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ABSTRACT

High-performance computing (HPC) systems now support workloads that shift constantly in shape and intensity,
from tightly coupled simulations to bursty Al training jobs. Traditional schedulers based on static heuristics
struggle to keep utilization high while meeting job deadlines, and the result is idle nodes on one side and long
queues on the other. This paper explores how machine learning (ML) can be used to allocate resources more
intelligently in HPC environments where workloads are dynamic and hard to predict. We designed a learning-
based scheduling framework that combines a job runtime predictor, a reinforcement learning agent for placement
decisions, and a feedback loop that continuously updates its models from telemetry. Experiments were carried
out on a simulated 512-node cluster running a mix of scientific and Al workloads drawn from public traces.
Results show that our ML-driven approach reduces average job wait time by around 34% and improves overall
cluster utilization by nearly 22% compared to a well-tuned backfill scheduler. Energy per completed job also
dropped by around 17% because fewer nodes stayed idle at high power states. We discuss trade-offs including
training overhead, cold-start behaviour, and the risk of learned bias against long-running jobs. Findings suggest
that ML-driven scheduling is ready to move from research into production HPC operations, provided that
operators keep humans in the loop and monitor fairness carefully. The paper contributes an empirical comparison,
a practical architecture, and a set of open problems for the community to tackle next.

Keywords: HPC Scheduling, Machine Learning, Reinforcement Learning, Resource Allocation, Dynamic
Workloads, Cluster Utilization

INTRODUCTION

Modern high-performance computing centres no longer look like they did ten years ago. Where a single facility
once ran mostly long-form scientific simulations, today's clusters are shared by climate models, genomics
pipelines, financial risk workloads, and an ever-growing share of deep learning training and inference jobs [1].
This mix changes hour by hour, and the workload arriving in the queue tomorrow rarely looks like the one from
last week. HPC operators are being asked to keep utilization high, keep users happy, and keep the electricity bill
in check, all at the same time [2].

For decades, schedulers such as SLURM, PBS, and LSF have handled this with a mix of priority queues,
backfilling, and reservation logic [3]. These approaches work well when workloads are predictable and jobs
declare accurate runtime estimates, but neither of those assumptions holds in practice. Users habitually over-
request wall time to avoid job termination, which distorts backfill decisions. Jobs also vary widely in memory
footprint, communication pattern, and 1/O intensity, so treating a node as a uniform slot leaves a lot of
performance on the table [4].

Machine learning offers a different way of thinking about the problem. Instead of relying on user-provided
estimates, an ML model can learn from historical telemetry how long a given job is likely to run, how much
memory it will actually use, and how it will interact with other jobs sharing the same nodes [5]. Reinforcement
learning goes a step further by letting the scheduler learn placement policies directly from experience, adapting
to workload drift without manual retuning [6]. Early research has shown promising results, but most published
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studies use small clusters or narrow workload traces, which leaves open the question of whether these techniques
scale to production-sized systems [7].

This paper investigates that question. We build an ML-driven scheduling framework, evaluate it on a simulated
512-node cluster with realistic mixed workloads, and compare it directly against a strong baseline. Our research
questions are: how much can ML-based scheduling improve utilization and wait time compared to conventional
heuristics, how does it behave under workload shifts, and what are the practical costs and risks that operators need
to know before deploying it.

LITERATURE REVIEW

Research on HPC scheduling has a long lineage, starting with FCFS and priority queues and progressing to
sophisticated backfill algorithms such as EASY and conservative backfill [8]. These heuristics remain the
operational default at most supercomputing centres because they are simple, predictable, and easy to audit.
However, several studies have documented their limitations, especially the way inaccurate user runtime estimates
degrade backfill effectiveness [9].

The first wave of ML in scheduling focused on runtime prediction. Regression models trained on historical job
logs consistently outperformed user estimates, and researchers showed that plugging predicted runtimes into a
backfill scheduler recovered meaningful throughput. Gradient boosted trees and random forests became popular
because they handled the mixed categorical and numerical features of job records well [10]. More recent work
has extended prediction to memory usage, 1/0 behaviour, and even failure likelihood, giving the scheduler a richer
view of each job [11].

The second wave moved toward learned scheduling policies. Deep reinforcement learning, inspired by DeepRM
and Decima, framed scheduling as a sequential decision problem where an agent picks which job to run next
based on cluster state [12]. These approaches showed strong results on synthetic workloads and small clusters.
Follow-up work explored graph neural networks to encode job dependency graphs and applied hierarchical RL
to break the action space into node selection and job selection layers [13].

More recent research has tackled practical concerns. Studies on transfer learning and continual learning aim to
reduce the retraining burden when workloads shift. Others focus on fairness and interpretability, since black-box
policies are hard to defend to users whose jobs get delayed [14]. Energy-aware scheduling has emerged as an
important thread, motivated by rising data centre power costs and sustainability commitments. Some studies use
ML to predict power consumption per job and pack workloads to reduce total energy draw [15]. Despite this
progress, comparative evaluations across ML techniques on realistic mixed HPC and Al workloads are still
relatively scarce, which motivates our study.

METHODOLOGY

We designed a scheduling framework with three cooperating components: a job characteristic predictor, a
reinforcement learning placement agent, and an online telemetry loop that keeps both up to date. The predictor is
a gradient boosted regression model that estimates runtime, peak memory, and 1/O intensity for each incoming
job based on features such as user, application family, requested resources, and time of day [16].

The placement agent uses a Proximal Policy Optimization (PPO) formulation. The state s, captures current queue
contents, node availability, and predicted job characteristics. The action a, selects a job from the queue and a set
of nodes to run it on. The reward at time t is designed to balance utilization and responsiveness:

Ry =wy U —wy - Wy —ws - E,
where U, is cluster utilization, W, is the average normalized wait time of queued jobs, E, is the incremental energy
cost, and wy, w,, w are tunable weights summing to one [17].
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To measure predictor accuracy, we use mean absolute percentage error:
100 -

MAPE__Zl)’z YL|

N il i

where y; is the actual runtime and \hat{y} i is the predicted runtime for job i [18].
Cluster utilization is defined as the fraction of node-hours actively serving jobs over the total node-hours

available:

gt
) Niotar * T_ . . .
where n; and ¢; are the node count and runtime of completed job j, Ny, is the total node count, and T is the

observation window [19].
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Figure 1. ML-driven scheduling framework architecture.

EXPERIMENTAL SETUP

We built a discrete-event cluster simulator calibrated against real HPC telemetry. The simulated system contained
512 compute nodes, each with 64 CPU cores, 256 GB RAM, and a mix of GPU-equipped nodes (128 nodes with
4 GPUs each) to reflect a modern heterogeneous facility. Interconnect topology was modelled as a fat-tree with

realistic bandwidth and latency values.

Workload traces were assembled from public archives including the Parallel Workloads Archive and recent Al
training logs, combined into a 60-day mixed trace containing roughly 380,000 jobs. Job characteristics spanned
four categories: traditional MP1 simulations (45%), Al training (25%), data analytics (20%), and short interactive
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jobs (10%). We ran three baseline schedulers for comparison: FCFS, EASY backfill with user estimates, and
EASY backfill with an ML-based runtime predictor but without the RL placement agent [20].

To model workload burstiness, arrival rates were drawn from a non-stationary Poisson process with rate
\lambda(t) following observed diurnal and weekly patterns. Burst probability per hour was computed as:

Pourst ®=1- e MDA
where At is the observation interval. Training data for the predictor came from the first 30 days of the trace, and
evaluation used the remaining 30 days, ensuring no information leakage.

(a) Experimental Workload Profile (Job Arrival Rate Over 60 Days)
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Figure 2. Experimental workload profile and simulation pipeline.
Table 1. Simulated cluster and workload configuration.
Parameter Value
Compute nodes 512 (384 CPU-only, 128 with 4 GPUs)
Cores per node 64
Memory per node | 256 GB
Interconnect Fat-tree, 200 Gbps
Trace duration 60 days
Total jobs ~380,000
Job categories MPI, Al training, analytics, interactive
Training window Days 1-30
Evaluation window | Days 31-60
RESULTS

5.1 Wait Time and Utilization

The most visible improvement came in average job wait time. FCFS produced an average wait of 47 minutes,
EASY backfill with user estimates dropped this to 29 minutes, and adding an ML predictor to EASY brought it
further down to 22 minutes. Our full RL-based scheduler achieved an average wait time of 19 minutes, a 34%
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reduction over the strong EASY baseline. Cluster utilization climbed from 71% under EASY to 87% under the
RL scheduler.

(a) Average Job Wait Time (minutes) (b) Cluster Utilization (%)
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Error whiskers indicate 95th percentile wait time. Red dashed line shows target operational threshold (80% utilization).

Figure 3. Wait time and utilization comparison across schedulers.

5.2 Predictor Accuracy and its Impact

The runtime predictor achieved a MAPE of about 18% on the evaluation window, compared to a MAPE of
roughly 61% for user-supplied estimates. This gap is what powers most of the backfill improvement. Interestingly,
predictor accuracy varied by workload category: Al training jobs were the easiest to predict (MAPE around 11%)
because they follow structured training loops, while interactive jobs were the hardest (MAPE around 34%)
because their behaviour is user-driven and variable.

Table 2. Predictor accuracy and wait time impact by workload category.

Category User MAPE (%) | ML MAPE (%) | Avg. Wait (min) | Improvement
MPI simulation | 58 16 21 40%
Al training 63 11 17 45%
Analytics 55 19 18 38%
Interactive 71 34 12 22%

5.3 Behaviour Under Workload Shifts

We stress-tested the system by injecting a workload shift in the evaluation period, doubling the proportion of Al
training jobs midway through. The RL agent handled the transition reasonably well, with wait time briefly rising
by 24% before settling back within two days as the online telemetry loop updated the models. The static EASY
baseline, in contrast, showed a persistent 41% wait time increase because backfill decisions kept assuming the
old workload mix.
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Figure 4. Scheduler behaviour under a workload distribution shift.
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5.4 Energy Efficiency

Energy per completed job dropped by around 17% under the RL scheduler compared to EASY. Most of this came
from denser packing that let more nodes drop into lower power states during quieter periods, rather than from any
per-job optimization. This suggests that scheduling and power management should be co-designed rather than
treated as independent problems.

DISCUSSION

The results support the case for ML-driven scheduling in HPC, but with several caveats worth taking seriously.
First, the training overhead of the RL agent was non-trivial, and initial policies during the cold-start period were
noticeably worse than the EASY baseline. Operators considering deployment should plan for a shadow-mode
phase where the ML scheduler runs alongside the existing one without making binding decisions. Once its policy
stabilizes, it can be promoted incrementally.

Second, we observed a mild bias against very long jobs. The RL agent, optimizing for average wait time and
utilization, learned to defer jobs that would occupy many nodes for many hours because they hurt the objective
in the short term. This is exactly the kind of fairness issue that HPC centres worry about. Adding an explicit
ageing term to the reward function fixed the worst of it, but it is a reminder that objective design deserves close
attention.

Third, interpretability matters. When a user's job is d

elayed, they want to know why, and pointing at a neural network is not a satisfying answer. Techniques such as
SHAP values on the runtime predictor and attention visualization on the RL policy help, but user-facing
explanations are still an open problem. Operators should treat the ML scheduler as a decision support tool with a
clear audit trail rather than a black box.

Our study also has limitations. Simulation, however carefully calibrated, does not capture every real-world factor
including node failures, thermal throttling, and shared file system contention. We did not evaluate multi-site
federated scheduling, which is increasingly relevant as centres form regional partnerships. Nor did we look at
security-sensitive workloads that require isolation guarantees. All of these are natural directions for future work,
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along with continued research on transfer learning between clusters, since retraining from scratch at every facility
is expensive and slow.

CONCLUSION

HPC workloads have changed, and it is time for scheduling to catch up. Static heuristics served the community
well through decades of predictable simulation workloads, but the current mix of Al, data analytics, and traditional
science on the same cluster puts pressure that those heuristics were not designed to handle. Our experiments show
that a machine learning approach, combining accurate runtime prediction with reinforcement learning placement,
can meaningfully improve every metric that operators care about: wait time drops by roughly a third, utilization
climbs into the high eighties, and energy per job falls by nearly a fifth. Just as important, the system adapts when
workloads shift, something rigid heuristics cannot do without manual retuning. The road to production is not free
of bumps, though. Cold-start behaviour, fairness for long-running jobs, and interpretability all need thoughtful
engineering. Our recommendation is that HPC centres begin experimenting now, running ML schedulers in
shadow mode against production traces and building operator confidence before flipping the switch. The
techniques are ready, the data is available, and the potential gains, both in scientific productivity and in energy
savings, are too significant to ignore any longer.
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