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Abstract

Energy demand from cloud and edge computing is rising rapidly,
with Al workloads further intensifying electricity use and associ-
ated carbon emissions. In hybrid edge-cloud settings, sustainability
impact depends on time- and location-varying grid Carbon Intensity
(CI), site Power Usage Effectiveness (PUE), and heterogeneous hard-
ware characteristics. Existing carbon-aware work explores solutions
such as temporal elasticity, spatio-temporal workload shifting, and
carbon-aware placement across distributed sites. However, these
solutions do not provide a consistent and reproducible workflow
for evaluating sustainability-aware scheduling policies on hetero-
geneous, federated edge—cloud topologies. We present EcoKube:
a configurable simulation framework for the reproducible evalua-
tion of sustainability-aware scheduling policies in heterogeneous
edge—cloud environments. The framework includes an event-driven
deterministic simulator, policy hooks, and a heterogeneity-aware
reference policy. We evaluate the framework with synthetic batch
workloads, comparing the reference policy against the default Ku-
bernetes scheduler, KEIDS, and TOPSIS/KCSS. The contribution is
architectural and experimental: EcoKube provides a reproducible
way to compare sustainability-aware policies before deployment.

CCS Concepts: - Computer systems organization — Distributed
architectures; « Networks — Cloud computing; « Computing
methodologies — Discrete-event simulation; - Hardware — Im-
pact on the environment.
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1 Introduction

Global warming, largely driven by carbon dioxide emissions, re-
mains one of the most pressing challenges of our time [15]. At
the same time, compute demand keeps ballooning: modern AI/ML
training and inference, data-intensive science, and always-on edge
services push more workloads across a widening cloud—-edge con-
tinuum [7]. This shift increases operational complexity, as execution
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spans geo-distributed sites with different electricity mixes, facil-
ity overheads, and heterogeneous hardware, making sustainability
impact more visible, but also more difficult to evaluate [1].

A key approach for reducing operational footprint is through
scheduling: deciding where and when workloads run, and how re-
sources are allocated during execution. However, assessing the
sustainability impact of scheduling policies is challenging in hybrid
edge—cloud settings because carbon- and energy-related signals
are multi-level and time-varying: grid carbon intensity changes
by region and time; site efficiency (e.g., PUE) shifts with load and
season; and node-level performance-per-watt depends on hardware
generation and accelerator availability [16].

Several state-of-the-art approaches explore carbon-aware work-
load management through temporal shifting (waiting for low-carbon
windows), spatial shifting (moving computation to cleaner regions),
or combinations of both [1, 9, 13]. Kubernetes-native systems such
as CarbonScaler demonstrate that forecast-driven, controller-based
adaptation can improve carbon efficiency for temporally flexible
workloads [3]. Despite this progress, systematic evaluation under
heterogeneity remains challenging. Existing studies often focus on
single-provider clusters, rely on ad-hoc experimental setups, or lack
integrated modelling of both (i) site-level signals (CI/PUE, effective
CI) and (ii) node-level constraints (hardware diversity, accelerators,
interference), making results costly to reproduce and hard to com-
pare across policies and topologies [1, 2, 16]. What is needed is
a testable workflow that supports controlled, repeatable experi-
ments across heterogeneous, federated edge—cloud scenarios while
remaining close to Kubernetes operational realities [11].

In this paper, we present EcoKube, a configurable framework for
testing sustainability-aware scheduling policies in heterogeneous
edge—cloud environments. EcoKube provides a discrete-event sim-
ulation workflow that (i) models site-level sustainability signals
(CI and site normalisation), (ii) captures node-level heterogeneity
and feasibility constraints (latency and accelerator fit), and (iii)
exposes transparent policy hooks to implement and compare prac-
tical heuristics and multi-criteria schedulers [6, 8, 11]. Concretely,
EcoKube contributes: (1) a deterministic modular simulator for
hybrid edge-cloud scheduling experiments; (2) a reference pol-
icy instantiation, EcoKube Policy, that demonstrates how site-level
sustainability signals and node-level feasibility constraints can be
composed within the framework; and (3) an evaluation method-
ology for comparing sustainability—performance trade-offs across
scenario families [1, 2].

Our experiments show that explicitly modelling heterogeneity
changes the observed trade-offs between carbon and energy and
performance, and that sustainability-aware policies can reduce the
emissions estimate under the evaluated hybrid scenarios without
requiring impractical assumptions about uniform infrastructure or
perfect testbed control. In this evaluation, EcoKube Policy serves
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as a transparent reference instantiation used to validate the frame-
work rather than as a claim of a new optimisation paradigm. This
behaviour is consistent with prior evidence that carbon-aware or-
chestration can reduce emissions under temporal flexibility and
operational constraints [3, 13]. The remainder of the paper is or-
ganised as follows: §2 summarises the required background and
related work; §3 describes the EcoKube simulator, policy interface
and implementation; §4 describes the setup of the experiment and
evaluates its performance; and §5 concludes with limitations and
future work.

2 Background and Related Work

Hybrid edge-cloud systems span multiple sites (regions, edge clus-
ters, or federated Research Infrastructure (RI) facilities) that differ in
hardware capabilities, operational efficiency, and carbon conditions.
This heterogeneity matters because the same workload can incur
materially different energy use, completion time, and carbon foot-
print depending on where it runs [9]. Consequently, sustainability-
aware scheduling is typically framed as a multi-objective optimi-
sation problem that balances carbon impact against latency- and
makespan-oriented SLOs [4].

Carbon-intensity, site overhead, and normalisation. Carbon-
aware orchestration relies on exogenous signals: time-varying grid
carbon intensity CI;(t) (e.g., gCO2e/kWh) for each site s, and facility
efficiency captured via Power Usage Effectiveness PUE; [5, 9]. A
common abstraction is to express job-level carbon as a function of
IT energy, site overheads, and carbon intensity:

CFP(j,s) ~ EiY - PUE, - k; - CI, (1)

where EiTs is the workload IT energy attributable to job j at site s,

CI, is the average carbon intensity over the job interval, and k; is a
site normalisation factor that compensates for cross-site measure-
ment and attribution differences in heterogeneous environments
[10]. While many studies treat CI;(¢) as a given external input,
hybrid and federated settings also motivate effective CI models
(e.g., accounting for imports/exports, local generation mix, or finer-
grained spatial variation), which remain inconsistently considered
in scheduling-oriented frameworks [14].

Latency modelling and accelerator fit. Beyond sustainability
signals, edge—cloud scheduling is constrained by responsiveness
and feasibility. We model end-to-end completion time as the sum of
dispatch/queue delay and execution time, enriched with network
terms:

Tj=qj+rjsn+ 2 ()), 2)

where r;; , depends on both site s and node n due to performance
heterogeneity and contention effects [4]. Node/accelerator fit further
constrains feasible placement, capturing whether a node’s resources
(e.g., GPU class, memory headroom) match a workload’s typology
requirements [6].

Frameworks and algorithmic baselines. Prior sustainability
frameworks demonstrate strong results for specific levers such as
temporal adaptation, energy-system virtualisation, job-level optimi-
sation, and geo-distributed carbon-aware placement/provisioning
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[10, 12]. In parallel, multi-criteria decision methods (e.g., TOPSIS-
style ranking) and edge-focused schedulers (e.g., KEIDS-like multi-
objective policies) provide lightweight online baselines that com-
bine energy/carbon signals with performance and contention con-
siderations [6, 8]. However, existing approaches rarely provide a
unified, testing-oriented workflow that (i) makes site-level place-
ment decisions using carbon and efficiency signals, while also (ii)
modelling node-level heterogeneity (including accelerators) and
(iii) enabling repeatable comparison across heterogeneous, feder-
ated edge—cloud topologies [10]. This gap motivates EcoKube as a
reproducible, testing-oriented workflow for hybrid settings. Within
that workflow, EcoKube Policy is used as a reference policy in-
stantiation that leverages the separation of site-level signals and
node-level constraints.

Exploring this gap, our objective is a neutral and reproducible
workflow for comparing Kubernetes-compatible and sustainability-
aware policies under identical heterogeneous conditions, includ-
ing site-level CI/PUE differences and node-level feasibility con-
straints. This motivates EcoKube as a testing-oriented simulator
built from scratch for hybrid edge-cloud settings. Within that work-
flow, EcoKube Policy is used only as a transparent reference instan-
tiation.

3 EcoKube: Simulating Carbon-Aware
Scheduling Policies in Heterogeneous
Edge-Cloud Systems

In this section we explain how EcoKube operationalises sustainabi-
lity-aware scheduling in a heterogeneous, multi-site setting. We
first define a system model (Figure 1) that captures the real-world
actors, signals, and control loops required to define workload place-
ment using sustainability signals. We then show how this model is
abstracted and executed in simulation, preserving the same interfaces
and decision points while enabling controlled experimentation. Fi-
nally, we describe the experiment configuration used to instantiate
the model (workload traces, site/topology parameters, and policy
settings) and to generate the results reported afterwards.

3.1 System Model

EcoKube is designed for edge—cloud deployments, where sites differ
not only in hardware, but also in geography, network connectivity,
and computing capability. Edge sites typically provide proximity
and reduced data movement, but operate under tighter capacity con-
straints and higher variability (e.g., intermittent availability, limited
accelerators, and constrained cooling). Cloud and core data-centre
sites offer higher and more elastic capacity, but may incur higher
data transfer overheads and different sustainability profiles. This
inherent heterogeneity motivates a placement policy that trades
off carbon-, energy-, and performance-related objectives across the
edge-cloud continuum rather than assuming a uniform cluster
environment.

3.1.1 Site Characteristics. Each site exposes a set of hooks nec-
essary for sustainability-aware placement:

1. PUE descriptor: a site-level efficiency factor that approxi-
mates facility overheads relative to IT power.

2. Resource Adapter: a site-side interface that exposes ca-
pacity and capabilities (e.g., CPU/memory/GPU availability,
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Figure 1. EcoKube System Model

accelerator types); as well as static constraints relevant to
feasibility (e.g., resource limits, hardware incompatibilities).

3. Workload Adapter: an interface that describes workload
requirements in a portable form (e.g., requested resources,
runtime class, optional locality constraints).

In our prototype, workloads execute on a federated multi-site
testbed where each site exposes these local characteristics (ca-
pacity/capabilities and PUE) and is enriched with external, time-
varying signals (e.g., CI). These inputs are ingested and normalised
by the metrics and KPI services and consumed by the EcoKube’s
control plane, which applies policies (via the Resource/Workload
adapters) to select feasible sites/nodes and drive placement deci-
sions in the orchestrator engine.

3.1.2 EcoKube Components. Within the EcoKube boundary
(Figure 1), the model distinguishes three components.

1. CI Adapter: The CI adapter retrieves CI for the relevant
scope (e.g., region, zone, or site mapping), and it wires it into
the policy. In the real system, this component is responsible
for handling harmonisation issues (e.g., sampling frequency,
caching, missing values, and time alignment). In the simula-
tion, the same interface is used but backed by trace-driven
or synthetic CI series (Section 4.1).

. Topology Map Adapter: This adapter provides the map-
ping between workloads, sites, and topology constraints.
Minimally, it maps site identifiers to signal scope identifiers
(e.g., which CI region applies to which site). In more ad-
vanced scenarios it can express locality constraints or penal-
ties (e.g., prefer a site due to data proximity; penalise sites
due to cross-site transfer).

. Core: Controller Workloads + Policy Objectives: In par-
ticular for edge—cloud scenarios, the topology map captures
cross-site effects such as latency, bandwidth, and data gravity
(where datasets or users are located). These signals allow
EcoKube to represent the cost of placing an otherwise “green”
workload in terms of its “network cost”.

3.1.3 EcoKube Scoring. EcoKube makes decisions in two stages.
It first filters infeasible sites and nodes using standard constraints
such as resource availability, placement restrictions, and locality
requirements. It then ranks the remaining candidates using a small
set of normalised signals: estimated IT energy, a location-aware

estimated emissions term derived from energy, PUE, and CI, latency-
related penalties, and hardware fit.

Site- and node-level scoring. Within the framework, EcoKube
Policy decomposes each decision into (i) a site-level score capturing
exogenous sustainability and topology signals and (ii) a node-level
score capturing energy, latency, and hardware fit. At the site level,
candidates are ranked using normalised site descriptors, namely CI,
PUE, a site normalisation factor, and an optional network penalty
when topology-aware routing is enabled. These terms are combined
through configurable weights to obtain a coarse inter-site score.

Within the selected site, each feasible node n is scored as:

C(W, n, t) = WE E\w,n +wc Ew,n . PUEs(n) : as(n)

+wr lat(w, n) + wgy; (1 - fit(w, n)),

®)

where Ew,n is the estimated IT energy for placing workload w on
node n, lat(w, n) is the latency-related penalty, and fit(w, n) cap-
tures hardware suitability. Lower scores are preferred. The weight
vectors are treated as configuration parameters for experimentation
rather than as universally optimal coefficients. The site-level score
and node-level score play different roles in the decision process:
the former captures coarse inter-site context, while the latter ranks
feasible nodes within the selected site using workload-specific esti-
mates. Each component is min—max normalised over the feasible
candidate set.

Selection Rule. The final decision combines the exogenous site
score with the best feasible node score within each site. Intuitively,
the policy first prefers cleaner and more efficient sites (CI/PUE/k,
optionally network penalties), and then selects the most suitable
node at that site according to energy, latency and accelerator fit.

©

Here, Cge (W, s, t) is the site-level score for workload w at site
s and time ¢, C(w, n, t) is the node-level score for candidate node
n, and the inner minimisation selects the best feasible node within
each site before comparing sites globally. EcoKube Policy instan-
tiates the framework through a weighted ranking over feasible
candidates. This reference policy is used to demonstrate how the
framework can combine heterogeneous inputs such as site-level
PUE/CI descriptors, normalisation factors, and node-level fit and
latency signals within one reproducible workflow. This also makes

(s*,n*) = arg min(CSite(w, s,t) + min C(w, n, t)).
S nes
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the policy suitable for controlled comparison against existing sched-
ulers and for sensitivity analysis over configuration weights.

The weight vectors are therefore treated as experimental con-
figuration knobs. We sweep them to study policy behaviour and
robustness, rather than to argue for a single theoretically optimal
setting. The default values reported in the evaluation were selected
as a reasonable reference configuration after preliminary tuning;
they are intended to provide a stable comparison point rather than
to imply Pareto-optimality or theoretical optimality.

3.1.4 EcoKube Configuration: Policy Weights. For each fea-
sible candidate, EcoKube computes comparable normalised terms
for energy, emissions, latency, and fit, and combines them through
non-negative weights that sum to one; the hardware-fit term is
controlled separately through wg;; and is not included in that nor-
malisation constraint. Lower scores are preferred. The estimated
emissions term is an operational estimate obtained by combining
expected IT energy with the candidate site’s PUE and time-aligned
grid carbon intensity. Energy and emissions are kept as distinct
signals on purpose: energy captures hardware efficiency, whereas
the emissions term captures the execution context of the selected
site. The weights are configuration parameters used to express op-
erator preferences in the experiments; they are not claimed to be
universally optimal.

EcoKube Policy is parametrised by a weight vector W = (wg, wc,
wr, wf,-t), where each component controls the relative importance
of estimated IT energy, estimated emissions, latency penalties, and
node/accelerator fit in Eq. 3, respectively. In addition, the policy
uses separate site-level configuration parameters to control the
contribution of site-level sustainability and placement terms dur-
ing candidate-site ranking. In EcoKube, these weights are treated
as exposed configuration parameters that instantiate different op-
erational priorities within the same evaluation workflow, rather
than as globally optimal constants. Their role is therefore experi-
mental and comparative: they make policy behaviour explicit and
sweepable without changing the underlying decision logic.

3.2 Implementation

EcoKube was implemented from scratch as a methodological choice
to support controlled and reproducible evaluation across hetero-
geneous federated edge—cloud scenarios. Extending an existing
scheduler or controller would have made the evaluation depen-
dent on a specific system’s execution model, making controlled
comparison across heterogeneous federated edge—cloud scenarios
more difficult. At the same time, EcoKube remains connected to
Kubernetes by preserving Kubernetes-style feasibility filtering and
pluggable scoring logic, so it can be used to evaluate improvements
on top of Kubernetes-compatible scheduling workflows rather than
as a replacement for them.

EcoKube is therefore implemented in Go (Golang) as a modular
scheduling engine that separates the core loop (queueing, feasibility
filtering, tie-breaking, and binding) from the policy logic (feature
extraction and scoring). The scheduler constructs a feasible candi-
date set using Kubernetes-style hard constraints (requests/limits,
taints/tolerations, affinity), then delegates ranking to a pluggable
Score hook exposed by each policy module. This design allows
EcoKube and all baselines to reuse identical inputs (site descrip-
tors, CI/PUE signals, and node capabilities) and to be swapped
without changing the execution pipeline, enabling like-for-like
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Table 1. Workload presets used in the simulator evaluation.

Preset Description

mix-a CPU-centric monitoring mix with low accelerator de-
mand (gpu_share = 0.05), intended to represent stable
edge sensing and lightweight processing pipelines.

mix-b Mixed edge-event workload with moderate accelerator
demand (gpu_share = 0.12), intended to represent in-
termittently heavier event-driven processing.

mix-c Stronger heterogeneous CPU/GPU mix (gpu_share =

0.28), intended to stress feasibility filtering, device affin-
ity, and node-fit decisions.

comparisons under controlled scenarios. We use Python scripts for
post-processing and plotting the experimental results.

Because feasibility filtering follows Kubernetes-style constraints
and ranking is exposed through a pluggable Score hook, the frame-
work is intended to improve policy design on top of Kubernetes-
like schedulers, not replace them. Policies can first be evaluated in
EcoKube under controlled heterogeneity and then translated into
Kubernetes-compatible extensions for deployment validation.

Carbon intensity traces are sourced from the Wattnet service,
using 2024 time-series data retrieved through their API'. These
traces are ingested by the CI adapter and aligned to scenario time
windows to provide consistent, time-varying exogenous signals
across all policies and repetitions.

4 Performance Evaluation

We evaluate EcoKube under a scenario-driven pipeline designed
to reflect hybrid edge—cloud placement decisions, where sites dif-
fer in capacity, device heterogeneity, topology constraints, and
time-varying sustainability signals. To ensure fair comparisons,
all schedulers are executed on identical scenario instances (same
topology, traces, feasibility constraints), using fixed random seeds
and matched repetitions. All experimental artifacts (code, scenario
configurations, and seeds) are available online on GitHub.?

4.1 Experimental Setup

Scenarios, topology, and workloads. We evaluate EcoKube on
a deterministic three-site edge-cloud topology spanning NL, FR, and
DE. The generated substrate contains eight heterogeneous nodes:
two small CPU-oriented nodes in NL, two balanced CPU nodes
and one GPU-capable node in FR, and two memory-oriented nodes
plus one GPU-capable node in DE. Site descriptors are fixed per
campaign and include Power Usage Effectiveness (PUE), a site nor-
malisation factor ks, and hourly carbon-intensity traces. Workloads
are produced by a single parameterised generator and instantiated
as three workload families. The preset name therefore denotes the
workload family and heterogeneity pressure; submit timestamps
are regenerated by the reported arrival-process sweep so that all
policies observe identical arrivals per scenario key.

Baselines. We compare EcoKube Policy against a default Kuber-
netes baseline and three policy baselines commonly used to capture
multi-objective ranking and carbon-aware placement behaviours.

Lhttps://api.wattnet.eu
Zhttps://github.com/g-uva/EcoKube/tree/tdis-26
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Figure 2. Policy Outcome Comparison

Table 2. Schedulers compared in the evaluation.

Policy Role in comparison

k8s Default baseline (reference for deltas).

keids [6] Heuristic sustainability-aware baseline (CI-sensitive
ranking).

topsis [8] Multi-criteria decision baseline using ranking over

normalised objectives.

Reference policy instantiation in EcoKube: weighted-
sum scoring over estimated emissions term, perfor-
mance, topology penalties, and device-fit.

ecokube-pol

Each baseline uses the same feasibility constraints and observes
the same external signals (Table 2).

Reproducibility and parameter sweeps. All simulator runs
are deterministic per scenario key. We fix the workload-generation
seed, the arrival-schedule seed, and the policy execution order, and
reuse identical generated inputs across all policies. The reported
evaluation varies the carbon-intensity weight 6., the arrival rate, the
batch size, and the number of jobs, while keeping the topology and
site descriptors fixed. A 30-minute warm-up window is excluded
from summary metrics.

Evaluation metrics and interpretation. We report three classes
of outcomes. First, we report scheduler-external metrics, namely
estimated IT energy, makespan, average waiting time, and task
completion as the number of completed jobs per run. Second, we
report a location-aware operational emissions quantity, aggregated
in the implementation as total_ci_cost_g and reported as “esti-
mated emissions”, obtained by combining the simulated or replayed
energy demand with site PUE and time-aligned CI traces. We treat
this quantity as a carbon-impact estimate within the evaluated sce-
nario, not as a direct measurement of real-world carbon footprint.
This distinction is important since the policy also consumes CI-
and PUE-related signals during ranking; accordingly, the reported
emissions estimate should be interpreted as an externally recom-
puted outcome under the scenario model. For each scenario key and
repetition, all policies are evaluated on the same generated inputs
and arrival schedule; summaries are then aggregated over matched

11

Table 3. Reproducibility controls and sweep parameters used in
the simulator campaign.

Parameter / control Values

Sites {NL, FR, DE}
Generation seed 20260214

Job counts {300, 600, 900}
Arrival rates (jobs/min) {0.8,1.1,1.4}

Batch sizes
Carbon weight sweep (6.)

{200, 500,900}
{0.2,0.4,0.6,0.8}

Warm-up window 30 minutes

Repetitions per scenario 50

Site-level parameters a =058, =021, y =0.21, wy =
0.2

Node-level weights wg = 0.58, wc = 021, wp =
0.21,  Wprm) =0.20

repetitions to compare both absolute outcomes and relative deltas
against k8s.

4.2 Results Analysis

EcoKube Policy consistently reduces the reported operational emis-
sions estimate, at the cost of modest increases in completion time
metrics (Figure 2 and Table 4).

Under the evaluated scenarios, EcoKube Policy, as a reference
instantiation within EcoKube, achieves a 45.15% reduction in the
reported emissions estimate relative to k8s, substantially larger
than the improvements observed for the ranking-based baselines
in this subset. In absolute terms, the mean reported operational
emissions estimate decreases from 32.14 kg to 17.63 kg per run (with
~ 900 jobs). These results indicate that EcoKube is able to expose
and compare policy behaviour in ways that meaningfully reflect
edge—cloud heterogeneity in sustainability signals.

The reduction in the reported operational emissions estimate
comes with a controlled performance overhead: although EcoKube
Policy increases makespan by 1.35%, it reduces the average waiting
time by 0.04% relative to k8s. Given that edge—cloud scenarios in-
herently involve locality and resource-fit constraints, this behaviour
is consistent with a policy that favours lower-carbon placements
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Table 4. Absolute outcomes for the reported evaluation slice.

Policy Est. Emissions (kg)  Avg. Est. Emissions/job (g)  Makespan (s) Avg. wait (s) Completed jobs
ecokube-pol 17.63 6.63 342600 20749 848
topsis 32.12 15.17 338259 21298 849
keids 32.12 15.63 338329 21748 842
k8s 32.14 15.40 338017 20758 848

when feasible, while maintaining bounded degradation in queueing
and completion time metrics. Overall, these results indicate that,
under the evaluated hybrid edge-cloud scenarios, EcoKube Pol-
icy reduces the reported operational emissions estimate without
substantial degradation in performance metrics.

4.3 Limitations and future work

This evaluation is simulation-based and therefore limited by the
fidelity of workload models, topology abstractions, and signal as-
sumptions (e.g., CI sampling and mapping). To be more applicable
for generic use cases, EcoKube should validate policies on empiri-
cal clusters and larger-scale experiments (more sites, higher traffic
intensities, and longer horizons), and include additional baselines
(e.g., delay-tolerant carbon shifting, carbon-aware bin packing, and
network-cost-aware schedulers).

Future work will therefore extend the framework in three di-
rections. First, we will incorporate trace-driven and real-cluster
workloads to better reflect workload diversity, including stronger
locality constraints, accelerator-heavy jobs, and more variable burst
patterns. Second, we will validate the framework on empirical multi-
site Kubernetes and federated testbeds using calibrated power mea-
surements, from collected execution traces. Third, we will broaden
the sensitivity and robustness analysis across weights, topology
settings, exogenous signals, traffic intensity, and workload mixes,
to assess how stable policy rankings remain outside the reported
slice.

5 Conclusions

EcoKube demonstrates that a configurable simulation framework
can operationalise sustainability-aware scheduling policies for het-
erogeneous edge—cloud settings. In the reported simulator slice,
EcoKube Policy yields a meaningful reduction in the reported oper-
ational emissions estimate compared to the default baseline, while
incurring only modest overhead in makespan and waiting time.
This indicates that the framework is capable of expressing and
evaluating the core trade-offs that arise in hybrid deployments.
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