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The computing continuum (CC) is expected to improve the quality of service 
of distributed applications. However, adding more devices to current cloud 
datacenters to implement the CC can increase the energy-related CO2 emissions of 
the paradigm. Sustainability requires intelligently managing applications through 
the CC, considering both the energy consumption and carbon intensity of energy 
sources. Moreover, the CC provider should perform this management, given their 
control of devices and networks. This work provides an overview on achieving 
sustainability in the CC and the associated challenges, proposing an architecture 
that leverages active inference to learn, manage, and reconfigure the system 
to achieve a low carbon footprint while meeting the service level objectives of 
applications.

The interest in the computing continuum (CC) 
as a computing paradigm has been growing in-
tensely in recent years, with market projections 

of US$380 billion in spending by 2028.1 The distributed 
nature of the CC enables application services to be 
executed where they best fit, be it closer to users or 
in more powerful data centers, promising to improve 
their quality of service (QoS).2 As a result of this ex-
pected increase in QoS, companies are increasingly 
interested in bringing key services, such as web ser-
vices,3 media streaming,4 or artificial intelligence (AI),5 
traditionally seen as cloud services, to the CC.

However, with the enhancement of QoS in the CC 
comes also the challenge of energy consumption and, 
with it, greenhouse gas emissions. Cloud computing is 
responsible for 0.9% of the energy-related greenhouse 
gas emissions.6 The cloud is generally deployed as a 
set of servers expected to be available ubiquitously 
and on demand,7 requiring constant energy. If the CC 
followed suit, it would be deployed as a set of addition-
al devices that are permanently powered on. Such a 

deployment could further increase this figure,8 as the 
cloud would keep its current deployment, and the CC 
would increase it. Traditional energy optimization lev-
eraged in the cloud is hard to apply on the CC,8 on the 
one hand, due to its distributed nature, and on the oth-
er hand, as services requiring hardware acceleration 
become more widespread and harder to migrate.

This increase in emissions of CO2-equivalent gas-
es, however, is directly in opposition to the ongoing 
interest in sustainable computing, such as green com-
puting,9 as well as incentivized by governments, as in 
the EU Green Deal or the Sustainable Development 
Agenda. Thus, reducing the carbon footprint of CC is 
a crucial challenge to be tackled.

To address this challenge, the factors that influ-
ence the carbon footprint of the CC are the energy 
consumption of the infrastructure and the carbon 
intensity of the energy sources. The CC provider can 
control the energy consumption of the system by per-
forming reconfigurations to the software and hardware 
running in the infrastructure (e.g., limiting resources or 
disabling hardware acceleration). Carbon intensity is 
governed by the specific energy source (e.g., coal, so-
lar, wind) or the energy mix in case multiple sources 
were leveraged, which are not directly in control of the 
provider. Nonetheless, as the CC is distributed, differ-
ent nodes can have different carbon intensities and 
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hence reduce the overall carbon footprint by moving 
services toward devices with a lower carbon intensity.

Managing the infrastructure to reduce the carbon 
footprint, however, is not a simple endeavor. Devel-
opers leverage the CC to get high QoS, meeting their 
service-level objectives (SLOs). There is, however, an 
important gap between the requirements of develop-
ers, with QoS-oriented SLOs, and those of CC provid-
ers, such as SLOs on the carbon footprint of their in-
frastructure. Performing reconfigurations is especially 
challenging, as CC providers have limited visibility to 
the services running. The reconfigurations to save en-
ergy taken by the CC provider can decrease the QoS, 
thus requiring careful balance to meet both develop-
ers’ and CC provider’s SLOs. Moreover, the reconfigu-
rations available can vary across machines in the CC 
(e.g., not all nodes integrate variable thermal design 
power (TDP), powering off a device can be risky if no 
lights-out management exists), and the effects of such 
reconfigurations in both SLOs and energy consump-
tion can also vary across machines. These effects de-
pend on how the services use the resources provided 
and are complex to determine a priori, requiring learn-
ing about them.

As shown by Sedlak et al.10 and Sedlak et al.,11 active 
inference (AIF) can be used for developing structural 
knowledge about a system’s behavior given certain 
actions, e.g., providing the expected energy consump-
tion after moving or reconfiguring services. For this, 
AIF employs a continuous action–perception cycle, in 
which it balances the exploration of unknown but in-
sightful configurations, with such that promise to fulfill 
the configured SLOs.

This work includes its study in five realistic use cas-
es, and the architecture of a framework to leverage AIF 
from the CC provider’s perspective. AIF is expected 
to benefit developers as well as reducing the carbon 
footprint of the CC.

BACKGROUND AND CHALLENGES
Cloud computing has been the reference computing 
paradigm for the last decade,2 in part, due to its mod-
el in which computing capacities are provided as a 
service and paid for based on their usage.7 This model 
removes the need for an initial investment from devel-
opers, while also automatically scaling the computing 
capacity.1,2,7 However, as cloud computing became 
more dominant, the limitations imposed by its central-
ization also became more apparent: high network la-
tencies, privacy concerns as data passes through bor-
ders, and lack of locality. While acceptable for some 
applications, these limitations made cloud computing 

infeasible for others.2 In recent years, the CC emerged 
as a paradigm aimed at keeping the model of cloud 
computing, while leveraging distribution to address its 
shortcomings.

In this context, one of the most interesting move-
ments in the cloud computing space is the green 
cloud,9 which tries to ensure the sustainability of 
cloud computing. On the one hand, if the CC is the 
evolution of cloud computing, it is natural for it to also 
pursue sustainability. On the other hand, the inter-
est in bringing sustainability to both computing and 
networking systems also stems from governmental 
incentives. The main metric for the sustainability of 
a computing system is its carbon footprint, i.e., the 
mass of CO2-equivalent gases generated per unit of 
time by the system due to its energy consumption.12 
Traditionally, sustainable computing was synonym 
with energy-efficient computing,13 as lower energy 
consumption correlates to lower carbon footprints. 
Nonetheless, cloud providers recently noticed that 
the carbon intensity (i.e., mass of carbon produced by 
unit of energy consumed) of the energy source, or the 
mix of energy sources used to power the computing 
devices is equally important.12 Google Cloud sched-
ules energy-consuming tasks to moments when the 
carbon intensity of the energy mix is predicted to be 
low.12 The CC provides an additional dimension as a 
distributed paradigm: Services can be moved to a 
different point in the CC where the energy mix is less 
carbon intense. However, this dimension comes with 
the challenge of the high complexity in managing and 
orchestrating distributed services.

There are initial proposals to address this chal-
lenge that frame it from the point of view of applica-
tion developers or operators,14 treating sustainability 
or energy consumption as another aspect to optimize. 
However, application developers only have control 
and knowledge over their application, not the whole 
infrastructure, which can lead to different developers 
making decisions that are optimal individually but not 
globally. For example, 10 developers may decide to de-
ploy a service into 10 very energy-efficient fog nodes, 
but it would be preferrable to deploy all 10 services in 
a single node. Moreover, solving these issues from the 
point of view of developers is complex: Not only would 
they have to share information with other developers, 
potentially their business competitors, about their 
services, their solutions would need to be ready to 
consider other applications they have no control over 
and that may be managed in unpredictable ways.

Instead, we believe this problem should be framed 
from the perspective of CC providers, who have 
knowledge and control of the services deployed. A CC 
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provider is expected to have full control over the cloud 
and fog layers, as modern cloud providers do. Devic-
es closer to users, such as edge devices, may not be 
under the direct control of the CC provider, but are 
expected to execute an integration agent from the 
CC provider, like the current Google Distributed Cloud 
Edge or AWS Greengrass. This agent allows the CC 
provider to control these nodes as well, while it allows 
the owner of the device to be integrated with the CC 
provider’s ecosystem. If the owner of the device is the 
developer, the agent provides them with automated 
and intelligent management of their application, while 
owners such as edge providers may benefit from part-
nerships with CC providers.

However, this perspective brings a key challenge: 
CC providers lack information about the services run-
ning in their infrastructure. While developers know 
what the services of their application are, for the CC 
provider, they are all seen as opaque services. Like 
sharing details across service vendors, sharing details 
about services with the CC provider can be problem-
atic in terms of privacy. Hence, the CC provider cannot 
know what exactly is running and must operate based 
on the limited information the developers provide.

In summary, to address sustainability in the CC, it is 
necessary to consider the following challenges:

C1)	 Consideration of the carbon footprint, including 
both energy consumption and carbon intensity.

C2)	 Knowledge and control over the CC infrastruc-
ture, understood as the ability to know the sta-
tus of and reconfigure technical characteristics 
of devices of the CC, such as powering them off 
or disabling their GPU.

C3)	 Knowledge and control over the services, in-
cluding their SLOs, characteristics, reconfigura-
tion, scheduling, and migration.

C4)	 Management of conflicting SLOs, both between 
developers and CC providers (e.g., high QoS ver-
sus low carbon footprint) and between different 
developers (e.g., one service requests CPU load 
above 90% and another one requests to stay 
below 50%).

C5)	 Privacy respecting, meaning that the parties in-
volved must not need to disclose any informa-
tion they do not wish to disclose to the parties 
in control.

C6)	 Consideration of the peculiarities of the CC, in-
cluding distribution or heterogeneity.

C7)	 Adaptive behavior to schedule, configure, and 
migrate services depending on environmental 
variables such as the carbon intensity of the en-
ergy mix.

EXAMPLE USE CASES
To better illustrate the benefits of this approach, we 
present a set of five representative use cases that 
would benefit from it. Noteworthily, they are not aimed 
at being an exhaustive list, but a representative sam-
ple of a wider variety of use cases.

Content Management System (CMS)
A CMS is a software service to simplify the adminis-
tration of websites. Although some CMSs specialize in 
one type of site, such as MyBB for forums, CMSs such 
as WordPress can be leveraged for different types of 
websites. Distributing and replicating a CMS through-
out the CC can enhance the availability of the website 
and its performance,3 and thus, CMS may be interest-
ed in leveraging the CC.

CMSs are mainly storage-intensive and easy to 
scale down. However, they are sensitive to increas-
es in traffic, which require replicating and scaling up 
the application to avoid performance loss. Managing 
traffic increases requires anticipation, which can be 
achieved by learning the patterns behind demand. 
Moreover, different types of websites have different 
SLOs, regardless of the CMSs that are leveraged: Fo-
rums host user-created content, while the content of 
a news website is generally managed by a single party, 
and shopping websites require careful synchroniza-
tion during the buying process.

The need to learn the behavior of CMSs in the CC 
makes AIF an adequate technique to improve their 
sustainability. As websites are very flexible, CC pro-
viders have no knowledge of what type of website 
is being hosted. Learning how the website operates 
and how actions on the hardware or container con-
figurations may affect them are crucial to decreasing 
the carbon footprint of the system. Spatiotemporal 
demand peaks can also be learned and adjusted for 
ahead of time. Interestingly, if the interactions among 
services, hard to determine a priori, are learned, ad-
justments can be made only to the services most 
affected by peaks. The sustainability of highly en-
ergy-consuming periodic maintenance tasks, such 
as backups, can be improved by scheduling them 
during off-peak times for the website, not affecting 
its QoS, and at points where the energy mix is least 
carbon-intense.

Multimedia Streaming Services
Services that allow users to stream multimedia con-
tent to their devices on demand are nowadays com-
monplace. Netflix, Spotify, or YouTube are examples 
of such services. These services have traditionally 
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been an example of distributed systems due to their 
use of content delivery networks (CDNs)4: distributed 
networks of devices closer to users that stored cop-
ies of their multimedia content to improve the QoS 
of the service. As such, the developers of multimedia 
streaming services are greatly interested in leveraging 
the potential of the CC to further expand their CDNs.4

Multimedia streaming services are very intensive 
in terms of storage, as they store high-quality video 
and audio, and in network bandwidth to stream the 
content. Many of these characteristics are dependent 
on the specific type of content offered: Different mul-
timedia types have different requirements (e.g., audio 
requires less bandwidth than video), and even differ-
ent types of content do (e.g., 2-hour-long films require 
vastly more storage space than 30-second-long short 
videos). Moreover, these services can trade off storage 
space and processing power: Multimedia content can 
be stored in multiple qualities or transcoded ad hoc 
to a lower quality when requested. Depending on the 
source and target qualities, transcoding may be per-
formed directly on the CPU or require GPU accelera-
tion. All these characteristics are also greatly affect-
ed by content popularity: Transcoding popular videos 
for millions of users requires vastly more power than 
transcoding videos for hundreds or dozens of users. 
Similarly, requiring dozens of users to stream their con-
tent from a central server rather than the CDN for their 
content is more acceptable than doing so for millions.

Therefore, learning about the behavioral charac-
teristics of these services, such as storage, bandwidth, 
CPU and GPU intensity, or the demand, is also crucial 
for sustainable multimedia streaming. Developers al-
ready learn about the popularity of content to popu-
late their CDNs with content, but they may not share 
them with the CC provider for privacy reasons. None-
theless, learning about their SLOs at the CC provider 
level could ensure hardware acceleration and CPU re-
sources can be adequately managed to reduce the en-
ergy consumption of CDNs. Due to the inherent role of 
networks in multimedia streaming, learning about the 
QoS offered to different users in different locations of 
the CC can also be used to move CDN nodes to less 
carbon-intense locations. As the CC offers full support 
for service execution and not simply storage, if the net-
work is powered by a significantly more carbon-inten-
sive energy mix than the CC devices, it is also possible 
to only migrate the high-quality multimedia files and 
populate lower quality versions by transcoding them 
in situ. Learning about the energy mix patterns would 
allow predicting periods with a low-carbon energy mix 
to schedule these tasks to them. Overall, the need to 

learn in multimedia streaming is patent, making AIF an 
interesting approach to these challenges.

Remote Gaming
Remote gaming is a service in which videogames are 
installed in remote computing devices, such as cloud 
instances, fog or edge nodes, and livestreamed to a 
user device, generally assumed to be less powerful, 
and who can control it remotely.15 Among others, Xbox 
Cloud currently offers this service. Remote gaming 
is expected to bring high-quality gaming capabilities 
to virtually every device with a display, from mobile 
phones to TV screens, without the need for specialized 
hardware.

In this use case, high latency can result in per-
ceived unresponsiveness, making the game unplay-
able in practice. As videogames often run at 30, 60, or 
even 120 frames per second, streaming the image to 
the user, as well as receiving the inputs from the user, 
in as little as 8 ms is challenging. This has brought 
forth increased interest in deploying remote gaming 
services to the CC, but it has also made it necessary 
to learn how the management of these services af-
fects their latency. Moreover, the resource-intensity of 
videogames can vary greatly: Some require significant 
memory, CPU and GPU, while others can easily run 
in underpowered devices. Similarly, some games are 
played in short sessions, while others are played for a 
longer time.

Learning the latency SLOs, resource intensity, or 
session length patterns, all of which are difficult to 
know a priori, can be of great importance for a greener 
remote gaming ecosystem. Latency can be ensured, 
while also aiming for a lower carbon footprint within 
possibility. Videogames that require more resources, 
and hence, have higher energy consumption, can be 
placed in less carbon-intensive, or more energy-ef-
ficient devices. Learning from the patterns in which 
these games are played is crucial to set a preference for 
those involving longer sessions to be placed in nodes 
with a smaller carbon footprint. It is also interesting 
to learn how limits to the resources these games can 
access, such as lowering the TDP if the device allows 
it, affect their performance. AIF can be used to learn 
and perform such intelligent management of remote 
gaming services in the CC.

Large AI Systems
The use of AI systems is constantly becoming more 
widespread, especially with large AI models such as 
large language models (LLMs).5 Generative AI in gen-
eral is also being offered for a variety of services, such 
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as image and video generation, editing, reinterpreta-
tion of images in given styles, or voice imitation. Some 
services even combine these generative AI services 
with other AI-based functionalities like image recog-
nition or optical character recognition. Nonetheless, 
large AI systems are also famous for their large energy 
consumption and carbon footprint.16 Sustainability is 
thus an important focus for large AI systems,16 and the 
CC is key for reducing the carbon footprint of these 
systems.

From the perspective of a CC provider, large AI sys-
tems are some of the most intensive services in CPU, 
GPU, and storage. Nonetheless, not all the models are 
equal, and even modern LLMs have multiple editions 
with different numbers of parameters and hardware 
requirements. Moreover, some large AI models can 
work with limited resources, even without GPU accel-
eration, although at a much slower pace. Learning the 
effects that resource limits have over large AI models 
allows CC providers to set reasonable limits that pre-
serve energy without greatly impacting the SLOs of 
the system. In this respect, the type of model is also 
important: If images or video are generated, rather 
than text, which the developer may not explain to the 
CC provider, it is key to learn if, e.g., bandwidth limits 
affect SLOs. Finally, the patterns on how the model is 
used can be learned and leveraged to adjust the limits 
to the expected load, as well as to move the services to 
less carbon-intensive devices.

Remote Workspaces
Tools such as GitHub Codespaces allow developers 
to have flexibility in the environment they use. If ser-
vices are moving toward the CC, such as in the previ-
ous four examples, so are the spaces in which they are 
developed.15 Collaborative programming, such as pair 
coding, as well as previews of development environ-
ments, can all be provided more easily using remote 
workspaces, becoming another important service in 
the CC.11

Remote workspaces are critical learning points for 
CC providers, as the confidentiality of the software de-
veloped in them is a crucial requirement. On the one 
hand, it is key to learn about how the technological 
stacks must be provisioned: Storing a set of prebuilt 
workspaces in the CC requires a separate storage sys-
tem from which they can be downloaded on demand, 
while building them ad hoc requires time in each work-
space, which may be more energy consuming and car-
bon intensive if not managed correctly. Use patterns 
and predictions on them are critical pieces of informa-
tion to ensure sustainable provisioning. Moreover, the 

software being developed and tested in these work-
spaces can be of many kinds, and their characteristics 
are not known a priori, leaving learning as the only pos-
sibility to ensure their sustainable management.

FRAMEWORK ARCHITECTURE
To achieve this vision of a sustainable CC, it is neces-
sary to intelligently manage, adapt, and reconfigure 
services and the CC infrastructure.

Example Scenario
Figure 1 shows a simplified and small example CC in-
frastructure, with three edge nodes, two fog nodes, 
and a cloud data center, hosting services from the 
previous five use cases. To illustrate the view of the 
CC provider, the color of each service represents the 
developer who deployed it, but there is no information 
about which color represents which use case. Edge 
nodes A and B are powered by coal, while C leverages 
wind. Each node in the infrastructure also has a differ-
ent energy efficiency rating, ranging from A (best) to F 
(worst). In the case of edge nodes, they have A, F, and 
D efficiencies, respectively. Node A can partially offset 
the high carbon intensity of coal with its high energy 
efficiency, thus having a moderate carbon footprint. In 
contrast, B has both high carbon intensity and energy 
consumption, resulting in a high carbon footprint. C, 
despite its low energy efficiency, achieves a small car-
bon footprint due to the low carbon footprint of wind 
power. On top of the edge nodes, we find fog nodes D 
and E, with B and C energy efficiencies, respectively, 
and powered by the energy mixes of Austria and Hun-
gary, with a moderate carbon footprint each. Finally, 
the cloud takes energy from an energy mix akin to the 
average one in the European Union, and has an A-lev-
el energy efficiency, resulting in an overall low carbon 
footprint.

Given this information, the reconfiguration agent 
acts accordingly to reduce the overall carbon footprint 
while respecting the SLOs of the hosted services. In A, 
a service from the yellow application that was momen-
tarily scaled up is removed. Together with this remov-
al, the CPU resources of the node are limited, bringing 
down the QoS. Nonetheless, as now only a purple ser-
vice is in the device, the lower QoS is still above the 
SLO. In B, a service from the blue application is moved 
to the rightmost edge node. This allows the agent to 
power off B, not needing to meet any SLOs as no ser-
vices are executed there. C, in contrast, starts hosting 
a blue and a yellow service, migrating from other devic-
es. These new services set a high SLO, which requires 
the node to raise its CPU’s TDP. Reconfigurations also 
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FIGURE 1.  Overview of the proposed framework managing an example CC infrastructure.
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exist in the fog: As the energy mix in Hungary is pre-
dicted to increase, services in E are migrated to nodes 
with a smaller predicted carbon footprint. Namely, 
a red service is moved to D, a second red service mi-
grates to the cloud, and the third one is now hosted by 
C. Three services, which cannot be migrated without 
violating their SLO, are not moved.

Architecture Description
To perform this task, we propose a framework based 
on AIF, whose architecture is depicted in Figure 1. The 
framework considers that each device has a set of 
hardware features that can be adjusted, such as CPU 
clock speed, TDP, or whether the device is powered 
on. These features can be programmatically adjusted 
through an application programming interface (API) 
(e.g., simple network management protocol [SNMP], in-
telligent platform management interface [IPMI]). In par-
allel, the device is running a service runtime, such as 
Docker, in which services are being executed. On top of 
the runtime, an orchestrator such as Kubernetes per-
forms high-level service management (e.g., migration).

The first framework proposal is that, if hardware of-
fers APIs to be configured, services should also offer a 
configuration API. This API should allow for four tasks: 
discovery of available configuration features and QoS 
metrics, query of current values of each feature and 
metric, reconfiguration of features, and evaluation of 
SLOs. These APIs could easily be auto generated from 
a configuration files and would allow service develop-
ers to keep the nature of their service private, as pa-
rameters do not need to be humanly interpretable (e.g., 
the “quality” feature from the media streaming service, 
which can be set to 720p, 1080p, or 4K, could be ex-
pressed as feature “a,” admitting integer values from 
1 to 3). The framework unifies all these status queries 
and reconfiguration APIs, from hardware, services, and 
the orchestrator, into the performance, operation, and 
orchestration layer (POPOL). POPOL eases all tasks 
related to monitoring the performance of services 
through service-specific, orchestrator-level, and hard-
ware-level metrics, as well as operation, e.g., reconfig-
uration of hardware and services, or migrations.

The AIF system continuously collects and monitors 
the available information, including the currently avail-
able CC devices, their (predicted) energy mixes, and 
the service demand. Using this information, the AIF 
system develops a structured generative model of the 
probability under which the system can fulfill its SLOs 
under certain states, or when taking an action from a 
state. This generative model allows interpreting and 
predicting the conditional impact of taking actions; to 

that extent, the AIF system pursues two goals: taking 
actions that improve the agent’s understanding of the 
environment (i.e., the generative model), for example, 
by taking actions with less certain outcome, and tak-
ing actions that are highly likely to ensure the config-
ured SLOs. Thus, the AIF system identifies parameters 
that directly impact SLO fulfillment, e.g., how to mini-
mize emissions by proactively moving and reconfigur-
ing services to specific nodes.

The AIF system is directly integrated with the rest 
of the framework by leveraging the rest of the mod-
ules. POPOL allows AIF to learn about the current con-
figuration of hardware, individual services, and their 
orchestration, as well as about the performance of the 
device in terms of energy consumption. AIF can also 
invoke POPOL to reconfigure them. Carbon intensity is 
considered by using the energy mix manager (EMMA). 
EMMA provides information about the energy mix of 
the nodes, combining information sources such as in-
ternal information or real-time datasets.16 EMMA also 
makes it possible to predict future energy mixes. The 
last piece of information required by AIF is the man-
agement of SLOs, handled by the DEVeloper objective 
layer (DEVOL) module. DEVOLA gathers information 
about the SLO-related performance metrics and SLO 
fulfillment from the APIs of the different services and 
unifies them for AIF, resolving conflicts between SLOs 
through different techniques, such as prioritization. By 
querying DEVOL, AIF can get information on how re-
configurations affect the overall SLO fulfillment as well 
as separate SLO metrics.

In terms of deployment, as depicted in Figure 1, 
DEVOL, the AIF system, and POPOL, as well as the 
configuration APIs, are designed for a distributed de-
ployment. Every device in the CC is expected to have 
an instance of DEVOL, POPOL, and the AIF system, 
while each service deploys its configuration API. In 
contrast, EMMA is expected to be a centralized mod-
ule, deployed to a device with a low carbon footprint 
to ensure a single source of truth for energy mix infor-
mation. Overall, the framework manages the CC to en-
sure SLO fulfillment and sustainability.

DISCUSSION
The proposed framework has the potential to transform 
how CC providers manage their systems and how de-
velopers leverage them. Providers can keep the privacy 
of developers’ applications while fulfilling their SLOs 
and automating the configuration of their applications 
and their infrastructure, all with a focus on sustainabil-
ity. Developers see their own application management 
and configuration automated, declaratively stating 
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their objective metrics and parameters and allowing 
the framework to adjust them as necessary.

The framework addresses the challenges identified 
to fulfill this need, be it with individual modules or with 
emergent properties of the system itself. Table 1 re-
views how the framework addresses these challenges, 
which modules are involved, and related proposals or 

artifacts that could serve to implement the framework. 
The proposed framework is compared with Q-NGINE,14 
which is used to represent systems that try to address 
the same problem from the developer’s perspective. 
Moreover, the framework contributes to sustainable 
development goals 7.3 (energy efficiency), 9.2 (sustain-
able industrialization), 11.2 (sustainable management 

TABLE 1.  Discussion of the challenges addressed by the proposed framework, comparison to how they are addressed in other 

works, and potential implementation for the framework modules.

ID Challenge addressed Involved modules
Addressing in 

Q-NGINE14
Related proposals 

and artifacts

C1

The proposed framework is fully aware 
of the carbon footprint, both in terms of 

energy consumption and carbon intensity 
of energy sources. Moreover, it is able to 

predict the carbon intensity of sources, as 
well as to learn about the implications of 

other variables for them (e.g., system load, 
location) and act accordingly.

EMMA, POPOL, AIF 
system

Partial: Energy 
consumption is 

considered; carbon 
footprint is not.

ElectricityMaps,18 
power measurement 

systems, AIF 
framework

C2

AIF fundamentally addresses this 
challenge by learning how high-level and 

low-level metrics relate to and affect each 
other. POPOL offers visibility and control 
over the details of hardware and service 

management.

POPOL, AIF system

Partial: Q-NGINE 
operates exclusively 
from the developer 

perspective. 
Services can be 

moved, but nothing 
else.

OpenAPI, SNMP, IPMI, 
Kubernetes API, AIF 

framework

C3

AIF performs the same task as in C2 
with services as well. The services’ 

configuration APIs offer information and 
let AIF modify the service configuration. 

SLO fulfillment can be evaluated 
leveraging DEVOL.

DEVOL, Configuration 
API, AIF system

Not considered: 
static service 

configurations are 
assumed.

OpenAPI, JSON, YAML, 
AIF framework

C4

DEVOL manages conflicts across different 
SLOs automatically for the rest of the 

framework. DEVOL can be configured to 
decide the method to resolve conflicts, 

and which SLOs to prioritize.

DEVOL
Not considered: 
A single party is 

assumed

AIF conflict resolution 
algorithm (cite 

diffusing high-level 
SLO in microservice 

pipelines)

C5

The framework as a whole is designed 
assuming that developers do not need 
to provide any specific information to 

the service providers. Configuration APIs 
and DEVOL facilitate private information 

sharing from developers, while POPOL and 
the AIF system work with it.

All (emergent property)

Addressed: As 
the problem is 

considered from 
the developer’s 
perspective, no 

information sharing 
is necessary.

N/A (emergent 
property)

C6

DEVOL, POPOL, and the AIF system are 
meant to be deployed in each specific 
device, while each service has its own 

configuration API, and EMMA acts 
globally, exploiting the distribution and 

heterogeneity of the CC.

All (emergent property)
Partial: Designed 

for the CC, but fully 
centralized.

N/A (emergent 
property)

C7

The AIF system learns from the effects of 
different metrics in the carbon footprint 

of elements, including EMMA predictions. 
Then, POPOL and the configuration APIs 

allow AIF to take appropriate actions, such 
as service migration or reconfiguration.

EMMA, DEVOL, 
Configuration API, AIF 

system, POPOL

Not addressed: 
Q-NGINE does not 
have an adaptive 

behavior.

ElectricityMaps16, 
power measuring 

systems, OpenAPI, 
SNMP, IPMI, 

Kubernetes API, AIF 
framework.
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and efficient use of natural resources), and 13.2 (inte-
gration of climate change measures).

CONCLUSION
As the CC becomes the successor paradigm to cloud 
computing, the sustainability concerns become more 
relevant and complex to handle. At the same time, the 
issue of carbon footprint is more pressing than ever, 
as shown by both governmental incentives and initia-
tives in industry and academia. To contribute toward 
a sustainable CC, this work proposes a framework to 
intelligently manage the infrastructure by combining 
AIF, observability and management of the hardware, 
software, and service aspects, as well as SLO and en-
ergy mix information.

The framework is expected to help CC providers in 
achieving their objective of reducing CO2-equivalent 
emissions, all while respecting the privacy and SLOs of 
developers. Furthermore, developers will benefit from 
the automated management of services through the 
CC while their SLOs are fulfilled, all without providing 
potentially private information to the CC providers.
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