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Before diving into the use cases, here is what the framework produces concreté_i?i/, acro
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This iterative process is called Hyperparameter Optlmlzatlon

Run-to-budget

Campaigns stop when the budget runs out, not when they stop
improving

Energy-blind

Optimizes accuracy only — energy cost completely ignored

Ephemeral

Campaign die at wall-time limits

Existing tools treat HPO as an isolated, fire-and-forget step — disconnected
from operational needs
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OBSERVE

One job, and the whole optimization loop runs inside its allocation: no external orchestrator, no service outside the job
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Evaluation setup: two workloads, two machines

ClimateBench MLPerf DeepCAM
e Climate-model emulation o Atmospheric semantic
(regression) segmentation
o Objectives: o Objectives:
o validation NRMSE | o validation loU 1
o energy | o energy |

JUNO - CMCC

Frontier - OLCF

Petascale - Intel Xeon + NVIDIA
A100 40GB

Exascale - AMD EPYC + AMD
Instinct MI1250X
Scheduler: Slurm

Scheduler: IBM Spectrum LSF

7 hyperparameters - energy through CodeCarbon - up to 64 GPUs
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Energy as an objective costs no accuracy

Does adding energy, and all this machinery, cost us optimization quality?

Method Best NRMSE |

2
= Random Search 1.1230 £ 0.0346
=
O
g BO (SO) 1.0843 + 0.0743
p

BO (MO) 1.0677 + 0.0938

0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14
Cumulative search energy (kWh)

BO converges faster and lower than Random Search
== Bayesian Opt. (MO) (Mean) - = Bayesian Opt. (SO) (Global Best)

—— Bayesian Opt. (MO) (Global Best) === Random Search (Mean) The multi-objective run, that cares about energy, is even
== Bayesian Opt. (SO) (Mean) - — Random Search (Global Best)

faster in the early stages of the search in this case

ClimateBench, best validation error against the cumulative energy spent by the search over 10 seeds (Fig. 2, Table V)
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SO cenfigurations @ SO best-accuracy point
—a— Pareto frontier

ClimateBench (top) and DeepCAM (bottom); stars mark the knee point (Fig. 3)
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Because energy is an objective, you get a front

A set of operating points, not one optimum

Each point is a configuration we trained. Multi-objective BO returns the
whole energy-quality front; the knee point is a practical compromise

DeepCAM: the gap is largest

The effect is strongest, the single objective optimum spends about an
order of magnitude more energy per training for almost no gain in loU

The front is a runtime artifact

Stored at every iteration, so its evolution can be watched while the
campaign runs.




Resume across jobs and across machines

Fault tolerance: the next job reads the file, refits the surrogate and continues
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ClimateBench, stopped after 40 evaluations, JUNO — Frontier (Fig. 4, Tables V and VIlI)
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Runtime indicators show when to stop paying

Same pattern for both workloads: gain and front stability flatten early, while energy keeps climbing

(c) Pareto Stability (d) Cumulative Energy

(a) Best Validation Metric (b) Metric Gain (Hausdorff Distance) Consumption 3 Sig nals
|
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T
0.0 .
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Of campaign energy spent after
m==== Signal === Confirmed decision point —— Energy spent after decision point the deC|S|0n pOI nt at iteration 80'
Diminishing returns region First signal fornoim provement

Decision point: best objective, Metric Gain and Hausdorff distance all stable over 15 iterations (Fig. 6, Table VI)
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Energy as a BO objective Adaptive policies

keeps search quality and exposes cheaper That act on the indicators to allocate budget

Pareto-optimal configurations

Checkpointing More informative objectives

An observation-only checkpoint (KB, ms) survives Carbon-intensity-aware objectives

wall-time limits and moves across HPC systems
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Early stopping signals Acquisition function
Filesystem-based runtime indicators let users Integrated scheduler- and resource-aware HPO
stop when more evaluations no longer pay off with an energy-aware acquisition function




Thank you!

De Carlo, M., Padovani, G., Accarino, G., Nassisi, P., & Fiore, S. (2026).
MLOps+: Enhancing the MLOps lifecycle with traceable, explainable, and
energy-aware Bayesian optimization. Future Generation Computer

Systems, 189, 108883. doi:10.1016/j.future.2026.108883
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Code available on request, public release coming soon - marco.decarlo@cmcc.it



