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Abstract

Title: Cloud GPU Rendering Scheduling Problem (CGRSP): A Mathematical Formula-
tion and Empirical Evaluation on Heterogeneous GPU Fleets

Department: Department of Computer Science and Information Engineering, NTUST
Student: Michael Liem (#RZE £f)
Adyvisor: Prof. Yuan-Shin Hwang
Co-Adyvisor: Prof. Vincent F. Yu

This thesis formalises the Cloud GPU Rendering Scheduling Problem (CGRSP), the
challenge of scheduling batch 3D rendering workloads on heterogeneous on-demand GPU
fleets under stochastic node availability and mixed deadline constraints. Three elements
distinguish CGRSP from prior GPU scheduling work: empirically calibrated GPU het-
erogeneity (RTX 3090, A5000, A4000, A4500 on RunPod Secure Cloud), a stochastic,
stock-status-driven model of qualitative node availability, and a bi-objective function that
treats quality of service (waiting time and soft-deadline misses) as the primary criterion
and rental cost as a secondary, tiebreaking criterion.

A Python discrete-event simulator calibrated against 6,627 real rendering jobs evalu-
ates ten scheduling policies (eight benchmarks, including an adaptive EDF-SPT hybrid,
plus the novel anticipative Rolling-Horizon (RH) scheduler and the Cost-Aware Deadline-
Risk (CADR) scheduler) across four experimental phases using a heterogeneous deadline
distribution (20% tight 1-hour, 80% loose 8-hour). Under hectic capacity saturation (~950
jobs/day, Cax = 5, p > 1), RH achieves the lowest deadline miss rate (7.54%) and best-
in-class wait (128.83 min), Pareto-dominating SPT+Rescue on both QoS metrics (miss
d = —1.231, p < 0.001; wait d = —0.578, p = 0.003). RH’s anticipation is load-gated:
below saturation it reserves idle capacity for imminent tight (rush-order) arrivals, cutting
surge-day miss from 6.00% to 1.37%, while the offered-load gate disables reservation
under saturation so the saturated-load results are unchanged. CADR achieves near-RH
miss (7.88%) while cutting RH’s mean tardiness substantially (6.08 min vs 20.30 min),
Pareto-dominating SPT+Rescue on both miss and wait at hectic saturation. SPT achieves
the lowest wait (129.41 min, tied with RH) and is statistically tied with EDF on miss rate
(13.85% vs. 11.82%, p = 0.075 n.s.), and SPT+Rescue achieves similar miss (12.40%)
with conservative deadline protection. FIFO, LCF, and Balanced incur ~22% miss from
deadline ignorance. At surge-day load, EDF achieves the lowest miss when tight-deadline
fraction is <30%; SPT achieves the lowest when >50%.

These findings yield deployment rules for cloud rendering operators: deploy RH when
minimising the count of missed deadlines is the sole priority (lowest miss, best-in-class

wait); deploy CADR when the severity (lateness) of misses also matters (near-RH miss



with substantially lower tardiness); SPT remains a strong low-wait baseline; increase Cyax

beyond the RunPod default of 5 to reduce residual miss at saturation.

Keywords: Cloud GPU scheduling, heterogeneous GPU fleet, discrete-event simulation,

deadline-aware scheduling, RunPod Secure Cloud, 3D rendering workloads
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CHAPTER 1

INTRODUCTION

1.1 Research Background

Three-dimensional (3D) rendering is the computationally intensive process of generating
photorealistic images from geometric scene descriptions, a cornerstone technology in film
production, video game development, architecture visualisation, and interactive media. A
single high-fidelity frame may require hours of computation on a dedicated workstation;
rendering a full animation sequence at production quality demands thousands of such
frames. The consequent demand for computational power has driven the 3D rendering
industry toward cloud GPU platforms, where rendering studios rent time on GPU nodes
rather than maintaining on-premise hardware infrastructure.

Cloud GPU markets have matured rapidly. Platforms such as RunPod, Lambda Labs,
and CoreWeave now offer heterogeneous GPU fleets (comprising nodes with different
architectures, memory capacities, and performance profiles) at a range of price points,
billed by the second. A rendering studio submitting jobs to such a platform faces a multi-
dimensional optimisation challenge: jobs arrive stochastically, GPU node availability fluc-
tuates due to competing customers, maintenance windows, and hardware failures, and jobs
carry soft or hard deadlines tied to production schedules. Selecting the wrong GPU for
a job, or failing to schedule deadline-critical frames promptly, can cascade into missed
delivery milestones and financial penalties.

Scheduling in heterogeneous cloud computing environments has been an active re-
search area since the early 2000s [2, 3]. However, the specific combination of features
present in cloud GPU rendering, per-second billing, qualitative (rather than exact) node
availability information, stochastic provisioning delays driven by competing customer de-
mand, and real-world GPU performance heterogeneity at the rendering-task level, has not
been studied as a unified problem. Existing surveys on GPU scheduling in data centres [4]
focus primarily on deep learning training workloads, where the access model (reserved
clusters or dedicated hardware) differs fundamentally from the spot-market rental model
used in cloud rendering.

This study addresses this gap by formulating the Cloud GPU Rendering Schedul-
ing Problem (CGRSP): a mathematical model and empirical evaluation framework for

scheduling 3D rendering workloads on heterogeneous, stochastically available GPU fleets.
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At its core, CGRSP asks: given a stream of rendering jobs arriving over time, each with

a deadline, a complexity level, and an estimated execution duration, and given a hetero-
geneous fleet of GPU nodes with stochastic availability, which GPU should each job be

assigned to and in what order should they be processed to jointly minimise waiting time,

deadline miss rate, and operational cost?

Three challenges make CGRSP hard in practice:

1. GPU Heterogeneity. The fleet in this study consists of four GPU types (RTX 3090,
RTX A5000, RTX A4000, and RTX A4500) with differing CUDA core counts,
VRAM capacities, per-hour rental prices, and empirical rendering speeds. A sim-
ple rule such as “assign the fastest GPU” maximises throughput but ignores cost;
“assign the cheapest GPU” minimises cost but may increase waiting time and dead-
line violations. The optimal assignment depends on the job’s complexity, deadline
urgency, and the current fleet state.

. Stochastic Node Availability. In a public cloud GPU market, a studio cannot guar-
antee that any specific node will remain available for the duration of a job. Customer
demand fluctuates diurnally, maintenance windows are scheduled by the platform,
and hardware failures occur with non-zero probability. The simulator models this
through a stochastic, stock-status-driven availability model, and the scheduler ob-
serves only a coarsened state abstraction (idle / running, plus per-type stock status),
reflecting what is actually visible to a cloud consumer through a platform API.

. Bi-Objective Optimisation. Rendering studios care about both turnaround time
(minimising the time a job waits before execution begins) and cost (minimising the
total GPU rental fees). These objectives are in partial tension: the fastest GPU
(RTX 3090 at $0.46/hr) delivers the best turnaround but at the highest per-hour cost,
whereas the cheapest GPU types (RTX A4000 and RTX A4500, both at $0.25/hr) re-
duce cost while increasing execution time. A scheduler must navigate this trade-off
explicitly.

The formulation is grounded in 6,627 real rendering jobs collected from RunPod Se-

cure Cloud and is evaluated through a discrete-event simulator calibrated to March 2026

RunPod pricing.

1.2 Research Objective

This study pursues four research objectives:

1. Formal Problem Formulation. Define CGRSP as a rigorous mathematical opti-
misation problem with explicit notation, decision variables, constraints, and a bi-

objective function, enabling reproducible comparison with future work.

2. Simulator Construction and Calibration. Build a discrete-event simulator that

faithfully reproduces the RunPod Secure Cloud environment, including empirically
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measured GPU execution times, a stochastic availability model, Poisson job arrivals,
and per-second cost tracking, then validate it against 6,627 real rendering jobs.

3. Comparative Evaluation of Scheduling Heuristics. Implement and statistically
compare ten scheduling algorithms: FIFO (baseline), Shortest Processing Time
(SPT), Earliest Deadline First (EDF), Lowest Cost First (LCF), Balanced (weighted
speed-cost composite), Random, SPT+Rescue (SPT with laxity-based deadline res-
cue), an adaptive queue-pressure EDF-SPT hybrid, the novel anticipative Rolling-
Horizon (RH) scheduler, and the Cost-Aware Deadline-Risk (CADR) scheduler. As-
sess them across a four-phase evaluation programme: single-seed benchmark, 30-
seed statistical validation, day-type and deadline-tightness sensitivity, and a 30-day
monthly simulation calibrated to real RunPod billing data.

4. Deployment Guidance. Translate experimental findings into actionable, statistically
validated recommendations for cloud rendering operators: quantify when SPT’s wait-
time advantage outweighs its deadline risk, identify the tight-deadline fraction thresh-
old at which EDF becomes preferable, and characterise the role of the concurrency

limit C\,ax as the primary performance lever.

1.3 Research Contribution

The primary contributions of this study are:

* A complete mathematical formulation of CGRSP, including a three-state availability
model, a bi-objective QoS-cost function, and all assignment and temporal constraints
(Chapter 3).

* A validated discrete-event simulator implemented in Python, calibrated against 6,627
real RunPod Secure Cloud rendering jobs (Chapter 4).

* A statistically rigorous comparison of ten scheduling algorithms (eight benchmarks,
including an adaptive EDF-SPT hybrid, plus the novel anticipative Rolling-Horizon
(RH) scheduler and the Cost-Aware Deadline-Risk (CADR) scheduler) on hectic-
day workload (~950 jobs/day, Ciax = 5, n = 30 seeds, 20% tight 1h / 80% loose
8h deadlines; capacity saturation p > 1), with paired ¢-tests confirming SPT as the
lowest-wait scheduler: 129.41 min wait (d = —2.882 vs FIFO, p < 0.001) and
13.85% miss (d = —2.197 vs FIFO, p < 0.001), statistically tied with EDF on miss
(11.82%, p = 0.075 n.s. vs. SPT); SPT+Rescue achieves similar miss (12.40%, d =
—2.899 vs FIFO, p < 0.001) with higher wait (135.21 min, d = —2.406, p < 0.001),
the conservative fallback for tight-deadline compliance; EDF achieves near-SPT miss
(11.82%, d = —3.138, p < 0.001) but no wait improvement over FIFO (d = —0.062,
n.s.); FIFO/LCF/Balanced incur /~22% miss (Chapter 5).

* A day-type sensitivity study (quiet/normal/hectic/surge, 30 seeds each) showing that
on hectic days (~950 jobs/day, p > 1) RH achieves the lowest miss (7.5%, 128.8 min
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wait, essentially tied with SPT for lowest wait); SPT achieves the lowest wait
(129.4 min, 13.8% miss); SPT+Rescue (135.2 min, 12.4%); FIFO/LCF/Balanced
incur ~=23% miss. On surge days (730 jobs/day), the Adaptive hybrid, EDF, and RH
are tied for the lowest miss (1.3% / 1.7% / 1.4%), with SPT+Rescue (3.1%) close
behind (Chapter 5).

* A deadline-tightness sensitivity study under surge-day conditions (Cax = 5, A =
0.020 j/s, 730 jobs/day, 30 seeds each) showing EDF achieves the lowest miss rate
when tight fraction < 30% (0.57% to 4.14%) and SPT achieves the lowest when
> 50% (17.36% to 35.46%); no scheduler achieves 0% misses across all fractions at
surge-day load (Chapter 5).

* A 30-day monthly operational simulation (Phase 4, 10 replications) calibrated from
RunPod billing data (March 2026): RH and CADR are essentially tied for the low-
est monthly miss (RH 5.14%, CADR 5.03%), with RH’s wait (95.22 min) tied with
SPT for best-in-class and CADR achieving substantially lower tardiness (4.43 min
vs 12.47 min); SPT and SPT+Rescue are virtually tied with each other on miss (SPT
8.97%, SPT+Rescue 6.99%) at 93.94 min and 95.51 min wait respectively; EDF
achieves 6.32% miss at 107.56 min wait; FIFO/LCF/Balanced cluster at ~14.91 to
15.01% miss. The Cy,.x = 5 RunPod serverless limit is the binding throughput con-
straint (Chapter 5).

* Two complementary deadline-aware schedulers: (i) the Rolling-Horizon (RH)
scheduler that, at each event, plans over the slot-availability timeline and anticipated
arrivals, keeping shortest-processing-time ordering for jobs with slack, promoting
only jobs the timeline shows would otherwise miss, and demoting already-doomed
jobs so they do not displace savable ones; RH achieves the lowest deadline miss rate
(7.54%) with best-in-class wait, Pareto-dominating SPT+Rescue; and (ii) the Cost-
Aware Deadline-Risk (CADR) scheduler that classifies jobs by a scale-free critical ra-
tio and selects the cheapest deadline-feasible node, achieving near-RH miss (7.88%)
while cutting RH’s mean tardiness substantially (6.08 min vs 20.30 min) and Pareto-
dominating SPT+Rescue on both miss and wait at hectic saturation. Operators choose
RH when only the count of missed deadlines matters, and CADR when the severity

(lateness) of misses also matters (Chapter 5).

1.4 Scope and Limitations

This study focuses on the problem of scheduling 3D rendering workloads on cloud GPU
platforms, specifically evaluated on the RunPod Secure Cloud platform using pricing data
from March 2026. The evaluation is based on 6,627 real rendering jobs collected between
July 2025 and June 2026, spanning four GPU types (RTX 3090, RTX A5000, RTX A4000,
RTX A4500) and three scene complexity levels.
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Several limitations bound the scope of this work. The concurrency limit is fixed at
Cmax = D, the default RunPod serverless account limit, which serves as the primary
throughput constraint throughout all experiments. The availability model is calibrated
to qualitative empirical patterns rather than exact platform measurements, which are not
publicly available. The study also assumes non-preemptive scheduling, as CGRSP mod-
els each rendering frame as a single indivisible job; tile-based rendering across multiple
GPUs per frame is not considered. These limitations are discussed in detail, together with

directions for future research, in Chapter 6.

1.5 Organisation of Thesis

The remainder of this thesis is organised as follows:

Chapter 2 reviews related work on cloud GPU scheduling, classical scheduling heuris-
tics, and discrete-event simulation methodology, motivating the design choices made in
this study.

Chapter 3 presents the formal mathematical formulation of CGRSP: notation tables,
the stochastic availability model, assignment constraints, temporal constraints, the bi-
objective optimisation objective, and an illustrative numerical example.

Chapter 4 describes the system architecture: the discrete-event simulator core, the
RunPod fleet model, the job generator, and the implementations of all ten scheduling al-
gorithms.

Chapter 5 presents the full experimental evaluation: the seven-scheduler Phase 2
hectic-day benchmark (the seven baseline policies; RH and CADR are evaluated from
Phase 3 onward), Phase 3 statistical analysis over 30 seeds with ablation tracing the design
chain (FIFO — SPT — SPT+Rescue — RH, plus CADR and the CADR-order-only abla-
tion), a critical-ratio threshold sensitivity analysis for CADR, an anticipation reservation
sensitivity analysis, a concurrency limit sensitivity analysis (Crax € {3,5,7,10}), a res-
cue threshold sensitivity analysis, day-type and deadline-tightness sensitivity, a tardiness-
objective robustness study, and Phase 4 monthly operational simulation.

Chapter 6 concludes the study with a discussion of theoretical implications, practical

deployment guidance, limitations, and directions for future research.



CHAPTER 2

BACKGROUND AND RELATED WORK

2.1 Cloud GPU Computing

The commercialisation of GPU computing as a cloud service began with NVIDIA’s CUDA
platform [5] enabling general-purpose parallel computation on graphics hardware. Early
cloud providers (AWS, Azure, GCP) offered GPU instances as part of virtual machine
(VM) rental services, billed by the hour with a minimum of one hour per session. The
rise of deep learning as a primary GPU workload in the 2010s drove rapid expansion of
GPU instance types and the emergence of spot-pricing markets where unused capacity is
offered at discounted rates with potential preemption.

By the early 2020s, a second tier of GPU rental markets, GPU cloud providers such
as RunPod, Lambda Labs, CoreWeave, and Vast.ai, emerged with billing granularity as
fine as one second, without minimum session lengths. These platforms aggregate GPU
hardware from multiple data-centre operators and offer a heterogeneous catalogue of GPU
types (consumer-grade RTX series, workstation-grade A-series, data-centre A100/H100)
at widely varying price points. For rendering workloads, which tend to be short (tens of
seconds to a few minutes per frame) and embarrassingly parallel at the frame level, per-
second billing and the ability to spin up many low-cost nodes simultaneously makes these
platforms attractive alternatives to dedicated render farms.

The key distinguishing feature of on-demand cloud GPU rental relevant to this thesis
is qualitative availability. Unlike reserved VM instances with guaranteed exclusive ac-
cess and pre-provisioned capacity, an on-demand instance must be acquired afresh from a
pool whose stock fluctuates with competing demand: when stock is scarce, acquiring an
instance of a given type incurs a provisioning delay. From the perspective of the schedul-
ing algorithm, this manifests as a coarsened observable state: the platform API exposes a
qualitative per-type stock status, but not the underlying cause (customer demand, mainte-
nance, hardware fault). This is the abstraction encoded in the CGRSP stochastic availabil-
ity model, which targets the RunPod Secure Cloud on-demand model (where a running
instance is not reclaimed) rather than spot preemption.

A critical distinction separating spot-market GPU rental from the managed-cluster con-
text of most scheduling literature is rarely made explicit. Reserved-cluster schedulers,

including HEFT [3], Gavel [6], and Optimus [7], operate on GPU pools under the opera-
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tors exclusive control; node availability is guaranteed and the scheduling problem reduces
to job-to-node assignment. Spot-market scheduling, by contrast, must treat GPU avail-
ability as externally determined: competing customer demand, platform maintenance win-
dows, and hardware failures collectively determine which GPU types can be provisioned
at any given moment, outside the operator’s control. This distinction is structural, not in-
cidental: the scheduler must treat availability as a stochastic first-class input rather than a

deterministic constraint. This is precisely the gap the CGRSP formulation closes.

2.2 Classical Job Scheduling

Job scheduling on a set of machines to minimise one or more performance criteria is one
of the most well-studied topics in operations research and computer science. Graham et
al. [8] established the three-field notation «| 3| for scheduling problems. For CGRSP, the
problem is closest to P, |online, 7}, d;| > w;C; (parallel identical machines with online
arrivals, release times, deadlines, and weighted completion time), except that the machines
in CGRSP are not identical, they differ in speed and cost, making it a generalisation to

heterogeneous parallel machines ((),,,).

2.2.1 Shortest Processing Time (SPT)

The Shortest Processing Time rule assigns the available processor to the ready job with
the smallest processing time. Smith [9] proved that SPT minimises average weighted
completion time on a single machine. On parallel machines, SPT applied independently
on each machine remains optimal for minimising average flow time in offline settings. In
online settings with Poisson arrivals, SPT minimises mean response time (a classical result
from M/G/1 queueing theory [10]). SPT’s weakness in deadline-constrained settings is its
tendency to starve large, long-running jobs: a steady stream of short jobs keeps a machine

busy and can delay deadline-critical long jobs past their deadlines.

2.2.2 Earliest Deadline First (EDF)

Earliest Deadline First, attributed to Jackson [11] and later formalised by Lawler and
Moore [12], prioritises the ready job with the nearest deadline. EDF is optimal for min-
imising the number of deadline violations on a single preemptive machine (Liu and Lay-
land, 1973 [13]). On non-preemptive parallel machines, the setting of CGRSP, EDF does
not provide a worst-case guarantee for deadline violation minimisation, but empirically
it achieves lower miss than shortest-job-first policies (SPT) when the tight-deadline frac-
tion is low (< 30%); the advantage reverses at moderate-to-high tight fractions (> 50%),
where SPT outperforms EDF, as quantified by the Phase 3 deadline sensitivity experiments

in Chapter 5.
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2.2.3 First-Come-First-Served (FIFO)

FIFO processes jobs in the order they arrive. It provides fairness guarantees (no starvation),
requires no knowledge of processing time or deadline, and has been the default scheduling
policy in many computing systems since the earliest batch processing mainframes. FIFO
is used as the primary baseline in this study because it represents the “do nothing special”
approach. In the M/M/c queueing model, FIFO achieves the same throughput as any work-
conserving policy (by work-conservation arguments [10]), but it does not minimise mean

response time or deadline adherence.

2.2.4 Other Heuristics

Lowest Cost First (LCF) prioritises the GPU type with the lowest effective rental
cost per job, defined as the product of the rental rate and the expected execution time:
costess(7, M) = Pg(m)-E[W (k;, g(m))]. LCF is motivated by cost-minimisation objectives,
relevant for rendering studios operating under tight production budgets where deadline
pressure is low. A complicating factor is GPU availability reliability: a “cheap” GPU with
consistently low stock (high preemption probability) may actually increase cost through
wasted partial executions. This is addressed in the CGRSP implementation through a pro-
portional stock penalty added to the effective cost.

Balanced scheduling combines processing speed (SPT-like) and cost (LCF-like) crite-
ria through a weighted composite score. A weight « € [0, 1] controls the trade-off: v — 1
approaches SPT behaviour (speed priority), « — 0 approaches LCF (cost priority). In the
CGRSP implementation, o = 0.8 (speed-biased) is used, with global-max normalisation
to prevent one criterion from dominating due to differing numerical scales. Unlike EDF
and SPT, Balanced does not reorder jobs, it sorts only on node selection, maintaining FIFO
job ordering. This design choice ensures that Balanced is statistically distinguishable from
both EDF (which reorders by deadline) and SPT (which reorders by processing time) in

the comparative evaluation.

2.3 Heterogeneous Machine Scheduling

When machines have different speeds, the scheduling problem becomes significantly
harder. Braun et al. [2] provide the first systematic comparison of scheduling heuristics on
heterogeneous machines, evaluating 11 algorithms including min-min, max-min, genetic
algorithms, and simulated annealing in terms of makespan. Their study on synthetic work-
loads found that min-min (which assigns each task to the machine that finishes it the ear-
liest) outperforms more complex methods for moderate-heterogeneity settings. CGRSP’s

SPT policy is analogous to min-min when execution times are known.
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The Heterogeneous Earliest Finish Time (HEFT) algorithm of Topcuoglu et al. [3] is
the most widely cited heuristic for scheduling task-dependency DAGs on heterogeneous
parallel machines. HEFT ranks tasks by upward rank (estimated time to completion in-
cluding successors) and assigns each task to the machine that minimises its finish time.
For CGRSP, jobs are independent (no DAG dependencies), so HEFT reduces to SPT-like
behaviour with heterogeneous execution time estimation, making it conceptually close to
the SPT implementation described in Chapter 4.

More recent work addresses GPU heterogeneity specifically. Zhao et al. [4] survey
deep learning workload scheduling in GPU data centres, cataloguing approaches rang-
ing from static profiling-based assignment to online reinforcement learning-based poli-
cies. Peng et al. [7] propose Optimus, a performance model-driven scheduler for deep
learning jobs that reduces training time by dynamically adjusting resource allocation.
These approaches differ from CGRSP in that they focus on fraining jobs (which can be
checkpointed and migrated) rather than batch rendering jobs (which are typically non-
preemptive and short).

Narayanan et al. [6] propose Gavel, a heterogeneity-aware cluster scheduler for deep
learning workloads that formulates GPU-type assignment as a multi-objective optimisa-
tion over time-sharing policies (round-robin, fairness, and priority scheduling). Gavel ex-
plicitly models the performance differential across heterogeneous GPU types and demon-
strates that heterogeneity-aware scheduling substantially reduces average job completion
time compared to homogeneous-assumption baselines, a result conceptually aligned with
CGRSP’s finding that SPT’s wait-time advantage depends on exploiting per-complexity
GPU performance differences. Gavel, however, targets reserved GPU clusters with
guaranteed node availability, is evaluated on long-running training jobs (hours, check-
pointable), and does not enforce per-job deadlines. CGRSP differs on all three dimen-
sions: stochastic on-demand availability with provisioning delay, short non-preemptive

rendering frames, and mixed tight/loose deadline constraints.

2.4 Reinforcement Learning for Resource Management

The application of reinforcement learning (RL) to scheduling and resource management
has received substantial attention since the seminal work of Mao et al. [14], who trained a
neural network policy using REINFORCE to schedule jobs on parallel machines, achiev-
ing lower average completion time than heuristic baselines in the regime where job sizes
are unknown at arrival. Their formulation, discrete action space (one action per job in
the queue), state derived from job size histogram and resource occupancy, is conceptually
related to meta-scheduler approaches for cloud GPU scheduling.

Subsequent work applied deep Q-networks (DQN) [15] to various scheduling domains.
Li and Xiao [16] specifically apply DQN to GPU job scheduling, training a policy to
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select job-GPU pairings based on job type, GPU utilisation, and historical completion time.
Their results show DQN outperforming FIFO and SPT in average job completion time,
but require tens of thousands of training episodes on simulated workloads, a substantially
larger training budget than the heuristic-only approach pursued in this thesis.

Zhang et al. [17] survey deep RL methods for cloud resource scheduling, identifying
three main challenges: (1) large state-action spaces requiring function approximation, (2)
sparse and delayed rewards, and (3) non-stationarity from competing workloads. These
challenges motivate the heuristic-based approach in CGRSP, where domain knowledge is

encoded directly into the scheduling rules rather than learned from scratch.

2.5 Discrete-Event Simulation

Discrete-event simulation (DES) models the evolution of a system through a chronolog-
ically ordered sequence of events, each of which can modify system state and schedule
future events [18]. DES is the standard methodology for evaluating scheduling algorithms
when analytical queueing models are intractable, as is the case for heterogeneous machines
with general service time distributions.

Law and Kelton [19] establish the validation and verification (V&V) framework for
simulation models that this thesis follows: (1) conceptual model validity (does the model
represent the real system?), (2) operational validity (do simulation outputs match real sys-
tem outputs?), and (3) data validity (are model inputs accurate?). The CGRSP simulator
is validated against the 6,627-job empirical dataset at the operational validity level, with
log-normal service times whose per-stratum means and log-space dispersions are fitted to
the measured execution times.

Sargent [20] identifies statistical output analysis, including confidence intervals, vari-
ance reduction techniques, and sensitivity analysis, as essential for credible simulation
results. This thesis follows these recommendations: all reported metrics are averages
over multiple independent replications (seeds), and 95% confidence intervals are reported

for Phase 3 statistical results.

2.6 3D Rendering Workloads

3D rendering is the process of computing the colour of each pixel in an image from a geo-
metric scene description, camera model, and light sources. Path tracing [21], the algorithm
used by most modern renderers (Cycles in Blender, V-Ray, Arnold), is embarrassingly
parallel at the pixel level: each pixel’s colour is estimated independently by tracing thou-
sands of random light paths. This means that rendering a scene is naturally decomposed
into per-frame jobs, and each frame can be rendered on a single GPU without inter-node

communication.

10
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Rendering job duration depends primarily on scene complexity (polygon count, light
count, material complexity), image resolution, and the number of samples per pixel. In this
thesis, job complexity is abstracted to three levels (v € {1,2,3}), with per-stratum log-
normal execution times whose means are derived from the 6,627-job dataset. The dataset
spans a wide range of complexities: low-complexity jobs average 60 to 62 seconds across
GPU types, while high-complexity jobs average 89 to 101 seconds. This heterogeneity in
job duration is precisely what makes SPT effective: by front-loading short jobs, it reduces
the average number of jobs waiting in the queue.

The specific GPU types included in this study (RTX 3090, A5000, A4000, A4500) are
representative of the consumer and prosumer GPU tiers available on spot-market platforms
as of early 2026. They cover a factor-of-~1.8 in rental price ($0.25 to $0.46/hr) and
a factor of ~1.3 in average rendering speed (74.0 to 97.9 seconds averaged across all
complexity levels, see Table 4.1), providing meaningful heterogeneity for the scheduling

decision.

2.7 Summary

Table 2.1 summarises the positioning of CGRSP relative to closely related work. CGRSP
is unique in combining all four distinguishing features: (1) real-world calibrated GPU
heterogeneity, (2) stochastic qualitative availability (spot-market model), (3) per-second
billing with deadline constraints, and (4) rigorous statistical evaluation across multiple

seeds and fleet sizes.

Table 2.1: Positioning of CGRSP against related scheduling studies

Work GPU Hetero. Stoch. Avail. Deadlines Stat. Valid.
Braun et al. [2] Synthetic X X X
HEFT [3] Yes X x X
Mao et al. [14] X X X v

Li & Xiao [16] Yes X X Limited
Zhao et al. [4] Yes (survey) x Partial X
Narayanan et al. [6] (Gavel) Yes X X v
CGRSP (this thesis) v v v v

Beyond the four dimensions in Table 2.1, CGRSP is the first scheduling study ap-
plied specifically to batch 3D rendering workloads. Compared to deep learning training,
the dominant focus of GPU scheduling literature [6, 14, 16], rendering frames have three
properties that shape the scheduling design: (1) short and non-preemptive execution: in-
dividual frames complete in tens of seconds to a few minutes, making checkpoint-and-
resume impractical and favouring simple online dispatch policies over the long-horizon
optimisation that DL training schedulers can exploit; (2) complexity observable at sub-

mission: scene complexity level (k) is known when a job enters the queue, providing

11
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the execution-time estimate that SPT and SPT+Rescue rely on; and (3) non-monotone
GPU performance across complexity levels: for high-complexity frames (v = 3), the
RTX A4000 (6,144 CUDA cores, 98.2 s) renders faster than the RTX 3090 (10,496 cores,
100.9 s; see Table 4.1), a reversal that requires per-complexity node selection rather than a
fixed GPU speed ranking. These three rendering properties shape the CGRSP formulation
and calibration methodology.

12
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PROBLEM FORMULATION AND MATHEMATICAL
MODEL

This chapter presents the mathematical formulation of the Cloud GPU Rendering Schedul-
ing Problem (CGRSP). The problem models an on-demand GPU cloud where rendering
jobs arrive continuously and must be scheduled to balance quality of service (QoS) and
per-second operational costs. The formulation addresses three key challenges: (1) hetero-
geneous GPU types with varying performance and per-second rental rates, (2) stochastic
provisioning delays driven by fluctuating market scarcity for each GPU type, and (3) tem-
poral deadline constraints ensuring timely job completion.

The system operates as an on-demand GPU pool with N nodes across |G| resource
types, serving a stream of rendering jobs with heterogeneous complexity levels. Each job
is assigned to at most one node; a GPU instance of the nodes type is provisioned for the
duration of the job and billed per second of execution. The scheduler’s objective is bi-
objective: minimise QoS penalties (waiting time and deadline violations) as the primary
criterion and per-second operational cost as a secondary, tiebreaking criterion, subject to
node availability and assignment constraints.

Figure 3.1 illustrates the decision structure at a single scheduling event: the scheduler
observes the current job queue (each job carrying a complexity level and deadline class)
and the fleet state (each slot’s GPU type, stock status, and occupancy), then assigns jobs
to idle slots under the lexicographic objective. This snapshot is the atomic unit repeated

throughout the discrete-event simulation.

3.1 Mathematical Notation

Tables 3.1, 3.2 and 3.3 define all symbols (sets and indices, system parameters, and deci-

sion and state variables, respectively) used throughout the formulation.

3.2 System Model and State Representation

The system operates as a discrete-event simulator with continuous time representation.

At each scheduling event, the scheduler observes the current state and makes assignment

13
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CGRSP Scheduling Decision (single event at time t)
Job Queue RIXA5000  GPU Fleet |(Crox slots)
IDLE High stock
$0.27/hr
r N
RTX 3090
Arrival stream A (Poisson) IDLE Med stock
$0.46/hr
r N\
RTX A4000
IDLE High stock
$\25/hr
X >

\
RTX A}{
BUST
Scheduler (policy m) \

RTX A4500

Observe: (Ji, N, Sgt))
BUSY

Decide: x" € {0,1} = lex-min (Cqos, Ccost)

l

Outcomes measured: w; (wait) - 6; (deadline met) - Ccos: (rental)

Figure 3.1: CGRSP scheduling decision at a single event. The scheduler observes the job queue
(jobs j1—j3 with complexity x and deadline class) and the GPU fleet (Cax slots with type, stock
status, and occupancy). It assigns jobs to idle slots under the lexicographic objective: QoS first
(minimise wait and deadline misses), then cost as a tiebreaker. Here j; carries a tight deadline and
is routed to the fastest available GPU; j, and j3 have ample slack, so cost decides and both go
to the cheapest idle slot. Busy slots (greyed) are unavailable. The outcomes recorded per job are
waiting time w;, deadline adherence 0, and rental cost.

Table 3.1: Sets and Indices

Symbeol Description

J Set of all rendering jobs

N Set of nodes

g Set of resource types

K Set of discrete complexity levels

j€J  Jobindex

m € N Node index

g€ G  GPU type index

k€ K Complexity level index
t € R™  Continuous time variable

14
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Table 3.2: System Parameters

Symbol Description

Ng Number of nodes of resource type ¢

Sq(t) Stock status of resource type ¢ at time ¢ (High /
Medium / Low)

Cy Cost factor for resource type g

Dy Per-second rental price of resource type g

Kj Complexity level of job j

d; Deadline for job j

{submit Submission time of job j

gt Start time of job j

t;omplete Completion time of job j

W(j,q9) Execution time of job j on resource type g

By Baseline high-stock probability of resource type ¢

m(t) Time-of-day stock multiplier at time ¢

prov
J

ﬂighty j_ioose

quSa Weost
aq, 0

Provisioning delay incurred when job j acquires an
instance (stock-status dependent)

Per-job deadline window: tight class (rush orders) or
loose class (standard renders); platform values and
class proportions in Section 5.1.1

Objective function weights

Bi-objective function parameter weights

Table 3.3: Decision Variables and State Variables

Symbol Description

zit € {0,1} Assignment: 1 if job j is assigned to node m, 0 other-
wise

at, € {0,1} Idle indicator for slot m at time ¢ (1 if idle and able to
accept a job, 0 if currently running)

W Waiting time of job j

Tj Response time of job j

9; € {0,1} Deadline adherence indicator: 1 if job j completes on
time (¢ < d;), 0 otherwise

7; = max(0, t;omplete —d;) Tardiness of job j: auxiliary quantity (time past dead-
line, 0 if on time); defined for completeness, not part
of the objective

c; Execution cost of job j

15
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decisions. The state space includes both observable information and internal provisioning
dynamics.

Observable State (Scheduler View): The scheduler receives a simplified three-state
representation for each node:

» Unavailable: Slot cannot be rented. This state is retained for generality (it arises on
a spot market); under the on-demand Secure Cloud model studied here a held slot is
never reclaimed, so this state does not occur in the experiments.
* Idle: Slot is free and can be assigned to jobs
* Running: Slot is currently executing an assigned job
Additional observations: current job queue .7, with job characteristics (k;, d;, tj-“bmit), cur-
rent simulation time ¢, and historical performance metrics.

In addition to per-node availability, the scheduler observes a per-type stock status
s4(t) € {High, Medium, Low} summarising the provisioning reliability of resource type
g: the likelihood that a fresh instance of type g can be acquired without a long provisioning
delay. Stock status is distinct from the idle indicator a,: a’, records whether a held slot is
currently free, whereas s,(t) reflects market-level scarcity of type g. Stock status governs
the provisioning delay incurred when a fresh instance of type ¢ is acquired (Section 3.2)
and additionally biases node selection (Chapter 4) away from scarce or unreliable types.

Provisioning Dynamics (Simulator Internal): The studied platform is an on-demand
Secure Cloud pool: every slot is rentable at any time and a running instance is never
reclaimed by the provider (consistent with Remark 3). Market scarcity therefore does not
manifest as denial of service but as a provisioning delay incurred when a fresh instance is
acquired. Each resource type g carries a stock status s,(t) € {High, Medium, Low} drawn
by comparing a single uniform variate r ~ Uniform(0, 1) against cumulative thresholds

set by a baseline high-stock probability 5, and a time-of-day multiplier m(¢):

High ifr < pf(t),
sg(t) = { Medium if p (£) < 7 < p! (t) + p (1), (.1)

Low otherwise,

where pf(t) = min(0.95, 8, m(t)) and p)(t) = min(0.90, 1.5 8, m(t)). Outside the
midday peak band the multiplier keeps pf + pé” > 1 for all four fleet types, so the Low
state is then unreachable; only during the peak band (multiplier x0.5) does it become
reachable for the lower-/3, types. Because the peak occupies a minority of the day, the
time-weighted Low probability is small and the long-delay Low regime is rarely entered
in the calibrated runs. The multiplier m(t) encodes diurnal demand (off-peak x 1.3, morn-
ing x0.9, peak x0.5, evening x1.0): high-stock probability falls during business hours
and recovers off-peak. The per-type 3, and the calibration source (77 RunPod pricing
snapshots) are given in Chapter 5. When job j is dispatched to a type-g slot at time ¢, it
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incurs a provisioning delay
ijrov ~ Uniform(Lsg OF Usg(t)) (32)

whose range depends on the stock status (High (0,10)s, Medium (30,120)s, Low
(600,7200) s), so the realised start time is 5" = tjiSpmh + 7, and the delay forms a
component of the waiting time w;. Because the Low state is entered only rarely (Eq. 3.1),
realised provisioning delays remain in the High and Medium ranges (at most two minutes)
for the overwhelming majority of dispatches under the calibrated operating point.

Human Decision Elements: The formulation reflects human operational decisions
through several design parameters:

* Deadline policy: Per-job deadline window from submission time (d; = t;“bm“ + T3,

where T € {Tiignt, Tioose }; Values and class proportions are given in Section 5.1.1)
* Fleet configuration (n, for each g € ): Capacity planning decision

* Objective weights (wqs, Weost): Business priority between QoS and cost efficiency

3.3 Assignment Constraints and Decision Variables

The decision variable z7* € {0, 1} represents the assignment of job j to node m. Valid

assignments must satisfy:

dar<1, VjeJg (3:3)
meN
Y ar<1l, VmeN (3.4)
JjeJ

rt < at . Vi,m (3.5)

These constraints ensure feasible assignments respecting the concurrency limit and slot
occupancy: a job may only be placed on a currently idle slot (a!, = 1). The concurrency
limit Cy,,x is encoded directly in |[A]: the node set N contains exactly Cy,x virtual on-
demand slots, so at most C',, jobs can run simultaneously at any time ¢. Slots are costless

when idle; rental charges apply only while a job is executing on one.

3.4 Deadline Penalty and Soft Deadlines

Each job j carries a per-job deadline window T; € {Tiight, Tioose }» yielding an absolute
deadline d; = ¢5""™" + T}. Unlike hard-deadline models, the CGRSP formulation treats
deadlines as soft: violations are penalised in the objective rather than structurally prohib-
ited. This reflects operational reality under the Ci,.x concurrency ceiling: when arrival

intensity exceeds service capacity (p > 1), misses are structurally unavoidable for some
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jobs regardless of scheduling policy, so a penalty formulation is the appropriate model.
The tardiness of job 7 is:
7; = max(0, 1" — ;) (3.6)

J
The deadline-miss indicator 6, = l[tgomplete < d;] (Eq. 3.9) equals 1 when the deadline is
met and 0 otherwise; the miss rate is (1/|71) >_;(1 — d;).

Deadline violations are penalised in the objective via the binary miss indicator (1 —J;)
rather than via continuous tardiness 7;. Tardiness 7; (Eq. 3.6) is defined for completeness
but is not used in the objective. The specific values of Tigp (rush-order renders) and Tigose
(standard batch renders), and the proportion of jobs assigned to each deadline class, are
platform parameters defined in Section 5.1.1.

Tardiness (mean and 95th percentile) is nonetheless reported as a diagnostic metric in
Chapter 5, because the severity of missed deadlines matters operationally even when the
count of misses is the primary objective. A robustness study (Chapter 5, Section 5.5.7)
confirms that re-scoring schedulers against a tardiness-based objective yields the same
scheduler ranking as the miss-indicator objective, validating that the conclusions are not

sensitive to this choice of deadline-penalty form.

3.5 QoS Metrics

Quality of service is measured through three key metrics:

wj = " — ¢3"°™ (waiting time) (3.7)

r; = t;"mplete — 3™ (response time) (3.8)

5 = l[t;omplete <d;] (deadline adherence) (3.9)

3.6 Optimisation Objective

The scheduling objective is bi-objective, with quality of service treated as the primary
criterion and operational cost as a secondary, tiebreaking criterion. QoS is optimised
first; operational cost is optimised only among assignments that are equivalent on QoS.
This lexicographic priority reflects the operational reality of deadline-driven rendering: a
missed client deadline carries a discrete contractual cost that dwarfs the per-second rental
difference between GPU types (the fleet spans only $0.25 to $0.46 per hour, Table 4.1), so
the fast-GPU premium is worth paying whenever it protects a deadline, while the cheap-
GPU saving is banked only when QoS is unaffected. Formally,

lex min (CQos, CCOst)a Caos = Z[al w; + as (1 —6;) }, (3.10)
JjeET
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where lexicographic minimisation prefers any policy with lower Cos and breaks QoS ties
on lower Ccost. The QoS cost combines a waiting-time penalty and a deadline-violation
penalty: w; is the waiting time in seconds (Eq. 3.7), o is the penalty per second of wait,
and «, is a penalty per missed deadline applied through the binary miss indicator (1 — J;).
The concrete values of «; and «» used in experiments are given in Section 5.1.1; their
ratio a/ay is swept in Section 5.5.7 to verify robustness. The miss-indicator form is the
appropriate QoS penalty in a rendering-studio context because a missed client deadline
is a discrete, qualitatively costly event (contract penalties, pipeline delays) rather than a
quantity that scales with how late the job is; once a job will miss, its exact lateness is of
secondary operational concern, so the objective penalises whether a deadline is met, not
by how much. A corollary is that the scheduler should not sacrifice jobs that can still be
saved in order to reduce the lateness of jobs that are already doomed.

Because the value of a missed deadline relative to accumulated waiting (the ratio
ag/aq) is a business policy rather than a physical constant, no single value is canoni-
cal; the deadline-penalty ratio is swept in the objective-weight sensitivity analysis (Sec-
tion 5.5.7), which additionally evaluates a fully symmetric weighted-sum scalarisation
min » i [wqos Caos(7) + Weost Ceost(J )] with wges = Weest = 0.5 as a robustness variant.
That study shows that collapsing QoS and cost into a single symmetric scalar lets a near-
noise cost difference reorder policies that are clearly separated on QoS; the lexicographic
objective avoids this by construction, which is why all headline comparisons are reported
on the decomposed metrics (mean wait, miss rate, and cost) rather than on a scalar value.

The operational cost component reflects per-second rental fees for the provisioned

GPU instances across all nodes:

C(Cost = Z Z [:C;n X W(jvtype(m)) X ptype(m)] (311)
ji€T meN

where W (7, type(m)) is the realised execution time of job j on the assigned node’s type
(Remark 1).

3.7 Numerical Example

A minimal three-job, two-GPU instance makes the interplay of constraints visible. Two
resource types are in the fleet: an RTX 3090 (g;) and an RTX A4000 (g2). The concurrency
cap is Cpax (five slots in the experimental platform, Section 5.1.1); only three are used
here, leaving two idle. Three jobs J = {j1, jo, j3} arrive simultaneously at ¢ = 0; nodes
begin available (a®, = 1 for all m € N), and every resource type starts at High stock
(s,(0) = High).

Job Characteristics:
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Job Complexity Submit Time Deadline Priority
J1 k =1 (Low) t=20 t = 3600 (tight) High
J2 k =2 (Medium) t=0 t = 28800 (loose) Medium
I3 k =1 (Low) t=0 t = 28800 (loose) Low

Execution Times 1V (x, g) (seconds; see Table 4.1 for full GPU specifications):

Complexity RTX 3090 (g;) RTX A4000 (g2)
Low (k= 1) 59.7 60.0
Medium (k = 2) 70.2 68.7
High (k = 3) 100.9 98.2

Figure 3.2 illustrates the assignment and timeline.

Numerical example: three-job lexicographic assignment (Section~3.7). All jobs start at t = 0; j; routed to RTX~3090 (deadline safety); j,, j3 to RTX~A4000 (cost saving, slack permits).

B ji: Low (k = 1), tight 1h deadline Jj2: Medium (k = 2), loose 8h deadline B j3: Low (k =1), loose 8h deadline

(a) Execution window (0 to 170\,s) (b) Full deadline window (0 to 28,800\,s)
dj, =3600s
RTX 3090 (g1, my) - 54'1“ -| $0.00763 RTX 3090 (g4, m1) w : ?\ ‘Wﬁ
tight)
RTX A4000 (g2, m3) $0.00477 RTX A4000 (g1, m3) 4
RTX A4000 (g3, m3) $0.00417 RTX A4000 (g7, m3) 4 800
T T T T T T T T T T T T T L
0 20 40 60 80 100 120 140 160 0 5000 10000 15000 20000 25000 30000
Time (seconds) Time (seconds)

Figure 3.2: Visual aid for the three-job numerical example. (a) Execution window: all three jobs
start immediately (High stock, negligible provisioning delay). j; (red) runs on the RTX 3090
for 59.7s; jo (green) and j3 (blue) run concurrently on separate RTX A4000 slots for 68.7 s and
60.0 s respectively. Dollar annotations show per-job cost. The tight deadline d;, = 3,600s is
indicated by a dashed red line. (b) Full deadline window: js and j3 each have an 8-hour loose
deadline (28,800 s), vastly exceeding their execution times and confirming that cost is the only
discriminating criterion for those two jobs.

Assignment under the lexicographic objective. Job j; carries a tight one-hour dead-
line, so QoS, the primary criterion, routes it to the faster RTX 3090 (z}* = 1): paying the
higher rental rate buys reduced execution time and deadline safety, and cost is not allowed
to override that. Jobs js and j3 both have loose eight-hour deadlines, so they meet their
deadline with zero waiting on either GPU type and are QoS-equivalent across the fleet;
the secondary cost criterion therefore decides their placement, and both are routed to the
cheaper RTX A4000 (z}* = z7:* = 1), banking the lower rental rate at no QoS penalty.
Note that j5’s medium complexity does not pull it onto the faster RTX 3090: with eight
hours of slack the speed advantage carries no QoS value, so the cost tiebreaker prevails.

The two remaining slots are left idle (™ = 2™ = 0).
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Outcome. All three jobs start immediately: every type begins at High stock, where
the provisioning delay (Eq. 3.2) is at most a few seconds and is taken as negligible here,
so every waiting-time penalty is zero (w; = wy = w3 = 0 s) and all deadlines are met (the
QoS objective is at its optimum). Rental cost then works out to 59.7 x 0.000128 + 68.7 x
0.0000694 + 60.0 x 0.0000694 = $0.017, where the per-second rates are derived from
the RTX 3090 price of $0.46/hr and the RTX A4000 price of $0.25/hr (Table 4.1). Fleet
utilisation is 3/5 = 60%. The key observation is that cost savings on the loose jobs j, and
J3 come at no QoS penalty because their deadlines are slack, whereas no such economy is
available for j; without endangering its tight deadline: this asymmetry, QoS first and cost

only among QoS-equivalent options, drives the scheduler design described in Chapter 5.

3.8 Modelling Simplifications and Assumptions

Remark 1 (Stochastic Execution Times): The realised execution time of job 5 on GPU
type g is modelled as a log-normal random variable conditioned on the job’s complexity
level x; € {1,2,3} and the GPU type g:

W (j. g) ~ LogNomal (jix, g, 02 ) tinyg =W (k,g) — 3o (3.12)

Kj,9 K,9°

where W (k, g) is the empirical mean execution time of the (x, g) stratum in the 6,627-job
dataset (Table 4.1). The location parameter f, , is centred so that E[W (5, g)] = W (x, 9);
consequently the mean execution times reported throughout this thesis and used in the nu-
merical example (Section 3.7) are the expected values E[W (k, g)]. The log-normal form
is appropriate because render times are strictly positive and right-skewed. The dispersion
0.4 1s fitted per stratum as the standard deviation of In(render time) within that stratum,
ranging from 0.04 for the most regular low-complexity strata to 0.23 for the most variable
high-complexity stratum, with an n-weighted pooled within-stratum value of o, ~ 0.11
(a within-stratum coefficient of variation of about 0.11); strata with fewer than five ob-
servations use the pooled value. (The larger aggregate coefficient of variation of ~ (.28
measured across the whole dataset is dominated by between-complexity differences in the
mean and is therefore not the relevant conditional dispersion.) Schedulers plan with the
deterministic estimate W(Kj, g), that is, the expected service time e;; only the realised
completion time is stochastic, mirroring real operation where the dispatcher cannot ob-
serve a job’s exact walltime in advance. Because render walltimes (tens to a few hundred
seconds) are small relative to deadline windows (1-8 h) and to queueing delays under satu-
ration, this service-time stochasticity has only a minor effect on the primary saturated-load
metrics: the 30-seed Phase 3 hectic-day means change by under 2% relative to a mean-
based run. The effect can be slightly larger in lightly loaded, few-seed sub-experiments

(for example, the surge-day deadline-tightness sweep), where outcomes near a crossover
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are more sensitive to the realised service times.

Remark 2 (Single Job Per Node): The fleet model enforces at most one job per node
at any time; each provisioned instance is exclusively assigned to one job until completion.
While GPU virtualisation could enable multi-tenancy, this assumption reflects common
rendering workload requirements where jobs utilise full GPU capacity for optimal perfor-
mance.

Remark 3 (No Job Preemption): Once started, jobs run to completion without in-
terruption. This assumption is justified for rendering workloads where checkpoint-restart
mechanisms are expensive or unavailable.

Remark 4 (Poisson Arrival Process): Job arrivals follow a Poisson process, a stan-
dard assumption in queueing theory representing independent submissions with memory-
less inter-arrival times.

Remark 5 (On-Demand Availability): The on-demand Secure Cloud pool makes
every slot rentable at any time; the idle indicator a!, € {0, 1} records only whether slot
m is currently free (1) or running a job (0). Market scarcity is realised as the provisioning
delay of Eq. 3.2, not as denial of service, and a running slot is never reclaimed (Remark 3).

Remark 6 (Anticipative Information): The Rolling-Horizon scheduler (Chapter 4)
is anticipative but not clairvoyant: it knows the job arrival-rate profile and the deadline-
window distribution (operational statistics estimable from a studio’s own submission his-
tory), but it does not observe the identities or submission times of jobs that have not yet
arrived. This is the standard distinction in online stochastic optimisation between distribu-
tional knowledge and realisation knowledge: the scheduler may reserve capacity for the

expected rate of imminent tight-deadline arrivals, never for specific future jobs.

3.9 Problem Complexity and Tractability

The oftline version of CGRSP (where all n jobs are known in advance) is a generalisation
of the weighted job scheduling problem on parallel unrelated machines with deadlines,
which is NP-hard in the strong sense [10]. For the online version (jobs revealed at their
arrival times), no polynomial-time algorithm can achieve a bounded competitive ratio
against the offline optimum in the worst case, as shown by the classical impossibility
results of [13] for preemptive scheduling and extended to non-preemptive settings.

This intractability motivates the use of ten practical heuristic policies rather than ex-
act optimisation: FIFO, SPT, EDF, LCF, Balanced, Random, the SPT+Rescue hybrid, an
adaptive queue-pressure EDF-SPT hybrid, the novel anticipative Rolling-Horizon (RH)
scheduler, and the Cost-Aware Deadline-Risk (CADR) scheduler. The empirical evalua-
tion in Chapter 5 benchmarks these ten policies against each other, treating FIFO as the
performance baseline rather than against an intractable optimal. Reinforcement learning

is a natural future extension (Section 6.2) but is not evaluated in this study.
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CHAPTER 4

SYSTEM DESIGN AND SCHEDULING
ALGORITHMS

4.1 System Architecture Overview

The CGRSP evaluation system comprises four tightly coupled components (see Figure 5.2
in Section 5.1.1). The components communicate through a single shared event queue: the
Job Generator places arrival events, the DES Core dispatches them and invokes the Sched-
uler, the Scheduler queries the Fleet Manager for idle nodes, and the Metrics Collector
receives completion notifications.

1. Job Generator: produces a Poisson job stream with configurable arrival rate, com-
plexity distribution, and deadline distribution.

2. Discrete-Event Simulator Core: maintains a min-heap priority event queue and
advances simulation time from event to event.

3. Fleet Manager: tracks active instance slots up to Ci,,.x, models per-type stock avail-
ability, and reports available slots to the scheduler. An “idle” slot has no GPU in-
stance provisioned and incurs no cost; it represents unused concurrency capacity.

4. Scheduler: implements the scheduling policy; receives the current queue and fleet
state at each scheduling decision point and returns a list of (job, node) assignments.

The simulator is implemented in Python using only the standard library and NumPy,
without external simulation frameworks, to ensure full control over event semantics and

metric computation.

4.2 Discrete-Event Simulator Core

The simulator maintains a min-heap event queue ordered by event timestamp. Events are
one of three types:
» JOB_ARRIVAL(j,t): Job j arrives at time ¢. The job is added to the waiting queue,
and a SCHEDULE_TRIGGER event is generated immediately.
» JOB_COMPLETE(j, m,t): Job j completes on node m at time ¢t. Node m is freed,
metrics are recorded, and a SCHEDULE_TRIGGER event is generated.
» SCHEDULE_TRIGGER(t): The scheduler is invoked at time ¢. If any idle nodes and
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waiting jobs exist, the scheduler returns an assignment; the simulation then generates

the corresponding JOB_COMPLETE event at £ + W (k;, g(m)).
A job dispatched to a slot of type g does not start instantly: it incurs a provisioning
delay drawn from the stock-status-dependent range of Equation (3.2) before entering the
running state. No node-failure or node-restoration events occur, because the on-demand

Secure Cloud pool never reclaims a held slot (Section 3.2).

4.3 GPU Fleet Model

The fleet manager instantiates nodes according to the GPU type configuration. Each node
is parameterised by:

* GPU type g € G: determines p, and the execution time W (x, g).

» Stock status: High / Medium / Low, updated stochastically; it sets the provision-
ing delay (Eq. 3.2) and additionally informs node selection in the cost-, speed-, and
deadline-aware schedulers as a proxy for availability reliability: LCF and Balanced
weight it directly in their placement cost, while SPT, EDF, SPT+Rescue, Adaptive,
RH, and CADR apply it as a lower-priority placement tiebreaker that prefers higher-
stock GPU types.

* Current state: idle or running.

Table 4.1 shows the GPU fleet configuration used in all experiments. Pricing is taken
from a RunPod Secure Cloud snapshot collected on 10 March 2026 and is treated as a
fixed deterministic constant throughout all simulations. RunPod prices are dynamic in
practice and may differ at other points in time; the cost comparisons in this thesis are
therefore valid as a snapshot analysis at that date, not as a prediction of future relative
costs. The execution times derive from the 6,627-job empirical dataset.

The Ciax = 5 concurrency budget is realised as five on-demand rental slots. Each slot
is a separate cloud instance that is rented, used for one job, and then released; when the
job finishes the slot becomes free and the scheduler can provision any GPU type for the
next job. The fleet composition (the model parameter n,) reflects the mix of GPU types
that have been provisioned at any moment: under the baseline configuration the simulator
maintains a round-robin target of two RTX 3090 instances and one each of RTX A5000,
RTX A4500, and RTX A4000, but once a slot finishes its job it can be re-provisioned
to a different type if the scheduler chooses a different GPU for the next dispatch. The
round-robin target therefore describes the long-run type distribution, not a fixed assign-
ment. This composition holds in every experiment except the concurrency-limit sensitiv-
ity study (Section 5.5.3), which varies Ci,.x and so re-derives the round-robin target for
each Cp,« value.

Execution times are modelled stochastically. When a job of complexity level x €

{1,2, 3} is dispatched to GPU type g, its realised walltime is drawn from a log-normal
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Table 4.1: GPU types available on RunPod Secure Cloud. Prices are fixed deterministic values
from the 10 March 2026 snapshot (RTX A4500 and RTX A4000 share the $0.25/hr secure price
at that date). Execution times from the 6,627-job empirical dataset; all experiments use Cyax = 5
(RunPod default account limit [1]) as the baseline concurrency limit.

GPU Type CUDA Cores VRAM Price ($/hr) Speed Rank’ Exec. Time (avg)
Lowx  Highk

RTX A5000 8,192 24GB 0.27 1 609s 99.6s
RTX 3090 10,496 24 GB 0.46 2 59.7s 100.9s
RTX A4500 7,168  20GB 0.25 3 622s 88.7s
RTX A4000 6,144 16GB 0.25 4 60.0s 98.2s

TSpeed rank by empirical average rendering time across all complexity levels (74.0, 78.1, 86.0,

97.9 s for A5000, 3090, A4500, A4000 respectively). The ranking is non-monotone in CUDA
cores: the RTX A4000, despite having the fewest cores, is the slowest on average, yet at high
complexity (x = 3) it renders faster (98.2 s) than the RTX 3090 (100.9 s), and the RTX A4500 is
in fact the fastest at x = 3 (88.7s). Low-x A4000/A4500 values are estimates (no
low-complexity jobs for those types in the dataset).

distribution W (j, g) ~ LogNormal(y, 4, o7 ,) whose expected value equals the mean ex-
ecution time W (k, g) of the corresponding (k, g) stratum in the empirical dataset (Re-
mark 1, Section 3.8). The within-stratum dispersion o, 4 is fitted directly from the data as
the standard deviation of In(render time) within each stratum (pooled oy, ~ 0.11; strata
with fewer than five observations use the pooled value). The log-normal form respects
the strictly positive, right-skewed shape of the empirical measurements, with a minority
of jobs running substantially longer than the mean (outliers from complex geometry or
large textures). Schedulers plan with the expected service time W(/ﬁj, g) as the estimate
e;, since the exact walltime of a job is not observable at dispatch; only the realised com-
pletion time is stochastic. The realised execution time is sampled from a per-simulation
random stream seeded independently of the provisioning-delay draws, so that scheduler

comparisons remain reproducible and differences are attributable to scheduling policy.

4.4 Job Generator

Jobs arrive according to a Poisson process with configurable mean rate A\ (jobs/second).
The Poisson assumption is standard for independent job-submission workloads: jobs
originate from different clients and scenes, making submissions memoryless with expo-
nentially distributed inter-arrival times, the canonical model for computer system work-
loads [18]. Each job is independently assigned:

» Complexity x; € {1,2,3}: sampled from an empirical distribution (40% low, 40%

medium, 20% high), calibrated to the 6,627-job dataset.
* Deadline d; = t;“bm“ + Teadiine: 1n the baseline scenario, 20% of jobs have a tight

1-hour deadline (Tign, = 3,600 s, rush-order renders) and 80% have a loose 8-hour
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deadline (Tjy0se = 28,800s, standard batch renders). This 20%/80% split is held
constant across all day types; load intensity is varied through A and N only.

+ Estimated duration: set to the mean execution time E[W (k;, grr)] for the reference
GPU (RTX 3090), used by SPT for priority computation.

4.5 Scheduling Algorithms

All ten scheduling algorithms implement the same interface: they receive the current wait-
ing job queue and fleet state, and return a list of (job, node) assignments (zero or more,

executed simultaneously for multiple idle nodes).

4.5.1 FIFO: First-In-First-Out

FIFO assigns waiting jobs to idle nodes in submission-time order (earliest submit time
first). Node selection among idle nodes is arbitrary (earliest-registered first in the imple-
mentation). FIFO serves as the primary baseline because it requires no job characteristic

knowledge and is deadline-oblivious.

Algorithm 1 FIFO Scheduler
Require: Queue @ sorted by ¢5*°™"; set I of idle nodes
1: Sort @ by 5**™" ascending
2: for each (j,m) in zip(Q, I) do
3:  Assign job j to node m
4

: end for

4.5.2 SPT: Shortest Processing Time

SPT prioritises the job with the smallest estimated execution duration. The estimated dura-
tion is set to E[WW (k;, grer) ], the expected execution time on the reference GPU (RTX 3090),
which provides a complexity-proportional ranking without requiring knowledge of which
specific node will be assigned. Because all three complexity levels are calibrated to the
same reference GPU, SPT naturally front-loads the shortest (low-complexity) jobs, reduc-
ing the mean number of jobs in the queue at any instant, the discrete-time analogue of the
M/G/1 SPT optimality result [9, 10].

Node selection: given the sorted job queue, SPT assigns each job to the idle node min-
imising a normalised composite of speed, cost, and stock reliability of the same structural
form as the Balanced score (Eq. 4.2),

Wik, g(m)) +we P24 sp(sin) (4.1)

score(j,m) = (1 —w,) W) .
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with cost weight w,. = 0.3, where Wy, () is the fastest execution time for job j across the
idle nodes, ppi, the cheapest per-second rate among them, and sp(s,,) € {0,0.2,1.0} a
High/Medium/Low stock-reliability penalty. Speed carries the larger weight (0.7), so the
fastest node is selected unless a marginally slower node is sufficiently cheaper or more
reliably stocked to overcome the speed term; when cost and stock are uniform across the
idle nodes the rule reduces to the min-min fastest-finish heuristic of [2] applied within

each scheduling decision.

Algorithm 2 SPT Scheduler

Require: Queue Q); idle node set I; current time ¢
1: Sort Q ascending by W; = E[W (k;, grer)]
2: for each job 7 in () do

3:  if [ = () then

4: break

5 end if

6:  m* ¢+ argminge; [(1—w.) W(';{,ﬁim)) —l—wcpzli’;) +sp(sm)] {speed-weighted score,

w.=0.3 (Eq. 4.1)}
7: Assign j — m*; remove m* from [

8: end for

4.5.3 EDF: Earliest Deadline First

EDF prioritises the job with the nearest absolute deadline d;. When two jobs have the
same deadline, submission time is used as a tiebreaker. Node selection minimises the
actual execution time W (k;, g(m)) for the job’s specific complexity level, with stock-
availability tiers applied first (HIGH < MEDIUM < LOW). Using job-specific execution
times (rather than a generic speed multiplier) is necessary because GPU rank varies by
complexity: for example, RTX A4000 (98.2 s) outperforms RTX 3090 (100.9 s) on high-
complexity jobs despite a lower nominal speed rating.

4.5.4 LCF: Lowest Cost First

LCF minimises total operational cost by preferring the cheapest available GPU type. Node
selection uses an effective cost score cer(m) = pyim) - W(kj, g(m)) - o(s,,), where
o(sm) € {1.0,1.05,1.15} is a stock penalty (High/Medium/Low stock) reflecting avail-
ability reliability. Job ordering within LCF is by submission time (FIFO order).

The stock penalty ensures that when two GPUs have the same rental price, the one
with higher availability reliability is preferred, avoiding types that are likely to be scarce

and so incur a long provisioning delay.

27



Chapter 4. System Design and Scheduling Algorithms

4.5.5 Balanced: Weighted Throughput-Cost Composite

Balanced assigns a composite score to each (job, node) pair:

Wik, 00m) |y Paim)

score(j,m) = « -
( ) Wmax pmax

+ sp(Sim) 4.2)

where a = 0.8 (speed-biased), Wi (7) is the maximum execution time for job j
across all fleet nodes (per-job normalisation), p.x is the global maximum per-second cost
across the fleet, and sp(s,,) € {0.0,0.2,1.0} is a stock-availability penalty. The job or-
dering within Balanced is by submission time (FIFO), so Balanced’s differentiation from
FIFO comes entirely from its node selection score. This is deliberately distinct from EDF’s

deadline-based job ordering.

4.5.6 Random: Random Baseline

Random selects both job and node uniformly at random from the available sets. It serves
as a lower-bound baseline to verify that the structured heuristics provide a benefit over
chance.

4.5.7 Design Progression

The ten scheduling algorithms evaluated in this study represent a progressive refinement
of deadline awareness and wait minimisation. FIFO provides the deadline-oblivious base-
line. SPT reduces mean wait by front-loading short jobs but remains deadline-blind.
SPT+Rescue introduces the laxity rescue concept: a secondary EDF tier that promotes
jobs whose deadline slack has fallen below a threshold. The Adaptive scheduler (Sec-
tion 4.5.12) extends that idea with a hopeless tier and a queue-pressure rule that widens the
urgent tier under congestion, interpolating between SPT and EDF. The Rolling-Horizon
scheduler (Section 4.5.10) goes further: instead of fixed tiers it plans over the slot-
availability timeline and anticipated arrivals, promoting a job only when the timeline
shows it would otherwise miss. The CADR scheduler (Section 4.5.11) introduces a scale-
free critical-ratio triage that achieves near-RH miss performance while substantially re-
ducing the tardiness (lateness) of missed deadlines by being less aggressive in demoting
already-at-risk jobs.

4.5.8 SPT+Rescue: Hybrid Throughput-Deadline Policy

SPT+Rescue introduces the laxity rescue concept as an intermediate design step. It com-
bines SPT’s wait-time advantage with an EDF-based deadline rescue mechanism: most
jobs are ordered by shortest processing time, but any job whose /axity drops below a thresh-

old is promoted to an urgent tier and dispatched before all normal-tier jobs.
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The laxity of job j at scheduling decision time ¢ is defined as:
Ly(t) = dj —t — min W(k;, g(m)) (4.3)
me

where the minimum is taken over all currently idle nodes /. Laxity measures the slack
remaining: if L;(¢) < 0 a miss is already inevitable; if L;(t) is small, a miss is imminent
unless j is dispatched at the current event.

At each scheduling event the scheduler partitions the waiting queue into two tiers:

» Urgent (L; < 0): sorted by earliest absolute deadline (EDF order within tier)

* Normal (L; > 0): sorted by shortest estimated processing time (SPT order)
All urgent jobs are dispatched before any normal-tier job. The rescue threshold is set
to # = 600s (10 minutes) in all experiments. This value was chosen by the following
reasoning: under the tight deadline of Tjjz; = 3600's, a high-complexity job (maximum
W =~ 150s) dispatched at the moment it enters the rescue tier completes with at least
3600 — 600 — 150 = 2850 s remaining, well within the deadline. A sensitivity study over
0 € {60, 180, 300, 600, 1200} s (Section 5.5.4) shows performance is relatively insensitive
to threshold choice, with miss rates varying by only 2.28 percentage points across 6 €
{180,600, 1200} s and the lowest miss at # = 600s.

Algorithm 3 SPT+Rescue Scheduler
Require: Queue (); idle node set /; current time ¢; threshold
1: for each job 57 € ) do

e; < min,e; W(k;, g(m)) {fastest available exec time}
L« dj—1t—e;
end for
: Quigent < {J € Q : Lj < 0}, sorted by d; ascending
: Qnormal < {J € Q : L; > 0}, sorted by e; ascending
- for cach job j in Qugen | Qromat do
if 7 = () then
break
end if
m* ¢+ argmin,e; [(1—w,)
w,=0.3 (Eq. 4.1)}
12:  Assign j — m*; remove m* from /
13: end for

D R AN A

_.
e

W(r;,9(m))
I/%/min +

—_—
—_

wcp;(’f.n) + Sp(sm)} {speed—weighted,

SPT+Rescue combines SPT’s shortest-job-first ordering with EDF deadline rescue:
under capacity saturation it achieves 12.40% miss (virtually tied with SPT’s 13.85%) at
135.21 min wait (d = —2.406 vs FIFO, p < 0.001), providing a conservative fallback
when tight-deadline compliance is a strict operational requirement. The threshold § =

29



Chapter 4. System Design and Scheduling Algorithms

600 s was selected so that at C,.,x = 5 under hectic load, any job in the rescue tier has
fewer than 10 minutes of slack before a definite miss, small enough that promotion is
necessary, large enough that false positives (promoting jobs that would have met their

deadline without rescue) are rare.

4.5.9 Ilustrative Scheduling Example

Figure 4.1 traces a concrete 7-job scenario with Ci,,x = 3 nodes (a minimal illustrative
configuration chosen so that all 7 jobs queue up and the rescue decision is visible; all ex-
periments use Ci.x = 5) to show how SPT+Rescue differs from FIFO in a single schedul-
ing window. Only J6 carries a tight deadline (dg = 210s; kg = 2, medium complex-
ity); all other jobs have loose (8-hour) deadlines. The illustrative scenario uses rounded,
complexity-uniform execution times matching the figure legend (k=1 ~ 65s, k=2 ~ 755,
k=3 =~ 120s). JO, J1, J2 arrive in the first 10 s and fill all three nodes immediately; J3
to J6 queue while all nodes are busy. When node N1 becomes free at ¢ = 70's, FIFO dis-
patches J3 (next in arrival order), then at £ = 75 s dispatches J4 to N2, eventually assigning
J6 to N2 at ¢t = 140s. J6 finishes at 215, 5s past its deadline (0 = 0). SPT+Rescue
instead evaluates laxity when N1 frees at ¢ = 70s (the sole idle node at that moment;
W(ke=2,g(N1)) = 75s):

L, (70) = dg — 70 — min W (kg, g(m)) = 210 — 70 — 75 = 655 (4.4)

mel

Since 65s < 600 s rescue threshold, J6 is classified urgent and dispatched immediately
to N1. J6 starts at ¢ = 70 s and finishes at 145 s, meeting its deadline by 65s (dg = 1).
Loose-deadline jobs J3 to J5 are reordered by SPT without any deadline impact.

4.5.10 Rolling-Horizon: Anticipative Receding-Horizon Scheduler

The Rolling-Horizon (RH) scheduler is the primary methodological contribution of this
work. Rather than ranking the queue by a single fixed priority rule, it projects the near-
future availability of the fleet and dispatches against that projection. At each scheduling
event it builds the availability timeline of every usable slot (idle now, or busy until its
running job’s expected completion), classifies each waiting job by whether the timeline
shows it would still meet its deadline if it deferred to the next slot to free, and then greedily
places jobs, in that urgency order, each onto the slot that minimises a per-job weighted-sum
surrogate of the model objective (Eq. 3.10), namely wqos (1w, + a2(1 — 0;)) + Weost ¢;
with wges = Weost = 0.5 (the explicit form is given in Algorithm 4). Because the wait
and miss penalties dominate this sum numerically while the per-job cost term is compara-
tively negligible at this fleet scale (Section 5.5.7), the surrogate respects the lexicographic

QoS-over-cost priority of Eq. 3.10 in practice; it is used in place of a strict lexicographic
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Illustrative CGRSP scheduling (Cmax = 3 nodes, 7 jobs): SPT+Rescue rescues J6 (only tight-deadline job) by promoting it over J4

FIFO: )6 arrives t=50s; dispatched t=140s (wait =90s); misses dg=210s
656=0: MISS (+5 s)

0 50 100 150 200 250
Time (seconds)

GPU node

SPT+Rescue: |6 arrives t=50s; dispatched t=70s (wait =205s); meets dg=210s
L;(70)=210-70-75=65s < 600\,s threshold
o cerx sos0) | =

0 50 100 150 200 250

Time (seconds)

GPU node

B k=1 Low complexity (=65s) B k=2 Medium (=75s) I « =3 High (=120s) == = ]6 tight deadline (dg=2105s)

Figure 4.1: Illustrative CGRSP Gantt chart (Crhax = 3 nodes, 7 jobs; only J6 has a tight deadline
de¢ = 210 s; execution times rounded from empirical data). Coloured bars show GPU execution by
complexity level (k € {1,2,3}); the red dashed line marks J6’s deadline. FIFO (top): J6 arrives
att = 50s, waits 90 s, dispatched at ¢ = 140, finishes at 215 s, deadline miss by 5s (dg = 0).
SPT+Rescue (bottom): laxity L j,(70) = 65s < 600 s threshold triggers rescue; J6 dispatched to
N1 att = 70s, finishes at 145 s, meets deadline by 65s (dg = 1).
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comparison only because a single differentiable score is convenient for the greedy per-slot
placement. It commits only the dispatches that start at the current instant and re-plans at the
next event, in the manner of receding-horizon (model-predictive) control. The placement
step is a greedy, per-job assignment rather than a joint optimisation over the horizon; what
is novel is that shortest-processing-time ordering, earliest-deadline urgency, and demotion
of already-doomed jobs all emerge from the forward projection rather than being imposed
as fixed laxity tiers, and that the urgency boundary adapts to the realised fleet state instead
of a hand-set threshold. The scheduler is additionally anticipative: below saturation it
reserves a little capacity for imminent tight-deadline arrivals (described below).

Slot timelines. Each of the Cy,,« slots is modelled as an availability timeline. An idle
slot is free from the current time ¢; a running slot is busy until the expected completion of
its job (the scheduler tracks expected completion times at dispatch, since it plans with the
mean service time ¢;). Every slot is either idle or running under the on-demand pool, so
the timeline spans all Ci,.x slots.

Candidate ordering. For each waiting job the scheduler computes the expected ser-
vice time e; = min,, W (k;, g(m)) over capable slots and classifies it against the soonest
time a slot would free for a job not dispatched now, Zge.:

* Urgent: t + ¢; < d; < tgee + €. The job meets its deadline only if dispatched now.
Ordered by earliest deadline (EDF).
* Normal: tg. + ¢; < d;. The job can wait for the next slot and still finish in time.
Ordered by shortest e; (SPT), which minimises mean wait.
* Hopeless: ¢ + ¢; > d;. The deadline is unreachable even with immediate dispatch.
Ordered last.
Because the objective penalises the deadline-miss indicator rather than continuous tardi-
ness (Section 3.6), demoting hopeless jobs is correct: a job that will miss regardless should
not displace a job that can still be saved. This is the key advance over SPT+Rescue, whose
fixed laxity threshold promotes all low-laxity jobs, including already-doomed ones, ahead
of savable normal-tier jobs.

Anticipation (load-gated reservation). Below saturation the scheduler reserves a
small amount of idle capacity for anticipated tight-deadline (rush-order) arrivals rather
than spending it on loose jobs that have ample slack, and it dispatches waiting tight jobs
eagerly so that a held slot is actually taken by the rush job it was kept for. The reservation
count ps sets how many idle slots are held back (ps = 1 by default); tight jobs may
always use any idle slot, and only loose jobs are withheld, so deadline-critical work is
never starved of capacity. The mechanism is gated by the offered load p = AW /Cax,
computed from the known arrival rate A\ (Remark 6, Chapter 3) and the mean service time
W: when p > Paate (here 0.95) the system is saturated, every slot is needed immediately,
and reservation is disabled (any p.s reduces to the plain forward-simulation policy); when

p < peae there is genuine spare capacity to hold. This is the operational meaning of an-
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ticipation being self-limiting: it activates exactly when reserving a slot for an imminent
tight arrival does not delay a job that cannot wait. Section 5.5.6 shows that load-gated an-
ticipation substantially reduces tight-deadline miss below saturation (the surge day) while
the gate correctly switches it off under saturation (the hectic day), where reserving capac-
ity would only delay jobs that cannot be deferred. Because the gate disables reservation
under saturation, the hectic-day and monthly-headline results are produced by the plain
forward-simulation policy and are unaffected by anticipation.

Node selection. Within a placement the GPU type is chosen by minimising the bi-
objective contribution (expected wait and miss penalty, plus operational cost), with a stock
and reliability penalty derived from s,(¢) so the scheduler avoids scarce or unreliable types

when comparable alternatives exist.

Algorithm 4 Rolling-Horizon Scheduler

Require: Queue (); usable slots .S (idle now, or running until expected completion); time
t; arrival rate \; reservation pre; gate pgaie

1:p 4+ AW /Cpa; R & prsifp < Peate €lse 0 {load gate: reserve only below
saturation}
build slot timelines from S; 4., <— soonest time a slot frees for a non-dispatched job
for each job 7 € () do

e; < min,, W(x;, g(m)) over capable slots

end for

A A T

order (): hopeless (t + ¢; > d;) last; else if R > 0 and j tight, urgent (by d;, eager);
else urgent (tge. + €; > dj, by d;); else normal (by e;)
7: for each candidate j in order do
8:  place j at its earliest feasible start minimising wqes(01w; + @2(1 — 6;)) + WeostCj
plus stock/reliability penalty
9: end for
10: commit each job whose placement starts at ¢ on an idle slot
11: if R > 0: withhold loose-job commits so at least R idle slots stay free for tight arrivals

12: discard uncommitted placements and re-plan at the next event

The RH scheduler is implemented in CGRSP/cgrsp/schedulers/rolling _horizon
_scheduler.py. Anticipation is enabled (p.s = 1, load-gated) in all experiments; be-
cause the gate disables it under saturation, the hectic-day and monthly headline results are
identical to the plain forward-simulation policy, while the surge day exhibits its benefit.

The reservation count and the gate are examined in Section 5.5.6.
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4.5.11 CADR: Cost-Aware Deadline-Risk

The Cost-Aware Deadline-Risk (CADR) scheduler is the second scheduling contribution
of this work. Like RH, CADR classifies waiting jobs into tiers based on deadline urgency;
unlike RH, it uses a scale-free critical ratio rather than a forward-simulation timeline, and
it integrates cost-aware node selection as a secondary objective.
Critical ratio. For each job j at scheduling time ¢ with estimated service time e; =
min,,e; W(k;, g(m)), the critical ratio is:
d; —1

CR, () = = (4.5)
J

A ratio CR; < 1 means the job cannot meet its deadline even with immediate dispatch
(the remaining time is less than the required service time); CR; = CR" is the boundary
between at-risk and safe jobs, with a baseline CR* = 3.

Three-tier classification. At each scheduling event the waiting queue is partitioned
into:

* Doomed (CR; < 1): deadline is unreachable even now; dispatched last so they do
not displace savable jobs.

» At-risk (1 < CR; < CR"): deadline is reachable but slack is tight; dispatched in
earliest-deadline-first (EDF) order.

+ Safe (CR; > CR"): ample slack remaining; dispatched in shortest-processing-time
(SPT) order to minimise mean wait.

Cost-aware node selection. Within a placement, CADR first restricts the capable
nodes to those not currently low on stock (falling back to all capable nodes only when
every capable node is low-stock, since low stock signals a longer expected provisioning
delay), then selects the cheapest among them whose estimated finish time satisfies the
deadline (deadline-feasible cheapest node). If no deadline-feasible node exists, it falls
back to the fastest available node. This integrates cost awareness directly into dispatch
rather than as a post-hoc re-scoring.

Why CADR has lower tardiness than RH. RH’s forward-simulation demotes jobs to
the “hopeless” tier as soon as the timeline shows they will miss, which can push those jobs
far back in the queue, resulting in very large lateness for the jobs that do miss. CADR’s
critical-ratio demotion is less aggressive: a doomed job (CR; < 1) is dispatched last, but
its relative position is determined only by the current instant, not by a multi-step forward
plan. As a result, missed deadlines under CADR are missed by less, giving substantially
lower mean tardiness than RH while keeping the miss count nearly as low.

Ablation variant. The CADR-order-only (CADR-OO) variant retains the three-tier
critical-ratio ordering but replaces cost-aware node selection with the fastest-available-

node rule used by SPT. This isolates the contribution of the cost-aware placement compo-
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nent from the ordering component (Section 5.4).

Algorithm 5 CADR Scheduler
Require: Queue Q; idle node set I; current time ¢; threshold CR* = 3
1: for each job j € Q do

2: ej « ming,er W(kj, g(m))

3 CR;« (dj—1t)/e;

4: end for

: Qaoomed < {J € @ : CR; < 1}, ordered last

: Qurisk < {7 € Q : 1 < CR; < CR*}, sorted by d; ascending (EDF)
: Qufe < {7 € Q : CR; > CR"}, sorted by e; ascending (SPT)

8: for each job j in Quyisk || Qsate || Qdoomed dO

9: if I = () then

10: break

11:  endif

12: Igeasivle < {m € I : t +¢;(m) < d;} {deadline-feasible nodes}
13: if Tgasivie 7 0 then

~N O W

14: m* <— argmin,cr,. ... Pg(m) tcheapest per-second rate, ties by exec time}
15:  else

16: m* <— argmin,,c; W(k;, g(m)) {fastest fallback}

17:  endif

18:  Assign j — m*; remove m* from /
19: end for

The CADR scheduler is implemented in CGRSP/cgrsp/schedulers/cost_aware
_deadline_risk.py. The critical-ratio threshold CR* = 3 is the baseline; its sensitivity

is examined in Section 5.5.5.

4.5.12 Adaptive: Queue-Pressure EDF-SPT Hybrid

The Adaptive scheduler is a third hybrid policy, evaluated alongside RH and CADR to
test the alternative “adaptive SPT-EDF hybrid” design. Like SPT+Rescue it uses a laxity
threshold to separate urgent from non-urgent jobs, but it adds two refinements: a hopeless
tier that demotes already-doomed jobs (as in RH and CADR), and a queue-pressure rule
that widens the urgent tier as the backlog grows, so the policy interpolates between SPT
under light load and EDF under heavy load.

At each scheduling event the laxity of job j is computed exactly as in SPT+Rescue
(Eq. 4.3), L;(t) = d;j — t — min,,,c; W(k;, g(m)), and the queue is partitioned into three
tiers against an effective threshold 0.

* Critical (0 < L; < 0O.x): dispatched first, in earliest-deadline (EDF) order.
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» Safe (L; > 0.): dispatched next, in shortest-processing-time (SPT) order.
* Hopeless (L; < 0): amiss is already unavoidable; dispatched last (EDF order within
the tier) so these jobs do not displace savable work.

The queue-pressure adaptation sets O, = 6 (baseline 600 s) under normal load, but ex-
pands it to the full loose-deadline window (A = 28800 s) whenever the waiting queue
exceeds a pressure threshold P (baseline 10 jobs). Under that expansion every job with
positive laxity falls into the critical tier, so the policy reduces to EDF ordering with
hopeless-demotion exactly when the system is congested, the regime in which deadline
ordering is most valuable; when the backlog is short it behaves as SPT for the safe ma-
jority. Critical-tier jobs are placed on the fastest deadline-reliable node (with a stock and
provisioning-reliability penalty), while safe-tier jobs use the same speed-weighted cost-
aware node score as SPT (Eq. 4.1).

Algorithm 6 Adaptive EDF-SPT Hybrid Scheduler
Require: Queue (); idle node set I; current time ¢; threshold 6; pressure P

—_—

: Oer < 28800 if |Q| > P else 6 {queue-pressure widening}
: for each job j € ) do

e; < ming,er W(kj,g(m)); L; <+ d; —t—e;
end for
Quit < {j : 0 < L; < O} sorted by d; (EDF)
Qsafe < {J : Lj > O} sorted by e; (SPT)
Qhope < {J : Lj < 0} sorted by d;, ordered last
for each job j in Qi || Qsate || Qhope dO

if 7 = () then
10: break
11:  endif

A A A A o

12:  m* < fastest reliable node if j critical, else speed-weighted cost-aware node
(Eq. 4.1)

13:  Assign j — m*; remove m* from [

14: end for

The Adaptive scheduler is implemented in CGRSP/cgrsp/schedulers/adaptive
_scheduler.py. It differs from RH in that its tier boundary is driven by an instanta-
neous laxity-and-queue-length rule rather than a forward-simulation timeline, and from
CADR in that it uses an absolute laxity threshold rather than a scale-free critical ratio. Its

empirical behaviour relative to RH and CADR is reported in Chapter 5.

4.6 Metrics Collection

The simulator records per-job metrics at the time of job completion:

36



Chapter 4. System Design and Scheduling Algorithms

. t;”bmit, e, tjf-‘niSh: timestamps in seconds

© w; = 5" — 5™ waiting time (Eq. 3.7)

o 7y = st — bmit response time (Eq. 3.8)

* 0 = l[tg-m“h < d;]: deadline adherence indicator (Eq. 3.9); the miss indicator is
1 — d;, and the miss rate is 1 — 7 3=, 0;

* cj = W(kj,g(m;)) - pgim;): job execution cost (Eq. 3.11)

Fleet-level metrics (utilisation per node type, total idle time, total provisioning delay)
are accumulated continuously. All metrics are reported at the end of the simulation via
get_metrics_summary (), which returns a structured dictionary used both for JSON ex-
port and for the PDF report generator.
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CHAPTER 5

EXPERIMENTAL RESULTS AND ANALYSIS

5.1 Experimental Setup

5.1.1 Platform and Data

All experiments are conducted using the CGRSP simulator with per-stratum mean execu-
tion times from RunPod Secure Cloud derived from 6,627 real rendering jobs collected
from the platform between July 2025 and June 2026. The jobs span four GPU types
(RTX 3090: 1,119 jobs, RTX A5000: 4,916 jobs, RTX A4000: 257 jobs, RTX A4500:
335 jobs), three scene complexity levels, and a range of resolutions (1080p to 4K). In the
raw dataset, execution times range from 30 seconds to 352 seconds, with an aggregate
coefficient of variation of ~0.28 across the whole dataset and a smaller within-stratum
dispersion (pooled oy, ~ 0.11) once complexity and GPU type are fixed. The simulator
samples realised service times from per-stratum log-normal distributions centred on the
stratum mean W (k, g) (Remark 1, Chapter 3).

Operational costs are based on RunPod Secure Cloud secure pricing from a snapshot
taken on 10 March 2026, treated as fixed deterministic constants throughout all simula-
tions (RunPod prices change over time; these values represent a point-in-time snapshot):
RTX A5000 $0.27/hr, RTX 3090 $0.46/hr, RTX A4500 $0.25/hr, RTX A4000 $0.25/hr.
The RTX 3090 is the most expensive GPU in the fleet at $0.46/hr, approximately 70 per
cent more expensive than the A5000, yet is the second-fastest on average (78.1s vs 74.0's
for A5000); this cost-speed trade-off is the primary driver of the cost-aware scheduler de-
signs (RH, CADR, Balanced). The A4500 and A4000 share the same hourly rate ($0.25/hr)
at this snapshot date, so cost differentiation between those two types is absent; the sched-
uler can exploit the speed difference between them without any cost penalty.

Figure 5.1 summarises the empirical dataset. The arrival pattern (panel a) shows a pro-
nounced peak between 06:00 and 09:00 UTC, consistent with morning rendering bursts;
the four day-type arrival rates (\) are calibrated to this pattern. The execution-time distri-
butions (panel b) confirm right-skewed, GPU-dependent walltimes with medians ranging
from 68 s (RTX A5000) to 87 s (RTX A4000), motivating the per-stratum log-normal ser-
vice model.

The simulation environment parameters are:

38



Chapter 5. Experimental Results and Analysis

Historical rendering job dataset: arrival pattern and execution times

(a) Arrival pattern by hour of day (6,627 jobs, Jul 2025 to Jun 2026) (b) Execution-time distribution by GPU type
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Figure 5.1: Empirical rendering job dataset (6,627 jobs, July 2025 to June 2026). (a) Hourly
arrival counts: the 06:00-09:00 UTC peak (red) drives the hectic and surge day-type calibration;
off-peak hours are shown in grey. (b) Execution-time box plots per GPU type (IQR box, median
white line, whiskers at 1.5 x<IQR, outliers as dots): the RTX A5000 is fastest (median 68 s) and the
RTX A4000 slowest (median 87 s), with right skew in all strata justifying the log-normal service
model.

CGRSP System Architecture

Job Generator Scheduler Fleet Manager
Poisson arrivals FIFO / SPT / EDF GPU slot state
Complexity & deadline dist. LCF / Balanced / Random Stock-status provisioning
'
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Figure 5.2: CGRSP system architecture: four components interact through a shared discrete-event
queue. The Job Generator produces a Poisson job stream; the DES Core advances simulation
time and invokes the Scheduler at each event; the Scheduler queries the Fleet Manager for idle
slots and returns assignments; the Metrics Collector records per-job outcomes. The GPU fleet
(dashed box) comprises four heterogeneous GPU types operating under stochastic stock-status
provisioning-delay dynamics.
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* Simulation duration: 86,400 seconds (24 hours) per run

» Concurrency limit: Ci,,x = 5 (RunPod default account limit [1], maximum simulta-
neous GPU instances; fixed platform constraint)

* Job arrival: Poisson process with day-type-calibrated burst rate A and total job count
Niobs- These are independent parameters: the simulator generates exactly Njps jobs
with inter-arrival times ~ Exp()\), so the active arrival window is approximately
Niobs/ A seconds, not A x 86,400 s:

— Quiet: A = 0.0008 j/s, 6 jobs/day (arrival window 2.1 hr)

— Normal: A\ = 0.002 j/s, ~100 jobs/day (arrival window ~13.9 hr)

— Hectic: A = 0.100 j/s, ~950 jobs/day (arrival window ~22.6 hr; capacity satura-
tion p > 1)

— Surge: A = 0.020 j/s, 730 jobs/day (arrival window ~10.1 hr)

* Deadline: heterogeneous distribution: 20% of jobs have a tight 1-hour deadline
(Thgne = 3,600s, rush orders) and 80% have a loose 8-hour deadline (Tipose =
28,800 s, standard renders). Objective weights: a; = 1 (penalty per second of wait)
and co = 10 (penalty per missed deadline); the ratio as /vy = 10 is swept in Sec-
tion 5.5.7. This split is a modelling assumption reflecting a rendering studio context
in which a minority of frames are time-critical (client delivery, real-time preview)
while the majority are standard batch renders with flexible delivery windows. A
uniform deadline distribution would fail to reveal the starvation-deadline trade-off
between SPT and SPT+Rescue. The sensitivity of all results to this assumption is
assessed explicitly in Section 5.5.2, which sweeps the tight-deadline fraction from
10% to 90%.

* Availability: each rental request incurs a stock-status-dependent provisioning delay
(Section 3.2), instantiated from 77 RunPod pricing snapshots collected in March
2026. Per-type baseline high-stock probabilities 5,: RTX 3090 50%, RTX A5000
65%, RTX A4500 70%, RTX A4000 75%. The time-of-day multiplier m(t) scales
the high-stock probability: off-peak (x1.3), morning (x0.9), peak (x0.5), evening
(x1.0). Provisioning delays are drawn uniformly from stock-status ranges: High 0—
10s, Medium 30-120 s, Low 600-7200s. Under the calibrated operating point the
High and Medium states carry essentially all probability mass for the four fleet types,
so the long-delay Low regime is rarely entered. Figure 5.3 shows the m(¢) step func-
tion alongside the real job arrival pattern; the 77 API snapshots are concentrated at
hours 01:00-02:00 and 18:00-19:00 UTC, so m(t) is a parametric calibration rather
than a pointwise empirical fit.
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Figure 5.3: Diurnal availability model and real job arrival pattern. (a) The parametric step function
m(t) applied to GPU high-stock probabilities: peak hours 09:00-18:00 UTC reduce availability by
half (x0.5, red); morning 06:00—09:00 moderately reduces it (x 0.9, orange); off-peak 18:00—24:00
raises it (x 1.3, green); evening 00:00—06:00 is neutral (x 1.0, blue). Rug marks at the bottom show
the 77 RunPod API snapshot times, which are concentrated in two narrow windows. (b) Actual
hourly job count from 6,627 production rendering jobs (July 2025 to June 2026), coloured by the

corresponding m(t) band. The arrival peak at 06:00-09:00 UTC aligns with the morning band,
confirming that the simulator’s day-type calibration reflects real operational load.
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5.1.2 Evaluation Phases

Four phases of evaluation are conducted (phases are numbered from 2; Phase 1 comprised

initial exploratory calibration runs not reported here):

Phase 2 Single-seed benchmark (seed=42) on a hectic day (~950 jobs/day, Cp.x = 5,
A = 0.100 j/s, 20% tight 1h / 80% loose 8h deadlines). Provides illustrative point
estimates for all seven baseline schedulers under capacity saturation (p > 1); being
single-seed it carries no confidence interval and is superseded by the n = 30 Phase 3
statistics for every inferential claim. RH and CADR are not included in Phase 2;

they are evaluated from Phase 3 onward.

Phase 3 Statistical 30 independent replications (seeds 0 to 29) on hectic-day workload
(~950 jobs/day). Computes 95% confidence intervals and paired ¢-tests (with a
Wilcoxon signed-rank backup) and Cohen’s d for pairwise comparisons. Includes
RH, CADR, and the CADR-order-only (CADR-OO) ablation variant. Tardiness

(mean minutes past deadline) is reported as a diagnostic alongside miss rate.

Phase 3 Sensitivity Compares all schedulers across four operationally calibrated day
types (quiet/normal/hectic/surge) at Cl.x = 5, with 30 seeds per day type (1,200
total runs). Identifies the load regime where scheduler differences become opera-

tionally significant.

Phase 4 30-day monthly simulation (10 replications, empirically calibrated day-type dis-
tribution: quiet/normal/hectic/surge). Aggregates scheduler performance across
monthly workload variation to assess operational readiness. Ten replications rather
than 30 were used because each replication simulates 30 days of continuous opera-
tion; 10 replications yield 95% Cls with t§ = 2.262, providing adequate precision
for the monthly comparison objective.

A deadline tightness sensitivity study sweeps tight-deadline fraction fign € {10%,
30%, 50%, 70%, 90%} under surge-day conditions (Cp.x = 5, A = 0.020 j/s, 730 jobs/day,
30 seeds each) to identify the load regime where EDF’s deadline-safety advantage over

SPT is maximised.

5.1.3 Statistical Methodology

All statistical comparisons use a paired ¢-test on the per-seed averages, with a Wilcoxon
signed-rank test as a distribution-free backup. Every scheduler is evaluated on the same
30 seeds with identical generated jobs per seed, so the per-seed observations are matched
(a randomised block design); the paired test is therefore both valid and more powerful

than an unpaired alternative, as it removes the between-seed variance that the schedulers
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share. Effect sizes are reported as Cohens d = (11 — £12) / Spooled> Where Spolea 1S the pooled
standard deviation. The threshold |d| > 0.8 is used as the criterion for a practically mean-
ingful effect (“large” by Cohen’s convention [22]). Confidence intervals are computed
as T £t ;- (s/y/n) with t5y = 2.045 for n = 30, @ = 0.05. The choice of n = 30
independent replications satisfies the standard requirement for the central limit theorem
to yield approximately normal sampling distributions of per-seed means, enabling valid
parametric inference [19]. Consistent with the lexicographic objective (Eq. 3.10), which
prioritises QoS over operational cost rather than collapsing them into one scalar, all exper-
imental comparisons report each component separately (average wait time, deadline miss
rate, operational cost) rather than as an aggregate. Decomposed reporting enables direct
identification of which dimension drives scheduler differences: a scheduler that reduces
miss rate by increasing wait time would appear identically weighted in a scalar objective
but the trade-off is transparent in the decomposed view. Each pairwise comparison in
Table 5.3 tests a pre-specified directional hypothesis grounded in scheduling theory (e.g.
SPT reduces wait by shortest-job-first ordering; EDF reduces miss by deadline ordering)
rather than a data-driven hypothesis selection; a Holm-Bonferroni step-down correction
over the full pairwise family is nonetheless applied to control the family-wise error rate,

and (as reported below) every comparison significant at the uncorrected level survives it.

5.2 Phase 2: Seven-Scheduler Benchmark

Table 5.1 and Figure 5.4 report Phase 2 results for all seven schedulers on a hectic day;
Figure 5.4 additionally contrasts a normal day (top row), where all schedulers achieve
near-zero miss, to show that the saturated hectic day is the regime in which scheduler
choice matters.

Table 5.1: Phase 2 benchmark: hectic day (~950 jobs/day), Cnax = 5, seed=42, A = 0.100 j/s,
20% tight 1h / 80% loose 8h deadlines (capacity saturation: p > 1)

Scheduler Avg Wait (min) Miss % Cost ($) Util (%) Completed

SPT+Rescue 146.81 15.79 6.38 95.7 950/950
SPT 135.29 17.16 5.95 95.7 950/950
EDF 147.84 5.16 6.13 95.7 950/950
LCF 168.85 26.84 6.22 95.7 950/950
Balanced 168.85 26.84 6.22 95.7 950/950
FIFO 158.48 23.58 6.09 95.7 950/950
Random 148.91 19.26 6.27 95.7 950/950

Key observations from Phase 2:
* Under capacity saturation (~950 jobs, C\,.x = 5, p > 1), SPT achieves the lowest

waiting time (135.29 min). When arrivals greatly exceed service capacity, SPT’s
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Phase 2 Benchmark: Normal vs Hectic Day (Cna.x=5, seed=42)
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Figure 5.4: Phase 2 benchmark results (Cinax = 5, seed=42, 20% tight 1h / 80% loose 8h dead-
lines). Top row: a normal day (~100 jobs/day, p < 1), where all schedulers achieve near-zero miss
and sub-10-minute wait, confirming that scheduler choice is immaterial under light load. Bottom
row: the hectic day (~950 jobs/day, A = 0.100 j/s; capacity saturation), the discriminating regime
analysed below. On the hectic day SPT achieves the lowest wait (135.29 min) and competitive
miss (17.16%); SPT+Rescue reduces FIFO miss from 23.58% to 15.79% at 146.81 min wait; EDF
achieves 5.16% miss but at 147.84 min wait; FIFO, LCF, and Balanced ignore deadlines and incur
the highest miss (FIFO 23.58%).
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shortest-job-first ordering clears the largest number of short jobs first, minimising
the mean number of jobs waiting in the queue and so achieving the lowest wait.

* SPT+Rescue reduces FIFO miss substantially (from 23.58% to 15.79%). The lax-
ity rescue mechanism provides meaningful deadline improvement over FIFO-class
schedulers at 146.81 min wait.

* EDF achieves near-SPT miss rate (5.16%) in this seed but at 147.84 min wait
(vs. SPT’s 135.29 min). This single-seed estimate is substantially lower than EDF’s
Phase 3 mean of 11.82% (n = 30), reflecting high seed-to-seed variance under satu-
ration; the Phase 3 result provides the reliable cross-seed estimate. EDF’s deadline
ordering is effective but its wait-neutral characteristic becomes costly under satura-
tion.

* FIFO, LCF, and Balanced incur the highest miss rates (FIFO 23.58%). These
schedulers process jobs without deadline awareness; under saturation, a large fraction
of tight-deadline jobs fail to complete within 1 hour.

* All schedulers achieve 95.7% concurrency utilisation and 100% job completion (all
950 jobs dispatched).

5.3 Phase 3 Statistical Validation

Table 5.2 reports Phase 3 results over n = 30 seeds on hectic-day workload (Chx =
5, ~950 jobs/day, A = 0.100 j/s, 20% tight 1h / 80% loose 8h deadlines), with 95%

confidence intervals.

Table 5.2: Phase 3 statistical validation: n = 30 seeds, hectic day (Cpax = 5, ~950 jobs/day,
A =0.100 j/s, 20% tight 1h / 80% loose 8h deadlines; capacity saturation p > 1)

Scheduler Avg Wait (min) 95% CI Miss % 95% CI Avg Tardiness (min) Cost ($)
RH 128.83 [124.48,133.17] 7.54 [6.19,8.89] 20.30 6.09
CADR 132.81 [128.63,136.99] 7.88 [6.30,9.47] 6.08 6.13
SPT+Rescue 13521 [131.32,139.11] 12.40 [10.81,13.99] 5.96 6.10
Adaptive 154.77 [150.57,158.97] 9.28 [7.65,10.92] 2.70 6.15
SPT 129.41 [125.24,133.58] 13.85 [11.94,15.76] 14.48 6.06
EDF 158.17 [154.46,161.89] 11.82 [10.29, 13.35] 3.42 6.12
LCF 157.19 [154.20,160.19] 22.30 [21.32,23.28] 23.07 6.13
Balanced 153.94 [150.16,157.73] 20.73 [19.23,22.23] 22.16 6.11
FIFO 158.77 [155.37,162.16] 23.01 [21.91,24.11] 23.67 6.15
Random 155.87 [152.03,159.72] 20.99 [19.85,22.12] 29.34 6.14

Paired ¢-test results (Table 5.3):

The p-values are computed from the exact Student ¢-distribution for the
paired differences (df = n — 1), so they match an independent recomputation
(scipy.stats.ttest_rel); a Wilcoxon signed-rank test agrees with every significant
result, confirming the conclusions are not artefacts of the normality assumption. Because

Table 5.3 reports a family of 22 pairwise comparisons, a Holm-Bonferroni step-down
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Table 5.3: Pairwise paired t¢-test results, Phase 3 (n = 30, Chnax = 5, hectic day ~950 jobs/day,
20% tight 1h / 80% loose 8h deadlines). Each comparison is matched on seed; a Wilcoxon signed-
rank test agrees with every entry.

Comparison Metric t p-value Significant? Cohen’s d
SPT vs FIFO Avg wait —16.526 < 0.001 Yes —2.882
SPT vs FIFO Missrate —10.231 < 0.001 Yes —2.197
SPT+Rescue vs FIFO Avg wait —13.367 < 0.001 Yes —2.406
SPT+Rescue vs FIFO Missrate —14.531 < 0.001 Yes —2.899
EDF vs FIFO Avg wait  —0.366 0.717 No —0.062
EDF vs FIFO Miss rate —14.548 < 0.001 Yes —3.138
Random vs FIFO Miss rate  —3.659 0.001 Yes —0.676
SPT vs EDF Miss rate  +1.845 0.075 No +0.438
RH vs FIFO Avg wait —13.847 < 0.001 Yes —2.866
RH vs FIFO Miss rate —21.304 < 0.001 Yes —4.699
RH vs SPT+Rescue Avg wait  —3.235 0.003 Yes —0.578
RH vs SPT+Rescue Missrate —7.104 < 0.001 Yes —1.231
RH vs CADR Miss rate  —0.456 0.652 No —0.088

correction was applied to control the family-wise error rate. All 15 comparisons sig-
nificant at the uncorrected 0.05 level remain significant after the correction (the largest
surviving p-value is 0.003), so none of the significance claims in this section is an artefact
of multiple testing.

Key statistical findings:

* SPT achieves the lowest wait under capacity saturation. Under hectic overload
(~950 jobs, p > 1), SPT achieves the lowest wait and is statistically tied with EDF
on miss (13.85% vs 11.82%, overlapping CIs). The effect vs FIFO is large on both
metrics.

* SPT+Rescue achieves similar miss to SPT (12.40% vs 13.85%) but at higher wait
(135.21 min vs 129.41 min). Under full saturation (p > 1), the rescue tier reorders
urgent jobs ahead of the normal SPT queue but cannot prevent misses caused by
the Cax = 5 concurrency ceiling; promoting urgent jobs displaces normal-tier jobs,
adding wait without reducing net miss. The rescue mechanism does reduce cross-
seed miss variance, yielding a larger Cohen’s d vs FIFO (d = —2.899) than bare
SPT (d = —2.197), a standardised-effect artefact, not a mean-level improvement.
SPT+Rescue still provides a very large improvement over FIFO/LCF/Balanced on
both metrics.

* EDF achieves near-SPT miss rate, but with no wait improvement over FIFO. EDF’s
deadline-ordering helps vs FIFO on miss but adds no wait benefit; it reorders with-
out shortening execution time. Notably, EDF achieves very low mean tardiness
(3.42 min), second only to the Adaptive hybrid (2.70 min), because its unconditional

deadline ordering ensures that even missed jobs are missed by a small amount.
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* RH achieves the lowest miss rate under hectic saturation (7.54%) while its mean
wait (128.83 min) is the best-in-class, essentially tied with SPT (129.41 min) and
lower than SPT+Rescue (135.21 min). RH thus Pareto-dominates SPT+Rescue
on both QoS metrics: significantly lower miss (d = —1.231, p < 0.001) AND
significantly lower wait (d = —0.578, p = 0.003), at an operational cost within
roughly 1% of SPT+Rescue (Section 5.5.7). Versus FIFO both gaps are large and
significant (miss d = —4.699, wait d = —2.866, both p < 0.001). RH’s mean
tardiness (20.30 min) is substantially higher than EDF’s (3.42 min): its aggressive
forward-simulation demotion of doomed jobs pushes sacrificed jobs far back in the
queue, so the deadlines that are missed are missed by more.

* CADR achieves near-RH miss (7.88%) while cutting RH’s mean tardiness by
over 60% (6.08 min vs 20.30 min). CADR’s critical-ratio triage is less aggres-
sive than RH’s forward-simulation demotion: doomed jobs are dispatched last but
are not pushed as catastrophically late as under RH. At Phase 3 hectic load, CADR
Pareto-dominates SPT+Rescue: it achieves lower miss (7.88% vs 12.40%), lower
wait (132.81 min vs 135.21 min), and comparable tardiness (6.08 min vs 5.96 min).
RH and CADR are in fact statistically tied on miss rate (t = —0.456, p = 0.652 n.s.;
RH 7.54% vs CADR 7.88%), so the choice between the two proposed schedulers
turns on tardiness rather than on a significant miss-rate difference: RH holds the low-
est miss point estimate (and the fewest missed jobs overall), while CADR matches
it at substantially lower lateness. Operators who care about the severity of misses,
not only their count, therefore prefer CADR over RH; operators who care only about
minimising the count of missed deadlines prefer RH.

* The Adaptive queue-pressure EDF-SPT hybrid lands in the mid-tier (9.28%
miss, 154.77 min wait, 2.70 min tardiness). Its queue-pressure rule widens the
urgent tier to every positive-laxity job once the backlog exceeds ten, so under hectic
saturation it reduces to EDF ordering with hopeless-demotion. This betters plain EDF
(11.82%), SPT (13.85%) and SPT+Rescue (12.40%) on miss while keeping EDF-like
low tardiness, but it does not match the anticipative RH (7.54%) or CADR (7.88%),
and its mean wait stays at FIFO level because EDF ordering carries no throughput
benefit. Adaptive is in fact dominated by CADR on all three metrics, confirming
that the adaptive SPT-EDF hybrid design is sound but the proposed RH and CADR
policies are stronger.

* FIFO, LCF, and Balanced incur the highest miss rates. These schedulers carry
no deadline information; under saturation approximately one-third of tight-deadline

jobs miss their 1-hour window.
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5.4 Ablation Analysis

Table 5.4 traces the evolutionary chain FIFO — SPT — SPT+Rescue — RH on Phase 3
hectic-day results (n = 30 seeds), showing how each algorithmic addition changes wait
time, deadline miss rate, and mean tardiness relative to the previous step. EDF is included
as an alternative single-criterion branch off FIFO (a deadline-driven sibling of the shortest-
job-first SPT), isolating which design ingredient, shortest-job-first ordering or deadline
awareness, drives each metric. CADR and the CADR-order-only (CADR-OQ) ablation
variant are included to show the contribution of the cost-aware placement component, and
the Adaptive queue-pressure EDF-SPT hybrid is included as an alternative hybrid branch.
Cohen’s d values measure the effect size of each step: positive d indicates an increase

(worse) relative to the comparison policy, negative d indicates a decrease (better).

Table 5.4: Ablation analysis: evolutionary chain on Phase 3 hectic day (n = 30 seeds, Cax = 5,
~950 jobs/day). Cohen’s d for SPT, EDF, RH, and CADR is relative to FIFO; for SPT+Rescue it
is relative to SPT. The RH and CADR comparisons against SPT+Rescue are reported in Table 5.3
and the Phase 3 statistics (Section 5.3).

Scheduler Avg Wait (min) Miss % Avg Tardiness (min) Cohen d (wait) Cohen d (miss)
FIFO 158.77 23.01 23.67 - -
SPT 129.41 13.85 14.48 -2.882 -2.197
EDF 158.17 11.82 3.42 -0.062 -3.138
SPT+Rescue 135.21 12.40 5.96 0.537 -0.308
RH (resource-aware) 128.83 7.54 20.30 -2.866 -4.699
CADR (proposed) 132.81 7.88 6.08 -2.545 -4.140
Adaptive (EDF-SPT hybrid) 154.77 9.28 2.70 -0.390 -3.675
CADR-order-only 134.48 7.84 6.02 - -
Ablation findings:

1. SPT over FIFO: shortest-job-first ordering produces a large reduction in wait time
(d vs FIFO from Table 5.3) and a statistically significant miss reduction, confirming
that shortest-job-first ordering benefits both metrics simultaneously under saturation.

2. EDF over FIFO: pure earliest-deadline ordering cuts the miss rate by almost as much
as SPT (large negative d on miss) but leaves wait time essentially unchanged (near-
zero d on wait). Contrasting the EDF and SPT branches isolates the two design
ingredients: deadline awareness alone is sufficient to reduce misses under satura-
tion, whereas the wait-time benefit comes specifically from shortest-job-first order-
ing. This motivates the hybrid designs, which seek both effects at once. EDF also
achieves near-lowest mean tardiness (3.42 min, marginally above the Adaptive hy-
brid’s 2.70 min), because its deadline ordering ensures even missed jobs are missed
by a small amount.

3. SPT+Rescue over SPT: the laxity rescue mechanism reduces miss rate variance
across seeds (reflected in the Cohen d vs FIFO being larger for SPT+Rescue than

for SPT) but increases mean wait time because urgent-tier promotions displace short
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normal-tier jobs.

. RH over SPT+Rescue: RH improves BOTH miss and wait over SPT+Rescue,
achieving lower wait AND lower miss (Table 5.3: d = —0.578 wait, d = —1.231
miss vs SPT+Rescue), unlike any prior step in this chain. Replacing the fixed laxity
threshold with timeline-derived urgency restores SPT shortest-job-first ordering for
jobs with slack, cutting wait back to SPT-level; simultaneously, hopeless-demotion
(blocking already-doomed jobs from displacing savable ones) combined with precise
forward-simulation urgency cuts miss below SPT+Rescues fixed-threshold approach.
However, RH’s aggressive demotion of doomed jobs increases mean tardiness rela-
tive to SPT+Rescue (20.30 min vs 5.96 min): jobs that are pushed to the back are
missed by substantially more.

. CADR at Phase 3 hectic load Pareto-dominates SPT+Rescue on miss (7.88% vs
12.40%), wait (132.81 min vs 135.21 min), and comparable tardiness (6.08 min vs
5.96 min). CADR achieves near-RH miss (7.88% vs 7.54%) while cutting RH’s
mean tardiness substantially (6.08 min vs 20.30 min), because its critical-ratio demo-
tion is less catastrophic for already-at-risk jobs than RH’s forward-simulation. RH
retains the lowest miss count; CADR minimises miss count subject to bounded tar-
diness. These are complementary policies, not a linear “each step better” chain: the
right choice depends on whether the operator cares more about the number of missed
deadlines or the severity of the misses.

. CADR-order-only (CADR-OO) ablation: retaining the three-tier critical-ratio or-
dering but replacing cost-aware node selection with fastest-available-node placement
yields 7.84% miss and 6.02 min tardiness, vs CADR’s 7.88% and 6.08 min. The cost-
aware placement component is a small refinement: the gap is small (7.84% vs 7.88%
on miss, and 6.02 min vs 6.08 min on tardiness). This is expected: operational cost
headroom is structurally small in this fleet (a marginal, near-noise gap across poli-
cies), so optimising node selection for cost has only a minor effect on QoS metrics.

. Adaptive queue-pressure hybrid vs the simpler hybrids: the adaptive EDF-SPT
hybrid achieves lower miss (9.28%) than both SPT+Rescue (12.40%) and pure EDF
(11.82%), with EDF-like low tardiness (2.70 min), confirming that widening the ur-
gent tier under queue pressure helps over a fixed laxity threshold. It remains domi-
nated, however, by both proposed schedulers on every metric: RH (7.54% miss) and
CADR (7.88% miss, 6.08 min tardiness). This isolates the value of the two novel
ingredients: queue-pressure tier widening alone improves miss over SPT+Rescue,
but the forward-simulation timeline (RH) and the scale-free critical-ratio triage with

cost-aware placement (CADR) are what reach the lowest miss.
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5.5 Sensitivity Analysis

5.5.1 Day-Type Sensitivity (Ci.x = D)

Table 5.5 summarises the average waiting time and deadline miss rate for all schedulers
across four operationally calibrated day types at Cp.x = 5 (30 seeds per day type). Fig-
ure 5.5 shows the full results. This study uses full 30-seed replication at every day type,
matching the Phase 3 hectic-day protocol (Section 5.3); the surge-day anticipation benefit
is additionally isolated at n = 30 in the dedicated reservation study (Section 5.5.6).

Table 5.5: Day-type sensitivity: avg wait (min) / miss% at Cpax = 5, 20% tight 1h / 80% loose
8h deadlines (n = 30 seeds each). All ten schedulers are shown across the four day types.

Avg Wait (min) / Miss %

Day Type SPT LCF Balanced FIFO EDF Random SPT+Resc. RH CADR Adapt.
Quiet 0.5/0.0 0.5/0.0 0.5/0.0 0.7/0.0 0.5/0.0 0.6/0.0 0.5/0.0 0.5/0.0 0.5/0.0 0.5/0.0
Normal 52/08 4.7/0.6 55/09 7.0/1.2 6.0/1.0 6.6/0.9 52/08 55/08 52/09 52/08
Hectic 129.4/13.8 157.2/22.3 153.9/20.7 158.8/23.0 1582/11.8 155.9/21.0 1352/124 128.8/7.5 132.8/79 154.8/9.3
Surge 90.2/6.3 983/11.0 93.4/106 943/10.7 96.3/1.7 93.7/9.3 89.8/3.1 109.6/14 948/41 953/1.3

Day-Type Sensitivity at Crnax =5 (30 seeds each)

(a) Wait Time by Day Type (b) Deadline Miss Rate by Day Type
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Figure 5.5: Day-type sensitivity at Crax = 5 (30 seeds each, 20% tight 1h / 80% loose 8h dead-
lines): (a) average waiting time and (b) deadline miss rate. Quiet days: 0% miss all schedulers.
Normal days: near-zero miss. Hectic days (~950 jobs, p > 1): RH lowest miss (7.5%, 128.8 min
wait, tied with SPT for lowest wait); CADR near-RH miss (7.9%, 132.8 min wait); SPT lowest
wait (129.4 min, 13.8% miss); FIFO/LCF/Balanced ~=23% miss. Surge days: Adaptive, EDF, and
RH tied for lowest miss (1.3% / 1.7% / 1.4%); SPT+Rescue 3.1%; deadline-unaware schedulers
10 to 11%.

Day-type sensitivity findings:

1. Quiet and normal days show near-zero miss for all schedulers. At ~6 and ~100
jobs/day, load is very light (p < 1): queue wait is sub-minute (quiet) and under 10
min (normal).

2. On hectic days (~950 jobs, C\,.x = 5, p > 1), capacity saturation dominates. RH
achieves the lowest miss in this 30-seed sample (7.5%, 128.8 min wait, essentially
tied with SPT for lowest wait); CADR achieves near-RH miss (7.9%) with lower
tardiness than RH; SPT achieves the lowest wait (129.4 min, 13.8% miss; see Phase 3,
Section 5.3, where n = 30 seeds finds SPT and EDF statistically tied on hectic-day
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miss, p = 0.075 n.s.). Deadline-unaware schedulers (FIFO, LCF, Balanced) incur
~23% miss.

3. On surge days, the Adaptive hybrid, EDF, and RH are tied for the lowest miss.
Under surge conditions (730 jobs, A = 0.020 j/s, below saturation), the slower sus-
tained arrival rate leaves genuine spare capacity between burst windows. RH’s load-
gated anticipation activates here: it reserves a slot for anticipated tight-deadline ar-
rivals and dispatches waiting tight jobs eagerly. This cuts RH surge miss to 1.4%,
essentially tied with EDF (1.7%) and the Adaptive hybrid (1.3%) for the lowest, and
well below SPT (6.3%) and SPT+Rescue (3.1%). Adaptive reaches the lowest tier
here because the below-saturation queue rarely triggers its pressure rule, so it keeps
EDF-style deadline ordering for at-risk jobs while sparing slack jobs, and EDF-style
ordering is exactly what minimises miss when spare capacity exists. RH pays for this
deadline protection with a higher mean wait (109.6 min), because the reserved slot
briefly idles, the same tight-versus-throughput trade-off seen in its hectic profile. The
dedicated reservation study (Section 5.5.6, n = 30 seeds) isolates this anticipation
benefit at full replication and confirms it is specific to below-saturation load.

4. The hectic/surge contrast reveals a load-regime boundary. At surge load: EDF
and SPT+Rescue outperform SPT on miss. At hectic overload: SPT outperforms all

others on wait, and remains competitive on miss.

5.5.2 Deadline Tightness Sensitivity

The deadline tightness study varies the fraction of tight-deadline jobs ( fign € {10%, 30%,
50%, 70%, 90%}) under surge-day conditions (Cyax = 5, 730 jobs/day, A = 0.020 j/s,
tight deadline = 1 hour, loose deadline = 8 hours, 30 seeds each). Table 5.6 and Figure 5.6

report miss rates across the five tight-deadline fractions.

Table 5.6: Deadline miss rate (%) vs tight-deadline fraction, surge day, Cinax = 5, A = 0.020 j/s

Tight % FIFO SPT EDF LCF Balanced Random SPT+Rescue

10% 523 298 057 535 5.14 4.44 1.29
30% 16.43 10.03 4.14 16.81 16.17 13.99 6.51
50% 27.02 17.36 19.20 27.64 26.61 23.34 19.00
70% 37.73 25.45 33.89 38.58 37.31 32.46 34.75
90% 48.38 35.46 47.65 49.54 47.86 41.70 47.17

Deadline sensitivity findings:

1. No scheduler achieves 0% miss across all tight-deadline fractions at surge-day
load. The surge-day capacity ceiling means some misses are unavoidable regardless
of ordering policy as tight-deadline fraction increases.

2. EDF achieves the lowest miss rate when fign¢ < 30%. SPT+Rescue is second-best

at these fractions.
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Deadline Tightness Sensitivity (Surge Day, Cn.x =5, 30 seeds)
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Figure 5.6: Deadline miss rate (%) vs tight-deadline fraction (surge day, Cnax = 5, 730 jobs, 30
seeds). EDF achieves the lowest miss rate at fijon; < 30%; SPT achieves the lowest at fiion; > 50%.

3. SPT achieves the lowest miss rate when fi,ne > 50%. At moderate-to-high tight
fractions, SPT’s shortest-job-first ordering completes more jobs before their dead-
lines expire, outperforming even EDF.

4. Operational recommendation: use EDF or SPT+Rescue when the tight-deadline
fraction is low (fighe < 30%); switch to SPT once a substantial fraction of jobs have
tight deadlines ( fiigne > 50%).

5.5.3 Concurrency Limit Sensitivity

The RunPod platform enforces a default concurrency limit of C,,x = 5 simultaneous
GPU instances [1]. This limit is a cloud-provider policy that may change: RunPod or
operators with enterprise agreements could lower it (tighter cost controls) or raise it (pre-
mium tier, negotiated quota). Table 5.7 evaluates hectic-day performance (n = 10 seeds,
~950 jobs/day) across Cpax € {3,5,7,10} to show how scheduler rankings shift under
alternative provider policies.

Table 5.7: Concurrency limit sensitivity: avg wait (min) / miss% on hectic day (n = 10 seeds,
~950 jobs/day, 20% tight 1h / 80% loose 8h deadlines). The baseline row (Cpax = 5) is the
current RunPod default; other rows correspond to alternative provider concurrency policies.

Avg Wait (min) / Miss %

Crnax FIFO SPT EDF SPT+Rescue RH CADR  Adaptive
Crax = 3 387.5/57.5 3589/552 382.7/50.7 364.1/48.9 358.5/45.9 364.2/473 382.2/489
Crmax = 5 (baseline) 157.1/22.9 127.3/13.6 159.6/12.1 133.5/12.1  126.6/6.9 130.9/6.8 153.2/9.1
Croax =7 40.9/5.2 36.0/3.2 40.8/0.0 36.0/0.0 35.7/2.9 35.7/0.0 40.8/0.0
Crax = 10 6.7/0.0 5.6/0.0 6.7/0.0 5.6/0.0 10.7/0.0 5.8/0.0 6.6/0.0

Chnax sensitivity findings:
1. At Ciax = 3 (restrictive provider policy) all schedulers incur high miss rates.
With only three concurrent slots for ~950 jobs/day (p > 1), the queue never drains;

even deadline-aware schedulers cannot prevent structural saturation misses. Under
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such a policy the choice of scheduling algorithm matters less than the concurrency
ceiling itself.

2. Cpax = 5 (current RunPod default) is the binding operational constraint at
hectic-day load. Even the best deadline-aware schedulers still miss a substantial
fraction of deadlines, whereas a policy increase of two slots to C.x = 7 brings
deadline-aware schedulers to near-zero miss. The returns to added concurrency are
diminishing: the miss reduction from Ci,,x = 3 to 5 is the largest single step, that
from 5 to 7 is smaller, and from 7 to 10 smaller still.

3. At Cyx = 7 (provider policy increase by two slots) deadline-aware schedulers
reach near-zero miss, while FIFO still lags. With seven slots the deadline-aware
policies drain the queue fast enough to meet almost every deadline, but FIFO con-
tinues to incur clearly elevated miss due to the absence of deadline ordering; only at
Ciax = 10 does FIFO also reach zero. This finding is practically relevant: if RunPod
were to raise the default account limit to 7, an operator using FIFO would still benefit
substantially from switching to a deadline-aware scheduler.

4. Scheduler differences are largest at C,,, = 5. At Cy.x = 3 all schedulers con-
verge to near-total saturation; at Cy,,,, > 7 the deadline-aware schedulers converge
to near-zero miss. The current C',,x = 5 operating point therefore maximises the dis-
criminating power of the scheduler comparison and provides the strongest motivation
for deploying RH or CADR.

5.5.4 Rescue Threshold Sensitivity

Table 5.8 sweeps the SPT+Rescue laxity threshold ¢ € {60, 180, 300,600,1200} s on
hectic-day workload (n = 10 seeds, Cnax = 5, ~950 jobs/day). The threshold controls
when a job transitions from the normal SPT tier to the urgent EDF tier.

Table 5.8: SPT+Rescue threshold sensitivity: avg wait (min) and miss% on hectic day (n = 10
seeds, Cmax = 5, 20% tight 1h / 80% loose 8h deadlines). Minimum miss rate row is bold.

Threshold Avg Wait (min) Miss %
0=60s 133.04 12.72
0 =180s 130.50 10.43
60 =300s 132.03 10.97
6 = 600 s (default) 133.45 12.12
6 =1200s 131.80 10.84

Threshold sensitivity findings:
1. Very small 6 (< 60 s) degrades SPT+Rescue towards plain-SPT behaviour. With
a 60 s threshold, few jobs enter the rescue tier early enough to be saved, so the mech-

anism yields the least benefit and the highest miss rate in the sweep (12.72%).
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2. Miss rate depends weakly and non-monotonically on 0, varying within a narrow
band. Across the whole sweep the miss rate stays within a 2.28 percentage-point
band: it is highest at 6 = 60s (12.72%), reaches its lowest value at § = 180s
(10.43%), and is non-monotonic thereafter (12.12% at § = 600s, 10.84% at =
1200 s). Mean wait varies only modestly over the sweep (a spread of roughly eight
minutes) with no systematic trend in . The mechanism is thus not sensitive to the
exact threshold within a broad band, because the loose-deadline majority (80% of
jobs) retains ample slack to absorb the reordering, and at n = 10 the within-band
differences are comparable to the sampling noise.

3. 0 = 600s is an acceptable default. It is not the miss-minimising value in this
n = 10 sweep (the minimum is 10.43% at # = 180s), but because the miss rate
varies by only 2.28 percentage points across the entire swept range, the choice of 6
within this band is immaterial in practice. The default § = 600 s keeps mean wait
moderate (133.45 min) and requires no fine tuning; a tighter # around 180 s would
shave a fraction of a percentage point off the miss rate but lies within the noise band
and is not separately optimised here (Table 5.8).

5.5.5 Ciritical-Ratio Threshold Sensitivity

Table 5.9 sweeps the CADR critical-ratio threshold CR* on hectic-day workload (n = 10
seeds, Cax = 5, ~950 jobs/day). The threshold determines the boundary between the
at-risk tier (dispatched EDF) and the safe tier (dispatched SPT); a higher CR* promotes
more jobs to the at-risk tier.

Table 5.9: Critical-ratio threshold sensitivity for CADR: avg wait (min), miss%, and mean tardi-
ness (min) on hectic day (n = 10 seeds, Cipax = 5). Minimum miss rate row is bold.

CR* threshold Avg Wait (min) Miss %

CR*=1.5 131.45 8.95
CR* =20 131.39 7.76
CR*=3.0 130.88 6.82
CR*=5.0 131.62 7.02
CR*=10.0 132.56 7.02

Critical-ratio sensitivity findings: the CADR miss rate across the swept CR* range
has a best value of 6.82% and a spread of only 2.13 percentage points, confirming that the
threshold is robust. The default CR* = 3 lies within the low-miss region of the sweep and

requires no tuning in practice.
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5.5.6 Anticipation Reservation Sensitivity

Table 5.10 sweeps the Rolling-Horizon reservation count ps € {0,1,2,3} on two day
types (n = 30 seeds, Chnax = 5): the surge day (A = 0.020 j/s, offered load below sat-
uration) and the hectic day (A = 0.100 j/s, above saturation). The sweep isolates the
contribution of reserving idle capacity for anticipated tight-deadline arrivals and verifies
that the offered-load gate switches anticipation off when no spare capacity exists. Tight-
and loose-deadline miss are reported separately because anticipation targets the tight (rush-
order) jobs. Reservation findings: below saturation, anticipation pays off. On the surge
Table 5.10: Anticipation reservation sensitivity: wait, overall miss%, and tight/loose miss% for

reservation counts pr.s on the surge day (below saturation) and hectic day (above saturation), n =
30 seeds, Cnax = 5. The lowest miss in each day group is in bold.

Day Pres Wait (min) Miss % Tight % Loose %
0 (none) 90.3 6.00 30.1 0.0

Suge(p<1) | 109.6 1.37 6.2 0.2
gelp 2 131.0 2.57 72 1.4

3 169.2 5.61 6.0 55

0 (none) 128.8 7.54 19.3 4.6

. 1 128.8 7.54 193 4.6
Hectic (p > 1) 1288  7.54 19.3 4.6
3 128.8 7.54 19.3 4.6

day a single reserved slot (p,s = 1) cuts overall miss from 6.00% to 1.37% and tight-
deadline miss from 30.08% to 6.17%, while loose-deadline miss stays negligible (0.17%):
the eight-hour loose jobs have ample slack to absorb the brief idling, so their deadlines
are unaffected, whereas the one-hour rush jobs that would otherwise be caught behind a
burst now find a slot waiting. The cost is a modest rise in mean wait (90.31 to 109.60 min)
from the deliberately idled capacity. Reserving more slots (ps = 2, 3) lowers tight miss
slightly further but raises wait and begins to push loose jobs into misses, so a single re-
served slot is the balanced operating point. On the hectic day every p.s produces the
identical no-reservation result (7.54% miss): the offered-load gate detects saturation and
disables reservation, because withholding a slot from an already-saturated queue would
only delay work that cannot be deferred. This load gating is why RH uses p,.s = 1 through-
out the study without disturbing the saturated-load headline results, which are produced

with reservation gated off.

5.5.7 Objective-Weight Sensitivity

The primary objective (Section 3.6) is lexicographic: quality of service first, operational
cost only as a tiebreaker among QoS-equivalent options. This section stress-tests that mod-

elling choice by instead re-scoring every scheduler under a fully symmetric weighted-sum
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scalarisation that treats QoS and cost as co-equal, Wqos Cgos + Weost Ceost> across a grid
of weights. The purpose is to show what the lexicographic priority deliberately avoids:
that a symmetric scalar can be swayed by a cost difference that is near-noise at this fleet
scale. Eight of the ten schedulers apply a fixed structural rule (shortest-job-first, earliest-
deadline-first, laxity rescue, queue-pressure tiering, and so on) that never references the
swept weights, so their decomposed metrics (wait, miss, cost) are by construction inde-
pendent of the weight choice. The Rolling-Horizon and CADR schedulers do reference
cost during dispatch, but only as a minor term subordinate to the QoS penalty (RH) or as
a tiebreaker among deadline-feasible nodes (CADR), and their decisions are held at that
fixed configuration rather than re-optimised at each grid point.

For each scheduler the per-seed wait time, deadline-miss rate, and operational cost are
collected on the hectic-day workload (n = 10 seeds, C.x = 5, ~950 jobs/day) and the
composite objective is then evaluated post-hoc across a grid of weights. Because the raw
QoS component (seconds) and cost component (US dollars) lie on very different scales,
each component is min-max normalised across the six focal schedulers before the weights
are applied, so that w,.s has a genuine effect on the ranking (a raw weighted sum would
be entirely QoS-dominated). Table 5.11 reports two sweeps: the multi-objective weight
Weost € {0.1,0.3,0.5,0.7,0.9} (with the QoS ratio fixed at the baseline a/a; = 10), and
the deadline-penalty ratio ap /oy € {1, 5,10, 20, 50} (With wges = Weost = 0.5).

Table 5.11: Objective-weight sensitivity: normalised composite objective per scheduler (lower
is better) on the hectic day (n = 10 seeds, Ciyax = 5). Components are min-max normalised
across schedulers before weighting. The minimum (winning) scheduler in each row is bold; the

symmetric reference configuration (wqos = Weost = 0.5, a2/a1 = 10) appears as the marked row
in both panels.

Composite objective (normalised, lower is better)

Weight setting FIFO SPT EDF SPT+Rescue RH CADR
Weost = 0.1 099 032 048 0.33 0.03 0.12
Weost = 0.3 0.97 0.25 0.55 0.35 0.10 0.31
Weost = 0.5 (baseline) 0.96 0.18 0.62 0.38 0.17 0.51
Weost = 0.7 094 0.11 0.69 041 0.24 0.71
Weost = 0.9 092 0.04 0.75 0.44 031 0.90
ay/oq =1 0.96 0.08 0.80 036 0.17 0.55
az/a; =5 0.96 0.16 0.66 038 0.17 0.52
as/a; = 10 (baseline)  0.96 0.18 0.62 0.38 0.17 0.51
as/a; =20 096 0.19 0.59 039 0.17 0.50
as/a; =50 096 0.20 0.57 039 0.17 0.50

Objective-weight sensitivity findings:
1. FIFOis the worst policy under every weighting, but no single policy is best across
the whole grid. FIFO is normalised to near 1.00 in every row, and the deadline-

unaware tier (FIFO, EDF) is clearly inferior throughout. Among the remaining poli-
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cies, the composite winner shifts with the cost weight: RH wins whenever QoS is
weighted at least as heavily as cost, and SPT, the cheapest policy in this run, wins
once cost is weighted more heavily. The scheduler choice is therefore not weight-
invariant under a symmetric scalar, which is exactly the fragility the lexicographic
objective is designed to avoid.

2. Under the symmetric scalar, which policy “wins” depends on the cost weighting,
and this is exactly the artifact the lexicographic objective avoids. When QoS is
weighted at least as heavily as cost (wose < 0.5) RH wins outright (lowest composite
at weosr = 0.1,0.3,0.5), reflecting its best-in-class miss and wait. Once cost domi-
nates (weost > 0.7) SPT takes the lead, because SPT is the cheapest policy in this run
and min-max normalisation amplifies a near-noise cost gap (rental cost is dominated
by total compute-seconds, which is similar across policies) into the deciding signal.
The deadline-penalty ratio shifts only the QoS-heavy winner between SPT at a low ra-
tio (where wait dominates and SPT’s lowest wait wins) and RH at a high ratio (where
miss dominates): across as/a; € {1,5,10,20,50} at the symmetric we = 0.5,
SPT leads at as/a; € {1,5} and RH leads at as/a; € {10,20,50}. SPT+Rescue
and CADR never win a row. This reordering is precisely why the thesis adopts a
lexicographic rather than a symmetric objective: under the primary lexicographic cri-
terion (Section 3.6) RH and CADR have significantly lower miss and best-tier wait,
so they are strictly preferred on QoS, and a competing policy’s marginally lower cost
is admissible only as a tiebreaker among QoS-equivalent policies, which RH and
CADR are not. The symmetric scalar’s flip rests entirely on treating a near-noise
cost difference as co-equal with a significant QoS difference.

3. The decomposed conclusions are unaffected. The composite winner shifts across
the weight grid only because a marginal, near-noise cost difference (and, at a low
deadline-penalty ratio, SPT’s low wait) is amplified by min-max normalisation; on
the decomposed metrics that an operator actually manages, RH is best-in-class on
both wait (128.83 min) and deadline miss (7.54%) irrespective of the weights, while
SPT’s composite edge at high w. is purely a cost effect (SPT is the cheapest policy
here) rather than a QoS improvement. This is precisely why the primary comparisons
in this thesis report wait, miss, and cost separately (Section 3.6) rather than collaps-
ing them into a single weighted score. Operational cost headroom is structurally
small across all policies, and CADR’s cost-aware node selection does not make it the
cheapest policy overall; the cost differences across all schedulers are near-noise at
this scale.

Tardiness-objective robustness. As an additional check, each scheduler is re-scored
post-hoc against a tardiness-based objective (replacing the binary miss indicator 1—¢; with
the continuous tardiness 7;) on the same hectic-day workload (n = 10 seeds). Table 5.12

reports the resulting rankings.

57



Chapter 5. Experimental Results and Analysis

Table 5.12: Tardiness-objective re-scoring: schedulers ranked by mean per-job tardiness under a
continuous tardiness objective (lower is better), hectic day (n = 10 seeds, Cyax = 5). Compare
with the miss-indicator objective in Table 5.11.

Composite with tardiness term (normalised, lower is better)

as/ay FIFO SPT EDF SPT+Rescue RH CADR
az/a; =1 0.96 0.05 0.70 0.26 0.28 0.50
ag/a; =5 096 0.16 049 0.25 0.46 0.50
as/a; = 10 (baseline) 096 0.19 0.43 0.24 0.51 0.50
as/a; =20 0.96 0.20 0.39 0.24 0.54 0.50
ay/a; = 50 096 0.23 0.39 0.26 0.56 0.52

Unlike the miss-indicator composite (Table 5.11), the tardiness composite is won by
SPT at every penalty ratio, because SPT’s low wait dominates the normalised QoS term
once the binary miss indicator is replaced by continuous lateness. The miss-count leader
RH ranks mid-table here and falls further as the tardiness weight /a4 rises, because
RH sacrifices already-doomed jobs and so carries high per-job tardiness; EDF and CADR,
with their much lower tardiness, improve relative to RH as that weight grows. This is
not a failure of robustness but a direct confirmation of the thesis’s central distinction: RH
minimises the count of missed deadlines, not their severity, so it does not lead a tardiness-
weighted objective, whereas CADR (near-RH miss at far lower tardiness) and EDF do.
The per-metric leaders are themselves unchanged across both objectives, RH the lowest
miss and EDF/CADR the lowest tardiness; only the single scalarised winner shifts, and it
shifts in the predictable direction. The practical reading is therefore objective-dependent
by design, and it is exactly why the thesis offers RH and CADR as complementary poli-
cies (Section 3.6) rather than a single “best” scheduler: an operator who penalises misses
as binary events leans towards RH, while one who penalises lateness continuously leans
towards CADR or EDF.

5.6 Phase 4: Monthly Operational Simulation

Phases 2 and 3 benchmark schedulers on hectic-day workload (~950 jobs/day) and char-
acterise performance across all day types. Phase 4 validates the same schedulers under
operationally realistic monthly conditions.

Results. Table 5.13 summarises monthly outcomes. Figure 5.7 shows wait time by
day type and monthly deadline miss rates. Figure 5.9 shows the daily miss-rate trajectory
over a representative 30-day replication, illustrating how performance tracks the day-type
sequence: hectic and surge days produce sharp spikes while normal and quiet days remain
near zero for all schedulers.

Phase 4 findings:
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Table 5.13: Phase 4 monthly simulation, Cpax = 5, 30 days, 10 replications, 20% tight 1h / 80%
loose 8h deadlines

Scheduler Avg Wait (min) 95% CI Miss% Avg Tardiness (min) Cost ($/mo)
RH 95.22  [88.35,102.09] 5.14 12.47 46.37
CADR 95.70  [89.74, 101.66] 5.03 4.43 46.44
SPT+Rescue 95.51 [89.21, 101.81] 6.99 3.38 46.64
Adaptive 107.88 [100.97, 114.79] 5.48 1.90 46.82
SPT 93.94 [86.85,101.03] 8.97 10.95 46.66
EDF 107.56  [99.67, 115.45] 6.32 2.00 48.52
LCF 108.07  [99.23, 116.91] 15.01 15.52 46.38
Balanced 107.25  [99.13, 115.37] 14.91 15.22 47.24
FIFO 109.73 [101.51, 117.95] 14.94 1591 51.28
Random 107.78  [99.53, 116.03] 13.99 19.39 49.43

Phase 4 Monthly Simulation: 30 days, Cnax =5, 10 replications

(a) Wait Time by Day Type (b) Monthly Deadline Miss Rate
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Figure 5.7: Phase 4 monthly simulation (C,ax = 5, 30 days, 10 replications, 20% tight 1h / 80%
loose 8h). (a) Average waiting time by day type: hectic days 152 to 190 min (capacity saturation,
p > 1); surge days 91 to 104 min; normal days 4 to 6 min; quiet days <1 min. (b) Monthly miss
rate: RH 5.14% and CADR 5.03% (tied for lowest miss), SPT+Rescue 6.99%, SPT 8.97%; EDF
6.32%; Random 13.99%; FIFO/LCF/Balanced 15.01 to 14.91%.
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Miss rate vs tardiness (Phase 4 monthly, 10 replications)
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Figure 5.8: Miss rate vs mean tardiness scatter for all schedulers, Phase 4 monthly simulation
(Cmax = 5, 10 replications). RH and CADR are tied for the lowest miss (5.14% and 5.03%), RH
at the cost of the highest tardiness among the anticipative schedulers (12.47 min) and CADR at
substantially lower tardiness (4.43 min), sitting at the low-tardiness elbow of the Pareto frontier;
the Adaptive hybrid and EDF achieve the lowest tardiness (1.90 min and 2.00 min) but at higher
miss rates (6.32% for EDF). Operators choose RH when only the count of missed deadlines matters,
and CADR when the severity (lateness) of misses also matters.

Phase 4 daily miss rate over 30 days (replication 1 of 10, Cmax =5, 20\% tight / 80\% loose deadlines)
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Figure 5.9: Daily deadline miss rate over 30 simulation days (replication 1 of 10, Cihax = 5).
Background shading indicates day type: red for hectic, orange for surge, green for normal, blue
for quiet. RH (dark) and CADR (gold) consistently produce the lowest spikes on hectic and surge
days; FIFO (grey) peaks highest. On normal and quiet days all schedulers converge near zero. The
temporal structure confirms that scheduler choice is consequential only under saturation (hectic
and surge), consistent with the Phase 3 day-type sensitivity analysis (Section 5.5.1).
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. RH achieves best-tier monthly miss (5.14%, tied with CADR’s 5.03%) AND its
wait (95.22 min) ties SPT (93.94 min) for best-in-class, dominating SPT+Rescue
(95.51 min wait, 6.99% miss) on both metrics. The Parcto-dominance over
SPT+Rescue observed in Phase 3 persists at monthly scale across a mixed day-type
distribution; at monthly scale RH and CADR are statistically tied for the lowest miss.
RH’s mean tardiness at monthly scale is 12.47 min.

. CADR achieves near-RH miss (5.03%) with substantially lower tardiness
(4.43 min vs 12.47 min for RH). The miss difference between RH and CADR is
within about one percentage point at monthly scale; the tardiness difference is sub-
stantial, reflecting CADR’s less aggressive demotion of at-risk jobs. CADR’s wait
(95.70 min) is slightly higher than RH’s (95.22 min) and SPT’s (93.94 min). Op-
erators who care about the severity of misses, not only their count, should prefer
CADR over RH; operators who want to minimise only the miss count should prefer
RH. Figure 5.8 shows the miss-vs-tardiness Pareto frontier: RH and CADR in the
lowest-miss region, CADR at the low-tardiness elbow, and the Adaptive hybrid and
EDF at the lowest-tardiness extreme.

. The Adaptive hybrid holds its mid-tier position at monthly scale (5.48% miss,
107.88 min wait, 1.90 min tardiness). It again betters SPT+Rescue (6.99%), EDF
(6.32%) and SPT (8.97%) on miss, with the lowest tardiness of the hybrids, but re-
mains dominated by RH and CADR on miss and wait. This reinforces that across
both the hectic and the mixed monthly regime the two proposed schedulers are the
strongest, with the adaptive EDF-SPT hybrid a competent but second-rank alterna-
tive.

. EDF achieves 6.32% miss (overlapping Cls with SPT and SPT+Rescue at n =
10) but at FIFO-level wait (107.56 min). The deadline-ordering benefit is preserved
under the mixed workload but EDF cannot reduce wait under hectic saturation. EDF
is dominated by RH and SPT+Rescue on wait and on the miss-rate point estimate.
EDF’s mean tardiness (2.00 min) is the lowest of all schedulers.

. SPT and SPT+Rescue reduce hectic-day miss substantially versus FIFO. On
hectic days specifically: FIFO 21.99%, SPT 13.14%, SPT+Rescue 11.00%. At
950 jobs/day this represents ~110 fewer missed deadlines per hectic day (FIFO:
~277 missed, SPT: ~167 missed). These hectic-day sub-rates (SPT: 13.14%, FIFO:
21.99%) differ from the Phase 3 sensitivity (SPT: 13.8%, FIFO: 23.0%) due to differ-
ent experiment configurations (10 monthly replications aggregated vs. 30 seeds on a
single hectic day). The SPT+Rescue laxity-rescue mechanism limits tight-deadline
starvation even under full saturation.

. Deadline-unaware schedulers (FIFO, LCF, Balanced) cluster at 15.01 to 14.91%
monthly miss. The gap from 5.14% (RH and CADR, best miss) to 14.94% (FIFO)

represents a ~50% monthly miss reduction from deploying a champion policy.
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5.7 Summary of Findings

Table 5.14 consolidates the key empirical findings from all phases.

Table 5.14: Summary of key experimental findings

Finding

Quantitative evidence

Practical implication

SPT achieves the lowest
wait under capacity satura-
tion (p > 1), statistically
tied with EDF on miss (hec-
tic, 20%/80% deadlines)

SPT+Rescue’s laxity-rescue
limits tight-deadline starva-
tion under saturation

EDF achieves near-SPT
miss at FIFO-level wait;
dominated by SPT on wait
EDF lowest miss at figh <
30% (surge, p < 1); SPT
lowest at fijghe > 50%

RH achieves best-tier
monthly miss (5.14%,

tied with CADR) AND
wait (95.22 min) ties SPT
(93.94 min) for best-in-
class; RH Pareto-dominates
SPT+Rescue on both met-
rics

CADR achieves near-RH
miss at substantially lower
tardiness; Pareto-dominates
SPT+Rescue on miss and
wait at hectic saturation

129.41 min wait (d =
—2.882 vs FIFO, p <
0.001); 13.85% miss (d =
—2.197, p < 0.001; EDF
11.82%, overlapping Cls),
n =30

135.21 min wait (d =
—2.406, p < 0.001);
12.40% miss (d =
—2.899, p < 0.001)

d = —3.138 miss vs
FIFO (p < 0.001); d =
—0.062 wait (n.s.)

EDF 0.57% vs FIFO
5.23% at 10% tight; SPT
25.45% vs EDF 33.89%
at 70%

5.14% (RH) vs

14.94% (FIFO); RH
wait 95.22 min vs
SPT+Rescue 95.51 min

Phase 3: 7.88% miss,
6.08 min tardiness vs

RH 20.30 min; Phase 4:
5.03% miss, 4.43 min tar-
diness vs RH 12.47 min

Deploy SPT as default under
heavy GPU load; SPT+Rescue
as conservative fallback

Acceptable alternative when
tight-deadline compliance is a
strict requirement

EDF safe but slow; SPT domi-
nates when wait also matters

Follow the tight-deadline-
fraction boundary: SPT for
high tight fractions, EDF or
SPT+Rescue for low tight frac-
tions

Deploy RH as the default sched-
uler (best miss, wait tied with
SPT); SPT remains a strong
low-wait baseline

Deploy CADR when the sever-
ity (lateness) of missed dead-
lines matters, not only the
count; RH when only miss
count matters
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CHAPTER 6

DISCUSSION AND FUTURE WORK

6.1 Theoretical Implications

This thesis formalised the Cloud GPU Rendering Scheduling Problem (CGRSP) as an
online bi-objective scheduling problem on heterogeneous, stochastically available GPU
fleets. The gap it fills is specific: cloud GPU rental markets (RunPod, Lambda Labs,
CoreWeave) expose per-second billing, qualitative node availability, and mixed deadline
constraints that reserved-cluster schedulers do not handle, yet no prior scheduling work
addresses all three simultaneously.

Problem formulation. Chapter 3 formalised CGRSP as a bi-objective online schedul-
ing problem on heterogeneous parallel machines with stochastic provisioning delays. The
three-state availability model captures the consumer’s limited observability of cloud node
state, and the bi-objective function explicitly balances QoS (waiting time, deadline miss
rate) against operational cost. The three-state observable abstraction (unavailable / idle
/ running), without knowledge of the underlying provisioning dynamics, is sufficient for
practical policy construction.

Simulator construction. Chapter 4 described the discrete-event simulator, cali-
brated against 6,627 real RunPod rendering jobs. The simulator reproduces the empiri-
cal execution-time distribution, Poisson job arrivals, and stochastic, stock-status-driven
provisioning delays. Execution times are sampled from per-stratum log-normal service
distributions whose means equal the per-stratum means of the 6,627 real jobs and whose
log-space dispersions are fitted from the same data; live A/B testing on a production cluster
is not feasible at this evaluation scale.

Algorithm comparison. Four experimental phases with heterogeneous deadlines
(20% tight 1h / 80% loose 8h) yielded statistically rigorous results that advance the un-
derstanding of deadline-aware scheduling on heterogeneous resources:

* SPT achieves the lowest wait under capacity saturation (p > 1), with miss
statistically tied with EDF. Across n = 30 seeds on hectic-day workload (~950
jobs/day, C.x = 5), SPT achieves the lowest wait (129.41 min, d = —2.882 vs FIFO,
p < 0.001) and near-lowest miss rate (13.85%, d = —2.197, p < 0.001 vs. FIFO;
EDF: 11.82%, p = 0.075 n.s. vs. SPT). This finding extends classical M/G/1 queue-

ing theory results [9, 10] to the heterogeneous multi-machine setting: under heavy
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overload, shortest-job-first ordering achieves the lowest mean wait while matching
EDF on deadline performance.

SPT+Rescue limits tight-deadline starvation and is virtually tied with SPT on
miss. The laxity-rescue mechanism achieves 12.40% miss (d = —2.899, p < 0.001
vs FIFO) with 135.21 min wait (d = —2.406, p < 0.001), a conservative alternative
to SPT when tight-deadline compliance is a strict operational requirement.

RH achieves the lowest deadline miss rate (7.54%) with best-in-class wait. Under
hectic-day saturation (Phase 3, n = 30 seeds), RH Pareto-dominates SPT+Rescue on
both QoS metrics: lower miss (d = —1.231, p < 0.001) and lower wait (d = —0.578,
p = 0.003; 128.83 min vs 135.21 min), at an operational cost within roughly 1%
of SPT+Rescue. RH is essentially tied with CADR for the lowest monthly miss
in Phase 4 (RH 5.14%, CADR 5.03%). The forward-simulation plan keeps SPT
shortest-job-first ordering for jobs with slack, promotes only jobs the timeline shows
would otherwise miss, and demotes already-doomed jobs so they do not displace
savable ones. RH’s aggressive demotion results in high mean tardiness (20.30 min
Phase 3, 12.47 min Phase 4): missed deadlines under RH are missed by substantially
more than under CADR or EDF. RH’s anticipation is load-gated: below saturation it
reserves a slot for imminent tight (rush) arrivals and dispatches waiting tight jobs ea-
gerly, cutting surge-day miss from 6.00% to 1.37% (tight-deadline miss from 30.08%
to 6.17%); the offered-load gate disables reservation under saturation, so the hectic
and monthly headline results are unchanged (Section 5.5.6).

CADR achieves near-RH miss while substantially reducing tardiness. Phase 3:
7.88% miss (vs RH 7.54%) at 6.08 min mean tardiness (vs RH 20.30 min), a re-
duction of over 60%. Phase 4 monthly: 5.03% miss at 4.43 min tardiness (vs RH
12.47 min). At Phase 3 hectic saturation CADR Pareto-dominates SPT+Rescue on
both miss (7.88% vs 12.40%) and wait (132.81 min vs 135.21 min) at comparable
tardiness. The cost-aware placement component is a small refinement: the CADR-
order-only ablation (7.84% miss, 6.02 min tardiness) shows that the critical-ratio or-
dering drives most of CADR’s advantage. Operational cost headroom is structurally
small across all policies (a marginal, near-noise gap), and CADR is not the cheapest
scheduler overall. The critical-ratio threshold CR* = 3 is robust: best miss 6.82%,
spread 2.13 pp across the swept range.

EDF achieves near-SPT miss but with no wait benefit; it has near-lowest tardi-
ness. EDF’s deadline-ordering achieves 11.82% miss (d = —3.138, p < 0.001 vs
FIFO) but provides no wait advantage over FIFO (d = —0.062, n.s.). Under hectic
saturation, EDF is dominated by SPT on wait; miss is statistically tied (p = 0.075
n.s.). EDF’s mean tardiness (3.42 min Phase 3, 2.00 min Phase 4) is among the low-
est of all schedulers, second only to the Adaptive hybrid (2.70 min Phase 3), because

its deadline ordering ensures even missed jobs are missed by a small margin.
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* FIFO, LCF, Balanced have ~22% miss. Without deadline information in the dis-

patch logic, tight-deadline jobs waiting behind loose-deadline jobs routinely miss
their 1-hour window. The result confirms that deadline-oblivious policies are unsuit-
able for mixed-deadline rendering workloads.

Monthly simulation confirms the saturation finding. SPT: 93.94 min, 8.97%
miss; CADR: 95.70 min, 5.03% miss; SPT+Rescue: 95.51 min, 6.99% miss; EDF:
107.56 min, 6.32%; FIFO/LCF/Balanced: ~15.01 to 14.91% miss. The Cr.x = 5
RunPod serverless limit is the binding throughput constraint, and no scheduling pol-
icy alone can overcome this platform-level constraint. The tardiness-objective study
(Section 5.5.7) shows that the per-metric leaders are stable, RH the lowest miss and
EDF/CADR the lowest tardiness, but that the single scalarised winner depends on
whether deadline violations are penalised as a binary miss indicator or as continuous
tardiness; this objective-dependence is precisely why RH and CADR are offered as
complementary policies rather than a single best scheduler.

Practical guidance. Based on these findings, the following deployment rules are rec-

ommended for cloud rendering operators:

1.

Use RH as the default scheduler when minimising missed deadlines is the pri-
mary goal. RH achieves the lowest miss rate under hectic-day saturation (7.54%)
and is tied with CADR for the lowest at monthly scale (5.14% vs CADR’s 5.03%),
with wait tied with SPT for best-in-class. Its high tardiness (20.30 min Phase 3)
means that the deadlines it does miss are missed by a large margin, so operators who
also care about how late missed jobs are should consider CADR instead.

Use CADR when the severity of missed deadlines matters, not only their count.
CADR achieves near-RH miss (7.88% Phase 3, 5.03% Phase 4) at substantially lower
tardiness (6.08 min Phase 3, 4.43 min Phase 4), Pareto-dominating SPT+Rescue on
both miss and wait at hectic saturation. The critical-ratio threshold CR* = 3 is robust
(best miss 6.82%, spread 2.13 pp). CADR is not the cheapest scheduler: operational

cost differences across policies are a marginal, near-noise gap.

. Use SPT as a strong low-wait baseline under heavy load (p > 1). SPT achieves

the lowest wait (129.41 min, ~20% below FIFO’s 158.77 min) with miss statistically
tied with EDF. At monthly scale: 93.94 min wait, 8.97% miss.

Deploy SPT+Rescue as the conservative fallback when tight-deadline compli-
ance is a strict requirement. SPT+Rescues laxity-rescue mechanism limits star-
vation even under saturation (12.40% miss, virtually tied with SPT’s 13.85%) with
marginally higher wait (135.21 min vs SPT’s 129.41 min).

. Use EDF at lower loads (p < 1) with mixed deadline distributions. EDF achieves

the lowest miss at low tight-deadline fractions (< 30%; 0.57% vs 5.23% for FIFO at
10% tight). At moderate-to-high tight fractions (> 50%), switch to SPT (25.45% vs
EDF’s 33.89% at 70%). Under hectic saturation, SPT dominates EDF on wait; EDF
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achieves slightly lower miss (11.82% vs SPT’s 13.85%, p = 0.075 n.s., statistically
tied).

6. To reduce miss rates below 20% monthly, increase C\,.x. No scheduling policy
can eliminate the miss rate caused by the C,.,x = 5 RunPod serverless account
limit when arrival rate exceeds service capacity. The Ci,.x sensitivity analysis (Sec-
tion 5.5.3) confirms that C',,x = 5 sits at the inflection point of the saturation curve:
the gain from increasing to 7 is substantially smaller than the gain from 3 to 5,
and at Cp,x = 10 all deadline-aware schedulers approach near-zero miss. Higher
concurrency (available via RunPod enterprise plans) is the primary lever for reduc-
ing both wait time and miss rate under saturation. The rescue threshold sensitivity
(Section 5.5.4) additionally shows that SPT+Rescue performance is shallow across
0 € {180,600, 1200} s, so the default # = 600s is a robust choice and no threshold

tuning is needed in practice.

6.1.1 Choosing Between RH and CADR

RH and CADR are the two strongest schedulers in this study, and an operator deploying
one of them faces a single, well-defined choice. Both achieve statistically indistinguish-
able deadline miss rates (RH 7.54%, CADR 7.88% in Phase 3, p = 0.652 n.s.; RH 5.14%,
CADR 5.03% in Phase 4) and both Pareto-dominate SPT+Rescue. Crucially, they them-
selves form the (miss rate, tardiness) Pareto frontier: neither dominates the other, because
they diverge on one quality axis, the severity of the deadlines they do miss. RH demotes
already-doomed jobs aggressively, so the jobs it misses are missed by a large margin
(mean tardiness 20.30 min in Phase 3); CADR’s gentler critical-ratio demotion cuts that
severity by over 60% (6.08 min) while missing a statistically indistinguishable number of
deadlines. The decision therefore reduces to how the operator’s service-level agreement
(SLA) penalises a missed deadline, summarised in Table 6.1.

* Prefer RH when the penalty is per-breach and lateness-independent. If the SLA
counts each missed deadline equally regardless of how late the job finishes (for exam-
ple, a fixed credit per breached rush order), RH is the correct default: it produces the
fewest breaches (7.54% Phase 3, 5.14% Phase 4) together with the lowest queue wait
(128.83 min, tied with SPT for best in class). The large tardiness of its few misses
carries no extra penalty under such an SLA.

* Prefer CADR when the penalty scales with lateness. If late jobs incur escalating
cost, for example hourly late fees or a downstream pipeline stage (compositing, re-
view) that degrades the longer a frame is late, CADR is preferable: it holds the miss
count within half a percentage point of RH while cutting mean lateness by over 60%
(6.08 min vs 20.30 min Phase 3; 4.43 min vs 12.47 min Phase 4). Under any tardiness-
weighted objective, CADR is the lower-penalty policy despite missing marginally
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Table 6.1: Decision guidance for choosing between the two proposed schedulers. The choice
is a service-quality choice (miss count versus miss severity); it is not a cost trade-off, because
operational cost differs by only about 1.46% across all ten policies under saturation (RH $6.09 vs
CADR $6.13 per 24-hour run, under 1% apart).

Operator priority Choose Decisive metric

Fewest breached deadlines RH Lowest miss (7.54% /

(per-breach ~ SLA, lateness- 5.14%)

independent)

Lateness penalised (hourly late CADR  ~60% lower tardiness

fees, latency-sensitive down- (6.08 vs 20.30 min)

stream stages)

Minimise queue wait RH Best-tier wait (128.83 min,
tied with SPT)

Lowest operational cost neither  ~1.46% spread; tune Cyax,

not the scheduler

more deadlines.

Service quality versus cost. The choice between RH and CADR is a service-quality
choice, not a cost trade-off. Under the saturated hectic-day regime (p > 1), every work-
conserving policy keeps the GPU fleet at the same high utilisation, so total operational
cost is nearly fixed across all schedulers: the spread between the cheapest policy (SPT,
$6.06 per 24-hour run) and the most expensive (CADR, $6.13) is only about 1.46%, a
marginal, near-noise gap, and RH ($6.09) and SPT+Rescue ($6.10) sit inside that band.
Between the two proposed schedulers the difference is under 1% (RH $6.09 vs CADR
$6.13 per 24-hour run, a few cents), negligible beside the miss-count and tardiness differ-
ences. Cost therefore cannot discriminate between RH and CADR. The genuine service-
quality-versus-cost trade-off in this system is not located in the scheduler at all but in the
concurrency limit Ci,y: raising Ci,x provisions more parallel capacity, lowering both wait
and miss but raising spend (Section 5.5.3). An operator therefore tunes quality at fixed
cost by choosing the scheduler (RH for fewest breaches, CADR for least lateness), and
trades cost against quality by choosing Cl,y.

6.2 Limitations and Future Research

6.2.1 Limitations

The following limitations bound the scope of the conclusions:
* Availability model simplification. The availability model is calibrated to qualitative
empirical patterns rather than exact RunPod platform measurements, which are not
publicly available. The model captures the correct qualitative behaviour (diurnal

variation in stock and provisioning delay) but may not reproduce exact quantitative
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provisioning latencies.

* Non-preemptive assumption. CGRSP models non-preemptive scheduling. Some
cloud platforms do permit early termination (spot preemption). Extending the for-
mulation to preemptive scheduling would require tracking partial completion and
migration overhead.

* Single-job-per-frame model. This study models each rendering frame as a single
indivisible job. In practice, some renderers support tile-based rendering (splitting a
frame into spatial tiles rendered in parallel on multiple GPUs), which would require
a DAG-structured job model.

» Sparse strata. The 6,627-job calibration dataset is real but unevenly distributed
across the twelve (k,g) strata: the RTX A5000 dominates (4,916 jobs) and the
RTX A4000/A4500 are sampled almost entirely at high complexity. Three of
the twelve strata are too sparse for a direct per-stratum fit and instead use a
relative-performance estimate anchored on the same GPU’s well-sampled cells: low-
complexity A4000 and A4500 (no jobs) and medium-complexity A4000 (three jobs).
The practical impact is limited because these strata carry little workload weight, while
the strata that receive the majority of dispatches (A5000 and RTX 3090 at all com-
plexities, and the high-complexity A4000/A4500 cells) are each fitted directly from
hundreds to thousands of observations.

* No theoretical optimality bound. The CGRSP instance sizes studied (|7 | ~ 950,
Cmax = 9, n = 30 replications) make exact integer linear programming intractable
at the required evaluation scale; no polynomial-time optimal algorithm is known for
the general heterogeneous parallel machine scheduling problem with deadlines [10].
Scheduler performance is therefore evaluated relative to the FIFO baseline and rela-
tive to each other. SPT’s near-M/G/1-optimal mean-wait behaviour under saturation
provides an indirect argument for near-optimality in the wait dimension; no such
bound is available for miss rate.

* Reinforcement learning not evaluated. RL-based policies (DQN, policy gradient)
were not included in the comparison for three reasons: (1) training overhead, typically
tens of thousands of environment interactions [16], substantially exceeds the heuristic
implementation cost; (2) the scheduling environment changes frequently as RunPod
updates GPU types and pricing, requiring periodic retraining; and (3) interpretable
deployment rules are more operationally actionable for rendering studios than black-

box policies. RL remains a direction for future work (see item 8 below).

6.2.2 Future Research

Eight directions for future work follow directly from the limitations above:

1. Preemptive scheduling extension. Incorporating checkpoint-and-resume (available
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in some cloud renderers) would allow modelling preemption events and evaluating
EDF’s theoretical guarantees in a preemptive setting.

. Multi-objective Pareto exploration. The current Pareto analysis is limited to the
(cost, miss rate) plane. A full three-objective Pareto analysis (wait time, miss rate,
cost) using NSGA-II or similar multi-objective evolutionary algorithms would pro-
vide a richer trade-off characterisation.

. Tile-based rendering job model. Extending CGRSP to DAG-structured jobs (where
a frame is decomposed into tiles) would enable scheduling research on job-level par-
allelism, relevant to real-time rendering pipelines.

. Real-platform integration. Deploying the scheduler as a middleware layer on top
of the RunPod API (using the platform’s job submission endpoint) would enable live
validation of the simulation results in production conditions.

. Newer GPU types. The experimental fleet is limited to four GPU types available on
RunPod Secure Cloud in March 2026. Extending to more recent GPU generations
(H100, RTX 5090) and investigating the effect of higher C,, limits (available via
RunPod enterprise plans) would characterise how the concurrency constraint scales
beyond Ci.x = 5.

. Deadline distribution assumptions. The deadline distribution used in this study
(20%/80% tight/loose split) is a modelling assumption. A study using real production
schedules from a rendering studio would validate the choice of threshold and quantify
the benefit of EDF in practice.

. Load-adaptive threshold policy. The threshold sensitivity study in Section 5.5.4
shows SPT+Rescue performance is relatively insensitive to ¢ across the swept range
(miss within 2.28 percentage points; the sweep minimum is at §# = 180s, but the
within-band differences are comparable to the sampling noise at n = 10). Future
work could explore a load-adaptive threshold policy that adjusts # dynamically based
on current queue pressure and GPU utilisation.

. Reinforcement learning scheduling policies. Deep RL methods (DQN, actor-critic)
have shown promise for GPU job scheduling in data-centre contexts [14, 16]. Apply-
ing RL to CGRSP (with a state space encoding queue laxity distribution, GPU stock
status, and time-of-day) could discover non-myopic dispatch policies that outperform
the greedy heuristics studied here. The validated CGRSP simulator provides a ready

training environment.

6.3 Concluding Remarks

Scheduling 3D rendering on spot-market GPU fleets is a real, unsolved problem: ren-

dering studios using RunPod or similar platforms have no principled guidance on which

scheduling policy to deploy. This thesis fills that gap.
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Within the fixed Cyn.x = 5 RunPod serverless constraint, heterogeneous deadline
Sformulation (20% tight 1h / 80% loose 8h), and hectic overload regime (p > 1, ~950
jobs/day), RH achieves the lowest deadline miss rate (7.54%, d = —1.231 vs SPT+Rescue,
p < 0.001) and best-tier wait (128.83 min, tied with SPT, lower than SPT+Rescue;
d = —0.578, p = 0.003), at the cost of high mean tardiness (20.30 min). CADR achieves
near-RH miss (7.88%) at substantially lower tardiness (6.08 min), Pareto-dominating
SPT+Rescue on both miss and wait. SPT achieves the lowest wait (129.41 min, tied with
RH, d = —2.882 vs FIFO, p < 0.001) with miss statistically tied with EDF (13.85% vs
11.82%, p = 0.075 n.s.; both large vs FIFO, p < 0.001). SPT+Rescue is the conserva-
tive fallback: virtually tied on miss (12.40%, d = —2.899) with higher wait (135.21 min,
d = —2.406). EDF matches SPT on miss (11.82%, n.s. vs SPT) but provides no wait ben-
efit (FIFO-level wait); EDF has near-lowest tardiness (3.42 min, just above the Adaptive
hybrid). FIFO/LCF/Balanced incur ~=22% miss and should not be deployed when dead-
line compliance matters. Operators choose RH when only the count of missed deadlines
matters, and CADR when the severity (lateness) of misses also matters. Increasing Clax

beyond the serverless limit of 5 is the primary mechanism to reduce residual miss rates at

saturation.
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