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Abstract. This paper proposes an auto-adaptive scheduling framework integrat-
ing OAR, a production-grade scheduler deployed in Grid’5000, with SimGrid-
based simulation to enable continuous learning and multi-objective optimiza-
tion. Unlike existing approaches that treat prediction, simulation, and schedul-
ing separately, this framework establishes a closed feedback loop where run-
time data from simulated Grid’5000 environments informs policy evaluation,
and validated policies are designed for deployment back into OAR via its plu-
gin architecture. The proposed framework intents to balance makespan, energy
consumption, and fairness while supporting containerized scientific workflows
through simulation that models operational conditions.

1. Introduction

High-performance computing (HPC) infrastructures are essential for large-scale scien-
tific simulations and data-intensive experiments in academic research [Shan et al. 2023].
These workloads typically execute on shared infrastructures organized as institu-
tional HPC grids, which aggregate heterogeneous clusters under multi-user policies
[Hilman et al. 2020]. Grid’5000 exemplifies such infrastructure, which provides approx-
imately 30,918 cores, 935 compute nodes, and 760 GPUs across 11 sites in Europe for
experiment-driven research [Grid’5000 2026]. This type of environments faces significant
workload variability, resource heterogeneity, and multi-stage workflow dependencies that
makes efficient scheduling a persistent challenge [Bader et al. 2024].

Academic HPC grids must balance competing objectives such as minimizing job
turnaround time, maximizing resource utilization, ensuring fairness across users, and re-
ducing energy consumption [Fard et al. 2014]. Traditional schedulers including SLURM,
PBS, and OAR, provide robust queue management and prioritization but rely on prede-
fined static policies with limited adaptivity. OAR, widely adopted in Grid’5000, offers
advanced features like conservative backfilling and advance reservations, yet lacks native
support for learning-based or self-adaptive scheduling mechanisms [Bolze et al. 2006].

Simulation frameworks enable reproducible evaluation of scheduling strate-
gies.  SimGrid has become a reference platform for modeling large-scale dis-
tributed systems under controlled conditions [Casanova et al. 2025], with Batsim al-
lowing batch scheduler research, processing job traces and producing detailed perfor-
mance metrics including waiting times, response times, utilization, and energy con-



sumption [Casanova et al. 2025]. Studies in HPC demonstrate SimGrid-based simula-
tions with significant calibration accuracy improvements using production workloads
[Horzela et al. 2024]. However, integration between production schedulers like OAR and
simulators like SimGrid remains limited. This prevents the transfer of simulation insights
into operational policies.

Multi-criteria optimization in HPC has evolved from single-objective formulations
to approaches balancing competing goals [Fard et al. 2014]. Research works demonstrate
that RL-based schedulers are effective and visualize the potential of deep reinforcement
learning (DRL) for adaptive scheduling. Hierarchical approaches that combine graph neu-
ral networks show 12.54% makespan reduction and 5.83% load balancing improvements
in simulated heterogeneous environments [Zhang et al. 2024]. Transformer-enhanced
deep Q-networks achieve 13.66% makespan reduction, 16.65% energy improvement, and
44.72% cost reduction in dynamic workflow scheduling [Ding et al. 2024].

Multi-agent reinforcement learning approaches show improved stability and gen-
eralizability for scheduling problems [Pu et al. 2024]. Self-attention mechanisms with
gated transformers demonstrate significant performance improvements under high-load
conditions [Gao et al. 2025]. Yet these approaches remain evaluated in isolated simula-
tion without connection to production schedulers.

This fragmentation represents a critical gap. Integrated frameworks that continu-
ously refine scheduling decisions based on simulated feedback modeling real operational
conditions remain limited. OAR’s role in Grid’5000 presents an opportunity to develop
adaptive scheduling through simulation that can accurately recreate production behavior
before any deployment. This paper proposes an auto-adaptive framework bridging OAR
and SimGrid through closed-loop architecture where all components are developed and
validated within a unified simulation environment to model Grid’5000 platform.

2. Proposed Solution Architecture

The framework establishes continuous feedback in a unified simulation environment that
models a real Grid’5000. Four integrated components operate in SimGrid, to allow com-
prehensive validation under controlled but realistic conditions. See Figure 1 for the de-
tailed proposed solution architecture.
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Figure 1. High-level OAR-SimGrid Integrated Scheduling Architecture

The OAR monitoring layer extends instrumentation to capture job characteristics



(submission time, requested resources, runtime), resource utilization metrics (CPU, mem-
ory, I/0), energy consumption, and scheduling decisions on simulated Grid’5000 clusters
using real workload traces [Bolze et al. 2006]. The plugin exercises the extension role for
interfacing with the optimization engine to receive updated parameters and with monitor-
ing section to observe effects and provide real-time state for adaptive decisions.

The SimGrid simulation environment, with Batsim as an extension, models aca-
demic grid infrastructure with validated accuracy [Casanova et al. 2025], incorporating
network topology, node heterogeneity, job dependencies, and energy patterns calibrated
from real Grid’5000 measurements [Horzela et al. 2024]. The optimization engine em-
ploys deep reinforcement learning agents that continuously refine decisions based on
simulated real-time state, with state including queue characteristics, resource availability,
recent performance, and energy patterns; actions corresponding to scheduling decisions;
rewards combining objectives. Following multi-agent approaches [Pu et al. 2024], the
framework enables distributed learning across multiple scheduler instances.

The framework models containerized jobs using Docker or Singularity tech-
nologies to capture image size and transfer costs, resource requirements from mani-
fests, isolation overhead, co-location constraints, and image caching [Shan et al. 2023].
Scheduling is formulated as multi-objective optimization with three primary objectives
[Fard et al. 2014], balancing performance, energy consumption, and fairness subject to
resource capacities, job dependencies, policy limits, and data locality. Fairness is con-
trolled by reputation tracking based on historical completion rates, and policy compliance
influences scheduling priority.

To incentivize cooperative behavior in multi-institutional grids, we incorporate
reputation tracking based on historical job completion rates, policy compliance, contribu-
tions to grid maintenance, and workload reliability. Reputation scores influence schedul-
ing priority and resource access within the simulated environment.

3. Evaluation and Expected Results

Training, evaluation, and validation will use Grid’5000 workload traces during sim-
ulation [Bolze et al. 2006]. In addition, the framework will compare with FIFO,
EASY backfilling, and recent RL-based schedulers [Zhang et al. 2024, Ding et al. 2024,
Gao et al. 2025] implemented inside SimGrid. Metrics will include waiting time, re-
source utilization, energy, and fairness.

Expected contributions include a validated Grid’5000 simulation model that ap-
proximates real operational behavior, to be released as open source; a complete imple-
mentation of the framework with OAR and SimGrid that validates closed-loop adaptation;
quantitative optimization and analysis of performance-energy-fairness tradeoffs under re-
alistic conditions; and an open-source simulation environment that enables reproducible
research. In future, the framework may be extended to support other tools and metrics.

4. Conclusion

This paper proposes an auto-adaptive framework for integrating OAR and SimGrid into
a simulation that reflects real operational behavior. By having continuous feedback that
links monitoring, simulation, optimization, and deployment interfaces within a unified



simulation environment, the framework is expected to achieve a comprehensive validation
of adaptive scheduling under realistic conditions while reducing production risks (such as
hardware damage, system downtime, data loss, and energy inefficiency). This approach
addresses the fragmentation between prediction, simulation, and execution, and creates a
pathway to transition from learning-based scheduling to future production deployments.
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