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Abstract
In recent years, the environmental impact of cloud computing and
AI technologies has steadily increased. Data centers currently con-
sume more than 400TWh of electricity each year, and this number
is only expected to grow more as companies invest in cloud ser-
vices and in increasingly compute-hungry Machine Learning (ML)
models. While still in an early phase, researchers and industries
have started to pay more attention to the rising electricity demand
of these technologies, and several computing centers have begun
to implement emission reduction measures, such as job execution
in low-carbon emissions areas. The allocation of workloads in ex-
ternal regions has, however, led to non-trivial Carbon Intensity (CI)
estimations, making it challenging to apply carbon-aware sched-
uling techniques. Furthermore, accountability measures in these
new approaches tend to still be lacking, especially for electricity
consumption and emissions, as these metrics are rarely disclosed.
This work presents an end-to-end architecture for the minimization
of carbon emissions of AI workloads in hybrid cloud environments,
based on an ML forecaster, a scheduler, and a provenance-driven
accountant component. Experimental results show a 27% reduc-
tion in emissions when using the scheduler component against the
performance of a carbon-agnostic baseline.

CCS Concepts
• Computing methodologies→ Planning and scheduling;Ma-
chine learning approaches; • Information systems→ Decision
support systems.
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1 Introduction
The rapid expansion of Machine Learning (ML) and large-scale
cloud infrastructures has transformed the computational landscape,
leading to unprecedented advancements in several scientific fields.
However, this growth has come at a high environmental cost. Data
centers alone already account for nearly 415TWh of electricity
usage (∼1.5% of global availability) [23], and this figure is projected
to grow to nearly 945TWh by 2030, as increasingly complex ML
models demand vast computational and energy resources [10]. To
this end, estimating the environmental footprint of computation
has emerged as an increasingly pressing research challenge.

In response, data center operators and cloud providers have be-
gun to integrate on-site renewable and low-carbon energy sources –
such as solar, wind, and nuclear – into their power supply mix. This
shift represents an important step towards sustainable computing,
but it also introduces new challenges in accurately estimating the
emissions of computations using Carbon Intensity (CI), which is es-
sential for applying emerging emission-aware workload scheduling
techniques. Furthermore, cloud providers rarely disclose metrics on
the energy consumption and emissions caused by the execution of
workloads [14, 18]. This lack of transparency makes it challenging
for end users to make informed decisions about environmentally
aware scheduling of compute resources. This issue is further com-
plicated by the widespread adoption of hybrid cloud and federated
computing environments that feature intricate scheduling and man-
agement decisions [3]. Accurate estimations of CI and transparent
management of resources are therefore required for the sustainabil-
ity of cloud environments.

This work presents an end-to-end architecture for carbon-aware
scheduling in multi-cloud environments. This system makes use
of forecasted CI from several geographical regions to instruct a
scheduler that dynamically allocates compute-oriented workloads
based on energy availability, predicted emissions, and resource con-
straints. Given multiple geographically distributed clusters with
distinct energy availability and CI profiles, the scheduler can either
select the optimal execution zone for each job based on CI and
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resource availability or delay job execution when forecasts pre-
dict higher renewable availability and lower CI in the near future.
The proposed approach, additionally, implements a downstream
accounting system based on provenance documents, with the intent
of making the process transparent from a user perspective.

The rest of the paper is organized as follows. The next section
briefly overviews the related work. Section 3 describes the proposed
methodology, followed by Section 4 that presents the results. Finally,
Section 5 provides the conclusions.

2 Related Work
In recent years, interdisciplinary research initiatives at the inter-
section of energy systems, data science, and environmental policy
have received visible interest, reflecting the growing imperative to
address climate change through enhanced energy management.

A significant portion of existing literature focuses on real-time
energy monitoring systems and carbon accounting tools, many
of which leverage open datasets and visualization platforms to
enhance transparency and public awareness [6]. Electricity Maps
(EMaps)1 stands out among these efforts for its intuitive interface
and emphasis on CI metrics. However, similar platforms, such as
WattTime2 [24] and CI API3 also offer insights into real-time emis-
sions, with features for automated emissions reduction through
demand response. While these tools provide valuable services, most
remain limited in geographic scope and resolution [9], highlighting
the need for optimization approaches that fine-tune and model the
data for more accurate reconstruction.

Nowadays, the data made available by these systems can be
handled by a number of ML techniques, such as foundation models
(FMs), increasing the number of competitive models designed for
general-purpose time series forecasting. Many of these models can
also be pretrained on large historical datasets and be used in a
zero-shot manner, without the need to finetune. Among the more
accurate ones, the majority are based on FMs [2, 7, 11], or LLMs [30],
and only a few rely on smaller models with a focus on scalability
[8, 16]. Only very recently, with ever more attention being paid to
carbon footprint and impact of ML training on the environment,
AI researchers have focused on reducing the parameter number of
these models4, favoring ones with comparable performance [1].

Leveraging the availability of data regarding real-time electricity
monitoring and the ability to forecast such information through
ML techniques, the carbon-aware paradigm has emerged as a valid
approach toward reducing the emissions of cloud computations
[21]. Specifically, it consists of aligning the execution of workloads
according to the availability of renewable energy, which by nature
is volatile and fluctuates over time depending on seasonal and
geographical differences that affect its production. In the literature,
various architectures [12, 19, 25, 26] have been proposed to exploit
temporal variations by delaying time-insensitive jobs to periods
with ample green energy availability. Similarly, multiple approaches
[4, 20, 27] have been proposed to reduce computation emissions
by exploiting geographical variations in CI, offloading workloads

1https://app.electricitymaps.com/map/72h/hourly
2https://watttime.org/
3https://www.carbonintensity.org.uk/
4https://research.google/blog/a-decoder-only-foundation-model-for-time-series-
forecasting/

between geographically distributed clusters. Various architectures
have also investigated the joint effects of time- and space-shifting
in scheduling of cloud workloads [5, 29].

Currentworks considering hybrid cloud scenarios optimize sched-
uling to address aspects related to cost efficiency, with constraints
on Quality of Service (QoS) or security conditions [15, 22, 31, 32],
while the sustainability perspective has not yet been addressed.

This work aims at exploiting ML-based forecasters for CI and on-
site power generation to apply established emission-aware sched-
uling approaches for minimizing workloads’ emissions in a hybrid-
cloud environment, producing provenance documents for transpar-
ently describing resource management decisions.

3 Methodology
3.1 System Model
This study proposes a system in which users (e.g., ML researchers)
submit jobs to their organization’s computing infrastructure, aiming
at minimizing the environmental impact of its services.

The organization manages a hybrid cloud computing infrastruc-
ture composed of a private local cluster and a set of geographically
distributed public cloud computing services hosted by Cloud Ser-
vice Providers (CSPs). Let 𝐽 = {0, 1, . . . , 𝐽𝑚𝑎𝑥 } denote the set of
clusters with 𝑗 ∈ 𝐽 identifying a cluster and 𝑗 = 𝑙 with 𝑙 = 0 be-
ing the local cluster. Each cluster operates in a region with carbon
intensity 𝐶𝐼 𝑗 (𝑡) at time 𝑡 . The local cluster draws power from its
regional grid and from on-site renewable generation (e.g., solar
panels). Its adjusted CI is denoted as 𝐶𝐼𝑙 (𝑡) and detailed further on.
The local cluster consists of on-premise nodes, with 𝑁𝑚𝑎𝑥 being
the maximum number of reservable nodes. The public cloud com-
puting services, instead, are accessed via subscription plans with
one or more CSPs to provide additional capacity when the local
cluster is saturated, and to enable carbon-aware scheduling. These
subscription plans impose Service Level Agreements (SLAs), with
𝑄𝑚𝑎𝑥

𝑗 denoting the usage quota limit at cluster 𝑗 (the maximum
number of available nodes reservable by workloads at cluster 𝑗 ).

Workloads are modeled as non-preemptive tasks that run to com-
pletion once started. Each workload executes on the 𝑁 requested
nodes of a single cluster, with exclusive node reservation. Further-
more, workloads are assumed to have uniform computational load
and constant power consumption (such as in the case of ML training
jobs). Workloads are scheduled upon arrival without being queued,
although their execution start may be delayed by the scheduler.

Considering these assumptions, a workload is defined as W :=<
𝐷, 𝑁 >, where 𝐷 is the user-specified duration (wall-time) and 𝑁

is the number of required nodes.
The aim of the proposed solution is to optimally allocate work-

loads so that the local cluster usage ismaximized, while the computing-
related emissions are minimized. This architecture acts as a broker
between job submission and execution. To ensure accountability
during the whole process, a provenance-based tracker records each
scheduling decision, pairing it with contextual information. A high-
level diagram of the architecture is shown in Figure 1.

The proposed architecture manages the ML workloads submit-
ted by users in a pipeline consisting of three main components: a
Forecasting module, which predicts CI and power generation in
a specific zone; a Scheduler, which selects the time and cluster in
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Figure 1: Summary of the scenario addressed in this work. Users submit jobs alongside Scheduler parameters. The system relies
on three components, Forecaster, Scheduler, and Accountant, to optimally schedule the job and return the result.

which to execute the workload; and an Accountant, which tracks
the scheduling decisions and executionmetrics. For the first module,
a set of zero-shot forecasters is used to predict the CI at an arbitrary
time window of a zone of the world. Such forecasts are cached for
a configurable time validity for re-use by the Scheduler to avoid
additional computations. The CI of the local cluster𝐶𝐼𝑙 (𝑡) at time 𝑡
is determined when admitting a user workload𝑊 =< 𝑁,𝐷 > by
considering how much of the power demand of the cluster is met
with on-site renewable energy generation. The power produced by
the local generator 𝑃𝑔𝑒𝑛 (𝑡) at time 𝑡 is forecasted based on historical
data, analogously to the CI predictions. We assume such power to
be fully utilized by the cluster, with excess demand met with power
drawn from the grid, as given by:

%𝑃𝑔𝑟𝑖𝑑 (𝑡) =
𝑚𝑖𝑛{(𝐶ℎ𝑤 · (𝑁 + 𝑁𝑙 (𝑡))) − 𝑃𝑔𝑒𝑛 (𝑡), 0}

𝐶ℎ𝑤 · (𝑁 + 𝑁𝑙 (𝑡))
. (1)

where 𝐶ℎ𝑤 · (𝑁 + 𝑁𝑙 (𝑡)) is the electricity demand of the cluster
considering the allocation of the workload’s requested nodes 𝑁 and
the nodes already allocated at time 𝑡 given by 𝑁𝑙 (𝑡), multiplying
by the node’s hardware power consumption requirement (𝐶ℎ𝑤 ).
By dividing by the total power demand, a percentage measure is
obtained. This way, the adjusted CI is computed by weighting the
generator’s CI and the grid’s CI depending on their percentages of
the cluster power demand:

𝐶𝐼𝑙 (𝑡) = %𝑃𝑔𝑟𝑖𝑑 (𝑡) ·𝐶𝐼 𝑗 (𝑡) +
(
1 − %𝑃𝑔𝑟𝑖𝑑 (𝑡)

)
· 𝐸𝐹𝑔𝑒𝑛 (2)

where 𝐶𝐼 𝑗 (𝑡) is the CI in 𝑔𝐶𝑂2𝑒𝑞/𝑘𝑊ℎ of the grid underlying the
local cluster at region 𝑗 at time 𝑡 and 𝐸𝐹𝑔𝑒𝑛 is the emission factor in
𝑔𝐶𝑂2𝑒𝑞/𝑘𝑊ℎ of the electricity source used by the local generator.
This adjustment can be seen in Figure 2.

In our experiments, the Scheduler and forecasters were tested
on eight different regions: Australia (AU-NSW), Germany (DE), the
United Kingdom (GB), Italy (IT-NO), Japan (JP), Korea (KR), the
United States ERCOT (US-TEX-ERCO), and the United States PJM
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Figure 2: From the top: the local cluster power demand and
supply according to Chronos 2; the resulting CI when ad-
justed, taking into account the local generator; and the num-
ber of scheduled jobs in the local cluster over time.

(US-MIDA-PJM). These regions were selected based on infrastruc-
tural and seasonality differences. To have ground truth information
on all the forecasters, we selected the year 2023 from EMaps data,
since it is the most recent year to include all the required variables.
Due to page limitations, the accounting system section has been
summarized; future work will focus on a more in-depth overview
of this module.

3.2 Forecasting
To perform the forecasting for hourly CI, a set of time-series ML
models was benchmarked. Given the relatively small amount of
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data present in the EMaps dataset, it was decided to rely on zero-
shot inference from already pretrained models. All forecasters were
able to run on a single NVIDIA A100 GPU with 32 GB of RAM.

The ML architectures selected are: Tiny Time Mixers [8], a pre-
trained model designed for multivariate time-series; Time Series
FM [7], a decoder-only FM; Moment FM [11], an FM designed
for general-purpose time-series; Chronos [2] and Chronos 2 [1],
adapted transformer-based LLMs for probabilistic time series; and
GPT4TS [30], another LLM for time series. In addition to this two
baseline models were defined, a naïve approach that outputs the
most recent 96-hour sequence it has access to, which is referenced as
“Naïve Repeat”, and an ARIMA [17] based model. CarbonCast [16]
and EnsembleCI [28] were initially taken into consideration, but
discarded due to the multi-variate nature of the former and an in-
compatibility in the testing architecture for the latter. All forecasters
were tested in a zero-shot setting on all eight zones by reproduc-
ing the entire 2023 year of data, and Mean Squared Error (MSE)
was used as a metric to evaluate each model’s performance. Each
model was given a context of 512 hourly timesteps, amounting to
21 days of information, and was tasked with inferring the next 96
timesteps. These values were chosen since they are the maximum
context sizes, both for the input and the output, common to each
Forecaster.

3.3 Scheduling
A Linear Programming (LP) model is defined to implement the
scheduling procedure that allocates workloads to (1) minimize the
emissions resulting from their execution and (2) maximize the usage
of the local computing cluster.

Some preliminary definitions are introduced below. Let𝑊 be
the workload to be allocated. Let 𝐽 be the set of eligible scheduling
clusters, indexing the CI forecasts for each region as described
before. In particular, public cloud clusters are denoted as 𝑗 while
the local on-premise cluster is encoded as 𝑙 , with 𝑗, 𝑙 ∈ 𝐽 and 𝑙 = 0.
Let 𝑡 ∈ [0,𝑇 ] be the hourly time-steps of the scheduling horizon
of length 𝑇 . Finally, let 𝑥𝑡 𝑗 be a binary variable equal to one if the
workload is allocated at cluster 𝑗 at time 𝑡 ; or zero otherwise. Two
objective functions can thus be defined.

(1) Emissions: Starting a workload at time 𝑡 at cluster 𝑗 results
in the following emissions:

𝐸 (𝑡, 𝑗) = 𝑥𝑡 𝑗 · 𝑐𝑡 𝑗 (3)

where 𝑐𝑡 𝑗 is the CI measured at cluster 𝑗 at time 𝑡 for the duration
𝐷 of the workload, which is given by:

𝑐𝑡 𝑗 =

𝑡+𝐷∑︁
𝜏=𝑡

𝐶𝐼 𝑗 (𝜏).

The Forecaster component described earlier is used to build the CI
data matrix. More specifically, the CI of the local cluster𝐶𝐼𝑙 contains
the adjusted CI from the power mix of the on-site generator and
the CI from the excess electricity demand consumed from the grid.

It should be noted that many public cloud providers also use their
own on-site power generators and therefore often only partially
rely on grid electricity, much like the local cluster modeled thus far.
Consequently, estimating the emissions of computations executed
at their data centers using the carbon intensity of their underly-
ing grid may not be fully representative. This modeling issue is

shared by many region-based, carbon-aware workload scheduling
approaches. One solution to this problem would be to use data
about emissions or renewable power production directly released
by cloud providers, which they publish very sparingly [3, 18]. Nev-
ertheless, the proposed methodology of adjusting the local carbon
intensity depending on on-site generation is a flexible approach
that can also be applied to public cloud services, provided data on
their renewable power production is made available.

(2) Usage of local computing cluster: Starting a workload at
time 𝑡 at cluster 𝑗 results in the following usage of local cluster
nodes:

𝐿(𝑡, 𝑗) = 𝑥𝑡 𝑗 · 𝑎𝑡 𝑗 (4)

where 𝑎𝑡 𝑗 determines the number of nodes allocated at the local
cluster 𝑙 for the task, which is given by:

𝑎𝑡 𝑗 =

{
𝑁, if 𝑗 = 𝑙,

0, otherwise.

This objective function also approximates a measure of the ex-
penses of the cluster operator for managing the computing infras-
tructure, with inverse proportionality. This is because maximizing
the usage of the local cluster will contribute to amortizing the costs
for hardware purchase and infrastructure setup, while reducing the
expenses for public cloud services due to the pay-per-use business
model adopted by the cloud computing paradigm. As such, maxi-
mizing the usage of the local cluster indirectly also minimizes the
overall expenses of the cluster operator.

The Scheduler component implements a trade-off between the
minimization of the workload emissions (1) and the maximization
of the local cluster usage (2) by jointly optimizing the cost functions:

𝑡∗, 𝑗∗ = argmin𝑡, 𝑗 {𝛼𝐸 (𝑡, 𝑗) − (1 − 𝛼)𝐿(𝑡, 𝑗)} (5)

where: 𝛼 ∈ [0, 1] is a weighting factor used to control the trade-off
between emissions and local cluster usage; and 𝐸 (𝑡, 𝑗) and 𝐿(𝑡, 𝑗)
are the CI and local cluster usage cost functions previously defined
in Equations (3) and (4) respectively, but normalized over their
maximum value. This is done to make sure they both return values
∈ [0, 1] and thus are comparable on the same scale.

To respect the Service Level Agreement (SLA) on job alloca-
tion and to ensure the feasibility of the solution, the following
constraints must hold:

(1)
∑𝑇

𝑡

∑𝐽

𝑗
𝑥𝑡 𝑗 = 1, meaning workloads are allocated exactly

once at a certain time and region;
(2) 𝑡+𝐷 <=𝑇 , meaning the workload must be completed before

the scheduling horizon 𝑇 , considering its wall-time 𝐷 ;
(3) ∀𝜏 ∈ [𝑡, 𝑡 + 𝐷], 𝑁 + 𝑁𝑙 (𝜏) ≤ 𝑁𝑚𝑎𝑥 meaning the number

of nodes allocated at the local cluster 𝑙 at time 𝜏 (stored in
𝑁𝑙 (𝜏)) cannot exceed 𝑁𝑚𝑎𝑥 , which is the maximum number
of nodes available for the duration of the workload;

(4) ∀𝜏 ∈ [𝑡, 𝑡 + 𝐷], 𝑁 + 𝑁 𝑗 (𝜏) ≤ 𝑄𝑚𝑎𝑥
𝑗 ∀ 𝑗 ∈ 𝐽 , 𝑗 ≠ 𝑙 meaning

the number of nodes allocated at CSP cluster 𝑗 at time 𝜏
(stored in 𝑁 𝑗 (𝜏)) cannot exceed the usage quota limit 𝑄𝑚𝑎𝑥

𝑗

for the duration of the workload to schedule.
Being a linear formulation with linear constraints, the result-

ing optimization problem can be efficiently solved using available
linear solvers. Furthermore, the solution will always be the global
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(a) Performance comparison of this approach
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(b) Performance comparison of this approach
against a carbon-agnostic FIFO scheduler.
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Figure 3: A summary of the experimental section of this work. The contributions to the total emissions of workloads executed
at each region are highlighted using the same color.

Table 1: Summary of the models and baselines used, and zero-
shot performance comparison on CI prediction.

Model Energy (mWh) MSE Loss Params
Naïve Repeat 0.0025 1218.47 -
ARIMA 0.4444 2876.42 -
Moment FM 2.7569 498.63 347M
Tiny Time Mixers 1.2569 198.36 800k
Chronos 8.3542 362.74 46M
Chronos 2 7.2431 176.58 120M
Time Series FM 6.8333 243.91 231M
GPT4TS 2.0625 547.82 65M

optimum as the constraints are convex. In our experimentation, we
used the PuLP library5, and solved it with the Cbc solver6.

4 Results
4.1 Forecaster Performance
Table 1 contains a recap of all the models utilized, with the respec-
tive performance, number of parameters, and inference time. Due
to the page limit constraints, the benchmark for this initial phase
has been summarized, and further information will be provided in
an extension to this work. We initially benchmarked the predic-
tions made by the different zero-shot models by comparing them
with the Electricity Maps (EMaps) ground truth. Across all regions,
both baselines (‘Naïve Repeat” and ARIMA) consistently exhibit the
highest MSE. In contrast, all evaluated ML models achieve lower
test MSE, with Chronos 2 being the best, followed by TSFM and
TTM. Since the top three models all achieved relatively similar per-
formance, it was decided to compare the scheduling performance
based on all three architectures, as shown in Figure 3a.

4.2 Scheduler Performance
The Scheduler component was evaluated with multiple experiments
conducted over various configurations. More specifically, simula-
tions of job scheduling were conducted with a total of 1000 jobs
5https://coin-or.github.io/pulp/
6https://github.com/coin-or/Cbc

arriving per month. The characteristics of the submitted jobs were
generated using a uniform distribution over the whole period and
generating the number of requested nodes 𝑁 and wall-time 𝐷 (in
hours) using normal distributions with parameters 𝜇 = 6 and 𝜎 = 2.

A hybrid cloud architecture was simulated considering a local
cluster equipped with a solar power generator and a set of CSP
clusters located across the eight above-mentioned regions. In this
simulation, the local cluster provides an 𝑁𝑚𝑎𝑥 of 10 nodes, while
the on-site generator is modeled using EMaps data on solar power
production, ensuring a realistic output depending on seasonal vari-
ations. The CSP clusters instead provide a usage quota limit of
𝑄𝑚𝑎𝑥

𝑗 = 20 ∀𝑗 .
Nodes executing allocated workloads were assumed to have

a constant power demand throughout the job’s duration, set as
𝐶ℎ𝑤 = 8.5𝑘𝑊 as measured in [13].As such, the emissions caused
by a workload𝑊 :=< 𝐷, 𝑁 >, starting at time 𝑡 in cluster 𝑗 , with
𝐶𝐼 𝑗 (𝜏) being the CI at region 𝑗 at time 𝜏 were computed as:

𝐸𝑚(𝐷, 𝑁, 𝑡, 𝑗) =
𝑡+𝐷∑︁
𝜏=𝑡

𝑁 ·𝐶ℎ𝑤 ·𝐶𝐼 𝑗 (𝜏)

The performance of the proposed carbon-aware computing ap-
proach was evaluated against a random FIFO baseline scheduler,
which assigns workloads to randomly chosen regions, respecting
resource constraints. The scheduler was evaluated considering both
forecaster data (from Chronos 2) and ground truth EMaps data for
a theoretical upper bound in the achievable reduction in emissions.
As shown in Figure 3b, the optimized model reduces emissions by
27.7% compared to the random FIFO scheduler, while a reduction
of 32.09% can be achieved using ground truth knowledge.

The impact of the trade-off parameter 𝛼 was also evaluated, con-
sidering three configurations corresponding to different scheduling
profiles. With 𝛼 = 1, the model minimizes overall emissions re-
gardless of local cluster usage. Conversely, with 𝛼 = 0, the model
maximizes local cluster usage without accounting for emissions,
as by Equation (4). With 𝛼 = 0.5, a tradeoff is adopted between
maximizing local cluster usage and minimizing emissions. The re-
sults are shown in Figure 3c, where the best tradeoff allocates the
majority of jobs to the local cluster with an increase of only 9.97%
of emissions compared to the 𝛼 = 1 profile.
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5 Conclusions
The methodology proposed in this work integrates power con-
sumption modeling and CI estimation into a unified framework for
sustainable job allocation in hybrid cloud scenarios.

A benchmark of state-of-the-art foundation models for time-
series forecasting was conducted to evaluate the performance of
existing approaches, taking into account performance, energy con-
sumption, and inference time of each model. The best forecasters
were then used to predict the CI at different regions and the on-site
renewable power generation, for the adjustment of local CI.

A Linear Programming optimization model was defined for the
carbon-aware scheduling of jobs in hybrid cloud scenarios. The
model computes a controllable trade-off between the minimization
of the carbon footprint of computations and the maximization of
local cluster usage.Due to page limit constraints, the experimental
evaluation had to be shortened, but additional work has been con-
ducted analyzing the scalability of this approach, its effectiveness
when increasing the delay time window, and when using coarser
time series data. Future research efforts plan to relax the assump-
tion of constant power draw of workloads. Furthermore, the model
will be extended to take into account different types of jobs (GPU-
bound, IO-bound, etc.) and nodes (hardware characteristics). Finally,
a provenance-driven accounting systemwas implemented to enable
assessments about the management of workloads; more details on
this component will be disclosed in a future extension of this work.
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