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Workflows Using Artificial Intelligence

Jason Stewart and Thomas Hines

How can we harness Al to support PSAAP? Useful Findings and Conclusions

* With each new model update, AI becomes more capable. |

* QOur workflows are constantly in flux to adjust for the intelligence
of new models.

* Optimal workflows now may be vastly different in six months

Developing with a known ground truth works well

2. In the process of learning how well it writes optimal code.

3. The best use of 1s getting more done 1n the same amount of time rather than one thing done
in less time. Weak scaling versus strong scaling.

Ground Truth Workflow Codesign Workflow Review Workflow
Custom Skill: design-doc-writer _ _ Open Questions and Concerns
» Plans before code. Turns a feature, High level outline of the new Fresh agent reviews the new code
refactor or bug-fix request into a step- feature
by-step design document. « How well do we need to understand the code?
 Grounded and checkable: every claim E inole line? Th neral flow?
IS traced to the code, and every task O Lvely single Hne: © genetal Low:
ends in a command that proves it's o How do we know the tests are correct?
done. * Al agents produce lengthy comments
L The agent that coded the feature is o On one hand, this gives it needed context
Agent generates a priority list of given the review and fixes or .. :
open questions about the design rebuts o On the other, this 1s annoying to human coders
of the feature with a * (Code Bloat and Hygiene
recommendation for each o Agents often take the simplest route, not the best
_ _ o Does this cause actual performance 1ssues?
Custom Skill: write-prompt : : :
. Hands a task to a new session. Given * How quickly will our programming knowledge get
a design doc and a task ID, it writes a Review agent re-reviews fixes and rusty?
ready-to-use prompt that points at the rebutals o Do we Just move up a layer?
right sections, files and decisions,
without copying the plan.
* Catches plans that are out of Questions are answered and new
date. Refuses task it can't be ones are added to the list as the
Completed asS orlglnally SpeC’d. design is solidified

This repeats until both agents
agree
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Engineering the Distributed Rising Bubble Problem in Beatnik

Jason Stewart and Patrick Bridges | Computer Science

The new Beatnik: closed surface; adaptive FMM optimization focuses on the cell interaction list

mesh refinement; more advanced mathematics * Each solve particles are placed into |FMM time breakdown: 500,000 particles, strong scaled, gravity solve (weak scaling has similar patterns)
e Simulates a closed 3D surface cells; FMM math 1s cell-based. c 3s00) | e Rebuild MPI ranks (1 per GPU)
_ a rising bubble. o Bu11d1ng the cell tree IS expensive. L - 1::2:@
* Adaptive mesh refinement Iree mamtenance OP thns. T 5500 - - 32 rants
: ") EEE 64
e Far-field solve 1. Migrate: Move particles between 2 2000 ranks
* Why the change? cells. | ® 1500-
* Adaptive mesh refinement 2. Rebg ance: Coarsen/refine £ 1000-
(AMR) required the produce se;ctlon.s IOf the trlele from number £ 500-
roll-up at large scales — too O palftlc oS M Cels. 0 gi—i — \ " " - o —
: : : : N\ e
many points at simulation 3. Rebuild: Full tree rebuild from \\6‘\0\5\ N &\)@@6 /L&e«\e RO 7 - o P\\@&c &\(eé\)c N o
. « Aty \ &)
start requires too small scratch. e W 6B e
: : Beatnik: Initial Conditions W« A
timestepping @\’L\’C}\
Progression of rising bubble rollup (4 GPUs on Tuolumne) oo : Pl ranke (1 oer GPU
i O Tree Migrate 1 rank
Lower vorticity Higher vorticity AMR Disabled AMR needed; the surface rollup E B 16 ranks
- intersects its upper boundary o 00~ W 32 ranks
% BN 64 ranks
5 40
£
b 20 1
=
0 | | :;; — . SR _iiﬁ niie il BN ii' iII o i il
A0 R e\ e W N R <« e e W)
| «\\6&\00 Vv @o\f\@«\ \}\}e«\ A Q o o o L P\\(eéo « N
@ W o O F
2 o
N \ Most expensive step skipped! ®l»9“6(e
Mesh quality work needed for more ] _
advanced rollup; otherwise physics collapses Next steps: Debug adaptive mesh refinement Acknowledgements
(AMR)! FMM prOflllng at Iarge scale This work was performed with
N * Complete Canopy profiling and optimizations at small scale (4 support from the U.S. Department
R : : : C : ’ °
» GPUs), focusing on algorithmic optimizations. (S’f En?fgizN?‘t?ofai,NuzggSA)
: : : . CCUrl ministration
* Tune AMR so 1t can work at large scale (1§otr0plc cleanup, min ander t}yle Predictive Science
dt, remeshing constants — get enough particles to run at scale). Academic Alliance Program
Cannot start with large numbers of particles or else dt is too small | (PSAAP IV) Award DE-NA-
to get to a rollup — particles must be generated through AMR. 0004267
* Profiling and optimization of AMR.
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Improving The Scalability of GPU-Aware lterative Solvers Using Locality-Aware Collectives and

All Available Processing Per Node
Michael Adams and Amanda Benz | Department of Computer Science

Introduction
. : : —4— Speedup (best CPU baseline / best numaaware) ‘O GPU baseline B CPU numaaware A GPU CPX numaaware
AS hnear systems are Strongly Scaled dCross lncreasmgly large prOCGSS Resu Its —4$— Speedup (best GPU baseline / best numaaware) [0 CPU baseline /A GPU CPX baseline
counts, message counts 1n all-reduce operations used in Krylov solvers, .
such as Conjugate Gradient (CG), grow proportionally, increasing the To the right, the plots show scaling \ 101 |
impact of the collective operations at scale. On modern heterogeneous studies for a HYPRE Conjugate Gradient
systems, scaling to larger process counts reduces local, on-device solve of a 7 million row S-point (top) and N 2.235
computations, leading to performance drops. Only one MPI rank controls 2’7-point (bottom) Laplacian stencil on s - k630
cach GPU during a CG solve, so most CPU cores remain 1dle. Tuolumne. I e - 1,500 3
. . . eqe : - . g -1.375 A
We show that CG and Algebraic Multigrid (AMG) have better scalability For the 5-point and 27-point stencils, £ w07 ™ TE
when all CPU cores are used instead of GPUs 1n the solve and setup GPU performance 1s best using a few ks
phases within HYPRE on Tuolumne, respectively. Further, we propose nodes with up to 3.06x and 6.69x — e
an extension of the node-aware all-reduce (*Bienz, et al.) to the speedup over all CPUs at 2 nodes, proeeeee- U - -1.000
Non-Uniform Memory Access (NUMA) regions of Tuolumne and apply 1t respectively. : 1 S e O a2 54
to HYPRE’s CG.
However, at scale, CPUs should be used
—4— Speedup (best CPU baseline / best numaaware) ‘O GPU baseline B CPU numaaware A GPU CPX numaaware
fOI' the SOIVG' At 64 nOdeS, all CPUS —4— Speedup (best GPU baseline / best numaaware) [0 CPU baseline /A GPU CPX baseline
Methods yield up to 2.2x and 1.98x speedup over s
Region 0 Region 1 Region 2 Region 3 GPUS’ respectively, Wlth our O
Po || P1|[P2][P3 P4||P5|[P6||P7 P8 || P9 |P10|[P11 P12|[P13|[P14][P15 NUMA -aware all-reduce contributing 3323
Step 1: | | | | | | l ' | ' | | | | | | 1.46X and 1.44X Of the Speedup, ... —— L5 000
Step 2: respectively. 2 - 1‘73;3
° LA 4 ) (S S (N S W (S S S 2 605 3
L o G - 1.500 @
Step 3: i v P - Preliminary results for AMG within §10—1 n < | 375 0
T n n r HYPRE on Tuolumne yield better - o Ay - * * By
: ‘ o 2 - 1.
performance for the setup phase using all — . - D A— p— *G* 1.000
CPUs instead of GPUs past a single node, | - g
with a speedup of 2.28x at 8 nodes. . . , . - 0.625
2 4 8 16 32 64
Nodes
Step 4: L4 4 L4 L4 R Fpr the solve phase, 4 GPUs per node
yields the best performance with speedups
Step 5: ik kA AA A A A A X 4 4 £3.27 11 CPU Setup 1 node 2 nodes 4 nodes 8 nodes
Ol 5.&/x Overa - CPU 384x384x384  4.054044  2.025776 1.012933 0.580561
: : , , GPU 384x384x384  7.873818 4.078785 2.204089 1.327434
On modern, heterogeneous systems, communication latency between Using more than 4 logical GPUs per node TPX 384x384x384  3.689112  2.095360  1.282894  0.872293
NUMA regions 1s a significant bottleneck for small collectives. We extend in SPX mode by using TPX/CPX modes CPX 384x384x384 3.551568  2.400504  1.488354  1.209689
the node-aware all-reduce to be NUMA-aware. For n NUMA regions and with 12 and 24 GPUs per node may
ppn processes per region, there are log__ (n) inter-NUMA communication provide benefit at scales beyond 8 nodes Solve 1 node 2 nodes 4 nodes 8 nodes
rounds where each process per NUMAp I;Ielt 10n recerves from a correspond- ° at ’ ke iingscy el vy i ool et
, | P b SVIATES e | P shown by the decreasing gap in times as GPU 384x384x384 0.454276 0.299286 0.220080 0.177419
ing process 1n another NUMA region with a positive stride and then the number of nodes increases. TPX 384x384x384  1.140486  0.749533  0.424559  0.207714
performs an on-NUMA all-reduce. While there are up to 3x the number of CPX 384x384x384  3.369955  3.077034  0.322240  0.281456
rounds compared to node-awareness, 1t shows benefits on Tuolumne. *A. Bienz, L. Olson, and W. Gropp, “Node-aware improvements to allreduce;” in

2019 IEEE/ACM Workshop on Exascale MPI (ExaMPI), 2019, pp. 19-28.
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AgHPC: A Safe Agentic Framework for HPC Experiments
Nicholas Livingstone, Trilce Estrada | Computer Science Department

How can autonomous LLM agents run HPC experiments without breaking loose from their intended scope?

description = "Algebraic Multigrid Solver"
docs = ["docs/amg_docs.pdf"] This Step is both

The Application

— Spec defines the deterministic and
(Collect Application Info ] command and [run] _" generated by the ~
constraints tny} inz} -problem iproblem; by validation Terminate AgHPC Determinstic
guardrails imposed
Does an [run.params.problem] by LangChain,
. .. o type = "choice" . Pydanti d th
Application Yes ” e - 1. 5 Generate Experiment Plan YESIHE, an ™e
Spec Exist? choices = [1, 2] Application Spec
, description = "Problem number"
Human Action
User Prompt [run.params.Px] Cores Per Task Application Config .
“Complete runs of AMG demonstrating type = "int" Summarize Results
o : 1 48 64 64 64 --problem 1
the effect of memory utilization due to min = 1
task count and grid size” description = "Processor grid, x" 48 64 64 64 --problem 2
y,

96 128 128 128 --problem 1

Approve

Application
Spec File

Dynamic Experiment
Adjustment Human-In-The-

Collect Allocation Info Revise Loop interrupts can
Human Terminate be implemented
Nodes: 2 Review cGE— Reject % Human /': here as well to
Cores Per Node: 96 of Spec AgHPC Review OPTIONAL guide the Agent as
GPUS Per Node: 4 of Plan ' runs are being Ps
fame EmLEs 2h Application Approve executed -
: . The Scheduler MCP é PR
DOCl:Imentathn/ Revise Server currently runs on Prugp— \ Submit Jobs
¢ Literature the same allocation as the ‘
AGHPC software, but this
structure can be ,
implemented in a different L oamr eoams o ; GEED GEED G o
L s s oan» coane ease eame esme e Provided By aas» eas» eas» e @& form (e.g. one MCP server J Scheduler MCP S .
per allocation) Server G Gl Gl GEEND G GEED CGEND CGD G G G 4O WatChIng GED GEED
e.g. slurm/flux
AgHPC workflow: from a user prompt and allocation to an approved experiment plan, submitted and watched through the Scheduler MCP server.
Introduction Design Principles References
1 1 _ o _ [1] J. Lala, O. O'Donoghue, A. Shtedritski, S. Cox, S. G. Rodriques, and A. D. White, “PaperQA: Retrieval-
MO(}(@ﬂm age?tlc ;yStemlf HOYV drlve faSt’ E}utonomous researCh EffeCtlve Agent Utlllzatlon Augmented G.enerative Agent for Scientific Research,” no. arXiv:2312.07559. arXiv, Dec. 2023. doi:
workflows 1], [2], w1t. a clear use case in running HPC | 1 Specs and plans are grounded in app docs, literature, and 10.48550/arXiv.2312.07559.
apphcatl()ns and eXperlments [3], [4] HOWCVer, recent HlCldentS liVe allocaﬁon il’lf(). [2] M. D. Skarlinski ef al., “Language Agents Achieve Superhuman Synthesis of Scientific Knowledge,” no.

arX1v:2409.13740. arXiv, Sep. 2024. doi: 10.48550/arX1v.2409.13740.

ShOW the p erll Of unconstralned agents. CIOUdﬂare SRS [3] A. Nobile, A. Adelmann, and M. Sadr, “Retrieval-Augmented Generation for Scientific Code

scope drift under prompt-level boundaries [5], OpenAl and Agentic Guardrails Understanding,” no. arXiv:2609.12190. arXiv, Sep. 2026. doi: 10.48550/arXiv.2609.12190.
Anthropic documented agents breaking out of sandboxes and 2 Agents act only through typed MCP tools bounded by the [4] S.Zhou, U. Alon, F. F. Xu, Z. Wang, Z. Jiang, and G. Neubig, “DocPrompting: Generating Code by

. A l £ S Retrieving the Docs,” no. arXiv:2207.05987. arXiv, Feb. 2023. doi: 10.48550/arXiv.2207.05987.
exploiting host systems [6], [7], and EchoLeak showed how pptication spec.

[5] D. Tran, J. Castro, J. Crisp, and B. Darche¢, “Building an Evidence-Grounded Agentic Security Operations
Harness on Cloudflare.” Oct. 2026.

untrusted text can hijack agent tool calls [8]. AgHPC addresses

these failure modes with human-readable Application Specs, Human-in-The-Loop , [6] OpenAl, “OpenAl — Hugging Face Incident,” Technical Report, Aug. 2026.
Strictly typed MCP t()()ls’ and explicit human approval before any 3 US.CI'S appr()Veg deHY9 or refine CVEry agent action and can [7] Anthropic, “Investigating Unintended Model Actions in Our Evaluations and Internal Use,” technical report,
edit the spec directly. Oct. 2026.

luster allocation.
cluster allocatio [8] P. Reddy and A. S. Gujral, “EchoLeak: The First Real-World Zero-Click Prompt Injection Exploit in a

Production LLM System.” no. arXiv:2509.10540. arXiv, Sep. 2025. do1: 10.48550/arXiv.2509.10540.


https://doi.org/10.48550/arXiv.2312.07559
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Do AMD and NVIDIA Count the Same Thing?

Mapping and Validating AMD MI300A and NVIDIA H100 Hardware Counters
Amr Akmal Abouelmagd!, Michael McKinsey?, David Boehme?, Stephanie Brink?, Olga Pearce?>

Background & Motivation

* HPC systems now mix AMD and NVIDIA GPUs. Portability
layers (RAJA, Kokkos) port the code, not its performance: the
same RAJAPerf [2] kernels run at different speeds (Fig. 1).

* Explaining why needs hardware counters, but the vendors’
counters differ in names, granularity, and semantics, and no
mapping between them exists.

* Goal: vendor-agnostic metrics (FP64 FLOPs, memory traffic,

cache behavior) that mean the same thing on both GPUs.
MI300A = H100 runtime (1.0x = equal)

CONVECTION3DPA

DIFFUSION3DPA
FEMSWEEP 0.71x |

GEMM

INTSC_HEXHEX

JACOBI_1D

JACOBI_2D
MASS3DEA 0.72x |
MASS3DPA [ 1.38x

MASSVEC3DPA 0.61% |
MAT_MAT_SHARED [ 1.10x

TRIAD 0.94x | |

Fig. 1. MI300A4 ~ HI100 runtime per kernel (from [1], Fig. 1). Green: H100
faster, red: MI300A faster.

1.72x

Platforms & Challenges

AMD MI300A

NVIDIA H100
El Capitan (SPX mode) Matrix

61.3 TFLOP/s - 5.3 TB/s 33.5 TFLOP/s - 3.35 TB/s

rocprofiler-sdk (ROCm 7.2.0)  Nsight Compute (ncu 26.2)
sQ *, TCpP *, TCC * smsp *, lts *, ..

Peak FP64 - BW
Profiler

Counter names

Thread group 64-thread wavefront 32-thread warp
Cache traffic unit 128-B line request 32-B sector

L1 data cache 32 KB x 228 CUs 256 KB x 132 SMs
Collection few counters per pass kernel replay per group

Workload: RAJAPerf 2025.12.1, 12 kernels, 4 GB working set. Shaded rows
require explicit corrections.

Methods: Workflow

1. Set up experiment via Benchpark

1 Set up. Benchpark [5] builds identical
experiments on both systems (Spack, Ramble).

2 Measure. Caliper [3] times kernels;
rocprofiler-sdk or Nsight Compute reads
counters.

3 Load. Thicket [4] merges profiles, counters,
and metadata, pairing matching runs.

4. Visualize and Analyze Data in Python
MI300A H100

il

e -505 ﬁé‘
Ny ¥ \-’\\}\A
0 Ve o o Y e o

4 Analyze. Python compares the mapped
HHUD‘ metrics kernel by kernel.

Fig. 2. Reproducible cross-platform profiling workflow [1].

ITennessee Technological University

Counter Mapping

Each AMD«—NVIDIA counter pair is scaled to a common unit:

Quantity AMD counts NVIDIA counts NVIDIA
Instructions per 64-thread wavefront per 32-thread warp <+ 2
Thread-level ops per wavefront per thread <+ 64
FP64 FLOPs instr. X 64 (FMA % 2) active-thread ops none
L1/L2 reads 128-B line requests 32-B sectors +4
L1 writes 64-B half-line requests 32-B sectors =2
HBM traffic bytes bytes <+ 1

Example (FP64 MUL): sSQ INSTS VALU MUL F64 <>

smsp sass thread inst executed op dmul pred on.sum = 64

LLM-assisted counter discovery

* Claude [7] proposed candidate counters from vendor documentation;

cach was verified against that documentation before acceptance.

* Propose — verity — correct: a proposed 64-B L1 line (CDNA 1)
was corrected to CDNA 3°s 128 B [6].

Comparability Score

score(a,n)=min(a/n, n/ a)

* a=AMD value, n = NVIDIA value; 1.0 = perfect match, 0 = only
one platform reports activity.

* Symmetric, so neither vendor 1s ground truth; kernels where both
report zero are excluded.

Validation

Simple kernels (e.g., TRIAD, JACOBI 1D) must agree, and counter-
derived FLOPs are cross-checked against RAJAPert’s analytical
values.

MASS3DEA FP64 FLOPs (x10")

2891 = 2891 #

AMD counters NVIDIA counters

4.559

RAJAPerf analytical

Vendors agree within 0.001% yet sit 1.577% below the analytical value: an
error in RAJAPert’s FLOP formula, since corrected.

Unmappable Metrics

* Active lanes per FP64 instruction (AMD): VALUUltilization
averages all vector instructions.

* L2 read vs. write hit rate: AMD exposes only the combined
TCC MISS.

° L1 misses on MI300A (gfx942): no miss counter; L1—L2 requests
serve as a proxy (gfx950 adds TCP. CACHE MISS).

’Lawrence Livermore National Laboratory | 3Texas A&M University

Results: Compute Counters

NVECTION3DPA

CO
DIFFUSION3DPA
EMSWEEP
GEMM
INTSC_HEXHEX
JACOBI_1D
JACOBI 2D
MASS3DEA
MASS3DPA
MASSVEC3DPA
MAT_MAT_SHARED
RIAD

Mean

F
T

SRS Y (EU LRI )] 0.97 | 0.99 | 0.95 | 1.00 XY 1.00 | 1.00 | 1.00 | 0.99 | 0.91 | 1.00 | 1.00 [] 0.951
FP64 MUL EXIREK VESN 0.99 | 0.99 | 1.00 [UEEN 1.00

wEw wites 2 o5 [oos [ 10 [ oo o oo

VMEM Total ERIRRIEXN 0.42 EHR 0.46 0.75 0.96 gA'N 0.95 ( 1.00 | 1.00

FP64 FLOPs (uncorrected) 0.93 | 1.00 [GEEY 1.00 | 1.00 | 1.00 1.00 | .00 |}

Total Instructions '0.79 [E:ERNE:LE 0.63 0.37 WR:CRRR 0.57 WAL RNIRN 0.73

. VMEM Reads [ERIJEXTY o.44 0.41 0.66 [0:80 0.70 o050 [XFJERTIIXY] 0777
2
= FP64 FMA [0.74 070 EXTIEET] o038 ) 0.31 0.66 0.775
N

FP64 ADD 0.42 0.42 @ 0.51 0.25 0.647
Branch 0.72 0.67 [0.21 - 0.50 0.50 m- 0.50  0.643

VALU Total 0.48 [0.78 0.75 [0.80° 0.45 0.55 0.65 0.69 0.48 0.59 0.50  0.629
LDS 0.63 0.66 0.56 0.78 0.76 0.69 0.594
Integer VALU 0.50 0.49 [0.80 0.29 0.33 0.73 0.61 0.32 0.36 0.532

SMEM 0.50 0.33 mm 0.50 0.40 0.25 0.67 0.67 050 0.486
S o oo o il oo -

o
3 Total ALU o0.58 X4 0.77 0.40 0.8 0.63 0.76 0.66  0.749
Q.
§ Scalar Total (SALU+SMEM) 0.72 X0 0.30 0.50 FXSREEZN 0.45 mm- 0.234
Comparability score . s
(1.0 = perfect match) 0.25 0.5 0.75 1

Fig. 3. Compute mappings on 12 kernels (blank = both zero, means from [1]).

* VMEM reads/writes exceed 0.9 on most kernels, so +2 works;

MASS3DPA’s 25-thread blocks fill neither unit, so +2 wrongly
halves.

* SALU (0.152) and LDS (0.594) count different work: AMD’s scalar

unit runs all control flow; its LDS count includes FLAT instructions.

FP64 FLOPs: Lane Correction

* Bimodal: 7 kernels score > 0.93, but on 5, AMD reports 1.36—3.19%

more FP64 FLOPs.

* Cause: AMD counts per wavefront, so x64 assumes all lanes are

active; NVIDIA’s pred on counts only active threads.
NVIDIA + AMD FP64 FLOP count ® AMD measured VALU utilization

MGV E G P A, e 7.7
convecTionsoPA | 71 3%
DiFFUsioN3DPA. N 60.5%
INTSC_HEXHEX o 6 704 43.1%
MASS3DPA _%11%‘;//‘;
Fig. 4. NVIDIA/AMD FLOP ratio tracks AMD lane utilization [1].

SQ THREAD CYCLES VALU
SQ ACTIVE INST VALU x 64

FP64 ,,,, (corrected) = FP64 ,,,,

mean FP64 comparability

0 814 —> O 951 MASS3DPA 0.313 — 0.989

DIFFUSION3DPA 0.701 — 0.992

Caveat. INTSC HEXHEX overshoots, since utilization averages all vector instructions.

Results: Memory Counters

o
i i
& & N I <
z 0 W -
o c‘z" o > o (@] < < ™ w\
- o) L L — N w [} O =
o ¥ W T - - o o WU <
L n < I m 0] ™ ™ > s
> DO v = O o0 o0 u o u un a8 =
B2 F£88 29483 §
s z 5 5 = s s = =
TRVRMN 5o I o oos L con | - 1o o o2 [oma oco |~
L2 Total Requests [0.80 | 0.75 0.40 m 0.62 m- 0.76 -m 0.79 - 0.796
L2 Write Requests -- 0.29 m 0.21 mm 0.75 0.75 -m 0.75  0.757
MR EYIEL YU EEREY 0.91 | 0.95 [EETMNREN 0.09 | 0.96 [LREN -1 0.96 | 0.94 LY 0.755
g
T L2 Hit Rate 0.68 0.65 |0.80 0.68 0.40 051 0.64 0.74 0.73  0.717
L2 Read Requests 0.73 0.70 0.40 m 0.22 0.70 0.78 0.70 0.72 0.78 0.67  0.691
L2 Total Misses 0.74 0.71 0.24 0.64 0.71 0.47 0.70 0.77 0.655
L1 Write Misses 0.21 | 0.45 m 0.74 m 0.60 - 0.497
g
2|  HBM Total Bytes [[ECN[XE][020] 0.67 o0.37 [XTY 0.6 EEDREIIEEEY 040 0.753
S .
£ L1 Total Misses | 0.75 - 0.28 0.75 - 0.65 0.75 0.62 0.694

Fig. 5. Memory mappings on 12 kernels (colors as Fig. 3; means from [1]).

* HBM bytes map best (writes 0.856): both count bytes. L2 and
L1 reads follow (0.655—0.796); L1 write misses are weakest
(0.497).

* L1 gaps are partly architectural: AMD’s L1 1s ~5% smaller
and counter scopes differ.

* INTSC _ HEXHEX and FEMSWEEP score lowest (0.348,
0.371): data-dependent control flow, indirect mesh access.

Conclusions

* Counters become comparable only after explicit thread-
granularity, byte-accounting, and lane-occupancy corrections.

* Lane-utilization scaling fixes AMD’s FP64 overcount
(0.814 — 0.951) with two extra counters.

* Cross-vendor agreement also audits benchmarks: 1t exposed a
RAJAPert FLOP error.

* We report every mapping, including poor ones and gaps, so they
need not be rediscovered.
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Background & Motivation

LLNL’s El Capitan is built from 11,520 AMD MI300A
APUs [1]. Each APU couples 6 GPU chiplets (XCDs: 38

compute units and a private 4 MB L2 cache each) with 24
Zen 4 CPU cores and 128 GB of unified HBM [1, 3].

The GPU can run as 1, 3, or 6 logical GPUs [2]:

SPX TPX CPX
XCDO  XCD 1 XCDO  XCD 1
XCD2  XCD3 XCD2  XCD3
XCD4  XCD5 XCD4  XCD5

1 GPU x 228 CUs 3 GPUs x 76 CUs 6 GPUs x 38 CUs
Colored outlines = logical GPUs (partitions), tiles = XCDs.

Research questions

0 Does the partitioning mode change kernel runtime?
9 What causes the differences?

e How does power sharing among XCDs affect runtime?

Methods

Caliper: runtimes [6]

RAJAPerf

Benchpark
Thicket

analysis [7]

rocprofv3: L1/L2/HBM
counters [9]

run RAJA HIP

orchestration kernels, block
[8] size 256 [4, 5]

amd-smi: power & clocks,
1 Hz [9]

Platform: LLNL Tuolumne — 1,152 nodes x 4 MI300A APUs
(512 GB HBM/node); LLVM clang 19, ROCm 6.4.2 [1].

A - Partitioning modes

Same total node problem size (536,870,912); one process per
logical GPU:

m Processes / node Problem size / process

SPX 4 134,217,728
TPX 12 44,739,072
CPX 24 22,369,280

B - Power sharing (CPX)

One RAJAPerf kernel on one XCD + 0-5 power-hungry ZGEMM
processes on the other XCDs (ZGEMM starts 60 s earlier).

— e w— — e w— — e w— — e w— — e w—

( Il Il
[ Kernel ]: ZGEMM 'i ZGEMM 'i Z
Il Il

XCDO XCD 1 XCD 2 XCD 3 XCD 4 XCD 5

)
m
=S
=

- e o o o o o - e o o o o o - e o o o o o - e o o o o o - e o o o o o

Separate runs with 0, 1, ..., 5 ZGEMM processes,; amd-smi samples power,
temperature & clocks at 1 Hz.

Jacobi-2D: the XCD that executes each thread block; after [1], Fig. 6.

Results
@ Partitioning mode matters — for 13 of 41 kernels

Same node workload 1n every mode, yet 13 kernels change runtime with the mode — up to 30% for stencils [1].

Similar runtime in all three modes - 28 kernels Mode-dependent runtime - 13 kernels

5 Jacobi-1D Jacobi-2D
— B SPX TPX B CPX
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RAJA HIP, block size 256, kernels sorted by SPX time within each group. Data from [1], Fig. 3.

€© Shared power budget throttles kernels

XCDs and CPU cores share one 550 W power budget (TDP). ZGEMM
on >3 XCDs hits TDP, so GPU clocks drop [1].

© Data locality explains the gap

* Jacobi-1D (linear access): nearly 1dentical counters and runtime 1n
all modes.

* Jacobi-2D (stencil, 3 rows per update): SPX deals thread blocks

round-robin to 6 XCDs — neighbors split across private L2s. TDP = 550 W
. . : I
[ ] -

TPX, CPX, or XCD aware mapping in SPX keep neighbors dle APU 150 W :
together — fewer L2 misses, faster runs. |
SPX - round-robin TPX CPX = SPX XCD-mapped 1 ZGEMM (steady state) 375 W |

001 2 3 4[5 0 1 0 10 1/0 1.0 1 0 0 000 0 0 0

2 3 4 5[0 1 2 3 0 1.0 1/0 1 0 1 0 0 000 0 0 0 Stream_TRIAD alone (peak) 239 Wy :

415 0 1 2 3 45 0 1.0 1/0 1 0 1 il I I i R I

o 1 2 3[4 I5NNGN 1 01 0 1 0 1.0 1 B 1 ZGEMM + Stream_TRIAD (peak) 421 W

2 3 4[5 0 1 2 3 2 1 B B 2z 2|22z 2 |2

4 5 0 1 2 3 4 5 2 3 2 3 2 3 2 3 2 2 2 2 2 2 2 2 >3 ZGEMM + Stream TRIAD

001 2 3 4.5 0 1 2 3 2 3 2 3 2 3 3 3 3 3 3 3 3 3 -

2 3 4[5 0 1 2 3 2 3 2 3 2 3 2 3 3 3 3 3 3 3 3 3 '

415 0 1 2 3 45 4 5 4 5 4 5 4 5 4 4 4 4 4 4 4 4 O 100 200 300 400 500 600

of 1 2 3[4 PEsNNoN 1 4 5 4 5 4 5 4 5 4 4 4 4 4 4 4 4 APU power (W)

2 3 4 5[0 1 2 3 4 5 4 5 4 5 4 5 5 5 5 5 5 5 5 5

415 0 1 2 3 45 4 5 4 5 4 5 4 5 5 5 5 5 5 5 5 5

APU power from amd-smi (1 Hz),; values from [1], Sec. 6.

Runtime (s) L2 cache misses (x10"") Slowdown vs. number of background ZGEMM processes [1]
 FLOP-bound (e.g., Basic MAT MAT SHARED, Apps FIR,
4.86 4.52 Apps VOL3D): up to 5% at 1, 10% at 2, 20% at 4.
3.55 3.59

smallest slowdowns.
Slowdowns suggest staged throttling (=5% — 10% — 20%) [1].

1.13
1.01
0.67 0.67 * Other kernels: no change up to 3; =5% at 4, =20% at 5.
. * Memory-bound (e.g., Algorithm MEMCPY, Basic COPY38):
SPX TPX CPX

TPX CPX SPX
mapped

SPX mapped = SPX with XCD-aware block mapping. Data: [1], Fig. 5.

SPX
mapped
Power-hungry ZGEMM can run on only 3 of 6 XCDs at nominal

clocks before the APU reaches TDP [1].

’Lawrence Livermore National Laboratory, Livermore, CA, USA

Conclusions
30%
41%
20%

* The mode matters for some kernels; the gap comes from
data locality across XCD L2 caches, not the mode 1itself.

* Keeping neighboring thread blocks on one XCD lets SPX
match CPX.

* XCDs share one 550 W budget: co-located power-hungry
work throttles FLOP-bound kernels first.

Max. runtime difference between modes
(stencil kernels, same node workload)

Fewer L2 misses for Jacobi-2D with
XCD-aware block mapping in SPX

Max. slowdown from power throttling;
FLOP-bound kernels are hit first

* Next: workload-aware placement and scheduling on APUs.
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Streamlining Cabana + MPI Using CPU-free Communication
Evan Drake Suggs, Derek Schafer, and Anthony Skjellum | Tennessee Technological University

Introduction Design
- GPU technology is often bottlenecked by CPU-GPU communication. - For benchmarking, our CabanaGhost benchmarking tool was integrated with a version
MPI Advance stream-triggering library avoids this by queueing GPU operations. of Cabana's Grid Halo [1] with MPI Advance stream-triggering as a backend.

- By integrating it with the Cabana particle simulation library and our CabanaGhost + Stream-triggered versions of the collectives Scatter and Gather (enqueueScatter and
benchmark, we make a sample case for how MPI Advance's stream-triggering API can enqueue Gather) were created (with options for both Send and RSend), as well as a
be both performant and flexible in integration with existing programming libraries. default implementation using Cray MPICH.

» This work shows that that MPI Advance stream-triggering with can work well with » These stream-triggered functions first start the receives, pack the send buffers, and
many libraries and applications that use MPI and performance portable frameworks. after receives are completed, unpack their buffers. This avoid fences from the default

Cabana implementation.

Conclusions

Results
template <class... ArrayTypes> . O
. Once completed, this backend was integrated into void enououetather + This work showcases the capabilities and successful QR Code
our Cabana Ghos’t benchmarking tool, which const ArrayTypes&... arrays) application of the MPI Advance Stream-triggering library
{ . . .
features a halo exchange strong scaliing test and ran // Engueue starting the receives * Weare currently working to improve performance, and fix - -
, , : MPT_Enqueue_startall( _my queue, remaining issues, such as a limited number of resource of oo
on LLNL S TU.OIU_mIle and ORNL S FrOntler SyStem. num_n, &_requests (0] ); handles - = -
« Runs shown use the MPI Advance stream- // Enqueue packing the data to send ' : : : o N T e
. . . enqueuePackBuffers( _owned_buffers, « For more detalls, Sece QR COde for our ArxiV version Of our o
triggering Send (code at right) and RSend, along owned steering, arrays.view()...);

paper published at Cluster Computing 2026.

with a Cray MPICH implementation for both 2 and
30 GB problem size.

// Enqueue sends and waiting for

AGLE

- // communication to complete
- While most of runs performed as well or better than MPT_Enqueue_startall( _my queue, Future Plans E
Cray MPICH, larger rank sizes on >= 4 nodes had o Soreduests nunal Ji oo
) ) _Enqueue_waitall ( _my_queue ); . . ) )
worse performance. Variance of MPICH results is - Publishing a paper on Kokkos Comm stream-triggering OR code for full paber on arXiv
’ 1M ' // Engqueue unpacking receive buffers . .
also likely due to Cray MPICH optimizations. teotnmackBat fore ( ghost butfers. Eﬂteg]..‘atIOIE et e AlIRed
_ghost_steering, arrays.view()...); « (Creation of more co eCtlveS, SUCI] AdS eauce ACkn OWl ed g ements
} » New applications including Trilinos integration e T :
is work was performed with partial suppor
Cabana Benchmarks from NSF Grants 2514054, 2450093, 2405142
and 2412182 angi from the U.S. Department
. Tuolumne 1 GPUs per Node Tuolumne 2 GPUs per Node Tuolumne 4 GPUs per Node Zl:i]rznniiri%%’r:&??Eﬁé};c&%refiﬁgrf,t]}’edictive Sci
B . X - . J— - R ence Academic Alliance Program (PSAAP III &
1.0 7 s g:' Smoa, ?QE' T o T M L M———t IV), Awards DE-NA0003966 and DENA0004267 .
» i & ""--.,_'_:'"""‘..r I"a._'_. %,
\‘ W™ &. T'n \.. 1‘1 N\ We’d like to thank Trey White (ORNL),
- 0.8 1 .\ "-,:'*.“ ) \ ‘h;‘-, ) . \ % ¥ Backend Jack Lange (ORNL), Whit Schonbein (Sandia),
= AN " . v - % N cken Matthew Donsanjh (Sandia), and Naveen Ravi
% \: %N \ £ . b X % x —— Cray MPICH Send (HPE) fpr all their it}sight§ on our interface and
E 0.6 - \ H‘“: - ‘\ S \x - . H’n.. h\x Stream-Triggered Rsend debugging the CXI libfabric library.
5 A ' > H::x \ . ;N N —— Stream-Triggered Send
Z e _ \ _ . N Problem Size (GB) References
a Ve ; \ "\ AN —— 2.0
e o, \ [1] S. Slattery, S. T. Reeve, C. Junghans,
0.7 - ‘\ _ .RR. _ '\\ \ s, x. —w- 300 D. Lebrun-Grandi'e, R. Bird, G. Chen, S. Fogerty,
\ \'* o N2 oy Y. Qiu, S. Schulz, A. Scheinberg, A. Isner, K.
. ':\'--"'...:;-_ - """'--.L"""'--...b & Chong, S. Moore, T. Germann, J. Belak, and S.
. . . . ' . . . . . '====+ . . . I"""'-E__T_:-..i Mniszewski, “Cabana: A Performance Portable

Library for Particle-Based Simulations,” Journal
of Open Source Software, vol. 7, no. 72, p. 4115,
Ranks Ranks Ranks Apr. 2022. [Online].

Available: https://joss.theoj.org/papers/10.21105
/j0SS.04115
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Modeling Performance Variation for Sparse Solvers
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Figure 1: Performance variation of aCG on Tuolumne with different MPI configurations.

Autotuning Cray MPICH Parameters for aCG on Tuolumne

Bayesian optimization finds near-optimal configurations with significantly less data than an
exhaustive search [1, 2, 4]. There 1s little work 1nvestigating how different uncertainty quantification
techniques affect Bayesian optimization when applied to sparse solvers. We hypothesize that quantile
regression can improve parameter autotuning. We use quantile regression with XGBoost and a
custom acquisition function. We compare 1t against a Gaussian process (GP) and a random forest

Quantifying MPI Parameter Impact

We use the approach proposed 1n [4] to quantify each parameter's impact. This method uses
fANOVA and a random forest trained on data collected from Bayesian optimization. It then computes
the effect of each parameter and their interactions.

Figure 3 shows the
effect of each MPI
parameter. The
uncertainty in

each effect 1s high and
indicates noise or
parameter interactions
dominate time to solve.
Vendors and system
administrators can use
this method to 1dentify
which MPI parameters
are worth tuning or
exposing to users.

SHM_PROGRESS_MAX_BATCH_SIZE-

ALLREDUCE_GPU_MAX_SMP_SIZE-

Bl all three models

x104

ALLREDUCE_NO_SMP-

crankseg_1

SMP_SINGLE_COPY_MODE -

SMP_SINGLE_COPY_SIZE-

ALLREDUCE_MAX_SMP_SIZE-

10
% of variance

O -

Bl XGBoost + QR (custom)

Fpte TIPT *TTT !'yq *TYT *,i!

10 2025
% of variance

2025 0 10 2025 0
% of variance

B multitask GP (EI) s random forest (LCB)

Figure 3: Estimate of each parameter's share of variation in time to solve. Variance is calculated using fANOVA on a
random forest trained on the data collected while tuning. The error bars are computed as the disagreement between the

(RF) for tuning MPI parameters of aCG running on Tuolumne. These models are based on those used

in [1, 2].

x104 m_t1
Our approach finds better M
configurations than e 0.145-
the GP, likely because the "~ | 0.140-
GP assumes time to solve ¢ " ‘ ‘ ,\ ‘ ‘ ‘ 0 135.
1s normally distributed. 70-1357 | 'li' ékéi"“ o MA Al
The RF has similar 20.130- \q T "va“ M N
performance to ours, but ~ ¢**%°" ALV ____\ .
lacks clear exploration and 3%*2%° ' - 0l
exploitation phases. This 0 20 - j(\)d 60 0 20 N f;?d 60

may be caused by the LCB

General Purpose Models

Many factors outside MPI and application parameters introduce
variation 1n sparse solvers, such as matrix structure, load imbalance,
and network contention. More advanced deep learning methods

could help capture and explain this high variation and predict

performance for entirely different MPI applications. Recent work
using AST representations to optimize OpenMP codes [3] inspires
this goal. The following table lists the strategies we plan to explore.

GNNs on communication graphs Account for load imbalance 1n

sparse solvers

— XGBoost + QR (custom) —— random forest (LCB)
— multitask GP (EI) -= Median (Defaults)

. e . IQR (Defaults)
acquisition function or the

normality assumption in
the predicted median.

Figure 2: Three models tuning intra-node communication parameters for aCG on Tuolumne. Solid lines: predicted
median of the model. Dashed lines: median time to solve of best configuration encountered if run at least 5 times.

Shaded regions: models' IOR. The number of processes and nodes is fixed at 16 and 4, respectively.

GNNs on MPI program
representations

Combining analytical models
with machine learning

Single model for different
applications

Reduce data collection
and 1mprove extrapolation

lrees.
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Cross-Layer Characterization Framework for HPC Applications
Hari Teja Jajula, Purushotham V. Bangalore, Department of Computer Science

HPC System Application Lifecycle Bottlenecks
Compute & / Interconnect &\ / Storage & I/O \ Compute Phase / Data Movement\ / Storage (1/O) \ Compute Bound / Data Movement\ / Storage (1/0) \

Accelerators Network Phase Phase Bound Bound
Monitoring core Tracking data flow Analyzing persistent
processing power, efficiency by measuring data pathways Data is transferred Performance is Overall performance
tracking GPU congestion, packet through read/write The application between CPUs, The application reads constrained by raw Execution speed is IS gated by the time
utilization, memory retries, network stalls, speeds, complex performs calculations GPUs, memory, and input data from or processing speed bottlenecked by data required to read from
activity, power and overall access patterns, and on the CPU or GPU. compute nodes as writes output data to rather than data transfer rates between or write to the file
consumption, and communication activity. metadata operations. required by the persistent storage and availability components. system.
thermal thresholds. application. the file system.

Slingshot, InfiniBand Darshan
Nvidia DCGM, proc stat K ° Counters / \ / \ / \ / K / \ /

Facilities collect different information in isolation and lack a unified job level view

Cross-Layer Characterization Framework ANL Polaris Implementation Workload Taxonomy

Presentation and Feedback Component
. . _— 262,634 jobs across 13 months, totaling 16.53M allocated GPU- - :
Workload and) [ Data Power and E’rocessin; ;t ; /App:;::tlon\ h ’ J ’ = /U nder-utilized (6)\ | /InconSIS.tent Coverage (4)\
theduling Moveme_nt Therm.'ill Unit. II;fr?;;;s AR ours Quick Cancel lob Level Feature Matrix No GPU Telemetry
nalysis Analysis Analysis Analysis Analvsi ] ] _ :
Layer Layer Layer Lo Layer e i Source Job-level information Coverage Failed Job No GPU With Darshan
" AN RN RN VARN J y J
. . . . GPU Idle Timeout Short No GPU
- {Cross_,ayer} - Scheduler | Allocation, runtime, exit status All jobs dle _Short No GPU With 10 y
:,E,' - Join — : o
5 )| |5 DCGM GPU utilization, power, thermal state 78.1% Scale Inefficient
3 ProceLssmg Unit § QO Bottleneck / o mL
S i E (T Feature ° Darshan /0 timing, bytes, metadata, imbalance | 25.2% Coverage N
5 —>O | Extraction / ~Job-Level Feature gmUsers
§ f P d h .5 Preprocessing Matrix , o _ , _
= The?"n",i'i i:yer s Joint DCGM + Darshan coverage: 18.4%. Missing telemetry is dismissed.
&: \_ ) % Distribution of I/O Time Fraction across Polaris Jobs (N=17,839) . nweﬂinienﬂ? - /Informational (5) \
‘.(-6' o)) . : === 5% threshold
Q Y < Timestamp 12000 - i 75% threshold
Data Movement [AlignmentJ il | resources used? MOgerate gOmpUte \[;lVO I!]()IO
Layer V. . i oderate Compute Wit
9 ) Actionable Intelligence Component V. E e . - : ~ Incidental 10 Low GPU
Workload and Prediction| | Workload | | hecision °. 0 Productive (2) dle Hidden Activity
Scheduling Layer | |Taxonomy| | °/ . er e j Compute Bound \ Low Efficiency .
D Admins ) L _Ideal Compute With 10, Underutlized

io_time_frac (fraction of runtime)

Cross-Layer Workload Taxonomy on Polaris Decomposition of I/O Bottleneck Class Key Takeaways

Tier Jobs Alloc. GPU-hrs 9% GPU-hrs
GPU HOURS -
Excluded from predictive modeling - Low Efficiency Idle Hidden Activity No GPU Tolemet Sho;t.(l)\l:%GPU | 72.9% of I/O-bottleneck e ———————— 50_70/0 of under-utilized GPU-hours come from the tOp 10 of
e ey O jobs exhibit multple Mode Jobs ¢ 1,008 users
Short_No_GPU 4,644 6,628 0.0 0.54% . i ic qi : .
Short_No_GPU_With_IO 686 1,620 0.0 short N%iiiw'th 1 dlagnOStIC S|gnatures. Bottleneck signarure 837(%) of under-utilized GPU hours come from the top 51 users
Subtotal 17,514 1,890,471 11.4 . r : : -
: 890, Quick Cancel The decomposition Bandwidth-only (effective rate <1000 MB/s) 1,186 20.5

gn di Lgszsze Cf 0 7185 - 0.01% helps identify what to Metadata-only (>1000 ops/GB) Q3. 1 4 86.6% of substantive under-utilized jobs occur in consecutive

uic ance A 18 . i i . :
Failed:Job 53.392 6.963.090 421 Moderate1206|;1;ute No 10 |nves't|gate next: data- Rank-lmbalance-only (> 2 X SlOWBSt/faSteSt) 68 1.2 user bursts
GPU_Idle_Tlmeout 25,630 2,454,515 14.8 ’ ? transfer rates metadata Mixed 4,208 72_9 . . . .
édle] . 9332 %32?%3 (1); S—_— o; uneven /0 * Recurring workload histories create an opportunity for targeted
cale Ineftiicient o s . y " .
Oh i 5776 147222 0.9 Read/write temporal dominance support

= g ’ - Compute Bound across ranks. : : o T :
Subtotal 190,068 9.958.919 60.25 deat Compute with 10 2% Read-dominated (read time > 1.5 X write time) 857 14.8 « Make users aware of their utilization and suggest potential
Productive 1.00% All 12,605 MPI-IO jobs Write-dominated (write time > 1.5X read time) 2,219 38.4 optimization strategies
Ideal_Compute_With_IO 282 164,992 1.0 : : - . : . . .
C(?Iil]};ut(e)fl]g(l)luia s 5,971 974,265 5.9 / with a recovered Balanced or interleaved 2,700 46.7 « Use better allocation strategies such as creating different job
Subtotal 6.253 1,139,257 6.9 10 B:tst;ej\eck Idle cb nodes value B partitions

. 9% 1.69% : — urstiness : : : g :
Informational Do recorded cb_nodes = 4. .  Having historical utilization context of the user helps to design
Moderate_Compute_No_I0 20,665 2.423 423 14.7 . A . e Sustained (<2 bursts) 2433 42.1 . .
. Scale Inefficient This identifies a - t ted int t

Moderate_Compute_With_[0 2,871 482,304 2.9 ez Mod 3 4b 1230 213 argeted interventions

, _ 0.65% : : oderate ( ursts) 4 : . . . : :
Incidental_IO_Low_GPU 1,512 89,160 0.5 configuration worth e * Publicly available Polaris dataset was used for this evaluation, but any
Low_Efficiency 1,640 12,740 0.1 GPU Idle Timeout . L Bursty (>3 bursts) 2,113 36.6 . , ,
Idle_Hidden_Activity 2111 534.164 3.0 14.85% iInvestigating for larger Concurrent read/write (>10% overlapping bins) 4,001 69.3 facility can collect and process the information and understand system
e 48,799 3,541,791 ¢ allocations. : utilization using this framework
Total 262,634 16,530,438 100.0
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Optimizing Persistent Collectives Using RMA and Earlybird Communication
Jackson J. S. Wesley!, Matthew G. F. Dosanjh?, Whit Schonbein?, Amanda Bienz!

' Department of Computer Science, University of New Mexico *Center for Computing Research, Sandia National Laboratories

Background Methods

e e g ol When ofe Fence-based (non-EB) " communcators and s ones s wort - A
rank arrives late (OS noise, load done communicators, and flags once; Start/Wait
. ’ , Leader . wait at barrier fenced exchange er call
imbalance), every other rank waits. p ' Amber Xeon 8480+, 2 x 56 cores Omni-Path, 100 Gb/s Open MPI 4.1

. , , Rank 1 . wait * Three hierarchical phases: on-node copy,
Hierarchical collectives copy data on- o . - leader exchange, on-node scatter. Tachi Xeon Max 9480, 2 x 56 cores Slingshot 11, 200 Gb/s Cray MPICH 8.1
node, exchange it between node leaders, . |

: :  Non-EB: barrier and fence between Eldorado EPYC 24-core, 4 sockets (MI300A) Slingshot 11, 200 Gb/s Cray MPICH 9.0

then scatter 1t. Fence-based versions Rank 3 delayed

phases.

synchronize between every phase. . . .
Earlybird (EB) EB: each rank sets a generation flag; the

Benchmark: Scaling test was performed up to 64 nodes. For further evaluation, 32 nodes x 64

I
I
° . I !
Earlybird (EB): moves data as soon as it o o ST leader d(t);s f1;/IPI_Put of thatrank's dataas . i it with 16 1B o 64 T8 e rwle
. ' . a SO0N as tne 11ag appcears. i i . .
1s ready. Early ranks' data 1§ already off: : 2 Rl Delay injection: each iteration, one random non-leader sleeps before entering the collective.
node when the late rank arrives, so less Rank 1 . wait :
work remains. Rank 2 . wait :
Thus, a persistent EB Allgather and Rank 3 delayed .

Alltoall on MPI one-sided (RMA).
. copy waiting delay . fenced exchange . early forward . scatter

lllustrative timeline, not measured data. Non-EB cannot start the inter-node exchange until every rank

reaches the barrier;, EB forwards early ranks' data while the late rank is delayed. Ab s O rb i n g D e I ay Refe re n Ces

—e= nNo delay =¥= 50 us == 100 pus =—m= 500 ps 1ms =+= 5ms =x= 10 ms 1 Parcons & Pai, 1CS 2015.
- Allgather - Alltoall 2] Qian & Afsahi, IJPP 2011
Hierarchical non-EB Hierarchical EB Hierarchical non-EB Hierarchical EB
1s 4 E 10s 3] Holmes et al., ExaMPI 2021.
i i 2 100 ms 4 y ] } 1s e y: 4] Pekurovsky, STAM J. Sci. Comput. 2012.
. @ % A rd " x e
ReS U |tS . Ea rlybl I'd VS . N O n 'Ea rlybl rd £ : ?;:‘? : o 100ms A f*ﬁ"" 5] Kinkead, Wesley et al., SC '25 Workshops.
> 10ms = ,;‘"" = / x/x _ :'c’
—e— no delay =v= 50us == 100 s =#= 500 s =&= 1ms =+= 5ms =x= 10 ms ; !x" f /4 10 ms f"/ > f/
$ ims; s - 4/ i
Aligather EIERLE o] ,.,/ 1ms g ,./
8 Amber Tachi Eldorado vs. non-EB VS. SyStem MPI 100 e N o K XXX
[ 4X = EB faster 2X - —+EB faster 2X - EB faster | ] | | | | | | MS = | T | I I | |
S ,/x-xg-\x o i . 16 256 4K 64K 16 256 4K 64K 16 256 4K 64K 16 256 4K 64K
= . , Y /) .'.Ei;- /_ -?"’"\\ Faster at most sizes Data per rank (bytes) Data per rank (bytes) Data per rank (bytes) Data per rank (bytes)
L [ AN N $=e—3- ,g ) 7‘ 1.2-2.6x% faster (6-20x% at 1 KiB); L
:“-é 2 - U:}M{’ E?‘N B 1x Jimimimimiemie i N g Allgather below 1 KiB slower at < 64 B on Fig. 3: Delay overhead, Eldorado, 32 nodes % 64 ranks/node. ACknOWIedgeme nts
5)S  1x el — Cray systems
-] . . c
7 L . L e —". * Non-EB pays the delay n full: every delay curve lies on the undelayed one. Sandia National Laboratories is a
0.5X - ower 0.5X = ower (0.5X - wer . . . ] ] i
& B ol n o L ) S P T SO . P S R T SR TR Alltoall 1.7-4x faster from medium sizes only * EB overhead falls as delay grows. At 10 ms, Alltoall (< 64 B) overhead 1s 0.25 ms vs. 2.0-2.3  multimission laboratory managed and
Data per rank (bytes) LIS EEI?%r)ado 125 18— ms undelayed. operated by National Technology &
i : : :
Alltoall Faster when per- * Under benchmark run (128 B) for Alltoall, Hierarchical EB completes in 2.06 ms undelayed, Engineering Solutions of Sandia, LLC, a
32 o - Amber o e Tachi e fdorado PIDFFT  2.5-57.1% faster  destination and 2.10 ms under a 1 ms delay. Non-EB completes this in 1.90 ms undelayed, and 2.90 wholly aned subsidiary of Honeywell
S 32x - W messages are small under 1 ms delay. International Inc., for the U.S. Department
5 m 16% - ey S | v/ el = of Energy’s National Nuclear Securit
L o 8 Conclusions o Y
™ 3 _ 2 - e~ Administration under contract DE-
5.8 7 ~ e AN\ A & 4 = : ++ + . . .
e g - ‘\\él\\ 1 emtamtmenm®=" 1x 1 P3DEFT: P3DFFT+ OFWW,d, backward * EB beats fence-based non-EB at almost every size, with or without delay. NAO003525.
3 - x transform, 64 ranks/node, no injected delay. System . . . . N
2 05x - EB slower () 5y EB slower () 5x - essower  MPI is included for context as vendor MPIs use * Against system MPI: EB Allgather 1s 6-20x faster at 1 KiB; EB Alltoall 1s competitive at
v 16 64 256 1K 4K 16K 64K 16 64 256 1K 4K 16K 64K 16 64 256 1K 4K 16K 64k  Optimizations on the algorithms chosen, so we small and medium sizes only.
Data per rank (bytes) compare a similar collective with different leader , , L , Co.
| . o o clfim o mechanisms 4 * Setup 1s a one-time cost, recovered within a few calls in most cases (vs MPI, this is in the
Fig. 4: Speedup of EB over non-EB (T nonEB /T EB), 32 nodes x 64 ranks/node, one line per injected & ' regimes where benefit is seen)
delay. S '

* Next: Triggered operations, other earlybird methods, optimize with leader and data-pooling.
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OpenRAPIDS Cascade: Kernel-Initiated Data Transfers on Slingshot-11

Thomas Hines, Anthony Skjellum, and Riley Shipley | ASCEND and Dept. of Computer Science, Tennessee Technological University

OpenRAPIDS

Lower middleware (*CCLs, MPI implementations) needs a
few data-transfer operations, done fast. OpenRAPIDS
(Reduced API Data-transfer Specifications) 1s four indepen-
dent primitives on one shared runtime, split by what triggers

a transfer.

Plenum Cascade Mobius Herald
trigger host kernel host host
on-node  shared mem GPU copy shared mem NIC/MPI
off-node mpi, CX1 cxi mpi, cxi, verbs mpi, cX1
API experimental stable stable stable

Why Cascade

» On Slingshot-11 with AMD GPUs, existing paths have the
host build the network work in advance [1, 2].

» When a GPU computes and 1ts host communicates,
exchanges cross between GPU and host.

» (Cascade removes the crossing: the kernel that produced
the data sends it.

How Cascade works

» A running kernel writes its own NIC commands into a
Cassini command queue through 1ibcxi, with no host on
the transfer path.

» Commands are prebuilt once; a post patches address,
length, and slot, then 1ssues one 128-byte store.

» In flow-controlled slots, delivery frees the source and a
credit frees the slot.

» Slots held across kernels let communication overlap
computation.

» On one node, the same kernel code copies GPU to GPU.

Open question: the interface

» Kernel-initiated only (today): fastest; needs a kernel.
» Two levels: these verbs plus a stream-ordered call.

» Stream-triggered only, accepting the overhead: a kernel
per step takes 8 B from 12.7 to 17.8 us.

What we measured

Rally: a GPU ping-pong; each side adds to the vector before
returning it. cascade launch: a kernel per turn; persistent:
one resident kernel. st: MPI Advance stream-triggering [3],
MPI started from the GPU stream. MPI: Cray MPICH 9.1.0;

the host waits each turn.

Latency between two nodes Latency on one node

35 1

—e— cascade launch st rsend 40 {4 —*— cascade launch, warp st rsend M/
—#-— cascade persistent === mpi —e— cascade launch, sdma == MPpI - .
304 —— stsend 35 - —=— cascade persistent, warp
» —~— o=
— — I § e T~ A ~e -
& 257 304 - -
O O
£ £ 25-
< 20 - =
9] 9]
3 3
S g 207
£ 157 5
2 2 15-
- -
S 10- o
10 -
5 T 5 _
0 T T T T i T i O T T T T i T i
8 B 64 B 512 B 4 KiB 32 KiB 8 B 64 B 512 B 4 KiB 32 KiB

message size message size

Rally between two nodes of LLNL Tuolumne (AMD MI300A, Slingshot-

11): median round trip of 3 runs. sdma: two copy engines.

Bandwidth between two nodes Bandwidth on one node

-—o— cascade launch -—o— cascade launch, warp
—=— cascade persistent A 801 =—e= cascade launch, sdma
-4 St send -8 Cascade persistent, warp ',,_-o—-""
20 - st rsend 70 - st rsend /a-’
— —— mpi — —— mpi ()
o Qo /
5 5 5 & 607 ~
O E 151 O d
29 2507 ’
o 0 R
o O = O 40 - y
=5.10- =5, S
¢ 2 oL /
C x c x 30+ ?
o) o /
o d s
: | 20 - /,’
d
10 /
0 0 - "-—'
4 KiB 32 KiB 256 KiB 2 MiB 16 MiB 4 KiB 32 KiB 256 KiB 2 MiB 16 MiB

message size message size

Persistent levels off near 12.8 GB/s: its single block also does the add. The copy engines carry Cascade to 76 GB/s at 64 MiB.

Spread at 8 B between nodes Allreduce at 128 GPUs

Rally on one node: median round trip of 3 runs. warp: one wave copies;

1757 , . 266-274 ps 1
1.0 - 0 150 ——— Cascade, two-wave doubling (resident)
= -#- Cascade, doubling (persistent)
)
X 125
0.8 é —4— Cray MPICH A
0 ® 100 RCCL o
o = ,,I
S 0.6 5 : J/'/"/
T V.07 O r——=———— ——E-—-—-g-——-E-——p—--B-—F—— ==
g S 50 o— - _o 'l.d— . i =
o c ———————4
S 0.4 5 251
g O T T T T T T T T T T T T T T T
= . 4 B 16 B 64 B 256 B 1 KiB 4 KiB 16 KiB 64 KiB
O - cascade persistent .
c 0.2 message size
= cascade launch Allreduce (f32 sum) on Tuolumne: 128 ranks, 32 nodes x 4 MI300A, a compute kernel between calls.
j st rsend Slowest rank over 10,000 calls; median of 3 runs, whiskers min to max.
0.0 - / J — Mmpi

15 20 25 30 35 40 45

round trip at 8 B, us (every iteration, 3 reps pooled) slowest rank over 10,000 calls, median of 3 runs.

3,000 round trips per line, 3 runs pooled. 98% of persistent round > Cascade beats RCCL and Cray MPICH above 256 B

trips fall within 12.6—13.0 s, Cray MPICH’s within 19.8-24.6. Stream- through 32 KiB, each 1n its best configuration.
triggered MPI (ready send): 15.9 s median, but 17% of round trips ® Fastest of all four from 512 B through 8 KiB; Cray MPICH

exceed 20 [Ls. leads at 256 B and below.

132 sum on 128 GPUs (32 nodes x 4), a compute kernel between calls;

CXl to be Deprecated by
HPE—Bad for DOE/NNSA

» Libfabric 1s too much and too little: not portable between
providers, hides special features of specific networks,
creates new resource limitations, and was not designed with

GPUs 1n mind.
» It 1s “mid-level middleware”: an abstraction barrier.

» Outperforming RCCL on Tuolumne with Cascade on CXI
shows that libfabric alone 1s suboptimal even for Al
applications.

» Hand-coded or Al-assisted, we want to exploit the smartest
features at the lowest level and drive them directly through
kernel 1nitiation.

» DOE/NNSA must retain access to lowest-level primitives
and should press every network provider for them. NVIDIA
has low-level APIs; all should. CXI is a star example.

» Interfaces may change; we want HPE to conserve
semantics and resources (mechanisms, counters,
registers), not precise interfaces. With generative Al, we
can adapt quickly.

Current work

» OpenCCL on Slingshot-11: its collectives call Cascade’s
kernel-side verbs directly.

» Beyond CXI: similar work with Cornelis; analogous work
with BXI and Bull.

> A stream-ordered interface for callers without a kernel
(the open question at left).
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Implementing Software Strong Progress RMA in ExaMPI

Javontae Martin, Kayla Humphrey, Riley Shipley, Anthony Skjellum | ASCEND Center, Tennessee Technological University

What is ExaMPI?

* ExaMPI 1s a C++-based MPI subset
implementation that is the result of a
collaboration between universities 1n both
current and prior PSAAP centers.

* ExaMPI 1s currently being used as a testbed
for development and testing of experimental
MPI features

* The progress engine 1s based on Dimitrov’s
strong progress model [1], which describes a
process for handling communication
requests that enables overlap. The full
progress engine design i1s shown 1n Figure 1.

* The main benefit of this model 1s that it
allows communication to progress in the
background, so the user thread does not
have to spend time explicitly progressing
communication.

Strong Progress Model

MPI RMA is often associated with bad
performance, but 1t can be made better
by adding strong progress.

Figure 1 shows the three core parts of
ExaMPI’s strong progress engine: the
Transport, Algorithm, and Matcher
components.

Transport 1s responsible for moving
data, Algorithm sets the parameters
Transport uses, and Matcher matches
posted receives with incoming
messages.

<<interface>>
Progress

+ post_request(Request *)

.D

_____ BlockingindependentProgress

<<interface>>
Matcher

+ post_request(Requst*)
+ post_header(Header*)

&

+ progress() : tuple<Header*, Request*>
e ARSI et B e B |
N [ A
|
SimpleMatcher | ComplexMatcher
|
|
MultidimensionalMatcher
SimpleDecider ConfigurationDecider

...............

<<interface>>
Decider

+ decide(Requst*, Universe&) : Protocol

PollingProgress

BlockingPollingProgress

Figure 1: Structure of the progress layer of ExaMPI [2].

Matching is unused, as it is unnecessary |kt

for RMA but necessary for message
passing.

Figure I: The core parts of the ExaMPI progress engine.

Implementation Design

a

[Libfabric 1s the current

, Request Creation
networking stack used to

D 4 B

V € 4

implement RMA.
ExaMPI’s architecture 1s Put Get Fence
based primarily on the A

Request object, which
stores all of the necessary
information to inform
progress engine
operations.

The progress engine
consists of a fixed loop
around the Algorithm,
Matcher, and Transport

progress functions. Each 4
progress function reads
values from the Request
and acts accordingly. PutAlgorithm
This model only works
because the MPI Fence

Algorithm

Progress Engine

Transport l :

Progress

Put
Y,

definition allows for early GetAlgorithm

completlon of Qperatlons L y 5

during each Window

CpOCh [3] : Figure 3: Flow of an RMA operation in ExaMPI.
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Multi-Strategy Adaptive Optimization of High-Performance Communication

Shannon Kinkead, Advisor: Amanda Bienz, Mentor: Matthew Dosanjh| Department of Computer Science

Dynamic Topology Discovery through Mahalanobis-Based Clustering Manifold-Aware Joint Optimization of MPIl Tuning Parameters

- Can we dynamically determine node socket/NUMA region membership based on ping-pong - Can we determine optimal settings for multiple MPI tuning parameters at one time?

timings between each pair of ranks and balanced Lloyd’s aggregation? » Tuning MPI performance 1s a complicated process with many tactors

- On previous systems, on-node communication was less expensive than off-node, but on modern

- Complex network stack incorporating many libraries
architectures, often on-node 1s more expensive

- Multiple communication styles

- Optimal locality-levels are architecture dependent . Heterogenous architectures

- Determining the best level of locality requires running targeted benchmarks

- Large number of tuning parameters, often with interacting impacts
- Allow MPI to determine which locality level 1s the best

- Approach:

Cluste ring Algorithm - Reduce the problem dimensionality

» Round-robin ping pong between every pair - Optimize the reduced dimensions using derivative-free optimization techniques

, : , e Union of the local clusters for all common
of ranks to build an adjacency matrix of

ranks 1n the clusters are taken to ensure all

latencies ranks are in a cluster Manifold Learning
* Initial rank cluster contains the currentrank, ,  yyjorrchical clusters are built by adding the » Performs dimensionality reduction of complex, 20- 20000
and the closest rank | first process where the Mahalanobis distance non-linear surfaces
* Ranks are a.dde.d to a cluster 1f the exceeds 1.96, then adding subsequent - Creates a lower-dimensionality embedding with 10- 15000
Mahalanobis dlstancg of that rank’s latency processes if their Mahalanobis distance is closest topological structure to the original : ; :
to the current cluster is less than 1.96. less than the previous or less than 1.96 manifold % 21 o000 &
Res u Its - 2000
T S R N— sl e Bayesian Optimization I
on Node B R PP P L. L , ~20 ~10 0 10 20
| o omhese - Derivative-Free optimization technique Embedding 1
| : | - Effective on noisy objective functions it AP b 1 e Pt i
’r - Uses active learning and a surrogate model to
identify additional points to sample
| e - Often Gaussian processes
— | - Past objective function evaluations inform future
e I T ™ T point selection, reducing the data needed to find
Latency of each rank to rank 0, colored by relative locality on the node Mahalanobis Distance Caf;z@fiﬁz;z;f}ﬁz%i;cz_z?;ﬁggetsh?rgizster being built (blue) and an Op timal solution
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Optimizations for a CPU-free Stream Triggered Communication Interface
Derek Schafer, Patrick Bridges | University of New Mexico

Our Stream Triggering Implementation Optimizing Communication Protocol Performance
Prior work shows a stream triggering interface can N T T Our previous poster noted that there was room for improvement 1n some of our communication
improve performance, but we wanted to examine | e Prepeove]{Tasserna) pucrs. | Dae [omioay nererent approaches. Since that poster, we have implemented the following optimizations:

the tradeoffs and better understand the hardware.
Our library 1s available publicly via MPI Advance
(with a Spack package) and offers three different
back-end implementations:

\ * HIP-IPC support for on-node ready-send operations
* A credit-based protocol for eager regular send operations
* Fewer kernel launches: single kernel for per batch of start triggers, one per wait batch
We then re-ran the benchmark (on Tuolumne) and got a clearer picture of the “best-case” stream-

GPU

Y
* A smmple, progress thread version mostly used | e {Maﬁ*]-[ gt H]—[Eﬂhf H } . triggering performance. From the chart we can see the following results:
for testing. Requires more synchronization Diagram of interactions between CPU, GPU, and NIC from the receiving side * On-node performance improved for regular sends and considerably improved for ready sends.
from the user. Orange blocks represent actions that occur during the non-ready send path  Compared to the results from the last meeting (top plot, bottom-left section), on-node ready-
* A HIP and CUDA memops version, using a ) ¥ I __________________ | sends are the most improved, and now almost match a pure IPC-baseline.
CPU thread to coordinate communication NiC | oo Togoer) put e {Homimly rrsment * Off-node performance, while still close to the MPI-baseline, has a much cleaner separation 1n the
* A CPU-free backend using the CXI libfabric 1 \ middle message size range.

approach used by HPE 1n their whitepaper [1]
Our design for each direction of the point-to-point v
. . . CPU —Ihl'lah:h H Enqueue I—I %, I—I Enqueue I—l Z.® I .
operations are shown 1n the figures on the right. Start i j
Both the ready and non—ready variants are shown. Diagram of interactions between CPU, GPU, and NIC from the sending side.

Orange blocks represent actions that occur during the non-ready send path.

provider and its extensions, based on the o /Tﬁ:ng]_[ ] Cre— Standard - On-node Standard - Off-node

102 1

[1] N. Namashivayam et. al, “Exploring Fully Offloaded GPU Stream-Aware Message
Passing,” Jun. 2023, arXiv:2306.15773 [cs].

Examining the Performance of Stream Triggering

One-way latency (us, half round-trip)

To test 1f there are potential benefits to be gained from integrating ™ Backenc | s
) . . . . . . | | Cray MPICH Send ] - i i i e ek —k ]

{ —=- Stream-Triggered Rsend - | - - - - - - - - - - - - - - - - - - - -
stream trig germg communication 1pto an application, we created a R [ ireamTiggered Send =/ 9% 8 9% W ® ® o ® ® I R S T P NI
“packing Ping-Pong” test that cyclically runs over a range of : // pessagesize wessagesize
message Sizes: g | y | |

T 3x10-5 N _F#-f —A— Stream-Triggered Send —A— Cray MPICH Send —a— Direct HIP IPC -6- develop (dashed, hollow)
® Launches a GPU kemel to pack the Send buffer 3 .\ / .M“.——-""f‘\/*:{” —— Stream-Triggered Rsend  —#— Cray MPICH Rsend = —— patchl (solid, filled) patchl 95% CI of the mean (10 runs)
* Sends the data to 1ts partner (plng) who launches a GPU kerne]l #*° -/ f}f:,f’; SN T One-way latency results from running the “Packing Ping-Pong” experiment on Tuolumne with new optimizations and protocols. Lower is better. Dashed lines
y s ? x==y represent values from older runs before all of the optimizations were implemented.
to “compute” (unpack) the data 5 » 2o 22 s e ge Fut Work iy P Ack lod ¢
. . Buffer Size (bytes) r Iv r
¢ Sends the Nncw data baCk to the Orlglnal ProcCcss (pong) Comparison between two versions of the stream-triggering u u re or a ape c nowie gemen S
This benchmark represents the “best use-case” for stream- implementation as the software stack improved (and our « Explore stream-triggered (Cluster 2026 This work was performed with partial
. . . . . . benchmark fixed). The y-axis are the same measurements . : t support from the U.S. Department of
triggering (specific application results are discussed more on of round-trip latency, just in different unis collectives and their trade-offs paper out soon) Energy's National Nuclear Security
Evan Sugg’s and Nicole Aven’s Posters) 0 oy okend * Explore an on-node HIP IPC Administration (NNSA) under the
e Oricinal ¢ derable (12 - 49%) lat o | =<~ stream-riggered Rsend hf 1 d Predictive Science Academic Alliance
riginal runs (top), saw a considerable (12 - 49%) latency g "] -+ sveamagereasen 7 approach for regular sends Program (PSAAP III & 1V), Awards DE-
improvement compared to Cray MPICH - /  Standardization with the MPI NA0003966 and DE-NA0004267. We’d
- - - 2 | A : like to thank Trey White (ORNL), Jack
° E 40 G, __ 77 : .
Since then, th§ system.softw.are libraries have been upgraded N [ ——— Forum (Ongqlng) Lange (ORNL), Whit Schonbein
(e.g., cray-mpich 9+, libfabric 2.3+) I * Implementation on non-HPE (Sandia), Matthew Dosanijh (Sandia), and

Naveen Ravi (HPE) for all their insights
on our interface and debugging the CXI
libfabric library.

networks

e
o
|

* New runs (bottom) show a thinner gap. Here, we saw parity at
smaller messages that grew into modest gains (~25% at>32 KiB) °* 7 7 = & &+ & @ b

Buffer Size (bytes)
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Accelerated Data Simulations using Stream-Triggered MPI+Kokkos Comm
C. Nicole Avans, Evan Drake Suggs, Derek Schafer, and Anthony Skjellum | Tennessee Technological University

Introduction Methodology Cokkos Comm
» Stream-triggered communication enables operations to be initiated by device » Use Kokkos Comm as test platform for integration with MPI Advance building
streams, without needing CPU orchestration. This is an etfective strategy for achieving on previous work for Cabana.
overlap between communication and computation. - Investigate stream-triggered communication performance. Communication Backend
» MPI does not currently standardize an approach, so multiple disparate designs and _ ]
implementations compose the design space. Evaluation v
» This work documents the addition of a prototype stream-triggered communication - Experiments conducted on LLNL’s Tuolumne cluster, a sibling system to El Stream-Triggering
interface for Kokkos Comm using MPI Advance. Capitan. (Slingshot-11 interconnect with CXI libfabric interface and AMD
Windowed unidirectional bandwidth (32 messages in flight) MIgDOA APUS)' libfabric CXI Provider
- - Bandwidth (Fig. 1) and latency (Fig. 2) considered, in addition to concurrent
ol /._..... ————— ; D T ?l}:(icghzr;ge modelling halo exchange (Fig. 3) and pipelined communication

[
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1

- higher is better

Pipeline: kernel -> exchange (+overlapped interior kernel) -> kernel, time per step
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