TEXAS Intelligent Surrogates Pay Attention to Data, Improving Multi-Objective HPC Optimization

STATE

UNIVERSITY

%OAK RIDGE
National Laboratory

Ashna Nawar Ahmed! [gvu10@ixstate.edu], Banooqga Banday' [bhb37@txstate.edu], Terry Jones? (advisor) [triones@ornl.gov], Tanzima Islam? (advisor) [tanzima@¢ixstate.edu]

Texas State University?, Oak Ridge National Laboratory?

Abstract

High-performance computing (HPC) schedulers must balance runtime and power. We present a surrogate-assisted multi-objective Bayesian optimization (MOBO) framework using TabNet regressors and models trained on attention-based embeddings, coupled
with active-learning sample selection. The surrogates predict runtime and power, enabling MOBO to efficiently discover Pareto-optimal node allocations. We quantify trade-offs with Pareto fronts, Hypervolume (HV), and Spread across PM100 and Adastra
production traces. MOBO improves HV over single-objective baselines by 24% (PM100) and 37% (Adastra) and attains lower Spread in 75% of surrogate families. Active learning reduces evaluations by ~53—70%. To our knowledge, this is the first demonstration of
embedding-informed surrogates for MOBO applied to HPC scheduling, optimizing runtime—power trade-offs on production datasets.
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Attention-based embedding learning improves surrogate models compared to L 4 Intelligent Sample Pareto Front: Represents the best trade-offs
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Extract Tabnet Embeddings to train
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Timing Overhead: Represents extra runtime
from the pipeline; lower means faster scheduling.

HPC Systems’

Growing demand for fast results under strict energy
limits; even small savings scale to huge gains at

Challenges exascale Embeddings Random Forest Baselines Used
Current o | - - Predict runtime & power for candidate node Random Baseline: Selects configurations
Scheduling Often manual, heuristic, or single-objective, failing to allocations uniformly from the design space, without guided
Approaches capture runtime—power trade-offs A 4 Datasets Used search
_ - Quantify trade-offs using metrics PM100: Public dataset comprising ~230K SOBO (Single-Objective Bayesian
Multi Objective  Surrogate-based optimization shows promise but S Addressing C3 jobs executed on the Marconi100 Tier-0 Optimization): Optimizes a single objective
Optimization remains underused in HPC scheduling Compare MOBO aaainst baselines Multi-Obiective supercomputer at CINECA in ltaly (runtime or power), ignoring trade-offs.
MOBO has been applied elsewhere, but combining it with P i Bayesian Ogtimization Adastra: Dataset collected from large-scale NSGA-Il: A traditional ggnetic algorithm baseline
Novelty attention-based embeddings to jointly balance runtime Visualize results for decision-making in (MOBO) HPE-Cray EX supercomputer located at the that evolves a population to approximate the
and power in HPC scheduling is new to this work HPC scheduling CINES Tier-1 computing center in France Pareto front.
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_ _ _ _ Fig. 1: Pareto Front generated for Fig. 2: HV progression generated for Fig. 3: Timing Overhead for each Spread ~99% lower than families’ (75%) cases Adastra 70.2%
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Demonstrate improvements over single-objective and random baselines in Ct. e learning t : apIdly Tmproves nypervoiims by Tocusing on nigh-vaiue Adast Regressor (TabNet Regressor) hypothesis;
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Findings
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HPC telemetry is massive, but also irregular .
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nherently Conflicting - - : : (e 4. (e 9. : T : L
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PM100 — HV (SOBO): PM100 HV  (TabNet Across both datasets, HV  similar evaluation budgets.
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Attention-based Intelligent Data Integration into Multi-

Embeddings Acquisition Objective Optimization
* Improves fidelity * Reduces Job * Improves Pareto front
Evaluations quality

Embeddings reach much higher
HV than TabNet.

Adastra — HV (SOBO):
Embeddings raise HV by ~37%
vs. TabNet, with AL steadying
results. Transformer drops after
sampling from skew, unlike
embeddings.

Regressor): MOBO achieves
~2.5%x higher HV than SOBO,

with AL  further  boosting
performance.

Adastra — Spread (TabNet
Regressor): MOBO reduces

Spread by ~99.7% vs. SOBO,
with AL improving stability.

improved for MOBO + surrogates;
Spread gains were rarer,
reflecting focus on high-value
regions;

Timing overhead dropped in

~85% of sub-steps, enabling
faster, more efficient
scheduling.

" Future Plan_ | References

d Extend to additional datasets
to test generality

A Integrate  with live HPC
schedulers such as RAPS to
study the actual impact
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