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ABSTRACT

Over the past three decades, supercomputers and their workloads
have become increasingly complex. Scheduling systems have
evolved from traditional heuristics to Deep Reinforcement
Learning (DRL) approaches that adapt policies to specific
workloads. Though there are several studies that develop various
DRL models, no clear consensus exists on the optimal algorithm.
This project trains and evaluates representative algorithms from
three prominent DRL families: DQN, PPO, and A2C. Statistical
testing (Friedman, Nemenyi and Wilcoxon-based confidence
intervals) determines whether significant performance differences
exist across five industry-standard metrics.
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1 INTRODUCTION

High-Performance Computing (HPC) systems consist of several
software components including package managers, job schedulers,
and monitoring tools [7]. Job schedulers manage job queue
ordering and handle resource allocation, determining when jobs
execute and which computational resources they have access to
[21]. As HPC workloads have diversified (from traditional, purely
arithmetic-based tasks to machine learning and data-centric tasks)
scheduling algorithms have had to evolve to address the increased
complexity [28].

Job scheduling has evolved from the simple heuristics
(First-Come-First-Served, Shortest Job First) to meta-heuristic
optimisation techniques (genetic algorithms, particle swarm
optimisation) [21]. As heterogeneous clusters became more
prevalent, a new set of challenges were introduced [28].

Traditional heuristics struggle to address multiple objectives
across diverse hardware [21]. Deep Reinforcement Learning (DRL)
models address this by enabling schedulers to learn adaptive
policies from previous behaviour [5, 31]. However, the rapid
adoption of DRL raises a question: which algorithm family (policy
gradient, value-based, actor-critic) has the best performance for
modern HPC workloads? An algorithm that reduces the makespan
may fall short in fully utilising the system’s resources, therefore
justifying a multi-objective evaluation.

Previous studies have compared DRL schedulers against
traditional methods [22, 24]. However, systematic statistical
evaluation across multiple DRL algorithm families has not been
explored. A systematic review of 59 recent DRL scheduling papers
(2024-2025) found that 46% used PPO-based approaches, yet fewer
than half (12 of 27 papers) of those justified this choice empirically.

This paper addresses this gap through a rigorous
comparison of six DRL algorithms: MaskablePPO, MaskableDQN,
MaskableA2C, and their vanilla counterparts. These represent
three major DRL algorithm families, policy gradient, value-based,
and actor-critic, respectively. These algorithms are evaluated on
real heterogeneous HPC workloads, reflecting the shift toward
accelerator-based systems. Evaluation on real Slurm traces
(approximately 84,000 jobs) employs Friedman tests, Nemenyi
post-hoc analysis, and Wilcoxon-based confidence analysis [1]
to identify statistically significant performance differences across
metrics (waiting time, slowdown, turnaround time, and resource
utilisation). Section 2 reviews previous work on HPC scheduling
and DRL approaches. Section 3 outlines the focus of the research,
followed by the proposed methodology and statistical framework
in Section 4.

2 LITERATURE REVIEW

HPC job scheduling has evolved from rule-based heuristics to
learning-based adaptive techniques. This section reviews the
evolution of scheduling algorithms, from traditional approaches
(FCFS, SJF, backfilling) to meta-heuristics (genetic algorithms,
particle swarm optimisation) to modern DRL methods, and
identifies methodological gaps motivating the current study.

2.1 HPC Job Scheduling

Job schedulers fulfil two primary functions within a cluster:

Queue

management determines the job execution order based on priority

resource allocation and queue management [31].
policies (e.g., FIFO, priority queues, fair-share). Resource allocation
assigns computational resources (CPU cores, memory, GPUs,
storage) to individual jobs while preventing resource contention.
Effective scheduling maximises system utilisation, minimises job
waiting times, and ensures fairness across users [21].

Schedulers’ performance is evaluated using several standard
metrics [21]. Makespan measures total time to complete all jobs.
Throughput measures number of jobs completed per unit time.
Waiting time is the amount of time a job sits in the queue.
Slowdown (ratio of turnaround time to execution time) assesses
fairness to short jobs. Resource utilisation indicates how efficiently
the cluster is being used. Early HPC systems prioritised throughput
and makespan [21], while modern deployments aim to balance
multiple objectives: performance, cost, energy consumption, and
fairness [17].

2.2 Traditional Job Scheduling Techniques

All traditional job scheduling techniques utilise some form of static
heuristics to make decisions when it comes to both job queue and
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resource allocation. These techniques act as the foundation to the
modern counterparts.

2.2.1 Heuristic-Based Scheduling Algorithms

First-Come-First-Served (FCFS) executes jobs in arrival order [25].
Though simple and fair, FCFS suffers from poor resource utilisation
due to large jobs blocking the queue. This leaves resources idle even
when smaller jobs could execute, a phenomenon known as head-of-
line blocking [25]. Additionally, high-priority jobs may experience
extended waiting times behind low-priority workloads.

Shortest Job First (SJF) executes jobs based on expected
execution time [25]. While SJF provides lower average waiting
times compared to FCFS, it suffers from potential starvation for
longer jobs. SJF performance depends on accurate job duration
estimates; inaccurate estimates result in poor resource utilisation
similar to FCFS.

Backfilling improves resource utilisation by scheduling
smaller jobs to fill idle resources between larger scheduled jobs
[12]. Conservative backfilling preserves the reserved times for
high-priority jobs, while aggressive backfilling (e.g., EASY) allows
flexible scheduling, causing delays for lower-priority jobs if higher-
priority jobs arrive [18].

Priority-based scheduling is employed by production HPC
schedulers such as Simple Linux Utility for Resource Management
(Slurm) [33] and Portable Batch System (PBS) [9]. Jobs execute
based on assigned priority levels, determined by factors including
user quotas, job ageing (to prevent starvation), and fair-share
policies [10].

Traditional approaches have been shown to be simple and
predictable, making them solid options. Backfilling and priority-
based scheduling improve resource utilisation and reduce waiting
times. However, these methods struggle to handle the complex
resource requirements or dynamic workloads, characteristics of
modern heterogeneous HPC systems [31].
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Figure 1: Growth of heterogeneous systems in the TOP500
supercomputers (2006-2025) [28]

2.2.2 Meta-Heuristic and Optimisation Approaches

Meta-heuristic  algorithms extend simple heuristics by
systematically exploring large solution spaces through bio-inspired
search strategies. Genetic algorithms (GA) apply evolutionary
principles (selection, crossover, mutation) to optimise resource
allocation and job sequencing while avoiding local optima. Particle
swarm optimisation (PSO) mimics decentralised swarm behaviour
to explore multi-objective solution spaces efficiently. Simulated
annealing (SA) achieves faster convergence than GA through
probabilistic local search with controlled randomness [21].
Though meta-heuristics outperform the simple heuristics,
they remain computationally expensive and sensitive to parameter

tuning. More critically, these approaches optimise each workload
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instance independently; they cannot learn to generalise policies
that adapt to changing workload patterns without re-optimisation
[21]. This limitation motivates the shift toward learning-based
methods that leverage previous experiences, realised through DRL.

2.3 Modern Techniques: Deep Reinforcement
Learning for Job Scheduling

Reinforcement learning (RL) addresses the generalisation
limitation through trial-and-error policy optimisation. Unlike
supervised learning, which requires labelled optimal scheduling
decisions, RL learns from environmental feedback while
interacting with the cluster, avoiding the need for pre-labelled
training data unavailable in practice. DRL extends this to high-
dimensional state spaces (100+ job queues and heterogeneous
resources) through neural network function approximation.

The sequential decision-making in HPC scheduling is
naturally formalised as Markov Decision Processes (MDP) [8],
enabling end-to-end learning from cluster state observations to job
selection policies.

DRL has been widely explored for cloud and edge scheduling,
employing value-based methods (DQN variants), policy gradient
approaches (PPO, TRPO), and actor-critic techniques (A3C, A2C).
However, in recent works, there tends to be notable concentration
around specific algorithms.

PPO-based approaches appear in 46% of recent work (27 of
59 surveyed papers, 2024-2025). Schulman et al. [23] attribute
this popularity to superior stability and reliability. However,
there is a lack of systematic empirical validation of these
claims within the HPC job scheduling space. Understanding
comparative performance of these algorithms requires examining
their foundational principles.

2.3.1 Fundamentals of Deep Reinforcement Learning

Job scheduling is a fully observable environment and therefore
can be modelled as MDPs. MDPs are formally defined by a
tuple (8, A,T,R,v) [27]. S represents the state space, both the
current job queue and the cluster resource state. A denotes the
action space, job selection decisions. The transition function T :
8 x A x 8 —[0,1] defines the likelihood of transitioning from
one state to another, typically expressed as P(s,,; | s;,a,). The
reward function R : § x A — R assigns scalar feedback based on
scheduling outcomes. The discount function v € [0, 1], governs the
trade-off between immediate and future rewards, with + closer to
1 emphasising long-term gains and -y closer to 0 focusing on short-
term outcomes.

At each discrete time step ¢, the agent observes state s,,
selects action a, according to policy 7 : § — A, and receives a
reward 7, = R(s,, a,), then transitions to s, ; ~ P(-|s;, a,). The
goal is to identify an optimal policy 7* that maximises the expected

cumulative reward over time:
oo

Z v'ry

t=0
The three major DRL algorithm families use different approaches to
approximate 7*: value-based methods learn Q(s, a), policy-based
methods optimise 7 directly, and actor-critic methods combine
both strategies.

Value-based methods approximate the optimal action-value

function Q*(s, a) via the Bellman optimality equation [27]:
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Q*(S’ a) =E [R(s, a) + v Inaz}x Q*(S', a/)

Deep Q-Networks (DQN) use these principles with neural
networks to approximate (), utilising experience replay and target
networks for stable training [16]. MaskableDQN extends this by
excluding invalid actions from the max operation. This paper
focuses on masked variants, while recognising that additional
variants (Duelling DQN, Double DQN) address other challenges.

Policy-based methods optimise policy 7, directly via gradient
ascent on expected return over trajectories 7 sampled from 7, [27].
In practice, gradients are computed using advantage estimates:

VeJ (0) = Vylogmy(als)A(s,a)
Proximal Policy Optimisation (PPO) stabilises training through a
clipped surrogate objective that prevents destructively large policy
updates [23]. MaskablePPO applies action masking by zeroing
invalid action probabilities before sampling.

Actor-critic methods combine policy optimisation (actor) with
value estimation (critic), where the critic estimates either V(s)
or Q(s,a) to reduce variance in policy gradient updates [27].
Advantage Actor-Critic (A2C), the synchronous variant of A3C,
employs synchronous parallel actors for stable training [15].

Action masking simplifies the agent’s decision process by
excluding infeasible actions [26]. For value-based methods, invalid
actions are masked before argmax selection; for policy-based
methods, invalid probabilities are zeroed before normalisation.
In HPC scheduling, this prevents selecting jobs whose resource
demands exceed current capacity. This paper compares masked
variants (MaskableDQN, MaskablePPO, MaskableA2C) to their
unmasked variants to evaluate the inherent benefits of masking.

2.3.2 DRL Applications in Job Scheduling

DRL has been widely adopted for scheduling across cloud
computing [6, 13], edge systems [29], and HPC clusters.
Applications target a range of objectives including makespan,
resource utilisation, and fairness. These implementations primarily
employ value-based, policy-based, and actor-critic methods, each
with distinct reward formulations.

Value-based schedulers employ DQN and variants to learn
action-value functions over discrete job selection decisions.
Wu et al. [32] employed Double DQN (“IDDQN-II”) for dual-
objective optimisation, but only compared against three meta-
heuristics, omitting evaluation against other DRL approaches.
Wang et al. implemented a three-phase approach “DTPDQN”,
which used DQN-based algorithms. They achieved approximately
45.6%, 8.9%, and 19.9% improvement on tardiness, utilisation, and
makespan, respectively, compared to an unspecified “best current
algorithm” [29].

Policy gradient schedulers, particularly PPO, dominate recent
work (46% of surveyed papers). Gao et al. [6] applied Gated
GtrXL with PPO to address challenges posed by high-dimensional
decision spaces and complex temporal dependencies found in
heterogeneous workloads. Wang et al. employed hierarchical PPO
for two-level scheduling (job selection & node allocation) [31].
These works cite PPO’s stability and sample efficiency as primary
motivations, though few provide direct algorithmic comparisons.

Actor-critic methods, particularly A3C, appear in distributed
scheduling contexts. Mangalampalli et al. employed “MOPTSA3C”,
a multi-objective A3C-based
environment. They claimed that asynchronous parallel actors
across multiple cloud environments are able to outperform DQN,

scheduler within a cloud
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A2C, and MOABCQ in makespan, resource utilisation, resource
cost, and reliability [13].

Specialised techniques extend base algorithms to complex
scenarios. Multi-agent formulations model cooperative agents [14],
while transfer learning allows for accelerated adaptation under
hardware changes [30].

These studies demonstrate DRL’s potential for adaptive
scheduling, learning policies that balance objectives without
intervention. However, evaluation of algorithms in these studies
differ dramatically. Studies provide varying levels of statistical
information, employ different performance metrics, workload
characteristics, and use a variety of other algorithms as a baseline.
Systematic statistical comparison of DRL algorithm families under
controlled conditions remains to be extensively explored.

2.3.3 Challenges and Limitations of DRL in HPC Scheduling

DRL’s benefits in HPC Scheduling (self-learning and handling
of large state spaces) come with challenges and limitations
that can affect implementation of these algorithms within
production environments. The extensive training required to
create a production-grade DRL model requires large-scale datasets
and specialised hardware to produce complex states, which
results in high computational costs. As HPC workloads grow
in complexity, the state and action spaces that represent them
expand exponentially, which points to a key issue of scalability.
In long-running processes, sparse rewards become a limitation,
such as in cases of total makespan or system utilisation, where
the true outcome may only be seen after all jobs are complete.
The “black box” nature of deep reinforcement learning limits the
interpretability of the space, and in mission-critical environments,
the inability to understand why specific decisions are made can be
a factor that limits wider spread adoption.

3 RESEARCH FOCUS

Recent work rarely evaluates PPO, A2C, and DQN together (only
one paper found in all review recent literature), and comparisons
are more often outside HPC scheduling, based on synthetic
benchmarks, or lacking non-parametric, head-to-head analysis—
gaps that motivate the methodological choices that follow. This
paper aims to perform a comprehensive statistical comparison
to systematically determine the best DRL algorithm family for
HPC job scheduling. It investigates whether PPO’s dominance is
statistically justified, quantifies masking’s performance benefits,
and measures training costs for production deployment. The
primary focus is on the application of DRL algorithms on physical
HPC clusters over cloud-based systems. Existing algorithms from
the stable-baselines3 and sb3-contrib packages [20] will be used to
standardise implementation, and additional code will only be added
where applicable.

4 PROPOSED APPROACH

To achieve the research goals outlined in the research focus,
the HPCSim outlined in [31] will be used to train models and
provide a test environment for multiple objectives. This process
includes training the six algorithms on existing HPC hardware
and testing them within a simulated environment. CPU- and GPU-
bound Slurm traces of approximately 84k jobs will be used in
the testing. Once raw data has been collected, statistical testing
will be performed, namely, Shapiro-Wilk diagnostics, Wilcoxon
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signed-rank (pairwise), Friedman (omnibus), Kendall’s W effect
size, Nemenyi with CD plots, Page trend test, and Wilcoxon-based
non-parametric confidence analysis [1]. After testing is concluded,
the results will be used to determine Pareto optimality across
waiting time, turnaround time, slowdown, and resource utilisation.
To manage the time allocated to each task a Gantt Chart (seen in
Figure 2) was used.

Figure 2: Project Plan for Semester 1

5 METHODOLOGY

This chapter presents the workflow and statistics analysis for an
empirical comparative study of six DRL algorithms, and three
traditional algorithms across two Slurm workload traces. To ensure
rigorous comparison the allocator policy is fixed to “best_fit”. A set
of five seeds fix randomness at a point across each run ensuring
reproducibility. In total this provides an experimental scope of (9
algorithms x 5 seeds x 2 traces), with final assessment on the
best model using held-out splits from both the “physical_jobs” and
“deeplearn_jobs” traces.

5.1 HPCSim Environment Configuration

HPCSim [31] provides the Gymnasium-based HPC scheduling
environment where the observation space comprises the cluster
state and a job queue window, and the action space represents job
selection decisions. Table 1 summarises the various environment
parameters applied uniformly across all experiments.

The “best_fit” allocator is fixed as a controlled variable.
Though there are inherent benefits to a topology-aware allocator
it’s benefits are only found to be truly beneficial for the
deep learning workload. Fixing to “best_fit” provides consistent
allocation across both workload types, ensuring comparisons
reflect scheduling policy differences rather than allocation strategy
differences.

5.2 Dataset Preparation

The dataset is taken from Wang et al. [31], it is comprised of two
Slurm traces of real HPC workloads: a physical job trace (84k jobs)
and a deep learning job trace (68k jobs), these are summarised in
Table 2. Pandas was used to apply a 70/30 train-test split to both
traces, ordered by submission time. Ordering by time prevents data

Table 1: Environment Configuration

Parameter Value Justification

Allocator best_fit Fixed as controlled factor
Window Size 512 Observable queue depth
Tail Size 64 Queue tail buffer
Topology g::;li:i;t_ot};?;i};;izt Cluster layout

Node file nodes.csv Node resource definitions
Random jobs False Deterministic trace replay
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Table 2: Dataset Characteristics

Characteristic Physical Deeplearn

Trace physical_jobs.csv deeplearn_jobs.csv
Total Jobs 84,135 68,720

Train Jobs (70%) 58,895 48,104

Test Jobs (30%) 25,240 20,616

Temporal Range 37d 11h 42m 8s 382d 5h 21m 49s

leakage and reflects realistic scheduling conditions where future
arrivals are unknown. The test splits are not accessed throughout
the run, and are reserved for the final generalisation assessment.

5.3 Algorithms and Treatments

The statistical analysis covers six treatments: PPO, A2C, and
DOQON from stable-baselines3, MaskablePPO from sb3-contrib
[20], alongside custom maskable variants, MaskableA2C and
MaskableDQN. As defined in Table 3, each base algorithm appears
both with and without masking, allowing action masking to be
treated as a regularised experimental factor. Three traditional
algorithms from HPCSim [31] are included as a baseline.

5.4 Training and Evaluation

Table 4 shows the shared architecture that all agents are trained
with, hidden layers, activation function, discount factor, policy
being applied to all and replay buffer size being specific to the DQN
variants. Five static seeds are used to fix random, numpy, and torch
for reproducibility. For all five seeds each algorithm is run on a
single train split yielding 30 runs, with two splits, 60 total.

All 60 trained models are evaluated deterministically on their
respective dev splits, and using their respective seed. Collecting
the primary, secondary and operational metrics, used by [31] and
outlined in Table 5. All metric values are stored in a csv file titled
“run_log.csv” with a per-run json file that stores all necessary
metadata. To standardise the data, the aggregates of all metrics
across the five seeds per algorithm are again stored in a set of
corresponding csv and an accompanying json metadata file.

Table 3: Algorithm Treatments

Algorithm Family Masking Library
MaskablePPO Policy Gradient True sb3-contrib
MaskableDQN Value-Based True Custom
MaskableA2C Actor-Critic True Custom
PPO Policy Gradient False stable-baselines3
DON Value-Based False stable-baselines3
A2C Actor-Critic False stable-baselines3
SJF Traditional — HPCSim
LCFS Traditional - HPCSim
FCFS Traditional . HPCSim

Table 4: Hyperparameters
Hyperparameter Value Applies To
Hidden Layers (4096, 2048, 1024] All
Activation function tanh All
Discount factor (7y) 0.99 All
Policy MultilnputPolicy All
Replay Buffer Size 1,000,000 DON variants only
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Table 5: Performance Metrics
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Metric Definition Direction Role
avg_waiting Mean job wait time Lower Primary
avg_slowdown Mean bounded slowdown Lower Primary
max_waiting Maximum wait time Lower Secondary
max_slowdown Maximum bounded slowdown Lower Secondary
avg_turnaround Mean turnaround time Lower Secondary
cpu_utilization CPU usage ratio Higher Secondary
gpu_utilization GPU usage ratio Higher Secondary
episode_reward Cumulative reward Higher Operational
decision_latency_mean_ms Mean decision time (ms) Lower Operational
eval_wall_s Total evaluation wall time (s) Lower Operational
decision_count Scheduling decisions made — Operational

5.5 Statistical Framework

Adapting a framework from Carrasco et al. [1], a non-parametric
repeated-measures framework is used. Seeds serve as blocks and
treatments as algorithm conditions. Given n=5 seeds, normality
cannot be assumed therefore rank-based methods are most
appropriate.

Shapiro-Wilk diagnostics are run per treatment to determine
whether the normality of the distribution can be rejected. The
Friedman test is used to detect differences in treatments across
multiple related groups, and remains the standard omnibus test in
[1]; aligned-ranks is noted as a higher-power alternative for low-k
settings. Friedman serves as the omnibus test per metric per trace
(ov = 0.05). Kendall’s W is computed as the effect size for every
Friedman result (W = ﬁ%l)); interpreted as slight agreement
(20.0), fair (=0.2), moderate (=0.4), substantial (=0.6), and almost
perfect agreement (=0.8) following [11]. Effect size is reported
alongside p-values to avoid sample-size-driven conclusions.

Where Friedman is significant, Nemenyi post-hoc pairwise
comparisons are performed, with Critical Difference (CD) plots
used to visualise non-significant rank groupings [2].

Wilcoxon-based non-parametric confidence intervals (CI)
are reported alongside confidence curves, providing Uncertainty
and effect-size context for pairwise differences [1]. Convergence
comparisons use the Page trend test for paired algorithms [3].

A single best algorithm is Pareto-selected (primary
& secondary), ties by avg_waiting — avg_slowdown —
cpu_utilization, then evaluated on holdout/test splits across the
same seeds; results are descriptive only.

Table 6: Statistical Analysis Summary

Stage Method Condition  Purpose
Normality ~ Shapiro-Wilk Always Diagnostics only
Wil igned- T
Pairwise teoxon - signe o . Median difference
rank algorithms
Omnibus Friedman Always Group differences
Effect Size ~ Kendall’s W Always Magnitude
Fried: Pairwi
Post-hoc Nemenyi r e . man a1rw1s‘e
significant ~ comparison
Wil CI
Uncertainty reoxon - Always Median intervals
confidence curves
Paired
Convergence Page trend test alre' Trend comparison
algorithms
. L . Friedman .
Visualisation CD Diagram y Rank comparison
significant

5.6 Reproducibility and Workflow

To ensure a reproducible environment and workflow, a triple-
layer stack is employed. Git tracks source history with commit
hashes and manifest sha256 fingerprints in all output metadata.
Nix flake with a nixos-25.05 channel pin [4] creates a fully
declarative environment where every dependency, including the
Python interpreter, is content-addressed (not simply version-
pinned). Apptainer containerises the environment for cluster
execution. The end-to-end pipeline, seen in Figure 3, is orchestrated
by Snakemake 9.4.3 [19], with config-driven separation of smoke
test and production runs, interacting with Slurm and Apptainer
containers.

Data

|

Split Data

!

Train Split

5 Training Jobs (1 per seed)

Test Split
Train 6 Models | Evaluate Models

!

Aggregate Results

!

Statistical Tests

!

Output/Results

!

Test Best Model

Figure 3: Snakemake Workflow

6 CONCLUSION

This paper addresses the lack of systematic validation in DRL-
based HPC job scheduling research. Through rigorous statistical
comparison across DRL algorithm families on real heterogeneous
workloads, this research aims to determine whether PPO’s
dominance reflects genuine performance or publication bias. The
findings will guide future practitioners in algorithm selection and
inform future research directions in resource-constrained DRL
scheduler deployment.

Using HPCSim with a reproducible and scalable Snakemake
and Nix pipeline, enables systematic comparison of DRL algorithm
families for HPC job selection. A smoke-test confirms a functioning
pipeline, full cluster evaluation will provide definitive results.
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