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Abstract

High-performance computing (HPC) schedulers must balance run-
time 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, Hyper-
volume (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 surro-
gate 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 run-
time—power trade-offs on production datasets.
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1 Motivation & Approach

Exascale HPC must balance two competing forces: runtime for
throughput and power for sustainability. Traditional heuristics
such as FCFS with backfilling or bin-packing require manual tuning
and cannot capture runtime—power interactions, leaving inefficien-
cies at scale [6]. Automated, data-driven methods promise better
solutions, but face three persistent challenges.

First, HPC telemetry is massive yet irregular, with missing val-
ues and inconsistent counters [8]. Direct surrogate training often
collapses. We introduce intelligent sample acquisition via active
learning to query the most informative data, improving efficiency
and robustness.

Second, information is scattered across modalities: categori-
cal fields (queue, partition), numerical metrics (runtime, memory,
power), and irregular signals (GPU bursts, I/O spikes). Noise and
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redundancy make feature selection difficult, and surrogates desta-
bilize on log-transformed targets [3]. Attention-based embeddings
address this by highlighting informative signals and suppressing
noise, enabling lightweight regressors (RF, XGBoost) to outperform
heavier transformer architectures while remaining deployable.

Finally, runtime and power conflict inherently [5]. Prior HPC
surrogate modeling has used single-objective BO [4], obscuring
trade-offs. We instead integrate surrogates with multi-objective BO
(MOBO) to expose Pareto fronts of runtime—power balances. MOBO
has succeeded in accelerator tuning [9] and laser—plasma design [7],
but has not been applied to HPC scheduling. This motivates our two
hypotheses: (H1) attention-based embeddings improve surrogate
quality; and (H2) MOBO captures runtime—power trade-offs more
effectively than SOBO or random baselines.

2 Experimental Setup

We evaluate on two real HPC job-log datasets: PM100 [2] and Adas-
tra [1]. Preprocessing handles missing values, aggregates node-
level power, and aligns categorical, numerical, and time-series
features. Surrogates are trained either as direct TabNet regres-
sors or as embedding-informed models (TabNet embeddings +
RF/XGBoost/LightGBM). These surrogates drive multi-objective
Bayesian optimization (MOBO) to explore runtime—-power trade-
offs. Baselines include SOBO (runtime-only, power-only) and Ran-
dom. Experiments were run on TACC’s Stampede3 [10] supercom-
puter.

3 Preliminary Results

We evaluate results by contribution, using PM100 and Adastra
datasets.

Impact of Intelligent Sample Acquisition
Active-learning—guided surrogates converge faster and are more
stable than training on the full dataset (Fig. 4, 5). This occurs be-
cause the targets exhibit enormous variability, and naively using
all samples exposes models to noisy and uninformative regions of
the space, causing them to fail to generalize. We achieved nearly
identical surrogate accuracy (MAPE = 0.99 for both runtime and
power) using only 47% of the original PM100 samples (231,238 —
109,202) and 30% of the Adastra samples (15,285 — 4,547) through
intelligent sample acquisition, substantially reducing training cost
without sacrificing model quality.

Impact of Attention-Based Embeddings (Hypothesis 1)
Embedding-informed surrogates (RE/XGB/LGBM) generally out-
perform TabNet regressors. On PM100, embeddings reduce Spread
by ~99%, and under SOBO achieve orders-of-magnitude higher
HV than TabNet, though they collapse under MOBO. On Adastra,
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Figure 1: On PM100 and Adastra, embedding-informed surro-
gates achieve higher HV than TabNet regressors, confirming
improved surrogate quality.

Hypothesis 2 + Impact of AL (PM100)
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Figure 2: On PM100, MOBO outperforms SOBO with higher
HYV, capturing broader runtime—power trade-offs.

embeddings consistently improve HV by 37% and reduce Spread
by ~90% (Table 1, Fig. 1). Attention-based embeddings highlight
relevant signals while suppressing redundancy and noise, enabling
lightweight models to train faster and generalize better. Overall,
these results support Hypothesis 1.

Impact of MOBO on Runtime-Power Trade-offs (Hypoth-
esis 2)
MOBO outperforms SOBO in 3/4 surrogate families, improving HV
on PM100 and reducing Spread on Adastra (Figs. 2, 3). Gains are
uneven, and Random baselines sometimes yield inflated metrics due
to outlier dominance. These issues may be mitigated through ro-
bust metrics or bounded reference points. MOBO’s ability to jointly
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Figure 3: On Adastra, MOBO achieves lower Spread than
SOBO baselines, producing more balanced Pareto solutions.

Active-learning—guided surrogates converge faster and are more
stable than training on the entire dataset
Example: Tabnet Regressor for PM100 (power consumption)
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Figure 4: Power Consumption Surrogate Comparison

Active-learning—guided surrogates converge faster and are more
stable than training on the entire dataset
Example: Tabnet Regressor for PM100 (runtime)
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Figure 5: Runtime Surrogate Comparison

optimize runtime and power yields more balanced Pareto fronts.

Overall, these findings support Hypothesis 2.

4 Conclusions

This work proposes an AI/ML framework for making surrogate
modeling data-efficient and intelligent. We use sample acquisition
for irregular telemetry, embeddings for noisy features, and MOBO
for runtime—power trade-offs. Together, these advances position
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Table 1: Summary of results supporting Hypotheses 1 and 2.

Full results are available via the QR code in the poster.

Dataset Metric

Hypothesis 1 (Em-
beddings vs. Tab-
Net)

Hypothesis 2
(MOBO vs. Base-
lines)

PM100 HV v Embeddings have v Improved HV 24%
orders of magnitude vs. SOBO-Runtime
higher HV than Re- (TabNet Regressor)
gressor

Spread v Embeddings have v MOBO hasbestin
~99% lower Spread  3/4 families (75%)
than Regressor

Adastra HV v Embeddings have v MOBO improved
37% more HV than HYV 37% vs. SOBO-
Regressor Runtime (TabNet

Regressor)
Spread v Embeddings have v MOBO best in 3/4

~90% lower Spread
than Regressor

families (75%)

surrogate modeling to enhance HPC schedulers with AI/ML-based
decision-making.
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