned 
conjugate gradients can 
be reduced at the cost 
of greater arithmetic 
per synchronization 
and greater storage

Savings up to 2.5x on 
3D hydrostatic ice 
sheet flow app



Reduce communication in number and/or volume of messages

Communication volume 
can be reduced at a cost of 
greater memory per node 
in so-called 2.5D matrix 
algorithms for LU, 
Cholesky, QR, Gram-
Schmidt, and eigensolvers

Many implementations 
attain the theoretical 
lower bounds



Employ dynamic scheduling and balancing 

Loop orderings can be loosened and 
subroutine boundaries merged to find 
greater concurrency and adapt to dynamic 
load imbalance

Significant runtime reductions can be 
achieved by squeezeing out idle time 
(comparisons for a generalized eigensolver)



Avoid over-resolving with respect to output accuracy requirements

temperature 
contour

conservative 
mesh

output bound 
mesh (flux to 1%)

Machiels, Peraire & Patera, A posteriori FE Output Bounds for the 
Incompressible NS Equations,  (2001), J. Comp. Phys. 172:401

Sometimes, the output of interest from a 
computation is not a solution to high 
accuracy everywhere, but a functional of 
the solution to a specified accuracy, e.g.
• compute the convective heat flux 

across a fluid-solid boundary, 
obtainable without globally uniform 
accuracy

• use low fidelity surrogates in early 
inner iterations of “outer loop 
problems”



Reformulate applications before computing 

• It is often difficult to solve a 
problem directly, as posed, 
compared with  
– transforming problem to new 

space
– solving problem in new space
– transforming back to original 

space
• Caveat: there is a sometimes a 

conservation of difficulty in 
transforming back

• “Think.  Then discretize.” 
                – Vladimir Rokhlin



Exploit the “right to re-order”
• Blocking to reduce 

indirection and 
reordering loops for 
temporal cache 
locality or shared 
memory concurrency 
can save 5x in 
unstructured CFD



Exploit multiple hierarchical versions of a system

O(N2) complexity of 
computing forces of N 
interacting particles (e.g., 
gravitationally or 
electrostatically) can be 
reduced to O(N) 
operations by local 
multipole expansion 
(P2M), coarsening (M2M), 
translation (M2L), 
refinement (L2L), and 
local re-expansion (L2P) at 
the target, plus small 
O(n2) P2P within a cell

Source cells in red, sample target cell in blue
Fast Multipole diagram c/o R. Yokota



Meet “curse of dimensionality” with “blessing of low rank”

Frequency domain source to receiver map in seismic 
processing application, with tile low-rank decomposition
to save memory for all SRAM Cerebras CS-2 WFE

Roofline model showing CPUs and GPUs 
bandwidth-bound, where CS-2 WFE is 
near full compute potential



Take resilience into algorithms space

GMRES fails

Restarted GMRES has resilience built 
in, through re-evaluation of the 
residual, like many iterative methods.

FT-GMRES, which is built on FGMRES, 
which already allows variations in 
preconditioning by storing two Krylov 
subspaces, is more robust.

(Experiments from Sandia National 
Labs)



Code to specialized back-ends while presenting high-level APIs



Consider multiple parallel programming models in one app



For more on the HPC universals

3 – 6 March 2026
Berlin



Outline of presentation
Examples of High Performance Statistical Computing
• Gordon Bell campaigns of 2022, 2024*, 2025*
• Open source HPSC software

Twelve “universals” of HPC algorithms and software
• Things you wouldn’t consider in a proof of concept app
• Things you must consider in a high-perfornamce app

Twelve “elements” of the HPC ecosystem
• No need to start from scratch – HPSC can ride the HPC wave
• Will greatly enrich an existing ecosystem



12 elements of the HPC ecosystem

• Validation, verification, and uncertainty quantification
• Repeatability, replicability, and reproducibility
• Standardization of tools 
• Pre-competitive industry roadmaps
• Discipline-wide benchmark problems
• Industry-wide performance benchmarks
• Virtuous cycle
• Vertical tool chain
• Real-time immersion
• Physical modeling and performance modeling
• Hourglass and reusability
• Convergence of the paradigms



Validation, verification, and uncertainty quantification

The Journal of Verification, Validation and Uncertainty Quantification 
disseminates original and applied research applied to: design of 
experiments; computational models; and analysis of experimental 
results. We encourage authors of papers that describe discipline-
specific models and experiments to consider formulating their papers 
in two parts, the discipline specific part to be published in their home 
journals and the part describing the validation and uncertainty aspects 
of their work that would be published in the VV&UQ Journal.

Areas of interest include: Code verification; Solution verification; Validation; Uncertainty quantification; 
Model prediction; Model adequacy; Model accuracy; Predictive capacity; Model maturity; Phenomena 
identification and ranking table (PIRT); Design of experiments; Experimental uncertainty; Uncertainty in 
measurement; Model uncertainty; Model discrepancy; Sensitivity analysis; Model fidelity; Intended 
use; Context of use; Regulatory science; Aleatoric uncertainty; Epistemic uncertainty; Comparator; 
Quantification of margins and uncertainties (QMU); Fundamentals of probability; Applications of 
probability; Bayesian inference



Repeatability, replicability, and reproducibility

• Repeatability
- A researcher can reliably repeat own 

computation.
• Replicability
- An independent group can obtain the 

same result using the author’s tools.
• Reproducibility
- An independent group can obtain the 

same result using tools developed 
independently.



Standardization of tools (common APIs for users)

Example: the Message Passing Interface (MPI, mpi-forum.org)

MPI Forum, March 2008 
Chicago

• Universal standard for distributing a computation over millions of memory domains
• Hardware-portable, multi-language communication library
• Allows flourishing of parallel application development (billions of dollars of investment today)
• MPI Forum first met April 1992, released MPI version 1.0 in June 1994
• Involved 80 people from 40 organizations (industry, academia, government labs) contributed by 

their organizations and funded centrally by ARPA and NSF
• In continual adaptation as hardware and applications evolve (currently MPI 5.0)



Industry roadmaps

• The ITRS roadmap
– https://www.hpcwire.com/2016/07/28/transistors-wont-

shrink-beyond-2021-says-final-itrs-
report/?eid=328378666&bid=1482255

– first published in 1998

• Predecessor, the NTRS, began in 1993
– National Technology Roadmap for Semiconductors
– 1 year after the US formed the NITRD
– 24-year industry alliance stopped publishing in 2017

• Successor, the IRDS, was established in 2016

https://www.hpcwire.com/2016/07/28/transistors-wont-shrink-beyond-2021-says-final-itrs-report/?eid=328378666&bid=1482255
https://www.hpcwire.com/2016/07/28/transistors-wont-shrink-beyond-2021-says-final-itrs-report/?eid=328378666&bid=1482255
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Discipline-wide benchmark problems
Example: computational aerodynamics

• Standard problems on which anyone can 
demonstrate new discretization, 
algorithm, and implementation 
- Common in simulation, e.g., M6 wing
- Becoming more common in data analytics, 

e.g., Netflix challenge
- Now being used in scientific machine learning

• Are standard benchmarks established in 
statistics?



Industry-wide performance benchmarks

top500.org
top500.org graph500.org

top500.org benchcouncil.org/hpcai500

hpgmg.org



science & 
engineering

software & 
hardware

data

questions

computation
s

hypotheses

archives

insights

technologies

Virtuous cycle



Verticals (tool chains) PHYSICAL WORLD

MATHEMATICAL MODEL

DISCRETE DIGITAL MODEL

SOLUTION ALGORITHM

COMPUTER CODE

HARDWARE EXECUTION

Examples:
• oil & gas
• finance
• pharma
• aero
• auto
• agriculture
• mining
• wireless
• satellites
• etc.



Real-time immersion (human computer interaction)



Physical modeling and performance modeling
Example: the diagram that launched the SciDAC program

Credit: T. Dunning, UIUC/NNSA, SciDAC report (2000)
Applications team Enabling team

Users

Performance 
loop

V&V 
loop



Hourglass and reusability

(Originating from the seven-layer internet protocol)



Convergence of the paradigms
Improvements to any one paradigm 
improve the other twoto Simulation to Analytics to Learning

Simulation
provides −

Data 
Analytics

provides
−

Machine 
Learning
provides −



Improvements to any one paradigm 
improve the other twoto Simulation to Analytics to Learning

Simulation
provides −

Data 
Analytics

provides

Steering in high 
dimensional  

parameter space;
In situ processing

−

Machine 
Learning
provides

Replacement of 
models with 

learned functions;
Smart data 

compression
−

Convergence of the paradigms



Improvements to any one paradigm  
improve the other twoto Simulation to Analytics to Learning

Simulation
provides −

Physics-based 
“regularization

”

Data 
Analytics

provides

Steering in high 
dimensional  

parameter space;
In situ processing

−

Machine 
Learning
provides

Replacement of 
models with 

learned functions;
Smart data 

compression

Detection and 
classification; 
Imputation of 
missing data

−

Convergence of the paradigms



to Simulation to Analytics to Learning

Simulation
provides −

Physics-based 
“regularization

”

Data for 
training 

(augmenting 
real-world data)

Data 
Analytics

provides

Steering in high 
dimensional  

parameter space;
In situ processing

−
Cleaned

feature vectors 
for training

Machine 
Learning
provides

Replacement of 
models with 

learned functions;
Smart data 

compression

Detection and 
classification; 
Imputation of 
missing data

−

Improvements to any one paradigm 
improve the other two

Traditional 
simulation systems 
produce data from 
models. They do not 
learn from new data.

Data analytics and 
machine learning 
produce models 
from data.  They are 
part of a virtuous 
cycle.

Convergence of the paradigms



Outline of presentation
Examples of High Performance Statistical Computing
• Gordon Bell campaigns of 2022, 2024*, 2025*
• Open source HPSC software

Twelve “universals” of HPC algorithms and software
• Things you wouldn’t consider in a proof of concept app
• Things you must consider in a high-perfornamce app

Twelve “elements” of the HPC ecosystem
• No need to start from scratch – HPSC can ride the HPC wave
• Will greatly enrich an existing ecosystem



Need a motivational manifesto for stakeholders

• For HPC (2003)
• 2 volumes, 365 

pages
• 315 research 

contributors in 
mathematics, 
computer science, 
and science & 
engineering 
applications

For HPSC (2025)  ●
25 pages  ●

~300 references  ●



HPSC rides the HPC wave

Single-threaded 
In-memory  
Single node 

HPC 
Architectures 

HPSC 
Framework 

 Parallel Statistical Algorithms 
Programming Models 

Streaming 
Batch 

Application Domains 

Climate & GeoScience Genomics 

Physics & Cosmology Finance & Economics 

Scale and Complexity Increase Enabling the  
Future of HPSC 

Challenges & Opportunities 

Federated Statistical 
Computing 

Quantum Computing 

Mixed-precision Computing 

Exascale Readiness 

Future Directions Energy-efficient Methods 

Portable Software Design Multi-node Scalability 

MPI+X Adoption 

Parallel Statistical 
 Algorithms 

 
Traditional 

Statistical Workflows 

GPU 

Multi-nodes 

CPU 

Large-scale Modeling / Scalable Inference 
Uncertainty Quantification 

 

High-Performance Statistical Computing (HPSC) 

Fig 4 from Abdulah et al. (2025)



Sustainable supercomputing – two meanings

Computing sustainably
• computing no more than 

necessary for a given science 
or engineering target

Computing to support 
sustainability, e.g.,
• clean energy 
• affordable energy

adopted 2015



Alternative conclusion

“Do linear algebra; 
see the world!”

Earl Blossom, 1891-1970
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For follow-up
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